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ABSTRACT OF THE DISSERTATION

Leveraging Reproductive Aggregations of Marine Fishes to Generate Observations and
Synthesis in Support of Fisheries Restoration and Conservation

by

Lynn Waterhouse

Doctor of Philosophy in Oceanography

University of California San Diego, 2018

Professor Brice X. Semmens, Chair

Surveying the abundance, demography and behaviors of marine fishes is a difficult task
due to the challenge of collecting observations in environments that are difficult for researchers
to access. Moreover, these challenges are often magnified when attempting to study fishes that
are rare, threatened or endangered. In many instances, such species have become rare because
they aggregate to reproduce at known times and places, and, are thus, susceptible to harvest
during reproduction. Here, I focus on three species in two different environments: Steelhead

xv

(Oncorhynchus mykiss) returning to streams to spawn in Washington, and spawning aggregations
of Nassau Grouper (Epinephelus striatus) and Tiger Grouper (Mycteroperca tigris) in the
Cayman Islands. By taking advantage of the reproductive aggregations of these species, I can
generate observations of behavior and life-history to inform effective management. For
Steelhead, I developed a new hierarchical nested Bayesian patch occupancy model that estimates
movement rates throughout a river network based on the observed movements of PIT (passive
integrated transponder) tagged fish from a network of in-stream tag detectors. Using these
movement rates and estimates of dam passage below the in-stream detectors, I was able to, for
the first time, generate estimates of abundance of this threatened species throughout the river
network. For Nassau Grouper, I developed an integrated population model that incorporated both
video observations and tagging data to obtain a fourteen-year time series of abundance in the
Cayman Islands. Based on these modeling efforts, I demonstrated that management efforts have
resulted in a dramatic recovery of this endangered fish in the Cayman Islands. Finally, using
eggs collected from spawning aggregations of Nassau Grouper and Tiger Grouper, I documented
fertilization rates and the variable morphology of eggs between spawning events. Using
laboratory studies, I demonstrated that warming water temperatures are likely to decrease larval
survival for Nassau Grouper, although the impact was variable, suggesting there may be adaptive
capacity within the population to respond to impending warming. Across each of these studies, I
leveraged reproductive aggregation, a perceived vulnerability in the life history of fishes, to
generate observations and synthesis in support of fisheries restoration and conservation.

xvi

Chapter 1: A Bayesian Nested Patch Occupancy Model for Estimating Population Size
from Tag Data: An Application to Natal Stream Steelhead Abundance

Abstract
Anthropogenic impacts on riverine systems have, in part, led to management concerns
regarding the population status of species using these systems. In an effort to assess the efficacy
of restoration actions, and in order to improve monitoring of species of concern, managers have
turned to PIT (passive integrated transponder) tag studies with in-stream detectors to monitor
movements of tagged individuals throughout river networks. However, quantifying movements
in a river network using PIT tag data with incomplete coverage and imprecise detections presents
a challenge. I propose a flexible Bayesian analytic framework that models the imprecisely
detected movements of tagged individuals in a nested PIT tag array river network. This model
structure provides probabilistic estimates of up-stream migration routes for each tagged
individual based on a set of underlying nested state variables. I apply the model framework to
data from Steelhead (Oncorhynchus mykiss) in the Upper Columbia River basin, and evaluate
model performance (precision/variance) as a function of population tagging rates and PIT tag
array detection probability densities within the river system using a simulation framework. This
simulation framework provides both model validation (precision) and the ability to evaluate
expected performance improvements (variance) due to changes in tagging rates or PIT receiver
array configuration. Results from such investigations can help inform decisions regarding future
monitoring and management.
Keywords: hierarchical model; nested patch occupancy; Bayesian; Steelhead; PIT tag
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Introduction
Anthropogenic impacts such as river channelization, agricultural runoff, urbanization,
and dam construction can dramatically alter river systems. These disturbances have, in part, led
to management concerns regarding the health of these ecosystems, including concerns regarding
the diversity of species that use these systems for rearing, migration, and reproduction (e.g.,
salmon, sturgeon, lamprey as discussed in Richter et al. 1997; Ruckelshaus et al. 2002; Wei et al.
2004, respectively). For species that move between the ocean and river networks, efforts at
recovery typically target freshwater habitat restoration, as this is often the most tractable
mitigation measure (Roni et al. 2002, 2014). However, while restoration actions (e.g., culvert
removal and dam passage ladders) may be considered straightforward to implement, measuring
the cumulative effects of such actions on movement, population abundance, and trends is not.
For salmonids, generating accurate, spatially-explicit estimates of the number of individuals
within river networks is a key part of assessing population status and trends and, ultimately, the
effectiveness of restoration action (Lawson 1993). However, abundance estimates are difficult to
acquire, particularly in inaccessible areas such as small tributaries.
Salmon and Steelhead populations along the west coast of North America have been the
focus of extensive restoration and monitoring efforts. The commercial harvest of most salmonid
species in the Pacific Northwest peaked in the early twentieth century, with small-scale or
artisanal harvest extending centuries earlier (Gresh et al. 2000, Campbell and Butler 2010). Since
the late nineteenth century most stocks have declined, the result of years of harvest (Nehlsen et
al. 1991), habitat degradation (Gregory and Bisson 1997), impacts from other species (Sanderson
et al. 2009), and changes in climate and other large scale weather phenomena (Mantua et al.
1997, Coronado and Hilborn 1998, Hare et al. 1999). Many salmonid stocks are now considered
2

at risk and are listed as threatened or endangered (Nehlsen et al. 1991, Busby et al. 1996).
Estimating the habitat use, abundance and survival of salmon and Steelhead species, particularly
with regard to effects of anthropogenic disturbances, has been and continues to be of interest to
scientists and managers alike (Raymond 1988, Skalski et al. 2011, Scheuerell et al. 2015).
To address the challenge of conducting a system-wide census of populations, managers
often rely on electronic mark recapture methods. Specifically, passive integrated transponder
(PIT) tag studies with in-stream detectors often are used to monitor movements of individuals
within the river network (Brännäs et al. 1994, Zydlewski et al. 2006). PIT tags and antenna
interrogation arrays are increasingly used in riverine networks, as well as other systems, due to
their continually declining cost, generally high tag retention rates, long duration relative to an
animal’s lifespan, and ability to effectively monitor movements of organisms that pass within an
antenna’s range (Kerth and Reckardt 2003, Gibbons and Andrews 2004, Mello et al. 2005, Kerth
et al. 2006, Mahapatra et al. 2008). Within the Columbia River Basin, the PIT Tag Information
System (PTAGIS) operates and maintains a comprehensive system of interrogation arrays as
well as a database of over 30 million tags placed in fish since 1987 (Prentice et al. 1984,
McCutcheon et al. 1994, Axel et al. 2005). While PIT tag studies are pervasive in large riverine
systems, PIT technology (and the need for analysis and synthesis tools associated with PIT data)
has broad application to other ecological systems (e.g., Cooke et al. 2013; Gibbons and Andrews
2004).
PIT tag studies typically are implemented in order to assess the movements and
distribution of species of concern within a river network and in relation to active management
regimes. Previous studies have used the array histories of PIT tag detections to estimate survival
rates (Muir et al. 2001, Williams et al. 2001, Skalski et al. 2011), abundance using the Lincoln3

Peterson and Jolly-Seber estimators (Seber 1992, Pine et al. 2003, Goldingay and Newell 2005)
and migration routes using maximum-likelihood multi-state mark recapture models (Buchanan
and Skalski 2010). Additionally, because array detections are uncertain, researchers have used
passage histories from multiple arrays in close proximity to estimate detection efficiencies of PIT
tag (Connolly et al. 2008) and radio telemetry arrays (Skalski et al. 2002). As the implementation
of large systematic PIT tag studies continues to expand, models capable of handling increased
structural complexity and larger datasets increasingly are needed. Benefits of using Bayesian
methods to model fish migration routes in river networks include, but are not limited to, highly
flexible network parameterization, posterior probabilistic estimates of migration routes, and the
ability to incorporate prior information for migration route and detection probabilities. The
ability to incorporate prior information allows an analyst to build confidence regarding key
system parameters, such as array specific detection probabilities, across multiple years of PIT tag
returns. As such, I have developed a flexible Bayesian analytic framework that models the
movement of tagged individuals in a nested PIT tag array network based on uncertain detections.
Rivers are intrinsically nested systems. To model probabilities of tagged individuals
moving through these systems, the modeling framework must account for nested transition
probabilities (e.g., nested patch occupancy models). Thus, it is necessary to have a modeling
approach that accounts for the hierarchical structure in patch occupancy as the tagged animals
move through the system. Because PIT tag arrays do not always detect tags, the modeling
approach must also account for imprecise detections within the system. Previous studies have
modelled patch occupancy rates given imprecise detections (e.g., Chandler et al. 2015;
MacKenzie et al. 2002; Mordecai et al. 2011; Royle and Kéry 2007; Royle, Nichols, and Kéry
2005). However, these existing approaches are limited in their ability to deal with complex

4

spatial structure (e.g., multiple levels of nested patches) when implemented in a Bayesian
framework. Previous work was done using a nested spatial structure in a maximum likelihood
setting (Buchanan and Skalski 2010), however this study was limited in its spatial complexity.
Other work focused on more complex spatial structure, but again it was in a maximum likelihood
setting and it focused on juvenile salmonids moving downstream, not adults moving upstream
(Buchanan et al. 2015).
Here, I propose a flexible multi-level hierarchical patch occupancy model structure that
overcomes these limitations by allowing for observational error (through uncertain detections)
while modeling the location of each tagged individual via a nested system of states
corresponding to the nested river network. Estimates of the distribution of animals throughout a
river network affords the ability to estimate spatially-explicit abundance based on transition
probabilities within the network and accurate downstream estimates of abundance at dams or
weirs (e.g., window counts). Importantly, this modeling framework easily can be modified to fit
different river systems in terms of the branching structure and location of PIT tag arrays. To
demonstrate the utility of this modeling approach, I developed a simulation framework to assess
model performance. This simulation framework also provides a tool for managers to explore
anticipated outcomes from changes to tag monitoring schemes (e.g., changes in population
tagging rates, additions or subtractions of PIT tag arrays).
Materials and Methods
In this study, I focus on Upper Columbia River Steelhead (Oncorhynchus mykiss). This
population is listed as threatened and is the focus of concerted management action related to
fresh-water habitat improvements and hatchery supplementation. Furthermore, there are
additional listed stocks of salmon within the Upper Columbia River Basin (McClure et al. 2003),
5

and as such, a model based on this system generally applies to PIT tag array data from several
species of concern. The Washington Department of Fish and Wildlife (WDFW) PIT tag both
hatchery and wild Steelhead entering the Upper Columbia at Priest Rapids Dam, and in
collaboration with tribal and Public Utility District (PUD) partners maintain a large, nested array
network throughout the various upstream tributaries (Figure 1.1, Table 1.1). Here I present
results for hatchery and wild fish pooled together, but the model can be run using hatchery or
wild fish only. The complexity of the system provides an ideal test for the modeling methods I
propose.
Priest Rapids Dam is located at river kilometer 639 on the Columbia River (Figure 1.1).
The dam has one fish ladder on both sides of the river. All fish migrating upstream of Priest
Rapids Dam must pass through one of the two ladders. Fish ascending the dam are counted using
video cameras, located at the upstream end of each ladder, that record 24 hours per day. The
number of fish migrating upstream of Priest Rapids Dam was estimated from twenty-four-hour
video provided by Grant County PUD (B. Truscott, personal communication, Dec. 8, 2014) for
both fish ladders. I assume that these video counts provide an accurate and precise estimate of
dam passage. Dam passage was adjusted for fallback and re-ascension using previously PITtagged fish, some of whom were observed ascending Priest Rapids more than once. These tags
provided an estimate of the re-ascension rate, which can be used to adjust the video counts to
provide an estimate of unique dam passage.
Washington Department of Fish and Wildlife technicians PIT tag fish 3 days per week
during the upstream adult migration at Priest Rapids Dam (Truscott and Murdoch 2014). The
fish trap is operational approximately eight hours per day. During daily fish tagging operations, a
temporary weir blocks upstream passage of migrating adult Steelhead and diverts approximately
6

50% of fish into an alternate, steeppass style ladder adjacent to the main ladder. Once diverted,
fish pass into a sorting area and can either be passed back into the main ladder or into a holding
tank for later tagging and sorting. Adult Steelhead are: examined for marks/tags; length
measured; PIT tagged (unless previously tagged); scanned with a portable ultrasound to
determine gender; and a scale sample is collected to estimate both fresh and salt water age. After
sampling, the fish are released back into the ladder. All fish that enter the tagging facility are PIT
tagged except during periods when fish health may be compromised (large numbers of captured
adult salmon and Steelhead) or if the trapping sorter malfunctions.
We used detections from all fish PIT tagged during trap operations, or fish captured with
an existing tag during the trapping period, to model movements up-river. Because two PIT tags
in close proximity to each other will interfere with each other and generally not be detected, we
excluded those fish with an existing PIT tag that accidentally receive a second tag. WDFW
identified those fish that were double tagged during sampling at Priest Rapids Dam.
Using PIT tag array data requires some assumptions. Some of these assumptions are
common to all tagging models (e.g., Pine et al. 2003; Pollock 1991), and include: (1) after
tagging, the tagged individuals fully mix with the untagged population; (2) tagged and untagged
individuals behave the same way; (3) tagged and untagged individuals experience the same rates
of mortality. Assumptions are inherent in such tagging methods, e.g., closed population between
surveys, perfect mixing of the population, etc. (e.g., Seber 1992, Seber and Schwarz 1999, Pine
et al. 2003). Additional assumptions are unique to the PIT tag system, and include: (1) invariance
in tag detection efficiency among individuals and (2) invariance in tag detection efficiency over
time. An additional assumption unique to this model framework is that the tagged individuals’
final location is either the last place the tag was detected or a tributary upstream from there, i.e.,
7

the individuals are making a one-way trip through the system and only move in an upstream
direction. Finally, we filtered the PIT tag array data so that no tag detection histories showed
upstream detections in multiple upstream branches, and no regression within the system. For
instance, if a tagged fish moved between two upstream tributaries, the data were filtered such
that the individual only traveled upstream to the last upstream tributary the individual was
detected in.
The model uses three main sources of information to estimate the escapement of fish to
regions within the river network. First, the design of the network must be established, that is, a
map of the river network that defines branches (discrete locations within the river network) and
the connectivity of those branches at each node (connection points between branches; Figure
1.2). The branches within the system must be defined such that each branch contains at least one
PIT tag detector at the lower end of the branch. Second, the history of tag detections at each PIT
tag array within the branch-node system is required to generate estimates of movement rates
across nodes. Finally, an estimate of the total amount of fish entering the system at the basal
node (Priest Rapids Dam) is required to estimate the number of fish returning to different
branches of the river system based on node-specific movement rates.
By combining known adult wild and hatchery passage at Priest Rapids Dam with
probabilistic patch occupancy rates derived from the model, I am able to estimate the number of
wild and hatchery fish, combined or separately, going to each of the monitored areas throughout
the river network. Finally, based on maximum a posteriori estimates of patch occupancy
parameters and detection probability parameters from the model, I can construct simulation code
in order to subsequently evaluate model performance under different tagging rate scenarios. This
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exercise will be particularly useful to managers attempting to balance tagging impacts on
threatened species against the need for detailed estimates of population sizes and trends.
Model Framework
The model distinguishes between (and simultaneously estimates) both the detection
probability, 𝑝𝑙 , at each PIT tag array, or the probability of observing a tagged fish given that it
passed location 𝑙, and occurrence probability, ψ. Specifically, the passage of fish 𝑓 through
location 𝑙 is indicated by 𝑧𝑙 𝑓 = 1 (otherwise 𝑧𝑙 𝑓 = 0). The detection of fish 𝑓 at location 𝑙 is
indicated by 𝑦𝑙 𝑓 = 1 (otherwise 𝑦𝑙 𝑓 = 0). The probability of correctly observing fish 𝑓 at
location 𝑙 is given by:
𝑝𝑙 𝑓 = 𝑃𝑟𝑜𝑏(𝑦𝑙 𝑓 = 1|𝑧𝑙 𝑓 = 1),

(1.1)

and probability that fish 𝑓 actually passed location 𝑙, ψ𝑙 𝑓 , is:
ψ𝑙 𝑓 = 𝑃𝑟𝑜𝑏(𝑧𝑙 𝑓 = 1).

