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Abstract

Phytoplankton blooms are complex environmental phenomena driven by multiple factors. Understanding their
relationships with meteorological factors and climate oscillations is essential for advancing data-driven and
hybrid statistical-dynamical models. However, these relationships have rarely been investigated across different
temporal scales. This study employs wavelet transform coherence and multiple wavelet coherence to examine the
multiscale and multivariate relationships between phytoplankton blooms, meteorological factors, and climate
oscillations in eight large marine ecosystems of the western North Pacific. The results reveal that all
phytoplankton blooms in the studied ecosystems exhibit significant annual oscillations, while seasonal climate
patterns demonstrate either unimodal or bimodal distributions. A comparison of the wavelet transform
coherence and multiple wavelet coherence results indicates that meteorological factors primarily drive short-
period variations in phytoplankton blooms, whereas climate oscillations exert more influence on long-term
changes. The explanation of phytoplankton blooms increases as the driver factors increase, but there are also
some decreasing due to the collinearity between different factors. The sea-air temperature difference emerges as
the most significant driving factor, with its mechanisms varying across marine ecosystems: one type influences
mixed-layer depth, while the other arises from interspecific differences in temperature sensitivity. Furthermore,
the results underscore the importance of integrating non-dominant large-scale circulation indices with
predominant meteorological factors for a more comprehensive understanding.
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1 Introduction

Coastal ecosystems have attracted significant attention due to
their vulnerability to climate variability and their critical eco-
nomic and social importance to human communities (Dai et al.,
2023; Waltham et al., 2020). These dynamic ecosystems, situated
at the interface of land and sea, exhibit heightened sensitivity to
climate oscillations, which is primarily attributed to the intricate
interplay between atmospheric forces, nutrient inputs, and the
transport of propagules within marine environments (Carstensen
et al.,, 2015). Phytoplankton, a pivotal link between higher troph-
ic level organisms and the climate, plays a crucial role in carbon
fixation, forming the foundation of the food chain and support-
ing global fisheries and ecosystems (Defriez et al., 2016). The sig-
nificance of phytoplankton extends to its role in facilitating en-
ergy flow, material circulation, and information transfer within
marine ecosystems (Behrenfeld et al., 2001; Sun et al., 2022). Un-
derstanding the factors driving phytoplankton blooms is crucial

for studying the interplay between climate oscillations and
coastal ecosystems.

Phytoplankton growth is influenced by several meteorologic-
al factors such as increasing irradiance, temperature, and precip-
itation (Colijn and Cadée, 2003; Glé et al., 2007). Sea surface tem-
perature (SST) is a major driver, determining bloom timing and
intensity in many regions (Xiao et al., 2019). Global warming-in-
duced increases in water temperature alter the timing and amp-
litude of blooms, impacting the survival and development of
commercially important species (Koeller et al., 2009; Platt et al.,
2003). While this effect is well-documented in the open ocean,
coastal zones present added complexity due to land-sea interac-
tions (Liu et al., 2024). Warmer conditions also shift plankton
community composition and trophic interactions, further influ-
encing higher trophic levels (Sommer and Lengfellner, 2008;
Vidussi et al., 2011).

Despite its importance, the impact of global climate change
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on phytoplankton blooms in coastal areas remains underex-
plored (Menge et al., 2009). Climate change acts as a potential
catalyst for bloom expansion, affecting physical, chemical, and
biological processes in aquatic environments (Paerl et al., 2011;
Paerl and Paul, 2012). Coastal waters, with their higher reactivity
and lower inertia compared to open-ocean systems, are particu-
larly sensitive to environmental fluctuations (Rabalais et al.,
2009).

Climate oscillation signals quantify changes in climate due to
large-scale circulation patterns. Indices such as the Southern Os-
cillation Index (SOI), Nifio3.4, and the Pacific Decadal Oscilla-
tion (PDO), serve as effective predictors of phytoplankton blooms,
given their influence on meteorological factors (Jochum et al.,
2010). Several studies have explored the impacts of climate oscil-
lations on phytoplankton in the western North Pacific, though
most have focused on the influence of the El Nifio-Southern Os-
cillation (ENSO) at the annual time scale (Doan-Nhu et al., 2016;
Tang et al., 2011). Notably, macro-scale analyses are limited, with
most research concentrated on bays, estuaries, or medium-scale
systems (Santos et al., 2021, 2022). Existing studies often concen-
trate on specific scales and a limited set of environmental vari-
ables, underscoring the need for comprehensive studies of
coastal phytoplankton blooms to better understand marine eco-
systems.

Phytoplankton blooms are influenced by multiple factors,
and assessing the effect of a single factor, such as SST, does not
fully capture the complexity of the processes involved. Multivari-
able coherence analyses, combining meteorological and climate
factors, can provide deeper insights into these processes across
temporal scales. The relationships between teleconnections and
hydrological variables often exhibit non-linear behavior and
scale-dependent oscillations, requiring analytical methods that
address these complexities (Cannon, 2015; Gobena and Gan,
2013; Wu et al., 2006).

Wavelet transform coherence (WTC) analysis and cross-
wavelet spectral analysis are approaches used widely for the sim-
ultaneous analysis of two signals in the frequency and time do-
mains. These techniques have been applied to examine phenolo-
gical changes at multiple temporal scales (Detto et al., 2018) and
the teleconnections between phytoplankton blooms and large-
scale climate indices (Blauw et al., 2018; Xiao et al., 2019; Liu
et al., 2024). To extend the two-variable relationship to a mul-
tivariate relationship, multiple wavelet coherence (MWC) was
developed by Hu and Si (Hu and Si, 2016). MWC can untangle a
range of multivariate relationships by identifying spatial or tem-
poral scale relationships and determining the proportion of vari-
ance in a response variable explained by predictor variables at
specific scales. For example, Hu et al. used bivariate wavelet co-
herency and MWC to explore the spatial scale and location-de-
pendent multivariate relationships between soil water content
and environmental factors in a hummocky landscape in North
America (Hu et al., 2017). Their study showed that MWC is an ef-
fective method for untangling the complex spatial and temporal
variability associated with multiple controlling factors at mul-
tiple scales. Examining the coupling relationships between cli-
mate factors, meteorological variables, and phytoplankton
blooms across temporal scales provides valuable insights. Under-
standing these scale-specific interactions is essential for improv-
ing predictions of coastal phytoplankton blooms. Identifying
dominant factors at different scales can enhance the accuracy of
data-driven statistical models and hybrid dynamical-statistical
models used in coastal ecosystem research (Liu et al., 2023).

To improve our understanding of the coastal phytoplankton

blooms, this study focused on marine scale and applied mul-
tivariable methods to analyze the relationships between phyto-
plankton blooms, climate oscillation signals, and various meteor-
ological environments. First, the continuous wavelet transform
(CWT) is applied to detect temporal patterns in the phytoplank-
ton blooms, and the variation in annual and monthly phyto-
plankton blooms is calculated. Second, the WTC between phyto-
plankton blooms and each predicting factor is calculated. Third,
the MWC between phytoplankton blooms and every combina-
tion of two or more factors is determined. Finally, the proportion
of variance explained by each factor is compared to identify dom-
inant drivers.

