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Abstract  Phytoplankton size structure is a key ecological indicator for assessing marine ecosystems 
status and their response to environmental change; however, long-term monitoring of phytoplankton size 
has been constrained by limitations in observational data. To address this gap, this study developed a 
22-year (2003–2024) daily satellite-derived phytoplankton size class (PSC) dataset for the Bohai and 
Yellow seas of China (BYS) using an in-situ optimized abundance-based model. Key findings are: 
(1) micro-phytoplankton dominated the coastal waters all-year round, whereas offshore water exhibited 
seasonal alternation between pico-phytoplankton (summer) and micro-phytoplankton (other seasons); 
(2) a significant long-term phytoplankton size miniaturization was detected, with the contributions of 
micro- and nano-phytoplankton declined at a rates of -0.031% per year (non-significant, P>0.05) and 
-0.049% per year (significant, P<0.01), respectively, while pico-phytoplankton increased by 0.055% per 
year (significant, P<0.01); (3) through explainable machine learning model, sea surface temperature was 
identified as the dominant driver of PSC variations , exhibiting highly nonlinear relationships and distinct 
threshold effects with shifts in phytoplankton size structure. This validated, long-term satellite PSC 
product provides novel insights into the environmental forcing of phytoplankton community restructuring 
in the BYS and offering a critical baseline for assessing ecosystem responses to climate change and 
anthropogenic pressure.

Keyword: phytoplankton size class (PSC); remote sensing; model optimization; long-term change; Bohai 
and Yellow seas

1 INTRODUCTION

Marine phytoplankton, responsible for 
approximately half of global total primary 
production, forms the fundamental basis of marine 
food webs and biogeochemical cycles (Field et al., 
1998). The increasing pressures from climate 
change and anthropogenic activities are profoundly 
altering marine ecosystems, with phytoplankton 
communities being particularly vulnerable to these 
environmental perturbations (Hoegh-Guldberg and 
Bruno, 2010). Characterizing phytoplankton 
dynamic has therefore become imperative for 

projecting future ecosystem trajectories under global 
change scenarios (Barnett et al., 2001; Smetacek 
and Cloern, 2008). Size-based classification offers a 
powerful framework for investigating phytoplankton 
community structure and its functional linkages with 
physical processes and biogeochemical cycles (Uitz 
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et al., 2008; IOCCG, 2014). Physiological 
differences are pronounced across size classes: 
smaller cells benefits from high surface area-to-
volume ratios that confer growth efficiency, while 
larger cells exhibit greater photosynthetic capacity 
under resource-replete conditions (e.g., rich in light 
and nutrient) but experience higher sinking losses 
(Marañón et al., 2012). Following the operational 
classification of Sieburth et al. (1978), 
phytoplankton is commonly divided into three size 
classes: pico- (<2 μm), nano- (2–20 μm), and micro-
phytoplankton (>20 μm). The phytoplankton size 
classes (PSC) differentially mediate processes such 
as new production and particulate organic carbon 
export fluxes (Guidi et al., 2009). However, 
significant knowledge gaps remain in our 
understanding of their spatiotemporal distributions 
and environment responses, largely due to 
observational challenges of obtaining synoptic, long-
term PSC dataset in ocean.

Traditional PSC quantification relies on multiple 
in-situ methodologies, including microscopy, flow-
cytometry, size-fractionated filtration, and high-
performance liquid chromatography (HPLC), each 
with distinct analytical trade-off (IOCCG, 2014). 
Although precise, these laboratory techniques are 
operationally constrained: requiring specialized 
equipment, length processing, and substantial 
financial and labor investments. These limitations 
inherently restrict the spatiotemporal coverage of in-
situ PSC observations, creating significant gaps in 
our understanding of basin-scale phytoplankton 
community dynamics (Turner et al., 2021). In 
contrast, satellite remote sensing provides the 
potential for synoptic and continuous spatiotemporal 
coverage. Consequently, deriving PSC information 
from satellite ocean color data has become an active 
research focus. Several PSC algorithms have been 
developed for both global (Brewin et al., 2011, 
2015; Sun et al., 2023) and regional applications 
(Sun et al., 2019a; Liu et al., 2021; Turner et al., 
2021).

Algorithms for retrieving PSC from ocean color 
remote sensing generally all into three categories: 
spectral-based, ecological-based, and abundance-
based approaches (Brewin et al., 2010; Devred et 
al., 2011; Sun et al., 2023). These algorithms differ 
in their theoretical frameworks and input 
requirement (IOCCG, 2014). Abundance-based PSC 
algorithms rely on empirical or semi-empirical 
relationships between PSC composition and total 
chlorophyll-a (Chl-a) concentration, typically 

derived from in-situ observations (Brewin et al., 
2011; Hirata et al., 2011). Given that Chl a is widely 
available and validated satellite product, abundance-
based methods offer a straightforward and practical 
approach to estimating PSC from remote sensing 
data, often yielding reliable results (Turner et al., 
2021; Sun et al., 2023; de Lima Oliveira et al., 
2025). Regional studies have successfully re-
parameterized abundance-based PSC models 
calibrated with local in-situ data in diverse seas 
including the Arabian Sea (Sahay et al., 2017), the 
Red Sea (Gittings et al., 2019), the Atlantic Ocean 
(Moore and Brown, 2020), and the continental shelf 
seas of China (Sun et al., 2017, 2019b; Liu et al., 
2021). These studies collectively confirm the broad 
applicability of abundance-based PSC models 
across diverse ocean regions. However, observed 
variations in optimal model parameters between 
regions underscore the necessity of local calibration 
prior to PSC dynamic analysis.

The Bohai and Yellow seas (BYS) are shallow, 
semi-enclosed continental shelf seas in northern 
china (depth<100 m) (Fig.1). It was commonly 
partitioned into coastal and offshore provinces using 
the 50-m isobaths, a recognized hydrological and 
ecological boundary that approximates the seaward 
limit of strong coastal influence, separating the well-
mixed, turbid, and nutrient-rich shallow waters from 
the more stratified offshore basin. This division 
aligns with standard zoning practices for the Yellow 
Sea Large Marine Ecosystem and is supported by 
studies that document significant shifts in biological 
and physicochemical properties across this 
boundary (Wang and Gao, 2020). As typical 
marginal seas, the BYS experience synergistic 
pressures from global warming, terrestrial inputs, 
atmospheric deposition, and ocean dynamics, which 
modulating water column stability, light availability, 
and nutrient regimes, leading to pronounced 
phytoplankton variability. Consequently, phytoplankton 
dynamics in the BYS have been extensively studied 
via field surveys and satellite observations (Fu et al., 
2009; Hao et al., 2019; Jiang et al., 2019; Sun et al., 
2019b; Wang et al., 2021; Zhai et al., 2021). 
Research has delineated nearshore-offshore biomass 
gradients driven primarily by terrestrial nutrients 
(Liu and Wang, 2013), identified divergent seasonal 
control mechanisms (Yamaguchi et al., 2012; Wang 
and Gao, 2020), and revealed a significant non-
monotonic long-term Chl-a trend with a regime shift 
from a positive to a negative around 2011, attributed 
to the changing nutrient states (Wang et al., 2021; 
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Zhai et al., 2021).
In contrast to phytoplankton biomass dynamics 

