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ABSTRACT

Peterman, L. L. Using Bayesian statistics to analyze environmental toxicology data from
native freshwater mussels. MS in Applied Statistics, May 2021, 59 pp. (S. Toribio)

Scientists at the US Geological Survey are looking at the effects of the chemical
combination 3-trifluoromethyl-4-nitrophenol (TFM) with 1% niclosamide on native
freshwater mussels’ behavior and reproduction. Mussels were exposed to the chemicals
for 24 hours and reproductive and behavioral outcomes were measured throughout the
exposure and 10-day recovery period. The objective of the study is to compare the
treatments with respect to these outcome variables. This is usually done using traditional
statistical methods like the analysis of variance (ANOVA) or the Kruskal-Wallis test. In
this thesis, alternative methods are proposed, using Bayesian methodology. To compare
the six treatments, a Bayesian linear regression procedure, a Bayesian logistic mixed
effects procedure, and a Bayesian ordinal model were used. This thesis will illustrate how
these Bayesian procedures can be implemented using two new R packages. These two R
packages use MCMC methods to simulate from the posterior distributions. These
simulated values allowed the construction of credible intervals, which can be used in
comparing the treatments. Results obtained using the Bayesian methods applied to the
native freshwater mussel toxicology data were similar to the results from traditional
statistical methods. Some additional benefits of using Bayesian statistics are also
discussed in this thesis.
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INTRODUCTION

Aquatic invasive species are a growing global threat, causing changes in
ecosystem structure, losses in biodiversity, and substantial economic costs. Sea lamprey
(Petromyzon marinus) are an invasive aquatic species that were first found in the
Laurentian Great Lakes in 1921 (in Lake Erie) and contributed, along with overfishing, to
the decimation of commercial and recreational Great Lakes fish populations in 1950s
(Wilkie et al., 2019). Sea lamprey have a multi-stage life cycle (Figure 1) that involves
(1) larvae burrowing in sediments in the bottom of a river for 3-7 years, (2) spending
about 3-4 months metamorphizing into parasitic juvenile sea lampreys, (3) moving
downstream into the Great Lakes to feed on the blood of other fish for 12-20 months
(killing many fish in the process), and (4) moving back upstream to spawn new larvae

and die (Wilkie et al., 2019).



Downstream
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Figure 1. Sea Lamprey Lifecycle. Figure from http://www.glfc.org/sea-lamprey-
lifecycle.php.

The international Great Lakes Fishery Commission (GLFC) was created in the
1950’s and was tasked with developing a lampricide to kill sea lamprey. After testing
thousands of chemicals, 3-trifluoromethyl-4-nitrophenol (TFM) was developed as a
lampricide in the 1950’s and niclosamide (2°,5-dichloro-4’-nitrosalicylanilide) was
developed in the 1960’s (Figure 2, McDonald & Kolar, 2007). Applying TFM has been a
remarkably effective method of controlling sea lamprey populations as sea lamprey
populations are down to about 10% of what they were in the 1950°s (Wilkie et al., 2019).
Niclosamide (in the granular form of Bayluscide®) and TFM are often used together
because niclosamide reduces the amount of TFM needed and it is a bottom formulation
that targets sea lamprey in large and/or fast flowing waters (Wilkie et al., 2019). TFM
and niclosamide work by uncoupling oxidative phosphorylation, decreasing the amount
of ATP (adenosine triphosphate, a spark of energy for a cell) produced (Birceanu et al.,
2011; Park et al., 2011). Most non-lamprey fish can quickly recover from TFM exposure
using enzymes to biotransform TFM into water soluble compounds that can then be
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excreted as urine (Wilkie et al., 2019). Despite the successful nature of the GLFC’s sea
lamprey control program, resource managers are concerned about the potential effects of

lampricides on non-target organisms like other fish and native freshwater mussels.
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Figure 2. Chemical Structure of (A) TFM and (B) Niclosamide. Figure from Wilkie et al.,
20109.

North America has the most freshwater mussel species, with at least 300 species
recorded (Haag and Williams, 2013). Mussels perform important ecosystem services in
aquatic systems. Mussels are strong filter feeders that filter the water, recycle and store
nutrients like nitrogen, provide habitat for other species, and are eaten by people in some
Asian countries (Vaughn, 2020). Mussels have a complex lifecycle. Adult mussels
release glochidia (larval mussels) that must physically connect with a host (likely a fish)
to complete their lifecycle (Figure 3, Barnhart et al., 2008). Glochidia typically
encapsulate onto the gills or fins of fish for a period of several weeks to several months

before they disconnect from the host and begin a free-living life stage as juveniles



(Barnhart et al., 2008). About 46% of the native mussel species in Wisconsin are
endangered, threatened, or a ‘species of concern’ (Species List- Wisconsin Mussel
Monitoring Program, n.d.; Wisconsin’s Rare Mussels and Clams -Wisconsin DNR,
2016). One endangered species is the federally endangered snuffbox (Epioblasma
triquetra). Boogard et al. (2015) evaluated the effects of TFM exposure on snuffbox
mussels, ellipse mussels (Venustaconcha ellipsiformis), and the host fish for the snuffbox,
log perch (Percina caprodes). They found that TFM did not negatively affect survival of
either mussel species, suggesting that when applied, TFM may not harm these species at
the concentrations tested. Newton et al. (2017) explored the lethal and sublethal effects of
Bayluscide® exposure to sub-adult (1-2 years of age) and adult life stages of eight species
and generally found that sub-adults were more sensitive to Bayluscide® than adults. Sub-
lethal effects included whether the valves were gaped or not, the degree of mucus

production, siphoning activity, and foot extension (Newton et al., 2017).
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Figure 3. Freshwater Mussel Lifecycle. Figure from
https://molluskconservation.org/MUSSELS/Reproduction.html.

METHODS
Study Methods

Currently, Dr. Teresa Newton and her team at U.S. Geological Survey’s (USGS)
Upper Midwest Environmental Sciences Center (UMESC) are exploring the potential for
the lampricides TFM and TFM with 1% niclosamide to affect behavioral and
reproductive endpoints of mussels, specifically the premature release of glochidia due to
chemical exposure. This phenomenon has been reported in native mussels when exposed
to fluoxetine, Prozac® (Bringolf et al., 2010). Prematurely released glochidia may be
unable to attach and metamorphose into juvenile mussels on host fish and could affect the

population size (Bringolf et al., 2010). The goals of the current USGS work are to
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determine the acute toxicity of TFM and TFM: 1% Niclosamide (TFM: N) to free
glochidia and glochidia still inside the marsupial gills of adult mussels and to look for
potential behavioral and reproductive effects to TFM and TFM: N in pregnant (gravid)
adult mussels (Newton et al., 2020). The pocketbook mussels (Lampsilis cardium)
collected from the Upper Mississippi River (as a surrogate for the federally endangered
Higgins eye pearlymussel, Lampsilis higginsii) in the fall of 2018 were exposed to TFM
and the pocketbook mussels collected in the fall of 2019 were exposed to TFM: N
(Newton et al., 2020).
Study Data

Tests with adult mussels conducted in the fall of 2018 and 2019 contain both
behavioral and reproductive endpoints. Reproductive endpoints included the number of
released glochidia at the end of the 24-hour exposure and every two days during the
recovery period along with other parameters. Behavioral endpoints assessed every 2
hours during the first 12 hours of exposure, at 24-hour exposure, and every two days
during a 10-day recovery period, include parameters like the degree of mantle lure
display (used to attract fish and continue the lifecycle) and the degree of foot extension
(Newton et al., 2020). The treatment levels included a negative control with no TFM: N,
a positive control with serotonin (20mg/mL, as serotonin induces spawning in bivalves,
(Cunha & Machado, 2001)), 2.3 mg/L TFM: N, 3.9 mg/L TFM: N, 5.7 mg/L TFM: N,
and 8.1 mg/L TFM: N. In this thesis, the negative control was labeled as the control,

while the different concentrations of TFM: N were labeled as TN1, TN2, TN3, and TN4.



