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Abstract

Understanding predator–prey interactions and food web dynamics is important for

ecosystem-based management in aquatic environments, as they experience

increasing rates of human-induced changes, such as the addition and removal of

fishes. To quantify the post-stocking survival and predation of a prey fish in Lake

Ontario, 48 bloater Coregonus hoyi were tagged with acoustic telemetry predation

tags and were tracked on an array of 105 acoustic receivers from November 2018

to June 2019. Putative predators of tagged bloater were identified by comparing

movement patterns of six species of salmonids (i.e., predators) in Lake Ontario

with the post-predated movements of bloater (i.e., prey) using a random forests

algorithm, a type of supervised machine learning. A total of 25 bloater (53% of all

detected) were consumed by predators on average (± S.D.) 3.1 ± 2.1 days after

release. Post-predation detections of predators occurred for an average (± S.D.) of

78.9 ± 76.9 days, providing sufficient detection data to classify movement pat-

terns. Tagged lake trout Salvelinus namaycush provided the most reliable classifica-

tion from behavioural predictor variables (89% success rate) and was identified as

the main consumer of bloater (consumed 50%). Movement networks between

predicted and tagged lake trout were significantly correlated over a 6 month

period, supporting the classification of lake trout as a common bloater predator.

This study demonstrated the ability of supervised learning techniques to provide

greater insight into the fate of stocked fishes and predator–prey dynamics, and

this technique is widely applicable to inform future stocking and other manage-

ment efforts.
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1 | INTRODUCTION

Predator–prey interactions provide fundamental linkages that define

food webs and structure ecological communities. Changes in the

abundance, distribution or availability of prey (or predators) can

have multiplicative impacts throughout the ecosystem with the

potential to alter community dynamics at evolutionary scales

(Beauchamp et al., 2007). Humans have played a large part in
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altering predator–prey and community relationships in aquatic envi-

ronments worldwide. For instance, the addition and removal of

fishes through stocking, harvesting, extirpations and introductions

has reshaped pre-industrial population demographics, biodiversity

and ecological interactions in marine and freshwater environments

(Eby et al., 2006; Rahel, 2000; Scheffer et al., 2005). There is inher-

ent value in tracking the ecological impacts of changing fish com-

munities from fishery management and conservation perspectives.

Nonetheless, it is often difficult to identify and quantify novel tro-

phic relationships, in addition to existing ones (Christensen, 1996;

Scheffer et al., 2005). For example, determining which species con-

sume stocked fish is inherently difficult to ascertain, especially if

the introduced animals are not pervasive or self-sustaining.

Fish stocking is conducted worldwide to supplement fish

populations for both economic and conservation purposes (Brown &

Day, 2002; Molony et al., 2003). An influx of stocked fishes, serving

as predator or prey, can have large influences on patterns of energy

flow, species abundance and distribution and both competitive and

non-competitive interactions (Beauchamp et al., 2007: Eby

et al., 2006). Predation of hatchery-reared fishes following stocking is

often a principal cause of mortality and can contribute to >25% of

post-stocking mortality (Howell, 1994; Karpinnen et al., 2014;

Thorstad et al., 2012). As fish stocking practices continue to expand

(Born et al., 2004) and ecosystems continue to change rapidly from

external factors (e.g., large-scale distribution shifts due to ocean/lake

warming; Cheung et al., 2013; Perry et al., 2005), understanding how

stocking affects community dynamics and ecological interactions is

essential for effective adaptive management.

Bloater Coregonus hoyi Milner 1874 are a deepwater forage fish

that are currently undergoing reintroduction in Lake Ontario (Canada/

USA). They were once widespread throughout the Laurentian Great

Lakes and comprised an integral part of the native fish community

(Eshenroder et al., 2016). Through diel vertical migration (DVM) in the

water column, bloater link deep benthic production with higher

trophic-level piscivores, serving as an important energetic link within

food webs (Favé & Turgeon, 2008; Ives et al., 2019). Survey data and

recent research suggest that bloater frequently occupy depths from

near surface to 110 m (Brown et al., 1985; Jobes, 1949; Klinard

et al., 2020; Koelz, 1929). With an average lifespan of 10 years,

bloater typically reach 23 cm in length (Scott & Crossman, 1973).

Although the native range of bloater encompasses all the Great Lakes

except Lake Erie, local extirpations have restricted bloater to Lakes

Superior and Michigan (Eshenroder et al., 2016). In Lake Ontario,

bloater became scarce by the 1960s, and the last documented catch

occurred in 1983 (Baldwin, 1999; Owens et al., 2003). According to

the IUCN, the conservation status of bloater is listed as vulnerable

(Gimenez, 1996).

Binational efforts to reintroduce bloater in Lake Ontario have cul-

minated as a result of overarching objectives to restore native fish

fauna to achieve a healthy lake ecosystem (Baldwin, 1999;

OMNRF, 2015; Zimmerman & Krueger, 2009). The goals of these

efforts are to reestablish original energetic pathways linking benthic

production and top predators, improve recruitment of piscivorous

predators and increase prey fish diversity (Favé & Turgeon, 2008;

Klinard et al., 2020). Nonetheless, bloater and other fishes are often

difficult to monitor post-stocking, which creates uncertainty sur-

rounding their survival and new role in the food web.

