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ABSTRACT

We evaluate a recent region-specific model of export production (Kelly et al., 2018) and some similar fits to in
situ data for the California Current Ecosystem using satellite data. The model is a simple linear function of net
primary productivity (NPP): Export = 0.08 X NPP + 72 where EF is export flux in mg Cm~2 d~'. We confirm
that contrary to several global algorithms export efficiency (e-ratio = export/primary productivity) is negatively
correlated with net primary productivity. We find that linear models with a steeper slope of EF relative to NPP
produce better estimates of the variability range. Choice of the EF model parameterization can more than double
the estimate of temporal variability (standard deviation) in satellite-derived EF time series. The best estimates of
EF were obtained when using average NPP during a preceding period of ~7-8 days. This is in contrast with NPP
where the best satellite estimates of in situ NPP were obtained using same day satellite data and the coefficient of
determination was monotonically decreasing with increasing time lag. We also find that there is substantial

unexplained variability in EF that cannot be explained by existing models.

1. Introduction

Quantification of the flux of carbon or export flux (EF, mg C m ™2
day 1) from the surface sunlit layer of the ocean to the deeper ocean is
critical for predicting the atmosphere's response to climate change
(Bopp et al., 2001). However, the accuracy of EF estimates is low and
the current values and trends in global EF remain poorly constrained
(Siegel et al., 2014). A recent study (Smith et al., 2018) of abyssal se-
diment fluxes at Station M in the Northeast Pacific has shown that these
fluxes have become more variable during the last decade as episodic
high-intensity events contribute more to the overall annual flux. This
means that estimates of EF, e.g. from satellite data, need to predict not
just its magnitude but also the variability range.

Models of export efficiency or e-ratio, i.e. the ratio of EF to net
primary productivity (e-ratio = EF/NPP) have been developed but re-
main highly uncertain. Most models of e-ratio are a function of NPP but
even the sign of this relationship is uncertain. While several models
(e.g. Eppley and Peterson, 1979; Laws, 2004; Laws et al., 2011) assume
higher export efficiency at higher productivity, other studies (Maiti
et al., 2013, 2016; Stukel et al., 2013; Kelly et al., 2018, henceforth
referred to as Kelly et al., 2018) have found lower export efficiency at
higher productivity, i.e. a negative relationship between e-ratio and
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NPP. It has been hypothesized that the negative relationship between e-
ratio and NPP is due to the temporal and spatial mismatch of the cor-
responding EF and NPP measurements. For example, it is feasible that
EF on any day is not a tight function of NPP on the same day but rather
a positive function of the average production over a number of days
preceding the measured flux. By using daily satellite data, it is possible
to estimate NPP during any day and make averages or other composites
of NPP during a preceding period of any number of days. Recently,
Stukel et al. (2019) assembled a multi-year dataset of EF and other
variables from a set of Lagrangian sediment trap measurements con-
ducted in the Southern California Current Ecosystem (CCE). Stukel et al.
(2015) used a portion of this dataset to show that existing satellite al-
gorithms did a poor job of reconstructing spatiotemporal variability in
export efficiency in the CCE region, while Kelly et al., 2018 used part of
this dataset to formulate a statistically fitted model of EF for this do-
main. Kelly et al., 2018 excluded stations from frontal zones and aimed
at evaluating the effects of the ENSO. In this paper, we are using the
extended Stukel et al. (2019) dataset to validate satellite derived EF
estimates. We also evaluate if using satellite estimates of NPP during a
preceding period of variable length will improve estimates of EF.
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2. Methods
2.1. In situ data

