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Explanatory Power of Human and
Environmental Pressures on the Fish
Community of the Grand Bank before
and after the Biomass Collapse

Danielle P. Dempsey *, Wendy C. Gentleman ?, Pierre Pepin 2 and Mariano Koen-Alonso 2

 Department of Engineering Mathematics, Dalhousie Univeitg, Halifax, NS, Canada? Northwest Atlantic Fisheries Centre,
Fisheries and Oceans Canada, St. John's, NL, Canada

Ecosystem based sheries management will bene t from assesment of how various
pressures affect the sh community, including delayed respnses. The objective of this
study was to identify which pressures are most directly retaed to changes in the sh
community of the Grand Bank, Northwest Atlantic. These chages are characterized
by a collapse and partial recovery of sh biomass and shiftig trophic structure over
the past three decades. All possible subsets of nine shing ad environmental pressure
indicators were evaluated as predictors of the sh communiy structure (represented by
the biomasses of six sh functional-feeding groups), for peods Before (1985-1995) and
After (1996-2013) the collapse, and the Full time series. Waodeled these relationships
using redundancy analysis, an extension of multiple lineaggression that simultaneously
evaluates the effect of one or more predictors on several rggnse variables. The analysis
was repeated with different lengths (0-5 years) and types @wing average vs. lags) of
time delays imposed on the predictors. Both shing and envionmental indicators were
included in the best models for all types and length of time days, reinforcing that there
is no single type of pressure impacting the sh community inhis region. Results show
notable differences in the most in uential pressures Befa and After the collapse, which
re ects the changes in harvester behavior in response to theground sh moratoria in
the mid-1990s. The best models for Before the collapse had stkingly high explanatory
power when compared to the other periods, which we speculates because of changes
in the relationships among and within the pressures and resmses. Moving average
predictor sets generally had higher explanatory power thategged sets, implying that
trends in pressures are important for predicting changes ithe sh community. Assigning
a carefully chosen delay to each predictor further improvedhe explanatory power,
which is indicative of the complexity of interactions betwen pressures and responses.
Here we add to the current understanding of this ecosystem, \Wile demonstrating a
method for selecting pressures that could be useful to scietists and managers in other
ecosystems.

Keywords: redundancy analysis, ecosystem indicators, movi
regression analysis
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Dempsey et al. Changing Pressures after Ecosystem Collapse

INTRODUCTION 1999; Large et al., 20)l5more investigation into appropriate
types and lengths of delays is warrantedrge et al., 2035

Marine sheries CO”apSGS worldwide have important socio- Our Objective here was to |dent|fy sets of pressures most
economic and ecological consequences, highlighting ted f@  directly related to three decades of changes in the strectur
ecosystem based sheries management (EBFM;\éigund and  of the sh community of the Grand Bank, Northwest Atlantic
Skjoldal, 2005; DFO, 20R7EBFM supplements conventional (Figure 1). This will add to the current understanding of this
single species approaches by explicitly considering interati ecosystem, while demonstrating a method that could be useful
among species (target and non-target) in the context of ch@ng  to scientists and managers for other areas. This region pesvi
human activities and environmental conditions. Implemerdat 3 valuable case study because it experienced complex eablogic
of EBFM requires information about the whole ecosystemgWhi changes resulting in two distinct periods, which are spanned
can be provided in part by data-based indicators, i.e., me&bur py our suite of indicators empsey et al., 20).7We identify
or derived proxies of biological status and ecological pressu pressure indicators from within this suite that can best podi
(Larkin, 1996; Jennings, 200Biological indicators include sh community state over the full time series as well as for the
measures of the sh community structure (e.g., biomass, meagwo periods, and use our analysis to examine the past and present
length, and trophic level of the community). Both shing and dynamics of this ecosystem. We also investigate models with
the environment are external pressures on the sh communitydj erent delay lengths (0-5 years) and types (moving average an
and can be quanti ed by a range of indicators (elgnk et al., |ags) to determine which delays have the best explanatorympowe
2010b; Shannon et al., 201@ishing indicators can refer to
metrics of landings (e.g., total or species aggregates); €aj.,
hours shed), and shing mortality (e.g., landings/commiiy METHODS
biomass), while environmental indicators can include &rg Study Area
scale metrics of atmospheric forcing, such as the North Aitan Here we provide historical context for our study area
Oscillation (NAO), and region-speci ¢ features such as aanu to highlight some of the ecological changes that have
mean temperature and salinity. Managers can regulate (at leayccurred in the region over our period of interest. The
partially) shing pressures, but not environmental pressuf@s Grand Bank, within the Northwest Atlantic Fisheries
relevant timescales;lliott, 201, and yet their decisions must QOrganization (NAFO) statistical division 3LNO, and the
account for future changes in the environment. It is gengrall adjacent southern Labrador and northeast Newfoundlandfshe
accepted that a suite of indicators from several categoei®s,( (NAFO Division 2J3K) are recognized as major subunits within
biological, shing, and environmental) is required for siessful - the Newfoundland-Labrador shelf in the Northwest Atlantic
EBFM (e.g.Jennings, 2005; Link et al., 20)0€onsiderable
e ort has focussed on determining which of the hundreds of
proposed biological indicators are the most informativice,
2003; Jennings, 2005; Rice and Rochet, 2005; Shin et al), 201L(  se°n
but there remains a pressing need to determine which sets of
pressures are best predictors of change (&gyeer and Eero, 54°N
2011; Large et al., 2015

