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SUBROUTINE OEACT | TODO)
IMFLICIT MCLE
C+++ START OF DECLARATIONS INSERTED BY SPAG
INTEGSER ACT , LENGTH , NCHAR
C+++ END OF DECLARATIONS INSERTED BY SPAG
INTESER TODD , DONE , BASE
CoMMolN /EG1 [/ NCHAR , LENGTH , DOUE
PARAMETER (BASE=10)
100 IF | TODO.ME.O | THEMN
ACT = MOD(TODO, BASE)
TODO = TODO/BASE
IF | ACT.EQ.1 .OR. ACT.ED.4 .OR.
ACT.EQ.7 .DR. ACT.EQ.8 .OR.
ACT.EQ.9 ) THEN
CALL BADACT (ACT)

FORTRAN 77

GOTO 200
ELSEIF ( ACT.EQ.2 | THEN
-.\‘s’\hcrcsa’) yQu g9 when (hg: r_e(o'd is over... - L CLLL COPY
' r ','é" ‘ \ ' LENGTH = LENGTH + ICHAR
{'.' ELSEIF ( ACT.EQ.3 | THEN
[ CALL MOVE
f#f'“' ELSEIF ( ACT.EQ.5 | THEN
. IICHAR = —1ICHAR

-

CALL DELETE
LEINGTH = LEINGTH + IMNCHAR
ELSEIF ( ACT.EQ.& | THEWN
CALL PRIIT
ELSE
=0T 100
EINDIF
DOME = DOME + 1
CALL RESYMC
E0TO 100
EIDIF
200 RETUERN




A General Theory for Analyzing Catch at Age Data

Davip FOURNIER AND CHRIS P. ARCHIBALD
For me, this was the most significant Department of Fisheries and Oceans, Resource Services Branch, Pacific Biological Station, Nanaimo, B.C. VOT 2¥8

paper Iread as a graduate student. FOURNIER, D., ANDC. P. ARCHIBALD. 1982, A general theory for analyzing catch at age data.
It introduced me to the next 30-odd Can. J. Fish. Aquat. Sci. 39: 1195-1207.
years of my life: We present a general theory for analyzing catch at age data for a fishery. This theory
. seems to be the first to address itself properly to the stochastic nature of the errors in the
* Methods that use multlple data observed catch at age data. The model developed is very flexible and accommodates itself
tvpes easily to the inclusion of extra information such as fishing effort data or information about
yp errors in the aging procedure. An example is given to illustrate the use of the model.
* Introduction of “state space”
. . Key words: cohort analysis, virtual population analysis, maximum likelihood estimation,
formulations for models in aging errors
fisheries. Fournier, D., AND C. P. ARCHIBALD. 1982, A general theory for analyzing catch at age data.
* Separation and modelling of Can. J. Fish. Aquat. Sci. 39: 1195—1207.
both process and L’article qui suit contient une description d’une théorie générale applicable & "analyse
. de données sur les prises par dge dans une pécherie. Pour la premiére fois, semble-t-il, cette
observation error. théorie tient compte de la nature stochastique des erreurs gue contiennent ces données. Trés

flexible, le modéle se préte facilement a I'inclusion de données supplémentaires telles que
I'effort de péche ou des renseignements sur les erreurs dans la détermination de ['ige.
Today, most general approaches to L'emploi du modele est illustré 4 1'aide d’un exemple.

stock assessment are state-space Received December 10, 1980 Regu le 10 décembre 1980
formulations (or approximations Accepted April 26, 1982 Accepté le 26 avril 1982
thereof).




What is “state-of-the-art” assessment (today)

Structure

* Single species and stock.

* Age- or size-structured.

 Multiple fisheries or surveys (modelled as areas-as-fleets).

* Fitted to multiple data sources (usually index, length-/age-
composition, growth data, discard).

Technical stuff

 “Random effects” treated as “penalized parameters”.
 Coded in ADMB (or similar).

* Some measure of uncertainty (usually asymptotic methods).

* Data weights “tuned” using ad hoc-ish methods.
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Reminder areas-as-fleets:

We model N; , and assume that difference spatially in age- / size-structure is due to
selectivity, but fundamentally the population is fully mixed.

A full spatial model will consider N; ., and assume that difference spatially in age- /

size-structure is due to population structure and selectivity. The population is still
fully-mixed but locally.

The N-marix




Important caveats

Most assessments don’t require a lot of features

* High feature assessments are those with complex data
sets.

