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There remains a lack of holistic approaches for analyzing how different density-independent and density-dependent (endogenous) mechanisms interact to drive the dynamics of the small pelagic fish populations of the southern Humboldt Current ecosystem. In this study, we analyzed the drivers of the small pelagic fishes (SPF) off the coast of Chile from the late 1980s until the early 2010s. We postulated that climate, fishing, and endogenous effects drove the biomass dynamics of these populations. Per capita growth rates (R models) were used to investigate how these factors regulated the dynamics of three anchovy populations and one population of common sardine (CS) off the Chilean coast. We found that the dynamics of the anchovy populations located off northern Chile were driven by endogenous components and by the effects of the climate, fishing, and the climate–fishing interaction. We proposed that during the study period, the climate conditions favored the population growth of the anchovies in the north; however, fishing had a negative effect on anchovy biomass, which was facilitated by the climate. The dynamics of the SPF off central-southern Chile showed weaker endogenous effects. Indeed, the anchovy population displayed the lowest density-dependent effect, and fishing played the most significant role. The endogenous effect on the CS was slightly higher in comparison to that on the anchovy; however, climate [sea surface temperature (SST)] seemed to be the main driver of the flourishment in the CS biomass following 2006, which supported the previous hypothesis regarding the effect of climate on the species. We discussed that the R models approach could be used to provide a holistic understanding of the drivers of the biomass dynamics of these populations. The approach provided a framework for integrating climate variability in the population dynamics of these species and moving toward an ecosystem approach to fisheries management. Further steps involve exploring the effects of competition and predation on the population dynamics of these species.
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INTRODUCTION

Populations of small pelagic fishes (SPF) provide ∼25% of the total annual yield of fish capture worldwide and those of many coastal communities, particularly in developing countries (Alheit and Peck, 2019; Food and Agriculture Organisation [FAO], 2019). These populations experience extreme fluctuations in abundance and have a wide geographic distribution (Alheit et al., 2019).

The mechanisms causing fluctuations in SPF have received considerable attention worldwide (Alheit et al., 2009; MacCall, 2009; Alheit and Bakun, 2010). The general view is that the variations in population abundances are primarily steered by bottom–up controls, such as ocean temperature, upwelling, and plankton composition (Chavez et al., 2003; Alheit and Niquen, 2004; Ayón et al., 2008); top–down processes, such as intraguild predation and natural predators (Irigoien and de Roos, 2011; Checkley et al., 2017); and the intrinsic traits of the species (Checkley et al., 2017).

Small pelagic fishes support large-scale fisheries worldwide, and thus, the anthropogenic effect of fishing is also considered an important driver (Beverton, 1990; Essington et al., 2015). High exploitation rates have been associated with the decline in biomass production, accelerating the population collapses in SPF (Essington et al., 2015). Hence, maintaining high fishing rates at unfavorable climate phases may amplify the collapse of populations of SPF. In other words, fishing and climate act together in a synergistic manner. In addition, fishing exploitation is a highly selective process that produces the loss of older age classes (known as age truncation), which accelerates the collapse by decreasing the capacity of the population to adjust to climate variability (Anderson et al., 2008). In SPF, the effect is difficult to detect (Hay et al., 2019); however, a few examples exist. Cubillos et al. (2014) compared empirical observations and results from a simulation analysis and found that in Strangomera bentincki, mortality from fishing removes fast-growing fish or fish that recruit at younger ages. Therefore, the age structure is truncated, and as a consequence, slow-growing fish or late-recruiting fish are selected. In this way, fishing induces changes in the reproductive cycle, increasing the sensitivity of the population to climate variability, by either matching or mismatching the reproductive cycle with the favorable/unfavorable climate conditions for recruitment.

Density-dependent and density-independent factors are critical for the dynamics of wild populations (Lima et al., 2002; Stenseth et al., 2002; Belgrano et al., 2004), and a particular set of density-dependent factors is necessary to ensure the robust regulation of a population (Royama, 1992; Turchin and Taylor, 1992). Density-dependent processes also drive fish populations (Rose et al., 2001). This negative feedback control arises from the interaction between individuals competing for one or more resources, affecting population size through processes such as growth, survival, reproduction, movements (Rose et al., 2001; Berryman and Kindlmann, 2008), and cannibalism (Irigoien and de Roos, 2011). Hence, determining density dependence is an essential step in understanding population regulations and their responses to climate variability and exogenous perturbations (Royama, 1992). For instance, Lindegren et al. (2013) predicted that density-dependence regulation (competition) would be an essential factor during favorable sea surface temperature (SST) conditions with high levels of sardine spawning biomass. Similarly, Cahuin et al. (2009) found that density dependence was a component of the Peruvian anchovy dynamics during regimes that were unfavorable for anchovy (i.e., warm SST, weak upwelling, low zooplankton).

