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Abstract 

Oceanic net community production (NCP), defined as photosynthesis in excess 

of respiration, lowers the CO2 concentration at the ocean surface and in the process 

regulates atmospheric CO2 levels on seasonal to glacial-interglacial time scales. The 

magnitude of oceanic NCP, and the regulating factors are however poorly constrained. 

This dissertation aims to derive estimates of the large-scale distribution of NCP and to 

explore the mechanisms driving this variability, at regional scales (Western Antarctic 

Peninsula, Chapter 2), basin scales (Southern Ocean, Chapter 3), and global scale (world 

oceans, Chapter 4). 

In Chapter 2, we use remotely sensed properties and in-situ observations of 

O2/Ar-NCP from 2008 to 2014 to explore the interannual variability in NCP at the 

Western Antarctic Peninsula. We find that annual NCP in the shelf and coastal regions is 

up to eight times higher than in offshore regions, with hotspots observed around 

canyons. The interannual variability in annual NCP observed in the region is likely 

controlled by the iron supply from subsurface or horizontal advection. 

In Chapter 3, we use remotely sensed properties to investigate the impact of 

mixed-layer dynamics on NCP in the Southern Ocean. We find that, as expected, NCP is 

largely controlled by light availability on seasonal time scales. On intra-seasonal time 

scales, a deepening of mixed layer increases NCP which we attribute to increased 
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nutrient availability. On interannual time scales, NCP correlates with a host of 

parameters (i.e., stratification, wind kinetic energy, and mixed layer depth), but not to 

mixed layer depth (MLD). Although we do not observe a secular trend in NCP for the 

entire Southern Ocean, NCP increases (decreases) in the Atlantic (Pacific) sector over the 

1997-2014 period. Overall, our results show that the driving mechanisms behind the 

NCP distribution vary as a function of the temporal and spatial scales under study.  

In Chapter 4, we derive two global satellite NCP algorithms using O2/Ar 

measurements and the machine-learning methods of genetic programming and support 

vector machine. Our new algorithms are comparable to other algorithms in their 

prediction accuracy and magnitude of global biological carbon fluxes at the ocean 

surface, but predict a more spatially uniform NCP distribution for the world’s oceans. 

In Chapter 5, we develop a mechanistic model of the carbon export potential 

from the mixed layer as a function of light availability. We show that the model is 

remarkably consistent with in-situ observations of O2/Ar-derived NCP and export 

production estimates from 234Th and sediment traps. Our model suggests that carbon 

export production in the Southern Ocean is likely co-limited by light and nutrient 

availability. 

We end with a discussion of future projects in the concluding chapter 6. 
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1. Introduction  

1.1 Motivation 

The world’s oceans play an important role in regulating atmospheric CO2 levels 

and climate variability. Through a combination of physical, chemical and biological 

processes, they lower the atmospheric CO2 concentration by approximately 70%, and 

sequester about 38,000 Pg of Dissolved Inorganic Carbon (DIC), equivalent to about 50 

times the atmospheric CO2 reservoir (784 Pg) [Emerson and Hedges, 2008]. Furthermore, 

the world’s oceans remove about 1.6±0.9 Pg of anthropogenic carbon per year from the 

atmosphere [Takahashi et al., 2009], which accounts for approximately 30% of cumulative 

anthropogenic CO2 emissions [DeVries, 2014; Sabine et al., 2004]. 

Marine phytoplankton are responsible for approximately half of all 

photosynthesis on Earth [Field et al., 1998]. Part of the fixed carbon is exported out of the 

euphotic zone via sinking particles in a process termed the “biological pump” [Volk and 

Hoffert, 1985]. This sinking flux, also called export production, mediates the transfer of 

CO2 to the deep ocean and controls atmospheric CO2 concentrations on seasonal to 

glacial-interglacial time scales [Falkowski et al., 1998; Keeling et al., 2004; Sigman and Boyle, 

2000]. Over glacial-interglacial periods, export production is believed to have lowered 

atmospheric CO2 levels by ~40 ppm [Sigman and Boyle, 2000]. Due to the rising 

atmospheric CO2 concentration, the contribution of export production to CO2 uptake is 
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expected to increase in the future as a result of the decreasing buffering capacity of the 

oceans [Hauck and Volker, 2015]. 

Climate change impacts on marine ecosystems have recently been reported, but 

there are still great uncertainties. In the Western Antarctic Peninsula (WAP), decreasing 

sea ice concentrations and earlier sea-ice retreat have shifted the ecosystem to one 

dominated by small cell phytoplankton [Montes-Hugo et al., 2009], decreasing the 

primary production and export production [Dunne et al., 2005; Laws et al., 2000]. 

However, numerous counter-examples to this paradigm have recently been observed. 

Notably, observations from the CARIACO time series (10.50°N, 64.66°W) between 1996 

and 2010 indicate a long-term decrease in the abundance of large diatoms and primary 

production but an increase in export production [Taylor et al., 2012]. At BATS (31.67°N, 

64.17°W) between 1996 and 2007, an increase in primary production and export 

production was observed, but the abundance of diatoms and haptophytes decreased 

[Lomas et al., 2010]. Therefore, there is a pressing need to derive large-scale surface 

export production and to assess its regulating factors. Satellites provide an unmatched 

opportunity to study surface ocean biogeochemistry, including primary production, at 

large-scales. However, current estimates of carbon export production based on 

remotely-sensed observations carry large uncertainties with a current best estimate 

range of 5-15 Pg C yr-1 for the world’s oceans. This work aims to improve estimates of 
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carbon export production and regulating factors at large scales using a combination of 

remotely sensed properties and in-situ measurements. 

1.2 Overview of the Projects 

At steady state and when averaged over appropriate spatiotemporal scales, 

export production is equal to net community production (NCP), which is defined as net 

primary production (NPP) minus heterotrophic respiration. In this dissertation, we 

derive empirical NCP algorithms and investigate NCP variability at regional (Chapter 

2), basin (Chapter 3) and global (Chapter 4) scales. Finally, we explore the influence of 

light and nutrient availability on carbon export by developing a mechanistic model of 

carbon export potential (upper bound) (Chapter 5). 

In Chapter 2, we examine the impact of sea-ice dynamics on the interannual 

variability of NCP in the WAP. To that end, we first reconstruct a time series of satellite 

NCP estimates (1997-2014), using a local satellite chlorophyll a ([Chl]) algorithm and a 

relationship between in-situ observations of O2/Ar-NCP and [Chl] in the region. 

Through an empirical orthogonal function analysis, the NCP time series is decomposed 

into spatial and temporal components, which are compared to environmental 

parameters including sea-ice dynamics, sea surface temperature (SST), and 

photosynthetically active radiation (PAR). 

In Chapter 3, we investigate physical controls on NCP in the Southern Ocean on 

intra-seasonal, seasonal, interannual, and multi-year time scales. To that end, we use a 
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combination of remotely sensed properties as well as physical parameters such as mixed 

layer depth (MLD). We first match each MLD estimate to collocated remotely-sensed 

estimates of productivity, calculate their changes over a given time interval, and show 

their relationship on intra-seasonal time scales. We also use correlation and multiple 

linear regressions analyses to examine the relationships between NCP, MLD, and mixed 

layer averaged PAR on seasonal and interannual time scales. Finally, the multi-year 

trends of annual NCP for the entire Southern Ocean and local regions are calculated and 

compared to physical and environmental parameters. 

In Chapter 4, we derive two satellite NCP algorithms for the world’s oceans, 

using a large data set of in-situ O2/Ar measurements and concurrent remotely sensed 

properties including NPP, SST, and PAR. Considering that some of these properties are 

mutually correlative, we use genetic programming to search for the optimal parameters, 

forms and coefficients of NCP equations. For comparison purposes, we also develop 

another NCP algorithm using support vector machine. We compare our new NCP 

algorithms to other algorithms in the literature. 

In Chapter 5, we develop a mechanistic model of the carbon export potential 

(upper bound) from the mixed layer as a function of light availability. The model builds 

upon Sverdrup’s original critical depth theory and the metabolic balance between NPP 

and heterotrophic respiration. We validate our model using in-situ observations of 

O2/Ar-derived NCP and export production estimates from 234Th and sediment traps. We 
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use this model to estimate the global distribution of the carbon export potential (upper 

bound) based on MLD derived from global Argo profiles. Based on the estimates, we 

partition the influence of light and nutrient availability on the carbon export potential in 

the global ocean. 
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2. Interannual Variability in Net Community Production 
at the Western Antarctic Peninsula Region (1997-2014) 

This chapter was published in the Journal of Geophysical Research-Ocean 

(“Interannual variability in net community production at the Western Antarctic 

Peninsula Region (1997-2014)”) [Li et al., 2016] and was a collaboration with Nicolas 

Cassar, Kuan Huang, Hugh Ducklow, and Oscar Schofield. 

2.1 Abstract 

In this study, we examined the interannual variability of Net Community 

Production (NCP) in the Western Antarctic Peninsula (WAP) using in-situ O2/Ar-NCP 

estimates (2008-2014) and satellite data (SeaWiFS and MODIS-Aqua) from 1997 to 2014. 

We found that NCP generally first peaks offshore and follows sea-ice retreat from 

offshore to inshore. Annually-integrated NCP (ANCP) displays an onshore to offshore 

gradient, with coastal and shelf regions up to eight times more productive than offshore 

regions. We examined potential drivers of interannual variability in the ANCP using an 

Empirical Orthogonal Function (EOF) analysis. The EOF’s first mode explains ~50% of 

the variance, with high interannual variability observed seaward of the shelf break. The 

first principal component is significantly correlated with the day of sea-ice retreat (R=-

0.58, p<0.05), as well as the Southern Annular Mode (SAM) and El Niño Southern 

Oscillation (ENSO) climate indices in austral spring. Although the most obvious 

pathway by which the day of sea-ice retreat influences NCP is by controlling light 
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availability early in the growing season, we found that the effect of day of sea-ice retreat 

on NCP persists throughout the growing season, suggesting that additional controls, 

such as iron availability, are preconditioned or correlated to the day of sea-ice retreat.  

2.2 Introduction  

The Western Antarctic Peninsula (WAP) region of the Southern Ocean (refer to 

Table A-1 for acronyms and abbreviations) has undergone significant climate change 

over recent decades [Ducklow et al., 2007; Vaughan et al., 2003]. Since 1950, the annual 

mean air temperature has increased by approximately 2 °C and winter air temperature 

by about 6 °C [King, 1994; Vaughan et al., 2003], leading to an earlier sea-ice retreat and a 

later sea-ice advance [Stammerjohn et al., 2008a; Stammerjohn et al., 2008b]. These 

environmental changes have resulted in a shift of phytoplankton from large diatoms 

toward small flagellated cryptophytes [Montes-Hugo et al., 2009], variation in the 

abundance of Antarctic krill [Steinberg et al., 2015], and a decline in Adélie penguins near 

Palmer Station [Clarke et al., 2007; Ducklow et al., 2007]. The extent to which these changes 

in sea-ice and ecosystem dynamics alter carbon export production remains unclear. 

Several methods have been employed at the WAP to study carbon export 

production, including sediment traps [Ducklow et al., 2008; Ducklow et al., 2006], 234Th 

[Buesseler et al., 2010] and 15N methods [Weston et al., 2013]. Alternatively, carbon export 

production can be indirectly estimated using the O2/Ar method [Huang et al., 2012; Tortell 

et al., 2014]. The O2/Ar method estimates biological oxygen (O2) saturation based on the 
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similar solubility properties of O2 and argon (Ar). Multiplying the biological O2 by a gas 

exchange velocity leads to an estimate of Net Community Production (NCP) which is 

defined as the difference between Net Primary Production (NPP) and Heterotrophic 

Respiration (HR). At steady state and when averaged over appropriate scales, NCP 

approximates carbon export production [Brix et al., 2006; Eppley and Peterson, 1979; 

Sarmiento and Gruber, 2006].  

The spatial and temporal resolution provided by the various in-situ methods 

presented above is however not sufficient to characterize the seasonal cycle of carbon 

export production over the entire WAP region. On these spatial and temporal scales, 

NCP can be estimated based on empirical or mechanistic relationships between NCP 

and ocean-color parameters such as chlorophyll a concentration ([Chl]) and Particulate 

Organic Carbon concentration ([POC]) [Cassar et al., 2015; Huang et al., 2012; Reuer et al., 

2007]. For example, Chang et al. [2014] and Li and Cassar [2016] recently estimated NCP 

for the Southern Ocean and the global oceans using in-situ O2/Ar-NCP estimates and 

various statistical methods including Artificial Neural Networks (ANNs), Support 

Vector Regression (SVR) and Genetic Programming (GP). Although these approaches 

estimate NCP relatively well, uncertainties remain significant, in part due to factors 

controlling NCP varying from one area to another. Some of these uncertainties can be 

reduced by developing regional algorithms. 
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In this study, we used satellite observations to investigate the mechanisms 

driving seasonal and interannual variability in NCP at the WAP. To that end, we first 

build a satellite NCP algorithm specific to the WAP region. We develop an NCP-[Chl] 

regression using in-situ [Chl] and O2/Ar-NCP estimates. We derive a time series of 

monthly NCP (MNCP) and annually-integrated NCP (ANCP), using the NCP-[Chl] 

regression and satellite-[Chl] algorithms specifically calibrated using in-situ 

observations collected as part of the Palmer Long-Term Ecological Research (Pal-LTER) 

program [Ducklow et al., 2007]. Finally, we decompose ANCP into spatial (Empirical 

Orthogonal Function, EOF) and temporal (Principal Component, PC) components 

through an EOF analysis, and compare the temporal component to sea-ice dynamics, Sea 

Surface Temperature (SST), Photosynthetically Active Radiation (PAR), and the 

Southern Annular Mode (SAM) and El Niño Southern Oscillation (ENSO) climate 

indices. 

2.3 Materials and Methods 

2.3.1 Study Area 

Our study area ranges from 60° S to 70° S in latitude and 80° W to 50° W in 

longitude (Figure 2-1). The area includes the Pal-LTER grid region which has been 

extensively investigated since 1990s [Ducklow et al., 2007]. Based on distance from the 

coast [Martinson et al., 2008], the study area was divided into a less productive 

Permanently Open Ocean Zone (POOZ) (>500 km), a relatively productive Southern 



 

10 

Antarctic Circumpolar Current Front Zone (SACCFZ) (200-500 km) and a highly 

productive Shelf Zone (SZ) (<200 km) [Smith et al., 2008; Treguer and Jacques, 1992]. 

Offshore regions consist of POOZ and SACCFZ. Each region was further subdivided 

into southern (south of Pal-LTER grid line 250), middle (between Pal-LTER grid lines 

250 and 600) and northern (between Pal-LTER grid lines 600 and 1000) sectors, leading 

to nine sub-regions. In order to detect secular trends in ANCP in the northern and 

southern regions, we divided the northern and middle sectors following Montes-Hugo et 

al. [2009], with the middle and southern sectors divided following Smith et al. [2008]. We 

defined the SACCFZ to be 100 km wider than Smith et al. [2008] so that regions with high 

ANCP variability were included in the SACCFZ (see section 2.4). 

 
 

Figure 2–1: Study area (extended Pal-LTER region). Red and blue symbols represent 

the locations of in-situ [Chl] samples matched to SeaWiFS and MODIS-Aqua 

observations, respectively. Heavy dashed line is the approximate location of the 

Southern Antarctic Circumpolar Front (SACCF) [Orsi et al., 1995]. Gray dashed line 

separates the WAP region into nine sub-regions. Thin gray lines represent 250m-

increment isobaths, which collapse into a thick gray line at the shelf break (750 m 

deep). 
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2.3.2 In-Situ Measurements 

In-situ [Chl] measurements were collected during the annual Pal-LTER cruises in 

January and early February from 1993 to 2015. These measurements were downloaded 

from http://pal.lternet.edu/. Averaged [Chl] above a 10 m depth for each depth profile 

was matched to daily remote sensing reflectance just above water surface (Rrs(λ)), 

yielding match-ups of 145 and 99 for SeaWiFS and MODIS-Aqua, respectively (Figure 2-

1). These match-ups were used to develop satellite-[Chl] algorithms specific to the WAP 

region. 

Published and new O2/Ar-NCP estimates collected between 2008 and 2014 were 

used to train our algorithms. Oxygen saturation reflects physical and biological 

processes. Because Ar has similar solubility properties to O2, the ratio of O2 and Ar 

(O2/Ar) can be used to isolate the O2 saturation associated with biological processes 

[Craig and Hayward, 1987; Cassar et al., 2011], from which NCP can be derived using a gas 

exchange rate parameterized as a function of wind speed [Reuer et al., 2007]. We matched 

our in-situ mixed-layer-averaged [Chl] to O2/Ar-NCP estimates to update the regression 

from Huang et al. [2012], yielding 175 match-ups. 

2.3.3 Satellite Data and Climate Indices 

2.3.3.1 Ocean Color and Photosynthetically Active Radiation 

We used daily and monthly SeaWiFS (1997-2010) and MODIS-Aqua (2002-2015) 

level-3 Rrs(λ) and PAR data with a spatial resolution of 0.083° × 0.083°, downloaded 

http://pal.lternet.edu/
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from NASA’s ocean color website (http://oceancolor.gsfc.nasa.gov/). Downloaded Rrs(λ) 

include bands 412, 443, 490, 510, 555, and 670 for SeaWiFS and bands 412, 443, 469, 488, 

531, 547, 555, 645, 667, and 678 for MODIS-Aqua. Daily Rrs(λ) data were matched to 

[Chl] measurements for algorithm development, and monthly Rrs(λ) data were used to 

derive NCP time series. 

2.3.3.2 Sea Ice 

We estimated sea-ice dynamics from a satellite daily sea-ice concentration data 

product (1990-2012) which uses a polar stereographic projection with a grid cell size of 

25 km × 25 km (NASA’s Scanning Multichannel Microwave Radiometer (SMMR) and 

the Defense Meteorological Satellite Program’s (DMSP) Special Sensor 

Microwave/Imager (SSM/I); downloaded from the EOS Distributed Active Archive 

Center (DAAC) at the National Snow and Ice Data Center, University of Colorado in 

Boulder, Colorado (http://nsidc.org)). From daily sea-ice concentrations, we derived 

three sea-ice characteristics: day of sea-ice advance, day of sea-ice retreat, and ice-free 

days. Day of sea-ice advance is defined as the first day when sea-ice concentration is 

>15% for 5 consecutive days. Day of sea-ice retreat is defined as the last day when sea-ice 

concentration is above 15% for 5 consecutive days, and ice-free days are defined as the 

number of days with sea-ice concentration ≤15% between day of sea-ice retreat and day 

of sea-ice advance [Stammerjohn et al., 2008a]. 

http://oceancolor.gsfc.nasa.gov/
http://nsidc.org/
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2.3.3.3 Wind Speed 

Cross-Calibrated Multi-Platform (CCMP) ocean surface wind vectors with a 

spatial resolution of 0.25° × 0.25° were downloaded from https://podaac.jpl.nasa.gov/ 

[Atlas et al., 2011]. This surface wind product blends data from multiple satellites, 

providing high temporal resolution (6 hours) and a long time series (1987-2011) of wind 

speed. We used CCMP wind product to examine the relation of sea-ice dynamics to 

wind speed. We used NCEP Reanalysis wind speed to calculate piston velocities for 

NCP calculations [Kalnay et al., 1996]. 

2.3.3.4 Sea Surface Temperature 

Monthly SST was derived from satellite SST acquired by AVHRR (1997-2007) 

and MODIS-Aqua (2008-2015). AVHRR monthly SST was calculated from daily values 

with a spatial resolution of 4 km × 4 km at the equator 

(http://www.nodc.noaa.gov/SatelliteData/pathfinder4km/). MODIS-Aqua monthly SST 

with a spatial resolution of 0.083° × 0.083° was downloaded from NASA’s ocean color 

website (http://oceancolor.gsfc.nasa.gov/). 

2.3.3.5 Climate Indices 

Monthly Niño 3.4 indices (as indicators of ENSO activity), were downloaded 

from https://iridl.ldeo.columbia.edu/. The Niño 3.4 index is calculated from averaged 

equatorial Pacific SST anomalies in the region between 5° N and 5° S in latitude, and 

between 170° W and 120° W in longitude [Cane et al., 1986]. Monthly SAM index time 

https://podaac.jpl.nasa.gov/
http://www.nodc.noaa.gov/SatelliteData/pathfinder4km/
http://oceancolor.gsfc.nasa.gov/
https://iridl.ldeo.columbia.edu/
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series were downloaded from http://www.nerc-bas.ac.uk/icd/gjma/sam.html [Marshall, 

2003]. The SAM index is defined as the difference in zonal mean Sea Level Pressure 

(SLP) between 40° S and 65° S [Gong and Wang, 1999]. 

2.3.4 Algorithm Development 

2.3.4.1 Pal_LTER Region-specific Satellite-[Chl] Algorithm 

As shown by O'Reilly et al. [1998], Kahru and Mitchell [2010] and Johnson et al. 

[2013], the standard satellite-[Chl] algorithms (OC4v6 and OC3Mv6) underestimate true 

[Chl] by a factor of two to three in the Southern Ocean. To improve the regional satellite-

[Chl] estimation, we developed Pal-LTER region-specific satellite-[Chl] algorithms (Pal-

[Chl]) for SeaWiFS (Pal-[Chl]s) and MODIS-Aqua (Pal-[Chl]m).  

Our Pal-[Chl]s and Pal-[Chl]m have the following form: 𝑙𝑜𝑔10([𝐶ℎ𝑙]) = 𝑆𝑙𝑜𝑝𝑒 ∗

𝑙𝑜𝑔10(𝑀𝐵𝑅) + 𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡, where 𝑀𝐵𝑅 stands for maximum band ratio. Considering that 

match-ups for SeaWiFS and MODIS-Aqua are limited and are of unequal size in each 

region, we inferred model constants (slope and intercept) using a Bayesian hierarchical 

model which allows information sharing: 

𝑙𝑜𝑔10([𝐶ℎ𝑙])𝑖,𝑗,𝑘~𝑁𝑜𝑟𝑚𝑎𝑙(𝛽𝑗,𝑘𝑙𝑜𝑔10(𝑀𝐵𝑅)𝑖,𝑗,𝑘 , 𝛿
2)                                                                       (1) 

where subscripts 𝑖, 𝑗 and 𝑘 represent indices of samples, satellite sensors (SeaWiFS and 

MODIS-Aqua) and regions, respectively. 𝛽𝑗,𝑘 is a 1 × 2 vector that consists of model 

slope and intercept parameters. 𝑙𝑜𝑔10(𝑀𝐵𝑅)𝑖,𝑗,𝑘 is a 2 × 1 vector with the last component 

equal to 1. Model parameters have the following prior distributions 𝛽𝑗,𝑘~𝑁𝑜𝑟𝑚𝑎𝑙(𝜇, ∑), 

http://www.nerc-bas.ac.uk/icd/gjma/sam.html


 

15 

𝜇~𝑁𝑜𝑟𝑚𝑎𝑙(𝜇0, ∑0), ∑
−1~𝑊𝑖𝑠ℎ𝑎𝑟𝑡(𝑎0, 𝑏0), and 𝛿~𝑢𝑛𝑖𝑓𝑜𝑟𝑚(0,100), where 𝜇0, ∑0, 𝑎0 and 

𝑏0 are constants. In order for model parameters to be mainly data-driven, we used 

weakly informative priors. The posterior distributions of parameters were approximated 

using a sequence of random samples simulated through a Markov Chain Monte Carlo 

(MCMC) method. The sequence contains 10000 iterations to ensure convergence. To 

eliminate the influence of initial values, the last 5000 samples (burn-in=5000) were used 

to summarize posterior distributions. 

2.3.4.2 Derivation of Satellite-NCP Algorithm and Time Series 

With all other factors equal, a relation between NCP and [Chl] is to be expected 

as 𝑁𝐶𝑃 = 𝑁𝑃𝑃 − 𝐻𝑅 = 𝜇 ∗ [𝐶ℎ𝑙] ∗
𝐶

[𝐶ℎ𝑙]
−𝐻𝑅, where 𝜇 and 𝐶 are phytoplankton growth 

rate and carbon content, respectively. We tried three independent methods to calculate 

the relation of NCP to [Chl]. First, following the equation developed by Huang et al. 

[2012], i.e. 𝑙𝑜𝑔10 (𝑁𝐶𝑃) = 0.79(±0.06)𝑙𝑜𝑔10([𝐶ℎ𝑙]) + 1.39(±0.03), (𝑛 = 92, 𝑅
2 = 0.66), we 

derived an updated NCP model based on an Ordinary Least Squares (OLS) regression of 

in-situ [Chl] and historical and new O2/Ar-NCP estimates (2008-2014). Second, in light of 

the significant uncertainties in O2/Ar-NCP estimates in low-value regions [Jonsson et al., 

2013], we developed another NCP model using robust Bayesian analysis with e-

contaminations (hereafter denoted as e-contamination) [West, 1984]. Finally, to take into 

account the fact that the functional relationship between NCP and [Chl] could vary 

across regions, we developed an NCP model using a Bayesian hierarchical model: 
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𝑙𝑜𝑔10(𝑁𝐶𝑃)𝑖,𝑘~𝑁𝑜𝑟𝑚𝑎𝑙(𝛽𝑘𝑙𝑜𝑔10([𝐶ℎ𝑙])𝑖,𝑘 , 𝛿
2)                                                                                 (2) 

The format, distributions, parameters, and procedures are similar to the ones for Pal-

[Chl]. 

We derived a time series of satellite MNCP and ANCP for 1997-2014 using the 

algorithms described above. NCP images were smoothed with a 0.415° × 0.415° window 

using the criterion that a pixel with >1/3 of its neighbors covered by sea ice or clouds 

was ignored. ANCP was estimated from austral spring to the subsequent winter with 

most of the NCP signal observed during the September to April growing season. 

2.3.5 Empirical Orthogonal Function Analyses 

We decomposed the ANCP time series into spatial (EOFs) and temporal (PC) 

components through an EOF analysis. Assuming that NCP is lognormally distributed as 

[Chl] [Loch, 1966], we log-transformed ANCP, removed the linear trend by subtracting a 

linear fit to the ANCP time series from each pixel, and calculated ANCP anomalies by 

removing the climatology estimated from ANCP in 1997-2014. Finally, we applied an 

EOF analysis to the time series of ANCP anomalies. 

2.4 Results 

2.4.1 Relationship Between In-situ [Chl] and O2/Ar-NCP Estimates  

NCP predicted by Bayesian hierarchical model is highly correlated to O2/Ar-NCP 

estimates (R2=0.57, n=175), with large scatter observed in low-value regions (Figure 2-2). 

As determined using the Bayesian hierarchical model, the relationship between NCP 
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and [Chl] varies between regions (Table 2-1), with steepest and flattest slopes in the 

offshore regions and middle SZ, respectively. However, the three statistical methods 

employed (i.e., OLS, e-contamination and Bayesian hierarchical model) result in similar 

equations. The mean of model coefficients for the Bayesian hierarchical model is close to 

those of OLS (𝑙𝑜𝑔10 (𝑁𝐶𝑃) = 0.80(±0.06)𝑙𝑜𝑔10([𝐶ℎ𝑙]) + 1.36(±0.03)), e-contamination 

(𝑙𝑜𝑔10 (𝑁𝐶𝑃) = 0.75(±0.04)𝑙𝑜𝑔10([𝐶ℎ𝑙]) + 1.41(±0.02)) and the algorithm developed by 

Huang et al. [2012] (𝑙𝑜𝑔10 (𝑁𝐶𝑃) = 0.79(±0.06)𝑙𝑜𝑔10([𝐶ℎ𝑙]) + 1.39(±0.03)), where the 

values in the parentheses represent one standard deviation. The consistency between 

algorithms implies that the functional relationship between in-situ [Chl] and O2/Ar-NCP 

estimates is robust and stable over multiple years. Although the Bayesian hierarchical 

model captures part of the regional variations in the relationship between NCP and 

[Chl], estimating NCP using sub-region algorithms does not significantly improve 

predictions, indicating that parameters other than [Chl] also control NCP variability or 

that uncertainties in in-situ observations preclude further improvements. As such, for 

simplicity we derived the satellite time-series of NCP using the mean coefficients from 

the Bayesian hierarchical model. 
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Figure 2–2: O2/Ar-NCP measurements and predictions by the Bayesian hierarchical 

algorithm. The samples in black are from the Southern Shelf region and the Southern 

open-ocean region (SACCFZ and POOZ). “Coastal” represents region ≤50 km from 

the coast. Axes are logarithmic. 