 The complexity of an assessment often relates to the
data available rather than the biology (don’t make an
assessment more complex than it needs to be).

* There is a trade off between bias and variance but also
be realism and specification error.

Some features pertain to how assessments will be used
» (Case-specific control rules can add substantially
specification complexity (e.g. the SS forecast file) but

The originator of 14t century

may be essential (why does the US want OFL, ABC and AlCc
ACL, but it does..)




* Each assessment will have a A
different “sweet spot” that
minimizes total error.

 We need:

* Modelling frameworks that allow
us to create models given data
for a particular case.

* Methods to work out where the .

1as

“sweet spot” is. - ; -
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The six challenges for features

Multiple “stocks” and species in one assessment.
Spanning the range from data-rich to data poor
situations.

Age-length models

Mark (Maunder)-recapture data

Dealing with random effects and data weighting
“correctly”

Simulation and Management Strategy Evaluation
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Most assessment packages (including SS) assume
that there is a single stock (i.e. density-dependence
depends on a single spawning biomass) [SS allows
for “growth patterns” (which can be area-assigned)].
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* parameters should be “shared” / “mirrored”
among stocks; and e e\

e values for parameters should be allowed to be
subject to a common prior among stocks.
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Desired stock/species structure features

* Multiple “stocks” and species.

* Area- or stock-specific density-dependence.

 Data may relate to multiple stocks.

 Parameters can be mirrored between stocks
and fleets.

* Density-dependence in distribution and
movement.

» Sex-specific distribution of recruits.

* Ability to place a penalty / priors on trends in F
among stocks and species.

* Ability to add data on stock mixing.

Sardine Stock Structure




Challenges for spatial structure

 Multiple populations that mix (and between which there is dispersal).

e Spatial (rather than population-level) density-dependence.

* Clines in density / biological parameters across what constitutes one “biological”
population (a current major challenge).

* Calculation of reference points (e.g. Fycy) in presence of multiple stocks that mix
and when biological parameters vary spatially. e

* Modelling of movement is still limited in most packages
(including those that allow for spatial structure). UMD conrn 8
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Scaling from data-rich to data-poor

 Data-rich assessment methods:
Multiple data types and many parameters and processes
* Fitted: maximum likelihood and Bayesian approaches
 Data-poor assessment methods:
*  Production models, catch-only methods
Catch-curve analysis
* Fitted: Bayesian approaches; ad hoc fitting

e Data-free assessment methods:

Catch-only methods
* Yield-per-recruit and spawning biomass-per-recruit

......

| am focusing here on methods for estimating F
and B (in absolute terms and relative to
reference points); control rules are a different
story.




Desirable features Data

* Data-rich -> data-poor in the same framework

 For example, Stock Synthesis, -> XSSS -> SSS

 Most likely Bayesian to allow propagation of uncertainty
(avoid fixing too many parameters; data poor methods
should have higher estimates measures of uncertainty)

 More use of (data-based informative) priors on key
parameters (we talk but seldom act)

* Input files should “scale” with the complexity of the
model.

 Able to inform data-poor assessments from data-rich
assessments (aka the Robin Hood approach).

Wattpad

_ 5




Evaluating the role of data quality when sharing information
in hierarchical multistock assessment models, with
an application to Dover sole

Samuel DLN. Johnson and 5ean P. Cox

ADSLracT A EJ'I!I-E'I!'E‘I-J]E E.PP'L'DJ-I'J] o dara-liomared fsheries spnCk Issessment uses iierarehical muolisiock assessment models m
group stocks wgether, sharing nformation from daa-eich o dara-poos stocks. 1a this pager, we simulare dara-rich and dara-poor
Ashery and survey data scenarsios for 3 complex of Dover sode (Microstomts Padfials) stocks. Simulared dara for individual soocks
were uesd o COT e EETIMATEDT II:I'ﬂ]':I'I'.'IliI'.'I-EE T E:idlgll.'.-ﬂ.ﬂ-l:t and bierarchical mualtiscock versomns of a Schaeher ]_'.'l'l.'l:ﬂll.l!.'l'.'ilzll'.'l
model. The EI-JELC-FM and HE'E[-F"E:I'IH':I'I'.'I]J.I'.'IE mullistek models were then osed 10 SIoCK assesssments for the real Dowver sode data.
Multistock models often had kwer SSTmarion ereors than single-stock models when assessment data had low siatistical power.
Eelanive oroors fl:lf:[.'l'fl:lﬂuﬂ.'l'.ﬂ':ll'_ﬁ' and relarve mass PRI EIETE WERE lower for Mullisiock assessmenn meosde] I:ﬂ':I'IJ:I,g:m'EI:'H:rM. [n
addition, Multisiock models thar estimared hierarchical prioss for survey carchability performed the best under dara-poor
srearios We oClode thar hitrarChical MmualiisteCk assessmean maodels am aseTul G dam-lomired seocks and could |]':I'El1|':ilﬂ|:'i
M flesibde alrernarive to data |_IFZI|.1.1'I.E and I:[Etl-l:II'.'Il'_ﬁ' meethods; however, these madels are 51.|.'|.‘.I_'-|-EL'[ CO e lineay side fTecrs of
paramerer shrinkage. Therefore, we recommend esting hieraschical multisock models in closed-loop simularions before
apglicarion 1o real fshery Managemedl sysIems.




