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The spatial distribution of a species is shaped by the interactions of biotic and abiotic pro-
cesses, which may cause unique patterns at any one spatial scale. This makes sampling at multiple
spatial scales and across many habitat types essential to accurately determine and characterize the
drivers of species abundance and distribution, though this has historically been difficult. In this
dissertation, I examined the fine-scale spatial ecology of juvenile Atlantic menhaden (Brevoortia
tyrannus) in a representative tidal estuarine tributary. Data were collected in the Patuxent River
and its connected creeks using Adaptive Resolution Imaging Sonar (ARIS) cameras. The data
were analyzed for trends in menhaden distribution at multiple spatial scales, and at aggregative
extents from individual menhaden to clusters of menhaden schools. In Chapter 2, I used a gen-
eralized additive model (GAM) to characterize the density of individual menhaden across the
lower Patuxent River. The highest density of menhaden was found within shallow-water tidal
creeks, rather than in the Patuxent River channel. Water depth was a significant predictor of men-

haden density. In Chapter 3, I developed techniques to identify the discrete schools into which



individual menhaden were aggregated. Schools typically consisted of fewer than 100 individu-
als. GAMs were used to characterize the density of menhaden within schools and the distance
of schools from their nearest neighbors. Water depth, habitat, sampling month, and tidal stage
were all significant predictors of menhaden school characteristics. In Chapter 4, I used spa-
tial point pattern analysis to examine the spatial pattern of menhaden schools. Few identifiable
trends were found. However, the results indicated that the relative impact of environmental and
behavioral mechanisms on menhaden school distribution likely varies with spatial scale; environ-
mental mechanisms have a greater impact at larger spatial scales, while behavioral mechanisms
are more impactful at smaller spatial scales. Chapter 5 used the results of all empirical data
analysis to inform the construction of two dynamic, spatially explicit individual-based models
(IBMs) of menhaden movement. One IBM represented menhaden movement as only dependent
on environmental stimuli, and the other represented menhaden movement as only dependent on
the movements of conspecifics. Neither model was sufficient on its own to replicate the patterns
of menhaden distribution observed in the empirical data. The spatial patterns that occur at any
one space-time are likely the emergent result of the interactions between the two types of forces
and individual variation in the perception of and response to local stimuli. The results are an im-
portant first step towards quantifying and resolving the relative impact of schooling behavior and
environmental conditions on menhaden distribution. The research in this dissertation represents a
small piece of estuarine forage fish spatial ecology. However, our understanding of any species’
distribution in space and time is at its most comprehensive when it is seen as the emergent prop-
erty of all its smaller components. The novel combination of fine-scale empirical data, statistical
modeling, and individual-based models contribute to our understanding of the spatial ecology of

forage fish in estuarine environments.
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Chapter 1: Introduction

The distribution of a species is described by the density and pattern of individuals through
space. Individuals are not naturally distributed at random or in a uniform fashion, but rather in
identifiable spatial patterns such as patches and gradients (Legendre and Fortin, 1989; MacArthur,
1972). The formation of these patterns implies the existence of an influential underlying process
or processes that should be both measurable and relatively predictable (MacArthur, 1972). These
are the first principles on which spatial ecology is built, and the tenets on which spatial ecologists
seek to understand the formation and maintenance of a species’ spatial distribution.

Accurately determining a species’ spatial distribution and inferring the identities of the
underlying processes is a challenging task. Distribution patterns can be highly complex, as they
are influenced by an array of biotic and abiotic processes (Wisz et al., 2013). The interactions of
these processes may be nonlinear, non-additive, and have emergent properties that can only be
identified at higher organizational levels (Ciannelli et al., 2008; Newman et al., 2019). Reaching
a full and integrated understanding of spatial distribution depends on proper identification and
knowledge of the drivers of pattern and density at all the scales on which they operate, as the
patterns at any scale can have unique causes (Levin, 1992). This challenging task is broadly
understood in ecology and is commonly referred to as the problem of pattern and scale (Chave,

2013; Dray et al., 2012; Fortin et al., 2002; Levin, 1992; Rahbek, 2005; Turner et al., 1989a;



Wiens, 1989).

There is no single natural scale at which all ecological processes occur, so spatial ecologists
must choose the appropriate scale or scales to measure each pattern and process of interest. As
the scale of a study shifts, the relevant controls on spatial patterns and processes change (Dray
et al., 2012). Spatial scale is determined by its two components: extent, which is the scope of the
study area, and grain, which is the minimum resolution (Turner et al., 1989b). Studies conducted
at inappropriately small extents may fail to recognize patterns or influential driving processes
operating out of sampling range. If an extent is too large for a study, it can lead to inefficiencies in
sampling and processing time. Small grain size (e.g., one individual in a population) can also lead
to sampling inefficiencies, or produce unrepresentative and unpredictable data. Inappropriately
large grain size can incorporate aggregation error and mask spatial patterns and processes. The
natural world is both fine-grained and of a large extent. Ecologists must therefore appropriately

balance grain and extent when selecting all necessary scales to address their objectives.

1.1 Fisheries spatial ecology

Though ecologists have understood for decades that organisms have heterogeneous dis-
tributions through a range of spatial scales, sampling and modeling programs still often fail to
consider multi-scale species-environment interactions. This is especially true in fisheries ecology
(Ciannelli et al., 2008; Mason and Brandt, 1999). To this point, the biggest advances in fisheries
science have been in determining the causes of fluctuations in abundance and modeling these
population dynamics at a species level (Beverton and Holt, 1957; Cushing, 1990; Hjort, 1914;

Ricker, 1975). In this approach, demographic and environmental variables are averaged over



large extents and at relatively large grain sizes to test their correlation. There is often a failure to
consider how population demographics and environmental variables may vary with scale, lead-
ing to a potential misrepresentation of the processes and relationships that regulate fish survival,
abundance, and distribution (Ciannelli et al., 2008). Incorporating a multitude of spatial scales in
studies of fish distribution would not only be interesting for its own sake but also would elucidate
some of these underlying processes and aid in understanding how species abundance changes
over time and under variable environmental conditions.

The complexity of organism spatial distribution is partially driven by the heterogeneity and
variability of the environment. Estuaries, as the confluence of fresh and marine waters, are some
of the most spatially diverse and dynamic ecosystems on the planet (Vinagre et al., 2017). The
sheer complexity and unpredictability of estuaries necessitates increased sampling effort needed
to fully describe environmental conditions and organism populations (Caeiro et al., 2003; Elliott
and McLusky, 2002; Samedy et al., 2015). Local and landscape-scale processes in estuaries
are known to contribute to the creation of striking spatial patterns such as banded mussel beds,
diatom-generated elevated mudflats, and fractal-like creeks which drive vegetation distribution
(van de Koppel et al., 2012). The spatial heterogeneity inherent to estuaries also contributes
to their high productivity; estuaries are highly biodiverse, and many organisms are estuarine-
dependent for at least a portion of their life histories. The Chesapeake Bay, as the largest estuary
in the United States and one of the largest estuaries in the world, is a prime representation of the

spatial complexity, biodiversity, and productivity of most estuaries.



1.2 The importance of forage fish

From a human perspective, some of the most important organisms in estuaries and coastal
marine ecosystems are forage fish. Forage fish is a collective term applied to a group of relatively
small and highly abundant fish species which occupy intermediate trophic levels and therefore
facilitate energy transfer from lower to higher trophic level species (Bakun et al., 2010). Al-
though juvenile stages of many fish species could theoretically fit these requirements and thus
be categorized as forage fish, this dissertation will use the term to refer to planktivorous, pelagic
fish species which remain critical prey resources throughout their entire life histories (Rountos,
2016).

Depletion of forage fish and other similar-trophic level prey items has a significant negative
impact on upper-trophic level predators, indicating some incidence of bottom-up control (Cury
etal., 2011; Smith et al., 2011). As such, forage fish are integral to the diets of marine mammals,
fish-eating seabirds, and several life stages of piscivorous gamefish (Hartman and Brandt, 1995;
Luo and Brandt, 1993; Pikitch et al., 2012, 2014; Walter III and Austin, 2001; Weise and Harvey,
2008; Wood and Houde, 2003). Forage fish are relatively short-lived, have high fecundity, and
respond rapidly to environmental factors, leading to large fluctuations in inter-annual abundance
(Pikitch et al., 2012). This variability can have wide-reaching effects on the growth, reproductive
rate, distribution, and abundance of their predators (Gislason, 2003).

In addition to their ecological value, forage fish also have high economic value to coastal
regions. In 2006, global forage fish landings were worth approximately $5.6 billion and sup-
ported other fisheries worth an additional $11.3 billion (Pikitch et al., 2012). Several taxa are

of particular importance; clupeids (herrings, sardines, and menhadens) are known for their high



productivity and valuable reduction, bait, and seafood fisheries. In many estuaries of the East
Coast of the United States, including the Chesapeake Bay, clupeoid forage fish such as anchovies
(Anchoa spp.) and menhaden (Brevoortia spp.) often comprise the majority of fish biomass (Gal-
lagher et al., 2018; Jung and Houde, 2003; Taylor and Rand, 2003; Wood and Houde, 2003).
Atlantic and Gulf menhaden (Brevoortia tyrannus and Brevoortia patronus, respectively) support
two of the most valuable and largest fisheries by volume in North America. In 2019, total US
menhaden landings approached 685,000 metric tons worth over $156 million (National Marine
Fisheries Service, 2021). Atlantic menhaden are both common to estuarine ecosystems of the
eastern United States and highly valuable in an economic and ecological sense; this dissertation

focuses on their spatial ecology.

1.3 Atlantic menhaden

Out of the many species of forage fish and seven extant species of menhaden, Atlantic men-
haden has sometimes been titled the “most important fish in the sea” (Franklin, 2007). While this
may be a North Atlantic-biased viewpoint, Atlantic menhaden has indeed supported North Amer-
ican communities as crop fertilizer since pre-colonial times (Franklin, 2007). Native Americans
and early colonists mainly harvested menhaden at small scales for direct consumption, fertil-
izer, or agricultural feed (Clark, 2020). As the whaling industry began to fail in the 1840s with
declining whale populations, fisher-farmers of New England noted the potential for menhaden
oil to replace highly-valued whale oil (Clark, 2020; Goode, 1880). Whereas whaling required a
significant input of resources to hunt increasingly few, large creatures in the open ocean, men-

haden were both plentiful and much closer to shore. After the destruction of many boats special-



ized for long whale-chasing voyages during the American Civil War, commercialization of the
much-more accessible menhaden fishery began in earnest (Clark, 2020; York, 2017). Even in the
early stages of industrialization, there was widespread recognition by fishers that menhaden con-
tributed to coastal ecosystems as prey items for larger, commercially-valuable piscivorous fish
(Bolster, 2012; Clark, 2020). This often led to conflict between menhaden purse-seine fishers
and hook-and-line fishers from other fisheries (Clark, 2020; Frye, 1978). Though the fishery has
gone through many changes in the last 180 years, including major expansion and contraction,
Atlantic menhaden is still harvested for bait, reduction to oils, and rendering to agricultural or
aquaculture feed today.

The life history of Atlantic menhaden contributed to the development into a major fishery
and also contributes to their ecological value. Menhaden is estuarine-dependent and frequently
found in near-shore coastal areas. Spawning hotspots occur on the coastal shelf off the Carolinas
from December through February (ASMFC, 2017). Spawning can also occur in coastal bays
and sounds (ASMFC, 2020). Adults will then undertake an extensive, size-structured northward
migration; larger individuals will migrate as far as the Gulf of Maine. Older and more fecund
individuals may be able to spawn along the migratory routes and at the northern feeding grounds
(Ahrenholz, 1991). Southward migration of adults commences in the fall and the process is
repeated. Recent studies have suggested that a portion of the menhaden population may reside
year-round in the northern area (Liljestrand et al., 2019). Menhaden can live 10-12 years, though
individuals more than six years old have been rare in fishery-dependent data since the 1960s
(ASMFC, 2020).

After spawning and hatching events, menhaden eggs and larvae are transported northward

and inshore by currents, winds, and tides (Ahrenholz, 1991; Hare et al., 1999). The swimming
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ability of larvae is limited, and thus they are still dependent on ocean circulation for transport to
estuaries (Hare et al., 1999; Quinlan et al., 1999). They are further dependent on processes like
wind forcing, residual bottom inflow, and selective tidal transport to enter estuaries and reach
upstream nursery areas (Hare et al., 2005). Once inside estuaries, larvae metamorphose into
juveniles.

Whereas larval menhaden are known to prey on zooplankton, post-metamorphic juveniles
are filter-feeders and consume phytoplankton after development of gill-rakers (June and Carlson,
1971). Juveniles are thought to prefer sandy- or muddy-bottom habitats (SEDAR, 2020), and
abundance is positively correlated with phytoplankton biomass (Friedland et al., 1989, 1996).
Decreasing temperatures and declining food availability in the fall trigger emigration of the year-
class out of the estuaries and into the coastal oceans, where they join the adult stock (Friedland
et al., 1996; Friedland and Haas, 1988). Sexual maturity is linked to length, but most individuals
reach sexual maturity at age one (ASMFC, 2020).

This dissertation does not attempt to resolve the fine-scale spatial ecology of all age classes
of menhaden across their large spatial extent but instead focuses on juvenile menhaden in a tidal
sub-estuary of the Chesapeake Bay. The Chesapeake Bay has long been considered the primary
nursery habitat for Atlantic menhaden (Anstead et al., 2017; Simpson et al., 2016), with some
studies estimating it provides up to 68.8% of recruitment to the spawning stock (Ahrenholz et al.,
1989). Menhaden are among the most highly abundant fishes in the Chesapeake (Jung and Houde,
2003; Wood and Houde, 2003). Similar to other estuarine juvenile populations, the abundance of
juvenile menhaden in the Chesapeake is positively correlated with primary production (Friedland

et al., 2011; Houde et al., 2016).



1.4 Menhaden spatial ecology and management

In recent years, policymakers have pushed to change the management of many forage fish
from single-species to ecosystem-based management methods (Pikitch et al., 2004). This stems
from the recognition that though a forage species may not be overfished and overfishing may not
be occurring, a depleted abundance of these fish could have negative consequences across their
associated ecosystems. It is therefore important to have accurate and unbiased forage fish indices
of abundance to develop ecosystem-based management methods.

Atlantic menhaden, as a species with high economic importance, high ecological impor-
tance, and broad distribution across the East Coast of the United States, has emerged as a high-
profile case study in shifting to an ecosystem approach to fisheries management (Buchheister
et al., 2017; Franklin, 2007). Currently, Atlantic menhaden is managed as a single coastwide
stock by the Atlantic States Marine Fisheries Commission (ASMFC, 2020). As discussed ear-
lier, accurate representations of species distribution and abundance will require sampling across
a range of spatial scales. However, gear types frequently used in menhaden and other forage fish
surveys impose limitations on the spatial scales that can be analyzed. Many studies have noted
flaws in both grain and extent of net-based survey methods like trawls and seines (Buchheister
et al., 2016; Jung and Houde, 2003; Liang et al., 2020; Lucca and Warren, 2018, 2019; Miller
et al., 2008). Seining surveys are conducted in extreme nearshore shallows (<2m), leading to a
problem in extent by limitations in sampling volume and site selection. Trawl surveys can also
have issues in extent driven by site selection; it is difficult to conduct trawls in shallow (<4m) wa-
ters due to vessel limitations. Trawls can also have flaws in grain size, as the highest resolution

of spatial data they can provide is the length of the tow.



Despite these flaws, most menhaden indices of abundance included in stock assessments
and the ASMFC’s menhaden Interstate Fishery Management Plan (IFMP) are generated from
seine or trawl survey methods (ASMFC, 2017; SEDAR, 2015). There is an argument to be made
that when combined, trawl and seine surveys have adequate grain and extent to create indices
of relative abundance that can answer most questions surrounding menhaden stock dynamics.
However, even when combined, these two methods under-sample or completely omit much of
the extent of shallow waters between 2 and 4 meters deep, which is potentially a habitat of
importance for menhaden and other forage fish.

There is yet another complication when examining forage fish spatial distribution. Many
forage fish species, including menhaden, exhibit aggregative behaviors (Pikitch et al., 2012).
Schooling, or aggregation with synchronized or polarized swimming behavior, is common (Pitcher,
1986) and results in forage fish rarely being seen alone (Fréon et al., 2005). Aggregative behav-
iors are therefore important to consider when describing and predicting menhaden spatial distri-
bution. These aggregative behaviors can be described by five levels of increasing complexity: 1)
individuals, 2) schools of individuals, 3) clusters of schools, 4) concentrations of clusters, and 5)
the entire stock (Fréon et al., 2005). The influence of various biotic and abiotic factors operating
at multiple spatial scales is known to create “patchy” patterns of forage fish schools, in which in-
dividuals group into schools in favorable areas of heterogeneous environments (Gutiérrez et al.,
2012; Haugland and Misund, 2004; Liang et al., 2020). However, the dynamics of these ag-
gregative levels are highly variable and poorly understood, particularly at the intermediate levels
(Beare et al., 2002).

It is known that population inferences are unlikely to be robust if sampling methods are

based on untested or poor assumptions of a species’ distribution (Anderson, 2003). Relative
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abundance estimates collected only from a few areas thought to be representative of the whole
system cannot sufficiently account for spatial variation and may not lead to robust inferences of
fish abundance and distribution. It is therefore important to understand how fish are distributed
within all their habitats and to consider the influence of aggregative behaviors on their spatial
patterns. The distribution data needed to address this data gap is on the scale of centimeters to

tens of meters, which can be challenging to collect or parse out of existing datasets.

1.5 Bridging the gap: fine-scale spatial surveys and analyses

Hydroacoustic surveys have shown much promise in overcoming the extent and grain flaws
inherent to net-based survey methods, as well as the ability to bridge the data gap present in
shallow-water habitats (Becker et al., 2017; Boswell et al., 2010; Lucca and Warren, 2018; Sam-
edy et al., 2015). Hydroacoustic survey and data processing methods have proliferated in the
fisheries ecology and fish management communities and are now seen as a viable replacement
or supplement for traditional net-based methods (Kubecka et al., 2012; Liang et al., 2020; Sam-
edy et al., 2015; Simmonds and MacLennan, 2005). Several commercially important species
have long-established hydroacoustic surveys as a major component of their abundance and dis-
tribution quantification. These surveys use echosounders to record high-resolution spatial data
along selected transects within broad spatial scales, typically with a low temporal resolution (an-
nual or biannual surveys). Alaska Pollock (Gadus chalcogramma) has been surveyed using a
combination of acoustic and bottom trawl methods across much of the Bering Sea for the last
40 years (Honkalehto et al., 2011). Atlantic herring have been surveyed similarly in the Baltic,

Barents, and North Seas since the late 1970s (ICES, 2014; Simmonds, 2009; Toresen et al.,
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1998). Other groups with data from hydroacoustic surveys included in their abundance surveys
are sprat, capelin, anchovies, sardines, and euphausiids (Gjgsater et al., 1998; Hagstrom et al.,
1989; Trenkel et al., 2011).

Echosounders are well-known, well-established methods to quantify the biomass of small
pelagic fishes, even in shallow waters (Boswell et al., 2010, 2007; Lucca and Warren, 2018).
However, echosounders are unable to identify individual fish. They rely on acoustic backscatter-
ing from fish bodies, especially the air-filled swim bladders of many species, to produce a signal
which can then be attributed to fish biomass (Misund, 1997). Sonar imaging is a newer active
acoustic survey method and uses recent technological advances to create near-video quality dig-
ital images by sending out high-frequency sound pulses and interpreting the returning echoes.
This increase in image quality and resolution makes it possible to observe, enumerate, and mea-
sure individual fish. Sonar imaging cameras are also small enough that they can be deployed
from small boats in shallow areas, expanding the extent that can be effectively surveyed. These
qualities make sonar imaging cameras an excellent tool for identifying juvenile menhaden spatial
distribution patterns at small spatial scales usually overlooked in net-based survey methods (Able
etal., 2013, 2014).

Once empirical data gaps have been addressed with this new technology, spatial patterns
which were previously obscured due to sampling issues in grain and extent can be observed.
Many spatial fisheries ecology studies have focused on meso- or macro-scale spatial dynamics,
with less attention paid to fine-scale spatial information (Barnett et al., 2019). With the avail-
ability of increasingly smaller-grain data, questions surrounding fine-scale spatial dynamics and
aggregative behaviors can be addressed. Habitat usage patterns and correlations between juvenile
menhaden abundance and previously un- or under-considered physical environment characteris-
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tics, for example bathymetry will be of specific interest. Distribution patterns collected via sonar
imaging with water quality information may also indicate if physical gradients such as temper-
ature, salinity, dissolved oxygen, and turbidity are important spatial drivers at multiple scales.
Several levels of aggregative behaviors can be concurrently observed and described, and their
relationships to environmental covariates can be explored.

Although processing sonar imaging data is currently labor-intensive, the robust results and
fine-scale detail on the spatial structure of menhaden are worth the effort. Further, advances in
computing power and machine learning technology like artificial neural networks are rapidly de-
creasing processing time (Boswell et al., 2008; Shahrestani et al., 2017). Semi-automated image
processing procedures have been successfully developed for optical zooplankton identification
and counting (Bi et al., 2015; Grosjean et al., 2004) and stationary sonar imaging applications
(Shahrestani et al., 2017; Yin et al., 2020). Some progress has been made in developing image
processing procedures to detect and track human divers using a mobile sonar imaging camera,
but these developments have been very limited and recent (Kvasi¢ et al., 2019). Though it has
not been completed yet, Dr. Hongsheng Bi’s laboratory at the University of Maryland Center
for Environmental science is developing a similar method to automate the processing of mobile
sonar imaging data and identify multiple species of interest.

Fine-grained data from mobile sonar imaging studies and other hydroacoustic studies make
it possible to aggregate and assess juvenile menhaden distributions over a wide range of spatial
scales, including increasingly smaller scales where few assessments have previously been made.
Assessing species distribution over multiple spatial scales is extremely valuable, as it can aid
in detecting explanatory variables not previously considered or processes that drive distribution
patterns (Dray et al., 2012; MclIntire and Fajardo, 2009). However, wrangling fine-scale spatial
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data can be complex. The volume of data necessitates significant computing power. Often, spatial
data will need to be aligned and matched to analyze changes in distribution through time (Finley
et al.,, 2014). Assumptions will need to be made about the mathematical function describing
distribution across multiple spatial scales, and special consideration will need to be paid to the
complex, nested spatiotemporal dependencies in the data. Several statistical methods attempt to
analyze spatial distribution data with multiple explanatory variables across multiple spatial scales
and aggregative levels, including generalized additive models (GAMs) and spatial point pattern

analysis.

1.6 Individual-based models of fish movement

The level of detail observed in high-resolution empirical data can be represented to a rel-
atively high degree using a spatially-explicit individual-based model (IBM; sometimes called
agent-based model, or ABM) (van der Vaart et al., 2016). IBMs simulate the actions of individu-
als as they interact with each other and respond to the environment (DeAngelis and Mooij, 2005;
Grimm and Railsback, 2005), and so have often been identified as extremely valuable tools for
fisheries scientists and managers to make predictions of fish population dynamics in a changing
environment (Huse and Ellingsen, 2008; Huse and Giske, 1998). IBMs have successfully been
used to model bay anchovy (Anchoa mitchilli) across all life stages and multiple generations
within the Chesapeake Bay (Rose et al., 1999). In contrast to bay anchovy, which often resides in
the Chesapeake Bay over its entire life, Atlantic menhaden is estuarine-dependent and migrates
between estuarine and coastal ocean ecosystems. The survival and transport of oceanic-phase

menhaden larvae have been modeled using a coupled IBM- hydrodynamic model system (Quin-
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lan et al., 1999), but the movement of young-of-the-year (YOY) menhaden within estuaries has
not yet been modeled. Modeling movement in dynamic environments is expected to be challeng-
ing both due to a lack of knowledge of a species’ perception of its environment and the inherent
challenges of changing movement cues between time steps (Watkins and Rose, 2017). However,
an accurate characterization of menhaden spatial distribution within their estuarine habitats from
empirical fine-scale spatial distribution data can help overcome these problems. The addition
of a spatially explicit IBM for juvenile menhaden to the body of work on Atlantic menhaden
management could help answer questions surrounding their survival in estuaries and how their
population dynamics may shift in a changing environment.

Individual-based models are also invaluable for identifying emergent properties at a popu-
lation scale. Dozens of studies have explored the formation of flocks, schools, or herds of animals
based on individual behaviors, beginning with Reynolds (Reynolds, 1987). The emergent prop-
erty of fish schooling has been explored in simulated populations (Huth and Wissel, 1992; Parrish
et al., 2002; Reuter and Breckling, 1994) or with limited laboratory observations (Viscido et al.,
2004). An examination of how schooling behavior develops from collective individual behaviors
and maintains itself in a spatially explicit, heterogeneous, and dynamic environment based on ex-
tensive and fine-scale field observations is a challenging but worthwhile goal, given its potential
to elucidate some of the behavioral mechanisms and environmental characteristics driving fish

movement and aggregation.
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1.7 Dissertation framework

This dissertation will contribute to the body of work on the spatial ecology of Atlantic men-
haden, an important forage fish. Spatial analysis of both empirical data and simulation modelings
will be used to accomplish this goal. Chapters 2 through 4 are structured as stand-alone publica-
tions that explore the spatial characteristics of menhaden as seen in field data collected for this
dissertation. Chapter 5 uses the knowledge gained from these efforts to create a spatially-explicit
individual-based model of menhaden schooling and movement. Chapter 6 is a general conclu-
sion based on all the data chapters and discusses both the greater impacts of this dissertation and
possible avenues for future research.

Chapter 2 has been published in the peer-reviewed journal Fisheries Research as Sonar
imaging surveys fill data gaps in forage fish populations in shallow estuarine tributaries (Lankow-
icz et al., 2020). Though sonar imaging methods are gaining traction in fisheries ecology, they
are still rarely used in the quantitative analysis of fish distribution. One of the objectives of
this Chapter was to test the efficacy of mobile sonar imaging to observe menhaden distribution.
The resulting data showed not only the capabilities of mobile sonar imaging but also offered an
entirely new perspective on menhaden distribution, one of an extremely fine (<1m) spatial reso-
lution. Generalized Additive Models were used to characterize the density of individuals across
the lower Patuxent River. Individuals were present more frequently and at significantly higher
densities in shallow-water (2-4m) creek habitats than in deeper-water (> 4m) areas of the river
channel. The results from this initial Chapter were used to inform the spatial models of menhaden
distribution in all following chapters.

Chapter 3 has been revised and resubmitted to Fisheries Research as Characterizing ju-
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venile Atlantic menhaden (Brevoortia tyrannus) distribution and schooling in shallow estuarine
waters (2022). The focus in this Chapter shifts in aggregative extent from individuals to schools
of individuals. Schools were identified, and their morphological characteristics (length, number
of individuals per school, density of individuals in the school) and spatial patterns relative to each
other were recorded. Generalized Additive Models were used to test the relationships between
school spatial density and patterns and a set of environmental characteristics. Water depth, sam-
pling month, and tidal stage were found to be significant drivers of menhaden school distribution.
A simple clustering coefficient was used to determine the spatial pattern of menhaden schools,
and schools were found to cluster at the spatial scale of the data collection transects. These find-
ings illustrate how menhaden school morphological characteristics, spatial density, and spatial
patterns can change with fluctuations in environmental conditions, as well as between spatially
close but distinct habitat types.

Chapter 4 again increases in aggregative extent, shifting from schools of individuals to
clusters of schools. This Chapter also explores the variation in menhaden school spatial patterns
through multiple scales. This is accomplished through the use of spatial point pattern analysis
adapted for line transects. The first- and second-order structure of menhaden school distribution
was determined along each line transect. First-order structure refers to the uniformity of the
probability of points occurring across a sampled space. Second-order structure refers to the
dependence of points on each other.

Chapter 5 shifts from empirical data to simulations. The analyses of the previous chapters
have provided a wealth of information on the distribution of menhaden individuals, schools,
and clusters of schools. Schooling and higher-order aggregative levels have been identified as

important drivers of overall menhaden spatial distribution. Some environmental characteristics,
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like water depth and tidal condition, have also been identified as important. The results of Chapter
4 generated an interesting question: would a simulation of menhaden movement based on either
environmental characteristics or behavioral mechanisms look more like the empirical data? To
address this question, two separate spatially-explicit individual-based models were created; one
in which simulated fish respond only to changing environmental conditions, and one in which
simulated fish respond only to each other. Though we are not yet able to quantify the relative
impact of each mechanism and process, these results are a first step in making an enduring and

challenging ecological problem more tractable.
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Chapter 2:  Sonar imaging surveys fill data gaps in forage fish populations in

shallow estuarine tributaries

2.1 Abstract

Forage fish are economically and ecologically important to many coastal marine ecosys-
tems, but most forage fish species are not targeted in species-specific abundance surveys. In
the Chesapeake Bay, Atlantic menhaden (Brevoortia tyrannus), an important forage species for
many upper-trophic level consumers, are sampled with beach seines and midwater trawls. There
is evidence that these traditional fish sampling gears are insufficient for observing menhaden
abundance and distribution, which may lead to biased and inaccurate indices of abundance. We
suggest this is due to omitting or under-sampling shallow estuarine creeks and nearshore areas.
We tested this hypothesis in the Patuxent River, Maryland, and its surrounding shallow-water
creeks, which are representative of many estuarine tributaries with varied bathymetry. Sonar
imaging surveys were conducted using Adaptive Resolution Imaging Sonars (ARIS 1800 and
3000) and a generalized additive model was fit to the resulting data to model forage fish density.
Results indicated that menhaden and other forage fish were present at significantly higher densi-
ties in shallow-water creeks than in deeper-water areas. Further, many forage fish were observed

in creek habitats frequently omitted by both seines and trawls, suggesting that these survey de-
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signs may result in biased forage fish indices of abundance. Therefore, we recommend current
forage fish surveys in the Chesapeake Bay, especially those with the intent of developing juvenile
menhaden indices of abundance, be supplemented with hydroacoustic surveys in shallow waters

to improve accuracy and reduce bias.

