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ABSTRACT
Depth Distribution and Feeding Structure Differentiation of Blackfin Cisco
(Coregonus nigripinnis) In Northern Algonquin Provincial Park

Allan Henry Miller Bell

Blackfin Cisco (Coregonus nigripinnis), a deepwater cisco species once endemic to the
Laurentian Great Lakes, was discovered in Algonquin Provincial Park in four lakes situated within
a drainage outflow of glacial Lake Algonquin. Blackfin habitat preference was examined by
analyzing which covariates best described their depth distribution using hurdle models in a
multi-model approach. Although depth best described their distribution, the nearly isothermal
hypolimnion in which Blackfin reside indicated a preference for cold-water habitat. Feeding
structure differentiation separated Blackfin from other coregonines, with Blackfin possessing the
most numerous (50-66) gill rakers, and, via allometric regression, the longest gill rakers and
lower gill arches. Selection for feeding efficiency may be a result of Mysis diluviana affecting
planktonic size structure in lakes containing Blackfin Cisco, an effect also discovered in Lake
Whitefish (Coregonus clupeaformis). This thesis provides insight into the habitat preferences

and feeding ecology of Blackfin and provides a basis for future study.

Keywords: Blackfin Cisco, Lake Whitefish, coregonine, Mysis, habitat, feeding ecology, hurdle
models, allometric regression, Algonquin Provincial Park
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CHAPTER 1: General Introduction

Ciscoes are a group of small to medium sized fishes in the genus Coregonus. Across their
circumpolar distribution, the ciscoes are highly threatened as many species and or subspecies
have either become endangered or gone extinct. In North America, 10% of fish listed on
COSEWIC are coregonines (Turgeon and Bernatchez, 2003), of which the majority are cisco
species. The Laurentian Great Lakes of North America (hereafter Great Lakes) contained one of
the most diverse cisco assemblages, with several forms now extinct or extirpated from the Great
Lakes (Eshenroder et al. 2016). With the exception of Coregonus artedi, all other Great Lakes
cisco species are regarded as part of the deepwater cisco assemblage, so named for being found
at great depth historically (Koelz 1929a). Historical observations noted that each deepwater
cisco species occupied a distinct range of depths (Koelz 1929a; Bunnell et al. 2008; Eshenroder
et al. 2016), which has been linked to different trophic niche utilization among species (Schmidt
et al. 2011).

One of these deepwater forms was the Blackfin Cisco (Coregonus nigripinnis, hereafter
Blackfin; Blackfin Cisco), which was described as one of the largest of the deepwater forms
which was reported to inhabit deep areas of lakes Michigan and Huron (Koelz 19293;
Eshenroder et al. 2016). Since early descriptions of these species, only Coregonus hoyi is extant
in the Great Lakes as a distinct form (Eshenroder et al 2016). Blackfin, along with the remaining
deepwater cisco forms, disappeared in the Great Lakes due to the combined effects of
overharvest and introduced predators and competitors (see Smith, 1964; Scott and Crossman,
1973). Blackfin Cisco was also reported in Lake Nipigon and several other inland lakes (Dymond,
1926; Koelz, 1929a; COSEWIC, 2007). The current status of Blackfin Cisco is unclear due to the

considerable uncertainty surrounding the taxonomy of the species. The IUCN considers Blackfin



extinct (Gimenez, 1996); COSEWIC (2007) considers Blackfin extirpated in the Great Lakes but
extant in Lake Nipigon. Due to lack of information COSEWIC designates Blackfin as data
deficient. Inland occurrences of Blackfin have subsequently been considered either a form of
Lake Cisco (Coregonus artedi) or invalid (Clarke, 1973; Scott and Crossman 1973; COSEWIC,
2007; Pratt, 2008).

Four populations of Blackfin Cisco have been discovered in Algonquin Park, Ontario,
Canada during the years of 2009-2012. These populations of Blackfin were incidentally
discovered during benthic gillnetting surveys which were conducted across Algonquin Park as
part of a Lake Trout (Salvelinus namaycush) population assessment program. All four Blackfin
populations were initially identified by a set of characteristics distinct from those of Lake Cisco,
which is widely distributed across Algonquin Park’s lakes. Physical characteristics such as large
body size (many >300 mm fork length), heavily pigmented fins, purple iridescence, (see Figure 1)
and elevated gill raker count (50-66) were not previously seen in Lake Cisco which, in Algonquin,
tend to lack pigmentation, have a small body size (few >300 mm Fork Length) and gill raker
counts ranging from 41 to 50 (OMNRF, unpublished data). Considering the variability of the keys
that attempt to define each cisco species, the populations most closely resembled Koelz (1929a)

descriptions of Blackfin Cisco due to the characteristics listed above (see Figure 1).

Figure 1. Fresh specimen of Blackfin Cisco caught in Radiant Lake, Algonquin Park displaying

colouration typical at time of capture.



Preliminary examination of calcified tissue indicates that many individuals live to 15
years of age with some reaching 25 to 30 years of age (OMNRF, unpublished data). This
suggests that Blackfin Cisco have a very different life-history strategy than Lake Cisco which, in
Algonquin Park, have not been found to reach these ages.

Preliminary evidence of habitat use and behavioural differences between Blackfin and
Lake Cisco were observed during initial surveys (OMNRF, unpublished data). In Algonquin Park,
Lake Cisco tend to school within the metalimnion during daytime periods and are rarely caught
in benthic gillnets set outside depth ranges where the metalimnion meets the lake bottom
(OMNRF, unpublished data). Blackfin were most frequently captured in Benthic gillnets set in
the hypolimnion which suggests both a weak affinity for the metalimnion and a lack of pelagic
tendency. This was most apparent in Radiant Lake where daytime hydroacoustic surveys
conducted concurrently to netting did not reveal any pelagic schools of fish (OMNREF,
unpublished data).

The lakes with Blackfin in Algonquin Park occupy a post-glacial drainage system that was
active during the retreat of the Laurentide ice sheet. As the ice sheet melted, a series of
drainage systems drained the meltwater of a series of proglacial lakes (Dyke, 2004). Glacial
retreat, and at certain times advance, resulted in several drainage points to be open at different
periods as well as connections between proglacial lakes (Dyke, 2004). The Fossmill outlet in
northern Algonquin Park is one such drainage system. It drained proglacial Lake Algonquin, a
progenitor of lakes Michigan and Huron of the Laurentian Great Lakes (Martin and Chapman
1965; Lewis et al. 1994; Dyke, 2004; Ridgway et al. 2017). Both the proglacial lakes themselves
and their drainages were important pathways for fish colonization of Algonquin Park’s lakes
(Mandrak and Crossman 1992; Mandrak, 1995; Bernatchez and Wilson 1998; Wilson and

Hebert, 1998; Ridgway et al. 2017). Certain species were present in the early stages of



deglaciation and occur in many lakes widely distributed across the Algonquin Park landscape.
Other species arrived at a much later date through the Fossmill outlet and as a result have a
more restricted distribution (Martin and Chapman 1965; Mandrak and Crossman 1992;
Mandrak, 1995; Bernatchez and Wilson 1998; Wilson and Hebert, 1998; Ridgway et al. 2017).
One species whose distribution in Algonquin Park is diagnostic of Lake Algonquin flow through
the Fossmill outlet drainage is Mysis diluviana (hereafter Mysis, see Mysis extent, Figure 2),
which are not present above 381 m in elevation (Chapman and Martin 1965; Dadswell, 1974).
Fish species found within this drainage but nowhere else in Algonquin include Trout-Perch
(Percopsis omiscomaycus), Shorthead Redhorse (Moxostoma macrolepidotum), Channel Catfish
(Ictalurus punctatus), Spoonhead Sculpin (Cottus ricei), and Blackfin (Ridgway et al. 2017). Post-
glacial drainage patterns provide an explanation for the distribution of not only Blackfin, but also
several fish and invertebrate species in Algonquin, giving an explanation for why Great Lakes
fauna reside in northern Algonquin Park (Chapman and Martin 1965; Dadswell, 1974; Ridgway

et al. 2017).
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Figure 2. Digital elevation map of Algonquin Park showing location of Blackfin Lakes (filled black)
and Mysis extent (black line).

The disappearance of Blackfin Cisco from lakes Michigan and Huron early in the 20"
century means that very little is known about many of the aspects of their ecology and life-
history. The four populations found in Algonquin Park present a unique opportunity to study
previously unknown populations of a very rare fish. Two features of deepwater cisco ecology
that persist today despite having lost several forms are the depth distribution and feeding
apparatus of each form in the Great Lakes (Eshenroder et al. 2016). Differences in gill raker
counts and length used to filter planktonic prey imply differences in foraging ecology among the

coregonines in the Great Lakes and elsewhere. In this thesis | examine in detail two aspects of



these populations of Blackfin Cisco stemming from these past general descriptions. In Chapter
One | estimate depth selection of Blackfin in two lakes with sufficient site-specific sampling. As
both lakes are not as deep as Lakes Michigan and Huron, | expected occupied depths to differ
from those reported for the Great Lakes (Eshenroder et al. 2016). The depth distribution of
Blackfin is assessed using a multi-model approach based on hurdle models. In Chapter Two |
estimate the extent of feeding structure differentiation between Blackfin and other coregonines
in Algonquin Park. | examine gill raker count and length, relative to body size, to reveal
characteristics of the feeding apparatus of Blackfin and other coregonines. | use major axis

regression to account for allometric variation.



CHAPTER 2: Depth Distribution of Blackfin Cisco.

2.1 INTRODUCTION

Habitat requirements and preferences of lacustrine fish populations are often reflected in
their depth distribution. A wealth of studies have identified fish habitat requirements by
examining how observed patterns in depth distribution correlate to physical characteristics such
as dissolved oxygen and temperature, as well as biotic characteristics such as interspecific
competition and predator-prey relationships (Lane et.al, 1996; Smokorowski and Pratt, 2007).
Following a different approach, studies have examined the physiological requirements and
preferences of fish in laboratory settings which are then used to describe their potential habitat
and distribution in lakes (Magnuson et al. 1979; Rudstam and Magnuson, 1985; Christie and
Regier 1988; Fang et al. 2004). These approaches have led to an extensive understanding of the
habitat preferences and requirements of many fish species, and in turn, studies have related this
understanding to such things as growth and yield of fish (Christie and Regier, 1988), the effects
of habitat degradation (Evans et al. 1996; Jacobson et al. 2008), and the effects of present and
future climate change on species (Magnuson et al. 1979; Magnuson et al. 1997; Fang et al. 2004;

Jansen and Hesslein, 2004).

Very limited information exists regarding the habitat preferences of Blackfin Cisco. An
extensive examination of their depth distribution in the Great Lakes was conducted by Koelz
(1929a), and Blackfin were found to generally inhabit the deepest waters of each lake. Each
cisco species occupied distinct depth strata; Koelz (1929a) hypothesized that factors such as
benthic characteristics and food availability may have had an influence on depth selection. In
the years of 1930 to 1932, the deepwater cisco communities of lakes Michigan and Huron were

sampled by several agencies in the United States and although still present, Blackfin were rarely



captured by commercial fishers at the time (Bunnell et al. 2008). Although the 1930’s Lake
Michigan data were summarized by Moffet (1957) and Smith (1964), Bunnell et al. (2008)
revisited the data with modern statistical techniques in order to better examine the depth
partitioning of deepwater cisco species described by Koelz (1929a). Among other deepwater
cisco species, Bunnell et al. (2008) used generalized additive models to assess how the historical
catch per unit effort (CPUE) of Blackfin in Lake Michigan varied with region, depth, and season,
and predicted seasonal depth distributions of Blackfin in spring, summer, and fall. Other
information regarding the historical depth distributions of Blackfin in the Great Lakes consists of
general descriptions of the depths they occupied (Scott and Crossman 1973; Clarke and Todd
1980; COSEWIC, 2007; Eschenroder et al. 2016). More contemporary surveys examining the
depth distributions of deepwater ciscoes in the Great Lakes have either not found Blackfin
(Bunnell et al. 2008), or not distinguished them from other deepwater cisco species due to

revisions regarding their taxonomy (Pratt, 2008).

In Lake Nipigon, historical descriptions of Blackfin depth distribution were given by Dymond
(1926) and Koelz (1929a), where Blackfin were distributed in shallower waters than the Blackfin
of the Great Lakes. The Lake Nipigon population of Blackfin is the only historically described
population that is still considered extant today (COSEWIC, 2007; Zimmerman and Krueger 2009;
Schmidt et al. 2011) and a contemporary description of their depth distribution was noted by

COSEWIC (2007).

Other than Lake Nipigon, historical information exists regarding the existence of Blackfin in
inland lakes such as Lake Winnipeg, Lac Seul, and Lake Abitibi (Dymond and Pritchard, 1930,
Dymond 1943, COSEWIC, 2007), although no mention was made of the depth at which

specimens were captured. Subsequent surveys of inland lakes in which Blackfin were said to



occur have either not found Blackfin, or considered them to be synonymous to, or forms of,
Coregonus artedi (Scott and Crossman, 1973; COSEWIC, 2007). For this reason, no contemporary

depth distribution information exists for Blackfin in inland lakes.

The purpose of this chapter was to use the standardized, depth-stratified Summer Profundal
Index Netting (SPIN; Sandstrom and Lester 2009) survey data to gain insight into the preferred
habitat of Blackfin by analyzing which factors affected their depth distribution. As a post-hoc
analysis of single-pass survey data, analysis was completed using hurdle models. The effects of
factors collected at the time of survey such as temperature, dissolved oxygen, and depth were
assessed using a multi-model approach. Based on existing information regarding Blackfin depth
distribution, it was expected that depth would be an important factor, and that Blackfin would
inhabit the deepest waters of each lake. Temperature was also expected to be an important
factor as other coregonines closely related to Blackfin prefer cold water (Coutant, 1977, Christie

and Regier 1988; Gorsky et al. 2012) and as such occupy the hypolimnion of lakes.



2.2 METHODS

2.2.1 Study area

All four study lakes are located within Algonquin Provincial Park in Ontario Canada (see
Figure 2), and are deep and oligotrophic. The lakes are situated in a post-glacial drainage system
which drained a series of pro-glacial lakes during the retreat of the Laurentide ice sheet at the
end of the last ice age (Dyke, 2004). This drainage system is unique to the northern portions of
Algonquin Park and operated for thousands of years after lakes in other areas of Algonquin Park
had been isolated (Martin and Chapman 1965; Mandrak and Crossman, 1992; Lewis et al. 1994).
As a result, lakes in this drainage contain fish and invertebrate species found nowhere else in
Algonquin Park.

All four study lakes contain fish communities common across Algonquin, including cold-
water species such as Lake Trout (Salvelinus namaycush), Brook Trout (Salvelinus fontinalis),
Lake Whitefish (Coregonus clupeaformis), Round Whitefish (Prosopium cylindraceum), and
Burbot (Lota lota), and warm-water species such as White Sucker (Catostomus commersoni),
Yellow Perch (Perca flavescens), and Pumpkinseed (Lepomis gibbosus). Previous surveys
conducted by the Ontario Ministry of Natural Resources list Lake Cisco (Coregonus artedi) as
present in all four study lakes (unpublished data), although there is uncertainty as to whether
these fish were Lake Cisco or Blackfin.

The study lakes also contain species restricted to lakes in the post-glacial drainage system
such as Trout-Perch (Percopsis omiscomaycus), Shorthead Redhorse (Moxostoma
macrolepidotum), Channel Catfish (Ictalurus punctatus) and Spoonhead Sculpin (Cottus ricei).
Although both Smallmouth Bass (Micropterus dolomieu) and Walleye (Stizostedion vitreum) are

native to the lower reaches of the drainage (Dymond 1936), the former have been introduced
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into Cedar, Radiant and Mink lakes, and the latter have been introduced into Cedar and Radiant
lakes as they are not listed as present by Dymond in 1936 (Dymond, 1936). All four lakes contain
the invertebrate species Mysis diluvana and Senecella calaniodes with Diporeia hoyi also present

in Mink and Cedar lakes (Martin and Chapman 1965; Dadswell, 1974).

Table 1. Location and physical characteristics of lakes where Blackfin Cisco were detected.

