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1  Introduction 

The world’s ecosystems are facing a range of anthropogenic pressures from an unprece-

dented variety of sources. Many of these environmental hazards not only cause tempo-

rary ecological damage but also affect the health of ecosystems over a long period—as 

in the case of oil spills. Especially marine and coastal ecosystems are vulnerable to oil 

pollution (GESAMP, 1993; Committee on Oil in the Sea, 2003) because of the difficult 

conditions to recover oil from water and the challenges in cleaning oiled shorelines 

(Owens, 2017). Further, complex weathering processes change the chemical structure of 

oil during its dispersion in the water (Committee on Oil in the Sea, 2003). Besides acci-

dental oil spills, oil can enter marine environments through operational discharges and 

illegal releases (GESAMP, 2007), which pose equally severe challenges in protecting 

aquatic ecosystems. 

Accidental oil spills can result from events such as oil well blowouts at drilling 

platforms, pipeline leaks, and tanker or cargo vessel collisions (GESAMP, 2007). Some 

of the biggest oil spill catastrophes to date, in terms of spill magnitude, included 

the Deepwater Horizon oil platform blowout (Beyer et al., 2016), and the tanker acci-

dents of the Atlantic Empress and Amoco Cadiz (GESAMP, 2007). However, not in all 

cases does the spill size alone determine how severe the environmental effects are 

(Committee on Oil in the Sea, 2003). In comparison to the Atlantic Empress accident 

with a spill size of approximately 145.252 tonnes (GESAMP, 2007), the grounding of 

the Exxon Valdez tanker spilled only an estimated 37.000 tonnes (GESAMP, 2007), but 

the consequences for the surrounding wildlife were devastating  

With advancing maritime technologies, and training (Reni et al., 2020), accidental 

oil spills and operational discharges at sea have decreased since the 1970s (GESAMP, 

2007). Despite these measures to reduce accidents, the production of, for example, 

crude oil and lease condensate are expected to rise (U.S. Energy Information Admin-

istration, 2019). For members of the Organization of the Petroleum Exporting Countries 

(OPEC) such as Saudi Arabia, this increase may be as high as 27%, and for non-OPEC 

members such as Russia, about 17% until the year 2050 (U.S. Energy Information Ad-

ministration, 2019). Further, the lack of proper maintenance for aging and corroding oil 

pipelines in regions like West Africa represents a persisting source of potential oil spills 

(Jernelöv, 2010). Thus, the transport of oil and the use of fossil fuels continue to create 

worldwide risks of marine oil pollution. 
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The effects of oil on species, habitats, and entire ecosystems have been widely studied 

following oil spills (Bodkin et al., 2014; Peterson, 2003) or in laboratory experiments 

(Incardona et al., 2015; Johansen & Esbaugh, 2017). Piatt et al. (1990) note that acute 

exposure to surface oil can cause visible smothering of organisms, resulting in reduced 

mobility and insulation of the feather coat or fur. Short-term consequences, within the 

first two years of initial contact with oil (Boesch & Rabalais, 1987), can include mor-

phological deformations of fish larvae as found by Urho (1990), changes in meiofaunal 

community assemblages, according to Kang et al. (2016), and reduced breeding success 

of birds as suggested by Penela-Arenaz et al. (2009). However, these kinds of impacts 

may persist for an even longer time (Peterson, 2003). In either case, studies have shown 

that exposure to oil can considerably increase mortality as an acute or chronic response 

(Bodkin et al., 2014). 

Besides observational and laboratory research, the combination of statistical anal-

ysis methods and computer models to investigate oil impacts has created additional op-

portunities. For example, it has become possible to simulate the changes in a chosen 

population biomass under varying oil spill scenarios, as done by Carroll et al. (2018). 

Due to the unpredictable nature of oil accidents and the complexity of weathering pro-

cesses, probabilistic methods are often applied. In a study conducted by Rahikainen et 

al. (2017), an oil spill was included as a probabilistic event in their model to study the 

population dynamics of Baltic Sea herring (Clupea harengus membras). Also, graphical 

models like Bayesian Networks (BNs) have been used to account for uncertainty in 

simulations of oil accidents and subsequent effects on essential species and habitats 

(Helle et al., 2016; Lecklin et al., 2011). 

1.1 Scope of the thesis 

In this thesis, a Bayesian meta-analysis is carried out to explore the effects of crude and 

fuel oil on the mortality of herring eggs from the genus Clupea. The aim is to establish 

posterior probability distributions for additional mortality, based on findings from ex-

perimental laboratory studies. Along with oil treatment concentration and exposure du-

ration, other factors such as oil type and temperature are analyzed regarding possible 

correlations with mortality effects. In this way, this research seeks to estimate the mor-

tality of exposed individuals, baseline mortality, and unexplained variability between 

observations. As the first of its kind, this study will offer insight into the application of 

Bayesian meta-analysis methods to evaluate oil mortality impacts on fish. In general, 



 

3 

 

this study will provide insight into the application of Bayesian modeling for small data 

sets. All computed results are meant to represent conditions for an unknown popula-

tion.  

At first, an overview of relevant background knowledge related to the research 

subject is given. The topics covered include the behavior of petroleum hydrocarbons in 

aquatic environments, the role of herring as a study specimen, and the characteristics as 

well as applications of Bayesian inference and meta-analysis. The chapter on the theo-

retical background is followed by a description of the methods used for obtaining rele-

vant literature, including the specified requirements for choosing suitable studies. 

Thereupon, the screening process to sort relevant publications is presented. Then, the 

data mining steps for searching quantitative results from collected studies and further 

calculations based on these observations are illustrated. Then, the mathematical struc-

ture of the model for the Bayesian posterior estimation is explained. Consecutively, the 

computed results are highlighted and analyzed in more detail within the discussion. As 

an additional part of the discussion, all encountered issues relevant to the analysis de-

sign, advantages as well as drawbacks are examined. Lastly, the study is concluded with 

a reflection on the overall findings. 

2 Theoretical background 

2.1 Behavior of petroleum hydrocarbons in aquatic environments 

In order to understand how oil and its constituents impact aquatic organisms, it is neces-

sary to examine these connections on an ecotoxicological level. In this context, the ef-

fects of polycyclic aromatic hydrocarbons (PAHs), also known as polynuclear aromatic 

hydrocarbons (PNAs), have been extensively studied (Carls & Meador, 2009). PAHs 

are classified as an organic pollutant and make up many compounds found within petro-

leum products like crude oil (Committee on Oil in the Sea, 2003; Collier et al., 2013). 

What makes PAHs so volatile are their complex chemical structures, ranging from two 

to several aromatic rings consisting of carbon and hydrogen atoms, as well as their nu-

merous toxicity-related attributes (Collier et al., 2013). Studies of different aquatic or-

ganisms have revealed that PAHs can function as endocrine disruptors in fish embryos 

as demonstrated by Carls & Meador (2009), may change food search behavior in inver-

tebrates according to Blaxter & Hallers-Tjabbes (1992), and alter egg production for 

some species of zooplankton as suggested by Almeda et al. (2014).  



 

4 

 

Due to their chemical bonds' stability, PAHs can persist over long times in the environ-

ment (Committee on Oil in the Sea, 2003). Within aquatic ecosystems, PAHs are par-

tially degraded by photo-oxidation through sunlight (Bertilsson & Widenfalk, 2002), 

and also microbial degradation processes play a crucial role in removing PHAs (Meador 

et al., 1995). However, PAHs and their degradation products can remain in sediments, 

especially if these are rich in organic material and oxygen is scarce (Heitkamp and 

Cerniglia, 1989). Also, PHAs can accumulate in organisms through various pathways, 

such as ingestion, hence creating a cycle of toxins within the food web (Almeda et al., 

2013; Meador et al., 1995). These bioaccumulative processes are complex and depend 

upon the availability of PAHs and the biological traits like size or ingestion rates of af-

fected organisms (Meador et al., 1995). 

2.2 Herring as a study subject 

Commonly, fish have proven to be of great value when studying water quality (Chris-

tophe et al., 2015). Because this animal group is so sensitive to pollutants, fish represent 

an important bioindicator for the health of aquatic ecosystems (Collier et al., 2013). One 

of the most frequently studied fish genera, concerning lethal and sublethal effects of pe-

troleum products, is herring (Clupea) (Hose et al., 1996; Incardona et al., 2012a; West 

et al., 2014). Of all the stages in the herring life cycle, eggs and larvae have been identi-

fied by researchers to be particularly vulnerable to already low concentrations of PAHs 

(Incardona et al., 2015). Thus, preferably eggs and larvae have been researched in ob-

servational and experimental studies (Aneer and Nellbring, 1982; Heintz et al., 1999). 

The Exxon Valdez oil spill gave rise to many publications concerning the effects 

of oil on biota, including Pacific herring (Clupea pallasi). Brown & Baker (1998) con-

cluded that fewer herring eggs had survived on sites exposed to oil than in unaffected 

areas. Also, Kocan et al. 's (1996) findings suggest that mortality rates were higher at 

oiled sites, due to the decreased hatching success of eggs. Additionally, Hose et al. 

(1996) reported for eggs' adverse developments during the anaphase of the mitoses and 

changes on a chromosome level. Abnormal physical changes leading to, for example, 

cardiac arrhythmia in developing embryos were observed by Incardona et al. (2012a) af-

ter the Cosco Busan oil spill in San Francisco, in 2007. For larvae, sublethal effects like 

jaw deformations and deformed fins were noticed by Norcross et al. (1996) and Hose et 

al. (1996) after the Exxon Valdez accident. Similar observations were made in a study 

conducted by Urho (1990), following the Antonio Gramsci tanker accident in the Gulf 
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of Finland, in 1987. Here, larvae of Baltic Sea herring showed morphological changes 

such as curved notochord ends and abnormally short bodies. 

In situ research has been further complemented by findings published from labor-

atory experiments. Carls et al. (1999) exposed Pacific herring eggs to varying concen-

trations of weathered crude oil and concluded that already small concentrations of only 

0.4 ppb caused yolk sacs to develop edema. Along with these sublethal effects, mortali-

ty increased considerably for both eggs and larvae with increasing concentrations of 

PAHs, according to Carls et al. (1999). Likewise, Lindén's (1976; 1978) results suggest 

a positive correlation between the development of malformations and a lowered hatch-

ing success with increasing oil hydrocarbon concentrations. Furthermore, Eldridge et al. 