(1.2)

When 𝑦𝑙 𝑓 = 1 it indicates the tagged fish 𝑓 is observed at location 𝑙 (i.e., it passed by this
location). I assume that there are no false detections, i.e., 𝑃𝑟𝑜𝑏(𝑦𝑙 𝑓 = 1|𝑧𝑙 𝑓 = 0) = 0.
Given the formal distinction between the detection probabilities and the occurrence probabilities
of fish, a hierarchical model can be used to specify the relationship between presence of a fish
(𝑧) and observing that fish (𝑦) in terms of the detection probability (𝑝) and occurrence
probability (𝜓) using a compound Bernoulli model with an observation component. Specifically,
observing fish 𝑓 at location 𝑙 (𝑦𝑙 𝑓 ) given the presence of fish 𝑓 at location 𝑙 (𝑧𝑙 𝑓 ) is assumed to
be a random number with a distribution given by the Bernoulli distribution (e.g., Forbes et al.
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2011) with probability equal to the probability fish 𝑓 passes through location 𝑙 (𝑧𝑙 𝑓 ) and the
probability it is detected at location 𝑙 (𝑝𝑙 ), i.e.,
𝑦𝑙 𝑓 |𝑧𝑙 𝑓 ~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑧𝑙 𝑓 𝑝𝑙 ),

(1.3)

and a state (process) model for the probability fish 𝑓 passes through location 𝑙,
𝑧𝑙 𝑓 ~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝜓𝑙 ) ,

(1.4)

where the occurrence probability (i.e., probability the fish actually passed) for location 𝑙, 𝜓𝑙 , and
the detection probability for location 𝑙, 𝑝𝑙 , are shared by all fish in the system.
To estimate the proportion of fish that transition to up-stream branches, a Bayesian patch
occupancy model can be parameterized to allow for nesting of branches within a branch and
node system (Figure 1.2). It does so by nesting multiple patch occupancy models within a single
analytic framework. For the purposes of applying patch occupancy models to river systems, the
patches become branches. To do this, a Dirichlet distribution (e.g., Forbes et al. 2011) can be
used to constrain each of the branch specific occurrence probability terms (𝜓𝑙 ) to a unity
summation (contingent on the inclusion of a “home” branch, allowing fish to terminate upstream movement).
For the 𝑖 main branches of the model,
𝜓𝑖 ~𝐷𝑖𝑟𝑖𝑐ℎ𝑙𝑒𝑡(1,1, … ,1)

𝑖 ∈ (1, … , 𝑛𝑢𝑚_𝑏𝑟𝑎𝑛𝑐ℎ + 1),

(1.5)

where 𝑛𝑢𝑚_𝑏𝑟𝑎𝑛𝑐ℎ represents the total number of major branches included in the model. The
‘+1’ indicates the “home” branch; which, for the major branches, would indicate a tagged fish
that reached a node but never progressed further upstream (i.e., the fish passed PRD but did not
move further into the system). A Dirichlet prior distribution specified with 1 for each branch
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represents an objective prior on transition probabilities (i.e. all sets of occurrence probability
terms (𝜓) are equally likely).
Within the river network, each node is assigned a separate Dirichlet distributed set of 𝜓𝑗
parameters defining the probability that any fish will transition into each of the 𝑗 branches above
the node (Figure 1.2). Next, I link (nest) each of these Dirichlet distributed nodes by creating a
unique look-up matrix 𝐴 for every node in the system. Shown below is a look-up matrix for a
system with three branches (𝑗 = 3), including the “home” branch (e.g., the Entiat in Figure 1.2):
0
𝐴=[
𝜓1

0
𝜓2

0 1
],
𝜓3 0

(1.6)

where the probability of a fish moving to an upstream branch is defined by either the first or
second row of the 𝐴 matrix depending on whether 𝑧𝑙 equals 0 (first row) or 1 (second row). In
other words, if a fish never makes it to a node, there is zero probability of going to branches
above it (row one). Thus, the final column of probabilities directly reflects the state parameter
defining the location of the fish as either present (1) or absent (0) in the branch below the node.
Additional levels (i.e., a new look up matrix 𝐴) can be added if the secondary branches
split at a node into tertiary branches (e.g., above TUF in Figure 1.2), and so on.
In a gate system, the state (process) model changes to:
𝑧𝑔 ~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝜃𝑔 𝑧𝑔−1 ),

(1.7)

where 𝑧𝑔 is the presence of a fish in the gate system at level 𝑔 and 𝜃𝑔 denotes the probability of
passing through gate 𝑔. Note that, for 𝑔 = 1, the variable is distributed according to a Bernoulli
distribution with parameter 𝜃𝑔 ). The prior for the probability of moving through the gate, 𝜃𝑔 , is a
beta distribution with both parameters set at 1.
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Because the proposed modeling approach uses Bayesian techniques, it can make use of
prior knowledge and informative priors which can be used to directly integrate information about
PIT tag array efficiencies (e.g., washed out arrays, secondary efficiency assessments, etc.).
Outputs from the proposed model could include estimation of population abundance in each
patch (river branch) within the nested river system, effects of run timing on transition
probabilities, and comparisons of wild versus hatchery raised populations in terms of movement
through the system.
Model Fitting
We completed computations using the programming language R (R Core Team 2018)
and the package ‘R2jags’ (Su and Yajima 2012) to perform Markov Chain Monte Carlo
(MCMC) posterior simulations. For fitting the model using ‘R2jags’, 80,000 iterations were run
with a burn in of 20,000, a thinning of 100, and 4 separate chains. This resulted in 2,400
posterior draws. To evaluate convergence, the Gelman-Rubin statistic for every parameter was
evaluated, and the number of parameters with Gelman-Rubin statistics greater than 1.01, 1.05,
and 1.10 were calculated. The model was considered converged if no parameters had GelmanRubin statistics greater than 1.05. Convergence was further assessed by examining plots of
autocorrelation, trace, and posterior density for each parameter, including the deviance.
Number of Fish Passing Priest Rapids Dam
For Steelhead that spawned in 2012 (the year modeled in this study), the PUD generated
a dam passage estimate of 20,806 fish (“DART Adult Passage Daily Counts for All Species |
Columbia Basin Research” n.d.) and after adjusting for fallback and reascension the number was
reduced to 19,996 fish (WDFW, unpublished data). This value was used to expand the run into
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upper tributaries based on model estimated transition probabilities (𝜓 values). Specifically, I
multiplied the transition probabilities along river hierarchies to establish the total proportion of
the fish passing the dam that end up in all modeled river branches. By generating this product for
all posterior draws, the resulting values provide estimates of escapement with uncertainty for
each of the river branches.
Simulation Framework- Tagging Levels
To evaluate model performance, I generated code that simulates run returns in each of the
branches of the river network based on (1) the number of fish passing Priest Rapids Dam, (2)
maximum a posteriori estimates of occurrence probabilities, 𝜓, and detection probabilities, 𝑝,
derived from model fits to data from Upper Columbia River Steelhead, and (3) the number of
tagged fish in the system. By generating simulated data from system-specific parameter
estimates, I can subsequently apply the model to multiple instances of simulated data to
determine how well the model estimates capture the known simulated datain terms of both bias
and precision. I can also use the simulation framework to test how model performance varies as a
function of the number of tagged fish included in the simulated data.
One hundred instances of simulated data were evaluated in terms of bias and precision in
model outputs. Using the simulation framework, data were generated assuming that 12%, 13%,
14%, 15%, or 20% of the population was tagged, and then the posterior estimates of the
population size compared to the population size that was used to generate the data. For the model
fitting, 25,000 simulations were run with a burn in of 5,000, a thinning of 40, and 4 separate
chains were run. This resulted in 2,000 posterior draws.
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Simulated data were created by taking the median posterior parameter estimates from the
data-informed model and generating PIT tag array observations for a specified number of tagged
Steelhead. The number of tagged Steelhead was calculated using 19,996 simulated individuals
(the population estimate passing Priest Rapids Dam in 2012) and multiplying it by the percent
tagged and then rounding to the nearest whole number.
Results
Model Results
In 2012, there were 2,723 Steelhead tagged out of an estimated 19,996 entering the river
system at the dam. For the 2012 season, of the 2,723 Steelhead tagged, 1,972 were detected at
least once in the system and 751 (27.6%) were never detected within the system. Using data from
these tagged fish, I estimated the Steelhead population returns above Priest Rapids Dam using
my branching model. Based on Gelman-Rubin statistics the model converged at the 1.05 (and
1.10) level for all parameters (n=88 parameters). All model files and simulation code are publicly
accessible in a Github repository (https://github.com/WaterLynn/Bayesian-Nested-PatchOccupancy-Model).
The majority of the Steelhead passing Priest Rapids Dam went upstream of Wells Dam,
the median posterior estimate is 10,903, or 54.5% of the Steelhead in the system (Table 1.2).
Based on the median posterior estimates, only 3% of Steelhead entered the Entiat and just under
15% entered the Wenatchee. Of the approximately 10,903 Steelhead passing Wells Dam, 66% of
them stayed in the mainstem Columbia River (95% Bayesian credible interval (CI) of 63.8%,
68.6%) or went undetected into the Okanogan River (lower Okanogan PIT array installed in
2013) and just under 26% of then went into the Methow River. The majority, 63%, of the
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Steelhead entering the Wenatchee went on to TUF, with 12% staying in the mainstem
Wenatchee. Steelhead entering the Entiat were split almost evenly with approximately 32%
staying in the lower mainstem of the Entiat, approximately 37% entering the Mad River (past
MAD), and the remaining approximately 30% entering the upper mainstem of the Entiat River
(past ENA).
Most arrays in the system had estimated detection probabilities above 80%, although two
single detection array systems, Methow and Wenatchee, had detection probabilities below 75%
and two double detection array systems, ENA and WTL, had detection probabilities below 60%
(Table 1.1).
We have included graphing and tabular results for the three main branches of the river
system at Priest Rapids Dam (Wells, Entiat, and Wenatchee) as well as for above Tumwater
Dam (TUF), and two important Wenatchee River tributaries, the Chiwawa River and Peshastin
Creek (Table 1.2 and Figure 1.3). I chose to present Tumwater Dam because the number of
hatchery and wild fish passing this dam is independently estimated by the Washington
Department of Fish and Wildlife (WDFW) using trap and video. Additionally, biologically, I
chose the Chiwawa River because it represents a pristine tributary for the Upper Columbia River
system and is frequently used as a reference area for other parts of the river network. Finally, I
chose Peshastin Creek as it represents an important wild Steelhead spawning tributary of interest
for management agencies.
In 2012, WDFW estimated a total of 1,895 Steelhead passing TUF (B. Truscott, WDFW,
pers. comm.). The median estimate from the model is 1,867 with a 95% Bayesian CI of (1,667,
2,107). The model results are in agreement with the estimate from WDFW for passage of
Steelhead at TUF.
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Simulation Results
In 2012, approximately 13.6% (2,723/19,996) of the population was tagged. Not
surprisingly, the relative Bayesian credible intervals for the posterior estimated numbers of fish
entering the three main branches of the river system (Entiat, Wells, and Wenatchee) shrank with
increasing tagging rates in my simulations. Simulations with a 20% tagging rate had
approximately 20% smaller credible intervals relative to simulations with a 13% tagging rate
(Figure 1.4).
Our simulation results revealed a bias in the estimated proportion of fish returning to
some branches of the system (Figure 1.5). In the Wenatchee, for instance, based on 100
simulations with a 13% tagging rate, the average median estimate of fish entering the region was
7.5% lower than the average “true” number of simulated fish going to the region. In general, the
percent bias in the median posterior estimates of the number of fish returning to various branches
shrinks when the single array detection probabilities in the system are higher and is eliminated
when all single array in the system are converted to double arrays in simulation (Figure 1.5).
This bias is not unexpected, and its causes are discussed below. For branches with double
detection arrays, while they produce unbiased estimates across all simulations, the likelihood of a
biased estimate decreases as the detection probability increases (Figure 1.5).
Discussion
Here I have shown that a Bayesian nested patch occupancy model can be used to estimate
proportions of fish reaching various stream sections, which, given an estimate of the number of
individuals entering the system, can be turned into an estimate of the population size at each
stream section. This is done while simultaneously estimating detection probability, or
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observation error, which is a critical part of interpreting PIT tag array data in the context of fish
passage (Cooke et al. 2013).
When detection histories are all zeros for a fish moving in the network, there is an issue
of confounding, resulting in a slight bias in the estimates. The bias appears at the stay-at-home
bins and the final nodes of the system (Figure 1.2). This is due to the fact that the parameters are
not uniquely estimable (see Schwarz et al. 1993 and Fujiwara and Caswell 2002 for a detailed
explanation of the problem). In a system with just one detection array and the option to either
stay below the array or pass the array, when the detection history is [0], i.e., it was not detected at
the array, there is no way to parse out if the individual stayed below the array or passed the array
but was not heard. Information on the detection array efficiency (detection probability) can only
be informed in systems that have another detection array further upstream. That is, in a system
with a detection array at location A and then another detection array at location B, the detection
histories which are [01], i.e., the tag was not detected at A but was detected at B, are the only
detection histories which allow for the detection probability at A to be uniquely estimated. In this
two array location system (arrays A and B), because B has no further upstream detection sites,
there is no upstream information which allows for the detection probability at B to be uniquely
estimated. Based on the model diagram of the river system and posterior estimated detection
probabilities and Bayesian credible interval widths, it is possible to identify the problematic
branches.
The confounding and resulting bias in estimates can be alleviated in one of two ways,
both of which provide the model with more information. The first option is to add additional
detection arrays to any branches that have single detection arrays. The second option is to
provide information in the form of priors for the detection probabilities. Managers can conduct
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experiments to estimate detection probabilities, and subsequently use these estimates as priors, or
to provide fixed detection probabilities within the model framework. Because I know how to
mitigate the bias from the confounding of parameters, I can easily provide recommendations to
management agencies based on model results.
Since 2012, WDFW installed secondary detection arrays at all of the primary river
network branches (Entiat, Wenatchee, and Wells), thus improving the ability to estimate returns
by eliminating the bias from the single detection arrays. The two branches which had detection
arrays that had assumed detection probabilities of 1, ICL and LBC, as they are single detection
arrays with no upstream detection arrays, were changed to dual detection arrays in October 2014
and August 2017, respectively.
Simulation frameworks, such as the one described in this paper, can assist managers in
determining the appropriate trap rate (i.e., tagging rate) at Priest Rapids dam to provide good
estimates of escapement while minimizing the handling of threatened or endangered species.
Additionally, the simulation framework can be used to estimate the improvement in model
accuracy and precision based on cost, providing an economic framework for evaluating
management actions. For example, simulations can be run to evaluate the improvement of
estimates throughout the system under scenarios in which the tagging rate is altered or additional
arrays are added, or some combination thereof. This allows managers to weigh the cost of
changing the study (through more tags or more arrays) against model performance.
Salmon and Steelhead moving through the system early in the spawning run timing tend
to wind up in one section of the upstream tributaries while individuals moving through later in
the run timing go elsewhere (Keefer et al. 2004). A difference in run timing and spatial location
exists between wild versus hatchery Steelhead in western Washington on Forks Creek, a
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tributary of the Willapa River (Mackey et al. 2001). Our modeling framework could easily be
modified to account for covariates such as these, including ones for hatchery versus wild fish and
run timing. For instance, proportional parameters in my modeling framework could be specified
using the isometric log ratio (ILR) transformation (Egozcue et al. 2003). In this scenario, a
continuous covariate could be incorporated via a slope parameter in transformed space and then
back transformed to proportion space for the purpose of fitting the model to observed data
(Francis et al. 2011).
The model presented here is larger and more complex than hierarchical models presented
in previous works, and it can be modified to be even more complex (or less). Bayesian state
space models have been used to estimate detection probabilities and transition probabilities of
lamprey moving along river systems (Holbrook et al. 2014). Some major differences between
that study and my own is that they estimated transition probabilities between sites nested within
states (n=3); used Vemco acoustic tags and receivers; had a much smaller sample size (n=148);
and they did not leverage multiple arrays at a single location. They estimated transition
probabilities for three states and detection probabilities for two, versus 30 locations with 53 total
PIT tag arrays in the system I analyzed (although two had an assumed perfect detection rate in
this system). To estimate the total population size within stretches of the river, Holbrook et al.
(2014) used the Peterson estimator as they did not have an estimate of the total number of
lamprey entering the system.
The modeling approach presented here offers several benefits over previous methods to
estimate returns which did not utilize PIT tag data, such as redd (spawning nest) surveys or dam
counts. Our approach provides estimates of uncertainty in escapement, which account for the
detection probability of the PIT tags. Redd count data typically yields no estimates of
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uncertainty, despite recognized issues with observer error (Gallagher and Gallagher 2005,
Muhlfeld et al. 2006, Gallagher et al. 2010, Murdoch et al. 2018). However, recent work was
done to estimate uncertainty in redd count data by using a modified Gaussian area-under-thecurve framework (Murdoch et al. 2018). Dam counts are equally problematic due to errors
associated with counting, uncertainty around removals from harvest, fallback and reascension
(Keefer et al. 2005). For example, summer run Steelhead and chinook salmon exhibit variable
complex pre-spawning migration patterns that greatly confound the use of dam counts as
estimates of abundance (Keefer et al. 2008, Bradford et al. 2009). Thus, the ability to use
estimates of escapement upriver from the dam, as my model framework allows, alleviates the
reliance on dam counts.
If an estimate of the escapement exists at any location within the system, it can be used to
calculate number of fish at every other location within the system. This is because the model
estimates the proportion of fish entering the system that move into each branch. Here I showed
that an estimate from Tumwater Dam could be used to validate the model by comparing
estimates. If I had no estimate of dam passage or did not want to use it, I could have used the
estimate of fish at Tumwater Dam to calculate the dam passage. This is done by dividing the
number of fish at that location by the proportion of fish entering the system to go to that location
to solve for the total number of fish entering the entire system. An estimate of escapement at a
particular branch can be used to validate the model by comparing the 95% credible interval for
the model estimate and the escapement estimate or its confidence interval. Alternatively, one can
use the escapement estimate and the model’s estimate of the proportion of fish going to that
branch and solve for the total number of fish entering the system, as described above. Thus, the
model framework enables model evaluation to be conducted if there are two or more estimates of
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escapement at different locations in the system, or if only one estimate of escapement is
available, then model estimates can be framed in terms of numbers, rather than proportions.
The modeling framework presented here provides estimates that can be leveraged with
additional data sources to provide essential scientific information to managers. For example, by
combining escapement estimates from PIT tags with estimates of spawners from redd surveys, it
would be possible to generate estimates of pre-spawn mortality, that is a crucial issue for
threatened populations. Finally, in addition to estimating natural and hatchery origin escapement,
these results can be combined with all the biological information gathered from the PIT tagged
fish at Priest Rapids Dam. Using the random sample of PIT tagged fish known to escape to a
certain area, biological summaries such as sex ratios, length frequencies, and age distributions
can be generated. These data can be superior to using carcass data for stock
reconstruction purposes as sample sizes may be larger due to the difficulty of recovering
carcasses, and known size and sex biases with carcass collections (Zhou 2002, Murdoch et al.
2010).
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Figure 1.1. Map of location of Priest Rapid Dam in Washington state (upper left corner of map) and the placement
of arrays throughout tributaries above the dam.
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Figure 1.2. PIT tag array schematic for the Upper Columbia River in 2012, see Figure 1 for map. The triangle
represents Priest Rapids Dam where the tagging is done, ovals represent branching nodes, rectangles represent
tributary arrays, diamonds represent gates, and solid black rectangles denote a home bin (i.e., that the fish stays at
home in the most recent node area and does not move into an upstream tributary). The * next to a detection array
indicates that there is a single array system used at the location, the ** indicates that the detection efficiency is
assumed to be 100% at the location. All other locations have tandem arrays. See Table 1.1 for full names of the
detection arrays.
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Figure 1.3. Top panel contains boxplots of posterior population estimates of Steelhead passing through the main
branches of Priest Rapids Dam (Wenatchee, Wells, and Entiat); passing through Tumwater Dam; ending in
Peshastin Creek; or ending in Chiwawa in 2012. Shown below are violin plots, with boxplots superimposed, of the
posterior population estimates for Steelhead passing through Wenatchee, Wells, and Entiat (middle row) and passing
through Tumwater Dam, staying in Peshastin, and staying in Chiwawa (bottom row). All boxplots show the median
(horizontal line), 1st and 3rd quartile (edges of the box) and the line above the box extends to the median plus 1.5
times the inter-quartile range (IQR) or the maximum value (whichever is smaller) while the lower line extends to
median minus 1.5 times the IQR or the minimum value (whichever is larger). Dots display values that are outside
the median plus or minus 1.5 times the IQR.

