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Comparative analyses with conventional surveys reveal the
potential for an angler app to contribute to recreational
fisheries monitoring
Fiona D. Johnston, Sean Simmons, Brett van Poorten, and Paul Venturelli

Abstract: Growing interest in apps to collect recreational-fisheries data requires that relationships between self-reported
data and other fisheries data are evaluated, and that potential biases are assessed. This study compared results from a
mobile-phone application and website for anglers (MyCatch) to results from three types of fisheries surveys — 1 provincial-level
mail survey, 2 creel, and 17 gillnet surveys. Results suggest that an app and website can (i) recruit users that have a broad spatial
distribution that is similar to conventional surveys, (ii) generate data that capture regional fishing patterns (2218 trips on 289
lakes and 90 streams or rivers), and (iii) provide catch rate estimates that are similar to those from other fisheries-dependent sur-
veys. Some potential biases in app users (e.g., urban bias) and in the relative composition of species caught provincially were
identified. The app was not a suitable tool for estimating fish abundance and relative community composition. Our study demon-
strates how apps can or cannot provide a complementary data-collection tool for recreational-fisheries monitoring, but further
research is needed to determine the applicability of our findings to other fisheries contexts.

Résumé : �Etant donné l’intérêt croissant pour les applications de cueillette de données sur les pêches sportives, il est néc-
essaire d’évaluer les relations entre les données autodéclarées et d’autres données sur les pêches, ainsi que les biais poten-
tiels. L’étude compare les résultats d’une application pour téléphone mobile et d’un site web pour pêcheurs sportifs
(MyCatch) aux résultats de trois types d’enquêtes sur les pêches — une enquête provinciale par la poste, deux enquêtes par
interrogation de pêcheurs et 17 relevés au filet maillant. Les résultats donnent à penser qu’une appli et un site web peut
(i) recruter des utilisateurs présentant une répartition spatiale aussi vaste que celle d’enquêtes traditionnelles, (ii) produire
des données qui capturent les motifs régionaux de pêche (2 218 excursions sur 289 lacs et 90 cours d’eau ou rivières) et
(iii) fournir des estimations des taux de prises qui sont semblables à celles obtenues d’autres enquêtes dépendantes de la
pêche. Certains biais potentiels chez les utilisateurs de l’appli (p. ex. biais urbain) et dans la composition relative des espè-
ces capturées à l’échelle provinciale sont relevés. L’appli ne s’avère pas être un bon outil pour estimer l’abondance de pois-
sons et la composition relative de la communauté. L’étude démontre comment des applis peuvent ou non constituer des
outils de collecte de données complémentaires pour la surveillance des pêches sportives, mais d’autres travaux de recher-
che sont nécessaires pour établir l’applicabilité de nos résultats à d’autres contextes de pêche. [Traduit par la Rédaction]

Introduction
Recreational fishers are one of the dominant users of inland

fisheries resources in industrialized nations (Arlinghaus et al.
2015, 2019), important users of marine resources (Coleman et al.
2004; Hyder et al. 2018), and expected to become more important
in developing nations (Bower et al. 2020). Recreational fishing pro-
vides significant contributions to the global economy, and pro-
duces important sociocultural benefits (FAO 2012; World Bank
2012; Arlinghaus et al. 2017a). However, recreational fishing pres-
sure can impact fish populations (Post et al. 2002; Cooke and Cowx
2006; Arlinghaus et al. 2019). Effectively monitoring recreational
fisheries is critical for understanding the status of fish resources
and detecting emerging issues (e.g., population declines, invasive
species, etc.; Radinger et al. 2019). However, sustainable manage-
ment is challenging when the resource is diverse and widely dis-
tributed across a landscape, and the angling population is free to

move among fisheries (Lester et al. 2003; Pereira and Hansen 2003;
Carruthers et al. 2019).
Fisheries biologists often use fisheries-independent indices of

abundance such as standardized netting to assess fish popula-
tions in lakes (Askey et al. 2007b; Ward et al. 2012), and aerial and
creel surveys— andmore recently time-lapse cameras and traffic
counters— to estimate angling effort and catch (Smallwood et al.
2012; van Poorten et al. 2015; van Poorten and Brydle 2018; Hartill
et al. 2020). These survey methods can be very costly and time
consuming (Greenberg and Godin 2015; van Poorten et al. 2015;
Hartill et al. 2020), which can make it logistically impossible and
cost prohibitive to assess all waterbodies within the landscape on
an ongoing basis (Pereira and Hansen 2003; Hartill et al. 2020). As
a result, survey efforts tend to focus on high priority, easily acces-
sible fisheries (Greenberg and Godin 2015; van Poorten et al.
2015), leaving small, remote lakes and rivers that often support
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wild fish populations under- or unmonitored (van Poorten et al. 2015).
Thus, critical information gaps exist that could affect recreational-
fisheriesmanagement and the conservation ofwildfish stocks.
Citizen science, defined here as the voluntary reporting of data by

the public for use in scientific studies, is a way to collect data over
large spatial and temporal scales (McKinley et al. 2017; Dickinson
et al. 2012; Kobori et al. 2016). Citizen science has been an important
source of biological information historically (Dickinson et al. 2010;
McKinley et al. 2017), but recent advances in digital technology have
resulted in the rapid expansion of this field (Dickinson et al. 2010;
Gutowsky et al. 2013; Venturelli et al. 2017). Indeed, questions about
how angler-reported data can be used in fisheries monitoring were
highlighted in a review of future considerations for recreational-
fisheries management (Holder et al. 2020). There is growing interest
in utilizing digital platforms such as websites, social media, digital
log books, and apps for phones and tablets as low-cost methods to
collect fisheries data that are meaningful to fisheries managers
(Gutowsky et al. 2013; Venturelli et al. 2017). Anglers can use these
platforms to voluntarily self-report catch and effort information,
which can then be utilized in fisheries analyses and management.
Results from initial studies found promising relationships between
conventional surveys and angler-reported data for regional effort or
catch rates (Stunz et al. 2014; Papenfuss et al. 2015; Jiorle et al. 2016),
but also documented spatial and numeric biases (Jiorle et al. 2016;
Gundelund et al. 2020). Moreover, concerns about citizen science
data quality have limited its use in scientific publications and policy
applications (Conrad and Hilchey 2011; Hyder et al. 2015; Theobald
et al. 2015).
The paucity of comparative studies in fisheries science means

that many questions remain about whether data self-reported by
anglers through an app, or other digital platform, can provide

valid fisheries information (Venturelli et al. 2017). Angler recruit-
ment and retention, data quality and quantity, and integration of
angler self-reported data into fisheries management frameworks
are all key challenges faced by citizen science projects (Hyder
et al. 2015; Venturelli et al. 2017). What motivates participation in
citizen science activities, and how this affects data quality, is an
active field of research (West and Pateman 2016; Lewandowski
and Specht 2015; Crandall et al. 2018; Parrish et al. 2019). For
example, avidity biases resulting in nonrandom participation are
a concern (Jiorle et al. 2016; Venturelli et al. 2017; Gundelund
et al. 2020) that has likely limited the adoption of apps as a com-
plementary tool to other fisheries survey techniques (Hyder et al.
2015; Lewandowski and Specht 2015; Venturelli et al. 2017).
The aims of this study were to determine if results from self-

reported data from anglers using a mobile phone app (MyCatch)
and website were similar to results from other more conven-
tional survey techniques or if potential biases in the self-reported
data were identified. More specifically, this project aimed to eval-
uate if (i) anglers using the app had a similar spatial distribution
to what we know about the angler community from conven-
tional surveys, (ii) fishing activities across the landscape deter-
mined from self-reported app data were similar to other survey
methods, and (iii) catch estimates generated from the app data
were similar to estimates from conventional survey techniques.
The study focused on anglers that fished in the province of
Alberta, Canada. With the growing interest in citizen science,
studies such as ours are needed to identify the potential uses of
angler apps as a complementary tool for monitoring fisheries
and fish populations, and to identify potential biases that will
need to be addressed if apps data are to be more broadly adopted
in fisheries management.

Fig. 1. The Fisheries Management Zones in Alberta, Canada (panel a), and the Bow River and Oldman River system in southwestern
Alberta where creel surveys were conducted in 2018 (panel b). Magenta points indicate the upstream (Bearspaw Dam) and downstream
(Carseland Weir) limits of the creel survey area on the Bow River. The blue point at Waldron’s Falls indicates the downstream limit of the
Upper Oldman creel survey area. Upstream limits of the Upper Oldman creel survey area were as follows: the confluence of South Twin
Creek and the Livingstone River (red point), the confluence of Pasque Creek and the Oldman River (blue point), on Dutch Creek �14 km
upstream of its confluence with the Oldman River (green point), and the confluence of Vicary Creek with Racehorse Creek (purple point)
(Hurkett and Fitzsimmons 2019). Map created in R-3.6.3 using “Leaflet” (Cheng et al. 2019); leaflet © OpenStreetMap contributors, CC-BY-
SA, Tiles © Esri — Esri, DeLorme, NAVTEQ, TomTom, Intermap, iPC, USGS, FAO, NPS, NRCAN, GeoBase, Kadaster NL, Ordnance Survey,
Esri Japan, METI, Esri China (Hong Kong), and the GIS User Community. [Colour online.]
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Methods
Anglers used the MyCatch app and website to log information

about their fishing trip and catch (further details below). Our
study compared data collected by these electronic platforms to
findings from three types of surveys— mail, creel, and gillnet —
to evaluate the extent to which estimates from self-reported data
from the app are similar to estimates of fisheries metrics from
more conventional surveys. First, we compared the regional dis-
tribution and fishing practices from MyCatch in 2018 to mail sur-
vey data collected by Fisheries and Oceans Canada (DFO) for 2015 to
determine if an app can capture the broad spatial distribution of
the angler community. Second, catch data fromMyCatch and creel
surveys conducted on the Bow, andUpper Oldman–Livingstone sys-
tems in 2018 were used to evaluate the similarities–differences
between catch rate and species composition of the catch on specific
waterbodies. Finally, summary estimates from 2018 Fall Index Net-
ting (FIN) surveys in Alberta were compared with catch informa-
tion fromMyCatch to evaluate if a correlative relationship between
fish abundance estimates and catch occurred.

App data collection
Self-reported data from anglers were collected via the MyCatch

mobile phone app and Angler’s Atlas website. These data are
referred to as the app data or MyCatch data throughout the
manuscript without distinguishing the source (i.e., app versus
website) unless necessary. A key difference between these two
methods of data collection was that anglers had to register to sub-
mit data via the app, while most reports (70.3%) using the website
were submitted anonymously. Thus, the postal code of some
anglers who submitted data through the website were unknown.
Fisheries resources in Alberta are divided into three FisheriesMan-

agement Zones — Eastern Slopes Zone, Prairie Parkland Zone, and
Northern Boreal Zone (Fig. 1)— that are further subdivided into ten
Fish Management Watershed Units (FMWU), (4, 2, and 4 units per
zone, respectively), and 5 national parks that are managed federally
(Fig. 2). The FMWU (or park) that anglers resided in were identified
for Alberta residents based on their postal code. In addition, app
users from Alberta were categorized as rural or urban residents

based on the second digit of their postal code; 0 denoted a rural area,
and numbers > 0 were categorized as urban as defined by Canada
Post’s forward sortation areas (Canada Post 2019).
Data collection began 11 May 2018, when the free MyCatch app

first became available for download from The App Store and Goo-
gle Play. The app and website usage were promoted through six
separate email-based campaigns (4 national and 2 Alberta only)
to existing subscribers of Angler’s Atlas (15 954 Albertan subscrib-
ers) that took place until 28 August 2018. Data up to and including
10 May 2019 were utilized in this study, although the exact time
frameused depended on the comparison of interest (Table 1). Reports
from January 2019 to March 2019 were assumed to be winter–ice-
fishing trips.
MyCatch allowed anglers to create a digital log of their fishing

trip information. For each fishing trip, anglers were prompted to
report the date, waterbody, hours fished rounded to the nearest
hour, and the number of fish caught by species. Anglers were
encouraged to record zero-catch data (i.e., trips that resulted in
no fish being caught) via communications that explained the impor-
tance of this information, as well as a screen prompt that queried
users to confirm a zero after submitting a trip log without anything
caught. Anglers also had the option to record fish size measure-
ments, tag information, and whether a fish was harvested. App use
was incentivized via feedback in the form of graphical tools that
helped anglers to visualize their fishing data (totals, averages, rates,
and species composition). Waterbody location was selected using
the phone’s GPS and matched with a nearby waterbody from
Angler’s Atlas geo-spatial database. If the waterbody was missing
from the database or incorrect, users could override this automatic
feature by marking their own location on the map. River systems
and streams were not broken down into smaller subunits, so the
selection of a large river such as the Bow River meant that fishing
could have occurred anywhere on the system.

National mail survey
DFO conducts mail surveys of recreational fishing activities

in Canada’s provinces and territories every five years to assess
the economic and social importance of recreational fisheries

Fig. 2. (a) Distribution of MyCatch-registered anglers (N = 369 anglers) from Alberta by residence, and the distribution of the 379
waterbodies that anglers reported fishing using the MyCatch app or website by (b) number of trips (2217 trips), and (c) and hours fished
(N = 9767 hours). Locations for larger streams and rivers are represented by a single position rather than fishing locations. Black lines
represent the borders of Alberta’s three Fisheries Management Units, green lines represent the borders of national parks, and gray lines
represent the borders of Alberta’s ten Fisheries Management Watershed Units (approximate because this spatial layer is not publicly
available). PP = Parkland Prairie, ES = Eastern Slopes, NB = Northern Boreal. Maps created in R-3.6.3 using “ggmap” (Kahle and Wickham
2013); map data ©2019 Google. [Colour online.]
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Table 1. Sampling period and sample sizes for conventional surveys and MyCatch reports and analyses used and the variables compared.

Conventional survey MyCatch app

AnalysesType Location

Start date – end
date (no. of
days surveyed)

No. of anglers – reports –
waterbodies Location

Start date – end date
(no. of days surveyed)

No. of anglers – reports –
waterbodies

DFOmail
survey

Alberta Jan.–Dec. 2015
(annual
period)

1046 surveys, 1416 region
reports

Alberta 11 May 2018 – 10 May
2019 (annual period)

2218 reports:

� 390 registered anglers (1362
reports) and 856 unregistered
reports

� 9773 h
� 1 report (6 h) with no location

379 waterbodies:
� 289 lakes, 90 streams–rivers

1) x2–Fisher’s
test: angler
residence,
regions
fished, and
species
composition

AEP creel
survey

Lower Bow
River*

5 June – 25 Nov.
2018 (122 days
surveyed)

2770 anglers:

� 17 without time spent
fishing, 1 with time spent
fishing of 0 h, 2 with time
spent fishing of 26 h

� 10 without information on
fishing access

� 1931 completed trips, 537 of
which were guided

Bow River 28 May 2018 – 4 Nov.
2018 + one trip
27 Dec. 2018 (56 dates
reported)

91 reports:

� 26 registered anglers
(58 reports) and 33 unregistered
reports

1) x2–Fisher’s
test: species
composition

2) Zero-inflated
negative-
binomial
regression:
catch rates

ACA creel
survey

Upper
Oldman–
Livingstone
system*

16 June –
31 Oct. 2018
(88 days
surveyed)

963 anglers:

� 3 without time spent
fishing, 170 with time spent
fishing of 0 h

� 139 completed trips, 5 of
which were guided

Oldman–
Livingstone
system

15 June 2018 – 22 Oct.
2018 (31 dates
reported)

43 reports:

� 16 registered anglers (34 reports)
and 9 unregistered reports

1) x2–Fisher’s
test: species
composition

2) Zero-inflated
negative-
binomial
regression:
catch rates

Oldman River: 595 Oldman River: 27
Livingstone River: 344 Livingstone River: 11
Racehorse Creek: 16 Racehorse Creek: 4
Dutch Creek: 8 Dutch Creek: 1

FIN surveys Alberta lakes 6 Sept. – 13 Oct.
2018 (varies
by lake)

22 lakes Alberta lakes 11 May 2018 – 10 May
2019 (varies by lake)

17 out of 22 FIN lakes
178 reports: see reports by lake in
footnote†

1) x2–Fisher’s
test: species
composition

2) Linear
regression:
catch rates

*See Fig. 1 for specific locations of creel surveys. DFO = Fisheries and Oceans Canada, AEP = Alberta Environment and Parks, ACA = Alberta Conservation Association, FIN = Fall Index Netting.
†Reports by lake: Lac La Biche: 40, Pigeon Lake: 35, Lac Ste. Anne: 28, Lac La Nonne: 21, Milk River Ridge Reservoir: 11, Pinehurst Lake: 11, Battle Lake: 8, Isle Lake: 7, Lac Bellevue: 8, Wolf Lake: 3, Berry Creek

Reservoir: 2, Crane Lake: 2, Hebephrenic Lake: 1, Kehiwin Lake: 1, Long Lake: 1, Rainbow Lake: 1, Utikumasis Lake: 1.
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(DFO 2019). The most recent survey pertained to annual fishing
activities from January to December 2015. The DFO survey was
designed to obtain a representative sample of anglers fishing
in all regions of the country based on provincial–territorial recrea-
tional fishing licence databases. Standardized questions were asked
in all versions of the survey, but provinces were able to add ques-
tions that were relevant to their jurisdiction. The Alberta survey was
sent to 5800 license holders (5000 who were residents of Alberta,
and 800 who were either Canadian non-residents and foreign
anglers) (DFO 2019), and 1046 questionnaires were returned (18%
response rate). Like the MyCatch anglers, postal codes were used to
assign Alberta-resident respondents to a FMWU (Fig. 2), and categorize
themasurbanor rural (Canada Post 2019).
Alberta’s version of the DFO survey asked a variety of questions

about fishing activities, expenditures, demography, aquatic inva-
sive species, and management awareness. Included were ques-
tions related to where anglers fished. Anglers were asked to
identify which FMWU they lived in (Fig. 2), which FMWUs they
fished in, the number of days that they fished in each FMWU, and
the number of fish that they caught and kept by species in each
FMWU. In addition, anglers were asked how many days they fished
in Alberta in 2015, and to break that number down by (1) rivers or
streams during the open water period, (2) reservoirs and (or) ponds
during the open water period, and (3) through the ice during the ice
fishing period. The Alberta version of the DFO survey did not collect
waterbody-specific information.

