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Abstract

Objective: Sea Lamprey Petromyzon marinus remain problematic for Lake Trout
Salvelinus namaycush restoration in the Laurentian Great Lakes. Fisheries assess-
ments would benefit from knowledge of spatial-temporal patterns of Sea Lamprey
parasitism on Lake Trout; however, such patterns are challenging to estimate from
wounding rates on caught Lake Trout. Electronic tags have been used to identify dis-
tinct fish behaviors (e.g., foraging or spawning) using measurements of acceleration
or heart rate. We hypothesized that Sea Lamprey attachment would elicit changes in
the heart rate and swimming behavior of Lake Trout. Here, we determined whether
tagging devices could record these changes and whether we could accurately predict
lamprey attachment on Lake Trout using these recordings.

Methods: Adult Lake Trout (n=34) were implanted with acceleration and heart
rate tags and then were subjected to Sea Lamprey parasitism within a laboratory set-
ting. Approximately 70 different acceleration and heart rate metrics were collected
and tried as predictors of lamprey attachment. The top variables were used to train
random forest models and then tried on test data sets. The accuracy of these models
was then validated using a jackknife approach.

Result: Metrics related to body orientation and heart rate were identified as the
best predictors of Sea Lamprey attachment. The best models predicted lamprey at-
tachments with high accuracy; however, individual-level jackknife tests resulted
in less accurate cross-individual prediction and regularly predicted false negatives.
These findings may be related to individual variance in the Lake Trout response to
attachment, but there was evidence that the shifting of tags after implantation im-
pacted predictive performance, which could be remedied with adjustments during
implantation.

Conclusions: Our study highlights the potential to use tagging devices for quantify-
ing Sea Lamprey attachments on Lake Trout in the wild. Further development ap-
pears necessary; however, once improved, these predictive models have the potential
to generate field-based estimates of Sea Lamprey attack rates on Lake Trout.
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INTRODUCTION

Sea Lamprey Petromyzon marinus pose a threat to native
fish restoration in the Laurentian Great Lakes. Their diets
are wide ranging but primarily consist of coregonids, ca-
tostomids, and salmonids in the Great Lakes (Harvey
et al. 2008; Johnson et al. 2021); however, several stud-
ies have shown that Sea Lamprey will disproportion-
ately parasitize Lake Trout Salvelinus namaycush (Pycha
and King 1975; Swink 2003; Harvey et al. 2008). In fact,
the Great Lakes once supported one of the largest Lake
Trout fisheries, but this fishery collapsed in the 1950s
due to overharvest and Sea Lamprey parasitism (Coble
et al. 1990; Brant 2019). Various Sea Lamprey control
measures were implemented shortly after the fishery col-
lapsed and have been relatively effective at suppressing
Sea Lamprey abundance across the Great Lakes (Smith
and Tibbles 1980; Great Lakes Fishery Commission 2023).
Given the lamprey control measures combined with
native fish restoration programs, Lake Trout popula-
tions are recovering (He et al. 2012; Great Lakes Fishery
Commission 2023). Today, the Great Lakes Sea Lamprey
population is estimated to be roughly one-tenth of its
peak abundance, which was observed in 1961 (Robinson
et al. 2021), and both sport and commercial fisheries for
Lake Trout exist in areas of the Great Lakes (Great Lakes
Fishery Commission 2023). Despite these successes, Sea
Lamprey continue to contribute significantly to Lake
Trout mortality, hindering restoration efforts (Kornis
et al. 2019). Managing Sea Lamprey-induced mortality re-
mains among the most important factors for Lake Trout
rehabilitation in the Great Lakes (Hansen et al. 1995;
Ebener 1998; Kornis et al. 2019; He et al. 2020). Other
fishes also benefit from Sea Lamprey control, and over
time, this program has diversified to more broadly restore
native fish populations.

To guide Lake Trout restoration efforts, fisheries man-
agers rely on estimates of Sea Lamprey-induced mortality,
which are derived most often from Sea Lamprey marking
rates on collected Lake Trout (i.e., the prevalence of marks
or wounds on fish resulting from Sea Lamprey attachment;
Pycha 1980; Youngs 1980; Koonce 1987; Weeks 1997; Sitar
et al. 1999; He et al. 2020). However, such estimates may
be impacted by survivor detection bias, potentially under-
estimating both the lethality and number of Sea Lamprey
attacks per fish (Adams et al. 2021). This bias could be cor-
rected if the proportion of Lake Trout that survive attacks
could be determined (Adams et al. 2021). When calculat-
ing Sea Lamprey-induced mortality rates, the probability
of survival is typically assumed to be constant over time
(Sitar et al. 1999; Ebener et al. 2005). If constant, mark-
ing rates can be a good index of Sea Lamprey-induced
mortality (Adams et al. 2021); however, attack lethality

Impact statement

There is a need for direct field observations of Sea
Lamprey attack rates on Lake Trout to determine
spatial-temporal patterns of parasitism and to
help guide Sea Lamprey control and Lake Trout

restoration efforts. Here, we determine whether
measurements of heart rate and acceleration
recorded from implantable tagging devices
(biologgers) can be used to detect Sea Lamprey
attachment on Lake Trout.

varies and is influenced by factors such as Sea Lamprey
and Lake Trout sizes (Swink 2003), water temperature
(McKee et al. 2004), and Lake Trout strain (Schneider
et al. 1996). Although there is evidence to support the as-
sumption of relatively constant lethality over longer peri-
ods of time (based on mortality rates predicted from Sea
Lamprey marking rates in survey-collected Lake Trout;
e.g., Pycha 1980; Schneider et al. 1996), there is little infor-
mation on the annual variation in attack lethality, which
could help to guide more immediate Sea Lamprey con-
trol decisions. Further, relying on marking rates is greatly
hindered by the logistical constraints of contemporary
sampling efforts and therefore offers limited insights into
parasitism rates over space and time at the scale of the
Great Lakes.

Direct measurement of Sea Lamprey parasitism and
mortality on wild fishes is inherently challenging but may
be aided by recent advances in biologging and biotelem-
etry technology that involve the use of various sensors
(reviewed by Cooke et al. 2016). For example, triaxial ac-
celerometer sensor tags have been used to examine fine-
scale locomotor behaviors in free-swimming fish, thereby
enabling the detection of foraging, burst swimming, or
spawning events (e.g., Brownscombe et al. 2014; Brewster
et al. 2018; Clarke et al. 2021). Electrocardiogram (ECG)
sensors have been used to log the heart rates of fish in an
effort to quantify physiological states, such as exhaustion
(e.g., from exercise) and stress (e.g., Svendsen et al. 2021;
Yousaf et al. 2022). In theory, these technologies may be
useful for remote measurement of behavioral and/or phys-
iological changes that occur in response to Sea Lamprey
parasitism given the considerable physiological burden to
host individuals. To detect these responses, calibrations
must be conducted that collect behavioral observations
in tandem with tag-borne measurements. Machine learn-
ing algorithms can then aid in identifying free-swimming
individuals with and without parasitic lamprey attached.
Additionally, one could determine the associated mor-
tality from Sea Lamprey attacks in acoustic-tagged Lake

85UB017 SUOWIWOD SAIIER.D 3(cedldde ayy Aq pausenob afe sejoie YO ‘8sn Jo s8N 10y Areiq18UIUO A8]IA UO (SUDNIPUCD-pUE-SWLS)W00 A8 | Ale.d|Buluoy/:Sdny) SUONIPUOD pue sWwie 1 8y} 885 [202/2T/90] uo AkiqiTauliuo (1M ‘AIsBAIuN uoB (1D Aq T6v0T S2)/200T 0T/I0p/woo A3 1m ARiqipuljuo'sgnds fe//sdny Wwolj papeojumod ‘0 ‘659887ST



PREDICTING SEA LAMPREY ATTACKS WITH TAGS

| 3

Trout, as it is relatively simple to infer mortality based on
the absence of movement and/or flatline triaxial accelera-
tion values (Villegas-Rios et al. 2020).

