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ABSTRACT: We introduce a new, coupled modeling approach for simulating ecosystem-wide patterns in larval fish foraging and growth. An application of the method reveals how interplay
between temperature and plankton dynamics during 1970−2009 impacted a cold-water species
(Atlantic cod Gadus morhua) and a warm-water species (European anchovy Engraulis encrasicolus) in the North Sea. Larval fish growth rates were estimated by coupling models depicting traitbased foraging and bioenergetics of individuals, spatiotemporal changes in their prey field, and
the biogeochemistry and hydrodynamics of the region. The biomass composition of modeled prey
fields varied from 89% nano-, 10% micro-, and 1% mesoplankton to 15% nano-, 20% micro-, and
65% mesoplankton. The mean slope of the normalized biomass size spectrum was near −1.2, consistent with theoretical and empirical estimates. Median larval fish growth rates peaked in June
for cod (24% d−1) and in July for anchovy (17% d−1). Insufficient prey resources played a substantial role in limiting the growth rates of cod larvae. Anchovy were consistently limited by cold temperatures. Faster median larval growth during specific months was significantly (p < 0.05) positively associated with detrended (i.e. higher than expected) juvenile recruitment indices in cod
(rank correlation Kendall’s tau = 22%) and anchovy (tau = 42%). For cod, the most predictive
month was February, which was also when food limitation was most prevalent. The continued
development of modeling tools based on first principles can help further a mechanistic understanding of how changes in the environment affect the productivity of living marine resources.
KEY WORDS: Fish larvae · Plankton · Model · Bottom-up processes · Prey availability · Growth ·
Recruitment · Cod · Anchovy · North Sea

INTRODUCTION
Climate change is altering the suitability of ocean
habitats for marine flora and fauna (Pörtner et al.
2014), and the North Sea is one of 24 ecosystems designated as ‘hot spots’ of warming (Hobday & Pecl
2014). North Sea water temperature has risen dra*Corresponding author: khuebert@umces.edu

matically over the past several decades (MacKenzie
& Schiedek 2007, Huthnance et al. 2016) and is projected to warm another 1 to 3°C by the end of the
century (Schrum et al. 2016). Many North Sea fishes
have already exhibited important shifts in distribution and abundance, which have been correlated to
historical changes in ocean climate (Perry 2005,
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Rijnsdorp et al. 2009, Simpson et al. 2011). For example, Simpson et al. (2011) analyzed survey data on
50 abundant Northeast Atlantic continental shelf
species and concluded that the distribution or abundance of 72% of these species had changed in response to warming.
Within specific regions, the most dramatic responses to warming should be expected for species
near their low or high latitudinal limits of distribution. Examples of this in the North Sea include the
sub-Arctic to temperate Atlantic cod Gadus morhua
and the temperate to sub-tropical European anchovy
Engraulis encrasicolus, which have displayed opposite trends in productivity and distribution as this
shelf sea has warmed. On the one hand, cod recruitment is lower when winter and spring conditions in
the North Sea are warmer (Brander & Mohn 2004,
Drinkwater 2005), and cod biomass in this region has
declined by ~75% since a peak in the early 1970s
(Engelhard et al. 2014). On the other hand, anchovy
thrive in warmer conditions, and their number in the
North Sea has increased by orders of magnitude
since the early 1990s (Beare et al. 2004, Alheit et al.
2012, Petitgas et al. 2012). Whereas cod has been
heavily exploited for many decades, potentially exacerbating population responses to climate perturbations (Ottersen et al. 2006, Perry et al. 2010, Planque
et al. 2010), European anchovy is not (yet) heavily
fished in the North Sea.
The growth and survival of fish during early life
history stages play an important role in shaping fish
populations, and depend on the spatiotemporal
dynamics of their environment with respect to bottom-up processes (e.g. slow growth due to insufficient food), top-down processes (e.g. predation mortality), and transport processes (e.g. advection beyond
suitable habitat) (Houde 2008, Peck et al. 2012).
Since all of the above processes can be affected by
climate change, there is a great interest in understanding how fish larvae will fare under future climate conditions (Llopiz et al. 2014). Depending on
the relative balance of bottom-up, top-down, and
transport processes, models representing (a subset
of) key mechanisms can be useful as tools to study
and potentially forecast fish recruitment success
(Peck & Hufnagl 2012, Llopiz et al. 2014). In this
study, which focuses on improving how bottom-up
processes are modeled, we apply a new method for
incorporating highly resolved and spatiotemporally
dynamic size distributions of larval fish prey into
such models.
Several previous studies have modeled ecosystemwide patterns of larval fish foraging and growth by

coupling spatially explicit NPZ+ models (nutrient−
phytoplankton-zooplankton plus additional components such as detritus, the microbial loop, or multiple
P or Z groups) to larval fish individual-based models
(IBMs). Models have depicted prey fields of larval
fish using different levels of complexity. Xu et al.
(2013) simulated prey consumption by the larvae of
Peruvian anchovy E. ringens feeding on 4 generic
groups of phytoplankton and zooplankton, while, in
a more complex example, Hinckley et al. (2009) included 13 developmental stages of an important
copepod (Pseudocalanus sp.) to better resolve the
prey fields of larval walleye pollock Theragra chalcogramma in the Gulf of Alaska. An intermediate
approach has been to use (static) size spectra to disaggregate estimates of plankton biomass from a few
large functional groups into many smaller size bins.
Daewel et al. (2008a, 2015) simulated the feeding,
growth, and potential survival of European sprat
Sprattus sprattus and cod larvae in the North Sea by
separating bulk zooplankton biomass estimates from
an NPZ+ model into 36 size bins based on the average zooplankton size distribution observed in their
study area (Daewel et al. 2008b).
In aquatic ecosystems, small plankton are much
more abundant than large plankton, and the pioneering fieldwork by Sheldon et al. (1972) demonstrated
that the combined volume of co-occurring particles
among logarithmically spaced size ranges is ‘roughly
similar,’ meaning simply that histograms of the
amount of particles using log(size) bins are relatively
flat. Idealized as mathematically integrable ‘normalized size spectra’ sensu Platt & Denman (1977, 1978),
such data have linear relationships between the logarithm of the normalized amount of particles (by
volume, mass, sampling frequency, or probability of
occurrence) and the logarithm of particle size (by volume, mass, length, etc.). On theoretical and empirical
grounds, the log−log slope for size spectra of normalized biomass vs. individual biomass (NBSS slope) is
expected to be near −1.2 (Platt & Denman 1977, 1978,
Kerr & Dickie 2001, Jennings & Mackinson 2003).
Among other factors, seasonal pulses of plankton
productivity cause variability in the NBSS slope
(Rodriguez et al. 1987). In a previous application of
the Quirks larval fish model, low-resolution plankton
samples were used to construct high-resolution prey
fields of NBSS slope −1.2, which yielded quite accurate
predictions of in situ growth rates (Huebert & Peck
2014). Nevertheless, even small changes to the NBSS
slope can dramatically affect larval foraging success
and growth rates (Huebert & Peck 2014). Therefore,
we did not choose an a priori value of −1.2 for the
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present study, but rather sought a way to model size
spectra case by case from NPZ+ plankton data.
We introduce a practical approach for using NPZ+
model output of relatively low biological resolution
(e.g. 2 P and 2 Z groups) to model larval fish prey
fields that are: (1) spatiotemporally dynamic with
respect to plankton size distribution and total biomass; (2) of arbitrarily high size resolution; (3) based
on size spectrum theory. We applied the resulting
size spectrum model to couple the North Sea NPZ+
model ECOHAM to the larval fish model Quirks and
hindcast monthly growth rates of larval cod and
anchovy in the North Sea from 1970 to 2010. After
comparing growth rates of larvae predicted by our
model to published empirical observations, we tested
whether interannual variability in modeled larval
growth is predictive of juvenile recruitment variability. Finally, we discuss the benefits of our dynamic
prey biomass size spectrum model over alternative
approaches.