Age-length models

 Most stock assessment models are either age-based on size-structured. However:
* Size-structured models cannot fit to age-composition data
e Age-structured models can fit approximately to size-composition data (e.g. using

morphs / growth patterns in SS)
* Age-length models do exist

e They address age- and length-selectivity more accurately

* Inclusion of tagging data in an age-length model would be more natural given most tagged fish are

sized but not aged
e  But they can be quite slow

* Aresimpler approaches may be

adequate:
 Platoons
e Age-slice methods.

Exploring model structure uncertainty using a general stock (!)Cw,m
assessment framework: The case of Pacific cod in the Eastern Bering

Sea

Caitlin I. Allen Akselrud *, André E. Punt, Lee Cronin-Fine

School of Aguatic and Fishery Sclencrs, University of Washington, Seattle, WA 981 95-5020, USA
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ABSTRACT
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Age-size-structured modsd
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Pacific cod
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An assessment framework is developed that allows analysts to conduct stock assessments for fish and
invertebrate stocks based on age-, size- and age-size-structured population dynamics models. The size-
structured model is nested within the age-size-structured model. The framewaork can use catch, discard,
index of abundance, size- and age-composition, conditional age-at-length, mean length-at-age, and tag-
ging data to estirnate model parameters. It is used to explore the sensitivity of key model outputs for
Pacific cod in the Eastern Bering Sea by applying model configurations that use the same data, same like-
lihood functions, and same data weighting schemes. Base model configurations using the three model
types all fit the available data adequately, but the age-structured model fits the data better than the
size-structured model. Variation in estimates of spawning biomass and the overfishing level was higher
among model-types than within model-types. This result highlights the need for assessment analysts to
focus more on applying and presenting results for multiple models.

© 2017 Elsewier BV. All rights reserved.



Perspective: Let’s simplify stock assessment by replacing tuning algorithms
with statistics

Jame= T. Thorson

Three ”deadly SinS” Of StOCk- Riviries Reneree Asesamen and Moviising Divkin, Nortwes Pifaria Sdovs O, Mithrol Motns Rieries Sorvie, NOAA, Sonde WA, D54
assessment

ARTICLEINFO ABSTRACT
¢ Tunlng Of GR Hopaellid| oy A Fuma Enock assessmends ane Impoimant to sos@inahle oean management, ol dewloping aesessmenTs remains rime-
. . . [y corenm ing despie increased onmnporarion power and aceess o shared sofneare Improved officiency in devel-
* Tuning of data weighting et o "pleg vk mevcmmcel creld iy Licered e of e ecrmcaty, e s by iy
Moy al szl miachaniem s in eviet ng asessem s, or accelrared esring of acisting methods. 1argoe dar dhe afficiency of the
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® Fa||ure to |nCIUde randOm z-u-*:m dependerely of standard paramewr estmason_ 1 pressnt three sxamples where noning algartims are widdy
s el (1) derrmdning the variance of recmomens, {2) bilas- coreTing recnmiiment deviarons, and (3) de-
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effECtS Where they a re originally developed. 1 then review necent research showing that each @Sk can b replaoed with paramerer

et madon inwahring random effers. Finally, 1 explain how mode] development, peesreview, and mode] resting

needed would each be improved if wning al gorigms wee repliced by paramesr estimation, and owline the sheps
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Stock assessment methods based on TMB or Bayesian methods are not subject

to these concerns to quite the same extent as our current penalized likelihood
methods. Lets fix this now.
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Close-Kin Mark-Recapture
Mark V. Bravington, Hans J. Skaug and Eric C. Anderson

Term Diefinition Siabus

n Sample size (# caplred individuwals) Uibserved
Capture probability at given sampling occasion
(raaarities related to o caprared individial

