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STOCK ASSESSMENT OF INDIAN OCEAN SWORDFISH (XIPHIAS 
GLADIUS) USING STOCK SYNTHESIS (2026) 

GENEVIEVE A.C. PHILLIPS 

Discussions, Feedback, Recommendations, and Decisions: 

This report presents an integrated stock assessment for X. gladius in the Indian Ocean in 2026, using 

data up to the end of 2024 (31st December 2024). The stock assessment is based on an update of the 

2023 model and is a spatially structured, sex-based, age-structured integrated model that uses catch 

rate indices, length-compositions, catch data to inform estimates of spawning stock biomass (SSB) and 

fishing mortality (F), relative to estimated maximum sustainable yield (MSY). 

The assessment was completed using Stock Synthesis 3.30.25.1 and incorporates all newly available 

data since the previous assessment. 

This assessment provides information on stock status, but is not used for management advice, as there 

is a management procedure in place for X. gladius (Resolution 24/08). 

The report is the first iteration of the assessment and requires members of the Working Party on 

Billfish to read the report and agree or provide additional advice on the grid / model ensemble, so that 

the assessment can be finalised during the meeting. 
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Abstract 

Indian Ocean swordfish (Xiphias gladius) are a large pelagic species, broadly distributed throughout 

the Indian Ocean to a southern limit of 50°south. Swordfish are highly fecund, migratory fish that grow 

quickly when young, and reach maximum size at approximately 15 yrs of age. Swordfish have a wider 

geographical distribution than other billfish and routinely move between surface waters and the deep 

seas. They are not known to form schools. Female swordfish are thought to grow faster and live longer 

than males and may have different spatial distributions depending on body size. 

This report presents an integrated stock assessment for X. gladius in the Indian Ocean in 2026, using 

data up to the end of 2024 (31st December 2024). The stock assessment is based on an update of the 

2023 model and is a spatially structured, sex-based, age-structured integrated model that uses catch 

rate indices, length-compositions and catch data to inform estimates of spawning stock biomass (SSB) 

and fishing mortality (F), relative to estimated maximum sustainable yield (MSY). 

The Stock Synthesis 3.30 (SS3.30.25.1) assessment model covers the period 1950-2024 and assumes 

that the Indian Ocean swordfish constitutes a single genetic stock, modelled as four spatially 

disaggregated regions, with 15 fishing fleets. Standardised catch per unit effort (CPUE) series from the 

main longline fleets from Japan, Taiwan (China), European Union (Portugal; Spain’ Réunion), South 

Africa, and Indonesia were available for the assessment. The reference model included Japanese 

longline CPUE only. 

In 2026, the overall stock status for Indian Ocean swordfish is that the stock is not overfished and not 

subject to overfishing with a likelihood of 100 % over an ensemble of 48 models that encompass the 

main uncertainties within the model. 

This assessment provides information on stock status, but is not used for management advice, as there 

is a management procedure in place for X. gladius (Resolution 24/08). 
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EXECUTIVE SUMMARY 

Introduction 

Indian Ocean swordfish (Xiphias gladius) are a large pelagic species, broadly distributed throughout 

the Indian Ocean to a southern limit of 50°south. Swordfish are highly fecund, migratory fish that grow 

quickly when young, and reach maximum size at approximately 15 yrs of age. Swordfish have a wider 

geographical distribution than other billfish and routinely move between surface waters and the deep 

seas. They are not known to form schools. Female swordfish are hypothesised to grow faster and live 

longer than males and likely have different spatial distributions that change depending on body size. 

This report presents an integrated stock assessment for X. gladius in the Indian Ocean in 2026, using 

data up to the end of 2024 (31st December 2024). The stock assessment is based on an update of the 

2023 model and is a spatially structured, sex-based, age-structured integrated model that uses catch rate 

indices, length-compositions and catch data to inform estimates of spawning stock biomass (SSB) and 

fishing mortality (F), relative to estimated maximum sustainable yield (MSY). 

The assessment was completed using Stock Synthesis 3.30.25.1 and incorporates all newly available 

data since the previous assessment. 

This assessment provides information on stock status, but is not used for management advice, as there 

is a management procedure in place for X. gladius (Resolution 24/08). 

Methods 

The Stock Synthesis 3.30 (SS3.30.25.1) assessment model covers the period 1950-2024 and assumes 

that the Indian Ocean swordfish constitutes a single genetic stock. The population is modelled as four 

spatially disaggregated regions, with 15 fishing fleets distributed among these regions. Standardised 

catch per unit effort (CPUE) series from the main longline fleets from Japan, Taiwan (China), the 

European Union (Portugal; Spain; Réunion Island), South Africa, and Indonesia were available for the 

assessment. The reference model included the Japanese longline CPUE only. 

It was assumed that CPUE indices were proportional to the regional abundance of swordfish. 

Sensitivity scenarios were run to explore the effects of alternative model assumptions with alternative 

CPUE configurations (inclusion of Japanese/Portuguese/South African indices, or Japanese/Taiwanese 

(Chinese) /Indonesian indices). After sensitivity analyses, and running of diagnostics, including running 

retrospectives, jitter analyses, and age-structured production models (ASPM), a biologically relevant, 

and internally consistent model was chosen as a base model, and the grid run using this model 

(“4_update_rec”). 

To account for uncertainty within specific model parameters, several model options were then run using 

the base model in a ‘grid’ or ensemble of models using a combination of plausible options for various, 

mainly biological, parameters. This included: three options for the steepness parameter (h = 0.7, 0.8, 

0.9); two options for variation in mean recruitment (σR = 0.2, 0.4); three options for the instantaneous 

rate of natural mortality (M); and two options for likely abundance indices (CPUE indices). The model 

ensemble (a total of 48 models) therefore encompasses a reasonable range of uncertainty, and stock 

trajectories. Estimates of stock status were combined across the 48 models and incorporate uncertainty 

estimates from both within and across the model ensemble. 

Results 

In 2026, the overall stock status for Indian Ocean swordfish is that the stock is not overfished and not 

subject to overfishing with a likelihood of 100 % (Figure i, Table i) over an ensemble of 48 models 

that encompass the main uncertainties within the model. The base model in the figure is 

‘SWO_h80_Gold_fixed_r2_JP’. 
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Table i: STOCK STATUS INDICATORS FROM MODEL ENSEMBLE 

Catch in 2024: 28112 

Average catch 2019–2024: 27076 

MSY (1000 t) (plausible range): 39 (32-46)        

FMSY 0.06 (0.05-0.06)  

SSB0(1000 t) (80% CI): 264 (226-302)     

SSB2024 (1000 t) (80% CI): 152 (119-185)     

SSBMSY 58 (38-77)        

SSB2024/SSB0 (80% CI): 0.58 (0.55-0.61)  

SSB2024 / SSBMSY 2.81 (1.97-3.64)  

F2024 / FMSY 0.34 (0.23-0.45)  

 

 

Figure i: Output from the KOBE plots from the ensemble of models in the grid. 
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In the 2023 assessment (using data up to 2022) the model ensemble estimated that the stock was not 

overfished and not subject to overfishing, and the 2020 assessment also estimated the stock to be not 

overfished and not subject to overfishing. 

The estimated biomass trajectory shows a stock recovering from high exploitation in the mid-2010s to 

the present year. (Figure ii). Biomass levels appear to be increasing, while catch is below MSY, even 

with a small increase in the final year of the model. Fishing mortality has also been steadily decreasing 

from a peak around 2005. 

 

Figure ii: Management outputs from the ensemble of models (grid) used in 2026. Bounds around the main 

darker line represent the 80% confidence intervals. The grey band on the catch graph represents estimated 

optimal catch at MSY (80 % confidence interval). The horizontal lines indicate limit or reference points for 

SSB/SSBMSY. 
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Catch 

In the three years since the previous assessment (2022-2024), total catch has averaged 26,759 tonnes 

per year from all fleets within the fishery (Figure iii). 

 

 

 

Figure iii: Estimated raised catches for the Indian Ocean swordfish fishery by model fleet from 1950-2024. 
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Catch rates 

Standardised catch rates included in the base model are: (Figure iv). Detailed methods for these indices 

can be found in the documents provided at the 24th Working Party for Billfish (2026). 

 

Figure iv: Annual standardised catch rates (CPUE) available for the 2026 model.  
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Key sensitivities 

The model was sensitive to changes to the inclusion of specific CPUE indices, in particular, whether 

the “flatter” European Union (Spain) or Taiwan (China) indices were used as the main abundance 

indices. The estimates of biomass provided by model appear to be mostly driven by the recruitment 

deviates, and removing (fixing) these in the age-structured production models showed the major 

influence of this parameter. This is a key issue for the model, as these are estimated, based on the 

abundance indices, and catch data, thereby providing a circular logic within the modelling framework. 

Future research should, therefore, focus on improving the sparse biological data available for this 

species (834 anal fin ray specimens and 181 otoliths have been analysed for age data for Indian Ocean 

swordfish, which is a start, however no new data have been collected since 2008 in the Indian Ocean). 

Improving the biological data inputs in the model would reduce the reliance on the CPUE indices as the 

main driver(s) of biomass estimates in the model. 
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Recommendations for future assessments 

• Improved quality and quantity of length composition data: The model is relatively sensitive 

to the length-frequency data. It is recommended that improvements in both quantity and quality 

of length frequency data are provided to the Secretariat prior to the next assessment of swordfish 

in 2029, and that any length data omitted in this assessment are reassessed for suitability and 

inclusion in 2029. Of particular interest would be sex-specific measurements, considering the 

model is sex-specific with regards to growth, and currently the model does not assume different 

length frequencies for individual sexes. 

• Development of independent abundance indices: as with other assessments in the IOTC, 

there are no fishery-independent abundance indices included in the stock assessment. Two of 

the CPC’s CPUE indices (Spain (European Union), and Taiwan (China)) show very flat 

trajectories compared to the other indices – this could be a plausible representation of regional 

swordfish abundance, which would mean that biomass is extremely high. However, with no 

independent abundance indices, it is currently not possible to know which of the indices 

trajectories is biologically accurate. Additionally, as with other IOTC assessments, the CPUE 

indices are driving the assessment, and the model is estimating recruitment trends based on the 

estimates of biomass (that are being driven by the CPUE indices). The model is heavily 

influenced by the estimated recruitment. 

• Ageing data: It is strongly recommended that more fish are aged, encompassing both male and 

female fish, from all length-bins across the spatial extent of the fishery, to build a reasonable 

timeseries of biologically informative data. Age data should be accompanied by detailed 

information on the source of the fish (e.g. time, date, location, sex, fishing gear, vessel flag etc.) 

if the data are to be used to either estimate age-at-length within the model (as data need to be 

allocated to appropriate timesteps, model areas, and model fleets) or to account for changes in 

age-at-length over time or space (due to population dynamics, environmental factors, such as 

climate change or high fishing effort). Estimating age within the model allows for more accurate 

diagnosis of the cause of potential model misspecification. Fish could be aged on a yearly basis, 

to provide additional information. 

• Transition to a biologically relevant population dynamics model: Currently the SS3 stock 

assessment model for Indian Ocean swordfish is partitioned and structured based on fleet 

dynamics (e.g. data are aggregated into métiers) with an underlying assumption that similar 

fleets are targeting a similar biological portion of the stock. However, there are little, if any, 

biological data to support these assumptions, other than fishery-dependent size measurements. 

As with other IOTC stock assessments, the model would benefit from fishery-independent 

biological data to support a biologically plausible population dynamics model (e.g. structured 

based on the biological characteristics of the species, rather than fishery behaviours). This is 

particularly important if we want to avoid fishing sensitive portions of the stock(s) – e.g. 

spawning aggregations, or juvenile ‘nursery’ areas. 

• Incorporation of climate variables: As stipulated under Resolution 25/01 the IOTC 

“Commission should support further research into the relationship between climate change, 

fisheries for IOTC fisheries…and the ecosystems…”. Currently the assessment does not 

incorporate any information on potential changes in population distribution due to climate 

change. This part of the assessment could benefit from targeted research from CPCs or research 

organisations.  
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stocks in the IOTC Area of Competence, the IOTC Data Team for providing data to allow for a complete 

assessment of the stock, and previous stock assessment scientists at the IOTC for their code, and 

previous models which form the basis of this assessment. 
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1. INTRODUCTION 

This paper presents the preliminary 2026 stock assessment of swordfish (Xiphias gladius; SWO) in the 

Indian Ocean (IO). As in previous assessments, the objectives of the 2026 swordfish assessment are to 

estimate population level parameters which indicate the stock status and the impacts of fishing, such as 

time series of recruitment, spawning stock biomass, biomass depletion, and fishing mortality. The stock 

status is summarised using reference points that are adopted by the Indian Ocean Tuna Commission 

(IOTC).  

The current assessment is carried out using the stock assessment framework Stock Synthesis 3.30 

(Methot, 2013, Methot & Werner, 2013) using a length-based, age- and spatially structured population 

model. 

The first formal stock assessments for Indian Ocean swordfish were carried out as surplus production 

models fitted to catch data and catch per unit effort data (CPUE) at the 5th Working Party on Billfish 

(WPB). These models provided plausible inferences about the impact of the swordfish fisheries on the 

Indian Ocean population. 

Kolody (2009) conducted preliminary work towards an Indian Ocean swordfish stock assessment using 

Stock Synthesis. The prime motivation for developing this model was to increase the resolution of 

spatial processes, so that the differential and possibly elevated depletion in the southwest Indian Ocean 

could be more explicitly described. The model population was age-structured, sex-based, and spatially 

disaggregated into four regions. Kolody (2010) and Kolody et al., (2011) updated the assessment, with 

a separate southwest region model, due to assumptions that the southwest portion of the swordfish 

population constituted a separate swordfish stock. 

In 2014, the Indian Ocean swordfish assessment model was updated (Sharma & Herrera (2014)). Based 

on newer evidence from Muths et al., (2009, 2013) there were hypothesised to be no distinguishable 

differences in genetic structure between the southwest region and the rest of the Indian Ocean. 

Therefore, one assessment was completed for the whole Indian Ocean. Subsequent assessments have 

also adopted the one-stock hypothesis. 

Recent work by Chevrier et al., (2025) using single nucleotide polymorphisms (SNPs) which are more 

appropriate identifiers of genetic population structure suggest genetic differentiation between the north 

and south Indian Ocean, split approximately at the equator (pers. comms. Sylvain Bonhommeau). The 

genetic differentiation is likely caused by a chromosomal inversion, splitting the stock into two sub-

populations, however the impact of the chromosomal inversion on reproductive isolation is currently 

unknown (Chevrier et al., 2025). Migration rates and or potential mixing rates between the northern and 

southern Indian Ocean are not known, but there is some evidence to suggest that adults may form two 

sub-populations. In this assessment we elected to continue to use the current stock assessment structure 

(four regions in the model, based on fishery dynamics rather than population dynamics). We suggest in 

the future that further biological data are necessary (e.g. growth, age, stronger genetic evidence) to 

partition the model into true population dynamics-based areas, rather than continuing to structure a 

model based on fleet dynamics. We therefore encourage CPCs to provide biological data from their 

regions of the Indian Ocean to support accurate stock assessment. 

The assessment in 2017 (Fu 2017) adopted a revised fleet structure by partitioning the longline fishery 

among several major industrial fleets to better account for the variability in the length compositions. 

The assessment in 2022 (Fu 2022) continued on from the 2017 model, with the assumption that the 

Indian Ocean swordfish is one population stock, with spatial disaggregation into four areas (based on 

fleet dynamics). In the 2022 assessment, a single area model was tested, and the influence of length-

frequency data was also tested, along with sensitivity runs using biological parameters. 

This report provides an updated stock assessment for Indian Ocean swordfish using fishery data up to 

the end of 2024 (31st December 2024), building on the previous assessment in 2022, assuming a single 
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Indian Ocean stock, that is spatially disaggregated into four areas (Figure 1). The model incorporates 

the following updates: 

• Three additional years of catch and length-frequency data (2022, 2023, 2024) 

• Revised CPUE series from Japan (NW, NE, SW, SE), Taiwan,China (NW, NE, SW, SE), 

Portugal (EU) (SW), Spain (EU) (SE), Indonesia (NE), South Africa (SW), and Réunion (EU) 

(SW). 

