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Understanding how ecosystems respond to ubiquitous microplastic (MP) pollu-
tion is crucial for ensuring global food security. Here, we conduct a multiecosystem
meta-analysis of 3,286 data points and reveal that MP exposure leads to a global reduc-
tion in photosynthesis of 7.05 to 12.12% in terrestrial plants, marine algae, and fresh-
water algae. These reductions align with those estimated by a constructed machine
learning model using current MP pollution levels, showing that MP exposure reduces
the chlorophyll content of photoautotrophs by 10.96 to 12.84%. Model estimates
based on the identified MP-photosynthesis nexus indicate annual global losses of 4.11
to 13.52% (109.73 to 360.87 MT-y!) for main crops and 0.31 to 7.24% (147.52 to
3415.11 MT C-y™") for global aquatic net primary productivity induced by MPs. Under
scenarios of efficient plastic mitigation, e.g., a ~13% global reduction in environmental
MP levels, the MP-induced photosynthesis losses are estimated to decrease by ~30%,
avoiding a global loss of 22.15 to 115.73 MT-y™! in main crop production and 0.32 to
7.39 MT-y ! in seafood production. These findings underscore the urgency of integrating
plastic mitigation into global hunger and sustainability initiatives.

microplastic (MP) | meta-analysis | machine learning | photosynthesis reduction | global food safety

Humanity has been striving to increase primary productivity and thus food production to
feed an ever-growing population. To achieve this, global initiatives are underway to expand
arable land (1) and to enhance primary productivity (2). These ongoing efforts are now
being jeopardized by plastic pollution (3) owing to its ubiquity and negative impact on food
security, as recognized by the Food and Agriculture Organization (FAO) (4). Particularly,
microplastics (MPs, less than 5 mm in size) have recently been suspected to take a toll on
photosynthesis and, consequently, to primary productivity (5-8). Such a hidden nexus
between MPs and photosynthesis, while far from clear, poses a potential threat to global
efforts to achieve the United Nation’s (UN’s) Sustainable Development Goals (SDGs) 2, 3,
12, and 14, which aim to eradicate hunger, protect health, ensure sustainable consumption
and production, and conserve marine resources for sustainable development.

Currently, there is a lack of consensus on the MP-photosynthesis nexus at the ecosystem
or multiecosystem level, hampered by fragmented and sometimes contradictory results of
individual studies. For instance, polystyrene MPs have been observed to exert negative effects
on plant photosynthesis (9), while instances of minimal or even positive effects on plant
photosynthesis have also been documented (10, 11). The responses of photosynthesis to MPs
are further complicated by ecosystem complexity, exemplified by the diversity of environ-
ments they inhabit, and the wide range of photoautotrophs affected (e.g., plants and algae),
together with the considerable heterogeneity of MPs themselves (12, 13). These complex
factors make it difficult to extrapolate the results of individual studies on specific environ-
mental conditions and photoautotrophic species to the ecosystem level (12). Therefore, a
major challenge is to integrate quantitative and categorical data from these empirical studies
in such a way that reliable predictions of the MP-photosynthesis nexus can be made at the
ecosystem or multiecosystem level. Tackling these challenges would allow the estimate of
regional and global food production under scenarios of MP pollution or mitigation, empow-
ering decision-makers with information on the benefits of curbing plastic pollution. The
information is important and timely for the ongoing negotiations on a plastics treaty at the
UN and the forthcoming development of action plans and targets under the treaty.

Here, we aim to quantify the extent to which MPs affect photoautotrophic photosynthesis
and subsequent primary productivity in terrestrial, marine, and freshwater ecosystems. We
have used two independent approaches to capture ecosystem complexity, improve reliability,
and pursue scientific rigor (14, 15). First, we utilize meta-analysis to integrate effect sizes
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derived from a database with a total of 3,286 observations compiled
from 157 studies (Materials and Methods and SI Appendix, Fig. S1).
This approach, based on the comprehensive up-to-date dataset,
quantifies the overall effect of MPs on photosynthesis across empir-
ical individual studies under diverse environmental conditions, but
has the limitation of capturing the impacts of current MP pollu-
tion. To address that, we also establish MP-photosynthesis nexus
using a machine learning (ML) modeling approach (16). By inte-
grating current MP levels in the environment with the established
MP-photosynthesis nexus, we estimate the impact of MPs on
photosynthesis at the ecosystem level. Based on the quantified
impacts, we then evaluate the cascading consequences on main
crop production in terrestrial ecosystems and net primary produc-
tivity (NPP) in marine and freshwater ecosystems. Our results
indicate a consistent negative impact of MPs on photoautotrophic
photosynthesis in terrestrial, marine, and freshwater ecosystems,
leading to significant reductions in global crop and seafood pro-
duction. These previously unaccounted losses due to ongoing MP
pollution pose a hidden yet persistent threat to global food security,
highlighting the urgency of integrating plastic mitigation into
global efforts to ensure a sustainable food supply.