Machine learning algorithms, which can be categorized into

supervised and unsupervised learning, have been widely applied to

animal movement data in recent decades to identify and classify

behaviours (Valletta et al., 2017; Wang, 2019). Unsupervised learn-

ing involves the classification of unlabelled behavioural modes (e.g.,

clustering algorithms) and can aid in identifying commonalities

among individuals based on various observed behavioural metrics. In

contrast, supervised learning requires input data with pre-

determined behavioural modes to train an algorithm to make predic-

tions from new unknown input data (e.g., random forests). Although

machine learning in spatial ecology has primarily been applied to

biologger, remote sensing and satellite telemetry data, it is increas-

ingly being used to analyse acoustic telemetry data sets (Brewster

et al., 2018; Brownscombe et al., 2020; Daniels et al., 2018). Acous-

tic telemetry is used to monitor the movements of fishes, which

consists of a transmitter (hereafter tag) implanted in (or on) an ani-

mal which is detected and logged on moored receivers (Donaldson

et al., 2014). The near-continuous spatial and temporal monitoring

of acoustic telemetry and the recent development of predation tags

that can detect the occurrence of predation allow for the estimation

of the post-stocking survival and predation of bloater (Halfyard

et al., 2017).

The predation of bloater and resulting retention of predation

tags in the gastrointestinal tract of predators in Lake Ontario for

≥6 months (Klinard et al., 2019a) enabled the survival of this

stocked prey fish to be effectively quantified for the first time.

Furthermore, tracking the movements of retained predation tags, in

conjunction with acoustically tagged salmonid predators in Lake

Ontario, provided a unique opportunity to use supervised machine

learning techniques to assess the feasibility of predicting the spe-

cies of unknown predators of bloater following stocking. The

objectives of this study were to (a) evaluate and quantify the sur-

vival of bloater equipped with predation tags and (b) demonstrate

the potential to classify post-predation movements of tagged

bloater relative to six predator species in Lake Ontario. Quantifying

aspects of survival and predation of stocked bloater would provide

important information relating to the trophic role of reintroduced

bloater and contribute to adaptive management and restoration

approaches.

2 | MATERIALS AND METHODS

The care and use of experimental animals complied with the Canadian

animal welfare laws, guidelines and policies as approved by the Uni-

versity of Windsor Animal Care Committee (AUPP 18-13) and the

OMNRF (Animal Use Protocol #135).
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2.1 | Study site and acoustic receiver array

An array of 105 acoustic receivers (69-kHz VR2W receivers, Vemco

Inc., Bedford, NS, Canada) spanning c. 375 km2 was deployed in June

2018 in the St. Lawrence Channel of eastern Lake Ontario

(43� 55.3070 N, 76� 31.7150 W; Figure 1). The St. Lawrence Channel

is approximately 4 km wide and 20 km long with depths between

50 and 60 m and bordered by shallower water (c. 20 m). Receivers

were spaced c. 1 km apart based on the detection efficiency deter-

mined in previous studies (Klinard et al., 2019b). Receiver moorings

were constructed following methods described in Klinard et al. (2019b),

and receivers were suspended with the hydrophone facing upwards c.

2 m above the lake bottom. Additional receivers were concurrently

deployed throughout Lake Ontario as part of other ongoing acoustic

telemetry projects through the Great Lakes Acoustic Telemetry

Observation System (GLATOS) network (Figure 1) (Krueger

et al., 2018). The full receiver array was downloaded by 4 June 2019.

2.2 | Bloater tagging and stocking

A total of 48 bloater were tagged on 6 November 2018 with V9DT-

2X acoustic tags (31.5 mm length × 9 mm diameter; 3.0 g weight in

water; nominal delay 210 s; estimated battery life 360 days; Vemco

Inc.) designed to detect predation events. All bloater were reared and

tagged at the Ontario Ministry of Natural Resources and Forestry

(OMNRF) White Lake Fish Culture Station (Sharbot Lake, Ontario),

following procedures described in Klinard et al. (2019a). Surgeries

lasted c.120–150 s, and fish were monitored daily for 2 weeks follow-

ing surgery. Tagged bloater ranged in mass from 61 to 119 g (mean

± S.D.: 89.7 ± 13.6) and in fork length from 172 to 215 mm (mean

± S.D.: 191.6 ± 9.3). There was negligible mortality and no tag loss

prior to transportation and stocking (described in Klinard et al., 2020).

Bloater were released at two locations near the east and west ends of

the receiver array on 19 November 2018 (Figure 1). Underwater vide-

ography during transport and release indicated no visible signs of

stress and showed tagged bloater swimming to depth.

2.3 | Predator tagging

A total of 126 adult individuals across six top predator species in Lake

Ontario were tagged from 25 October 2016 to 6 September 2019

(Supporting Information Table S1). Fish tagged included 20 hatchery-

raised Atlantic salmon Salmo salar L. 1758, 18 brown trout Salmo

trutta L. 1758, 31 Chinook salmon Oncorhynchus tshawytscha

(Walbaum 1792), 16 coho salmon Oncorhynchus kisutch (Walbaum

1792), 17 rainbow trout Oncorhynchus mykiss (Walbaum 1792) and

55 lake trout Salvelinus namaycush (Walbaum 1792). Tagging of these

individuals occurred at various locations and times, but fish were gen-

erally angled from a boat while trolling, although some lake trout were

also captured by short-duration gillnet sets near spawning shoals.