Creel surveys
On-site angler surveys, often called creel surveys, involve inter-

viewing anglers either during or at the end of their trip (Murphy
et al. 1996). These surveys are used to obtain information on anglers
utilizing the fish resource to produce effort and catch estimates
(McCormick and Meyer 2017). We compared the MyCatch results to
results from two creel surveys that were conducted in Alberta during
2018. One creel survey was conducted by Alberta Environment and
Parks on the lower Bow River between the Bearspaw Dam and the
Carsland Weir (Fig. 1) from June until the end of November 2018
(Table 1). This section of the BowRiver is�100 km longwith a surface
area of 1076 ha (Ripley and Council 2006). It is considered to be a
world-class rainbow trout (Oncorhynchus mykiss) fishery (Post et al.
2006; Askey et al. 2007a) and receives considerable angling effort
(Ripley and Council 2006; Cahill et al. 2018). A second creel was con-
ducted by the Alberta Conservation Association along 199 km of the
Upper Oldman River and its major tributaries — the Livingstone
River, Dutch Creek and Racehorse Creek (Fig. 1) — from June to
October 2018 (Table 1) (Hurkett and Fitzsimmons 2019).The upperOld-
man River system is important habitat for a threatened salmonid spe-
cies, westslope cutthroat trout (Oncorhynchus clarkii lewisi; COSEWIC
2016; Sinnatamby et al. 2020), and has received increasing angling
pressure over the past three decades (Hurkett and Fitzsimmons 2019).
Both creel surveys utilized a combination of roving and common

accesspoint surveymethods (Malvestuto 1996;Hurkett andFitzsimmons
2019). Information collected during the interviews included angler
residence, party size, time spent fishing, whether the trip was
guided, and themethod used to fish (shore–boat, flyfishing–casting).
Anglers were asked to report the number of fish caught and kept by
species, and creel clerks recorded size and maturity information on
harvested fish (Fitzsimmons 2017). Creel clerks also noted the date,
time and location of the interview, and whether the fishing trip was
completed. Survey shifts were randomly assigned based on spatial
and temporal strata in both creel surveys. The survey areas were di-
vided into spatial strata (4 reaches on the BowRiver and 3 on theOld-
man River system), and the survey periods were divided based on
two temporal strata; weekend–holidays andweekdays, andmorning
(8 am – 3 pm) and evening (3–10 pm) shifts. Further details on the

Upper Oldman River survey methodology can be found in Hurkett
and Fitzsimmons (2019). The Bow River survey followed methods
similar to those used in a survey on the Bow River in 2006 (Ripley
andCouncil 2006).
AEP surveyed 2770 anglers on the Bow River in 2018, but 17 of

these anglers did not report time spent fishing, one reported zero
hours fishing, two reported fishing for 26 h, and 10 did not provide
information on how they accessed the system (Table 1). We
excluded these 30 anglers from our Bow River analysis because we
required information on nonzero effort and access. Similarly, our
effective sample size in the ACA survey of the Upper Oldman River
system in 2018 was 790 because three reports did not include time
spent fishing, and 170 reports included zero hoursfishing (Table 1).

Gillnetting surveys
Standardized index-netting is a common, fishery-independent

method for assessing fish abundance and size structure (Appelberg
2000; Bonar et al. 2009; Sandstrom et al. 2013). Alberta’s walleye
(Sander vitreus) and northern pike (Esox lucius) populations are moni-
tored via a standardized gillnetting protocol called a Fall Index
Netting (FIN) (Morgan 2002; AESRD 2014). FIN surveys occur in
fall when fish are more evenly distributed (water temperatures 10–
15 °C) (Government of Alberta 2020). Crews set standardized, multi-
mesh gillnets 2–15 m deep at random locations for 21 to 27 hours
(Government of Alberta 2020). The number of nets and nights
fished are determined by lake size. The number, size, maturity, and
species of thefishes that are captured, together with the number of
nets and nights fished, are used to obtain walleye and mature pike
population estimates (Government of Alberta 2020). In 2018, FIN
surveys took place on 22 Alberta lakes between September and
October (Table 1). Our analyseswere based on 2018 FIN summary data
that were obtained from the following website, https://www.alberta.
ca/fall-index-netting-summaries.aspx.

Analyses
We used multiple analyses to compare MyCatch-based metrics

to those from conventional surveys (Table 1). Chi-squared tests
(“chisq.test” R-3.6.3) were used to compare results from the 2015
DFO survey and MyCatch reports from May 2018 to May 2019. We
compared the relative distribution of anglers among FMWUs
based on their residence, the relative distribution of annual fish-
ing effort among FMWUs, and the relative distribution of species
caught annually. The Fisher’s exact test (“fisher.test” R-3.6.3) was
used when the expected frequency of some of the categories was
low (Crawley 2007). Post hoc tests of equal proportions were used
to examine which categories differed between surveys (“prop.
test” R-3.6.3), with p values adjusted for multiple comparisons via
the Holmmethod (Holm 1979). All analyses were implemented in
R 3.6.3 (R Core Team 2020), and tests with p values < 0.05 were
considered significant. We also calculated Cramér’s V because x2

and Fisher’s tests are likely to return low p-values for large sam-
ple sizes, even when effect sizes are small. Cramér’s V is a measure
of the strength of association (i.e., effect size) for x2 tests that
ranges between 0 and 1. In a 2 � 2 contingency table, a value < 0.1
indicates little to no association (referred to here as negligible),
0.1–0.3 indicates low association, 0.3–0.5 indicates moderate associ-
ation, and >0.5 indicates high association (Mangiafico 2016). For
larger contingency tables, the Cramér’s V values that define the
thresholds between low, moderate and high association become
smaller (Cohen 1988) and can be found in the online Supplemen-
tarymaterial, Table S11.
MyCatch reports for the Bow River and Oldman River system

were compared to 2018 creel data collected by AEP and the ACA,
respectively, to determine if catch information was similar at the
waterbody level (Table 1). Similar to the comparison of the app to
the DFO survey, x2 tests (“chisq.test” R-3.6.3) or Fisher’s exact test

1Supplementary data are available with the article at https://doi.org/10.1139/cjfas-2021-0026.
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(“fisher.test” R-3.6.3) were used to compare the relative composi-
tion of species in the catch in each of the river systems. Only
commonly captured species were included in this analysis —

rainbow trout, cutthroat trout, brown trout (Salmo trutta), bull
trout (Salvelinus confluentus), and mountain whitefish (Prosopium
williamsoni). We classified rainbow trout� cutthroat trout hybrids
from the Oldman River creel survey as cutthroat trout because
MyCatch anglers did not identify hybrids.
Catch rates from the app and creel surveys were also compared

for the Bow River and Oldman River system. Zero-inflated
negative-binomial models with a log link (“zeroinfl”, pscl package,
R-3.6.3; Zeileis et al. 2008) were used to evaluate similarities or dif-
ferences between the app and creel catch because the data were
over-dispersed and zero-inflated in both systems. We evaluated a
series of 13 models that included possible combinations of data
source (app or creel) and time fishing (Table 2). Time fishing was
included as an offset variable (Kuparinen et al. 2010; Gundelund
et al. 2020). Anglers surveyed by the creels were found to be opera-
tionally diverse, particularly on the Bow River (see Supplement and
Fig. S11). Thus, supplementary analyses were also completed for
more complex explanatory variables that incorporated informa-
tion from the creel survey on trip completion, guiding, gear used
and access (shore–boat) — N = 8 for the Bow River (Supplementary
Table S21) and N = 7 for the Oldman River system (Supplementary
Table S31). Variables could not be included as covariates in themod-
els because comparable information was not available for the
MyCatch data set. Formodel numbers> 4, themodelfit to the non-
zero count data (left of the bar in the model formula) was different
from the model fit to the zero-inflation component of the data
(right side of the bar in the model formula; Table 2). We used delta
AIC values and AIC weights to identify the most parsimonious of
the candidate models. Delta AIC values< 2 suggest that the model
should be considered, whereas models with delta AIC values from
4 to 7 have considerably less support, and delta AIC values> 10 sug-
gest that the model is unlikely to be the most parsimonious
(Burnham and Anderson 2001). AIC weights give the probability
that a model is the best model among the candidate models eval-
uated (Wagenmakers and Farrell 2004). In addition, Nagelkerke’s
(Cragg and Uhler) pseudo-R2 (“nagelkerke”, rcompanion package,
R-3.6.3; Mangiafico 2020), which tends to fall between 0 and 1, was
used as an indicator of goodness of fit (Mangiafico 2016). The catch
rate of the dominant species in the catchwasmodelled for each sys-
tem; sample sizes for other species were too small for evaluation
(Fig. 6).

We used linear regression (“lm”, R-3.6.3) to compare mean
catch rates from MyCatch to gillnet catch rates and density esti-
mates for walleye and northern pike from the 2018 FIN survey
reports. Density was calculated by multiplying the gillnet catch
rate by the percent of the population caught, which is provided
in the reports, and divided by the lake area. MyCatch data from
the full year of collection were used to improve sample sizes. We
used themean-of-ratios estimator, which is appropriate formeas-
uring average angler catch rates (Pollock et al. 1997). We tested
the linear regression assumption of normality with the Shapiro–
Wilk Normality Test (“shapiro.test”, R-3.6.3) and the Breusch
Pagan Test for homoskedasticity (“bptest”, lmtest package, R-
3.6.3; Zeileis and Hothorn 2002). Violations of homoskedasticity
were accounted for by refitting the linear model with robust
standard errors (“lm_robust”, estimatr package, R-3.6.3; Blair
et al. 2020) that used the heteroscedasticity consistent covariance
matrix HC3, which is suitable for smaller sample sizes (Long and
Ervin 2000). We used x2 (“chisq.test” R-3.6.3) or Fisher’s exact
(“fisher.test” R-3.6.3) tests to compare the relative composition of
species in the app and gillnet catches for lakes for which there
were sufficient MyCatch data (>30 reports). We only considered
the relative proportions of sport fishes because other species (e.g.,
suckers, shiners) were unlikely to be captured and (or) reported by
MyCatch anglers.

Results

MyCatch usage
Anglers used the MyCatch app and website to report 2218 trips

in Alberta over a year (Table 1). This corresponded to 9773 hours
of fishing and 12 037 fish caught. A total of 390 registered anglers
were identified, 369 (94.6%) of which were from Alberta, predom-
inantly from large population centers (Fig. 2a). Registered anglers
accounted for 61.4% (1362 reports) of all reported trips, and 71.1%
of these trips were reported through the MyCatch app. However,
55.7% of all reports (i.e., anonymous and registered users com-
bined) were through the website. Just over half of registered
anglers (52.3%) only reported a single fishing trip, and the major-
ity reported <10 trips (83.3% ≤5 trips, 93.1% ≤10 trips). Anglers
reported zero-catch in 635 reports (28.6% of trips), and selected
the zero-catch option on the app in all but five (0.8%) of these
cases.
App reports were distributed throughout Alberta (Fig. 2b) on

289 lakes and 90 streams or rivers (Table 1), with the majority
(79.3%) of effort reported on lakes. However, both trips and effort

Table 2. AIC, delta AIC values (DAIC), AIC weights (wAIC), number of parameters (K), and Nagelkerke’s (Cragg and Uhler) pseudo-R2 values (N-R2)
for zero-inflated negative binomial models 1–13 for the Bow River and the Oldman River system.

Model number: formula

Bow River Oldman River system

AIC DAIC wAIC K N-R2 AIC DAIC wAIC K N-R2

1: Catch� 1 j 1 9468.2 1087.5 0 3 0 3595.0 221.0 0 3 0
2: Catch� Source j Source 9466.8 1086.1 0 5 0.0020 3593.0 219.0 0 5 0.0050
3: Catch� OT j OT 8383.1 2.4 0.1071 3 0.3300 3374.0 0.002* 0.3347 3 0.2362
4: Catch� Source + OT j Source + OT 8384.5 3.7 0.0544 5 0.3307 3379.8 5.8 0.0183 5 0.2375
5: Catch� Source j 1 9466.7 1086.0 0 4 0.0013 3589.0 215.0 0 4 0.0050
6: Catch� Source j OT 9493.7 1113.0 0 4 –0.0087 3589.0 215.0 0 4 0.0050
7: Catch� Source j Source + OT 9495.7 1115.0 0 5 –0.0087 3593.0 219.0 0 5 0.0050
8: Catch� OT j 1 8380.7 0* 0.3533 3 0.3306 3374.0 0* 0.3350 3 0.2362
9: Catch� OT j Source 8382.3 1.6* 0.1568 4 0.3307 3377.1 3.1 0.0714 4 0.2370
10: Catch� OT j Source + OT 8385.1 4.4 0.0394 4 0.3300 3376.6 2.6 0.0894 4 0.2374
11: Catch� Source + OT j 1 8382.5 1.8* 0.1453 4 0.3307 3595.0 221.0 0 3 0
12: Catch� Source + OT j Source 8383.2 2.5 0.1014 5 0.3310 3593.0 219.0 0 5 0.0050
13: Catch� Source + OT j OT 8385.0 4.2 0.0424 4 0.3301 3374.0 0.002* 0.3347 3 0.2362

Note: “Catch” is catch per trip of rainbow trout or cutthroat trout for the Bow River and Oldman River system, respectively. “OT” is time spent fishing included as
an offset variable. “Source” is a categorical variable with levels Creel and MyCatch. The information to the right of upright bar in the model formula indicates the
formula for the zero-inflated portion of the model.

*DAIC values< 2.

36 Can. J. Fish. Aquat. Sci. Vol. 79, 2022

Published by Canadian Science Publishing

C
an

. J
. F

is
h.

 A
qu

at
. S

ci
. D

ow
nl

oa
de

d 
fr

om
 c

dn
sc

ie
nc

ep
ub

.c
om

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

M
IN

N
E

SO
T

A
 o

n 
02

/0
9/

22
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 



were highest in the southern half of the province (Fig. 2b), and
effort was highest near large population centers (Fig. 2c). Ice-fishing–
winter effort (i.e., effort from January–March 2019) represented
30.5% and 4.9% of all trips reported for lakes and streams–rivers,
respectively, and occurred on 52.9% of the lakes and 13.3% of the
streams–rivers that were identified by MyCatch users, respectively.
Only 13 waterbodies, 14 if the Oldman River and its tributaries are
pooled, had ≥30 reports (Table 1). The Bow River received the most
MyCatch reports, with 91 reports (320 hours) occurring from May–
December 2018 (Table 1), and 117 trips (428 hours) over an annual
period (May 2018 – May 2019). The Oldman River system ranked
sixth according to MyCatch, receiving 43 reports and 221 hours
(Table 1). The Oldman River specifically accounted for 62.9% of
MyCatch trips in the Oldman River system, which is similar to the
61.8% of trips that were reported in the ACACreel (Table 1).

Mail Survey–App comparison
MyCatch reports were compared to DFO mail survey results to

determine if there were broad spatial similarities in where
anglers resided, how effort was distributed, and which fish species
were captured. The distributions by province of Canadian-resident
anglers that fished in Alberta did not differ significantly between
the two data sources (Fig. 3a; x2

½9;N¼1392� ¼ 11:45, p = 0.2459, Fisher
p = 0.3151, Cramér’s V = 0.0907 low association), andwere dominated
by Alberta residents (94% DFO, 95% MyCatch). There was also no sig-
nificant difference in the relative distribution of Alberta-resident
anglers among the FMWUs (Fig. 3b; x2

½10;N¼1316� ¼ 11:32, p = 0.3330,
Fisher p = 0.3270, Cramér’s V = 0.0927 low association). In both cases,
the greatest proportion (42.8% DFO, 46.6% MyCatch) of the Alberta-
resident anglers were from the Prairie Parkland 2 region, which
incorporates Edmonton and Red Deer. The proportion of urban
anglers was significantly higher in the app than the DFO survey
(Fig. 3c; x 2

½1;N¼1316� ¼ 10:51, p = 0.0012, Fisher p = 0.0009), but the
strength of this associationwas negligible (Cramér’s V = 0.0914).
A comparison of the distribution of angling effort in Alberta

showed similar trends between the app and the DFO survey. Both
methods found that themajority (70%DFO, 76%MyCatch) of anglers
fished in only one region, and most (56% DFO, 57% MyCatch) of the
trips by Albertan residents were in the region in which they lived.
Almost half the fishing effort in both surveys was in PP2 and ES1
(Fig. 4). However, the proportion of trips reported in the NB2 region
was significantly higher in the DFO survey than in MyCatch (Fig. 4;

x2
½9;N¼16009� ¼ 91:90, p <0.0001, Fisher p < 0.0001, Holm adjusted p

for NB2 < 0.0001), but the strength of this association was low
(Cramér’s V = 0.0758). This difference could be due to potential
errors in the region reported in the DFO survey. For example, 24% of
anglers in the DFO survey reported a region of residence that was
inconsistent with their postal code. This error rate was 66% in the
NB2 region.
We found significant differences in the relative composition

of species caught between the app and the DFO survey (Fig. 5;
x2
½15;N¼74947� ¼ 1522:14, p < 0.0001, Fisher p < 0.0001, Holm adjusted

p values BURB:<0.0001, CTTR: 0.0342, GOLD: 0.0060, LKST:<0.0001,
LKTR: <0.0001, LKWH: 0.0211, MNWH: <0.0001, NRPK: <0.0001,
RNTR: <0.0001, WALL: <0.0001, YLPR: <0.0001; species codes
defined in Fig. 5), although the general trends between the two
methods were similar, and the association was low (Cramér’s V =
0.1425). Walleye and northern pike were the most common species
accounting for �60% of the reported catch, followed by rainbow
trout, yellow perch (Perca flavescens), and cutthroat trout (Fig. 5).
These five species combined accounted for almost 90% of the
reported catch in both data sources.