Two small pelagic fish species inhabit the southern Coast of Chile and Peru; anchovies (Engraulis ringens) and common sardine (CS; S. bentincki) are important species in regard of their ecological interactions and economic value. Both species accounted for 38.8% of all fish that landed in Chile in 2017 (SERNAPESCA, 2017). They are the dominant species in terms of biomass in the pelagic communities of the southern Humboldt Current ecosystem and vital species in the transfer of energy from plankton to higher trophic levels (Neira, 2008). In addition, these species aggregate into a small number of populations (Cubillos et al., 2007; Garcés et al., 2019). Several factors have been reported to influence the dynamics of SPF in the Humboldt Current system, such as ocean temperature, zooplankton, oxygen, plankton size structure, cannibalism, and fishing (Alheit, 1987; Chavez et al., 2003; Ayón et al., 2008; Bertrand et al., 2011; Essington et al., 2015; Canales et al., 2016). However, there is no holistic perspective on how different density-dependent and density-independent mechanisms interact to drive these populations. Understanding the underlying mechanisms controlling the biomass dynamics of anchovies and sardines involves disentangling the effects of interacting density-dependent/density-independent factors (Lindegren et al., 2013). Understanding such mechanisms is particularly useful in the context of an ecosystem approach to fisheries management (Link and Browman, 2014) and thus the sustainable exploitation of SPF in the southern Humboldt Current Ecosystem.

We examined key drivers of the biomass dynamics of a CS population and three anchovy populations off the Chilean coast from the late 1980s until the early 2010s. We hypothesized that the biomass dynamics of these populations over these decades were the result of the combined effects of density-dependent and density-independent factors, such as climate variability and fishing. We used a functional relationship between the realized per-capita rate of biomass change and the population biomass, which can be considered a general property of a dynamical system (Turchin, 2003), and we analyzed the effects of climate, fishing, and endogenous drivers in modulating the biomass dynamics of these species.



MATERIALS AND METHODS


Time Series


Small Pelagic Fish Data

The first anchovy population examined is distributed between southern Peru and northern Chile (APCH) between 16 and 24°S (Figure 1). The exploitation of this population expanded in the mid-1950s, with an average annual catch of approximately 1 million tons (Canales, 2014). The second anchovy population studied was located off central-northern Chile (ACN) between 25 and 32°S (Figure 1), with annual catches of ∼30 thousand tons (Leal and Canales, 2014). The third anchovy population located between 33 and 41°S shared its habitat with the CS (Figure 1). Both species support a pelagic fishery in the area of 33–41°S with average annual catches of 700 thousand tons since 1990 (Zuñiga and Canales, 2014).
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FIGURE 1. Distribution of the small pelagic fish populations along the Chilean coast and the southern Peruvian coast. The first anchovy population (APCH) is shared between southern Peru and northern Chile (16–24° LS). The second anchovy population (ACN) is distributed along central-northern Chile (25–32° LS). The third anchovy population (ACS) and the common sardine (CS) population inhabit the area from 33 to 41° LS, which is known as central-southern Chile.


The biomass of these species was estimated with the catch at age-/length-integrated stock assessment models that are updated yearly by the Instituto de Fomento Pesquero (IFOP1). Data derived from acoustic biomass surveys were available only for a few years for these populations (Supplementary Table S1). Therefore, these data are short time series (e.g., ACN had only six observations) for the type of analysis, and the estimation procedure applies here (see section “Statistical Analysis”). In addition, the discontinuity within the time series and the lack of a consistent sampling window for all years are typical restrictions of the survey data (Supplementary Table S1). We used biomass estimates from the stock assessments, which may be less precise than independent biomass surveys but represent a long time series that allows the representation of a more general pattern in the population dynamics of anchovy populations and the CS. We describe the main characteristics and assumptions of the stock assessment models of the anchovy populations and CS off the Chilean coast, and their data sources in the Supplementary Material.