F IGURE 1 Location of acoustic receivers deployed in Lake Ontario from 19 November 2018 to 4 June 2019. Map inset features the project
receiver array. Yellow circles denote release locations where bloater were stocked into the lake, red circles represent receivers deployed as part
of the study and black circles signify receivers deployed through the Great Lakes Acoustic Telemetry Observation System (GLATOS) network.
Note that GLATOS receivers depicted were not always present for the entire study duration but were deployed at some point during the study.
( ) release location, ( ) project receivers, ( ) GLATOS receivers
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Once captured, fish were anaesthetized using clove oil or electro-

anaesthesia with fish handling gloves, and transmitters were inserted

into the body cavity through a 2–3 cm mid-ventral incision. A variety

of V9, V13 and V16 69 kHz transmitters (Vemco Inc.) were used. Inci-

sions were closed with two to three interrupted sutures. Fish recov-

ered in a cooler with recirculating water and were released as soon as

they were able to maintain normal orientation, as extended holding

can increase post-release mortality in salmonids (Donaldson

et al., 2011, 2013).

2.4 | Data analysis

All bloater detections were assessed for each tag to determine their

fate (see Klinard et al., 2019a, and Supporting Information for exam-

ples). Bloater were considered dead if there was evidence of preda-

tion indicated by the tag signal or detection patterns indicated no

horizontal movement for the remainder of the detection period. If

bloater stopped being detected with no indication of death in prior

detection data, they were considered alive at the time of last detec-

tion with final fate unknown. If post-predation detections (i.e., tag

switched to a predated signal) were recorded, the bloater was pre-

sumed to have been predated and fate was designated following the

change in transmission signal. Tags that had post-predation detections

were further examined to evaluate the potential occurrence of false

positives (i.e., the tag switching from a pre- to post-predation trans-

mission without predation). If the detections exhibited patterns char-

acteristic of a dead fish (i.e., constant detection at the same location

for the duration of the study and no change in movement between

pre- and post-predation detections) prior to the transmission signal

changing, the switch was presumed to be the result of a false positive,

and suspect detections were considered to be from a dead bloater.

Detections were considered to originate from a dropped tag that was

egested by a predator if the detections were from a valid post-

predation signal and suggested a sudden cessation of movement (i.e.,

stationary horizontal movement). For all bloater that were considered

predated, the time at which the tag triggered (i.e., switched to a post-

predation transmission) was calculated from tag sensor data that

transmits the number of hours since triggering. Time since triggering

is recorded at varying resolution (1‑16 h) that decreases with the pas-

sage of time and is presented as a range (minimum to maximum num-

ber of hours) based on the resolution. The minimum time since

triggering was used to calculate the time when tags triggered (i.e.,

bloater were consumed/digested) as a conservative approach to

ensure that all tags had switched at the reported time. Similarly, all

detections of tagged salmonid predators were assessed on an individ-

ual basis to remove fish that appeared dead. For all tagged predator

and post-predation bloater detections, individuals that had limited

detection data (i.e., ≤2 unique days with detections and <5 km

between detections) were removed from further analyses. All analyses

were completed in R version 3.6.1 (R Development Core Team, 2019),

and statistical significance was assumed at α = 0.05.

Ten predictor variables were selected to characterize the move-

ment patterns of predators with the goal of selecting variables that

could lead to distinguishing species. These included (a) proportion of

days detected during the detection period, (b) maximum range of dis-

tance moved, (c) average distance detected from the release site, (d) S.

D. of distance detected from the release site, (e) average time

between all detections, (f) S.D. of time between detections, (g) count

of switches between the east and west sides of the lake, (h) average

distance moved between consecutive days, (i) proportion of detection

days that were consecutive and (j) average number of days between

daily detections. The distance was calculated using the release loca-

tion of the tagged bloater as a point of reference. To reduce biases

that may be associated with the location of tagging and release, the

average and S.D. of the distance detected were represented as a pro-

portion of the range of distance moved for individual fishes.

A random forests model was used to differentiate between the

movement patterns of the six species based on the 10 predictors

using the “randomForest” R package (Liaw & Wiener, 2002). Random

forests construct a series of decision trees that operate as an ensem-

ble by combining outputs from individual trees to improve the predic-

tion of the response values (Breiman et al., 1984). Each tree uses a

random sample of the data and a set of randomly selected predictors

to choose optimal splits of the trees. To train, tune and evaluate the

random forests model, the tagged predator data (i.e., 10 predictor vari-

ables) were split into 70% as a training data set and 30% as a test data

set. The generalization ability of the model was optimized by deter-

mining the optimal number of predictor variables (i.e., mtry), maximum

nodes and trees using the “caret” R package (Kuhn et al., 2019). Ten-

fold cross-validation was used to resample the data, fit random forests

and estimate the mean of the Kappa statistic to select the best param-

eter values. The Kappa statistic is a numerical rating that represents

the precision that would be expected by chance (i.e., accounts for

imbalanced class sizes; Viera & Garrett, 2005). Kappa values range

from −1 to 1, where negative values indicate agreement less than

chance, 0 is exactly what would be expected by chance and 1 is per-

fect agreement. The best mtry, maximum nodes and number of trees

were used to refit the final random forests. The test data set then

determined the mean prediction accuracy of the model. Variable

importance was assessed using the mean decrease in accuracy, which

is the mean decrease in prediction accuracy of the model as deter-

mined by removing the variable from the model (Han et al., 2016).