Creel survey–app comparison
The species composition of commonly caught species in the Bow

Riverwas significantly different between the app andAEP creel sur-
vey (Fig. 6a; x2

½2N¼6266� ¼ 6:58, p = 0.0372, Fisher p = 0.0461), but the
association was negligible (Cramér’s V = 0.0324) and post hoc com-
parisons found no significant differences between species pairs at
a = 0.05 (Holm adjusted p values; 0.2133 RNTR, 0.0514 BNTR, and
0.4772 MNWH). Rainbow trout dominated the catch by both meth-
ods (72% MyCatch and 78% Creel), followed by brown trout and
mountain whitefish. For the Oldman River system, there was
also a significant difference in the relative composition of species
caught between MyCatch and the ACA creel survey (Fig. 6b;
x2
½3;N¼2712� ¼ 75:54, p < 0.0001, Fisher p < 0.0001, Holm adjusted

p values CTTR: <0.0001, RNTR: <0.0001). However, like the Bow
River, the general trends among the two methods were similar,
and the strength of the association was low (Cramér’s V = 0.1669).
Cutthroat trout was the most common species that was reported
by both methods (83% MyCatch and 93% Creel). MyCatch did not
have the option to report hybrids, so our analysis assumed all
hybrids would be cutthroat. However, significant differences with
low effect size were present even if all hybrids were assumed to be

Fig. 3. The relative distribution of anglers that fished in Alberta by their place of residence for both the MyCatch app and the 2015 DFO
mail survey. Panel (a) illustrates the distribution of Canadian residents by province (DFO N = 1005 anglers, MyCatch N = 387 anglers),
panel (b) illustrates the distribution of Alberta residents among the fisheries management watershed units (i.e., region), and panel
(c) illustrates the distribution of Alberta-resident anglers between urban and rural residences (DFO N = 947 anglers, MyCatch N = 369
anglers, for panels b and c). Asterisks above the bars indicate significant differences at alpha = 0.05. PP = Parkland Prairie, ES = Eastern
Slopes, NB = Northern Boreal.
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rainbow trout, or if they were removed from the analysis com-
pletely (results not presented).
Analyses of catch per trip of rainbow trout from the Bow River

found that “Data Source” (app or creel, Model:2) did not improve
the null model (likelihood ratio test x2

½2� = 5.38, p = 0.0679), and
had a negligible effect size (Nagelkerke’s R2 = 0.0020; Table 2).
According to AIC, the most parsimonious model, Model:8, did
not include the categorical variable “Data Source” (Fig. 7a), and had
an AIC weight of 0.3533 and a Nagelkerke’s R2 = 0.3306 (Table 2).
Model:9 and Model:11 had DAIC values < 2, but predictions did
not differ greatly from Model:8 (Supplementary Fig. S21) and AIC
weights were less than half Model:8 (Table 2). Supplementary
analyses that considered more complex explanatory variables
that segmented creel data found that Model:12, in which creel
data were segmented by access, gear, trip completion and guid-
ing (X.Var.8) was the most parsimonious model out of all models
considered, having an AIC weight of 0.9998 when all variables
were considered and a Nagelkerke’s R2 = 0.4126 (Supplementary
Table S21). Model 12 predicts that catch per trip of rainbow trout
by MyCatch anglers on the Bow River will be intermediate, with
shore-based anglers from the creel having lower catch rates, and
boat anglers from the creel, particularly those that are guided,
having higher catch rates (Supplementary Fig. S31).
Analyses of catch per trip of cutthroat trout from the Oldman

River system also found that “Data Source” (app or creel, Model:2)
did not improve the null model (likelihood ratio test x2

½2� = 4.08,
p = 0.1301), and had a low effect size (Nagelkerke’s R2 = 0.0050;
Table 2). Model:8 was again the most parsimonious model (Fig. 7b),
and had an AIC weight of 0.3347 and a Nagelkerke’s R2 = 0.3350
(Table 2). Model:3 and Model:13 had delta AIC values < 2 (Table 2),
but predictions did not differ greatly fromModel:8 (Supplementary
Fig. S41). Supplementary analyses that considered more complex
explanatory variables that segmented creel data found that
Model:11, in which creel data were segmented by gear and trip

completion (X.Var.5) was the most parsimonious model out of all
models considered (Supplementary Table S31). Few (10) trips in this
system were guided, and all anglers fished from shore. Like the
Bow River analyses, Model:11 predicts that MyCatch anglers have
catch rates that fall within the range of the creel segments in the
Oldman River system (Supplementary Fig. S5a1). However, this
model only had an AIC weight of 0.1717 and a Nagelkerke’s R2 =
0.2542when allmodels and variables were considered (Supplemen-
tary Table S31). Numerous models (Models 13 and 9) with differing
levels of creel segmentation (X.Var.4 and X.Var.7) had delta AIC val-
ues close to 2 and AIC weights> 0.05. Thus, these models also have
support and should be considered (e.g., Supplementary Fig. S5b1),
but they also predict that the app catch rates fall within the range
of predictions for the creel segments.

Gillnet–app comparison
MyCatch data were available for 17 of the 22 lakes for which we

could obtain AEP FIN data summary reports (Table 1). Catch rates
of walleye per net night from FIN surveys were significantly
related to average catch rates of walleye from the app, and the
effect size was moderate (Fig. 8a; F[1,15] = 15.72, p = 0.0012, robust
F[1,15] = 7.32, robust.p = 0.0163, r

2 = 0.5116). Themodel was corrected
for heteroskedasticity using robust standard errors because the
assumption of homogeneity of variance was violated (BP = 10.88,
df = 1, p = 0.0010). The assumption of normality was not violated
(W = 0.95, p = 0.4172). There was also a significant relationship

Fig. 4. The relative distribution of angling trips among the
fisheries management watershed units (i.e., region) in Alberta for
both the MyCatch app (N = 2204 days) and the 2015 DFO mail
survey (N = 13 805 days). Asterisk above the bars indicate
significant differences at alpha = 0.05. PP = Parkland Prairie,
ES = Eastern Slopes, NB = Northern Boreal.

Fig. 5. Comparison of the relative composition of species caught
in Alberta as reported by anglers using the MyCatch app (N =
11812 fish) or in the DFO 2015 mail survey (N = 63135 fish).
Asterisks above the bars indicate significant differences at alpha =
0.05. ARGR = Arctic grayling, Thymallus arcticus; BKTR = brook
trout, Salvelinus fontinalis; BNTR = brown trout, Salmo trutta; BLTR =
bull trout, Salvelinus confluentus; BURB = burbot, Lota lota; CTTR =
cutthroat trout, Oncorhynchus clarkii; GLTR = golden trout,
Oncorhynchus aquabonita; GOLD = goldeye, Hiodon alosoides; LKST =
lake sturgeon, Acipenser fulvescens; LKTR = lake trout, Salvelinus
namaycush; LKWH = lake whitefish, Coregonus clupeaformis; MNWH =
mountain whitefish, Prosopium williamsoni; NRPK = northern pike,
Esox lucius; RNTR = rainbow trout, Oncorhynchus mykiss; WALL =
walleye, Sander vitreus; YLPR = yellow perch, Perca flavescens.
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between the catch rate of pike per net night from the FIN survey
and the average catch rates of pike from MyCatch (Fig. 8b; F[1,15] =
5.42, p = 0.0343), but this relationship was less strong (r2 = 0.2654).
The assumptions of normality (W = 0.91, p = 0.1134) and homoge-
neity of variance (BP = 1.25, df = 1, p = 0.2627) were not violated in
this comparison. Results were similar but weaker when app
catch rates were compared to fish density estimates, and the rela-
tionship for pike was not significant (Supplementary Fig. S61).
Only two of the FIN lakes — Lac La Biche and Pigeon Lake

(Table 1) — had >30 app reports for comparing species compo-
sitions. We found significant differences in catch composition
and high to moderate effect sizes between the app and FIN sur-
veys (Fig. 9a: LAC LA BICHE x2

½3;N¼1118� ¼ 212:58, p < 0.0001,
Fisher p < 0.0001, Holm adjusted p values WALL: 0.1914, NRPK:
<0.0001, YLPR: <0.0001 and LKWH: <0.0001, Cramér’s V =
0.4361; Fig. 9b: PIGEON LAKE x 2

½2;N¼687� ¼ 47:18, p < 0.0001,

Fisher p < 0.0001, Holm adjusted p values WALL: <0.0001,
NRPK: 0.0404 and LKWH: <0.0001, Cramér’s V = 0.2621). MyCatch
had proportionally more reports of northern pike, and few reports
of yellowperch and lakewhitefish (Fig. 9).

Discussion
This study contributes to growing evidence that apps can pro-

vide recreational-fisheries data of comparable quality to conven-
tional survey methods. Our findings suggest that an app and (or)
website can (i) recruit a segment of users who have a broad spatial
distribution that is similar to that of anglers that respond to the
national mail survey, (ii) generate self-reported data that captures
similar regional fishing patterns as the national survey, and
(iii) provide catch rate estimates that are similar to those estimated
from other fisheries-dependent surveys. Some potential biases
were identified in the angler segment that was recruited (e.g.,

Fig. 6. The relative composition of commonly caught species in catches from the MyCatch app or the 2018 creel surveys for (a) the Bow
River (Creel N = 6105 fish, MyCatch N = 161 fish) and (b) the Oldman River system (Creel N = 2472 fish, MyCatch N = 240 fish). Asterisks
above the bars indicate significant differences at alpha = 0.05, and numbers above the bars are sample size. N = the total number of fish
caught. BNTR = brown trout, Salmo trutta; BLTR = bull trout, Salvelinus confluentus; CTTR = cutthroat trout, Oncorhynchus clarki; MNWH =
mountain whitefish, Prosopium williamsoni; RNTR = rainbow trout, Oncorhynchus mykiss. Cutthroat trout � rainbow trout hybrids (N = 73 for
the creel and 0 for the app) in the Oldman River system were included in the CTTR category.

Fig. 7. Data and predictions for the catch per trip of (a) rainbow trout (Oncorhynchus mykiss) from the Bow River (Creel N = 2740 reports,
MyCatch N = 91 reports) and (b) cutthroat trout (Oncorhynchus clarki) from the Oldman River system (Creel N = 790 reports, MyCatch N = 43
reports), in relation to the time spent fishing. The panels illustrate the most parsimonious model (Model 8: Catch � OT j 1, in both cases)
when MyCatch catches were compared to creel catches pooled over all angler segments. Dots represent the raw data and lines are the
model predictions. The dot size indicates the proportion of trips in a group. Model details can be found in Table 2. [Colour online.]
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urban bias, although results were inconclusive), and the data that
they reported (e.g., provincial catch composition). The ability of
self-reported app data to complement fisheries-independent net-
ting surveys was less clear. However, our results suggest that apps
show promise as complementary tools to estimate fisheries-
dependentmetrics similar tomore conventional surveys.

MyCatch usage
MyCatch demonstrates the potential of an app to capture a

broad, landscape perspective of where anglers come from and
how they distribute their effort. Understanding how fishing ac-
tivity is distributed across the landscape is critical for managing
fisheries effectively (Ward et al. 2016; Arlinghaus et al. 2017a).
The availability, accessibility, and quality of fishing opportunities
determines how angler pressure distributes on the landscape
(Hunt et al. 2011; Carruthers et al. 2019; Kaemingk et al. 2018;
Matsumura et al. 2019). MyCatch anglers tended to reside in

larger urban centers and in the southern part of the province,
which is consistent with the distribution of general population
in the province. This spatial pattern has important implications
for the distribution of angling pressure (Post et al. 2008; Hunt et al.
2011; Papenfuss et al. 2015). Similar to Papenfuss et al. (2015), we
found that lakes that were close to well established transportation
routes, and in the vicinity of the relatively populated Calgary–
Edmonton corridor were more popular (i.e., more trip reports and
hours fished). Travel distance is an important constraint on fishing
decisions (Hunt 2005), and the range travelled may vary seasonally
(Papenfuss et al. 2015). Maintaining viable fisheries close to large
urban centers can be challenging (Post et al. 2002, 2008; Hunt et al.
2011). As a result, differentmanagementmeasures, such asmore re-
strictive regulations or maintaining put-and-take fisheries close to
urban centers, may be required to maintain fisheries (Post et al.
2008; Post and Parkinson 2012; Kaemingk et al. 2018). App informa-
tion on the spatial distribution of effort could be used to identify

Fig. 8. The relationship between mean catch per unit effort (CPUE) from MyCatch reports and (a) walleye catch rates and (b) mature
northern pike catch rates from 2018 Fall Index Netting (FIN) surveys (N = 17 lakes). Points are the mean catch rates from MyCatch reports,
and size of the points indicates how many MyCatch reports contributed to the mean estimate for a lake. The black line is the linear
regression prediction. R.sq = the coefficient of determination from the model, p = the p value from the regression model and the light
gray region is the 95% confidence interval. Robust.p = the p value using robust standard errors that account for heteroskedasticity, and
the dark gray region is the robust 95% confidence interval.

Fig. 9. Comparison of the relative composition of commonly caught sport-fishes in catches from the MyCatch app or 2018 Fall Index
Netting (FIN) surveys for (a) Lac La Biche (FIN N = 714 fish, MyCatch N = 404 fish from 40 reports) and (b) Pigeon Lake (FIN N = 358 fish,
MyCatch N = 329 fish from 35 reports). Asterisks above the bars indicate significant differences at alpha = 0.05, and numbers above the
bars are sample size. LKWH = lake whitefish, Coregonus clupeaformis; NRPK = northern pike, Esox lucius; WALL = walleye, Sander vitreus;
YLPR = yellow perch, Perca flavescens.
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which waterbodies are of conservation concern. For example, high
effort fisheries or fishing pressure on populations that are particu-
larly vulnerable to overexploitation, such as threatened popula-
tions, are potential candidates for increased monitoring and (or)
more restrictive regulations.
A strength of apps is that they have the potential capture the

spatial resolution of fishing activity at both regionally and on
specific waterbodies over a relatively short timeframe. MyCatch
users identified 289 lakes in the first year. To put that number in
perspective, there are �800 sportfishing lakes in Alberta. Fish-
status assessments have been done on�500 lakes in Alberta, and
�250 more lakes are stocked annually— primarily with rainbow
trout (Government of Alberta 2018). In addition, the MyCatch
lake count after one year was 58% of the number of lakes that were
identified by an established app over a three year period (Papenfuss
et al. 2015). These results suggest that longer-running apps can sam-
ple a broad number of fisheries across a landscape. Our study also
demonstrates the importance of including both rivers and lakes in
the app. Rivers accounted for 24% of the reported fishing effort,
and the Bow River was the most popular waterbody in the prov-
ince. Including all components of the province’s fisheries will
improve the ability of apps to provide high-resolution data to esti-
mate effort and catch, and to understand fisheries dynamics on the
landscape.