25

Figure 1.4. Relative widths of the 90% Bayesian credible interval (CI) for the posterior estimates of fish passing
through the three main branches above Priest Rapids dam (Entiat, Wells, and Wenatchee). The widths are
normalized by the mean width of the 90% CI for the posterior estimate of fish passing through a particular system
when the tagging rate is 13%. The mean CI is shown with a solid line and a circle symbol; the 5th quantile of the
widths is shown with a dotted line and a triangle symbol; and the 95 th quantile of the widths is shown with a dashed
line and a square symbol.
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Figure 1.5. Violin plots showing percent bias in median estimates from simulation fits for the main three branches,
which all have single detection arrays, Wenatchee, Entiat, and Wells (top panel) and for streams with double
detection arrays and more than 200 fish (in both median and mean of the 100 simulations) returning to there - CH,
OMK, MRW, and PES (bottom panel). The branches and streams are arranged from lowest detection array
probability to highest, left to right. Bias was calculated by taking the median of the 2000 posterior fits and
subtracting the number of fish in that specific branch for the simulation, this was done for all 100 simulations. All
̃ represents the median and 𝑁
̅ is the mean. Abbreviations
results are shown for the 13% tagging rate. In the plots 𝑁
for stream names defined in Table 1.1.
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Table 1.1. Details of detection arrays within the system above Priest Rapids Dam (in alphabetical order of
abbreviation), including: abbreviation, full name, number of detection arrays (in this system), total number of fish
detected at this site in the PIT tag data from 2012 (out of 2,723 tagged fish), median posterior detection probability
estimate, and standard deviation of detection probability estimate. For systems with two detection arrays, the values
are given as upper array, lower array. For systems with only one detection array, only one value is given. Note that
the ** indicates detection arrays where the detection probability was assumed to be one for this model. Locations
that I expect to have high uncertainty or bias have their full name and abbreviation in bold. Further metadata can be
found online (Pacific State Marine Fisheries Commission 2018).
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Mad River, Entiat River Basin

Lower Mission Creek Instream

GLC

ICL

LBC

LWN

MAD

MCL

2

Entiat

ENS

Upper Entiat River at river
kilometer 35.7
Lower Entiat River

2

2

Full Name

Abbreviation

Number of
Detection
Arrays

15

31

1

23

7

30

80

11

21

7

15

94

7

20

43

9

6

Number of
Fish Detected
in 2012

0.957, 0.955

0.911, 0.941

0.613, 0.616

1**

1**

0.714, 0.544

0.956

0940, 0.943

0.870, 0.732

0.854, 0.403

0.522, 0.557

0.651, 0.808

0.907, 0.911

0.963, 0.868

0.400, 0.695

0.957, 0.711

0.897, 0.889

Median Posterior
Detection
Probability Estimate

0.059,0.060

0.053, 0.045

0.265, 0.259

-

-

0.099, 0.095

0.022

0.072, 0.073

0.076, 0.082

0.145, 0.157

0.095, 0.095

0.051, 0.048

0.111, 0.108

0.050, 0.075

0.078, 0.095

0.116, 0.147

0.120, 0.120

Standard Deviation
of Detection
Probability Estimate
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2
1
2
1
1
2
2

Salmon Creek Instream Array

Tumwater Dam Adult Fishway

Lower Twisp River (adjacent to the
Methow Salmon Recovery
Foundation Ponds)

Wells Dam

Lower Wenatchee River

White River, Wenatchee Basin

Zosel Dam Combined

SA1

TUF

TWR

Wells

Wenatchee

WTL

ZSL

Omak Creek Instream Array

OMK

Priest Rapids Dam

2

Ninemile Creek Instream Array

NMC

PRD

2

Nason Creek

NA

2

2

Methow River at Winthrop

MRW

Peshastin Creek

2

Lower Methow River at Pateros

Methow

PES

1

Full Name

Abbreviation

Number
of
Detection
Arrays

35

1

183

1,484

65

258

25

2,723

35

42

3

49

39

271

Number of
Fish
Detected in
2012

0.954, 0.982

0.440, 0.165

0.453

0.999

0.835, 0.969

0.997

0.969, 0.857

-

0.907, 0.771

0.563, 0.664

0.795, 0.803

0.518, 0.903

0.781, 0.571

0.708

Median Posterior
Detection
Probability Estimate

Table 1.1. Details of detection arrays within the system above Priest Rapids Dam, continued.

0.036, 0.027

0.292, 0.214

0.025

0.001

0.046, 0.024

0.004

0.041, 0.070

-

0.054, 0.071

0.085, 0.087

0.181, 0.182

0.073, 0.057

0.080, 0.084

0.024

Standard Deviation
of Detection
Probability Estimate

Table 1.2. Summary statistics for the posterior estimates of the number of fish passing through the three main
branches (Entiat, Wells, and Wenatchee), passing through Tumwater dam, ending in Chiwawa Creek, and ending in
Peshastin Creek. Summary statistics include median, mean, and 95% Bayesian Credible Interval (all rounded to the
nearest whole number).

Branch

Median

Mean

95% Bayes CI

Entiat

612

614

(489, 756)

Wells

10,903

10,902

(10515, 11282)

Wenatchee

2,965

2,966

(2706, 3242)

Tumwater

1,868

1,873

(1667, 2107)

Chiwawa

383

389

(270, 542)

Peshastin

265

267

(190, 359)
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Chapter 2: Rapid Recovery of a Heavily Exploited Population of Nassau Grouper
(Epinephelus striatus) in the Cayman Islands

