
1. Introduction
Biogeographical partitions of marine environments aim to identify ecologically similar ocean regions at the basin 
and/or global scale. Such partitions allow for the extrapolation of sparse ship-based measurements, in turn making 
it possible to generalize species distributions (Brinton, 1962) and ecosystem processes (Longhurst, 1995); tune 
global bio-optical algorithms to specific regions or water types (Shi et al., 2009; T. S. Moore et al., 2009); and 
constrain expected variability in global models of biological (Behrenfeld et al., 2005; Platt & Sathyendranath, 1988) 
and biogeochemical (Sarmiento et al., 2004) processes. While these approaches primarily focus on the properties 
and characteristics of the upper ocean, classifications have been extended to the mesopelagic zone as well, based 
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dynamics within the global ocean, understanding and predicting biological processes at broad scales requires 
identifying ecologically similar marine provinces. However, because such provinces are typically defined 
using data from satellites or from climatologies averaging many decades of ship-based measurements, they are 
limited in their ability to account for environmental variability beneath the sea surface. Over the last 10 years, 
the development of the global Biogeochemical Argo (BGC-Argo) networks of autonomous profiling floats 
has significantly relieved this constraint, providing measurements of physical, bio-optical, and biogeochemical 
parameters within the upper kilometer of the ocean. In this study, we explore the potential for using BGC-Argo 
time series data to develop a novel biogeographical classification based on the direct measurement of 
subsurface bio-optical parameters. We identify six phytoplankton biomes in the global BGC-Argo data set: 
two high-latitude biomes characterized by large phytoplankton blooms during summer months and four 
mid-to-low-latitude biomes characterized by complex subsurface dynamics reflecting basin-scale trends in 
environmental forcings. Our results capture the environmental drivers of phytoplankton distributions at the 
global scale, in addition to relationships between phytoplankton distributions in the upper sun-lit layer of the 
ocean and particle accumulation within the mesopelagic zone.
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on species distributions (Brinton, 1962; Steinberg et al., 2008), inferred subsurface biomass distributions (Proud 
et al., 2017), or global climatologies (Reygondeau et al., 2018; Sutton et al., 2017).

Because the majority of ocean primary production and biogeochemical cycling is carried out by microbial 
communities (Field et al., 1998), there is a particular interest in delineating regions characterized by similar trends 
in plankton dynamics. As such, biogeochemical classifications are often based on criteria presumed to reflect or 
at least correlate with the distribution or physiology of microbial communities. Platt and Sathyendranath (1988) 
identified nine ocean regions based on bathymetric elevation and latitude. Longhurst subsequently identified 
four general ocean biomes based on seasonal trends in vertical mixing, using these biomes as the basis for 
identifying 51 provinces based on metrics of stratification, estimated photic zone depths, and surface nutrient 
concentrations (Longhurst, 2007; Longhurst et al., 1995). Other strategies have leveraged global measurements 
of remote sensed parameters to establish classifications, including sea surface temperature, photosynthetically 
available radiation (PAR), and estimated concentration of Chlorophyll a ([Chla]) at both regional (D’Ortenzio 
& Ribera d’Alcalà, 2008; Hardman-Mountford & McGlade, 2002) and global scales (Fay & McKinley, 2014; 
Hardman Mountford et al., 2008; Mustapha et al., 2014; T. S. Moore et al., 2001; Wilson & Coles, 2005).

While these and other approaches (see Krug et al., 2017 for a review) have been successful at defining marine 
provinces based on the criteria selected, they are limited in their ability to account for subsurface variability, due 
to poor global coverage of subsurface measurements. In the last 10 years, however, the widespread deployment 
of Biogeochemical Argo (BGC-Argo) floats has considerably relieved this constraint, providing high-frequency 
measurements of physical, biogeochemical, and bio-optical parameters in the horizontal, vertical, and tempo-
ral dimensions over long time periods (Claustre et al., 2020; Roemmich et al., 2019). These data have made it 
possible to characterize subsurface phytoplankton distributions and their drivers at both the basin (Barbieux 
et al., 2019; Lacour et al., 2017; Mignot et al., 2014) and global scale (Cornec et al., 2021). Because BGC-Argo 
floats typically complete transects to maximal depths of 1,000 m, they additionally provide an insight into link-
ages between ecological processes in the euphotic zone and carbon export in the mesopelagic zone (Briggs 
et al., 2011; Dall’Olmo & Mork, 2014).

In this study, we use empirical orthogonal function (EOF) analysis to characterize variability in annual time 
series of bio-optical parameters measured by BGC-Argo floats: in vivo chlorophyll fluorescence (FChla) and 
particle backscattering coefficients (bbp). At a first order, FChla provides a coarse measure of algal biomass, 
although it can also be significantly influenced by phytoplankton physiology, especially across vertical gradients 
(Dubinsky & Stambler, 2009). Particle backscatter coefficients provide an overall proxy for particulate organic 
carbon (POC), especially within the 0.2–20 μm size range (Stramski et al., 2008). The incorporation of both 
FChla and bbp in EOF analysis makes it possible to compare individual time series based on variability in phyto-
plankton biomass/physiology as well as particle concentrations within both the euphotic and mesopelagic zones.

Based on this analysis, we address the following objectives: (a) to describe the dominant spatiotemporal trends 
in vertical phytoplankton and suspended particle distributions within the global ocean; (b) to identify the envi-
ronmental drivers associated with this variably; and (c) to evaluate linkages between biological variability in the 
upper ocean and biomass accumulation within the mesopelagic zone. Our results provide the first ever biogeo-
graphical classification of the global ocean that relies solely on bio-optical parameters measured by BGC-Argo 
floats and yield novel insights on the drivers of phytoplankton dynamics at the global scale.

2. Methods
2.1. Construction of Bio-Optical Time Series

This study relies on data acquisition from 205 BGC-Argo floats sampling physical and biogeochemical param-
eters across diverse regions of the global ocean (Argo, 2000; Claustre et al., 2020; Roemmich et al., 2019). In 
addition to FChla and bbp, these measurements include temperature, salinity, and up to four additional core BGC 
variables (PAR, dissolved oxygen, nitrate concentration, and pH). BGC-Argo float data are accessible through 
the Coriolis database (ftp://ftp.ifremer.fr/ifremer/argo). Monthly satellite [Chla] and bbp measurements (hereafter 
[Chla]sat and bbp_sat, respectively) corresponding to each profile were obtained at a 4 km resolution from the Ocean 
Color-Climate-Change Initiative v4.0 database, which merges observations from MERIS, MODIS, VIIRS, and 
SeaWiFs (ftp://oc-cci-data:ELaiWai8ae@oceancolou.org/occci-v4.2/). Because bbp at 700 nm was not available 
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from the OCCCI database, 665 nm retrievals were downloaded and converted to 700 nm following the power law 
equation described in Sauzède et al. (2016).

Hydrological data were collected by the SBE 41 Seabird CTD sensors, which were processed and quality-controlled 
following Argo protocols as described by Wong et al. (2020). Floats were equipped with Seabird-Wetlabs sensors 
of three types (FLBB, ECO-Triplet, or MCOMS) that include a chlorophyll fluorometer (excitation at 470 nm; 
emission at 695 nm), and a backscattering sensor at 700 nm. Values for [Chla] and bbp were retrieved from these 
measurements and quality-controlled (only data with good and probably good QC flags were used) following 
BGC-Argo protocols (Schmechtig et  al.,  2015, 2018a, 2018b). Non-photochemical quenching in near-surface 
measurements of [Chla] was corrected for following Xing et al. (2012). Individual [Chla] and bbp profiles were 
smoothed prior to EOF analysis to denoise data and remove spikes. Following Cornec et al. (2021), a 5-point 
rolling median filter was applied to [Chla] profiles. For bbp profiles, a 7-point rolling median filter was applied, 
followed by a 5-point rolling mean filter. The 7-point median filter was used for bbp profiles to account for large 
spikes in individual profiles caused by aggregations of particles (Briggs et al., 2011).