There is immense theoretical potential for electronic
tags equipped with sensors to remotely identify fish para-
sitism by Sea Lamprey, greatly expanding our capacity to
empirically quantify this phenomenon at larger spatial-
temporal scales. Doing so would provide fisheries manag-
ers and Sea Lamprey control agents with important data
to inform models and decisions. To this end, we conducted
controlled, laboratory-based calibrations to generate pre-
dictive models for identifying behavioral (accelerometry)
and physiological (heart rate) signatures of Sea Lamprey
parasitism on Lake Trout. We hypothesized that given
the physiological burden caused by Sea Lamprey attach-
ment on Lake Trout (i.e., via injury, stress, and increased
drag), Lake Trout would exhibit elevated heart rates and
irregular swimming behavior during Sea Lamprey attach-
ment, which could be subsequently recorded by using
implantable biologging tags. We predicted that if such
changes were recorded, machine learning classification
trees could discriminate periods of Sea Lamprey attach-
ment from periods when Sea Lamprey were not attached
to tagged Lake Trout. The overall purpose of this research
was to develop functional predictive models that would
support future field deployments. Although biologgers
were used in this study to seed models with abundant
data, field deployments will ultimately require acoustic
telemetry transmitter tags; thus, we consider those future
requirements in our quantitative methods. Successful de-
velopment of these predictive models would improve our
ability to remotely measure Sea Lamprey parasitism in
free-swimming Lake Trout.

METHODS
Species collection and tag implantation

Lake Trout were collected from Lake Huron during the
fall of 2021 and 2022. The 2021 sample was collected
by angling from spawning reefs near Hammond Bay,
Michigan. The 2022 sample was collected from a Michigan
Department of Natural Resources gill-net assessment
survey (overnight sets; 1.8-m-high, 366-m-long,
10.2-cm-bar-mesh monofilament nets) on spawning reefs
in Thunder Bay, Michigan. Parasitic-phase Sea Lamprey
were collected each fall by commercial fishers on Lake
Huron as incidental catch during fishing efforts for
Lake Whitefish Coregonus clupeaformis and Lake Trout.
Collected fish were transported in aerated coolers to the
Hammond Bay Biological Station and were housed in
flow-through tanks supplied with ambient-temperature

Lake Huron water. Lake Trout were fed 6.0-mm trout
pellets (Skretting) at rates based on guidelines from
BioMar (see www.biomar.com/en/require/products-and-
species for details). To increase the probability of parasitic
attachment, Sea Lamprey were not fed during holding.

Prior to experimentation, weight and length were re-
corded and each Lake Trout (3000+261g; 716 +19mm;
all subsequent data are reported as mean + standard error,
unless otherwise stated) was implanted with two differ-
ent biologging tags: the Star-Oddi milli-HRT ACT heart
rate and acceleration biologger (hereafter, heart rate and
acceleration [HRA] tag) and the Technosmart Axy-5 XS
accelerometer (hereafter, acceleration-only [AO] tag). For
more details and tag recording specifics, see the respec-
tive manufacturer websites (www.star-oddi.com or www.
technosmart.eu/axy-5-xs/). Weight and length were also
recorded for each Sea Lamprey (160+10g; 459 +9 mm),
and a 12-mm, half-duplex PIT tag was implanted to iden-
tify individuals. The AO tags were programmed to contin-
uously record acceleration in three axes at 25 Hz. Because
the Star-Oddi tags cannot be recharged and their batter-
ies cannot be changed, a more conservative sampling ap-
proach was needed to avoid depleting the battery life too
rapidly. In the first three trials (n=19), the HRA loggers
were programmed to record the heart rate (at 125Hz for
125s), its associated ECG, and acceleration metrics (at
0.5Hz for 60s) every hour for the first week and then
every 20 min until the trial finished. In the later two trials
(n=15), the HRA tags were programmed to collect one re-
cording of heart rate (at 125Hz for 12s) and acceleration
metrics (at 5Hz for 60s) every 30 min. Because the quality
of the heart rate recordings was good during the first three
trials, ECGs were only saved for every fourth measure-
ment (instead of every measurement) to corroborate heart
rate values derived by the HRA tags in the later trials (i.e.,
to save tag battery and memory because HRA tags cannot
be recharged).

For tag implantation, Lake Trout were electrosedated
using a transcutaneous electrical nerve stimulation
(TENS) unit (pulse width =180 ps; pulse rate =120 Hz; 3-5
V; Model 7000 TENS unit, Roscoe Medical Inc.) while a
constant flow of water was maintained over the gills for
respiration during surgery (see Reid et al. 2019). Two in-
cisions (both ~2.5cm in length) were made on the ventral
side of the fish. Incisions for the HRA tags started on the
midline directly between the pectoral fins and extended
posteriorly. Incisions for the AO tags started about 5cm
anterior of the pelvic fins and were positioned just left of
the midline. The HRA tag was inserted blunt side forward
and was pushed anteriorly until the tag made contact with
the pectoral girdle. Suturing thread (Oasis Medical PDO
IT monofilament sutures, size 2) was passed through the
built-in anchor point on the HRA tag and then was used
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to close the anterior end of the incision, thereby anchor-
ing the tag to the body wall. A second suture closed the
posterior end of the incision. Similarly, suturing thread
was routed through an attached anchor point (a nylon
washer fixed to the bottom of the AO tag as an attach-
ment point) and was used to close the posterior end of the
incision, anchoring the AO tag to the body wall. A sec-
ond suture closed the anterior end of the incision. The
same orientation was maintained for all tags. The com-
bined weight of the HRA and AO tags was 15g (HRA
tag:12g, 39.5x13.0mm [length x diameter]; AO tag:3g,
20x10x 6mm [length x width x height]), so the tag bur-
den was minimal (0.49+0.04% of body mass; maximum
burden=1.08%). The surgeons had previous training
prior to the implantation of these devices. Future users
should be aware of the impacts of tag implantation and
surgeon experience on surgical recovery (for more details,
see Cooke et al. 2003; Wagner et al. 2011; Smircich and
Kelly 2014).