in BYS, research on PSC variability remains 
comparatively limited, particularly concerning long-
term trends and their driving mechanisms. Recent 
advances in ocean color remote sensing and the 
accumulation of in-situ PSC observations have 
facilitated the development of regional satellite 
retrieval algorithms (Sun et al., 2017, 2019b), 
yielding preliminarily insights into reginal PSC 
spatiotemporal patterns (Sun et al., 2019a, b; Liu et 
al., 2021). Spatially, eutrophic coastal waters exhibit 
high total Chl a dominated by large-sized PSC, 
whereas oligotrophic offshore waters favor small-

sized PSC. Temporally, micro-phytoplankton 
prevails during cold seasons, while nano- and pico-
phytoplankton dominate warmer periods. These 
patterns align with size-depended resource 
competition under varying environmental 
conditions, reflecting physiological and ecological 
trade-offs (Agawin et al., 2000; Marañón et al., 
2015). Although satellite-derived synoptic PSC 
patterns were mostly consistent with previous field 
surveys (Fu et al., 2009; Jiang et al., 2019), several 
uncertainties persist. For instance, while regime 
shifts in total biomass have been documented over 
the last two decades (Wang et al., 2021; Zhai et al., 
2023), some studies reported no significant long-

Fig.1 Study area and bathymetry of the Bohai and Yellow seas (BYS)
The 50-m isobaths (solid blank line) delineates the coastal (<50 m) and offshore (>50 m) provinces. Green dots denote the locations of in-situ pigment 

sampling stations. Bathymetric data were from the General Bathymetric Chart of the Oceans (GEBCO): https://www.gebco.net/.
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term PSC trend (Sun et al., 2017). Furthermore, 
PSC model parameters showed substantial 
variations across studies, likely stemming from 
methodological differences, including model 
calibration limited to warm-season data (April-
October) (Sun et al., 2017, 2018, 2019b), or 
insufficient tailoring of models to BYS-specific 
conditions (Liu et al., 2021).

In summary, optimizing an abundance-based 
PSC model with an extensive and updated in-situ 
dataset from the BYS is essential for generating 
more accurate remote-sensing PSC products and 
paving the way for further investigations into the 
long-term variability of PSC. Leveraging these 
enhanced satellite products, our study aims to 
provide a comprehensive analysis of PSC variability 
and its potential drivers in the BYS. Specifically, we 
compile a large in-situ dataset encompassing total 
Chl-a concentrations and PSC fractions, coupled 
with concurrent sea surface temperature (SST) 
observations. Using these updated data, we refine 
and recalibrate an existing SST-dependent PSC 
model (Wang et al., 2024) for application in the 
BYS. The objectives of this research are threefold: 
(1) to establish a reliable long-term PSC dataset for 
the BYS; (2) to quantify decade-scale PSC 
variability; and (3) to identify environmental drivers 
on PSC changes.

2 MATERIAL AND METHOD

Figure 2 provides a schematic overview of the 
study workflow. Briefly, datasets comprise in-situ 
surveys and satellite remote sensing observations. 
Key methodologies include the optimization of 
SST-dependent abundance-based PSC model and 
spatiotemporal analysis of satellite-derived PSC 
products. Detailed descriptions of in-situ samples, 
satellite-derived variables and analytical methodologies 
are provided in the subsequent subsections.

2.1 In-situ data collection and processing

Field measurements were acquired through 23 
research cruises conducted in the BYS between 
2013 and 2023, yielding 1 611 discrete water 
samples. Measured parameters included SST 
obtained using conductivity-temperature-depth 
(CTD) equipment and phytoplankton pigment 
quantified via HPLC. Details of the HPLC pigment 
measurements have been documented in many 
previous studies (Liu et al., 2021; Wang et al., 

2024). Briefly, water samples were filtered and 
preserved at -80 °C during the cruises, and later 
analyzed in the laboratory using an Agilent 1260 
Infinity II HPLC system following the protocols 
described by Zapata et al. (2000) and Furuya et al. 
(2003). Analyses quantified total Chl-a 
concentration (sum of monovinyl Chl a, divinyl 
Chl a, and chlorophyllide-a) and seven diagnostic 
pigments (includes fucoxanthin, peridinin, 19’-hex-
fucoxanthin, 19’-but-fucoxanthin, alloxanthin, 
chl b, and zeaxanthin).

Strict quality control was implemented: (1) Chl-a 
concentrations lower than 0.001 mg/m3 were set to 
0.001 mg/m3; (2) accessory pigments concentrations 
lower than 0.000 1 mg/m3 were set to 0.000 1 mg/m3; 
(3) samples were retained only if the difference 
between the Chl-a concentration and the total 
concentration of accessory pigments was less than 
30% of the total pigment concentration (Aiken et al., 
2009). These criteria excluded unrealistic low 
concentrations data and samples with anomalous 
pigment covariance (Trees et al., 2000; Brewin et 
al., 2015). The final curated dataset comprised 1 406 
samples spanning a range of months (including 
January, March, April, May, June, July, August, 
September, November, and December), with broad 
spatial coverage across the BYS (Figs.1 & 2a). The 
dataset includes a broad range of Chl-a and SST 
values, with Chl-a concentrations ranging from 0.03 
to 18.34 mg/m3 and SST ranging from 0.01 to 
30.21 °C.

2.2 Satellite-derived dataset and processing

2.2.1 Satellite-derived Chl-a product

Sea surface Chl-a concentrations were derived 
using a regional generalized additive model (GAM) 
algorithm applied to MODIS daily remote sensing 
reflectance (Rrs) data (Wang et al., 2017, 2019). This 
GAM-based Chl-a algorithm implements a 
nonlinear smoothed regression framework, with in-
situ Chl-a measurements as the response variable 
and visible Rrs bands (412, 443, 469, 488, 531, 547, 
555, 645, 667, and 678 nm) plus water depth as 
predictors (Wang et al., 2017). Comparative 
validation demonstrated superior performance over 
alternative Chl-a products for the BYS, achieving a 
root mean square error (RMSE) of 0.21 mg/m3 and a 
coefficient of determination (R2) of 0.81 (Wang et 
al., 2019). The algorithm’s accuracy and robustness 
makes it particularly suitable for analyzing Chl-a 
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dynamics in the BYS (Wang et al., 2021, 2023b; Lv 
et al., 2022; Lin et al., 2023). For the present study, 

daily MODIS Chl-a products with a spatial 
resolution of 1/24°×1/24° (approximately 4 km×

Fig.2 Schematic diagram illustrating the workflow of this study
a. in-situ measurements were partitioned into training and testing datasets (n: number of samples); b. the abundance-based phytoplankton size class (PSC) 

model was optimized; c. satellite-derived Chl a and SST data were input; d. a long-term satellite-derived PSC dataset was generated; e. spatiotemporal 

dynamics of PSC were analyzed. Chl a: chorophyll a; SST: sea surface temperature; Ct: total Chl-a concentration; Cm: micro-phytoplankton Chl-a 

concentration, Cn: nano-phytoplankton Chl-a concentration; Cp: pico-phytoplankton Chl-a concentration; Fm: micro-phytoplankton contribution; Fn: nano-

phytoplankton contribution; Fp: pico-phytoplankton contribution. Csize: size-fractionated Chl-a concentrations; Fsize: size-fractionated contributions.
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4 km) spanning from 1 January 2003 to 31 December 
2024 were processed and used for further analysis.