2 Materials and methods
2.1 Study area and data sources

2.1.1 Study area

The study area is located in the Northwest Pacific region, with
large marine ecosystems (LMEs) as the unit of study, and the spa-
tial scale of the study is defined in terms of marine area, which
provides the possibility of establishing teleconnections between
marine phytoplankton blooms and climatic and meteorological
factors at larger spatial scales. Eight LMEs within the western
North Pacific were studied, including the South China Sea (SCS),
Sulu-Celebes Sea (SS), East China Sea (ECS), Yellow Sea (YS),
Kuroshio Current (KC), Sea of Japan (S]), Sea of Okhotsk (SO),
and Oyashio Current (OC). LMEs encompass global coastal
oceans and outer edges of coastal currents areas, which are
defined by various distinct features of the oceans, including hy-
drology, productivity, bathymetry, and tropically dependent pop-
ulations. Of the 66 LMEs identified globally, we chose the west-
ern North Pacific regions and examined eight LMEs. The latitude
range of these eight LMEs includes 3°S-63°N, which can well re-
flect the latitudinal trends. The boundaries of LMEs were ob-
tained from https://www.sciencebase.gov/catalog/item/55c77722e
4b08400b1{d8244.

2.1.2 Phytoplankton blooms

To conduct a large-scale analysis of phytoplankton blooms,
this paper uses the data products produced by the CIE-fluores-
cence algorithm proposed by Hou (Hou et al., 2022) and Dai (Dai
etal., 2023), which can more accurately identify coastal phyto-
plankton blooms that are affected by green, yellow, brown, or
even red phytoplankton by jointly inverting the remotely sensed
reflectance of three visible bands (red, green, and blue) associ-
ated with these phytoplankton blooms. The phytoplankton
blooms dataset (https://doi.org/10.5281/zenodo.7359262) cov-
ers a period from January 1, 2003, to December 31, 2020, with a
spatial resolution of 0.01°. The pixel values within the data are
classified into four categories: 0, 99, 100, and 255, representing no
blooms, blooms, nodata, and areas masked out by land, clouds,
or other factors, respectively.

We defined bloom intensity (BI, dimensionless) to represent
the density of phytoplankton blooms for a month by integrating
the bloom count and bloom-affected areas within 0.25° x 0.25°
grid cells within that month while excluding the effect of nodata
and masked areas in remote sensing interpretation. The equa-
tion for bloom intensity is as follows:

1< m-B;
Bl =~ L, 1
nZBiHVi M



https://www.sciencebase.gov/catalog/item/55c77722e4b08400b1fd8244
https://www.sciencebase.gov/catalog/item/55c77722e4b08400b1fd8244
https://doi.org/10.5281/zenodo.7359262

Liu Zhenxia et al. Acta Oceanol. Sin., 2024, Vol. 43, No. 12, P. 85-101 87

where B; represents the enumerated blooms count for each
0.01° x 0.01° resolution pixel in one day within one 0.25° x 0.25°
grid cell, while N; represents the enumerated no blooms count
for each 0.01° x 0.01° resolution pixel in one day within the same
0.25° x 0.25° grid cell, m is the number of original resolution
pixels contained in the resampled grid cells; here the value is 625,
and n is the number of days in a month.

To carry out the study of the phytoplankton blooms in the
study areas, we spatially averaged the 216-month dataset by
LMEs to obtain monthly BI data for these eight LMEs based on
the BI dataset obtained from the previous dataset and definitions.
These monthly BI data were used as the working database for this
study to analyze the time series in the study areas. The average
value of Bl in the study area from January 2003 to December 2020
and BI original time series were shown as Fig. 1.

2.1.3 Climate oscillation signals

To explore the teleconnection between climate oscillation
and phytoplankton blooms, eight climate oscillation signal in-
dices were selected. The Nino3.4 index, the SOI, and the MEI are
representative indexes for the ENSO. The MEI is the time series of
the leading combined empirical orthogonal function (EOF) of
five different variables [sea level pressure (SLP), SST, zonal and
meridional components of the surface wind, and outgoing long-
wave radiation (OLR)] over the tropical Pacific basin (30°S-30°N
and 100°E-70°W) (Wolter and Timlin, 2011). The Nif03.4 index is
the area-averaged SST from 5°S-5°N and 170°-120°W over the Pa-
cific (Rayner et al., 2003). The SOl is defined as the normalized
pressure difference between Tahiti and Darwin (Allan et al.,
1991). The PDO is calculated from monthly SST anomalies pole-

ward of 20°N in the Pacific basin by EOF analyses (Mantua and
Hare, 2002). The Arctic Oscillation (AO) index is calculated as
the projection of monthly mean 1 000 mb height anomalies
onto the first empirical orthogonal function mode poleward
of 20°N, using reconstructed data from the twentieth century
(Higgins et al., 2000, 2002). The North Atlantic Oscillation (NAO)
is calculated from Gibraltar, and SW Iceland is also given
(Allan et al., 1991). The Atlantic Multidecadal Oscillation (AMO)
is usually defined from the patterns of SST variability in the
North Atlantic once any linear trend has been removed (Mc-
Carthy et al., 2015). The Dipole Mode Index (DMI) is the
intensity of the Indian Ocean Dipole (IOD), represented by
an anomalous SST gradient between the western equatorial Indi-
an Ocean (50°-70°E and 10°S-10°N) and the southeastern equat-
orial Indian Ocean (90°-110°E and 10°S-0°N) (Saji and Yamagata,
2003).

Monthly MEI values for the same period of January 2003 to
December 2020, as the index of climatic oscillation in this study,
were downloaded from the NOAA website (https://psl.noaa.gov/
enso/mei/). Monthly Nifio3.4, SOI, PDO, AO, NAO, AMO, and
DMI signals were taken from the Earth System Research Laborat-
ory from the National Oceanic and Atmosphere Administration
(http://www.esrl.noaa.gov/psd/).

2.1.4 Meteorological factors

Temperature and precipitation are important meteorological
factors affecting phytoplankton growth (Dai et al., 2023;
Trombetta et al., 2019). In this study, we mainly investigated the
effects of atmospheric temperature, sea surface temperature, and
precipitation on phytoplankton blooms, and to explore the abil-
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Fig. 1. Average value of Bl in the study area from January 2003 to December 2020 and BI original time series—South China Sea (SCS),
Sulu-Celebes Sea (SS), East China Sea (ECS), Yellow Sea (YS), Kuroshio Current (KC), Sea of Japan (S]), Sea of Okhotsk (SO), Oyashio

Current (OC).
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ity of their effects, we constructed sixteen meteorological indices
based on the three factors, as shown in Table 1. The original data
was from ERA5 and downloaded from the Climate Data Store
(CDS) (10.243 81/cds.adbb2d47). Basic data include sea surface
temperature (SST), 2 m temperature (t2m), and total precipita-
tion (prec). The temperature and precipitation datasets consist of
hourly data, which were preprocessed to construct evaluation in-
dices with a temporal resolution of one month.