Lake Latitude Longitude Area (ha) Maximum Depth Mean Depth (m)
(m)
Cedar 46°01'17”N 78°28 35" W 2579 58.4 13.4
Hogan  45°52’37"N 78°29°51”W 1335 31.3 7.0
Mink 46°03' 43" N 78°47'23”W 229 45.4 15.4
Radiant 45°59’31” N 78°17'18"W 638 36.4 8.7
2.2.2 Survey design

In all four study lakes, Blackfin were caught in Summer Profundal Index Netting (SPIN)
surveys conducted in the summers of 2009 to 2011 by the Harkness Laboratory of Fisheries
Research. SPIN is a single-pass, depth-stratified index netting method developed by the Ontario
Ministry of Natural Resources primarily for use as an assessment of Lake Trout populations
(Sandstrom and Lester, 2009). SPIN uses gillnets 64m long by 2m wide containing panels with
stretched mesh sizes of 57, 64, 70, 76, 89, 102, 114 and 127 mm in three different randomly
selected orders. A set duration of either two or eighteen hours can be utilized in SPIN
(Sandstrom and Lester 2009), and all surveys conducted in Algonquin utilized the two hour
duration.

The methodology of Sandstrom and Lester (2009) focuses netting effort below 10
meters of depth, but effort was expanded in these surveys to incorporate an increase in shallow

(<10 m) netting effort due to incidental catch of Lake Trout as well as other non-target species.
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The number of netting sites was determined by modifying the equation from Sandstrom and
Lester (2009) to incorporate lake surface area between two and ten meters deep, resulting in
the equation:

Number of Sets = 0.0184(Area (ha) > 2 meters) + 24
Since the calculated number of sites represents a minimum effort, the number of sites was often
increased by approximately 10% for the surveys conducted.

Sampling was stratified in 10 m intervals, with the number of sites allocated to each
stratum being proportional to its surface area in relation to total lake area. Netting site location
was determined by overlaying points in a grid pattern onto a map of stratified lake depth in
ArcGIS (versions 9-10.1) with points spaced 250 meters apart. The location of points was altered
in some cases to ensure correct number of sites per stratum, even coverage of the lake, as well
as feasibility in the field. Site locations were loaded onto handheld GPS units prior to sampling in
the field.

Nets were set such that the midpoint of the net fell as close to the site location as
possible. Actual net location coordinates were collected at the midpoint of the net using a
handheld GPS unit. Depths were recorded at the beginning, middle and end of each net set. Set
and lift times were also recorded for each net set. In favourable weather, netting crews
achieved 12 net sets a day, between 7 am and 4 pm. Species, fork length and mesh size was
recorded for all fish captured. Fish in suitable condition were released, and mortalities were
kept for additional sampling.

Blackfin were reliably identified in the field based on a set of characteristics described by
Koelz (1929a) and summarized in Eshenroder et al. (2016). Difficulty in identification can arise
from similarities between multiple cisco species and / or morphs occupying the same lake

[Koelz, 1929a; Keheler, 1952a (in Scott and Crossman, 1973)], but this diversity is lacking in
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Algonquin Park where Lake Cisco are often the only cisco species found (Ridgway et al. 2017).
Blackfin were identified by their large size (>250mm fork length), unique colouration of black
pigmented fins, dorsal region, and upper head along with a bright purple iridescence (Figure 1).
Blackfin have elevated gill raker counts relative to all other cisco in Ontario. These
characteristics are not found in the populations of Lake Cisco in Algonquin Park, which tend to
lack colouration, have a consistently lower gill raker count and smaller body size at maturity

than Blackfin (OMNRF, unpublished data).

2.2.3 Covariates

Bathymetric surveys conducted by the Harkness Laboratory of Fisheries Research during
2009 to 2011 were the source of lake depth data for all four study lakes. Data were collected
using Garmin GPSMap 526s depth-sounder and GPS combination units which were set to record
depth-at-position points every two seconds. The survey consisted of two shoreline transects
along with cross-basin transects spaced 100 meters apart to ensure even coverage of the lake.
In ArcGIS (versions 9.3-10), a Triangulated Irregular Network (TIN) of the depth of each lake was
created using lake outline (assigned a depth of 0), and the depth points from the bathymetric
survey. This TIN was then used to create a raster with a cell size of 5 meters, and this raster in
turn was smoothed using nearest-neighbour averaging with a 3 meter radius. Net depth was
averaged using the beginning, middle, and end depths recorded for each net set. Average net
depth was standardized (converted to z-scores) using mean lake depth and standard deviation
from the depth raster. The standardized depth of each net (hereafter depth) was then used to
create depth® and depth?® values in order to model non-linear effects that depth may have on

Blackfin depth distribution.
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A single temperature and dissolved oxygen profile was taken at each lake during the
period of sampling, generally in the main basin of the lake at its deepest point. A YSI 6600 multi-
parameter water quality monitor was used to take the profiles for all lakes except Mink Lake
where an Oxyguard Handy Polaris temperature and dissolved oxygen meter was used.
Regardless of the instrument, temperature (°C) and dissolved oxygen (mg/L) values were
recorded at one meter intervals starting at the surface, to a depth of approximately 20 meters,
with 5 meter depth intervals being used at greater depths. These data were then fitted with
smoothing splines in R (R development core team, 2017) so that temperature and dissolved
oxygen values could be calculated at any depth in each lake. Average temperature for each net
was predicted using the spline and the unstandardized average net depth values. The
temperature spline was also used to create a temperature raster needed for standardization.
The R package ‘raster’ (Hijmans, 2014) was used to manipulate the depth raster into a format
where the depth values of each cell could be used in the prediction of temperature values by
the spline. These predicted lake temperature values were then reformatted back into a raster
for use in ArcGlIS. Using the same process described for the covariate depth, average net
temperature (hereafter temperature) was standardized using the temperature raster, and then
squared and cubed to model non-linear effects.

Dissolved oxygen as a covariate was removed from the analysis as observed
concentrations in all lakes were apparently non-limiting. Although no oxygen requirement data
exist for Blackfin specifically, inferences can be made about their oxygen requirements by
examining the closely related Lake Cisco. Lake Cisco can survive in dissolved oxygen
concentrations as low as 2-3 mg/L (Evans et al. 1996; Frey, 1955 (in Jacobson et al. 2008)), but
concentrations lower than 1.3 mg/L are avoided (Aku et al. 1997), and 1.0 mg/L is lethal across a

range of temperatures (Jacobson et al. 2008). The lowest observed dissolved oxygen
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concentration in any of the study lakes was 6.7 mg/L which is well above levels that would

appear to affect Blackfin distribution; for this reason it was removed as a covariate.

2.2.4 Analysis using Hurdle Models

The discovery of Blackfin in standardized, depth stratified Summer Profundal Index
netting surveys offers a rare opportunity to apply modern statistical techniques to assess the
factors that affect the depth distributions of contemporary populations of Blackfin. Many
studies, both historical and current, use Poisson models to analyze count data, but there are
criteria that count data must satisfy in order to be modeled correctly by a Poisson model. The
use of a Poisson model assumes that the data being modeled are equi-dispersed, meaning the
mean and variance of the sample data are the same (Cameron and Trivedi, 1998; Hilbe, 2014).
Count data often violate this assumption with variance that is greater than the mean, and are
therefore overdispersed. Overdispersion can be a result of unobserved heterogeneity in data,
which is heterogeneity either generated from an unobserved process or generated by
inadequate representation by covariates (Gray, 2004). When count data has an excess of zeroes
over what would be expected from a probability distribution, it is said to be zero-inflated, which
itself can cause overdispersion (Hilbe, 2014; Potts and Elith 2006). Modelling overdispersed
count data using Poisson models can lead to incorrect model predictions (Cameron and Trivedi,
1998), and small coefficient standard errors that can be misinterpreted as increased statistical
significance of an explanatory variable, or better model fit (Potts and Elith, 2006; Hilbe 2014).
Models have been created that can take into account overdispersion such as the negative
binomial model, which has an additional parameter with a value that is related to the
adjustment needed in order to fit overdispersed data. Other models which can fit overdispersed

data that are also zero inflated include two-part hurdle models (henceforth hurdle models), as
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well as mixture models such as the zero-inflated Poisson (ZIP), and zero-inflated negative
binomial (ZINB). Hurdle and zero-inflated models differ from each other in the fact that they use
different assumptions of how excess zeroes in the data were generated. Excess zeroes can be
classified into two categories: structural zeroes and sampling zeroes. Structural zeroes, also
known as true zeroes, arise when the species is not present at the site during the time of
sampling which may be due to sampling in unsuitable habitat, or the species is not saturated in
its habitat which can be the case with rare species (Lewin et al. 2010; Martin et al. 2005; Potts
and Elith, 2006). Sampling zeroes, also known as false zeroes arise when a species occupies a
site but was not present during the time of survey, or when imperfect detection where a species
does occupy a site during the time of survey, but was not detected (Dorazio et al. 2013;
MacKenzie et. al 2006; Martin et al. 2005; Potts and Elith, 2006). Hurdle models assume that all
zeroes are structural, that is all zeroes are true zeroes whereas zero-inflated models assume
that both structural and sampling zeroes exist in the data. Zero-inflated and hurdle models are
often indistinguishable using goodness of fit statistics (Gray, 2005). Hilbe (2014) suggested that
zero-inflated models should be used when a theory exists for why both structural and sampling
zeroes appear in the data, whereas hurdle models should be sufficient when there is no theory.
In this sense, one theory pertaining to the origin of excess sampling zeroes that is increasingly
examined in ecology is imperfect detection. Imperfect detection can bias abundance estimates
and cause underestimation of covariate effects (Tyre et al. 2003; Mackenzie et al.
2002;2005;2006). Detection probabilities are estimated using detection histories from multi-
pass surveys in a process similar to mark-recapture analysis (Mackenzie et al. 2002;2005;2006).
However, the requirement of multiple passes at each site to estimate detection probability can
preclude this method’s use in post-hoc analyses of existing fisheries survey data since a vast

majority are single pass surveys. Methods of estimating detection probability from single pass
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surveys do exist (Lele et al. 2007; Lele et al, 2012), but have not yet been used extensively and as
such their efficacy has not been fully examined.

For each study lake, the influence of temperature and depth covariates on the depth
distribution of Blackfin was assessed using hurdle models. Hurdle models assume that there are
two data generating processes: a process which generates zeros and a process that generates
counts (Cameron and Trivedi, 1998; Martin et al. 2005; Potts and Elith, 2006; Hilbe, 2014). The
concept is that the process generating zeroes is at work until a ‘hurdle’ is crossed, at which point
a different process begins to operate which generates counts (Cameron and Trivedi, 1998;
Martin et al. 2005; Potts and Elith, 2006; Hilbe, 2014). For this reason hurdle models contain two
parts: the first part, a ‘zero’ component, models binary data that is a combination of zeroes (0),
and ones (1) that represent any positive count found in the dataset; the second ‘count’
component then models counts that are zero-truncated since all zeroes are modeled in the zero
component. The zero component of the model is generally a binary model with a logit link, and
the count component either a zero-truncated Poisson model or a zero-truncated negative
binomial model, both of which use the canonical log link. Separate parameter estimates specific
to each component model are generated and the components are combined using the log

likelihood:

L =1In(f(0)) + {In[1 — £(0)] + In P(t)}

where the probability of a zero count is denoted by f(0), and the probability of a positive count
is denoted by P(t) (Hilbe, 2014). Models are estimated using maximum likelihood estimation,
and the maximized log-likelihood is then used to calculate Akaike Information Criterion (AIC)

values for use in model selection.
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Analysis was completed using the package ‘pscl’ in R using the function ‘hurdle’ (R
development core team 2017; Zeilies et al. 2008). Separate models of temperature and depth
covariates were created in order to assess which covariate could better explain the depth
distribution of Blackfin. All models included second and third order polynomials of the
covariates in order to model non-linear effects. Each fish species has a range of temperatures
that are preferred, and this range is bounded by upper and lower temperature limits that are
avoided (Coutant, 1977). A similar pattern is found with depth preference where fishes do not
occupy the entire range of depths in a lake, but occupy a range of preferred depths which can be
due to constrictions of temperature and dissolved oxygen (Rudstam and Magnuson 1985;
Jacobson et al. 2008; Gorsky et al. 2012). In addition, different deepwater cisco species were
known to segregate to different depth zones in the Great Lakes (Koelz, 1929a; Bunnell et al.
2008). These temperature and depth preferences of fish are non-linear; and for this reason no
linear models were created as they would improperly model the relationship between depth

distribution and the covariates.

Similar to standard Poisson models, the Poisson component of hurdle models assumes
that the zero-truncated count data being modeled have equal mean and variance. For each lake,
the variance of zero-truncated Blackfin catches was 1.7 to 2.9 times higher than the mean,
suggesting that the data may not have satisfied the assumption of equi-dispersion. For this
reason, all combinations of covariates were modeled using both Poisson (henceforth Poisson
hurdle) and negative binomial (henceforth negative binomial hurdle) models as the count
component. The negative binomial hurdle model allows for variance to be greater than the
mean (Hilbe, 2014) and could thus accommodate any apparent overdispersion in the truncated

catch data.
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Regardless of the count distribution specified, independence of observations is an
additional assumption of hurdle models. Following SPIN protocol, all sites were spaced at least
250 meters apart, and nets were rarely set simultaneously at adjacent sites, thus the

assumption of independent observations was satisfied.

Akaike Information Criterion (AIC) was used to rank which models best described the
relationship between the covariates and Blackfin catch. Based on suggestions from Burnham
and Anderson (2002), models with A AIC values less than 2 had substantial support, models with
A AIC values between 2 and 4 had less support but were still plausible, and models with A AIC
values greater than 4 had little to no support. Model fit was assessed using Pearson’s x>

goodness of fit test for models with A AIC values less than 4.

Using the top model revealed by AIC, lake specific Blackfin catch per unit effort
(hereafter referred to as CPUE) was predicted across the range of depths found in each lake.
Due to the two-part nature of the hurdle model, predictions were generated in a three-step
process. First, predictions of the probability of Blackfin being present across a newly specified
range of depths were generated using the zero component of the hurdle model. The probability
of presence, essentially an occupancy estimate, was the back-transformed output of the zero
component. Second, using the same range of depths supplied to the zero component, estimates
of Blackfin count were generated using the count component of the hurdle model. These count
estimates were the back-transformed output of the count component. Finally, Blackfin catch per
unit effort was calculated by multiplying the estimates from the zero and count components

together at each depth value.

Maps of Blackfin depth distribution based on modeled catch per unit effort were

created in ArcGIS. For each lake, the depth raster was reclassified to a cell size of 64 meters,
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corresponding to the length of a SPIN net. Blackfin CPUE was then predicted for each cell of this
raster following the same prediction procedure outlined above, once again using the top model
selected by AIC. Two rasters were created for each lake, one with probability of presence as the
value of each cell from the zero component model, the other with count estimates as the value
of each cell from the count component model. Multiplication of the two rasters resulted in a
raster which had cell values of Blackfin CPUE. The contour tool was then used to create a
contour which depicted the thermocline of the lake using a depth value sourced from the

temperature profile.

Table 2. Year, start and end data of sampling for each study lake.

Lake Year Start Date End Date
Cedar 2011 July 14 July 16
Hogan 2009 August 3 August 8
Mink 2012 July 30 July 31
Radiant 2010 August 4 August 7
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2.3 RESULTS

2.3.1 Blackfin catch

In total, 308 Blackfin were caught in 229 SPIN net sets in the four study lakes. In Hogan,
Radiant and Cedar lakes, overall CPUE was higher than one, with 79 Blackfin caught in 36 nets in
Hogan Lake, 82 Blackfin caught in 49 nets in Radiant Lake, and 134 Blackfin caught in 103 nets in
Cedar Lake. In Mink Lake, overall CPUE was lower than one with 13 Blackfin caught in 41 net
sets.

In all four study lakes, Blackfin were never captured at depths shallower than 10 meters,
even though at least 10 percent of netting effort was allocated to these depths in each study
lake (Figure 3). The thermocline depth was approximately 7 - 8 meters in all four study lakes
(Figure 3).