2.2.2 Satellite-derived sea surface temperature (SST)

The satellite-derived SST data used in this study 
were sourced from NOAA’s Optimum Interpolation 
(OI) daily SST dataset (Reynolds and Smith, 1994; 
Reynolds et al., 2007). These data was freely 
accessible via the NOAA’s National Climatic Data 
Center website (https://www.ncei.noaa.gov/data/). 
For this study, we utilized the SST product 
composed exclusively of advanced very high 
resolution radiometer (AVHRR) infra-red satellite 
measurements spanning from 1 January 2003 to 31 
December 2024. The SST dataset was resampled to 
a grid resolution of approximately 1/24°×1/24° 
using nearest-neighbor interpolation to align with 
the satellite-derived PSC dataset.

2.2.3 Satellite-derived photosynthetically active 
radiation (PAR)

Daily photosynthetically active radiation (PAR) 
data derived from MODIS/Aqua were acquired from 
the NASA OceanColor website (http://oceancolor.
gsfc.nasa.gov/) for the period from 1 January 2003 
to 31 December 2024. These PAR products were 
generated using algorithms developed by Frouin et 
al. (2003). Monthly PAR composites were then 
created and resampled to a 1/24°×1/24° spatial grid 
to align with the satellite-derived Chl-a dataset.

2.2.4 Satellite-derived total suspended matter (TSM)

Daily total suspended matter (TSM) concentration 
data were calculated from the daily MODIS Rrs 
dataset using an empirical algorithm developed by 
Zhang et al. (2010). The monthly TSM images were 
composited from the daily images with the spatial 
resolution of 1/24°×1/24° to align with the satellite-
derived Chl-a dataset.

2.2.5 Mixed layer depth (MLD)

Mixed layer depth (MLD) dataset were acquired 
from the ARMOR3D level-4 reanalysis products 
distributed by the Copernicus Marine Environment 
Monitoring Service (CMEMS) (https://resources.
marine.copernicus.eu). These data are available on a 
1/4°×1/4° spatial resolution and were estimated 
using a density threshold equivalent to a 0.2-°C 
temperature decrease relative to 10-m reference 
depth (de Boyer Montégut et al., 2004). For 
consistency with other datasets, the monthly MLD 
products were resampled to a 1/24°×1/24° spatial 
resolution (approximately 4 km×4 km).

2.2.6 Sea surface wind (SSW)

Sea surface wind (SSW) data were sourced from 
the Cross-Calibrated Multi-Platform (CCMP) 
version 3.0 gridded surface 10-m wind vector 
dataset (https://www.remss.com/measurements/
ccmp/). This dataset comprises 6-hourly sea surface 
vector wind maps, gridded at a resolution of 1/4°×
1/4°, and are synthesized from various microwave 
scatterometers and radiometers (including QuikSCAT, 
ASCAT, SSM/I, AMSR, SSMIS, and WindSat) via 
variational data assimilation (Atlas et al., 2011). The 
monthly SSW data were composited from the 6-
hourly images and were resampled to a 1/24°×1/24° 
grid to align with the satellite-derived Chl-a dataset.

2.3 In-situ PSC estimation and preprocessing

To support model re-parameterization and 
validation, in-situ PSC were derived from quality-
controlled pigment measurements using the 
Diagnostic Pigment Analysis (DPA) method (Uitz et 
al., 2008; Brewin et al, 2010). Within the DPA 
framework, 1 406 quality-controlled HPLC pigment 
samples utilized as input data. A multivariate linear 
regression was employed, with total Chl-a 
concentration serving as the dependent variable and 
seven diagnostic pigments as independent variables. 
This process yielded weighting coefficients of 1.14, 
1.21, 0.52, 0.01, 4.53, 1.57, and 1.43 for the pigments 
of fucoxanthin, peridinin, 19’‑hex‑fucoxanthin, 
19’‑but‑fucoxanthin, alloxanthin, Chl b, and 
zeaxanthin, respectively. Total Chl a was 
subsequently partitioned into three PSCs (pico-
plankton, nano-plankton, and micro-plankton) by 
applying these coefficients to calculate the weighted 
contribution of each pigment to the respective size 
classes. This procedure generated a curated, quality-
assured in-situ PSC dataset comprising 1 406 
samples, suitable for subsequent model calibration 
and validation. The parameters of the in-situ PSC 
dataset include the total Chl-a concentration (Ct), 
size-fractionated Chl-a concentrations (Csize), and  
size-fractionated contributions (Fsize). Specifically, Ct 
comprises micro-phytoplankton concentration (Cm), 
nano-phytoplankton concentration (Cn), and pico-
phytoplankton concentration (Cp); while Fsize 
consists of the contributions of micro-(Fm), nano- 
(Fn), and pico-phytoplankton (Fp).

To enable comparison with satellite data, the 
1 406 in-situ PSC samples were matched daily with 
remotely sensed SST and Chl-a data (detailed in 
subsequent sections) based on temporal coincidence 
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(same day) and the closest spatial coordinates. To 
ensure the quality of the satellite retrievals, in-situ 
measurements were matched to satellite imagery 
using 3×3 pixel window, and only match-ups 
containing five or more valid pixels within the 
window were retained. Furthermore, the coefficient 
of variation (CV) for satellite‑derived Chl a across 
the valid pixels was calculated, and match-ups with 
a Chl-a CV greater than 0.15 were excluded. Based 
on these criteria, 453 satellite in-situ match-ups 
were selected to form a testing dataset for validating 
the remotely sensed PSC estimates (Fig.2a). The 
remaining 953 in-situ PSC samples were utilized to 
re-calibrate the SST-dependent abundance-based 
PSC model (Wang et al., 2024), constituting the 
training dataset (Fig.2a).

2.4 PSC model optimization and satellite 
application

The SST-dependent, abundance-based PSC 
model, initially proposed by Brewin et al. (2017) 
and refined specific for BYS by Wang et al. (2024), 
was re-parameterized using a training dataset 
comprising 953 in-situ PSC samples (Fig.2b). The 
performance of the re-parameterized model was 
evaluated using the testing dataset comprising 453 
in-situ and satellite matchups, as illustrated in 
Fig.2a. Upon adjustment of the model parameters, 
the optimized PSC model was applied to satellite-
derived daily Chl a and concurrent SST images, 
thereby generating remotely-sensed daily PSC 
datasets of the BYS. As a result, monthly PSC time 
series were derived by calculating the median of all 
daily PSC images for each month.

