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Fisheriesmanagement

1. Precautionaryapproach.

� applicationof risk analysisto �sheriesmanagement

� uncertaintyin forecasting,ratherthanpoint values

� modeluncertainty

2. Ecosystemeffectsof �shing andecosystembasedmanagement.

� environmentalimpactof �shing

� technicalinteractionse.g.bycatchwhichcaninvolve

discarding

� multispecieseffectse.g.predation,competition

3. Introducingpoorlyunderstoodprocesseswith noisydata

increasesuncertainty.
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Uncertainty
Uncertaintyfrom differentsources:

� data:noise,bias! poorlyde�ned parameters

- dataaresamplesof removals

- �shermendonot �sh at random

� modelstructure

- lackof model�e xibility e.g.constantparameters

- assumeconstantspatialdistribution

- toomuch�e xibility – poorlyde�ned parameters

� inconsistentdatasources

� con�ict between�shery dependentand�shery independentdata

� weightingof datasources
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Statistical models

Comparisonof datawith modelledpopulation:

� directuseof data,doesnot requireconstructionof catchatage

matrices

� assess�t of modelto data

� identify lackof �e xibility in modelstructure

� evaluateimportanceandexistenceof e.g.multispecieseffects

� formal testingof interactions

� uncertaintyin data! uncertaintyin parameters

This requires:

� objective estimationprocedures

– p.4/35



Modelling requirements
Requiremodelswhichcanconsiderfactorssuchas:

� multispecieseffects

� bottomupaswell astopdown

� bycatchanddiscarding

� �eet disaggregated

� areadisaggregatedandtimescaleof lessthan1 year

� spatialdifferencesin growth

� predator–prey overlap

� stagedependentmigration

� �e xible: morethanoneuse

� generalecosystemmodelling& assessmentsandmanagement
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Gadget:
An age–lengthstructuredstatisticalmodellingframework.

� Forwardprojectionmodel

� Simulationmodel:Parametric

� Structuralmodels— representbiologicalprocesses

� Parameterestimates

� Estimation:Likelihoodfunctions

� Observationmodels— representthelink betweenthe

populationandsampleddata

� Parameterscanbeestimated

� Datarequirements:Fromnoneto enormous
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Simulation model
Modelcomponentsdescribe:

� Growth: candependonconsumption.

� numberandmeanweightof �sh storedfor eachageand

length

� meangrowth for agivenlengthgroupis calculatedand

spread

� Mortality: dueto predationor othernaturalor �shing

� predationlengthbasedsoaffectsmeanweightatage

� Maturation:canbeageor lengthdependent

� Consumption:suitability functions

� Migration: throughmigrationmatrices

� Spawning: closedlife cycle, loseweightandincreasemortality
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Estimation model
Comparisonof observeddatawith equivalentdatafrom themodel.

� Likelihoodfunctionsto link themodelwith thedata

� Rangeof likelihooddatatypes

� Optimisation:
P

(weightednegative log likelihoodcomponents)

Theobserveddata:
� canbeona coarserscalethanthemodeloperates

� canbesampledirregularly

� datatypesinclude:

- Survey indices— relative abundance

- Catchdistribution— lengthdistributions,agelengthdistributions

- Stockcomposition— ratioof immatureto matureata givenlength/age

- Catchstatistics— meanlengthatage,meanweightatage

- Stomachcontent— biomassratioof prey in predatorstomachs

- Mark–recapturedata
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Lik elihooddata
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Parameter estimation
Issues:

� Contradictorydata— pull solutionin differentdirections.

� Weightingin�uencesparameterisation.

� Needfor objective weighting.

Somequestionsof interest:

� cantheweightsin theobjective functionbeestimated

statistically?

� canthepower termof thesurvey index beestimated?

� areagedatarequired?

� do thestartingparametersaffect thesolution?

