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Abstract Satellite remote sensing of chlorophyll‐a (Chl‐a) provides the only continuous global‐scale
monitoring of phytoplankton abundance for over two decades. While certain trends have been observed in the
satellite Chl‐a data, it remains uncertain whether the changes are attributable to climate warming, because the
data is not long enough to separate the role of climate warming from natural variability. Here, using a deep‐
learning model trained with an ensemble of 10 Earth System Model (ESM) simulations, we identified the
climate‐warming signal in satellite‐derived global Chl‐a fields. By comparison, a null model trained on ESM
simulations forced only by natural variability was unable to identify a warming signal, confirming the role of
climate warming. The warming signal is primarily derived from the spatial pattern of global Chl‐a trends, and
eastern and western boundary regions are most sensitive to warming. Our results explicitly reveal the ongoing
climate‐warming effect on global marine phytoplankton this century.

Plain Language Summary Anthropogenic climate warming is expected to influence marine
phytoplankton abundance, but observational evidence has been limited by sparse data. Satellite‐derived sea
surface chlorophyll‐a (Chl‐a) offers the only continuous global‐scale monitoring of phytoplankton, yet short
record lengths and strong natural variability obscure long‐term trends. Thus, it is challenging to detect the
influence of climate warming on Chl‐a from the satellite records. To address this, we developed a deep‐learning
model based on advanced pattern‐recognition AI (artificial intelligence). Trained on a large data set from
climate models' output, the AI successfully identified a climate‐warming signal within the satellite Chl‐a record
and confirmed the effects of climate warming on the observed Chl‐a change. The detected signal is primarily
derived from spatial patterns of Chl‐a trends, with key detection regions in eastern boundary upwelling systems
and western boundary currents, implying the potential sensitivity of these regions to climate warming. This
study provides novel evidence for emerging anthropogenic trends in global phytoplankton abundance.

1. Introduction
Anthropogenic greenhouse gas emissions have triggered an era of climate warming, that is, expected to change
marine phytoplankton abundance and productivity by affecting water temperature, stratification, mixing, circu-
lation, nutrient redistribution, and phytoplankton metabolism (Doney et al., 2012; Sun et al., 2024; Toseland
et al., 2013; Winder & Sommer, 2012). Marine phytoplankton contribute approximately half of global primary
productivity (Falkowski, 2012; Field et al., 1998), and changes to their abundance will influence the whole marine
ecosystem and fishery yields (Moore et al., 2018; Tittensor et al., 2021). Therefore, it is a high priority to observe
and identify the influence of climate warming on global phytoplankton.

However, it is challenging to detect the influence of climate warming from phytoplankton records due to limited
temporal and spatial observational coverage. The duration of in situ observations of Chlorophyll‐a concentration
(Chl‐a, a proxy for phytoplankton abundance) is commonly too short to unequivocally detect climate warming
signals under the strong interference of natural climate variability (Cloern et al., 2024), because the warming
signal is much weaker than natural variability (Sippel et al., 2020). For example, at the Bermuda Atlantic Time
Series Study station, Chl‐a and net primary production show an overall increasing trend from 1989 to 2007 (Saba
et al., 2010), but with a rapid decrease in Chl‐a after 2003 (D’Alelio et al., 2020), indicating that natural vari-
ability, rather than climate change, mainly drove the observed trends. Previous work attempted to extend Chl‐a
data to a century scale by combining sparse and scattered in situ Chl‐a and water transparency observations or
Forel‐Ule scale records (e.g., Boyce et al., 2010; Wernand et al., 2013), but this approach introduced significant
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uncertainty due to differing data types and temporal sampling biases (Mackas, 2011; Rykaczewski &
Dunne, 2011). Moreover, long‐term in situ Chl‐a observations taken at fixed time series stations represent only
∼10% of the global ocean because of their limited number and restricted spatial representativeness (Henson
et al., 2016).

