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Executive summary
This paper presentsstock assessment albacore tunan the Indian Ocean using Stock

Synthesis (versioB.30.24.2https://nmfs-ost.github.io/ss3website/). Thealbacore tuna
assessment model is an age structuréd years), spatially aggregated (1 region) and two sex
model. The catch, effort, and size composition of catch, are grouped@8iisheries covering
the time period from 1950 through 23. Fifteenindices of abundancdourteen of whichare

from longline fisheriesvere considered for this analysis

Albacore tuna are most often caught in long line fisheries in the Indian Ocean tuna fisheries,
though some bycatch occurs in the purse seine fisheries as well as other mixed gear fisheries.
This analysis was developed based on the 2019 and 2022 assessments along with updates to
the data and parameterizationTwodiagnostic case modglarereferred to in the main text

when presenting the model parametrization and diagnostics. The upcomifhg&éting of the

Indian Ocean Tuna Commission Working Party on Temperate Tuna (WPTmT10) will recommend

the final parameterization as a base case model for the provision of stock status.

This assessment is a continuation of assessment work conducted by the WPTmT in 2025, as
endorsed by the IOTEC (I0OTR025SC28R) to progress and provide updated management
advice to the SC in 202Although the stock status reference points are expected to change in
relationship to the update indices of abundanpeegliminaryestimated abundance trersshow
adecreasingstockthroughout the time frame of the model, and spawning stock abundance has
decreased to approximatelyetween t1.5times SSBMSYhe fishing mortalityn the terminal

year of the assessment is dependent on the indices of abundance selgitteB2®3/FMSY=

ranging between 0.56 and 1.264.
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1 LYGNRRdAzOUAZ2Y

Commercial fisheries for albacore tunas have operated in the Indian Ocean since the early
1950s. Thearliest known exploitation was by the Japanese longline fishery in the 1950s,
followed by the Korean an@laiwanese longline fisheries in the mid and late 1950s (Kim et al.
2010; Chen 2009). Drift nets were employedhe albacore fishery from the earfy980s until
1992 when an international ban on drift net fishing came ifti@e. Taiwanese and Indonesian
longline catch has recently accounted for aroudd« of the total catchBetween 2008 and
2011, following the onset of piracy in waters off Somalia, part of the longline fleets that had
traditionally targeted tropical tunas or swordfish in those waters moved towards albacore
fishing grounds in theouthernpart of the Eastern Indian Ocean.

Like albacore fisheries in other oceans, the Indian Ocean fishelngiacterizedy smaller fish
at higher latitudes. Unlike other oceans however, there is no significant troll or pole and line
fishery for albacoreand since the ban on the drift net fishery there has been no lagde

targeting of small fish.

Stock assessments of the Indian Ocean albacore stock have been conducted in the past using
severaldifferent methods, including the neaquilibrium production model ASPIC (Chang et al.
2012, Matsumoto etl. 2012, Matsumoto et al. 2014, Matsumoto 2016), the-atyactured
production model ASPM (Nishida et2012 Nishida et al. 2016), a Bayesian biomass dynamic
model (Guan et al. 2016), and Stock SynthesigK&8kado et al. 2012, Hoyle et al. 2014,
Langley & Hoyle 201@&angley 201,9Rice 2022Riceand Phillips 2026

The most recent (2b) assessment using Stock Synthesis incorporated data2o (Rice

2022). The assessment incorporated longline CPUE indices for albacore from a collaborative
project betweenJapan, Taiwan, Korea, and the 1Q3i@ilar to the work done in 201Eloyle et

al 2019.Hoyle et al. 2015, Hoyle et al. 2018hestandardizedCPUE indicasere derived from

operationatlevel longline data from the three fleets, incorporating cluster analyses to address
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the effects of target change and standardization models including vessel effects and spatial
effects. The projedbuilt on a study applying similar methods to Indian Ocean bigeye and

yellowfin tuna (Hoyle et al. 2015).

The 209, 2022 and 202fassessmerdtinvestigated the interactions between the key data sets
(CPUE indices and lengtbmpositiondata) and the uncertainty associated with the key
biological parameters (natural mortality and S®&epness)This assessment, similar to the
2022 and2019assessmentased the fleets as areas approadihile the 2019 assessment used
four longline fleets, and four corresponding CPUE seriesg(LL4) the 2022 and the current
(2025) assessment further disaggregate the londisigeries by quarterThe CPUE in the
southwestindian Ocearare thought to mostly likely to represent the abundancetbe

albacore tunastock (Rice 2022, Langly 2019). This area represents thain target fishery

with more consistent fishing operatiorada significant proportion of the albacore biomass in
the Indian OcealfRice 2022, Langly 2019). The previous assessment (Rigeirdfladed
suggestions based on the WPTmT_07 meeting and incorporated changes to the fleet structure,

use of the lengtirequencydata anddata weighting.

The2025 WPTmT agreed to use the updated NW and SW models (with revised catch, length
composition, and CPUE data) to estimate management quantii@sever, he 2025
assessment meeting(PTmT 0) and SC (SC28) noted that the delay in the provision of the
CPUE index made it impossible to investigate some issues in the assessment during the WPTmT
meeting (e.g., some instability of the model caused by changes in the configuration of
selectivity paraneters). The WPTmT and &i€cussed in detail the outstanmdj issues in the
updated NW and SW models. summary the two outstanding issues were;
1) TheSW model produced very high biomass estimates with large uncertainty when the
selectivity for LL3 and LL4 was unconstrained (allowed to be dainaged)
2) The NW model showed bias in the predicted length composition for the LL1 fishery.
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Despite several investigative model runs during 2025meeting, the exact causes of these
issues and potential solutions remained unclear. Given the changes in input data and the late
availability of the CPUE indices, the WP Bgieedthat, while the updated assessment model

in its current configuration is sufficient for estimating stock status, further scrutiny is needed to
improve its reliability and ensure robust management advice. As such, the WPTmT
recommendedhat assessment work continue next year and that the SC convene another

WPTmMT assessment meetimg2026 to review progress.

This report presents thdevelopment of runs to address these issues andpilediminary
results of the2026 stock assessment modelling Indian Ocean albacore tuna using Stock
Synthesis (Versiod.30.24.2. The assessment results will fi@alizedat the WPTmTO

meeting.
2 aSUK2RaA

Data

There are many different fleets catchiathacore tunan the Indian Ocean, witthe main fleets
consisting of longline fleets from distant water fishing nations. The data used in the albacore
tuna assessment consist of fishery specific catch and length composition data along with
standardised longline CPUE indices. The detailseofdinfiguration of the fishery specific data

sets are described below.

There is enough uncertainty about the selectivity assumptigitls respect to time and the
interannual variability with respect to theumbers ofsize composition data, thdhe size
composition dataare not expectedo be very informative about yearlass strengthHence, in
the assessmentresented herethe length-compositiondata aredown weightedso as to

inform the selectivityand recruitmentout not alterthe model fit tothe abundance trend.
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2.1 Spatial stratification
The 2016 assessment partitioned the Indian Ocean into four quadrants demarcated at 25°S
latitude and75°E longitude (Langley & Hoyle 2016). The spatial stratification was primarily
adopted to partition theongline fisheries by the size of fish caught; the longline fisheries in the
southern area tend to catch albacore thate considerably smaller than the fisheries in the
northern area (Chen et al. 2004, Geehan & Hoyle 2Ri&lic et al 2013). Higher longline CPUE
for albacore has been associated with the North Subtropical Fraheisouthern Indian Ocean
(30¢35°S latitude) where SST wag;19°C (Laet al 2011)There is no indication of a
longitudinal trend in the size of albacore caught by the longline fish¢@eghan & Hoyle 2013)
and the overall distribution of the southern longline fishery is continuous througtiaut
southern region (Figure 1). However, during the history of the fishery there were periods when
there was arappreciable separation between the operation of the longline fishery in the
southwestern and soutleasternquadrants of the Indian Ocean, most notably during the 1960s
and 190s (Figure 2). To account for potent@migitudinal variation in the key fishery data sets,
the northern and southern areas of the Indian Ocean weasgitioned at 75°E longitudeAn
investigation of the stock structure of Indian Ocean albacore by morphometric and DNA
sequencamethodscategorizedsamples into two major groups partitioned by 90°E longitude
suggesting that there may levo albacore stocks in the Indian Ocean (Yeh et al. 1995). Thus,
the spatial stratification of the assessment datts carbe applied to approximate the more

complex stock structure within the Indian Ocean.