Abstract
Many large-bodied marine fishes that form spawning aggregations, such as the Nassau
Grouper (Epinephelus striatus), have suffered regional overfishing due to the ease of exploitation
during spawning. In many such regions, marine resource management agencies have
subsequently established marine protected areas or harvest control rules in order to recover
overfished stocks. Often, such active management is met with resistance, and without scientific
evidence to evaluate the effectiveness of such actions can be revoked or replaced. The challenge
in assessing the effectiveness of such management thus lies largely in the development of
accurate estimates of stock size through time. I will present an in situ visual mark-recapture
study design coupled with video transects that can be used, on their own or in a singular model,
to estimate the total abundance of spawners at an aggregation site. Using multiple years of such
tagging data and video surveys, I can fit parameters for a state-space model for population
growth. Because recent evidence suggesting aggregations represent the totality of spawning
stock for the region served by the aggregation site, this method provides an effective index of
stock size, and through time, numerical stock response to management actions. Our results show
that the Nassau Grouper spawning aggregation populations on Little Cayman and Cayman Brac
are increasing in time. As of 2018, the Little Cayman population remains less than the initial
estimate from when it was first rediscovered in 2001, suggesting management protections are
still necessary for continued increases.
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Introduction
Marine fishes that form fish spawning aggregations (FSAs), including many species of
Grouper, are at risk of being overfished if fisheries target their FSAs (Coleman et al. 1996, Sala
et al. 2001, Sadovy de Mitcheson and Erisman 2012). It is therefore important to know the status
and trends of aggregating populations to identify the conservation status of the species, or in
order to evaluate the effectiveness of management actions aimed at recovery. Heavy fishing
pressure at FSAs can impact the targeted population in a number of ways, including: decreased
mean length, skewed sex ratios for hermaphroditic species, and complete collapse and
disappearance of the FSA (Colin 1992, 1996, Coleman et al. 1996, 2000, Bush et al. 2006,
Heppell et al. 2012).
Overfishing of Nassau Grouper has led to its listing as endangered under the IUCN Red
List (Cornish and Eklund 2003) and threatened under the Endangered Species Act in the USA
(National Oceanic and Atmospheric Administration and National Oceanic and Atmospheric
Administration (NOAA) 2016). The species forms large FSAs at highly predictable times (winter
full moons in the Caribbean and summer full moons for Bermuda) and locations throughout its
range (Colin 1992, Sadovy de Mitcheson and Erisman 2012). The predictable nature of the FSAs
make them susceptible to persistent harvest during the spawning season (Sala et al. 2001). Once
FSAs of the species are discovered, they are typically fished intensively each spawning season;
many such aggregations have ultimately been fished to the point where fish apparently cease to
aggregate (e.g., Sadovy de Mitcheson & Cheung, 2003; Sadovy de Mitcheson & Colin, 2012).
Following such collapses, many nations have sought to protect their stocks of aggregating
species through a variety of management actions, including harvest moratoria, seasonal closures,
or the establishment of marine protected areas at FSAs (Sadovy de Mitcheson and Eklund 1999,
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Chiappone et al. 2000, Bush et al. 2006, Benedetti 2013, Cheung et al. 2013a, Schärer-Umpierre
et al. 2014, Sherman et al. 2017). To date, few published studies have demonstrated the efficacy
of such management strategies (although recoveries are reported in Kadison et al. 2010), even
after several decades of aggressive management approaches (e.g. complete harvest moratoria on
Nassau Grouper in Bermuda and Florida, USA). It is not clear if this lack of evidence stems from
legitimate management ineffectiveness, or an absence of monitoring data sufficient to document
effectiveness.
Like other regions throughout the Caribbean, the Cayman Islands have a long history of
Nassau Grouper exploitation, and a more recent history of over-exploitation. Following concerns
of decreased catch voiced by Caymanian fishermen in the 1980s, the Cayman Islands
Department of Environment (CI-DoE) began collecting catch data during spawning season, and
carried out age and growth studies for the species (Bush et al. 2006). These early efforts at
monitoring harvest were abandoned in 2001 when catch across all 3 Cayman Islands collapsed
completely. In 2001, however, a reconstituted Nassau Grouper FSA was discovered at the
opposite end of the island (western tip rather than eastern tip of the shelf edge) from its previous
location in the 1980s. Whaylen et al. (2004) estimated that, at the time of discovery, they FSA
consisted of ~7,000-8,000 fish; in two years of fishing, the FSA was reduced to ~2,000 fish or
less. In 2003, the Cayman Islands Marine Conservation Board responded to this rapid decline by
instituting no-take zones on all known (historical and active) Nassau Grouper aggregation sites
during the spawning season. Subsequently, in 2016, the Cayman Islands government enacted
legislation aimed at recovering Nassau Grouper (The National Conservation Law, 2013 (Law 24
of 2013) 2016). These regulations include: seasonal closures for Nassau Grouper for the entire
Country from December through April inclusive (possession, sale, and take of Nassau Grouper
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during this time is illegal); slot limits of 16”-24”; bag limits of 5 Nassau Grouper per vessel per
day during the open season; and gear restrictions (no spear guns). Additionally, the Cayman
Islands has a range of marine parks, some of which are no-take year-round.
Since the discovery of the west-end Little Cayman FSA, the Reef Environmental
Education Foundation (REEF) and the CI-DoE have monitored Nassau Grouper FSAs in the
Cayman Islands through the collaborative Grouper Moon program. The Grouper Moon program
aims to provide the Cayman Islands government with monitoring data necessary to effectively
recover and manage Nassau Grouper populations. Tagging studies from the program have
demonstrated that FSAs are attended by the vast majority of reproductively mature individuals
from the region local to the spawning site (Semmens et al. 2005; Semmens et al., unpublished
data). Furthermore, these tagging data indicate that Cayman FSAs have membership exclusive to
the islands on which they form, likely due to the fact that each island is isolated by deep water
(>150 m). Based on these findings, it appears that assessments of abundance from FSAs on each
island will provide a direct proxy for the total spawning stock of Nassau Grouper on that island.
A time series of estimates of spawners on each island is useful for evaluating the stock-level
response of Nassau Grouper to management efforts aimed at promoting recovery. The challenge,
then, is to identify a method that provides an unbiased and reasonably precise estimate of the
number of spawning individuals.
Researchers have used a variety of methods to monitor the abundance of fish at FSAs
(Colin 1992). Visual counts by divers are the most common set of techniques, but they can have
a large amount of observer subjectivity, and typically vary widely between observers and
techniques (Thompson and Mapstone 1997, Willis et al. 2000, Edgar et al. 2004, Bernard et al.
2013). Video pans of the FSA, especially when the fish are densely clustered, can be used to
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generate counts through post-processing (Baumberger et al. 2010, Mallet and Pelletier 2014).
Video pans likely yield underestimates of FSA size given the limited field of view and the fact
that fish in the video block other fish from being seen (a common occurrence in dense
aggregations). However, if the proportional under-count of the FSA from video pans is constant
across different population sizes, then such counts can be used as a relative index of abundance.
Researchers have also used active acoustics to estimate FSA size, although the inability of this
approach to readily distinguish species at multi-species FSAs presents a challenge, and the
uncertainty in estimates stemming from this technique appears large (Taylor et al. 2006, Egerton
et al. 2017). Ultimately, the goal is to use an unbiased and precise method to monitor FSA size
through time while keeping costs and logistical challenges to a minimum.
Here, I provide clear evidence for the recovery of Nassau Grouper populations on both
Little Cayman and Cayman Brac over the last decade based on data generated from a novel mark
re-sighting program. Specifically, I report on an in situ mark re-sight technique that uses external
tags (FloyTM tags) deployed with a pole spear, and subsequent visual counts of marked and
unmarked individuals by research divers. Using these counts, I show that it is possible to recover
estimates of the number of aggregating fish, and importantly, provide confidence intervals
associated with these counts. To do so, I develop an auto-regressive state space model of Nassau
Grouper populations on both islands and inform year-specific population estimates using tag resighting observations. Additionally, I extend this state-space formulation into an integrated
population model framework (Schaub and Abadi 2011) by combining both tag re-sighting
observations and counts from video pans conducted on both FSAs over the last decade.
Methods
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All research occurred at the Nassau Grouper spawning sites at the west end of Little
Cayman and at the east end of Cayman Brac, in the Cayman Islands during the winter spawning
periods from 2005 through 2018. Research activities took place on the island of Cayman Brac
less frequently than on Little Cayman (Table 2.1), as the conditions on Cayman Brac are variable
and typically unsafe for diving.
In order to tag Nassau Grouper at the FSA sites, researchers on scuba deployed FloyTM
FIM-96 Small Billfish tags using modified pole spears to mark fish at the aggregation site.
Individuals were tagged opportunistically on either side, but always towards the back of the fish
and immediately below the dorsal fin (Figure 2.1). In all years, we concentrated tagging efforts
over multiple days (usually 2-3) early in the spawning period. Typically the FSA is present for at
least 6 days after the full moon. We tagged a variable number of fish between 2008 and 2018
(Table 2.1), with the goal of tagging approximately 100 fish per year on Little Cayman and 30
fish per year on Cayman Brac. We chose these tagging targets in an effort to balance the negative
impacts of tagging with the need for consistent tag re-sightings. In later years of the study when
the populations were apparently larger, we increased our re-sightings survey effort (rather than
tagging effort) in order to maintain or increase accuracy in population size estimates (Table 2.1).
Following the completion of tagging, research divers conducted re-sighting surveys on
morning or afternoon dives following a set protocol (Semmens et al. 2011). While diving on the
aggregation site, research divers first locate the mass of fish, and then for each of several surveys
(typically 5-20 surveys per dive, see Table 2.1), would pseudo-randomly identify 50 consecutive
individuals (where they could clearly and fully see the region of tagging on each individual fish),
making note of whether each individual was tagged on the side closest to the surveyor. Because a
fish could be tagged on either the right of left side, and because both sides of the same fish are
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not always observable, observers effectively counted 50 “sides” of fishes, and recorded the
number of those sides that were tagged. Even if divers could see both sides of fish, they only
counted the first side they saw, since the two sides of a single fish are non-independent (fish
were only tagged once). Note that tags were not individually identifiable during these surveys,
since research divers could not get close enough to read tag numbers. Across surveys and
surveyors, effort was made to distribute the count effort evenly across the spatial extent
aggregation. Each year, divers spent between 2-6 days conducting tag surveys during morning
and afternoon dives (Table 2.1). Most surveyors completed more than one survey dive. For the
purposes of this analysis, I excluded re-sighting data from any surveyor who completed five or
fewer tag counts during the entire study period (2008 to 2018).
Research divers opportunistically collected video pans of the FSAs on both islands when
fish schooled into a band along the shelf edge of the aggregation sites (see Whaylen et al. 2004
for a description of this behavior). In order to collect the pan, the research diver started the video
at one end of the band and swam the length of the band while keeping the aggregating fish within
the frame. If time allowed, the research diver would repeat the exercise in reverse. When
research divers collected multiple video pans within a given spawning season, the research team
did preliminary counts of fish in the video to select the best video pan (i.e., the video pan that
apparently captured the most fish). Subsequently, I had multiple researchers and trained
volunteers count the number of fish captured by pan. In any given video pan, issues of fish
occlusion due to stacking, low light, and image resolution (particularly for video shot earlier in
the study) resulted in variable counts across observers. Thus, I made sure that I collected at least
ten counts from each video in order adequately capture this variability. The analytic framework
outlined below explicitly models this observation error.
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Basic State-Space Model
We modeled the true number of fish at the aggregation site each year, 𝑁𝑦 , in log space
using a state space model, with the following state process:
𝑙𝑜𝑔(𝑁𝑦+1 ) = 𝑙𝑜𝑔(𝑁𝑦 ) + 𝜇𝑦 ,

(2.1)

where 𝜇𝑦 represents the population growth rate in year y (in log space), and the number of fish at
the aggregation in the first year of the study, 𝑁𝑦=1, had a uniform distribution with bounds based
on the start year and the island the model was for as its prior. I treated yearly 𝜇𝑦 population
growth terms as random effects drawn from a normal distribution with a mean 𝜇̅ (the modelestimated overall population mean growth rate in log space), and standard deviation 𝜎𝑝𝑟𝑜𝑐
(process error). I use the following priors in the model: a uniform distribution with bounds -10
and 10 for the mean population growth rate (in log space); a uniform distribution with bounds 0
and 10 on the process error; and a uniform with bounds on the abundance of fish at the
aggregation site in year one of the model (the bounds depended on which model was run).
Informing 𝑁𝑦 estimates from Binomial Re-sight Data
Because research divers made every effort to avoid sampling the same fish within a count
of 50, sampling was effectively conducted without replacement. Typically, this type of data
would be modeled using the hypergeometric distribution, a special case of the binomial
distribution applicable when sampling is carried out without replacement. However, in cases
where the sample size, 𝑚𝑖 , or the number of fish sides counted in survey i, is small relative to the
total population size, 𝑁, the hypergeometric distribution can be approximated by the binomial
distribution. As a rule of thumb, when the sample marked is less than one-twentieth of the
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𝑚

population size, ( 𝑁𝑖 < 0.05) , the sample size is considered small (Devore 2012). For this study,
as researchers count sides of fish, rather than fish, and the number of sides of fish counted in
each survey, 50, is less than one-twentieth of the overall estimate of sides of fish in the
𝑚

population (the rule in terms of sides of fish 2𝑁𝑖 < 0.05, with parameters as defined earlier), I use
the binomial distribution to approximate the hypergeometric. I thus modeled the counts of sides
of tagged individuals for survey 𝑖 in year 𝑦, 𝑡𝑖,𝑦 , using a binomial observation model:
𝑡𝑖,𝑦 ~ 𝑏𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑝𝑦 , 𝑛𝑖 ) ,

(2.2)

where 𝑝𝑦 represents the proportion of sides of fish in the aggregating population that are tagged
in year 𝑦 and 𝑛𝑖 represents the number of fish sides counted in survey 𝑖. The proportion of
tagged sides of fish in the FSA is equal to:

𝑝𝑦 =

𝐾𝑦
,
⁄
(2 𝑁𝑦 )

(2.3)

where 𝐾𝑦 is the number of fish tagged at the aggregation site in year 𝑦 and 𝑁𝑦 represents the
model estimated population size from Equation 2.1.
Incorporating Surveyor Effect
Individual divers may have differing rates of tag detection. For instance, research divers
with more survey experience may detect tags with more accuracy than novices (i.e., they have
fewer false positive and fewer false negative detections). Additionally, tag detection by surveyor
may be a function of their ability to see tags. Regardless of the specific mechanism, I can
incorporate such surveyor random effects by altering the proportion of tagged sides of a fish in
logit space. Equation 2.2 becomes:
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𝑡𝑖,𝑦,𝑎 ~ 𝑏𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑝𝑦,𝑎 ∗ , 𝑛) ,

(2.4)

where 𝑝𝑦,𝑎 ∗ represents the proportion of tagged fish sides detectable for surveyor a in year y,
such that:
𝑝𝑦,𝑎 ∗ =

𝑒𝑥𝑝(𝑠𝑦,𝑎 )
(1+𝑒𝑥𝑝(𝑠𝑦,𝑎 ))

,

(2.5)

where 𝑠𝑦,𝑎 represents the modified proportion of tagged sides of a fish in logit space, such that:
𝑠𝑦,𝑎 = 𝑐𝑎 + 𝑙𝑜𝑔𝑖𝑡(𝑝𝑦 ) ,

(2.6)

where 𝑐𝑎 is a surveyor specific random deviate away from the mean proportion of tagged fish
sides across all surveyors (in logit space) for surveyor 𝑎, drawn from a normal distribution with
mean 0 and standard deviation 𝜎𝑝𝑒𝑟𝑐𝑒𝑝 (uniform prior with lower and upper bounds of 0 and 5,
respectively).
Incorporating Video Surveys
By separating the process and observation components of my model framework, I afford
the flexibility to inform the process model by more than one class of observations (e.g. an
integrated population model; Schaub & Abadi 2011). I leveraged this flexibility in order to
incorporate both mark re-sighting observations and counts from video pans into a single model.
To do so, I treated video pan counts as imprecise observations of a proportion of the true
population size. In other words, I admit that the video pans do not capture all the aggregating
fish, and as such estimate 𝜌, the proportion of the spawning population captured in the video
(shared across all years). Thus, the video pan observation process becomes:
𝑉𝑙,𝑡 ~𝑁𝑜𝑟𝑚(𝜌𝑁𝑡 , 𝜎𝑡 ),
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(2.7)