METHODS
Models
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kowski et al. 2012). ECOHAM combines the hydrodynamic model HAMSOM (Backhaus 1985, Pohlmann 1996) for advective flow, turbulent mixing,
temperature, and salinity with a biogeochemical
module (Pätsch & Kühn 2008, Kühn et al. 2010, Lorkowski et al. 2012) for C, N, P, Si, and O fluxes. ECOHAM depicts 2 phytoplankton (flagellates and diatoms) and 2 zooplankton (micro- and mesozooplankton) groups. Modeled temperatures are generally very realistic (Pohlmann 2006, Pätsch & Kühn
2008). Spatiotemporal patterns of modeled phytoplankton and zooplankton biomass are reasonably
consistent with available field observations, although
model predictions for the winter are often too high
(Pätsch & Kühn 2008, Stegert et al. 2009).

Quirks parameterization
The foraging and growth of young, exogenously
feeding 7 mm standard length (SL) cod and 5.5 mm
SL anchovy was modeled using larval fish traits
(Table 1) from Huebert & Peck (2014). Based on
spawning seasons (Munk & Nielsen 2005), egg development (Regner 1996, Geffen & Nash 2012), larval
growth (Regner 1996, Otterlei et al. 1999, Huebert &
Peck 2014), and field samples (Nielsen & Munk 2004,
Kanstinger & Peck 2009), we estimated that 7 mm
cod and 5.5 mm anchovy larvae occur in the North
Sea from early February to mid-June, and mid-June
to late September, respectively. We modeled larval
growth during these periods using monthly mean

Three of the models coupled in the present study
(Quirks, ECOHAM, and HAMSOM) have been thoroughly described elsewhere (Pohlmann 1996, Lorkowski et al. 2012, Huebert & Peck 2014). In brief,
Quirks is an IBM of larval fish foraging behavior and
growth physiology. Generic by design, Quirks can
simulate very different types
Table 1. Larval fish parameterization and Quirks model sensitivity for cod and anchovy larof larvae (characterized by
vae in the North Sea. Sensitivity was defined as the maximum factor by which small relative
16 biological traits) and has
changes to parameters were amplified and propagated to modeled prey requirement (Huebeen validated across a
bert & Peck 2014). L: standard length (mm); M: dry mass (µg); R: routine respiration (µg h–1)
wide range of environmental
conditions (Huebert & Peck
Trait
Unit
Cod Anchovy Sensitivity
2014). Published parameterizations for young Atlantic
Radius of cylindrical visual field
%L
60
60
2.13
Metabolic efficiency
%
67.50
67.50
1.16
cod and European anchovy
Body shape (M:L3)
µg mm−3 1.040
0.226
1.06
larvae (Table 1) typically
Swimming speed
%L s−1
75
75
1.02
yield growth rates differing
Maximum digestion at 10°C
%M h−1 2.50
2.50
0.86
by 5 ± 6% d−1 (mean ± SD)
Routine respiration at 10°C
%M h−1 0.20
0.41
0.85
Maximum prey length
%L
15.70
8.05
0.70
from field or laboratory estiInitial standard length (yolk depletion + 2 mm)
mm
7.0
5.5
0.52
mates (Huebert & Peck 2014).
Cost of daytime foraging activity
%R
200
200
0.49
The ecosystem model ECOTemperature dependence of respiration (Q10)
2.38
1.39
0.45
HAM was designed to study
Prey length detected 50% of the time
mm
0.07
0.07
0.42
carbon and nutrient cycling
Maximum turbulent velocity of prey pursuit
%L s−1
100
100
0.36
Temperature dependence of digestion (Q10)
2.5
2.5
0.35
in the northwest continental
Encounter distance
%L
50
50
0.10
European shelf including the
Prey pursuit/handling time
s
1.5
1.5
0.10
North Sea (Pätsch & Kühn
Upper thermal tolerance
°C
15
25
0.00
2008, Kühn et al. 2010, Lor-
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conditions, at the ECOHAM horizontal resolution of
~20 km (Δλ = 1/3°, ΔΦ = 1/5°), and including the entire
North Sea, without considering adult spawning locations or egg and larval transport. Prey fields were
depicted as concentrations of plankton in 0.01 mm
length bins from 0.02 mm to beyond the size that modeled larvae could successfully capture. The Quirks
model was updated (version 1.01, https://sourceforge.
net/projects/larvalfishquirks) to include microplankton prey < 0.04 mm. The allometric equation for prey
dry mass was revised (see Eq. A3 in the Appendix) to
better match small protist plankton (Menden-Deuer
& Lessard 2000), and the equation for prey detection
was changed to render nanoplankton (< 0.02 mm)
invisible while keeping the model parameter for prey
detected 50% of the time at 0.07 mm. Prey biomass
and NBSS slope were modeled (see next section)
using monthly mean 0−15 m depth ECOHAM plankton carbon (Lorkowski et al. 2012) converted to dry
mass assuming a carbon content of 45%. To obtain
conservative (low) estimates for the influence of prey
fields on growth and for consistency with Huebert &
Peck (2014), we assumed that larvae could vertically
move to the surface mixed layer to feed, and that turbidity was negligible. The mean properties of the
upper 15 m, which included the peak plankton biomass concentration ~93% of the time and had a thermocline only ~1% of the time, served as an approximation of the surface mixed layer. To isolate the
effects of dynamic prey size distributions on fish larvae, we ran additional Quirks simulations bypassing
the size spectrum model and instead using a fixed
NBSS slope value of −1.2. Temperatures were taken
from HAMSOM, as integrated into ECOHAM. Day
length was calculated from latitude and mid-month
date using the NOAA solar calculator implemented
in the R package ‘maptools.’ Turbulent kinetic energy
dissipation rate was set to 10−7 W kg−1 as in Huebert
& Peck (2014).

