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Abstract 17 

Marine ecosystem models rarely simulate lower trophic level (LTL) production from physical 18 

conditions; production is usually prescribed or supplied by a separate biogeochemical model. We 19 

tested whether Ecopath with Ecosim (EwE) can reproduce physically controlled LTL dynamics 20 

without a dedicated biogeochemical model. The Strait of Georgia Ecosystem Model of Lower 21 

Trophic Levels (SOGEM-LTL) represents 22 pelagic functional groups in the Strait of Georgia, 22 

Canada, with simplified nutrient dynamics, and is forced offline by a physical-oceanographic 23 

hindcast and an atmospheric reanalysis. We ran it from 1980 to 2018 at a three-day timestep and 24 

evaluated it against observations of spring bloom timing, phytoplankton, dissolved inorganic 25 

nitrogen and zooplankton. Interannual variation in bloom timing emerged from the physical 26 

forcing: the spatial (Ecospace) configuration matched satellite-derived bloom timing (r = 0.77, 27 

mean absolute error 10.5 days) and its early, average or late category in 13 of 14 years, more 28 

closely than a non-spatial (Ecosim) configuration of the same food web (10 of 14). The model 29 

also reproduced the seasonal cycles of nitrogen drawdown and recovery and of crustacean 30 

zooplankton biomass. Simulated variability was generally lower than observed, and skill was 31 

higher for seasonal and phenological indicators than for point-to-cell biomass comparisons. 32 

SOGEM-LTL sits between one-dimensional bloom models and three-dimensional 33 

biogeochemical models, adding trophic resolution at low computational cost and provides a basis 34 

for end-to-end models that link ocean physics to fish through their prey. 35 

Keywords: Ecopath with Ecosim; Ecospace; spring bloom phenology; lower trophic levels; 36 

zooplankton; Strait of Georgia 37 

 38 
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1. Introduction 39 

Ocean conditions shape the timing and magnitude of plankton production, and with it the food 40 

available to fish and other consumers (Cushing, 1971; Friedland et al., 2012; Gargett, 1997; 41 

Kiørboe, 2018; Ratnarajah et al., 2023; Stenseth et al., 2002; Suchy et al., 2022). Linking 42 

changes in fish productivity to ocean conditions is nonetheless difficult: observations are sparse, 43 

dynamics are nonlinear, and the drivers cannot be manipulated experimentally. Models that carry 44 

physical forcing through the food web can help, but the two modelling traditions best placed to 45 

do so each capture only part of the zooplankton link (Mitra et al., 2014; Ratnarajah et al., 2023). 46 

Biogeochemical models simulate production from physical forcing but usually reduce 47 

zooplankton to one or two groups that act mainly as a closure term, and their dynamics are 48 

sensitive to how that term is formulated (Chenillat et al., 2021; Omta et al., 2023). Food-web and 49 

fisheries models resolve consumers in detail but usually take plankton production as an input, 50 

from observations or from biogeochemical and Earth-system models, and their projections 51 

depend on which input is used (Heneghan et al., 2021; Kearney et al., 2021). Yet fish catch 52 

varies far more among ecosystems than primary production does, and much of that difference is 53 

explained by how energy passes from phytoplankton to fish (Stock et al., 2017). In both 54 

modelling traditions, this bridge between physics and fish is the least constrained part of the 55 

model (Mitra et al., 2014; Petrik et al., 2022). 56 

Three-dimensional biogeochemical models that connect physical, chemical and ecological 57 

dynamics are computationally demanding for multi-decadal, ensemble or scenario applications 58 

(Libralato and Solidoro, 2009; Rose et al., 2010), so one approach is to reduce process detail 59 

while maintaining predictive skill (Hannah et al., 2010; Martin et al., 2024). Ecopath with 60 

Ecosim (EwE) is a widely used candidate for such reduced-complexity, end-to-end (E2E) 61 
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applications, but in most EwE applications, which focus mainly on fish and fisheries (Colléter et 62 

al., 2015; Morales-Zárate et al., 2026), primary production is prescribed through forcing 63 

functions, sometimes derived from observed environmental time series (Oka and Sohma, 2026), 64 

or supplied by a biogeochemical model coupled online or used as offline forcing (Akoglu et al., 65 

2015; Araignous et al., 2026; Coll et al., 2020; de Mutsert et al., 2016; Dişa et al., 2024). 66 

Whether EwE alone can reproduce physically controlled LTL dynamics, such as the timing of 67 

the spring bloom, has not been deeply explored. Here, we investigate whether EwE (Christensen 68 

and Walters, 2024) can reconstruct intra-annual LTL dynamics, particularly the Ecospace 69 

module (Walters et al., 1999) forced offline by a physical-oceanographic hindcast and 70 

atmospheric reanalysis (Oldford et al., 2025). Doing so requires transparent evaluation of where 71 

such models are skillful and what their limits are (Fulton et al., 2019; Steenbeek et al., 2021; 72 

Susini and Todd, 2021). 73 

Our case study, the Strait of Georgia (SoG), is a semi-enclosed estuarine sea in the northeast 74 

Pacific (Figure 1) that has experienced gradual and abrupt physical and ecological change since 75 

the late 1970s (Johannessen and Macdonald, 2009; Perry and Masson, 2013; Riche et al., 2014). 76 

Spring bloom timing has become more variable, with the potential to alter the temporal 77 

alignment of phytoplankton, zooplankton and their predators (Allen and Wolfe, 2013; Cushing, 78 

1990; Suchy et al., 2022). Bloom timing in the SoG is controlled mainly by wind-driven mixing 79 

and light, has been hindcast with a one-dimensional model back to 1968, and has been estimated 80 

from satellite observations since 2003 (Allen and Wolfe, 2013; Collins et al., 2009; Suchy et al., 81 

2022). Bloom timing is thus a candidate seasonal ecological indicator to help test whether 82 

physical forcing propagates correctly through a food-web model. Regime shifts and interdecadal 83 

variability have been linked to the productivity of fish stocks (Beamish et al., 2004, 1999; 84 
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Coronado and Hilborn, 1998; Hare and Mantua, 2000; Perry and Masson, 2013; Sobocinski et 85 

al., 2021) and to declines in the early marine survival of juvenile Coho and Chinook salmon 86 

(Pearsall et al., 2021; Ruff et al., 2017; Zimmerman et al., 2015). Changes in the timing, 87 

composition and biomass of LTL prey fields may contribute to these declines and to variation in 88 

Pacific herring productivity (Boldt et al., 2025; Pearsall et al., 2021). Observations alone are 89 

insufficient to reconstruct how production and prey phenology have varied across the SoG over 90 

these decades. 91 

We developed the Strait of Georgia Ecosystem Model of Lower Trophic Levels (SOGEM-LTL), 92 

representing 22 pelagic functional ecological groups. We evaluated its 1980–2018 hindcast 93 

against observations of bloom timing, phytoplankton, nutrients and zooplankton. We asked three 94 

questions: (1) Does interannual variation in spring bloom timing emerge in EwE when primary 95 

production responds directly to physical-oceanographic and atmospheric forcing, without a 96 

dedicated biogeochemical model? (2) Does spatial resolution improve the representation of 97 

bloom timing relative to a non-spatial configuration of the same food web? (3) Do the seasonal 98 

cycles of nutrients, phytoplankton and crustacean zooplankton prey follow the observations, and 99 

which of these indicators does the reconstruction represent most reliably for fisheries and 100 

ecosystem applications? 101 

2. Methods 102 

2.1 Framework and application 103 

EwE is a widely used marine ecosystem modelling framework (Colléter et al., 2015) composed 104 

of three nested sub-models: Ecopath (a static mass-balanced trophic model), Ecosim (a non-105 

spatial time-dynamic extension), and Ecospace (a spatially and temporally explicit 106 
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implementation; 2-D). Each module has a set of core parameters with associated structural 107 

equations summarised in the Supplemental Material (Section S.1; Table S1). We use the 108 

Windows desktop version 6.7 (Christensen and Walters, 2024). Detailed descriptions of the 109 

framework, equations, and plugins are available elsewhere (Christensen and Steenbeek, 2024; 110 

Christensen and Walters, 2024), and the configuration used here is described below.  111 

SOGEM-LTL v1 includes three primary producer groups, three mixotrophic groups 112 

(‘protozooplankton’), five crustacean zooplankton groups, four soft-bodied (gelatinous) groups, 113 

one ichthyoplankton group, three nekton groups, one bacterial group, and two detrital groups 114 

(Figure 2). Functional groupings (Table S2; Table 1) were chosen based on several 115 

considerations including body size, taxonomy, and trophic role. Groupings were chosen to 116 

represent size structure, gelatinous groups, and microbial loop pathways (Section S.2.2). The 117 

parameterisation was informed by local field observations where available; otherwise, other 118 

models or empirical relationships were used to inform the initial parameterisation. Fisheries were 119 

not included because a follow-up model representing upper trophic levels and fisheries is under 120 

development. Basic Ecopath parameters are listed in Table 2, the balanced food web is shown in 121 