New information relating to growth of swordfish in the Indian Ocean were made available for this 

assessment (Wang et al., 2026). The study provided data on sex-specific growth parameters, updating 

an earlier study (Wang et al., 2010). The analysis used anal-fin ray specimens and cross-validated these 

data with otolith readings from swordfish collected by Taiwan,China observers based on Indian Ocean 

longliners between May 2007 and April 2008. These data were used in a sensitivity run of the model, 

for consideration by the group to replace the current reference growth data which are borrowed from 

the southwest Pacific Ocean (Farley et al., 2016). 

The assessment provides estimates of stock status, and reference management quantities. Model 

uncertainties are characterised under combinations of model assumptions and parameter values using a 

grid approach.  

Based on the management strategy evaluation developed over several years, the Commission adopted 

a management procedure (MP) for swordfish through Resolution 24/08. The adopted MP is data-based, 

relying on a CPUE index as an indicator of recent trends in stock biomass. During implementation of 

the MP in October 2025, a discrepancy was identified between the approach used to apply the MP for 

the first time in real-world conditions and the approach used in the MSE (IOTC-2024-WPM15-11). 

This discrepancy was found not to affect the performance of the MP or the resulting TAC output. 

Subsequently, in May 2025, a revised management procedure for swordfish was adopted by the IOTC 

Commission under Resolution 25/07, correcting the minor error identified. The revised MP was applied 

to determine a recommended TAC of 30,527 t for swordfish. In 2026, under Resolution 26/02, the 

Commission formally adopted this TAC of 30,527 t per year for the period 2027–2028. A review of 

evidence for exceptional circumstances was conducted in 2025. The review did not identify any 

exceptional circumstances impacting on the application of the MP 

In summary, this report documents the 2026 iteration of the stock assessment of the Indian Ocean 

swordfish stock for consideration at the 24th WPB due to be held in Réunion, in September 2026. The 

stock assessment is based on the 2022 modelling framework and has incorporated revised and updated 

data up to the end of 2024, and newly available biological information. The assessment implements a 

length-based, age-structured and spatially explicit population model fitted to catch per unit effort 

(CPUE, abundance indices), and length composition data. The assessment is implemented in Stock 

Synthesis (v3.30.25.1). Code to prepare the data and run the models will be made available on Github 

once the assessment is finalised. 
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2. BACKGROUND 

2.1. Stock structure 

The stock structure of adult of adult Indian Ocean swordfish has been examined using several methods, 

including genetic analyses. The first such study, in 2006 (Lu et al., 2006) described three putative stock 

delineations based on mitochondrial DNA (mDNA) within the Indian Ocean. The results suggested that 

samples from the waters off northern Madagascar and the Bay of Bengal formed two distinct groups, 

separate from other stocks in the Indian Ocean and Western Pacific Ocean. Later, evidence gathered by 

the Indian Ocean Swordfish Stock Structure (IOSSS-ESPADON) project led by IFREMER, Réunion 

suggested that there is likely genetic distinction of stocks (Bradman et al., 2010; Bourjea et al., 2011), 

but results in 2013 (Muths et al., 2013) but the project did not identify clear differences in genetic 

structure, suggesting it was appropriate to consider Indian Ocean swordfish a single stock in the Indian 

Ocean. 

The most recent genetic analyses, presented at the 23rd Working Party for Billfish in 2025, using newer 

genetic methods (assessing differences in single nucleotide polymorphisms, SNPs) suggests that there 

may be two genetic populations of swordfish in the Indian Ocean, split approximately at the equator 

(Chevrier et al., 2025). However, this study does not include estimates of movement between 

populations and does not elaborate on the functional importance of the hypothesised chromosomal 

inversion that causes the genetic differentiation between northern and southern sub-populations of 

Indian Ocean swordfish. Therefore, for the purposes of this assessment, we have assumed a single stock 

for the Indian Ocean. However, we recommend revisiting the stock structure within the three years prior 

to the next assessment, in 2029, as having a biologically appropriate stock structure is fundamental to 

effective stock assessment modelling. 

The current model splits the Indian Ocean into four areas (Fig.1), similar to the areas used in the tropical 

tunas, however for swordfish there is no movement between these areas. The areas are based purely on 

fleet dynamics (e.g. aggregating fisheries, or fleets, that have similar gear types, and similar fishing 

strategies i.e. métiers), with catch per unit effort (CPUE) indices representing the differential 

“abundance” between the areas.  
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 Figure 1: Spatial structure showing the 4 areas used in the assessment model, and distribution of SWO 

catches in the Indian Ocean by fleet aggregated for 1975-2024. 

  

2.2. Biology 

Indian Ocean swordfish (Xiphias gladius) are a large pelagic species, broadly distributed throughout 

the Indian Ocean to a southern limit of 50°south. Swordfish are highly fecund, migratory fish that grow 

quickly when young, and reach maximum size at approximately 15 yrs of age. Swordfish have a wider 

geographical distribution than other billfish, and routinely perform diel vertical migrations, remaining 

in shallow waters at night, and diving to depths of over 400 m during the day (Dewar et al, 2011; Evans 

et al, 2014; Braun et al., 2019; Bigelow et al, 1999; Abecassis et al., 2012; Abascal et al, 2015). 

Swordfish diel vertical migrations are likely driven by both abiotic (temperature, salinity, currents), and 

biotic factors (physiology, prey availability), moving to cooler waters during the day, and / or chasing 

preferred prey items such as Teuthoidea (squids), Teleostei (ray-finned fishes), and Crustacea (e.g. 

crabs) (Preti et al, 2023; Potier et al., 2007, 2008). It is unclear whether swordfish are opportunistic 

predators, or have preferential feeding on certain taxa, as prey is varied, but also correlated with 

positioning within the water column during feeding hours. 

Although daily movements of Indian Ocean swordfish are unclear, daily displacements of Atlantic 

Ocean swordfish are between 24 – 100 km / day, with some individuals travelling up to 10,000 km over 

the course of a study (Abascal et al., 2015). If similar in the Indian Ocean, it is likely that most swordfish 

perform daily movements in a similar order of magnitude, with some individuals making much longer 

movements. Indeed, they are fast swimmers and have evolved many physiological characteristics that 

require them to swim continuously, making it likely that they do swim substantial distances within the 

Indian Ocean. 

There is some evidence for spatial heterogeneity in size and sex composition in other oceans (Ward and 

Elscot, 2000) - for example larger, predominantly female fish are observed in the more southern 

latitudes of the Pacific Ocean, while in the Atlantic Ocean, medium and large-sized swordfish tend to 

dominate longline catches in temperate waters, while smaller swordfish are more common in warmer 

waters. In the Indian Ocean, adult females move to temperate areas to feed in summer, moving to 

warmer tropical waters for spawning (Muths et al., 2009). 
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Age-at-length in swordfish (X. gladius) has been investigated using both anal fin ring counts, and 

counting opaque bands in sagittal otoliths (Wang et al., 2026; Wang et al., 2010; Farley et al., 2016). 

While there are documented differences between ages estimated from anal fins, and otoliths (Farley et 

al., 2022), a recent Indian Ocean study compared the readings from anal fin counts to those of otoliths 

of the same fish and the results were encouraging (Wang et al., 2026), leading to greater support for 

using anal fin counts as legitimate aging structures in swordfish. Additionally, recent aging of South 

Atlantic swordfish also used anal fin ray sections to count growth increments, and these have been used 

in the recent SS3 stock assessment for swordfish (Kikuchi et al., 2026). Estimates of size-at-age for 

Indian Ocean swordfish show distinct sexual dimorphism, with females reaching larger terminal size 

than males. 

Farley et al. (2016) undertook a growth study for swordfish in the Southwest Pacific Ocean comparing 

the use of both fin-rays and otoliths samples. The study found that age estimates from fin rays and 

otoliths produce different growth curves in the SW Pacific, with discrepancies evident in age classes > 

7 years for females and > 4 years for males. The otolith-based growth curves indicate slower growth 

and a higher maximum age for both males and females, compared to the ray-based growth curves of 

Young & Drake (2004) and DeMartini et al. (2007). Although direct validation of the ageing method 

was not carried out in the study, age estimates from otoliths are suggested to be more reliable than fin- 

rays, especially in larger/older fish, as fin-rays are subject to resorption and vascularisation of the core 

(Farley et al. 2016). Consequently, the WPB15 agreed that the stock assessment for swordfish should 

use the new otolith-based estimates from Farley et al. (2016) (Figure –left). 

In the 2022 assessment, estimates from Taiwan,China taken from observers onboard vessels in the 

Indian Ocean (Wang et al. 2010) were also included in final model options. In 2026, there was an update 

to this study, where otolith readings were compared to the original anal fin-ray readings. As stated 

above, the recent ICCAT assessment of South Atlantic swordfish also incorporated anal fin-ray readings 

as suitable estimates for swordfish age. Therefore in this iteration of the assessment, the Taiwan,China 

estimates have been included as a sensitivity run, and are recommended for inclusion in the model grid. 

There are several studies that have estimated the size at maturity for Indian Ocean swordfish, however, 

the considerable uncertainty that still exists between size and age undermines the current maturity at 

age relationship. This assessment uses the previous assessment’s approach that an age-based logistic 

relationship should be used (from data from South Pacific swordfish), assuming a 50 % maturity at 

between 4-5 years old (4.34 years). 

Swordfish are considered batch spawners (Arocha et al, 2002; Poisson & Fauvel 2009a). One estimate 

suggested that female swordfish in equatorial waters may spawn as frequently as once every three days 

over a period of seven months (Ward & Elscot, 2000). Swordfish larvae are likely rare in the western 

Indian Ocean, however there are some records of swordfish larvae reported in from the Mozambique 

Channel and east of Madagascar. By contrast, high concentrations of larvae occur in the north-east 

Indian Ocean (from north-western Australia to south-west Java), and in equatorial waters to 

approximately 80° East (Ward & Elscot, 2000). Continuous larval distribution in the eastern Indian 

Ocean is described in Nishikawa et al., (1985), however other regions have not been as heavily sampled 

so it is unclear whether larval distribution is only limited to the eastern Indian Ocean, or the result is 

simply a result of sampling bias. 

The estimates for the instantaneous rate of natural mortality for swordfish are highly uncertain given 

the current methods of age estimation are poorly validated. There are a broad range of M values assumed 

in other swordfish assessments worldwide, ranging from at least 0.2 – 0.5 (Davies et al. 2013). This 

assessment used the previously used constant M (constant over all ages) of 0.25 in the base or reference 

model. 



 

IOTC-2026-WPB24-27 

21 

2.3. Indian Ocean swordfish fishery overview 

The Indian Ocean swordfish fishery has a distinct two-phase history: the fishery was predominantly a 

bycatch fishery from the early 1950s until the late 1980s when a fresh longline target fishery for 

swordfish developed (Figure 2). This has produced a distinct change in both fishing practice, and in 

reported catches, with catches from the mid-1980s to today being around 10 x that of the early bycatch 

fishery. Initially, the bycatch fishery was dominated by the Japanese longline fleets, whereas the first 

target fishery was initiated by the Taiwan,China fleets in the late 1980s. At this point, annual catches 

rose rapidly to around 35,000 tonnes. At this point, the European longline fleet (dominated by Spain) 

also started targeting Indian Ocean swordfish in the early 1990s. Other fishing methods such as driftnet, 

and purse seine are rare. Since the mid-2000s, catches declined substantially, presumably due to piracy 

off the coast of Somalia. There was an increase in total catches from 2010 to 2020, most notably an 

increase in gillnet fishery catches, and a steady increase from the Taiwan,China fresh longline fleets 

(Figure 2). Since 2020, catches have been notably reduced, mainly driven by a reduction in catch from 

the Taiwan,China fresh longline fleets. Swordfish are a high value catch that represent an increasingly 

important source to many coastal nations in Indian Ocean.  
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Figure 2: Total swordfish catch in tonnes by model fleet 1950 – 2024 for the whole Indian Ocean.  
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3. DATA INPUTS 

3.1. General notes 

Data used in this stock assessment consist of catch, length composition data, and longline CPUE indices, 

alongside biological parameters such as growth (length at age), natural mortality, and maturity 

information. Data are continually being improved and as such catch and length composition data may 

not be identical to those in previous assessments. Where data inputs have substantially changed, it is 

noted in the sections below, and links to relevant methods papers are provided for further detail. 

Model input files along with reproducible code to run the assessment, and all sensitivities are stored by 

the Secretariat and are available on request. 

3.2. Spatial stratification 

The appropriate spatial structure for the assessment remains uncertain. Different hypotheses have been 

proposed, various options have been explored for IO swordfish to date, including (1) one or more 

discrete stocks (2) two or more populations that are produced from a common spawning ground, but 

have foraging grounds site fidelity (i.e. while this is a single population genetically, depletion can differ 

in different regions at different rates) 3) discrete spawning populations with mixing in common foraging 

grounds. 

Some evidence suggests that there may be genetic distinction within the IO (Bradman et al. 2010, 

Bourjea et al 2011). Based on results obtained in 2013 (Muths 2013), there are no differences in genetic 

structure obtained from the SW Region and the entire IO Region. As such, the assessment is based on 

the single stock IO model (Shared spawning with foraging grounds site fidelity). However, the model 

is disaggregated into 4 areas corresponding to those used in the Japan and Taiwan (China) catch rate 

standardisation analyses in recent years. Given the vast size of the Indian Ocean, and the migration rate 

inferences that have been made from tagging studies to date, it seems unlikely that there would be rapid 

mixing processes across the whole basin, even if the population was genetically homogeneous.  As such, 

localised overfishing could result in negative local consequences even if the population is genetically 

homogenous. The 4-area structure is a pragmatic disaggregation that conveniently partitions most of 

the national fleets. 

SS3 can estimate movement rates among areas, however, these estimates are generally of little value in 

the absence of tagging data.  In all models, migration rates were fixed at very low levels (<< 1% per 

year), which essentially creates 4 populations except for the shared spawning and recruitment dynamics 

(foraging grounds site-fidelity). 

The previous assessment also developed sub-regional models in which each region was assumed to be 

a single stock, and each model was fitted only to the region-specific data. However, the sub-regional 

models were mainly to derive weighing factors for determining biomass distributions in a spatially 

disaggregated IO model. 

3.3. Temporal stratification 

The model covers the period 1950 – 2024, and assumes an exploited, equilibrium initial state in 1950. 

The model is temporally structured as annual data. 

3.4. Definition of model fleets 

In SS3, data are required to be aggregated or defined in “fleets” within the overall fishery. Individual 

fleets represent relatively homogenous fishing units, with similar selectivity and catchability 

characteristics that do not vary significantly over time (métiers). Fifteen (15) fleets were defined in the 

model (Table 1), with an additional five “survey” fleets, for which only CPUE indices were assigned. 

The use of “survey” fleets for the CPUE indices was chosen as these indices are based on aggregated 

datasets and allow for separate estimation of selectivity and catchability within the model framework. 
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Fishing fleets were defined based on the fishing gear type, fishery type (e.g. fresh vs. frozen longline), 

and fleet dynamics (e.g. spatial and temporal extent of the fishery).  

The definitions of model fleets were the same as those used in the previous two iterations of the SS3 

stock assessment. Earlier assessments which aggregated the longline fleets as one homogeneous fishery 

group in each region except for SW (Fu 2017). However, there are somewhat differences in the size 

compositions of samples taken by different longline fleets (e.g. the JPLL fleet catches larger fish than 

other longline fleets) which potentially indicate differential selectivity patterns amongst the fisheries. 

Therefore, the current assessment maintained the disaggregation of the fleet structure for the longline 

fisheries as in the 2020 assessment. 

• ALGI – Gillnet, trolling and other minor artisanal fisheries 

• AUEL – Longline fishery of Australia (target is SWO) 

• EUEL – European Union longliners targeting SWO plus other longliners assimilated to EU 

longliners 

• ISEL – Semi-industrial longline fleets operating in Réunion (EU,France), Mayotte 

(EU.France), Madagascar, Mauritius and Seychelles 

• JPLL – Longline fishery of Japan plus other fleets assimilated to the Japanese fleet  

• TWLL – Large scale frozen longline fleet of Taiwan,China, plus other longline fleets 

assimilated to the Taiwanese fleet 

• TWFL – Fresh longline fleets of Taiwan and Indonesia, plus other fresh longline fleets 

assimilated to those 

 
Table 1: Fleet definitions (numbers 1–15) used within the SS3 assessment. Suffixes denote regions within 

the Indian Ocean as indicated in Figure 1: NW – North-West; NE – North-East; SW – South-West; SE – 

South-East. 