Mail survey–app comparison
Our comparison to the 2015 DFO mail survey suggests that

MyCatch was used by a sample of anglers that were spatially dis-
tributed in a similarmanner as respondents to the federal survey,
both regionally and provincially. MyCatch users were signifi-
cantly more urban than DFO survey respondents, but the effect
size was negligible. Recruitment and retention are important factors
when trying to establish and maintain a reliable supply of angler-
reported data (Cooke et al. 2000; Venturelli et al. 2017; Crandall et al.
2018). Our study shows that an app can recruit anglers from a broad
geographic range that extends beyondmanagement zones. In itsfirst
year, the MyCatch app recruited 390 registered users who fished in
Alberta, which is equivalent to 37.3% of the number of responses to
the national DFOmail survey; the survey that is used tomonitor pro-
vincial trends in recreational fisheries (Zwickel 2012). Another angler
app for Alberta documented 2827 users over a three-year period
(Papenfuss et al. 2015). Agreement in the spatial distribution of
anglers and the potential to achieve larger sample sizes suggest that
app information can be used to monitor the broad-scale trends in
Alberta’s fishing community in intervening years between DFO sur-
veys (five-year cycle). More studies are required to determine if this
finding is consistent across platforms and locations, andwhat spatial
biases can be identified.
The app generally captured the same, broad spatial distribu-

tion of angling activity as the DFO mail survey. Effort in the
Northern Boreal 2 FWMU may have been underrepresented by
the app, but the results were equivocal and misidentification of
FMWU’s by DFO respondents may have been responsible for the
effort mismatch. Catch composition from the app also had gross
similarities to the DFO survey, in that both identified walleye and
northern pike as the primary target species in the province, fol-
lowed by yellow perch, rainbow trout and cutthroat trout. How-
ever, there were significant differences in the relative proportions
of species. For example, the app had proportionally more reports
of northern pike and lake trout catches. Opportunistic data collec-
tion, such as anglers choosing when and where to report fishing
trips, can generate spatial biases relative tomore systematic survey
designs (Lewandowski and Specht 2015). Pike lakes are 2.7 times
more abundant thanwalleye lakes in Alberta, andmore pike fishing
opportunities are close to urban centers (Government of Alberta
2018). Most of the lake trout recorded through the app (58%) came
from Cold Lake, which could reflect an affinity bias for that lake or
species. Our findings could also represent real differences in the

fisheries between 2015 and 2018, or recall biases by mail-survey
respondents. Thus, while broad spatial trends can still be used to
identify preferred species and focus management efforts, further
work is needed to identify potential biases in targeted or reported
species, and to determine if data collection over the longer term
reduces variation. In addition, analyses at a regional level that reflect
differences in species distribution could minimize some spatial
biases associatedwith app recruitment and reporting.
Identifying biases in recruitment and retention is important if

app data are to be used as a complementary fisheries-monitoring
method (Venturelli et al. 2017). Determining what motivates par-
ticipation in citizen science activities is an active field of research
(West and Pateman 2016; Lewandowski and Specht 2015; Crandall
et al. 2018; Parrish et al. 2019). Anglers are a heterogeneous group
with diverse motivations for fishing, angling preferences, fishing
practices, skills and commitment (Bryan 1977; Fisher 1997; Scott
and Shafer 2001). This diversity likely influences who participates
in citizen science projects, and the digital platforms that they use
(Venturelli et al. 2017; Gundelund et al. 2020). Our study found
that the dualweb and app interfacewas important for data collection
because 55% of reports were via the website (38.6% of reports from
unregistered users), which could reflect preferences for data sharing.
Some citizen science contributors, even repeated contributors, prefer
to stay anonymous, but omitting them can result in biased outcomes
(Jackson et al. 2018). Underrepresentation of some angler segments
(e.g., rural) could also result from differences in how an app is mar-
keted (e.g., advertising vs. word of mouth). Lack of awareness about
an app or project is a common barrier to participation (West and
Pateman 2016; Crandall et al. 2018). Demographic and behavioural
biases (age, gender, technological affinity, commitment to angling,
etc.) may also be present in self-reported data (Cooke et al. 2000;
Crandall et al. 2018; Gundelund et al. 2020). Gundelund et al. (2020)
found that app users were more specialized, and suggested that
higher app use by younger anglers could be due to greater technolog-
ical affinity. However, app reporting could also reduce some biases;
for example, reduced recall bias because reports are made in real
time (Jiorle et al. 2016). Recall and non-response biases can signifi-
cantly impact estimates from mail surveys (Connelly et al. 2000).
MyCatch did not collect data to investigate biases beyond the spatial
distribution of users and their activity. It is difficult to design an app
that collects information to evaluate a broad range of biases without
impacting participation (Crandall et al. 2018; Gundelund et al. 2020).
However, despite these difficulties, sources of biases should be inves-
tigated further with follow-up studies and monitoring, as should
methods for engaging diverse segments of the angling community.
The utility of an app for fisheries monitoring depends, not only

on the recruitment of angler segments, but also on long-term
retention. While our study did not investigate retention, it found
that more than half of registered users only reported one trip.
This finding is likely due, in part, to a recruitment issue, because
not all anglers started using the app when it was released, but
rather at some point later in the study period. Only 10.3% of
respondents to the DFO survey reported 0 or 1 days fished annu-
ally, with a median of 8 days per year. However, the DFO survey
likely suffered from recall biaswhich can result in the overestimate
of angler effort by asmuch at 45% (Tarrant et al. 1993; Connelly and
Brown 1995; Connelly et al. 2000). Respondents tend to round up
when recalling their participation (Tarrant et al. 1993), and therewas
evidence of this in the DFO reports (i.e., reports of 5, 10, 15, 20, etc.,
days were outliers with high reporting frequency). It is possible that
the relatively lower number of reports from the app could have
introduced biases (e.g., seasonal if unique spring fishing trips were
missed), but we found generally good agreement between the DFO
and app results. In addition, reporting is likely to becomemore con-
sistent as the angler base using the app gets established.
Our findings of low angling participation could also indicate

infrequent fishing or poor retention. Lack of leisure time is an
important constraint on fishing participation (Aas 1995; Crandall
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et al. 2018). In addition, the vast majority of participants are not
retained in most citizen science projects (Venturelli et al. 2017;
Parrish et al. 2019). Gundelund et al. (2020) found that 26% of
users were retained over the long term (>359 days), and that these
users were older and more committed anglers. Many citizen sci-
ence studies rely on few reports from many individuals to obtain
sufficient sample sizes to address the study question (Lewandowski
and Specht 2015; Parrish et al. 2019). If less avid anglers are continu-
ously recruited and sample size is maintained, then the broader
input from a wider segment of the angler population could be ben-
eficial. The interface and feedback (e.g., catch statistics, project
results and updates) that users experience can influence retention
(Lewandowski and Specht 2015), andmay be particularly important
for angler apps because most anglers are using the app to enhance
their fishing experience rather than to participate in a scientific
study (Venturelli et al. 2017; Crandall et al. 2018). It is important that
data reporting is quick and easy (Dickinson et al. 2012; Venturelli
et al. 2017; Crandall et al. 2018). Iterative changes to app design and
feedback based on input fromusers could improve recruitment and
retention (Dickinson et al. 2012), particularly if it is designed to
appeal to less avid users (Gundelund et al. 2020). Longer-term studies
are needed that evaluate how user demographics and behaviours
change over time, and what worked and what did not for angler
recruitment and retention in terms of app design and feedback.

Creel survey–app comparison
Having quality information from a broad spectrum of waterbod-

ies over time could greatly expand the information that is available
to fisheries managers. Comparisons of catch composition on the
Bow River found there was good agreement between the app and
creel survey results, while results for the Oldman River system
were less conclusive. Our findings highlight some key considera-
tionswhen comparing app and creel data. First, speciesmisidentifi-
cation can bias comparisons. This is a particular concern for the
Oldman River system because cutthroat and rainbow trout hybrid-
ize (COSEWIC 2016; Sinnatamby et al. 2020). Identifying hybrids
can be difficult usingmorphological characteristics alone (Popowich
et al. 2011), and often requires molecular techniques (Allendorf et al.
2001). Hybrid misidentification rates for trained biologists can be
between 20% and 50% (e.g., Weigel et al. 2002; Seiler et al. 2009;
Meyer et al. 2017), so the ability of untrained anglers to provide accu-
rate information is likely low. Moreover, the option to select hybrids
may not be included in the app (e.g., MyCatch).
A second consideration when comparing catch information

from larger river systems is the areal coverage of the surveys. Spe-
cies composition can change over the length of larger river sys-
tems. Cold water fishes such as cutthroat and bull trout are
limited to the upper reaches of the BowRiver andOldmanRiver sys-
tem while rainbow trout, which are more tolerant of warmer tem-
peratures, aremore common in the middle and lower reaches (Mee
et al. 2016). The relatively warmer lower Oldman River also supports
cool water species, such as lake sturgeon (Acipenser fulvescens). On the
Bow River, the creel survey and app likely encompassed similar
areas and species, because this is the section where the majority of
fishing effort on the river occurs. Based on previous creel surveys
(Ripley andCouncil 2006; Fitzsimmons 2017), the section of the Bow
River surveyed by the creel used in our comparisons experiences
roughly eight times the effort that a similar-sized upstream area
experiences. The lack of cutthroat or bull trout in the app catch
reports supports our hypothesis. By contrast, the creel on the Old-
man River system focused on the upper reaches. However, MyCatch
reports of lake sturgeon in the catch suggest that app anglers were
fishing lower reaches of the system as well, which could also
explain the larger proportion of rainbow trout in the app catch
relative to the creel. The absence of species in a river reach should be
considered when evaluating catch composition. While self-reported
data are appealing given the logistical difficulties of surveying river
systems, our results demonstrate the importance of designing the

app to capture effort on different segments of larger river systems,
rather than on the system as a whole. GPS logs of catch location are
one option for addressing this issue, although anglers may be reluc-
tant to share specific catch locations. Another option would be to
provide a number of river segments for anglers to select from.
Comparisons of catch rates of the dominant species suggest

that apps have the potential to provide catch-rate estimates that
are similar to conventional creel surveys. One of the major con-
cerns of using self-reported data are that avidity biases resulting
in nonrandom participation will influence the quality of the data
(Jiorle et al. 2016; Venturelli et al. 2017; Gundelund et al. 2020).
For example, Gundelund et al. (2020) found that app users had
higher catch rates than non-users. Similar to Jiorle et al. (2016),
we found no evidence of a catch rate bias. Moreover, findings
from our supplementary analyses indicate that the app may
reflect the diversity of the angling community. How anglers
accessed the Bow River was important for determining fishing
effort and catch rates. Yet, catch rates from pooled creel data
were not distinguishable from app catch rates in either river sys-
tem, suggesting that the app captured a blend of different angler
types, or that any biases that were present had negligible effects
on catch rate estimates. Biases are common in data from other sur-
vey techniques such as mail or telephone surveys, creel surveys,
and angler diaries and log books (Pollock et al. 1994; Fisher 1996;
Cooke et al. 2000; Barrett et al. 2017), and can be corrected for when
documented (Cooke et al. 2000; Pollock et al. 1994; Dickinson et al.
2010; Jiorle et al. 2016).

Gillnet–app comparison
We evaluated the relationships between fisheries-dependent

app estimates and fisheries-independent gillnet estimates of
catch rate and relative species composition. We found that app
catch rates were more strongly related to gillnet catch rates than
density estimates, and the relationships were better for walleye
than pike. Pike biology and behaviour make themmore vulnera-
ble to gillnetting than walleye (Government of Alberta 2020). In
addition, despite findings that catch rates from angler logbooks
can reveal long-term population trends of pike (e.g., Jansen et al.
2013), the angling catchability of pike can also be highly variable
and unrelated to pike density (Pierce and Tomcko 2003). Differen-
ces in the angling vulnerability of pike could explain the weaker
relationship between app catch rates and FIN estimates for pike.
The higher pike catch rates from the limited reports in this study
relative to estimates reported by Mogensen et al. (2014) for
Alberta lakes suggests that sample size was also an issue. More-
over, the positive intercepts in the app–FIN relationships for
both species suggest that there are densities below which angler
catch rates are not sensitive to population abundance. Thus, at
present sample sizes, the wide confidence intervals in the rela-
tionships limit their use for predicting gillnet catch rates, fish
density, or the density thresholds that anglers are sensitive to.
We interpreted the positive relationships between app catch

rates and gillnet catch rates with caution for two reasons. First,
gillnet catch occurs over a small temporal window when the fish
population is relatively constant. By contrast, app catch rates are
collected over the entire fishing season during which time the
fish population is likely not constant (van Poorten et al. 2016).
Second, angler catch rates may not be proportional to density
due to, for example, environmental conditions (Kuparinen et al.
2010), regional differences (Mogensen et al. 2014), seasonality
(van Poorten and Post 2005), fish behaviour (Askey et al. 2006;
Kuparinen et al. 2010; Erisman et al. 2011), and angler behaviour
and skill (Ward et al. 2013a, 2013b). Different capture efficiencies by
anglers can result in hyperstability of catch rates (Ward et al. 2013a;
van Poorten et al. 2016), which can have serious consequences for
the sustainable management of recreational fisheries (Post et al.
2002; Erisman et al. 2011; Hunt et al. 2011; Post 2013).
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Our comparison of fisheries-dependent and -independent
catch also found that angling was an ineffective way to monitor
the composition of fish communities. This result was expected
because anglers tend to target sportfish species of specific sizes
(Beardmore et al. 2011) by utilizing gears that are effective at cap-
turing that species or size (Arlinghaus et al. 2008) and concentrat-
ing their effort in locations where fish aggregate (Matthias et al.
2014; Arlinghaus et al. 2017b). Gillnets are also size-selective
(Askey et al. 2007b; Hubert et al. 2012), but designed and deployed
to capture a broader range of size classes, and are more likely to
capture non-sportfish species (Hubert et al. 2012). Given the more
selective nature of angling relative to gillnets, it is not surprising
that the species distribution from the app is dominated by the
most popular sportfish species in the province, while less tar-
geted species like yellow perch and lake whitefish were less likely
to be reported by anglers, even if they were relatively abundant.

Limitations
Despite promising results from this study, there are some limi-

tations that should be highlighted. Sample sizes from the app at
the waterbody-level were relatively low; with only 3.7% of the
waterbodies having ≥30 trip reports. Although an app is likely to
provide quality and frequent data for themost popular waterbod-
ies, small sample sizes will limit the ability for an app to expand
the information that is available for a large range of waterbodies,
and a diverse range of less dominant species. In addition, limited
sample sizes result in more uncertainty when trying to inform
the relationships between apps and other conventional esti-
mates. A single report for a lake may not be representative, and
could bias models. More data are required to determine if biases
such as density-dependent catchability are of concern. Small sam-
ple sizes also limit the ability of the app to provide information over
finer time scales (e.g., over a fishing season), because further parti-
tioning of the data would result in even smaller sample sizes. To
address sample size issues, spatial and temporal extent and resolu-
tion of analyses should be limited as appropriate, and increased app
use should be encouraged through marketing, outreach, design,
and incentives.
A second limitation of the app was its inability to provide esti-

mates for fishing effort beyond relative participation. Unlike
creel surveys, there is no instantaneous count of angler effort.
App users could be asked to report angler counts, but it is unclear
if they would be willing to participate, or to know what portion
of the waterbody the angler count applies to (i.e., is visible to the
user) (van Poorten et al. 2015). An alternative solution is to de-
velop predictive relationships between app reports and other
conventional effort surveys (e.g., creel estimates). For example,
Martin et al. (2014) found that the number of posts to online
social networks was highly correlated with fishing effort esti-
mates for reservoirs and regions. Papenfuss et al. (2015) also
found a positive relationship between the frequency of app
reports and creel estimates of summer effort based on 36 lakes in
Alberta. However, the number of creels surveys conducted in any
given yearmay be low. Thus, relationshipsmust be developed from
creel estimates from multiple years. For example, Papenfuss et al.
(2015) pooled data over a 17-year period. Moreover, such an
approach requires the assumption that effort was constant among
years, whichmay not be valid (Hartill et al. 2020).
A final limitation of the app was its ability to collect informa-

tion on angler demographics, motivations, preferences, and
behaviour. One solution is to request (but not require) desired in-
formation when users create an account, although questions
should be limited to prevent respondent fatigue (Gundelund
et al. 2020), and repeat at some interval given potential changes
in anglers’ preferences and motivations over time. Response fa-
tigue is also a concern when users log trips (Crandall et al. 2018).
Making fields such as harvest, fish size, gear used, and access
method optional is one solution, but could introduce biases if

used by a nonrandom segment of anglers. Specialized add-ons to
apps that are limited to particular user groups may allow for the
collection of data that are required for specific studies. Repeated
app use by individual anglers may also address some of these lim-
itations by collecting data which can be used to evaluate angler
movements (e.g., Papenfuss et al. 2015), and potentially identify
different angler segments based on their characteristics. For
example, Ward et al. (2013b) used distance travelled, harvest
rates, and catchabililty to identify four angler segments in a
region of British Columbia, Canada. While understanding the di-
versity in angler populations is important for management
(Johnston et al. 2013; Ward et al. 2013b), mining app or other
social media data to conduct research that users may not have ex-
plicitly agreed to does raise ethical concerns (Monkman et al.
2018). Ultimately, how the data are utilized will determine what
information must be collected, and app designers and scientists
must carefully consider what additional information might be of
value and whether ethical standards are addressed.

Conclusions
Our study contributes to growing evidence that apps can be

complementary tools that provide fisheries data to enhance and
broaden the information that is available from conventional fish-
eries surveys that is of comparable quality. Combining survey tech-
niques takes advantage of differences in techniques to reduce error
and improve estimates (Pollock et al. 1994; Smallwood et al. 2012;
Barrett et al. 2017). However, the app was unable to capture fish
population metrics such as abundance and species composition
that were reported by fisheries-independent surveys. The contribu-
tions that apps canmake to fisheries management andmonitoring
will depend on the questions being asked, but the more studies
that show that apps can provide data that is comparable to the date
provided by conventional surveys will help to address concerns
about using apps as a fisheries-data collection tool. Although con-
cerns about biases and sample size limitations need to be addressed,
angler self-reporting can provide data that are otherwise impossible
to collect due to logistic and budgetary constraints (Smallwood et al.
2012; Hartill et al. 2020). There is interest in using apps to collect
fishery- and angler-specific data simultaneously across waterbodies,
regions and temporal strata (Venturelli et al. 2017). By providing in-
formation on a broad spectrum of waterbodies over time, this tool
could be used to fill knowledge gaps on data-deficient systems, such
as lotic systems and low effort fisheries (Cooke et al. 2000). Apps can
be used to detect the presence and spread of invasive species and dis-
ease (Papenfuss et al. 2015), and might also detect range expansion
or contraction in response to environmental change, such as climate
change. By identifying areas of concern, apps allow for a more
efficient and targeted allocation of resources. For example, the app
could identify high-pressure fisheries of fishing pressure on vulnera-
ble population that require monitoring and (or) more restrictive
regulations. Finally, information collected through the app about
anglers could help to better understand the human dimensions side
of fisheries. This information could be used to improve the fishing
experiences of anglers. Engaging anglers could also help them to
feel more connected to the resource and involved in the manage-
ment process, strengthening relationships between fisheries biolo-
gists and the angling public (Granek et al. 2008). Ultimately, the
tools that are used to survey populations will depend on manage-
ment objectives, logistics, and budgetary constraints (Smallwood
et al. 2012; Hartill et al. 2020). However, having a better understand-
ing ofwhere anglers originate, how theydistribute on the landscape,
and the species and number offish that they catchwill contribute to
the long-term sustainability of recreationalfisheries.

Acknowledgements
We acknowledge our partners in this project, Alberta Environ-

ment and Parks and the Alberta Conservation Association, who were

Johnston et al. 43

Published by Canadian Science Publishing

C
an

. J
. F

is
h.

 A
qu

at
. S

ci
. D

ow
nl

oa
de

d 
fr

om
 c

dn
sc

ie
nc

ep
ub

.c
om

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

M
IN

N
E

SO
T

A
 o

n 
02

/0
9/

22
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 



responsible for the collection and sharing of the creel and gillnet
data. Partial funding for this project came from the Alberta
Conservation Association Research Grants program (Project
Code 020-00-90-259). BVP was partially supported through
the Freshwater Fisheries Society of BC (no grant number
applicable).

