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Biome-specific scaling of ocean productivity,
temperature, and carbon export efficiency
Gregory L. Britten' and Francois W. Primeau’

1Department of Earth System Science, University of California, Irvine, USA

Abstract Mass conservation and metabolic theory place constraints on how marine export production (EP)
scales with net primary productivity (NPP) and sea surface temperature (SST); however, little is empirically
known about how these relationships vary across ecologically distinct ocean biomes. Here we compiled in
situ observations of EP, NPP, and SST and used statistical model selection theory to demonstrate significant
biome-specific scaling relationships among these variables. Multiple statistically similar models yield a
threefold variation in the globally integrated carbon flux (~4-12 Pg Cyr~") when applied to climatological
satellite-derived NPP and SST. Simulated NPP and SST input variables from a 4xCO, climate model experiment
further show that biome-specific scaling alters the predicted response of EP to simulated increases of
atmospheric CO,. These results highlight the need to better understand distinct pathways of carbon export
across unique ecological biomes and may help guide proposed efforts for in situ observations of the ocean
carbon cycle.

1. Introduction

Ocean biology plays a significant role in the global carbon cycle by exporting organic carbon to deep waters
where it is remineralized back to CO, and may remain sequestered for timescales of tens to thousands of years
[Kwon et al., 2009; DeVries et al., 2012]. However, ocean regions are characterized by unique ecological biomes
with variable ecosystem structure that exhibit distinct pathways of carbon uptake, trophic transfer, and
remineralization [DeVries and Deutsch, 2014; Teng et al., 2014; Henson et al., 2015] and likely respond differently
to climate-driven changes in temperature and primary productivity. Satellite-derived oceanic net primary
productivity (NPP) and sea surface temperature (SST, here used as a proxy for euphotic zone temperature)
are thought to provide a basis to infer oceanic carbon export at global scales [Dunne et al,, 2005; Henson
et al, 2011; Laws et al., 2011; Siegel et al., 2014], yet the relationships used for global extrapolation remain
uncertain, and very little is known about how the functional form and/or rate parameters vary across unique
biomes and ecosystem types [Henson et al., 2015]. Cost and logistical difficulty has limited the observational
basis from which to study and extrapolate biome-specific variability to the global scale. An upcoming 5 year
NASA study [Siegel et al, 2015] aims to address this uncertainty with increased field-based carbon export
sampling. Here we adopt a statistical approach to evaluate current evidence for biome-specific drivers of export
by synthesizing available in situ observations of NPP, SST, and EP and using model selection theory to deter-
mine whether these relationships depend on ecosystem type. We then investigate the spatial pattern of these
relationships and evaluate the consequences for global extrapolation of export flux based on NPP and SST.

The most common empirical models of carbon export parameterize the fraction of NPP exported (ef) as an
increasing function of NPP and a decreasing function of SST [Laws et al., 2000, 2011; Dunne et al., 2005;
Henson et al, 2011]. Ecological theory states that heterotrophic respiration temporally lags autotrophic
production such that an increasing fraction of NPP can be exported at high productivity by way of sinking par-
ticles [Sarmiento and Gruber, 2013]. The SST effect, however, negatively scales EP by increasing the rate of
respiratory biochemical reactions more quickly than autotrophic reactions such that the ratio of autotrophic
production to heterotrophic metabolism declines as temperature increases [Ldpez-Urrutia et al., 2006], leading
to lower EP at high SST. A variety of scaling models that predict ef as a function of NPP and SST, denoted
here ef(NPP, SST), have been developed to extrapolate global EP from satellite-derived NPP and SST [Laws et al.,
2000, 2011; Dunne et al., 2005; Henson et al.,, 2011] and thus provide a relatively simple means to predict and
monitor key ocean carbon cycle processes from space. These models have also been used as simplified “subeco-
system scale parameterizations” [Galbraith et al., 2015] of carbon cycling processes within larger biogeochemical
and climate models [Bopp et al.,, 2001; Deutsch et al., 2007] as well as in food web models for fisheries [Friedland
et al, 2012], demonstrating the wide utility of ef(NPP, SST) relationships.
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Figure 1. Location of observations and biome configurations tested within the model selection framework. Biome
definitions R1-R4 are generalized versions of those defined in DeVries and Deutsch [2014] and Teng et al. [2014], based
on nutrient concentration, remineralization, and light availability.

