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Since 2010, the northern Gulf of Mexico (NGoM) has experienced two unique environmental stressors. First, the 2010 Deepwater Horizon oil spill (DWH) impacted a broad range of taxa and habitats and resulted in declines of small demersal reef fish over the study area (88.5–85.5°W and 29–30.5°N). Then, from 2011 to 2014 the invasive Indo-Pacific lionfish (Pterois volitans) underwent exponential population growth, leading to some of the highest densities in their invaded range. The primary objective of this study was to evaluate the effect of these stressors on reef ecosystems, and specifically how invasive lionfish and fishing may have impacted recovery following DWH. Site-specific datasets on fish density and diet composition were synthesized into an Ecopath with Ecosim food web model of a NGoM reef ecosystem. The model consisted of 63 biomass groups and was calibrated to time series of abundance from 2009 to 2016. The model accounted for mortality from the DWH using forcing functions derived from logistic dose-response curves and oil concentrations. Eight stressor scenarios were simulated, representing all combinations of DWH, lionfish, and fishing. Simulated biomass differed across model groups due to singular and cumulative impacts of stressors and direct and indirect effects arising through food web interactions. Species with high exploitation rates were influenced by fishing more than lionfish following DWH. Several small demersal fish groups were predicted to be strongly influenced by either the cumulative effects of lionfish and DWH or by lionfish alone. A second group of small demersal fish benefited in the stressor scenarios due to reduced top-down predation and competition in the combined stressor scenarios. We conclude that lionfish had a major impact on this ecosystem, based on both empirical data and simulation results. This caused slower recoveries following DWH and lower fish biomass and diversity. Additionally, the lack of recovery for some groups in the absence of lionfish suggests system reorganization may be preventing return to a pre-DWH state. We intended for this work to improve our understanding of how temperate reef ecosystems, like those in the NGoM, respond to broad scale stressors and advance the state of applied ecosystem modeling for resource damage assessment and restoration planning.
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INTRODUCTION

The world’s marine and freshwater ecosystems are increasingly being affected by multiple environmental and anthropogenic stressors. In marine and estuarine systems, common stressors include overexploitation, eutrophication, hypoxia, habitat loss, pollution, acidification, harmful algal blooms, tropical cyclones, rising temperatures, and invasive species. These stressors can have system-wide impacts and affect multiple trophic levels when major energy pathways or habitat types are altered (O’Connor et al., 2009; Ullah et al., 2018), leading to changes in community structure and diversity (Flaherty and Landsberg, 2011; Worm and Lotze, 2016; Lewis et al., 2020), and impact the abundance, behavior, and fitness of individuals (Watterson et al., 1998; Hernandez et al., 2016). The effects of multiple stressors can be additive, synergistic, and/or antagonistic (Crain et al., 2008; Harvey et al., 2013; Côté et al., 2016), potentially leading to non-intuitive outcomes that make it difficult to establish causal relationships between the stressor(s) and observed responses at the level of individuals, populations, or ecosystems (Adams, 2005). The high biological complexity of many marine ecosystems can allow for compensatory responses (Ghedini et al., 2015) that make the systems more resilient to disturbance such that measurable effects may be moderated and of short duration. Furthermore, the natural variability and large observation error exhibited in marine ecosystems adds to the difficulty in detecting significant effects of multiple stressors.

Because marine ecosystems are complex and increasingly being exposed to multiple stressors, there is a critical need to understand and document how those stressors interact in order to make more accurate resource damage assessments and inform restoration efforts. Several approaches exist to understand single and cumulative impacts of environmental stressors, including experimentation, meta-analysis, mapping, qualitative/conceptual modeling, single-species modeling, and ecosystem modeling (Hodgson and Halpern, 2019). No single method can assess impacts across broad ecological scales (individual, populations, communities, and whole ecosystems), but the modeling approaches appear to have the greatest utility for addressing questions across a broad range of ecological complexities. Whole ecosystem models such as Ecopath with Ecosim (Christensen and Walters, 2004) and Atlantis (Fulton et al., 2011) have demonstrated the ability to simulate the impact of multiple stressors simultaneously to capture singular, additive, non-additive, and synergistic effects. For example, an Atlantis ecosystem model of the Chesapeake Bay (United States) was used to simulate the effects of marsh loss, submerged aquatic vegetation loss, temperature increases, and nutrient loads, both singularly and in combination (Ihde and Townsend, 2017). In the northeast Pacific, climate-induced changes to primary production, species distributions, zooplankton size structure, ocean acidity, and ocean oxygenation were simulated using a suite of Ecosim models (Ainsworth et al., 2011). A spatial-temporal ecosystem model of the NW Mediterranean was used to evaluate historical impacts of fishing, temperature, salinity, and primary production on exploited fish species (Coll et al., 2016). In each of those studies, the impacts of individual stressors were parsed out using simulation, and synergies were identified where cumulative impacts were greater than the sum of individual stressors.

Since 2010, the northern Gulf of Mexico (NGoM) has been impacted by two high profile disturbances of large spatial scale. On April 20, 2010 an explosion at the Deepwater Horizon oil rig (DWH), located about 66 km off the Louisiana coast in depths of 1,500 m, led to the largest offshore oil spill in United States history, ultimately spilling an estimated 210 million gallons of oil over the course of 87 days. The extent of the area affected by DWH included a deep sea benthic footprint of 148 km2 around the wellhead (Montagna et al., 2013), a cumulative surface slick area of 149,000 km2 (MacDonald et al., 2015), and 1,733 km of shoreline (Michel et al., 2013). Thus, the impacts of DWH spanned a range of biota and habitats including deep-sea corals, microbes, zooplankton, fish, shellfish, marine mammals, birds, turtles, coastal wetlands, and beaches (DWH Natural Resource Damage Assessment Trustees, 2016; Murawski et al., 2016). Notable effects of DWH on small demersal reef fish were observed near Alabama and Florida in an area impacted by the spill (88.5–85.5°W and 29–30.5°N) (Dahl et al., 2016; Lewis et al., 2020). In November 2010 (3 months after DWH ended), declines in density ranging between 35.0–95.5% were observed across seven trophic guilds of reef associated fishes, along with significant changes in fish community structure, richness, and diversity (Lewis et al., 2020).