Improving scienti ¢ understanding of multivariate pressure
response relationships can contribute to implementation of
EBFM. Identifying which pressures are most directly related t
changes in the sh community can help focus investigatiohs o
thresholds, guide modeling, plan management scenarios, anc
direct monitoring e orts. Determining which pressures areeth
most informative is challenging because of the range ways to
quantify them, and because the mechanistic relationshigs a
currently not well-de ned. For example, there has been erce
debate about whether shing or poor environmental condit®n 44°N
caused the infamous collapse of cod and other species on the
Grand Banks in the 1990s (e.fylyers et al., 1996; Bundy, 2001; 42°N A
Halliday and Pinhorn, 2009 Furthermore, changes in pressures
can have both immediate and delayed e ects on sh communities
(e.g.Greenstreetetal., 2011; Gréger and Fogarty, 2011; Dempse
et al., 201y, adding an additional layer of complexity to the . . . . - . .
analysis of pressures and biological responses. For example 60°W 58°W 56°W 54°W 52°W 50°W 48°W 46°W
immediate e ects of shing include the removal of biomass, Longitude
while delayed e ects include changes in the size structure of
the community Qaan et al., 2005; Devine et al., 2RD0While
previous studies have acknowledged delays (&g and Ware,
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FIGURE 1 | Map of the study area, showing the Grand Bank (NAFO division
3LNO), Station 27, and the Canadian exclusive economic zon@ashed lines).
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(Figure 1, NAFO, 2014. The shelf is partly within the Canadian Monitoring System DFO, 2019, restrictions on total allowable
exclusive economic zone (EEZ) established in 1977, buh@ste catches (e.g., for red sh and yellowtail oundedAFO, 2017,
into international watersKigure 1). gear restrictions, and restricted entry programs.

For centuries, this region was one of the most productive
shing grounds in the world, with global sheries for many Indicators
species including Atlantic cod, ounder, and capeliRdse, The indicator time series used here were synthesized and
2007. Fisheries management in the region is the responsibilitpresented inDempsey et al. (2017Fish community indicators
of Fisheries and Oceans Canada (DFO) within the EEZ, andre annual values for 1985-2013, and pressures used to predict
NAFQ ininternational waters. Throughout the 1980s the primma them additionally extend to 1980-1984 for use with our time
management strategy for both DFO and NAFO was to seflelay analysis. Below we present a general overview of these
independent quotas for each sh stock; however, these measurindicators to facilitate the reader's appreciation of our et
were largely ine ective because the limits were ignored bynultivariate analysis, and refer interested reader®tonpsey
some vessels, and there was error in calculating sustainallt al. (2017)for more details on indicator trends and data
exploitation rates (e.g/Rose, 2007 In the 1990s prolonged sources.
heavy shing pressure combined with an environmental regime
shift precipitated complex ecological changes, charactbbige Indicators of Fish Community Status
a collapse of sh biomass. This is commonly referred to as “th&he structure of the sh community was represented by the
collapse of the cod” even though many other species were alstean annual biomass indices of six sh functional feedingLgrs
impacted (e.g.Atkinson, 1994; NAFO, 2010bin response to (aggregated species), which have been analyzeDeoypsey
the low biomass of many stocks, ground sh moratoria wereet al. (2017and others (e.gNNAFO, 2010b, 20%4rable 1). Such
enforced for 2J3KL in 1994 and the southern Grand Bank irfunctional groups are meaningful units to sheries sciergiahd
1994. Harvesters adapted by targeting di erent species (e.gnanagers|/AFO, 2014, are compatible with modern ecosystem
shrimp and crab), retiring from shing, or leaving the prowie  models (e.g.Link et al.,, 2010a; Heymans et al., 2j)1énd
to nd other employment (e.gfamilton and Butler, 200l Over  bene t the present analysis by reducing the number of response
20 years after imposition of these moratoria, many remain irnvariables when compared to the use of individual species
place (see Annex |.A ilNAFO, 2017. The total sh biomass (Fogarty, 201y} The annual biomass index of each functional
has recovered slowly, although di erent species are recogeri group was calculated from DFO spring scienti ¢ bottom trawl
at di erent rates such that the structure of the ecosystem hasurveys for NAFO area 3LNO by summing the average catch
shifted from piscivore dominated to include more species aper tow of the species included in the group. In 1996, the
lower trophic levelsKigure 2, Pedersen et al., 201L7 survey gear changed from a commercial Engels to a ner-neshe

Both DFO and NAFO are working toward ecosystemCampelen trawl, such that the biomass indices cannot be dyrectl
approaches to managemenDd¢eans Act, 1996; DFO, 2009;compared before and after the gear change due to diering
NAFO, 2010a) Current management strategies include thecapture e ciencies cCallum and Walsh, 1997; Belgrano and
At-Sea Observer ProgramDEO, 201, National Vessel Fowler, 201). Scaling factors have been developed to coarsely
compare the Engels and Campelen biomasses for most species;
however, it was not possible to scale the biomasses of invatéeb
species (i.e., shell sh) because they were not sampled cortkiste

Shellfish
Planktivore
PlankPiscivore
Piscivore

Small Benthivore
Medium Benthivore
Large Benthivore

1985 1990 1995 2000
1 Year

2005 2010

I

Before

Y

After

1 by the Engels trawl (Koen-Alonso, unpublished data).