(1977) found that the bioenergetics of embryos are likely to be impaired following ex-

posure to oil, which leads to reduced tissue growth. 

Although herring plays an essential role in exploring the biological impacts of oil 

on marine fauna, fisheries also have an interest in healthy stocks to secure their liveli-

hoods. Between 1950 and 2015, Atlantic herring (Clupea harengus) belonged to one of 

the most commercially fished species worldwide with an average landing size of 2.1 

million tonnes per year from 2005 - 2014 (FAO, 2018). This herring species is targeted 

by fisheries of several countries within the European Union (EU) and accounted for 

15% of the total caught species in 2015 (EC, 2018). Furthermore, the United States 

(U.S.) and Canada are major contributors to the worldwide catch of Atlantic herring 

(FAO, 2020a; FAO, 2020b). In addition to Russia, the U.S. and Canada are also the 

primary countries involved in Pacific herring fisheries (FAO, 2020a; FAO, 2020b; 

FAO, 2020c).  

In the case of an oil spill, these fisheries are in danger of collapsing and require 

additional financial compensation to secure their employees' subsistence. Depending on 

the country, each government has other means to provide monetary aid accompanied by 

financial support through insurance companies or funds (IOPC, 2019; van Anrooy et al., 

2009). Such institutions may cover the costs for material damages done to, for example, 

vessel hulls and fishing gear (ITOPF, 2014a). Non-material values like wages for per-

sonnel and economic loss due to reduced catches are also subject to compensation 

(ITOPF, 2014a). Further, some insurance companies can reimburse harm done through 

oil pollution in the waters of foreign Exclusive Economic Zones (EEZs) (van Anrooy et 

al., 2009). For reinforcing insurance claims of fishers after an oil accident, scientific ev-

idence offers a means of demonstrating the effects of oil on biota. 
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2.3 Bayesian data analysis 

Computational models have been steadily improving, thus making the estimation and 

management of environmental impacts of oil easier. However, the effects brought about 

by petroleum hydrocarbons underly a high degree of uncertainty, as additional factors 

like temperatures might influence the probability of individual responses (Reid et al., 

1996). For the most part, traditional statistics have used a frequentist approach to deter-

mine the probability of events (van de Schoot, 2014). Here, the probability of outcomes 

is based on long-run relative frequencies of how often a particular event would occur in 

a hypothetical repetition of an experiment or a collection of data (Kruschke, 2014). 

Thus, these frequencies form a probability distribution of the iterated data collection for 

the hypothetical experiment. In contrast to the frequentist method, Bayesian analysis 

can demonstrate uncertainty about the parameters as a degree of belief in their proba-

bilities rather than drawing upon relative frequencies (Kruschke & Liddell, 2018). 

Bayesian inference combines previous information with the probability of the current 

observations to obtain a probability distribution for a parameter of interest (Jennings et 

al., 2001). 

Bayesian inference is based on Bayes’ theorem, a theory on statistical probability 

developed by Thomas Bayes in the 18th century (Jennings et al., 2001). First, the avail-

able preceding knowledge and existing beliefs about an unknown parameter, also 

known as a prior distribution, are defined (van de Schoot, 2014) (Equation 1). Subse-

quently, the prior distribution is modified by the probability of the evidence, for exam-

ple, from laboratory experiments, that revise the prior distribution and result in a poste-

rior distribution (van de Schoot, 2014) (Equation 1). A prior based on robust beliefs and 

significant previous knowledge will strongly influence the inference of the parameter 

values compared to weakly informative priors (Kruschke, 2014). Following, an example 

of applying Bayes’ theorem: 

, (1) 

where P(a|b) represents the conditional probability that an oil spill occurred a, given 

that there is a lowered survival b in the population of interest. P(a) stands for the mar-

ginal probability or prior probability of an oil spill accident, before considering any ob-

servations. The marginal probability of a lowered survival in the population is described 
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with P(b). Thus, P(b|a) represents the conditional probability of a lowered survival, 

given that an oil spill accident has taken place.  

Traditional statistical methods usually require a larger number of compiled exper-

imental samples to calculate probabilities, while Bayesian analysis does not need many 

observations to infer a posterior probability distribution (van de Schoot, 2014). The pro-

cess of computing a posterior can be achieved using Markov chain Monte Carlo 

(MCMC) sampling (Kruschke, 2014). MCMC sampling is a method with which a spe-

cific number of parameter values are randomly selected from the posterior distribution 

in a series of chains (van Ravenzwaaij et al., 2018). This means that the newly estab-

lished sample represents a blueprint for the following sample in every iteration, which 

represents a chain-like process (van Ravenzwaaij et al., 2018).  

Bayesian inference has frequently been integrated into environmental studies as 

part of their data analysis. One way of using Bayesian analysis is with BNs, as Helle et 

al. (2016) demonstrated. They investigated the potential risks of oil spills through tanker 

accidents on threatened coastal habitats and species. Also, Ayre & Landis (2012) ap-

plied BNs to study the effects of different events such as wildfires, on habitats and re-

sources of a forested landscape. In contrast, Helser et al. (2007) utilized a Bayesian hi-

erarchical model to deconstruct the growth behavior of different rockfish species. Fur-

thermore, Mäntyniemi et al. (2009) integrated Bayesian methods to account for uncer-

tainty related to herring stock dynamics in fisheries management. Punt & Hilborn 

(1997) are even convinced that Bayesian analysis techniques represent the “methods of 

choice” regarding decision analysis and fisheries stock assessment. 

2.4 Meta-analysis in science 

For a wide variety of research fields, meta-analysis, also known as a systematic review, 

is another essential tool for collecting and statistically evaluating information 

(Borenstein et al., 2011). A critical first step of a meta-analysis is to reflect upon the is-

sue to be explored in the study and create a corresponding set of rules for searching in-

formation from potential studies of interest (Borenstein et al., 2011; Botella & Gambara, 

2006). After all the literature of choice has been collected, it can be further screened to 

decide which studies to specifically include or exclude from the analysis (Borenstein et 

al., 2011). As a meta-analysis seeks to produce quantitative results, the accumulated lit-

erature should provide numerical observations that may be utilized in statistical analysis 

(Botella & Gambara, 2006).  
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The statistical evaluation involves a series of computational tests to compare the evi-

dence obtained from different studies. For example, it is common to calculate an effect 

size for each study to highlight the extent of a certain kind of treatment on a patient 

(Borenstein et al., 2011). Rather than using effect sizes, p-values may be calculated as 

an indication of any extreme statistical results compared to the actual data with which a 

null hypothesis is either confirmed or rejected (Borenstein et al., 2011). Additionally, a 

meta-analysis can be categorized as either applying a statistical fixed-effect model or 

random-effects model (Borenstein et al., 2011). For a fixed-effect model, it is assumed 

that all observations are influenced by the same effect size between populations, where-

as a random-effects model acknowledges varying effect sizes between populations 

(Borenstein et al., 2011). 

Meta-analyses have been applied, for example, by Hauck et al. (2005) to show the 

relationship between using a pacifier treatment compared to none for reducing sudden 

infant death, by Laganière et al. (2009) to highlight the significant factors contributing 

to carbon accumulation in soils after forest planting, or by Doucouliagos & Ulubaşoğlu, 

2008 to demonstrate how economic growth is influenced by democracy. This analytical 

method has also gained popularity amongst fisheries sciences, where Hilborn & 

Liermann (1998) emphasized the advantage of meta-analysis for gathering findings of 

fish stocks from an existing body of knowledge. Because a meta-analysis also aims to 

use already available information to aid a current study, it is a suitable approach to be 

combined with Bayesian techniques.  

However, each of these methods has distinct characteristics. Compared to a tradi-

tional meta-analysis, a Bayesian meta-analysis can directly incorporate previous evi-

dence into its prior probability distributions (Harrer et al., 2019). Also, it can model un-

certainty as well as probability distributions of, for example, variations in heterogeneity 

between studies (Harrer et al., 2019). A typical output for both types of analyses is the 

demonstration of the approximated intervals for each calculated parameter (van de 

Schoot, 2014). In a meta-analysis, the confidence interval (CI) takes the role of this es-

timation, and in Bayesian inference, it is the credibility interval (CRI) (van de Schoot, 

2014). The difference is that the CI indicates that the actual value of a population pa-

rameter is found in 95% of unlimited samples extracted from that population, whereas a 

CRI shows that there is a probability of 95% that the actual value of a population pa-

rameter is found in the interval (van de Schoot, 2014). Besides interval estimates, also 

p-values may be computed for both analysis types (Borenstein et al., 2011; Gelman, 
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2005). A Bayesian p-value may be calculated as the probability of the posterior predic-

tions to be extremer than the evidence they are derived from (Gelman, 2005). 

3 Materials and methods 

3.1 Literature search and review 

The search for quantitative results was commenced by establishing a central question by 

the Participant-Intervention-Comparison-Outcome (PICO) framework (O'Connor et al., 

2014). The PICO framework helps to substantiate the topics of interest and formulate a 

central question for conducting a literature search (O'Connor et al., 2014). Even though 

this framework was initially designed to assist researchers in carrying out systematic re-

views in medical sciences (Schardt et al., 2007), it can be used in other science fields. 

Depending on the context, alternatives for PICO words can be chosen if they describe 

the subject of study more accurately (Basu, 2017). For this research, "Participant" was 

changed to "Population," "Comparison," to "Control," and instead of "Intervention," 

"Exposure" was chosen as a more appropriate term. 

Because this study focused on eggs and embryos of the genus Clupea, all popula-

tions studied in relevant articles were considered as the one population of concern in the 

analysis. Next, the appropriate types of exposures were broadly defined as treatments 

with oil or specific oil components. The data used for the quantitative analysis was to be 

preferably from experimental laboratory studies, due to their stable and controlled set-

tings. Thus, controls were defined as specimens exposed to minimal concentrations or 

no oil at all. Overall, this work seeks to synthesize findings on the effects of oil on her-

ring egg and embryo mortality. Based on these terms, the central question was phrased 

as follows: "What are the effects of oil, and its constituents, on the mortality of herring 

eggs and embryos?" 

