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Dynamics of phytoplankton functional communities in
the South China Sea in response to multiple
simultaneous stressors and ENSO-related climate
anomalies
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Abstract
Phytoplankton is crucial in maintaining the functional integrity of marine ecosystems, shaping the delicate balance
between the food web base and higher trophic levels. However, these organisms are also susceptible to environmental
changes, with fundamental ecological implications. We investigated the response of four phytoplankton communities
(diatoms, coccolithophores, chlorophytes, and cyanobacteria) to hydroclimatic parameters in the South China Sea (SCS)
between 1998 and 2012, and ascertained the effects of El Niño and La Niña climatic anomalies on the niche preferences
of these communities at interannual timescales. Overall, changes in temperature and NO3 jointly explained 51% of
phytoplankton variability. Cyanobacteria was the most generalist taxon, displaying tolerance to both El Niño and La
Niña conditions, justifying its relatively high abundance, increasing trend, and spatial expansion. Coccolithophore,
the second most abundant community mainly in northern SCS was associated with La Niña-related conditions while
diatoms were primarily associated with El Niño but displayed tolerance to both climatic regimes and a strong positive
response to iron. Finally, chlorophytes were marginal under both El Niño and La Niña conditions indicating that
inherent hydrographic constraints and competition limit their niche breadth and abundance. We concluded that
non-linear interactions linked to El Niño drive interannual microbial dynamics in the SCS by modifying hydrographic
and geochemical characteristics. Hence, we surmised that under accelerated ocean warming, cyanobacteria, and most
likely dinoflagellates will dominate phytoplankton community structure with significant impacts on the food web and
regional marine biogeochemistry.
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1. Introduction

The South China Sea (SCS, Figure 1) is a semi-enclosed

marginal sea in the West-Pacific Ocean, situated in the

tropical monsoon region between Lat. 4∘–23∘N and Lon.

105∘–12∘E. It covers an area of about 3.5× 106 km2 (IHO,

1953; Devantier and Turak, 2009), forming part of a net-

work of six marginal seas collectively known as the ‘Seas of

East Asia’ (Chen et al., 2006; IHO, 1953), inter-connected

by natural processes, ocean currents, and shared living

marine resources (Devantier and Turak, 2009). The sea is

characterized by a mixture of water masses strongly influ-

enced by runoff from over 100 major rivers (e.g. Mekong,

Red, Xi Rivers) that drain the Asian mainland, major is-

lands, and several important geologic/economically signif-

icant deltas, bays, and estuaries (Cheah et al., 2013; Wang

et al., 2013; Huang and You, 2007; Wang and Ho, 2002;

Milliman and Mie-e, 1995). The characteristics of the SCS

amplified by recent changes in ocean-climatic conditions

influence phytoplankton growth and primary production.

It is imperative to understand the nature and extent of

the response of phytoplankton communities to changes

in environmental conditions for several reasons. Firstly,

phytoplankton constitutes the base of themarine foodweb

responsible for approximately half of Earth’s primary pro-

duction (Field et al., 1998; Katz et al., 2004; Siswanto et

http://creativecommons.org/licenses/by/4.0/
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Figure 1. Map of the South China Sea (produced with the

naturalearth package in R).

al., 2017). These microbial communities support fisheries

production, a major source of livelihood and food security

in the states surrounding the SCS, as well as drive marine

biogeochemical cycling (Bjornstad and Dachevski, 2005)

and carbon dioxide sequestration through the biological

pump (Siswanto et al., 2017). The diverse spatiotemporal

forcings of marine biogeochemistry (Chen et al., 2006) in-

fluencing primary production in the SCS are strongly mod-

ulated by the Southeast Asian Monsoons (N.E. monsoon –

October/April and S.W. monsoon –May/September) at an-

nual and intra-annual timescales. Latitudinal differences

account for most of the spatial differences between the

Northern and Southern South China Sea (e.g. Ndah et al.,

2019). Temperature (SST or temp) is high throughout

the year in the Southern South China Sea (SSCS), and in

summer across northern SCS (NSCS) resulting in a strong

vertical stratification of thewater column (Tan et al., 2020).

This induces surface oligotrophic characteristics and low

surface nutrient concentrations (Wong et al., 2007). In

the inter-tropical NSCS characterized by marked seasonal

differences and a relatively large annual range of SST, en-

hanced stratification is a major feature in summer, while

deepmixing dominates inwinter. The simultaneous effects

of SST and freshwater-induced stratification, and the dom-

inance of anticyclonic gyres across the sea limit summer

nutrient availability and primary production (Ning et al.,

2004). In winter (N.E. monsoon), the persistent influence

of monsoonal winds induces large-scale cyclonic circula-

tion and eddy activity across the SCS, deepening the mixed

layer, and enhancing autumn/winter production (Tan et al.

2020). Rivers are also among the main drivers of coastal

biogeochemistry in the SCS. Vast agricultural lands around

the SCS, especially in the North, drained by over 100major

rivers discharge tons of freshwater into the sea annually,

inducing changes in sediment and nutrient loads, turbid-

ity, and irradiance (IHO, 1953; Devantier and Turak, 2009;

Turak and Devantier, 2011; Cheah et al., 2013; Wang et

al., 2013). Atmospheric transport of trace elements is an

important pathway of nutrients, contributing Fe, P, and

other trace metals into the open oceanic regimes of the

SCS (Zhang et al., 2007; Mackey et al., 2017). The deposi-

tion of Southeast Asian dust and other airborne particulate

pollutants into the SCS deriving from biomass burning, py-

rogenic soils (Hsu et al., 2014), and other pollution sources

frommanufacturing and automobiles (Zhang et al., 2007;

Hsu et al., 2014) are important contributors of phosphates

(P) and iron (Fe) in the SCS (Hsu et al., 2014). These abiotic

mechanisms combined with alterations in SST and salin-

ity profiles (Peng and Wang, 1999) drive phytoplankton

dynamics and primary production through their interac-

tions with nutrients (Peng and Wang, 1999; Hodgkiss and

Lu, 2004; Palacz et al., 2011; Liao et al., 2012; Wang et al.,

2014).