The mid-1990s also correspond to the minimum total sh
biomass in the region, marking the end of the rapid collapse
of biomass and the beginning of the recovery. These have been
characterized as two ecologically di erent periods (eBgren
et al., 2014; Dempsey et al., 2)1Here we analyzed three time
periods: the Full period (1985—-2013; using the scaled Engils da
as well as Before (1985-1995) and After (1996—2013) ttepsell
“Before” and “After” also correspond to the survey gear cleang
to eliminate the reliance on the coarse scaling factors.eNot
that because there is no appropriate biomass index for shell sh
prior to 1996 (NAFO, 2010, this functional group had to be
excluded from the Full and Before analyses. We do not expect
this exclusion to a ect results because even though the buyild
of shrimp (the major species by biomass in this group) is believ

to have started in the mid 1980s, it only peaked on the Grand
Bank in the 2000sL(lly et al., 2000; NAFO, 20)4As discussed
later, some After analyses were completed with and without the
shell sh index to determine the e ect of including this furiohal

group.

FIGURE 2 | Fish functional group biomass in NAFO division 3LNO, illustting
the collapse of total biomass and changing structure of the ammunity. All
functional groups except shell sh are included as response ariables. The
Before period is from 1985 to 1995, the After period is from 196 to 2013, and
the Full period includes 1985-2013 (Before€C After).
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TABLE 1 | Functional groups used to represent the sh community structire of
the Grand Bank, Newfoundland.

moratoria (Schrank, 2005; Dempsey et al., 20Dbit have been
declining since the mid-2000Bigure 3, Department of Fisheries
Aquaculture, 2014; Dempsey et al., 2017

Functional Number of  Size range Dominant species (by ) . e . .
group @ species (cm) biomass) Five environmental indicators were included as predictors
(Figure 3): the North Atlantic Oscillation (NAO), sea surface

Large 22 max sizé® American plaice _ salinity (SSS), salinity at 150 m (S150), sea surface tetapera
Benthivores > 80 (Hippoglossoides platessoide) (SST), and the timing of the sea ice melt (Tigag The NAO
Medium 33 45<max  Yellowtail ounder represents basin scale atmospheric circulation patterns that
Benthivores size<80 (Limanda ferruginea \ . . . . i
Smal ) c diof in uence winds, salinity, temperature, and sea iceirell, 1995;
ma’. 4 max size emmon grenadie Petrie, 200). The remaining indicators characterize physical
Benthivores < 45 (Nezumia baird) . .

Mailed sculping environmental factors local to the Grand Bank, which are

(Triglops sp.) thought to have played a critical role in the collapse of sh
Piscivores 25 Al Atlantic cod biomass in the 1990s (e.glalliday and Pinhorn, 2009 Timece

(Gadus morhug) was included as a proxy of the timing of the spring phytoplankton
Plank- 9 All Red sh bloom (Wu et al., 200y because there are no other suitable
piscivores (Sebastes mentellg measures of phytoplankton biomass or productivity over the
Planktivores 14 Al Capelin required historical time frame.

(Mallotus villosug In general, the environmental pressures were not highly
Shell sh® 3 All Shrimp

correlated with each other or the shing pressures for any peri

(not shown). SST was the only environmental pressure withr clea

trends: it decreased until 1991, and has generally incdesinee.

The remaining indicators were characterized by inter-aainu

variability. Notably, the NAO was well above its average & th

early 1990s, leading to cooler and fresher water at this tivhgh

has been characterized as a regime sBiftrén et al., 2004 The

Indicators of Fishing and Environmental Pressures salinity indicators had higher variability Before the eqlse, with

The nine pressure indicators chosen as predictors for thig/aiga  extreme minimum values in the mid-1990s. In contrast, Tigge

were based on the resultsioémpsey et a(2017 Figure 3). Note  had higher variability After the collaps€igure 3).

that we do not distinguish “pressures” from “drivers,” as gom .

authors do (e.g., in the DPSIR framework, $geri et al., 2015 Method of Data Analysis

and references therein), because they both ultimatelyénce Redundancy Analysis

the sh community and as such it would be a matter of semanticgedundancy analysis (RDA) was used to assess how well di erent

for this analysis. sets of the pressures described above simultaneously motieled t
Four shing indicators were included Figure 3: total, biomasses of all six functional groups over a periodh gfears.

pelagic, and shell sh landings, as well as the marine trophi®DA is a multivariate extension of linear regression that uses

index (MTI; denoted “MT| anq" in Dempsey et al., 20).7Total P predictors in matrixXn x p] to modelr responses in matrix

landings are the sum of ground sh, pelagic, shell sh, andt@t Y[ x 1. The explanatory power is characterized using goodness

species landings, and provide a metric of shing pressure on thef t metrics related to variances in the responses, the model

entire community. Pelagic landings are dominated by capelirand/or the residuals. Commonly used metrics are the coe tien

which is a key forage species in the system, and shell shigsdi 0f determination (R) and the adjusted-R The R measures the

are dominated by shrimp and queen crab (also known as snofaction of the total variance in the response(s) that is eixgld

crab). MTl is the mean trophic level of the landings weighted bypy the variance in predictor matrix. The adjusted-Ris a

the biomass of species landed, including only species wightco modi cation to R?, which enables comparison among models

level 3.25 (e.g., Atlantic cod, haddock). MTI re ects evolvingusing di erent numbers of predictors (see beloggendre and

shing practices as shers target di erent species to adapt td-egendre, 2092

changes in shing technologies, the ecosystem, and endatmrk  The rst step in RDA is a multiple linear regression of each

(Caddy and Garibaldi, 2000 response variabler (multiple regressions), which are typically
In general, the shing indicators were highly correlated done simultaneously for computational e ciency. The modele

