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Abstract A profound warming event in the Gulf of
Maine during the last decade has caused sea surface
temperatures to rise to levels exceeding any earlier
observations recorded in the region over the last
150 years. This event dramatically affected CO,
solubility and, in turn, the status of the sea surface
carbonate system. When combined with the concomi-
tant increase in sea surface salinity and assumed rapid
equilibration of carbon dioxide across the air sea
interface, thermodynamic forcing partially mitigated
the effects of ocean acidification for pH, while raising
the saturation index of aragonite (£24z) by an average
of 0.14 U. Although the recent event is categorically
extreme, we find that carbonate system parameters
also respond to interannual and decadal variability in
temperature and salinity, and that such phenomena can
mask the expression of ocean acidification caused by
increasing atmospheric carbon dioxide. An analysis of
a 34-year salinity and SST time series (1981-2014)
shows instances of 5-10 years anomalies in temper-
ature and salinity that perturb the carbonate system to
an extent greater than that expected from ocean
acidification. Because such conditions are not uncom-
mon in our time series, it is critical to understand
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processes controlling the carbonate system and how
ecosystems with calcifying organisms respond to its
rapidly changing conditions. It is also imperative that
regional and global models used to estimate carbonate
system trends carefully resolve variations in the
physical processes that control CO, concentrations
in the surface ocean on timescales from episodic
events to decades and longer.

Keywords Gulf of Maine - Ocean acidification -
Events - Global warming

Introduction

Global ocean acidification (OA) proceeds as rising
CO, levels in the atmosphere (CO,(ym)) lead to higher
oceanic carbon dioxide concentrations via uptake
across the air—sea interface. In surface ocean chem-
istry, the term “carbonate system” refers to a combi-
nation of species produced by the equilibria

CO,+—H,CO;+—HCO; «+—CO3~ (1)

The uptake of atmospheric carbon over time perturbs
the carbonate system such that there is an increase in
surface ocean CO, (COy,q)) with a concomitant
reduction in surface pH. Since the beginning of the
industrial revolution, the world’s surface ocean has
decreased by about 0.1 pH units (Doney et al. 2009),
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and further reductions on the order of 0.2—0.3 pH units
are expected by 2100 (Feely et al. 2009). Reduction in
surface ocean pH due to increasing COy(y) is not the
only effect on the carbonate system; additionally, OA
causes reductions in carbonate ion (CO%’) concentra-
tion and in the saturation states of calcium carbonate
minerals () (Bates et al. 2014). While there is still
debate on the direct role that CO%‘ availability and its
proxy 2 play in shell development (Bach 2015; Jokiel
2016; Bednarsek et al. 2016), it is widely stated that
reductions in CO3~ and Q represent a stressor to a
variety of marine invertebrates that fix their shells or
skeletons from calcium carbonate (e.g. Waldbusser
et al. 2015). How these chemical changes will prop-
agate into marine ecosystems is a subject of growing
concern.

The potential threat by OA on marine organisms is
of critical importance in the Gulf of Maine (GOM),
where much of the value from fishery landings
originates from potentially susceptible organisms such
as lobsters (Homarus americanus) and sea scallops
(Argopecten irradians), (Cooley and Kite-Powell
2009; Ekstrom et al. 2015). Declining pH, CO3~
concentrations, and the saturation state of the shell
building mineral aragonite (24z), can affect organisms
in a variety of ways. The most cited impacts accrue
through decreased rates of calcification, particularly
during the larval phases of growth (e.g. Barton et al.
2012; Waldbusser et al. 2013), or via increased
respiration that can consume energy required for
mobility or reproduction (Gledhill et al. 2015). OA
can also affect an organism’s immune response, organ
development, and olfactory discrimination (Ekstrom
et al. 2015; Munday et al. 2009). Despite this knowl-
edge, the effects of OA on individual species and
community ecology are not well understood. While a
number of studies have been initiated to fill this
knowledge void, much of the work continues to be
done within the context of controlled experimental
studies rather than within functioning ecosystems. As
such, it is difficult to assess a species’ response to
multiple stressors or mitigative factors that may occur
in the natural environment (Breitberg et al. 2015).

In addition to OA, the carbonate system in coastal
waters is affected by varying fluxes of Dissolved
Inorganic ~ Carbon  (DIC : ) (COyyq) +HCO3 +

CO%’)), total alkalinity (TA), and nutrients derived
from local or remote sources. These processes are
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collectively known as coastal acidification and include
acidic river discharge (Salisbury et al. 2008), atmo-
spheric fluxes of acidic and alkaline compounds
occurring predominantly in coastal regions (Doney
et al. 2007), and coastal eutrophication. The latter is
attributable to land- and atmospherically-derived
nutrient fluxes that promote intense autotrophic pro-
duction with subsequent COy(,q) evolution and pH
reduction via heterotrophic respiration (Cai et al.
2011).

Physical processes in the GOM (e.g., strong tides,
wind-driven mixing, coastal currents) and large annual
ranges in sea surface temperature (SST) and salinity
generate significant thermodynamic variability in the
carbonate system from diurnal to annual timescales.
Of particular importance is the pronounced annual
cycle of COy,q), whereby disequilibrium with the
atmosphere is partially balanced by an air sea flux of
DIC (Shadwick et al. 2010; Vandemark et al. 2011).
The GOM is therefore an ideal region to investigate
how the effects of varying SST and salinity on the
carbonate system relate to long-term trends driven by
OA. In a climatological study using data from 1950 to
2013, the GOM records an annual SST range of
15.5°C and salinity range of 2.2 (Richaud et al. 2016).
The annual range alone elicits a significant change in
the carbonate system. For example, using approximate
mean GOM  salinity (32.2), mean TA
(2184 umol kg ') and an atmospherically equilibrated
seawater surface of pCO, (presently ~ 400 patm),
temperature alone produces an annual change of 0.013
in pH and 1.06 in Q4.

In this work we use simple data-driven decompo-
sition models to explore how the carbonate system is
affected by variability in SST, salinity, and its
covarying carbonate parameter, TA. We show that
over timescales of 5-10 years, such changes can
partially mitigate or overwhelm the effects of OA. The
variability imposed by thermodynamic changes is
described in several texts (e.g. Butler 1991; Stumm
and Morgan 1996). All carbonate dissociation and
calcite mineral solubility constants are dependent on,
and are modeled using temperature, and thus a change
in temperature will alter the relative proportions of
carbonate species.

Experimental determinations at constant TA, salin-
ity, and DIC show that the sensitivity of the partial
pressure  of COyq) (PCO,y,g) to  temperature
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variability is 4.23%°C~!, a relationship that is con-
sistent over a majority of the world’s oceans (Taka-
hashi et al. 1993). Similarly, at typical GOM SSTs,
assuming no exchange of inorganic carbon with the
atmosphere, and a constant mean GOM TA, salinity,
and DIC, pH decreases in a nonlinear fashion at a rate
of 0.015-0.017 U °C~!. However given the rapid
equilibration timescales indicative of the adjacent
Northwestern Atlantic (1-4 months; Jones et al.
2014), in reality the system would lose DIC during
warming, which would mitigate the decrease, or even
raise pH. For contrast, at constant mean GOM TA, and
salinity, with pCO,,q) held at 400 patm, pH increases

slightly (~0.001 U °C~!) due to the release of DIC.

As water temperature increases, the equilibrium in
Eq. 1 shifts to favor increases in CO%’ and Qur
(Dickson and Millero 1987). A dependency of 24z on
temperature is also due to the influence of temperature
on the apparent solubility product (Ksp). The Ksp for
aragonite decreases by ~0.4%°C~! (Mucci 1983).
Over the range of observed GOM SSTs, assuming
rapid equilibration, this translates into a 2,4z change of
0.05-0.09 U °C~!. Salinity variability has a more
modest effect on the carbonate system of seawater by
changing the ionic strength of the solution (Harris
2010), which decreases activity coefficients and, as a
result, the values of pH, and Q4g. Tracking salinity
also enables regional modeling of the quasi-conser-
vative TA (e.g. Lee et al. 2006; Cai et al. 2010) that
can be used as one of two parameters needed to resolve
the full carbonate system (Wolf-Gladrow et al. 2007).

Within the GOM, the decade spanning 2005-2014
was characterized by an extreme warming event with
average SST increasing by over 0.2°Cy~'. Satellite
observations of SST within the GOM show that the
region was warming at a faster rate than 99% of the
global ocean (Pershing et al. 2015), with the highest
average annual values exceeding over 150 years of
observations held in NOAA’s Merged Land-Ocean
Surface Temperature Analysis database (Vose et al.
2012). The warming initiated ecosystem changes that
included a northward (or deeper) shift in the distribu-
tions of many planktonic and nektonic organisms as
they sought out suitable temperatures (Nye et al. 2009;
Fogarty et al. 2012). Enhanced warming was accom-
panied by an increase in salinity that is consistent with
a change in water mass distribution related to a retreat
of the Labrador Current and a northerly shift of the

Gulf Stream as described in Saba et al. (2016) and
Grodsky et al. (2017).

We describe the relationship between physical
variability and the carbonate system in the GOM
during a time span over which large changes in SST
and salinity were observed. Our main emphasis seeks
to quantify the effects that recent extreme environ-
mental conditions played in driving changes in pH and
Q4r and to highlight the difficulties that variability in
physical drivers may cause in resolving longer-term
trends in OA. The work is structured as follows.
“Description of study region, methods, and data”
section describes the observations of SST, salinity,
and carbonate parameters in the GOM, as well as the
model framework and algorithms used to determine
carbonate system variability. “Results” section ex-
amines the causes of variability in the carbonate
parameters by decomposing the model into compo-
nents that highlight atmospheric versus physical
influences. We discuss the implications of the recent
heating event and sub-decadal variability in terms of
potential ecosystem stress and the longer-term trends
in OA in “Discussion” section.

