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This work presents an overview of a unique set of surface ocean dimethylsulfide (DMS) measurements from four shipboard field campaigns conducted during the North Atlantic Aerosol and Marine Ecosystem Study (NAAMES) project. Variations in surface seawater DMS are discussed in relation to biological and physical observations. Results are considered at a range of timescales (seasons to days) and spatial scales (regional to sub-mesoscale). Elevated DMS concentrations are generally associated with greater biological productivity, although chlorophyll a (Chl) only explains a small fraction of the DMS variability (15%). Physical factors that determine the location of oceanic temperature fronts and depth of vertical mixing have an important influence on seawater DMS concentrations during all seasons. The interplay of biomass and physics influences DMS concentrations at regional/seasonal scales and at smaller spatial and shorter temporal scales. Seawater DMS measurements are compared with the global seawater DMS climatology and predictions made using a recently published algorithm and by a neural network model. The climatology is successful at capturing the seasonal progression in average seawater DMS, but does not reproduce the shorter spatial/temporal scale variability. The input terms common to the algorithm and neural network approaches are biological (Chl) and physical (mixed layer depth, photosynthetically active radiation, seawater temperature). Both models predict the seasonal North Atlantic average seawater DMS trends better than the climatology. However, DMS concentrations tend to be under-predicted and the episodic occurrence of higher DMS concentrations is poorly predicted. The choice of climatological seawater DMS product makes a substantial impact on the estimated DMS flux into the North Atlantic atmosphere. These results suggest that additional input terms are needed to improve the predictive capability of current state-of-the-art approaches to estimating seawater DMS.
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INTRODUCTION

The surface oceans are universally supersaturated with DMS relative to the overlying atmosphere, inducing a flux of approximately 28 Tg S yr –1 into the atmosphere (Lana et al., 2011). The sea-to-air flux of DMS is the largest biological source of sulfur to the marine atmosphere and the principle precursor of non-sea-salt sulfate in marine aerosols. These non-sea-salt sulfate aerosols are a significant contributor to cloud condensation nuclei (CCN) number and influence cloud radiative properties (Charlson et al., 1987). DMS in surface waters is the product of numerous biotic and abiotic processes, and surface ocean levels reflect production and destruction in the water column as well as loss to the atmosphere (Galí and Simó, 2015). Regional and seasonal variations of DMS in seawater reflect both physical (mixing, light, temperature) and biological (community structure, physiology) processes.

The North Atlantic Ocean experiences a widespread and highly productive seasonal phytoplankton bloom. Previous observations show large seasonal changes in North Atlantic surface ocean DMS concentrations (Lana et al., 2011) and DMS-derived sulfate is a significant component of the North Atlantic mass of submicron marine aerosol (Sanchez et al., 2018; Quinn et al., 2019). Models also indicate a strong climate sensitivity to regional DMS emissions (Carslaw et al., 2013; Woodhouse et al., 2013; Mahajan et al., 2015). Correlations between satellite remote sensing of cloud radiative properties and ocean color in the North Atlantic region have been used to argue in support of a biological impact on cloud properties (Falkowski et al., 1992). However, documenting the linkages between surface ocean biological activity and overlying aerosol/cloud properties with direct observations is challenging in the highly dynamic North Atlantic environment. The mechanistic links between atmospheric DMS and new particle formation are uncertain (see Quinn and Bates, 2011), particularly given the recent identification of novel DMS oxidation products (Veres et al., 2020).

One of the objectives of the North Atlantic Aerosols and Marine Ecosystems Study (NAAMES) was to explore ecosystem/aerosol/cloud linkages in the North Atlantic Ocean (NAAMES; see Behrenfeld et al., 2019). As part of that study, surface ocean DMS concentrations were measured continuously during four shipboard field campaigns in the NW Atlantic over a 4 year period (2015–2018). The cruises targeted the key stages of the annual phytoplankton bloom (the winter transition, accumulation, climax, and declining phases). Reduced sulfur cycle measurements have been made in the same region in May, July, and October 2003 (Scarratt et al., 2007; Lizotte et al., 2008, 2012; Merzouk et al., 2008). The authors demonstrated a link between plankton community composition and the major biological precursor to DMS (dimethylsulfoniopropionate, DMSP). Environmental parameters such as photosynthetically active radiation (PAR), sea surface temperature (SST), and mixed layer depth (MLD) were also important in determining seawater DMS.

The aim of this paper is to present an overview of the seawater DMS observations during NAAMES and some of the environmental factors that influence DMS variability. In particular, we focus on ancillary observations that can be made from space. NAAMES DMS measurements are also compared to estimates of DMS variability using a semi-empirical algorithm (Galí et al., 2018) and a neural network model (Wang et al., 2020). A future study will focus on how the NAAMES data can be used to improve predictions of seawater DMS.



MATERIALS AND METHODS


Field Data Collection

Four field campaigns were conducted in the NW Atlantic on the R/V Atlantis: NAAMES1 (5th November–2nd December 2015), NAAMES2 (11th May–5th June 2016), NAAMES3 (30th August–24th September 2017) and NAAMES4 (20th March–13th April 2018). The cruises began and ended in Woods Hole (Massachusetts, United States), with the exception of NAAMES4, which started in San Juan, Puerto Rico and ended in Woods Hole (Figure 1). A complete description of the participants and methodologies employed on NAAMES is given by Behrenfeld et al. (2019). Each NAAMES expedition spent about 2 weeks occupying 5–7 stations in the region from 40 to 50°N along 40°W. The latitudinal gradients along this transect enabled a space-for-time approach that provided samples at different developmental stages of the phytoplankton annual cycle (Behrenfeld et al., 2019).
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FIGURE 1. Data collection locations on all NAAMES cruises. NAAMES1 (5th November–2nd December 2015; red), NAAMES2 (11th May–5th June 2016; blue), NAAMES3 (30th August–24th September 2017; green), and NAAMES4 (20th March–13th April 2018; cyan).


CTD profiles and water samples were collected at each station for analysis of plankton stocks, rates, physiology and community composition, and seawater physico-chemical and optical properties. Analyses were also carried out on seawater sampled from the continuously pumped, non-toxic underway supply of the Atlantis. A peristaltic pump for the non-toxic seawater supply was specifically installed during the NAAMES cruises to minimize disruption to the biological community. Samples were collected to characterize the plankton, with Chl estimated from hyperspectral particulate attenuation and absorption (Wetlabs ACS). Chl concentration was derived from the continuous optical data after tuning to the NAAMES region with pigment (HPLC) data (see Fox et al., 2020, for more details). SST measurements were made at 1 Hz with a hull sensor (Seabird SBE 48).

Seawater DMS measurements were made continuously on the underway seawater supply on all four cruises, except during periods of instrument downtime (Figure 1). Seawater DMS data were thus collected before, during, and after the CTD stations.