References
Aas, Ø. 1995. Constraints on sportfishing and effect of management actions

to increase participation rates in fishing. N. Am. J. Fish. Manage. 15(3):
631–638. doi:10.1577/1548-8675(1995)015<0631:COSAEO>2.3.CO;2.

AESRD. 2014. Fish conservation and management strategy for Alberta.
Alberta Environment and Sustainable Resource Development, Edmonton,
Alta.

Allendorf, F.W., Leary, R.F., Spruell, P., and Wenburg, J.K. 2001. The prob-
lems with hybrids: setting conservation guidelines. Trends Ecol. Evol.
16(11): 613–622. doi:10.1016/S0169-5347(01)02290-X.

Appelberg, M. (Editor). 2000. Swedish standard methods for sampling fresh-
water fish with multi-mesh gillnets: stratified random sampling with
Nordic multi-mesh gillnets provide reliable whole-lake estimates of the
relative abundance and biomass of freshwater fish in temperate lakes.
Fiskeriverket, Göteborg, Sweden.

Arlinghaus, R., Klefoth, T., Kobler, A., and Cooke, S.J. 2008. Size selectivity,
injury, handling time, and determinants of initial hooking mortality in
recreational angling for northern pike: the influence of type and size of
bait. N. Am. J. Fish. Manage. 28(1): 123–134. doi:10.1577/M06-263.1.

Arlinghaus, R., Tillner, R., and Bork, M. 2015. Explaining participation rates
in recreational fishing across industrialised countries. Fish. Manage.
Ecol. 22(1): 45–55. doi:10.1111/fme.12075.

Arlinghaus, R., Alós, J., Beardmore, B., Daedlow, K., Dorow, M., Fujitani, M.,
et al. 2017a. Understanding and managing freshwater recreational fish-
eries as complex adaptive social–ecological systems. Rev. Fish. Sci. Aqua-
cult. 25(1): 1–41. doi:10.1080/23308249.2016.1209160.

Arlinghaus, R., Alós, J., Pieterek, T., and Klefoth, T. 2017b. Determinants of
angling catch of northern pike (Esox lucius) as revealed by a controlled
whole-lake catch-and-release angling experiment—The role of abiotic
and biotic factors, spatial encounters and lure type. Fish. Res. 186: 648–
657. doi:10.1016/j.fishres.2016.09.009.

Arlinghaus, R., Abbott, J.K., Fenichel, E.P., Carpenter, S.R., Hunt, L.M.,
Alós, J., et al. 2019. Governing the recreational dimension of global fish-
eries. Proc. Natl. Acad. Sci. U.S.A. 116(12): 5209–5213. doi:10.1073/pnas.
1902796116. PMID:30890655.

Askey, P.J., Richards, S.A., Post, J.R., and Parkinson, E.A. 2006. Linking angling
catch rates and fish learning under catch-and-release regulations. N. Am. J.
Fish. Manage. 26(4): 1020–1029. doi:10.1577/M06-035.1.

Askey, P.J., Hogberg, L.K., Post, J.R., Jackson, L.J., Rhodes, T., and Thompson, M.S.
2007a. Spatial patterns in fish biomass and relative trophic level abundance in
a wastewater enriched river. Ecol. Freshw. Fish. 16(3): 343–353. doi:10.1111/j.1600-
0633.2007.00221.x.

Askey, P.J., Post, J.R., Parkinson, E.A., Rivot, E., Paul, A.J., and Biro, P.A.
2007b. Estimation of gillnet efficiency and selectivity across multiple
sampling units: a hierarchical Bayesian analysis using mark–recapture
data. Fish. Res. 83(2–3): 162–174. doi:10.1016/j.fishres.2006.09.009.

Barrett, B.N., van Poorten, B., Cooper, A.B., and Haider, W. 2017. Concur-
rently assessing survey mode and sample size in off-site angler surveys.
N. Am. J. Fish. Manage. 37(4): 756–767. doi:10.1080/02755947.2017.1324543.

Beardmore, B., Haider, W., Hunt, L.M., and Arlinghaus, R. 2011. The impor-
tance of trip context for determining primary angler motivations: are
more specialized anglers more catch-oriented than previously believed?
N. Am. J. Fish. Manage. 31(5): 861–879. doi:10.1080/02755947.2011.629855.

Blair, G., Cooper, J., Coppock, A., Humphreys, M., and Sonnet, L. 2020. esti-
matr: fast estimators for design-based inference. R package version
0.26.0. Available from https://CRAN.R-project.org/package=estimatr.

Bonar, S.A., Hubert, W.A., and Willis, D.W. 2009. Standard methods for sam-
pling North American freshwater fishes. American Fisheries Society, Be-
thesda, Md.

Bower, S.D., Aas, Ø., Arlinghaus, R., Douglas Beard, T., Cowx, I.G., Danylchuk, A.J.,
et al. 2020. Knowledge gaps and management priorities for recreational fish-
eries in the developing world. Rev. Fish. Sci. Aquacult. 28: 518–535. doi:10.1080/
23308249.2020.1770689.

Bryan, H. 1977. Leisure value systems and recreational specialization: the
case of trout fishermen. J. Leisure Res. 9(3): 174–187. doi:10.1080/0022
2216.1977.11970328.

Burnham, K.P., and Anderson, D.R. 2001. Kullback–Leibler information as a
basis for strong inference in ecological studies. Wildl. Res. 28(2): 111–119.
doi:10.1071/WR99107.

Cahill, C.L., Mogensen, S., Wilson, K.L., Cantin, A., Sinnatamby, R.N., Paul, A.J.,
et al. 2018. Multiple challenges confront a high-effort inland recreational
fishery in decline. Can. J. Fish. Aquat. Sci. 75(9): 1357–1368. doi:10.1139/cjfas-
2018-0086.

Canada Post. 2019. Canada Postal Guide — Addressing Guidelines, Section
5.2 Forward Sortation Area – The first segment of the Postal Code. Avail-
able from https://www.canadapost.ca/tools/pg/manual/PGaddress-e.asp#
1449273 [accessed 23 May 2020].

Carruthers, T.R., Dabrowska, K., Haider, W., Parkinson, E.A., Varkey, D.A.,
Ward, H., et al. 2019. Landscape-scale social and ecological outcomes of
dynamic angler and fish behaviours: processes, data, and patterns. Can. J.
Fish. Aquat. Sci. 76(6): 970–988. doi:10.1139/cjfas-2018-0168.

Cheng, J., Karambelkar, B., and Xie, Y. 2019. leaflet: create interactive web
maps with the JavaScript ‘Leaflet’. R package version 2.0.3. Available from
https://CRAN.R-project.org/package=leaflet.

Cohen, J. 1988. Statistical Power analysis for the behavioral sciences. 2nd ed.
Lawrence Erlbaum Associates, New York.

Coleman, F.C., Figueira, W.F., Ueland, J.S., and Crowder, L.B. 2004. The
impact of United States recreational fisheries on marine fish populations.
Science, 305(5692): 1958–1960. doi:10.1126/science.1100397. PMID:15331771.

Connelly, N.A., and Brown, T.L. 1995. Use of angler diaries to examine biases
associated with 12-month recall on mail questionnaires. Trans. Am. Fish. Soc.
124(3): 413–422. doi:10.1577/1548-8659(1995)124<0413:UOADTE>2.3.CO;2.

Connelly, N.A., Brown, T.L., and Knuth, B.A. 2000. Assessing the relative im-
portance of recall bias and nonresponse bias and adjusting for those biases
in statewide angler surveys. Hum. Dim. Wildl. 5(4): 19–29. doi:10.1080/1087
1200009359192.

Conrad, C.C., and Hilchey, K.G. 2011. A review of citizen science and com-
munity-based environmental monitoring: issues and opportunities. Environ.
Monit. Assess. 176(1): 273–291. doi:10.1007/s10661-010-1582-5. PMID:20640506.

Cooke, S.J., and Cowx, I.G. 2006. Contrasting recreational and commercial
fishing: searching for common issues to promote unified conservation of
fisheries resources and aquatic environments. Biol. Conserv. 128(1): 93–
108. doi:10.1016/j.biocon.2005.09.019.

Cooke, S.J., Dunlop, W.I., Macclennan, D., and Power, G. 2000. Applications
and characteristics of angler diary programmes in Ontario, Canada. Fish.
Manage. Ecol. 7(6): 473–487. doi:10.1046/j.1365-2400.2000.00232.x.

COSEWIC. 2016. COSEWIC, assessment and status report on the Westslope
Cutthroat Trout Oncorhynchus clarkii lewisi, Saskatchewan–Nelson River
populations and Pacific populations, in Canada. Committee on the Status
of Endangered Wildlife in Canada. Ottawa. Available from http://www.
registrelepsararegistry.gc.ca/default.asp?lang=en&n=24F7211B-1.

Crandall, C.A., Monroe, M., Dutka-Gianelli, J., Fitzgerald, B., and Lorenzen, K. 2018.
How to Bait the hook: identifying what motivates anglers to participate in a
volunteer angler data program. Fisheries, 43(11): 517–526. doi:10.1002/fsh.10156.

Crawley, M.J. 2007. The R book. John Wiley & Sons Ltd., Chichester, UK.
DFO. 2019. Survey of recreational fishing in Canada, 2015. Fisheries and

Oceans Canada, Ottawa, Ont.
Dickinson, J.L., Zuckerberg, B., and Bonter, D.N. 2010. Citizen science as an

ecological research tool: challenges and benefits. Annu. Rev. Ecol. Evol.
Syst. 41(1): 149–172. doi:10.1146/annurev-ecolsys-102209-144636.

Dickinson, J.L., Shirk, J., Bonter, D., Bonney, R., Crain, R.L., Martin, J., et al.
2012. The current state of citizen science as a tool for ecological research
and public engagement. Front. Ecol. Environ. 10(6): 291–297. doi:10.1890/
110236.

Erisman, B.E., Allen, L.G., Claisse, J.T., Pondella, D.J., Miller, E.F., and Murray, J.H.
2011. The illusion of plenty: hyperstability masks collapses in two recrea-
tional fisheries that target fish spawning aggregations. Can. J. Fish. Aquat.
Sci. 68(10): 1705–1716. doi:10.1139/f2011-090.

FAO. 2012. FAO Technical Guidelines for Responsible Fisheries: Recreational
Fisheries. No. 13. Food and Agricultural Organization of the United
Nations, Rome.

Fisher, M.R. 1996. Estimating the effect of nonresponse bias on angler sur-
veys. Trans. Am. Fish. Soc. 125(1): 118–126. doi:10.1577/1548-8659(1996)
125<0118:ETEONB>2.3.CO;2.

Fisher, M.R. 1997. Segmentation of the angler population by catch preference,
participation, and experience: a management-oriented application of recrea-
tion specialization. N. Am. J. Fish. Manage. 17(1): 1–10. doi:10.1577/1548-8675
(1997)017<0001:SOTAPB>2.3.CO;2.

Fitzsimmons, K. 2017. A creel-based assessment of the Upper Bow and Elbow
River sport fisheries. 2016, Data Report, produced by Alberta Conserva-
tion Association, Cochrane, Alberta, Canada.

Government of Alberta. 2018. (Government of Alberta) Fish and Wildlife
Internet Mapping Tool (FWMIT). Available from https://www.alberta.ca/
access-fwmis-data.aspx [accessed 8 Dec 2020].

Government of Alberta. 2020. (Government of Alberta). Fall Index Netting –
Overview. Available from https://www.alberta.ca/fall-index-netting-overview.
aspx [accessed July, 2020].

Granek, E.F., Madin, E.M.P., Brown, M.A., Figueira, W., Cameron, D.S., Hogan, Z.,
et al. 2008. Engaging recreational fishers in management and conservation:
global case studies. Conserv. Biol. 22(5): 1125–1134. doi:10.1111/j.1523-1739.2008.
00977.x. PMID:18637911.

Greenberg, S., and Godin, T. 2015. A tool supporting the extraction of
angling effort data from remote camera images. Fisheries, 40(6): 276–287.
doi:10.1080/03632415.2015.1038380.

Gundelund, C., Arlinghaus, R., Baktoft, H., Hyder, K., Venturelli, P., and Skov, C.
2020. Insights into the users of a citizen science platform for collecting recrea-
tional fisheries data. Fish. Res. 229: 105597. doi:10.1016/j.fishres.2020.105597.

44 Can. J. Fish. Aquat. Sci. Vol. 79, 2022

Published by Canadian Science Publishing

C
an

. J
. F

is
h.

 A
qu

at
. S

ci
. D

ow
nl

oa
de

d 
fr

om
 c

dn
sc

ie
nc

ep
ub

.c
om

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

M
IN

N
E

SO
T

A
 o

n 
02

/0
9/

22
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 

http://dx.doi.org/10.1577/1548-8675(1995)015%3C0631:COSAEO%3E2.3.CO;2
http://dx.doi.org/10.1016/S0169-5347(01)02290-X
http://dx.doi.org/10.1577/M06-263.1
http://dx.doi.org/10.1111/fme.12075
http://dx.doi.org/10.1080/23308249.2016.1209160
http://dx.doi.org/10.1016/j.fishres.2016.09.009
http://dx.doi.org/10.1073/pnas.1902796116
http://dx.doi.org/10.1073/pnas.1902796116
http://www.ncbi.nlm.nih.gov/pubmed/30890655
http://dx.doi.org/10.1577/M06-035.1
http://dx.doi.org/10.1111/j.1600-0633.2007.00221.x
http://dx.doi.org/10.1111/j.1600-0633.2007.00221.x
http://dx.doi.org/10.1016/j.fishres.2006.09.009
http://dx.doi.org/10.1080/02755947.2017.1324543
http://dx.doi.org/10.1080/02755947.2011.629855
https://CRAN.R-project.org/package=estimatr
http://dx.doi.org/10.1080/23308249.2020.1770689
http://dx.doi.org/10.1080/23308249.2020.1770689
http://dx.doi.org/10.1080/00222216.1977.11970328
http://dx.doi.org/10.1080/00222216.1977.11970328
http://dx.doi.org/10.1071/WR99107
http://dx.doi.org/10.1139/cjfas-2018-0086
http://dx.doi.org/10.1139/cjfas-2018-0086
https://www.canadapost.ca/tools/pg/manual/PGaddress-e.asp#1449273
https://www.canadapost.ca/tools/pg/manual/PGaddress-e.asp#1449273
http://dx.doi.org/10.1139/cjfas-2018-0168
https://CRAN.R-project.org/package=leaflet
http://dx.doi.org/10.1126/science.1100397
http://www.ncbi.nlm.nih.gov/pubmed/15331771
http://dx.doi.org/10.1577/1548-8659(1995)124%3C0413:UOADTE%3E2.3.CO;2
http://dx.doi.org/10.1080/10871200009359192
http://dx.doi.org/10.1080/10871200009359192
http://dx.doi.org/10.1007/s10661-010-1582-5
http://www.ncbi.nlm.nih.gov/pubmed/20640506
http://dx.doi.org/10.1016/j.biocon.2005.09.019
http://dx.doi.org/10.1046/j.1365-2400.2000.00232.x
http://www.registrelepsararegistry.gc.ca/default.asp?lang=en&hx0026;n=24F7211B-1
http://www.registrelepsararegistry.gc.ca/default.asp?lang=en&hx0026;n=24F7211B-1
http://dx.doi.org/10.1002/fsh.10156
http://dx.doi.org/10.1146/annurev-ecolsys-102209-144636
http://dx.doi.org/10.1890/110236
http://dx.doi.org/10.1890/110236
http://dx.doi.org/10.1139/f2011-090
http://dx.doi.org/10.1577/1548-8659(1996)125%3C0118:ETEONB%3E2.3.CO;2
http://dx.doi.org/10.1577/1548-8659(1996)125%3C0118:ETEONB%3E2.3.CO;2
http://dx.doi.org/10.1577/1548-8675(1997)017%3C0001:SOTAPB%3E2.3.CO;2
http://dx.doi.org/10.1577/1548-8675(1997)017%3C0001:SOTAPB%3E2.3.CO;2
https://www.alberta.ca/access-fwmis-data.aspx
https://www.alberta.ca/access-fwmis-data.aspx
 https://www.alberta.ca/fall-index-netting-overview.aspx
 https://www.alberta.ca/fall-index-netting-overview.aspx
http://dx.doi.org/10.1111/j.1523-1739.2008.00977.x
http://dx.doi.org/10.1111/j.1523-1739.2008.00977.x
http://www.ncbi.nlm.nih.gov/pubmed/18637911
http://dx.doi.org/10.1080/03632415.2015.1038380
http://dx.doi.org/10.1016/j.fishres.2020.105597


Gutowsky, L.F.G., Gobin, J., Burnett, N.J., Chapman, J.M., Stoot, L.J., and Bliss, S.
2013. Smartphones and digital tablets: emerging tools for fisheries professio-
nals. Fisheries, 38(10): 455–461. doi:10.1080/03632415.2013.838133.

Hartill, B.W., Taylor, S.M., Keller, K., and Weltersbach, M.S. 2020. Digital
camera monitoring of recreational fishing effort: Applications and chal-
lenges. Fish Fish. 21(1): 204–215. doi:10.1111/faf.12413.

Holder, P.E., Jeanson, A.L., Lennox, R.J., Brownscombe, J.W., Arlinghaus, R.,
Danylchuk, A.J., et al. 2020. Preparing for a changing future in recrea-
tional fisheries: 100 research questions for global consideration emerging
from a horizon scan. Rev. Fish Biol. Fish. 30: 137–151. doi:10.1007/s11160-
020-09595-y.

Holm, S. 1979. A simple sequentially rejective multiple test procedure.
Scand. J. Stat. 6(2): 65–70.