Plankton biomass size spectrum model
The biomass distribution among 4 ECOHAM
plankton groups (flagellates, diatoms, micro-, and
mesozooplankton) was used to construct plankton
prey fields suitable as input for larval foraging as
depicted by Quirks (size range, total biomass concentration, and NBSS slope). Although ECOHAM defines plankton functional groups by their trophodynamic role and not their size, an implicit size structure
exists among the 4 functional groups. Flagellates are
the smallest (unlike diatoms, they are small enough

to be consumed by microzooplankton) while mesozooplankton have the largest body size (unlike microzooplankton, they are large enough to consume
diatoms). Conventional length-based definitions for
nanoplankton (0.002−0.02 mm), microplankton (0.02−
0.2 mm), and mesoplankton (0.2−20 mm) were assumed (Sieburth et al. 1978). Specifically, we assigned
flagellates, diatoms, and microzooplankton a pooled
length range of 0.002−0.2 mm, and mesozooplankton
a range of 0.2−20 mm.
Our size spectrum model uses the plankton biomass of 2 different size ranges to calculate the NBSS
slope that is theoretically consistent with this biomass
distribution. For any 2 size ranges with plankton biomass > 0, there exists exactly 1 such slope. The Appendix explains how we performed the calculations
using mesoplankton (0.2−20 mm), total plankton
(0.002−20 mm), and an empirical allometric relationship between length and dry mass. The same equations are equally valid for any other combination of 2
size ranges: separate, adjacent, or overlapping.
The following example serves to illustrate how and
why the size spectrum model was coupled to the other
models, using the case of 5.5 mm anchovy larvae at
57° N and 7.5° E in August 2004. For this time and
place, mean temperature was 18°C (HAMSOM), mean
total plankton biomass concentration was 400 µg l−1
(ECOHAM), and turbulent kinetic energy dissipation
rate was assumed to be 10−7 W kg−1 (Huebert & Peck
2014). In 1-hourly model time steps, each larva
searches a volume of ~0.5 l for prey, and must consume and digest only 2.0 µg, ~1% of the plankton dry
mass present in that volume, to achieve its maximum
growth (Quirks). However, some prey are too small for
visual detection, some are too large for ingestion, and
even optimal prey are only successfully observed,
pursued, and captured < 40% of the time. The fraction
of total plankton biomass that potentially benefits larvae depends on the NBSS slope. For the chosen month
and location, the ratio of meso- to total plankton is
13.5% (ECOHAM). The size spectrum model converts
this to a slope of −1.16 (Appendix). These conditions
facilitate larvae foraging up to 9.2 µg h−1 (62% of prey
biomass too small for detection, 9% too large for capture, 16% suitable but not observed, 4% observed but
not worth pursuit, 2% lost to turbulence, 3% escaped,
and 4% potentially captured) and no food limitation
(Quirks). Note that a steeper slope of −1.5 would have
yielded an unfavorable prey field, reduced consumption of 1.7 µg h−1 (94% of prey biomass too small for
detection, 4% suitable but not observed, <1% lost to
other factors, and <1% potentially captured) and
food-limited growth.
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Empirical data
To validate model predictions, we compared modeled larval fish growth rates to published empirical
measurements. Furthermore, we quantified the rank
correlation between median modeled larval growth
rates in year x and juvenile recruitment indices in
year x + 1. Our recruitment indices were based on
data from the first quarter, North Sea International
Bottom Trawl Survey (NS-IBTS Q1) provided by
ICES (datras.ices.dk). For cod, we used log10 age-1
catch per unit effort. For anchovy, no ecosystem-wide
or age-specific data were available. Variability in
NS-IBTS Q1 anchovy abundance was mostly driven
by their presence/absence in different ICES subareas
and years, as opposed to patterns in their density
when present. Consequently, we used the square
root of the proportion of sampled subareas where
anchovy up to 15 cm in length were recorded as an
index of recruitment. Anchovy are generally <15 cm
at age-1 and >15 cm at age-2+ in the North Sea
(Petitgas et al. 2012), thus the presence of these small
individuals (independent of their sexual maturity) is
indicative of juvenile recruitment. Data were aggregated by length-class for NS-IBTS ‘standard species’
and ICES subarea excluding areas 9 (Kattegat) and
10 (English Channel) and any subareas with < 30 yr
of survey data or where no small anchovy catches
from 1971 to 2010 were reported. It is possible that
some surveys did not consistently record anchovy
data until 1988. Since dramatic long-term trends
were apparent, both raw and detrended time-series
were considered, with residuals relative to smoothed
raw indices (R function ‘smooth.spline’) serving as
detrended indices. These residuals were approximately normally distributed for both species. All data
analyses were conducted using R (R Development
Core Team 2016). All maps were generated using
data provided (marineregions.org) by the Flanders
Marine Institute (VLIZ 2015).

RESULTS
Prey fields
The mean composition of modeled plankton biomass was 35% flagellates, 28% diatoms, 24% microzooplankton, and 13% mesozooplankton (Fig. 1).
The mean modeled NBSS slope was −1.17 (Fig. 2). In
95% of the > 500 000 cases, the NBSS slope was between −1.29 and −1.09, which corresponds to a range
of approximately 4 to 26% mesozooplankton (Fig. 2,

Fig. 1. Distribution of modeled North Sea plankton biomass
(monthly means for 0−15 m depth, ~20 km horizontal resolution, hindcast for 1970−2009, n = 537 600) among 4 functional
groups of the ECOHAM ecosystem model (fla: flagellates,
dia: diatoms, zic: microzooplankton, zec: mesozooplankton).
The minimum, 25th percentile, median, 75th percentile,
maximum, and smoothed density distribution are indicated