Description of study region, methods, and data
Site description

The GOM is a productive temperate continental shelf
sea bounded by Cape Cod to the south and Nova Scotia
to the northeast (Fig. 1). It is well known for its large
semidiurnal tides and their resulting impact on mixing,
and also for the high commercial value of its fish and
shellfish landings. It is separated from the open
northwest Atlantic by both Georges and Browns
Banks. Considerable control on seasonal to inter-
annual circulation patterns is exerted via shelf-sea
exchange through the northheast Channel (NEC)
which separates Georges and Browns Banks from
the fresher coastal source waters on the Scotian Shelf
(Townsend 1991; Pringle 2006; Hetland and Signell
2005; Geyer et al. 2004; Feng et al. 2016). The GOM
has an average tidal range > 3.0m, and experiences
large seasonal amplitudes in surface salinity (Geyer
et al. 2004), net primary productivity (O’Reilly et al.
1987), SST and pC02<aq) (Vandemark et al. 2011).

The key circulation feature impinging on the region is
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Fig.1 Region map and grid of the model used in this study. The Gulf of Maine domain is shown as black grid nodes and periphery areas
as red. Locations of present or former NERACOOS buoys used for validation shown in green. (Color figure online)

the Maine Coastal Current (MCC), which flows
counterclockwise and delivers freshwater and con-
stituents from the northeast along the coast and into the
Gulf (Pettigrew et al. 2005).

Data preparation

We base our study on a combination of data sources
that include output from a physical General Circula-
tion Model (GCM) for salinity; satellite-derived SST
and chlorophyll, and pCO,,q observed in the GOM.
The carbonate system is modeled using thermody-
namic equilibrium equations as described in the
Handbook of Methods for Analysis of the Various
Parameters of the Carbon Dioxide System in Seawater
(Dickson and Goyet 1994):

[COy%] + [H,0] <= [HT] + [HCOY ]

" 2 (2)
> [H"]+[CO57],

with the apparent dissociation constants
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[HT][HCO; |
[COZ(aq) *]

[H][COT]

Kl = HCo| 3)

and K2 =
where brackets represent the stoichiometric concen-
trations of the chemical species and [COy(,q)*] repre-
sents the sum of the combined concentrations of
CO2(aq) and H2C03.

A full description of the carbonate system requires
salinity, temperature, pressure, and two carbonate
parameters—in this study TA and pCO,,q. Total
scale pH and Q45 are subsequently estimated using the
CO2SYS package (Lewis et al. 1998). The K1 and K2
constants are based on Mehrbach et al. (1973) and
refitted by Dickson and Millero (1987), with the
borate-to-salinity ratio of Uppstrom (1974). Alkalinity
modifications by phosphate and silicate are assumed to
be negligible. The saturation state with respect to
aragonite is defined as

[Ca*t][CO5]

QAr - KSP (4)
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where Ca’* and CO_%_ are the molar concentrations of
calcium and carbonate ions in solution, and K, is the
solubility product of the mineral aragonite that is
modeled as a function of in situ temperature, salinity,
and pressure.

Data and algorithms

Our analyses are performed on time series data that
begin in September 1981 and run through December
2014. All spatially resolved datasets are averaged over
the GOM domain to generate integrated system-wide
time series with a monthly temporal resolution. SST is
based on the 1/4° daily Optimum Interpolation Sea
Surface Temperature Version 2 (dOISSTv2), which
combines observations from satellites, ships, and
buoys into a blended product on a unified grid. The
main data sources are NOAA’s Advanced Very High
Resolution Radiometer (AVHRR) 7-19 satellites. The
resulting product typically has an average root-mean-
square error (RMSE) of 0.3 °C compared to buoy data
(Banzon et al. 2016; Reynolds and Chelton 2010).
Salinity is derived from the Northeast Coastal
Ocean Forecast System (NECOFS). NECOFS is an
integrated atmosphere-ocean model forecast system
designed for the Northeast US coastal region covering
a computational domain from the southern part of
Long Island Sound to the northern part of the Scotian
Shelf (Li et al. 2017). The system includes the
mesoscale Weather Research and Forecasting model
(WRF) and the unstructured grid Finite-Volume
Community Ocean Model (FVCOM-GOM, Chen
et al. 2006) GCM. The FVCOM-GOM grid covers
the GOM region and is enclosed by an open boundary
running from the Delaware Shelf to the Scotian Shelf.
The horizontal grid has a resolution (measured by the
length of the longest edge of a triangular cell) that
varies from 0.3 to 15 km over the entire domain. The
resolution in the Bay of Fundy ranges from 0.5 km
inside inlets to 2.0 km along the coast and 4.0 km in the
interior of the Bay. NECOFS is a product of the
Northeast Regional Coastal Ocean Observation Sys-
tem (NERACOOS), with support from the Mas-
sachusetts Fishery Institution and the MIT Sea Grant
Program. The salinity time series is validated using
data from five NERACOOS moorings in the GOM
(Fig. 1). We use monthly averages for each buoy and
perform a point-to-point comparison with each nearest

grid cell in the model. We note that uncertainty of
salinity (Table 1) can be considered conservative due
to spatial and temporal mismatches between buoy and
modeled data.

Time series of chlorophyll (Chl) are made using
data from the NASA satellites’ Coastal Zone Color
Scanner (CZCS 1981-1986, NASA Goddard Space
Flight Center 2014a), the Ocean Color-Temperature
Satellite (OCTS 1996, NASA Goddard Space Flight
Center 2014c¢), the Sea-Viewing Wide Field-of-View
Sensor (SeaWiFS 1997-2002, NASA Goddard Space
Flight Center 2014d), and the Moderate Resolution
Imaging Spectroradiometer (MODIS-Aqua 2002—pre-
sent, NASA Goddard Space Flight Center 2014b).
4 km Level 3 mapped monthly-mean fields from the
processing version 2014.0.1QL are matched to the
FVCOM grid by identifying the satellite grid cell with
which each node in the FVCOM grid overlaps. Time
gaps between CZCS and OCTS, and OCTS and
SeaWiFS, are filled by using a monthly climatology
based on the three previous years before and the
3 years after the gap (Fig. 2, third panel from top).

Zonal averages (40°N-50°N) of marine atmo-
spheric boundary layer mole fraction of CO, (xCO,)
from 1981 to 2014 were acquired from the NOAA
Earth System Research Laboratory GLOBALVIEW-
CO2 database (Masarie and Tans 1995). Atmospheric
CO, partial pressure (pCO,(,y)) Was estimated as
PCO;(ym) = XCO, (SLP-pH,0). Sea level pressure
(SLP) was set to 1 standard atmosphere (1013.25mb),
and water vapor pressure (pH,0O) was calculated as a
function of mean monthly GOM SST according to the
empirical formula described by Cooper et al. (1998).

TA is modeled as a function of salinity and
dOISSTv2 temperature data according to the North
Atlantic model of Lee et al. (2006, Table 1, Fig. 2).
Model output was compared to all surface TA data
found in the National Centers for Environmental
Information (n = 2140) producing an RMSE of
11.4 pmol kg ! (Table 1).

PCO;(yq) algorithm

pCO,(,q is modeled by deriving a relationship

between SST, salinity, Chl, day of year, and observed
pCO,(,q) based on a modification of methods pre-

sented by Signorini et al. (2013). The Signorini et al.
algorithm performed reasonably well with modeled
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Table 1 Uncertainty of modeled parameters

Parameter Uncertainty Data sources

SST 0.3°C Banzon et al. (2016) and Reynolds and Chelton (2010)
Salinity 0.49 “ GOM buoys vs FVCOM model fields” section

TA 11.4 umol kg™’ “Unpublished observations vs Lee model” section
PCO g 20.7 patm “SOCAT data vs modified Signorini model” section
Qur 0.070 “Monte Carlo simulation” section

pH 0.015 “Monte Carlo simulation” section

Uncertainties are measured as root mean square error (RMSE) defined as

n the number of observations

Fig. 2 System-wide 34
climatologies of time series

data used for model 233
development. Top panel: %
salinity from FVCOM; N 32

second panel: SST from
dOISSTV2, the red curve 31
shows annual averages;

third panel: satellite derived g 12
Chl, the grey box highlights < 40
the time period when no P

ocean color sensors were @ o8
available and monthly 25

climatology from 3 years
before and after fills the gap;
bottom panel: monthly mean
values of the SOCAT V5
database in the GOM
domain (blue), underlain by
PCOy4q) model output 0.0
described in the text (green).

(Color figure online)

Chlmg (g m™3)
5

1985 1990

COy(4q) showing an RSME 34.6 patm for the GOM
region. Our algorithm is a multiple linear regression of
a similar form, i.e.:

pCO, = f(vd', [Ko — Ko), [logi0(Chl) — log1o(Chl)])
+ slope(year — 2004)

(5)
where K is the solubility for COy,q) and Chl is
satellite chlorophyll. Ky and Chl are system-wide

mean values for the data set. yd' is the fit of a third
order Fourier function that models a daily climatology
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of GOM pCO,,q) based on day of year. The slope term
represents the annual derivative of the atmospheric
pCO,(,q estimates for the North Atlantic region.
These data have been smoothed by 3 months to
account for the estimated time required for COyyg) to
equilibrate into the surface ocean in our region (Jones
et al. 2014).

Training data for the multi regression model of
pCO;,(yq) are taken from the Surface Ocean COy(yq)
Atlas (Bakker et al. 2016) within our domain. In an
effort to avoid extreme pCO,q values found in
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regional river plumes (Cai et al. 2010; Salisbury et al.
2009), we remove all pCO,, data measured at
salinities <30.5. Further, to avoid disproportionate
effects from extreme outliers, we remove data below
and above the 1 and 99 percentiles respectively. The
resulting data set contained 200 784 values. These data
were averaged by month prior to regression analysis.
Model coefficients, results, and uncertainty are found
in Fig. 2 and Table 1.