Satellite remote sensing has provided the only continuous global observation of sea surface Chl‐a over the past
20+ years, greatly enhancing our understanding of phytoplankton dynamics worldwide. However, due to the
limited duration of the time series and interference from natural climate variability, climate warming signals have
not been explicitly identified in satellite‐derived global Chl‐a data, despite the occurrence of rapid global warming
and environmental changes (Cael et al., 2023; Dutkiewicz et al., 2019; Henson et al., 2010, 2017). Although some
trends in Chl‐a have been detected in the satellite data (e.g., Hammond et al., 2017; Zhao et al., 2025), these
cannot be definitively attributed to climate warming because natural climate variability can also induce apparent
Chl‐a trends within the limited data span, obscuring the role of climate warming (Elsworth et al., 2020; Lin
et al., 2025). Even for the mean Chl‐a in basin‐scale biomes, which reduces the impact of natural variability, trend
analysis suggests that more than 40 yrs of satellite data may be needed to reliably distinguish the influence of
climate warming from natural variability (Beaulieu et al., 2013; Henson et al., 2010; Schlunegger et al., 2020).
Therefore, it remains uncertain whether global Chl‐a changes observed from the limited‐length satellite records
are attributable to long‐term climate warming.

Besides influencing the trend of phytoplankton abundance, climate warming may also affect the spatial pattern of
global phytoplankton. For example, ESMs project that phytoplankton abundance will decrease in low latitudes
and increase in high latitudes due to climate warming (Cabré et al., 2015; Sarmiento et al., 2004), with asymmetric
changes between the Northern and Southern Hemispheres (Moore et al., 2018; Sarmiento et al., 2004) and larger
shifts expected in upwelling regions (Du et al., 2024). Unlike traditional approaches that focus on the temporal
variation in Chl‐a time series, this study aims to detect climate warming signals from changes in the global spatial
pattern of satellite‐derived Chl‐a using a novel deep learning method. Convolutional neural networks (CNN), one
type of deep learning technique, can effectively capture spatial features in large data sets and identify weak signals
amid noise, making them ideal for analyzing two‐dimensional images or spatial data (Krizhevsky et al., 2017).
This approach overcomes limitations of traditional trend analyses, which are constrained by low signal‐to‐noise
ratios and short time series length, and enables the detection of climate warming signals from satellite obser-
vations of global Chl‐a. Deep learning has been used to identify climate warming signals in global extreme
weather events (Ham et al., 2023; Trok et al., 2024), demonstrating its potential in geoscience.

Inspired by these pioneering studies, we trained a CNN model with a large ensemble of ESM simulations forced
by anthropogenic greenhouse gas emissions. This allowed the model to learn the relationships between climate
warming and complex spatial patterns of global Chl‐a. To tease out the effect of natural climate variability, we
further trained a null CNN model using ESM simulations driven solely by natural variability without climate
warming. When both CNN models were applied to satellite Chl‐a data, differences between their outputs helped
us identify the climate warming signal in global phytoplankton Chl‐a and confirm the role of climate warming.

2. Method
2.1. Identifying the Warming Signal Using Deep Learning

We used deep learning combined with ESM simulations from the Coupled Model Intercomparison Project Phase
6 (CMIP6) to identify the climate warming signal from satellite Chl‐a in three steps (Figure 1):

1. A deep learning model with a CNN algorithm was established and trained using the sea surface Chl‐a con-
centration field and global mean near‐surface temperature (GMST, a key metric for climate warming) data
from simulations of the historical warming and future warming scenarios [that is, the Historical, Shared
Socioeconomic Pathways 5–8.5 (SSP585), and Shared Socioeconomic Pathways 3–7.0 (SSP370) scenarios]
by 10 ESMs (seemore details in Text S1.1 and Table S1 in Supporting Information S1). Global Chl‐a data was
the model input, while GMSTwas the model output, serving as the target variable of the CNNmodel. This step
produced a deep‐learning detection model (referred to as DD‐model‐1), which encapsulates the relationship
between the 2D global Chl‐a patterns and GMST.

2. Two data sets of satellite‐observed Chl‐a (i.e., OC‐CCI and MODIS, see more details in Text S1.2 in Sup-
porting Information S1) were respectively projected onto this established relationship to detect signals of
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climate warming. Specifically, global Chl‐a fields from satellite were input into the trained DD‐model‐1 to
predict a GMST timeseries. The predicted GMSTs were then compared with the observed GMST (Text S1.3 in
Supporting Information S1) during the satellite period, particularly focusing on the warming trend in the
predicted GMSTs. A significant upward trend in the GMST that exceeds the range of natural variability would
indicate that the DD model successfully identifies the climate warming signal in satellite Chl‐a observations.

