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STOCK ASSESSMENT AND FUTURE PROJECTI ONS OF Bl
NORTH PACI FI C OCEAN THROUGH 2020

I nternational Scientifiick€ogmecites for
in the North Pacific Ocean (I SC

1228 July 2022
Hawai i, USA

= 4

EXECUTI VE SUMMARY

This document ptésstendk ashsee gssemeudtt sf orf bl ue s he

Ocean conducted by the | SC, K SiHA&RKaMS waawgden g ea f u
structuretiambdslockhassessment was conducted
in the current asddesnmemertriiescldada: thpdatgdd 202

i ndi cesspeamnidf isexl ength compositionmnhedm mul ti g

bilmgi cal i nformation, consi ¢ewmndt foonr to)f hyp aatl bt
for the | ate model period, and adoption of an
Stock I dentification and Distribution

Bl ue sharks (BSH) are twiedmpgr di stanbdbobhedpibal
Pacific Ocean. The I SC SHARKWG recognizes two

respectively, based on biological and fishery
the tropical erqautait rog itaH e wtawee rsst selpsa. Taggi ng d
movements and a high degree of mix HbpgtelweerreBSH
i s evidence of spatial and tempor al structure
Catch History

Catch recortdise fNoorr tBhASHP aicn f i ¢ Ocean are | imited
estimated wusing statistical model s and inform
fishery |l ogboojkan,d alkseraverh rsaadored/ss . | at ¢hese
data refer to itnoctlanld tdaegande dr ecnaotvcahl saand dead di sc
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data in the North Pacific Ocean date back to
targeting tunas afndebtultdabhkteaBSHerThe ndatei @r
most BSH in the North PacTdiigeiOceMabtSi ma duared J
account for more than 90 % of t hki gegsge mat ed c
Estimated catches mofl9BSHwWwentd 8P ipghedasitc hf roof

approxi mametyi @apir®a89 1. Ove/[BStHh ee spta sntatdeedc acdae
t he North Pacific Ocean have stfabh®®iBOR 0t o an
(26 ;34680 9Whimikt ¢ .a variety of fishing gears catc
fishefi7Ten (09 t ot al catxdgs adriefrt nete fhiasmmheomi és

Data and Assessment

Annual catch estimates were d€mitecebddahdr sazear
composition data werfer @ ol ptead 2M2®. 29t dn ddredii :
used to measure trends i n Chelndebtsiegei abdagdanceM

thPeaci fic Community (SPC),a@udbBlaShA.c Fi sheries Pr

The BSH in the North Paaiffulcl YOcieifataes gurd,at aardds € S is :
sextructuyr et onomdde$ynt hesi s (SS3; Vv3.30.19.01),
CPUE awgpesexfxic size esopmicosi growtthatcar vsx and
rates were used to account f or -ftehceu nsde-xtuya |s tdoicnk

recruitment relationship (SR) was wused in the
rabedmeer ui trmemtr tafttie n. | SC SHARKWG, however,
research is needed before the SR option is fu

par ambdrefif stoffeofwecundity SR were based on stron
unfisheecsuothkmenThe8CaSHARKWGpt heref ore deter
BevesHho!l ttwiBiRch has been commonl y asatdh egn pellea as
shar ks od enmamg.her

|l nput parameter values for models considered
available information regarding the | ife hist
knowl edge of the hiseéxirgtciamng cfaitcthernty meeatsa.r i ®ts:
t hJeapanese KiJdnakpaain esshea lolfofwevia(b ee & od gstigiftdeastsal | o

t hat operate out of Hokkai do aln9d9 3No hw&ksu Yoad sf
model s i mbltehd S&EhgamgexEdDr the ROC2OWpernoddcégd99
were considered as measures of relative popul
Japanese Ki mk&ixFiggl@),el am@ a Dynamic Factor Anal
composikt ¢ Fimpdied) e Hhe €PHMEosaseder iawepd ivesdi nngp DF
three candi date-sehdi oegl i Hawa sicead eee il aoi nwgal ni ensee |
Japanese resear ch-saend |tornaiampiamege s\@hKd eolkigheesmp al |
index comesthaemsanédli khetgrgets BSH and cover.
main distribution area of BSH, encounters BSH
operational -¢periwed CRUE DIFAd ecxetsbalimbw nismit lhare e
trends andr@PUdEri ved from observer data or res
combined index represents fis$teriesgthbhahaprom
broad range of tha degmtircall | FaciefliectOdeaamean i n
Japanesseshalnldew.
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Model s were fit to relative abundanteasiemdi ces
statistical framewor k. Maxi mum | i koedtiphuotosd, easnto
their variances were used to characterize sto
to develop stock projections.

A model ensebhbdacawmpanisean ofJawamrdedsdi Kisnkai td
l ongl i ne sienddeixn (tSh6e) pur evi ous tahses mp eCaPelEE | anndde xmo

( S11)s othercommamly used model diagnostics (fit comparisons, residual analysis, R

profile, Age StructuredProductioaModel, Retrospective analysis, and Jitter analydidg)not

conclusively identify a better model. Both models showed retrospective bias in the estimation of
absolute biomass and fishing mortality. This issue was improved in the cor(PBs&ite model

by down weighting the large input sample sizes for the/dizese small scale longline length

composition data in 2018 and 2020. Accordingly, the comp@SMgE model was separated into

two hypotheses with and without the dewrighting of the Taiwanese size data from small

scale longline fishery in 2018 and 20Based on the results of these analyses,c er t ai nt y
regarding the choice of BStHdebuearndasemwmk|l ¢e nappgrrae:

assessment. The model ensembl &ewaos sQUPMEE heygpuoat! h e
with theCkeedlbmplhgpotthesi s f ur thhyepo tshegpsaasatveidt h neq
weighting (each 25% of the total ensemble wei
weighting of the Taiwanese size data from s ma
Stock projectiamns caft clhi dmas BSH in the North P
wer e conducftoeadr taesrsnuantiinvge f i shing mortality (F)
l evel -20tiR2@dle7 2) F at the maxi muwey su3) a20%b |

high F than Bvye)age) vad el ¢ wer Frowhimasn average
Recruitment was assutnheed ghnaarn @l 3§ @lwe ¢ 8fiavxiHRYy wpad rh:

t he valt ateerfmionmal year i n 2020.

Projections

Uncertainty i n asitnocaks ssetsastnuesn tf oarnd hper oy ecti on
across the ensemble using 100, 000 samples fro
bootstrap. The median for each management qua
percentived fWwaemdehe c oonbboiontesdt rdai psptiem gbroidd molins
more completely capture the structural and es

20bneff sensitivity analyses were conducted ac
dat/ parameters to explore uncertaintwematthe i
already captured in the three ensemble model s

Stock Status

The current assessment provides the best avai

stkocstatus. The assessment used a fully integr
been updated since the previous assessment. T
and the 2017 assessment was 1ni tthrewaeésof an
assuming alt nati ve anadt ed aptear iwadi hgéhrtU Enigh y po eh e

er
catch, CPUE and size time series updated thro
estimation and size dNata&Coffitsthesrrdyr i;fdt)n datmpfriosvhe

6
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information, such as growth and reproducti ve
assumptions; 5) reconsi ddeorlat iaool)edfapPR incait m@ nt
i mpreuetle ofnaomwtdieds .di ag

Target and |l imit reference points have not ye:
Ocean by either the WCPFC or the | ATbB&se&tock
reference points. The folNlbowihnd®aicnforcm®BtSiHOo waas

provTledmedi an of tshtebcakomaaf r @ n@@héelngensembl e
steadily decreasing trend untiHli dore )EEhd I

a S
The medi an dfr otmmd dhememsa@a&imbFe gradually increas
1980s and suddenl whdrchppdd gant d ysneparse Td@ e  tgh d |
fishing ban, after whi cFh giutrGhyE Dleenmedi ght ofy
annuald ragoement estimates from the model ensemb
sl ilgetcr easing trend over t hewhaiscshe sshmews & elra ro
(Figurke) EBBhe historical trajectorieveaf esit o hlat:
North Pacific BSH had experienced some | evel
showing that the trajectories moved through t
zone, and overfished zonYe rienf etrheer ckgoubpee iphA flost s( r
However, in the | ast two decades, median est]i
overfished and not overfishing zone.
The following information on the status of t he
1. Medi an MBlin 2020 was es sly(m&tlbedcelmtlbleel

ef 8 |
0.570776) and is |ikely (6 5% probability
relativbasedMBE¥f erence points.

2. Recent anonowad i B €Bti matwdh ntdo ovehbaebowf Ft he

stock is very likely (91.9% pr-bbabdbdl ity) n
reference points.

3. The base case model results show that ther
BSH stock is not in an overdiisfhremdotc omad urn roi

relative to MSY based reference points.

Conservation I nformation

Stock projections of biomass and catch of NPO
assuming four diffcearddd20nladmpw e s+ 20N, Fc@inas: : F
20% and eval uatbeads erde IraetfievfeE ntgoe rMpBYES ¢ & o0on t hese
findings, the following conservation infor mat

1. Future projections in three- ro202/LO)f our ha
Fcurrted®O %, cam@80t%) showed that median SSB i n t
wi || l i kely (>50 pmovbabvéstydcemarieaskedt h
medi an SSB.

2. Medi an estimated SSB of BSH in the North P

probabilitgye m@8B i hhabnext ten years for al
Fusy har vesdvd emgr eeads &s SiwsB( Fied wrwe SESSB)
3. There remain some uncertainties in the tim

7
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l ogbook) and timespamsnddncaticmdianas r el iamii t
composition data for several fisheries, th
accounted for in the assessment, and uncer
Continued i mprovements in thei mgpgniéooin dign@
size and sex of sharks retained and discar
research into the biology, ecology, and sp:
Ocean are recommended.

Spemiodle

The decisiorembl admptiebhi ag agm@rseaaamo dfedl d m ngi n
approach was made | ate in the assessment mode
that there wasamse celoaad . b&dht | asse consensus on
approaehcwad mand the SHARKWG showed fl exi bi

I
i mposed by the | ate change on its identificat
appropriateness of the candidate model s. Al th
opportunity for discussion of key model devel
flexibility shown in the current assessment t

The SHARKWG notes that uncert asinmetnyt iins sltiokcekl ys
underrepresented as the model ensemble did no
mortal i tryecoruisttnoecnkt r esi |-k ecwre fwdri crha rdynes mart k w
the future the SHARKWG nwsielmb leen siusr ei ntfhoartmetdh eb ym
anal yses.
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Tabl eEsBEl.mates (‘medicemtahe@s$0of key management quantiti

stock assessment model ensembl e.
Management Unit Model 80th percente of
Quantity Ensemble bootstrapping
Bo' t 1,214,595
SSB t 222,736
In(Ro)" numbers 9.559268
SSBiort t 158,324
SSBio72 t 149,903 104,977 223,884
SSBo20 t 92,954 38,6951 179,870
SSBusy’ t 83,545
Fro71 per year 0.36
Fio71 per year 0.26 0.16-0.42
F2017-2019 per year 0.33 0.18-0.74
Fumsy” per year 0.76
SSB020SSBusy 1.17 0.5701.776
F2o17201dFmsy 0.445 0.2361.011
P(SSBo20>SSBusy) 63.5%
P(F0172015<Fmsy) 91.9%
P(SSBo20>SSBusy
andF20172015<Fusy) 61.9%

*The weight eadhemeeanrs eantbrloessi s gi ven for these quantities
bootstrap.

Tabl ePrbd.ectedmedape@d peswmbdhogmass (in metric tons) for al
Year Average Fusy Average Average

F +20% F-20% F20172019
2022 91,492,191, 7 91,6
2022 90, 885,¢92,0 91, 4
2023 91,083, E593,9 92, 2
2024 93,882, €98,0 94,7
2025 95,181, 2102, 97, 3
2026 99, 381,4106, 99, 8
2027 101, 81,3110, 103,!
2028 104, 81,2114, 105, ¢
2029 106, 81,C117, 108, ¢

2030 108, 80,

~lI

120, 110, ¢
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1. | NTRODUCTI ON

Bl ue Bhiaohkac¢)e (gBSHi)cai s considered a highly mig
United Nations Conventi on?orlhtetye alr &w ao fc otmmeo n3
species found pri marimpwmian ¢trhoe i chad t vivaa tlzar.rse aa fo
BSH popul ations are i mpacted Dbtyampety daompaemnae ret

catches, and their flesh is commonly consumed
Hi storicall vy, BSHs were caught as bycatch in

seas tsuwoar dafnidsh fi sheries (lto et al ., 1993; \
techniques have developed, it (hGlsarlkdad dto ale.w,

and M¢ $oNsiasahkiiz et .alAs, a20@3ult of new food pro
fl eetlsi khealvygBeStHe df or at | east t w® 8deschaadeks .c alpc ht h
only | oosely monit ormsehiaiatn dv eosfsteeln |aoggghr eeocgkast petds da
but st arlt9iéyego nisne rtvhaet i on concerns about fisheri
devel opment and expansion of fishery observer
To address uncertainty about the icontstee viddrn tom
Pacific Ocean, the I nternati odalkeScSiperctiiefsi o 1S
created a Shark Working Group (SHARKWG or WG)
i nformation to conduct st ock iatsss efsisrnsetn tass. s elshsen
BSH stock status in the North Pacific Ocean i
address requests from the Western and Centr al
the former assessmeftld({|l $T&€kabBhashi Rtcelet abdD1
2014 assessment, the |1 SC and VW PMWR@AGscaomrdl udcddadv
maxi mum sustainabBvwey yaertd df ( MFYh hlebmowt a lhiet MS(Y

(FMusy as of 20eleln <aindt @Qa@ddhe Mhel 2014 assessment
both a fullgeti m¢tegrad eadssessment model (SS3:
Wet zel, 2013) and a surplus production model |
Mc Al l¢ sakr, 2006). The BSPM was the primary a
conclusions were drawn due to uncertainty abo
the time and the need to condrueccmematr ¢ ebhbiad li @aqis

The SHARKWG htoa dbeurgehthiyned t he si ze data and exp
selectivities. I n addition,fa@douendiot a dtackk orf e ¢
relationship (LFSR)s (dmapylliocateitomhbthon cBS1PS )e ttemer
specification -oécthiet moEeIREeT&Ua kntsthe ppri mar y

moving forward from that assessment was to im
bi ol ogi cal refeadeNel opmeppoamgtet aumboueedehensses
using a fully integrated model in 2017. The 2
(1 SscC, 20slefr)i.esTidnet a updated through -20d&i flicat c
lregt h composition from multiple fisheries), ne
parameterization of t he tlhdesSWRe lwep e ratv andleadnn ei majy
and-sseaxctured model. The SHARKWGIi agsa Bandsica
St &Stpemace Surplus Production Model ( BSSPM; Carv
with the 2014 assessment (Kai et al ., 2017).

1 United Nations Convention of¢hLaw of the Sea as of 10 December 1982.
http://www.un.org/depts/los/convention_agreements/texts/unclos/UNCI@S htm
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WCPFC concl spadvnt magt st IBdSvBgwbeilodm&sgevae@d f i shing
mortal iFuyv bhet eavent t hr ee yaeaar s afdr dore e21091930 stcee 2 |
(rsc, 2017; WCPFC, 2017).

This document presents the results of the ben
SHARKWG B&H in the North Pacific Oceaf®lusing
Ti rseeri es data updated through 2020, new const
newly devel ePeWE c(pcemptroeshiftoer t ) from tUE&Re®r st anda
| ate ,pereiwodi ol ogi cfailr sitn faopem & tecinadithi cocremogf r d ec hng
two alternati vendlPIlU&Ed hmpoh hiemersovement of t hi ¢

2. BACKGROUND

BSH is one of the most abughdbat debagi bushank
to tropical waters (Compagno, 1984; Nakano an
North Pacific Ocean is highest in temperate p
tropical water st,erass awe lllata st ucdoeosl ehri gahaer t han a
(Nakano, 1994). I n the eastern North Pacific
the upper mixed | ayer, with forays as- deep as
27CpAr edomi( Wangl gt, adnd YOWOPBY of the veagari caXhi b
mi gration (Nosal, et al., 2019). $heg al saeseh
particularly i,wittte ignumamear emdretmlad eN,f amadd | ar
mal es soN.t hl mff @I5lak efleendalseosut h, resulting in a
sout h Nofl MRk wA | | et al ., 2019). I n the sout hwe

preference for surface waters but with occasi
comparabl e water temperatures t&Gttevens .en tahe
I n the northwesternsPraecwdd ca O e assmguntaidwaisitr tf reanas
mi gration between temper ateproaductuibdmddpkF «¢jail na
angddul st enmaded to stay in temperate waters but
mi grations (Kai etiml pre@OtlAi;n Fuhe nldoni t et Padi
females smaller than S5@ccmrpoaeatabealpabangthbeé
approximately 35 and 40 AN. The habitat for s
and 50 AN) and males -080 ardNR&EGnAN)Thdt9 4gur boaudnudl
shairk st he | ower | ati thialeisev each dt aa dlwd trhdreda t € aawtsh
thought to occur i n4 @eAFaugiion aimdat gerte mdet,ween 20

21.Bi ol ogy

211. Stock structure

Within the, BPS3Hs farce Odomamds p merbeogs,h wi th no gene
di stinct hemi {Kherngi etpapul, atiodbgiowagerchitkrei @
abundance is low intabegi hgogrthsmaenkbadt al eave om
document ed movemen(t sFugcirno@smsili rehte ra@u a2aomd Fuj i n
2020; Max we | | et al ., 2019; Sippel .etThhd . , 20
SHARKWG concurs that current evidence justifi
the northern aedescrmnustheck desne sprmhent purposes.
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212. Reproduction

i fifc elgergtcly and satellite tracking data
esAN)2@Gnd puppi-Aa@ Abcunstbetweenh®8&ster
N innortthheast e(r u jPiarca rhiid,c entO pael®p x2nw0e2 Il et &
i ppel Matialg. sc20%6pand fertilized eggs
a, B%83)s corroborated by monthly chan
GSI) and maxamume®O INId kddlrAchéd jLa rt t (eF u jsii rz e
112 o0Md&n 35.5) has been obsdmrwed niamit |
d2wag) !l arger t4#Han(mean R&néi)ngeppoomed
a
r
t
n
a

>~ @

C
i
5

= ol (o) |—\o_'-+§Q
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PO RXTOY T VDQ ODE OGO
QS

@
A
S
d
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g
n
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c(iNfaikca nuc, eRINg 9 h(a2n0i 4 I7e3to aels.t i mayet eanf ann
eproduction, with the potential for a
l'y, althoughepnived ®euegeatrcal.i nduocptbkdi
t gestatidrR enpitn@tahasltleise tr aanmpdn dBle2difmo r9d , !
no, 1994; FupOveamil|l et B&SHs, a2@1¢c¢pnsi de
e to ot her epyeluangyaetru sahgaereéesu ,nbda steyd aom ut h
ctCoret @B/icjl OO &mMi Bhaeé. 201998; . Yokoi e
BSH exhibited the highest productivit
), and h=heO0 .s588)p nweasss hifghBeStH t(han t hose
shoemutrfuismadhglksd , 36) andSewpalnys, ds(wd k Isdvy i
the North Pacific Ocean (Kai and Fuji

oT —>S "o g~
N®O~ZFdc —I "X @
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o

COY—TITZIOTTZOTTBND T 0
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2.13. Gr owt h

Pups are bor n-50t cam festki maetnegd KU iF mehtm~ 3 & 0l ) R C
and adults reach a maxi mum( Haemtg,t hE ©eth)8 8@efrcan t
femal es are consi der(eFdujmantaunti e eahtt albd 69/ s Gcln® )dPICd
(Fuj i nami ,aentd atlh.e, <Rtz dnaaque i ty for mal es i s
siyxxars ol d,( Caespeawmttridamldyd9B&8df Fuj i nami et al .,
1994)Growt h model s for BSH i nprnéwiedwsiltmat Ralci f i

( Bl-Rarcroa et al., 2008; Cailliet and Bedford,

Tanaaket al .FFaclt99%0s) i ncluding sample size and a
attempts, but recent efforts of the SHARKWG a
studies, standardi zing agi ngcotlelcehcntiignuge ss,a mpnlcers
wi der geographic range ($Qj.20HhMi et al ., 2018

22Fi sheri es

The pri maorfy ksnoouwnc eBSH fairaedhda anrgi anolrdamad liitrye f i she
swordfish and tuna,s etnclloundg fniga e€nofsntsltye nsphearlaltoew w
et al , 2016; Kasettlahgli 26 11710 s h=(rKde g ei2m) 1ndo)r.
Sharks are targeted | esbhbsunteivt Asi ahashaukamanakd:
devel opingcdde awecrarmaeda commof(Cbwclaechbtinanlth:
BSH bycatch is often discarded at sea, and th
condition of the released ani malAssandyeovVvVitadobe
Canadi an pneel afgiisch ¢l fog gAtis moawe ¢ tOtaetanmor e than 8
survive after being hooked -bgl aasenmgodirnal i and
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on pobp taggihQammand . 8%l alngppdes?ed le@r)s e mort al i ty
released alive from Il ongl-1n® o 80t redaygsher rved
t he centr al(Hutacchefin sca InOvtuesagnD 2 and Gi IArharm,ouyhl 8 h e
results indicated hiagkeensusvudgl i ndicasefiot h
shasr krel ease e pteheen e@dfr acti on conditions that h
survival for BSH, and post release mortality
27 B0 dHwtscHensah., 2021).

23.Previ ous stock assessments

The SHARKWG conductethreebenchmarlstock assessmentsthe pastThe first assessment

was conducted using only a Bayesian Surplus Production (BSP) model, which was not adopted
for management andassubsequently updat€tSC, 2013) Beforethese assessments, Kleiber et

al. (2009)assessed tretock using data from th& CPFC(excluding theEPO with a BSP model

and a catctat-length modelThe second assessment was conducted twmdifferent

assessment models: a B®Bdel, and a cateatlength analysis using SIEC, 204). The

most recent assessment was conducted in 2017 using-atragaredstaistical catchat-length

model, Stock Synthesis (SS3; Methot and Wetzel, 2013), fit to time series of standardized CPUE
and sexspecific size composition daisC, 2017) Sexspecific growth curves and natural

mortality rates were used to account for taeusl dimorphism of aduBSHs. A low fecundity

stock recruitment (LFSR) relationship was used to charactiezeoductivity of the stock

based on plausible life history information availableMorth PacificBSHs. Maximum

likelihood estimates of modelarameters, derived outputs, and their variances were used to
characterize stock status based on a reference case and to develop stock projections. Results of
the 2017 reference case model showed that feB&iBin 2015 was 71% higher th&®Buisy

and therecent annudf (20122014) was estimated at approximately 37% v Therefore,

according to th@017stock assessmerthe stock was not overfished and overfishing was not
occurringif MSY -based reference points were used

3. DATA
31.Spatial stratification

Thi s assessment assumes a single sto€&€kgunethe
1) .

32Temporal stratification

An annualiDekxaembeaerrtys efrei es of 1D REOSAv@Gys duastead ffoorr
assessment .

