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Abstract: Microplastic (MP) pollution in agricultural systems has emerged as a critical 
environmental concern, yet quantitative models capturing the complex dynamics of MP 
fragmentation and accumulation remain underdeveloped. Here we present a cross-scale 
modeling framework that solves fragmentation mechanisms and input sources at the same 
time, and simulates the temporal evolution of MP size distributions in agricultural soils. 
The model captures the size-dependency of MP fragmentation rates and estimates the 
input intensity of different pollution sources. We synthesized literature data from 98 studies, 
covering 438 agricultural sites and 3235 datapoints across 16 countries. Parameter 
optimization using Huber loss (robust 𝑅2  = 0.412) showed higher performance than 
regression-based approaches, and showed that fragmentation rates are dependent on 
particle sizes, and influenced by climate types and cropping cycles. In general, MP 
fragmentation rates decrease as they break into smaller sizes. Comparing different site 
conditions, large MP particles (> 40 μm) experience faster fragmentation under high-UV 
climates due to more intense photoaging, which is further accelerated by mechanical 
disturbance depending on cropping cycles. On the other hand, small MP particles (< 40 
μm) break down faster under low-UV climates, likely due to biological aging from soil 
microbes and hydrological cyclic micro-stress. Of the long-term MP input sources 
including mulch films, plastic greenhouses, organic fertilizers, wastewater irrigation, 
atmospheric deposition, and unmanaged littering, plastic mulch films were the primary 
contributor to the mass of soil MPs (around 5.8 mg/kg after 5 years) across all climate 
types and cropping cycles. If measured by particle abundance, organic fertilization 
introduces the highest MP abundance in soil at the first 5 years (1.1×103 items/kg) as they 
contain numerous small-sized MPs. A case study on China’s mulching history showed 
strong regional heterogeneity in MP accumulation, with legacy plastics continuing to 
generate secondary MPs even under zero-new-input scenarios. This work provides a 
theoretically grounded and empirically calibrated tool for assessing MP pollution dynamics 
and management strategies in agricultural systems from local to global scale. 
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Introduction 
Global plastic use in agricultural production has reached 7.4 million tons and been steeply 
increasing by 2.5 million tons annually.1 Consequently, microplastic (MP) pollution in 
terrestrial ecosystems, and in agricultural soils particularly, has emerged as a critical 
concern to the environment and food security.2,3 Soils act as the primary receptor for MP 
emissions and subsequently expose many species to plastic pollution including plants, 
soil microbiome, insects, and other biota.4 Currently a structured quantification of the 
transformations and fate of MP in agricultural soils is missing but urgently needed.  
 
Quantification of soil microplastic pollution needs to integrate multiple input sources that 
determine the initial size and downstream susceptibility to complex transformation 
processes. First, multiple sources contribute to MP entering agricultural soils (Figure 1a) 
such as plastic mulch films, atmospheric deposition, wastewater irrigation, organic 
fertilizers (compost, sewage sludge, etc.), and littering.5,6 These sources exhibit various 
distinct characteristics. For instance, MPs from atmospheric deposition and organic 
fertilizers tend to have a large proportion of small-sized particles,7,8 whereas mulching 
residuals enter the soils as large pieces of films. Second, MPs in the soil experience 
complex aging and fragmentation processes (Figure 1b). Photoaging induced by 
ultraviolet (UV) irradiation leads to increased reactive oxygen species (ROS), surface 
roughness,9 and fragmentation.10 Certain microbes also cause biotic aging with increased 
hydrophilicity11 and surface roughness.12–14 Noticeably, biotic aging efficiency is largely 
influenced by prior photoaging processes.15 Fragmentation can be caused by various 
external forces. Agricultural practices such as tillage exerts a macro-scale mechanical 
disturbance on MPs, which varies by cropping cycles (annual vs perennial). Moreover, the 
wetting and drying process of agricultural soil creates a cyclic micro-scale stress across 
soil aggregates that may lead to MP fragmentation.16,17  
 
Ultimately, MP particle size is a critical factor on the relative intensity of aging and 
fragmentation drivers. For instance, small MPs may experience faster biotic aging due to 
increased specific surface area.12,18 The aggregation of MPs and soil granules is also 
dependent on particle size, as small MPs are more likely to be incorporated into soil 
aggregates19–21 through van der Waals forces, electrostatic attractions,22 and binding with 
extracellular polymeric substances.20 Therefore, MP pollution in agricultural soils 
represents a complex, size-dependent system governed by the interplay between diverse 
input sources and in-situ transformation mechanisms. The nonlinear temporal evolution of 
these processes makes it exceptionally challenging to isolate the standalone effects of 
specific drivers through field observations, as environmental samples invariably reflect a 
cumulative history of multiple overlapping factors. Therefore, environmental modeling 
emerges as a critical tool to reconstruct these pathways and identify the dominant causes 
shaping MP distributions observed in field samples. While several models have been 



developed to describe MP fragmentation in terrestrial/marine ecosystems, they exhibit 
critical limitations when applied to agricultural soils ( 
Table 1). Some early marine-based models introduced important mechanisms such as 
pre-determined size thresholds23 or combined with shear forces,24 but their applicability to 
terrestrial systems is limited. A more physically grounded approach was taken by 
Kaandorp et al. to simulate erosion into multiple child particles at diverse sizes in marine 
environments, but lacked size-dependency.25 Other models with a focus on the soil 
context have addressed specific aspects: Meizoso-Regueira et al. forecasted the 
nonlinear abundance growth via statistical regression;26 Quik et al. developed a 
multimedia model to include soil, but ignored size-dependency;27 Wang et al. proposed a 
size-dependent model for MP in soils, but omitted temporal evolution.28  
 
Here we propose a cross-scale modelling framework designed to represent complex 
environmental systems where multiple mechanisms contribute to a same process. We 
used the universal variable “MP fragmentation rate” to represent the sum of all effects 
(Figure 1c), which simplifies the model structure and avoids the need of numerous poorly 
constrained mechanisms. It also allows for incorporating heterogeneous observational 
data at different size ranges. Our model integrates two major extensions into the 
cascading fragmentation theory:25 size-dependent fragmentation dynamics and multiple 
input sources with unique initial size distributions. The framework enables a temporally 
resolved reconstruction of MP fragmentation and accumulation in agricultural soils, which 
can support real-world applications. As a case study, we apply the model to China, where 
the widespread use of plastic mulch films (> 2.5 million tons annually)29 has created one 
of the largest known sources of agricultural plastic pollution.1 We combined historical 
mulching data with literature-derived model parameters, and projected mulching-derived 
MP pollution under different policy scenarios. With the proposed model framework, this 
study aims to: (i) optimize model parameters using literature data and (ii) address the 
following research questions: 
▪ Is size-dependent fragmentation empirically supported in agricultural soils? 
▪ How do environmental factors and crop types influence fragmentation rates? 
▪ What are the dominant input sources for MP pollution in agricultural soils? 
▪ Using the historical mulching data in China as a case study, what are the projected 

long-term trends of MP pollution in agricultural soils under different policy scenarios? 
 