The simplest and most commonly used ef(NPP, SST) scaling models take the form of three-parameter func-
tional response curves

(a — bSST)NPP

[Laws et al., 2011] =
ef (NPP, SST) PP M
[Laws et al.,, 2011] ef (NPP, SST) = (a — bSST)NPP¢, (2
NPP
[Dunne et al., 2005] ef (NPP, SST) = alog <7> — bSST + ¢, (3)

where g, b, and c are empirically estimated parameters and Z is the depth of the euphotic zone. Until recently,
ef(NPP, SST) parameters have been assumed globally constant; however, recent empirical [Maiti et al., 2013;
Martin et al., 2013; Laurenceau-Cornec et al.,, 2015] and modeling [Henson et al., 2015] evidence suggest that
temperature and productivity may affect ef in ways that are strongly dependent on regional ecosystem struc-
ture and dynamics. For example, several studies have recently documented an inverse relation between ef
and NPP in the Southern Ocean [Maiti et al., 2013; Martin et al., 2013; Laurenceau-Cornec et al., 2015], possibly
related to unique interactions among silica limitation, sinking speed, and low SST regimes [Henson et al.,
2015]. Furthermore, it is well known that biological metabolism follows a nonlinear relationship with tem-
perature [Gillooly et al., 2001; Lépez-Urrutia et al., 2006] whereby the relative effect of temperature is predicted
to be strongest in low-temperature regimes and weakest at high-temperature regimes. While these compli-
cations have been recently highlighted as potentially important at the global scale [Lépez-Urrutia et al., 2006;
Henson et al., 2015], it is yet unknown how ef(NPP, SST) scaling varies across distinct ecosystem types in terms
of functional form and spatial parameter variability. Consequently, it is also unknown how variable scaling
relationships may alter satellite-derived global carbon cycle predictions and how carbon cycling in distinct
ocean biomes may respond to future changes in temperature and primary productivity.
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Here we help address these uncertainties by compiling available in situ observations of NPP, SST, and
EP. We then use ocean biome configurations that separate the ocean into distinct regions based on
nutrient concentration, elemental remineralization ratios, and light availability. We test for significant
biome-specific scaling by allowing the parameters of equations (1)-(3) to vary across each biome con-
figuration shown in Figure 1 and then determine the best fitting biome configuration according to sta-
tistical model selection (described in section 2). We then evaluate the impact of biome-specific scaling
on globally integrated export production by extrapolating biome-specific models to the global scale
with satellite-derived climatological fields of NPP and SST. Finally, to demonstrate how the
estimated biome-specific ef(NPP, SST) scaling may affect the response of the marine carbon cycle to
climate change, we evaluate biome-specific changes in EP in a simulated high CO, world scenario
using NPP and SST inputs from the Geophysical Fluid Dynamics Laboratory (GFDL) ESM Earth
System Model in a 4xCO, experiment.