Seawater DMS Measurements

DMS was measured using a miniCIMS: an atmospheric pressure chemical ionization mass spectrometer coupled to a counterflow membrane equilibrator (for details, see Saltzman et al., 2009). The equilibrator consists of a porous PTFE membrane tube housed within a larger non-porous PFA Teflon tube. High purity air flows inside the porous membrane and seawater counterflows around it. DMS exchanges across the permeable membrane, causing the exiting air stream to approach equilibrium with the entering seawater. The air flow to the equilibrator is mass flow controlled at 0.4 L min–1. The seawater flow rate is approximately 4 L min–1, continuously logged with an ultrasonic flow meter (Cynergy3 UF08B). Upon exiting the equilibrator, the air flow is passed through a Nafion membrane drier, and diluted with 1.1 L min–1 high purity air. The air stream is directed into the heated (300°C), atmospheric pressure ion source of the mass spectrometer. Ionization is carried out by passage of the air over a radioactive 63Ni foil. The ionized gas stream is drawn into the mass spectrometer through a pinhole, and declustered at approximately 1 Torr. A modified residual gas analyzer (Stanford Research Systems RGA-200, containing a quadrupole, and ion multiplier) is used to mass filter and detect DMS as the (CH3SCH3).H+ ion.

A primary, isotope-labeled, aqueous standard (triple deuterated DMS: 43.2 mM d3-DMS) was made prior to each cruise in a gas tight bottle using ethanol as the solvent. DMS is highly soluble in ethanol and thus very little DMS is lost into any headspace that develops. Fresh working standards were prepared daily by diluting 150 μl of primary standard in deionized water. A gas-tight Hamilton syringe was used to pierce the butyl rubber septa of the primary standard bottle and transfer d3-DMS into a working standard syringe containing 50 mL deionized water. Working standard (130 μM d3-DMS) was continuously delivered at 30 μL min–1 by a syringe pump (New-Era NE300) into flowing seawater before it reached the equilibrator.

Variations in the d3-DMS signal demonstrate that the standard was stable. The signal before/after daily syringe changes indicate working standard stability over the course of a day. The signal from newly made working standard was indistinguishable from the 24 h-aged standard signal. Primary standards were kept away from the light and there is no indication that the primary standard degraded over the course of a cruise. The non-isotopic DMS and d3-DMS signals gradually increased during the cruise compared to the signals at the beginning. Overall positive trends in DMS signals were observed during every NAAMES cruise and we attribute this to a gradual improvement in instrument sensitivity. Contaminants with a high proton affinity such as ammonia efficiently scavenge protons from charged water clusters and suppress the DMS signal. High purity air flowing continuously through the measurement tubing and instrument gradually removes contaminants attached to the tubing and instrument walls and the DMS signal increases commensurately.

Seawater DMS concentration (DMSSW) is calculated as follows:
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where Sig63 and Sig66 represent the average blank-corrected ion currents (pA) of protonated DMS (CH3SCH3H+; m/z = 63) and d3-DMS (CD3SCH3H+; m/z = 66), respectively, CStd is the concentration of d3-DMS liquid standard (nM); FStd is the syringe pump flow rate (L min–1); and FSW is the seawater flow rate (L min–1).

DMS and d3-DMS were monitored in single ion mode at a frequency of at least 0.5 Hz. NAAMES1 measurements are reported as 5 min averages. The miniCIMS was also used to monitor seawater acetone concentrations during subsequent cruises (NAAMES2–4, results to be discussed in a later publication). The measurements during NAAMES2–4 are 10 min averages, with the instrument alternating between a dried (DMS measurements) and undried (acetone measurements) sample gas stream every 20 min.

A previous intercomparison compared DMS concentrations from the UCI miniCIMS system with results from another seawater measurement technique (Walker et al., 2016). A purge and trap system coupled to a sulfur chemiluminescence detector analyzed discrete water samples from the underway system of a research vessel in the Southern Ocean. The miniCIMS measured DMS in the underway water at the same time as the discrete samples were collected. The data from the two techniques compared well, with a mean residual difference of 1.2 nM (<15% bias). Previous seawater DMS intercomparison exercises have shown agreement within ± 25% (Bell et al., 2012; Swan et al., 2014).



Satellite Data for Seawater DMS Prediction

The following MODIS-Aqua level 3 remote sensing products (10.5067/AQUA/MODIS/L3M) were utilized in this study: SST, Chl, and daily PAR. Monthly composite data were used for NAAMES1 (November 2015), NAAMES2 (May 2016), and NAAMES3 (September 2017). NAAMES4 began in March and ended in April, so a composite product was generated from three 8 day data retrievals (collected between 22nd March 2018 and 14th April 2018). The composite data were required to minimise the patchiness due to clouds in individual 8 day data retrievals. Regional North Atlantic data were extracted from the remote sensing products for statistical analysis. Two areas, a rectangle (36–65°W, 39–43°N) and a square (36–51°W, 43–57°N), were selected and combined to encompass the majority of the NAAMES cruise tracks and to cover the wider North Atlantic region. MODIS SST, Chl, and PAR data were extracted along the NAAMES cruise tracks using the SeaDAS software package (Baith et al., 2001). Gridded sea surface height anomalies (SSHA) are derived by the NASA JPL MEaSUREs project using reference data from TOPEX/Poseidon, Jason-1, Jason-2, and Jason-3 (Zlotnicki et al., 2016).



In situ and Regional DMS Predictions Using Empirical and Neural Network Models

Galí et al. (2018) parameterized seawater DMS using PAR and total DMSP (DMSPt):
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where PAR is the daily mean along-ship track MODIS product and DMSPt was predicted using in situ SST, Chl, euphotic zone depth (Zeu), and MLD data (Galí et al., 2015). The choice of DMSPt algorithm is dependent on euphotic zone depth (Zeu) and MLD, which were used to determine whether the water column was stratified (Zeu/MLD > 1) or mixed (Zeu/MLD < 1):
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Euphotic zone depth (Zeu) was estimated as a function of Chl, following Morel et al. (2007):
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where ζ = log10(Chl). Galí et al. (2015) also estimated Zeu from Chl using Eqn. 5. We chose this in preference to the satellite-derived estimate of Zeu used by Galí et al. (2018). An estimate of Zeu using in situ measurements should be more accurate over smaller spatial and temporal scales than a satellite-derived estimate. Note that Galí et al. (2018) will be referred to as G18 for the rest of this paper.

CTD profiles were collected when the ship was on station, such that there are only relatively few in situ MLD estimates. In addition, MLDs were extracted from a climatology generated using profiles from the Argo float program and a density algorithm for MLD detection (Holte and Talley, 2009; Holte et al., 2017). The MLD input term in Galí et al. (2018) was the Monthly Isopycnal / Mixed-layer Ocean Climatology (MIMOC), which uses multiple data streams including the Argo float data (Schmidtko et al., 2013). All MLD estimates (for in situ CTD, Argo climatology, and MIMOC data) were made using the same density algorithm.