Environmental Data

We used the Southern Oscillation Index (SOI) as covariable to explore the climate effect on the population growth rates. The index registers SST fluctuations in the tropical Pacific related to the occurrence of El Niño. Monthly standardized annual SOI values were obtained at https://www.ncdc.noaa.gov/teleconnections/enso/indicators/soi/. Positive values of SOI indicate the presence of cold conditions, such as La Niña-type conditions to normal conditions, and the negative values are indicative of warm conditions, such as El Niño. In addition to the SOI, the SST (°C) was used to analyze the impact of the climate on the SPF populations. SST data were obtained for the habitat of each population using the Advanced Very High Resolution Radiometer (AVHRR) Pathfinder dataset2 at a spatial resolution of 4 km from 1990 until the first half of 2007. From the second half of 2007 until December 2014, the SST (daytime and nighttime) data were obtained from Moderate Resolution Imaging Spectroradiometer (MODIS) at https://doi.org/10.5067/MODSA-MO4N4. To make the SST data comparable, we corrected the SST from the AVHRR using a linear correlation between SST-MODIS and SST-AVRR that was obtained for the period 2003–2009, during which the SSTs from both sources overlapped. Linear correlations of the SSTs from AVHRR and MODIS for the three habitats yielded R2 = 0.99.

Annual or semester averaged values of both climate variables (SOI and SST) were used to study the influence of the climate on the biomass dynamics of each population. The SST anomaly was used and calculated by subtracting the mean of the SST by the observed value for each period of the study. The environmental variables SOI and SST were correlated for each population [APCH-S1: r = −0.38; APCH-S2: r = −0.49; ACN: r = −0.47; anchovy population of central-southern Chile (ACS): r = −0.51; CS: r = −0.64]; therefore, we avoided including both climate variables in a single model. Early explorations of both climate indexes on the R model of the anchovies and CS led to SOI for the anchovy populations and the SST for CS. The SOI explained more of the variance of the Rt data than the SST did for anchovy populations, and the SST performed better for the CS. Previous authors (Cubillos and Arcos, 2002; Gomez et al., 2012) also identified significant correlations between the SST and CS (recruitment), supporting our chosen climate variable.



Fishing Data

The number of fishing trips was used as the unit of effort for measuring the fishing effect on the biomass dynamics of the fish. Fishing trips were selected because there was robust measurement of the fishing effort (Aranis et al., 2017) when more detailed effort information, such as duration of the fishing trip, is fragmentary, such as in the Chileans anchovy and CS fisheries. In all populations, the chosen fishing variables were the number of fishing trips (E), catches (C), the ratio between the annual catch and the biomass (exploitation rate), and the ratio between the annual effort and the biomass. In addition, for the ACS and CS populations, we tested the total number of fishing trips (EA + S) and the total catches (CA + S) of anchovies and sardine together.



Density-Dependent Effect Diagnosis

We assume that the population dynamics of SPF are the result of the combined effects of ecological interactions within species (endogenous effect), climate influences, fishing, and stochastic forces. To understand the influences of these factors on biomass fluctuations, density-dependent and density-independent effects can be modeled using R functions (Lima et al., 2008; Lima and Naya, 2011). These functions represent the realized per capita population growth rates (Rt) that reflect the processes of individual survival and reproduction (Berryman, 1999). The population growth rate at time t is defined as Rt = ln⁡(Bt)−ln(Bt−1) and can be expressed as:
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where B is the total biomass, Bt–i is the biomass in year t, and i represents the time lags (with i = 1,2,3) (Berryman, 1999).

The first step in the development of the statistical model was to estimate the order of the dynamical process (Royama, 1977) by analyzing how many lags (Bt–i) should be included in the R model to represent the density dependence or the endogenous effects. We used the partial rate correlation function (PRCF) between Rt and ln(Bt−i) = Xt−i to explore the relative strength of the different parts of the feedback structure regulating the population dynamics (Berryman, 2001; Lima and Naya, 2011). PRCF is a useful diagnostic tool for making inferences about the structure of the density-dependence feedback processes that govern the population trajectory, but it is not a modeling tool (Berryman and Turchin, 2001).

Equation 1 was rewritten in natural logarithmic form to calculate the partial correlations as follows:

[image: image]

where Rt is calculated from the data, and Xt–i is the lagged population biomass.



Theoretical Models

To understand the fluctuations of the SPF biomasses, we assumed that Rt was influenced by density-dependent and density-independent effects, such as climate and fishing. The general model consisted of a simple exponential logistic equation (Royama, 1992) as follows:

[image: image]

where Bt represents the population biomass of a Chilean SPF at time t, Rm is a positive constant representing the maximum per capita growth rate of each population, b is the constant of the endogenous effect (Bt−i), c is the constant of the climate variability effect (Ct−i), and d is the constant of the fishing effect (Ft–i). Taking the natural logarithmic form of Eq. 3 leads to the following general model:

[image: image]

where all terms were as defined before.