where, 𝑉𝑙,𝑡 is the count made by reviewer 𝑙 of video from year 𝑡; 𝑁𝑡 is the spawning population
in year 𝑡; and 𝜎𝑡 is the standard deviation in year 𝑡. I used a uniform distribution with bounds 0
and 1 on the prior of the proportion, 𝜌, and a uniform distribution with bounds 0 and 100 on the
prior for 𝜎𝑡 .
Model Fitting
We used the programming language R (R Core Team 2018) and the package ‘R2jags’ (Su
and Yajima 2012) to perform the Bayesian Monte Carlo Markov Chain sampling. For most of
the final model fitting, I used 100,000 model iterations with a burn-in of 400,000 iterations and
thinned the posterior by keeping every 12th iteration across 4 separate chains. This resulted in
2,000 posterior draws. For fitting the model with just the tag data from Cayman Brac, I had to
use the following to achieve convergence: 1 million model iterations with a burn in of 400,000
iterations and thinned the posterior by keeping every 120th iteration across 4 separate chains,
resulting in 32,000 posterior draws. For fitting the model with the tag and video data for Cayman
Brac, I used the following to achieve convergence: 2 million model iterations with a burn in of
800,000 iterations and thinned the posterior by keeping every 240th iteration across 8 separate
chains, resulting in 40,000 posterior draws.
To evaluate the need to include surveyor random effects on Little Cayman, I use the
information criterion metric DIC (Deviance Information Criterion). Due to the limited amount of
data from Cayman Brac for the tagging model, I did not attempt to fit a model with random
surveyor effects. I compared the relative performance of different model parameterizations
(parsimony) by calculating the difference between the DIC of each model and that of the model
with the lowest DIC (∆DIC). To evaluate convergence, I calculate the Gelman-Rubin statistic for
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every parameter, along with the number of parameters with Gelman-Rubin statistics greater than
1.01, 1.05, and 1.10.
The mark re-capture model formulation I describe above relies on the assumption that the
mean proportion of tagged fish in the population remains constant across surveys collected
throughout the spawning period. However, because I tagged fish early in the spawning period, it
is possible that these fish leave the FSA earlier than others. Additionally, the FSA site stretches
over half a kilometer or more, and on some dives the research divers had difficulty finding the
FSA. When research divers accessed only a small portion of the population, it is possible that the
accessible fish had a different tag proportion than the rest of the population. While I cannot
directly test the accuracy of the assumption of equal tag proportions across days, I can indirectly
assess the robustness of this assumption by fitting my model framework to subsets of the data
that omit certain dates. Prior tagging work has shown that leading up to the night of peak
spawning, Nassau Grouper will continue to transit around the island of Little Cayman, but that
all fish attend the FSA on peak spawning nights (night during which the greatest number of
spawning bursts (or rushes) occur; REEF unpublished data). As such, to evaluate the robustness
of the assumption of equal tag proportions across survey dates within years, I reran the basic
model and the model incorporating surveyor effect on the tag data only for Little Cayman using
1) all of the tagging data, 2) surveys from dives on which more than 10 surveys were completed,
and 3) surveys from the day prior to, on, and after peak spawning (i.e. surveys conducted around
peak spawning). Our assumption is that consistency in the state estimates of year-specific
population sizes resulting from the above 3 data scenarios will validate the assumption of a
constant mean proportion of tagged fish throughout the spawning period.
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The model for Little Cayman with just tagging data ran from 2008 to 2018 (years when I
conducted tagging studies). The Little Cayman model including video pan data ran from 2005 to
2018 (the range of years during which I captured video pans). The model for Cayman Brac runs
from 2008 to 2018 as both datasets cover this period.
Results
Observations of the Little Cayman FSA spanned 14 years (2005 – 2018; Table 2.1).
Video pans of the FSA were collected for all these years except 2007, 2011, and 2016, when
conditions and fish behavior precluded the capture of pans. I collected mark re-capture
observations from the Little Cayman FSA from 2008 onward. Cayman Brac observations span
11 years (2008-2018), although the observations across years were sparser than on Little Cayman
(2 years of mark re-capture data, 4 years of video pans). This sparseness reflects the difficulty in
conducting research diving activities on the eastern end of Cayman Brac.
Below, I first present findings from the mark re-capture model without the video pan data
included. Subsequently, I present results from the integrated population model that contains both
mark recapture data and video pan data. For all models, the Gelman-Rubin statistics and number
of parameters can be found in Table 2.3. None of the parameters have Gelman-Rubin statistics
larger than 1.05 (Table 2.3), suggesting each achieved convergence.
Mark Re-Capture Model Results – Little Cayman: Basic Model and Model with Surveyor Effect
The model with surveyor effect was ~140 DIC units lower than the basic model,
suggesting strong support for differences in tag detection ability among surveyors (Table 2.2 and
2.3). Regardless, both models show that the population of Nassau Grouper on Little Cayman has
increased since the start of the tagging program in 2008 (Table 2.2, Figure 2.2). The current
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estimate of the size of the Nassau Grouper population for Little Cayman Island is 5,223
individuals, 95% Bayesian credible interval (CI) of 4,413 and 6,310, an increase from the
estimated ~2,000 fish in 2003 following two years of exploitation.
Across the three data sub-sets I generated to verify if I needed to subset the tagging data,
posterior estimates of annual population size differed minimally (Figure 2.3), suggesting I can
use all the tag counts when fitting the model.
Incorporating Video Surveys – Little Cayman and Cayman Brac
By incorporating video, the model for Little Cayman extends back to 2005, from 2008
using only tagging data (Figure 2.2). For Little Cayman, the results show that the population
decreases from around 2,267 fish in 2006 (95% Bayesian CI of 1,910 and 2,636) to 1,256 in
2009 (95% Bayesian CI of 1,043 and 1,484), at which point it increased steadily through time to
reach 7,070 fish in 2018 (95% Bayesian CI 5,937 and 8,201). For Cayman Brac, the model
results show minor increases in population size between 2008 and 2017, and then a large
increase in the population size in 2018 to approximately 1,900 fish (95% Bayesian CI 1,346 and
2,820; Figure 2.4).
The posterior median estimate from the model using video counts and tagging data in
2018 is 7,070 fish which is outside the 95% Bayesian CI from the tagging model only data
(4,413 and 6,310). However, the credible intervals from the two models do overlap, as the 95%
Bayesian CI from the model using tagging and video counts is 5,937 and 8,201.
Discussion
Understanding the population response of aggregating species to management actions
requires accurate estimates of population status across time. While previous studies have used
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length frequency data to show population responses to conservation (e.g., Heppell et al. 2012),
few studies have showed responses in terms of population size. While it could be (and has been)
argued that this paucity of evidence for population growth following spawning site protections is
due to biological phenomena (i.e., Allee effects, discuss in Allee 1931; Sadovy de Mitcheson &
Erisman 2012), it is also possible that the lack of examples stems, at least in part, from
challenges associated with estimating population size. Here, I have demonstrated that state space
modeling approaches and integrated population models (mark re-capture and video pans
combined) can yield sufficiently accurate estimates of abundance across time to demonstrate
population recovery following protection of a spawning population.
Nassau Grouper populations have suffered dramatic declines over the last century due to
overfishing on FSAs (e.g., Sadovy 1999; Sala et al. 2001a; Aguilar-Perera 2006; Cheung et al.
2013). Nonetheless, the species remains important culturally, economically, and biologically.
The anthropogenic importance of Nassau Grouper stems from their role as a cultural symbol and
as an economic tool, as both a commodity from fishing and for recreational divers/snorkelers to
enjoy (Rudd and Tupper 2002, Hayes et al. 2015). Nassau Grouper may also play an important
environmental role: as a control on populations of mesopredators (Stallings 2008, Mumby et al.
2012) and as a potential predator of the invasive lionfish (Maljković et al. 2008, Mumby et al.
2011). Given the ecological and economic value of the species, many governments throughout
the Caribbean have made efforts to recover the species through management actions such as
fishing bans (Chiappone et al. 2000), seasonal closures (Heppell et al. 2012), or marine protected
areas (Beets and Friedlander 1999, The National Conservation Law, 2013 (Law 24 of 2013)
2016). Our findings from the Cayman Islands provide clear evidence that, at least in some cases,
Nassau Grouper populations can recover following concerted management action.
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Regardless of the modeling methods or data sources I used, the size of Nassau Grouper
FSAs on both Little Cayman and Cayman Brac appear to have increased dramatically over the
last decade. The increase in FSA size on Little Cayman is particularly apparent, where the FSA
has approximately tripled since 2009 (Figure 2.2). The Cayman Brac FSA has similarly
demonstrated an approximate tripling in abundance over this window of time (Figure 2.4),
although the increase in abundance appears to be driven by a large increase in the most recent
years analyzed. It is not clear whether this rapid increase is real, or a manifestation of sparse
observation coverage between 2008 and 2018. Nonetheless, both FSAs show a clear signal of
recovery following spawning site protections beginning in 2003.
The integrated population model applied to data from Little Cayman suggests that the
abundance of Nassau Grouper at the FSA may have declined somewhat between 2005 and 2008,
despite spawning site protections beginning in 2003. The cause of the apparent 5-year delay in
recovery following management action is unclear. However, the surprisingly high inter-annual
variability in estimates of FSA size on Little Cayman, particularly when considering the mark recapture only model results, may provide a clue as to the cause of this delay. Dramatic year-toyear increases in Little Cayman FSA abundance (e.g. 2016-2017) may be due to episodic
recruitment, given that (1) the species has pelagic larval duration of 37 to 45 days (Colin et al.
1997, Sadovy de Mitcheson and Eklund 1999), and (2) the proximal populations of Nassau
Grouper in the region have been fished to collapse (Cowen et al. 2006; Jackson et al. 2014;
Bernard et al. 2016). This notion of episodic recruitment is supported by the fact that researchers
and divers observed a large recruitment event of one year old fish around the back reefs of Little
Cayman in 2012 (Camp et al. 2013). Nassau Grouper reach sexual maturity between 4 to 8 years
of age (Sadovy de Mitcheson and Eklund 1999), and as such the sub-adult Nassau Grouper
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observed in 2012 should have recruited to the spawning aggregation between 2015 and 2018.
This timing coincides with the large increase the FSA in the latter 3 years of this study (Figure
2.2). Given evidence for such episodic recruitment, it seems plausible that the lack of FSA
growth in the early years of this study stems from a prior string of weak recruitment years.
While recruitment variability may explain the rapid year-to-year increases in FSA size,
evidence for rapid year-to-year decreases (particularly 2017-2018) shown in the mark re-capture
only model are more difficult to explain. Such declines could be due to increased fishing or
natural mortality. However, the research team saw no clear evidence of illegal fishing at the FSA
during spawning months, and there is little evidence to suggest that fishing pressure outside of
the spawning season has changed markedly from year to year. Alternatively, it may be that the
assumption that all reproductive aged individuals attend the FSA every year is flawed. Finally,
the variability in the mark re-capture model may be due to violations of assumptions inherent in
such methods (e.g. closed population between surveys, perfect mixing of the population, etc.;
Seber 1992). If the latter scenario is true, the results from the integrated population model that
incorporates both mark re-capture and video pan data may provide a more realistic estimate of
FSA size through time. In any case, the differences in the products of both modeling approaches
highlight the importance of broaching observational data sets with alternative modeling methods.
Population estimates derived from this tagging study show that the management actions
taken by the Cayman Island government have been successful in helping to rebuild Nassau
Grouper on Little Cayman Island. Based on the integrated population model results, the FSA size
is at or slightly below the original estimate of 7,000 to 8,000 fish from 2001 when the site was
discovered by fishermen (Whaylen et al. 2004). Interestingly, there is no evidence in the
population trajectory to suggest the growth in the FSA is slowing. While an effort to determine
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carrying capacity on Little Cayman is beyond the scope of this study, it appears as if the Nassau
Grouper population towards the beginning of this study was severely depressed relative to the
population size expected in the absence of harvest.
The population of Nassau Grouper on Cayman Brac is estimated at roughly one third of
that of Little Cayman, despite having similar area for Nassau Grouper habitat (CI-DoE data,
unpublished), indicating the population on Cayman Brac remains well below carrying capacity.
The human population on Cayman Brac is an order of magnitude larger than that of Little
Cayman. The islands are less than 20 kilometers apart, making it possible for them to receive
larval fish from the same spawning stock. While the Little Cayman population experienced big
increases in both 2017 and 2018 (Figure 2.2), the Cayman Brac population only shows an
increase in 2018. However, there is some evidence that the growth curves on Little Cayman and
Cayman Brac differ (CI-DOE unpublished data), so the increase could be from the same
recruitment class, just experiencing slightly different growth rates. Further research should be
done to determine if the growth rates and age at maturity are different between islands, as this
has implications for management. Understanding the genetic connectivity between the two
islands could also help understand if the islands are experiencing the same pulses of recruitment.
If they share recruitment classes, then information from one island on recruitment strength can
inform management on the other island. The Cayman Island government’s multifaceted
management approach should help the population recover with time, assuming high levels of
compliance.
While some studies speculate that Allee effects may lead to recruitment failure events
(Sadovy and Domeier 2005), my results indicate that if such an Allee threshold exists for Nassau
Grouper, it is below ~700 individuals (the lowest FSA size estimate on Cayman Brac). While
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this study does not include observations on Grand Cayman, the management actions taken by the
Cayman government do encompass all 3 islands. Researchers have made visual estimates of the
one remaining known Nassau Grouper FSA on the eastern end of Grand Cayman in both 2012
and 2018 (the latter survey was conducted by remotely operated vehicle). Both surveys yielded
estimates of 500 fish or less, suggesting the population has not responded in a manner similar to
that of Little Cayman of Cayman Brac. This apparent failure of the Grand Cayman FSA to
respond to management action may indicate an Allee effect is at play; however, illegal poaching
during the spawning season has been a perennial problem on the populous island, and I expect
that challenges in enforcement are likely the primary cause of the failure to recover.
The model framework presented here is highly flexible, in that it can be applied in a
variety of systems and multiple data types. For instance, this method can also be used if tags are
deployed using angler-based surveys and either divers or remote video (e.g., baited camera traps)
to conduct the tag surveys. This would allow similar data to be collected from locations or
depths that are inaccessible to divers. Furthermore, the integrated population model I have
developed allows for greater temporal coverage by merging multiple incomplete datasets.
Many methods exist for estimating Nassau Grouper population sizes, including visual
counts (Kadison et al. 2010), length distributions (Heppell et al. 2012), acoustics (Egerton et al.
2017), genetics (Sherman et al. 2017), or some combination of methods (Schärer-Umpierre et al.
2014, Bernard et al. 2016). Our study is the first to use mark re-capture methods estimate Nassau
Grouper population size and document an increase through time, although evidence of Nassau
Grouper FSA increases has been published elsewhere (Kadison et al. 2010, Schärer-Umpierre et
al. 2014, Bernard et al. 2016). By looking at management actions at the other locations where
populations are reported as increasing (or increased), spawning site closures emerge as a
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common tool for success. In the US Virgin Islands Grammanik bank, increases in number of
Nassau Grouper observed from 2005 to 2009 came following a closure to all bottom fishing from
February 1 to April 30 (Kadison et al. 2010, Schärer-Umpierre et al. 2014). Bajo de Sico off
western Puerto Rico is managed with closures of all demersal species from October to March
each year, although significant numbers of Nassau Grouper still aggregate outside that window
(Schärer-Umpierre et al. 2014). Similarly, other studies show recovery of aggregating species
following protections (e.g., Beets & Friedlander 1999; Nemeth 2005; Hamilton et al. 2011). In
other places, despite years of protections populations have failed to recover (Aguilar-Perera
2006, Eristhee et al. 2006, Gibson et al. 2007, Sherman et al. 2016). However, there is evidence
that for some of these places the failure to recover may be the result of a mismatch between
closures and spawning season, illegal harvest, and harvest of immature fish (Sherman et al.
2018).
The Cayman Island government has taken a multifaceted management approach by
enacting a closed season, year-round closures of the spawning aggregation sites, gear
restrictions, slot limits, and bag limits during the open season. Despite these aggressive
management actions, it is clear that population recovery takes considerably longer than time-tomaturity for the species. In Little Cayman, for instance, despite 15 years of protections, the
population has not recovered to the estimated size of the FSA when discovered in 2001.
Furthermore, despite having the same level of protections, the population on Cayman Brac
appears to have only started to increase after 15 years of protection. Other countries with
spawning aggregations of Nassau Grouper (and other species) should thus expect that
management actions aimed at recovering FSA stocks, while ultimately effective, may take
decades or longer to meet management targets.
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Figure 2.1. Photo of Nassau Grouper with FloyTM tag near the dorsal fin. Photo credit REEF.
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A

B

Figure 2.2. Population estimates of Nassau Grouper at the spawning aggregation on Little Cayman using the
tagging data from 2008-2018 (A) and using the tagging data and video counts for 2005 to 2018 (B). In both cases
the tagging model includes the surveyor effect. In both panels, the gray shaded area represents the 95% Bayesian
credible interval and the black dots connected by the line are the median posterior estimates. In the bottom panel,
boxplots display counts from video surveys (jittered slightly along the x-axis for ease of viewing). The red X
denotes the median video count divided by the median posterior estimate for the proportion of fish captured by the
video survey, and the blue diamonds are the median video count divided by the 2.5% and 97.5% quantile of the
posterior estimate for the proportion of fish captured by the video survey.
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Figure 2.3. Violin plot of posterior population estimates from the model with surveyor effect fit to the tagging data
only and the binomial distribution applied to three datasets: all data (black fill), dives with more than ten surveys
completed (dark gray fill), and data just from days where spawning occurred in the evening (light gray fill).
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B

Figure 2.4. Population estimates of Nassau Grouper at the spawning aggregation on Cayman Brac using the tagging
data from 2008 and 2018 (A) and using the tagging data and video counts for 2008 to 2018 (B). For both, the
tagging model is the basic model (i.e,, it does not include the surveyor effect). In both panels, the black dots show
the median posterior estimates and the shaded boxes show the 95% Bayesian credible interval in years with
observations (tag counts and / or video surveys). In the bottom panel, boxplots display counts from video surveys.
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Table 2.1. Number of fish tagged, the number of surveys conducted by research divers, the number of research
divers (surveyors) participating, the average number of surveys conducted per dive per surveyor, and the number of
video counts completed each year on Little Cayman and Cayman Brac.

Year

Number of
Fish
Tagged

2005
2006
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

36
58
57
67
103
100
42
107
93
102
118

2008
2013
2017
2018

15
36

Number
Number
Average Number of
Number of
Surveyors
Surveys
Surveys per Dive per
Video
Participating Completed Surveyor
Counts
Little Cayman
10
5
4
42
6
8
4
156
25
8
7
128
6
7
11
224
9
6
771
18
9
7
491
20
8
8
430
12
5
6
324
24
7
12
452
15
15
588
12
10
13
793
24
8
Cayman Brac
2
5
3
15
15
20
5
136
27
19
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Table 2.2. Median posterior estimate of abundance and values for the 95% Bayesian credible interval from the two
state-space models fit using only tagging data for Little Cayman: basic model and the model incorporating surveyor
effect. DIC and ∆DIC values are given below the model name.

2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

Basic Model
DIC = 9219.7 (∆DIC= 137.3)
1902 (1273, 3031)
1741 (1479, 2080)
1425 (1208, 1695)
1819 (1607, 2069)
3170 (2935, 3426)
3192 (2905, 3546)
3784 (3180, 4542)
4681 (4086, 5414)
3542 (3161, 3972)
7075 (6201, 8181)
4847 (4456, 5280)

Model Incorporating Surveyor Effect
DIC = 9082.4 (∆DIC=0)
1732 (1110, 2761)
1684 (1326, 2157)
1416 (1129, 1790)
1712 (1383, 2101)
3387 (2808, 4066)
3014 (2524, 3680)
2107 (2496, 4120)
4754 (3861, 6007)
4074 (3406, 5023)
6821 (5636, 8425)
5223 (4413, 6310)
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Table 2.3. Summary of model fit and convergence results for the various models fit for the island of Little Cayman
(LC) and Cayman Brac (CB) with: (∆DIC, number of parameters, and the number of parameters that have a
Gelman-Rubin statistic greater than 1.01, 1.05, and 1.10. For models that are comparable, the one with the lowest
DIC (∆DIC = 0, i.e., the best fitting model) is shown in bold.