2.5 Mann-Kendall test for trend detection

The non-parametric seasonal Mann-Kendall 
(MK) test was employed to detect linear trends in 
the monthly data series (Hirsch et al., 1982; Hirsch 
and Slack, 1984). This approach was selected due to 
its robustness in handling the characteristically 
skewed distribution of Chl-a values and accounting 
for strong serial autocorrelation present in the 
monthly time series (Campbell, 1995; Saulquin et 
al., 2013). The magnitudes of trends were computed 
using Sen’s method (Sen, 1968; Gilbert, 1987), 
which provides a non-parametric estimate of trend 
magnitude. As a well-established statistical 
approach, the MK test has been extensively applied 
in environmental studies to assess trends in various 
geographical variables, including the sea surface 
Chl a, in previous studies (Vantrepotte and Mélin, 

2011; Pitarch et al., 2016). The methodology 
involves calculating MK statistics for each 
individual month, enabling the detection of 
persistent monotonic changes in the time series. The 
overall trend magnitude is determined by computing 
the median of monthly slope estimates. The overall 
trends are conventionally expressed as absolute 
changes per year. To enable comparison across 
varying concentration levels, we calculated relative 
linear trends (unit: %/a) by normalizing the Sen’s 
slope against the median value of the fitted line.

2.6 Random forest (RF) regression analysis

RF regression, an ensemble machine learning 
algorithm developed by Breiman (2001), operates 
by constructing multiple decision trees on randomly 
selected subsets of both samples and features from 
the dataset, with final predictions obtained through 
averaging. This method has demonstrated particular 
efficacy in capturing complex nonlinear 
relationships between variables (Gao et al., 2023), 
and have been widely applied in numerous 
ecological studies, including phytoplankton biomass 
prediction and analysis of algal growth-
environmental factors interactions (Xu et al., 2024). 
In the present study, we employed RF regression to: 
(1) quantify the relative importance of 
environmental drivers on PSC variations and (2) 
characterize nonlinear responses of PSC to 
environmental changes.

For our analysis, we processed monthly time 
series data of PSC (Ct and Fsize) along with five key 
environmental factors (SST, PAR, TSM, MLD and 
SSW). These data were spatially averaged for 
coastal and offshore regions, respectively, yielding a 
final dataset of 269 matched samples. In RF, PSC 
parameters served as dependent variables while 
environmental factors acted as predictors. 
Recognizing the critical role of hyperparameter 
selection in data-driven modeling (Feurer et al., 
2019), we implemented a Bayesian optimization 
approach to systematically tune the model 
parameters. This method, rooted in Bayes’ theorem, 
provides an efficient and theoretically sound 
strategy for global optimization problems (Victoria 
and Maragatham, 2021), ensuring optimal model 
performance while maintaining computational 
efficiency.

2.7 SHapley Additive exPlanations (SHAP) 
analysis

SHAP provides a unified framework for both 
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local and global model interpretations, rooted in 
cooperative game theory’s Shapley values 
(Lundberg and Lee, 2017). It enables quantification 
of each feature’s contribution to model predictions 
by evaluating its marginal impact across all possible 
feature combinations. The SHAP value for a feature 
is calculated by comparing its value against a 
baseline value, typically the model’s average 
prediction for that feature across all samples. By 
analyzing these values, we can understand the 
influence of each feature on the model’s overall 
behavior. The magnitude of the SHAP value 
indicates the strength of the feature’s impact on the 
model output: larger absolute values denote greater 
importance of that input feature. A positive SHAP 
value signifies that the feature increases the 
prediction, while a negative SHAP value signifies 
that it decreases the prediction. This approach 
facilitates transparent interpretation of the 
importance and complex relationships between 
environmental drivers and PSC in our model.

2.8 Statistical performance metrics

To assess the accuracy of satellite-derived total 
Chl-a and PSC products, three performance metrics 
were employed: the coefficient of determination 
(R2), RMSE, and median absolute percentage error 
(MAPE). For the Ct, Cm, Cn, and Cp, R2 and RMSE 
were computed in log-transformed space owing to 
their log-normal distributions (Seegers et al., 2018), 
whereas all the other metrics were calculated in 
linear space. The median absolute percentage error 
was chosen over mean absolute percentage error 
because the median offers a more robust and 
representative measure of central tendency in the 
presence of potential outliers.

3 RESULT

3.1 Re-parameterized PSC model and performance 
evaluation

The PSC model was re-parameterized using a 
training dataset comprising 953 in-situ samples, with 
the results illustrated in Fig.3. The SST-dependent, 
abundance-based PSC model was constructed by 
successively applying the abundance-based PSC 
model (Fig.2b) to the PSC data within each 0.1-°C 
SST bin over the range of 0.5–29.5 °C, resulted in 
290 fit profiles (Fig.3a). In Fig.3a, the parameters 
Csize and Fsize are ploted against total Chl a (Ct) for 
different SST ranges, confirming the clear influence 

of SST on model parameters, aligning with findings 
from previous studies (Sun et al., 2019b; Liu et al., 
2021; Wang et al., 2024). Lower SSTs were 
generally corresponded to a higher proportion of 
large-size phytoplankton (Fm), while higher SSTs 
favored smaller size classes (Fn and Fp). The 
relationship between SST and PSC parameters was 
not strictly linear, as indicated by the overlapping 
fitted PSC curves across different SSTs (Fig.3a). 
Overall, effect of SST on PSC fractions was 
discernible across the full Chl-a range but become 
more pronounced at lower Chl-a levels.

Independent validation was conducted by 
comparing satellite-derived and in-situ measured 
PSC using 453 testing samples (Fig.3b). The results 
demonstrate that satellite-derived size-specific Chl-a 
concentrations (Cm, Cn, and Cp) and fractions (Fm, Fn, 
and Fp) agree well with in-situ observations. Some 
larger discrepancies persisted in the quantification 
of nano-phytoplankton, likely due to its spectral or 
diagnostic pigment overlap with the other two size 
classes. Nevertheless, the satellite products 
demonstrate reliable accuracy in capturing PSC 
variability and are suitable for resolving the 
spatiotemporal patterns of phytoplankton size 
structure in the BYS.

3.2 Spatial distribution of PSC

Figure 4 presents climatological spatial 
distribution (2003–2024) of PSC in the BYS, 
derived from climatological composite satellite data. 
The total Chl-a concentration (Ct) demonstrates a 
distinct cross-shelf gradient, decreasing progressively 
from nutrient-rich coastal waters to oligotrophic 
offshore provinces (Fig.4a). Micro-phytoplankton 
dominates the PSC composition (51.4% basin-wide 
average), accounting for 40%–60% of total biomass 
in most areas (Fig.4b). Nano- and pico-
phytoplankton exhibited comparable contributions, 
each representing 20%–30% of total biomass 
(Fig.4c & d). Notably, Phytoplankton size composition 
displayed obvious spatial heterogeneity, with larger 
cell sizes predominating in the Bohai Sea and 
northern Yellow Sea, while the southern Yellow Sea 
showed reduced micro-phytoplankton fraction and 
increased dominance of pico-phytoplankton (Fig.4). 
In contrast, the nano-phytoplankton (Fn) maintains 
stable proportions (25%) throughout the BYS. These 
satellite-derived PSC spatial distributions show 
good agreement with findings from previous in-situ 
studies (Fu et al., 2009; Jiang et al., 2019), 
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validating the remote sensing approach for PSC 
analysis.