The four regions of the Indian Ocean were used to define the spatial domain of the model
fisheries andlefine the region specific longline data sets for the CPUE analysis (Hoyle et al 2016
and 2019 Kitado et al 202 There arapparent differences in the trends in albacore CPUE

indices between the two southern areas over the ldstade.

2.2 Temporal stratification
The time period covered by the assessment is 1282 representing the period for which

catch data are available from the commercial fishing fleets. The model was further stratified by
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guarter of the calendar year (Javiar, AprJun, JuSep, OcDec) and the various data sets were

compiled accordingly.

2.3 Definition of fisheries
The spatial stratification was applied to define model fisheries based on region and fishing gear.
tKSaS GFAAKSNRAS&:Ed NP O2yaARSNBR (G2 NBLINBaSyil
selectivity and catchability characteristicAs an update for this assessment the single
aggregate longline fisheries by region have been separated into quarterly fisheries, thus there

are sixteen longline fisheries, as opposed the previous assessment which used four.

A total oftwenty-three fisheries were definedncludingl6 longline fisheries (one per quarter
LISNI NBIA2y 0> (62 RNAFOYSG FAAKSNASAZ 2y S LlzNA

account for the troll, sport fish, and miscellaneous fisheries by re@iable 2).

Longline northwest (LL1). The composite longline fishery in the neegtern region was

initially developedyy the Japanese fleet in the mid 1950s. Data for the Taiwanese fleet are
available from the late 1960s and tifleet has operated continuously since then. Japanese
fishing effort declined in the early 1970s and remaimeldtively low until the mid 1990s.

Fishing effort by the Japanese fleet recovered to a moderate level duringt#$&990s and
2000s but was at a relatively low level from 2010. Thmposite longline fishery included

effort by the Korean longline fleet during the late 1970s and 1980s. Limited albacore catches
have been takeiby other fleets, most notably the Chinese longline fleet operating during the

last decade.

Longline northeast (LLZJhe composite longline fishery in the nomastern region has a

similar composition to the LL1 fishery. The Japanese fleet was the dominant component of the

fishery during 1953970 and continued to operate at a lower level over the subsequent years.

Datt F2NJ 0KS ¢FAglySasS FitSSGQa 2LISNIdA2ya Ay (K
the Korean fleet primarily operated in the fishery during 19887. Longline southwest (LL3) .

The composite longline fishery in the shwtestern region was dominated by the Japanese
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fleet from the inception of the fishery in the late 1950s until the introduction of the Taiwanese
fleet in the mid1960s. Since the early 1970s, most of the catch was taken by the Taiwanese

fleet. There was a short period of higher Japanese catch du@igg2008.

Longline southeast (LL4The composite longline fishery in the sowgthstern region was

dominated by the Japanese fleet from the inception of the fishery in the late 1950s until the
introduction of the Taiwanese fleet in the early 1970s. During 120@6, most of the catch was
taken by the Taiwanese fleet. Japanese longline catches increased from 2006 and in recent

years considerable catches have also been taken by China and Korea.

Drift net fisheriesDrift net fisheries were defined for the souttestern (DN3) and south

eastern (DN4) regions. These fisheries were comprised exclusively of drift net vessels flagged to
TaiwanChina, which operated in the southern waters of the Indian Ocean from 1982 until 1992

when the UN adopted a worldwide ban on drift nets.

Purse seineA single purse seine fishery (PS1) was defined as virtually all purse seine catch was
taken within the northwestern region. The purse seine fishery is made up of various fleets
although the majority of the catches of albacore are reported by purse seffeggged to the
European Union and other fleets under EU ownership, including the Seychelles (86% of the
total catches of albacore over the time series). The purse seine catches of Iran, Japan,

Mauritius, Thailand, and the Republic of Korea also included in the fishery.

Othed ! YA &OStflyS2dza 0ahiKSNEOL FTAAKSNER gl a RST
fisheries include various coastal longline, gillnet, trolling, hand lines and other minor artisanal

gears, which are used in coastal countries of the Indian Ocean. Goffegtf @ = (G KS dah (i KSN
fisheries account for a small proportion of the Indian Ocean albacore catch (2% of the entire

catch). Most of the catch was reported by Indonesia with the remainder of the catches

reported by Mauritius, Reunion and Mayotte (EU), Comofasstralia, South Africa, and East

Timor.
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2.4 Total catch
Catch data were compiled by IOTC secretariat based on the fishery definiing2025-
IOTC2025WPTMTOASALB_02_SS3.x)sAll catches were expressed in metric tonnes (mt).
There were minor changes in the gear specific catch histories from the previous assessment
(Rice 2022 The longline fisheries for albacore developed from the mid 1950s and total annual
catches averaged about 17,000 t during 19680 (Figure 3). Catches increased during the
period of drift net fishing in the late 1980s and early 1990s and continued to increase with the
expansion of the longline fishery in the late 1990s to reach a peak in catch4&@@Omt in
19982001. Total catches declined to about 30,000 t in 20086 and have since fluctuated
between 3343,000 t per annum (Figure 3). During the last decade, the longline fisheries have
accounted for 95% of the total albacore catch apportioned amongst the regions as follows:
northwest 23%, northeast 13%, southwest 34% and southeast 30%. Most of the catcthé
southern longline fisheries occurs during the 2nd and 3rd quarter of the year, while catches

from the northrwestern longline fishery aneredominantly taken in the 4th quarter.

Longlinein the northwestregion(LL1) Fishing Fleets-4. The longline catch was relatively low

from the northrwestern region during the lat&980s and early 1990s immediately following the
reduction in fishing by the Korean fleet and during a peobtbw catch by the Japanese fleet.
The high catches in 2000 and 2001 were predominantly attributable to higtiehes by the
Taiwanese fleet in those years (Fig8re Annual catches averaged about 8,000 t per annum
overapproximatelythe last decade (200-2020), with the average catch by quarter being 2000,
287, @0, and 5030 MT for quartersdlrespectively

Longlinein the northeastregion(LL2) (Fishing fleets-B) The higher catches from the fishery in

the late 2000s (2007 and 2008) are primaaitiributable to higher catches by the Taiwanese
fleet in 2007 and 2008 and the Indonesian longline fleet du2d@® and 2010. Catchesere
IASYSNIffe RSOfAYyAyYy3 apphRinately ROS5, étér WHich thay moreas@d
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in all quarters (Figurg), and averaged 1235, 1257, 1912, and 1000 MT .by quarter (1
respectivelypver20102020.

Longlinein the southwestregion(LL3)Fishing fleets 92. The high catches from the fishery

during 19962002 are primarily attributable to eonsiderable increase in catch by the
Taiwanese fleet during that period (Figite Annual catches droppedarkedly in 2003 and
the catch from the Taiwanese fleet remained relatively low during Z8W. Annuatatches
increased steadilgince abouR006, most notably in region Duarterlycatches averaged
854,7068, 5735 and 698/ quarter (1-4 respectively), wit the highest level of catch of about
19,000MT in 2019, followed by 17,000 MT in 2020

Longline southeasegion(LL4) Fishing Fleets 1B6. Longline catches from the soutastern

region reached an historically high level of aboQt0DO t in 20%. The higher level of catch
around this time was primarily attributable to an increase in catch by the Japanese fleet since
2006. Annual catches have declined in more recent years and were 4J0@@ t in 209 and

2020. Average quarterly catches are about 300, 4,000, 2360, and 193 MT for qua#ers 1

respectively.

2.5 Relative abundance indices
Similar to the 2019 assessmerdr £ach of the four regions, standardised CPUE indices for
albacore tuna were derivedsing generalizetinear models (GLM) from operational longline
catch and effort data provided by Japan, Kowead Taiwan,China (Kitakadoet al 2@2).
Contrary to the 2019 assessment data from the Seychelles was not Géester analyses of
species composition data by vessebnth for each fleet were used to separate datasets into
fisheriesthat are believed tdarget different speciesr species compositionSelectectlusters
were then combined and standardized using generalized linear models. In addition to the year
guarter,models included covariates for vessel identity, 5 square locagiffort and cluster.
The analysis isr@finement of the approach used to derive the CPUE indices included in the

2016and 201%lbacore stock assessmg(itoyle et al 2016Hoyle et al. 2019
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Four sets of CPUE indidesyearquarterwere derived based on different treatment of the
fishing vessel variable the CPUE modellingesulting in one LL fleet by regi@iitakado et al
2020). These four regional CPUE series were theradgregated by quarter, resulting i

CPUE series pertaining to quarterd for regions 13 and quarters 2 & 3 for region Zhis

Models were run for the period I/-2020, the early time period included in the previous
assessment was not considerasd previous asssments have highlighted that the large decline
in the CPUE indices during the early period (29870) was not consistent with the relatively
low catches taken from each of these regions during the pdiiamgley & Hoyle 20160TC
2019).