Figure 3, and the main configuration settings are summarised in Table 3; further details of the 122 

parameterisation, including biomass, diet, size-class, vulnerability settings, and accompanying 123 

sources and rationale are provided in Section S.2 of the Supplemental Materials (Tables S3–124 

S18). 125 

A regular horizontal grid based on the NEMO-based Hindcast of the Salish Sea v1 (HOTSSea; 126 

Oldford et al., 2025) was used, with an approximately 1.5 km grid spacing, rotated 29° anti-127 

clockwise along the axis of the SoG, clipped to exclude Puget Sound and the Juan de Fuca Strait 128 

to focus on the SoG (Figure 1); forcing was masked near the Fraser River mouth, where turbidity 129 
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could not be estimated reliably (Section S.2.8.3). Our model uses carbon as currency, chosen 130 

primarily for consistency with previous models and to minimize conversion-related error when 131 

evaluating against in situ measurements.  132 

Physical fields from HOTSSea and from the Regional Deterministic Reanalysis System 133 

atmospheric reanalysis, RDRS v2.1 (Gasset et al., 2021), were used to provide external physical 134 

forcings. A custom software framework was used to link Ecosim and Ecospace to the forcings in 135 

an ‘offline’ manner, by reading pre-processed files from the physical ocean and atmospheric 136 

models (Figure S2). The framework also includes sub-models for 3-D to 2-D pre-processing and 137 

for converting 2-D shortwave radiation to photosynthetically active radiation (PAR) integrated 138 

over the euphotic zone (Section S.2.6). Therefore, in the present implementation, coupling is 139 

one-way: physical and atmospheric fields force the biological model, but biology does not feed 140 

back on circulation, stratification, or mixing. Descriptions of the forcing fields and the 3-D to 2-141 

D conversion are provided in Section S.2.3 (Figure S1) and the associated data (Oldford, 2026a) 142 

and code (Oldford, 2026b) are archived on Zenodo. 143 

2.2. LTL representation 144 

Primary Production 145 

In the Ecosim and Ecospace modules, primary productivity is modelled as the product of three 146 

functions representing (1) intra-group or inter-group inhibition (non-specific), (2) nutrient 147 

limitation, and (3) environmental conditions, in addition to an optional primary production 148 

multiplier, Pmult: 149 
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𝜇𝑡 = 𝑓(𝐵𝑡, 𝐵𝑡=0, 𝜇𝑚𝑎𝑥) ⏟          
𝑏𝑖𝑜𝑚𝑎𝑠𝑠,

𝑠ℎ𝑎𝑑𝑖𝑛𝑔,   𝑠𝑒𝑙𝑓−𝑙𝑖𝑚𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑠

× 𝑓(𝑁𝑓)⏟  
𝑛𝑢𝑡𝑟𝑖𝑒𝑛𝑡 𝑒𝑓𝑓𝑒𝑐𝑡𝑠

 × ∏𝑓𝑖(𝑒𝑛𝑣𝑖)

𝑛

𝑖=1⏟        
𝑒𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡𝑎𝑙 

𝑒𝑓𝑓𝑒𝑐𝑡𝑠

× 𝑃𝑚𝑢𝑙𝑡⏟  
𝑝𝑟𝑖𝑚𝑎𝑟𝑦
𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛
𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑖𝑒𝑟

 
Eq. 1 

where µt is population growth rate at time, t, (i.e., equivalently Ecopath’s P/B under 150 

equilibrium), Bt is phytoplankton biomass, Bt=0  is the base Ecopath biomass, µmax is the 151 

maximum phytoplankton growth rate, N represents nutrients (non-specific), and env represents 152 

one of a possible collection of environmental response functions (range: 0-1).  To represent the 153 

limitation of growth due to factors like self-shading and other self-limiting effects, productivity 154 

is assumed to be inversely proportional to biomass:  155 

𝑓(𝐵𝑡, 𝐵𝑡=0, 𝜇𝑚𝑎𝑥) =  
𝜇𝑚𝑎𝑥
1+𝐵𝑡ℎ

 Eq. 2 

where the maximum growth rate, µmax, is parameterised based on an estimate of the ratio of 156 

initial growth rate, µt=0, to a user-set maximum possible growth rate (Christensen and Walters, 157 

2024, 2005).  The h term represents a scalar that is based on the relative realized growth at the 158 

initial biomass:  159 

ℎ =   (
𝜇𝑚𝑎𝑥

𝜇𝑡=0
− 1)/𝐵𝑡=0 Eq. 3 

A parameter representing the maximum production relative to the initial conditions, µmax-r, is 160 

used to calculate µmax, including effects on productivity attributed to intra-group inhibition (e.g., 161 

self-shading, allelopathy).  162 

Primary production in SOGEM-LTL was parameterised to be controlled by light and nutrients, 163 

with moderate turbulence typical of the transition from winter to spring particularly important for 164 

bloom-forming diatoms (Gargett, 1997; Li et al., 2000). The PP1-DIA group, representing 165 

diatoms, was parameterised based on the hypothesis that high division rates under high-nutrient 166 
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and moderately turbulent conditions are the primary mechanism enabling the seasonal 167 

dominance of this group. While bloom onset in many regions aligns with the mixed layer depth 168 

(MLD; the pycnocline or halocline; Sarmiento and Gruber, 2006), strong tidal mixing and 169 

freshwater buoyancy input in the SoG continuously disrupt simple stratification patterns (Collins 170 

et al., 2009). A more useful indicator than MLD may therefore be the depth of the turbulence-171 

defined mixing layer (XLD, i.e., “turbocline”; Allen and Wolfe, 2013; Behrenfeld and Boss, 172 

2014; Franks, 2015; Huisman et al., 2004, 1999). We therefore used XLD from HOTSSea to 173 

help calculate the irradiance received by phytoplankton (Figure S2).  174 

Environmental responses  175 

Environmental responses can be parameterised in Ecosim and Ecospace to help represent 176 

environmental effects on growth, consumption, foraging, and mortality of functional groups 177 

(Christensen et al., 2014). Using a spatiotemporal framework built for the Ecospace module 178 

(Steenbeek et al., 2013), external spatiotemporal data were assimilated at each timestep. The 179 

spatiotemporal driver data were then combined with the defined environmental responses to 180 

determine the overall response of a given functional group to environmental factors.  181 

Photosynthesis-irradiance (PI) responses were parameterised in SOGEM-LTL for each 182 

autotrophic and mixotrophic group as environmental responses to irradiance, scaling growth 183 

according to PAR. We adopted a simple structure that yields a Blackman-like shape (Aalderink 184 

and Jovin, 1997; Jassby and Platt, 1976), convenient in its simplicity and because it corresponds 185 

to the built-in EwE ‘right-shoulder’ response: 186 

µ(𝐼) = {
𝛼𝐼, 𝐼 < 𝐼𝑜𝑝𝑡
1, 𝐼 ≥ 𝐼𝑜𝑝𝑡

 Eq. 4 
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where µ(I) is the ‘environmental response’ [0,1] to irradiance. Assuming growth is zero in 187 

complete darkness and thus α = 1/Iopt
 only the Iopt parameter (W m⁻² of depth-integrated PAR) is 188 

required. The EwE ‘right-shoulder’ setup requires three parameters with the ‘right point’ 189 

parameter corresponding to Iopt. Further details are provided in Section S.2.7 (Tables S23–S24). 190 

Temperature control on phytoplankton growth was parameterised using a custom response based 191 

on a piecewise Gaussian thermal performance curve: 192 

µ(𝑇) =  {
exp(−𝑎(𝑇 − 𝑇𝑜𝑝𝑡)

2
), 𝑇 ≤ 𝑇𝑜𝑝𝑡  

exp(−𝑏(𝑇𝑜𝑝𝑡 − 𝑇)
2
), 𝑇 > 𝑇𝑜𝑝𝑡

    
Eq. 5 

where T is temperature (°C), Topt the cardinal optimum, and a and b (°C−2) independently set the 193 

cold-side and warm-side curvature, respectively. This formulation is similar to the one used in 194 

other regional models (Khangaonkar et al., 2021, 2012) and retains a useful relationship between 195 

the cold-side tuning parameter, a, and reported Q10 when it is defined relative to the optimum 196 

(e.g., Anderson et al., 2021), where: 197 

𝑄10 =
𝑓(𝑇𝑜𝑝𝑡)

𝑓(𝑇𝑜𝑝𝑡 − 10°C)
= 𝑒𝑎(10°C)

2
  →   𝑎 =  ln(𝑄10) /(10°C)

2 
Eq. 6 

The structure captures the empirically observed rise to an optimum followed by a decline at high 198 

temperature. For heterotrophs, cardinal temperatures (Tmin, Topt, Tmax) describing thermal niche 199 

envelopes are often all that is available in the literature (e.g., Kaschner et al., 2023), which can 200 

be accommodated:  201 

𝑎 = −
ln(𝜀1)

(𝑇𝑜𝑝𝑡 − 𝑇𝑚𝑖𝑛)2
  

Eq. 7 

and 202 
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𝑏 = −
ln(𝜀2)