For NAAMES1–3 there was reasonable agreement between the MLDs derived from CTD and Argo profiles (Supplementary Figures S1, S2). The agreement was not as good for NAAMES4. CTD data were only available from the first half of NAAMES4, during which Argo MLDs are much deeper than the CTD MLDs. G18-predicted DMS was calculated using CTD MLDs as well as using Argo MLDs. The G18 predictions calculated using in situ and climatological MLD products are compared and discussed in the Results.

An artificial neural network model was used to estimate DMS concentrations. We use an adapted version of the (Wang et al., 2020) neural network model, with sampling time and location parameters, SST, salinity, Chl, PAR, and MLD all used as potential predictors. The major notable change from Wang et al. (2020) is that we chose not to use nutrients as input variables. Excluding climatological nutrient fields from the analysis ensured that the G18 and neural network predictions used similar input variables and were driven by variables that can be retrieved using satellite and autonomous assets. Model output was not substantially changed by excluding nutrients.

The neural network model was developed using 93,571 data points: 86,785 from the global DMS database1 and 6,786 from NAAMES project. Not all data was used to develop the model, with a certain proportion initially left out for internal testing (∼10%) and external validation (∼13%). The internal testing and validation datasets were not selected at random because using near-neighbor values produces an overfitted model (as discussed in Wang et al., 2020). In situ SST and salinity data collected concurrently with DMS measurements were used for the model wherever possible. Average monthly climatological products were used when in situ data were not available. In addition to the in situ data, the model was developed with climatological Chl and PAR data from satellite and MLD from the MIMOC climatology (Schmidtko et al., 2013). For further detail on the artificial neural network model, the reader is referred to Wang et al. (2020) and to the model code (available at2).

G18 and the neural network model were used to produce regional maps of predicted DMS. The regional map predictions used climatological input fields of SST, Chl and PAR (MODIS), salinity (Garcia et al., 2013) and MLD (MIMOC). The MODIS satellite data products are those detailed in the previous section so the regional DMS outputs match the observation periods of the NAAMES cruises. North Atlantic surface ocean DMS was also extracted from the global seawater DMS climatology (Lana et al., 2011; hereafter referred to as L11).



DMS Flux Calculation

The DMS flux (FluxDMS) calculation uses the thin film model first proposed by Liss and Slater (1974):
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where K is the gas transfer velocity and ΔDMS is the air-sea concentration difference. Atmospheric DMS levels were orders of magnitude lower than those in water during NAAMES (Quinn et al., 2019). We thus omit atmospheric DMS from our calculations and assume DMSSW ≈ΔDMS. The gas transfer velocity (K) is estimated as a function of wind speed adjusted to a 10 m measurement height and a neutral stability atmosphere (U10n) following Goddijn-Murphy et al. (2012):
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where U10n is calculated from in situ wind speed observations and the COAREG model (Fairall et al., 2011). The in situ Schmidt number for DMS (ScDMS, the diffusivity of DMS through seawater) is used to adjust K at a reference Schmidt number (Sc = 660) to a K specific to DMS at the in situ SST. ScDMS is dependent upon seawater temperature (SST, °C) and was calculated from Saltzman et al. (1993) as follows:
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RESULTS


North Atlantic Regional Features

Composite MODIS SST (Figure 2) and Chl (Figure 3) provide a spatial context for data collected along each NAAMES cruise track. The satellite products and shipboard data clearly show the strong North-South SST gradient and the transport of warm, sub-tropical water toward the European continent by the Gulf Stream during all four cruises. Gulf Stream meandering generates warm and cold water eddies and temperature fronts along its boundary. The mesoscale and sub-mesoscale variability driven by meanders, eddies and fronts affects phytoplankton abundance and community composition (McGillicuddy, 2016). Oceanic (sub)mesoscale variability has a strong influence on the physical, chemical and biological properties of waters along the NAAMES 40°W North-South transects (see Della Penna and Gaube, 2019).
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FIGURE 2. Composite MODIS sea surface temperature (SST, °C) data products for each cruise. (A) NAAMES1: November, 2015; (B) NAAMES2: May 2016; (C) NAAMES3: September 2017; and (D) NAAMES4: March/April 2018. Locations where DMS data were collected are shown (solid white line) with black dots indicating the ship position (labels indicate the Day of Year, DOY).
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FIGURE 3. Composite MODIS chlorophyll (Chl, mg/m3) data products for each cruise. (A) NAAMES1: November, 2015; (B) NAAMES2: May 2016; (C) NAAMES3: September 2017; and (D) NAAMES4: March 2018. Black regions correspond to locations where clouds obscured the satellite view for the entire period of data collection. Locations where DMS data were collected are shown (solid white line) with gray dots indicating when the ship was on station (corresponding to the gray bars at the top of each panel in Figures 4–7).


Stations occupied during NAAMES1–3 sampled six cyclonic eddies with upwelling nutrients and seven anti-cyclonic eddies with downwelling nutrients (Della Penna and Gaube, 2019). NAAMES4 was less successful at sampling colder North Atlantic waters, mainly because storms hampered access to the higher latitude stations. The storms meant that the ship spent relatively more time in the Gulf Stream at around 40°N and was only able to sample one cyclonic eddy on Day of Year 92.5 (DOY 92.5; Figure 2D).

The seasonality in phytoplankton biomass is evident in Figure 3. Chl concentrations in May (Figure 3B) and March/April (Figure 3D) were higher than in November (Figure 3A) and September (Figure 3C). North Atlantic MODIS Chl shows strong spatial variability during March/April, May and November. Spatial variations in MODIS Chl during September when the phytoplankton bloom is declining (i.e., post-peak Chl) are much reduced compared to the other cruises. The major Chl features in the North Atlantic were sampled during NAAMES1–3. NAAMES4 was unable to sample the intensely productive region in the North Atlantic (∼50°W, 40–55°N), although multiple features with elevated Chl were encountered in the South. For example, waters within the cyclonic eddy on DOY 92.5 were enhanced in Chl (40.343°W, 43.015°N; Figure 3D).

