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ABSTRACT 

Predictive models of species distributions are important tools for fisheries management. 

Unfortunately, these predictive models can be difficult to perform on large waterbodies where fish 

are difficult to detect and exhaustive sampling is not possible. In recent years the development of 

Geographic Information Systems (GIS) and new occupancy modelling techniques has improved 

our ability to predict distributions across landscapes as well as account for imperfect detection.  I 

surveyed the nearshore fish community at 105 sites between Kingston, Ontario and Rockport, 

Ontario with the objective of modelling geographic and environmental characteristics associated 

with littoral fish distributions. Occupancy modelling was performed on Round Goby, Yellow 

perch, and Lepomis spp. Modelling with geographic and environmental covariates revealed the 

effect of shoreline exposure on nearshore habitat characteristics and the occupancy of Round 

Goby. Yellow Perch, and Lepomis spp. occupancy was most strongly associated negatively with 

distance to a wetland. These results are consistent with past research on large lake systems indicate 

the importance of wetlands and shoreline exposure in determining the fish community of the 

littoral zone.  By examining 3 species with varying rates of occupancy and detection, this study 

was also able to demonstrate the variable utility of occupancy modelling. 
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CHAPTER 1 

 

INTRODUCTION 

1.1 General Introduction 

The ecological history of the upper St. Lawrence-Lake Ontario waterbody (SLLO) is one of 

the most interesting case studies of human management of a large-lake system. During most of the 

20th century, industrialization, habitat alternation, fisheries exploitation, and the introduction of 

non-native aquatic species have resulted in significant changes to the lake’s water quality and the 

structure and composition of the fish community. 

In recent years, substantial improvements to the SLLO ecosystem health have been achieved 

through improved water quality practices and well informed fisheries management (Minns 2014). 

Since the 1970s, water quality has improved through controlling the input of phosphorus, 

municipal wastes, and deleterious chemicals (Sly 1991, Holeck et al. 2008). Large-scale fisheries 

restoration projects including: controlling parasitic Sea Lamprey (Petromyzon marinus) 

populations, the persistent stocking of Salmonid fishes, aquatic habitat restoration, and tight 

regulation of local commercial and recreational fisheries has resulted in the SLLO becoming home 

to some of the world’s best recreational fisheries for Smallmouth Bass (Micropterus dolomieu), 

Largemouth Bass (M. salmoides), Walleye (Sander vitreus), Lake Trout (Salvelinus namaycush), 

Yellow Perch (Perca flavescens), Northern Pike (Esox lucius) and Muskellunge (E. masquinongy). 

These recent successes demonstrate that, despite historical issues, restoration of the SLLO aquatic 

ecosystem is possible.  
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Although modern Great Lakes fisheries managers have a much stronger grasp on the impact 

of habitat degradation, overfishing, invasive species, and changes to the food-web dynamics on 

the fish community (Mills et al. 2003), management decisions are difficult due to the complex 

physical, ecological, and socio-economic nature of the SLLO system. The SLLO is a large 

waterbody with a variety of stakeholders and management organizations. The continued threat of 

new species invasions, a changing climate, and an increasing human population in the surrounding 

watershed creates a very dynamic ecosystem where managers are required to constantly respond 

to new challenges (Jokela et al. 1998, Trumpickas et al. 2009, Wang et al. 2012).  Although the 

sustainability of all future fisheries will continue to become increasingly reliant upon new and 

applicable ecological data, the highly dynamic nature of the SLLO exaggerates this need for 

increased attention to recent and strong scientific research. 

The International Joint Commission (IJC) has listed the nearshore zone of the Great Lakes as 

an area of management priority (IJC 2009). The nearshore waters are hotspots of fish activity, 

relied upon for spawning, feeding, and refuge from predators. The nearshore zone is the first to be 

influenced by the effects of terrestrial disturbance and can act as an indicator of ecosystem change 

(Strayer and Findlay 2010). For many lakes, habitat use and resource partitioning in the nearshore 

zone reflects patterns of species coexistence within the entire ecosystem (Fischer and Eckmann 

1997). Changes to the nearshore fish community can also alter the structure of the food web 

through an entire aquatic system (Syväranta et al. 2011). Some of these effects may be 

disproportionally important in large, deep, oligotrophic systems such as the SLLO (Hampton et al. 

2011). Despite the importance of the nearshore zone to lake functioning, management actions in 

the Great Lakes have traditionally been focused offshore (IJC 2009). Neglect of the nearshore zone 

in fisheries management is largely attributed to challenges related to sampling issues, 
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complications due to spatial heterogeneity and physical complexity, and problems associated with 

the temporal heterogeneity of littoral ecology (Winfield 2004). 

Long-term monitoring of the nearshore fish community may form the foundation for a 

better understanding of changes to the SLLO nearshore zone. Although in many cases conservation 

monitoring is viewed as a means of documenting some form of decline (Nichols and Williams 

2006), monitoring should also be seen as an active process where data is collected for the specific 

purpose of aiding manager’s preventative decision making ability while simultaneously helping to 

form the foundation for new ecological questions for conservation management. Proper 

conservation monitoring needs to be informed by science, adaptive to change, and easily 

incorporated with conservation values and objectives (Bunn et al. 2010). Effective monitoring will 

be able to provide us with explanations for changes from the baseline as well as answer waterbody 

specific questions about the ecology of the nearshore fish community. 

When planning community and species-level monitoring on a waterbody as large as the 

SLLO it is important to differentiate changes that occur at a regional scale from those that occur 

at a local scale. Although fine-scale research on a local area or population is important, broad-

scale changes can either be missed or overstated based on local data alone. This is especially true 

for large and variable ecosystems with the existence of complex metapopulation dynamics. 

Therefore, it is important that monitoring occurs at a landscape-scale and is generalizable for a 

large part of the waterbody. Unfortunately, the monitoring of fish community changes at 

landscape-scales has rarely been performed in recent decades due to the cost of survey methods 

(Noon et al. 2012). 

Fortunately, the past decade has seen significant advances in survey design, statistical 

methods, and the interpretation of distribution data. The ability to maximize efficiency in 
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biological surveys has become increasingly accessible due to modern sampling equipment and the 

emergence of stratified sampling, publicly available spatial data, and Geographic Information 

Systems (GIS) as a means of sampling representative habitats across large landscapes (Bart et al. 

2012). While density or abundance of a species are the traditional state variables of monitoring, 

accurate estimation of these variables often requires substantial effort. With new statistical 

methods, occupancy data, usually in the form of presence-absence data, has emerged as a low-

cost/low-effort surrogate for abundance. In this case, imperfect detection of a species is accounted 

for and occupancy has the powerful ability to estimate landscape-scale species distributions, 

abundances, and habitat associations (Mackenzie et al. 2005). Finally, the popularity of spatial 

data and the functionality of GIS has made the creation of distribution models and maps very 

accessible to conservation managers. This has simplified the interpretation and sharing of species 

distribution data. Researchers are now able to make landscape-scale predictions on species 

distributions and abundances based on first order predictors such as vegetation cover, elevation or 

slope rather than undergoing difficult and time-consuming habitat assessments (Bailey et al. 2004, 

Randall et al. 2004). Occupancy modelling is a relatively new area of research and has never been 

used on the nearshore fish community of the Kingston Basin and upper St. Lawrence River. 

Applying occupancy modelling techniques and widely available GIS data will provide valuable 

information towards the design of efficient and generalizable nearshore community monitoring, 

research that will be important to the future management of the Lake Ontario fishery. 

1.2 Lake Ontario and the upper St. Lawrence River 

 Lake Ontario, the smallest of the Laurentian Great Lakes, is an oligomesotrophic lake 

with a surface area of 18,960 km2 and a volume of 1,640 km3. The shoreline is highly developed 

as a result of over 10 million people living within the drainage basin (Environment Canada and 
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the U.S. Environmental Protection Agency 2014). The main basin of the lake has a maximum 

depth of 244 m and is connected to the St. Lawrence River in the east by the Kingston Basin. 

The Kingston Basin is shallow relative to the main basin with a maximum depth of 50 m and has 

a complex shoreline, accounting for more than 50% of the lake’s total shoreline (Mills et al. 

2003). The upper section of the St. Lawrence River extends 75 km from the Kingston Basin to 

Brockville, Ontario and contains the nearly 2,000 individual islands of the Thousand Islands 

Archipelago. Complex hydraulic and wind-induced circulation patterns exist in this region due to 

the numerous embayments, islands, and peninsulas of the region (Tsanis et al. 1991). The south-

west facing shorelines of the Kingston Basin receive strong wave action due to the predominant 

south-west winds. Complicated circulation patterns combined with the exposure gradient from 

open lake to sheltered river results in a variety of physical characteristics of the shoreline. Many 

of these physical characteristics have been linked to the distribution of environmental 

characteristics of the nearshore habitat (Chu et al. 2014). 

The fisheries in Lake Ontario and the upper St. Lawrence River are managed by the New 

York State Department of Environmental Conservation (NYSDEC) and the Ontario Ministry of 

Natural Resources and Forestry (OMNRF). Comprehensive sampling records of the nearshore 

fish community in the Kingston Basin are limited. The Lake Ontario Management Unit (LOMU) 

of the OMNRF has abundance data for three north-shore Lake Ontario embayments; the Bay of 

Quinte, Weller’s Bay, and Presqu’ile Bay. Abundant nearshore fish species in these embayments 

include Largemouth Bass, Yellow Perch, Pumpkinseed (Lepomis gibbosus), Bluegill (L. 

macrochirus), Brown Bullhead (Ameiurus nebulosus), Black Crappie (Pomoxis nigromaculatus), 

and Rock Bass (Ambloplites rupestris; OMNRF 2015). Gill net surveys in the upper St. 

Lawrence River by the same management unit shows an offshore fish community dominated in 
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abundance by Yellow Perch, Rock Bass and Smallmouth Bass (OMNRF 2016). Nearshore seine 

netting surveys performed by the LOMU from 1989 to 2005 in the upper St. Lawrence River 

suggests a nearshore fish community dominated by Yellow Perch, Pumpkinseed, Spottail Shiner 

(Notropis hudsonius), Largemouth Bass, Rock Bass, and Bluntnose Minnow (Pimephales 

notatus; Lake 2005). Round Goby (Neogobius melanostoma), a benthic species from the Caspian 

Sea, has recently invaded Lake Ontario and the St. Lawrence River and is now also extremely 

abundant in the nearshore zone (Pennuto et al. 2012). 

1.3 Species distribution models and monitoring 

Historically, the goal of species distribution models (SDMs) was to provide information on 

the ecological drivers of species distribution. These studies aimed to model the relationships 

between biological distributions and geographical and/or environmental gradients (e.g. Grinnell 

1904). Recent increases in the predictive capability of SDMs has shifted focus to more 

conservation-minded predictive models (Kornis and Vander Zanden 2010). These predictions 

manifest themselves in abundance estimates, occurrence probabilities, or the conversion of 

probabilistic information into binary presence-absences. These predictions have a few major 

purposes. First, model-based interpolation to unsampled sites within a study system can be 

performed to make generalizations about occupancy and abundance. Second, they are used at a 

regional/local scale in order to identify suitable habitat or estimate population abundances for 

conservation planning and resource management. Lastly, SDMs can be used to predict 

distributions in new, unsampled areas (e.g. modelling future invasions), or make predictions 

about distributions in past and future climates. In all these cases, an understanding of ecological 

drivers remains important in choosing predictors and models, as well as making informed 

biologically relevant interpretations of these relationships. 
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A number of factors need to be considered when designing surveys of species distribution. 

Scale and grain size of the study need to be determined by the study goals, availability of data, 

and the characteristics of the study system. In freshwater ecosystems, distributions can be 

affected at a variety of scales, from watersheds to microhabitats (e.g. Poff 1997). Study goals can 

range from broad ecological distributions to detailed conservation planning built upon local 

ecological understanding. Species characteristics such as range size and detectability must be 

taken into account when designing field surveys. Mobile organisms may move between resource 

patches or may have temporally shifting distributions. Often, temporal predictors are able to 

accommodate these shifts. Spatial extrapolation can weaken models when the extrapolated 

landscape is inadequately sampled. It is important that sample selection is done in a way that 

makes inference to the entire sample of interest possible (Pollock et al. 2002). The selection of 

ecologically diverse and representative samples is of key importance to minimize the 

shortcomings of extrapolation. Species distribution data is most commonly acquired as presence-

only, presence-absence, or abundance data from random or stratified sampling programs (Pearce 

and Boyce 2006, Phillips et al. 2009). Alternatively, this data can be supplied opportunistically 

as in citizen science or natural history collections (Sullivan et al. 2009, Labay et al. 2011). 

Predictions of species distribution from SDMs are popular in conservation planning as survey 

data alone tends to be incomplete or spatially biased (Austin 1998). The performance of SDMs 

for characterizing occurrence and/or abundance relies upon well designed surveys grounded in 

ecological knowledge, the use of appropriate predictors, as well as the proper use of modelling 

techniques. The strength of these models is weakened when species distribution is not in 

equilibrium, with increased extrapolation either spatially or temporally, or when data is 

inadequate for the goals of the study. 
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SDMs contribute to this body of knowledge by relating distribution data to environmental 

and spatial characteristics of the waterbody. Environmental and physical characteristics can act 

as predictors by exerting either direct or indirect effects on the distribution of a species. Guisan 

& Thuiller (2005) categorize environmental predictors as i) limiting factors controlling species 

eco-physiology ii) disturbances affecting environmental systems and iii) resources available to 

be used by organisms.  