Fish collections were approved by the Michigan
Department of Natural Resources (Fisheries Division
Scientific Collector's Permit FSCP10312022203230), and
experimental protocols involving the handling of fishes
were carried out in accordance with U.S. federal guide-
lines for the care and use of animals and in accordance
with American Fisheries Society guidelines (Use of Fishes
in Research Committee 2014).

Experiment

After surgery, Lake Trout were transferred into individual
holding cages inside an oval-shaped artificial stream
(internal channel width=1.2m; water depth=1m;
linear distance following the channel centerline=17.4m;
volume = 20,800 L; Frigid Units Inc.). The date and time of
transfer were noted for later analyses. Experiments were
conducted from December 2021 to March 2022 and from
November to December 2022. The artificial stream was
supplied with Lake Huron water at a rate of 25L/min,
which passed through a heat exchanger to maintain water
temperatures at approximately 9°C (mean +standard
deviation [SD] =9.09+1.29°C). Water circulation was
maintained using two 12-V, 13.6-kg-thrust trolling motors
(Model R3; MotorGuide) positioned in the curved sections
at either end of the stream. Baffles were placed in the
channel upstream of the cages to produce a flow of water
that was as linear as possible through the cages. Eight
holding cages (1.1m long; 1.2m wide) were constructed
by inserting blocker gates into the 4.5-m straight sections
on either side of the stream. Blocker gates consisted of
1.27-cm square, vinyl-coated, wire-mesh panels that were
attached to frames constructed of extruded aluminum

tube (2.54- X 2.54-cm, 80/20 T-slot). Frames were wrapped
with garage door weather stripping to make a seal with
the stream walls and were secured in place with wedges.
Mesh was placed overhead to prevent fish from jumping
out.

Once the Lake Trout were placed in their holding cages,
they had 7-10days to recover from surgery prior to the ad-
dition of Sea Lamprey. Heart rates require a minimum of
4 days to stabilize after surgical implantation in salmonids
(Hvas et al. 2020; Zrini and Gamperl 2021). This time also
served as a period to collect baseline swimming behav-
iors. Additionally, in the later two trials (n=15), a 1-min
chase was performed using a blunt pole to stimulate burst
swimming behavior. These Lake Trout had a minimum of
2days to recover from the chase event prior to the addition
of Sea Lamprey. Sea Lamprey were then added to each in-
dividual holding cage. Typically, only one lamprey was
added to each cage, but in a few circumstances lamprey
were added in an attempt reduce the time to attachment
(n=7). If the Sea Lamprey did not naturally attach to a
Lake Trout after a given period of time (~2-3days; time
varied somewhat depending on time constraints), the Sea
Lamprey were manually attached to the Lake Trout. This
involved grasping the Sea Lamprey with a long grabbing
pole and initiating contact between the lamprey and the
Lake Trout (n=16 were manually attached). Similarly, if
the Sea Lamprey did not naturally detach from the Lake
Trout after a given period of time (~4days; this period
varied somewhat to ensure that there was still ample
time to monitor the Lake Trout after detachment), the
Sea Lamprey was manually removed from the Lake Trout
(n=12 were manually removed). Additionally, active par-
asitism that persists for more than 5days increases mor-
tality in Lake Trout (Smith et al. 2016). After detachment,
Sea Lamprey were removed from the cage and weighed,
and Lake Trout were monitored for a minimum of 3 days
unless mortality occurred. After experimentation, Lake
Trout were euthanized and the biologgers were removed.

Video of the Lake Trout was recorded continuously
during the experiment using overhead, wide-angle in-
frared cameras (Axis Model Q1604; one camera for each
holding cage) mounted 0.76 m above the water surface.
Red-light strips mounted behind the cameras permitted
24-h video collection. The stream was covered with a large
tarp to reduce overall light levels, but several small gaps at
regular spacing permitted a small amount of ambient light
to enter during daytime hours.

Data collection and organization

Figure 1 highlights the main steps involved in data analy-
sis. Some tags were corrupted during experimentation
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FIGURE 1 Simplified flow diagram of the steps between data collection and the model fit metrics calculated for each individual Lake

Trout's time aggregate predictions.

(7 AO tags and 2 HRA tags) and several Lake Trout died
(n=9, presumably related to injury sustained from Sea
Lamprey attacks) or were removed prematurely (n=3, re-
moved due to fungal infection), resulting in a loss of data
or proportionally less data collected from these individu-
als. However, any data collected from these fish prior to
data corruption or mortality/removal were still included
and used for model building. Two AO tags moved within
the body cavity throughout the experiment to a degree that
could not be corrected for (see correction methods below)
and were subsequently removed from analyses. Data from
the first day were excluded for all fish to mitigate the ef-
fects of surgery on their behavior. In the final trial, eight
AO tags were not correctly initiated prior to implantation;
therefore, no AO measurements were collected from that
trial. In total, data were collected from 34 Lake Trout, 28
of which experienced Sea Lamprey attachment. The HRA
tags collected data from 33 fish and specifically recorded
Sea Lamprey attachment data in 28 fish, whereas the AO
tags collected data from 23 fish and specifically recorded
Sea Lamprey attachment data in 14 fish.

Video recordings were observed to note the timing of
Sea Lamprey attachment and detachment for each fish.
These observations were used to assign HRA recordings
to periods of either Sea Lamprey attachment or unattach-
ment. Other important observations included when a
Lake Trout lost equilibrium and died, when the simulated

chase occurred (in the later trials), and when Lake Trout
were removed from the artificial stream.

Prior to data analysis and model building, the quality
of the HRA tag heart rate data was assessed using Star-
Oddi's quality index (QI) metric and through visual obser-
vation of saved ECGs. The QI is determined by a built-in
tag algorithm and represents the quality of the ECG sig-
nal. High-quality signals are denoted by a QI of 0, whereas
QI values of 1, 2, and 3 indicate decreasing quality. Most
recordings were of high quality (76% of recordings corre-
sponded to QI=0). If a given heart rate was assigned a QI
value greater than 1 or if the heart rate appeared irregular,
the associated ECG was observed in the Star-Oddi HRT
Analyzer (see https://www.star-oddi.com/support/soft-
ware for details). In these cases, ECGs typically suffered
from noise, but the R-R interval (i.e., the interval between
two successive R-peaks of the QRS waveform, the char-
acteristic waveform that is produced from the depolariza-
tion of ventricles) was often observable and the heart rate
could be manually calculated to reduce data loss. Heart
rates that could not be corroborated by or manually cal-
culated from saved ECGs were removed from the data set
(<1%).