 

Results 
Model optimization results 
The optimized model’s performance was evaluated on the complete dataset of 438 
agricultural sites (3235 datapoints) and validated on a subset of long-term field data (5 
studies), with comparison to the performance of a regression-based benchmark model 



(Table S1). Intuitively, the predictions of our model are generally aligned with the 
distribution of observational data, with some exceptions at the upper and lower extremes 
(Figure S1a). We reached a robust 𝑅2 (defined on Huber loss) of 0.412 on the complete 
dataset, which indicates that the model captured the general trends in MP pollution. The 
median absolute error of model predictions was 200.49 items/kg, which is one magnitude 
smaller than to the main body of the dataset (>103 items/kg; Figure 2a). The modest 
prediction coverage (43.18%) reflects the highly dispersed field data and a relatively 
simple model that narrows the span of predicted distributions. Noticeably, validation on 
time-series literature data yielded a higher robust 𝑅2  (0.586) and prediction coverage 
(90.48%). This demonstrates the model’s ability to effectively predict the temporal 
dynamics of MP accumulation in a given agricultural site over the span of decades (Figure 
2b). Our model out-performed the benchmark across all the metrics (Table S1 and Figure 
S1), showing the advantages of the process-based approach over simple and commonly 
used regression methods. 
 
 

Factors affecting fragmentation rates 
MP fragmentation rates are size-dependent across climate conditions and cropping cycles. 
Large MPs experience stronger fragmentation compared to small MPs (p < 0.001; Figure 
3a), and a shifting point was optimized at around 40 μm (median 𝜃 = 7.05, 𝛽 = 3.81). For 
small MPs, the median fragmentation rate was 1.00 × 10−6 week−1 (Q1 = 4.49 × 10−7, Q3 = 
1.34 × 10−6) in low UV climates and 1.23 × 10−10 week−1 (Q1 = 9.28 × 10−11, Q3 = 2.23 × 
10−10) in high UV climates (Figure 3b), indicating mild and humid climates facilitates 
fragmentation of small MPs (p < 0.001) possibly through an active soil microbiota and 
frequent wet-dry cycles. For large MPs, the fragmentation rate reached 1.15 × 10−5 week−1 
(Q1 = 8.29 × 10−6, Q3 = 1.61 × 10−5) in low UV climates and 5.81 × 10−4 week−1 (Q1 = 5.04 
× 10−4, Q3 = 9.03 × 10−4) in high UV ones (Figure 3b-d), showing enhanced fragmentation 
with photoaging at larger size classes (p < 0.001). Annual cropping increased MP 
fragmentation by 6.85 × 10−5 week−1 (Q1 = 5.57 × 10−5, Q3 = 9.97 × 10−5) relative to 
perennial systems, reflecting the influence of macro-level mechanical disturbance (p < 
0.001). For detailed results of optimized parameters, see Table S2. 
 
 

Long-term impact of input sources 
To evaluate the long-term input intensity across different sources, we simulated the MP 
accumulation under contrasting cropping systems and climate types after 5, 25, and 75 
years of continuous input. The influence of different input sources varies depending on 
the local climate types, cropping cycles and measuring metrics (mass or abundance). For 
annual crop sites under high-UV climate conditions (Table S3), plastic mulching 
contributed the largest mass accumulation throughout the years (Figure 4). However, if 



measured by particle abundance, organic fertilizer is ranked as the primary source of MP 
within the first several decades. Plastic mulching becomes increasingly prominent and 
reached the highest abundance on the long run (Figure 4b). The different growing patterns 
in abundance is explained by size distributions (Figure 4c), where sources with more large 
MPs grows faster in abundance as MPs fragment into smaller ones (Figure 3a). Under 
low-UV climates (Figure S2; Table S4), MPs in soil show similar mass accumulation but 
different abundance and size distribution patterns due to altered fragmentation rates. The 
results for perennial cropping systems are presented in Figure S3–4 and Table S5–6. 
Soils in these sites receive lower MP inputs from atmospheric deposition as a result of 
denser canopy cover, and experience reduced fragmentation for large MPs because of 
less mechanical disturbance.  
 
 

Theoretical single-particle evolution 
We simulated the evolution of a single parent MP particle under different climate types 
and cropping cycles. Under high UV, the size distribution developed a temporal peak at 
an intermediate size (around 40 μm), which then starts to decrease after 500 years (Figure 
5a). For low-UV climates, the peak is weaker and more MPs appear at the small sizes 
(Figure 5b). Perennial sites showed slower fragmentation and retained a higher proportion 
of larger particles (Figure S5). These temporal contrasting patterns originate from the 
conditional size-dependent fragmentation rates. 
 
 

Model sensitivity 
We performed a local sensitivity analysis to test model’s response towards parameter 
perturbations. The model is considered robust against the parameter perturbations at 5% 
and 10% level as the response of the loss values are consistently smaller than the level 
of parameter disturbance (Figure 6).   
 
Our data imputation on missing planting histories and lower bounds of particle size did not  
bring substantial changes to the results of fragmentation rate parameters, but roughly 
doubled the input intensity of greenhouses, littering and organic fertilizers (Table S7), 
which shows uncertainties on estimating emissions due to missing data. However, these 
changes did not threaten our major findings as the conditional fragmentation patterns and 
the relative importance of different input sources remained steady. 
 
 

Case study: decades of mulching in China 
The provincial-level simulations revealed strong regional heterogeneity in mulching-
derived MP accumulation across China (Figure 7). Provinces with historically intensive 



mulching practices show substantially higher MP concentrations across all scenarios. 
Under the Business-as-Usual scenario, large MP particles (> 1767.8 μm) continue to 
accumulate in several major agricultural regions by 2050. Reducing mulch-film residues 
in croplands can lower the projected abundance of large MPs, demonstrating the 
effectiveness of controlling future plastic inputs. As existing MPs continues to fragment 
into substantial amounts of secondary smaller MPs even under the No-Mulching-
Residuals scenario, legacy plastic residues will remain an important long-term source of 
MP pollution even if new inputs could be eliminated. The size distribution of MPs also 
differs systematically across climatic regions. In high-UV provinces, fragmentation 
processes promote the accumulation of middle-sized particles, (55.2–1767.8 μm), while 
low-UV provinces exhibit stronger accumulation of smaller particles due to faster 
fragmentation on fine MPs (6.9–55.2 μm). These results suggest that future environmental 
risks may differ regionally with croplands under high-UV climates facing greater exposure 
to large- and middle-sized MPs, whereas croplands in low-UV regions feature finer MP 
particles.  
 
 

Discussion 
In this study, we introduced a modelling framework that describes MP transformation in 
terrestrial systems. Instead of explicitly assigning each mechanism with poorly constrained 
parameters, we addressed this challenge by aggregating all fragmentation mechanisms 
into a general parameter that implicitly captures the combined effects within each size 
range. This approach simplifies model structure while retaining the ability to reproduce MP 
size distributions in good coherence with time-series observations.30–32 It enabled us to 
use data from very broad experimental settings for parameter estimation. We proposed a 
practical approach to integrate the fragmented literature evidences into a coherent 
modelling framework for complex environmental systems.  
 