Species distribution is determined by a combination of species interactions and their 

tolerance and/or preference for a variety of environmental conditions. A species is constrained 

within its fundamental niche through environmental conditions such as water temperature or 

dissolved oxygen. The species’ true distribution, or realized niche, is the end product of 

competitive and predator/prey interactions limiting this fundamental niche. Prediction of species 

distributions is recognized as a significant component of conservation management (Guisan and 

Zimmermann 2000). 

 Environmental predictors may be either proximal (direct) or distal (indirect). Proximal 

determinants of species distribution (e.g. water temperature) are largely governed by distal 

determinants such as depth, and fetch. These indirect determinants are correlated to species 

distribution through location-dependant correlations with direct variables. Proximal determinants 

will most directly affect a physiological response in the target species. Although these proximal 

determinants tend to be the most robust and generalizable, distal determinants are able to provide 

adequate insight at a local scale. In many cases, researchers can assume that important predictors 

will reveal themselves in the modelling process. If prediction is the sole aim of the study, it can 

be argued that any predictor that fits may be useful. However, many ecologists believe that only 

ecologically relevant predictors should be used because they provide insight or explanations for 
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the observed relationships (Mac Nally 2000). The use of proximal determinants in conjunction 

with GIS technology and new statistical techniques can be useful in landscape-scale population 

monitoring and species distribution modelling. 

1.4 Physical and environmental determinants of species distribution 

 In aquatic ecosystems, proximal physical and chemical factors such as temperature, 

dissolved oxygen, turbidity, depth, substrate, and aquatic macrophyte cover and composition 

play an important role in determining fish assemblages. In large waterbodies, distal 

environmental gradients such as coastal exposure and lake morphology can determine wind and 

wave action affecting the nature of nearshore habitat fish assemblages indirectly through their 

influence on these proximal environmental gradients (Chu et al. 2014). Fetch distance is 

commonly used as a measure of coastal exposure, while characteristics of lake morphology 

include depth and slope  (Rohweder et al. 2012). 

 Water temperature is regarded as one of the most important factors influencing the 

biology and distribution of freshwater fishes (Magnuson et al. 1979). Fish species have optimal 

temperatures as well as specific tolerances to extreme temperatures (Fry 1947). The three-

dimensional spatial segregation of fish species in large waterbodies is strongly dependent upon 

their temperature regimes (Wismer and Christie 1987, Rinke et al. 2009). During the summer 

months, the nearshore zone of the Great Lakes is characterized as having a large range of 

temperatures due to an active thermocline and frequent upwellings of cold water (Trumpickas et 

al. 2015). This thermal variability is caused by diurnal cycles (Zhang and Nepf 2008), wind-

driven upwellings, and wave action (Troy et al. 2012). Models of littoral zone water 

temperatures suggest high variability between upwind and downwind shorelines that may result 

in differences in growth rates and spawning times (Finlay et al. 2001). Due to frequent 
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upwellings into the high-exposure nearshore of the Kingston Basin, coastal embayments play an 

important role as thermally stable fish habitats (Klumb et al. 2003). 

 Fish species also show strong affinity for specific substrate types. Substrate affinity can 

occur due to spawning preference, prey selection, or predator avoidance (Danehy and Ringler 

1991, Kaemingk et al. 2011, Kapuscinski and Farrell 2014). For example, Round Goby have a 

strong preference for rocky substrates likely due to the availability of hard breeding surfaces 

(Johnson et al. 2005, Young et al. 2010, Pennuto et al. 2012). Round Goby abundance was found 

to be significantly lower in wetland habitats of Lake Michigan compared to open lake habitats, 

suggesting that soft bottomed habitats may be resistant to Round Goby invasion (Cooper et al. 

2007). Yellow Perch and White Perch in Lake Ontario were found to have significantly greater 

rates of growth on rocky substrates over sandy substrates (Danehy and Ringler 1991). Much like 

water temperature, nearshore substrate is largely governed by physical processes of the lake. 

Both the physical and chemical composition of nearshore sediments is dependent on settlement 

processes (e.g. inflow from streams and rivers, settled plankton) and on physical processes that 

redistribute these particles (e.g. waves and currents; Håkanson 1977, Rowan et al. 1992). Human 

development of the shoreline of the Great Lakes has been shown to alter nearshore substrate and 

the macroinvertebrate community, and reduce shallow-water fish catch (Goforth and Carman 

2005). In lake systems, finer sediments tend to be retained in the shallow littoral zone at sites 

with low exposure to wind and wave action (Cyr 1998).  

Interrelated with both water temperature and substrate type, aquatic vegetation is one of the 

most influential factors affecting fish species distributions. The composition and coverage of 

aquatic vegetation in littoral areas of the Great Lakes influences the occurrence and abundance of 

nearshore fishes (Jude and Pappas 1992, Brazner and Beals 1997, Wei et al. 2004) as well as fish 
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biomass and growth (Randall et al. 2012). Cvetkovic et al. (2010) found that aquatic vegetation 

in Great Lakes coastal wetlands better predicted the fish community than water quality. Wave 

action affects the abundance and occurrence of aquatic macrophytes directly through physical 

disturbance, and indirectly through its effects on sediment composition (Chambers 1987). The 

use of geographic GIS layers such as fetch, slope, depth, and substrate type have been used to 

accurately predict aquatic macrophyte cover in lake ecosystems (Narumalani et al. 1997). On 

Lake Ontario, Randall et al. (2004), found that although aquatic macrophytes, water temperature, 

and substrate characteristics were able to predict the productive capacity of nearshore habitat 

through fish biomass, maximum fetch distance alone could act as a first-order predictor of these 

habitat characteristics and fish biomass alone. 

1.5 Occupancy modelling 

When sampling to estimate species occupancy, the probability that a focal taxon occupies 

a specified sample unit during a specified period of time, it is possible that a species will be 

undetected at a site even when the site is occupied. Missing detections can be problematic and 

lead to underestimations of the parameters of interest (MacKenzie et al. 2002). This issue is 

magnified when dealing with species with low rates of detection (i.e. low abundances, or 

restricted distributions). Improper estimation will lead to interpretations and a poor 

understanding of population size, distributions, or dynamics and can lessen the effectiveness of 

large-scale monitoring programs. 

Fortunately, there have been a number of approaches recently developed to account for 

imperfect detection. These approaches rely on information from repeated observations at each 

site. Sampling involves multiple visits to each site, within a short time period to ensure the 

occupancy state at each site remains static. The occupancy status is observed and recorded for 
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each survey as a detection history. For example, a detection history of 0110 indicates that the 

species was present at the site, but was only detected during the second and third surveys. With 

the additional information of missed detections, we are able to estimate detection probabilities in 

addition to the initial parameter of interest (i.e. occupancy or abundance) for each site. 

Prior to the development of this model-based approach by MacKenzie et al. (2002), 

occupancy and detection were performed in a two-step, ad hoc estimation process (Geissler and 

Fuller 1986, Azuma et al. 1990, Nichols and Karanth 2002). Some issues with these 

methodologies include: the assumption of equal probability of detection and occupancy across 

surveys, difficulty in comparing models, and inability to accommodate complex sampling 

situations. The model-based approach by MacKenzie et al. (2002) allows for the single-step 

simultaneous estimation of occupancy and detection. This approach is also able to provide 

information on potential relationships between the probabilities of occupancy and detection and 

factors such as environmental gradients/habitat types or survey conditions (e.g. time of year, 

weather, multiple observers). 

The increased popularity of occupancy studies accounting for imperfect detection is 

largely due to the ease of data collection and the rapid development and application of new 

occupancy models (Bailey et al. 2014). In addition to the ease of collection of occupancy data, a 

number of free software programs (e.g. PRESENCE, Hines (2006); Program MARK, White & 

Burnham (1999); R package unmarked, Fiske & Chandler (2011); and OpenBUGS, Lunn 

(2009)) have added simplicity to occupancy studies. 

Occupancy models have been used to give insight into a variety of ecological questions 

including species distribution modelling (Murdoch et al. 2014), habitat relationship research 

(Kuehne and Olden 2016), metapopulation dynamics, multispecies relationships (Snyder et al. 
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2016), invasive species dynamics, and community dynamics. Although extensively used with 

vertebrate taxa, occupancy modelling is versatile and has also been widely used to model plant, 

invertebrate, and pathogen distributions. Since the initial single-season static and dynamic 

occupancy model proposed by MacKenzie et al. (2002, 2003) various extensions have emerged. 

Modelling tools now allow us to answer more complex ecological questions by accommodating 

count data for abundance estimates (Royle and Nichols 2003, Royle 2004), modelling multiple 

states of occupancy (Mackenzie et al. 2009), estimating community-level metrics and dynamics 

(Kéry and Royle 2009), simultaneously modelling habitat and occupancy dynamics (Mackenzie 

et al. 2011), estimating species occurrence at multiple spatial or temporal scales (Nichols et al. 

2008), and modelling occupancy dynamics as a function of the occupancy states of nearby 

(neighbouring) sites (Bled et al. 2011). In addition, new models are able to relax model 

assumptions by allowing heterogeneous detection probabilities (Royle 2006), including 

abundance-induced heterogeneity in detection probability (Royle and Nichols 2003), dealing 

with lack of independence among repeated surveys (Guillera-Arroita et al. 2014), 

accommodating misidentification or false positive detections (Miller et al. 2013), and relaxing 

the violation of closure assumption (Kendall et al. 2013). 

1.6 Study Objectives 

The goals of this study are to use modern techniques in occupancy and abundance estimation 

while accounting for imperfect detection to assess habitat associations of the nearshore fish 

community based on physical characteristics of the waterbody. The results of this study will aim 

to provide fundamental knowledge for the development of a low-cost nearshore fish community 

monitoring program. Fish, landscape, and environmental data will be collected from the 

nearshore zone of the SLLO waterbody near Kingston, Ontario, Canada. The influence of abiotic 
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landscape factors as well as biotic species associations will be used to make inferences about 

species ecology as well as create predictive maps of species distributions and abundance. This 

investigation will also involve an analysis of cost effective and time efficient sampling methods 

for the nearshore fish community of the SLLO. Species distribution data will be useful in 

planning species specific research in the future, provide waterbody specific fish distribution 

information, and provide an example of a how a long-term nearshore fish community monitoring 

program might proceed.  
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CHAPTER 2 

 

MATERIALS AND METHODS 

2.1 Study Region 

Sampling took place on Lake Ontario’s eastern basin and the upper St. Lawrence River 

between Kingston, Ontario (44.23 º N, 76.49 º W) and Rockport, Ontario (44.38 º N, 75.93 º W).  

Lake Ontario is the eighth largest lake in North America with a surface area of 18,960 km2. In the 

Province of Ontario and the State of New York approximately 10 million people live within Lake 

Ontario’s drainage basin. Lake Ontario flows out through its eastern basin into the St. Lawrence 

River, Canada’s largest river by discharge. The Lake Ontario/St. Lawrence River aquatic 

ecosystem has unique physical, and biological characteristics, owing to its large size, dense human 

population, and extensive history of invasive species. The fish community consists of an diversity 

of native and non-native fish species. Notable native fish found in the littoral zone include: Yellow 

Perch (Perca flavescens), Smallmouth Bass (Micropterus dolomieu), Largemouth Bass (M. 

salmoides), Pumpkinseed (Lepomis gibbosus), Bluegill (L. macrochirus), Rock Bass (Ambloplites 

rupestris), as well as various darters (Percina spp. and Etheostoma spp.) and species of cyprinid 

(Family Cyprinidae). The most notable non-native species is the Round Goby (Neogobius 

melanostoma) due to its high abundance and large influence on local ecosystem processes. 

2.2 GIS models 

Geographic Information System (GIS) models of shoreline exposure (effective fetch), 

distance to nearest wetland, and distance to lake were created using ArcGIS 10.3.1 (ESRI 2015). 
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Shoreline exposure was modelled by creating a raster layer of effective fetch in ArcGIS. I 

used the “Wind fetch model” tool developed by Rohweder et al. (2012) that calculates the effective 

fetch for a geographic raster cell by following the procedures recommended in the Coastal 

Engineering Research Center’s (CERC) Shore Protection Manual (USACE 1984). Due to the large 

scale of the study area, the SPM-restricted method for calculating effective fetch was used. This 

method calculates wind fetch for every 10th cardinal direction by using the average of five 

surrounding radials, spread three degrees apart. Required information for this process includes a 

binary land/water raster as well as hourly data for wind direction and wind velocity from a local 

weather station or other wind measurement instrument. Hourly wind velocities for 36 compass 

directions were used to calculate wind direction weightings, each direction is given a percentage 

of total wind. Next, effective fetch is calculated for each 100 m2 raster cell by multiplying fetch 

distance in each direction by its calculated wind weighting. Taken from Rohweder et al. (2012), 

Figure 1. demonstrates how effective fetch is calculated for a raster cell based upon a single 

reference bearing. These weighted fetch values for each compass direction are combined to create 

a 100 x 100 m resolution raster layer for the entire study region. This resolution was chosen in 

order to balance loss of information from using a coarse resolution with increased computational 

power needed for finer resolution. Hourly wind direction and wind velocity data from May 2015 

to August 2015 were retrieved from the Kingston Climate Station (44.22 º N, 76.60 º W; 

www.weather.gc.ca). Although this fetch model does not perfectly reflect shoreline exposure as it 

is unable to account for complex near-shore processes such as shoaling, breaking, reflection, 

refraction, and/or diffraction, the predictive power of these processes is likely minimal relative to 

direct fetch lengths. 
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Distance to wetland was calculated as the minimum path distance through water (shoreline 

acting as a barrier) to an OMNRF designated wetland (OMNRF 2014). Wetland locations were 

obtained through Land Information Ontario (www.ontario.ca). These wetlands have been 

identified and assessed using the technical criteria in the Ontario Wetland Evaluation Systems 

(OWES) manuals (OMNRF 2014). Sampling locations were designated as within an OMNRF 

designated wetland and given a distance of zero when the distance was less than 10 m. This raster 

was generated at a 10 x 10 m resolution because at a finer resolution no new information would 

be gained but model creation time would significantly increase. For predictive mapping in U.S. 

waters, wetland location data was obtained from the National Wetlands Inventory of the U.S. Fish 

and Wildlife Service (www.fws.gov). 