However, studies focusing on single-stressor effects,

the response of single species, and the low temporal res-

olution characterizing much of the extant research are

generally limited in their ability to effectively identify the

dynamic ways by which global change processes affect

phytoplankton communities (Moreno et al., 2022). Studies

highlighting phytoplankton responses to changes in abiotic

conditions in the SCS generally fall short due to their exces-

sive focus on the monsoon-dominated intra-seasonal (e.g.,

Ning et al., 2004; Chen et al., 2006; Lin et al., 2010; Cheah et

al., 2013; Li et al., 2015b; Cui et al., 2016) and seasonal (e.g.

Wong et al., 2007; Shen et al., 2011; Dong et al., 2015; Li et

al., 2015b) time scales. Moreover, most studies focus on

primary production in NSCS (e.g. Liu et al., 2011; Cheah et

al., 2013; Wang et al., 2013; Wei et al., 2018) in nearshore

coastal locations (e.g. Wong et al., 2007; Qiu et al., 2010;

Shen et al., 2011; Tian et al., 2014; Li et al., 2015a,b), often

ignoring the reality that different plankton communities re-

spond differently to sets of stressors. Furthermore, ameso-

cosm experiment, Moreno et al. (2022) established that

the intensity of environmental change largely determines

the effect size of pressures on phytoplankton communi-

ties, including the extent of shifts in functional traits and

processes. Hence, an effective way to evaluate the inten-

sity and effects of stressors is to track such pressures over

extended periods and map out their simultaneous impacts

on multiple communities. The present research therefore

builds on a previous study by Ndah et al. (2019) describ-

ing patterns of phytoplankton dynamics at seasonal and

interannual timescales across the SCS basin. The observed

changes coincided with other reports of the increasing

frequency and magnitude of harmful algal blooms and eu-

trophication in the SCS (Lu and Hodgkiss, 1999; Tang et

al., 1999, 2004; Huppert et al., 2002; Chen et al., 2006;
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Wang et al., 2010). El Niño Southern Oscillation (ENSO)

has been identified as a major driver of inter-annual pri-

mary production in the SCS. El Niño modifies the physical

oceanographic processes and influences nutrient availabil-

ity (Palacz et al., 2011; Liao et al., 2012; Siswanto et al.,

2017). However, the mechanistic processes by which the

complex abiotic processes, including El Niño, influence

the microbial ecology across the entire SCS basin remain

poorly understood. Our study therefore seeks to identify

and describe the main drivers of phytoplankton functional

groups in the SCS at a basin-wide scale and link these to

the effects of ENSO events on a mechanistic level.

2. Material and methods
2.1 Data sources
Assimilatedmonthlydatasets of nutrients includingmonthly

nitrate – NO3 and iron – Fe and photosynthetically avail-

able radiation (PAR) were obtained from the NASA GIO-

VANNI portal. Time series of Phytoplankton functional

groups (coccolithophores, cyanobacteria, diatoms, chloro-

phytes) and surface Chl-a measurements were also ob-

tained from the GIOVANNI portal. The biological data

were originally MODIS Aqua satellite measurements mod-

eled with the NASA Ocean Biogeochemical Model to ob-

tain monthly assimilated phytoplankton datasets (http:

//disc.sci.gsfc.nasa.gov/Giovanni/overview/index.html).

The data covered the decade 1998–2012 with a spatial

resolution of 0.667×1.25∘ covering the South China Sea.

This allowed for the effects of climatic anomalies to be eas-

ily detected and analyzed. Other environmental datasets

were obtained from multiple databases archived by the

Asia-Pacific Data Research Centre – APDRC (http://apdr

c.soest.hawaii.edu). The variables included the Hadley

Centre Sea surface temperature (HADSST1). Time-series

of sea surface salinity (sal), wind speed, Mixed Layer Depth

(MLD), and mass flux of river (runoff+ calving) entering

the ocean (river flux) were from the NOAA Geophysical

Fluid Dynamics Lab ensemble coupled data assimilation.

Rainfall data are based on the Tropical Rainfall Measuring

Mission (TRMM) (Table 1). The Niño 4 index time-series

dataset was obtained from Trenberth, Kevin and National

Center for Atmospheric Research. The period 1998–2012

is ideal for studying the long-termvariability of phytoplank-

ton communities because of the lack of a warming trend in

the South China Sea, implying the absence of a significant

global warming signal. There is ample evidence that most

parts of the tropical ocean cooled slightly after the super

El Niño of 1997/98, including the SCS (Ndah, 2017). The

statistical characteristics of the pre-transformed datasets

are presented in Table 2.

2.2 Data analyses
Due to the different units of measurement and variable

means, the data were transformed before running multi-

variate analyses. Data analyses were performed with the

R software (R Development Core Team, 2008).