33Def i nition of fisheries

The SHARKWG esti mated catches of |IiB@eybeirsher:i
sources. Twenty diffE€aklp@ giyeh@ries were def i
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34.Catch dat a

Catches (metric tons) were providedFbygut 8C2me
Tablle 2he annual catch data includes catches
Chi nTeasiepei / Tai wan, Jualplaing e xKaermoea,t heandRelpS) an
organi zat; olnst dd AAMEr i can TaaPaciafli du@a@amm@wmmti g
Oceanic Fi shéNHesC Rroauugnrtammes ) . Ast he hihghe&9tl 7
catches came faondh Mapiooo. TaAhwapri mary sources
and drift gilslmadtl efri schaagrciheess, ewittibmat ed &nodom pu

recreati and&alatfcihselserwieese compri sed of t®tal dea
and discard mortalities. All the catch data w
fleets with catcimeshhi dW0bsan)f d$qsihd cmaflttnet |
SM_MESH) , Heawti il odgkepne fishery (hhatsleawS_HW_D
l ongline fisher.y T(hrel 8f:1 el HW fSH)i ti ons wer e ch
assessment by selpaarmge h ndgr it hientdoa ptapineeSsfelreye t s
JPN_LG_MESH_EARLY; F9: A4RN_tBeMHSWaLlLtAd Etoma | i n
fleets (i.e., F17 and F18) compared to the pr
separ at emdedhedd afrgret fi shery into two fleets
this fishery had changedffshomet lae elaisghvi $dan i
economic zone (EEZ) of -sleaapsa ndraiffttenre tt hfei sbhaenr yo fi
1993), and the catch-1D68 wiake8 ) earolnisutjpiearncatreid  to r e
2021a). Theheselawaitii olnomd| 4itamed fdleestgst wanst omosthiavl a
by the different target species of both fleet
configurations that resulted US alhseo cratt wen otf r 1
catch of these | ongl i AR2e0 2f0l euestisn g( FAl 7maacrhd nFel 8 )e a
and rescal®?l thaetldivlbased on the hi srtaotriia al bi
calcul ated froudc MhaBame dhe rett O@PE g o 2t0fRel ,a®nual ¢
of other fleets, Me x i ¢ 62 Or (g68 @Nsi asthri wcatke d atnhde Ccaastt
Geniz,n2adé@d)tion to the upd-20@0of{ Fidlhe MEX¢enta
reconstructed theetat ¢(Fd4o0f JPONUKKI &nhgl Fbe OP& _
JPN_ENY _ SH, and F7: -2PROEHYWdDBnefocoas®9@4 and
2019 (F10: JPN_CST_OhlHygh Breasasmwald dat dh neaft
1992 (F11) was rectiomatedctaedchsohgt hheeesount |
2021b), the Republ-Tai pdi KoKeaia etndalCh,i n2622a) .
reconstructed the catch of Il ongline fiosnhery f
| SC memmdmr iec - ECH: f-DIONA 9®Wdas reconstructed us
CPUE of longline fishery and reported total f
seine fishery (Kai et al ., 2022b) e Thhe chati mhe
1997 to complement a | aTlke odatcathed adfattahd oot H ¢
mer el y tuhprdoaudgehol

Annual catch by fleet indicated that most cat
assessmeﬁablpl%arglu))rde he annual trend®97®fs,catch
reached a peak in 1981 and then decreased unt
and gradually decreased until recent yieags s. I
(F8 and F11) had | arge amounts of catch. The
sincealdd®9®0he proportion of the catch in recent
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substantially. The annual cattcrherd d oiftn tthet &I10 1c7e
ssessment .

Q

341. Japan

(JPN) pr
tonnage
_ENY _ SHL

o

n o

l ded estimated catch for
nd gear configurations (F
F7 JPNnNENMY :;DRK)-w@fhfds id Ea w
I ngllne WaswcahegbaeptavzeeedryaBOl’vder@cbeltzsot
| arg6&ml trreamp ekt2lievsedl oying bainmrde cat ches wer e
lsleaaw ( SH)Ys edPd(, ddb@aped on the gear config
at s; HsBeFHBFs h<ald ,ecswe HBF d&8dédfpndi ngs of sha
guent |l y diwealtehree sltoiweart eadeetl cathda sg faserygh otr h € o n
pdarteo t hat o(fe,tgtluencasst )asnpdE lohairdtesd toia ¢eh c at c h e
uding retained and discard/ rel eased ca
dardi zed CPUE and fishing etismetrli1@Bb¢
Hov240 PObecause species disaggregated shark
T lea rflegrrOneeldrE 9 169 P 3was esti mat 210 bFndHi r aok
l apec@CPUEISOBRA 2 0f or -asrmc |-d ®éwp wer e esti mated
laThei cwmhiEdirhfeor mer an dswé ecéotnevrerpgeardi dacht o b
g the mean body (wveairqlotk ab ye t sSkHedsaginltzeiheéBtag b a a
od and the estimated (@Q&@t2dlt)amount can be
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a
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ch
st

JCE~"TRPRPOTO OO MM< &
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OS5 N

Japan akdotpreeidatch time series for driftne
F9 JPN_LG_MESH_LATE; F11 SM_MESH) and a catch
coastal fishery BeFbhelRMIiC2T OQtah) .ons mer at or i
scal e dpealfagiied¢ fi sheries i mplemented on 31 Dec
t he North Pacific Ocean consisted of a | arge
(F8_JPN_LG_MESH_EARLY) and a small meisrgnd rr i f t |
t he highaiseasleBB() efThe | arge mesh driftnet f
stripeldajmiak il)a nrmeuadra xc ®oaf s tJaal p &w8a@iQenr atnhde t he mai n t
species of this f iTshhuenrnyu sc)haalinagBeddn gt @os haill bga fcgor roeu n(d
expanded towar d¢®aeHitNsahkoarneo aentd aflar 199 3; Kiyof u
Meanwhil e, the small mesh &riithFBeantli sheggt ed
squOmdmgstreph)esi matrhhe amii g 996839 s (Dueet stw etheald.e,
the fishery, a substanti al number o ft asrhgaertk s w
species, esplledi8alsl yanBRISH hien begi nning of 1990s
For the esti maha onf orf Bihcamdyegchmte sthy dri ftnet f
of BSH to all sharks from the observer data a
t Jeapanese st atMosritiioakieeirye au Do k( FOBLnamor et hal
estimation of annualt hsemalcheme § lo r d BaSSHt icnaaut gehdt s b
coefficients from four statistical model s (di
and generalized additivef mB&tHd it f rssosmeamitangdliec t o
observer dat ah wape amsmaé¢édry vatroi apbrleedsi cftr otnih el oagr
BSdatches (Fujinami et al., 2021b). Al though
hi gh seas aftthlealpeenebmbregre 1n®e9%s2h, dr i ft net fi sher
(F9 _JPN_LG_MESH_LATE) t aXigehiiangy gnaaldhisws s wed dimi
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ued to opeenxtleusvivdi acdma@m@minc zone, and |
B (Kai and YandQav@6 21t rmtsdFtuenewh it we bie t he
D nc e hoefofsit c iod | c 0 d toaals tlad n dainmdg-noe thiea b d ioth g
g
s

- =+ O

0
h
n
i s , and ot hefrosr; a¥@daOreklsPdNp €1StTe @tihr) an aggr «
s h yt"chhenmsnuafl Xapanese coast ale sfeiasrhcehr yd aw ear ¢
hreat i os of the catch of BSH to all sharks by

p a

d athed2wWgll® ( Ki Adtl®? Keati aln.d,Agann,, 2t©21)2020 val
entatively assumed to be the same as in 2019

~ — ~

34.2. Chi nleasiep e i (Tai wan)

Chi nTeasiep e i (Taiwan) provided estimated catch f
ategorized by ves el F2dnnddée W BMa| EAhWnlgar ge
essels | aaTgper ahad 10O0tthNo birlo aRla ciadA5G@m ©dean (
3, GAONMNS and mabintgydanugears dbnestthse tropi cal
ubtr omandl abwma oirre tthesitleimpeatatael Mgeh@Rillae )
masliclal e | ongline vessels targetin@Tdperast endav e
n the coastal and offshore waters of Tai wan |
et ween 585068 aonfdt elnOOoper ated outside the excl usi
orth Pac(iLfiiuc eQc.eadn , 2021b)

he samage | ongline cap@pPpdfwaBSH sitn madiewan n( t w
5AN hoef emjuchtmaort hwards of 25A) wusii.reg ,t hneo na mnau
PUE ospaciefiic standardized CPUE) multiplied |
wo s epa(rlaitue eatr ealilb.e, c2aG xlha ,amn)d ef f osftor d-2t10& 40 f

020 were used to cal,anmd a&geadntdhrieaalciaztecdh Irianteeasr on
to standardize the CPUE. F2n0 280d dnaetrieo ru,s etdh
maht et bhecalfrcd@th tod BGEMH3. The number of |
rovided by the Overseas Fisheries Devel
g effortscafl eTdiowagn e snee Ifarsgneer yve@ohs bant
an fork lengt-he@BLh WFLh tkheaweflgphhi pW)
“Kohin and Wraith, 2010) was used to calcul

WH SO D CNTONA ZTTOOR<O

Themaslclal e | ongline catc262090¢ wB&MHcuhatTadwasi (
andings from three fishing mar ket ®a(sNanfna mand
sout hwest(elrinu Pedti2 Aabl). ,

343. Republic of Korea

f Korea provi dedhtaunnnau alo ncgal ticnhee sf iosf
n the North Plahd€ofrieca nOada asnt afnrto mval %71

he PacbhbbtB¢ @Ondahasommelhbetespeaadsn
l arly bi geye sapnedcaipegsl,$ bavf k & &snlagcascha
as a problem in collecting the data of
eset ANtad ri eofnarl I nstitute of Fisheries Scie
ection and mdaragBoetnd tswiphadrtartceadmrse sft @erd o f
sgreetciue dh uasm alnidk @ usnmoence lefisc mwtpaic ihe Acsod o gi cal |

~0ow~T "0 —
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Rel at ed( BRfsfh@irks, seapi ptibs ,r escena dt urhtel asnf or mat i
bycatch by species, and have collected shark

| n 2t0h®4 ock adshes KBS Raagd® 72101 1was assumed t o

equal t-aog ggrpeegateesd shark catch reported to the
species reported i n | éogtbbeedrlas kisn d fipwg ebde tacgrd | eya s b |
shar ks, but hawe ficsti bedhhea rikesen YcoKweal@FE3B3 sl ncomm
2019, the Kor d@dmr 8c avtacsh ufparat W8 21si ng the catch
data (Lee et al ., 20193werdeggrsagatsehchriky cyadarh dr
based athatdevelrage to represent the actual t ot
estimated from the raised total <catch. Il n the
di vided i wheaoreewoi patrhes p20id)d wWwhHemaatidrdd | was n
informatlieas information about the catch for

(2022®B18) when there was reasonabl e informatior
speci es. I n the former casg,tohal BSHachtcat wh
(0.52) of BSH catcwhiboet 6t aim sbhbaekveat data in
202318. Il n the | atter case, the BSH catch was
any processi nfg.Kolrhea Repdatl a'¢ 2 i ®2d08ansnta attwedh year
data based on the reported catch.

344. Chi na

China provided annuat hteuantac hl eosn gol pi enBeB Hf i i bsgheegrb r b
Pacific Ocean from 2001 Ghoia2ad DO.g | lrsmped degf 620 k5
catch and effort dg2t0al Svaenrde ea Vi aoirlta bdla@ @fodwe r 220 Cav
The mean annud20@RYEapet i 2007 @ 02H0faf@o rets tdiamaat & o
catch for those hyadartsh.e letf fvoanyy!| aoshseuCrha e Bte ey i n
i ic Ocean was mini mal phrinambttd 20 ®In. 20HI6N
for tHoweasssesthehn®d@fkbiwhdabadasn the pre
k ast se@valsdweti gihter eH o r@gnuwdtnmber was convert e
titaoMdei ght wusing an average body weight (50 kg
QP bhwei-gbngth equations (Nakano, 1994) .
3.

45. Canada

Canada provatdedeanaofiaBSH caught by multiple C
North Pacific Ocean from 1979 to 2020. BSH ha
number of modern and historical Canadian fi sh
fishes; troll, gil |l netOnacnodr hsgep pnhe) sf i Psahceirfiiecs aor
(Sardi no)p,s Aslabgaacxor e Tuna, OamaméE& sNeemphlelsy bag w & pbmii ¢
foreignvantdujei ht sher Mes| ioruBaptodommekei @l

fisheries in Canada are covehmdo wiyd eas dwalkisd altee
|l andings. There are very few |landings of inci
Canadian fisheries was estimdtedgbookn aecombs
197290 ¥ ®r groundfish, salmoandsagqdiKahafgi ahdriSags
2019)Catch st az20i2s0t ifcosr fBoOSH 2dmkedC@datdednf wat ehi s
assessimertth eu ssiatmme met hodol ogy in the previous
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346. USA

Th@SA provided annual catches ofi nBsHt cauldrtt i)
Pacific Ocean from 1971 bwS202GheBSkesdanghtthle
Haaitbiased | omgl iwedhlef laegestt, coast drift gillnet,
fleets, and small |l obhgl Koabi(R20Od®daKesnwegr €¢2p486
Subsengud gatch statistics for the US domestic |

according to the protocol Bualk &dmetrh tefd 2017 290
US Hawai i | ongline catch was tohgeb osoukm coaft c3h cforno
reliable sets, and random forest predicted ca
was adjusted to account f or dDucchaaBdmmembr eal aty

2022a Finally, US Hasweapiar atoendyhidnntedsadddt efpy swmas | e s

( FANKL 8, respectively) for this assessment to
di ffertelrsepad iiah operating area, fishing operat
domestlh andafinsheries, drift gillnet (F15) and
using the accepted protocol s. For the US drif
nomi nal CPUE from observer r ecorr dish eandS troetcarle a
fisheries, catch esti mates were derived from
bot h,caatscels was converted to metric tons.

347. Mexi co

Mexi co provided annual catches of BSHIiIicdawghtca
drift gillnet fisheries opsédarnatilaudiinmg tsh & ha ans tMe
EEZ from 1971 to 3@2t.i fSichncattchhe simecises cs fo
unt il 2006, the annual6 cvwaasc he sotfi nBaStBeSdH r ahsassulndi 7nb¢
been represented in total <catches with differ
proportions were obtained from published pape
detail ed | ocale scauglstt i mai.nIBysHogd ed hgel iamrd ifsiamnhad
which target pelagic sharks or swordfish. Cat
si ze velsisred fliosnlhgeri es and the drifrmatgiidd thet f
construct the hisNioshicaaKibatabbhaelri eat (Boeh B
to 2020 were sourced from annual fishery stat
SADER, the Mexican fishery fauwtnh driivtey Merxao vciadne ds
California, Baja Cal,i famrdniCa | $umra,) , Sipruall a as,h eNa ya
(including (graySHnlitkeaett uaekNel.)s hi2Dd K i, -G&8md aCast il |
201Bhe annual imatlohd SoefdaBSOH ft hée earkcwplif@@2Ps (1
d uteal ack of information about the catch.
348. | ATTC

ThleATTC provided esti mates of BSH bycatch i n t
from 1971 sam20hOoOdsIéver epast ssOICAT TaG,s eEBGite)nt
number of BSHO9 2023kt eéadifmadm obserard bycat cl
observer and | ogbook effort data. Some assump
were applied based on their temperate distrib
were calcul asetl sgpamnayebawy aby Smal | purse sein
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are no observer data, were assumed to have th
area, as those of | arge vessel s. Before 1993,
bycatch rates assumed tid 99da teeqsu awe rteo atphpel iaevde rt
available effort informabhumbebyofeshayphs, wase
wei bQhtapplying an average annuamkaweregdttasobum
| ATTC observer program.

349. SPG@b#h SC

The | SC SHARKWG reconstructed annual catch of

fi sheMoeSCodountries in the western and centr
i n col lwaibtohr atthheondat a manager of SPC (Kai et al
BSHs caught by purse seine fleets was | ess th
most of the catch. Since the publliy domaen re
underreported, the | Nob5Cn#glnecdtusdh ensgy oMi cfroounre sm
Republic of Marshal/l | sl ands and Vanuatu wer e
total fishing effort. fDhMe-hiIS€Endgliere¢é scatnchesi ofg
New Guinea, Pal au, and Solomon I sl ands were e
maijhS@ld@M&:ronesia, Kiribati, Repwmtdhei of M

respectpiovd el i sbbggBeffoaet Papua New Guinea, P
| sl ands

35l ndices of relative abundance

|l ndi ces of relatisfeuabdndanthi 6i aessesERMPIELt we
from 1Fifgudatbde(03 4 couMaipes ,( Capaese Mexi co,
an international organi zation (SPC). I n the p
JPN_EARLY and S6: JPN_LABB)e wwewrde |l usasead dutrhaell
abundance indices (S39: HSWOPOBS3TRORI W, L&nd S:
the | ate period were used IinpoR6e0&gogittiingi tryat
was resolved (Kai, 2019), the CPUE of Japanes
was newly adaedvaes abunalamer i ndex (Kai 20 b

t

a

a : 21
S3 were normalized by he mean CPUE. The coef
updated using the annual CV estimated in the

i nf or nbaotuitont hae CV of SS9 (Rice and Harley, 2014

using the standard error (SE) Tared SHHAR&R Km&an v a
considered all avail able abundance ismteinctes, a
using the same criteria establ itsehrepdo rian tchoev e (Oa
the dat a, statistical soundness and other <cha
Annual CPUE of S5 was the onl(fi gbiadBaecd&@hiende
CPUE indicated a declining trend unti/l 1989 a
were considered as abundance indices for the

and S7) were avaiplearbiloed fforro m hle9 9edn ttior e2 0Ol2a0t.e T h e
relatively stable throughout the period, h i

from 1994 to 2008 before increasing until 202
of S7,héehbeghth of CPUE for S1 was shorter th
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increasing trend, whereas the CPUE of S10 ind
S9 indicated a sharp increase unt.il 1998 and
351. Main abuddaese in
3.5.1.1. Japanese Kinkai shallow early and |

Abundance indiceKi bhbBadl owetriee hpdaayi@ra bdbmde d i nt
Al a0t € me pledr7lDUBHPI RDHD20r esplecttivel ¢gsti mati on of
t he earnl yt hpamsie@donfi c ratio of BSH catch to t
to be the same foas tthlteatpeafitoadr b3 D3I es@d@dUs ect !
catch datbae ffoorrel s¥9a%k4krs|l v abundanamregeddferxo i SWH a t
was used in the 2017 BBZMHlal)sessment (Hiraoka

The | ate abundance index (S6) was developed u
conventional gemreadad hegse dSlUMamgianemadkel zéd addi
mod &ANI( Kai , Sinbezhk aeajch data of sharks caught by commercial tuna longline

fisheryareusually underreported due tteediscard of sharks, the logbook datarefiltered

using the similar filtering methods applied in the 2017 assessntenhdminal CPUE of

filtered shallowset data was then standardized using the spatiporal generalized linear

mixed model (GLMM) to provide the annual changes inaihendancef BSHs in the

northwesten Pacific Ocean focusing on seasonal and interarvaumitions of the density in the
model to account for spatially and seasonally changes in the fishing location due to the target
changes between BSH and swordfish. The estimated annual changes in the CPUE of BSH
revealedanupward trend from 1994 to 200&nd thera downward trend until 2008. Thereafter
the CPUE gradually increased until 2015 and then slightly decreased in recent yea's.

SHARKWG consi der edgotohdediec atnaln £ esf t ©t ek abund:
br oad-tsepgptoir@agle ,c osvteartar st i cal soundness of the s
composition, and | arger catch relative to oth

3.5.1.2. Compokate CPD¥Enawmiba factor analysis

An dternative lateabundance indefor the basecase modelvas based on theomposite CPUE.

In the previous 2017 stock assessment, individually fitting to multiple late period indices resulted
in different population trajectories in the recent period compared to the Japanese-seallow

index (S6). Three of the indices; the Hawanigline (S1), Taiwanese largescale longline (S3),

and Japanese research and training vessel (S7); come from fiiheteedominantly target

tunas, typically via deep setting operations (DuchaBaeh and Vincent, 2020). Though the

Hawaii longline irdex is based on observer data which may more accurately reflect the rate of
BSH encounter relative to logbook records (DuchaBagh et al., 2022ajheuse of this index

was discounted in the previous assessment due to its limited spatial extent. Héveekamvaii
longline index appears to show similar trends in BSH to the Taiwanese longline and Japanese
research and training vessel indices, which have much broader spatial extents (Kai, 2019; Liu et
al., 2021c). The apparent consistency in trend athoss fisheries could present an alternative
CPUE hypothesit the Japanese shalleset longline which seasonally targets BSH. Dynamic
Factor Analysis (Zuur et al., 2003; Peterson et al. 2021) was used to create a composite index
from the Hawaii longlinendex, Taiwanese longline index, and Japanese research and training
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vessel index records (DucharsBarth et al., 2022b). This resulted in a smooth index which
reduced the noise seen in the three input indices but did a good job capturing the overall trend.
This compositeCPUE(S11)declined through the mid000s before gradually increasing

through the mieR010s where the index has remained fairly stable across the last several years of
the model period.

352. Alternative abundance indices

Mul ti pl e alcteesr nffaotri vteh et olmasti ed epreerdi adh veeernes i t i vi t
assessment

3.5.2.1. Hawai i l ongl ine
Abundance indicesetftomrntdshesthldaavegwii e efpi sheri es
with delta | ognor mal modemst s i 2@l Dbhasesees mamt
2016) were upd®dwuedth aBrdmetohu gent) POIR.Oug2@2 2a st andat
CPUE for each index was similar tdhehshpt éwviwo
set fishery was 1| &p &dt0edd dbuye ctloo sbuyrceast cBhe tcnonc e r
fishery was not similarisetafffieahteead. whise riemgde xd
option for an alternative abundance index.

3.5.2.2. Tai wan | ongline

Abundance iTadweanksgedlomg!| i ne fishing vessels o
Pacific Ocean duri0mg uwedracped i osli ond a@pddhtca | o:
with obserTwher sdatnadar di zed CPUE of BSH showed
2021c) .

3.5.2.3. Japan RJTIM nleon

Théuadance iJapdnese refearch aridhraning vesSalsIPN_RTVs) longline
fisheryf rom 1994 ane w2 §2 @ 8&Hmbuodpneadexin the North Pacific
Ocean (Kai, 2021b). A statistical filtering method was used to remmanetiable seby-set data
after 2000s collected byp_RTVs (Kai, 2019). The nominal CPUE of theNl RTVs was then
standardized usingspatiotemporal GLMM. The predicted abundance indices of BSH revealed
a downward trend until 2008 and an upward traftet that,with a stable trend in recent years
(Kai, 2021b).

3.5.2.4. Mexico |l ongline

An abundance-2i0Rde wafsorde2@0 ® pewi tulsi dagt a dHhtMa immo
through a pel agic I|FerglSvelesdze b se)y Virirs par&@l2yasn o
foused on eéemei edhment @af factors such as sea s
nearest point @ametahd acaadsts. arb¢ StSiTmeefaance t empe

SSTanomal i es, di stance to the obastghyebdourar
fishing set were all significant factors incl
a relatively stable trend with a sharp descen
abundance i ndceoxsiidetrtead .peri od
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3.5.2.5. SPC |l ongline
The same relative abundance index d€0éPBoped w
the 2017 assessment was included (Rice and Ha

36.Cat-ahength

Annual |l ength cotgpatsa tfi omifaddeljeafodf exddtl md@ntri es
Chi nRTeasiepei |, Japan, Mexi co and US) Sespeanfiaoter
data (including unknown sex) wer e Iirfeoprokr t ed i n
l engtih ot BL Ilieandtehr gaAle Wlkench is the | ength fro
first dorsal fin to the | ewasaenigsegdgenvolfytdenws
precaudal ilrewmogmmimg( PCshery specific conversion
foll agrm@dn conversion equations.

PCL = (FL I 0.894) + 2.547 (1)

PCL = (TL T 0.748) + 1.063 (2)

PCL = (AL T 2.462702) + 12.7976 (3)

The coordinates where the samples were taken
spatialsyzexphdcséx structure. Some ,data were
whereas some were summadr ilZAed 5iAntl o 59iapqireal 12 0kl dz
2016 )For the @a9pees s mentyr orepeat dywdrnes her y.

3.6.1. Japan

| n jtsdtzel d8@9®4,ion6donvi dwekcoeBEHst ed bet wWeRemha®d,6 7
2021)67% wérf & bdweo mmer ci-ahaKiolwal ongline (port

foll owed byf  rroensietamecthildoantgd2 3 %) and the ratio o
was |l ess than 5%. Gevwmertallloy,glB St aneghta nb ya ndde
160 cm precaudaeld d elmegtlhar PeCrL )t h@mdt hat of ot he
mode: smabOecmtRBR@hb). Annualombharegd dfy RG@QL a( seo:
indicated no major or continusbhsaltomeaddetampdco
coast ahder iafntdnet fi shery bebhreeesena r2c6k0e8 haankdd 6200 2 0 ,
2020nNd -seep0926Y) I|lJamparlni ugp.dated the size data
F5 and F7) unmmebh26eDfandtl AFgets (F8 and F9)
align the fleet definition awiat hofc aF250 fif 5odr& t2a0n® 9J
the previous data file and added those size d
of F8 #8319aa4d F9 for 1994, 1996, and 1998 u
(Semba, 2021, 2022).