In addition to the heart rate recordings, metrics of ac-
celeration and orientation were also collected or calculated
to be tried in predictive models. Metrics of acceleration
collected from the HRA tags included static acceleration
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in the X-, Y-, and Z-axes, total acceleration (the sum of
absolute static acceleration from all three axes), external
acceleration (an on-board tag measurement of acceler-
ation; average, maximum, and minimum values were
calculated over the 60-s recording interval), variation in
external acceleration, and tilt data (HRA tags recorded X-
tilt, Y-tilt, and Z-tilt in degrees). Metrics of acceleration
collected from the AO tags included static acceleration in
the X-, Y-, and Z-axes; dynamic acceleration in the X-, Y-,
and Z-axes (static acceleration and dynamic acceleration
were separated using weighted smoothing at an interval
of 2s; see Brownscombe et al. 2013); and overall dynamic
body acceleration (the absolute sum of the dynamic ac-
celeration from all three axes; Gleiss et al. 2011). Static
acceleration and tilt values were corrected for differences
in tag orientation among individuals using two different
methods. The first method used average static X, Y, and
Z acceleration values over the first 3days, and the second
method used 24-h rolling averages of static X, Y, and Z ac-
celeration to correct for differences in tag orientation. This
second method was tried to correct for tag movement that
occurred over time within the body cavity. Pitch and roll
were also calculated from normalized static acceleration
for both HRA and AO tags using the following formulas
(Pedley 2013):

Pitch =atan2(Yyic / Zgtasic) X 180+ 7,

static/ “static

Roll=atan2[—Xstatic/\/(Y2 /22 )]x180+n.

Since future field deployments will require the use of acous-
tic transmitter tags (i.e., to retrieve data without tag recol-
lection), the recorded and calculated variables from both
the HRA and AO data sets were averaged to the minute to
simulate the optimal data resolution collected from R-code
acoustic receivers, which comprise the most widely distrib-
uted receiver infrastructure in the Great Lakes (see https://
glatos.glos.us/; Heupel et al. 2006). Additionally, variance
was calculated for tilt, total acceleration, and static accelera-
tion in all three axes for the HRA data set, and variance was
calculated for all AO variables. Absolute values were calcu-
lated for all acceleration- and orientation-specific metrics
for both tag types. These recordings and subsequent calcula-
tions resulted in the formulation of 71 variables in the HRA
data set and 66 variables in the AO data set that could be
used in predictive model building.

Model building

Several models were produced to predict Sea Lamprey
attachment for the two tag types used; “HRA models”

refers to those models informed by HRA data, and “AO
models” refers to those informed by AO data. Because
acoustic transmitters can currently only record and
transmit a limited number of variables, we fitted models
with a reduced set of predictor variables (InnovaSea
acoustic transmitters can transmit a maximum of four
separate variables; InnovaSea, personal communication).
Each data set was randomly split into training and test
data sets (split using individual data; 70% training and 30%
testing for each individual fish). Training data were then
fitted with random forest algorithms. Random forests are
an extension of classification and regression trees, which
create a hierarchical series of binary partitions in the data
using the predictors to optimize prediction of the response
(Breiman 2001). Random forests fit a series of trees with
random subsets of data and predictors and then aggregate
the predictions, often improving prediction accuracy and
reducing model overfitting. The dependent variable in all
models was Sea Lamprey attachment (yes or no; i.e., the
Sea Lamprey was or was not attached to the Lake Trout).
Using the complete data sets, top predictors were selected
by calculating the mean decrease in accuracy (MDA; the
percent decrease in model accuracy in trees when the
variable was not included) after fitting classification trees
with 1000 trees and trying all variables at each split at the
square root of the number of predictors. If any of the top-
four predictors were derivative of each other (e.g., Z static
and absolute Z static), the variable with the next highest
MDA was selected.

In both the HRA and AO models, static X, Y, and Z
acceleration as well as roll and pitch were among the top
predictors. Although there is a limited number of variables
that can be transmitted by modern acoustic transmitters, if
the static X, Y, and Z acceleration variables (among the top
predictors) are transmitted, the roll and pitch can be calcu-
lated secondarily (see formulas above). This would allow
for calculation of additional predictors while limiting the
number of variables that would need to be transmitted.
With this in mind, we trained and tested several different
random forest classification trees: (1) the selected model,
which used the top-four predictors selected from calcula-
tion of the MDA; (2) the triaxial model, which used static
triaxial acceleration (and heart rate values in the HRA
models) and secondarily calculated the pitch and roll; and
(3) the absolute model, which used absolute static triax-
ial acceleration values (and heart rate values in the HRA
models) and secondarily calculated the absolute pitch and
roll. Absolute values were calculated and tested with the
idea that absolute values would consider right (positive X
acceleration) and left (negative X acceleration) or up (neg-
ative Y acceleration) and down (positive Y acceleration)
movement alike within a model, potentially reducing the
influence of variance in Sea Lamprey attachment location.
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All predictors used were continuous. It should be noted
that based on the MDA, the first method of correction (i.e.,
using the average values over the first 3 days to correct ori-
entation) appeared to function better for HRA data and
the second method of correction (i.e., using a 24-h rolling
average to correct orientation) was better suited for the
AO data (see Figure 2); therefore, these corrected variables
were used in the calculation of triaxial and absolute mod-
els, respectively.

All tree models (i.e., classification trees) were fitted
with 1000 trees, and the default number of variables was
tried at each split at the square root of the number of
predictors. Models were overweighted (weighted 1:100
for attached : unattached; see Brownscombe et al. 2021)
to penalize misclassifications of unattached values
(i.e., data that corresponded to unattached periods).
Overweighing is not common practice; however, this
was done to reduce the likelihood of a type I error (false
positive) when predicting attachment and was accom-
plished by iteratively testing the weighting combinations

HRA

Heart Rate 1 L]
Total Acceleration 1 °
Z Tilt (avg) 1 °
Pitch (avg) 1 °
X Tilt (avg) 1 o
X Static (avg) 1
X Static (roll) 1 °
Roll (avg) 1 °
Absolute Z Static (avg) °
Z Tilt (roll) 1 °
Z Static (avg) 1 )
Pitch (roll) 1 °
Y Tilt (avg) 1 °
Variance (SO) 1 °
Y Static (average){ °
X Tilt (roll) 1 )
Absolute Z Tilt (avg) 1 °
Absolute Y Tilt (avg) 1 °
Roll (roll)1 @
Y Tilt (roll){ @
Z Static (roll){ @
Absolute X Static (avg)] @
Absolute Z Static (roll){ @
Absolute Z Tilt (roll){ ®

Variance in Absolute Roll (avg){ @

40 50 60 70
Mean Decrease in Accuracy (MDA)

Variance in Absolute Y Static (avg) 1

Variance in Absolute Y Dynamic (roll) 1

in training data. Additionally, we must consider what
the class proportions might be if our models were ap-
plied in a field setting, where Sea Lamprey attachments
would be much less frequent. In general, overweighting
models marginally improved model sensitivity (~1-2%
increase) and reduced model specificity (~1% decrease;
see Table S1). Model fit metrics were then calculated by
predicting onto test data (see Table S2; Brownscombe
et al. 2021).