2.2.1 Redundancy analysis
Redundancy analysis RDA is a multivariate regression

method showing the variation in a set of response vari-

ables (phytoplankton functional groups) using a set of ex-

planatory variables (i.e., environmental parameters). RDA

based on the method proposed by Borcard et al. (2011)

was used to relate phytoplankton functional group struc-

ture to environmental variables implemented on tables of

monthly phytoplankton abundances and environmental

variables using the vegan package, with a threshold of sig-

nificance set at an alpha of 0.05. The explanatory matrix

comprised nine abiotic variables, including SST, PAR, MLD,

sal, Fe and NO3, wsp, river flux, and the Niño index. The re-

sponse matrix was composed of phytoplankton functional

groups including coccolithophores (calcareous nanoplank-

ton), diatoms (siliceous phytoplankton), chlorophytes, and

cyanobacteria. A permutation test (999permutations)was

performed to calculate the significance of the response.

The collinearity of the variables was explored by a VIF

(variable inflation factor). Variables with a VIF value> 10

indicating strong collinearities were eliminated and the

model was reduced to amore parsimonious form. Variable

selection was done by creating a null model (i.e. origin

only) and then simultaneously performing a forward se-

lection based on the null model and a backward selection

based on the full model. This selection method performs a

Monte Carlo permutation test (999 permutations) on each

variable and stops once the model no longer improves

with the addition or deletion of variables, based on the

adjusted R2 criterion (Blanchet et al., 2008). The simpli-

fied model was then permuted 999 times, along with the

remaining variables. The simplified RDA was plotted with

objects (samples) that are weighted sums of the response

variables (taxa). This graphical method recommended by

Borcard et al. (2011) is more robust to noise from envi-

ronmental variables. In this representation, the distance

between the response or explanatory variables is mean-

ingless, as is the length of the arrows, and the degree of

correlation is measured by the angle of the arrows. Once

the environmental variables explaining the most changes

in phytoplankton structure were highlighted, a selection

of the four most important variables was done by partial

RDA (RDAp), allowing us to obtain the amount of variation

caused by each selected variable.

2.2.2 Variation partitioning analysis
A variation partitioning analysis – VPA (Mood, 1971; Peres-

Neto et al. 2006), as proposed by Legendre and Legendre

(2012), was performed on the fauna matrix and the four

most important environmental variables previously iden-

tified. Variation partitioning provided the amount of vari-

ation explained by each of the four variables individually

and the shared variation amongst them.

http://disc.sci.gsfc.nasa.gov/Giovanni/overview/index.html
http://disc.sci.gsfc.nasa.gov/Giovanni/overview/index.html
http://apdrc.soest.hawaii.edu
http://apdrc.soest.hawaii.edu
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Table 2. Statistical characteristics of all variables.

Variables Min. Median Mean Max

Chl-a (mg−1 m−3) 0.09 0.12 0.12 0.19

Cyanobacteria (mg−1 m −3) 0.04 0.06 0.064 0.09

Coccolithophores (mg−1 m −3) 0.02 0.05 0.055 0.12

Diatom (mg m−3) 0.0003 0.0024 0.0039 0.0265

Chlorophytes (mg m−3) 0 5E-08 2.29E-06 6.88E-05

Niño Index −1.83 0.18 −0.002 1.43

Salinity (PSU) 0.03 0.03 0.03 0.03

SST (∘C) 26.56 28.73 28.44 30.02

PAR (Einstein m2 day−1) 26.48 43.99 42.87 50.82

Wind speed (m s−1) 3.71 5.4 5.429 7.73

MLD (m) 20.29 24.71 27.74 46.58

Fe (nM l−1) 0.38 0.53 0.525 0.65

NO3 (𝜇M l−1) 0.03 0.09 0.118 0.51

River (kg m−3) 0.01 0.05 0.05 0.08

2.2.3 Within outlying mean indexes (WitOMI)

Phytoplankton inhabits various habitat types that are char-

acteristic of a set of environmental conditions, considered

niches of specific groups of species (Shih et al., 2020). For

this reason, we used the WitOMI (sub-niche package in R-

studio; Karasiewicz et al., 2017), an extension of the outly-

ingmean index (OMI) (function ‘niche’ in the ade4 package;

Dolédec et al., 2000) was used to assess the monthly log-

transformed abundances of the phytoplankton community

associations with the environment under ENSO conditions.

The analysis consisted firstly of running a PCA using the

normalized (mean equal to zero and standard deviation

equal to one) environmental matrix to determine the posi-

tion of the sampling units (SUs) in the multivariate space,

with the origin of the PCA axes corresponding to the center

of gravity (G) of the sampling units (i.e., represents the

average mean habitat of the sampling domain). The OMI

analysis was then performed on the standardized PCA val-

ues of environmental variables phytoplanktondata. Finally,

we performed the within outlying mean index (WitOMI) to

identify themain environmental variables defining the eco-

logical niche of phytoplankton communities anddetermine

the sub-niches of these communities under the constrain-

ing impact of El Niño and La Niña conditions. The WitOMI

split the total environmental envelope into sub-envelopes

(𝐸_𝐾) based on a priori-defined factor comprising El Niño

and La Niña years, creating a categorical variable with two

levels (sub-envelopes 𝐸_𝐾) representing the range of envi-

ronmental conditions observed during El Niño and La Niña

regimes. This analysis provided parameters for the taxa in

each subset calculated from the environment’s origin (G)

or the subsets’ origin (𝐺_𝐾). The origin G represented the

overall mean environmental conditions while 𝐺_𝐾 (𝐺_La

Niña and 𝐺_El Niño) is the average of the environmental

conditions encountered in each subset 𝐸_𝐾 (𝐸_La Niña

and 𝐸_El Niño). In both cases, the parameters obtained

are the marginality (WitOMIG and WitOMI𝐺_𝐾), the toler-

ance (Tol𝐺 and Tol𝐺_𝐾), and the residual tolerance (RTol).