In Cedar, Radiant and Mink lakes, peak catches occurred at depth ranges of 10 to 20
meters, with catch diminishing at greater depths (Figure 3). The distribution of catch was
somewhat different in Hogan Lake where peak catch was at depths greater than 25 meters.
Figure 3 also indicates that unlike historic populations of Blackfin in the Great Lakes, the Blackfin
caught in Cedar, Radiant, and Mink lakes did not seem to prefer the deepest zones of the lake,

whereas in Hogan Lake the deepest zones were preferred.
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Figure 3. Percentage of total netting effort allocated to each stratum (white bars) and
percentage of total Blackfin catch in each stratum (black bars) in each study lake with overlaid
temperature profile (red). Number of net sets (Nsites) and number of Blackfin caught (Nfish)

listed in bottom corner of each plot for each lake.
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2.3.2 Modelling Blackfin catch

For Mink and Hogan lakes, a number of the models failed to converge and all models
failed to fit correctly regardless of the covariates or combination of covariates used. The models
for Hogan Lake failed fit due to comparatively few sites sampled (N=36), paired with an unusual
distribution of catches which the models could not capture. Few Blackfin were caught on Mink
Lake during the survey (N= 13) which was an insufficient number for the models to converge. All

model-derived results are therefore for Cedar and Radiant Lakes.

2.3.3 Covariate effects

The effect of temperature on the depth distribution of Blackfin could not be quantified.
For Cedar and Radiant lakes, all models that included the third order polynomial of temperature
failed to converge. Models that only contained the second order polynomial of temperature did
converge but produced B coefficients with large negative values, which indicates lack of model
fit.

Unlike temperature models, all depth models converged and produced B coefficients
with reasonable values. Among depth models, negative binomial hurdle models had the greatest
AIC support for both Cedar and Radiant lakes (see Tables 3, 6).

For Cedar Lake, negative binomial hurdle models had nearly 100% of the AIC weight of
the four models compared, and were the only models with AAIC values less than 4 (Table 3).
Poisson hurdle models had little to no AIC support with AAIC values of 32.65 for the
depth+depth® model and 35.18 for the depth+depth’+depth® model (Table 3). The highest
ranked model for Cedar Lake was the depth+depth? negative binomial hurdle model, which had
78 percent of the total AIC weight. The depth+depth’+depth® negative binomial hurdle model
for Cedar Lake had slight support (AAIC = 2.58) and 22 percent of the total AIC weight. Pearson’s

x> goodness of fit tests suggested that the depth+depth®+depth® was the best fitting of the
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negative binomial hurdle models for Cedar Lake with a non-significant p value of 0.437,
compared to the marginally significant p value of 0.044 for the depth+depth? model. Although
the goodness of fit test favoured the depth+depth*+depth® model, the coefficient standard
errors and confidence intervals were noticeably larger (Table 5) than the depth+depth”? model
(Table 4) which indicated greater uncertainty in the coefficient estimates. The combination of
AIC support and comparatively low coefficient standard errors led to the negative binomial
hurdle depth+depth” model being selected as the model that best describes Blackfin depth
distribution in Cedar Lake. The p value of 0.044 for the Pearson’s x* goodness of fit test suggests
that the model predictions may be significantly different from observed values, but this p value
is only marginally less than the widely used cut-off of 0.05 so any difference in values may be
correspondingly marginal. The dispersion parameter (Log(8)= -0.8082, Table 4) of the
depth+depth” model indicated that there was overdispersion in the truncated count data. R
parameterizes the dispersion parameter as 8, which is the inverse of the commonly used
dispersion statistic; a (Hilbe, 2014). When a is at or near 0, this indicates that there is little
overdispersion and the model becomes a true Poisson model (Hilbe 2014). Exponentiating and
then taking the inverse of Log(08) resulted in an a value of 2.24, indicating that there was

overdispersion in the truncated count data.

Table 3. AIC rankings of the Poisson and negative binomial (NB) hurdle models for Cedar Lake
with respective p value of Pearson’s x° goodness of fit test.

Model Distribution AIC AAIC Weight K x> p-value
depth+depth? NB 281.5 0.00 0.784 7 0.044
depth+depth’+depth® NB 284.1 2.58 0.216 9 0.437
depth+depth’ Poisson 314.2 32.65 0.000 6 -
depth+depth’+depth® Poisson 316.7 35.18 0.000 8 -
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Table 4. B coefficients of the depth+depth? negative binomial hurdle model for Cedar Lake with

standard errors and 90% confidence limits.

Model Covariate B SE Lower 90% CI  Upper 90% ClI

Component

Count Intercept 0.3778 0.7517 -0.8586 1.6142
depth 1.3866 1.8630 -1.6777 4.4509
depth’ -1.4254 1.4098 -3.7443 0.8936
Log(B) -0.8082 1.0857

Zero Intercept -0.4683 0.3240 -1.0012 0.0647
depth 3.2096 0.8754 1.7697 4.6495
depth’ -1.6825 0.4610 -2.4407 -0.9243

Table 5. B coefficients of the depth+depth®+depth® negative binomial hurdle model for Cedar
Lake with standard errors and 90% confidence limits.

Model Covariate B SE Lower 90% CI  Upper 90%

Component Cl

Count Intercept 0.4111 0.7885 -0.8858 1.7080
depth 1.0118 3.6893 -5.0566 7.0802
depth? -0.7311 6.2365 -10.9892 9.5271
depth® -0.3267 2.9524 -5.1830 4.5296
Log(6) -0.8018 1.0817

Zero Intercept -0.4558 0.3533 -1.0369 0.1254
depth 3.9031 1.1773 1.9666 5.8396
depth? -2.8726 0.9591 -4.4502 -1.2950
depth® 0.4015 0.2015 0.07004 0.7329
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For Radiant Lake, the two Poisson hurdle models collectively had 10 percent of the total
AIC weight, but had little AIC support as neither model had a AAIC value less than 4 (Table 6). Of
the negative binomial hurdle models, the depth+depth’model had the highest percentage of the
total AIC weight (77%, Table 6), and Pearson’s x* goodness of fit test showed model fit was
acceptable with a non-significant p value of 0.668 (Table 6). The depth+depth®+depth® negative
binomial hurdle model was the second highest ranking model (AAIC=3.71) and had 12 percent of
the total AIC weight. The Pearson’s x° goodness of fit test showed that the depth+depth*+depth’
model did fit (p=0.599, Table 6), but similar to the results of Cedar Lake, the inclusion of the
cubic polynomial of depth increased the standard errors of the all coefficients over that of the
depth+depth” model (Table 7, 8). The negative binomial hurdle depth+depth” model was
selected as the model that best describes Blackfin depth distribution Radiant Lake, as the
second-highest ranked model did not have the same level of AIC support and had larger
coefficient standard errors. The dispersion parameter for the depth+depth? model (Log(6) =
0.6869, Table 7) was converted to a value of a = 0.5031, indicating that there was
overdispersion in the truncated count data that the negative binomial model component was

accounting for.
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Table 6. AIC rankings of the Poisson and negative binomial (NB) hurdle models for Radiant Lake
with respective p value of Pearson’s X goodness of fit test.

Model Distribution AIC AAIC Weight K )(2 p-value
depth+depth’ NB 153.2  0.00 0.779 7 0.668
depth+depth’+depth® NB 156.9 3.71 0.122 9 0.599
depth+depth? Poisson 157.6 441 0.086 6 -
depth+depth’+depth® Poisson 161.4 8.19 0.013 8 -

Table 7. B coefficients of the depth+depth? negative binomial hurdle model for Radiant Lake
with standard errors and 90% confidence limits.

Model Covariate B SE Lower 90% CI  Upper 90% Cl

Component

Count Intercept -0.1746 0.7548 -1.4161 1.0670
depth 1.9098 1.2750 -0.1873 4.0070
depth® -0.7064 0.4641 -1.4698 0.0570
Log(6) 0.6869 0.8844

Zero Intercept -1.5969 0.8094 -2.9282 -0.2656
depth 5.8663 1.6715 3.1170 8.6156
depth® -1.7617 0.5160 -2.6105 -0.9130
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Table 8. B coefficients of the depth+depth’+depth® negative binomial hurdle model for Radiant
Lake with standard errors and 90% confidence limits.

Model Covariate B SE Lower 90% CI  Upper 90% Cl

Component

Count Intercept 0.1789 1.1033 -1.6359 1.9937
depth 0.6858 3.1317 -4.4654 5.8371
depth® 0.3943 2.6409 -3.9496 4.7382
depth® -0.2733 0.6526 -1.3467 0.8001
Log(6) 0.6714 0.8853

Zero Intercept -1.5357 0.7787 -2.8166 -0.2549
depth 5.3066 2.2740 1.5662 9.0471
depth? -1.0637 2.2037 -4.6884 2.5610
depth® -0.1691 0.5324 -1.0449 0.7066

For Cedar and Radiant lakes, the depth+depth” negative binomial hurdle models were
selected as the best for describing Blackfin depth distribution, and were used to predict Blackfin
CPUE across the range of depths found in each lake (Figure 4, 5). These models were also used
to map the spatial distribution of Blackfin CPUE (Figure 6, 7).

For Cedar Lake, predicted CPUE peaked at 1.4 at a depth of 20 meters (Figure 4). The
model predicted very low CPUE of Blackfin above 10 meters of depth and below 30 meters of
depth which was consistent with the pattern seen in the raw catch data. The width of the
confidence limits surrounding the predicted CPUE of Blackfin suggests a high degree of
uncertainty in the prediction (Figure 4). The width of the confidence limits was a product of the
negative binomial component model, which has upper confidence limits that become
asymptotal at depths shallower than 10 meters and deeper than 30 meters. The negative

binomial component models zero-truncated data, and no Blackfin were caught above 10 meters
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and only one was caught below 30 meters. The asymptotal upper confidence limits that
correspond to lack of Blackfin catch may be a product of the model predicting beyond the range
of the data supplied to it. This equates to perceived uncertainty in depth ranges where the raw
catch data would suggest that the model should be fairly certain few to no Blackfin were
present. The confidence limits seen in Figure 4 are a combination of the confidence limits of

both component models.
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Figure 4. Predicted Blackfin CPUE based on the depth+depth2 model for Cedar Lake (black line)
with 90% confidence limits represented by gray bands.
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The predicted CPUE of Blackfin in Radiant Lake peaked at 2.9 at 20 meters of depth
(Figure 5). Although peak predicted CPUE was twice that of Cedar Lake, the peak occurred at the
same depth, and Blackfin distribution was similar with very low CPUE above 10 meters of depth
and below 30 meters of depth. This pattern in predicted CPUE was consistent with the pattern in
the raw catch data. The confidence limits surrounding the predicted CPUE of Radiant Lake are
narrower than those of Cedar Lake due to the negative binomial model component having less

sharply asymptotic confidence limits.

Depth (m)
Mo
=
|

40

Catch per Unit Effort

Figure 5. Predicted Blackfin CPUE based on the depth+depth”? model for Radiant Lake (black line)
with 90% confidence limits represented by gray bands.
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The vertical distributions of predicted Blackfin CPUE in Cedar and Radiant lakes were
quite similar (Figure 4, 5) and this similarity can also be seen in their spatial distribution. Blackfin
in Cedar and Radiant lakes live exclusively below the thermocline but not directly below it; their
peak abundance lies deeper (Figure 6, 7). This suggests temperature may be driving their strictly
hypolimnetic distribution but the relative homogeneity of temperatures in these depths would
suggest that another factor in concert with temperature may be affecting their distribution.
Although their distribution is limited to the hypolimnion, Blackfin are largely absent from the
deepest parts of Cedar and Radiant. Cedar Lake in particular has significant areas of depth that

Blackfin do not inhabit (Figure 6).
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Figure 6. Predicted Blackfin CPUE in Cedar Lake based on the depth+depth? model with
thermocline at the time of sampling represented by a red contour.
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Figure 7. Predicted Blackfin CPUE in Radiant Lake based on the depth+depth® model with
thermocline at the time of sampling represented by a red contour.
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2.4 DISCUSSION

In all four study lakes, Blackfin were distributed exclusively below ten meters of depth.
In Cedar, Radiant and Mink lakes, catches were quite similar, peaking at approximately 20
meters and diminishing with increasing depth. The distribution of Blackfin in Hogan Lake was
somewhat different where the greatest catches were found in the deepest zones of the lake.
The overall catch per unit effort was above one for Cedar, Radiant, and Hogan lakes, and below
one in Mink Lake.

Modeling the effects of factors such as depth and temperature on Blackfin depth
distribution was possible only for Cedar and Radiant lakes. Depth was the best descriptor of the
observed patterns in Blackfin depth distribution in both Cedar and Radiant lakes, as temperature
models failed to fit correctly, and dissolved oxygen in each lake was non-limiting. For both lakes,
models containing the second order polynomial of depth were selected by AIC as the models
that best described the patterns in Blackfin depth distribution. Predicted CPUE from the top
models captured the patterns seen in the catch data, with predicted CPUE being low in depths
shallower than 10 meters and greater than 30 meters. This pattern in predicted CPUE was nearly
identical between Cedar and Radiant Lakes.

The distributions of Blackfin catch and predicted CPUE do not correspond to historical
depth distributions of Blackfin found in the Great Lakes. Blackfin were generally not found in
depths less than 30 meters, and were more often found in depths of 90 — 160 meters (Koelz,
1929a; Scott and Crossman 1973; Clarke and Todd, 1980). The Blackfin found in the four study
lakes do not inhabit the depth ranges where they were historically found in the Great Lakes, as
none of the study lakes are sufficiently deep for them to do so. Blackfin were said to generally
prefer the deepest depths of the Great Lakes (Koelz, 1929a; Scott and Crossman, 1973). In
Hogan Lake, catches indicate that the deepest zones of the lake were preferred, but as Hogan is

34



the shallowest of the four lakes, these zones are still within a depth range where, although not
at peak, catches of Blackfin were still common in Cedar Radiant and Mink Lakes (Figure 3). With
the exception of Hogan Lake, the Blackfin found in Algonquin Park do not prefer the deepest
zones of the lakes. The avoidance of depth is most apparent in Cedar Lake where substantial
areas of the hypolimnion have near zero predicted CPUE even though temperature and
dissolved oxygen levels vary little across the entire hypolimnion. The distribution of Blackfin in
the study lakes more closely resembles the distribution of the extant Blackfin in Lake Nipigon.
The Blackfin in Lake Nipigon historically inhabited depths up to 104 meters, but were more
common at 37 meters of depth in the summer (Dymond, 1926), and more recently have been
caught at depths between 10 to 50 meters (COSEWIC, 2007). Dymond’s (1926) historical
description of Blackfin abundance at 37 meters is deeper than the peak CPUE seen in Radiant
and Cedar Lake, but the contemporary description of catches occurring at 10-50 meters of depth
in Lake Nipigon (COSEWIC, 2007) shares the same upper depth limit as predicted CPUE in Cedar
and Radiant.

This study is one of only two were model-based predictions of Blackfin CPUE were
generated using modern statistical techniques, and the only one to do so for extant populations
of Blackfin. Bunnell et al. (2008) created model-based predictions of Blackfin CPUE in Lake
Michigan using 1930’s data from a population that is extinct today. Predicted CPUE of Blackfin in
Lake Michigan was calculated using generalized additive models where, similar to this study,
depth (along with its interaction with season and lake region) was the factor that best explained
Blackfin depth distribution (Bunnell et al. 2008). Peak predicted CPUE for Blackfin in Lake
Michigan occurred in a range between 122 to 150 meters of depth (Bunnell et al. 2008), which is

in accordance to historical descriptions of depth distribution in the Great Lakes. Lake Michigan’s
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peak CPUE range of 122 to 150 meters is much deeper than the peak CPUE of 20 meters seen in
Cedar and Radiant, and is deeper than any depth that occurs in either lake.

As the number of panels per net fished was variable in the 1930-1932 Lake Michigan
survey, catch per unit effort was the number of fish captured divided by the number of panels in
each net (Bunnell et al. 2008) Across all seasons, predicted Blackfin CPUE peaked at 4.5, but was
more consistently in the range of 0.6 to 1.6 (Bunnell et al. 2008). In this study, predicted CPUE
was higher than in Lake Michigan peaking at 1.4 for Cedar Lake, and 2.9 for Radiant Lake. In
order to compare different CPUE estimates, an examination of the unit of effort is necessary as
it will influence catch. The unit of effort in the 1930-1932 surveys was a 155 meter long net
gillnet panel (Bunnell et al. 2008), which is over 2 times longer than the SPIN nets which
represented the unit of effort in this study. Consequently the larger nets in the 1930-1932
surveys would be expected to catch more fish and have larger CPUE values. Compensating for
the smaller unit of effort suggests that the density of Blackfin in Cedar and Radiant is much
higher than in Lake Michigan in 1930-1932. This is reasonable in light of the fact that by that
time, Blackfin were uncommonly caught by commercial fishers (Bunnell et al. 2008), and
consisted of less than 1% of the catch in 1930-1931 (Smith, 1964). Although no correlation
between CPUE and abundance or density of Blackfin exists, the peak predicted CPUE of 2.9 in
Radiant Lake would suggest that there is either greater abundance or density of Blackfin in
Radiant as opposed to Cedar Lake where predicted CPUE peaked at 1.4. Cedar is a much larger
lake than Radiant however, with much more hypolimetic habitat, and as a result, the greater
perceived density in Radiant may be due to less available habitat. Raw catch data indicates that
Blackfin are quite abundant in Cedar, Radiant and Hogan Lakes, less so in Mink Lake.

