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Abstract The term “data-limited fisheries” is a
catch-all to generally describe situations lacking data
to support a fully integrated stock assessment model.
Data conditions range from data-void fisheries to
those that reliably produce quantitative assessments.
However, successful fishery assessment can also be
limited by resources (e.g., time, money, capacity).

Supplementary Information The online version
contains supplementary material available at https://doi.
org/10.1007/s11160-022-09748-1.

J. M. Cope (X))

NOAA Fisheries, Northwest Fisheries Science Center,
Seattle, WA 98103, USA

e-mail: jason.cope @noaa.gov

N. A. Dowling - P. Bessell-Browne

CSIRO Oceans and Atmosphere, Hobart, Tasmania 7001,
Australia

e-mail: natalie.dowling@csiro.au

P. Bessell-Browne
e-mail: Pia.Bessell-Browne @csiro.au

S. A. Hesp

Western Australian Fisheries and Marine Research
Laboratories, Department of Primary Industries
and Regional Development, Government

of Western Australia, PO Box 20, North Beach,
Western Australia 6920, Australia

e-mail: Alex.Hesp@dpird.wa.gov.au

K. L. Omori

Virginia Institute of Marine Science, William and Mary,
Gloucester Point, VA 23062, USA

e-mail: komori@vims.edu

The term “data-limited fisheries” is therefore too
vague and incomplete to describe such wide-ranging
conditions, and subsequent needs for management
vary greatly according to each fishery’s context. Here,
we acknowledge this relativity and identify a range
of factors that can constrain the ability of analyses
to inform management, by instead defining the state
of being “data-limited” as a continuum along axes of
data (e.g., type, quality, and quantity) and resources
(e.g., time, funding, capacity). We introduce a tool
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(the DLMapper) to apply this approach and define
where a fishery lies on this relativity spectrum of
limitations (i.e. from no data and no resources to no
constraints on data and resources). We also provide
a ranking of guiding principles, as a function of the
limiting conditions. This high-level guidance is meant
to identify current actions to consider for overcoming
issues associated with data and resource constraints
given a specific “data-limited” condition. We apply
this method to 20 different fisheries to demonstrate
the approach. By more explicitly outlining the vari-
ous conditions that create “data-limited situations”
and linking these to broad guidance, we aim to con-
textualize and improve the communication of condi-
tions, and identify effective opportunities to continue
to develop and progress the science of “limited” stock
assessment in support of fisheries management.

Keywords Stock assessment - Fisheries
management - Data-limited - Resources - Capacity

Introduction

Fisheries management has shown great power to
achieve the goal of natural resource sustainability
(e.g., Hilborn and Ovando 2014; Hilborn et al. 2020).
If one were to construct an unrealistic, yet ideal situ-
ation for fisheries management, it would include the
following elements: (i) Fully articulated management
objectives including stakeholder participation and
buy-in , (ii) A complete understanding of biological
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and systems processes, (iii) Multiple types of fully
representative data and uncompromised resources
to support precise and unbiased stock assessments
conducted by fully trained analysts with no compet-
ing duties or time constraints, (iv) Model outputs that
inform tractable management measures (v) Full com-
pliance or absolute ability to implement regulations,
and (vi) Seamless integration of all these synergistic
components into a responsive and adaptable manage-
ment system. That ideal checklist is obviously never
fully realized, and fisheries must instead reconcile
with limitations in most, if not all, parts of this sys-
tem (Pilling et al. 2008; Honey et al. 2010; Dowling
et al. 2015a,b; Blasco et al. 2020).

In particular, deficiencies in the application of
analytical methods to derive stock status informa-
tion (i.e., traditional stock assessment methods such
as statistical catch-at-age models; Methot and Wet-
zel, 2013) and/or to set and adjust particular manage-
ment measures (e.g., size or catch limits; Liu et al.
2016) have been the focus of concern in fisheries
management. These analytical methods provide the
most direct means of making scientifically-informed,
evidence-based decisions, and each has explicit data
requirements. We hereafter refer to the collection of
analytical methods to support management decisions
generally as “stock assessments”.

The ability to perform traditional stock assess-
ment methods is often constrained by limitations in
the amount, quality and types of available data (Smith
et al. 2009; Carruthers et al. 2014; Omori et al. 2016;
Dowling et al. 2019). Catch time-series, indices of
abundance, length and age composition, along with life
history parameters and an understanding of the techni-
cal interaction with the fishery(ies), are the core inputs
of quantitative stock assessments, and deficiencies
in these inputs restrict the application of historically
acceptable stock assessment models (Legault et al.
2023). Limitations in resources enabling formal assess-
ments to be undertaken, regardless of the amount and
quality of available data, or unfamiliarity with meth-
ods that could possibly use all available data, can also
restrict analysis and lead to a fishery being classified
as “data-limited” (Dowling et al. 2008, 2015a,b, 2019).

Lack of or problems with data have affected fish-
eries throughout the history of management efforts
(e.g., Eichenberg and Shapson 2004; Garibaldi and
Caddy 2004), and recognition of this problem has
grown over recent decades. The terms “data-limited”,
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Fig. 1 The use of the keywords “data-limited” and “data-poor” in Fisheries-themed journals from 1990-2021. Source: Web of Sci-

ence

“data-poor”, and “data-less” are increasingly being
used (e.g., Dowling et al. 2008, 2015a, b, 2019) as
shorthand to signal situations under which some lev-
els of data constraints are compromising fisheries
management. The use of those terms in the scientific
literature has increased exponentially over the past 30
years, with particular expansion since around 2010
(Fig. 1). The increase in attention to these challenges
facing fisheries assessment and management is wel-
come, with an ever-expanding array of methods and
tools developed to tackle them (e.g., Carruthers et al.
2014; Geromont and Butterworth 2015; Pantazi et al.
2020). But with increased appreciation for this “data”
dilemma, it is also apparent the terms “data-limited”,
“data-poor”, and “data-less” do not adequately cap-
ture important differences among diverse and com-
plex situations.

The term “data-limited” (hereafter used to include
“data-poor” and “data-less”) is also insufficient as
data quality and quantity are not the only obstacles to
undertaking a stock assessment. Resource limitations,
such as analytical technical capacity (e.g., number

and relative expertise of trained analysts), number of
stocks needing management relative to those assess-
ing stocks, time available to conduct stock assess-
ments, financial support for data collection and
stock assessment reviews, and other required commit-
ments supporting science-driven management may
constrain the type and interpretation of stock assess-
ment conducted, or indeed, whether a formal stock
assessment is conducted at all. Consequently, the con-
fluence of data and resource constraints result in the
majority of global fish stocks remaining unassessed
(Costello et al. 2012; Blasco et al. 2020). These issues
can also drive strategic decisions to do less data-
intensive stock assessments and/or reduce data col-
lection for some stocks to allow more resources for
other stocks (Zimmermann and Enberg 2017; Rudd
et al. 2021; Tribuzio et al. 2021), despite many issues
associated with the assumptions and potential relia-
bility of data-limited stock assessment methods (Wet-
zel and Punt 2011; Dowling et al. 2019; Chong et al.
2019; Free et al. 2020, Ovando et al. 2021). In other
cases, stock assessments are strategically limited to a
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Data-
limited

Fig. 2 Comparing “data-limited” situations can sometimes
feel like the scar comparison scene from the movie Jaws
(Spielberg 1975), with each scar origin story escalating the
intensity of the experience, not unlike what can happen when
comparing the relative “data-limitedness” among management

few key “indicator” stocks, as the primary basis for
assessing the biological sustainability of an entire
fishery complex (e.g., Newman et al. 2018), or tra-
ditional assessment models are sometimes applied
to combined data for multiple species (Ralston and
Polovina 1982; Mueter and Megrey 2006). Thus, both
data and resource constraints contribute to limitations
in applying stock assessment methods.