The next step was to establish a corresponding list of keywords for finding rele-

vant studies in different online databases (Appendix 1). The most frequently used key-

words were herring, egg, embryo, oil, polycyclic aromatic hydrocarbon, effect, impact, 

and mortality. The scope of databases included ScienceDirect, ResearchGate, Helka, 

and Google Scholar. Furthermore, a flow diagram based on the Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses (PRISMA) (Moher et al., 2009) was 

created (Figure 1) to keep track of the number of studies (n) included or excluded in 

each step. Overall, a total of 91 studies were identified by their title as potentially rele-
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vant for the analysis. Of these, 23 articles were found from online databases, and 68 

studies were located from other sources, primarily reference lists of the database arti-

cles.  

After all duplicates were removed, 78 studies were left to be reviewed (Figure 1). 

Hence, studies had to report at least any effects induced by oil or its constituents with an 

experimental or observational approach, in their abstract. Further, specimens of any of 

the herring life-cycle stages could be the studied species. Based on these criteria, 36 

studies were excluded in the first step of the screening, and 42 were left to be evaluated 

in-depth (Figure 1)—this phase required to read through all remaining publications. 

Here, the criteria were narrowed down to only take studies into account that reported 

outcomes on mortality, survival, or hatching success of eggs and embryos. As a result, 

15 articles were removed, and 22 articles were considered at least as qualitative addi-

tions to the research (Figure 1). In the final phase of the review, only those studies that 

focused on concentration- or exposure time-related laboratory experiments with controls 

were eligible for the quantitative evaluation. Overall, a total of 11 publications fulfilled 

these criteria (Figure 1). 

 

Figure 1: The flow diagram of the literature review process based on PRISMA (Moher et al., 

2009) with 4 consecutive steps: Identification, screening, eligibility and included.  
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3.2 Compiling and adjusting the data 

Following the literature review, a spreadsheet containing all necessary information for 

the statistical analysis was created (Appendix 2). The essential results used in the com-

putational model included exposure durations, mortality, concentrations of oil or oil 

components, and oil types (Table 1). Consequently, all publications were thoroughly 

examined for any matching observations and resulted in a collection of 171 findings per 

relevant category (Appendix 2). One study (Neff et al., 2013) referred to observations 

from earlier research carried out by Carls et al. (1999) and re-analyzed their data. Only 

Neff et al.’s (2013) results were included to avoid the double use of quantitative find-

ings. If chemically dispersed oil-water mixtures were used in addition to only weathered 

oil-water mixtures, only the latter results were considered. The relevant findings were 

extracted from either written explanations, integrated tables, or plots. When results were 

reported in plots, the values were noted as accurately as possible by visual judgment. 

Because of varying study methods, it was necessary to determine a common unit for all 

findings.  

Hence, exposure durations reported in hours were converted to days (and if neces-

sary, rounded to tenths), as reported in the majority of studies (Table 1). Two of the 

studies (Lindén, 1976; Lindén, 1978) did not mention exposure durations and were as-

signed 7.8 days as an average of all non-control exposure times (Appendix 2). Also, the 

toxicity of oil or oil constituents was measured in different ways due to varying prepara-

tion methods of oil treatments in water. These treatments were measured as total poly-

cyclic aromatic hydrocarbons (TPAHs), polycyclic aromatic compounds (PACs), water-

soluble fractions (WSFs) of aromatic hydrocarbons, OWDs (Oil-water dispersions), to-

tal oil hydrocarbons (TOHs) or as discrete units in ppm (Table 1). When concentrations 

were stated as OWDs or TOHs, their TPAH fraction was determined to make all con-

centrations comparable. For two relevant studies (Kocan et al., 1996; Smith & Camer-

on, 1979), the TPAH content was calculated with a concrete percentage of 1.47% for 

the respective oil type used (Pampanin & Sydnes, 2013). Whereas for the remaining ap-

plicable publications (Lindén, 1976; Lindén, 1978), no such specific information was 

available so that the TPAH content was calculated from the average PAH percentage of 

0.2 to 7% (3.6%) found in crude oils (Albers, 2003). Since over half of the studies con-

sidered concentration units in ppm or units which were directly convertible to ppm, for 

example, μg/g (Barron et al., 2003; Lindén, 1976; Lindén, 1978; Rice et al., 1987; 
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Smith & Cameron, 1979; Struhsaker et al., 1974), all other values were likewise con-

verted to ppm and rounded to ones if concentrations were at least 1.0 ppm and other-

wise to the first significant digit (Appendix 2). 

A total of seven different oil types were mentioned in the experimental studies 

(Table 1). They were classified as either light (oil type 1), medium (oil type 2), or heavy 

grade oil (oil type 3) according to their American Petroleum Institute (API) gravity and 

specific gravity, as described in Lecklin et al. (2011). The relative density or specific 

gravity represents a standard unit to evaluate the density of oil when compared to the 

density of water, which in turn is used to calculate the density of a petroleum product 

(Equation 2) as defined by the API (ITOPF, 2014b) as follows 

  . (2) 

In this way, oil type 1 was assessed to include light grade oil types with a specific gravi-

ty ranging from 0.8 to 0.85 and an API gravity of 35 to 45 (ITOPF, 2014b; Lecklin et 

al., 2011). Only one oil type was assigned to the first group, namely light fuel oil, with 

an API gravity of 35 and a specific gravity of 0.85 (Irwin et al., 1997). A total of six oil 

types were defined as a medium grade oil type 2 with a specific gravity of 0.85 to 0.95 

and an API gravity of 17.5 to 35 (ITOPF, 2014b; Lecklin et al., 2011). Accordingly, 

Alaskan north slope crude oil (ANSCO) and Prudhoe Bay crude oil were treated as me-

dium grade oil types with an equal API of 32.1 and a specific gravity of 0.87 (Exx-

onMobil, 2018), as both are extracted from the same location (Banet, 1994). Further, 

Cook Inlet crude oil with an API gravity of 34.1 and a specific gravity of 0.86 (Whit-

ney, 2002) as well as Tuimaza crude oil with a calculated API gravity of 33 and a spe-

cific gravity of 0.86 (Lindén, 1978) were joined to oil type 2. Also, Venezuelan crude 

oil was included in oil type 2 as a medium crude oil according to its API of 31.1 derived 

from its specific gravity of 0.87 (Lindén, 1978).  

In the study carried out by Struhsaker et al. (1974), no particular oil type is men-

tioned (thus, only seven oil types stated); instead benzene as an aromatic compound of 

crude oil was used. According to a calculated API gravity of 32.7 and a specific gravity 

of 0.88 (Stauffer et al., 2008), benzene was also assigned to oil type 2. The remaining 

Cosco Busan bunker (fuel) oil (CBBO), in technical terms referred to as IFO-380 

(ITOPF, 2014b), with an API gravity between 11 to 15 and an estimated specific gravity 

above 0.95, is the only oil type in group 3 for heavy grade oils. These can be defined as 
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oil types with an API gravity of less than 17.5 and a specific gravity of more than 0.95 

(ITOPF, 2014b). 

Over half of the publications (Kocan et al., 1996; Lindén, 1976; Lindén, 1978; 

Rice et al., 1987; Smith & Cameron, 1979; Struhsaker et al., 1974) did not directly pro-

vide data on mortality; instead, they reported the percentages of successfully hatched 

larvae (Table 1). In this case, mortality was calculated as the difference of 1 (equal to 

100%) minus the percent of hatched larvae. Generally, mortality and hatching success 

were given as a total percent over the experimental observations' exposure duration. 

Table 1: A summary of the unedited quantitative observations included from the studies with 

corresponding relations to the PICO framework (Schardt et al., 2007).  

 

Like in a traditional meta-analysis, joint effect sizes for each study's calculated or re-

ported mortality of exposed and control individuals were estimated (Table 2). This was 

done by first calculating the joint standard deviation (SD) for each study and then divid-

ing the effect sizes in each study by their joint SD. For the study from Struhsaker et al. 

(1974), the effect size was solemnly based on a pooled SD of exposed individuals, as no 

SD could be calculated for controls with only one sample available. Though effect sizes 

were not directly used in the Bayesian analysis, they were considered part of the study's 

overall evaluation. When water temperatures were stated, they were noted in the spread-

sheet (Appendix 2), but not included in the model. However, water temperatures were 

used to explore correlations between oil concentrations and mortality in addition to the 

model.  
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Table 2: Calculated pooled SDs, mean and pooled effect sizes for exposed and control individu-

als of all included studies.  

 

3.3 Structure of the Bayesian model 

The analysis was performed with a descriptive linear Gaussian model originally written 

by Samu Mäntyniemi from the Natural Resources Institute Finland (LUKE) (Appendix 

3), with the Just Another Gibbs Sampler (JAGS) program (Plummer, 2017). Additional-

ly, JAGS was used to carry out the MCMC sampling, where a total of 10.000 iterations 

in 4 chains were generated. The first 1.000 MCMC samples were discarded as the burn-

in period, which ensures that all samples of the MCMC provide a good approximation 

of the joint posterior distribution of all parameters. Any modifications of the input ob-

servations and the output values, as well as the data visualization, were done within 

the R programming environment (R Core Team, 2020). All additional findings collected 

in the spreadsheet were loaded into R via the package readxl (Wickham & Bryan, 

2019). The structure of the model is highlighted according to the typical procedure of a 

Bayesian analysis, beginning with a general description of the data conversion and the 

statistical model. This is followed by an explanation of modeling the prior probability 

distributions and data distributions. Lastly, the simulation of posteriors, as well as ex-

ample posterior predictions and the evaluation of the model fit, are illustrated. 

At first, a conversion of the experimental observations takes place for the model 

to incorporate the data. This conversion especially applies to the egg or embryo mortali-

ty evidence because it is integrated as calculated survival rather than direct mortality 

(Equation 3). Therefore, at each observation of the model (i), the natural logarithm of 

survival (log(s)i) is computed as the log-transformed difference of 1 and the mortali-

ty percentage data from the experimental observations (mdatai) by 
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 . (3) 

Together with log(s)i as calculated survival, the exposure time data from the experi-

mental observations (etdatai) is considered for computing log-transformed instantaneous 

mortality (mi) (Equation 4) as follows 

 . (4) 

The data for log-transformed instantaneous mortality (mmodi) observations (Equation 5) 

is modeled by applying a linear Gaussian model as follows 

 ,  (5) 

where mmodi has a linear mean based on the transformed mean mortality of herring 

eggs and/or embryos (μ1i) (Equation 6), and a standard deviation as a precision parame-

ter of the power transformed unexplained variability between observations (Σ
-2

)
 
(Equa-

tion 7). 