Our approach differs from that of Signorini et al.
(2013) in three ways. First, we substitute SST and
salinity with Ky, a function of temperature, salinity,
and pressure (Weiss 1974). This approach provides a
better linear relationship compared to the non-linearity
that changing temperature imposes on COy(,q) solu-
bility. Second, instead of a simple sine function for day
of year, we use yd, which represents a better
approximation of the annual pCO,,q cycle. Finally,

we base the trend in COy(ym) on observations instead

of the linear increase of 1.68patmy~! used in

Signorini et al. (2013). While the average linear slope
determined here is similar (1.78 patmy~'), our
approach accounts for the non-linear increase in
COs(4um) over time (Fay and Mckinley 2013).

Monte Carlo simulations

The uncertainties of 24z and pH are estimated via
10,000 Monte Carlo simulations using SST, salinity,
TA, and pCO,,q) data with accompanying uncertainty
(standard deviation) values (Table 1). Prior to analy-
sis, single-sample Kolmogorov—Smirnov tests were
performed on each variable to verify the data were
normally distributed.

Anomalies and sensitivity analysis

To better elucidate long-term trends and short-term
variability obscured by the seasonal cycle, we use
2004 as a reference to which we compare all other
data. This year is noteworthy, as it represents the
beginning of the recent extreme warming event
(Pershing et al. 2015). The modeled time series of
TA, pCOz(aq>, salinity, and SST are used to construct
time series of Q4z and pH. Anomalies are calculated
by removing mean monthly values in 2004 from all
other years, month by month. We use the resulting
time series to estimate the sensitivity of €4 and pH to

variability imposed by OA, the effects of variable TA,
and the combined effects of SST and salinity vari-
ability, the latter which are intended to track the
variability of carbon dioxide solubility. For this work,
we narrowly define OA as the changes to the carbonate
system brought about by the increase in sea surface
pCO,(,q that are directly attributable to increasing
COs(atm)-

To understand the relative contribution of changes
in pCO,(,q), TA and combined SST and salinity on pH
and Qg variability, we perform the decompositions
shown in Eqs. 6 and 7. The partial derivatives quantify
changes in pH and Q4 attributable to incremental
changes in pCOz(aq), TA, and II, the last, which
represents the combined temperature and salinity
effects intended to track changes in CO,,q) solubility
(Eq. 8), with { representing the parameter of interest
(i.e. pH or Q4g).

opH opH
AlpH| = ApC —ATA+ 11 6
PH) = 500, €0+ s ATAT ©
AlQur] = — 4 ATA + 11 7
[Qr] 5pco, PCO+ s + (7)
e 5¢ .
I1 = 3SST ASST + 5SalinityAsalmlty (8)

The sensitivity to each variable is calculated by
holding each of the other components constant
(Table 2). The constant values are based on mean
data for each month of our reference year, 2004. Our
approach produces monthly time series showing the
relative contributions of ocean acidification, variable
TA and the combined effects of variable SST and
salinity, referenced to each month of 2004. We
investigate the behavior of OA on 4 and pH
(Table 2) by imposing the atmospheric pCOy ()

smoothed by 3 months, to account for C02<aq)
equilibration.

Results
The annual cycle of carbonate parameters
Our results are affected by the combination of seasonal

cycles, interannual variability, and decadal-scale
changes. These different scales are evident in Fig. 2
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Table 2 Description of sensitivity analyses

Process Modeling concept

Description

Combined SST and
SSS effects (I1)

TA effects

TA and pCOy(,q) held constant

SSS, SST, and pCOz(aq) held constant

Ocean acidification

effects proportional to atmospheric values

Salinity, SST, and TA held constant; pCOz(aq) increases

Response caused by heat flux, net freshwater
flux and ocean circulation

Response caused from changes in TA

Response from increasing CO(ym)
equilibrating into surface water

First column, process examined; second column, model method during sensitivity analyses; third column, description of process

examined

(e.g. salinity), where full time series of the data used
for model parameterization are presented. The sea-
sonal cycles of these variabiles are detailed in Fig. 3,
where the upper right panel highlights the annual cycle
of SST, ranging from a low of <4 °C in February and
March to a mean high of 18°C in August. Salinity
(upper left) has a range of ~ 1.5 from a low of 31.0 in
July to a high of 32.5 in November. The cycle of

34.0
33.5
33.0
32.5

SSS

32.0
315
31.0
30.5
30.0

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

500

400

300

pCO; (uatm)

200

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Fig. 3 Annual cycles of data used for model parameterization.
Boxplots show median value (white dot), 25th and 75th
percentiles (black bar) and range of data (vertical line), with
statistical outliers not shown. Salinity (top left), pCO, (top right)
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satellite Chl (bottom right) shows a peak in April,
which corresponds to the maximum rates of net
primary production (e.g. Behrenfeld and Falkowski
1997; Friedrichs et al. 2009). While not apparent in
the climatology, a smaller, shorter duration, peak
corresponding to a fall bloom, is often observed during
September or October (e.g. Riley 1947; Townsend and
Spinrad 1986; Thomas et al. 2003).
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&
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0
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0.1

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

and SST (bottom left) taken from the SOCAT V5 database, with
log Chl data taken from ocean color sensors coincident with the
SOCAT data
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This combination of seasonal variability in salinity,
SST, and net production controls much of the annual
cycle of pCO,,q) in the GOM and is largely consistent
with the seasonal dynamics described by Vandemark
et al. (2011), who have suggested that changes in
pCO,(,q are controlled by the countervailing annual
cycles of solubility and net biological process. The
biological “new year” begins with an intense spring
phytoplankton bloom that typically extends from
March to May. By removing DIC, the spring bloom
generates the most significant perturbation to pCO,q
throughout the year. Following the bloom, surface
water warms, promoting an increase in pCOy,q)-
Changes in Ky due to the summer warming are
expected to increase 2,45 and decrease pH. The annual
salinity cycle, which controls TA, imposes a modest
modulation of pCO,,q) via buffering of the carbonate
system, leading to slightly higher pCO,q values
when the salinity is low and vice versa. A fall bloom
may also cause a slight reduction in pCO,q via
uptake of DIC. As winter approaches, the water
becomes well mixed, entraining deeper waters with
higher DIC concentrations to the surface, raising the
pCO,(,q), While lowering Q4r and pH (Wang et al.
2017).

Anomaly analyses

Our anomaly analyses (Fig. 4) show that pH (lower
panel) exhibits a markedly different behavior than Q45
(top panel). pH declines at an average rate of
0.0018 y~! from 1981 to 2015, primarily in response
to the OA signal imposed on the carbonate system by
increasing atmospheric pCO,,q- The effect of OA on

Fig. 4 Anomalies relative 0.4
to monthly 2004 data. Q4g,

panel). Each time series was c 02 V\’/VI‘

(top panel), and pH (bottom

estimated in CO2SYS using

modeled pCO; ), TA, SST 0.0
and salinity. Month by

month values for 2004 were

subtracted from the time

series to produce the

anomalies. The grey bar

highlights data for 2004,

zeroed out by subtraction

W)

1985 1990

Qur is partially obscured because of their greater
sensitivity to variations in SST and salinity. Both
parameters show significant interannual variability
caused by differential timing and magnitude of the
seasonal cycle in SST, salinity, and net community
production relative to 2004. It is notable that Qg
shows a higher interannual variability (often > 5%,
usr = 1.96) than pH (< 1%, ppH = 8.06). The
long-term trend in pH is not entirely consistent over
the full time series, but varies on decadal scales with
patterns in the SST and salinity data (see Fig. 4). For
example, the time periods 1981-1987, 1995-2001,
and 2004-2014 show considerable deviation from the
long-term trend 1981-2015 driven by OA (i.e. pH =
—0.018 and 24z = — 0.065 perdecade, Table 3, See
OA). The decadal variability is more pronounced for
Q4g, which is dominated by the variation in TA and
combined SST and salinity, with less dependence on
the OA signal.

Sensitivity analyses

By modeling the carbonate system while holding
certain terms constant, we are able to investigate in
greater detail how specific processes affect carbonate
parameters. Figure 5 shows results from these analy-
ses. We note the annual amplitude of each curve is
partially affected by our choice to hold variables
relative to each month of 2004. While OA imparts a
signal into each parameter, the effect is most signif-
icant for pH (Table 3). The trends in TA perturbations
are significant when the entire time series is viewed
(Table 3), but are even more pronounced when the
data are divided into sub-decadal periods from 1991 to

0.050
0.025
S

0.000

1995 2000 2005 2010 2015
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Table 3 Data perturbations and resultant decadal change and uncertainty of slope over the entire data range (1981-2014)

Perturbation Parameter Average decadal change (confidence interval)
No perturbation Qur — 0.049 (£ 0.009)
pH — 0.018 (& 0.0005)
OA Qur — 0.065 (& 0.009)
pH — 0.018 (& 0.0021)
TA Quar — 0.007 (& 0.004)
pH — 0.0006 (£ 0.0003)
SST and salinity Qur 0.025 (£ 0.006)
pH 0.003 (£ 0.0012)

Uncertainty is estimated as confidence intervals at p <0.05 and presented in parentheses. Note that the decadal change attributable to
temperature and salinity variability is positive

Fig. 5 The sensitivity of
Qur (top panels) and pH
(bottom panels), to OA (left
panels), variable TA (center
panels) and combined
effects of variable SST and
salinity (right panels). Slope
information for various time
intervals can be found in
Table 4

Acidification

1990 2000 2010

1997 and 2004 to present, intervals that correspond to
salinity anomalies in the GOM (Table 4).