Depth was the best descriptor of the observed patterns in Blackfin depth distribution in

Cedar and Radiant lakes, but certain characteristics of both the raw catch distributions and the
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model-based predicted CPUE distributions suggest that other factors may be having an
influence. The absence of Blackfin above 10 meters of depth coincides with the metalimnion and
epilimnion in all four study lakes (see Figure 3). This suggests that Blackfin are avoiding the
warmer temperatures at these depths. The temperature in which Blackfin were captured in all
four study lakes varied from 5.4°C to 10.2°C with a weighted average of 7.4°C, which shows that
Blackfin have a preference for cold water. The cold-water preference of Blackfin is quite similar
to related species such as Lake Whitefish and Lake Cisco, which prefer a range of 10°C-15°C
(Coutant 1977; Christie and Regier 1988), and Bloater (Coregonus hoyi), which avoid
temperatures above 10°C (Coutant, 1977). Unlike Blackfin, effects of temperature on the depth
distributions of the related Lake Whitefish and Lake Cisco have been documented. In a recent
study, seasonal habitat use by Lake Whitefish in a small oligotrophic lake was assessed by
acoustic telemetry where fish were implanted with tags equipped with both temperature and
depths sensors (Gorski et al. 2012). During the summer months when lake stratification was fully
established at approximately 9 meters, Lake Whitefish preferred to be under the thermocline at
approximately 10-15 meters of depth, and their body temperatures were between 10°C-15°C
(Gorski et al. 2012). The depth distribution of Lake Whitefish in the study by Gorski et al. (2012)
resembles both the raw catches of all four study lakes as well as the Predicted CPUE
distributions of Cedar and Radiant. The clear relationship between temperature and depth
distribution of Lake Whitefish in the study by Gorski et al. (2012) suggests that temperature is
having the same effect on Blackfin depth distribution. The effect of temperature on Blackfin
distribution could not be quantified by modelling. The reason for this stems from the isothermal
conditions found in the hypolimnion of Cedar and Radiant Lakes. Water temperature across the
range of depths where Blackfin were captured varied by 3°C for Radiant Lake and 2°C in Cedar

Lake, which was not enough variation for the models to discern a relationship between
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temperature and Blackfin catch. Although the effect of temperature could not quantified by
modelling, temperature seems to be driving the strictly hypolimnetic distribution of Blackfin.

Within the hypolimnetic distribution of Blackfin exists two additional patterns; peak
CPUE did not lie directly below the thermocline, it lied deeper at 20 meters, and Blackfin were
largely absent below 30 meters. Temperature changed very little in the hypolimnion, so another
factor may be responsible for these patterns. Koelz (1929a) hypothesized that food availability
may have been responsible for depth segregation of deepwater cisco species. Blackfin were said
to have fed exclusively on the opossum shrimp (Mysis) in the Great lakes (Koelz, 1929a), and
Mysis were found in the stomachs of the Blackfin in all four study lakes. Mysis are known to
avoid bright light, preferring light intensities between 10®° and 10°® lux, and this sensitivity to
light intensity affects their depth distribution within a lake (Beeton and Bowers, 1982; Gal et al.
1999; Boscarino et al. 2010). Light intensity may be affecting the depth distribution of Mysis in
Cedar and Radiant lakes, which in turn may affect the depth distribution of Blackfin. The lower
predicted CPUE of Blackfin directly under the thermocline and greater than 30 meters of depth
may be a result of lower food availability in those areas. A consideration to this theory would be
water clarity, as it would affect light penetration and therefore the depth distribution of Mysis,
however Cedar and Radiant share similar water clarity. Light avoidance by Blackfin may be
responsible for predicted CPUE being deeper than the thermocline. In a controlled experiment,
Lake Whitefish preferred being in a shaded environment even when exposed to metal ions that
were previously avoided (Scherer and McNichol 1998). Although not directly comparable to a
lake environment, the study by Scherer and McNichol (1998) demonstrates that coregonines do
have strong light intensity preferences.

Other than light intensity and temperature, other factors may also be affecting Blackfin

depth distribution. Koelz (1929a) suggested that the segregation of deepwater cisco species in
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different depth zones of the Great Lakes could be due to competition between the species. Any
effect of interspecific competition on the depth distribution of Blackfin in Cedar or Radiant lakes
is unlikely, however, as all adult cisco appear to be Blackfin. Substrate can affect the distribution
of many fish species (Lane et al. 1996) and Koelz (1929a) noted that substrate could possibly
drive their distribution. Koelz (1929a) also noted that the deepwater cisco species were all
restricted to within 1.5 meters of the bottom; they were not pelagic. The SPIN surveys described
in this study are benthic nets, so the effects of substrate could be studied if proper substrate
sampling was undertaken for Cedar and Radiant lakes.

As a post-hoc analysis of single-pass data, the factors that affected Blackfin depth
distribution were analyzed using hurdle models with the implicit assumption of perfect
detection. Imperfect detection is one of the sources of sampling zeroes which can lead to
overdispersion in count data, bias abundance estimates, and cause underestimation of covariate
effects (Tyre et al. 2003; MacKenzie et al. 2002,2005,2006; Martin et al. 2005; Potts and Elith,
2006; Dorazio et al. 2013). Estimation of detection probability is possible for single-pass surveys
using Bayesian Markov Chain Monte Carlo methods (Lele et al. 2007; Lele et al. 2012), but these
methods have not been used extensively and as such their efficacy has not been fully examined.
A more common approach is to conduct a multi-pass survey where each site is sampled more
than once resulting in a detection history that is used to estimate imperfect detection in a
manner similar to mark-recapture analysis (Mackenzie et al. 2002,2005,2006). Revisiting the
four study lakes with a multi-pass survey would provide a detection-corrected estimate of site-
level abundance that could be more helpful in understanding the true abundance of Blackfin
over the predicted CPUE that was estimated in this study.

Based on the descriptions of Blackfin habitat preferences, it was expected that both

depth and temperature would have an effect on the depth distribution of Blackfin. The multi-
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model approach in this study selected depth as the main factor that affected Blackfin depth
distribution, however patterns in both the raw catch and predicted CPUE distributions suggest
that temperature could be having an effect that was not captured by modelling. Food availability
and substrate preference are other factors that could theoretically be affecting Blackfin depth
distribution; however these factors could not be examined as data collected at the time of
survey lacked the information to do so. In this regard, the post-hoc nature of this study limited
exploration into additional factors that may affect Blackfin depth distribution. Another limitation
of this study was the inability to account for imperfect detection. A number of nets that should
have caught at least one Blackfin based on model-derived predictions of CPUE failed to do so.
This shows that there is undoubtedly imperfect detection. This is not being accounted for with
the assumption of perfect detection that is implicit to hurdle models.

Continued surveying of Blackfin could be used to explore additional factors that affect
Blackfin depth distribution, and account for imperfect detection, but at the cost of increased
mortality. Blackfin are very sensitive to gillnetting, and inflicting increased mortality in light of
their rarity would be counterproductive to their conservation. In light of its limitations, this
study offers the only model-based examination of the factors that affect the depth distributions
of two extant populations of Blackfin Cisco. This study is important as it represents one of only
two studies that have generated predicted CPUE of Blackfin as a function of depth. This study is
also important as it has provided insight into the little known habitat preferences of Blackfin

Cisco.
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CHAPTER 3: Feeding Structures

3.1 INTRODUCTION

The use of morphological features to differentiate coregonine morphs and species spans
nearly a century. Many morphological and meristic features were used to describe the extensive
diversity observed in Ciscoes (Koelz 1929a, 1929b, 1931, Dymond and Pritchard 1930; Dymond,
1943) and Whitefishes (Svardson 1950, 1952, 1957, 1979). Morphological descriptions in
conjunction with habitat and life-history information were combined to help define coregonine
species flocks.

Of the species flocks in Coregonus, one of the most morphologically diverse was, and
continues to be, the ciscoes of the Laurentian Great Lakes region (Eshenroder et al. 2016). Initial
efforts to describe these fish resulted in nine named species within the Great Lakes and Lake
Nipigon (Koelz, 1929a). Some of these species were also listed outside the Great Lakes in
western Canada such as Blackfin Cisco and Shortjaw Cisco (Coregonus zenithicus) (Dymond and
Pritchard, 1930; Dymond, 1943). Some species endemic to single lakes such as Coregonus
nipigon, Coregonus hubbsi, and Coregonus bartletii were also described (Koelz, 1929b, 1931),
but are not recognized today. Furthermore, many subspecies of the above named species were
described by Koelz (1929a) which is a reflection of the morphological complexity observed in
this group of fish. Recently, eight cisco forms are recognized in the Laurentian Great Lakes,
including Blackfin cisco (Eshenroder et al. 2016).

Subsequent studies reviewed the historical overreliance on morphological
characteristics in the classification of these species (Turgeon and Bernatchez, 2003; Turgeon et
al. 2016). Ciscoes in particular display a high degree of phenotypic plasticity in a variety of

morphological characters which has, in turn, generated a great deal of taxonomic uncertainty
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(Lindsey, 1981; Todd et al. 1981; Shields and Underhill, 1993). The taxonomy of these species
still remains unresolved, not least because there is no clear set of morphological or genetic
characteristics that differentiate each species. Despite taxonomic uncertainty, morphology is
still a component of contemporary studies on coregonines, where it has been employed as part
of modern morphometric techniques (Eitner and Skelton, 2003; Howland et al. 2013; Muir et al.
2013), and in conjunction with genetics (Turgeon et al. 1999, 2016). Morphometrics and
meristics remain important diagnostic tools (Amunsden et al. 2004; Muir et al. 2013; Turgeon et
al. 2016).

Anatomical structures related to feeding are utilized frequently in the study of
coregonines. Differences in feeding structures are often the primary features used in
identification of coregonine species and morphs (Turgeon et al. 1999; Etnier and Skelton 2003;
Himberg et al. 2015; Turgeon et al. 2016). Feeding structures provide insight into the feeding
ecology of different morphs or species of coregonines. Studies have linked feeding structure
characteristics to differences in coregonine niche utilization and feeding strategies between
benthic vs pelagic occupancy (Amunsden et al. 2004; Muir et al. 2013; Roesch et al. 2013) and
ultimately to processes of evolution and speciation (Schluter, 1996; 2000).

The focus of this study is to examine potential differences among populations of
coregonines in gill raker count and the relative size differences of gill raker length and gill arch
length. Gill rakers are cartilaginous protuberances on the anterior edge of the gill arch, and their
primary function is to prevent the loss of food through the gill apparatus (Magnuson and Heitz,
1971; Link and Hoff, 1998; Sanderson et al. 2001). Following the method described in Koelz
(1929a), gill raker count is generally defined as the number of gill rakers on the left anterior gill
arch of the fish. In coregonines, differences in gill raker count are reflective of differing feeding

strategies; forms with many gill rakers are generally planktivorous, and forms with few gill rakers
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are generally benthivorous (see Figure 8). The relationship between gill raker count and feeding
strategy has been confirmed by observational studies where planktonic prey have been found in
the gut of densely-rakered forms, whereas benthic prey have been found in the gut of sparsely-
rakered forms (Kahilainen et al. 2011). Experimental evidence has also shown that more
densely-rakered forms of whitefish have an increased retention efficiency of small zooplankton
over more sparsely-rakered whitefish (Roesch et al. 2013). Gill raker count has been used

extensively in the classification of coregonines, as it reflects the different feeding strategies that

are characteristic of different morphs and/or species.

Benthivory Planktivory

Figure 8. Gill arches of Lake Whitefish (A), Lake Cisco (B), and Blackfin Cisco (C) sourced from
Algonquin Park lakes showing differences in gill raker count indicative of feeding strategy as
represented by grey arrows.

Gill raker count; although a heritable trait (Svardson, 1952; 1957; Todd et al. 1981;
Bernatchez et al. 1996; Roesch et al. 2013), is also a highly plastic trait which can often be
inconsistent, especially for allopatric populations of the same species (Lindsey, 1981; Turgeon et
al. 2016). Despite this high degree of phenotypic plasticity, gill raker count is still considered a
useful diagnostic tool for differentiating coregonines (Muir et. al. 2013, Himberg et al. 2015),
especially when species and / or morphs are sympatric (Turgeon et al. 1999, 2016). Historical

information regarding gill raker count exists for Blackfin in both the Great Lakes and inland lakes
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(Dymond, 1926; Koelz, 1929a). These historical counts are quite variable between allopatric
populations of Blackfin, which may be the result of phenotypic plasticity. Although Blackfin are
considered extant in Lake Nipigon (COSEWIC 2007) and Lake Superior (Schmidt et al. 2011), no
gill raker counts of these populations have been published. Turgeon et al. (1999) published gill
raker counts for four extant morphotypes of Cisco in Lake Nipigon, but refrained from linking the
characteristics of each morphotype to a cisco species. Furthermore, the four morphotypes were
not genetically distinct from one another (Turgeon et al. 1999), rendering unclear which
morphotype could be considered Blackfin. As a result, no contemporary gill raker counts of
Blackfin have been published to our knowledge. As opposed to gill raker count, comparatively
few studies have examined coregonine gill raker length and lower arch length (see Figure 9), and
little information exists regarding the morphology of these structures in the genus Coregonus.
The relationship between gill raker length and lower arch length (hereafter GRL and LAL,
respectively) as a diagnostic tool is uncertain.

The information that does exist has often used GRL and or LAL in concert with gill raker
count when examining how these features relate to feeding strategy. Species or morphs of the
Whitefish Coregonus lavaraetus which feed on small prey items have been described by Nillson
[1978, in Langland and Nost, (1995)] as having long and more numerous gill rakers than species
or morphs which prey on larger food items. Lindsey, (1981) also noted that differences in gill
raker count were often associated with differences in other characteristics such as GRL, which
was said to be longest in planktivorous coregonines with high gill raker count. In a sympatric
species pair of C. lavaretus, the planktivorous form with a high gill raker count also possessed
the longest gill rakers (Amundsen, 2004) supporting previous conclusions (Nillson 1978; Lindsey
1981). The link between longer GRL and increases in planktivory is also present in literature

which has examined non-coregonine fishes (See Magnuson and Heitz, 1971; Friedland et al.
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2006; Schmitz and Wainwright, 2011). Only one study examined LAL where it, in conjunction
with GRL, was used to represent filtering area in a multi-species comparison (Magnuson and
Heitz, 1971), but the link between LAL itself and feeding strategy was not explicitly described, as
the focus was on gill raker spacing. Information regarding GRL and LAL in the description or
differentiation of coregonine species is limited. Todd et al. (1981) considered GRL as an
important taxonomic characteristic, and LAL has been found to be a useful characteristic in the
differentiation of sympatric Cisco species (Turgeon et al. 2016).

No study has examined the morphology of LAL and GRL for Blackfin Cisco. This presents
a unique opportunity to apply modern morphological analysis in the description of these
characters. Morphological characteristics can be greatly influenced by body size (Muir et al.
2013), and not incorporating body size is considered a shortcoming in the use of morphological
analysis to differentiate coregonines (Turgeon et al. 2016). Previous studies have demonstrated
that GRL is positively correlated with body size in coregonines, with a clear relationship between
the two characters (Loch, 1974; Muir et al. 2013), but no information exists on how LAL is
correlated to body size. To our knowledge, the only study comparing GRL and its relation to
body size specifically for Ciscoes was that of Muir et al. (2013), who used analysis of covariance
(hereafter ANCOVA) in their morphological analysis. ANCOVA has been used numerous times to
describe how morphometric variables scale to one another, although more contemporary
research is raising the question of whether or not ANCOVA is appropriate for comparing
morphometric variables (Warton et al. 2006).