WitOMIG and TolG are respectively the marginality and tol-

erance from the origin𝐺, whileWitOMIG_𝐾 and Tol𝐺_𝐾 are

the marginality and tolerance regarding the origin of the

subset 𝐺_𝐾. We tested the statistical significances of the

calculated marginalities (WitOMI𝐺 and WitOMI𝐺_𝐾) us-

ing the function subnikrandtest in the ‘sub-niche’ package.

The null hypothesis of the former was that ”each species

within a subset was uninfluenced by its overall average

condition” (WitOMI𝐺). The latter’s null hypothesis was

that “each community within a subset was uninfluenced

by its subset average condition” (WitOMI𝐺_𝐾), based on

999 permutations of the Monte Carlo permutation test.

The function subkrandtest in the package ‘sub niche’ also

checked for differences in the environmental conditions in

the two subsets with the null hypothesis that “𝐺_𝐾 is not

different from the overall habitat condition, 𝐺”.

3. Results
3.1 Annual changes in phytoplankton functional group

structure in relation to environmental drivers
RDA was performed to explore temporal phytoplankton

community structure and the influence of environmental

conditions on phytoplankton functional groups, by inte-

grating all variables, before being simplified to eliminate

collinear and/or non-significant variables. Seven out of

ten variables initially defined sufficed to obtain an R2 adj

equal to the complete model (0.64). Among the variables

selected, SST, PAR, sal, NO3, Fe (𝑝 < 0.001), wind speed

(𝑝 = 0.003) and river flux (𝑝 =0.017) explained 64% of

the variations observed in the response matrix.

The results show yearly variations in taxonomic com-

position along the two first axes of Figure 2. Axes 1 and

2 explained 59% of the variation (47% and 12% respec-

tively). The first axis explains 47% of the variation mainly

characterized by differences between years of high coc-
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Figure 2. Parsimonious RDA (axes 1 and 2) with best variables selected by forward-selection. Each point corresponds

to a sample (month). Coloured points represent years. Axes were created by annual abundances of diatoms (Dia),

coccolithophores (Coc), cyanobacteria (Cya) and chlorophytes (Chlor).

Figure 3. Variance partitioning analysis. Venn diagram showing the amount of variation explained in the phytoplankton

assemblages by Sal, SST, PAR and NO3 concentration. The greater the value of the contribution, the more the variable

contributes to the variability of phytoplankton groups.
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colithophores, diatoms, and cyanobacteria abundances,

while the second axis (12% of variation explained) corre-

spondedprimarily to the abundance of chlorophytes at 999

permutations; 𝑝 < 0.05. Coccolithophores and diatoms are

affiliated strongly with the negative part of the RDA1 and

cyanobacteria to the positive part of RDA1 (Figure 2).

Years of high diatom and coccolithophore concentra-

tions occur in the positive part of the second axis (1998

–2004), while cyanobacteria affiliate to the positive part

of RDA2, implying a negative correlation. Hence, the lat-

ter increased significantly between 2005 and 2012. SST

had a positive influence on cyanobacteria but negatively

affected diatoms and coccolithophores. In the period from

2005–2012, PAR and salinity appeared to have a positive

effect on chlorophytes, with a low influence on the abun-

dances of coccolithophores, diatoms, and cyanobacteria.

River flux had a negative and positive influence on chloro-

phytes and cyanobacteria, respectively, while wsp and NO3
had a positive influence on coccolithophores and diatoms.

Annual differences in phytoplankton community structure

were mainly driven by SST, NO3, and sal, and PAR as the

most parsimonious model selected only these variables

(RDA; F3,11 = 10.7, 𝑝 < 0.001).

The four most important variables (SST, sal, PAR, and

NO3) selected by RDAp were used to perform a variation

partitioning by quantifying the variation explained by the

most influential variables while controlling for the effect

of the other variables (Figure 3).

Variation partitioning revealed that the individual ex-

planatory variables were not orthogonal to one another.

For this reason, two or more variables jointly explained

some amount of variation, leading to a total variation of

< 77%, explained by four variables. SST, NO3, PAR, and sal

explained 82%, 65%, 15%, and 6%of the variation, respec-

tively. In terms of pure effect, SST explained the bulk of

the variability (17%) while PAR, NO3, and sal accounted

for 3%, 2%, and 1% of taxa variability. A large amount of

variation was shared between SST and NO3 (51%) and, to

a lesser extent, among NO3, PAR, and SST (7%). Together,

all four variables shared only 3% of the total variation.

3.2 Phytoplankton niche differences under El Niño
and La Niña regimes

WitOMI was used to model the influence of environmen-

tal parameters on phytoplankton communities associated

with the El Niño and La Niña years. WitOMI analysis iden-

tified the influence of different environmental parameters

on phytoplankton under El Niño and La Niña conditions.

For all taxa, the marginality (OMI) was significant, imply-

ing the substantial influence of environmental variables

(Monte Carlo permutation test, 999permutations; 𝑝<0.01)

(Table 3). Of the total inertia explained by OMI (35%), the

first two axes explained 99% of the projected inertia (97%

and 2%, respectively) (Table 3). To compare the distribu-

tion of the phytoplankton functional groups between El

Niño and La Niña, WitOMI defined subsets considering the

environmental conditions encountered (Figure 4).

Table 3. Parameters and significance of the environmen-

tal envelope obtained by the OMI for the phytoplankton

groups.