Calculating time aggregate predictions

A secondary method was used to improve the predictive
performance of HRA and AO models; this method in-
volved smoothing consecutive predictions generated from
their random forest classification trees. Predicted attached
and unattached values were assigned to a binary scale,
with 1 representing predicted attached valuesand 0 rep-
resenting predicted unattached values. Binary predictions

AO

X Static (roll) 1 °
Y Static (roll) 1 °
Absolute Z Static (roll) 1 )
Absolute Y Static (roll)
Z Static (roll) 1
Z Static (avg) 1 °
Absolute Z Static (avg) 1 °
Roll (roll) 4 °
Pitch (avg) 1 °
X Static (avg) 1
Variance in Absolute Y Static (roll) °
Absolute Y Dynamic (avg) 1
Absolute Y Dynamic (roll) 1
Variance in Y Dynamic (roll) 1
Variance in Y Dynamic (avg) 1
Variance in Absolute X Static (roll) 1
Variance in Roll (avg) 1
Absolute X Dynamic (avg)1
Y Static (avg) 1

Variance in Pitch (roll) 1

Variance in Y Static (roll){ @
Variance in X Dynamic (avg){ @
Pitch (roll){ ®

80 100 120 140
Mean Decrease in Accuracy (MDA)

FIGURE 2 Predictor variables used in producing the heart rate and acceleration (HRA; left) and acceleration-only (AO; right) models
and their mean decrease in accuracy (MDA) calculated after fitting random forest classification trees with 1000 trees and trying all variables.
The 25 variables with the greatest values of MDA are shown. Within parentheses, “avg” refers to values corrected using their respective
average of the first 3days of recording, “roll” refers to values corrected using their respective 24-h rolling average, and “SO” refers to values

that were internally calculated within Star-Oddi tags.
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were then smoothed by using a rolling average of consecu-
tive predictions. In theory, averaged predictions closer to
1 should indicate higher support for true-positive predic-
tions. Therefore, a predictive threshold could then be set,
above which the smoothed predicted values could more
accurately predict attachment (Figure 3 provides a visual
demonstration of this method). Hereafter, these smoothed
predicted values will be referred to as time aggregate pre-
dictions (TAPs).

We assessed the relationships between the predictive
threshold (between 0.00 and 0.99) and the number of con-
secutive predictions included (between 5 and 100), and
secondarily calculated model fit metrics (i.e., levels of
sensitivity and specificity and positive and negative pre-
dictive values) from TAPs. In doing so, we could choose
appropriate predictive parameters to use in the calcula-
tion of TAPs during model validation (see below). Several
data sets were produced in which the number of consecu-
tive predictions considered in the rolling average differed.
In total, 20 different data sets were produced using rolling
averages of consecutive predictions in intervals of 5 up
to a maximum of 100 consecutive predictions (e.g., one
data set was produced using rolling averages for every
five consecutive predictions, another was produced using
rolling averages for every 10 consecutive predictions, and
so on). Levels of sensitivity and specificity and positive
and negative predictive values were calculated using the
TAPs associated with each predictive threshold between
0 and 1 for every interval of 0.01 (i.e., 100 calculations
per data set) and for each of the 20 data sets produced
from the rolling averages of consecutive predictions. All
data sets were then combined. To determine the optimal
predictive threshold and the number of averaged consec-
utive predictions that should be used for best predictive
performance, we calculated a balanced predictive value
by multiplying all four secondarily calculated model fit
metrics (Table S2). These metrics were multiplied to pe-
nalize low fit values more heavily. Higher balanced pre-
dictive values should indicate an overall greater ability
to accurately predict periods of Sea Lamprey attachment
and unattachment with high precision and low rates of
false positives.

Model validation

To validate the models produced (i.e., the HRA and AO
selected, triaxial, and absolute models), a jackknife ap-
proach was used. This involved excluding an individual
fish's data from the total data set and producing a new
classification tree (again fitted with 1000 trees and over-
weighted as described earlier) using the predictive vari-
ables corresponding to the model being tested, which was

then tested on the individual's data. The TAPs were cal-
culated from their classification tree predictive outputs.
The balanced predictive values calculated earlier were
used to identify a conservative number of consecutive
predictions and a predictive threshold to be used for in-
dividual TAP calculations. A predictive threshold of 0.25
and a rolling average of 40 consecutive predictions were
used to calculate TAPs, as this approach appeared to be
somewhat conservative for all models and limited the
amount of data required for detection (see Supplemental
Information for a more detailed rationale; Figure S1;
Tables S2 and S3 [all available in the online version of
this article]). Model fit metrics were then calculated by
comparing TAPs to observed values. This was repeated
for each individual and for all models. Model fit metrics
from individuals were then collated, and the average
specificity and sensitivity, average positive and negative
predictive values, average accuracy, and total accuracy
([the sum of correct predictions from all individuals]/[the
total number of predictions from all individuals]) were
calculated.

These collated, post-jackknife model fit metrics were
then compared between the different predictive models
(i.e., selected, triaxial, and absolute) to determine the
best model. Partial dependencies were calculated for all
predictors used in the best HRA and AO models to ex-
amine relationships between predictors and Sea Lamprey
attachment. To investigate sources of error on positive
detection accuracy (i.e., positive predictive value) in the
final models, we performed simple linear regression anal-
yses. This was simply exploratory, as we lacked power to
appropriately assess these relationships. Sources of error
that were investigated included the tag orientation (de-
termined by averaging the uncorrected static X, Y, and
Z acceleration values prior to Sea Lamprey attachment),
Lake Trout weight, Sea Lamprey weight, the interaction
between Lake Trout weight and Sea Lamprey weight,
whether or not the Lake Trout died, whether or not the
Sea Lamprey was manually attached, and the location
of the Sea Lamprey attachment (head, side, ventral, or
dorsal).

All analyses were conducted in RStudio (R version
4.2.1; R Core Team 2019). Random forest classification
trees were produced using the randomForests package
(Liaw 2022). Model fit metrics and partial dependencies
were calculated using the caret (Kuhn 2023) and pdp
(Greenwell 2022) packages, respectively.

RESULTS

Over the five trials, 39,576 min of data were recorded by
HRA tags (n=33), 8236 min of which included lamprey
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FIGURE 3 This figure highlights how time aggregate predictions (TAPs) were calculated using different predictive thresholds and
consecutive predictions. Panels A, C, E, and G include predictions that were generated using the absolute acceleration-only (AO) model,

and panels B, D, F, and H include predictions that were generated using the triaxial heart rate and acceleration (HRA) model. The y-axis
(average prediction) refers to the average binary predictive value calculated using the rolling average of consecutive predictions. The number
of consecutive predictions used in this calculation is indicated in the title of each panel. Red points represent periods when the Sea Lamprey
was attached to the Lake Trout, whereas blue points represent periods when the Sea Lamprey was not attached. Here, we show how a
predictive threshold of 0.50 (dashed black line) influences the accuracy in TAPs; the TAPs above this threshold would be considered to indicate
attachment, and the TAPs below this threshold would be considered to indicate nonattachment. One can observe how increasing the number
of consecutive predictions reduces the likelihood for false positives (i.e., fewer blue points above the threshold) and generally increases model
accuracy. Additionally, one could envision how shifting this threshold could alter model precision and rates of false positives. Using a threshold
of 0.50, all or most values greater than this threshold represent true attachments; however, some true attachments may have been missed.
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attachment; 467,144 min of data were recorded by AO tags
(n=25), 67,692min of which included lamprey attach-
ment. Sea Lamprey remained attached to Lake Trout for
an average of 2.6 +0.3 days. Most Sea Lamprey actively fed
while attached, but four individuals were nonfeeding. Sea
Lamprey that actively fed gained 29.6 +4.0g during the
trials, and those that did not feed lost 4.9 +1.8 g during the
trials.