CPUE indicdsr regions 13 incorporated the effects of target and efforh the delta

component and all the effects including the quarsgrace interactions in the positive lognormal
component. Due to instability with same model with data framgion 4, the loghormal model
was used an alternative approach. The study authors notettie@tliagnostics plotshowsome

deviation from the normal distribution.

The CPUE indicé®m region lare characterizethy a declinein the magnitude and variability

of the indicesthrough the timeseriegFigured4). The CPUE indices from regioar2

characterized by higher and more variable CPUE in quarter 2, compared to the other quarters,
of which quarters 3 and 4 are the most stable. The CPUE series from region 3 are similar to
region 2 with higher and more variable CPUE in quarter two, witledl@nd less variable
standardized values iquarter 3, 4, and to an extent megion 1. The high variability in the

region 3CPUE indices during theter part of the1970s may have begurimarily attributable to

a shift in targetingpbehavior(Figured).

A short time series of annual Taiwanese drift net CPUE indices is available froga9%B5
(Chang & Liu 1995) (Figuske The indices exhibit a high degree of interannual variability with
high CPUE indices for 1987 and 1990. The reliability of the indices as an index of albacore

abundance is unknown, although the high variability may provide some indication of variation
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in year class strength during the period given that the drift net fisheries typically catch a
relatively narrow length range of albacore (corresponding to fish of abgRtygars old). The
annual indices were assumed to represent the relative abundanteeifirst quarter of the

year (corresponding to the peak season of DN catch).

2.6 Size composition data
Longline fishery
Size frequency data are available for the Japan longline fishery from 1965. Length and weight
data were collected from sampling aboard Japanese commercial, research and training vessels.
Weight frequency data collected from the fleet (as live weight) Hzaen converted to length
frequency data via a weighength key. Levels of sampling aboard the Japanese composite
longline fleet over time were uneven in terms of both the sampling platform (commercial and
non-commercial vessels) and sampling source (fistem, scientists, observers). While in recent
years the majority of the samples available have come from scientific observers on commercial
vessels, in the past samples came from training and research vessels (scientists), and

commercial vessels (fishermpen

Length frequency data from the Taiwanese longline fleet are also available from 1980. In recent
years, length data are also available from other fleets and periods (e.g. Indonesiauin@sh
longline,Seychelles, etc.Prior to the mid2000s the length frequency data set is dominated by
sampling from the Taiwanese deéezing longline fleet. Length samples from this component
come from commercial vessels and include lengths recorded by fishermen and, to a lesser
extent, lengths measured by scientific @gers on some of those vesseigecent years. A
review of the Taiwanese length frequency data identified major differences itettggh
frequencies of albacore recorded before and after 2003, with the majority of the smaller
albacore missing from the length distributions since that year (Geehan and Hoyle 2013 and
Hoyle et al 2021 Following the previous assessmamaincerns regarding the reliability of these
data, all length samples collected from the Taiwankesgline fleet via logbooks from 2063
onwadswere excluded from the length composition data sets.

Purse seine fishery
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Purse seine fisheries catch adult albacore, as a bycatch (approximat&B08m), in the
western central Indian Ocean. Albacore lengths are measured in port, by enumerators, during
the unloading of purse seiners flagged in the EU and Seychelles. Lemgilesare available
from the fishery from 199@2020. The ESS of the individual samples was determined in the
same manner as described for the longline fisheries.
Drift net fishery
Drift nets catch juvenile or suéddult albacore (625 cm) (Figure 15). The 2019 assessment is
the first time length composition data have been available from the Indian Ocean fishery. The
data are from sampling of the Taiwanese drift net catch during 1985L These data were
recently provided to IOTC byNishida (IOTC 2019).
Length Frequency Data Weighting
Given the recommendation of the WPTmT 08 that the length composition data weighting by
fisheries should be given careful consideration the following protocol was adopted;

1) A minimum annual sample size of 30 fish measured by fleet and quarter was adopted

2) The initial effective sample sifESS)yvas calculated as the square root of the number

of fish measured following themethods outlined in Rice et al. 2025 (in prep).
3) Thesamples were assigned the relatively low ESS due to concerns regarding the

reliability of the length samples from some key data sets.

3 a2RSft ! aadzYLIiA2ya
The most important model assumptions are described in the following sections. Standard

population dynamics and statistical terms are describetbw, while equations can be found in
Methot (2000, 2009). Attachment 1 is the template specification file for all of the models, and
includes additional information on secondary elements of model formulation which may be
omitted in the description below. Rbf the specification files are archived with theno

SecretariatTable 2 lists the assumptisrior thesensitivity runs.
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3.1 Software
The analysis was undertaken with Stock synthes& 3524.2 64 bitversion (Methot 2000,
2009, executable available fronitp://nft.nefsc.noaa.gov/SS3.htfl running on MS

Windows™ 11). Typical function minimization of the fully disaggregated model on a 3.0 GHz
personal computer required about 25 minutes. Additional simplifications and aggregations
could probably reduce the minimization time further, without significant loss to theksstatus

inferences.

3.2 Population Dynamics
The assessment model was structured by sex and age with age classE3 yddrs and an
aggregate age class of 14+ fish. The model commences in 1950 at the start of the available
catch history and continues to 282The initial population age structure was assumed to be in
an unexploited, equilibrium state. Model years are partitioned into four quarterly seasons. A
single spatial structures for the Indian Ocean albacore stock was used in conjunction with the
guarterly disaggregated survey and fisheries, based on the partitioning of the Indian Ocean

into four regions(Figure 1).

3.3 Biological inputsand assumptions
Sex Ratio
Across all oceans there are documented differences in the patterns of sex ratio at recruitment
and at older ages and larger sizes, these patterns are likely to be caused by features of albacore
biology. Males have been shown to grow considerably larger females in the north Pacific
(Chen et al. 2012), south Pacific (Williams et al. 2012), north Atlantic (Santiago and Arrizabalaga
2005),and Mediterranear(Megalofonou 2000). Howevenere is no evidence for unbalanced

sex ratio at the age of recruitmerex ratio at recruitment was assumed to be equivalent (1:1)

3.4 Growth
The standard assumptions made concerning age and growth in the SS model are (i) the lengths
at-age are assumed to be normally distributed for each-@lgss; (ii) the mean lengtke-age

are assumed to follow a von Bertalanffy growth curtllowing the previous assessment this
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studyused the Farley et al. 2019 estimationtbé age and growth of Indian Ocean albacore
The study sampledlbacore from the western Indian Ocean, primarily from the longline fishery
with smaller fish also sampldtbm pole-anline and purse seine fisheries. The sampled fish
ranged in length from 74 to 108 cm FL females and 67 to 115 cm FL for males (Farley et al.
2019).