We therefore recognize that the term “data-lim-
ited” encompasses a range of both data and resource
constraints that form a multidimensional spectrum,
embracing a range of fisheries, and is therefore relative
by nature. Similarly, use of the term “data rich” would
imply relatively no or less constraints for both data and
resources. Thus “data-limited”, “data-rich” and any-
thing in between are part of a continuum of data and
resource scenarios. The relativity of these scenarios
is important to understand and communicate, and is
defined by the situational details. When these details are
not recognized, practitioners may feel isolated, unrepre-
sented, and/or in much more dire, unique or unrelatable
circumstances than other so-called “data-limited” fish-
eries (Fig. 2). Understanding, therefore, where within
the spectrum any given stock finds itself and what fea-
tures of the system are contributing to that position can
better articulate what “data-limited” truly means, and
may help broadly diagnose better solutions specific to a
stock’s context and identify next steps for improvement
in any given situation.

@ Springer
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scenarios. While Dr. Hooper (middle) thought his scars were
the worst (i.e., the most data-limited), Captain Quint (left) ulti-
mately makes it very clear his scars are much worse (i.e., more
data-limited). Chief Brody (right) is undeniably data-rich in
this scene

This paper deconstructs the term “data-limited”
into its components. An approach applicable to any
stock/fishery is then presented to help practitioners
understand where along the data and resource condi-
tion spectrum any stock/fishery may reside, identify
what factors lead to limitations in effective manage-
ment, and then provide general guiding principles
to highlight priority areas to address those limita-
tions. We consider a variety of nominally “data-lim-
ited” examples to demonstrate the usefulness of this
approach. These examples range from single stock to
groups of species to demonstrate flexibility in appli-
cation to specifically diagnose limiting conditions.
The proposed approach here is meant to improve
relatability and communication of limiting condi-
tions, and encouragingly lead to targeted approaches
to improve the science behind fisheries management
options despite limiting factors.

Methods

Data and resource limitations are first organized
into component attributes to provide space to iden-
tify main constraints. Within the data category we
recognize six main attributes contributing to data
limitations (defined Table 1). These attributes within
the data category cover the types, quality (precision,
bias, and species identification), and coverage (both
temporal and spatial) of data. Under the resource
category there are four attributes that address time
(i.e., time available to collect data and/or do stock
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Table 1 Definitions of data and resource attributes that can be constraining or limiting. Some general guidance on scoring is also

provided. CV = coefficient of variation

Different types of data available (e.g., catch, indices of abundance, and/or biological data).
Having all of the above data types would give a score of 0; having none would give a

Level of imprecision based on low sample size, high measurement error, or other causes of
high variance or low signal power. Very high (CV <5%) precision would give a score of
0; very low precision (CV >50%) would give a score of 3.

Bias due to general representativeness issues, poorly met assumptions, or other issues. Near

Data not collected at the species-specific level. Perfect species identification would give a
score of 0; no species identification (i.e., only a broad species category is reported) would

Spatial limitations in the data (e.g., some areas are better sampled than others). Full spatial

coverage of whatever data types are available gives a score of 0; Very little spatial cover-

Attribute Definition
Data-limitations # Types
score of 3.
Precision
Bias
zero bias would give a score of 0;
Species ID
give a score of 3.
Spatial
age compared to fishery extent is a score of 3.
Temporal

Temporal or time series issues in the data (e.g., data snapshots or large data gaps in impor-

tant years). All years reported in whatever data types are available is a score of 0; no data
would be near a score of 3.

Resource-limitations Time

Major time constraints in performing data analysis and stock assessment. Such a constraint

or limit the number and types of assessments that can be done. Unconstrained time for
performing stock assessments would be a score of 0; almost no time for performing stock
assessments is a score of 3.

Funding

Major funding constraints that limit the collection of data or ability to support the stock

assessment process would be a score of 3. A score of zero would reflect unlimited fund-
ing for data and stock assessments.

Capacity

Technical capacity constraints to conduct stock assessment of varying complexity. Highly

trained analysts that can perform complex stock assessments would be a score of 0. No
technically trained analysts would be a score of 3.

Analysts : Stocks Ratio of the number of stock assessment analysts to the number of stocks needing to be
assessed. At least one assessor for each stock being managed would be a score of 0; hav-
ing 1 assessor per many (e.g., 10) stocks would be near a score of 3.

assessments), funding (i.e., institutional resources put
towards data collection and stock assessment), tech-
nical capacity (i.e., the technical ability of available
analysts) and the ratio of available analysts to stocks
needing assessment (Table 1). Constraints in each of
these attributes are then scored on a continuous scale
from O to 3, with O being that there is no constraint
imposed by that attribute, and 3 being that the attrib-
ute fully constrains the ability to undertake an assess-
ment. For instance, if many data types are available,
but the sampling design of each leads to high impre-
cision and bias, data types would be scored with low
constraint, but bias and imprecision would be given
a high constraint score. There is no exact score map-
ping to any given situation, and thus scoring remains
subjective, though some general guidance is offered
in Table 1. Knowing the bookends (e.g., having many

years of data vs 0 years), it is left up to the user to
evaluate where they think they are relative to the
worst and ideal condition based on each category.

We began with descriptions of 20 case studies
provided by the panelists, presenters, and attendees
of the data-limited stock assessment session of the
2021 World Fisheries Congress (held in September of
2021). The scoring of the attributes for 20 case stud-
ies involved an iterative process with our co-authors
to ensure all limitations were sufficiently captured and
appropriately scored. Examples of fishery descrip-
tions and the scoring derived from those descriptions
can be found in Table 2. Plots of individual fishery
attribute scores show the pattern of constraints. Each
combination of attribute scores leads to a unique sig-
nature of constraints for each stock or fishery, and
thus a specific description of what “data-limited”

@ Springer



Rev Fish Biol Fisheries (2023) 33:241-263

246

*a3e10A00
PpooS [[e1oA0
nq ‘A1oysy
wolj pajod|
-100 sopdures
paywif ym
‘ejep o3¢ pue
13uQ[ ‘pIedsIp
Jjo uone3ai3de