1990 2000 2010

SST & SSS

1990 2000 2010

The combined effects of SST and salinity on pH
produce small but significant changes over all time-
scales considered (Tables 3, 4) with the sign of pH

Table 4 The response of 24z and pH to perturbations by acidification, variable TA, and combined variability of SSS and SST over
specific time ranges with high variance in SST and salinity

Decadal change

OA

TA

SST and SSS

Time range Parameter
1981-1987 Qur

pH
1991-1998 Qar

pH
2004-2015 Qur

pH

— 0.057 (& 0.0187)
— 0.016 (< 0.0006)
— 0.053 (& 0.0077)
— 0.015 (& 0.0006)
— 0.070 (& 0.0023)
— 0.020 (& 0.0003)

— 0.092 (£ 0.0611)
— 0.002 (£ 0.0014)
n/a

0.003 (£ 0.0009)
0.156 (£ 0.0305)
n/a

0.020 (£ 0.0001)
0.002 (& 0.0005)
— 0.115 (£ 0.0276)
— 0.008 (£ 0.0020)
0.066 (£ 0.0180)
0.0037 (£ 0.0013)

Confidence intervals are shown in parentheses as estimated at p<0.05. n/a indicates that the slope is not significant
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change being negative or positive depending primarily
on the direction of the SST change. The combined
effects of SST and salinity cause large variability in
Qur at all time intervals except for 1991-1998
(Table 4). We note that the curves describing the
sensitivity of 4z to TA and combined salinity and
SST share similarities for two reasons. First, the TA
values and their corresponding buffering capacity are
dependent on salinity and, to a lesser degree, temper-
ature (Lee et al. 2006). Second, as discussed in the
introduction, decadal variability in SST and salinity
often covary due to the interplay between fresher
water entering from the north, and warmer waters from
the south, with warming accompanied by an increase
in salinity (and alkalinity) and vice versa. Both
warming and increased alkalinity will increase Qg.

Using mean annual values, we assess the respective
contribution by acidification and other effects to recent
trends in pH and Q4. Figure 6 shows a subset of the
sensitivity analyses that focus on the extreme warming
and salinity event spanning from 2004 to 2014. The
figure demonstrates the magnitude of the OA signal
relative to all other effects considered here (TA, SST
and salinity). During this time OA is clearly the
dominating factor affecting the trend in pH, whereas
Q4r is mainly influenced by the other factors (cf.
Table 4). These distinctions can also be see in annual
mean of the time series in Fig. 7.

Fig. 6 A comparison of

ocean acidification effects 0.20
(blue bars) versus all other

effects (green bars) for Q4g,

(top panel) and pH (bottom 0.10
panel) from 2004 to 2014.
Acidification is the
dominant cause of
variability in pH during this
period. However the
combination of variable TA,
SST and salinity overwhelm
the acidification signal for
Qug. (Color figure online)

I Other Effects

o

-0.10

2006

B Ocean Acidification

I I l..

Discussion

Over sufficiently long timescales it is understood that
the oceanic carbonate system will respond propor-
tionally to increasing DIC brought about by OA.
Several recent studies have presented results showing
OA to be the predominant driver of trends in pH
(Lauvset et al. 2015), pCO,(,q (Fay and Mckinley
2013; Turi et al. 2016), and Q4z (Jiang et al. 2015).
However, trends in these parameters are often found to
be larger or smaller than that expected by OA alone.
Sensitivity analyses by these investigators demon-
strate that processes such as net warming, variable
salinity, and upwelling affect the rate of change over
time and space. This is particularly true in coastal
regions (Turi et al. 2016), where upwelling and
freshwater inputs can affect the variability of the
carbonate system and increase the length of time series
needed to detect statistically distinct differences in the
rate of change (Fay and Mckinley 2013; Tjiputra et al.
2014).

Because of the climatological, geographical, and
hydrological characteristics found in the GOM and its
surrounding watersheds, we expect the OA signal to be
modulated by physical forcing. This forcing can occur
over sub-daily timescales such as the case in which
heat flux or mixing of water masses rapidly change the
distribution of carbonate parameters. Figure 6 shows
an example occurring at the decadal scale where the
OA signal dominates the variability of pH, but for 24,

0.010

0.000

H

-0.010 <

-0.020

2008 2010 2012 2014
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Fig. 7 Annual means of

Q4g, (top panel) and pH T
(bottom panel), intended to 29
demonstrate interannual and
decadal scale variability in
Qur. Note that data from
1981 have been eliminated
since it was not an entire
year

1980

1985

1990 1995 2000 2005 2010

thol

8.1 T

8.08 -

8.06 -

thot

8.04 -

8.02 -

1980 1985

the OA signal is overwhelmed by other factors. Over
this time period, thermodynamic forcing partially
mitigated the effects of OA for pH, while Quz
increased by an average of 0.14 U. We note that
physical forcing leading to a change in surface
pCO,(,q) Wwould also alter the disequilibrium of
pCO;,(yq) With the atmosphere, initiating a change in
the rate of the net CO,(,q) flux. Although we could find
no published information describing the timescales of
mixed layer equilibration of CO,(yq) in the GOM, we
assume that it is similar to or less than the adjacent
Western Atlantic that exhibits timescales of 1-4
months due to the relatively high gas transfer veloc-
ities and moderate mixed layer depths found in the
GOM (Jones et al. 2014; Galbraith et al. 2015). Such
short equilibrium timescales would mean that
increases in surface pCO,(,, due to warming are
accompanied with rapid removal of DIC across the
air-sea interface while pCO,,,) remains higher than
PCO;(4m)- The opposite would be true during cooling.
In the case of heating (increased pCO,q)), the
removal of DIC would raise the ratio of TA:DIC and
in turn, modulate the change in pH and Q4 to higher

@ Springer
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values. Thus we speculate that thermodynamic forcing
with subsequent gas exchange plays a major role in
regulating the status of the carbonate system in the
GOM.

Our results demonstrate that pH and Q4 in the
GOM respond to OA, but are also sensitive to
thermodynamic (net heating) and chemical (TA)
variability. The magnitude of response to each process
is dependent on the parameter and the conditions to
which the parameters are subjected. For example, pH
demonstrates significant correlation with OA over the
full time series (r> = —0.95, p<0.001) (Fig. 4,
Table 3). However, pH is less correlated with OA
during periods with high overall variability (Table 4),
owing to greater influences in variability of SST,
salinity and TA. Q4 is also affected by OA, but is far
more sensitive to relative changes in temperature and
salinity than pH (Tables 3, 4). Over the entire time
range, and for each parameter, the effect on the
carbonate systems by TA variability alone generates
significant decdal-scale trends (Table 3). Since the
distributions of TA closely follow salinity patterns,
TA is primarily controlled by decadal scale salinity
anomalies (Petrie and Drinkwater 1993) that can be
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linked to the upstream discharge of the Saint Lawrence
River and the behavior of Arctic water masses
(Khatiwala et al. 1999), as well as inputs of warm
salty slope waters originating from the South (Saba
et al. 2016; Townsend et al. 2015). This control has
important implications in that discharge from local
watersheds to the GOM has been increasing over the
last four decades (Huntington et al. 2016; Huntington
and Billmire 2014), and with higher precipitation than
under current conditions expected in the future
(Rawlins et al. 2012), local discharge could continue
to increase. The possibility of fresher surface waters in
the GOM from both regional and remote sources
implies that TA could decrease together with the
TA:DIC ratio, and as a consequence, pH and Qg
would also decrease.

The sensitivity to temperature shown by Qug
highlights the degree to which interannual warming
and cooling events influence longer-term trends. The
last decade’s warming and increasing salinity event
has had a dramatic effect on Q4 that is > 2.5 times
greater than that of OA alone (Fig. 6, Table 4). Put
another way, the changes in salinity and SST linked to
the recent event actually served to mitigate the
equivalent of 25 years of decline from OA. We note
that if this event had instead contributed fresher and
cooler waters, the effect would have reversed and
greatly exacerbated the impact of OA. While the
perturbations in salinity and SST over the last decade
are extreme in our data set, smaller SST and salinity
fluctuations capable of affecting the consecutive
interannual means of Q4 ( > £ 5%) can be found
throughout the time series (Fig. 7). By contrast, such
variability is an order of magnitude greater than the
interannual variability in the offshore surface waters
of the Atlantic and Pacific Oceans (Jiang et al. 2015).

The hidden signal of ocean acidification

While OA is clearly decreasing 24z and pH, it is
difficult to observe this signal without sufficiently long
time series (Fay and Mckinley 2013; McKinley et al.
2017; Henson et al. 2016). Because the strong sea-
sonality and vigorous physical processes serve to
attenuate the OA signal in the GOM, we seek to
understand how long a time series of observations
would need to be in order to observe the expression of
OA. One can evaluate the degree to which total
variability obscures the OA signal by estimating the

time it would take for the current trend in OA to
emerge from the background variability caused by
biological and physical processes affecting the car-
bonate system. One simple approach, termed Time of
Emergence (ToE), is designed to detect biogeochem-
ical signals in the context of noise imposed by other
natural processes (Keller et al. 2014). ToE is defined
as

ToE = — 9)

where S is the absolute value of the slope of the trend
of interest and ¢ is the variance (standard deviation) of
the observed time series. Doubling ¢ implies that the
signal emerges through twice the observed variability
and that ToE will be estimated at the 95% confidence
level. Assuming an average positive trend of
1.78 patm pCO, 4 y~! based on increasing COxatm)>
our results for the OA simulations provide annual
linear trends (S) for pH (—0.0018y~!), and Quz
(—0.0065y~"), over the entire time range (Table 3).