2.2 Methods

This study performed multiscale analyses of the individual
and combined influences of climate indices and meteorological
factors on coastal phytoplankton blooms. For the individual in-
fluence, the analysis was conducted for one teleconnection at a
time on the entire dataset and on the datasets extracted accord-
ing to the different phases of the teleconnections. For the com-
bined influence, the analysis was conducted using two factors
simultaneously or more factors simultaneously.

2.2.1 CWT

The CWT was performed to explore the dominant model pat-
terns of variability and their characteristics of variation with time
by decomposing a time series over a temporal-scale space
(Charlier et al., 2015). Applying CWT decomposes the time series
into all possible and continuous scales and produces a two-di-
mensional wavelet spectrum that reveals the temporal evolution
and variability of each periodicity (Grinsted et al., 2004; Torrence
and Compo, 1998). The Morlet wavelet, a commonly used wave-
let in hydrological studies, was used in this study for its ability to
adequately describe the shape of geoscience data (Labat, 2005,
2006). Furthermore, it has a better frequency resolution than oth-
er wavelets. The Morlet wavelet can be expressed as (Grinsted et
al., 2004; Torrence and Compo, 1998):

d]O(’//) _ 7[71/4(‘3[0)0”67”2/2, (2)

where wy = 6 is the dimensionless frequency for the Morlet
wavelet due to the good balance between time and frequency
localizations (Grinsted et al., 2004; Torrence and Compo, 1998). 5
is dimensionless time. The CWT on a time series can then be

Table 1. Indices of temperature and precipitation extremes used
in the LMEs

ID Definition Unit
SST1 monthly mean value of daily mean SST C
SST2 monthly mean value of daily maximum SST T
SST3 monthly mean value of daily minimum SST C
SST4 monthly mean value of daily difference SST C
AT1 monthly mean value of daily mean t2m C
AT2 monthly mean value of daily maximum t2m C
AT3 monthly mean value of daily minimum t2m C
AT4 monthly mean value of daily difference t2m C

monthly mean value of daily difference .
SSTAT ybetween SST and tgm ¢
SSTM1 monthly count when SST1< 15°C d
SSTM2 monthly count when 15 'C < SST1< 25C d
SSTM3 monthly count when SST1> 25°C d
PREC  monthly mean value of daily mean precipitation mm
PRECM1 monthly count when prec > 1 mm d
PRECM2 monthly count when prec > 15 mm d
PRECM3 monthly count when prec > 50 mm d

written as (Grinsted et al., 2004):

t—1
Wi(s) = @Zxﬂ/»o (L _St)&), 3)
=0

where x; is the analyzed time series that is recorded in a discrete
time sequence (¢) with a uniform interval of 5¢; and s represents
the scaling factor of the mother wavelet. The mother wavelet de-
pends on a time variable, 7 = s - t, which normalizes the CWT to
have unit energy. This normalization allows all scales to be dir-
ectly comparable to each other. Finally, the wavelet coefficients
(Wy) of the CWT on a time series with the scaled and translated
wavelet ) and a translation factor for the center of the window
function (6), is written as (Grinsted et al., 2004; Torrence and
Compo, 1998):

1 [t
wiis0) =+ [

J—o0

x(H)y* (t* 9) St, )

N

where the asterisk (*) is the complex conjugate function. To cor-
rect the bias caused by the conventional CWT calculation does
not include the inverse of the scale and an underestimation
of energy in the high-frequency or lower-scale components oc-
curs, the calculation of the wavelet power should include the in-
verse of the scale, which is done by dividing the conventional
power by the corresponding scale (Liu et al., 2007). It can be
presented as:

2512
Eﬁlz[:}, )

222 WIC

WTC can be used to determine the intensity of the covariance
of two time series by analyzing the coherence of the CWT in
time-frequency space. Given time series X and Y, the wavelet co-
herence can be defined as (Torrence and Compo, 1998):

|S(s— W (s)[*

Ri(s) = 2
S(s~HWE(s)[) - S(s~H Wi (s)]

7 (6)
)

where W¥(s) and W/ (s) are the CWT of time series X and Y, re-
spectively. W}(s) is the crosswavelet spectrum and § is the
smoothing operator, which can be defined as:

S(W) = Sscate(Stime Wi(5)), 7)

where Sg,e is the smoothing along the wavelet scale axis and
Stime is the smoothing in time. For the Morlet wavelet, a suitable
smoothing operator has been defined as (Torrence and Compo,
1998):

Same(W)], = (Wi(s)'ne, />

) ®)

, (Wi(s)*nex [ ] (0.65))

’
t

where nc; and nc, are normalization constants, which are de-
termined numerically when the convolution processes are com-
pleted discretely; [ | denotes the rectangle function, and 0.6 is an
empirically determined scale decorrelation length for the Morlet
wavelet.
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2.2.3 MWC

MWC is similar to WTC, and it is also based on the auto- and
cross wavelet power spectra among the analyzed variables. As-
suming a response variable Y and multiple predictor variables
X (X={Xy, X, ..., X;}), the MWC at scale s and location z, that is,
p% (s, 1), can be written as follows:

W (s OW (507" W (50"

S, S, S,

PR (s ) = =7 : ©)
W (st)

where I<7Vy'x(s, t) is the matrix of the smoothed cross-wavelet
power spectra between response variable Y and explanatory vari-
ables X, ?vx'x(g, ) is the matrix of the smoothed auto- and cross-
wavelet power spectra among multiple explanatory variables X,
[71/”(5, t) is the smoothed wavelet power spectrum of response
variable Y, and ﬁ/y'x(s’ 0* is the complex conjugate of Wy,x(s, t)
(Hu and Si, 2016).

The wavelet phase between a response variable Y and an ex-
planatory variable X; is given as follows (Hu and Si, 2016):

<~ X1

é(s, ) = tan™! (Im( W

<~ X1

(st)/Re(W (s,0)), (10)

where Im and Re denote the imaginary and real parts of
X1

) .
w (s 1), respectively.

2.2.4 Evaluation factor identifying

In this study, the ability of different climate oscillation signals
and meteorological factors (or their combinations) to explain
phytoplankton blooms variation at all scales was assessed by
measuring the mean wavelet transform coherence (MWTC) at
significant locations across all scales and times and the percent
area of significant coherence (PASC) relative to the wavelet scale-
location domain (outside the cone of influence) (Hu and Si,
2016). A greater average coherence with larger PASC indicates
that more of the phytoplankton blooms variation is explained by
a particular predictor variable case. We focused on all scales of
phytoplankton blooms variation so that we could identify the
factors underlying the variations in phytoplankton blooms.
Sometimes, the average coherence increases with an increased
number of independent variables, but the PASC does not neces-
sarily increase (Hu and Si, 2016). Statistically, an increased PASC
indicates that there is a significant increase in the phytoplankton
blooms variation that can be explained at the 95% significant
level. From a practical point of view, an additional factor is con-
sidered to be significant when it increases the PASC of at least 5%
(Hu et al., 2017; Su et al., 2019).