Fig. 2. (A) Frequency and (B) cumulative distributions of
normalized biomass size spectrum (NBSS) slopes calculated
from modeled North Sea plankton (monthly means for 0−
15 m depth, ~20 km horizontal resolution, hindcast for 1970−
2009, n = 537 600). The theoretical distribution for this range
of NBSS slopes varied from mostly mesoplankton at shallow
slopes (above solid line, Eq. A6 in the Appendix), to mostly
nanoplankton at steep slopes (below dashed line, Eq. A6
adapted for nanoplankton), with up to 28% microplankton
at a slope of −1.075 (0.02−0.2 mm, between dashed and solid
lines). Shading and error bars indicate the 5th percentile,
mean, and 95th percentile by functional group (black: flagellates, light gray: diatoms, white: microzooplankton, dark
gray: mesozooplankton). Since slopes were calculated from
the ratio of mesozooplankton to the other groups, the dark
gray area precisely follows the solid line

Table 2). Binned by NBSS slope, the greatest contribution to total biomass was at steep slopes for
diatoms, at intermediate slopes for microzooplank-

Mar Ecol Prog Ser 600: 111–126, 2018

116

Table 2. Theoretical distribution of plankton biomass among size ranges at different normalized biomass size spectrum slopes
and binned mean (SD) of modeled distribution among functional groups, in percent
Slope

−1.6
−1.5
−1.4
−1.3
−1.2
−1.1
−1.0
−0.9
−0.8

Theoreticala
Nano
Micro
Meso
96.8
94.4
90.0
82.3
69.1
48.6
25.0
8.6
2.2

3.1
5.3
9.0
14.6
21.8
27.3
25.0
15.4
6.9

0.1
0.3
1.0
3.1
9.1
24.0
50.0
76.0
80.9

ECOHAM, binnedb by dynamic size spectrum model slope
Flagellates
Diatoms
Microzoo
Mesozooc

31.2 (4.5)
35.1 (8.6)
36.0 (8.9)
33.8 (10.3)
34.6 (5.0)
28.1 (1.7)

65.4 (4.6)
54.4 (9.1)
29.1 (12.6)
20.2 (7.7)
13.9 (4.1)
5.1 (0.9)

1.8 (0.2)
6.7 (2.4)
23.4 (5.4)
27.8 (6.3)
7.7 (4.2)
2.3 (0.6)

1.6 (0.1)
3.8 (1.0)
11.5 (2.6)
18.3 (3.6)
43.8 (6.4)
64.5 (0.3)

N

454
30533
341167
161360
4081
5

a

Eq. (A6) in the Appendix (adapted for nano- and microplankton)
By rounding modeled slope
c
Deviations from theoretical mesoplankton are entirely due to binning
b

ton, and (by design) at shallow slopes for
mesozooplankton. The flagellate contribution appeared to be independent of
NBSS slope (Fig. 2).
A succession in plankton productivity
was apparent, in which the annual increase in mesoplankton lagged behind
that of the other groups, and NBSS slopes
were consequently steeper from February through May (with a minimum in
April) than during the rest of the year
(Fig. 3). Prey field conditions for young
cod larvae were much more variable in
terms of both biomass and NBSS slope
than for anchovy larvae (Fig. 3). Seasonal
patterns varied by location and year, but
the NBSS slope was generally steeper in
the northwest in spring and shallower in
the southeast in summer (Fig. 4).

Larval fish growth and survival
Modeled cod larvae exhibited positive
growth in 83% of the cases (n = 224 000
combinations of location, year, and
month). In the remaining cases, larvae
failed to gain mass either due to inadequate prey resources (February through
April) or because temperatures surpassed their thermal tolerance limit (in
June). Potential foraging success ranged
from 14 to 430% (median 160%) of the
potential limit established by digestion
rate. Cod growth rates had unimodal dis-

Fig. 3. Seasonal patterns of modeled North Sea ecosystem from 1970−2009
at 0−15 m depth. (A) Mean, 5th, and 95th percentile of temperature and
photoperiod. (B) Mean biomass of flagellates (black), diatoms (light gray),
microzooplankton (white), and mesozooplankton (dark gray). (C) Minimum, 25th percentile, median, 75th percentile, maximum, and smoothed
density distribution of normalized biomass size spectrum (NBSS) slopes.
The periods when 7 mm cod and 5.5 mm anchovy larvae are likely to occur
in the North Sea are shown
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Fig. 4. Spatiotemporal dynamics of modeled normalized biomass size spectrum (NBSS) slopes in the North Sea (monthly
means for 0−15 m depth, ~20 km horizontal resolution, 1970−
2009). Each time-series shows the 5th percentile, mean, and
95th percentile of NBSS slopes inside the respective spatial
box. Mercator (equal-angle) map projection. Dashed line:
model domain
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tributions in April and May and bimodal distributions
in February, March, and June, with one mode corresponding to positive growth and the other to starvation or temperature-related mortality (Fig. 5). Despite
the shifting shape of the distribution, the median
monthly growth rate increased linearly over the
course of the spawning season (r2 = 0.99, n = 5) from
0.6% d−1 in February to 24% d−1 in June (Fig. 5). This
coincided with a median temperature increase from
6.3 to 12.2°C and a median photoperiod (day length)
increase from 9.6 to 17.7 h. The occurrence of food
limitation (mean ± SD) decreased from February
(64 ± 5%) to March (52 ± 5%) and April (9 ± 6%). No
food limitation occurred in May and June. In June,
temperatures were lethal for 5 ± 6% of cod larvae.
The probability of positive growth, pooled by location from February to June, was particularly high in
an area from the Wash Estuary (eastern England)
across the Dogger Bank to the Skagerrak (Fig. 6).
Modeled growth of young anchovy larvae was
positive and, on all dates and at all locations (n =
179 200), limited by sub-optimal temperatures resulting in slow digestion, as opposed to foraging. Potential foraging success was always >180% of potential
digestion rate. Growth rates (median ± inter-quartile
range) of anchovy larvae were substantially higher in
July (17 ± 9% d−1) and August (16 ± 11% d−1) than
in June (11 ± 5% d−1) or September (10 ± 9% d−1)
(Fig. 5). This temporal pattern was entirely driven by
seasonal changes in temperature and
photoperiod. Median water temperature was lowest in June (12°C), peaked
in August (15°C), and was similar in
July and September (14°C), whereas
photoperiod declined from June (18 h)
to July (17 h) to August (15 h) to September (13 h). Median growth rate by
location (pooled from June to September) followed a gradient from <10%
d−1 in the northwest to > 20% d−1 in the
southeast (Fig. 7).