Before the collapse and for the Full period (Pearson cormiati values are stored in the matn@n x 1] » While matrix@p x ] holds

coe cient > 0.60, not shown), but not After the collapse the coe cients for linear combinations of the columns &, and

(not shown). Total and pelagic landings both increased in theesult in the smallest sum of squares of the residuals foh eac

early 1980s, and then decreased from the late 1980s until thesponse:

mid-1990s, and to this day remain lower than in the late 1970s

and 1980s. MTI also decreased throughout the Before peridd, bu

has no trend in the After. Shell sh landings increased oves t

Full period due to the proliferation of shrimp and crab stockswhere the superscript symbols “T” and 1" respectively

in the 1980s and a shift in target species after the ground slidenote the matrix transpose and inverse. It is assumed that

(Panda borealig

aSee Supplementary Table S.2 fronDempsey et al. (2017 for the species included in each
group. Table adapted fromNAFO (2010b) "Max size is the maximum length recorded for
a given species.°Before the collapse 9 After the collapse.€Biomass index begins in 1996;
not included in most analyses in this paper.

1
YD XD X X™X ~XTy (1)

Frontiers in Marine Science | www.frontiersin.org 4 February 2018 | Volume 5 | Article 37


https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/marine-science#articles

Dempsey et al.

Changing Pressures after Ecosystem Collapse

_o

Pressure Anomaly
o
|

-3 4 (A) Total Iandigngs

|

N

(C) Shellfish landings

Pressure Anomaly

Pressure Anomaly
o
|

beginning of the After period.

als 5 . |
-2 : - : - :
-3-(G)sss | ~(H)s150 1\ < (1) Time_lce
1980 1990 2000 2010 1980 1990 2000 2010 1980 1990 2000 2010
Year Year Year

FIGURE 3 | Pressure indicators used as predictors in this analysis. $fiing indicators: (A-D); Environmental indicators{E-I). The thick dashed line indicates the

the columns of X are linearly related to the columns of response is given by
Y, and so appropriate transformations must be applied if
necessary. Commonly, predictors and responses are normalized

by centering and scaling them by their respective mean and

standard deviation to minimize numerical error in solvingrf
Y(Legendre and Legendre, 2)1Due to the skewed nature of
the sh biomass data, in this analysis responses were the logrhere Sg is the sum of squares of the model, andr $Sthe

transformed, normalized biomass indicators, and the priedig

R2

p=¥p

P 2
D1 ® ¥
—3

S b1 Vi Y

()

sum of squares of the response. The adjustédyienalizes”

were normalized pressure indicators. A goodness of t valugnodels with more predictors (for models with the same number

for each multiple regression can be calculated f&® a single

of predictors, the relative change in adjustefli®the same for
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that of the R; Equation 3).

adusted RRD 1 1 R 11 3)
n p 1 \

The second step of RDA as it is used here is to calculate a
single goodness of t metric that simultaneously evaludkesr 2
separate regressionﬁ.gﬁle (also called the “bivariate redundancy
statistic”;Legendre and Legendre, 2)12given by: -1

Py Pnq g 2 2 4
2 S, Total  _ip1_iD1 ¥ Y
Total D SS D Py Py _2 (4) r T T T T T
, Total jD1 D1 Yi y 1985 1990 1995 2000 2005 2010

where S§ Total is the total sum of squares of the model, and
ST Total iS the total sum of squares of. This is also equal
to the average of the 4 for each multiple regression when
the responses are normalizedegendre et al., 20).1The Rlz'otal
can be modied as in Equation 3 to give adjusteaagl. The
adjusted-R metrics were used to evaluate models in this analys
because we examined subsets of di erent numbers of indisator =1
We designated changes in adjusteti>F0.05 as “notable.”

"

A Lag3

All Possible Models

An RDA model was t for each possible combination of our 1985 1990 1995 2000 2005 2010

nine predictors so that a total of 511 models were evaluated for vear

each period (Full, Before, and After). Models were ranked by FiGURE 4 | lllustration of the different types of time delays for surfac

their adjusted-l%otal, with a rank of 1 indicating the predictor | temperature (SST) ak D 3: (A) moving average;(B) forward lag shift.

set with the highest explanatory power. We chose to evaluate

all possible models vs. stepwise methods to avoid sensitifity

our results to the selection algorithm (e.qg., forward/baakd; see Avgk refer to lagged and moving average predictors, respectively,

Whittingham et al., 200@&nd references therein). Additionally, thatincorporatek years of past data.

identifying and focussing on a single model ignores the poéén We rst used a simple approach of incorporating delays by

that other subsets of predictors may have similar explanatorgvaluating all combinations of predictors with the same type

power (Vhittingham et al., 2006 Here, we are not interested and length of delay (e.g., all predictors either Rvgyr Lagk;

in one “best” model; rather, we evaluated a range of models th&hen and Ware, 1999Because pressures may manifest in the

include di erent types and numbers of predictors to see if theresh community biomass on di erent timescales (i.e., shingta

are multiple sets with similarly high explanatory power. immediately, environment generally takes longer), we regmbat
We repeated the analysis using di erent lengths and typethe analysis using strategically chosen delay types anchiefagt

of time delays in the predictors. We considered two types ogach predictor.

delays: lags and moving averages, for delay length k@i to

k D 5yearskigure 4). For the lag analysis predictors were shitedRESULTS

forwardk years to simulate a delayed response. For an analysis of

the Before period, the response time series was from 1985 - 1985210 Delay Models

and the predictor time series was from 1984 to 1994kfar 1, The results for the three time periods using the ZD predictoes ar