Distance to Lake Ontario was calculated using the minimum path distance through water 

(shoreline acts as a barrier) from a line transecting the westernmost point of Wolfe Island (44.16 

N, 76.50 W). Trap locations west of this line were designated as within Lake Ontario and given a 

distance of zero. This raster was also generated at a 10 x 10 m resolution. 

Littoral slope (slope) at each trap location was calculated as the mean slope for the 100 m 

length section of shoreline with a 20 m width. Slope data was generated in ArcGIS using a 

bathymetric grid that was interpolated using inverse distance weighting from soundings provided 

by the Canadian Hydrological Service (www.charts.gc.ca) and the National Oceanic and 

Atmospheric Administration (www.ngdc.noaa.gov). The horizontal datum of this data was UTM 

coordinates, Zone 18, NAD83; the vertical datum was IGLD 85. 

2.3 Site Selection 
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Seven embayments between Kingston and Rockport were chosen for sampling (Figure 2). 

Study sites were centralized around embayments as they generally provide a large degree of 

variation in shoreline exposure and habitat characteristics over a short distance. Embayments were 

selected in an attempt to survey a variety of shoreline representative of the entire Kingston Basin 

and upper St. Lawrence River (Table 1). Both inside and outside of the embayment is included 

when referring to each region of study as an embayment. During the July study period, between 8 

and 15 sites were sampled at each embayment. I determined 15 sites to be the maximum number 

I was able to visit in a single day and in September, 15 sampling sites were selected for each 

embayment.  

Within each study area, sampling sites were randomly selected through stratification of the 

shoreline based upon effective fetch values. First, the shoreline of each embayment and the 

surrounding area was split into 50 m sections. Each section of shoreline was assigned to one of 

five categorical effective fetch strata using K-means clustering in the R package SamplingStrata 

(Barcaroli 2014). An equal number of shoreline points were randomly sampled from each stratum. 

This provided a representative random sample of shoreline locations across a gradient of low to 

high shoreline exposure. Additional sampling locations from each stratum were necessary in order 

to accommodate the possibility that sites were inaccessible or too publicly visible during the field 

season. 

2.4 Fish Sampling  

Trap data collection took place in both in late July and early September 2015. Sites were 

sampled using wire minnow traps (42 cm length, 23 cm width, 2.5 cm opening, 0.6 cm square 

mesh) deployed in lines of 4. Trap lines were set perpendicular to shore at each sampling location 

with 10 m between individual traps (Appendix A). Traps were baited with approximately 100 g of 
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dry dog food. Traps were set at depths ranging from 0.2 m to 3.4 m (mean ± SD = 0.9 ± 0.6 m). 

Traps were set in the afternoon and retrieved the following morning; set times ranged from a period 

of 17.2 to 23.4 h (mean ± SD = 21.4 ± 1.4 h). Identification to species was attempted for all fishes 

and counts were recorded. Select fishes were photographed to verify identification, and measured 

(total length) to determine a range of trappable sizes. Identification to species was effective in 

almost all cases, otherwise identification to genus was sufficient. Some mortality of fish was 

experienced; presumably due to depleted oxygen levels or overcrowding. 

Visual observations were performed by an underwater snorkeler only during the September 

sampling period. The decision to add visual sampling was made following the July sampling period 

due to the inability of minnow traps to sample certain species of interest (Smallmouth Bass, 

Largemouth Bass). A single snorkeler swam a transect parallel to the trap line along similar habitat 

stopping every 10 m to make visual observations of fish species in the area. Each visual 

observation lasted 20 seconds and included all fish within a radius of 2 m. All species observed in 

the area that were visually determined to be of trappable size were recorded on a dive slate. 

Trappable size could be defined for previously trapped fish by only including fish that were within 

the range of lengths caught in the July sampling period. For species that were not previously 

sampled by trap, trappable size was estimated by the underwater snorkeler. All visual surveying 

was performed by a single individual to avoid observer bias. 

2.5 Habitat assessment 

Sampling locations were recorded using a Global Positioning System (GPS). Site-scale 

habitat features were assessed during each sampling event. Physical sampling measurements 

included trap depth, dominant substrate type (mud, sand, or rock), and dominant vegetation type 

(none/open, submergent, or emergent). Depth was initially measured using a built in depth sounder 
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on the boat and later verified directly by the underwater observer. Dominant substrate type was 

assessed by percent composition through both visual and underwater tactile estimation of the 

surrounding area with a 2 m radius. Dominant vegetation type was assessed as emergent, 

submergent, or absent (none), through visual estimation of the surrounding area with a 2 m radius. 

Additional recordings of weather, water and air temperature, and shoreline development were 

taken. Table 2 summarizes the habitat and GIS covariates used in this study. 

2.6 Statistical analysis  

Occupancy and abundance models were used to investigate site occupancy (ψ), 

abundance (λ), detection probability (ρ), and the effects that site and survey covariates have on 

these parameters. This process involves the application of a likelihood-based approach based 

upon replicate, or multi-pass, surveys to estimate rates of occupancy and abundance when 

detection probabilities are < 1 (MacKenzie et al. 2002). In all cases, modelling was first focused 

on occupancy or abundance while a very general model of detection was maintained. Detection 

was then modelled using the occupancy or abundance covariate structure from the top model. 

This procedure is recommended by MacKenzie (2006) when dealing with a large number of 

model covariates. Sites were assumed to be closed during each sampling period (i.e. no 

immigration/emigration between sampling events). This is a safe assumption as all sampling 

events for a single site took place during the same time period. Trap lines were spaced sufficient 

distances from each other to ensure independence between surveys. Nonindependence occurs 

when individuals can be identified at multiple sites simultaneously. Again, as sites were all 

sampled simultaneously, independence was ensured. Correct species identification was assumed 

from field identification and photographic records. Habitat and survey covariates were included 
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to model heterogeneity in occupancy and abundance across sites and detection probability across 

sites and surveys (Bailey et al. 2007). 

All modelling was performed in program R (R Core Team 2015) using the packages 

unmarked (Fiske and Chandler 2011) and AICcmodavg (Mazerolle 2016). Z-scores were 

calculated for all continuous covariates for modelling to obtain true standardized regression 

coefficients (β values). Detection probability was not modeled as a function of landscape 

covariates because we did not predict that detection would vary with these landscape covariates. 

Goodness-of-fit was tested by calculating a Pearson chi-square statistic for the most 

parameterized model and a parametric bootstrap was performed to determine whether the 

observed statistic was larger than expected (MacKenzie and Bailey 2004). This goodness-of-fit 

test also provides us with an estimate for overdispersion (ĉ) by dividing the observed chi-squared 

goodness-of-fit statistic for the observed data by the average of the test statistics obtained from 

the parametric bootstrap: 

ĉ =  
𝜒𝑂𝑏𝑠

2

𝜒𝐵
2⁄  

Candidate models were compared using Akaike’s Information Criterion corrected for small 

sample size, AICc. Alternatively, quasi-AICc (QAICc) was used when the goodness-of-fit test 

provided evidence for overdispersion on the most parameterized model. QAICc is a modification 

of AICc that uses ĉ to modify variances and covariances for overdispersion. 

In regression analysis, collinearity between predictor variables can cause overinflation of 

standard errors and confound their independent effects (Freckleton 2011). Pearson correlations of 

the continuous variables were calculated and highly correlated variables (r ≥ 0.7) were not 

included in the same model. Fetch was highly correlated with distance to wetland (r = 0.74) and 
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distance to lake (r = -0.73). Analysis of variance and Tukey’s range test were used in conjunction 

to test for differences among categorical and continuous data. Fetch was strongly correlated with 

wetland (p < 0.001), dominant substrate type (p < 0.001), and dominant vegetation type (p < 

0.001). Distance to wetland was also strongly correlated with wetland (p < 0.001), dominant 

substrate type (p < 0.001) and dominant vegetation type (p < 0.001). 

Species occupancy was modelled with the occupancy model proposed by (MacKenzie et 

al. 2002). This model uses repeat survey presence/absence data to estimate site occupancy rates 

when detection probabilities are < 1 and is accessed through the occu function in the unmarked 

package. Abundance modelling uses repeat survey count data and the N-mixture model by to 

model abundance when detection probabilities are < 1 (Royle 2004). This modelling is 

performed by the pcount function in the unmarked package. 

Round Goby and Yellow Perch occupancy and abundance modelling were conducted 

using the dataset from the September minnow trapping. The September dataset is more complete 

with a larger sample size and the ability to compare predictors of occupancy and abundance 

directly using discrete counts of abundance rather than visual estimates. Pumpkinseed and 

Bluegill counts were individually insufficient for occupancy modelling and were combined by 

their common genus Lepomis spp. Minnow trap numbers were insufficient for occupancy or 

abundance modelling of Lepomis spp. and Largemouth Bass. Therefore, occupancy modelling of 

these species was performed on the visual survey data gathered in September.  

Abundance modelling of Round Goby abundance through the N-mixture model did not 

fit the observed data and therefore abundance was modelled using presence-absence data and the 

occuRN function that uses the Royle-Nichols model (Royle and Nichols 2003). Unfortunately, 

this leads to imperfect estimation of abundance as this model assumes a Poisson abundance 
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distribution and cannot account for Negative Binomial abundance distributions. These issues and 

possible solutions are addressed in more detail in the discussion. 

The methodology of model creation, fitting, and selection for occupancy and abundance 

modelling followed the same process with the exception of differing statistical models. A subset 

of candidate models was chosen from the total model set of all possible model combinations 

based on a priori hypotheses in order to avoid data dredging and to minimize the number of 

redundant models. The effects of site covariates on probability of occupancy (ψ) and abundance 

(λ) were first modeled keeping probability of detection (ρ) in a constant “general” format. These 

models contained soak time (soakMin), substrate (rock + mud) and depth (depth) as detection 

covariates. The influence of fetch on occupancy and abundance was modeled as a linear 

function, a polynomial function (fetch + fetch2) and a logarithmic function (log(fetch)) because I 

expected that there may be a non-linear relationship. Easting, and distance to lake (distLake) 

values as well as a binary lake/river covariate were included to test for the existence of a gradient 

in occupancy and abundance across the lake/river boundary. Models also included substrate, 

vegetation, and water temperature (wTemp) as habitat covariates. Distance to wetland (distWet) 

was included in the models and assessed for non-linear relationships. Nearshore slope (slope) 

was also included as a covariate due to its effect on substrate deposition and water movement. 

Whether the sample site was on a wetland or not was also included.  

Models were fit to the data and ranked by AICc. Top-ranked models (ΔAICc ≤ 2) were 

considered to be the best descriptors of the data and model weights indicate the relative support 

for each of these models (Burnham and Anderson 2002). All parameters within these models 

were reported. However, those with 95% confidence intervals overlapping zero were deemed 

uninformative (Arnold 2010). 
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The effects of site and sample covariates on detection probability (ρ) were then modelled 

with the occupancy/abundance model structure of the top model. Candidate models included site 

specific covariates for substrate (rock + mud), vegetation (noVeg + emergentVeg), and soak time 

(soakMin). Mud was included in minnow trap models due to their potential to sink and become 

inaccessible. Vegetation and substrate covariates were included in visual surveys due to the 

potential for obstruction and increased turbidity. Soak time may influence both numbers of 

captures and escapes. In addition, trap depth (depth) was included as a sample specific covariate 

as traps on a line were potentially set at different depths. Once again, model-averaging was 

performed on all top-ranked models to acquire estimates and confidence intervals were reported 

to remove uninformative parameters. Presence/absence and abundance of the highly abundant 

and an aggressive Round Goby was included as a covariate in the occupancy modelling of the 

other species (Balshine et al. 2005, Houghton and Janssen 2015).
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Figure 1. Example depictions of wind fetch calculated using the different methods from Rohweder et al. (2012). In this example, the fetch 

component for the 0º radial (north) is being calculated. SPM-Restricted was used in this analysis. Figure taken from Rohweder et al. (2012). 
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Figure 2. Study area with red circles representing the 7 sampling locations. The inset shows the location of the study region within the context of 

Lake Ontario and the upper St. Lawrence River. 
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Table 1. Summary of aquatic habitat of sampling locations. 