Juvenile recruitment
Fig. 5. Seasonal patterns in modeled growth rates of (A) 7 mm cod and (B) 5.5 mm
anchovy larvae the North Sea. Simulations were conducted for 1970−2009 using
coupled ecosystem, prey biomass size spectrum, and individual-based fish models. For each month, the results for 1120 spatial grid-cells × 40 yr = 44 800 larvae
are summarized by their minimum, 25th percentile, median, 75th percentile,
maximum, and smoothed density distribution. Where differences arose from using a fixed normalized biomass size spectrum slope of −1.2 (dashed shape, right
box) instead of the dynamic prey biomass size spectrum model (solid shape, left
box), both are shown. †: death by exposure to high temperatures

There were significant positive associations between median larval growth
rates and both raw and detrended
juvenile recruitment indices (Table 3,
Figs. 8−10). In cod, this relationship
was strongest using median larval
growth rates for February (Fig. 9),
weaker in March, and switched to a
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negative association from April to June (Table 3). In
anchovy, the association was strongest for August
(Fig. 10) and weakest for June (Table 3). Since our
detrending procedure (Fig. 8) smoothed the raw recruitment signal for any given year beyond exclusively removing the influence of other years, we consider 22% for February cod and 42% for August
anchovy larvae to be conservative (low) estimates for
the actual effect (rank correlation) of early larval
growth on juvenile recruitment. In both species,
instances of high (fourth quartile) and low (first quartile) larval growth rates were good predictors of positive and negative detrended recruitment, respectively (cod: 75% accuracy, binomial test p = 0.006;
anchovy: 90% accuracy, p < 0.001). Larval cod mortality due to lethal June temperatures was not significantly correlated with recruitment (tau = −11%, p >
0.05).

Dynamic prey size distributions
Fig. 6. Mean survival of modeled 7 mm cod larvae in the
North Sea for February−June of 1970−2009. In the northwest,
larvae frequently experienced foraging conditions insufficient for positive growth. In the southeast, larvae sometimes experienced temperatures above their thermal tolerance. Albers (equal-area) map projection. Dashed line:
model domain

Simulations substituting static prey size distributions with slopes of −1.2 for the dynamic size spectrum model resulted in some differences in growth
and survival for cod larvae, but none for anchovy.
With a fixed slope of −1.2, food limitation of cod
larvae was slightly more severe in February and
slightly less so in March (Table 3, Fig. 5). Rank correlations among median larval growth rates and lagged
juvenile recruitment were much lower for March but
otherwise similar (Table 3). All model output for
anchovy was identical with or without the dynamic
size spectrum model, as larval growth was never
food-limited.

DISCUSSION
Model skill

Fig. 7. Mean modeled dry mass growth rate (d−1) of 5.5 mm
anchovy larvae in the North Sea for July−September of 1970−
2009. Albers (equal-area) map projection. Dashed line: model
domain

Our modeled growth rates were in good agreement
with the few available empirical growth estimates for
young European anchovy and Atlantic cod larvae in
the North Sea. Kanstinger & Peck (2009) used a biochemical (RNA:DNA) method to estimate a median
mass-specific growth rate of 21% d−1 for 5.6 to
10.3 mm anchovy larvae (their Fig. 6, converted from
instantaneous to daily proportional growth rate). The
majority of their larvae were collected on 1 July 2005
at 53.74° N, 7.16° W in the Wadden Sea. Our prediction for the same place and time (interpolated) was
23% d−1. Based on SL and otolith-derived age,
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Table 3. Rank correlation (Kendall’s tau) of modeled monthly median larval fish growth and subsequent juvenile recruitment
(raw and detrended data from the first quarter of the North Sea International Bottom Trawl Survey). NBSS: normalized biomass size spectrum. Bold: p < 0.05
NBSS slope

Recruitment

Dynamic
Dynamic
Static (−1.2)
Static (−1.2)

index
Raw
Detrended
Raw
Detrended

Cod
Feb
0.34
0.22
0.33
0.24

Mar
0.20
0.17
−0.07
0.02

Apr
−0.30
−0.09
−0.31
−0.10

Anchovy
May
−0.37
−0.10
−0.37
−0.10

Jun
−0.33
−0.18
−0.33
−0.18

Jun
0.27
0.03
0.27
0.03

Jul
0.50
0.31
0.50
0.31

Aug
0.59
0.42
0.59
0.42

Sep
0.59
0.28
0.59
0.28

Fig. 8. Forty-year time series of (A) cod and (B) anchovy juvenile recruitment in the North Sea (indices calculated differently from
NS-IBTS Q1 data, see Methods). Residuals of raw (symbols) versus smoothed (lines) values were used as detrended indices. Symbol shape indicates whether median modeled larval growth rates from the preceding February (cod) or August (anchovy) were
relatively low (10 inverted triangles), high (10 triangles), or intermediate (20 circles). Solid symbols indicate matches between larval growth and detrended juvenile recruitment (both high or both low) and open symbols indicate mismatches. The presence of
high or low larval growth correctly predicted the sign of detrended juvenile recruitment in most cases (15 of 20 for cod, 18
of 20 for anchovy), while intermediate larval growth was a poor predictor (9 of 20 for cod, 12 of 20 for anchovy)

Fig. 9. Detrended first quarter 1971−2010 juvenile cod recruitment in the North Sea was positively associated with
modeled median larval growth rates for February 1970–
2009. The Kendall robust line fit illustrates a 22% rank-correlation (p = 0.048), and is not intended to suggest a strictly
linear relationship

Fig. 10. Detrended first quarter 1971−2010 juvenile anchovy
recruitment was positively associated with modeled median
larval growth rates for August 1970–2009. The Kendall robust line fit illustrates a 42% rank-correlation (p = 0.001),
and is not intended to suggest a strictly linear relationship
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Nielsen & Munk (2004) estimated that 7 mm larval
cod obtained growth rates of 0.22 mm d−1 (interpolated from their Table 1). Their larvae were sampled in the north-eastern North Sea (~56−57° N and
6−8° W), and individuals < 9 mm were primarily collected in April 2001. Our mean April 2001 growth
rate for 7 mm cod in the same area was 0.23 mm d−1.
In both cases, modeled growth was limited by
temperature-dependent digestion, and not by the
amount of suitably sized prey. Modeled prey concentrations were more than twice as high as necessary
for the observed growth rates. In previous Quirks
validation experiments, which compared modeled
growth rates with estimates from laboratory and field
studies, model predictions for both food-limited and
‘satiated’ larvae were similarly accurate, with mean
prediction errors of 5% d−1 (Huebert & Peck 2014).
These comparisons included mimicking a study by
Caldarone et al. (2003), in which cod larvae were fed
different rations of wild plankton. Modeled growth
rates for unfed larvae and larvae fed high rations
were all within 3% d−1 of the range observed in the
laboratory (Caldarone et al. 2003, Huebert & Peck
2014). For larvae fed low rations, model predictions
fell almost 7% d−1 below the empirical range, possibly due to an inaccurate representation of laboratory
rations in terms of model parameters. Rigorously validating our coupled modeling approach will require
far more empirical data, including samples of larvae
experiencing a broad range of foraging conditions in
the field.