-]

¥ Time {year) of birth Latent

x Place of birth or capture LatentCibserved

f Time of captare Oibserved

I Covariate vector i time of caplure Oihserved

a Age Latenthserved

£ Length Oihserved
FPopulation dyaamics and demoprapin

N Total population size (males and females) Parnmeter

& Individual survival probability Parameter

@ Age of maturity Parnmeter

. Per capita average birth rae, g =E{(/R) Parnmeter

® Reproductive output (# offspring) of an individual in a given year Latent

R, Total reproductive cutpat from all individuals in a given year Latent
Genernl

g ector of all model parametess Parameter

K Einship category (s2e Table 1) Latenthserved

Fig. |, The simplest form of CKMR. fveailes are small, adulis
are big: parents and offspring are linked by lines; dark means sam-
pPled, lipht means unsampled




Close-kin mark-recapture

* In principle close-kin genetic methods could provide estimates of time-series of
(absolute) abundance but there is so much more:
* estimates of natural mortality; and
e estimates of fecundity.

* But:

* The estimates of abundance are not independent (as is always the case for
tagging data)

* |deally the data themselves should be included in the likelihood function

(and not summary statistics) [Mark Bravington says “this does involve much
more than some algebra and a few loops” ***]

*** But wasn’t that what Fermat said about his “last theorem”?




Mark-recapture generally
 Mark (or tag) recapture data provide information on:
* growth rates;
* Fecundity-at-age;
* fishing (and natural) mortality; and
* movement rates.

 There is a need to unify the various approaches taken to include tagging
(MULTIFAN seems the most general at present).

REPEAT MARK-RECAPTURE

N=M,C, +M;C,




Simulation testing and MSE

* Simulation testing is essential to any
new package and has led to an increased
understanding of the performance of
assessment methods.

 MSE is considered state-of the art for
evaluating management strategies.

 But how much should a new package
include generation of pseudo data sets
and closed loop simulations.

Communication
Performance
Trade-offs
Revision

Fishery objectives

Stakeholders
Managers

Management procedure
Historical Data
Future data
Assessment method
Decision-rule

Management strategy
evaluation

Evaluation
Operating model scenarios
Performance measures
Closed-loop simulation
Peer-review

New packages should include generation of data sets and the capability for closed loop
simulations but these should be insufficient for a full evaluation.




Simulation testing and MSE

Simulation testing should based on data sets generated using

the assessment package (“bootstrap feature”) which makes
testing “easy” but can discourage evaluation of model mis-
specification.

Ideally, the ability call “child processes” from within the
package will allow analysts to based their simulation
analyses / MSEs on approaches (estimation methods and
management strategies) coded in languages other than that
on which the package is based. Doug Butterworth and his
group have done something like this (and it is a core part of
Atlantis).

Development of a common format for simulated data
(among packages) sets should facilitate testing of
approaches when the operating models are based on
different packages.

FISH and FISHERIES

FISH and FISHERIES, 2016, 17, 303-334

Management strategy evaluation: best practices

André E Punt' Doug § Butterworth” Carryn L de Moor?, Josd A A De Oliveira® & Malcolm Haddon?

"Schoal of Aquatic and Fishery Sciences, Univesity of Washington, Seatile, WA, 98195, USA; “CSIRO Oceans and
Atmasphere, GPO Box 1538, Hobart, TAS, 7001, Australia; *Marine Resounce Asssssment and Managemeni Group
(MARAM), Department of Mathematics and Applied Mathematics, University of Cape Town, Rondebosch, 7701, South
Alies: *(EFAS Lowestolt Laboratory, Pakefield Road, Lowestoft, Sufloll. NR3 3 (HT, UK

Abstract Corre spomdience:
Management strategy evaluation (MSE) involves using simulation to compare the Anjich B Pont, 3 cimel
relative diectiveness for achieving man agement objectives of different combinations i‘fl‘:;f;:
of data collection schemes, methods of analysis and subsequent processes leading sity of Washingten,
to management actions. MSE can be used to dentify & ‘best’ management strategy Seattle, WA 98195,
among & set of candidate strategies, or to determine how well an existing strategy n8A

performs. The ability of MSE to fadlitate ficheries management achieving its aims Tel: +1 {206) 221
depends on how well uncertainty is represented, and how dfectively the results of ;;'I:]H (206) 685-
simulations are summarised and presented to the decision-makers, Key challenges 7471