The parameter μ1i provides the values for mmodi’s mean, and demonstrates the 

transformed mean mortality of herring embryos under varying exposure conditions. The 

parameter μ1i is denoted as 

 ,  (6) 

where for every value of μ1i the parameters of log-transformed instantaneous baseline 

mortality at minimal or no exposure to oil per time unit (α) (Equation 8) and change of 

log-transformed instantaneous mortality for every increase in one unit of concentration 

for each of the 3 oil types (M[oil type[i]]) (Equation 9 to 11), are added. The sum is 

subsequently multiplied with the covariate edatai, which indicates if an experimental 

observation is associated with exposed or control individuals. For data on exposed eggs, 

the value of edatai is 1, otherwise, it is 0. In this step, the experimental observations on 

oil concentration (cdatai) are considered and extended with 0.000000001 to add a small 

concentration to results with very low values. Further, an additional 10 are added to the 

log-transformed cdatai to ensure a shift of the computed results towards 0.  

The parameter Σ accounts for any unexplained variability between the experi-

mental studies that is not incorporated as separate covariates within the model. Unex-

plained variability that might affect mortality outcomes can include factors such as het-
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erogeneous testing approaches or underlying biological differences in the studied her-

ring populations. The prior for the parameter Σ is modeled with a continuous uniform 

distribution connoted as 

  ,  (7) 

where the lower bound has a value of 0.01 and the upper bound has a value of 10. The 

parameter Σ represents a weakly informative prior. 

The parameter α serves as an essential coefficient for determining the transformed 

mean mortality of herring eggs (μ1i) and represents the log-transformed instantaneous 

baseline mortality at minimal concentrations or no oil per time unit. The prior distribu-

tion assigned to α can be described with 

  , (8) 

where α has a mean of 0 and a standard deviation of 0.01. In this case, α represents a 

weakly informative. In contrast to the total mortality percentage over a unit of time for 

observations of mdatai, the mortality unit defined by the parameter α describes the log 

of the instantaneous baseline mortality rate for a unit of time. 

The parameter M[oil type] depicts the change of log-transformed instantaneous 

mortality when the oil concentration increases by one unit, as a function of one of the 3 

oil types. It also serves as a coefficient for μ1i, and when the oil concentration increases 

M[oil type] upscales μ1i depending on the oil type. All three versions of M[oil type] are 

given a prior distribution defined as  

  , (9) 

  , (10) 

  , (11) 

where M[1] stands for light grade oil, M[2] for medium grade oil and M[3] for heavy 

grade oil. A different mean was assigned to each prior distribution of the three versions 

of M[oil type]. The values for the mean were derived in a series of steps. The initial 

stage involved a simulation of acute mortality scenarios as a result of an oil spill, creat-

ed with a BN developed by Lecklin et al. (2011). Here, the most probable mortality sce-

narios for fish offspring in a littoral habitat, exposed to one of the three oil types, were 
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simulated (Appendix 4 and 5). As Pacific and Atlantic herring spawn usually close to 

coastlines at different seasons (Haegele & Schweigert, 1985), the eggs were treated as 

littoral offspring, and all seasons were equally likely. The probabilities for the coastline 

to be oiled, at varying percentages, were also all equally likely. Based on these settings, 

the most probable loss of herring offspring would be less than 20% when exposed to 

light grade oil (Appendix 5). In the case of medium grade oil and heavy grade oil, a spill 

would most likely reduce the herring offspring by 20 to 50% (Appendix 5). These mor-

tality percentages were concretized as 19% mortality for light grade oil and an average 

value of 35% for medium and heavy grade oil. 

The next step was to estimate at which value of M[oil type] these acute mortalities 

would occur over equal exposure time and α, given that oil types increase mortality at 

different concentrations. To this end, some of the same calculations were carried out, as 

demonstrated by the model (Appendix 6). The oil types' specific initial values for expo-

sure time, concentration, and mortality are average values calculated from the experi-

mental exposure observations. The value for α is a mean derived from the calculated α 

of the control observations. Firstly, averaging was chosen because no available studies 

offered detailed information on mortality outcomes resulting from intrinsic combina-

tions of oil types, concentrations, and exposure times. Secondly, it was assumed that the 

intent of the study methods chosen for the included observations was to simulate realis-

tic conditions of mostly short-term oil exposure treatments, as stated for example by 

Carls et al. (2000) and Middaugh et al. (1998). Hence, all three oil types were assigned 

an equal exposure time of 7.8 days (rounded) and a value of -3.86 for α. For calculating 

the average concentration of oil type 2, all extreme values above 1.00 ppm were exclud-

ed as studies have shown that PAH concentrations in seawater often do not exceed this 

value shortly after an oil spill (Boehm et al., 2011; Neff & Stubblefield, 1995). The ob-

servations for concentrations of oil type 1 and oil type 3 do not include values above 

1.00 ppm. Likewise, mortality observations for oil type 2, associated with concentra-

tions above the mentioned maximum, were excluded for calculating the average. 

After defining the critical parameters of interest, the overall fit of the model is 

evaluated. For this purpose, the variables predicted mortality (pmi) (Equation 12), and 

the difference between observed and predicted data (Bi) (Equation 13), are defined with 
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  , (12) 

   , (13) 

where pmi has a linear mean based on μ1i and a standard deviation as a precision param-

eter of Σ
-2

. Together with the observations of mmodi, pmi computes a posterior predic-

tive distribution that is integrated into Bi. Then, Bi calculates the difference between the 

estimated predictions computed by pmi and the log-transformed instantaneous mortality 

data modeled by mmodi. This step is necessary for obtaining Bayesian p-values that in-

dicate if the predictions provided by the model strongly deviate from the input data. If 

the model predictions are above the input data, the Bayesian p-value equals 1, other-

wise, it is 0. The resulting p-values are then sorted from the lowest to the highest and 

plotted. Ideally, the values have an average of 0.5, which should form a nearly straight 

line to indicate an optimal fit.  

The last section of the model simulates example posterior predictions with one fixed oil 

type (M[2]), concentration (cfix) and exposure time (etfix). Here, the modeling process 

for the actual data and parameters is demonstrated. This part of the model comprises the 

predictions for posterior transformed mean mortality of herring eggs or embryos (μ2) 

(Equation 14), posterior mortality (pom) (Equation 15) and posterior survival (pos) 

(Equation 16).  

For μ2, a similar equation as with μ1i is in place, though with fixed evidence and 

no exposure covariate, thus it is written as 

   , (14) 

where M[2] is defined as medium grade oil and cfix has an example value of 0.1. As 

most data observations are assigned to the parameter M[2], it was chosen as the fixed 

oil type. The value for cfix was chosen to be below 1.0 ppm and within the range of the 

actual concentration data provided by the experimental observations. 

The variable pom is modeled with a linear Gaussian distribution described with 

  , (15) 

where pom has a linear mean based on μ2, and a standard deviation as a precision pa-

rameter of Σ
-2

. 
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The posterior variable pos is computed as an exponent of pom and the specified expo-

sure time etfix with 

   , (16) 

where etfix is set as a short term exposure of one day. 

 4 Results 

4.1 Posterior probability distributions 

Posterior probability distributions were computed for all parameters included in the 

Bayesian inference model (Table 3). Additionally, trace plots for evaluating MCMC 

chain convergence were summarized, and all demonstrated an even and quick mixing 

during the 10.000 iterations per chain (Appendix 7). This can be seen from rapid chang-

es in the amplitude of drawing samples in the MCMC process and that the four chains 

are almost within the same magnitude of values. Because the values of posterior surviv-

al reach close to 1.0, its trace plot does not display any peaks on the upper bound of the 

density range. However, the lower extent of the chain traces suggests that the MCMC 

sampling proceeded evenly. The same development can be seen for the lower bound of 

the trace plot belonging to oil type 3, where the values reach close to 0.0. Oil type 3’s 

upper bound though, shows that the four chains mixed evenly. Further, density plots 

were generated as part of the posterior probability distributions (Figure 2 to 5). The den-

sity plots were given an automatically assigned bandwidth to assure a smooth plotting. 

The posterior for alpha demonstrates a mean of -4.15 (Tab. 3). Because the mor-

tality percentage data from the experimental observations (mdatai) is integrated as log-

transformed survival (log(s)) into the model, the posterior mean of alpha is given as log-

transformed instantaneous baseline mortality per day. In terms of percent, the posterior 

mean can be interpreted as an instantaneous baseline mortality of approximately 5% per 

day, when a small concentration of oil or no oil is present. The belief in alpha’s actual 

value are strongly uncertain, which is reflected in the wider range of the 95% CRI and 

the full distribution of the posterior probabilities from over -5.0 to -3.0 (Figure 2). 

Hence, instantaneous baseline mortality may range between 1 to 5% per day for herring 

eggs. For the parameter sigma, the posterior mean is approximated at the lower end of 

the initially assigned prior distribution, namely close to 2.05 (Table 3). Generally, sigma 

exhibits a reasonable uncertainty for its possible values based on the 95% CRI and the 
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whole posterior distribution range. According to the 95% CRI, sigma’s true value may 

be found within an extent of 1.84 to 2.29 (Table 3). 

 

Figure 2: Posterior probability distributions for the parameters alpha (α) (top) and sigma (Σ) 

(bottom).  

Among the oil type parameters, oil type 1 shows the greatest posterior mean change 

with 0.37 in log-transformed instantaneous mortality at each increase of one concentra-

tion unit (Table 3). Thus, it has the most pronounced influence on upscaling trans-

formed mean mortality outcomes with rising concentrations of oil or oil components. 

Oil type 2 exhibits the lowest posterior mean with 0.15 for controlling upscaling effects 

on mean transformed mortality and the smallest SD of all three oil types (Table 3). Re-

garding oil type 3, the posterior mean is only slightly higher than for oil type 2, namely 

0.19 (Table 3). In contrast to the other two oil types, oil type 3 has a strong right-tailed 

orientation with most of its probabilities accumulated towards 0 (Figure 3). The magni-

tude of the 95% CRI is most comprehensive for oil type 1 and oil type 3, where the ac-

tual population value is most likely found within the range of 0.01 to 0.59 and 0.15 to 

0.58 (Table 3). For oil type 2, the 95% CRI range is significantly narrower (Table 3). 

The full extent of the displayed posterior distributions, covering all sample draws, indi-

cates a higher degree of uncertainty related to the influence of different oil types on 

mortality effects than the more confined 95% CRIs (Figure 3). 
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Figure 3: Posterior probability distributions for the oil type parameters of oil type 1 (M[1]) 

(top), oil type 2 (M[2]) (middle) and oil type 3 (M[3]) (bottom). 