3 Results
3.1 Temporal patterns of phytoplankton blooms

3.1.1 Multiple temporal scales of phytoplankton blooms

CWT was employed to examine the multi-scale spatial and
temporal variability characteristics of phytoplankton blooms
across different LMEs, shown as Fig. 2. Common features were
observed in the wavelet patterns of phytoplankton blooms, with
significant annual oscillations (approximately 12 months) evid-
ent across all phytoplankton bloom series throughout the study
period. While many LMEs showed a continuous annual period-
icity, other LMEs displayed intermittent breaks. For instance,

the SCS showed a slight discontinuity in annual periodicity,
whereas the SS showed more frequent breaks in annual period-
icity. Additionally, some scattered significant periodicities
were also revealed. Periodicities of around 6 months were found
for the KC and the SJ. A strong periodicity of approximately
6 months was also observed for the SS from the 2012 to the 2018.

3.1.2 Variation in annual and monthly phytoplankton blooms

Given the significant annual oscillations observed in the CWT
results for the bloom index (BI) series across different LMEs, the
data were averaged monthly to investigate the patterns of change
within the year. The temporal and spatial variations of phyto-
plankton blooms indicated by BI on monthly scales during the
study period are shown in Fig. 3. It showed that the long-term
monthly BI had a bimodal trend on KC, SJ, OC, and SO, with one
peak in spring (April, April, May, and June, respectively) and the
other in autumn (September, November, October, and October,
respectively). These regions displayed typical seasonal character-
istics of both spring and autumn blooms. In contrast, the BI on
SCS, ECS, and S] were concentrated primarily in July and August,
reflecting summer blooms, which suggest that elevated temper-
atures during these months promote phytoplankton growth.
Meanwhile, the highest peaks of SS occurred in winter (January),
indicating a winter bloom pattern, where cooler temperatures
appear to inhibit phytoplankton growth.

3.2 Individual factor controlling phytoplankton blooms variabil-
ity

The effects of individual factors on variations in phytoplank-
ton blooms are summarized in Tables 2 and 3. To highlight the
most important factors for each LMEs, the climate oscillation sig-
nals with the highest MWTC and PASC are shown in bold, and
the meteorological factors with the highest MWTC and PASC are
shown in bold and italic. The results showed that the mean and
highest values of MWTC and PASC for the meteorological signals
are significantly higher than the values of MWTC and PASC for
the climate oscillation signals. This finding aligns with the funda-
mental mechanisms by which climate oscillations affects phyto-
plankton growth and reproduction through the teleconnection
that influence meteorological conditions, such as precipitation
and temperature, and subsequently alter the physicochemical
properties of the region.

The MWTC results demonstrated covariability between
phytoplankton blooms and climate oscillation signals. Nifio3.4
was the dominant climate oscillation factor for many of the
LMEs. It was the climate oscillation factor with the highest coher-
ence for five phytoplankton bloom series with an average largest
MWTC. AMO was next in importance, with the highest coher-
ence for three phytoplankton bloom series. The situation was dif-
ferent for meteorological factors, except for SSTAT, which exhib-
its a dominant factor in three LMEs (ECS, KC, and SJ); the domin-
ant factors are different in other regions, i.e., the dominant
factors for SCS, SS, YS, OC, and SO, are AT4, SST2, PREC, SSTM1,
and SSTM1, respectively. When it came to PASC, the situation
was similar to MWTC. The highest PASC of climate factors
ranged from 18.57% to 33.07% across all LMEs, with an average
largest PASC of 24.385%. Nifi03.4 was the dominant climate
factor for six LMEs, and AMO was next in importance for two
LMEs. The highest PASC of meteorological factors were different
among LMEs. The dominant meteorological factors were similar
to MTWC, and the highest PASC of meteorological factors ranged
from 31.05% to 52.61% across all LMEs, with an average largest
PASC of 43.67%. Overall, the MWTC and PASC results were the
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Fig. 2. Continuous wavelet transforms of the BI in eight western North Pacific LMEs. The period is measured in months. a. South
China Sea; b. Sulu-Celebes Sea; c. East China Sea; d. Yellow Sea; e. Kuroshio Current; f. Sea of Japan; g. Oyashio Current; h. Sea of Ok-
hotsk. Thick contours denote 5% significance levels against red noise. Pale regions denote the cone of influence where edge effects
might distort the results. The color denotes the strength of wavelet power.

same for the best meteorological factor and climate oscillation
signal in the LMEs, except for the best climate factor for SO,
which was different in MWTC and PASC, reflecting the reliability
of the assessment method.

To further explore the influence of dominant meteorological
factors on phytoplankton bloom patterns in different LMEs, WTC
was used to illustrate the correlation between optimal meteorolo-
gical factors and phytoplankton blooms across various periods,
as shown in Fig. 4. Continuous annual periodicities were found
between meteorological factors and bloom intensity at SCS, SS,
ECS, YS, OC, and SO on timescales of 8-16 months by about 0°,
180°, 325°, 325°, 0°, and 0°, respectively, whereas scattered annu-
al periodicities were found at KC and SJ by about 325°. Scattered
annual periodicities were found at all LMEs on timescales of 4-8
months. It is worth noting that there were interannual oscilla-

tions with time scales of more than 48 months in the LMEs at
high latitudes, such as KC, SJ, OC, and SO.

Similar to the dominant meteorological factors, the dominant
climate oscillation signals also exhibit correlation characteristics
with phytoplankton blooms on different time scales, as shown in
Fig. 5. Scattered annual periodicities with complicated phase re-
lationships were found between Nifio3.4 and Bloom Intensity in
SCS, SS, KC, SJ, OC, and SO on timescales of 4-8 months during
the study period by about 270°, 225°, 45°, 0°, 270°, and 45°, re-
spectively. Scattered annual periodicities with complicated phase
relationships were found between Nifio3.4 and Bloom Intensity
on SS, KC, and SJ on timescales of 8—16 months during the study
period by about 135°, 0°, and 225°, respectively. whereas continu-
ous annual periodicities were found in SCS, OC, and SO by about
270°. Especially, significant positive interannual oscillations were
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Fig. 3. Box-plots of month BI over the study period on eight LMEs. a. South China Sea; b. Sulu-Celebes Sea; c. East China Sea; d. Yel-
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Table 2. MWTC between BI and individual factors

Factor SCS SS ECS YS KC S] 0OC SO
MEI 0.2729 0.389 9 0.355 2 0.293 9 0.276 6 0.347 1 0.250 4 0.299 7
SOI 0.268 1 0.3557 0.380 9 0.208 5 0.247 1 0.3312 0.266 9 0.261 2

Nifo3.4 0.553 5 0.627 8 0.520 0 0.497 5 0.550 9 0.5315 0.459 2 0.482 2
PDO 0.356 9 0.5311 0.497 3 0.416 7 0.390 8 0.332 6 0.326 1 0.353 2
AO 0.250 9 0.288 1 0.2512 0.234 0 0.388 6 0.266 9 0.201 2 0.348 5
NAO 0.3250 0.366 0 0.316 3 0.293 0 0.272 2 0.3417 0.239 2 0.334 8