Finally, the random forests model was applied to the post-predation

detections of 20 consumed bloater with sufficient data (i.e., >2 days

of detections needed to calculate variables) to predict the probability

that the detections represent the movement patterns of each of the

six predator species (i.e., probability of all six classes sum to one for

each individual). All available predator detection data from 2016

onwards were opted for use as opposed to selecting only data from

the post-predated bloater detection period (i.e., 21 November 2018

to 4 June 2019), despite potential seasonal or alternate patterns,

because it allowed for more structure (i.e., patterns) and ranges in

behaviour to be identified in the data.
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Post-predation detection data using random forests predicted

that 10 bloater were consumed by lake trout (see “Results”). Because

most post-predation detections were predicted to be lake trout, these

data were compared with known lake trout using movement networks

(Dale & Fortin, 2010) to evaluate model designations and actual

space-use patterns. To account for the large detection range creating

simultaneous detections at various receivers (Klinard et al., 2019b),

the detections were grouped into 30 min intervals, and the most fre-

quent receiver was selected as the detection location for each inter-

val. A 30 min grouping interval was selected based on a possible

minimum 10 detections recorded in 30 min (i.e., predator tags and

predation tags had a nominal delay of 90 or 180 and 60 s, respec-

tively). Detection data from 38 tagged lake trout (filtered to the same

time period that predated bloater were detected; 21 November 2018

to 4 June 2019) were selected and similarly grouped into 30 min inter-

vals. The selected detection data for predated bloater and tagged lake

trout were divided into three time periods to examine the changes in

movement over shorter time periods: (a) 21 November 2018 to

31 January 2019; (b) 1 February 2019 to 31 March 2019; and

(c) 1 April 2019 to 4 June 2019.

For each of the six groupings of data (i.e., three time periods each

for predated bloater data and tagged lake trout data), an inter-receiver

movement matrix was created for each individual. The movement

matrices counted the relative presence at, and movements between,

receivers. Relative movements were defined as the number of times

the individual moved between two receivers divided by the total num-

ber of movements within its space use (i.e., total edges in the net-

work). Relative presence refers to the number of incoming and

outgoing movements of an individual (i.e., edges) at a receiver (i.e.,

node). Relative metrics were used to reduce biases in the frequency

and amount of detections associated with the time and location of

post-predation tag expulsion by the predator. The matrices for all indi-

viduals within a group were summed and divided by the total number

of individuals in the group to standardize for variable numbers of indi-

viduals being detected due to tag expulsion and a large number

(n = 38) of tagged lake trout. The final matrices were used to create

standardized weighted directed networks for each group that

reflected space use within the array during the respective time period

using the “igraph” R package (Csárdi & Nepusz, 2006). To assess the

correlation between networks of predated fish and tagged lake trout,

a Mantel test was performed on the two matrices for each time period

using the “vegan” R package (Oksanen et al., 2019).

3 | RESULTS

3.1 | Detection summary and survival

Of the 48 tagged bloater, 47 had recorded detections following their

release into eastern Lake Ontario on 19 November 2019 until the

array was downloaded on 4 June 2019. Over the course of the

6 month detection period, 30 tags (64% of all detected) had recorded

post-predation detections, suggesting consumption by a predator. A

total of 17 tags had only pre-predation detections (34% of all

detected), indicating the fish were not consumed by a predator during

their detection period. Of the 30 tags that exhibited a switch to the

post-predation transmission, five tags appeared to be false positives

(IDs 2–6; Supporting Information Figure S1) based on delayed

switches to post-predation identification (mean ± S.D.: of 94.6

± 51.4 days) following stationary detections, resulting in 25 predation

events (53% of all detected; IDs 7–31; Figures 2 and 3). Note that

three of these predation events (IDs 7–9: Figure 2) were inferred, as

all post-predation detections indicated no movement and likely

already passed through the predator's gastrointestinal tract (i.e., detec-

tions were considered “egested” instead of “predated”).

Based on the time at which the tags triggered, the maximum sur-

vival of the 25 bloater prior to predation was 3.1 ± 2.1 (mean ± S.D.)

days (range: 0.7–9.3 days) with detections up to 9.0 ± 8.8 km (mean

± S.D.) from the release site (Table 1; Figure 3; Supporting Information

Figure S2). Similarly, detection of the 16 tags that were never

predated (i.e., had only pre-predation detections) and had no other

obvious indication of death occurred for 1.0 ± 1.6 (mean ± S.D.) days

(range: 0–7 days; IDs 32–47; Figure 2; Table 1) with detections up to

5.1 ± 1.9 km (mean ± S.D.) from release. Nonetheless, since these

16 bloater were only detected for up to 7 days following release and

then never detected again, it is difficult to determine their fate. Six

bloater appeared to die rapidly after release but without being

predated based on constant detection at the same location for the

rest of the study duration and had detections for only 0.4 ± 0.5

(mean ± S.D.) days prior to death (range: 0–2 days; IDs 1–6; Figure 2;

Table 1).

The first post-predation detections of all consumed bloater

(n = 25) were recorded on average (± S.D.) 5.6 ± 5.3 days after release

and within 22 days following release (Supporting Information

Figure S2). Due to the time it takes for the transmission signal of the

tag to switch from pre-predation to post-predation in the gut of the

predator (i.e., signal lag), the precise time and location of predation of

tagged bloater cannot be known. Preliminary results from laboratory

predation tag trials involving tagged bloater fed to lake trout in a

hatchery (10–12�C) indicated a mean signal lag of 77 h (range

24–126 h; unpubl. data). Nonetheless, based on the change in trans-

mission signal and tag sensor data, it can be confidently concluded

that at the minimum time since triggering, the tag is inside the preda-

tor. Because signal lag is unknown and may vary by species and indi-

vidual, it is possible that the tagged bloater were already consumed

during the final pre-predation detections. As such, the first post-

predation detections provide a conservative estimate of when preda-

tion occurred, but the final pre-predation detections may be more

indicative of the timing of predation. There were no evident patterns

in the location of the final pre-predation detections and first post-

predation detections (Supporting Information Figure S2).