The example posterior predictions were modeled for oil type 2, with a fixed concentra-

tion of 0.1 ppm and exposure time of one day. Based on these settings, the resulting 

posterior mean of posterior mortality lies at about -3.00 (Table 3). In percent, this would 

relate to additional acute mortality of 5% for herring eggs, at the specified concentration 

over one day. Most noticeably, posterior mortality has the most significant 95% CRI 

range of -7.02 to 1.04 and the highest SD of 2.06. Based on the 95% CRI, the percent of 

additional acute mortality may range between 0 to 94%, or survival may span from 6 to 

100%, as seen with the parameter for posterior survival (Table 3). As such, the possible 

values on additional acute mortality are shown to vary strongly. Of all computed pa-

rameters, posterior mortality has the highest underlying uncertainty for its probability 

distribution.  

Posterior survival has an approximated posterior mean of 0.84 (Table 3). This 

means that there is a probability of 84% for the survival of herring embryos exposed to 

0.1 ppm over the duration of one day. Posterior survival probabilities take on the shape 
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of a dominantly left-tailed distribution with most outputs densely accumulated near to 

1.0 or 100% (Figure 4). Estimates within the distribution's tail are smoothly scattered 

along the full scale. The scope of the 95% CRI for posterior survival is recognizably 

wide; hence there seems to be a pronounced uncertainty about the values for survival 

within these bounds (Table 3). In contrast, the example parameter for transformed mean 

mortality shows a significantly lower degree of uncertainty for its posterior probability 

according to its 95% CRI and range of all distributed samples (Figure 4). When given in 

percent, these values can be interpreted as a mean transformed mortality of 5% at the 

defined concentration on one day and a 95% CRI range of 4 to 7% for this parameter's 

values. 

 

Figure 4: Posterior probability distributions for the parameters posterior mortality (pom) (top), 

posterior survival (pos) (middle), and transformed mean mortality (μ2, mu2) (bottom).  
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Table 3: The estimated posterior mean, SD, and 95% CRI for the monitored parameters of the 

Bayesian model. The value on the left hand side of the 95% CRI range describes the lower 

bound and the value to the right hand side the upper bound. All values were rounded to the 

nearest hundredth. 

 

4.2 Correlations, effect sizes and model performance 

Pure input or transformed evidence can provide information on factors that might have 

influenced the parameters’ posteriors related to mortality outcomes. The log-

transformed instantaneous mortality observations and the predicted mortality observa-

tions were plotted against the log-transformed concentration data and arranged by oil 

types (Figure 5) to investigate possible relationships. Previous results on the oil type pa-

rameters have quantified the influence on transformed mean mortality of herring eggs or 

embryos. By making the connection between the modeled data observations and their 

assigned oil types visible, it is easier to assess the extent to which different oil types 

may have affected experimental mortality observations at certain concentrations.  

Oil type 1 includes only a few high mortality values between -3 to 0, with most 

data points widely scattered from 0 to below -6 on a log scale. Hence, corresponding 

mortality percentages would be from approximately 0 to 63%. With this oil type, pre-

dicted mortality seems to increases at the steepest rate; however, this is only suggested 

by three visible data points. The samples assigned to oil type 2 are distributed over the 

full length of the possible mortalities and the log-concentration scale. Yet, most of these 

observations are below a 63% mortality and below a log-concentration of -2 (or 

0.14 ppm). Generally, it appears that these observations exhibit a linear increase to-

wards higher oil concentrations for log-transformed instantaneous mortality and a mod-

erate incline for predicted mortality. 
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Regarding oil type 3, most observations are present at mortalities below -4 (or 2%) and 

at log-concentrations less than -6 (or 0.002 ppm). The predicted mortality observations, 

linked to oil type 3, appear to increase at a slightly steeper rate than those of oil type 2. 

According to the herein defined oil type groups, it seems that for oil type 3, a clearer 

pattern for specific log-transformed instantaneous mortality, at certain concentrations, 

exists. However, this is only suggested by a small number of data points. 

 

  

Figure 5: Correlations between log-transformed instantaneous mortality (mmodi) over the log-

transformed concentration data (cdatai) (top), and correlations of predicted mortality (pmi) 

(bottom) over the log-transformed concentration data, both grouped by oil types (1 to 3). 

Like oil types, temperatures influence mortality outcomes. Even though temperature ob-

servations were not directly included in explanatory variables, the collected raw data 

can indicate existing correlations. Below, mortality and predicted mortality were plotted 

against log-transformed concentrations and grouped by temperatures (Figure 6). Tem-

peratures below 5°C seem to relate to higher log-transformed instantaneous mortality 

around or over 0 (or 63%) at log-concentrations below -2 (or 0.14 ppm) with a moderate 

incline for predicted mortality. The mid-range temperatures from 5 to 10°C appear to 

correlate with log-transformed instantaneous mortality at around -4 to ‑6 (or 0 to 2%) 

over varying concentrations. Nevertheless, there are several outliers present.  

The remaining observations on log-transformed instantaneous mortality, correlat-

ed with temperatures above 10°C, do not show a strong affiliation with distinct concen-

trations. Most observations for log-transformed instantaneous mortality are below -2 (or 

13%), and three of the observations for predicted mortality show the steepest possible 
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incline at temperatures above 10°C. Overall, the presented temperature groups above 

5°C do not appear to be linked with any specific log-transformed instantaneous mortali-

ty rate at specific concentrations. Even though only a few observations are correlated 

with temperatures below 5°C, it can tentatively be concluded that higher mortality rates 

may occur at lower temperatures and concentrations.  

 

Figure 6: Correlations between log-transformed instantaneous mortality (mmodi) over the log-

transformed concentration data (cdatai) (top), and correlations of predicted mortality (pmi) 

(bottom) over the log-transformed concentration data, grouped by temperatures (< 5°C, 5-10°C 

and > 10°C). 

The mean effect sizes of exposed and control individuals for all included studies were 

computed and compared with each other (Figure 7). The range of effect sizes for con-

trols stretches from a minimum of about 0.0 to a maximum of around 0.45, including 

one outlier. Control effect sizes show a median of 0.11 and are generally less scattered 

than their counterparts for exposed individuals. The full distribution of exposure effect 

sizes reaches from a minimum at circa 0.1 to a maximum of about 0.7, with no visible 

outliers. The median exposure effect size is slightly higher than for control samples, 

namely at 0.18. Considering all exposure samples, the mortality of herring eggs appears 

to vary significantly and the median mortality approaches values close to those ob-

served for control individuals. I n contrast, control individuals' mortality remains rela-

tively stable over all samples with less variance between observations. 
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Figure 7: A comparison of mean effect sizes for experimental observations on exposed (right) 

and control (left) herring eggs or embryos. A total of 11 samples (N) were calculated per treat-

ment type.  

The linear Gaussian model's overall performance for the Bayesian inference was as-

sessed by generating Bayesian p-values (Figure 8). The sorted Bayesian p-values in-

crease steadily with some variations for the first samples. Until about sample 130, the 

Bayesian p-values show a stable incline, after which the difference between values no-

ticeably increases, due to a more significant deviation of predicted values from input da-

ta. Still, most vales have an average of more or less 0.5, which indicates that the model 

fit is acceptable. 

 

Figure 8: The Bayesian p-values sorted from the lowest to the highest value. A total of 171 

Bayesian p-values were generated.  
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5 Discussion 

5.1 Interpretation of the mortality outcomes 

In conjunction with the synthesized observations from 11 laboratory studies, the applied 

Bayesian model supported the estimation of mortality on herring eggs or embryos ex-

posed to crude or fuel oil. It was possible to quantify numerical parameter results and 

highlight their corresponding probability distributions with subjacent uncertainties. 

Many factors can influence the rate at which eggs from herring or other fish species 

succumb to lethal effects of oil toxicity. In this study, oil concentrations, exposure 

times, oil types, and temperatures may offer on their own or combined information 

about the extent of mortality and shall be discussed in the following paragraphs. Be-

sides, potential reasons for the pronounced uncertainty in most parameters are high-

lighted. Thereupon, this chapter is concluded with an evaluation of the research ap-

proach and relevant implications for present and future studies. 

The synthesized oil concentrations associated with exposure mortality observa-

tions (with ten findings on exposed controls) range from a minimum of 0.00004 ppm to 

a maximum of 45 ppm (Appendix 2). Of these concentrations, approximately 83% are 

equal to or less than 1.0 ppm, with a mean concentration of roughly 0.8 ppm (Appendix 

2). Considering that mortalities at these specific concentrations are reported as final per-

centages after the full exposure duration, it is coherent that, for example, around 17% of 

exposed individuals had died after eight days at a concentration of only 0.001 ppm 

(Incardona et al., 2012b). Rather than causing acute mortality, experimental studies on 

early life stages of herring and other fish species suggest that small PAH concentrations 

initially cause harmful effects such as cardiac problems as demonstrated by Incardona et 

al. (2015), reduced retinal function according to Magnuson et al. (2018) or respiratory 

damage as suggested by Johansen & Esbaugh (2017).  

As such, concentrations as low as the mentioned minimum ppm might directly 

lead to death, but it seems more likely that mortality is delayed due to sustained 

sublethal impacts. Accordingly, the model results suggest that most embryos would sur-

vive acute exposure to such minimal concentrations over the course of the modeled pe-

riods, without a distinction of sublethal effects. However, there is evidence that the po-

tential for instantaneous mortality increases with rising concentrations of oil or oil com-

ponents, as suggested by Heintz et al. (1999) and Lari et al. (2016). At least for the here-

in plotted correlations between log-transformed instantaneous mortality and predicted 
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mortality, grouped by oil types or temperatures, an increase in mortality with growing 

oil concentrations is evident. 

As previously mentioned, the herein evaluated studies have noted mortality out-

comes after varying exposure times, ranging from 0.2 (4 hours) to 18 days between 

studies, at different oil concentrations (Appendix 2). In some cases, relatively high con-

centrations were applied over short exposure times, for example, 45 ppm over three 

days (Struhsaker et al., 1974), and the other way around, for example, 0.0001 ppm over 

18 days (Kocan et al., 1996). It could be expected that higher concentrations at shorter 

exposure lead to higher mortality rates, but the utilized observations demonstrate that 

mortalities are often similar to those seen in low doses over longer exposure treatments 

(Appendix 2). Both Struhsaker et al. (1974) and Kocan et al. (1996) measured a mortali-

ty percentage of approximately 27% after the mentioned experiments, despite different 

settings. More often, organisms are exposed to short-term oil spills, in which case the 

duration itself does not exclusively provide information on exposure damage, but con-

centrations, as well as additional parameters, should be accounted for (French-McCay, 

2002).  