Only a subset of the variable from the fall 2019 data were analyzed in this thesis.
The statistical programming language, R (version 3.6), was used to analyze the data (R
Core Team, 2019).

The scientists at UMESC looked at the effect of the treatment on the percentage
of free glochidia that are viable after 12 hours of TFM: N exposure, after 24 hours of
TFM: N exposure, and the percentage of glochidia still in the mussel marsupiums that are
viable on the 10th day of recovery (Newton et al., 2020). The viability of glochidia was
calculated by obtaining the proportion of glochidia that closed their shells after being
exposed to NaCl. The scale of the 12-hour and 24-hour data was on a zero to 100 scale
while the 10" day of recovery data was on a zero to one scale. For the glochidia toxicity
tests at 12 and 24 hours, in place of serotonin there was an additional higher TFM: N
treatment TNS.

In the original analysis using traditional (frequentist) statistical methods, a
Kruskal-Wallis test was run to look at the effect of the treatment on the percentage of free
glochidia that are viable after 12 hours of TFM: N exposure. The Kruskal-Wallis test was
used instead of an analysis of variance due to the left skew of the data (Figure 4b) and the

potential outlier in treatment four (Figure 4a).
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Figure 4. Percentage of Viable Glochidia after 12 Hours of TFM: Niclosamide Exposure.

A). Percentage of glochidia that are viable by treatment. B). Histogram of percentage of
viable glochidia.

A Kruskal-Wallis test was originally run to look at the effect of the treatment on
the percentage of free glochidia that are viable after 24 hours of TFM: N exposure. The
Kruskal-Wallis test was used instead of an analysis of variance (ANOVA)! due to the left

skew of the data (Figure 5b) and the potential outlier in treatment four (Figure 5a).

! The term ANOVA was coined by John Tukey along with exploratory data analysis
(McGrayne, 2011).
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Figure 5. Percentage of Viable Glochidia 24 Hours after the Start of TFM: Niclosamide

Exposure. A). Percentage of glochidia that are viable by treatment. B). Histogram of
percentage of viable glochidia.

An ANOVA (since there was no noticeable outliers and the data did not have a
noticeable skew, Figure 6) was originally run to look at the effect of the treatment on

percentage of glochidia still in the mussel marsupiums that are viable on the 10th day of

recovery.
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Figure 6. Percentage of Glochidia Still in the Marsupium that are Viable on the 10th Day

of Recovery. A). Percentage of glochidia that are viable by treatment. B). Histogram of
percentage of glochidia that are viable.
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The scientists at UMESC looked at the effect of treatment on the level of mantle
lure display where stage 1 (Figure 7a) is when the shell is closed and there is no visible
display of mantle lure, stage 2 (Figure 7b) is when the shell is gaped and the mantle tissue
is partially extended, and stage 3 (Figure 7c) is when the shell is gaped with the mantle
lure fully extended and the marsupial gills extended beyond the shell margin (Leonard et
al., 2014). They recorded the level of mantle lure display every two hours from two to 12

hours, at 24 hours, and then at two, four, six, eight, and 10 days (Newton et al., 2020).

Figure 7. Level of Mantle Lure Display. A). Stage 1, B). Stage 2, C). Stage 3. Pictures
from Newton et al. (2020).

The scientists at UMESC looked at the effect of treatment on the level of foot
protrusion where stage 1 (Figure 8a) is when the foot is not extended, stage 2 (Figure 8b)

is when the foot is partially extended, and stage 3 (Figure 8c) is when the foot is fully
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extended (Newton et al., 2020). They recorded the level of foot protrusion at the same

time increments as the level of mantle lure display (Newton et al., 2020).

Figure 8. Level of Foot Protrusion. A). Stage 1, B). Stage 2, C). Stage 3. Pictures from
Newton et al. (2020).

Reasoning for Chosen Statistical Analysis
As stated in the previous section, the data were originally analyzed by traditional
statistics including ANOVA, Kruskal-Wallis, and Dunnett tests. Given the complexity of
the data, the small sample sizes (because of the imperiled status of mussels), and the
combination of categorical and continuous data, traditional statistical analyses may be
inadequate to accurately describe the data. Thus, the main objective of this work is to
explore the possibility of analyzing these types of data using Bayesian statistical

methods.
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In recent years, more people have felt the need to author papers to clarify how
null hypothesis significance testing can be used and how p-values should be reported.
Wasserstein and Lazar have put out multiple articles in The American Statistician about
limitations of p-values (Wasserstein & Lazar, 2016; Wasserstein et al., 2019). The
American Statistical Association (ASA) put out a statement in 2016 about statistical
significance and p-values that also mentioned other approaches to complement or replace
the p-value including adding confidence intervals or using alternate methods of testing
like Bayesian methods or likelihood ratios (Wasserstein & Lazar, 2016). In 2019, the
ASA went a step further and put out a statement that said that one should not say
something is statistically significant and gave a thorough list of approaches to
complement or replace the p-value, including multiple using Bayesian ideas and multiple
using Bayesian statistics (Wasserstein et al., 2019). A recent article in Environmental
Toxicology and Chemistry gives guidance on null hypothesis significance testing, how p-
values should be used, and provides alternative methods like using Bayesian statistics
along with worked examples relevant to environmental toxicology (Erickson & Rattner,
2020).

Many ecological datasets contain non-normal data and having small sample sizes
does not help. There are two main approaches to deal with non-normal data: transform
the data to follow a normal distribution or use non-parametric statistical tests like the
Kruskal-Wallis. While both approaches are valid, if you also have small sample sizes like
the data described above (six treatments with only five replicates each), neither approach
is powerful enough to consistently detect treatment effects (Hackshaw, 2008; Newton et

al., 2020). While larger sample sizes would certainly benefit statistical analyses, it can be

12



expensive, time-consuming, and in the case of rare species do more harm to the species
than good to collect many samples. Weather can also delay or prohibit the collection of
field samples.