We calculate ToEs for pH and Q4 based on
imposition of the calculated slopes and ¢ for the entire
time series, as well as partial time series in 11-year
increments starting in January 1982. After eliminating
the partial year of 1981, 11-year intervals represent 1/3
of the dataset. When calculated over the entire time
series using annual averaged data (cf. (Keller et al.
2014)), we find our estimate of ToE for pH in the GOM
is longer (approximately 20 years vs 14 years). We
speculate that the main reason for this difference is the
result of using higher fidelity data to model pH, which
imparts greater variance in the ToE estimate.

When based on monthly data and its full variance,
longer ToE values are estimated (Table 5). We also
find that the ToE for Q4f is considerably longer than

Table S Time of emergence in years for pH and €24z based on
time series over different time intervals

Time interval Omega pH

1981-2014 102.0 (0.33) 35.6 (0.033)
1982-1992 97.5 (0.31) 32.3 (0.029)
1993-2003 103.4 (0.34) 36.0 (0.032)
2004-2014 100.7 (0.32) 28.4 (0.025)

The standard deviation (o) of each time series is indicated in
parentheses
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for pH, particularly for time intervals with high
variance. Indeed, given the variability seen over the
last 34 years, application of Eq. 9 to the data suggests
it could take up to a century of observations for an OA
signal to emerge in 4. The differences in ToEs for
different intervals are consistent with our findings that
variability in pH is dominated by the OA signal, while
Q4 responds more strongly to perturbations arising
from both OA and thermodynamic variability that
operates over interannual to decadal timescales. Such
results point to difficulties in trend analyses when
using inadequately long time series or data of poor
temporal resolution that are averaged annually. Fur-
ther, the ToE estimate used here cannot provide a date
at which the data set will reveal that OA is actually
dominating the biogeochemical signal, but instead can
only indicate the time it would take for the imposed
slope to emerge through the variance. For example,
trend analyses performed with the last interval of our
data set (2004-2014) may conclude that Q4p is
steadily increasing, while over the longer time span
it is actually decreasing in response to OA.

The fact that the ToEs estimated for the GOM are
longer than for than many ocean regions described in
Keller et al. (2014) highlights the importance of
understanding how local physical and biological
processes affect the carbonate system. In our data
Q4r shows an annual range between 0.7 and 1.05 in
our time series, which is more than twice as large as
what is typically observed at open ocean sites such as
the Hawaii Ocean Time Series (Doney et al. 2009).
The annual cycle of SST and salinity (with its
attendant TA change), can account for most of the
observed variability (see Fig. 2, top panels). When
extreme events like the one experienced over the last
decade are added to the seasonality in SST and
salinity, the range of 4z values experienced by
calcifying ecosystems becomes even larger. An
important finding from these analyses centers on the
need for long-term sustained observations in order to
establish OA treands and to distinguish the different
effects that chemical, physical and biological pro-
cesses have on the observed signals and trends.
Presently such time series are rare, with few (e.g.
Hawaiian Ocean Time Series; Bermuda Atlantic Time
Series) possessing the required data holdings neces-
sary to resolve the drivers of carbonate system
variability.

@ Springer

Potential significance to ecosystems

Questions arise concerning how rapid changes in the
carbonate system may affect calcifying ecosystems.
Many organisms have life histories that start in the
water column prior to settlement in the benthos, and
these early stages may have distinct sensitivities to
surface carbonate parameter thresholds (Waldbusser
and Salisbury 2014; Waldbusser et al. 2015). For
example, Salisbury et al. (2008) have shown slower
shell formation and growth in larvae of the commer-
cially harvested GOM clam species Mercenaria
mercenaria when Qr <1.6.

Sutton et al. (2016) investigated present-day
coastal Q4g distributions using pH and pCO,,) data

from several buoyed assets, including the Coastal
Western GOM Mooring, located at 43.02°N,
70.54°W. They also modeled preindustrial values,
making assumptions about pCO, .y, values of the
past. One finding was that during preindustrial times,
Q4r never dropped below the 1.6 threshold at the
GOM site. However, in present day conditions the
threshold is exceeded in the coastal GOM 11-31% of
the time from December through April, with peak
exposure to low Q45 in February and March. While the
average SSTs during this time are typically below the
11 °C necessary to initiate clam spawning (Ropes and
Stickney 1965), continued warming in combination
with OA could create conditions where larval shellfish
are exposed more frequently to suboptimal Qug,
leading to less growth. While it is beyond our scope
to speculate whether the recent events could have
affected ecosystem function, we note that during the
last decade, surface ocean ecosystems in the GOM
have been exposed to an 4 range that contains
nearly the entire envelope of values observed over the
34-year time series (exposure range since 2004 = 1.2;
time series max—min = 1.3). To assess whether an
ecosystem or species is at risk or aided by such events,
it is important to characterize the drivers and ranges of
chemical conditions over periods of low and high
variance, and to better account for organismal
responses to such conditions.

Our work highlights the importance of long-term
monitoring of coastal ecosystems, especially those in
ecosystems like the GOM that experience high
variability at multiple timescales. Only time series
data taken at regular intervals and over decades enable
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us to overcome signal-to-noise issues, thereby allow-
ing the identification of extreme events and the
separation of signals into those affected by physical,
biological, and OA processes. Because long-term
observation assets are costly to deploy and maintain, it
is incumbent upon the ocean carbon modeling com-
munities to continue efforts to resolve variations in the
physical processes that control CO,(,q) on timescales
from episodic events to decades and longer.

Acknowledgements Our efforts were supported by NOAA
Ocean Acidification Program Grants NA16NOS0120023 and
NA170AR0170164, NASA Carbon Cycle Science Grant
13-CARBON13_2-0194 and NASA NNX16AD39G. We
gratefully acknowledge support provided by Northeastern
Regional Association for Coastal Ocean Observing Systems,
and model output by the Northeast Coastal Ocean Forecast
System led by Changsheng Chen. Effort to develop the original
algorithms of Sergio Signorini and collaborators are
appreciated, as are the efforts of those responsible for building
the SOCAT data set. We appreciate the advice and efforts of
Douglas Vandemark, Christopher Hunt and Melissa Melendez.

Open Access This article is distributed under the terms of the
Creative Commons Attribution 4.0 International License (http://
creativecommons.org/licenses/by/4.0/), which permits unre-
stricted use, distribution, and reproduction in any medium,
provided you give appropriate credit to the original
author(s) and the source, provide a link to the Creative Com-
mons license, and indicate if changes were made.

References

Bach LT (2015) Reconsidering the role of carbonate ion con-
centration in calcification by marine organisms. Biogeo-
sciences 12(16):4939-4951. https://doi.org/10.5194/bg-
12-4939-2015

Bakker DCE, Pfeil B, Landa CS, Metzl N, O’Brien KM, Olsen
A, Smith K, Cosca C, Harasawa S, Jones SD, Nakaoka Si,
Nojiri Y, Schuster U, Steinhoff T, Sweeney C, Takahashi
T, Tilbrook B, Wada C, Wanninkhof R, Alin SR, Balestrini
CF, Barbero L, Bates NR, Bianchi AA, Bonou F, Boutin J,
Bozec Y, Burger EF, Cai WJ, Castle RD, Chen L, Chierici
M, Currie K, Evans W, Featherstone C, Feely RA, Frans-
son A, Goyet C, Greenwood N, Gregor L, Hankin S,
Hardman-Mountford NJ, Harlay J, Hauck J, Hoppema M,
Humphreys MP, Hunt CW, Huss B, Ibanhez JSP, Johan-
nessen T, Keeling R, Kitidis V, Kortzinger A, Kozyr A,
Krasakopoulou E, Kuwata A, Landschiitzer P, Lauvset SK,
Lefévre N, Lo Monaco C, Manke A, Mathis JT, Merlivat L,
Millero FJI, Monteiro PMS, Munro DR, Murata A, New-
berger T, Omar AM, Ono T, Paterson K, Pearce D, Pierrot
D, Robbins LL, Saito S, Salisbury J, Schlitzer R, Schneider
B, Schweitzer R, Sieger R, Skjelvan I, Sullivan KF,
Sutherland SC, Sutton AJ, Tadokoro K, Telszewski M,

Tuma M, van Heuven SMAC, Vandemark D, Ward B,
Watson AJ, Xu S (2016) A multi-decade record of high-
quality fCO, data in version 3 of the Surface Ocean CO,
Atlas (SOCAT). Earth Syst Sci Data 8(2):383-413. https://
doi.org/10.5194/essd-8-383-2016

Banzon V, Smith TM, Chin TM, Liu C, Hankins W (2016) A
long-term record of blended satellite and in situ sea-surface
temperature for climate monitoring, modeling and envi-
ronmental studies. Earth Syst Sci Data 8(1):165-176.
https://doi.org/10.5194/essd-8-165-2016

Barton A, Hales B, Waldbusser GG, Langdon C, Feely RA
(2012) The Pacific oyster, Crassostrea gigas, shows nega-
tive correlation to naturally elevated carbon dioxide levels:
implications for near-term ocean acidification effects.
Limnol Oceanogr 57(3):698-710. https://doi.org/10.4319/
10.2012.57.3.0698

Bates NR, Astor YM, Church MJ, Currie K, Dore JE, Gonzalez-
Davila M, Lorenzoni L, Muller-Karger F, Olafsson J,
Magdalena Santana-Casiano J (2014) A time-series view of
changing surface ocean chemistry due to ocean uptake of
anthropogenic CO; and ocean acidification. Oceanography
27(1):126-141

Bednarsek N, Harvey CJ, Kaplan IC, Feely RA, Mozina J (2016)
Pteropods on the edge: cumulative effects of ocean acidi-
fication, warming, and deoxygenation. Prog Oceanogr
145:1-24. https://doi.org/10.1016/j.pocean.2016.04.002