2.2 Introduction

Forage fish are small, highly abundant, and planktivorous fish species that occupy inter-
mediate trophic levels in estuarine food webs and therefore facilitate energy transfer from lower
to higher trophic level species (Bakun et al., 2010). Depletion of forage fish and other similar-
trophic level prey items has significant negative impacts on upper-trophic level predators, indicat-
ing some incidence of bottom-up control (Cury et al., 2011; Smith et al., 2011). As such, forage
fish are integral to the diets of marine mammals, fish-eating seabirds, and several life stages of
piscivorous sportfish (Hartman and Brandt, 1995; Luo and Brandt, 1993; Pikitch et al., 2012,
2014; Walter III and Austin, 2001; Weise and Harvey, 2008; Wood and Houde, 2003). Forage
fish are short-lived, have high fecundity, and respond rapidly to environmental factors, leading
to large fluctuations in inter-annual abundance (Pikitch et al., 2012). This variability can have
wide impacts on the growth, reproductive rate, distribution, and abundance of their predators
(Gislason, 2003).

Forage fish also have high economic value to coastal regions. Annually, global forage fish
landings are worth approximately $5.6 billion and support other fisheries worth an additional
$11.3 billion (Pikitch et al., 2012). Several species are of particular importance: clupeids (her-

rings, sardines, and menhadens) are known for their valuable reduction, bait, and seafood fish-
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eries. Atlantic and Gulf menhaden (Brevoortia tyrannus and Brevoortia patronus, respectively;
Clupeidae) support two of the oldest and largest fisheries by volume in North America. In 2017,
total US menhaden landings approached 635,000 metric tons worth over $125 million (National
Marine Fisheries Service, 2018).

In recent years, policymakers have pushed to change the management of many forage fish
from single-species to ecosystem-based management methods (Buchheister et al., 2017; Pikitch
et al., 2004). This stems from the recognition that though a forage species may not be overfished
and overfishing may not be occurring, a depleted abundance of these fish could have negative
consequences across their associated ecosystems. It is therefore important to have accurate and
unbiased forage fish indices of abundance to develop ecosystem-based management methods.
However, many forage species do not have targeted abundance surveys and are instead sampled
concurrently with larger piscivorous species. Sites selected and gear types used in these surveys
are not optimized for forage fish and may lead to issues in gear selection, evasion, and overall
sampling bias.

Annual abundance surveys for many fish species in the Maryland portion of the Chesapeake
Bay are conducted by the Maryland Department of Natural Resources (MD DNR) in a long-term
survey designed to examine juvenile striped bass abundance relative to the total time-series of
collected data. This survey also generates indices of relative abundance for Atlantic menhaden,
Atlantic silverside (Menidia menidia, Atherinopsidae), bay anchovy (Anchoa mitchilli, Engraul-
idae), Spot (Leiostomus xanthurus, Sciaenidae), and many other forage species. In the MD DNR
survey, a beach seine 1.24 m tall and 6.4 mm mesh size is swept by hand in nearshore shallows
at 22 fixed sites during daylight hours every month (Durell and Weedon, 2017). Deployment is

limited to areas shallower than the height of the net, which therefore restricts where surveys can
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be completed. This method has a relatively low sample volume and the potential for high avoid-
ance. Larger, faster fish may be able to outpace the net and avoid capture Bayley and Herendeen
(2000). Some forage species, like the bay anchovy, are small enough as young-of-year that they
may not fully recruit to mesh sizes used in the MD DNR survey until late August (Wang and
Houde, 1995). Other environmental factors such as turbidity and light intensity may affect seine
avoidance. Several studies on seine capture efficiency have found that high-light conditions (day-
light hours) may lead to lower availability and detectability of sample species (Allen et al., 1992;
Blackwell and Brown, 2005).

Midwater trawls are a less-common method of studying forage fish in the Maryland portion
of the Chesapeake Bay. The few and inconsistent forage fish surveys completed using this method
use a net with a 3.8-7.6 mm mesh body and a 3 mm mesh codend to survey only areas 4m or
deeper due to limitations set by survey and vessel draft (Jung and Houde, 2003; Miller et al.,
2008). Studies employing these methods have specifically stated they are not as effective at
observing menhaden abundance as they are for other important fish species in a similar size
range (Jung and Houde, 2003). This could indicate an issue in sampling site selection. Like
beach seines, trawls may also have variability in capture efficiency driven by light intensity and
turbidity, as well as further issues due to vessel avoidance (Glass and Wardle, 1989).

Combining seine and midwater trawl methods to observe forage fish abundance and dis-
tribution may not solve the issues of gear and site selection, as the two methods have non-
overlapping depth ranges. All areas with a maximum depth in the 1.24—4 m range, as well as
this depth range of the water column, are either not sampled or not sampled effectively for for-
age fish. This under-sampled area includes many shallow-water creeks. In the Maryland portion
of the Chesapeake Bay, few attempts have been made to sample forage fish abundance in areas
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not on a main river channel or main stem of the Chesapeake Bay. It is unclear what effect the
omission of creeks and other shallow regions has on forage fish indices of abundance. However,
it is known that population inferences are unlikely to be robust if sampling methods are based on
untested or poor assumptions of a species’ distribution through habitat types (Anderson, 2003).
Relative abundance estimates collected only from a few areas thought to be representative of
the whole system cannot account for spatial variation and may not lead to robust inferences of
fish abundance and distribution. It is therefore important to understand how fish are distributed
within their habitats, as this knowledge will help in designing effective and less-biased sampling
procedures.

The principal objective of this study was to quantify the distribution of forage fish across
multiple depth ranges within an estuarine region. We hypothesized that forage fish are less abun-
dant in deeper waters and more abundant in shallower habitats such as estuarine creeks, which
are under-studied and are potentially a critical data gap. To address this hypothesis, we used
sonar imaging methods to survey forage fish in the Patuxent River, Maryland, USA. Sonar imag-
ing technologies are ideal for surveys in estuaries, as they are non-invasive, not limited by water
turbidity, and can be deployed from small boats in both shallow and deep waters. Data collected
in our surveys were modeled using spatially explicit techniques and analyzed to find patterns
of distribution across habitat types, water depth, and other explanatory parameters. With this
detailed understanding of spatiotemporal dynamics of forage fish distribution, we are able to

provide recommendations to improve future survey methods.
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2.3  Methods

2.3.1 Study area

The Patuxent River is a western-shore tributary of the Chesapeake Bay estuary and was
used in this study as an example of varying habitats within a shallow-water system. The Patuxent
has a total length of about 80 km and varies from limnetic conditions at its headwaters (salinity
approx. O ppt) to mesohaline conditions at its mouth (salinity 12-18 ppt). We focused on sur-
veying the mesohaline and tidally influenced area of the river between the Gov. Thomas Johnson
Bridge and St. Leonard Creek (river km 5-12). We completed 8 surveys in the summer of 2016
(May — August) and 9 surveys in the summer of 2017 (June — August) which resulted in over 32
h of sonar imaging data and 1.4 million individual images. Two cross-river transects were sam-
pled during each survey. The North Patuxent transect (sampling range: 1.0-21.9 m; mean depth
sampled: 7.2 m) samples from the mouth of St. Leonard Creek to a fishing dock in Greenwell
State Park on the opposite shore, and the South Patuxent transect (sampling range: 1.1-33.8 m;
mean depth sampled: 10.7 m) samples from the mouth of Cuckold Creek to a series of breakwa-
ters on the Calvert County shore. The similarities in the physical characteristics of the North and
South Patuxent transects led us to group them into a single habitat type, which we called the river
channel habitat. In the results section, we will describe how this grouping is further justified by
similarities in observations of forage fish. Three major creeks within the survey area were also
sampled: St. Leonard Creek (sampling range: 1.1-6.1 m; mean depth sampled: 3.9 m), Hellen
Creek (sampling range: 1.1-4.1 m; mean depth sampled: 2.8 m), and Cuckold Creek (sampling

range: 1.1-6.0 m; mean depth sampled: 3.8 m). These creeks are relatively narrow and shallow
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environments. Like the two river channel transects, the three creek transects were similar to each
other and therefore grouped and labeled as creek habitat. Together, the five transects serve to ob-
serve forage fish distribution between the river and creek environments and across a wide range

of water depths.

2.3.2 Sonar imaging

Active acoustic survey methods such as side-scan sonar and echosounders have been suc-
cessfully used to quantify the biomass of small pelagic fishes in many habitats, including shallow-
water estuarine environments (Boswell et al., 2010; Lucca and Warren, 2018). Sonar imaging is a
newer active acoustic survey method, but has also been successfully used to assess fish abundance
with high accuracy (Able et al., 2013, 2014; Boswell et al., 2008; Rieucau et al., 2015). Sonar
imaging cameras create digital images by sending out sound pulses and interpreting the returning
echoes and are therefore ideal tools in turbid environments like estuaries. Though these cameras
are becoming increasingly precise and accessible to researchers, there are still few studies using
sonar imaging to analyze patterns of aquatic species distribution across different depth ranges and
habitat types. It is important to note that most published sonar imaging studies have been static
point deployments, which cannot identify continuous patterns of spatial distribution. However, a
few recently published studies have proven the feasibility of using mobile sonar imaging surveys
to observe individual estuarine fish, which led us to believe the same methods would be suitable
to quantify the spatial distribution of forage fish (Able et al., 2013, 2014; Becker et al., 2017).

We used the Adaptive Resolution Imaging Sonar (ARIS) 1800 and 3000 sonar imaging

cameras (Sound Metrics Corp, Bellevue, WA) to complete our surveys. These cameras can be
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towed to increase spatial coverage and are capable of producing near-video quality images of the
water column, which makes enumerating individual fish across a continuous transect possible.
ARIS cameras also collect distance, target object size, and camera depth information, which
allows us to later calculate the volume of water sampled and the depth of the water column in
the camera field of view. The cameras are relatively small and can be powered via a portable
generator or car battery, which allows for deployment from small boats (< 26 ft).

The ARIS 1800 was deployed in 2016 and the ARIS 3000 in 2017. The ARIS 1800 uses
an identification frequency of 1.8 MHz, in which 96 beams 0.3°(H) x 14°(V) make up a 28°(H)
x 14°(V) field of view capable of sampling objects up to 15 m from the camera lens. The ARIS
1800 can also use a detection frequency of 1.1 MHz, in which 96 beams 0.5°(H) x 14°(V) make
up a 28°(H) x 14°(V) field of view capable of sampling objects 15-35 m from the camera lens.
The ARIS 3000 uses an identification frequency of 3.0 MHz, in which 128 beams 0.2°(H) x
14°(V) make up a 30°(H) x 14°(V) field of view capable of sampling up to 5 m from the camera
lens. For depths sampled 5-15 m from the camera lens, the ARIS 3000 maintains the same
number and dimensions of beams but uses a detection frequency of 1.8 MHz. As with most
imaging technology, image resolution decreases with increasing imaging range. We chose to use
the ARIS 3000 in 2017 over the ARIS 1800 because it produces images with higher resolution,
though it sacrifices sampling range. Surveys completed using the ARIS 1800 primarily used its
identification frequency (sampling range < 15 m) and had an average resolution of 5.8 mm per
pixel. Surveys completed with the ARIS 3000 primarily used its detection frequency and had
an average resolution of 2.9 mm per pixel. We do not expect there to be a significant change
in detection efficiency due to differences in camera model and image resolution. All recorded

images of forage fish had an image resolution sufficient for a human expert to count the individual
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fish present. ARIS surveys were initiated in 2016 with two transects across the lower Patuxent
River (labeled North and South) and one transect in St. Leonard Creek (Table 2.1). In 2017,
we continued sampling the same three transects and expanded our spatial extent to also include
Hellen Creek and Cuckold Creek (Table 2.2). We limited the camera range to 15 m for the
majority of images collected in 2016 to maximize the tradeoff between image quality and the
volume of water sampled. Most forage fish were observed to be in the upper part of the water
column, and so in 2017 we further refined this maximum imaging distance to 6 m. The ARIS
was mounted to a pole fixed to the side of a small research vessel. All research vessels used in
this study had a draft shallower than 0.5 m. When sampling, the ARIS was held approximately
0.25 m below and at a 35-50°angle from the surface for an increased field of view compared to
a vertical deployment. On average, we collected 12—15 images per second. While collecting
data, the research vessel moved at 0.5-1m s! to avoid compromising image quality. A handheld
GPS unit (Garmin GPSMAP 64 s, Garmin Ltd, Olathe, KS) recorded location every 10-15 s. A
CTD (RBR Ltd, Ottawa, Canada) continuously recorded surface water temperature and salinity.
In model selection stages, temperature and salinity were dropped as explanatory variables. This
was due to both a lack of significance and incomplete data, as the CTD was deployed on only 11

of the 17 cruises completed in the study period.

2.3.3 Data processing

After collection, ARIS data were downloaded and split into individual files based on date
and transect. Each file, which consisted of thousands of individual images, was then analyzed in

ARISFish software. Images were sharpened and false-colored to increase the contrast between
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objects and the background for best definition and visibility, then manually inspected for forage
fish (Figure 2.1). Schooling behavior, school size, and samples of individual fish sizes were all
used to identify appropriate forage fish species and exclude all other fish species we observed
in our surveys. Images were filtered to remove objects with less than 3 cm? visible surface
area. This size filter is large enough to remove noise, yet small enough to retain most images
of juvenile bay anchovy, the smallest forage fish of interest. Age 1+ anchovy in the Chesapeake
Bay are expected to have an average body length near 57 mm in June. A substantial portion of
bay anchovy young-of-the-year (YOY) are hatched May-June, and on average YOY individuals
hatched by mid-July will reach approximately 19 mm body length and recruit to the survey gear
in August (Wang and Houde, 1995). Though individual YOY bay anchovy would be difficult
to see in filtered images, it is easy to identify the dense schools they move in, at which point
appropriate image magnifications can be made to count individual fish. The number of forage
fish in every frame was recorded. ARIS files were then read into MATLAB (MathWorks, Natick,
MA), where header information including camera depth, start range (closest distance from the
camera lens in the field of view), end range (furthest distance from the camera lens in the field
of view), pitch (angle of deployment), and pixel resolution were extracted for each frame using
code developed and provided by Sound Metrics. GPS data were downloaded and interpolated to
a temporal resolution of 1 s.

River distance, or the shortest navigable distance between each point of a transect and
a set source point, was calculated in ArcMap 10.1 (ESRI, Redlands, CA). Source points for
creeks were set near the head of each creek. Source points for the two river transects were set
at the mouth of the nearest creek. We expected forage fish abundance to be concentrated in the

shallowest portions of the creeks (which corresponded to further distances from the creek mouth)
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Figure 2.1: Sample output of ARIS imaging data. Data are sharpened, filtered, and false-colored
using the same procedure as developed during image processing. Numbers down the edges of
the image indicate distance away from the camera lens in meters. The wide, bright strip at the
bottom of the image is the river bottom. The objects 3.5-4.0 m from the camera lens are forage
fish between 7 and 10 cm long.
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with relatively fewer fish dispersing to and remaining in deeper river channel habitat.
Echograms, a continuous image of the camera field of view over a transect where one-pixel
width represents one frame, were extracted for each file using ARISFish software. It is important
to note that echograms are line-of-sight and are therefore angled at the pitch of the sonar camera
for each frame. They do not show the vertical depth of the water column but are used in the
process of calculating this parameter. Echograms were adjusted in Adobe Photoshop (Adobe,
San Jose, CA) so the river bottom, if visible, was represented by fully white pixels and the water
column was fully black pixels. Adjusted echograms were read into MATLAB. Image height in
pixels (IH) was recorded and the height of the river bottom in pixels (BH) was calculated per
frame. From here, the visible range (VR) of the field of view was calculated based on IH, BH,
range end (RE), and range start (RS, Eq. 1). The vertical depth of the water column (WD) was
then calculated based on VR, sonar pitch, and the camera’s depth when deployed (Eq. 2). Note
that ARIS cameras record pitch as relative to gravity and negative in the “nose-down” direction

so that a camera pointed straight down records a pitch of -90°.

_ (IH—BH)+(RE—RS)
VR = TH + RS

WD = [cos(90° - absolute value(sonar pitch)) * VR | + camera depth

For images in which the river bottom was deeper than the maximum range of the camera or
technological issues prevented sonar pitch and camera depth from recording, vertical water depth
was estimated from an interpolated map of soundings created from NOAA hydrographic survey
6877.

Volume per frame was calculated as a truncated pyramid with a rectangular base to account

for the angled field of view. This calculation was based on the visible range, the minimum
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range, the distance the camera traveled in 10 s, and the known angles of the three-dimensional
field of view. More detail on calculating volume can be found in Shahrestani et al. Shahrestani
et al. (2017). Once image processing was complete and all parameters were calculated, resulting
frame-by-frame datasets were merged in R (version 3.5.3). Parameters were averaged over 1 s,
then aggregated into bins with a width equal to the average distance traveled in 10 s. This was
chosen as the bin size because it is approximately the amount of time it takes for the research
vessel, traveling at 0.5-1m s™!, to pass completely through and out of the area seen in the initial
field of view. This binning process also helped to reduce artificial population inflation caused by
counting the same fish in sequential frames. In all ARIS observations, less than 2% of forage
fish schools were in view for more than 10 s (n = 51). The density of fish in each bin was then

calculated as the mean count of fish per 1 m® sampled.

2.3.4 Statistical analysis

After data processing, relationships between forage fish density and explanatory variables
were noted to be non-linear and have nested and complex spatio-temporal dependence structures.
The high spatial resolution and complex spatio-temporal dependencies of the dataset cannot ap-
propriately be analyzed using classical design-based inference methods (Thompson, 2012). Data
were heavily skewed and heteroskedastic due to the patchy distribution of schooling forage fish
and could not be transformed to meet normality and homoscedasticity assumptions. Consecutive
10 s aggregated bins within the same transect were spatially autocorrelated and unlikely to rep-
resent true replicate draws of the forage fish population, resulting in a violation of independence

assumptions. In the classical sampling design sense, each transect should be treated as a sample
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of size one from its corresponding habitat stratum. However, this requires the unrealistic assump-
tion that temporal pseudoreplication is not a concern and confounding of sampling area and time
does not occur. For these reasons, classical design-based statistics are not appropriate to analyze
these data.

We reasoned that a model-based approach would be more suitable for disentangling the
complex and nested spatio-temporal dependence structures of the data. A generalized additive
model (GAM) was chosen as the modeling framework due to its ability to represent the rela-
tionship between a response variable and multiple non-linear and unknown smooth functions of
predictor variables. An appropriately fitted GAM can provide quantitative analysis for highly
skewed, zero-inflated data with complex spatial and temporal dependence structures. Therefore,
a GAM was fitted to the data to summarize the interaction of sampling date, sampling month,
water depth, and river distance as predictor variables. The abundance of forage fish was chosen
as the response variable (Eq. 3). The fitted GAM used a negative binomial distribution family
due to the zero-inflated and overdispersed nature of the forage fish count data. Restricted max-
imum likelihood (REML) methods were used to find the smoothness of each predictor variable
and penalize overfitting, as this method is less prone to being influenced by local minima. The

model selected was:

Fish abundance~s(sampling event)+s(Month)+s(River distance)+s(depth)+offset(log(volume))

In this model, s(...) is a cubic spline smoother function. Sampling dates were labeled 1-17
in chronological order, creating the sampling event variable. Recall that water depth does not
refer to the depth at which individual fish were observed, but rather the averaged depth of the

water column over an aggregated 10 s bin. The model was stratified by habitat type, as data
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exploration at this stage showed a divergence in patterns of fish density as related to predictor
variables between the two habitats. An offset of log-transformed volume was included to account
for variability in sampling effort between 10 s bins, and effectively normalized our abundance
response variable by volume of water sampled, resulting in a measure of forage fish density.

An artificial dataset was created to begin using model-based inferences to test the statistical
significance of the observations. Simulated draws of forage fish density from the fitted GAM rep-
resent the dependence structures present in the observed data. Moreover, it is possible to filter out
confounding factors and focus on identifying the influence of a single factor at a time. Model-
based comparisons of simulated forage fish density across spatial groups can be conditioned
to remove temporal effects and will follow more realistic assumptions than their design-based
equivalents. Temporal effects can also be considered with model-based comparisons of fish den-
sity across sampling events. The artificial dataset included frame-by-frame latitude, longitude,
river distance, water depth, and sampled water volume values from a hypothetical sampling day
of all five transects. River distance values were calculated using the same methods as the ob-
served dataset. The water depth of each frame was interpolated from NOAA hydrography survey
6877. The artificial dataset, like the observed dataset, was aggregated into 10 s bins and average
river distance and water depth were calculated per bin. The water volume sampled for each artifi-
cial aggregate bin was then calculated as a truncated rectangular pyramid. Water volume sampled
was not allowed to exceed the maximum volume sampled per bin in the actual observations. This
would correspond to when the river bottom was deeper than the camera’s maximum viewing dis-
tance (approximately 15 m), and therefore sampling volume would be at its maximum possible
value.

To test for differences in forage fish density in spatial groups without confounding tempo-
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ral effects, the month and sampling event of the artificial dataset points were set to values where
GAM output showed their respective smoothers were equal to zero. This corresponds to values
of sampling event and month where forage fish density of the study area was equal to the aver-
age density across all temporal replicates, which effectively removes the temporal variation and
nested effect of sampling event within sampling month. We then tested for differences in forage
fish density across all five transects, the two habitat types, and three depth strata. Depth strata
were set to represent the functional ranges of beach seines and midwater trawls. The shallowest
depth stratum (< 1.24 m) corresponds to nearshore shallows that are best sampled with beach
seines. The deepest depth stratum (> 4.00 m) are best sampled with a midwater trawl. The re-
mainder is the area with a maximum depth between 1.24 and 4.00 m and is not well sampled by

either method, but can be observed using the sonar imaging camera.

Table 2.1: Monthly ARIS sampling output for 2016 as described by sampling events, spatial bins observed,
median forage fish density, mean forage fish density, variance, volume sampled, and habitat type. Transects
sampled wereSt. Leonard Creek (SLC), the North Patuxent (NPX), and South Patuxent (SPX). Hellen
Creek (HLC) and Cuckold Creek (CUC) were not sampled until 2017.

2016
Samplin Spatial Median dens. Mean dens. Vol. .

Month Transect eVEEItS £ gins (fish m™3) (fish m~3) Var. (m?) Habitat

o SLC 2 504 0.000 0.022 0.009 28038  Creek
g NPX 2 192 0.000 0.001 0.000 45505 Channel
- SPX 1 100 0.000 0.002 0.000 20381 Channel

SLC 3 1016 0.000 0.012 0.004 79833  Creek
:2 NPX 3 587 0.000 0.004 0.001 82276 Channel
SPX 3 480 0.000 0.006 0.002 39520 Channel

. SLC 2 660 0.000 0.018 0.00 56650  Creek
2 NPX 2 426 0.000 0.002 0.00 39177 Channel
< SPX 2 328 0.000 0.000 0.00 32688 Channel

The predicted fish density of the artificial dataset was simulated 999 times from the fitted
GAM. Results were then split by transect, and the average density of forage fish in each transect

was found for all 999 simulations. A model-based algorithm was then used to test the difference
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Table 2.2: Monthly ARIS sampling output for 2017 as described by sampling events, spatial bins observed,
median forage fish density, mean forage fish density, variance, volume sampled, and habitat type. Transects
sampled were Hellen Creek (HLC), Cuckold Creek (CUC), St. Leonard Creek (SLC), the North Patuxent
(NPX), and South Patuxent (SPX).

2017
Samplin Spatial Median dens. Mean dens. Vol. .

Month Transect ev;ts £ Eins (fish m~3) (fish m~3) Var. (m?) Habitat

HLC 3 403 0.000 0.027 0.030 11583 Creek

° CcucC 3 406 0.000 0.024 0.015 18537 Creek

g SLC 3 804 0.000 0.011 0.006 43695 Creek
- NPX 3 633 0.000 0.001 0.000 41275 Channel
SPX 3 511 0.000 0.001 0.000 27571 Channel

HLC 3 376 0.014 0.101 0.083 12864  Creek

CucC 3 394 0.019 0.076 0.019 25433 Creek

E SLC 3 743 0.000 0.043 0.012 49023 Creek
NPX 3 395 0.000 0.003 0.000 29543 Channel
SPX 3 468 0.000 0.008 0.001 35560 Channel

HLC 2 261 0.136 0.247 0.095 5761 Creek

. CucC 2 292 0.10 0.134 0.176 13495 Creek

2 SLC 3 785 0.000 0.114 0.127 36804  Creek
< NPX 2 454 0.000 0.008 0.001 31985 Channel
SPX 2 385 0.000 0.012 0.014 28810 Channel

in forage fish density between transects. First, all transects were combined and the 100% con-
fidence limits for the overall mean were computed. Next, the probability of all transect means
being within the overall confidence limits was computed to estimate the probability of all transect
means being equal (p). Finally, pairwise comparisons of transect means were applied using the
same simulation method with Bonferroni adjustment for multiple testing. The same procedure
was applied to test for differences between river channel and creek habitat and between the three
depth strata.

The effects of nested temporal variation were also tested using model-based simulations
of forage fish distribution. The artificial dataset was replicated 17 times to represent the 17
sampling days analyzed and included in the GAM. Each dataset replicate was given a unique

sampling day identification number, and replicates were nested in sampling month to duplicate
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how the sampling was carried out. For example, artificial sampling day 1 was nested within May
and artificial sampling days 4, 5, and 6 were nested within July. The predicted fish density of
each artificial sampling day was simulated 999 times from the fitted GAM. Results were split by
sampling day, then each sampling day was split into the river channel and creek habitats. This
was done after results from the tests of spatial effects showed significant differences between the
two habitat types which could not be removed from the test of temporal effects. The average
density of forage fish in each group was found for all 999 simulations. Pairwise differences in
forage fish density for each habitat and sampling day combination were then tested using the

same procedure as was used to test for differences in spatial groups.

2.4 Results

2.4.1 Distribution between habitats

3 of water and

Through two years of ARIS deployments, we surveyed over 870,000 m
counted 3151 schools of forage fish. Though the ARIS can spatially resolve images enough
to identify individual fish, it cannot provide enough detail while being towed to identify down
to a species level. Instead, visual observations of fish at the surface while towing, previous sta-
tionary studies (Shahrestani et al., 2017), schooling behavior (Zhang et al., 2017), and seasonal
length information allowed us to distinguish between larger piscivorous fish, juvenile menhaden,
and smaller forage fish. Smaller forage fish are expected to be mostly bay anchovy and Atlantic
silversides, which are highly abundant in the Bay (Gallagher et al., 2018; Jung and Houde, 2003;

Wood and Houde, 2003). Of all our observations of fish, juvenile menhaden were the most fre-

quently observed, which is unsurprising given that they are also considered to be among the most
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highly abundant species in the Chesapeake Bay (Jung and Houde, 2003; Wood and Houde, 2003).

The majority of spatial bins with forage fish present (n = 2148) were in the three creek
transects (Figure 2.2), (Figure 2.3). Analyzing forage fish density in the whole of the study area
showed large spatial and temporal variation in the distribution of forage fish between the creek
and river channel habitats (Table 2.1 and Table 2.2). Forage fish density ranged from 0.0-6.3
individuals m> with a mean density of 0.05 #+ 0.20 individuals m™ in the creek transects. In
the river channel transects, density ranged from 0.0-1.8 individuals m-3 with a mean density of

< 0.001 = 0.04 individuals m™.
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Figure 2.2: (a) Map of the Chesapeake Bay. Red bounding box indicates the study site in the lower portion of the Patuxent River. (b)
Composite forage fish distribution through the Patuxent River for the study period. Black dots represent an observation of > 0 individual
fish m~3 and dots are sized on a graduated scale where larger dots indicate a higher density of fish. Water depth is reported as mean low
water interpolated from NOAA hydrographic survey 6877.
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Figure 2.3: (a) Frequency of forage fish presence in 10 s bins of the creek and channel habitat. (b) Frequency of forage fish presence in
10 s bins of each transect. Transects included are the South Patuxent (SPX), North Patuxent (NPX), St. Leonard Creek (SLC), Cuckold
Creek (CUC), and Hellen Creek (HLC). (c) Frequency of forage fish presence in 10 s bins across the vertical water column.