Calculations of the MDA indicated that the heart
rate, total acceleration, Z-tilt, and pitch were the top
predictors of Sea Lamprey attachment when using HRA
data and that static X, Y, and Z acceleration and roll
(after several derivatives of static Y and Z acceleration;
see Figure 2) were the top predictors of Sea Lamprey

attachment when using AO data. Classification trees
that used MDA-selected variables (i.e., the selected
HRA and AO models) had the highest model fit met-
rics prior to jackknife testing and TAP calculation but
had the lowest fit metrics after jackknife testing, which
suggested that overfitting may have inflated their per-
formance (see Tables 1-3; see Figure S2 for an example
classification tree).

Calculation of TAPs for all three models demonstrated
similar trends (see Figures 6 and 7; data shown for HRA
triaxial and AO absolute models). Because predicted at-
tachments occurred in greater densities during periods
of true Sea Lamprey attachment (e.g., see Figure 3), TAPs
improved model precision and specificity (provided that

TABLE 1 Model fit metrics from random forest classification trees in the test data (prior to jackknife testing and producing time

aggregate predictions [TAPs]). Model fit metrics shown in bold correspond to the best models after jackknife testing and TAP calculation.

AO, acceleration only; HRA, heart rate and acceleration.

Metric HRA selected HRA triaxial HRA absolute AO selected AO triaxial AO absolute
Number of variables 4 6 6 4 5 5
Accuracy 0.872 0.858 0.847 0.895 0.830 0.823
No information rate 0.790 0.787 0.787 0.817 0.817 0.816
Kappa 0.576 0.518 0.461 0.605 0.254 0.195
Sensitivity 0.575 0.503 0.432 0.568 0.229 0.173
Specificity 0.951 0.954 0.959 0.968 0.964 0.969
Positive predictive 0.756 0.746 0.741 0.801 0.591 0.563
value

Negative predictive 0.893 0.877 0.862 0.909 0.848 0.838
value

Prevalence 0.211 0.213 0.213 0.183 0.183 0.183
Detection rate 0.121 0.107 0.092 0.104 0.042 0.032
Detection prevalence 0.160 0.143 0.125 0.130 0.071 0.057
Balanced accuracy 0.763 0.728 0.696 0.768 0.597 0.572

TABLE 2 Model fit metrics after jackknife testing without time aggregate predictions (TAPs). Model fit metrics shown in bold

correspond to the best models following jackknife and TAP calculation. Values are presented as mean + standard error. AO, acceleration

only; HRA, heart rate and acceleration.

Metric HRA selected ~ HRA triaxial HRA absolute  AO selected AO triaxial AO absolute
Number of variables 4 6 6 4 5 5

Total accuracy 0.691 0.718 0.722 0.751 0.794 0.804
Average accuracy 0.695+0.032 0.725+0.032 0.723+0.027 0.805+0.024 0.831+£0.022 0.845+0.022
Average sensitivity 0.238 +£0.040 0.291 4+ 0.052 0.262+0.043 0.336 £0.052 0.186 £0.049 0.181+40.051
Average specificity 0.797 +0.042 0.806 + 0.047 0.834+0.033 0.877+0.024 0.933+0.010 0.952 + 0.006
Average positive predictive 0.366+0.046 0.378 +0.053 0.358 £0.055 0.404+0.057 0.387+0.054 0.404 + 0.054
value

Average negative predictive 0.820+0.042 0.837 +0.027 0.835+0.026 0.887+0.024 0.880+0.023 0.87940.023

value
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TABLE 3 Model fit metrics from time aggregate predictions (TAPs) after jackknife testing. Model fit metrics shown in bold correspond
to the best models after jackknife and TAP calculation. Values are presented as mean + standard error. AO, acceleration only; HRA, heart

rate and acceleration.

Metric HRA selected = HRA triaxial HRA absolute = AO selected AO triaxial AO absolute
Number of variables 4 6 6 4 5 5

Total accuracy 0.664 0.712 0.706 0.706 0.810 0.821
Average accuracy 0.657+0.058 0.728 +0.043 0.710+0.041 0.771+0.039 0.845+0.024 0.864 + 0.022
Average sensitivity 0.326 +£0.067 0.417 +0.080 0.394+0.071 0.411+0.062 0.201£0.059 0.206 +0.059
Average specificity 0.733 +0.066 0.779 4+ 0.060 0.784+0.053 0.819+£0.043 0.949+£0.015 0.971 +0.008
Average positive predictive 0.340+0.064 0.470+0.070 0.452+0.081 0.456+0.064 0.501+0.059 0.588 + 0.062
value

Average negative predictive 0.812+0.038 0.855+0.038 0.856 +0.025 0.894 +0.022 0.884+0.023 0.884+0.022

value

an appropriate predictive threshold was used; i.e., be-
tween 0.1 and 0.4) even when using few consecutive pre-
dictions (more details in the Supplemental Information).
Generally, increasing the predictive threshold improved
both the positive predictive value and the specificity,
which were further improved by increasing the number of
consecutive predictions included in TAPs. The TAPs im-
proved both models’ negative predictive value and sensi-
tivity at low to moderate predictive thresholds; however, at
higher predictive thresholds, these metrics were impaired
(see Figures 4B,D and 5B,D). This suggests that a greater
number of true attachments may be missed at higher pre-
dictive thresholds.

Although these trends still existed after jackknife
testing, the predictive models exhibited relatively poor
performance when predicting periods of Sea Lamprey
attachment in individuals even after TAPs were calcu-
lated (e.g., see Tables 2 and 3). Triaxial and absolute
models outperformed the selected models after jack-
knife and TAP calculations. The triaxial model produced
the best postjackknife fit metrics among the HRA mod-
els tested, whereas the absolute model produced the
best fit metrics among the AO models tested. However,
differences in model fit metrics between triaxial and
absolute models were relatively small (Table 3). In gen-
eral, both the triaxial HRA model and the absolute AO
model were relatively accurate (triaxial HRA model: av-
erage=0.728 +0.043, total accuracy=0.712; absolute AO
model: average =0.864 +0.022, total accuracy=0.821; see
Table 3) and would regularly predict unattached periods
correctly (triaxial HRA model: average negative predic-
tive value=0.855+0.038; absolute AO model: average
negative predictive value =0.884 +0.022). However, these
models frequently predicted false negatives (triaxial HRA
model: average sensitivity=0.417+0.080; absolute AO
model: average sensitivity=0.206+0.059) and lacked
some precision in predicting periods of Sea Lamprey

attachment (triaxial HRA model: average positive pre-
dictive value=0.470+0.070; absolute AO model: average
positive predictive value =0.588 +0.062).