Climate perturbations in the model were added as an additive effect on the Rt and followed the framework in Royama (1992). Two types of climate effects were studied: vertical and lateral. The vertical effect was additive and influenced Rm. This can be expressed as [image: image], where c is a simple linear function (positive or negative) of the climate variable Ct – i. The lateral climate perturbations shift the R function along the x-axis and can be represented as [image: image], where c was previously defined, and b′ represents the constant of the lateral climate effect (Andreo et al., 2009). We also considered the potential effects that arose from the interaction between climate and fishing, which are indicated in this study as the climate–fishing interaction effects. This was represented as [image: image], where d′ represents the constant of the interaction effect.



Statistical Analysis


Parameter Estimation

The estimation of the parameters in Eq. 4 is routinely performed with non-linear regression techniques (Lima and Estay, 2013). Such an approach assumes that the error is only in the observations but that the dynamics are known without error. Here, an alternative approach is suggested in which error can be assumed in both the dynamics (process error) and the observations. By introducing process error, we try to account for some aspects of the stock assessment data used in this study, such as the correlation between estimates (Brooks and Deroba, 2015).

When estimating the parameters of a time series as in Eq. 4, a popular method for incorporating processing and observation errors is known as the Kalman filter (Kalman, 1962). We used the Kalman filter algorithm to calculate the expected means and covariances of the observed values for the complete time series in the presence of observation and process errors (Bolker, 2008).

Following Kalman (1962), we considered an unobserved variable xt that could be estimated through the observed trajectory from yt. Therefore, there is a relationship between xt and yt with the following linear structure:
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where W is the state matrix with t = 1,…,N; G is the observed matrix; H is a linear operator; and εt is the noise that is assumed to have a Gaussian distribution, with a mean of zero and a constant variance σ2. Equation 5 is called the state equation, and Eq. 6 is the observed equation that is used to model the observed variable Rt. Therefore, the observed matrix G is [1bcde], and xt includes the covariables as [RmBt−1Ct−iFt]. It is clear that, depending on the models that are used, the dimensions of G and xt could be reduced. For the state equation, Eq. 5, the absence of independence between the observations xt and the high correlation between the covariables in matrix H are assumed. Indeed, it is assumed that xt is an autoregressive model, AR(p) and that coefficients of H are non-zero (Hyndman and Khandakar, 2008).

Model selection was conducted using the Akaike information criterion for small sample sizes (AICc), and the differences in the AICc among models were assessed (ΔAICc). We also examined Akaike weights (wi) and R-squared values (R2; pseudo-R2) as a measure of the variance explained by the model (Burnham and Anderson, 2004).

Time series cross-validation is used to measure the prediction performance of the selected models. Cross-validation consists of selecting a subsample with a size k (k < N) of ∼25% of the total sample size N, fitting the proposed model on this subsample and forecasting Rt, 1-year prediction ahead.

Biomass predictions and observations were compared using the root-mean-square error (RMSE) prediction. The smallest values represent the best prediction of biomass (Sheiner and Beal, 1981). The prediction uncertainty is computed with the 95% confidence interval of a standardized normal quantile. All models were implemented in R (R Core Team, 2017), and the “Forecast” package in R was used to apply the Kalman filter algorithm (Hyndman and Khandakar, 2008).



RESULTS


Biological Time Series and Diagnostics

The biomass time series of the APCH for both semesters (APCH-S1 and APCH-S2) spanned the period from 1986 to 2010 and showed almost identical dynamics (Figures 2A,B). Both presented a large second-order like oscillation of the biomass from 1986 to 1997 and more stable dynamics after 1998. The biomass time series of the ACN (Figure 2C) ranged from 1985 to 2013 with a maximum in 1994, which was followed by a sharp decline and a slow recovery after 2000. The time series of the ACS and CS spanned the period from 1990 to 2014 (Figures 2D,E). The former was characterized by two large second-order oscillations; on the other hand, the CS showed a different type of variability with irregular high-frequency oscillation and a “U” shaped long-term trend.
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FIGURE 2. Biomass (tonnes) time series of the Chilean small pelagic fish populations. Anchovy population of southern Peru and northern Chile (APCH) from 1986 to 2010. (A) APCH-S1, biomass semester January–June and (B) APCH-S2, anchovy biomass semester July to December. (C) Anchovy population off central-northern Chile (ACN) from 1985 to 2013. (D) The anchovy population (ACS) and (E) common sardine (CS) population off central-southern Chile includes estimates from 1990 to 2014.