AMO 0.463 2 0.593 3 0.535 5 0.509 6 0.364 7 0.481 4 0.423 6 0.5149
DMI 0.3275 0.304 1 0.224 0 0.261 6 0.284 8 0.322 3 0.262 8 0.292 2
SST1 0.764 0 0.885 5 0.693 0 0.663 2 0.370 1 0.5103 0.713 4 0.636 1
SST2 0.773 4 0.887 1 0.690 6 0.666 9 0.3700 0.504 9 0.708 2 0.625 4
SST3 0.753 5 0.883 0 0.693 8 0.660 0 0.370 5 0.515 6 0.716 8 0.646 7
SST4 0.400 6 0.292 5 0.444 4 0.536 9 0.482 9 0.422 6 0.4318 0.669 9
AT1 0.737 4 0.747 8 0.660 7 0.6159 0.348 3 0.601 0 0.665 4 0.665 8
AT2 0.752 0.768 8 0.660 1 0.6127 0.357 3 0.604 5 0.641 4 0.652 0
AT3 0.719 4 0.7119 0.659 7 0.618 0 0.336 3 0.591 8 0.683 4 0.677 7
AT4 08711 0.7725 0.6111 0.617 5 0.416 4 0.403 4 0.5152 0.655 0

SSTAT 0.654 6 0.793 2 0.767 5 0.671 8 0.582 4 0.6120 0.5497 0.676 1

SSTM1 0.365 9 NA 0.583 9 0.636 0 0.362 6 0.597 4 0.8028 0.766 5

SSTM2 0.742 2 0.308 2 0.710 7 0.728 9 0.574 3 0.579 3 NA NA

SSTM3 0.7979 0.720 1 0.757 8 NA 0.532 6 NA NA NA

PREC 0.733 8 0.783 6 0.618 7 0.770 9 0.418 0 0.4753 0.444 6 0.589 9

PRECM1 0.7410 0.825 8 0.4312 0.750 0 0.5337 0.4379 0.5797 0.7396
PRECM2 0.717 1 0.744 2 0.670 4 0.711 6 0.461 1 0.5417 0.403 0 0.583 8
PRECM3 0.4725 0.587 6 0.603 8 0.676 6 0.283 9 0.5219 0.4551 0.476 6

Note: Entries in bold indicate the climate oscillation signals with the highest coherence. Entries in bold and italic indicate the meteorological
factors with the highest coherence. The NA values indicate that these factors are highly correlated with other variables in the LMEs.
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Table 3. PASC (%) for the wavelet transform coherence between BI and individual factors
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Factor SCS SS ECS YS KC S] 0C SO
MEI 6.06 15.70 5.15 4.84 4.73 10.46 5.88 8.52
SOI 5.83 13.12 13.03 2.44 2.38 13.13 7.36 6.78

Nino3.4 27.72 33.16 21.32 16.89 26.59 23.10 18.97 20.44
PDO 12.68 26.41 16.25 15.95 15.46 10.10 10.32 12.07
AO 3.71 7.89 7.20 4.36 10.75 6.03 2.85 11.99
NAO 8.88 13.73 8.05 6.67 7.33 10.24 5.63 11.22

AMO 21.61 31.18 22.90 22.39 14.33 18.34 17.86 19.93
DMI 10.04 7.61 3.26 4.61 7.75 6.56 4.59 5.25
SST1 38.69 47.23 32.04 30.76 14.07 22.14 35.76 27.89
SST2 39.37 47.85 31.81 30.75 14.05 22.11 34.98 27.54
SST3 38.22 46.32 32.19 30.70 14.07 22.05 36.09 28.13
SST4 15.40 7.69 16.89 23.24 19.07 19.96 18.35 30.64
AT1 37.55 38.33 30.12 26.15 13.30 30.26 29.85 30.42
AT2 38.34 39.58 30.68 26.70 13.40 30.14 28.75 28.86
AT3 36.17 36.07 29.49 25.56 12.18 30.36 30.32 31.33
AT4 46.80 42.59 26.50 24.68 16.06 15.59 22.66 28.99

SSTAT 31.33 45.17 36.03 29.56 31.55 29.52 27.18 32.00

SSTM1 11.99 NA 27.04 29.00 13.15 27.66 40.01 36.39

SSTM2 36.57 9.81 33.30 36.16 27.74 30.21 NA NA

SSTM3 39.59 35.28 35.69 NA 24.96 NA NA NA

PREC 38.02 42.24 26.27 40.26 18.81 20.37 19.83 23.74

PRECM1 38.37 46.76 16.15 39.45 22.55 16.55 28.09 31.51
PRECM2 36.48 39.46 27.26 36.74 21.72 26.47 17.39 23.68
PRECM3 22.75 25.43 24.50 34.91 9.80 22.66 18.25 18.23

Note: Entries in bold indicate the climate oscillation signals with the highest coherence. Entries in bold and italic indicate the meteorological
factors with the highest coherence. The NA values indicate that these factors are highly correlated with other variables in the LMEs.

found at timescales of 50-64 months on SS and KC, whereas in-
terannual oscillations were found at timescales of 32-40 months
on SJ and SO by about 270° in ECS; significant positive interannu-
al covariance was detected between AMO and Bloom Intensity
on timescales of 8-16 months and 28-40 months, whereas con-
tinuous annual periodicities were found by 90° during 2013-2020.
In YS, significant covariance was detected between AMO and
Bloom Intensity on timescales of 8-16 months and 55-64 months
by about 0° and 270°, respectively.

3.3 Combined factors explaining phytoplankton blooms variabil-

ity

Table 4 summarizes the combinations of meteorological
factors that optimally explain variations in phytoplankton bloom
variations, considering individual factors as well as two-factor
and three-factor combinations. The average MWTC value at sig-
nificant domains for all two-factor combination cases was
0.842 4, higher than those of individual factors (0.797 2). Among
all the two-factor combinations, AT4 and SSTAT were the most
common, being a composition of the best two factors for explain-
ing phytoplankton bloom variation for seven LMEs. A comparis-
on between the two-factor cases and individual-factor cases
showed that the PASC increased for all LMEs and the MWTC in-
creased for seven LMEs when two factors were combined. The
seven LMEs, i.e., SCS, SS, ECS, YS, KC, SJ, and SO, showed an in-
crease that was more than 5% and considered significant, calcu-
lating as 6.66%, 7.46%, 13.94%, 15.44%, 9.02%, 13.58%, and
17.39%. In these LMEs, the increases in PASC with two combined
factors were due to oscillations with periodicity around more
than 32 months (Figs 4 and 6). The combination of two factors ex-
plained a greater amount of Bloom Intensity variation at this
periodicity than any single factor, and the additional factor was

not correlated with the previous single factor at oscillations
around more than 32 months. When it comes to MWTC, an in-
crease occurred in seven LMEs. The main reason for the dis-
agreement in the changes in MWTC results was that the addition-
al variance explained by two factors at a particular periodicity
and time was already accounted for by the single factors. The
contribution from some factors was weakened by overlapping ef-
fects because of the collinearity among factors. Therefore, only
an additional factor that can independently explain a fair amount
of additional bloom intensity variability would make a significant
contribution (Hu et al., 2017).