(𝑇𝑚𝑎𝑥 − 𝑇𝑜𝑝𝑡)2
 

Eq. 8 

where ε1 and ε2 are the relative responses (0–1) at Tmin and Tmax, respectively. The 203 

parameterisation with respect to zooplankton and the parameters used for all groups are provided 204 

in Section S.2.7 (Tables S25–S29; Figure S3). 205 

Nutrients  206 

EwE represents a simplified nutrient cycle in which a single generic nutrient constrains primary 207 

production, while the redistribution of nutrient between free and bound forms is driven by 208 

changes in biomass and external nutrient inputs (optionally). To represent the effect of nutrient 209 

limitation on primary production, the framework’s nutrient formulation partitions a single 210 

generic nutrient pool into a free component and a component bound in biomass. Total nutrient is 211 

therefore treated conceptually as: 212 

𝑁tot = 𝑁free + 𝑁bound Eq. 9 

where Nfree denotes nutrients available for uptake and Nbound denotes nutrients incorporated into 213 

living biomass and other organic pools. In this formulation, nutrients are handled implicitly 214 

through mass balance and mediation of production; the model does not track a prognostic 215 

dissolved nutrient state variable in the same manner as a full biogeochemical model. Initial 216 

conditions are specified through the proportion of total nutrient that is free: 217 

𝑝free =
𝑁free

𝑁free + 𝑁bound
 Eq. 10 

which determines how the total nutrient inventory is partitioned at the start of the simulation. In 218 

its simplest form, this representation treats the nutrient pool as a single generic currency and 219 

applies nutrient limitation broadly across primary producer groups rather than resolving multiple 220 
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nutrients or group-specific internal stoichiometry. Primary production is then coupled to nutrient 221 

availability through a saturating function referenced to the initial free nutrient inventory 222 

(Christensen and Walters, 2024): 223 

𝑓(𝑁𝑓) =  
2𝑁𝑓,𝑡

𝑁𝑓,𝑡+𝑁𝑓,𝑡=0
 Eq. 11 

Using this formulation, free nutrients may increase relative to the initial condition and producer 224 

growth rates may accordingly increase by a maximum factor of two. The nutrient multiplier is 225 

equivalent to a scaled Michaelis–Menten function in which the half-saturation constant is set 226 

equal to the baseline nutrient concentration, consistent with the expectation that natural selection 227 

adjusts half-saturation constants relative to ambient nutrient concentrations (Crowley, 1975).  228 

For the SOGEM-LTL parameterisation, nitrogen was adopted as the reference nutrient for 229 

parameterisation because dissolved inorganic nitrogen is generally considered the macronutrient 230 

limiting phytoplankton production in the SoG (Harrison et al., 1983; Olson et al., 2020), 231 

although other nutrients, including silica and iron, may become limiting at certain times. Effort 232 

was made to parameterise SOGEM-LTL to represent surface waters that become seasonally 233 

replenished with nutrient-replete deeper water, followed by nutrient drawdown during spring and 234 

summer due to uptake by primary producers and increased stratification. At the scale of the 235 

SOGEM-LTL domain, terrestrial nutrient inputs are relatively minor compared with marine 236 

sources (Mackas and Harrison, 1997; Sutton et al., 2013). Accordingly, the initial free fraction 237 

was parameterised from observed nitrate plus nitrite inventories in the upper 20 m of the water 238 

column (Fisheries and Oceans Canada, 2025; Pacific Salmon Foundation (PSF), 2025). 239 

Additional details on the data sources, calculations, and rationale are provided in Section S.2.4 240 

(Table S19). 241 
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Because the EwE framework does not explicitly resolve vertical water-column structure, 242 

seasonal nutrient resupply was represented with Ecosim’s ‘nutrient-loading function’, driven by 243 

an empirical proxy derived from the HOTSSea model’s XLD field, which varies in response to 244 

wind, tides, buoyancy forcing, and estuarine circulation. Within Ecospace, spatial variation in 245 

this effect was represented using the standard ‘relative primary productivity’ map, with 246 

normalized spatial forcing maps derived from the same XLD fields and applied across the model 247 

domain. Thus, in both modules, XLD was used as an empirical proxy to address the issue of 248 

moving from 3-D to 2-D while representing the process of nutrient resupply to the productive 249 

surface layer. 250 

Detrital pathways 251 

Two detrital groups were included in the model: the DE1-POC group represents particulate 252 

organic carbon (POC) and the DE2-DOC group represents dissolved organic carbon (DOC). 253 

Flow to each detrital group was parameterised specifically for each ecological functional group. 254 

Total detritus was distributed evenly between the two detrital pools, given a lack of data to use to 255 

better differentiate.  256 

SOGEM-LTL omits much of the upper trophic levels, which would divert a portion of flows 257 

away from immediate detrital pathways. Detrital flows from the top trophic levels in this 258 

truncated model would therefore be overestimated. Using a previously developed organic carbon 259 

budget (Johannessen et al., 2003), we estimated that roughly one-third of new production is 260 

exported rapidly from the photic zone as POC and is either buried or oxidized within sediments 261 

or in the water column. A portion of the detrital flux from these groups was therefore adjusted to 262 

be sent to export. Further details of the model parameterisation with respect to detritus are 263 

provided in Section S.2.5 (Tables S20–S22). 264 
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2.3. Numerical configuration and calibration 265 

Temporal configuration 266 

EwE uses 12 timesteps per model time unit; by default, rates are annual and the timestep is 267 

monthly.  We treated each model unit as one-tenth of a calendar year and multiplied annual rate 268 

parameters by 0.1, giving 120 intervals per calendar year, each approximately three days long. 269 

Days 1–357 were divided into 119 consecutive three-day blocks, and the final block covered the 270 

remaining days (days 358–365, or 358–366 in leap years). All forcing fields were converted 271 

using the same mapping. The choice of temporal resolution balanced several considerations, 272 

including resolving bloom dynamics, the desire to use a consistent numeric integration scheme 273 

across functional groups, and working within the software’s simulation limit of 500 years (i.e., 274 

maximum 500 model time units would equate to a 50-year hindcast in the present setup). The 275 

1980–2018 Ecospace hindcast, run multithreaded, required approximately 35 minutes including 276 

output writing on a desktop computer (AMD Ryzen 9 7900X, 12 cores, 32 GB DDR5 RAM). 277 

Spin-up 278 

Two modifications were made to account for the increased temporal resolution during 279 

Ecospace’s spin-up procedure. First, climatological means of the forcing fields were used for the 280 

initial 12 timesteps, over which the framework’s spin-up procedure iterates. The spin-up repeated 281 

for the equivalent of 5 years. Then, the 1980 forcing was repeated for two further years to extend 282 

equilibration, labelled “1978” and “1979”, and output for those “years” was excluded from 283 

evaluation (Section S.2.8.1; Table S30). 284 
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Parameterisation and calibration sequence 285 

The initial parameterisation followed standard steps (Christensen and Walters, 2024; Heymans et 286 

al., 2016): (i) Ecopath diagnostics of mass balance and consistency with ecological theory 287 

(Christensen and Walters, 2024; Link, 2010), with PREBAL diagnostics shown in Figure S4; (ii) 288 

configuration and calibration of Ecosim, with vulnerability multipliers kept near their default (γ 289 

= 2; lower values imply predators close to carrying capacity) and other parameters close to their 290 

defaults (Table S15); and (iii) configuration of Ecospace, with movement and dispersal 291 

parameters kept near their default values following general guidance (de Mutsert et al., 2023). 292 

Dispersal rates are given in Table S16. Model parameters were calibrated against available 293 

observations, within bounds constrained by empirical estimates, literature values, and ecological 294 

theory. Calibration was not exhaustive and most parameters were kept near their initial values. 295 

No observations were withheld for independent evaluation; reported skill metrics therefore 296 

describe calibrated hindcast performance. Zooplankton survey data (1996–2018) informed initial 297 

Ecopath biomasses and were also used for evaluation, and nitrate observations informed the 298 

initial free-nutrient fraction and were also used for evaluation; for these components, reported 299 

skill is not independent of model development. Bloom-timing series, QU39 phytoplankton 300 

counts and seasonal phytoplankton estimates were not used to set parameters, although 301 

calibration choices were made with knowledge of the bloom-timing comparison. 302 

2.4. Evaluation design 303 

Evaluation data and comparison design 304 

We evaluate the calibrated hindcast against observations of (1) spring phytoplankton bloom 305 

timing, (2) intra-annual phytoplankton community variability, (3) seasonal nutrient patterns, and 306 

(4) seasonal zooplankton biomass (Table 4). Where observations also informed parameterisation 307 
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or calibration, comparisons assess calibrated hindcast performance rather than independent 308 

predictive skill. Matching, transformations, and aggregation differed among datasets as described 309 

below. Performance was assessed using bias, mean absolute error (MAE), root mean square error 310 

(RMSE), Pearson’s correlation coefficient (r), and the Willmott Skill Score (WSS). Error metrics 311 

retain the units of the evaluated variable; for standardised anomalies, they are dimensionless. 312 