Name Fleet Number Area Description 

ALGI_NW 1 NW 
Northwest Gillnet and other non-longline/-

handline gears 

JPLL_NW 2 NW 
Northwest Japan and assimilated longliners 

(target tunas) 

TWLL_NW 3 NW 
Northwest Taiwan,China and assimilated 

longliners and handlines (mixed target) 

ALGI_NE 4 NE 
Northeast Gillnet and other non-longline/-

handline gears 

JPLL_NE 5 NE 
Northeast Japan and assimilated longliners 

(target tunas) 

TWLL_NE 6 NE 
Northeast Taiwan,China and assimilated 

longliners and handlines (mixed target) 

TWFL_NE 7 NE 
Northeast fresh-tuna longliners (target 

tunas) 

EUEL_SW 8 SW 
Southwest European and assimilated 

longliners (target SWO) 

ISEL_SW 9 SW 
Southwest semi-industrial longliners (target 

SWO) 

JPLL_SW 10 SW 
Southwest Japan and assimilated longliners 

(target tunas) 

TWLL_SW 11 SW 
Southwest Taiwan,China and assimilated 

longliners and handlines (mixed target) 

AUEL_SE 12 SE 
Southeast Australia Longline fishery of 

Australia 

EUEL_SE 13 SE 
Southeast Southeast west European and 

assimilated longliners (target SWO) 
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JPLL_SE 14 SE 
Southeast Japan and assimilated longliners 

(target tunas) 

TWLL_SE 15 SE 
Southeast Taiwan,China and assimilated 

longliners and handlines (mixed target) 

 

3.5. Catch data 

Catch data were compiled based on the fleet definitions in Table 1. An update of annual catches by fleet 

was provided by the IOTC Secretariat, including catches since the last assessment (2022–2024 

“iotc_swordfish_raised_catch_dataset_base_case.csv”). 

The time series of catches are similar to those included in the 2023 assessment. A revision to the the 

Indonesia’s fresh longline catches was conducted in 2018 (Geehan 2018). The revision incorporated 

changes to IOTC Secretariat’s catch estimation methodology that led to Indonesia’s fresh longline 

catches of swordfish being revised down from over 50,000 t to less than 35,000 t after that revision 

(Geehan & Setyadji 2018). There were also some revisions to the swordfish catches from I.R. Iran and 

Pakistan’s gillnet fishery (Error! Reference source not found.). From the previous assessment to this 

one, there have been some increases in reported catches for the TWFL (NE) fleet as a result of 

Indonesia’s 2025 revision to historical catch data.  

Overall, the TWFL (NE) longline catches currently comprise 40.8 % total swordfish catches in the 

Indian Ocean. 

Total annual catches for 2022, 2023 and 2024 included in the updated catch history are 26,056, 26,110, 

and 28,112 t respectively (Table 2). The total catch in 2024 is the highest amongst the last five years, 

although catches have remained relatively stable through this period (Figure 2, Table 2). 

Table 2: Recent swordfish catches (metric tonnes, t) aggregated by model fleet that have been included in 

the stock assessment model. The annual catches are presented for 2020- 2024. 

Fleet 2020 2021 2022 2023 2024 

ALGI_NW 1648 2301 3768 2200 2529 

JPLL_NW 24 11 5 20 57 

WLL_NW 3958 2843 2559 2838 2264 

ALGI_NE 1090 1953 2573 2030 2960 

JPLL_NE 250 326 268 169 191 

TWLL_NE 15340 12795 10959 11467 11477 

TWFL_NE 273 346 363 301 569 

EUEL_SW 2535 2329 2615 3262 3340 

ISEL_SW 787 946 981 1141 1454 

JPLL_SW 120 47 32 45 104 

TWLL_SW 888 592 779 646 537 

AUEL_SE 96 131 83 98 116 

EUEL_SE 298 397 493 1197 1573 

JPLL_SE 160 102 132 70 37 

TWLL_SE 558 572 446 627 905 

Total (t) 28026 25691 26056 26110 28112 
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Figure 2: Model fleet catches (x 1000 metric tonnes) aggregated by model region and coloured according 

to fishing fleet in the model. 
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Figure 3: Fishery catches (metric tonnes) aggregated by year. Note the y-axes differ between plots. Purple 

lines are catches used in the 2023 assessment. The differences in catch are mainly due to general 

improvements in the data quality over time. 
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3.6. Abundance indices 

Thirteen standardised CPUE series (Table 3, Figure ) were available at the time of the assessment, from 

the following CPCs: 

• Indonesia (Setyadji et al., 2026; IOTC-2026-WPB-17) 

• European Union (Portugal) (Coelho et al., 2026; IOTC-2026-WPB-18) 

• European Union (Spain) (Fernández-Costa and Ramos-Cartelle, 2026; IOTC-2026-WPB-19) 

• South Africa (West and da Silva, 2026; IOTC-2026-WPB-20) 

• Japan (Takahashi and Kai, 2026; IOTC-2026-WPB-22) 

• Taiwan (China) (Lin et al., 2026 ; IOTC-2026-WPB-23) 

• European Union (Réunion Island) (Bonhommeau, 2026) 

The CPUE series are included in the assessment as relative abundance indices. 

In the previous assessment, each region had two Japanese CPUE series that were standardised as 

separate series (1979-1993 and 1994-2022) as there were significant differences between the two 

periods in terms of gear configuration, and presumably targeting practices (Matusmoto et al., 2023). In 

this iteration of the stock assessment model, only the later time period was supplied by Japan (1994-

2024. In the 2020 model, it was shown that the 1979 – 1993 index was uninformative of the stock 

depletion and did not have any appreciable impact on model estimates (Fu 2020), so not including them 

in this assessment is unlikely to have an impact on final biomass estimates. 

In each region, the Taiwan (China) indices were standardised for 2004 to 2023. In the NE region, the 

CPUE index fluctuates around the mean, with higher variability than in the NW, SE or SW, possibly 

reflecting less consistent fishing effort in this region. In the NW region, the index is very flat, with little 

change in CPUE after an initial high at the start of the series. In the SE, the CPUE index decreases over 

time, in conflict or contrast to the Japanese longline index in this region. In the SW, the index increases 

over time, similarly to other indices in this region (Japan, Réunion, Portugal), but in contrast to the 

South African and Spanish indices (which remain flat). 

The Portuguese pelagic longline fishery in the Indian Ocean started in the late 1990’s, targeting mainly 

swordfish in the southwest, but also catches relatively high quantities of sharks as bycatch in certain 

areas and seasons (Coelho et al. 2023). The Portuguese series showed a declining trend between 2000 

and 2021 but since the last assessment there has been a marked increase in CPUE, corresponding to that 

of the Réunion index in the same region. The index is assigned to the SW region in the assessment 

model. 

The Spanish series from 2000 to 2023 is also assigned to the SW region although the fleet has fished a 

much larger area. Shifting targeting (i.e. shark vs swordfish) is very important in this fishery. Earlier 

analysis demonstrated that the inclusion or exclusion of the species ratio factor makes very little 

difference to the annual time series in this case, suggesting that the seasonal targeting shifts are probably 

not introducing any consistent bias to the time series. The index is relatively “flat” in terms of overall 

trend, but with some variation around the mean. 

The South African series is based on a swordfish target fishery within the pelagic longline fleet 

operating along the west and east coast of South Africa. The index (West and da Silva, 2026) shows a 

declining trend between 1994 and 2014. From 2015 to 2017 the index increases, followed by a lower, 

stable CPUE from 2018 to 2024. The index is assigned to the SW region in the assessment model. 

The Indonesian CPUE series derived from observer data covering 2006 to 2024 is assigned to the NE 

region. The index shows a stable start from 2006 to 2020, and in the final years, the index increases 

markedly, similarly to the Taiwan (China) index in the same region. 

In the NW, Japanese and Taiwan (China) indices are very stable, and both have shown an upward trend 

from 2004 to 2012 followed by a relatively flat trend from 2012 to 2024 for Taiwan (China), and a 
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declining trend for the Japanese fleet. In the NE the Japanese index increased in 2012 to a plateau of 

high CPUE to 2024. In the SW, there is a noticeable consistency between Portuguese, South African, 

Japan, and Taiwan (China) indices. In the SE, the Japanese and Taiwan (China) indices were relatively 

comparable from 2005 to 2015, but from 2016, they diverge, with the Taiwan (China) index decreasing 

and the Japanese index increasing. 

For a full comparative analysis of the CPUE indices, see Appendix 1. 

There has been a large reduction of effort by the Japanese longline fleet since 2005, coinciding with the 

onset of the piracy activity in the western Indian Ocean. The reduction of fishing mostly occurred in the 

north-west Indian Ocean as the Japanese fleet pulled out of the region but is also evident in other 

regions. Although the piracy activity has abated after 2012, the effort has not returned to the previous 

levels. As such, the spatial overage of the Japanese CPUE may have been poor in recent years, 

particularly in the NW and NE regions. 

All available CPUE are included in the assessment model. However, depending on the model option, 

some of these CPUE series may have been downweighted to the point that they were uninformative, as 

in the previous assessment). 

 

Table 3: CPUE series available for the SS3 Assessment. Suffixes denote regions within the Indian Ocean as 

indicated in Figure 1: NW – North-West; NE – North-East; SW – South-West; SE – South-East. Number 

is the SS3 index number 

Name Number Area Description 

UJPLL 16 NW JPN CPUE series (1994–2024) 

UJPLL 17 NE JPN CPUE series (1994–2024) 

UJPLL 18 SW JPN CPUE series (1994–2024) 

UJPLL 19 SE JPN CPUE series (1994–2024) 

UTWLL 20 NW TWN CPUE series (2004–2023) 

UTWLL 21 NE TWN CPUE series (2004–2023) 

UTWLL 22 SW TWN CPUE series (2004–2023) 

UTWLL 23 SE TWN CPUE series (2004–2023) 

UIDN 24 NE IDN CPUE series (2006-2025) 

UZAF 25 SW ZAF CPUE series (2004-2024) 

UPRT 26 SW PRT CPUE series (2000-2024) 

UREU 27 SW REU CPUE series (2005-2025) 

UESP 28 SW ESP CPUE series (2005-2023) 
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Figure 4: Standardized CPUE by area for Japanese, Taiwanese (China), Portuguese (EU), South African, 

Indonesian, Spanish (EU), and Réunionese (EU) fleets by model region.  All series have been rescaled so 

that they are visually comparable for relevant periods of overlap. Note that this re-scaling does not reflect 

the relative weighting that is applied to the Japanese fleet.  
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3.7. Length frequency data 

Length-frequency observations are available for 14 of the 15 defined fisheries (not for the gillnet fishery 

in the NW). Size composition was partitioned into 25 bins of width 9 cm (except the first and last), from 

<45cm to >270 cm). The length frequency observation for each fishery represents the actual number of 

swordfish measured. In the assessment, all length composition strata from all fleets were down weighted 

by dividing the number of fish included in the aggregated sample by a factor of 10, with a maximum 

sample size of 20, to account for sampling is probably not truly random. Explorations from the previous 

assessment suggested that this weighting option is consistent with the effective sample sizes determined 

using the Francis (2012) method. The time series of length frequencies for each model fishery are shown 

in Figure 5 (Length samples with less than 20 fish measured per year and fishery are excluded from the 

assessment). (Figure 5). 

The length compositions of the fleets are relatively similar, all showing dome-shaped distributions. 

However, the TWLL fleet in all areas appears to be more selective than other fleets, with a narrower 

peak of length distribution. The JPLL fleet appears to have taken larger fish in all areas except the NW 

(Figure 6). The TWFL fleet has a wider range of lengths within the catch compared to the TWLL fleet. 

Length distributions in the AUEL fleet (SE) appear to also select for larger fish, compared to the ALGI 

(NE) fishery where smaller fish have been reported. The previous assessment noted that according to 

Herrera and Pierre (2014), most samples available from the longline fishery of Japan come from training 

vessels in recent years. The representativeness of the samples collected on training vessels is uncertain, 

as these vessels do not necessarily operate in the same areas or use the same fishing techniques as the 

commercial vessels from Japan. 

Within the SW region, there appears to be a decreasing trend in the size of fish being reported (Figure 

7), compared to the SE where fish size appears to be increasing in recent years. Most fleets in the model 

have relatively long timescales of length frequency data (Figure 5) that were available for inclusion in 

the model. 
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Figure 5: The availability of length sampling data from each fishery by year. The grey circles denote the 

presence of samples in a specific year (the size indicate number of quarters being sampled). The red 

horizontal lines indicate the time period over which each fishery operated. 
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Figure 6: Length compositions of swordfish samples aggregated by model fishery. 

 



 

IOTC-2026-WPB24-27 

35 

 

Figure 7: Mean length (fork length, cm) of swordfish sampled from the principal fisheries by year quarter. 

The grey line represents the fit of a loess smoother to the dataset. 
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4. MODEL DESCRIPTION 

The model was implemented in Stock Synthesis 3.30.25.1 (August 2026). A detailed description of the 

model and the general assumptions, alongside detailed technical descriptions of various components 

can be found in the SS3 User Guide, and associated webpage, and publications. Most of the structure 

of the model has remained the same since the 2023 model, and as such the sections are the same as in 

the previous stock assessment report. There have been updates in 2026 to both the growth and natural 

mortality. 

4.1. Population dynamics 

The stock assessment model partitioned the Indian Ocean swordfish population into four areas, two sex 

groups, and age groups 1–30 years with the last age a plus group (in unfished equilibrium, <0.25% of 

the population survives to reach the plus-group with the M value considered).  

The swordfish population is sex-structured to (potentially) account for a number of sex-specific 

population features that may be worth describing. Notably, growth curves differ by sex, and it is useful 

to be able to represent the two distributions (or aggregated of the two distributions) in the catch-at-

length likelihoods (or it would be useful in principle, if we were confident about the growth curves, size 

composition data, mortality estimates and stationary selectivity assumptions). Spatial distributions often 

differ by sex (e.g. large females are disproportionately found in cooler temperate waters in the south 

Pacific). Selectivity may differ by sex due to the differing spatial distributions, and there also may be 

direct size biases in some fisheries (e.g. commercial fishers report that large swordfish may be less 

vulnerable to circle hooks). Natural mortality may also be sex-specific, but no distinction was made in 

these models. However, there is no evidence that the sex structure is contributing much to the behaviour 

of the model in its current form. 

The population was assumed to be in unfished equilibrium in 1950, the start of the catch data series. 

The model was iterated from 1950-2024 using an annual time-step. The nominal unit of time in the 

model is one year during which population processes (e.g., recruitment, spawning, and ageing) were 

applied in sequence according to the dynamics implemented within the Stock Synthesis model (Methot 

2020). Observations were fitted to model predictions within the year. The main population dynamics 

processes are as follows: 

4.1.1. Recruitment 

Recruitment was assumed to occur annually at the start of the year. New recruits enter the population 

as age-class 1 fish (averaging approximately 70 cm). Annual recruitment deviates from the recruitment 

relationship were estimated in the model for 1950−2023 (73 deviates). The recruitment deviates were 

estimated for the period that may be informative regarding the variation in recruitment. Recruitment in 

the final year was deterministic from the stock recruitment relationship (because these cohorts are only 

weakly observed by the data). The final model options included three (fixed) values of steepness of the 

BH SRR (h 0.7, 0.8 and 0.9).  

Recruitment deviates were assumed to have a standard deviation (σR) of 0.2, with an alternative value 

of 0.4 also included in the final model options. There is anecdotal evidence to suggest that spawning 

(and recruitment) may be out of phase in the southern and northern hemispheres, however, the growth, 

size sampling and selectivity assumptions are such that the quarterly model explored in 2010 could not 

provide much insight into recruitment processes. Swordfish are often assumed to have lower 

recruitment variability than tuna populations, and the recent summary of tuna populations suggest that 

the estimated (annual) variability is often lower than has been a priori assumed in the tuna assessments 

(ISSF 2011 reports values of 0.2 – 0.5). 
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Area-specific parameters were estimated to distribute the mean recruitment among regions. Recruitment 

anomalies by region were estimated with a very high CV, such that the spatial distribution of recruits 

was only indirectly constrained by the overall recruitment CV. 

