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ABSTRACT. Wa considar a Markow chain Manta Caro [MOKWC) algorithm for fisherias stock assass-
mam. The biomass of ths stock al a ghean year could ba modaled as a nonlinear function of tha
teomass and catch for tha fao presious yaars and sevaral pammetars (racruttmand, grawth mia, nat-
urad martality mie), Green a tmo series of annual catch and efort data, we would e © achiowe tho
best i batwaen the data and a class of nonlnearnon-Gaussan stale—space models.

RESUME. On applique un algoittme de Monie Carka par chainas de bMarkos (MCKMC) & I'dvaluation
du sfock dune péchane. La biomasse de oo siock & ure annte donnde peut éire modal=sde comme
une fonclion non iinéaire des biomasses ef des prises aux deux années pricadenies, ainsi quae de
d#érents parandtms recrutemen, [Eux de crossance, Bum de marlalilé natunella). Elanl donngéa une
A IEI'I'I-FIIIFHIIE e CHplures af I etartz, on sculanse pacsvenin au maillew aeeord amn cas dannéas
& e dasss de modiles A eapate dalal ran Frdarsnon [ﬂI.FEH-IE"I

KEEYWORDS : Bayesan nlerence. Markoy chain Monbe Cano, Gibbs sargler, Metropoia—Haslings
Egoriihim, nonlinear siale-space mooals

MOTS-CLES : Intaranca bayésienna, Monle Cato par chaines de Markoy, dchanbllonneur de Gibbs,
afgoriihme de Matropolis—Hasgtings, modéles non lingalm & espace J9'éal
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The purpose of fishery stock assessmeal is 0 cvalualbe the status of a fish stock and
1o predict how the stock will respond o various exploitation or harvest scenanios, Fish
abumdunce is expressed as the votal fish weight (or "hiomass™). Increases in the biomass
are determined by body growth of individual fish in the population and the addition (or
“recruitment”) of the new generations of voung fishes {or “recroiis™). Those gains must
then be balanced ngainst the proportion of the population removed by harvesting (called
fishing mortality, Fiand other losses due to predation. storvation, or disesse (called notoral
mirtality, M.

For each year ¢ = 1.+ T of a period of T vears, let © be the amount of Ash cought,
and £; o measure of the abundonee of the stock vulnerable (o fishing during this year, The
index i 15 a relative mensure of the abundance of the stock, here we use the carck per anir
af efforry (CPUE) (e rutio of fish caught (o the time spent fishingh, We want 1o it o model
o O aned By i onder o estimote the bicmass By, bat also o evaluste shori-tenm
projections for the stock under a number of different Gshing and monagement scenarios,

Following the work of Meyer and Millar [6], we propose 10 adopt a stale-space rep-
reseniation of a defay difference model of the biomoss dynanue, The delay difference
model was onginally introduced by Denso [2] and generalized by Schouie [T] (for a gen
eral presentation see Hilborn and Waliers [4]) The indices Iy p will be considered as the
olbaervaninn process and Oy as given paramelers

One adjusts the parameners of the model o the daa O p and Ty e by a MCMC
iMarkov chain Monte Carlo) method, namely o Mewopolis—Hastngs within Gibbs al-
gorithm. For o general presentation of MOCMC methods one can consult Gilks e al [3].
for a survey of MCMC metheds for nonlinearnon—Gaussian stale—space modeling one
can consull Tanizaki [8].

This paper is organized as follows. In the fist section we deseribe the delay difference
stpie—space model. The scoond section introduces the proposed MCMC method : the
Metropolis—Hastings method within Gibbs sompling The results are presended in the last
segtion,

1. A state—space model for fishery stock assessment

We ane interested in modeling the evolution of the bl mass of a fish populition
vulnerable to fishery {the biomass) along a given series £ = 1. T of vears, Al the
beginning of vear & the biomass By s

B,%Zwﬂ Ny i1
2>k

wheere Ny ¢ 18 the popriation sice al age oin year £, w5 e averoge weighe al age o, and
& s e arpe oo receitmeny (e, the age feoomowhich an badividuil enters the hlomass), The
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first term By = g N i ) represents the reerudtmenr that is the part of the biomass
that has just become vulnerable o the fishery,

We assume that all recruited fishes are equally valnerable o noteral morality and o
the fishery. The unnual evolution of each cohon is described by
Nojp =ty Na—y 41, 12

&y denoites the fofad servival prohabilioe in veor ¢ = L The evolwtion of w,, is given by
the folkowing weighi-nt-agpe growth curve ar, = wo, (1 = e ™=1%=%0)) for g > g, where
fly is the ape for which w,, = 0, and & = 0. This gives:

Wy = (14 p)w,_i = py_a (3

where g = e~ & (0, 1) is the growrh rote. One con easily check tht £23 and (33in (1)
gives the recurrence :

Bi=(l+pla s By =pa s aBi s+ Ry =pse_ywilly. i

with w = wg_y fug & (L1}, Under the pssumption of independence of fishing and
natural mortality, we have 5, = s 5] where 527 is the survival rte to noural mortality,
which i3 supposed 1o be a constant 5™ = =YW with M > 0, and &) is the survival me
to fishery: sf = E‘f‘ whiere © 15 the cich during vear #, Then we suppose (hal the
recruiiment is constand, e, i = Ry, Equation (4) becomes

Bi={1+4pje ¥ —ﬂ—lﬂ' I__ri' By —pe M By IFI.__I:I t S __r';"; By 2

+ (1 —pe My —m’"m__t:" ]-

We suppose that the catch is muall for ¢ < 0, and that By 15 at equilibrivm before ime
= 1.6 By = K {ithe virgin bomass), and :

By=(14p—peV)e (B —Ci)+ R{1 —peMw Bzt

The {deterministict observation equation is fy = g8y for d = 1---T, where Iy s a
relative biomass index and g b5 the “catchabilicy” coeflicient.

State and ohservation error processes are modelized as multiplicative lognommal iLi.d.
processes | Meyer and Millar [6] propose a conditionn] additive Goussign noises). We end
up with the following model :

=K :-t{“-'"g‘;"f‘ i (5]
By = Fy(R, By) x e¥7w Wa, (6]
By = Fi(R Bt Bia) xeVT® ™ =3, (1)
J';:{qﬂt]xe'v"ﬁ"". t=1...T, (4]
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Wy el Vi are N0, 1] Guussinn noises, sancl
SR B = (14 p— e M T8y - 0y # R = pew BiZELY

FR, By Biogl = (1 4 p)e Y lr_'_ﬂlr_f.LI g —po Y H'-H'::'_‘ L_Sr__?_: B2

14 H._I'I — pe —AF Wi Hym =y :I

Here g M i are supposed to be given ond the purameters K, Bog, o, o are supposed
in be rndom varishles, These ponmeters, and the noise peocesses 15,0 aml Ve ore
supposed 1o be mutunlly ivdependent. The a priovi lawsof K, 1, i, afy, o ure specified
Tteer,

This moded is a good rode ol hetween sorplivs production models md age-strsciured
models: on one band surplus produstion models are oo -simplistic din these madels all
the components of the evolution of the biomass ane sgeregated bntooo andgue onel, and on
the other hand age—srogtured models are more sophisticated b reby on age-strsciond
citich disn which nre nod availablke fn most applications

2. MCMC method

Tive caiches £ are given, The parsmeiers g w, sl M ane supposed o be given, In
this Tiesd work, we adso sippose thal the vigiance parmsiers "Er- u'?- mre kndawn, even il
1 1% @ resinctive hypothesds, Hence we wint 1o mfer K. &, g, By from the observalions
Ty Bor the sake oF wwilatiomal simnpdeciiy bel:

Xyp=[K Ry Byl with P=T 4 3.
Oy gl b b0 samgple from the & postenlned wegel density!
P X e Fur). ()
Becanse sompling (rean thes ot condinonal density s nol stranghiforward we progrese 1o
ilae i MOMC wlgorithim, L2 1o builid 5 Muirkoy chain | A.':-:"‘;I,h;._u lieme gl divvarkang
measure is the mrged density (9] ool sinlating tis chain will give sgmples Trom ihe
tmget density,

Wi apply the Chitshs sumpler . wee ilerutively sumple from csch ol ihe morginal condi-
tionudl densitics of X given gther components Xy ey gy (and Fypd e from:

PEX X Do) with A p 2 L., P I (10

|, Forconvervance; & will darote a mndom variable and #s realmaticns, o X ) will danats #ie densey

al #is v (i will alsp coresnend foomibar & density or 8 probabsity measure), ol X V7 will dancdn tha
condinnal densihyf law ol X pean ¥ (we shoukl wisg & — gy [eled ler the conditional dansity of 5
ghan ¥ = i The meaning will be clear from 18 condexd.
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for p= L,...., P Even if these densities sdmin explicit analvtical representations, we
cannot sample directly from them, For this reason, wie use s Metropolis—Hastings algo-
rithm within the Gibbs sampling loop. Each of the previous densitics will be decomposed
as the product of a density we know how to sample from, and of @ likelihood chon we can
compuie cxplicitly fup to o muliiplicative constant) :