Equations are provided in Section S.3.2. 313 

Spring bloom timing 314 

Spring bloom timing was evaluated against satellite-derived estimates for the SoG reported by 315 

Suchy et al. (2022) for 2003–2016. SOGEM-LTL output was extracted from grid cells within a 316 

mask approximating the satellite analysis area. For each 3-day model timestep, total 317 

phytoplankton biomass was calculated as the sum of the diatom (PP1-DIA), nanophytoplankton 318 

(PP2-NAN), and picophytoplankton (PP3-PIC) groups. The masked field was then reduced to a 319 

single time series using the spatial median across ocean cells. 320 

Bloom initiation was defined using a threshold rule chosen to approximate that of Suchy et al. 321 

(2022): the first date in a given year when biomass exceeded 1.05 times the annual median and 322 

was followed by sustained elevated biomass, here defined as at least two of the next four model 323 

outputs remaining above 70% of that threshold. Bloom years were further classified as early (day 324 

of year ≤ 68), average (days 69–107), or late (day of year ≥ 108), following Suchy et al. (2022). 325 

In addition to standard timing statistics, we recorded the number of years in which the model and 326 

observations agreed in bloom category. Bloom timing was also evaluated against the one-327 

dimensional bloom-model hindcast (Allen and Wolfe, 2013; Collins et al., 2009), hereafter C09, 328 

and outputs from the non-spatial SOGEM-LTL Ecosim configuration using the same general 329 
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bloom-detection framework. Further details of the C09 and Ecosim comparisons are provided in 330 

Section S.3.3. 331 

To illustrate seasonal and spatial phytoplankton development, Ecospace output was also 332 

compared with the 8-day MODIS-Aqua chlorophyll a composites underlying the satellite bloom 333 

series (2003–2016; Suchy et al., 2022), each source expressed relative to its own seasonal 334 

median; spatial agreement was summarised as the correlation across grid cells between the 335 

monthly maps (Section S.3.3). 336 

Primary Productivity and Phytoplankton 337 

The annual primary production implied by the balanced EwE parameterisation was compared to 338 

empirical estimates compiled from literature (Table S32). Seasonal phytoplankton community 339 

composition and absolute biomass estimates from a previous Ecopath model were also used for 340 

comparison (McEwan et al., 2023).  341 

To evaluate the model’s representation of phytoplankton temporal variability, 110 microscopy-342 

based samples collected at station QU39 in the northern SoG during 2016–2018 were used (Del 343 

Bel Belluz, 2024). Because the observations were reported as cell counts and robust group-344 

specific conversions to carbon were not available for all taxa, evaluation focused on relative 345 

temporal variability rather than absolute biomass. Species-level counts were first summed to the 346 

observational classes corresponding to the Ecospace functional groups PP1-DIA, PP2-NAN, 347 

PP3-PIC, and PZ2-DIN, and each observation was matched to the closest Ecospace grid cell and 348 

model timestep. Observed and modelled values were then log-transformed and expressed as 349 

standardised departures from the group-specific annual mean, using the standard deviation of the 350 

monthly means for normalization. Monthly distributions of the standardised departures from the 351 

annual means were compared to assess whether the model reproduced the seasonal timing and 352 
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relative magnitude of phytoplankton variability. Light microscopy does not resolve 353 

picophytoplankton, so the PP3-PIC comparison used Pyramimonadophyceae as an indicator 354 

taxon; because these prasinophytes are mostly nano-sized and are otherwise grouped with PP2-355 

NAN (Table 1), this comparison is indicative only. Further details of the data preparation and 356 

comparison are provided in Section S.3.4 (Table S33). 357 

Nutrients 358 

Nitrate plus nitrite observations were compiled from Institute of Ocean Sciences bottle data and 359 

other sources (Fisheries and Oceans Canada, 2025; Pacific Salmon Foundation (PSF), 2025), 360 

standardised to common fields and assigned to the nearest SOGEM-LTL grid cell. Observations 361 

were converted to cast-level nutrient inventories over the 0.1–20.0 m layer using trapezoidal 362 

integration. Casts were retained when they had at least two sampled depths, the shallowest within 363 

2 m of 0.1 m and the deepest within 2 m of 20.0 m; concentrations at the layer boundaries were 364 

then set to the nearest measured value. Cast-level inventories were expressed in areal units (g N 365 

m−2).  366 

For model evaluation, dissolved inorganic nitrogen was not available as a direct EwE output and 367 

was therefore reconstructed post hoc as a vertically integrated free-nitrogen inventory. In both 368 

the Ecosim (non-spatial) and Ecospace (spatial) modules, this was done by closing an areal 369 

nitrogen budget in which nitrogen bound in model biomass pools was estimated from modelled 370 

biomasses using group-specific C:N multipliers. Free dissolved nitrogen was calculated as the 371 

residual required to satisfy the prescribed total nitrogen inventory. This quantity should therefore 372 

be interpreted as a diagnostic reconstruction of a generic dissolved nitrogen inventory rather than 373 

as a native prognostic tracer simulated by the model.  374 
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In the assessment of Ecosim results, observations were matched to the model in time rather than 375 

space: cast-level inventories were first reduced to a single value per sampling date, matched to 376 

the nearest 3-day Ecosim timestep, and then aggregated to year × biweekly bins prior to 377 

climatology construction. In the assessment of Ecospace results, the same observational 378 

screening criteria were applied, but model values were extracted from the spatial domain at the 379 

corresponding grid cells. Skill was evaluated both using a one-to-one observation versus model 380 

output paired table and using a year × biweekly aggregated pairing, allowing comparison 381 

between individual cast-level matched pairs and a temporally smoothed representation. Further 382 

details of nutrient processing and evaluation are provided in Section S.3.5. 383 

Zooplankton  384 

Zooplankton survey data from the SoG (1996–2018; 2000–2018 used for evaluation, Section 385 

S.3.6) were used to evaluate SOGEM-LTL against observed seasonal biomass patterns (Fisheries 386 

and Oceans Canada, 2023; Perry et al., 2021). Tow selection, areal integration over each tow’s 387 

depth range and seasons (winter = December of the preceding year to February) followed Perry 388 

et al. (2021) and reproduced their published annual anomalies; survey taxa were assigned to 389 

model groups by taxonomy (Section S.3.6). Each tow was matched to the nearest model grid cell 390 

and timestep, and the matched tow-level dataset was used for seasonal boxplots and skill 391 

statistics. 392 

Because survey effort before 2013 was sparse and irregular (Table S35), interannual variability 393 

was evaluated only as annual anomalies of total crustacean biomass for 2015–2018, the only 394 

years sampled in every season, calculated identically for observations and tow-matched model 395 

output (Perry et al., 2021; Section S.3.6). The relationship between bloom timing and spring 396 

crustacean biomass was tested after adjusting tow biomass for sampling date (Section S.3.6). 397 
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3. Results 398 

3.1. Spring bloom phenology 399 

SOGEM-LTL Ecospace reproduced interannual variation in satellite-derived bloom timing for 400 

2003–2016 in 13 of 14 years (93%) for the early/average/late bloom category, with good 401 

continuous skill (r = 0.77, MAE = 10.5 d, bias = 1.4 d, WSS = 0.86; Table 5, Figure 4). By 402 

comparison, the Ecosim configuration showed less agreement with the satellite record, matching 403 

10 of 14 years (71%) and yielding weaker skill statistics (r = 0.65, MAE = 12.9 d, WSS = 0.75). 404 

Comparisons of Ecosim and Ecospace outputs against the C09 bloom-timing series showed 405 

weaker agreement, with r = 0.36–0.38 and 44–46% of years in the same category (Figure 4; 406 

Table 5). For reference, the C09 model itself agreed with the satellite record about as closely as 407 

Ecospace (r = 0.77, MAE = 11.1 d, WSS = 0.80; 11 of 14 years correctly categorised; Table 5). 408 

Satellite chlorophyll a and modelled phytoplankton followed a similar seasonal cycle, with a 409 

spring maximum in April–May and a smaller autumn increase, but modelled variability was 410 

strongly damped (log–log slope 0.08) and week-to-week variation was not reproduced (r = 0.18 411 

after removing the seasonal cycle; Figure 5). The satellite spring increase was concentrated in the 412 

central and southern SoG; relative to that pattern, Ecospace was high in the southern passages 413 

and low east of the Fraser River plume (within-month spatial r = −0.10 to 0.33; Figure 6). 414 

3.2. Primary productivity and phytoplankton  415 

The annual primary production implied by SOGEM-LTL’s balanced Ecopath parameterisation 416 

was 374 g C m⁻² yr⁻¹, within the range of several previous estimates for the SoG (Table S32). At 417 

the seasonal scale, phytoplankton biomass and composition were broadly comparable with the 418 

reference values for both the Ecosim and Ecospace module outputs (Figure 7). However, the 419 
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amplitude of simulated diatom variability was lower than in the reference estimates, indicating 420 

that the model captured the broad seasonal pattern more successfully than the full magnitude of 421 

variation.  422 

At station QU39, comparison with empirical data showed that SOGEM-LTL reproduced the 423 

seasonal pattern of phytoplankton variability, but generally underestimated the spread of 424 

observed variability, particularly from spring through fall (Figure 8). Agreement in standardised 425 

departures was strongest for dinoflagellates (r = 0.61, WSS = 0.76) and diatoms (r = 0.58, WSS 426 