Data
Tag
only LC
Tag
and
Video LC
Tag
only –
CB
Tag
and
Video CB

Model
Basic Model
Surveyor Effect

Number of Parameters with
Gelman-Rubin Statistics
Number of
∆ DIC
Parameters
>1.01
>1.05
>1.10
137.3
24
1
0
0
66
4
0

0
0

Surveyor Effect
and Constant
Video Proportion

0

84

6

0

0

Basic Model

0

24

2

0

0

Basic Model and
Constant Video
Proportion

0

29

18

3

0
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Chapter 3: Fertilization Rates, Morphometrics, and Survival Rates of Nassau Grouper
(Epinephelus striatus) and Tiger Grouper (Mycteroperca tigris) Eggs Collected from a
Multi-species Fish Spawning Aggregation

Abstract
The predictability of spawning aggregations in both time and space as well as the high
catchability of marine fishes at these aggregations facilitate heavy exploitation. Such exploitation
has resulted in widespread depletion of spawning stocks in aggregating species. The capacity of
impacted stocks to rebuild following management actions depends on the growth potential of the
population. Because targeted harvest at aggregations can disproportionately affect males,
particularly for protogynous species, sperm limitation may influence the ability of heavily
impacted populations to recover. Here, I provide estimates of egg fertilization rates of Nassau
Grouper (Epinephelus striatus, a gonochoristic species) and Tiger Grouper (Mycteroperca tigris,
a protogynous species) based on samples collected in situ at annual multi-species fish spawning
aggregation on the west end of Little Cayman, Cayman Islands. The populations of both species
at this location are largely un-impacted by fisheries in a contemporary context, and thus these
fertilization rates provide a baseline for future comparisons to other, more impacted, populations.
Using these same in situ egg samples from multiple females of both species, I also generated
morphometric measurements (egg diameter, oil globule diameter), estimated the survival beyond
hatch at ambient temperature (27˚C) and estimated larval survivorship at ambient temperature.
Morphology (egg diameter and oil globule diameter) differed significantly between species, and
across females within species. Similarly, the larval mortality rates differed significantly between
females within species. Finally, using eggs collected from different female Nassau Grouper, I
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evaluated the effects of warming water temperatures on survival through hatching and larval
survival in 25, 27, 29, and 31˚C water. I found that warmer water significantly increased early
mortality and decreased survivorship times, but that these effects varied by female. Taken
together, these findings suggest that variability in the characteristics and fitness of eggs across
spawning females may provide some degree of adaptive capacity in the face of climate change.