Kai eetB2ldi gitally extracted the | ength compos
by Canadian observers in the Japanese flying

Mc Ki nnell and Seki (1998). The di zompaotsa twan

for F11, -combitnkead dexigt h ¢ ompaiatcloodnns odattead i n di

smaslilzed BSH.
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3.6.2. Chi nleasiep e

RTeasiep e | provided newbtmragmedh i smadbllle Isozgl dmae af

20: ( FAOW_LG) (Liu evR028D. (F20213aAl Wn8MRO(LPR
b), respectibyé@dpreciTmensiwer @ ac @l lodct ed by
d the Tacalbemetsencdsadidyleg i ne diazagre@atcaned
Hsy awigdahe mean si ze efBNBSHssiggmi fairceaan tBl y( Os ma |
at in ar2édaN)A (Noorstihgnaffi cant sex segregati on
e SizE7D&fmged e210600n TL A namd eB, Mhlees pewdr avged ysi
BSHs cdawgwtankey etalbenat bna | ongl 1 8@m waarsd els&85 m
nFL f or females and mal e swe freeussmpdetcita pried eyl. arud e
ubtr opmbwudl as@med smowe of tempfeoan @hmamemhkel est m
sizes for both sexes were found in season 2.

WOoOOoO~TTWOTNNQO
>SS mMmooo=

36.3. Chi na

Size data f
were provid
al so provid

r 2146 BSHs measured by @2bBb&48&rvers
d in the pieai opsaasdes bmeni zenda2
d newly avail able size data from

364. USA

X composition dathasedl Il mntged d nkey fols
Dowand t e alS Oweesghonafposahsitn gt on) dr i f
hery were included in the 2017 ass
X compo ®iutihabBhametalt ae Jt ha hodu,gsh@ @ad2adt e d
| Haevaif i e §tF1li7ntaoc dt @& 8fplceatt 3 on wi t h
nd remo2d®d 2t He osni 2 é edwplriecvli owasd $9 r&iec
the sectorizati ¢DwucohfaBranheeht g .Abngl 2022al ee

365 Mexico
and sex comP@Diktd lonedtaed Wwyromger vers op]

yed&i rEnMexmiada and San Carl os Ra&Osléd | ongl
s me RGe n(i Za settiTlaléss ¢ 204 &) amd daexa oemgosipdiad

n O

366. No+#h SC

ovided newly avail able size datmaopifcalon
opi cal areas in -2ABBONOFfiA) Hatdhnka s i @Dreccd a
si adwdrme nr drhev & iSLCe meantbeae ro fc oNlonrt r i es .

S5 O
= =
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4. | NTEGRATED MOOELPDEGSGN
41.St ock Synthesis software

As in the previous stock assessment, the present assessment was conducted using the SS3 model
(version 3.30.19.01 Descriptions of SS3 algorithmsangdoi ons ar e avail abl e
Manual (Methot et al., 2021), the NOAA Fisheries Toolbox webkiteg://nmfsfish-

tools.github.io), and Methot and Wetzel (2013). SS3 is a widely used integriatistisal catch

atage (SCAA)Model platfornthat has beewidely usedor stock assessments in td§, and

also throughout the world (see Dichmont et al., 2016 for review). SCAA models consist of three
closely linked modules: the population dynamics niedan observation module, and a

likelihood function. Input biological parameters are used to propagate abundance and biomass
forward from initial conditions (population dynamics model) and SS3 develops expected data

sets based on estimatedofelectivly, and catchability (the observation model). The observed

and expected data are compared (the likelihood module) to determine best fit parameter
estimates using a statistical maximum likelihood framework.

42.Gener al characteristics
421. Assessment strategy

The derelopment of a stock assessment model is comprised of the model processes, data, and
statistical methods for comparing data to predictions. Systematic misfit to data or conflict
between data within an assessment model should be considered as a diaigmostet o
misspecification.

Unacceptable model fit (i.enodel predictions do not match the data) can be detected by either
the magnitude of the residuals being larger than implied by the observation error, or trends in
residuals indicating systematic misfdata conflicts occur when different data series, given the
model structure, provide different information about important aspects of the dynamics.
Unacceptable model misfit or conflict between data can be dealt with by either data weighting or
model pra@ess changes/flexible model parametrization.

Because it is difficult to determine the underlying cause of the model misfit and conflict, it is

often assumed that some data are more reliable than other data for determining particular aspects
of the populatin dynamics (Francis, 2011). The goal was to create a dynamic model of all the
available data that fit the data well and was internally consistent. Internal consistency implies all
data are fit as well as their observational errors and trends in resadeiagnimized. Important

aspects of the dynamics (scale, trend, and relative scale) should be derived from the most trusted
data sources.

The modeling approach is summarized as follows:

1. Selection of the data and estimation of the true sampling error;
2. Development of the initial model with original sampling error;
3. Determine if CPUE indices have information on scale and prioritize data;
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4. Run stock assessment model;
5. Apply model diagnostics;

6. Modify or add additional procsess based odiagnostics and complete steps 4 to
6 againuntil aninternally consistent model is achieveahd

7. Reweight the data and/or fixed the parameters as needed.

The moded retained for the ensemhised the CPUE series recommended by the SHARKWG
(JPN-earlyand JPNate; JPNearly and Composit€PUEIate); the best practice approach for
weighting size frequency data to ensure that the data did not overwhelm the abundance indices;
sigmaR of 0.4; initial catch fixed at 40,000 mt, and the steepoE8%513.

4.2.2. Par amet er esti mati on

SS3 estimates population and fishing parameters by minimizing the negatlikelibhgod of an
objective function from the provided input datasets or assumptions. In this stock assessment, 329
parameters were estimated, of which 160enactive parameters. These parameters include: year
specificF for each fleet, parameters informing selectivity, stomiruit relationship parameters

(the log of virgin recruitment (In(R0)), the steokcruit deviations, and initidd.

423. Data weighting

It is well known that the results of fishery stock assessments based on integrated models can be
sensitive to the values used to weight each of the data types included in the objective function.

The weight given to each data point in a stock assessment imoeéstrmined by a measure of

the assumed size of the error associated with that point: typically a coefficient of variation (CV)

for abundance indices, and a sample size for composition data. If the data weighting is changed,

the balance between the difat data sets is changed, and thesp@irameter estimates change.

Punt (2017) provided a comprehensive review a
met hods for | ength composition data. The iter
potential for particular data so@xto have a disproportionate effect on total model fit, while

creating estimates of uncertainty that are commensurate with the uncertainty inherent in the input
data. In this assessment, data weighting for CPUE and length composition data were conducted
using a twestep data weighting approach; calculated the variance adjustment factors for fleet
specific relative abundance indices (CPUE) and-#petific length composition data (Francis

2011; Courteney et al. 2016).

The CPUE was weighted using the G3b(rteney et al. 2016). The procedure is as follows:
1) The mean annual C¥ (w ) is calculated for each CPUE series;

2) The root mean square error (RMSE) on the natural log scale of CPUE is calculated using the
following equation:

YO YO - 1 T#£05%1 1#05 % (4

wh eNMies t ot al mafmbiermr p att GRWHE 52 fmer sefalSessd (et
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ge estimated CPUE from a LOESS smoother.
rithmetic scale are approximately equal
MSE can be regar dedhi)asf car nme anci muGP WA esreargiee

3) Ildwthedw, the adjrusatnment for each CPUE seri
by adding the vabwe +t oo atrh eanawe raadg es s@G\Vme(nt ) and
in order to maintain a certaowm | ew¥®l, afhevari a
vaance of the CPUE series was not adjusted in

The calCdulantded ecommended var i anicaeb laedAGursu arie nt
changes in the residuals between fitted and o
CPUE were aFispursdlidden viad ufeser o$1, S6, and S7 we
those@w ef so that the variance adjustment was f
results, so the variance adjustment was added

The I ength composéedtdi basddtanwdewwewghghting,
by reducing the variance adj,ut9t meduckather eff
| arge samplsegesiidea cofl efnlgaeht composi ti on dat a T
factaté o6t eets were set to 0.002161 (50/ 23142
average sample size of fleetd (F4: JPN_KK_SH)
based on the wide operational @ar eanoiumtt logd méaie
from small to | arge fish, and the prolonged o
2031}). I n addi fiTIAD.0Q F rt a2e@ INsewtalso dappl i ed t o down w
composition d .n Vhae imebtiHadd yi § nbasheed odbbser ved

at a
the sample sizes are adjusted such that the f
i nte

uncertainty i rvals at a rate that is consi
smpl e si zes 20l h@udt ceat measl AToX .08 rhee dMemlaardi lzee d i n
7. Since all the suggested multiplier was | arg

iled to thehesi ze compos

weighting was only appl
all the selectivity curyv

parameterization for
424. Uncertainty characterization

Three alternative model configuratidnmaking different assumptions on the late period CPUE,
were considered in developing the 2022 stock assessment. The diagnosteadnamodel

were carefully scrutinized and the WG agreed that a single best model could not be distinguished
based on diagnostics alone. As a result, uncertainty in the current stock assessment was
characterized using a model ensenthlcombines the statural model uncertainty from the

three different model configurations with the estimated statistical uncertainty from each

individual model. This is a similar approach that was applied by the ISC billfish WG (BILLWG)

in characterizing the uncertainty fibre 2021 Pacific blue marlin stock assessment (ISC, 2021).

The statistical uncertainty in key management quant8&8&(F, recruitment, SSB/SSBy and
F/Rusy) for an individual model in the ensemble was characterized using 100,000 samples from

2 Described in Section 5.2
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a multivaiate lognormal (MVLN), parametric bootstrap. The MVLN approach as implemented
in the R package ss3diags (Carvalho et al., 2021), preserves the correlation structure between
estimated management quantities. Samples from the parametric bootstrap ofteat¢hret

models in the ensemble were combined into a single distribution according to their assumed
weight (described in Section 5.2.4). The median for each management quantity and associated
uncertainty (e.g., 80percentile) was derived from the coméihdistribution in order to more
completely capture the structural and estimation uncertainty in stock status.

43.Model structur e

A list of biological and spawneecruit parameters between previous and current assessments are
shown inTable 8 Some paramete of the growth curve, spawnrecruit steepness, and the time
period of main recruitment deviation wargdated slightlybut the same values assumed in

the previous assessmewgre used for most of these parameters.

431. Popul ation dynamics

The model paitions the population int@5 yearly (324) ageclasses in one region, defined as

the North Pacific Ocean. Thelastagéd ass compri ses a Aplus groupo
ot her characteristics are assumedodelatysatyant . T
time steps, extending through a time window of 22@20. The main population dynamics

processes are indicated below.

4.3.2. Sex structur e

Past knowledge indicated that BSH in the North Pacific Ocean exhibited substantial size-and sex
structure ptierns through space and time (e.g., Nakano, 1994; Fujinami et ald)208& use of
sexspecific fishery and biological data is therefore needed in this assessment. -Tégosex

birth is assumed to be 1id the modebecause the ratio of male tarfale embryos was not
significantly different from 1:1 (Fujinami et al., 2017).

433. Recruitment

I n this model Arecr ui tOfisk. Mhe tesultssvere dedvedaigingenar an c e
recruitment episode per year, which is assumed to occur at thefsacdh year. Annual

recruitment deviates from the recruitment relationship were estimated but constrained reflecting

the limited scope for compensation given estimates of fecundity.

A major change to the model configuration is the assumed shape addkeesiruitment (SR)
relationship. A lowfecundity SR (LFSR; Taylor et al., 2013) was used in the previous stock
assessment to explain the lower survival ratio prior to the recruitment after paRigare(5).

Although the application of lovfecundity IR is theoretically reasonable for elasmobranchs, the

WG decided that more research is needed before this SR option is fully operationalized in ISC
stock assessments for sharks. In particular, the paramgadff) of low-fecundity SR were

based on stranassumptions relating to the unfished SR relationship in the 2017 stock
assessment. The WG, therefore, determined to use the Bekdaite&R in the 2022 assessment.

Kai and Fujinami (2018) developed the simulation method based on Mangel et al. (2010) to
estimate probable values of SR steepness ( )
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steepness ( = 0.613) was wupdated in this ass
such as growth and natural mortality for females (Fujinami é2@21c). In order to examine the

effects of assuming an alternative SR, sensitivity analysis was conducted using the LFSR
assumption (see section 5.3).

Annual recruitment deviations were estimated from the information available in the data. The
central tendncy that penalizes the log (recruitment) deviations for deviating from zero was
assumed to sum to zero over the estimated period. The M@arfd annual recruitment deviates
were estimated by the model. The offset for the initial recruitment relatiVewas estimated in

the model. The deviations from the SR were estimated in two parts: (1) early period recruitment
deviates for théenyearsbeforethemain modeberiod; and (2) the main recruitment deviates

that covered the period 192D20.The period of main recruitment deviation was changed from
19902013in the 2017 assessmérdcause there were a few years of size data before 1990.
Recruitment variability (Sigmd#r) - the standard deviation of log recruitmemtas tuned by
repeatedly changing the value using the following equation:

YQOAYD 060081 0 QORQE(Q (5)

whedevsard s nslecates recruitment deviations anif
deviations, respectR weelrye. cTahlec uvlaal tpeads kbayg euSsi i gnnga
(Taylor et al., 2021) and the value was finall

A I-boigas adjustment factor was usedmbobl gssuseéeri

recruitmentusbwasedme883dafi oed tffhoen cltad g sheiod s

just ment i mplieeR hyo tbhee csomesciisftieend SsMiginha t he

e recruitment devi ates. Bias adjustment par

11) were adjusted uspogtsheetb® estht mat eti Akt eM
ustMexitmum Post BIPDPwas Dfeinsed ytd 0.5 based on
f

a
t
2
a
t inal stage of the conditioning.

oOQ O o

o —

434. 1 niti al popul ation state

It is not assumed that the BSH population was at an unfihesl of equilibrium at the start of
the model (1971) as significant longline fishing occurred in the region from the 1950s and in
Japanese coastal waters prior to that (Okamoto, 2034¢ad, the initial BSH population was
assumed to be in a state ofigitprium with 40,000 mt of catch by the F4 fleet (see Section
4.4.2).

The population age structure and overall size in the first year is determined as a function of the
estimate of the first year 6s r ecftheinttiahent ( R1)
0 e g ui | FH(desciibedimdSection 4.4.2and the initial recruitment deviationdescribed in

Section 4.3.8 The size data were found to be uninformative about initial depletion and

recruitment variation, angnyears of initial recruitrant deviations were estimated.

435. Gr owt h

Sexspecific estimates of growth from Fujinami et al. (2019) were assumed in this assessment.
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The length at age relationships were based on reading vertebrae samples from 620 females and
659 males, ranging from abo® 8 258 cm PCL (Fujinami et al., 2019). The standard
assumptions made concerning age and growth imtudelare; (i) the lengthatage are

assumed to be normally distributed for each-@gss; (ii) the mean lengtied-age are assumed

to follow a von Betalanffy growth equation used in SS3:

0 0 0 0 Q (6)

whereL1 andL; are the sizes associated with ages near a firsttapgar(d second agé\y), Lo is
the theoretical maximum length, akds the growth cefficient. K andLp can be solved based
on the lengthat-age;Lp was thus rgparameterized as:

o 0 — (7)

The growth parametet§, L1 andL, were fixed in the SS3 model, wikhat 0.147 (0.117) yfor

female (male) antdi andL> at 64.4 (68.2) cm and 244.6 (261.3) cmAerage 1) and\; (age

20), respectively (Fujinami et al., 2091A CV of 0.25 was used to model variation in length

age. The value of CV was fixed &acommon value used in othana and turndike species stock
assessments. No attempt was made to estimate growth due to the uninformative nature of the size
data to track cohorts through time. All lengths listed are precaudal length (PCL) unless otherwise
specified. The parameten§the sexspecific Richard growth curveFifure 6), derived from

sexspecific vorBertalanffy growth curves, were almost the same as those used in the previous
assessment in 2017.

436. Natur al mortality

Age and sex speci fic n addenedirathis agsessnent.lThey wereo gi v e s
calculated under the assumption that mortality is inversely proportional to body length

(Lorenzen, 2005), and a constant natural mortality rate derived from thenayais (Campana

et al., 2005) was allocated to eae class. The estimation procedures are described in Kai and
Fujinami (2018) The sex and agespecific natural mortality rates were updated using the newly
available growth curve parameters, resulting in natural mortality schedules almost the same as
those in the previous assessmdrgl(e 9, Figure 7).

437. Maturity and fecundity

For a shark stock assessment, it is critically important to estimate the correct units of spawning
potential. This assessment considered a single maturity ogive and did not cagsitisrgth

specific changes in fecundity in the final set of model runs. For the purpose of computing the
SSB the WG assumed a logistic maturity schedule based on length with tas-50%

maturity for femalesr(= 431) equal to 156.6 cm (Fujinami &t 2017) Eigure 8).

438. Lengvteh ght rel ationshiop

Sexspecific weightat-length relationships were used to convert body length (PCL) in cm to
wholebody weight (W) in kg (Nakano, 1994). The specific weighilength relationships are:
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w vy YPyPpmo?d |, forfemale. (8)

© o wppmi?d | formale. 9)
These weightt-length relationships were applied as fixed parameters in the niageid 9).

439. Pl us group

For any agespecific model, it is necessary to assuheenumber of significant agdasses in the

exploited population, withthe lastagel ass bei ng def i nalldishafshea fApl us
designated age and older. For the results presente®Beesgrly ageclasses have been

assumed, as age agproximates to the age at the theoretical maximum length of an average fish

for male (Taylor, 1958).

44Fi shery dynamics
441. I nput fishery dat a

The input fisheries and survey data consist of catch, catch/effort (CPUE) asyges#ic length
composition dataRigure 10). An annual (Jan-Dec 31) timeseries of fishery data for 1971
2020 was used in this assessment.

442. 1 nitial fishing mortality

SS3 has several approaches to start from a fished state and two of these were considered for the
previous assessments (ISXD14; ISC, 2017). The first approach involves assuming an initial
equilibriumF, while the second approach, that was used in this assessment, involved assuming

an initial equilibrium catch. Whichever approach is used, it is necessary to specify aigelecti

curve to apply either to thfeor the equilibrium catch. The SHARKWG decided that catch was

easier to fix in a pragmatic way, i.e.Hfwas fixed, then catch can differ depending upon

estimated abundance resulting in an unintended discontinuitygl@aret al., 2017). In this
assessmendsingle value for equilibrium catch was assurnd@,000 mt based on the 2017
assessment. The value represents approxi matel

The selectivity estimated for one of thepdaese fleets (F4: JPN_KK_SH) was used for the
equilibrium catches as it dominated catches in the early years and its selectivity was not extreme
towards small or large fish (Semba, 2021).

443. Selectivity

All the selectivity curves were assumed to be doubtenabwith defined initial and final

selectivity levels (No 24) except that highas drifinet fishery (F11: SM_MESH) and US

Hawaii shallow set fishery (F18: US_HW_SH). Since F11 has only one year-cbs#ined

length composition data with different sizef length binsthe generalizedizecomposition data
option in SS3vas used. A more flexible cubic spline selectivity function withggaecific offset

was used for the F18 in order to achieve a better fit to the bimodal distribution seen in the length
composition data for this fisherg time block of selectivity was sé&ir F8

(JPN_LG_MESH_EARLY) to explaiadistinct historical shift of body sizdue tothe change in
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the operational area and/or target fiShmilar to the 2017 assessmeirhe varyingselectivity

wasapplied to F19 (TAIW_LG) to improve the fits to the size data. At the final stage of SS3
conditioningthes el ect i vity par amet egexceptforFBandpl@vdsogi t o f
fixed at-6.0 because the paramaterereuninformedby data andhad no impact on thenodel

outcomes.

The -sspeexci fic selectivity parameters for 13 f1l e

F5: JPN_KK_DP, F7: JPN_ENY_DP, F8: JPN_LG_MESI
JPN LG _MESH_ LATE, F11: SM_MESH,, FRM47: NON HVBCDOF
F18: US_HW_SH, F19: TAIW_LG and F20: TAI W_SM)
selectivity patterns totfh e tsheelra cftl oevert syl pwoshitdd nngi r
similar (Dgpklnatli®dns

45Li kel i hood components

Theassessment model fit three data components: 1) total catch; 2) relative abundance indices;
and 3) composition data. The observed total catches were assumed to be unbiased and relatively
precise, and were fitted assuming a lognormal error distributionastiéndard error (SE) of

0.05. The relative abundance indices were assumed to hameroglly distributed errors with

SE in logspace (log(SE)) which was log(SE)=sqrt(log(1+#)Vwhere CV is the standard error

of the observation divided by the mean eabf the observation and sqrt is the square root

function.

The composition data were assumed to have multinomial error distributions with the error
variances determined by the effective sample sizes. Measurements of fish are usually not random
samples fronthe entire populatiorinstead they tend to be highly correlated within a set or trip
(Pennington et al., 2002). The effective sample size is usually substantially lower than the actual
number of fish measured because the variance within each setisisulpstantially lower than

the variance within a population. For this assessment, the input sample sizes for each fishery
were rescaled by a constant so that the average input sample sinedistrery with the most

fish sampled (F4) was approximat@§). Therefore, the input sample sizes varied between

fishery and over time, depending on the sampling that occurred for that fishery and period.

The recruitment information was also included as a likelihood component. This component
allows the estimatioprocedure to account for the deviations between recruitment estimates for
individual years and predicted values from the estimated SR curve.

46.St ock assessment model di agnostics

Diagnostic tests are important in determining the robustness of estimateségemeent advice

in integrated stock assessment models. There is little guidance and few objective criteria to
determine how to best summarize the results of integrated assessment models, determine if the
model fits the data adequately and if the modelaB specified (Carvalho et al., 2017).

Moreover, it is very difficult to easily evaluate convergence or identify problematic areas given
the large number of estimable parameters in these assessments. However, selection of
diagnostics, in other words, a draostic toolbox, is recommended to increase the ability to detect
model misspecification while acknowledging that the use of multiple diagnostics may increase
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the probability that a diagnostic test results in a false positive. In this context, Canallho et
(2021) proposea series of interconnected diagnostic tests that should be carried out to establish
a base model or an ensemble of candidate models.

46.1. Resi dual anal ysis

The main approach used to address model fit and performance was residual analydisl @i

to each of the data sets (e.qg., catch, indices, length/age compositions, discards). Any temporal
trends in model residuals (or trends with age or length for compositional data) can be indicative
of model misspecification and poor performancés tiot expected that any model will perfectly

fit any of the observed data sets, but ideally, residuals will be randomly distributed and conform
to the assumed error structure for that data source. Any extreme patterns of positive or negative
residuals arendicative of poor model performance and potential unaccounted for pesoess
observation errar

The runs test was used to evaluate the residuals of the CPUE indices and size composition mean
length trends. This is a nonparametric test for randomnebs isequence of residuals (Carvalho

et al., 2021; Wald and Wolfowitz, 1940). In other words, this test usesde@ pvalue to
estimate the number of positive or negative r
composition data that fail the runsténdicate that there may be a pattern in the residuals and

the model is unable to fit the data well or is 1specified.

46.2. Agsetructured production model ( ASPM)

An agestructured production model (ASPM; Maunder and Piner, 2015; Carvalho et al., 2017)
diagnostic was implemented for this assessment by fixing selectivity to its estimated values in
the fully integrated stock assessment model, fixing recruitment equal to the SR curve obtained
from the fully integrated stock assessment model, and then esgrttainemaining parameters

of the stock assessment model. Trends in relative spawning stock size from the fully integrated
stock assessment moaetre compared tthe ASPM. Additionally, an ASPMev model was

fit, where recruitment deviates were estimated.