Cod recruitment in the North Sea
The cod stocks of the North Sea have been in decline for decades, due to a combination of high fishing pressure and low juvenile recruitment (Fig. 9).
Several previous studies have reported links between poor recruitment of cod and processes associated with poor foraging and slow growth of larvae in
the North Sea. Beaugrand et al. (2003) compared
zooplankton data (from the continuous plankton recorder survey) to cod recruitment (modeled by a virtual population analysis). They found that variability
in larval prey field characteristics, particularly the
abundance of Calanus finmarchicus, was positively
associated with cod recruitment (rank correlation
Kendall’s tau = 0.23 for 1958−1999 data detrended by
our method) and attributed low recruitment to food
limitation of late larvae and early juveniles. Using
similar datasets, Beaugrand & Kirby (2010) and Olsen
et al. (2011) presented circumstantial evidence for a

direct, causal link between plankton and cod recruitment, in addition to the direct and indirect effects of
temperature and spawning stock biomass. In our
study, food-limited growth of virtual larvae ~7 wk
younger than inferred by Beaugrand et al. (2003)
predicted a similar amount of variability in recruitment (tau = 0.22 for detrended 1970−2009 data).
Daewel et al. (2015) modeled the growth, survival,
and passive advection of cod early life history stages
from fertilization up to 20 mm SL, a size between our
young larvae and the life stages highlighted by
Beaugrand et al. (2003). A similar correlation was
apparent, this time between survival to 20 mm and
virtual population analysis recruitment (tau = 0.17 for
1958−2002 data detrended by our method). Daewel
et al. (2015) noted that their correlation was strongly
positive in the late 1960s and in the 1990s but negative in the 1980s. They hypothesized that periods
when early life history processes were particularly
important had alternated with periods when other
factors (e.g. fishing pressure) were more influential.
Our approach of modeling monthly growth snapshots, instead of tracking survival over time, revealed
a similar pattern of multi-decadal variability. The
association between larval growth in February and
lagged, detrended NS-IBTS Q1 juvenile recruitment
was strongest for the 2000s (tau = 0.56), weaker for
the 1990s and 1970s (tau = 0.29), and negative for the
1980s (tau = −0.24).
A few studies have modeled both bottom-up and
top-down effects on cod early life history stages in
the North Sea. Kristiansen et al. (2011) modeled 30 d
of larval growth and survival starting from the time of
first feeding and included size-dependent, temperature-independent predation mortality. Their main
finding was that bottom-up effects associated with
cumulative temporal overlap between larvae and
prey had a strong influence on survival. Akimova et
al. (2016) modeled the cumulative predation mortality of cod from spawning through the first year of life,
with a particular focus on the interplay between
growth-potential and predation, both of which increased with increasing temperature. By comparing
modeled size distributions of virtual juveniles to
those obtained from the IBTS Q1 for 1991 to 2010,
they inferred that the realized growth of survivors
until age 1 was above 75% of growth-potential, and
closer to 100% than to 75%. Our results for 7 mm larvae are in close agreement with this finding. Pooled
by month, our mean ± SD of positive growth rates
(i.e. survivors) was 83 ± 2% (February), 81 ± 3%
(March), 97 ± 2% (April), and 100% (May and June)
of their respective growth potential. For all survivors
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combined, growth rates were 92 ± 9% of growth
potential. Interestingly, model output from both Kristiansen et al. (2011) and Akimova et al. (2016) showed
better cod survival and recruitment in warmer years,
which is at odds with our results, IBTS recruitment
data, and previous studies that omitted predation
(Beaugrand et al. 2003, Beaugrand & Kirby 2010,
Olsen et al. 2011, Daewel et al. 2015).
Our best model results, with respect to predicting
juvenile cod recruitment, came from those simulations in which larval food limitation was most prevalent (Table 2). This further highlights the importance
of prey fields to cod larvae both in models and in
nature. February was the only month with consistently food-limited median growth rates, and the only
month for which these were significantly (p < 0.05)
associated with not just raw (tau = 0.34), but also detrended (tau = 0.22) recruitment. In the model, food
limitation occurred in the majority of North Sea grid
cells almost every year in February (64 ± 5%),
around half of the time in March (52 ± 5%), and not
at all after that. In the real world, food limitation is
likely to be even more prevalent, partly because of
prey patchiness, and partly because winter ECOHAM plankton concentrations are known to overestimate field conditions (Pätsch & Kühn 2008, Stegert
et al. 2009). A secondary (more tentative) conclusion
is that the earliest part of the spawning season may
be particularly important in shaping cod recruitment
success. The previously mentioned modeling study
by Akimova et al. (2016) reached the opposite conclusion, and better field data will be required to
resolve this question.
The observed seasonal reduction in food limitation
occurred in synchrony with a change in the growth/
recruitment correlation, which became significantly
(p < 0.05) negative for April (tau = −0.30), May (tau =
−0.37), and June (tau = −0.33) with respect to the raw
recruitment index (Table 3). The factor linking these
2 patterns was modeled temperature. In the model,
the metabolic rates of respiration and digestion predictably increased with temperature, but the benefit
of faster digestion was conditional on a surplus of
food (energy supply), while the cost of higher respiration (energy demand) was unavoidable. Early in
the year, when food limitation was common, the cost
of warm temperatures tended to outweigh the benefit. Later, as food limitation approached 0, the net
effect became positive. Consequently, both warm
and cold years were likely to have opposite effects on
winter and spring larval growth rates.
Interannual variability in food limitation was driven
by potential digestion (a function of temperature),
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but to an even larger extent by potential foraging (a
function of prey fields). Prey fields were also mechanistically linked to temperature, albeit much less
directly, through the cumulative temperature effects
on photosynthesis (Q10 = 1.5, Pätsch & Kühn 2008)
and thus primary and secondary productivity. Summarized as time series of monthly medians, larval cod
growth was significantly (p < 0.05) correlated with
potential foraging (and prey fields) in February (tau =
0.73) and March (tau = 0.74) and with potential
digestion (and temperature) in February (tau = −0.55)
but not March (tau = 0.01). The stronger and more
prevalent association with foraging shows that modeled food limitation was not simply a proxy for temperature, and that modeled variability in prey fields
was essential to our results.