Reproductivgotential of female albacore was assumed to be equivalent to south Pacific
albacore maturityat length (Farley et al. 2014) (Figurg. This ogive takes into account sex
ratio, sexual maturity, spawninfgaction, and fecundity and so represents female reproductive
output at length. The ogive has fish attainisgxual maturity at about 85 cm and 50%
reproductive potential is reached at about 92 cm (FigiireNVhenconverted to age using the
Indian Ocean albacore growth curve (Farley et al920d4exual maturity iattained at about

age 4 years and 50% reproductive potential is reached at about 5.years

3.5 Natural mortality
Natural mortality was assumed to be 0.3 for both sexes, based on the previous assessment and
the value applied in the north Pacific and the north Atlantic albacore stock assesswgets.

specific natural mortality at age was investigated in a sensitivity analysis

3.6 Recruitment
The model partitions the population intb4 yearquarterageclasses in one region (Figure 1).
Thelastag®Of I 34 O2YLINAAaSa | aLX dza 3INRBdAzZLE Ay BKAOK
FaadzYSR G2 06S O2yaidlyide ¢KS Li¥ydadpiafteitim@sfepsh a a Y 2
extending through a time window of $8-2023. The main population dynamics processes are
as follows:
Recruitment in the model occurs in the fourth quarter of each year, reflecting the summer
spawning season (and the ageing protocol that assumed a birthday of 1 December Farley et al.
2019). Recruitment was based on a BH stock recruitment relationship d8&Bjinual deviates
GSNE SadGAYFGSR F2N) GKS LISNA2R 2F (GKS%). Y2RSt 4K

Deviates from the SRR were given a small penalty, so that recruitment estimates in patiods
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less data were estimated closer to the mean. The applied penalty was based on the assumption
GKIFIG GKS GNHzS adlFyRIFENR RSQOAFGAZ2Y 2F NBONMzZAGYS
of the magnitude in thevariation of recruitment deviates estimated during preliminary

modelling. Imperfections in models and lack of full information in the data cause models to
underestimate recruitment variabilityfRecruitment variability is assumed to be lognormally

distributed, therefore mean recruitment is hightfran median recruitment. Equilibrium

recruitment is meant to represent the average recruitment through time, so the

median value in the recruitment function must be biasrected upwards. Following Methot

and Taylor (2011), the bias correction was adjusted across the time series according to the
relationship between the assumed and estimated recruitment variabiligruitment deviates

GSNBE SA0GAYIFG%R FT2NI MmpTpbHA

The final model options included three (fixed) values of steepness of the BH SRR (h 0.7, 0.8 and
0.9).These values are considered to encompass the plausible range of steepness values for
tuna species such adbacore tuna and are routinely adopted in tuna assessments conducted

by other tuna RFMOs.

3.7 Initial population state
In the previousassessmenit wasassumed that thelbacore tungpopulation was at an
unfished state of equilibrium at the start of the model EI)with the beginning ofongline
fishingoccurringin the followingyears (at leastrom the 1950nwards) this assessment

follows the same methodology

3.8 SelectivityQurvesand Fishing Mortality
Selectivity is fishergpecific and was assumed to be tiimyariant. A doublenormal functional
(Methot 2015)form was assumed for all selectivity curvédo sexspecificlength data was
available, all length data were aggregateédngth composition data was split by quarter and
region, fishery F16_LL4 Q4 was mirrored16 El4 QB due tolow sample size resulting in

poor fits in the initial modelling.
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A double normal selectivity was estimated for the purse seine fishery (PS1). The availability of

length composition data from the drift net fishery enabled the estimation of a selectivity

function for this method. The selectivity was parameterised as dldonormal function and

assumed to be equivalent for the two fisheries (DN3 & DN4).

b2 NBfAIFLofS fSy3aidK FNBIldzSyoe RIFGlI FNB | @FAfl o
0KS GhiGKSNE FAAKSNASAE g1 & FaadzySR (2 0SS SljdzA @
Initial modelling indicated that the model results were netsitive to the selectivity assumed

for the fourd h (i Kishdiies due to the small magnitude of the catch associated with each of

these fisheries. Length composition data was davaighted so that the data can inform

removals by fisheries from the correatje classand inform recruitment but not determine the

scale or trend of the population.

CAaKAYy3 Y2NIFfAdlGe 61l ad Y2RSEfSR dzaiAy3a (GKS Ke&oN
approximation then converts it to an approximation of the corresponding F (Methot & Wetzel
2013).

3.9 Parameter estimation and uncertainty
Model parameters were estimated by maximizing the-likglihoods of the data plus the log of
the probability density functions of the priors, and the normalized sum of the recruitment
deviates estimated in the model. For the catch and the CPUE seriesswamed lognormal
likelihood functions while a multinomial was assumed for the size data. The maximization was
performed by an efficient optimization using exact numerical derivatives with respect to the
model parameters (Fournier et al. 2012Jhe Hessiamatrix computed at the mode of the
posterior distribution was used to obtain estimates of the covariance matrix. This was used in
combination with the Delta method to compute approximate confidence intervals for

parameters of interest.

3.10 Profile Likelihood
An investigation othe information content in the data componenigas undertaken via the use

of profile likelihood on the global scaling parameter (RO) (Lee et al 2014). The negative log
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likelihood of a specific parameter or data component should, in thedegline to an obvious
minimum. In situations where this does not happen, at least from one side, there may be
insufficient information within the data to estimate other parameters. Virgin recruitment (RO)
is an ideal scaling parameter because it is prtipnal to the unfished biomass. Profiles were
run with the natural log of virgin recruitment, In(R0), fixed at various values above and below
the model estimated value; the correspand likelihood profile quantified how much loss of fit
was contributed by each data sourc@ne of the primary uses of the likelihood profile is to

identify conflicting data and provide a ratioedbr down weighting or excludingnydata.

3.11 Selection of adiagnostic case
During the WPTmMTO9 meeting the group chose to use the model runs that included the NW
CPUE and SW CPUE to provide stock status advice. This assessment continues with those runs,
following the advice from the 2025 assessment meetingvidus assessmenisvestigated a
wide range of structural assumptions and those results informed to structure of the most
recent assessment. For the current assessment, there are no additional data to
enable any further investigation of some of the main structural assumptions related to spatial
structure, fishery selectivities, initial conditions and recruitment estimati®ensitivities to the

assumptions regarding certain model assumptions are noted in section 3.13.

3.12 Benchmark and Reference Point Methods
Benchmarks included estimates of absolute population levels and fishing mortality for the
terminal year, 203 (P23, SB023, Boz3). These values are reported against reference points

relative to MSY levels, and depletion estimates (relative to virgin levels).

3.13 Diagnostics and additional model runs
Residual analysis, retrospective analysis, likelihood profiles, age structured production models

and zero prior runs were used to investigate the selected diagnostic Adustional model
runs that included alternative parameterizations of the stock recruitment relationship, variation
in length-at-age for males and females, lengtreight parameters, natura mortality and

maturity at length were also run to explore the strucal uncertainty in the assessmemn
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explorationof interactiongconflicts among the CPUE and size frequency was conducted by

applying alternative weighting schemes on the different data sources was also conducted.

4 wSadz Ga

In this section we focus on thresults from thediagnostic casenodek and the key results and
diagnostics for this model. We then comment on any important differences in both outputs and
model diagnostics for the sensitivity analysasd presenpreliminaryresults StockSynthesis3
was implemented here as a lengtiased agestructured stock assessment model (Methot and
Wetzel 2013; e.g., Wetzel and Punt 2011a, 2011b). Stock synthesis utilizes an integrated
modeling approach (Maunder and Punt 2013) to take advantage of the manyadatees
available for the India®cean stock adlbacore tunaAn advantage of the integrated modeling
approach is that the development of statistical methods that combine several sources of
information into a single analysis allows for consistency in assumptions and permits the
uncertainty associated with each dagaurce to be propagated to final model outputs

(Maunder and Punt 2013).

4.1 Diagnosticcase model
The choice of model parameters and data inputs reflectednbpeat of theWPTmT @

assessmenneeting and the available updated data for biology and life histotye extent

possible This will befurther refined by input at theVPTmTassessment meeting.

Model Fits to Abundance Indices
The modelvas able to fit the generdtends of the indices of abundandéer the NW and SW

diagnostic case@-igures9 & 10. With respect to the NW diagnostic case (Figure 9), the model
provides a reasonable representation of the lelegm trends in all four quarterly CPUE indices,
although some systematic deviations remain. In particular, the model tends to underestimate
the observed CPUE in the most recent years of the quarter 2 index, while slightly
overestimating the observations during the terminal years of the quarter 4 index. The quarter 1

and quarter 3 indices exhibit substantial interannual variability together withoaquinced
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decline beginning around 2010 and continuing until approximately 20056, followed by a

partial recovery. A similar, though less pronounced, pattern is evident in the quarter 2 and
guarter 4 indices. In the terminal years, however, the observed indimesge among quarters.

The quarter 1 index shows evidence of a modest increase beginning around 2018, whereas the
guarter 2, quarter 3, and quarter 4 indices generally exhibit stable to declining trends, with
guarters 3 and 4 showing a more gradual andalale decline. The model captures the broad
longterm patterns but does not fully reproduce the magnitude and timing of these recent,
guarter-specific changes. The estimated spawning biomass increased modestly during the late
1990s and early 2000s beforedining thereafter, a pattern that coincides with increasing

catches (Figure 2) and the subsequent decline observed in the CPUE indices.