3. A null experiment was conducted to further confirm that the detected global‐warming signal by DD‐model‐1
reflects the effect of climate warming on phytoplankton rather than the effect of natural climate variability. In
this step, a new DDmodel (referred to asDD‐model‐2) based on the same CNN algorithm was established and
trained using the sea surface Chl‐a concentration field and GMST from ESM simulations of the piControl
scenario in which natural climate variability was included but climate warming forced by anthropogenic
greenhouse gas emissions was excluded (Text S1.1 in Supporting Information S1). Then, the satellite Chl‐a,
same as (2), was fed into the DD‐model‐2 to predict a new GMST timeseries. If the GMST predicted by DD‐
model‐2 has no upward trends, it would confirm that the warming signal detected by DD‐model‐1 from
satellite Chl‐a is related to climate warming, rather than being attributable to natural climate variability.
Conversely, if the GMST predicted by DD‐model‐2 also increases with time, it suggests that the warming
signal detected by DD‐model‐1 from satellite Chl‐a cannot be attributed to long‐term climate warming alone.

2.2. Construction and Training of the CNN Deep‐Learning Model

We applied a CNN structure similar to Ham et al. (2023), which comprised an input layer, five convolutional
layers, two pooling layers, two fully connected layers, and an output layer (Figure S1 in Supporting Informa-
tion S1). The model takes standardized global sea surface Chl‐a anomalies as input. Spatial features were first

Figure 1. Schematic for using deep learning to identify climate warming signals in satellite Chl‐a data. The black boxes of
DD‐model‐1 and DD‐model‐2 show the structure of convolutional neural networks for the deep learning model.
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extracted by two convolutional layers with 32 kernels (3 × 3) and a tanh activation function. Each convolutional
layer is followed by a 2 × 2 max pooling layer with a stride of 2. Then, three convolutional layers with 16 kernels
(3 × 3) further process the feature. The resulting feature maps are then flattened and passed through two fully
connected layers with 12,240 and 32 neurons, respectively, both using sigmoid activation functions and 50%
dropout for regularization. Finally, the output layer generates a scalar value representing the GMST anomaly via
linear mapping. Sensitivity analysis using different layers and kernels suggests the model accuracy is not sensitive
to the CNN structure (Table S2 in Supporting Information S1).

In the DD‐model‐1, we trained the model using the pre‐processed monthly data from the Historical (1850–2014),
SSP585 (2015–2100), and SSP370 (2015–2100) scenario simulations of the 10 ESMs (337‐year monthly data for
each model), which includes a total of 40,440 samples. The detailed procedure of the data pre‐processing is
introduced in Text S14 in Supporting Information S1. Training the deep learning model using simulations of these
three warming scenarios can enhance its understanding of the relationship between Chl‐a and GMST under
varying intensities of warming forcing. Meanwhile, utilizing outputs frommultiple ESMs can enable the model to
account for both inter‐model variability and internal climate variability, thereby enhancing its generalization
capability (Madakumbura et al., 2021). DD‐model‐1 demonstrates a good predictive capability for GMST, with
an average correlation coefficient (r) of 0.99 and an average root mean square error (RMSE) of 0.22°C across the
five models in the testing (Figure S2 in Supporting Information S1). For DD‐model‐2, we trained the model using
the piControl experiments of the same ESMs, except for missing the UKESM1‐0‐LL model due to a problem in
downloading the metadata database. To keep consistency with DD‐model‐1, only 337 yrs of data in the piControl
experiments for each model were used. In the testing of DD‐model‐2 predictions, the average r was 0.67, slightly
lower than that of DD‐model‐1, while the average RMSE was 0.11°C, lower than that of DD‐model‐1 (Figure S2
in Supporting Information S1).