Phytoplankton Marginality Tolerance Residual tolerance p-value

groups (OMI) (Tol) (𝑅Tol)

Cyanobacteria 0.02 2.26 6.52 < 0.01

Coccolithophores 0.59 4.38 5.39 < 0.01

Diatoms 2.35 4.5 5.33 < 0.01

Chlorophytes 3.68 1.98 5.66 < 0.01

For both climatic regimes, the mean environmental

condition of the subsets was substantially different from

𝐺, the general mean conditions (𝑝 < 0.01). Environmental

envelopes were also statistically different, with El Niño dis-

playing a more restricted environmental envelope than La

Niña (Figure 4). Higher marginality values corresponded

to greater uniqueness of the environmental conditions un-

der which the taxon occurred, and hence, the lower its

tolerance compared to 𝐺 or 𝐺_𝐾 (specialist taxa). Further-

more, the higher the tolerance value, the greater the envi-

ronmental range within which the taxon occurs (general-

ist taxa), and the higher the residual tolerance value, the

weaker the relationship between the taxa distribution and

environmental parameters.

The graphical display of the WitOMI analysis within a

two-dimensional Euclidean space represents the commu-

nities’ niche positions in the environmental gradients. Wit-

OMI revealed that increased rainfall, river flux, wind speed,

MLD, and NO3 were associated with La Niña, whereas high

values of PAR and SST characterized El Niño conditions.

The test for statistical significance (subkrandtest: Monte-

Carlo tests) was conducted by comparing the observed

community marginality and the simulated values, after

999 random permutations, under the null hypothesis that

the taxon is indifferent to its environment (under both El

Niño and La Niña conditions). The test was significant for

all taxa and the results indicated significant shifts in the

sub-niche position of phytoplankton communities under

different sets of environmental conditions related to El

Niño and La Niña.

Themarginality of phytoplankton groups (WitOMI𝐺_𝐾)

relative to the mean environmental conditions of the sub-

sets (𝐺_𝐾) indicated variations in preferences between

both ENSO regimes. Cyanobacteria positioned close to𝐺_𝐾

had the lowest marginality (OMI= 0.02) and displayed the

highest residual tolerance implying their occurrence in

typical environmental conditions (generalist), and a weak

link with the environmental variables encountered. Hence,

cyanobacteria used habitats thatwere the leastmarginal to

El Niño conditions WitOMI𝐺_𝐾= 0.02) and La Niña condi-

tions (WitOMI𝐺_𝐾=0.02)with thehighest tolerance values
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Figure 4. WitOMI analysis comparing the distribution of phytoplankton functional groups between the two climatic

regimes (El Niño and La Niña). Orange and yellow polygons represent the subsets for both climatic regimes within the

total environment (light blue polygon). For each subset, the centre of gravity of the distribution is indicated (𝐺_𝐾) by

a red dot. The origin represents the average environmental conditions 𝐺. The axes represent the gradient of hydro-

climatic conditions associated with La Niña and El Niño. The length of the arrows corresponds to the marginality

of each phytoplankton group within a subset (orange points: SR), relative to 𝐺_𝐾, including the canonical weights

of environmental variables calculated from the OMI. SST was strongly positively correlated to PCA axis 1 (r= −0.83;

𝑝 < 0.001) while salinity PAR and rainfall had a moderate positive correlation with PCA axis 1 (r= 0.59, 𝑝 = 0.02). NO3,

wsp and MLD was strongly positively correlated with PCA axis 1 (r= 0.8; 𝑝 < 0.001).

Table 4. Marginality (WitOMI𝐺_𝐾) and tolerance (Tol𝐺_𝐾) parameters obtained by the WitOMI analysis within each

climatic regime.

Climatic regime Parameter Cyanobacteria Coccolithophores Diatoms Chlorophytes

El Niño WitOMI𝐺_𝐾 0.02 0.53 1.29 2.77

Tol𝐺_𝐾 2.49 3.87 3.54 1.33

La Niã WitOMI𝐺_𝐾 0.02 0.66 3.12 1.76

Tol𝐺_𝐾 2.73 4.91 4.64 1.51
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(Tol: 2.49 and 2.73, respectively) (Table 4). Cyanobacteria

therefore represented greater independence from environ-

mental conditions during both climatic regimes.

Coccolithophores showed intermediate marginality

with high tolerance values (OMI= 0.59; Tol= 4.38). Coc-

colithophores had the highest tolerance values under both

El Niño and La Niña regimes (Tol= 3.87 and 4.91, respec-

tively) but occupied relatively more marginal conditions

during El Niño (WitOMI𝐺_𝐾= 0.09) than La Niña

(WitOMI𝐺_𝐾= 0.02). Hence a preference for La Niña con-

ditions (Table 4).

Chlorophytes and diatoms with the highest marginal-

ities (OMI= 3.79 and 2.44, respectively) were the most

specialist taxa, implying their use of more atypical habi-

tats with a specific range of environmental conditions.

Chlorophytes had the highest marginality during El Niño

(WitOMI𝐺_𝐾= 2.77) and the lowest tolerance (Tol𝐺_𝐾)

during both El Niño and La Niña regimes. This means

that the environmental conditions encountered during

both ENSO regimes strongly limited the abundance and

distribution of chlorophytes. In contrast, diatoms occu-

pied environments that were more marginal during La

Niña because of higher WitOMI𝐺 andWitOMI𝐺_𝐾 values

(WitOMI𝐺_𝐾= 3.12). All grades within both subsets were

significant (999 permutations of the Monte Carlo permu-

tation test; 𝑝 < 0.01) (Table 4).

WitOMI furtherprovided themarginality of phytoplank-

ton communities relative to the environmental envelope

(𝐸), corresponding to the range of environmental condi-

tions encountered in the SCS during the study period. The

‘niche.parameter’ function in the ade4 package calculated

the taxa niche (Inertia, OMI, Tol, and 𝑅Tol) establishing the

most crucial environmental drivers of phytoplankton com-

munity change, separating the communities based on their

niche characteristics. El Niño conditions were associated

with high SST, sal, PAR, and high Fe concentrations in sur-

face waters. In contrast, La Niña conditions coincided with

stronger winds, deeper mixing, and increased river dis-

charge, contributing to high surface NO3 concentrations.