The SW diagnostic model provides a reasonable representation of the overall patterns in the
four quarterly CPUE indices from the southwest region, although some systematic residual
patterns remain (Figure 10). In contrast to the NW indices, which exhiaifgdlonged decline
during the 2010s, the southwest indices are comparatively stable throughout the time series,
with modest interannual variability and a period of elevated CPUE during th€®0ds that is
generally captured by the model. Following tperiod, the observed indices remain relatively
stable, with only weak evidence of declining trends in the terminal years. The quarter 1 index
shows a modest increase in the final years of the series, while the quarter 2, quarter 3, and
guarter 4 indices xhibit relatively stable or only slightly increasing trends. Although the model
reproduces the broad temporal patterns in each quarterly index, it does not capture all of the
observed yeato-year fluctuations, particularly during years with relativelyth@PUE

observations.

Interpretation of the southwest CPUE indices should also consider the biological composition of
the catch. Fish harvested in this region are generally smaller than those caught in the northwest
region and are therefore more likely to comprise multiple aéjat year classes. Consequently,

annual changes in CPUE may reflect variation in the relative abundance and availability of
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several cohorts rather than a single dominant cohort, resulting in smoother population signals

and greater interannual variability that may not be fully reproduced by the assessment model.

Fits to the Length composition
The overall fit to the length dataas generally good (Figure &314). Fleet specific annual

length samples were often quite different, i.e. left skewed one year and bimodal the next,
which accounts for the small amount of misfit in the aggregated sampResarson residuals of
the fit to the length compositions wergenerallysmall anddid not show any temporal trend
(Figures 15-20).

Stockrecruitment Parameters

The predicted virgin recruitment (RO; number of age 0) ag®oximatelyl 7,000,000 animals
(for both the NW and SW). Recruitment deviations are estimated starting in the late,1970s
after which estimated recruitmengxperienced large fluctuations froabout 19802020
(Figure21). The bias correction estimated in the model is shown in Figar&he
corresponding estimated stock recruitment relationship and annual deviations arstaism

in Figure23.

Fishing Mortality

Estimated F/ksyand fleetspecific instantaneous fishing mortality rates are presented
Figures 24 and 5 respectively. Bhing mortality was relatively low from tHE950 to the mid-
1990s which isgn accordance withow catches and effort during that period. In the late8D8
fishing mortalityincreased with the advent ariftnet fishery. Starting in thdate-1990s overall
fishing mortality increas# with large fluctuationsn the individual fisheries contributioto the
overall fishing mortality.Since the early 2000&¢ overall fishing maality has beenncreasing

but belowRusy(i.e. overfishing is not occurring) for the entire tirseries

Estimated stock status and other quantities
The estimated equilibriungield curvefor the diagnosticcase model is shown in Figure. Zhe

estimated MSY is approximately,000and 47,000 MTfor the NW and SW respectivend
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this is predicted to occur &1.3% of the unfished biomass (Figure 21), which is less than the
standard Schaefer production model (8%o). Thediagnostic casenodek estimates that the
total biomass of the stock was approximately 100%f the unfished level at the start of the
model period (Figure 11) and steadily decreased to an estimfat8Bgs/SBusy=1.016 and 1.6
(for the NW and SW respectively) whiobrrespondswith and estimated~op3/Fusy=1.26 and
0.556 (for the NW and SW respectively)

Recruitment is fairly well estimated throughout the model time period (Fi@3ewith recent
recruitment estimated to be lower than the implied stock recruitment curve due to deviations
implied by the length data. The estimates of recruitment were quite tightly constrained to the
stock recruitment curve for the initial period of tmeodel when there was no length

information to inform the model. The main trends in the population dynamics can be explained
through the estimated fishing mortality which wgeeatly increased in the 1990s and early
2000s due to the increase in catch (Figa2é and 25).

Model Uncertainty

Stock status uncertainty was evaluateelta-Multivariate lognormal (MVLN)approximation
to generate joint error distributions for SoB/SSkisyand Res/Fusy. Figure B shows the

estimatedstockstatusbased on theMVLNanalysis for the base case model dfgure 23

shows theestimatedtimeseries based on the MVLN approximation.

Stock synthesiprovides estimates of the MS¥lated quantities and these and other quantities

of interest for management are provided in Table 4.

Retrospective Analysis
As part of an analysis of model structuretrospective analysis (sequentially deleting 1 year of

data from the end of the model and #inning) was run usinthe diagnosticcase formulation
(the southwestCPUEerieg. The estimates of spawning depletion remain very similar across all
the retrospective model runsonsidered figure 25)ndicating that the changes in estimates of

virginspawning biomass are based on the total catch (Figbnmeght pane). The last
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retrospective run {6 years) estimated a more depleted stock that corresponds to a slightly
smaller virgin recruitmentRigure 25 right panel}his is associated with higher estimated total
fishing mortalities in the last 4 year#n generalthe retrospective analysis shows no large
departures from the estimated scale, depletion,averall trendbased on the sequential

deletion of the las years of data.

4.2 Other model diagnostics

Annex 1 showghe results of the expanded analysis on tesiduals, runsgests joint residual
plots, likelihood profiles, age structured production model and hindcasting -sagfation are
presented in Annex ISelect details from Annex 1 are repeated here, the reader is encouraged

to read Annex 1 in its entirety.

The runs test indicated that the CPWi&m quarter 1 and twand length data did contain some
patterns in the residuals, indicating a trend in the departure from the expected values the
(Figures A7 and A8) the cause of this was the early time period in which the index had high
contrast and little data. The joint rekial plots (Figure A@howthat in the latter pat of the

time series the model fits the Japanese data fairly well.

An age structured production model (ASPM) can help evaluate whether the catch and CPUE
data give evidence for a production function within the model (Carvalho 2@&rall the

ASPM evaluates whether the effect of surplus production and observed catches alone could
explain trends in the CPUE, in contrast to a more complex model (i.e. SS3) that incorporates
annual recruitmenteviations toimprove the fit (Carvalho et al 2021). Maunder and Piner
(2017) note that if the ASPM fits well to the indices of mdlance with contrast the production
function is likely to drive the stock dynamics and the indices will provide information about
absolute abundance (Mint¥era et al., 2017). Figure A13 shows that the biomass trajectories
for both models (ASPM and theagjnostic) follow the same trend and that the estimates of
LN(ROg@redifferent. The fits to the indices are shownkigure A14 and indicate an overall

good fit, indicating that the information content in the data is sufficient.
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5 /2y O0fdzaAz2y
The overall scale of the estimated stock biomass is similar to the previous assessment, though

there is variation based on the model parameterizatidrechange from the estimated

selectivity in the NW to imposing the selectivity from the SW helped reduce the bias in
expected numbers of individuals caught, along with revision of the size data for the LL1 fleet in
GKS 1 GS ™ddn The decihiRg t@hddNib the CRPWENNTiCeE duiring the early part
of the model match the overall catch from thelfexies.The main drivers of this assessment are
the trend in the catch and CPUE series. In particular the large increase in recent years of catch

has different interpretationgwithin the mode). based onwhichthe CPUE seriege included

6 ! Oly2¢f SRISYSYyia
The author wald like to thankhe IOTC staffor their help in preparing the data as well as all of

the member countries that submitted data and analysEsis assessment benefited from the
discussion andontribution of the WPTmTdata prepattendees.
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Tablel. Fisheryand surveydefinitions for the Indian OcearAlbacoreAssessment

Fleet/ Survey

ID Numbe Name Gear(s) Region Quarter Selectivty Notes
1 F1 LL1 Q1 Longline 1 1 Estimated double normal
2 F2 LL1 Q2 Longline 1 2 Estimated double normal
3 F3 LL1 Q3 Longline 1 3 Estimated double normal
4 F4 LL1 Q4 Longline 1 4 Estimated double normal
5 F5 LL2 Q1 Longline 2 1 Estimated double normal
6 F6 LL2 Q2 Longline 2 2 Estimated double normal
7 F7 LL2 Q3 Longline 2 3 Estimated double normal
8 F8 LL2 Q4 Longline 2 4 Estimated double normal
9 FO9 LL3 Q1 Longline 3 1 Estimated double normal
10 F10 LL3 Q2 Longline 3 2 Estimated double normal
11 F11 LL3 Q3 Longline 3 3 Estimated double normal
12 F12_LL3 Q4 Longline 3 4 Estimated double normal
13 F13 LL4 Q1 Longline 4 1 Estimated double normal
14 F14_LL4 Q2 Longline 4 2 Estimated double normal
15 F15 LL4 Q3 Longline 4 3 Estimated double normal
16 F16_LL4 Q4 Longline 4 4 Mirrored to Fleet 15