= 0.74), intermediate for picoplankton (r = 0.45, WSS = 0.66), and weakest for 427 

nanophytoplankton (r = 0.26, WSS = 0.43; Table S34). The lower modelled intra-month 428 

variability relative to the observations further indicates damped simulated variability, especially 429 

for nanophytoplankton. This agreement came from the shared seasonal cycle: the model’s own 430 

monthly climatology matched the observations as closely (r = 0.29–0.62), and departures from 431 

that climatology were not correlated (r = −0.16 to 0.27). 432 

3.3. Nutrients 433 

Observed dissolved inorganic nitrogen inventories were strongly seasonal, with clear winter 434 

maxima and marked spring-summer depletion (Figure 9). Both model configurations reproduced 435 

this in diagnostically reconstructed free-nitrogen inventories, but the Ecosim module more 436 

closely tracked the observed seasonal drawdown and recovery than did the Ecospace module. 437 

Ecosim achieved moderate skill (n = 68, bias = -0.61 g N m−2, r = 0.64, WSS = 0.70), whereas 438 

Ecospace showed lower correspondence (n = 66, bias = 0.58 g N m−2, RMSE = 1.48 g N m−2, r = 439 

0.50, WSS = 0.59). In the climatological comparison, Ecospace tended to maintain excess free 440 

nitrogen through much of spring and summer, producing a weaker seasonal drawdown than 441 
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observed. An individual cast-level matched Ecospace comparison showed worse agreement (n = 442 

1551, r = 0.29, RMSE = 1.94 g N m−2, WSS = 0.52; Figure S5).  443 

3.4. Zooplankton biomass  444 

SOGEM-LTL Ecospace outputs reproduced the seasonal cycle in zooplankton biomass (Figure 445 

10). For the euphausiid-dominated ZC1-EUP group, both model and observations showed low 446 

biomass in winter and spring and higher biomass in summer and fall. Similar agreement was 447 

evident for the amphipod-dominated ZC2-AMP group, although summer biomass was 448 

underestimated. There was at least one seasonal mismatch per group, with the model tending to 449 

underestimate biomass and lag the observed seasonal increase.  450 

Across all crustacean groups and seasons, absolute biomass agreement was modest (r = 0.43, 451 

WSS = 0.54; Table S37, Figure S8). Modelled variability was generally lower than observed; for 452 

crustacean zooplankton, the standard deviation of log-transformed tow-matched model biomass 453 

was approximately half that of the observed tow biomass (Table S37). Results for soft-bodied 454 

zooplankton are given in Table S38 and Figures S7 and S9. In both model configurations, years 455 

with earlier simulated blooms had higher simulated spring crustacean zooplankton biomass at the 456 

surveyed tows after adjusting for sampling date (Ecospace r = −0.61; Ecosim r = −0.77; n = 17 457 

years), and over the full 1980–2018 hindcast (Ecospace r = −0.73; Ecosim r = −0.79; n = 39). 458 

Observed spring biomass, adjusted in the same way, was not significantly related to bloom 459 

timing (r = −0.23 against C09, n = 17; r = −0.16 against the satellite series, n = 12; Table S39, 460 

Figure S10). Observed and modelled annual anomalies of total crustacean biomass for 2015–461 

2018 were positively but not significantly correlated (r = 0.92, p = 0.08, n = 4; Table S36, Figure 462 

S6). 463 
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4. Discussion  464 

4.1. Physics-forced bloom phenology in EwE 465 

The central result of this study is that interannual variation in spring bloom timing emerged from 466 

physical forcing within EwE. Unlike most EwE applications, in which primary production is 467 

prescribed or supplied by a biogeochemical model (Section 1), bloom timing in SOGEM-LTL 468 

was not prescribed, yet the Ecospace configuration matched the satellite-derived bloom category 469 

in 13 of 14 years, with skill comparable to that of the C09 one-dimensional model developed 470 

specifically to hindcast bloom timing in the SoG, where timing is controlled mainly by wind-471 

driven mixing and light (Allen and Wolfe, 2013; Collins et al., 2009). The physical controls on 472 

the spring transition were therefore carried through EwE’s environmental response functions and 473 

trophic dynamics at a three-day timestep. To our knowledge, this is the first EwE application in 474 

which bloom timing emerges from physical forcing rather than being prescribed. 475 

The approach rests on configuration choices that are transferable to other EwE applications. 476 

Rescaling model time so that each model time unit represents one-tenth of a calendar year 477 

permits a three-day timestep over multi-decadal simulations within the software’s run-length 478 

limit. Light- and temperature-response functions applied within Ecosim and Ecospace allow 479 

primary production to respond directly to fields from a physical-oceanographic hindcast and an 480 

atmospheric reanalysis. An empirical proxy derived from turbulent mixing-layer depth represents 481 

vertical nutrient resupply in a model without a vertical dimension, and dissolved inorganic 482 

nitrogen can be reconstructed after the run by closing a nitrogen budget. Together, these allow 483 

EwE to act as the LTL component of a physics-forced, end-to-end-capable model at a fraction of 484 

the computational cost of a three-dimensional biogeochemical model, using a single, 485 
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documented workflow (Oldford, 2026a, 2026b). The full 1980–2018 Ecospace hindcast runs in 486 

about 35 minutes on a desktop computer (Section 2.3). The evaluation lessons extend beyond 487 

EwE: matching the spatial and temporal support of model output and observations, and 488 

accounting for sampling dates that vary among years, apply to any process model evaluated 489 

against irregular survey or monitoring data (Jakeman et al., 2024). 490 

4.2. Trophic resolution relative to biogeochemical and fisheries applications of EwE 491 

Representation of the zooplankton link is a notable feature of SOGEM-LTL. Zooplankton 492 

channel changes in primary production to fish and other upper-trophic-level consumers, yet their 493 

functional diversity and seasonal dynamics remain difficult to represent in marine ecosystem 494 

models (Eddy et al., 2021; Mackas et al., 2012; Mitra et al., 2014; Ratnarajah et al., 2023). 495 

Rather than the one or two zooplankton groups of conventional nutrient–phytoplankton–496 

zooplankton–detritus (NPZD) configurations, SOGEM-LTL resolves three pathways by which 497 

production reaches, or bypasses, fish (Section S.2.2). Size structure separates pico-, nano- and 498 

diatom-dominated production, and small from large crustacean grazers, with diets constrained by 499 

predator–prey size ratios (Hansen et al., 1994). A microbial loop of bacteria, heterotrophic 500 

nanoflagellates, ciliates and dinoflagellates recycles dissolved organic carbon and links small 501 

phytoplankton to mesozooplankton (Azam et al., 1983; Calbet and Landry, 2004). A gelatinous 502 

‘jelly web’ of four groups, from scyphozoans to larvaceans, competes with crustaceans for prey 503 

and can act either as a trophic dead end or as prey for fish (Hays et al., 2018; Lamb et al., 2019). 504 

Seasonal cycles in these groups were not prescribed; they emerged from physical forcing, 505 

nutrient constraints and trophic interactions, constrained by the underlying trophic and mortality 506 

parameters rather than by fixed seasonal grazing or mortality schedules (Omta et al., 2023; 507 

Talmy et al., 2024). Bacteria, heterotrophic nanoflagellates and ciliates could not be evaluated 508 
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against local observations, so the microbial pathway remains the least constrained part of the 509 

food web. 510 

SOGEM-LTL should be viewed as complementary to, rather than a replacement for, more 511 

process-rich regional biogeochemical models. Three-dimensional biogeochemical models remain 512 

essential for questions involving oxygen, export production, vertical biogeochemical structure, 513 

and fully coupled interactions with ocean circulation (e.g., Holdsworth et al., 2021; Jarníková et 514 

al., 2022; Khangaonkar et al., 2012). In the SoG, SOGEM-LTL sits between the one-dimensional 515 

C09 model, which hindcasts bloom timing from wind, light and mixing with a minimal food web 516 

(Allen and Wolfe, 2013; Collins et al., 2009), and the three-dimensional SalishSeaCast model, 517 

which resolves vertical structure and circulation but prescribes mesozooplankton grazing as a 518 

seasonal cycle rather than simulating mesozooplankton (Olson et al., 2020; Soontiens et al., 519 

2016; Soontiens and Allen, 2017). Like other models of intermediate complexity, it offers a 520 

different set of advantages (Hannah et al., 2010): long hindcasts, relatively rapid scenario 521 

exploration, and direct generation of seasonal prey-field indicators.  522 

4.3. Spatial resolution and prey-field dynamics 523 

The spatial Ecospace configuration reproduced bloom timing more closely than the non-spatial 524 