Likewise, when there were three predictor variables in the
MWC analysis, all MWTC further increased to more than 0.85,
with the PASC further increasing (Table 4 and Fig. 7). The aver-
age MWTC value at significant domains for all three-factor com-
bination cases was 0.903 4. A comparison between the three-
factor cases and two-factor cases showed an increase on PASC
that was more than 5% and considered significant. Compared to
the insignificant increase in MWTC for two-factor relative to an
individual factor, the increase in MWTC for three-factor relative
to two factors was highly significant. This phenomenon suggests
that the addition of a third factor diminishes the overlapping ef-
fect of the contributions of some of the factors.

Similar to the optimally explained combinations of meteoro-
logical factors, Table 5 and Fig. 8 summarize the combinations of
meteorological factors and climate oscillation signals that optim-
ally explain phytoplankton bloom variations. Among all the com-
binations, AMO, Nino3.4, and SSTAT formed the most common
optimal combination for explaining variations in phytoplankton
blooms. The addition of the climate oscillation signal resulted in
a significant increase in both average MWTC and PASC than
single factors. However, the PASC on OC LMEs decreased by
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Fig. 4. Wavelet transform coherence between BI and meteorological factors. a. South China Sea; b. Sulu-Celebes Sea; c. East China
Sea; d. Yellow Sea; e. Kuroshio Current; f. Sea of Japan; g. Oyashio Current; h. Sea of Okhotsk. The period is measured in months. Each
subplot shows the wavelet transform coherence between Bloom Intensity in a single LMEs and the individual meteorological factors
that best explain Bloom Intensity variation in that LMEs. Thick contours denote 5% significance levels against red noise. Pale regions
denote the cone of influence where edge effects might distort the results. Small arrows denote the relative phase relationship (in-
phase, arrows point right; anti-phase, arrows point left). The color denotes the strength of coherence.

1.49%. Similar to the above, part of the reason for the lack of
PASC expansion was that most areas with a significant correla-
tion between bloom intensity and the additional ocean signals
were located within the area that already showed significant co-
herence for the best individual meteorological factor.

Overall, the optimal combination of climate oscillation
factor/meteorological factor primarily enhanced the interannual
cycle correlation at scales longer than 32 months in individual
LMEs relative to the single best meteorological factor, while it
mainly increases the correlation of the intra-annual cycle within
4-16 months, especially the semi-annual cycle correlation of 4-8
months, relative to the single best climate oscillation factor. This
finding underscores the importance of incorporating large-scale

climate oscillation signals into phytoplankton bloom prediction
models alongside traditional environmental factors. This ap-
proach can help constrain model stability on larger scales, offer-
ing a more robust framework for predictive modeling in phyto-
plankton bloom studies.

4 Discussion

4.1 Meteorological factors driving phytoplankton blooms spati-
otemporal patterns
The wavelet analyses results reveal variability in the optimal
predictors contributing significantly to the explained variance
across the eight LMEs within the study area. As one moves from
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Fig. 5. Wavelet transform coherence between BI series and climate oscillation signals. a. South China Sea; b. Sulu-Celebes Sea;
c. East China Sea; d. Yellow Sea; e. Kuroshio Current; f. Sea of Japan; g. Oyashio Current; h. Sea of Okhotsk. The period is measured in
months. Each subplot shows the wavelet transform coherence between Bloom Intensity in a single LMEs and the individual climate
oscillation signal that best explains Bloom Intensity variation in that LMEs. Thick contours denote 5% significance levels against red
noise. Pale regions denote the cone of influence where edge effects might distort the results. Small arrows denote the relative phase re-
lationship (in-phase, arrows point right; anti-phase, arrows point left). The color denotes the strength of coherence.

the equator to higher latitudes, distinct combinations of the most
influential predictors emerge, illustrating a nuanced geographic-
al pattern. While certain similarities may exist between regions, it
is crucial to acknowledge that the underlying mechanisms driv-
ing these patterns may differ, underscoring the intricate and re-
gion-specific nature of the factors governing marine ecosystem
dynamics. This highlights the need for a tailored understanding
of the contributing elements in each LMEs.

At low latitudes, AT4-PREC-PRECM2 was the best predictor
for the SCS. This suggests that phytoplankton blooms in the SCS
are primarily influenced by atmospheric temperature and precip-
itation, particularly the AT4. A significant positive correlation was
observed between diurnal atmospheric temperature differences

and phytoplankton blooms directly on an annual scale (Fig. 2).
Increased diurnal temperature differences were found to en-
hance phytoplankton biomass, attributable to heightened photo-
synthesis during the day and reduced respiration at night, lead-
ing to increased organic matter accumulation (Jia et al., 2023;
Villafafie et al., 2013). Moreover, precipitation exerted a signific-
ant influence on phytoplankton blooms in the SCS, with both
PREC and PRECM2 contributing substantially to the explained
variance. The meteorological factors related to SST did not ap-
pear in the combination of the best factors, suggesting that SST in
the South China Sea region is a relatively weaker driver of phyto-
plankton bloom relative to the other meteorological factors.
SST2-AT4-SSTM2 was the best predictor combination for the
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Table 4. Coherence between BI and multiple meteorological factors

LMEs Single factor MWTC PASC Two factors MWTC PASC Three factors MWTC PASC
SCS AT4 0.8711 46.80 AT4-PRECM3 0.882 1 53.46 AT4-PREC-PRECM2 0.9195 65.58
SS SST2 0.887 1 47.85 SST2-SSTM2 0.888 1 55.31 SST2-AT4-SSTM2 0.9312 71.88
ECS SSTAT 0.768 0 36.03 SSTAT-PRECM2  0.843 1 49.97 SSTAT-SSTM1-PRECM3  0.9126 65.45
YS PREC 0.770 9 39.45 AT4-SSTM3 0.882 5 54.89 AT4-SSTM3-PREC 0.952 7 69.04
KC SSTAT 0.582 4 31.55 AT4-SSTAT 0.747 3 40.57 AT2-SSTAT-SSTM1 0.865 2 57.78
N SSTAT 0.6120 29.52 SSTAT-PRECM2 0.775 2 43.10 SSTAT-SSTM1-PREC 0.8715 56.72
oC SSTM1 0.802 8 40.01 AT4-SSTM1 0.782 0 41.86 AT4-SSTM1-PRECM2 0.856 5 49.64
SO SSTM1 0.766 5 36.29 SSTAT-SSTM1 0.876 5 53.68 AT3-SSTAT-SSTM1 0.934 2 68.94
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Fig. 6. Two-factor multiple wavelet coherence. a. South China Sea; b. Sulu-Celebes Sea; c. East China Sea; d. Yellow Sea; e. Kuroshio
Current; f. Sea of Japan; g. Oyashio Current; h. Sea of Okhotsk. The period is measured in months. Each subplot shows the multiple
wavelet coherence between Bloom Intensity in a single LMEs and the best combination of two factors. Thick contours denote 5% signi-
ficance levels against red noise. Pale regions denote the cone of influence where edge effects might distort the results. The color de-
notes the strength of coherence.