Hubert, W., Pope, K., and Dettmers, J. 2012. Passive capture techniques. In
Fisheries techniques. 3rd ed. Edited by A.V. Zale, D.L. Parrish, and T.M. Sutton.
American Fisheries Society, Bethesda, Md. pp. 223–265.

Hunt, L. 2005. Recreational fishing site choice models: insights and future oppor-
tunities. Hum. Dim. Wildl. 10(3): 153–172. doi:10.1080/10871200591003409.

Hunt, L.M., Arlinghaus, R., Lester, N., and Kushneriuk, R. 2011. The effects of
regional angling effort, angler behavior, and harvesting efficiency on land-
scape patterns of overfishing. Ecol. Appl. 21(7): 2555–2575. doi:10.1890/10-
1237.1. PMID:22073644.

Hurkett, B., and Fitzsimmons, K. 2019. Angler survey in the Upper Oldman
River watershed, 2018. Data Report, produced by the Alberta Conserva-
tion Association, Sherwood Park, Alta., Canada.

Hyder, K., Townhill, B., Anderson, L.G., Delany, J., and Pinnegar, J.K. 2015.
Can citizen science contribute to the evidence-base that underpins ma-
rine policy? Mar. Pol. 59: 112–120. doi:10.1016/j.marpol.2015.04.022.

Hyder, K., Weltersbach, M.S., Armstrong, M., Ferter, K., Townhill, B.,
Ahvonen, A., et al. 2018. Recreational sea fishing in Europe in a global
context—Participation rates, fishing effort, expenditure, and implica-
tions for monitoring and assessment. Fish Fish. 19(2): 225–243. doi:10.1111/
faf.12251.

Jackson, C.B., Crowston, K., and Østerlund, C. 2018. Did they login? Patterns
of anonymous contributions in online communities. Proc. ACM Hum.
Comput. Interact. 2: 1–16. doi:10.1145/3274346.

Jansen, T., Arlinghaus, R., Als, T.D., and Skov, C. 2013. Voluntary angler log-
books reveal long-term changes in a lentic pike, Esox lucius. Fish. Manage.
Ecol. 20(2–3): 125–136. doi:10.1111/j.1365-2400.2012.00866.x.

Jiorle, R.P., Ahrens, R.N.M., and Allen, M.S. 2016. Assessing the utility of a
smartphone app for recreational fishery catch data. Fisheries, 41(12):
758–766. doi:10.1080/03632415.2016.1249709.

Johnston, F.D., Arlinghaus, R., and Dieckmann, U. 2013. Fish life history, an-
gler behaviour and optimal management of recreational fisheries. Fish
Fish. 14(4): 554–579. doi:10.1111/j.1467-2979.2012.00487.x.

Kaemingk, M.A., Chizinski, C.J., Hurley, K.L., and Pope, K.L. 2018. Synchrony —

An emergent property of recreational fisheries. J. Appl. Ecol. 55(6): 2986–
2996. doi:10.1111/1365-2664.13164.

Kahle, D., and Wickham, H. 2013. ggmap: spatial visualization with ggplot2.
R J. 5(1): 144–161. doi:10.32614/RJ-2013-014.

Kobori, H., Dickinson, J.L., Washitani, I., Sakurai, R., Amano, T., Komatsu, N.,
et al. 2016. Citizen science: a new approach to advance ecology, education,
and conservation. Ecol. Res. 31(1): 1–19. doi:10.1007/s11284-015-1314-y.

Kuparinen, A., Klefoth, T., and Arlinghaus, R. 2010. Abiotic and fishing-
related correlates of angling catch rates in pike (Esox lucius). Fish. Res.
105(2): 111–117. doi:10.1016/j.fishres.2010.03.011.

Lester, N.P., Marshall, T.R., Armstrong, K., Dunlop, W.I., and Ritchie, B.
2003. A broad scale approach to management of Ontario’s recreational
fisheries. N. Am. J. Fish. Manage. 23: 1312–1328. doi:10.1577/M01-230AM.

Lewandowski, E., and Specht, H. 2015. Influence of volunteer and project
characteristics on data quality of biological surveys. Conserv. Biol. 29(3):
713–723. doi:10.1111/cobi.12481. PMID:25800171.

Long, J.S., and Ervin, L.H. 2000. Using heteroscedasticity consistent standard
errors in the linear regression model. Am. Stat. 54(3): 217–224. doi:10.2307/
2685594.

Malvestuto, S.P. 1996. Sampling the recreational creel. In Fisheries techni-
ques. Edited by B.R. Murphy and D.W. Willis. American Fisheries Society,
Bethesda, Md. pp. 591–623.

Mangiafico, S.S. 2016. Summary and Analysis of Extension Program Evalua-
tion in R, version 1.18.1. Available from rcompanion.org/handbook/.
Rutgers Cooperative Extension, New Brunswick, N.J.

Mangiafico, S.S. 2020. rcompanion: functions to support extension educa-
tion program evaluation. R package version 2.3.25. Available from https://
CRAN.R-project.org/package=rcompanion.

Martin, D.R., Chizinski, C.J., Eskridge, K.M., and Pope, K.L. 2014. Using posts
to an online social network to assess fishing effort. Nebraska Cooperative
Fish & Wildlife Research Unit – Staff Publications. 132. Available from
http://digitalcommons.unl.edu/ncfwrustaff/132.

Matsumura, S., Beardmore, B., Haider, W., Dieckmann, U., and Arlinghaus, R.
2019. Ecological, angler, and spatial heterogeneity drive social and ecological
outcomes in an integrated landscape model of freshwater recreational fish-
eries. Rev. Fish. Sci. Aquacult. 27(2): 170–197. doi:10.1080/23308249.2018.1540549.

Matthias, B.G., Allen, M.S., Ahrens, R.N.M., Beard, T.D., and Kerns, J.A. 2014.
Hide and seek: interplay of fish and anglers influences spatial fisheries
management. Fisheries, 39(6): 261–269. doi:10.1080/03632415.2014.903836.

McCormick, J.L., and Meyer, K.A. 2017. Sample size estimation for on-site creel sur-
veys. N. Am. J. Fish. Manage. 37(5): 970–980. doi:10.1080/02755947.2017.1342723.

McKinley, D.C., Miller-Rushing, A.J., Ballard, H.L., Bonney, R., Brown, H.,
Cook-Patton, S.C., et al. 2017. Citizen science can improve conservation
science, natural resource management, and environmental protection.
Biol. Conserv. 208(Suppl. C): 15–28. doi:10.1016/j.biocon.2016.05.015.

Mee, J.A., Post, J.R., Ward, H., Wilson, K.L., Newton, E., and Cantin, A. 2016.
Interaction of ecological and angler processes: experimental stocking in
an open access, spatially structured fishery. Ecol. Appl. 26(6): 1693–1707.
doi:10.1890/15-0879.1. PMID:27755695.

Meyer, K.A., Kennedy, P., High, B., and Campbell, M.R. 2017. Distinguishing
Yellowstone Cutthroat Trout, Rainbow Trout, and hybrids by use of field-
based phenotypic characteristics. N. Am. J. Fish. Manage. 37(2): 456–466.
doi:10.1080/02755947.2017.1280572.

Mogensen, S., Post, J.R., and Sullivan, M.G. 2014. Vulnerability to harvest by
anglers differs across climate, productivity, and diversity clines. Can. J.
Fish. Aquat. Sci. 71(3): 416–426. doi:10.1139/cjfas-2013-0336.

Monkman, G.G., Kaiser, M., and Hyder, K. 2018. The ethics of using social
media in fisheries research. Rev. Fish. Sci. Aquacult. 26(2): 235–242.
doi:10.1080/23308249.2017.1389854.

Morgan, G.E. 2002. Manual of instructions - fall walleye index netting
(FWIN). Cooperative Freshwater Ecology Unit, Department of Biology,
Laurentian University, Sudbury, Ont.

Murphy, B.R., Willis, D.W., and Society, A.F. 1996. Fisheries techniques. 2nd
ed. American Fisheries Society, Bethesda, Md.

Papenfuss, J.T., Phelps, N., Fulton, D., and Venturelli, P.A. 2015. Smart-
phones reveal angler behavior: a case study of a popular mobile fishing
application in Alberta, Canada. Fisheries, 40(7): 318–327. doi:10.1080/
03632415.2015.1049693.

Parrish, J.K., Jones, T., Burgess, H.K., He, Y., Fortson, L., and Cavalier, D.
2019. Hoping for optimality or designing for inclusion: Persistence, learn-
ing, and the social network of citizen science. Proc. Natl. Acad. Sci. U.S.A.
116(6): 1894–1901. doi:10.1073/pnas.1807186115. PMID:30718390.

Pereira, D.L., and Hansen, M.J. 2003. A perspective of challenges to recrea-
tional fisheries management: summary of the symposium on active man-
agement of recreational fisheries. N. Am. J. Fish. Manage. 23: 1276–1282.
doi:10.1577/M01-234.

Pierce, R.B., and Tomcko, C.M. 2003. Variation in gill-net and angling catch-
ability with changing density of northern pike in a small Minnesota lake.
Trans. Am. Fish. Soc. 132(4): 771–779. doi:10.1577/T02-105.

Pollock, K.H., Jones, C.M., and Brown, T.L. 1994. Angler survey methods and
their applications in fisheries management. American Fisheries Society
Special Publication 25. American Fisheries Society, Bethesda, Md.

Pollock, K.H., Hoenig, J.M., Jones, C.M., Robson, D.S., and Greene, C.J. 1997. Catch
rate estimation for roving and access point surveys. N. Am. J. Fish. Manage.
17(1): 11–19. doi:10.1577/1548-8675(1997)017<0011:CREFRA>2.3.CO;2.

Popowich, R.C., Venturelli, P.A., Stelfox, J.D., and Taylor, E.B. 2011. Valida-
tion of morphological characteristics used for field identification of bull
trout � brook trout hybrids. N. Am. J. Fish. Manage. 31(3): 548–553.
doi:10.1080/02755947.2011.595279.

Post, J.R. 2013. Resilient recreational fisheries or prone to collapse? A decade
of research on the science and management of recreational fisheries.
Fish. Manage. Ecol. 20(2-3): 99–110. doi:10.1111/fme.12008.

Post, J.R., and Parkinson, E.A. 2012. Temporal and spatial patterns of angler
effort across lake districts and policy options to sustain recreational fish-
eries. Can. J. Fish. Aquat. Sci. 69(2): 321–329. doi:10.1139/f2011-163.

Post, J.R., Sullivan, M., Cox, S., Lester, N.P., Walters, C.J., Parkinson, E.A.,
et al. 2002. Canada’s recreational fisheries: the invisible collapse? Fish-
eries, 27(1): 6–17. doi:10.1577/1548-8446(2002)027<0006:CRF>2.0.CO;2.

Post, J.R., van Poorten, B.T., Rhodes, T., Askey, P.J., and Paul, A.J. 2006. Fish
entrainment into irrigation canals: an analytical approach and applica-
tion to the Bow River, Alberta, Canada. N. Am. J. Fish. Manage. 26(4):
875–887. doi:10.1577/M05-047.1.

Post, J.R., Persson, L., Parkinson, E.A., and van Kooten, T. 2008. Angler nu-
merical response across landscapes and the collapse of freshwater fish-
eries. Ecol. Appl. 18(4): 1038–1049. doi:10.1890/07-0465.1. PMID:18536261.

Radinger, J., Britton, J.R., Carlson, S.M., Magurran, A.E., Alcaraz-Hernández, J.D.,
Almodóvar, A., et al. 2019. Effective monitoring of freshwater fish. Fish Fish.
20(4): 729–747. doi:10.1111/faf.12373.

R Core Team. 2020. R: a language and environment for statistical comput-
ing. R. Foundation for Statistical Computing, Vienna, Austria. Available
from https://www.R-project.org/.

Ripley, T., and Council, T. 2006. Bow River sport fish angler survey, 2006. Data
Report, D-2007-003, produced by the Alberta Conservation Association, Leth-
bridge, Alta., Canada and Alberta Fish and Wildlife, Calgary, Alta., Canada.

Sandstrom, S., Rawson, M., and Lester, N. 2013. Manual of instructions for
broad-scale fish community monitoring; using North American (NA1) and
Ontario small mesh (ON2) gillnets. Ontario Ministry of Natural Resour-
ces, Peterborough, Ont.

Scott, D., and Shafer, C.S. 2001. Recreational specialization: a critical look at the
construct. J. Leisure Res. 33(3): 319–343. doi:10.1080/00222216.2001.11949944.

Seiler, S., Gunnell, K., Ptacek, M., and Keeley, E. 2009. Morphological pat-
terns of hybridization between Yellowstone cutthroat trout and intro-
duced rainbow trout in the South Fork of the Snake River Watershed,

Johnston et al. 45

Published by Canadian Science Publishing

C
an

. J
. F

is
h.

 A
qu

at
. S

ci
. D

ow
nl

oa
de

d 
fr

om
 c

dn
sc

ie
nc

ep
ub

.c
om

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

M
IN

N
E

SO
T

A
 o

n 
02

/0
9/

22
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 

http://dx.doi.org/10.1080/03632415.2013.838133
http://dx.doi.org/10.1111/faf.12413
http://dx.doi.org/10.1007/s11160-020-09595-y
http://dx.doi.org/10.1007/s11160-020-09595-y
http://dx.doi.org/10.1080/10871200591003409
http://dx.doi.org/10.1890/10-1237.1
http://dx.doi.org/10.1890/10-1237.1
http://www.ncbi.nlm.nih.gov/pubmed/22073644
http://dx.doi.org/10.1016/j.marpol.2015.04.022
http://dx.doi.org/10.1111/faf.12251
http://dx.doi.org/10.1111/faf.12251
http://dx.doi.org/10.1145/3274346
http://dx.doi.org/10.1111/j.1365-2400.2012.00866.x
http://dx.doi.org/10.1080/03632415.2016.1249709
http://dx.doi.org/10.1111/j.1467-2979.2012.00487.x
http://dx.doi.org/10.1111/1365-2664.13164
http://dx.doi.org/10.32614/RJ-2013-014
http://dx.doi.org/10.1007/s11284-015-1314-y
http://dx.doi.org/10.1016/j.fishres.2010.03.011
http://dx.doi.org/10.1577/M01-230AM
http://dx.doi.org/10.1111/cobi.12481
http://www.ncbi.nlm.nih.gov/pubmed/25800171
http://dx.doi.org/10.2307/2685594
http://dx.doi.org/10.2307/2685594
http://rcompanion.org/handbook/
https://CRAN.R-project.org/package=rcompanion
https://CRAN.R-project.org/package=rcompanion
http://digitalcommons.unl.edu/ncfwrustaff/132
http://dx.doi.org/10.1080/23308249.2018.1540549
http://dx.doi.org/10.1080/03632415.2014.903836
http://dx.doi.org/10.1080/02755947.2017.1342723
http://dx.doi.org/10.1016/j.biocon.2016.05.015
http://dx.doi.org/10.1890/15-0879.1
http://www.ncbi.nlm.nih.gov/pubmed/27755695
http://dx.doi.org/10.1080/02755947.2017.1280572
http://dx.doi.org/10.1139/cjfas-2013-0336
http://dx.doi.org/10.1080/23308249.2017.1389854
http://dx.doi.org/10.1080/03632415.2015.1049693
http://dx.doi.org/10.1080/03632415.2015.1049693
http://dx.doi.org/10.1073/pnas.1807186115
http://www.ncbi.nlm.nih.gov/pubmed/30718390
http://dx.doi.org/10.1577/M01-234
http://dx.doi.org/10.1577/T02-105
http://dx.doi.org/10.1577/1548-8675(1997)017%3C0011:CREFRA%3E2.3.CO;2
http://dx.doi.org/10.1080/02755947.2011.595279
http://dx.doi.org/10.1111/fme.12008
http://dx.doi.org/10.1139/f2011-163
http://dx.doi.org/10.1577/1548-8446(2002)027%3C0006:CRF%3E2.0.CO;2
http://dx.doi.org/10.1577/M05-047.1
http://dx.doi.org/10.1890/07-0465.1
http://www.ncbi.nlm.nih.gov/pubmed/18536261
http://dx.doi.org/10.1111/faf.12373
https://www.R-project.org/
http://dx.doi.org/10.1080/00222216.2001.11949944


Idaho and Wyoming. N. Am. J. Fish. Manage. 29: 1529–1539. doi:10.1577/
M08-128.1.

Sinnatamby, R.N., Cantin, A., and Post, J.R. 2020. Threats to at-risk salmo-
nids of the Canadian Rocky Mountain region. Ecol. Freshw. Fish, 29(3):
477–494. doi:10.1111/eff.12531.

Smallwood, C.B., Pollock, K.H., Wise, B.S., Hall, N.G., and Gaughan, D.J.
2012. Expanding aerial–roving surveys to include counts of shore-based
recreational fishers from remotely operated cameras: benefits, limita-
tions, and cost effectiveness. N. Am. J. Fish. Manage. 32(6): 1265–1276.
doi:10.1080/02755947.2012.728181.

Stunz, G.W., Johnson, M., Yoskowitz, D., Robillard, M., and Wetz, J. 2014.
iSnapper: design, testing, and analysis of an iPhone-based application as an
electronic logbook in the for-hire Gulf of Mexico red snapper fishery. National
Oceanic and Atmospheric Administration Final Report NA10NMF4540111.

Tarrant, M.A., Manfredo, M.J., Bayley, P.B., and Hess, R. 1993. Effects of recall
bias and nonresponse bias on self-report estimates of angling participation.
N. Am. J. Fish. Manage. 13(2): 217–222. doi:10.1577/1548-8675(1993)013<0217:
EORBAN>2.3.CO;2.