Results and Discussion

MP-Induced Photosynthesis Reduction in Terrestrial, Marine, and
Freshwater Ecosystems. The photosynthesis of terrestrial plants,
marine algae, and freshwater algae exhibits an overall significant
and negative response to the exposure of MPs, with effect sizes of
photosynthesis ranging from -17.99 to -6.25% (mean: -12.12%),
-12.34 t0 -1.75% (mean: -7.05%), and -14.32 to -4.16% (mean:
-9.24%), respectively (Fig. 1). The responses do not vary significantly
over different ecosystem types. The results are robust, with negligible
publication bias of the analyzed dataset (Materials and Methods and
SI Appendix, Text S1). Specifically, the total chlorophyll content
and chlorophyll 2 content show strong and consistent declines
(Fig. 1). These two parameters are key to photosynthesis (17, 18)
and their contents are critical for predicting primary productivity
of terrestrial and aquatic ecosystems, respectively (Materials and
Methods). In contrast, the chlorophyll 4, carotenoid, Fv/Fm ratio,
and Y II reveal no consistent directional shift (S/ Appendix, Fig. S2).
In terrestrial ecosystems, total chlorophyll content decreases by
5.63 to 17.42% in plants (Fig. 1A4). In aquatic ecosystems, the
chlorophyll 2 content, which accounts for approximately three-
quarters of the total chlorophyll content (19), decreases by 0.46 to

11.01% in marine algae and 7.80 to 18.25% in freshwater algae
following MP exposure (Fig. 1 Band C).

Although the meta-analysis assesses the magnitude of the over-
all effect on photosynthesis across original individual studies, the
results remain to be validated. To provide multiple lines of evi-
dence, a ML approach is implemented. Among the five ML
models constructed using the dataset collated from the
meta-analysis (S Appendix, Fig. S3), the Random Forest (RF)
model is a robust and reliable tool that enables the prediction of
photosynthesis inhibition, with the best prediction performance
(R? = ~0.61, Fig. 2A). A dataset of current MP levels in terrestrial,
marine, and freshwater ecosystems (Dataset S1) is then incorpo-
rated into the constructed RF model to obtain the predicted effect
sizes. It is estimated that the current MP pollution would result
in a reduction of 12.84% in total chlorophyll content for terres-
trial plants, and a reduction of 10.96 and 12.57% in chlorophyll
a content for marine algae and freshwater algae, respectively
(Fig. 2B). Importantly, the magnitudes of photosynthesis inhi-
bition responses predicted by the RF model align with those
obtained from the meta-analysis, confirming the external validity
of the meta-analysis results. The effect sizes for terrestrial plants
and aquatic algae from the meta-analysis are thus utilized to
estimate the global loss of primary productivity in terrestrial and
global aquatic ecosystems (GAEs) (see next section).

To gain an insight into the inhibitory mechanisms of MPs on
photosynthesis, we further investigate the drivers of reductions in
photosynthesis using subgroup analysis in meta-analysis and the
SHapley Additive exPlanations (SHAP) values in the RF model.
Meta-analysis indicates that the significant drivers over different
ecosystems are exposure concentration, MP size, exposure duration,
MP type, and MP weathering (P < 0.05, SI Appendix, Figs. S4 and
S5 and Table S1). The RF model reveals that photoautotrophic
species, exposure concentration, MP size, and exposure duration
are the most significant top feature variables based on the algo-
rithms (Fig. 2 C and D). Importantly, the meta-analysis and the
RF model approaches are consistent in identifying the key drivers
of MP-induced photosynthesis reduction, including the size, expo-
sure duration, and concentration of MPs, suggesting their vital role
in mediating the MP-photosynthesis nexus (see further discussions
in ST Appendix, Fig. S6 and Text S2). Interestingly, study site does
not exert a considerable influence on photosynthesis responses, as
confirmed by the results of both meta-analysis and ML approaches
(Fig. 2 C and D and SI Appendix, Table S1). This generality of

responses across sites suggests that the responses obtained can be

A Photosynthesis B Photosynthesis

n=670(57)
| -0.1212(-0.1799~-0.0625) % 3

Total chlorophyll content Total chlorophyll content

n=161(28)
0.1153(-0.1742~-0.0563) s %
woenn

Chlorophyll a content

n=131(33)
-0.1105(-0.1693~-0.0517) % * %
"

C Photosynthesis
n=1575(59
-0.0924(-0.1432~-0.0416) 3

n=1041(41)
-0.0705(-0.1234—-0.0175) s 1

Total chlorophyll content

n=117(6)
0.0752(-0.128--0.0224) sk

n=53(10)
-0.2153(-0.2689~-0.1617) s s 3|

Chlorophyll a content

n=358(28)
-0.0574(-0.1101~-0.0046) *
" w om v m

n=853(45)