Then, in 2011 the invasion of Indo-Pacific lionfish (Pterois volitans) expanded into the NGoM and underwent exponential population growth through 2014, eventually leading to some of the highest densities in their invaded range (Dahl and Patterson, 2014; Switzer et al., 2015; Dahl et al., 2019). Stomach contents of lionfish collected on natural and artificial reefs in the NGoM were dominated by reef-associated prey fishes such as damselfishes, cardinalfish, blennies and wrasses (Dahl and Patterson, 2014) with cases of cannibalism by lionfish confirmed with DNA barcoding (Dahl et al., 2018). In other reef ecosystems where lionfish have become established, large reductions in native fish density, biomass, and species richness were observed (Green et al., 2012; Albins, 2015). Lewis et al. (2020) hypothesized that the lack of recovery of small reef fishes in the NGoM following the DWH may be driven by top-down predation effects caused by lionfish.

Separate ecosystem models have been used in the Gulf of Mexico to evaluate the impacts of the DWH oil spill, fishing, and invasive lionfish (Chagaris et al., 2015, 2017; Ainsworth et al., 2018), but these stressors have yet to be evaluated simultaneously. The primary objective of this study was to evaluate the effect of invasive lionfish and fishing on the recovery of reef ecosystems in the NGoM following the DWH oil spill. Site-specific datasets on fish density and diet composition were used to parameterize and calibrate an Ecopath with Ecosim model of the system. The system-wide effects of each disturbance were quantified using simulated trajectories of fish biomass. We intended for this work to improve our understanding of how temperate reef ecosystems with complex food webs, like those in the NGoM, respond to broad scale stressors and advance the state of applied ecosystem modeling for resource damage assessment and restoration planning. Results of this study can be used for comparison to future field evaluations to test predicted responses of the system to combined stressors.



MATERIALS AND METHODS


Study Area

We synthesized data and developed a trophic-dynamic model representative of reef food webs in an area of the NGoM extending from approximately Mobile Bay, AL in the west (−88.5°) to Choctawhatchee Bay, FL in the east (−85.5°) and from shore out to about the shelf break (latitude 29°) covering an area of 48,090 km2 (Figure 1). This region of the NGoM consists of a narrow continental shelf with many artificial reefs and expansive hard-bottom habitat that support valuable commercial and recreational fisheries. The modeled area has been sampled extensively for fish abundances using a variety of gear types. Here, we utilized fish density data from an ROV-based video survey and the Southeast Area Monitoring and Assessment Program (SEAMAP) bottom trawl survey. The ROV survey has been conducted in the NGoM since 2004 to examine reef fish community, size, and trophic structure at natural and artificial reefs (Patterson et al., 2009; Dance et al., 2011), before and after DWH and the invasion of lionfish (Dahl and Patterson, 2014; Dahl et al., 2016; Harris et al., 2019). Thousands of adult reef fish and lionfish samples were also collected during the ROV survey across the NGoM to describe trophic interactions in this system, including visual stomach content analysis, DNA barcoding to identify prey items, and stable isotope analysis (Dahl and Patterson, 2014; Tarnecki and Patterson, 2015; Dahl et al., 2017; Dahl et al., 2018). The SEAMAP shrimp and groundfish trawl survey has been conducted throughout the Gulf of Mexico since 1981 during both summer and fall. These datasets were used in conjunction to estimate biomass densities and generate time series of fish abundance on reef and non-reef habitats using the ROV and trawl surveys, respectively.
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FIGURE 1. Map of the study region indicating natural reef (NR) and artificial reef (AR) sites sampled by the ROV survey, SEAMAP bottom trawl sites sampled from 2009 to 2016, and the location of the DWH wellhead.




The NGoM Ecosystem Model

The NGoM reef fish model was developed using the Ecopath with Ecosim (EwE) modeling software to evaluate ecosystem effects of multiple stressors in this region, including DWH and invasive lionfish. The EwE modeling package has been applied widely for analysis of aquatic ecosystems and food webs, and therefore has been described extensively and contains agreed upon best practices and diagnostic procedures (Walters et al., 1997; Christensen and Walters, 2004; Link, 2010; Colléter et al., 2015; Heymans et al., 2016). Briefly, the Ecopath component of EwE is a static mass-balance view of the ecosystem that allows for age structure representation and provides the initial state for dynamic modeling. The basic data requirements for Ecopath are biomass, total mortality (or production rate), consumption rate, diet composition, landings, and discards. In Ecosim, biomass is predicted at a monthly time step as consumption minus losses to predation, fishing, unexplained mortality, and migration (Walters et al., 1997, 2000) (Equation 1).
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Here, dBi/dt represents the change in biomass B of group i over the time interval dt (1 month), g is the growth efficiency (i.e., the ratio of production to consumption rates), the first summation is the total consumption of prey j by group i and the second summation is the total consumption of group i by predators j, I represents immigration, M0 is the non-predation (“other or unexplained”) natural mortality rate, F is the fishing mortality rate, and e is the emigration rate. Consumption, Q, in Ecosim is modeled based on foraging arena theory (Walters et al., 1997; Ahrens et al., 2012), which states that some portion of prey biomass exists in arenas where predation occurs and that the transfer-rates in and out of the foraging arena, represented by the vulnerability parameter (vij), regulate consumption by the predator, thereby limiting the predation mortality on its prey.

Details of functional groups assignments, input parameter calculations, and data sources are provided in the Supplementary Materials and described briefly here. A total of 283 fish taxa were identified from the video-based ROV and SEAMAP trawl surveys in the study region. Those were aggregated into 14 functional groups using hierarchical cluster analysis (Gower, 1971; Rousseeuw and Kaufman, 1990) based on species attributes (e.g., growth, mortality, and consumption rates) and ecology (e.g., diet and habitat) obtained from Fishbase (Froese and Pauly, 2018) (Supplementary Table S1). Species that were dominant in lionfish diets or of importance to recreational and commercial fisheries (e.g., groupers and snappers) were included as separate biomass groups, some with multiple age stanzas. Lionfish were included as juveniles (less than 6 months and 150 mm) and adults to account for ontogenetic feeding, cannibalism by adults, and fishery selectivity. The Ecopath model consisted of 63 biomass groups including 39 fish groups, 19 invertebrate groups, 3 primary producers, and 2 detritus pools (Table 1). The model also consisted of one recreational fishing fleet, one commercial fishing fleet, and a targeted lionfish fleet (to simulate the invasions and facilitate future exploration of lionfish harvest scenarios). The Ecopath model was parameterized to reflect 2009 conditions, which is 1 year prior to the DWH disaster and the lionfish invasion.


TABLE 1. Key inputs and outputs of the NGoM Ecopath model.