� domoredatasetsin theobjective functionresultin abetter

solution?
– p.10/35



Simplemodel
Structure:

� 2 codcomponents:immatureandmature(� 2 species)

� 12ages

� singlearea

� 12 timestepsperyear

� 19years

� 3 �eets: commercialand2 surveys

Parameters:

� Biological: growth, maturation

� Abundance:numberatagein 1styear, numberof age1 for each

year

� Fleets:selectionpatternfor each�eet
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Data

� Landings— assumedknown in thisexample

� Biological samples:

- lengthdistributions

- agelengthdistributions

- agedistributions(excludedfrom estimation)

- ratiomature:immature

� Survey indices:

- two surveys (springandautumn)

- lengthdisaggregatedinto threeindicesrepresenting

age1, age2, age3+

� 13componentsin objective function
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Survey indices
Springsurvey

0 20 40 60 80 100 120 140

0
50

0
10

00
15

00

length (cm)

ab
un

da
nc

e

1992

0 20 40 60 80 100 120 140

0
50

0
10

00
15

00

length (cm)

ab
un

da
nc

e

1993

0 20 40 60 80 100 120 140

0
50

0
10

00
15

00

length (cm)

ab
un

da
nc

e

1994

0 20 40 60 80 100 120 140

0
50

0
10

00
15

00

length (cm)

ab
un

da
nc

e

1995

– p.13/35



Survey indices

6.0 7.0 8.0 9.0
8.

5
9.

0
9.

5
10

.0
group 1

gr
ou

p 
2

84
85

86

87

88
89

90

91

92

93

94

95

96

9798

99

00

01

Spring index

5.0 5.5 6.0 6.5

6.
0

6.
5

7.
0

group 1

gr
ou

p 
2

95

96

97 98

99

00

01

Autumn index

6.0 6.5 7.0 7.5 8.0 8.5

5.
0

5.
5

6.
0

6.
5

spring

au
tu

m
n

95

96

97

98

99

00

01

02

length group 1

8.4 8.6 8.8 9.0 9.2 9.4 9.6

6.
0

6.
5

7.
0

spring

au
tu

m
n

95

96

97

9899

00

01

02

length group 2

10.2 10.3 10.4 10.5 10.6 10.7

8.
5

8.
6

8.
7

8.
8

8.
9

9.
0

spring

au
tu

m
n

95

9697
98

99

00

01

02

length group 3

– p.14/35



Survey indices
Standardrelationshipbetweensurvey index (I ) andpopulation

abundance(N ):

I = qN �

whereq catchabilityand� powerallowing for non–linearrelationship.

Gadgetimplementation,minimise:

` =
X

time

�
ln (I t ) �

�
� + � ln (Nt )

� � 2

whereeither� = 1 or estimated.
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Objectiveestimationof weights

Iterative reweightingprocedure

1. Calculatesumof squaresfor eachcomponentwith arbitrary

initial parametersandall weights= 1.

2. Initial weightssetto inverseof sumof squaresfor each

component.

3. For eachcomponent:optimisationrunwith thatweight� 10000.

4. Theresultingcomponentscoreindicationof how well

componentcan�t themodel= ssei

5. Componentweightsetto componentsize/minimumsse.(i.e.

wi = ni =ssei )
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Combining data sources
Sampling

Column:optimisingrun with heavy weightonnamedcomponent

Row: componentscoreof optimisedrun

LDs LDc LDa ALKs ALKc ALKa

LDs 0.045 0.154 0.361 0.159 0.130 0.401

LDc 4.488 0.892 12.06 7.982 1.945 9.627

LDa 0.029 0.037 0.023 0.026 0.039 0.025

ALKs 0.146 0.597 0.442 0.057 0.103 0.178

ALKc 6.776 13.720 13.860 6.351 2.851 7.467

ALKa 0.065 0.551 0.263 0.036 0.057 0.030
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Model results: parameters
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Model results: �t of indices
Within eachsurvey, catchabilityincreaseswith length.
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Model results: residuals
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Model results: length dist

17 29 41 53 65 77 89 103 117 131

length (cm)

fr
eq

 (
%

)

0.
00

0.
04

0.
08

1995

17 29 41 53 65 77 89 103 117 131

length (cm)

fr
eq

 (
%

)