'$189
KQAINS [RUOIIBAIOAI
pue sIeoA A[Ie? 10J Uon
-NJ0SaI 3SINOY) 1I0JJo
/UdYED [RIOIQWIWOD 10

'SaUO)Ed
mof yim Surdures
reneds pajrui| 0}
anp ejep yiSus| pue

1 [eneds swog G| 93e10A00 TenEds [N 4 oSe ur suoneywry ¢ -- enedg
's1eak Ja111e? Ul A[qeiou ")[001S pue SA1d
0 VN ST  ‘sonssi p1 soroads awog 0 -odso[3uis se pageuely ¢ -- d] seroeds
*$)[001S WOS
‘suondwnsse 10J 2AneIudsaxdar Ay
JO suone[orA jou BIEp oFe YJSuoT sagueyd juowoe
umouy ou YIm *SaLIAYsY saroads-nnuw -uewW wWoly saonoeld
Anenb y3iy e ur 3unedre) yim sansst SuneSre) paide 0)
J0 9q 0] pard 0} onp J[qereIun anp suonduwnsse
0 -pIsuod are eleq C S9OIpUI 9OUBPUNQY ¢ saeoIAgNdD) € -- serg
195 ejep 91o1d 's1eak A[Ies 10§
-wood AeAne[aI A[qe0u ‘s)003s QWos *(SunaSie)
e m A1oysy JOJ UTe}I0UN Yojed panqryoid o3 anp)
) 10§ YoLI [BUOIIBAIIY "SJIpUl 9[qe[IeAR 2duUBpUNgE
0 ®iep paIapIsuo) C Qouepunge J[qeI[I ON T JoXopuldeInode oN ¢ -- uoIs10d1g
JIqe
-[reAe sKoAIns
juopuadapur “eyep dopur
K19ysy g K19ysy oN eyep o3e
‘ejep a3k pue "BIEp YISUS[ pur pue ‘qI3u[ ‘pressip s 012 ‘pasn s1edd
y)SuQ[ ‘pIessIp 93e pue 110530 /yored ‘qored ‘gndD ‘SIQUSY JO # ‘SaYIIed
‘ANdD ‘yored [BUOTIBIIOAI PAJIWUI| ‘papnpour sO00g [810) ‘pAIsaAIRy
juapuadop *GL6] WoIj BIRp 10 AT oy ur Junodie) saroads Aoy uo eyep suoyn}
0 Aysty  ¢'1 /UdYed [RIDIQWWO)) 1 pouqryoid arojoqeleg ¢  OU ‘payul] A[oWANXH sodA1 #  -mup-vipg  suouvIUl] ANGLIIY
SJUrensuo)) oN BIe(q WNIPIW /M I0INOSAY eleq 90IN0SY pue vle(
SQUSy Jojedrput
peaylel] 1931, ISSHS -UON (VA\) BI[RISNY UI2ISOM ysywon usey 4SSHS I0ATY A9pey] uoorowe))
sjurens
sordwexa A1oyst{ -uo)) jo adAJ,

‘sojdwrexe K1oysy 10y se100s odiourid SuIping pajeroosse pue saI00s UONRIIWI] INQLINY T I[qRL

pringer

H's



247

Rev Fish Biol Fisheries (2023) 33:241-263

spoyjou
6'C 01 [ 00 xorduwop
Spo
00 0 70 ¥’z -wpow ordurg
Sururen
1’0 8'1 90 0¢ [eonATeuy
1’0 0¢ 80 0'¢  ndur [edo]
0 8’1 L'l 0°¢ ®rep anorduy
10 L1 vl 0'¢ Sururen e sapdioutid Suiping
"9[qe[reAe
JIoMm BB QANBIUDS *91eos [eneds oSre|
*SY003S -o1dar J1 JuowIssasse I9A00 0} ANUnod ay}
Kuew 10§ sisA[eue 191dwod 03 9[qe[reAe ur SISPUAISS AIoysy SY001S
0 Y3y ¢ pouren-A[ySiy mof AI1oA s10ssasse a[dnnA Jo [njpuey e A[uQ 1 S)sATeUy
Kyroedeo Kyoedeo An
0  [eoruyo) ySryg [ Teoruyod) Y31y A[eAnie[oy -oedeo [eoruyo9) yIIy JUQISIXQ-UOU JSOW[Y Kyoede)
‘anfeA A19ysy
0} 9Np [AQ] Jo1 IS
-yS1y Je pessasse
A[snorAa1qg -o[qefreae (s90Inosar
"SBaIE JO $SAU QIoMm ©IEp JT JUSW 19410 10 UOI}OJ[[0d
$90IN0SAI -9jowrar pue ds jo "ou -ssasse ojordwoo eyep Aue 10y §¢ ou)
0 orenbopy ¢z o3[ uaaId JurSus[eyD 0) S901n0saI 9jenbopy Sunrwr Afowenxyg Surpung
sjuow
“JUQUISSISSE -$$9sse [9A9] JoYSIY "9[qe[IBAR 9IoMm Elep
91odwiod 03 uo snooj pue “ds jo ‘ou J1juowssasse ajord suoyvIIUI]
0  own denbapy 7 93xe[ uoa1d Jurdua[eyD -wod 0} awn yenbopy QWIL],  -224n0SAY
"SI JUdaI 10§ ATUO -Sunedre; payqryord
BIEP Y0Jed [BUOIIBIIIAT Qours eyep YISuo[ pue
JSOJA] "SITeaK M9J B IO a3e ‘predsip jo oFerd
JUO~ J[qe[IBAR BJEp -A09 TeJodwa) payrw]
"9[qe[TeAR ySu9f pue a3y "Yojed $S91108 QW) YISu9[
0 somesown[ng S'¢ [e1oIoWIWOD 9)enbopy pue yojed arenbapy -- [erodwag,
SJUTeNSUOD) ON Ble WNIPIW /M 90IN0SAY eleq 90In0sY pue eleq
SOUSY J0JRIIpUL
peayler] 151, JSSHS -uoN (VAL BI[ENSNY UIISOA ysywon) ureiseq JSSHAS IOATY Aopey] uoorowe))
sjurens
soidurexe A1oyst{ -uo)) jo odAJ,

(panunuod) g dqel,

pringer

H's



248

Rev Fish Biol Fisheries (2023) 33:241-263

Table 2 (continued)
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indicator fishes

No Constraints

Resource w/ medium Data

Data

Data and Resource

29

1.0

22

0.0

Improve

Mod.

Specs.

0.2

2.1

1.7
23

3.0

Static MMs

29
0.0

1.3
1.7

Dynamic CRs 0.0

0.2

3.0

Improve gov-

ernance

#* No data are available, thus, the remaining data-limitation attributes scored 3s.

(or in some cases “data-rich”) actually means in the
context of a specific fishery, and in relation to other
fisheries using comparison plots. This approach cov-
ers the continuum of constrained situations from
fully constrained to situations without any substantial
constraints.