Keywords: Grouper, egg and larval studies, epinephelidae, Nassau Grouper, Tiger Grouper,
climate change
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Introduction
Many large-bodied tropical reef fishes form temporally and spatially consistent fish
spawning aggregations (FSAs) in order to reproduce (Domeier and Colin 1997, Sadovy and
Domeier 2005). Historically many such FSAs, such as those for Nassau Grouper (Epinephelus
striatus), contained many thousands of fish (Smith 1972). Fish often travel great distances
relative to their typical daily movements to reach spawning sites (e.g., Domeier & Colin 1997;
Bolden 2000). The predictability of this high concentration of otherwise widely dispersed fish
provides fishers easy access a valuable stock that may be otherwise inaccessible. As a result,
many fish species that aggregate to spawn have been highly depleted, and in some cases driven
to near extinction (Sadovy de Mitcheson and Erisman 2012). Once overfished, FSAs often fail to
recover, or do so slowly, suggesting depleted aggregations suffer from Allee effects (Allee
1931), whereby the per capita population growth rate declines coincident with declines in
population size. Sadovy de Mitcheson & Erisman (2012) outlined several hypotheses for the
mechanisms responsible for Allee effects, which can be broadly classed into either: (1)
behavioral effects that prevent or diminish spawning behaviors, and (2) production effects that
influence fecundity and fertilization rates. Here, I focus on potential production effects by
exploring variability in egg quality and fertilization rates, along with the effects of warming
waters on survival of eggs and larvae.
Variable per capita egg production in a spawning population is a function of the size
structure of the population, the size-fecundity relationship, the sex ratio of the population, female
and male condition, and the behavioral mechanisms associated with gamete release. In general,
older and larger fish produce more and likely fitter eggs than do younger individuals (Palumbi
2004). When FSAs are heavily fished, the size class distribution skews towards smaller
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individuals, especially in relatively slow growing and long-lived species (Beets and Friedlander
1992, Sadovy et al. 1994a). As a result, heavily fished FSAs likely produce disproportionately
fewer and poorer quality eggs than healthy FSAs. For broadcast spawning individuals, the
proximity and density of spawners can influence fertilization success, where the timing of
gamete release and the number of males contributing to a spawning event may influence the rate
of egg fertilization. In fact, the availability of males to fertilize the eggs of spawning females
may prove to be a key limiting factor to fertilization success (Koenig et al. 1996, Armsworth
2001, Grüss et al. 2014). Protogynous sequentially hermaphroditic species that begin life as
female often display skewed sex ratios, but become male in older/larger classes (e.g.,
Epinephelus guttatus, Shapiro et al. 1993; E. morio, Johnson et al. 1998; E. merra, Bhandari et
al. 2004; Paralabrax maculatofasciatus, Hastings 1989). In such instances, harvest at the FSA
may skew the sex ratio of aggregating fish towards females. Under intense harvest, heavily
skewed sex ratios can lead to sperm limitation (Koenig et al. 1996, Armsworth 2001, Grüss et al.
2014), that is, the availability of sperm may affect female reproductive success (Levitan and
Petersen 1995). Exploitation of gonochoristic species at spawning sites may also result in skewed
sex ratios because males of some species tend to spend longer at the aggregation site than do
females (e.g., Rhodes & Sadovy 2002; Nemeth et al. 2007), making them more susceptible to
aggregation-based fisheries. The resulting sperm limitation may decrease fertilization rates and
reduce larval cohort sizes, slowing or halting recovery of the population.
Nassau Grouper is a textbook example of a species that has suffered dramatic declines
due to FSA-based fisheries. Nassau Grouper historically aggregated throughout the Caribbean,
with FSAs comprised of 30,000 to 100,000 individuals in some cases (Smith 1972). In almost all
inhabited regions of the Caribbean, intense targeted fishing of Nassau Grouper FSAs resulted in
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local extirpation of the species (e.g., Sala et al. 2001; Whaylen et al. 2004; Aguilar-Perera 2006),
and stocks have been so depleted that the species is now listed as endangered by the IUCN
(Cornish and Eklund 2003) and threatened under the US Endangered Species Act (National
Oceanic and Atmospheric Administration and National Oceanic and Atmospheric
Administration (NOAA) 2016). In many regions, Nassau Grouper populations have not
recovered despite management actions aimed at reducing or eliminating fisheries pressure on the
species. While the mechanism preventing the recovery of depleted stocks is unclear, sperm
limitation may be contributing factor.
Tiger Grouper, Mycteroperca tigris, also form FSAs, although pair- or small groupspawning may better describe the mating behavior in the species. Most evidence suggests that
Tiger Grouper are protogynous hermaphrodites, with males being larger (Caballero-Arango et al.
2013). Males establish territories on the reef and spawning events include one female and up to
six males (Sadovy et al. 1994a, CDFW 2002, Starr et al. 2018). Spawning takes place near the
full moons from December to April in most of their range, and in the summer months in
Bermuda (Fine 1990, Sadovy et al. 1994b). Although fishers exploit Tiger Grouper FSAs in the
Caribbean (Matos-Caraballo et al. 2006), the species is listed as Least Concern by the IUCN
(Garcia-Moliner 2004). Nonetheless, Tiger Grouper FSAs historically targeted by fishers have
declined steeply in abundance (White et al. 2002, Matos-Caraballo et al. 2006), indicating the
species may be susceptible to impacts from FSA-based fisheries in some instances.
Besides fisheries impacts, both species are likely to suffer adverse impacts due to climate
change. Sea surface temperatures in the Caribbean region are projected to increase by an
additional 1˚C by 2058 (Angeles et al. 2007) and as much as 1.5-3.4 ˚C by the end of the 21st
century depending on the model and representative concentration pathway (RCP) scenario used (
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Liu et al. 2015). This future warming will result in temperatures outside of the known thermal
window for reproduction in both species. Nassau Grouper in the Cayman Islands and other parts
of the Caribbean, for instance, spawns during the coldest months of the year, when temperatures
are between 25˚C and 27˚C (Tucker, Jr. et al. 1993, Tucker et al. 1996, Sadovy and Eklund
1999). In Bermuda, where water temperatures are cooler, Nassau Grouper spawn in the summer
months when local water temperatures are at their warmest , also between 25˚C and 27˚C
(Sadovy and Eklund 1999). At nine locations ranging from 16 to 33 ˚N, Nassau Grouper spawn
in months when local water temperatures average 26˚C (Table 2 in Tucker, Jr. et al. 1993). Many
species have shifted poleward in response to warming ocean conditions (Perry et al. 2005,
Cheung et al. 2009, Pinsky et al. 2013). Species that form spawning aggregations have shown
similar poleward shifts, along with changes in spawning phenology (Ciannelli et al. 2007, Asch
2015). Studies using species distribution models found that spawning aggregations are limited by
a narrow thermal tolerance and may see drastic declines in habitat and reduced probability of
occurrence by 2081-2100 along with rapid poleward shifts by the spawners in order to survive
(Asch and Erisman 2018). There is also evidence that warming results in smaller body sizes
(Cheung et al. 2013b); this could have drastic effects on population growth rates as smaller fish
produce fewer eggs (Bobko and Berkeley 2004).
Here, I provide baseline fertilization rates for Nassau Grouper from one of the largest
known remaining spawning aggregation of the species. The FSA on the west end of Little
Cayman Island may be small by historical standards, but currently attracts 6,000-7,000
individuals and its size structure has recovered from intense exploitation (Chapter 2). In addition
to providing Nassau Grouper fertilization rates, I present what I believe to be the first data on
fertilization rates of Tiger Grouper, which engage in group-spawning behavior in close proximity
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to the Nassau Grouper FSA studied here. I examine egg morphometrics across different
spawning events, which I assume represent unique female parentages, to explore the variability
in egg morphology across females. I also examine the effects of different temperatures (25, 27,
29, and 31˚C) on egg and larval survival. My objectives are to provide reference points for
fertilization rates from reasonably healthy FSAs, explore the effects of warming temperatures on
survival, and explore if maternal variability may protect against the deleterious effects of
warming temperatures.
Study system
Nassau Grouper and Tiger Grouper aggregate to spawn at the shelf edge at the westernmost end of Little Cayman, Cayman Islands (Figure 3.1). Spur-and-groove reef formations begin
at approximately 20 m and create a gentle slope to the shelf break. At the shelf break, the peaks
of the reef lie between 25 to 35 m, while the gullies are between 35 to 40 m. A vertical wall
continues to a depth of approximately 100 m and then slopes to over 1,000 m. During spawning
periods, currents range from 0 to 3 knots with orientations ranging from westerly to
northwesterly to northerly. The characteristics of this site fit well with the general profile of mass
spawning sites of Epinephelids (Kobara and Heyman 2008, 2010, Nemeth 2009, Kobara et al.
2013).
Nassau Grouper aggregate to spawn in the Cayman Islands around the full moons
between December and April, with peak spawning in January or February, and possible smaller
spawning events in alternate months. Grouper typically arrive several days before the full moon
and spawn between three and nine days following the full moon. Heppell et al. (2008) suggested
that currents play a major role in the timing of spawning, with the night of peak spawning
occurring closer to the full moon when currents create an eddy-effect, maintaining larvae close to
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the FSA. Spawning occurs on Little Cayman and Grand Cayman (Tucker, Jr. et al. 1993) when
the temperature is between 25 and 27.5˚C (Figure 3.2). During the day, the spawning fish form a
band 5 to 10 m above the reef at or just off the shelf-edge that spans approximately 250 to 750 m
During spawning nights, the fish coalesce into a smaller band or form a cone above the reef
(Whaylen et al. 2004). A leading female in dark color phase and between 3 and 50 following
males (and possibly females) in bicolor phase compose the spawning events, all releasing sperm
and eggs simultaneously in a single burst, or as a continuous ascending release that lasts 2 to 10
seconds. During peak spawning, a cloud of gametes spans the length of the FSA and is typically
pushed off the shelf due to prevailing currents. For a more detailed description of Nassau
Grouper spawning dynamics at this site, see Whaylen et al. 2004.
Tiger Grouper spawn at approximately the same location and time as Nassau Grouper. At
the west-end spawning site on Little Cayman, nights of peak spawning for Tiger Grouper
typically happen a day or two following nights of peak spawning for Nassau Grouper. During the
day, individual males establish and defend small territories on the spur and groove formations
just inside the shelf edge. Females move freely among these territories in loose schools. Tiger
Grouper spawning occurs at dusk. During spawning, schools of between 10 to 50 females form
at the intersection of multiple male territories; males alternate between aggressively defending
the edges of their territories and courting individual females. Spawning occurs when a single
female rises from the school with a chosen male and releases a single burst of eggs. Other males
in proximity will typically rush to join the event, such that up to 6 males may release sperm
while the female releases eggs.
Methods
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During spawning periods from 2014-2017 we collected spawned eggs from Nassau and
Tiger Grouper at the west end Little Cayman FSA to determine baseline fertilization rates in
these two species (Table 3.1). We performed all collections alongside regular monitoring
activities (e.g., the tagging study and video pan collections described in Chapter 2).
Egg Collection
Divers on SCUBA collected eggs in two ways: plankton tows (population level) and bags
targeting individual spawning events (which I will refer to as spawning event samples). Working
in pairs to collect eggs, research teams observed individual spawning events, identified gamete
release, and swam to the gamete cloud for sampling. All egg collection occurred between the
hours of 18:00 and 18:45, while the groupers spawned.
To sample at the population level, we collected integrated tow samples using a 333 μm
mesh plankton net, with a 50 cm opening. For Nassau Grouper, divers waited until near the end
of spawning and swam through all or a majority of the spawn cloud. To sample Tiger Grouper
spawning events at the population level, divers targeted repeated group spawns throughout the
dive with the same net to collect one sample. The plankton net cod-ends were transferred to resealable plastic bags at the end of the dive before exiting the water.
When targeting individual spawning events, we collected eggs during the evening
spawning period from individual spawning events using re-sealable plastic bags. The divers
opened pre-numbered bags inside individually visible spawning bursts, towed up 6 to 12 inches
through the burst, flipped upside down and sealed the bags while towing them downwards, and
then placed the samples in a mesh bag. Sampling typically occurred between 15 and 20 seconds
after each spawning burst (range 4-44 seconds). It is unlikely that this short delay influenced
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fertilization success (Petersen et al. 1992), although I evaluated this assumption. Each pair of
divers had at least one video camera during the dive, and they attempted to record the entirety of
the spawning rush and spawning event bag collection. Consequently, in some of the cases I was
able to pair a bag collection with a video of the spawning event that produced those eggs to
determine how many individuals were involved in the rush. This paired data allowed me to
examine relationships between the number of individuals in a rush and fertilization rates.
Laboratory Methods
Our team transported all samples from the spawning site to a wet lab at the Central
Caribbean Marine Institute (CCMI) where we transferred them to plastic containers. We emptied
each sample into a 6 L, 38 x 20 x 22 cm (L x W x H) plastic container. We then added filtered
seawater to supplement the water contained in the sample bags and aerated the water in each tank
with an aquarium air stone to maintain oxygen levels. All seawater used in the laboratory
experiments was pumped from Grape Tree Bay Lagoon off Little Cayman, filtered through a
four-stage system with 25 µm, 5 µm, 1 µm and 0.35 µm filter cartridges, and finally passed
through a Pentaires Lifeguard ultraviolet light sterilizer. We added 30-100 mg of ampicillin to
each tank to prevent bacterial growth. The eggs then developed at ambient temperature overnight
(approximately 10 hours). Afterward, we carefully emptied the containers onto a 100 μm filter
and divided the eggs into two samples, one of which we preserved in 2 to 5% formalin for this
study and the other in 95% ethanol for future genetic analysis.
Fertilization Rate Analysis
We analyzed the entire contents of each individual spawning event bag after dividing
each into 1-6 subsamples of up to 300 eggs for imaging. We took two subsamples of 300 eggs
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from each plankton tow bag for imaging. Two independent reviewers analyzed each subsample
image and recorded the total number of eggs in each fertilization state (fertilized vs. unfertilized).
Due to the nature of the other experiments conducted in 2017 (see below), we assessed
fertilization rates by direct counts from the containers prior to fixing the samples (2017 only).
For some containers we kept a subsample of eggs for additional experiments.
We determined fertilization state based on the presence or absence of a fertilization
envelope, which was easily identified. We used a Zeiss Stemi 2000-C stereo microscope with an
attached Cannon Eos Rebel T-3 digital camera connected to a computer to capture images. In
cases where the fertilization state was ambiguous, the reviewer classified the egg as
‘unidentified.’ We did not require the number of eggs in each fertilization state to be consistent
between reviewers, as count variability between reviewers derived largely from the number of
eggs classified as unidentifiable. I had three reviewers assess the fertilization rate for all bags,
and, after evaluating for a reviewer effect (Bland and Altman 1986), used the average
fertilization rate. Using rates from the three reviewers, I calculated a single mean fertilization
rate and associated confidence interval for each species and collection method. Using the
individual spawning event bags, I applied linear regression to evaluate support for relationships
between (1) the fertilization rate and number of spawners involved; (2) the fertilization rate and
number of eggs collected; and (3) the fertilization rate and time between gamete release and
spawning event bag collection.
Morphometrics Analysis
All egg measurements came from images taken using the same microscope as the
fertilization rates. After taking photos, we measured images using ImageJ (Schneider et al. 2012,
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Rueden et al. 2017), utilizing a microscope stage calibration slide (0.01 mm stage micrometer) to
set the scale.
We measured all eggs from all spawning event samples from 2014. From 2015, 2016,
and 2017, we used only a subsample of the total eggs collected in each bag (30 or more eggs per
sample). For each individual egg, we measured the outer egg diameter and oil globule, making
two measurements, roughly 90 degrees apart from one another. In some preserved eggs, we
could not identify or measure the oil globules.
Two investigators measured a subset of the individual spawning event samples to verify
the absence of a reviewer effect. Additionally, we measured eggs from the plankton tow in 2014
to assess if the individual spawning event samples differed from the plankton tow.
Unfortunately, we were unable to measure eggs from 2015 due to issues with the preservation
technique resulting in egg shape distortion.
Survival Experiments
In 2017, we explored egg and larval survival from individual spawning events for both
Nassau and Tiger Grouper. We collected Nassau Grouper eggs from individual spawning events
over three nights, February 13 (one sample with more than 200 eggs), February 14 (four samples
with more than 200 eggs each), and February 15 (eight samples with more than 200 eggs each).
We collected Tiger Grouper eggs from one night, February 17 (six samples with more than 200
eggs each). After collection, we transferred the eggs to the CCMI wet laboratory within two
hours and placed them in 38 x 20 x 22 cm (L x W x H) plastic aquaria with 10 L ambient (27˚C)
filtered seawater with continuous aeration.
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After evaluating fertilization rates at 12 hours post fertilization (hpf), we transferred live
eggs to three smaller cylindrical replicate containers (20 and 31 eggs per container) with 250 ml
of filtered seawater. For the Nassau Grouper spawning event from February 13, we made six
replicate containers as more eggs were collected from this event. Every 12 hours thereafter we
checked the containers for mortalities until eight days post fertilization, at which time all larvae
were dead (Figure 3.5). At each check, we removed and enumerated all dead larvae. We
examined larvae under a dissecting microscope for heartbeats when mortality was uncertain. For
both Nassau and Tiger Grouper, I fit a logistic mixed effects regression model with the number
of larvae alive at six days post fertilization (dpf) as the response, and fixed effects of spawning
event, a proxy for female parentage, and random effects of replicate containers. I chose six days
post fertilization as the response time because, across all samples and replicates, this duration
approximated 50% mortality.
Temperature Effects on Survival Experiments
In 2017, we conducted temperature experiments at CCMI to assess the impacts of
different temperatures on Nassau Grouper egg and larval survival. After transport to the
laboratory, we placed eggs from plankton tows in a funnel shaped tank with aeration. The dead
eggs sank, and we drained them off the bottom of the funnel and replaced the water in the
container. We repeated this process multiple times over an hour to remove damaged eggs. We
divided the remaining eggs amongst the temperature treatments and placed them in the plastic
aquaria (described above) containing temperature treated filtered water with aeration. We
evaluated the effects on survival at 4 temperatures: 25, 27, 29, and 31˚C. I selected these
temperatures because they bracket the reported temperature range for spawning (25˚C and 27˚C)
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and allow me to investigate predicted extremes in the future, given ocean warming trends for the
Caribbean basin (29˚C and 31˚C).
For these experiments, we used eggs collected from a plankton tow on February 14, 2017
and a plankton tow on February 15, 2017, as these samples had sufficient (> 450) eggs to
complete the experiments. For each temperature treatment, I evaluated both survival through
hatching (which we assume is approximated by the number of larvae alive at 36 hpf) and larval
survival.
Survival through Hatching
At 12 hpf for each temperature, we carefully transferred 50 live eggs using a clean glass
pipet into six 17.3 x 12.1 x 5.6 cm replicate containers with 500 mL of filtered seawater. At 36
hpf we checked the replicates for a final mortality count (dead eggs and dead larvae). To
evaluate the effects of temperature on survival through hatching (36 hpf), I fit a logistic mixed
effects regression models and evaluated the random effects of replicate and plankton tow and the
fixed effects of temperature (as a factor).
Larval Survivorship
At 12 hpf, for each temperature, we carefully transferred between 20 and 30 live eggs
using a clean glass pipet into six replicate cylindrical containers with 250 mL of filtered
seawater. At 36 hpf, we checked each replicate for egg and larval mortality and then every 12
hours until total larval mortality (which occurred by 8 days post fertilization). Dead larvae were
removed at each check. Larvae were examined under a dissecting microscope for heartbeats
when mortality was uncertain.
Statistical Analyses
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I conducted statistical analyses using the programming language R (R Core Team 2018)
and the following R packages: ‘lme4’ for mixed effects logistic regression (Bates et al. 2015);
‘nlme’ for mixed effects linear regression (Pinheiro et al. 2018); ‘ggplot2’ for graphing
(Wickham 2016); ‘blandr’ to evaluate reviewer agreement using the Bland-Altman method
(Bland and Altman 1986, Datta 2017); and ‘ncdf4’ for times series of sea surface temperatures
(Pierce 2017).
Results
Fertilization Rates
The vast majority of Tiger Grouper and Nassau Grouper eggs we collected were fertilized
(Table 3.2). The mean fertilization rate for Nassau Grouper eggs from individual events was
94.9% (95% CI 93.7, 96.1). The mean fertilization rate for Tiger Grouper eggs from individuals
spawning events was 96.6% (95% CI 95.2, 97.9). The mean fertilization rates for both species
were much lower using eggs collected with plankton tows: 63.2% for Nassau Grouper (n=2,
range 36.2-90.2%) and 71.5% for Tiger Grouper (n=3, range 61.5-82.2%). Reviewer agreement
was high (Appendix Figures A.3.1, A.3.2, A.3.3) based on the Bland-Altman plots of agreement
(Bland and Altman 1986) and the mean differences were small (3.4% between reviewer 1 and 2,
2.6% between reviewer 2 and 3, and 0.8% between reviewer 1 and 3).
We captured 15 of 56 Nassau Grouper spawning events and 15 of 31 Tiger Grouper
spawning events on video. Nassau Grouper spawning events from egg samples with paired
videos contained 4-29 individuals (mean 15.08 ± 2.63). Tiger Grouper spawning events that we
collected eggs from and recorded on video contained 2-9 individuals (mean 4.27 ± 1.12). I
believe our collection method did not artificially increase fertilization rates, as I found no
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significant relationship between the fertilization rate and the time until the spawning event was
captured with the plastic bag for Nassau Grouper (p = 0.361) or Tiger Grouper (p = 0.831).
We measured the time until the spawning event was captured as the time between the start of
gamete release and when the bag captured the sample. I found no significant relationship
between the number of individuals participating in a spawning event and the fertilization rate for
Nassau Grouper (p = 0.061) or Tiger Grouper (p = 0.425). I found no significant relationship
between the number of eggs collected and the fertilization rate for Nassau Grouper (p = 0.66) or
Tiger Grouper (p = 0.14). I found no significant relationship between time to collection and
fertilization rate for Nassau Grouper (p = 0.36) or Tiger Grouper (p = 0.83).
Egg Morphometrics
There was no meaningful difference between egg diameters collected using the plankton
tow and individual spawning events in 2014 (95% confidence interval of differences in the
means -0.013 mm and -0.006 mm, which is between 0.6% and 1.5% of the overall egg
diameter), even though a test for equality in means showed that the difference in egg diameters
was statistically significant (Welch two sample T-test with unequal variances, t = -5.822, df =
1122.3, p-value = 7.583e-09).
Similar to the fertilization rates, I found a high level of agreement between reviewers
(Appendix Figures A.3.4) when measuring the same eggs based on the Bland-Altman plot of
agreement (Bland and Altman 1986) and the mean differences were small (0.011 mm) between
reviewer 1 and 2.
Comparing measurements of fertilized eggs from the spawning event collections, I found
that Nassau Grouper eggs were significantly larger (Welch two sample T-test with unequal
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variances, t = -100.78, df = 2517.9, p < 2.2e-16) than Tiger Grouper eggs (Figure 3.3). Nassau
Grouper eggs had a mean outer diameter of 0.95 mm (95% quantile 0.89, 1.01) with an oil
globule diameter of 0.24 mm (95% quantile 0.21, 0.28). Tiger Grouper eggs had a mean outer
diameter of 0.87 mm (95% quantile 0.84, 0.92) with an oil globule diameter of 0.21 mm (95%
quantile 0.19, 0.24). I found that egg size varied with year and by spawning event for Nassau
Grouper and Tiger Grouper (Figure 3.4, Table 3.3). Spawning event explained 49.5% and 38.0%
of the variance for Nassau Grouper and Tiger Grouper outer egg diameters, respectively, using
omega-squared (Levine and Hullet 2002). Similarly, I found that oil globule diameter varied with
year and by spawning event for Nassau Grouper and Tiger Grouper (Figure 3.4, Table 3.4).
Spawning event explained 18.7% and 14.6% of the variance for Nassau Grouper and Tiger
Grouper oil globule diameters, respectively, using omega-squared (Levine and Hullet 2002).
Survival
At ambient water temperature (27˚C), larvae from different spawning events had an
average 50% mortality at 6 dpf for both Nassau Grouper and Tiger Grouper (Figure 3.5). The
highest variability in mortality rates across spawning events occurred between 3.5 to 4.5 dpf for
Nassau Grouper and 5.5 to 6.5 dpf for Tiger Grouper. I fit a mixed effects logistic regression
model, with the random effect of replicate and the fixed effect of spawning event, to survival at 6
dpf for Nassau Grouper and Tiger Grouper (Table 3.5). For Tiger Grouper, spawning event was
not a significant fixed effect and so I present results from a mixed effects model with replicate as
a random effect and an intercept (Table 3.5).
Temperature Effects on Survival
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At warmer temperatures, egg hatching was completed at an earlier time: at 25˚C hatching
was complete by 26 hpf; at 27˚C hatching was complete by 24 hpf; at 29˚C all hatching was
complete by 24 hpf; and at 31˚C all hatching was complete by 21.5 hpf.
Survival through Hatching
We fit a mixed effects logistic regression model to the 36 hpf survival data (Table 3.6,
Figure 3.6). I present results from a model including the random effect of replicate and a fixed
effect of temperature (as a factor) (Table 3.6). Temperature had a significant effect; the odds of
surviving to 36 hpf in 27˚C water versus 25˚C water was 0.93; the odds of surviving to 36 hpf in
29˚C water versus 25˚C water was 0.32; and the odds of surviving to 36 hpf in 31˚C water versus
25˚C water was 0.02 (Figure 3.6).
Larval Survivorship
Similarly, of the larvae that were still alive 1.5 dpf, I saw large reductions in the
survivorship curves in the eight days post fertilization as the temperature increased (Figure 3.7).
At 25˚C and 27˚C, the 50% mortality occurred around 6 to 7 dpf. When the temperature was
29˚C the 50% mortality occurred between 5.5 and 6.5 dpf; and at the highest temperature, 31˚C,
the 50% mortality occurred between 1 and 5.5 dpf.
Discussion
My results are the first reported non-hatchery-based fertilization rates for Nassau Grouper
and Tiger Grouper. The high (95-97 %) fertilization rates indicate that, at least for the
populations on Little Cayman, fertilization rate is likely not mediating demographic rates.
Additionally, I presented the first description of Tiger Grouper egg and oil globule diameter. The
oil globule-to-egg diameter volume ratio (0.241) matches the range (mean 2%, all <9%)
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previously published for marine fishes with pelagic eggs (Baras et al. 2018). I found that Nassau
Grouper larval survival is greatly reduced at higher temperatures, which agrees with studies
using eggs from hormone-induced hatchery spawning (Watanabe et al. 1995). I also found that
survival variability increased with temperature, perhaps indicating that some larvae have the
potential to fare better than others as the oceans warm. Egg size and survival rates were also
variable between females at 25˚C and 27˚C, within the range of historically observed
temperatures. Spawning event explained 49.5% of the variability in outer egg diameter for
Nassau Grouper and 38% of the variability for Tiger Grouper. At ambient temperature (27˚C) I
found variability by spawning event (a proxy for female parent) for larval survival through 6 dpf
(Table 3.5, Figure 3.5, left). This finding suggests at least some degree of variability in the
fitness of female-specific offspring in the face of warming ocean temperatures; under the
assumption of heritability, this variability in fitness suggests at least some adaptive capacity to
respond to increasing temperatures.
Previous studies reported that Tiger Grouper spawning involves 1-2 males and one
female (Sadovy et al. 1994a), or groups of 3-6 males and one female (Starr et al. 2018). Of the
spawning events that we captured on video, I observed between one and eight males participate
in rushes, with a mean of 4.27 (median 3). When I looked at larval survival through 6 days post
fertilization for Tiger Grouper (Figure 3.5, right), I did not find a significant effect of spawning
event (a proxy for female parent). However, given the relatively low sample size (n = 6 spawning
events) and associated power, this finding should be interpreted with caution.
Many, if not most, Nassau Grouper FSAs throughout the Caribbean have disappeared. At
many of these depleted FSAs, populations have subsequently failed to recover (Sadovy 1999,
Sala et al. 2001, Aguilar-Perera 2006), even where protection measures exist (e.g., Semmens et
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al. 2007), and the mechanisms preventing recovery remain unclear. As the Little Cayman Nassau
Grouper population has been increasing since 2011 (Chapter 2), I believe that the fertilization
rates presented here represent a healthy Nassau Grouper FSA and can serve as a reference to
determine if low fertilization rates are preventing recovery in other, more heavily exploited
populations. The fertilization rates observed here agree with those of most unexploited reef fish
species (Marconato et al. 1995, 1997, Warner et al. 1995, Marconato and Shapiro 1996, Kiflawi
et al. 1998). Furthermore, the Nassau Grouper fertilization rates in this study are slightly higher
than those observed in hatchery induced spawning studies (85-86%, Tucker et al. 1991). While I
found no effect of timing of bag collection on fertilization rate, sperm motility should be
assessed in order to rule out increased fertilization rates from our collection method. For other
species of fish, the time until sperm immotility (i.e., time period starting from contact with
seawater until the time at which no single sperm is seen active) has been shown to be up to a
couple of minutes (Cosson et al. 2008).
Our results suggest that a high proportion of eggs collected using plankton tow nets are
damaged, resulting in lower observed fertilization rates (Table 3.6). Kiflawi et al. (1998) found a
net effect when compared with bag collections or stripping gametes directly from a fish in a lab
setting (5.6% to 8.9% increase in damaged eggs), although net effects in this study were much
higher: a ~30% and ~25% increase in dead eggs for Nassau Grouper and Tiger Grouper,
respectively (Table 3.2). Besides the physical impact of the net on eggs, reduced survival may
have resulted from post capture handling. Net tows had many thousands of eggs in a single tank,
versus tens to hundreds from bag collections. Despite efforts to oxygenate and disinfect the water
in these containers, the high density of eggs may have induced added stress or disease.
Regardless of the specific mechanism, the similarity of the reduced apparent fertilization rates
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between collection methods for both species, despite stark differences in reproductive strategy,
lends credence to the notion that the plankton tow sampling and handling methods were lethal to
some of the eggs.
The observed fertilization rates from individual spawning events were not related to the
number of participating spawners for either Nassau or Tiger Grouper. In the surgeonfish
Acanthurus nigrofuscus, Kiflawi et al. (1998) found a significant increase in fertilization rates
from pair to group spawning behavior, but no additional contribution from mass spawning. Their
findings suggest a threshold after which additional participating spawners do not increase
fertilization rates. Given the density of spawners at the Little Cayman Nassau Grouper FSA,
most, if not all, spawning events likely reach this threshold. However, depleted populations with
significantly lower-density FSAs may exhibit spawning events with fewer individuals and
consequently lower fertilization rates. Replicating this study at FSAs of heavily- and moderatelyfished Nassau Grouper populations throughout the Caribbean could identify this density
threshold and provide a target spawning density for managers to strive for in supporting stock
recovery.
For both species, spawning event explained some of the variability of outer egg diameter
and oil globule diameter, indicating that different females produce different size eggs. The egg
diameters and oil globules for Nassau Grouper were similar to those described from eggs raised
from hormone induced spawning previously (0.9mm egg diameter in Tucker et al. 1991; 0.860.97mm egg diameter and 0.20-0.26mm oil globule in Powell & Tucker 1992; 0.871-0.959mm
egg diameter in Head et al. 1996). If the ‘bigger is better’ mantra for egg survival is true
(Palumbi 2004), the variability in egg size could allow for greater capacity to withstand a variety
of conditions, and thus a higher survival rate. There is evidence that the ‘bigger is better’ mantra
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may not always hold, however (Leggett and Deblois 1994). A study on brown trout found that
larger eggs actually fared worse than smaller ones at high temperatures (Régnier et al. 2013).
While I have demonstrated both differences in egg morphology across females, and differences
in demographic rates as a function of water temperature, I have not demonstrated a relationship
between these variables. It may be that Nassau Grouper are similar to other species, with larger
females producing larger or better quality eggs (e.g., review in Hixon et al. 2014). If so, slot
limits that protect the largest females, such as those in place in the Cayman Islands, may yield
strong benefits in terms of population growth potential.
Sea surface temperatures in the Cayman Islands during times of spawning have recently
been between 25 and 27.5˚C (Figure 3.2). If the temperature rises to 29˚C these results suggest
that the odds of surviving through 36 hpf would fall by 0.37 compared to at 25˚C, with further
reductions at 31˚C (Figure 3.6, Table 3.6). It is worth noting that the proportion alive 36 hpf in
these experiments underestimates total mortality, as we measured what proportion of those eggs
alive twelve hours after fertilization were still alive 36 hpf. As such, eggs that died in the first 12
hpf were removed. If I had included these eggs, I suspect we would see similar trends, in that
warmer temperatures cause increased mortality by 36 hpf.
Further reductions in the time to complete larval mortality arise with warmer
temperatures (Figure 3.7). Similar declines in survival occur in waters of 26, 28, and 30˚C using
Nassau Grouper eggs from hormone-induced spawning in a hatchery (Watanabe et al. 1995).
Development occurs faster at warmer temperatures (as seen in the hatching time occurring earlier
for warmer temperatures), which could lead to a change in the larval duration, a stage which may
also be impacted by warmer temperatures (O’Connor et al. 2007).
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This study looks at only one aspect of climate change, temperature. The effect elevated
levels of CO2 will have on fish larvae and eggs remains unclear. Some studies have found no
effect (Munday et al. 2011, Franke and Clemmesen 2011, Hurst et al. 2013, Frommel et al.
2013), while other studies have documented negative effects such as reduced survival and
growth rates (Baumann et al. 2012, Frommel et al. 2012, 2014, Murray et al. 2014) and increased
otolith sizes (Bignami et al. 2013). Transgenerational plasticity may enable offspring to develop
traits better able to deal with the changing environment (Murray et al. 2014).
Groupers are an important top predator on Caribbean coral reefs, and the effective
management of their FSAs will likely yield improved fisheries and ecosystems (Mumby et al.
2006, 2011, Stallings 2008). Nassau Grouper populations have suffered over the past 50 years
due to constant overfishing and serial depletion. As a result, researchers have postulated that
Allee effects on heavily exploited aggregations have been a major constraint to recovery. Here I
demonstrate that in a large, formerly exploited population, fertilization success does not appear
to be a limiting factor to recovery. I show significant variability among egg size between
females. Future studies should focus on pairing egg morphometrics with female size (or age) to
further evaluate the hypothesis that larger, older females produce better quality eggs. Future
work should also evaluate long term survival of larvae when adequate food is provided.
Disentangling the effects of faster development at higher temperatures from survival rates under
starvation conditions would be particularly valuable. I found that waters of 29˚C and 31˚C had
large impacts on egg and larval survival in the first four to eight days post fertilization. The
variability in egg quality described in this study suggests that some females produce eggs better
equipped than others to deal with the warming waters in years to come.
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Figure 3.1. Bathymetric map of the western end of Little Cayman Island, showing the location of the
Nassau Grouper spawning location (circle) and the Tiger Grouper spawning location (triangle). Data provided by
CI-DOE.
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Figure 3.2. Sea surface temperature (SST) from September 2010 to September 2017 for the Nassau Grouper
spawning location on the west end of Little Cayman in the Cayman Islands (Chao et al. 2009, JPL OurOcean Project
2010). The dashed (blue) lines indicate the night of peak spawning that year.
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Figure 3.3. Density plot of egg diameter (mm) and oil globule size (mm) for Nassau (dark grey) and Tiger Grouper
(light grey), top and bottom panel, respectively.
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Figure 3.4. Boxplots of egg diameter (mm) and oil globule diameter (mm) for Nassau (left plots) and Tiger Grouper
(right plots) by spawning event and year. Boxplots show the median (horizontal line), 1 st and 3rd quartile (edges of
the box) and the line above the box extends to the median plus 1.5 times the inter-quartile range (IQR) or the
maximum value (whichever is smaller) while the lower line extends to median minus 1.5 times the IQR or the
minimum value (whichever is larger). Dots display values that are outside the median plus or minus 1.5 times the
IQR.
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Figure 3.5. Proportion of larvae alive at base temperatures (27˚C), from eggs collected from individual spawning
events for Nassau Grouper (left) and Tiger Grouper (right). Time is given in days post fertilization (dpf) and all
events were scaled to the number of larvae alive at 1.5 days post fertilization. Unique spawning events (assumed
proxy for unique female parent) are shown in different shades of grey. The dashed horizontal line shows 50%
mortality (i.e., proportion alive=0.5).