Site Name Description 

Sand (DuPont) Bay High fetch, open to lake, rock and sand substrate. 

Elevator Bay Low fetch, near lake, mud and sand substrate. 

Reed’s Bay High fetch, open to lake, rock and sand with wetland in the back. 

Bayfield Bay Large bay, low to moderate fetch, mostly wetland. 

Treasure Island Bay Down river, low to high fetch, wetland in back, exposed shoulders. 

Grass Creek Park Down river, murky waters, mostly wetland with exposed shoulders. 

Collier Marsh Far down river, segmented island area, combination of dense 

wetland and exposed areas. 
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Table 2. Covariates used to model detection and occupancy probability of fish species in Lake 

Ontario and the St. Lawrence River. 

 

Variable Abbreviation Description 

Site variables   

Soak time of trap in 

water 

soakMin Length of time (in minutes) from trap 

deployment to trap recovery the following 

day. 

Vegetation type noVeg + 

emergentVeg 

Dominant vegetation type found within a 2 

m radius of the trap location. Categories 

were; none, submergent, and emergent. 

Substrate type rock + mud Dominant substrate type found in a 2 m 

radius of the trap location. Categories were; 

mud, sand, and rock. 

Longitude easting Easting at the site of trap deployment. 

Effective fetch fetch The unobstructed distance that wind can 

travel over water in a constant direction. 

Distance to wetland distWet Metres from the closest OMNRF designated 

wetland on the body of water. 

Distance to Lake 

Ontario 

distLake Metres from the Lake Ontario/St. Lawrence 

River border at the westernmost point of 

Wolfe Island, Ontario. 

Littoral slope slope Slope of the littoral zone at the deployment 

location calculated from bathymetric data 

for the study area. 

Survey variables   

Trap Depth depth Depth of water (in metres) at the location of 

each trap deployment. 



29 

 

CHAPTER 3 

 

RESULTS 

3.1 Habitat summary 

Sampling locations varied greatly in their modelled effective fetch values (mean ≈ 6,200, 

sd ≈ 8,900). The maximum effective fetch value was 37,220 while the majority of sampling 

locations had an effective fetch value below 1,200 (Figure 3a). The highest fetch values were 

observed at Reed’s Bay and Sand Bay, sites that were exposed to the open lake while low fetch 

sites were distributed between the other five locations. Log-transformation of effective fetch 

provided a more normal distribution (Figure 3). Minnow trap soak time ranged from 1,032 

minutes (17.2 hours) to 1,406 minutes (23.4 hours; mean = 1,281.4, sd = 85.8). Depth varied by 

trap with mean depth increasing from the nearshore trap survey 1 (mean = 0.69 m) through to the 

offshore trap survey 4 (mean = 1.12 m; Figure 4). 

Effective fetch was highly correlated with distance to lake (ρ = -0.73), easting (ρ = -0.59), 

and distance to wetland (ρ = 0.74) covariates, but not slope (ρ = 0.15; Figure 5). In addition, 

effective fetch values were significantly different across substrate (p < 0.001) and vegetation (p < 

0.001) types as well as wetland (p < 0.001) and lake/river (p < 0.001) designations (Figure 6). 

3.2 Catch summary 

304 minnow traps were deployed in July across 76 sites yielding 1,181 fish caught at a 

rate of 3.9 fish per trap. In September, 420 minnow traps were deployed across 105 sites yielding 

1,855 fish at a rate of 4.4 fish per trap. In total, 3,036 fish were trapped at a rate of 4.23 fish per 
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trap. Round Goby made up the vast majority of catch (90% of total), followed by Yellow Perch 

(7% of total) and Pumpkinseed (0.6% of total). The remainder of the minnow trap catch included 

15 other species (2.4% of total).  

360 Snorkel observations were performed in September at 90 sites which yielded 317 

individual species identifications at a rate of 0.89 species per observation. Round Goby was the 

most commonly observed species (61% of species observations) followed by Yellow Perch (10% 

of species observations), Largemouth Bass (6% of species observations), and 13 other species 

making up the remaining 23%. In all, over both periods and sampling methods 18 fish species 

were identified. A summary of all fishes sampled is displayed in Table 3. 

3.3a Round Goby occupancy 

Round Goby were observed in all 7 sampling regions. Round Goby were detected with 

minnow traps at 93 of 105 sites and 69 of 90 sites visually. This resulted in naïve occupancy 

estimates (percent of sites with at least one detection) of 89% and 77% respectively. The minnow 

trapping data met the assumptions of occupancy modelling by fitting the most parameterized 

model in the model set (MacKenzie et al. 2002). The dispersion parameter, ĉ, was estimated as 

1.36 and a χ2 value of the observed data was 27.2 (mean χ2 value of the bootstrap simulations 

was 19.8; n = 10,000). With no evidence for lack of fit (p = 0.12), model selection was 

performed without accounting for overdispersion. 

 Occupancy model selection results indicated that the log(fetch) model, ψ(log(fetch)) 

ρ(gen), was the top ranking model with the most empirical support (Table 4). This model best 

described occupancy with an AICc score of 439.32 and a weight of 0.66. No other models tested 

were within a ΔAICc < 2 of the top model. The next best model, ψ(distLake) ρ(gen), was 4.4 
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times less likely to be the best model (AICc 442.27). The β coefficient for log(fetch) was positive 

indicating that as log(fetch) increased at a given site, the probability of occupancy increased. The 

Confidence interval (95%) around this β value did not cross zero, suggesting that the effect of 

this parameter on occupancy is significant (Table 6). Occupancy probability was low (0.05) at a 

log(fetch) of 4.65, but increased to 0.99 at a moderate log(fetch) of 6.6 (Figure 7). The parameter 

values from the top model were used to predict and map Round Goby probability of occupancy 

(ψ) across the sampling range (Figure 8). Figure 9 provides a finer scale representation of 

occupancy as variation is difficult to see across the entire region. 

Results of the detection model selection indicated that soakMin, depth, and substrate 

type, ψ(gen) ρ(soakMin + depth + mud + rock), were important predictors (Table 5). This top 

ranking model had the most empirical support with an AICc score of 438.89 and a weight of 

0.47. The next best model with the lowest ΔAICc (0.43) did not include depth as a covariate, 

ψ(gen) ρ(soakMin + mud + rock). The estimates for the averaged model are displayed in Table 6. 

The β coefficients for soakMin and mud were negative indicating that as these parameters 

increase, detection probability decreases. The β coefficients for depth and rock were positive 

indicating that as the value of these parameters increase, detection probability also increases 

(Table 6). Detection probability was high, ranging from 95% when traps were set for 1000 mins 

on rock to 30% when traps were set for 1400 mins on mud (Figure 10). The 95% confidence 

interval for the depth β coefficient overlapped zero suggesting its effect on detection is not 

significant. Cumulative detection probabilities modelled as a function of the number of minnow 

traps set on different substrates resulted in a detection curve with a high detection probability 

(>80%) for 4 traps on mud and very high (>95%) on sand and rock (Figure 11). 

3.3b Round Goby Abundance 
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The number of Round Goby in a trap ranged from 0 to 64 with a mean abundance of 4.1 

per trap. Comparison of model distribution fits suggests the Round Goby count data is negative-

binomially distributed. The data met the assumptions of N-mixture occupancy modeling 

(MacKenzie et al. 2002). A dispersion parameter, ĉ, of 4.94 and a χ2 value of the observed data 

was 15879.12 with a probability of 0 (mean χ2 value of the bootstrap simulations was 3215.45). 

This test suggests that the combination of model covariates and the N-mixture model structure 

does not adequately describe the abundance data. Possible causes of this issue are discussed in 

detail later. With this degree of lack of model fit, abundance modelling is not recommended 

(MacKenzie and Bailey 2004). 

Abundance modelling was also performed using presence-absence data and the Royle-

Nichols model (Royle and Nichols 2003). A dispersion parameter, ĉ, of 1.18 and a χ2 value of the 

observed data of 29.92 with a probability of 0.24 (mean χ2 value of the bootstrap simulations was 

25.35; n = 10,000). With no evidence for overdispersion, model selection was performed without 

adjustments. 

Abundance model selection results indicated that the model λ(wetland) ρ(gen) was the 

top ranking model with the greatest empirical support (Table 7). This model had an AICc score 

of 428.8 and a weight of 0.54. Wetland had a negative β coefficient indicating that Round Goby 

abundance was reduced on OMNR designated wetlands (Table 9). One other model, 

λ(log(distWet)) ρ(gen), was within 2 ΔAICc values of the top model (AICc 429.23). Since these 

models have equal support, the added information of distance to wetland adds no strength to the 

model over the presence/absence of a wetland. These two wetland models account for a 

combined 0.97 model weight. The 95% confidence interval for wetland in the top model did not 

overlap zero indicating significance of the parameter (Table 9). Round Goby abundance was 
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predicted to be 7.1 off of wetlands and 2.9 on wetlands. A map of predicted Round Goby 

abundance based on the Royle-Nichols model is presented in Figure 13. Again, a more localized 

view is presented to better visualize variation in abundance (Figure 14). 

Detection model selection results indicated that ψ(gen) ρ(soakMin+ mud + rock) was the 

top ranking model (Table 8). This model had an AICc score of 428.77 and a weight of 0.47. Rock 

had a β coefficient of 0.57 while mud had a β coefficient of -0.81 indicating that detection was 

highest on rock, followed by sand, and lowest on mud (Table 8). SoakMin had a β coefficient of 

-0.28. This indicates that detection decreased as the length of set time increased (Table 9). 

Detection covariate 95% confidence intervals did not cross zero. Detection of individuals ranged 

from 0.52 on mud at highest soak times to 0.05 on rock at lowest soak times (Figure 12).  

3.4a Yellow Perch occupancy 

Yellow Perch were detected with minnow traps at 32 of 105 sites and 20 of 90 sites 

visually. This resulted in naïve occupancy estimates (percent of sites with a detection out of total 

sites sampled) of 30% and 22% respectively. The minnow trapping data met the assumptions of 

occupancy modelling by fitting the most parameterized model in the model set (MacKenzie et al. 

2002). The dispersion parameter, ĉ, was estimated as 0.77 and a χ2 value of the observed data 

was 15.1 (mean χ2 of the bootstrap simulations was 19.7; n = 10,000). With no evidence for lack 

of fit (p = 0.73), model selection was performed without adjustments for overdispersion. 

 Occupancy model selection results indicated that the model, ψ(log(distWet)) ρ(gen), was 

the top ranking model with the most empirical support (Table 10). This model best described 

occupancy based on AICc score (289.12) and weight (0.44). No other models were within 2 

AICc values of the top model. The β coefficient for log(distWet) was -0.99 indicating that as 
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distance to a wetland increases at a given site, occupancy probability decreases. Confidence 

intervals (95%) for the log(distWet) β value did not cross zero, suggesting that the effect of this 

parameter on occupancy is significant (Table 12). Yellow perch occupancy probability was high 

on wetlands (64%) but decreased to 13% at a distance of 2,100 m (Figure 15). Parameter values 

from the top model were used to predict and create a map of Yellow Perch occupancy in the 

study region (Figure 14). 

Detection model selection results indicated that the null detection model, ψ(gen) ρ(.), had 

the greatest amount of empirical support (Table 11). This model had an AICc score of 283.59 and 

a weight of 0.26. The detection probability for Yellow Perch was 33% and was not affected by 

any parameters (Table 12). Three other models showed some level of support based on ΔAICc 

values, each with a single covariate, soakMin, depth, and mud (Table 11).  The estimates 

resulting from model averaging are displayed in Table 12. Confidence intervals (95%) for soak 

time, depth, and mud overlapped with zero, suggesting that the effects of these parameters are 

not significant. Cumulative detection probabilities modelled as a function of the number of 

minnow traps set at each site resulted in a relatively high detection curve (Figure 17) with a high 

detection probability (~80%) when 4 minnow traps were set. 

3.4b Yellow Perch abundance 

The number of Yellow Perch in a trap ranged from 0 to 7 with a mean abundance of 0.2 

per trap. Comparison of model distribution fits suggests the count data is negative-binomially 

distributed. The data met the assumptions of N-mixture occupancy modeling (MacKenzie et al. 

2002). A dispersion parameter, ĉ, of 2.07 and a χ2 value of the observed data was 1849.5 with a 

probability of 0.005 (mean χ2 value of the bootstrap simulations was 893.9; n = 10,000). This test 
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suggests that the model covariates and structure are adequate. With moderate evidence for 

overdispersion, model selection was performed with QAICc. 

Abundance model selection results indicated that the model λ(log(distWet)) ρ(gen) was 

the top ranking model with the greatest empirical support (Table 13). This model had an QAICc 

score of 233.72 and a weight of 0.37. Two other models were within 2 ΔQAICc values of the top 

model. Parameters in these models were found to be non-significant. The β coefficient for 

log(distWet) was negative indicating that Yellow Perch abundance had a non-linear, negative 

relationship with distance to an OMNR designated wetlands (Table 15).  The 95% confidence 

interval for log(distWet) in the top model did not overlap zero indicating significance of the 

parameter (Table 15). Yellow Perch abundance was predicted to be 3.2 on wetlands and 

decreased to around 0.5 as distance to a wetland increased past 1.500 m (Figure 18). Model 

predictions were used to create a map of predicted abundance across the study region (Figure 

19). 