[Chla] and bbp profiles from each float were then grouped into individual time series based on the year of meas-
urement. To account for the seasonal polarity of North and South Hemispheres, dates for floats in the Southern 
Hemisphere were shifted forward 6 months prior to grouping. Time series were only included in analyses if the 
first profile was completed before January 20, the last profile after December 10, and if there were no more than 
20 days between two consecutive profiles between those dates.

To eliminate missing data in the final EOF matrix, profiles in each time series were interpolated vertically to 1-m 
intervals between 1 and 750 m. Each depth within the time series was then interpolated horizontally to 1-day 
intervals between 1 and 365 days. Interpolated [Chla] and bbp time series were converted into vectors, creating 
1 × 273,750 vectors for each parameter. [Chla] and bbp vectors were then separately centered to mean 0, normal-
ized to the standard deviation for all measurements in the vector, and joined end-on-end to create a 1 × 547,500 
vector for each time series. This process was repeated for each complete time series in the data set, yielding a 
matrix consisting of 422 columns (corresponding to each time series in the data set) and 547,500 rows (corre-
sponding to each day/depth in the time series). Including only depths up to 750 m in the time series matrix was 
found to maximize the proportion of overall variability captured in the first six singular vectors in EOF results. 
Note, however, that the estimation of the environmental parameters still takes into account measurements from 
the surface to 1,000 m for each profile.

2.2. Cluster Analysis to Characterize Similarities Between Time Series

EOF was performed on the matrix of combined [Chla] and bbp time series, yielding (a) a matrix of singular 
vectors capturing varying fractions of overall variability in the original time series matrix (Figure 1) and (b) 
a matrix of weightings reflecting the importance of each singular vector to each of the original time series 
(Figure 2; see Text S1 in Supporting Information S1 for details). To identify groups of similar time series, the 
pairwise Euclidean distance was calculated between subsets of the weightings corresponding to the first six 
singular vectors (Pielou, 1984). Similar groups of weightings were then identified using divisive hierarchical 
clustering analysis—a clustering approach that has been indicated to provide more accurate clustering results 
than agglomerative methods, especially when a relatively small number of clusters is desired (Hastie et al., 2009).

In performing this analysis, several low latitude time series, primarily in the Arabian Sea (AR), were routinely 
grouped with high-latitude time series (Figure S1 in Supporting Information S1). Therefore, to prevent misclas-
sification without removing data, two rounds of clustering were performed. In the first round, time series were 
clustered into two groups based on the EOF weightings corresponding to the first two singular vectors. Any time 
series with an absolute median latitude <25° that was clustered with the high-latitude time series was then manu-
ally reassigned to the low-latitude cluster. The threshold of 25° was selected to include all time series within the 
AR in the low-latitude cluster. This approach effectively forced the segregation of high-latitude and low-latitude 
floats at the first clustering step, albeit without requiring any assumption of the appropriate boundary between 
the low-latitude and high-latitude floats.

Divisive hierarchical cluster analysis was then performed separately for the time series in high-latitude and 
low-latitude clusters. Intracluster similarity was evaluated based on the average silhouette score for each cluster—a 
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metric corresponding to the average distance between the weightings for a given time series and the weightings 
for all other time series within its assigned cluster (Rousseeuw, 1987; see Text S2 in Supporting Information S1 
for details). The number of SVD coefficients included in cluster analysis and the number of clusters formed were 
selected independently for high-latitude and low-latitude floats to maximize intracluster similarity in either case. 
Maximal silhouette scores for low (high) latitude floats were then obtained when forming 4 (2) clusters based 
on the pairwise Euclidean distance of the first 6 (2) SVD coefficients (Table S1 in Supporting Information S1).

To provide a basis for comparing classifications based on SVD coefficients of vertical BGC-Argo data to those 
derived from surface measurements alone, time series were additionally classified by the standard deviation 
of annual [Chla]sat measurements, following the variance bins used in the bioregionalization of Behrenfeld 
et al. (2005). Briefly, these bins were L0 (sd [Chla]sat < 0.018 mg m −3), L1 (0.018 < sd [Chla]sat < 0.026 mg m −3), 
L2 (0.026 < sd [Chla]sat < 0.09 mg m −3), L3 (0.09 < sd [Chla]sat < 0.4 mg m −3), and L4 (sd [Chla]sat 0.4 mg m −3).

2.3. Determination of Environmental Parameters

Environmental parameters derived for each profile are described in Table 1. Season was determined based on 
the profile date after applying the adjustment for Southern Hemisphere floats. Winter, spring, summer, and fall 
seasons, respectively, correspond to December–February, March–May, June–August, and September–November. 
For time series from regions subjected to seasonal monsoon forcing (see below), the year was divided into four 
periods: Northeast Monsoon (December 1 to April 1); Spring Intermonsoon (April 1 to July 1); Southwest 
Monsoon (July 1 to September 15); and Fall Intermonsoon (September 15 to November 1). Intermonsoon date 
ranges were centered on seasonal maxima in surface temperature, while monsoon date ranges were centered on 
seasonal minima in surface temperature (Figure S2 in Supporting Information S1).

Mixed layer depth (MLD) was calculated as the depth where potential density increased above 0.03 kg m −3 in 
comparison to a reference density at 5 m (de Boyer Montégut et al., 2004). The CANYON-B algorithm (Bittig 

Figure 1. First six singular vectors obtained for rows of empirical orthogonal function (EOF) matrix corresponding to measurements of [Chla] (CHL_V1—CHL_V6) 
and bbp (BBP_V1—BBP_V6). Although EOF was performed for measurements from 0 to 750 m, only depths up to 500 m are shown here. Units are arbitrary in either 
plot. Products of singular vectors and EOF weightings (Figure 2) yield scaled [Chla] and bbp values in original time series matrix.
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et  al.,  2018; Sauzède et  al.,  2017) was used to obtain estimates of nitrate, phosphate, and silicate concentra-
tions for floats equipped with dissolved oxygen sensors. For floats deployed in the Mediterranean Sea, the 
CANYON-MED algorithm was used (Fourrier et al., 2020, 2021). Estimated concentrations were used to calcu-
late the depth and slope for the nitracline, phosphocline, and silicacline. The nitracline depth was defined as the 
depth where nitrate concentrations increased above a threshold of 1 μM relative to surface concentrations, follow-
ing Lavigne et al. (2015). Nitracline slope (mNO3) was calculated by evaluating the rate of change in nutrients with 
depth between the nitracline depth and 1.25 times the nitracline depth (Cornec et al., 2021). The nitracline slope 
was interpreted as reflecting the upward vertical flux of nitrate at the depth of the nitracline (Gong et al., 2017). 
Appropriate thresholds for determining silicacline and phosphocline depths were determined for each profile 
as the ratio of maximal silicate or phosphate concentrations relative to the maximal nitrate concentrations. For 
example, if maximal silicate concentrations were five times greater than maximal nitrate concentrations, the sili-
cacline would be defined as the depth where silicate concentrations increased above a threshold of 5 μM relative 
to surface concentrations.

The underwater light field for each profile was determined using float-based PAR measurements. For floats not 
equipped with radiometers (see Table S2 in Supporting Information S1), PAR profiles were modeled by first 
estimating surface PAR based on the date, latitude, and longitude of a given profile using the clear sky model 
of Gregg and Carder  (1990). PAR profiles were then estimated as described in Cornec et al.  (2021). Briefly, 
region-specific attenuation coefficients were then used to propagate surface PAR estimates based on [Chla] 
profiles, following a modified implementation of Morel et al. (2007). Estimated PAR profiles were then corrected 
to account for cloud cover.

Measured and estimated PAR profiles were then used to estimate daily integrated PAR (iPAR) at each of the 
nutricline depths, following Lacour et al. (2017). Median iPAR within the mixed layer (iPARMLD) was derived for 

Figure 2. Weightings corresponding to the first six singular vectors obtained via singular value decomposition applied to the global Biogeochemical-Argo data set of 
[Chla] and bbp profiles, grouped by biomes identified via cluster analysis. Red line corresponds to the mean weighting magnitude for each vector.
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each profile by calculating iPAR at the median depth between the surface and MLD. The depth of the euphotic 
layer (Zeu) was defined as the depth where PAR was reduced to 0.1% of its value at 1 m. Following Dall’Olmo 
and Mork (2014), the depth of the productive layer (Zp) was defined as the greater value of the MLD or Zeu for 
a given profile. The depth of the mesopelagic layer (Zm) was defined as the maximal depth of the float transit 
(typically around 1,000 m).