The diagnosis of the PRCF for all anchovy populations exhibited significant first-order processes (density-dependence effects). APCH-S1, APCH-S2, and ACN (Figures 3A–C) showed significant correlations between the Rt and biomass with a 1-year lag. The second-order processes in the APCH population in both semesters were identified in the limit of their significance. In the case of APCH-S2 (Figure 3B), a fifth-order process was detected but not included in the statistical model because the number of observations was short to estimate its correlation. The ACN population also displayed a second-order effect; however, a sensitivity analysis (not shown) indicated that the presence of this effect was conditional on the high maximum biomass estimated in the period from 1993 to 1995. The ACS showed a correlation with a second-year lag (Figure 3D) and the first-order effect within the limits of its significance compared to the APCH and ACN populations. Contrary to the anchovies, the CS only showed a first-order process (Figure 3E).


[image: image]

FIGURE 3. Partial rate correlation function (PRCF) of the per capita population growth rate (Rt, y-axis) and the biomass at different time lags (x-axis). The analysis diagnoses the relative contribution of the population feedback at a lag of i (i = 0,1,2,3,4,5) (endogenous effect) for the determination of Rt. (A) Anchovy population of southern Peru and northern Chile (APCH-S1). (B) Anchovy population of southern Peru and northern Chile (APCH-S2). (C) Anchovy population of central-northern Chile (ACN). (D) Anchovy population of central-southern Chile (ACS), and (E) the common sardine (CS) population of central-southern Chile (the dashed line indicates significance at p < 0.05).



Population Dynamics Modeling


Anchovy Peru–Chile


APCH-S1

The first-order process of the APCH-S1 as occurred with the biomass with a 1-year lag (Bt – 1), which explained 0.50 of the variance (Table 1, S1.m1). The SOI vertical climate effect with no lags displayed the lowest AICc (Table 1, S1.m2). The effect of fishing in models S1.m8 to S1.m10 (Table 1) showed that Et was the predictor that best improved the fit (Table 1, S1.m8).


TABLE 1. Population models for the Chilean anchovy stocks (Engraulis ringens).

[image: Table 1]The combined effect of the previous factors on Rt showed an improvement in the fit (Table 1, S1.m11 and S1.m12). Model S1.m12, which considered the additive effect of climate and fishing rather than the climate–fishing interaction, showed a lower AICc value.

The predictability of the biomass of APCH-S1 was assessed with models S1.m2, S1.m8, S1.m11, and S1.m12. Model S1.m12 showed the best prediction of the APCH-S1 biomass (lowest RMSE value). Figure 4A indicates that the selected model was able to predict the trend starting with that for 1993, the maximum biomass for 1994, and the declining trend after 2005. The endogenous effects primarily drove the APCH-S1 biomass, which was secondarily driven by the climate and fishing. These last two factors had negative effects on the APCH-S1 growth rate.
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FIGURE 4. Simulations of the anchovy and common sardine biomasses with the selected models in Table 1. (A) APCH-S1 population (Table 1, S1.m12). (B) APCH-S2 population (Table 1, S2.m10). (C) ACN population (Table 2, m13). (D) Anchovy population of central southern Chile (Table 2, m11), and (E) common sardine population of central-southern Chile (Table 3, m12) (points correspond to the observations, the blue line to the prediction, and gray area to the confidence interval of the predictions).




APCH-S2

The first-order process explained 0.49 of the Rt variance (Table 1, S2.m1). As in the case of APCH-S1, the vertical climate effect (SOI) and fishing (Et) with no lags showed the best fit with the R models, although in the APCH-S2 models, the climate effect performed better than fishing alone (Table 1). The combined influences of endogenous, vertical climate, and fishing factors (S2.m10 and S2.m11) showed an improvement in the fit of models with independent effects (S2.m1 to S2.m9). Cross-validation analyses were conducted with models S2.m2, S2.m8, S2.m10, and S2.m11. The lowest RMSE value was obtained with model S2.m10; thus, this model best predicted the APCH-S2 biomass (Figure 4B).



Anchovy central-northern Chile

The endogenous process in the ACN population explained a slightly higher variance compared to the APCH, with an R2 = 0.54 (Table 2, m1). The climate effect was examined, and the best parsimonious model was obtained with a vertical effect and no lags (Table 2, m2). The fishing effect slightly improved the fit in comparison with model m1, whereas models m9 and m11 showed the lowest AICc values.