Our results show that MP fragmentation in agricultural soils is size-dependent with large 
MPs fragmenting much faster than smaller ones. We found local climate conditions (UV 
radiation) and cropping cycles as effective indicators of fragmentation patterns. High-UV 
climates facilitate the break-down of large MPs, whereas low-UV climates accelerate the 
rates of small MPs. Cropping cycles also play a crucial role, particularly for large MPs. 
This indicates that large particles are mainly driven by UV-driven photoaging and 
mechanical disturbance from tillage, whereas smaller particles are more likely to be 
influenced by interactions with soil microbiota and soil aggregates. We found similar 
patterns in MP fragmentation rates with previous works. For instance, Wang et al.28 
reported accelerated MP downsizing with agricultural interference, which is aligned with 
our findings that annual cropping speeds up MP fragmentation. For large MPs in 
agricultural soils, our estimations were about 2 magnitudes lower than the estimations of 



modelling work from marine environments,25 which is expected because the latter should 
reproduce MP fragmentation in marine sandy beaches with high UV exposure and 
mechanical abrasion disturbance.10 For small MP particles, our results on fragmentation 
rates under low-UV climates were similar to previous estimates of biological aging rates.27  
 
As MP accumulation and fragmentation in the soils is a dynamic process, we found the 
contributions of different MP sources to vary depending on site conditions, metrics of 
measurement, and the years of practice. Although the use of mulch films is the major 
source of MPs in terms of total mass, other indirect input sources such as organic fertilizers 
and wastewater irrigation also contribute substantially to soil MP pollution especially when 
measured by particle abundance. This is worth noticing as current understandings of 
agricultural plastic pollution, for instance in the reports of FAO, is mainly built around direct 
inputs from plastic products.33 A more comprehensive narrative that incorporates 
unintentional input sources is needed to highlight the risks of agricultural plastic pollution 
in the ongoing negotiations of Global Plastic Treaty.  
 
Our case study on plastic mulching in China demonstrated the practical value for 
environmental assessments and policy analysis of the model. Plastic mulching has 
expanded rapidly over the past decades in China due to its benefits for crop productivity 
and water conservation.34 However, incomplete recovery of residual films has led to 
substantial plastic accumulation in farmland soils. We combined historical data with 
estimated parameters from the literature to reconstruct mulching-induced MP 
accumulation at multi-decadal timescales, and subsequently project future trends under 
alternative mulching scenarios. Such modelling tools can support the evaluation of policy 
interventions that target mulch residual recovery and the adoption of biodegradable 
films.29   
 
Our model is an excellent starting point to enable broad scale quantification of the 
dynamics of plastic pollution in agricultural soils. However, we could not incorporate all 
potentially relevant factors, such as plastic types, soil properties, and local weather 
conditions, and our compiled dataset is relatively coarse, both due to the limitations of 
available literature. The available literature may also omit important information of MP 
input sources, for instance, organic fertilizer application or wastewater irrigation may not 
be clearly described for a site if it was not key variable of interest. We propose four 
research directions to improve future modelling efforts and the understanding of MPs in 
agricultural soils. i) Quantifying micro-scale mechanisms of MP fragmentation to constraint 
for future models; ii) Expanding detection limits of analytical techniques for plastic pollution 
to validate fragmentation models and better characterize the full spectrum of MP sizes in 
soils; More generally iii) developing remediation strategies to handle legacy MPs in 
agricultural soils is critical to minimize future MP impacts on agricultural landscapes and 
food systems; and iv) linking MPs in agricultural soils to crop production and regulating 



ecosystem services for an improved systems perspective of plastic pollution in agricultural 
landscapes (for more details see Box 1). Overall, the modelling framework may be applied 
to other agricultural regions with intense plastic inputs and limited long-term monitoring 
data. This work is critical to inform implications of plastic pollution on crop production, 
production related ecosystem services such as pollination and pest control as well as on 
food security. 
 
 
 

Materials and methods 
Data collection and process 
Data preparation 
We searched on Web of Science with the pattern “TS = ((nanoplastic* OR microplastic*) 
AND (agricultur* OR farm*) AND soil* AND (size* or length*) AND (abundance* OR 
concentration*))” on April 9, 2026. Literature reviews were excluded, resulting in 342 
relevant publications, among which 98 papers reported MP abundance in agricultural soil 
along with size distribution data. In total, we extracted 438 data entries, each 
corresponding to either a distinct agricultural field, experimental treatment, or a group of 
sites with the same conditions. For each data entry, the recorded variables included MP 
size bins (a total of 3235 datapoints) and corresponding abundance values (items/kg), as 
well as site location, planting history (years), crop type (annual or perennial), and the 
presence of potential microplastic input sources on each site (i.e., mulching, greenhouses, 
organic fertilizers, wastewater irrigation, and littering; for detailed descriptions of each 
source, see section “Input sources and temporal evolution” below). Numerical variables 
were either acquired from the texts or measured from graphs using Web Plot Digitizer 
(version 4.8, https://apps.automeris.io/wpd4/).  
 
The agricultural sites were classified according to the primary Köppen climate types 
(http://www.geodata.cn) of the locations, and grouped into high UV climates and low UV 
climates. The high-UV group includes Am (tropical monsoon), Aw (tropical savanna with 
dry winters), Bw (arid), Bs (semi-arid), Cs (Mediterranean) and ET. These climates are 
governed by strong persistent or seasonal drought, where intense UV radiation and 
thermal oxidation may dominate MP fragmentation. On the other hand, the low-UV group 
includes Cf (humid temperate), Cw (temperate with dry winters), Df (humid continental), 
and Dw (continental with dry winters). These climate types feature low UV radiation and 
high humidity throughout the years or in the growing seasons, which potentially supports 
active microbial communities and frequent wet-dry cycles in the soil.35 The final dataset 
covers sites from a broad range of climate conditions across 16 countries (Table S8). 
 

https://apps.automeris.io/wpd4/
http://www.geodata.cn/


Apart from soil MP pollution, we also collected literature on MP size-distribution from 
multiple input sources, including organic fertilizers, wastewater irrigation, and atmospheric 
deposition. This is essential for calibrating different input sources in our model. For details, 
see the section Input sources and temporal evolution below and Table S9. 
 
 
Handling ambiguous and missing data 
The dataset posed challenges in data clarity and completeness. First, about 19% of the 
studies reported planting history imprecisely, providing only a range of possible years, or 
one of the upper/lower bounds. In such cases, we adopted a uniform random distribution 
using the reported range, or a 25% extension window applied to boundary values. For 
example, if a site has been cropped for “more than 10 years”, we assume its planting 
history as a random number between 10 years and 12.5 years. For data entries with 
unknown planting history (which takes up 50% of our dataset), we estimated the ranges 
of planting history using empirical criteria (Method S1; Figure S6) based on information of 
input sources, and then applied uniform distribution on the inferred planting history. 
Second, about 63% of the data entries lack the lower limit of the smallest size class for 
MP distribution. Given that particle size distribution tend to follow a power-law 
distribution,10 the lower bound of each size class is essential for estimating particle counts. 
We set the unknown lower limits as the corresponding upper limits divided by 6.22, which 
is the average upper limit–lower limit ratio for the smallest size classes with fixed 
boundaries.  
 
 

Model design 
Size-dependent cascading fragmentation 
Kaandorp et al.25 developed a continuous cascading fragmentation model to simulate the 
size distribution of MPs in the marine environment36 based on fractal theory. MP particles 
are grouped into distinct size classes. The size of the 𝑘-th class is 𝐿𝑘 = 𝐿0 2𝑘⁄ , where 𝐿0 
is the characteristic size of the parent MP particle at class 𝑘 = 0. Considering the size 
definition of MPs (1 μm – 5 mm) and data resolution, we set 𝐿0 as 5 mm, and modelled 
up to 10 distinct classes (smallest class with a characteristic size of 9.76 μm). The original 
size classes from the literature were re-binned into the same size classes of our model, 
with the assumption that MP abundance within a size bin is evenly distributed across the 
log-transformed particle size. Following a cascading fragmentation process, the mass size 
distribution can be described as 

𝑚(𝑘, 𝑓) =
Γ(𝑘 + 𝑓 − 1)

Γ(𝑘 + 1) ⋅ Γ(𝑓) ⋅ 𝑝𝑘 ⋅ (1 − 𝑝) (1) 

where 𝑓 ∈ (0, +∞) marks the progress of fragmentation, and 𝑝 ∈ (0,1) is the probability of 
fragmentation. Kaandorp et al. found the values of 𝑝 to be approximately 0.4 for different 



plastic materials, including polyethylene (PE) and polypropylene (PP).25 Given that most 
of the plastic types in our dataset (e.g., polystyrene (PS), polyvinyl chloride (PVS), PE and 
PP) are resistant to biodegradation with a hydrocarbon backbone, we fixed 𝑝 as 0.4 for 
our model. The dimensionality of MP particles determines how many child particles can 
be created. With a given dimensionality 𝐷𝑁 , we can then calculate the abundance size 
distribution as  

𝑛(𝑘, 𝑓) = 2𝐷𝑁𝑘 ⋅ 𝑚(𝑘, 𝑓) (2) 
Based on the shape distribution of MP particles in our dataset (Method S2, Figure S7), we 
set the dimensionality 𝐷𝑁  to follow a uniform random distribution between 1.4 and 2.4.  
 