4.1.2. Growth 

Swordfish exhibit phenomenal growth in the first year of life and there is a marked difference in growth 

rate between male and female. The strong evidence for sex dimorphism in swordfish can be potentially 

important in the right-hand tail of the size distribution, which is often estimated to consist predominantly 

of large, mature females. The 2020 assessment considered four alternative sets of growth curves to 

allow for uncertainty due to potential area-specific growth rates, and ongoing concerns about age 

estimation from fin spines.  

 

• CSIRO estimated very slow growth based on South-East Indian Ocean fin ray samples (Young 

and Drake 2004).   

• NMFS estimated higher growth from Hawaiian samples (DeMartini et al. 2007).  

• Wang et al. (2010) described an intermediate growth curve (pooled western and eastern samples 

from the Indian Ocean equatorial region).  

• New CSIRO estimates based on SW pacific fin ray samples (Farley el al. 2016).  

• New CSIRO estimates based on SW pacific otolith samples (Farley el al. 2016).  

 

Farley et al. (2016) undertook a growth study for swordfish in the Southwest Pacific Ocean comparing 

the use of both fin-rays and otoliths samples. The study found that age estimates from fin rays and 

otoliths produce different growth curves in the SW Pacific, with discrepancies evident in age classes > 

7 years for females and > 4 years for males. The otolith-based growth curves indicate slower growth 

and a higher maximum age for both males and females, compared to the ray-based growth curves of 

Young & Drake (2004) and DeMartini et al. (2007). Although direct validation of the ageing method 

was not carried out in the study, age estimates from otoliths are suggested to be more reliable than fin- 

rays, especially in larger/older fish, as fin-rays are subject to resorption and vascularisation of the core 

(Farley et al. 2016). Consequently, the 2023 model used the new otolith-based estimates from Farley et 

al. (2016) (Figure –left), despite these estimates coming from the Pacific Ocean, and not the Indian 

Ocean. 

In the 2023 assessment, estimates from Taiwan,China taken from observers onboard vessels in the 

Indian Ocean (Wang et al. 2010) were also included in final model options. In 2026, there was an update 

to this study, where otolith readings were compared to the original anal fin-ray readings. As stated 

above, the recent ICCAT assessment of South Atlantic swordfish also incorporated anal fin-ray readings 

as suitable estimates for swordfish age. Therefore, in this iteration of the assessment, the Taiwan,China 

estimates have been included as a sensitivity run, and are recommended for inclusion in the model grid, 

particularly as these estimates come from individuals in the Indian Ocean. 

The growth curves included in the assessment are shown in Figure 8 (left hand side). 

Length-at-age was assumed to be normally distributed around the mean length-at-age relationship with 

a CV of 15% at age 0, decreasing linearly (in proportion to length) to 10% at age 30+. 
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Figure 8: Growth (left) and age-based maturity (right) for swordfish. Two growth options are considered 

in the assessment: CSIRO SW Pacific otolith (Gold) and Taiwan Indian Ocean (Gnew). 

4.1.3. Maturity 

While a number of studies quantify the relationship between size and maturity, the uncertainty of age 

estimation that undermines the growth relationships also undermines the maturity/fecundity by age 

relationship. Following recommendations from WPB15, the assessment used the age-based logistic ogive 

from Farley et al. (2016) (as applied from the new otolith-based growth from SW pacific), which suggested 

a 50% maturity at about age 4.34 (Figure –right). 

4.1.4. Natural mortality 

The instantaneous rate of natural mortality (M) varies with age and consists of an average over age 

classes and age-specific deviations from the overall average M. In many fish stock assessments, M is 

fixed at a pre-specified value for all ages or sizes and is often not based on data related to the species 

or fishery being assessed. Incorrectly specifying M within stock assessments (and therefore having a 

mis-specified model) has been shown to have significant impacts on the relevant estimations of 

management-relevant indicators (Punt et al., 2021; Maunder et al., 2015). 

Natural mortality estimates for swordfish are highly uncertain given the current methods of age 

estimation are poorly validated. There are a broad range of M values assumed in other swordfish 

assessments worldwide, ranging from at least 0.2 – 0.5 (Davies et al. 2013).  The value of M of 0.25 

(constant over ages) was adopted for the current assessment (Figure 9).  

Additionally, using the Lorenzen curve to have age-varying M (across an age-range, Option 6 in SS3) 

was included in a sensitivity run. Adult swordfish ages were specified (5-12 years, based on the length 

at 50% maturity, and the oldest fish potentially caught in the fishery), and a median M of 0.25 set to 

preserve continuity with the fixed M estimate. The subsequent curve follows a Lorenzen functional 

form. See Figure 9 for all values of M used in the assessment. 
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Figure 9: The different instantaneous rates of natural mortality (M) used in the base model (fixed at 0.25) 

and a sensitivity run of the 2026 assessment model. The base model used fixed M (0.25). The two models 

using the Lorenzen M are shown, as one uses the new growth provided by Wang et al., (2026). 
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4.2. Fleet dynamics 

4.2.1. Selectivity 

In the 2017 assessment, only two different size-based “double normal” selectivity curves were estimated, 

one for longline fleets, and one for the gillnet (and other associated) fleets. This assumption was revisited 

in the 2020 assessment, and separate selectivity was estimated for a number of longline fleets, i.e., JPLL, 

TWLL, TWFL, and EUEL. A monotonically increasing logistic selectivity was estimated for the JPLL 

fishery, and a double normal selectivity for the TWLL and EUEL fisheries. The selectivity for the ISEL and 

AUEL fleets were assumed to be same as the EUEL. The assumption of an asymptotic selectivity for at 

least one of the fisheries (i.e. JPLL) should prevent the model from producing cryptic biomass. The 

selectivity for each fleet was shared by region (e.g. a common TWLL selectivity in the IO). A cubic spline 

selectivity (5 nodes) was assumed for the gillnet fishery in the NW and NE. The cubic spline selectivity 

has considerable freedom to represent a dome-shape, or an approximately logistic curve that either reaches 

a plateau or is monotonically increasing.   

The selectivity assumption was revised in the previous (2023) assessment: For the JPLL fishery, separate 

selectivity estimated for each region (the logistic selectivity in the NW fishery was replaced by a double 

normal selectivity); for the EUEL (shared amongst ISEL and AUEL), a logistic selectivity was used instead 

of the double-normal. The former is to account for regional differences in the length compositions of 

Japanese longline fleets, which may have reflected spatial heterogeneity in swordfish size distribution. The 

regional heterogeneity, however, is not evident in length samples from other fleets. The latter is to account 

for there are comparatively more larger fish in the samples from the EUEL (and ISEL and AUEL) fleet 

than in the TWLL fleet. As in the last assessment, the selectivity for each fleet (except for JPLL) is shared 

across regions to improve the model's stability. The 2026 model used the same selectivity assumptions as 

in the 2023 iteration. 

Selectivity was parameterized as a pseudo-length-based function, i.e. the length-based curve is internally 

converted to an age-based function based on the length-at-age relationship. In this application, the potential 

benefit of this arises as a result of the sex dimorphism (i.e. two sex-specific age-based selectivity functions 

are derived from a single length-based selectivity function because of the difference in length-at-age). 

While the length-based selectivity function often exhibits a very steep (‘knife-edge’) slope, this is deceptive 

because there is considerable overlap in length-at-age. 

4.2.2. Catchability 

Catchability was assumed to be constant over time for all CPUE series. An area-specific scaling was 

applied to the Japanese CPUE series to convert the indices to relative abundance indices that are 

comparable among areas (i.e. CPUE = 1 in the NW region and CPUE =1 in the SW region implies that 

the two regions have identical abundance, not simply identical density). This allows catchability to be 

shared among areas for regional CPUE index. The shared catchability constraint is often useful for 

preventing localised behaviour in spatial models.  

In the 2017 assessment, two alternative sets of regional scaling factor were used: one is based on the 

area of the region (Nishida 2008), and the other on biomass estimates from region-specific models (Fu 

2017). The area-based scaling factor implies that the Japanese CPUE are essentially density estimates. 

However, the validity of the assumption that density is uniform within each large sub-region is 

questionable (it may be unrealistic to expect that swordfish catchability in a northern swordfish fishery 

has much relation to swordfish catchability in a southern SBT fishery). Further, changes in the CPUE 

standardisation methodologies have resulted in very different regional weighting being applied between 

assessments (see Figure 17 of Sharma (2014) and Figure 13 of Kolody et al. (2011)). The biomass-

based estimates were derived by fitting region-specific models which included only regional fishery 

catches and observations, and the resulting stock biomass in each region were used to provide prior 

information on regional abundance distribution in the spatially disaggregated IO model. Estimated 
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scaling factors for the NE, NW, SE, and SW regions are 1.06, 1.11, 0.67, and 1.17, respectively. To 

incorporate in the assessment model, the standardised JPLL CPUE index in each region was normalised 

to its mean and was then scaled by the respective regional scaling factor. 

4.3. Modelling methods, parameters, and likelihood 

The model is conditioned on catch (weight), such that it is assumed to be known without error and 

extracted perfectly. The SS3 “hybrid” fishing mortality parameterisation was used, where SS3 starts 

with Pope’s approximation and then conducts a fixed number (4) of iterations to approximate 

instantaneous F from the Baranov catch equation. 

Parameters were estimated by minimising the objective function consisting of the following terms:  

4.3.1. Likelihoods  

• Relative abundance indices with lognormal observation errors.  

• Length frequencies – multinomial sampling assumptions (with assumed sample sizes << 

reported sample sizes depending on the option)  

4.3.2. Prior distributions and Penalties:  

• Annual recruitment deviates (lognormal) from the stock-recruitment relationship.  

• Every estimated parameter for selectivity, catchability, and R0, requires a prior probability 

distribution. For these parameters, the prior adopted was very diffuse, such that a bound was 

likely to be hit before the prior would exert an appreciable influence (e.g. SD = 99).  

• Weak penalty (e.g. SD = 99) on the spatial distribution of the recruitment deviates in the 4 area 

model.  

• Smooth penalties for parameters approaching bounds were adopted, however, bounds were not 

approached for any of the models discussed here (i.e. presumably because the parameters that 

are most difficult to estimate were generally fixed (i.e. growth, M, steepness).  

The informative parameters estimated by the model include:  

• Catchability for the informative CPUE series  

• Selectivity parameters  

• Virgin recruitment  

• Annual recruitment deviations from the stock recruitment relationship  

• Annual area-specific recruitment deviations  

• Recruitment distribution by area 

The Hessian matrix computed at the mode of the posterior distribution was used to obtain estimates of 

the covariance matrix, which was used in combination with the Delta method to compute approximate 

confidence intervals for parameters of interest. 
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5. ASSESSMENT MODEL RUNS 

A base model was configured that represents a continuity run from the 2023 assessment with updated 

data and several revisions of the model. A range of sensitivity or exploratory models were later 

conducted explore alternative assumptions and parameter configurations. On basis of the analyses, final 

model options were tentatively proposed that include an ensemble of models running over permutations 

of plausible parameters and/or model settings, from which the stock status was estimated, and 

uncertainty was quantified (the Grid). The assessment was conducted using the 3.30.25.1 version of the 

Stock Synthesis software using R. Most diagnostic plots, and model updates were coded in R and 

generated using the r4ss and ss3diags packages. Stock status is reported for the terminal year of the 

model (2024). 

5.1. Updates to the base model for 2026 

In the 2023 assessment, final model options selected to quantify stock status by the WPB included 48 

models with alternative CPUE configurations (two options); alternative growth parameters (two 

options); different length-frequency effective sample sizes (two options); alternative recruitment 

variability (two options); and three values of steepness (three options). The final reference model 

included Japanese, Portuguese, and South African CPUE indices 

The 2023 reference model was re-run to ensure continuity, and some revisions were incorporated based 

on preliminary analyses. These revisions are to improve the assessment model, but they do not represent 

any major structural changes to the model. The revisions included: 

• Updating the SS3 executable to the latest version 

• Updating the catch, length-frequency, and CPUE data inputs. 

• Updating the recruitment deviations to the appropriate timeframe 

• Updating the bias adjustment to the recruitment deviations to recommended values in SS3 

A sequential, stepwise approach was taken for the model updates (Table 4). The configuration of the 

resulting base model is summarised in Table 5. The base model in 2026 only included the Japanese 

longline CPUE indices, without the ZAF and PRT indices. This was chosen as when all three indices 

were included in the model, the model failed to converge without allowing for further runs. It was also 

to allow for sufficient sensitivity testing to identify the most appropriate model as a reference model. 

 

Table 4: Description of the sequence of model runs to update the 2026 base model. 

Model Description 

0_base_2023 2023 reference model 

0_base_2023_exe Updated R and SS3 executable (version – 3.30.25.1) 

1-update-catch Updated and revised catch series, extended the model to 2024 

2-update-lf Updated and revised length-frequency data (no filtering of data) 

2_update_lf_algi_nw As above, with removal of data from ALGI_NW (low levels of data) 

2_update_lf3 Updated and revised length-frequency data, with same filtering as 2023, 

plus additional filtering where necessary 

3-update-cpue Updated and revised CPUE data as 2023 

3_update_cpue2 Updated and revised CPUE data – just Japanese LL indices (all years) 

4-update-rec Update rec-devs to appropriate time frame, and change bias adjustment 

values to those recommended by SS3. 
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Table 5: Main structural assumptions of the swordfish base model and details of estimated parameters. Changes to the 2023 reference model are highlighted in red. 

Parameter Assumptions Values 

Recruitment 

Recruitment is a function of Beverton-Holt stock-recruitment relationship (SRR). 

Regional apportionment of recruitment to NW, NE, SW, and SE. 

Temporal recruitment deviates from SRR, 1955−2023. 

Temporal deviates in the proportion of recruitment allocated to NW, NE, SW, and SE 

from 1955–2023. 

 

R0 Norm(10,10); h = 0.80 

PropR2 Norm(0,1.0) 

σR = 0.2. 48 deviates. 

 

Initial population 
A function of the equilibrium recruitment in each region assuming population in an 

initial, unexploited state in 1950. 
 

Age and growth 

32 age-classes, with the last representing a plus group. 

VonBert Growth based on otolith estimates by Farley et al (2016). 

Mean weights ( jW  ) from the weight-length relationship baLW = . 

𝐿∞
𝑓

= 275  𝐿∞
𝑚 = 213.8  𝐾𝑓 = 0.157 𝐾𝑚 = 0.235 

a = 3.815 e-06, b = 3.188 

Instantaneous 

rate of natural 

mortality (M) 

Constant at 0.25  

Maturity 
Age specific logistic function from Farley et al (2016). 

Spawning population includes female fish only. 
α = -6.6, β = 1.50 (𝑎50 = 4.42) 

Movement Movement rates were fixed at very low levels (<< 1% per year)  

Selectivity 

Length specific, constant over time.  

Japanese longline fisheries:  Double normal selectivity in NW, Logistic in other regions 

Taiwan,China longline fisheries: Double normal selectivity, common among regions 

EUEL, ISEL, and AUEL longline fisheries: Logistic selectivity, common among regions 

 

Logistic 

Double Normal 

Five node cubic spline 
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Gillnet fisheries: Cubic spline (5 nodes) selectivity 

CPUE indices mirror to principal LL selectivity. 

 

Fishing mortality Hybrid approach (method 3, see SS3 User Guide (Methot & Wetzel 2013).  

CPUE indices UJPLL: 1994-2024 (NW,NE,SW,SE). CV of 0.1 Unconstrained parameter q 

Length 

composition 

Length composition for 14 out of the 15 fisheries (no ALGI_NW). 

Multinomial error structure: Length samples assigned maximum ESS of 20. 
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5.2. Model sensitivity testing 

The base model (“4_update_rec”) was the starting point for further analyses and exploration of 

potential sensitivities within the model. Within this phase, variations of key data inputs, biological 

parameters, and model structures were explored. In 2023, several structural components of the model 

were explored. In this year’s assessment, no major structural changes were tested, and instead the model 

sensitivity to data inputs, and biological parameters was tested. The aim of doing these runs was to 

identify any major sources of uncertainty that would impact assessment outputs. If specific data inputs 

or biological parameters were found to impact the assessment output, the plausible variations in these 

values were kept in the final ensemble of models used in the ‘grid’ from which stock status is derived. 