To assess which variables are the best predictors of NCP, we also conducted a 

variable selection analysis using a Stochastic Search Variable Selection (SSVS) [George 

and Mcculloch, 1993] with the following in-situ variables: [Chl], [POC], Sea Surface 

Salinity (SSS), Mixed Layer Depth (MLD), PAR, and SST. We found that NCP is best 

predicted by [POC] and SSS, followed by [Chl]. Cassar et al. [2015] recently highlighted a 

strong relationship between NCP and [POC] in the Australian sector of the Southern 

Ocean. In the appendix A, we present a satellite-[POC] algorithm specific to the Pal-

LTER region. We opt to use Pal-[Chl] instead of [POC] algorithms for NCP 

reconstruction because satellite estimates of [Chl] are more accurate than [POC]. 
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Table 2-1: Coefficients of NCP and satellite-[Chl] algorithms for individual regions. 

The NCP algorithms have the form:𝒍𝒐𝒈𝟏𝟎(𝑵𝑪𝑷) = 𝑺𝒍𝒐𝒑𝒆 ∗ 𝒍𝒐𝒈𝟏𝟎([𝑪𝒉𝒍]) + 𝑰𝒏𝒕𝒆𝒓𝒄𝒆𝒑𝒕. 

Satellite-[Chl] algorithms have the form: 𝒍𝒐𝒈𝟏𝟎([𝑪𝒉𝒍]) = 𝑺𝒍𝒐𝒑𝒆 ∗ 𝒍𝒐𝒈𝟏𝟎(𝑴𝑩𝑹) +

𝑰𝒏𝒕𝒆𝒓𝒄𝒆𝒑𝒕, where 𝑴𝑩𝑹 = 𝒎𝒂𝒙 {
𝑹𝒓𝒔(𝟒𝟒𝟑)

𝑹𝒓𝒔(𝟓𝟓𝟓)
,
𝑹𝒓𝒔(𝟒𝟗𝟎)

𝑹𝒓𝒔(𝟓𝟓𝟓)
,
𝑹𝒓𝒔(𝟓𝟏𝟎)

𝑹𝒓𝒔(𝟓𝟓𝟓)
} for SeaWiFS and 𝑴𝑩𝑹 =

𝒎𝒂𝒙 {
𝑹𝒓𝒔(𝟒𝟒𝟑)

𝑹𝒓𝒔(𝟓𝟒𝟕)
,
𝑹𝒓𝒔(𝟒𝟖𝟖)

𝑹𝒓𝒔(𝟓𝟒𝟕)
} for MODIS-Aqua. “Offshore” represents POOZ and SACCF 

regions. “Coastal” denotes coastal region (≤50 km from coast). “Mean” represents the 

mean of coefficients for five regions. Values in parentheses represent one standard 

deviation.  

Algorithm 

coefficients 

Southern 

Shelf 

Middle 

Shelf 

Northern 

Shelf 
Offshore Coastal Mean 

NCP 
Slope 0.73(0.14) 0.69(0.13) 0.73(0.16) 0.84(0.15) 0.71(0.09) 0.75(0.14) 

Intercept 1.29(0.08) 1.42(0.05) 1.26(0.11) 1.29(0.09) 1.43(0.05) 1.33(0.10) 

Pal-[Chl]s 
Slope -2.62(0.66) -2.41(0.30) -2.74(0.47) -2.49(0.34) -2.53(0.29) -2.62(0.28) 

Intercept 0.74(0.24) 0.66(0.10) 0.75(0.17) 0.62(0.13) 0.75(0.10) 0.76(0.10) 

Pal-[Chl]m 
Slope -1.95(0.25) -2.26(0.33) -1.95(0.48) -2.08(0.33) -1.76(0.26) -1.95(0.21) 

Intercept 0.33(0.10) 0.43(0.06) 0.30(0.18) 0.29(0.11) 0.36(0.09) 0.30(0.06) 

 

2.4.2 Pal-LTER Region-specific Satellite-[Chl] Algorithm (Pal-[Chl])  

Our satellite [Chl] algorithms (Table 2-1) predict [Chl] relatively well and are 

arguably comparable or better than the standard satellite-[Chl] algorithms (OC4v6 and 

OC3Mv6), and other Southern Ocean algorithms [Dierssen and Smith, 2000; Johnson et al., 

2013] (Figure 2-3). The underestimation of [Chl] in the Southern Ocean by OC4v6 and 

OC3Mv6 is rectified by the other algorithms to various degrees. However, uncertainties 

remain significant especially for higher values, which are mainly observed in the coastal 

region where other optically active components may not covary with [Chl] (i.e. Case 2 

waters) [Morel and Prieur, 1977]. Although differences in the model coefficients for each 

region are observed (Table 2-1), sub-region models do not significantly improve [Chl] 
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estimates. Therefore, for simplicity we used mean model coefficients to derive our [Chl] 

time series. We note that the algorithm of Dierssen and Smith [2000] was tuned using in-

situ Rrs(λ) which have lower uncertainties than satellite data. Although their algorithm 

was developed for SeaWiFS, it performs well when applied to MODIS-Aqua. 

 

Figure 2–3: Comparison of in-situ [Chl] to satellite (SeaWiFS and MODIS-Aqua) 

predictions based on (A) algorithms developed in this study, (B) Dierssen and Smith 

[2000]; (C) Johnson et al. [2013]; and (D) global standard satellite-[Chl] algorithms of 

OC4v6 and OC3Mv6. Axes are logarithmic. 
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2.4.3 NCP Reconstruction from Satellite Data 

2.4.3.1 NCP Climatology 

High NCP generally proceeds from offshore to onshore regions roughly 

following the climatology of sea-ice retreat (Figure 2-4). In the POOZ, NCP is generally 

low during the entire growing season potentially due to deep mixed layers and/or low 

iron availability. In the SACCFZ, NCP is high during sea-ice retreat between October 

and December and becomes low thereafter. In the SZ, NCP peaks in December-January, 

and remains high thereafter. SZ also displays higher NCP in the austral summer than 

offshore regions (POOZ and SACCFZ). In the austral summer after sea-ice retreat, a 

north-south gradient in NCP is observed in the SZ, with high values in the southern 

portion of the WAP (e.g., Marguerite Bay and Marguerite Trough). 

Overall, we find that the SZ and more specifically regions associated with 

submarine canyons (e.g., Marguerite Trough) are up to eight times more productive 

than the offshore regions (POOZ and SACCFZ) (Figure 2-5). The longer growing season 

and difference in NCP phenology in the north likely explain the weaker north-south 

gradient in the ANCP compared to the MNCP climatology. NCP for each month are 

presented in the supplementary materials. 
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Figure 2–4: Climatology of MNCP derived from 1997 to 2014 time series. Thin gray 

lines represent 250m-increment isobaths, which collapse into a thick gray line at the 

shelf break.  Thick black dashed-line is the climatology of the ice edge for that month 

from 1990 to 2012. Gray dashed line separates the WAP region into nine sub-regions 

as defined in Figure 2-1. White area is covered by sea ice/cloud. NCP is on a 

logarithmic scale. 
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Figure 2–5: (A) Climatology of ANCP calculated from 1997 to 2014 time series and (B) 

color-coded bathymetry for the WAP region. Thin gray lines represent 250m-

increment isobaths, which collapse into a thick gray line at the shelf break. Gray 

dashed line separates the WAP region into nine sub-regions as defined in Figure 2-1. 

Letters P, R and M identify Palmer deep, Renaud canyon and Marguerite Trough, 

respectively. White area is covered by sea ice/cloud. NCP is on a logarithmic scale. 
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2.4.3.2 NCP Spatiotemporal Variability 

The first EOF mode explains ~50% of ANCP variance and shows large regional 

differences (Figure 2-6A). We will only analyze the first PC and EOF hereafter. High 

values in the EOF represent high interannual variability (IAV), such as in the southern 

and middle SACCFZ. Conversely, low values in the EOF represent low IAV, such as in 

the POOZ. In the SZ, the IAV of ANCP is heterogeneous, with high values around the 

head of Marguerite Trough and low values in the north and in Ryder Bay. For 

simplicity, we hereafter define the high IAV region (contoured area in Figure 2-6A) as a 

high temporal variability (HTV) region, roughly bounded by the climatology of the 

Southern Antarctic Circumpolar Current Front (as defined by Orsi et al. [1995]) (Figure 2-

1). We note that our estimates of IAV are normalized to the climatology (see section 

2.3.5). 

The first PC of ANCP varies, with low values in 1997 and 2002 and high values 

in 2005 and 2006 (Figure 2-6B). High values in the PC correspond to high ANCP in the 

HTV region (and vice versa). Large phytoplankton blooms are observed from November 

to January in 2005 and 2006, whereas there are no blooms for the whole growing season 

in 2002 in the HTV region (Figures A-2, A-3, and A-4). To find the potential drivers of 

ANCP IAV, we compared the first PC with the SAM and Niño3.4 climate indices and 

found significant correlations in particular months and seasons (Table 2-2). For example, 

we found that in austral spring the first PC is negatively correlated to the Niño3.4 
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climate index and positively correlated to the SAM climate index (Table 2-2 and Figure 

2-7). The first PC shows the highest correlation with average SAM in October and 

November (R=0.7, p<0.01) (Figure A-5). This time window (October and November) 

includes the date of sea-ice retreat in the HTV region (Figure 2-4). Following these 

results, we compared MNCP in each sub-region during years with positive and negative 

average SAM in October and November. We found that, in the SZ and SACCFZ, NCP is 

generally higher in positive SAM years than negative SAM years (Figure 2-8), with the 

largest difference observed in the southern and middle SACCFZ. Maintaining the time-

series will be important to assess whether these results are significant. 

We also conducted an EOF analysis of annually-averaged NCP (as opposed to 

annually-integrated NCP) to account for the effect of changes in number of ice-free days. 

For example, one year’s average NCP may be very low, but integrated NCP high if the 

number of ice-free days is long. Annually-averaged NCP shows similar EOF and PC 

patterns to those shown by ANCP (Figure A-6). EOF analysis of summer-integrated 

NCP also yielded similar results (Figure A-7). 
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Figure 2–6: (A) The first EOF and (B) PC for ANCP. The High Temporal Variability 

(HTV) region is contoured in black. 

 

 

Figure 2–7: Correlation between the first PC of ANCP and the SAM and Niño3.4 

climate indices in austral spring. Note the reverse Niño 3.4 scale. 
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Figure 2–8: Multi-year arithmetic mean of MNCP in each sub-region for the years 

with positive (1998, 1999, 2001, 2005, 2006, 2008, 2009, 2010 and 2014, red line) and 

negative SAM (1997, 2000, 2002, 2003, 2004, 2007, 2011, 2012 and 2013, blue line). 

MNCP is calculated as the geometric average of grids in each sub-region. Dashed-gray 

line represents the climatological seasonal cycle for 1997-2014. Shaded area and the 

length of vertical lines represent one standard deviation. 
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Table 2-2: Correlation coefficients between the first PC of ANCP and SAM and ENSO 

climate indices. The first column shows the month/austral season of climate indices 

for the correlation analyses, with numbers >12 representing months in the subsequent 

year. Correlations that exceed the 0.05 and 0.01 significance levels are in bold and 

italicized bold, respectively. 

Climate index 

month/season 

First PC vs. 

Niño 3.4 SAM 

6 -0.46 0.10 

7 -0.51 -0.15 

8 -0.55 -0.23 

9 -0.54 0.14 

10 -0.50 0.65 

11 -0.52 0.48 

12 -0.49 0.00 

13 -0.49 0.04 

14 -0.48 0.00 

15 -0.56 -0.28 

16 -0.46 -0.41 

17 -0.30 -0.06 

6-8(Winter) -0.52 -0.15 

9-11(Spring) -0.52 0.63 

12-14(Summer) -0.49 0.01 

15-17(Autumn) -0.49 -0.46 

2.5 Discussion 

2.5.1 NCP Estimation 

The uncertainties in our satellite NCP estimates mainly originate from the 

regression between in-situ O2/Ar-NCP estimates and [Chl], as well as the uncertainties in 

satellite [Chl] estimates. The regression between O2/Ar-NCP estimates and [Chl] is based 

on the assumption that NCP solely depends on [Chl] and that this dependence does not 

vary in time or space. However, NCP is also associated with other factors such as SST, 

phytoplankton physiological status, and community structure [Boyd and Trull, 2007; 
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Huang et al., 2012; Laws et al., 2000; Rivkin and Legendre, 2001]. There are also uncertainties 

associated with O2/Ar-NCP estimates (e.g., steady-state assumption, and gas exchange 

parameterization; see Bender et al. [2011], Cassar et al. [2014], and Jonsson et al. [2013]). For 

example, the assumption of steady-state may be violated during vigorous blooms in the 

early growing season (Figure 2-2). Previous studies also observed strong seasonality in 

the NCP [Bushinsky and Emerson, 2015; Emerson, 2014; Fassbender et al., 2016; Ostle et al., 

2015; Palevsky et al., 2016]. Net heterotrophy and entrainment of newly exported 

production back into the mixed layer, more commonly observed in the fall and winter 

[Bushinsky and Emerson, 2015; Emerson, 2014; Fassbender et al., 2016; Kortzinger et al., 2008; 

Ostle et al., 2015; Palevsky et al., 2016], are not captured by our current algorithms. 

Therefore, our ANCP is different from the one presented in previous studies [Bushinsky 

and Emerson, 2015; Emerson, 2014; Palevsky et al., 2016], and may overestimate NCP in the 

late part of growing season (i.e., austral autumn). 

Although regional algorithms developed in this study and by Dierssen and Smith 

[2000] can predict [Chl] relatively well, large scatter is observed and significantly limits 

the accuracy of our satellite NCP estimates. Our satellite-[Chl] algorithms were 

calibrated using in-situ [Chl] mostly obtained from the shelf and coastal regions. More 

in-situ [Chl] measurements are required to validate the transferability of our regression 

to the offshore regions. In addition, our in-situ O2/Ar-NCP estimates and satellite 

measurements are only relevant to the mixed layer and first optical depth, respectively, 
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missing production below the mixed layer (e.g., deep chlorophyll maximum) and under 

sea ice [Korb et al., 2004; Moline and Prezelin, 2000]. 

2.5.2 NCP Biogeography 

In the WAP region, phytoplankton growth rate is thought to be largely 

controlled by iron [Garibotti et al., 2005; Garibotti et al., 2003; Huang et al., 2012; Martin and 

Gordon, 1988; Martin et al., 1990], light availability [Mitchell et al., 1991; Nelson and Smith, 

1991], and/or grazing [Ainley et al., 2007; Bernard et al., 2012; Frost, 1991; Frost and Franzen, 

1992; Garzio et al., 2013; Holm-Hansen and Huntley, 1984]. The iron sources in this region 

are mainly from sea-ice meltwater [Lannuzel et al., 2007; Lannuzel et al., 2008], glacial 

discharges [Dierssen et al., 2002], and/or vertical mixing of subsurface waters [Ducklow et 

al., 2007; Martinson et al., 2008; Tagliabue et al., 2014]. The light regime is also affected by 

sea-ice dynamics, glacial melt, and melt-freeze changes in water column stratification 

[Mitchell and Holm-Hansen, 1991; Saba et al., 2014; Smith and Nelson, 1986; Venables et al., 

2013]. For example, Saba et al. [2014] and Venables et al. [2013] found that later sea-ice 

retreat is associated with higher in-situ [Chl] in January in the SZ. They hypothesized 

that later sea-ice retreat shields the water column from wind mixing, and that the 

meltwater stratifies the water column therefore allowing phytoplankton to remain in the 

upper water column under favorable light conditions. 

Huang et al. [2012] found that Fv/Fm measurements reveal a negative onshore-to-

offshore gradient, indicating that iron availability decreases with distance from shore. 
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This onshore-to-offshore decline pattern in dissolved iron largely controls the spatial 

pattern of our ANCP. The timing of our peak in NCP generally follows ice edge, 

suggesting an influence of sea-ice meltwater on light and/or iron availability. 

Submarine canyons are hypothesized to steer iron-rich and warm Upper 

Circumpolar Deep Water (UCDW) into the shelf and coastal regions [Schofield et al., 

2013]. We found that NCP is generally higher in some submarine canyon regions than in 

the adjacent regions (Figures 2-4 and 2-5). Our result is consistent with that of Kavanaugh 

et al. [2015] who compared biological and physical parameters above and adjacent to 

canyons. Our algorithm also predicts enhanced NCP around the submarine canyon next 

to Renaud Island where an Adélie penguin colony is observed. We note that NCP 

patterns do not exactly match the canyons in some regions, likely because of the 

influence of other factors such as lateral advection. A more careful examination of the 

role of canyons in fueling NCP hotspots will be the subject of a future study. 

2.5.3 NCP Interannual Variability and Climate Indices 

ANCP in the WAP region is believed to be controlled in large part by sea-ice 

dynamics which in turn are conditioned by large-scale atmospheric circulation 

[Stammerjohn et al., 2008a]. In order to study the effect of large-scale forcings on ANCP, 

we first examined the association of sea-ice dynamics to the SAM and Niño3.4 climate 

indices and then explored the IAV in sea-ice dynamics and ANCP. 
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2.5.3.1 Climate Indices and Sea Ice 

Our updated results support previous studies [Massom et al., 2006; Stammerjohn et 

al., 2008a] that stronger northerly winds result in an earlier sea-ice retreat and a later sea-

ice advance (Table 2-3). Positive phases in SAM or negative phases in ENSO are 

associated with low SLP around the Amundsen Sea and intensified northerly winds that 

transport heat and momentum to the WAP region, leading to an earlier sea-ice retreat 

and a later sea-ice advance [Massom et al., 2006; Stammerjohn et al., 2008a]. 

Table 2-3: Correlation between climate indices, wind speed, and sea-ice dynamics in 

each sub-region. Correlations that exceed the 0.05 and 0.01 significance levels are in 

bold and italicized bold, respectively. Only the meridional component of wind speed 

is presented (northward is positive). Day of sea-ice retreat was compared to averaged 

climate indices/wind speed in austral spring (September-November). Day of sea-ice 

advance was compared to averaged climate indices/wind speed in austral winter 

(June-August), with values in parentheses representing correlation in austral autumn 

(March-May). We show these additional correlations because sea ice advances in 

austral autumn in these regions [Stammerjohn et al., 2008a]. The northern sector of 

POOZ was not covered by sea ice every year, and thus the correlation is not presented. 

Sub-region 
Niño3.4 SAM Wind speed 

Retreat Advance Retreat Advance Retreat Advance 

POOZ 

North - - - - - - 

Middle 0.25 -0.44 -0.28 0.45 0.53 -0.71 

South 0.56 -0.44 -0.39 0.35 0.67 -0.64 

SACCFZ 

North 0.36 -0.44 -0.27 0.41 0.50 -0.85 

Middle 0.62 -0.43 -0.44 0.43 0.70 -0.78 

South 0.40 -0.43 -0.37 0.36 0.78 -0.32(-0.54) 

SZ 

North 0.36 -0.36 -0.33 0.44 0.56 -0.58 

Middle 0.51 -0.61 -0.27 0.18 0.53 -0.38(-0.67) 

South 0.35 -0.69 -0.46 0.04 0.76 0.04(-0.56) 
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2.5.3.2 NCP Interannual Variability 

Over the timescale of our study, we do not observe a long-term trend in sea ice 

or ANCP. Our results are however consistent with sea ice governing interannual 

variability and seasonality of NCP in the WAP region [Ross et al., 2008; Smith et al., 1995; 

Smith et al., 2008; Vernet et al., 2008]. We also find a statistically significant trend of 

decreasing austral spring-averaged NCP in all sub-regions, except the southern sector of 

the SZ (Figure 2-9). In the HTV region, higher ANCP is observed in years with higher 

SST (R=0.66, p<0.01) (Figure A-8), longer growing seasons (R=0.49, p=0.06) (Figure A-9), 

and an earlier sea-ice retreat (R=-0.58, p<0.05) (Figure A-9). Similar results for annually-

integrated NPP in the WAP have recently been reported by Moreau et al. [2015]. Years 

with more ice-free days and higher ANCP display higher mid-summer NCP (e.g., 2005 

and 2006) (Figure 2-10), suggesting that other factors (e.g., iron and light) preconditioned 

by or associated with the length of the growing season have ramifications throughout 

the growing season.  

In order to explore this further, we look at IAV in the light regime in the HTV 

region. Like Tortell et al. [2014] who used in-situ observations, we found an association 

between NCP and surface PAR in the HTV region in the austral summer (R=0.59, p<0.01; 

see Figure A-8). Unfortunately, we do not have a good proxy for IAV in MLD which is 

likely a more dominant control on light availability.  
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Similarly, we do not have IAV in iron observations and can only speculate on 

how iron availability may be impacted by the number of ice-free days. As atmospheric 

deposition is limited in the HTV region [Cassar et al., 2007], the main iron sources are 

likely from ice melt and obduction of subsurface iron-rich waters. In the Weddell Sea, 

studies have found that weakening winds can shift the boundary current toward shore, 

increasing the interaction between offshore waters and the shelf [Thompson and Youngs, 

2013; Youngs et al., 2015]. In the WAP region, IAV in northerly wind strength could 

influence the extent of interactions of the boundary current with iron-rich shelf waters. 

We hypothesize that years with stronger winds and lower sea ice extent could lead to 

increased winter mixing and availability of iron in the HTV region [Sokolov and Rintoul, 

2007; Venables et al., 2013], and/or directly through lateral advection [Graham et al., 2015; 

Sokolov and Rintoul, 2007]. However, more observations will be required to assess the 

influence of sea-ice dynamics on iron supply and NCP in the WAP. 
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Figure 2–9: Trends of spring-averaged (September-November) NCP in individual sub-

regions. Black-dashed lines represent the trends, with trends that exceed the 0.05 and 

0.01 significance levels shown in bold and italicized bold, respectively. Note that y 

axes have different ranges. 

 

Figure 2–10: Multi-year arithmetic mean of MNCP in the High Temporal Variability 

(HTV) region for years with ice-free days >10 days average (1999, 2005, 2006, 2007, 2008 

and 2010, red line) and <-10 days average (2001, 2002, 2003, 2004 and 2012, blue line). 

Dashed-gray line represents climatology for 1997-2014. Shaded area and the length of 

vertical lines represent one standard deviation. 
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2.6 Summary and Conclusions 

In this study, we used satellite data to examine interannual variability of NCP at 

the WAP. We derived a time series of NCP (1997-2014) using newly-developed regional 

satellite-[Chl] algorithms and an updated regression between in-situ [Chl] and O2/Ar-

NCP estimates. We find higher annually-integrated NCP in the SZ, especially in 

submarine canyon regions (e.g., Marguerite Trough). NCP generally peaks around 

January/November-December in the SZ/southern and middle SACCFZ, while NCP and 

its seasonal and interannual variability are low in the POOZ. Annually-integrated NCP 

in the southern and middle SACCFZ shows the highest interannual variability, which is 

associated with sea-ice dynamics, SST, PAR, and the ENSO and SAM climate indices.  

The SAM index has intensified over the last 40 years. This trend is predicted to 

persist in the future [Marshall, 2003; Thompson et al., 2000], resulting in an earlier sea-ice 

retreat [Stammerjohn et al., 2008a; Stammerjohn et al., 2008b] and enhanced NCP and 

surface biological carbon export. Although we do not observe a trend in annually-

integrated NCP, we find a decreasing trend in austral spring-averaged NCP in all the 

sub-regions excluding the southern sector of the SZ. Changes in the seasonality of NCP 

may have a large impact on higher trophic-level organisms such as penguins which 

breed during specific seasons. It will be important to monitor future changes in the 

region’s biological pump and its seasonality with the predicted strengthening of the 

SAM. 



 

37 

3. Intra-seasonal, Seasonal, Interannual, and Multi-year 
Variability in Primary Production in the Southern 
Ocean 

This chapter is in preparation and is a collaboration with Nicolas Cassar and 

Susan Lozier. 

3.1 Abstract 

Mixed-layer dynamics exert a first order control on nutrient and light availability 

at the ocean surface. In this study, we examine the influence of mixed-layer dynamics on 

net community production (NCP) on intra-seasonal, seasonal, interannual, and multi-

year time scales, using satellite-NCP estimates during the period from 1997 to 2014 in 

the Southern Ocean. We find high annual NCP in the Atlantic sector of the Southern 

Ocean and downstream of islands, and high summertime NCP across Antarctic 

continental shelves such as the Western Antarctic Peninsula. On intra-seasonal time 

scales, chlorophyll a concentration linearly increases with a deepening of the mixed 

layer, but does not have a relationship to a shoaling mixed layer. On seasonal time 

scales, NCP generally increases with light availability. Though recent studies have 

argued that the winter mixed layer controls the growing season’s iron and light 

availability, our study of Argo float observations contemporaneous with our satellite 

observations, does not show a significant correlation between annual NCP and winter 

mixed layers on interannual time scales. However, on interannual time scales, c. 46% of 

NCP variance can be explained by mixed layer depth, stratification, wind kinetic energy, 
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and their interactions, but each of these is at most only weakly correlated to NCP. Over 

the 1997-2014 period, we observe increasing annual NCP in the Atlantic and Australian 

sectors, decreasing trends in the Pacific and Indian sectors of the Southern Ocean, but no 

trend for the entire Southern Ocean. It remains unclear which factors are driving 

regional trends in annual NCP. 

3.2 Introduction 

Photosynthesis at the ocean surface converts carbon dioxide (CO2) into organic 

matter, part of which is exported to depth through sinking particles [Volk and Hoffert, 

1985]. The strength of this soft-tissue biological carbon pump is in large part regulated 

by light and nutrient availability, which to first order is controlled by mixing at the 

ocean surface. 

While a positive correlation between productivity and mixed layer depth (MLD) 

is generally expected in light-replete, nutrient-limited extrapolar regions [Wilson and 

Coles, 2005], phytoplankton growth in high latitudes may be limited or delayed when 

mixed layers are too deep. On the other hand, the deepening of the mixed layer may be 

the primary source of iron to surface waters in some areas of the Southern Ocean, 

especially downstream of islands and other hotspot regions [Bowie et al., 2015; 

McGillicuddy et al., 2015; Tagliabue et al., 2014]. Such opposing effects may explain the fact 

that both negative and positive correlations between productivity and MLD have been 

reported in various sectors of the Southern Ocean on intra-seasonal, seasonal, and 
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interannual time scales [Carranza and Gille, 2015; Fauchereau et al., 2011; Thomalla et al., 

2011; Wilson and Coles, 2005]. Indeed, the tradeoff between light availability and the 

entrainment of subsurface iron [Carranza and Gille, 2015; Cassar et al., 2011; Mitchell and 

Holm-Hansen, 1991; Mitchell et al., 1991; Nelson and Smith, 1991; Tagliabue et al., 2014] may 

explain the spatiotemporal variability of productivity in response to MLD changes, and 

it may produce a time-scale dependent relationship between productivity and MLD in 

the Southern Ocean.  

To explore the spatiotemporal relationship between MLD and productivity in the 

Southern Ocean, we use satellite data to reconstruct net community production (NCP) 

variability from 1997 to 2014. NCP is defined as the difference between gross primary 

production (GPP) and community respiration (i.e., autotrophic respiration plus 

heterotrophic respiration). Based on this reconstruction, we examine the relationship of 

satellite-NCP estimates to MLD, stratification, wind kinetic energy, and 

photosynthetically active radiation (PAR) on intra-seasonal, seasonal, interannual, and 

multi-year time scales. This study is particularly timely considering the pivotal role 

played by the Southern Ocean in the oceanic carbon sink [Fletcher et al., 2006; Frolicher et 

al., 2015; Sabine et al., 2004] and in light of recent studies which suggest a strengthening 

of the carbon sink in the Southern Ocean over the last decade, potentially due to a 

weakening of ventilation or to increasing stratification [Landschutzer et al., 2015; Majkut et 

al., 2014; Munro et al., 2015a]. These physical changes may influence nutrient and light 



 

40 

availability, which in turn impacts productivity and hence carbon sink in the Southern 

Ocean. Because of the decreasing buffering capacity of seawater as CO2 rises, the 

contribution of the biological pump to the carbon sink in the Southern Ocean is expected 

to increase in the future, even without any change in primary production [Hauck and 

Volker, 2015]. In this context, an improved estimate of NCP and an understanding of its 

regulating factors on different time scales are warranted. 