The dataset for this study was derived from eight approximately
month-long cruises of the CCE-LTER program (Goericke and Ohman,
2015). On these cruises, we employed a quasi-Lagrangian sampling
scheme. During two-to five-day Lagrangian experiments, we followed a
patch of water marked with an in situ experimental array with satellite-
enabled surface float and a 3 X 1-m drogue centered at 15-m depth in
the mixed layer (Landry et al., 2009). The experimental array included
attachment points for mesh bags containing incubation bottles for
H'*CO; ™~ uptake net primary production (NPP) measurements (Morrow
et al., 2018). NPP was measured daily at six to eight depths spanning
the euphotic zone. An additional, identically drogued array was de-
ployed for the length of each Lagrangian experiment with a VERTEX-
style surface-tethered sediment trap at a depth of 100 m (Knauer et al.,
1979; Stukel et al., 2013). Sediment traps consisted of a cylindrical
polycarbonate tube (8:1 aspect ratio, width:height) with a baffle on top
consisting of smaller, beveled tubes with similar aspect ratio. Tubes
were deployed with a formaldehyde brine. Upon recovery, the over-
lying seawater was removed from each tube, and > 200-ym swimming
metazoans were removed from the sample. Tubes were then sub-
sampled and filtered through pre-combusted filters for carbon/nitrogen
or %**Th analyses. For additional details, see Morrow et al. (2018).
238(J_234Th deficiency profiles were also measured twice per cycle and
used as an independent test on the accuracy of sediment traps, and
found no substantial over- or under-collection of 23*Th (Stukel et al.,
2019). We thus believe that our sediment trap results are unbiased
estimates of export flux in the region. The average duration of sediment
trap deployments was 3.0 days and satellite match-ups were created for
the mid-point of each deployment. Vertical flux at sediment trap depths
was normalized to the base of the euphotic zone (1% light level) using
an exponential fit (see Kelly et al., 2018).

The eight cruises span a wide range of ecosystem states in the CCE
and featured different sampling plans. The P0704 (April 2007) and
P0810 (August 2010) cruises were conducted during El Nifio neutral
conditions and focused on sampling homogeneous water parcels (i.e.
regions without strong mesoscale fronts or eddies) across a wide range
of communities varying from coastal, upwelling-influenced, diatom-
dominated communities to oligotrophic offshore communities domi-
nated by picoplankton. The P1408 (August 2014) and P1604 (April
2016) cruises utilized a similar sampling plan to investigate changes in
the CCE driven by the 2013-2014 North Pacific heat wave and ensuing
2015-2016 El Nifno (Bond et al., 2015; Jacox et al., 2016; Kahru et al.,
2018). Results from these four cruises are summarized in Kelly et al.
(2018). During the P0904, P1106, and P1208 cruises (April 2009, June
2011, and August 2012, respectively), the research focus was on in-
vestigating the impact of mesoscale fronts on plankton communities
and biogeochemical processes. Hence, Lagrangian studies were con-
ducted within and to either side of distinct fronts with clearly defined
sea surface temperature and sea surface chlorophyll features. Results
showed that carbon export was elevated near these features, relative to
what would be expected in non-frontal regions with similar NPP
(Krause et al., 2015; Stukel et al., 2017a, 2017b). The P1706 (June
2017) cruise was conducted in different locations along a highly pro-
ductive mesoscale filament that was transporting coastal water off-
shore.

2.2. Satellite data

Surface chlorophyll-a concentration (Chla, mg m %) was estimated
with a regionally optimized algorithm for the California Current (Kahru
et al., 2012, 2015). The algorithm calculates daily Chla estimates from
remote sensing reflectance (Rrs) of multiple ocean color sensors and
then merges those individual estimates into daily mapped datasets. The
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sensors included were SeaWiFS (2007-2009) MERIS (2007-2012),
MODIS-Aqua (2007-2016), MODIS-Terra (2007-2016) and VIIRS-SNPP
(2012-2016). The input datasets of Rrs were retrieved from the re-
spective NASA (https://oceancolor.gsfc.nasa.gov) and ESA (http://
merci-srv.eo.esa.int/merci/welcome.do for MERIS) websites. In this
work, we used merged datasets at both 1 km and 4 km spatial resolu-
tions (https://www.wimsoft.com/CC4km.htm).