-0.1302(-0.1825~-0.078) s 3
L L

Effect size

T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
-1.50 -1.25 -1.00 -0.75 -0.50 -0.25 0.00 025 050 075 1.00 125 150 -1.50 -1.25 -1.00 -0.75 -0.50 -0.25 0.00 025 050 075 1.00 125 150 -150 -1.25 -L.00 -0.75 -0.50 -0.25 0.00 025 050 075 1.00 125 150
Effect size

Effect size

Fig. 1. Forestand raincloud plots of effect sizes on photosynthesis following MP exposure for terrestrial plants, marine algae, and freshwater algae. (A) terrestrial
plants; (B) marine algae; (C) freshwater algae. The kernel density and jitter scatterplots show the distribution of observed effect sizes within the meta-database.
Means (dots), 95% ClI (Cl, error bars), and n values (number of observations sourced from the number of studies in parentheses) are presented for the overall
meta-analytic results (first row, Photosynthesis) and for other variables (total chlorophyll content and chlorophyll a content). Only total chlorophyll content and
chlorophyll a content are presented because of their importance in photosynthesis and their use in the Soil Canopy Observation, Photochemistry, and Energy
fluxes (SCOPE) model and the Vertically Generalized Production Model (VGPM). Other photosynthesis variables are shown in S/ Appendix, Fig. S2. The value of
the effect size is significant if the 95% Cl does not overlap zero. Significance codes: ***P <0.001, **P < 0.01, *P < 0.05.
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Fig. 2. Performance and predicted effect size (yi) of the RF model. (A) measured versus predicted effect size using the RF model, with blue square markers as the
training set and red dot markers as the test set. The 1:1 predicted-to-observed relationship is represented by the solid red line. The mean R?, RMSE, and mean
absolute error (MAE) of the training and test data are also shown. (B) comparisons of effect sizes obtained from the RF model and the meta-analysis for terrestrial,
marine, and freshwater ecosystems. The effect sizes from the RF model (blue) were projected based on the environmental dataset of field MP pollution from three
ecosystems in Europe and North America. The estimated effect sizes from the meta-analysis are shown with mean values (red bars) with their 95% Cl (gray error bars).
The effect sizes of total chlorophyll content in terrestrial plants, and of chlorophyll a content in aquatic algae were predicted, because they are input parameters of
the SCOPE model and VGPM. (C) the importance of parameters affecting the RF model output using SHAP. The top nine influential features are sorted based on the
maximum absolute value of the SHAP values. The SHAP values on the x-axis indicate the feature values and their impact, either positive or negative, on the prediction
of the effect size. (D) average impact (mean |SHAP| value) and importance ranking of different input parameters on model output magnitude in the RF model.

extrapolated to any described (or undescribed) area to estimate
primary productivity losses following MP exposure.