3.3 Methods and Data 

3.3.1 Data 

3.3.1.1 In-situ Observations 

We estimated MLD from the temperature and salinity profiles of Argo in the 

Southern Ocean (≥35°S) from 2001 to 2015. Temperature-salinity profiles, downloaded 

from http://www.usgodae.org/, were retained only if marked with a quality flag of ‘1’ 

(‘good data’) or ‘2’ (‘probably good data’). This filtering process leads to 250,253 profiles 

evenly partitioned between austral spring (22%), summer (26%), autumn (27%), and 

winter (25%). Using the filtered profiles, we calculated MLD as the depth at which the 

potential density (𝜎𝜃) exceeds a near-surface reference value at 10 m depth by ∆𝜎𝜃 =

0.03 kg m-3 [de Boyer Montegut et al., 2004; Dong et al., 2008], and estimated stratification 

as the 𝜎𝜃 difference between 200 m and 10 m. The MLD and stratification estimates were 

averaged to obtain daily 1°×2° grids, which are used to calculate monthly-averaged 

fields and monthly climatologies and anomalies. Seasons are defined as follows: austral 

http://www.usgodae.org/
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spring (September-November), summer (December-February), autumn (March-May), 

and winter (June-August). 

3.3.1.2 Satellite Observations 

We estimated daily and monthly [Chl] using the algorithm specific to the 

Southern Ocean [Johnson et al., 2013] and remote sensing reflectance just above the water 

surface (Rrs(λ)). Daily and monthly level-3 Rrs(λ), acquired by SeaWiFS (1997-2010) and 

MODIS-Aqua (2002-2015), were downloaded from NASA’s ocean color website 

(http://oceancolor.gsfc.nasa.gov/cms/). The downloaded Rrs(λ) have a spatial resolution 

of 0.083°×0.083° and include bands 412, 443, 490, 510, 555 and 670 for SeaWiFS and 

bands 412, 443, 469, 488, 531, 547, 555, 645, 667 and 678 for MODIS-Aqua. 

Using monthly [Chl], together with PAR and SST, we derived monthly net 

primary production (NPP) through the vertically generalized production model (VGPM) 

[Behrenfeld and Falkowski, 1997]. PAR images with a spatial resolution of 0.083°×0.083° 

were downloaded from NASA’s ocean color website 

(http://oceancolor.gsfc.nasa.gov/cms/). Monthly SST acquired by AVHRR (1997-2007) 

and MODIS-Aqua (2008-2015), can be downloaded from NOAA’s NODC website 

(http://www.nodc.noaa.gov/SatelliteData/pathfinder4km/) and NASA’s ocean color 

website (http://oceancolor.gsfc.nasa.gov/), respectively. 

Based on NPP, SST and the algorithm developed by Li and Cassar [2016], we 

derived monthly satellite NCP estimates from 1997 to 2015, the climatologies of monthly 

http://oceancolor.gsfc.nasa.gov/cms/
http://oceancolor.gsfc.nasa.gov/cms/
http://www.nodc.noaa.gov/SatelliteData/pathfinder4km/
http://oceancolor.gsfc.nasa.gov/
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and annual NCP, and monthly NCP anomalies. For comparison, we also derived NCP 

patterns using the global algorithms developed by Laws et al. [2000] and Dunne et al. 

[2005], an algorithm specific to the Southern Ocean [Chang et al., 2014], and a regional 

algorithm specific to the Western Antarctic Peninsula in the Southern Ocean [Li et al., 

2016]. These NCP estimates show similar patterns (Figure B-1) and are not discussed 

further. 

Climatological mixed-layer-averaged PAR was derived using surface PAR, [Chl] 

and the diffusion attenuation coefficient estimated using the algorithm developed by 

Morel et al. [2007]. The equation for mixed-layer-averaged PAR can be found in Bender et 

al. [2016]. 

We calculated wind kinetic energy using temperature-salinity profiles of Argo 

and wind stress curl, which was estimated using the Cross-Calibrated Multi-Platform 

(CCMP) ocean surface wind vector [Atlas et al., 2011]. This wind speed product has a 

spatial resolution of  0.25°×0.25° and a temporal resolution of 6 h and covers the time 

period of July 1987 to June 2011. CCMP wind vector was downloaded from 

https://podaac.jpl.nasa.gov/ [Atlas et al., 2011]. 

3.3.2 Methods 

3.3.2.1 Intra-seasonal Variability 

To explore the response of productivity to a transient deepening of the mixed 

layer, we match each MLD measurement and daily satellite [Chl] on the same date. The 

https://podaac.jpl.nasa.gov/
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matchups are paired using a given time interval of 𝛥𝑡 (one week). Based on the matchup 

pairs, we calculate changes in MLD and [Chl]. For pairs with a shoaling mixed layer, 

[Chl] change (∆[𝐶ℎ𝑙]) is calculated as ∆[𝐶ℎ𝑙] = [𝐶ℎ𝑙](𝑡 + 1) − [𝐶ℎ𝑙](𝑡), where [𝐶ℎ𝑙](𝑡 + 1) 

and [𝐶ℎ𝑙](𝑡) represent [Chl] at time 𝑡 + 1 and 𝑡, respectively. For pairs with a deepening 

mixed layer, ∆[𝐶ℎ𝑙] is calculated as ∆[𝐶ℎ𝑙] = [𝐶ℎ𝑙](𝑡 + 1) −
[𝐶ℎ𝑙](𝑡)×𝑀𝐿𝐷(𝑡)

𝑀𝐿𝐷(𝑡+1)
, where 

𝑀𝐿𝐷(𝑡 + 1) and 𝑀𝐿𝐷(𝑡) represent MLD at time 𝑡 + 1 and 𝑡, respectively. Term 

[𝐶ℎ𝑙](𝑡)×𝑀𝐿𝐷(𝑡)

𝑀𝐿𝐷(𝑡+1)
 accounts for the effect of dilution due to the deepening mixed layer. 

3.3.2.2 Seasonal Variability 

To explore the seasonal evolution of light and iron control on NCP, we derive 

linear regressions of NCP on MLD and mixed-layer-averaged PAR for the September-

December period as follows: (a) we normalize NCP, MLD and mixed-layer-averaged 

PAR to [0,1] to reduce the influence of magnitude differences; (b) we combine adjacent 

1°×1° grids into a number of 5°×5° groups; (c) we develop a linear regression for each 

group using all grids within the group; and (d) we use the regression for each group to 

predict NCP from MLD and mixed-layer-averaged PAR in January-May. Comparing the 

“early growing-season regression-based estimate of NCP” to the satellite derived-NCP 

observations during the latter part of the growing season allows us to assess the degree 

to which factors other than light (e.g., iron and grazing) influence the seasonal evolution 

of NCP. 
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3.3.2.3 Interannual Variability 

We use correlation analyses and a Bayesian hierarchical linear regression model 

to examine the relationship of NCP to MLD, stratification, and wind kinetic energy on 

interannual time scales. To account for the seasonal dependence of NCP on these factors, 

monthly NCP anomalies are divided into groups based on seasons (i.e., austral spring, 

summer, autumn, and winter), with each group modeled as follows: 

∆𝑁𝐶𝑃𝑠,𝑖,𝑗~𝑁𝑜𝑟𝑚𝑎𝑙(𝑋𝑠,𝑖,𝑗𝛽𝑠,𝑗, 𝜎𝑗
2)                                                                                                             (1) 

𝑋𝑠,𝑖,𝑗 = (1, ∆𝑀𝐿𝐷𝑠,𝑖,𝑗 , ∆𝑆𝑇𝑅𝑠,𝑖,𝑗, ∆𝐾𝐸𝑠,𝑖,𝑗, ∆𝑀𝐿𝐷𝑠,𝑖,𝑗 ∗ ∆𝑆𝑇𝑅𝑠,𝑖,𝑗, ∆𝑀𝐿𝐷𝑠,𝑖,𝑗 ∗ ∆𝐾𝐸𝑠,𝑖,𝑗, ∆𝑆𝑇𝑅𝑠,𝑖,𝑗

∗ ∆𝐾𝐸𝑠,𝑖,𝑗) 

𝛽𝑠,𝑗 = (𝛽𝑠,𝑗,0, 𝛽𝑠,𝑗,1, 𝛽𝑠,𝑗,2, 𝛽𝑠,𝑗,3, 𝛽𝑠,𝑗,4, 𝛽𝑠,𝑗,5, 𝛽𝑠,𝑗,6)
𝑇

 

where 𝑠, 𝑖, and 𝑗 represent the indices of season, sample, and grid, respectively; ∆𝑁𝐶𝑃, 

∆𝑀𝐿𝐷, ∆𝑆𝑇𝑅, and ∆𝐾𝐸 stand for the anomalies of monthly NCP, MLD, stratification, and 

wind kinetic energy, all of which were standardized to a normal distribution with mean 

0 and standard deviation 1; 𝜎𝑗
2 represents variance; and 𝛽𝑠,𝑗,0, 𝛽𝑠,𝑗,1, 𝛽𝑠,𝑗,2, 𝛽𝑠,𝑗,3, 𝛽𝑠,𝑗,4, 

𝛽𝑠,𝑗,5, and 𝛽𝑠,𝑗,6 are model parameters. Each parameter is modeled as: 

𝛽𝑠,𝑗,𝑘~𝑁𝑜𝑟𝑚𝑎𝑙 (𝜇𝛽𝑗,𝑘 , 𝜎𝛽𝑗,𝑘
2 )                                                                                                                      (2) 

where 𝑘 represents parameter index ranging from 0 to 6; and 𝜇𝛽𝑗,𝑘 and 𝜎𝛽𝑗,𝑘
2  are the mean 

and variance of each parameter. 𝜇𝛽𝑗,𝑘 and 𝜎𝛽𝑗,𝑘
2  have priors of 𝜇𝛽𝑗,𝑘~𝑁𝑜𝑟𝑚𝑎𝑙(0,0.001) and 

𝜎𝛽𝑗,𝑘
2 ~𝑈𝑛𝑖𝑓(0,100), respectively. 
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3.3.2.4 Multi-year Variability 

To estimate the multi-year (1997-2014) trend in annual NCP, we group 

geographically adjacent annual NCP into 5° × 10° grids to increase the number of 

samples per grid. Within each grid, the time series of annual NCP (𝐴𝑁𝐶𝑃𝑖,𝑗,𝑘) is modeled 

as a linear function of year (𝑦𝑟𝑘): 

𝐴𝑁𝐶𝑃𝑔,𝑖,𝑘~𝑁𝑜𝑟𝑚𝑎𝑙(𝛽𝑔
1 ∗ 𝑦𝑟𝑘 + 𝛽𝑔

0, 𝛿2)                                                                                                (3) 

where 𝑔 and 𝑖 represent group and sample indices, respectively; 𝑘 indicates year; and 𝛽𝑔
1 

and 𝛽𝑔
0 are model parameters, with 𝛽𝑔

1 describing the trend of annual NCP. Based on 

equation (3), we calculate annual NCP trend for each grid by assigning weak priors to 𝛽𝑔
1 

and 𝛽𝑔
0 in the first step. 

In the second step, we model 𝛽𝑔
1 and 𝛽𝑔

0 as linear functions of other factors (e.g., 

MLD) to examine their potential linkages to annual NCP: 

𝛽𝑔
1~𝑁𝑜𝑟𝑚𝑎𝑙(𝛼1

1 ∗ 𝑀𝐿𝐷𝑔 + 𝛼0
1, 𝛿𝛽1

2 )                                                                                                   (4) 

𝛽𝑔
0~𝑁𝑜𝑟𝑚𝑎𝑙(𝛼1

0 ∗ 𝑀𝐿𝐷𝑔 + 𝛼0
0, 𝛿𝛽0

2 )                                                                                                   (5) 

where 𝑀𝐿𝐷𝑔 represents MLD climatology for group 𝑔. Model parameters of 𝛼1
1, 𝛼0

1, 𝛼1
0, 

and 𝛼0
0 are set weak priors to ensure that their values are mainly determined by data. 𝛿2, 

𝛿𝛽1
2 , and 𝛿𝛽0

2  have the priors of 𝛿2~𝑈𝑛𝑖𝑓(0,100), 𝛿𝛽1
2 ~𝑈𝑛𝑖𝑓(0,100), and 𝛿𝛽0

2 ~𝑈𝑛𝑖𝑓(0,100), 

where 𝑈𝑛𝑖𝑓 represents a uniform distribution. 
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3.3.2.5 Posterior Distribution 

We approximate posterior distributions of model parameters using a sequence of 

random samples simulated using a Markov Chain Monte Carlo (MCMC) method. The 

sequence contains 10000 iterations, with the last 5000 samples (burn-in=5000) for 

summarizing posterior distributions. The model is implemented using the R 

programming language [R Core Team, 2013] and the package of WinBUGS [Lunn et al., 

2000]. 

3.4 Results and Discussion 

Previous studies have made clear that the Southern Ocean’s high-nutrient, low-

chlorophyll (HNLC) regime stems from the complex interplay of iron, light, and grazing 

limitation of primary production [Boyd et al., 2007; Frost, 1991; Martin et al., 1990; Mitchell 

et al., 1991; Nelson and Smith, 1991]. These factors are in turn set by mixed-layer 

dynamics. In this study, we derive spatial patterns of climatological NCP and link NCP 

variability to mixed-layer dynamics on intra-seasonal, seasonal, interannual, and multi-

year time scales. 

3.4.1 Climatology of Net Community Production 

The geographical variability of our derived NCP is generally consistent with 

other NCP and primary production estimates (NCP from Chang et al., [2014], as well as 

NPP derived by Arrigo et al., [2008]). High NCP values are observed near the Subtropical 

Front between 40°S and 50°S, as well as along coasts, across shelf regions, and 
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downstream of islands such as Kerguelen Islands, New Zealand, and Southern Georgia 

(Figure 3-1). Annual NCP is generally lower in the eastern Pacific than in the Atlantic 

sector. NCP is characterized by strong seasonality in most regions of the Southern Ocean 

(Figure 3-2). The relatively short growing season at high latitudes significantly dampens 

the geographical variability of the annual NCP. For example, regions near the Antarctic 

coast (e.g., Ross Sea, Western Antarctic Peninsula, and Weddell Sea) display high 

primary production rates in austral summer (Figure 3-2), as reported in previous studies 

[Arrigo et al., 2008; Arrigo et al., 2015; Li et al., 2016]. However, because of the shorter 

growing season in these regions, rates are comparable to those in lower-latitude regions 

when integrated over the entire year. For example, high NCP can last up to 6 months 

(November-April) in the Atlantic sector, but only about 3 months (December-February) 

in some shelf regions (Figure B-2). 

There are multiple iron sources in the Southern Ocean: atmospheric deposition 

[Boyd and Ellwood, 2010; Cassar et al., 2007; Duce and Tindale, 1991], upwelling of iron-rich 

subsurface water due to the interaction of currents with topography [Sokolov and Rintoul, 

2007], horizontal advection of iron-rich water from continental shelves [Graham et al., 

2015; Robinson et al., 2016], and sea-ice and glacial melt in high-latitude regions [Lannuzel 

et al., 2007; Lannuzel et al., 2008]. In addition, iron may be supplied to subantarctic waters 

through horizontal advection of iron-rich subtropical waters. As noted in previous 

studies, low macronutrient availability in subtropical waters likely limits phytoplankton 
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consumption of iron in these waters [Bowie et al., 2009; Cassar et al., 2011]. More than 

likely, some combination of these iron sources drives the elevated NCP we observe 

when light is replete (e.g., Kerguelen and Western Antarctic Peninsula). In contrast, low 

NCP regions are generally located far from continents (e.g., eastern Pacific), with low 

atmospheric deposition and weak sources from below. 

 

Figure 3–1: The climatology of annual NCP in the Southern Ocean during the period 

between 1997 and 2014. Solid, gray, black-dashed, and gray-dashed lines represent the 

Subtropical Front, Subantarctic Front, Polar Front, and Southern Antarctic 

Circumpolar Current Front, respectively. White areas in high latitudes are covered by 

sea ice. NCP is shown on logarithmic scale.  
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Figure 3–2: The climatology of seasonal NCP in the Southern Ocean during the period 

between 1997 and 2014. Solid, gray, black-dashed, and gray-dashed lines represent the 

Subtropical Front, Subantarctic Front, Polar Front, and Southern Antarctic 

Circumpolar Current Front, respectively. White areas in high latitudes are covered by 

sea ice. NCP is shown on logarithmic scale. 

3.4.2 Relationship of NCP to Parameters on Seasonal Time Scales 

As expected, NCP is highly correlated to MLD and mixed-layer-averaged PAR 

on seasonal time scales (Figures 3-3A and 3-3B). In austral winter, deep winter mixing 

and high solar zenith angle generally limit NCP, while in austral spring and summer, 

increasing insolation and shoaling mixed layers increase light availability and NCP. 
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Figure 3–3: Correlation coefficients between climatological monthly NCP, (A) 

negative MLD, and (B) mixed-layer-averaged PAR. Subplots (C-D) represent averages 

in the pink rectangles in (A). Arrows in subplots (C-D) indicate the displacement 

between NCP and MLD. Solid, gray, black-dashed, and gray-dashed lines represent 

the Subtropical Front, Subantarctic Front, Polar Front, and Southern Antarctic 

Circumpolar Current Front, respectively. White areas represent correlations with 

𝒑>0.05, sea-ice cover, or missing data which are mainly observed in regions higher 

than 𝟔𝟎∘𝐒. 

We further explore the relationship among NCP, MLD, and mixed-layer-

averaged PAR with annual time series from two regions, demarcated in Figure 3-3A, 

which differ in the strength of these relationships. The Atlantic region shows strong 

relationship; the Pacific region less so. As seen in Figures 3-3C and 3-3D, in both sectors 
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NCP follows MLD and mixed-layer-averaged PAR during the early part of the growing 

season, but diverges in late austral summer and autumn, indicating that the controls on 

NCP likely evolve from light to nutrients [Boyd et al., 1999; Boyd, 2002] and/or grazing [Le 

Quere et al., 2016; Longhurst, 1995]. The divergence is larger in the Pacific sector, 

explaining the weaker correlation between NCP and mixed-layer averaged PAR in that 

region. Interestingly, this seasonal evolution reveals a secondary role for nutrient 

availability largely concealed in the correlation maps in Figures 3-3A and 3-3B. 

We further analyze the apparent decoupling of NCP, MLD, and mixed-layer-

averaged PAR in the late growing season by comparing NCP observations with 

predictions based on regressions derived between austral-spring NCP, MLD, and 

mixed-layer-averaged PAR. Generally, our rudimentary (exploratory) analyses show 

that late-season NCP observations are lower than early-season NCP values for the same 

light availability, suggesting greater iron or grazing limitation later in the growing 

season (Figure 3-4). Interestingly, consistent with the time series in Figures 3-3C and 3-

3D, NCP in the late growing season shows a larger shift in the Pacific sector than in the 

Atlantic sector, likely suggesting more available iron in the latter. 
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Figure 3–4: Average difference in January-May between satellite-NCP estimates and 

predictions from linear regressions using (A) mixed layer depth and (B) mixed-layer-

averaged PAR, with positive values representing predictions higher than satellite-

NCP estimates. Solid, gray, black-dashed, and gray-dashed lines represent the 

Subtropical Front, Subantarctic Front, Polar Front, and Southern Antarctic 

Circumpolar Current Front, respectively. White areas present the difference that does 

not exceed the 95% significance level, or are covered by sea ice in high-latitude 

regions. 

3.4.3 Intra-seasonal Variability in Primary Production and MLD 

NCP may not be a good parameter for diagnosing the response of the ecosystem 

to a transient deepening of the mixed layer due to non-steady state conditions at this 

time scale. Instead, we use [Chl] as a proxy of primary production to diagnose the 

relationship between MLD and primary production. 

Figure 3-5 shows transient changes in [Chl] and MLD, with samples divided into 

groups based on a threshold of 50 m in MLD [Cassar et al., 2011; Eveleth et al., 2016]. 

Regardless of the MLD, we do not observe [Chl] change in response to a shoaling mixed 

layer. As we mentioned earlier, although light availability increases with a shoaling 

mixed layer, nutrient availability generally does not increase. We assume that these 
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opposing effects preclude a clear response of phytoplankton growth to mixed layer 

shoaling. 

 

Figure 3–5: Transient changes in chlorophyll a concentration (Δ[Chl]) and mixed layer 

depth (ΔMLD). When the mixed layer deepens (𝑴𝑳𝑫(𝒕 + 𝟏) > 𝑴𝑳𝑫(𝒕)), Δ[Chl] is 

calculated through the equation of 𝜟[𝑪𝒉𝒍] = [𝑪𝒉𝒍](𝒕 + 𝟏) −
[𝑪𝒉𝒍](𝒕)×𝑴𝑳𝑫(𝒕)

𝑴𝑳𝑫(𝒕+𝟏)
, where 

[𝑪𝒉𝒍](𝒕), [𝑪𝒉𝒍](𝒕 + 𝟏), 𝑴𝑳𝑫(𝒕), and 𝑴𝑳𝑫(𝒕 + 𝟏) represent [Chl] and MLD at time 𝒕 and 

𝒕 + 𝟏, respectively. The term 
[𝑪𝒉𝒍](𝒕)×𝑴𝑳𝑫(𝒕)

𝑴𝑳𝑫(𝒕+𝟏)
 is chlorophyll a concentration that takes 

into account dilution effect due to mixed layer deepening. When the mixed layer 

shoals (𝑴𝑳𝑫(𝒕 + 𝟏) < 𝑴𝑳𝑫(𝒕)), Δ[Chl] is derived from the equation of 𝜟[𝑪𝒉𝒍] =

[𝑪𝒉𝒍](𝒕 + 𝟏) − [𝑪𝒉𝒍](𝒕). Points are color coded for the density of samples. 

We observe a positive relationship between [Chl] change and the strength of 

mixed layer deepening for a water column with shallow mixed layer (MLD≤50 m), yet 

no relationship for a water column with deep mixed layer (MLD>50 m). We attribute the 

former to increasing nutrient availability and/or the entrainment of deep chlorophyll 

maxima [Carranza and Gille, 2015]. As for the latter, although nutrient availability may 

increase with a deepening mixed layer, phytoplankton growth rate may be largely 
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limited by light availability. We acknowledge that dependence between changes in MLD 

and [Chl] may be introduced when removing the dilution effect. 

3.4.4 Relationship of NCP to Parameters on Interannual Time Scales 

On interannual time scales, NCP shows a weak negative correlation to MLD in 

some regions, yet no correlation to mixed-layer-averaged PAR (Figure 3-6) is evident 

over the entire spatial domain. NCP also shows a weak negative (positive) correlation to 

stratification in some low- (high-) latitude regions (Figure B-3). This lack of strong 

correlation can be attributed to three factors. First, while mixed layer deepening likely 

entrains iron from the subsurface, iron may also be supplied through the other pathways 

mentioned above. Second, a host of factors (e.g., MLD, wind kinetic energy, 

concentration gradients, and stratification) can regulate the supply of iron from the 

subsurface [Dave and Lozier, 2013; Lozier et al., 2011]. Third, elevated iron availability 

through deepening of the mixed layer would be counteracted by decreasing light 

availability. 

We test the second possibility using a Bayesian hierarchical linear regression 

model which combines monthly data into groups based on seasons (see section 3.3.2.3). 

First, we predict NCP based on each individual parameter and find that MLD, 

stratification, and wind kinetic energy can explain ~18%, 20%, and 18% of the variance, 

respectively. Second, we predict NCP based on a combination of MLD, stratification, 

and wind kinetic energy as independent predictors. This model can explain ~32% of the 
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variance, suggesting that NCP interannual variability may be simultaneously controlled 

by multiple factors. Finally, we include MLD, stratification, wind kinetic energy, and 

their interactions as predictors. This model can explain ~46% of the variance (Figure 3-7), 

pointing to the importance of interactions among these parameters.  

Our analyses in this section have focused on synchronous changes in monthly 

MLD and NCP, yet prior studies have hypothesized that deep winter mixing supports 

productivity in the subsequent growing season because of the entrained iron [Fauchereau 

et al., 2011; Tagliabue et al., 2014; Thomalla et al., 2011]. Conversely, shallow winter mixed 

layers would not reach the deep ferricline, leading to low iron in the mixed layer. Based 

on our preliminary analyses of the limited number of Argo observations, we do not find 

statistically significant correlations between winter MLD and average NCP in both 

austral spring and summer (Figure 3-8). This lack of correlation has four possible 

explanations. First, if dissolved iron is indeed supplied primarily through deep winter 

mixing, its supply may be relatively stable from year to year. Second, although deep 

winter mixing may replenish iron in the mixed layer, it may destabilize the water 

column and lead to light limitation during the growing season, weakening the 

correlation between MLD in winter and NCP. Third, dissolved iron in the mixed layer 

may be supplied through the other pathways. Fourth, in addition to winter MLD, other 

factors such as the depth of the ferricline also control the supply of iron from the 

subsurface. 
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Figure 3–6: Correlation coefficients between monthly NCP, (A) MLD, and (B) mixed-

layer-averaged PAR anomalies. Solid, gray, black-dashed, and gray-dashed lines 

represent the Subtropical Front, Subantarctic Front, Polar Front, and Southern 

Antarctic Circumpolar Current Front, respectively. White areas represent correlation 

not exceeding 95% significance level, or covered by sea ice. 

 
 

Figure 3–7: Coefficient of determination for monthly NCP anomalies regressed onto 

anomalies of MLD, stratification, wind kinetic energy, and their interactions. Regions 

with less than 20 matchups of MLD, stratification, wind kinetic energy, and NCP 

were discarded. Solid, gray, black-dashed, and gray-dashed lines represent the 

Subtropical Front, Subantarctic Front, Polar Front, and Southern Antarctic 

Circumpolar Current Front, respectively. 
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Figure 3–8: Correlation coefficients between average MLD anomalies in austral winter 

and average NCP anomalies in austral (A) spring and (B) summer. Solid, gray, black-

dashed, and gray-dashed lines represent the Subtropical Front, Subantarctic Front, 

Polar Front, and Southern Antarctic Circumpolar Current Front, respectively. White 

areas represent regions with correlation coefficients that do not exceed 95% 

significance level, covered by sea ice in high-latitude regions, or with missing data in 

MLD measurements. 

3.4.5 Multi-year Variability in NCP 

Our estimate of annual NCP is 2.6 Pg C yr-1 over the entire Southern Ocean. No 

statistically significant trend between 1997 and 2014 (Figure 3-9) is evident for the entire 

region. However, annual NCP has varying regional trends, which account for <10% of 

the interannual variability in annual NCP on average (Figures 3-9 and 3-10). Annual 

NCP in the region between 40°S and 60°S in the Atlantic sector increases between 0.5 

and 1 g C m-2 yr-1 over the record, equivalent to ~14% increase per decade. Increasing 

trends are also observed southeast of Australia (10% per decade) and in the regions 

south of 60°S (27% per decade). Conversely, in the Pacific sector annual NCP has 

decreased about 0.5 g C m-2 yr-1, representing a 15% decrease per decade. In the Indian 
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sector, annual NCP decreased by 11% per decade. In general, we observe decreasing 

trends in the subantarctic and polar frontal zones outside of the Atlantic sector.  

 

Figure 3–9: Long-term trend in annual NCP. (A-B) long-term trends of annual NCP for 

the whole Southern Ocean and local regions. (C) the percentage of long-term trend 

compared to annual NCP interannual variability. The area with gray background in 

(A) represents the time period between 2002 and 2011. White areas in subplots (B-C) 

represent missing data in high-latitude regions or not statistically significant with 

𝒑 ≤ 𝟎. 𝟎𝟓. Crossed regions in (B) are not included in Figure 3-11 due to missing data. 