A set of guiding principle scores (i.e. recommen-
dations to overcome certain constraints) is then pro-
duced given the unique signature of constraints. Ten
guiding principles are recognized in three general
groups: addressing data needs, analytical approaches,
and management approaches. Values for each are cal-
culated as functions of the constraint scores (Table 3
which also provides detailed descriptions of each
guiding principle). These conditionally-based prin-
ciples range from improving data, capacity train-
ing, and governance, potentially applying simple
(or simpler) assessment methods (Carruthers et al.
2014; Chrysafi and Kuparinen 2016), and/or static
management measures (Carruthers et al. 2016), up
to using complex, integrated population dynamics
models (Maunder and Punt 2013) and, where appro-
priate given economic, social and other factors, using
dynamic management measures (Anderson et al.
2019; Table 3). As there is no exact quantitative link
between constraining attributes (the factors describ-
ing why a given fishery is data-limited) and guiding
principles (the steps needed to resolve constraints),
the subsequent equations for each guiding princi-
ple (as a function of the constraining attributes) are
inherently subjective, but based on the authors collec-
tive experience and opinion, and therefore a practi-
cal interpretation of needs from constraints. Similar
to the iterative process we used to generate the list of
limiting attributes, the guiding principles were care-
fully selected to identify areas where analysts and
managers can focus their attention (while noting the
principles do not prescribe specific solutions). The
formulation of the conditionally-based guiding prin-
ciples were developed by the authors and discussed
at length to determine which limiting attributes best
contribute to the guiding principle. The formulations
were iteratively tested and tuned to four hypotheti-
cal extreme-case scenarios (see below) and verified
using the 20 case studies. The guiding principles are
designed to be high-level from which a more compre-
hensive decision support tool (i.e., FishPath (Dowl-
ing et al. 2016; Dowling et al. in review)) can provide
more customized, detailed and explicit advice, as
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Fig. 3 Average data and resource constraint scores, ranging
from O (no concern or constraint) to 3 (high concern or con-
straint), for a 4 featured applied fisheries (EG_SESSF, KR_C,
NF_WA, TF_SESSF), and b all 20 applied fisheries along
the spectrums of data and resources. The four hypothetical
extremes (circles) of data and resource constraints are also pro-
vided. Constraint scores for different fishery attributes associ-
ated with data availability and resourcing Legend: NM, North
of Madang; FJ, Fiji; DMF_NZ, data moderate fisheries, New
Zealand; KR_C, Kadey River, Cameroon; SA_L, South Aus-
tralian lobster, SC_WA, Sea Cucumber, Western Australia;
NS_WA, Non-indicator sharks, Western Australia; NF_WA,
Non-indicator fish, Western Australia, RF_AK, Alaskan rock-
fish; NSW_HG, New South Wales Hand-Gathering Estu-
ary General Fishery (BW, Beachworm; Pi, Pipi; SC, Sydney
Cockle; GN, Ghost Nipper); EG_SESSF, Eastern Gemfish,
south-east Australia; TNF, Tropical nearshore fisheries; RF_
WCUS, rockfish, West Coast United States; DS_SESSF, Deep-
water sharks, south-east Australia; TF_SESSF, Tiger Flathead,
south-east Australia
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well as explicit planned pathways for jurisdictions to
evolve their capacities. The guiding principle scores,
where a high score indicates higher priority for that
principle, are also plotted both individually, and in
comparison to other fisheries, to help evaluation.

A Shiny (Chang et al. 2021) based application
(the DLMapper') was developed for users to enter
attribute scores, obtain attribute and guidance pro-
files, and save outputs and figures. Multiple stocks
and fisheries can be scored in the tool, offering the
opportunity to compare across situations. In addition
to the fishery-specific plots, there are two types of
comparison plots. The first is a biplot of the average
data (x-axis) and resources (y-axis) limitation scores.
The four extreme cases of fully constrained, data
fully constrained but resources unconstrained, data
unconstrained but resources fully constrained and no
constraints make up the four corners of the plot and
frame the spectrum. The biplot offers a summary
glimpse at the contributions of data and resources
to overall limitations, providing a convenient way to
compare across stocks or fisheries. The second figure
type provides attribute- and guidance-level compari-
sons. This visualization helps identify groupings and
commonalities among situations.

Our diagnostic tool was applied to 20 case study
fisheries that span 10 countries and 16 jurisdictions
that represent a variety of data and resource limita-
tions, to characterize each fishery, illustrate the ben-
efits of comparing situations, and help articulate the
nature of the constraints in the system, while offering
ranked guidance on how available resources could be
prioritized for the system. All detailed descriptions
and subsequent attribute scoring of the fisheries are
provided in Supplementary Information Table 1.

Results

Hypothetical cases of extreme data and resource
availability

To ground truth our approach, we first considered the
four most extreme cases possible for varying data and
resource availability (Fig. 3a): (1) A fishery with the

! This tool can be accessed at https://connect.fisheries.noaa.
gov/DLMapper/; tool development code can be found at
https://github.com/shcaba/DL-Mapper.


https://connect.fisheries.noaa.gov/DLMapper/
https://connect.fisheries.noaa.gov/DLMapper/
https://github.com/shcaba/DL-Mapper
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Fig. 4 Constraint scores for fishery attributes associated with
data availability and resourcing (top row) and associated rec-
ommendation scores for alternative fishery guidance options
(bottom row). The constraint scores, ranging from 0 (no con-
cern or constraint) to 3 (high concern or constraint), are used to
illustrate differences among (hypothetical) extreme cases, i.e.,
fisheries with, a no data or resources, b data and resource rich,

highest possible average data and resource constraint
scores (x=3, y=3), 2) a fishery with no constraints
in data or resources (x= 0, y=0), 3) a fishery with the
no data constraints (x=0) but highest resources con-
straints (y=3), and 4) one that has the highest data
constraints (x=3), but no resource constraints (y=0).
In the extreme case of a fishery fully constrained
by data and resources, each of the six data and four
resource attributes receive a score of 3 (Fig. 4a). In
contrast, all data and resource attributes receive a
score of 0 for a fishery with no constraints on data and
resources (Fig. 4b). For those fisheries with full data
constraints, but no resource constraints, all scores for
data are 3 and all for resources are 0 (Fig. 4c). The
opposite scores are attributed to a fishery that has no
data constraints (all data attribute scores = 0), but

2

1
3 0 1 2 3 0 1 2

Recommendation Score

¢ no data and resource rich, and d data rich and no resources.
recommendation scores, ranging from 0 (no focus) to 3 (high
focus), for the guidance options associated with data, assess-
ment and governance, availability, and resourcing, for the
(hypothetical) extreme cases of e no data or resources, f data
and resource rich, g no data and resource rich, and h data rich
and no resources

resources are fully constrained (all resource attribute
scores = 3; Fig. 4d).