Post-predation detections of predators occurred for an average (±

S.D.) of 78.9 ± 76.9 days before the tag was expelled or the predator

ceased to be detected (Figure 2). Eleven predators were considered to
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have expelled the tag based on sudden and constant detections at the

same location for the duration of the study. The time that the tags

remained in the predators (i.e., tag retention) ranged from <1 day to

>6 months (see Klinard et al., 2019a). Predators that consumed tagged

bloater were detected on several receiver arrays deployed throughout

Lake Ontario through the GLATOS network. The predators exhibited

lake-wide movements up to 242.4 km from the release location in

northeastern Lake Ontario with average maximum detection distances

of 31.5 ± 49.2 km (mean ± S.D.; Table 1).

3.2 | Predator classification

The final predator detection data set consisted of 3,511,149 detec-

tions from five hatchery-raised Atlantic salmon, 16 brown trout,

20 Chinook salmon, 13 coho salmon, 55 lake trout and 12 rainbow

trout from 25 October 2016 to 6 September 2019 (Supporting Infor-

mation Table S1). Pearson correlation coefficients (cc) calculated for

each pair of predictor variables revealed high correlation of average

days between daily detections and S.D. of time between detections

(cc = 0.88) as well as the range of distance moved and the number of

switches between sides of the lake (cc = 0.83). All variables were

included in the analyses due to the ability of random forests machine

learning algorithms to handle correlated variables well because of

sampling and bagging (Breiman, 2001). The optimal random forests

model selected seven variables at each tree split, had a maximum

node value of 6 and consisted of 250 trees. The out-of-bag predic-

tion error for the model was 44.1%, and classification errors ranged

from 0.114 to 1.0 (Table 2). The random forests had the highest suc-

cess rate for predicting lake trout at 89%, followed by success rates

of 77% and 50% for Chinook salmon and brown trout, respectively

(Table 2). The range of distance moved was the strongest predictor

of species, followed by average distance moved between consecu-

tive days (Figure 4a). When applied to the nontraining data set, the

mean prediction accuracy of the random forests was 0.649 (95% C.I.:

0.475, 0.798). Of the 20 individuals that had a sufficient amount of

post-predation detections following consumption of a tagged

bloater, the optimal random forests model predicted that 50%

(n = 10) were lake trout, 40% (n = 8) were brown trout, 5% (n = 1)

F IGURE 3 Percentage of tagged and detected bloater (Coregonus
hoyi; n = 47) predated over the first 6 weeks following release into
Lake Ontario. The red line represents the time of predation based on
the minimum hours since the tag triggered. The dotted line indicates
the time of the last detection of all non-predated (n = 16) tagged
bloater

F IGURE 2 Summary of detections for all bloater (Coregonus hoyi) that were detected (n = 47) following release into Lake Ontario from
19 November 2019 to 4 June 2019. The colour of the circles denotes fate at the time of detection, and red diamond indicates when the
predation sensor triggered. ( ) bloater, ( ) predator, ( ) excreted, ( ) dead, ( ) tag triggered
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were Chinook salmon and 5% (n = 1) were Atlantic salmon

(Figure 4b; Table 3).

A total of 38 tagged lake trout had sufficient data from the period

of 21 November 2018 to 4 June 2019 that was used to build move-

ment matrices. One network was created for each time period for the

post-predation data and tagged lake trout data resulting in a total of

six standardized weighted directed networks (Figure 5). Mantel tests

between the networks in time periods 1, 2 and 3 revealed significant

correlation in each time period (rt1 = 0.124, rt2 = 0.125,rt3 = 0.393 at

P < 0.001). Predicted lake trout and tagged lake trout both exhibited a

decrease in network size and extent from the first to second time

periods followed by an increase from the second to third time periods

TABLE 2 Confusion matrix of optimal random forests model using the training data set

Predicted class

Actual class

Class error (%)Atlantic salmon Brown trout Chinook salmon Coho salmon Lake trout Rainbow trout

Atlantic salmon 0 1 1 0 2 0 100.0

Brown trout 0 6 1 1 4 0 50.0

Chinook salmon 0 0 10 2 1 0 23.1

Coho salmon 0 2 6 0 4 0 100.0

Lake trout 0 1 1 2 31 0 11.4

Rainbow trout 0 0 5 3 0 0 100.0

TABLE 1 Summary of detection data for all detected bloater (Coregonus hoyi; n = 47)

Detection category n ID First detection (days) Detection period (days) Max. dist. (km) Last dist. (km)

Bloater never predated 16 32–47 - 1.0 ± 1.6 5.1 ± 1.9 3.1 ± 2.0

Bloater pre-death 3 1–6 - 0.8 ± 0.6 5.9 ± 2.1 3.1 ± 2.9

Bloater pre-predation 25 7–31 - 2.5 ± 2.0 9.0 ± 8.8 6.3 ± 9.6

Post-predation 22 10–31 5.6 ± 5.3 78.9 ± 76.9 31.5 ± 49.2 24.6 ± 45.2

Note: Detection categories include bloater that were never predated, bloater that were alive at release and then died, bloater prior to predation and post-

predation detections. ID refers to the fish IDs (see Figure 2). First detection is the time from release until the first detection, detection period is the time

from first to last detection, max. distance is the maximum distance from release detected and last dist. is distance from release of the final detection. Mean

± S.D. is presented for first detection, days detected, max. dist. and last dist.