2.3. Occlusion Sensitivity Experiment

An occlusion sensitivity experiment is employed to quantify the relative contribution of each grid point in
generating predictions from the DD‐model‐1, allowing for the identification of hotspots associated with the
detection of the climate warming signal. The occlusion sensitivity tensorOS(x,y) with regard to longitude (x) and
latitude (y) is calculated by the following equation:

OS(x,y) = T[P(x,y)] − T[(P(x,y) ∗ Z(7,7))] (1)

where, T[P(x,y)] is the linear trend of GMST predicted by DD‐model‐1 using the original Chl‐a field P(x,y) as
input, and T[P(x,y) ∗Z(7,7)] is the linear trend of GMST predicted by DD‐model‐1 using the Chl‐a field covered
with a 7 × 7 grid point occlusion as input (Ham et al., 2023). Z(7,7) is the 7 × 7 grid point occlusion template
padded with zeros, and * indicates a spatial convolution operation. The positive and negative OS values represent
an underestimation and overestimation of warming trends after covering the corresponding region, respectively.
The absolute value of OS can represent the regional importance for detecting the signal. In this study, we pri-
marily focus on the absolute value of OS to identify hotspots for detecting the climate warming signal.

3. Results
3.1. Detection of Climate Warming Signals Using Deep Learning

After training with the ESM simulations, the DD‐model‐1 was used to identify the warming signal from two
satellite Chl‐a data sets (i.e., OC‐CCI and MODIS). Using these data sets as input, DD‐model‐1 predicted two
GMST results that captured the global warming trend during the satellite era (Figures 2a and 2b). Both predicted
GMSTs showed a significant upward trend (p < 0.01), with linear increase rates of 0.013°C/yr and 0.015°C/yr for
the OC‐CCI andMODIS data, respectively. Although these rates were lower than the observed rate of 0.021°C/yr,
the detected upward trends significantly exceed the range of internal variability of the trends in estimated GMST
(Figure 3) (see Text S2 in Supporting Information S1 for introducing the estimation of the natural variability
range), demonstrating that deep learning successfully detected climate warming signals in satellite Chl‐a data. In
contrast, DD‐model‐2, trained on the ESM simulations without the climate warming forcing, did not predict the
trend in GMSTs (Figure 2c), suggesting that the effect of climate warming on global Chl‐a is mainly responsible
for the detected warming signal. Meanwhile, the disparity of the two models' results (i.e., Figures 2a and 2c)
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highlights a fundamental distinction in the response of global Chl‐a to climate warming compared to its response
to natural climate variability.

The Pearson correlation coefficients between the predicted GMSTs and the observed GMST were 0.70 (p < 0.01)
and 0.65 (p < 0.01) for the OC‐CCI and MODIS data sets, respectively, indicating good predictive capability of
the deep‐learning model for the GMST variability (Figure 2b). Since the piControl experiment only includes
natural climate variability, DD‐model‐2 can still capture the interannual fluctuations of GMST, as evidenced by
the significant correlation between its predicted GMSTs and the detrended observed GMST (Figure 2d). In
contrast, ridge regression models established using the same ESM data can not effectively predict the interannual
variability of GMSTs from satellite Chl‐a (Figure S4 in Supporting Information S1), indicating that simple
regression detection methods are insufficient for identifying the warming signal in global Chl‐a.

3.2. Timescales Attributed to the Climate Warming Signal

Chl‐a variability comprises various timescales, including the long‐term trend, the interannual and seasonal
variations. To identify the source of the detected climate warming signal, the deep learning model was repeatedly
applied to the satellite Chl‐a data with different timescales. Using a Butterworth filter (B. Wang, 2024), the Chl‐a
timeseries was decomposed into a linear trend, interannual variation (≥12 months), and seasonal variation

Figure 2. Deep learning identified the climate warming signals (indicated by the global mean near‐surface temperature
(GMST) upward trend) from satellite records of global Chl‐a. (a, b) Predicted GMSTs by DD‐model‐1 for the OC‐CCI and
MODIS satellite Chl‐a data and their comparisons with the observed GMST. (c, d) as (a, b), except for the predicted GMSTs
by DD‐model‐2. DD‐model‐1 and DD‐model‐2 were trained using ESM simulations with and without climate warming
processes, respectively. Note that the observed GMST in panel (d) is detrended by abstracting the linear trend from the
original GMST data. The red and blue solid lines in panel (a, c) indicate the average of GMST predictions from five deep‐
learning models trained with different random seeds. The shaded areas denote the range of GMST predictions from these five
deep‐learning models. The dashed lines in panels (a, c) are the linear trends of GMSTs. The solid lines in panels (b, d) are the
linear regressions of the observations and predictions.
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(<12 months). Each of the temporal components was subsequently input into the DD‐model‐1 to predict a GMST
trend.