In this case, additional factors are oil types and temperatures, which show a vary-

ing degree of correlation with mortality outcomes according to their categorization. 

Amongst all oil types, oil type 2 has the most substantial influence on changing mean 

mortality impacts when concentrations increase by one unit, according to the posterior 

mean. Oil type 2 includes mostly observations affiliated with ANSCO/Prudhoe Bay 

crude oil, an oil type which toxic characteristics have been frequently investigated as a 

result of the Exxon Valdez oil spill (Bodkin et al., 2014). An oil toxicity model devel-

oped by French-McCay (2002) indicates that aromatic hydrocarbons of 

ANSCO/Prudhoe Bay crude oil on average exhibit similar toxicity as those of other 

crude oils like Cook Inlet. Thus, the influence on mortality impacts is presumably alike 

for considered crude oils of oil type 2. As for oil type 1 with light fuel oil and oil type 3 

with CBBO, French-McCay’s (2002) results indicate more severe mortality effects at 

already low concentrations of aromatic hydrocarbons derived from such fuel oils.  

In this study, observations related to oil type 1 and 3 did not significantly impact 

mortality outcomes compared to observations linked to oil type 2. This might be at-

tributed to lower toxicity of the respective fuel oils used in the included experiments, 

but very likely, the few associated samples influenced mortality outcomes. In compari-

son to oil type 2 with 124 assigned results, oil type 1 has only ten designated findings, 
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and oil type 3 has been allocated a mere six samples (Appendix 2). Correspondingly, it 

cannot be excluded that the sample size might have also modified the elevated outcome 

of oil type 2’s values. However, this study found that predicted mortality outcomes 

seem to increase quicker than for crude oil, at least for some observation of both fuel 

oils. 

Temperatures have been collected as secondary parameters in this research, but 

they are generally of high importance for evaluating the mortality of oil-exposed aquatic 

organisms. For lower temperatures of less than 5°C, outcomes are seemingly associated 

with higher mortality at certain concentrations compared to findings at elevated temper-

atures at similar concentrations. One potential explanation for this connection is that 

PAHs remain for extended periods in colder waters due to decreased oil weathering, for 

example, through evaporation (Committee on Oil in the Sea, 2003). Furthermore, the 

biological degradation of oil mixtures is deferred at low temperatures (Brakstadt & 

Bonaunet, 2006), and some published results suggest a higher sensitivity of different 

marine species to oil-derived hydrocarbons at these temperatures (Korn et al., 1979). 

However, the latter assumption cannot be generalized for all marine biota because of 

apparent differences in sensitivity to PHA toxicity (French-McCay, 2002).  

On the other hand, oil mixtures undergo a rapid transformation at warmer temper-

atures that potentially can increase the toxicity of oil mixtures. Even though many 

PAHs are poorly soluble in water due to their complex aromatic compounds, their bioa-

vailability rises at higher temperatures through increased photooxidation and microbial 

oxidation processes that transform them into smaller molecules (Committee on Oil in 

the Sea, 2003). Nevertheless, for this study, it cannot be inferred that warmer tempera-

tures, rather than colder temperatures, lead to higher mortality rates in herring embryos. 

5.2 Potential reasons for uncertainty 

Most parameters' general high uncertainty is comprehensible, considering the range of 

elements to interpret the simulated outcomes and the topics discussed below. There are 

evident variations in the experimental settings between studies, covering biological and 

abiotic aspects, and unobserved processes that might have contributed to respective 

findings. Any unexplained variations between studies have been though accounted for 

with a separate parameter and the results suggest a proportionally low mean of likely 

variability due to unknown effects. As with most herein derived probability distribu-

tions, the full range of this parameter's possible values is likewise wide. Potential unob-
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served stressors that could have influenced mortality in at least one relevant study (Carls 

et al., 1999) have been discussed by Page et al. (2012) and Neff et al. (2013). They ar-

gue that the initial bad health of Pacific herring eggs and microbial growth in the oil 

treatments likely contributed to elevated mortality. Yet, it can only be speculated how 

many other effects indirectly influenced the input observations in this case. 

Other potential reasons for elevated uncertainty of posterior distributions are more 

pronounced. There are apparent biological differences in the reviewed studies, where 

the oil treatments were tested on eggs of two different herring species, namely Pacific 

herring and Baltic Sea herring, with most studies involving the first species. The em-

bryos of these two species have clear distinctions in natural mortality during the incuba-

tion period, with a rate of around 0.12 to 0.14 day
-1

 for Pacific herring eggs (McGurk, 

1993) and natural mortality of less than 10% for Baltic herring (Aneer & Nellbring, 

1982). Atlantic herring eggs exhibit, on average, a natural mortality rate of 0.06 to 0.09 

day
-1

 during development, according to McGurk (1993). As such, deviations in initial 

mortality together with additional mortality through oil may impact uncertainty, despite 

the use of a parameter to specify log-transformed instantaneous baseline mortality. As 

previously discussed, several abiotic traits noted in the input observations are directly or 

indirectly part of this study, of which most show a highly varying scope of values (Ap-

pendix 2). Besides major differences in the oil mixture concentration and the exposure 

duration, saltwater treatment media temperatures also demonstrate a wide range from 

approximately 4.9°C to 17°C (Appendix 2).  

One of the essential conditions, which may have affected posterior mortality re-

sults and underlying uncertainty, is the variety of preparation processes for oil exposure 

treatments. Experimental procedures included, amongst others mixing saltwater and oil 

samples by shaking (Lindén, 1978), contaminating seawater with oiled gravel (Carls et 

al., 1999), or dripping seawater through a thick layer of crude oil (Rice et al., 1987). 

During these processes, some oil mixtures were artificially weathered as done by 

Incardona et al. (2012b), with one research team that also introduced microbial degrada-

tion after weathering (Middaugh et al., 1998). Along with the described preparation 

methods, the use of varying oil types probably supported a higher degree of uncertainty 

due to the unlike chemical characteristics (Committee on Oil in the Sea, 2003). Thus, 

applying diverse setups to oil exposure treatments makes sense from the perspective of 

testing various approaches to receive the desired response in herring eggs, but it likely 

increases uncertainty for the most probable outcome. 



 

31 

 

Few indicators may further clarify the generous belief in most posterior distributions 

computed by the model. Firstly, the effect sizes calculated alongside the model parame-

ters already give a rough impression of the widely spread exposure data. Even though 

this result cannot be directly translated into a degree of uncertainty, it points towards a 

greater scope of possible mortality outcomes. The plotted Bayesian p-values have 

demonstrated a reasonably good performance of the model to predict the posterior pa-

rameters. Nevertheless, some ambiguity remains if the chosen Bayesian model is appro-

priate for the desired simulation of mortality impacts through oil on herring eggs. 

Moreover, Bayesian models may be capable of producing meaningful results from 

proportionally small datasets like in this thesis, but the fewer values are available for the 

model to learn from, the stronger priors affect the outcome (van de Schoot, 2014). Fur-

ther, if a weakly informative prior is used for a parameter like unexplained variability 

between studies (or sigma), then the confidence in the posterior probability of a given 

parameter is likewise more uncertain (van de Schoot, 2014). A final issue to consider 

for subjacent uncertainty of mortality outcomes is that many observations are based on 

the visual judgment of plotted results. Even though each value was carefully assessed, 

this approach is subject to human error, influencing the results. 

5.3 Assessment of the study method 

The combination of traditional meta-analysis techniques and Bayesian inference has 

proven to be a suitable statistical approach for investigating study outcomes as joint pa-

rameters. As an alternative to the more common frequentist inference, the applied 

Bayesian inference has demonstrated some of its advantages over the first method. The 

utilization of previous knowledge as input data and as information for the parameters’ 

priors is an evident benefit this research has profited from. To put it into Kruschke’s 

(2013, p. 593) words, “when there is strong prior information, it can be a serious blun-

der not to use it.” In this case, laboratory studies served as a useful source for existing 

observations. Although it is a strength of Bayesian analysis to incorporate priors, it has 

been pointed out that this attribute causes difficulties for some scientists when defining 

how informative they should be (Punt & Hilborn, 1997). Indeed, it took a substantial 

amount of time to determine informative priors for the oil type parameters and config-

ure the remaining two weakly informative priors for the parameters log-transformed in-

stantaneous baseline mortality and unexplained variability. When established, however, 

the weakly informative priors produced valuable posterior probabilities. The use of pri-
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or distributions as a vital trait of Bayesian statistics has been often criticized because it 

is highly subjective (Gelman, 2008). 

Despite objections and uncertainty, the general application of the Bayesian model 

was appropriate for the respective data and research interests. Yet, some changes or ad-

ditions could be considered for related future studies. Because this study generally fo-

cuses on mortality of herring eggs induced by crude and fuel oil, published evidence 

from field research could be included. This inclusion would possibly increase uncertain-

ty for posterior distributions due to uncontrollable environmental stressors, but at the 

same time have mortality estimates under truly realistic conditions following an actual 

or experimental oil spill. Moreover, oil-induced mortality results on other marine or 

freshwater fish species could be synthesized. Adjustments to other implemented param-

eters could further accompany a broader perspective on mortality observations. For ex-

ample, oil types could be further distinguished, and new variables could be added. 

Temperatures were not considered as coefficients, but they have shown to be crucial for 

evaluating the toxic effects of different oil constituents (French-McCay, 2002). Other 

abiotic factors such as salinity, spawning substrate, and the season would additionally 

enhance probability approximations. Thought should also be given to fitting an informa-

tive prior distribution to log-transformed instantaneous baseline mortality or a similar 

parameter, backed by available findings. 