John Tukey, the man who developed the post-hoc multiple comparison procedure
Tukey’s HSD (honestly sufficient difference) (Tukey, 1949), said that “discarding
Bayesian techniques would be a real mistake” (McGrayne, 2011). It is important to
consider all potential statistical methods (Bayesian and frequentist) when picking the
right method for the job. It is also important to consider differences between the two

branches of statistics (
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Table 1). Bayesian statistics finds the probability of hypothesis 1 being true given
the observed data and frequentist statistics finds the probability of the data being
observed given the null hypothesis is true (Ellison, 2004). Asking for the probability of it
raining given that is noon (P(Hz | Data)) is a different question than asking for the
probability of it being noon given that it is raining (P(Data | H1), Kruschke & Liddell,
2018b). Frequentist confidence intervals specify uncertainty about the interval itself
while the Bayesian version, credible intervals, specify uncertainty about parameter
values’ location (Lambert, 2018). Another noticeable difference is that with Bayesian
statistics the null hypothesis can be accepted for practical purposes or rejected while with
frequentist statistics the null hypothesis will either be rejected or fail to be rejected

(Ellison, 2004).
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Table 1. Comparison of Bayesian and Frequentist Statistical Methods.

Comparison Bayesian Statistics Frequentist Statistics

Question being asked P (H: | Data) P (Data | Hy1)

Definition of Probability An individual’s belief level The relative frequency of
of an event’s likelihood events run over a lengthy

period of time

Use Prior Knowledge Yes No

Model Parameter As random variables As estimates of fixed

Treatment values

Uncertainty about Interval ~ Parameter values’ location  Interval itself

Null Hypothesis Reject / Accept Reject / Fail to reject

Besides being able to accept null hypotheses for practical purposes, there are
several other benefits to using Bayesian statistics. Bayesian statistics can handle all kinds
and sizes of data ranging from small data sets with ordinal dependent variables to huge
data sets with lots of variables to data sets mostly consisting of zeros. Unlike confidence
intervals, credible intervals also have distribution information (Kruschke & Liddell,
2018b). Bayesian statistics gives exact results for any sample size of at least one, but they
are more precise with larger sample sizes (Kruschke, 2014). It is also completely valid to
run Bayesian statistics on the data in the middle of a clinical trial (Kruschke & Liddell,
2018b).

Bayesian Statistical Methods
Background
The Bayesian equivalent of an ANOVA was applied to the mussel data described

above. The Bayes way of thinking is more common than you think. It is all about
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updating your beliefs based on new information. Martin Feldstein, a Harvard economics
professor, explained Bayesian statistics using an analogy involving an umbrella
(McGrayne, 2011). He said Bayesian statistics is like a person deciding whether or not to
carry an umbrella even when there is a small probability of rain. Carrying around an
umbrella when it does not rain is a nuisance, but getting drenched when it pours and you
do not have an umbrella is not fun (Feldstein et al., 2004; Greenspan, 2004).

The mathematical basis of Bayesian statistics is the Bayes theorem:

P(H,|Data) = %W (Kurt, 2019). It can also be rewritten as P(H;|Data) =

P(Data|H1)P(H1)
P(Data)

o« P(Data|H,)P(H;) where the probability of the hypothesis given the
data (the posterior probability distribution) is proportional to the probability of the data
given the hypothesis (the likelihood) times the probability of the hypothesis (the prior
probability distribution) (Kurt, 2019). Using the modern naming conventions, the Bayes
theorem should be called the Bayes-Price-Laplace theorem (Lambert, 2018). Thomas
Bayes, an English Presbyterian minister, came up with the theorem (a predecessor to the
version mentioned earlier) but never published it (McGrayne, 2011). After Thomas Bayes
died in 1761, a family friend and fellow Presbyterian minister, Richard Price developed
Bayes’s work into a paper (Bayes & Price, 1763) published a couple of years later

(McGrayne, 2011). Pierre Simon Laplace?, an astronomer-mathematician, developed the

version of Bayes theorem mentioned at the start of the paragraph (McGrayne, 2011).

2 Laplace, known as the Newton of France, developed the Central Limit Theorem and
named the meter, millimeter, and centimeter (McGrayne, 2011).
16



Priors

With Bayesian statistics you can incorporate your prior knowledge and beliefs
into statistical models. There are many kinds of priors and multiple ways to define them
(Kruschke, 2014). With large data sets, the priors do not impact the posterior distribution
much, but with smaller data sets they are more impactful (Lemoine, 2019). The two main
categories of priors are non-informative and informative priors. Non-informative priors
include flat and diffuse priors where nothing is known about the population parameters
(van de Schoot et al., 2021). Common non-informative priors include using the uniform
distribution where each option has an equal probability of happening and Normal(mean
(1) =0, variance (%) = 1000) (Lemoine, 2019). Informative priors are built from prior
knowledge about the parameters being estimated (van de Schoot et al., 2021). Priors can
be developed in several ways including among others: they can come from previous
studies, they could be representative of the data and made in consultation with an expert
in the topic of the data, or sub-sample could be taken of the data and set aside to develop
priors with (Kruschke, 2014).

If no prior information about the parameters being estimated has been published,
there is alternative to non-informative priors. There are multiple reasons to not use non-
informative priors: uniform priors can sometimes be informative, non-informative priors
give results identical to those from frequentist statistics, and non-informative priors have
elevated type | error rates like frequentist methods (Lemoine, 2019). Kruschke (2014)
recommends using weakly informative priors instead of non-informative priors. Weakly
informative priors are useful when we know a little bit about the parameter, like for

example, it cannot be negative (Muth et al., 2018). Weakly informative priors built on the
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expected parameter range provide regularization to avoid overfitting and stabilize
computation while not having a strong impact on the posterior distribution (Muth et al.,
2018). Due to not having much prior knowledge about the parameters, the Bayesian
statistical analysis was run mostly using weakly informative priors.

Bayes Factors

Bayes factors can be used as part of a statistical approach, but literature suggested

that this was not the best approach. Bayes factors® (%), are a ratio of two
2

hypotheses’ likelihoods and can be used to compare models (Kurt, 2019). Bayes factors
are highly sensitive to the priors used (Kass & Raftery, 1995). Instead of being able to get
the exact value for the Bayes factor, in practice it is usually estimated using the Savage-
Dickey density ratio (see Wagenmakers et al., (2010) for more information). Gelman et
al. (2013)* does not recommend using Bayes factors for model comparison. Bayes factors
can work well with discrete models, but not so well with continuous models (Gelman et
al., 2013). Bayes factors for continuous models are sensitive to the variance of priors
(Gelman et al., 2013). Instead of Bayes factors, Gelman et al. (2013) and Kruschke
(2014)° recommend using Bayesian hierarchical regression instead when the goal is the

Bayesian equivalent of an ANOVA.

% Harold Jeffreys developed the Bayes factor and helped revive Bayesian statistics with
his book Theory of Probability (McGrayne, 2011).
4 Gelman et al. (2013) is Bayesian Data Analysis, a popular Bayesian statistics textbook.
® Kruschke (2014) is Doing Bayesian Data Analysis, a little less popular Bayesian
statistics textbook.
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Statistical Models

Unlike a traditional ANOVA, Bayesian hierarchical regression models do not
split the variance into parts, which is why they are called the Bayesian equivalent of an
ANOVA instead of Bayesian ANOVA (Kruschke, 2014).