Average [Chla] and bbp within the productive layer ([Chla]pz and bbp_pz, respectively) were calculated by integrat-
ing profiles from 1 m to the bottom of the productive layer and then normalizing to Zp. Average bbp values within 
the mesopelagic zone (bbp_mz) were calculated by integrating from Zp to Zm and normalizing to the difference 
in depth between Zm and Zp. The ratio of bbp_pz:bbp_mz was interpreted as a proxy for transfer efficiency (Teffp), 
following Galí et al. (2021), albeit in our case based on comparative depth-integrated bbp values rather than POC 
estimates. Average bbp values were also calculated for each of the four equally sized depth ranges within the 
mesopelagic zone (bbp_m1 – bbp_m4) by integrating bbp profiles within each depth range and then normalizing to the 
width of the depth range (Figure S3 in Supporting Information S1). The width of each depth range was defined 
as (Zm – Zp)/4. Because Zp was calculated as the greater value of the MLD or Zeu for each profile in the data set, 

Symbol Definition Units

AR Arabian Sea biome

EQ Equatorial biome

HCB High chlorophyll bloom biome

LCB Low chlorophyll bloom biome

PDCM Permanent deep chlorophyll maximum biome

SDCM Seasonal deep chlorophyll maximum biome

STFZ Subtropical Frontal Zone time series

MED Mediterranean Sea time series

[Chla] Chla concentration mg m −3

[Chla]mz Average Chla concentration within the mesopelagic zone mg m −3

[Chla]pz Average Chla concentration within the productive zone mg m −3

[Chla]sat Satellite [Chla] mg m −3

bbp Particulate backscattering coefficient m −1

bbp_pz Average bbp within the productive zone m −1

bbp_mz Average bbp within the mesopelagic zone m −1

iPAR Daily integrated PAR E m −2 d −1

iPARMLD Median iPAR in the mixed layer E m −2 d −1

iPARNO3 iPAR at the nitracline depth E m −2 d −1

MLD Mixed layer depth m

mNO3 Nitracline slope μM m −1

NMLD Average NO3 concentration within the mixed layer μM

PAR Photosynthetically available radiation E m −2

PMLD Average PO4 concentration within the mixed layer μM

SMLD Average SiO4 concentration within the mixed layer μM

Teffp Transfer efficiency of particle stocks from euphotic zone to mesopelagic zone %

Zez Depth of euphotic zone; depth where PAR is reduced to 0.1% of its surface value m

ZNO3 Depth of the nitracline m

Zpz Depth of productive zone; maximum of MLD or zeu for a given profile m

Table 1 
Abbreviations Used in This Study
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mesopelagic depth ranges were calculated for each profile. For ease of reporting, all bbp values are reported in 
units of 10 −3 m −1.

2.4. Statistics

All analyses were performed in R 4.0.2 using RStudio 1.3.1073 (R Core Team, 2016). Shapiro-Wilk tests were 
performed for each parameter to evaluate normality of data. Bartlett's tests were used to evaluate homogeneity of 
variance. Because distributions of parameter measurements were generally not normally distributed, the median 
is used as the measure of central tendency for all results. The interquartile range (IQR) is used as the measure 
of dispersion, calculated as the difference between the third and first quartiles. For non-normally distributed 
parameters, Kruskal-Wallis tests were used to evaluate significant differences in parameter measurements based 
on cluster, season, or month of sampling, and Dunn's post-hoc test was used to perform multiple comparisons. 
For normally distributed parameters, analysis of variance (ANOVA) tests was used, followed by Tukey's Honestly 
Significant Difference post-hoc test. To evaluate main sources of variability within the data set of environmental 
parameters, principal component analysis (PCA) was performed on log-transformed and standardized parame-
ter values. To evaluate relationships between bio-optical and environmental parameters, linear regressions were 
performed on monthly parameter averages for each biome. Relationships between bio-optical parameters were 
evaluated by calculating Spearman's rank correlation coefficient (ρ) for pairs of depth-integrated parameters (e.g., 
[Chla]pz, bbp_pz, bbp_m1 — bbp_m4).

3. Results
3.1. Results of Factor Analysis

The first six singular vectors identified in EOF analysis captured 81% of the variability in the data set of 422 time 
series (Figure 1, Table S3 in Supporting Information S1). The contribution of each singular vector to the original 
time series depends on both the magnitude and sign of its corresponding coefficient (Figure 2). For example, 
the first singular vector alone, when multiplied by a negative coefficient, results in a time series characterized 
by large surface [Chla] and bbp values during summer months. The second singular vector, when multiplied by 
a negative coefficient, counteracts the effect of the first singular vector and yields a time series characterized by 
a seasonal deep chlorophyll maximum (DCM). Conversely, if multiplied by a positive coefficient, the second 
singular vector would enhance the contribution of the first singular vector. In this way, each coefficient adds 
additional information about the vertical and seasonal distribution of [Chla] and bbp in the original time series 
and can be used to classify time series via cluster analysis.

3.2. Results of Cluster Analysis

The initial clustering (Figure 3a) formed a low-latitude cluster with a unimodal latitudinal distribution centered 
on 7.4°  ±  24.8°N (N  =  190) and a high-latitude cluster with a bimodal latitudinal distribution centered on 
58.0°  ±  8.2°N and −50.24°  ±  6.85°N (n  =  232). High-latitude time series were further divided (Figure 3b, 
Figure S4 in Supporting Information S1) into a high-chlorophyll bloom (HCB) cluster centered at 60.4° ± 7.2°N 
(n = 164) and a low-chlorophyll bloom (LCB) cluster centered at −49.9° ± −6.7°N (n = 68). Low latitude time 
series were divided into AR, equatorial (EQ), permanent DCM (PDCM), and seasonal DCM (SDCM) clusters. AR 
time series were centered at 16.01° ± 2.57°N (n = 18); EQ time series were centered at 4.18° ± 13.08°N (n = 60); 
PDCM time series had a bimodal distribution centered at 23.68° ± 3.35°N and −22.06° ± 4.05°N (n = 49); 
SDCM time series had a bimodal distribution centered at 36.01° ± 3.20°N and −34.98° ± 8.10°N  (n = 63). 
SDCM time series in northern latitudes were nearly entirely limited to the Mediterranean Sea, while those in 
southern latitudes were concentrated at latitudes separating the southern subtropical gyres from the Southern 
Ocean. To capture any differences in environmental drivers between these regions, Mediterranean (hereafter 
MED) and open ocean SDCM time series (hereafter Subtropical Frontal Zone, or STFZ) were analyzed sepa-
rately in addition to those corresponding to the SDCM time series as a whole. Following Longhurst (2007), in the 
remainder of the text the HCB, LCB, SDCM, PDCM, AR, and EQ clusters are referred to as biomes, since each 
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has a characteristic seasonal phytoplankton cycle (see below). High-latitude clusters and low-latitude clusters are 
still identified as clusters since they are themselves composed of several biomes.

3.3. Trends in Bio-Optical Parameters for Each Biome

Averaging the vectors in the original time series matrix belonging to each biome revealed distinct seasonal trends 
in [Chla] (Figure 4, Table 2) and bbp (Figure 5, Table 3). Time series in the EQ biome were characterized by 
a DCM at a median depth of 60.5 m (IQR = 20.5 m) that persisted throughout the year. Time series in the AR 
biome were characterized by the formation of a DCM during intermonsoon periods at median depths of 55.5 m 
(IQR = 18.4 m) during the Spring Intermonsoon and 34.5 m (IQR = 15.0 m) and during the Fall Intermonsoon. 
Time series in the SDCM biome were characterized by a spring phytoplankton bloom, followed by the formation 
of a DCM that reached a maximal depth of 91.0 m (IQR = 31.5 m) in summer months. Time series in the PDCM 
biome were characterized by a PDCM that reached a maximal depth of 136.0 m (IQR = 28.0 m) during summer 
months. Time series in the LCB and HCB biomes were both characterized by the formation of summer phyto-
plankton blooms, without the formation of SDCMs.