3.3 GAM-based non-linear response of phytoplankton
communities

To explore the non-linear response of phytoplankton com-

munities over time and during the progression of El Niño

/ La Niña events, we fitted a GAM to the Niño index. The

GAMsmodels also capture the variability of phytoplankton

communities over time and their response to El Niño/La

Niña (Table 5). GAM results revealed that the concentra-

tion of Chl-a and the abundance of coccolithophores did

not change significantly over time. Instead, El Niño ex-

plained thebulk of the variation in both variables (19%and

18.2%, 𝑝-value= 0.000, respectively). In contrast, inter-

annual variability accounted for 14.1% and 20.1% of the

variation in cyanobacteria and diatoms, respectively (𝑝-

value=9). However, while diatoms increased linearly be-

tween 1998 and 2012, cyanobacteria decreased rapidly

between 1998 and 2004 and then rose sharply thereafter.

Table 5 shows the combined model fits of the observed

versuspredicted values of the log-transformedabundances

of phytoplankton functional groups and Chl-a estimated

fromGAM-basedmodels. The summaryof individualmodel

performance in terms of deviation explained for all model

fits and their 𝑝-values are provided. These results confirm

that coccolithophores and overall primary production are

more sensitive to ENSO while cyanobacteria and diatoms

are more tolerant to the phenomenon and respond more

to other inherent oceanographic parameters linked to the

the Asian monsoons.

Table 5. Results of GAM-based smoothed fits of covariates

modeling of phytoplankton communities over time and in

response to ENSO.

Niño Index Time (years)

Biotic Variance 𝑝-value< 0.05 Variance 𝑝-value< 0.05

parameters (%) (%)

Chl-a 19.0 0.000 2.41 0.550

Coc 18.2 0.000 3.81 0.170

Cya 6.63 0.075 14.10 0.000

Dia 13.0 0.005 20.10 0.000

4. Discussion
We analyzed the main drivers of interannual changes in

four major phytoplankton communities in the SCS from

1998–2012 and modeled the role of El Niño and La Niña

in distinguishing the niche characteristics of individual

phytoplankton groups. This study highlights the influence

of multiple environmental conditions and ENSO-related

climate anomalies on the spatial and temporal variabil-

ity of phytoplankton functional communities in the SCS.

Ndah et al. (2019) previously described multitemporal

patterns of phytoplankton dynamics across the entire SCS

basin, reporting the increasing trend and northward ex-

pansion of cyanobacteria dominance, the declining trend

and shrinking spatial extent of coccolithophores, sporadic

peaks of diatoms, and the generally low concentrations of

chlorophytes between 1998 and 2012.

Overall, SST was the dominant driver of phytoplankton

dynamics in the SCS explaining up to 82% of the total vari-

ability, and 17% in terms of its pure effect on phytoplank-

ton communities. SST had a particularly strong negative

effect on coccolithophores. This explained the spatial dom-

inance of coccolithophores in the relatively cooler NSCS,

and the seasonal peak of this community in winter, coin-

ciding with the maximum Chl-a concentration (e.g. Ndah

et al., 2019). Strong monsoon winds and turbulent mix-

ing intensity during winter (Pan et al., 2015; Huanh et al.,

2018; Huynh et al., 2019) coincided with increased coc-

colithophore concentrations and primary production. In
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contrast, cyanobacteria were positively influenced by SST,

hence their predominance in the SSCS, a region of relatively

high and stable SST. The ability of this group to thrive in

warm stratified oligotrophic waters of southern and cen-

tral SCS (with high summer/autumn abundances) (Ndah

et al., 2019) is attributed to their tolerance of high SST

and nitrogen-fixing capability, making cyanobacteria e.g.,

Trichodesmium the main primary producer and the major

contributor of N2-fixation in oligotrophic, nitrogen-limited

waters (Von Rückert and Giani, 2004) of the SSCS. There-

fore, cyanobacteria and probably dinoflagellates were pri-

marily responsible for the weak summer Chl-a concentra-

tion in the SCS (Ndah et al., 2019). Strong competition

from cyanobacteria and other opportunistic taxa such as

dinoflagellates may also contribute to the low abundance

of chlorophytes.

As an important factor for phytoplankton functional

group discrimination across the SCS, Tang and Liu (2020)

established that warming winter SSTs during the 1980s

and 1990s were responsible for the low primary produc-

tion. The shared effect of SST and NO3 explained more

than half (51%) of the variability of phytoplankton com-

munities in the SCS. However, only 2% of phytoplankton

variability was explained by the pure effect of NO3, while

adding light (PAR) to SST andNO3 yielded only aweak joint

effect of 7%, confirming that individually, the light was a

non-limiting factor of phytoplankton variability in the SCS

(e.g. Palacz et al., 2011; Liao et al., 2012). Therefore, the

monsoon-related influence of SST and a range of mecha-

nisms that modulate the stratification and de-stratification

of surface waters also influence nitrogen availability and

cumulatively drive the variability of phytoplankton across

the SCS. Wu et al. (2003) confirmed that primary produc-

tion in the oligotrophic SCS surface waters was strongly

limited by nitrogen while phosphate (P) concentrations

remained relatively high.

Using WitOMI analysis and GAMs, we deduced that

ENSO is the primary mechanism that modulates the mix

of physicochemical parameters and drives interannual

changes in the phytoplankton community structure. El

Niño conditions associated with SST spikes induced strati-

fication that reduces vertical mixing and limits NO3 avail-

ability by preventing the upwelling of nutrient-rich waters.