Carvalho et al. (2017) suggest that if the ASPM is able to fit well to the indices of abundance that
have good contrast (i.e., those that have declining and/or increasing trends), then this is evidence
of the existence of a production function, and tidides will likely provide information about

absolute abundance. On the other hand, Carvalho et al. (2017) suggest that if there is not a good
fit to the indices, then the catch data alone cannot explain the trajectories depicted in the indices
of relativeabundance. This can have several causes: (i) the stock is recrednment (ii) the

stock has not yet declined to the point at which catch is a major factor influencing abundance;

(iif) the model is misspecified; or (iv) the indices of relative abunda are not proportional to
abundance.

463. Roprofil e

Profile likelihoods are used to examine the change Hiketjhood for each data source in order

to address the stability of a given parameter estimate, and to see how each individual data source
influences the estimate. The analysis is performed by holding the given parameter at a constant
value and rerunning the model. This is repeated for a range of reasonable parameter values.
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Ideally, the graph of likelihood values against parameter values wilbgiveldefined

minimum, indicating that data sources are in agreement. When a given parameter is not well
estimated, the profile plot may show conflicting signals across the data sources. The resulting
total likelihood surface will often be flat, indicagjthat multiple parameter values are equally

likely given the data. In such instances, the model assumptions need to be reconsidered. For this
assessment, this diagnostic was implemented by sequentially fixing the equilibrium recruitment
parameter, B onthe natural log scale, logfR to a range of values.

464. Retrospective analysis

A retrospective analysis is a useful approach for addressing the consistency of terminal year
model estimates. The analysis sequentially removes a year of data at a time antheemwdel.

If the resulting estimates of derived quantities such as SERlifer significantly, particularly

if there is serial overor underestimation of any important quantities, it can indicate that the
model has some unidentified process ernod, @quires reassessing model assumptions. It is
expected that removing data will lead to slight differences between the new terminal year
estimates and the updated estimates for that year in the model with the full data. Oftentimes
additional data, espetly compositional data, will improve estimates in years prior to the new
terminal year, because the information on cohort strength becomes more reliable. Therefore,
slight differences are expected between model runs as more years of data are peeled away.
Ideally, the difference in estimates will be slight and more or less randomly distributed above
and below the estimates from the model with the complete data sets. For this assessment, a three
year retrospective window was selected as the Japanese Kedqaifidhery (F5) only has length
composition data for the laitve years of the model.

465. Hi ndcasvtalcirdoastsi on

The recent cookbook by Carvalho et al. (2021) recommended that model validation should be
conducted using prediction skill based on obseowati For this stock assessment, we use
hindcasting to estimate prediction skill, a measure of the accuracy of a predicted value unknown
by the model relative to its observed value, to explore model misspecification and data conflicts.
To measure the prediee skill, the mean absolute scaled error (MASE) was used to determine if
the predicted value improves the model forecast compared to the baseline. A MASE score of >1
indicates that the average model forecasts are worse thatepnghead naive predictand a

value of <1 indicates the model has prediction skill. Although MASE, is a robust statistic to
measure a predictords accuracy compared to it
produce large numbers (>>1) when the observed time $erestively flat. To address this

issue, an adjusted MASE valugs produced. The adjustment is basically a mathematical inner
work to reduce the penalty on the MASE due to a few years with little contrast in the
observation. For this stock assessmédm,hindcasting crosgalidation and MASE scores were
calculated for the CPUE indices in the last three years of the assessment.

46.6. Jitahekrysis

Jitter analysis is a relatively simple method that can be used to assess model stability and to
determine whethea global as opposed to local minima has been found by the search algorithm.
The premise is that all of the starting value
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constant value and the model is rerun from the new starting values. If thengepojtulation

trajectories across a number of runs converge to the same final solution, it can be reasonably
assumed that a global minimum has been obtained. This process is Rptdatiind no
guarantee can ever be mandoandorhhattthe mdde doéstnotu e 6 s o
contain misspecification. However, if the jitter analysis results are consistent, it provides

additional support that the model is performing well and has come to a stable solution. For this
assessment, a jitter value(fl (10%) was applied to the starting values and two rounds of 100

jittering runs were completed. The best model from the first round of jittering was used as the
starting point for the second round of jittering.

47Future projections

A 10 year ifoaunt ufrreompr2og2lctto 2030 was conducted
used in the 2017 stock assessments.t aBoogsr harve
which defines F i the proje@R0il@oacope FMRYdd as t
whcih defines F in the projecti sy ;Fe3rri2dd®s ab t he

=]

defines F in the projection perio@049E-28% hi ¢
20%hich defines F in the projectaigen| pereilodoas
20109. Deterministic recruitment was assumed b
parameters were fixed to the value from the t

5. MODEL RUNS
51.Devel opmetnized 1¥i s¢®ck assessment

The assessmensed a fully integrated approach in SS3 with model inputs that have been
updated since the previous assessment. The latest version of SS3 (V3.30.19.01) was used after
checking the effect dheversion update (Kai, et al., 2022c¢). The main difference bettee

present assessment and the 2017 assessment was 1) the use of an ensemble approach combining
one model with the representative late period CPUE in the North Pacific Ocean (i.e., Japan
Kainkai shallow index) antivo models assuming alternative lateipgiCompositeCPUE

hypotheses (Ducharrigarth et al., 2022b). Other differences were 2) catch, CPUE and size time
series updated through 2019/2020 (Kai et al., 2022g); 3) improvements to the catch estimation
and size data of the driftnet fishery addn-ISC fishery (Kai et al., 2022a,b, and d);4) improved

life history information, such as growth and reproductive biology, and their contribution to
productivity assumptions (Fujinami et al., 282Kai et al., 2022¢); 5) reconsideration of SR

using the BeverteHolt model (Kai et al., 2022¢); 6) application of a suite of model diagnostics
(DucharmeBarth et al., 2022b; Kai et al., 2022f) based on the cookbook published in 2021
(Carvalho et al., 2091

52.Mod el ensembl e

The model ensemble used as the basis for geamant of North Pacific BSH emerged from the
modeldevelopment process and was constructed usnypathesis treapproach (Maunder et

al., 2020). During model developmetwo candidate models were proposeakch fitting to a
different late period indexhe Japanese Kinkai shalleset longline §6_basenodel) or the
compositeCPUE(S11 model) This formed the basis of the hypothesis tree and each alternative
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late period CPUE hypothesis was assumed to have equal weight in the ensemble. The eomposite
CPUEDbranch of the hypothesis tree was further divided into two models. A retrospective pattern
was identified for the model fitting to the S11 index, the cause of which was identified to be two
anomalously large length composition samples for the Taiwaneslesale longline fishery

(F20). Downweighting these anomalous length composition samples ametidinate

retrospective bias for ti®11 model and this formed the basis of the second split in the
hypothesis tree. Two models fitting to the S11 index wensidered with equal weight in the
ensemble, one withous(1_basenodel) and one with dowweighting the anomalous length
composition data311_essnodel). This hypothesis tree approach resulted in a-thoske|

ensemble with th&6_basenodel receiving 6% of the weighting, and tH&ll basand

S11 essnodels receiving 25% of the weighting each. Additiarethils on the two S11 models,
including sensitivities to assumptions made in developing the DFA composite cadexe

found in Ducharmdarth et al2022.

521. S6bamedel

TheS6_basenodel follows the default model configuration as described in Sections 3 and 4. It
fits to the S6 Japanese Kinkai shallow longline index in the late period (12®20).

522. Slbasmedel

TheS11 basenodel is identical t&6_basenodel with the only difference being that the model
fits to the S11 DFA composHEPUEIN the late period (1994 2020). Selectivity for this survey
was assumed to be lengthsed, sespecific and mirrored with the F7 Japanese Enyo deep
longline.

523. Sllksnsodel

TheS11 essodel is identical t&11 basenodel with the only difference being that the input
sample size for F20 Taiwanese small scale longline was-gd@ighted in 2018 and 2020
(20,416 and 21,571 sample size, respectively). The newsamyle size (1,513) for these years
was taken as the average of years 200P7and2019.

53.Sensitivity analysis

A large number of alternative model configurations of different levels of complexity were
explored. A selected number of the most relevantradtermodel configurations are summarized
in Table 11 A total of 27 runs of sensitivity analysis for 12 items were performed. These
configurations include alternative assumptions regarding historical commercial removals of
BSHs, fishery selectivity, alteate values for natural mortality (M), SS3 parameterizations used
in previous stock assessmgrand a different SR relationship (LFS®Rutcomes of the

sensitivity analysis for each base model were summarized using the Kobéthktatest stock
statuson SSB in 2020 and F during 2017 and 2019 relative to MSY. level

531. Al ternative mortality schedul e

The sensitivity of the base models to alterna
sexpecific natur al mortalitytwaosn gxemiemred nu sinr
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Wr obl ewski, 1984):
=1. 28 35 (7)

wheMies -sapgeeci fi ¢ natur al Mb rst-eafgeet y f rat dr pebogega
This equation was used to estimate sadmemntnaitn v
2017 (1'sCc, 2017). However, theTanolr)d adlélrtey sche
slightly varied due to the changes in the gro

532. Al ternative initial equilibrium catch
The sensitivity af teheabave @medelmpti ons about
was examined by setting the | ower catch (20,0
the initial ctahbeabe(MOdODO mt) of

533. Mul tiple abundance indices for | ate pe
ThessémviS6y boafosdeeth et o mul ti ple assumptions abo
| ate periods was examined using seven scenar.i
series for each CPUE (S1: HW_DP,; S3: TAI W_LG;
S10: MEX). Onessmehban€dPwWiksdés beesfS1, S3 and S7
these CPUEs had a similar trend in the | ate p
CPUEs simultaneous!| yr e mdwe&d entmafaeexm i snhgen usl ct eannaer oi UoSS
CPUE scenario and all CPUEs scenario, respect

534. Al ternative spawner recruit function

The sensitivity of the base models to alterna
examined ubkumg(tTeoyhl SR et salme, r20RKA3)i.onBhd p usec

model for the previous stocrmskG.edBlaeaartd in 20

535, Al ternati-Mel Besvsehg¢epmess (

The sensitivity of the base modeltoltto SASR t er na
rati onships was examined by assuming the | owe
(0.7123) based on the steepness (0.613) of bas

536. Al ternat-Rve Sigma

The sensitivity of the base modeR swatso eaxlatnme rnnead
bvwssuming thRB (O0w2)y &ndmhailghée)r, Siiginced the Biagr
model s was fixed to 0.4 after tuning the para

537. Alternative selectivity fundc¢tieen for T.

to alternative ass
electivity (Patter
d i menhei erRdDilt7i. vi

The séwysiofi vihe base model s
examined using asymptotic s
l ongline fleet (F19) as wuse
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538. Al ternative high seas small and | arge

The sensitivity of the base models to alterna
mesh driftnet catch was examined usimgvitdes an
assessmentabil)e. 2817 (

539. Alternative high seas squid driftnet ¢

The sensitivity of the base models to alterna
from 198wWad oexXl®dMi2ned by setting tclhoenfliadwerrceand
intervals based on tOh@lefaB&&t dhdbyiTaathdene§ €V
1% (Yatsu et al ., 1993).

5310. Alternative HNom%&l meambeh Ttountries

The sensitivit of the base modEkl sMotHo®@f ber na
member countries was e XTarmil JeElle5udsdiengdatrhibor eies s c e
annual catch used in the previous stock asses
and f er0150 wWler e est i marteesdp ebcyt iSvPed yan dDuleSG,o0 t he
for -20D3, the cattchreedetratefd BSHtfeorof Mi crones
constant valwue for the time period using an a
model . Hooweetveelr ,r @athee shar gloy ndi dpmegd waftthet h20 1 3
of a newl|ahtaead&koWCsPeFrCv ati on and manag2fhent meas.
Ther eefwal ¢ er nati ve s cenlTahra cossn dves cee icaornisd dieg ea . g |
of
Fe

y
e
S

catch rate f olrhé&iStMd ss@ertarmigo iins 2D 0Pr.adual
derated State of Micronesia (FSM) starting

5311. Al ternative annual catch for Hawaii I o
The sensitivity of tahse ubmgpsta omosd ealbso utt o aanlntuearl n ac
shatltdmodv -gadeepl ongline fleets was examined usi n
reconstructed catch from randomThabt)estléwi t h a
(DuchBamteh et al ., 2022b).

5312. Al ter®a@atmoegel configuration (mimic 201

The sensitivity of the base models to alternative assumptions about SS3 model configuration was
examined usinghe 2017 stock assessment $88trol file settings All the data were updated

until 2019/2020without including the new structure such as length composition data of high seas
driftnet fishery and splitting of the fleets for Japanese large mesh driftnet fishery and Hawaii
longline fishery.This can be considered as a bridging analysis to bridgeréveous and current
assessment.
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6. MODEL RESULTS
6.1.Mod el ensembl e
6.1.1. Se6bamedel

TheS6_basenodel in SS3 ran without warning, all parameters were estimated to be within the
bounds, the model converged to a low gradient (9.6685)%eand the Hessian matrix was

positive definite. The first round of jittering identified a best model, and this model remained the
best model following a second round of jittering. Thdikelihood profile Figure 11) did not
identify a better solution. The totabRrofile indicatedthat the maximum likelihood estimate

(MLE) was strongly informed by the recruitment assumptions. The two main data components,
index and length composition data, showed reasonable agreement and favored a marginally
lower Ry estimate. Within the index corapent Figure 12), there was conflict between the

early and late indices, where the early S5 index preferred elo$er to the MLE and the S6 late
index preferred a lowerdRThe R profile for the length composition datgigure 12) was

strongly infomed by the F4: JPN_KK_SH and F7: JPN_ENY_DP data which showed
reasonable agreement and preferred a lowénd the MLE estimate.

Overall model fits to the two main data components, length composition and CPUE indices, were
satisfactory. Fit to the aggratg length composition data appears reasonable for most fisheries
(Figure 13), and overall fit to the mean length composition data over time showed low residual
error @ - 3 % T;drigure 14). Analysis of the residual pattern in the fit to the temporal
meanlength trend did identify nenandom residual patterns for F1: MEX, F3: CHINA, F4:
JPN_KK_SH, F15: US_GILL, and F18: US_HW_SH Shall&ig(re 15). Fits to the relative
abundance indices were good for both the earlyk#fire 16) and late (S6Figure 17) indices

with low overall residual erro2(- 3 %8t Y;Eigure 18). Analysis of the fit to the CPUE did

not identify norsrandom structure to the residual pattern for either the early or the late index
(Figure 19).

Parametrizing th&6_basenodel as an agstructured production model (ASPM) indicated the
presence of a production function as the removals alone were able to provide adequate fits to the
early (S5;Figure 20) and late (S6Figure 21) indices. Though the estimated trend was similar
between the ASPMnNd full model, estimates of scale were not consistent unless recruitment
deviates were also estimatddgure 22). Estimating recruitment deviates (ASRMvV) also
substantially improved the fits to the indices.

A threeyear retrospective analysis indiedtthe presence of positive retrospective bias in SSB

esti mat e’s (m,drigured2’8 and negative retrospective bias for estimatds of

relative toFusy (F/IFmsy; her eafter this va'lum xFigurer®f erred |
which is outside of the desirable range (Hurt&@oro et al. 2015). Orgtep ahead forecasy

from hindcast crossalidation of the late period index using the thyear retrospective analysis

did not indicate that the model was able to outperform the naive predictoB(%p& @

Figure 25) though overall predictive accuracy showedtmean aerage predictive error was

still close to 0.14 BE! 3 %p® vFigure 25).
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Selectivity was estimated to be strongly desh@ped across most fisheries, though the US
Hawaii based longline fisheries (FARdF18) indicated the highest levels of selectiviy the
largest sizesHigure 26). Across all fisheries, female selectivity was estimated to be much lower
than male selectivity and only approached full selectivity for F18: US_HW_SH. The F11:
SM_MESH assumed sarvariant selectivity so both males and #des were fully selected. For
fishery F19: TAIW_LG, timevarying selectivity was estimated which indicated a somewhat
persistent shift to smaller sizes relative to the earliest yEaysré 27).

Estimates of SSB steadily declined from the 118¥0s to adw point in the earh1990s before
climbing again through the mi2Zl000s Figure 28). SSB appears to have stabilized in the last
decade at around 150,000 mt though the last two years indicated a marginally declining trend.
The trend in SSB is largely mirred in temporal estimates of F which increase rapidly to a peak
in the late1980s before dropping quickly through the edr®90s Figure 29). Estimates of F

have declined more gradually over the last-twmala-half decades thougheyhad increased
slightly in recent years. Estimated recruitment fluctuated around levels indicated by the SR
relationship through the mitl980s before surging to a peak in the-lBE@80s which coincides

with the largest estimates of Figure 30). Recruitments appear correlaiadhe last three

decades of the model period and have generally been smaller than those expected by the SR
relationship over the last two decades.

6.1.2. Sl1lbamedel

TheS11 basenodel in SS3 ran without warning, all parameters were estimated to be within the
bounds, the model converged to a low gradient (8.66862eand the Hessian matrix was

positive definite. The first round of jittering identified a best model, and this model remained the
best model following a second round of jittering. Thdikelihood profile Figure 31) did not

identify a better solution. The totabRrofile indicated that the MLE was strongly informed by

the recruitment assumptions. The two main data components, index and length composition data,
showed good agreement with eacheotland an Restimate consistent with the MLE. Within the
index componentHigure 32) there was minor conflict between the early and late indices, where
the early S5: JPN_EARLY index preferred ayMery close to the MLE and the S11: Compaosite
CPUE indexpreferring a slightly lower R The R profile for the length composition data

(Figure 32) was strongly informed by the F4: JPN_KK_SH and to a lesser extent by the F7:
JPN_ENY_DP data. These data showed reasonable agreement consistent with the MLE estimate

Overall model fits to the two main data components, length composition and CPUE indices, were
satisfactory. Fit to the aggregate length composition data appears reasonable for most fisheries
(Figure 13), and overall fit to the mean length compositioradater time showed low residual

error @ - 3 % 1r;drigure 33). Analysis of the residual pattern in the fit to the temporal

mean length trend did identify neandom residual patterns for F1: MEX, F3 CHINA, F4:
JPN_KK_ SH, F15: US_GILL, and F18: US_HW_SHdure 34). Fits to the relative abundance
indices were good for both the early (Figure 16) and late (S11Figure 35) indices with low

overall residual error - 3 %r8t @Figure 36). Analysis of the fit to the CPUE identified non
random structure to thesidual pattern in the late indekigure 37). However, given the smooth
trend and lack of noise in the compositPUEIt is unsurprising to have significant auto

correlation in the residuals.
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Parametrizing th&11 basenodel as an ASPM indicated the pmse of a production function
as the removals alone were able to provide adequate fits to the eaffygyi88;38) and late
(S11;Figure 39) indices. Estimated trend and scale were similar between the ASPiWiedutl
model Eigure 40). Estimating recrumhent deviates (ASPMev) substantially improved the fits
to the indices.

A threeyear retrospective analysis indicated the presence of positive retrospective bias in SSB
esti mat es (i aihigur@ 41) and negative retrospective bias for estimates of F

( Mo h’n 618 T Figure 42) both of which are substantially outside of the desirable range
(HurtadeFerro et al., 2015). Orstep ahead forecasting from hindcast cradglation of the

late period index using the thrgear retrospective analysis did not indicate that the model was
able to outperform the naive predicter( 3 %t &; Figure 43). However, given the flatness of

the index over the last three years of the model period, ilie peedictor had excellent

predictive ability. Overall predictive accuracy was quite good and showed mean average
predictive error was less than 0A BE! 3 %r®; Figure 43).

Patterns in estimated selectivity were similar to3b6ebasenodel albeit stited slightly to

larger sizes. Selectivity was estimated to be strongly egimaped across most fisheries with the
US Hawaii based longline fisheries (F17 & F18) indicating the highest levels of selectivity for
the largest sized-{gure 26). As before, ferale selectivity was estimated to be much lower than
male selectivity and only approached full selectivity for F18: US_HW_SH. The F11: SM_MESH
fishery assumed servariant selectivity so both males and females were fully selected.
Similarly, for fishery F®: TAIW_LG, timevarying selectivity indicated a somewhat persistent
shift to smaller sizes relative to the earliest yeBigure 27).

Estimates of SSB steadily declined from the 118¥0s to a low point in the early90s before
oscillating around thisolw point (~80,000 mt) for the remainder of the model perfagufe

28). Temporal estimates of F which increased rapidly to a peak in theda@s before dropping
quickly through the earit990s Figure 29). Estimates of F were stable through the 199k a

2000s before declining over the last decade. However, terminal estimates of F indicate an
increase relative to the laste years. Estimated recruitment fluctuated around levels indicated

by the stock recruit relationship through the h8B0s beforewgging to a peak in the |atE980s

which coincides with the largest estimates oFkggre 30). Recruitments appear correlated in

the last three decades of the model period and have generally been smaller than those expected
by the SR relationship over thast two decades.

6.1.3. Sl1lésnsodel

TheS11 essodel in SS3 ran without warning, all parameters were estimated to be within the
bounds, the model converged to a low gradient (5.02068eand the Hessian matrix was
positive definite. The first round of jéting identified a best model, and this model remained the
best model following a second round of jittering. Thdikelihood profile Figure 44) did not
identify a better solution. The totabRrofile indicated that the MLE was strongly informed by
therecruitment assumptions. Similar to teé1_basenodel the two main data components,

index and length composition data, were consistent with each other angetntate from the
MLE. Within the index componenFE{gure 45) there was very minor conflicebween the early
and late indices, where the early S5: JPN_EARLY index preferred siigRtly larger than the
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MLE and the S11: ComposHePUE late index preferring a slightly lowes.R'he R profile for

the length composition dat&igure 45) was stronty informed by the F4:JPN_KK_SH and to a

lesser extent by the F7: JPN_ENY_DP data. These data showed reasonable agreement consistent
with the MLE estimate.

Overall model fits to the two main data components, length composition and CPUE indices, were
satishctory. Fit to the aggregate length composition data appears reasonable for most fisheries
(Figure 13), and overall fit to the mean length composition data over time showed low residual
error @ - 3 % TT;Figure 46). Analysis of the residual pattern in thieto the temporal

mean length trend did identify neandom residual patterns for F1: MEX, F3: CHINA, F4:
JPN_KK_SH, F15: US_GILL, and F18: US_HW_SHdgure 47). Fits to the relative abundance
indices were good for both the early (Ftgure 16) and laé (S11;Figure 35) indices with low
overall residual error - 3 %r@&t @;drigure 48). Analysis of the fit to the CPUE identified
nortrandom structure to the residual pattern in the late ineigxie 49). Again as in the
S11_basenodel, given the smooth treérand lack of noise in the compos@® UEit is

unsurprising to have significant attorrelation in the residuals.

Parametrizing th&11_essnodel as an ASPM showed weak evidence for a production function.
The removals alone were able to explain the eadgx (S5;Figure 50) and however fit to the

late index (S11Figure 51) was comparably poor. Overall the estimated trend was similar
between the ASPM and full modéigure 52), though estimates of population scale were not.
Estimating recruitment devies (ASPMdev) substantially improved the fits to the indices.

A threeyear retrospective analysis indicated the presence of slight positive retrospective bias in
SSB esti ma't e smg;Figweb8) ansl negative retrospective bias for estimates of F
(Mo h n"6 s® gFigure 54) both of which are within the acceptable range (HuHa€eoo et

al., 2015). Onestep ahead forecasting from hindcast cradglation of the late period index

using the thregear retrospective analysis did not indicate thatibeel was able to outperform

the naive predictor (! 3 %c& xFigure 55). Again similar toS11_basegiven the flatness of

the index over the last three years of the model period, the naive predictor had excellent
predictive ability. Overall predictive acacy was very good and showed mean average
predictive error was less than 0A BE! 3 %@ T Figure 55).