Detection model selection results indicated that the null model, ψ(gen) ρ(.), was the top 

ranking model (Table 14). This model had an QAICc score of 227.21 and a weight of 0.23. Two 

other models were within 2 ΔQAICc values of the top model. Parameters in these models were 

found to be non-significant (Table 15). Detection probability (ρ) of individuals was estimated at 

0.13 across all sites. 

3.5 Lepomis spp. occupancy 

Lepomis spp. were detected with minnow traps at 12 of 105 sites and 16 of 90 sites 

visually. This resulted in naïve occupancy estimates (percent of sites with a detection out of total 

sites sampled) of 11% and 18% respectively. The visual observation data met the assumptions of 
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occupancy modelling by fitting the most parameterized model in the model set (MacKenzie et al. 

2002). The dispersion parameter, ĉ, was estimated as 0.85 and a χ2 value of the observed data 

was 11.5 with a probability of 0.62 (mean χ2 of the bootstrap simulations was 13.6; n = 10,000). 

With no evidence for lack of fit, model selection was performed without adjustments. 

 Occupancy model selection results indicated that the model, ψ(distWet) ρ(gen), was the 

top ranking model with the most empirical support (Table 16). This model best described 

occupancy based on AICc score (145.42) and weight (0.42). One other model, ψ(distWet2) was 

within 2 AICc values of the top model. Model averaged estimates are presented in Table 18. The 

β coefficients for distWet was negative indicating a negative relationship with occupancy 

probability. Confidence intervals (95%) for distWet2 overlapped with zero, suggesting that the 

effects of this parameter was not significant (Table 18). Lepomis spp. occupancy was high near 

wetlands (0.40) but decreased to 0.05 at a distance of 500m (Figure 20). Parameter values from 

the top model were used to predict and create a map of Lepomis spp. occupancy in the study 

region (Figure 21). 

Detection model selection results indicated that the vegetation detection model, ψ(gen) 

ρ(noVeg), had the greatest amount of empirical support. This model had an AICc score of 143.8 

and a weight of 0.16. Six other models came within ΔAICc < 2 of the top model and model 

estimates were derived from model averaging (Table 17). The 95% confidence intervals for all 

covariates overlapped zero indicating a lack of significant effect. Detection probability (ρ) was 

constant across all sites at 0.27. Cumulative detection probabilities modelled as a function of the 

number of visual observation performed (Figure 22).   

3.6 Largemouth Bass occupancy 
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Largemouth Bass were detected with minnow traps at 3 of 105 sites and 17 of 90 sites 

visually. This resulted in naïve occupancy estimates (percent of sites with a detection out of total 

sites sampled) of 3% and 19% respectively. The visual observation data met the assumptions of 

occupancy modelling by fitting the most parameterized model in the model set (MacKenzie et al. 

2002). The dispersion parameter, ĉ, was estimated as 1.53 and a χ2 value of the observed data 

was 19.50 with a probability of 0.12 (mean χ2 of the bootstrap simulations was 12.73; n = 

10,000). With no evidence for overdispersion, model selection was performed without 

adjustments. 

 Largemouth Bass were too sparsely detected to analyze within an occupancy model. No 

single model emerged as a top-ranking model with a large number of the models having low 

ΔAICc values (Table 19). Cumulative detection probabilities modelled as a function of the 

number of minnow traps resulted in a detection curve with a moderately high probability of 

detection (> 60%) when 8 or more visual observations are made (Figure 23).  
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Figure 3a-b. Distribution of a) non-transformed and b) log-transformed effective fetch at 

sampled sites.  



39 

 

Figure 4a-d. Distribution of depth at the 4 replicate surveys at each site. Dashed line represents 

the mean. a) is the survey nearest to the shore while d) is the furthest from shore. 
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Figure 5a-d. Relationships between log(effective fetch) other model covariates; a) distance to 

wetland (km) Spearman’s ρ = 0.74, b) slope Spearman’s ρ = 0.19, c) distance to lake 

Spearman’s ρ = -0.73, and d) easting Spearman’s ρ = -0.59. 



41 

 

 
Figure 6a-d. Distributions of log(effective fetch) across habitat classifications. Box boundaries 

represent the 25th and 75th percentile. Whiskers approximate the 95% confidence limits. 
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Table 3. Summary of fish catch for the first round of minnow trapping (July) and second round of minnow trapping and visual 

observations (September). 

Species 
Round 1 (n = 304) Round 2 (n = 420) Visual 2 (n = 360) Total 

Catch Catch per trap Catch Catch per trap ID ID per observation   

Round Goby 1028 3.42 1698 4.06 193 0.54 2919 

Yellow Perch 126 0.42 98 0.23 32 0.09 256 

Lepomis spp. * 15 0.05 16 0.02 27 0.08 52 

Pumpkinseed 11 0.04 9 0.02 15 0.04 35 

Largemouth Bass 1 0.00 3 0.01 19 0.05 23 

Bluegill 4 0.01 7 0.02 7 0.02 18 

Bluntnose Minnow 3 0.01 0 0.00 13 0.04 16 

Golden Shiner 0 0.00 11 0.03 5 0.01 16 

Blackline Shiner 0 0.00 1 0.00 14 0.04 15 

Banded Killifish 0 0.00 7 0.02 7 0.02 14 

Rock Bass 3 0.01 10 0.02 0 0.00 13 

Logperch 0 0.00 3 0.01 3 0.01 6 

Lepomis spp. ** 0 0.00 0 0.00 5 0.01 5 

Blackchin Shiner 0 0.00 1 0.00 3 0.01 4 

Brown Bullhead 0 0.00 4 0.01 0 0.00 4 

Tadpole Madtom 3 0.01 0 0.00 0 0.00 3 

Brook Silverside 2 0.01 0 0.00 0 0.00 2 

Stonecat 0 0.00 1 0.00 0 0.00 1 

Yellow Bullhead 0 0.00 1 0.00 0 0.00 1 

American Eel 0 0.00 1 0.00 0 0.00 1 

Smallmouth Bass 0 0.00 0 0.00 1 0.00 1 

Total 1,181 3.93 1,855 4.44 317 0.89 3,353 

* Includes all Pumpkinseed, Bluegill, and unidentified members of the genus Lepomis. 

** Individuals were unidentifiable to species. Pumpkinseed and Bluegill are difficult to differentiate at a small size. 
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Table 4. Model selection results with Akaike Information Criterion (AICc) and weights for 

predicting occupancy (ψ) of Round Goby when probability of detection (ρ) was held constant.  

Models K AICc ΔAICc weight 

ψ(log(fetch)) 6 439.32 0 0.66 

ψ(distLake) 6 442.27 2.95 0.15 

ψ(fetch) 6 443.52 4.2 0.08 

ψ(distLake + rock) 7 445.44 6.12 0.03 

ψ(distLake + mud) 7 445.62 6.29 0.03 

ψ(fetch + fetch2) 7 445.81 6.49 0.03 

ψ(distLake + mud + rock) 8 446.53 7.21 0.02 

ψ(easting) 6 451.36 12.04 0 

ψ(wetland) 6 452.48 13.15 0 

ψ(log(distWet)) 6 452.48 13.15 0 

ψ(distWet) 6 452.67 13.34 0 

ψ(mud) 6 452.72 13.39 0 

ψ(slope + mud 7 454.45 15.12 0 

ψ(mud + rock) 7 454.59 15.27 0 

ψ(fetch2) 6 455.69 16.37 0 

ψ(slope + mud + rock) 8 456.4 17.07 0 

ψ(noVeg) 8 456.73 17.41 0 

ψ(distWet2) 6 457.11 17.79 0 

ψ(noVeg + emergentVeg) 7 457.64 18.31 0 

ψ(.) 5 458.53 19.21 0 

ψ(mud + rock + noVeg + emergentVeg) 9 458.76 19.43 0 

ψ(lake) 6 459.02 19.69 0 

ψ(slope) 6 459.09 19.77 0 

ψ(emergentVeg) 6 460.4 21.08 0 

ψ(rock) 6 460.75 21.43 0 

ψ(slope + rock) 7 461.19 21.86 0 
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Figure 7. Round Goby predicted occupancy probability (ψ) as a function of log(effective 

fetch). 
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Figure 8. Map of the probability of occupancy (ψ) of Round Goby in the St. Lawrence River 

near Kingston, Ontario. 



46 

 

  

Figure 9. Probability of occupancy (ψ) of Round Goby in the St. Lawrence River. Colour 

distribution was adjusted in order to see finer detail changes in occupancy prediction. 
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Table 5. Model selection results with Akaike Information Criterion (AICc) and weights for 

predicting detection (ρ) of Round Goby when occupancy (ψ) covariates were held constant. 

Models K AICc ΔAICc weight 

ρ(soakMin + depth + mud + rock) 7 438.89 0 0.47 

ρ(soakMin + mud + rock) 6 439.32 0.43 0.38 

ρ(soakMin + depth + rock) 6 442.96 4.07 0.06 

ρ(depth + mud + rock) 6 444.78 5.89 0.02 

ρ(soakMin + rock) 5 445.1 6.21 0.02 

ρ(mud + rock) 5 445.38 6.49 0.02 

ρ(depth + rock) 5 446.31 7.42 0.01 

ρ(rock) 4 448.08 9.18 0 

ρ(soakMin + depth + mud) 6 449.16 10.27 0 

ρ(soakMin + mud) 5 454.25 15.36 0 

ρ(depth + mud) 5 458.11 19.22 0 

ρ(soakMin + depth) 5 462.99 24.1 0 

ρ(mud) 4 463.8 24.91 0 

ρ(depth) 4 466.85 27.96 0 

ρ(soakMin) 4 475.04 36.15 0 

ρ(.) 3 477.8 38.91 0 
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Table 6. Parameter estimates with standard errors (SE) and upper (UCI) and lower (LCI) 95% 

confidence intervals for the top ranked model of Round Goby occupancy. Occupancy (ψ) 

parameters included an intercept and one for log(fetch). Detection (ρ) parameters included an 

intercept and the effect of soak time (soakMin) depth (depth) and substrate type (mud, rock). 

Parameter β estimate SE LCL UCL 

Top model ψ(log(fetch)) ρ(soakMin + depth + mud 

+ rock)  

    

ψ intercept 11.13 4.77  1.78  20.47 

log(fetch) 8.21 3.50  1.33  15.08 

ρ intercept 0.64 0.19  0.25  1.02 

soakMin -0.39 0.14 -0.67 -0.12 

depth 0.25 0.16 -0.06  0.56 

mud -0.93 0.36 -1.62 -0.23 

rock 1.04 0.28  0.49  1.60 
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Figure 10. Predicted detection probability (ρ) of Round Goby as a function of soak time. 
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Figure 11. Cumulative detection probability for Round Goby as a function of number of 

minnow traps set within a site. Detection probabilities were estimated based on substrate as 

mud, sand, and rock. 
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Table 7. Model selection results with Akaike Information Criterion (AICc) and weights for 

predicting abundance (λ) of Round Goby when probability of detection (ρ) was held constant. 

Models K AICc ΔAICc weight 

λ(wetland) 6 428.77 0 0.54 

λ(log(distWet)) 6 429.23 0.45 0.43 

λ(log(fetch)) 6 434.99 6.21 0.02 

λ(fetch + fetch2) 7 437.94 9.17 0.01 

λ(lake) 6 442.23 13.46 0 

λ(slope + mud) 7 442.93 14.16 0 

λ(distLake) 6 443.5 14.72 0 

λ(fetch) 6 443.87 15.09 0 

λ(mud) 6 444.08 15.3 0 

λ(distLake + mud) 7 444.17 15.4 0 

λ(easting) 6 444.32 15.55 0 

λ(slope) 6 444.43 15.66 0 

λ(slope + mud + rock) 8 444.52 15.75 0 

λ(distWet) 6 444.84 16.07 0 

λ(noVeg) 8 445.67 16.9 0 

λ(.) 5 445.87 17.1 0 

λ(mud + rock) 7 446.14 17.36 0 

λ(distLake + mud + rock) 8 446.43 17.66 0 

λ(slope + rock) 7 446.65 17.87 0 

λ(fetch2) 6 447.06 18.29 0 

λ(distLake + rock) 7 447.28 18.51 0 

λ(noVeg + emergentVeg) 7 447.62 18.85 0 

λ(mud + rock + noVeg + emergentVeg) 9 447.98 19.21 0 

λ(distWet2) 6 448 19.23 0 

λ(emergentVeg) 6 448.04 19.27 0 

λ(rock) 6 448.11 19.34 0 
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Table 8. Model selection results with Akaike Information Criterion (AICc) and weights for 

predicting probability of detection (ρ) of Round Goby when covariates for abundance (λ) were 

held constant. 