Combining the density-dependent effect with climate and fishing (Table 2, m12 to m17) showed that the model with the climate–fishing interaction performed better. The best fit was obtained when the climate–fishing interaction was considered (Table 2, m12 and m13). Cross-validation analysis was conducted with models m12 and m13; however, the last model better predicted the biomass (smallest RMSE). The forecast of the ACN biomass by m13 (Figure 4C) predicted the observed decline in biomass in 1994 and the recovery and stability following 2005 as a function of an endogenous process and the climate–fishing interaction.


TABLE 2. Population dynamics models for the anchovy stocks (Engraulis ringens).

[image: Table 2]


Anchovy central-southern Chile

The first-order process explained a low variance of 0.15 (Table 2, m1), which had a weak influence on the ACS dynamics compared to the northern anchovies. The climate effect, either vertical or lateral, performed better (lowest AICc) than the endogenous effect alone (Table 2, m3–m8). Adding the fishing effect to the R model showed the best results when the anchovy exploitation rate was added (Table 2, m11). Indeed, the anchovy exploitation rate increased the R2 to 0.68 in the presence of the endogenous effect, thereby improving the fit.

The combination of the previous factors (endogenous process, climate, and fishing) in models m13–m20 (Table 2) did not improve the fit with model m11. Therefore, cross-validation analysis was performed only considering m11. Figure 4D shows that m11 closely predicted the fluctuation in the ACS biomass in the period from 1999 to 2013 as a function of the endogenous effect and fishing.



Common sardine central-southern chile (CS)

The endogenous effect in the CS population showed a low influence in Rt, as in the ACS (Table 3, m1). The vertical climate effects, SSTt –1, displayed the lowest AICc values, although no significant differences were found with the SSTt –2 effect. The additive effects of the fishing or the climate–fishing interaction (m8 and m9) did not lead to a better fit. Hence, the effect of fishing was dismissed. One- and 2-year SST lag effects produced a significant improvement in model fit (Table 3, m10–m12).


TABLE 3. Population dynamics models for the common sardine (Strangomera bentincki) off central-southern Chile (33–41° LS).

[image: Table 3]
Cross-validation analysis was conducted with models m10, m11, and m12. Small differences in the RMSE values of m11 and m12 were recorded. On the other hand, m10 showed the lowest RMSE values. Although model m12 did not record the lowest RMSE value, it was selected because it had the better fit and explained more of the variance. Figure 4E shows the predictions of the CS biomass from model m12. The biomass dynamics seemed to be mainly driven by the climate conditions signaled in the SST and, to a lesser extent, by a density-dependent effect. The model was able to predict the low biomass period observed from 2000 to 2006 and the sharp increase in biomass following 2006.



DISCUSSION

Density-dependent and density-independent (climate and fishing) effects were the drivers of the biomass dynamics of the anchovy and CS populations off the Chilean coast from the late 1980s to the early 2010s. The relative importance of these effects varied across the studied populations. The density-dependent, climate, and fishing effects were significant in the anchovy populations. Whereas climate was the main driver of the CS biomass, fishing had a non-significant effect in modulating its dynamics.

We also found differences in the anchovy populations, where northern anchovies showed the most important endogenous effect (higher explained variance) in comparison with the southern population. Pedraza and Cubillos (2008) proposed a similar modeling framework to assess density-dependent forcing on the anchovy and CS populations of central-southern Chile. Their results pointed to an endogenous effect in the anchovy of central-southern Chile with an explained variance of 23%, which was close to the value found in this study (15%) for the same anchovy population (ACS). However, the process effect of the same order shown by Pedraza and Cubillos (2008) was far lower than the importance of the endogenous components in the northern anchovy populations. Regarding the CS population, the density-dependent effect detected in Pedraza and Cubillos (2008) explained a variance of 42% of the changes in biomass compared to those found in this study, where the endogenous component only explained 27%. The differences between the studies could be related to the trends and the length of the time series used. The results in Pedraza and Cubillos (2008) used information from 1991 to 2002, which coincided with a low abundance period in CS. Our results extended the period used in Pedraza and Cubillos (2008) and included a relatively high abundance phase of CS after 2006; thus, comparison of our results and those in Pedraza and Cubillos (2008) should be conducted cautiously. Indeed, the sensitivity to climate changes of anchovy and probably other SPF seems to be dependent on the population size (Cahuin et al., 2009). These authors found that the density-dependent effects in anchovy could be more important when unfavorable habitat conditions prevailed in the system. We believe that the lower influence of the density-dependent effects on the CS found in this work may be associated with the increase in the population after 2006 due to the prevailing favorable SSTs in the habitat of the species. Therefore, the climate conditions did not favor high competition for food.