for effective use of MSE therelore indude characteriing objectives and uncertainty, EBomadl smpuntinw.
assigning plausibility ranks to the trials considered, and working with decision- adu
makers to interpret and implement the results of the MSE This paper explores
how MSEs are conducted and characterizes current ‘hest practice’ guiddines, while Rerived 26 Jun
also indicating whether and how these best practices were applied to two case- 2014
studies: the Bering—Chukchi-Beaufort Seas bowhesd whales (Balaena miysticetus; Acepted 22 Oct
Balaenidas) and the northern subpopulation of Pacific sardine (Sardinops sagax 2014
caerulea; Clupeidae).
Keywords Fisheries management, menagement procedure, management strategy
evaluation, simulation, stakeholders, uncertainty
Introd uct on a4
MSE - the bagics 06
Overview of the cage-studies 08
Bering-Chulchi ~Remufort Sems bowhend whales 308
Narthern subpogu lation of Pacific sandine 09
Beast practices for MSE 310
Estahlishing objertives and perdormance statisfios 3
Selection of uncentaintiss o comsider and s=lation of apemating made] paramster v s 312
Tdenti fication of candidute management strategies which could renlistically be considered for 316
implementation
Stmulation of application of sach management stregy for esch operating mode] 31e
Fresentation of resulis and sslection of 2 management smiegy 321
Did the case-studies follow ‘best practice'? 4
Final commeans o5
2 20014 John Wiy & Sons Lad Dz 10111 1601 2 104 L




Minimum standards for MSE

The uncertainties typically
included in an MSE:

Process error
Observation error
Model error

Errors when conducting
assessments
Implementation error

Avoid

MSE-lite (adding error to the
true operating quantities,
even is correlated)

Table 3 Lis of faciors, whose uncertainty commonly las a large impact on management sirategy performance, which

should be congidensd for inchgion in any managemenl arategy evaloation.

Produchivily
% Form and pararmabens of fhe ook -scuirmen reaDoship
* Prasoncs of depensaiion.

® Exiani of variaSon and comelaons in recruitmant abow e
EA0Ch s CruiTien § naka Son .
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e Ee-rodaf o (5500
# s and efleciive Samples siqes of dats
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& Sureey and sampling fmoguenoy.

® e e,

¥ Histoncal cach nacturacy {hEas).

Cuicome [(rpEmenion) wicerieny

& Decation-riakens afusl or inom manadamen advics.

& Raalioad catches difler fnom (atal alowabhls caches dus o mis-
rapariing, black market caches, discands, aic.

MNon-sta e iy
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& Tema-vafing nafural morialty (polenSally a mulliEpecss
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® Trma-vaning Ganying capadly (negeme shilt; inked 1o
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® Tachmical meracSons.

* Trma-vaning Salecivily, moweman! and grows.
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condiianing e apaaSng modal]).

Punt et al. (2016)
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written in ADMB. This is well-

developed and understood

technology. However, there are

some major limitations:

 Dealing with random effects is
still a “research topic”

e Effective sampling from a
Bayesian posterior is impossible
for many models.

The next-gen model should be coded
in a language such as TMB and be fully
open source.
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The core question for the Next-Gen model: dealing with N
We want multiple dimensions (partitions) but only the ones we

will use:

* North Pacific crab where females molt annually and males less
frequently and we model old and new shell crab leading to an empty
partition (old shell females).

 Extending a model to include a new type of partition (i.e.
N[y,s,a] >- N[y,s,a,b,q]) is the most painful change to any
package because N “links” all model components__

Nb &l;{-;'r.)

LN ( - '-"'7'-

S
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Another key decision: should these chaps change <4
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Even more issues

* Harvest control rules that can be specified generically and are fully integrated
into the assessment package. The reference point / forecast components of
most assessment packages are very case- (location) specific. This has led to (for
example) to the need to develop standalone projection components (such as the
“West coast rebuilder” for SS — but that has not kept up with SS development or
has it?). Ultimately, multi-species, multi-stock models can allow for control rules
to evaluate multispecies MSY (or pretty good yield).

 More general (e.g. temporally-correlated) likelihood functions such as a
multivariate normal for compositional data and likelihood for correlated indices
[e.g. from close-kin MR] (also an easy way to add more likelihood functions, cf.
CASAL/CASAL2)

* Ability to parameterize the model using leading parameters (MSY, B,,.,/K, etc.)




Even more issues (Continued)

* Making variance estimation using MCMC (much) faster (ADMB vs CASAL?) Right now it
is almost impossible to develop a Bayesian posterior within an assessment review
meeting.