PX | X Tyr) f-’p[xpjxxprfl-!':[ W Xy X g Tyer) - i1
p.-.n:-un 'i.:;-
Starting from o given configuration .‘li',':g. wee simphe the next configumton IHT” 5

followas @ et T{*,.f. i III',L then for each component p £ {1 P} we sample a new pth

configurntion
Xp ~ gl | X R,

thien with probabiliny 14 o where

& WX | X A

(k2
L TE A T !

ik

we accept X1 ie. X' = X qwith probahility 1 — 1 A & the pth component is

not changed). All the components pre updated in the same way, After o certain period

{burn-in | the Gibhs sampler reaches its stationary behovior pnd produce samples from the

Reyuire: for each component p: the propesal sampler s ] - [ X, foe) oml the likelihood
¥l Xp| Ko, drr ) (eF. (01D

Ensire: sunpling foom the angel demsity pl X o) el (5905

ki
el inflal guess X @
(T
forp=1,...,F do
XJ = aqf - | Xy ) {samgle the new candidaie )
= u',[.ff.L'{-..P. I.-r:llu"u',.l:_\.',|..3i-.|,. o) lel 1125]
i == IO, 1]
e < o then
X+ X,
e i
emd fisr
k—E+1
ik > kuw i then
return Xy (afier the bem-an period |
end il
end lnap

Algorithm 1: Metropolis—Hastings within Gibbs sampler.
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paosterior density. The detailed procedure is summarnized in Algorithm 1. The marginal
conditional densities and their decomposition between proposal densitics and likelihaood
functions wre partly detailed in the sppendix.

3. Results and comments

We run this algonthm on simulated dota which maich the dota used in Mever and
Millar [6] {themselves tuken from Kimura et ol [5]) The stationarity of the sampler is
ned repched on the component g belore millions of derations, so we chose o frose this
parmmeter o s tree value (e, supposed that i is keown ), Then 250000 slerations of the
Ciibba samipler wene pecformied wnth o bume-in peood of 1000 et

For the simulation and the MOCMC algorithm we wsed the following values: p =
l.w =0, M = 0.6, r;r'i""- = n'f- = {11 {the parumeler g 15 alsn supposed 1o be
known g = 9.3, Maoreover Tor the simelation we use the values i = 2185, amd

i ik . R ¢
K=R =i ,_',,]':iu +:~*-:.-..- = 10733 (which corresponds o the virgin biomass, Le. the
asympiofic solution of (4) without catch), the biomass wme series Br=ipag-..oa7 and the

CPUE one Ti—agi..-peer are simiwlated thoough the sysiem | 5-8),

A illustrated by Fig, |, the match between the paremeters used in the simulation and
the a posterion low infermed by the Gibbs sampler (cf. Figuere 1) i5 foirly good. The
correspondence between the “tree” | simulzied) biomass time series und the cormesponding
a posterion lvw derived froan the Gibbs sampler is also good.

The mnin drawhack of this approgch is that it is computationully (oo sbow ond cum-
bersome, so it seams necessary to use more elaborated MOMC rechnigues like interacting
Mevopolis procedures {Del Moml and Doucet [ 1]} Moreover, it is necessary bo com-
pare this approach o u non Boyesian one {e.g. 0 spproximale the maximum likelibood
estimuior with on EM alporithm}),
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Appendix : the marginal conditional densities

The marginnl conditional densities (100 are

i F‘ll HI-“.i:- i IHll.:']'l i.l.:'l".I
@ plRIK,q Buy, ha)
@ plolK, R B, Do)
B B, R, By, Iyr), t=1---T

For each of these monginnl densities we specify the decomposition (1 1) between the pro-
peoal densaty anad the likelhood Tunction

it} o w2 pl K _

& x =R ) s g By R, ) [-[:__JIH.'*'.|.‘i‘m By, By—sz)

i = =l t-[:_l_ plds g, Hi)

&, = plElK) % plBy| R, By ) p{Bs| R, By, B:) plhilg, B

'!.c‘i: e 4 F':-HJ1H- .H:} x P’I: H].“.t, .Hu, HL]]—":H-IEH. .H:,- Hg:lp'ﬂ.r;rll?, .H,,I_I'

1€y o Fl:-HrHI'-.-H:-:l-Hr-:] = F":HI-G-ItH.HI-Hl-l}F':Hi+2|H.HI-i-I--Hf:|
pidilg. Be)

Broy = plBra R Broa Broa) = plEBr|R Beoy Broal pliv- iy Bro)

vy x  plBy|R Broy, Brog) ®  pidrly, Br)

und the prior densities on the porameters (whose choice will be detailed elsewherne) wre
wl) ~ U400, 4000], w2} ~ U0, 2000], =(q) ~ LT[0, 100} (umiform Liws),
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