F IGURE 4 Variable importance results from the random forests model: (a) mean decrease in accuracy for all variables used; and
(b) cumulative distance moved on consecutive detection days for all post-predation fish included in the model. Variables in (a) are maximum range
of distance moved, average distance moved between consecutive days, proportion of detection days that were consecutive, average time
between all detections, count of switched between the east and west sides of the lake, average number of days between daily detections,
average distance detected from the release site, S.D. of distance detected from the release site, proportion of days detected during detection
period and S.D. of time between detections. AS is Atlantic salmon (Salmo salar), BT is brown trout (Salmo trutta), CS is Chinook salmon
(Oncorhynchus tshawytscha) and LT is lake trout (Salvelinus namaycush) ( ) AS, ( ) BT, ( ) CS, ( ) LT
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(Figure 5). Tagged lake trout were detected on more receivers north-

west of the main array than the predicted lake trout across all time

periods. As a result, tagged lake trout generally had smaller node sizes

and edge densities within the main array. Overall, predicted and

tagged lake trout networks displayed similar spatial and temporal

changes.

4 | DISCUSSION

The post-stocking survival and predation of a hatchery-reared prey

fish species undergoing reintroduction in Lake Ontario were inferred,

and how novel predation tags and a supervised machine learning algo-

rithm could be used to analyse and predict patterns observed in

acoustic telemetry data was demonstrated. Approximately 53% of

detected bloater were consumed by predators shortly after release,

and nearly all other individuals either died, also shortly after release,

or were only detected for a few days with unknown fate. An

advanced methodology classifying post-predation detections of

tagged bloater into six potential predator species was also tested,

demonstrating the potential for predation tags and supervised

machine learning algorithms to predict species that are consuming

these prey fish. Lake trout had the strongest predictive capabilities in

the optimized random forests classifying predator species, contribut-

ing to c. 50% of predated bloater. The identification of predation as a

primary source of post-stocking mortality, especially over short time-

scales and given the increasingly rapid rate of change in ecosystems,

is relevant for the adaptive management of ongoing reintroduction

efforts for this and other deepwater fishes. Furthermore, predictive

analytical approaches, as demonstrated in this study, provide novel

ways to interpret the behaviour and ecology of fishes for applied

management.

4.1 | Ecology and management

The survival of stocked bloater during the study period was ≤34%

based on individuals that were not predated and did not appear to die

during detection. However, these 16 bloater were detected for

<1 week and without further detection; therefore, it is difficult to

assess their final fate. Although some bloater seem to have perished

outside the receiver detection ranges shortly after release (Klinard

et al., 2020), some individuals may leave the spatial extent of the

receiver array and survive undetected elsewhere in the lake. Given

the limited receiver coverage throughout Lake Ontario, especially in

deep areas, this is entirely possible. A prior tag effects study (within

TABLE 3 Random forests prediction of species classes on post-predation detection data

Fish ID

Species class

Final classAtlantic salmon Brown trout Chinook salmon Coho salmon Lake trout Rainbow trout

10 0.148 0.376 0.020 0.196 0.244 0.016 BT

11 0.244 0.316 0.000 0.116 0.324 0.000 LT

12 0.236 0.308 0.000 0.116 0.336 0.004 LT

13 0.208 0.488 0.012 0.072 0.204 0.016 BT

14 0.012 0.228 0.008 0.016 0.736 0.000 LT

15 0.008 0.676 0.036 0.152 0.124 0.004 BT

16 0.016 0.120 0.036 0.084 0.728 0.016 LT

17 0.024 0.188 0.000 0.096 0.688 0.004 LT

18 0.004 0.672 0.016 0.180 0.116 0.012 BT

19 0.056 0.440 0.012 0.104 0.380 0.008 BT

20 0.236 0.292 0.000 0.036 0.432 0.004 LT

21 0.028 0.020 0.004 0.024 0.924 0.000 LT

22 0.324 0.316 0.000 0.096 0.264 0.000 AS

23 0.000 0.032 0.652 0.116 0.020 0.180 CS

24 0.012 0.092 0.092 0.292 0.416 0.096 LT

25 0.024 0.628 0.040 0.068 0.236 0.004 BT

26 0.164 0.404 0.000 0.076 0.352 0.004 BT

27 0.044 0.308 0.020 0.200 0.420 0.008 LT

28 0.244 0.320 0.000 0.092 0.340 0.004 LT

29 0.004 0.760 0.016 0.160 0.056 0.004 BT

Note: Highest classification value is bolded for each individual, and final class indicates the respective predicted species class; AS is Atlantic salmon (Salmo

salar), BT is brown trout (Salmo trutta), CS is Chinook salmon (Oncorhynchus tshawytscha), LT is lake trout (Salvelinus namaycush) and RT is rainbow trout

(Oncorhynchus mykiss).
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F IGURE 5 Summed networks of post-predation detections from individuals that were predicted to be lake trout (Salvelinus namaycush;
n = 10) and detections of tagged lake trout (n = 38) in northeastern Lake Ontario. Networks were created for three time periods: (1) 21 November
2018 to 31 January 2019; (2) 1 February 2019 to 31 March 2019; and (3) 1 April 2019 to 4 June 2019. Networks shown are as follows:
(a) predicted lake trout (n = 10) and (b) tagged lake trout (n = 37) for period 1; (c) predicted lake trout (n = 4) and (d) tagged lake trout (n = 21) for
period 2; and (e) predicted lake trout (n = 3) and (f) tagged lake trout (n = 35) for period 3. Circles represent nodes, and the circle size corresponds
to node degree. Lines indicate edges, and the line thickness corresponds to edge density
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the holding facility) that revealed negligible mortality of bloater