Daily net primary production (NPP, mg C m~2 day~!) was calcu-
lated from daily datasets of Chla, photosynthetically active radiation
(PAR, einstein m ™2 day’l) and sea-surface temperature (SST, C°) using
the well-known VGPM algorithm (Behrenfeld and Falkowski, 1997) as
empirically modified in Kahru et al. (2009). Daily datasets of PAR
(Frouin et al., 1989) from individual sensors (SeaWiFS, MODIS-Terra,
MODIS-Aqua and VIIRS-SNPP) were downloaded fromhttps://
oceancolor.gsfc.nasa.gov and merged. Daily SST datasets were down-
loaded as optimally interpolated sea-surface temperature (OISST)
(Reynolds et al., 2007) from https://www.ncdc.noaa.gov/oisst.

Satellite match-ups for in situ data were found as averages of 3 x 3
pixel values centered at the nearest pixel corresponding to the position
of the float at mid-time of the deployment.

As the default model to calculate EF we used the regionally fitted
Kelly et al., 2018 model that is a linear function of NPP (EF = 0.08 x
NPP + 72). Notably, this model was specifically designed to test the
general response of the CCE to interannual variability (specifically, El
Nifno) and hence excluded results from front-focused cruises, which
exhibited higher than typical carbon export.

2.3. Statistical analyses

Relationships between export flux and NPP were evaluated using
both the ordinary least squares (OLS) linear regression and a Type II
linear regression that incorporates different uncertainty estimates for
each data point (York et al., 2004). We note that when the independent
variable is not controlled (as in our experiments), the OLS is the most
appropriate regression approach for predicting the value of a dependent
variable, while the Type II regression is more appropriate for de-
termining the relationship between the two variables. Thus, if the goal
is to estimate the export flux from NPP at a single location, the OLS
should be expected to give a more accurate prediction. However, it will
underestimate the variability of the predicted variable, relative to the
York Type II regression. As the distribution of NPP values in the CCE is
close to lognormal (Kahru et al., 2009), we evaluated the goodness of
satellite estimates of NPP and EF using statistics applied to log10 va-
lues. For satellite to in situ comparisons, we assumed that O; is the ith
observation of an in situ variable and P; is the corresponding predicted
satellite variable. The mean absolute percentage error (MAPE) was
calculated as MAPE = 100 x mean (|(Pi — Oi)/0i|), the median abso-
lute percentage error (MdAPE) as MAAPE = 100 x median (|(Pi — Oi)/
Oi|), the median absolute percentage error (MdAPE) as
MAAPE = 100 x median (|(P; — 0;)/0; |), the median unbiased abso-
lute percentage error (MAdUAPE) as MdAUAPE = 100 X median
(J(P; = 0:)/(0.5*(P; + 0))|). Mean relative percent error (MRPE) was
calculated as MRPE = 100 x mean ((Pi — Oi)/0Oi). Mean bias was cal-
culated as mean (Pi — Oi).

3. Results
3.1. Match-ups with satellite data

For the total of 35 in situ cycles of EF measurements, we obtained
15 same day satellite match-ups with estimated NPP fields (Fig. 1).
Most match-ups had all 9 pixels (i.e. 3 X 3) as valid while one match-up
had 6 valid pixels. The availability of matching daily NPP data is
controlled by the merged Chla dataset that is limited by clouds as the
merged PAR and SST datasets have no missing data. By increasing the
period over which match-ups are accepted, the number of match-ups
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Fig. 1. Same day match-ups of satellite-derived water column productivity
versus in situ measured productivity in Log10 scales. N = 15, R2 = 0.78. The
crossed circles are from the “front” cruises of 2009, 2011, 2012, 2017. The
dashed line is the OLS regression and the solid line is the Type II regression.

increases as longer period composites fill more of the missing pixels in
daily images. For example, using a mean composite over 11 day periods
preceding the in situ cycle increases the number of match-ups to 26 (out
of 35). Satellite estimate of NPP for samples with same day match-ups is
quite good (Fig. 1, R? = 0.79), enhanced by the wide range of mea-
surements. A more typical R* value for satellite estimates of NPP (ob-
tained for a much larger dataset) is 0.66 (Kahru et al., 2009). The
highest value in the NPP match-ups is extremely high (6770 mg C m ™2
day 1) as it exceeds the highest NPP measured by the CalCOFI program
(5946 mg C m~2 day ') since 1984. The mean and median of the NPP
values measured by CalCOFI are respectively 396 and 254 mg C m ™2
day~'.