Solid, gray, black-dashed, and gray-dashed lines represent the Subtropical Front, 

Subantarctic Front, Polar Front, and Southern Antarctic Circumpolar Current Front, 

respectively. 
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Figure 3–10: Interannual variability in annual NCP and MLD and wind kinetic energy 

in austral winter in pink-rectangle regions in Figure 3-3A. 

Regions of decreasing NCP are characterized by low annual NCP and deep 

winter mixed layers (MLD>200 m), with no distinguishable patterns in summer MLD 

(Figure 3-11). Increasing trends are observed in some but not all regions with shallow 

winter mixed layers. We test the relationship between annual NCP, winter MLD, and 

wind kinetic energy in the Pacific and Atlantic sectors and observe no statistically 

significant trends in winter MLD and wind kinetic energy (Figure 3-10). Instead, the 

increasing trends in the region south of 60°S may be related to sea-ice dynamics. Other 

factors may be driving the trends in these regions. It is also possible that the sparse Argo 
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coverage, especially in the early part of the record, limits our ability to detect trends in 

MLD. 

 

Figure 3–11: Annual NCP trends and MLD for (A) annual mean, (B) austral winter 

mean, and (C) austral summer mean. 

Our trends in annual NCP are spatially coincident with trends in the CO2 sinks 

described by Landschutzer et al. [2015] (trends in annual NCP during the corresponding 

period from 2002 to 2011 can be found in Figure B-4). We find that their reported 

decrease (increase) in the non-thermal CO2 sink in the Pacific (Atlantic) sector between 

2002 and 2011 is consistent with a reduction (increase) in NCP, found from our analysis. 

However, from our analysis NCP is not a contributor to the observed trend in CO2 sink 

over the entire spatial domain. We do not find an statistically significant trend in annual 

NCP in the Drake passage, where an intensification in the CO2 sink has been 
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hypothesized to originate from decreasing temperatures in austral summer and the 

absence of change in austral winter dissolved inorganic carbon (DIC) [Munro et al., 

2015a]. Our annual NCP trends are also consistent with Schine et al. [2016] in the Ross 

Sea. 

3.5 Caveats and Limitations 

Our satellite estimates of annual NCP bear uncertainties associated with 

algorithm parameterization and NCP seasonal cycles [Li and Cassar, 2016]. Uncertainties 

in annual NCP can originate from input data, as detailed in Li and Cassar [2016]. We note 

that satellites cannot detect phytoplankton blooms under sea ice and deep chlorophyll 

maxima, and may miss short periods of phytoplankton blooms persisting just a couple 

days. If these account for a large proportion of NCP, our estimates will be a lower bound 

on true NCP in these regions. Cloud cover can also influence our NCP estimates. NCP 

estimates were derived from an algorithm which was calibrated using positive O2/Ar-

NCP estimates [Li and Cassar, 2016], under the assumption that negative values may be 

contaminated by the upwelling of biological O2 undersaturated waters. However, some 

negative values can be associated with surface autochthonous heterotrophic respiration 

[Hamme et al., 2012]. Our algorithm also does not capture the entrainment of exported 

production or metabolic above the winter mixed layers, which could be in regions where 

mixed layer seasonality is large. Consequently, our annual NCP may overestimate the 

true NCP due to heterotrophic respiration and re-entrainment of seasonally exported 
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production [Bushinsky and Emerson, 2015; Emerson, 2014; Kortzinger et al., 2008; Munro et 

al., 2015b]. 

The annual NCP trend can be confounded by uncertainties in NCP estimates. In 

most regions, the trends can only explain ~10% of variance in annual NCP interannual 

variability (low signal to noise ratio). Except for south of 60°S (~27%), the trends are 

~10% changes in annual NCP per decade. These changes are likely within the 

uncertainties of our satellite-NCP estimates [Li and Cassar, 2016] and interannual 

variability in annual NCP. In addition, satellite [Chl] estimates (from which we estimate 

NCP) are prone to uncertainties (e.g., photoacclimation and change in C/Chl ratio) 

[Behrenfeld et al., 2016; Westberry et al., 2016]. Longer time series and more accurate 

satellite products are required to further investigate the multi-year variability in NCP. 

3.6 Conclusions 

In this study, we explored the intra-seasonal, seasonal, interannual, and multi-

year variability in NCP in the Southern Ocean during the period from 1997 to 2014. We 

found high NCP in the Atlantic sector and downstream of islands. NCP is vigorous in 

austral summer in shelf regions, but is comparable to or lower than in lower-latitude 

regions when integrated over the entire growing season. We also explored potential 

drivers of NCP on different time scales. On intra-seasonal time scales, [Chl] does not 

show a relationship with mixed layer shoaling, but increases with a deepening in the 

mixed layer when MLD is shallow. On seasonal time scales, controls on NCP likely shift 
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from light in austral spring and early summer to iron and/or grazing by the late part of 

the growing season. On interannual time scales, NCP is best predicted by a host of 

physical factors including MLD, stratification, and wind kinetic energy. Contrary to 

recent studies, our preliminary results show no clear association between deep winter 

mixing and NCP in the subsequent growing season. We did not find statistically 

significant trends in integrated annual NCP for the entire Southern Ocean, but observe 

local trends in annual NCP across the Southern Ocean. A multitude of factors may be 

driving these multi-year trends including atmospheric deposition or changes in 

advection, and/or limited observations. 
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4. Satellite Estimates of Net Community Production 
Based on O2/Ar Observations and Comparison to 
Other Estimates 

This chapter was published in the Global Biogeochemical Cycles (“Satellite 

estimates of net community production based on O2/Ar observations and comparison to 

other estimates”) [Li and Cassar, 2016] and was a collaboration with Nicolas Cassar. 

4.1 Abstract 

We present two statistical algorithms for predicting global oceanic net 

community production (NCP) from satellite observations. To calibrate these two 

algorithms, we compiled a large dataset of in-situ O2/Ar-NCP and remotely sensed 

observations, including sea surface temperature (SST), net primary production (NPP), 

phytoplankton size composition, and inherent optical properties. The first algorithm is 

based on genetic programming (GP) which simultaneously searches for the optimal 

form and coefficients of NCP equations. We find that several GP solutions are consistent 

with NPP and SST being strong predictors of NCP. The second algorithm uses support 

vector regression (SVR) to optimize a numerical relationship between O2/Ar-NCP 

measurements and satellite observations. Both statistical algorithms can predict NCP 

relatively well, with a coefficient of determination (R2) of 0.68 for GP and 0.72 for SVR, 

which is comparable to other algorithms in the literature. However, our new algorithms 

predict more spatially uniform annual NCP distribution for the world’s oceans and 

higher annual NCP values in the Southern Ocean and the five oligotrophic gyres.  
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4.2 Introduction 

Oceans are responsible for up to half of primary production on Earth [Field et al., 

1998]. Part of this production is exported to depth. This process of carbon export 

production, known as the organic carbon or soft-tissue biological carbon pump, transfers 

carbon from the atmosphere to the deep ocean where it is sequestered for extended 

periods [Volk and Hoffert, 1985].  

Export production can be estimated through several in-situ methods including 

sediment traps or derived from 234Th and nutrient mass balances or estimates of new 

production, where new production is defined as the production fueled by external 

nutrients [Dugdale and Goering, 1967]. Global estimates and large scale patterns of 

oceanic export production have also been derived from remotely sensed properties such 

as sea surface temperature (SST) and chlorophyll a concentration ([Chl]) [Baines et al., 

1994; Betzer et al., 1984; Dunne et al., 2007; Dunne et al., 2005; Eppley and Peterson, 1979; 

Henson et al., 2011; Laws et al., 2011; Laws et al., 2000; Siegel et al., 2014; Westberry et al., 

2012]. Generally, these estimates predict the biogeography of export production 

relatively well when compared to in-situ observations. However, uncertainties remain 

significant, partly due to biases in satellite retrievals, sparse in-situ observations and a 

limited understanding of the factors regulating export production [Boyd and Trull, 2007]. 

Another flux of relevance to export production is net community production 

(NCP) which is defined as the difference between gross primary production (GPP) and 



 

66 

community respiration (CR) (autotrophic respiration (AR) plus heterotrophic respiration 

(HR)), or the difference between net primary production (NPP) and HR [Brix et al., 2006; 

Eppley and Peterson, 1979; Sarmiento and Gruber, 2006]. The relation between GPP, NPP, 

and NCP can be summarized as follows: 

𝐶𝑂2 +𝐻2𝑂 

𝐺𝑃𝑃

    𝑁𝐶𝑃     ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗     𝐻𝑅    ⃖⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗⏟          
𝑁𝑃𝑃

  𝐴𝑅  ⃖⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗⃗⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   𝑂𝑟𝑔𝑎𝑛𝑖𝑐 𝑚𝑎𝑡𝑡𝑒𝑟 + 𝑂2                                                             (1) 

At steady state and when averaged over appropriate spatial and temporal scales, 

NCP, new production and export production should be equivalent. As can be seen from 

the equation above, NCP can be estimated from the net ecosystem biological O2 

production, which can be derived from the ratio of dissolved O2 and Ar (O2/Ar) at the 

ocean surface. In this approach, estimates of NCP are derived from fluxes of biological 

O2 to the atmosphere based on a mixed layer mass balance [Cassar et al., 2011; Reuer et al., 

2007]. The number of NCP observations has significantly increased over the last 15 years 

as a result of discrete and continuous underway O2/Ar measurements [Cassar et al., 2009; 

Emerson et al., 1993; Kaiser et al., 2005; Tortell, 2005]. These observations can resolve 

spatial variability in NCP and are well-suited for exploring satellite scaling of NCP 

observations.  

The relationship between O2/Ar-derived NCP and remotely sensed observations 

was first investigated by Reuer et al. [2007]. Building on this study, Chang et al. [2014] 

estimated the spatial distribution of NCP in the Southern Ocean through a machine 

learning algorithm of artificial neural networks (ANNs), using O2/Ar-NCP 
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measurements and remotely sensed observations. Compared with linear regression 

models, machine learning methods usually allow more accurate predictions; however, 

most machine learning methods, such as ANNs, produce a numerical model that lacks 

apparent physical meaning and transferability.  

In this study, we expand on the work of Chang et al. [2014] and use two machine 

learning methods to derive new algorithms of NCP for the global ocean using a large 

dataset of discrete and continuous underway O2/Ar measurements and remotely sensed 

observations. One algorithm, based on support vector regression (SVR) [Vapnik, 2000], 

gives a numerical relationship between NCP and satellite predictors. Another algorithm 

is derived from the machine learning method of genetic programming (GP), which 

searches for an explicit NCP equation using O2/Ar-NCP measurements and various 

satellite observations. GP has been used to solve problems of symbolic regression, where 

the goal of the algorithm is to simultaneously determine the optimal form and 

coefficients of an equation [Koza, 1992]. This characteristic leads to a transferable and in 

some cases physically meaningful solution [Schmidt and Lipson, 2009]. Finally, we 

compare these two new NCP algorithms to other well-established export production 

algorithms.  

4.3 Materials and Methods 

Below, we describe the in-situ and satellite datasets, as well as the statistical tools 

used to derive our algorithms. 
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4.3.1 Data 

4.3.1.1 O2/Ar and NCP Measurements 

An extensive dataset of mixed-layer O2/Ar-NCP estimates was used to derive 

training and validation datasets (Figure 4-1 and Table C-1). Although time-series 

observations of O2/Ar-NCP estimate are available at some oceanic stations, we focus on 

discrete and continuous underway measurements because of their large spatial coverage 

ideal for satellite-NCP-algorithm development. We will incorporate time-series 

observations in a future study.  

NCP can be estimated using O2/Ar measurements through a mass balance of 

biological O2 in the mixed layer. Oxygen saturation at the ocean surface is influenced by 

biological (i.e. NCP) and physical processes (e.g. bubble injection and temperature 

changes). Ar and O2 have similar temperature dependencies [Craig and Hayward, 1987]. 

Combined with their similar solubilities, they have almost equivalent responses to 

processes such as temperature change and bubble-mediated gas exchange. As such, 

oxygen concentration due to physical processes ([O2]𝑝ℎ𝑦𝑠) can be accounted for with 

measurements of the O2/Ar saturation state. The biological O2 concentration ([O2]biol) can 

be estimated using the following equation [Cassar et al., 2011]:  

[O2]biol = [O2] − [O2]𝑝ℎ𝑦𝑠 ≈ [O2] −
[Ar]

[Ar]sat
[O2]sat =

[Ar]

[Ar]sat
[O2]sat∆(O2 Ar⁄ )                       (2) 
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where ∆(O2 Ar⁄ ) = [
([O2] [Ar]⁄ )

([O2] [Ar]⁄ )sat
− 1] is biological O2 supersatulation. If vertical mixing 

and lateral advection are neglected, the mass balance for [O2]biol in the mixed layer can 

be expressed as follows [Cassar et al., 2011]: 

𝑀𝐿𝐷
𝑑[𝑂2]𝑏𝑖𝑜𝑙
𝑑𝑡

= 𝑁𝐶𝑃 − 𝑘O2
[Ar]

[Ar]sat
[O2]sat∆(O2 Ar⁄ )                                                                      (3) 

where 𝑘O2 is the gas exchange velocity for O2. If the ecosystem is at steady state (i.e. 

𝑑[𝑂2]𝑏𝑖𝑜𝑙

𝑑𝑡
= 0), equation (3) reduces to [Cassar et al., 2011; Reuer et al., 2007]: 

NCP = 𝑘O2[O2]sat∆(O2 Ar⁄ )                                                                                                                       (4) 

[Ar]

[Ar]sat
 is assumed to equal 1, introducing an error of a few percent (~1%) in NCP 

estimates under most circumstances [Cassar et al., 2011; Eveleth et al., 2014]. 

We calculated 𝑘O2 using QSCAT/NCEP blended wind speeds [Colorado Research 

Associates/Northwest Research Associates/Inc., 2001], monthly climatological mixed layer 

depth (MLD) [Hosoda et al., 2010], the parameterization of Wanninkhof [1992], and a 

weighting technique to account for wind speed history following Reuer et al. [2007]. We 

removed samples with negative NCP, because of potential biases associated with 

vertical mixing of O2-undersaturated waters [Cassar et al., 2014; Jonsson et al., 2013; Reuer 

et al., 2007]. We note that positive NCP values may also be biased by vertical mixing. 

Where vertical mixing brings O2-undersaturated water to the surface, our estimates 

should be regarded as lower bounds on the true NCP. Conversely, positive biases in 

NCP could occur in regions with high biological O2 below the mixed layer (e.g. deep 
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chlorophyll maximum). Because of the high uncertainties in satellite [Bricaud et al., 2012; 

Hu et al., 2012; Morel and Maritorena, 2001] and O2/Ar-NCP observations [Jonsson et al., 

2013] at low values, we excluded O2/Ar-NCP data <1.0 mmol O2 m-2 day-1 from the 

training dataset. Additional uncertainties and biases (e.g. gas exchange parameterization 

and lack of steady state in biological O2 in the mixed layer) are further discussed in 

previous studies [Bender et al., 2011; Cassar et al., 2014; Jonsson et al., 2013]. 

 

Figure 4–1: Locations and distributions of O2/Ar measurements. Samples with 

positive values are color coded. Samples with negative values are shown using a gray 

scale. The lower panel histograms show the distributions of O2/Ar-NCP estimates and 

latitudes. 
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4.3.1.2 Image Data 

Image data are listed in Table 4-1. The standard [Chl] algorithm has been shown 

to underestimate [Chl] by a factor of 2 to 3 in the Southern Ocean [Johnson et al., 2013; 

Kahru and Mitchell, 2010; O'Reilly et al., 1998]. We adopted the blending scheme 

presented by Kahru and Mitchell [2010] to recalculate global [Chl], merging the standard 

[Chl] algorithm [O'Reilly et al., 1998] with one specific to the Southern Ocean [Johnson et 

al., 2013]. The 8-day NPP was calculated using the vertically generalized production 

model (VGPM) [Behrenfeld and Falkowski, 1997] with the recalculated [Chl] data product. 

More details on the VGPM algorithm can be found in Behrenfeld and Falkowski [1997]. 

These modifications increase [Chl] and NPP estimates in the Southern Ocean by a mean 

factor of 2.0 and 1.6, respectively (Figure 4-2). 
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Table 4-1: Image data sets. Remote sensing reflectance just above water surface (Rrs(λ)) of SeaWiFS include spectral bands of 

412, 443, 490, 510, 555, and 670 nm. Phytoplankton size composition (PSC) is defined as the [Chl] fraction of micro- (>20 µm), 

nano- (2~20 µm) and pico-phytoplankton (<2 µm). Inherent optical properties (IOPs) include absorption and backscattering 

coefficients. MLD is monthly climatology data from 2001 to 2013. 

Parame

ter 

Spatial 

resolution 

Temporal 

resolution 
Citation Resource 

Rrs(λ) 0.083°×0.083°  8 day -- http://oceancolor.gsfc.nasa.gov/ 

NPP 0.083°×0.083° 8 day 
[Behrenfeld and Falkowski, 1997] 

[Behrenfeld et al., 2005] 

http://www.science.oregonstate.edu/oc

ean.productivity/ 

POC 0.083°×0.083° 8 day [Stramski et al., 1999] http://oceancolor.gsfc.nasa.gov/ 

[Chl] 0.083°×0.083° 8 day [O'Reilly et al., 1998] http://oceancolor.gsfc.nasa.gov/ 

PAR 0.083°×0.083° 8 day -- http://oceancolor.gsfc.nasa.gov/ 

PSC 0.083°×0.083° 8 day [Li et al., 2013] -- 

IOPs 0.083°×0.083° 8 day [Lee et al., 2002] http://oceancolor.gsfc.nasa.gov/ 

MLD 1°×1° Climatology [Hosoda et al., 2010] 
http://www.jamstec.go.jp/ARGO/argo_

web/MILAGPV/index_e.html 

Wind 

speed 
0.5°×0.5° 6 hour 

[Colorado Research 

Associates/Northwest Research 

Associates/Inc., 2001] 

http://rda.ucar.edu/datasets/ds744.4/ 

SST 0.088°×0.088° 8 day -- 
http://www.science.oregonstate.edu/oc

ean.productivity/ 
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Figure 4–2: Standard [Chl] and NPP products versus [Chl] calculated from the 

blended algorithm presented in Kahru and Mitchell [2010] and the recalculated VGPM 

NPP [Behrenfeld and Falkowski, 1997]. The blended algorithm uses Johnsson et al. 

[2013] for [Chl] estimates in the Southern Ocean and the standard [Chl] algorithm 

elsewhere. 
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4.3.2 Methods 

4.3.2.1 Matching In-situ Measurements to Remotely Sensed Observations 

In-situ O2/Ar-NCP observations from 1999 to 2009 (n=689566) were matched to 

the image data listed in Table 4-1. Because most of these observations are continuous 

underway measurements, they were averaged in 0.083°×0.083° grids, yielding n=14795 

samples with a mean coefficient of variation (CV) of 0.12 per grid cell. The gridded in-

situ observations were matched to 8-day averaged mapped SeaWiFS products with a 

spatial resolution of 0.083°×0.083°. Uncertainties may be introduced into our algorithms 

due to temporal and spatial mismatch between in-situ observations and image data. 

Given that the residence time of O2 at the surface ocean is on the order of a week, the 

time-scale mismatch between in-situ O2/Ar observations and image data is likely small. 

We also matched the field-observed SST to 8-day mean AVHRR SST. Satellite-derived 

SSTs are remarkably accurate (Figure C-1). They were directly used for algorithm 

training and calculations of global NCP distribution. Overall, 4839 out of a total of 14795 

in-situ O2/Ar-NCP grids were matched to satellite observations. 

4.3.2.2 Selection of Training and Validation Data 

GP and SVR require the dataset to be split into training, validation and testing 

datasets. We first randomly divided the 4839 match-ups into training-validation samples 

(n=2415) and testing samples (n=2424). The 2424 testing samples were not used for the 

algorithm development. The training-validation samples were further filtered using the 
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Rossby radius of deformation [Chelton et al., 1998] to reduce potential autocorrelation 

between observations. For a given in-situ O2/Ar-NCP measurement, we averaged in-situ 

O2/Ar-NCP estimates and satellite observations within the Rossby radius of 

deformation. Using the median or randomly selecting single values within each Rossby 

radius of deformation gives practically identical results.  

Coastal (i.e. <100 km from shore) sites were not included because of potential 

biases associated with vertical mixing and lateral advection as well as high uncertainties 

in satellite observations due to colored dissolved organic matter and suspended 

sediments. The resulting training-validation dataset contains equal sized training 

(n=248) and validation (n=248) datasets for the GP algorithm.  

4.3.2.3 Genetic Programming 

GP is a machine learning method based on evolution computation [Koza, 1992] 

and can be used to perform symbolic regression [Schmidt and Lipson, 2009]. Unlike 

traditional linear or nonlinear regression where a basis function is prescribed from the 

outset, GP optimizes the form of an equation and its coefficients by globally minimizing 

a given objective function. GP determines the best solutions by minimizing the metric of 

mean squared error (MSE): 

MSE =
∑ (ŷi − yi)
n
i=1

2

n
                                                                                                                                 (5) 

where ŷi is predicted value, yi is observed value, and n is the number of samples. GP 

regenerates new solutions by recombining and reorganizing the retained solutions 
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through “crossover” and “mutation”. “Crossovers” combine part of the existing solution 

in a probabilistic way, retaining better solutions and discarding poorly performing 

solutions (Figure C-2). “Mutations” generate new solutions to replace the existing 

solutions. This study utilizes the GP algorithm developed by Schmidt and Lipson [2013], 

which has been successfully applied to other geophysical problems [Goldstein et al., 

2013].  

GP provides an ideal statistical approach to search for an optimal NCP model 

without biases from a priori expectation. This is important considering that controls on 

NCP remain unclear [Boyd and Trull, 2007]. We used O2/Ar-NCP measurements and all 

the parameters listed in Table 4-1 as inputs, and addition, subtraction, multiplication, 

division, exponential, natural logarithm, power, sine, cosine, tangent and square root as 

possible mathematical operators. 

Based on the predictors and mathematical operators, GP generates a set of 

candidate solutions with varying complexities (number of variables and operators). Each 

solution reflects the optimal solution for a given complexity. The selection of a single 

solution from the suite of candidates is somewhat arbitrary, as no consistent criteria 

exist. Schmidt and Lipson [2009] found that a solution with physical meaning usually 

appears around the last largest jump in the validation metric. We followed this 

recommendation and selected solutions with low complexity to reduce the risk of fitting 

noise in our dataset. More details on the GP technique can be found in Koza [1992]. 
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4.3.2.4 Support Vector Regression 

We also derived NCP maps using a support vector machine (SVM), which can be 

used for the purpose of regression analyses (support vector regression, SVR) [Vapnik, 

2000]. Given a training dataset {(x1, y1), … , (xi, yi),… , (xn, yn)}, where xi ∈ R
d represents 

an observation, SVR searches for a linear model 𝑓(x, ω) = 〈ω • Φ(x)〉 + b which has at 

most ε deviations from the observations for the training samples and is as flat as possible 

(Figure C-3). This optimization problem can be expressed as a quadratic programming 

problem with linear constraints [Chang and Lin, 2011]: 

minb,ω,ξ,ξ∗ (
1

2
ωTω+ C∑ξi

n

i=1

+ C∑ξi
∗

n

i=1

)                                                                                               (6) 

Subject to: ωTΦ(xi) + b − yi ≤ ε + ξi 

yi −ω
TΦ(xi) − b ≤ ε + ξi

∗ 

ξi, ξi
∗ ≥ 0, i = 1,… , n 

where Φ(xi) maps xi into a higher-dimensional space, ω is a vector in the feature space, 

ξi and ξi
∗ are slack variables, b is the offset, and C > 0 is the regularization parameters. 

Radial basis function (RBF) is selected as our kernel function (K(xi, xj) = exp (−γ‖xi −

xj‖
2
)), with optimal parameters (γ, C and ε) determined through a grid-search technique 

using five-fold cross validation. In light of GP results (see results and discussion), we 

trained the SVR algorithm using SST and NPP as predictors. We also trained an 

algorithm using all the variables in Table 4-1, but it showed no improvement. Thus, we 

only presented the model using SST and NPP as predictors, because it may have better 
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transferability. SVR is implemented through an open source library LIBSVM [Chang and 

Lin, 2011]. More details on SVR can be found in Burges [1998] and Vapnik [2000]. 

4.4 Results and Discussion 

4.4.1 NCP Measurements versus Remotely Sensed Observations 

We find that O2/Ar-NCP measurements are highly correlated to many remotely 

sensed observations, but with significant scatter (Figure 4-3). In general, O2/Ar-NCP 

measurements decrease with SST, and increase with NPP, [Chl] and particulate organic 

carbon (POC). These trends are consistent with our current understanding of the 

dependence of NCP on NPP, [Chl], POC, and SST [Cassar et al., 2015; Chang et al., 2014; 

Dunne et al., 2005; Huang et al., 2012; Laws et al., 2011; Laws et al., 2000; Reuer et al., 2007]. 

As productivity increases, the NPP increase is not balanced by an increase in 

heterotrophic respiration. The negative correlation of NCP with SST has been explained 

by increased heterotrophic activity at higher temperatures [Laws et al., 2000; Rivkin and 

Legendre, 2001]. However, the correlation disappears at SST <10 °C and >24 °C (Figure 4-

3A). The poor correlation in these two SST ranges may stem from differences in how 

NCP relates to phytoplankton community composition and nutrient and/or light 

availability. 

O2/Ar-NCP observations are also significantly correlated with other remotely 

sensed observations, including band ratios of remote sensing reflectance just above 

water surface (Rrs(λ)) and phytoplankton size composition, with a positive correlation 
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to the micro- and nano- and negative correlation to pico-phytoplankton fractions (Figure 

4-4). The latter is consistent with phytoplankton size influencing export production 

[Azam, 1998; Boyd and Newton, 1995; Boyd and Newton, 1999; Tremblay et al., 1997]. 

However, most of these remotely sensed observations are also highly correlated with 

each other (Figure 4-4). Because the main parameters that regulate the variability in NCP 

remain unclear, we indiscriminately include all of the remotely sensed observations and 

let the statistical algorithms select the best predictors. 

 

Figure 4–3: Relationships between O2/Ar-NCP observations and (A) SST, (B) [Chl], (C) 

POC, and (D) VGPM-derived NPP. Points are color coded for density of observations 

[Eilers and Goeman, 2004]. Note that all variables except SST are in logarithmic scale.  
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Figure 4–4: Correlation between O2/Ar-NCP estimates and satellite observations. 

Values in the bottom left and upper right of the panel denote correlation and p-

values, respectively. White, grey and dark areas represent significance levels of 0.01, 

0.05 and >0.05, respectively. 𝑩𝑹(𝝀𝟏, 𝝀𝟐) = 𝑹𝒓𝒔(𝝀𝟏)/𝑹𝒓𝒔(𝝀𝟐). 𝒆𝒕𝒂 = power function slope 

of particulate backscattering spectrum. 𝒂(𝟒𝟒𝟑) = total absorption coefficient at the 

wavelength of 443 nm. 𝒂𝒑𝒉(𝟒𝟒𝟑) = phytoplankton absorption coefficient at the 

wavelength of 443 nm. 𝒃𝒃𝒑(𝟓𝟓𝟓) = particulate backscattering coefficient at the 

wavelength of 555 nm. 𝒆𝒕𝒂, 𝒂(𝟒𝟒𝟑), 𝒂𝒑𝒉(𝟒𝟒𝟑) and 𝒃𝒃𝒑(𝟓𝟓𝟓) are derived by QAA [Lee 

et al., 2002]. 𝒇𝒎, 𝒇𝒏 and 𝒇𝒑 are [𝑪𝒉𝒍] fractions for micro-, nano- and pico-

phytoplankton, respectively. They are derived using the algorithm developed by Li et 

al. [2013]. VGPM and CbPM stand for NPP derived using algorithms presented by 

Behrenfeld and Falkowski [1997], and Behrenfeld et al. [2005] and Westerbery et al. 

[2008], respectively. 
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4.4.2 Genetic Programming 

A set of NCP candidate solutions and the corresponding “Pareto” front (i.e. plot 

showing the relationship between solution complexity and the MSE) are presented in 

Table 4-2 and Figure 4-5, respectively. We selected the equations with complexity ≤10. 