17 F17 DN3 Driftnet 3 NA Fixed Double normal

18 F18 DN4 Driftnet 4 NA Mirrored to fleet 17

19 F19 PS1 Purse Seind NA Fixed Double normal

20 F20_Otherl Other* 1 NA Mirrored to fleet 17

21 F21 Other2 Other* 2 NA Mirrored to fleet 17

22 F22_Other3 Other* 3 NA Mirrored to fleet 17

23 F23 Other4d Other* 4 NA Mirrored to fleet 17

24 LLCPUE1 Q1 Longline 1 1 Mirrored to fleet 1

25 LLCPUE1 Q2 Longline 1 2 Mirrored to fleet 2

26 LLCPUE1 Q3Longline 1 3 Mirrored to fleet 3

27 LLCPUE1l Q4 Longline 1 4 Mirrored to fleet 4

28 LLCPUE2_Q1 Longline 2 1 Mirrored to fleet 5

29 LLCPUE2_Q2 Longline 2 2 Mirrored to fleet 6

30 LLCPUE2_Q3Longline 2 3 Mirrored to fleet 7

31 LLCPUE2 Q4 Longline 2 4 Mirrored to fleet 8

32 LLCPUE3 Q1 Longline 3 1 Mirrored to fleet 9

33 LLCPUE3 Q2 Longline 3 2 Mirrored to fleet 10

34 LLCPUE3 Q3Longline 3 3 Mirrored to fleet 11

35 LLCPUE3 Q4 Longline 3 4 Mirrored to fleet 12

36 LLCPUE4 Q2 Longline 4 2 Mirrored to fleet 14

37 LLCPUE4_Q3Longline 4 3 Mirrored to fleet 15

38 DNCPUE4  Driftnet 4 NA Mirroed to fleet 17

*Other inclues: Coastal Longline, gillnet, trolling, handlines, and artisanal gear.
1. LL3 and LL4 are not constrained to approximate full selectivity for the largestlengtr
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Table2. Recent catch data for Albacore in the Indian oceamean and max catch by region are calculated over
the 20142023 period.

Mean Max
Fleet Name Region Seas Catch Catch
F1 LL1 Q1 1 1 1,790 2,224
F2 LL1 Q2 1 2 425 760
F3 LL1 Q3 1 3 530 1,120
F4 LL1 Q4 1 4 3,998 5,983
F5_LL2 Q1 2 1 1,527 2,091
F6_LL2_Q2 2 2 1,603 2,646
F7_LL2_Q3 2 3 1,537 2,261
F8_LL2_Q4 2 4 972 1,736
F9 LL3 Q1 3 1 1,063 2,173
F10 LL3 Q2 3 2 8,920 11,264
F11 LL3 Q3 3 3 6,344 7,890
F12 LL3 Q4 3 4 668 1,079
F13 LL4 Q1 4 1 697 2,591
F14 LL4 Q2 4 2 4,016 7,298
F15 LL4 Q3 4 3 2,026 3,882
F16_LL4 Q4 4 4 84 174
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Table3. Summary of SS3 specification options for the Indian Ocaelinacore tunaassessment models. Other
assumptions were constant for all models

Alternative

Model Description Base Parameters Parameterization
Steepness0.70 SRR steepness at 0.70 | h=0.80 h=0.70
Steepness0.80 SRR steepness at 0.90 | h=0.80 h=0.90

Increase variation in CVs for lengttat-age

length-at-age CV_young 0.06 CV_young 0.10
LengthAt Age for males and females. | CV_old 0.025 CV_old 0.10

Use lengthweight
LengthWeight parameters from a=1.3718&5 a = 6.9e06
Relationship Kitakado et al. (2019) b =3.0973 b =3.2263

Age Specific Natural Lorenzen M, average of 0.3
NaturalMortality | mortality M=0.30 all ages for age 4+

Use maturity at length

from recent

western Indian Ocean

study (rather Length based Length based

than South Pacific Reproductive maturity ogive from

reproductive Potential from South | Dhrumeea et al
Maturity potential at length) Pacific albacore. (2016)

Longline length data
are weighted to 1/10
Longlineéngth data are | of the sample size Longline length data are
up-weightedwithin after the Francis not weighted after the
Model Weighting | model weighting Francis weighting

Table 3 management quantities for the NW and SW diagnostic cases, all biomass is in mt.

Quantity NW Diagnostic SW Diagnostic
SSB_unfished_thousand_r 116.59 132.85
B_MSY/SSB_unfished 0.212 0.218
Totbio_unfished 501,174 571,078
SmryBio_unfished 500,831 570,687
Recr_unfished_millions 14.8673 16.941
SSB_MSY_thousand_mt 24.696 28.937
SPR_MSY 0.261 0.267
annF_MSY 0.156 0.149
Catch_MSY 41,079 47,975
B_MSY/SSB_unfished 0.212 0.218
B_2023/BMSY 1.016 1.571
F_2023/FMSY 1.264 0.556
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Figure 1.Spatial stratification of the Indian Ocean for the definition of the fisheries. The blue
circles represent the aggregated Japanese and TW LL albacore catch (humbers of fish) by 5
degree cell from 19522017. The area of the circle is proportional to the nratyde of the

catch (the largest circle represents a catch of 2.45 million fish).
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Albacore Catch by Longline Fleet
Panels show regions by row and quarters by column.
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Figure 2A comparisorof Indian Ocean albacore longline catchégows indicate regior{1-4)
and columns indicate quarters (4).
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Figure 3. Total annual catch (1000s mt) of albacore tuna by fleet from 1950 30262t
names indicate the fleet number, region and quarter, for example F1_LL1 Q1 is Fishing Fleet 1,
in Region 1(LL1) and quarterl
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CPUE by Index

Rows are Regions 1-4
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Figure4. Standardized CPUBdices for the longline fisheries by region and quarter (L-L4)
from 19752023. The figure shows the region in row, and individual quarterly CPUE series in
each column.

Page36 of 124



IOTC2026-WPTmT10-02

®
=
Q4

@

@

g

w

=

a

O
0
o
e o
o

T | 1 I I ] | ] I I I
1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995

Year

Figure5 Annual drift net CPUE indices (source: Chang & Liu 1995).
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Figure 7 Maturity at length for female albacore in the Indian Ocean.
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Figure8: Temporal data coverage for théiagnostic casenodel for the assessment dadlbacore tuna.
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Figurel3. Ftsto the length frequency data for theNW diagnostic casenodel for the assessment aflbacore

tunain the Indian Ocean.
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assessment oélbacore in the Indian Ocean, Fleet&12. Closed bubbles are positive residuals and open
bubbles are negative residuals, bubble sizes are scaled to maximum within each panel. Thus, comparisons across
panels should focus on patterns, not bubble sizes.
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Figure 7 Residuals from the fit to the length frequency data for tiéW diagnostic case model for the

assessment of albacore n the Indian Ocean, Fleetd 33 Closed bubbles are positive residuals and open

bubbles are negative residuals, bubble sizes are scaled to maximum within each panel. Thus, comparisons across
panels should focus on patterns, not bubble sizes.
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bubbles are negative residuals, bubble sizes are scaled to maximum within each panel. Thus, comparisons across
panels should focus on patterns, not bubble sizes.
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Figure20. Residuals from the fit to the length frequency data for the SW diagnostic case model for the
assessment of albacorm the Indian Ocean, Fleets 1. Closed bubbles are positive residuals and open
bubbles are negative residuals, bubble sizes are scaled to maximum within each panel. Thus, comparisons across
panels should focus on patterns, not bubble sizes.
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Figure21l. Estimated recruitment including the estimate of virgin recruitment (filled circle at
the start of the time series) for theliagnostic casenodels (NW on topYor the assessment of
albacore tunain the Indian Ocean.
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Figure22. Estimated bias adjustment in the modeNW diagnostic case is on top
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Figure24. Estimated total fishing mortality The top panel depicts the estimated values from
the NW diagnostic case, the SW diagnostic case is shown on the bottom.
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Figure25. Estimatedfleet specific fishing mortality by year for the base case model
configurations. The top panel depicts the estimated values from the NW diagnostic case, the
SW diagnostic case is shown on the bottom.