An alternative to ANCOVA is allometric regression, which differs from ANCOVA in how
the regression lines are fit through the bivariate cloud of data; ANCOVA uses ordinary least
squares (OLS) regression whereas allometric regression uses either major axis (hereafter MA) or

standardized major axis (hereafter SMA) regression (Warton et al, 2006). OLS regression is
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useful when the purpose is to predict a value of one variable given a value of another variable,
but when the purpose is to investigate how variables scale to one another, MA or SMA
regression is more suitable (Warton et al. 2006). OLS regression tends to underestimate slope,
which may not be a problem from a predictive sense. When examining for isometry between
morphological structures (slope = 1) then underestimating slopes can present problems (Warton
et al. 2006). In addition, OLS regression takes into account error only in the Y variable, whereas
both MA and SMA take into account error in the X variable (see Figure 10), which can be
important when there is measurement error in both variables (McArdle, 1988; Warton et al.
2006). The steps in allometric regression are considered analogous to ANCOVA (Warton et al.
2006), and this coupled with the more appropriate MA and SMA line fitting methods, made
allometric regression the preferred method in this paper.

The objective of this chapter was to examine the degree of feeding structure
differentiation between Blackfin and other coregonines in Algonquin Park and through this
examination, gain insight into the feeding ecology of Blackfin. Gill raker count was described for
populations of Blackfin and compared to gill raker counts from populations of Lake Cisco and
Lake Whitefish. Analysis of the relationship between body size, LAL, and GRL was conducted

using allometric regression for Blackfin, Lake Cisco, and Lake Whitefish.
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3.2 METHODS

3.2.1 Field Methods

Blackfin and Lake Whitefish were captured in benthic nets as part of the Summer
Profundal Index Netting (SPIN) surveys conducted in the summers of 2009 to 2011 by the
Harkness Laboratory of Fisheries Research (see methods in Chapter 2). Lake Cisco were captured
in pelagic nets which were set as companion nets in conjunction with a wider hydroacoustic
sampling effort on a series of lakes in Algonquin Park. Both North American and European
standard pelagic nets were employed in non- standardized sampling both during the day and
night. North American pelagic gillnets are 25 meters long by 6 meters wide containing panels
with stretched mesh sizes of 13, 19, 25, 32, 38, 51, 64, 76, 89, 102, 114, and 127 millimeters.
European pelagic gillnets are 30 meters long by 6 meters wide containing panels with stretched
mesh sizes of 10, 12.5, 16, 20, 25, 31, 39, 48, 58, 70, 86, and 110 millimeters. Pelagic nets were
suspended at 6 and 12 meters of depth and fished for a duration ranging from 1 to 4 hours.
Although the catch of benthic nets in Cedar, Hogan, and Radiant lakes caught exclusively
Blackfin, pelagic nets caught small Ciscoes that could not be differentiated from Lake Cisco
based on gill raker count, and for that reason were excluded from this study. As gill raker count
can change during ontogeny (Sandlund et al. 1999; Muir et al. 2013), these small ciscoes may
have been small Blackfin or small Lake Cisco, and because of that uncertainty the only Lake Cisco
used in this study were caught from lakes where Blackfin were known to be absent. No fish were
caught in the pelagic nets set in Mink Lake. The left anterior gill arch of each fish was removed
and preserved in 70% ethanol. Gill arches were removed by cutting the pharyngobrancial and
basibrancial sections of the gill arch. These sections were cut in order to avoid damaging the
epibrancial arch segment (upper arch), as well as the ceratobrancial and hypobrancial arch

segments (combined they are the lower arch, see Figure 9). Improper sampling of the gill arch
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can lead to the loss of vestigial rakers resulting in inaccurate gill raker counts. Improper gill arch
sampling can also result in the truncation of the lower arch which renders measurements of
lower arch length inaccurate. Approximately 20% of gill arches, of Lake Whitefish and Lake Cisco

were improperly sampled during the field surveys of 2009 to 2011.

3.2.2 Laboratory methods
3.2.2.1 Gill raker count

For all properly sampled gill arches, gill raker counts were conducted on both the upper arch
and lower arch, with total gill raker count being the sum of the counts of each arch. Located on
the ends of both the upper and lower gill arch segments are vestigial gill rakers which were
included in the total gill raker count of each arch. Gill raker counts were conducted for all three
study species, but not for improperly sampled gill arches.
3.2.2.2 Feeding structure measurement

GRL was defined as the length of the center gill raker on the gill arch. The center gill

raker is situated at the cartilaginous joint where the upper arch and lower arch meet. LAL was
defined as the combined length of the ceratobranchial and hypobranchial arch segments (see
Figure 9) which included the cartilaginous sections found on the ends of each segment. GRL and
LAL were measured using digital calipers to the nearest tenth of a millimeter. For 61 intact Lake
Whitefish gill arches, and 29 intact Lake Cisco gill arches, the length of the ceratobranchial arch
segment was taken in addition to GRL and LAL. This was done in order to create a linear
regression between the ceratobranchial arch segment and LAL in order to predict the LAL of
improperly sampled gill rakers that still had intact ceratobranchial arch segments. Clear linear
relationships between ceratobranchial segment length and lower arch length were found for
Lake Whitefish (B= 1.5176, Int=-0.3753, F; so= 6359, P <0.05, R’= 0.99), and Lake Cisco (B=

1.4396, Int= 1.2407, F; ,7= 691.3, P <0.05, R’= 0.96). From these regressions, lower arch length
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was predicted for 16 improperly sampled Lake Whitefish gill arches and 8 improperly sampled

Lake Cisco gill arches.

Figure 9. Blackfin gill arch with epibranchial, ceratobranchial, and hypobranchial gill arch
segments labelled 1, 2, and 3, respectively.

3.2.3 Analysis
3.2.3.1 Gill raker count

Frequency histograms of the gill raker counts of Cedar, Hogan, and Radiant Blackfin
were generated with each individual count representing the bin size used in each histogram. As
the observed gill raker counts in Mink Blackfin differed markedly from those observed in Cedar,
Hogan, and Radiant Blackfin, the frequency histogram of Mink Blackfin was included with
frequency histograms of gill raker count generated for Lake Whitefish and Lake Cisco. Gill raker
counts observed in Mink Blackfin appeared to differ from the gill raker counts of Lake Cisco

found across several lakes in Algonquin Park. This apparent difference in gill raker count was
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assessed using a two-sample t-test comparing the mean gill raker count of Mink Blackfin and
Lake Cisco. Komolgorov-Smirnov normality tests and F-tests were completed to assess whether
the data satisfied the assumptions of normality and homoscedasticity associated with a

parametric t-test.

3.2.3.2 Feeding structure morphology

Morphological analysis of feeding structures among Lake Whitefish, Lake Cisco, and
Blackfin were analyzed using allometric regression. The underlying equation representing two
variables (X and Y) in an allometric relationship is:

Y = aXf
and log-transformation (in base 10) of variables requires re-arrangement of the equation into
the following linear form:
log(Y) = log(a) + Blog(X)

where log(a) represents the intercept of the linear relationship and S represents the slope
(Warton et al. 2006). Before analysis, measurements of Fork Length (hereafter FLEN), LAL, and
GRL were Log transformed (base 10) and plotted to find any obvious outliers. Outliers were
removed due to their effect on normality and homoscedasticity of the data which are two
conditions the data have to meet in order to be analyzed. Allometric regression is robust to
non-normality of data but not to outliers (Warton, 2007; Taskinen and Warton, 2011). Analysis
was completed using the package ‘smatr’ (Warton et. al 2012) in the program R (R development
Core Team, 2017).

Allometric analysis in smatr proceeds with three basic considerations of allometric

change with size: 1) slope, same or different; 2) elevation, same or different, and 3) shift along
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the axis or common location of data on axis (Warton et al. 2006). It is the ideas described in
Warton et al. (2006) that form the basis of forthcoming discussion on this procedure. In a
process similar to ANCOVA, separate linear regressions of the X and Y variables for each factor
category are tested first for differences in slope. The factor in this case can be defined as the
categorical independent variable associated with each linear regression. If no significant
difference in slope is found, the subsequent step is a test for elevation differences assuming an
equal slope across all linear regressions for each factor category. If both slope and elevation of
the regressions for each factor category are not significantly different, a common allometric
relationship (common allometric axis) between the X and Y variables exists and tests for
differences in shift along this common allometric axis are conducted for each factor category.
When slope is not significantly different across regressions, a common slope is generated using
all the regressions combined for the subsequent test for difference in elevation. However, when
elevation is not significantly different across regressions, a common elevation across all
regressions is not generated; differences in elevation remain during the test of shift along a
common axis. If there is a significant difference between the slopes of the regressions, or a
significant difference in elevation among regressions of equal slope, the sequence of tests halts
as each additional test is contingent on the outcome of the previous. Through this process,
similarities and or differences in how the two variables scale to each other can be examined, as
well as any effect that the factor may have. The package smatr has the capability of performing
two types of model Il regression: major axis (MA) and standardized major axis (SMA; also known
as reduced major axis), the choice of which depends on the data being modeled (Warton et al.
2012). MA regression and SMA regression differ in how residuals are measured in relation to the
fitted line. In MA regression, residuals are measured perpendicular to the fitted line as this is the

orientation that is the minimum distance between the data points and the fitted line (see Figure
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10). In SMA regression, the orientation in which residuals are measured can differ from
perpendicular, as the X and Y variables are first standardized and then the line is fit in the same
way as MA (see Figure 10). If the variables being compared are in different scales, generally SMA
is the preferred method whereas if both variables being compared are in the same scale, MA
can be used. As all of the structures being compared in this study were measured in millimeters,

MA regression was used.

oLs MA * SMA

Figure 10: Plots depicting direction of residual measurement (arrows) from the fitted line (solid
line) to the data (solid points) for ordinary least squares (OLS), major axis (MA), and
standardized major axis (SMA) regression (adapted from Warton et al. 2006).

The first structures compared using MA regression were FLEN and LAL for Lake
Whitefish and Ciscoes. The five populations of Lake Whitefish compared were sourced from
Burntroot Lake (N=28), Catfish Lake (N=46), Cedar Lake (N=13), Grand Lake (N=23) and Lake
LaMuir (N=16). The Ciscoes compared included Blackfin from Cedar (N=53), Hogan (N=84),
Radiant (N=60), and Mink (N=21) Lakes and Lake Cisco from Burntroot Lake (N=31). Lake Cisco
from Burntroot were included with Blackfin for this analysis as FLEN was not taken for many of
the Lake Cisco samples from other lakes, thus precluding analysis of Lake Cisco as an individual
group. With lake as the factor, tests for slope and elevation differences between regressions of

FLEN and LAL were completed for Lake Whitefish and Ciscoes separately. This was done in order
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to examine if the relationship between the two structures was similar across populations of
each group. Tests for shift along a common axis were completed if a common relationship was
found within each group. In order to examine similarities between groups, tests for differences
in slope and elevation between the common FLEN and LAL regressions for each group, if they
existed, were completed with group as the factor. Finally, a plot combining the outcomes of the
regression processes for both Lake Whitefish and Ciscoes was generated.

Subsequent to the FLEN and LAL regressions, a graphical comparison of gill raker length
(GRL) while accounting for effect of FLEN was conducted. In this comparison, GRL was plotted
against the standardized residuals of the FLEN and LAL regressions with each category reflecting
any common FLEN and LAL relationships found within species. Residuals were standardized by
dividing the value of each individual residual by the standard deviation of the combined set of
residuals. Corresponding to the graphical comparison, MA regressions were generated of the
standardized residuals and GRL, the parameters of which were used to assess if there was any
residual pattern in GRL after accounting for variation in LAL.

The final structures compared using MA regression were LAL and GRL for Lake
Whitefish, Blackfin, and Lake Cisco. Lake Cisco was included as a separate group in this analysis
as a sufficient number of LAL and GRL measurements were taken for analysis to be possible. The
Lake Cisco structures compared were collected from Burntroot Lake (N=52), Grand Lake (N=8),
and Whitebirch Lake (N=37). The Lake Whitefish structures compared included samples from
Catfish (N=31), Cedar (N=16), Grand (N=28), LaMuir (N=16) and Burntroot (N=31) lakes. The
Blackfin structures compared were sourced from Cedar (N=54), Radiant (N=63), Hogan (N=84),
and Mink (N=25) Lakes. Positions of source lakes are listed in Table 2. Following the same
process described in the analysis of FLEN and LAL, tests for slope and elevation differences

between regressions of LAL and GRL with lake as the factor were completed for all three species
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separately. For each species, if the relationship between LAL and GRL across populations was
found to be common, tests for shift along a common axis were completed. Additional tests
examining differences in slope and elevation of LAL and GRL with species as the factor were
completed if the relationship between LAL and GRL within each species was found to be
common. These additional tests were completed in order to examine if the relationship
between the structures was similar across species. A plot of the outcome of the regression
analysis was created including all three species.

There are four assumptions implicit to allometric regression; independence of
observations, normality in the distribution of residuals, equal variance in residuals, and linear
relationships (once log transformed) between the variables being regressed (Warton et al.
2006). The assumption of normally distributed residuals was examined graphically by generating
qguantile-quantile plots of the residuals of each regression. The assumption of homogeneity of
variances was also examined graphically by plotting the residuals against the fitted values of
each regression. Following SPIN protocol, the minimum distance between nets sets was 250
meters, and sampling was stratified-random, which satisfied the assumption of independence of
observations. The assumption of significant linear relationships between the variables being

regressed was examined prior to analysis during the process of outlier removal.

3.3 RESULTS

3.3.1 Feeding structure meristics
A total of 322 gill raker counts were collected from the arches of the three coregonine
species; 96 counts were collected for Lake Whitefish, 34 counts were collected for Lake Cisco,

and 192 counts were collected for Blackfin. Nested within the total number of counts for
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Blackfin, 45, 32, 87, and 28 gill raker counts were completed for Cedar, Hogan, Radiant, and
Mink Lakes, respectively. Consistent differences in gill raker count were observed between the
three species with little overlap. Lake Whitefish varied in gill raker count from 19 to 30 (X = 27)
(Figure 11). Lake Cisco varied in gill raker count from 41 to 50 (X = 46) (Figure 11). Patterns in
observed gill raker count varied little across populations of Lake Whitefish and populations of
Lake Cisco which was evident in the near-normal distributions of gill raker count for these
species in Figure 11. Patterns in observed gill raker count did vary across the four populations of
Blackfin. The first inconsistency observed in the count distribution of Blackfin gill rakers was a
clear difference between Mink Lake Blackfin and the other Blackfin populations. Gill raker count
in Mink Blackfin varied from 45 to 54 (X = 50) (Figure 11) and from 50 to 66 (X = 56.3) in
Cedar, Hogan, and Radiant Blackfin (Figure 12). The count distribution of Mink Blackfin did not
resemble the count distributions observed in Lake Cisco or the other populations of Blackfin,
although the mean count was closer to that of Lake Cisco. After Komolgorov-Smirnov tests
showed that the count distribution was not significantly different from normal for Mink Blackfin
(D =0.136, P = 0.2074), only marginally significantly different from normal for Lake Cisco (D =
0.153, P =0.04218), and a F test showed that variances were very similar (F,; 33=1.010, P =
0.9679). Although parametric t-tests are robust to slight non-normality of data, a non-
parametric Wilcoxon rank-sum test was also completed in case of any effects of non-normality.
The mean raker count for Mink Blackfin was significantly different from that of Lake Cisco in
both the parametric t-test (tgso = 7.842, P < 0.05) and the non-parametric t-test (W = 876, P <
0.05). The count distribution seen in Mink Blackfin was intermediate between Lake Cisco and
the Blackfin populations of Cedar, Hogan, and Radiant Lakes.