The generalized additive model allowed us to characterize forage fish distribution across
the spatial and temporal range of the study. The output of GAM smooth functions is centered
on the mean response variable taken over the set of predictor variables. The mean is then set
to zero with variation in the response variable seen as positive or negative departures from this
centered mean. Explanatory variables remaining in the final model explained 38.5% of deviance,
and each explanatory variable had a smoother term significantly different from zero (p < 0.001),
therefore contributing to the overall model fit. As stated earlier, the interactions between forage
fish density and predictor variables differed between river channel and creek habitats.

The effects of river distance on forage fish density varied widely between the river chan-
nel and creek transects. Observations were taken 0.01-2.61 km from source points in the river
channel habitats and 0.11-3.90 km from source points in the creek habitats. In all points of the
river distance range in the river channel habitat, forage fish density was less than the mean of the
whole study area (Figure 2.4). Creek results were more mixed; areas within 0.75 km of the head
of the creek had higher forage fish density than the mean, as did areas 2.79-3.73 km away from
the creek head (Figure 2.4). This indicates a bimodal distribution, with more fish being found in
the head and mouth areas of the creeks and fewer in the middle.

Simulated forage fish density was found to differ significantly between the creek and chan-
nel habitats in the artificial dataset (p < 2¢'¢). In all 999 simulations, the density of forage fish
was always higher in the creeks than in the river channel. We then looked at pairwise comparisons
of fish density across all five transects and found the same pattern. There is a 0% probability of
all means being equal. Transects grouped into the same habitat type did not differ significantly
from each other but often differed significantly from the transects in the other habitat. The only

pairwise comparison between a creek transect and river channel transect to not have a significant
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Figure 2.4: Sampling event, month, river distance, and depth smoothers for the generalized addi-
tive model. Channel habitat smoothers are in the left column and creek habitat smoothers are in
the right column.

difference is that between Hellen Creek and the South Patuxent. St. Leonard Creek and Cuck-

old Creek transects had strong significant differences from both the North and South Patuxent
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transects (all p < 0.04).

2.4.2 Distribution between depth strata

Sampled water depth in the entire study area varied between 1 and 34 m with a mean sam-
pling depth of 6 £ 4 m. Most observations occurred in waters 2—4 m deep (n = 4531, 38.1% of
total observations) (Figure 2.3). Most positive observations both in total number and proportion
also occurred in waters of this depth (n = 1329, 29.3% of positive observations) (Figure 2.3). The
distribution of observation points was not equal across water depths and relatively few observa-
tions were taken in waters deeper than 10 m, but proportionally fewer fish were seen in these
deeper areas.

Water depth at the point of observation also had a significant effect on the density of forage
fish. Sampled areas in the river channel transects were 1-34 m deep with a mean sampling depth
of 9 +£ 5 m. Here, forage fish density was highest in waters 2-5 m deep (Figure 2.4). There
is another peak in density at depths greater than 21 m, but this effect is likely exaggerated due
to the small sample size, especially in waters deeper than 23 m. This assumption is supported
when looking at the 95% confidence interval for deeper waters; it extends both above the highest
density seen in the habitat and below the mean density for the entire study area. Sampled areas
in the creek transects were 1-6 m deep, with a mean sampling depth of 4 & 1 m. The effect of
water depth on fish density in the creeks was much more straightforward, with a positive effect
on density seen for all areas less than 5 m deep (Figure 2.4).

Pairwise differences in fish density in the artificial dataset across depth strata representative

of different sampling methods were then tested. Because habitat type was an important explana-
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tory factor for forage fish density, we split the simulated data into six groups— shallow (0.1-1.24
m), medium (1.25-4.00 m), and deep (> 4.00 m) — within both the creek and river channel
habitats. Pairwise comparisons of these groups showed that the shallow channel group differed
significantly from all other groups; this is likely because only 2 of 999 simulations produced a
non-zero result. The medium channel group differed significantly from only the shallow chan-
nel group, and the deep channel group differed significantly from all groups except the medium
channel group. The shallow creek group had the highest variance and group mean of all group-
ings and was significantly different from all groups except the medium channel. The medium and
deep creek groups were significantly different from all groups except the medium channel group

and each other.

2.4.3 Seasonal variation

Forage fish density throughout the whole study area varied monthly. Mean fish density in
May was 0.001 & 0.006 individuals m™. Density increased to 0.005 % 0.040 individuals m™ in
June, 0.012 + 0.050 individuals m™ in July, and 0.027 & 0.106 individuals m™ in August. Using
sampling event as a predictor variable allowed us to roughly examine differences in forage fish
density across the two sampling years. In 2016, 8 sampling events were completed. In 6 2017,
9 sampling events were completed. The sampling event smoother function included in the GAM
was given 17 knots to match the 17 events. In the river channel, forage fish density was higher
than the mean density across the study period for May through early June sampling events in
2016 (sampling events 1-4) and mid-June through late July sampling events in 2017 (sampling

events 9-14). Note that in 2017, no samples were taken in May. The first two cruises in 2016,
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(sampling events 1 and 2) had the highest forage fish density over the mean. Creek habitat showed
a different pattern of fish density across sampling events. In 2016, only sampling event 3 showed
a higher forage fish density than the mean. In 2017, all sampling events after June 8 (sampling
event 9) had higher fish density than the mean. Recall that only one creek transect was sampled
in 2016, while in 2017 sampling was expanded to include three total creeks. When data included
in the GAM is limited to only the three transects taken in both sampling years, the pattern of
results does not change.

The month smoother function was included in the GAM to examine the variation of forage
fish density across each sampling month without considering annual variation. It was given 4
knots, therefore allowing each sampling month to influence the overall pattern of the smoother
function. In the river channel habitat, forage fish density was lower than the mean density across
the study period until late June (Figure 2.4). After approximately June 20th, fish density reached
the mean across the study period and continued to climb at a gradual rate. Forage fish density
in the creek habitats is approximately equal to the mean fish density for all four months but is
slightly less than the mean until early July (Figure 2.4). After this point, fish density increases
slightly over the mean density. When these results are checked against a GAM with data input
limited to the three transects taken in both sampling years, the pattern again does not change.

Comparing pairwise differences in fish density through the nested sampling event and
month variables in the artificial dataset is more difficult due to the sheer number of groups that
must be compared (34 total groups, 17 sampling events per habitat). However, it is immediately
clear from Figure 2.4 that fish density in the creek habitats was higher in the latter half of the
2017 sampling season compared to the other sampling events. In river channel habitats, fish den-

sity was highest in the early sampling events in 2016, with a smaller density peak in the early
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sampling events in 2017. The artificial dataset showed the 10 highest group densities to all be
within the creek habitat. The highest of all group means is seen in the creek habitat on the 15th
sampling event, which corresponds to mid-August 2017. Pairwise comparisons of all sampling
events for both habitat types can be found in the supplementary materials (Tables SM1, SM2,

SM3).

2.5 Discussion

The distribution and density of forage fish across the Patuxent River waterscape were found
to vary significantly with temporal (monthly and annually) and spatial (water depth, habitat, and
distance from “source points”) factors. The highest fish density and the majority of non-zero
density patches were observed in areas with a maximum depth between 1 and 6 m, most of
which are within the creeks. Creeks are rarely sampled for forage fish in the Maryland portion
of the Chesapeake Bay, but our surveys provide compelling evidence that they are important
habitats. Regardless of depth, the creek habitat had a higher density and variance of the forage
fish population than the river channel habitat. Though the creek and river channel habitats are
adjacent and highly connected on a hydrological level, our results indicate fine-scale differences
in habitat utilization. These differences should be considered when designing sampling surveys
to observe forage fish abundance and distribution.

Through sonar imaging surveys and generalized additive modeling, we have found that for-
age fish density varies considerably across habitat type, month, river distance, and water depth.
This variation is not likely to be well accounted for in sampling methods with highly restrictive

deployment requirements and few sampling locations, such as beach seines. Midwater trawls are
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also likely to report dampened variance of forage fish density compared to our findings due to
their omission of shallow, narrow, and densely populated creek environments. Dampened vari-
ability reported in indices of abundance could lead to the forage fish populations being perceived
as relatively stable and consistent when in truth they fluctuate widely on multiple spatial and
temporal scales.

Though indices of abundance relative to fishing effort created across a whole ecosystem
may provide a robust enough estimate of population abundance for some management efforts,
there is great utility in developing an understanding of the fine-scale spatial variation in popu-
lation distribution and abundance. Bias in trends of abundance could be due to spatial hetero-
geneity of a species’ distribution, and this bias could be reduced with the inclusion of spatially
explicit and high-resolution survey data (Babcock et al., 2005). This kind of information would
be highly valuable in ongoing attempts to create ecosystem-based fisheries management plans
for menhaden, as it is difficult to balance the yield of various fisheries with the population of
menhaden left in the water for ecosystem services without an accurate picture of population size
and distribution.

Variation in forage fish density among the three creek habitats could be driven by variation
in hydrographic features. Slight differences in the physical properties of each creek, such as the
ratio of creek mouth depth to width, surrounding land use, freshwater input, and bottom substrate
may lead to variation in flow and turbidity. These factors lead to heterogeneous spatial structure
in the distribution of phytoplankton and, in turn, drive spatial variation in the distribution of
forage fish. For example, forage fish density is often highest in Hellen Creek. This creek is the
shortest and shallowest transect sampled and is surrounded by mainly agricultural and forested

land, leading to allochthonous resource input and retention. More sampling and hydrographic
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modeling will need to be conducted to determine the strength of this relationship between creek
hydrographic features and the density of forage fish.

Forage species such as Atlantic menhaden have long been known to have high annual
variability in population recruitment. Annual variability in the strength of forage fish year classes
could be affected by several climate and hydrographic factors, especially those that alter larval
transport into estuarine nursery grounds and the conditions of food availability in those nurseries.
Though a longer time series is needed to draw robust inferences on patterns of annual variation,
our results indicate increased forage fish density across the whole study area in 2017 as compared
to 2016. The difference in forage fish densities across both sampling years can be seen especially
when comparing the results of the river channel month and sampling event GAM smoothers.
Forage fish were present in approximately 14% of spatial bin observations in 2016 and increased
to 25% in 2017. Most observations of fish in 2017 occurred in either July or August. This shift in
the spatio-temporal distribution of forage fish could lead to the patterns in smoother terms seen
in the GAM output.

Forage fish density was higher in all creek transects than both river channel transects, re-
gardless of the month. Forage fish are seen in relatively low densities in all habitats early in the
growing season (May and June) and increase in density through the end of the sampling period
(late August). This increase in density through the season could be indicative of juvenile forage
fish recruiting to the ARIS survey. Bay anchovy spawning begins in mid-May and peaks in July.
Surviving larvae can grow anywhere from 0.30 to 0.85 mm day-1 depending on environmental
conditions and would reach the juvenile stage beginning in mid-June (Jung and Houde, 2004;
Zastrow et al., 1991). Anchovy spawned at the peak in mid-July would reach the juvenile stage

in mid-August. Increasing forage fish density later in the summer could also be indicative of ju-
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venile menhaden migrating downstream to the study sites from their oligohaline larval and early
juvenile nursery sites.

As stated earlier, we expect hydrographic differences in spatially explicit areas of our sur-
veyed area are what drive differences in forage fish abundance and distribution. A major factor
defining these hydrographic differences would be water depth. Creek transects tended to be much
shallower than the river channel transects and have a higher abundance of forage fish. In these
creeks, forage fish density was highest in areas shallower than 5 m. Sampled areas in the creeks
deeper than 5 m still had forage fish density relatively close to the mean across the whole study
area. Approximately 96% of the sampled area in the creeks was shallower than 5 m, with the
maximum creek depth being 6.3 m in St. Leonard Creek.

River channel habitat had very different patterns for forage fish density. Generalized addi-
tive modeling results expected areas shallower than 2 m to have a much lower density than the
rest of the sampled area, albeit with high uncertainty due to low sampling frequency. Most of the
river channel area is well beyond 2 m deep, with only narrow nearshore bands being this depth or
shallower. This result suggests that beach seine survey methods may under-represent the abun-
dance of some forage fish species, especially in river channel habitat. This result could be further
refined with more sampling of these shallow regions, especially as there may be some difference
in species composition in these areas. For example, mummichogs (Fundulus heteroclitus)and
Atlantic silversides are likely to be most common in the shallowest habitats where seines can be
effective, but menhaden and bay anchovy may not be present as frequently there. Forage fish are
seen in higher densities in the deepest river channel waters (> 21 m), though again low sampling
frequency leads to high uncertainty. Water this deep occurs in a thin strip with a steep slope in
the center of the South Patuxent transect, as well as in a few patches in the center of the North
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Patuxent transect.

This study emphasizes the importance of quantifying forage fish spatial distribution, then
creating long-term survey designs from this knowledge. A baseline understanding of forage fish
habitat usage and distribution in estuaries is vital as climate change and other anthropogenic
forces rapidly alter these shallow, often highly urbanized regions. Nutrient loading, time-shifted
temporal cues, altered precipitation patterns, and increased usage of hardened shorelines may
change habitat quality even more quickly in small, shallow creeks. Climatic regime shifts such as
the North Atlantic Oscillation (NAO) and Atlantic Multi-Decadal Oscillation (AMO) may also
affect hydrodynamic transport processes that deliver coastal-spawning Atlantic menhaden larvae
to estuarine nursery grounds (Austin, 2002; Simpson et al., 2017; Wood and Austin, 2009). These
environmental factors may have complex, synergistic relationships that make forecasting shifts
in forage fish population and habitat usage very difficult. Currently, there is some evidence of
low recruitment success of juvenile menhaden stocks in the Chesapeake Bay as compared to the
historic average, but there are no satisfactory explanations of the cause of this decrease (ASMFC,
2017; Houde, 2011; SEDAR, 2015). It is further unclear if the lower recruitment success is
a matter of decreased larval transport into the Bay or decreased survival of larvae to juvenile
stages once in nursery grounds. Acoustic surveys of juvenile menhaden abundance through their

growing season and across their utilized habitat may shed some light on this issue.

2.5.1 Conclusions

Sonar imaging surveys give a far more descriptive and comprehensive explanation of for-

age fish habitat usage and density across the Patuxent River than traditional trawling and seining
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methods. Though we recognize the importance of preserving the consistency of longstanding
time-series data, it is clear that traditional methods omit or under-sample areas with high forage
fish density, and instead likely incorporate inconsistent bias into annual relative indices of abun-
dance. We recognize that sonar imaging surveys have limitations as well; data processing alone is
a huge challenge due to the sheer number of images that must be processed. Effectively sampling
extreme nearshore shallow regions is also a difficulty due to the survey boat draft and the cam-
era’s minimum focus distance requirements. Vessel avoidance rates are relatively unknown and
may be spatiotemporally variable. However, advances in computer science fields such as machine
learning are quickly improving the performance of automated image processing procedures, and
thus it will soon be possible for sonar image data to be processed on a similar time scale to
net-generated catch data. Other advances in deployment technologies like autonomous surface
vehicles will likely lead to increased access to shallow areas, and concurrent video-equipped
drone deployments may allow us to quantify the avoidance of fish in surface waters. Therefore,
we recommend current forage fish surveys in the Chesapeake Bay, especially those with the in-
tent of developing juvenile menhaden indices of abundance, be supplemented with sonar imaging

surveys in shallow waters to improve accuracy and reduce bias.

2.6 Funding

Lankowicz and Bi were supported by the National Science Foundation [grant number

1602488].

49



2.7 Acknowledgements

The authors thank Edward Houde and two anonymous reviewers for their feedback and
suggestions on improving this manuscript. The authors also thank Suzan Shahrestani, Linlin
Wang, Nathan Hirtle, Nikelene McLean, and Gang Lin for their assistance in fieldwork and

image processing.

50



Chapter 3: Characterizing juvenile Atlantic menhaden (Brevoortia tyrannus)

distribution and schooling in shallow estuarine waters

3.1 Abstract

Forage fish are a major food source for a diverse array of economically valuable and cul-
turally important predators. The spatial distribution of forage species is driven by numerous and
often interacting biological and environmental factors, which leads to a patchy distribution of
forage fish arranged into discrete schools. There is a lack of fine-scale in situ fish distribution
and schooling characteristics data, particularly in shallow waters that are not sampled well by
net-based gear. To address this knowledge gap, an Adaptive Resolution Imaging Sonar (ARIS)
was used to observe juvenile Atlantic menhaden (Brevoortia tyrannus) within the Patuxent River
and three connected shallow creeks in the summers of 2016 and 2017. The resulting data were
used to identify schools of menhaden and determine school morphological characteristics and
spatial pattern. An increasing abundance of individual menhaden and an increasing number of
discrete menhaden schools were observed over the summer season. Differences in the number of
menhaden individuals and schools between the creek and river channel habitats were identified;
more menhaden individuals and more menhaden schools were found in the creeks. Two Gener-

alized Additive Models (GAMs) highlighted water depth and month as important environmental
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drivers of menhaden school spatial density and patterns. Finally, a simple clustering coefficient
was used to determine the spatial pattern of menhaden schools within the study area, and schools
were found to be clustered together rather than randomly or uniformly dispersed. This study
highlights how juvenile menhaden school morphological characteristics, spatial density, and spa-
tial patterns can change with fluctuations in population size, as well as between spatially close
but distinct habitat types. These findings on menhaden could be useful in understanding seasonal

and habitat-dependent distributions of similar estuarine forage fish species.

3.2 Introduction

The distribution of a species is described by the density and pattern of organisms through
space. Density is a measurement of the concentration of organisms in a defined area, and spa-
tial pattern describes whether organisms or groups of organisms are positioned in predictable
arrangements. Ecological studies have found that organisms are not naturally arranged either at
random or in a uniform fashion, but rather in identifiable spatial patterns such as patches and
gradients (Legendre and Fortin, 1989; MacArthur, 1972) The formation of these patterns implies
the existence of one or more underlying repetitive processes which should be both measurable
and relatively predictable (MacArthur, 1972). It is well-established that both environmental vari-
ability and biotic interactions affect species distribution by producing highly complex patterns at
multiple spatial and temporal scales (Wisz et al., 2013).

Estuaries, as the confluence of fresh and marine waters, are among the most spatially di-
verse and dynamic ecosystems on the planet (Vinagre et al., 2017). From both an ecological and

economic perspective, forage fish may be the most important organisms in estuaries and coastal
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marine ecosystems. Forage fish is a general term for several small- to medium-sized, highly
abundant, and planktivorous fish species that occupy intermediate trophic levels and therefore
facilitate energy transfer from lower to higher trophic level species (Bakun et al., 2010; Pikitch
et al., 2012). They are integral to the diets of a diverse array of species including pinnipeds,
cetaceans, seabirds, and several life stages of piscivorous fishes (Hartman and Brandt, 1995; Luo
and Brandt, 1993; Pikitch et al., 2012, 2014; Walter III and Austin, 2001; Weise and Harvey,
2008; Wood and Houde, 2003). Forage fish landings are among the most voluminous and valu-
able in the world; in 2006, they were estimated to be worth $5.6 billion annually and support
other fisheries worth an additional $11.3 billion (Pikitch et al., 2012).

Schooling, or aggregation with synchronized and polarized swimming behavior (Pitcher,
1986), is common among the numerous species of forage fish (Pikitch et al., 2012). Forage fish
are rarely seen alone (Fréon et al., 2005). Schooling is, therefore, an important consideration in
defining the spatial patterns of forage fish. The spatial pattern and density of schools are affected
by local and regional abiotic drivers such as thermal structure (Fréon et al., 2005; Kimmerer et al.,
2009), turbidity (Borner et al., 2015; Kimbell and Morrell, 2015), tidal condition and current
speed (Zamon, 2003), habitat and habitat complexity (Rodriguez-Pinto et al., 2020; Szedlmayer
and Able, 1996), oxygen concentration (Domenici et al., 2017), and water depth (Blaber and
Blaber, 1980). Behavioral drivers such as predation pressure and intraspecific competition for
food resources also play a role in structuring fish distribution across multiple spatial scales (Hixon
et al., 2012). The combination of these drivers results in “patchy” patterns of forage fish schools,
with concentrations of schools found within favorable areas of heterogeneous environments.

Forage fish aggregation can be described by five levels of increasing complexity: 1) indi-
viduals, 2) schools of individuals, 3) clusters of schools, 4) concentrations of clusters and 5) the
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entire stock (Fréon et al., 2005). The dynamics of these aggregative levels are highly variable
and the links between them are poorly understood, in part because spatial fisheries ecology has
focused on examining large shifts in abundance by averaging demographic and distribution data
over large spatial scales (Ciannelli et al., 2008; Mason and Brandt, 1999). Modeling efforts and
laboratory experiments have provided information at the individual level (Parrish and Turchin,
1997; Viscido et al., 2004), but there is limited in situ information at the school level (Beare
et al., 2002). This is particularly true in shallow water environments, where water depth limits
data collection by longstanding net-based methods (Lucca and Warren, 2018). Fine-scale distri-
bution data needed to address this data gap is on the scale of centimeters to tens of meters, which
is difficult to parse out of more aggregative data collection methods and can be challenging to
collect on its own without disrupting the target species. This lack of data could cause a potential
misrepresentation of the mechanisms and relationships that regulate fish survival, abundance, and
distribution (Ciannelli et al., 2008), which could further impact the assessment and management
of fish populations (Beare et al., 2002; Lucca and Warren, 2018; Pitcher et al., 1996).

Incorporating fine-scale, school-level information to what is already known about the spa-
tial pattern, density, and extent of forage fish species could contribute to accurate assessments of
population size and distribution. This information could potentially elucidate some of the under-
lying local and regional mechanisms that act upon spatial pattern (Bartolino et al., 2017). In turn,
more detailed information about drivers of forage fish spatial pattern could assist in designing
more efficient surveys and creating better predictive models of distribution shifts in a changing
climate (Bartolino et al., 2017). Understanding fish spatial pattern at all relevant scales and aggre-
gation levels also has implications for observing and understanding trophic interactions, feeding
energetics, and reproduction (Bartolino et al., 2017; Curtis, 2004).
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The principal objective of this study was to quantify fine-scale (meters to tens of me-
ters) changes in spatial density and pattern characteristics of juvenile Atlantic menhaden schools
(Brevoortia tyrannus, hereafter: menhaden) with regard to both local and regional environmental
drivers and behavioral drivers. Juvenile menhaden were selected as the species of interest for
this research because they are among the most abundant species in the Chesapeake Bay (Jung
and Houde, 2003; Wood and Houde, 2003) and because they were the forage species most com-
monly seen at the water surface while collecting data and most commonly identified within the
dataset. Discrete schools of menhaden were identified and the number of individuals per school,
length per school in meters, and distance between nearest observed neighboring schools (NONS)
in meters were quantified in two habitats and three sampling months.

Generalized additive models (GAMs) were constructed to identify the effects of the en-
vironmental and behavioral drivers of these fine-scale menhaden schooling characteristics. Be-
havioral drivers included in statistical modeling efforts were the distance between NONS (Over-
holtz, 2002) and the density of fish within a school (individuals per unit area) (Haugland and
Misund, 2004). Local and regional environmental drivers included in statistical modeling efforts
were tidal stage (Zamon, 2003), water depth (Blaber and Blaber, 1980), habitat ((Szedlmayer
and Able, 1996), and month (Szedlmayer and Able, 1996). Previous research conducted in the
study area concluded that the density of menhaden was spatially variable between habitats and

temporally variable among sampling months (Lankowicz et al., 2020).
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3.3 Methods

3.3.1 Study area

This study took place in the river channel and associated creeks of the Patuxent River,
which is a western-shore tributary of the Chesapeake Bay (Figure 3.1). The Patuxent River is
approximately 80 km long and increases in salinity from freshwater conditions at its headwaters
to mesohaline conditions at its mouth (salinity 12-18 ppt). Data collection focused on river km
5-12, which is a mesohaline and tidally-influenced area with multiple connecting shallow creeks.
The Patuxent River channel was characterized by the North Patuxent and South Patuxent cross-
channel transects, which sampled relatively deep waters (North Patuxent mean sampling depth:
7.2 m, South Patuxent mean sampling depth: 10.7m). The transects were similar in length. Both
transects end at a creek mouth; the North Patuxent connects to St. Leonard Creek at its eastern
endpoint and the South Patuxent connects to Cuckold Creek at its western endpoint. The physical
characteristics of these two transects are similar enough to group them as a single habitat type,
referred to here as the river channel habitat.

The three largest creeks connected to this area of the Patuxent River were also sampled:
St. Leonard Creek (mean sampling depth 4.2m), Hellen Creek (mean sampling depth 2.8m), and
Cuckold Creek (mean sampling depth 3.8m). The St. Leonard Creek transect was the longest in
all sampling efforts. Hellen Creek was often the shortest, closely followed by Cuckold Creek.
All three creeks are much narrower and shallower environments than the Patuxent River channel.
Because the creeks were similar in their physical characteristics, they were grouped and referred

to as the creek habitat.
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Figure 3.1: Position of the study area in the Chesapeake Bay region (A) and location of the five
transects within the study area (B). The North and South Patuxent transects characterized the
river channel habitat, while St. Leonard, Hellen, and Cuckold Creek transects characterized the

creek habitat.

3.3.2 Data collection

Two ARIS systems were utilized during the two-year study period. The ARIS 1800 was

deployed across the North and South Patuxent transects and the St. Leonard Creek transect from

June to August of 2016. Transects were sampled approximately twice every month. Most data

were collected using a 1.8 MHz frequency with an average downrange resolution of 5.8 mm

and a maximum range of 15 m. The ARIS 3000 replaced the ARIS 1800 in the 2017 sampling
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season due to its increased image resolution. Data were collected at least twice monthly from
June to August of 2017 in the three original transects, plus Cuckold and Hellen Creeks. The
ARIS 3000 uses an identification frequency of 3.0 MHz at ranges of less than Sm and a detection
frequency of 1.8 MHz at 5-15 m. Both frequencies can resolve images in the near field to 2.9
mm. Data collected using the ARIS 3000 averaged a downrange resolution of 2.9 mm and a
maximum range of 6 m. For both sampling years and camera types, 12-15 images were collected
per second. More information on the specifics of each ARIS camera model and beam array can
be found in Lankowicz et al. Lankowicz et al. (2020).

It is unlikely that the change in the camera model or maximum sampling range would
affect sampling efficiency. Juvenile menhaden are expected to be 50-80 mm long (total length)
in June (Annis et al., 2011), which is much larger than the average resolution per pixel (5.8
mm) of both cameras. The resolution of all recorded images is sufficient for an expert to count
the individual menhaden, especially given their large size relative to resolution per pixel. The
maximum camera range was reduced in 2017 because an exploratory analysis of the 2016 data
found very few schools of fish deeper than 6 m. Therefore, the tradeoff in image quality for
decreased sampling range was preferable, and the likelihood of falsely observing no menhaden
in an area where they were present was minimal.

Both ARIS cameras were mounted on a polearm fixed to the side of a small research vessel
and held approximately 0.25m deep and at a 35-50° angle relative to the surface. This angle
allowed for increased sampling volume as compared to a fully vertical deployment, and unlike a
fully horizontal deployment allowed for a cross-section examination of fish distribution through
the vertical water column. The research vessel moved at approximately 1 m s~ 1 while recording

to avoid compromising image quality. A handheld GPS unit (Garmin GPSMAP 64s, Garmin Ltd.,

58



Ottawa Canada) recorded the location every 10-15 s. Once recorded, GPS data were interpolated
to provide geolocation information for every ARIS image.

After data collection, tidal information for the study area was downloaded from the Na-
tional Oceanographic and Atmospheric Administration’s Center for Operational Oceanographic
Products and Services. Water level is recorded every six minutes from the Chesapeake Biologi-
cal Laboratory research pier, which is near the southern edge of the study area. Water level was
interpolated to the second and used to assign every ARIS image a tidal stage identifier; either

rising or falling tide.

3.3.3 Data processing

ARIS data collection results in hundreds of thousands of still images. ARISFish software
(Sound Metrics Corp., Bellevue, WA) was used to view the target objects in these images and
identify possible menhaden. A 3cm filter was applied to the images to remove background noise
and highlight target objects that could be menhaden. One reader manually identified and counted
the target images in each filtered ARIS image. Juvenile menhaden are expected to be 50-80 mm
long (total length) in June and grow to 100-180 mm (total length) by the end of August (Annis
et al., 2011). Objects outside of this seasonal growth curve were not considered to be menhaden
and thus not counted. Further, juvenile menhaden are schooling fish and are rarely seen alone
(Fréon et al., 2005). If a target object of appropriate size was tracked across sequential images but
remained alone, it was not considered to be a menhaden. Only ARIS images with more than two
target objects of an appropriate size that were tightly clustered and oriented in the same direction

were considered to have possible menhaden. The menhaden seen in every ARIS image were
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counted and recorded.