Pageb6 of 124



|IOTC2026-WPTmT10-02

o
o
8 = = MSY
< — — Btgt
o SPR
= 8 4 Current
-~ o
° ™
Q
e 8
2 8 7]
re) (q]
%
g 8 _
Qe
o —_
1.0
Fraction of unfished spawning biomass
= = MSY
— — Btgt
I SPR
= Current
~ o
s 8
ol _
g g
S
=
._§ —
%
0 g
o —
Qe
o —_
1.0
Fraction of unfished spawning biomass
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Figure Z. Dynamic BO ploshowing the spawning biomass under conditions no fishing and
assuming the input catch serie¥he top panel depicts the estimated values from the NW
diagnostic case, the SW diagnostic case is shown on the bottom.
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Figure 28. Estimated stock status trajectory (black line and white circles) with associated
uncertainty estimated via MVLN approximation. The top panel depicts the estimated values
from the NW diagnostic case, the SW diagnostic case is shown on the bottom.
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10! YYSE m® az2RSf 5Al3y2aiada FT2NJ 6KS b2

Diagnostics for the 2026 Indian Ocean
Albacore Stock Assessment

NW Diagnostic case model

10.1 Introduction

The supplementary section provides additional analyses and diagnostics that complement the
primary stock assessment report. Diagnostic tests are important in determining the robustness
of estimates for management advice in integrated stock assessment mioded diagnostics

tests included in are based on diagnostics prepared for the previous assessment as well as
recently developed methods (Carvallo et2021). Here we present the model diagnostics for

the diagnostic model run presented in the main asegst analysis.

10.2 Goodness of fit

10.2.1 Runs test and joint residual plots.

The goodness of fit of the model can be used as an indication of whether there is presence of
significant model misspecification. Models that do not fit the data should be considered

suspect, and further investigated. Here we use residual plots to inastige trends and

patterns in the data over time. Temporal correlation (autocorrelation) can drive bias and drift in
the model estimates over time. A runs test (Wald and Wolfowitz, 1940) can test for

randomness in a data sequence, such as model resid@alsalho et al., 2021riQured).

Residuals can also be investigated along side the root mean square error (RMSE, Carvalho et al.,
2017), and a joint residual plot (Winker et al., 2018), which can highlight the systematically
auto-correlated residual patterng={gurel, Figure?).

10.3 Model consistency

10.3.1 RO Profile

Use of a likelihood component profile on the a global scaling parameter (or other parameter)
has been identified as a key model diagnostic to identify the influence of information sources
on model estimates (Carvalho et 2017, Ichinokawa et al., 2014gé et al., 2014; Wang et al.,
2014). Here the equilibrium recruitment parameter, RO, is used because it represents an ideal

Page6lof 124



|IOTC2026-WPTmT10-02

global scaling parameter given that unfished (virgin) recruitment is proportional to unfished
biomass (Carvalho et al 2021, Lee et al., 2014; Maunder and Piner, 2015; Wang et al., 2014).

A relatively large change in negativeddgelihood units along the profile suggests a relatively
informative data source for that particular model. Close association in the location of the
minimum negative logikelihood along the profile between datawmes suggest that model
consistency, and lack of conflict in the data. Figitiesire5, Figure6, Figure7 show the profile
likelihoods of RO for the overall, CPUE and length components of the model. Figure A12 shows
the fit to the CPUE series for the range of LN(RO) assumed. The likelihood profiles show that
overall the LN(RO) parameter is well estimated,bbgdhe length likelihood then the index
likelihood and then the recruitment. Interestingly the lower edge of the likelihood is better
defined (steeper) for all three components than the upgeig(res). The fleet indices are

generally in agreemeng{gure6), however the length data shows different minimums

(Figure?), which is consistent with the fleets that encounter different components of the stock.
The fits to the CPUE series at different values of LN(RO) show that values of approximately 9.7
fit the series Figureb).

10.4 AgeStructured Production Model (ASPM)

This diagnostic can help evaluate whether the catch and CPUE data give evidence for a
production function within the model (Carvalho 2017). Overall the ASPM evaluates whether the
effect of surplus production and observed catches alone could explain tieride CPUE, in
contrast to a more complex model (i.8S3) that incorporates annual recruitment deviations to
improve the fit (Carvalho et al 2021). Maunder and Piner (2017) note that if the ASPM fits well
to the indices of abundance with contrast the draction function is likely to drive the stock
dynamics and the indices will provide information about absolute abundance (Miata et al.,
2017). Figure A13 shows that the biomass trajectories for both models (ASPM and the
diagnostic) follow the same trel and that the estimates of LN(RO) are comparable. The fits to
the indices are shown iRigure8 and indicate an overall good fit, indicating that the

information content in the data is sufficient.

10.5 Retrospective analysis

Retrospective analysis is common in fisheries stock assessment to check the consistency of

model estimates (Brooks and Legault, 2016; Carvalho et al., 2017; Hi#readwet al., 2015;

Miller and Legault, 2017). A retrospective analysis is carried outdpyestially deleting a

number of years of day (i.&rom 0 to 7) and reunning the model. Comparisons of model

estimates from the full timeseries and the truncated timseries can illuminate the bias and

accuracy of the modelled quantities. Statisticahbysis in the form of calculating the
NEGNRALISOGADBS 0AlAZX NK2 6 aX az2&NWandpamiogg Ad O
considered indicative of no bias. Figuiigurel4 shows the analysis of spawning stock biomass
0{{.0 YR FTAAKAY3I Y2NIlIftAGe SadAyYyrasSa FT2NJLYR
which indicates no retrospective bias. Forecasting the next year based on the retrospective

analysis shows similanalysis Figurel4, Figurelb).
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10.6 Prediction Skill

Kell et al(2016) proposed the hindcasting cresalidation technique (HCXval) where

observations are compared to their predicted future values. The key concept behind the HCXval

F LILINREF OK A& QLINBRAOGAZ2Y alAff Qacyd Kfbrécksted &3 RS TA
value to the actual observed that is not known by the model (Kell et al., 2021). The difference,
GKAOK Aa NBTFSNNBR (2 a GKS QLINBRAOGUAZY NBaAR
mean absolute scaled error (MASE; Hyndmankaoehler, 2006). Carvalho et al note that a

MASE score > 1 indicates that the average model forecasts are worse than a random walk.
Conversely, a MASE score of 0.5 indicates that the model forecasts twice as accurately as a

naive baseline prediction; i.@he model has prediction skill. For the CPUE series that constitute

the diagnostic case the MASE values are greater than 1 for the length and CPUE series
(respectively, Figure@figHCXv3|, this indicates a mix of poor, good and decent prediction

skill.