[image: Table 1]Biomass densities of fish functional groups in 2009 were estimated separately for natural reef, artificial reef, and non-reef habitats using the ROV and SEAMAP datasets and averaged together, weighted by the size of each habitat type (Table 1 and Supplementary Table S2). Production and consumption rates of fish were obtained from Fishbase. For all non-fish groups, ecotrophic efficiency (EE), which represents the proportion of production that is utilized in the system, was provided as an input and Ecopath solved for biomass (Table 1). The EE values for invertebrates, as well as their production and consumption rates, were borrowed from balanced models of the adjacent West Florida Shelf (Okey et al., 2004; Chagaris et al., 2015, 2017). Fish diet data from the ROV survey on the NGoM shelf were combined with stomach content data collected routinely by the Florida Fish and Wildlife Conservation Commission, which included some samples from SEAMAP trawls, and the Gulf of Mexico Species Interactions database, a repository of food habits data from published studies conducted throughout the Gulf of Mexico (Supplementary Tables S3, S4). Diets for invertebrate groups were borrowed from the West Florida Shelf Ecopath model (Chagaris et al., 2017). Commercial landings were obtained from the Florida FWC Trip Ticket program for the five westernmost counties on the Florida Panhandle and from NOAA Fisheries for the state of Alabama. Recreational landings were estimated from the Marine Recreational Information Program (MRIP) for the same five counties plus Alabama. After all biomass, mortality, consumption, diet composition, and landings were input, the model was mass balanced, and diagnostics were checked following Link (2010) and Heymans et al. (2016).



Accounting for Acute Mortality Associated With DWH

To account for the declines in fish abundance in 2010 associated with the DWH, a time series forcing function on the ‘other mortality’ term (M0 in Eq. 1) was developed using daily oil concentration maps (MacDonald et al., 2015), logistic dose-response curves, and observed changes in density from the surveys. Oil concentration maps were developed by converting daily percent cover maps of thin and thick surface slicks (1 and 70 μm, respectively) to oil volume (m3) and oil concentration (μg/L) assuming constant thick slickness and a volume to mass conversion of 864 kg/m3 crude oil. Daily oil concentration values from the modeled area were then averaged for each month from April to August 2010.

Generalized oil dose-response mortality curves were developed for fish, decapods, molluscs, and zooplankton based on logistic equations derived from ecotoxicology experiments conducted after DWH (Morris et al., 2015). The dose-response curves use the four parameter logistic equation to predict mortality as a function of oil concentration (Ritz 2010),
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where e is the inflection point, b is the slope at the inflection point, c is the lower asymptote, d is the upper asymptote, and x is the monthly average oil concentration (μg/L) over the modeled area. Most ecotoxicology studies estimated mortality after 24, 48, 72, and 96 h of oil exposure. Exponential curves were used to extrapolate the inflection point, e, out to 720 h (∼1 month) of exposure and the b parameter was taken as the average across all experiments provided in Morris et al. (2015) within each taxa type. The steepness and extrapolated inflection parameters were calculated separately for fish (e = 3.54, b = −7.79), decapods (e = 8.14, b = −7.00), mollusks (e = 0.012, b = −5.02), and zooplankton (e = 1.05e-5, b = −5.14) and then shared across the respective model groups (Figure 2). The lower asymptote c was held constant at the Ecopath base M0 rate while the upper asymptote was set equal to some multiple, λ, of the Ecopath total mortality rate, Z. For each group with a DWH forcing function applied, the upper asymptote multipliers (λ) were estimated so that the proportional decrease in biomass was equal to that observed in the fish surveys at the end of the DWH event (i.e., August 2010). Essentially, this approach modified the generalized dose-response curves for each species or model group in order to approximate the observed biomass declines following DWH, assuming all other mortality agents were constant.
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FIGURE 2. Generalized oil mortality response curves used in the NGoM Ecosim model to simulate mortality associated with the Deepwater Horizon oil spill. The generalized curves are based on data from Morris et al. (2015) and were modified for each fish group in the model by increasing or decreasing the upper asymptote.


The DWH M0 forcing functions were developed outside the ecosystem model and input as a monthly time series of multipliers on the ‘other mortality’ term. During the months before and after the DWH, the M0 multiplier was set equal to 1. For April-August 2010, monthly M0 was estimated using the modified logistic dose-response curves (Eq. 2) and the time series of monthly oil concentration. Forcing functions were applied to 40 model groups including all zooplankton, invertebrates, small demersal fishes, and large bodied fish exhibiting declines following DWH.



Simulating the Lionfish Invasion in Ecosim

There are several potential approaches to simulate species invasions in EwE (Langseth et al., 2012). We followed an approach in Langseth et al. (2012) as adapted by Chagaris et al. (2017) to simulate the invasion of lionfish in Ecosim. This required initializing Ecopath with a negligible biomass of lionfish representative of 2010 densities measured during the early detection phase of the invasion, a positive biomass accumulation rate parameter (BA = 0.8), and a hypothetical fishing fleet to maintain lionfish biomass at initial levels prior to the invasion. Landings of lionfish were entered into Ecopath, such that fishing mortality was equal to natural mortality (F = M = 0.66 yr–1) and the input total mortality rate Z was doubled (i.e., Z = F + M = 1.32 yr–1). In Ecosim, the invasion is suppressed during the first 2 years of simulation (2009–2010) by doubling the Ecopath fishing mortality on lionfish. Lionfish are then allowed to increase beginning in 2011 (after DWH forcing) by setting lionfish effort to zero to reduce Z to M (i.e., Z = M when F = 0). This method is preferred because Ecopath is initialized with a pre-invasion biomass that does not create mass imbalance in the model and allows for estimation of lionfish vulnerability parameters, vij, that regulate top-down predation impacts by lionfish on their prey.



Ecosim Model Calibration

The NGoM Ecosim model was calibrated to time series of relative abundance from the ROV and SEAMAP surveys of fish densities in the study region, standardized using a delta generalized linear modeling approach (Lo et al., 1992; Maunder and Punt, 2004). In total there were 45 reference time series of fish and macro-invertebrate relative abundance indices derived from these two surveys. Forcing time series included observed commercial and recreational catches, satellite derived chlorophyll-a (as a proxy of phytoplankton productivity), satellite derived particulate organic carbon (POC, as a proxy for water column detritus), and the DWH M0 forcing functions described above. Chlorophyll-a and POC time series are the monthly area averages for the model spatial domain, derived from composite MODIS Aqua satellite imagery (Acker and Leptoukh, 2007). With these forcing functions in place, the model was calibrated to fit the time series of relative abundance.