 When to dispense with areas-as-fleets as the
recommended default? We know that areas-as-fleets
leads to biased results but the alternative is spatial
structured models and they require a lot of data (and are
complicated)

* Making use of random effects on selectivity easier to
use. At present the “VPA approach” to selectivity is
much less used than is probably appropriate (but what
to do in data poor cases).

T FeelL (omForTabLe
M mAKWG T™HE SAME

| MmisTaxes OvER AP
A OVER AND oV ER AGA:
I AT LEAST T Kow

| WHAT L PoiNG.

P L
Source: @peter_berner .[ r I |
L

Slideshare.net




Even more issues (Continued)

Dynamic reference points Most of packages do not model time-varying parameters,
particularly in the projection phase. However, the need for “current” reference points

continues to increase. e Fin

Research on parameterizing stock assessment models Bl _

(e.g. facilitate model convergence in maximum likelihood S

and Bayesian contexts). b o oo s
Continued “co-evolution” on diagnostic statistics and L‘” =

1938

development of “best practices” (or at least “common . -
things to think about”).

Stock-recruitment relationships. Where are we with
non-parametric approaches in integrated assessments.
Partitions. How many partitions and can the number of
partitions be changed without recoding?
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Yet more issues (Continued)

 What about size-structured models-I: Most “packages” for size-structured models are
for “data poor” cases (e.g. LIME), with “integrated” size-structured models mainly
bespoke models (with the exception of CASAL/CASAL2). Is this because size-structured
problems are unique (or just the assessment scientists concerned eclectic)?

 What about size-structured
models-Il: Size-structured models
are applied to “hard-to-age”
animals such as prawns, and rock
lobsters. Some of these species (e.g.
abalone) are characterized by
extreme variation in biological
parameters spatially. Do we know
what to do in these cases?
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Because you may end
up with this




Which packages make the final and who
are the winners?

 Multiple “stocks” and species in one assessment.
e Spatial structure

* Age-length models

* Tagging data

Stock structure: GADGET, Poseidon, CASAL

Spatial structure: GADGET, Poseidon, MULTIFAN, CASAL
True length dynamics: SS (Sorta), GADGET, GMACS, CASAL

Tagging data: SS (sorta), GADGET, MULTIFAN, GMACS, CASAL




Which packages make the final and who
are the winners?

* Dealing with random effects and data weighting
“correctly”

* Biological interactions

* Simulation and Management Strategy Evaluation

Random effects (or Bayesian): SS, ASAP, WHAM (RE), Coleriane, GMACS, SAIGE, JABBA, a4a,
CASAL, SAM (RE)

Biological interactions: GADGET, CEATTLE

Close kin general: TBA
Simulation: SS, ASAP, BAM, GADGET, Poseidon, WHAM, MULTIFAN, ada, CASAL

MSE: SS (really?), BAM, GADGET, MULTIFAN, a4a




* Stock Synthesis

*  Many options but access to code is restricted;
random effects only as Bayesian; source code..

* GADGET

«  Many options; limited user data (at present);
slooow

* CASAL

Many options (incl. stock structure); efficient
code structure ; use of MDL; random effects
only as Bayesian; is it developed?

* MULTIFAN

e  Strong spatial structure options; quite slow;
source code? Which model is which animals




Final thoughts-I

« How to ensure any packages are:
 well maintained and documented (with
test data sets);

« efficient (in the sense of not being
unduly complicated by having to
provide specifications for features that
don’t matter or no-one uses);

 who controls the features (and are the
gatekeepers of development); and

 what about automatic template for
“standard assessments”.
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Final thoughts-II

Fishery data

. o o . o W TTT AR
 What about multi-species considerations Lo 2 b
* GADGET allows for both technical and o

biological interactions (but does not fit

Wi ¥ N _-%’F‘ Climate data

to diet data); what about methods -:ﬁ: ?“*-‘ | . - |

such as CEATTLE? : )
* Several MICE models have been AT “"f"'“

developed but they are case-specificby % | | o ;

design. Perhaps this is an insolvable 5-a|:'1 W)

problem? m“ IITJ
* How many stocks do we have sufficient 5 “"““““’ IV

data to apply models with dynamic 24/ — g::ru’m

predation and competition? “Fooe- v

Outline of CEATTLE
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Often it is not the lack of
features that is the

problem but rather a lack
of training. Enter CAPAM
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ldentify a giant and what they are known
for (not Rick, Ray, Mark or Kelli et al) and
you can ask a question!