Partial dependencies were calculated for all predic-
tors used in the triaxial HRA and absolute AO models
and showed how Lake Trout body orientation and heart
rate responded to Sea Lamprey attachment (Figure 6).
Sea Lamprey attachments were most often associated
with elevated heart rates, negative values of static X
and Y acceleration, low (i.e., <1g) to negative values
of static Z acceleration, and relatively high positive or
negative values of pitch and roll (roughly —50° or +50°
for pitch and roughly —100° or +100° for roll, although
the negative values had a stronger effect) when using
the triaxial HRA model and were associated with ab-
solute values of Z static acceleration less than 1g (and,
to a lesser degree, <0.6g) and high absolute values of
static X and Y acceleration as well as pitch and roll (see
Figure 7; Figure S4).

There was considerable variation in individual re-
sponses—particularly the acceleration responses—to Sea
Lamprey attachment (see Figure 8; Figure S5). Changes in
the heartrate were more consistent across individuals, with
mostindividuals demonstrating elevated heart rates during
periods of attachment. Heart rates on average increased by
6.54 +1.30 beats per minute (bpm) during Sea Lamprey at-
tachment (i.e., from 36.76 +2.30bpm to 43.29 +1.92bpm).
Interestingly, Lake Trout that experienced nonfeeding
attachments did not exhibit elevated heart rates. The
average heart rates during periods of nonfeeding Sea
Lamprey attachments and when Sea Lamprey were not
attached were48.80+8.45bpm and 52.11+5.75bpm, re-
spectively; the average heart rates during periods of feed-
ing Sea Lamprey attachments and when Sea Lamprey were
not attachedwere42.63 +1.94bpm and 34.91+2.24bpm,
respectively. However, heart rate responses to nonfeeding
attachments were only recorded in three Lake Trout (one
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FIGURE 4 Panels highlight how changes to the predictive threshold and the number of included consecutive predictions influence

different model fit metrics using time aggregate predictions (TAPs) generated from the triaxial heart rate and acceleration model.

Secondarily calculated model fit metrics include (A) positive predictive values, (B) levels of sensitivity, (C) negative predictive values, and

(D) levels of specificity. The dashed black lines represent the original model fit metric (i.e., prior to calculating the TAPs). “# Predictions”

refers to the number of consecutive predictions that were included in TAPs for each model fit metric calculation. The number of consecutive

predictions averaged ranges from 5 to 100 (in intervals of 5), represented by colors from blue to red, respectively. Solid black lines show the

data in each panel fitted with a locally estimated scatterplot smoother. For details on the model fit metric calculations, see Table 1 and Data

Analysis and Model Building.

nonfeeding attachment only lasted about 15min and oc-
curred in between heart rate and acceleration sampling
intervals).

Although we lacked power, linear regressions sug-
gested that there was a relationship between tag orienta-
tion and positive detection accuracy. There was a negative
relationship between uncorrected static Y acceleration
and positive detection accuracy in the triaxial HRA model
(R*=0.22), and there was a negative relationship between
uncorrected static X acceleration and positive detection
accuracy (R*=0.45) in the absolute AO model, suggesting
that tags that shifted or were implanted at an angle reduced
positive detection accuracy. There was also a relationship
between Sea Lamprey weight and positive prediction ac-
curacy in the triaxial HRA model (R*=0.19), suggesting
that Sea Lamprey weight may have impacted the model's
ability to accurately detect Sea Lamprey attachment.

DISCUSSION

The capacity to remotely measure Sea Lamprey attack
rates on fishes would dramatically improve our abil-
ity to manage their populations and fisheries over space
and time. Our findings here suggest that Lake Trout ex-
hibit behavioral and physiological signatures that can be
measured and used to identify Sea Lamprey attachments
by using predictive models. Predictor selection methods
found that variables related to body orientation (i.e., static
X, Y, and Z acceleration, as well as pitch and roll) were
among the most important predictors of Sea Lamprey at-
tachment in both models, indicating that Sea Lamprey
attachment impacts Lake Trout body orientation dur-
ing swimming. Heart rate was also a top predictor in the
triaxial HRA model, with Lake Trout typically display-
ing elevated heart rates during periods of Sea Lamprey
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attachment—presumably due to the combined effects of
stress, injury, and increased drag forces resulting from
the attached Sea Lamprey. Using these unique behavio-
ral and heart rate responses, both the triaxial HRA model
and the absolute AO model could predict Sea Lamprey at-
tachments on Lake Trout with reasonable accuracy, but
they lacked some precision and frequently predicted false
negatives. Although these models are currently imperfect,
the present results are promising and minor modifications
could improve their performance, thereby permitting
their use within the field.

Model considerations

Several issues presented themselves during data analy-
sis and model building. Notably, most tags (in particu-
lar, AO tags) were inserted at an angle or rotated shortly
after implantation, despite our use of anchoring sutures.
Although corrections were used, if the tag rotated beyond
a certain angle, axial measurements of acceleration no

longer approximated their real values. For example, if a
tag rotates to the side by 45°, the measurements of X ac-
celeration would now include a component of gravity (Z
acceleration) and measurements of Z acceleration would
now include a component of X acceleration. It may be
possible to calibrate the tags if the angle were known;
however, this is not possible when the tag is inside of the
fish. Moreover, a number of tags appeared to rotate or
move throughout the experiment (this can be observed
as a sloping line in acceleration values or unnaturally
large variation in acceleration values). To correct these
movements, we used a 24-h rolling average correction,
which yielded some success in correcting AO tag move-
ments (highlighted by MDA calculations; see Figure 2),
but this likely dampened the overall responses during Sea
Lamprey attachment, potentially impacting the predictive
performance of the final model. Unsurprisingly, linear re-
gression analyses indicated that poor tag orientation may
have impacted both models' ability to accurately detect
Sea Lamprey attachments; however, we lacked the power
to verify this. Therefore, future studies seeking to predict
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behavioral responses from acceleration values or body ori-
entation should take precautions to ensure that the tag is
implanted at the correct angle and is heavily secured to
the body wall.

Behavior in the laboratory rarely equates exactly to
that observed in the field. Thus, certain behaviors that
were unaccounted for in the laboratory could trigger
false-positive detections if applied to wild fish. Efforts
were made to collect a suite of behaviors to test our
models—which, in theory, should reduce false positives
when used in wild fish. For example, burst swimming
was recorded using a chase protocol in the later trials.
Additionally, irregular behaviors that were displayed
near death and while recovering from surgery were also
recorded. Chases performed in the later trials did not ap-
pear to cause changes in the final models’ performance,
and linear regressions indicated that the positive pre-
diction accuracy was not different between Lake Trout
that died and those that did not die. However, we lacked
power in our analyses, and more testing is needed to
ascertain whether burst swimming or irregular premor-
tality behaviors impair prediction accuracy. Similarly,
we could not determine how the Sea Lamprey attach-
ment location impacted predictive performance due to
our small sample size and the large range in attachment
points.

Other untested field behaviors (e.g., spawning behav-
ior) may be problematic; however, TAPs may reduce the
likelihood of false-positive predictions in field applica-
tions that use longer time frames (e.g., if 40 consecutive
predictions are used in the calculation of TAPs, this would
require ~13.5h of HRA data and 40 min of AO data). Most
behaviors that could feasibly trigger a false-positive pre-
diction occur over shorter periods of time (e.g., foraging
bouts or spawning behaviors), whereas Sea Lamprey typ-
ically remain attached to Lake Trout for many days or
weeks during an attack (Swink 2003). It is possible that
irregularly quick attachments (e.g., minutes to hours in
length) could be missed using this method, but such short
attachments are presumably rare and impose lesser physi-
ological costs on Lake Trout.