Theobald, E.J., Ettinger, A.K., Burgess, H.K., DeBey, L.B., Schmidt, N.R.,
Froehlich, H.E., et al. 2015. Global change and local solutions: Tapping
the unrealized potential of citizen science for biodiversity research. Biol.
Conserv. 181: 236–244. doi:10.1016/j.biocon.2014.10.021.

van Poorten, B.T., and Brydle, S. 2018. Estimating fishing effort from remote
traffic counters: Opportunities and challenges. Fish. Res. 204: 231–238.
doi:10.1016/j.fishres.2018.02.024.

van Poorten, B.T., and Post, J.R. 2005. Seasonal fishery dynamics of a previ-
ously unexploited rainbow trout population with contrasts to established
fisheries. N. Am. J. Fish. Manage. 25(1): 329–345. doi:10.1577/M03-225.1.

van Poorten, B.T., Carruthers, T.R., Ward, H.G.M., and Varkey, D.A. 2015. Imput-
ing recreational angling effort from time-lapse cameras using an hierarchical
Bayesian model. Fish. Res. 172: 265–273. doi:10.1016/j.fishres.2015.07.032.

van Poorten, B.T., Walters, C.J., and Ward, H.G.M. 2016. Predicting changes
in the catchability coefficient through effort sorting as less skilled fishers
exit the fishery during stock declines. Fish. Res. 183: 379–384. doi:10.1016/
j.fishres.2016.06.023.

Venturelli, P.A., Hyder, K., and Skov, C. 2017. Angler apps as a source of rec-
reational fisheries data: opportunities, challenges and proposed stand-
ards. Fish Fish. 18(3): 578–595. doi:10.1111/faf.12189.

Wagenmakers, E.-J., and Farrell, S. 2004. AIC model selection using Akaike weights.
Psychon. Bull. Rev. 11(1): 192–196. doi:10.3758/BF03206482. PMID:15117008.

Ward, H.G.M., Askey, P.J., Post, J.R., Varkey, D.A., and McAllister, M.K. 2012.
Basin characteristics and temperature improve abundance estimates
from standard index netting of rainbow trout (Oncorhynchus mykiss) in
small lakes. Fish. Res. 131–133: 52–59.

Ward, H.G.M., Askey, P.J., and Post, J.R. 2013a. A mechanistic understanding
of hyperstability in catch per unit effort and density-dependent catch-
ability in a multistock recreational fishery. Can. J. Fish. Aquat. Sci. 70(10):
1542–1550. doi:10.1139/cjfas-2013-0264.

Ward, H.G.M., Quinn, M.S., and Post, J.R. 2013b. Angler characteristics and
management: implications in a large, multistock, spatially structured
recreational fishery. N. Am. J. Fish. Manage. 33(3): 576–584. doi:10.1080/
02755947.2013.785991.

Ward, H.G.M., Allen, M.S., Camp, E.V., Cole, N., Hunt, L.M., Matthias, B., et al.
2016. Understanding and managing social–ecological feedbacks in spatially
structured recreational fisheries: the overlooked behavioral dimension. Fish-
eries, 41(9): 524–535. doi:10.1080/03632415.2016.1207632.

Weigel, D.E., Peterson, J.T., and Spruell, P. 2002. A model using phenotypic
characteristics to detect introgressive hybridization in wild Westslope
Cutthroat Trout and Rainbow Trout. Trans. Am. Fish. Soc. 131(3): 389–
403. doi:10.1577/1548-8659(2002)131<0389:AMUPCT>2.0.CO;2.

West, S., and Pateman, R. 2016. Recruiting and retaining participants in citi-
zen science: what can be learned from the volunteering literature? Citiz.
Sci. Theory Pract. 1(2): 15. doi:10.5334/cstp.8.

World Bank. 2012. Hidden harvest: the global contribution of capture fish-
eries. Report No. 66469-GLB. International Bank for Reconstruction and
Development, Washington, D.C.

Zeileis, A., and Hothorn, T. 2002. Diagnostic checking in regression relation-
ships. R News, 2(3): 7–10.

Zeileis, A., Kleiber, C., and Jackman, S. 2008. Regression models for count
data in R. J. Stat. Softw. 27(8). doi:10.18637/jss.v027.i08.

Zwickel, H. 2012. Sport fishing in Alberta 2010: summary report from the
eighth survey of recreational fishing in Canada. Alberta Sustainable
Resource Development, Fisheries Management Branch, Edmonton, Alta.

46 Can. J. Fish. Aquat. Sci. Vol. 79, 2022

Published by Canadian Science Publishing

C
an

. J
. F

is
h.

 A
qu

at
. S

ci
. D

ow
nl

oa
de

d 
fr

om
 c

dn
sc

ie
nc

ep
ub

.c
om

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

M
IN

N
E

SO
T

A
 o

n 
02

/0
9/

22
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 

http://dx.doi.org/10.1577/M08-128.1
http://dx.doi.org/10.1577/M08-128.1
http://dx.doi.org/10.1111/eff.12531
http://dx.doi.org/10.1080/02755947.2012.728181
http://dx.doi.org/10.1577/1548-8675(1993)013%3C0217:EORBAN%3E2.3.CO;2
http://dx.doi.org/10.1577/1548-8675(1993)013%3C0217:EORBAN%3E2.3.CO;2
http://dx.doi.org/10.1016/j.biocon.2014.10.021
http://dx.doi.org/10.1016/j.fishres.2018.02.024
http://dx.doi.org/10.1577/M03-225.1
http://dx.doi.org/10.1016/j.fishres.2015.07.032
http://dx.doi.org/10.1016/j.fishres.2016.06.023
http://dx.doi.org/10.1016/j.fishres.2016.06.023
http://dx.doi.org/10.1111/faf.12189
http://dx.doi.org/10.3758/BF03206482
http://www.ncbi.nlm.nih.gov/pubmed/15117008
http://dx.doi.org/10.1139/cjfas-2013-0264
http://dx.doi.org/10.1080/02755947.2013.785991
http://dx.doi.org/10.1080/02755947.2013.785991
http://dx.doi.org/10.1080/03632415.2016.1207632
http://dx.doi.org/10.1577/1548-8659(2002)131%3C0389:AMUPCT%3E2.0.CO;2
http://dx.doi.org/10.5334/cstp.8
http://dx.doi.org/10.18637/jss.v027.i08


SUPPLEMENT FOR:  

COMPARATIVE ANALYSES WITH CONVENTIONAL SURVEYS REVEAL THE POTENTIAL FOR AN 

ANGLER APP TO CONTRIBUTE TO RECREATIONAL FISHERIES MONITORING 

Fiona D. Johnston1, Sean Simmons1, Brett van Poorten2, and Paul Venturelli3 

 

1 Angler’s Atlas, Goldstream Publishing, PO Box 182, Prince George, BC, Canada, V2L 4S1 

2 School of Resource and Environmental Management, Simon Fraser University, 8888 University Drive, 

Burnaby, BC, V5A 1S6. 

3 Department of Biology, Ball State University, Muncie, IN, USA, 47306. 



 

CRAMÉR’S V EQUIVALENT TABLE 

We calculated Cramér’s V because Chi-squared and Fisher’s tests are likely to return low p-values for large sample sizes, even when effect sizes 

are small. Cramér’s V is a measure of the strength of association (i.e., effect size) for Chi-squared tests that ranges between 0 and 1. In a 2x2 

contingency table a value < 0.1 indicates little to no association (referred to here as negligible), 0.1-0.3 indicates low association, 0.3-0.5 

indicates moderate association, and > 0.5 indicates high association (Mangiafico 2016). For larger contingency tables, the Cramér’s V values that 

define the thresholds between low, moderate and high association become smaller (Cohen 1988), and can be found in Table S1. 

Table S1. The Cramér’s V (CV) equivalents of effect size (ES) based on the largest dimension of the contingency table (r). The relationship 

between effect size and Cramér’s V is defined as 
ES

CV
1r




, equation 7.2.7 in Cohen (1988). 

ES r 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

0.1 CV 0.1 0.071 0.058 0.050 0.045 0.041 0.038 0.035 0.033 0.032 0.030 0.029 0.028 0.027 0.026 

0.2  0.2 0.141 0.115 0.100 0.089 0.082 0.076 0.071 0.067 0.063 0.060 0.058 0.055 0.053 0.052 

0.3  0.3 0.212 0.173 0.150 0.134 0.122 0.113 0.106 0.100 0.095 0.090 0.087 0.083 0.080 0.077 

0.4  0.4 0.283 0.231 0.200 0.179 0.163 0.151 0.141 0.133 0.126 0.121 0.115 0.111 0.107 0.103 

0.5  0.5 0.354 0.289 0.250 0.224 0.204 0.189 0.177 0.167 0.158 0.151 0.144 0.139 0.134 0.129 

0.6  0.6 0.424 0.346 0.300 0.268 0.245 0.227 0.212 0.200 0.190 0.181 0.173 0.166 0.160 0.155 

0.7  0.7 0.495 0.404 0.350 0.313 0.286 0.265 0.247 0.233 0.221 0.211 0.202 0.194 0.187 0.181 

0.8  0.8 0.566 0.462 0.400 0.358 0.327 0.302 0.283 0.267 0.253 0.241 0.231 0.222 0.214 0.207 

0.9  0.9 0.636 0.520 0.450 0.402 0.367 0.340 0.318 0.300 0.285 0.271 0.260 0.250 0.241 0.232 

1  1 0.707 0.577 0.500 0.447 0.408 0.378 0.354 0.333 0.316 0.302 0.289 0.277 0.267 0.258 

 



CREEL SURVEY-APP COMPARISON  

Methods 

Catch rates from the app and creel surveys were compared for the Bow River and Oldman River system. 

Zero-inflated negative-binomial models with a log link (“zeroinfl”, pscl package, R-3.6.3) were used to 

evaluate similarities/differences between the app and creel catch, because the data were over-

dispersed and zero-inflated in both systems. Supplementary analyses evaluated a series of 13 models for 

each of a number of explanatory variables – N = 8 for the Bow River (Table ) and N = 7 for the Oldman 

system (  



). These explanatory variables included a simple categorization of data source (i.e., app and Creel) to 

more complex variables that incorporated information from the creel survey on trip completion, 

guiding, gear used and access (shore/boat). We used simple to more complex categorical variables 

instead of including trip completion, guiding, gear used, or access as covariates in the model because 

this information was not available for the MyCatch data set. The series of models considered included 

possible combinations of the categorical variable and time spent fishing. Time fishing was included as an 

offset variable (Kuparinen et al. 2010; Gundelund et al. 2020). For model numbers > 4, the model fit to 

the non-zero count data (left of the bar in the model formula) was different from the model fit to the 

zero-inflation component of the data (right side of the bar in the model formula) (Table S2 and Table 

S3). We used delta AIC values and AIC weights to identify the most parsimonious of the candidate 

models. Delta AIC values <2 suggest that the model should be considered, whereas models with delta 

AIC values from 4 to 7 have considerably less support, and delta AIC values >10 suggest that the model is 

unlikely to be the most parsimonious (Burnham and Anderson 2001). AIC weights give the probability 

that a model is the best model among the candidate models evaluated (Wagenmakers and Farrell 2004). 

In addition, Nagelkerke’s (Cragg and Uhler) pseudo-R-squared (“nagelkerke”, rcompanion package, R-

3.6.3), which tends to fall between 0 and 1, was used as an indicator of goodness of fit (Mangiafico 

2016). The catch rate of the dominant species in the catch was modelled for each system. 

Results 

Anglers surveyed by the AEP creel on the Bow River were operationally diverse. About half accessed the 

river by boat (49.5%) while the other half fished from the shore. Guided trips accounted for 20.7% of all 

trips, but the majority (39.8%) of these were boat trips versus 2.0% of shore trips. Anglers tended 

(74.0%) to use fly-fishing as opposed to casting while on their trips, especially on boat trips (89.3% vs 

58.9%, respectively). The majority of trips were completed at the time of the survey (69.9%); 95.8% of 

boat trips were complete, versus 44.6% of shore trips. The length of completed trips (hours per trip) was 



impacted by the diversity in access and guiding. Anglers accessing the Bow River by boat tended to fish 

longer than those accessing the river from the shore (Figure S1a). The MyCatch data did not include 

information about access, guiding, and gear. However, the distribution of trip lengths on the Bow River 

was intermediate to the distributions of shore- and boat-based trip lengths from the creel. Creel-

surveyed anglers on the upper Oldman River system were less diverse than the Bow River; the river was 

only accessed from the shore, and only 1.3% of trips were guided. Similar to the Bow system, anglers 

predominantly fly-fished (89.6%). The majority (82.4%) of trips were incomplete at the time of the 

interview. The frequency distribution of completed trip lengths for the Oldman River system tended to 

be similar between the creel and the app (Figure S1b). 

Analyses of catch per trip of rainbow trout from the Bow River found that the most parsimonious model 

when data was segmented by “Data Source” (i.e., X.Var1, app/creel) was Model:8, according to AIC 

(Figure 7a, Table S2). Model:9 and Model:11 had delta AIC values < 2 from Model:8 (Table 2), but 

predictions did not differ greatly from Model:8 (Figure S2). Supplementary analyses that considered 

more complex explanatory variables that segmented creel data found that Model:12, in which creel data 

were segmented by access, gear, trip completion and guiding (X.Var.8), was the most parsimonious 

model out of all models considered, having an AIC weight of 0.9998 when all variables were considered 

and a Nagelkerke’s R2 = 0.4126 (Table S2). Model 12 predicts that catch per trip of rainbow trout by 

MyCatch anglers on the Bow River will be intermediate, with shore-based anglers from the creel having 

lower catch rates, and boat anglers from the creel, particularly those that are guided, having higher 

catch rates (Figure S3). 

Analyses of catch per trip of cutthroat trout from the Oldman River system also found that the most 

parsimonious model when data was segmented by “Data Source” (i.e., X.Var1, app/creel) was Model:8, 

according to AIC (Figure 7b, Table S3). Model:3 and Model:13 had delta AIC values < 2 from Model:8 

(Table 2), but predictions did not differ greatly from Model:8 (Figure S4). Supplementary analyses that 



considered more complex explanatory variables that segmented creel data found that Model:11, in 

which creel data were segmented by gear and trip completion (X.Var.5) was the most parsimonious 

model out of all models considered (Table S3). Few (10) trips in this system were guided, and all anglers 

fished from shore. Like the Bow River analyses, Model:11 predicts that MyCatch anglers have catch rates 

that fall within the range of the creel-angler segments in the Oldman River system (Figure S5a). 

However, this model only had an AIC weight of 0.1717 and a Nagelkerke’s R2 = 0.2542 when all models 

and variables were considered (Table S3). Numerous models (Models 13 and 9) with differing levels of 

creel segmentation (X.Var.4 and X.Var.7) had delta AIC values close to 2 and AIC weights > 0.05. Thus, 

these models also have support and should be considered (e.g, Figure S5b), but they also predict that 

the app catch rates fall within the range of predictions for the creel segments. 

 



Table S2. Delta AIC values (ΔAIC), AIC weights (𝑤AIC), number of parameters (K), and Nagelkerke’s (Cragg and Uhler) pseudo-R-squared values (N-
R2) for zero-inflated negative binomial models 1-13 for the Bow River. “Catch” is catch per trip of rainbow trout (RNTR). “OT” is time spent fishing 
included as an offset variable. “X.Var” is the categorical variable evaluated (N = 8 for the Bow River), and X.Var levels are the categories associated 
with that the X.Var variable. The information to the right of upright bar in the model formula indicates the formula for the zero-inflated portion of 
the model. If no bar is present, then the same formula was used for both the count and zero-inflated portions of the model. The minimum AIC was 
8063.2 for rainbow trout. 