The Bayesian statistical analysis developed for this thesis consisted of three
Bayesian linear regression models, one Bayesian logistic mixed effects model, and one
Bayesian ordinal model. The Bayesian ordinal model was run using the brm function in
the brms R package (Burkner, 2017; Burkner & Vuorre, 2019). The Bayesian linear
regression models were run using the stan_glm function and Bayesian logistic mixed
effects model was run using the stan_glmer function, both from the rstanarm R package
(Goodrich et al., 2020; Muth et al., 2018). The rstanarm R package is more user-friendly
but the brms packages has been developed for more types of models. See Appendix A for
example R codes.

Bayesian linear regression models were run on the glochidia that are viable at 12
hours, 24 hours, and those still in the mussel marsupiums on the 10" day of recovery. The
glochidia viability models had weakly informative priors built using recommendations
from Lemoine (2019).

Free glochidia viability at 12 hours priors:

Intercept ~ Normal (92.167, 11.884)
Coefficients ~ Normal (0, 2.5)

Sigma ~ Half-Cauchy (0, 2.5)

Free glochidia viability at 24 hours priors:

Intercept ~ Normal (88.847, 17.680)
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Coefficients ~ Normal (0, 2.5)

Sigma ~ Half-Cauchy (0, 2.5)

Glochidia still in the mussel marsupiums that are viable on the 10" day of
recovery priors:
Intercept ~ Normal (0.925, 0.043)
Coefficients ~ Normal (0, 2.5)
Sigma ~ Half-Cauchy (0, 2.5)

While there was potential for all three stages of mantle lure display to be
observed, not all stages were observed. No instance of stage three mantle lure display was

recorded, so the variable was treated as binary for the purpose of the Bayesian statistical

analysis (Figure 9).
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Figure 9. Proportion of Mantle Lure at Different Stages Recorded for the 24 Hours of
TFM: N Exposure.
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Several models were considered to look at the effect of the four treatments and the
two controls on the level of mantle lure display. The final model used treatment as a fixed
factor and time (in hours) and mussel ID as random factors (random intercepts but not
slopes). A logistic mixed effects model was used to account for the binary nature of the
mantle lure variable and the repeated measures for each mussel.

The default priors for the model type were used since no prior information about
the level of mussel lure display was known. The covariance matrix accounts for the
between mussel variation in the intercept and slope (Muth et al., 2018). The decov prior
was developed as a robust model regularizing prior that works well most of the time
(Muth et al., 2018).

Level of mantle lure display priors:

Intercept ~ Normal (0,2.5) (after the predictors are centered)
Coefficients ~ Normal (0, 6.69)
Covariance ~ decov (regularization=1, concentration=1, shape=1, scale=1)

All three levels of foot protrusion were present, so foot protrusion was considered
an ordinal variable with ordered categories for the Bayesian statistical analysis (Figure

10).
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Figure 10. Proportion of Foot Protrusion at Different Stages Recorded for the 24 Hours of
TFM: N Exposure.

A cumulative mixed effects model was run to account for the ordinal nature of the
foot protrusion data and the repeated measures for each mussel (Blrkner & Vuorre 2019).
Like the mantle lure model, treatment was treated as a fixed effect and time (in hours)
and the mussel id were treated as random effects. The default brms priors were used for
this model.

Level of foot protrusion priors:
Intercept ~ t (u=0, 6=2.5, degrees of freedom=3)
Standard deviation ~ t (u=0, 6=2.5, degrees of freedom=3)
Markov Chain Monte Carlo

For the most basic of examples, the posterior distribution can be calculated using
paper and a pencil, but with the Bayesian statistical models mentioned above, computing

power and techniques like Markov Chain Monte Carlo (MCMC) are needed to study the
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posterior distributions. MCMC combines the process of Markov chains and Monte Carlo®
integration and uses simulation to estimate the posterior distribution of interest (van de
Schoot et al., 2021). The process of Markov chains allows parameter values to be
generated from the posterior distribution and Monte Carlo integration estimates the
posterior distribution by using computer simulation to estimate integrals (van de Schoot
et al., 2021). A Markov chain is determined by its transition kernel (how the Markov
chain parameter values are updated) and beginning parameter values (van de Schoot et
al., 2021). Transition kernels are determined by proposal distributions like the Gibbs
sampler, Metropolis-Hastings algorithm, and the No-U-Turn Sampler (NUTS) (van de
Schoot et al., 2021). The Metropolis-Hastings algorithm allows for the sampling of
constrained parameter spaces from a probability distribution (Lambert, 2018). NUTS is
an extension of Hamiltonian Monte Carlo, a Metropolis-Hastings algorithm useful for
small sample sizes (van de Schoot et al., 2021). NUTS is built into Stan’, a probabilistic
programming language designed for Bayesian inference (Lambert, 2018). Stan is faster
and more general than BUGS and JAGS, two other Bayesian inference software
(Lambert, 2018). The R functions used to run the statistical models in this thesis were
developed to run using Stan without the user having to know Stan code (Burkner, 2017;

Goodrich et al., 2020).

® Monte Carlo integration is named after the Monte Carlo casino in Monaco where
Stanislaw Ulam’s (one of the developers) uncle would gamble away money (McGrayne,
2011).
7 Stan was developed by a group of people including Andrew Gelman, a prolific
Bayesian statistician who also helped develop R (Lambert, 2018).
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Chains and Convergence

If a Markov chain is run for long enough, the parameter values will converge to a
stable state where the values stay within the stable distribution (van de Schoot et al.,
2021). Convergence to the desired distribution is important because the goal is to get
accurate estimates of parameter values. If several Markov chains (4-8 chains for simple
models) are run instead of one, the whole range of possible parameter values is more
likely to have been explored and convergence to the same stable distribution signifies the
convergence to the desired distribution (Lambert, 2018).