Values for [Chla]pz showed marked seasonal and inter-biome variability (Table 2). HCB and LCB time series 
were characterized by globally maximal [Chla]pz values during summer months. [Chla]pz values were similarly 

Figure 3. Geographic distributions of (a) High-latitude (HL) and low-latitude (LL) time series based on initial cluster 
analysis, after manual reassignment of Arabian Sea time series. (b) Equatorial (EQ), Arabian Sea (AR), seasonal DCM 
(SDCM), permanent DCM (PDCM), low-chlorophyll bloom (LCB), and high-chlorophyll bloom (HCB) time series based on 
second round of cluster analysis, as described in text. Coordinates correspond to the median latitude and longitude for each 
time series.
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elevated in AR, although with bimodal seasonality. Time series in the EQ and SDCM biomes were both char-
acterized by globally intermediate [Chla]pz values with limited seasonality compared to HCB, LCB, and AR. 
PDCM time series represented globally minimal values for both the magnitude and degree of annual variability 
in [Chla]pz.

Monthly averaged [Chla]pz values (Table  2) were significantly correlated with [Chla]sat values (Table S4 in 
Supporting Information S1) in the AR (ρ = 0.87 and p = 0.0003), PDCM (ρ = 0.92 and p < 1 × 10 −6), and HCB 

Figure 4. Mean [Chla] (mg m −3) for time series in the equatorial (EQ), Arabian Sea (AR), seasonal DCM (SDCM), permanent DCM (PDCM), low chlorophyll bloom 
(LCB), and high chlorophyll bloom (HCB) biomes. Black dashed line corresponds to mean mixed layer depth for each biome. Red dashed line corresponds to median 
nitracline depth for each biome. Yellow line corresponds to the median euphotic zone depth (defined as the 0.1% PAR isolume) for each biome.

Winter Spring Summer Fall Annual

EQ 0.20 (0.11) 0.21 (0.10) 0.20 (0.8) 0.23 (0.8) 0.20 (0.09)

AR* 0.46 (0.27) 0.24 (0.14) 0.50 (0.53) 0.46 (0.33) 0.38 (0.32)

SDCM 0.15 (0.11) 0.17 (0.17) 0.14 (0.10) 0.11 (0.05) 0.14 (0.10)

 MED 0.14 (0.07) 0.15 (0.10) 0.14 (0.10) 0.11 (0.04) 0.13 (0.07)

 STFZ 0.25 (0.19) 0.31 (0.27) 0.21 (0.16) 0.12 (0.14) 0.23 (0.20)

PDCM 0.08 (0.03) 0.08 (0.03) 0.08 (0.03) 0.08 (0.03) 0.08 (0.03)

LCB 0.32 (0.18) 0.48 (0.34) 0.62 (0.50) 0.42 (0.29) 0.39 (0.37)

HCB 0.23 (0.20) 0.48 (0.56) 0.86 (0.93) 0.45 (0.36) 0.45 (0.71)

Note. All values in units of mg m −3. Interquartile range included in parentheses. Mediterranean (MED) and Subtropical 
Frontal Zone (STFZ) refer to subsets of seasonal deep chlorophyll maximum biome (SDCM) time series as described in 
the text. Asterisk indicates that in the Arabian Sea (AR) biome, winter, spring, summer, and fall correspond to Northeast 
Monsoon, Summer Intermonsoon, Southwest Monsoon, and Fall Intermonsoon periods, respectively.

Table 2 
Median [Chla]pz Values for Each Biome



Global Biogeochemical Cycles

BOCK ET AL.

10.1029/2021GB007233

10 of 24

biomes (ρ = 0.96, p = < 1 × 10 −6). However, correlations between satellite and float measurements of [Chla] in 
the SDCM and EQ biomes were only statistically significant when comparing [Chla]sat to float-measured [Chla] 
integrated across the first optical depth alone (SDCM: ρ = 0.96 and p <1 × 10 −6, EQ: ρ = 0.68 and p = 0.02). 
No significant correlations were identified between satellite and float based measurements of [Chla] in the LCB 
biome. [Chla]sat variance bin classifications agreed with SVD coefficient classifications at very high and very 
low annual variability, with variance bins L0 and L4 primarily containing time series from the PDCM and HCB 

Figure 5. Mean bbp (m −1) for time series in the equatorial (EQ), Arabian Sea (AR), seasonal DCM (SDCM), permanent DCM (PDCM), low chlorophyll bloom (LCB), 
and high chlorophyll bloom (HCB) biome. Black dashed line corresponds to mean mixed layer depth for each biome. Red dashed line corresponds to median nitracline 
depth for each biome. Yellow line corresponds to the median euphotic zone depth (defined as the 0.1% PAR isolume) for each biome.

Winter Spring Summer Fall Annual

EQ 0.65 (0.14) 0.68 (0.13) 0.68 (0.15) 0.68 (0.16) 0.67 (0.15)

AR* 0.94 (0.37) 0.78 (0.19) 1.14 (0.63) 0.94 (0.34) 0.90 (0.38)

SDCM 0.61 (0.38) 0.75 (0.45) 0.64 (0.31) 0.52 (0.18) 0.62 (0.31)

 MED 0.58 (0.26) 0.69 (0.27) 0.59 (0.18) 0.50 (0.15) 0.60 (0.24)

 STFZ 0.73 (0.40) 1.06 (0.64) 0.91 (0.49) 0.65 (0.30) 0.82 (0.50)

PDCM 0.45 (0.09) 0.48 (0.09) 0.50 (0.08) 0.47 (0.08) 0.48 (0.08)

LCB 0.85 (0.49) 1.40 (0.78) 1.57 (0.90) 1.06 (0.58) 1.12 (0.80)

HCB 0.87 (0.59) 1.38 (1.33) 1.86 (1.25) 1.10 (0.62) 1.15 (1.30)

Note. All values in units of m −1. Interquartile range included in parentheses. Mediterranean (MED) and Subtropical Frontal 
Zone (STFZ) refer to subsets of seasonal deep chlorophyll maximum biome (SDCM) time series as described in the text. 
Asterisk indicates that in the Arabian Sea (AR) biome, winter, spring, summer, and fall correspond to Northeast Monsoon, 
Summer Intermonsoon, Southwest Monsoon, and Fall Intermonsoon periods, respectively.

Table 3 
Median bbp_pz Values for Each Biome
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biomes. However, intermediate variance bins grouped large numbers of time series from multiple biomes, as 
summarized in Table S5 in Supporting Information S1.

Trends in bbp_pz generally mirrored those in [Chla] in HCB, LCB, and AR biomes. Spearman's correlation coef-
ficients for comparisons of bbp_pz and [Chla]pz were 0.90 for the HCB biome, 0.80 for the LCB biome, and 
0.72 for the AR biome. Relationships between bbp_pz and [Chla]pz were weaker in the SDCM, EQ, and PDCM 
biomes, with correlation coefficients of 0.62, 0.61, and 0.17, respectively. Within the SDCM biome, correlation 
coefficients were 0.73 for STFZ time series and 0.51 for MED time series. All correlation coefficients were 
statistically significant, with p-values of less than 1 × 10 −24 for all comparisons. Monthly averaged values of 
bbp_pz (Table 3) and bbp_sat (Table S6 in Supporting Information S1) were significantly correlated in the SDCM 
(ρ = 0.73, p = 0.009), PDCM (ρ = 0.92 and p ≤ 1 × 10 −6), LCB (ρ = 0.97 and p ≤ 1 × 10 −6), and HCB (ρ = 0.99 
and p ≤ 1 × 10 −6) biomes. Satellite bbp retrievals were not correlated with float-measured bbp in the AR or EQ 
biomes, even when only integrating float bbp across the first optical depth as described above.