Patterns in estimated selectivity were similar to the previous models though selectivity estimates
were shifted to select the largest individualde&#vity was estimated to be dormsbaped across

most fisheries with the US Hawaii based longline fisheries (F17 & F18) indicating the highest
levels of selectivity for the largest sizésdure 26). As before, female selectivity was estimated

to be muchdwer than male selectivity and only approached full selectivity for F18 US Hawaii
shallow set longline. The F11: SM_MESH assumedigeariant selectivity so both males and
females were fully selected. Similarly, for fishery F19: TAIW_LG, tivaeying seletivity

indicated a somewhat persistent shift to smaller sizes relative to the earliesEigaes Z7).

Estimates of SSB followed a similar pattern to #id_basenodel though at a lower population
scale. Spawningtockbiomass steadily declined froimet mid1970s to an inflection point
around 65,000 mt in the earlyp90s before generally trending lower for the remainder of the
model period Figure 28). Temporal estimates of F were the highest across the three models
considered. Fishing mortality incresd rapidly to a peak in the 1at880s before dropping
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quickly through the earit990s Figure 29). Estimates of F were increased gradually through

the 1990s and 2000s before declining over the last 15 years. However, terminal estimates of F
indicate a sarp increase in F. Estimated recruitment followed the same general pattern as the
S11 basenodel though estimated a series of smaller recruitments prior to the beginning of the
model period. Again, recruitment peaked in the-lE880s which coincided witthe largest
estimates of FRigure 30). Recruitments also appear correlated in the last three decades of the
model period and have generally been smaller than those expected by theatoitk

relationship over the last two decades.

6.2.Sensitivity analysis

Sensitivities to structural assumptions were conducted for each of the three component models of

the model ensemble. The exception to this is that sensitivities to the choice of late CPUE index
whichwere not applied to th&11 basenodel as this is efféiwely already a sensitivity of the

S6 baseno d e | . I n addition, a scenario of MfAsame mc
was only applied to th86_basenodel.

The results ofarsemsniatrimlaiettlyMioasnia | oyfs et.she model s w

converged with a small val Sencfi tmaxitmumegmuadis
three model si ndi ¢t At exm6keabl 8scenari ossywere hi
except for all t hlea®sRcUeEnsa rainads 9 sofws esH teeerpmeatzi wa i |
20f all the scenagvwece pterfeor slvkeERp ndersds IBocwe nar i

Kobe plot of sensitivity analysis for three b
(Fi gu)865bmacdkel dndbERRewB® most scenari ogsywere hi
whi |l eeoddwef Fall the scenasybds_masel | owdrcahad ¢
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6.21. Al ternative mortality schedul e

The sensitivity result showed that the model
hi gher esSBs ma¥Bes; .SBSoZaSh 8BSy whehnng the alternat
mortalit@adbdledul es

6.22. Al ternative initial equilibrium catch

The sensitivity result showed that the model
hi gher and | oSBeorfi0ers tliomeetre sct aotfcah®d( 2h0 ,gohOedr nc at c h
scenari o, (Tabspepedti vely

6.23. Mul tiple abundance indices for | ate pe

The sensitivity result showed that the model
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6.24. Al ternative spawner recruit function
The sensitivitynbdesslhtowefthasdhddelr $&8ethkaas et bot BB
change in the spawner wseormpiatr efdu ot itchre witthhe rh
LFSR increased the Fs in vigohpamed2@2»0thedtdheo
mo d e S 1 I meosdse | had a convergence i s(Baikel)awilth a

6.25. Al ternati-Mel Besvsehgepmess (

The sensitivity result showed that the model

hi gher and | oSBgsrva ndesstfioma tleosweorf aShd hi gher steep
respect iSBeilwyas Tihnec rSecpn @vh same cF eased from the 1
steepness become Sl60 voeosddadird thhigh esehdithteavi ty s

convergencae airgeuenawii tiharbal pr ddi ent
6.26. Al ternat-Rve Si gma

The sensitivity result showed thaR dldeds smodel

sensitive tR, hwigthhe rhiSgihgema a®Bdks |(GBieer.SEBsSh h that e s
SSBusy danl ower and hi gheiwo7iedd n dns)f efso ro fl oFnse r( ia ned. |,
Si gkha r e s fgTeachtl jev ell7y
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selectivity for one fishery, though the scena
estimatesrefatéae WY SPBostyi taivmeys Mer.ee.v,erSy simil ar
obtained in the basiezeanodermp o $®tdedoaddedl d t vdaso ftnlod
compared to that Sild redsdse |Ib altsaeed mo ded nv éfthgeence 1 ¢
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6.28. Al ternative high seas small and | arge
The sensi howetdythasut hesmodel was highly sens

catches for high seas drift netSBfsi samalr il @swverwi
esti matTeasb | gef 1F/s

6.29. Al ternative high seas squid driftnet ¢
The senailtti wihtoywerded hat the model was slightly
and higher SBstamdhtleisglhodr Sand | ower esti mates ¢
confidence int@abhé.sl7respectively (

6.2.10. Al ternative an-h&&immeat clhumor i Ben

The sensitivity r esuilste nsshiotwevde tthod #tbhti)ese laifsosduenip t
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6.211. Al ternative annual catch for Hawai i | o

The sensitivity r esuilste nsshiotwevde tthoa ttShtihse e assduenip t
mode had a convergence i ssiTeabwiet hi7a | arge maxi

6.2.12. Al ternative SS model <configuration ( mi

The sensitivity analysis using the SS3 model parameterization from the previoBSkssTock
assessment in 2017, showed sabsally different values in theSBs and Fs due to the change
of the assumption of spawner recruit function from BeveHoit model to LFSR with lower
sigmaR (=0.3).

6.3.Mo d e | emesmbi s

Median annual SSB from the model ensemble followed the sameaypatern as the three
component models of the ensemti@g(re 57). Median annual SSBhowed ateadily

decreased trend through 1992 before generally increasing through 2004. Estimates of median
annual SSB then declined through 2013 before increasioggh to 2019 (2020 estimates of

SSB are marginally lower than the 2019 estimates). Median annual F from the model ensemble
gradually increased in the late 1970s and 1980s before suddenly dropping around 1990. This
drop in F appears to slightly precede ltiigh-seas drift gillnet fishing ban, and F was estimated

to decrease gradually following this inflection point in 198@(re 57). The median of the

annual ag® recruitment estimates from the model ensemble appeared relatively stable in the
early part 6the model period with a slight decreasing trend over the assessment period other
than the large recruitment pulse in 1988 (re 46).
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and spatial stracthrRaoiff BEHOc@an har &N r ec ol

8. DI SCUSSI ON
81.Gener al remar ks

The current stock assessment of North Pacific BSH estirtiatthe stockis unlikely to be

overfished and that overfishinguslikely to beoccurring based on MSY based reference points
derived from the current ensemble modeling approBidufe 58). Stock status appears to be

trending in an increasingly positive direction based on estimates from the last five years of the
model period FFigures 57A, B. However, yield based referenceqsisuch as MSY are

particularly sensitive to modeling assumptidmatimpact the estimated production function

such as natural mortality and steepness. Both of these critical parameters are not estimated in the
current stock assessment approach andrtaicty in the assumed values for these parameters is

not considered in the current ensemble modeling framework. Sensitivity analyses to these
assumptions did indicate that stock status was impacted by alternative assumptions for steepness
(lower assumedteepness expectedly resulting in more pessimistic estimates of stock status, and
vice-versa), though th811 basenodel had a convergence issue with higher maximum gradient
(Table 17). Population scale was estimated to be substantially higher when assiening

alternative, lower natural mortality schedule. However, even at the new higher populatipn scale
stock status estimates for t86 _basendS11 basenodels were reasonably insensitive to the

change in natural mortalityfowever theS11_essnodel indcateda noticeably more optimistic

stock status with the assumed change in natural mortaitylé€ 17, Figure 56).

Though the current stock status is estimated to be qualitatively similar to the previous 2017
benchmark stock assessment, current populatiate estimates are approximately 50% lower

than what was estimated using the 2017 base case model. Current estimates of population scale
are more consistent with the scale estimated in 2017 from models which did not fit to the
Japanese Enyo Shallow lggeriod CPUE index (S7: JPN_RTV). Additionally, when the

statistical and structural uncertainty across the model ensemble is taken into account, current
estimates of stock status are considerably more pessimistic than the 2017 base case model. This
again isconsistent with sensitivity models from the 2017 stock assessment which did not fit to

the Japanese Enyo Shallow late period CPUE.

The overall historical pattern of the stock indicates that when the roosehencedn 1971 the
populationwasalready in adepleted state relative to virgin biomass (~70%). This is not
unrealisti¢ considering the expansion of industrialized longline fishing activity into the North
Pacific Ocean following World War 1l (Okamoto et al., 2004). While uncertainty to the level of
initial equilibrium catch is explored as a part of the sensitivity analyses, it is not currently
accounted for in the model ensemble. Notably, the trajectory of the stock shows a sharp period of
decline from the miel970s through to the early990s Figure 57A). Results from the ASPM
(Figures 22, 40, and 5pshow that this decline is supported by the concomitant increase in
catches, predominantly from high seas drift gilinet fisheries (F8: JPN_LG_MESH_EARLY; F11:
SM_MESH) Figure 2 upper pane), and declinever the same period by tdapanese Kinkai
shallowlongline early period CPUE index (S5: JPN_EARL¥)gure 3). However, the ASPM
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analysis also indicates that a reduction in catches alone is unable to explain the rapid increase in
the S5: JPN_EARLYRigures 20, 38, and 50 and recruitment deviates are needed to be
estimated in order to match this increasSigre 30). Additional investigations are likely needed

but it is possible that this apparent inconsistency between observed catches and the S5:
JPN_EARLY from 19907 1993 is responsible for the large pulse in recruitment seen ini1986
1988 since thdapanese Kinkai shallongline fishery fully selects malBSHs of ~150 cm or

~5 years old. Regardless, further investigations are needed to identigutgefor (and

potentially resolve) this anomalous recruitment pulse.

Both F and SSB appear to have stabilized over the last 20 years of the model period. As
mentioned previously, stock status appears to be trending in an increasingly positive direction
based on estimates from the last five years of the model period with estimated deéliaed in
increases in SSB-(gures 57B, D. However, over that same period recruitment has been
estimated to be below average levélg(re 57E) and below levels indated by the assumed
BevertonHolt stock recruit relationshig-{gure 5). These persistent low recruitments could be
anindication of model mispecification or urmodelled process. However, this has implications
for the projection periogdvhich assumes thaecruitment is projected forward deterministically
using the stock recruit relationship. The projection results could be overly optimistic if low
recruitments continue into the futufégure 59).

Lastly, the R profiles from all three models in the engade show that while the MLE estimate

is reasonably consistent with the two main data components (survey and length composition), it

is strongly informed by recruitmerfigures 11, 31, and 4% This is of some concern given that

two critical components dhe stock recruit relationship, steepness and sigae assumed to

be fixed in this assessment, though it is not easy to internally estimate these parameters in the
model due to a lack of data about the recruitment at the depleted spawner levelitgensit

analyses showed that stock status was sensitive to alternative assumptions for both steepness and
sigmaR however uncertainty in these parameters is not accounted for within the current model
ensemble framework.

821 mprovements to the assessment

Thisclkstassessment mainly i mpmoawdd ctomd iigrup watt i de
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S3, S6, S7, and a$lahh)e,s ee sKpleockigall ilsye af(dS6éW and Japcg
and training vessel2l@Eb)htirn diuded (Kai mptr oavle.d,
trends in the annual abundance. I n addition,
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i sing biological parameters such-as gr owt
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model diagnostics. &imadndsleg mbtl lea bhipptrm@addwde taind m a
i mpr 6o haesds essment .

83.Chall enges

This stock assessment is the first tithat the SHARKWG usedn ensemble modelling
approach and representsahotae change from thecpseviapprdédach
used to characterize stock status. Moving to an ensemble modelling approach allows for a more
complete characterization of the structural and statistical uncertainty in a stock assessment, and i

a significant development for the SHARKWG. However, in taking this step forward it has

highlighted challenges, some of general to ensemble modelling and some specific to the

SHARKWG, and there remains opportunity fotureimprovement.

In developing tk 2022 North PacifiBSH stock assessmenhe SHARKWG applied current

best practicetor model diagnostic® try and objectively identify a single base model from a

suite of proposed candidate models. This was a challenging task as none of the tldatecand
models consistently outperformed the others across the range of model diagnostics considered.
TheS11 essodel showed the least retrospective bigures 23, 24, 41, 42, 53, and h4he

S11 basenodel appeared to have the best results from ti&VAEigures 22, 40, and 52 and
bothS11models had the least conflict between data components as indicated bytbél&

(Figures 11, 31, and 4% While theS6_basenodel had the lowest MASE from hindcast cross
validation of the late period index.gladjusted MASE score for ti$6 basenodel was

substantially worse than for ti& 1models Figures 25, 43, and 5b Additionally, model fit to

data common across all three models (early CPUE index and length composition data excluding
the Taiwanese smaitale longline) did not meaningfully diffeéfigures 14, 18, 23, 26, 46, and

48). Accordingly, the SHARKWG elected to use a model ensemble approach for the current
stock assessment.

Though a model ensemble approach was applied in the current assessnstniction of the

model ensemble from candidate models was largely disconnected from the sensitivity analyses
that were conducted. As a result, the structural uncertainty represented in the model ensemble is
less than the structural uncertainty considénetie sensitivity analyses. Subsequent

SHARKWG assessments should consider the possibility of a model ensemble from the onset of
the assessment process (e.g., Data preparatory workshop) so that key uncertainties are
investigated early on, and that thesiévity analysis feeds into the construction of the model
ensemble.

Stock assessment model development is an iterative process. The decision to adopt an ensemble
modelling approacfrom asingle basease modelling approaetas made late in the assessinen
model development process when it became apparent that there was no clear {oasebase

model. While a consensios adopting a model ensemldpproachwas reached and the

SHARKWG showed flexibility in adapting to challenges identified in the model dpuednt,

the change in approach was difficultpmcess so close to the end of the assessment cycle. In the
future, any new approaadbs(includingan ensemble framewagrkhould be agreed upon at the
beginning of the assessment process to allow sufficimet fior the identificationynderstanding,
development, and discussion of appropnass of theandidate models. Though timelines can

be adjusted to give more opportunity for discussion of key model developments, the SHARKWG
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should maintain the flexibiktshown in the current assessment to adapt to unforeseen aspects of
model development.

84Future stock assessment modeling considera

The current stock assessment model assumes deterministic projections where future recruitments
are assumed to follow trstock recruit relationship. Stochastic recruitments should be

reconsidered in future assessments via resampling of the estimated recruitment deviates from the
main model period. Additionally, this could allow for additional forecast scenarios to be

exploral. Projections could be conducted by only resampling the recent recruitments to
investigate how stock status may change if low recruitments continue into the future.

Time-varying selectivity was assumed for the Taiwanese {acgée longline fishery (F19)

order to better fit the observed change in lengths over tigere 27). This modelling decision

could be revisited in future assessments to see if improvements to the fit to the length
composition data justifies the increased number of model panamEtethermore, the tirme

varying selectivity indicates a shift to smaller sizes. This phenomenon should be explored further
to see if it is representative of a change in population structure or a change in the availability of
BSH to the fishery due to &ange in either fishing operations or fishing area. Though not a
perfect comparison, a sensitivity to changing the selectivity shape of the F19 fishery to an
asymptotic time invariant selectivity curve did not greatly change estimates for either the
S6_basor S11 basenodels Table 17, Figure 56.

The choice of likelihood for the length composition data was discussed at the SHARKWG pre
assessment meeting, and the Dirichlet multinomial was proposed as a candidate likelihood.
Unfortunately, this likelihoodtructure wasot thoroughly explored within the time constraints

of the current stock assessment cycle, and shoulddmsidered in subsequent assessments.

Selectivity of female BSHs was estimated to be substantially lower than male BSdsafrta

length for nearly all fisheries except the US Hawaii shatbetviongline (F18) and the high sea

small mesh driftnet fishery (F11fiQure 26). Though the current assessment model does not

assume an explicit spatial structure and as such seleetdgbunts for spatial/behavioral

availability to the gear, it is worthwhile to further investigate the comparative invulnerability to
fishing pressure for females across many of t
might have on stock assesent results. Improved collection of sgxecific size composition

data and an analysis of spatiotemporal patterns in thepseific composition data is needed.

85Research recommendati ons

Considerable effort was spent in the early stages of this ass¢$smafime the catch estimates

and associated uncertainty for several fisheries-IS@hlongline (F14), the high sea small mesh
driftnet fisheries (F11), and the US Hawaii longline fisheries (F17 & F18). However, other than
the F11 fishery, these fishes do noaiccountfor a significant amount of the total North Pacific

BSH catch. Further work remains for reconstructing the catches from the fisheries catching large
amounts of BSH. Specifically, additional work is needed in developing uncertainty in
recanstructed catch estimates for those fisheries. Though DuctBante et al(20223) used a
machine learning approach applied to observer data to reconstruct catches for F17 & F18, this
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approach is data intensive and may not be applicable to all fishdidisionally, catch should

be provided in terms of numbers so that the conversion to weight can be done internally to the
assessment model in a way that is consistent with the size compositionweigjth

relationship, and fishery selectivity.

Quiality d abundance indices for the current stock assessment generally improved relative to the
2017 stock assessment. Spatiotemporal approaches were used&pathese Kinkai shallow
longline (S6) and Japanese research and training vessel (S7) indicesoettigeriod (Kai et

al., 2021a,b). Application of these modelling techniques should be applied to the other key
indices for future assessments. In future assessments, the SHARKWG should work with the
WCPFC scientific services provider to update the SP@liloe observer abundance index since

it could provide additional information on BSH population trends in more tropical latitudes.
Lastly, the use of a DFA composite index (S11; DuchaBakth et al. 2022b) was a first for the
SHARKWG though it is an esthshed analytical approach in other stock assessments (Peterson
et al., 2021). Future research could be directed at investigating the effects of expanding the DFA
analysis to include other input indices and using the model ensemble framework to account for
theuncertainties in assumptions made during the DFA modeling process

Relative to the ensemble modelling apprqdlel current assessment did not consider
uncertainty in key biological processes: growth, maturity, weaghgngth, maximum age,

natural nortality, and steepness. Additionally, though the previous stock assessment made the
recommendation to improve understanding and estimates in all of these processes, only the
growth curve has been updated in the current assessment. It remains critadd itihaial

biological research is conductedimprove the quality of the stock assessment. Regardless of
future biological research, uncertainty in these biological processes could be developed (e.g.
following the approach from DucharrBarth & al. 2021) in order to incorporate uncertainty in
these quantities into estimates of stock status via a model ensemble framework.

Relatedly, research needs to continue to refine the stock recruitment relationship assumed in this
assessment. While the LF$Rtheoretically appealing, more work is needed to derive an
appropriate parametrization and to understand how sensitivity to assumptions made in
parametrizing this stoekecruitment relationship impact assessment outcomes.
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11.TABLES
Tabl e Suimmar-ypedi fiee¢catch data wused
shar k.
Fishery Reference Code Fishing Countries Gear Types Units Time series Source
number
Sosa-Nishizak and Castillo-Ger
F1 MEX Mexico Mexican Pacific longline  Biomass 1971-2020 (2016), Castillo-Geniz, pers.
Comm,, Oct 1, 2021
Troll, gillnet, seine fishery,
F2 CAN Canada foreign and joint-venture ~ Biomass 1979-2020 King (2021)
fisheries
F3  CHINA China Longline Biomass 2001-2020 ;"Oeznf’ Xia, pers. comm., Nov 3,
F4 JPN_KK_SH Japan g':::g;e shallow-set Biomass 1971-2020 Hiraoka et al.(2013a); Kai (2021
F5 JPN_KK_DP Japan Offshore deep-set longline Biomass 1975-2020 Hiraoka et al.(2013a); Kai (2021
Distant water shallow-set . " .
F6 JPN_ENY_SH Japan longline Biomass 1971-2020 Hiraoka et al.(2013a); Kai (2021
Distant water deep-set . ’ .
F7 JPN_ENY_DP Japan longline Biomass 1975-2020 Hiraoka et al.(2013a); Kai (2021
F8 isN—LG—MESH—EAFJapan High-sea largemesh driftnet Biomass 1973-1992 Fujinami et al. (2021a)
F9 JPN_LG_MESH_LAT Japan Coastal largemesh driftnet Biomass 1993-2019 Fujinami et al. (2021a); Kai and
E Yano (2021)
Coastal longline, other
F10 JPN_CST_OTH Japan longline, trap net, bait Biomass 1971-2019 Kai and Yano (2021)
fishing, other fisheries
Japan, The Republi " . s
F11 SM_MESH of Korea, Chinese High-sea small-mesh driftneNumber 1981-1993 (leg'zr‘;;;" etal. (2021b); Kai et al
Taipei
Offshore longline, coastal
F12 IATTC RFMO longline, gillnet, harpoon, Biomass 1971-2020 Lennert, pers. comm., Oct 14, 2(
and others
The Republic of . . Lee et al. (2019) and Lee, pers.
F13 KOREA Korea Tuna longline, observer dateBiomass 1975-2020 Comm. Nov 11, 2021
Non-ISC member . . .
F14 NON_ISC . Longline Biomass 1997-2020 Kai et al. (2022b)
countries
USA (American . . Kohin et al. (2016) and Kinney,
F15 US_GIILL Samoa) Gill net Biomass 1978-2020 pers. Comm. Oct 23, 2021
USA (American . _ . Kohin et al. (2016) and Kinney,
F16 US_SPORT Samoa) Recreational fishing Biomass 1971-2020 pers. Comm. Oct 23, 2021
F17 US_HW_DP USA (Hawaii) Deep-set longline Number 1971-2020 Duchrme-Barth (2022)
F18 US_HW_SH USA (Hawaii) Shallow-set longline Number 1981-2020 Duchrme-Barth (2022)
F19 TAW_LG Chinese Taipei Large-scale longline Biomass 1971-2020 Liu et al. (2021a)
F20 TAIW_SM Chinese Taipei Small-scall longline Biomass 1971-2020 Liu et al. (2021b)
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FI NAL

TablTei 2e series of catch (total dead removal s;
AiPr evi ousoitsottaolt aclatccaht ch used 20l 7{The praeé¢ ¢ihowms M
some fleets were conolermemrdbdro aoaurcthr ywei ght by

Year Canada China IATTC  Japan The Mexico  Non_ISC Chinese USA Total Previous
Republic Taipei total
of Korea catch

1971 0 0 7 23,252 0 440 0 12,070 30 35,799 35,79¢
1972 0 0 5 17,977 0 440 0 15,056 30 33,508 33,508
1973 0 0 5 22,491 0 440 0 12,025 30 34,991 37,828
1974 0 0 5 20,075 0 440 0 10,742 30 31,292 34,763
1975 0 0 7 27,468 5 440 0 9,392 33 37,345 40,153
1976 0 0 7 43,154 32 374 0 10,286 129 53,982 53,854
1977 0 0 6 59,427 55 386 0 10,045 225 70,145 65,861
1978 0 0 8 48,717 17 561 0 10,603 329 60,235 60,06¢
1979 1 0 10 55,684 0 338 0 12,360 466 68,859 70,368
1980 11 0 10 56,952 114 336 0 12,840 630 70,894 74,002
1981 0 0 9 59,000 0 256 0 10,961 669 70,895 87,805
1982 0 0 6 49,538 317 306 0 12,003 784 62,954 71,408
1983 25 0 6 50,406 128 293 0 10,586 954 62,397 68,554
1984 0 0 6 51,117 117 263 0 9,509 1,112 62,123 63,265
1985 60 0 3 49,600 95 227 0 10,712 1,291 61,989 61,054
1986 90 0 2 46,924 91 407 0 9,048 1,496 58,059 57,025
1987 159 0 2 40,837 174 351 0 6,729 1,508 49,760 50,758
1988 0 0 6 48,754 147 509 o] 6,966 1,783 58,166 55,553
1989 0 0 5 45,883 83 280 0 7,897 1,607 55,756 63,407
1990 4 0 3 30,323 80 1,130 0 8,885 460 40,885 47,603
1991 0 0 2 31,490 103 1,016 0 9,619 1,276 43,507 50,098
1992 0 0 3 27,270 105 1,636 0 7,615 1,209 37,838 41,735
1993 0 0 3 27,242 52 2,540 0 6,919 1,312 38,068 40,881
1994 0 0 2 36,055 58 1,758 0 5,470 736 44,080 44,505
1995 0 0 10 34,759 165 2,100 52 10,100 1,353 48,539 53,117
1996 1 0 2 28,564 294 3,117 52 9,917 1,721 43,667 45,862
1997 1 0 4 30,212 732 2,948 52 13,773 1,945 49,666 53,71€
1998 2 0 2 30,499 427 3,134 402 11,640 2,735 48,841 50,76C
1999 1 0 1 33,671 397 2,261 947 14,118 1,608 53,003 48,9723
2000 1 0 2 31,257 406 2,719 228 20,391 1,392 56,395 57,202
2001 5 340 0 33,140 115 2,587 318 9,831 362 46,698 45,98¢
2002 5 334 3 29,258 223 2,524 347 11,582 286 44,562 44,62€
2003 17 305 1 27,006 285 2,307 225 10,244 380 40,772 43,923
2004 4 282 1 25,135 37 3,781 770 12,668 370 43,047 50,118
2005 0 343 0 25,643 34 2,721 564 14,478 327 44,112 51,742
2006 20 201 3 22,576 15 2,765 472 14,175 263 40,489 46,965
2007 9 234 2 20,004 139 3,324 986 13,848 376 38,923 46,09C
2008 6 134 3 16,333 52 4,355 625 14,824 208 36,539 42,801
2009 8 298 2 17,102 98 4,423 479 16,559 246 39,215 44,024
2010 7 357 1 17,481 293 4,469 532 13,349 286 36,774 44,281
2011 13 613 1 9,353 556 3,719 424 16,451 302 31,432 45,52C
2012 9 758 2 11,555 345 4,108 597 16,451 273 34,097 39,777
2013 26 598 2 12,976 75 4,494 474 7,534 290 26,468 33,862
2014 9 251 0 13,426 100 5,502 409 11,856 374 31,927 37,707
2015 23 627 0 11,220 74 3,985 361 10,042 408 26,741 32,95€
2016 12 258 2 11,367 0 4,973 388 12,130 440 29,570

2017 25 764 0 11,166 4 3,384 1,333 11,676 526 28,879

2018 46 727 0 10,388 2 2,852 1,488 11,189 511 27,204

2019 78 856 0 9,634 4 3,772 1,864 15,743 569 32,521

2020 150 865 0 8,231 0 3,533 1,158 12,734 627 27,297
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Tabl e S3Immary of abundance

shar k.