6 months after tagging (Klinard et al., 2018) leads us to believe the

non-predated mortality in the current study is related to stress associ-

ated with stocking or difficulty adjusting to the wild (Klinard

et al., 2020). Despite being a deepwater species, these fish are reared

in a shallow tank in a hatchery setting and are not exposed to the

depths that they would experience in the wild. Similarly, these bloater

have never been exposed to predators, new habitats or other aspects

of the wild that may result in difficulty acclimatizing. Although some

stocked bloater have exhibited regular DVMs and escaped initial pre-

dation (Klinard et al., 2020), they may not be fully equipped to handle

the transition from hatchery to wild. Hatchery-rearing techniques

continue to improve and produce more fishes for stocking, yet post-

stocking survival can be highly variable across species and location

and low survival (<5%) is not uncommon (Brown & Day, 2002). As

technology develops, the ability to track the movements of bloater

and other stocked fishes and address survival, either directly (e.g., pre-

dation tags) or indirectly (e.g., lack of movement), is an important tool

for management, as it provides individual-level assessment not neces-

sarily possible with other approaches (Dudgeon et al., 2015).

The relatively high predation of bloater (53% of tagged bloater

detected) by a diversity of predators indicates that bloater could con-

tribute as intended to a diversified forage fish prey base and ecosys-

tem rehabilitation efforts in Lake Ontario. Post-stocking predation of

hatchery-reared fishes is a principal cause of mortality and is expected

for a stocked prey fish (Howell, 1994; Karpinnen et al., 2014; Thorstad

et al., 2012). For example, Thorstad et al. (2012) observed rapid mor-

tality of 37% of hatchery-reared Atlantic salmon smolts following

release into a river, with at least 25% of mortality because of preda-

tion from marine fishes. Similarly, Karam et al. (2008) examined the

post-stocking mortality of razorback sucker (Xyrauchen texanus)

stocked in a lake and found a 2 week survival of 75% and 6 month

survival of 16%, with the main source of mortality believed to be

predation. The main goals of binational bloater stocking efforts are

to achieve a self-sustaining population that will diversify the off-

shore prey fish community, reestablish historic ecological structure

and function and increase ecological integrity and resilience

(Connerton & Stewart, 2015). As discussed earlier, current stocking

practices may need to be reevaluated, especially to reduce such high

predation of bloater immediately following release. Other

approaches, such as staggering releases either spatially or tempo-

rally, pre-conditioning bloater to stressors (e.g., predators) during

rearing (Brown et al., 2003; D'Anna et al., 2012; Hutchinson

et al., 2012) or releasing more (or larger) bloater each stocking event

(Grausgruber & Weber, 2020), may ameliorate post-release survival

and remain to be tested. Considering the past and ongoing rehabili-

tation efforts for stocking of lake trout throughout the Great Lakes

and particularly in Lake Ontario (Muir et al., 2012; Stewart

et al., 2017), it is unlikely that changes to predator abundance will

mitigate bloater predation. Therefore, moving forward, the short-

term goals of bloater stocking should prioritize reducing predation

to help bolster the long-term goals, such as establishing a self-

sustaining population.

Tagged lake trout provided the most reliable classification based

on behavioural predictor variables (i.e., 89% success rate) and was

identified as the main consumer of bloater (i.e., 50%) during this study.

Lake trout and Chinook salmon make up the bulk (70%–80%) of prey

consumption in Lake Ontario (Bence et al., 2008; Gaden et al., 2019).

As a species native to Lake Ontario, lake trout diet has historically

consisted of ciscoes (Coregonus spp.) and deepwater sculpin

Myoxocephalus quadricornis (Girard 1851; Christie et al., 1987). Follow-

ing the collapse of cisco and deepwater sculpin populations in the

1940s and 1950s, lake trout shifted to consumption of primarily ale-

wife Alosa pseudoharengus Mitchill 1815 and rainbow smelt Osmerus

mordax Mitchill 1814 (Rand & Stewart, 1998). More recently, lake

trout consumption has included the invasive round goby Neogobius

melanostomus (Pallas 1814; Colborne et al., 2016; Dietrich et al., 2006;

Rush et al., 2012). Lake trout have been stocked in Lake Ontario since

the 1950s, but one of the primary impediments to lake trout restora-

tion is the quantity and quality of prey, which hinders the growth and

survival of lake trout at all life stages, as well as their reproductive suc-

cess (Stewart et al., 2017). Consumption of alewife, a pelagic forage

fish, can lead to thiamine deficiency and reduced reproductive success

in lake trout and thus raises significant concerns for sustaining the

current population (Fitzsimons et al., 2009; Lantry et al., 2015).

Bloater likely would provide a better prey alternative than alewife

because they efficiently transfer energy between the benthic and

pelagic food webs, do not present the same health issues caused by a

diet containing alewife and would help shift lake trout feeding ecology

back towards historical origins (Connerton & Stewart, 2015; Ives

et al., 2019; Zimmerman & Krueger, 2009).