Hence, during the period 2004–2012, the increase in

cyanobacteria, the most generalist taxa across the SCS un-

derENSOconditions,was an indicationof ElNiño-enhanced

warming, vertical stratification, and most likely aolian de-

position of Fe. These processes may have contributed to

the escalating problem of eutrophication and cyanobacte-

ria blooms in the SCS (e.g. Huppert et al., 2002; Chen et

al., 2006; Wang et al., 2010). Chlorophytes, the least abun-

dant group were marginal under both El Niño and La Niña

conditions implying that inherent physico-chemical and bi-

ological constraints including competition from cyanobac-

teria were strong limiting factors. van Strien et al. (2012)

confirmed that under contemporary environmental con-

ditions, habitat specialists like chlorophytes are typical

‘losers’ while habitat generalists like cyanobacteria are

the ‘winners’ (the so-called biotic homogenization phe-

nomenon).

One of the primary mechanisms by which El Niño lim-

its nutrient availability is by damping upwelling intensity.

Therefore, N-limitation during El Niño was linked to en-

hanced SST-induced stratification, as high SST>30∘C is

known to drastically reduce nutrient availability limiting

primary production (Louanchi and Najjar, 2001). Siswanto

et al. (2017) confirmed that upwelling intensity in the SCS

declined significantly during the mature phase of El Niño

due to weakened Asian winter monsoon winds, and the

development of an anticyclonic circulation in the northern

andwestern SCS. Thesemechanisms are associatedwith in-

sufficient lifting of the thermocline by wind-driven vertical

mixing (Roemmich andMcGowan, 1995) and downwelling

associated with El Niño-induced anticyclonic circulation

limiting new primary production across the SCS. Zhao and

Tang (2007), Tan and Shi (2009), and Liao et al. (2012)

support the idea of contrasting effects of El Niño on up-

welling intensity across different regions in the SCS. Ashok

et al. (2007) reported that primary production across the

SCS responds differently to two main types of El Niño; a

basin-wide decrease in response to canonical El Niño (with

a 4-month lag), and an increase in Chl-a across central and

eastern SCS in response to El Niño Modoki. Tan and Shi

(2009) attributed the decline of summer Chl-a in west-

ern SCS to weakening Ekman pumping/weak upwelling

in response to the 1997/1998 El Niño. Overall, a basin-

scale decrease in Chl-a across the SCS was linked to Ekman

downwelling caused by canonical El Niño (Liao et al., 2012)

and weakened southwest monsoon winds that generate

anticyclonic eddies that intensify the surface stratification,

suppressing the upward mixing of nutrients.

Surface Fe enrichment is also associated with El Niño

via Southeast Asian dust events and vegetation burning in-

duced by intense drought and forest fires. A previous study

by Zhang et al. (2007) confirms that aerosols over the SCS

contain up to 16–82% of iron (approx. 0.1 to 0.9 mg m−3).

Hence, Fe-enrichment coupled with N-limitation during

El Niño may also favor the dominance of cyanobacteria.

Therefore, El Niño creates an artificial state of nutrient

poverty across the SCS favoring the opportunistic domi-

nance and northward expansion of cyanobacteria at the

expense of coccolithophores. In general, El Niño has been

associated with very low Chl-a over the SCS basin as re-

ported by Palacz et al. (2011) following the 1997/98 El

Niño.

In contrast, the first half of our study period (1998

–2004) was dominated by La Niña-like conditions. This is

confirmed by studies revealing that most parts of the tropi-

cal ocean cooled slightly after the super El Niño of 1997/98

(Ndah, 2017), contributing to an increase in Chl-a in the
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SCS from 1999 to 2003 following prolonged La Niña con-

ditions (Palacz et al., 2011). Therefore, La Niña-induced

cooling drove microbial responses, favoring the increase

in coccolithophores, and overall primary production be-

tween 1998 and 2004. The decline in cyanobacteria during

the same period attests to the competitive dominance of

coccolithophores and the negative response of the former

taxon to anomalous cooling conditions in the SCS.

The mechanisms by which La Niña drove differences

in phytoplankton community structure were associated

with the intensification ofwind speed, deep verticalmixing

of the previously stratified waters injecting cold nitrogen-

enriched waters onto the surface, the main limiting nutri-

ent in the SCS, per Wu et al. (2003). La Niña conditions

therefore strengthened monsoon winds and intensified

turbulent mixing and cyclonic eddies (Pan et al., 2015;

Huanh et al., 2018; Huynh et al., 2019; Shih et al., 2020),

spurring high coccolithophore concentrations and primary

production during the period 1998–2004. Previous stud-

ies confirm that intermediate and deep waters from the

western Philippine Sea through the Luzon Strait supplied

largely by ocean gyres, lateral transport, vertical diapycnal

diffusion, eddy mixing dynamics, Kuroshio intrusions, and

internal waves are the main source of nutrient input into

the photic zone of the SCS (Shih et al., 2020).

The increase in riverine input of sediment-laden wa-

ters into the SCS under la Niña conditions (e.g. Cheah

et al., 2013; Wang et al., 2013) also acts as an important

source of terrigenous nitrogen, increasing phytoplankton

biomass. In contrast, the decline in primary production on

the west coast of Borneo was attributed to El Niño-related

reductions in the riverine supply of nutrients (Sun, 2017)

while Siswanto et al. (2017) linked the decline in Chl-a

off the Vietnamese coast to reduced nutrient loads from

the Mekong River at some point of the El Niño gradient,

influencing both phytoplankton biomass and general cell

size (Groß et al., 2022).