In Ecosim, there are two sets of parameters describing the foraging arena consumption model which must be calibrated to fit the observed data. The first set of Ecosim parameters are the vulnerability exchange rates, vij, and there is one parameter for each predator-prey interaction. The Ecosim vij parameters are input as multipliers on Ecopath base predation mortality rates (M2ij) to represent the maximum possible predation mortality rate that can be exerted on a prey item at high predator biomass. The second set of Ecosim parameters include maximum P/B, foraging time adjustments (FTA), predator effect on foraging times, and prey switching. In general, these parameters define the shape of predator-prey functional responses and can be changed to represent stronger density dependent effects and risk-sensitive foraging strategies. While these parameters can strongly influence the model, they are not estimable in Ecosim and it has been recommended that simulations should include a range of parameter combinations to better reflect ecological uncertainty and sensitivity to perturbations (Gaichas et al., 2012).

The Ecosim model was fitted by estimating vij values that minimized the weighted sum of squared (SS) deviations of log biomass and log predicted biomass, where observed relative abundance indices are scaled internally by the maximum likelihood estimate of a scaling factor, q, times the Ecopath absolute abundance. The most sensitive vij parameters were first identified by adjusting each vij slightly (±10%), one at a time, to see how much the SS changed. As a conservative approach, it has been recommended to only estimate K − 1 parameters (Heymans et al., 2016), where K is the number of calibration time series used to fit the model (K = 44 for the NGoM model). After the vij sensitivity search was completed, the K − 1 most sensitive vij parameters were then “turned on” for estimation, implemented in Ecosim using a Marquardt non-linear search algorithm. Ecosim models are prone to local minima in SS, thus requiring repeated searches in order to find model convergence. Therefore, the vij sensitivity search and estimation procedure was repeated until no further improvement in the SS was obtained. At each iteration, the model may identify and estimate a different set of K − 1 vij, such that the total number of vij estimated after convergence is greater than K − 1.

The NGoM Ecosim model was fitted under seven alternative parameter configurations for prey switching and foraging time adjustments (Table 2). We were especially interested in evaluating the effect of prey switching by lionfish because we found the model to be sensitive to this parameter in initial test runs. Prey switching is said to occur when predator diet proportions change more rapidly (or slowly) than relative abundances. This is modeled by modifying the rate of effective search (aij) in relation to changes in abundance of prey using a power function [image: image], where Pj = [0,2]. The default configuration (mod1) included foraging time adjustment for the youngest age of all multi-stanza groups (FTA = 0.5) to allow for compensatory improvements in juvenile survival at low stock sizes, FTA = 0 for all other groups, and prey switching turned off (Pj = 0, Table 2). In configurations 2–4, prey switching by lionfish was set to values of 0.5, 1, and 1.5, respectively (with default FTA settings), which provided sensitivity analysis for prey switching intensity on model predictions. Models 5 and 6 both included FTA of 0.5 for all consumer groups (and Pj = 0), with model 6 including risk-sensitive foraging by setting the predator effect on feeding time equal to 1 for all groups (Table 2). The estimated vulnerability parameters were conditioned on the chosen values for prey switching (or FTA), so that each model was recalibrated using the repeated search procedure described previously. Lastly, model 7 represented a combination of the previous models, arrived at by evaluating the individual SS components across models 1–6 (Supplementary Table S5) and assigning the best fit parameter settings. This was followed by the repeated search procedure and iterative manual adjustments to both FTA and vij in order to move the model away from local minima.


TABLE 2. Ecosim model configurations with final AIC and SS values after the repeated sensitivity search and vij estimation.

[image: Table 2]


Model Scenarios

For each of the seven NGoM Ecosim model configurations we evaluated eight stressor scenarios over the time period 2009–2016. These included the “full” model with catch (C), lionfish (LF), and DWH (C + LF + DWH), the “null” model with no stressors applied, and all singular and paired combinations (C, DWH, L, C + DWH, C + LF, and LF + DWH). The full model (C + LF + DWH) is equivalent to the baseline scenario fitted to time series data. In the scenarios without lionfish, the invasion was suppressed by maintaining high fishing mortality on lionfish beyond 2010 and multiplying the vij of lionfish prey by 0.10, essentially causing lionfish to become extinct in the model. To exclude DWH effects, the M0 forcing function time series were reset to 1 so as not to cause any added mortality between April and August 2010. In the scenarios without fishing catch and effort time series forcing values from 2010 to 2016 were maintained at 1% of the 2009 value. In total, we simulated 8 stressor scenarios across all 7 model configurations for a total of 56 Ecosim runs.



Analysis of Model Output

For each stressor scenario and model configuration, we output the monthly biomass trajectories for each model group and calculated community metrics for the native reef fish community identified in Table 1 (excluding lionfish) at each model time step. Although biomass dynamics were predicted for all model groups, including invertebrates and primary producers, we focused our analysis on the reef fish community because they contain informative data spanning the period before and after the DWH and lionfish invasion on which we can evaluate model performance; and also because reef fishes and their habitats were prioritized for restoration funds following the DWH, with at least $200 million USD allocated to research, monitoring, and enhancement of these resources since 20101. To determine which stressors, or combinations thereof, had the strongest effects on simulated biomass, and to visualize species similarities, we used redundancy analysis (RDA) as implemented by Legendre and Legendre (2012) in the R vegan package (Oksanen et al., 2019). The RDA is a canonical ordination technique commonly used in ecology to model multivariate response data (Legendre and Gallagher, 2001) that requires a response matrix Y, typically representing species abundances across sites, along with a matrix of explanatory variables X measured at each site. In this context, we assigned the Y matrix as the species terminal month biomass, standardized to the maximum terminal month biomass for each species across all model configurations and stressor scenarios, and the explanatory variable is the stressor scenario. We reversed the sign of the response variable prior to running the RDA so that the species would be ordinated in proximity to the explanatory factor with the strongest negative effect. The terminal month biomass was chosen because we were most interested in the recovery status at the end of each scenario in order to understand the effect that each stressor and combination of stressors had on the ecosystem 6 years after the DWH and 5 years after the lionfish invasion. To simplify interpretation, we applied RDA to just 27 model groups using output from all 7 model fits (i.e., the ‘replicates’) in order to capture the variation associated with the different Ecosim parameter combinations in the ordination. The 27 model groups used in the RDA represent the reef fish and demersal species or functional groups (excluding lionfish and juvenile stanzas) for which we were most interested and that also contained informative time series for model fitting.

Reef fish community metrics included total reef fish biomass, mean trophic level of reef fishes weighted by their biomass, and reef fish diversity expressed as Shannon’s diversity index (H) and Kempton’s Q-90 with the exclusion threshold set at 50% of the starting biomass (Ainsworth and Pitcher, 2006). Kemptons’s Q-90 is a modified form of Kempton’s Q index (Kempton and Taylor, 1976) that uses the slope between the 10th and 90th percentile rather than the slope of the interquartile range. The Q-90 diversity index is better suited for ecosystem simulation models that typically use functional groups of aggregate species and ignore rare species, and therefore do not result in long tails in the cumulative biomass distribution as would be expected for datasets containing low abundance species.