When combining all in situ data (Fig. 2, N = 35), including the
“frontal” cycles, the relationship between EF and NPP becomes noisy
and it is difficult to approximate the scatter with a good relationship.
We compared satellite match-ups with three simple models: The Kelly
et al., 2018 model (EF = 0.08 x NPP + 72 mg Cm~2d ™), the OLS
model (Fig. 2, EF = 0.07 X NPP +147 mg Cm~2d ') and the Type II
model (Fig. 2, EF = 0.28 X NPP +10 mg C m~2 d~!). The higher
intercept in the OLS model, relative to the Kelly et al., 2018 model is

900
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likely driven by the inclusion of cruise data conducted in mesoscale
fronts and filaments, which had enhanced export efficiency compared
to the homogeneous water parcels investigated by Kelly et al., 2018
(Stukel et al., 2017a, 2017b).

The 15 same-day satellite match-ups shown in Fig. 1 for NPP are
shown for the three versions of EF algorithms in Fig. 3. The relation-
ships were significantly weaker, compared to satellite NPP estimates
and R? (using log transformed export) varied from 0.22 (OLS), to 0.26
(Kelly et al., 2018) to 0.39 (Type II, Table 1). The dynamic range of the
estimated EF values (excluding the single outlier point) is compressed
for the OLS and Kelly et al., 2018 models (Fig. 3A and B). In contrast,
the Type Il regression in Fig. 3C retrieves EF values that are distributed
approximately in the same range and symmetrically on either side of
the one to one line as the in situ values (excluding the one extreme
point). The full range of in situ EF values in the match-up dataset
(N = 15) in log10 units (i.e. max — min = 1.00 for in situ data) is closest
to the full range in the Kelly et al., 2018 model (Table 1). However, this
agreement in total range was driven entirely by one extreme point
corresponding to a coastal cycle in the P1706 ‘mesoscale filament’
cruise that had much higher NPP than other cycles (6769 mgC m™>
d™1), but moderate EF (399 mgC m~2 d~!). The Type II regression
overestimated the total range of the data as a direct result of this data
point (Type II predicted 1998 mg C m ™2 d~* for this cycle). However, if
this point is excluded, the Kelly et al., 2018 and OLS regressions both
show substantially reduced variability relative to the in situ data sets,
while the Type II regression matches the variability well. The Type II
regression also provided improved results in many other statistics
(Table 1). Furthermore, when regressing the log-transformed model
predictions against the log-transformed in situ values, the Type II re-
gression had an intercept that was closer to zero and a slope that was
closer to one. It thus appeared that using a steeper slope was crucial to
better predicting the full variability range, although use of this steeper k
coastal blooms.

3.2. Export production as a delayed function of previous production

Previous studies have determined an inverse relationship between
the e-ratio measured in situ and NPP in the CCE (Stukel et al., 2013;
Kelly et al., 2018). A similar inverse relationship found in the Southern
Ocean (Maiti et al., 2013) and in the Gulf of Mexico (Maiti et al., 2016)
has been hypothesized to result from a temporal lag between produc-
tion and export, obfuscating the patterns between paired near in-
stantaneous measurements (K. Maiti, pers. comm., Laws and Maiti,
2019). To determine if such a temporal delay causes the inverse re-
lationship found in the CCE, we created temporally averaged NPP
products for each of the in situ cycles with periods from 2 to 13 days.
We then found match-ups between in situ EF values and for EF calcu-
lated for average NPP during each of the preceding periods. It appears

T

: Fig. 2. Measured in situ EF at the base of the
euphotic zone versus in situ productivity. Yellow
diamonds are from mesoscale front and filament
i cruises. Cyan circles are from non-front cruises
- (i.e. cruises used by Kelly 2018). Dashed gray line
- 7 is OLS regression (EF = 0.0662 X NPP + 147).
Solid gray line is York Type II regression
(EF = 0.284 x NPP + 9.75). N = 35.
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Fig. 3. Satellite estimates of EF with same-day match-ups using (A) Kelly et al. (2018); (B) OLS regression from Fig. 2; and (C) the York Type Il model in Fig. 2. The

dotted line is the one to one line.