3.3 Seasonal pattern of PSC

The seasonal variability of PSC distributions in 

the BYS was synoptically delineated using 
climatological monthly satellite composites (2003–
2024), as shown in Fig.5. The spatial distributions of 
Ct exhibited a persistent nearshore-offshore gradient 
year-round, with gradient intensity peaking during 

Fig.3 Re-parameterized PSC model parameters as a function of SST (a); validation of satellite-derived size-fractionated 
Chl-a concentrations (Csize) and contributions (Fsize) against in-situ measurements (b) (performance metrics and 1꞉1 
line are shown)
Chl a: chorophyll a; SST: sea surface temperature; Ct: total Chl-a concentration; Cm: micro-phytoplankton Chl-a concentration, Cn: nano-

phytoplankton Chl-a concentration; Cp: pico-phytoplankton Chl-a concentration; Fm: micro-phytoplankton contribution; Fn: nano-phytoplankton 

contribution; Fp: nano-phytoplankton contribution.
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summer months (June–August) and diminishing in 
winter (December–February). Micro-phytoplankton 
dominates from October to June, with its 
contribution (Fm) generally exceeding 50%. In 
contrast, pico-phytoplankton predominate in 
offshore waters during the warm season (July–
September), with its contribution (Fp) averaging 
approximately 40%, and nano-phytoplankton 
maintains intermediate contributions (20%–30%) 
across all seasons.

Figure 6 presents the climatological monthly 
variations of Ct and PSC means for the entire BYS, 
and its coastal and offshore sub-regions. The basin-
wide means reveals a characteristic bimodal 
seasonal pattern in Ct (Fig.6a), featuring distinct 

spring and autumn blooms separated by summer and 
winter troughs, consistent with Chl-a seasonal 
pattern reported in previous study (Wang and Gao, 
2020). The offshore region similarly exhibited a 
bimodal Ct pattern (Fig.6i), with primary and 
secondary peaks occurring in spring and autumn 
respectively, separated by summer and winter 
minima. Notably, the summer trough of offshore Ct

 

was more pronounced and prolonged compared 
to the entire Ct. The coastal Ct displayed a clear 
unimodal pattern characterized by a single warm-
season maximum and cold-season minimum 
(Fig.6e), differing markedly from the bimodal 
patterns observed in both entire and offshore Ct. All 
the Fsize showed comparable unimodal patterns, with 

Fig.4 Climatological mean spatial distributions of total Chl a and fractional contributions
a. total Chl-a concentration; b. micro-phytoplankton contribution; c. nano-phytoplankton contribution; d. pico-phytoplankton contribution.
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Fig.5 Climatological monthly composites (2003–2024) of total Chl-a concentration (Ct) (a), and fractional contributions of 
micro-phytoplankton (Fm) (b), nano-phytoplankton (Fn) (c), and pico-phytoplankton (Fp) (d) in the BYS; the 
spatially dominant phytoplankton size class for each month (e)

To be continued
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Fig.5 Continued

To be continued
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larger phytoplankton predominating during winter-
spring and smaller size classes dominating in 

summer-autumn. A striking contrast emerged 
between coastal and offshore Fsize: micro-

Fig.5 Continued

Fig.6 Climatological monthly means of total Chl-a concentration and contributions of each size across the entire BYS and 
its two sub-regions, as defined in Fig.1
Ct: total Chl-a concentration; Fm: micro-phytoplankton contribution; Fn: nano-phytoplankton contribution; Fp: nano-phytoplankton contribution.
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phytoplankton maintained year-round dominance in 
coastal region, whereas offshore waters exhibited 
seasonal shifts between pico-phytoplankton 
dominance (July–September) and micro-phytoplankton 
dominance (remaining months). These characteristics 
underscore the ecological predominance of micro-
phytoplankton in coastal environments, where they 
consistently contribute higher biomass relative to 
other phytoplankton size classes. The satellite-
derived PSC seasonal patterns align with findings in 
previous studies (Fu et al., 2009; Jiang et al., 2019).

3.4 Long-term trend in PSC

The MK test was applied to the monthly PSC 

data series spanning 2003–2024 to detect and 
quantify linear trends, and the spatial distributions 
of trend slopes were shown in Fig.7. For Ct (Fig.7a), 
45.95% of the area presented significant linear 
trends, in which significant positive and negative 
trends occupied 38.72% and 7.13% of the basin 
area, respectively. The significant positive Ct trends 
mainly prevail in coastal waters, where some 
nearshore patches demonstrated particularly strong 
positive trends. The significant negative Ct trends 
spatially concentrated in several offshore areas 
including central northern yellow sea, central 
southern yellow sea, and southeast open waters 
(Fig.7a). For Fsize (Fig.7b–d), there are 36.77%, 

Fig.7 Spatial distributions of linear trends in PSC during 2003–2024
a. trends of total Chl-a concentration; b. trends of micro-phytoplankton contribution; c. trends of nano-phytoplankton contribution; d. trends of pico-

phytoplankton contribution. Trend slopes were derived using Mann-Kendall (MK) trend analysis, with pixels showing statistically insignificant trends (at 

95% confidence level) masked out.
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45.33%, and 50.46% of the area presented 
significant trends in Fm, Fn, and Fp, respectively, in 
which negative trend dominated in Fm (31.78% of 
total area) and Fn (42.21%), whereas positive trends 
prevailed in Fp (45.80%). This contrasting spatial 
pattern between trends in large-sized and small-
sized fractions suggests a potential functional shift 
in phytoplankton community structure within BYS, 
indicating a transition from larger to smaller 
phytoplankton functional groups.

Figure 8 presents the temporal variations and 
corresponding MK trends detected in the basin-
averaged Ct and PSC time series for the entire BYS 
and its two sub-regions. Both the entire and coastal 
Ct showed statistically significant positive trends 
(0.005 and 0.009 mg/(m3·a), respectively), while 
offshore Ct displayed a non-significant negative 
trend. All Fm exhibited negative trends (-0.031%, 
-0.002 and -0.055%/a for the entire, coastal and 
offshore Fm, respectively), with only the trend of 
offshore Fm was statistically significant (Fig.8f). All 

the Fn exhibited significant negative trends with the 
rates of -0.049%, -0.045% and -0.055%/a for the 
entire, coastal and offshore Fn, respectively (Fig.8g–
i). Conversely, all the Fp increased (0.055%, 0.018% 
and 0.093%/a for the entire, coastal and offshore 
regions, respectively), though the coastal Fp trend 
was statistically non-significant (Fig.8k). These 
results indicate divergent phytoplankton biomass 
trends between coastal (increasing) and offshore 
(decreasing) waters, while revealing a consistent 
shift toward smaller phytoplankton size classes 
throughout the BYS.

3.5 Interpretation of PSC variations based on RF 
models

The SHAP method was applied to interpret the 
PSC-environment relationships, derived from RF 
models, with results visualized separately for the 
coastal (Fig.9) and offshore (Fig.10) province. All 
established RF models demonstrated satisfactory 
performance, explaining over 65% of the variation 

Fig.8 Temporal variations and MK trends of basin-averaged total Chl-a concentration and contribution of each size class 
in the entire BYS and its two sub-regions (as defined in Fig.1)
Gray solid lines represent original data series; red straight lines denote MK trends (solid for statistically significant trends, P<0.05; dotted for non-

significant trends, P>0.05). Ct: total Chl-a concentration; Fm: micro-phytoplankton contribution; Fn: nano-phytoplankton contribution; Fp: pico-

phytoplankton contribution.
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in both Ct and Fsize variations. The SHAP summary 
plots illustrate the marginal effect of each 
environmental variable (scatter plots), with LOESS 
(Locally Estimated Scatterplot Smoothing)-smoothed 
trend lines (black curves) highlighting dominant 
patterns (a span parameter of 0.5 with quadratic 
polynomial fitting). Accompanying bar plots 
quantify the relative contribution of each driver 
using mean absolute SHAP values. In the 
dependence plots, sampling points are color-coded 
by month to in identifying of seasonal patterns in 
these interactions.