Behrenfeld MJ, Falkowski PG (1997) A consumer’s guide to
phytoplankton primary productivity models. Limnol
Oceanogr 42(7):1479-1491. https://doi.org/10.4319/1o.
1997.42.7.1479

Breitberg D, Salisbury JE, Bernhard J, Cai WJ, Dupont S, Doney
S, Kroeker K, Levin L, Long WC, Milke L, Miller S,
Phelan B, Passow U, Seibel B, Todgham A, Tarrant A
(2015) And on top of all that... Coping with ocean acidi-
fication in the midst of many stressors. Oceanography
25(2):48-61. https://doi.org/10.5670/oceanog.2015.31

Butler JN (1991) Carbon dioxide equilibria and their applica-
tions. CRC Press, Boca Raton

Cai WJ, Hu X, Huang W1J, Jiang LQ, Wang Y, Peng TH, Zhang
X (2010) Alkalinity distribution in the western North
Atlantic Ocean margins. J Geophys Res. https://doi.org/10.
1029/2009JC005482

Cai WJ, Hu X, Huang WJ, Murrell MC, Lehrter JC, Lohrenz SE,
Chou WC, Zhai W, Hollibaugh JT, Wang Y, Zhao P, Guo
X, Gundersen K, Dai M, Gong GC (2011) Acidification of
subsurface coastal waters enhanced by eutrophication. Nat
Geosci 4(11):766-770. https://doi.org/10.1038/ngeo1297

Chen C, Beardsley R, Cowles GW (2006) An unstructured grid,
finite-volume coastal ocean model (FVCOM) system.
Oceanography  19(1):78-89.  https://doi.org/10.5670/
oceanog.2006.92

Cooley SR, Kite-Powell HL (2009) Ocean acidification’s
potential to alter global marine ecosystem services.
Oceanography 22(4):172-181

Cooper DJ, Watson AJ, Ling RD (1998) Variation of pCO,
along a North Atlantic shipping route (U.K. to the Car-
ibbean): a year of automated observations. Mar Chem
60(1-2):147-164. https://doi.org/10.1016/S0304-
4203(97)00082-0

Dickson AG, Goyet C (1994) Handbook of methods for the
analysis of the various parameters of the carbon dioxide

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.5194/bg-12-4939-2015
https://doi.org/10.5194/bg-12-4939-2015
https://doi.org/10.5194/essd-8-383-2016
https://doi.org/10.5194/essd-8-383-2016
https://doi.org/10.5194/essd-8-165-2016
https://doi.org/10.4319/lo.2012.57.3.0698
https://doi.org/10.4319/lo.2012.57.3.0698
https://doi.org/10.1016/j.pocean.2016.04.002
https://doi.org/10.4319/lo.1997.42.7.1479
https://doi.org/10.4319/lo.1997.42.7.1479
https://doi.org/10.5670/oceanog.2015.31
https://doi.org/10.1029/2009JC005482
https://doi.org/10.1029/2009JC005482
https://doi.org/10.1038/ngeo1297
https://doi.org/10.5670/oceanog.2006.92
https://doi.org/10.5670/oceanog.2006.92
https://doi.org/10.1016/S0304-4203(97)00082-0
https://doi.org/10.1016/S0304-4203(97)00082-0

416

Biogeochemistry (2018) 141:401-418

system in sea water. Technical report 74. ORNL, Oak
Ridge

Dickson AG, Millero FJ (1987) A comparison of the equilib-
rium-constants for the dissociation of carbonic-acid in
seawater media. Deep Sea Res I 34(10):1733-1743

Doney SC, Mahowald N, Lima ID, Feely RA, Mackenzie FT,
Lamarque JF, Rasch PJ (2007) Impact of anthropogenic
atmospheric nitrogen and sulfur deposition on ocean
acidification and the inorganic carbon system. Proc Natl
Acad Sci USA 104(37):14,580-14,585. https://doi.org/10.
1073/pnas.0702218104

Doney SC, Fabry VIJ, Feely RA, Kleypas JA (2009) Ocean
acidification: the other CO, problem. Annu Rev Mar Sci
1(1):169-192. https://doi.org/10.1146/annurev.marine.
010908.163834

Ekstrom JA, Suatoni L, Cooley SR, Pendleton LH, Waldbusser
GG, Cinner JE, Ritter J, Langdon C, van Hooidonk R,
Gledhill D, Wellman K, Beck MW, Brander LM, Rittschof
D, Doherty C, Edwards PET, Portela R (2015) Vulnera-
bility and adaptation of US shellfisheries to ocean acidifi-
cation. Nat Clim Change 5(3):207-214. https://doi.org/10.
1038/nclimate2508

Fay AR, Mckinley GA (2013) Global trends in surface ocean
pCO, from in situ data. Glob Biogeochem Cycles
27(2):541-557. https://doi.org/10.1002/gbc.20051

Feely RA, Doney S, Cooley S (2009) Ocean acidification: pre-
sent conditions and future changes in a high-CO, world.
Oceanography  22(4):36-47.  https://doi.org/10.5670/
oceanog.2009.95

Feng H, Vandemark D, Wilkin J (2016) Gulf of Maine salinity
variation and its correlation with upstream Scotian Shelf
currents at seasonal and interannual time scales. J Geophys
Res Oceans 121(12):8585-8607. https://doi.org/10.1002/
2016JC012337

Fogarty MJ, Townsend DW, Klein E (2012) Advances in
understanding ecosystem structure and function in the Gulf
of Maine. In: American fisheries society symposium,
pp 261-272

Friedrichs MAM, Carr ME, Barber RT, Scardi M, Antoine D,
Armstrong RA, Asanuma I, Behrenfeld MJ, Buitenhuis ET,
Chai F, Christian JR, Ciotti AM, Doney SC, Dowell MD,
Dunne JP, Gentili B, Gregg WW, Hoepffner N, Ishizaka J,
Kameda T, Lima ID, Marra J, Melin F, Moore JK, Morel A,
O’Malley RT, O’Reilly J, Saba VS, Schmeltz M, Smyth TJ,
Tjiputra J, Waters K, Westberry TK, Winguth A (2009)
Assessing the uncertainties of model estimates of primary
productivity in the tropical Pacific Ocean. J Mar Syst
76(1-2):113-133. https://doi.org/10.1016/j.jmarsys.2008.
05.010

Galbraith ED, Kwon EY, Bianchi D, Hain MP, Sarmiento JL
(2015) The impact of atmospheric pCO, on carbon isotope
ratios of the atmosphere and ocean. Glob Biogeochem
Cycles 29(3):307-324. https://doi.org/10.1002/
2014GB004929

Geyer W, Signell RP, Fong D, Wang J, Anderson D, Keafer B
(2004) The freshwater transport and dynamics of the
western Maine coastal current. Cont Shelf Res
24(12):1339-1357. https://doi.org/10.1016/j.csr.2004.04.
001

Gledhill DK, White MM, Salisbury J, Thomas H, Mlsna I,
Liebman M, Mook B, Grear J, Candelmo AC, Chambers

@ Springer

RC, Gobler CJ, Hunt CW, King AL, Price NN, Signorini
SR, Stancioff E, Stymiest C, Wahle RA, Waller JD,
Rebuck ND, Wang ZA, Capson TL, Morrison JR, Cooley
SR, Doney SC (2015) Ocean and coastal acidification off
England and nova scotia. Oceanography 28:182-197

Grodsky SA, Reul N, Chapron B, Carton JA, Bryan FO (2017)
Interannual surface salinity on Northwest Atlantic shelf.
J Geophys Res Oceans 122(5):3638-3659. https://doi.org/
10.1002/2016JC012580

Harris DC (2010) Quantitative chemical analysis. W. H, Free-
man, China Lake

Henson SA, Beaulieu C, Lampitt R (2016) Observing climate
change trends in ocean biogeochemistry: when and where.
Glob Change Biol 22(4):1561-1571. https://doi.org/10.
1111/gcb.13152

Hetland RD, Signell RP (2005) Modeling coastal current
transport in the Gulf of Maine. Deep Sea Res
52(19-21):2430-2449. https://doi.org/10.1016/j.dsr2.
2005.06.024

Huntington TG, Billmire M (2014) Trends in precipitation,
runoff, and evapotranspiration for rivers draining to the
Gulf of Maine in the United States. J Hydrometeorol
15(2):726-743. https://doi.org/10.1175/JHM-D-13-018.1

Huntington TG, Balch WM, Aiken GR, Sheffield J, Luo L,
Roesler CS, Camill P (2016) Climate change and dissolved
organic carbon export to the Gulf of Maine. J Geophys Res
Biogeosci  121(10):2700-2716. https://doi.org/10.1002/
2015JG003314

Jiang LQ, Feely RA, Carter BR, Greeley DJ, Gledhill DK,
Arzayus KM (2015) Climatological distribution of arago-
nite saturation state in the global oceans. Glob Biogeochem
Cycles  29(10):1656-1673.  https://doi.org/10.1002/
2015GB005198

Jokiel PL (2016) Predicting the impact of ocean acidification on
coral reefs: evaluating the assumptions involved. ICES J
Mar Sci 73(3):550-557. https://doi.org/10.1093/icesjms/
fsv091

Jones DC, Ito T, Takano Y, Hsu WC (2014) Spatial and seasonal
variability of the air-sea equilibration timescale of carbon
dioxide. Glob Biogeochem Cycles 28(11):1163-1178.
https://doi.org/10.1002/2014GB004813

Keller KM, Joos F, Raible CC (2014) Time of emergence of
trends in ocean biogeochemistry. Biogeosciences
11(13):3647-3659.  https://doi.org/10.5194/bg-11-3647-
2014