Table 1

Comparison of different statistics of satellite EF retrievals using the Kelly et al., (2018) model, OLS and York Type II regressions in Fig. 1B. Bold values show improved

estimates. The log10 range of in situ data was 1.00.

Statistic using log10 values

EF calculated as Kelly et al., (2018)

OLS, Fig. 1B, EF = 0.066 x NPP +147  York, Fig. 1B, EF = 0.284 x NPP +9.8

Range (max — min) 0.90 0.60 1.65
Mean absolute percent error (MAPE) 10.02 11.02 10.13
Median absolute percent error (MdAPE) 8.12 10.70 6.71
Mean unbiased absolute percent error (MUAPE) 10.47 10.53 9.91
Median unbiased absolute percent error (MdUAPE)  8.46 10.16 6.49
Mean relative percent error (MRPE) —3.84 4.68 1.82
Median relative percent error (MdRPE) —-3.95 7.46 -0.30
Mean bias -0.11 0.07 0.03
Intercept of OLS regression 1.32 1.81 0.42
Slope of OLS regression 0.36 0.22 0.83
Coefficient of determination (R?) 0.26 0.22 0.39
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Fig. 4. e-ratio (EF/NPP) versus logl0 of NPP. (A), using in situ EF and in situ NPP; (B) using in situ EF and satellite estimated average 6-day NPP prior to EF
measurement. The dotted lines are the OLS linear regressions: (A) e-ratio = 0.93-0.223 X 1og10NPP and (B) e-ratio = 0.98-0.220 X log10NPP.

-0.15
1 °
& . o )
E" -0.20 - 5
° ] % o 0
> ] o o o
8 0251 ° o
=] ’ i
[ i [
_Oy30 T T T T T T T T T T T T

-14 -12 -10 -8 -6 -4 -2 0
Lag, days
Fig. 5. Linear slope of the e-ratio versus log10 of NPP (see Fig. 3) estimated for

preceding periods of variable length (corresponding to the lag) and for the in
situ data (large open circle).

that using the average production during the preceding 2-13 days does
not change the generally negative relationship between NPP and the e-
ratio (Figs. 4 and 5). In fact, the negative relationship expressed as the
slope of e-ratio versus log;o(NPP) does not seem to depend on using
average NPP during any of the preceding periods and is no different
from the slope for in situ data (Fig. 5. The relationships in Figs. 4 and 5
were calculated using the Type II model but the same conclusions could
be reached when using the Kelly et al., 2018 model.

The effect of using average NPP estimates during preceding days
compared to those of the same day was investigated by comparing
temporally-averaged satellite NPP (or EF determined from temporally-
averaged NPP) to instantaneous in situ measurements. NPP estimates
are most accurate using the same day satellite data and the coefficient
of determination decreases with longer periods of temporal averaging
prior to the in situ measurement (Fig. 6). This pattern reflects the
combination of short-term (e.g. changes in cloud cover) and longer-
term (e.g. changes in phytoplankton biomass and community compo-
sition) drivers of variability in NPP as well as the effect of advection on
the spatial accuracy of satellite match-ups. In contrast, the pattern is
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Fig. 6. Coefficient of determination (R®) between in situ measurements and
satellite estimates averaged during a preceding period of a number of days as a
function the respective preceding period of averaging for NPP (gray filled cir-
cles, the dashed line has been smoothed with a 3-point smoothing boxcar filter)
and EF (open circles connected with a solid line).

quite different for estimating EF. The highest coefficient of determi-
nation between satellite estimated EF and in situ EF is not when using
same day satellite data but when using average NPP during a preceding
period of 7-8 days. The differences between R> of match-ups with
different preceding periods are relatively small and statistically not
significant due to the small number of match-ups (increasing from 15 at
same day to 23 at 3 days and to 27 at 7 days). However, the lack of
decrease in R? with increasing time lag is obvious and the differences
between the responses of estimating NPP and estimating EF on the time
lag may indeed indicate that the sinking flux out of the euphotic zone
depends on production during the previous 7-8 days.