1983-1993 fok D 2, etc. For the moving average analysis, thdllustrated inFigure 5. Tables S1-S3 show which pressures were

predictor value at yearwas the average of the current year andncluded in the top 50 models (i.e., top 10%) for each period.

the previousk years (resulting in &C1 year moving average). Inclusion of shell sh as a response in the After models had

We were therefore able to compare the explanatory power of pagtinimal e ects, increasing the explanatory power only slightl

predictor values (lags) and low-pass Iter (moving averagd). and highlighting the same number and most frequent indicato

predictors were normalized after the delay was applied, which_In general, the Before models had notably higher adjusted-

resulted in minor di erences in the values of the lag predistor RZ ., than the After models, and the Full models had

and less damping of the moving average predictors as seen iffermediate valuesFjgure 5). The best Before models had

Figure 4 These methods of incorporating time delays did notstrikingly high explanatory power when compared to the other

reduce the length of the time series because the predictors haPeriods (adjusted-R,,, D 0.94 vs. 0.60); however, lower-

longer historical data records than the responses. Fortglari ranked (smaller adjusted2R ) Before and Full models had

“zero delay” (ZD) refers to the original predictors, whilegkand  similar explanatory power. The high adjuste@afgl of the best
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Before models highlights the common signal among functionaperiod, while planktivores and plank-piscivores had the lowest
groups and the external pressures during this period. Most cdiverage explanatory power. In contrast, plank-piscivores and
the functional group biomasses decreaded\re 2), as did total medium benthivores had the highest explanatory power
landings and MTI, while shell sh landings increasdeldure 3).  for the After period. Piscivores and small benthivores,
The environmental pressures were more variable, but SST hadvich were among the best predicted in the Before period,
strong decreasing trend from the late 1980s until the earB0$9 had the lowest average adjuste@i-Ror the top 50 After
(Figure 3 Dempsey et al., 20).7 models.

The adjusted-%Otal of the top 50 models and the There is a clear plateau in the overall explanatory power of the
corresponding adjusted®Rfor each functional group further Full models, with the best set of three predictors (total |z,
highlighted di erences between the two periodddure 6. The MTI and SST; see Table S1) having only a marginally di erent
high explanatory power for large benthivores and piscivoregdjusted-B . than sets with more predictors={gure 5B). Six
(average adjusted?rof 0.95 and 0.91, respectively) contributedpredictors were used in the best model for the Full period,
to the remarkably high overall explanatory power for the Befor (adjusted-B ., D 0.60), although all top 50 sets had adjusted-
period. The adjusted-Rfor medium and small benthivores R%otal within 0.05 (sets of 3—9 predictors). In contrast, the Before
was also notably higher than the adjusteﬁ;g‘ for this  models did not plateau, with the best set requiring all 9 premit
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FIGURE 6 | The adjusted—R%Olal of the top 50 models and corresponding adjusted—l'\2 of each functional group for(A) Before models, ZD predictors;(B) After
models, ZD predictors;(C) Before models, Avgl predictors;(D) After models, Avgl predictors. The legend is the same for edtpanel.

(adjusted-l?.otal D 0.94). All of the top 50 Before models havea speci c set op predictors has high explanatory power, while
higher explanatory power than the best Full and After modelsother sets op predictors do not.

The best After model used 8 predictors (adjusteﬁ-tgi D 0.59 Several predictors have much di erent inclusion frequencies
including shell sh as a response, and 0.56 excluding shell s Before and After the collapse, suggesting that di erent pressu
although there were sets of 6, 7, and 9 predictors with similawere most in uential in these two periodg-igure 50). These
explanatory power. The lower adjuste@al& of the After (and dierences are obscured by considering only the Full time
Full) models suggests that there is at least one pressure redries, underscoring the importance of selecting an eccadlygi
included here that could improve the explanatory power forcoherent time frame for indicator analysi®émpsey et al.,
these periods. In general, using less predictors in the Befiode 2017. As expected, the frequency of landings indicators
After models sacri ced more explanatory power than for there ects the change in target species after the collapse and
Full models. The range of adjuste(%& for a given number of subsequent ground sh moratoria. Total landings (which are
predictorsis generally smaller for the Full time series coragé  highly correlated with ground sh landingspempsey et al.,
the Before and After model${gure 5B). For example, the range 2017, are more frequent in the Before models, while pelagic
for 6-predictor Before models is over three times larger ttteat  and shell sh landings are more frequent in the After models.
of 6-predictor Full time series models. This suggests thatifle = The MTI was included in almost all of the Full and After
Full models, theumberof predictors included is more important models, but less than half of the Before models. This may be
than which predictors are included. For the other two periods,explained by the changes in shing pressures after the collapse
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and moratoria. Before the collapse, MTI was highly correlatedotably better for some models at worse ranks. This sugdests t
with the other shing predictors because most of the landingghe sh community could also be experiencing indirect e ects
were high trophic level species. After the collapse, MTI was naif shing (e.g.,Daan et al., 2005; Koen-Alonso et al., 201
highly correlated with the other shing predictors, indidgag  environmental e ects that require time to manifest in the ®rms.
that it provides di erent information, which may be why it For most delays, subsets of the predictors had similar or lighe
is included in so many of the best After models. The mosexplanatory power than the full suité&igure 8 Supplementary
notable di erences in the environmental predictors were NAOFigures). In general, the range of adjust#%—tg; for a given
and SST, which were included in all or most of the Before mgdelsiumber of predictors was larger for the Before models than the
respectively, but in only about 60% of the After models. ThisAfter, suggesting that which pressures included in the sulbas
suggests that environmental conditions were more in uahti more important Before, and the number of pressures included
Before the collapse, and/or that relationships between the swas more important After. For all delays (except Before Avgl an
functional groups and these specic environmental pressureévg3), the adjusted-ﬁtal plateaued or decreased after a certain

were more linear before the collapse. number of predictors were used.
There are some notable di erences in the patterns of most
Delay Models frequent predictors between the two delay typEgygre 9). In