The subsequent guidance principles prioritiza-
tion scores are directly linked to current resource and
data conditions to address the most pressing issues
(Fig. 4, row 2). For instance, a fishery in the extreme
situation of no data and no resources (Fig. 4e) will
indicate attention to data as the greatest need and
highlight data collection training and/or improve-
ment while leaning on local expert knowledge (e.g.,
Johannes 1998; Berkstrom et al. 2019; Sjostrom et al.
2021). Additionally, analytical capacity training, and
two of the three governance-related options (using
static management and improving governance) are all
highly ranked. The remaining guidance options score
zero (i.e., no focus on any assessment modeling and

@ Springer
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Fig. 5 Constraint scores for fishery data and resource attrib-
utes (top row) and associated recommendation scores for alter-
native fishery guidance options (bottom row), produced for
fisheries identified as having high data and resource constraints
(Cameroon Kadey River fisheries; a,e), few limited data and

no application of dynamic control rules that would
require modeling outputs due to the initial need to
build data and establish simple management rules).
The guidance option scores calculated for the uncon-
strained data and resource situation are the opposite
of those just described and highlight the need for
complex (from more quantitative up to fully inte-
grated) models, focus on model specification issues
(to improve the performance of the models) and
the application of dynamic management measures
informed by stock assessments (Fig. 4f).

For fisheries fully constrained by data but not by
resources, the three guidance options associated with
data are highly prioritized, as is implementing static
management measures (Fig. 4g). Scores for guidance

@ Springer

Recommendation Score

resource constraints (SESSF Tiger Flathead; b, f), high data
but few resource constraints (Eastern Gemfish, SESSF; ¢, g),
and high resource with moderate data constraints (WA non-
indicator fish, WA d, h)

options associated with stock assessment are all low
given the data constraints, as are dynamic control
rules and improving governance, but they are not
at 0 (as they are when both data and resources are
fully constrained or absent), indicating that once the
data condition is improved, more advanced options
may potentially rapidly become available because
resources are not constrained. By contrast, for the
no data constraints /high resource constraints sce-
nario (Fig. 4h), the highest ranked guidance options
are two stock assessment options (analytical train-
ing and using simple methods), and two governance
options (using static management and improving
governance).
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Fig. 6 Fishery attribute constraint scores associated with data
and resource limitations, ranging from O (no concern or con-
straint) to 3 (high concern or constraint), for a four featured

Applied case studies with differing extremes of data
and resource limitations

Of the 20 example fisheries, several have very strong
data and resource constraints (Figure 3b). Here we
highlight the four most extreme (Table 2; Figures 3a
and 5). The attribute constraint scores for the Cam-
eroon Kadey River fishery are the same as the above
hypothetical extreme case of full data and resource
constraints, except the time available to analysts to
undertake an assessment is not a constraint (Fig. 5a).
The guidance scores for this fishery are thus very
similar to the extreme limitations hypothetical exam-
ple (Fig. Se, row 2, column 1). Conversely, the South-
ern and Eastern Scalefish and Shark Fishery (SESSF)
Tiger Flathead fishery in Australia resembles the
hypothetical extreme of no data or resource con-
straints, except that the spatial data constraint attrib-
ute score is 1 (some constraints), rather than 0 (Day,
2019; Fig. 5b). Consequently, the corresponding

AN
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applied fisheries (EG_SESSF, KR_C, NF_WA, TF_SESSF),
and b 20 applied fisheries along the spectrums of data and
resourcing

guidance scores are also very similar to those for the
hypothetical extreme data- and resource-rich fishery
(Figure 5f).

The attribute scores for Eastern Gemfish in the
SESSF most closely resemble the extreme hypotheti-
cal data constrained scenario (Little and Rowling,
2010; Fig. 5¢). While the resource attribute constraint
scores for both SESSF fisheries are all 0, four of the
data attribute scores (dealing with data quality issues)
are 2 or above (i.e., highly constrained; compare to
almost all Os for Tiger Flathead; Fig. 5b) despite the
availability of multiple data types, leading to a mod-
erate-high average data constraint score. However,
while the resulting guidance scores for Eastern Gem-
fish place moderate focus on improving some data
aspects (i.e. improving data and data training, both
scores ~ 1.5), they place a moderate-high empha-
sis on several aspects of stock assessment (use more
complex models, improve model specification, score

@ Springer
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a) Comparison of guiding principle scores across example fisheries
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Fig. 7 Recommendation scores for alternative fishery guidance options produced for a four featured applied fisheries (EG_SESSF,
KR_C, NF_WA, TF_SESSF), and b 20 applied fisheries along the spectrums of data and resourcing

> 2), and adopting dynamic control rules (score > 2;
Figure 5g).

None of the 20 fishery examples closely resemble
the extreme hypothetical resource constrained, but
data unconstrained scenario. The situation in West-
ern Australia for non-indicator fish species, however,
exhibits some degree of resemblance to this situa-
tion (Fig. 5d). The fisheries for these species score
as one of the most resource-constrained fisheries of
the 20 examples (resource constraint scores typically
>2), with only low-medium constraints on data (for
5 of 6 data attributes; Table 2). This yields a mix of
guidance recommendations, with the highest being
improving data, using local knowledge, applying sim-
ple analytical methods and implementing static man-
agement measures (Fig. 5h).

Moving from the individual to comparison plots,
the average attribute constraint scores for these four
fisheries (Cameroon Kadey River fishery, SESSF
Tiger Flathead, SESSF Eastern Gemfish and WA non-
indicator fishes) result in these fisheries occupying

@ Springer

very different positions (Fig. 3a). They also highlight
similarities to hypothetically extreme scenarios. Fur-
ther comparisons of the individual attributes (Fig. 6a)
and guiding principles (Fig. 7a) among the four fish-
eries highlight the specific differences that exist for
these fisheries. The key recommended improvements
for the Cameroon Kadey River fishery (limited data/
resources) pertain to data (increase data training,
improve data, use local input), providing analytical
training to conduct simple assessments, and using
static management measures. In contrast, none of
these aspects are identified as key priorities for the
SESSF Tiger Flathead fishery (low data and resource
constraints), with the guidance pointing to use of
more realistic assessment models, improving model
specifications and dynamic control rules as priori-
ties. The guidance options that score highest for the
SESSF Eastern Gemfish fishery (moderate-high data
constraints/no resource constraints) are the same as
for the SESSF Tiger Flathead fishery, but the overall
scores are less, and guidance also includes improving



Rev Fish Biol Fisheries (2023) 33:241-263

255

data training, improving data as well as an elevated
consideration for static management measures. The
scores for WA non-indicator fishes (greater resource
than data constraints) are more even across alterna-
tive guidance options, with improving data, applica-
tion of simple assessment methods and static man-
agement measures scoring highest (Fig. 7a). Overall
guidance from these case studies was evaluated by
the case study expert and found to be either consist-
ent with their expectations or revealing additionally
useful suggestions. The ability to both ground truth
expectations and offer new insights (especially by
comparing multiple fisheries) is a design feature of
this approach and tool.

Further comparisons of fisheries with varying data
and resources constraints

Most of the 20 applied fisheries occupy either the
lower left or upper right quadrants of the data/
resource constraint biplot (Fig. 3b). Four fisheries
(South Australian Lobster, SESSF Eastern Gemfish,
SESSF Deepwater Sharks and SESSF Tiger Flat-
head) lay low on the biplot (indicating limited or no
resource constraints), all with low-moderate data
constraints and no resource constraints. Six fisheries
are relatively high on the plot (= resource constraint
score 2 or above), four of which have moderate-high
data constraints (North of Madang and Fiji fisheries,
Cameroon Kadey River and Tropical nearshore fish-
eries). Several fisheries lay toward the center of the
plot, reflecting both moderate data and resource con-
straints, though in different ways (Fig. 3b). Collec-
tively, there is a pattern of a positive linear correlation
between data and resource limitations.