Factors such as the size of the Lake Trout and Sea
Lamprey used in our trials could affect model performance
in the field; to address this, we used a range of sizes for both
species in our trials. Lake Trout ranged from 1394 to 6080 g
(total length=576-885mm), and Sea Lamprey ranged
from 83 to 261 g (total length =375-544 mm). The size of
the Lake Trout did not seem to affect the performance of
either model; however, there appeared to be a positive re-
lationship between Sea Lamprey size and positive predic-
tion accuracy in the triaxial HRA model, suggesting that
attachments from smaller Sea Lamprey may have been un-
derestimated. This could be particularly problematic for

small, postmetamorphosed Sea Lamprey. The average size
at metamorphosis is about 140 mm, which is less than half
the size of the smallest Sea Lamprey that was tested in our
models (Purvis 1980; Youson et al. 1993). Host mortality is
known to be influenced by Sea Lamprey size, so underes-
timations of smaller, less lethal Sea Lamprey attachments
may be relatively less important from a management per-
spective and attachments by medium to large Sea Lamprey
are less likely to be underestimated (Swink 2003). There
is also evidence that Sea Lamprey host selection is influ-
enced by their size, with smaller lamprey selecting Lake
Trout less frequently when compared to larger lamprey
(Harvey et al. 2008). In a few instances (n=3), multiple
Sea Lamprey were attached to a single Lake Trout for a
period of time during our experiment; however, this did
not seem to alter model performance, and simultaneous
Sea Lamprey attachments rarely occur in the Great Lakes
(Swink 2003).

Our models could not delineate between feeding and
nonfeeding Sea Lamprey attachments. Although there
was some indication that the heart rate response differed
between nonfeeding and feeding attachments, there was
an insufficient nonfeeding sample to produce a model that
could delineate attack types. Nonfeeding attachments are
somewhat common and are hypothesized to occur when
Sea Lamprey are satiated, allowing them to reduce en-
ergetic costs associated with swimming (Farmer 1980).
Although our model could not distinguish between attack
types, it could determine attack rates and one may be able
to assess associated lethality rates (i.e., by inferring mor-
tality from the absence of movement and/or flatline accel-
eration or heart rate values in tagged individuals after a
Sea Lamprey attachment; Villegas-Rios et al. 2020), which
are ultimately the sought-after end points for fisheries
managers. However, improvements in model precision
would be necessary prior to field deployments.

Model application

The use of TAPs requires numerous measurements over
a relatively short period of time for optimal performance.
We tested the final models using 40 consecutive predic-
tions, which equated to approximately 13.5h of HRA data
or 40 min of AO data (due to differences in the tag sampling
rate), although even more consecutive predictions would
likely be needed for optimal predictive performance (see
Tables S3 and S4). Because numerous measurements are
required, a relatively high transmission frequency will be
necessary. Furthermore, because Sea Lamprey attacks are
a somewhat rare occurrence, a longer battery life would
be favorable if included in acoustic transmitter tags. If
incorporated into an acoustic transmitter tag, successful
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detections would also depend on the density of acoustic
receivers within a given area and the likelihood of Sea
Lamprey attack for the Lake Trout population of interest.
The density and configuration of receivers (e.g., grids ver-
sus lines) will also influence one's ability to measure the as-
sociated mortality rate (Peterson et al. 2021). Simulations
may help researchers to determine the optimal locations
for first deployments and the necessary number of tags
and receivers that are needed to adequately sample a pop-
ulation. Depending on the amount of data available, re-
searchers could also tweak the TAP parameters to fit their
needs. For instance, if ample data are collected, one could
increase the predictive threshold, which should increase
positive prediction accuracy and reduce false positives
but may also result in more missed detections (e.g., see
Figures 4 and 5). One should also employ ecological com-
mon sense when reviewing positive TAPs. For example, a
dense cluster of positive predictions over numerous hours
to days would be more likely to be a true attachment than
a singular positive prediction among negative predictions.

The triaxial HRA model demonstrated model fit met-
rics that were comparable to those of the absolute AO
model and performed similarly after TAPs were calcu-
lated; however, the triaxial HRA model is unlikely to be
currently applicable in the field. Notably, heart rate sensor-
equipped acoustic tags remain a “niche” technology that
has yet to be widely produced or embraced (detailed by
Cooke et al. 2016). Moreover, an acoustic transmitter that
measures both triaxial acceleration and heart rate, which
would be needed to use the HRA model, has not yet been
produced. Additionally, numerous factors are known to in-
fluence heart rates in fish, such as temperature, digestion
(i.e., specific dynamic action [SDA]), stress (e.g., presence
of predators; noise from human infrastructure), and activ-
ity level (Kalinin et al. 2009; Chabot et al. 2016; Svendsen
et al. 2021). Temperature has a particularly strong influ-
ence on the heart rate (Clarke 2017). Temperature was
controlled in our experimental trials to a relatively narrow
range (average+SD=9.09+1.29°C) to exclude potential
thermal confounds. Thus, is it probable that the triaxial
HRA model would not perform adequately across the
range of temperatures that Lake Trout are likely to expe-
rience in the wild. Further model calibration would likely
be required using a range of temperatures prior to applica-
tion of the HRA weighted model in the field. Additionally,
because Lake Trout were not fed during the experiment,
the SDA effects on heart rate were not included in the
training or testing of our models; thus, the resulting in-
crease in heart rate after a meal could trigger false-positive
prediction. For those reasons, we recommend starting
with field deployments of telemetered versions that focus
on the locomotor activity-derived metrics from accelera-
tion sensors.

Summary

Lake Trout display unique behavioral and heart
rate responses to Sea Lamprey attachment that can
be subsequently recorded using implantable tags.
Capitalizing on these recorded changes, we produced
models to predict Sea Lamprey attachment on Lake Trout.
Our models showed reasonable accuracy, but they lacked
some precision and frequently predicted false negatives
using test data sets from Lake Trout in the laboratory.
Further development is required to improve these models
prior to field deployments. However, we believe that
these models were rather accurate considering the tag
orientation issues, which could be easily improved with
some minor corrections in surgical methodology. Pilot
field testing would be required to determine the likelihood
of false positives in the wild; however, we believe that the
temporal aggregation of predictions would be robust to
false positives, as it considers longer time frames. Although
both models performed similarly, the absolute AO model
appears to be the most viable for field application because
its required measurements (i.e., using acceleration
sensors rather than ECG sensors) are simpler to record
and transmit. We believe that this model could be a useful
tool for investigating the impacts of Sea Lamprey on wild
populations of Lake Trout without survivor detection
bias and is deserving of further research. The ability to
record direct observations of Sea Lamprey attack rates in
the field will be valuable for fisheries managers and Sea
Lamprey control agents to inform fisheries management
and control decisions.
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SUPPORTING INFORMATION
Additional supporting information can be found online in the
Supporting Information section at the end of this article.
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