In the original model for marine environments, the fragmentation index 𝑓 was assumed to 
be size-invariant and proportional to time (i.e., 𝑓 ≡ 𝜆 ⋅ 𝑡), making the fragmentation rate 𝜆 
a constant. However, this is not the case within agricultural soil profiles. As large MPs 
fragment into smaller ones, they are more likely to be incorporated into soil 
aggregates,19,22,37 which reduces the impact of UV irradiation and macro-level mechanical 
abrasion.10 On the other hand, the wetting and drying process inserts a cyclic micro-stress 
to soil aggregates and the incorporated small MPs.16,17 The larger specific surface area of 
small MPs also introduces more intense interaction with soil microbes, thus accelerating 
biotic aging.12,18 To capture the size-dependent driver intensity, we define the 
fragmentation rate  

ln 𝜆 = ln 𝑎 +
ln 𝑏 − ln 𝑎

1 + 𝑒−𝛽⋅(𝑘−𝜃) (3) 

where 𝑎 and 𝑏 are the limits of fragmentation rate for large MP and small MP respectively, 
𝜃 is the threshold size, and 𝛽 describes the steepness of the transition.  
 
We assume that the fragmentation of large MPs is governed by photoaging from UV 
irradiation as well as mechanical disturbance from tillage (annual crops vs. perennial 
crops). This is considered more intense in the high UV climates of our classification. For 
small MPs, fragmentation is dominated by biological aging and hydrological cyclic micro-
stress. In the low UV climate group, we expect a stronger biological aging effect because 
the soils tend to harbor more active microbial communities,35 and weaker photoaging 
process can facilitate the enrichment of plastic-degrading microbes.15 The high 
precipitation in such climates also accelerates wet-dry cycling, thereby intensifying the 
cyclic micro-stress on small MPs. We express the fragmentation limits as 

𝑎 = 𝑎0 ⋅ (1 − uv) + 𝑎1 ⋅ uv + 𝛿𝑎 ⋅ annual
𝑏 = 𝑏0 ⋅ (1 − uv) + 𝑏1 ⋅ uv                           

(4) 

where 𝑎0 is the fragmentation limit in low-UV climates for large MPs, 𝑏0 is the limit in low-
UV climates for small MPs, 𝑎1, 𝑏1 are the limits under high-UV climates, and 𝛿𝑎  is the 
increased mechanical disturbance effect between annual cropping and perennial cropping. 
uv and annual are Boolean variables used to represent the respective site conditions. 
 



 
Input sources and temporal evolution 
In a polluted agricultural site, the size distribution of MPs in soil is not only determined by 
the fragmentation process, but also by multiple source emissions at the same time. In our 
model, the time series of MP size distribution are updated in a Markov process  

𝒀(𝑡 + Δ𝑡) = 𝑻 ⋅ (𝒀(𝑡) + ∑ 𝛼𝑖 ⋅ 𝐈𝐧𝐩𝐮𝐭𝑖
𝑖∈𝑆

) (5) 

where 𝒀(𝑡) is the array of MP size distribution at a given time 𝑡, 𝐈𝐧𝐩𝐮𝐭𝑖 is the input array 
of emission source 𝑖, and 𝑻 is the transition matrix (Method S3) that controls the transition 
at timestep Δ𝑡 (corresponds to 1 week as in the original model).25 This model structure 
assumes the system is mass-conservative aside from external inputs, although MPs that 
fragment into sizes below our defined size classes are considered unobservable. As the 
influences of vertical downward transport is ~0.5% mass loss per annum in the top 8 cm 
soil layer,38 and biological mineralization is less than 0.3% across size classes,39 these 
factors are not considered in our model (Method S4). 
 
Depending on farming practices and management strategies, agricultural soils are 
exposed to multiple MP input sources with distinct characteristics. In this work, we 
categorize the sources into six major types as identified in existing literature: plastic 
mulching, greenhouses, organic fertilizers, wastewater irrigation, atmospheric deposition, 
and unmanaged littering.3,5,6 Detailed settings for each input source are as follows. 
 
Plastic mulching is a widely applied agricultural technique to create a warmer micro-
climate at the roots and increase soil moisture levels. Over one million tons of plastic films 
are used globally each year, with China, Japan, and South Korea being the top three 
consumer countries.34 It is considered a primary source of MP pollution in agricultural 
systems.40,41 Mulching MP enters the soil as large pieces of films, and generates 
secondary MP through in-situ fragmentation. Therefore, in our model, applications of 
mulching only introduce MP input at the largest size class (𝑘 = 0). 
 
Greenhouse cultivation offers several advantages to crop production, such as resilience 
to extreme weathers and prevention of pests. The plastic films of greenhouses is another 
potential source of MP pollution.42 Similar to mulching films, the leftovers of greenhouse 
films generate secondary MP through fragmentation. In our model, we also simplify the 
MP input of greenhouses as only at the largest size class. 
 
Organic fertilizers are carbon-based materials such as compost, sewage sludge, and 
livestock feces, which are applied to soil to supply plant nutrients and improve soil 
properties as alternatives to chemical fertilizers. The incorporation of MP into organic 
fertilizers occurs through contaminated source materials and production process, which 



makes it an important source for MP to enter agricultural soils.8 We synthesized the MP 
size distribution of various organic fertilizers (crop residues, livestock feces, sewage 
sludges, etc.) from literature data,8,43–48 and used log-log quadratic regression (Figure S8a; 
Table S9) to determine the abundance-size relation that was then used as the general 
input size distribution of MP from organic fertilizers. 
 
Wastewater irrigation conserves freshwater resources and at the same time introduces 
MP directly into agricultural soils.49 Although wastewater treatment plants can sometimes 
eliminate > 90% MP,45 the processed effluent still contain an important amount of MP. As 
a potential source of MP, irrigation wastewater has received much lesser attention 
compared to organic fertilizers. Therefore, we supplemented our literature data49,50 with 
studies on the removal efficiency of wastewater treatment plants45,51 (Figure S8b; Table 
S9). We then performed log-transformation and quadratic regression to capture the 
general size distribution of MP input from wastewater irrigation. 
 
Atmospheric deposition is a critical pathway of MP redistribution,52 and the deposition 
fluxes is affected by the land-use types and MP particle sizes.53 We synthesized literature 
data on the atmospheric deposition of MP in rural or suburban areas globally,7,53–63 and 
then used the same method as we did for organic fertilizers wastewater irrigation to 
calculate the input size distribution for our model (Figure S8c; Table S9). In perennial 
cropping systems, we assumed airborne MPs to be partially retained by canopy cover to 
one third of the original inputs. In greenhouse systems, airborne MPs were assumed to 
be effectively blocked. These values represent structural scenario assumptions to capture 
differences in interception efficiency across land-use types. Atmospheric deposition is 
treated as a baseline background input present in all regions. 
 