The spatial organization of individual menhaden into schools is clear in the ARIS data
(Figure 3.2). Schools would first present in an ARIS image as a few densely-packed target objects
oriented in the same direction. In the following several images, the number of target objects
would quickly grow to be upwards of 100 individuals of similar size. Schools would pass through
the ARIS field of view and eventually, all individuals would move beyond the edges of the camera
range. As such, schools were defined as an aggregation of target objects of an appropriate size in
a continuous series of more than two images.

After potential schools were identified, discrete schools had to be separated. A discrete
school was defined as a potential school with 15 or more images devoid of menhaden immediately
preceding and following it. If fewer than 15 images separated potential schools, it was assumed
all imaged fish were within a single partially-sampled school, and the full shape of the school
did not match the ARIS field of view. The 15-image separation results in a temporal separation
of at least one second and spatial separation of at least one meter between discrete schools. This
distance was chosen because the maximum voluntary sustained swim speed of juvenile menhaden
has been estimated at 2.5 body lengths per second (Durbin and Durbin, 1975; Durbin et al., 1981;
Friedland et al., 1984). Menhaden have been observed to swim faster, but only in laboratory
flow-through experiments (Hartwell and Otto, 1978). It is unlikely that menhaden in natural
environments would sustain high swim speeds along the transect paths; if they are not disturbed
by the sampling method they would not likely deviate from natural behavior, and if they are
disturbed by the sampling method they would move away from the perceived threat. Thus, since
the largest menhaden observed were approximately 17 cm, at a swim speed of 2.5 body lengths

per second the maximum displacement of an individual is approximately 42.5 cm per second. As
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Figure 3.2: ARIS image of a partial school of juvenile Atlantic menhaden. The aggregation,
bounded by a rectangle, consists of approximately 60 individuals averaging 7cm in length. Near-
surface and river bottom are indicated on the image. Numbers along the edges of the ARIS field
of view indicate distance from the camera lens.

the research vessel was moving approximately 1 meter per second and the ARIS was collecting
12-15 images per second, a separation of 15 images is enough to avoid labeling one school of

fish as multiple schools. It also follows that as expected menhaden swim speed is slower than
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the speed of the research vessel during data collection, so it is unlikely that the same school of
menhaden is encountered more than once along a transect.

Accurately determining the number of individuals in each identified school requires a
mechanism to correct for the artificial population inflation caused by the high temporal frequency
of data collection (12-15 images s~ 1) outpacing the movement speed of the menhaden, resulting
in the same individual being observed in multiple sequential images. The method chosen was
a simple calculation of spatial overlap between sequential images (Figure 3.3). GPS data were
interpolated to determine the distance traveled in every image. Each ARIS image is approxi-
mately trapezoidal. The area sampled per image, the minimum range of camera field of view,
distance to the river bottom or maximum range of camera field of view (whichever is closer), the
orientation of the camera relative to the surface and research vessel, and the internal angles of the
beam array are all known. Therefore, the (x, y) coordinates of the vertices of each image can be
calculated as if they are in a Cartesian plot and the overlapping space between sequential images
can be determined. It is important to note that in 2016, the ARIS was oriented perpendicular to
the direction of travel along a transect. This means the overlap between sequential images would
occur in the wider (28°) plane of the trapezoidal prism created by the beam array. In 2017, the
camera orientation was changed to be in the same direction as travel along a transect for increased
image quality, causing spatial overlap in sequential images to occur in the narrower (14°) plane of
the beam array. MATLAB (MathWorks, Natick MA) was used to calculate the spatial position of
image vertices given the field of view dimensions, boat speed, and geographic position. Polygons
representing each ARIS image were plotted and the area of overlap between sequential images
was calculated. Finally, the ratio of overlap between sequential images was calculated as the area

of overlapping space between two sequential images divided by the total area of the first image.
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Figure 3.3: Illustration of overlapping sequential ARIS frames when imaging forage fish (A).
Fish in the overlapping (darker) portion are counted in both frames, and thus a correction must
be applied to remove the replication. (B) shows the outcome of this correction, in which multiple
sequential frames are smoothed with areal overlap corrections to create a more accurate count of
fish observed.

Calculating the number of fish in each observed school was also a multi-step process. The
first, middle, and last images taken of each school were identified. It was also necessary to
identify the image within each school with the highest number of individual fish, which was
labeled the “maximum instantaneous abundance.” This image was used as the starting point to
calculate school abundance because the total number of fish observed in a school cannot be
lower than the maximum instantaneous abundance. From this starting image, “new” fish seen
in sequential images were calculated by moving through the images in each school sequentially,
multiplying the number of fish observed in each image by (1 — overlap ratio). Because the image
with maximum instantaneous abundance was often in the middle of a school, this process needed
to be done both forward and backward through the sequence of images that makes up a school.
“New” fish seen in each image per school were summed and added to the maximum instantaneous
abundance, then rounded to the nearest integer. This procedure resulted in the approximation of

the number of fish observed in each school and removed over-counting attributable to a fish being
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observed in multiple sequential images.

Length per school was calculated as the distance between the geolocations of the first and
last images per school interpolated from GPS data. Distance between NONS was calculated in
R (R Core Team, 2021) using functions in the geosphere package (Hijmans, 2019). Potential
neighboring schools were limited to schools within the same transect area and sampling date.
This limitation was imposed to avoid artificially inflating the distance between NONS when the
closest identified school was in a different transect area, which could be separated from the target
school’s transect area by unsampled areas or land. If the calculated length of a school or calcu-
lated distance between NONS was equal to 0, it was considered a measurement error due to either
the accuracy of the handheld GPS (reported accuracy to 3 m) or an issue with the frequency of
recording data. These schools were removed from the results. Water depth at the midpoint of
observation of each school was interpolated from NOAA hydrographic survey 6877 (National

Oceanographic Service, 2012).

3.3.4 Statistical Methods

3.3.4.1 Generalized Additive Models

With only two years of sampling data, it is difficult to achieve a robust quantification of
inter-annual variability in menhaden abundance and schooling metrics. Therefore, data from
both years were pooled for analysis. Data collection and processing resulted in information on the
number of fish in each school, the length of each school, and the distance between NONS. These
drivers of spatial pattern are at least partially affected by fish behavioral mechanisms related to

schooling, and so they were labeled behavioral drivers. Information was also available on the
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habitat type, month, water depth, and tidal stage in which each school was observed, which were
considered environmental drivers. The number of fish per school variable and length of school
variable were found to be highly correlated (Spearman correlation = 0.68). Including both terms
in statistical modeling would result in structural collinearity. Thus, for modeling purposes, a
composite school density variable was created by dividing the number of fish per school by the
length of the school.

Generalized Additive Models (GAMs) are flexible and commonly-used tools for modeling
fish population and spatial dynamics (Bartolino et al., 2017; Brady and Targett, 2013; Buchheis-
ter et al., 2016; Ciannelli et al., 2008). Two GAMs were created to model menhaden school
spatial patterns and characteristics. The first GAM relates a set of environmental and behavioral
drivers to the within-school density of menhaden. The second GAM relates these drivers to the
distances between NONS. Given the wide variation in spatial scale between the local (within-
school density) and regional (distance between NONS) response variables, creating two separate
GAMs was more appropriate than creating a single multivariate GAM. GAMs were fit using the
mgcv package in R according to standards set out in Wood (2017).

Autocorrelation, especially spatial autocorrelation, is a concern for data collected in con-
tinuous transects like the ARIS images in this study. To account for spatial autocorrelation and
avoid the violation of the independence of residuals assumption, a smooth of the spatial loca-
tions was included in both GAMs. Spline correlograms with 1000 bootstrapped resamples were
used to test for spatial autocorrelation as a continuous function of distance. Mantel tests were
used in place of spline correlograms when there were too few schools in a transect to fit a spline
correlogram.

The final variable included in the GAMs was a random effect to account for the stochasticity
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of schooling. Random effects are used to model the subject- or group-specific effects without
estimating an intercept for each subject or group. It was assumed each school was observed only
once and therefore a variable was created to group similar schools. The number of individuals
per school was chosen as this grouping variable. There is evidence that the number of individuals
in a school affects phenomena as varied as feeding success (Foster et al., 2001) and the likelihood
for that school to stay together or break apart (Niwa, 2004). Only 8% of all schools observed had
a unique number of individuals, and the remainder of schools had up to 46 other schools with the
same number of individuals. Schools with the same number of fish were grouped and assigned
the same level of a categorical school identifier variable.

Models were initialized with all possible explanatory variables and interaction terms. Resid-
uals of initial models indicated that the raw data had issues with homogeneity of variance and
normality, so all numeric variables were power-transformed. Backward selection was used to
remove non-significant terms. Candidates for removal were identified by examining the p-values
of the GAM outputs, determining the extent to which the confidence band for a smoother term
includes 0, and testing the significance of all terms. AIC and explained deviance were used to
compare all models. The model with the lowest AIC, highest explained deviance, and no remain-
ing non-significant terms was selected as the final model. Residuals of models were plotted and
examined for violations of independence, normality, or equality of variance assumptions. The

final models were:

Within-school density ~ s(lon,lat) + s(water depth) + s(distance between NONS) + interaction(habitat,
tidal stage) + interaction(month, tidal stage) + random effect(school identifier)

Distance between NONS ~ s(lon,lat) + s(water depth) + s(within-school density) + interaction(habitat,
tidal stage) + interaction(month, tidal stage)
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where s(...) represents a cubic spline smoother term. As stated earlier, within-school

density, the distance between NONS, and water depth were power-transformed before modeling.

3.3.4.2 Cluster Coefficient

A clustering coefficient was used to characterize the spatial pattern of menhaden schools
when more than 2 schools were observed in a transect on a single sampling day (Lucca and
Warren, 2019). The spatial pattern of menhaden schools could not be described across the entire
sampling area because the transects were not connected. Nor could spatial pattern be described
at a coarser temporal grain, as it would be inappropriate to treat schools observed on different

days as spatially proximate. The clustering coefficient was calculated as:

C _ MeanDDN
dt — MeanASD

where Cy, is the clustering coefficient, mean DNN is the mean distance between NONS of
all nearest-neighbor pairs within a transect on a single day, and mean ASD is the mean distance
between all schools within a transect on a single day. Distances between pairs of schools were
calculated in R. Cy; values range from O to 1. Values of less than 0.5 indicate a clustering pattern,

while values greater than 0.5 indicate uniform distribution.

3.4 Results

3.4.1 Descriptive statistics

We collected and examined 1,478,854 ARIS images over two years, which represents ap-

proximately 32.5 hours of real-time data collection. Menhaden schools were identified in 97,496
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of these images, representing approximately 7% of the collected images. After accounting for
the artificial population inflation of seeing the same individual in sequential frames, a total of
327,314 unique individuals were counted in the study area. These were assigned to 2,335 dis-
crete schools. Schools were comprised of 4 to 5,388 unique individuals, with a median of 58
individuals per school. School length ranged from 0.4 to 144.0 m, with a median length of 2.8
m. This resulted in a density of 3.1 to 599.9 individuals per meter, with a median density of 20.6
individuals per meter. Distance between NONS ranged from 1.4 m to 153.7 m, with a median of
10.0 m between neighboring schools.

Differences in these school metrics were noticed between the two habitat types and the
three sampling months. More schools were observed in the creek habitat as compared to the
river channel in every sampling month (Figure 3.4A). The number of total observed schools
increased in July and August as compared to June. Similarly, the abundance of individuals was
higher in the creek habitat as compared to the river channel in every sampling month (Figure
3.4B). Abundance increased every month from June to August. The power-transformed number
of individuals per school was higher in the creek habitat as compared to the river channel habitat
for every month and was relatively consistent between months (Figure 3.4C). Power-transformed
length of schools was relatively consistent between sampling habitats and months (Figure 3.4D).
Power-transformed within-school density was higher in the creek as compared to the river channel
every month, and within-school density peaked in July for both habitats (Figure 3.4E). Power-
transformed distance between NONS was shorter in the creek as compared to the river channel.
In the creek habitat, the distance between NONS decreased every month. In the river channel

habitat, the distance between NONS was relatively consistent between months (Figure 3.4F).
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3.4.2 Generalized Additive Models

Model selection for the within-school density GAM indicated that water depth was a sig-
nificant environmental predictor variable. Two environmental interactions were also significant:
the interaction of habitat and tidal stage and the interaction of month and tidal stage. Distance to
NONS and the random effect based on the number of individuals per school, which could both
be linked to behavioral mechanisms associated with schooling, were also retained as significant
predictors of within-school density. The spatial location smoother term (interaction of latitude
and longitude) was also retained as significant. The explanatory variables do not have issues of
collinearity. Significance for all terms in this model can be found in Table 3.1. Spline correl-
ograms, Mantel tests, and residuals from the final within-school GAM gave little evidence that
the data were spatially autocorrelated, which would have violated the assumption of indepen-
dence. Of the 48 sampled transects with more than two schools of fish, only 4 had residuals that
indicated spatial autocorrelation. The relationship of within-school density to the explanatory

variables was plotted (Figure 3.5).
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Figure 3.4: Monthly comparisons of juvenile menhaden school morphological characteristics by
habitat. A. Schools observed per month and habitat. B. Unique individuals observed per month
and habitat. C. Power-transformed number of individuals per school observed per month and
habitat. D. Power-transformed length of schools observed per month and habitat. E. Power-
transformed within-school density observed per month and habitat. F. Power-transformed dis-
tance between nearest observed neighboring school per month and habitat.
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Table 3.1: Terms for within-school density GAM

A. Parametric coefficients Estimate  Std. Error t-value p-value Sig.
(Intercept) -0.70951 0.00600 -118.188 < 0.0001 ***
Interaction(status, hab) rising.channel  0.01646 0.00559 2.946 0.0033  **
Interaction(status, hab) falling.creek 0.00834 0.00589 1.415 0.1572
Interaction(status, hab) rising.creek -0.00003 0.00600 -0.006 0.9955

B. Smooth terms edf Ref.df  F-value p-value Sig.
s(lon, lat) 7.738 10.34 4.269 <0.0001  ***
s(transf. water depth) 2.321 9.00 11.009 < 0.0001 %=
s(transf. dist. to n.n.) 3.628 9.00 14.626 < 0.0001 ***
s(random school effect) 323.819 444.00 6.735 < 0.0001 ***

Menhaden schools in shallower waters had significantly higher within-school densities than
the mean density across the whole study area, while schools in deeper waters had lower within-
school densities (Figure 3.5A). Back-transforming the water depth variable shows that the shift
from above the mean to below the mean occurred at approximately 4.0 m. The smoother term
for the power-transformed distance between NONS indicated it had a non-linear relationship
with within-school density. If the distance between two NONS was either near the minimum or
near the maximum, they had higher within-school density than the mean. Schools with nearest
observed neighbor distances near the median had lower within-school density than the mean
(Figure 3.5B). The back-transformation of this variable indicates that schools closer than 5.8 m
or further than 23.0 m from their NONS had higher within-school density.

The interaction of tidal stage and habitat used falling tide in the river channel habitat as the
reference level. Menhaden schools at rising tide in the channel habitat had significantly higher
within-school densities than the reference level, while schools in both rising and falling tides in
the creeks did not have within-school densities significantly different from the reference level.
Finally, the interaction between tidal stage and month used falling tide in June as the reference

level. Schools had significantly lower within-school densities on rising tides in July and August
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when compared to the reference level.

Model selection for the between-school distance GAM indicated that water depth, the in-
teraction between tidal stage and habitat, and the interaction between tidal stage and month were
all significant environmental predictor variables. Within-school density was also retained as a
significant predictor and is likely to represent behavioral mechanisms related to schooling. The
spatial location smoother term (interaction of latitude and longitude) was also retained as signif-
icant. The explanatory variables do not have issues of collinearity. Significance for all terms in
this model can be found in Table 3.2. Though the residuals of the final model did not indicate
a violation of the assumption of independence, spline correlograms and Mantel tests indicated
the presence of spatial autocorrelation. Of the 48 sampled transects with more than two schools
of fish, 21 had issues of autocorrelation that frequently presented as positive spatial autocorre-
lation at short distances (< 100m). The relationship of within-school density to the explanatory

variables was plotted (Figure 3.6).
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Menhaden schools in shallower water had shorter distances between NONS than the mean,
while schools in deeper water had longer distances between NONS (Figure 3.6A). The back-
transformation of the water depth variable indicates that this transition occurs around 4.0 m. The
smoother term for power-transformed within-school density indicated that schools with a higher
within-school density would have longer distances between NONS than the mean. Schools with
lower within-school density would have shorter distances than the mean (Figure 3.6B). The back-
transformation of this variable indicates that the transition occurs around 33 individuals per meter.
Schools at falling tides in the river channel were used as the reference level for the interaction
of tidal stage and habitat. Schools at falling tide in the creek had significantly shorter distances
between NONS than the reference level (p<0.001), while schools at rising tides in both the creek
and channel habitats were not significantly different from the reference level. Schools at falling
tides in June were used as the reference level for the interaction between the month and tidal
stage. Schools in all other levels except for those at rising tides in June had significantly shorter
distances between NONS than the reference level (Table 3.2). The output for the rising tide-June
combination indicates there is not a big enough sample size to make a comparison to the reference

level.

3.4.3 Clustering pattern

A total of 20 transects were sampled in 2016. Of the 20 sampled transects, 16 transects had
more than 2 observed menhaden schools and could be analyzed for clustering patterns (Table 3.3).
Of these, 15 had Cy; values less than 0.5, suggesting menhaden schools are spatially clustered.

One of these transects had a Cy value of 0.49, which is evidence of spatial randomness. The
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Table 3.2: Terms for distance between NONS GAM

A. Parametric coefficients Estimate Std. Error  t-value  p-value Sig.
(Intercept) -0.238349  0.021195 -11.246 < 0.0001 ***
Interaction(status, hab) rising.channel 0.026701 0.022623 1.180 0.238
Interaction(status, hab) falling.creek -0.114356  0.020870  -5.479 < 0.0001 ==
Interaction(status, hab) rising.creek -0.025422  0.026168 -0.971 0.331
Interaction(status, month) rising.June 0.000000  0.000000 NaN NaN
Interaction(status, month) falling.July -0.045673  0.009996  -4.569 < 0.0001 ***
Interaction(status, month) rising.July -0.112339  0.014156  -7.936 < 0.0001 *%**

Interaction(status, month) falling.August -0.077754 0.009454  -8.225 < 0.0001 ***
Interaction(status, month) rising.August  -0.189001 0.014896 -12.688 < 0.0001 ***

B. Smooth terms edf Ref.df F-value  p-value Sig.
s(lon, lat) 14.171 18.45 3468 < 0.0001 H**
s(transf. water depth) 4.317 9.00 4471 < 0.0001 ***
s(transf. within-school dens.) 2.543 9.00 1.908 < 0.0001 #**

Cg4 values were less than 0.1 for 8 transects, providing strong evidence for clustering within the
respective transects. Only one transect in 2016 had a Cy; > 0.5, which would indicate uniform
dispersion.

In 2017, 40 transects were sampled. Of all transects, 32 had more than 2 menhaden schools
and could be analyzed for clustering patterns (Table 3.4). Of these, 30 had Cy; values less than
0.5. One transect had a Cy value of 0.49, which is evidence of spatial randomness. The Cy,
values for 23 transects were < (.1, providing strong evidence for clustering along the transects.

Only 2 sampled transects in 2017 had Cy; values which indicated uniform dispersion.

3.5 Discussion

3.5.1 Qualitative assessment of school characteristics

Understanding the relationship between the fine-scale spatial pattern, density, and extent

of juvenile menhaden schools and the local and regional environmental and behavioral factors
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Table 3.3: C,; values for 2016 transects

Date  Transect n School Cg

08/11 St. Leonard Creek 100 0.018
08/26 St. Leonard Creek 119 0.019
07/28 St. Leonard Creek 77 0.023
06/28 St. Leonard Creek 76 0.036
07/14 South Patuxent 20 0.051
07/14 St. Leonard Creek 22 0.064
07/21 St. Leonard Creek 43 0.069
06/15 St. Leonard Creek 33 0.081
07/21 North Patuxent 19 0.109
07/14 North Patuxent 8 0.122
06/15 South Patuxent 10 0.129
08/11 North Patuxent 4 0.268
08/26 North Patuxent 4 0.389
07/21 South Patuxent 6 0.397
07/28 North Patuxent 6 0.495
08/26  South Patuxent 3 0.723

that act upon spatial pattern could improve assessments of the species’ population and spatial
dynamics (Bartolino et al., 2017). The abundance of juvenile menhaden individuals in the study
area peaked in August, mainly driven by an increase in abundance in the creek habitat. Peak
abundance of individuals in the river channel occurred in July. The number of schools in the
study area followed the same pattern; the highest number of discrete schools in the study area
occurred in August, although the highest number of discrete schools in the river channel occurred
in July. As similar transect lines were followed and similar amounts of data were collected during
sampling events, this observed increase in abundance is likely evidence of menhaden juveniles
moving downriver into the study area from the fresher upriver habitats in the Patuxent River they
inhabit as larvae.

Finding a higher frequency of both juvenile menhaden individuals and juvenile menhaden

schools in the creek habitat has implications for population survey methods. Previously, it was
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Table 3.4: C,; values for 2017 transects

Date  Transect n School Cg
08/11 St. Leonard Creek 204 0.011
08/31 St. Leonard Creek 130 0.014
07/18 St. Leonard Creek 136 0.015
08/11 Cuckold Creek 126 0.015
07/24 Hellen Creek 115 0.016
07/07 Cuckold Creek 104 0.018
08/31 Hellen Creek 136 0.018
07/24 St. Leonard Creek 94 0.019
08/11 Hellen Creek 118 0.021
07/18 Cuckold Creek 79 0.027
08/31 North Patuxent 18 0.027
07/07 South Patuxent 39 0.032
07/18 Hellen Creek 74 0.032
06/27 Cuckold Creek 47 0.034
07/24 Cuckold Creek 68 0.034
07/07 St. Leonard Creek 40 0.04
08/31 Cuckold Creek 45 0.045
06/27 St. Leonard Creek 37 0.053
07/18 North Patuxent 10 0.054
07/18 South Patuxent 12 0.068
07/24  South Patuxent 17 0.074
08/11 North Patuxent 18 0.075
07/07 Hellen Creek 33 0.079
07/24 North Patuxent 13 0.108
06/16 St. Leonard Creek 14 0.127
06/16 Hellen Creek 10 0.13
06/08 Cuckold Creek 13 0.137
06/16 Cuckold Creek 10 0.299
06/27 Hellen Creek 5 0.305
06/08 St. Leonard Creek 5 0.497
08/11 South Patuxent 4 0.531
06/08 Hellen Creek 3 0.617

found that juvenile menhaden are present at significantly higher densities in the creek habitat
compared to the river channel habitat (Lankowicz et al., 2020). The river channel has a larger
volume of water compared to the creek habitat, but it also has fewer schools comprised of either

approximately the same number of individuals or fewer individuals than schools in the creeks.
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A greater proportion of the population may reside in the relatively small creek habitat. It is also
possible that the increased relative sampled area in the narrow, shallow creeks as compared to
the river channel affects the frequency of menhaden observations. Regardless, the results provide
evidence that robust population estimates require surveys of shallow estuarine creek habitats.
The traditional understanding of menhaden school morphological characteristics through
net-based fisheries-independent survey methods and fisheries-dependent harvests is that schools
are vast in both geometric size and number of individuals. While this is true for adult and near-
adult menhaden in deeper waters, the schooling characteristics of earlier life stages in shallow
estuarine waters were not previously well described. Juvenile menhaden observed in the study
area were organized into many smaller schools (tens to hundreds of individuals) as compared to

a few extremely large schools (thousands of individuals).

3.5.2 Behavioral drivers of school pattern and morphology

The output from both the within-school density and distance between NONS generalized
additive models indicates that school morphological characteristics and spatial pattern are af-
fected by several local behavioral drivers. The within-school GAM indicated that grouping
schools by size and using these groups to simulate the random effects of schooling had a sig-
nificant effect on the model output. The number of individuals per school is expected to affect
processes such as feeding success (Foster et al., 2001) and the likelihood a school will stay to-
gether or break apart (Niwa, 2004). The structure of this variable as a random effect is similar
to previous approaches (Anderson, 1981) and indicates that schooling dynamics are dependent

on both the relative size of observed schools and random effects distributed over the range of
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those school sizes. The between-school GAM did not retain this variable as a significant factor,
perhaps because the spatial pattern of schools is affected more by the distribution of favorable
patches within a heterogeneous environment than the morphological characteristics of the school.
The within-school density GAM retained the power-transformed distance between the NONS
variable as a significant term. A relationship between within-school density and the number of
schools in a habitat area has been noted. Additionally, a relationship between the distance be-
tween NONS and the number of schools in a habitat area has been noted. The number of schools
in an area may link these two behavioral mechanisms, as schools with short distances to NONS
tended to have higher within-school density. The distance between NONS GAM retained the
power-transformed within-school density variable as a significant term. It has been speculated
that the size of a fish school affects the probability that it will break up or reform, which would
in turn affect the distance between NONS. Further, in the three-spine stickleback (Gasterosteus
aculeatus) group size has been found to affect the distance between nearest neighboring individ-
uals within a school (Ward et al., 2017), and drivers that shape the position of fish relative to
each other within a school could have emergent properties that result in the spatial structuring of
schools relative to each other. Behavioral drivers and their interactions likely affect the spatial
patterns of menhaden schools at both local and regional spatial scales. The use of within-school
density and distance between NONS variables in models both as response and predictor variables
(though not within the same model) is designed to both test the direct effects of one term on the
other, and to implicitly include the effects of behavioral drivers for which explicit information is

unavailable.
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3.5.3 Environmental drivers of school pattern and morphology

The output of both GAMs indicated that water depth and interactions between tidal stage,
habitat, and sampling month were significant environmental factors to model menhaden school
spatial pattern and schooling characteristics. Water depth, and likely habitat type, are linked to
a suite of other environmental variables, including temperature gradients, food availability, and
currents, all of which are known to affect the spatial distribution of estuarine fish (Spares et al.,
2012). The month variable likely encompasses temporal changes in several local and regional en-
vironmental variables that affect menhaden, like temperature (Ding and Elmore, 2015), dissolved
oxygen concentration (Scully, 2016), and phytoplankton prey availability (Marshall and Affronti,
1992). Month would also have a positive correlation to menhaden body length, as the individuals
grow through the season. Other studies relating fish schooling to the tidal condition have found
forage fish schools have higher densities at high tide (Couperus et al., 2016), which would corre-
spond to late flood periods through early ebb periods. However, lacking measurements for these

environmental variables, these relationships cannot be analyzed.

3.5.4 Spatial clustering of schools

Menhaden, like other forage fish, are known to have patchy spatial distributions across
heterogeneous environments (Gutiérrez et al., 2012; Haugland and Misund, 2004; Liang et al.,
2020). Menhaden schools are likely to cluster, especially in the creek habitat. Of the 60 tran-
sects sampled over both years, 48 had more than 2 schools of juvenile menhaden. Of these, 43
had cluster coefficients consistent with moderate to very strong evidence of schools arranged in

spatial clusters along the transects. Only 3 of the sampled transects had C; values indicative of
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uniform dispersal. These uniform dispersal patterns tended to occur in the river channel habitat (2
of 3 occurrences) and with few observed schools. The remaining 2 transects had C; values close
to 0.5, which would indicate spatial randomness along the transects. The tendency of menhaden
schools to cluster likely indicates that menhaden, either individually or as schools, are detecting
and responding to environmental and behavioral cues. Previous research indicates that phyto-
plankton distribution is a critical environmental driver of menhaden distribution (Friedland et al.,
1989, 1996). Output from the GAMs indicates that population abundance, within-school density,

and the distance between NONS, water depth, and tidal stage are among these cues.

3.5.5 Potential limitations

Fish schools are highly dynamic and likely to merge and break apart frequently in response
to environmental and behavioral cues (Pitcher et al., 1996; Soria et al., 1998). It is difficult to
observe and quantify in-situ schooling accurately using any instrument or sampling approach. As
with all studies, there are limitations to the ARIS instrument and sampling approach. While some
of the identified fish may be forage species other than menhaden, the combined evidence of visual
identification of menhaden at the water surface during data collection, previous stationary ARIS
studies of menhaden body shape (Shahrestani et al., 2017), previous stationary ARIS studies of
menhaden schooling behavior (Zhang et al., 2017), and seasonal size information for juvenile
menhaden give confidence that most of the fish identified in this study are juvenile menhaden.
Though the ARIS itself is a non-invasive sampling tool, menhaden, and other organisms may
attempt to avoid the boat motion and engine noise from the sampling vessel. The effects of vessel

avoidance are unquantified, so the scope of this potential limitation is still unknown.
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There is likely measurement error associated with the recording frequency and accuracy
of the handheld GPS, which is accurate to 3m. Schools that had clear measurement errors were
excluded from the analysis. However, the school length, density, and distance between NONS
variables might still contain some measurement error. The dataset also likely has some spatial
and temporal autocorrelation — menhaden schools close together in space and time could be in-
fluencing each other. This may increase the likelihood of type 1 error when comparing schooling
metrics.