Time series of ship observations of SST and Chl are presented for all four NAAMES campaigns (Figures 4–7, panels A,B), including MODIS SST and Chl data extracted along the cruise track (solid lines). There is general agreement between in situ observations and the spatially coincident SST and Chl satellite products, despite the inherent temporal mismatch (Figures 4–7, panels A,B). In situ DMS observations are plotted with the along-track, extracted data from L11 and the predictions from the G18 algorithm and the neural network model (Figures 4–7, panel C). Gaps in the G18 predictions of DMS during NAAMES1 and NAAMES4 are periods when there are no available in situ Chl data. The following sections briefly summarize the characteristics of Chl, SST, seawater DMS, wind speed and DMS flux during each cruise.
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FIGURE 4. Timeseries of SST (A), Chl (B), seawater DMS (C), and wind speed (U10n)/DMS flux (D) during the NAAMES1 field campaign (November 2015). In situ observations of SST (blue dots) and Chl (black dots) are plotted alongside satellite observations extracted along the cruise track (red and green lines for SST and Chl, respectively). Seawater DMS measurements during the cruise (red dots) are shown alongside data extracted from the Lana et al. (2011) climatology for November (L11, black line), data extracted from neural network model output (green line) and the Galí et al. (2018) estimate (G18, solid purple line). Cyan triangles are the G18 prediction using MLD estimated from in situ CTD (temperature and salinity) profiles. Gaps occur in G18-predicted DMS when there is no available in situ Chl data (e.g., Day of Year 322.2–329.6). Gray bars at the top of each panel indicate periods when the ship was on station. DMS flux (red dots) is calculated from in situ observations of U10n (black line), seawater DMS and SST.
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FIGURE 5. Timeseries of SST (A), Chl (B), seawater DMS (C), and wind speed (U10n)/DMS flux (D) during the NAAMES2 field campaign (May 2016). In situ observations of SST (blue dots) and Chl (black dots) are plotted alongside satellite observations extracted along the cruise track (red and green lines for SST and Chl, respectively). Seawater DMS measurements during the cruise (red dots) are shown alongside data extracted from the Lana et al. (2011) climatology for November (L11, black line), data extracted from neural network model output (green line) and the Galí et al. (2018) estimate (G18, solid purple line). Cyan triangles are the G18 prediction using MLD estimated from in situ CTD (temperature and salinity) profiles. Gray bars at the top of each panel indicate periods when the ship was on station. DMS flux (red dots) is calculated from in situ observations of U10n (black line), seawater DMS and SST.
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FIGURE 6. Timeseries of SST (A), Chl (B), seawater DMS (C), and wind speed (U10n)/DMS flux (D) during the NAAMES3 field campaign (September 2017). In situ observations of SST (blue dots) and Chl (black dots) are plotted alongside satellite observations extracted along the cruise track (red and green lines for SST and Chl, respectively). Seawater DMS measurements during the cruise (red dots) are shown alongside data extracted from the Lana et al. (2011) climatology for November (L11, black line), data extracted from neural network model output (green line) and the Galí et al. (2018) estimate (G18, solid purple line). Cyan triangles are the G18 prediction using MLD estimated from in situ CTD (temperature and salinity) profiles. Gray bars at the top of each panel indicate periods when the ship was on station. DMS flux (red dots) is calculated from in situ observations of U10n (black line), seawater DMS and SST.
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FIGURE 7. Timeseries of SST (A), Chl (B), seawater DMS (C), and wind speed (U10n)/DMS flux (D) during the NAAMES4 field campaign (March/April 2018). In situ observations of SST (blue dots) and Chl (black dots) are plotted alongside satellite observations extracted along the cruise track (red and green lines for SST and Chl, respectively). Seawater DMS measurements during the cruise (red dots) are shown alongside data extracted from the Lana et al. (2011) climatology for November (L11, black line), data extracted from neural network model output (green line) and the Galí et al. (2018) estimate (G18, solid purple line). Gaps occur in G18-predicted DMS when there is no available in situ Chl data (e.g., prior to Day of Year 83.8). Cyan triangles are the G18 prediction using MLD estimated from in situ CTD (temperature and salinity) profiles. Gray bars at the top of each panel indicate periods when the ship was on station. DMS flux (red dots) is calculated from in situ observations of U10n (black line), seawater DMS and SST.




NAAMES1 (November 2015)

NAAMES1 took place during the early winter transition that initiates the annual phytoplankton bloom (Behrenfeld and Boss, 2014, 2018). The ship stopped to occupy seven stations during the cruise (gray dots in Figure 3, gray bars in Figure 4). The second station was the most northerly (54.1°N, DOY 318) and the last station was the most southerly (40.6°N, DOY 329). The data collected while on station typically show less variability than when the ship was underway. For example, large variations in SST, Chl, and DMS occurred while the ship moved in and out of a region of biologically productive, cold water over ∼21 h (DOY 331; range of 12.5°C, 1.2 mg/m3 and 4.1 nM for SST, Chl, and DMS, respectively). DMS and Chl levels appear to co-vary during the transit into cold waters and back into warm Gulf Stream waters, but the data are only weakly correlated (Spearman’s ρ = 0.32, p < 0.001, n = 168).

Mean DMS concentration was 1.4 nM during NAAMES1, and ranged from 0.4 to 5.3 nM. The variations in seawater DMS occur over relatively small spatial scales and appear to be associated with rapid changes in SST (Figure 4). Variations in surface Chl were sometimes coincident with the DMS changes. For example, DMS increased from 0.75 to 2.6 nM over 40 min on DOY 316.75. SST reduced by 2.9°C over this period and the Chl increased by 0.3 mg/m3. The ship speed was 10.5 knots during the changes in DMS, Chl and SST, corresponding to a distance of ∼13 km. On DOY 322, SST increased rapidly by 4°C and DMS reduced abruptly from 3.4 to 1.0 nM. The change in Chl (−0.2 mg/m3) was not quite as pronounced as on DOY 316.75.

There have been few observations of seawater DMS in the western North Atlantic during November prior to NAAMES1. The L11 climatology uses extrapolation and interpolation of existing data and predicts low levels for the region. The extracted L11 data agree quite well with the seawater DMS observations (Spearman’s ρ = 0.63, p < 0.001, n = 3930; Figure 4C). The L11 data are a climatological product and thus the extracted L11 data do not show a lot of spatial variability. The G18 prediction is spatially variable, but does not fully capture the observed DMS variations and tends to under-predict observed levels. The neural network model output provides a closer approximation to the typical observed DMS concentrations and variability, but tends to underestimate DMS when observed concentrations are elevated (e.g., DOYs 317, 322, and 331).

Wind speed variations had an important influence on the DMS flux during NAAMES1 (Figure 4D). The wind speed during the cruise averaged 9.8 m sec–1 and ranged from close to 0–23.8 m s–1. The calculated flux of DMS into the North Atlantic atmosphere during NAAMES1 ranged from 0.1 to 18.5 μmol m–2 day–1 (NAAMES1 mean flux = 4.4 μmol m–2 day–1).



NAAMES2 (May 2016)

NAAMES2 targeted the climax of the annual phytoplankton bloom. Stations at the northern end of the 40°W transect were targeted at the beginning of the cruise. The second station (S1) was the furthest North (56.3°N, 46.0°W; DOY 139). Measurements made between DOY 136 and 144 (including the first four stations, S0–S3) were in waters with elevated biological activity (mean ± SD Chl = 3.0 ± 1.3 mg/m3) and DMS concentrations (mean ± SD = 3.9 ± 2.7 nM). The latter part of the cruise (after the final station, S5, and during the transit back to Woods Hole) took place in lower latitude waters (<45.1°N). The southern, warmer waters during NAAMES2 were less productive (0.8 ± 0.5 mg/m3) with lower DMS concentrations (2.0 ± 0.8 nM). Rapid changes in DMS associated with rapid SST and Chl changes were sometimes observed during NAAMES2. On DOY 144.4, for example, Chl and DMS reduced by 3.6 mg/m3 and 4.9 Nm, respectively, as the SST increased rapidly from 6.6 to 13.4°C.