Littering of plastic wastes such as used plastic bags and bottles, especially in poorly 
managed farmlands or sites near landfills, also contributes to the accumulation of MP.64 
This is simplified as input at the largest size class in our model.  
 
 

Model fitting 
Parameter optimization 
Our model parameters, including fragmentation-related parameters and source-specific 
emission intensities, were estimated by minimizing the difference between predictions and 
observational data. To ensure robustness against extreme outliers in the skewed dataset, 
we used Huber loss65 as the objective function for optimization: 

Loss = ∑ 𝐿𝛿(𝑦̂ − 𝑦) (6) 

where 𝑦̂ is the predicted MP abundance value of observational data point 𝑦. The Huber 
loss function 𝐿𝛿  is defined as: 



𝐿𝛿(𝑦̂ − 𝑦) = {

1
2

(𝑦̂ − 𝑦)2, |𝑦̂ − 𝑦| < 𝛿

𝛿 ⋅ (|𝑦̂ − 𝑦| −
1
2 𝛿) , |𝑦̂ − 𝑦| ≥ 𝛿

(7) 

The function act as the mean squared error for small residuals (|𝑦̂ − 𝑦| < 𝛿) and as linear 
loss for larger residuals (|𝑦̂ − 𝑦| ≥ 𝛿). We set the threshold 𝛿 to the 90th percentile of the 
absolute residuals from the model run, providing an adaptive criterion to changes during 
the optimization process.  
 
The minimization of the loss function was conducted in a two-stage process for better 
efficiency. We firstly performed global search using the dual annealing algorithm66 
implemented in the SciPy package (version 1.16.3, Python 3.12). The hyperparameters 
were set as follows: initial temperature = 5 × 104, restart temperature ratio = 1 × 10-4, and 
visiting parameter = 2.85. The parameter set with the lowest loss value from the dual 
annealing stage was then used as the initial guess for a subsequent local refinement using 
the L-BFGS-B method (a time- and memory-efficient minimization algorithm with good 
performance for non-smooth problems),67 which is also implemented in SciPy. Parameters 
𝑎 and 𝑏 were log-transformed within the optimization search space to stabilize the search 
process by mitigating scaling issues when values approach zero. Uncertain planting 
history and particle dimensions were set as the median values of the inferred uniform 
distribution at this primary stage. To avoid falling into local minimal basins, this process 
was conducted in three batches with different random seeds, and we picked the smallest 
loss value as the result of primary optimization. 
 
After the primary optimization, we performed a Bag of Little Bootstraps (BLB) estimation 
to address uncertainties. The BLB method combines bootstrapping with subsampling, 
therefore enables analyzing massive datasets under limited computation resources.68 
Given that the step-wise matrix multiplications in our model have a computational 
complexity that increases quadratically with the number of data entries, BLB proves 
especially valuable under computational constraints. We generated 3000 subsamples by 
randomly drawing 100 data entries from the original dataset without replacement. Then 
for each subsample, we randomly assigned the particle dimension (see equation (2)) and 
planting history (see section “Handling ambiguous and missing data”). Afterwards, we 
created a bootstrap replicate from this subsample by resampling its observations with 
replacement, yielding a final bootstrap sample. Using the primary optimization results as 
initial values, we conducted the local refinement optimization on each bootstrap replicate 
with the L-BFGS-B algorithm. Optimization results exceeding the search space (Table S10) 
were removed. The resulting parameter sets were then used to generate a distribution of 
predictions for model evaluation and statistical analysis. 
 



Model performance evaluation 
We used the median values of model predictions for direct comparison with observational 
data. As a visual preliminary assessment, we plotted the histograms of observations and 
predictions in the log space to check the overall distributional alignment, as well as the 
residuals vs. predictions to examine the independence of errors. Since the dataset is 
skewed with a few extreme outliers, and since the model was optimized with Huber loss 
instead of Residual Sum of Squares (RSS), the conventional 𝑅2  is not an accurate 
reflection of the fitting performance. Therefore, we constructed a robust 𝑅2 based on the 
criteria of the Huber loss function: 

𝑅robust
2 = 1 −

𝐿𝛿(𝑦̂ − 𝑦)
𝐿𝛿(𝑦 − 𝑦) (8) 

where 𝑦 is the observed value, 𝑦̂ is the median point of prediction, and 𝑦 is the average 
value of observations. The loss function 𝐿𝛿  is defined as in equation (7) . When the 
residuals fall within the threshold 𝛿, the metric reduces to the conventional 𝑅2. We also 
reported the median absolute error (MedAE) and mean absolute error (MAE) on both 
original and log-transformed data, as well as Pearson correlation. Apart from using the 
median prediction values, we calculated the coverage on observational data from the 95% 
prediction interval. We further validated our model’s performance by simulating with site-
specific conditions from five publications that reported time-series MP accumulation of the 
same or similar sites.30,32,69–71 To showcase the advantage of our process-based modelling 
approach over commonly used statistical methods, we adopted Meizoso-Regueira et al.’s 
regression-based prediction model24 for our dataset, and used its prediction results as a 
benchmark for performance evaluation (details in Method S5).  
 
 
Statistical analysis for fragmentation rates and sources 
We performed a Kruskal-Wallis H test followed by Bonferroni-adjusted post hoc Mann-
Whitney U tests to evaluate the effects of climate types (high UV vs. low UV) and cropping 
cycles (annual vs. perennial) on MP fragmentation rates. To assess the long-term input 
intensity from different sources, we simulated the accumulation of MP after 5, 25, and 75 
years of continuous input (from 2025 to 2030, 2050, and 2100), and compared across 
sources based on total mass and particle abundance and size distribution. The mass of a 
particle at size class 𝑘 was estimated as  

𝑚𝑘 = 𝜌 ⋅ 𝐿𝑘
𝐷𝑁 ⋅ 𝑙min

3−𝐷𝑁 (9) 
where 𝜌 is the density (assumed as 1 g/cm3),  𝐿𝑘  is the characteristic size of MP in size 
class 𝑘, 𝐷𝑁  is the particle dimension, and 𝑙min is the lower bound of the smallest MP size 
class defined in our model. The same statistical method was used for comparing different 
sources. 
 
 



Theoretical analysis of single-particle evolution 
To further explore the intrinsic dynamics of the model under idealized conditions, we 
simulated the long‑term evolution of a single parent MP particle (largest size class 𝑘 = 0) 
without any subsequent external input. The system was then allowed to evolve under four 
settings as the combination of high/low UV irradiation and annual/perennial crops. The 
fragmentation process followed parameter values obtained from the BLB process, and 
size distributions were recorded at 1, 5, 10, 50, 100, 200, 500, and 1000 years of evolution. 
This analysis isolates the effect of the size-dependent fragmentation from the confounding 
influence of continuous emission inputs, thus reveals the inherent redistribution patterns 
of particle numbers across size classes at extremely long timescales. 
 
 
Sensitivity analysis 
We conducted a local sensitivity analysis using a one-at-a-time approach to evaluate the 
model’s sensitivity to each optimized parameter. For each optimized parameter, we 
applied perturbations of ±1%, ±5% and ±10% relative to its baseline (median value from 
the bootstrapping samples) while keeping all other parameters constant. We then 
calculated the relative changes of the loss function. This allowed us to check the stability 
of the results and identify which parameters dominate the model performance when 
pushed away from their optimal values. 
 