The predicted GMST trends for the three timescale components showed that the warming signals identified by
DD‐model‐1 primarily originated from the linear trend of the Chl‐a (Figure 3 and Figure S5 in Supporting In-
formation S1). Both the linear trend component of the OC‐CCI and MODIS satellite Chl‐a produced GMST
trends similar to those derived from the original Chl‐a data that included all timescales (Figure 3). In contrast, no
significant warming signals were found in the interannual and seasonal variation components (Figure 3, Figures
S5b and S5c in Supporting Information S1). These results suggest that, compared to the interannual and seasonal
variations in phytoplankton, the mean state of phytoplankton could be more sensitive to global warming.
Additionally, this absence of signals may also be attributed to the monthly resolution of the data used, which is
insufficient for accurately capturing changes in seasonality (Henson et al., 2013).

In addition, the predicted GMSTs for the Chl‐a linear trend component by DD‐model‐1 showed a deceleration
after 2015 (Figure S5a in Supporting Information S1), which may reflect the influence of natural variability,
because the DD‐model‐1 included the role of both climate warming and natural variability. Meanwhile, this
deceleration corresponded to the decline in GMST predicted by DD‐model‐2 (Figure 2c), suggesting that the role
of climate warming on the Chl‐a trend may be partially counteracted by natural variability during this period.
Nonetheless, the overall predicted GMST trend for the Chl‐a linear trend was significantly greater than the natural
variability range (Figure 3), highlighting the impact of climate warming on the Chl‐a trend.

3.3. Hotspots for Detecting the Climate Warming Signal

We further conducted an occlusion sensitivity (OS) experiment to quantify the contributions of each spatial unit in
the input field to the GMST trend predicted by DD‐model‐1 and to examine the hotspots associated with the
detection of the climate warming signal. The OS for the two satellite Chl‐a data shows a similar pattern, revealing
significant spatial heterogeneity (Figures 4a and 4b). Hotspots associated with the climate warming signal are
predominantly located near the eastern and western boundaries of oceans, and relatively concentrated in the
northern Atlantic and Pacific. These areas, characterized by relatively high |OS| values, are crucial for detecting
the warming signal. This is supported by the experiments that even when regions with low |OS| are excluded in
DD‐model‐1, the climate warming signal remains detectable (Figure 4c). For example, when detecting the trends
exclusively in areas with |OS| exceeding 0.0001 (∼50% of grid cells, which is selected as an illustrative example),
a significant warming trend of approximately 0.013°C per year is still evident. Sensitivity experiments conducted

Figure 3. Global mean near‐surface temperature (GMST) trends detected by DD‐model‐1 from the three timescale
components of satellite Chl‐a. Total retains all timescale components. Asterisks (*) indicate a significant upward trend in
predicted GMST (p < 0.05). Errorbar denotes the range of GMST trends from these five deep‐learning models with different
random seeds. The dashed line denotes the upper bound of 95% of the natural variability of the estimated GMST linear trends
by deep learning (Text S2 in Supporting Information S1).
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by incrementally increasing the |OS| threshold show that as the region detected decreases, the detected warming
signal also diminishes, suggesting the importance of the spatial pattern for the warming‐signal detection.