Despite overlap in the count distributions of Cedar, Hogan, and Radiant Blackfin,

differences in the patterns of each distribution are evident in Figure 12. Raker count ranged
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from 51 to 61 (X = 54.6, Figure 12) in Hogan Blackfin. Raker count was slightly higher in Radiant
Blackfin ranging from 50 to 63 (X = 57.0, Figure 12). The highest raker counts of any
coregonines sampled were consistently found in Cedar Blackfin; ranging from 53 to 66

(x = 59.3, Figure 12). Although Cedar and Hogan Blackfin differed in mean raker count, the
count distributions were both unimodal. The count distribution in Radiant Blackfin was bimodal.
The first mode ranges in raker count from 50 to 55, whereas the second mode ranges in raker
count from 57 to 63 (Figure 12). No Blackfin with a raker count of 56 were caught in Radiant
Lake (Figure 12). Each mode of the count distribution of Radiant Blackfin was similar to the
modes seen in the count distributions of Hogan and Cedar Blackfin. The lower mode of the
count distribution of Radiant Blackfin was similar to the count distribution of Hogan Blackfin
whereas the upper mode of the count distribution of Radiant Blackfin was similar to the count

distribution of Cedar Blackfin (Figure 12).
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Figure 11. Gill raker count frequency histograms for Blackfin from Mink Lake (X = 50) and Lake

Cisco (X = 46) and Lake Whitefish (X = 27) from multiple lakes, with N representing sample size
for each frequency histogram.
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Figure 12: Gill raker count frequency histograms for Blackfin Cisco from Hogan Lake (x = 54.6),
Radiant Lake(x = 57.0), and Cedar Lake (x = 59.3) with N representing sample size for each
frequency histogram.
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3.3.2 Feeding structure morphology

Linear relationships between the log-transformed variables were statistically significant
for every MA regression. The assumption of normality was satisfied as quantile-quantile plots of
the residuals revealed the data to be normally distributed. The assumption of homogeneity of
variances was satisfied as plots of the residuals against the fitted values of each regression

showed the variances to be centered around zero.

3.3.2.1 FLEN LAL section
Within groups
Lake Whitefish

A common relationship between FLEN and LAL exists across all five populations of Lake
Whitefish examined (Figure 13). Separate regressions of FLEN and LAL for each population of
Lake Whitefish were shown not to significantly differ from each other in slope (P = 0.97, Table
9). Each separate regression was then tested for differences in elevation once a common slope
(B=1.12, Table 10) had been applied; no significant difference in elevation across the
populations was found (P = 0.25, Table 10). Lack of significant differences in slope and elevation
implied that the relationship between FLEN and LAL was common across Lake Whitefish
populations. A third test examined if there was shift along the common Lake Whitefish axis.
Significant shift along a common axis was found across the populations (P <0.05, Table 10). Two
distinct groups of Lake Whitefish occupy different areas on the same axis; with the only
difference between the groups being the presence or absence of Mysis in the lakes which the
populations reside. Figure 13 shows that Lake Whitefish from lakes which contain Mysis
(coloured blue) were consistently larger in both FLEN and LAL than Lake Whitefish from lakes

without Mysis (coloured red).
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Ciscoes

Unlike Lake Whitefish, a common relationship between FLEN and LAL did not exist
across the five populations of ciscoes compared in this study. A significant difference in slope (P
< 0.05, Table 11) was found to exist between the regressions for each population of cisco. The
slope of the regression of Hogan Blackfin (B=1.45) was greater than the slope values from the
regressions of the other cisco populations which had slope values that varied around 1 (Table
11). The regression for Hogan Blackfin was removed from the comparison, and the remaining
regressions were found not to significantly differ from each other in slope (P = 0.2853, Table 12).
Once a common slope was applied to the remaining four populations (=0.9953, Table 13), a
test for differences in elevation found that the remaining regressions significantly differed from
each other (P <0.05, Table 13). Elevation values between the different regressions were
dissimilar, with the regressions of Burntroot and Mink populations being lower in elevation
(-1.31, and -1.30 respectively, Table 13) than the regressions of Cedar and Radiant populations
which had elevation values of -1.24 and -1.26 respectively (Table 13). It must be noted here that
elevation is negative in the outputs of smatr when the Y variable is smaller than the X variable.
In order to examine if the difference in elevation between Cedar and Radiant regressions was
significant, the regressions of the Mink and Burntroot populations were removed and the test
for difference in elevation was rerun. The difference in elevation between Cedar and Radiant
Blackfin regressions was significant (P < 0.05, Table 14). No common relationship between FLEN
and LAL existed between the cisco populations as significant differences in elevation and slope
were evident between the five Cisco regressions. Figure 13 shows the separate regressions for
each population of Cisco, with the regressions of Cedar, Hogan and Radiant Blackfin coloured a
common black as, although they differed in slope and elevation, there was extensive overlap in

their constituent data. The Blackfin of Cedar, Hogan, and Radiant lakes have larger LAL relative
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to FLEN than the ciscoes of Burntroot and Mink Lake (Figure 13). Lake Cisco from Burntroot had
the smallest LAL relative to FLEN of the populations compared, with the Mink Lake population
being intermediate between Lake Cisco and the Blackfin in Cedar, Hogan, and Radiant Lakes
(Figure 13).

Across groups

Statistically testing for slope and elevation differences between common Lake Whitefish
and common Cisco regressions was not possible as a common relationship between cisco
populations was not found. Considering the spread in the data, slopes were qualitatively similar
between the common Lake Whitefish regression and the Blackfin and Lake Cisco groups that
appear in Figure 13 suggesting that, although there are differences in elevation, how the two
structures increase in size relative to each other may be similar across coregonines. The Mink
Lake regression had a lower slope (=0.48, Table 11, 12) than the other regressions in Figure 13,
but this may be due to the limited range in FLEN present in the regression, as this apparent
difference in slope was not statistically significant (P=0.28, Table 12). Examining elevation
differences in Figure 13, all five Cisco populations had larger LAL relative to FLEN than Lake
Whitefish. The Blackfin of Cedar, Hogan, and Radiant had the largest LAL in relation to FLEN of
any of the coregonines studied (Figure 13). Another apparent pattern, regardless of species, was
that the coregonines with the largest FLEN and LAL in Figure 13 all came from lakes that contain

Mysis.
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Figure 13: MA regressions of FLEN and LAL, showing separate regressions for Lake Cisco (green),
Mink Blackfin (orange), and Blackfin from Cedar, Radiant and Hogan Lakes (black). The common
regression for Lake Whitefish is represented by a red line with Lake Whitefish from lakes which
contain Mysis (blue dots) and Lake Whitefish from lakes which do not contain Mysis (red dots)
both part of the common Lake Whitefish regression.
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Table 9. Lake Whitefish FLEN and LAL allometric regression parameters associated with slope
test including: slope (B), elevation (log(a)), respective 95% lower confidence limits (LCL), upper
confidence limits (UCL), and R? value. Test statistic, degrees of freedom (DF), and P value of

slope test found in table.

Regression B LCL (B) UCL (B) log(a) LCL(log(a)) UCL(log(a)) R?
Burntroot 1.1112 0.954 1.2975 -1.4041 -1.7862 -1.022 0.8747
Catfish 1.1238 0.9973 1.2685 -1.4382 -1.7536 -1.1228 0.8656
Cedar 1.0277 0.7438 1.4241 -1.2184 -2.045 -0.3917 0.8173
Grand 1.1629 0.9589 1.4184 -1.5537 -2.1228 -0.9846 0.8464
LaMuir 1.1332 0.8051 1.6198 -1.452 -2.3192 -0.5848 0.7443
Test Type Likelihood ratio Statistic DF P

Slope 0.5182 4 0.9717

Table 10. Lake Whitefish FLEN and LAL allometric regression parameters associated with

elevation and shift tests including: slope (common B), elevation (log(a)), respective 95% lower
confidence limits (LCL), upper confidence limits (UCL), and R*value. Test statistic, degrees of
freedom (DF), and P value of elevation and shift tests found in table.

Regression B LCL(B) UCL(B) log(a) LCL(log(a)) UCL(log(a)) R’
(Common)

Burntroot 1.12 1.0372 1.2117 -1.4239 -1.6248 -1.223 0.8747

Catfish 1.12 1.0372 1.2117 -1.4292 -1.6341 -1.1244 0.8656

Cedar 1.12 1.0372 1.2117 -1.4548 -1.6695 -1.21 0.8173

Grand 1.12 1.0372 1.2117 -1.4452 -1.6737 -1.2167 0.8464

LaMuir 1.12 1.0372 1.2117 -1.4219 -1.6339 -1.2099 0.7443

Test Type Wald Statistic DF P

Elevation 5.369 4 0.2514

Shift 488.1 4 < 0.0001

63



Table 11. Cisco FLEN and LAL allometric regression parameters associated with slope test
including: slope (B), elevation (log(a)), respective 95% lower confidence limits (LCL), upper
confidence limits (UCL), and R? value. Test statistic, degrees of freedom (DF), and P value of
slope test found in table.

Regression B LCL (B) UCL (B) log(a) LCL(log(a)) UCL(log(a)) R?
Burntroot 1.0797 0.9211 1.2681 -1.2922 -1.6798 -0.9046 0.8517
Cedar 0.9186 0.7243 1.1596 -0.8235 -1.341 -0.306 0.5967
Hogan 1.4495 1.3041 1.6178 -2.1215 -2.5009 -1.742 0.8072
Mink 0.483 -0.0537 1.4091 0.1248 -1.095 1.3445 0.1652
Radiant 0.9755 0.8545 1.1131 -0.9868 -1.3008 -0.6729 0.8001
Test Type Likelihood ratio Statistic DF P

Slope 30.12 4 < 0.0001

Table 12. Cisco (with Hogan regression removed) FLEN and LAL allometric regression parameters
associated with slope test including: slope (B), elevation (log(a)), respective 95% lower
confidence limits (LCL), upper confidence limits (UCL), and R? value. Test statistic, degrees of
freedom (DF), and P value of slope test found in table.

Regression B LCL (B) UCL (B) log(a) LCL(log(a)) UCL(log(a)) R’
Burntroot 1.0797 0.9211 1.2681 -1.2922 -1.6798 -0.9046 0.8517
Cedar 0.9186 0.7243 1.1596 -0.8235 -1.341 -0.306 0.5967
Mink 0.483 -0.0537 1.4091 0.1248 -1.095 1.3445 0.1652
Radiant 0.9755 0.8545 1.1131 -0.9868 -1.3008 -0.6729 0.8001
Test Type Likelihood ratio Statistic  DF P

Slope 3.788 3 0.2853
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Table 13. Cisco FLEN and LAL allometric regression parameters associated with elevation test
including: slope (common B), elevation (log(a)), respective 95% lower confidence limits (LCL),
upper confidence limits (UCL), and R? value. Test statistic, degrees of freedom (DF), and P value
of elevation test found in table.

Regressio B LCL (B) UCL (B) log(a) LCL(log(a)) UCL(log(a)) R’

n (Common)

Burntroot 0.9953 0.9048 1.0915 -1.1009 -1.3136 -0.8883 0.8517
Cedar 0.9953 0.9048 1.0915 -1.0103 -1.235 -0.7856 0.5967
Mink 0.9953 0.9048 1.0915 -1.0738 -1.2987 -0.8488 0.1652
Radiant 0.9953 0.9048 1.0915 -1.0352 -1.2603 -0.8102 0.8001
Test Type Wald Statistic DF P

Elevation 116.9 3 < 0.0001

Table 14. Cisco (with Burntroot and Mink removed) FLEN and LAL allometric regression
parameters associated with elevation test including: slope (common B), elevation (log(a)),
respective 95% lower confidence limits (LCL), upper confidence limits (UCL), and R value. Test
statistic, degrees of freedom (DF), and P value of elevation test found in table.

Regression B LCL (B) UCL (B) log(a) LCL(log(a)) UCL(log(a)) R®
(Common)

Cedar 0.9612 0.8569 1.0769 -0.9272 -1.1956 -0.6587 0.5967

Radiant 0.9612 0.8569 1.0769 -0.9517 -1.2206 -0.6828 0.8001

Test Type Wald Statistic DF P

Elevation 29.38 1 <0.0001
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3.3.2.2 Standardized Residuals and GRL

Standardized residuals from the FLEN and LAL relationships (see Figure 13) were plotted
with GRL to assess any residual pattern that may exist in GRL after accounting for LAL variation
(Figure 14). For all groups, slopes were close to 0 (Table 15) indicating no pattern between GRL
and residual variation in the allometric relationship between LAL and FLEN. The intercepts of
the group-specific relationships are the mean GRL, and as GRL is in Log (base 10), exponentiating
the values gives mean GRL in millimeters (see Table 15). The Blackfin of Cedar, Hogan, and
Radiant Lakes had the longest gill rakers of any group, and were the only populations which
were similar to one other in GRL with all three populations having an average GRL of
approximately 11 mm (Figure 14, Table 15). Average GRL of Mink lake Blackfin (i = 8.6; Table
15) was intermediate between the Blackfin of Cedar, Hogan, and Radiant lakes, and the Lake
Cisco of Burntroot Lake, had the shortest gill rakers of the five cisco populations (Figure 14, x =
6.26, Table 15). Lake Whitefish populations, which share a common relationship between FLEN
and LAL, did not share a common GRL. Lake Whitefish from lakes which have Mysis had longer
gill rakers (X = 7.38, Table 15) than Lake Whitefish from lakes that did not contain Mysis (X =
3.73, Table 15) with little overlap between the two groups (Figure 14). Lake Whitefish from
Mysis lakes had longer gill rakers than Lake Cisco, which do not reside in Lakes containing Mysis
(Figure 14, Table 15). Of the five coregonine groups that appear in Figure 14, the three groups

with the longest gill rakers were all from lakes which contain Mysis, regardless of species.
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Figure 14: Plot of GRL against standardized residuals from FLEN and LAL regressions of each

group appearing in Figure 13: Blackfin from Cedar, Radiant and Hogan Lakes (black), Lake Cisco
(green), Mink Blackfin (orange), Lake Whitefish from lakes which contain Mysis (blue) and Lake
Whitefish from lakes which do not contain Mysis (red).

Table 15. Standardized residual (from FLEN and LAL regressions) and GRL allometric regression
parameters slope (B) and elevation (log(a)) with respective 95% lower confidence limits (LCL),
upper confidence limits (UCL), and average gill raker length (GRL) in millimeters.

Regression B LCL(B) UCL(B) Ilog(a) LCL(log(a)) UCL(log(a)) GRL(mm)
Cedar 0.0031 -0.0089 0.0153 1.0422 1.0302 1.0541 11.0193
Hogan -0.0137 -0.0255 -0.0018 1.0562 1.0446 1.0678 11.3818
Radiant 0.0003 -0.0163 0.0168 1.044 1.0267 1.0613 11.0661
Mink 0.0074 -0.0269 0.0417 0.9346 0.9134 0.9558 8.6018
LWF(Mysis) -0.0052 -0.0289 0.0184 0.8678 0.839 0.8966 7.3758
Lake Cisco 0.0069 -0.029 0.0427 0.7962 0.7705 0.8219 6.255
LWF(No Mysis) -0.0075 -0.0254 0.0104 0.5721 0.554 0.5902 3.7338
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3.3.2.3 LAL GRL section
Within Groups

Lake Whitefish

The five Lake Whitefish regressions did not differ in slope (P = 0.69, Table 16), but
significantly differed from one another in elevation (P < 0.05, Table 17) once a common slope
(B=1.29, Table 17) had been applied. The Burntroot Lake regression had an elevation value of -
0.87, higher than approximately -0.93 for the other four regressions (see Table 17), indicating
that the Lake Whitefish in Burntroot Lake had longer gill rakers relative to LAL than other
populations of Lake Whitefish (dashed red line, Figure 15). The Burntroot Lake regression was
removed from the analysis and the four remaining Lake Whitefish regressions were found not to
significantly differ in elevation (P = 0.644, Table 18), resulting in a common relationship between
the two variables across the four regressions. The value of GRL at a given LAL was common
across four populations of Lake Whitefish, and although GRL was consistently longer in Lake
Whitefish from Burntroot Lake, the common slope of all five regressions implies that increases
in GRL relative to increases in LAL is common across Lake Whitefish populations. A test for shift
along a common axis revealed a significant shift (P < 0.05, Table 17) with Lake Whitefish from
lakes containing Mysis being larger in both LAL and GRL than Lake Whitefish from lakes without

Mysis (Figure 15).