3.5.1 Coastal water

In coastal waters, TSM (26%) was the most 
influential factor governing Ct variations, followed 
by MLD (23%), PAR (22%), SST (18%), and SSW 
(11%) (Fig.9). TSM, MLD, and SSW generally 

exhibit negative correlations with Ct, and their 
impacts showed pronounced threshold behaviors: 
~3.5 g/m³ for TSM, ~15 m for MLD, and ~6 m/s for 
SSW. For instance, TSM below 3.5 g/m³ 
(predominantly in summer) were associated with 
increased Ct, whereas levels above this threshold 
(mainly in winter) correlated with suppressed 
biomass. The threshold behavior of TSM may 
reflect the indirect modulation of phytoplankton 
growth by suspended particulate matter under 
conditions of light and nutrient trade-off in turbid 
coastal waters. PAR and SST displayed significant 
positive correlations with Ct, with clear promotion 
threshold at ~38 mol/(m2·d) and ~16 °C, respectively. 
These thresholds align with the seasonal transition to 
conditions favorable for phytoplankton growth: higher 
light and temperature in late spring/summer.

Fig.9 SHAP-based interpretation of PSC-environment relationships for coastal region using RF model
Left five columns show SHAP dependence plot and right column shows contributions of different variables ranked by aggregated absolute SHAP values. 

PSC: phytoplankton size class; RF: random forest; Ct: total Chl-a concentration; Fm: micro-phytoplankton contribution; Fn: nano-phytoplankton 

contribution; Fp: pico-phytoplankton contribution; SST: sea surface temperature; TSM: total suspended matter; PAR: photosynthetically active radiation; 

SSW: sea surface wind: MLD: mixed layer depth.
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For Fsize, SST overwhelmingly the dominant 
driver across all size classes, with contributions 
exceeding 70%. A significant negative correlation 
existed between SST and Fm. SST below ~16 °C 
strongly promoted Fm, whereas warmer temperature 
inhibited it. This pattern is consistent with the 
known preference of micro‑phytoplankton for 
cooler, nutrient‑replete conditions (Marañón et al., 
2012), typically found in winter and early spring for 
the BYS. The relationship between SST and Fm was 
highly nonlinear: inhibitory below ~16 °C, 
promotional between ~16 and ~21 °C, with the 
effect weakening and eventually reversing to 
inhibition above ~26 °C. This complex response 
may reflect shifting competitive balances and 
grazing pressures across thermal regimes. SST 
positively correlated with Fp with a clear 
promotional threshold above ~16 °C, supporting the 
ecological principle that smaller phytoplankton 
exhibit a metabolic advantage in warmer, more 

stratified waters (Marañón et al., 2012). PAR was 
the secondary driver for Fm and Fn, with higher PAR 
(>40 mol/(m2·d)) favoring Fm but suppressing Fn, 
potentially due to differing photoadaptive strategies. 
MLD influenced Fn, promoting it below ~16 m and 
inhibiting it in deeper mixed layers.

3.5.2 Offshore water

In offshore waters, TSM remained the primary 
driver of Ct variations (30% contribution), followed 
by PAR, SST, MLD, and SSW (contributions 
between 10%–20%) (Fig.10). All factors exhibited 
nonlinear impacts on Ct variations with identifiable 
threshold. TSM showed a tri‑phasic effect on Ct: 
inhibitory below ~0.8 g/m3 (summer-dominant), 
promotional between ~0.8 and ~1.8 g/m3 (winter-
dominant), and insignificant above ~1.8 g/m3. This 
suggests an optimal, moderate turbidity range that 
balances light availability with nutrient supply via 
resuspension. PAR promotes Ct below 50 mol/(m2·d) 

Fig.10 SHAP-based interpretation of PSC-environment relationships for offshore region using RF model
Left five columns show SHAP dependence plot and right column shows contributions of different variables ranked by aggregated absolute SHAP values. 

PSC: phytoplankton size class; RF: random forest; Ct: total Chl-a concentration; Fm: micro-phytoplankton contribution; Fn: nano-phytoplankton 

contribution; Fp: pico-phytoplankton contribution; SST: sea surface temperature; TSM: total suspended matter; PAR: photosynthetically active radiation; 

SSW: sea surface wind: MLD: mixed layer depth.
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(autumn/winter) but inhibited it at higher intensities, 
possibly indicating photoinhibition or co‑limitation 
by other factors in summer. SST promoted Ct within 
at optimal 10–25 °C but was inhibitory outside this 
range. MLD promoted Ct only within a narrow 
range of 10–20 m, highlighting the importance of 
moderate mixing for nutrient renewal without 
causing light limitation.

For Fsize in offshore waters, SST dominated, 
explaining >70% of the variance in Fn, and >90% in 
Fm and Fp). The negative SST-Fm relationship 
showed a threshold at ~18 °C, above which micro-
phytoplankton was strongly suppressed. The SST-Fn 
relationship mirrored the coastal pattern but with a 
higher promotional threshold (~18 °C), above which 
the effect weakened (~21 °C) and eventually 
reversed (~26 °C). The SST-Fp relationship was 
positively correlated with a threshold at ~18 °C. The 
exceptional dominance of SST underscores the 
fundamental role of temperature in structuring 
phytoplankton communities through its control on 
metabolic rates, stratification, and nutrient cycling—
a manifestation of the “temperature‑size rule” in 
pelagic ecosystems (Chen et al., 2012; Pálffy and 
Smeti, 2024). PAR was the secondary factor for Fm 
and Fn, with with a threshold at ~42 mol/(m2·d), 
while TSM secondarily influenced Fn, promoting it 
below ~0.8 g/m3. SSW exhibited the weakest and 
most unstable influence on Ct and Fsize in the 
offshore province.

4 DISCUSSION

This study integrated multi-year cruise-
observations with satellite remote sensing to 
optimize an abundance-based PSC model for the 
BYS, to characterize spatiotemporal patterns in 
PSC, and to explore environmental drivers for PSC 
variability using an interpretable machine learning 
framework. The 22-year time series (2003–2024) 
generated through this study offers a critical 
baseline for detecting future climate change impacts 
on marine ecosystems. By bridging the gap between 
discrete shipboard measurements and continuous 
satellite observations, our approach enables a more 
comprehensive understanding of phytoplankton 
dynamics that is essential for ecosystem-based 
management in this rapidly changing region.