2. Materials and Methods

2.1. Data Sources

The in situ observations of EP, NPP, and SST were compiled from the data collections published in
Laws et al. [2000], Dunne et al. [2005, 2007], and Maiti et al. [2013]. After removing duplicates, the data-
base contains 274 unique in situ observations. The measurement techniques of EP come primarily
from sediment trap-based measurements and the 234-Thorium method, while NPP was primary mea-
sured through the "C method. A 10year annual climatology (years 2002-2012) of satellite-based NPP
was constructed from monthly NPP data products downloaded from http://www.science.oregonstate.
edu/ocean.productivity according to the carbon-based productivity model [Westberry et al., 2008].
For satellite-based SST, the same 10year (2002-2012) mean annual SST climatology was computed
from daily SST observations extracted from http://data.nodc.noaa.gov/pathfinder. Ten-year climatolo-
gical euphotic zone depth (1997-2007) was downloaded from http://oceancolor.gsfc.nasa.gov/ based
on SeaWiFs data and the algorithm described in Lee et al. [2007]. To evaluate the consequences of
biome-specific relationships for climate change, predictions for future SST and NPP under a 4xCO,
climate model experiment were downloaded from the GFDL ESM2 Earth System Model database
(http://datal.gfdl.noaa.gov/). The model experiment is part of the CMIP5 climate model ensemble
whereby atmospheric CO, is prescribed to increased by 1% per year from a preindustrial state until
reaching 4 times the preindustrial CO, (i.e. a preindustrial atmosphere of 285 ppm increases at 1%
per year until it reaches 1140 ppm in 140 model years).

2.2. Model Fitting and Statistical Model Selection

The model fitting and selection is performed to test how the numerical parameters of equations (1)-(3) may
vary across the ocean biome definitions presented in Figure 1. We test four ocean biome configurations of
increasing complexity and number of adjustable parameters: (1) globally fixed (denoted R1), (2) distinct
Southern Ocean parameters (R2), (3) distinct Southern Ocean and subtropical gyres (R3), and (4) distinct
Southern Ocean, subtropical gyres, equatorial upwelling, and Indian Ocean (R4).

For any one particular biome configuration we estimated the parameters of equations (1)-(3) using the
method of maximum likelihood assuming Gaussian-distributed model errors. We combine the likelihoods
from each biome by summing the log likelihood

n; n; 1 2
”(f7 9) = Z,II(B,) = —Zifln(Zn) — Eln(alz) — 7‘[2|EF, — f(9,)| s

where |l represents the log likelihood for functional form f parameterized by parameter vector 0. The
subscript i identifies an individual biome with biome-specific parameters 0; where EF; represents the vector
of observed export fractions, n; represents the number of observations, and the residual error variance is o?.
For each biome configuration (R1-R4) and each functional form (equations (1)-(3)) we numerically optimize Il
(f, ) with respect to 0 to obtain the maximum likelihood estimates for the model parameters, denoted 0.The
increasing complexity and nested structure of the four configurations means that the log likelihood (and
many other goodness of fit diagnostics such as R? can only improve as we increase biome complexity from
configuration R1 to configuration R4. We therefore utilize the Bayesian Information Criterion (BIC) [Kass and
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Raftery, 1995] to balance goodness of fit against model complexity (number of adjustable parameters) and
avoid overfitting. The BIC is defined as

BIC = ||(6) — klog(n),

where I1(0) is the log likelihood evaluated at the maximum likelihood estimates, k is the length of the para-
meter vector (note that each biome has parameters g, b, ¢, and residual error variance o2; therefore, k equals 4
times the number of biomes), and n is total number of observations in the database. The formula for the BIC
arises as a simple and readily calculable approximation to the log of the Bayesian model evidence [Kass and
Raftery, 1995], which represents the probability of the data, given a particular model, after integrating over
the uncertainty in the model parameters. According to this approximation, the best fitting model is the
one that maximizes the BIC, where the term klog(n) serves as a penalty for model complexity and sets that
the magnitude Il 0 ) must increase to justify an additional parameter in the model. To compare models of
variable biome complexity, we compute the difference in the BIC among different biome configurations
and functional forms

ABIC = max(BIC) - BICg

where BICy is the optimized BIC for each biome configuration of a particular functional form and max(BIC) is
the BIC from the best fitting biome configuration for that functional form. The ABIC is used for model selec-
tion because it approximates the log of the Bayes factor (or the ratio of model evidences) according to
ABIC=2log(pi/p;) where pi/p; is the fitted odds of biome configuration i over j. The magnitude of the ABIC
therefore measures the strength of empirical evidence for one biome configuration over another while taking
into account the additional number of parameters required to fit more complex configurations. For example,
a ABIC of 6 would represent approximately 20:1 odds for biome configuration i over biome configuration j
which is roughly analogous to an a=0.05 classical significance test. The reader is referred to Kass and
Raftery [1995] and Burnham and Anderson [2002] for comprehensive discussions of ABIC-based model
selection.