Lake Cisco

A common relationship between LAL and GRL existed across the three Lake Cisco
populations compared (Figure 15). Tests for differences in slope between the three regressions
revealed no significant difference in slope (P=0.81, Table 19). A subsequent test examining
differences in elevation with a common slope (B=1.31, Table 20) revealed no significant

difference in elevation between the regressions (P = 0.58, Table 20), indicating that the
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relationship between LAL and GRL for Lake Cisco was common across the three populations. A
test for shift along a common axis revealed significant shift (P < 0.05, Table 20) with Lake Cisco
from Whitebirch Lake having greater LAL and GRL than the other two populations. In the raw
data however, Lake Cisco from Whitebirch Lake did not, at least qualitatively, appear to be
significantly different from the other populations of Lake Cisco.
Blackfin

The initial test examining differences in slope between the regressions of Cedar, Hogan,
Radiant, and Mink Blackfin was not successful as a significant linear relationship between LAL
and GRL did not exist for the regression of Mink Blackfin (P = 0.380, R’= 0.04). The lack of a
linear relationship within the Mink Blackfin data can be attributed to the minimal variation in
LAL of the fish sampled. The fish captured in Mink Lake were very consistent in FLEN, and as a
result very consistent in LAL, with LAL only varying by two millimeters across the 25 samples
measured, which was not enough for a clear linear relationship to emerge. When the Mink
regression was removed from the analysis, the regressions of Cedar, Hogan, and Radiant
Blackfin were found not to significantly differ in slope (P = 0.82, Table 21). Elevation differences
were found to be significantly between the regressions of Cedar, Hogan, and Radiant (P = 0.02),
with the regression of Cedar Blackfin having a lower elevation (-0.79) than the regressions of
Hogan and Radiant Blackfin which had very similar elevations at -0.77 (Table 22). After the
removal of the Cedar Blackfin regression due to its differing elevation, subsequent tests
revealed no significant difference in elevation (P = 0.45) or significant shift along a common axis
(P =0.54) between the regressions of Hogan and Radiant Blackfin (Table 23). Although
statistically different in elevation, the regressions of Cedar, Hogan and Radiant Blackfin were
qualitatively very similar with extensive overlap in their constituent data, and as such were

coloured a common black on Figure 15.
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Across Groups

Despite significant differences in elevation between regressions within species,
significant differences in slope were not found among regressions within each species. These
common slopes within each species made comparison of slopes across species possible,
regardless of elevation. With species as the factor, a test for differences in slope between
species was conducted and found no significant difference in slope between species (P = 0.92). A
test for differences in elevation was not conducted as significant differences in elevation within
populations of each species were found to occur in prior tests. The common slope across species
(B=1.32) indicates that how GRL increased with increases in LAL was common across the
coregonine species examined. Even though slope was not significantly different, clear
differences in elevation between each species group were apparent in Figure 15. Lake Whitefish
had consistently shorter GRL relative to LAL than either Cisco species (Figure 15). Of the Cisco
species, the longest gill rakers were observed in Blackfin, however Lake Cisco had the longest
GRL relative to LAL of any of the coregonines examined as indicated by the greater elevation of
the Lake Cisco regression in Figure 15. An additional pattern apparent in Figure 15 was that both
Blackfin and Lake Whitefish from lakes containing Mysis tended to be larger in both LAL and GRL

than Lake Cisco and Lake Whitefish which did not reside in lakes containing Mysis.
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Figure 15. MA regressions of LAL and GRL, showing separate regressions of Lake Cisco (green),
and Blackfin from Cedar, Radiant and Hogan Lakes (black), and the common regression for Lake
Whitefish (solid red line). Lake Whitefish from lakes which contain Mysis (blue dots) are part of
the common Lake Whitefish regression (solid red line). The regression of Lake Whitefish from
Burntroot Lake is depicted by a dashed red line.

Table 16. Lake Whitefish LAL and GRL allometric regression parameters associated with slope
test including: slope (B), elevation (log(a)), respective 95% lower confidence limits (LCL), upper
confidence limits (UCL), and R? value. Test statistic, degrees of freedom (DF), and P value of
slope test found in table.

Regression B LCL (B) UCL (B) log(a) LCL(log(a)) UCL(log(a)) R’
Burntroot 1.4306 0.9609 2.2711 -1.0241 -1.6494 -0.3988 0.4674
Catfish 1.4549 0.9109 2.5601 -1.1308 -1.9661 -0.2954 0.3899
Cedar 0.9984 0.4895 2.0346 -0.5354 -1.381 0.3101 0.4672
Grand 1.1895 0.9168 1.5624 -0.7777 -1.2039 -0.3516 0.7056
LaMuir 1.6089 0.8631 3.8598 -1.2902 -2.4429 -0.1376 0.4494
Test Type Likelihood ratio Statistic DF P

Slope 2.227 4 0.6941
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Table 17. Lake Whitefish LAL and GRL allometric regression parameters associated with
elevation test including: slope (common B), elevation (log(a)), respective 95% lower confidence
limits (LCL), upper confidence limits (UCL), and R? value. Test statistic, degrees of freedom (DF),
and P value of elevation test found in table.

Regression B LCL(B) UCL(B) log(a) LCL(log(a)) UCL(log(a)) R’
(Common)

Burntroot 1.2907 1.0802 1.5623 -0.8734 -1.1263 -0.6206 0.4674

Catfish 1.2907 1.0802 1.5623 -0.9325 -1.2158 -0.6492 0.3899

Cedar 1.2907 1.0802 1.5623 -0.9396  -1.2807 -0.5985 0.4672

Grand 1.2907 1.0802 1.5623 -0.9168  -1.2406 -0.593 0.7056

LaMuir 1.2907 1.0802 1.5623 -0.9311 -1.209 -0.6532 0.4494

Test Type Wald Statistic DF P

Elevation 18.73 4 0.0009

Table 18. Lake Whitefish (with Burntroot regression removed) LAL and GRL allometric regression
parameters associated with elevation and shift tests including: slope (common B), elevation
(log(a)), respective 95% lower confidence limits (LCL), upper confidence limits (UCL), and R?
value. Test statistic, degrees of freedom (DF), and P value of elevation and shift tests found in
table.

Regression B LCL (B) UCL(B) log(a) LCL(log(a)) UCL(log(a)) R®
(Common)

Catfish 1.2555 1.0277 1.555 -0.8899 -1.1967 -0.5831 0.3899

Cedar 1.2555 1.0277 1.555 -0.8909 -1.2601 -0.5217 0.4672

Grand 1.2555 1.0277 1.555 -0.8684 -1.2191 -0.5177 0.7056

LaMuir 1.2555 1.0277 1.555 -0.8913 -1.1923 -0.5904 0.4494

Test Type Wald Statistic DF P

Elevation 1.669 3 0.6439

Slope 148.4 3 < 0.0001

Table 19. Lake Cisco LAL and GRL allometric regression parameters associated with slope test
including: slope (B), elevation (log(a)), respective 95% lower confidence limits (LCL), upper
confidence limits (UCL), and R?value. Test statistic, degrees of freedom (DF), and P value of
slope test found in table.

Regression B LCL (B) UCL (B) log(a)  LCL(log(a)) UCL(log(a)) R’
Burntroot 1.2669  1.0565 1.5315 -0.6605  -0.9268 -0.3942 0.7054
Grand 1.3946  0.7245 3.2287 -0.8149  -1.7896 0.1598 0.7132
Whitebirch  1.4352  0.9954 2.1839 -0.8509  -1.4869 -0.2149 0.4573
Test Type Likelihood ratio Statistic ~ DF P

Slope 0.4338 2 0.8050
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Table 20. Lake Cisco LAL and GRL allometric regression parameters associated with elevation
and shift tests including: slope (common B), elevation (log(a)), respective 95% lower confidence
limits (LCL), upper confidence limits (UCL), and R? value. Test statistic, degrees of freedom (DF),
and P value of elevation and shift tests found in table.

Regression B LCL(B) UCL(B) log(a) LCL(log(a)) UCL(log(ar)) R’
(Common)

Burntroot 1.3107 1.12 1.5385 -0.7107 -0.9466 -0.4747 0.7054

Grand 1.3107 1.12 1.5385 -0.7225 -1.0023 -0.4426 0.7132

Whitebirch 1.3107 1.12 1.5385 -0.7034 -0.9506 -0.4563 0.4573

Test Type Wald Statistic DF P

Elevation 1.083 2 0.5818

Shift 33.91 2 < 0.0001

Table 21. Blackfin Cisco LAL and GRL allometric regression parameters associated with slope test
including: slope (B), elevation (log(a)), respective 95% lower confidence limits (LCL), upper
confidence limits (UCL), and R®value. Test statistic, degrees of freedom (DF), and P value of
slope test found in table.

Regression B LCL (B) UCL (B) log(a) LCL(log(a)) UCL(log(a)) R’
Cedar 1.3109 0.9785 1.8003 -0.8117 -1.36 -0.2633 0.4696
Hogan 1.2 0.9016 1.6226 -0.6394 -1.124 -0.1549 0.3716
Radiant 1.3497 1.0696 1.7322 -0.8436 -1.2919 -0.3952 0.6285
Test Type Likelihood ratio Statistic DF P

Slope 0.4052 2 0.8166
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Table 22. Blackfin Cisco LAL and GRL allometric regression parameters associated with elevation
test including: slope (common B), elevation (log(a)), respective 95% lower confidence limits

(LCL), upper confidence limits (UCL), and R* value. Test statistic, degrees of freedom (DF), and P
value of elevation test found in table.

Regression B LCL(B) UCL(B) Ilog(a) LCL(log(a)) UCL(log(a)) R?
(Common)

Cedar 1.2958 1.1117 1.5164 -0.7903 -1.0751 -0.5055 0.4696

Hogan 1.2958 1.1117 1.5164 -0.7748 -1.057 -0.4925 0.3716

Radiant 1.2958 1.1117 1.5164 -0.768 -1.0524 -0.4835 0.6285

Test Type Wald Statistic DF P

Elevation 8.26 2 0.0161

Table 23. Blackfin Cisco (with Cedar Lake regression removed) LAL and GRL allometric regression
parameters associated with elevation and shift tests including: slope (common B), elevation
(log(a)), respective 95% lower confidence limits (LCL), upper confidence limits (UCL), and R?
value. Test statistic, degrees of freedom (DF), and P value of elevation and shift tests found in

table.

Regression B LCL(B) UCL(B) log(a) LCL(log(a)) UCL(log(a)) R’
(Common)

Hogan 1.29 1.0759 1.5542 -0.7666 -1.0967 -0.4364 0.3716

Radiant 1.29 1.0759 1.5542 -0.7598 -1.0925 -0.4271 0.6285

Test Type Wald Statistic DF P

Elevation 0.5585 1 0.4549

Shift 0.3804 1 0.5374
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3.4 DISCUSSION

Blackfin Cisco display a high degree of feeding structure differentiation relative to other
coregonines in Algonquin Park. In comparison to Lake Whitefish and Lake Cisco, Blackfin have
the highest gill raker counts (Figure 11, 12), the largest LAL relative to FLEN (Figure 13) and the
longest gill rakers (Figure 14, Table 15). Blackfin do, however, share a common allometric slope
with Lake Whitefish and Lake Cisco in the relationship between LAL and GRL (f=1.32, Figure 15).
Variation among populations of Blackfin was evident with differences in gill raker count
distribution (Figure 12), significant differences in slope and elevation in the relationship
between FLEN and LAL (Table 11, 12, 13, 14), and significant elevation differences in the
relationship between LAL and GRL (Table 21, 22). Lake Whitefish and Lake Cisco have less
variation among their populations. Both species have uniform gill raker count distributions
(Figure 11), Lake Whitefish have a common allometric relationship between FLEN and LAL
(Figure 13, Table 10), a common LAL and GRL allometric relationship (aside from Burntroot Lake)
(Figure 15, Table 17) , and Lake Cisco have a common LAL and GRL allometric relationship
(Figure 15, Table 20). A clear effect of Mysis was evident in allometric comparisons, with Blackfin
and Lake Whitefish from Mysis lakes having longer, FLEN, LAL, and GRL than Lake Cisco and Lake

Whitefish not from Mysis Lakes (Figure 13, 14, 15).

The highest gill raker counts of the three Coregonus species compared in this study were
observed in the Blackfin of Cedar, Hogan and Radiant lakes. Mink Lake ciscoes were
intermediate in gill raker count between Lake Cisco and the Blackfin of Cedar, Hogan, and
Radiant Lakes (Figure 11, 12). There was no overlap in gill raker count between Blackfin and
Lake Whitefish, and very little overlap between Blackfin and Lake Cisco (Figure 11, 12). Blackfin

Cisco in this study also had a higher gill raker count than historically described in this species.
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Koelz (1929a) described Blackfin Cisco in Lakes Michigan and Huron as having similar gill raker
counts ranging from 40 to 52, with Blackfin Cisco in Lake Superior having a lower range in counts
(36-48), and Blackfin Cisco from Lake Nipigon having a slightly higher range in counts (44-54).
Dymond (1926) described Blackfin as having gill raker counts ranging from 46-51 in Lake
Nipigon, matching the range detected by Koelz (1929a). In these historical descriptions, the
maximum values for gill raker count for Blackfin Cisco approximated the average gill raker count
found in the Blackfin Cisco of Algonquin Park. Of the species that were historically described,
only the gill raker counts of Coregonus nipigon [54-66, Koelz (1929a); 50-59, Dymond (1926)]
match the gill raker counts observed in Algonquin Park Blackfin. In particular, the gill raker count
distribution observed in Cedar Lake (Figure 12) closely matches the C. nipigon gill raker count
description of Koelz (1929a). Interestingly, it is the gill raker counts observed in Mink lake
ciscoes (45-54, Figure 11) that most closely match the historical descriptions of Blackfin Gill
raker count.

Although contemporary descriptions of gill raker count do not exist for Blackfin, gill
raker counts for four Cisco morphotypes were described by Turgeon et al. (1999) in Lake
Nipigon, which is considered by COSEWIC (2007) to contain an extant population of Blackfin
Cisco. The morphotype with the highest gill raker count described by Turgeon et al. (1999) had
47-55 gill rakers, which, although similar to the range of counts observed in Lake Nipigon
Blackfin by Koelz (1929a) and Dymond (1926), is still lower on average than the Blackfin of
Algonquin Park. Etnier and Skelton (2003) described three cisco forms in Lake Saganaga on the
Ontario-Minnesota border of which one form had a range in gill raker count from 45 to 70 with a
mean of 56.1; very close to the mean Gill raker count of three Algonquin Park populations of
Blackfin combined (X = 56.3). Etnier and Skelton (2003) described the form with high gill raker

count as C. nipigon based on the description of that species by Koelz (1929a). C. nipigon was
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synonymized with Lake Cisco by Scott and Crossman (1973) and is not a recognized form by
Eshenroder et al. (2016).

The most intriguing pattern in the raker count distributions of the Blackfin in Algonquin
Park is that of Radiant Lake where gill raker count appeared bimodal. Each mode corresponds
to peak gill raker counts in Hogan and Cedar lakes (Figure 12). No difference in sex, body size or
age was found between fish in the different gill raker count modes. Fish in the different modes
were not segregated, as catches in many of the nets contained fish from both modes. As gill
raker count is heritable (Svardson, 1952; 1957; Todd et al. 1981; Bernatchez et al. 1996; Roesch
et al. 2013), this bimodality may be a result of genetic influence from Hogan and Cedar Lakes,
which are both upstream from Radiant Lake. Bi-modality in gill raker count can also be a result
of character displacement in sympatric forms, but this displacement generally arises from forms
exploiting different niches (Schluter and McPhail, 1993). It is not clear why bimodality would
persist in Radiant Lake. An examination of food web position using stable isotopes could reveal
whether fish from the different gill raker count modes were exploiting different niches.
Variability in gill raker count can be expected in allopatric populations of coregonines due to the
phenotypic plasticity that is known to occur in this trait (Lindsey, 1981; Todd et al.1981; Shields
and Underhill, 1993). Interestingly, allopatric populations of Lake Cisco and Lake Whitefish in
Algonquin display very little variation in gill raker count (see Figure 11), and in comparison to
historical depictions, allopatric populations of Blackfin found in Algonquin Park also display less
variation in this measure.

The allometric relationship between body size (FLEN) and lower arch length (LAL) and
between LAL and gill raker length (GRL) cleanly separated Blackfin Cisco in Cedar, Hogan and
Radiant lakes from other Coregonus species examined here. Of the coregonines compared,

Blackfin have the longest LAL in relation to body size (Figure 13), and the longest GRL. Although
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Lake Cisco had shorter GRL than Blackfin (Figure 14, Table 15), the higher elevation (approx. -
0.71, Table 20) of the Lake Cisco regression line in Figure 15 shows that, relative to LAL, Lake
Cisco had longer GRL than Blackfin, whose regressions were lower in elevation (approx. -0.78,
Table 21). Lake Cisco have shorter LAL relative to FLEN (Figure 13, Table 11, 12, 13) than Blackfin

which may account for why they have longer GRL relative to LAL than Blackfin.