Fl

i ndi ces dat a

Fishery Reference Code Fishery Description
number

Used n Time series Source

S1

S2

S3

S4

S5

S6

S7

S8

S9

S10

S11

US HW_DP Hawaiian deep-set longline

US HW_SH Hawaiian shallow-set longline No

TAIW_LG Taiwanese large-scale longline Yes

TAIW_SM Taiwanese small-scale longline No

JPN EARLY Japanese offshor_e and dlstamter Yes
- shallow- set longline (early period)

IPN LATE Japanese offsho_re and dlstamter Yes
- shallow-set longline (late period)

JPN_RTV Japanese research and training vesselsYes

P B
SPC_OBS SPC observer data No
SPC_OBS_TROPICSPC. hold longline observer data in the Yes
tropical area
MEX Mexican Pacific longlinn Yes

Composite-CPUE A composite index from S1, S3, and S7 Yes

17

18

27

27

17

15

27

Yes 19 2002-2020

2004-2020

1976-1993

1994-2020

1994-2020

1993-2009

2006-2020

1994-2020

Duchrme-Barth et al.
(2021)

Liu et al. (2021c)

Hiraoka et al. (2013b;
Kai (2021a)

Kai (2021b)

Rice and Harley (201

Fernandez et al. (202

Duchrme-Barth et al.
(2022b)
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Tabl eCPUE time series (relative to I

(CV)
s1 S3 S5 S6 s7 ) S10 S11
T S HW.DP TAW LG JPN EARLY JPN LATE  JPN_RTv SPC-OBSTR ey Composite-
W - — — — OPIC CPUE
CPUE_CV_CPUE CV CPUE CV CPUE_ CV_ CPUE CV CPUE CV CPUE CV CPUE_CV

1976 135 002
1977 140 001
1978 121 0.02
1979 1.27 0.01
1980 136 0.2
1981 113 001
1982 1.11 0.01
1983 105 001
1984 091 001
1985 078 001
1986 0.91 0.01
1987 068 001
1988 071 001
1989 064 001
1990 067 001
1991 0.85 0.01
1992 089 001
1993 107 001 087 015
1994 084 015 148 010 096 0.14 122 004
1995 090 015 144 012 046 0.14 123 0.03
1996 0.85 0.14 1.39 0.10 0.87 0.14 1.22 0.03
1997 104 013 144 010 118 014 122 003
1998 103 013 139 012 1.80 0.14 121 003
1999 1.09 0.12 1.44 0.19 1.50 0.14 1.20 0.03
2000 106 012 124 012 135 014 115 004
2001 122 010 117 010 137 0.5 111 004
2002 104  0.63 103 011 109 010 1.06 0.5 108 004
2003 1.43 0.45 1.08 0.09 1.05 0.11 0.85 0.17 1.06 0.04
2004 134 043 024 012 103 010 096 010 1.05 014 098 004
2005 1.05 035 140 0.04 126 010 078 012 079 014 095 004
2006 0.90 042 0.80 0.5 106 010 072 012 08 014 132 007 089  0.04
2007 097 037 051 0.6 084 010 064 014 080 014 107 004 08 005
2008 057 030 0.69 0.06 073 012 041 013 069 014 126 005 074  0.05
2009 070 046 0.41 0.06 097 011 058 013 057 014 099 006 078 0.5
2010 0.81 0.32 0.97 0.07 1.04 0.13 0.79 0.15 0.83 0.05 0.86 0.04
2011 084 032 0.74 0.06 086 013 066 0.5 076 006 085 004
2012 071 039 1.03 0.5 088 014 059 0.5 123 011 085 004
2013 075 040 1.09 0.06 092 015 079 0.5 128 006 092 004
2014 097 037 070 0.07 104 015 104 0.16 110 006 099 004
2015 1.05 037 159 0.8 117 015 083 015 078 007 102 004
2016 1.05 0.30 1.21 0.07 1.14 0.15 1.09 0.13 1.05 0.07 1.07 0.04
2017 124 042 155 005 106 015 106 012 074 006 109 003
2018 112 039 122 0.07 104 015 098 013 091 007 107 004
2019 114 041 146 0.5 101 015 098 015 110 007 107 004
2020 1.35 0.47 1.39 0.06 0.81 0.17 0.97 0.17 0.57 0.09 1.08 0.04
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Tabl entary of size data used in the stock
rflljsr:gg Reference Code Used Time series Units Bin n  Source

F1I  MEX Yes  2006-2020 em 5 15 ;:;sggc;-leemz, pers. Comm., Oc

F2 CAN No

F3  CHINA Yes  1993-2020 exceptfor2002 c¢cm 5 26 ;/';znfxm’ pers. comm., Nov 3,

F4  JPN_KK_SH Yes 2008-2020 cm 5 13 Semba (2021)

F5 JPN_KK _DP Yes 2016-2020 cm 5 5 Semba (2021)

F6 JPN_ENY_SH No

F7  JPN_ENY_DP Yes 1992-2020 cm 5 30 Semba (2021)

F8 JEZ';II;(G—MESH' Yes 1979-1983 cm 5 5 Semba (2021)

F9 ii?ELG—MESH- Yes 1994,1996,1998, 2011-2019 cm 5 12 Semba (2021)

F10 JPN_CST Oth No

F11 SM_MESH No 1991 cm ;’6 1 Kaiet al (2022b)

F12 IATTC No

F13 KOREA No

F14 NON_ISC Yes 282212322-2008,2012,2016 em 5 19 \é\ggielams, pers. comm., Nov 19,

F15 US_GIILL Yes  1990-2020 em 5 31 gzrhsihggi‘;ﬂfﬁi?;?ggg”ey’

F16 US_SPORT No

F17 US_HW_DP Yes  2003-2020 cm 5 18 ZD;C;SZ’;'BE‘”“ pers. Comm., J

F18 US_HW_SH Yes  2004-2020 cm 5 16 ZD;CQ(;?;'Banh’ pers. Comm., J

F19 TAIW_LG Yes 2004-2020 cm 5 17 Liuetal (2021b)

F20 TAIW_SM Yes 2012-2020 em 5 g Liuetal (2021a)
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Tabl e S mmavsy fodr each fl eet and regi@amuedatVed v a
denotes a minimum average CV and a mean CV fo

Fleet CVhin CVinean Adjusted variance
S1 HW_DP 0.132 0.398 0.000
S3_TAW_LG 0.360 0.064 0.136
S5_JPN_EARLY 0.065 0.012 0.188
S6_JPN_LATE 0.100 0.129 0.000
S7 JPN_RTV 0.128 0.130 0.000
S9 SPC_OBS_TROPIC 0.201 0.144 0.056
S10_MEX 0.170 0.066 0.134
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TableMonlangliitty 95% cdmfri deeee st edtebyaFsanci s

met hod of I ength composition dat a.
Suggeste« Lower Upper

Fleet name multiplier 95% 95%
interval interval

F1_MEX 1.19 0.76 3.25
F3_CHINA 70.37 43.42 158.07
F4_JPN_KK_SH 0.32 0.20 1.08
F5 JPN_KK_DP 23.19 15.38 219.13
F7_JPN_ENY_DP 2.87 1.17 20.07
F8 JPN_LG_MESH_EARLY 4.49 2.27 681.74
F9 JPN_LG MESH_LATE 10.43 6.04 32.21
F14_NON_ISC 77.24 53.63 192.9¢
F15 USA_GIILL 19.38 13.55 34.35
F17_USA_Lonline_DP 118.39 66.87 530.31
F18 USA_Lonline_SH 21.83 12.84 69.87
F19 TAIW_LG 4.49 2.69 11.53
F20 TAIW_SM 7.84 5.69 21.94
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used

denot es

assessmeht Phorf Norbl ue shark. Red
the previous assessment in 2017.
No Parameter Previous Update Source
1 Gender 2 2 ISC (2017)
2 Natural mortality Age- and sex- specific (SeeTable 5) Fujinami et al. (2021)
3 Reference age (al) 1 1
4 Maximum age (a2) 20 20
5 Theoretical maximum age 24 for both sexes 24 for both sexes Taylor (1958)
6 Female at first age 4 4 Fujinami et al. (2017)
7 Lengthatal (L1) 64.4 (Female) 64.3 (Female) Fujinami et al. (2019)
8 68.2 (Male) 68.2 (Male)
9 Lengthata2 (L2) 244.6 (Female) 245.2 (Female) Fujinami et al. (2019)
10 261.3 (Male) 261.5 (Male)
11 Growth rate (K) 0.147 (Female) 0.146 (Female) Fujinami et al. (2019)
12 0.117 (Male) 0.117 (Male)
13 CVof L1 (CV=f(LAA)) 0.25 (Female) 0.25 (Female) ISC (2017)
14 0.25 (Male) 0.25 (Male)
15 CVof L2 0.1 (Female) 0.1 (Female) ISC (2017)
16 0.1 (Male) 0.1 (Male)
17 Weight-at-length W=5.388 x 10L>'%(Female); W=5.388 x 10L>'%(Female); Nakano (1994)
18 W=3.293 x 10L>**(male) W=3.293 x 10L %% (male)
19
20 Length-at-50% Maturity 156.6 (Female) 156.6 (Female) Fujinami et al. (2017)
21 Slope of maturity ogive - 0.16 (Female) - 0.16 (Female)
22 Fecundity (Litter size; Proportional to body length Proportional to body length Fujinami et al. (2017)
23 (4)eggs=a+b*L)
24 Slope of fecundity (b) 0.46 0.46
25 Intercept of fecundity (a) -45.54 -45.54
26 Spawning season 1 1 ISC (2017)
27 Spawner-recruit steepnes$s)(  0.670 (shape: BH) 0.613 (shape: BH) Fujinami et al. (2021)
28 Recruitmenty va03 ability (40 0.3 ISC (2017)
29 Main recruitment deviations  1990-2013 1971-2020
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assessment frokr.

hi story parameters.

Age Previous Update
Female Male Female Male
0 0.785 0.728 0.787 0.726
1 0.488 0.492 0.489 0.491
2 0.370 0.383 0.371 0.382
3 0.306 0.320 0.307 0.320
4 0.267 0.279 0.267 0.279
5 0.240 0.251 0.240 0.251
6 0.221 0.230 0.221 0.230
7 0.207 0.214 0.207 0.214
8 0.196 0.202 0.196 0.202
9 0.187 0.192 0.187 0.192
10 0.180 0.184 0.180 0.184
11 0.175 0.177 0.175 0.178
12 0.171 0.172 0.170 0.172
13 0.167 0.167 0.167 0.168
14 0.164 0.163 0.164 0.164
15 0.161 0.160 0.161 0.160
16 0.159 0.157 0.159 0.158
17 0.157 0.155 0.157 0.155
18 0.156 0.153 0.156 0.153
19 0.155 0.151 0.154 0.151
20 0.154 0.149 0.153 0.150
21 0.153 0.148 0.152 0.148
22 0.152 0.147 0.151 0.147
23 0.151 0.146 0.151 0.146
24 0.151 0.145 0.150 0.145
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Table BOpeci fic selectivity assumptions wused
bl ue shark. The selectivity ciuonvedatfa rwefries haes :
be the same (i.e., mirror gear) as a related
Fishery Reference Code Selectivity assumption Time block or time varying Mirror gear
number selectivity
F1  MEX Double-normal-24 Estimate
F2  CAN Double-normal-24 F1
F3  CHINA Double-normal-24 Estimate
F4  JPN_KK_SH Double-normal-24 Estimate
F5 JPN_KK_DP Double-normal-24 Estimate
F6  JPN_ENY_SH Double-normal-24 F4
F7 JPN_ENY_DP Double-normal-24 Estimate
F8 JPN_LG_MESH_EARLY Double-normal-24 1973-1981, 1982-1993 Estimate
F9 JPN_LG_MESH_LATE Double-normal-24 Estimate
F10 JPN_CST_OTH Double-normal-24 F9
F11 SM_MESH Sé’gglii;”d(;rma"z“(sex Estimate
F12 IATTC Double-normal-24 F1
F13 KOREA Double-normal-24 F3
F14 NON_ISC Double-normal-24 Estimate
F15 US_GIILL Double-normal-24 Estimate
F16 US_SPORT Double-normal-24 F15
F17 US_HW_DP Double-normal-24 Estimate
F18 US_HW_SH Cubic spline in length-27 Estimate
F19 TAIW_LG Double-normal-24 2004-2020 Estimate
F20 TAIW_SM Double-normal-24 Estimate
S1 US_HW_DP Double-normal-24 F17
S2 US_HW_SH Double-normal-24 F18
S3  TAIW_LG Double-normal-24 F19
sS4  TAIW_SM Double-normal-24 F20
S5 JPN_EARLY Double-normal-24 F4
S6  JPN_LATE Double-normal-24 F4
S7  JPN_RTV Double-normal-24 F7
S8 SPC_OBS Double-normal-24 F14
S9 SPC_OBS_TROPIC Double-normal-24 F14
S10 MEX Double-normal-24 F1
S11  Composite-CPUE Double-normal-24 F7
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Tabl Sulmimary of the sensitivity analysis used

shar k. Scenari os ooft luaste&dl G b & dhdeeneosdsesl Cvoenrpeo sn t e

CPUE denotes the use of each tCPdUEX si mul taneo
No Items Details Values

1 Natural mortality schedules Petersen and Wroblewski

2 Initial equilibrium catch (MT) 2.1 [Low 20000
2-2. High 60000
3 Late CPUE series 3-1. S1:HW_DP

3-2. S3:TAIW_LG

3-3. S7: JPN_RTV

3-4. S9: SPC_OBS_TROPIC

3-5. S10: MEX

3-6. Composite CPUE (S1, S3 and S7)
3-7. All CPUEs

3-8. Composite CPUE (S1 and S7)
3-9. All CPUEs excluding S3

4 Spawner-recruit function LFSR used in the previous assessment Alfa=0.391
Beta=2

5 Beverton-Holt steepness ()  5-1. Low 0.513
5-2. High 0.713

6 Sigma-R 6-1. Low 0.2
6-2 High 0.6

7 Selectivity function Asymptotic selectivity on F19 (TAIW_LG)

8  High seas small and large mest Base-case

driftnet catch (1971-1993) Previous catch used in 2017
9 High seas driftnet catch 9-1. Lower value of 95% ClI based on the SD of . CV=0.21

fishery (Yatsu et al., 1993)

9-2. Higer value of 95% CI based on the SD of J

fishery (Yatsu et al., 1993) Cv=0.21

10 Non-ISC catch 10-1. Previous catch etsimates from SPC and ISC

10-2. Gradual decrease of catch rate for FSM
starting in 2009

10-3. Gradual decrease of catch rate for FSM
starting in 2011

11 US-HW LL catch for shallow-set 11-1. Upper range of reconstructed catch from R
and deep-set with all unobserved logbook records

11-2. Lower range of reconstructed catch from R
with all unobserved logbook records

12 Model specification Mimic 2017 blue shark assessment
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Table ARternati ve

Peter sen

assumpti oml)s

and Wrobl ewski (1984) .
Age Alternative Base-case
Female Male Female Male
0 0.311 0.262 0.787 0.726
1 0.186 0.178 0.489 0.491
2 0.141 0.141 0.371 0.382
3 0.118 0.120 0.307 0.320
4 0.104 0.107 0.267 0.279
5 0.094 0.097 0.240 0.251
6 0.087 0.090 0.221 0.230
7 0.082 0.085 0.207 0.214
8 0.078 0.081 0.196 0.202
9 0.075 0.078 0.187 0.192
10 0.073 0.075 0.180 0.184
11 0.071 0.073 0.175 0.178
12 0.069 0.071 0.170 0.172
13 0.068 0.069 0.167 0.168
14 0.067 0.068 0.164 0.164
15 0.066 0.067 0.161 0.160
16 0.065 0.066 0.159 0.158
17 0.065 0.065 0.157 0.155
18 0.064 0.064 0.156 0.153
19 0.064 0.064 0.154 0.151
20 0.063 0.063 0.153 0.150
21 0.063 0.063 0.152 0.148
22 0.063 0.062 0.151 0.147
23 0.062 0.062 0.151 0.146
24 0.062 0.061 0.150 0.145
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assumptions about h i

n the previous assessment
Year Large _mesh Small mesh
1971 0 0
1972 0 0
1973 6296.9 0
1974 6296.9 0
1975 6296.9 0
1976 6296.9 0
1977 6296.9 0
1978 6296.9 0
1979 6296.9 0
1980 6296.9 0
1981 6296.9 13331.3
1982 6296.9 13331.3
1983 5926.8 13331.3
1984 4727.5 13331.3
1985 3763.6 13331.3
1986 4081.1 13331.3
1987 3990.5 13331.3
1988 3707.7 13331.3
1989 3707.7 20022
1990 3707.7 8758.4
1991 3707.7 8758.4
1992 3387.7 4379.2
1993 660.5 0
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Tabl &l 14rnative assumptions about hi
and rupwel ues were estimated using th

Year Lower 95% Upper 95%

gh seas s
e coeffici

1980 108 166
1981 232 356
1982 1211 1855
1983 1649 2525
1984 2224 3406
1985 2436 3732
1986 2649 4057
1987 2629 4027
1988 3407 5219
1989 2923 4477
1990 1683 2579
1991 1307 2003
1992 798 1222
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Tabl &ll1T®rnative assumpti ons -lakCo une mbrermru alo uma trad

Year Previous Gradual Gradual
catch in decrease irdecrease ir
2017 catch from catch from

2009 2011
1995 161 51.7 51.7
1996 165 51.7 51.7
1997 261 51.7 51.7
1998 634 402.3 402.3
1999 782 946.5 946.5
2000 1350 227.9 227.9
2001 944 317.5 317.5

2002 2126 346.5 346.5
2003 1708 224.9 224.9
2004 5846 769.5 769.5
2005 3081 564.3 564.3
2006 3111 472.1 472.1
2007 3153 986.2 986.2
2008 2066 625.2 625.2
2009 1778 479.4 479.4
2010 1808 432.8 531.5
2011 2624 245.6 424.3
2012 2778 307.6 414.8
2013 2131 215.1 252.6
2014 2059 408.6 408.6
2015 2059 360.9 360.9

2016 387.8 387.8
2017 1332.6 1332.6
2018 1487.9 1487.9
2019 1863.7 1863.7
2020 1157.5 1157.5
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Tabl AAlTe@rnative assumptions a@aboeth thhenbkbowémnO:¢
Hawai isedeeamds esthalolnogt i ne fl eet s.