MP-Induced Photosynthesis Reduces Global Crop and Seafood
Production. We then estimate the cascading effects of MPs on food
production losses, based on the quantified MP-photosynthesis
nexus and existing models that bridge photosynthesis and primary
productivity. Specifically, SCOPE model, a global simulation
model based on total chlorophyll content on a pixel basis (0.083°
x 0.083°), has been extensively employed in simulating gross
primary productivity (GPP) in the terrestrial biosphere (20) and
is used here to translate reduced photosynthesis into decreased
primary productivity (details in Materials and Methods). MP
exposure reduces the total chlorophyll content by 5.63 to 17.42%
(Figs. 1 Aand 2 B), resulting in a loss of approximately 109.73 to
360.87 MT-y" in the global production of rice, wheat, and maize
(Fig. 3), without considering the potential effects of MP on other
parameters in the SCOPE model. Such a loss represents 4.11 to
13.52% (median: 9.56%) of the total annual global production
of these crops, with significant implications for food security.
Among the three main crops, maize is subject to substantial
worldwide losses, with estimated loss ranging from 48.92 to
161.58 MT-y! (§I Appendix, Table S2). The decline in maize pro-
duction following MP exposure may be attributed to the formation
of flavonoids, which scavenge MP-induced reactive oxygen species.
'This unbalances the trade-off between growth- and defense-related
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metabolism, resulting in a reduction in maize growth (21, 22). As
for rice and wheat, the estimated total global losses are 26.71 to
87.97 MT.y"! and 34.10 to 111.32 MT-y"!, respectively.
Regionally, we find that MP-induced losses are considerably
higher in Asia, North America, and Europe (Fig. 3). In Asia, a
total of 53.82 to 177.14 MT-y™! of main crops, including 23.87
to 78.66 MT-y™! of rice, are projected to be lost due to MP pol-
lution. These losses represent 49 and 89% of global crop and rice
losses, respectively (Fig. 34 and SI Appendix, Table S2). In North
America, the projected losses of 20.42 to 67.79 MT-y! of main
crops, of which maize accounts for 15.69 to 52.26 MT-y!, rep-
resent 19 and 32% of the global main crop and maize losses,
respectively (Fig. 3C and SI Appendix, Table S2). In Europe, the
estimated losses of main crops are 17.32 to 56.82 MT-y!, with
11.23 t0 36.79 MT-y ! of wheat to be lost. Those losses represent
16 and 33% of global losses of main crops and wheat, respectively
(Fig. 3B and SI Appendix, Table S2). Conversely, South America,
Africa, and Oceania have markedly lower losses than Asia, North
America, or Europe (S Appendix, Table S2 and S3). This may be
attributed to the relatively low level of crop production in these
regions and/or the paucity of data in MP contamination (23-25).
Importantly, our results suggest that MP-induced crop losses
are exacerbating global food insecurity. Utilizing the data of global
food supply and population growth rates (details in Materials and
Methods), it is estimated that under the business-as-usual scenario,
future production levels of main crops will meet the global demand
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Fig. 3. Global maps of annual production losses for three main food crops. (A) rice; (B) wheat; (C) maize; (D) three crops combined. The maps on the left display
the median value of the predicted annual production losses, while the floating bar charts on the right illustrate the range of annual losses for the corresponding
crop. Crop production data for the 2020 version were obtained from the Spatial Production Allocation Model (SPAM) database. Crop production losses were
obtained using the SCOPE model, which was used to simulate the GPP without (GPP,.¢) and with (GPP,,,) MP exposure. The reduction in crop production was
estimated based on the fact that the loss percentage of crop production is equal to that of GPP, described as (GPP s — GPP,,,) /GPP. Please refer to Eq. 5 in
Materials and Methods for more details. The spatial resolution of the calculations is 0.083° x 0.083°. MT, million tonnes.

projections (S Appendix, Fig. S7A). However, MP exposure
reduces photosynthesis and thus crop production, thereby under-
mining global food supply (S/ Appendix, Fig. S7A). Indeed, the
magnitude of annual crop losses caused by MPs (9.56%) is com-
parable to the losses (~10%) caused by climate change in 1964—
2008 (26-28), extreme precipitation in 1999-2012 (29), or
drought under Representative Concentration Pathway 2.6
(81 Appendix, Table S4) (30). In 2022, between 691 and 783 mil-
lion individuals were affected by hunger as a consequence of con-
flicts, climate extremes, economic shocks, and growing inequality

40f9 https://doi.org/10.1073/pnas.2423957122

(31). MP exposure is expected to exacerbate this crisis, with a net
increase of hundreds of millions of people estimated to be at risk
of starvation worldwide (87 Appendix, Fig. S8). The threat posed
by MPs to food security is further compounded by the accumu-
lation of MPs in foods such as crops and vegetables (32), resulting
in dietary exposure and health risks (33). A more alarming scenario
is that such adverse effects on global food security may increase
over time as MPs accumulate in soils, given the key role of MP
concentrations in inhibiting photosynthesis (Fig. 2D and
SI Appendix, Fig. S5), thereby amplifying the threat to sustainable
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crop supply and human health. Consequently, MP-induced pho-
tosynthesis losses have been and will continue to be a direct chal-
lenge to achieving SDG goals 2, 3, and 12.

In GAEs, including marine and freshwater ecosystems, MP
exposure results in a loss of 147.52 to 3415.11 MT C.y™!, equiv-
alent t0 0.31 to 7.24% of the total NPP in these ecosystems (Fig. 4
and SI Appendix, Fig. S10). This loss is estimated using a VGPM
in combination with data collected by the MODIS sensor (details
in Materials and Methods), based on a 0.46 to 11.01% reduction in
chlorophyll z content in marine algae (Figs. 1 Band 2 B), which
account for over 99.5% of global algal production (34). The reduc-
tion in NPP could result in a decrease in fish and seafood produc-
tion at the higher trophic levels by approximately 1.05 to 24.33
MT-y! (8] Appendix, Fig. S9A and Table S5). Such loss of fish
and other seafood products incurs a protein loss of 0.59 to 2.70
MT-y! (8] Appendix, Fig. S9B and Table S5), which is adequate
to feed 26.85 to 123.10 million adults (with a body weight of 75
kg) based on the recommended daily protein intake of 0.8 g kg™
by the United States Department of Agriculture and the World
Health Organization (35, 36). Collectively, our results highlight
the previously unrecognized role of MPs in threatening seafood
security and contributing to hidden hunger particularly in coastal
communities that rely heavily on seafood (34, 37), thereby jeop-
ardizing SDG goals 2 and 14, i.e., zero hunger and the sustainable
use of marine resources.