There are several ways to assess model fit and whether convergence has been
reached including trace plots, R, effective sample size (ESS), Monte Carlo standard error
(MCSE), and posterior predictive checking (PPC) plots (Muth et al., 2018). Trace plots
display the generated parameter values for all iterations and show how the range of
possible parameter values is being explored (van de Schoot et al., 2021). The Gelman-
Rubin statistic, R, is a ratio of within-chain and between-chain variability, where the
model is suggested to have converged when the R values for all the parameters are less
than 1.1 (Lambert, 2018; van de Schoot et al., 2021). Effective sample size is the
effective length of the MCMC chain, yields an indication of algorithm efficiency, and is
recommended to be greater than 1000 (Muth et al., 2018; van de Schoot et al., 2021).
Monte Carlo standard error is approximately the posterior standard deviation divided by
square root of ESS (Muth et al., 2018). PPC plots are used to see if the model fits the data
well and are built by simulating data from the posterior predictive distribution and

comparing it to observed data (Muth et al., 2018). All metrics were used to measure
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convergence and model fit for the statistical models® mentioned above but the trace plots
and R values (all about 1.00) were not included for brevity.
Credible Intervals

While both credible intervals (Crl) and confidence intervals are uncertainty
intervals, they are calculated and interpreted differently. Confidence intervals are
generally interpreted as with (1-a)% (usually 95%) confidence, the true value of some
parameter is between number a and number b (Wackerly, 2007). Credible intervals
describe uncertainty in parameter value location and are calculated from the posterior
distribution (Lambert, 2018). Credible intervals are interpreted as there is a X%
(generally 89% or 95%) probability that the value of some parameter is between number
¢ and number d (Lambert, 2018). Highest density intervals (HDI), a type of credible
intervals, contain the most credible values for a parameter (Kruschke & Liddell, 2018a).
The HDI is usually a 95% HDI due to how common 95% confidence intervals are
(Kruschke & Liddell, 2018a).
Comparison of Treatment Levels Using the ROPE-HDI Approach

The ROPE is the region of practical equivalence surrounding the null value
(ROPE’d value) where any value in the region is essentially the null value (Kruschke &
Liddell, 2018a). The default size of the ROPE is +0.1SD (Dependent_Variable) for
linear models because Cohen (1988) defined a small effect size as 0.2 and a half of that

was used for the ROPE (Kruschke & Liddell, 2018a). The default ROPE size for logistic

8 By default, the first 50% of the values simulated were discarded as part of the burn-in
period.
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models is iO.l*g , using g from Cohen (1988) to convert log odd ratios to standardized

differences (Kruschke, 2014). The ROPE-HDI approach has three outcomes. If the ROPE
completely excludes the 95% HDI, then the ROPE’d value is rejected (Kruschke 2014,
Figure 11a). If the ROPE completely includes the 95% HDI, then the ROPE’d value is
accepted “for practical purposes” (otherwise it is left undecided) (Kruschke 2014, Figure
11b). The ROPE’d value is rejected instead of a hypothesis, but essentially it means that
there is an effect (Kruschke & Liddell, 2018a). So, if two treatment levels are compared
using the ROPE-HDI approach and the ROPE’d value is rejected; it is in essence saying
that there is a difference between the two treatment levels (see Appendix A for example

R code).

A). If the ROPE completely excludes 95% HDI, reject ROPE'd value.
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Figure 11. Pictorial Representation of the ROPE-HDI Approach.
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RESULTS

Glochidia Toxicity Tests

I. Glochidia Viability after 12 Hours of Exposure

According to the results of the Kruskal-Wallis test, there was not sufficient

evidence that at least one treatment has a different mean percent glochidia viability from

the other treatments after 12 hours of TFM: N exposure ( x? = 5.4215, degrees of

freedom(df)=5, p=0.366).

The Bayesian linear regression model, run with four chains and 10,000 iterations,

passed all the metrics: it converged well with all the R values equal to one and the

effective sample sizes were all greater than 1000 (Table 2). The data from the posterior

predictive distribution and the observed data do have similar distributions (Figure 12).

Table 2. Glochidia Viability after 12 Hours of Exposure Model Summary

Treatment Mean

(Intercept) 92.40

TN1 -1.05
TN2 0.25
TN3 0.57
TN4 -1.42
TN5 0.33

Sigma 11.92

MCSE

0.01
0.01
0.01
0.01
0.01
0.01
0.01

Standard
Deviation

2.35
2.29
2.30
2.30
2.26
2.30
1.63

95% Crl
Low

87.83
-5.53
-4.30
-3.98
-5.88
-4.14
9.22

95% Crl
High

97.16
3.46
4.75
5.11
3.07
481
15.63

ESS

25973
27884
27076
28477
27793
28422
23195
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Figure 12. Comparison of Observed Data and Data from the Posterior Predictive
Distribution

Using the ROPE-HDI approach with a ROPE range of -1.188 to 1.188, the
contrasts are all undecided as a small percent of the 95% credible interval is within the

ROPE (Table 3).
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Table 3. Contrasts for the Percentage of Viable Glochidia after 12 Hours of TFM:
Niclosamide Exposure.

95% Crl  95% Crl ROPE ROPE
Level 1 Level 2 Difference Low High Percentage Equivalence
Control TN1 1.05 -3.46 5.52 0.03 Undecided
Control TN2 -0.26 -4.70 4.34 0.03 Undecided
Control TN3 -0.58 -5.15 3.91 0.03 Undecided
Control TN4 1.44 -2.93 6.00 0.03 Undecided
Control TN5 -0.32 -4.74 4.20 0.04 Undecided
TN1 TN2 -1.31 -7.69 4.89 0.02 Undecided
TN1 TN3 -1.63 -7.86 4.63 0.02 Undecided
TN1 TN4 0.39 -5.69 6.68 0.03 Undecided
TN1 TN5 -1.38 -7.55 4.93 0.02 Undecided
TN2 TN3 -0.32 -6.54 5.96 0.02 Undecided
TN2 TN4 1.68 -4.53 7.79 0.02 Undecided
TN2 TN5 -0.06 -6.30 6.20 0.02 Undecided
TN3 TN4 2.00 -4.11 8.50 0.02 Undecided
TN3 TN5 0.23 -6.10 6.34 0.02 Undecided
TN4 TN5 -1.77 -7.60 4.68 0.02 Undecided

I1. Glochidia Viability after 24 Hours of Exposure

There was not sufficient evidence that at least one treatment has a different mean
percent glochidia viability from the other treatments 24 hours after the exposure started
(Kruskal-Wallis test, y2 = 1.7226, df =5, p=0.886).

The Bayesian linear regression model, run with four chains and 10,000 iterations,
passed all the metrics: it converged well with all the R values equal to one and the
effective sample sizes were all greater than 1000 (Table 4). The data from the posterior
predictive distribution and the observed data do have somewhat similar distributions

(Figure 13).
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Table 4. Percentage of Viable Glochidia 24 Hours after the Start of TFM: Niclosamide
Exposure Model Summary

Standard 95% Crl 95% Crl

Treatment Mean MCSE Deviation Low High ESS

(Intercept) 88.88 0.02 3.31 82.36 95.46 26112
TN1 0.21 0.01 241 -4.54 4.99 29816
TN2 0.25 0.01 2.38 -4.39 4.88 29998
TN3 0.33 0.01 2.39 -4.33 5.05 28242
TN4 -1.14 0.01 2.43 -5.86 3.63 28898
TN5 0.15 0.01 2.42 -4.63 4.97 28324
Sigma 17.80 0.02 2.41 13.87 23.25 22840
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Figure 13. Comparison of Observed Data and Data from the Posterior Predictive
Distribution.

Using the ROPE-HDI approach with a ROPE range of -1.768 to 1.768, the
contrasts are all undecided as a small percent of the posterior distribution is within the

ROPE (Table 5).
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Table 5. Contrasts for the Percentage of Viable Glochidia 24 Hours after the Start of
TFM: Niclosamide Exposure.