Sensitivity testing was discussed via email with WPB participants, and some initial explorations agreed 

on. Further runs were included as model development continued. Table 6 below provides a brief 

description of the range of alternative model options explored in sensitivity testing. 
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Table 6: Description of various data inputs and biological parameters that were varied to test model 

sensitivity to them. 

Sensitivity Description of test 

Time period of model 

s1_update_rec_short Change time period of estimated recruitment to only the 

‘target’ fishery time period (1985-2023) while still allowing 

catch from ‘bycatch’ fishery (1950 onwards) 

s2_update_mod_time Change time period of model to just the ‘target’ fishery time 

period (1985-2023) 

CPUE indices 

s3_cpue_tw Inclusion of Taiwan,China CPUE indices only (all others 

downweighted) for each area of the model 

s4_altCPUE Inclusion of Japanese (NW, NE, SW, SE; weight = 1.0); 

Indonesian (NE; weight 0.5); South African (SW; weight = 

0.1); EU (Réunion; SW; weight = 0.5) indices. Based on 

CPUE comparison analyses. 

s5_altCPUE_esp Inclusion of Japanese (NW, NE, SW, SE; weight = 1.0); 

Indonesian (NE; weight 0.5); South African (SW; weight = 

0.1); EU (Réunion; SW; weight = 0.5); EU (Spain; weight = 

0.1) indices. 

s6_altCPUE_esp_noreu Inclusion of Japanese (NW, NE, SW, SE; weight = 1.0); 

Indonesian (NE; weight 0.5); South African (SW; weight = 

0.1); EU (Spain; weight = 0.1) indices. 

s7_altCPUE_prt_reu Inclusion of Japanese (NW, NE, SW, SE; weight = 1.0); 

Indonesian (NE; weight 0.5); EU (Portugal; SW; weight = 

0.5); EU (Réunion; weight = 0.5) indices. 

s8_altCPUE_prt Inclusion of Japanese (NW, NE, SW, SE; weight = 1.0); 

Indonesian (NE; weight 0.5); EU (Portugal; SW; weight = 0.5) 

indices. 

Growth 

s9_new_growth Use of new, revised growth parameters from Wang et al. 

(2026) using Indian Ocean swordfish age data from anal fin 

rays and otoliths. 

Instantaneous rate of natural mortality (M) 

s10_natM_lorenzen External estimation of age-based M, based on the Lorenzen 

functional form. Reference ages were 5 and 12 years old. M 

was not estimated internally. Initial M was set at 0.25 (to 

provide continuity from the reference model where M is fixed 

at 0.25). 

s11_natM_lorenzen_new_grow As above for M, with the new growth from Wang et al., (2026) 

Recruitment variability 

s12_sigma_R4 σr = 0.40 

s13_sigma_R6 σr = 0.60 

Steepness (h) 

s14a_h70 h = 0.70 

s14b_h90 h = 0.90 
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5.3. Proposed ensemble models (Grid) 

On basis of the sensitivity analyses, further model options were configured to capture the main 

uncertainties in the model. From the results of the sensitivity analyses, the model was most sensitive to 

changes in the inclusion or not of the Tawian,China CPUE index (relatively “flat” compared to the other 

indices), and changes to recruitment variability. Indeed, the model is mainly driven by the estimated 

recruitment (which in turn is driven by the CPUE indices). However, the biomass estimates from the 

model that only used the TWLL CPUE indices were significantly higher than any of the other models. 

Whether this should be included within the grid, as a completely alternative solution could be debated 

(e.g. with no independent abundance indices, the current abundance could feasibly be either represented 

by the TWLL CPUE indices, or the other, more variable CPUE indices). In the context of catches, the 

TWFL fleet represents over 40 % of the total catch in the Indian Ocean. 

The grid was run using the TWLL CPUE index as an additional variable, however the results below do 

not include these runs, due to the uncertainty surrounding initial biomass estimates from these models. 

Depending on the assessment group’s decision, these runs could be included in the final uncertainty 

grid, or continue to be omitted. 

Therefore, the grid incorporates an alternative CPUE option (where Indonesian, South African, and 

Réunion indices are included), new growth, Lorenzen instantaneous rate of natural mortality (M), and 

variation in recruitment, along with uncertainty in the steepness (h) parameter, and growth. The final 

models proposed for inclusion in the ensemble of models are:  

• two options for growth;  

• two options for M;  

• two options for recruitment variability; 

• two options for CPUE;  

• three options for h. 

 

Table 7: Description of the proposed final model options for the grid for the 2026 assessment. The final 

models consist of a full combination of options below, making a total of 48 models. The options adopted 

within the reference (base) model (‘’) are highlighted.  

Model options Description 
 

Steepness (h) in SRR 

 

• h70: h = 0.70 

• h80: h = 0.80 

• h90: h = 0.90 
 

Growth • Gnew: VB growth parameters estimated by Wang et al. (2026) 

• Gold: VB growth parameters estimated by Farley et al., (2016) 
 

Natural Mortality  • Lorenzen: – Lorenzen functional form M with reference ages 5-12 yrs, 

and fixed M of 0.25 

• Fixed M of 0.25 for all ages 
  

Recruitment variability • σr = 0.20 

• σr = 0.40 
 

CPUE • Only Japanese longline indices (NW, NE, SW, SE) 

 • altCPUE: Inclusion of Japanese (NW, NE, SW, SE; weight = 1.0); 

Indonesian (NE; weight 0.5); South African (SW; weight = 0.1); EU 

(Réunion; SW; weight = 0.5) indices. Based on CPUE comparison 

analyses. 
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6. MODELLING RESULTS 

6.1. Continuity runs from 2023 model 

Updating the SS3 executable (“0_base_2023_exe”) had no impact on the model estimates. Updating 

the 2023 base model with catch had some impact to historical estimates of spawning stock biomass 

(hereafter referred to as biomass), between 1950 to ~ 1995, presumably due to re-estimation of catches 

over time. Biomass estimates in more recent years (1995-2024) were very similar to those of the 2023 

model. 

Updating the length frequency composition (all data, no filtering “2_update_lf”) increased the overall 

estimate of biomass, but not the trajectory. Removal of the “ALGI_NW” fishery length frequency data 

did not affect estimates much at all, but using the filtering from the previous assessment 

(“2_update_lf3”) reduced the overall estimate of biomass closer to that of the 2023 model. The addition 

of the length frequency data had limited impact on the biomass estimates from the model (compare the 

overall biomass estimate from “1_update_catch” and “2_update_lf3”, Figure 10). 

Updating the CPUE indices (first iteration = same indices included in the ‘revised’ 2023 model – 

“3_update_cpue”) mainly impacted the final 10 years of the model biomass estimates, with a sharper 

increase in biomass in the final years compared to the previous model. Down weighting all CPUE 

indices except the Japanese longline indices (“3_update_cpue_2”) had almost no impact on the model 

biomass estimates (Figure 10), however the depletion (% SSB0) showed a greater rate of recovery 

compared to when the ZAF, and PRT indices were included (as in 2023; Figure 11). 

The recruitment bias correction (“4_update_rec”) increased the overall scale of biomass slightly and 

showed a reduction in biomass trend in the earlier years of the model (1960-1980) during the bycatch 

portion of the fishery. In the final years of the model, the recruitment bias correction shows the depletion 

(% SSB0) and estimated biomass increasing more than the previous model (where the bias correction 

was not applied). 

The full output of management quantities is found in Table 8. There is ~ 5 % increase in CMSY estimates 

from the 2023 base model to the 2026 base model. 
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Figure 10: Spawning biomass trajectories for IO swordfish from the stepwise model updates. (from the 

2023 assessment reference model ‘0_base_2023’). 

 

 

Figure 11: Spawning biomass trajectories (depletion (%)) for IO swordfish from the stepwise model 

updates. (from the 2023 assessment reference model ‘0_base_2023’). 
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Table 8: Estimates of management quantities for the step-wise updates of the 2023 stock assessment reference model (‘0_base_2023’) to the 2026 reference model 

(‘4_update_rec’) 

 SSB1950 (t) SSBMSY (t) SSB2024 (t) SSB2024SSB1950 SSB1950SSBMSY FMSY F2024 F1950FMSY CMSY (t) 

0_base_2023 257567 60753.4 114838 0.4458568 1.890232 0.165637 0.071022 0.428781 34236 

0_base_2023_exe 257567 60753.4 114838 0.4458568 1.890232 0.165637 0.071022 0.428781 34236 

1_update_catch 265908 62196.4 123802 0.4655821 1.990501 0.165205 0.07754838 0.469407 34799.6 

2_update_lf 284588 66517 140585 0.4939948 2.11352 0.165661 0.07124682 0.430076 37427.7 

2_update_lf_algi_nw 283636 66273.7 140016 0.4936468 2.112693 0.166169 0.07194254 0.432948 37522.1 

2_update_lf3 268188 62682.4 125993 0.4697936 2.010022 0.165875 0.07845025 0.472948 35422.1 

3_update_cpue 273811 63747 139539 0.5096179 2.18895 0.166225 0.06891938 0.414615 36129.7 

3_update_cpue_2 276286 64168.8 150443 0.5445191 2.344488 0.166447 0.06505248 0.39083 36415.4 

4_update_rec 271449 62914 149921 0.552299 2.382951 0.167094 0.0646851 0.387118 35995.3 
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6.2. Model fits 

6.2.1. Base model (4_update_rec) 

The base model fits the new CPUE indices for each regional JPLL index well enough (Figure 12). Fits 

were best to the NE and SW indices, although for all regions, the predicted indices lacked the variation 

seen in the observations. The residuals did suggest an upward trend in recent years in the NE and SE 

regions. However, this trend was not that strong in the SE. An initial downward trend in the residuals 

in the SW region is quite severe, before flattening in the trend from around 2005. This corresponds to a 

decrease in overall catch of swordfish after high catches prior to 2005. (Figure 13 and Figure 2 

(catches)). Although the trend lines suggest potentially worrying trends, the overall distribution of the 

residuals, if the lines were not estimated, do not produce obvious trends. 

Overall, there were relatively good fits to the aggregated length frequency data for the main fisheries 

that have comprehensive sampling (Figure 14). The fisheries with the greatest catch by volume (TWLL 

in all regions) show relatively good fits to the length frequency data, with the exception of the TWLL 

in the NW where the predicted values underestimate the number of smaller fish in this region. In the 

EUEL SW and EUEL SE fisheries, the predicted length frequency distributions over estimated the 

number of small fish in these fisheries. For almost all fisheries, the model overestimated the number of 

very large fish in the final length bin, which were not observed in the data. 

The recent trends in the predicted average fish size for all fisheries are well captured by the model. 

There was some underestimation of average fish size in the ISEL_SW and AUEL_SE fisheries, in the 

later years of the model. (Figure 15). 
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Figure 16: Fits to the CPUE indices 1994-2024 in the base model ‘’. 
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Figure 13: Standardised residuals from the fits to the CPUE indices from the base model ‘4_update_rec’. 
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Figure 14: Observed (grey bars) and predicted (red line) length compositions (in 9 cm intervals) for each 

fishery of swordfish aggregated over time for the base model ‘4_update_rec’. 
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Figure 15: A comparison of the observed (grey points) and predicted (red points and line) average fish 

length (FL, cm) of swordfish by fishery for the main fisheries with length data for the base model 

‘4_update_rec’. 
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6.3. Model estimates 

6.3.1. Selectivity 

As in the 2023 model, the estimated parameters in the basic model include: the overall population scale 

parameter R0, the time series of recruitment deviates, the distribution of recruitment among regions, 

fishery selectivity parameters, and the catchability parameters for the CPUE indices. 

The size-specific selectivity functions are presented in Figure 16. Full selectivity is reached for the JPLL 

fleets around 150 cm. For all other fisheries, there is a drop off from full selectivity to partial around 

200 cm. Some fleets retain high selectivity of very large fish e.g. TWFL_NE, EUEL_SW, EUEL_SE, 

AUEL_SE, and ISEL_SW, while the ALGI_NW and ALGI_NE fisheries display a bimodal dome-

shaped selectivity. This possibly represents two separate fishing métiers (e.g. different gillnet mesh 

sizes, or spatial and/or temporal heterogeneity in fleet dynamics). 

Selectivity estimates are broadly similar to the 2023 model, with the exception of the EUEL_SW, 

EUEL_SE, AUEL_SE, and ISEL_SW fleets which were logistic curves with full selectivity around 150 

cm (as the JPLL fleets). 

6.3.2. Recruitment 

Recruitment deviates were estimated from 1955 – 2023 (Figure 17). As in the 2023 model, there is a 

strong increase in recruitment from 2000 to 2015, followed by a decrease in estimated recruitment. 

From 2021 to 2023, the estimated recruitment increases again. As in the previous model, an 

interpretation of these estimates is that there was potentially high recruitment prior to the start of the 

targeted fishery in the 1990s, followed by anomalously low recruitment. As the previous stock 

assessment report stated, this trend is suspicious, but without the recruitment anomalies, the model 

could not provide an adequate fit to the CPUE series. As in the previous assessment, it could be expected 

that the recruitment signal might be corroborated by the size data, but there is no strong signal in mean 

sizes, except that the observed mean size for most fleets showed some decline through the 2000s in the 

SW (see Figure ). The distribution of recruits among areas showed very similar patterns among regions 

(Figure 19) with the exception of a large pulse in the NE preceding the anomalously large increase of 

the Japanese longline CPUE towards the end of the time series. 

6.3.3. Spawning stock biomass 

This revised model suggests that the carrying capacity of the population in the southern regions (area 3 

and area 4; SW and SE respectively) is lower than the northern regions (Figure 20). In the previous 

assessment, there was an increase in the population at the start of the targeted fishery (early 1990s). 

This is absent in the NW (area 2) and SE (area 4) regions of the 2026 model, but still exists in the other 

two regions (NE and SW). All regions (except the SE) have experienced a sharp decline in estimated 

biomass from the start of the targeted fishery to 2015, followed by overall increases in biomass 

(particularly in area 2, NW). The SE region has experienced a relatively slow reduction in biomass over 

the whole time period of the model. These differing estimates of biomass trends are driven by the CPUE 

indices. 

The SW region was estimated to be depleted the most, however current biomass is stimated to be around 

60 % of the initial level for all areas, in contrast with the previous model where the SW region was 

estimated to have a current depletion of 20 % of the initial levels (Figure 21). 

6.3.4. Trends in fishing mortality 

In most regions, estimates of fishing mortality for TWLL and TWFLL fleets were estimated to peak 

between the 1990s and early 2000, followed by an increase in the ALGI (northern areas) and EUEL 

fleets (southern areas) fishing mortality from 2010 onwards. In all areas, fishing mortality is estimated 

to have decreased from 2010 to 2024 (Figure 22). 
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Figure 16: Estimated age-based (quarters) selectivity for model fleets within the base model ‘4_update_rec’. 
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Figure 17: Recruitment deviates from the SRR with 95% confidence interval from the reference model 

‘4_update_rec’. 
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Figure 18: Length distributions within the model fleets (and some measurements that were excluded as 

they did not correspond to a fleet (NA). There are no obvious recruitment signals that line up with the 

estimates of recruitment from the model outputs (e.g. an increase in smaller fish around ~ 1995 that would 

then be recruited to the fishery around 2000).  
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Figure 19: Recruitment proportions for the four areas of the model.. 
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Figure 20: Estimated spawning biomass trajectories for the individual model regions from the base model 

‘4_update_rec’. 
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Figure 21: Estimated relative spawning biomass trajectories for the individual model regions from the base 

model ‘4_update_rec’. 

 

 

Figure 22: Trends in fishing mortality (yearly) by fleet for the base model ‘4_update_rec’. 
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6.4. Diagnostics 

Some diagnostic tools were run for the base model, including running an age structured production 

model (ASPM), likelihood profiling, and a retrospective analysis. 

6.4.1. ASPM analysis 

The Age Structured Production Model (ASPM) analysis (Maunder & Piner, 2015) was used to illustrate 

the main drivers of the population trend, and to understand whether the length composition data has an 

undue influence on the estimates of abundance. The ASPM analysis involved running two variations of 

the reference models: ASPMfixed where length composition data were removed from the model (by 

fixing selectivity parameters) and recruitment deviates were fixed at zero; and ASPMrec where fixed 

recruitment deviates (estimates from the reference model) were added back into the model (and 

selectivity remained fixed). 