SS. This suggests that phytoplankton blooms in the SS are more  blooms directly on an annual scale (Fig. 2). This significant neg-
influenced by temperature, especially SST2. significant negative  ative correlation suggests that temperature has become a major
correlation between daily maximum SST and phytoplankton  constraint on phytoplankton growth at SS and that a decrease in
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Fig. 7. Three-factor multiple wavelet coherence. a. South China Sea; b. Sulu-Celebes Sea; c. East China Sea; d. Yellow Sea;
e. Kuroshio Current; f. Sea of Japan; g. Oyashio Current; h. Sea of Okhotsk. The period is measured in months. Each subplot shows the
multiple wavelet coherence between bloom intensity in a single LMEs and the best combination of three factors. Thick contours de-
note 5% significance levels against red noise. Pale regions denote the cone of influence where edge effects might distort the results.

The color denotes the strength of coherence.

daily maximum temperature can significantly promote phyto-
plankton growth (Dang et al., 2020). The high correlation of daily
maximum temperature compared to other factors under the SST
factor also re-emphasizes the inhibitory effect of high temperat-
ure on phytoplankton growth and reproduction in these LMEs. In
addition, the contribution of SSTM2 to the explained amount is
thought to be higher due to the covariance of SSTM2 with SST2,
which does not differ much from MWTC and PASC in the case of
a single meteorological factor. In contrast, the increase of the
higher contribution of AT4 to the explained volume once again
emphasizes the role of diurnal temperature differences in low lat-
itudes as a driver of phytoplankton blooms.
SSTAT-SSTM1-PRECM3 was the best predictor combination
for the ECS. This result suggests that SSTAT dominates effects on
phytoplankton blooms, and SSTM1 and PRECM3 can contribute

to the amount explained significantly. Air-sea temperature differ-
ences lead to heat exchange between seawater and the atmo-
sphere, creating a density gradient that affects water column sta-
bility and mixed layer depths (MLD) (Behrenfeld et al., 2006; Po-
lovina et al., 2008). The variations in MLD subsequently impact
the supply of nutrients to phytoplankton within the mixed layer,
consequently influencing the growth of phytoplankton (Boyce
et al., 2010; Henson et al., 2009). This interconnected process un-
derscores the pivotal role of air-sea temperature differences in
regulating marine ecosystem dynamics, particularly in shaping
the conditions that govern phytoplankton development.
AT4-SSTM3-PREC was the best predictor combination for the
YS. This result suggests that PREC dominates effects on phyto-
plankton blooms, and AT4 and SSTM3 can contribute to the
amount explained significantly. Significant negative correlation



Liu Zhenxia et al. Acta Oceanol. Sin., 2024, Vol. 43, No. 12, P. 85-101 97

Table 5. Coherence between BI and meteorological factor/cli-
mate oscillation signal combinations

LMEs Combined factors MWTC PASC/%
SCS AT4-AMO 0.8749 53.25
SS SST3-AMO 0.901 8 61.55
ECS SSTAT-PDO 0.820 1 48.26
YS PREC-AMO 0.8129 45.50
KC SSTAT-AO 0.734 2 39.92
SJ AT2-Nino3.4 0.766 2 42.38
0oC AT3-Nifo3.4 0.7717 38.52
SO PREC-Nifo3.4 0.827 8 49.53

between PREC and phytoplankton blooms directly on an annual
scale (Fig. 2). The YS, as a relatively closed sea area with a small
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size and the presence of several large rivers injected into it, the
precipitation process is often accompanied by inputs of nutri-
ents from the terrestrial phase to promote phytoplankton growth
(Shi et al., 2012; Xiao et al., 2024), but there is a certain time lag,
which is consistent with the phase lag behind of the Bl relative to
the PREC at the annual scales in the WTC analyses (Fig. 2).
SSTM1 was directly and significantly positively correlated with
phytoplankton blooms when it comes to OC. Despite the relat-
ively low nutrient levels in this region controlled by the Thou-
sand Islands cold front, phytoplankton were more significantly
suppressed by low temperatures.

At high latitudes, AT3-SSTAT-SSTM1 was the best predictor
for the SO. The fact that all three components are temperature
dependent and represent SST, air temperature, and air-sea tem-
perature difference indicates that at high latitudes, low temperat-
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ure is the greatest constraint on phytoplankton growth and
demonstrates, once again, the collinearity between the different
factors. However, in conjunction with the bimodal phenomenon
in Fig. 3, the dominant phytoplankton in the SO also showed con-
siderable sensitivity to high temperatures due to interspecies dif-
ferences (Okunishi et al., 2005), where increased summer tem-
peratures inhibit phytoplankton growth and reproduction.

In summary, phytoplankton blooms showed strong temporal
multiscale correlations with meteorological factors, particularly
at high frequencies (i.e., short periods). Due to the multiple scale
characteristics of phytoplankton blooms and related environ-
mental variables, single factors can fail to capture the complex
processes involved. The best predictors of phytoplankton blooms
varied across LMEs, with the most common and important com-
ponent being SSTAT. However, its mechanism of action varies
among LMEs. In some LMEs, the explained variance increased
with additional factors, while in others, it decreased. The differ-
ences arise from variations in latitudes, current influence, inter-
specific differences, and collinearity among the factors. These in-
sights provide a new understanding of phytoplankton blooms on
large scales, highlighting the variability of driving effects between
scales.

4.2 Climate oscillations coupling phytoplankton blooms spati-
otemporal patterns

Meteorological factors show a clear drive with phytoplankton
in short cycles, while climate oscillations act as large-period
factors and exhibit a good coupling with phytoplankton blooms.
The results of the wavelet coherence analysis demonstrate the
correlation of the Bl in the eight LMEs, both for individual cli-
mate oscillation signals and a combination of climate oscillation/
meteorological factors. While a uniform pattern of change is ob-
served, significant regional variability exists, necessitating specif-
ic analyses for different LMEs.

At low latitudes, our results suggest that Nifio3.4 is the most
influential climate oscillation signal on phytoplankton bloom
variation in SCS. This aligns with Siswanto’s work (Siswanto et al.,
2017), which highlights the lagging and leading correlations of El
Nifo on phytoplankton biomass through the Nifio3.4 Index. In-
terestingly, the AMO index, in conjunction with AT4, contributed
more effectively to the explained variance when considering both
meteorological factors and climate oscillation signals. It has been
shown that the AMO and the pattern of cold/warm anomalies in
the study area are closely related (Li and Bates, 2007; Wang et al.,
2013). The positive AMO characterized by anomalous warm
North Atlantic and cold South Atlantic leads to strong Southeast
and East Asian summer monsoons (Lu et al., 2006), which is a po-
tential driver to influence phytoplankton blooms. Despite its geo-
graphical distance from the Atlantic, phytoplankton blooms in
SCS appeared more sensitive to influences from the AMO than
from the ENSO when predicting phytoplankton blooms through
a combination of climate and meteorological influences. This
may be attributed to the dominance of ENSO in driving changes
in meteorological conditions, such as precipitation and temper-
ature, which directly affect phytoplankton growth, thereby di-
minishing the overlapping effect of contribution because of the
collinearity between it and meteorological factors.