RESULTS


Model Performance

The seven Ecosim configurations all produced similar fits to the data (Figure 3) indicating that the model was fairly robust to assumptions about prey switching and foraging time adjustments. Of the strictly estimated models (models 1–6), SS ranged from 594 to 636, AIC was between 188 and 22, with model 6 having the lowest AIC (Table 2). Convergence in the model was usually obtained after 10 iterations of the vij sensitivity search and estimation procedure (Supplementary Figure S1), resulting in 137–163 vij’s estimated by the model (Table 2). The manually tuned model (model 7) resulted in the lowest overall SS of 492, with most of the improvements coming from better fits to blennies (Blenniidae), demersal carnivores, demersal omnivores, lionfish, and chromis (Chromis spp.) (Figure 3 and Supplementary Table S1).
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FIGURE 3. Ecosim predicted (lines) and observed (points) relative biomass from the seven fitted Ecosim models.


Model 7 represented a combination of parameter settings from models 1–6, arrived at by evaluating the SS contribution across groups and applying the setting with the lowest SS for each group. For example, model 2 had the best fit to lionfish biomass with prey switching set at 0.5, and blennies were best fit in model 5 with an FTA of 0.5. In the end, model 7 included FTA = 0.5 for 30 out of 58 consumer groups, predator effect on feeding time for 19 of those groups, and lionfish prey switching of 0.5. Finally, after 10 repeated searches in model 7 we found that demersal carnivores and demersal omnivores were trapped in a local minimum with vulnerabilities near 1.0. Therefore, we reset the vij of all prey items for those groups to 10 before conducting the final vulnerability search estimations, which moved the SS considerably lower than estimated in the prior iterations (Supplementary Figure S1). Visual inspection of the fits to observed abundance data showed that the Ecosim model was capable of reproducing observed trends in abundance across a broad range of species and functional groups, and that alternative model configurations resulted in some variability in biomass trajectories but in most cases did not result in drastically different predictions (Figure 3). Thus, the model fit the observed trends in abundance well and was robust to assumptions made about input parameters.



Simulated Changes in Fish Biomass

Patterns in simulated biomass trajectories exhibited divergence across species/functional groups and stressor scenarios (Figure 4), which was due to singular and cumulative impacts of stressors as well as direct and indirect effects arising through food web interactions. For harvested species (e.g., snappers, groupers, and greater amberjack), the lowest terminal year biomass occurred in the multiple stressor scenarios that included catch (C + L and C + L + DWH). Biomass of lionfish prey items, such as seabasses (Serranidae), chromis (Pomacentridae), and lizardfish (Synodontidae), converged at about the same value in all scenarios that included lionfish, regardless of whether DWH or fishing effects were present or not. In other instances, biomass trajectories did not converge with other stressor scenarios during most of the simulation time period. This was the case for juvenile red snapper (Lutjanus campechanus), small reef omnivores (Acanthuridae, Chaetodontidae, Ephippidae, Monacanthidae, and Pomacanthidae), cardinalfishes (Apogonidae), and vermilion snapper (Rhomboplites aurorubens) and indicates the incremental cumulative effects that each stressor had on those species.
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FIGURE 4. Ecosim biomass trajectories under 8 stressor scenarios, including combinations of catch (C), Deepwater Horizon (DWH), and lionfish (LF). Displayed are a subset of modeled fish groups from the best fit model 7. Biomass trajectories for all functional groups are available in the Supplementary Materials.


In the redundancy analysis, stressor scenario explained 74% of the variation in simulated terminal biomass data, with the first two axes explaining 58% of that variation, and the third axis (not shown) explaining 15% of the variation (Figure 5). The first axis was strongly influenced by the combination of C + LF + DWH stressors in the negative direction and C and the null treatment in the positive direction, while the second axis is influenced by LF in the positive direction and by the combined effects of C + DWH in the negative direction. The RDA biplot also shows the relationship between stressors and the terminal month biomass of each species or functional group. The angles in the biplot between the arrows pointing to the species and the stressor, and between the species themselves or the stressors themselves, reflect their correlations. Therefore, the RDA biplot allows us to visualize similarities among species/functional groups, similarities among stressors, and the correlation between stressor combinations and functional groups.


[image: image]

FIGURE 5. Redundancy Analysis (RDA) biplot (Axis 1 and 2) of modeled terminal year biomass showing 27 focal reef or demersal fish species/functional groups and stressor scenarios. Stressors include all combinations of catch (C), Deepwater Horizon (DWH), and lionfish (LF).


The model showed that the combined effects of fishing, DWH, and lionfish were similar for reef fish species of economic importance, such as red snapper, greater amberjack (Seriola dumerili), red grouper (Epinephelus morio, and gag (Mycteroperca microlepis) that experienced biomass declines in 2010 due to DWH and did not recover substantially over the simulated time period (Figure 3). In the bottom left quadrat of the RDA biplot, these species are in close proximity and therefore had lowest biomass in the C + LF + DWH and C + DWH scenarios (Figures 4, 5). The location of these groups midway between those 2 stressor scenarios (one without lionfish) indicates that the correlation to those two stressors is about equal and that lionfish had little influence on simulated biomass of those species. However, the combined effect of catch with lionfish and DWH did result in slight reductions in juvenile red snapper biomass for model 7 (Figure 4). Blennies and porgies (Sparidae) are also located in this quadrat and near the two grouper species along the first two axes (Figure 5). But unlike the groupers, blennies and porgies are negative on the third axis, with RDA3 scores of −0.24 and −0.48, which is strongly influenced by the DWH (RDA3 = −0.71) and LF + DWH (RDA3 = −0.52) scenarios.

In the top-left quadrat of the RDA biplot are the species or functional groups that were strongly influenced by the presence of lionfish (Figure 5). These include lizardfish, seabasses, cardinalfishes, and vermillion snapper, which are all positioned in proximity to one another between the centroids of LF + DWH and C + LF scenarios. The small wrasses (Labridae) group is isolated at the left end of axis 1 almost equally between LF + DWH and C + LF + DWH, indicating that the cumulative effect of lionfish and DWH is the primary driver on this group (Figure 5). In contrast, chromis are oriented at almost the exact same angle as the LF only scenario, and away from any of the combined stressor scenarios, illustrating that the singular effect of lionfish had the strongest influence over this group (Figures 4, 5).