The estimated absolute spawning stock biomass from both ASPM model runs for the base model is 

shown in Figure 23. All three configurations track closely from the start of the series through the late 

1980s, describing a slow, gradual decline. A sharp, shared decline occurs across all three models 

between approximately 1990 and 2005, indicating this signal is robust to the removal of length 

composition data and to constraining recruitment to the stock–recruit relationship. 

The absolute biomass trajectory reproduces the same pattern seen in relative terms: a shared decline to 

a minimum around 2003–2008 (approximately 85,000–165,000 t depending on configuration), 

followed by partial and configuration-dependent recovery. ASPM_rec estimates the lowest biomass 

throughout almost the entire time series, including the initial (1950) biomass, while ASPM estimates 

the highest. 

Exploitation rate estimates are consistent with the biomass patterns. All configurations show negligible 

exploitation prior to 1990, followed by a rapid increase through the 1990s–early 2000s. From that point, 

ASPM_rec estimates substantially higher and more variable F/FMSY than the other two configurations, 

exceeding 1.0 (i.e., nominal overfishing) around 2003 and again in 2012. The Base model and ASPM 

remain below approximately 0.75 throughout the series (Figure 24). 

All three configurations broadly track the shape of the observed indices in each region (Figure 25, 

Figure 26, Figure 27, Figure 28). The estimated catchability coefficients differ substantially between 

configurations though, summarised in each plot. This is to be expected with estimated biomass differing 

between the three models. 

To summarise, the core depletion signal for the swordfish assessment is driven by catch and index data, 

not by the composition data. However, a significant share of the base model’s fit depends on estimated 

recruitment deviations. This raises the question of whether recruitment deviations are compensating for 

misspecification elsewhere (e.g., steepness, natural mortality, index standardisation) rather than 

reflecting genuine recruitment variability, as stated previously. 
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Figure 23: Estimated absolute spawning biomass (1000 t) for each model configuration. 

 

 

Figure 24: Estimated fishing mortality relative to FMSY, 1950–2024, by model configuration. 
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Figure 25: Observed (points) and predicted (lines) for the JPLL NE abundance index, 1994–2024, with 

estimated catchability (Q) by model configuration. 

 

 

Figure 26: Observed (points) and predicted (lines) for the JPLL NW abundance index, 1994–2024, with 

estimated catchability (Q) by model configuration. 
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Figure 27: Observed (points) and predicted (lines) for the JPLL SW abundance index, 1994–2024, with 

estimated catchability (Q) by model configuration. 

 

Figure 28: Observed (points) and predicted (lines) for the JPLL SE abundance index, 1994–2024, with 

estimated catchability (Q) by model configuration. 
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6.4.2. Retrospective analysis 

Retrospective analysis is a diagnostic approach to evaluate the reliability of parameter and reference 

point estimates and will allow the revelation of systematic bias in the model estimation. It involves 

fitting a stock assessment model to the full dataset, and then sequentially removing data from the inputs 

from the most recent years. The analysis was conducted using the base model, and the last 5 years of 

data were removed in 1-year increments to evaluate whether there were any notable changes to the 

model results. The selected period mirrors that of previous assessments. The analysis of the impact of 

data removal was conducted on the outputs of estimated spawning stock biomass (SSB) and the ratio 

of SSBcurrent to SSB0. 

There were no apparent retrospective patterns in the estimates for SSB or SSB2024/SSB0 (Figure 29), 

and this provides significant confidence in the robustness of the model with respect to inclusion of 

recent observational data. 

 

 

 

Figure 29: Retrospective analysis summary for the base model ‘4_update_rec’. 
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6.4.3. Likelihood profiling 

A likelihood profile over log(R0) – the log of unfished recruitment – is a standard diagnostic used to evaluate 

how precisely the model estimates this key scaling parameter, and which data sources or model components 

are driving that estimate. As this was a parameter that appears to be influenced by the inclusion or not of 

recruitment deviates, and the length composition data, this profile was chosen to be investigated. R0 was 

fixed at a sequence of values spanning the range around its maximum likelihood estimate (MLE), and the 

model was re-optimised conditional on each fixed value, and the resulting total negative log-likelihood 

(NLL), together with its components (recruitment, length composition data, index data, priors, F ballpark, 

and parameter deviations), was estimated. The change in NLL relative to the minimum was plotted for the 

total and for each contributing component (Figure 30).  

The likelihood profile shows a single, well-defined minimum with no evidence of secondary modes, 

suggesting LN(R0) is approximately 8.2. The left hand side is driven by the recruitment-likelihood 

component suggesting the data strongly reject low values of R0, whereas the shallower right hand size is 

driven primarily by the index data, suggesting high R0 values are restricted by fits to the CPUE indices. 

Therefore, the R0 estimates are being driven to a middle ground by the tension between the recruitment data, 

and the index data. 

 

Figure 30: Profile likelihood of log(R0): change in total and component negative log-likelihood relative to 

the minimum, across a range of fixed log(R0) values. 
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7. SENSITIVITY RUNS 

The exploration of the model’s sensitivity to input parameters aimed to identify potential revisions to 

the base models, and to guide the assessment group in choosing the most appropriate values for running 

the grid or ensemble of models that encapsulates the uncertainty within the model. Key results for the 

sensitivity runs are summarised below. 

7.1. Non-biological parameters 

7.1.1. CPUE indices 

Several alternative CPUE models were investigated. These are as follows: 

1. s3_cpue_tw: TWLL (NE,NW,SW,SE, weighting 1) 

2. s4_altCPUE: JPLL (NE,NW,SW,SE, weighting 1); IDN (NE, weighting 0.5); ZAF (SW, 

weighting 0.1); REU (SW, weighting 0.5). 

3. s5_altCPUE_esp: JPLL (NE,NW,SW,SE, weighting 1); IDN (NE, weighting 0.5); ZAF (SW, 

weighting 0.1); REU (SW, weighting 0.5); ESP (SW, weighting 0.1). 

4. s6_altCPUE_esp_no_reu: JPLL (NE,NW,SW,SE, weighting 1); IDN (NE, weighting 0.5); 

ZAF (SW, weighting 0.1); ESP (SW, weighting 0.1) 

5. s7_altCPUE_prt_reu: JPLL (NE,NW,SW,SE, weighting 1); IDN (NE, weighting 0.5); PRT 

(SW, weighting 0.5); REU (SW, weighting 0.5). 

6. s8_alt_CPUE_prt: JPLL (NE,NW,SW,SE, weighting 1); IDN (NE, weighting 0.5); PRT (SW, 

weighting 0.5) 

These models investigated the effects of various CPUE configurations upweighting or downweighting 

individual indices. It was suggested by the WPB to test the inclusion of both the PRT(EU) and REU(EU) 

indices in the SW as these are hypothesised to track different components of the stock. One model was 

also run using just the TWLL indices, as these show quite different abundance trends over time 

(relatively flat), but also represent the fleets that have taken the vast majority of catch within the Indian 

Ocean. When the model was run using just these indices, the estimates of biomass were considerably 

higher than any other sensitivity (Figure 31), although the trend in stock depletion was similar (not in 

terms of absolute values though) (Figure 32). 

Fits to the upweighted CPUE series, and length frequency data are provided in Appendix B for some 

sensitivity analyses. If any other outputs are required, these can be requested. 

7.1.2. Time period of model 

Two models were run to investigate the impact of running the assessment from the start of the “target” 

fishery (1985) as opposed to including data from the “bycatch” fishery (1950-1985). 

s1_update_rec_short kept the time series of the model the same as the base model, and restricted 

estimated recruitment deviations to 1985-2023. s2_update_mod_time went one step further and 

reduced the complete model time series to 1985-2023. The results of these updates suggest that the 

informative period for the model, is indeed the “target fishery” period, and the information prior to 1985 

is unlikely contributing meaningfully to the model outputs. In saying that, estimates for spawning 

biomass (Figure 31, Table 9), and stock status (% depletion; Figure 32, Table 9) were not very different 

between these three models. 

7.2. Biological parameters 

7.2.1. Growth 

The mean size of the new growth (Wang et al., 2026) is smaller across all age groups (Figure 4) for 

female fish, and male fish grow quicker and larger than male fish using the older growth data. This 
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produced higher estimates of biomass across the entire model period, with a greater increase in biomass 

in the years from 2005 to 2024 (Figure 31).  

7.2.2. Natural mortality 

Changing the instantaneous rate of natural mortality (M) in the model had a significant impact on the 

estimates of biomass, and the scale of the biomass estimates (Figure 31, Figure 32, Table 9). The 

Lorenzen M lowered the overall estimates of biomass, while incorporating the Lorenzen M and the new 

growth brought estimates of biomass up to similar levels of that of the base model (Figure 31). These 

results highlight once more the sensitivity of these models to M. 

7.2.3. Recruitment deviations 

Allowing recruitment deviations to vary more around the mean (changing sigma r to 0.4 or 0.6) changed 

both the trend and absolute values in biomass estimates (Figure 31, Table 9). For both models, there 

was a significant deviation and reduction in estimated recruitment from 1960, rising to a peak in 1995. 

These changes are during the “bycatch” portion of the fishery. Once the fishery enters the “target” 

period, the trend and magnitude of biomass estimates returns to levels comparable to the base model, 

and other models in the sensitivity runs (Figure 31, Figure 32). 

 

 

Figure 31: Biomass estimates from sensitivity runs 

 



 

IOTC-2026-WPB24-27 

73 

 

Figure 32: Depletion (% biomass or status) estimates from sensitivity runs 

 

 

Table 9 (next page): Estimates of management quantities for the sensitivity testing from the base model 

options. Current catch (2024) is estimated at 28,112 t.  
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 SSB1950 (t) SSBMSY (t) SSB2024 (t) SSB2024SSB1950 SSB1950SSBMSY FMSY F2024 F1950FMSY CMSY (t) 

s1_update_rec_short 279424 64760.2 152293 0.5450248 2.351645 0.167092 0.063839 0.382059 37036.3 

s10_natM_lorenzen 231567 48256 131766 0.5690189 2.730562 0.186552 0.060972 0.326834 40502 

s11_natM_lorenzen_new_grow 265887 55312 157611 0.5927744 2.84949 0.173427 0.054004 0.311391 41850.7 

s12_sigma_R4 267019 61879.2 153937 0.576502 2.487702 0.167172 0.062612 0.374535 35452.6 

s13_sigma_R6 256694 59481 151529 0.5903099 2.547519 0.167258 0.063229 0.378031 34140 

s14a_h70 288678 79340.2 158148 0.5478353 1.99329 0.131426 0.06176 0.469922 33119.8 

s14b_h90 259183 46246.1 144560 0.5577526 3.125885 0.222279 0.066747 0.300287 39572.7 

s2_update_mod_time 265994 61650 144601 0.543625 2.345515 0.167256 0.066747 0.399069 35344.1 

s3_cpue_tw 752183 173472 656811 0.8732064 3.786265 0.164036 0.016689 0.101741 88365.2 

s4_altCPUE 265918 61705.3 142057 0.5342136 2.302185 0.166878 0.067024 0.401636 35233.1 

s5_altCPUE_esp 264912 61459.9 140788 0.531452 2.290729 0.166929 0.067689 0.405494 35122.1 

s6_altCPUE_esp_noreu 269543 62503.8 144987 0.5378993 2.319651 0.167028 0.066415 0.397629 35739.3 

s7_altCPUE_prt_reu 273333 63432.1 147390 0.5392324 2.323587 0.166817 0.064664 0.387635 36197.6 

s8_altCPUE_prt 278817 64676.8 152150 0.5456984 2.352466 0.166895 0.063258 0.379029 36923.4 

s9_new_growth 292540 68137.3 175024 0.5982908 2.568696 0.164567 0.056006 0.340324 39154.4 
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7.3. Proposed final model options for grid / ensemble 

On basis of the sensitivity analyses, further model options were configured to capture the main 

uncertainties in the model (Table 10). From the results of the sensitivity analyses, the model was most 

sensitive to changes in the inclusion or not of the Tawian,China CPUE index (relatively “flat” compared 

to the other indices), and changes to recruitment variability. Indeed, the model is mainly driven by the 

estimated recruitment (which in turn is driven by the CPUE indices). However, the biomass estimates 

from the model that only used the TWLL CPUE indices were significantly higher than any of the other 

models. Whether this should be included within the grid, as a completely alternative solution could be 

debated (e.g. with no independent abundance indices, the current abundance could feasibly be either 

represented by the TWLL CPUE indices, or the other, more variable CPUE indices). The grid was run 

using the TWLL CPUE index as an additional variable, however the results below do not include these 

runs, due to the uncertainty surrounding initial biomass estimates from these models. Depending on the 

assessment group’s decision, these runs could be included in the final uncertainty grid, or continue to 

be omitted. 

Therefore, the grid incorporates an alternative CPUE option (where Indonesian, South African, and 

Réunion indices are included), new growth, Lorenzen instantaneous rate of natural mortality (M), and 

variation in recruitment, along with uncertainty in the steepness (h) parameter, and growth. The final 

models proposed for inclusion in the ensemble of models are:  

• two options for growth;  

• two options for M;  

• two options for recruitment variability; 

• two options for CPUE;  

• three options for h. 

These results presented below are preliminary and will be presented to the WPB for discussion and 

finalisation. After running the final assessment grid, the report will be finalised, including the 

discussion, which will summarise the WPB(AS) discussions, and include future work proposed to 

improve the assessment for 2029. 
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Table 10: Description of the proposed final model options for the grid for the 2026 assessment. The final 

models consist of a full combination of options below, making a total of 48 models. The options adopted 

within the reference (base) model (‘4_update_rec’) are highlighted.  

Model options Description 
 

Steepness (h) in SRR 

 

• h70: h = 0.70 

• h80: h = 0.80 

• h90: h = 0.90 
 

Growth • Gnew: VB growth parameters estimated by Wang et al. (2026) 

• Gold: VB growth parameters estimated by Farley et al., (2016) 
 

Natural Mortality  • Lorenzen: – Lorenzen functional form M with reference ages 5-12 yrs, 

and fixed M of 0.25 

• Fixed M of 0.25 for all ages 
  

Recruitment variability • σr = 0.20 

• σr = 0.40 
 

CPUE • Only Japanese longline indices (NW, NE, SW, SE) 

 • altCPUE: Inclusion of Japanese (NW, NE, SW, SE; weight = 1.0); 

Indonesian (NE; weight 0.5); South African (SW; weight = 0.1); EU 

(Réunion; SW; weight = 0.5) indices. Based on CPUE comparison 

analyses. 
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8. STOCK STATUS 

8.1. Current status and yields 

MSY based estimates of stock status were determined for the final model options, including alternative 

assumptions on abundance indices, alternative values of SRR steepness, growth, and natural mortality. 

Stock status was determined for individual models (Table 11), as well as for all (48) models combined 

incorporating uncertainty from individual models based on estimated variance-covariance matrix of 

parameters (Table 12).  

For the selected model options, point estimates of Catch at MSY ranged from 31,166 t to 48,258 t (Table 

11, blue and pink highlights respectively) which are all above the current estimates of catch in 2023 and 

2024 (Table 2 & Table 12). Model options with higher steepness generally yielded comparatively higher 

estimates of MSY. On average fishing mortality rates have been well above the FMSY through the mid-

2000s to around 2015 when fishing effort and catches declined to current levels (Figure 34). Biomass 

was estimated to have declined considerably from 1990 to 2005 before a steady increase to 2024 (Figure 

32). The increased biomass coincides with increasing abundance indices (CPUE indices), and stable, 

lower catches, suggesting the stock may be rebuilding. 

Models with higher σR values show reductions in biomass in the early “bycatch” years of the fishery, 

suggesting the model is allowing for reduced recruitment estimates in these years. This is not supported 

by length frequency data, or any other information other than the catch data, and noticeable lack of 

CPUE indices in these early years. 

Current fishing mortality (F2024) was estimated to be higher than FMSY for 41 out of 48 models, and all 

of these were where h = 0.90 (Table 11). Current biomass (SSB2024) was estimated to be between 53 % 

and 63 % of SSBMSY (Figure 33; Table 11). In general, current stock status relative to the MSY based 

benchmarks are not fundamentally different for the range of model options, although the proximity to 

the MSY benchmarks is sensitive to the different of model assumptions. Current (2024) fishing mortality 

was estimated to be below the FMSY level (F2024/FMSY < 1.0) for all models; current spawning biomass 

was estimated to be above the SBMSY level (SB2024/SBMSY > 1.0) for all models.  