Anchovy recruitment in the North Sea
Populations of anchovy species can display large
recruitment fluctuations in response to bottom-up
forcing such as changes in water temperature, wind
patterns, or plankton dynamics (MacCall 2009, Lindegren et al. 2013). Historically, European anchovy
have sometimes flourished and sometimes virtually
disappeared from the North Sea (Aurich 1953, Alheit
et al. 2012, Petitgas et al. 2012) and, following a decade of very low abundance in the 1980s, anchovy increased in number since the early 1990s (Beare et al.
2004) (Fig. 8). Previous studies have shown a strong
association between climate and the size of the European anchovy population in the North Sea, with periods of warmer water being favorable (Alheit et al.
2012, Petitgas et al. 2012).
Increased thermally suitable spawning habitat and
increased growth and survival of early life history
stages are 2 likely mechanisms for the positive association among North Sea temperature and anchovy
recruitment. Since our modeled prey fields always
exceeded the ad libitum feeding requirements of
simulated anchovy larvae, there was no decoupling
between temperature and growth. Consequently, the
rank-correlation with lagged recruitment was equal
for growth and for temperature. We can use this to
infer whether larval growth or adult spawning is
likely to be more important. Based on egg, larval,
and adult surveys in the German Bight, anchovy
spawning peaks in June and July with little to no
spawning in August (Aurich 1953, Vorberg 2003). In
our data, the association among monthly average
temperature or growth and lagged recruitment is
weak in June, peaks in August, and continues
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through at least September (Table 3). This temporal
pattern matches the occurrence of young larvae
much better than it matches adult spawning and,
thus, provides circumstantial evidence that temperature primarily influences recruitment via growth and
survival processes during the early larval period.
Raab et al. (2013) used 2 different approaches to
study growth and survival of anchovy larvae and
juveniles in the North Sea. Statistical models of juvenile recruitment (1973−2006 IBTS Q1 data) as a function of lagged sea surface temperature (NOAA data)
and zooplankton (continuous plankton recorder survey data) detected a significant temperature effect
but no significant zooplankton effect (Raab et al.
2013). Raab et al. (2013) also used a dynamic energy
budget model coupled to a spatially explicit NPZ+
model (GETM-ERSEM) to estimate the proportion of
the North Sea supporting the growth required for
5 mm larvae on 1 June to become 10 cm juveniles by
31 December (with a fixed fraction of zooplankton
production available to anchovy). This temporally
integrated metric was similarly predictive of juvenile
recruitment as our July or August snapshots of median
growth/temperature (tau = 0.61 for 1985−2007, no
detrending). This further strengthens the view that
temperature effects are of greatest importance for
young anchovy larvae.

Dynamic prey size distributions
When Platt & Denman (1977, 1978) first introduced
the NBSS concept ~40 yr ago, they predicted a slope
of −1.22 for steady-state pelagic ecosystems. Since
then, a value of −1.2 has been an essential reference
point for empirical and theoretical work on biomass
size spectra (Kerr & Dickie 2001), including advances
related to the metabolic theory of ecology (Brown &
Gillooly 2003, Jennings & Mackinson 2003). Jennings & Mackinson (2003) reported a slope of −1.2
specifically for the North Sea ecosystem, based on
samples of invertebrates and fish. Our modeled mean
NBSS slope of −1.17 is consistent with the aforementioned studies, lending support to the approach of
imposing explicit size structure on NPZ+ model functional groups for the purpose of generating prey
fields for higher-level consumers.
Changes in plankton biomass composition from
steep to shallow NBSS slopes matched theoretical
expectations in the sense that mesozooplankton increased (by design), microzooplankton peaked at an
intermediate slope of −1.125 (near the theoretical
value of −1.07 for all microplankton), and total phyto-

plankton decreased (Table 2, Fig. 2; Eq. A6 adapted
for microplankton). The major inconsistency was that
flagellates made up a much smaller than expected
fraction of phytoplankton biomass, especially at
steep slopes (Fig. 2). This means that the ECOHAM
output used as input to the size spectrum model was
apparently dominated by microplankton (mean 28%
diatoms plus 24% microzooplankton), while a maximum of only ~28% is theoretically possible in our
NBSS slope framework (Fig. 2, Table 2, Appendix).
Several factors may contribute to this discrepancy.
ECOHAM functional groups are defined by biogeochemical and trophic relationships, not size. Consequently, nominal ECOHAM microzooplankton should
be interpreted as including heterotrophic flagellates
< 0.02 mm, which can form the majority of nanoplankton biomass (Nielsen et al. 1993). Similarly, a
small fraction of diatoms may represent nanoplanktonic species, which can be seasonally abundant in
the North Sea (Hoppenrath et al. 2007). Moreover,
mixotrophs and photosynthetic picoplankton are not
represented in ECOHAM, and it is possible that the
model captures or compensates for their trophic roles
by overrepresenting microzooplankton and diatoms.
Nevertheless, plankton communities with high
microplankton fractions have been observed in the
North Sea. For example, Riegman et al. (1993) sampled pico- through mesozooplankon in Dutch coastal
waters from February to April 1992. For much of this
time, microplankton apparently accounted for more
than half of the total plankton biomass (Riegman et
al. 1993). Other field data are more consistent with
biomass as distributed by our size spectrum model
than with the underlying ECOHAM output. Nielsen
et al. (1993) used May/June 1990 field samples to calculate carbon budgets for 4 different regions of the
southern central North Sea. In these carbon budgets,
slightly less than 19, 28, 29, and 38% of the biomass
of combined nano- through mesoplankton consisted
of microplankton (Nielsen et al. 1993). The 3 lower
values match the 18−28% microplankton range that
was predicted 95% of the time by our size spectrum
model, while the higher value was driven by excess
heterotrophic dinoflagellates and not diatoms.
Besides yielding more dynamic prey fields, carrying over variability in biomass distribution from
NPZ+ functional groups to dynamic NBSS slopes also
requires fewer simplifying assumptions than alternative approaches such as applying a constant NBSS
slope or a similar reference point based on field samples (Daewel et al. 2008a, 2015). All 3 approaches assume (1) an idealized allometric scaling relationship
between plankton size and mass in order to model
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predator−prey interactions, and (2) lower and upper
size limits for NPZ+ functional groups, in order to
separate potential prey biomass among smaller size
bins. Taking further advantage of these 2 key assumptions to calculate NBSS slopes avoids the unrealistic oversimplification of spatiotemporally static
size spectra and additional assumptions involved in
defining this shape (e.g. by 1 NBSS slope). While
there is some evidence for a mean North Sea NBSS
slope of −1.2 (Jennings & Mackinson 2003), we preferred to see whether this number would emerge as a
result of our study rather than fixing it as an a priori
assumption. Avoiding this assumption only made a
small difference for cod and no difference for anchovy growth rates in the present study. This seems
to suggest that the dynamic size spectrum model did
not turn out to be practically necessary. Whether or
not the same holds true for other species and systems, coupling models via dynamic NBSS slopes is
internally more consistent (NPZ+ variability is propagated), technically more conservative (fewer assumptions are required), and potentially more realistic (e.g. spring bloom dynamics are represented,
Figs. 3 & 4).
Field samples of plankton provide better information on larval fish prey fields than any available
model and their spatiotemporal coverage has sometimes been sufficient for use in larval fish modeling
studies. In an example for the North Sea, Kühn et al.
(2008) modeled the foraging, growth, and drift of
European sprat larvae in the German Bight in 2004.
Unfortunately, the limited coverage and potential
sampling biases of field samples are problematic for
drawing conclusions on an ecosystem-wide or multidecadal scale. We know that prey size distributions
vary in time and space, thus defining any one static
distribution (Daewel et al. 2008a, 2015) may lead to
spurious results and interpretations of seasonal growth
patterns. However, despite extensive field sampling
in the North Sea (e.g. Fransz et al. 1991, Nielsen et al.
1993, Munk 2007, Kühn et al. 2008), we still lack sufficient understanding of plankton dynamics (and climate effects) to confidently assume specific patterns
of variation (spatial or temporal) in plankton size distributions. Our method avoids this conundrum by
relying on the same NPZ+ model output to estimate
both low-resolution plankton biomass as well as, subsequently, high-resolution plankton size distribution
dynamics. Finally, the spatiotemporal patterns in
modeled NBSS slope can serve as testable hypotheses for future fieldwork with acoustic or optical plankton sampling instruments (e.g. Vandromme et al.
2014).