3.3. Effects of the EF model on the time series of EF at station M

To evaluate the differences resulting from using different EF models
on satellite-derived time series we chose an area around Station M
(34°50’N, 123°0” W) in a transition region between coastal upwelling
areas of the CCE and the oligotrophic offshore domain. Observations at
Station M have been carried out since 1989 (Smith et al., 2013, 2018).
We used a time series of NPP calculated at 5-day intervals using 4-km
satellite data (http://www.wimsoft.com/CC4km.htm) and applied both
the Kelly et al., 2018 model and the Type II model. The valid EF pixel
values were averaged in a circle with 100-km radius. The para-
meterization of the EF model has a dramatic effect on estimated EF time
series (Fig. 7), particularly on estimates of EF variability. For example,
standard deviation (SD) of the time series of EF for the period of
2007-2018 more than doubled from 24.2mgC m~2 day " (0.078 in
logio units) when using the Kelly et al., 2018 model to 65.8 (0.185 in
logy units) mg C m ™2 day ! when using the Type II model. As shown
by Smith et al. (2018), episodic fluxes play an increasing role in the
total flux reaching the bottom. It is therefore important to investigate
the processes driving variability in EF for the in situ data (see discus-
sion), as well as the differences between two algorithms derived from a
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similar dataset. We note that the use of the OLS regression in Kelly
et al., 2018 was chosen to minimize the error between predictions and
in situ data at any specific location and time. However, the OLS (which
essentially is a mean-reverting regression), by definition underestimates
the slope of the underlying relationships between two uncontrolled
variables (e.g. NPP and EF). The Type II model thus may give a better
estimate of the true variability in EF, which could be important for
estimating important episodic energy pulses to benthic communities.

Another obvious feature of the time series is the suppression of both
the magnitude and the variability of EF during the 2015 Northeast
Pacific warming event (Jacox et al., 2016), regardless of which algo-
rithm is used. This suppressed EF was related to a decrease in Chla,
NPP, and frequency of fronts throughout our study region (Kahru et al.,
2018; Kelly et al., 2018). Notably, decreased carbon flux into near-
bottom sediment traps at Station M was also measured during this time
period (Smith et al., 2018).

4. Discussion

Using a 29-year record of in situ observations at Station M (NE
Pacific, 4000-m depth) Smith et al. (2018) showed that episodic peaks
in sedimenting fluxes play an increasingly important role for the deep
communities. According to in situ measurements the contribution of
high-magnitude episodic events has increased from an average of 19%
for the entire data set (1989-2017) to 43% in the most recent years
(2011-2017). The Kelly et al., 2018 model was used in Smith et al.
(2018) to evaluate linkages between surface conditions estimated from
satellite data and the deep water in situ measurements. Smith et al.
(2018) found that the background (non-episodic) flux to the abyss could
be well estimated by extrapolating surface flux estimated with the Kelly
et al., 2018 downward using a power law model. However, this ap-
proach underestimated the episodic high flux events by ~80%. We have
shown here that a portion of this underestimation is due to para-
meterization of the EF model using an OLS regression, which is well-
suited to estimating average conditions but can have a dramatic effect
on the dynamic range and variability of estimated EF. Use of a Type II
regression led to more than a doubling in temporal variability of pre-
dicted flux at Station M. The satellite-derived time series using this
regression (Fig. 7) shows the dramatic effects of climate variability as
the 2015 North-East Pacific warming event and the 2016 El Nifo se-
verely suppressed both EF magnitude and its temporal variability. The
2015-2016 warm event was also a period of suppressed frequency of
oceanic fronts (Kahru et al., 2018) that may have further reduced the
part of export flux caused by subduction as subduction at fronts makes a
significant addition to EF in addition to gravitational sinking (Stukel
et al., 2017a, 2017b).