95% Crl 95% Crl ROPE ROPE
Level 1 Level 2 Difference Low High Percentage Equivalence
Control TN1 -0.20 -5.04 4.48 0.04 Undecided
Control TN2 -0.27 -4.87 4.40 0.03 Undecided
Control TN3 -0.32 -5.01 4.35 0.04 Undecided
Control TN4 1.14 -3.63 5.85 0.03 Undecided
Control TN5 -0.13 -5.08 4.48 0.03 Undecided
TN1 TN2 -0.04 -6.77 6.58 0.02 Undecided
TN1 TN3 -0.10 -6.62 6.49 0.03 Undecided
TN1 TN4 1.35 -5.45 7.86 0.03 Undecided
TN1 TN5 0.03 -6.34 6.82 0.02 Undecided
TN2 TN3 -0.08 -6.79 6.38 0.02 Undecided
TN2 TN4 1.40 -5.25 7.88 0.02 Undecided
TN2 TN5 0.09 -6.56 6.65 0.03 Undecided
TN3 TN4 1.47 -5.04 8.17 0.02 Undecided
TN3 TN5 0.19 -6.30 6.77 0.03 Undecided
TN4 TN5 -1.29 -7.87 5.40 0.02 Undecided

Adult Toxicity Tests
I. Glochidia Viability in Marsupium on the 10th Day of Recovery
There was not sufficient evidence that at least one treatment has a different
average percent of glochidia still in the mussel marsupiums that are viable from the other

treatments on the 10th day of recovery (ANOVA, Table 6, F=0.849, df=5, p=0.534).

Table 6. ANOVA for Percentage of Glochidia Still in the Mussel Marsupiums that are
Viable on the 10th Day of Recovery.

Degrees of Mean Square

Freedom Sum of Squares  Error F Statistic P-Value
Treatment 5 0.008 0.002 0.849 0.534
Residuals 17 0.033 0.002
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The Bayesian linear regression model, run with four chains and 10,000 iterations,
passed all the metrics: it converged well with all the R values equal to one and the
effective sample sizes were all greater than 1000 (Table 7). The data from the posterior
predictive distribution and the observed data do have closely similar distributions (Figure
14).

Table 7. Percentage of Glochidia Still in the Mussel Marsupiums that are Viable on the
10th Day of Recovery Model Summary

Standard 95% Crl 95% Crl
Treatment Mean MCSE Deviation Low High ESS
(Intercept) 091 O 0.02 0.87 0.96 7969
Serotonin  -0.05 O 0.05 -0.16 0.05 13738
TN1 000 O 0.03 -0.05 0.06 9792
TN2 003 O 0.03 -0.03 0.09 9846
TN3 003 0 0.03 -0.04 0.09 10352
TN4 001 O 0.04 -0.06 0.08 10839
Sigma 005 0 0.01 0.03 0.07 10779
— .T
) 'rsp
08 09 10 11
Percent Viability

Figure 14. Comparison of Observed Data and Data from the Posterior Predictive
Distribution
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Using the ROPE-HDI approach with a ROPE range of -0.0043 to 0.0043, there
are some undecided contrasts, but there are also several contrasts where the null value of
0 was accepted “for practical purposes” meaning there is no difference (Table 8). The
control, TN1, TN2, TN3, and TN4 were all found to not be different from each other
(Table 8).

Table 8. Contrasts for Percentage of Glochidia Still in the Mussel Marsupiums that are
Viable on the 10th Day of Recovery.

95% Crl  95% Crl ROPE ROPE

Level 1 Level 2 Difference Low High Percentage  Equivalence
Control  Serotonin 0.05 -0.05 0.16 0.83 Undecided
Control  TN1 0.00 -0.07 0.05 1.00 Accepted
Control  TN2 -0.03 -0.09 0.03 1.00 Accepted
Control  TN3 -0.03 -0.09 0.04 1.00 Accepted
Control  TN4 -0.01 -0.08 0.06 1.00 Accepted
Serotonin  TN1 -0.06 -0.16 0.04 0.81 Undecided
Serotonin  TN2 -0.09 -0.19 0.02 0.61 Undecided
Serotonin TN3 -0.08 -0.18 0.03 0.66 Undecided
Serotonin  TN4 -0.06 -0.17 0.05 0.76 Undecided
TN1 TN2 -0.03 -0.09 0.03 1.00 Accepted
TN1 TN3 -0.02 -0.08 0.04 1.00 Accepted
TN1 TN4 0.00 -0.07 0.06 1.00 Accepted
TN2 TN3 0.01 -0.06 0.07 1.00 Accepted
TN2 TN4 0.02 -0.05 0.09 1.00 Accepted
TN3 TN4 0.02 -0.06 0.09 1.00 Accepted

Il. Level of Mantle Lure Display (1, 2, or 3)

The Bayesian logistic mixed effects model, run with six chains and 12,000
iterations, passed all the metrics: it converged well with all the R values equal to one and
the effective sample sizes were all greater than 1000 (Table 9). The estimates could have
been more precise, but data from the posterior predictive distribution and the observed

data do have similar distributions (Figure 15).
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Table 9. Level of Mantle Lure Display Model Summary.

Standard 95% Crl 95% Crl
Treatment Mean MCSE Deviation Low High ESS
(Intercept) 1.73 0.01 1.09 -0.38 3.95 11944
Serotonin  7.12  0.02 3.21 2.25 14.70 21467
TN1 -1.21 0.01 1.06 -3.45 0.81 14301
TN2 1.09 0.01 1.15 -1.15 3.40 17387
TN3 -1.63 0.01 1.09 -3.92 0.40 14349
TN4 -2.16  0.01 1.08 -4.46 -0.16 14340
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Figure 15. Comparison of Observed Data and Data from the Posterior Predictive

Distribution
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The ROPE-HDI approach with a ROPE range of -0.181 to 0.181 was applied to

the output from the final model to contrast the different treatment levels (Table 10).

Using the ROPE-HDI approach, differences were found between Serotonin and all other

treatment levels, TN2 and TN3, and TN2 and TN4 (Table 10).
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Table 10. Contrasts for Level of Mantle Lure Display.

Log Odds 95% Crl  95% Crl ROPE ROPE

Level 1 Level 2 Difference Low High Percentage Equivalence
Control ~ Serotonin -6.61 -13.92 -1.85 0.00 Rejected
Control  TN1 1.17 -0.86 3.39 0.04 Undecided
Control  TN2 -1.07 -3.36 1.18 0.05 Undecided
Control  TN3 1.59 -0.45 3.85 0.02 Undecided
Control  TN4 2.12 0.10 4.37 0.00 Undecided
Serotonin  TN1 7.81 2.75 15.00 0.00 Rejected
Serotonin TN2 5.50 0.55 12.91 0.00 Rejected
Serotonin  TN3 8.24 3.26 15.45 0.00 Rejected
Serotonin  TN4 8.75 3.88 16.13 0.00 Rejected
TN1 TN2 -2.25 -4.65 -0.03 0.00 Undecided
TN1 TN3 0.41 -1.63 2.48 0.08 Undecided
TN1 TN4 0.94 -1.11 2.97 0.05 Undecided
TN2 TN3 2.65 0.42 5.14 0.00 Rejected
TN2 TN4 3.18 1.03 5.67 0.00 Rejected
TN3 TN4 0.53 -1.59 2.55 0.08 Undecided

I11. Level of Foot Protrusion (1, 2, or 3)
The Bayesian cumulative mixed effects model was run with six chains and 12,000
iterations. The model converged well with all the R values equal to one and the effective

sample sizes were all greater than 1000 (
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Table 11). The estimates could have been more precise but data from the posterior
predictive distribution and the observed data do follow the same general distribution

(Figure 16 and Figure 17).
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Table 11. Level of Foot Protrusion Model Summary.