The small demersal reef fishes in the right two quadrats of the biplot experienced biomass responses that were confounded by indirect trophic interaction effects. Reef planktivores (Clupeidae, Engraulidae, Priacanthidae, and Serranidae) and reef invertivores (Chaetodontidae, Cynoglossidae, Diodontidae, Pomacanthidae, and Tetraodontidae) are positioned in proximity to one another and nearly equally between the null and LF centroids, meaning that these groups benefited from reduced top-down predation and competition as a result of fishing and DWH stressors. However, they are also positioned high on the second axis indicating that they experienced direct negative effects of the lionfish invasion (Figures 4, 5). Small reef omnivores and sand perch (Diplectrum spp.) were predicted to respond similarly to each other (Figure 4) and are therefore in close proximity along the first two axes and oriented at nearly the exact same angle as the null scenario and influenced less by lionfish (Figure 5). Whereas, medium reef omnivores (Chaetodontidae, Monacanthidae, Ostraciidae, Serranidae, and Sciaenidae)are positioned on the right of axis 1 and negative on axis 2, suggesting that they were negatively affected by C + DWH, but positively affected by the presence of lionfish (Figures 4, 5). Lastly, the species and functional groups clustered around the middle of the biplot are those whose terminal biomass was predicted to converge across all scenarios. This indicates that the presence of lionfish, fishing, and/or DWH did not substantially affect those groups and that they may potentially have high resiliency to these stressors.

Terminal biomasses from all 7 model configurations were included in the RDA analysis to capture the variation associated with Ecosim model parameterization. For the stressor scenarios applied here, there was strong coherence in biomass dynamics across all model configurations with only a few exceptions (Supplementary Figures S2–S9). Cardinalfish had the highest variation in terminal year biomass for the C + LF and LF only stressor scenarios, with coefficients of variation (cv) equal to 1.22 and 1.16, respectively, while the cv in all other stressor scenarios ranged between 0.17 and 0.48. Vermilion snapper, seabasses, and lizardfish also had high variation (cv’s between 0.50 and 0.67) in the C + LF and LF only scenarios. Chromis exhibited high variation in the C + DWH (cv = 0.78) and DWH only (cv = 0.72) stressor scenarios, while blennies had cv’s of about 0.65 in the four stressor scenarios that included DWH impacts. For all other groups and stressor scenarios, the cv associated with model configuration was less than about 0.4 with a mean of 0.13.



Impacts on Reef Fish Community Structure

The impact of each stressor on community structure was evaluated using aggregate biomass, trophic, and diversity metrics. Total reef fish biomass was 10.45 g/m2 at the start of the simulations and declined to approximately 7.30 g/m2 immediately after the DWH, increasing over time to 11.80 g/m2 in the full (i.e., observed) scenario that included all three stressors (Figure 6A). The only scenarios with higher terminal year biomass were C + DWH (12.60 g/m2) and the DWH only (11.92 g/m2) scenarios, indicating higher biomass in absence of lionfish impacts and fishery removals. The other three scenarios that included lionfish all fell below the full model with ending biomasses of 11.21, 10.77, and 10.66 for LF + DWH, C + LF, and LF scenarios, respectively. The mean trophic level of reef fish was 3.58 at the start of the simulation and then varied over time between the range of 3.42 and 3.65 across all scenarios and models (Figure 6B). The effects of stressor scenarios on reef fish trophic level were generally opposite those of biomass, such that high biomass predictions coincided with biomass increases in lower trophic levels species. Reef fish diversity at the start of simulation, as indexed by Shannon’s H and Kempton’s Q-90, were 2.54 and 3.48, respectively (Figures 6C,D). Both diversity measures remained at about this level for the duration of the simulation under the null and fishing only scenarios. In the C + LF and LF scenarios, diversity declined gradually over time as lionfish invaded the system, eventually ending at H values of 2.46 and 2.44 and Q-90 values of 2.99 and 3.15 for the C + LF and LF only scenarios, respectively. For the DWH scenarios, diversity was sharply reduced in 2010 before increasing over the remainder of the simulation. However, the presence of lionfish resulted in lower H values (2.33 and 2.35 for C + LF + DWH and LF + DWH, respectively) than those without lionfish (2.45 and 2.47 for C + DWH and DWH, respectively). The increase if reef fish biomass paired with low diversity in the C + LF + DWH and LF + DWH scenarios indicates that biomass recovery did not occur across all trophic groups.
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FIGURE 6. Community metrics calculated with output from stressor scenarios using the best fit model 7. Total biomass (A), mean trophic level (B), Shannon’s diversity (C), and Kempton’s Q-90 (D) were calculated for the reef fish species/functional groups identified in Table 1.




DISCUSSION

Using data synthesis and a trophic dynamic model of the NGoM, we were able to evaluate the effects of multiple stressors on reef ecosystems in this region. The DWH oil spill, invasion of Indo-Pacific lionfish, and fishery exploitation, have each impacted the system but in fundamentally different ways. The DWH oil spill was a relatively acute event that directly affected the entire ecosystem, including plankton, benthic invertebrates, demersal fishes, and upper trophic level reef fishes. The lionfish invasion directly impacted small demersal fish species in all years after the DWH through top-down predation control, but also affected other species via competition for prey. Lastly, fishing effects were limited to relatively few, mostly upper trophic level fishes over the entire time period of simulation and is responsible for poor recoveries in those species after DWH. Therefore, our results showed that the NGoM food web was strongly impacted by the acute effects of the DWH event and the multi-year impacts of the lionfish invasion, and that the lionfish invasion suppressed recovery of several small reef and demersal fishes following the DWH event. Overall, this simulation exercise enabled us to remove the effects of a given stressor (i.e., DWH, lionfish, or fishery exploitation) to evaluate the impacts on different reef fish taxa, and examine why different taxa have shown different recovery trajectories in the decade since the DWH (Lewis et al., 2020).

The model predicted that most species or functional groups had lower biomasses when two or more stressors were applied simultaneously (more species were negative along axis 1 in Figure 5), while a few species were predicted to have higher biomass under those same scenarios due to lower abundances of predators and competitors. This result is not atypical of complex food web models which often predict indirect effects and unintended consequences associated with trophic relationships (Walters et al., 2008; Pine et al., 2009; de Mutsert et al., 2016, 2017). However, it is possible that some of the unexpected positive effects from the lionfish invasion predicted by the NGoM Ecosim model are due to model structure. For example, one criterion for parsing out model functional groups was importance of fish in lionfish diets. This resulted in several functional groups that, by design, did not have strong direct ties to lionfish (groups 20–23), and therefore benefited indirectly in the invasion scenarios.