Comparison plots of the individual data and
resource attribute constraint scores for the 20 exam-
ple fisheries highlights the diversity in fishery attrib-
ute constraints that exist in these fisheries (Fig. 6b).
Despite similar average data and resource attribute
scores, fisheries may have very different combina-
tions of specific data and resource limitations. For
example, the Western Australia non-indicator sharks
(NS_WA) and non-indicator fishes (NF_WA) occupy
very similar positions on the biplot, but NS_WA is
constrained more by imprecision of data while NF_
WA is more constrained by temporal data availabil-
ity. The differences are even larger between the New
Zealand (DMF_NZ) and New South Wales (eastern

Australian) Hand Gathering Pipi Fishery NSW_HG_
PI) that occupy similar biplot positions. The New
Zealand example is highly constrained by the num-
ber of data types and spatial and temporal data avail-
ability, but unconstrained by data bias and species
identification in the fishery; the NSW Pipi fishery is
primarily constrained by data bias and temporal limi-
tations. Resource constraints also show differences:
the New Zealand fishery is more constrained by time
available for doing assessments, while the Australian
fishery is constrained by the ratio of trained analysts
to stocks needing stock assessments. These examples
show how even fisheries with apparent broad simi-
larity along the axes of data and resource limitations
have unique prevailing conditions that necessitate dif-
ferent solutions.

As with the parallel plot for fishery attribute con-
straints, the corresponding plot for guiding principle
scores across all the fisheries shows the diversity
and unique rankings with respect to identified areas
of focus for fishery improvement (Figure 7b). These
could subsequently be used to group fisheries with
similar improvement signatures for either compari-
son, discussion, or more efficient implementation of
improvement options.

Discussion
Overview of approach

This paper strives to acknowledge how the term
“data-limited” often fails to capture the important
aspects of a given fishery management situation.
To confront this challenge, we provide a conceptual
framework and tool to better characterize fisheries,
articulate the main constraints practitioners are fac-
ing while also offering practical guidance for mov-
ing forward. This need became clear as we assimi-
lated the messages and lessons arising from the
2021 World Fisheries Congress data-limited fisher-
ies sessions’ presentations and lively panel discus-
sions. We focused on outlining the conditions that
create “data-limited situations”, acknowledging the
difference between, for example, the large number
of data-less fisheries that are effectively “starting
from scratch”, and fisheries that are largely con-
strained in attempts to best use limited data, with
both situations dealing with degrees of resource
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limitations that may or may not call for similar solu-
tions. As recently highlighted by Dowling et al.
(2019), each “data-limited” case is uniquely facing
its own challenges, and there is not a single solu-
tion or generic best practice across all such fisher-
ies. The diversity of issues raised in the conference
session highlighted long-held concerns regarding
the lack of recognition of the sources of data- and
resource-constrained fisheries, and motivated us to
consider and confront the interpretation and mean-
ing of “data-limited” fisheries to improve situational
communication.

The term “data-limited” has too long been used
as a catch-all for fisheries that lack the ability to con-
duct a fully integrated stock assessment. Lumping an
extensive range of fisheries, with equally vast ranges
of unique conditions, under one term typically has led
to dissonant or disappointing comparisons that have
not constructively supported or improved the man-
agement of these fisheries. Much like other types of
spectra or continua (e.g., light, autism, space-time),
it is not serviceable to report important relative dif-
ferences among fisheries with one vague term. We
instead need to acknowledge that, while there is a
common set of identifiable attributes that may con-
tribute to rendering the management of a fishery
“limited”, these attributes are not just based on data,
and vary in relative strength and presence for each
individual fishery. As the majority of the world’s
fisheries by number and catch volume are broadly
“data-limited” (e.g., Costello et al. 2012; Geremont
and Butterworth 2015), it is beneficial to explicitly
acknowledge that such fisheries reflect this theory of
relativity (i.e., comprise a spectrum of conditions) as
applied to stock assessment, and subsequently, man-
agement needs. As such, guiding principles for for-
mal science-based management are dictated by those
specific combinations and strengths of attributes, and
will have different emphases according to where on
the spectrum the fishery lies. This provides the tem-
plate to go from articulating fishery constraints to
prioritizing recommendations to improve technical
advice and management of those fisheries.

The interactive DLMapper tool helps illustrate
where on the constraints spectrum a fishery resides,
and provides a ranking of broad guiding principles
likely needed to improve the ability to assess and
manage a particular stock or fishery. This approach
bypasses the question of minimum standards for
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“good enough” stock assessment or management per-
formance: we feel there is greater value in using the
relative attribute constraints to determine a profile of
guiding principles that prioritize where future empha-
ses should lie. The tool provides a platform to com-
pare multiple fisheries and highlight similarities and
dissimilarities in order to identify other fisheries with
comparable conditions and constraints. Our compara-
tive tool recognizes the uniqueness of any given fish-
ery and allows for the specificities to be described,
but also reveals the relative nature of the comparisons
to find fisheries with common conditions, highlight-
ing opportunities for collaborative work toward com-
mon solutions. In this way, practitioners working on
fisheries with similar profiles may seek each other out
and find value in learning from each other’s experi-
ences and proposed ways forward.

One emergent pattern applying this approach to
20 fisheries is the relationship of data and resource
constraints where more data constraints often meant
more resource constraints. This is consistent with
the conclusions of Bentley (2015) that “data poverty
is usually associated with time-poverty”. Though
this trend is visible and not entirely unexpected, the
underlying attributes driving the relationship between
data and resource constraint scores are not always
the same. There are also important exceptions to this
trend where data constraints existed despite adequate
resources. There were no examples within our sam-
ple of case studies with low data constraints and high
resource constraints. The DLMapper tool will facili-
tate further exploration from a wider inclusion of
experts and cases to see how well this initial relation-
ship holds and determine where the largest density of
examples reside on the constraints spectrum.

In order to maintain a digestible amount of detail,
the tool only broadly characterizes a fishery’s condi-
tion, and provides only a high-level profile of guid-
ance, so important details remain to be determined.
For example, bias in data can derive from an array of
sources (Francis and Shotton 1997) and “improving
data” can take on a variety of specific forms (Fischer
and Quist, 2014). To illustrate this point, consider the
NSW Hand Gathering Pipi Fishery example that was
scored as being strongly constrained by temporal data
issues. The temporal issue is not strictly from a short
time series or sporadic records as is often the case,
but instead due to management regulations caus-
ing discontinuities in what otherwise appears to be
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a continuous time series. Futhermore, when consid-
ering the three general management-based guidance
principles (static management measures, dynamic
control rules and improving governance), specific
thought is needed to recognize any obstacles (com-
pliance, enforcement, emergent challenges) to imple-
mentation (Liu et al. 2016).