Standard 95% Crl 95% Crl  Bulk Tail
Treatment Estimate Deviation Low High ESS ESS
Intercept (1->2) -1.35 0.90 -3.12 0.45 10938 14416
Intercept (2->3) 0.75 0.89 -0.98 2.56 11087 14960
Serotonin 4.62 1.34 2.17 7.45 16668 20864
TN1 -0.78 1.00 -2.80 1.23 12409 17170
TN2 1.25 1.01 -0.75 3.29 12860 17712
TN3 -0.22 1.01 -2.22 1.79 12003 16583
TN4 -0.68 1.02 -2.72 1.33 12157 17989
Discrimination ~ 1.00 0.00 1.00 1.00 36000 36000
Mussel ID SD 1.33 0.33 0.77 2.09 12458 20078
Time (in hours)  1.43 0.54 0.70 2.76 11164 18213
SD
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Figure 16. Comparison of Observed Data and Data from the Posterior Predictive
Distribution
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Figure 17. Conditional Effects Plot for the Foot Protrusion Model.

The ROPE-HDI approach with a ROPE range of -0.1 to 0.1 was used on the foot

protrusion model to compare treatment levels (
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Table 12). Using the ROPE-HDI approach, differences were found between

Serotonin and all other treatment levels (Table 12).
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Table 12. Contrasts for Level of Foot Protrusion.

95% Crl 95% Crl ROPE ROPE
Level 1 Level 2 Difference Low High Percentage Equivalence
Control ~ Serotonin -4.55 -7.32 -2.07 0.00 Rejected
Control  TN1 0.77 -1.21 2.81 0.06 Undecided
Control  TN2 -1.23 -3.23 0.80 0.04 Undecided
Control  TN3 0.21 -1.72 2.27 0.08 Undecided
Control  TN4 0.67 -1.27 2.77 0.07 Undecided
Serotonin  TN1 5.31 2.81 8.11 0.00 Rejected
Serotonin  TN2 3.30 0.83 6.05 0.00 Rejected
Serotonin  TN3 4.77 2.21 7.49 0.00 Rejected
Serotonin  TN4 5.22 2.72 8.04 0.00 Rejected
TN1 TN2 -2.00 -4.02 0.00 0.01 Undecided
TN1 TN3 -0.56 -2.52 1.43 0.07 Undecided
TN1 TN4 -0.10 -2.11 1.87 0.09 Undecided
TN2 TN3 1.44 -0.59 3.45 0.03 Undecided
TN2 TN4 1.91 -0.11 3.95 0.01 Undecided
TN3 TN4 0.47 -1.53 2.50 0.08 Undecided

DISCUSSION

Biological Interpretations of Data

Although no decisions could be made about the effect of treatment on the

percentage of free glochidia that are viable after 12 or 24 hours of TFM: N exposure, the

same cannot be said for the percentage of glochidia still in the mussel marsupiums that

are viable on the 10" day of recovery. The original frequentist analysis did not find

sufficient evidence that at least one treatment was different from the others (Table 6),

while the Bayesian analysis was actually able to say that several treatment levels are no

different from each other (Table 8). Differences were found between treatment levels,

mainly between Serotonin and all other treatment levels, in the level of mantle lure

display and level of foot protrusion models (Table 10, Table 12).
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Statistical Implications of Results

As illustrated in the previous sections, Bayesian methods can be used to analyze
environmental toxicology data and the results are similar to results obtained using
frequentist statistical methods. It was done using modern, user-friendly R packages which
use the same formula syntax that the frequentist linear regression R function Im() and the
frequentist ANOVA R function aov() use. Although the underlying mechanism used by
the Bayesian approach is different, the way to get the results using the R functions
stan_gIm, stan_glmer, and brm are similar to the frequentist version. No new statistical
programming languages needed to be learned to implement Bayesian statistical methods.
This would make it easy for statisticians or data analysts to implement Bayesian
statistical methods. The final code for the statistical analysis did not take that long to run
either, clocking in at about 15 minutes for whole analysis including graphs and tables.

The Bayesian equivalent of an ANOVA was found to be most useful with data
that does not follow the normal distribution. If the goal is comparing treatment levels
with an ordinal dependent variable, the recommended frequentist options are, a Kruskal-
Wallis test or a Friedman test if there are repeated measures (Tabachnick & Fidell, 2007).
Bayesian ordinal models along with the ROPE- HDI approach incorporate the ordinal
data structure along with any randomized groups or repeated measures into the statistical
model while still being able to compare treatment levels.

Limitations

There were multiple limitations to the Bayesian statistical analysis. The default

method of calculating ROPE ranges were used but the results would probably be more

consequential if the regions of practical equivalence (ROPE) were defined in consultation
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with a domain knowledge expert before collecting the data or at least before looking at
the data. This was not possible for the Bayesian statistical analysis, as the data analysis
stage had already begun before learning about purposefully defined ROPE ranges. The
results would have also been more relevant if the priors had been deliberately designed
using prior knowledge before the data was collected. This was not feasible as no prior
knowledge was known about the parameters of interest. The priors used in the Bayesian
statistical analysis were also limited to the options of prior distributions developed for the
specific R functions used; had Stan been known, a wider variety of prior distribution
options would have been available to use in the statistical models (like beta priors for
proportions).
Future Directions

Multiple future directions for this research include a power simulation to compare
the power of Bayesian statistical methods to frequentist statistical methods and more
kinds of models. It can be done but it gets complicated as Bayesian methods do not base
decisions on controlling Type | and Il error rates (Kruschke & Liddell, 2018b). Kruschke
& Liddell (2018b) even suggests using frequentist methods if the goal is error control.
Kruschke & Liddell (2018b) later describes the concept of Bayesian power analysis and
even mentions a R package developed to run a Bayesian power analysis with two
treatment levels, but nothing has been developed for more than two treatment levels.

Additional models could be developed using Bayesian method for all the unused
variables. One of the unused variables is the number of conglutinates (clumps of eggs)
released (Newton et al., 2020). In the original frequentist statistical analysis, no statistical

tests were run on the variable since it contains mostly zeros. However, there are statistical
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models called zero-inflated models that were developed for count data with lots of zeros
(Congdon, 2005). The Bayesian version of a zero-inflated model (possible with the brms
package, (Burkner, 2017)) could be used with the ROPE-HDI approach to actually learn
more about whether treatment level has an effect on the number of conglutinates released,
something not possible with frequentist statistical methods.

