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A set of model diagnostics is presented as an example for one model (i1) from the model grid with the following specifications:
· M=0.2
· h=0.75
· sigmaR=0.2
· ess=2
· llq=1.00
· Growth & maturity= Farley et al., 2022
· CPUE=jappt
· Scaling= area
· LLsel= Double normal
Diagnostics were based on convergence, retrospective analysis, runs test and hindcast cross validation. These diagnostics were run in R (R Core Team, 2022) using the R package “ss3diags” (Winker et al., 2021).

Convergence level
Convergence is assessed by the inversion of the Hessian matrix, and the value of final gradient of the objective function at the solution, from here forward mentioned as convergence level. Carvalho et al. (2021) suggested 0.0001 as a threshold for the convergence level, noting that a small gradient might not be an absolute requirement.  In the case of model i1, the convergence level was below this threshold.

Retrospective analysis
The retrospective pattern for the estimated SSB from the i1 model is shown in Figure S1. This plot also includes a one-step ahead projection of SSB based on the known total catches. Retrospective analysis is a form of hindcasting commonly used to assess the stability of a model formulation to updates in the data. Mohn’s rho (Mohn, 1999) is then used to quantify the strength of the retrospective pattern. Hurtado-Ferro et al. (2015) proposed that values outside the -0.15 to 0.20 range, should indicate an undesirable retrospective pattern for longer lived species. In the case of i1 Monh's rho is within the proposed range.
[image: ]
Figure S1 - Five-year retrospective runs with a one step ahead forecast of spawning stock biomass according to total catch for Indian Ocean swordfish.

Runs test
Runs tests on the CPUE and length-frequency data sources are common diagnostics of goodness of fit (Carvalho et al., 2017). The Wald-Wolfowitz runs test, a non-parametric statistical test that checks the randomness hypothesis for a data sequence, can be used to identify residuals patterns that should not be considered random. The runs test for the CPUEs (Figure S2) indicate that the model fit to the CPUE data series do not present significant patterns for all CPUE series except in the case of the SW Japanese series, however it should be noted that for this area two series (UJPLL_SW and UPOR_SW) are being fitted for the year 2000 up to 2003.
The runs test for the length-frequency (LF) data sources indicate that some series present significant patterns in the residuals (Figures S3-S4), this is particularly noted in the SW region where none of the LF “passed” the runs test.
[image: Uma imagem com mesa

Descrição gerada automaticamente]
Figure S2 - Runs tests of the CPUE series for Indian Ocean swordfish.
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Descrição gerada automaticamente]Figure S3 - Runs tests for the various sources of length frequency data for the Northern Indian Ocean swordfish.
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Figure S4 - Runs tests for the various sources of length frequency data for the Southern Indian Ocean swordfish.

Hindcasting cross validation
A proposed model-free hindcasting technique (HCXval) uses cross-validation to compare observations to their predicted future values (Kell et al., 2016). The prediction skill of a model is then computed from the prediction residuals. A robust statistic for evaluating the prediction skill can be constructed using the mean absolute scaled error (MASE) of Hyndman et al. (2006). 
The prediction skills of the indices for each area are presented in Figure S5. A MASE score larger than 1 indicates the model does only as well as a random walk at predicting the quantity, while a value of 0.5 indicates the model is twice as good as a random walk. The model prediction skill appears to be better for the Northwest area.
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Figure S5 - Hindcasting cross-validation results for the four area CPUEs for Indian Ocean swordfish.
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