Models K AICc ΔAICc weight 

ρ(soakMin + mud + rock) 6 428.77 0 0.47 

ρ(soakMin + depth + mud + rock) 7 430.88 2.11 0.16 

ρ(soakMin + rock) 5 431.82 3.05 0.1 

ρ(soakMin + mud) 5 432.65 3.88 0.07 

ρ(mud + rock) 5 432.98 4.21 0.06 

ρ(soakMin + depth + rock) 6 433.8 5.03 0.04 

ρ(soakMin + depth + mud) 6 434.14 5.37 0.03 

ρ(rock) 4 434.31 5.54 0.03 

ρ(depth + mud + rock) 6 434.89 6.12 0.02 

ρ(depth + rock) 5 436.1 7.33 0.01 

ρ(mud) 4 438.87 10.1 0 

ρ(depth + mud) 5 439.83 11.06 0 

ρ(soakMin) 4 439.91 11.13 0 

ρ(soakMin + depth) 5 440.91 12.14 0 

ρ(.) 3 444.16 15.39 0 

ρ(depth) 4 444.54 15.77 0 
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Table 9. Parameter estimates with standard errors (SE) and upper (UCI) and lower (LCI) 95% 

confidence intervals for the top ranked model of Round Goby abundance. Abundance (λ) 

parameters included an intercept and whether the site was on an OMNR designated wetland 

(wetland). Detection (ρ) parameters included an intercept as well as a parameter for soak time 

(soakMin) and substrate type (mud, rock). 

Parameter β estimate SE UCI LCI 

Top model λ(wetland) ρ(soakMin + mud + rock)     

λ intercept  1.96 0.39  2.72  1.18 

wetland -0.89 0.21 -0.46 -1.30 

ρ intercept -1.39 0.49 -0.43 --2.35 

soakMin -0.28 0.11 -0.06 -0.49 

mud -0.81 0.34 -0.15 -1.47 

rock  0.57 0.24  1.04  0.09 
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Figure 12. Predicted detection probability (ρ) of Round Goby as a function of trap soak time 

across 3 substrate types. 
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Figure 13. Map of predicted Round Goby abundance (λ) in the Kingston Region. Red 

represents a predicted abundance of 7.1. Blue represents a predicted abundance of 2.9. 
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Figure 13. Map of predicted Round Goby abundance in the upper St. Lawrence River near 

Gananoque, Ontario. Red represents a predicted abundance of 7.1. Blue represents a predicted 

abundance of 2.9. 
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Table 10. Model selection results with Akaike Information Criterion (AICc) and weights for 

predicting occupancy (ψ) of Yellow Perch when probability of detection (ρ) was held constant.  

Models K AICc ΔAICc weight 

ψ(log(distWet)) 6 289.12 0 0.48 

ψ(distWet) 6 291.13 2.01 0.18 

ψ(wetland) 6 291.44 2.31 0.15 

ψ(fetch2) 6 293.2 4.08 0.06 

ψ(distWet2) 6 293.37 4.25 0.06 

ψ(fetch + fetch2) 7 294.74 5.61 0.03 

ψ(fetch) 6 294.91 5.78 0.03 

ψ(lake) 6 300.02 10.9 0 

ψ(log(fetch)) 6 300.04 10.92 0 

ψ(rock) 6 300.59 11.46 0 

ψ(emergentVeg) 6 300.97 11.84 0 

ψ(.) 5 300.98 11.86 0 

ψ(slope) 6 302.3 13.18 0 

ψ(distLake + rock) 7 302.35 13.23 0 

ψ(mud + rock) 7 302.58 13.46 0 

ψ(slope + rock) 7 302.75 13.63 0 

ψ(distLake) 6 302.9 13.78 0 

ψ(easting) 6 303 13.88 0 

ψ(noVeg + emergentVeg) 7 303.15 14.03 0 

ψ(mud) 6 303.16 14.03 0 

ψ(distLake + mud + rock) 8 304.33 15.21 0 

ψ(slope + mud) 7 304.6 15.48 0 

ψ(slope + mud + rock) 8 304.73 15.6 0 

ψ(noVeg) 8 304.87 15.75 0 

ψ(distLake + mud) 7 305.12 15.99 0 

ψ(mud + rock + noVeg + emergentVeg) 9 305.35 16.22 0 
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Figure 15. Predicted Yellow Perch occupancy (ψ) as a function of distance to an OMNR 

designated wetland. 
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Figure 16. Map of the probability of occupancy (ψ) of Yellow Perch in the St. Lawrence River 

near Kingston, Ontario. 
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Table 11. Model selection results with Akaike Information Criterion (AICc) and weights for 

predicting detection (ρ) of Yellow Perch when occupancy (ψ) covariates were held constant.  

Models K AICc ΔAICc weight 

ρ(.) 3 283.59 0 0.26 

ρ(soakMin) 4 285.14 1.55 0.12 

ρ(depth) 4 285.38 1.79 0.11 

ρ(mud) 4 285.47 1.88 0.1 

ρ(rock) 4 285.74 2.15 0.09 

ρ(soakMin + mud) 5 286.88 3.29 0.05 

ρ(soakMin + depth) 5 287 3.41 0.05 

ρ(soakMin + rock) 5 287.28 3.69 0.04 

ρ(depth + mud) 5 287.44 3.85 0.04 

ρ(depth + rock) 5 287.57 3.98 0.04 

ρ(mud + rock) 5 287.67 4.08 0.03 

ρ(soakMin + depth + mud) 6 288.95 5.36 0.02 

ρ(soakMin + mud + rock) 6 289.12 5.53 0.02 

ρ(soakMin + depth + rock) 6 289.25 5.66 0.02 

ρ(depth + mud + rock) 6 289.64 6.05 0.01 

ρ(soakMin + depth + mud + rock) 7 291.24 7.65 0.01 
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Table 12. Parameter estimates with standard errors (SE) and upper (UCI) and lower (LCI) 95% 

confidence intervals for the top ranked models of Yellow Perch occupancy. Occupancy (ψ) 

parameters included an intercept and one for each of log(distWet). Detection (ρ) parameters 

include the intercept, soakMin, depth, and mud. 

Parameter β estimate SE UCI LCI 

Top model ψ(log(distWet)) ρ(soakMin + depth + 

mud)  

    

ψ intercept -0.57 0.32 -1.19  0.06 

log(distWet) -0.99 0.29 -1.55 -0.42 

ρ intercept -0.71 0.24 -1.18 -0.23 

soakMin -0.16 0.20 -0.56  0.24 

depth  0.12 0.19 -0.26  0.49 

mud -0.27 0.51 -1.26  0.72 
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Figure 17. Cumulative detection probability for Yellow Perch as a function of the number of 

minnow traps set within a site. 
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Table 13. Model selection results with Akaike Information Criterion (QAICc) and weights for 

predicting abundance (λ) of Yellow Perch when probability of detection (ρ) was held constant.  

Models K QAICc ΔQAICc weight 

λ(log(distWet)) 8 233.72 0 0.40 

λ(distWet) 8 234.46 0.75 0.27 

λ(wetland) 8 235.69 1.97 0.15 

λ(distWet2) 8 236.99 3.27 0.08 

λ(fetch2) 8 238.11 4.4 0.04 

λ(fetch + fetch2) 9 239.76 6.04 0.02 

λ(fetch) 8 239.77 6.05 0.02 

λ(emergentVeg) 7 243.6 9.88 0 

λ(.) 7 244.15 10.43 0 

λ(lake) 8 244.36 10.65 0 

λ(rock) 8 244.62 10.9 0 

λ(log(fetch)) 8 245.27 11.55 0 

λ(noVeg + emergentVeg) 8 245.88 12.17 0 

λ(mud) 8 246.44 12.72 0 

λ(slope) 8 246.47 12.75 0 

λ(distLake) 8 246.49 12.77 0 

λ(easting) 8 246.49 12.77 0 

λ(distLake + rock) 9 246.89 13.17 0 

λ(mud + rock) 9 246.91 13.2 0 

λ(slope + rock) 9 247 13.29 0 

λ(noVeg) 9 247.01 13.3 0 

λ(mud + rock + noVeg + emergentVeg) 10 248.45 14.74 0 

λ(distLake + mud) 9 248.77 15.06 0 

λ(slope + mud) 9 248.81 15.1 0 

λ(distLake + mud + rock) 10 249.26 15.55 0 

λ(slope + mud + rock) 10 249.35 15.64 0 

 



64 

 

  

Figure 15. Predicted Yellow Perch predicted abundance (λ) as a function of the distance to an 

OMNR designated wetland. 
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Figure 19. Map of the predicted abundance (λ) of Yellow Perch in the St. Lawrence River near 

Kingston, Ontario. 
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Table 14. Model selection results with Akaike Information Criterion (QAICc) and weights for 

predicting detection (ρ) of Yellow Perch when abundance (λ) covariates were held constant.  

Models K QAICc ΔQAICc weight 

ρ(.) 4 227.21 0 0.23 

ρ(depth) 5 228.13 0.91 0.15 

ρ(soakMin) 5 229.13 1.92 0.09 

ρ(mud) 5 229.23 2.01 0.09 

ρ(rock) 5 229.31 2.1 0.08 

ρ(depth + rock) 6 229.64 2.42 0.07 

ρ(soakMin + depth) 6 230.06 2.85 0.06 

ρ(depth + mud) 6 230.36 3.15 0.05 

ρ(soakMin + mud) 6 231.14 3.93 0.03 

ρ(mud + rock) 6 231.19 3.98 0.03 

ρ(soakMin + rock) 6 231.26 4.05 0.03 

ρ(soakMin + depth + rock) 7 231.59 4.38 0.03 

ρ(depth + mud + rock) 7 231.77 4.56 0.02 

ρ(soakMin + depth + mud) 7 232.33 5.11 0.02 

ρ(soakMin + mud + rock) 7 233.12 5.9 0.01 

ρ(soakMin + depth + mud + rock) 8 233.72 6.5 0.01 
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Table 15. Parameter estimates with standard errors (SE) and upper (UCI) and lower (LCI) 95% 

confidence intervals for the averaged model of Yellow Perch abundance. Abundance (λ) 

parameters included an intercept and log(distWet), distWet, and wetland. Detection (ρ) 

parameters include the intercept, soakMin, and depth. 

Parameter β estimate SE UCI LCI 

Top model λ(log(distWet)) ρ(soakMin + depth)      

λ intercept  0.36 0.30  0.95 -0.22 

log(distWet) -0.83 0.16 -0.37 -1.27 

distWet -1.26 0.46 -0.36 -2.16 

wetland  1.42 0.42  2.25  0.58 

ρ intercept -1.88 0.34 -0.93 -2.82 

soakMin -0.11 0.13  0.27 -0.49 

depth  0.25 0.14  0.66 -0.15 
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Table 16. Model selection results with Akaike Information Criterion (AICc) and weights for 

predicting occupancy (ψ) of Lepomis spp. when probability of detection (ρ) was held constant.  

Models K AICc ΔAICc weight 

ψ(distWet) 6 145.42 0 0.42 

ψ(distWet2) 6 145.94 0.52 0.32 

ψ(log(distWet)) 6 147.94 2.53 0.12 

ψ(distLake + mud) 7 149.3 3.88 0.06 

ψ(distLake + mud + rock) 8 151.41 6 0.02 

ψ(wetland) 6 152.22 6.8 0.01 

ψ(mud) 6 153.42 8 0.01 

ψ(slope + mud) 7 153.91 8.49 0.01 

ψ(easting) 6 154.39 8.97 0 

ψ(slope + mud + rock) 8 154.76 9.34 0 

ψ(distLake) 6 155.07 9.66 0 

ψ(mud + rock) 7 155.64 10.22 0 

ψ(log(fetch)) 6 156.29 10.87 0 

ψ(distLake + rock) 7 156.55 11.14 0 

ψ(slope) 6 156.57 11.15 0 

ψ(slope + rock) 7 156.72 11.3 0 

ψ(noVeg) 8 157.2 11.79 0 

ψ(fetch2) 6 157.69 12.27 0 

ψ(.) 5 158.02 12.6 0 

ψ(fetch) 6 158.49 13.07 0 

ψ(fetch + fetch2) 7 159.32 13.9 0 

ψ(mud + rock + noVeg + emergentVeg) 9 159.6 14.18 0 

ψ(lake) 6 159.74 14.32 0 

ψ(noVeg + emergentVeg) 7 159.9 14.49 0 

ψ(rock) 6 160.21 14.79 0 

ψ(emergentVeg) 6 160.27 14.85 0 
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Figure 20. Predicted Lepomis spp. occupancy (ψ) as a function of distance to an OMNR 

designated wetland. 
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Figure 21. Map of the probability of occupancy (ψ) of Lepomis spp. in the St. Lawrence River 

near Kingston, Ontario. 
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Table 17. Model selection results with Akaike Information Criterion (AICc) and weights for 

predicting detection (ρ) of Lepomis spp. when occupancy (ψ) covariates were held constant.  

Models K AICc ΔAICc weight 

p(noVeg) 4 143.8 0 0.16 

p(.) 3 144 0.2 0.15 

p(depth + mud) 5 144.02 0.22 0.15 

p(mud) 4 144.21 0.41 0.13 

p(depth + noVeg) 5 145.35 1.55 0.08 

p(depth) 4 145.59 1.79 0.07 

p(soakMin + depth + mud) 6 145.8 2 0.06 

p(soakMin + noVeg) 5 145.92 2.12 0.06 

p(soakMin) 4 145.94 2.15 0.06 

p(soakMin + mud) 5 146.31 2.52 0.05 

p(soakMin + depth + noVeg) 6 147.43 3.63 0.03 

p(soakMin + depth) 5 147.66 3.86 0.02 
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Table 18. Parameter estimates with standard errors (SE) and upper (UCI) and lower (LCI) 95% 

confidence intervals for the averaged model of Lepomis spp. occupancy. Occupancy (ψ) 

parameters included an intercept and one for distWet. Detection (ρ) parameters include the 

intercept mud, depth, noVeg and soakMin as parameters. 