4.2 | Machine learning performance and
limitations

Network analysis revealed significant correlation between networks

during all three time periods, suggesting that similarities existed in the

space use of predicted lake trout and tagged lake trout. Movement

patterns of predicted lake trout and tagged lake trout exhibited the

highest degree of correlation during April and May with smaller but

significant correlation from November to March. Low to intermediate

correlation between networks may be a result of tag expulsion occur-

ring during the time periods for predicted lake trout. Furthermore,

tagged lake trout were equipped with large tags that have higher

detection range (Klinard et al., 2019b), which could result in inflated

network sizes. Nonetheless, networks followed similar changes in

location and size through time, and the classification error for lake

trout was low, supporting the idea that post-predation detections

were correctly identified as lake trout.

Predictive capacity of the random forests model was less reliable

for species other than lake trout, highlighting potential biases con-

cerning the analysis used in this study. The out-of-bag error of the

model, which indicates the overall prediction error rate, was 44.1%.

Although the classification errors for lake trout, Chinook salmon and

brown trout were low (11.4%, 23.1% and 50%, respectively), the
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remaining species exhibited high classification errors of 100%, reduc-

ing the overall predictive capacity of the model. The poor ability of

the random forests to predict predation by Atlantic salmon, Coho

salmon and rainbow trout is likely a result of a limited number of

tagged individuals and limited structure and variability in the data due

to receiver coverage. More detection data for certain species would

allow the model to be trained using a wider range of observed data

with more variability, thus leading to more robust estimates. Similarly,

classes in the training data set were unbalanced due to limited avail-

able tagging data; nevertheless, random forests are robust to over-

fitting, and decision trees frequently perform well on imbalanced data

(Breiman, 2001).

Other aspects of the study design and inherent limitations associ-

ated with acoustic telemetry may have also affected model perfor-

mance. The imbalanced receiver coverage in Lake Ontario limited the

ability to continuously track tagged fishes and identify more distinct

movement patterns between species. Tagging location may have also

influenced results, as fishes tagged in or near dense receiver arrays

would have an increased frequency of detections. For example,

tagged lake trout were captured and released in and around the pri-

mary study array, which may have led to more direct comparisons

with predated bloater because of similar array configuration availabil-

ity. Conversely, brown trout, a comparatively short-ranging predator

(Raby et al., 2017), were generally tagged on the western end of Lake

Ontario and did not directly overlap with the main study array; there-

fore, their movements may not have been as effectively tracked as

consumed bloater. Furthermore, variation in behaviour or environmen-

tal preferences within a species (e.g., spawning differences between

sexes or ontogenetic shifts; Raby et al., 2020) could also lead to diffi-

culty classifying the species movement patterns. Although this study

incorporated telemetry data from six predator species in Lake Ontario,

it did not encompass all potential predators (e.g., walleye Sander vitreus)

in the lake, which likely increases the probability of incorrectly classify-

ing predator species. These deficiencies in data availability were

unavoidable. Therefore, this study is used as an opportunity to demon-

strate the application of random forests to acoustic telemetry data to

identify predator–prey interactions and provide preliminary work into

identifying consumers of stocked bloater.

Previous studies have used a few similar methods to identify and

estimate the occurrence of predation events using acoustic telemetry

prior to the advent of predation tags. Several studies have used

unsupervised learning algorithms (i.e., clustering) to hierarchically

divide data into groups based on similarity but were unable to validate

prey classifications due to a lack of baseline movement data (Gibson

et al., 2015; Romine et al., 2014). The unsupervised learning methods

implemented in several telemetry studies are also limited in that they

are aimed at differentiating tagged fish from predated fish but cannot

classify predator species. Daniels et al. (2018) conducted a study using

a random forests model to identify acoustically tagged Atlantic salmon

smolts that may have been consumed by striped bass Morone saxitilis

Walbaum 1792 in the Miramichi River. The optimal random forests in

Daniels et al. (2018) had a low misclassification error rate of 1.6%;

nonetheless, there was more distinction between the movement pat-

terns of predator and prey species than in the present study. Further-

more, a binary classification system was used that did not include

alternate predatory species present in the system, which could lead

to additional misclassification. Overall, as telemetry technology

advances, this study and others that implement machine learning

techniques provide a framework for identifying and classifying preda-

tion and behavioural patterns.

5 | CONCLUSION

Predation of tagged bloater by lake trout, brown trout or other salmo-

nid species in Lake Ontario indicates that stocked bloater have the

potential to contribute to rehabilitation efforts through reestablishing

historic energetic pathways and increasing prey fish diversity.

Although the proportion of bloater that currently survive stocking

may not be sufficient to create a self-sustaining population, identify-

ing the drivers of post-stocking mortality provides valuable informa-

tion that can be applied to improve rearing and stocking practices.

Furthermore, understanding the role of bloater as a prey species to

salmonid predators allows one to determine how they can contribute

to the improved recruitment of these species. As receiver coverage in

Lake Ontario continues to expand, more opportunities will arise to

build upon the existing comprehensive data set and further evaluate

bloater survival and predation, which is important for evaluating

stocking practices and maintaining effective management. This study

also demonstrated the potential and value of classifying predators of

stocked fish to help understand food web dynamics and ecosystem

functioning. These techniques could also be applied to studies that do

not use predation tags given that there is a collection of definitive

detection data of the prey species. Random forests are best suited for

a study system with comprehensive receiver coverage, a manageable

number of potential predators, detection data for all possible preda-

tors and data of predators and prey for the same or comparable time

periods. Overall, there is a large potential for future studies to utilize

acoustic telemetry and supervised machine learning algorithms to

uncover dynamic food web relationships and provide information

valuable to management efforts.
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