Ecosim configuration (r = 0.77 versus 0.65; 13 versus 10 of 14 years), although both share the 525 

same food web and similar parameter values. One possible reason is that the non-spatial 526 

configuration applies nonlinear light, temperature and nutrient responses to domain-averaged 527 

forcing, whereas Ecospace applies them locally before biomass is summarised over the domain; 528 

resolving spatial variation in mixing and light may therefore improve the timing of the domain-529 

scale spring transition. Because this follows from averaging forcing before applying nonlinear 530 

responses, an instance of Jensen’s inequality, (Jensen, 1906; Ruel and Ayres, 1999) non-spatial 531 
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Ecosim applications driven by area-averaged forcing may misplace the timing of seasonal 532 

transitions. Spatial resolution did not improve every indicator: Ecosim reproduced the seasonal 533 

nutrient drawdown more closely than Ecospace (Section 3.3), possibly because of the penalty-534 

only environmental responses discussed in Section 4.4. In both model configurations, earlier 535 

simulated blooms were followed by higher spring biomass of the crustacean zooplankton that are 536 

important prey for Pacific herring and juvenile Pacific salmon, consistent with the match–537 

mismatch mechanisms that motivate the model (Cushing, 1990; Suchy et al., 2022). The survey 538 

data did not show this relationship, but with 17 irregularly sampled years and between-year 539 

variability in observed spring biomass (yearly means of date-adjusted tows) about three times 540 

that simulated, they had little power to detect it. Observed and modelled annual crustacean 541 

anomalies were nonetheless positively, but not significantly, correlated for 2015–2018 (Section 542 

3.4). The reconstruction also extends bloom timing and prey fields back to 1980, before the 543 

satellite record; these reconstructed conditions are best treated as hypotheses, for example in 544 

analyses of Pacific herring recruitment and Pacific salmon survival. 545 

The model reproduced the timing of the spring transition (Table 5, Figure 4) more successfully 546 

than later-season dynamics, when it underestimated phytoplankton variability, nitrogen 547 

drawdown in Ecospace and summer zooplankton biomass (Figure 8, Figure 9 and Figure 10). A 548 

possible explanation for the poorer fit for later-season community succession is that it is affected 549 

more strongly by grazing, trophic mediation, vertical fluxes, species turnover, episodic forcing, 550 

and nonlinear interactions among phytoplankton, mixotrophs, and metazoan consumers (Sommer 551 

et al., 2012; Suchy et al., 2025). These processes were simplified in SOGEM-LTL. Damped 552 

variability relative to observations is not unique to SOGEM-LTL: in SalishSeaCast, 553 

mesozooplankton grazing follows a prescribed seasonal cycle, so mesozooplankton has no 554 
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interannual variability of its own (Olson et al., 2020). It nonetheless remains an important 555 

limitation for interpreting the magnitude of events. Modelled phytoplankton variability was 556 

similarly damped relative to satellite chlorophyll (Figure 5), partly because near-surface 557 

chlorophyll also responds to mixed-layer depth and chlorophyll-to-carbon ratios, which need not 558 

change areal biomass. 559 

4.4. Limitations 560 

Evaluation was constrained by sparse and patchy observations. Pairing individual casts or tows 561 

with single grid cells and three-day outputs gave poor agreement (dissolved inorganic nitrogen r 562 

= 0.29, Figure S5; crustacean zooplankton r = 0.43, Figure S8), whereas monthly to seasonal 563 

summaries retained the broad seasonal structure (Figure 8, Figure 9, Figure 10). Because 564 

plankton are patchy (Haury et al., 1978; McGillicuddy and Franks, 2019), single samples can 565 

differ from grid-cell means even where the model is correct; survey indices estimated at the 566 

model’s support with spatiotemporal statistical models (Anderson et al., 2025; Gelfand et al., 567 

2001; Thorson et al., 2015) would provide a firmer basis for future evaluation. Where biomass 568 

changes rapidly within a season, sampling dates that vary among years also bias season-year 569 

means (Jakeman et al., 2024), and zooplankton sampling before 2013 was too sparse and 570 

irregular for seasonal interannual comparison (Perry et al., 2021). 571 

Choices concerning spatial and temporal resolution, ecological aggregation, initial conditions, 572 

and parameterisation should be distinguished from limitations intrinsic to the EwE framework. 573 

The omission of advection removes an ecologically important process in a system where 574 

estuarine circulation, lateral transport, and advective seeding may affect both bloom 575 

development and zooplankton biomass (e.g., Gower et al., 2013). Ecospace advection was 576 

disabled because, with three-day averaged currents, it did not conserve mass and produced 577 



Page 28 of 56 

 

unrealistic biomass oscillations in preliminary tests (Section S.2.8.4). In the present 578 

configuration, spatial patterns therefore arise from spatially varying physical forcing acting on 579 

local production, trophic interactions and diffusive dispersal among neighbouring cells, rather 580 

than from the redistribution of biomass by currents or directed movement; ‘spatially resolved’ 581 

should be read in this sense. Light within the water column was estimated using a proxy PAR 582 

sub-model and several influential Ecosim and Ecospace parameters, including predator-prey 583 

vulnerability multipliers and movement-related settings, were not exhaustively tuned. The 584 

configuration also truncates the wider food web, omitting most upper-trophic-level groups, 585 

simplifying or excluding some predation, recycling, detrital, and nutrient-partitioning pathways.   586 

Our study also highlighted limitations intrinsic to the EwE framework. EwE’s single generic 587 

nutrient currency means the framework cannot directly represent multiple nutrient tracers or 588 

coupled biological feedbacks to circulation in the manner of tracer-rich regional biogeochemical 589 

or Earth-system models (Christian et al., 2022; Sigmond et al., 2023). The lack of a vertical 590 

dimension means that seasonal nutrient resupply had to be approximated empirically, rather than 591 

calculated from mechanistic vertical nutrient fluxes. Representing nutrients as inert biomass 592 

pools linked to production through mediation may provide another option, but this approach was 593 

not tested here. Environmental responses in the current EwE implementation are also effectively 594 

penalty-only: they readily suppress realised production under unfavourable conditions but offer 595 

less flexibility for representing enhanced rates under particularly favourable conditions. The 596 

SOGEM-LTL workaround (Ecosim production multipliers; Table S31) addressed this only partly 597 

and differed between Ecosim and Ecospace. This structural limitation may have contributed to 598 

the weaker Ecospace nutrient drawdown, but its influence cannot be isolated without targeted 599 

sensitivity experiments. Finally, EwE tracks one principal biomass or energy currency at a time, 600 
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whereas observations and ecological processes may require conversions that can introduce 601 

uncertainty and complicate comparison.  602 

4.5. Extensions 603 

The low computational cost of the present setup makes ensemble-based sensitivity and 604 

uncertainty analysis feasible. Global sensitivity and formal parameter-uncertainty analyses were 605 

beyond the scope of this study. Parameter ensembles based on Pedigree ranges (Table S14), 606 

formal sensitivity analysis, and held-out or cross-validated evaluation would clarify which results 607 

are robust. The three-day timestep was also not compared against alternative temporal 608 

resolutions, so the sensitivity of bloom timing and seasonal dynamics to this choice is unknown. 609 

Ablation experiments in which interannual variability in temperature, irradiance, mixing, or 610 

nutrient resupply is removed or replaced with climatologies could identify which physical drivers 611 

contribute most strongly to bloom timing and its propagation to zooplankton. Furthermore, the 612 

low compute overhead of EwE and convenient stepwise calibration invites automated 613 

parameterisation and calibration, an area of rapidly developing methods ranging from 614 

metaheuristic parameter search to AI-assisted parameter synthesis (Chou and Molla, 2022; 615 

Spillias et al., 2026). Beyond the comparison with satellite chlorophyll, spatial patterns have not 616 

been evaluated; spatial surveys, ferry transects or statistically reconstructed fields would be 617 

needed before claims are made about spatial gradients, hotspots or local prey conditions. 618 

The reconstruction ends in 2018 because it is forced by the HOTSSea physical hindcast, which 619 

covers 1980–2018 (Oldford et al., 2025). More recent physical fields are available from the 620 

SalishSeaCast operational system (Olson et al., 2020; Soontiens et al., 2016), but SalishSeaCast 621 

begins in 2007 and differs from HOTSSea in horizontal resolution (about 500 m versus 1.5 km), 622 

atmospheric forcing and open-boundary conditions (Oldford et al., 2025), so appending it would 623 
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introduce a break in the forcing rather than extend a consistent series. Extending SOGEM-LTL 624 

beyond 2018 will therefore require either extending HOTSSea or cross-calibrating the two 625 

products over the years they overlap. Extension to present would also add several further years of 626 

regular zooplankton surveys with which to test the promising 2015–2018 annual agreement. 627 