The effect of wind-driven mixing on surface Chl and DMS levels is particularly evident in the NAAMES2 data. Station S4 (DOY 145) was targeted because it had recently experienced an intense wind-driven mixing event. The surface layer had been mixed to ∼250 m and this diluted the near-surface with low concentration sub-surface waters (Graff and Behrenfeld, 2018). The mixed layer dilution coupled with the sea-to-air loss of DMS resulted in surface concentrations of Chl (0.4 mg/m3) and DMS (0.6 nM) that were low for the time of year. Calm conditions persisted during the occupation of S4 and the mixed layer shallowed to < 30 m after 3 days. A shallower MLD coincided with a gradual increase in Chl up to 1.5 mg/m3 by DOY 149. The DMS response was slower than the Chl response, but DMS levels had increased to 1.7 nM by DOY 149 when the ship left station. A large, Eastward-moving storm (wind speeds up to ∼25 m sec–1) affected the final station (S5; 44.4°N, 43.4°W). DMS levels during S5 were 11.6 nM on DOY 150.5 but rapidly reduced to 1.0 nM during the storm on DOY 152.4.

The extracted L11 data are typically in good agreement with in situ observations during the first half of the cruise (mean DMS: L11 = 3.3 nM, observed = 3.9 nM; Figure 5). The agreement between in situ and L11 data worsens in the second half of the cruise when storms reduced the in situ DMS concentrations (mean DMS: L11 = 5.2 nM, observed = 2.2 nM). Storms encourage ventilation to the atmosphere and deepen the MLD, reducing light exposure, diluting near-surface concentrations and potentially transporting DMS-producing organisms below the photic zone.

The increase in DMS throughout DOYs 145–149 is relatively well-predicted by the G18 algorithm, which responds to the increase in biomass during this period (Spearman’s ρ = 0.67, p < 0.001, n = 248; Figure 5). The in situ MLD shallowed to 30 m on DOY 148 and this change is not reflected in the Argo MLD (Supplementary Figure S2). The sensitivity of the G18 prediction to MLD is highlighted by the contrast between predictions made using in situ CTD MLD estimates vs. predictions made using monthly averaged Argo MLD (Figure 5). The G18 estimate using the climatological Argo MLD makes a better prediction of in situ DMS than if the in situ MLD was used (Figure 5).

The neural network model predictions throughout NAAMES2 are similar to the G18 predictions (Figure 5). The DMS prediction by the neural network model responds to the change in biomass during DOYs 145–149 and effectively captures the variability (Spearman’s ρ = 0.69, p < 0.001, n = 248; Figure 5). Neither of the predictions from G18 and the neural network are accurate on DOY 150, both underestimating in situ DMS levels by as much as 50%. After the storm passed over the ship during station S5, DMS levels were over-estimated by the G18 algorithm. G18 continued to over-predict DMS while the ship traveled West through storm-influenced waters (until approximately DOY 155). The neural network DMS prediction was lower than the G18 estimate during DOYs 152–155, and in better agreement with the observed DMS levels.

The average wind speed during NAAMES2 (U10n mean = 8.2 m s–1) was lower than NAAMES1 although the large storm on DOY 151 resulted in the strongest winds observed during all NAAMES cruises (U10n max. = 27.4 m s–1). The variation in DMS concentrations was large (from 0.4 to 17.4 nM) and had an important influence on the variability and magnitude of the calculated DMS flux (0.1–47.5 μmol m–2 day–1; Figure 5). The mean flux of DMS into the North Atlantic atmosphere during NAAMES2 is calculated as 6.6 μmol m–2 day–1.



NAAMES3 (September 2017)

NAAMES3 took place during the declining phase of the phytoplankton bloom (Behrenfeld and Boss, 2014, 2018). The 40°W transect began at the southern-most extent and headed North. The first three Stations (S1a, S1, and S1.5) were not sampled for DMS due to instrument problems. DMS measurements began at 44.4°N (during Station S2, DOY 249). Six additional stations were briefly occupied and the final and most northerly station (S6, 53.4°N) was occupied for 4 days. The ship returned to Woods Hole following a route that was relatively close to the coast to avoid the heavy seas associated with Hurricane José (see Behrenfeld et al., 2019). Instrument problems and the return transit close to the coast meant that warmer North Atlantic waters were not sampled for seawater DMS. The maximum SST encountered while measuring seawater DMS was 20.9°C, in contrast to when the ship was South of S2 (maximum SST = 28.0°C).

A range in Chl was encountered during the seawater DMS measurement period of NAAMES3 (DOY 249–266). Station S2 Chl (0.2 mg/m3) was lower than Chl during the northern Station S6 (0.9 mg/m3). The majority of in situ and MODIS Chl data compare well during all the NAAMES cruises. However, in situ Chl data are notably lower than the MODIS Chl retrieval on DOY 264 (Figure 6B). The disagreement between in situ and MODIS Chl occurred as the ship passed through a phytoplankton bloom on the return leg to Woods Hole (Figure 3C, 45.5°N, 58.0°W). The MODIS and in situ Chl levels both increase and decrease as the ship moves in and out of the bloom (Figure 6B). The most likely explanation for the difference is that the ship arrived at the bloom location after the peak in biomass and missed the high Chl levels captured by the monthly MODIS data product.

The average seawater DMS during NAAMES3 (mean ± SD = 3.1 ± 1.0 nM; Figure 6C) was substantially higher than either the extracted L11 data (1.2 ± 0.5 nM) or the G18 prediction (1.7 ± 0.5 nM). In situ SST did not change rapidly during NAAMES3 (Figure 6A) and DMS variability cannot easily be linked to SST fronts (as was possible during NAAMES1 and NAAMES2). Seawater DMS did not show a lot of variability during the cruise, with the exception of the bloom encountered on DOY 264 (Figure 6C). In situ DMS levels increased to 8.6 nM in the center of the bloom on DOY 264. The G18 algorithm also predicts increased DMS, but with a maximum of only 3.3 nM. G18 predictions throughout NAAMES3 were similar irrespective of the choice of in situ MLD or Argo climatological MLD.

DMS predicted by the neural network model is higher than the L11 or the G18 prediction. The neural network model DMS and in situ DMS observations during the cruise are comparable, but the neural network model mean (2.6 nM) is lower than the observations (3.2 nM) mainly because the model poorly represents the periods when DMS is elevated. The neural network model fails to predict the elevated DMS levels on DOY 254 and in particular the high DMS associated with the phytoplankton bloom on DOY 264 (Figure 6C). The neural network model and G18 estimates both under-predict observed DMS on DOY 264 by a similar magnitude (∼5 nM).

The majority of the variability in calculated DMS flux during NAAMES3 is driven by variations in wind speed because seawater DMS did not vary substantially (mean ± SD = 3.2 ± 1.0 nM; Figures 6C,D). Wind speed ranged from 0.6 to 16.5 m s–1 (mean U10n = 7.6 m s–1) with peak wind speeds driving the peak DMS fluxes. NAAMES3 DMS fluxes ranged from 0.4 to 31.6 μmol m–2 day–1 (mean = 7.5 μmol m–2 day–1).