The studied populations showed a density-independent climate effect with the SOI and SST. In anchovy populations, the influence was through the climate–fishing interaction (APCH-S2 and ACN) or through direct effects on the population growth rate (APCH-S1). In the first scenario, the climate–fishing interaction indicated that, in addition to the negative effect of fishing on the population growth rate (high fishing effort after 2000, Figure 5C), climate mediated the negative influence of fishing on the anchovy biomass. Likewise, the SOI indicated the trend of the prevailing climate conditions toward a cool environment (Figure 5A), favoring the growth of the anchovy population. A lasting period of cold temperature anomalies due to the retreat of the warm subtropical oceanic waters off the coasts of Peru and Chile creates conditions for active upwelling (Cahuin et al., 2009; Swartzman et al., 2009; Bertrand et al., 2011). Such climate conditions also increase the vulnerability of anchovy to fishing by creating pools of cold water where anchovies gather to feed or spawn, thereby increasing the probability of being found by fishing boats (Alheit and Niquen, 2004; Bertrand et al., 2004, 2008; Alheit et al., 2009). Therefore, anchovy population growth is favored under cold conditions, but this also increases their vulnerability to fishing.
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FIGURE 5. Climate and fishing predictors of the anchovy and common sardine biomass dynamics off Chile. (A) Southern Oscillation Index (SOI) climate predictors for the anchovy population of southern Peru and northern Chile (APCH), (B) SOI for the anchovy population of central-northern Chile (ACN) and anomaly sea surface temperature (SST, °C) for the common sardine, (C) fishing effort as the number of fishing trips (ft) (y-axis has been/1000) for APCH. (D) Exploitation rates for the ACN and ACS populations.


The anchovy population (APCH-S1) did not show a climate–fishing interaction but rather a negative effect of climate (SOI) on the population growth rate, signaling that prevailing warm conditions seemed to have a positive effect on the growth rate of APCH-S1. Previous knowledge of the anchovy and climate conditions favoring the population growth of the species in northern Chile indicated that cool conditions (i.e., cold SSTs, intense upwelling) favored the recruitment of anchovy in the area (Cahuin et al., 2009) leading to a high level of biomass. We think that our results may be seen as a consequence of north–south migration during warm events rather than recruitment success. Salvatteci et al. (2018) found that anchovies persisted off Mejillones (northern Chile) for several decades from 1880 to 1905, when upwelling was dramatically reduced in the northern part of the Humboldt system due to warm conditions. Moreover, observations in this area during strong El Niño events showed that anchovies tended to move toward the coast and southward (Alheit and Niquen, 2004). Thus, warm events in northern Chile, such as those observed in the system before 2000, may trigger anchovy migration from areas beyond northern Chile, which may be seen through increases in the biomass in northern Chile.

The negative vertical climate effect on the population growth rate of the CS implied that a decrease in the local SSTs could have a positive effect on its population growth rate. Figure 5B shows that SSTs in the CS habitat from the early 1990s to early 2010 tended to have negative anomalies, particularly after 2005. The climate conditions occurred almost simultaneously with the significant increase of the CS biomass after 2006. The relationship between the CS and climate variables such as the SST and recruitment has been previously studied. For instance, Cubillos and Arcos (2002) found that the recruitment of the CS had a negative correlation with SST anomalies during the prerecruitment period and the upwelling index in the peak of spawning, signaling that negative anomalies might favor CS recruitment. Recently, Gomez et al. (2012) found that recruitment and the CS recruitment rate had a negative correlation with the SSTs in the El Niño 34 region, indicating that cold habitat conditions favor CS recruitment. Moreover, the authors proposed that chlorophyll (which is significantly correlated with SST) is a good proxy for the abundance of food for the CS population and that changes in this quantity can substantially affect the survival of CS prerecruits, which determine the strength of a population in late spring. Hence, we believe that the climate conditions after 2006 were predominantly cold years off central-southern Chile (Corredor-Acosta et al., 2015), favoring chlorophyll-a production in the austral spring–summer (Aguirre et al., 2018) and, therefore, the recruitment success and the population growth rate of CS.