Khatiwala SP, Fairbanks RG, Houghton RW (1999) Freshwater
sources to the coastal ocean off northeastern North
America: evidence from H 2180/H 2160. J Geophys Res
104(C8):18241-18255. https://doi.org/10.1029/
1999JC900155

Lauvset SK, Gruber N, Landschiitzer P, Olsen A, Tjiputra J
(2015) Trends and drivers in global surface ocean pH over
the past 3 decades. Biogeosciences 12(5):1285-1298.
https://doi.org/10.5194/bg-12-1285-2015

Lee K, Tong LT, Millero FJ, Sabine CL, Dickson AG, Goyet C,
Park GH, Wanninkhof R, Feely RA, Key RM (2006)
Global relationships of total alkalinity with salinity and
temperature in surface waters of the world’s oceans. Geo-
phys Res Lett 33(19):C07001-5. https://doi.org/10.1029/
2006GL027207


https://doi.org/10.1073/pnas.0702218104
https://doi.org/10.1073/pnas.0702218104
https://doi.org/10.1146/annurev.marine.010908.163834
https://doi.org/10.1146/annurev.marine.010908.163834
https://doi.org/10.1038/nclimate2508
https://doi.org/10.1038/nclimate2508
https://doi.org/10.1002/gbc.20051
https://doi.org/10.5670/oceanog.2009.95
https://doi.org/10.5670/oceanog.2009.95
https://doi.org/10.1002/2016JC012337
https://doi.org/10.1002/2016JC012337
https://doi.org/10.1016/j.jmarsys.2008.05.010
https://doi.org/10.1016/j.jmarsys.2008.05.010
https://doi.org/10.1002/2014GB004929
https://doi.org/10.1002/2014GB004929
https://doi.org/10.1016/j.csr.2004.04.001
https://doi.org/10.1016/j.csr.2004.04.001
https://doi.org/10.1002/2016JC012580
https://doi.org/10.1002/2016JC012580
https://doi.org/10.1111/gcb.13152
https://doi.org/10.1111/gcb.13152
https://doi.org/10.1016/j.dsr2.2005.06.024
https://doi.org/10.1016/j.dsr2.2005.06.024
https://doi.org/10.1175/JHM-D-13-018.1
https://doi.org/10.1002/2015JG003314
https://doi.org/10.1002/2015JG003314
https://doi.org/10.1002/2015GB005198
https://doi.org/10.1002/2015GB005198
https://doi.org/10.1093/icesjms/fsv091
https://doi.org/10.1093/icesjms/fsv091
https://doi.org/10.1002/2014GB004813
https://doi.org/10.5194/bg-11-3647-2014
https://doi.org/10.5194/bg-11-3647-2014
https://doi.org/10.1029/1999JC900155
https://doi.org/10.1029/1999JC900155
https://doi.org/10.5194/bg-12-1285-2015
https://doi.org/10.1029/2006GL027207
https://doi.org/10.1029/2006GL027207

Biogeochemistry (2018) 141:401-418

417

Lewis E, Wallace D, Allison LJ (1998) Program developed for
CO, system calculations. carbon dioxide information
analysis center. Lockheed Martin Energy Research Cor-
poration for the US Department of Energy Tennessee, Oak
Ridge

Li B, Tanaka KR, Chen Y, Brady DC, Thomas AC (2017)
Assessing the quality of bottom water temperatures from
the Finite-Volume Community Ocean Model (FVCOM) in
the Northwest Atlantic Shelf region. ] Mar Syst 173:21-30.
https://doi.org/10.1016/j.jmarsys.2017.04.001

Masarie KA, Tans PP (1995) Extension and integration of
atmospheric carbon dioxide data into a globally consistent

measurement record. J Geophys Res
100(D6):11593-11610. https://doi.org/10.1029/
95JD00859

McKinley GA, Fay AR, Lovenduski NS, Pilcher DJ (2017)
Natural variability and anthropogenic trends in the ocean
carbon sink. Annu Rev Mar Sci 9(1):125-150. https://doi.
org/10.1146/annurev-marine-010816-060529

Mehrbach C, Culberson CH, Hawley JE, Pytkowicx RM (1973)
Measurement of apparent dissociation-constants of car-
bonic-acid in seawater at atmospheric-pressure. Limnol
Oceanogr 18(6):897-907

Mucci A (1983) The solubility of calcite and aragonite in sea-
water at various salinities, temperatures, and one atmo-
sphere total pressure. Am J Sci 283(7):780-799. https:/
doi.org/10.2475/ajs.283.7.780

Munday PL, Dixson DL, Donelson JM, Jones GP, Pratchett MS,
Devitsina GV, Dgving KB (2009) Ocean acidification
impairs olfactory discrimination and homing ability of a
marine fish. Proc Natl Acad Sci USA 106(6):1848-1852.
https://doi.org/10.1073/pnas.0809996106

NASA Goddard Space Flight Center (2014a) CZCS level-3
mapped chlorophyll data version 2014. Technical report.
NASA, Washington, DC. https://doi.org/10.5067/
NIMBUS-7/CZCS/L3M/CHL/2014

NASA Goddard Space Flight Center (2014b) Moderate-reso-
lution imaging spectroradiometer (MODIS) aqua chloro-
phyll data; 2014 reprocessing. Technical report. NASA,
Washington, DC. https://doi.org/10.5067/AQUA/MODIS/
L3M/CHL/2014

NASA Goddard Space Flight Center (2014c) Ocean color and
temperature scanner (OCTS) chlorophyll data; 2014
reprocessing. Technical report. NASA, Washington, DC.
https://doi.org/10.5067/ADEOS-1/OCTS/L3B/CHL/2014

NASA Goddard Space Flight Center (2014d) Sea-viewing Wide
Field-of-view Sensor (SeaWiFS) Ocean color data; 2014
reprocessing. Technical report. NASA, Washington, DC.
https://doi.org/10.5067/ORBVIEW-2/SEAWIFS_OC.
2014.0

Nye JA, Link JS, Hare JA, Overholtz WJ (2009) Changing
spatial distribution of fish stocks in relation to climate and
population size on the Northeast United States continental
shelf. Mar Ecol Prog Ser 393:111-129. https://doi.org/10.
3354/meps08220

O’Reilly JE, Evans-Zetlin C, Busch DA (1987) Primary pro-
duction. In: Backus H (ed) Georges bank. MIT Press,
Cambridge, pp 220-233

Pershing AJ, Alexander MA, Hernandez CM, Kerr LA, Le Bris
A, Mills KE, Nye JA, Record NR, Scannell HA, Scott JD,
Sherwood GD, Thomas AC (2015) Slow adaptation in the

face of rapid warming leads to collapse of the Gulf of
Maine cod fishery. Science 350(6262):809-812. https://
doi.org/10.1126/science.aac9819

Petrie B, Drinkwater K (1993) Temperature and salinity vari-
ability on the Scotian Shelf and in the Gulf of Maine
1945-1990. J Geophys Res 98(C11):20,079-20,089.
https://doi.org/10.1029/931C02191

Pettigrew NR, Churchill JH, Janzen CD, Mangum LJ, Signell
RP, Thomas AC, Townsend DW, Wallinga JP, Xue HJ
(2005) The kinematic and hydrographic structure of the
Gulf of Maine coastal current. Deep Sea Res
52(21):2369-2391. https://doi.org/10.1016/j.dsr2.2005.06.
033

Pringle JM (2006) Sources of variability in Gulf of Maine cir-
culation, and the observations needed to model it. Deep Sea
Res 53(23-24):2457-2476. https://doi.org/10.1016/j.dsr2.
2006.08.015

Rawlins MA, Bradley RS, Diaz HF (2012) Assessment of
regional climate model simulation estimates over the
northeast United States. J Geophys Res. https://doi.org/10.
1029/2012JD018137

Reynolds RW, Chelton DB (2010) Comparisons of daily sea
surface temperature analyses for 2007-08. J Clim
23(13):3545-3562. https://doi.org/10.1175/
2010JCLI3294.1

Richaud B, Kwon YO, Joyce TM, Fratantoni PS, Lentz SJ
(2016) Surface and bottom temperature and salinity cli-
matology along the continental shelf off the Canadian and
U.S. East Coasts. Cont Shelf Res 124(C):165-181. https://
doi.org/10.1016/j.csr.2016.06.005

Riley GA (1947) Seasonal fluctuations of the phytoplankton
population in New England coastal waters. J Mar Res
6:114-125

Ropes JW, Stickney AP (1965) Reproductive Cycle of Mya
arenaria in New England. Biol Bull 128(2):315-327.
https://doi.org/10.2307/1539558

Saba VS, Griffies SM, Anderson WG, Winton M, Alexander
MA, Delworth TL, Hare JA, Harrison MJ, Rosati A,
Vecchi GA, Zhang R (2016) Enhanced warming of the
Northwest Atlantic Ocean under climate change. J Geo-
phys Res Oceans 121(1):118-132. https://doi.org/10.1002/
2015JCO011346

Salisbury JE, Green M, Hunt C, Campbell JW (2008) Coastal
acidification by rivers: a threat to shellfish? Eos
89(50):513-513. https://doi.org/10.1029/2008EO500001

Salisbury JE, Vandemark D, Hunt C, Campbell JW, Jonsson BF,
Mahadevan A, McGillis W, Xue H (2009) Episodic
riverine influence on surface DIC in the coastal Gulf of
Maine. Estuar Coast Shelf Sci 82(1):108-118. https://doi.
org/10.1016/j.ecss.2008.12.021

Shadwick EH, Comeau A, Craig SE, Hunt CW, Salisbury JE
(2010) Air-sea CO, fluxes on the Scotian shelf: seasonal to
multi-annual variability. Biogeosciences
7(11):3851-3867. https://doi.org/10.5194/bg-7-3851-2010