Estimates were combined across from the 48 models to generate the final KOBE stock status plot 

(Figure 34). For individual models, the uncertainty is characterised using the multivariate lognormal 

Monte-Carlo approach (Walter et al. 2019, Walter & Winker 2019, Winker et al. 2019), based on the 

maximum likelihood estimates and variance-covariance of the untransformed quantities F/FMSY and 

SSB/SSBMSY. Thus, estimates of stock status included both within and across model uncertainty. 

Combined across the model ensemble, SSB2024 was estimated to be 2.81 times SSBMSY (1.97–3.64), and 

F2024 was estimated 0.34 FMSY (0.23 – 0.45) (Table 11). Critically, the current catch (28,112 t) is below 

all estimates of CMSY. Taking all the available information into account, the stock is considered to be 

not overfished, and not subject to overfishing in 2024. 
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Figure 32: Spawning biomass trajectories from the proposed final model options in the grid 

 

Figure 33: Spawning biomass depletion (% SSB0) from the proposed final model options in the grid 
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Table 11 Estimates of management quantities for the stock assessment model options. Current yield (mt) represents yield in 2024 corresponding to fishing mortality 

at the FMSY level. 

 SSB0 SSBMSY SSB2024 SSB2024SSB0 SSB2024SSBMSY FMSY F2024 F2024FMSY CMSY 

swo_h70_Gnew_fixed_r2_altCPUE 301821 83409.6 174007 0.5765238 2.086175 0.129958 0.05594146 0.430458 34954.8 

swo_h70_Gnew_fixed_r2_JP 308942 85299.7 182863 0.5919007 2.143771 0.130106 0.05391176 0.414368 35811.3 

swo_h70_Gnew_fixed_r4_altCPUE 295780 81749.4 174817 0.5910373 2.13845 0.130093 0.05466794 0.420222 34317.2 

swo_h70_Gnew_fixed_r4_JP 305766 84417.2 186003 0.6083181 2.203378 0.130256 0.0521743 0.400552 35505.9 

swo_h70_Gnew_lorenzen_r2_altCPUE 273643 69882.1 156719 0.5727134 2.24262 0.134635 0.05388779 0.400251 36646.3 

swo_h70_Gnew_lorenzen_r2_JP 280054 71530.2 164318 0.5867368 2.297184 0.134543 0.05212747 0.387441 37498.4 

swo_h70_Gnew_lorenzen_r4_altCPUE 268367 68543.9 158437 0.5903744 2.311468 0.134658 0.05196479 0.385902 35978.8 

swo_h70_Gnew_lorenzen_r4_JP 276157 70537 167100 0.6050906 2.368969 0.134581 0.05005296 0.371917 37019.8 

swo_h70_Gold_fixed_r2_altCPUE 283100 77886.6 150128 0.5303002 1.92752 0.131228 0.06391827 0.487078 32458.8 

swo_h70_Gold_fixed_r2_JP 288678 79340.2 158148 0.5478353 1.99329 0.131426 0.06175997 0.469922 33119.8 

swo_h70_Gold_fixed_r4_altCPUE 271274 74627.7 148124 0.546031 1.984839 0.131337 0.06391358 0.486638 31166.2 

swo_h70_Gold_fixed_r4_JP 278738 76594.6 157781 0.5660549 2.059949 0.131559 0.061289 0.465867 32047.1 

swo_h70_Gold_lorenzen_r2_altCPUE 241495 61577.4 132389 0.548206 2.149961 0.144061 0.06001624 0.416603 35914.9 

swo_h70_Gold_lorenzen_r2_JP 245165 62519.8 137923 0.5625721 2.206069 0.14399 0.05864785 0.407305 36477.4 

swo_h70_Gold_lorenzen_r4_altCPUE 240642 61361.5 136229 0.5661065 2.220105 0.144027 0.05775209 0.400981 35801.7 

swo_h70_Gold_lorenzen_r4_JP 245478 62598 142946 0.5823169 2.283555 0.143978 0.0561818 0.390211 36544.9 

swo_h80_Gnew_fixed_r2_altCPUE 285901 66647.8 166356 0.5818658 2.496046 0.164429 0.05817153 0.353779 38226.3 

swo_h80_Gnew_fixed_r2_JP 292966 68236.4 175097 0.59767 2.566035 0.164561 0.05600669 0.34034 39208.7 

swo_h80_Gnew_fixed_r4_altCPUE 279036 65024.3 165858 0.5943964 2.550708 0.164679 0.0572169 0.347445 37392.5 
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swo_h80_Gnew_fixed_r4_JP 294741 68639 182306 0.6185295 2.656012 0.164659 0.05309479 0.322453 39485.9 

swo_h80_Gnew_lorenzen_r2_altCPUE 259553 53971.6 150142 0.5784637 2.78187 0.173652 0.05585985 0.321677 40864.3 

swo_h80_Gnew_lorenzen_r2_JP 265887 55312 157611 0.5927744 2.84949 0.173427 0.05400361 0.311391 41850.7 

swo_h80_Gnew_lorenzen_r4_altCPUE 258587 53780.2 155258 0.6004091 2.886899 0.173614 0.05284515 0.304383 40737.4 

swo_h80_Gnew_lorenzen_r4_JP 266366 55412.7 163853 0.6151423 2.956958 0.173414 0.05088244 0.293416 41957.1 

swo_h80_Gold_fixed_r2_altCPUE 265918 61705.3 142057 0.5342136 2.302185 0.166878 0.06702421 0.401636 35233.1 

swo_h80_Gold_fixed_r2_JP 271449 62914 149921 0.552299 2.382951 0.167094 0.0646851 0.387118 35995.3 

swo_h80_Gold_fixed_r4_altCPUE 259612 60244.6 144415 0.5562724 2.397144 0.166909 0.06532101 0.391357 34436.6 

swo_h80_Gold_fixed_r4_JP 267019 61879.2 153937 0.576502 2.487702 0.167172 0.06261177 0.374535 35452.6 

swo_h80_Gold_lorenzen_r2_altCPUE 227966 47494.5 126380 0.5543809 2.66094 0.186789 0.06241237 0.334133 39856.1 

swo_h80_Gold_lorenzen_r2_JP 231567 48256 131766 0.5690189 2.730562 0.186552 0.06097154 0.326834 40502 

swo_h80_Gold_lorenzen_r4_altCPUE 231076 48152.1 133316 0.5769357 2.768644 0.186717 0.05881922 0.315018 40397.3 

swo_h80_Gold_lorenzen_r4_JP 235851 49154.2 139911 0.5932178 2.846369 0.186507 0.05721979 0.306797 41257.7 

swo_h90_Gnew_fixed_r2_altCPUE 275003 49340.1 161712 0.5880372 3.277496 0.216898 0.05961463 0.274851 42285 

swo_h90_Gnew_fixed_r2_JP 277346 49696.6 165581 0.5970196 3.331838 0.217141 0.05880417 0.270811 42744.7 

swo_h90_Gnew_fixed_r4_altCPUE 271320 48652.7 163588 0.6029338 3.362362 0.217124 0.05789503 0.266645 41795 

swo_h90_Gnew_fixed_r4_JP 286923 51421.8 179884 0.6269417 3.498205 0.216998 0.05371525 0.247538 44189.2 

swo_h90_Gnew_lorenzen_r2_altCPUE 249986 37186.5 146251 0.5850368 3.932906 0.236882 0.05709543 0.241029 46494.6 

swo_h90_Gnew_lorenzen_r2_JP 256288 38154.3 153639 0.5994779 4.026781 0.236342 0.05518137 0.233481 47647.6 

swo_h90_Gnew_lorenzen_r4_altCPUE 251670 37443.7 153196 0.6087178 4.091369 0.236754 0.05343135 0.225683 46822.6 

swo_h90_Gnew_lorenzen_r4_JP 259444 38621.5 161748 0.6234409 4.18803 0.236253 0.05143488 0.217711 48257.7 



 

IOTC-2026-WPB24-27 

81 

swo_h90_Gold_fixed_r2_altCPUE 254030 45386.8 137146 0.5398811 3.021716 0.222144 0.06906857 0.310918 38741.9 

swo_h90_Gold_fixed_r2_JP 259183 46246.1 144560 0.5577526 3.125885 0.222279 0.06674749 0.300287 39572.7 

swo_h90_Gold_fixed_r4_altCPUE 251302 44908.3 141995 0.5650373 3.161888 0.222082 0.06627304 0.298417 38346.2 

swo_h90_Gold_fixed_r4_JP 258657 46141.1 151412 0.5853775 3.2815 0.222345 0.06351196 0.285646 39516.2 

swo_h90_Gold_lorenzen_r2_altCPUE 218913 32941.2 123027 0.5619904 3.734746 0.257217 0.06383637 0.248181 45158.8 

swo_h90_Gold_lorenzen_r2_JP 222503 33493.8 128341 0.5768057 3.831784 0.256569 0.06235012 0.243015 45914.3 

swo_h90_Gold_lorenzen_r4_altCPUE 224344 33772.2 131500 0.5861534 3.893735 0.257095 0.05950412 0.231448 46262 

swo_h90_Gold_lorenzen_r4_JP 229090 34493.9 138022 0.6024794 4.001345 0.256473 0.05788519 0.225697 47267.8 
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Table 12: STOCK STATUS INDICATORS FROM MODEL ENSEMBLE 

Catch in 2024: 28112 

Average catch 2019–2024: 27076 

MSY (1000 t) (plausible range): 39 (32-46)        

FMSY 0.06 (0.05-0.06)  

SSB0(1000 t) (80% CI): 264 (226-302)     

SSB2024 (1000 t) (80% CI): 152 (119-185)     

SSBMSY 58 (38-77)        

SSB2024/SSB0 (80% CI): 0.58 (0.55-0.61)  

SSB2024 / SSBMSY 2.81 (1.97-3.64)  

F2024 / FMSY 0.34 (0.23-0.45)  

 

 

Figure 34: KOBE PLOT FROM GRID RUNS 

In the 2023 assessment (using data up to 2021) the model ensemble estimated that the stock was not 

overfished and not subject to overfishing in 2021, this was the same in the 2019 assessment when the 

stock was estimated to be not overfished and not subject to overfishing. 
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The estimated biomass trajectory shows a decline from exploited but equilibrium spawning stock 

biomass levels in 1975 to 2019 (Figure 35). Biomass levels appear to have stabilised and are increasing 

in the final years of the model, providing a more positive outlook for the stock, despite several years of 

increased catches that are estimated to be at or above MSY. However, a period of lower catches in the 

prior 5 years has helped to continue to rebuild the stock. Fishing mortality has been consistently below 

that of F/FMSY (Figure 35). As there is a significant lack of representative biological data (length data, 

and representative ages), the model is forced to fit closely to the main abundance indices from the 

longline fleets. As there have been increases in these indices in the three most recent years (2022-2024 

inclusive), alongside stable catches, it is likely that the CPUE indices are driving the increase in 

estimated biomass in the model, rather than any biological parameters. 

 

Figure 35: Management outputs from the ensemble of models (grid) used in 2024. Bounds around the main 

darker line represent the highest and lowest values from the grid of models. The grey band on the catch 

graph represents estimated optimal catch at MSY (80 % confidence interval). The horizontal red lines 

indicate limit or reference points for SSB/SSBMSY and F/FMSY. 
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9. DISCUSSION 

This report presents a preliminary stock assessment for Indian Ocean swordfish using a spatially 

explicit, age structured model. It represents an update and revision of the 2023 assessment model with 

newly available information. There are no fundamental changes in the structure of the current 

assessment models compared to the previous assessment, with most revisions concerning observational 

data, e.g., the inclusion of specific CPUE indices, and the incorporation newly available biological 

information including growth and natural mortality. A range of exploratory models are also presented 

to explore the impact of key data sets and model assumptions.  

The overall stock status estimates obtained from a range of model options is similar to the previous 

assessment: current spawning biomass remains above SSBMSY (SSB2024/SSBMSY = 2.81), and fishing 

mortality is estimated to be below FMSY (F2024/FMSY = 0.34). (Current SSB (SSB2024) is estimated to be 

above the estimated SSBMSY in the 2023 assessment, and the 2019 assessment). 

The Indian Ocean swordfish fisheries present a number of unique problems in the development of a 

stock population model: there is a lack of good information on recruitment; there is considerable 

uncertainty on growth, maturity, and natural mortality; there are good time series of CPUE, but their 

reliability to track abundance is highly uncertain, given the conflicts between these time series; there is 

also a large amount of data on size structure, but the sampling may be not random. As with earlier 

assessments, the models presented here, while fairly representing some of the data (e.g., the biomass 

indices), also show some signs of poor fit. The assessment tested various combinations of assumptions 

to explore the sensitivity and describe the uncertainty in stock status. It is unlikely the estimates of 

historical stock size are accurate, given assumptions about annual recruitment and the reliance on the 

historical catch-effort indices of abundance. Current stock status as estimated here should thus be treated 

with caution. 

The model estimates are driven primarily by the recruitment deviates, which in turn are driven by the 

CPUE indices (“abundance” indices). As the model contains no true fishery independent survey data, it 

remains (as in the previous assessment of swordfish), that the trends in recruitment (e.g. a large spike 

in recruitment just prior to the start of the target fishery, that is unsupported by any length data) are 

suspicious. The impact of assuming the CPUE indices are true reflections of regional abundance is 

clearly demonstrated when the TWLL CPUE indices are included as the main “abundance” indices in 

the model. In these sensitivity runs, the model was unable to generate similar trends in biomass, as the 

CPUE indices do not display the same variation through time. The TWLL fleet represents the largest 

fleet in terms of swordfish catch in the Indian Ocean (40 % total catch in 2024). 

The Japanese and Taiwanese longline fleets have traditionally been used to generate the abundance 

indices for Indian Ocean swordfish stocks. These fleets have an extensive history, broad spatial 

coverage, and substantive logbook programmes. However, the operations of these fleets have changed 

historically, with large shifts in targeting that are poorly quantified. Conventional fisheries theory 

suggests that the depletion estimated by the Japanese series has been more consistent with the swordfish 

exploitation history than the Taiwanese series, and this interpretation has generally been given more 

weight in the assessment and management advice (Kolody et al. 2011). It is widely known that the catch 

efficiency of swordfish has experienced dramatic changes in the late 1980s and early 1990s with the 

deveopment of fresh-chill longline fleets which have further improved on catch rates through 

refinements to fishing gear such as the the introduction of light sticks and monofilament longlines in 

this period (Ward &  Elscot 2000). 

The recent trend in the Japanese CPUE in the northern regions is also suspicious: the very large increase 

in the index coincided with the period when vessels returned to old fishing grounds that had been 

avoided for several years due to the threat of piracy. The increase may be related to a combination of 

factors including increase in abundance and major changes in catchability, implying a possible non-
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linear relationship between CPUE and abundance. As such, the Taiwanese indices can provide an 

alternative possibility of relative abundance trend in recent years. 

Biological data are major sources of uncertainty in the model. The current growth models in the 

reference model (Gnew, Farley et al., 2016) are from estimates of age and length from the South Pacific 

Ocean. It is known within both oceans that differential growth is likely in many species of pelagic fish, 

let alone between oceanic basins. The alternative growth parameters (Wang et al., 2010, 2026), while 

from the Indian Ocean, were sampled in 2008, nearly 20 years ago. True age-structured assessment 

models require age cohorts, which requires both length and age data from fish from representative 

samples (e.g. across time and space within the entire Indian Ocean) to be aged annually. This would 

then provide the model with critical information on whether fishing is affecting growth, whether fish 

grow at different rates across the Indian Ocean, and provide true information on age cohorts that the 

model can then use to provide more accurate population dynamics. The assessment model would then 

be running as a true population dynamics model. 

There is no information on rates of natural mortality for Indian Ocean swordfish. There are no tagging 

data available that could inform estimates of M. Additionally, good estimates for maximum age for 

swordfish, and better estimates for ages of adult fish (through increases in biological data collection) 

would allow for more accurate estimates of M. This is particularly important as most integrated models 

are sensitive to misspecification of M. 