3. Results and Discussion

We found strong statistical support for biome-specific ef(NPP, SST) scaling (Figures 2 (left) and 3) whereby all
three functional forms indicated that the added complexity of biome-specific models could be justified based
on the information in the available data. Across all three functional forms, globally fixed parameters yielded
ABIC values >50, which indicates negligible statistical support for globally constant configurations. The best fit-
ting biome configuration was the R3 biome configuration, indicating significantly different parameters for the
Southern Ocean and the subtropical gyres, relative to the rest of the ocean. However, a total of eight additional
model configurations (R3 and R4 for equation (1) and R2, R3, and R4 for equations (2) and (3)) gave ABIC < 7,
relative to the best fitting R3 biome configuration, indicating relatively weak statistical separation despite large
variation in model complexity (Table S1 in the supporting information). This result indicates that the in situ data-
base strongly supports biome-specific scaling but provides insufficient information to distinguish the specific
pattern of parameter variability across ocean biomes. Optimized parameters, their uncertainty, and a graphical
display of fitted ef(NPP, SST) are given for all model fits in the supporting information, along with their associated
BIC and R? diagnostics.

We also found that biome-specific scaling has strong implications for satellite-based extrapolation of global
EP (Figures 2 (right) and S1a). Using the climatological, annually averaged satellite-derived NPP and SST, glob-
ally integrated EP for R2, R3, and R4 configurations gave predicted values of approximately 11.5, 5, and
7Pg Cyr', respectively, with <10% relative variation across functional forms. The weak resolution, yet signif-
icant impact of biome-specific ef(NPP, SST), therefore limits our ability to monitor and accurately infer global
EP using the type of empirical models discussed here. This inaccuracy may have consequences for a variety of
studies that incorporate ef(NPP, SST) relationships into larger models and calculations.

The inferred biome-specific ef(NPP, SST) scaling showed marked variability relative to globally fixed relation-
ships, particularly in terms of the Southern Ocean productivity effect and the role of temperature (Figure 3).
The Southern Ocean productivity relationship strongly reflects that demonstrated by Maiti et al. [2013], hav-
ing incorporated those data in this analysis. The results here therefore support [Maiti et al., 2013] and also
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Figure 2. (left) Model selection results and (right) satellite-based globally extrapolated carbon export predictions based on
various functional forms (equations (1)-(3)) and biome-specific ef(NPP, SST) scaling parameters.

further identify the uniqueness of the inverse Southern Ocean productivity relationship in the context of a
larger global data set. Under the R4 biome configuration, the Northern Ocean (NO) biome (which represents
the Arctic Ocean and the northern regions of the Atlantic and Pacific Oceans) also showed an inverse relation
between export efficiency and NPP (Figure S2c); however, the optimized parameters were highly uncertain
and indistinguishable from zero due to a low number of observations across the Northern Ocean biome
(n=22). The inferred ef(NPP, SST) relationships for the subtropical gyres and the rest of the ocean are similar
to one another in their strong positive NPP effect but differed in magnitude for the SST effect (Figure 3). The
SST effect was found to be relatively weak in the subtropical gyres relative to the rest of the ocean, which is
consistent with metabolic theory [Lopez-Urrutia et al., 2006] that predicts the weakest temperature effect in
high-temperature regimes).
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Figure 3. Inferred biome-specific ef(NPP, SST) scaling relationships based on the best fitting R3 biome configuration and
the power law parameterization (equation (2)). (a) The globally fixed relationship from equation (2) presented by Laws
et al. [2011] and (b-d) the biome-specific relationships inferred in this study. The color bar gives the predicted ef.
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Figure 4. Biome-specific climate change projections for (a) SST and (b) NPP predicted from the GFDL ESM Earth System Model 4xCO, climate change experiment. (c)
The predicted EP response for the best fitting biome-specific model (colored line) relative to the globally fixed relationships from equation (2) (black line). “Gyres”
represents the subtropical gyres, EQ is the equatorial upwelling regions, SO is the Southern Ocean, 10 is the Indian Ocean, and NO is the northern region.