The transect-based deployment of the ARIS can be considered an Eulerian approach, in
which individual fish must pass through a field of view to be considered. The distribution of
schools outside the field of view is unknown. Further, the behavior of the individuals and schools
before or after observation is unknown, and so it is uncertain if the size and morphology of the
schools are representative of a stable, ordered collective state or a less-stable transitional state
(Calovi et al., 2015; Tunstrgm et al., 2013). Further, schools larger in area than the field of view
will not be entirely captured. Schools that are equal to or smaller than the field of view must be
centered within the field of view, or they also will not be entirely captured.

Despite its limitations, fine-scale sonar imaging is a useful approach to observing the dis-
tribution of forage fishes in shallow estuarine environments. The results suggest that juvenile
menhaden schooling characteristics and spatial pattern are affected by a suite of local and re-

gional environmental and behavioral drivers.
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3.5.6 Conclusions

The sonar imaging techniques employed in this research allowed for a non-invasive and
quantitative determination of menhaden schooling morphology and distribution at a fine spatial
scale, and within an area where few previous assessments have been made. These data are both
novel and valuable. The characteristics, pattern, and abundance of menhaden schools observed
at fine scales and in heterogeneous environments can be aggregated and projected to predict dis-
tribution and abundance at larger scales. Further, the clear differences in menhaden distribution
by habitat type and with water depth are evidence that current survey methods for menhaden
in deeper waters should be augmented with surveys conducted in shallower habitats. Further-
more, these data collection and analysis methods are not exclusive to menhaden and have already
proven useful to observe other species that inhabit waters that are difficult to sample with estab-
lished methods (Kerschbaumer et al., 2020). The descriptive and comprehensive information on
fish schooling characteristics and distribution provided by sonar imaging could provide valuable

insights and predictive tools for management efforts.
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Chapter 4: Spatial point pattern analysis of juvenile Atlantic menhaden schools

in shallow estuarine environments

4.1 Abstract

Atlantic menhaden is an ecologically and economically important forage fish species and
is known to aggregate during most of its life stages. The drivers of these aggregations and the
resulting patterns are variable with spatial scale. Understanding the conditions under which ag-
gregations of menhaden are formed at any scale will contribute to our overall understanding of
its ecology and could aid in the effective management of the population. Spatial data on the
distribution of menhaden schools in the lower Patuxent River and its connecting creeks, all shal-
low estuarine tributaries, were collected using non-invasive sonar imaging. The locations of the
schools were treated as points and analyzed using spatial point pattern analysis. Previous explo-
rations into the patterns of menhaden distribution in this area indicated that there are important
distinctions in environmental variables and menhaden distribution between the Patuxent River
channel and the various connecting creeks. Point pattern analysis was therefore conducted at
three different extents to test the effects of extent on menhaden school spatial point patterns. At
spatial scales of tens of meters to kilometers, variations in spatially-linked environmental factors

create point patterns with first-order structure. At spatial scales of meters to tens of meters, in-
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teractions between schools create point patterns with second-order structure. Characterizing the
drivers behind menhaden school distributions at varying spatial scales has important implications

for the understanding and management of the population.

4.2 Introduction

Environmental conditions and behavioral mechanisms act on multiple spatial scales and
self-organizational levels of a species and serve to shape its overall spatial distribution. These
underlying processes are inherently spatial and varied, and species detect and respond to these
variations to create spatially-structured populations (Grados et al., 2012). This results in each
range of spatial scales having a unique set of spatial patterns created by an equally unique set
of environmental conditions, behavioral mechanisms, and their interactions (Levin, 1992). It is
difficult to identify spatial patterns and the underlying processes that shape them, a problem ar-
ticulated by Levin (1992) as “the problem of pattern and scale.” There is no single natural scale at
which all ecological processes occur, thus scale should be used as a means to understand patterns
in natural variation. It is therefore important to identify the most relevant scale to observe and
characterize variation in species distribution while understanding that the perceived patterns and
overall distribution may change with the scale of observation (Dray et al., 2012; Levin, 1992).
For species that self-organize into increasingly complex spatial aggregations, it is also important
to consider variations in spatial pattern between the organizational levels, these being 1) the in-
dividual, 2) aggregations of individuals, 3) clusters of aggregations, 4) concentrations of clusters
and 5) the entire population (Fréon et al., 2005).

Aggregations of organisms are widely observed across many ecosystems, spatial scales,
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and taxa of interest, and are an important behavioral mechanism behind species’ spatial distri-
butions. Aggregative behaviors are common to many fishes. Approximately half of all extant
fish species will form aggregations for at least a portion of their life cycles, and a quarter will
aggregate for their entire life cycles (Shaw, 1978). These aggregations can be defined as either
shoals or schools. Shoals are “loose” social groupings that are understood to benefit individuals
within the group by reducing predation pressure on the individual (Hamilton, 1971). Schools
are specialized social groupings, in which conspecifics of similar size coordinate their behavior
to swim in the same direction at the same rate (Fréon et al., 2005). Schooling is therefore an
emergent property that is only observable at a scale greater than just the individual.

Schooling behavior is common in numerous species often categorized as forage fish (Alder
et al., 2008; Pikitch et al., 2012). These small- to medium-sized pelagic fish facilitate energy
transfer between trophic levels (Bakun et al., 2010; Pikitch et al., 2012) and are integral to the
diets of a diverse array of species including pinnipeds, cetaceans, seabirds, and several life stages
of commercially and ecologically important piscivorous fishes (Hartman and Brandt, 1995; Luo
and Brandt, 1993; Pikitch et al., 2012, 2014; Walter III and Austin, 2001; Weise and Harvey,
2008; Wood and Houde, 2003). Clupeids (menhadens, herrings, and sardines) are particularly
well-known for their economic value and ecological impacts. They typically form large, dense,
and patchily distributed schools within areas of suitable habitat (Ahrenholz, 1991; Boyd et al.,
2015; Haugland and Misund, 2004; Liang et al., 2020). The spatial structure of the suitable areas
is shaped at large scales by environmental factors such as predator and prey abundance, thermal
structure, turbidity, and current speed and direction, which combine to create a heterogeneous
environment (Boyd et al., 2015).

Schools are known to aggregate into clusters within patches of suitable habitat, further
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adding to the patchy nature of forage fish distribution (Fréon and Misund, 1998; Le Fur and
Simon, 2009; Petitgas and Levenez, 1996; Swartzman, 1997). The causes for these clusters, as
well as their spatially-explicit formation and maintenance, have been studied with varying success
in situ. Various reasons for cluster formation examined in the literature include temperature,
depth, hydroclimatic conditions (Swartzman, 1997), population abundance (Petitgas et al., 2001),
information transmission between schools (Haugland and Misund, 2004), and food availability
(Bertrand et al., 2008).

Even at relatively small spatial scales within patches of suitable habitat, changes in the
distribution of forage fish schools and clusters of schools can have significant ecological im-
pacts. Shifts in fish aggregations can affect the distributions and behaviors of animal and human
predators (Benoit-Bird et al., 2013; Langseth et al., 2014; Potier et al., 1997). Characterizing the
features and spatial scales of both schools and clusters of schools is therefore important both to
understand the ecology of forage fishes and to effectively manage their stocks (Benoit-Bird and
Waluk, 2021).

It is difficult to collect data on the dynamics of each of the aggregative levels of forage
fish species with net-based survey methods like trawls and seines, as these methods are limited in
their spatial grain. Net-based methods can only provide information at the spatial grain of a single
tow or net pull. The extent of areas covered by both trawls and seines is also limited. Trawls
require waters deep enough for research vessels (> 4m) and seines are typically conducted in
extreme nearshore shallows (< 2m). Finally, net-based methods are invasive and will likely affect
the behavior and spatial patterns of forage fish schools in the area of operations (Trumpickas
et al., 2020). Hydroacoustic surveys have been established as effective methods for avoiding

the extent, grain, and invasive issues of net-based methods (Becker et al., 2017; Boswell et al.,
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2010; Kubecka et al., 2012; Liang et al., 2020; Lucca and Warren, 2018; Samedy et al., 2015;
Simmonds and MacLennan, 2005). Typically, multi-frequency echosounders are used to produce
and identify acoustic backscatter from fish bodies, which is then quantified into fish biomass
(Misund, 1997; Simmonds and MacLennan, 2005). This method works well to efficiently sample
large volumes of water but cannot identify individual fish.

Most of the studies of fish clustering dynamics have occurred in large basins or continental
shelf environments (Benoit-Bird and Waluk, 2021; Bertrand et al., 2008; Brochier et al., 2018;
Le Fur and Simon, 2009; Lucca and Warren, 2019; Petitgas and Levenez, 1996; Swartzman,
1997). There are very few studies that attempt to parse the clustering dynamics of forage fish in
shallow estuarine or extreme nearshore coastal environments [for example, see Lucca and Warren
(2018)]. This is partially due to the depth requirements of net-based methods, and partially
because spatial fisheries ecology has focused on examining large shifts in abundance by averaging
demographic and distribution data over large spatial scales (Ciannelli et al., 2008; Mason and
Brandt, 1999)).

Sonar imaging is a newer active acoustic survey method that is similar to echosounders in
that it uses the return of high-frequency sound signals to identify fish but can interpret these return
signals into digital images with up to a 3mm per pixel resolution. This allows for the identification
and enumeration of individuals. Sonar imaging can be conducted from small research vessels at
speeds up to 1 m s~! (Lankowicz et al., 2020). Therefore, sonar imaging can cover a large spatial
extent, including areas too shallow for net-based methods or larger research vessels. This high-
resolution, minimally-invasive method capable of sampling an area of a relatively large extent
is therefore an ideal tool to explore the multiscale spatial dynamics of forage fish schools and

clusters in estuarine environments.
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Atlantic menhaden (Brevoortia tyrannus, hereafter: menhaden) is an appropriate study
species to observe schooling and clustering dynamics in estuarine environments. Menhaden ag-
gregate into shoals or schools at every life stage after early larval development, have a spatially-
varied life history, and inhabit many estuarine and coastal environments (Friedland et al., 1996).
Menhaden are estuarine dependent; larvae are transported into estuaries where they metamor-
phose into juveniles and grow rapidly (Ahrenholz, 1991; ASMFC, 2020; Hare et al., 1999, 2005;
SEDAR, 2020). Post-metamorphic juveniles are known to aggregate in areas with high primary
production (Friedland et al., 1989, 1996, 2011; Houde et al., 2016). This aggregative behavior
likely results in a series of emergent spatial patterns, where individuals aggregate into schools
and schools aggregate into clusters.

This work examined the dynamics of juvenile menhaden schools and clusters of schools
in a shallow-water estuarine tributary as observed in field data collected with a sonar imaging
camera. Point pattern analysis was used to identify spatial structures that depart from complete
spatial randomness and to identify spatial covariates that may lead to a variable intensity of school
distribution within the study area. The effect of spatial extent on the outcomes was explored by

repeating the analysis at both smaller and larger spatial extents.

4.3 Methods

4.3.1 Study area

Sonar imaging transects were conducted in the Patuxent River, a western-shore tributary of
the Chesapeake Bay. The Chesapeake Bay and its tributaries are important nursery grounds for

menhaden (Hildebrand and Schroeder, 1928) and juvenile menhaden are among the most highly
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abundant fish in the Chesapeake Bay (Jung and Houde, 2003; Wood and Houde, 2003). Sampling
took place in daylight hours (0800-1400) in the mesohaline and tidally-influenced region between
river kilometers 5 and 12. Two cross-channel transects, the North Patuxent and South Patuxent,
characterized juvenile menhaden school distribution in the main river channel. The mean sam-
pling depth in the North Patuxent was 7.2m, while the mean sampling depth in the South Patuxent
was 10.7m. The transects were similar in length and orientation, and both connect to the mouth
of a creek. The two transects were grouped into a single habitat type, labeled the river channel
habitat, due to their physical similarities.

Juvenile menhaden school distribution was also characterized in the three largest creeks
connected to this area of the Patuxent River. These were St. Leonard Creek (mean sampling depth
4.2m), Hellen Creek (mean sampling depth 2.8m), and Cuckold Creek (mean sampling depth
3.8m). All sampled creeks are much narrower and shallower than the Patuxent River channel.
The St. Leonard Creek transect was typically the longest sampled transect in all sampling efforts,
while Hellen and Cuckold Creeks were often the shortest. The three creek transects were similar

in physical characteristics and were therefore grouped and labeled the creek habitat.

4.3.2 Data collection

Two Adaptive Resolution Imaging Sonar (ARIS) systems were utilized during the two-year
study period. An ARIS 1800 was used in 2016 and an ARIS 3000 was used in 2017. Both ARIS
cameras were mounted on a polearm fixed to the side of a small research vessel and held approx-
imately 0.25m deep and at a 35-50° angle relative to the surface. A handheld GPS unit (Garmin

GPSMAP 64s, Garmin Ltd., Ottawa Canada) concurrently recorded GPS information. The ARIS
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1800 was deployed across the North and South Patuxent transects and the St. Leonard Creek
transect from June to August of 2016. The maximum range of the camera was typically 10m and
transects were sampled approximately twice every month. The ARIS 3000 replaced the ARIS
1800 in the 2017 sampling season due to its increased image resolution. Data were collected at
least twice monthly from June to August of 2017 in the three original transects, plus Cuckold
and Hellen Creeks. The maximum range of the camera was typically 6m. For both sampling
years and camera types, 12-15 images were collected per second. It is unlikely that the change in
the camera model or sampling range would affect the ability to observe menhaden schools. The
resolution per pixel of both camera models is sufficient to identify individual menhaden, and an
exploratory analysis of school depth found few schools deeper than 6m. More information on the

specifics of each ARIS camera model and beam array can be found in Lankowicz et al. (2020).

4.3.3 Data processing

ARIS images were manually processed for the presence of juvenile menhaden using ARIS-
Fish software (Sound Metrics Corp., Bellevue, WA). ARIS cameras cannot resolve images taken
during mobile deployments enough to identify to a species level. Therefore, a set of standards
was created to categorize target objects as either potential menhaden or not menhaden. For each
image, target objects were considered to be menhaden if there were more than two objects and
the objects were of an appropriate size compared to a menhaden seasonal growth curve (Annis
et al., 2011), were tightly clustered, and were generally oriented in the same direction. Single
target objects were not retained for further analysis, as they cannot be considered schools and it

was considerably harder to identify target objects without observing their movement behavior in
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groups. Three single target objects in 2016 and two single target objects in 2017 were discarded
due to this threshold.

Schools of menhaden in ARIS data first appear as a few, densely packed target objects of
similar size moving in the same direction. Over the next several consecutive images, the number
of target objects in the field of view would expand to upwards of 100 individuals. The target
objects would eventually all pass through the opposite edge of the field of view from where they
entered. Thus, discrete schools were relatively easy to observe and were defined as a group of
target objects meeting the criteria to be identified as forage fish in a continuous series of more
than two images, separated from other discrete schools by more than 1m. More detail on the

identification of discrete menhaden schools can be found in Chapter 3.

4.3.4 Point pattern analysis

Point pattern analysis is a commonly-used method in the field of spatial ecology to charac-
terize the patterns and drivers that create the overall distribution of a set of events within a defined
window of observation (Wiegand and Moloney, 2013). The main objective of point pattern anal-
ysis is to determine if the pattern is a result of some underlying point process, or if it is simply
random. The pattern is characterized by its first- and second-order structure. First-order structure
describes the spatial variation in the distribution of the points, referred to as intensity, caused by
a spatial covariate (e.g. latitude or longitude). Second-order structure describes whether the loca-
tion of a point in the pattern is dependent on the location of one or more of the other points. For
this study, schools of menhaden were treated as points in a spatial point pattern within windows

of observation characterized by the data collection transects.
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4.3.4.1 Linear networks

Data collection was not continuous throughout the study area. The five transects were com-
pleted separately and did not often connect. There were occasions in which the North Patuxent
and St. Leonard Creek transects were connected, but they were artificially separated and treated
as unique transects because of both the difference in the number of schools and the characteristics
of the differing habitat types. Overall, the study area is best described as a set of one-dimensional,
curvilinear transects situated within the same two-dimensional plane. The transects are com-
prised of many short line segments joined together at nodes, and therefore each transect can be
considered a separate, non-branching linear network. The distribution of menhaden schools in
this network is a spatial point pattern that is driven by a spatial point process.

It is difficult to compute both first-order intensity and second-order correlative statistics
for spatial point patterns along transects or linear networks. The geometry of the network is
unique relative to each spatial location along the network, and therefore the two-dimensional
plane containing the network cannot be considered a homogeneous space (Baddeley et al., 2015).
Traditional statistical techniques for two-dimensional spaces cannot be used due to the one-
dimensional nature of the line transects. The influence of spatial point processes and the dis-
tribution of spatial points is limited to along the network, and cannot be extrapolated to areas that
are not along the network path. Therefore, the spatial point pattern of menhaden schools along
the transects was investigated using the network pair correlation function (PCF) with Ang’s geo-
metric correction as recommended by Ang et al. (2012) and Okabe and Yamada (2001).

Though the ARIS does compress three-dimensional volume to a two-dimensional image

with both height and width, the transects were treated as one-dimensional and the position of
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fish schools across the “width” of the camera field of view was not considered. This decision
was made for multiple reasons. First, the maximum width of the field of view was often several
orders of magnitude shorter than the total transect length. This would mean the contribution of
school positions in the “width” dimension to the overall spatial pattern would be negligible in
comparison to the contribution of school positions along the length of the transects. Further, the
methods of spatial analysis used in this study are based on Ripley’s K-function, and the distribu-
tion of objects is considered a spatial point process in which the area of the object is negligible
in comparison to the size of the study area (Ripley, 1981). A school of menhaden often occupied
the entirety of the width of the camera field of view, so this assumption would be violated in
the “width” dimension. Finally, the distribution of schools outside of the transect paths was not
interpolated. Schools of menhaden certainly navigate the Patuxent River and its creeks outside
of the defined transects paths, but little data was collected to determine the shore-to-shore distri-
bution of menhaden in the creeks or alongshore distribution of menhaden in the Patuxent River
channel. It would be inappropriate to interpolate the spatial distribution of menhaden schools to
areas where data was not collected.

The method for placing schools of menhaden along a transect was to use the spatial location
of the median frame in the sequence of frames in which a distinct school was present. Distances
between schools are therefore not edge-to-edge, but midpoint-to-midpoint. This approach is more
consistent with the assumption that the area of the spatial objects is negligible in comparison to
the size of the study area. Though this recorded spatial position is the true location of the central
beam of the ARIS field of view during recording, the camera has a finite field of view and a
portion of the school may be outside that field of view. Thus, it may not be the true location of

the menhaden school’s geometric center or center of density. Regardless, this approach is the
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most consistent way to record menhaden school positions and examine menhaden school spatial
patterns within the collected data.

Analyses were completed in R (R Core Team, 2021) using the spatstat package (Bad-
deley et al., 2015). GPS data interpolated to 10-second increments were split into distinct transect
paths for each sampling event. A 10-second increment is roughly equivalent to 10 meters of dis-
tance traveled. Transect paths were then converted into networks of line segments. Each recorded
position in the GPS data was represented as a node and Euclidean distance between nodes be-
came ‘“‘edges,” or connecting line segments. The positions of observed menhaden schools were
overlaid onto the linear network as events. Transects with fewer than three observed schools were
not retained for analysis, as more than two points are needed to analyze a spatial point pattern.
Transects could not be combined to increase the number of points as, again, the transects were not
often connected. Therefore, five transects completed in 2016 were removed from the analysis, as
were six transects completed in 2017. One transect completed in St. Leonard Creek in 2016 was
also removed from the analysis as the data were collected across many short and disconnected
segments, rather than the single longer transect that characterized all other data collection efforts

in this area.

4.3.4.2 Pair correlation functions

Linear-corrected PCFs were used to determine if the distribution of menhaden schools was
significantly different than what would be expected under the null hypothesis of complete spatial
randomness (CSR) at all possible shortest-path distances between schools along the transects.

PCFs are often considered the most informative spatial point pattern summary statistic, as they
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can capture scale-dependent neighborhood properties of points (Illian et al., 2008; Wiegand et al.,
2013). Though there are many spatial summary statistics appropriate for two-dimensional planar
applications, only the Ripley’s K and PCFs have been adapted for linear applications. Using
Ripley’s K in addition to the PCF would be redundant, and using it in place of the PCF would be
less informative (Wiegand et al., 2013).

PCFs relate the position of spatial points in a point pattern using rings with radius r. The
linear-network adapted PCF is similar to the standard PCEF, but the rings are confined to the one-
dimensional lines of the network. Both the standard and the linear network-adapted PCF return
the expected number of points in a ring of radius r centered at an arbitrary point in the pattern
divided by the overall intensity A (Dale et al., 2002; Ripley, 1981; Wiegand et al., 2013). Spatial
points closer to the chosen radius of the rings are weighted more heavily than those further from
the radius. In cases of complete spatial randomness, the PCF for all values of r> 0 is equal
to 1. The significance of deviations away from this value is determined through Monte Carlo
envelopes generated by simulating a null model of the spatial point process hundreds of times.
It is therefore important to choose an appropriate null model of the spatial point process. An
un-modeled correlation between the intensity of the points and an underlying spatial covariate
could incorrectly identify areas of high intensity as second-order structure when they are actually
a reflection of first-order structure. If the intensity of the points, A, is uniform through the area
and not dependent on a spatial covariate, then a Homogeneous Poisson Point Process (HPPP) is
an appropriate null model. HPPPs assume there is no first-order structure. If the point pattern is
dependent on an underlying spatial process, then intensity A will be spatially variable with the
covariate and this variation will need to be included in the model. An inhomogeneous Poisson

point process (IPPP) would be the best choice for a null model in this case.
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The results from previously published work (Lankowicz et al., 2020) and other analyses
(Lankowicz, in revision) indicate that the best choice for a null model varies with transect.
Though the overall spatial pattern of menhaden does not likely depend upon the absolute space-
time positioning of the schools, some trends were noted. Depth was identified as an important
spatial covariate for menhaden distribution. In addition, menhaden density was found to be el-
evated at the heads and mouths of creeks and the shores of the Patuxent River. Depth, latitude,
and longitude were therefore considered to be likely spatial covariates for the spatial point pat-
tern of schools with first-order structure. The locations of the menhaden schools were projected
using a NAD83 Maryland State Plane projection, and so coordinates were reported in easting
and northing meters. It is understood that latitude and longitude represent the distance along the
transects, as transects were unidirectional and generally straight. In the creek transects, these
spatial coordinates would represent the distance from the mouth of the creek to its head. In river
channel transects, they would represent the distance across the river channel from shore to shore.
Water depth information came from NOAA hydrographic survey 6877 and was averaged over
the 10-meter bins that made up the transect paths. HPPP models and IPPP models with latitude,
longitude, and water depth spatial covariates were compared for each transect. The best model
was selected via AIC.

Once the best null model was selected, an appropriate bandwidth for kernel density estimate
was identified. PCFs for observed data are estimated with kernel smoothing methods, where the
bias and variance of the kernel depend heavily on the chosen bandwidth of the kernel. The
best bandwidth for each transect was determined by likelihood cross-validation methods and
retained for use in the estimation of the PCF. Identifying the bandwidth in this way allows for the
underlying structure of the data to be represented without under- or over-fitting. When the best
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model was an IPPP, the nonparametric estimate of intensity as the function of the covariate, p,
was plotted given the estimated bandwidth value.

Finally, a linear-corrected PCF for each transect was calculated and plotted in R. Monte
Carlo methods were used to generate 999 simulations of complete spatial randomness given the
distribution of the null model. The simulations were used to create and plot a pointwise critical
envelope, where the upper and lower limits at each possible pointwise distance r are equal to the
largest and smallest value generated at that point for the 999 simulations. If the observed PCF for
the point pattern remains within the envelope, there is no evidence of second-order structure at
that pointwise distance r and the null hypothesis of CSR fails to be rejected. If the plotted PCF of
the data passes above this envelope, it is evidence of clustering at that pointwise distance r. If the
plotted function passes below the envelope, it is evidence of uniform dispersion at that pointwise
distance r. Both types of deviations are evidence of second-order structure in the point pattern
and indicate that the position of each point is affected by the position of at least some of the other
points.

As this is a two-sided Monte Carlo test with 999 simulations, the significance level for any
pointwise distance r is equal to 2/(1+ n simulations), or 0.002. It is important to note that these
envelopes are not confidence intervals. The likelihood that the function would pass outside the
envelope due to random chance at any pointwise distance r along the possible range is much
higher than the calculated pointwise significance level (Baddeley et al., 2015). To attribute a p-
value of 0.002 to the overall evidence of spatial non-randomness would be a problem of multiple
comparisons. However, plotting the deviations of the PCF along the entire range of pointwise
distances r allows for a view of the spatial pattern across multiple spatial scales.

Two-sided maximum absolute deviation (MAD) tests were run on the PCF results for each
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of the transects that had evidence of deviations from CSR. This test is equivalent to creating a
constant and global envelope of variance, where the width of the envelope is equal to the biggest
deviation from the theoretical PCF generated at any pairwise distance r, and declaring a statis-
tically significant outcome if the observed function passes out of the global envelope anywhere
along the possible range of r (Baddeley et al., 2015). This test allows for a straightforward ap-
proach to determining if a spatial point pattern is from a CSR point process while avoiding the
problem of multiple comparisons.

The result of spatial point pattern analysis is the determination of whether a point pattern
comes from a homogeneous or inhomogeneous point process, and whether the point pattern is
clustered, dispersed, or completely spatially random. Each of the sampled transects was labeled
as such and the results were compared. A Chi-square test of independence was used to test the
relationship between the identified spatial point pattern and habitat type for each transect. In
cases where there were too few observed or expected values for a traditional Chi-square test of
independence, p-values were simulated based on 2000 replicates. Kruskal-Wallis tests were used
to test the relationship between the number of schools and the spatial point process model or
point pattern. This non-parametric method of comparison was chosen because the number of
schools per transect was highly right-skewed. Kruskal-Wallis tests were also used to test if there
was a relationship between transect length and identified point process model or point pattern.
The range of r values that had evidence of deviation from complete spatial randomness were
qualitatively compared within each habitat type.

It was also of interest to test how the results of the analysis would change given different
spatial extents. As mentioned earlier, there were some sampling events in which the North Patux-

ent and St. Leonard Creek transects were connected. In these instances, the analyses were re-run
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on the large, connected line network that encompassed both transects. Analyses were also re-run
for a small section of St. Leonard Creek from the creek mouth to approximately 500m upriver
(approximately -76.493° N latitude). The resulting spatial point patterns for both the connected
and shortened transects were compared with the outcomes from the initial, transect-defined anal-

ysis.

4.4 Results

Across 2 years of sampling, 60 transects were completed in the study area. Spatial point
pattern analysis within linear networks requires an unbroken network and more than 3 points in
the point pattern. Out of all 60 transects, 43 met these requirements. An additional 3 transects
with sufficient numbers of schools were excluded from analysis because crossing boat traffic
during data collection resulted in disrupted transect paths. The full results of point pattern anal-
ysis are represented in Table 4.1 and Table 4.2. Plots for PCFs of all transects can be found in

Appendix A.

4.4.1 Spatial point pattern analysis

Spatial point patterns in 20 of the transects had no evidence of first-order structure. This
indicates that the intensity of points is uniform within the transect line and is not structured by
any spatial covariate. Eleven of the 20 point patterns with no first-order structure occurred in the
river channel habitat. Most of the point patterns with no first-order structure also had no evidence
of second-order structure (example: Figure 4.01). Point patterns without second-order structure

can be called completely spatially random, as the location of any point is not dependent on the
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Table 4.1: Output from model selection and PCFs for transects sampled in 2016. Reported values include
month and habitat in which the transect occurred, the selected best point process model (H = Homogeneous
Poisson, I = Inhomogenous Poisson), spatial covariate for inhomogenous Poisson point processes (X-
coordinate, Y-coordinate, or depth), identified Point Pattern (PP; CSR = completely spatially random, DIV
= divergence from CSR), the number of schools in the transect, and the length of the transect in meters.

Month  Habitat Model Covar PP  n Schools Length (m)

June  Channel H - CSR 10 1812
June Creek I Y CSR 33 4091
June Creek I Y DIV 60 4040
July Creek I Y CSR 9 4130
July  Channel H - CSR 8 2737
July  Channel H - CSR 6 1691
July Creek I Y DIV 42 4041
July  Channel I Y CSR 19 2708
July Creek I Depth DIV 60 4219
July  Channel I Y CSR 6 2878
Aug. Creek H - DIV 79 4029
Aug.  Channel H - CSR 4 2359
Aug. Creek I Depth DIV 100 4224
Aug.  Channel H - CSR 4 3111

location of any other point in the pattern. It was noted that most of these CSR point patterns had
fewer than 20 schools of menhaden (12 out of 15 CSR patterns). Only 5 point patterns without
first-order structure had second-order structure: 3 of these were in creek habitat and 2 were in
river channel habitat (example: Figure 4.02). All but one of these point patterns had more than
20 schools of menhaden.

