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Figure S1. Pearson correlation matrix of climate variables. The colour gradient from dark red to dark blue correspond to negative and positive correlation strength, respectively.
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Figure S2. Residuals of the sardine (Sardina pilchardus) landings Generalized Additive Models.
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Figure S3. ACF and Partial ACF of the residuals of the sardine (Sardina pilchardus) landings Generalized Additive Models.


[image: ]

Figure S4. Residuals of the anchovy (Engraulis encrasicolus) landings Generalized Additive Models.
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Figure S5. ACF and Partial ACF of the residuals of the anchovy (Engraulis encrasicolus) landings Generalized Additive Models.
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Figure S6. Residuals of the sardine (Sardina pilchardus) biomass Generalized Additive Models.
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Figure S7. ACF and Partial ACF of the residuals of the sardine (Sardina pilchardus) biomass Generalized Additive Models.
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Figure S8. Residuals of the anchovy (Engraulis encrasicolus) biomass Generalized Additive Models.
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Figure S9. ACF and Partial ACF of the residuals of the anchovy (Engraulis encrasicolus) biomass Generalized Additive Models.
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Figure S10. Residuals of the sardine (Sardina pilchardus) abundance Generalized Additive Models.
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Figure S11. ACF and Partial ACF of the residuals of the sardine (Sardina pilchardus) abundance Generalized Additive Models.
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[image: ]Figure S12. Residuals of the anchovy (Engraulis encrasicolus) abundance Generalized Additive Models.

Figure S13. ACF and Partial ACF of the residuals of the anchovy (Engraulis encrasicolus) abundance Generalized Additive Models.
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[image: ]Figure S14. Residuals of the sardine (Sardina pilchardus) Kn Generalized Additive Models.

Figure S15. ACF and Partial ACF of the residuals of the sardine (Sardina pilchardus) Kn Generalized Additive Models.
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Figure S16. Residuals of the anchovy (Engraulis encrasicolus) KnGeneralized Additive Models.
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Figure S17. ACF and Partial ACF of the residuals of the anchovy (Engraulis encrasicolus) Kn Generalized Additive Models.
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