As such, the DLMapper tool is meant to help artic-
ulate the “data-limited” conditions, identify the big
issues, and provide general guidance on next steps.
More specific, detailed and tailored advice for data
collection, stock assessment and management is the
domain of decision support tools (e.g., FishPath pro-
vides tailored harvest strategy options given fishery
circumstances; see also FISHE (http:/fishe.edf.org/)
and AFAM (McDonald et al. 2018)). Those tools can
provide further insights on data and resource condi-
tions (with associated caveats) supporting detailed
decision making that is both transparent and tracta-
ble. Thus, the approach illustrated in this work should
not replace a careful analysis and examination of
case-specific data. Rather, it allows for rapid initial
assessment of a fishery situation to provide a broad
overview of constraints that exist, identifies common-
alities between fishery constraint profiles, provides
general guidance on alternative options for fishery
improvement, and enables better communication on
the extent of constraints in the fishery. This all leads
to a more informed way to talk about one’s situation
and find others in similar circumstances.

It should be noted that we did not include “main-
taining data collection”, “characterize uncertainty”,
“determine management objectives”’, and “develop
harvest strategies” as guiding principles. Maintaining
any current data collections is a given, as reducing
data would create additional complications (Wetzel
et al. 2018), and quantifying uncertainty should be
standard for any treatment of data and specification
of stock assessment (Hordyk et al. 2019; Magnus-
son et al. 2013; Mildenberger et al. 2022). Determin-
ing management objectives and developing harvest
strategies to achieve the objectives should also be a
constant priority for all fisheries regardless of their
condition. There is ample evidence and methodol-
ogy in the literature arguing for the veracity of har-
vest strategy development even for so-called “data-
limited” fisheries (e.g., Dowling et al. 2008, 2015a,b,
2019). It is recognised, however, that effective devel-
opment and evaluation of harvest strategies remains

a key challenge, particularly for “data-limited” fisher-
ies (Dowling et al. 2015a,b), and that valuable work
is occurring in this area (e.g., Plaganyi et al. 2020;
Loneragan et al. 2021; Dowling et al. 2023). Finally,
partnerships with other agencies, non-governmental
organizations, stakeholders, and other consultants
should be an ongoing consideration to share resource
load and build collaborative and cost effective
relationships.

Application of approach and limitations

The choice of attributes and guiding principles, and,
particularly, the relative strength of the latter as a
function of the strength and combinations of the for-
mer, were derived via expert opinion and strongly
influenced by the WFC panel discussion. For exam-
ple, as raised in this panel discussion, consistent
with the conclusions of Bentley (2015), “data-poor”
fisheries will generally also have “time-poor” scien-
tists, and thus highly sophisticated methods of stock
assessment are not always suited to this situation. Yet,
because many may have a diverse range of data, there
remains scope for developing analytical approaches
that can make best use of all available data despite
resource limitations. For the fully constrained fish-
ery, the importance of clearly identifying first steps,
rather than focusing on complex solutions and tools
that cannot be applied locally for these fisheries, is
emphasized. Essentially, the view was that the focus
for these fisheries should be on “getting something
started” rather than aiming straight for a complex
integrated stock assessment model (Prince 2003;
Prince and Hordyk 2019). Alternatively, if the lead
time between starting to collect data and produce
assessments is measured in decades, a sophisticated
method that could cut that time to only a fraction of
a decade would be extremely valuable. Another key
point was that the quality of community-gathered
data is often unstructured and opportunistic. Even if
these data are not directly usable in a stock assess-
ment model, incorporating local expert knowledge
can help specify stock assessment models, provide
valuable complementary information for fisheries
management (e.g., see Berkstrom et al. 2019), inform
monitoring program design and help emphasize com-
munity involvement in sustainable management (e.g.,
size at maturity vs what is caught). Likewise, the use
of local expert knowledge provides a way to establish
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relationships between communities and scientists as
well as facilitate bottom-up empowerment.

In data-less fisheries, very simple numbers and
management can be important, whereas in more data
endowed situations, it is unacceptable not to show
quantitative assessment outcomes complete with
estimates of uncertainty. Additionally, where folks
have collected data, they are often proud of them and
want to share and use them. To devalue the useful-
ness of such data can be demoralizing. But, when
the currently available data in a fishery are idiosyn-
cratic, patchy and heterogeneous, more complex sta-
tistical tools may be needed to properly reveal the
signals they contain, so there is an important role
for skilled quantitative stock assessment scientists to
assist developing countries. The spirit of these points
is captured in the inclusion and functional form of
the guidance principle related to incorporating local
knowledge versus those of utilizing complex models
and improving model specification. For more fisher-
ies with moderate constraints, the point was made
that there should be an increased focus on developing
approaches to get the most out of existing data, which
is reflected in the guiding principles around imple-
menting simple or complex assessment methods, as
well as analytical training.

Our attempts to define attributes, guiding prin-
ciples, and the relationship between them, based on
collective expertise, are nonetheless decisions of
judgment, and we openly acknowledge their sub-
jectivity. The choice of attributes within the two big
categories of Data and Resources were based on the
authors’ experiences and the reoccurring issues that
were raised in the sessions when describing the big-
gest challenges to conducting stock assessments. We
attempted to balance the need to define informative
multiple attributes without being overly detailed,
while also limiting the overlap in each attribute. We
present these as a parsimonious accounting of the
major attributes, but realize that emergent issues may
bring other attributes to the forefront in the future.
The tool offers a flexible framework for bringing in
other attributes. Understandably, the attribute scoring
is subjective to the analyst’s perception of the fishery;
however, the goal of the scoring process is to identify
those attributes that are perceived to be most limiting.
Experts from each of the case studies explicitly veri-
fied the attribute limitation and resultant guiding prin-
ciples scores. In providing the detailed descriptions
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and subsequent scoring of the 20 fisheries used here,
we hope to allow for calibration of user scores.

As the tool is applied to more case studies, the for-
mulation of the guiding principles can be adapted to
reflect updated issues and future concerns. The itera-
tive process by which we worked through the 20 case
studies with our co-authors, yielded feedback that the
tool’s output reflected the state of the fishery, and that
the profile of guiding principles compared well with
practitioner’s own perceived recommendations. This
argues well for the approach’s general application and
continued evaluation.

Lessons learned from case studies with differing
extremes of data and resource limitation

Of the 20 fisheries considered, several were highly
constrained. As would be expected for those highly
constrained by both data and resources, the associated
guiding principles suggested the need for a strong
focus towards improving data, using local knowledge,
and increasing resources for stock assessment and
governance, but little or no focus on the immediate
use of stock assessment models and dynamic harvest
control rules. It is logical that data are needed before
a model can be applied, and a degree of analytical
training is needed to empower local jurisdictions/
communities to be able to assess stocks. The start-
ing point for these highly constrained fisheries typi-
cally begins with initial assistance involving external
expertise, but there can be several pathways forward
to lead to the ultimate goal of providing effective
management advice. For example, reef fisheries
north of Madang (Papua New Guinea) lacked catch
or biological data until external expertise provided
basic training to collect and interpret species-specific
fish measurements. The training invested in the local
community enabled them to determine sizes of matu-
rity and breeding seasons, and catalyzed their con-
cern for food security into simple adaptive village-
based management systems. Another example of high
data and resource constraints is the Kadey River arti-
sanal fishery in Cameroon, where external expert ana-
lysts are reconstructing catch histories based on local
fisher’s recall and attempting to improve options for
future stock assessment. These examples are meant to
illustrate the general nature of our guiding principles
and their prioritization as they do not fully reflect all
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possible options for a given situation, leaving it to the
experts to pursue those details.