Diatoms appeared as a generalist taxon in nearshore

environments with significant tolerance under both El

Niño and La Niña conditions. However, the relatively high

marginality of this community during La Niña could be

partly attributed to low surface Fe concentrations due

to reduced atmospheric deposition, despite N availability.

Hence, although diatoms account for ∼20% of global pri-

mary production, high concentrations are generally local-

ized in nearshore environments of the SCS likely because

they are more limited by the availability of Fe and other

trace nutrients such as Cu (Huapaya and Echeveste, 2023)

compared to cyanobacteria and coccolithophores. Other

studies have shown that diatoms tolerate iron limitation

and frequently dominate iron-stimulated phytoplankton

blooms (Gao et al., 2021). For this reason, diatom blooms

have been frequently reported off the coast of Guangdong

(Liu et al., 2011) and in other nearshore environments (e.g.,

Peng and Wang, 1999; Hodgkiss and Lu, 2004; Gao and

Song, 2005; Wang et al. 2006; Wong et al., 2007; Wang et

al., 2010) in response to high SST, sal and riverine loadings

of dissolved inorganic nitrates and silicates while dinoflag-

ellates dominate occasionally under high phosphate levels

(Peng et al., 1999; Wang et al., 2006). We, therefore, sur-

mise that persistent ocean warming and lengthened strat-

ification periods will increase cyanobacteria dominance

and its northward expansion in the SCS, in addition to fre-

quent cyanobacteria blooms, and episodic diatom blooms

in the nearshore NSCS. In agreement with this assessment,

Xu et al., (2019) found that HAB trends in China’s North-

ern Beibu Gulf increased significantly in geographic scale

and frequency from six events over a period of 15 years

(1985–2000) to 13 over a period of 10-years (2001–2010),

and 20 events, in just six years (2011–2017). The au-

thors noted that the cyanobacteria Microcystis aeruginosa,

cyanobacteria and dinoflagellates, and Phaeocystis glo-

bose, respectively, dominated the three periods (Xu et al.,

2019). A subsequent study by Guo et al. (2021) confirmed

that, summer algal blooms have grown annually in China’s

Yellow Sea since 2007, with the 2021 event covering about

1746 km2, being 2.3 times larger than the previous 2013

record event. The increasing frequency of HAB events in

Chinese LMEs including the SCS was linked to the increase

in N:P molar ratio above the 25 threshold value from the

1980s in response to the decrease in P and the increased N

(Wang et al., 2021). Similarly, Mackey et al. (2017) found

that N and Fe enrichment in the adjacent East China Sea

were mainly responsible for the frequent summer/spring

diatom and dinoflagellate blooms.

5. Conclusions
We have analyzed the effects of concurrent changes in abi-

otic conditions (SST, light, sal, river flux, MLD, and nutri-

ents) on the variability of diverse phytoplankton communi-

ties in the SCS at the ’large marine ecosystem’ scale, during

the period 1998–2012. This study extends knowledge of

microbial communities’ response to ENSO-related climatic

anomalies by providing evidence of the multifaceted re-

sponses of hydrographic conditions and phytoplankton

communities in relation to El Niño and La Niña. Our re-

sults supplement previous studies conducted largely in

nearshore coastal locations and at intra-annual time scales.

We conclude that El Niño Southern Oscillation (ENSO) is

the dominant driver of inter-annual variability shaping

phytoplankton community structure. These environmen-

tal conditions influencedniche occupation and constrained

changes in phytoplankton communities by influencing nu-

trient availability and variability in space and time. There-

fore, El Niño-related stratification influences phytoplank-

ton dynamics by limiting NO3 concentration in the photic

zone limiting primary production despite the iron-enrich

state of the SCS. We posit that El Niño creates an artificial

state of nutrient poverty across the SCS by limiting the

input and re-suspension of nutrients (primarily NO3) nec-
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essary for primary production, favoring the opportunistic

dominance and the northward expansion of cyanobacteria

across the SCS basin while limiting coccolithophores abun-

dance due to their natural preference for cold nitrate rich-

waters in north-eastern SCS. Diatom blooms rely on the

window of opportunity created when ENSO-related hydro-

graphic conditions entrain diatom cells in the photic zone,

coinciding with high NO3 concentrations and Fe-enriched

surface waters. Our results demonstrate that ENSO was

mostly responsible for inter-annual SST changes and phy-

toplankton dynamics in the SCS during the study period.

El Niño-induced warming dampened monsoon wind inten-

sity, limiting vertical mixing and simultaneously decreas-

ing rainfall and river discharge. These mechanisms influ-

enced changes in iron and nitrate concentrations in space

and time driving changes in phytoplankton communities

and their spatial patterns. These results are relevant in

the context of ongoing anthropogenic and climatic changes

driving ecosystems towards warmer stratified conditions

resulting in decreased primary production and declining

coccolithophores, with implications for the carbon cycle

and carbonate system. These results highlight the need to

incorporate El Niño-induced atmosphere-ocean interac-

tions into future studies andmodels to assess the effects of

climatic change on marine biogeochemistry and plankton

dynamics. We also demonstrate the importance of time

series datasets and mixed multivariate approaches to in-

vestigate complex non-linear interactions. We recognize

the need for future modeling studies to fully appraise the

impacts of climatic and anthropogenic changes on phyto-

plankton communities at much longer time scales focusing

simultaneously on the Northern and Southern SCS. These

findings highlight the need to incorporate interannual cli-

matic oscillations into models assessing multiple stressor

effects onmarine ecology in the tropical/subtropical ocean

and could guide efforts toward sustainable ocean manage-

ment in the context of climate change.
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