4.1 Validation of remote sensing model for PSC 
retrieval

The regional optimization and robust validation 

of PSC models using extensive cruise data 
represents a significant advancement in monitoring 
marine ecosystem dynamics. Our study 
demonstrated that satellite-derived PSC estimates 
are strong agreement with in-situ measurements. 
The spatiotemporal dynamics of satellite-derived 
PSC in the BYS, as delineated in this study, 
generally align with the PSC patterns observed in 
previous in-situ observations (Fu et al., 2009; Jiang 
et al., 2019) and other remotely sensed estimates 
(Sun et al., 2019b; Liu et al., 2021). Previous studies 
have reported significant variations in these 
parameters across global oceanic regions (Sun et al., 
2023) and the marginal seas adjacent to mainland 
China (Sun et al., 2019b; Liu et al., 2021). Our 
study also identified distinct relationships between 
these parameters and SST, contrasting with the 
findings of previous studies in similar regions (Sun 
et al., 2019b). These discrepancies are likely due to 
different in-situ datasets used for parameter tuning 
in the models. In comparison, our study compiled an 
unprecedented volume of HPLC data specifically 
for the BYS, covering a wider temperatures range 
(approximately 0–30 °C) and a more dense 
spatiotemporal coverage than previous studies (Sun 
et al., 2019b; Liu et al., 2021). Consequently, the 
PSC model developed in this study may offer 
improved reliability and can be further applied for 
PSC dynamics analysis in the BYS.

4.2 Nearshore-offshore dichotomy in PSC 
climatology

The pronounced nearshore-offshore dichotomy in 
phytoplankton total biomass and size structure 
represents a fundamental characteristic of the BYS 
ecosystem. Our analysis revealed that coastal waters 
were consistently dominated by micro-
phytoplankton, contributing 40%–60% of total 
biomass year-round. In contrast, offshore waters 
exhibited a clear seasonal alternation, with pico-
phytoplankton dominating in summer and micro-
phytoplankton prevailing during the rest of the year 
(Figs.5 & 6). Under the influence of the East Asian 
monsoon climate and substantial anthropogenic 
inputs, coastal waters of the BYS remain generally 
well-mixed and eutrophic throughout the year (Wei 
et al., 2016). Consequently micro-phytoplankton 
persistently dominate these regions, with proportion 
exceed 60% in the cold season (Fig.6), reflecting the 
combined effects of high nutrient availability 
and mixing conditions that favor large-sized 
phytoplankton. In offshore waters, nutrient 
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conditions show marked seasonal variability (Jin et 
al., 2013), leading to a corresponding seasonal shift 
in PSC contributions (Fig.6). The water column in 
the central BYS is slightly stratified in the spring, 
strong stratified in summer and vertically mixed in 
both the autumn and winter (Wei et al., 2016). 
Associated with these hydrographic changes, 
surface nutrient become depleted in the surface 
layer during the summer and replenished in other 
seasons (Wang et al., 2003; Wei et al., 2010; Tan and 
Shi, 2012). As a result, micro-phytoplankton 
dominates the central BYS in autumn and winter, 
when nutrient supply to the upper layer is sufficient. 
Meanwhile, strong wintertime mixing, along with 
inputs from Yellow Sea Coastal Current, further 
accumulates nutrients in winter. From winter to 
spring, a pronounced spring phytoplankton bloom 
develops (Fig.6), peaking notably in April—a 
pattern widely reported in previous studies (Xuan et 
al., 2011; Zhou et al., 2013). Our size-fractionated 
results indicate that this bloom is supported by 
growth across all phytoplankton size classes, with 
micro-phytoplankton contributing the largest share. 
This spring dominance can be attributed to a 
combination of favorable early-spring conditions: 
high residual nutrient concentrations from winter 
mixing, gradually increasing solar radiation, the 
onset of seasonal stratification that retains cells in 
the euphotic zone, and relatively low zooplankton 
grazing pressure (Xuan et al., 2011; Jiang et al., 
2019). Together, these factors provide a competitive 
advantage to micro-phytoplankton, allowing them to 
flourish in the offshore waster of BYS for several 
weeks in spring. As conditions shift from spring to 
summer, the dominant PSC in offshore waters 
transitions from micro- to pico-phytoplankton. This 
shift is likely driven by the competitive advantage of 
smaller phytoplankton under rising surface 
temperatures, enhancing stratification, and reducing 
nutrient levels (Jiang et al., 2019). Overall, the 
seasonal PSC patterns and their drivers identified 
here are consistent with findings from earlier studies 
in this region (Fu et al., 2009; Jiang et al., 2019).

4.3 Long-term phytoplankton trend: biomass 
increase and size miniaturization

Our analysis of the 22-years (2003–2024) 
satellite-derived PSC dataset revealed a significant 
long-term trend in the BYS phytoplankton: an 
overall increase in total biomass coupled with a 
distinct shift towards smaller size fractions (e.g., 
increasing dominance of picoplankton). The 

decreased phytoplankton size of BYS is consistent 
with the well-known size-reduced phytoplankton 
changes in marginal china seas (Wang et al., 2023a) 
and global decline of phytoplankton size under 
global warming scenario (Lewandowska et al., 
2014).

The RF modeling of Ct and Fsize time series 
provided comprehensive insights into the 
environmental controls on the variations in 
phytoplankton total biomass and size structure. TSM 
emerged as the primary determinant of biomass 
variability, reflecting its role as a proxy for nutrient 
bioavailability. High TSM correlates with nutrient 
adsorption on particles, directly fueling primary 
productivity. In turbid waters, TSM also mediates 
light availability, indirectly favoring small taxa 
adapted to low-light conditions. The dual effect of 
TSM on phytoplankton biomass makes the 
correlations between TSM and Ct was highly 
nonlinear where moderate TSM concentrations can 
stimulate phytoplankton growth while high 
concentrations become inhibitory (Figs.9 & 10). 
Critically, our Random Forest model pinpointed 
SST as the overwhelmingly dominant driver 
governing the proportional changes in size structure 
(i.e., the shift towards smaller fractions). This 
finding strongly supports the hypothesis that rising 
SST exerts primary control on phytoplankton size 
composition in this region. The mechanisms likely 
involve both direct physiological effects and indirect 
physical effects (Lee et al., 2019). The direct 
physiological effect was that smaller phytoplankton 
generally exhibit higher maximum growth rates and 
are better adapted to warmer conditions. The 
indirect physical effect was that warming intensifies 
vertical stratification, hindering the upward supply 
of nutrients from deeper layers. The resulting 
oligotrophic conditions in the surface layer favor 
smaller phytoplankton with superior nutrient 
affinity and competitive abilities under low-nutrient 
regimes, such as cyanobacteria (e.g., Synechococcus, 
Prochlorococcus) and small eukaryotes (Lee et al., 
2023). The dominance of SST in controlling Fsize 
underscores the importance of temperature-mediated 
physiological and community processes. Warmer 
temperatures favor picoplankton through several 
mechanisms (Pálffy and Smeti, 2024): (1) enhanced 
metabolic rates that advantage small cells with 
faster division cycles; (2) reformed community 
composition via temperature-dependent species 
sorting; (3) intensified stratification that reduces 
nutrient flux to surface waters; and (4) altered 
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grazing pressure as zooplankton communities 
respond to warming.