RMSE = 55.7%
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Figurel: Joint residual plots for CPUE fits. Vertical lines with points show the residuals (
colors by index), and solid black lines show loess smoother through all residuals. Boxpl
indicate the median and quantiles in cases where residuals frormditgple indices are
available for any given year. Ramean squared errors (RMSE) are included in the upper
right-hand corner of the plot.
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Figureb: Loglikelihood profiles for RO for the various data components included in the N
Atlantic shortfin mako Stock Synthesis models, showing the contribution-dbjagll data
likelihood components., (e]d) among abundance indices and{€) among lengthand age
composition data, respectively. Total likelihood and component profiles (recruitment, ler
and index (CPUE) components).
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Figure6: Loglikelihood profiles for RO for the various data components included in the N
Atlantic shortfin mako Stock Synthesis models, showing the contribution among abunde
indices.
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Figure7: Loglikelihood profiles for RO for the various data components included in the Ni
Atlantic shortfin mako Stock Synthesis models, showing the contribution among length
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Figure9: Fits to the indices for the ASPM diagnostic. The panels indicate the fits to the C
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Figurell: Fits to the indices for the ASPM diagnostic. The panels indicate the fits to the

Log index
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Figurel3: Comparison between the fully integrated basse and the Ag8tructured
Production Model (ASPM) results recruitment deviation estimates.
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Figurel4: Retrospective analysis of spawning stock biomass (SSB) estimates for North
shortfin mako models conducted byfiting the reference model (Ref) after removing five
years of observations The retrospective results are shown for (eptie time series and
600 F2NJ GKS Y2ad NBOSyil eSINaA 2yteéed az2K
values (in brackets) are printed at the top of the panel (b)}¥@eahead projections
denoted by colecoded dashed lines with terminabints are shown for each model. Grey
shaded areas are the 95 % confidence intervals from the reference model.
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Figurel5: Retrospective analysis of fishing mortality (F) estimates for North Atlantic sho
mako models conducted by-fiting the reference model (Ref) after removing five years o
observations The retrospective results are shown for (a) the eimieeseries and (b) for the
Y2aid NBOSyd @SINER 2yfeéed azKyQa NK2 aidld
brackets) are printed at the top of the panel (b) @earahead projections denoted by colo
coded dashed lines with terminal poirtee shown for each model. Grey shaded areas are
95 % confidence intervals from the reference model.
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Figurel6: Hindcasting crosglidation (HCxval) results from CPUE fits, showing observec
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seven hindcast model runs (solid lines) relative to the expected CPUE. The observation
for crossvalidation are highlighted as colaoded solid circles with associated 95 %
confidence intervals. The model reference year refers to the endpointstobeayear
ahead forecast and the corresponding observation (i.e., year of retrospective + 1). The |
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Diagnostics for the 2026 Indian Ocean
Albacore Stock Assessment

SW Diagnostic case

11.1 Introduction

The supplementary section provides additional analyses and diagnostics that complement the
primary stock assessment report. Diagnostic tests are important in determining the robustness
of estimates for management advice in integrated stock assessment mioded diagnostics

tests included in are based on diagnostics prepared for the previous assessment as well as
recently developed methods (Carvallo et2021). Here we present the model diagnostics for

the diagnostic model run presented in the main asegest analysis.

11.2 Goodness of fit

11.2.1 Runs test and joint residual plots.

The goodness of fit of the model can be used as an indication of whether there is presence of
significant model misspecification. Models that do not fit the data should be considered

suspect, and further investigated. Here we use residual plots to inastige trends and

patterns in the data over time. Temporal correlation (autocorrelation) can drive bias and drift in
the model estimates over time. A runs test (Wald and Wolfowitz, 1940) can test for

randomness in a data sequence, such as model resid@atsalho et al., 2021Figures).

Residuals can also be investigated along side the root mean square error (RMSE, Carvalho et al.,
2017), and a joint residual plot (Winker et al., 2018), which can highlight the systematically
auto-correlated residual patterng={gurel, Figure2).

11.3 Model consistency

11.3.1 RO Profile

Use of a likelihood component profile on the a global scaling parameter (or other parameter)
has been identified as a key model diagnostic to identify the influence of information sources
on model estimates (Carvalho et 2017, Ichinokawa et al., 2014gé et al., 2014; Wang et al.,
2014). Here the equilibrium recruitment parameter, RO, is used because it represents an ideal
global scaling parameter given that unfished (virgin) recruitment is proportional to unfished
biomass (Carvalho et al 2021, Leelet2014; Maunder and Piner, 2015; Wang et al., 2014).

A relatively large change in negativeddglihood units along the profile suggests a relatively
informative data source for that particular model. Close association in the location of the
minimum negative logikelihood along the profile between dataww@es suggest that model
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consistency, and lack of conflict in the data. Figuhiesire5, Figure6, Figure7 show the profile
likelihoods of RO for the overall, CPUE and length components of the model. Figure A12 shows
the fit to the CPUE series for the range of LN(RO) assumed. The likelihood profiles show that
overall the LN(RO) parameter is well estimated,bbgdhe length likelihood then the index
likelihood and then the recruitment. Interestingly the lower edge of the likelihood is better
defined (steeper) for all three components than the upgeig(res). The fleet indices are

generally in agreemeng{gure6), however the length data shows different minimums

(Figure?), which is consistent with the fleets that encounter different components of the stock.
The fits to the CPUE series at different values of LN(RO) show that values of approximately 9.7
fit the series Eigureb).

11.4 AgeStructured Production Model (ASPM)

This diagnostic can help evaluate whether the catch and CPUE data give evidence for a
production function within the model (Carvalho 2017). Overall the ASPM evaluates whether the
effect of surplus production and observed catches alone could explain tieride CPUE, in
contrast to a more complex model (i.8S3) that incorporates annual recruitment deviations to
improve the fit (Carvalho et al 2021). Maunder and Piner (2017) note that if the ASPM fits well
to the indices of abundance with contrast the graction function is likely to drive the stock
dynamics and the indices will provide information about absolute abundance (Miata et al.,
2017). Figure A13 shows that the biomass trajectories for both models (ASPM and the
diagnostic) follow the same trel and that the estimates of LN(RO) are comparable. The fits to
the indices are shown iRigure8 and indicate an overall good fit, indicating that the

information content in the data is sufficient.

11.5 Retrospective analysis

Retrospective analysis is common in fisheries stock assessment to check the consistency of

model estimates (Brooks and Legault, 2016; Carvalho et al., 2017; Hirtawwet al., 2015;

Miller and Legault, 2017). A retrospective analysis is carried owtduyestially deleting a

number of years of day (i.&rom 0 to 7) and reunning the model. Comparisons of model

estimates from the full timeseries and the truncated timseries can illuminate the bias and

accuracy of the modelled quantities. Statisticahbysis in the form of calculating the
NBEGNRALISOGADS o0Alaz NK2 0 aX az&MNandhpapingg Aa O
considered indicative of no bias. Figuiigurel4 shows the analysis of spawning stock biomass
0{{.0 YR FTAAKAY3I Y2NIlIftAGe SadAyYyraisSa FT2NILYR
which indicates no retrospective bias. Forecasting the next year based on the retrospective

analysis shows similanalysis Figurel4, Figurelb).

11.6 Prediction SKkill

Kell et al(2016) proposed the hindcasting cresalidation technique (HCXval) where

observations are compared to their predicted future values. The key concept behind the HCXval

F LILINBEF OK A& QLINBRAOGAZ2Y alAff Qacyd Kfbrécksted &3 RS TA
value to the actual observed that is not known by the model (Kell et al., 2021). The difference,
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GKAOK Aada NBFSNNBR (2 a (0KS QLINBRAOGAZY NBaAR
mean absolute scaled error (MASE; Hyndman and Koehler, 2006). Carvalho et al note that a

MASE score > 1 indicates that the average model forecasts are worse rtiiagosm walk.

Conversely, a MASE score of 0.5 indicates that the model forecasts twice as accurately as a

naive baseline prediction; i.the model has prediction skill. These are presenteBigurel6

andFigurel?.

RMSE = 29.9%
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Figurel: Joint residual plots for CPUE fits. Vertical lines with points show the residuals (
colors by index), and solid black lines show loess smoother through all residuals. Boxpls
indicate the median and quantiles in cases where residuals frommtiftgole indices are
available for any given year. Ramtean squared errors (RMSE) are included in the upper
right-hand corner of the plot.
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RMSE = 6.9%
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Figure2: Joint residual plots for annual mean length estimates for multiple fishing fleets
Vertical lines with points show the residuals (in colors by index), and solid black lines sf
loess smoother through all residuals. Boxplots indicate the medlidmuantiles in cases
where residuals from the multiple indices are available for any given yearniaot squared
errors (RMSE) are included in the upper rlggntd corner of the plot.
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Figure3: Runs tests results illustrated for the length composition fits (with names and fle
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Figureb: Loglikelihood profiles for RO for the various data components included in the N
Atlantic shortfin mako Stock Synthesis models, showing the contribution-dbjagll data
likelihood components., (e]d) among abundance indices and{€) among lengthand age
composition data, respectively. Total likelihood and component profiles (recruitment, ler
and index (CPUE) components).
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Figure6: Loglikelihood profiles for RO for the various data components included in the N
Atlantic shortfin mako Stock Synthesis models, showing the contribution among abunde
indices.

Figure7: Loglikelihood profiles for RO for the various data components included in the Ni
Atlantic shortfin mako Stock Synthesis models, showing the contribution among length
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