Finally, the brms R package can also be used to run the Bayesian equivalent of a
multivariate ANOVA (MANOVA) to compare between the TFM data and the TFM: N
data. The TFM data and the TFM: N data were not collected at the same time, but the
experiments were setup and conducted the same way except for the change in chemical
composition.

Conclusion

This thesis started with the aim of finding a Bayesian way to analyze
environmental toxicology data. Three Bayesian models (Bayesian linear regression,
Bayesian logistic with mixed effects, and Bayesian ordinal model) were found to be
appropriate for the five variables selected from the USGS native freshwater mussel data.
These Bayesian models can be implemented using modern, user-friendly R packages that
use the same formula syntax as the frequentist linear regression and ANOVA R
functions. The Bayesian equivalent of an ANOVA can be applied to a variety of variable
types and sample sizes. Bayesian statistics allows for null hypotheses to be accepted or
rejected unlike frequentist statistics which only allows for null hypotheses to fail to be
rejected or rejected. Given the complexity of the USGS freshwater mussel data described
above, the small sample sizes (because of the endangered status of mussels), and the

combination of continuous and categorical data, frequentist statistical analyses could be
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inadequate to accurately describe the data. Bayesian statistical methods offer an
alternative and should be considered as an option when deciding what statistical

method(s) to use to analyze environmental toxicology data.
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APPENDIX A

EXAMPLE CODE



To Setup Stan:

Rtools is needed to run the Bayesian analysis as it contains a C++ compiler
needed for Stan. Rtools versions correspond to R versions, so Rtools 35 works with R
3.5.x and R 3.6.x and Rtools 40 works with R 4.0.x (install instructions can be found at
https://cran.r-project.org/bin/windows/Rtools/). To setup Rtools run the following
commands in R:
install.packages(*pkgbuild™)
rt_path = pkgbuild::rtools_path()
rt_bin = pasteO(substr(rt_path,1,nchar(rt_path)-4),"/mingw_$(WIN)/bin/")
writeLines(pasteO(PATH=""rt_path, ;${PATH}""), con = "~/.Renviron")
writeLines(paste0('Sys.setenv(BINPREF =" rt_bin,™)"), con = "~/.Rprofile™)
install.packages(*jsonlite",type="source")

After setting up Rtools, RStan can be installed and setup. The following RStan
setup commands came from https://github.com/stan-dev/rstan/wiki/RStan-Getting-

Started.

remove.packages("rstan™)
if (file.exists(".RData")) file.remove(".RData")

Sys.setenv(MAKEFLAGS = "-j4") # four cores used
install.packages(*rstan”, type = "source™)

library(rstan)
example(stan_model, package = "rstan", run.dontrun = TRUE)

options(mc.cores = parallel::detectCores())
rstan_options(auto_write = TRUE)
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To Run a Bayesian Regression Model using the rstanarm Package:

After Rtools and Rstan have been set up, we can now move on to building a
Bayesian regression model. The rstanarm R package is a user-friendly way to run
Bayesian regression models and connects to Stan without the user having to know how to
code in Stan (Goodrich et al., 2020; Muth et al., 2018).The following is example code for
a Bayesian linear regression model where the formula is the same as a frequentist linear
regression with Y as the dependent variable and X as the independent variable.

library(rstanarm)
model_Im<- stan_gIm(Y~X, data, family=gaussian())

In a model, priors can be set but there are also default weakly informative priors
that can be used instead. Running the command prior_summary(model_Im) gives a
summary of the priors used in the model. The model summary is given by
summary(model_Im). Trace plots are created for each parameter in a model using
plot(model Im, “trace’) and posterior predictive checking plots are created using
pp_check(model_Im).
summary(model_Im)

plot(model_Im, “trace”)
pp_check(model_Im)

For the Bayesian logistic mixed effects model, the repeated measure variable (like
measuring over multiple time points) and subject ID variable (connects the multiple
measurements for each subject) were added as random variables.

log_mixed_effects <- stan_glmer(Y~ X + (1| repeated_measure) + (1 | subject_id), data,
family=binomial(link= "logit”))

Fixed variables are variables like X that we expect to have an impact on Y while

random variables are grouping factor that we are trying to control (Hajduk, 2019). There
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are multiple types of random variables. Random variables where the intercept varies by
the random variable use the form (1 | random_variable) in the R code for a mixed effects
or brms model (Blrkner & Vuorre, 2019). If the slopes vary by the random variable the R
code is (0+ fixed_variable | random_variable) and if the slopes and intercepts vary by the
random variable the R code is (1+ fixed_variable | random_variable) (Hajduk, 2019).

For a more thorough tutorial of the rstanarm R package, read Muth et al (2018).
Muth et al (2018) includes both Bayesian linear regression and Bayesian hierarchical
models with mixed effects.
To Run a Bayesian Regression Model using the brms Package:

| have found the rstanarm R package more user-friendly than the brms R package,
but the brms R package has been developed for more types of models. Basic Bayesian
linear regression models can be built using brms, but the focus here is on Bayesian
ordinal models. Models built with the brm function in the brms R package, use the same
Y~X format for the formula like the rstanarm R package and the Im function for
frequentist linear regression (Burkner, 2017). The three main types of ordinal models are
cumulative models, sequential models, and adjacent-categories models (Burkner &
Vuorre, 2019). The below model is a cumulative model, but a sequential model can be
run by changing cumulative() to sratio() and an adjacent-categories model by changing it
to acat() (Burkner & Vuorre, 2019).

library(brms)
brmsmodel <- brm(Y~X, data, family=cumulative())

The brms package uses the same commands as the rstanarm package for a
summary of model priors, model summary, and posterior predictive checking plots. The

brms plot function works a little differently because enter must be hit after running the
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command to see the plots. By default, the rstanarm and brms plot functions display the
plots for all the parameters, which can be too small to read if there are a lot of parameters.
However, parameters can be specified to limit the number of plots and increase their size.
summary(brmsmodel)

plot(brmsmodel)
pp_check(brmsmodel)

How to Apply the ROPE-HDI approach:

The ROPE-HDI approach was applied using the bayestestR package (Makowski,
Ben-Shachar, & Lidecke, 2019). ROPE ranges were calculated using the rope_range
function in the bayestestR package. The treatment level contrasts were calculated using
the estimate_contrasts function in the modelbased R package (Makowski et al., 2020).
The ROPE-HDI decision rule as it is described in Kruschke (2014) was applied by setting
test = “equitest” and rope ci= 0.95 (Makowski et al., 2020). If you do not set rope_ci, it
defaults to one due to a simulation study done by the collaborators of these two packages
(Makowski, Ben-Shachar, Chen, et al., 2019). The ROPE-HDI decision rule can still be
applied when the rope_ci defaults or is set to one, but then it is not done the way it is
mentioned in Kruschke (2014).

library(bayestestR)

library(modelbased)

library(logspline)

rope_range(model)

estimate_contrasts(model, test="equitest", ci=0.95, rope_ci=0.95, cores=4)
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