The DWH oil spill effects were simulated in the NGoM Ecsoim model by applying a series of externally estimated multipliers to the other mortality (M0) term in the biomass dynamic equations. This approach was successful in replicating the observed changes in fish density in 2010 from the ROV survey. However, no sublethal or persistent effects on growth or reproduction were considered nor were the impacts of oil dispersants. Laboratory exposure studies conducted on larvae and juvenile fish after the DWH consistently demonstrated adverse effects of PAH on vascular, hepatosomatic, and epithelial systems leading to reduction in growth and survival (Brewton et al., 2013; Incardona et al., 2014; Brown-Peterson et al., 2015; Esbaugh et al., 2016). There have been far fewer field studies that documented long-term effects and reduced growth in fishes following the DWH. Incidences of PAH-induced skin lesions on bottom-dwelling species, including red snapper, collected on the continental shelf edge just north of the DWH site were higher 1–2 years after the DWH (Murawski et al., 2014), and incremental otolith analysis found slower growth-at-age of red snapper over the same time period (Herdter et al., 2017). But there is no evidence to suggest that the DWH had widespread impacts on growth of post-juvenile fishes. A Gulf of Mexico Atlantis ecosystem model (Ainsworth et al., 2018) also used modified dose-response curves to estimate mortality and growth rate modifiers, along with a depuration model to account for persistent effects of exposure. However, the more elaborate representation of oil spill effects in Atlantis did not result in appreciably better fits to the ROV reef fish community data than did the NGoM Ecosim model.

The NGoM Ecosim model was able to accurately predict the trend in observed lionfish densities from 2009 to 2016. In a previous Ecosim model of the lionfish invasion on the neighboring West Florida Shelf (Chagaris et al., 2017), the foraging arena vulnerability parameters were not estimated due to lack of informative time series data. Invasion scenarios were instead evaluated over a range of vulnerability settings, which led to drastically different simulated invasion trajectories. In this application, observed densities of lionfish and their prey were available from the site-specific ROV survey, enabling the model to estimate the vulnerability parameters statistically and giving more confidence in the predicted impacts. In a lionfish modeling study on a Caribbean coral reef (Arias-González et al., 2011), the predicted impacts were similar to ours, with both positive and negative responses for different functional groups due to direct top-down predation and competitive interactions. It has been speculated that the reductions in fish biomass and diversity caused by DWH increased vulnerability to the lionfish invasion (Murawski et al., 2016). However, the NGoM Ecosim model predicted the contrary, with slightly slower population increase for lionfish when DWH was included, due to reduced availability of prey during the first few years of the invasion. Lionfish densities measured by the ROV survey in 2018 declined by 75–80% on natural and artificial reefs and were believed to be associated with an ulcerative epizootic skin disease (Harris et al., 2020). Due to their high densities and low genetic diversity, it is hypothesized that disease transmission is density-dependent, and the population may continue to fluctuate over time. While the NGoM Ecosim model does include density-dependent population control of lionfish through cannibalism (Dahl et al., 2018) and competition for food, future simulations of lionfish population dynamics should account for this recently discovered disease.

There is considerable uncertainty in the fisheries catch data used in this model because the commercial and recreational landings data did not contain georeferenced information about where fish were caught. Thus, we were unable to parameterize the model with accurate catch data exclusively from within the model’s spatial domain. Furthermore, recreational catch and discards are estimated from a creel survey, sometimes with very low precision, depending on the species and region. Despite these data uncertainties, the site-specific fishery exploitation rates estimated by the NGoM Ecosim model for key fishery species were well within reason when compared to recent stock assessments or empirical estimates. For example, red snapper Ecosim exploitation rates ranged from 0.10 to 0.65, while the exploitation rates from a tagging study conducted in the NGoM were estimated between 0.14 and 0.37 (Sackett et al., 2018). Ecosim exploitation rates for gag were estimated between 0.08 and 0.41, while the most recent stock assessment estimated exploitation rates of 0.07–0.34 y–1 over the same time period (SEDAR, 2016). Gray triggerfish exploitation rates from the stock assessment model were estimated to be 0.07–0.13 y–1 (SEDAR, 2015) and Ecosim estimated exploitation rates of 0.12–0.30 y–1. This gives us confidence that the catch forcing time series used in the model are compatible with the density estimates, and the scenarios with and without catch likely resulted in expected population responses to fishing. For other non-target species (e.g., grunts and reef carnivores) the Ecosim exploitation rates are low (<0.05 y–1), and while there are no alternative estimates for comparison, it is reasonable to assume these estimates are low compared to the aforementioned target species.



CONCLUSION

This study demonstrated the potential for complex responses in disturbed reef ecosystems of the northern Gulf of Mexico. We use a highly simplified model that only represents a small fraction of the variability and stochasticity present in the system. Therefore, we can safely assume the predictions are well within the realm of possibilities that might arise in a far more complex system. The model makes several key predictions. First, it shows us that lionfish have had a major impact on this ecosystem, leading to slower recoveries following DWH and lower fish biomass and diversity. Continued investment in monitoring and mitigation strategies is therefore warranted. Second, the model predicted that some species or functional groups would have recovered to their pre-DWH biomass within 2–3 years, while others would not have recovered at all, regardless of lionfish. This suggests that the ecosystem possibly underwent some level of reorganization, preventing it from returning to its pre-spill state. Lastly, the model predicted fishing to be the major driver for a suite of upper trophic level species, and that cumulative effects of fishing with other stressors can result in further biomass declines. Therefore, harvest policies based on single species projections alone may not perform as expected when other threats are present. Combined, these results highlight the need for ecosystem approaches in resource damage assessment and fisheries management to identify causality across multiple stressors and develop robust harvest policies.
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Model Description Final Final N v

number AIC SS changed
1 Default configuration 206 616 156
2 Lionfish prey switching = 0.5 205 616 154
3 Lionfish prey switching = 1.0 202 612 163
4 Lionfish prey switching = 1.5 221 636 158
5 FTA = 0.5 for all groups, 194 602 137
no prey switching
6 FTA = 0.5 with predator 188 594 144
effect = 1 for all groups, no prey
switching
i@ Custom settings NA 492 352

AIC is not calculated for model 7 because the model was fit by both statisti-
cal estimation and manual adjustments. The models include different parameter
settings for prey switching by lionfish, foraging time adjustments (FTA) and predator
effect on foraging time to represent risk-sensitive foraging strategies.
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Group name B TL Q/B 4 F M2 Mo EE