 X.Var  
(Potential Categorical 
Variable) 

1. Data 
Source 

2. Trip 
Completion 

3. Guided 4. Gear 5. Access 6. Gear, 
Access 

7. Access, 
Completion, 
Guided 

8. Access, Gear, 
Completion, Guided  

 X.Var Levels App,  
Creel 
 
 

App,  
Complete,  
Incomplete 
 

App,  
Guided,  
Unguided 
 

App,  
Cast, 
Fly 
 

App,  
Boat, 
Shore 
 

App,  
Cast-boat, 
Cast-shore,  
Fly-boat,  
Fly-shore 
 

App, 
Boat-unguided, 
Boat-guided,  
Shore-complete,  
Shore-incomplete 
 

App,  
Boat-cast-unguided, 
Boat-cast-guided,  
Boat-fly-unguided,  
Boat-fly-guided,  
Shore-cast-incomplete,  
Shore-cast-complete,  
Shore-fly-incomplete,  
Shore-fly-complete 

Values Model Number: Formula         

ΔAIC 1: Catch ~ 1 1405.0 1405.0 1405.0 1405.0 1405.0 1405.0 1405.0 1405.0 

 2: Catch ~ X.Var 1403.6 910.5 1025.0 1173.7 424.8 368.9 369.1 319.3 

 3: Catch ~ OT 319.9 319.9 319.9 319.9 319.9 319.9 319.9 319.9 

 4: Catch ~ X.Var + OT 321.3 227.1 245.2 316.5 126.1 68.2 108.1 50.9 

 5: Catch ~ X.Var | 1 1403.5 970.3 1226.5 1340.5 593.7 517.9 532.3 466.5 

 6: Catch ~ X.Var | OT 1430.6 979.2 1226.6 1342.7 593.7 517.9 532.3 466.5 

 7: Catch ~ X.Var | X.Var + 
OT 

1432.6 983.2 1230.5 1346.7 597.5 525.2 539.9 460.8 

 8: Catch ~ OT | 1 317.6 317.6 317.6 317.6 317.6 317.6 317.6 317.6 

 9: Catch ~ OT | X.Var 319.2 202.7 231.5 259.5 74.9 45.6 61.9 36.7 

 10: Catch ~ OT | X.Var + 
OT 

321.9 228.2 322.6 316.9 169.2 120.7 158.9 116.6 

 11: Catch ~ X.Var + OT | 1 319.3 258.1 244.3 315.0 141.7 89.9 133.4 79.1 



 12: Catch ~ X.Var + OT | 
X.Var 

320.1 205.2 210.1 249.9 72.0 16.8 55.6 0 

 13: Catch ~ X.Var + OT | 
OT 

321.8 258.5 244.3 315.9 141.7 90.6 133.4 79.5 

𝒘AIC 1: Catch ~ 1 0 0 0 0 0 0 0 0 

 2: Catch ~ X.Var 0 0 0 0 0 0 0 0 

 3: Catch ~ OT 0 0 0 0 0 0 0 0 

 4: Catch ~ X.Var + OT 0 0 0 0 0 0 0 0 

 5: Catch ~ X.Var | 1 0 0 0 0 0 0 0 0 

 6: Catch ~ X.Var | OT 0 0 0 0 0 0 0 0 

 7: Catch ~ X.Var | X.Var + 
OT 

0 0 0 0 0 0 0 0 

 8: Catch ~ OT | 1 0 0 0 0 0 0 0 0 

 9: Catch ~ OT | X.Var 0 0 0 0 0 0 0 0 

 10: Catch ~ OT | X.Var + 
OT 

0 0 0 0 0 0 0 0 

 11: Catch ~ X.Var + OT | 1 0 0 0 0 0 0 0 0 

 12: Catch ~ X.Var + OT | 
X.Var 

0 0 0 0 0 0.0002 0 0.9998 

 13: Catch ~ X.Var + OT | 
OT 

0 0 0 0 0 0 0 0 

N-R2 1: Catch ~ 1 0 0 0 0 0 0 0 0 

 2: Catch ~ X.Var 0.0020 0.1686 0.1328 0.0840 0.3054 0.3218 0.3217 0.3381 

 3: Catch ~ OT 0.3300 0.3300 0.3300 0.3300 0.3300 0.3300 0.3300 0.3300 

 4: Catch ~ X.Var + OT 0.3307 0.3548 0.3504 0.3329 0.3787 0.3938 0.3847 0.4013 

 5: Catch ~ X.Var | 1 0.0013 0.1488 0.0647 0.0248 0.2594 0.2810 0.2772 0.2967 

 6: Catch ~ X.Var | OT -0.0087 0.1460 0.0647 0.0240 0.2594 0.2810 0.2772 0.2967 

 7: Catch ~ X.Var | X.Var + 
OT 

-0.0087 0.1460 0.0647 0.0240 0.2595 0.2812 0.2773 0.3023 

 8: Catch ~ OT | 1 0.3306 0.3306 0.3306 0.3306 0.3306 0.3306 0.3306 0.3306 

 9: Catch ~ OT | X.Var 0.3307 0.3597 0.3528 0.3459 0.3896 0.3971 0.3934 0.4009 

 10: Catch ~ OT | X.Var + 
OT 

0.3300 0.3535 0.3304 0.3318 0.3676 0.3799 0.3710 0.3827 



 11: Catch ~ X.Var + OT | 1 0.3307 0.3463 0.3497 0.3323 0.3741 0.3870 0.3770 0.3913 

 12: Catch ~ X.Var + OT | 
X.Var 

0.3310 0.3600 0.3589 0.3493 0.3911 0.4054 0.3967 0.4126 

 13: Catch ~ X.Var + OT | 
OT 

0.3301 0.3462 0.3497 0.3321 0.3741 0.3869 0.3770 0.3912 

K 1: Catch ~ 1 3 3 3 3 3 3 3 3 

 2: Catch ~ X.Var 5 7 7 7 7 11 11 19 

 3: Catch ~ OT 3 3 3 3 3 3 3 3 

 4: Catch ~ X.Var + OT 5 7 7 7 7 11 11 19 

 5: Catch ~ X.Var | 1 4 5 5 5 5 7 7 11 

 6: Catch ~ X.Var | OT 4 5 5 5 5 7 7 11 

 7: Catch ~ X.Var | X.Var + 
OT 

5 7 7 7 7 11 11 19 

 8: Catch ~ OT | 1 3 3 3 3 3 3 3 3 

 9: Catch ~ OT | X.Var 4 5 5 5 5 7 7 11 

 10: Catch ~ OT | X.Var + 
OT 

4 5 5 5 5 7 7 11 

 11: Catch ~ X.Var + OT | 1 4 5 5 5 5 7 7 11 

 12: Catch ~ X.Var + OT | 
X.Var 

5 7 7 7 7 11 11 19 

 13: Catch ~ X.Var + OT | 
OT 

4 5 5 5 5 7 7 11 

 

 

  



Table S3. Delta AIC values (ΔAIC), AIC weights (𝑤AIC), number of parameters (K), and Nagelkerke’s (Cragg and Uhler) pseudo-R-squared values 
(N-R2) for zero-inflated negative binomial models 1-13 for the Oldman River system. “Catch” is catch per trip of cutthroat trout (CTTR). “OT” is 
time spent fishing included as an offset variable. “X.Var” is the categorical variable evaluated (N = 7 for the Oldman River system), and X.Var 
levels are the categories associated with that the X.Var variable. The information to the right of upright bar in the model formula indicates the 
formula for the zero-inflated portion of the model. If no bar is present, then the same formula was used for both the count and zero-inflated 
portions of the model. Anglers fished the Oldman River system exclusively from shore, so levels and variables differed from the Bow River. The 
minimum AIC was 3376.9 for cutthroat trout. 

 
X.Var  
(Potential Categorical 
Variable) 

1. Data 
Source 

2. Trip 
Completion 

3. Guided 4. Gear 5. Gear, 
Completion 

6. Guided, Completion  7. Gear, Completion, 
Guided 

 X.Var Levels 

App,  
Creel 

App,  
Complete,  
Incomplete 

App,  
Guided,  
Unguided 

App,  
Cast, 
Fly 

App, 
Cast-incomplete, 
Cast-complete, 
Fly-incomplete, 
Fly-complete 

App, 
Unguided-incomplete, 
Unguided-complete, 
Guided-incomplete, 
Guided-complete 

App, 
Cast-unguided-
incomplete, 
Cast-unguided-complete, 
Fly-unguided-incomplete, 
Fly-unguided-complete, 
Fly-guided-incomplete, 
Fly-guided-complete 

Values Model Number: 
Formula        

ΔAIC 1: Catch ~ 1 232.5 232.5 232.5 232.5 232.5 232.5 232.5 
 

2: Catch ~ X.Var 232.5 229.9 230.5 196.5 189.1 230.5 190.7 
 

3: Catch ~ OT 11.6 11.6 11.6 11.6 11.6 11.6 11.6 
 

4: Catch ~ X.Var + OT 14.2 16.1 17.4 3.1 6.4 21.1 9.5 
 

5: Catch ~ X.Var | 1 230.5 228.2 226.5 195.7 184.0 225.8 182.5 
 

6: Catch ~ X.Var | OT 230.5 228.2 226.5 195.7 184.0 225.8 182.5 
 

7: Catch ~ X.Var | 
X.Var + OT 

232.5 232.2 230.5 199.7 192.0 233.8 194.5 

 
8: Catch ~ OT | 1 11.6 11.6 11.6 11.6 11.6 11.6 11.6 

 9: Catch ~ OT | X.Var 12.7 14.7 14.7 1.7 2.2 18.7 6.2 

 10: Catch ~ OT | X.Var 
+ OT 

12.2 14.2 14.2 6.8 5.2 18.2 8.9 

 11: Catch ~ X.Var + OT 
| 1 

13.5 13.5 14.8 1.3 0 14.5 1.1 



 12: Catch ~ X.Var + OT 
| X.Var 

14.6 16.6 17.8 2.4 5.0 21.5 10.0 

 13: Catch ~ X.Var + OT 
| OT 

13.5 13.5 14.8 1.3 0 14.5 1.1 

𝒘AIC 1: Catch ~ 1 0 0 0 0 0 0 0 
 

2: Catch ~ X.Var 0 0 0 0 0 0 0 
 

3: Catch ~ OT 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 
 

4: Catch ~ X.Var + OT 0.0001 0.0001 0 0.0360 0.0070 0 0.0015 
 

5: Catch ~ X.Var | 1 0 0 0 0 0 0 0 
 

6: Catch ~ X.Var | OT 0 0 0 0 0 0 0 
 

7: Catch ~ X.Var | 
X.Var + OT 

0 0 0 0 0 0 0 

 
8: Catch ~ OT | 1 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 

 9: Catch ~ OT | X.Var 0.0003 0.0001 0.0001 0.0730 0.0574 0 0.0078 

 10: Catch ~ OT | X.Var 
+ OT 

0.0004 0.0001 0.0001 0.0058 0.0130 0 0.0020 

 11: Catch ~ X.Var + OT 
| 1 

0.0002 0.0002 0.0001 0.0906 0.1717 0.0001 0.0969 

 12: Catch ~ X.Var + OT 
| X.Var 

0.0001 0 0 0.0526 0.0142 0 0.0011 

 13: Catch ~ X.Var + OT 
| OT 

0.0002 0.0002 0.0001 0.0906 0.1716 0.0001 0.0969 

N-R2 1: Catch ~ 1 0 0 0 0 0 0 0 
 

2: Catch ~ X.Var 0.0050 0.0128 0.0121 0.0522 0.0698 0.0218 0.0770 
 

3: Catch ~ OT 0.2362 0.2362 0.2362 0.2362 0.2362 0.2362 0.2362 
 

4: Catch ~ X.Var + OT 0.2375 0.2394 0.2382 0.2514 0.2557 0.2422 0.2601 
 

5: Catch ~ X.Var | 1 0.0050 0.0101 0.0121 0.0485 0.0665 0.0178 0.0728 
 

6: Catch ~ X.Var | OT 0.0050 0.0101 0.0121 0.0485 0.0665 0.0178 0.0728 
 

7: Catch ~ X.Var | 
X.Var + OT 

0.0050 0.0102 0.0121 0.0485 0.0665 0.0178 0.0728 

 
8: Catch ~ OT | 1 0.2362 0.2362 0.2362 0.2362 0.2362 0.2362 0.2362 

 9: Catch ~ OT | X.Var 0.2370 0.2370 0.2370 0.2490 0.2522 0.2370 0.2522 



 10: Catch ~ OT | X.Var 
+ OT 

0.2374 0.2374 0.2374 0.2444 0.2495 0.2374 0.2497 

 11: Catch ~ X.Var + OT 
| 1 

0.2362 0.2381 0.2369 0.2494 0.2542 0.2409 0.2568 

 12: Catch ~ X.Var + OT 
| X.Var 

0.2371 0.2390 0.2378 0.2521 0.2570 0.2418 0.2597 

 13: Catch ~ X.Var + OT 
| OT 

0.2362 0.2381 0.2369 0.2494 0.2542 0.2409 0.2568 

K 1: Catch ~ 1 3 3 3 3 3 3 3  
2: Catch ~ X.Var 5 7 7 7 11 11 15  
3: Catch ~ OT 3 3 3 3 3 3 3  
4: Catch ~ X.Var + OT 5 7 7 7 11 11 15  
5: Catch ~ X.Var | 1 4 5 5 5 7 7 9  
6: Catch ~ X.Var | OT 4 5 5 5 7 7 9  
7: Catch ~ X.Var | 
X.Var + OT 5 7 7 7 11 11 15  
8: Catch ~ OT | 1 3 3 3 3 3 3 3 

 9: Catch ~ OT | X.Var 4 5 5 5 7 7 9 

 10: Catch ~ OT | X.Var 
+ OT 4 5 5 5 7 7 9 

 11: Catch ~ X.Var + OT 
| 1 4 5 5 5 7 7 9 

 12: Catch ~ X.Var + OT 
| X.Var 5 7 7 7 11 11 15 

 13: Catch ~ X.Var + OT 
| OT 4 5 5 5 7 7 9 

 

 



 

Figure S1. Distribution of time spent fishing for completed trips on the Bow River (a), and the Oldman 

River system (b). Time fishing collected by the app was in hour units, time fishing collected during the 

creel survey was binned into hourly bins with breakpoints at the 0.5 hour unit (e.g., bin 0 = 0-0.5 h, bin 1 

= 0.5-1.5 h, etc.). Creel data are separated into shore (yellow-orange) and boat access (red-brown), with 

bars divided based on guiding. Such details were not available for MyCatch data, and access to the upper 

Oldman River system was only from the shore. Sample sizes are given in parentheses. 

  



 

Figure S2. Data and predictions for the catch per trip of rainbow trout (Oncorhynchus mykiss) from the 

Bow River in relation to the time spent fishing (Creel N = 2740 reports, MyCatch N = 91 reports). The 

panels illustrate the results for (a) Model:9 and (b) Model:11, which had delta AIC values of <2 when 

MyCatch catches were compared to creel catches pooled over all angler segments (e.g., X.Var.1). Dots 

represent the raw data and lines are the model predictions. The dot size indicates the proportion of trips 

in a group. Model details can be found in Table 2. 

  



 

Figure S3. Data and predictions for the catch per trip of rainbow trout (RNTR, Oncorhynchus mykiss) 

from the Bow River in relation to the time spent fishing. The figure illustrates the most parsimonious 

model overall, Model 12, when creel data was segmented by how the river was accessed, the gear used, 

trip completion and guiding (i.e., X.Var8). Dots represent the raw data and lines are the model 

predictions. The dot size indicates the proportion of trips in a segment. Sample sizes for each segment 

are given in parentheses. Model details can be found in Table S2. 

 



 

Figure S4. Data and predictions for the catch per trip of cutthroat trout (Oncorhynchus clarki) from the 

Oldman River system in relation to the time spent fishing (Creel N = 790 reports, MyCatch N = 43 

reports). The figure illustrates the results for Model:3 which had a delta AIC value of <2 when MyCatch 

catches were compared to creel catches pooled over all angler segments (e.g., X.Var.1). Dots represent 

the raw data and lines are the model predictions. The dot size indicates the proportion of trips in a 

group. Model details can be found in Table 2. 

  



 

Figure S5. Data and predictions for the catch per trip of cutthroat trout (CTTR, Oncorhynchus clarki) from 

the Oldman River system in relation to the time spent fishing. The panels illustrate (a) the most 

parsimonious model, Model 11, when creel data was segmented by the gear used and trip completion 

(i.e., X.Var5), and (b) a model with a delta AIC <2, Model 11 with creel data segmented gear used (i.e., 

X.Var4). Dots represent the raw data and lines are the model predictions. The dot size indicates the 

proportion of trips in a segment. Sample sizes for each segment are given in parentheses. Model details 

can be found in Table S3. 

 

 

 

 

 



GILLNET-APP COMPARISON 

Estimates of walleye density from FIN surveys were significantly related to average catch rates of 

walleye from the app, and the effect size was moderate (Figure S6a, 15.25, p = 0.0014, robust

6.71, robust.p = 0.0205,  = 0.5041). The model was corrected for heteroskedasticity using 

robust standard errors because the assumption of homogeneity of variance was violated (BP = 11.496, 

df = 1, p = 0.0007). The assumption of normality was not violated (W = 0.96, p = 0.7141). Conversely, the 

relationship between mature pike density estimated from the FIN surveys and average catch rates of 

pike from MyCatch was not significant at  0.05 (Figure S6b, 4.54, p = 0.0502,  = 0.2322), 

and assumptions of normality (W = 0.89, p = 0.0527) and homogeneity of variance (BP = 0.43, df = 1, p = 

0.5119) were not violated. 

 

Figure S6. The relationship between mean catch per unit effort (CPUE) from MyCatch reports and (a) 
walleye density estimates, and (b) mature northern pike density estimates from 2018 Fall Index Netting 
(FIN) surveys (N = 17 lakes). Points are the mean catch rates from MyCatch reports, and size of the 
points indicates how many MyCatch reports contributed to the mean estimate for a lake. The black line 
is the linear regression prediction. R.sq = the coefficient of determination from the model, p = the p-
value from the regression model and the gray region is the 95% confidence interval. Robust.p = the p-
value using robust standard errors that account for heteroskedasticity, and the red region is the robust 
95% confidence interval.   

 

(1,15)F 

(1,15)F  2r

  (1,15)F  2r



SUPPLEMENT REFERENCES 

Burnham, K.P., and Anderson, D.R. 2001. Kullback-Leibler information as a basis for strong inference in 
ecological studies. Wildl. Res. 28(2): 111-119. 

Cohen, J. 1988. Statistical Power Analysis for the Behavioral Sciences. Second Edition. Lawrence Erlbaum 
Associates, New York, USA. 

Gundelund, C., Arlinghaus, R., Baktoft, H., Hyder, K., Venturelli, P., and Skov, C. 2020. Insights into the 
users of a citizen science platform for collecting recreational fisheries data. Fish. Res. 229: 
105597. 

Kuparinen, A., Klefoth, T., and Arlinghaus, R. 2010. Abiotic and fishing-related correlates of angling catch 
rates in pike (Esox lucius). Fish. Res. 105(2): 111-117. 

Mangiafico, S.S. 2016. Summary and Analysis of Extension Program Evaluation in R, version 1.18.1. 
rcompanion.org/handbook/. Rutgers Cooperative Extension, New Brunswick, NJ. 

Wagenmakers, E.-J., and Farrell, S. 2004. AIC model selection using Akaike weights. Psychonomic 
Bulletin & Review 11(1): 192-196. 

 

 


	Article
	Introduction
	Methods
	App data collection
	National mail survey
	Creel surveys
	Gillnetting surveys
	Analyses

	Results
	MyCatch usage
	Mail Survey–App comparison
	Creel survey–app comparison
	Gillnet–app comparison

	Discussion
	MyCatch usage
	Mail survey–app comparison
	Creel survey–app comparison
	Gillnet–app comparison
	Limitations

	Conclusions
	References