Effect of fishing was found on all anchovy populations, although the effects were mostly relevant only in the ACS population due to the high exploitation rates after the year 2000 (Figure 5D). Two clear oscillations were present in the ACS population, where the second-order effect was more significant than the first-order effect. Thus, at an early stage, we hypothesized that fishing (or an alternative specialist predator) may have played a more significant role in the dynamics of the ACS population, causing the typical oscillations observed in a predator–prey relationship (Berryman and Turchin, 1997). Although no explicit effect of fishing on this anchovy population has been detected before, Pedraza and Cubillos (2008) discussed the presence of a second-order effect in the anchovy population off central-southern Chile, proposing the hypothesis of the effect of a specialist predator on the ACS. Currently, the ACS is a collapsed fishery off central-southern Chile that is characterized by low levels of recruitment and low spawning biomass (Zuñiga, 2017).

Here, we used biomass estimates derived from the Chilean stock assessment of SPF as the input to infer population dynamics in our proposed models. Ideally, a more independent source for biomass observations (e.g., from fishery-independent surveys) should be used because the original population models (Berryman and Turchin, 2001; Lima and Naya, 2011) should be fed with empirical observations rather than estimates from models. However, fishery-independent biomass observations are fragmented for the anchovy and CS fisheries in Chile because they span a short time window, show discontinuity, and do not always have a consistent sampling window (Supplementary Table S1). Therefore, these features preclude their incorporation into the population models proposed in this study for these species.

In addition, the biomass estimates from the stock assessment may overlook potential biases, correlation among estimates, and the structural assumptions of the original assessment model (Brooks and Deroba, 2015). We believe that we accounted for these aspects using Kalmar filter analysis (Hosack et al., 2013) rather than a non-linear regression (Lima and Naya, 2011 and similar). The Kalmar filter assumes both observation and process error, and thus, the estimates of biomass from the stock assessment were tractable as input in the proposed population model. In addition, the Kalmar filter accounts for potential correlation among estimates, which is a desirable property when working with possibly correlated data, such as the outputs from a stock assessment, or structural assumptions (e.g., the existence of fishing mortality). Because the Kalman filter accounts for both process and observation error, the overall uncertainty in the biomass estimates is higher compared to the estimates from the stock assessments (Figure 4 and Supplementary Figure S1). Moreover, all unmeasured effects (exogenous effects) were included within the error (Eq. 6) as part of the uncertainty of the biomass. Therefore, the proposed statistical treatment of our data supported the hypothesis that fishing, climate, and density-dependent factors may influence the population dynamics of the anchovy and CS populations in Chile.

We used a simple logistic model with linear assumptions about the relationship between the per capita growth rate and their predictors (density dependence, climate, and fishing). The variability explained by the density-dependent and density-independent factors in the selected models fluctuated from 62 to 68%, depending on the population. The predictability of these models may improve with further explorations that focus on covariables, such as predators and competitor biomass, and that consider the trophic role of the species or even additional climate predictors. In addition, the assumption of linearity between the per capita growth rate and the predictors could be relaxed. In this context, Pedraza and Cubillos (2008) used generalized additive models (GAMs) to explore the endogenous effect on the CS and anchovy population dynamics, which explained the higher level of variance. In this study, to simplify the analysis, we used a simple linear assumption considering the numbers of predictors and populations.

The current management of the SPF in Chile is based on a single-species model approach that does not explicitly include climate variability. The failure to include climate variability may cause fisheries to be considered either underexploited during favorable regimes or overexploited during unfavorable climate conditions. On the other hand, not including density-dependent effects when modeling is equivalent to assuming an infinite compensatory effect (Hilborn and Walters, 1992) in which recruitment is unaffected by decreases of biomass, which increases the risk of overfishing (Rose et al., 2001). Our approach does not offer a straightforward solution for including climate and density-dependence effects in the management of these populations but rather identified critical drivers of the anchovy and CS populations in the southern Humboldt Current ecosystem. The approach used here and the identification of the underlying drivers of SPF biomass can be seen as a step forward in the ecosystem approach to fisheries management.
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The APCH anchovy population is shared between southern Peru and northern Chile (16°-24°S). APCH-S1: first semester biomass (January-June) and APCH-S2: second
semester biomass July-December. Note. The model notation is Ry = per capita population growth rate, By _; = population biomass with a 1-year lag; SOI, Southern
Oscillation Index; C, catches; E, fishing effort. The parameter values of each model are given in the equations. m indicates model number, n = number of observations.
Population dynamics models for each small pelagic fish species were compared using loglLike = log-likelihood, the Akaike information criteria for small-sample size
AIC., AAIC. = model AIC, = lower AIC., Akaike weights, w;, the determination coefficient R2, and RMSE = root-mean-squared prediction. The gray color indicates

the selected model.
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