5.4 Implications for current and future research 

During the last decades, an extensive body of knowledge on the effects of oil on marine 

biota has been created, with many publications focusing on various fish species. As seen 

in this study, relevant research has been approached in many ways ranging from exper-

imental exposure tests and field surveys to toxicity models. More recently, computa-

tional models have become frequent as they allow to include ample amounts of data and 

calculate relationships for several variables of varying categories simultaneously, as 

done by Helser et al. (2007). Such simulations may rely on actual observations from liv-

ing organisms, but with advanced modeling and increasing consideration of animal wel-

fare for fish (Sloman et al., 2019), experimental oil exposure tests might not be longer 

necessary. Likewise, this study incorporates direct exposure evidence, but it nonetheless 

adds to the growing number of digital alternatives for estimating mortality impacts 

through oil, without the need for additional tests on living specimens. In this context, 

the benefits of Bayesian probability modeling have gained some attention, as demon-
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strated by Rahikainen et al. (2017). However, not many studies have investigated oil-

induced effects on marine biota with Bayesian techniques. Thus, the present study gives 

a first valuable impression of applying a Bayesian meta-analysis to oil impacts, with the 

intent to encourage further alike research. 

The demand for fossil fuels is not expected to substantially decrease anytime soon 

(U.S. Energy Information Administration, 2019), which makes the exploration of oil-

related hazards on marine fauna essential. To add to the already complex evaluation of 

different threats, increasing temperatures due to climate change are altering the biology 

of marine fish (Engelhard & Heino, 2006) and may increase the toxicity of spilled oil 

(Perrichon et al., 2018). Furthermore, global warming enables the use of new shipping 

routes in arctic regions, where accidents could lead to potentially catastrophic oil leak-

ages that would not only be hard to contain but also persist over long durations in the 

cold waters (Committee on Oil in the Sea, 2003; Nevalainen et al., 2018). As these envi-

ronmental risks are becoming more complex, it is crucial to share thorough evidence, on 

the probability of individual effects, with environmental policy and fishery stakehold-

ers. In this way, the current study represents an important stepping-stone, as it offers 

concrete figures on mortality at different concentrations of oil and exposure times for an 

ecologically and economically important fish species —the herring. 

6 Conclusions 

Evaluating the occurrence and magnitude of environmental threats poses a great chal-

lenge to science. Many factors must be considered and how they interact with each oth-

other while bearing in mind any uncertainties. Correspondingly, this Bayesian meta-

analysis explored mortality responses of herring embryos caused by various crude and 

fuel oils in the form of statistical probabilities. With respect to numerous oil concentra-

concentrations, exposure times, and oil types, it can be reasoned that additional 

mortality for oil exposed herring eggs increases with rising concentrations over time. 

Yet, the probability of herring eggs to survive acute exposure to low oil concentrations 

is significantly higher than the likelihood of a lethal outcome due to such exposure. The 

strength of additional mortality thereby appears to be linked to oil types, rather than 

temperatures. Here, medium grade oil types showed the most pronounced impact on 

mortality changes at increasing oil concentrations, even though fuel oils appear to have 

higher toxicity. Some evidence was found on increased mortality at the lowest 
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temperatures. But it otherwise cannot be concluded that certain temperatures are associ-

associated with increased mortality due to acute or delayed toxicity effects. Most 

findings are accompanied by deep uncertainty primarily resulting from apparent initial 

biological distinctions, unlike experimental setups and a relatively small dataset. 

Interestingly, unexplained variations do not seem to be the main reason of subjacent 

uncertainty in posterior distributions. In this sense, potential future research may 

identify further variables to strengthen the belief of output probabilities. At the same 

time, a bigger number of observations on oil-induced mortality effects for varying fish 

species could be included.  
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Appendices 

Appendix 1: List of keywords used for the literature search. 

Keywords 

acute   

Atlantic herring 

Baltic herring   

Clupea harengus 

Clupea pallasi   

effect   

egg   

embryo   

fish   

herring   

impact   

long-term   

mortality   

oil   

Pacific herring   

petroleum   

polycyclic aromatic hydrocarbon 

spill   
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Appendix 2: Spreadsheet of collected data and input variables for the 

Bayesian model in R.  

 

Abbreviations

exp_time Expsoure time

conc Concentration

exp Exposure

mort Mortality

temp_type Temperature type

temp Temperature

effect_size_exp_con Effect size exposure and control

study exp_time conc exp mort oil_type temp_type temp effect_size_all effect_size_exp_con

1 4 0.007 1 0.11 2 2 4.9 - 6.6 °C 0.11 Exposure (N = 11)
1 4 0.009 1 0.07 2 2 4.9 - 6.6 °C 0.11 Exposure (N = 11)
1 4 0.09 1 0.12 2 2 4.9 - 6.6 °C 0.08 Exposure (N = 11)

1 4 0.6 1 0.12 2 2 4.9 - 6.6 °C 0.33 Exposure (N = 11)
1 4 3 1 0.14 2 2 4.9 - 6.6 °C 0.14 Exposure (N = 11)
1 4 0.007 1 0.11 2 2 4.9 - 6.6 °C 0.30 Exposure (N = 11)

1 4 0.009 1 0.10 2 2 4.9 - 6.6 °C 0.34 Exposure (N = 11)
1 4 0.09 1 0.10 2 2 4.9 - 6.6 °C 0.16 Exposure (N = 11)

1 4 0.6 1 0.09 2 2 4.9 - 6.6 °C 0.49 Exposure (N = 11)
1 4 3 1 0.09 2 2 4.9 - 6.6 °C 0.65 Exposure (N = 11)
2 8 0.005 1 0.06 2 2 5.3 - 5.4 °C 0.18 Exposure (N = 11)

2 8 0.01 1 0.08 2 2 5.3 - 5.4 °C 0.09 Control (N = 11)
2 8 0.05 1 0.07 2 2 5.3 - 5.4 °C 0.09 Control (N = 11)
2 8 0.08 1 0.11 2 2 5.3 - 5.4 °C 0.04 Control (N = 11)

2 16 0.005 1 0.20 2 2 5.3 - 5.4 °C 0.29 Control (N = 11)
2 16 0.01 1 0.10 2 2 5.3 - 5.4 °C 0.01 Control (N = 11)

2 16 0.05 1 0.08 2 2 5.3 - 5.4 °C 0.08 Control (N = 11)
2 16 0.08 1 0.18 2 2 5.3 - 5.4 °C 0.11 Control (N = 11)
3 8 0.0001 1 0.08 2 3 ? 12 °C 0.13 Control (N = 11)

3 8 0.0002 1 0.04 2 3 ? 12 °C 0.23 Control (N = 11)
3 8 0.001 1 0.06 2 3 ? 12 °C 0.46 Control (N = 11)

3 8 0.0003 1 0.05 3 3 ? 12 °C 0.15 Control (N = 11)
3 8 0.0006 1 0.02 3 3 ? 12 °C
3 8 0.001 1 0.13 3 3 ? 12 °C

3 8 0.0006 1 0.10 3 3 ? 12 °C
3 8 0.001 1 0.17 3 3 ? 12 °C
3 8 0.002 1 0.09 3 3 ? 12 °C

4 18 0.0001 1 0.27 2 2 8 ± 0.5 °C
4 18 0.001 1 0.21 2 2 8 ± 0.5 °C

4 18 0.003 1 0.15 2 2 8 ± 0.5 °C
4 18 0.007 1 0.14 2 2 8 ± 0.5 °C
4 18 0.01 1 0.08 2 2 8 ± 0.5 °C

4 18 0.03 1 0.25 2 2 8 ± 0.5 °C
4 18 0.07 1 0.27 2 2 8 ± 0.5 °C

4 18 0.1 1 0.30 2 2 8 ± 0.5 °C
4 1.5 0.03 1 0.40 2 2 8 ± 0.5 °C
4 1.5 0.1 1 0.50 2 2 8 ± 0.5 °C

4 1.5 0.03 1 0.60 2 2 8 ± 0.5 °C
4 1.5 0.1 1 0.65 2 2 8 ± 0.5 °C
4 1.5 0.03 1 0.40 2 2 8 ± 0.5 °C

4 1.5 0.1 1 0.35 2 2 8 ± 0.5 °C
4 1.5 0.03 1 0.45 2 2 8 ± 0.5 °C

4 1.5 0.1 1 0.28 2 2 8 ± 0.5 °C
5 7.8 0.004 1 0.08 2 2 9 °C
5 7.8 0.04 1 0.09 2 2 9 °C

5 7.8 0.4 1 0.26 2 2 9 °C
6 7.8 0.002 1 0.01 1 3 9 °C

6 7.8 0.002 1 0.36 1 3 9 °C
6 7.8 0.002 1 0.40 1 3 9 °C
6 7.8 0.02 1 0.09 1 3 9 °C
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Appendix 2: Continued. 

 