Values for bbp_pz were generally correlated with depth-integrated bbp values across different layers of the mesope-
lagic zone (Table S7 in Supporting Information S1). These relationships attenuated with depth, except in the case 
of AR, where correlations strengthened with depth. Values for bbp_m1 showed pronounced seasonality in the LCB 
and HCB biomes increasing to 0.50 m −1 (IQR = 0.20 m −1) and 0.55 m −1 (IQR = 0.28 m −1), respectively, during 
the summer bloom. In the SDCM biome bbp_m1 values reached maxima of 0.37 m −1 (IQR = 0.13 m −1) during 
the spring bloom. The EQ, AR, and PDCM biomes were characterized by comparatively limited seasonality in 
bbp_m1, with annual median values of 0.33 m −1 (IQR = 0.10 m −1), 0.51 m −1 (IQR = 0.18 m −1), and 0.26 m −1 
(IQR  =  0.06  m −1), respectively. Differences in bbp_m4 values between biomes were much less pronounced, 
with values in the EQ, SDCM, LCB, and HCB biomes being extremely similar (overall median = 0.25 m −1, 
IQR  =  0.09  m −1). Values for bbp_m4 were comparatively elevated in the AR biome (median  =  0.33  m −1, 
IQR = 0.05 m −1) and reduced in the PDCM biome (median = 0.20 m −1, IQR = 0.06 m −1). Values for bbp_pz were 
significantly inversely correlated to Teffp both for individual clusters (data not shown) and within the global data 
set (ρ = −0.82, p < 1 × 10 −16; see Discussion in Section 4.3).

3.4. Global Variability in Environmental Parameters

Results of PCA performed on environmental parameters captured (a) the degree of correlation between individ-
ual environmental parameters and (b) main sources of variability in environmental parameters for each biome 
(Figure 6). The first two principal components captured 43.6% and 26.7% of variability in the data set, respec-
tively. Based on the relative magnitude of the weightings associated with individual environmental parameters for 
each principal component (data not shown), the first principal component primarily captured variability related to 
surface temperature, NMLD, and iPARMLD. The second principal component primarily captured variability related 
to ZNO3, iPARNO3, Bbp_pz, and mNO3.

3.5. Environmental Setting of Biomes

3.5.1. Equatorial Biome

Time series in the EQ biome were characterized by limited seasonal variability for all environmental param-
eters (Figure S5 in Supporting Information  S1). Time series had a median surface temperature of 28.7°C 
(IQR = 2.2°C), and a median MLD of 25.0 m (IQR = 26.0 m). The nitracline was situated 29.0 m (IQR = 32 m) 
beneath the MLD throughout the year, and median nitrate concentrations within the mixed layer were perennially 
low (median = 0.2 μM, IQR = 0.9 μM). Values for nitracline slope in EQ time series represented global maxima, 
with an annual median value of 0.62 μM m −1 (IQR = 0.69 μM m −1). iPARNO3 were high throughout the year 
(median = 0.91 E m −2 d −1, IQR = 1.62 E m −2 d −1).

3.5.2. Arabian Sea Biome

Time series in the AR biome were characterized by bimodal seasonality in virtually all parameters (Figure S6 in 
Supporting Information S1). Surface temperatures ranged from median values of 26.3°C (IQR = 1.2°C) during 
the Northeast Monsoon, to median values of 29.6°C (IQR  =  1.7°C) during Summer Intermonsoon. MLDs 
reached minimal depths of 11.0 m (IQR = 6.00 m) and 12.0 m (IQR = 9.0 m) during the Spring Intermonsoon 
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and Fall Intermonsoon, respectively, and increased to 48.0 m (IQR = 41.0 m) and 45.0 m (IQR = 25.0 m) during 
the Northeast and Southwest Monsoon, respectively.

The nitracline was situated 26.0  m (IQR  =  17.0  m) beneath the MLD during the Spring Intermonsoon and 
14.0 m (IQR = 17.0 m) beneath the MLD during the Fall Intermonsoon. In contrast, the MLD and nitracline 
depths became coincident during the Northeast Monsoon and Southwest Monsoon. Nitrate concentrations in the 
mixed layer increased during monsoon periods, reaching annual maxima of 3.1 μM (IQR = 3.0 μM) and 2.4 μM 
(IQR = 3.1 μM) during the Northeast Monsoon and Southwest Monsoon, respectively. Nitrate concentrations in 
the mixed layer decreased to concentrations of 1.2 μM (IQR = 1.8 μM) and 1.7 μM (IQR = 3.0) during the Spring 
Intermonsoon and Fall Intermonsoon, respectively.

The nitracline slope was generally high throughout the year (median = 0.38 μM m −1, IQR = 0.46 μM m −1), 
although decreased sharply at the onset of Spring Intermonsoon period before increasing to annually maximal 
values during the Southwest Monsoon period. Values for iPARNO3 during intermonsoon periods represented 
global maxima, reaching 2.2  E m −2  d −1 (IQR  =  3.2  E m −2  d −1) during the Spring Intermonsoon and 1.1  E 
m −2 d −1 (IQR = 2.0 E m −2 d −1) during the Fall Intermonsoon. Values for iPARNO3 were comparatively low during 
monsoon periods, decreasing to 0.1 E m −2 d −1 (IQR = 0.4 E m −2 d −1) during the Southwest Monsoon and to 
0.14 E m −2 d −1 (IQR = 1.0 E m −2 d −1) during Northeast Monsoon.

3.5.3. Seasonal DCM Biome

Time series in the SDCM biome were characterized by strong seasonality in all environmental parameters (Figure 
S7 in Supporting Information S1). Surface temperatures in SDCM time series ranged from median values of 
16.7°C during winter months to 23.7°C during summer months. The MLD reached a maximum of 72.0  m 
(IQR = 66.5 m) in January and shoaled to 13.0 m (IQR = 15.0 m) in summer months. The nitracline was located 
38.0 m (IQR = 69.0 m) beneath the MLD during winter months, and 83.0 m (IQR = 64.0 m) during summer 
months. Nitrate concentrations within the mixed layer showed a small degree of seasonal variability, reach-
ing maximal concentrations of 0.27 μM (IQR = 0.73 μM) during winter months, and decreasing to 0.07 μM 

Figure 6. Principal component analysis results for environmental parameters corresponding to individual profiles in 
equatorial (EQ), Arabian Sea (AR), seasonal DCM (SDCM), permanent DCM (PDCM), low chlorophyll bloom (LCB), 
and high chlorophyll bloom (HCB) biomes. Length of vectors for individual parameters corresponds to correlation between 
principal component analysis (PCA) loadings on each component. Angle between vectors corresponds to correlation between 
PCA loadings for individual parameters. Parameters are the same as those in Table 1, using an underscore to indicate 
subscript text.
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(IQR = 0.20 μM) during summer months. The nitracline slope was low compared to other biomes and showed 
limited seasonal variability (median = 0.05, IQR = 0.07). Median values of iPARNO3 showed limited seasonal 
variability, ranging from 0.008 E m −2 d −1 (IQR = 0.03 E m −2 d −1) during winter months to 0.19 E m −2 d −1 
(IQR = 0.56 E m −2 d −1) during summer months.

Separately analyzing MED (Figure S8 in Supporting Information S1) and STFZ (Figure S9 in Supporting Infor-
mation S1) time series revealed distinct hydrological and biogeochemical dynamics within the SDCM biome. 
The average MLD during wither months was significantly greater (ANOVA, p < 2 × 10 −16) in STFZ time series 
(median = 106.0 m, IQR = 51.0 m) compared to MED time series (median 61.0 m, IQR = 57.0 m). In STFZ time 
series, average nitrate concentrations within the mixed layer ranged from 0.06 μM (IQR = 0.23 μM) to maxima 
of 0.70 μM (IQR = 1.12 μM) during winter months. Values for NMLD were comparatively reduced in MED time 
series, ranging from 0.07 μM (IQR = 0.15 μM) during summer months to 0.19 μM (IQR = 0.34 μM) during 
winter months. Differences in estimated phosphate concentrations within the mixed layer (PMLD) were more 
pronounced, reaching maxima of 0.24 μM (IQR = 0.14 μM) during winter months in STFZ time series, compared 
to maxima of 0.02 μM (IQR = 0.01 μM) during winter months in MED time series.