The assessment is assuming a single IO stock disaggregated into 4 areas with shared spawning and 

foraging grounds site fidelity. More research and information on the movement rates of adult and sub-

adult swordfish in the Indian Ocean would go some way to improving our understanding of the 

movement of individuals between areas of the Indian Ocean. Additionally, biological data from the 

putative two stocks of Indian Ocean swordfish (Chevrier et al., 2025), would allow for biological 

disaggregation of data into biologically relevant areas. 

The assessment of Indian Ocean swordfish is due to be revisited in 2029. We strongly encourage CPCs 

to provide additional data, and research to support an updated stock assessment in 2029. 
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9.1. Recommendations for future assessments: 

• Improved quality and quantity of length composition data: The model is relatively sensitive 

to the length-frequency data. It is recommended that improvements in both quantity and quality 

of length frequency data are provided to the Secretariat prior to the next assessment of swordfish 

in 2029, and that any length data omitted in this assessment are reassessed for suitability and 

inclusion in 2029. Of particular interest would be sex-specific measurements, considering the 

model is sex-specific with regards to growth, and currently the model does not assume different 

length frequencies for individual sexes. 

• Development of independent abundance indices: as with other assessments in the IOTC, 

there are no fishery-independent abundance indices included in the stock assessment. Two of 

the CPC’s CPUE indices (Spain (European Union), and Taiwan (China)) show very flat 

trajectories compared to the other indices – this could be a plausible representation of regional 

swordfish abundance, which would mean that biomass is extremely high. However, with no 

independent abundance indices, it is currently not possible to know which of the indices 

trajectories is biologically accurate. Additionally, as with other IOTC assessments, the CPUE 

indices are driving the assessment, and the model is estimating recruitment trends based on the 

estimates of biomass (that are being driven by the CPUE indices). The model is heavily 

influenced by the estimated recruitment. 

• Ageing data: It is strongly recommended that more fish are aged, encompassing both male and 

female fish, from all length-bins across the spatial extent of the fishery, to build a reasonable 

timeseries of biologically informative data. Age data should be accompanied by detailed 

information on the source of the fish (e.g. time, date, location, sex, fishing gear, vessel flag etc.) 

if the data are to be used to either estimate age-at-length within the model (as data need to be 

allocated to appropriate timesteps, model areas, and model fleets) or to account for changes in 

age-at-length over time or space (due to population dynamics, environmental factors, such as 

climate change or high fishing effort). Estimating age within the model allows for more accurate 

diagnosis of the cause of potential model misspecification. Fish could be aged on a yearly basis, 

to provide additional information. 

• Transition to a biologically relevant population dynamics model: Currently the SS3 stock 

assessment model for Indian Ocean swordfish is partitioned and structured based on fleet 

dynamics (e.g. data are aggregated into métiers) with an underlying assumption that similar 

fleets are targeting a similar biological portion of the stock. However, there are little, if any, 

biological data to support these assumptions, other than fishery-dependent size measurements. 

As with other IOTC stock assessments, the model would benefit from fishery-independent 

biological data to support a biologically plausible population dynamics model (e.g. structured 

based on the biological characteristics of the species, rather than fishery behaviours). This is 

particularly important if we want to avoid fishing sensitive portions of the stock(s) – e.g. 

spawning aggregations, or juvenile ‘nursery’ areas. 

• Incorporation of climate variables: As stipulated under Resolution 25/01 the IOTC 

“Commission should support further research into the relationship between climate change, 

fisheries for IOTC fisheries…and the ecosystems…”. Currently the assessment does not 

incorporate any information on potential changes in population distribution due to climate 

change. This part of the assessment could benefit from targeted research from CPCs or research 

organisations.  
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11. APPENDIX A: CPUE COMPARISON 

 

Analysis of Indian Ocean CPUE - 2026 Swordfish Assessment 

11.1. Introduction 

This document presents a comparison of the thirteen catch per unit of effort (CPUE) series submitted 

for consideration in the 2026 IOTC swordfish (Xiphias gladius) assessment in the Indian Ocean using 

methods developed for CPUE comparisons for stock assessment models within ICCAT. The goals of 

this analysis are 1) to investigate any relative differences between model inputs so that data conflict is 

not introduced into the model via indices of abundance (CPUE series) that imply different, conflicting 

states of nature (i.e. do alternative indices of abundance indicate that the stock is increasing or the stock 

is decreasing); and 2) to understand which abundance indices should be included in each region in the 

stock assessment. 

11.2. Data 

A full description of the thirteen CPUE indices can be found in section 3.6 of this document. Briefly: 

11.2.1. Japan longline 

• Two series previously used (1979–1993 and 1994–2022), but only the later period (1994–2024) 

was supplied this time; the earlier segment was shown in 2020 to be uninformative about stock 

depletion, so its exclusion has little effect on results. 

• NW region: stable index, rising 2004–2012 then declining. 

• NE region: rose to a high plateau from 2012 through 2024. 

• SE region: increasing since 2016, diverging from the declining Taiwan (China) trend. 

• SW region: broadly consistent with Portuguese, South African, and Taiwan (China) indices. 

11.2.2. Taiwan (China) longline 

• Standardised from 2004 to 2023 in each region. 

• NE: fluctuates around the mean with relatively high variability, possibly due to inconsistent 

effort. 

• NW: rose 2004–2012, then flat through 2024. 

• SE: declining since 2016, in contrast to Japan's rising trend there. 

• SW: increasing, consistent with other SW indices. 

11.2.3. South Africa longline 

• Based on a swordfish-targeted fishery off the west and east coasts. 

• Declined 1994–2014, rose 2015–2017, then stable at a lower level from 2018–2024. 

• Assigned to the SW region; trend contrasts with the rising Portuguese/Réunion/Japan indices 

there. 

11.2.4. Portugal (European Union) longline 

• Pelagic longline fishery (mainly swordfish, with shark bycatch) operating since the late 1990s. 

• Declined 2000–2021, but has risen markedly since the last assessment, matching the Réunion 

index trend. 

• Assigned to the SW region. 
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11.2.5. Indonesia 

• Derived from observer data, 2006–2024, assigned to the NE region. 

• Stable from 2006–2020, then a marked increase in recent years, similar to the Taiwan (China) 

NE index. 

11.2.6. Réunion (European Union, France) 

• Assigned to the SW region; trend rising in line with Portugal and Japan there (limited detail 

otherwise provided in this excerpt). 

11.2.7. Spain (European Union) 

• Series covers 2000–2023, assigned to the SW region despite the fleet operating over a wider 

area. 

• Shifting targeting between shark and swordfish is significant, but excluding/including a 

species-ratio adjustment barely changes the series, suggesting no major consistent bias. 

• Overall trend is relatively flat with some variation around the mean. 

11.3. Methods 

The CPUE time series for swordfish (Xiphias gladius) in the Indian Ocean are plotted (Figure 1) along 

with a lowess smoother fitted to the CPUE each year using a general additive model (GAM) to compare 

trends for the submitted CPUEs. Residuals from the smoother fits to CPUE are compared to identify 

deviations from the overall trends. This allows conflicts between indices (e.g. highlighted by patterns 

in the residuals) to be identified. 

Correlations between indices are evaluated in Figure 3 via pairwise scatter plots for CPUE indices 

where they overlap. The lower triangle shows the pairwise scatter plots between indices with a 

regression line, the upper triangle provides the correlation coefficients, and the diagonal provides the 

range of observations along with a linear model fit between them. 

A hierarchical cluster analysis was used to evaluate the indices using a set of dissimilarities and the 

results are plotted in Figure 4. This analysis can identify similar and dissimilar trends. If indices 

represent the same stock components, then it is reasonable to expect them to be correlated. If indices 

are not correlated or are negatively correlated, i.e. they show conflicting trends, then this may result in 

poor fits to the data and bias in the parameter estimates obtained within a stock assessment model. 

Therefore, correlations can be used to select groups of indices that represent a common hypothesis about 

the evolution of the stock. 

Cross-correlations for the region are plotted with a lag from -10 to 10 in Figure 5 (i.e., the correlations 

between series when they are lagged by -10 to 10 years) which can help determine whether there is 

relationship between two time-dependent variables at different time lags. This approach can be 

particularly useful when comparing indices of abundance for bycatch species derived from fleets 

targeting different species (i.e. swordfish vs blue shark) or aggregated at different levels (trips vs sets). 

If all CPUE series are thought to represent the overall dynamics of the stock, careful examination of 

how one index may lead or lag another, temporal shifts or delays in population dynamics may become 

apparent (e.g. migration patterns, or the effects of environmental drivers). For example, a strong 
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correlation at a positive lag might indicate that changes in one index precedes changes in another, 

possibly suggesting sampling of separate part of the stock (e.g. juvenile vs adult). 

Conversely, correlations at negative lags may reflect delayed responses in one component of the 

population to changes in another. Overall, lagged cross-correlation helps clarify potential lead-lag 

relationships between datasets, offering insights into the relative similarity of the CPUE series. Careful 

interpretation of the results is suggested given the potential bycatch nature of this stock and the changes 

fleet dynamics and potential gear or technological creep within the purse seine fisheries. 

The diagonals in Figure 5 show the auto-correlations of an index lagged against itself. This can help 

identify whether a relationship exists between the CPUE series and earlier years, which would be 

identified by a large correlation, with the correlations on both sides that quickly become small. 

All analyses were conducted using R and FLR, including the diags package which provides a set of 

common methods for reading these data into R, plotting and summarising them (e.g., see: 

http://www.flr-project.org/). 

11.4. Results and conclusions 

11.4.1. Overall trend and residual patterns (Figures A1/A2) 

Most standardised CPUE series show a broadly similar overall pattern: a decline from the start of each 

series through to a low point around 2010–2015, followed by a marked increase toward the end of the 

time series (2020–2024). This recent upward trend is particularly strong for sw_jap, sw_zaf, sw_twn, 

sw_eu_reu, and ne_idn. The residual plots (Figure A2) support this, showing a run of negative residuals 

(observed CPUE below the smoothed trend) through the mid-2000s to mid-2010s across many series, 

switching to consistently positive residuals in the most recent years — most notably for sw_jap, sw_zaf, 

sw_eu_reu, and ne_idn, indicating recent CPUE has increased faster than the long-term smoothed 

expectation. 

Some series depart from this general pattern: nw_jap and nw_twn are comparatively flat with no strong 

directional trend, aside from an early spike (nw_twn, ~2006–2008); se_twn shows a decline in the final 

years rather than an increase, in contrast to most other SE/SW series; and sw_eu_esp (Spain) remains 

relatively flat throughout, fluctuating around the mean without a strong trend in either direction. 

11.4.2. Correlations between indices (Figures A3 and A4) 

Pairwise correlations (Figure A3) and the correlation matrix (Figure A4) indicate that most series are 

positively correlated, though the strength varies considerably. The strongest relationships include: 

se_jap and sw_zaf (Corr ≈ 0.71) 

sw_eu_reu and sw_twn (Corr ≈ 0.70) 

ne_idn and sw_eu_reu (Corr ≈ 0.69) 

sw_eu_reu and sw_jap (Corr ≈ 0.64) 

ne_idn and sw_eu_esp (Corr ≈ 0.65) 

se_jap and sw_eu_reu (Corr ≈ 0.57) 

ne_jap and sw_jap (Corr ≈ 0.57) 
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These strong associations, particularly those involving sw_eu_reu (Réunion), suggest that several fleets 

across the SE, SW, and NE regions are tracking a common underlying abundance signal in recent years, 

consistent with the shared upward trend noted above. 

A small number of pairings show weak or negative correlations. Notably, nw_twn and sw_eu_esp are 

significantly negatively correlated (Corr ≈ -0.47), and ne_idn and ne_jap are essentially uncorrelated 

(Corr ≈ -0.01), suggesting these indices may be capturing different components of the stock or are 

influenced by differing local fishing dynamics. 

The hierarchical clustering (Figure A4) broadly separates the indices into two groups: a smaller cluster 

(se_twn, nw_jap, sw_eu_esp) that correlates relatively weakly with the rest, and a larger cluster (se_jap, 

sw_zaf, ne_jap, sw_jap, nw_twn, sw_eu_reu, sw_twn, ne_twn, ne_idn, sw_eu_prt) that shows generally 

stronger positive correlations among its members, particularly among the SW-region and 

Réunion/Portugal indices. 

11.4.3. Lagged cross-correlations (Figure A5) 

The lagged cross-correlation matrix shows that for most pairs of indices, correlation peaks at or near 

zero lag, indicating the series are tracking the same underlying signal contemporaneously rather than 

with a substantial time offset. This is consistent with the pairwise correlation results and supports the 

interpretation that many of these fleets/regions are sampling overlapping components of the stock 

without a strong lagged relationship between them. 
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Figure A1. Indian Ocean time series of CPUE indices; Points are the standardized values, continuous 

black lines are a lowess smoother showing the average trend by area (i.e. fitted to year for each area 

with series as a factor). X-axis is time, Y-axis are the scaled indices. 
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Figure B2. Time series of residuals from the smooth fit to CPUE indices. X-axis is time, Y-axis are the 

scaled indices. 
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Figure B3. Pairwise scatter plots for CPUE indices. X- and Y-axis are scaled indices. 
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Figure B4. Correlation matrix for CPUE indices; blue indicates positive and red negative correlations, 

the order of the indices and the rectangular boxes are chosen based on a hierarchical cluster analysis 

using a set of dissimilarities. 
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Figure A5 Cross-correlations between CPUE indices to identify lagged correlations (e.g., due to year-

class effects). X-axis is lag number, and y-axis is cross-correlation. 
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12. APPENDIX B 

12.1. Fits to length composition data for model sensitivity runs 

 

Figure B1: Model estimated fits (green line) to length composition data for the sensitivity run “s3_cpue_tw” 
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Figure B2: Model estimated fits (green line) to length composition data for the sensitivity run 

“s4_altCPUE” 

 



 

IOTC-2026-WPB24-27 

102 

 

Figure B3: Model estimated fits (green line) to length composition data for the sensitivity run 

“s5_altCPUE_esp” 
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Figure B4: Model estimated fits (green line) to length composition data for the sensitivity run 

“s6_altCPUE_esp_noreu” 
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Figure B5: Model estimated fits (green line) to length composition data for the sensitivity run 

“s7_altCPUE_prt_reu” 
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Figure B6: Model estimated fits (green line) to length composition data for the sensitivity run 

“s8_altCPUE_prt” 
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Figure B7: Model estimated fits (green line) to length composition data for the sensitivity run 

“s9_new_growth” 
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Figure B8: Model estimated fits (green line) to length composition data for the sensitivity run 

“s10_natM_lorenzen” 
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12.2. Fits to CPUE data for model sensitivity runs (upweighted CPUE indices) 

 

Figure B9: Estimated fit to the TWLL(NE) CPUE index for the model “s3_cpue_tw” 

 

Figure B10: Estimated fit to the TWLL(NW) CPUE index for the model “s3_cpue_tw” 
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Figure B11: Estimated fit to the TWLL(SW) CPUE index for the model “s3_cpue_tw” 

 

 

Figure B12: Estimated fit to the TWLL(SE) CPUE index for the model “s3_cpue_tw” 
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Figure B13: Estimated fit to the IDN(NE) CPUE index for the model “s4_altCPUE”. This index had 

weighting 0.5, compared to 1.0 for JPLL and 0.5 to REU. 

 

Figure B14: Estimated fit to the JPLL(NE) CPUE index for the model “s4_altCPUE”. This index had 

weighting 1.0, compared to 0.5 for IDN and 0.5 to REU. 
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Figure B15: Estimated fit to the JPLL(NW) CPUE index for the model “s4_altCPUE”. This index had 

weighting 1.0, compared to 0.5 for IDN and 0.5 to REU. 
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Figure B16: Estimated fit to the JPLL(SW) CPUE index for the model “s4_altCPUE”. This index had 

weighting 1.0, compared to 0.5 for IDN and 0.5 to REU. 

 

 

Figure B17: Estimated fit to the JPLL(SE) CPUE index for the model “s4_altCPUE”. This index had 

weighting 1.0, compared to 0.5 for IDN and 0.5 to REU. 
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Figure B17: Estimated fit to the REU(SW) CPUE index for the model “s4_altCPUE”. This index had 

weighting 0.5, compared to 0.5 for IDN and 1.0 to JPLL. 
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