6 7.8 0.02 1 0.30 1 3 9 °C

6 7.8 0.02 1 0.39 1 3 9 °C

6 7.8 0.02 1 0.96 1 3 9 °C

6 7.8 0.2 1 0.9999 1 3 9 °C

6 7.8 0.2 1 0.9999 1 3 9 °C

6 7.8 0.2 1 0.9999 1 3 9 °C

6 7.8 0.004 1 0.22 2 3 9 °C

6 7.8 0.004 1 0.08 2 3 9 °C

6 7.8 0.004 1 0.26 2 3 9 °C

6 7.8 0.04 1 0.21 2 3 9 °C

6 7.8 0.04 1 0.03 2 3 9 °C

6 7.8 0.04 1 0.15 2 3 9 °C

6 7.8 0.04 1 0.08 2 3 9 °C

6 7.8 0.4 1 0.33 2 3 9 °C

6 7.8 0.4 1 0.17 2 3 9 °C

6 7.8 0.4 1 0.24 2 3 9 °C

6 7.8 0.004 1 0.02 2 3 9 °C

6 7.8 0.004 1 0.08 2 3 9 °C

6 7.8 0.004 1 0 2 3 9 °C

6 7.8 0.04 1 0.08 2 3 9 °C

6 7.8 0.04 1 0.12 2 3 9 °C

6 7.8 0.04 1 0.10 2 3 9 °C

6 7.8 0.04 1 0.30 2 3 9 °C

6 7.8 0.4 1 0.28 2 3 9 °C

6 7.8 0.4 1 0.27 2 3 9 °C

6 7.8 0.4 1 0.49 2 3 9 °C

7 11 0.4 1 0.05 2 3 15 ± 1 °C

7 11 1 1 0.10 2 3 15 ± 1 °C

7 11 14 1 0.95 2 3 15 ± 1 °C

7 11 0.1 1 0.05 2 3 15 ± 1 °C

7 11 1 1 0.05 2 3 15 ± 1 °C

7 11 12 1 0.60 2 3 15 ± 1 °C

7 11 0.1 1 0.05 2 3 15 ± 1 °C

7 11 1 1 0.01 2 3 15 ± 1 °C

7 11 10 1 0.10 2 3 15 ± 1 °C

7 11 0.4 1 0.30 2 3 15 ± 1 °C

7 11 1 1 0.50 2 3 15 ± 1 °C

7 11 14 1 0.9999 2 3 15 ± 1 °C

7 11 0.1 1 0.10 2 3 15 ± 1 °C

7 11 1 1 0.20 2 3 15 ± 1 °C

7 11 12 1 0.99 2 3 15 ± 1 °C

7 11 0.1 1 0.07 2 3 15 ± 1 °C

7 11 1 1 0.10 2 3 15 ± 1 °C

7 11 10 1 0.90 2 3 15 ± 1 °C

8 16 0.0001 1 0.00 2 3 5.6 - 7.1 °C

8 16 0.0004 1 0.08 2 3 5.6 - 7.1 °C

8 16 0.0007 1 0.00 2 3 5.6 - 7.1 °C

8 16 0.008 1 0.17 2 3 5.6 - 7.1 °C

8 16 0.002 1 0.09 2 3 4.0 - 6.7 °C

8 16 0.009 1 0 2 3 4.0 - 6.7 °C

8 16 0.03 1 0.32 2 3 4.0 - 6.7 °C

8 16 0.09 1 0.55 2 3 4.0 - 6.7 °C

9 2 2 1 0.20 2 3 NA

9 2 2 1 0.21 2 3 NA
9 2 4 1 0.22 2 3 NA

9 2 5 1 0.21 2 3 NA

9 12 0.8 1 0.15 2 3 NA

9 12 1 1 0.25 2 3 NA

9 12 1 1 0.41 2 3 NA

9 12 2 1 0.75 2 3 NA

9 12 3 1 0.9999 2 3 NA
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Appendix 2: Continued. 

 

9 12 3 1 0.9999 2 3 NA

9 12 4 1 0.9999 2 3 NA

10 0.2 0.01 1 0.44 2 1 8 - 9 °C

10 0.2 0.01 1 0.45 2 1 8 - 9 °C

10 0.2 0.01 1 0.51 2 1 8 - 9 °C

10 0.3 0.01 1 0.56 2 1 8 - 9 °C

10 0.3 0.01 1 0.49 2 1 8 - 9 °C

10 0.3 0.01 1 0.65 2 1 8 - 9 °C

10 0.5 0.01 1 0.70 2 1 8 - 9 °C

10 0.5 0.01 1 0.42 2 1 8 - 9 °C

10 0.5 0.01 1 0.27 2 1 8 - 9 °C

10 1 0.01 1 0.58 2 1 8 - 9 °C

10 1 0.01 1 0.80 2 1 8 - 9 °C

10 1 0.01 1 0.65 2 1 8 - 9 °C

10 2 0.01 1 0.86 2 1 8 - 9 °C

10 2 0.01 1 0.72 2 1 8 - 9 °C

10 2 0.01 1 0.58 2 1 8 - 9 °C

10 6 0.01 1 0.9999 2 1 8 - 9 °C

10 6 0.01 1 0.9999 2 1 8 - 9 °C

10 6 0.01 1 0.9999 2 1 8 - 9 °C

11 1 5 1 0.10 2 3 10 - 17 °C

11 1 18 1 0.12 2 3 10 - 17 °C

11 1 45 1 0.27 2 3 10 - 17 °C

11 2 5 1 0.15 2 3 10 - 17 °C

11 2 18 1 0.15 2 3 10 - 17 °C

11 2 45 1 0.27 2 3 10 - 17 °C

11 3 5 1 0.10 2 3 10 - 17 °C

11 3 18 1 0.15 2 3 10 - 17 °C

11 3 45 1 0.27 2 3 10 - 17 °C

1 4 0 0 0.10 2 2 4.9 - 6.6 °C

1 4 0 0 0.08 2 2 4.9 - 6.6 °C

2 8 0 0 0.11 2 2 5.3 - 5.4 °C

2 16 0 0 0.08 2 2 5.3 - 5.4 °C

3 8 0.00009 0 0.04 2 3 ≤ 12 °C

3 8 0.00007 0 0.03 2 3 ≤ 12 °C

3 8 0.00006 0 0.02 2 3 ≤ 12 °C

3 8 0.00008 0 0.07 3 3 ≤ 12 °C

3 8 0.00006 0 0.03 3 3 ≤ 12 °C

4 18 0 0 0.39 2 2 8 ± 0.5 °C

4 18 0 0 0.24 2 2 8 ± 0.5 °C

4 18 0 0 0.17 2 2 8 ± 0.5 °C

4 1.5 0 0 0.37 2 2 8 ± 0.5 °C

5 7.8 0 0 0 2 2 9 °C

5 7.8 0 0 0.02 2 2 9 °C

6 7.8 0 0 0 1 3 9 °C

6 7.8 0 0 0.03 1 3 9 °C

7 11 0 0 0.05 2 3 15 ± 1 °C

7 11 0 0 0.08 2 3 15 ± 1 °C

7 11 0 0 0.03 2 3 15 ± 1 °C

7 11 0 0 0.30 2 3 15 ± 1 °C

7 11 0 0 0.17 2 3 15 ± 1 °C

7 11 0 0 0.05 2 3 15 ± 1 °C

8 16 0.00004 0 0.20 2 3 5.6 - 7.1 °C

8 16 0.00005 0 0.05 2 3 4.0 - 6.7 °C

9 2 0 0 0.25 2 3 NA

9 12 0 0 0.20 2 3 NA

10 0.2 0.0001 0 0.61 2 1 8 - 9 °C

10 0.2 0.0001 0 0.61 2 1 8 - 9 °C

10 0.2 0.0001 0 0.17 2 1 8 - 9 °C

11 1 0 0 0.15 2 3 10 - 17 °C
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Appendix 3: Complete R-code for the Bayesian inference model.  

# Loading of required packages and Excel-worksheet 

# Assigning spreadsheet columns to variables 

 

require(readxl) 

require(rjags) 

 

analysis_data_spreadsheet<-(read_xlsx(file.choose())) 

 

mortality<-analysis_data_spreadsheet$mort 

 

exposure<-analysis_data_spreadsheet$exp 

 

exposure_time<-analysis_data_spreadsheet$exp_time 

 

concentration<-analysis_data_spreadsheet$conc 

 

oil_type<-analysis_data_spreadsheet$oil_type 

 

temperature_type<-analysis_data_spreadsheet$temp_type 

 

effect_size_exp_con<-analysis_data_spreadsheet$effect_size_exp_con 

 

effect_size_all<-analysis_data_spreadsheet$effect_size_all 

 

 

# Transformation of data from mortality to survival, then to log-scale 

 

log_survival=log(1-mortality) 

 
 
# JAGS model 

 

jags_model_code="model{ 

 

for(i in 1:n){  # loop through all observations 

 

 

# Linear Gaussian model for the log-survival ( = mortality) 

 

m[i]~dnorm(mu1[i],pow(sigma,-2))  

# Log-transformed instantaneous mortality 

 

pm[i]~dnorm(mu1[i],pow(sigma,-2)) 

 # Predicted mortality 

 

B[i]=step(m[i]-pm[i])  

# Bayesian p-value (= 1 if predicted less than observed, otherwise 0. The posterior mean 

of this node is the Bayesian p-value) 
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Appendix 3: Continued. 

mu1[i]<-alpha+M[oil_type[i]]*exposure[i]*(log(concentration[i]+0.000000001)+10)  

# Transformed mean mortality 

 

} 

 

 

# Priors for model parameters 

 

sigma~dunif(0.01,10) 

 

M[1]~dnorm(0.035,0.01)T(0,) 

 

M[2]~dnorm(0.115,0.01)T(0,) 

 

M[3]~dnorm(0.32,0.01)T(0,) 

 

alpha~dnorm(0,0.01) 

 

 

# Predictive model 

 

posterior_survival=exp(-exp(posterior_mortality)*EXPOSURE_TIME) 

 # Example posterior survival (pos) 

 

posterior_mortality~dnorm(mu2,pow(sigma,-2)) 

 # Example posterior mortality (pom) 

 

mu2=alpha+M[OILTYPE]*(log(CONCENTRATION+0.000000001)+10)  

# Example transformed posterior mean mortality 

 

}" #JAGS model ends here 

 

 

# Coercing a data list for JAGS 

 

log_survival[log_survival==0]=-0.01 

 

data=list(n=length(log_survival), m=log(log_survival/exposure_time), expo-

sure=exposure, concentration=concentration, oil_type=oil_type, CONCENTRA-

TION=0.1, OILTYPE=2, EXPOSURE_TIME=1) 

 

data$concentration[data$exposure==0]=0.1  

 # Adding a small concentration when exposure is 0 to prevent log(0) errors. 
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Appendix 3: Continued.  

# JAGS model object 

 

jags_model_object=jags.model(textConnection(jags_model_code),data,n.chains=4) 

 

 

# MCMC inference for the model 

 

samples=coda.samples(jags_model_object, # these are the variables to monitor 

                     c( 

                      "pm", 

                      "posterior_survival", 

                      "posterior_mortality", 

                      "mu2", 

                      "B", 

                      "sigma", 

                      "alpha", 

                      "M"), 

                      

                     n.iter=10000) 
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Appendix 6: Calculations for determining the mean for the priors of 

the oil type parameter M[oil type]. 

 

 

  

Initial setting Oil type 1 Oil type 2 Oil type 3

Exposure time (days) 7.8 7.8 7.8

Concentration (ppm) 0.06 0.2 0.0009

Mortality (%) 0.55 0.27 0.09

alpha -3.86 -3.86 -3.86

Step

1) Log-Survival

 = Log(1-Mortality) -0.7985077 -0.3147107 -0.0943107

2) Log-Concentration plus additional

    concentration

7.1865893 8.39056209 2.98688532

3) mu M[oil type]

-3.61 -2.89 -2.90

4) Estimating M[oil type] 0.035 0.115 0.32

5) Survival at exposure time (%)

0.81 0.65 0.65

6) Mortality at exposure time (%)

0.19 0.35 0.35

 = Log(Concentration+0.000000001)+10

 = alpha+M[oil type]*(LN(Concentration+0.000000001)+10)

 = Exp(-Exp(mu)*Exposure time)

 = 1-Survival at exposure time
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Appendix 7: Trace plots of the MCMC chain convergence for all appli-

cable posteriors. 

 

 