NAAMES4 (March/April 2018)

NAAMES4 took place during the accumulation phase of the phytoplankton bloom (Behrenfeld and Boss, 2014, 2018). As previously discussed, the cold, productive waters at the northern end of the 40°W transect were not sampled because the ship departed from Puerto Rico and storms restricted sampling at higher latitudes. The highest latitude station was S4 (DOY 91; 44.5°N). SST did not vary a lot (mean ± SD SST = 18.5 ± 5.7°C) with few oceanic temperature fronts (i.e., rapid SST changes). Eight stations were sampled during NAAMES4, but only Station SE4 (DOY 92.5) sampled an eddy (Della Penna and Gaube, 2019).

Chl was quite variable during NAAMES4 (0.7 ± 0.4 mg/m3), with lots of spikes that do not correspond to changes in SST (Figures 7A,B). There were fewer spikes in DMS than in Chl, particularly during the first half of the cruise when DMS levels were lower (mean ± SD DMS prior to DOY 92 = 3.0 ± 1.5 nM). The ship moved through waters that were more biologically productive after DOY 92. DMS levels were higher and more variable after DOY 92 (mean ± SD DMS = 5.0 ± 3.3 nM; Figure 7C) and this coincided with a region containing greater variability in sea surface height anomaly (Figure 8A). A high Chl feature was sampled inside a cyclonic eddy before, during, and after Station SE4 (DOY 92.5, Figure 8B). DMS and Chl co-varied within the cyclonic eddy, with elevated DMS when Chl concentrations were high (max. Chl = 2.5 mg/m3 and max. DMS = 13.2 nM; Figure 8C). Note that there were also periods during NAAMES4 when elevated DMS levels did not correspond to high Chl levels (e.g., DOY 93.5 during Station S2RD: DMS = 13.7 nM; Chl = 0.7 mg/m3).


[image: image]

FIGURE 8. High Chl feature within a cyclonic eddy targeted on DOY 92.5 during NAAMES4 (Station SE4). Cruise track is shown in white. Left panel: Gridded sea surface height anomaly derived from radar altimeter measurements. Middle panel: MODIS Chl spatial distribution within the eddy. Right panel: Latitudinal variation in in situ Chl and DMS within the eddy.


DMS estimates from the extracted L11, neural network model and G18 algorithm are consistently lower than the observed DMS levels, particularly during the latter half of the cruise (DOY 92 onwards; Figure 7C). The G18 DMS prediction improves when in situ CTD MLD can be used (DOY 86–92) instead of climatological Argo MLD. There was no significant correlation between the Argo MLD climatology and MLD from in situ CTD profiles during NAAMES4, whereas there was a moderate correlation for NAAMES1–3 (Spearman’s ρ = 0.37, p < 0.001, n = 106; see Supplementary Figures S1, S2). A winch failure during NAAMES4 (Behrenfeld et al., 2019) meant that CTD profiles were unfortunately only collected prior to DOY 92. The Argo-based G18 prediction and the neural network model underestimate the observed DMS concentrations by up to 15 nM during DOY 92–95. The period of substantial DMS underestimation includes stations with high Chl (Station SE4, DOY 92.5: high Chl, cyclonic eddy, Figure 8) and low Chl (Station S2RD, DOY 93.5). It is not possible to determine whether using in situ MLDs would have substantially improved the G18 and neural network estimates of seawater DMS during this period.

NAAMES4 encountered higher wind speeds on average compared to the other NAAMES cruises (mean U10n = 10.7 m s–1). Winds blew consistently throughout NAAMES4 and, when combined with elevated seawater DMS levels in the latter half of the cruise, resulted in the highest average DMS flux to the atmosphere of all NAAMES cruises (mean = 13.7 μmol m–2 day–1). Variability in DMS concentration (range = 0.9–20.1 nM) dominated the variability in calculated DMS flux (range = 0.3–71.1 μmol m–2 day–1; Figure 7D).



Seasonal Variability in Chl and DMS

The NAAMES cruises span 4 years (2015–2018 inclusive), but can be used to represent the stages of the seasonal phytoplankton bloom over a virtual year (i.e., November → March/April → May → September). The seasonal variation in Chl and DMS is evident when the data are summarized with box and whisker plots (Figure 9). The waters encountered during the NAAMES field campaigns contained similar Chl distributions (mean, median, range and distribution shape) as the MODIS distribution extracted from the wider North Atlantic region (Figure 9A). The similarities between along-track MODIS Chl and regional North Atlantic MODIS Chl suggests that any insight gained from the NAAMES data could be applied to the wider region. Note that alternative measures of the biological community may not show the same spatial and temporal patterns as the Chl, and this is a caveat to any large scale interpretation of the NAAMES data.
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FIGURE 9. Box and whisker summary of seawater Chl (A) and DMS (B) during the NAAMES cruises (Nov., 2015, NAAMES1; March/April 2018, NAAMES4; May 2016, NAAMES2; September 2017, NAAMES3). The central horizontal line on each box is the median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The whiskers extend to the most extreme data points not considered outliers. Outliers (gray dots) are identified as data that is > 1.5 times the interquartile range above the top or below the bottom of the box. The data are presented in an order that highlights the seasonal changes in North Atlantic seawater Chl and DMS (winter through to fall) rather than the chronological order in which the cruises were conducted. In situ NAAMES data are shown in red. Additional plots in (A) are the MODIS Chl data extracted along the cruise track (blue) and from the wider North Atlantic (region limits defined in the text, green). The Y-axis scale has been limited to 8 mg/m3 for clarity. Additional plots in (B) are the DMS data extracted from the Lana et al. (2011) climatology (L11, black), the Galí et al. (2018) prediction (G18, purple) and the artificial neural network prediction (green).


Box and whisker plots provide an overview comparison between DMS observations, extracted L11, and the G18 and neural network model output (Figure 9B). Cruises in March and May encountered DMS concentrations that were higher than the November cruise. Seawater DMS levels during the late summer cruise (September) were also higher than the winter observations, and higher than predicted by either L11 or G18 (Figure 9B). The neural network model did fairly well at predicting the average seasonal cycle in DMS.

The seawater DMS measurements from each NAAMES cruise have a strong skew with a positive tail (i.e., the infrequent occurrence of higher DMS concentrations, Figure 9B). None of the L11, G18 and neural network predictions of DMS have distributions with as strong a skew as the in situ observations. For example, G18-predicted and observed DMS in May are similar in the mean (3.1 and 2.9 nM, respectively), but the skew in the observed data is highlighted by the substantially different median values (G18 = 3.1 nM; observed DMS = 2.0 nM).

The extracted L11 does a particularly poor job at representing the NAAMES DMS data distribution/shape (Figure 9B). The extracted L11 data have a normal distribution, which is in sharp contrast to the skewed distribution of the in situ observations. The characteristics of the L11 data highlight the techniques used to generate the DMS climatology. L11 sorted the DMS database into monthly sub-datasets, calculated the average (mean), then interpolated and smoothed over large spatial scales to produce a seasonal climatology with continuous spatial coverage.



