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S1 Appendix: Standardization of time series from spatially resolved datasets.

Datasets collected through the Rockfish Recruitment and Ecosystem Assessment Survey
(RREAS; pelagic juvenile fish and invertebrates survey) and the California Cooperative Oceanic
Fisheries Investigations (CalCOFI, ichthyoplankton survey) include spatial attributes and were
standardized using Generalized Additive Models (GAM) to create a univariate time series for

each species included in our analysis.

RREAS Survey

Because many species in the RREAS survey were absent from a large number of
observed trawls, we modeled species occurrence and abundance separately, using a delta GAM
approach with two sub-models (Hastie 1990, Guissan 2002). In the first sub-model, species
occurrence (presence-absence) was modelled using a binomial GAM with a logit link. In the
second model (‘positive model’), species abundance (count) conditional on the catch of at least
one individual was modelled using a Poisson GAM with a log link. The formulations of the two

sub-models were analogous and as follows:
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where P, the probability of species occurrence, or C, an estimate of species abundance when the
species is present, is a function of year (yr, as factor), latitude (¢) and longitude (1), and Julian
day (jday). A two-dimensional smoothing function is denoted by s and ¢ indicates an error term.
Using the fitted GAMs for each species, we generated predictions of overall abundance
of individual species. First, we created spatial occurrence and abundance distribution profiles by
creating a grid of all combinations of model explanatory variables: geographic coordinates
(latitude and longitude), Julian day, and year. We restricted the range of geographic coordinates
to 20 values within the upper 0.8 and lower 0.2 quantiles of the data set, and bounded the range
of Julian days to the upper 0.9 and lower 0.1 quantiles. This was done to avoid edge effects that
can result in unrealistic predictions. All unique sampling years were included in the grid. Next,
the probability of occurrence and estimates of abundance were predicted for each combination of
the explanatory variables, and then the predictions from the two sub-models were multiplied to
determine the overall abundance of individual species. Lastly, we calculated the mean
standardized abundance of each species in each year from the prediction grid to generate the

univariate time series of species abundance used in our study analyses.

CalCOFI survey

The CalCOFI time series of ichthyoplankton densities were standardized using a Tweedie GAM
(power parameter fixed at 1.25) (Tweedie 1984, Dunn ad Smyth 2002). The model formulation
was as follows:
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where species density (D) is a function of year (yr), season (spring, summer), and latitude (¢)
and longitude (1). The two-dimensional smoothing function and error term are indicated by s
and &, respectively.

Similar to above, we used the fitted GAMs for each species to generate predictions of
species densities. We first created a spatial abundance distribution profile by creating a grid of
different combinations of the model covariates. Here we restricted the range of geographic
coordinates (latitude and longitude) to those from sampling stations that were sampled > 20
years. We included all sampling years in the grid and limited the season to spring only. Species
densities were then predicted for each combination of the model covariates, and the univariate
time series of species abundance was generated by calculating the mean standardized density of
each species in each year from the prediction grid.

The delta GAMs and Tweedie GAMs were run using the ‘mgcv’ package (v1.8-34;

Wood 2011, 2017) in R.
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