Spatial point patterns in the other 23 transects did have evidence of first-order structure,
and therefore had a spatially-variable intensity of points dependent on a spatial covariate. Most of
these occurred in the creek habitat (19 of 23) and most had more than 20 points in the point pattern
(16 of 23). Fifteen point patterns with first-order structure did not have second-order structure
(example: Figure 4.03); 3 of these were in the river channel habitat and the other 12 were in the
creek habitat. Only 8 point patterns had both first- and second-order structure (example: Figure

4.4), and all but 1 of these occurred in the creek habitat.
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Table 4.2: Output from model selection and PCFs for transects sampled 2017. Reported values include
month and habitat in which the transect occurred, the selected best point process model (H = Homogeneous
Poisson, I = Inhomogenous Poisson), spatial covariate for inhomogenous Poisson point processes (X-
coordinate, Y-coordinate, or depth), identified Point Pattern (PP; CSR = completely spatially random, DIV
= divergence from CSR), the number of schools in the transect, and the length of the transect in meters.

Month  Habitat Model Covar PP  n Schools Length (m)

June Creek I Y CSR 5 1780
June Creek H - CSR 10 2967
June Creek H - CSR 10 1779
June Creek I Y CSR 14 2347
June Creek H - DIV 47 2560
June Creek H - CSR 5 1834
June Creek H - CSR 37 3725
July Creek I X CSR 104 1881
July Creek I Y CSR 33 2140
July  Channel H - DIV 39 1777
July Creek I Y DIV 40 652

July Creek H - CSR 79 1525
July Creek I Depth CSR 74 3334
July  Channel H - CSR 12 2492
July Creek I Depth DIV 136 1968
July  Channel H - CSR 10 2656
July Creek I Y CSR 68 2267
July Creek H - CSR 115 2720
July  Channel H - DIV 17 3578
July Creek I Y CSR 94 1838
July  Channel H - CSR 13 2118
Aug. Creek I X CSR 126 2848
Aug.  Channel H - CSR 4 2756
Aug. Creek H - DIV 204 2274
Aug.  Channel I X CSR 18 1396
Aug. Creek I Depth DIV 45 2775
Aug. Creek I Depth CSR 136 1548
Aug. Creek I Depth CSR 130 3798
Aug.  Channel I X DIV 18 2595
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Hellen Creek — 24 Jul 2017
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Figure 4.1: All plots are based on a transect with no first- or second-order structure. Coun-
terclockwise from top: PCF output indicating no statistically significant second-order structure.
Representation of the transect and the linear point pattern of menhaden schools positioned along
the transect. Histogram of the number of schools per 100 m of transect length, with real distance
along the transect represented as points.
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Cuckold Creek — 27 Jun 2017
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Figure 4.2: All plots are based on a transect with second-order structure, but no first-order struc-
ture. Counterclockwise from top: PCF output indicating statistically significant deviations from
CSR, p-value reported in the bottom left of the plot. Representation of the transect and the linear
point pattern of menhaden schools positioned along the transect. Histogram of the number of
schools per 100 m of transect length, with real distance along the transect represented as points.
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North Patuxent — 21 Jul 2016
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Figure 4.3: All plots are based on a transect with first-order structure, but no second-order struc-
ture. Counterclockwise from top: PCF output indicating no statistically significant second-order
structure. Representation of the transect and the linear point pattern of menhaden schools posi-
tioned along the transect, with the color of the line representing the number of points expected
given the variation in spatial intensity. Histogram of the number of schools per 100 m of transect
length, with real distance along the transect represented as points.
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St. Leonard Creek — 28 Jun 2016
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Figure 4.4: All plots are based on a transect with both first- and second-order structure. Counter-
clockwise from top: PCF output indicating statistically significant deviations from CSR, p-value
reported in the bottom left of the plot. Representation of the transect and the linear point pattern
of menhaden schools positioned along the transect, with the color of the line representing the
number of points expected given the variation in spatial intensity. Histogram of the number of
schools per 100 m of transect length, with real distance along the transect represented as points.
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Point patterns with first-order structure most often had variation in point intensity A with
a coordinate-based spatial covariate. Of the 23 total point patterns with first-order structure,
longitude was identified as the best spatial covariate for 4 point patterns and latitude was identified
as the best spatial covariate for 12 point patterns. The best spatial covariate for all point patterns
in the river channel habitat with first-order structure was either latitude or longitude. Plots of p
indicated that the highest intensity A of points occurred at either of the extremes of the ranges
of the spatial coordinate (Figure 4.05 and Figure 4.06); this translates to a higher density of
menhaden schools at the heads and mouths of creeks or nearer to the shores of the river channel
than would be expected with constant intensity. The location of the highest spatial intensity
along the possible range of latitudes or longitudes flipped often. For example, the area of a
creek transect with the highest intensity A of points would often change from head to mouth with

consecutive sampling events.
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Figure 4.5: p plots of IPPP-modeled transects with longitude as a spatial covariate. Grey bands
are the 95% CI, and red lines represent the average for the range of longitude.

110



I

June 2016, Creek June 2016, Creek July 2016, Creek

_ (Yo
[Se] © -
o |
& Q -
:;) 7 :;; — S <+ -
a © - a v -4 a T
- — N
o 4
< -
f 4 T T T | E— T T T < T T T T T
4250.0 42505 42510 42515 42520 4250.0 42505 42510 42515 42520 4250.0 42505 4251.0 42515 42520
r (y—coordinate (kilometers)) r (y—coordinate (kilometers)) r (y—coordinate (kilometers))
July 2016, Creek July 2016, Channel July 2016, Channel
0 T 4 0
o~
— _ <+
o
oLk Sl >
S S S
[=% . Q@ o a o -
w 4 _ _—
. sy T T T o~ T T 1 T T T T T
4250.0 4250.5 4251.0 42515 42520 4248.0 4248.5 4249.0 42495 4248.0 42485 4249.0 42495
r (y—coordinate (kilometers)) r (y—coordinate (kilometers)) r (y—coordinate (kilometers))
June 2017, Creek June 2017, Creek July 2017, Creek
g - © - Q4
— N -~ © - —_ -
Z 5 = 2
a 24 c L | o &
o | N . o -
o T T T T T T T T T T T T
4250.0 4250.5 4251.0 4251.5 4252.0 4250.0 4250.5 4251.0 4251.5 4246.5 4247.0 4247.5 4248.0
r (y—coordinate (kilometers)) r (y—coordinate (kilometers)) r (y—coordinate (kilometers))
July 2017, Creek July 2017, Creek July 2017, Creek
& 8 2
—_ ﬁ = —_ 8 n — o :
2 ol >
a o | a S Q n |
A o
o | 4
w0 - N v 4
T m T T T 1 T T T T T 1 ™ — t T T ¥
4250.0 4250.5 4251.0 42515 4252.0 42525 4253.0 4244.8 42450 42452 42454 42456 42458 4250.0 42505 4251.0 42515 42520
r (y—coordinate (kilometers)) r (y—coordinate (kilometers)) r (y—coordinate (kilometers))

Figure 4.6: p plots of IPPP-modeled transects with latitude as spatial covariate. Grey bands are the 95% CI, and red lines represent the
average for the range of latitude.



Depth was identified as the best spatial covariate for 7 point patterns, all of which were in
creek habitat. The shape of the p curve generally indicated that menhaden schools were more
likely to be found in areas of deeper waters ( > 4 m) than would be expected if the intensity
was constant (Figure 4.07). There were two instances in which this trend was flipped, and more
schools were found in shallower areas ( <4 m) than would be expected with constant intensity.

Most point patterns that had second-order structure followed a pattern of clustering at small
values of r and dispersion at larger values of r (Figure 4.08). Of the 13 point patterns that were
significantly different from CSR, all but 1 had evidence of clustering at values of r less than 100
m. This is true regardless of the habitat type the point pattern came from or the spatial structure
(or lack of spatial structure) of the intensity of the points. In short, this means that there are more
schools within 100 m from any arbitrarily selected point along any of these transects than would
be expected under CSR. Further, 9 of the 13 non-CSR point patterns had evidence of dispersion
at values of r approaching the length of the transect path. This means there are fewer schools than

would be expected under CSR at relatively long distances from any point along these transects.

4.4.2 Comparative statistics

The river channel habitat was previously found (Chapter 3) to have fewer observed men-
haden schools than the creek habitat. Point patterns in the river channel habitat mostly have
neither first- nor second-order structure and are therefore CSR point patterns. A Chi-square test
of independence was used to test the relationship between habitat type and first-order structure.
The result (p=0.024) indicates that these categories are significantly negatively associated. There

are significantly fewer point patterns in the river channel habitat with first-order structure than
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Figure 4.7: p plots of IPPP-modeled transects with water depth (m) as a spatial covariate. Grey
bands are the 95% CI, and red lines represent the average for the range of water depth.
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Figure 4.8: Values of pointwise distances r for all non-CSR point patterns. Each horizontal
line represents one transect that had statistically significant results for second-order structure as
indicated by MAD tests. Underlying light gray lines represent the length of the transect. The
color of the patches indicates which habitat the transect is from—blue colors represent the creek
habitat and red colors represent the river channel habitat. Darker colors indicate evidence of
clustering at that pointwise distance r and lighter colors indicate evidence of dispersion at that
pointwise distance r. n values indicate the number of menhaden schools in the transect.
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expected if there were no association. A separate Chi-square test of independence provided no
evidence of an association between habitat type and point pattern. A Kruskal-Wallis test indicated
that point patterns with no first-order structure had significantly fewer schools than point patterns
with first-order structure (p = 0.015). A second Kruskal-Wallis test indicated that point patterns
with no second-order structure had significantly fewer schools than point patterns with second-
order structure (p = 0.015). Further tests found no significant relationship between transect length

and point process model (p = 0.342) or transect length and point pattern (p = 0.146).

4.4.3 Varied spatial extents

Point process modeling and PCFs were repeated for the transects with longer and shorter
extents. The North Patuxent and St. Leonard Creek transects were connected for 10 of the
15 sampling events, which provided an opportunity to test the spatial point patterns of schools
across a larger extent. A 500m subset of St. Leonard Creek served as means to test the spatial
point patterns of schools across a smaller extent for the same sampling events. PCF plots for
all combined-extent transects can be found in Appendix B, and PCF plots for all shorter-extent
transects can be found in Appendix C.

The point patterns in all of the 10 combined-extent transects had first-order structure, with
longitude identified as the best spatial covariate for 3 of these and latitude identified as the best
spatial covariate for the remaining 7. All combined-extent point patterns had evidence of cluster-
ing at small values of pointwise distances r, typically less than 400m Figure 4.09. Several also
had evidence of dispersion at longer pointwise distances r closer to the maximum length of the

transects.
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Figure 4.9: Values of pointwise distances r from all non-CSR point patterns in combined-extent
transects. Each horizontal line represents one combined-extent transect that had statistically sig-
nificant results for second-order structure as indicated by MAD tests. Underlying light gray lines
represent the length of the transect. Darker colors indicate evidence of clustering at that point-
wise distance r and lighter colors indicate evidence of dispersion at that pointwise distance r. n
values indicate the number of menhaden schools in the transect.
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Analysis of the point patterns within the shorter-extent transects did not identify the same
first-order structure, spatial covariates, or second-order structure as those within the combined-
extent transects (Table 4.3). Half of the 10 shorter-extent point patterns had no first-order struc-
ture. The other 5 did have first-order structure; depth was identified as the best spatial covariate
for 4 of these, and longitude as the best spatial covariate for the 1 remaining shorter-extent point
pattern. Four of the point patterns had evidence of second-order structure (Figure 4.10). Although
all 4 presented evidence of dispersion at values of pointwise distance r approaching the maximum

length of the transect, only 2 presented evidence of clustering at short pointwise distances r.

Table 4.3: Output from model selection and PCFs for combined (North Patuxent and St. Leonard Creek)
extents and shortened (Southern ~500 m of St. Leonard Creek) extents. Reported values include the date
in which the transect was sampled, the selected best point process model (H = Homogeneous Poisson, I
= Inhomogenous Poisson), spatial covariate for inhomogenous Poisson point processes (X-coordinate, Y-
coordinate, or depth), identified Point Pattern (PP; CSR = completely spatially random, DIV = divergence
from CSR), and the number of schools in the extents.

Combined Extent Shortened Extent
Month Model PP Covar nSchools Model PP Covar n Schools
June I CSR X 14 H CSR - 4
June I DIV Y 37 H CSR - 9
July I CSR Y 17 H CSR - 6
July I DIV Y 61 H CSR - 36
July I DIV Y 66 I DIV  Depth 36
July I DIV Y 146 H DIV - 28
July I DIV Y 107 I CSR  Depth 12
Aug. I DIV Y 104 I DIV X 25
Aug. I DIV X 222 I CSR  Depth 64
Aug. I DIV X 148 I DIV Depth 50

4.5 Discussion

Techniques developed during previous research on this dataset (Lankowicz, in revision)
allowed for the identification of discrete schools of menhaden in shallow estuarine waters. The
analyses completed here extend our knowledge of menhaden spatial ecology by moving from the
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Figure 4.10: Values of pointwise distances r from all non-CSR point patterns in shorter-extent
transects. Each horizontal line represents one shorter-extent transect that had statistically signif-
icant results for second-order structure as indicated by MAD tests. Underlying light gray lines
represent the length of the transect. Darker colors indicate evidence of clustering at that point-
wise distance r and lighter colors indicate evidence of dispersion at that pointwise distance r. n
values indicate the number of menhaden schools in the transect.

school organizational level to the cluster of schools organizational level. The spatial locations
of schools in a transect observed during a sampling event were treated as a spatial point pattern
driven by an unknown underlying spatial point process. Through model selection and PCFs,
the first-order structure, spatial covariates contributing to first-order structure, and second-order
structure were identified for point patterns within 43 sampled transects conducted in two distinct
habitats.

Though there is no consensus on the minimum number of spatial points or the size of
the observation window needed to apply spatial point pattern analysis, it is notably difficult to
accurately identify point patterns and underlying point processes with small sample sizes (Ben-
Said, 2021). Point pattern analysis has been completed in plant ecology studies with between 4
and 50 points (Cordero et al., 2016; Wehenkel et al., 2015). There is a consensus within the field
of spatial ecology that there is still value in conducting spatial point pattern analysis for point

patterns with less than 50 points, particularly as exploratory studies in areas with limited data
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availability (Ben-Said, 2021; Ben-Said et al., 2020).

4.5.1 First-order structure

First-order structure describes the spatial variation in the density of points that comprise a
point pattern. If a point pattern has first-order structure, the intensity of points will vary with a
spatial covariate. For forage fish like menhaden, these spatial covariates are likely to be multiscale
environmental forces and factors such as temperature, food availability, and oceanic currents
(Bertrand et al., 2008; Friedland et al., 1989, 1996). It can be assumed that first-order structure
of the point patterns in this study, representing menhaden school distribution, are also mainly the
result of spatially- and temporally-variable environmental factors.

The number of point patterns with and without first-order structure was relatively even.
HPPP models were identified as the best point process models for 20 of the 43 point patterns, in-
dicating that they did not have first-order structure. 11 of these point patterns were within the river
channel habitat, and a chi-square test of independence indicated there was a negative association
between the river channel habitat and first-order structure. The river channel does not likely have
homogeneous environmental conditions, so this result was somewhat unexpected. A Kruskal-
Wallis test indicated that there was a significant difference in the number of menhaden schools in
point patterns with and without first-order structure. Point patterns without first-order structure
tended to have fewer schools. The river channel habitat is known to have both a lower density of
menhaden individuals (Lankowicz et al., 2020) and fewer schools of menhaden (Lankowicz, in
revision). It seems likely that the negative association between point patterns in the river channel

habitat and first-order structure is related to the low number of schools typically found in these
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areas, and is perhaps not an accurate representation of menhaden school distribution. The explo-
ration into why river channel transects do not have as many observed schools of menhaden as the
creek transects cannot directly be answered by spatial point pattern analysis with the spatial co-
variates available. Previous research has modeled individual menhaden (Lankowicz et al., 2020)
and menhaden school distribution (Lankowicz, in revision) as related to a suite of spatially- and
temporally-variable environmental factors. These factors, for example depth, time of year, and
tidal stage, likely also serve to structure the distribution of clusters of menhaden schools. Cur-
rently, spatio-temporal data of potentially important environmental factors like Chlorophyll-A
and dissolved oxygen concentration are not collected in the study area at sufficient resolutions to
include in spatial point pattern analysis as spatial covariates. This information would be invalu-
able to future studies of menhaden school distribution in estuaries.

More point patterns in the creek habitat had first-order structure than would be expected
if there was no association between habitat type and first-order structure. Because menhaden
school distribution is likely driven at the spatial scale of a transect by multiple spatially-variable
environmental factors, this result was expected. What was more notable was the number of
individuals per school identified in the creek point patterns with no first-order structure: 6 of
the 9 had more than 20 schools of fish. These point patterns should theoretically have enough
points to identify first-order structure if it exists. As multiple processes can create or explain the
same spatial pattern (a concept often referred to as equifinality), it is relatively uninformative to
speculate as to what caused the lack of first-order structure in these point patterns (Perry et al.,
2006).

When spatial point patterns were found to have first-order structure, latitude or longitude

was most often identified as the best spatial covariate to describe the variation in point intensity

120



A. As noted earlier, these spatial coordinates represent the distance along a transect. There are
many physical forces and environmental factors that are likely to vary across these habitats, but
again, data to describe these forces and factors at an appropriate grain for this study do not yet
exist. Food availability is likely to be an important environmental factor, as it is known to drive

juvenile menhaden distribution in other estuaries (Friedland et al., 1989, 1996).

4.5.2 Second-order structure

Second-order structure indicates that the location of any point in a point pattern is depen-
dent on at least some of the other points in the point pattern. In terms of fish, this nicely matches
the mechanisms of schooling and clustering. Individual fish sense and respond to each other in
simple ways to create schools (Aoki, 1982; Huth and Wissel, 1992). This behavior may scale
with increasing organizational levels so that schools also seem to sense and respond to each other
as an emergent property of individual behaviors. It follows that the point patterns created from
these behaviors should have second-order structure.

Though only 3 of the 13 point patterns with second-order structure came from the river
channel habitat, Chi-square tests of independence did not find an association between second-
order structure and habitat type. This could indicate that the behaviors that drive schooling and
clustering do not vary between the two habitat types. There was a notable association between
second-order structure and the number of schools. Spatial point patterns with second-order struc-
ture had significantly more schools than their counterparts without second-order structure. The
detection of second-order structure in a point pattern with few points could be a limitation of

the point pattern analysis approach. However, it could also indicate that clusters of schools are
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simply more likely to form when more schools are present.

4.5.3 Variation in spatial extent

In this work, characterizing spatial point patterns within spatially close but distinct habitats
(river channel and creek) was of interest. Extent, as a component of spatial scale, has an impact
on observed spatial patterns (Meentemeyer and Box, 1987; Turner et al., 1989a,b). This was
demonstrated in my research when the spatial point pattern analyses were re-run for areas of a
smaller extent than a transect and areas of a larger extent than a transect. When a subset of a
creek transect was analyzed, much of the variation of the spatial patterns was lost, likely because
of a reduction in the range of values of the underlying driver variables. When transects from the
two habitats were combined into an area of larger extent, larger-scale processes masked the point
patterns within each habitat type. As demonstrated by Kruskal-Wallis tests, transects with and
without first-order structure did not have significantly different lengths, nor did transects with
and without second-order structure. Therefore, the noted differences in the spatial pattern were
probably not simply because of a variation in transect length. It is more likely that the extent
better matched the spatial scale of an underlying process creating the point pattern at that chosen
scale. The most appropriate choice in extent was to match it to the objectives of the study (i.e.,
single transects within each habitat type) so that the underlying mechanisms of menhaden spatial
distribution within these areas were more likely to be accurately represented.

Chapter 2 related the locations of menhaden schools to each other using a simple daily
clustering coefficient (Cy) based on work by Lucca and Warren (2019). Using this approach,

most transects had evidence of clustering and very few had evidence of random or dispersed
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distribution. The results from this more traditional point pattern analysis seem contradictory
in comparison. However, it is important to note that the daily clustering coefficient can only
determine point patterns at the resolution of the entire transect. The linear network-adapted
spatial point pattern analysis completed in this chapter is better equipped to deal with the unique
geometry and constraints of transect-based sampling and is further able to resolve patterns at
very fine spatial resolution. There is value in these approaches. The daily clustering coefficient
is useful as a simple snapshot of fish school spatial patterns in larger areas. The more complex
approach outlined here is more useful in accurately identifying the multiscale patterns of fish

school distributions and the spatial drivers of these patterns.

4.5.4 Relative contribution of environmental and behavioral drivers

The variation in first- and second-order structure of point patterns in the two habitat types
indicates a variable contribution of environmental and behavioral factors to menhaden school
spatial patterns. First-order structure is likely caused by environmental forces which create a
heterogeneous environment of suitable and unsuitable patches. Second-order structure indicates
that the spatial location of organisms or aggregations of organisms is dependent on the location of
other organisms in the studied area, which is representative of schooling behavior in menhaden.
It is likely that the overall spatial point pattern of menhaden schools, as described by their first-
and second-order structure, is impacted by environmental and behavioral factors, and the relative
importance of these factors is spatially and temporally variable.

Previous studies on the relative contribution of environmental and behavioral factors to the

distribution of a forage fish species indicated that behavioral drivers like schooling behavior were
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more impactful at small spatial scales (10s of centimeters to 10s of meters) and environmental
factors like food availability were more impactful at larger spatial scales (10s of meters to 1000s
of kilometers) (Bertrand et al., 2008). The results of this study were similar. The influence
of second-order structure is most consistent at small values of pointwise distance r. Most point
patterns with second-order structure had evidence of clustering at distances less than 100m. There
was also a high proportion of point patterns that had evidence of dispersion at values of pointwise
distance r that approached the total length of the transects. As these distances were often greater
than 1 km, this dispersion may be more reflective of unmodeled first-order structure than it is of

true second-order structure.

4.5.5 Study limitations

There are several potential limitations to both the ARIS sampling method and the spatial
point pattern analysis method. The ARIS has a finite field of view and objects will invariably
exist outside the observable window. As such, there are many more schools of menhaden in the
study areas than what was observed. Further, the locations identified as the center of each school
may not be the true geometric center of the schools if a school extended beyond the ARIS field of
view. Avoidance behavior is also a concern. As mobile sonar imaging is fairly novel, there is not
yet a method to identify or quantify the impacts of possible avoidance behavior. Fish schools are
highly dynamic and likely to merge and break apart in response to many external cues (Pitcher
et al., 1996; Soria et al., 1998). Noise from the vessel platform or the ARIS itself could be a cue
that impacts the distribution of the menhaden schools. It is important to note that limitations in

observation windows and possible avoidance behaviors are a problem for all physical sampling
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methods, including well-established instruments like trawls, seines, and echosounders. Despite
its limitations, fine-scale sonar imaging has proven to be a useful approach that produces novel
information on menhaden spatial dynamics in shallow estuarine environments.

Characterizing point patterns along line transects has been a long-established approach in
plant ecology, but it is far less common for mobile species. Point pattern analysis is difficult
for highly mobile organisms, particularly within restricted observation windows. However, this
approach is still possible if the locations of the organisms within a limited window of time are
treated as points within a point pattern (example: O’Driscoll (1998)). More difficulty arises when
there are very few points within a point pattern, which may result in an inaccurate representation
of the true first- and second-order structure (Ben-Said, 2021). The true spatial point pattern can
be further obfuscated if the spatial extent of the study area is not carefully considered. Though
it is not possible to state with certainty that the extent chosen in the study encapsulated all en-
vironmental and behavioral mechanisms that contribute to menhaden school distribution in the
creek and river channel habitats, the comparison of spatial point patterns from larger and smaller

extents indicates that most major processes were included.

4.5.6 Conclusions

This research exemplifies the utility of sonar imaging cameras to identify novel spatial
dynamics of forage fish like menhaden in under-studied shallow estuarine waters. The sampling
method is non-invasive and able to sample a relatively large extent given its very fine spatial
resolution, which allowed for an examination of menhaden school and cluster spatial distribution.

Spatial point pattern analysis has not often been used as a tool to examine fish school
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distribution in transect-based sampling approaches. Though this method has limitations when
dealing with highly mobile species and few schools within a transect, point pattern analysis did
reveal multiscale structural mechanisms behind menhaden school distribution. A concrete quan-
tification of the contribution of environmental and behavioral drivers to menhaden school spatial
patterns is still elusive given limitations in fine-scale environmental data availability. However,
the relative impact of environmental and behavioral drivers found in this study matches that of
previous works on clupeiforms (Bertrand et al., 2008). At large spatial scales, variations in envi-
ronmental drivers are more impactful and create point patterns with first-order structure. At small
spatial scales, schooling behaviors are more visible and create point patterns with second-order
structure. Understanding the conditions under which aggregations of menhaden are formed at
any spatial scale will contribute to our overall understanding of their ecology and could aid in the

effective management of their population.
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Chapter 5: Spatially explicit individual-based models of juvenile Atlantic men-

haden distribution and schooling

5.1 Abstract

Individual-based models (IBMs) are valuable tools to explore how interactions between
individuals, processes, and the environment create emergent behaviors. IBMs are particularly
well-suited to track the movement of individuals through dynamic and spatially explicit environ-
ments. An examination of how fish schooling behavior develops from collective individual be-
haviors and how schools are distributed within a heterogeneous and dynamic environment could
elucidate some of the mechanisms that drive fish aggregation and movement. With this in mind,
IBMs were developed to model the behaviors of juvenile Atlantic menhaden, a species of forage
fish that frequently schools, in a shallow estuarine environment. Two IBMs were created, one in
which individuals only sense and respond to the environment and one in which individuals only
sense and respond to each other. The results of the two models were compared to empirical data
on menhaden schooling patterns collected in a representative estuarine creek using a sonar imag-
ing camera. The environment-responsive model did not produce aggregations consistent with
the empirical data. The schooling-responsive model produced schools with similar numbers of

individuals and within-school densities as schools in the empirical data, but the movement pat-
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terns and persistence of these schools were inconsistent with the empirical data. This indicates
that menhaden behavior is shaped by both biotic and abiotic forces and that the influence and
interactions between these forces may be scale-dependent. Further, the IBMs were found to be
sensitive to the number of individuals and the distance to which individuals were able to sense
stimuli. Therefore, the mechanisms that control the formation and maintenance of fish schools
may be an emergent property of the interaction between biotic and abiotic processes. These
IBMs are the first step towards quantitative assessments of the impact of schooling behaviors and

environmental conditions on the fine-scale distributions of menhaden in estuarine environments.

5.2 Introduction

The ecology of any one species, community, or ecosystem is inherently spatial (Fletcher
and Fortin, 2018). The interactions between and among individuals, processes, and the environ-
ment are profoundly linked to spatial location. Therefore, knowing the distribution and move-
ment patterns of a species is critical for effective management both at a single-species level and
an ecosystem level. The incorporation of spatially-explicit data into population modeling is dif-
ficult, as the large extent and fine spatial grain of natural processes are at odds with the need
for parsimony in most modeling structures (DeAngelis and Mooij, 2005). Further, the modeling
of variation among individuals, particularly in the perception of and response to spatially-varied
processes, is a complex task. Classical population modeling approaches assume populations are
monoliths and the response of all individuals will be identical, and so do not address spatial
or individual variability (DeAngelis and Gross, 1992). Modeling species dynamics, especially

spatially-linked dynamics, without adequate consideration of individual variability and spatial
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dependence is not likely to reproduce the reality of ecological systems (DeAngelis and Grimm,
2014; DeAngelis and Gross, 1992; Lomnicki, 1988).

Individual-based models (IBMs) can represent complex, highly-detailed real-world pat-
terns and processes by simulating the actions of individuals as they interact with each other and
their environment (DeAngelis and Mooij, 2005; Grimm and Railsback, 2005; van der Vaart et al.,
2016). IBMs offer an approach to population and community modeling that can be individually
variable, spatially explicit, and dynamic (Boyd et al., 2018; McLane et al., 2011; Tyler and Rose,
1994; Watkins and Rose, 2013, 2014; Werner et al., 2001). Since the 1980s, the rise in popular-
ity of IBMs as modeling and predictive tools for species behavior and distribution has matched
an increase in both the availability of fine-resolution spatial data and computing power (Huston
et al., 1988; Watkins and Rose, 2013). IBMs can be valuable tools for fisheries scientists and
managers to model and predict fish population dynamics in changing environments (Huse and
Ellingsen, 2008; Huse and Giske, 1998). The ability to track the state and position of individuals
throughout the model run makes IBMs well-suited to examine the movement and habitat use of
mobile species (Grimm and Railsback, 2005; Heinénen et al., 2018; Scutt Phillips et al., 2018).
As such, IBMs can produce detailed distribution maps for important species. These distribution
maps are considered critical to the development and implementation of ecosystem-based fisheries
management (EBFM) (MSFCMA, 2007), and so it stands to reason that IBMs could contribute
to EBFM efforts.