123

Conclusions
Simulating fish early life history by using coupled,
mechanistic models is a promising approach for
studying and predicting ecosystem-wide patterns in
fish recruitment. One major challenge is that models
for ecosystem biogeochemistry and for larval fish foraging represent plankton in fundamentally different
ways. Bulk phytoplankton and zooplankton concentrations are not necessarily good proxies for the
plankton size ranges that are actually important for
fish larvae and using such proxies can lead to large
uncertainties in foraging models (Bils et al. 2017). Our
new size spectrum model provides high-resolution,
dynamic estimates of size-structured prey fields from
bulk plankton groups that are commonly available in
NPZ+ models. The size spectrum model thus allows
straightforward 1-way (bottom-up) coupling to fish
models without relying on additional, poorly constrained field parameters of prey size distribution. The
method can be adapted for different numbers of NPZ+
groups, as long as it is possible to estimate plankton
biomass for 2 or more different size ranges.
To test our new method and its versatility, we performed 40 yr hindcast simulations for young larvae of
2 fundamentally different fish species coexisting in
the North Sea. In both cases, modeled larval growth
rates were comparable to available field observations. Further, interannual variability in growth rates
was significantly predictive of juvenile recruitment
indices, consistent with the expectation that fast
growth generally enhances larval survival. Food limitation played a substantial role in determining larval
cod growth rates, while larval anchovy were never
subject to food limitation.
Extending this approach to include larval transport
or mortality from realistic predator fields will facilitate comparisons of the strength of these processes
affecting the larvae of these and other species.
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Appendix. Dynamic prey biomass size spectrum

Let x be individual body dry mass and f (x) be a biomass density function, meaning that the combined biomass Bab of all
organisms in the interval a ≤ x ≤ b can be calculated by integration (Eq. A1):
a

Bab = ∫ f ( x )dx

(A1)

b

We assume that our system conforms to a normalized biomass size spectrum slope s (Platt & Denman 1977, 1978). By definition, this means that a log-log plot of f (x) must yield a straight line of slope s, and with a y-intercept that we will call
log(c). A power function meets these conditions (Eq. A2):
f (x ) = c ⋅ x S

(A2)

Let mesoplankton and total plankton (i.e. pooled nano-, micro-, and mesoplankton) be defined by respective length
ranges of 0.2−20 mm and 0.002−20 mm (Sieburth et al. 1978). To convert between length l in mm and mass x in µg we use
an empirical relationship (Eq. A3), fit to a broad range of plankton data (Hay et al. 1988, Uye & Sano 1995, Menden-Deuer
& Lessard 2000, Ruzicka & Gallager 2006):
x = 14 ⋅ l 2.5

(A3)

We combine Eqs. (A1) through (A3) to express the biomass of mesoplankton (Eq. A4) and total plankton (Eq. A5) as functions of s and c :
s +1
s +1
14·202.5
c ⋅ (14 ⋅ 202.5 )
c ⋅ (14 ⋅ 0.22.5 )
Bmeso = ∫ c ⋅ x s dx =
−
(A4)
s +1
s +1
14·0.22.5
s +1

14·202.5

Btotal =

∫

c ⋅ x s dx =

14·0.0022.5

c ⋅ (14 ⋅ 202.5 )
s +1

s +1

−

c ⋅ (14 ⋅ 0.0022.5 )
s +1

(A5)

Dividing Eq. (A4) by Eq. (A5) eliminates the constants c and 14 (Eq. A6):
s +1

s +1

c ⋅ (14 ⋅ 202.5 )
c ⋅ (14 ⋅ 0.22.5 )
−
B
202.5⋅s +2.5 − 0.22.5⋅s +2.5
s +1
s +1
rmeso = meso =
(A6)
s +1
s +1 =
2.5⋅s + 2.5
2.5
2.5
Btotal
− 0.0022.5⋅s +2.5
20
c ⋅ (14 ⋅ 20 )
c ⋅ (14 ⋅ 0.002 )
−
s +1
s +1
Eq. (A6) can be numerically solved for s, given any mesoplankton ratio 0 < rmeso < 1, including 0.5, where s converges on
−1 from both directions. Alternatively, Eq. (A7) gives an approximation for s that is accurate to 4 decimals for 0.01 < rmeso <
0.99:
– rmeso ⎞
s ≈ 0.08686 ⋅ ln ⎛⎜
–1
(A7)
⎝ rmeso – 1 ⎟⎠
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