89

Figure 3.6. Boxplots of proportion of Nassau Grouper larvae alive 36 hours post fertilization from eggs that were
alive 12 hours post fertilization taken from the two plankton tows (NG2 and NG3, from February 14 and February
15, 2017, respectively) exposed to four temperature treatments. The plankton tows are shown in different shades of
gray. Boxplots show the median (horizontal line), 1st and 3rd quartile (edges of the box) and the line above the box
extends to the median plus 1.5 times the inter-quartile range (IQR) or the maximum value (whichever is smaller)
while the lower line extends to median minus 1.5 times the IQR or the minimum value (whichever is larger). Dots
display values that are outside the median plus or minus 1.5 times the IQR.
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Figure 3.7. Proportion of alive Nassau Grouper larvae on days post fertilization (dpf) at four different temperatures.
Samples are from two plankton tows, NG2 and NG3 taken on February 14 and February 15, 2017, respectively.
Plots are scaled to the number of eggs alive 36 hours post fertilization.
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Table 3.1. Collection information for samples of Nassau Grouper and Tiger Grouper eggs from 2014, 2015, 2016,
2017 used in this study, including: species, date, number of bags collected, and number of integrated tows collected.
A dash (-) indicates no samples of this type were collected.

Species

Year

Date

Nassau

2014

February 17
February 18
February 7
February 8
February 9
February 25
February 26
February 13
February 14
February 15
February 19
February 20
February 10
February 11
February 12
February 27
February 28
February 16
February 17

2015

2016
2017

Tiger

2014
2015

2016
2017
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Number of
Bags
21
13
3
5
2
3
5
1
9
9
4
2
5
2
1
5
12
6

Number of
Tows
1
1
1
1
1
1
-

Table 3.2. Summary data on number of eggs and fertilization rates, for eggs collected from 2014 to 2017 from
Nassau and Tiger Grouper. Eggs collected using plankton tows to target multiple events or plastic bags when
targeting individual spawning events.

Plankton Tow Data
Species

No. Tows

No. Eggs in Sample Fertilization Rate (%)
Mean Min

Max

Mean

Min

Max

Nassau

2

438

435

440

63.2

36.2

90.2

Tiger

3

563

510

599

71.5

61.5

82.2

Bag Collection (Spawning Event) Data
Species No. Events No. Eggs in Sample Fertilization Rate (%)
Mean Min

Max

Mean

Min

Max

Nassau

56

293

33 3637

94.9

82.2

100.0

Tiger

31

611

31 5544

96.6

82.7

100.0

93

Table 3.3. Results summary of the ANOVA analyses for Nassau Grouper (top) and Tiger Grouper (bottom) of outer
egg diameter (mm) with year and spawning events as covariates using ‘aov’ in the R. An asterisk * indicates the pvalue is significant at a 0.05 significance level.

Year
Spawning Event
Residuals

Nassau Grouper
Sum of Mean Sq.
Squares
2
0.292
0.146
43
1.107
0.257
2670
0.809
0.000

Year
Spawning Event
Residuals

Tiger Grouper
Sum of
Mean Sq.
Squares
0.065
0.032
0.151
0.008
0.172
0.000

Df

Df
2
18
968

94

F value

p-value

481.45
84.93

<2e-16 *
<2e-16 *

F value

p-value

182.11
47.06

<2e-16 *
<2e-16 *

Table 3.4. Results summary of the ANOVA analyses for Nassau Grouper (top) and Tiger Grouper (bottom) of oil
globule diameter (mm) with year and spawning events as covariates using ‘aov’ in the R. An asterisk * indicates the
p-value is significant at a 0.05 significance level.

Year
Spawning Event
Residuals

Nassau Grouper
Sum of Mean Sq.
Squares
2
0.075
0.038
43
0.188
0.004
2670
0.685
0.000

Year
Spawning Event
Residuals

Tiger Grouper
Sum of
Mean Sq.
Squares
0.034
0.017
0.032
0.002
0.134
0.000

Df

Df
2
18
968

95

F value

p-value

146.38
17.05

<2e-16 *
<2e-16 *

F value

p-value

122.98
12.72

<2e-16 *
<2e-16 *

Table 3.5. Results summary of the mixed-effects logistic regression analysis of the survival of Nassau Grouper at
six days post fertilization. The model includes replicate as a random effect and spawning event (as a proxy for
female parent) as a fixed effect. The spawning events are listed as the date they were collected and bag number. An
asterisk * indicates the p-value is significant at a 0.05 significance level.

Predictor
Random Effect
Replicate
(Intercept)

Fixed Effects
(Intercept)
Feb 14-1
Feb 14-2
Feb 14-3
Feb 14-4
Feb 15-1
Feb 15-2
Feb 15-3
Feb 15-4
Feb 15-5
Feb 15-6
Feb 15-7
Feb 15-8

Variance
0.2395

Std. Dev.
0.4893

Estimate
3.615
17.044
-0.252
-1.344
0.880
-3.479
-1.182
-2.701
-1.490
-1.031
-0.904
-1.470
17.039

Std.
Error
0.552
512.000
0.856
0.725
0.181
0.665
0.735
0.668
0.713
0.751
0.773
0.717
362.039

Odds Ratio
zMean 95% Confidence
value p-value
Interval
6.553 *5.65e-11 37.15
12.60, 109.53
0.033
0.97 2.52e7
0, ∞
-.294
0.77
0.78
0.15, 4.17
-1.854
0.06
0.26
0.06, 1.08
0.745
0.46
2.41
0.24, 24.38
-5.234 *1.66e-07
0.03
0.01, 0.11
-1.608
0.11
0.31
0.07, 1.30
-4.044 *5.25e-.05
0.07
0.02, 0.25
-2.090
*0.04
0.23
0.06, 0.91
-1.373
0.17
0.36
0.08, 1.55
-1.168
0.24
0.41
0.09, 1.84
-2.049
*0.04
0.23
0.06, 0.93
0.047
0.96 2.5e7
1.6e-301, ∞

96

Table 3.6. Results summary of the mixed-effects logistic regression analysis of the survival through hatching of
Nassau Grouper (alive at 36 hours post fertilization) from the unique plankton tows of eggs in 2017 at different
temperatures. The model includes replicate as a random effect and temperature (as a factor) as a fixed effect. An
asterisk * indicates the p-value is significant at a 0.05 significance level.

Predictor
Random Effect
Replicate
(Intercept)

Variance
0.2193

Std. Dev.
0.4683
Odds Ratio

Fixed Effects
(Intercept)
Temp 27˚C
Temp 29 ˚C
Temp 31 ˚C

Std.
Estimate Error
z-value p-value
2.8361 0.1713 16.559
<2e-16*
-0.0754 0.2378
-0.317
0.0317*
-1.1536 0.2160
-5.341 9.24e-08*
-3.8784

0.2122

-18.280

97

<2e-16*

Mean

95%
Confidence
Interval

0.927
0.316

0.582, 1.478
0.207, 0.482

0.021

0.014, 0.031

Appendix

Figure A.3.1 Bland-Altman plot for agreement in fertilization rates between reviewer 1 and 2. On the y-axis is the
difference between the percent fertilization rates from reviewer 1 and reviewer 2. On the x-axis is the average of the
two fertilization rates. The dotted line shows the mean of the differences and the heavy dashed line shows 1.96
multiplied by the standard deviation of the differences above and below the mean.
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Figure A.3.2 Bland-Altman plot for agreement in fertilization rates between reviewer 2 and 3. On the y-axis is the
difference between the percent fertilization rates from reviewer 2 and reviewer 3. On the x-axis is the average of the
two fertilization rates. The dotted line shows the mean of the differences and the heavy dashed line shows 1.96
multiplied by the standard deviation of the differences above and below the mean.
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Figure A.3.3 Bland-Altman plot for agreement in fertilization rates between reviewer 1 and 3. On the y-axis is the
difference between the percent fertilization rates from reviewer 1 and reviewer 3. On the x-axis is the average of the
two fertilization rates. The dotted line shows the mean of the differences and the heavy dashed line shows 1.96
multiplied by the standard deviation of the differences above and below the mean.
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Figure A.3.3 Bland-Altman plot for agreement in measurements of egg diameters between 2 reviewers. On the yaxis is the difference between in egg diameter (mm) from reviewer 1 and reviewer 3. On the x-axis is the average of
the egg diameters (mm). The dotted line shows the mean of the differences and the heavy dashed line shows 1.96
multiplied by the standard deviation of the differences above and below the mean .
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