5. Conclusion 628 

Interannual variation in spring bloom timing emerged from physical forcing in a spatial EwE 629 

model without a dedicated biogeochemical model. Positioned between one-dimensional bloom 630 

models and three-dimensional biogeochemical models, SOGEM-LTL adds trophic resolution at 631 

low computational cost. As an E2E-capable framework, it provides a tractable basis for 632 

investigating bottom-up forcing, seasonal match–mismatch, and fisheries-relevant prey dynamics 633 

over multi-decadal timescales (Link et al., 2023; Wells and Santora, 2023). Generally, potential 634 

applications of the current version concern spring phenology and seasonal prey-field variability, 635 

rather than prediction of local biomass, fine-scale community composition or interannual 636 

zooplankton anomalies (Cushing, 1990; Ji et al., 2010; Mitra et al., 2014; Suchy et al., 2022). 637 

Extending the simulations backward and forward in time becomes increasingly feasible using the 638 

EwE-based approach documented here, and doing so would support investigation of Pacific 639 

herring recruitment anomalies, Pacific salmon survival shifts, and ecosystem responses to 640 

regional climate regimes (Boldt et al., 2025; Hare and Mantua, 2000). In this role, SOGEM-LTL 641 

contributes to broader efforts to develop integrated, regionally relevant ecosystem 642 

reconstructions for marine research and management. 643 
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Tables 1053 

Table 1: Functional group summary table. 1054 

Model 

Group 

Code Functional Group Short Name Description / Characteristic Taxa  

DE1-POC Particulate organic carbon detritus 
Represents pelagic suspended detritus as particulate organic carbon available 

for consumption by metazoans; Unconsumed DE1 flows to DE2 

DE2-DOC Dissolved organic carbon detritus 
Represents pelagic dissolved organic carbon available for consumption 

primarily by microbes; Unconsumed DE2 flows to Export 

PP1-DIA Diatoms 
Pennate and centric diatoms (e.g., Skeletonema spp., Thalassiosira spp., 

Chaetoceros spp.) 

PP2-NAN Nanophytoplankton 

green algae (chlorophytes, prasinophytes), haptophytes / prymnesiophytes 

(e.g., coccolithophores; Emiliania huxleyi), golden algae (chrysophytes), 

raphidophytes (e.g., Heterosigma spp.), silicoflagellates (e.g., Dictyocha 

speculum), autotrophic nanoflagellates 

PP3-PIC Picophytoplankton 
autotrophic prokaryotes, autotrophic eukaryotes, cyanobacteria (cyanophytes; 

e.g., Synechococcus spp.), small green algae (chlorophytes) 

BA1-BAC Bacteria Marinobacter, Alteromonas, Erythrobacter 

PZ1-CIL Ciliates 
heterotrophic and mixotrophic ciliates (Oligotrichida, Choreotrichida; 

aloricate; e.g. Mesodinium rubrum, Strombidium spp.), tintinnids 

PZ2-DIN Dinoflagellates heterotrophic and mixotrophic dinoflagellates (e.g., Gymnodinium spp.) 

PZ3-HNF Heterotrophic Nanoflagellates heterotrophic and mixotrophic nanoflagellates 

ZF1-ICT Ichthyoplankton 

Pacific herring (Clupea pallasii), Pacific hake (Merluccius productus), 

smelts (Bathylagus spp., Leuroglossus schmidti), Northern anchovy 

(Engraulis mordax) 

ZC1-EUP Macro/Meso Crustacean Omnivores 
Euphausiids (e.g., Euphausia pacifica, 

Thysanoessa spinifera, T. inspinata, T. longipes) 

ZC2-AMP Macro/Meso Crustacean Predators Amphipods (e.g., Cyphocaris challengeri, Themisto pacifica) 

ZC3-DEC Meso Crustacean Meroplankters planktonic early life stage decapods (e.g., Cancer magister); 

ZC4-CLG Meso Crustacean Herbivores 
large copepods (e.g., Neocalanus plumchrus, Eucalanus bungii, Calanus 

marshallae) 

ZC5-CSM 
Meso/Micro Crustacean Herbivores/ 

Omnivores 

small and medium copepods (e.g., Metridia pacifica, Pseudocalanus spp., 

Paracalanus spp.), Ostracods (Discoconchoecia elegans; Conchoecia spp.) 

ZS1-JEL Mega/Macro Gelatinous Carnivores 
Scyphozoans (e.g., Cyanea capillata, Aurelia aurita); large hydrozoans (e.g., 

Aequorea spp.) 

ZS2-CTH Meso/Macro  Gelatinous Carnivores 
Ctenophores (Cydippids; e.g., Pleurobrachia spp.; i.e., comb jellies); 

small hydrozoans (e.g., Aglantha digitale, Aegina spp.) 

ZS3-CHA Meso Soft-Bodied Carnivores / Detritivores 

Chaetognaths  (i.e., arrow worms; e.g., Parasagitta elegans), Polychaetes 

(e.g., Tomopteris septentrionalis); pteropods and gastropods (e.g., Limacina 

helicina and Clione limacina) 

ZS4-LAR Meso Soft-Bodied Herbivores / Detritivores Appendicularians (Larvaceans; e.g., Oikopleura dioica) 

NK1-COH Coho and Stream-type Chinook 
Coho salmon (Oncorhynchus kisutch) and Chinook salmon (O. tshawytscha), 

stream-type 

NK2-CHI Ocean-type Chinook Chinook salmon (O. tshawytscha), ocean-type 

NK3-FOR Small Forage Fish 

Pacific herring (Clupea pallasii), Pacific sandlance (Ammodytes hexapterus), 

Northern anchovy (Engraulis mordax), eulachon (Thaleichthys pacificus), 

surf smelt (Hypomesus pretiosus) 

 1055 
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Table 2: Basic Ecopath parameters: areal biomass (B), production (P/B), production-1056 

consumption ratio (P/Q), consumption (Q/B), and unassimilated consumption (U). Sources are 1057 

provided in the Supplement. 1058 

 1059 

 1060 

 1061 

 1062 

 1063 

 1064 

 1065 

 1066 

 1067 

 1068 

† The Q/B column was calculated for most groups from a P/Q estimate, as (P/B)/(P/Q). 1069 

 1070 

Table 3: Main model setup and selected parameters of SOGEM-LTL. Parameters and settings are 1071 

also available in the Supplement and model archive. 1072 

Category Sub-Category or parameter  Adopted configuration 

Setup EwE formulation and workflow Ecopath mass balance → Ecosim (non-spatial) → Ecospace 

(spatial, 2-D) 

Resolution Trophic aggregation / functional groups 22 groups: 3 primary producers; 1 bacterial; 3 

protozooplankton; 4 soft-bodied zooplankton; 5 crustacean 

zooplankton; 1 larval; 3 nekton; 2 detrital groups 

Resolution Spatial / temporal resolution ~1.5 km horizontal grid; 120 time steps yr⁻¹ (~3 days); 1980–

2018 hindcast 

Initial production Primary-producer P/B (PP1 / PP2 / PP3) 100 / 70 / 110 yr⁻¹, respectively (Ecopath baseline) 

Primary production Maximum relative P/B (PP1 / PP2 / PP3) 20 / 20 / 20 (Ecosim Group Info) 

Primary production Ecosim production multipliers (PP1 / PP2 

/ PP3) 

4.0 / 2.5 / 2.7 (non-spatial Ecosim configuration) 

Group 

B 

(g C m⁻²) 

P/B 

(yr⁻¹) P/Q 

Q/B† 

(yr⁻¹) U 

PP1-DIA 2.3 100 — — — 

PP2-NAN 1.5 70 — — — 

PP3-PIC 0.35 110 — — — 

BA1-BAC 0.17 150 0.3 500.0 0.2 

PZ1-CIL 1.1 90 0.35 257 0.22 

PZ2-DIN 0.87 50 0.32 156.2 0.24 

PZ3-HNF 0.46 70 0.55 127.3 0.2 

ZF1-ICT 0.05 3.6 0.3 12.0 0.20 

ZC1-EUP 0.60 5.76 0.28 20.6 0.18 

ZC2-AMP 0.85 8.5 0.3 28.3 0.20 

ZC3-DEC 0.18 7.5 0.26 28.8 0.40 

ZC4-CLG 0.8 10.0 0.28 35.7 0.26 

ZC5-CSM 1.00 16.0 0.28 57.1 0.24 

ZS1-JEL 0.003  6.48 0.29 22.3 0.25 

ZS2-CTH 0.03 19.8 0.32  61.9 0.25 

ZS3-CHA 0.4 5.04 0.36 14.0 0.19 

ZS4-LAR 0.05 88 0.33 266.7 0.25 

NK1-COH 0.0046 6.1 0.28 21.8 0.2 

NK2-CHI 0.00018 7.2 0.28 25.7 0.2 

NK3-FOR 0.28 3.96 0.28 14.1 0.2 
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Irradiance PP light-response right-point (PP1 / PP2 / 

PP3) 

Ecosim: 24 / 20 / 23;  

Ecospace: 22 / 20 / 23 (right-shoulder response) 

Temperature PP temperature optima (PP1 / PP2 / PP3) Ecosim: 11.8 / 14.0 / 15.0 °C;  

Ecospace: 11.8 / 14.5 / 15.0 °C 

Nutrients Initial fraction of generic nutrients free 

(pfree) 