4. Discussion
In this study, the deep learning model (i.e., DD‐model‐1) successfully detected the climate warming signal (i.e.,
the predicted upward GMST) from the limited‐length satellite Chl‐a records. Meanwhile, the inability of DD‐
model‐2 to detect this signal further confirms that the warming signal detected by DD‐model‐1 is attributed to the

Figure 4. Occlusion sensitivity (OS in Equation 1) for the linear trend component of (a) OC‐CCI and (b) MODIS Chl‐a data.
The value of the occlusion sensitivity denotes the changes in the predicted global mean near‐surface temperature (GMST)
trend after masking a 7 × 7 grid of points surrounding the satellite data point compared to the predicted GMST trend using the
Chl‐a data without masking. (c) The predicted GMST trend based solely on regions exhibiting high occlusion sensitivity.
Different bars represent the results corresponding to various thresholds applied. For instance, “|OS| > 0.0001” indicates that
only regions with occlusion sensitivity absolute values greater than 0.0001, as shown in panels (a, b), were included in the
signal detection. “Global” indicates the case using global Chl‐a data without occlusion. |OS| > 0.0001, 0.0003, 0.0005,
0.0007, and 0.0009 account for ∼50%, ∼16%, ∼8%, ∼5%, and 3% of grid cells, respectively. The dashed line in panel
(c) denotes the upper bound of 95% of the natural variability of the estimated GMST linear trends by deep learning.
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role of climate warming on global Chl‐a. These results demonstrate that certain changes in global Chl‐a over the
past two decades, though obscured by natural climate variability in short‐term observations, are attributable to
climate warming—indicating that its effects on phytoplankton have already emerged.

The successful detection of the warming signal stems from two key factors. First, unlike conventional time‐series
trend analysis, we detected the warming signal from the global Chl‐a field and incorporated the spatial pattern
information in the detection. The effects of climate warming and natural variability on phytoplankton could differ
substantially in space, due to the distinct spatial scale of global warming versus basin‐scale natural variability. For
instance, in the tropical Pacific, the regression patterns of Chl‐a against global warming and natural climate
indices are markedly different (Lin et al., 2025). These spatial distinctions enhance the detectability of the
warming signal. In contrast, traditional time‐series trend analysis and simple attribution methods are limited in
recognizing spatial patterns, resulting in an inability to detect the warming signal.

Second, we utilized the capacity of the CNN to learn complex relationships within large‐scale climate data.
Convolutional neural networks can automatically extract and categorize patterns across spatiotemporal scales
through nonparametric mapping, compressing extensive global data into higher‐level abstractions (Ham
et al., 2023). By training the CNN on multi‐scenario simulations from 10 ESMs, the model learned diverse
mechanisms and acquired the ability to differentiate between the spatial signatures of climate warming and
natural variability on Chl‐a. As a result, the model effectively extracts robust warming fingerprints hidden in
satellite observations.

The relatively coarse resolution of ESMs (typically hundreds of kilometers) limits their representation of fine‐
scale processes important for phytoplankton dynamics (Couespel et al., 2021; Liu et al., 2025; Wang
et al., 2021). Combined with uncertainties in biogeochemical parameterizations, this can introduce biases into
simulated outputs (Kwiatkowski et al., 2017; Laufkötter et al., 2015). These biases may partly explain why a deep
learning model trained on ESM data underestimates the observed warming rate and projects a lower global Chl‐a
response to climate forcing (Figure 2a). Despite these limitations, ESMs demonstrate value by capturing key
large‐scale mechanisms. For instance, most ESMs can reproduce the observed short‐term phytoplankton response
to climate modes like El Niño–Southern Oscillation events (e.g., Kwiatkowski et al., 2017). Therefore, while
acknowledging their uncertainties, ESM outputs remain valuable for training deep learning models.

The ability of the deep‐learning model to detect warming signals also depends on the quality of satellite data. We
applied the DD‐model‐1 to two additional multi‐satellite merged Chl‐a data sets: Data_Yu (Yu et al., 2022) and
GlobColor (European Union‐Copernicus Marine Service, 2022). A rising GMST of 0.011°C/yr (p < 0.01) was
detected in the Data_Yu data set, close to the values for the OC‐CCI and MODIS data sets (Figure S6 in
Supporting Information S1). In contrast, no warming signal appeared in the GlobColor data set (Figure S6 in
Supporting Information S1), likely attributable to data discontinuities and errors arising during the multi‐
satellite merging process. OC‐CCI and Data_Yu applied bias‐correction during the merging process to miti-
gate discontinuities inherent in multi‐satellite data sets (Hammond et al., 2018; Yu et al., 2023), and their long‐
term Chl‐a trends agreed with the trends from single‐satellite MODIS data (Lavender et al., 2015; Lin et al., 2025;
Yu et al., 2023). However, GlobColor relied on bio‐optical model inversion without explicit bias‐correction
(Maritorena et al., 2010), leading to significant discontinuities. These discontinuities can cause a trend bias and
even produce an opposite trend with other data sets (Pauthenet et al., 2024; Yu et al., 2023), especially in the
tropical and subtropical North Pacific and Atlantic Oceans (Figure S7 in Supporting Information S1). Such bias
may hinder the detection of climate warming signals in the GlobColor data set.