Because GP is sensitive to data noise and our dataset is noisy, solutions with larger 

complexity are at higher risk of overfitting. From these solutions, we omitted the first 

three equations (complexity 1, 3, and 5) because of the high MSE. The equation with 

complexity 6 is a variant of the ones with complexities 8 and 10, but it is more concise 

and has an acceptable validation accuracy (MSE=190.46). The equation with complexity 

of 6 is also consistent with predictions of NCP being positively correlated to NPP and 

negatively correlated to SST [Dunne et al., 2005; Laws et al., 2000; Laws et al., 2011; Tilstone 

et al., 2015]. This equation can be reorganized in a form reminiscent of the export ratio 

(NCP/NPP =
8.57

17.9+SST
). This functional relationship is in agreement with Laws et al. [2000] 

and Henson et al. [2011] that SST can explain a large proportion of variations in 

export/new production ratio. A similar relationship between NCP and NPP has also 

been observed in previous studies [Reuer et al., 2007; Palevsky et al., 2013; Stanley et al., 

2010]. Therefore we select the equation: 

NCP =
8.57 ∗ NPP

17.9 + SST
                                                                                                                                        (7) 

where the units of NCP and NPP are mmol O2 m-2 day-1, and SST is in degree Celsius 

(°C). A stoichiometry of O2/C=1.4 is used to convert the VGPM NPP into O2 units [Laws, 
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1991]. Variations in this assumed stoichiometry (e.g. Ostle et al. [2015] and Lefevre and 

Merlivat [2012]) introduce some errors in our NCP estimates. We note that, although we 

followed the recommendations of Schmidt and Lipson [2009], selection of the “optimal” 

equation is somewhat arbitrary, and other studies have found other patterns. For 

example, based on trap- and 234Th-based measurements, Maiti et al. [2013] found an 

inverse relationship between export efficiency and NPP in the Southern Ocean.  

There are some significant differences between equation (7) and previous models 

[Dunne et al., 2005; Laws et al., 2000; Laws et al., 2011]. Equation (7) was statistically 

optimized using an independent dataset, with limited user prescription on the form and 

predictor variables. Since factors regulating variations in NCP remain unclear [Boyd and 

Trull, 2007], this flexibility makes it possible to find optimal solutions and in some 

instances, solutions with intrinsic relationships between predictors and predictant 

[Schmidt and Lipson, 2009].  

Our GP equation (7) provides a general global functional relationship between 

NCP and remotely sensed SST and NPP. Although other parameters such as POC, band 

ratios and inherent optical properties are likely strong predictors of NCP (Figure 4-4), 

they are omitted by GP, possibly because their relationships with NCP are not clearly 

expressed by our dataset, or because they are encompassed in the NPP parameterization 

[Behrenfeld and Falkowski, 1997; Behrenfeld et al., 2005; Westberry et al., 2008]. Interestingly, 

although VGPM and CbPM estimates of NPP were both included in the pool of potential 
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predictors, GP consistently selected VGPM over CbPM estimates of NPP, which is 

consistent with the results of Palevsky et al. [2013] in the Gulf of Alaska but in contrast to 

the recent results of Emerson [2014]. The difference may be attributed to the lack of time-

series observations in our training dataset and representation of annual NCP (see 

discussion below on caveats and limitations).  

Table 4-2: Candidate NCP solutions derived by genetic programming. Solutions are 

selected according to the criteria proposed by Schmidt and Lipson [2009]. Solutions 

with higher complexity (a measurement of the candidate solution in length and 

nonlinearity (both mathematical operators and variables)) are chosen only if their 

mean squared error (MSE) is lower than those with lower complexity. Input 

parameters are presented in Table 4-1 and Figure 4-4. 

Solution Complexity MSE 

𝑁𝐶𝑃 = 17.2 1 338.12 

𝑁𝐶𝑃 = 0.26 ∗ 𝑁𝑃𝑃 3 203.94 

𝑁𝐶𝑃 = [𝐶ℎ𝑙] + 0.25 ∗ 𝑁𝑃𝑃 5 203.77 

𝑁𝐶𝑃 =
8.57 ∗ 𝑁𝑃𝑃

17.9 + 𝑆𝑆𝑇
 6 190.46 

𝑁𝐶𝑃 =
105 + 8.57 ∗ 𝑁𝑃𝑃

𝑆𝑆𝑇 + 23.5
 8 185.90 

𝑁𝐶𝑃 =
8.57 ∗ 𝑁𝑃𝑃 − 275 ∗ [𝐶ℎ𝑙]

12.7 + 𝑆𝑆𝑇
 10 181.00 
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Figure 4–5: Pareto front of NCP candidate solutions with complexity ≤10. Solutions 

with complexity higher than 10 are not shown, because their improvements in mean 

square error are small. 

4.4.3 Algorithm Testing 

4.4.3.1 Genetic Programming and Support Vector Regression 

Our NCP algorithms derived from GP and SVR predict NCP relatively well (R2 = 

0.68 for GP and 0.72 for SVR), with most predictions converging to the 1:1 line (Figure 4-

6). However, uncertainties remain significant, especially in regions where O2/Ar-derived 

NCP values are <100 mg C m-2 day-1 (mainly located in low latitude regions). This can be 

attributed to uncertainties in O2/Ar-NCP estimates (e.g. contamination by upwelling or 

violation of steady state). 
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Figure 4–6: Comparison of satellite algorithms of carbon export production. A 

stoichiometry of O2/C=1.4 [Laws, 1991] is employed to convert O2/Ar-NCP estimates 

from mmol O2 m-2 day-1 to mmol C m-2 day-1. Samples with O2/Ar-NCP estimate <1.0 

mmol O2 m-2 day-1 are excluded. We used phytoplankton size composition derived by 

Li et al. [2013] and VGPM NPP for the algorithm developed by Siegel et al. [2014], 

with the other parameters as presented in Siegel et al. [2014]. 

NCP leads to export of organic carbon or changes in the POC and dissolved 

organic carbon (DOC) inventories in the mixed layer. We do not have a good proxy for 

DOC from satellite observations. In regions where most of NCP is in the form of POC 
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such as the Southern Ocean, a comparison between NCP and 
ΔPOC

Δt
∗ MLD informs us on 

the extent to which NCP translates into export, i.e., whether the mixed-layer organic 

pool is at steady state. We see that 70% (58%) of our observations fall within [-0.5,0.5] of 

ΔPOC

Δt
∗
MLD

NCP
 calculated using 16-day (8-day) satellite POC observations (Figure 4-7). 

Observations with significant POC inventory changes compared to NCP could reflect a 

lag between primary and export production [Buesseler, 1998; Estapa et al., 2015; Henson et 

al., 2015]. 

We analyzed the sensitivity of our equation (7) to different data processing 

methods. Three methods other than the Rossby radius of deformation were tested for 

minimizing the autocorrelation between samples: (1) k-mean clustering; (2) maximum 

dissimilarity algorithm [Camus et al., 2011]; and (3) decorrelation length scale. We also 

ran the GP algorithm using all of the unprocessed samples with autocorrelation between 

samples. All these methods led to solutions with similar form as equation (7), but with 

slight differences in the coefficients. We also ran the GP algorithm with different error 

metrics (e.g. mean absolute error). All of these metrics led to solutions similar in form to 

equation (7). Finally, we ran the GP algorithm for individual regions and obtained 

equations with similar form as equation (7) in most regions. In other regions, however, 

the form of the equation was entirely different, but the validation results were not 

statistically different because of the limited sample size at regional levels. The 

consistency in results suggests that the form of equation (7) may be robust. 
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Figure 4–7: NCP versus temporal variation in particulate organic carbon (POC) 

concentration. POC is 8-day average satellite estimate. We calculated ΔPOC/Δt using 

POC at the date when O2/Ar was measured and (A) 8 days and (B) 16 days before the 

measurements. Dashed lines and shaded areas represent 50% and one standard 

deviation of MLD*(ΔPOC/Δt)/NCP, respectively. 

4.4.3.2 Comparison to Other Models 

We compared our algorithms with others in the literature using the testing 

dataset (Figure 4-6) [Baines et al., 1994; Betzer et al., 1984; Dunne et al., 2005; Eppley and 

Peterson, 1979; Laws et al., 2011; Laws et al., 2000; Siegel et al., 2014; Westberry et al., 2012]. 
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We expect our algorithms to outperform the others in Figures 6 and 8 because our 

dataset was used to train the algorithms. We mostly show these figures to highlight the 

fairly consistent performance of the various algorithms. As further elaborated below, 

these comparisons should be interpreted with caution, as the various algorithms model 

different components of the biological pump.  

Overall, the presented algorithms perform similarly well at predicting O2/Ar-

NCP observations with most predictions-observations converging to the 1:1 line (Figure 

4-6). As is the case for our NCP algorithms derived from SVR and GP methods, the 

predictions generally show larger uncertainties in the regions where NCP is <100 mg C 

m-2 day-1. The performance difference among the presented algorithms is also largest in 

these regions.  

As expected, correlations at basin scales are higher than those at individual 

locations, with predictions-observations again converging to the 1:1 line (Figure 4-8). 

Data in the Indian Ocean are not shown because of the limited sample size (n<10). Many 

algorithms show a systematic underestimation in the region of 45-15°S in the Pacific 

Ocean. The overestimation in the Pacific region of >45°N may be statistically 

insignificant due to the limited sample size (n=2). The biases in the basin averages 

indicate that current algorithms do not capture all the factors influencing export 

production or regional differences in how export production relates to these factors.  
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Figure 4–8: Basin-average carbon export production for each algorithm. The range of 

vertical and horizontal lines denotes one standard deviation from the corresponding 

mean. Samples with O2/Ar-NCP estimate <1.0 mmol O2 m-2 day-1 are excluded. 

4.4.4 Global NCP and Export Production 

The studied algorithms, including the new ones presented as part of this study, 

predict global oceanic annual export production ranging from ~7 to 13 Pg C yr-1 (Table 4-

3). For simplicity, we hereafter use the term export production, noting that the various 
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algorithms presented in fact simulate various aspects of carbon export production (e.g., 

NCP, POC export at 100 m, etc.). The global distribution of annual export production 

predicted by the various models is consistent with our current understanding of the 

mechanisms driving high export production in coastal/upwelling/high-latitude regions 

and low export production in the five oligotrophic gyres (Figure 4-9). In the 

coastal/upwelling/high-latitude regions, export production is supported by vertical 

mixing of nutrients into the mixed layer. Furthermore, ecosystems with replete nutrients 

are generally dominated by large phytoplankton [Li et al., 2013], which is believed to 

enhance export production. In the high-latitude regions, high export production can also 

be explained by inhibited bacterial activity due to low SST. In the five oligotrophic 

gyres, intensified stratification, deep nutriclines, and convergence suppress the supply 

of nutrients to the surface, resulting in an ecosystem dominated by small phytoplankton. 

As a result of high SST, bacterial activity in these regions is also strong, leading to 

ecosystems generally dominated by “regenerated production” [Dugdale and Goering, 

1967]. 

The mean and CV of the presented models are presented in Figure 4-10. We find 

that agreement varies by regions. The algorithms agree well in high value regions, such 

as the North Atlantic, the North Pacific, and the Subtropical Front region (around 45°S). 

They differ in low value regions, including some portions of the Southern Ocean, the 

Arctic Ocean and the five oligotrophic gyres, especially in the ultra-oligotrophic South 
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Pacific gyre. This is consistent with models performing poorly in regions where NCP 

values are <100 mg C m-2 day-1 (Figure 4-6). Many of the models presented rely on in-situ 

estimates derived based on a variety of methods which show large discrepancies in 

oligotrophic regions [Duarte et al., 2013; Westberry et al., 2012; Williams et al., 2013]. For 

example, our algorithms are based on in-situ estimates, while Westberry et al. [2012]’s 

approach is based on in vitro measurements. The presented algorithms also reflect 

different components of the biological pump. For example, Dunne et al. [2005] modeled 

POC export at 100 m, Westberry et al. [2012] modeled NCP for the euphotic zone, and our 

estimates represent NCP for the mixed layer. DOC contribution to NCP can be 

significant and the MLD differs from the euphotic depth in many regions (e.g. 

oligotrophic regions) of the world’s oceans [Carlson et al., 2010].  

Compared with the other models, our two data-driven algorithms predict more 

spatially uniform annual export production, and higher annual export production in the 

five oligotrophic gyres and the Southern Ocean (Figures 4-9 and 4-11). The more 

spatially uniform distribution of our estimates supports the recent findings of Emerson 

[2014], DeVries et al. [2014], Ostle et al. [2015], and Teng et al. [2014]. Our higher estimates 

in the five oligotrophic gyres generally fall within the range of independent estimates at 

stations ALOHA, BATS and OSP (Table 4-4), and in the North (~3 mol C m-2 yr-1) and 

South Pacific oligotrophic gyres (~2 mol C m-2 yr-1) (Figure 9 in Quay et al. [2009]), with 

our algorithms performing as well or better than the other algorithms. At BATS, 
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however, predictions are generally lower than in-situ observations except for the ones of 

Stanley et al. [2012]. Discrepancies may be explained by the contributions of DOC and 

zooplankton migration to NCP [Carlson et al., 1994; Emerson, 2014] and underestimation 

of spring [Chl] by satellite [Westberry et al., 2008]. Our GP equation (7) agrees best with 

the algorithm of Laws et al. [2000] and the simplified equations presented in Laws et al. 

[2011] (Figures 4-11 and C-4). The agreement is surprising, considering that our GP 

equation (7) is data-driven, while the algorithm of Laws et al. [2000] is based on a food-

web model that is independent of a training dataset. However, equation (7) generally 

predicts lower export production than Laws et al. [2000] in high value regions, including 

the north Atlantic, the north Pacific, the Subtropical Front (around 45°S) and some 

coastal regions. We believe that our estimates in the Southern Ocean are reliable 

considering that a significant proportion of our training dataset observations were from 

that region. 

  



 

93 

 
 

Figure 4–9: Climatology (1998-2007) of annual export production derived by each 

algorithm from 8-day satellite observations (except for the estimate by Siegel et al. 

[2014] which uses monthly average as input). 
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Figure 4–10: (A) Distribution of annual export production calculated as the mean of all 

algorithms presented in Figure 4-9. (B) Coefficient of variation (CV) of annual export 

productions predicted by the various algorithms. 
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Figure 4–11: Taylor diagram [Taylor, 2001] of climatological distributions of annual 

export production in Figure 4-9 (in logarithmic scale), with the annual NCP 

distribution predicted by genetic programming as reference value. The letter 

corresponds to the algorithms of GP (equation 7 derived by genetic programming in 

this study), (A) Eppley and Peterson [1979], (B) Betzer et al. [1984], (C) Baines et al. 

[1994], (D) Laws et al. [2000], (E) Equation (2) in Laws et al. [2011], (F) Equation (3) in 

Laws et al. [2011], (G) Dunne et al. [2005], (H) Westberry et al. [2012], and (K) SVR 

(algorithm derived by support vector regression in this study), respectively. Dashed-

blue and dashed-green lines represent the correlation and centered root-mean-square 

(RMS) difference between predictions by genetic programming and other algorithms, 

respectively. Dashed-black lines, the radial distance from the origin, represent the 

standard deviation of the spatial distribution predicted by each algorithm, with lower 

values indicating less spatial variability. Note that Siegel et al. [2014] is not included 

in the diagram because it does not cover the global ocean. 
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Table 4-3: Climatology (1998-2007) of annual global carbon export production. The units are 1015 g C yr-1. GP and SVR stand for 

genetic programming and support vector regression, respectively. Note that the first row is the climatology (1998-2007) of annual 

NPP predicted by the VGPM algorithm. 𝒁𝒆𝒖 represents depth of euphotic zone. Estimate from Siegel et al. [2014] mainly in the 

region equatorward of 65 degree (see Figure 4-9), which is one reason why it is lower than estimates by other algorithms. Others: 

NPP derived from CbPM algorithm, phytoplankton biomass estimated from particulate backscattering coefficient at 443 nm 

(bbp(443)), particle size distribution (PSD), and 𝒁𝒆𝒖. 

Name Input Global >S45 S45-S15 S15-N15 N15-

N45 

>N45 Reference 

VGPM [Chl], SST, 

PAR 

43.4 4.4 13.2 11.7 9.6 4.4 [Behrenfeld and Falkowski, 

1997] 

New production NPP 13.4 1.1 4.4 3.3 3.1 1.5 [Eppley and Peterson, 1979] 

POC export NPP, 𝑍𝑒𝑢 11.7 1.2 3.5 2.8 2.6 1.6 [Betzer et al., 1984] 

POC export [Chl] 7.0 0.9 2.0 1.7 1.5 1.0 [Baines et al., 1994] 

New production NPP, SST 12.1  2.1 3.6 2.0 2.3 2.0 [Laws et al., 2000] 

New production NPP, SST 10.5 1.9 3.5 1.5 2.0 1.6 [Laws et al., 2011] (Equation 2) 

New production NPP, SST 7.5 1.0 2.4 1.5 1.5 1.1 [Laws et al., 2011] (Equation 3) 

POC export [Chl], SST 7.7 1.4 2.3 1.1 1.5 1.4 [Dunne et al., 2005] 

NCP NPP 10.4 1.2 3.0 2.4 2.2 1.6 [Westberry et al., 2012] 

POC export MLD, 

others 

6.0 0.4 1.2 2.7 1.4 0.3 [Siegel et al., 2014] 

NCP SST, NPP 10.1 1.5 3.0 2.2 2.1 1.3 This study (GP) 

NCP SST, NPP 10.4 2.0 3.2 1.8 1.9 1.5 This study (SVR) 
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Table 4-4: Comparison of annual carbon export production to independent measurements. We calculated export production 

within a 50 km radius from ALOHA (22o45’N, 158oW), BATS (31o40’N, 64o10’W), and OSP (50oN, 145oW). a: constant export ratio is 

used. b: calculation from 3He measurements in 2003-2006 [Stanley et al., 2015]. 

Station 
NCP (mol C m-2 yr-1) 

Time Method Reference 
ALOHA BATS OSP 

 1.8 2.5 1.4 1998-2007 Ocean color [Eppley and Peterson, 1979] 

 1.3 1.7 1.6 1998-2007 Ocean color [Betzer et al., 1984] 

 0.8 1.0 1.2 1998-2007 Ocean color [Baines et al., 1994] 

 1.4 1.6 3.1 1998-2007 Ocean color [Laws et al., 2000] 

 1.2 1.8 2.9 1998-2007 Ocean color [Laws et al., 2011] 

 0.9 1.2 1.6 1998-2007 Ocean color [Laws et al., 2011] 

 0.3 0.8 2.0 1998-2007 Ocean color [Dunne et al., 2005] 

 0.7 1.2 1.8 1998-2007 Ocean color [Westberry et al., 2012] 

 1.4 0.7 1.2 1998-2007 Ocean color [Siegel et al., 2014] 

 1.5 1.9 2.3 1998-2007 Ocean color This study (GP) 

 1.4 1.8 3.1 1998-2007 Ocean color This study (SVR) 

ALOHA 1.8±0.4 2004-2005 Ocean color (CbPM)a [Quay et al., 2009] 

 1.3±0.3 2004-2005 Ocean color (VGPM)a [Quay et al., 2009] 

 2.7±1.7 1990,1992,1995 O2, Ar, N2 [Emerson et al., 1997] 

 2.0±0.9 1990,1992,1995 Organic carbon fluxes [Emerson et al., 1997] 

 1.6±0.9 1990,1994 DIC13 [Emerson et al., 1997] 

 2.4±1.0 2004-2005 δ13C [Quay et al., 2009] 

 3.7±1.0 2006-2008 O2/Ar [Quay et al., 2010] 

 2.2±0.5 1990 Summertime DIC drawdown [Lee, 2001] 

 2.3±0.8 1988-2002 DIC and DIC13 [Keeling et al., 2004] 

 2.3 2002-2003 O2/Ar and O2 isotope [Juranek and Quay, 2005] 
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Table 4-4: continued from previous page. 

 3.1±0.3 1989-2000 Carbon isotope mass balance [Brix et al., 2006] 

BATS 4.0 1985 O2 mass balance [Spitzer and Jenkins, 1989] 

 5.6±1.7 1983-1988 3He [Jenkins and Doney, 2003] 

 3.5 1990 Summertime DIC drawdown [Lee, 2001] 

 2.3±0.9 1991-1994 Carbon isotope mass balance [Gruber et al., 1998] 

 4.9±0.3 1989-2001 Carbon isotope mass balance [Brix et al., 2006] 

 2.2±0.4(4.3±0.9b) 2003-2006 Tritium and 3He [Stanley et al., 2012] 

OSP 1.8 1996 August 
234Th-238U disequilibrium and 

Th/C ratio 
[Charette et al., 1999] 

 2.1 1969-1978 O2 mixed layer mass balance [Emerson, 1987] 

 1.6 1987-1988 summer O2, Ar and N2 mass balance [Emerson et al., 1991] 

 2.5 2007 In-situ O2 and N2 [Emerson and Stump, 2010] 
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4.5 Caveats and Limitations 

Our results should be interpreted with caution because of simplifications, 

uncertainties and assumptions in the statistical methods, and field and satellite 

observations used in this study. GP selects the optimal solution using the error metric of 

MSE. This metric preferentially biases toward high NCP value samples, potentially 

explaining the large scatter in regions with low NCP values.  

Field estimates of NCP based on O2/Ar observations have significant 

uncertainties [Cassar et al., 2014; Jonsson et al., 2013]. For example, vertical mixing of O2 

under- (super-) saturated waters may negatively (positively) bias NCP estimates, which 

could potentially explain the predicted more-uniform distribution of annual export 

production in the world’s oceans. Hence, based on current results, we cannot rule out 

the possibility that our more spatially uniform estimates for the global distribution of 

annual export production originate from biases in observations and/or model selection. 

Additionally, although we have assembled a large dataset, it covers a small fraction of 

the world’s oceans. Therefore, the transferability of our algorithm should be further 

tested with independent observations. For instance, our estimates are lower than other 

models in coastal regions. The lower estimates may be because we excluded samples 

less than 100 km from shore in our training-validation dataset. Without observations in 

coastal regions, our algorithms may fail to capture the functional relationship between 

NCP and satellite observations in these areas. 
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Many oceanic regions experience strong seasonality in productivity and 

metabolic balance [Fassbender et al., 2016; Kortzinger et al., 2008]. In the summer, an 

ecosystem is commonly net autotrophic with photosynthesis exceeding respiration. 

Conversely, lower solar radiation and deeper mixing during winter months can lead to 

net heterotrophic conditions. Mixed layer deepening in the winter can also entrain 

newly exported production between the base of the summer and winter mixed layers 

[Emerson, 2014; Kortzinger et al., 2008; Palevsky et al., 2016]. In their current forms, our 

algorithms cannot predict net heterotrophic conditions because of the data selection for 

training and the likely summer-bias in sample collection. As such, our annual NCP 

estimates differ from the ones presented in Emerson [2014] and Bushinsky and Emerson 

[2015]. All the algorithms presented in our study, except for Westberry et al. [2012] cannot 

predict net heterotrophic conditions. This is to be expected for many of these algorithms 

as they model particulate export production and the export ratio, both of which can only 

be positive. 

Although SST can be predicted very well from satellite observations (Figure C-1), 

other remotely sensed observations have large uncertainties. Errors in NPP are 

comprised of two components: model capability (parameterization) and uncertainties in 

input data. SeaWiFS-derived [Chl], from which NPP is derived, has a root mean square 

log10([Chl]) difference of around 0.249 [Gregg et al., 2009], significantly limiting the 

performance of the NPP algorithm [Carr et al., 2006; Milutinovic and Bertino, 2011; Saba et 
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al., 2011]. In addition, VGPM can only explain around 20% variation of the maximum 

daily photosynthetic rate using SST [Behrenfeld et al., 2002; Behrenfeld and Falkowski, 1997]. 

The satellite observations we use may also fail to capture some of the factors regulating 

NCP. For example, for a given NPP, regional differences in taxonomic composition may 

lead to differences in the relation of NCP to predictors [Boyd and Newton, 1995; Palevsky 

et al., 2013; Tremblay et al., 1997]. If NCP is a function of parameters that are not included 

in our algorithms or observable from satellites, deriving algorithms for specific oceanic 

biomes may improve predictions (e.g., Chang et al. [2014]). To that end, we attempted to 

derive algorithms for individual regions. Although most of the region-specific equations 

are similar in form to equation (7), they differ in their coefficients, and show little 

improvement in validation (data not shown). It is possible that our training dataset is too 

small when the dataset is divided by regions. Finally, a mismatch in the horizontal and 

vertical integration of the various parameters can also explain some of the scatter. NPP 

derived by VGPM and O2/Ar-derived NCP integrate over the euphotic depth and the 

mixed layer, respectively, while the satellite signal reflects properties within the first 

optical depth [Gordon and McCluney, 1975; McClain, 2009]. 

4.6 Conclusions 

We presented two statistical algorithms of NCP based on an independent O2/Ar 

dataset matched to remotely sensed observations. The first one is based on the recently 

developed statistical scheme of genetic programming which simultaneously searches for 
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the optimal form and coefficients of the optimal equation from various predictors 

including NPP, [Chl], POC, inherent optical properties, and phytoplankton size 

composition. The second algorithm is derived from support vector regression, a 

statistical method which optimizes the numerical relationship between our O2/Ar-NCP 

measurements and remotely sensed observations. With a completely independent 

dataset and scaling methods, our new algorithms surprisingly predict similar spatial 

patterns of annual export production as other algorithms in the literature. In general, the 

biogeography of annual export production is consistent with expectations. However, we 

observe significant differences between algorithms. The algorithms derived in this study 

predict higher export production in the Southern Ocean and in the oligotrophic oceans, 

and a more uniform distribution of annual export production throughout the global 

ocean. Estimates of global rates however still have large uncertainty and our 

understanding of oceanic export production surprisingly remains qualitative. NASA’s 

new Pre-Aerosol, Clouds, and ocean Ecosystem (PACE) mission and proposed 

EXPORTS field campaigns should help further unravel the underlying drivers of export 

production. 
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5. A Mechanistic Model of the Upper Bound of Carbon 
Export from the Mixed Layer as a Function of Light 
Availability 

This chapter is in preparation and is a collaboration with Nicolas Cassar. 

5.1 Abstract 

Export production reflects the amount of organic matter transferred from the 

surface ocean to depth through biological processes. This export is in great part 

controlled by nutrient and light availability, which are conditioned by mixed layer 

depth (MLD). In this study, building on Sverdrup’s critical depth hypothesis, we derive 

a mechanistic model of carbon export potential with respect to light availability, through 

the metabolic balance between photosynthesis and heterotrophic respiration in the 

mixed layer. We find that the export potential is a positively skewed bell-shaped 

function of MLD. As expected, the export potential increases with deepening MLD 

down to a critical depth. Beyond this depth, a long tail of decreasing export potential is 

associated with the increasing level of heterotrophic activity. Our model provides an 

upper bound on export estimates available in the literature. A metaanalysis of carbon 

export estimates shows that our model does a good job at predicting the upper bound of 

export from the ocean surface. When compared to satellite estimates of net community 

production, we find that some regions of the Southern Ocean, most particularly the 

Subantarctic Zone, are likely light-limited for a significant portion of the growing 

season. 
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5.2 Introduction 

Photosynthesis in excess of respiration at the ocean surface leads to the 

production of organic matter, part of which is transported to the deep ocean through 

sinking and mixing [Volk and Hoffert, 1985]. This biological process, known as export 

production (soft tissue biological carbon pump) lowers carbon dioxide (CO2) 

concentrations at the ocean surface and facilitates the flux of CO2 from the atmosphere 

into the ocean.  