Parameter β estimate SE UCI LCI 

Averaged model ψ(distWet + distWet2) 

ρ(noVeg + depth + mud + soakMin)  

    

ψ intercept -4.26 2.94  1.50 -10.03 

distWet -7.80 4.47  0.96 -16.57 

distWet2 -64 62.6  58.0 -187.3 

ρ intercept -0.99 0.61  0.20 -2.19 

noVeg -0.98 0.61  0.22 -2.19 

depth  0.42 0.36  1.22 -0.28 

mud  1.18 0.68  2.51 -0.16 

soakMin  0.19 0.28  0.75 -0.37 
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Figure 19. Cumulative detection probability for Lepomis spp. as a function of the number visual 

surveys performed within a site. 
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Table 19. Model selection results with Akaike Information Criterion (AICc) and weights for 

predicting occupancy (ψ) of Largemouth Bass when probability of detection (ρ) was held 

constant. 

Models K AICc ΔAICc weight 

ψ(fetch2) 5 150.45 0 0.14 

ψ(distLake + rock) 6 150.61 0.15 0.13 

ψ(fetch) 5 150.72 0.26 0.12 

ψ(distLake + mud + rock) 7 150.87 0.41 0.11 

ψ(distLake) 5 150.89 0.44 0.11 

ψ(log(fetch)) 5 150.96 0.5 0.11 

ψ(easting) 5 151.22 0.77 0.09 

ψ(distLake + mud) 6 151.55 1.1 0.08 

ψ(fetch + fetch2) 6 152.7 2.25 0.04 

ψ(lake) 5 154.58 4.12 0.02 

ψ(distWet2) 5 154.87 4.41 0.01 

ψ(slope + rock) 6 155.64 5.19 0.01 

ψ(distWet) 5 155.76 5.31 0.01 

ψ(slope + mud + rock) 7 156.17 5.72 0.01 

ψ(log(distWet)) 5 156.63 6.18 0.01 

ψ(wetland) 5 157.4 6.95 0 

ψ(.) 4 157.94 7.49 0 

ψ(slope) 5 158.04 7.59 0 

ψ(mud) 5 159.32 8.86 0 

ψ(rock) 5 159.98 9.53 0 

ψ(slope + mud) 6 160.22 9.77 0 

ψ(mud + rock) 6 160.72 10.27 0 

ψ(emergentVeg) 6 162.19 11.74 0 

ψ(noVeg) 8 162.28 11.83 0 

ψ(noVeg + emergentVeg) 7 164.04 13.59 0 

ψ(mud + rock + noVeg + emergentVeg) 9 164.59 14.14 0 
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Figure 23. Cumulative detection probability for Largemouth Bass as a function of the number 

visual surveys performed within a site. 
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CHAPTER 4 

 

DISCUSSION 

4.1 Fetch as a first order predictor 

Effective fetch was highly correlated to nearshore habitat features and a number of GIS 

covariates. Many of these relationships are unsurprising as the effect of coastal exposure on the 

structure of the nearshore has been known to limnologists for a long time. My results agree with 

other research on Lake Ontario suggesting a strong linkage between coastal exposure and habitat 

characteristics (Randall et al. 2004). 

As expected, the particle size of the substrate classifications increased with increased 

effective fetch. Substrate size is likely related to fetch through the redistribution of these particles 

by physical wave action and currents. Although the process behind this relationship was not the 

objective of this study, this relationship is consistent with what has been seen on other 

waterbodies (Håkanson 1977, Rowan et al. 1992, Cyr 1998). Increased effective fetch was also 

related to a lack of aquatic vegetation. As effective fetch determines the amount of mechanical 

energy (wave action, wind/wave induced current) that reaches a shoreline, littoral areas with high 

exposure are known to have reduced occurrence of aquatic macrophytes (Chambers 1987). This 

happens directly with physical damage from waves as well as indirectly through the influence of 

exposure on water temperatures and substrate characteristics. Distance to OMNR designated 

wetlands also varied across substrate and vegetation types. The strength of these relationships is 



77 

 

expected as the process of wetland designation by the OMNRF involves the survey of aquatic 

macrophytes (OMNRF 2014).  

GIS covariates for distance to a wetland, and distance to lake were both strongly 

correlated to effective fetch. Due to the high exposure of the shoreline of Lake Ontario and the 

St. Lawrence River, shoreline geometry may play a larger role in determining habitat 

characteristics than on smaller waterbodies. Although effective fetch is expected to be lower in 

the less exposed St. Lawrence River relative to Lake Ontario, the strength of this relationship is 

interesting when combined with the possibility of using effective fetch to predict local habitat 

characteristics. With this information it’s possible to infer that there exists a changing habitat 

gradient from east to west that can be largely attributed to the degree of exposure of the 

shoreline. These results may indicate that the sheltered nature of the St. Lawrence River relative 

to Lake Ontario makes it an important refuge for certain species. Understanding how the Lake 

Ontario fish community may benefit from its this large, sheltered waterbody is important to the 

management of the fishery. 

These results provide direct evidence for the ability to use GIS data and techniques in 

mapping fisheries habitat characteristics. The use of field observations as model training data 

followed by additional field observations to validate these models has been used to locate 

resources or habitat characteristics important to species distribution. This is commonly done 

through aerial imagery of terrestrial ecosystems (Sperduto and Congalton 1996). Aerial imagery 

is less practical for aquatic environments and we must rely on other GIS data such as 

bathymetry, wind/wave and current models. In the future, we can expect that habitat models can 

be strengthened with the addition of more complex water circulation models. In the future, the 
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development and verification of substrate and vegetation prediction models in this region may 

prove useful in strengthening our ability to use GIS data to classify different habitat types.  

4.2 Occupancy modelling 

This study is the first application of occupancy and detection modelling of a fish species 

on Lake Ontario and the St. Lawrence River and can be used as an example for local 

management agencies. Occupancy and detection modelling resulted in an occupancy rates that 

were 3% larger than naïve estimates for Round Goby, 26% larger for Yellow Perch, 54% larger 

for Lepomis spp., and 149% larger for Largemouth Bass (Appendix B). These different values 

demonstrate that there is a variety of potential scenarios when using accounting for detection 

probability for the monitoring of fish species with vastly different rates of occupancy and 

detection. For example, a 0.1% change in occupancy rate suggests that the use of repeat surveys 

for the monitoring of Round Goby does not greatly affect predictions about occupancy states. 

Accounting for imperfect detection is unimportant in this case as minnow trapping was a very 

reliable method of Round Goby detection. The opposite was true for Yellow Perch, Lepomis 

spp., and Largemouth Bass as changes to occupancy rates were substantial after accounting for 

imperfect detection. 

Variance in the occupancy modelling results also varied between species. Round Goby 

and Yellow Perch models had low error relative to Lepomis spp. and Largemouth Bass. This is 

likely due to the number of replicate samples taken at each site being too low for the detection 

probability of Lepomis spp. and Largemouth Bass (MacKenzie et al. 2002). It is also possible 

variance in estimates for Lepomis spp. and Largemouth Bass were increased by the reduced 

number of sites where visual observations were taken due to poor visibility. Variance was not an 

issue for Round Goby and Yellow Perch due to their high detection probabilities (MacKenzie et 
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al. 2002). To reduce variance in the future for low detection species it is recommended to either 

1) use a sampling method with a higher detection probability or 2) increase the number of 

replicate samples at each site. 

Round Goby 

Round Goby occupancy and detection modelling based on habitat and GIS covariates 

provides an example of predicting distributions from widely available geographic data. Between 

sites, effective fetch was most important in predicting Round Goby occupancy. These results are 

consistent with literature indicating that effective fetch acts as a broad-scale physical process 

affecting the distribution of fish by structuring the shoreline of waterbodies (Randall et al. 2004, 

Brind’Amour et al. 2005). Effective fetch has also been shown on Lake Ontario to be an 

important predictor of species richness (Randall et al. 1996) and fish biomass (Randall et al. 

1996, 2012). This relationship between shoreline exposure and Round Goby occurrence was 

previously recorded on Lake Michigan but was not consistent across all sites (Coulter et al. 

2015). It was suggested by Coulter et al. (2012) that sheltered embayments with high levels of 

biological productivity are resistant to Round Goby invasion. Coulter et al. (2012) also 

hypothesize that Round Goby will still be found in these wetlands, but in fewer numbers. My 

results are consistent with these conclusions as Round Goby occupancy probability was reduced 

but still generally high on designated wetlands. Further modelling agreed as wetland presence 

was the best predictor of abundance. The use of exposure rather than just a coastal wetland 

presence/absence variable adds a way to differentiate between the front or exposed portion of a 

coastal wetland and the rear or less exposed portion. Although it is possible that particular 

wetlands provide greater resistance to Round Goby invasion than others as argued by Coulter et 
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al. (2012), it is also possibly more accurate to view the barrier to invasion as a gradient in 

shoreline exposure. 

The preference for high exposure sites is most likely due to Round Goby preference for 

rocky substrates. While research on Round Goby invasion into North America has commonly 

found that Round Goby prefer rock over sand or mud substrates (Ray and Corkum 2001, Johnson 

et al. 2005, Savino et al. 2007, Young et al. 2010), there has been conflicting habitat use research 

in the Bay of Quinte where substrate was not found to be important (Taraborelli et al. 2009). 

Additionally, Jude et al. (1996) found no difference in catch between macrophyte and riprap 

habitat. The results of this study support the hypothesis for strong preference for rocky substrate 

while using an exposure gradient to explain the presence of Round Goby on other substrate. It is 

possible that exposure provides a complex measure of local habitat characteristics that is better at 

predicting species distribution than just a record of substrate alone. 

Although there may be some evidence for a lake/river gradient in Round Goby 

occupancy, this is most likely an artifact of the sites near Lake Ontario being more exposed and 

therefore having higher effective fetch values than those down river. If this is the case, the 

distance to lake gradient in occupancy exists only due to changes in shoreline exposure. This is 

important to note as Round Goby is a recent invader. The lack of a lake/river gradient 

distinguishable from other habitat characteristics suggests that the entire study area has been 

fully colonized by Round Goby.  

Round Goby detection modelling identified the importance of substrate type and trap 

soak time. The influence of substrate on detection can be explained by two hypotheses. First it is 

possible that variation in abundance across substrates has led to increased detection of the 

species. Second, minnow traps tend to sink into loose substrate resulting in the openings 
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becoming inaccessible. The reduction in detection probability over time may also be due to 

escape probability overtaking capture probability. Escape from opaque minnow traps with two 

openings is not uncommon (Culp and Glozier 1989) and with reduction of bait in the traps due to 

feeding or disintegration, it is probable that escape probability increases while capture 

probability decreases over time. 

I was unable to model Round Goby abundance using count data and alternatively 

attempted to model abundance using the Royle and Nichols (2003) and presence-absence only 

data. Lack of fit in a model can lead to incorrect inferences either through 1) biasing estimates to 

be too large or small, or by 2) reporting standard errors that are too large or too small. The lack 

of fit, of the Royle (2004) N-mixture model is evident from  the sampling variance exceeding the 

model-based variance (Burnham and Anderson 2002). In cases where the overdispersion 

parameter is small (1 < ĉ < 4), the model is acceptable to explain the variation. In these cases 

overdispersion is limited and can be adjusted for by using quasi-likelihood theory, or quasi-AICc 

(Hurvichl and Tsai 1995). Unfortunately, in this case overdispersion is excessive (ĉ > 4). This is 

usually caused by the fitted model not accounting for an acceptable amount of the variation in 

the data. It is possible that Round Goby abundance or detection was affected by some 

unmeasured covariate or covariates. This is likely an issue with the Round Goby data as count 

numbers were extremely variable at some of the sites.  

The alternative method used in this study has its own drawback as it assumes abundance 

is Poisson distributed and cannot model overdispersed data. Although the use of the Royle-

Nichols model is not advised when dealing with data with high variability in counts I believe it is 

better than using the N-mixture model in this case. It is likely that these predicted abundances on 

and off of wetlands are therefore underestimates of true abundances. 
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Yellow Perch 

GIS data was also effective as covariates for the modelling of Yellow Perch occupancy 

and abundance. Modelling results suggest a non-linear decrease of both occupancy and 

abundance as distance to a wetland increased. The negative relationship between distance to a 

wetland and Yellow Perch distribution is expected as the literature has shown Yellow Perch to be 

a habitat generalist with preference for vegetated habitat (Wu and Culver 1992, Weaver et al. 

1997). Previous research has suggested that preference for complex vegetation in wetlands could 

be linked to increased food availability (Crowder and Cooper 1982) or predator avoidance 

(Savino and Stein 1982).  