Year Deep_Deep_ Shallow Shallow Year Deep_Deep_ Shallow Shallow
high low  high _low high low  high _low
1971 0.0 0.0 0.0 0.0 1996 334 294 425 18.2
1972 22 0.1 0.0 0.0 1997 375 352 43.0 26.9
1973 23 0.2 0.0 0.0 1998 41.0 38.8 40.7 32.6
1974 19 0.1 0.0 0.0 1999 44.8 43.2 324 20.1
1975 19 0.1 0.0 0.0 2000 395 37.7 334 22.0
1976 16 0.1 0.0 0.0 2001 35.8 19.3 229 9.7
1977 2.0 0.1 0.0 0.0 2002 276 7.7 15 0.5
1978 24 0.1 0.0 0.0 2003 29.7 7.1 0.5 0.1
1979 2.0 0.1 0.0 0.0 2004 32.7 84 0.5 0.4
1980 0.8 0.1 0.0 0.0 2005 399 9.2 5.1 4.9
1981 0.0 0.0 0.0 0.0 2006 32.2 8.3 3.4 3.2
1982 0.1 0.0 0.0 0.0 2007 38.4 6.5 5.4 5.2
1983 0.3 0.0 0.0 0.0 2008 39.1 75 4.5 4.3
1984 09 0.1 0.1 0.0 2009 36.2 5.6 3.0 2.8
1985 04 0.0 0.1 0.1 2010 39.3 6.3 6.2 6.0
1986 0.7 0.0 0.3 0.2 2011 457 75 2.6 2.4
1987 1.2 0.1 0.7 0.4 2012 519 8.1 2.3 2.1
1988 0.9 0.1 15 0.9 2013 56.4 7.8 1.9 1.8
1989 1.2 0.1 3.6 2.0 2014 558 8.1 4.0 3.9
1990 59 04 8.4 4.5 2015 553 95 5.3 5.0
1991 143 0.9 19.7 10.3 2016 58.4 9.9 4.1 4.0
1992 139 0.9 46.1 23.2 2017 59.5 104 3.7 3.5
1993 16.9 149 69.9 35.7 2018 614 114 1.3 1.2
1994 19.1 16.6 81.9 39.5 2019 62.6 11.9 1.7 1.6
1995 22,1 185 415 9.1 2020 755 13.8 2.8 2.7
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Tabl &€&si17.mates of key management quantities for the North Pac

the sensitivity analimesiits.qubme i ¥ |l weg eofdemamag byomhemoweli ghti

results from the .three component model s

Scenarios Manegment Quantity Maximum gradient
SB]_971 SBZOZO SBMSY MSY F1971 F2017_2019 FMSY SB202CI F2017-2016 SG_baSe Sll_base Sll_eSS
SBusy Fusy

0 Base model 158,324 102,913 83,545 50,897 0.36 0.51 0.76 1.20 0.67 0.0001 0.0001 0.0001
1 Alternative Natural mortality schedules 796,669 604,465 379,930 66,849 0.26 0.27 0.47 1.58 0.57 0.0000 0.0000 0.0001
2 Alternative Initial catch-Low 196,106 108,543 82,390 50,097 0.26  0.46 0.75 1.30 0.61 0.0001 0.0005 0.0000
3 Alternative Initial catch-High 115,837 117,663 101,090 62,198 0.65 0.63 0.75 1.19 0.79 0.0001 0.0001 0.0006
4  Alternative late CPUE-S1: HW_DP 157,086 117,926 84,072 51,475 0.36 0.36 0.75 1.40 0.48 0.0000
5  Alternative late CPUE-S3: TAIW_LG 159,286 132,297 86,981 52,728 0.36  0.33 0.74 1.52 0.44 0.0001
6  Alternative late CPUE-S7: JPN_RTV 127,973 45,136 76,465 46,904 0.32 0.94 1.23 0.59 0.76 0.0001
7  Alternative late CPUE-S9: SPC_OBS_TROPIC 122,637 69,494 78,138 47,655 0.39 0.62 1.09 0.89 0.57 0.0001
8  Alternative late CPUE-S10: MEX 186,729 158,385 94,316 56,400 0.32  0.30 0.71 1.68 0.42 0.0001
9 Alternative late CPUE-Composite CPUE (S1, S3, and S¥26,660 44,229 76,575 46,909 0.28 1.02 1.49 0.58 0.6879 0.0001
10 Alternative late Al CPUEs 113,998 38,915 76,204 46,282 0.31  1.19 1.74 0.51 0.69 0.0001
11  Alternative late Composite CPUE (S1 and S7) 127,951 45,112 76,433 46,987 0.32 0.95 1.23 0.59 0.77 0.0003
12  Alternative late All CPUEs excluding S3 114,422 39,231 76,515 46,393 0.31 1.12 1.69 0.51 0.67 0.0001
13  Alternative SR function (LFSR) 141,009 109,367 102,698 59,135 0.74  0.93 0.63 1.09 1.35 0.0001 0.0001 0.1842
14  Alternative Beverton-Holt steepness -Low 169,382 98,897 101,343 47,680 0.43 0.65 0.59 0.96 1.11 0.0000 1.4176 0.0005
15 Alternative Beverton-Holt steepness -High 155,825 114,579 69,832 55,128 0.29  0.33 0.95 1.62 0.35 0.0001 0.0001 0.0006
16 Alternative Sigma-R-Low 220,650 173,123 102,308 62,398 0.28  0.45 0.67 1.58 0.71 0.0000 0.0001 0.0000
17  Alternative Sigma-R-High 144,123 82,989 80,492 48,972 0.39 0.56 0.80 1.03 0.70 0.0001 0.0001 0.0001
18 Asymptotic selectivity for F19: TAIW_LG 136,158 101,366 83,982 51,285 0.57 0.52 0.74 1.18 0.71 0.0001 0.0000 1099.95
19 Previous catch for high seas driftnet fisheries 740,884 633,260 274,994 163,985 0.08 0.08 0.62 2.30 0.13 0.0000 0.0000 0.0005
20 High seas squid dritnet catch-Lower 95% 139,430 84,940 78,564 47,894 0.40 0.60 0.81 1.06 0.74 0.0001 0.0000 0.0003
21  High seas squid dritnet catch-Upper 95% 179,408 123,026 89,788 54,580 0.33  0.44 0.72 1.33 0.60 0.0001 0.0001 0.0000
22 Alternative Non-ISC catch- previous catch in 2017 156,962 98,345 82,376 50,484 0.37 0.52 0.74 1.17 0.71 0.0000 0.0000 0.0006
23 Alternative Non-ISC catch- catch rate starting in 2009 158,358 103,045 83,621 50,925 0.36  0.51 0.76 1.20 0.66 0.0000 0.0001 0.0001
24 Alternative Non-ISC catch- catch rate starting in 2011 158,598 104,324 83,696 50,957 0.36  0.49 0.76 1.22 0.64 0.0001 0.0001 0.0001
25  Alternative US-HW-LL catch- Lower range 158,598 105,823 83,579 50,745 0.36  0.48 0.77 1.24 0.63 0.0000 0.0000 14.668
26  Alternative US-HW-LL catch- Upper range 157,410 97,791 83,302 51,208 0.37 0.56 0.74 1.15 0.75 0.0000 0.0000 0.0001
27 Same model specification (Mimic 2017 assessment) 159,945 262,076 117,601 62,542 0.54 0.22 0.48 2.23 0.46 0.0023
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Tabl eE48i mates (‘fhedicemtandsg0of key managemen
Pacific blue shark SS3 stock assessment model

Management Unit Model 80th percentile of
Quantity Ensemble bootstrapping
Bo' t 1,214,595
SSB t 222,7%
In(Ro)” numbers 9.559268
SSBiort t 158,324
SSBig72 t 149,903 104,977 223,884
SSBo20 t 92,954 38,6951 179,870
SSBusy’ t 83,545
Fro71 per year 0.36
Fio71 per year 0.26 0.16-0.42
F20172019 per year 0.33 0.18-0.74
Fumsy per year 0.76
SSB020SSBusy 1.17 0.5701.776
F2o17201dFmsy 0.445 0.2361.011
P(SSBo20>SSBusy) 63.5%
P(F0172015<Fmsy) 91.9%
P(SSBo20>SSBusy
andF2o17201<Fwsy) 61.9%
*The weighted mean across the ensemble is giv

the parametric bootstrap.
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TableProjected
scenari os.

trajectory

Fl

of Sspawni ng

e e PN 200k P
2021 91,469 92,158 91,707 91,613
2022 90,826 85,954 92,096 91,489
2023 91,044 83,524 93,902 92,240
2024 93,878 82,681 98,034 94,718
2025 95,195 81,283 102,324 97,349
2026 99,385 81,482 106,332 99,853
2027 101,943 81,391 110,446 103,502
2028 104,333 81,296 114,099 105,987
2029 106,374 81,005 117,424 108,386
2030 108,041 80,770 120,542 110,949
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Figure 13. Sex specific comparison of observed (gray bars) and model predicted (lines) length
compositions for different fisheries across alethmodels in the ensemble. Fit to female data
(dotted lines) is above theaxis and fit to the male data (solid lines) is below ttaxis. Line

color indicates the different models in the ensemble.
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Figure 14. Joint residual lot for annual mean length estimates for multiple fishing fleets from
theS6_basenodel. Vertical lines with points show the residuals (in colors by fishery), and solid
black lines show loess smoother through all residuals. Boxplots indicate the median and
guantiles in cases where residuals from the multiple indices are available for any given year. The
overall rootmean squared error (RMSE) is included in the upper-hightd corner.
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Figure16.Model fits to the S5: JPN_EARLY standardi
scale) data sets for each of the three etguh the ensemble. The solid colored line is the model
predicted value and the solid black circles are observed data values. Vertical black lines

represent the estimated confidence intervals (+ 1.96 standard deviations) around the CPUE

values.
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Figurel7Z. Model fits to the S6: JPN_LATE standardi z
scale) data sets for each of the three models in the ensemble. The solid colored line is the model
predicted value and the solid black circles abserved data values. Vertical black lines

represent the estimated confidence intervals (+ 1.96 standard deviations) around the CPUE

values. Note that the two S11 models do not fit to this index.
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Figure 18. Joint residual it for the two survey indices in ti&6-basemodel. Vertical lines with
points show the residuals (in colors by survey), and solid black lines show loess smoother
through all residuals. Boxplots indicate the median and quantiles in cases where resiguals fr
the multiple indices are available for any given year. The overalmeain squared error
(RMSE) is included in the upper rightind corner.
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Figure 19. Runs tests results for the two survey indices ireiebasenodel. Gren shading
indicates no evidence (p O 0.05) and red shad
randomly distributed timseries of residuals, respectively. The shaded (green/red) area spans

three residual standard deviations to either siol@ zero, and the red points outside of the
shading vi esliagtnea tlhiemio6ttéh rfecer t hat seri es.
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Figurel0OModel fits to the S5: JPN_EARLY standardi
scale) data set for each of & basemodel and two agstructured production models (ASPM

and ASPMrev). The solid colored line is the model predicted value and the solid black circles

are observed data values. Vertical black lines represent the estimated confidence intervals (=

1.96 $andard deviations) around the CPUE values.
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Figurell Model fits to the S6: JPN_LATE standardi z
scale) data set for each of tB6é basenodel and two agstructured production models (ASPM

and ASPMrev). The solid colored line is the model predicted value and theldat circles

are observed data values. Vertical black lines represent the estimated confidence intervals (+

1.96 standard deviations) around the CPUE values.
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Figure 12. Annual spawning stock biomass estimates fofS6ebasenodel and two versions of
the agestructured production models (ASPM and ASiPa).

100



FI NAL

Mohn's rho = -0.2(-0.2) -

Stock fecundity
150000 200000 250000
L 1

100000
|

50000
|

0

1970 1980 1990 2000 2010 2020
Year
Figure 13. Retrospective analysis of spawning stock bionfiasthe S6_basenodel conducted
by sequentially removing the last three yearsohdaf r om t he model . Mohnos

corresponding 6hindcast rhoé values (in brack
areas are the 95 % confidence intervals from the reference model.
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Figure 14. Retrospective analysis of fishing mortalitgte relative to maximum sustainable

(MSY) levelfor theS6_basenodel conducted by sequentially removing the last three years of

data from the model . Mohnés rho sta({mistic and
brackets) are printed at the top of the figure. Grey shaded areas are the 95 % confidence intervals
from the reference model.
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Figure 15. Hindcasting crossalidation (HCxval) results for the fit to the S6 Japanese Kinkai

shall ow | ate standardi zed catch 5@ baseadel,t ef f or
showing observed (large points connected with dashed line), fitted (solid lines) aypebene

ahead forecast values (small terminal points). HCxval was perfargieg one reference model
(S6_baspand three hindcast model runs (solid lines) relative to the expected CPUE. The
observations used for cresgalidation are highlighted as cotooded solid circles with

associated 95 % confidence intervals (kghay shding). The model reference year refers to the
endpoints of each ongearahead forecast and the corresponding observation (i.e., year of peel +

1). The mean absolute scaled error (MASE) score and adjusted MASE (in parentheses) is shown

at the top of the gure.
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Figure 16. Selectivity at length by fishery and sex (males solid line, females dotted line) for each
of the three models in the ensemble (line color).
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Figure 17. Time-varying selectivity by segmales solid line, females dotted line) for the
Taiwanese large scale longline fishery (F19) for each of the three m86elsasdeft panel,
S11 baseentral panelS11_essight panel). Line color indicates the year of the estimated
selectivity.
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Figure 18. Annual spawning stock biomass estimates (1000 metric tons) for the three models in

the ensemble (line color). Solid lines indicate mean estimates while the shaded region indicates
the associated 95% confidence interval.
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Figure 19. Average annual fishing mortality estimates relative to maximum sustainable yield

(MSY) level for the three models in the ensemble (line color). Solid lines indicate mean
estimates while the shaded region indicateafis®ciated 95% confidence interval.
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Figure 20. Annual recruitment deviates for the three models in the ensemble (color). The colored

symbols indicate the mean estimate and the vertical bars indicate the associated 95% eonfidenc
interval.
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Figure 23. Joint residual plot for annual mean length estimates for multiple fishing fleets from
theS11_basenodel. Vertical lines with points show the residuals (in colors by fishery), and

solid black lines show I@s smoother through all residuals. Boxplots indicate the median and
guantiles in cases where residuals from the multiple indices are available for any given year. The
overall rootmean squared error (RMSE) is included in the upper-tight corner.
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Figure 24. Runs tests results from the mean length residuals illustrated for all fisheries in the

S11 basenodel . Green shading indicates no evidenc
0.05) to reject the hypothesis of a randipdistributed timeseries of residuals, respectively. The

shaded (green/red) area spans three residual standard deviations to either side from zero, and the
red points outside ofsitghema dhamitndg fwiro It ehtae tshee
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Figure25Model fits to the S11 DFA composite | ate
(in log scale) data sets for each of the three models in the ensemble. The solid colored line is the
model predicted value and the solid black eischre observed data values. Vertical black lines
represent the estimated confidence intervals (+ 1.96 standard deviations) around the CPUE

values. Note that the S6 model does not fit to this index.
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Figure 26. Joint residual @t for the two survey indices in ti&l1_basenodel. Vertical lines

with points show the residuals (in colors by fishery), and solid black lines show loess smoother
through all residuals. Boxplots indicate the median and quantiles in cases where résiduals

the multiple indices are available for any given year. The overalmeain squared error

(RMSE) is included in the upper righaand corner.
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Figure 27. Runs tests results for the two survey indices irethe basenodel.Green shading
indicates no evidence (p O 0.05) and red shad
randomly distributed timseries of residuals, respectively. The shaded (green/red) area spans

three residual standard deviations to eitheg §idm zero, and the red points outside of the
shading vi esliagtnea tlhiemio6ttéh rfecer t hat seri es.
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Figure28 Model fits to the S5: JPN_EARLY standardi
scale) data set for each o&tB11 basenodel and two versions of agé&ructured production

models (ASPM and ASP¥Ev). The solid colored line is the model predicted value and the solid

black circles are observed data values. Vertical black lines represent the estimated confidence
intervals (£ 1.96 standard deviations) around the CPUE values.
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Figure29.Model fits to the S11 DFA composite | ate
(in log scale) data set for each of il _basenodel and two versiond agestructured

production models (ASPM and ASRMV). The solid colored line is the model predicted value

and the solid black circles are observed data values. Vertical black lines represent the estimated
confidence intervals (£ 1.96 standard deviati@rsund the CPUE values.
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Figure 30. Annual spawning biomass estimates for#id_basenodel and two versions of the
agestructured production models (ASPM and ASirW).
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Figure 31. Retrospective alysis of spawning stock biomass (metric tdiostheS11 base

model conducted by sequentially removing the
rho statistic and the corresponding 6édhhendcast
figure. Grey shaded areas are the 95 % confidence intervals from the reference model.
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Figure 32. Retrospective analysis of fishing mortaligte relative to maximum sustainable yield

(MSY) level for theS11_basenodel condated by sequentially removing the last three years of

data from the model . Mohnés rho statistic and
brackets) are printed at the top of the figure. Grey shaded areas are the 95 % confidence intervals
from the reérence model.

120



FI NAL

S11_DFA_LATE: MASE = 4.2 (0.5

2.0
|

1.5

Index
1.0
|

0.5
|

— Ref
2019
2018
— 2017

I I I I I T I I I
2012 2013 2014 2015 2016 2017 2018 2019 2020

0.0

Year

Figure 33. Hindcasting crossalidation (HCxva) results for the fit to the S11 DFA composite

| ate standardized catch per (5bhlibasewedelfshawing ( CPUE
observed (large points connected with dashed line), fitted (solid lines) ary¢arshead

forecast values (smakerminal points). HCxval was performed using one reference model (S6

base) and three hindcast model runs (solid lines) relative to the expected CPUE. The

observations used for cregalidation are highlighted as cotooded solid circles with

associate®5 % confidence intervals (liglgray shading). The model reference year refers to the
endpoints of each ongearahead forecast and the corresponding observation (i.e., year of peel +

1). The mean absolute scaled error (MASE) score and adjusted MASEdntheses) is shown

at the top of the figure.
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Figure 36. Joint residual plot for annual mean length estimates for multiple fishing fleets from
theS11_essnodel. Vertical lines wit points show the residuals (in colors by fishery), and solid
black lines show loess smoother through all residuals. Boxplots indicate the median and
guantiles in cases where residuals from the multiple indices are available for any given year. The
overallrootmean squared error (RMSE) is included in the upper-tight corner.
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Figure 37. Runs tests results from the mean length residuals illustrated for all fisheries in the
S11_essnodel. Green shading indicates no evidend® (p0 . 0 5)
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Figure 38. Joint residual plot for the two survey indices in 8#l_essnodel. Vertical lines with
points show the residuals (in colors by fishery), and sddidkdines show loess smoother

through all residuals. Boxplots indicate the median and quantiles in cases where residuals from
the multiple indices are available for any given year. The overalmeain squared error

(RMSE) is included in the upper righaand corner.
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Figure 39. Runs tests results for the two survey indices irsthe_essnodel. Green shading
indicates no evidence (p O 0.05) and red shad
randomly distributedite-series of residuals, respectively. The shaded (green/red) area spans

three residual standard deviations to either side from zero, and the red points outside of the
shading vi esliagtnea tlhiemidttdoh rfeoer t hat seri es.
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Figure40Model fits to the S5 Japanese Kinkai shal
(CPUE) (in log scale) data set for each of #id4_essnodel and two ASPM models. The solid

colored line is the model predicted value and the solid black caotesbserved data values.

Vertical black lines represent the estimated confidence intervals (x 1.96 standard deviations)

around the CPUE values.
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Figure4l. Model fits to the S11 DFA compEPUEe | at e
(in log scale) data set for each of il _essnodel and two ASPM models. The solid colored

line is the model predicted value and the solid black circles are observed data values. Vertical

black lines represent the estimated confidence iate® 1.96 standard deviations) around the

CPUE values.
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Figure 42. Annual spawning biomass estimates for 8l essnodel and two versions of the
ASPM.
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Mohn's rho = -0.1(-0.11)

Stock fecundity
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Figure 43. Retrospective analysis of spawgistock biomass (metric tor®y theS11_ess

model conducted by sequentially removing the
rho statistic and the corresponding 6éhindcast
figure. Grey shded areas are the 95 % confidence intervals from the reference model.
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Mohn's rho = 0.13(0.15)

F/Fusy

1970 1980 1990 2000 2010 2020

Year

Figure 44. Retrospective analysis of fishing mortaligte relative to maximum sustainable yield

(MSY) level for theS11_essnodel conducted by sequentjatemoving the last three years of

data from the model . Mohnés rho statistic and
brackets) are printed at the top of the figure. Grey shaded areas are the 95 % confidence intervals
from the reference model.
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S71_DFA_LATE: MASE = 2.87 (0.34)

20
1

15

Index
1.0

0.5

0.0

I I I | I I I I I
2012 2013 2014 2015 2016 2017 2018 2019 2020

Year

Figure 45. Hindcasting crossalidation (HCxval) results for the fit to the S11 DFA composite

| ate standardized catch per (5hliessodd, showiny ( CPUE
observed (large points connected with dadivee), fitted (solid lines) and ongearahead

forecast values (small terminal points). HCxval was performed using one reference medel (S6

base) and three hindcast model runs (solid lines) relative to the expected CPUE. The

observations used for cregdidation are highlighted as col@oded solid circles with

associated 95 % confidence intervals (kghay shading). The model reference year refers to the
endpoints of each ongearahead forecast and the corresponding observation (i.e., year of peel +

1). The mean absolute scaled error (MASE) score and adjusted MASE (in parentheses) is shown

at the top of the figure.
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Figure 57. Model ensemble results for spawning stock biomass (SSB) (A), SSRGS EB,
fishing mortality rate (F) (C), Fisy (D), and recruitment (E). The solid line indicates the
median across the ensemble. The lighter shaded region gives'therg@ntile and thdarker
shaded region gives the'5percentile around the median estimate.

135



2.04

0.54

0.0

D)9.2%

A)27.3%

C) 0%

198

1940

198

1202
19

B) 63.5%

0.0

05

1.0 15 20
SSB/SSBusy

Fl

NAL

Figure 46. Uncertainty in terminal stock status given by the Kobe plot, based on the 100,000
bootstrap samples characterizing the model and estimatm®rtainty from the model ensemble.

Warmer colors indicate a greater density of samples, while cooler colors show the fringe of the
distribution. The black line gives the median historical trajectory in stock status. The proportion

of bootstrap sampleslfi]mg within each quadrant is listed.
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Figure 59. Tenyear forecasting results for the four projection scenarios across the model

ensemble for spawning stock biomass (A), SSBASSEB), fishing mortality raté F (C),
F/Fusy (D), recruitment (E), and catch (F). The solid line indicates the median across the
ensemble for each scenario. The lighter shaded region gives'tipe@@ntile and the darker
shaded region gives the'percentile around the median esite. Color indicates the forecast

scenario.
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13.APPENDI X

The following is the code of control file wuse
Il f you want tdilees tusedot menr heS3t om&mhaaearse sesfme
tdh | SC SHARKAG ng Mt k a hGhkati aKk ani@af ) r or gdli chol as
Duc haBamgi ihchol as-bawutcih@nmaa. gov

SS Cont(®® | bndkosdded )

#V3.30

#C file created using the SS writectl functio
#C f il ee:wrdDE2 t1i9m48: 10

#

O# 0 means do not read wtatage. ss; 1 means r ez
growth parameters

1# N_Growt h_Patterns

1# N_platoons_ Wi thin_GrowthPattern

4# recr _di st _method for parameters

1# not yet I mplwreameqnd-R8lgawudmment ; l=gl obal; 2=0D
1# number of recruitment settlement assignment
O# unused option

# for each settlement assignment:

# GPatt emontahr eaage

1 7 1 0 # recr _dist _patternl
#
# Cond O # N_movement detmani ti@ns goes here i
# Cond 1.0 # first age that moves (real age a
o_migration>0
1 1 1 2 4 10 # example move definition

|l ock_Patterns
Iockasttpeerrn p
gin and end years of Dbl ocks

?E,|
Ucr

[ )

1982 1992

d
#
a
#
2
1
#
1
1
#
# controls for all timevarypr meters
1# env/ bl ock/ dev_ _adyvasy matmesd (flewaahl rel méi v
3=no bound check)

#

#

1

#

a

#

#

#

3

AUTOGEN

1 #4 4dutllosgtene:l ement for biology, 2nd for SR,
where: 0 =vauouwyogegnpalimst-vineyi ngagaemchi heme
utogen i fl12P3A4&5N mi n==

setup for M, growthntmaiti stibbwtifoeng umaivteyne nrt
# nat M_type: _O=1Par m,;
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1=N_breakpoints; 2=Lorenzen; 3=agespecific; 4
#_ # _ Age_natmort _ by sex x growthpattern
# Age OAge Alge Age Age AMge Age Age Alge Age 9

A g e Algle Algle Alg2e A Adge Algoe Algbe Alg7re Alg8e _ 19
Age Agle A2gle A202e A2g3e 2 4

0. 7807. 4809. 3701. 3007. 2607. 2400. 2 201. 2 007. 1 906. 1807. 180

0. 1705 1700. 1607. 1604. 1601 1509. 1507. 1506. 1504. 153

0. 1502 1501. 1501. 1540 nat M1
0. 7206. 4901. 3802. B20. 2 709. 2501. 2 300. 2 104. 2 002. 1902. 1814

0. 1708 1702. 1608. 1604. 1600. 1508 1505 1503 1501. 150

O. 1408 1407. 1406. 1445 nat M2
2# Growt hModel : l=vonBert with L1&L2; 2=Ri char
4=age_specific_k__&Kecera;chhsa ge NsAp e c/7i=fNNA; 8=gr owt h
1# Agetpbobstement) for _L1l1;linear growth bel ow t

266 _Growth_ Age for L2 (999 to use as Linf)

99 exponential decay for growth adPd9¥%e maxage
replica3®& tadd PMovt gr owt h above maxage)

O# placehol der for future growth feature

#

O# SD_add_to_ _LAA (set to 0.1 for SS2 V1.x comg
O# _CV_Growth_Pattern: O Cv=f (LAA); 1 CV=F(A)
| ogSD=F(A)

1# maturity opti ofB=agel=lloegnigstiha tlyorgBitsyteiacd;t aige b
growth_patt dremc;undd=irteyad Sa=gde snabluedt y6=read | eng
4# First _ Mature_ Age

2# fecundity option: (1)eggs=Wt*(a+b*Wt); (2)eg:(«
(5)eggs=a+b*W

O# her mapshr ocoditti on: -t0maloerep @ di=fflieomafllea ma | e
agepeci fic fxn

1# parameter _offset_ _approach (1=nGmhlk, 2= iMke G,
SS2 V1. x)