Export production is a function of net community production (NCP) which is 

defined as the balance between net primary production (NPP) and heterotrophic 

respiration (HR), or the difference between gross primary production (GPP) and 

community respiration (CR; HR plus autotrophic respiration (AR)) [Li and Cassar, 2016] 

(a summary of the acronyms used in this study are presented in Table 5-1): 

𝐶𝑂2 +𝐻2𝑂 

𝐺𝑃𝑃

    𝑁𝐶𝑃     ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗     𝐻𝑅    ⃖⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗⏟          
𝑁𝑃𝑃

  𝐴𝑅  ⃖⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗⃗⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   𝑂𝑟𝑔𝑎𝑛𝑖𝑐 𝑚𝑎𝑡𝑡𝑒𝑟 + 𝑂2                                                             (1) 

𝐸𝑥𝑝𝑜𝑟𝑡 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 = 𝑁𝐶𝑃 −𝑀𝐿𝐷 ×
𝑑(𝑃𝑂𝐶 + 𝐷𝑂𝐶)

𝑑𝑡
                                                                    (2) 

where POC, DOC and MLD represent particulate organic carbon, dissolved organic 

carbon and mixed layer depth, respectively. If the organic matter pool (POC+DOC) in 

the mixed layer is at steady state (
𝑑(𝑃𝑂𝐶+𝐷𝑂𝐶)

𝑑𝑡
= 0), export production is equal to NCP 

(equation 2). Export may lag production (see for example the studies of Buesseler [1998], 

and more recently Stange et al. [2017]), in which case NCP is expected to be greater than 
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export. Conversely, without allochthonous sources of organic matter, if the organic 

matter inventory in the mixed layer decreases (
𝑑(𝑃𝑂𝐶+𝐷𝑂𝐶)

𝑑𝑡
< 0), export production will 

be predicted to be transiently greater than NCP. Under all other scenarios (steady-state 

or increasing organic matter inventory in the mixed layer associated with a lag in 

export), NCP, or the balance between photosynthesis and respiration, is expected to 

represent an upper bound on the export production. The first term, photosynthesis, is 

driven by nutrient and light availability. Light availability exponentially decays with 

depth due to absorption by water and its constituents. The mixing of phytoplankton to 

depth therefore impacts phytoplankton physiology and productivity [Cullen and Lewis, 

1988; Lewis et al., 1984], with the depth-integrated photosynthetic rate expected to 

increase down to the euphotic depth. Respiration, on the other hand, is often modeled to 

be some function of organic matter availability, which is expected to be constant with 

depth if homogenously mixed within the mixed layer. At the compensation depth (𝑍𝑝), 

photosynthesis and respiration are perfectly balanced (NCP=0) (Figure 5-1). The depth-

integrated NCP is intuitively predicted to peak at some depth above the critical depth 

(𝑍𝑐) and at the 𝑍𝑝. The carbon export potential (𝑁𝐶𝑃∗) is defined as the NCP maximum 

which is only limited by light availability due to self-shading.  

In his seminal paper [Sverdrup, 1953], Sverdrup used an elegant model to show 

that vernal phytoplankton blooms (i.e., organic matter accumulation at the ocean 

surface) may be driven by increased light availability when the MLD shoals above 𝑍𝑐. In 
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this study, we build upon Sverdrup [1953] and derive a mechanistic 𝑁𝐶𝑃∗ model with 

respect to MLD, diffusion attenuation coefficient (𝐾𝐼) in the mixed layer, 

photosynthetically active radiation (PAR), the phytoplankton maximum growth rate 

(𝜇𝑚𝑎𝑥) and biomass concentration (𝐶), and heterotrophic activity. We compare our 𝑁𝐶𝑃∗ 

model to a database of export production observations, and use this model in 

conjunction with satellite observations and MLD estimates to partition the effect of 

nutrient and light availability on export production in the world’s oceans. 

 

Figure 5–1: Schematic diagram of depth-profiles of net community production (NCP), 

net primary production (NPP), and heterotrophic respiration (HR). Yellow and black 

dots represent compensation depth and critical depth, respectively. 
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Table 5-1: Symbols and abbreviations. 

Symbol Description Units 

MLD Mixed layer depth m 

GPP Gross primary production mmol C m-2 d-1 

NPP Net primary production  

NPP(z) Net primary production at depth z mmol C m-3 d-1 

NPP(0,z) Net primary production above depth z mmol C m-2 d-1 

NCP Net community production  

NCP(z)  Net community production at depth z mmol C m-3 d-1 

NCP(0,z)  Net community production above depth z mmol C m-2 d-1 

HR Heterotrophic respiration  

HR(z) Heterotrophic respiration at depth z mmol C m-3 d-1 

HR(0,z) Heterotrophic respiration above depth z mmol C m-2 d-1 

AR Autotrophic respiration  

CR Community respiration (AR plus HR)  

N Nutrient concentration mmol m-3 

𝑘𝑚
𝑁   Half-saturation constant for nutrient concentration mmol m-3 
𝑁𝑚  Nutrient effect on phytoplankton grow   
𝐼(𝑧)  Photosynthetically active radiation at depth z Einstein m-2 d-1 
𝐼𝑚(𝑧)  Light effect on phytoplankton grow at depth z  
𝐼𝑚(0, 𝑧)  Integrated 𝐼𝑚(𝑧) above depth z  
𝑘𝑚
𝐼   Half-saturation constant for irradiance Einstein m-2 d-1 

PAR Photosynthetically active radiation Einstein m-2 d-1 
𝐼0  PAR just beneath water surface Einstein m-2 d-1 
𝜇𝑚𝑎𝑥  Maximum phytoplankton growth rate d-1 
𝐶  Phytoplankton biomass concentration mmol m-3 
𝑟𝐻𝑅  Heterotrophic respiration rate d-1 
𝐾𝐼  Diffusion attenuation coefficient m-1 
𝐾𝐼
𝑤  Diffusion attenuation coefficient due to water m-1 

𝐾𝐼
𝑛𝑤  Diffusion attenuation coefficient due to optically 

active components 

m-1 

𝑍𝑐  Critical depth m 
𝑍𝑝  Compensation depth m 
𝑁𝐶𝑃∗  Carbon export potential mmol C m-2 d-1 
𝐶∗  𝐶 corresponding to 𝑁𝐶𝑃∗ mmol m-3 
𝑇  Temperature °C  

POC Particulate organic carbon  

DOC Dissolved organic carbon  
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5.3 Model Description and Comparison to Observations 

5.3.1 Net Community Production and Light Availability 

The metabolic balance between volumetric NCP, NPP, and HR profiles is shown 

in a schematic diagram in Figure 5-1(A). According to equation (1), the volumetric NCP 

in the mixed layer is defined as the difference between volumetric NPP and HR as 

follows: 

𝑁𝐶𝑃(𝑧) = 𝑁𝑃𝑃(𝑧) − 𝐻𝑅(𝑧)                                                                                                                      (3) 

where 𝑧 represents depth with increasing positive values with depth. Below, we derive 

𝑁𝑃𝑃(𝑧) and 𝐻𝑅(𝑧). 

𝑁𝑃𝑃(𝑧) is a function of the intrinsic growth rate times the autotrophic biomass. 

Assuming that the effects of nutrient concentration on nutrient uptake and light 

availability on photosynthetic rate abide by Michaelis-Menten kinetics, and neglecting 

the effect of photoinhibition [Dutkiewicz et al., 2001; Huisman and Weissing, 1994], 𝑁𝑃𝑃(𝑧) 

may be expressed as follows: 

𝑁𝑃𝑃(𝑧) =
𝑁

𝑁 + 𝑘𝑚
𝑁 ×

𝐼(𝑧)

𝐼(𝑧) + 𝑘𝑚
𝐼 × 𝜇𝑚𝑎𝑥 × 𝐶                                                                                        (4) 

where 𝑁 and 𝑘𝑚
𝑁  represent the nutrient concentration and half-saturation constant, 

respectively; 𝐼 and 𝑘𝑚
𝐼  are the irradiance level and half-saturation constant, respectively. 

𝜇𝑚𝑎𝑥, 𝑁, 𝑘𝑚
𝑁 , 𝑘𝑚

𝐼  and 𝐶 are assumed to be well mixed within the mixed layer (see 

discussion on caveats). The first two terms on the right-hand side of equation (4) account 
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for the effect of nutrient and light availability on autotrophic growth rates, and they are 

hereafter defined as follows for simplicity: 

𝑁𝑚 =
𝑁

𝑁 + 𝑘𝑚
𝑁                                                                                                                                              (5𝑎) 

𝐼𝑚(𝑧) =
𝐼(𝑧)

𝐼(𝑧) + 𝑘𝑚
𝐼                                                                                                                                     (5𝑏) 

𝐼(𝑧) is modeled as an exponential decay of PAR just beneath the water surface (𝐼0): 

𝐼(𝑧) = 𝐼0 × 𝑒
−𝐾𝐼×𝑧                                                                                                                                       (6) 

where 𝐾𝐼 is assumed to be independent of depth in the mixed layer.  

As a first approximation, we assume that 𝐻𝑅(𝑧) is proportional to 𝐶 as in 

previous studies [Dutkiewicz et al., 2001; Huisman and Weissing, 1994; Rivkin and Legendre, 

2001; Sverdrup, 1953; White et al., 1991]: 

𝐻𝑅(𝑧) = 𝑟𝐻𝑅 × 𝐶                                                                                                                                         (7) 

where 𝑟𝐻𝑅represents the heterotrophic respiration rate which is assumed to be 

dependent on temperature (see below), and independent of depth. In reality, 𝐻𝑅(𝑧) is 

likely better modeled as a function of organic matter concentration ― an additional term 

could be included to account for the relationship of total organic matter to 𝐶. Grazing by 

zooplankton also complicates the relationship between 𝐻𝑅(𝑧), 𝐶, and export production 

(see discussion below). 

The integration of 𝑁𝐶𝑃(𝑧) over the mixed layer (𝑁𝐶𝑃(0,𝑀𝐿𝐷)) is calculated 

using equations (3-7): 
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𝑁𝐶𝑃(0,𝑀𝐿𝐷) = 𝑁𝑃𝑃(0,𝑀𝐿𝐷) − 𝐻𝑅(0,𝑀𝐿𝐷) = ∫ 𝑁𝑃𝑃(𝑧)𝑑𝑧 −
𝑀𝐿𝐷

0

∫ 𝐻𝑅(𝑧)𝑑𝑧
𝑀𝐿𝐷

0

= 𝑁𝑚 × 𝐼𝑚(0,𝑀𝐿𝐷) × 𝜇𝑚𝑎𝑥 × 𝐶 − 𝑟𝐻𝑅 × 𝐶 ×𝑀𝐿𝐷                                             (8) 

The first term on the right side of equation (8) is NPP integrated over the mixed layer 

(𝑁𝑃𝑃(0,𝑀𝐿𝐷)), which is equivalent to the autotrophic intrinsic growth rate times 𝐶, 

where the former term is modeled to be a function of 𝜇𝑚𝑎𝑥 and conditioned by nutrient 

and light availability within the mixed layer. 𝐼𝑚(0,𝑀𝐿𝐷) is derived as follows: 

𝐼𝑚(0,𝑀𝐿𝐷) = ∫ 𝐼𝑚(𝑧)𝑑𝑧
𝑀𝐿𝐷

0

= −
1

𝐾𝐼
× 𝑙𝑛 (

𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷 + 𝑘𝑚

𝐼

𝐼0 + 𝑘𝑚
𝐼 )                                                (9) 

Equation (8) would be a bell-shaped function of MLD as shown in a schematic diagram 

in Figure 5-1(B). 

5.3.2 Net Community Production and Phytoplankton Biomass 
Concentration 

As can be seen from equation (8), the phytoplankton biomass concentration 𝐶 

directly impacts 𝑁𝑃𝑃(0,𝑀𝐿𝐷) and 𝐻𝑅(0,𝑀𝐿𝐷) and hence 𝑁𝐶𝑃(0,𝑀𝐿𝐷). It also 

negatively influences 𝑁𝐶𝑃(0,𝑀𝐿𝐷) by attenuating the light available for photosynthesis 

(i.e., 𝐾𝐼). Below, we account for this effect. 

The attenuation coefficient 𝐾𝐼 can be divided into water and non-water 

components (𝐾𝐼 = 𝐾𝐼
𝑤 + 𝐾𝐼

𝑛𝑤) [Baker and Smith, 1982; Smith and Baker, 1978a; b], where 

𝐾𝐼
𝑛𝑤 is controlled by the phytoplankton, colored dissolved organic matter (CDOM), and 

non-algal particles (NAP). In the open oceans where CDOM and NAP co-vary with 

phytoplankton [Morel and Prieur, 1977], 𝐾𝐼 can be related to 𝐶 as follows: 
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𝐾𝐼 = 𝐾𝐼
𝑤 +

𝐶

𝜃
      (10) 

where the constant 𝜃 is a function of the solar zenith angle, the specific absorption and 

backscattering coefficients of phytoplankton, and the relationship between 

phytoplankton, CDOM, and NAP. 

To determine how 𝑁𝐶𝑃(0,𝑀𝐿𝐷) ultimately varies with 𝐶, we examine its first 

(
𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
) and second (

𝑑2𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶2
) derivatives with respect to 𝐶. 

𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
 is 

calculated using equations (8) and (10): 

𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
= 𝑁𝑚 × 𝜇𝑚𝑎𝑥 ×

𝐾𝐼
𝑤 × 𝐼𝑚(0,𝑀𝐿𝐷) +

𝐶
𝜃 ×𝑀𝐿𝐷 × 𝐼𝑚

(𝑀𝐿𝐷)

𝐾𝐼
𝑤 +

𝐶
𝜃

− 𝑟𝐻𝑅 ×𝑀𝐿𝐷(11) 

𝑑2𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶2
 is calculated as follows: 

𝑑2𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶2

= 𝑁𝑚 ×
𝜇𝑚𝑎𝑥
𝜃 × 𝐾𝐼

× {
2 × 𝐾𝐼

𝑤

𝐾𝐼
× (𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷) − 𝐼𝑚(0,𝑀𝐿𝐷))

−
𝐼𝑚(𝑀𝐿𝐷)

2 × 𝐶 ×𝑀𝐿𝐷2 × 𝑘𝑚
𝐼

𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷 × 𝜃

}                                                                           (12) 

when 𝑀𝐿𝐷 > 0, 𝐼𝑚(0,𝑀𝐿𝐷) > 𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷): 

𝐼𝑚(0,𝑀𝐿𝐷) = ∫
𝐼0 × 𝑒

−𝐾𝐼×𝑧

𝐼0 × 𝑒
−𝐾𝐼×𝑧 + 𝑘𝑚

𝐼 𝑑𝑧
𝑀𝐿𝐷

0

> ∫
𝐼0 × 𝑒

−𝐾𝐼×𝑀𝐿𝐷

𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷 + 𝑘𝑚

𝐼 𝑑𝑧
𝑀𝐿𝐷

0

= 𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷)                                                                      (13) 
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The detailed derivation of equations (11-12) can be found in the appendix D. Substituting 

the inequality (13) into equation (12) gives 
𝑑2𝑁𝑃𝑃(0,𝑀𝐿𝐷)

𝑑𝐶2
< 0, which suggests that 

𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
 decreases with increasing 𝐶 reaching an asymptote of lim

𝐶→∞
(
𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
) =

−𝑟𝐻𝑅 ×𝑀𝐿𝐷 < 0 (Figure 5-2). Additionally, because 𝑁𝐶𝑃(0,𝑀𝐿𝐷) must be nil when 

there is no autotrophic biomass (𝑁𝐶𝑃(0,𝑀𝐿𝐷)|𝐶=0 = 0), lim
𝐶→0

(
𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
) must be larger 

than 0, otherwise the ecosystem would be net heterotrophic which is unachievable 

without an allochthonous source of organic matter. lim
𝐶→0

(
𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
) > 0 and 

lim
𝐶→∞

(
𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
) = −𝑟𝐻𝑅 ×𝑀𝐿𝐷 < 0 suggest the existence of 

𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
|
𝐶=𝐶∗

= 0 where 

𝐶∗ corresponds to autotrophic biomass which maximizes the 𝑁𝐶𝑃(0,𝑀𝐿𝐷) ( 𝑁𝐶𝑃∗) 

(Figure 5-2). 

The variation of 𝑁𝐶𝑃(0,𝑀𝐿𝐷) with 𝐶 can be conceptually understood in the 

following way. Given a water column with sufficient nutrients, the critical depth 𝑍𝑐 and 

compensation depth 𝑍𝑝 are expected to shoal as 𝐶 increases. When 𝐶 is very low, 

𝑁𝐶𝑃(0,𝑀𝐿𝐷) increases with 𝐶 because of its greater impact on 𝑁𝑃𝑃(0,𝑀𝐿𝐷) than on 

𝐻𝑅(0,𝑀𝐿𝐷). 𝐶∗ maximizes the difference between 𝑁𝑃𝑃(0,𝑀𝐿𝐷) and 𝐻𝑅(0,𝑀𝐿𝐷) leading 

to 𝑁𝐶𝑃∗. Beyond this point, further increasing 𝐶 will cause self-shading and limit 

photosynthesis in the deep part of the mixed layer, as a result decreasing 𝑁𝐶𝑃(0,𝑀𝐿𝐷). 

Beyond a critical biomass (Cc), the ecosystem becomes net heterotrophic. Without an 

allochtonous source of organic carbon, this is only transiently sustainable. 
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Figure 5–2: The relationship between net primary production (NPP), heterotrophic 

respiration (HR), net community production (NCP), and phytoplankton biomass 

concentration for a given MLD. In panel (A), NCP is hatched with gray lines. The 

yellow dot represents the maximal NCP (NCP*) obtainable for a given MLD, with the 

corresponding phytoplankton biomass concentration (C*) denoted with cyan dot. 

NCP on the right of the yellow dot decreases with increasing phytoplankton biomass 

concentration due to self-shading. Black dot represents depth-integrated NPP=HR, 

with the phytoplankton biomass concentration denoted as critical biomass (Cc) 

denoted with blue dot. Ecosystems on the left and right sides of this threshold value 

are net autotrophic and heterotrophic, respectively. In panel (B), the gray-dashed line 

represents NCP=0. The blue line is the asymptote of NCP with increasing 

phytoplankton biomass concentration. The slope of the asymptote is 

𝐥𝐢𝐦
𝑪→∞

(
𝒅𝑵𝑪𝑷(𝟎,𝑴𝑳𝑫)

𝒅𝑪
) = −𝒓𝑯𝑹 ×𝑴𝑳𝑫. 

5.3.3 Mixed Layer Depth and Compensation Depth 

By definition, if 𝑁𝐶𝑃(𝑀𝐿𝐷) is smaller than 0 (i.e., net heterotrophy at the bottom 

of the mixed layer), the MLD must be deeper than 𝑍𝑝 (𝑀𝐿𝐷 > 𝑍𝑝), and vice versa. To 

determine the sign of 𝑁𝐶𝑃(𝑀𝐿𝐷), we substitute inequality (13) into equation (11): 

𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
> 𝑀𝐿𝐷 × (𝑁𝑚 × 𝐼𝑚(𝑀𝐿𝐷) × 𝜇𝑚𝑎𝑥 − 𝑟𝐻𝑅) =

𝑀𝐿𝐷

𝐶
 × 𝑁𝐶𝑃(𝑀𝐿𝐷)               (14) 

The inequality (14) suggests that when 𝑁𝐶𝑃(0,𝑀𝐿𝐷) reaches the maximum 

(
𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
= 0), 𝑁𝐶𝑃(𝑀𝐿𝐷) is smaller than 0 (𝑁𝐶𝑃(𝑀𝐿𝐷) < 0) and MLD is deeper than 
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𝑍𝑝 (𝑀𝐿𝐷 > 𝑍𝑝). This is attributable both to the uneven distribution of light availability in 

the water column (equation (13)) and to water which absorbs light but does not 

contribute to biomass accumulation. If light is uniformly distributed in the water column 

(i.e., 𝐼𝑚(0,𝑀𝐿𝐷) = 𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷)) or if water does not attenuate light (𝐾𝐼
𝑤 = 0 in 

equation (11)), 𝑀𝐿𝐷 = 𝑍𝑝 would lead to the 𝑁𝐶𝑃(0,𝑀𝐿𝐷) maximum, which is consistent 

with Huisman and Weissing [1994]. 

5.3.4 An Upper Bound of Carbon Export 

Equations (11-13) delineate the conditions for an upper bound on carbon export 

(𝑁𝐶𝑃∗). In order to simplify the relationship of 𝑁𝐶𝑃∗ to light availability, we 

approximate 𝐼𝑚(0,𝑀𝐿𝐷) as follows: 

𝐼𝑚(0,𝑀𝐿𝐷) = −
1

𝐾𝐼
× 𝑙𝑛 (1 +

𝐼0

𝐼0 + 𝑘𝑚
𝐼 × (𝑒

−𝐾𝐼×𝑀𝐿𝐷 − 1))

≈ 𝐼𝑚(0) ×
1 − 𝑒−𝐾𝐼×𝑀𝐿𝐷

𝐾𝐼

≈ 𝐼𝑚(0) ×
1

𝐾𝐼
                                                                                                                                              (15) 

Based on equation (15): 

𝑁𝐶𝑃(0,𝑀𝐿𝐷) = 𝐶 ×𝑀𝐿𝐷 × (
1

𝐾𝐼 ×𝑀𝐿𝐷
× 𝜇∗ − 𝑟𝐻𝑅)                                                                    (16) 

where 𝜇∗ = 𝐼𝑚(0) × 𝑁𝑚 × 𝜇𝑚𝑎𝑥. 𝑁𝐶𝑃∗ presented in equation (16) needs to satisfy the 

following equation: 

𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
= 𝜇∗ ×

𝐾𝐼
𝑤

(
𝐶
𝜃 + 𝐾𝐼

𝑤)
2 −𝑀𝐿𝐷 × 𝑟𝐻𝑅 = 0                                                                    (17) 
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The solution of equation (17) is 𝐶∗ = 𝜃 × [−𝐾𝐼
𝑤 +√

𝜇∗×𝐾𝐼
𝑤

𝑀𝐿𝐷×𝑟𝐻𝑅
], which monotonically 

decreases with MLD. As 𝐶∗ is positive (𝐶∗ ≥ 0) and cannot go to infinity (𝐶∗ ≤ 𝐶𝑚𝑎𝑥
∗ ), 

MLD should satisfy 𝑀𝐿𝐷𝐶=𝑚𝑎𝑥 ≤ 𝑀𝐿𝐷 ≤
𝜇∗

𝑟𝐻𝑅×𝐾𝐼
𝑤, where 𝑀𝐿𝐷𝐶=𝑚𝑎𝑥 represents the MLD 

corresponding to 𝐶𝑚𝑎𝑥
∗ . Substituting 𝐶∗ into equation (16) yields: 

√𝑁𝐶𝑃∗ = 𝑎1 × √𝑀𝐿𝐷 + 𝑎2          (18) 

where 𝑎1 = −√𝜃 × 𝐾𝐼
𝑤 × 𝑟𝐻𝑅 and 𝑎2 = √𝜃 × 𝜇

∗. Constants 𝑎1 and 𝑎2 are functions of  

𝜇𝑚𝑎𝑥 and 𝑟𝐻𝑅, which are believed to increase with temperature (𝑇) [Eppley, 1972; Rivkin 

and Legendre, 2001]: 

𝜇𝑚𝑎𝑥 ∝ 𝑒
0.063𝑇                                                                                                                                          (19𝑎) 

𝑟𝐻𝑅 ∝ 𝑒
0.11𝑇                                                                                                                                               (19𝑏) 

Substituting equations (19a) and (19b) into equation (18) yields: 

√𝑁𝐶𝑃∗ = 𝑎4 × √𝑒
0.063𝑇 + 𝑎3 × √𝑒

0.11𝑇 × √𝑀𝐿𝐷                                                                           (20) 

where 𝑎3 = −√𝜃 × 𝐾𝐼
𝑤 and 𝑎4 = √𝜃 × 𝐼𝑚(0)  × 𝑁𝑚. The 𝑁𝐶𝑃∗ model for 0≤ 𝑀𝐿𝐷 <

𝑀𝐿𝐷𝐶=𝑚𝑎𝑥 is not discussed here, because we do not have data with very shallow MLD to 

constrain the model. The derivation of the model can be found in the appendix D. 

5.3.5 Comparison to Observations 

We verify our 𝑁𝐶𝑃∗ model using a data set of MLD, O2/Ar-derived NCP, and 

export production derived from sediment traps and 234Th (Table D-1). MLD was derived 

using global Argo profiles downloaded from Global Ocean Data Assimilation 

Experiment (http://www.usgodae.org/) and CTD casts from National Oceanographic 

http://www.usgodae.org/
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Data Center (https://www.nodc.noaa.gov/). The NCP estimates are based on a 

compilation of O2/Ar measurements from Li and Cassar [2016], Li et al. [2016], Shadwick et 

al. [2015], and Martin et al. [2013]. The POC export production estimates were obtained 

from a newly compiled data set by Mouw et al. [2016]. These estimates were adjusted to 

reflect a flux at the base of mixed layer using the Martin curve [Martin et al., 1987]. To 

determine constants 𝜃 and 𝐾𝐼
𝑤 in equation (10), we use a carbon to chlorophyll a ratio of 

90 [Arrigo et al., 2008] and an empirical linear relationship between 𝐾𝐼 and chlorophyll a 

concentration, which was derived using the NOMAD data set [Werdell and Bailey, 2005] 

(Figure D-1). 

Our  𝑁𝐶𝑃∗, calculated using published parameters [Laws et al., 2000], generally 

envelope the carbon export estimates reported in the literature (Figure 5-3A). Samples 

on the 𝑁𝐶𝑃∗ envelope (upper bound) are likely regulated by light availability. 

Conversely, points below the upper bound can be nutrient or light limited. As expected, 

𝑁𝐶𝑃∗ increases with 𝜇∗ and decreases with 𝑟𝐻𝑅. Model parameters 𝑎1=-1.80 and 𝑎2=20.13 

(Equation 18) provide the best fit to our O2/Ar-NCP estimates and MLD estimates. When 

accounting for the effect of 𝑇 on 𝜇∗ and 𝑟𝐻𝑅, model constants 𝑎3=-1.60 and 𝑎4=18.65 

(Equation 20) best fit our O2/Ar-NCP estimates, sea surface temperature (SST) and MLD 

observations.  

Our results show that 𝑁𝐶𝑃∗ decreases faster with increasing MLD in warmer 

waters (Figure 5-3B), because the term 𝑎3 × √𝑒
0.11𝑇 in equation (20) is negative and 

https://www.nodc.noaa.gov/
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negatively associated with 𝑇. This temperature effect contributes to part of the 

relationship between export production and MLD in Figure 5-3A. Interestingly, 𝑁𝐶𝑃∗ 

increases with 𝑇 in colder waters and shallow mixed layers. 𝑁𝐶𝑃∗ reflects the balance 

between productivity (𝑎4 × √𝑒
0.063𝑇) and heterotrophic respiration (𝑎3 × √𝑒

0.11𝑇 ×

√𝑀𝐿𝐷). In a shallow cold mixed layer, the change in productivity with 𝑇 (
𝑑(𝑎4×√𝑒

0.063𝑇)

𝑑𝑇
=

0.0315 × 𝑎4 × √𝑒
0.063𝑇) is greater than that of heterotrophic respiration 

(
𝑑(𝑎3×√𝑒

0.11𝑇×√𝑀𝐿𝐷)

𝑑𝑇
= 0.055 × 𝑎3 × √𝑒

0.11𝑇 × √𝑀𝐿𝐷). This may be responsible for part of 

the variability in the relationship between NCP and SST as reported in previous studies 

[𝐿𝑖 𝑎𝑛𝑑 𝐶𝑎𝑠𝑠𝑎𝑟, 2016]. Our 𝑁𝐶𝑃∗ model does not perform as well in warmer deep mixed 

layers, where high variability in export ratio maxima has also been reported 

[𝐶𝑎𝑒𝑙 𝑎𝑛𝑑 𝐹𝑜𝑙𝑙𝑜𝑤𝑠, 2016]. This may stem from uncertainties in observations, violations of 

our assumptions (see caveats and limitations), and/or from the differing relationship 

between 𝑇, 𝜇∗, and 𝑟𝐻𝑅 in high temperature regions.  