Occupancy remained relatively high at locations further from wetlands. Yellow Perch 

movement within and between wetlands is common in Yellow Perch as they for move in and out 

of wetlands in large numbers for feeding and reproduction (Stephenson 1990). Prior to Round 

Goby invasion of Lake Michigan, Yellow Perch were consistently caught in a variety of 

shoreline habitats (Brazner and Beals 1997). Yellow Perch have been associated with the 

presence of Round Goby (Dopazo et al. 2008) and feed on them frequently (Thomas and Haas 

2001). Additionally, Yellow Perch and Round Goby in a laboratory setting showed weak 

negative interaction and low diet overlap between the species suggesting that these species may 

not compete for resources (Duncan et al. 2011). Although Yellow Perch may shift habitat in 

response to high Round Goby abundance (Houghton and Janssen 2015), this research gives 

support for a high degree of distribution overlap. 

Detection probability was not significantly impacted by trap soak time, depth, or 

substrate. The lack of effect of any covariates on detection probability across sampling events 

shows that there is a good level of consistency in detection when using minnow traps to sample 
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Yellow Perch. The lack of influence of soak time suggests that probability of capture and 

probability of escape for Yellow Perch were equal over the trapping periods used in this study. 

The non-significant differences across substrates suggest that the potential sinking of minnow 

traps into finer substrates was not an issue for sampling Yellow Perch. A frequently cited 

strength of minnow traps as a sampling tool is their ability to be deployed in a variety of shallow-

water habitat including areas with high densities of aquatic vegetation (Blaustein 1989, Petrik 

and Levin 2000). Minnow traps may be an effective means of sampling small Yellow Perch on 

this waterbody as other common methodologies such as seine net or electrofishing would not 

have been possible at many of my sampling locations due to the density of vegetation and soft 

substrate. 

Lepomis spp. 

 Occupancy probability of Lepomis spp. was best predicted linearly by distance to a 

wetland. The reduction of occupancy probability to zero as distance surpassed 600 m suggests 

that distribution is tightly limited to wetland habitat characteristics. This distribution relationship 

agrees with past studies of Lepomis spp. habitat use (Dewey et al. 1997, Uzunova et al. 2010). 

Habitat use in Lepomis spp. is related to foraging potential and predation risk (Mittelbach 1981, 

Savino and Stein 1982, Werner et al. 1983). Smaller Lepomis spp. may remain in highly 

vegetated areas to avoid predation despite the superior foraging opportunities in open habitat 

(Werner and Hall 1988). Werner & Hall (1988) demonstrated a size-specific habitat shift from 

vegetated to open water when the benefits of foraging outweighed the cost of predation. 

Although large Lepomis spp. were not sampled in this study, we are able to provide evidence for 

vegetated habitat preference in small Lepomis spp. 

4.4 Survey efficiency 
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In this study, minnow traps were unable to effectively sample a large diversity of fish 

species. A recent study on the Detroit River concluded that minnow traps were less effective at 

sampling a diversity of fish in large rivers than seining, electrofishing, hoop netting, and 

Windermere traps (Lapointe et al. 2006).  This study highlights the effectiveness of minnow 

traps for targeting certain species of small littoral fish in the SLLO and may be useful in 

monitoring the distribution and abundance of these fishes. Detection probabilities when four 

minnow traps were deployed was 73%, 33% for Round Goby and Yellow Perch, giving us 

confidence in the use of minnow traps in future sampling of these species. Alternatively, 

detection probabilities for Lepomis spp., and Largemouth Bass were 2% and 0.7% respectively. 

These probabilities are extremely low and suggest that minnow trapping is not an effective 

means of sampling these species.  

Round Goby 

 The vast majority of fish species sampled both through minnow trapping and visual 

survey were Round Gobies. Since the invasion of the Round Goby into the Great Lakes they 

have become one of the most abundant and widespread littoral fish species. The littoral density 

of Round Goby in New York State nearshore waters of Lake Ontario was recently estimated at 

2.2 fish/m2 or a total of 0.7 billion fish > 2.0 cm total length (Pennuto et al. 2012). Similar 

estimates of density were found in the Bay of Quinte with 2.2 fish/m2 in the lower bay and 0.6 

fish/m2 in the upper bay (Taraborelli et al. 2009). Round Goby is similarly abundant in Lake Erie 

with estimated densities of 0.80 - 7.76 fish/m2 and a total population size in 2002 estimated at 9.9 

billion individuals (Johnson et al. 2005). One study reported Round Goby abundances of up to 

133 fish/m2 in Calumet Harbour, Lake Michigan (Chotkowski and Ellen Marsden 1999). 

Research on the Great Lakes has suggested that the high abundance of Round Goby has caused 
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major shifts in the diets of large fish species. In Lake Erie, the diet of Smallmouth Bass has 

become dominated by Round Goby, resulting in an earlier transition to piscivory (Steinhart et al. 

2004). Smallmouth Bass diet is also dominated by Round Goby in Lake Ontario (Nelson et al. in 

press). Lake Trout in the Kingston Basin have also taken advantage of their high abundance with 

Round Goby making up approximately 36% of stomach contents by mass (Dietrich et al. 2006). 

Additionally, Round Goby have become the primary prey of Double-crested cormorant since 

invasion (Johnson et al. 2015). 

While some researchers have suggested that minnow traps are an ineffective means of 

sampling Round Goby when compared to active methods (Johnson et al. 2005), others have 

found minnow traps to be a highly effective and cost-efficient capture method (Diana et al. 2006, 

Kornis and Vander Zanden 2010). Diana et al. (2006) found that capture efficiency with minnow 

traps was highly dependent on time-of-year with poor spring catch rates in the spring. This 

information suggests that despite the high fall catch numbers in my study, minnow trap sampling 

of Round Goby on the SLLO may be ineffective during other seasons.  

When targeting only Round Goby, minnow traps were also found to have the lowest 

proportion of bycatch (25%) when compared to other passive methods (Diana et al. 2006). In this 

study, species other than Round Goby only made up 10% of the catch suggesting that in areas 

where Round Goby is present this sampling tool can be used to effectively target this species 

with high specificity due to their abundance and high catchability. Characteristics of Round 

Goby make them difficult to sample with traditional methods. Likely due to their small size and 

lack of swim bladder, electrofishing tends to be less reliable than for other species (Nett et al. 

2012). Seining is an option recommended by Nett et al. (2012), but is limited to wadeable depths. 

While the effectiveness of minnow traps has not been proven year round and in areas of low 
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Round Goby abundance, this study suggests that in the Kingston Basin, an area of high Round 

Goby abundance, the ease of use, low cost of minnow traps, and limited degree of bycatch make 

them an effective means of population sampling. 

Yellow Perch 

 Yellow Perch were the second most abundant species sampled in this study. 

Yellow Perch were also sampled more effectively by minnow traps than visual observations. 

Characteristics of Yellow Perch activity such as schooling, high evening activity, and linear 

movement along bottom may have contributed to their higher probability of encountering a trap 

(Helfman 1979).  

Minnow trap surveys may be an effective means of monitoring Yellow Perch 

recruitment. Yellow Perch contribute to the multi-million-dollar sport and commercial fisheries 

in Lake Ontario, traditionally being one of the most frequently harvested fish species in the 

eastern basin (McCullough and Einhouse 1999). Commercial harvest declined significantly 

during the 1990s (Cluett 1997, Burnett et al. 2002) and Yellow Perch are currently low in 

abundance relative to the early 1990s (Hoyle 2015). Although the reasons for this decline are 

currently debated, it likely in part due to the combined effects of Double Crested Cormorant 

predation (Burnett et al. 2002) and competition with the Round Goby for space and prey items 

(Houghton and Janssen 2015). Minnow traps are a low effort, consistent, and highly versatile 

sampling method with potential to survey Yellow Perch distributions between seasons and across 

multiple years. Understanding factors that affect the distribution patterns of small Yellow Perch 

is an important step towards monitoring this population in the future. 

Lepomis spp. and Largemouth Bass 
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Lepomis spp. and Largemouth Bass were poorly sampled by minnow traps. These fish 

species were easily identifiable by visual survey and I recommend this method over minnow 

trapping on Lake Ontario and the St. Lawrence River. To target these species, alternative 

methods such as seining and electrofishing are possible. Although these methods are popular and 

effective sampling methods for the littoral zone, they likely require too much time and effort per 

pass for multi-pass sampling. 

Other species 

 Although minnow traps are a commonly used tool for sampling native, benthic species 

(e.g. Etheostoma spp. and family Cottidae; e.g. Arciszewski et al. 2010), few were observed in 

this study. This is likely an issue of abundance rather than detectability of the sampling program. 

A number of studies have shown decreasing success of these benthic species following the 

invasion of the Round Goby (Janssen and Jude 2001) and the restoration of these populations is 

highlighted by the Great Lakes Fisheries Commission (Stewart et al. 2013). French & Jude 

(2001) found that competition for food resources occurs between Round Gobies and other 

benthic species in the nearshore zone (0 – 5 m). These authors also suggest that competition for 

spawning territory and egg predation from Round Gobies may be driving some of these benthic 

species into deeper habitat. Laboratory observations demonstrating the aggressive behavior of 

Round Gobies towards Logperch (Percina caprodes) provide support for this competition 

hypothesis (Balshine et al. 2005). Competition for resources and the aggressive behavior of 

Round Goby suggests that littoral regions with high Round Goby density may be largely 

unoccupied by native benthic fish species. 

 Another notable absent species from this study is the Smallmouth Bass. One of the 

motivations for this project was to attempt to model and monitor the distribution of Smallmouth 
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Bass young-of-year. This species is important to local recreational fisheries but it’s early life 

stages are not targeted in monitoring programs. Unfortunately, I was only able to gather a single 

visual observation and no minnow trap catches. My inability to effectively sample this species 

may be for a number of reasons. The first possibility is that this species is not susceptible to 

minnow trapping and visual survey. This is unlikely as Smallmouth Bass are commonly caught 

with minnow traps on nearby waterbodies (MacRae and Jackson 2001, 2006, Jacobus and Ivan 

2005) and immediately following the field season I visited another nearby lake and was easily 

able to visually identify large numbers of young-of-year. Second, the cold spring in 2015 may 

have resulted in poor recruitment and therefore a small number of young-of-year fish. 

Smallmouth Bass spawning success and young-of-year survival are strongly linked to spring and 

summer water temperatures (Kaevats et al. 2005, Kaemingk et al. 2011). This hypothesis would 

explain both the lack of minnow trap catch, and visual observations. Third, the high abundance 

of Round Goby in the traps may have reduced the susceptibility of other species to the minnow 

traps. This ‘fouling’ of the minnow traps by Round Goby would have disproportionately affected 

my ability to catch Smallmouth Bass as their nesting occurs on habitat preferred by Round Goby 

and young-of-year tend to remain nearby into the fall (Ridgway et al. 2002) leading to a high 

degree of distribution overlap. Modelling Smallmouth Bass young-of-year distribution in the 

future may require a more intensive methodology. Possible approaches include actively 

monitoring larval dispersal from nest sites through the summer and into the fall, or a more 

exhaustive sampling method such as electrofishing. 

4.3 Conclusions 

 The use of efficient sampling and modelling techniques is important for fisheries 

managers responsible for large waterbodies. It is important that these techniques are used 



89 

 

effectively and results are interpreted properly in order to maximize benefit from the use of 

valuable resources. Research on the littoral zone of Lake Ontario is generally underrepresented 

due to the high cost and difficulty of sampling methods.  

This study provides useful information about the combined use of GIS data and 

occupancy modelling in the management of the littoral fish community of Lake Ontario. Given 

the large scale of the Great Lakes shorelines, the use of geographic covariates to predict both 

nearshore habitat characteristics and species occupancy probability will enable managers to 

make predict the distribution of fish species and important habitat features that govern where 

these fish tend to occur.  

This study also points out how the utility of this procedure can vary depending on the 

catchability of the target species. I demonstrated how multi-pass occupancy modelling is best 

used to increase the effectiveness of sampling species with low to moderate detectability.  It is 

recommended that the use of multi-pass occupancy modelling in the future is preceded with an 

estimate of the detectability of the sampling method. This will enable researchers to have a good 

idea of how many sites, and how many replicates per site are needed in order to maximize the 

benefits gained from occupancy modelling. 

Finally, this study was also able to provide valuable information about the distribution, 

habitat preference, and detectability of Round Goby, Yellow Perch, and Lepomis spp. This 

information will aid in future research on these species by providing us with the ability to 

identify important habitat, create predictive models of future species distribution, and aid in the 

design of effective sampling programs. 
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APPENDICES  

APPENDIX A: Visual representation of sampling design. Each set of 4 traps represents a single 

detection history (e.g. 0101). A line of minnow trap tied to buoy are set perpendicular to the 

shoreline. Each trap line is set on a single substrate and vegetation classification to ensure nearly 

similar habitat type within a site. Minnow traps are separated by 10 m of line to maintain spatial 

independence.  
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APPENDIX B: Difference in the estimated proportion of sites occupied based on three 

estimation methods. Single-pass represents traditional survey methods where presence/absence is 

assumed from a single survey. Naïve represents sampling with a multi-pass design, in this case 4 

surveys, without the use of occupancy modelling techniques. Modelled represents the proportion 

of sites occupied when occupancy modelling techniques are used to account for imperfect 

detection. 

 