The above analysis showed that there are ecologic di erencése Before models, total landings were most frequent at ZD,
between the Before and After periods, and that the relatigpssh which was expected because the ecosystem was heavily exploited
for Full period do not represent either. As such, for the delayduring this period, especially for ground sh (represented btat
analysis we focussed on the two periods separately. In genefahdings,Dempsey et al., 20).7Pelagic and shell sh landings
the moving average predictors improved the explanatory powewrere also expected to be most frequent at ZD, but were more
more than the lag predictorsF{gure 7). The delay with the frequent at higher delays, which suggests indirect e ects of
highest explanatory power for both periods was Avgl, a 2-yeashing. Shell sh landings were included in about 80% of the
moving average including the current yeagnd yearn 1. The ZD and Avg2 models, and almost all the Lagl, Lag2, and
Before Avgl models were marginally better than the top 1Qag3 models. This was unexpected because there were limited
ZD models, and were notably better for most of the remainingcommercial shell sh landings at this time, and becauselsiel
models. The other Before moving average models had loweras not included as a functional group response. One possible
or marginally higher explanatory power than ZD models (untilinterpretation is that because shell sh landings were iasieg
worse ranks). The After Avgl models were marginally di erentapproximately linearly with time Kigure 3), they were highly
than the top 25 ZD models, and notably better for the rest @& th negatively correlated with the declines in the other funcéibn
models. groups, and therefore contributed to explaining varianceha t
We investigated how delays aect the explanatory poweresponses. Both MTI and NAO were included in almost all of
of individual functional groups using the Avgl predictorse(i. the top Lag3 models, but only about 60% of the Avg3 models.
the best delay type and length). In general, the adjusteéd-Rn contrast, SST was included in all of the Avg2 and Avg3 nadel
for each functional group increased for the Avgl predictorsdut less than half of the lag models at these s&m8150 and
compared to the ZD predictorsHgure 6). The most notable Timece were also included in notably more Avg models than Lag
improvements were for plank-piscivores and planktivores in thenodels.
Before period, and large benthivores for the After (adjus®éd In the After models, total landings were more frequent at
increased by 0.30 for each). The explanatory power for severatlelays (Avg3 and LagEjgure 9), which could indicate delayed
functional groups decreased with the Avgl predictors (smmadl a e ects of shing on the sh community structure. Pelagic
medium benthivores Before; small benthivores, plank-p@es, landings were most frequent at ZD (closely followed by Lag2),
and planktivores After), but these changes were minor wheand shell sh landings were included in almost all the ZD and
compared to the improvements of the other groups. AnotherLagl models, which is curious because the community shell sh
striking feature ofFigure 6 is the reduced variance in the index was not included as a response for that analysis. MTI
adjusted-R for each functional group (except large benthivoreswas included in most of the ZD, Avgl, and Avg2 models.
for the Avgl predictors. This is most noticeable for the atfds NAO was included in all the Lag2 models, but only about
R? of the planktivores in the Before period, which had a80% of the Avg models, while SST was most frequent at
standard deviation of 0.29 with ZD predictors vs. 0.08 witlyAAv delays of 2 and 3 years for both delay types. SSS was not
predictors. particularly frequent in any of the lag models, but was incldide
The results of the lag analysis were less consistent betweienabout 70% of of Avgl. S150 and Tigewere most frequent
the two periods. All the models with lag predictors for theat the samek for both delay typesk D 1 and k D 3,
Before period had notably lower explanatory power than withrespectively).
ZD predictors. This could suggest that the major pressures We repeated the analysis using specic delays for each
on the sh community during this time were related to predictor (“Mix” models) based on the idea that shing pressures
sheries removals, which have immediate primary e ects onhave shorter time delays, while environmental pressures take
the ecosystem. In contrast, the After Lag4 models had simildonger to manifest in the sh community. None of the
explanatory power as the ZD models, while the Lag5 predictorsombinations of delay types and lengths we tested had notably
were similar or marginally better for the top 50 models, andhigher explanatory power than the best ZD and Avgl Before
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average predictors;(C) Before models, lag predictors;(D) After models, lag predictors.