Several recent studies have explored the relationship of NCP to oceanic 

parameters based on various statistical approaches [Cassar et al., 2015; Chang et al., 2014; 

Huang et al., 2012; Li and Cassar, 2016; Li et al., 2016]. Our model can shed some light into 

the mechanisms driving some of these patterns. To that end, we substitute equation (15) 

into equation (8):  

𝑁𝐶𝑃(0,𝑀𝐿𝐷) = 𝐶 ×𝑀𝐿𝐷 × (
1 − 𝑒−𝐾𝐼×𝑀𝐿𝐷

𝐾𝐼 ×𝑀𝐿𝐷
× 𝜇∗ − 𝑟𝐻𝑅)                                                            (21) 
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Equation (21) can be rewritten as follows: 

𝑁𝐶𝑃𝐵 =
𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝐶 ×𝑀𝐿𝐷
=

1

𝐼0 + 𝑘𝑚
𝐼 × 𝑁𝑚 × 𝜇𝑚𝑎𝑥 × 𝑃𝐴𝑅𝑀𝐿 − 𝑟𝐻𝑅                                                (22) 

where 𝑁𝐶𝑃𝐵 is the biomass-normalized volumetric NCP, 𝑃𝐴𝑅𝑀𝐿 is the average PAR in 

the mixed layer (𝑃𝐴𝑅𝑀𝐿 =
1−𝑒−𝐾𝐼×𝑀𝐿𝐷

𝐾𝐼×𝑀𝐿𝐷
× 𝐼0), and 

1

𝐼0+𝑘𝑚
𝐼 × 𝑁𝑚 × 𝜇𝑚𝑎𝑥 and −𝑟𝐻𝑅 correspond 

to the slope and offset, respectively. The scatter in the relationship between chlorophyll-

normalized volumetric NCP and 𝑃𝐴𝑅𝑀𝐿 as reported in previous studies [Bender et al., 

2016] can therefore be explained by the effect of temperature and the availability of 

nutrient and light (among other properties) on the slope and offset of equation (22). 

Equation (21) can also be reorganized as follows: 

𝑒𝑓 =
𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑁𝑃𝑃(0,𝑀𝐿𝐷)
= 1 −

𝐾𝐼 ×𝑀𝐿𝐷

1 − 𝑒−𝐾𝐼×𝑀𝐿𝐷
×
1

𝑁𝑚
×

1

𝐼𝑚(0)
×
𝑟𝐻𝑅
𝜇𝑚𝑎𝑥

       (23) 

where 𝑒𝑓 is export ratio and 
𝑟𝐻𝑅

𝜇𝑚𝑎𝑥
 is proportional to 𝑒0.047𝑇. Equation (23) is consistent 

with multiple studies which predict decreasing 𝑒𝑓 with increasing temperature [Cael and 

Follows, 2016; Dunne et al., 2005; Laws et al., 2000; Li and Cassar, 2016]. In fact, the equation 

(5) of Cael and Follows [2016] can easily be derived from our equation (23) (see appendix 

D). Equation (23) also shows that a multitude of factors may confound the dependence 

of ef on temperature (including varying MLD, light attenuation, and availability of 

nutrient and light). This again may explain some of the conflicting observations recently 

reported in the literature (e.g., Maiti et al. [2013]), where the effect of temperature may be 

masked by changes in community composition [Britten et al., 2017; Henson et al., 2015]. 
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One therefore needs to account or correct for the multitude of confounding factors when 

predicting the effect of a given environmental condition (e.g., temperature, 

presence/absence of particle-ballast, and NPP) on ef. 
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Figure 5–3: Mixed layer depth, sea surface temperature, and net community 

production (NCP) and export production. Gray lines represents the upper bound 

fitted to NCP data. (A) Dash-lines represent upper bounds calculated using indicated 

parameters. (B) Bars represent samples color coded with the ratio of NCP to the upper 

bound. O2/C=1.4 was used to convert NCP from O2 to C units [Laws, 1991]. Note that 

our MLD definition limits the minimum to 10 m. 
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5.4 Spatial Distribution of Carbon Export Potential 

We derive a global 𝑁𝐶𝑃∗ map using equations (18), climatological monthly MLD. 

In general, 𝑁𝐶𝑃∗ is high in low latitudes and low in the North Atlantic and Antarctic 

Circumpolar Current (ACC) in the Southern Ocean (Figure 5-4A). As expected, this 

spatial pattern is controlled by that of MLD (Figure D-2). The 𝑁𝐶𝑃∗ in different regions 

is compared to actual export production estimates in Table 5-2. The global 𝑁𝐶𝑃∗ is 

approximately an order of magnitude greater than the estimated actual export 

production derived from satellite data (6-13 Pg C yr-1) [Li and Cassar, 2016], reflecting the 

high degree of nutrient limitation in the oceans. 

To estimate how current export production compare to 𝑁𝐶𝑃∗, we calculate the 

ratio of export production to 𝑁𝐶𝑃∗ (𝑓𝑝𝑡). The 𝑓𝑝𝑡 partitions the contributions from 

nutrient and light. Low 𝑓𝑝𝑡 value represents an ecosystem regulated by nutrient 

availability (i.e., ecosystem has not reached its full export potential based on the light 

available in the mixed layer). As expected, low latitude and subtropical regions have 

low 𝑓𝑝𝑡 (Figure 5-4B). High 𝑓𝑝𝑡 value represents an ecosystem which has reached its full 

light potential, and is therefore less likely to respond to additional nutrient because light 

is limited (e.g., North Atlantic and ACC (Figure 5-4B)). In these regions, especially the 

subantarctic region, the 𝑓𝑝𝑡 is high in the spring (Figure 5-4C) and decreases in the 

summer (Figure 5-4D), suggesting that the control on export production shifts from light 

to nutrient availability. This may in part explain the lower response to iron fertilization 
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in the subantarctic region where substantial increases in surface chlorophyll were only 

observed in regions with shallower mixed layers [Boyd et al., 2007; Boyd et al., 2000; de 

Baar et al., 2005].  

Also shown in Figure 5-4 are the biological pump efficiency [Sarmiento and 

Gruber, 2006] and export ratio 𝑒𝑓 [Dunne et al., 2005] (panels 5-4E and 5-4F, respectively). 

The biological pump efficiency is calculated as the difference in nutrient concentrations 

between surface and depth, normalized to nutrient concentrations at depth. These 

various proxies reflect different components of the biological pump. As mentioned 

above, 𝑁𝐶𝑃∗ represents the maximum export production with current mixed layers and 

light availability. The 𝑒𝑓 ratio describes how much of production is exported as opposed 

to recycled in the surface. The biological pump efficiency reflects the extent of nutrient 

removal from the surface ocean to depths, which is a function of nutrient and light 

availability. Whereas 𝑓𝑝𝑡 reflects the export potential relative to light, the biological 

pump efficiency reflects the potential relative to nutrients. The ultra-oligotrophic 

subtropical waters have strong biological pump efficiency, with exhaustion of nutrients 

at the ocean surface. The high 𝑓𝑝𝑡 in the subantarctic region suggests that the low 

biological pump efficiency is the result of light limitation in the spring and nutrient 

(likely Fe) limitation in the summer. 
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Figure 5–4: (A) carbon export potential derived from MLD for the global oceans, (B-D) 

ratios of satellite-derived export production to carbon export potential, (E) biological 

pump efficiency estimated using nitrate concentrations downloaded from WOA 

(https://www.nodc.noaa.gov/), and (F) export ratio derived from Dunne et al. [2005]. 

Annual represents annually-integrated value. Spring and summer represent average 

value in spring and summer, respectively. In the northern hemisphere, spring and 

summer seasons are defined as March-May and June-August, respectively. In the 

southern hemisphere, spring and summer seasons are defined as September-

November and December-February, respectively. 

Table 5-2: Carbon export potential for global and regional oceans. 

Regions Integrated value (Pg C yr-1) Regional average (mol C m-2 yr-1) 

Global 101.93 22.69 
45°𝑁 − 90°𝑁 7.11 27.51 
15°𝑁 − 45°𝑁 23.46 28.87 
15°𝑆 − 15°𝑁 37.37 30.89 
45°𝑆 − 15°𝑆 26.04 21.16 
90°𝑆 − 45°𝑆 7.95 9.61 

https://www.nodc.noaa.gov/
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5.5 Caveats and Limitations 

A multitude of uncertainties, simplifications, and approximations in our model 

and field observations may explain some of the discrepancies between the predicted and 

observed 𝑁𝐶𝑃∗. Among others: 

 𝐶 may vary with depth in the mixed layer, especially for water columns 

experiencing varying degrees of turbulent mixing. MLD is not always the best 

proxy of light availability with mixing layer in some cases deviating from the 

mixed layer [Franks, 2015; Huisman et al., 1999]. The factors defining the MLD 

also vary in different oceanic regions.  

 For simplicity, we model the effect of irradiance on photosynthesis with 

Michaelis-Menten kinetics, which has uncertainties and does not account for 

photoinhibition. More accurate models of the dependence of photosynthesis on 

irradiance can be found in other studies [Platt et al., 1980]. Additionally, the 

linear relationship between 𝐾𝐼 and 𝐶 is influenced by CDOM, NAP, and 

environmental factors (e.g., solar zenith angle) [Gordon, 1989]. Due to optional 

absorption, 𝐾𝐼 also varies with depth in the mixed layer. 

 Although our model accounts for the effect of temperature on  𝜇𝑚𝑎𝑥 and 𝑟𝐻𝑅, 

these two properties can respond to other factors including community structure 

and zooplankton grazing .  
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 NCP may underestimate export production when accompanied by a decrease in 

the inventory of organic matter in the mixed layer (see introduction and equation 

2).  

 Our field observations also harbor significant uncertainties. Details on these 

uncertainties in the O2/Ar estimates of NCP can be found in other studies [Bender 

et al., 2011; Cassar et al., 2014; Jonsson et al., 2013]. The number of observations is 

small with most measurements collected during the spring and summer. The 

model can be further improved with an increasing number of observations. 

 Finally, we note that our study is only relevant to the mixed layer. It does not 

account for productivity below the mixed layer, which can be important in some 

regions. 

5.6 Conclusions 

In this study, we derived a mechanistic model of the upper bound on carbon 

export. The carbon export potential is shows a positively skewed bell shape function of 

mixed layer depth. We use this model to partition the effect of nutrient and light 

availability on export production in the world’s oceans. We derived global 𝑁𝐶𝑃∗ which 

is high in low latitudes and low in high latitudes due to light availability. Global 𝑁𝐶𝑃∗ 

(~101 Pg C yr-1) is approximately an order of magnitude greater than export production 

derived from satellite data [Li and Cassar, 2016]. 𝑁𝐶𝑃∗ in the equatorial region (37 Pg C 

yr-1) is much greater than that in high latitudes (~7-8 Pg C yr-1). In the North Atlantic and 
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ACC, the ratio of satellite estimates of export production to 𝑁𝐶𝑃∗ is high (~0.5), 

indicating that export production is co-limited by the availability of nutrient and light. 

Our results may explain differences in the differing response of the various iron 

fertilization experiments (e.g., subantarctic region and polar region), and has 

implications for future iron fertilization experiments and for the development of 

remotely-sensed carbon export models. 
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6. Conclusions and Future Work 

In this dissertation, we derive empirical models of net community production 

(NCP) at the local, regional, and global scales. We investigate the physical controls on 

NCP variability on intra-seasonal, seasonal, interannual, and multi-year time scales. We 

also develop a mechanistic model of carbon export potential (upper bound) from the 

mixed layer as a function of light availability. Our results have opened many possible 

research directions, with two detailed below. 

6.1 Mechanistic NCP Model Tailored for Satellite Data 

In Chapter 5, we derive a mechanistic model of NCP as follows: 

𝑁𝐶𝑃(0,𝑀𝐿𝐷) = 𝑁𝑃𝑃(0,𝑀𝐿𝐷) − 𝐻𝑅(0,𝑀𝐿𝐷)

= 𝑁𝑚 × 𝐼𝑚(0,𝑀𝐿𝐷) × 𝜇𝑚𝑎𝑥 × 𝐶 − 𝑟𝐻𝑅 × 𝐶 ×𝑀𝐿𝐷

= 𝐶 ×𝑀𝐿𝐷 × (
𝐼𝑚(0,𝑀𝐿𝐷)

𝑀𝐿𝐷
× 𝑁𝑚 × 𝜇𝑚𝑎𝑥 − 𝑟𝐻𝑅)                                                                             (1) 

where 𝑁𝐶𝑃(0,𝑀𝐿𝐷), 𝑁𝑃𝑃(0,𝑀𝐿𝐷), and 𝐻𝑅(0,𝑀𝐿𝐷) represent NCP, net primary 

production (NPP), and heterotrophic respiration (HR) integrated over the mixed layer, 

respectively; 𝐶 represents phytoplankton biomass concentration which can be estimated 

from satellite backscattering coefficients [Behrenfeld et al., 2005; Westberry et al., 2008]; 

phytoplankton maximum growth rate (𝜇𝑚𝑎𝑥) and heterotrophic respiration ratio (𝑟𝐻𝑅) 

are functions of sea surface temperature (SST) which can be estimated from satellite 

data; 𝐼𝑚(0,𝑀𝐿𝐷) = −
1

𝐾𝐼
× 𝑙𝑛 (

𝐼0×𝑒
−𝐾𝐼×𝑀𝐿𝐷+𝑘𝑚

𝐼

𝐼0+𝑘𝑚
𝐼 )) represents the effect of light availability 

on phytoplankton growth, where 𝐼0 and 𝑘𝑚
𝐼  are photosynthetically active radiation 
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beneath water surface and the half-saturation constant, respectively; 𝐾𝐼 stands for the 

diffusion attenuation coefficient which can be calculated from the satellite estimates of 

chlorophyll a concentration [Morel et al., 2007] and inherent optical properties [Lee et al., 

2005]; mixed layer depth (MLD) can be derived from Argo floats; and 𝑁𝑚 =
𝑁

𝑁+𝑘𝑚
𝑁  

represents the effect of nutrient availability on phytoplankton growth, where 𝑁 and 𝑘𝑚
𝑁  

stand for the nutrient concentration and half-saturation constant, respectively. 

To estimate the effect of nutrient availability 𝑁𝑚 on NCP, we develop a model 

based on available nutrient measurements in the global ocean. Nutrients that limit 

phytoplankton growth vary with basins and seasons. For example, the ecosystem in the 

subtropics is believed to be controlled by the availability of nitrate and phosphate; 

however, in the high latitudes such as the Southern Ocean, the ecosystem is likely 

limited by iron (and light) availability. To account for these variations in limiting factors, 

we first assume a constant stoichiometry between nutrients 𝑃 and 𝑁: 

𝑃 = 𝛼𝑝𝑛 × 𝑁 + 𝑃0                                                                                                                                         (2) 

where 𝛼𝑝𝑛 represents the stoichiometry between nutrients 𝑃 and 𝑁; and 𝑃0 corresponds 

to 𝑃 when 𝑁 goes to 0. Substituting equation (2) into 𝑁𝑚 (𝑁𝑚 =
𝑁

𝑁+𝑘𝑚
𝑁) yields: 

𝑁𝑚 =
𝑃𝑛

𝑃𝑛 + 𝑘𝑚𝑃̅̅ ̅̅
                                                                                                                                             (3) 

where 𝑃𝑛 =
𝑃−𝑃0

𝑃𝑚𝑎𝑥−𝑃0
; 𝑘𝑚

𝑃̅̅ ̅̅ =
𝑘𝑚
𝑃

𝑃𝑚𝑎𝑥−𝑃0
; and 𝑘𝑚

𝑃 = 𝛼𝑝𝑛 × 𝑘𝑚
𝑁  represents the half-saturation 

constant for 𝑃 if the ratio of 𝑘𝑚
𝑃  to 𝑘𝑚

𝑁  equals to 𝛼𝑝𝑛. Equation (3) suggests that 𝑁𝑚 can be 
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estimated from the concentrations of nutrients (e.g., nitrate and phosphate) that are 

relatively well documented in the global ocean. Finally, we can estimate the global 

distribution of NCP using equation (1) and a combination of satellite properties and 

field observations. 

We note that stoichiometry can vary with regions, seasons and phytoplankton 

species. Half-saturation constants are associated with phytoplankton species and other 

factors. The ratio between half-saturation constants may not equal to the corresponding 

stoichiometry. All these simplifications and variations can lead to uncertainties in 

estimates of 𝑁𝑚 and NCP, necessitating a further study. 

6.2 Export Ratio 

6.2.1 Mechanistic Model of Export Ratio 

The export ratio (𝑒𝑓) is defined as the ratio of NCP or export production to NPP. 

It is generally believed to be positively correlated with NPP [Dunne et al., 2005; Eppley 

and Peterson, 1979; Laws et al., 2011; Laws et al., 2000]. A negative correlation has however 

recently been documented in the Southern Ocean [Cavan et al., 2015; Laurenceau-Cornec et 

al., 2015; Le Moigne et al., 2016; Maiti et al., 2013]. To unravel controls on 𝑒𝑓, we 

reorganize equation (1) to derive a mechanistic 𝑒𝑓 model: 
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𝑒𝑓 =
𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑁𝑃𝑃(0,𝑀𝐿𝐷)

= 1 −
𝐻𝑅(0,𝑀𝐿𝐷)

𝑁𝑃𝑃(0,𝑀𝐿𝐷)

= 1 −
𝑟𝐻𝑅
𝜇𝑚𝑎𝑥

×
1

𝑁𝑚
×

𝑀𝐿𝐷

𝐼𝑚(0,𝑀𝐿𝐷)
                                                                                                             (4) 

Equation (4) suggests that 𝑒𝑓 is a nonlinear function of nutrient and light availability, 

phytoplankton growth rate, heterotrophic respiration ratio, and MLD. 

6.2.2 Controls on Export Ratio 

We examine the relationship between 𝑒𝑓 and 𝑁𝑃𝑃(0,𝑀𝐿𝐷) using the first 

derivative of 𝑒𝑓 with respect to 𝑁𝑃𝑃(0,𝑀𝐿𝐷): 

𝜕𝑒𝑓

𝜕𝑁𝑃𝑃(0,𝑀𝐿𝐷)
=

𝐻𝑅(0,𝑀𝐿𝐷)

𝑁𝑃𝑃(0,𝑀𝐿𝐷)2
−

1

𝑁𝑃𝑃(0,𝑀𝐿𝐷)
×
𝜕𝐻𝑅(0,𝑀𝐿𝐷)

𝜕𝑁𝑃𝑃(0,𝑀𝐿𝐷)
                                         (5) 

Equation (5) suggests that 𝑒𝑓 should increase with increasing 𝑁𝑃𝑃(0,𝑀𝐿𝐷) in an 

ecosystem where 𝐻𝑅(0,𝑀𝐿𝐷) is decoupled from 𝑁𝑃𝑃(0,𝑀𝐿𝐷) (i.e., 
𝜕𝐻𝑅(0,𝑀𝐿𝐷)

𝜕𝑁𝑃𝑃(0,𝑀𝐿𝐷)
= 0), 

which is consistent with the positive relationship between 𝑒𝑓 and 𝑁𝑃𝑃(0,𝑀𝐿𝐷) in 

previous studies [Dunne et al., 2005; Laws et al., 2011; Laws et al., 2000]. Otherwise, the 

relationship between 𝑒𝑓 and 𝑁𝑃𝑃(0,𝑀𝐿𝐷) is the balance between 
𝐻𝑅(0,𝑀𝐿𝐷)

𝑁𝑃𝑃(0,𝑀𝐿𝐷)2
  and 

−
1

𝑁𝑃𝑃(0,𝑀𝐿𝐷)
×

𝜕𝐻𝑅(0,𝑀𝐿𝐷)

𝜕𝑁𝑃𝑃(0,𝑀𝐿𝐷)
. 

To examine how 𝑒𝑓 varies with each factor in equation (4), we take the first 

derivatives of 𝑒𝑓 with respect to 𝑁 (
𝜕𝑒𝑓

𝜕𝑁
), 𝐼0 (

𝜕𝑒𝑓

𝜕𝐼0
), 𝐶 (

𝜕𝑒𝑓

𝜕𝐶
), temperature 𝑇 (

𝜕𝑒𝑓

𝜕𝑇
) and MLD 

(
𝜕𝑒𝑓

𝜕𝑀𝐿𝐷
) as follows: 
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𝜕𝑒𝑓

𝜕𝑁
= 𝑁𝑚 ×

𝑘𝑚
𝑁

𝑁2
× (1 − 𝑒𝑓)                                                                                                                       (6) 

𝜕𝑒𝑓

𝜕𝐼0
=
𝐼𝑚(𝑀𝐿𝐷) × (𝑒

𝐾𝐼×𝑀𝐿𝐷 − 1)

𝐼𝑚(0,𝑀𝐿𝐷) × 𝐾𝐼
×

𝑘𝑚
𝐼

(𝐼0 + 𝑘𝑚
𝐼 ) × 𝐼0

× (1 − 𝑒𝑓)                                                     (7) 

𝜕𝑒𝑓

𝜕𝐶
= −(1 −

𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷)

𝐼𝑚(0,𝑀𝐿𝐷)
) ×

1

𝐾𝐼
×
𝑑𝐾𝐼
𝑑𝐶

× (1 − 𝑒𝑓)                                                                (8) 

𝜕𝑒𝑓

𝜕𝑇
= −

𝜇𝑚𝑎𝑥
𝑟𝐻𝑅

×
𝑑 (

𝑟𝐻𝑅
𝜇𝑚𝑎𝑥

)

𝑑𝑇
 × (1 − 𝑒𝑓)                                                                                                  (9) 

𝜕𝑒𝑓

𝜕𝑀𝐿𝐷
= −(1 −

𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷)

𝐼𝑚(0,𝑀𝐿𝐷)
) ×

1

𝑀𝐿𝐷
× (1 − 𝑒𝑓)                                                               (10) 

where 
𝑑𝐾𝐼

𝑑𝐶
 should be greater than 0 (higher 𝐶 will result in a stronger light attenuation); 

𝑟𝐻𝑅

𝜇𝑚𝑎𝑥
 is an increasing function of 𝑇 because temperature has a larger impact on 

heterotrophic respiration than autotrophic growth [Eppley, 1972; Rivkin and Legendre, 

2001]; 𝐼𝑚(𝑀𝐿𝐷) =
𝐼0×𝑒

−𝐾𝐼×𝑀𝐿𝐷

𝐼0×𝑒
−𝐾𝐼×𝑀𝐿𝐷+𝑘𝑚

𝐼  is the influence of light availability on the primary 

production at the base of mixed layer; and because light availability decreases with 

increasing depths, 𝐼𝑚(0,𝑀𝐿𝐷) should be greater than 𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷) (𝐼𝑚(0,𝑀𝐿𝐷) >

𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷)).  

Equations (6-10) suggest that 𝑒𝑓 increases with increasing 𝑁 (
𝜕𝑒𝑓

𝜕𝑁
> 0) and 𝐼0 

(
𝜕𝑒𝑓

𝜕𝐼0
> 0), but decreases with increasing 𝐶 (

𝜕𝑒𝑓

𝜕𝐶
< 0), 𝑇 (

𝜕𝑒𝑓

𝜕𝑇
< 0) and MLD (

𝜕𝑒𝑓

𝜕𝑀𝐿𝐷
< 0). 

These relationships are consistent with the negative relationship between 𝑒𝑓 and 

temperature as observed in previous studies [Dunne et al., 2005; Henson et al., 2011; Laws 

et al., 2000], but inconsistent with the positive relationship between ef and chlorophyll a 
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concentration ([Chl]) in Dunne et al. [2005] (assuming a constant [Chl]/C). The 

discrepancy likely originates from the confounding effects of factors 𝑁, 𝐼0, 𝑇 and MLD. 

To identify the factors that dominate 𝑒𝑓 variability, we derive the differential of 𝑒𝑓 as 

follows: 

𝑑𝑒𝑓 =
𝜕𝑒𝑓

𝜕𝑁
× 𝑑𝑁 +

𝜕𝑒𝑓

𝜕𝐼0
× 𝑑𝐼0 +

𝜕𝑒𝑓

𝜕𝐶
× 𝑑𝐶 +

𝜕𝑒𝑓

𝜕𝑇
× 𝑑𝑇 +

𝜕𝑒𝑓

𝜕𝑀𝐿𝐷
× 𝑑𝑀𝐿𝐷                              (11) 

where 𝑑𝑒𝑓, 𝑑𝑁, 𝑑𝐼0, 𝑑𝐶, 𝑑𝑇 and 𝑑𝑀𝐿𝐷 represent the differentials for 𝑒𝑓, 𝑁, 𝐼0, 𝐶, 𝑇 and 

MLD, respectively. 

In future work, we will investigate the coupling between 𝐻𝑅(0,𝑀𝐿𝐷) and 

𝑁𝑃𝑃(0,𝑀𝐿𝐷), and examine its impacts on the relationship between 𝑒𝑓 and 𝑁𝑃𝑃(0,𝑀𝐿𝐷). 

We will identify the factors that disproportionally influence the variability in 𝑒𝑓 

measurements. We will also identify the seasonal controls on 𝑒𝑓 using satellite 

properties (𝐾𝐼, 𝐶, 𝐼0, and 𝑇), the MLD measurements estimated from Argo floats, and the 

climatology of nutrient concentrations. 

6.2.3 Export Ratio and Community Structure 

Plankton community structures are believed to represent first-order controls on 

export production and the export ratio, in part because larger phytoplankton cells are 

assumed to have a higher sinking rate and hence a greater chance to escape 

remineralization [Boyd and Newton, 1995; Dunne et al., 2005; Guidi et al., 2016; Laws et al., 

2000; Siegel et al., 2014]. The sinking rate of a particle is a function of the particle size and 

density as described by Stokes’ law [Alldredge and Silver, 1988], with density being 
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related to the mineral content such as silica frustules in diatoms [Francois et al., 2002; 

Klaas and Archer, 2002]. In addition to community structure, 𝑒𝑓 is also controlled by other 

factors as described in equation (4). To examine the influence of community structure on 

𝑒𝑓, we propose to develop an index that accounts for the other factors. 

𝜇𝑚𝑎𝑥d 𝑟𝐻𝑅 are thought to depend on temperature as follows [Eppley, 1972; Rivkin 

and Legendre, 2001]: 

𝜇𝑚𝑎𝑥 ∝ 𝑒
0.063𝑇                                                                                                                                            (12) 

𝑟𝐻𝑅 ∝ 𝑒
0.11𝑇                                                                                                                                                  (13) 

Based on equations (12-13), 
𝑟𝐻𝑅

𝜇𝑚𝑎𝑥
 may be written as follows: 

𝑟𝐻𝑅
𝜇𝑚𝑎𝑥

= 𝛽 × 𝑒0.047𝑇                                                                                                                                    (14) 

where 𝛽 is a parameter related to the community structure [Lopez-Urrutia et al., 2006]. 

Substituting equation (14) into equation (4) yields: 

𝛽 =
1 − 𝑒𝑓

1
𝑁𝑚

×
𝑀𝐿𝐷

𝐼𝑚(0,𝑀𝐿𝐷)
× 𝑒0.047𝑇

                                                                                                           (15) 

Equation (15) is an index that detects the influence of community structure on 𝑒𝑓. 