Importantly, these adverse effects are highly likely to extend
from food security to planetary health, as photosynthesis and,
consequently, primary productivity serve as the foundation for
not only food supply for humans but also key ecological functions.
These include nutrient cycling and ecosystem biomass allocation
(38), soil carbon storage and turnover (38, 39), and the potential
for ocean carbon sequestration (40), given that phytoplankton
photosynthesis contributes to nearly half of the global annual
carbon dioxide fixation (41, 42). Moreover, the reduction in pri-
mary productivity leads to an imbalance in predator—prey rela-
tionships and overall ecosystem instability (43). The cumulative
effects of reduced primary productivity and trophic cascades have
implications for ecological functions, carbon cycling, and the pro-
vision of ecosystem services.

By integrating meta-analysis and ML approaches, we demon-
strate the photosynthesis responses of terrestrial plants, and
marine and freshwater algae to MPs, as well as the downstream
consequences on global loss of crop production, aquatic NPP, and
seafood production. We have screened, compiled, and analyzed
all available dataset, incorporating uncertainties into our assess-
ment processes using probabilistic approaches. We have utilized
two independent approaches (meta-analysis and ML models) to
ensure consistency and scientific rigor. We acknowledge that our
estimation of the quantitative responses of photosynthesis, and
hence NPP, to MP exposure has potential limitations, e.g., uncer-
tainties in evaluating ecosystem photosynthesis losses using the
currently insufficient dataset, lack of continually updated data for
estimating primary productivity losses, and gaps in our knowledge
of the MP-photosynthesis nexus (see further discussions in
SI Appendix, Text S3). A conceptual framework has been designed
to facilitate the continual updating of data input to the analysis
process (S Appendix, Fig. S11). As more raw data on the
MP-photosynthesis nexus become available from field studies and
a continuous process of updating and optimizing the temporal
scope of remote sensing data is implemented, our model’s preci-
sion and accuracy can be ameliorated through training and cali-
bration (SIAppendix, Fig. S11). Nevertheless, the estimated
impacts at the ecosystem or planetary level highlight the urgency
of considering MP pollution in the context of global food security,
which is already under pressure from climate change and biodi-
versity loss (44, 45). The generality of MP-induced photosynthesis
inhibition across multiecosystems provides a foundation for devel-
oping a predictive understanding of the loss of primary produc-
tivity, which is concerning for environmental and human health.
Meanwhile, these results suggest promising scenarios where ongo-
ing and forthcoming efforts to mitigate plastic pollution would
alleviate the global loss of crop and seafood production, as dis-
cussed below.

Mitigation of MP Pollution Alleviates Global Losses of Crop and
Seafood Production. Here, on a planetary scale, we predict the
overall photosynthesis responses of terrestrial, marine, and freshwater
ecosystems to projected MP mitigation, as indicated by the decreases

MT C -yr-l
- 1.50x107

- 1.25%103
- 1.00x10°
- 7.50x10*
5.00x10*

2.50x10*

‘ 0

Fig. 4. Projected annual NPP losses of GAEs. The VGPM was used to simulate the average NPP loss from 2017 to 2022 following MP exposure. The spatial
resolution of the calculations is 0.083° x 0.083°. Input data for satellite ocean color remote sensing were sourced from the MODIS sensor. The annual loss of
NPP was estimated to be between 147.52 and 3415.11 MT Cy™, representing 0.31 to 7.24% of the global annual total NPP (S/ Appendix, Fig. S10). The figure

presents the median value of NPP losses. MT C, million tonnes of carbon.
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in environmental MP concentration. The prediction is centered on
the fact that the MP concentration is a key driver of photosynthesis
inhibition (Fig. 2D) and is expected to decrease under global plastic
mitigation efforts. These efforts include but are not limited to i)
reducing the use of plastics and their discharge into the environment,
with reported reductions of up to 50% (46), and ii) developing
and deploying novel technologies to reduce the concentration of
plastic debris in the environment, with efficiencies of up to 15% for
conventional plastics and 65% for bioplastics (see further information
and discussions in S/ Appendix, Text S4 and Table S6).