Movement through a heterogeneous space determines an individual’s exposure to several
influential biotic and abiotic processes, which in turn affect the individual’s growth, reproduc-
tion, and mortality (Tyler and Rose, 1994; Watkins and Rose, 2014, 2017). Movement modeled
in IBMs is structured as a set of rules which determine the timing of departure and intended
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destination of individuals. These rules are frequently conditioned on the ability of an individ-
ual to perceive and respond to the local environment (Railsback et al., 1999; Watkins and Rose,
2017). Movement may also be conditioned on ecological interactions with conspecifics. These
interactions between individual fish create complex aggregative structures like schools or shoals
(Hemelrijk and Kunz, 2004; Huth and Wissel, 1992; Parrish, 1989; Vabg and Negttestad, 1997).
One of the most important components of an IBM is an accurate representation of the movement
of individuals, though this is often one of the most difficult aspects of individual-based model-
ing. IBMs require good knowledge of the ecological and physiological processes and factors that
produce the emergent behaviors of modeled individuals (Grimm, 1999; Grimm and Railsback,
2005). This kind of large-scale, highly-detailed knowledge is not easily gathered in aquatic envi-
ronments, though technological developments in animal tagging and remote sensing have rapidly
increased the availability, extent, and resolution of both animal movement data and correlated
environmental conditions (Rose et al., 2010, 2001; Scutt Phillips et al., 2018). Despite these im-
provements, it is still difficult to identify a species’ perception of its environment and how it will
respond to temporally-variable movement cues (Demsar et al., 2015; Nathan et al., 2008; Watkins
and Rose, 2017).

An examination of how schooling behavior develops from collective individual behaviors
and how schools are distributed within a spatially explicit, heterogeneous, and dynamic environ-
ment could elucidate some of the behavioral mechanisms and environmental characteristics that
drive fish movement and aggregation. Several forage fish species would be suitable candidates
for this type of study. Forage fish is a collective term for many small and highly abundant fish
species which occupy intermediate trophic levels and therefore facilitate energy transfer from

lower to higher tropic level species (Bakun et al., 2010). Most species of forage fish aggregate
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and move in schools (Fréon et al., 2005; Pikitch et al., 2012). Spatially explicit IBMs have been
used to explore the population dynamics of several forage fishes (Brochier et al., 2008; Cataldn
et al., 2013; Mullon et al., 2002), but as of yet, no IBMs have been developed to explore how
schooling and movement rules shape the overall distribution of a forage fish species.

This study developed IBMs to examine the formation of juvenile Atlantic menhaden (Brevoor-
tia tyrannus, hereafter: menhaden) schools and the spatial patterns of those schools in a simulated
estuarine environment. Menhaden is an economically and ecologically important forage species
to many Northwestern Atlantic ecosystems and is known to school (SEDAR, 2020). The simu-
lated environment will be based on a tributary of the Chesapeake Bay. Juvenile menhaden utilize
the Chesapeake Bay as a nursery ground and are among the most abundant fishes in the Bay (Jung
and Houde, 2003; Wood and Houde, 2003). IBMs are not commonly used to examine spatial or
population dynamics of menhaden (exception: Quinlan et al. (1999)), though they have been used
in a multitude of studies on bay anchovy (Anchoa mitchilli), another important Chesapeake Bay
forage species (Adamack et al., 2012; Cowan, 1999; Rose et al., 1999; Wang et al., 1997). These
bay anchovy IBMs were made possible by abundant information on the ecology of bay anchovy
(Houde and Zastrow, 1991). With the knowledge of juvenile menhaden spatial distribution pat-
terns and school characteristics gained from the previous three chapters, it was possible to create
IBMs of menhaden spatial dynamics.

Schooling patterns and distributions were modeled using two separate IBMs—one in which
the simulated fish sense and respond to environmental conditions and a second in which simulated
fish sense and respond to each other. Though both environmental conditions and the movements
of conspecifics are expected to affect the movement of an individual, the sensory models were

not used in the same IBM. The relative contribution of both sensory mechanisms to the spatial

131



pattern of schooling fish is likely scale-dependent (Bertrand et al., 2008). The quantification of
how to combine these sensory mechanisms to simulate realistic aggregations is a complex chal-
lenge. Separating the sensory models and comparing the characteristics and spatial patterns of
any resulting aggregations to each other and fine-scale empirical data is a good first step towards

making this challenge more tractable.

5.3 Methods

In broad terms, both the environment-responsive model and the schooling-responsive model
consist of a spatially explicit landscape, a set of non-uniform individuals, and a set of sub-models
that control the movement and characteristics of the individuals. In both IBMs, the modeled land-
scapes were designed to have edges that connected at the x-minimum and x-maximum to reduce
the likelihood of edge effects. Edges at the y-minimum and y-maximum were not connected, and
individuals with movement paths that would cross the y-minimum or -maximum were instead
reflected towards the center of the grid. A brief description of both models will be provided in

this section; a full description and code to reproduce both models are provided in Appendix D.

5.3.1 Empirical data

An Adaptive Resolution Sonar Imaging (ARIS) camera was used to identify and enumer-
ate menhaden in the lower Patuxent River, which is a mesohaline and tidally-influenced estuarine
tributary. Sampling took place across the river channel and within the three largest creeks con-
nected to the sampled portion of the river. The distribution of these individuals into discrete

schools and the characteristics of the schools were calculated. Details on the specific methods
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used and transect locations have been provided in the previous three chapters. The empirical data
used in this chapter as a comparison to model outputs were taken specifically from St. Leonard
Creek in June. St. Leonard Creek is the largest of the three creeks connecting to the lower
Patuxent River, and the area sampled was approximately 2500m long by 500m wide. This area
consistently harbored thousands of menhaden. It was sampled twice in June 2016 and three times

in June 2017.

5.3.2  Simulating menhaden

Both the environment-responsive and schooling-responsive models are reliant on the simu-
lation of realistic menhaden-like individuals with non-uniform characteristics. The exact value of
any characteristic for each individual was generated from a folded normal distribution, where the
edges of the folds are the possible ranges of the characteristic as taken from the literature. These
included body length in mm (Annis et al., 2011), growth potential for one model time step (mm
per s seconds) (Annis et al., 2011; Humphrey et al., 2014; Luo et al., 2001), swimming speed in
body lengths per second (Durbin and Durbin, 1975; Luo et al., 2001), and sensory distance in
meters.

A sensing mechanism must be created for the simulated individuals to sense any stimuli.
The chosen mechanism for this modeling effort is a modified neighborhood search. Simulated
individuals can sense stimuli within a circular neighborhood centered on their location, which is
labeled the sensory neighborhood. The radius of this circle is the sensory distance. For both the
environment-responsive model and the schooling-responsive model, the sensory neighborhood

was limited to an arc 135° to the left and right of the bearing of the individual (Figure 5.01).
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This prevents individuals from sensing the area directly behind themselves. This method is com-
mon to models of fish aggregation (Aoki, 1982; Gautrais et al., 2008; Huth and Wissel, 1992,
1994; Oboshi et al., 2002). Though post-metamorphic juvenile menhaden are obligate filter feed-
ers (Friedland et al., 2005) and perhaps do not rely on visual cues to respond to environmental
conditions, this method of defining sensory neighborhoods was retained for the environment-
responsive model. This was done both to keep the models as similar as possible apart from the
sensory stimulus and because the first-order correlated random walk style of movement used

would prevent unrealistic and abrupt “about-faces.”

Figure 5.1: Illustration of sensory-distance mediated sensory neighborhood. The sensory dis-
tance of an individual creates a circle of radius r around the center of the individual. Bearing,
represented by the black arrow, is the direction the individual currently faces. The final repre-
sentation of the sensory neighborhood of an individual is the partial circle created by an arc that
begins 135 degrees to the left of the bearing and ends 135 degrees to the right of the bearing. This
sensory neighborhood is represented in blue in this figure.

The initial position and bearing of all individuals were randomized within the modeled
landscapes. The value of an individual’s bearing is defined by the unit circle, where 0/360° is

134



represented by the positive side of the x-axis.

5.3.3 Environment-responsive model

5.3.3.1 Model landscape

Simulation of a realistic environment similar to shallow estuarine areas was important for
the environment-responsive model. Field data to simulate these conditions do not exist at the
fine spatio-temporal scale needed for this IBM. Output from a Semi-implicit Cross-scale Hydro-
science Integrated System Model — Integrated Compartment Model (SCHISM-ICM) was used
instead; this modeled space is based on the Corsica River, which is a part of the Chester River
system and a sub-tributary on the eastern shore of the Chesapeake Bay. SCHISM-ICM was cre-
ated by Richard Tian of the Chesapeake Bay Program. Model results were subset spatially and
temporally to represent the conditions that would likely occur in shallow estuarine creeks in early
summer. Environmental conditions for the surface layer of a portion of the model were selected
and interpolated to create a 2500m long by 500m wide grid, which approximate the dimensions
of St. Leonard Creek (see Chapters 2, 3, and 4). Grid cells were 10m by 10m.

SCHISM-ICM output was subset and interpolated to create hourly 2-dimensional grids of
temperature ( °C), salinity (PSU), dissolved oxygen (mg L~!), chlorophyll (ug L~1), and tidally-
influenced water depth (m). To relate environmental conditions to menhaden movement and
behavior, suitability indices were created for the range of each environmental variable, where
0 represents poor suitability for juvenile menhaden and 1 represents superior suitability (Figure
5.02). These suitability indices were generated from either values in the literature or other a

priori knowledge of menhaden distribution (Christmas et al., 1982; Dalyander and Cerco, 2010;
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Lankowicz et al., 2020; Lynch et al., 2010; SEDAR, 2020). The overall habitat suitability index

(HSI) of each grid cell was calculated as the geometric mean of all the suitability index inputs:

HS]gm = \7/SIEV1 X SIEVQ X ... X S]EVp

where STgy is the suitability for environmental variable 1, etc., and p is the total number
of environmental variables considered. This method of calculation is highly sensitive to low
values; therefore, a single low suitability index value will result in a low HSI value within the
grid cell. HSI values closer to 0 indicate poor habitat, while values closer to 1 indicate superior
habitat (Figure 5.03). The simulated individuals sense and respond to this value, preferentially
moving towards more suitable habitats.

Qualitative explorations into the correlation between the inputs to HSI were completed.
This was done because retaining highly correlated suitability indices would essentially “double
count” the contribution of one process to overall HSI. Removing either temperature or salinity
variables did not impact the overall HSI of the modeled space, which indicates that they are
highly correlated in space and time. Neither temperature nor salinity alone has been found to
affect menhaden distribution (Friedland et al., 1996; Wilkens and Lewis, 1971), but temperature
is known to play an important role in initiating menhaden seasonal migrations (Friedland and
Haas, 1988). Therefore, the temperature suitability index was retained and the correlation was

removed by excluding the salinity suitability index from the final HST models.

5.3.3.2  Scheduling and sub-models

The model landscape (HSI grid) updated every 60 minutes, and environmental conditions
were static between updates. Sub-models are used to determine the direction and magnitude of
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Figure 5.2: Suitability indices for environmental variables used in the environment-responsive
IBM.
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Figure 5.3: Habitat suitability index values for the modeled grid at time step 1. Darker colors
indicate poor-quality habitat and lighter colors indicate higher-quality habitat.

a vector that characterizes the movement of an individual within the model landscape. The sub-
models are scheduled to update the position of all individuals at a given time step, and the value
of this time step is the temporal scale of the model. The temporal scale and the spatial scale of the
sub-models must match the process that is being modeled to produce realistic outcomes. For the
environment-responsive model, sensing and moving sub-models were scheduled to update the
positions of all individuals every 30 seconds, which offers sufficient resolution to create realistic
movements. The model was run to represent 30 days of real-world time for 1000 individuals. In-
dividuals first sensed the environment in their respective sensory neighborhoods and then moved

accordingly.

5.3.3.2.1 Sensing The sensory sub-model returned the HSI values of all grid cells within the

sensory neighborhood of an individual. If an individual was positioned near the x-minimum or
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x-maximum, the sensory neighborhood included sensing around the connected edge of the grid.
Because HSI is partially conditioned on water depth, the connection between HSI values at the
x-minimum and x-maximum for any position along the y-axis is relatively smooth. The same
cannot be said for HSI values at the y-minimum and y-maximum for any position along the x-
axis—the modeled water depth is much deeper for lower y-position values (the “bottom” edge
of the grid) than for higher y-position values (the “top” edge of the grid), which affects the HSI
values at these positions.

Each individual then compared the HSI values of all grid cells within their sensory neigh-
borhoods. Menhaden are not expected to have a perfect perception of the environment and perfect
decision-making skills. Grid cells must have a difference of more than 0.01 HST units to be con-
sidered different from the surrounding cells. Each individual evaluated all cells within its sensory
neighborhood and determined if one or more of these grid cells had a noticeably higher HSI
than its current cell. The individual then was assigned a new bearing that brought it towards
this desired cell. If the current cell was identified as having the highest HSI or if all cells were
perceived to have equivalent HSI, then the individual was assigned a new bearing at random. The
choice of random bearing was a first-order correlated random walk, which limited the selection
of a new bearing to be within the bounds of the sensory neighborhood. This prevents unnatural

“about-faces.”

5.3.3.2.2 Moving The movement sub-model was run after the sensory sub-model. It returned
the new bearing of each individual chosen by the sensory sub-model. It then returned the body
length and swim speed of each individual and calculated the distance traveled for the length of

the time step. From these values, the new x- and y-coordinates for each individual’s position
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were calculated. If the movement of an individual carried it out of the modeled landscape, the
individual was returned to the sensory sub-model and a new bearing was calculated. This process

was repeated until a bearing that kept the individual within bounds was selected.

5.3.3.2.3 Update individual characteristics Immediately after the two sub-models were run,
the characteristics of the individuals were updated. The growth potential, sensory distance, and
swimming speed of the individuals were redrawn from the same folded normal distributions of
the characteristics initialized in the model setup. The body length of the individual was adjusted;
body length for any individual i at any time step ts greater than 1 was dependent on the spatial
location of the fish xy and was calculated as
Bodylength; s = Bodylength; s-1 + Growthpotential; 1s * HST; 15 5y

After all sub-models and updates were completed, the resulting array of individuals and

their characteristics was saved and the model advanced a time step.

5.3.4 Schooling-responsive model

5.3.4.1 Model landscape

Simulation of the environment was not necessary for the schooling-response model, as the
individuals were not coded to sense the environment. However, a model landscape was still
needed to position the simulated individuals in space. Schooling models are highly computation-
ally expensive, as model structure dictates that the position of all individuals must be compared
at every time step to determine which, if any, neighboring individuals will affect the movement

of an individual under consideration. Therefore, the modeled grid was scaled down to a 500m
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long by 100m space, and only 100 individuals were simulated. As in the environment-responsive

model, grid cells were 10m by 10m.

5.3.4.2 Scheduling and sub-models

The schooling-responsive model required a much higher temporal resolution to create real-
istic outcomes that approximate aggregative behavior (K. Rose, personal communication). If the
time step is too coarse, individuals will not be able to “catch up” to their neighbors and create
aggregations. However, if the time step is too fine, the model may become intractable due to high
computational effort. After some exploratory analysis, 2 seconds was determined to be a suffi-
ciently fine time step to create realistic movement without overburdening computational effort.

Modeled time was set to 7 days.

5.3.4.2.1 Sensing The sensory sub-model created a point-distance matrix of the Euclidean dis-
tance between all pairs of individuals. The distance value takes into consideration the connection
between the x-minimum and x-maximum edges of the modeled space. The sub-model then iter-
atively looped through all individuals. In this loop, point distances from a considered individual
to all other individuals were drawn from the point-distance matrix. Then, all individuals further
away than the sensory distance of the considered individual were removed from the subset. The
next step considered the shape of the sensory neighborhood of the individual. Neighbors within
the “blind spot” of the sensory neighborhood were excluded and did not influence the behavior
of the individual under consideration. The identity of, bearing of, and distance to the nearest
neighbor within the sensory neighborhood as identified by Euclidean distance were recorded.

The influence of the nearest neighbor on a considered individual’s movement was depen-
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dent on the distance between the pair (Figure 5.04). These “schooling rules” that define the
interactions between individuals are well-established in the efforts to model fish aggregations
and are known to create emergent schooling behaviors (Aoki, 1982; Huth and Wissel, 1992,
1994). If the distance between the pair was less than 0.01m, then the considered individual was
repulsed from its nearest neighbor. It was assigned a random new bearing to carry it away from
the neighbor. If the distance between the pair was greater than 0.01m but less than 1m, then the
considered individual aligned its bearing to match its nearest neighbor. If the distance to the near-
est neighbor was greater than 1m, then the considered individual was attracted to its neighbor and
moved towards it. If there were no neighbors within the sensory neighborhood of an individual,
then the individual was assigned a new bearing at random. Just as in the environment-responsive
model, the choice of random bearing is a first-order correlated random walk and the selected
bearing must be within the sensory neighborhood. As there is little information available on the
schooling structure of forage fish like menhaden, the choice of 0.01m and 1m as the repulsion

and attraction zone limits, respectively, was arbitrary.

5.3.4.2.2 Moving The movement sub-model was run after the sensory sub-model. It com-
pleted the same function as the movement sub-model from the environment-responsive IBM. It
returned the new bearing of each individual chosen by the sensory sub-model, and the body length
and swim speed of each individual. It then calculated the distance traveled for the length of the
time step and the new x- and y-coordinates for each individual’s position. If the movement of
an individual carried it out of the modeled landscape, the individual was returned to the sensory
sub-model and a new bearing was calculated. This process was repeated until the individual is

randomly assigned a bearing that did not carry it out of bounds.
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Figure 5.4: Adapted from Aoki (1982). Zone of influence around an individual in a schooling-
responsive model. Interactions between individuals are structured based on these distance-based
zones. The overall size and shape of the combined zones of influence are equivalent to an indi-
vidual’s sensory neighborhood.

5.3.4.2.3 Update individual characteristics The characteristics of individuals in the schooling-
responsive model were updated in the same way as in environment-responsive model. Growth po-
tential, sensory distance, and swimming speed for each individual were redrawn from the folded
normal distributions of the variables. Body length was calculated given the body length at the
previous time step and the growth potential. After all sub-models and updates were completed,

the resulting array of individuals and their characteristics was saved and the model advanced a

time step.
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5.3.5 Identification of aggregations

Once both models complete the prescribed number of time steps, the positions of individu-
als at every time step were analyzed for the presence of aggregations. The characteristics used to
identify potential aggregations were taken from the results of empirical data analysis presented in
Chapters 2, 3, and 4. It is important to note that the non-specific word aggregation is used here so
that groups of individuals from both model types can be referred to when describing the steps in
the analysis, as it was found that aggregations formed in the environment-responsive model did
not have the characteristics of a school. Aggregations from the schooling-responsive model were
likely to consist of individuals swimming in a coordinated and polarized manner and were there-
fore be referred to as schools (Fréon et al., 2005). Aggregations from the environment-responsive
model were not polarized and did not seem to coordinate movement, and therefore did not fit the
definition of either schools or shoals (Hamilton, 1971).

Each time step in a model’s outcome was recorded as a matrix with n rows representing the
number of individuals and k columns representing the tracked characteristics of those individuals
(e.g. sensory distance, body length, etc.). Aggregations were identified for all time steps. First,
a Euclidean distance matrix was created to find the distance between all pairs of individuals. An
agglomerative hierarchical model was used to identify individuals within 1 meter of each other as
belonging to the same aggregation. An aggregation must consist of 4 or more individuals. Not all
individuals within an aggregation need to be within the same 1-meter distance; for example, if 4
individuals were positioned in a straight line where each individual was 99 cm away from the next
closest individual, this would still be considered an aggregation. The number of aggregations per

time step was recorded, as was the number of individuals in each aggregation and the position
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of the geometric center of each aggregation. The empirical data covered in Chapter 3 provided
measures of the number of aggregations and the number of individuals per aggregation to which
the modeled results were compared.

A concave-hull polygon was drawn around all the points of an aggregation. The area of this
polygon was calculated, as was the longest chord within the polygon. The longest chord distance
represented the length of the school in meters. The density of individuals within an aggregation
was calculated as individuals per meter length. Because the longest chord always served as the
representation of aggregation length, the individual per meter length density measure was highly
conservative. The empirical data covered in Chapter 3 provided measures of individuals per meter
length to which the modeled results were compared.

Point pattern analysis of the resulting aggregations was intended but was not possible. The
original objective was to determine if the aggregations of menhaden were positioned relative to
each other in any identifiable patterns. However, point pattern analysis requires at least four

points, and frequently the IBMs produced fewer than this required number of aggregations.

5.3.6 Sensitivity to number of individuals and sensory distance

The effect of the number of individuals and sensory distance ranges of individuals within a
model on the number and characteristics of resulting aggregations was tested. The environment-
responsive and schooling-responsive models were re-run with variations in the number of individ-
uals. The environment-responsive model was also re-run with variations in the sensory distance
of the individuals.

The environmental-responsive IBM was completed with 1000 individuals. Subsequent runs
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were completed with 2000 and 4000 individuals. The schooling-responsive IBM was completed
with 100 individuals. Subsequent runs were completed with 200 and 400 individuals. For the ini-
tial runs of the environment-responsive model, the range of sensory distances of individuals was
set as a folded normal distribution between 15 and 30 meters. In subsequent runs, sensory dis-
tances were either doubled or halved. All runs of both IBMs with varied numbers of individuals

or sensory distances were analyzed for aggregations in the same way as the original runs.

5.4 Results

5.4.1 Empirical data

The model landscape of both IBMs was based on St. Leonard Creek, which is the longest
estuarine creek that connects to the lower Patuxent River. The environment-responsive model was
set up to match the dimensions of this area (2500m long by 500m wide), while the schooling-
responsive model was a scaled-down version (500m long by 100m wide) with the same ratio
of length to width. Across the 5 sampling events, between 5 and 76 schools were observed in
the Creek (median: 33 schools). The average number of individuals per school varied between
31.5 individuals and 125 individuals (median: 44 individuals). The total number of individuals
observed in each transect varied from 324 to 11432 individuals, with a median of 1957 individuals
observed. Average density within the schools, reported as individuals per meter of school length,

varied from 12.3 to 44.3 individuals per meter (median: 15.3 individuals per meter).
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5.4.2 Environment-responsive model

5.4.2.1 Habitat Suitability Index

The habitat suitability index of the model landscape was highly dynamic (Figure 5.05). It
was uncommon that all grid cells would have a similar HSI value, as chlorophyll and dissolved
oxygen suitability values shifted rapidly in both space and time. Areas of high suitability were
typically located near the left and right edges of the grid, which represented the shallower regions
near the shoreline (Figure 5.03). When average HSI was calculated over a 1-hour moving window
for the entire modeled period, a clear diel pattern was noted. HSI was highest in daylight hours
and lowest at night. Average HSI remained fairly consistent, but dropped dramatically at the

end of the modeled period due to decreased suitability of both chlorophyll and dissolved oxygen
levels.
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Figure 5.5: HSI averaged with 12-hour moving windows through the 30-day modeled period.
Daylight hours have light background and nighttime hours have darker background.
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5.4.2.2 Movement

The modeled individuals tracked the shifting location of regions with high HSI. Individuals
sensed and moved towards areas of high suitability within their sensory neighborhoods (Figure
5.06). Individuals frequently “wrapped around” the grid, meaning they traversed the continuous

connection between the x-minimum and x-maximum (Figure 5.07).
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Figure 5.6: Positions of 1000 individuals at two randomly-selected time steps. The background
color represents HSI; darker values indicate poor habitat, while lighter colors indicate superior
habitat. Individuals are noted to avoid poor habitat.

5.4.2.3 Aggregations

The environment-responsive IBM produced aggregations that cannot be described as schools.
Coordinated and polarized swimming is required for an aggregation to be considered a school.
The movement rules of this model produced aggregations where individuals were not coordi-

nated, and instead, the bearings of all individuals in an aggregation were uniformly dispersed
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Figure 5.7: Movement paths of 5 randomly-selected individuals over 3 modeled days in the
environment-responsive model. Note that long, straight horizontal lines that traverse the entire
x-range of the modeled space are not representations of individuals moving 500 meters in a time
step; these lines represent individuals “wrapping” around the grid from the x-minimum to the
X-maximum in a time step.

around the unit circle (Figure 5.08).

Very few aggregations were identified at each time step. Because the model was initialized
with randomly-placed individuals, this was expected for the “primer” period at the beginning of
the model. This period lasted approximately 7 days and was removed when calculating summary
statistics. The number of aggregations remained low through the entire 30-day modeled period
(Figure 5.09). When averaged over 12-hour moving windows, between 4 and 8 aggregations
were seen in the modeled space. The number of aggregations declined sharply at the end of
the modeled period, which coincided with the sharp decline in average HSI. The number of

individuals per school also remained low throughout the modeled period, with between 6.0 and
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Figure 5.8: Example of the alignment of individuals within aggregations from both models. The
left panel is output from the environment-responsive model and the right panel is output from
the schooling-responsive model. The movement of individuals is represented as vectors. The
direction of the vector is equal to the bearing of the individual and the magnitude of the vector is
equal to the distance the individual traveled in a time step.

8.3 individuals per school, and declined sharply at the end of the modeled period with both the
number of aggregations and HSI (Figure 5.09). The rapid decline in the suitability of chlorophyll
and dissolved oxygen at the end of the modeled period caused the drop in the average HSI of
the modeled space. These two environmental variables were highly dynamic in space, whereas
temperature was fairly constant across the modeled space and tidal depth had slight and consistent
semi-diurnal fluctuations. Therefore, when chlorophyll and dissolved oxygen levels declined, the
modeled space had consistently low HSI values in all cells. With little variation between cells
and overall low values, there were no suitable patches for the modeled individuals to sense and
move toward, and thus few aggregations were formed.

The density of individuals within an aggregation was also low, which is another indication

that the aggregations cannot be considered schools. Averaged over a 12-hour moving window,
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density within an aggregation ranged from 0.2 to 3.1 individuals per meter (Figure 5.09). Similar
to both the number of aggregations and the number of individuals per aggregation, this metric

also declined sharply at the end of the modeled period with a decline in HSI.
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Figure 5.9: Number of aggregations, number of individuals per aggregation, and within-
aggregation density (individuals per meter length) averaged over 12-hour moving windows for
1000 individuals in the environment-responsive model. Background color indicates daylight con-
dition. Light-colored background bars indicate daytime, dark-colored background bars indicate
nighttime.

5.4.3 Schooling-responsive model

5.4.3.1 Movement

The modeled individuals sensed and responded to each other. Individuals typically re-

mained within the schools that were formed (Figure 5.10). Similar to the environment-responsive
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model, individuals frequently “wrapped around” the grid (Figure 5.11). This behavior was in part
because schools were not disrupted from moving in the x-direction once they stabilized, though
they would be reflected off the y-minimum and -maximum of the grid space if they approached
it.
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Figure 5.10: Positions of 100 individuals at two randomly-selected time steps. In both sub-
figures, the individuals have aggregated into several tight schools.

5.4.3.2 Aggregations

The schooling-responsive IBM produced aggregations in which individuals moved in a co-
ordinated and polarized manner (Figure 5.08). Therefore, these aggregations can be described
as schools. Similar to the environment-responsive model, the school-responsive model needed
a “primer” period to stabilize. The model needed approximately 3 days to stabilize, and this
"primer" period was removed when calculating summary statistics. Very few schools were

formed at every time step. However, unlike the environment-responsive model, this was not
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Figure 5.11: Movement paths of 5 randomly-selected individuals over 1 modeled day in the
schooling-responsive model. Note that long, straight horizontal lines that traverse the entire x-
range of the modeled space are not representations of individuals moving 100 meters in a time
step; these lines represent individuals “wrapping” around the grid from the x-minimum to the
X-maximum in a time step.

because schools were uncommon. The scarcity occurred because the 100 individuals settled into
2 large, distinct schools, and individuals did not leave the schools they had joined (Figure 5.12).
When averaged over 12-hour moving windows, there were between 46 and 50 individuals in
each school. The density of each school fluctuated between 24.5 and 27.5 individuals per meter

(Figure 5.12).
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Figure 5.12: Number of schools and number of individuals per school averaged over 12-hour
moving windows for 100 individuals in the schooling-responsive model. Though environmental
conditions were not considered, background colors for day and night periods were still included
so it is easier to visualize the changing of the metrics over the modeled period. Light-colored
background bars indicate daytime, dark-colored background bars indicate nighttime.

5.4.4 Sensitivity tests

5.4.4.1 Number of individuals

The environment-responsive model was run with 1000, 2000, or 4000 simulated individ-
uals. All other variables, including model space size, were held at their original values when
adjusting the number of individuals (Table 5.01). Therefore, increasing the number of simulated
individuals also increased the density of individuals within the model space. When the number
of simulated individuals increased, the number of aggregations increased (Figure 5.13A).Though

the decline in HSI was noted to cause a decrease in the number of aggregations in the original
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1000-individual model, this decrease was not as severe in the 2000-individual model. The in-
creased density of individuals within the model space increases the likelihood that individuals
would be positioned close enough together to be identified as an aggregation. It is apparent that
the 4000-individual model was best able to produce aggregations in periods of low habitat suit-
ability, as peak number of aggregations was reached during times of low HSI. At this elevated
density of individuals in the model space, enough individuals were in proximity to the smaller
and fewer patches of relatively high-suitability habitat to form aggregations.

Increasing the number of simulated individuals in the model had a similar effect on the
number of individuals per aggregation. Models with more individuals typically had more indi-
viduals per aggregation (Figure 5.13B). This is likely also a density-related effect, as described
above.