Spatial disaggregation of intermodel variability indicated that the subtropical gyre and Indian Ocean biomes
yield the greatest range in their contribution to global export estimates. We found that the difference
between global and biome-specific scaling was largest for the subtropical gyre biome, where integrated
export across the whole biome was nearly half that predicted using globally fixed parameters (Figure S1a).
Large areas within both the subtropical gyre and Indian Ocean biomes yielded intermodel variation of
>100% across the suite of statistically similar biome configurations (Figure S1b). Large biome-specific varia-
bility is likely caused by poor data coverage across large ocean regions (e.g., all Indian Ocean observations are
concentrated in the Arabian Sea). The consequent uncertainty in global-scale satellite-based models there-
fore points to the need for continuing in situ ocean carbon observing at a global scale. A proposed 5 year
NASA field sampling program is planned for 2017 [Siegel et al., 2015], aimed specifically at resolving distinct
carbon export processes across ecosystem types. The sampling program concentrates observations at two
sites: Ocean Station P located in the subarctic North Pacific and the North Atlantic Bloom Experiment site
located in the subarctic northeast Atlantic. While these sites provide a unique ecological contrast between
the highly seasonal bloom in the North Atlantic and the relatively stable oligotrophic dynamics in the
North Pacific, our results point to other regions, such as the subtropical gyre ecosystems and the Indian
Ocean, as sites of concentrated uncertainty in satellite-extrapolated predictions of EP from NPP and SST.
This empirical modeling framework may therefore help in locating future in situ carbon export observing
sites; for example, by performing statistical observing system simulation experiments to determine the areas
where future observations would best constrain satellite-based prediction.

Using data from a 4xCO2 climate experiment from the GFDL ESM2 Earth System Model, we also investigated
the degree to which biome-specific temperature and productivity scaling impacts the response of carbon
export to future climate change (Figures 4a and 4b). Relative to the globally fixed model, we found that
the best fitting biome-specific model (equation (2) with R3 biome configuration) predicted weaker EP
declines in the gyres (due to the weaker temperature effect in the gyres, consistent with metabolic theory
[Lopez-Urrutia et al., 2006]), stronger EP declines in the equatorial and northern biomes, and a sign change
from negative to positive in the Southern and Indian Oceans (Figure 3c). By the end of the 4xCO, simulation,
global export declined by nearly 10% in the globally constant model, whereas the biome-specific model pre-
dicts less than 2% change due to partial offsets provided by export increases in the Southern and Indian
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Oceans. The total absolute difference in export between the two models at the end of the simulation was
nearly 1 Pg C/yr or approximately 10% of current anthropogenic carbon emissions. While these calculations
are highly simplified relative to predictions from coupled biogeochemical ocean models, the results highlight
the potential importance of biome-specific scaling for the global carbon cycle and also suggest its potential
role in determining the ocean’s response to ongoing CO, emissions. The large uncertainty of these calcula-
tions amplifies the need for additional carbon export field sampling in order to observationally constrain
biome-specific relationships.

4. Conclusions

In conclusion, distinct biome-specific eiNPP, SST) scaling is predicted to have strong consequences for the response
of carbon export to climate change and for satellite-based export estimates. Empirical evidence strongly suggests
that export across large ocean regions (e.g., Southern Ocean and subtropical gyres) may uniquely respond to
changes in temperature and productivity, while other regions remain unconstrained due to poor observational cov-
erage. Continued observing efforts are needed to resolve these empirical patterns and thereby reduce uncertainty
in the global carbon budget and improve carbon cycle monitoring from satellite-based platforms.
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