Of the 20 example fisheries, the SESSF Tiger
Flathead fishery has the fewest data and capacity
constraints. A range of “good quality” data types are
available for this fishery, including relatively com-
plete, informative species-specific data series for
catches (and on discards), fishery-independent CPUE
indices, and length and age composition data, all typi-
cal of the relatively “data-rich” end of the spectrum.
As there are no (perceived) constraints on resources
(including technical capacity), integrated age-struc-
tured assessment models are possible. The guidance
recommendation scores reflect this by prioritizing
improving model specifications (i.e., optimizing
application of integrated stock assessment models),
encouraging application of dynamic control rules,
while deprioritizing improving data, simple assess-
ment models and governance improvement. While
relatively unconstrained by data quality and resources,
the South Australian Rock Lobster fishery was con-
strained in terms of the number of types of data. In
this case, the guidance scores emphasized improv-
ing model specification or complexity. The veracity
of this (broad) advice is borne out, for example, by
the development of the qR approach (McGarvey et al.
1997, 2005; McGarvey and Matthews 2001) to fit to
catch data recorded in numbers, rather than weight,
which resulted in improved stock estimates.

The differing data constraint scores for Tiger flat-
head versus Eastern Gemfish, both species within
the SESSF, highlight that data (and/or resource) con-
straints can vary markedly for different stocks within
a given fishery. Despite multiple sources of data and
resource availability for both Eastern Gemfish and
Tiger Flathead, there are multiple data quality issues
for the former. Eastern Gemfish has been assessed
as heavily depleted since the early 2000s (Little and
Rowling, 2010; Emery et al. 2021) with consequen-
tial management action taken to cease targeted fishing
in order to rebuild the stock. This management action
has meant that high quality, spatially representative
fishery dependent and independent data are now una-
vailable. As such, a once- data-rich fishery now has
data constraints, impacting the ability to undertake
robust assessments (Wetzel et al. 2018). However,
our associated guidance placed priority on applying
complex models, improving model specification and
adopting dynamic control rules, and lower focus on

improving data. While such guidance broadly follows
given the attribute scores, this is one example where
it fails to acknowledge a fishery’s specific nuance:
although capacity might exist and various data types
might currently be available, the recent quality of
the data is such that it is likely futile to attempt more
complex models or improve model specification in
the future, although there may be merit in applying
the expertise of highly-trained analysts to determine
whether models can be modified to reduce the impact
of data-limitation on assessment reliability. One
would also expect a re-scoring of the data attributes if
they deteriorate over time, pointing to new guidance.
The relatively high resource constraints and lower
data constraint scores for Western Australian non-
indicator fish species largely reflect the situation-
specific circumstances associated with monitoring
and assessing finfish fisheries in a region of low eco-
system productivity and high species diversity (e.g.,
Lenanton et al. 1991; Molony et al. 2011; Newman
et al. 2018). As it is not logistically and economically
possible to monitor and assess the status of all spe-
cies, a fish species indicator approach was adopted
in 1993 to assess sustainability of “like” species, for
optimal use of available jurisdictional resources (e.g.,
Newman et al. 2018). Monitoring of the indicator
species has, however, resulted in increased collection
of data (e.g., species composition and abundance) for
some additional fish species. In recent years, there
has been increased demand for quantitative stock
assessments for increased numbers of species to meet
national reporting requirements (Status of Australian
Fish Stocks Reports (SAFS), used to inform Aus-
tralia’s progress against UN Sustainable Develop-
ment Goal 14.4.1), on the proportion of fish stocks
within biological sustainable levels. A key constraint
for these fisheries is lack of analysts with high techni-
cal expertise, with the few available required to focus
much of their attention on higher value stocks. Unsur-
prisingly, the priority guidance options were improv-
ing data, application of simple assessment methods
and static management, with the latter two options
reflecting the fact that complex models and dynamic
management are not likely to be possible (or practi-
cal) with few analysts for so many species over an
extremely large region with some very remote areas.
Common attributes among fisheries, such as low
species-specific data quality, does not necessarily
result in similar scores or managerial outcomes. The
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West Coast United States rockfish and Alaskan rock-
fish fisheries scored similarly in most data-limitation
attributes as the Western Australian non-indicator fish
species, and face the similar challenge of managing
a large number of species, but scored differently on
resource limitations. As a result, a different empha-
sis is placed on stock assessment model type (sim-
pler versus more complex) and management meas-
ure guidance options. Additionally, the management
approach for each of these fisheries is distinct. In
contrast to managing based on indicator species, most
of the Alaskan rockfish are assessed and managed
as a single unit (i.e., stock complex) by aggregating
the biomass for the multiple species in the assess-
ment and providing a single harvest limit for the unit
(Tribuzio et al. 2021). Conversely, the West Coast
United States rockfishes example manages some spe-
cies within stock complexes with an overall harvest
limit, and others individually with individual harvest
limits (PFMC 2020). Thus, despite similarities in
attributes and situations (e.g., poor species-specific
data), analytical and managerial approaches are case-
specific and depend on many factors.

Conclusion

The data-limited session and panel discussion at the
2021 World Fisheries Congress generated a diverse,
fruitful conversation illuminating different limita-
tions to fisheries that posed challenges when consid-
ering possible common avenues forward to support
science-based fisheries management. We emphasize
that the term ‘“data-limited” covers a broad spec-
trum of conditions that not only include data con-
straints, but resource limitations as well. Our tool
provides an accessible way for scientists and man-
agers to identify where on the “spectrum” of data
and resource availability their fishery lies, and pro-
vides a ranking of guiding principles, as functions
of these attributes, that are likely needed to improve
the ability to assess and manage a particular spe-
cies fishery. As more fisheries engage with the tool,
common patterns are likely to emerge, facilitat-
ing the global connection of scientists and manag-
ers of similar fisheries to share ideas and develop
more targeted solutions with the aid of other tools
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(e.g., FishPath). We maintain that there is no “gold
standard approach” for fisheries management; we
should instead make management goals attainable
and pragmatic while balancing economics with bio-
logical fishery sustainability and culture sustain-
ability. By acknowledging the “Stock Assessment
Theory of Relativity” and deconstructing the term
“data-limited” into its proper components, we can
talk more precisely about what challenges we are
experiencing. And with that understanding, we
can gain insight into the spectrum of conditions
and offer appropriate guiding principles to better
communicate and support the science of fisheries
management.
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