Signorini SR, Mannino A, Najjar RG Jr, Friedrichs MAM, Cai
WI, Salisbury J, Wang ZA, Thomas H, Shadwick EH
(2013) Surface ocean pCO, seasonality and sea-air CO,
flux estimates for the North American east coast. J Geophys
Res Oceans 118(10):5439-5460. https://doi.org/10.1002/
jgre.20369

@ Springer


https://doi.org/10.1016/j.jmarsys.2017.04.001
https://doi.org/10.1029/95JD00859
https://doi.org/10.1029/95JD00859
https://doi.org/10.1146/annurev-marine-010816-060529
https://doi.org/10.1146/annurev-marine-010816-060529
https://doi.org/10.2475/ajs.283.7.780
https://doi.org/10.2475/ajs.283.7.780
https://doi.org/10.1073/pnas.0809996106
https://doi.org/10.5067/NIMBUS-7/CZCS/L3M/CHL/2014
https://doi.org/10.5067/NIMBUS-7/CZCS/L3M/CHL/2014
https://doi.org/10.5067/AQUA/MODIS/L3M/CHL/2014
https://doi.org/10.5067/AQUA/MODIS/L3M/CHL/2014
https://doi.org/10.5067/ADEOS-I/OCTS/L3B/CHL/2014
https://doi.org/10.5067/ORBVIEW-2/SEAWIFS_OC.2014.0
https://doi.org/10.5067/ORBVIEW-2/SEAWIFS_OC.2014.0
https://doi.org/10.3354/meps08220
https://doi.org/10.3354/meps08220
https://doi.org/10.1126/science.aac9819
https://doi.org/10.1126/science.aac9819
https://doi.org/10.1029/93JC02191
https://doi.org/10.1016/j.dsr2.2005.06.033
https://doi.org/10.1016/j.dsr2.2005.06.033
https://doi.org/10.1016/j.dsr2.2006.08.015
https://doi.org/10.1016/j.dsr2.2006.08.015
https://doi.org/10.1029/2012JD018137
https://doi.org/10.1029/2012JD018137
https://doi.org/10.1175/2010JCLI3294.1
https://doi.org/10.1175/2010JCLI3294.1
https://doi.org/10.1016/j.csr.2016.06.005
https://doi.org/10.1016/j.csr.2016.06.005
https://doi.org/10.2307/1539558
https://doi.org/10.1002/2015JC011346
https://doi.org/10.1002/2015JC011346
https://doi.org/10.1029/2008EO500001
https://doi.org/10.1016/j.ecss.2008.12.021
https://doi.org/10.1016/j.ecss.2008.12.021
https://doi.org/10.5194/bg-7-3851-2010
https://doi.org/10.1002/jgrc.20369
https://doi.org/10.1002/jgrc.20369

418

Biogeochemistry (2018) 141:401-418

Stumm W, Morgan JJ (1996) Aquatic chemistry: chemical
equilibria and rates in natural waters environmental science
and technology. Wiley, New York

Sutton AJ, Sabine CL, Feely RA, Cai WJ, Cronin MF,
McPhaden MJ, Morell JM, Newton JA, Noh JH, Olafs-
dottir SR, Salisbury JE, Send U, Vandemark DC, Weller
RA (2016) Using present-day observations to detect when
anthropogenic change forces surface ocean carbonate
chemistry outside preindustrial bounds. Biogeosciences
13(17):5065-5083.  https://doi.org/10.5194/bg-13-5065-
2016

Takahashi T, Olafsson J, Goddard JG, Chipman DW, Sutherland
SC (1993) Seasonal variation of CO, and nutrients in the
high-latitude surface oceans: a comparative study. Glob
Biogeochem Cycles 7(4):843-878. https://doi.org/10.
1029/93GB02263

Thomas AC, Townsend DW, Weatherbee R (2003) Satellite-
measured phytoplankton variability in the Gulf of Maine.
Cont Shelf Res 23(10):971-989. https://doi.org/10.1016/
S0278-4343(03)00086-4

Tjiputra JF, Olsen A, Bopp L, Lenton A, Pfeil B, Roy T,
Segschneider J, Totterdell 1, Heinze C (2014) Long-term
surface pCO, trends from observations and models. Tellus
B 66(1):23,083. https://doi.org/10.3402/tellusb.v66.23083

Townsend DW (1991) Influences of oceanographic processes on
the biological productivity of the Gulf of Maine. Rev Aquat
Sci 5(3-4):211-230

Townsend DW, Spinrad RW (1986) Early spring phytoplankton
blooms in the Gulf of Maine. Cont Shelf Res 6(4):515-529.
https://doi.org/10.1016/0278-4343(86)90021-X

Townsend DW, Pettigrew NR, Thomas MA, Neary MG,
McGillicuddy DJ Jr, O’Donnell J (2015) Water masses and
nutrient sources to the Gulf of Maine. J Mar Res
73(3):93-122. https://doi.org/10.1357/
002224015815848811

Turi G, Lachkar Z, Gruber N, Munnich M (2016) Climatic
modulation of recent trends in ocean acidification in the

California  Current System. Environ Res Lett
11(1):014007.  https://doi.org/10.1088/1748-9326/11/1/
014007

@ Springer

Uppstrom LR (1974) The boron/chlorinity ratio of deep-sea
water from the Pacific Ocean. Deep Sea Res
21(2):161-162. https://doi.org/10.1016/0011-
7471(74)90074-6

Vandemark D, Salisbury JE, Hunt CW, Shellito SM, Irish JD,
Mcgillis WR, Sabine CL, Maenner SM (2011) Temporal
and spatial dynamics of CO, air-sea flux in the Gulf of
Maine. J Geophys Res. https://doi.org/10.1029/
2010JC006408

Vose RS, Arndt D, Banzon VF, Easterling DR, Gleason B,
Huang B, Kearns E, Lawrimore JH, Menne MJ, Peterson
TC, Reynolds RW, Smith TM, Williams CN Jr, Wuertz DB
(2012) NOAA'’s merged land-ocean surface temperature
analysis. Bull Am Meteorol Soc 93(11):1677-1685

Waldbusser GG, Salisbury JE (2014) Ocean acidification in the
coastal zone from an organism’s perspective: multiple
system parameters, frequency domains, and habitats. Annu
Rev Mar Sci 6(1):221-247. https://doi.org/10.1146/
annurev-marine-121211-172238

Waldbusser GG, Brunner EL, Haley BA, Hales B, Langdon CJ,
Prahl FG (2013) A developmental and energetic basis
linking larval oyster shell formation to acidification sen-
sitivity. Geophys Res Lett 40(10):2171-2176. https://doi.
org/10.1002/gr1.50449

Waldbusser GG, Hales B, Langdon CJ, Haley BA, Schrader P,
Brunner EL, Gray MW, Miller CA, Gimenez I, Hutchinson
G (2015) Ocean acidification has multiple modes of action
on bivalve larvae. PLoS ONE 10(6):e0128,376. https://doi.
org/10.1371/journal.pone.0128376

Wang ZA, Lawson GL, Pilskaln CH, Maas AE (2017) Seasonal
controls of aragonite saturation states in the Gulf of Maine.
J Geophys Res Oceans 122(1):372-389. https://doi.org/10.
1002/2016JC012373

Weiss RF (1974) Carbon dioxide in water and seawater: the
solubility of a non-ideal gas. Mar Chem 2(3):203-215.
https://doi.org/10.1016/0304-4203(74)90015-2

Wolf-Gladrow DA, Zeebe RE, Klaas C, Kortzinger A, Dickson
AG (2007) Total alkalinity: the explicit conservative
expression and its application to biogeochemical pro-
cesses. Mar Chem 106(1-2):287-300. https://doi.org/10.
1016/j.marchem.2007.01.006


https://doi.org/10.5194/bg-13-5065-2016
https://doi.org/10.5194/bg-13-5065-2016
https://doi.org/10.1029/93GB02263
https://doi.org/10.1029/93GB02263
https://doi.org/10.1016/S0278-4343(03)00086-4
https://doi.org/10.1016/S0278-4343(03)00086-4
https://doi.org/10.3402/tellusb.v66.23083
https://doi.org/10.1016/0278-4343(86)90021-X
https://doi.org/10.1357/002224015815848811
https://doi.org/10.1357/002224015815848811
https://doi.org/10.1088/1748-9326/11/1/014007
https://doi.org/10.1088/1748-9326/11/1/014007
https://doi.org/10.1016/0011-7471(74)90074-6
https://doi.org/10.1016/0011-7471(74)90074-6
https://doi.org/10.1029/2010JC006408
https://doi.org/10.1029/2010JC006408
https://doi.org/10.1146/annurev-marine-121211-172238
https://doi.org/10.1146/annurev-marine-121211-172238
https://doi.org/10.1002/grl.50449
https://doi.org/10.1002/grl.50449
https://doi.org/10.1371/journal.pone.0128376
https://doi.org/10.1371/journal.pone.0128376
https://doi.org/10.1002/2016JC012373
https://doi.org/10.1002/2016JC012373
https://doi.org/10.1016/0304-4203(74)90015-2
https://doi.org/10.1016/j.marchem.2007.01.006
https://doi.org/10.1016/j.marchem.2007.01.006

	Rapid warming and salinity changes in the Gulf of Maine alter surface ocean carbonate parameters and hide ocean acidification
	Abstract
	Introduction
	Description of study region, methods, and data
	Site description
	Data preparation
	Data and algorithms
	{\hbox{pCO}}_{2({\rm aq})} algorithm
	Monte Carlo simulations
	Anomalies and sensitivity analysis

	Results
	The annual cycle of carbonate parameters
	Anomaly analyses
	Sensitivity analyses

	Discussion
	The hidden signal of ocean acidification
	Potential significance to ecosystems

	Acknowledgements
	References