As we applied data imputation for a substantial proportion of data entries, we assessed 
how this affected our findings. This was done as rerunning the parameter optimization 
process on high-quality subsets without missing planting histories or without missing lower 
bounds of particle size. We used the primary optimization results as initial values, and 
performed L-BFGS-B algorithm for each high-quality subset. The convergence threshold 
was set as 10-10 for higher precision and avoid falling into nearby parameter sets. The 
results were then compared against the optimization on the entire dataset. 
 
 

Case study: MP accumulation by mulching in China 
We use China as a case study to test our model on the MP accumulation from mulching. 
The use of plastic mulch films in China have expanded more than three folds over the past 
three decades72 (Figure S9). Based on provincial-level data from the China Rural 
Statistical Yearbooks (Department of Rural Socioeconomic Survey, 1994–2024), we 
simulated the historical MP accumulation caused by mulching in agricultural soils across 
China from 1993 to 2050. For each province, the proportion of mulched cropland area was 
linked to the dominant Köppen climate types of major farming regions (Table S11; Figure 
S10), which were used to determine the climate conditions in the model. We assumed that 
plastic mulch films were applied exclusively to annual cropping systems given their 



primary use in crops such as maize, cotton, and vegetables. To project future trends, three 
scenarios were defined as: (1) Business as Usual, where the future mulching input 
intensity was set as the mean values of 2020–2024; (2) Moderate Mulching Residuals, 
where the future mulching residuals in croplands was 50% of the Business-as-Usual 
scenario; and (3) No Mulching Residuals, representing a complete removal of new MP 
inputs from mulching. For each scenario, we simulated the temporal evolution of MP 
accumulation across provinces and tracked the redistribution of particles across size 
classes. 
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Tables and figures 
 
Table 1. Current models on microplastic fragmentation 

Target  
system 

Size-
dependent 

Temporal 
evolution 

Mechanism 
interpretation 

Empirical 
validation 

Publication 

Marine √ √ × × George et al.23 
Marine √ √ × × P.-M.26 

Terrestrial × √ √ √ Quik et al.27 
Terrestrial √ × × √ Wang et al. 28 
Agriculture × √ × √ M.-R. et al.24 

Marine √ √ √ √ Kaarndop et al.25 
Agricultural √ √ √ √ This work 

 
 

 

Figure 1. Conceptual framework of MP input sources and fragmentation processes in 
farmland soils. (a) Potential pathways introducing MP into farmland soils include atmospheric 
deposition, plastic mulch films, plastic greenhouses, applications of organic fertilizers, wastewater 
irrigation, and unmanaged littering. (b) Size-dependent MP aging and fragmentation drivers in the 
farmland soil profile. In the bulk soil matrix, large MPs are primarily influenced by UV-driven 
photoaging and macro-scale mechanical abrasion from tillage. As particle size decreases and MPs 
become incorporated into soil aggregates, biotic aging and micro-stresses induced by wet-dry 
cycles increasingly govern the dynamics. (c) Conceptual representation of the modelling framework 
where multiple mechanisms contribute to the same environmental process and the relative 
importance of different mechanism shifts over spatial scale. Mechanism A in dashed orange line 
(e.g., photoaging) and B in dashed blue line (e.g., biological aging) both contribute to MP 
fragmentation in agricultural soils, and both changes depending on the size of MP particles. As a 
result, the observed fragmentation rate also changes in solid green line. The modelling framework 
captures this aggregate response through a unified effective parameter rather than explicitly 
resolving each mechanism. Note: the background illustration of panel (a) was generated by Doubao 
(ByteDance). 
 
 



 
Figure 2. Model predictions and observations. (a) Comparing on the complete dataset.  Boxplot 
of observed MP abundance and median values of predicted distribution across particle size classes. 
For each observational data, we only plot the median value of the predicted distribution from 
bootstrapping. The median value of each box is shown as a horizontal line. Whiskers extend to the 
5–95% intervals of boxes. (b) Validation against time-series data from literature. Model prediction 
coverage reached 90.48% on five agricultural sites over the span of more than 20 years.30,32,69–71 
Solid lines with circles denote observational data; dashed line with triangles denote median values 
of simulated data, and error bars cover the 95% prediction intervals. 
 
 

 
Figure 3. Size-dependent fragmentation rates under different climate types and cropping 
systems. (a) Median values of fragmentation rates against MP sizes. Orange lines represent high-
UV climates and blue ones represent low-UV climates. Annual crop sites are plotted in solid lines, 
and perennial sites in dash-dot lines. (b)–(d) Boxplots of the limits of fragmentation rates for small 
MPs under different climate conditions, and for large MPs across climate conditions combined with 
cropping cycles. The median value of each box is shown as a horizontal line. Whiskers extend to 
the 5–95% intervals of boxes. *** p < 0.001 (Bonferroni-adjusted Mann-Whitney U Test). 
 



 

 
Figure 4. Simulated MP accumulation in annual crop sites under high UV climates after 5, 
25 and 75 years (from 2025 to 2030, 2050 and 2100) of different continuous inputs. (a) MP 
mass concentrations (mg/kg) for different sources (atmospheric deposition, wastewater irrigation, 
organic fertilizer application, unmanaged littering, plastic greenhouses and mulch films). (b) 
Corresponding particle abundances (items/kg). Bars denote median values and error bars indicate 
the interquartile range (Q1–Q3) derived from bootstrap simulations. (c) The evolution of size 
distributions (probability density functions, PDF) for each source, shown as the median values of 
model simulation. Color gradients in each panel represents the time periods of simulation, where 
the darkest shades stand for 5 years, moderate shades for 25 years, and light shades for 75 years. 
 
 

 
Figure 5. Simulated theoretical evolution of MP size distributions for a single parent particle 
(5 mm) under (a) high- and (b) low-UV climates in an annual crop site. Curves represent the 
median relative abundance across size classes after 1, 10, 100, 500, and 1000 years, and shaded 
bands indicate the 5–95% uncertainty.  
 
 



 
Figure 6. Tornado plot of model sensitivity at perturbations of (a) ±1%, (b) ±5% and (c) ±10% 
for each optimized parameter. Blue bars represent the changes in relative loss values from 
positive perturbations on parameters, and orange bars represent the changes from negative 
perturbations. 
 
 

 
Figure 7. Provincial-level projections of MP accumulation in Chinese agricultural soils 
derived from plastic mulch films. The first column represents the baseline condition in 2024, and 
the other three projections for 2050 including Business as Usual, Moderate Mulching Residuals 
(50% reduction of residual inputs), and No Mulching Residuals. Rows represent different particle 
size classes (> 1767.8 μm, 55.2–1767.8 μm, and 6.9–55.2 μm). Colors indicate simulated values 
of MP abundance (items/kg) within agricultural soils.  
 