Based on these documented reductions in plastic use and dis-
charge, and degradation efficiencies, we set up four distinct projec-
tions of reductions in environmental MP concentrations:
business-as-usual, lower range of projections (1 to 20%) (46), inter-
mediate projections (21 to 40%) (47), and higher projections (41
to 50%) (3), though potential uncertainties remain in estimating
mitigation scenarios (see further discussions in S/ Appendix, Text
S5). Our analysis suggests that, on a global scale, photosynthesis
responds nonlinearly to the reductions in environmental MP con-
centration (SI Appendix, Fig. S12). Under scenarios where reduc-
tions in environmental MP concentration fall within the lower range
of projections (1 to 20%), global photosynthesis losses are expected
to be reduced by 1.3 to 38.1%, as compared to the business-as-usual
scenario. For example, a 12.6% reduction in MP concentration
could reduce global photosynthesis losses by 30% (SI Appendix,
Fig. $12). This in turn would reduce the losses by 22.15 to 115.73
MT-y! for main crops such as rice, wheat, and maize, correspond-
ing to USD 6,477 to 33,870 million in agricultural production
value. Similarly, a 12.6% decrease in MP concentrations within
aquatic environments could mitigate losses in seafood production
by 0.32 to 7.39 MT-y"!, corresponding to a reduction in protein
loss of 0.04 to 0.68 MT-y . Further declines in environmental MP
levels to intermediate projections (21 to 40%) and higher projec-
tions (41 to 50%) would result in reductions in global photosyn-
thesis losses of 39.1 to 54.2% and 54.9 to 60.6%, respectively, in
comparison to the business-as-usual scenario. These preliminary
estimates highlight the potential for securing the global food supply
by reducing MP levels in the environment and emphasize the impor-
tance of aligning ongoing efforts to mitigate plastic pollution with
strengthening food safety systems.

Opverall, our results demonstrate the ecosystem- and planet-level
impact of MP pollution on photosynthesis, highlighting a major
threat from MPs to global primary productivity. The cascading
consequences of the pervasive MP-induced inhibition of photo-
synthesis for species at higher trophic levels, including humans,
include not only increased food insecurity, but also imbalances in
predator—prey relationships and overall ecosystem instability.
These could threaten global food security and the health of eco-
systems already under immense pressure from global change and
intensifying human activities. Integrating our findings into
broader sustainable development frameworks can inform treaty
negotiations and contribute to achieving the UN SDGs and
addressing the pressing challenge of feeding a growing global pop-
ulation in a world increasingly impacted by the triple planetary

2
(SDGXP )

(SDCDHI) ’

crisis of environmental pollution, climate change, and biodiversity
loss (48). Importantly, the estimated benefits of plastic mitigation
in alleviating the global loss of food production pave a pathway
of aligning the forthcoming plastic treaty with global initiatives
to achieve the SDGs, particularly those concerning food, health,
and sustainable development (49).

Materials and Methods

Meta-Analysis.
Literature search. Relevant literature was identified using keyword searches in
ISI Web of Science Core Collection database until 6th June, 2024, focusing on
the impacts of MPs on the photosynthesis of plants and algae (the search terms
listed in S/ Appendix, Text S6). To be included in the meta-analysis, predefined
criteria for studies were established to ensure quality control: i) at least one of
the photosynthesis-related parameters (effect size calculation) was reported; ii) a
control group not exposed to MPs and treatment groups with MP exposure were
included; iii) each photosynthesis-related parameter was documented in three or
more publications; iv) data on means, estimation of variation, and sample sizes
(n = 3) were reported; and v) details on the type, size, exposure duration, and
exposure concentration of MPs were provided. The initial search yielded 6,808
studies, with 157 studies meeting all aforementioned criteria. Further details
are provided in SI Appendix, Text S6 and in the PRISMA flowchart (S Appendix,
Fig. S1).The Get-data Graph Digitizer 2.26 software was used for extracting data
from figures. If only box plots were presented, the median and interquartile range
were extracted and transformed (50, 51). SE or 95% Cl, if provided, were trans-
formed into SD values (52). In total, 3,286 effect size measures were obtained.
Publication bias and sensitivity analysis. The databases are robust and free
from publication bias, as indicated by the results of Egger’s (for terrestrial and
freshwater ecosystems) or Begg's (for terrestrial and marine ecosystems) regres-
sion tests (S Appendix, Fig. S13). The evidence for minimal publication bias was
further substantiated by the Rosenthal's fail-safe-number test (53), indicating
that tens of thousands of publications would be required to reduce the observed
significance (SIAppendix, Fig $13). In the leave-one-out sensitivity analysis, each
data point contributed to the overall outcome consistently (54) (Dataset S2). More
information is given in S/ Appendix, Text S6.
Effect size calculation. We categorized the effect size of the response to MP
exposure into six different main groups: i) total chlorophyll content; ii) chlorophyll
a content; iii) chlorophyll b content; iv) carotenoid content; v) maximum quantum
efficiency of photosystem Il (Fv/Fm ratio); and vi) the spectral global quantum
yield of photosystem II (YII).