Increasing the number of individuals in the model did not have a clear effect on the within-
aggregation density (Figure 5.13C). The 1000- and 2000-individual models had approximately
the same diel trends, and within-aggregation density declined sharply with the decline in HSI.
The 4000-individual model also showed a slight decline in within-aggregation density with the
decline in HSI, though it was not as evident as the other two models. However, within-aggregation
density of the 4000-individual model did not show the same diel trends.

The schooling-responsive model was run with either 100, 200, or 400 individuals (Table
5.01). All other variables were held equal when adjusting the number of individuals. Whereas
the number of schools in the 100-individual model was very stable at 2 schools over the length of
the modeled time, the number of schools fluctuated in the 200- and 400-individual models (Fig-
ure 5.14A). The 200-individual model always had more schools than the 100- and 400-individual
models. The instability of schools in the higher-density models indicates a non-linear connection
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Figure 5.13: Number of aggregations, individuals per aggregation, and within-aggregation den-
sity (individuals per meter length) averaged over 12-hour moving windows in the environment-
responsive model with 1000, 2000, and 4000 individuals. Light-colored background bars indicate
daytime, dark-colored background bars indicate nighttime.
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between the density of individuals in the model space and the persistence of schools. This rela-
tionship should be tested further with more model runs at different numbers of individuals and
different model space sizes.

The number of individuals per school reached a stable state in all three models, but was
much higher in the 100-individual model than in the 200- and 400-individual models (Figure
5.14B). The same was true for the within-school density; the number of fish per meter school
length reached a stable state in all three models but was much higher in the 100-individual model

(Figure 5.14C).

5.4.4.2 Sensory distance

The original environment-responsive model was run with 1000 individuals with a sensory
range of 15-30 meters. Variations in the sensory range were tested while holding the number of
individuals at 1000 (Table 5.1). The sensory distance was either halved (7.5-15m) or doubled
(15-30m) from the original values. The number of aggregations, number of individuals per ag-
gregation, and within-aggregation density did not change in predictable ways when the sensory
distance was changed (Figure 5.15). Doubling the sensory distance resulted in very few aggrega-
tions, few individuals per aggregation, and low within-aggregation density when HSI was stable.
However, when HSI was low or variable, the model with doubled sensory distance produced more
aggregations with more individuals and higher within-aggregation densities than the default or
halved sensory distances. When HSI was low or variable, the halved-sensory distance model
predictably produced fewer aggregations with fewer individuals and lower within-aggregation

densities. During periods of stable HSI, the halved-sensory distance model had similar trends
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in number of aggregations, individuals per aggregation, and within-aggregation density as the

original sensory distance model (Target5.15).

Table 5.1: Summary statistics for sensitivity tests. Variations of the environment-responsive model were
run with either 1000, 2000, or 4000 individuals. Further variations of the environment-responsive model
were run with 1000 individuals and either half the original sensory distance or twice the original sensory
distance. Variations of the schooling-responsive model were run with either 100, 200, or 400 individuals.
Metrics reported for each model run include the number of schools, the number of individuals per school,
and the density within the school (individuals per meter length).

Model # Inds. S.e nsory Metric Minimum Median Mean Maximum
distance

Environment 1000  15-30m # schools 0.06 4.09 4.17 8.11
# individuals 0.08 6.07 5.69 8.27

density 0.15 2.79 2.58 3.07

Environment 1000  7.5-15m  # schools 0.01 2.2 2.18 4.59
# individuals 0 4.62 4.44 8.88

density 0.02 2.51 2.27 3.16
Environment 1000  30-60m # schools 0.02 0.9 1.65 13.87
# individuals 0 1.24 1.44 5.67

density 0.05 1.24 1.21 2.77
Environment 2000  15-30m # schools 0.74 10.51  10.62 19.19
# individuals 1.18 8 7.79 11.44

density 1.12 3.09 2.99 3.35
Environment 4000  15-30m # schools 4.81 17.54 19.49 42.94
# individuals 3.85 8.45 8.83 17.68

density 2.42 3.09 3.07 3.29

Schooling 100 15-30m # schools 2.02 2.08 2.09 2.18
# individuals 46.01 4798  48.05 49.8
density 24.48 26.2 26.12 27.53

Schooling 200 15-30m # schools 6.5 7.18 7.19 7.82
# individuals 6.05 6.63 6.68 7.43

density 6.29 6.62 6.64 7.06

Schooling 400 15-30m # schools 2.58 3.57 3.58 4.44
# individuals 2.86 4.1 4.14 5.29

density 5.01 5.4 5.41 6.3
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5.4.5 Comparison to empirical data

5.4.5.1 Environment-responsive model

Menhaden observed in the empirical data were noted to coordinate their swimming move-
ments to form schools. The environment-responsive model did not produce aggregations with
this synchronized behavior, and therefore the aggregations could not be considered schools. The
environment-responsive model did form some non-school aggregations in areas of relatively high
habitat suitability, though most individuals were not affiliated with any aggregation. On average,
fewer than 8 aggregations were present in the modeled landscape at any time, and these aggre-
gations typically had fewer than 8 individuals. The frequency of lone individuals is extremely
unusual as compared to the empirical data, where singular menhaden-like fish were observed
fewer than 5 times across dozens of hours of sampling.

Though the number of aggregations observed in the environment-responsive model out-
comes is within the range of the number of schools observed in the empirical data (5-76 schools),
the number of individuals per aggregation is much lower. The environment-responsive model
had an average of 5.7 individuals per aggregation, while the empirical data consistently showed
40-45 individuals per school. Further, the results of the environment-responsive IBM indicated
that the number of individuals per aggregation fluctuates with the number of individuals present
in the model landscape, whereas in the empirical data the number of individuals per school was
similar despite fluctuations in the number of individuals observed within the study area. Finally,
the density of individuals per meter of aggregation length is well below the reported value from

1

the empirical data (average for environment-responsive IBM 2.6 inds m™", average for empiri-
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cal data 15.3 inds m~!), which strengthens the assertion that these aggregations should not be

considered schools.

5.4.5.2 Schooling-responsive model

The schooling-responsive model was designed so that polarized aggregation behavior was
imposed on the individuals. Therefore, the aggregations that formed did have close alignment
between individuals and could be considered schools. Far fewer individuals were modeled in the
schooling-responsive models (100 - 400 individuals) than were seen in the empirical data (324
to 11432 individuals). With this critical difference in mind, it is best to compare the number
of individuals per school to the empirical data rather than the number of schools formed. The
schooling-responsive model produced schools with an average of 48 individuals and a density
of 24-28 individuals per meter. These values are comparable to the empirical data. However,
increasing the number of individuals in the schooling-responsive IBM did result in a dramatic
decrease in the number of individuals per school and the density of those schools (Table 5.1),
which was not consistent with the patterns seen in the empirical data. The sensitivity of model
behavior to number of simulated individuals indicates a missing mechanism that serves to struc-

ture the organization of schools relative to each other.

5.5 Discussion

The best-available data from decades of published science on menhaden habitat prefer-
ences and spatial dynamics, as well as empirical data collected and analyzed in the previous

three chapters, were used to inform two separate IBMs. The first IBM was a representation of
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individual behavior and movement if it only occurred in response to environmental stimuli. The
second IBM represented individual behavior if it only occurred in response to conspecifics. Nei-
ther model was able to completely represent the behaviors and spatial patterns observed in the
empirical data, though the schooling-responsive model was able to approximate the number of
individuals per school and within-school density seen in the empirical data. This lack of similar-
ity was to be expected, as fish behavior and spatial patterns are likely the results of both biotic
and abiotic processes and their interactions, not wholly one or the other.

Environmental and behavioral factors are known to operate on different spatio-temporal
scales and thus impact fish at different scales (Beare et al., 2002; Bertrand et al., 2008; Heindnen
et al., 2018; Petitgas and Levenez, 1996). In these IBMs, the variation in temporal scale was
demonstrated by the difference in time step length between the environment-responsive model
and the schooling-responsive model. While a time step of 30 seconds was sufficient for the
environment-responsive IBM to create the movement patterns and spatial distributions that were
expected, a much smaller time step was needed for the schooling model. The mechanisms for
schooling require individuals to respond quickly to each other, or they will not be able to coordi-
nate their swimming (Parrish et al., 2002). The same quick responses are not needed for fish in
the environment-responsive model. Estuaries are known for rapid changes in environmental con-
ditions (Vinagre et al., 2017), but the conditions between two spatially proximate points should
not change dramatically within 30 seconds.

The extremely stable schools created by the 100-individual schooling-responsive model are
an illustration of the importance of disturbance mechanisms. Real-world fish schools are highly
dynamic and are likely to merge or break apart frequently in response to stimuli (Pitcher et al.,
1996; Soria et al., 1998). Diel patterns in aggregations and spatial patterns have been observed for
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clupeids (Skaret, 2003). Diel patterns in menhaden aggregations have been noted in the Patuxent
River, with schools forming during the day and breaking apart at night (Lankowicz, unpublished
data). However, when only presented with the behavioral mechanism for schooling, the 100-
individual schooling-responsive model resulted in schools that persisted for days. Though it
is not within the scope of this work, it would be interesting to add mechanisms to adjust the
behavior of the simulated individuals in future versions of these models to better represent these
diel patterns.

In contrast, the 200- and 400-individual schooling-responsive models did not produce sta-
ble schools. The highly stochastic nature of these schools indicated a non-linear relationship
between school formation and the density of individuals within the modeled space. This rela-
tionship is not representative of the empirical data, in which schools were noted to have a similar
number of individuals and within-school density regardless of population size. The empirical
data indicated that an emergent property of schooling is the ability to interact as a school with
another school. The mechanisms that underly this ability were clearly not captured in the model,
as the individuals would frequently abandon their school in an often-unsuccessful attempt to join
a more distant school.

The environment-responsive IBM indicated that environmental conditions do play a role in
structuring the number and positioning of menhaden aggregations. HSI had a strong, diel cycli-
cal pattern in the modeled landscape. The diel pattern of the modeled space HSI was probably
caused by the effects of light conditions and tidal fluctuations on chlorophyll and dissolved oxy-
gen concentration, which were often the limiting factors in a grid cell’s HSI value. Diel patterns in
menhaden aggregations were not as evident, though this should be expected due to the stochastic-

ity that comes from having non-uniform individuals and no schooling mechanism. When values
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of HSI were relatively stable, fluctuations in the number of aggregations, number of individu-
als per aggregation, and density within the aggregations were still evident. These fluctuations
could be the result of the non-uniform ability of the fish to perceive their environments, as well
as non-uniform swimming speeds and body lengths. When HSI values decreased dramatically
at the end of the modeled period due to declines in the suitability of chlorophyll and dissolved
oxygen conditions, few aggregations were formed. This indicates that the effects of poor habitat

will outweigh the effects of individual variation.

5.5.1 Sensitivity tests

The sensitivity tests indicated that both the number of individuals and the range of sensory
distance greatly affect the movement and spatial patterns of simulated menhaden. Adjusting the
number of individuals in the model affected the number of aggregations and the number of indi-
viduals per aggregation in both the environment-responsive and the schooling-responsive IBMs.
This result is consistent with other empirical studies, which have found that the number of in-
dividuals in an area affects the formation and maintenance of schools (Niwa, 2004). When the
number of individuals in the environment-responsive model was increased to 4000, the impact
of low HSI on the formation of aggregations was less evident, likely due to an overall increased
density of individuals within the modeled space. In both models, more individuals in the model
resulted in more aggregations with fewer individuals, rather than increasing the number of indi-
viduals within a stable number of aggregations. This result does not match what was found in
the empirical data, where an increasing number of individuals within the study area correlated

to an increasing number of schools but a relatively stable number of individuals per school. The
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IBMs are either missing a mechanism that serves to structure the number of individuals within an
aggregation, or the structure of aggregation is an emergent property of combining environmen-
tal and behavioral mechanisms. Identifying and including the controlling mechanism or set of
controlling mechanisms would improve the realism of the model outcomes.

Sensory distance also had a considerable impact on the structure of aggregations within the
IBMs. All other things held equal, halving the range of sensory distance of individuals within
the environment-responsive model resulted in a scaled response in the number of aggregations.
However, the number of individuals within the aggregations remained roughly the same. This
is likely caused by the spatial autocorrelation in HSI between spatially proximate points. When
sensory distance is halved the individuals cannot follow the spatially-mediated gradient in HSI
because this gradient is only evident at larger spatial scales. Therefore, the likelihood of modeled
individuals “finding their way out” of poor habitat is decreased. Individual fish are not fully ca-
pable of exploring the modeled space and finding higher-quality areas within which to aggregate.
When individuals do find higher-quality habitat, they will structure their movements to remain
within it.

When the sensory distance was doubled, the number of aggregations decreased. This was
likely caused by a mismatch in perception against the best spatial scale to perceive the spatially-
mediated gradient in HSI. Individuals with doubled sensory distances were constantly perceiving
a better habitat to move towards, rather than settling in an area of relatively high HSI. Because
the modeled landscape was updated frequently (every hour, or 120 time steps), aggregations
were unlikely to occur. However, when HSI declined sharply at the end of the model, the fish
with increased sensory distance were better able to perceive the fewer and smaller patches of

relatively high-quality habitat. Therefore, they formed into many more aggregations than were
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seen in the original and half-sensory-distance models.

5.5.2 Comparison to empirical data

Neither IBM was able to completely replicate the patterns and characteristics of menhaden
schools as seen in the empirical data. However, the schooling-responsive model had promising
results. It produced schools with similar characteristics to the empirical data, though the spatial
organization and movement of these schools were not realistic. It is possible that with further
refinement, the schooling-responsive model could produce simulated schools with characteristics
and spatial patterns comparable to those seen in the field. The results indicate that menhaden
spatial patterns, both in how individuals aggregate into schools and how schools are distributed
through a landscape, are created by a combination of interactions with both the environment and
conspecifics. This corroborates the theory that fish spatial distribution patterns result from the
interaction of multiple processes at several scales. Particularly for schooling forage species like
menhaden, this means schooling may have a higher impact at small spatial scales and environ-
mental forces may have a higher impact at larger spatial scales (eg Bertrand et al. (2008)).

The modeled number of individuals within a defined area was found to have an impact
on the resulting behaviors and spatial patterns. It was notable that changing the number of in-
dividuals highly affected the number of individuals per school in both IBMs, as the number of
individuals per school stayed relatively consistent in the empirical data despite a large variation
in the number of individuals in the study area. This result indicates that both models are missing

a mechanism or set of mechanisms that control the number of individuals per school.
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5.5.3 Study limitations

There are numerous challenges when implementing IBMs. Though the use of IBMs is in-
creasing in many ecological sub-fields, they are still highly complex and it is difficult to commu-
nicate the results. It is important to strike a balance between representing all pertinent processes
and over-complicating (or over-parameterizing) the inputs when setting up an IBM (van der Vaart
etal., 2016). Though the intention behind over-parameterization is often a desire to be as detailed
and realistic as possible, the outcome will be reduced realism and predictions that are only rele-
vant to the modeled space (van der Vaart et al., 2016). If model predictions are to be emergent
rather than imposed, they should be produced through an accurate mechanical representation of
the relationships between biotic and abiotic processes rather than attempting to pattern-match an
outcome to empirical data (Grimm and Railsback, 2005). Though the best available informa-
tion was used to parameterize the two IBMs developed in this work, questions remain regarding
the realism behind the assumed relationships. For example, there is no published information
on the possible range of sensory distances of juvenile menhaden. The chosen sensory distances
and “schooling rules zones” (i.e. repulsion, attraction, and alignment) were arbitrary. Sensory
distance was found to have a significant impact on the formation and size of aggregations. Col-
lecting this information in a laboratory setting and incorporating the results into the IBMs would

greatly improve confidence in the ability of the models to represent realistic processes.

5.5.4 Conclusions

Although the IBMs did not completely represent menhaden school characteristics and spa-

tial patterns seen in the empirical data, there were similarities. The schooling-responsive model
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was able to produce schools of a similar size in number of individuals and within-school density
as was typically seen in the representative estuarine tributary. With refinement, the schooling-
responsive model could produce menhaden schools that behave in the same way as schools seen
in the empirical data. The sensitivity of the schooling-responsive model to the size of the simu-
lated population was not consistent with the relationship between schooling and population size
in the empirical data, indicating a missing mechanism or mechanisms that structure the spa-
tial pattern of schools. The mechanisms represented in the schooling-responsive model are at
fine spatial scales, and the missing mechanism or mechanisms that would create stable schools
regardless of population size are likely at a coarser spatial scale. Future research needs to be
conducted to quantify the contribution of fine- and coarse-scale processes to menhaden school
characteristics and spatial structure. This research, built from the understanding of menhaden
spatial ecology as it exists in published literature and from the analysis of empirical data in the

previous three chapters, is a substantial first step in addressing this ecological challenge.
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Figure 5.14: Number of schools, individuals per school, and within-school density averaged over
12-hour moving windows in the schooling-responsive model with 100, 200, and 400 individuals.
Though environmental conditions were not considered, background colors for day and night pe-
riods were still included so it is easier to visualize the changing of the metrics over the modeled
period. Light-colored background bars indicate daytime, dark-colored background bars indicate
nighttime.
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Chapter 6: Summary and conclusions

The varied effects of space on organism distribution, movement, and survival have sparked
ecological questions for hundreds of years. The questions addressed in this dissertation were
in that same vein, and so fall under the wide umbrella of spatial ecology. Atlantic menhaden
and other forage fish are good candidates for spatial ecology studies, as their spatial patterns are
highly dynamic and linked to many biotic and abiotic processes that operate at multiple spatial
scales (Bertrand et al., 2008; Gutiérrez et al., 2012; Liang et al., 2020). This makes sampling at
multiple spatial scales and across many habitat types essential to accurately determine and char-
acterize the drivers of species abundance and distribution, but information on most fish species’
spatial dynamics has previously focused only on large spatial scales (Ciannelli et al., 2008). With
the use of sonar imaging and through a series of complementary studies in a representative tidal
estuarine tributary, I have attempted to resolve fine-scale patterns in juvenile menhaden habitat
use; quantify the effects of environmental factors like temperature, salinity, dissolved oxygen,
tidal stage, and chlorophyll concentration on menhaden distribution; and examine the role of
individual behaviors in creating emergent schooling patterns. The combination of fine-scale em-
pirical data, statistical modeling, and individual-based models used in these studies contributes

novel information to our understanding of juvenile menhaden spatial dynamics.
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6.1 Novel technology applications

The adaptation of sonar imaging technology for mobile, transect-based surveys to observe
the abundance and spatial distributions of menhaden was a significant achievement of this re-
search (Chapter 2). The combined evidence of visual identification of menhaden at the wa-
ter surface during data collection, previous stationary ARIS studies of menhaden body shape
(Shahrestani et al., 2017), previous stationary ARIS studies of menhaden schooling behavior
(Zhang et al., 2017), and seasonal size information for juvenile menhaden indicate that vast ma-
jority of fish identified in this study are juvenile menhaden. Recent shiftings from single-species
management emphasis to ecosystem-based management have highlighted the need to collect de-
tailed data on the interactions between fish species and their ecosystems and the variability of
these interactions (Anstead et al., 2021; Pikitch et al., 2004). Sonar imaging cameras have proven
to be a useful tool in collecting abundance and distribution data on fishes at extremely fine scales,
in areas that are not sampled well by traditional net-based methods, and with minimal disturbance
to the fish. Unlike most active acoustic survey methods, mobile ARIS allows for the identifica-
tion and enumeration of individuals. Mobile ARIS is also a relatively efficient data collection
method—it is not labor-intensive for the researchers to use and continuously collects large vol-
umes of data.

There are still challenges remaining for the optimization of sonar imaging techniques for
forage fish; the avoidance response to either vessel noise or the sound signals of the sonar camera
itself is unknown. In my use of mobile ARIS surveys across multiple Chesapeake Bay tributaries,
I have noted variable responses to the approaching vessel and sonar imaging camera. Avoidance

behaviors could be individually-variable, or they could be linked to species and habitat type.
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Further studies would be needed to clarify the response.

The massive quantities of data produced by sonar imaging also pose a challenge. Other
established active acoustic survey methods have image processing software and algorithms that
speed up the analysis of raw data. The methods for automated or semi-automated processing
of sonar imaging data are typically limited to stationary applications (Shahrestani et al., 2017).
These methods are not suitable for mobile sonar imaging data, as the images produced are highly
dynamic and therefore difficult for machine learning algorithms to process. I, and others who use
mobile sonar imaging, must process the data manually in the proprietary software created by the
manufacturer of the sonar imaging camera (Becker et al., 2017; Kerschbaumer et al., 2020). This
is time-consuming and lends itself to reader bias and uncertainty. Machine learning algorithms
to semi-automate the processing of mobile sonar imaging data are under development but are not

yet ready for applications in fisheries research.

6.2 Habitat preferences

With the use of GAMs, I found that menhaden density varies considerably throughout the
summer within the lower Patuxent River (Chapter 2). Habitat type, water depth, and month were
all statistically significant predictors of the distribution and density of menhaden. The creek habi-
tats were noted to have significantly higher densities of menhaden than the Patuxent River channel
habitat. This result was partially mediated by water depth—menhaden were also present at sig-
nificantly higher densities in shallower habitats, and the creeks are all much shallower (average
sampling depth approximately 4 m) than the river channel (average sampling depth approximately

8 m).
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6.3 Characteristics of menhaden schools

Chapters 3 and 4 used the same empirical dataset as Chapter 2, but the organization of
menhaden into discrete schools was taken into account. Chapter 2 focused on individuals, but
Chapter 3 emphasized aggregative extent to examine the density of schools across the study area.
I developed and implemented a procedure to identify discrete schools of menhaden observed in
the sonar imaging data. In Chapter 3, I found that the menhaden identified in the lower Patuxent
River were typically organized into many smaller schools (tens to hundreds of individuals) as
compared to a few large schools (thousands of individuals). This is a sharp contrast to the schools
of millions of individuals found in the coastal oceans and harvested with purse seines.

A GAM indicated that the density within a school (number of individuals per meter length)
was affected by water depth, distance to the nearest neighboring school, a random effect based
on the number of individuals per school, and interactions between tidal stage, habitat, and sam-
pling month. A separate GAM found that the distance between nearest neighboring schools was
affected by water depth, within-school density, spatial location (x- and y-coordinates), and in-
teractions between tidal stage, habitat, and sampling month. It is expected that ontogeny and
size would play a role in structuring menhaden aggregations as well, and though these were not
explicitly included as explanatory variables in GAMs, they could be implicitly included under
the sampling month variable. The GAMs indicate that both environmental and behavioral mech-

anisms structure the size and spatial pattern of menhaden schools.
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6.4 Spatial pattern of menhaden schools

In Chapter 3, a daily clustering coefficient was used to explore the spatial pattern of men-
haden schools with respect to each other. The results indicated that these schools were clustered
at the spatial scale of the sampled transects. In Chapter 4, spatial point pattern analysis adapted
for use along one-dimensional linear transects was used to explore the spatial patterns of men-
haden schools at a higher spatial resolution. The spatial locations of schools within a transect
were treated as a point pattern, and these point patterns were analyzed for spatial variation linked
to environmental spatial covariates (first-order structure) and spatial variation linked to the loca-
tion of other points in the pattern (second-order structure). The results were mixed, and very few
obvious trends were noted. A negative association between the river channel habitat type and
the presence of first-order structure was noted. Point patterns with no first-order structure or no
second-order structure had fewer schools than point patterns that did have first- or second-order
structure. There is not a recognized number of points or size of the observation window needed to
draw robust conclusions from spatial point pattern analysis, and some studies on rare plants use
as few as 4 points (Ben-Said, 2021; Cordero et al., 2016; Wehenkel et al., 2015). However, it is
known that it may be difficult to accurately identify point patterns and underlying point processes
with fewer than 50 points. The river channel transects often did not have more than 20 identi-
fied schools of menhaden, so the negative association between the river channel and first-order
structure may be due to the low sample size. There is still value in these point pattern analyses
as exploratory studies in areas with limited availability of high-resolution data suitable for point

pattern analysis (Ben-Said, 2021; Ben-Said et al., 2020).
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6.5 Impact of environmental and behavioral mechanisms on spatial patterns

Point pattern analysis highlighted the variation in the relative contribution of environmental
and behavioral drivers of menhaden spatial pattern across multiple scales. First-order structure
is likely caused by environmental forces which create a heterogeneous environment of suitable
and unsuitable patches. First-order structure of menhaden schools was driven by spatial covari-
ates like y-coordinate (representative of distance along a transect) and depth. The gradients of
these spatial covariates are best seen at spatial scales of tens of meters to hundreds of meters.
Second-order structure indicates that the spatial location of organisms or aggregations of organ-
isms is dependent on the location of other organisms in the studied area, which is representative
of schooling behavior in menhaden. Second-order structure was most consistent at small spatial
scales, between meters and tens of meters. It is likely that the true spatial point pattern of men-
haden schools within the lower Patuxent River at any time is shaped by both environmental and
behavioral mechanisms, as well as the stochasticity of variation in individual behaviors.

Finally, in Chapter 5, two dynamic and spatially explicit individual-based models of men-
haden schooling and movement were built based on findings from all analyses of the empirical
data. IBMs are valuable tools to explore how interactions between individuals, processes, and the
environment create emergent behaviors. They are well-suited to track the movement of individu-
als through dynamic and spatially explicit environments, which also makes them highly capable
of quantifying aggregative behaviors. The first IBM was a representation of individual behavior
and movement if it only occurred in response to environmental stimuli. The second IBM rep-
resented individual behavior if it only occurred in response to conspecifics. Neither model was

able to accurately represent the behaviors and spatial patterns observed in the empirical data.
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The environment-responsive model successfully replicated the movement of individuals within
a heterogeneous environment consisting of suitable and unsuitable areas, but did not create the
schools of individuals seen in the empirical data. The schooling-responsive model did create re-
alistic schools of an appropriate size, but the individuals were not as close together within schools
as they were in the empirical data. Further, the schooling-responsive model created schools that
persisted for an unnaturally long time. The lack of realism in the model outputs, as compared to
the empirical data, was expected given our understanding of the spatially-variable impact of both

environmental and behavioral forces on menhaden schooling.

6.6 Ecological implications

The results of empirical data analysis indicated that the creek habitat was important for
menhaden. At all scales of aggregation (individual, school, and clusters of schools), signifi-
cant differences in density and spatial structure of menhaden were observed between the creek
and river channel habitats. More schools of menhaden were identified in the creeks than in the
river channel, though the number of individuals per school in the two habitats was not signif-
icantly different. Environmental factors like phytoplankton prey availability, dissolved oxygen
concentration, and tides and water flow are expected to contribute to the differences in menhaden
populations between the two habitats. Predation of menhaden was unquantified in this research,
but variability in predator distribution could also be a factor in structuring menhaden distribution.

There was also variation in the density of menhaden among the three creeks that were
sampled. The creeks have differences in features like surrounding land use, freshwater input, and

depth, all of which would affect the physical circulation of water within the creeks and therefore
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the distribution of phytoplankton. Atlantic menhaden is known to form spatial patterns based
on the distribution of phytoplankton prey (Friedland et al., 1989, 1996), these features could be
a good indication of forage fish presence. More research is required needed to determine the
strength of this possible relationship.

If global climate change or other environmental challenges alter the suitability of shallow
creeks for menhaden or their phytoplankton prey items, it would likely impact the health of the
overall estuarine population of menhaden. Negative impacts to the menhaden population could
ripple out and negatively affect the populations of a wide array of predatory species. The clear
recognition of the critical role of Atlantic menhaden in the ecosystem has spurred scientific and
management efforts to develop ecosystem approaches to its management (Anstead et al., 2021;
SEDAR, 2020).

The individual-based modeling efforts outlined in Chapter 5 represent a first step in ad-
dressing an enduring ecological objective, which is quantifying the relative impact of various
environmental and behavioral forces on the abundances and distributions of organisms at mul-
tiple spatial scales. The modeling results, though not useful on their own to predict menhaden
abundances or distributions, are an indication that schooling is more important at small spatial
and temporal scales, and environmental conditions are more important at larger spatial and tem-
poral scales. The spatial patterns that occur at any location and time are likely the emergent result
of the interactions between the two types of forces and the stochasticity of individual variation in
the perception of and response to local stimuli.

The parts of this dissertation, even combined, are only a small piece of menhaden spatial
ecology. However, our understanding of any species’ spatial ecology is at its best and most

comprehensive when it is seen as the emergent property of all of its smaller components. Looking
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forward, it would be interesting to expand the spatial extent of this work and compare the trends in
menhaden spatial distribution and abundance in other environments. The menhaden observed in
the lower Patuxent River eventually emigrate to the main stem of the Chesapeake Bay, and then to
the coastal Atlantic Ocean. There are clear differences in the environmental conditions and intra-
and inter-species interactions that fish will face in these three areas of increasing spatial extent.
Learning how those differences create spatial patterns and affect abundance at all applicable
spatial scales could help managers make robust decisions, and could further improve our ability

to predict shifts in menhaden abundance and distribution with a changing climate.
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