models (not shown). In contrast, several combinations ofedi DISCUSSION

delay pressures were notably better than the best After models

(e.g., Mix1 and Mix2,Figure 10. Mix1 and Mix2 both had Our analysis adds to the literature demonstrating that thenea
shorter time delays (ZTx D 1) for most of the shing pressures Single type of pressure driving sh community dynamics on the
and longer delaysk(D 2C) for most of the environmental Newfoundland shelf (e.gMann and Drinkwater, 1994; Devine
pressures. The top 50 Mix1l models included sets of 5-6tal., 2007; Koen-Alonso et al., 2).1i@ this study, both shing
predictors, with total landings, MTI, and SST being the mos@nd environmental indicators were included in nearly ak tiop
frequent. The best set used 7 predictors, but there were oth&odels for all types and lengths of time delays (exceptions are
sets of 7-9 with only marginally di erent explanatory power. Ve After models with adjusted-B , 0.40), which highlights
The top 50 Mix2 models included sets of 4-9 predictors, wittthat managers in this area should factor both types of pressure
pelagic landings, NAO, SST, and Timehe most frequent. The into their decisions. The dominant pressures Before theapsk
best Mix2 set used 6 predictors, and there were other sets 8f sh biomass (i.e., those that caused the collapse) in the
5-8 with only marginally di erent explanatory power. The delaysNorthwest Atlantic have been the subject of debate, espgciall
for Mix3 were chosen to provide a counter-example where afor commercially important species such as Atlantic cod. Some
pressures have longer delays except NAO, which was assigrfatihors conclude that shing mortality was the sole majouse
ZD. As expected, Mix3 was notably worse than the After ZDof the collapse (e.gMyers et al., 1996, 1957even though
models, and NAO was not present in most of these “bestnon-commercial species were also impacted (&gmes et al.,
models. 1995for Division 2J3KL,NAFO, 2010bfor Divisions 2K3KL
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FIGURE 9 | Proportion of times each predictor appeared in the top 50 moels of the Before and After models for each delay type and leri: (A) Before models,
moving average predictors;(B) After models, moving average predictors(C) Before models, lag predictors;(D) After models, lag predictors.

and 3LNO). Others assert the poor environmental conditionsupports a broader argument that the combination of these two
were an important driving pressure (e.garsons and Lear, 2001; drivers (high shing and poor environment) were necessary fo
Rothschild, 2007; Halliday and Pinhorn, 20ppointing out for  the extensive and widespread changes that occurred oge,
example that the community recovered from a similar collaps€004; Devine et al., 2007; Koen-Alonso et al., 2(8peci cally,

in the 1970s, when shing pressure was high, but environmlentaotal landings (here also a proxy for ground sh landings), GA
conditions were more favorable than the early 1990s. Our aigaly and SST were the most frequent pressures included the best
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FIGURE 10 | (A) Adjusted—R%Otall in decreasing rank for After models using predictors with mied time delays;(B) Proportion of times each predictor appeared in the
top 50 models for each set of After mix delays. Refer to tableegend for type and length of delay used for each predictor.