Use of a Type II regression only explains a portion of the variability
in abyssal carbon flux noted by Smith et al. (2018). This is not sur-
prising, because NPP alone only explains a portion of the variability in
export flux seen in Fig. 2. Indeed, the highest flux events recorded in
this study occurred at intermediate values of NPP. These spikes of EF
are likely related to a suite of physical, biogeochemical, and ecological
dynamics that affect pelagic ecosystems, only some of which are likely

2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Fig. 7. Time series of satellite estimates of EF within a circle (radius = 100 km) around Station M (see Smith et al., 2018]) determined with the Kelly2018 model (red

line) and the York Type II model (black line).
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to be observable remotely. Stukel et al. (2017a, 2017b) and Krause
et al. (2015) found enhanced fluxes associated with mesoscale fronts in
the CCE. Similar impacts of mesoscale features have been found in other
regions as well (Benitez-Nelson and MecGillicuddy, 2008; Stemmann
et al., 2008; Estapa et al., 2015). Such features are observable by sa-
tellite and may be increasing in frequency in the CCE (Kahru et al.,
2012), suggesting that future studies might benefit from including
presence of fronts as an explicit variable used to enhance prediction of
export flux. Phytoplankton physiological changes (increased silicifica-
tion resulting from Fe stress) have also been identified as processes that
increase the efficiency of the biological pump in the CCE (Brzezinski
et al., 2015). Although Fe stress cannot currently be detected remotely,
Fe stress affects the fluorescence dynamics of phytoplankton (Kudela
et al., 2006), suggesting that it can feasibly be diagnosed using auton-
omous floats and/or next-generation satellite sensors.

Compared to the above processes, obtaining remote information
about the impact of epipelagic and mesopelagic zooplankton commu-
nities on carbon flux remains a daunting task. The specific composition
of zooplankton communities can have a strong impact on carbon flux.
Indeed, some of the highest magnitude episodic fluxes in the Smith
et al. (2018) data set were associated with blooms of salps and the
subsequent flux of their fecal pellets and carcasses to the benthos
(Smith et al., 2014). Further to the north, flux to the benthos has been
linked to the abundance of giant appendicularians (Robison et al.,
2005), while throughout our study region fecal pellets (primarily of
crustacean origin) are likely the dominant contributor to carbon flux
from the euphotic zone (Morrow et al., 2018). In other regions, krill,
pteropods, and salps have been identified as important producers of
sinking carbon (Pfannkuche and Lochte, 1993; Manno et al., 2009;
Phillips et al., 2009; Gleiber et al., 2012), while even the “mini-pellets”
of protists can contribute substantially to flux (Gowing and Silver,
1985; Lampitt et al., 2009). Meanwhile, dynamic mesopelagic com-
munities can substantially modify this downward flux. Flux-feeding
zooplankton, including pteropods, phaeodarians, copepods, and poly-
chaetes, feed efficiently on rapidly-sinking particles and can have
highly variable abundances (Jackson et al., 1993; Kosobokova et al.,
2002; Stukel et al., 2018; Christiansen et al., 2018). Patchy distributions
of filter-feeding zooplankton, such as krill and pyrosomes, can also lead
to near complete consumption of slowly-sinking particles in the shallow
twilight zone (Décima et al., 2019). Incorporating the variable impact
of these communities on carbon flux to the benthos may require cou-
pling statistical or dynamical models to remotely observed NPP and
other parameters.

5. Conclusions

Our results improve satellite-derived estimates of the export flux of
carbon, a variable that is crucial in climate change research. They also
highlight the large uncertainties that are evident in these estimates.
More research using process-oriented studies is clearly needed to ex-
plain the high residual variability in modeling e-ratio and export fluxes.
It is likely that additional sources of information must be considered to
increase the accuracy of carbon flux estimates. Such data include po-
tentially observable proxies for phytoplankton physiological status and
mesoscale dynamics associated with fronts and eddies, as well as esti-
mates of the role of zooplankton communities in particle creation and
flux attenuation, which may require the use of statistical or dynamical
population models.
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