To quantify the effect of MP exposure on photosynthesis performance (the
effect size), the natural logarithmic of the response ratio (In(RR)) (55) was
employed as follows:

In(RR) = ln(Rexp/Rcont)' (1]
where R,,, and Ry, represent responses of the exposed and control groups,
respectively. Considering potential bias when sample sizes are small, or when
SD and means are of similar magnitude (56), we utilized bias-corrected estimators
to calculate natural log-transformed response ratios (In(RR")) of each piece of
data and their variances (57) in this study as follows:
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where n,,, and n,, are the sample sizes of the exposed and control groups,
respectively, and SD,,, and SD,,,, are the SD of the exposed and control groups,
respectively. The overall effects in photosynthesis main groups (e.g., total chlo-
rophyll content, chlorophyll a content, etc.), MP characteristics (e.g., size), and
exposure conditions (e.g., exposure duration and concentration) were assessed by
the likelihood ratio tests in a mixed-effect multivariate model (58) (S/ Appendix,
Table S1).The meta-analysis was conducted with RStudio in R version 4.0.3 with
the "meta’, "metafor’, "Ime4", "nlme”, "ggplot2,” and "multcomp” packages. The
forest plot was visualized using Origin 2023 and Adobe Illustrator 2023.

ML and Effect Size Prediction. Five frequently used ML models (Elastic Net
regression, K-Nearest Neighbors, Support Vector Regression, RF, and eXtreme
Gradient Boosting) were employed to construct the model (S/ Appendix, Fig. S3).
The RF model demonstrated the best performance was selected for parameter
interpretation and prediction (Fig. 2). Briefly, a summary dataset was generated
by combining the datasets of the terrestrial, marine, and freshwater ecosystems
from the meta-analysis, and then randomly divided into an 80% training dataset
and a 20% test dataset with a one-time random seed (three seeds were used to
obtain the averages). The training set was used to optimize the hyperparameters
and reduce overfitting risk by conducting fivefold cross validation using Bayesian
optimization algorithm, and the test dataset was used to quantify the model
performance. The evaluation metrics for the predictive performance were mean
R?, RMSE, and MAE (59). The ML models were implemented using the scikit-leam
1.2.2 package in Python 3.8.8.The importance and contributions of parameters
affecting the RF model output were assessed using the SHAP method, specifically
the SHAP 0.41.0 analysis.

We also collected data from the literature on environmental MP levels in
terrestrial, marine, and freshwater ecosystems in Europe and North America.
These regions are of significance in the production and utilization of plastics
(60), yet they contribute to less than 20% of the existing meta-analysis dataset
(SI Appendix, Table S10). The resulting effect sizes were predicted using the con-
structed RF model, as shown in S/ Appendix, Table S7.The origins of uncertainties
in our model are discussed at length in S/ Appendix, Text S5.

Estimate of Global Primary Productivity and Food Production Losses.
SCOPE model and input parameters. SCOPE model describes radiative transfer
processes and exchanges of energy fluxes, carbon, and water among the soil,
vegetation, and the atmosphere (61-63). It integrates radiative transfer processes
within leaves and vegetation canopies based on photosynthesis processes and
energy balance. The model demonstrates a high level of performance in simu-
lating GPP when validated against field data (62). In this work, the loss of GPP
(GPP,,,,) following MP exposure was calculated as the difference of GPP without
(GPPs)and with (GPP,,,) MP exposure:

GPP, = GPP s — GPP

exp! (4]
where GPP,, was calculated employing the SCOPE model on a pixel basis
(0.083°x0.083°) glabally, with incoming short-radiation and air temperature from
ERAS reanalysis data (64), leaf area index (LA/) from Copernicus (65), leaf total chlo-
rophyll content (Cab) (66), and leaf maximum carboxylation rate (V,,,,) (67). Other
parameters were setas their default values (68). GPP,,, was estimated using the SCOPE
model with corrected input data (including LA/, Cab, andV.,,,,) using a correction factor
of k (%, decrease in these parameters upon MP exposure, S Appendix, Table S8):

The global crop production losses with MP exposure (Crop,,) were thus esti-
mated by employing the global crop production without MP exposure (Crop,.¢)
using Eq. 5:

Cr 0P joss _ GPP loss
Cmpref B GP ref ’ [5]

where the Crop,; for the 2020 version was obtained from the SPAM (69). The
Matlab R2023a and Arcmap 10.8 were utilized to carry out model operations
and visualize data.
VGPM and input parameters. A standard VGPM was employed to estimate the
average annual NPP losses of GAEs (70). VGPM is one of the most widely used
models for estimating NPP from satellite ocean color remote sensing (71). The
NPP losses of GAEs (NPP;,loss) upon MP exposure were calculated as the dif-
ference of NPP without (NPP,¢) and with (NPP,,,) MP exposure:

PNAS 2025 Vol.122 No.11 2423957122

NPPgyg loss = NPP,; — NPP,,,, (6]

where NPP,,was estimated utilizing the VGPM in combination with data collected
by the MODIS sensor, with the calculation formula presented in Eq. 7:

B EU
NP, = 0.0615 x P8 x

ot m) %X Z,, x Chlax D, 7]

where E represents the daily photosynthetically available radiation at the surface,
Z,, denotes the euphotic-zone depth where the solar radiation is 1% of its surface
value, Chla represents the surface chlorophyll a concentration, D, indicates the
photoperiod (72).The prt is the optimal assimilation efficiency of the productivity
profile, which is derived from an empirically parameterized sea surface temper-
ature (SST) dependent polynomial (71, 73). All input data pertaining to Eq. 7
(excluding me) and SST can be obtained up to 2022 through satellite retrieval
and downloaded from the Ocean Productivity database (74).