3.5.4. Permanent DCM Biome

Time series in the PDCM biome were characterized by intermediate seasonality in all environmental param-
eters and a permanent separation of the nitracline and MLD (Figure  4, Figure S10 in Supporting Informa-
tion S1). Surface temperatures ranged from median values of 24.3°C (IQR = 2.3°C) in spring months to 27.3°C 
(IQR = 1.6°C) in fall months. MLD ranged from 21.0 m (IQR = 20.0 m) during summer months to 78.5 m 
(IQR = 51.0 m) in winter months. The nitracline was located 69.0 m (IQR = 56.25 m) beneath the MLD through-
out the year, ranging from 69.0 m (IQR = 56.25 m) in winter months to 141.0 m (IQR = 52.0 m) in summer 
months. There were no PDCM profiles where the MLD was situated below the nitracline depth. Nitrate concen-
trations were depleted in the mixed layer throughout the year, representing global minima (median = 0.1 μM, 
IQR = 0.14). Median values for iPARNO3 ranged from 0.014 E m −2 d −1 (IQR = 0.04 E m −2 d −1) during fall months 
to 0.038 E m −2 d −1 (IQR = 0.08 E m −2 d −1) during spring months.

3.5.5. Low Chlorophyll Bloom Biome

Time series in the LCB biome were characterized by deep winter mixing and relatively weak summer stratification 
(Figure S11 in Supporting Information S1). Surface temperatures showed comparatively little seasonal variability, 
ranging from 5.8°C (IQR = 6.6°C) during winter months to 8.1°C during summer months (IQR = 8.15°C). The MLD 
increased to 146 m (IQR = 87.5 m) during winter months and shoaled to 52 m (IQR = 47.0 m) during summer months. 
The nitracline depth was roughly coincident with the MLD throughout the year, located 6.9 m beneath the MLD on 
average (IQR = 7.4 m). Average nitrate concentrations showed limited annual variability, reaching maximal values of 
21.6 μM (IQR = 13.3 μM) during spring months, and decreasing to 19.3 μM (IQR = 15.6 μM) during summer months. 
Average silicate concentrations were more variable, reaching values of 6.9 μM (IQR 17.5 μM) during winter months 
and decreasing to 2.6 μM (IQR = 6.9 μM) during summer months. iPARMLD values increased from 0.04 E m −2 d −1 
(IQR = 0.14 E m −2 d −1) during winter months to 2.8 E m −2 d −1 (IQR = 6.9 E m −2 d −1) during summer months.

3.5.6. High Chlorophyll Bloom Biome

Time series in the HCB biome were characterized by deep winter mixing and a degree of summer stratification 
similar to that in low latitude floats (Figure S12 in Supporting Information S1). Surface temperatures represented 
global minima, ranging from 4.9°C (IQR = 3.3°C) during winter months to 8.6°C (IQR = 4.4°C) during summer 
months. Annual variability in MLD was greater than in any other biome, reaching maximal depths of 165 m 
(IQR = 139 m) during winter months and shoaling to 23 m (IQR = 23 m) during summer months. As in the 
LCB biome, the nitracline depth was generally coincident with the MLD throughout the year. Nitrate concen-
trations within the mixed layer were more variable than those in the LCB time series, decreasing from 15.9 μM 
(IQR = 15.2 μM) during winter months to 5.4 μM (IQR = 18.9 μM) during summer months. Silicate concentra-
tions ranged from 7.9 μM (IQR = 18.4 μM) during winter months to minima of 1.8 μM during summer months 
(IQR = 3.2 μM). iPARMLD values increased from 0.015 E m −2 d −1 (IQR = 0.05 E m −2 d −1) during winter months 
to 5.1 E m −2 d −1 (IQR = 7.5 E m −2 d −1) during summer months.
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4. Discussion
4.1. Distribution of Biomes and Comparison With Existing Classifications

We identified six biomes within the global ocean based on time series of bio-optical measurements from 
BGC-Argo floats. Results of cluster analyses indicate that this grouping provides the greatest possible intraclus-
ter similarity in EOF weightings and, by extension, in the original [Chla] and bbp time series. Clustering EOF 
weightings into smaller or larger numbers of groups reduced silhouette scores in either case. Dividing time series 
into a smaller number of clusters also resulted in less geographically or ecologically interpretable results, for 
example, leading to the fusion of EQ and PDCM biomes when grouping low-latitude time series into three clus-
ters rather than four. Conversely, grouping low-latitude floats into five time series divided the SDCM biome into 
two clusters differentiated by the depth of the DCM during summer months, albeit with the new clusters having 
lower silhouette scores than the original SDCM biome. Although our results required the manual reclassification 
of AR time series and two EQ time series, doing so ultimately increased the silhouette scores of the final clusters, 
indicating that the manual reassignment leads to greater intracluster similarity than would otherwise be possible.

The distribution of the biomes in our results generally shows stronger regionalization than those derived from vari-
ability in surface measurements of bio-optical proxies alone (e.g., Behrenfeld et al., 2005; Hardman Mountford 
et al., 2008). As captured in Table S5 in Supporting Information S1, classifications based on [Chla]sat variance 
bins reflect subsurface dynamics reasonably well in instances of very low [Chla]sat variability (e.g., L0, which 
primarily included time series from the PDCM biome) or very high [Chla]sat variability (e.g., L4, which primar-
ily included time series from the HCB biome). However, accounting for subsurface variability in bio-optical 
measurements provides a major improvement in differentiating biomes characterized by intermediate variability 
in surface [Chla]. The L2 variance bin, for instance (0.026 mg Chl a m −3 to 0.09 mg Chl a m −3) includes large 
numbers of time series from the EQ, SDCM, and LCB biomes, despite vastly different subsurface bio-optical 
dynamics and environmental conditions in each case. This is consistent with the strong correlations between 
[Chla]sat and float-measured [Chla] in the first optical depth but weak correlations between [Chla]sat and [Chla]pz 
in EQ, SDCM, and LCB time series, indicating that satellite measurements fail to adequately capture subsurface 
variability in [Chla] in these biomes.

4.2. Environmental Drivers of Phytoplankton Distributions

Principal components' analysis of the environmental parameters associated with each time series highlighted 
three broad biogeochemical settings within the global data set: (a) Relatively low-light conditions in the upper 
layer with elevated mixed layer nutrient concentrations in the case of HCB and LCB biomes; (b) high-light 
conditions with strong vertical nutrient fluxes in the case of AR and EQ biomes; and (c) low-light conditions 
with weak vertical nutrient fluxes in the case of SDCM and PDCM biomes (Figure 6). These pairs of biomes are 
further differentiated based on seasonal variability in environmental and bio-optical parameters that is not readily 
captured by performing PCA on the overall data set.

4.2.1. HCB and LCB Biomes

Both the HCB and LCB biomes were characterized by summer phytoplankton blooms that coincided with (a) an 
increase in average light levels within the mixed layer (Figure 7a, Table S8 in Supporting Information S1) and 
(b) a gradual drawdown of nitrate within the mixed layer, especially in the HCB biome (Figure 7b, Table S8 and 
Figures S11d and S12d in Supporting Information S1). The strength of these relationships in the LCB and HCB 
biomes highlights variability in iPARMLD as being the primary driver of biomass accumulation in high latitudes, 
albeit against a background of perennially elevated nutrient concentrations (Obata et al., 1996; Sverdrup, 1953).

Despite these similarities, there were marked differences in the magnitude of the seasonal contrast in vertical 
[Chla] distributions between the two biomes. [Chla]pz values tripled between winter and summer months in 
the HCB time series, but barely doubled over the same time period in the LCB time series (Figure 4, Table 2). 
Similarly, [Chla]sat tripled between winter and summer months in the HCB time series, while remaining compar-
atively constant throughout the year in the LCB time series (Table S4 in Supporting Information S1). Given that 
the majority of the LCB time series are located within the Southern Ocean, and given the perennially elevated 
nitrate concentrations within the mixed layer in the LCB time series (Figure S11d in Supporting Informa-
tion S1), the reduced magnitude of summer [Chla]pz and [Chla]sat values in the LCB biome likely in part reflects 
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limited iron availability within the productive zone (Boyd & Doney, 2002; C. M. Moore et al., 2013; Venables 
& Moore,  2010). The limited annual variability in [Chla]sat and the weak correlations between [Chla]pz and 
[Chla]sat within the LCB biome (Figures 8a and 8b) may be attributable to increased fluorescence per unit Chla 
under iron limitation (Behrenfeld et al., 2006, 2009), which could increase float measurements of [Chla] (based 
on chlorophyll fluorescence) relative to those made via satellite (based on ocean color).