0.51; single implicit nutrient pool partitions free / biomass-

bound nutrient 

Forcing Physical forcing HOTSSea v1 oceanographic fields and RDRS v2.1 atmospheric 

forcing; one-way offline coupling 

Forcing Vertical-resupply of nutrients – empirical 

proxy 

Domain-mean mixing-layer depth (XLD) forcing; 22 m cap; 15-

day smoothing; mean-normalized to 1 

Trophic dynamics Foraging-arena vulnerability multipliers 

(γ) 

1.4–2.0 in documented consumer–prey links; most near 2 

Consumer responses Ecosim Group Info max relative feeding 

time and max relative consumption 

settings 

10 / 100 across consumer groups 

Spatial movement Ecospace dispersal and advection Uniform base dispersal input across living groups (300 km yr⁻¹); 

advection and migration disabled 

Initialization Ecospace spin-up 50 model-years static/climatological forcing + 20 model-years 

using repeated 1980 forcing (EwE time scaling: 10 model-years 

= 1 calendar year) 

 1073 

 1074 
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Table 4: Table summarising data sources used for model evaluation. 1075 

Category Description 

Temporal 

Coverage Source(s) 

nutrients 

Bottle-sampled 

nutrients (nitrogenous) 

from near-surface and 

20 m depths 

2012 - 

2018 

(Fisheries and Oceans Canada, 

2025; Pacific Salmon 

Foundation (PSF), 2025) 

bloom timing 

Satellite derived 

estimates of spring 

bloom timing 

2003 - 

2016 
(Suchy et al., 2022) 

satellite chlorophyll a 

1-km, 8-day MODIS-

Aqua chlorophyll a 

composites (gap-filled) 

for the central SoG 

2003 - 

2016 
(Suchy et al., 2022) 

phytoplankton 

community 

composition and 

seasonal variability 

Near surface 

phytoplankton 

community composition 

at northern SoG at 

Station QU39 

2016 - 

2018 

(Del Bel Belluz, 2024; Del Bel 

Belluz et al., 2021) 

phytoplankton 

Seasonal biomass of 

phytoplankton and 

zooplankton 

2015 - 

2019 
(McEwan et al., 2023) 

zooplankton 
Zooplankton biomass 

(seasonal) 

1996 - 

2018 

(Fisheries and Oceans Canada, 

2023; Perry et al., 2021) 

Table 5: Skill of SOGEM-LTL in reproducing spring bloom timing (day of year) in the central 1076 

SoG against the satellite-derived series (2003–2016) and the C09 one-dimensional model series 1077 

(1980–2018); the C09 series is also evaluated against the satellite series as a reference. N, 1078 

number of years; R, Pearson correlation; Std. Ref. and Std. Model, standard deviations of the 1079 

reference and model series (d); Bias, mean of model minus reference (d); MAE, mean absolute 1080 

error (d); WSS, Willmott skill score; Categorical, years assigned to the same early, average or 1081 

late class as the reference (satellite comparisons: day of year ≤ 68 and ≥ 108; C09 comparisons: 1082 

mean ± 1 SD of the C09 series). Methods are given in Supplement Section S.3.3. 1083 

Comparison 

Source 

SOGEM-LTL 

Module 
N R 

Std. 

Ref. 

Std. 

Model 
Bias MAE WSS Categorical 

Satellite Ecospace (2-D) 14 0.77 18.93 15.3 1.36 10.5 0.86 13/14 (93%) 

Satellite 
Ecosim (non-

spatial) 
14 0.65 18.93 12.46 -6.3 12.93 0.75 10/14 (71%) 

Satellite 
C09 1D model 

(reference) 
14 0.77 18.93 10.84 1.5 11.1 0.80 11/14 (79%) 

C09 Ecospace (2-D) 39 0.36 11.7 11.58 0.56 10.26 0.6 18/39 (46%) 

C09 
Ecosim (non-

spatial) 
39 0.38 11.7 10.61 0.41 9.6 0.61 17/39 (44%) 
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Figures 1084 

 1085 

Figure 1: Map showing SOGEM-LTL model domain (dark grey) and the HOTSSea v1 model 1086 

domain (light grey) covering the entirety of the Salish Sea (grey rectangle).  1087 



Page 47 of 56 

 

 1088 

Figure 2: Conceptual illustration of the SOGEM-LTL model. See Table 1 and Table S2 for group 1089 

code descriptions.  1090 

 1091 
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 1092 

Figure 3: The food web representing the mass-balanced model arranged vertically by trophic 1093 

level. Colours of boxes represent broad functional group categories and arrows point in the 1094 

direction of biomass flow. The width of lines is proportional to total biomass flows (i.e., 1095 

consumption) and the area of boxes are proportional to the total biomass of each functional 1096 

group, re-scaled to permit visualisation of all groups.  1097 

 1098 

 1099 
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Figure 4: Spring bloom timing (day of year) in the central SoG from the SOGEM-LTL Ecospace 

(solid blue) and Ecosim (dashed blue) modules, compared with (a) satellite-derived estimates for 

2003–2016 (Suchy et al., 2022) (orange) and (b) the C09 one-dimensional model for 1980–2018 

(orange). Error bars represent ±1.5 days for the model and ±4 days for the satellite estimates. The 

grey line and band show the mean and ±1 standard deviation of each reference series (a: day 88; 

b: day 84). Early and late blooms follow the classification used for each reference: day ≤ 68 and 

≥ 108 for the satellite series, and more than one standard deviation from the C09 mean (day ≤ 73 

and ≥ 96) for C09. 
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Figure 5: Central SoG phytoplankton relative to satellite chlorophyll a, 2003–2016: (a) 8-day 

MODIS-Aqua chlorophyll a (orange) and Ecospace phytoplankton biomass (blue); (b) median 

across years for each 8-day period (shading: interquartile range; dashed: Ecosim); (c) weekly 

model versus satellite values with log-scale fits. Values are relative to each series’ seasonal 

median (Section S.3.3); dotted line: bloom threshold. 
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Figure 6: Monthly spring patterns, 2003–2016, relative to each source’s seasonal median: (top) 

MODIS-Aqua chlorophyll a; (middle) Ecospace phytoplankton biomass; (bottom) difference 

between standardised spatial patterns (Ecospace − satellite). Rows have separate colour scales; 

numbers give the central SoG median (dashed region; top two rows) or the within-month spatial 

correlation (bottom row). Dark grey: Fraser River plume; light grey: no satellite data. Details in 

Section S.3.3. 
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Figure 7: Seasonal mean absolute phytoplankton biomass from SOGEM-LTL non-spatial 

(Ecosim; diagonal lines) and spatial (Ecospace; hatched) modules versus estimates from field 

data compiled in a previous seasonal Ecopath model (McEwan et al., 2023). Diatoms (blue), 

nanophytoplankton (orange), and picophytoplankton / other (green) are compared by season. 
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Figure 8: Monthly distributions of standardised departures from the annual mean (log-

transformed) for SOGEM-LTL Ecospace (blue) and observations at station QU39 (orange) in the 

northern SoG, 2016–2018: (a) diatoms, (b) nanophytoplankton, (c) picophytoplankton (indicator 

taxon Pyramimonadophyceae) and (d) dinoflagellates. Observations are cell counts and model 

values are biomass, so each series is standardised separately. 

 

Figure 9: Biweekly climatology of surface-layer (0–20 m) dissolved inorganic nitrogen derived 

from field data (orange circles) and from matched SOGEM-LTL outputs, with Ecosim (dashed 

blue) and Ecospace (solid blue) results contrasted. Shading indicates the 10th–90th percentile 

across years. 
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Figure 10: Seasonal boxplot panel of absolute biomass of crustacean zooplankton from the 

SOGEM-LTL Ecospace module matched to observations, shown by season for individual groups  

in panels (a)-(e) and for all crustacean groups taken together (f).   
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  f  (   B  t ,   B  t = 0 ,   𝜇  m a x ) =         𝜇  m a x  1 +   B  t h


  h =     (     𝜇  m a x    𝜇  t = 0 − 1 )


    B  t = 0


  µ  ( I ) =  {    𝛼 I ,      I <   I  o p t   1 ,      I ≥   I  o p t


  µ  ( T ) =    {    exp ⁡ ( − a    ( T −   T  o p t ) 2 ) ,     T ≤   T  o p t     exp ⁡ ( − b    (   T  o p t − T ) 2 ) ,     T >   T  o p t      


    Q 10 =   f  (   T  o p t )  f (   T  o p t − 10 ° C ) =   e  a   ( 10 ° C ) 2     →     a =    ln ⁡   (   Q 10 ) /   ( 10 ° C ) 2


  a = −    ln ⁡   (   𝜀 1 )      ( T  o p t −   T  m i n ) 2  


  b = −    ln ⁡   (   𝜀 2 )      ( T  m a x −   T  o p t ) 2


    N tot =   N free +   N bound


    p free =     N free    N free +   N bound


  f  (   N  f ) =       2   N  f , t    N  f , t +   N  f , t = 0