NPP,,, was calculated in a manner analogous to NPP,, through the application
of Eq. 8, with Chlamodified using a correction factor of k (%, decrease in Chlaupon
MP exposure, summarized in S/ Appendix, Table S8):

E
NPP,,, = 0.0615 X P x <ﬁ> x Z,, % (1+k)Chla x D, [8]
The model operation and data visualization were implemented by Matlab
R2023a and Adobe lllustrator 2023. More details can be found in S/ Appendix,
Text S7.

Transformation of fish and seafood losses. Pauly and Christensen (75) pro-
posed the method to quantify the primary productivity required (PPR) for fishery

catches (76):
" C 1 (1-1) o)
PPR= i=1 C_Rx<ﬁ:-> l

where C; refers to the fishery catches of aquatic species #,TL; represents the trophic
level of aquatic species i, CR denotes the conversion rate of wet weight to carbon
(9:1)(76),TE is the trophic transfer efficiency in the aquatic ecosystems (10%) (75).
All input data were available through Sea Around Us project (77).

Fishery catches losses under MP exposure could thus be estimated using Eq. 9
and the NPP losses. Following the calculation of global fishery losses, global fish and
seafood losses and the amount of these resources used for human consumption
could be calculated based on the data provided by the FAQ (78). Please refer to
SI Appendix, Text S7 and Table S5 for more details. Microsoft Excel 2021, Origin
2023, and Adobe Illustrator 2023 were utilized to process and visualize the data.
Prospect of global food supply and demand. Projected food supply and demand
were estimated under two different scenarios: the business-as-usual scenario and
the MP exposure scenario. The projected food supply in the business-as-usual
scenario between 2030-2050 was obtained from the FAO (79). In parallel, the
projected food supply under the MP exposure scenario was estimated as the
difference between the projected food supply in the business-as-usual scenario
and the aforementioned food production losses upon MP exposure. Projected
food demand was estimated by multiplying the projected total global population,
obtained from the UN Probabilistic Population Projections (80), by the per capita
food demand, obtained from the latest FAO data (S/ Appendix, Fig. S7B).

The projected net increase in the global population at risk of hunger from
2030 to 2050 upon MP exposure was calculated as the difference between
the aforementioned projected total global population obtained from the UN
Probabilistic Population Projections (80) and the projected global population
(Pop(sustain)) that can be sustained by the global food production under MP
exposure. Pop(sustain) was estimated using Eq. 10:

Food(FAO) — Food (loss )

Pop(sustain) = .
4 ) Food (percapitademand )

(10]

Where Food(FAO) indicates the projected total production of three main crops by
the FAO (79), Food (loss) represents the estimated production losses under MP

exposure (Fig. 3), and Food (percapitademand) is the per capita food demand
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(S1Appendix, Fig. S7B). Microsoft Excel 2021, Origin 2023, and Adobe Illustrator
2023 were utilized for raw data processing and visualization.

Estimation of Reductions in Photosynthesis Losses Under MP Mitigation
Scenarios. Reductions in photosynthesis losses in response to MP mitigation
were estimated as the difference between the photosynthesis losses under
MP mitigation projections (based on constructed RF model; see Materials and
Methods) and those under the business-as-usual scenario (based on meta-
analysis, see Materials and Methods and SI Appendix, Text S4). A range of MP
mitigation scenarios, i.e., business-as-usual, lower projections (1to 20%), inter-
mediate projections (21 to 40%), and higher projections (41 to 50%), were
established in various ecosystems based on published literatures that report,
estimate, or project reductions in plastic use and discharge, as well as efficien-
cies of plastic residue degradation (summarized in S/ Appendix, Table S6). The
estimated reductions in photosynthesis losses were then fed into the SCOPE
model and VGPM to assess the reductions in losses of main crops (rice, wheat,
and maize), global aquatic NPP, seafood, and protein, as described above.
Furthermore, the decline in the value of agricultural production of rice, wheat,
and maize was estimated by multiplying the reductions in their loss percentages
by their respective FAQ values of agricultural production (81). The Microsoft Excel
2021, Origin 2023, and Matlab R2023a were utilized for raw data processing
and visualization.

Data, Materials, and Software Availability. All study data are included in the
article and/or supporting information.
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