4.4 Uncertainty and future perspective

While our study provides comprehensive insights 
into the spatiotemporal dynamics of phytoplankton 
size structure in the BYS, several methodological 
limitations should be acknowledged. First, the 
in-situ PSC data was not directly measure 
phytoplankton cell size, but an approximation via 
HPLC-based pigment-to-size conversion. This 
conversion relies on the assumptions that specific 
taxonomic groups are associated with certain 
diagnostic pigments and that these groups 
consistently correspond to predefined size classes. 
However, some diagnostic pigments can be shared 
by phytoplankton groups spanning a wide size range 
and may vary with physiological state (Gholizadeh 
and Robeson, 2016; Leblanc et al., 2018), thus 
introducing uncertainty into the derived PSC 
estimates (Chase et al., 2020). Second, MODIS 
Chl-a retrieval in the optically complex and highly 
variable waters of the BYS, especially in turbid 
nearshore regions, remains challenging. Errors 
source from atmospheric correction, bottom 
reflectance in shallow areas, and deviations of bio-
optical algorithms in Case-2 waters can introduce 
noise into the Rrs spectra, which can propagate 
uncertainties into the satellite PSC estimates. Third, 
HPLC data represents a surface “snapshot”, 
whereas MODIS captures a depth-integrated signal 
(over the first optical depth). This mismatch may 
lead to inconsistencies between in situ and satellite-
derived PSC values.

The abundance‑based PSC model used in this 
study is inherently an indirect empirical approach. 
Although it offers advantages in simplicity and 
operational feasibility, and achieves reliable 
retrieval accuracy, it is less grounded in bio-optical 
principles, less interpretable, and likely less 
transferable than more direct methods based on 
spectral features such as phytoplankton absorption 
coefficients. In the BYS region, previous studies 
have examined such direct absorption-based 
inversion methods with reliable results (Sun et al., 
2019a). In fact, the accuracy of abundance‑based 
model appears comparable to those reported for 
absorption‑based approaches in BYS (Sun et al., 
2019a, b; Liu et al., 2021). Nevertheless, a 
systematic quantitative comparison between these 
different methodologies was not conducted in the 
present work, and can be attempted in our future 

researches.
Environmental dataset, including TSM, SST, 

SSW, MLD, and PAR were used to explore potential 
drivers of PSC variations. We acknowledge that in a 
complex coastal system such as the BYS, these 
satellite-derived or model simulated environmental 
products inevitably carry inherent uncertainties. 
However, since our analysis primarily relied on 
spatially averaged values over the study region, the 
influence of local-scale data errors might be partly 
mitigated. Furthermore, the interpretation focused 
on relative spatiotemporal patterns rather than 
absolute magnitudes, thereby reducing potential 
biases in results arising from inaccuracies in the 
input environmental data.

A methodological consideration arises from our 
use of a temperature‑parameterized model to 
retrieve PSC, while independently identifying SST 
as the dominant ecological driver. This design could, 
in principle, introduce circularity if the conclusion 
were drawn directly from the retrieval model itself. 
However, the dominance of SST was determined 
through an independent, explainable machine‑learning 
framework (Random Forest with SHAP analysis), 
where SST competed equally with other 
environmental predictors (TSM, PAR, MLD, SSW). 
The consistent, data‑driven ranking of SST as the 
primary factor (>70%–90% contribution to 
size‑fraction variance) supports its ecological primacy, 
irrespective of the retrieval model’s structure. Future 
studies employing alternative, non‑temperature‑based 
inversion methods (e.g., absorption‑based approaches) 
in the region would provide a valuable independent test 
of this SST dependency.

The two-decade database presented here offers 
unprecedented spatiotemporal resolution for analyzing 
phytoplankton community dynamics in this important 
marginal-sea system. The methodological framework 
and ecological insights derived from this study hold 
relevance beyond the BYS. The integrated approach—
combining long‑term satellite observations with a 
regionally optimized PSC model and explainable 
machine‑learning techniques for driver attribution—
provides a transferable paradigm for assessing 
phytoplankton community shifts in other temperate 
coastal and shelf seas worldwide. The observed shift 
toward smaller phytoplankton under warming and 
enhanced stratification aligns with patterns reported 
in diverse ocean regions (Ding et al., 2023), 
suggesting that the processes identified here likely 
reflect a widespread ecological response to climate 
forcing (Brander and Kiørboe, 2020). The 
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phytoplankton minimization may reduce the trophic-
transfer efficiency, weaken carbon export potential, 
and alter biogeochemical cycling (Finkel et al., 
2010; Marañón, 2015). Such changes suggest a 
potential decline in the efficiency of biological 
carbon pump and a restructuring of pelagic food 
web-favoring micro-zooplankton grazers over direct 
consumption by larger copepods and fish larvae, 
which might ultimately affect fisheries productivity 
(Litchman et al., 2007). These findings establish a 
critical baseline for evaluating future climate change 
impacts on continental shelf ecosystems and 
highlight the need for adaptive management 
strategies that account for on-going phytoplankton 
community restructuring.

5 CONCLUSION

This study has constructed a novel, two-decade 
(2002–2024) remote sensing database of 
phytoplankton size structure in the BYS by 
optimizing an abundance-based PSC model using 
extensive in situ HPLC pigment data and MODIS-
derived remote sensing reflectance. The result of 
this study establishes a critical baseline for 
understanding long-term phytoplankton community 
changes in the BYS. We demonstrate the power of 
integrating remote sensing, pigment analysis, 
optimized modeling, and explainable machine 
learning technique to unravel complex ecological 
drivers. The observed coastal-offshore gradient 
reaffirms the primacy of nutrient supply and light 
limitation in structuring phytoplankton communities. 
The basin-wide trends of increasing biomass (driven 
primarily by TSM-related processes) and decreasing 
cell size (driven primarily by warming and its 
effects on stratification and nutrient supply) might 
indicate fundamental ecological shifts. The 
movement towards a smaller-sized phytoplankton 
community has profound implications for the 
pelagic food web structure, potentially reducing the 
efficiency of energy transfer to higher trophic levels 
(e.g., fisheries) and altering biogeochemical cycles, 
particularly carbon export. Continued monitoring, 
refined modeling incorporating nutrient dynamics, 
and focused studies on trophic impacts are essential 
to fully understand and predict the future trajectory 
of this vital marine ecosystem under ongoing 
environmental change.

6 DATA AVAILABILITY STATEMENT

The satellite derived PSC data can be acquired 

from https://www.csdc.ac.cn/dataDetails/b71c0d02d
1b2447b8e6cfe4d65911780. The satellite-derived 
Chl-a data can be obtained from https://www.csdc.
ac.cn/dataDetails/501373119ba749158a9abcf1d0304
273. MODIS Aqua Rrs and PAR data were obtained 
from NASA Ocean Color (https://oceancolor.gsfc.
nasa.gov). Daily Optimum Interpolation Sea Surface 
Temperature (OISSTv2) data were sourced from 
NOAA National Centers for Environmental 
Information (https://www.ncei.noaa.gov/products/
optimum-interpolation-sst). MLD data were derived 
from the ARMOR3D global ocean reanalysis 
product, accessible via the Copernicus Marine 
Service (https://doi.org/10.48670/moi-00019). The 
other datasets will be made available on request.
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