Our analysis also showed that the signals of climate warming identified in our study mainly come from the long‐
term trends instead of interannual or seasonal variations (Figure 3). The linear trend in satellite‐derived Chl‐a
displays a latitude‐dependent pattern, generally with decreases at low latitudes and increases at high latitudes
(Zhao et al., 2025) (Figure S7 in Supporting Information S1). Overall, these asymmetric latitude trends are
consistent with the responses of phytoplankton to climate warming predicted by ESMs (e.g., Cabré et al., 2015;
Venegas et al., 2025). In low‐latitude areas, warming increases stratification, reducing nutrient supply to the upper
water column and leading to a decline in phytoplankton biomass under nutrient‐limiting conditions. Conversely,
in high‐latitude areas, warming causes a shallower mixed layer depth and enhanced light availability in the upper
water column, which boosts phytoplankton biomass under light‐limited conditions (Behrenfeld et al., 2006;
Doney, 2006; Winder & Sommer, 2012). Therefore, the spatial pattern of satellite‐observed Chl‐a trends could be
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partially attributed to climate warming, implying the emergence of climate warming's impact on marine
phytoplankton trends as predicted by models. However, the observed patterns of Chl‐a trends also included the
influence of natural variability, as evidenced by the deceleration of the predicted warming signal (Figure S5a in
Supporting Information S1). To accurately characterize the true patterns of Chl‐a trends driven by climate
warming, extended satellite observations are necessary.

The occlusion sensitivity analysis showed that hotspots for detecting the climate warming signal are mainly
located near continental margins, especially in the eastern boundary upwelling regions and western boundary
current regions (Figure 4). They represent the key regions to distinguish the warming signal from natural vari-
ability. First, these regions exhibit high Chl‐a concentrations and substantial interannual variability (Figure S8 in
Supporting Information S1), representing an intense response to natural variability and climate warming. This
enhances their utility for deep learning‐based detection. Second, these regions may also be more susceptible to the
impacts of climate warming. In eastern boundary upwelling regions, climate warming can significantly influence
the upwelling intensity by changing wind patterns, rapidly influencing phytoplankton dynamics (Du et al., 2024).
Western boundary current regions are warming at two to three times the global average ocean rate (Wu
et al., 2012), which might affect the intensity and pathway of the western boundary currents, thereby impacting
nutrient levels and phytoplankton biomass (e.g., Sanchez‐Franks & Zhang, 2015). As a result, these ocean
boundary regions deserve focused attention in the context of climate warming. Additionally, Figure 4 reveals a
complex spatial pattern in the contribution of the satellite‐derived Chl‐a trends to the warming signal detection,
with some adjacent regions even exhibiting opposing contributions. On one hand, this pattern could be associated
with the interference of natural variability in these regions on the signal detection. Natural variability could lead to
regionally distinct impacts on the trends in Chl‐a, with some areas aligning with the long‐term trend and others
opposite, and thus show regionally different contributions to the warming signal detection. On the other hand, this
pattern could reflect the strong regional differences and complex processes behind the influence of climate
warming on phytoplankton. However, the lack of interpretability of deep learning models constrains further
mechanistic insight. A more complete understanding will require longer‐term observations and high‐resolution
mechanistic modeling.

The conclusions of this study are based on current understanding of the primary climate factors influencing
phytoplankton growth and the specific hypothesis regarding climate warming's impact. Other climate change
factors, such as increased CO2 concentrations and ocean acidification, may also affect the relationship between
Chl‐a and GMST, though their influence is considerably weaker compared to climate warming (Beardall
et al., 2009; Doney et al., 2012). Future research is needed to totally disentangle the effect of warming from those
of other climate change factors.
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