It normalizes the influence of nutrients (
1

𝑁𝑚
), light and MLD (

𝑀𝐿𝐷

𝐼𝑚(0,𝑀𝐿𝐷)
), and temperature 

(𝑒0.047𝑇) on 𝑒𝑓. We note that the half-saturation constants for both nutrient concentration 

and light are also related to the phytoplankton community structure, and that the 

relationships between 𝜇𝑚𝑎𝑥, 𝑟𝐻𝑅 and 𝑇 (𝑒0.047𝑇) are subject to some uncertainties. In the 

next step, we will use in-situ measurements to validate the relationship between our 
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index (equation (15)) and community structure. Overall, our proposed research 

directions highlight the complex interplay of factors influencing carbon export, and 

ensuing proxies (e.g., export efficiency, export ratio, and export potential). We present 

the backbone of a mechanistic model which shows promise in reconciling the conflicting 

reports on the factors dominantly controlling export production in the world’s oceans.
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Appendix A (Chapter 2) 

We developed Particulate Organic Carbon concentration ([POC]) algorithms for 

SeaWiFS ([Chl]s) and MODIS-Aqua ([Chl]m) following the procedure described in Kahru 

et al. [2012]. The corresponding objective function is: 

min(√
∑ (10(𝑎1∗𝐵𝑅𝑠

𝑖(𝑗)+𝑎0) − [𝑃𝑂𝐶]𝑠
𝑛1
𝑗=1 (𝑗))2

𝑛1

2

+ √
∑ (10(𝑏1∗𝐵𝑅𝑚

𝑖 (𝑗)+𝑏0) − [𝑃𝑂𝐶]𝑚
𝑛2
𝑗=1 (𝑗))2

𝑛2

2

+ √
∑ (10(𝑎1∗𝐵𝑅𝑠

𝑠𝑚(𝑗)+𝑎0) − 10(𝑏1∗𝐵𝑅𝑚
𝑠𝑚(𝑗)+𝑏0)

𝑛3
𝑗=1 )2

𝑛3

2

)                                            (1) 

𝐵𝑅𝑠 =
𝑅𝑟𝑠(443)

𝑅𝑟𝑠(555)
,   𝑀𝐵𝑚 =

𝑅𝑟𝑠(488)

𝑅𝑟𝑠(555)
 

where [𝑃𝑂𝐶]𝑗 represents in-situ [POC] matched to band ratio (𝐵𝑅𝑗
𝑖) where j can be s 

(SeaWiFS) and m (MODIS-Aqua); and 𝐵𝑅𝑠
𝑠𝑚 is SeaWiFS band ratio matched to MODIS-

Aqua band ratio (𝐵𝑅𝑚
𝑠𝑚) between 2002 and 2010. Solving the optimization equation (1) 

gives [POC] algorithms for SeaWiFS ([POC]s) and MODIS-Aqua ([POC]m): 

[POC]𝑠 = 373(
𝑅𝑟𝑠(443)

𝑅𝑟𝑠(555)
)

−1.182

                                                                                                             (2) 

[POC]𝑚 = 412(
𝑅𝑟𝑠(488)

𝑅𝑟𝑠(555)
)

−1.440

                                                                                                           (3) 

The validation of [POC]s and [POC]m is shown in Figure A-1. 



 

136 

 

Figure A–1: Scatterplots between in-situ [POC] and the prediction of (A) our [POC] 

algorithms for SeaWiFS and (B) MODIS-Aqua, and (C, D) the algorithms developed 

by Allison et al. [2010] and Stramski et al. [1999]. Axes are on logarithmic scale. 
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Table A–1: List of acronyms and abbreviations. 

Acronyms Description 

[Chl] Chlorophyll a concentration 

[POC] Particulate organic carbon concentration 

ANCP Annually-integrated net community production 

Ar Argon 

ENSO El Niño Southern Oscillation 

EOF Empirical orthogonal function 

HR Heterotrophic respiration 

HTV High temporal variability 

IAV Interannual variability 

MBR Maximum band ratio 

MCMC Markov chain Monte Carlo 

MLD Mixed layer depth 

MNCP Monthly net community production 

NCP Net community production 

NPP Net primary production 

O2 Oxygen 

OLS Ordinary least squares 

Pal-[Chl] Pal-LTER region-specific satellite-[Chl] algorithm 

Pal-[Chl]m Pal-[Chl] for MODIS-Auqa data 

Pal-[Chl]s Pal-[Chl] for SeaWiFS data 

PAR Photosynthetically active radiation 

PC Principle component 

POOZ Permanently open ocean zone 

Rrs(λ) Remote sensing reflectance just above water surface 

SACCFZ Southern Antarctic Circumpolar Current Front zone 

SAM Southern Annual Mode 

SLP Sea level pressure 

SSS Sea surface salinity 

SST Sea surface temperature 

SSVS Stochastic search variable selection 

SZ Shelf zone 

UCDW Upper Circumpolar Deep Water 

WAP Western Antarctic Peninsula 

𝜇 Phytoplankton growth rate 
𝐶 Phytoplankton carbon content 
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Figure A–2: Monthly NCP overlapped with CCMP wind speed in 2002. NCP is on a 

logarithmic scale. 
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Figure A–3: Monthly NCP overlapped with CCMP wind speed in 2005. NCP is on a 

logarithmic scale. 
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Figure A–4: Monthly NCP overlapped with CCMP wind speed in 2006. NCP is on a 

logarithmic scale. 
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Figure A–5: Correlation between the first PC of ANCP and the (A) SAM and (B) Niño 

3.4 climate indices. We searched for different time windows, and showed the 

averaged value of the climate indices in the time window where the correlation is the 

highest. When compared the first PC to climate indices in austral autumn, there is one 

year lag (e.g. first PC in 1997 vs. Niño 3.4 in March 1998). Note the reverse Niño 3.4 

scale. 
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Figure A–6: (A) The first EOF and (B) PC for annually-averaged NCP. The High 

Temporal Variability (HTV) region is contoured in black. 

 

Figure A–7: (A) The first EOF and (B) PC for integrated NCP in the austral summer 

(December-February). The High Temporal Variability (HTV) region is contoured in 

black. 
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Figure A–8: Time series of the first PC of ANCP and spatial mean (A) SST anomalies 

in austral spring and (B) PAR anomalies in austral summer in the High Temporal 

Variability (HTV) region. 
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Figure A–9: Time series of the first PC of ANCP and (A) day of sea-ice retreat, (B) day 

of sea-ice advance, and (C) ice-free days. Our analyses end in 2012 because sea-ice 

concentration is unavailable after that. Note the reverse scale in day of sea-ice retreat. 
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Appendix B (Chapter 3) 

 

Figure B–1: The climatologies of NCP or export production derived by the algorithms 

Laws et al. [2000], Dunne et al. [2005], Li et al. [2016], and Chang et al. [2014]. We note 

that the NCP derived by Chang et al. [2014] is the climatology of monthly value in the 

growing season (November-March), while others are annual NCP climatologies. 
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Figure B–2: Climatologies of monthly net community production. 

  



 

147 

 
 

Figure B–3: Correlation between monthly anomalies of stratification and net 

community production. 
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Figure B–4: Long-term trend in annual NCP from 2002 to 2011. (A-B) long-term trends 

of annual NCP for the whole Southern Ocean and local regions. (C) the percentage of 

long-term trend compared to annual NCP interannual variability. White areas in 

subplots (B-C) represent missing data in high-latitude regions or not statistically 

significant with 𝒑 ≤ 𝟎. 𝟎𝟓. Solid, gray, black-dashed, and gray-dashed lines represent 

the Subtropical Front, Subantarctic Front, Polar Front, and Southern Antarctic 

Circumpolar Current Front, respectively. 

  



 

149 

Appendix C (Chapter 4) 

 

Figure C–1: In-situ temperature versus AVHRR-observed 8-day average SST. 

 

Figure C–2: Schematic diagram of genetic programming algorithm. This diagram 

shows the evolution of solutions from time t to t+1. 
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Figure C–3: Schematic diagram of support vector regression. 

 

Figure C–4: The spatial distribution of the ratio of annual (2006) NCP predicted by our 

algorithm (GP) to that by Laws et al. [2000]. 
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Table C–1: O2/Ar measurements included in this study. 

Citation Cruise Start date End date Location 

[Hendricks et al., 2004] NBP9901 12/21/1999 02/08/2000 South of New Zealand 

 NBP0001 03/25/2000 03/29/2000 Drake Passage 

 NBP0008 12/21/2000 01/23/2001 South of Australia 

[Reuer et al., 2007] A0103 10/30/2001 12/10/2001 South of Australia 

 SOFEXR 01/07/2002 02/12/2002 South of New Zealand 

 AMLR02 01/17/2002 01/29/2002 Drake Passage 

 SOFEXM 01/20/2002 02/24/2002 South of New Zealand 

 LMG0209 11/25/2002 12/22/2002 Drake Passage 

 NBP0209 12/12/2002 12/31/2002 South of New Zealand 

 LMG0301 02/05/2003 02/06/2003 Drake Passage 

 NBP0305 10/28/2003 11/13/2003 South of New Zealand 

 ANTXXI/2 11/18/2003 01/15/2004 South of South Africa 

 PSTAR03 12/14/2003 12/19/2003 South of Australia 

 NBP0305A 12/20/2003 12/29/2003 South of New Zealand 

 LMG0401 01/03/2004 02/04/2004 Drake Passage 

[Cassar et al., 2007] AA2005 02/21/2005 03/31/2005 South of Australia 

 AA2006 12/03/2005 02/09/2006 South of Australia 

[Juranek et al., 2010] AMT16 05/22/2005 06/28/2005 Atlantic 

 AMT17 10/18/2005 11/25/2005 Atlantic 

[Stanley et al., 2010] EUC-Fe 07/19/2006 08/31/2006 Equatorial Pacific 

[Tortell et al., 2011] CORSACS II 11/03/2006 12/11/2006 South of New Zealand 

[Cassar et al., 2011] SAZ-SENSE 01/19/2007 02/19/2007 South of Australia 

[Castro-Morales et al., 2013] JR165 02/10/2007 04/15/2007 Bellingshausen Sea 
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Table C-1: Continued from previous page. 

Citation Cruise Start date End date Location 

[Joubert et al., 2014] Agul08 12/06/2007 02/18/2008 South of South Africa 

 BGH08MD166 02/21/2008 03/23/2008 South of South Africa 

 Agul09 12/27/2008 02/24/2009 South of South Africa 

[Huang et al., 2012] LMG0801 01/07/2008 01/29/2008 Drake Passage 

[Hamme et al., 2012] GASEX 03/02/2008 04/11/2008 South of Atlantic 

[Bender et al., 2016] Ast0607R0 09/21/2006 10/12/2006 South of Australia 

 Ast0607R4 02/19/2007 03/05/2007 South of Australia 

 Ast0708R0 10/29/2007 11/21/2007 South of Australia 

 Ast0708R2 01/02/2008 01/28/2008 South of Australia 

 Ast0708R3 02/19/2008 03/03/2008 South of Australia 

 Ast0809R0 10/23/2008 11/12/2008 South of Australia 

 Ast0809R2 01/02/2009 01/28/2009 South of Australia 

Unpublished data KA0705 09/26/2007 10/29/2007 Equatorial Pacific 

 Hiroaki_do2ar 11/14/2008 11/18/2008 East of Australia 
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Appendix D (Chapter 5) 

The first derivative of 𝑁𝐶𝑃(0,𝑀𝐿𝐷) with respect to 𝐶 is derived as follows: 

𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
=

𝑑

{
 

 
−𝑁𝑚 × 𝜇𝑚𝑎𝑥 ×

𝑙𝑛 (
𝐼0 × 𝑒

−𝐾𝐼×𝑀𝐿𝐷 + 𝑘𝑚
𝐼

𝐼0 + 𝑘𝑚
𝐼 ) × 𝐶

𝐾𝐼
}
 

 

𝑑𝐶
−
𝑑{𝑟𝐻𝑅 × 𝐶 ×𝑀𝐿𝐷}

𝑑𝐶

= −𝑁𝑚 × 𝜇𝑚𝑎𝑥 ×

{𝑙𝑛 (
𝐼0 × 𝑒

−𝐾𝐼×𝑀𝐿𝐷 + 𝑘𝑚
𝐼

𝐼0 + 𝑘𝑚
𝐼 ) + 𝐶 ×

𝐼0 + 𝑘𝑚
𝐼

𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷 + 𝑘𝑚

𝐼 ×
𝐼0 × 𝑒

−𝐾𝐼×𝑀𝐿𝐷

𝐼0 + 𝑘𝑚
𝐼 × (−

𝑀𝐿𝐷
𝜃
)} × 𝐾𝐼 −

𝐶
𝜃
× 𝑙𝑛 (

𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷 + 𝑘𝑚

𝐼

𝐼0 + 𝑘𝑚
𝐼 )

𝐾𝐼
2

− 𝑟𝐻𝑅 ×𝑀𝐿𝐷

= −𝑁𝑚 × 𝜇𝑚𝑎𝑥 ×
{−𝐾𝐼 × 𝐼𝑚(0,𝑀𝐿𝐷) + 𝐶 × 𝐼𝑚(𝑀𝐿𝐷) × (−

𝑀𝐿𝐷
𝜃 )} × 𝐾𝐼 +

𝐶
𝜃 × 𝐾𝐼 × 𝐼𝑚

(0,𝑀𝐿𝐷)

𝐾𝐼
2 − 𝑟𝐻𝑅 ×𝑀𝐿𝐷

= 𝑁𝑚 × 𝜇𝑚𝑎𝑥 ×
𝐾𝐼 × 𝐼𝑚(0,𝑀𝐿𝐷) + 𝐶 × 𝐼𝑚(𝑀𝐿𝐷) ×

𝑀𝐿𝐷
𝜃

−
𝐶
𝜃
× 𝐼𝑚(0,𝑀𝐿𝐷)

𝐾𝐼
− 𝑟𝐻𝑅 ×𝑀𝐿𝐷

= 𝑁𝑚 × 𝜇𝑚𝑎𝑥 ×
𝐾𝐼 × 𝐼𝑚(0,𝑀𝐿𝐷) −

𝐶
𝜃
× 𝐼𝑚(0,𝑀𝐿𝐷) +

𝐶
𝜃
×𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷)

𝐾𝐼
− 𝑟𝐻𝑅 ×𝑀𝐿𝐷

= 𝑁𝑚 × 𝜇𝑚𝑎𝑥 ×
𝐾𝐼
𝑤 × 𝐼𝑚(0,𝑀𝐿𝐷) +

𝐶
𝜃
×𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷)

𝐾𝐼
𝑤 +

𝐶
𝜃

− 𝑟𝐻𝑅 ×𝑀𝐿𝐷                                                                                                                          (1) 



 

 

154 

where 𝐼𝑚(𝑀𝐿𝐷) =
𝐼0×𝑒

−𝐾𝐼×𝑀𝐿𝐷

𝐼0×𝑒
−𝐾𝐼×𝑀𝐿𝐷+𝑘𝑚

𝐼 . 

Based on equation (1), the second derivative of 𝑁𝐶𝑃(0,𝑀𝐿𝐷) with respect to 𝐶 is derived as follows: 

𝑑2𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶2
= 𝑁𝑚 × 𝜇𝑚𝑎𝑥 × {

𝑑𝑦

𝑑𝐶
+
𝑑𝑔

𝑑𝐶
}                                                                                                                                                                                (2) 

where 𝑦 =
𝐾𝐼
𝑤×𝐼𝑚(0,𝑀𝐿𝐷)

𝐾𝐼
= −

𝐾𝐼
𝑤×𝑙𝑛(

𝐼0×𝑒
−𝐾𝐼×𝑀𝐿𝐷+𝑘𝑚

𝐼

𝐼0+𝑘𝑚
𝐼 )

𝐾𝐼
2  and 𝑔 =

𝐶

𝜃
×𝑀𝐿𝐷×𝐼𝑚(𝑀𝐿𝐷)

𝐾𝐼
. Below, we derive 

𝑑𝑦

𝑑𝐶
 and 

𝑑𝑔

𝑑𝐶
.  
𝑑𝑦

𝑑𝐶
 may be written as follows: 

𝑑𝑦

𝑑𝐶
= −𝐾𝐼

𝑤 ×

𝐼0 + 𝑘𝑚
𝐼

𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷 + 𝑘𝑚

𝐼 ×
𝐼0 × 𝑒

−𝐾𝐼×𝑀𝐿𝐷

𝐼0 + 𝑘𝑚
𝐼 × (−

𝑀𝐿𝐷
𝜃
) × 𝐾𝐼

2 − 𝑙𝑛 (
𝐼0 × 𝑒

−𝐾𝐼×𝑀𝐿𝐷 + 𝑘𝑚
𝐼

𝐼0 + 𝑘𝑚
𝐼 ) × 2 × 𝐾𝐼 ×

1
𝜃

𝐾𝐼
4

= −𝐾𝐼
𝑤 ×

−𝐼𝑚(𝑀𝐿𝐷) × 𝑀𝐿𝐷 × 𝐾𝐼
2 + 𝐼𝑚(0,𝑀𝐿𝐷) × 2 × 𝐾𝐼

2

𝐾𝐼
4 × 𝜃

= 𝐾𝐼
𝑤 ×

𝐼𝑚(𝑀𝐿𝐷) × 𝑀𝐿𝐷 − 2 × 𝐼𝑚(0,𝑀𝐿𝐷)

𝐾𝐼
2 × 𝜃

                                                                                                                                                                               (3) 

𝑑𝑔

𝑑𝐶
 may be expressed as follows: 
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𝑑𝑔

𝑑𝐶
=
−
𝐶
𝜃 ×𝑀𝐿𝐷 × 𝐼𝑚

(𝑀𝐿𝐷) ×
1
𝜃 +

𝑀𝐿𝐷
𝜃 × 𝐼𝑚(𝑀𝐿𝐷) × 𝐾𝐼

𝐾𝐼
2

+

𝐶
𝜃 ×𝑀𝐿𝐷 ×

𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷 × (−

𝑀𝐿𝐷
𝜃 ) × {𝐼0 × 𝑒

−𝐾𝐼×𝑀𝐿𝐷 + 𝑘𝑚
𝐼 } − 𝐼0 × 𝑒

−𝐾𝐼×𝑀𝐿𝐷 × 𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷 × (−

𝑀𝐿𝐷
𝜃 )

{𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷 + 𝑘𝑚

𝐼 }2
× 𝐾𝐼

𝐾𝐼
2

=

𝑀𝐿𝐷
𝜃

× 𝐼𝑚(𝑀𝐿𝐷) × 𝐾𝐼 +
𝐶
𝜃
×𝑀𝐿𝐷 ×

𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷 × (−

𝑀𝐿𝐷
𝜃 ) × 𝑘𝑚

𝐼

{𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷 + 𝑘𝑚

𝐼 }2
× 𝐾𝐼 −

𝐶
𝜃2
×𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷)

𝐾𝐼
2

=

𝑀𝐿𝐷
𝜃 × 𝐼𝑚(𝑀𝐿𝐷) × 𝐾𝐼 +

𝐶
𝜃 ×𝑀𝐿𝐷 ×

𝐼𝑚(𝑀𝐿𝐷)
2 × (−

𝑀𝐿𝐷
𝜃 ) × 𝑘𝑚

𝐼

𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷

× 𝐾𝐼 −
𝐶
𝜃2
×𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷)

𝐾𝐼
2

=
𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷) × 𝐾𝐼 +

𝐶
𝜃
×𝑀𝐿𝐷 ×

−𝐼𝑚(𝑀𝐿𝐷)
2 ×𝑀𝐿𝐷 × 𝑘𝑚

𝐼

𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷

× 𝐾𝐼 −
𝐶
𝜃
×𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷)

𝐾𝐼
2 × 𝜃

=
𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷) × 𝐾𝐼 −

𝐶
𝜃
×𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷)

𝐾𝐼
2 × 𝜃

−

𝐶
𝜃
×𝑀𝐿𝐷 ×

𝐼𝑚(𝑀𝐿𝐷)
2 ×𝑀𝐿𝐷 × 𝑘𝑚

𝐼

𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷

× 𝐾𝐼

𝐾𝐼
2 × 𝜃

=
𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷) × 𝐾𝐼

𝑤

𝐾𝐼
2 × 𝜃

−
𝑀𝐿𝐷2 × 𝐶 × 𝐼𝑚(𝑀𝐿𝐷)

2 × 𝑘𝑚
𝐼

𝐾𝐼 × 𝜃
2 × 𝐼0 × 𝑒

−𝐾𝐼×𝑀𝐿𝐷
                                                                                                                                                     (4) 

Substituting equations (3-4) into equation (2) yields: 
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𝑑2𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶2
= 𝑁𝑚 × 𝜇𝑚𝑎𝑥 × {𝐾𝐼

𝑤 ×
𝐼𝑚(𝑀𝐿𝐷) × 𝑀𝐿𝐷 − 2 × 𝐼𝑚(0,𝑀𝐿𝐷)

𝐾𝐼
2 × 𝜃

+
𝑀𝐿𝐷 × 𝐼𝑚(𝑀𝐿𝐷) × 𝐾𝐼

𝑤

𝐾𝐼
2 × 𝜃

−
𝑀𝐿𝐷2 × 𝐶 × 𝐼𝑚(𝑀𝐿𝐷)

2 × 𝑘𝑚
𝐼

𝐾𝐼 × 𝜃
2 × 𝐼0 × 𝑒

−𝐾𝐼×𝑀𝐿𝐷
}

= 𝑁𝑚 ×
𝜇𝑚𝑎𝑥
𝐾𝐼 × 𝜃

× {
2 × 𝐾𝐼

𝑤

𝐾𝐼
× (𝐼𝑚(𝑀𝐿𝐷) × 𝑀𝐿𝐷 − 𝐼𝑚(0,𝑀𝐿𝐷)) −

𝑀𝐿𝐷2 × 𝐶 × 𝐼𝑚(𝑀𝐿𝐷)
2 × 𝑘𝑚

𝐼

𝜃 × 𝐼0 × 𝑒
−𝐾𝐼×𝑀𝐿𝐷

}                                                                            (5) 
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When 0 ≤ 𝑀𝐿𝐷 < 𝑀𝐿𝐷𝐶=𝑚𝑎𝑥 and 𝑀𝐿𝐷 → 0, 1 − exp(−𝐾𝐼 ×𝑀𝐿𝐷) can be 

approximated using second order of Taylor expansion as follows: 

1 − exp(−𝐾𝐼 ×𝑀𝐿𝐷) ≈ 𝐾𝐼 ×𝑀𝐿𝐷 −
1

2
× (𝐾𝐼 ×𝑀𝐿𝐷)

2                                                                   (6) 

Using above equation, we may approximate 𝑁𝐶𝑃(0,𝑀𝐿𝐷) as follows: 

𝑁𝐶𝑃(0,𝑀𝐿𝐷) = 𝐶 ×𝑀𝐿𝐷 × (−
1

2
× 𝐾𝐼 ×𝑀𝐿𝐷 × 𝜇

∗ + 𝜇∗ − 𝑟𝐻𝑅)                                                (7) 

The first derivative of equation (7) with respective to 𝐶 may be written as follows: 

𝑑𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑑𝐶
= 𝑀𝐿𝐷 × (−𝐾𝐼

𝑛𝑤 ×𝑀𝐿𝐷 × 𝜇∗ −
1

2
× 𝐾𝐼

𝑤 ×𝑀𝐿𝐷 × 𝜇∗ + 𝜇∗ − 𝑟𝐻𝑅)              (8) 

when 0 ≤ 𝑀𝐿𝐷 < 𝑀𝐿𝐷𝐶=𝑚𝑎𝑥 and and 𝑀𝐿𝐷 → 0, 𝐾𝐼
𝑛𝑤 should satisfy 𝐾𝐼

𝑛𝑤 ≤
𝐶𝑚𝑎𝑥

𝜃
< −

1

2
×

𝐾𝐼
𝑤 +

𝜇∗−𝑟𝐻𝑅

𝜇∗
×

1

𝑀𝐿𝐷
, and equation (8) should be greater than 0. 𝑁𝐶𝑃(0,𝑀𝐿𝐷) thus 

increases with 𝐶 when 𝑀𝐿𝐷 → 0, with an upper bound obtained at 𝐶𝑚𝑎𝑥: 

𝑁𝐶𝑃∗ = 𝜇∗ × 𝐶𝑚𝑎𝑥 ×𝑀𝐿𝐷 × (−
1

2
× (

𝐶𝑚𝑎𝑥

𝜃
+ 𝐾𝐼

𝑤) ×𝑀𝐿𝐷 +
𝜇∗ − 𝑟𝐻𝑅
𝜇∗

)                                 (9) 

Equation (9) sates that 𝑁𝐶𝑃∗ increases with MLD, and is nil when MLD=0. 
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The export ratio 𝑒𝑓 is written as follows: 

𝑒𝑓 =
𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑁𝑃𝑃(0,𝑀𝐿𝐷)
= 1 −𝑀𝐿𝐷𝑜𝑝𝑡 ×

1

𝑁𝑚
×

1

𝐼𝑚(0)
×
𝑟𝐻𝑅
𝜇𝑚𝑎𝑥

                                                           (10) 

where 𝑀𝐿𝐷𝑜𝑝𝑡 =
𝐾𝐼×𝑀𝐿𝐷

1−𝑒−𝐾𝐼×𝑀𝐿𝐷
. Substituting the temperature models of 

𝑟𝐻𝑅

𝜇𝑚𝑎𝑥
= 𝛼 × 𝑒0.047𝑇 

into equation (10) yields: 

𝑒𝑓 =
𝑁𝐶𝑃(0,𝑀𝐿𝐷)

𝑁𝑃𝑃(0,𝑀𝐿𝐷)
= 1 −𝑀𝐿𝐷𝑜𝑝𝑡 ×

1

𝑁𝑚
×

1

𝐼𝑚(0)
× 𝛼 × 𝑒0.047𝑇                                                (11) 

The first derivative of 𝑀𝐿𝐷𝑜𝑝𝑡 with respect to  𝐾𝐼 ×𝑀𝐿𝐷 can be calculated as follows: 

𝑑𝑀𝐿𝐷𝑜𝑝𝑡
𝑑(𝐾𝐼 ×𝑀𝐿𝐷)

=
1 −

1 + 𝐾𝐼 ×𝑀𝐿𝐷
𝑒𝐾𝐼×𝑀𝐿𝐷

(1 − 𝑒−𝐾𝐼×𝑀𝐿𝐷)2
                                                                                                      (12) 

Because 𝑒𝐾𝐼×𝑀𝐿𝐷 > 1 +𝐾𝐼 ×𝑀𝐿𝐷 for 𝐾𝐼 ×𝑀𝐿𝐷 > 0, equation (12) should be greater than 

0 (
𝑑𝑀𝐿𝐷𝑜𝑝𝑡

𝑑(𝐾𝐼×𝑀𝐿𝐷)
> 0). The minimum of 𝑀𝐿𝐷𝑜𝑝𝑡 should approximate to 1 when 𝐾𝐼 ×𝑀𝐿𝐷 → 0. 

In addition, terms 
1

𝑁𝑚
 and 

1

𝐼𝑚(0)
 in equation (11) have the minimum of 1. Therefore, 

equation (11) has the maximum of 𝑒𝑓∗ = 1 − 𝛼 × 𝑒0.047𝑇. 
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Table D–1: O2/Ar measurements used in this study. 

Citation Cruise Start date End date Location 

[Reuer et al., 2007] A0103 10/30/2001 12/10/2001 South of Australia 

 SOFEXR 01/07/2002 02/12/2002 South of New Zealand 

 SOFEXM 01/20/2002 02/24/2002 South of New Zealand 

 NBP0305 10/28/2003 11/13/2003 South of New Zealand 

 ANTXXI/2 11/18/2003 01/15/2004 South of South Africa 

 NBP0305A 12/20/2003 12/29/2003 South of New Zealand 

[Cassar et al., 2007] AA2006 12/03/2005 02/09/2006 South of Australia 

[Juranek et al., 2010] AMT16 05/22/2005 06/28/2005 Atlantic 

 AMT17 10/18/2005 11/25/2005 Atlantic 

[Stanley et al., 2010] EUC-Fe 07/19/2006 08/31/2006 Equatorial Pacific 

[Tortell et al., 2011] CORSACS II 11/03/2006 12/11/2006 South of New Zealand 

[Cassar et al., 2011] SAZ-SENSE 01/19/2007 02/19/2007 South of Australia 

[Huang et al., 2012] LMG0801 01/07/2008 01/29/2008 Drake Passage 

[Hamme et al., 2012] GASEX 03/02/2008 04/11/2008 South of Atlantic 

[Martin et al., 2013] LOHAFEX 01/26/2009 03/06/2009 South of Atlantic 

[Shadwick et al., 2015] AA1203 01/08/2012 02/10/2012 South of Australia 

[Eveleth et al., 2016] LMG1201 12/30/2011 02/07/2012 Drake Passage 

 LMG1301 01/05/2013 02/03/2013 Drake Passage 

 LMG1401 01/01/2014 02/01/2014 Drake Passage 

[Huang et al., unpublished] LMG0901 01/06/2009 02/01/2009 Drake Passage 

 LMG1001 01/01/2010 02/07/2010 Drake Passage 

 LMG1101 01/02/2011 02/06/2011 Drake Passage 
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Figure D–1: Climatology of monthly mixed layer depth. 
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Figure D–2: Chlorophyll a concentration and attenuation coefficient for 

photosynthetically active radiation based on the NOMAD data set. 
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