(top 50) Before models. The best 1-predictor model was totadhell sh biomass was not included as a response. Shell sh
landings (adjusted-?f%tal D 0.55), while the best 2-predictor landings consist mainly of snow crab aRdndalushrimp, while
model included total landings and NAO (adeSte‘?r'J&Do-%)v pelagic landings are mainly capelin. Shrimp and capelin are
and including SST further improved the explanatory powerconsidered important forage species on the Grand Barkd,
(adjusted-@otal D 0.67). The inclusion of both NAO and SST 2015a,), and are managed conservatively (for example there
speaks to the importance of both basin and local environmenta$ capelin moratorium in 3NO); however, our analysis suggests
e ects on the ecosystem, further strengthening the need teha landings of these species are impacting the ecosystem. $hell s
regional information to understand and predict changes ie th landings increased overall in the After period (despite ahslig
sh community. decrease in the last several years), and are negativeblated
Our analysis shows that there was a shift in which shingwith the biomass indices of small benthivores, piscivores, a
and environmental pressures were most directly related & thplank-piscivores, suggesting that they are hindering thevery
sh community structure Before and After the collapse. Theof these functional groups. The question remains whethes thi
environment can clearly in uence sh community dynamics on is indicative of a causal relationship, or is only correlativ
the Grand Bank, but the most frequently included pressure®ne potential mechanistic explanation is givenkyen-Alonso
in the ZD After models are pelagic and shell sh landingset al. (2010) who speculated that shing may be reducing
and MTI. This set of three pressures has notably highefood availability for key species on the Grand Banks, and
overall explanatory power Before the collapse; however, itBus hindering their recovery. Another hypothesis is thagiid
adjusted-B__, represents a higher percentage of the maximun@re secondary eects on the sh community from shrimp
explanatory power for the After period. This suggests thabeam trawls. These trawls are considered to have low bycatch
the remaining pressures (e.g., environment) add relatiledg rates (for commercial specieslAFO, 2013, but they could
predictive information in the After models. This shift re ext be negatively impacting the habitat of other species in the
the changes in target species after the ground sh moratoriggommunity.
although it is somewhat surprising that shell sh landingsreve ~ Another striking di erence between the two periods is the
included in all but two top models, because the communityeémarkably high explanatory power of the best Before models
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compared to the best After modelBigure 5) for any time delay don't require the user to specify the forms of the relatiopshi
(type or length) or number of predictors. We can speculate thabetween predictors and responses, which aords a potential
the reasons for this relate to changes in relationships anaon  advantage of being able to capture the nonlinearity when the
within the pressures and responses. For example, there wasm@chanistic forms of these relationships are unknown.
strong signal in the responses Before the collapse. The bga®as  Our analysis showed that incorporating delays can improve
of many functional groups were relatively highly correlatedexplanatory power, but that the type and length of delay should
(Dempsey et al., 20),7such that any set of predictors with high be carefully considered. In general, moving average presicto
explanatory power for one particular group was also high fohad higher explanatory power than lagged predictors for both
several of the others (e.g., small, medium, and large beort®s  periods. Since the moving averages incorporate the trend in
and piscivoresFigure 6). The weaker signal After the collapsethe predictors, causing the responses to change gradually ove
means prediction of all six functional groups may require aime (see Figure Al irentleman and Neuheimer, 20)&ur
broader spectrum of pressures. results suggest that trends in these pressures are in ugncin
We showed the pressures that were driving changes Before ttiee sh community. For the models with the same delay type
collapse are no longer as in uential After, and the relaMelver  and length for each predictor, Avgl was the best, notably
adjusted-B_,_ suggests that there may be pressures missing froimproving the explanatory power compared to ZD for both
the After models. Bottom up pressure indicators such as primarperiods. Avgl also increased the explanatory power and reduced
production and trophic transfer e ciencies were not included the variability in the adjusted-Rfor most of the individual
here because there was no suitable data for the required tinf@nctional groups Figure 6). Other delays, particularly those
frame. Our models include the timing of the sea ice melt as aith lagged predictors, had notably worse explanatory power
proxy for the timing of phytoplankton spring bloom, but other than zZD. While some of the improved t of the moving averages
characteristics of the bloom (e.g., duration and magnijude  may be an artifact of smoothing, our results still stronglggest
lower trophic level energy transfer may prove better preditorthat the rates of change are useful for predicting.
for this period through some mechanism not identied here. Our examination of Mixed delays illustrated that the
Other missing pressures are measures of predation by sea birglgplanatory power of the Avgl After models can be further
and marine mammals that could exert a top-down in uenceimproved by considering simple relationships when choosing
on the sh community. For example, harp seals migrate fromthe delays for each predictoiFigure 10. This suggests that
the Arctic to northern Newfoundland in the Fall, and prey including the di erent timescales of in uence for the presssr
predominantly on capelin, but also eat other species (e.@nfitdd  is important for this period, and could improve the ability to
herring, Arctic cod, shrimp, and Atlantic codstenson, 209)3 forecast changes in the sh community. Even longer time gela
The Northwest Atlantic harp seal population has been incregsi could be bene cial because changes in some pressures may
rapidly since the 1980$immill et al., 201), and some authors take more than 5 years to manifest in the sh community. For
suggest that seal predation has supressed the recovery of €kampleDaan et al. (2005and Greenstreet et al. (201fgund
species on the Newfoundland-Labrador shelf (Bigady, 2001; that secondary e ects of shing could impact di erent size-bédse
Devine et al., 20070ne type of human-related pressure speci cmetrics of the sh community in the North Sea after lags of 8-1
to the After period that wasn't considered here is oil prodooti ~ and 12-20 years, respectively. However, while we showed that
While oil exploration has occurred on the Grand Banks sincdli erent mixed delays among the predictor set resulted in samil
the 1960s, active platforms have only been producing oil sinceverall explanatory power, we also showed it could be worse.
1997. Related pressures could include chemical pollution frond/e therefore recommend that future investigations intotahie
regular discharge or accidental spillsempleman, 201)which ~ delays—and their mechanisms—should come from analysis of
can be especially harmful to early life stages, and can disruptechanistic models.
development, growth, and reproductive rates (etc.,Js&e, 2007 For all three periods (Full, Before, and After) and delay
and references therein). These pressures were not inclueied h types and lengths, there was no one set of pressures that “best”
because we did not expect them to signi cantly in uence thepredicted sh community status. Rather there was a range of
Grand Bank sh community; however, our analyses suggest thatets, di ering in number and type of indicators that had simila
future investigations into these pressures are warranted. explanatory power (see Tables S1-S5). For example, there are
Finally, non-linearity in the relationships between pressur two sets of 6-pressure Avgl After models with only marginally
and responses may have a stronger in uence during the Aftedi erent explanatory power; however, one includes two shing
period, through some unidenti ed mechanism. Predator-preyindicators (pelagic landings and MTI) and four environmental
relationships, population dynamics, environmental changesndicators (all except S150; adjuste%lagI D 0.68), while the
and human impacts can all result in non-linearity in marine other includes all four shing and two environmental (S15@da
ecosystemd (u et al., 201}t Given the signi cant changes in the Timejce; adjusted-l?\Otal D 0.70). In many cases the same base
sh community structure and related pressures, we can spégulaindicators were used in most or all of the top selsgure 5C
that the relationships among them could be less linear After t e.g., for ZD After: pelagic and shell sh landings and MTI),
collapse, resulting in lower explanatory power because RDA ighile other pressures improved the explanatory power by adding
based on linear regression. This could be tested by compariragiditional information. This is not to say that any set of gin
this analysis to results from a non-linear model such as akur pressures would have high explanatory power—recall that we
networks or generalized additive models. These exible ei®d curated these pressures because we expected them to have
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measurable impacts on the Grand Bank sh community. Thetypes of data, and is suggestive of being easily calibrated to

point here is that pressure sets with similar predictive powedi erent systems. This could serve as a useful complementary

may be comprised of di erent types of strategically selected.da tool to help design modeling studies, plan eld programs, and

This suggests that various direct e ects of pressures on sklirect monitoring e orts. The synergistic use of statisticaldan

and lower trophic level production have spread throughout themechanistic models to help guide identi cation of the most

community such that changes in sh functional group biomassinformative pressures, their most in uential time delaysida

can be directly predicted from di erent pressures. Therefafe, their mechanisms are important future research directiomat t

there was a lack of one type of pressure data, it may be possibledould improve ability to forecast changes in the sh communit

replace it with another type without compromising explanatoryand implement appropriate management measures.

power. Furthermore, using a suite of models to predict future

changes can provide a measure of uncertainty, much like th AUTHOR CONTRIBUTIONS
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