#

# _growt h_par ms

# LI | NI TPRI OPRR_ SPDR_ tPyHoAeSeEnv _var &kevnkink
dev_mingev_ _maxgev BAHcBl ock _ Fxn

1e+020.000060.0430e+61500 0 01e0+. 00Q -4 0 0
0 0 0.5 0 0 # L_at _Amin_Fem_GP_1

4e+010.000020.0452e+082000 0 01e0+ 002 -2 0 0
0 0 0.50 0 #_ _L_at _Amax_Fem_GP_1

16&61 0. 2500010. 460e 1.5000086. 80 -4 0 0
0 0 0.50 0 #_VonBert K_Fem_GP_1

-1le+0110. 0000@0000e+@0000006+80 -4 0 0
0 0 0.50 0 # Richards_Fem_GP_1

16962 1.000002. 500e 8.348276.80 -3 0 0
0 0 0.50 0 #CV_young_Fem_GP_1

-3e+0@3.0000010. 0OQe 0. 00000B6+80 -3 0 0
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0 0 0.5 0 0 # CV _ol d_Fem_ GP_1
-3e+0@.0000050. 388B8e 5. 388606. 80 -3 0 0

0 0 0.5 0 0 # Wtlen_1_ _Fem_GP_1
-3e+0@.500003. 102e+08010e20V0®. 80 -3 0 0

0 0 0.5 0 0 # Wtlen_2_ Fem_GP_1
-3e+@B00. 00001000566 e+B2500006+0680 -3 0 0

0 0 0.5 0 0 # Mat50% Fem_GP_1
-3e+0@. 0000600 600e -1.6000Q00@®&. 80 -3 0 0

0 0 0.5 0 0 # Mat sl ope_Fem_GP_1
-3e+090. 0000080500e+@815000086+060 -3 0 0

0 0 0.5 0 0 # Eggs/ kg_inter_ _Fem_GP_1
-3e+0@.0000000. O0O0e+0000000B6+80 -3 0 0

0 0 0.5 0 0 # Eggs/ kg _sl ope_wt _ Fem_G
1e+020.000060.0850e+01000006+80 -3 0 0

0 0 05 0 0 # L_at _Amin_Mal GP_1
4e+010. 000020061 5e+02000006+80 -2 0 0

0 0 0.5 0 0 # L_at _Amax_Mal _GP_1
16®&1 0. 2500010. 1-0@2e 0. 000006+80 -3 0 0

0 0 0.5 0 0 # VonBert K_Mal _GP_1
-le+0110. 0000@0000e+0000000B6+80 -3 0 0

0 0 0.5 0 0 # Richards_Mal _GP_1
16962 1.000002. 500e 0. 000006+80 -3 0 0

0 0 0.5 0 0 # CV _young_Mal _GP_1
-3e+0@3.0000010. 0OQ2e 0. 0000O0B+8680O0 -3 0 0

0 0 0.5 0 0 # CV_ol d_Mal _GP_1
-3e+0@.0000030. 208e 3.29B606. 80 -3 0

0 0 0.5 0 0 # Wtlen_1_Mal _GP_1
-3e+0@.5000030. 225e+00225006+80 -3 0 0

0 0 0.5 0 0 # Wtlen_2_ Mal _GP_1
1€6110.000000000e+@2000000B+00O0 -1 0 0

0 0 0.5 0 0 # Cohort GrowDev
16 0. 99990959 00@e 5. 000006.50 -99 0 0

0 0 0.00 0 # FracFemale_ GP_1
# no timevary MG parameters
#
# seasonal effects_on_biology_par ms
O 0O O O #0 fOe ndwtOl eOn 10, f e mtelceln 4 ,ema&t, Marhaetwad | en 1l , m:
#_ LO HI | NI' T PRI OR PR_SD PR _type PHASE
# Conhd2-10 2 # pl acehol der when no seasonal MG
#
3# _SpaReerui t ment ; 2H5Ri4c=kSeOAA ;35=sHodt kBayt o6 =B
7=survival 3PBemm8=Shepard_3
1# 0/ 1 to use steepness I n initial equ recruit
1# future feature: O0/1 to make realized si gmal
# LI | NI TPRI OPRR _ SPOR _ tPyHoAeSeErw au s e _ddeevww_ mn y r

dev_mxydev BAHbcBl k_Fxn # par m_name
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3.020 9 . 6 691.1050100 . 000 1 0 0 0 0 0

0 0 # SR_LN(RO)
0.2 1 0. 6103.06018. 06 -4 0 0 0 0 0

0 0 # SR _BH _steep
0.0 2 0. 4000.06000. 80 -3 0 0 0 0 0

0 0 # SR_sigmaR
5.0 5 0. 0000.0000@. OO -1 0 0 0 0 0

1 1 # SR_regi me
0.00 0. O0CM®®M9 9. 000 -1 0 0 0 0 0

0 0 # SR _autocorr
# ti mevary SR parameters
# LI | NI TPRI OPRR_ SPDR _ tPyHoAeS E
-5 5 0.00492894 2.5 0 4

# SR _regime_BLKladd_ 1970
2#do _recdev: O=none; l=devvector (R=F(SSB) +d
3=deviatirdey ; (HR€B@BR); 4=1like 3 with sum(dev?2
19#1 first year of main recr _devs; early devs
20201 ast year of main recr_devs; forecast dev
1# recdev phase
1# (0/ 1) to readd 13 advanced optio
-1%#% _recdev_early start (O0O=none; neg value make
2# recdev_early phase
-1# forecast _recruitment phase (incl | ate rec
1# | ambda for Fcast _recr | ike occurring befor g
1968. Basitobyras _adj i n_MPD; begin of ramp
20¥4 first _yr _fullbias_adj _in_MPD,; begin of pl
2019;5ast_yr_fulIbias_adj_in_MPD
2020 end _yr _for _ramp_in_MPD (can be in forecas
for fcast yrs)
O.#/5 max _bi asDaldijt o omvMA ri de ramp and set biasa
O# period of cycles in recruitment (N parms r e
S1#min rec _dev
l1#max rec_dev
O# read_recdevs
# end of advanced SR options
#
# pl acehol der for fiult meparayeltes | ines for re
# read speC|f|ed recr devs
# _Yr I nput value
#
#Fi shing Mortality info
0.#2 F ball park
20¥3 F ballpark year (neg value to disabl e)
3# F_Met hod: 1=Pope,; 2=instan. F; =hybrid (
5# max F or har veMdt road e, depends on F _
4# N iterations for tuning F in hybrid method
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#
# 1 nitial _F_par ms
# L AI | NI TPRI OPRR_ SPIR _ tPyHAeS E
0. 0051 0.249530.0199 0 1
# I nitF _seas_ 1 flt_ 4F4 JPN_KK_SH
#
# Q_setup for fleets with cpue or survey dat a
# f lleientkli nk _i nfext rba _asskal dojat # fl eet name
211 0 0 0 1 # S1_HW_DP
231 0 0 0 1 # S3_TAI W_LG
251 0 0 0 1 # S5 JPN_EARLY
261 0 0 0 1 # S6 _JPN_LATE
271 0 0 0 1 # _S7 _JPN_RTV
291 0 0 0 1 # _S9_ SPCROBIKCT
301 0 0 0 1 # S10_MEX
311 0 0 0 1 # S11 DFA_LATE
9999 0 0 0 0 # terminator
#_ _Q_parms(if _any); Qunits_are_I n(q)
# LI | NI TPRI OPRR _ SR _ tPyHAeSeErw au s e _ddeeww_ mny r
dev_mxydev BAHbcBl k_Fxn # par m_name
25 25 -8. 151680 1 0 -1 0 0 0 0
0 0 0 # LnQ_base_S1 HW_DP(21)
25 25 -;7.512720 1 0 -1 0 0 0 0
0 0 0 # LnQ_base_ S3 TAIW_LG(23)
25 25 -8. 050650 1 0 -1 0 0 0 0
0 0 0 # LnQ_base_ S5 JPN_EARLY(25)
25 25 -8. 155990 1 0 -1 0 0 0 0
0 0 0 # LnQ_base_ _S6_JPN_LATE(26)
25 25 -7. 609010 1 0 -1 0 0 0 0
0 0 0 # LnQ_base_ S7 JPN_RTV(27)
25 25 -8. 2902140 1 0 -1 0 0 0 0
0 0 0 #_ _LnQ_base_S9_SPC_OBS_TROPI C(29
25 25 -8. 215810 1 0 -1 0 0 0 0
0 0 0 #_ _LnQ_base_S10_MEX(30)
25 25 -7. 5898140 1 0 -1 0 0 0 0
0 0 0 # LnQ_base_ S11 DFA_LATE(31)
# _no timevary Q parameters
#
# si ze _selex _patterns
# PattebnscMaldeSpeci al
24 0 4 0 # 1 F1_MEX
5 0 0 1 # 2 F2 _ CAN
24 0 4 0 # 3 F3 _CHI NA
24 0 4 0 # 4 F4 JPN_KK_SH
24 0 4 0 #_ 5 F5_JPN_KK_DP
5 0 0 4 # 6 F6 _JPN_ENY_SHL

142



FI NAL

VI

— o

X — (@] @)

< < | —

W < () o
[ c @)
TrxTO - .— o

ann L a0 > oW

QWwRv O_0O0ccO= — |

== und SIPoMLS OS2 EL->0N0N <

> | 102 0<—-00 1 | an<<Fmo

ZOO | _Iw | 111 |/]¥82axT | wax0O0 _

WaoaZ2hxrz<<<¥__0n=Z | | | 1 IX<«

1 1IN0 0nmwnhiac<s | I__ZZZ00WWH

ZZ2Zm l_xZD2DD09rF2=Z«c<«gononon3Sn

oo (2 | 111 Il I TT s> 0mM |

mmmsolblauomgtwo~ooo | LT LTIl oA

l ] AP Ad-dddAdddNdA NN ONWOWO
Nooo L WML LLLULLLLODONDONDONDONDONONnONnONnONnN
Woww
OHNMTLOMNVDOOANMNMTOOONOODO -
70091t._11111111222222222233
O O I (Y AN B
HHEIFHFHFTHHHF S HHEHH

Lo N~ 0 O O < <
OO O0OO0OOO—-AMOOo oumnoo < <~ — N~
— — N — -

TITATOOO0OOITITOTATTOOOOOOOOOOO

ejeolololooojojololeooojolololololololelNeNololNo)

4445455445474455555555555
AN NN N AN N NN NN

LATE
_DP
SH

JPN_CST_Oth
e
e

n
n

LL
|
[

USA_SPORT

ENY_ DP
| SC
Lonl
Lonl

JPN_KK_DP

LG MESH

SH_EARLY
I ATTC

N ENY SHL

KOREA
NON
USA_GI
USA
USA

N
N
JPN_SM_MESH

P
P
P

JPN_KK_SH

ME X
CAN
CHI NA
J

J

J

0

1

2

3

4

5

(N I
—

N——d NMTWOONOO L LWL LWL

C ©LLLL L L LWl

N OdNMIT O N~

VOANMIOON0®D Ao
B L I T Y A B B

~ D HFHFHFFHFHFEHHFFEFFEEFHR

<))
© ©

25

_MOOOOOOOOOOOOOOOOOO

1
1
1
1
1
1
F17
F18

F16

e X

s el
ttebhsc

ojolooojojolololololololelNeNolNolNo)

e_

gaoooooooooooooooooo

© O
(I
HFHEFHFOOOOODOOOOOOOOOOOOO

143



HFHHFOOOODOOOOOOOOO

0 0 0 #
0 0 0 #
0 0 0 #
0 0 0 #
0 0 0 #
0 0 0 #
0 0 0 #
0 0 0 #
0 0 0 #
0 0 0 #
0 0 0 #
0 0 0 #
0 0 0 #
_Si zeSel ex
_ LI | NI TPRI PR
dev_mxydev BH
35.000 250. 0001 .
0 0O 0.50
-15. 000 15. 0006
0 0O 0.50
-15. 000 15.000°7.
0 0O 0.50
-15. 000 15.0006.
0 0O 0.50
-999.000-999. 0009 .
0 0O 0.50
999.000999. 0009.
0 0O 0.50
-20. 000 200. 006®.
0 0O 0.00
-15. 000 15.0001.
0 0O 0.00
-15. 000 15.0002.
0 0O 0.00
-15. 000 15.0000.
0 0O 0.00
0.000 5.000 3
0 0O 0.00
-1.000 200. 0001
0 0O 0.50
-1. 000 239. 0006
0 0O 0.50
35.000 250. 0001
0 0O 0.50
-15. 000 15. 0006

o

o
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19 F19 TAI W_LG

20 F20_TAI W_SM

21 S1_HW_DP

22 S2_ HW_SH

23 S3_TAI W_LG

24 S4 TAI W_SM

25 S5 _JPN_EARLY

26 S6_JPN_LATE

27 S7_JPN_RTV

28 S8 _SPC_OBS

29 S9_ SPC_OBS_TROPI C

30 S10_MEX

31 S11 DFA_LATE

_ SPIR _ tPyHAeSeErw au s e _ddeevww_ mn y r

cBkl k _Fxn # par m_name
57527886020. 000 2 0 0

0 # SizeSel _P_1_F1_MEX(1)
0000e0G+000. 00O -4 0 0

0 # SizeSel _P_2_F1_MEX(1)
36579e0+000. 000 4 0 0

0 # SizeSel P_3_F1_ _MEX(1)
8eH®D O 0.000 4 0 0

0 # SizeSel P_4_F1_ _MEX(1)
99000e0+020. 00O -2 0 0

0 # Si zeSel _P_5_F1_MEX(1)
99000e0+025. 000 -2 0 0

0 # SizeSel _P_6_F1_ _MEX(1)
685292 ® 0. 000 0 4 0 0

0 # Si zeSel PFemOff 1 F1 M
230@G6e4 50. 0000 4 0 0

0 # Si zeSel PFemOff 2 F1 M
20-824¢e4 50. 0000 4 0 0

0 # Si zeSel PFemOff 3 _F1 M
00000e4+0B80. 0000 -4 0 0

0 # _Si zPeFSeemdOf f _ 4 _F1 _MEX( 1)
. 36-280e4 50. 0000 5 0 0

0 # Si zeSel PFemOff 5 F1 M
.00000B8®009. 0000 -99 O 0

0 # SizeSel _P_1_F2_CAN(2)
.00000B8®029. 0000 -99 O 0

0 # SizeSel _P_2_F2_CAN(2)
. 711268686020. 000 2 0 0

0 # SizeSel _P_1_F3_CHI NA(S3
0000eG+r000. 00O -4 0 0
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0 0O 0.50 0 # Si zeSel P_2 F3 _ _CHI NA(3
-15. 000 15.0007.28940e0+000. 000 4 0 0

0 0O 0.50 0 # Si zeSel P_3 F3 _ CHI NA(3
-15. 000 150@ 7.81161e0+000. 000 4 0 0

0 0O 0.50 0 # Si zeSel P_4 F3 _ CHI NA(3
-999.000999.00069.99000e0+020. 000 -2 0 0

0 0O 0.50 0 # Si zeSel P_5_ F3 _ CHI NA(3
-999.000999.00069.99000e0+025. 000 -2 0 0

0 0O 0.50 0 # Si zeSel P_6_F3 _ CHI NA(3
20. 000 200.00®M®. 0368529 6G0. 0000 4 0 0

0 0O 0.00 0 # Si zeSel PFemOff _ 1 F3 _C
-15. 000 15.0001.94-023¢e4 50. 000 0 4 0 0

0 0O 0.00 0 # Si zeSel PFemOff _ 2 F3_C
-15. 000 15.0008.67-034¢e4 50. 0000 4 0 0

0 0O 0.00 0 # SizeSel PFemOff _ _3_F3_C
-15. 000 15.0000.00000e4+08B0. 000 O -4 0 0

0 0O 0.00 0 # SizeSel PFemOff _4_F3_C
0.000 5.000 5. 810209e4 50. 0000 5 0 0

0 0O 0.00 0 # SizeSel PFemOff _5_F3_C
35.000 250.0001.5105986020. 000 2 0 0

0 0O 0.50 0 # Si zeSelUPR_KKE&SH(4)
-15.000 15.0006.00000e06+Fr000. 00O -3 0 0

0 0O 0.50 0 # SizeSel _P_2_F4_ _JPN_KK_
-15.000 15.0006.86811e0+000. 000 3 0 0

0 0O 0.50 0 # SizeSel _P_3_F4_JPN_KK_
-15.000 15.0007.84481e0+00.000 3 0 0

0 0O 0.50 0 # Si zeSel _P_4_F4_ _JPN_KK_
-999.000-999.0009.99000e0+020. 000 -3 0 0

0 0O 0.50 0 # SizeSel _P_5_F4_ _JPN_KK_
-99®00 -999.0009.99000e0+025. 000 -3 0 0

0 0O 0.50 0 # Si zeSel _P_6_F4_ _JPN_KK_
20. 000 200.00a.63523e0+0BG0. 0000 4 0 0

0 0O 0.00O0 0 # Si zeSel PFemOff 1 F4
-15.000 15.00020d00r 4 50. 0000 4 0 0

0 0O 0.00O0 0 # Si zeSel PFemOff _2 F4
-15. 000 15.0001.850420¢e4 50. 0000 4 0 0

0 0O 0.00O0 0 # Si zeSel PFemOff 3 F4
-15. 000 15.0000.00000¢e4+ 080 .0000 -4 0 0

0 0O 0.00O0 0 # Si zeSel PFemOff 4 F4 ]
0.000 5.000 2. 73030e4 50. 0000 5 0 0

0 0O 0.00O0 0 # Si zeSel PFemOff 5 F4 ]
35.000 250.0001.7229986020. 000 2 0 0

0 0O 0.50 0 # Si zeSel _P_1_F5_JPN_KK_
-15.000 15.0006.00000e06+Fr000.000O0 -3 0 0

0 0O 0.50 0 # Si zeSel _P_2_F5_JPN_KK_
-15.000 15.0006.31504e0+00.000 4 0 0
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0 0O 0.50
-15. 000 15.0006
0 0O 0.5 0
-999.000999. 0009
0 0O 0.5 0
-999.000999. 0009.
0 0O 0.5 0
-80. 000 200. 00 @.
0 0O 0.00O0
-15. 000 15. 0006
0 0O 0.00O0
-15. 000 15.0002
0 0O 0.00O0
-15. 000 15.0000
0 0O 0.00O0
0.000 5.000 1
0 0O 0.00O0
-1. 000 200.0001
0 0O 0.5 0
-1. 000 239.0006
0 0O 0.5 0
35.000 250. 0001
0 0O 0.5 0
-15. 000 15. 0006
0 0O 0.5 0
-15. 000 15.0006
0 0O 0.50
-15. 000 15.0006
0 0O 0.5 0
-999.000999. 0009
0 0O 0.50
-999.000999. 0009.
0 0O 0.50
-80. 000 200. 00 @.
0 0O 0.00O0
# Si zeSel PFe
-15. 000 15.0008.
0 0O 0.00O0
# Si zeSel PFe
-15. 000 15.0005.
0 0O 0.00O0
# Si zeSel PFe
-15. 000 15.0000.
0 0O 0.00O0
# Si zeSel PFe
0.000 5.000 5

FI NAL

0 # SSele_ P_3 F5 JPN_KK_DP(*¢
18229e0+000. 000 4 0 0

0 # Si zeSel P_4 F5 JPN_KK_
99000e06+020. 00O -2 0 0

0 # Si zeSel P_DDPE%)IJPN_KK_
99000e0+025. 00O -2 0 0

0 # Si zeSel P_6_F5 JPN_KK_
53097e0-0B50. 0000 4 0 0

0 # Si zeSel PFemOff 1 F5_J
. 92640e4 50. 0000 4 0 0

0 # Si zeSel PFemOff _2 F5_J
. 268020e4 50. 0000 4 0 0

0 # Si zeSel PFemOff 3 F5 J
.00000e4+0B60. 0000 -4 0 0

0 # Si zeSel PFemOff 4 F5 J
. 47-035e4 50. 0000 5 0 0

0 # Si zeSel PFemOff 5 F5 J
.000MOBB®BO99. 00LOO -99 O 0

0 # Si zeSel _P_1 _F6 _JPN_ENY
.0000086029. 0000 -99 O 0

0 # Si zeSel _P_2_ _F6 _JPN_ENY
. 7399186020. 000 2 0 0

0 # Si zeSel _P_1_ _F7_JPN_ENY
.00000e0+r000. 00O -4 0 0

0 # Si zeSel _P_2_F7_JPN_ENY
.40144e€0+000.000 4 0 0

0 # SizeSel _P_3_F7_JPN_ENY
. 73893e0+000.000 4 0 0

0 # SizeSel _P_4 F7_JPN_ENY
. 99000e0+020. 000 -2 0 0

0 # Si zeS€V7_PPB_ENY_DP(7)
99000e0+t025. 00O -2 0 0

0 # Si zeSel _P_6_F7_JPN_ENY
545642 50. 000 0 4 0 0

0

mOf DPL7F7 _JPN_ENY

54843e4 50. 0000 4 0 0

0

mOff _2_ F7_JPN_ENY_DP(7)
83817¢e4 50. 0000 4 0 0

0

mOff 3 _F7_JPN_ENY_DP(7)
00000e4+0B0. 0000 -4 0 0

0

off _4_ _F7_JPN_ENY_DP(7)
3-0324e4 50. 000 O 5 0 0
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35.000 250.0001.6734286020. 000
0 0O 0.50 0 # Si zeSel
-15.000 15.0006.00000e0+000.000O0
0 0O 0.50 0 # Si zeSel
-15.000 15.0007.12531e0+00.000
0 0O 0.50 0 # SSele_P_3
-15.000 15.0006.36943e0+00.000
0 0O 0.50 0 # Si zeSel
-999.000999.00069.99000e0+020. 000
0 0O 0.50 0 # Si zeSel
-999.000-999.00069.99000e0+025. 000
0 0O 0.50 0 # Si zeSel
20. 000 200.00®B.53552e296G0. 0000
0 0O 0.00 0 # Si zeSel _
-15.000 15.0009.10022¢e¢e4 50. 0000
0 0O 0.00 0 # Si zeSel _
-15. 000 15.0003.35081¢e€e4 50. 0000
0 0O 0.00 0 # Si zeSel _
-15.000 15.0000.00000e4+08B0. 0000
0 0O 0.00 0 # Si zeSel _
0.000 5.000 7.9988&89e4 50. 0000
0 0O 0.00 0 # Si zeSel _
28. 000 250.000.05621860 0.000
0 0O 0.50 0 # _Si zeSel
-15.000 15.0006.00000e0+000.000O0
0 0O 0.50 0 # Si zeSel
-15.000 15.0006.86387e0+000.000
0 0O 0.50 0 # Si zeSel _
-15.000 15.0008.24143e0+00.000
0 0O 0.50 0 # Si zeSel
-999.000999.0009.99000e0+020. 00O
0 0O 0.50 0 # Si zeSel
-999.000999.0009.99000e0+020. 00O
0 0O 0.50 0 # Si zeSel
20. 000 200.0001.42848¢e0+08B80. 0000
0 0O 0.00 0
# _Si zeB®OFfPEeF15 USA_GI 1 LL(
-15. 000 15.0003.728689e4 50. 0000
0 0O 0.00 0
# Si zeSel PFemOff _2_ F15_ USA
-15.000 15.0001.22617e4060. 0000
0 0O 0.00 0
# Si zeSel PFemOffL@BLF)L5 USA
-15. 000 15.0000.00000e4+08B0. 0000
0 0O 0.00 0
# Si zeSel PFemOff _4 F15 USA_

2 0 0
P 1 _F14_ NON_IS
40 0
P 2 F14 NON_IS
4 0 0
F14 NON_1 SC( 1:
4 0 0
P 4 F14 NON_IS
2 0 0

P ©(BE%3 NON_IS
2 0 0

_P_6_F14 NON_I S

4 0 0

PFemOff 1 F14 _
4 0 0

PFemOff _ 2 F14 _
4 0 0

PFemOff 3 F14 _
-4 0 0

PFemOff _ 4 F14 _
5 0 0

PFemOff 5 F14 _
3 0 0

_P_1 F15_ USA_GI
-3 0 0
_P_2 F15 USA_GI

3 0 0

P 3 F15 USA_GI
3 0 0

P 4 F15 USA_GI
-3 0 0

P 5 F15 USA_GI
-3 0 0

P 6 _F15 USA_GI
4 0 0

5)
4 0 0

Gl 1 LL(15)
4 0 0

Gl |

-4 0 0

GI I LL(15)
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