1 Pelagic sharks 0.02 4.31 2.76 0.26 0.02 0.00 0.24 0.08
2 Demersal sharks 0.01 4.38 3.78 0.38 0.09 0.08 0.22 0.43
3 Rays and small sharks 0.35 3.78 542 0.50 0.00 0.02 0.48 0.04
4 Large pelagic piscivores 0.10 4.26 5.58 0.69 0.26 0.30 0.13 0.81
5 Greater amberjackR" 0.04 4.38 3.85 0.85 0.19 0.00 0.66 0.22
6 Small pelagics 4.10 3.06 12.06 1.20 0.00 1.04 0.15 0.87
(7 Reef carnivores™" 0.59 4.07 3.76 0.45 0.01 0.38 0.07 0.85
8 Gag 0-1RF 0.00 4.08 24.27 1.08 0.00 0.00 1.08 0.00
9 Gag 1-3RF 0.00 4.27 857 0.49 0.00 0.00 0.49 0.00
10 Gag 3 +FF 0.02 4.29 3.25 0.27 0.18 0.00 0.09 0.69
ihl Red grouper 0-17F 0.00 3.92 29.51 0.81 0.00 0.18 0.63 0.22
12 Red grouper 1-31F 0.00 3.97 10.49 0.48 0.00 0.00 0.48 0.00
13 Red grouper 3 + FF 0.03 4.41 3.96 0.29 0.09 0.00 0.20 0.30
14) Red snapper juvh™ 0.01 4.03 14.88 0.78 0.00 0.55 0.23 0.70
15 Red snapper adult®" 0.60 4.09 419 0.18 0.06 0.04 0.09 0.50
16 Gray snapperf™ 0.38 3.89 587 0.39 0.00 0.15 0.24 0.38
17 Lane snapper™© 0.21 3.66 5.87 0.54 0.00 0.22 0.31 0.42
18 Gray triggerfishf" 0.02 3.81 4.83 0.64 0.12 0.51 0.01 0.98
19 Reef crustacean eatersh" 1.28 3.74 1:52 1.09 0.00 0.86 0.23 0.79
20 Reef invertivoresh™ 0.56 3.31 9.37 1.13 0.00 0.70 0.43 0.62
21 Medium reef omnivorest™ 0.54 3.36 12.57 1.34 0.00 1.34 0.00 1.00
22 Small reef omnivorest™ 0.51 3.14 18.17 0.84 0.00 0.67 0.17 0.80
23 Reef planktivoresR™ 0.41 3.34 11.38 2.10 0.00 0.97 113 0.46
24 Porgiesh® 0.51 3.68 8.00 0.55 0.08 0.32 0.21 0.62
25 GruntshF 2.72 3.51 9.67 0.71 0.00 0.24 0.46 0.34
26 Lionfish juv 0.00 3.89 20.93 1.69 0.00 0.01 1.68 0.01
27 Lionfish adult 0.02 4.85 6.64 1.32 0.66 0.00 0.66 0.50
28 Cardinalfishes™ 0.07 3.42 13.56 1.99 0.00 0.28 1.77 0.11
29 Small wrasses"" 0.97 3.61 7.53 0.61 0.00 0.49 0.13 0.79
30 Vermilion snapper™" 0.24 3.65 6.59 0.81 0.12 0.31 0.39 0.52
31 ChromisF™ 0.20 3.20 13.80 2.87 0.00 1:28 1.14 0.52
82 Damselfish™" 0.16 2.67 23.18 1.99 0.00 1.02 0.98 0.51
33 Seabasses"" 0.33 3.52 12.49 1.12 0.00 0.42 0.70 0.38
34 Sand perch 0.35 3.87 8.47 1.04 0.00 0.60 0.44 0.58
35, Lizardfish 0.64 4.05 7.33 0.93 0.00 0.88 0.05 0.95
36 Blennies™" 0.08 3.49 11.64 2.06 0.00 1.93 0.13 0.94
37 Demersal carnivores 0.35 3.76 7.93 1.16 0.01 0.88 0.27 0.76
38 Demersal crustacean eaters 1.41 3.56 8.74 1.14 0.00 0.78 0.36 0.69
39 Demersal omnivores 2.92 3.15 9.08 1.32 0.00 1.24 0.07 0.94
40 Squid 1.85 3.40 13.12 2.67 0.00 1.67 1.01 0.62
41 Shrimp 10.09 2.67 19.20 2.66 0.02 1.13 1.50 0.44
42 Large crabs 10.23 3.35 9.35 1.80 0.00 1.44 0.36 0.80
43 Octopus 0.87 3.32 11.97 3.10 0.00 0.93 277 0.30
44 Stomatopods 113 303 11.15 1.34 0.00 0.84 0.50 0.62
45 Echinoderms 17.88 2.54 9.89 2.60 0.00 1.30 1.30 0.50
46) Gastropods 27.54 2.54 9.89 2.60 0.00 1.30 1.30 0.50
47 Bivalves 46.16 2.10 16.90 b.35 0.00 2.67 2.67 0.50
48 Sessile epibenthos 49.90 212 9.00 1.62 0.00 1.28 0.34 0.79
49 Mobile epifauna 83.16 2.5 2714 4.76 0.00 2.43 2.83 0.51
50 Small infauna 94.84 2.29 24.20 4.02 0.00 1.95 2.07 0.49
51 Meiobenthos 86.60 2.16 25.00 6.20 0.00 4.96 1.24 0.80
52 Carnivorous zooplankton 23.76 3.01 34.80 8.70 0.00 5.22 3.48 0.60
53 Herbivorous zooplankton 50.01 2.1 57.67 10.60 0.00 6.36 4.24 0.60
54 Omnivorous zooplankton 84.23 2.31 57.67 10.60 0.00 6.36 4.24 0.60
55 Ichtyoplankton 0.92 2.70 132.13 50.45 0.00 30.27 20.18 0.60
56 Jellyfish 0.00 3.29 80.00 20.08 0.00 4.02 16.06 0.20
57, Microbes 261.33 2.00 215.00 100.00 0.00 10.80 89.20 0.11
58 Anthozoans 10.03 2.00 9.00 1.62 0.00 0.16 1.46 0.10
59 Macroalgae 297.17 1.00 0.00 4.00 0.00 1.60 2.40 0.40
60 Microphytobenthos 356.60 1.00 0.00 23.73 0.00 9.49 14.24 0.40
61 Phytoplankton 61.79 1.00 0.00 182.10 0.00 72.84 109.26 0.40
62 Seagrass 20.00 1.00 0.00 9.00 0.00 7.02 1.98 0.78
63 Water column detritus 125.00 1.00 0.00 0.80
64 Sediment detritus 390.00 1.00 0.00 0.97

Biomass (B, mt/km?), consumption rates (Q/B, yr—'), and total mortality or production rate (Z, yr~") are inputs to the model. Fishing mortality (F) is calculated from input
catch, where F = C/B. Trophic level (TL), total mortality (Z), predation mortality (M2), other mortality (MO), and ecotrophic efficiency (EE). Focal feef fish species or groups
are indicated by RF.
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