 



Box 1. Future Research Directions towards a comprehensive plastic pollution 
modelling approach for agricultural soils 
 
i) Quantifying micro-scale mechanisms of MP fragmentation. In particular, wetting–

drying cycles within soil aggregates may generate repeated mechanical stress 
capable of fragmenting MPs over long timescales. Similarly, biotic aging driven by 
microbial activity may alter polymer surfaces and accelerate subsequent 
fragmentation. Quantifying these processes experimentally would provide valuable 
constraints for future models. 

ii) Expanding detection limits of analytical techniques for plastic pollution. Current 
measurement methods often have detection limits at tens or hundreds of micrometers, 
whereas fragmentation models suggest that large MPs may continuously generate 
much smaller particles. Improved detection technologies would therefore help validate 
fragmentation models and better characterize the full spectrum of MP sizes in soils. 

iii) Developing remediation strategies to handle legacy MPs in agricultural soils. As we 
show that large plastic fragments remain from historical MP pollution, developing 
specific removal tools of plastic fragments such as in-situ biodegradation agents is 
critical to minimize future MP impacts on agricultural landscapes and food systems. 

iv) Linking MPs in agricultural soils to crop production and regulating ecosystem services. 
Future work should assess the ecotoxicological effects of MPs on soil organisms and 
crop systems, and explore the potential development of crop varieties that are more 
tolerant to MP-contaminated soils. 
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Supplementary Methods 
Method S1. Handling missing planting years 
We used the empirical modal range (central 20–80% percentile range) of known planting 
histories in our dataset (Figure S6) to infer the potential minimum and maximum planting 
years of unknown sites. The criteria are as follows: 
1. For all data with unknown planting histories, the default range is 6.4–22.5 years, which 

is the majority of available site planting histories in our dataset (Figure S6a); 
2. If a site applied mulching, we infer its planting history as 7–22.5, as this is the main 

range for mulching sites with known planting histories (Figure S6b); 
3. Plastic greenhouses suggest a planting history of 8.7–19.6 years, as indicated in our 

dataset (Figure S6c); 
4. If organic fertilizers have been applied, we infer that the planting years of the site is 6–

22.5 years (Figure S6d), which is relatively shorter because the practice of organic 
fertilization might be intervened by changing factors like policies, supplies, etc.; 

5. The inferred planting histories for sites with poorly managed littering is set as 11.2–
29.4 years (Figure S6e); 

6. Compared to annual crop sites, perennial sites such as orchards tend to be managed 
more consistently. Thus, we add extra 5 years to the inferred minimum and maximum 
of inferred planting years. 

When multiple rules are triggered simultaneously, we take the intersection of all ranges 
as the final inferred planting history. 
 
 

Method S2. MP Particle Dimensions 
From the 438 data entries collected from the literature, we retrieved 300 entries of MP 
particle shape data, such as fibers, films, pellets, fragments, and others. Based on their 
geometric features, each shape category was assigned a fixed particle dimensionality (𝐷𝑁). 
Fibers and lines were assigned a 𝐷𝑁  of 1, as their length is the dominant dimension. Films, 
sheets, and flakes were given a 𝐷𝑁 of 2, since their thickness is substantially smaller than 
the length and width. Pellets, spheres, beads, and granules were assigned a 𝐷𝑁  of 3, 
reflecting their similar or identical scales in all directions. Fragments were given a 𝐷𝑁  of 
2.5, as they exhibit irregular, asymmetrical shapes without any dimension being 
significantly smaller than the others. Foams were also assigned a 𝐷𝑁  of 2 because the 
porous structure limits the fragmentation process to the 2-D surfaces of pore walls. Using 
these assignments, we calculated the weighted average particle dimension for each data 
entry (Figure S7). We set the 𝐷𝑁  in our model to follow a uniform random distribution 
between 1.4–2.4, roughly covering the central 80% of the data. 
 
 



Method S3. Formulation of the transition matrix 
In our model, the temporal size distribution of MP is described as an array  

𝒀(𝑡) = [𝑦0,𝑡 𝑦1,𝑡 𝑦2,𝑡 … 𝑦𝑘,𝑡 … 𝑦𝐾,𝑡]𝑇 
where 𝑦𝑘,𝑡 is the MP mass at size class 𝑘 at time 𝑡. After a timestep of Δ𝑡, we get a new 
size distribution 𝒀(𝑡 + Δ𝑡). If we do not consider any external inputs, the new distribution 
would be completely determined by the fragmentation process. After Δ𝑡, particles at size 
class 𝑘0  split off into a series of smaller particles,1 and the mass proportion of child 
particles at size class 𝑘𝑒 is  

𝑃𝑘0→𝑘𝑒 =
Γ(𝑘𝑒 − 𝑘0 + 𝜆Δ𝑡 − 1)

Γ(𝑘𝑒 − 𝑘0 + 1) ⋅ Γ(𝜆Δ𝑡) ⋅ 𝑝𝑘𝑒−𝑘0 ⋅ (1 − 𝑝), (𝑘𝑒 ≥ 𝑘0) 

Consider particles at size class 𝑘, the updated value is  
𝑦𝑘,𝑡+Δ𝑡 = 𝑃0→𝑘 ⋅ 𝑦0,𝑡 + 𝑃1→𝑘 ⋅ 𝑦1,𝑡 + ⋯+ 𝑃𝑘→𝑘 ⋅ 𝑦𝑘,𝑡 

Therefore, we can formulate the Markov process as  

[
 
 
 
 
 
 
𝑦0,𝑡+Δ𝑡
𝑦1,𝑡+Δ𝑡
𝑦2,𝑡+Δ𝑡

⋮
𝑦𝑘,𝑡+Δ𝑡

⋮
𝑦𝐾,𝑡+Δ𝑡]

 
 
 
 
 
 

=

[
 
 
 
 
 
 
𝑃0→0 0 0 ⋯ 0
𝑃0→1 𝑃1→1 0 ⋯ 0
𝑃0→2 𝑃1→2 𝑃2→2 ⋯ 0

⋮ ⋮ ⋮ ⋱ ⋮
𝑃0→𝑘 𝑃1→𝑘 𝑃2→𝑘 ⋯ 0

⋮ ⋮ ⋮ ⋱ ⋮
𝑃0→𝐾 𝑃1→𝐾 𝑃2→𝐾 ⋯ 𝑃𝐾→𝐾]

 
 
 
 
 
 

×

[
 
 
 
 
 
 
𝑦0,𝑡
𝑦1,𝑡
𝑦2,𝑡
⋮

𝑦𝑘,𝑡
⋮

𝑦𝐾,𝑡]
 
 
 
 
 
 

 

i.e., 
𝒀(𝑡 + Δ𝑡) = 𝑻 ⋅ 𝒀(𝑡) 

where 𝑻 is the dominating transition matrix under timestep Δ𝑡. To include external MP 
input sources, the input arrays is added onto 𝒀(𝑡) before the matrix multiplication: 

𝒀(𝑡 + Δ𝑡) = 𝑻 ⋅ (𝒀(𝑡) + ∑ 𝛼𝑖 ⋅ 𝐈𝐧𝐩𝐮𝐭𝑖
𝑖∈𝑆

) 

which yields the same equation as (5) in the main text. 
 
 

Method S4. Assessing vertical transports and mineralization 
There are two main factors challenging the conservation of mass in our model: vertical 
downward transport and biological mineralization. 
 
MPs in the top layers of soil may be vertically transported to deeper soil and eventually 
into underground waters. However, the speed of vertical transport is relatively slow. For 
instance, Zhao et al. reported that after 4 runs of irrigation (up to saturated state), only 0.2% 
of the total MP transported to the 40–50 cm soil layer.2 Another experiment simulated 14 
days of heavy rainfall (13 mm/h), and found only 0.6% of total MPs transported below 18 
cm.3 Realistic field trials in Switzerland also revealed a minimal vertical transport of MPs, 
with only ~1% reaching below 8 cm soil depth in two years,4 which is roughly 22% in the 



top layer after 50 years. Given that the MP concentration in our dataset varies across more 
than 4 magnitudes, the mass loss is considered small and negligible. Therefore, we 
neglect the mass loss due to vertical transport in our model.  
 