Spatial Variability in Seawater DMS

Spatial variability in seawater DMS predicted by L11, G18, and the neural network model highlights the differences between estimates of DMS in the North Atlantic (Figures 10–13). The spatial variation in the L11 climatological DMS is substantially lower than the G18 and neural network climatologies. All three DMS estimates share some common features such as elevated DMS levels in March in waters southeast of Newfoundland, Canada (Figure 11). Elevated DMS in Atlantic waters North of 40°N in May are predicted by all three climatologies, although the spatial extent of the high DMS region in the L11 climatology is much bigger (Figure 12). Elevated DMS levels in other waters and/or months are only predicted by one or two of the climatologies. For example, the G18 and neural network climatologies predict a large swathe of elevated DMS (> 2 nM) in low latitude waters in March, whereas the L11 does not (Figure 11). The L11 and neural network climatologies predict DMS > 2 nM in low latitude waters in September, whereas the G18 estimate is lower (Figure 13).
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FIGURE 10. Predicted spatial distribution of seawater DMS in the North Atlantic during November. Climatological maps are extracted from Lana (L11, left panel), the Galí et al. (2018) prediction (G18, middle panel) and the neural network model prediction (right panel). G18 and the neural network output are specific to the NAAMES1 field campaign period because they use MODIS Chl and SST from November 2015, whereas L11 is not specific to a certain year. Scales are capped at 3.5 nM to maintain spatial contrast and aid comparability between panels. Some L11 data exceed the cap (maximum value of 4.2 nM). Pixels with no data/land are filled black.
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FIGURE 11. Predicted spatial distribution of seawater DMS in the North Atlantic during March. Climatological maps are extracted from Lana (L11, left panel), the Galí et al. (2018) prediction (G18, middle panel) and the neural network model prediction (right panel). G18 and the neural network output are specific to the NAAMES4 field campaign period because they use MODIS Chl and SST from March/April 2018, whereas L11 is not specific to a certain year. Scales are capped at 3.5 nM to maintain spatial contrast and aid comparability between panels. Some G18 and W20 data exceed the cap (maximum values of 7.2 and 5.0 nM respectively). Pixels with no data/land are filled black.
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FIGURE 12. Predicted spatial distribution of seawater DMS in the North Atlantic during May. Climatological maps are extracted from Lana (L11, left panel), the Galí et al. (2018) prediction (G18, middle panel) and the neural network model prediction (right panel). G18 and the neural network output are specific to the NAAMES2 field campaign period because they use MODIS Chl and SST from May 2016, whereas L11 is not specific to a certain year. Scales are capped at 7.0 nM to maintain spatial contrast and aid comparability between panels. Some G18 data exceed the cap (maximum value of 38.5 nM). Pixels with no data/land are filled black.
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FIGURE 13. Predicted spatial distribution of seawater DMS in the North Atlantic during September. Climatological maps are extracted from Lana (L11, left panel), the Galí et al. (2018) prediction (G18, middle panel) and the neural network model prediction (right panel). G18 and the neural network output are specific to the NAAMES3 field campaign period because they use MODIS Chl and SST from September 2017, whereas L11 is not specific to a certain year. Scales are capped at 3.5 nM to maintain spatial contrast and aid comparability between panels. Some G18 data exceed the cap (maximum value of 29.2 nM). Pixels with no data/land are filled black.


The input parameters common to the G18 algorithm and neural network model are Chl, SST, PAR, and MLD. The G18 and neural network DMS plots contain features that appear like the ocean (fronts, eddies, etc.). The “oceanic DMS features” are generated by spatial variations in MODIS Chl and SST (Figures 2, 3). A climatological average product was used for MLD and for PAR. The relative sensitivity of the G18 and neural network model estimates to the inputs of Chl and SST is evident when comparing certain regions. For example, the neural network model predicts higher DMS levels in the Gulf Stream in November 2015 than the G18 estimate (Figure 10). The G18 estimate in May 2016 for the same region is higher than the neural network model (Figure 12). The G18 parameterization tends to produce high DMS estimates close to the coast where Chl levels are high, with maximum predictions in May and September of 38.5 and 29.2 nM, respectively (Figures 12, 13).

Observed DMS is consistently under-predicted by the G18 algorithm and neural network model (Figure 14). The G18-predicted average (mean) for November, March/April and September plot below the 1:1 line (Figure 14A). Some of the differences between G18-predicted and observed DMS may be driven by an imperfect estimation of the MLD, although in situ MLDs, and climatological Argo MLD compare well for November and September (Supplementary Figures S1, S2). G18-predicted DMS and observed DMS in May agree well on average (Figure 14A), but this is due to both under and over-prediction at different stages of the cruise. The neural network model under-predicts seawater DMS for all four cruises (Figure 14B), but the agreement with observations is substantially better than the G18 prediction (G18 R2 = 0.17; neural network model R2 = 0.58).
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FIGURE 14. Comparison between observed and predicted seawater DMS concentrations during all four NAAMES cruises (red = November, NAAMES1; cyan circles = March/April, NAAMES4; blue downward triangles = May, NAAMES2; green upward triangles = September, NAAMES3). Mean and uncertainty (error bars are ± 1 SD) DMS for each cruise are identified in yellow (square = November; circle = March/April; downward triangle = May; upward triangle = September). The 1:1 line (dashed gray line) is shown for reference. X and Y-axis limits have been adjusted slightly to maximize clarity, which has resulted in the exclusion of a small number of outlying data points (Figure 9b shows the full extent of the data). DMS predicted by (A) the G18 algorithm (Galí et al., 2018) and (B) a neural network model.




DISCUSSION

The NAAMES DMS data illustrate the interplay of physical and biological forcing on the reduced sulfur cycle in seawater. The qualitative association between DMS and Chl during NAAMES is clear, but the statistical correlation is weak (Spearman’s ρ = 0.32, p < 0.001, n = 4,374) and very little DMS variability is explained by Chl (R2 = 0.15). Physical processes confound the links between DMS and biology, but the correlation of DMS with parameters such as SST and MLD is also weak (DMS vs. SST: Spearman’s ρ = 0.21, p < 0.001, n = 7,043, R2 = 0.004; DMS vs. MLD: Spearman’s ρ = −0.30, p < 0.001, n = 7,061, R2 = 0.02). Elevated surface water DMS are rapidly reduced when the MLD is deepened by wind-driven mixing (e.g., the NAAMES2 high wind speed event on DOY 150, Station S5). Low DMS levels observed on DOY 145 and DOY 152 during the annual bloom climax (NAAMES2, Figure 5) are good examples of how storms can impact DMS levels during a period of the year typically associated with enhanced biological production/DMS. DMS levels are low during the November cruise, with variability associated with frontal variations in SST and Chl (e.g., DOY 322, NAAMES1, Figure 4). The same phenomena is observed during the accumulation phase of the bloom when Chl levels in the North Atlantic are much higher (DOY 92.5, NAAMES4, Figure 7).