Differences in [Chla] distributions within HCB and LCB time series are also likely due to seasonal differences 
in the extent of vertical mixing between the two biomes. Comparatively deeper winter mixing in the HCB time 
series results in lower temperatures and reduced average irradiance for phytoplankton (Lacour et al., 2015), both 
of which are likely to reduce growth rates (Walter et al., 2015) and the concentration of algal cells in the mixed 
layer (Evans et al., 1985). Deeper summer mixing in the LCB time series presumably has a similar effect, result-
ing in lower average light levels within the mixed layer during maximal stratification compared to the HCB time 
series. Indeed, maximal monthly averaged iPAR values in the LCB biome are roughly half those in the HCB 
biome at the peak of the summer bloom and are accompanied by significantly lower values for all bio-optical 
parameters (Figures 8a–8c, Figures S11f and S12f in Supporting Information S1).

Finally, although the HCB and LCB biomes were clearly differentiated by the clustering algorithm (primarily 
due to the much larger weightings associated with the second singular vector in the HCB time series compared 
to the LCB time series [Figure 2]), there was a significant overlap in the global distribution of the LCB and HCB 
biomes (Figure 3, Figure S4 in Supporting Information S1). In particular, the occurrence of time series belonging 
to both biomes within the Southern Ocean is likely due to interannual or regional variability in bloom inten-
sity, potentially in response to localized increases in iron concentrations along the sampling track of individual 
floats, hydrothermal vent activity (Ardyna et al., 2019; Schine et al., 2021), atmospheric deposition (Erickson 
et al., 2003), advection of iron-enriched water (Ellwood et al., 2008; Sedwick et al., 2008), or inputs from islands 
(Blain et al., 2007). Given that the HCB time series in the Southern Ocean were somewhat concentrated within 

Figure 7. Relationships between log-transformed values for (a) iPARNO3 and [Chla]pz and (b) MLDN and [Chla]pz for 
equatorial (EQ), Arabian Sea (AR), seasonal DCM (SDCM), permanent DCM (PDCM), low chlorophyll bloom (LCB), and 
high chlorophyll bloom (HCB) biomes. Individual points correspond to the average monthly value for each parameter. Dashed 
lines correspond to linear regressions (see regression results in Table S8 in Supporting Information S1). Ribbon corresponds 
to regression standard error.
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higher latitudes, their occurrence may also reflect local mitigation in nutrient limitation due to continental runoff 
or upwelling of bottom water (de Baar et al., 1995; Klunder et al., 2011), or locations with comparatively reduced 
MLDs during summer months (Dong et al., 2008; Kara et al., 2003).

4.2.2. Seasonal DCM and Permanent DCM Biomes

Aside from the overall similarity in biogeochemical conditions highlighted by PCA results, the SDCM and PDCM 
biomes were both characterized by the formation of DCMs at depths considerably greater than those observed for 
other low-latitude biomes. However, SDCM time series were clearly differentiated from PDCM time series by 
the occurrence of a prominent spring bloom, as reflected by seasonal increases in [Chla]pz (Figure 4, Table 2). It 
is worth highlighting, though, that the SDCM biome represents an admixture of time series from two geograph-
ically distinct systems. The STFZ time series captures a transition zone between the nutrient-limited waters of 
the central gyres and the nutrient-rich waters of the Southern Ocean, as reflected in part by globally intermedi-
ate nutrient concentrations within the mixed layer during winter months (Smythe-Wright et al., 1998; Spalding 
et al., 2012). In contrast, MED time series capture comparatively nutrient limited conditions, especially with 

Figure 8. Relationships between monthly average iPARMLD and monthly average values for (a) [Chla]sat, (b) [Chla]pz, and 
(c) bbp_pz for HCB time series (blue) and LCB time series (yellow). Line corresponds to a power law function fit to the data, 
where y = a × x k. Model estimates for k included for each comparison.
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respect to PO4, reflecting the oligotrophic status of the Mediterranean Sea (D’Ortenzio & Ribera d’Alcalà, 2008), 
especially in the Eastern basin. There were also a greater proportion of profiles in STFZ time series where 
the MLD exceeded the nitracline depth during winter mixing compared to MED time series (data not shown), 
highlighting the importance of advective nutrient transport to spring bloom dynamics in the Mediterranean 
(D’Ortenzio et al., 2014; Lavigne et al., 2013).

As a result of reduced nutrient availability, it is likely that seasonal [Chla] variability in MED time series is 
strongly influenced by photoacclimation processes, whereby phytoplanktonic cells increase cellular concen-
trations of photopigments in response to light limitation (Fennel & Boss, 2003; Letelier et al., 2004; Mignot 
et al., 2014). This expectation is consistent with previous studies, which have demonstrated photoacclimation 
to play a major role in seasonal chlorophyll dynamics in the Mediterranean, both during the spring bloom 
(Bellacicco et al., 2016) and in the formation of the DCM (Cornec et al., 2021). Indeed, in our results, relation-
ships between [Chla]pz and bbp_pz were considerably weaker in MED time series compared to STFZ time series, 
suggesting changes in [Chla]pz in response to factors other than phytoplankton biomass alone. Saharan dust 
deposits have also been reported to enhance bbp relative to [Chla] in the Mediterranean (Claustre et al., 2002), 
which may further weaken relationships between [Chla]pz and bbp_pz within MED time series.

In contrast to SDCM time series, there were only minimal winter increases in [Chla]pz in PDCM time series, 
despite maximal MLDs in PDCM time series being similar or greater than those in SDCM time series. This 
reflects that phytoplankton biomass in oligotrophic regions (e.g., areas characterized by low levels of surface 
[Chla] and dominated by the subtropical gyres) is not limited by weak vertical mixing so much as by a peren-
nially deep nitracline inaccessible to mixing compared to other biomes (McClain et al., 2004). Globally mini-
mal iPARNO3 values at the depth of the nitracline in the PDCM biome, along with weak correlations between 
bbp_pz and [Chla]pz, again suggest the critical importance of photoacclimation processes at and above the depth 
of the DCM in subtropical gyres as reported previously (Cornec et al., 2021; Mignot et al., 2014). Finally, the 
homogenous bbp distributions in PDCM profiles, contrasted to the unimodal distributions of [Chla] (Figures 4, 
Figure 5), likely reflect the dominance of the bbp signal by non-algal biomass within the euphotic zone, as has 
been previously documented in oligotrophic regions for both attenuation coefficients (Claustre et al., 1999; Grob 
et al., 2007) and bbp (Bellacicco et al., 2019).

4.2.3. Equatorial and Arabian Sea Biomes

The EQ and AR biomes both capture high-light and high-nutrient flux conditions compared to SDCM and PDCM 
biomes, resulting in a greater degree of biomass accumulation within the euphotic zone than might otherwise 
be possible (Beckmann & Hense, 2007; Cullen, 2015; Herbland & Voituriez, 1979). However, the two biomes 
are unambiguously distinguished from one another by the influence of the monsoon system in the AR biome, 
resulting in a marked bimodal seasonality in [Chla] and bbp distributions. During monsoon periods, wind-induced 
upwelling results in elevated nitrate concentrations within the mixed layer and the coincidence of the MLD and 
nitracline (Bauer et al., 1991). As a result, and in contrast to the EQ biome, nutrient concentration within the mixed 
layer is the primary driver of biomass accumulation within the AR biome, as reflected by a positive relationship 
between [Chla]pz and NMLD and a negative relationship between [Chla]pz and iPARNO3 (Figure 7a, Table S8 in 
Supporting Information S1). Notably, this is the opposite of the trends observed in the LCB and HCB biomes, 
highlighting the distinct drivers of bloom dynamics across the three biomes: detrainment and subsequent deple-
tion of nutrients in HCB and LCB, and sustained nutrient delivery via upwelling in AR (Chowdhury et al., 2021; 
Cullen et al., 2002). Shoaling of the MLD during the intermonsoon results in a rapid depletion of nitrate near 
the surface, accompanied by the formation of a DCM, and increases in iPARNO3 (Mccreary et al., 1996; Prasanth 
et al., 2021; Ravichandran et al., 2012).