In SS, the situation is similar to SCS. Nino3.4 dominates as a
single climate oscillation, while AMO becomes more influential
when combined with meteorological factors. A similar phe-
nomenon of overlapping effects reducing the degree of interpret-
ation is shown in the ECS, where the non-dominant climate os-
cillation factor dominates the climate oscillation index/meteoro-

logical factor combination, AMO dominates when analyzed as a
single climate oscillation index factor, and PDO dominates when
combined with meteorological factors. The dominance of AMO
in the YS, both when analyzed as a single oscillation factor and
when participating in the combination of oscillation/meteorolo-
gical factors, suggests that there is a significant pattern of telecon-
nection between AMO, as a large-scale general circulation phe-
nomenon with global impacts, and regional geographic phenom-
ena in the Northwest Pacific Ocean.

The KC, SJ, and OC are mainly controlled by ocean currents,
and their internal phytoplankton blooms are more clearly af-
fected by the effect of ENSO. In the WTC analysis (Fig. 4), the
phase changes exhibited by both KC and SJ in 2014 and 2017 are
well coupled with the ENSO phase transition from 2010-2012
strong double-peaked La Niiia to 2014-2016 super-strong El Nifio
to 2016-2018 weak double-peaked La Nifa in these two periods
(Levine and McPhaden, 2016; Zheng et al., 2019). This is also
consistent with the result that ENSO is the best factor in both re-
gions regardless of whether it is analyzed as a single factor or a
combined analysis with meteorological factors. When it comes to
OC, there is a significant positive correlation between SSTM1 and
phytoplankton blooms directly. Despite the relatively low nutri-
ent levels in this region, which are controlled by cold currents,
phytoplankton were more significantly suppressed by low tem-
peratures. In the high latitude of SO, the situation is similar,
showing significant phase changes in 2014 and 2017 and a dom-
inant factor of Nifi03.4 in all cases.

Overall, phytoplankton blooms and climate oscillation factors
show strong temporal multiscale correlations, especially at low
frequencies (i.e., long periods) relative to the meteorological
factors, making the combination suitable for better complement-
arity. In addition to this, although both the mean MWTC and
PASC of the combined climate oscillation/meteorological factor
case are slightly smaller than those of the dual meteorological
factor case, considering that the former may be preferred when
information on certain meteorological factors is not available for
a specific region. In addition, it is equally important to combine a
non-dominant climate oscillation index factor with a dominant
meteorological factor, considering the covariance between the
dominant climate oscillation index and the dominant meteorolo-
gical factor.

4.3 Limitation

Our study has some limitations. We studied globally recog-
nized environmental variables. However, we did not consider
some region-specific variables, such as the Madden-Julian Oscil-
lation (MJO). The MJO is related to the interseasonal variability,
influences on the tropical ocean, as well as tropical and ex-
tratropical weather and climate (Madden and Julian, 1972;
Zhang, 2005; Zhang et al., 2020). It has been found that the MJO-
related wind fields can induce the cooling and phytoplankton
blooms off the South Vietnam coast in specific summers (Isogu-
chi and Kawamura, 2006). Additionally, we did not assess com-
binations of four or more factors. However, according to our res-
ults, there is a high chance that the PASC will decrease as more
variables are taken into consideration. It is essential to acknow-
ledge that the omission of nutrients from our wavelet analysis
represents a limitation. Nutrients play a crucial role in influen-
cing phytoplankton growth (Beardall et al., 2001; Van de Waal
and Litchman, 2020), and their exclusion was a deliberate choice
based on the study’s focus on examining the association between
climate and meteorological factors. The study aims to discern the
drivers and constraints imposed by climatic factors on meteoro-
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logical elements, as well as the composite interplay between
them, thus necessitating a specific scope that does not encom-
pass nutrient salts in this context.

5 Conclusions

Temporal scale-dependent multivariate relationships
between phytoplankton blooms, meteorological factors, and cli-
mate oscillation signals were identified in eight LMEs of the west-
ern North Pacific using WT'C and MWC. Before conducting mul-
tivariate analysis, CWT was applied to detect temporal patterns in
phytoplankton blooms. The CWT results revealed significant an-
nual oscillations in the Bloom Intensity series across all regions
during the study period. Some LMEs exhibited consistent annual
periodicity, while others showed intermittent breaks. Oscilla-
tions with periodicities of 4 to 6 months were also detected in
several LMEs. Seasonal climate patterns displayed single peaks
or bimodal distributions, highlighting the temporal variability of
phytoplankton blooms among the LMEs.

Comparing WTC and MWC analyses revealed that adding
more explanatory factors generally improved the explanation of
phytoplankton bloom dynamics. However, some declines in ex-
planatory power were observed, likely due to collinearity among
factors. The observed differences among LMEs stem from vari-
ations in latitude, ocean currents, species-specific traits, and the
interplay of influencing factors. Meteorological factors primarily
drove short-period changes in phytoplankton blooms, while
long-period changes were more strongly linked to climate oscilla-
tions.

These findings offer novel perspectives for the formulation of
early warning models for phytoplankton blooms, emphasizing
the significance of incorporating non-dominant large-scale cir-
culation indices alongside prevalent meteorological factors. It
underscores the crucial role played by these less prominent in-
dices in predicting the outcomes of phytoplankton blooms,
thereby advocating for a comprehensive approach that considers
a broader spectrum of influential factors. This approach under-
scores the crucial role that less prominent indices play in predict-
ing phytoplankton bloom outcomes, advocating for a compre-
hensive strategy that considers a broader range of influential
factors. Such an inclusive strategy has the potential to enhance
the accuracy and reliability of predictions, offering a deeper un-
derstanding of the complex interplay between climatic and atmo-
spheric drivers. Additionally, these findings contribute signific-
antly to our knowledge of material-energy cycling in marine eco-
systems, paving the way for further research in this field.

Data availability statement

The phytoplankton blooms dataset was obtained from https://
doi.org/10.5281/zenodo.7359262. The boundaries of LMEs were
obtained from https://www.sciencebase.gov/catalog/item/
55¢77722e4b08400b1fd8244. Monthly MEI values for the same
period of January 2003 to December 2020, as the index of climate
oscillation in this study, were downloaded from the NOAA web-
site (https://psl.noaa.gov/enso/mei/). Monthly Nino3.4, SOI,
PDO, AO, NAO, AMO, and DMI signals were taken from the Earth
System Research Laboratory from the National Oceanic and At-
mosphere Administration (http://www.esrl.noaa.gov/psd/). The
original meteorological data was from ERA5 and downloaded
from the Climate Data Store (10.24381/cds.adbb2d47).
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