The cyclonic eddy sampled in March 2018 during NAAMES4 (Figure 8) is a good example of how environmental conditions can occasionally be conducive to a predictable relationship between DMS and Chl. The conditions that influence the biological community are relatively stable within an eddy. Eddy circulation limits lateral mixing of the phytoplankton community with surrounding waters. Eddy circulation is also an important factor for the depth of the mixed layer. Mixed layer stratification influences the upwelling of sub-surface waters and the supply of nutrients. Pigment analysis suggests that the dominant phytoplankton within the NAAMES4 eddy were the haptophyte group (Kramer et al., 2020). Haptophytes produce a lot of DMS and DMSP relative to other phytoplankton groups (Stefels et al., 2007). It is likely that DMS and Chl levels co-varied because haptophyte biomass and DMS production changed in proportion to the changes in total Chl. DMS levels inside the eddy were high relative to the rest of the March cruise (>10.0 nM at the eddy center, compared to the NAAMES4 mean DMS = 3.9 nM). The NAAMES4 eddy had a retentive surface area of ∼5,000 km2 according to Della Penna and Gaube (2019). The eddy was a substantive feature in the NAAMES study region and features such as this will have a strong influence on the spatial distribution of DMS and make a significant contribution to regional DMS production.

The L11 data are extracted from a smoothed, monthly product and cannot reproduce the observed spatial variability during the NAAMES cruises (Figures 4–7). The L11 climatology infers high seawater DMS concentrations in certain areas of the North Atlantic throughout the year, which does not agree with the predictions from the neural network model or the G18 algorithm (Figures 10–13, also discussed in Galí et al., 2018). The L11 climatology has been invaluable to Earth System modelers, but is ultimately unable to provide a realistic spatial representation of seawater DMS. The L11 climatology is unable to capture DMS spatial variability across ocean temperature fronts in winter, across large mesoscale features such as eddies, or due to short term temporal variability in MLD (e.g., recovery from a strong wind event). The climatological DMS plots predicted by the G18 algorithm and the neural network model clearly demonstrate the impact that using in situ or remotely sensed data (MODIS Chl, SST) would have upon our understanding of spatial variability in seawater DMS (Figures 10–13). The G18 algorithm and neural network model have similar input variables. The differences between the spatial distribution of the G18 and neural network model outputs demonstrate the relative sensitivities that the predictions have to the input variables. The DMS climatologies (Figures 10–13) and SST fields (Figures 2A–D) were used to calculate the sea-to-air DMS flux. The flux calculation uses the mean wind speed from each cruise. The total North Atlantic regional flux estimates can be compared in Table 1. The impact of choosing different climatologies to calculate the DMS flux into the atmosphere is large.


TABLE 1. Total sea-to-air flux of DMS (Mmol S day–1) in the North Atlantic region (20°–57°N, 72°–38°W) as estimated using the L11 climatology and the G18 and neural network models.

[image: Table 1]The links between biology and physics are key within many algorithms that use MLD and Chl to predict DMS (e.g., Simó and Dachs, 2002; Vallina and Simó, 2007; Galí et al., 2018). Chl and MLD are also key input variables to the neural network model for DMS presented by Wang et al. (2020). The G18 algorithm and neural network model attempt to resolve DMS variability due to the collective impact of biological and physical processes. An accurate predictive approach coupled with Earth Observation data has enormous potential (Galí et al., 2019). Accurate MLD and Chl are necessary for an accurate prediction, which is highlighted by the difference between the NAAMES4 G18 predictions using in situ MLD vs. climatological MLD.

The neural network model and G18-prediction consistently underestimate the NAAMES in situ DMS data. The underestimation of DMS by these models may be because they were developed using climatological input parameters, which inevitably smooth out the episodic extremes in the predictor variables (Wang et al., 2020). Alternatively, additional parameters may be needed to improve predictive capability. The G18-prediction and neural network model do not explicitly include biological processes that are important in the oceanic reduced sulfur cycle (Stefels et al., 2007): (i) the influence of phytoplankton species composition on DMSP/DMS production; (ii) biological conversion of DMSP to DMS via grazing and algal/bacterial enzyme activity;, and/or (iii) microbial consumption of DMSP and DMS to non-volatile sulfur products.

Previous work in the NW Atlantic has demonstrated the importance of plankton community composition in the DMS/DMSP cycle (Lizotte et al., 2012). Only some of the phytoplankton species that produce DMSP do so in large amounts (e.g., coccolithophores, dinoflagellates), but understanding their spatial distribution may be the key to improving predictions of DMSP and thus DMS (McParland and Levine, 2019). Satellite observations of phytoplankton diversity are improving (see Bracher et al., 2017) and are likely to be required to improve future predictions of seawater DMS from space. Current predictive models are not well-equipped to represent changes in biological community composition and its impact on seawater DMS.



CONCLUSION

Four cruises in the North Atlantic during the NAAMES project provide a large amount of surface seawater DMS data throughout the different stages of the seasonal phytoplankton bloom. Elevated seawater DMS levels were observed during the seasons of high biological productivity (March/April, May, and September) and lower levels were observed during November. The DMS climatology (Lana et al., 2011) captures the seasonal progression well but, unsurprisingly, does not accurately represent the substantial variability in DMS over short spatial/temporal scales in the North Atlantic. The high frequency data collected during the wintertime transition (November, NAAMES1) and the bloom climax (May, NAAMES2) highlight the interaction between physics (fronts, storms) and biology.

The intention of this paper is to present an overview of the NAAMES seawater DMS observations along with environmental variables that have been shown to influence DMS variability. Previous work has discussed upper water column mixing timescales and the MLD definition that is most relevant to DMS dynamics (Simó and Dachs, 2002). DMS predictions using the G18 algorithm driven by either Argo MLD or in situ MLD during NAAMES4 highlight that an appropriate representation of water mass mixing history may help improve seawater DMS prediction. However, the G18 algorithm and neural network model outputs under-predict measured DMS levels, even when in situ and climatological MLD estimates are consistent with each other (NAAMES1–3). The G18 algorithm and neural network model output may be limited because their input variables do not encapsulate all of the key biological processes. Future work will focus on whether biological measurements can be used to improve satellite-based estimates of seawater DMS.
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Supplementary Figure 1 | Scatter plot comparing in situ CTD estimates of mixed layer depth (MLD) with MLDs extracted from Argo data (climatological MLDs). MLDs were detected using the density algorithm (Holte and Talley, 2009; Holte et al., 2017).

Supplementary Figure 2 | Timeseries comparison of in situ CTD estimates of mixed layer depth (MLD, blue circles) with MLDs extracted from Argo data (climatological MLD, red line) for each NAAMES cruise. MLDs were detected using the density algorithm (Holte and Talley, 2009; Holte et al., 2017).


FOOTNOTES

1https://saga.pmel.noaa.gov/dms/

2https://github.com/weileiw/ANN-DMS-code
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