In contrast, [Chla] and bbp distributions in the EQ biome are representative of typical tropical structure, charac-
terized by limited seasonal variability in all environmental parameters, resulting in a persistent DCM coincident 
with the depth of the nitracline (Herbland & Voituriez, 1979). It is also worth highlighting that time series in the 
Bay of Bengal were grouped with EQ time series instead of AR time series. This reflects the weakened influ-
ence of monsoon cycling on phytoplankton distributions in the Bay of Bengal compared to the AR, likely due 
to elevated stratification and reduced upwelling throughout the year in the Bay of Bengal (Gauns et al., 2005). 
Indeed, any monsoon influence for the Bay of Bengal floats is not readily discernable in the average [Chla] or bbp 
time series for the EQ biome (Figures 4 and 5).
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4.3. Seasonal Trends in Biomass Accumulation

The high vertical and temporal resolution of bbp measurements in our data allows us to investigate the variability 
of the organic particle stocks between the productive and the mesopelagic zone for each biome. It is important 
to note, though, that as a result of removing spikes in bbp profiles, our results primarily reflect contributions of 
the small and/or suspended fraction of overall particle stocks (Briggs et al., 2011; Galí et al., 2021). With this, 
our estimates of transfer efficiency and particle stocks across different depth horizons should be interpreted as 
representing only a portion of the particle stocks, especially for high-latitude biomes.

The observed inverse relationship between euphotic zone biomass (bbp_pz) and Teffp (Figures 6 and 9) is consist-
ent with previous studies reporting inverse relationships between primary production and transfer efficiency 
both within the Southern Ocean (Cavan et al., 2015) and at the global scale (Henson et al., 2019). This inverse 
relationship is primarily driven by seasonal variability in the bbp_pz and Teffp, reflecting a seasonal decoupling 
of the particle stocks between the euphotic and mesopelagic layer, especially in the SDCM, LCB, and HCB 
biomes (Figure 10). This decoupling could result from various overlapping effects: (a) increased grazing rates 
by zooplankton over the course of the phytoplankton growing season, which would increase the recycling 
of  biomass within the euphotic zone (Cavan et al., 2017); (b) time lags between production of organic particles 
in the productive layer and its export at depth (Laws & Maiti, 2019); (c) fragmentation of large particles formed 
in the euphotic zone within the upper mesopelagic zone (Briggs et al., 2020); (d) variability in the size or sinking 
speeds of particles in the euphotic zone (Henson et al., 2015); and (e) seasonal changes in remineralization rates 
in response to changes in temperature (Laws et al., 2000). However, further analysis is required to evaluate the 
relative importance of these processes across different biomes.

In contrast to the SDCM, LCB, and HCB biomes, the EQ and PDCM biomes show virtually no seasonal varia-
bility in transfer efficiency with respect to euphotic zone particle stocks (Figure 9). This is likely due to the more 
static environmental setting of these biomes, resulting in stable ecosystems dominated by smaller cells through-
out the year (Landry et al., 1996; Rii et al., 2016). While some degree of seasonality is evident in the PDCM 
biome, as evidenced by the annual deepening of the DCM and the strong correlations between particle stocks 
in the euphotic zone and upper mesopelagic zone (Table S7 in Supporting Information S1), there is virtually no 
variability in particle distributions within the EQ biome, resulting in the nonsignificant correlations between 
integrated particle stocks across different depth horizons (Table S7 in Supporting Information S1). It is also worth 
highlighting that in the PDCM and EQ biomes that values for Teffp would be least analogous to export ratios based 

Figure 9. Relationship between transfer efficiency (Teffp) and euphotic zone particle concentration (bbp_pz) for equatorial 
(EQ), Arabian Sea (AR), seasonal DCM (SDCM), permanent DCM (PDCM), low chlorophyll bloom (LCB), and high 
chlorophyll bloom (HCB) biomes. Individual points correspond to seasonal median values for each parameter. Point shapes 
correspond to season. Error bars correspond to the first and third quartiles for each parameter.
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on primary production measurements (Henson et al., 2019), since bbp_pz values in these biomes capture larger 
fractions of non-algal biomass than would be anticipated elsewhere (Bellacicco et al., 2019; Claustre et al., 1999).

In the AR biome, weak correlations between particle stocks in the euphotic and mesopelagic zones are presum-
ably attributable to the presence of mesopelagic biomass maxima as evident in Figure 5 at depths of ∼300 m. 
As previously reported, these maxima are likely caused by large populations of denitrifying bacteria at the depth 
of the oxygen minimum zone (Rasse et al., 2020; Roullier et al., 2014; Ward et al., 2009; Whitmire et al., 2009; 
Wojtasiewicz et  al.,  2020). This seems especially likely given the comparatively enhanced seasonality in the 
lower mesopelagic zone (bbp_m3 and bbp_m4 in Figure 10), and the significant correlation between bbp_pz and bbp_m3 
in the AR biome (Table S7 in Supporting Information S1).

5. Conclusions
To date, characterizing phytoplankton distributions at the global scale has been limited by the near invisibility 
of subsurface phytoplankton distributions to remote sensing platforms. As the issue was described by Platt and 
Sathyendranath, “to characterize the ocean water column using satellite-based observations of its surface layer is 
certainly not ideal. But is the only option available at these scales, now and into the foreseeable future” (Platt & 
Sathyendranath, 1988). However, with modern advances, our results demonstrate that the amount and extent of 
data collected by BGC-Argo profiling floats are now sufficient to resolve this constraint.

Beyond demonstrating the utility of data from BGC-Argo floats for partitioning biogeographical provinces within 
the global ocean, this analysis provides a new insight into the drivers of subsurface variability in phytoplankton 
distributions at the global scale, while also highlighting the role of subsurface processes in driving biomass 

Figure 10. Average bbp values within the productive zone (pz) in addition to each of the four equally sized layers of the mesopelagic zone (m1–m4). All values are 
log-transformed and multiplied by 10 3 for ease of comparison.
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accumulation in the mesopelagic zone. Our results demonstrate the diversity of biogeochemical and hydrological 
interactions shaping phytoplankton distributions in the global ocean, especially highlighting (a) the importance 
of daily integrated irradiance within the mixed layer as a driver of biomass accumulation in high-latitude biomes; 
(b) the importance of light level at the depth of the nitracline and nutrient fluxes as drivers of biomass accumu-
lation in low to midlatitude biomes; (c) patterns of co-limitation of light and nutrients in the onset of the summer 
bloom in the Southern Ocean; and (d) globally variable rates of biomass attenuation and accumulation for small 
particles in the mesopelagic zone.

The classifications in this study additionally extend beyond existing methods by fully accounting for vertical vari-
ability in phytoplankton distributions and particle concentrations within the upper kilometer of the ocean. In doing 
so, they provide a global template for contextualizing profile measurements of phytoplankton community structure 
and/or HPLC pigments from ship-based research programs (e.g., JGOFS, AMT, and HOT), or for constraining 
estimates of subsurface phytoplankton distributions for modeling primary production (Westberry et al., 2008) or 
phytoplankton community structure (Morel & Berthon, 1989; Uitz et al., 2006). Various seasonal patterns regard-
ing the dynamics of small particles at depth also highlight the further potential for using subsurface classifications 
to constrain estimates of parameters related to the biological carbon pump (Boyd et al., 2019; Galí et al., 2021).

Any of these applications would benefit from extrapolating our current results to regions not directly sampled 
by floats, effectively constraining biogeographical classifications based on surface data by parameterizing 
geographic distributions of subsurface trends. Toward this end, we found a random forest classifier trained on 
latitude, longitude, and the standard deviation of [Chla]sat for each time series to correctly predict biome member-
ship for individual profiles in more than 96% of the cases (data not shown). And while our current data set is too 
sparse to apply this classifier to historical MODIS data with informative results, such a goal will surely become 
feasible in the near-future with the increasing deployment of additional BGC-Argo floats.
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