Mink Lake ciscoes were intermediate between Lake Cisco and Blackfin Cisco in LAL and
GRL. Mink Lake Ciscoes did not share a relationship between FLEN and LAL common to either
Lake Cisco or Blackfin (see Figure 13), and their GRL was intermediate between Lake Cisco and
Blackfin (see Figure 14, Table 15). Lake Whitefish populations shared a common allometric
relationship between FLEN and LAL and (apart from Burntroot Lake) a common allometric
relationship between LAL and GRL. Lake Cisco and Blackfin do not share common relationships
between these characters. In a comparison of two sympatric forms of Lake Cisco with differing
gill raker count, Muir et al. (2013) found a common linear relationship between GRL and
geometric centroid which was a combination of FLEN, mass, and age. Based on this common
relationship, in conjunction with other strong correlations in linear characters Muir et al. (2013)
considered the two forms to be synonymous, with morphological differences arising from
changing resource use during ontogeny. Although this present study differs in that it is a
comparison of allopatric populations and doesn’t include age as a metric, Muir’s interpretation
that a lack of differentiation in linear characters implies a lack of differentiation between
morphotypes can be considered in this present study as our allometric comparisons are
analogous. Although Lake Whitefish living in lakes containing Mysis have significantly greater
FLEN, LAL, and GRL than those which live in non-Mysis lakes, the relationships between these

characters are common across populations, indicating that differences in these characters are
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predominantly a result of Mysis effects on growth and size. Blackfin have significantly larger
FLEN, LAL, and GRL than Lake Cisco, but unlike Lake Whitefish (of which some were sympatric
with Blackfin), and the sympatric cisco morphs compared in Muir et al. (2013), the relationships
between the characters FLEN, LAL, and GRL are not common between Lake Cisco and Blackfin,
which suggests that the effect of Mysis is not the sole reason for these observed differences. If
Blackfin Cisco are synonymous with Lake Cisco then the allometric relationship seen in Lake
Whitefish would be expected. All cisco would fall on a common allometric axis as observed in
Lake Whitefish. The origins of feeding structure differences have been shown to have some
genetic component in coregonines (Svardson, 1952; 1957; Todd et al. 1981; Bernatchez et al.
1996; Roesch et al. 2013) which may be an explanation for the observed differences, but no
genetic information exists at present for Blackfin.

It must be noted however, that there were significant differences in slope and elevation
between the regressions of the three Blackfin Cisco populations in both analyses. These
differences may be the result of in-situ adaptation to the unique food webs of each lake, but the
designation of these differences as statistically significant may also be a result of the sensitivity
of the test in the package smatr. In both the regressions of FLEN and LAL, and LAL and GRL, the
overlap in the data between the three Blackfin populations was extensive; hence their colouring
a common black in both Figures 13 and 15. Especially evident in Figure 15, there was a
significant difference in elevation between the regressions of Cedar, Radiant and Hogan Blackfin
(Table 22); an elevation difference that was very slight in comparison to the spread of the raw
data. The elevation parameters associated with these three regressions were quite similar,
differing only by a maximum of 0.02 (Table 22). To our knowledge, no study has examined the

sensitivity of the tests used in the package smatr, but based on the results of this study it
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appears that there may be some type Il error, as the null hypotheses of each test are, for
example; no difference in slope or elevation.

As the characteristics of feeding structures are indicative of feeding strategy, the results
of this study have given insight into the feeding ecology of Blackfin. Studies examining
coregonines have demonstrated, both observationally and experimentally, that planktivorous
forms tend to have longer, more numerous gill rakers, and benthivourous forms tend to have
shorter, less numerous gill rakers (see Kahilainen et al. 2011; Roesch et al. 2013). Although no a
priori prediction of Blackfin feeding ecology was proposed, Blackfin must be highly planktivorous
as they possess the most numerous and longest gill rakers of the coregonines compared.
Although no direct link between LAL itself and feeding ecology has been documented, LAL must
also be indicative of feeding ecology in a manner similar to GRL, as Blackfin have the longest LAL
relative to body size of the species compared. The only description of the feeding habits of
Blackfin pointed to a diet almost exclusively of Mysis (Koelz 1929a). Although dependent on
environment and life stage, adult body sizes of mature Mysids range from 11 mm to 24 mm,
regardless of species (Audzijonyte and Vainola, 2005). Mysis, of similar body size as described by
Audzijonyte and Vainola (2005), were found in the gut contents of the Blackfin populations in
this study (personal observation). The upper end of this range in body size is equivalent to the
average LAL measured for Blackfin, making a mature Mysis a large prey item for Blackfin. The
gut contents and isotopic signatures of two sympatric morphs of Cisco in Great Bear Lake were
found to correspond to gill raker count, with Mysis being the predominant dietary item of the
morph with relatively low gill raker count, and copepods, which are smaller in body size than
Mysis, being the main dietary item of the morph with relatively high gill raker count (Howland et
al. 2013). The large body size of Mysis coupled with observations of their being preferred by

Cisco morphs with low gill raker count (Howland et al. 2013) suggest that Mysis are not the
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primary food item for Blackfin in Algonquin Park. In addition to Mysis, other prey items were
found in the gut contents of the Blackfin populations sampled in this study, but were in an
advanced state of digestion and thus could not be identified. Mysis predate upon other
zooplankton, and in response to this predation, the size structure of the plankton community in
lakes which contain Mysis is generally smaller than similar plankton communities in lakes which
do not contain Mysis (Langeland et al. 1991: AlImond et al. 1996). In Cedar, Hogan and Radiant
lakes, Mysis predation may be reducing the size structure of the plankton community on which
Blackfin feed, thus forcing Blackfin to be highly efficient planktivores. Further evidence of the
effect of Mysis can be seen in the morphological analysis of Lake Whitefish. Although no
difference in gill raker count was evident between populations of Lake Whitefish compared, fish
from Mysis lakes had significantly greater LAL and GRL than fish from lakes without Mysis. This
suggests that Lake Whitefish have also adapted to be able to feed upon a prey base with a size
structure reduced by Mysis predation. It must be reiterated at this point that the Mysis in the
study lakes are present as a result of post-glacial activity (Martin and Chapman 1965; Dadswell,
1974), and have been sympatric with Lake Whitefish and Blackfin for many thousands of years.
The use of morphological characteristics to differentiate coregonines is often
complicated by the variability of these characteristics among species. Morphological
characteristics such as gill raker count, LAL, and GRL are generally most useful in differentiating
coregonines that occur sympatrically (Turgeon et al. 1999; Amudsen et al. 2004; Turgeon et al.
2016) as allopatric populations of the same coregonine species often display a large degree of
variability in these characters as a result of phenotypic plasticity (See Koelz, 1929a; Lindsey,
1981; Todd et al. 1981; Shields and Underhill, 1993; Turgeon et al. 2016). In an examination of
allopatric Shortjaw Cisco populations across Canada, Turgeon et al. (2016) found that the

morphological characteristics of Shortjaw Cisco were highly variable across lakes and often
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overlapped with Lake Cisco. Although this present study was conducted on a much smaller
spatial scale, the allopatric populations of coregonines compared in this study were
morphologically similar within species but morphologically distinct between species. Due to this
differentiation, the morphological characteristics of gill raker count, LAL, and GRL can be used to
reliably identify these coregonine species in Algonquin Park. The only population that
overlapped in morphology between two of the species compared was the population of ciscoes
in Mink Lake, but these fish were found to be distinct from both Lake Cisco and from the
Blackfin populations of Cedar, Hogan, and Radiant. Although non-overlapping with the other
species compared, there was a degree of morphological variation in the feeding structures of
the populations of Blackfin, which may be a result of phenotypic plasticity, or genetic
differentiation, or the sensitivity of the tests in the package smatr. Another instance of
inconsistency was the bimodality of gill raker count in Radiant Blackfin which may have arisen
from genetic influence from Cedar and Hogan lakes, or adaptive radiation into two niches within
Radiant Lake. Although the focus of this study was to examine the degree of morphological
differentiation in Blackfin through a comparison with other coregonines, there were some
similarities amongst the species, namely how GRL increased with LAL was common across the
species, albeit with significant differences in elevation. At present, the origins of morphological
differentiation and or similarity in Blackfin can only be speculated. Only a study similar to that of
Turgeon et al. (2016) and Turgeon et al. (1999) where morphological characteristics and genetics
are compared would be able to disentangle the origin of the morphological differentiation in
Blackfin. Regardless of origin, the Blackfin in this study are certainly morphologically distinct
among Algonquin Park’s coregonines, which not only makes Blackfin reliably identifiable, but has

given valuable insight into the feeding ecology of this rare and poorly studied fish.
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CHAPTER 4: General Discussion of Direction for Future Study

In this thesis, a multi-model approach revealed depth as the variable that best
explained the depth distribution of Blackfin with predicted CPUE of Blackfin being strictly within
the hypolimnion of lakes. Although temperature was not selected as a good explanatory variable
for the distribution of Blackfin as it varied little over where blackfin occur, their avoidance of the
metalimnion and epilimnion showed a preference for cold water, linking temperature to an
effect on their depth distribution. Perhaps a more accurate approach to understanding habitat
preferences would be to track Blackfin using acoustic telemetry similar to Lake Whitefish by
Gorsky et al. (2012). From this, model-derived depth distribution predictions of Blackfin could be
validated by observing their actual depth distribution. In this thesis, weighted temperature
preference was derived using predicted temperature at the depth of capture (see Chapter 2).
Implanting tags with temperature sensors should give a more accurate estimation of Blackfin
temperature preference and may better define their thermal niche. In addition to examining
Blackfin habitat preference from a thermal perspective, telemetry would be beneficial in
determining if any spatial patterns existed in their distribution, as well as revealing seasonal
distribution as our netting was over a brief temporal window. Spatial distribution may provide
information on breeding location and temporal distribution may reveal timing of breeding; both
of which are unknown at present. From telemetry can be derived an estimate of home range
size for Blackfin, which can be used in conjunction with predicted CPUE from hurdle models to

estimate population size.

Blackfin Cisco display a high degree of feeding structure differentiation from other
coregonines in Algonquin Park. In comparison to Lake Whitefish and Lake Cisco, Blackfin have

the highest gill raker counts, the largest lower arch length relative to body size, and the longest
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gill rakers. This degree of feeding structure differentiation not only makes Blackfin readily
identifiable among Algonquin Park’s coregonines, but also suggests that Blackfin are highly
planktivorous. Other studies (Kahilainen et al. 2011; Roesch et al. 2013) have demonstrated a
link between increases in gill raker count and length and planktivory. A clear effect of Mysis can
be seen in the feeding structures of both Blackfin and Lake Whitefish which suggests that Mysis
are having a top-down effect on planktonic size structure like that seen in other lakes (Langeland
et al. 1991; Almond et al. 1996), thus forcing these coregonines to be more efficient
planktivores. To test this hypothesis, a study comparing the actual size structure of the plankton
communities of Mysis and non-Mysis lakes coupled with more in-depth examination of the gut
contents of coregonines sourced from these lakes could make more robust the link between
Mysis and coregonine feeding structure differentiation. Historically, Blackfin were described as
feeding solely on Mysis (Koelz, 1929a), but the results of this thesis suggest that they are not the
primary food item of these Blackfin populations. An examination into the isotopic position of
Blackfin in the wider food webs of these lakes (similar to Schmidt et al. 2011) would help
validate this theory by revealing to which degree Mysis are a prey item or a competitor.
Although not published in this thesis, aging structures were taken from all Blackfin sampled.
Preliminary investigations have revealed that many Blackfin live to be 15 years of age with some
individuals reaching 25 to 30 years of age (unpublished data). This longer lifespan represents a
departure from what is observed in Lake Cisco populations in Algonquin Park, which usually live
to a maximum age approximate to the maximum age for Lake Cisco published in Scott and
Crossman (1973) of 11 years. This longer lifespan hints at a life-history which is much different
than observed in Lake Cisco in Algonquin Park. An examination into the age and growth of these
populations of Blackfin would be beneficial as nothing is currently known of the life-history of

Blackfin Cisco.
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As mentioned in Chapters 1 and 2, the lakes in which Blackfin exist occupy a postglacial
drainage system which drained glacial Lake Algonquin, the extent of which is reflected in the
distribution of Mysis in Algonquin Park. The extent to which fish species are distributed across
Algonquin’s landscape is an indicator of timing of invasion for each species via the network of
connections made available by proglacial lakes and outflows (see Martin and Chapman, 1965;
Mandrak and Crossman 1992; Mandrak, 1995; Bernatchez and Wilson 1998; Wilson and Hebert,
1998). Their restricted distribution suggests that Blackfin were latecomers to the Algonquin
landscape and may possibly have arrived from a different glacial refuge as other ciscoes
distributed higher on the Algonquin dome, much like how Wilson and Hebert (1998) found the
distribution of Lake Trout from an Atlantic refugia in Algonquin Park could be largely explained
by the extent of the postglacial drainage system of Lake Algonquin. Possible genetic differences
could account for why there are Mysis lakes within Algonquin Park that do not contain Blackfin
but do contain Lake Cisco (unpublished data). Study into the phylogeography of these ciscoes
may reveal whether these fish originate from a different glacial refugia than other ciscoes in
Algonquin, which may describe their incomplete distribution over Mysis lakes within Algonquin

Park.

The findings of this thesis cleanly separate Blackfin from the other coregonines in
Algonquin Park. These populations have been called blackfin as they most closely resemble the
descriptions of Blackfin Cisco by Koelz (1929a), but the status of these populations as Blackfin is
not finalized. Variation in feeding structure meristics and morphology among Blackfin
populations, especially the Mink Lake population, implies that a better description of these
populations may be a ‘Blackfin Species Complex’. All historically described inland populations of
Blackfin have been considered invalid due to taxonomic uncertainty (see Scott and Crossman

1973) as they have been considered forms of Lake Cisco. Also, more contemporary studies have
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scrutinized the heavy reliance on morphology to differentiate cisco species and morphs as many
of these forms and species lack genetic differentiation from one another (Turgeon and
Bernatchez 1999; Turgeon et al. 2016). Another deepwater cisco species, the Shortjaw Cisco,
was found to be more related to sympatric Lake Cisco than to other allopatric populations of
Shortjaw Cisco (Turgeon et al. 2016). This finding is much the same as that found in Lake Nipigon
where four morphotypes were found to lack genetic differentiation from one another (Turgeon
and Bernatchez 1999). Only a study akin to that of Turgeon et al. (2016) assessing the level of
genetic differentiation between Blackfin and the other Ciscoes in Algonquin Park could guide the
taxonomic designation of the populations found. Regardless of the taxonomical uncertainty
surrounding these fish, the findings of this thesis have shed light on these previously
undiscovered populations of Blackfin and should provide valuable information for future study

of these remarkable fish.
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APPENDIX

Figure Al. Fresh specimen of Blackfin Cisco caught in Cedar Lake, Algonquin Park displaying
colouration typical at time of capture.
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Figure A2. Fresh specimen of Blackfin Cisco caught in Hogan Lake, Algonquin Park displaying
colouration typical at time of capture.

Figure A3. Fresh specimen of Blackfin Cisco caught in Radiant Lake, Algonquin Park displaying
colouration typical at time of capture.
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Figure A4. Fresh specimen of Blackfin Cisco caught in Mink Lake, Algonquin Park displaying
colouration typical at time of capture.
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Figure A5. Bathymetric map of Cedar Lake with thermocline contour (dashed line) showing
netting locations which caught Blackfin Cisco (Present; filled circle) and those that did not
(Absent; open circle).
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Hogan Lake
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Figure A6. Bathymetric map of Hogan Lake with thermocline contour (dashed line) showing
netting locations which caught Blackfin Cisco (Present; filled circle) and those that did not
(Absent; open circle).
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Radiant Lake
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Figure A7. Bathymetric map of Radiant Lake with thermocline contour (dashed line) showing
netting locations which caught Blackfin Cisco (Present; filled circle) and those that did not
(Absent; open circle).
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Mink Lake
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Figure A8. Bathymetric map of Mink Lake with thermocline contour (dashed line) showing
netting locations which caught Blackfin Cisco (Present; filled circle) and those that did not
(Absent; open circle).
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