0.
00

0.
04

0.
08

1996

17 29 41 53 65 77 89 103 117 131

length (cm)

fr
eq

 (
%

)

0.
00

0.
04

0.
08

1997

17 29 41 53 65 77 89 103 117 131

length (cm)

fr
eq

 (
%

)

0.
00

0.
04

0.
08

1998

17 29 41 53 65 77 89 103 117 131

length (cm)

fr
eq

 (
%

)

0.
00

0.
04

0.
08

1999

17 29 41 53 65 77 89 103 117 131

length (cm)

fr
eq

 (
%

)

0.
00

0.
04

0.
08

2000

17 29 41 53 65 77 89 103 117 131

length (cm)

fr
eq

 (
%

)

0.
00

0.
04

0.
08

2001

17 29 41 53 65 77 89 103 117 131

length (cm)

fr
eq

 (
%

)

0.
00

0.
04

0.
08

2002

17 29 41 53 65 77 89 103 117 131

length (cm)

fr
eq

 (
%

)

0.
00

0.
04

0.
08

2003

Autumn

– p.21/35



Model results: agedistrib ution
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Estimating power of the survey
Slopesof survey lengthgroups1 & 2 estimated.

Full reweightingprocedurewith 3 setsof initial parametervalues:

1. arbitrary

2. outputfrom full estimationwith calculatedweightsand� = 1

3. outputfrom estimationwith inverseweightsand� = 1

�x edpower estimatedpower (1 & 2)

I1 I2 I3 I1 I2 I3

I1s 1.09 32.15 91.44 1.31 11.12 15.23

I2s 2.08 0.03 40.95 4.74 0.06 7.26

I3s 0.75 1.49 0.35 2.38 1.08 0.34

I1a 0.08 9.57 19.07 0.02 2.11 3.33

I2a 0.88 0.03 6.36 2.38 0.01 2.38

I3a 0.06 0.16 0.05 0.49 0.17 0.02
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Estimating power of the survey
Estimatedpower terms:

Springsurvey Autumnsurvey

parameters group1 group2 group1 group2

1 0.72 0.00 1.01 1.04

2 1.98 1.70 1.77 2.10

3 1.99 1.69 1.73 1.97
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Estimating power of the survey
Differencein biomassbetweenmodelswith power= 1 or estimated.
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Model without agedata
� Agedataarenotnecessarilyavailable.

� Age readingscanbeof poorquality.

� ! modelwith noagedatain objective function
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Model results: parameters
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Model results: biomass
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Parameter uncertainty
Spatialstructureof datastorage
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Parameter uncertainty
Pointestimatesand�t of modelto data! parameteruncertainty

� observeddatausedto estimateparameters

� parameteruncertaintyby spatialresamplingof data

� needequivalentdatafor all components

� parameterestimationfor eachsetof components

� within model:

- estimateof parametererror

- estimateof errorin biomass,�shing mortalityetc

� betweenmodels— doesmodelstructureaffectparameteruncertainty?

- estimatingpower term

- datain objective functione.g.withoutagedata

- numberof timestepsperyear

- compare�shery dependentand�shery independentdata
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Parameter uncertainty

spring survey selection
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Parameter uncertainty
Total, �shable andspawningstockbiomass
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To conclude...
� statisticalestimationof componentweightsworks— adhoc

approachesunnecessary

� startingparametersnotalwaysimportantbut carerequired

� consistentestimationof survey power termpossible

� agedatanotnecessary– but in thiscaseinformative length

distributions

� usefultool to determineappropriatemodelstructure

� possibleto estimateparametererrorandcomparemodel

structuresusingbootstrappeddata

– p.33/35



and continue ...
� extendmethodologyto morecomplex models

� moreformal testingof models

� useof multivariatenormalratherthannormaldistribution in

objective function
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Website

www.hafro.is/gadget

� Usermanual

� Startingguidefor new users

� downloadGadget,PARAMIN andsimplerealdataexamples

� simulationversionin R whichgeneratesmodels
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