For biological mineralization, Chamas et al. proposed the concept of specific surface 
degradation rate (SSDR), whereby the perpendicular depth of plastic degradation per unit 
time is used to quantify microbial activities.5 This allows for comparisons across different 
MP particle sizes and shapes. However, they likely over-estimated the reaction rates in 
soil profiles, as the literature data they adopted were mostly under controlled lab 
conditions and/or enriched MP-degrading microbes. Liao & Chen tested MP 
biodegradation under realistic field conditions for six months, and reported a weight loss 
of -0.1 ± 0.3% for non-biodegradable polyethylene films (thickness = 25 μm).6 Based on 
geometric conversion, this corresponds to an annual surface degradation rate of 25 ± 75 
nm per year. For a sphere-shaped MP particle at the smallest size class of our model 
(9.76 μm in diameter), this reaction rate translates to an annual mass loss of merely 0.26 
± 0.77%. The relative mass loss becomes even smaller for larger particle size classes. 
Therefore, the impact of biological mineralization on MP mass can also be neglected in 
our model. 
 
 

Method S5. Poisson regression model as the benchmark 
Meizoso-Regueira et al.7 developed a statistical model to predict the accumulation of 
microplastics in agricultural soils. The model is based on Poisson regression 

𝑌~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆);   𝜆 = 𝑒𝛽0+𝛽1𝑥 = 𝑒𝛽0 ⋅ (𝑒𝛽1)𝑥 
where 𝑌 is the MP abundance (summed up from all size classes), 𝑒𝛽0 is the expected 
response of microplastic accumulation for time zero 𝑥 = 0, and 𝑒𝛽1 is the expected rate of 
increase by unit of time 𝑥. The original model was performed on a long-term dataset of 
organic fertilizer applications, which is relatively simple. To adapt the model for our dataset 
with multiple input sources, we constructed the prediction equation as the sum of all 
sources, and allowed 𝛽0 and 𝛽1 to vary for each one.  

𝜆 = ∑𝑒𝛽𝑖,0 ⋅ (𝑒𝛽𝑖,1)𝑦𝑒𝑎𝑟𝑠

𝑖∈𝑆

 

We then constructed the loss function using the same Huber loss criteria, and optimized 
the parameters using the dual annealing algorithm. After obtaining the best parameter set, 
we compared the model performance using the same evaluation criteria of the process-
based model of this work.  
 
 



Supplementary Tables 
 
Table S1. Model performance on the complete dataset, comparison to the regression-based 
benchmark model,7 and validation on literature with time-series data. MedAE – median 
absolute errors; MAE – mean absolute errors. 
 Complete dataset Validation Benchmark 

Robust 𝑅2 (Huber loss) 0.412 0.586 0.341 
MedAE (items/kg) 200.49 425.64 5099.58 

MedAE on logarithm* 1.48 0.68 2.04 
MAE (items/kg) 1627.85 1024.27 15693.78 

MAE on logarithm* 1.85 0.62 2.97 
Pearson correlation 0.230 0.775 0.056 
Prediction coverage† 43.18% 90.48% NA 

Number of observations 3235 21 438 
* Logarithmic transformation with a shift of one, i.e., log10(𝑦 + 1). 
† The coverage of 95% prediction intervals on observations. 
 
 
Table S2. Summary of posterior distributions of optimized parameters from the BLB process. 
The table presents the median, first quartile (Q1) third quartile (Q3), and the 5th and 95th percentiles 
(PR5 and PR95, representing the 90% credible interval) for each parameter. For meanings of each 
parameter, see Table S10. The derived parameters 𝒂𝟎 + 𝜹𝒂 and 𝒂𝟏 + 𝜹𝒂, as defined in equation 
(𝟒), are also included. 
Parameter Median Q1 Q3 PR5 PR95 
a0 1.15 × 10−5 8.29 × 10−6 1.61 × 10−5 2.42 × 10−8 6.98 × 10−5 
a1 5.81 × 10−4 5.04 × 10−4 9.03 × 10−3 3.68 × 10−7 2.29 × 10−3 
delta_a 6.85 × 10−5 5.57 × 10−5 9.97 × 10−5 2.84 × 10−8 3.65 × 10−4 
a0 + delta_a 8.05 × 10−5 6.98 × 10−5 1.19 × 10−4 8.26 × 10−7 4.65 × 10−4 
a1 + delta_a 6.60 × 10−4 5.69 × 10−4 1.03 × 10−3 4.42 × 10−6 2.54 × 10−3 
b0 1.00 × 10−6 4.49 × 10−7 1.34 × 10−6 2.36 × 10−9 5.56 × 10−6 
b1 1.23 × 10−10 9.28 × 10−11 2.23 × 10−10 1.31 × 10−12 2.69 × 10−9 
theta 7.05 6.97 7.12 5.58 7.53 
beta 3.81 3.73 3.97 2.90 4.57 
macro_1 0.381 0.326 0.493 0.072 0.795 
macro_2 0.037 0.027 0.100 0.000 0.409 
macro_3 0.038 0.003 0.047 0.000 0.214 
micro_1 0.034 0.026 0.049 0.013 0.091 
micro_2 0.117 0.064 0.154 0.000 0.299 

 
 



Table S3. Simulated MP accumulation from different input sources in annual crop sites under high-UV climates after 5, 25 and 75 years, 1 
measured in mass concentration (mg/kg) and particle abundance (×103 items/kg). Results are reported as the median value followed by the 2 
interquartile range (Q1–Q3) in brackets.  3 

 Concentration (mg/kg) Abundance (×103 items/kg) 
 5 years 25 years 75 years 5 years 25 years 75 years 

Mulch films 5.8 (1.3, 29.1) 28.7 (6.2, 144) 84.2 (18.1, 430) 0.2 (0.1, 0.3) 3.2 (1.7, 6) 46.1 (20.3, 101) 
Greenhouse 0.6 (0.1, 3.9) 3.1 (0.5, 19.4) 8.8 (1.4, 57.4) 0.02 (0.01, 0.05) 0.3 (0.1, 0.9) 4.7 (1.4, 13.9) 

Littering 0.3 (0, 1.9) 1.6 (0.1, 9.5) 4.8 (0.2, 28.1) 0.01 (0, 0.03) 0.2 (0, 0.5) 2.9 (0.1, 8) 
Organic fertilizer 0.5 (0.2, 2.4) 2.6 (0.8, 11.8) 7.4 (2, 34.7) 1.1 (0.8, 1.6) 6.7 (4.6, 9.4) 27.4 (17.8, 41.8) 

Wastewater irrigation 1.3 (0.3, 6.6) 6.4 (1.5, 32.8) 18.7 (4.3, 97.3) 0.5 (0.3, 0.7) 4.3 (2.4, 6.8) 29.2 (14.8, 52.5) 
Atmospheric deposition 0.4 (0.1, 1.9) 2 (0.5, 9.6) 5.8 (1.4, 28.6) 0.5 (0.5, 0.6) 3.1 (2.9, 3.5) 13.5 (10.8, 18.2) 

 4 
 5 
Table S4. Simulated MP accumulation from different input sources in annual crop sites under low-UV climates after 5, 25 and 75 years, 6 
measured in mass concentration (mg/kg) and particle abundance (×103 items/kg). Results are reported as the median value followed by the 7 
interquartile range (Q1–Q3) in brackets.  8 

 Concentration (mg/kg) Abundance (×103 items/kg) 
 5 years 25 years 75 years 5 years 25 years 75 years 

Mulch films 5.8 (1.3, 29) 28.8 (6.3, 144) 86.3 (18.8, 432) 0.1 (0.1, 0.1) 0.8 (0.6, 1.1) 4.1 (2.6, 7.2) 
Greenhouse 0.6 (0.1, 3.9) 3.1 (0.5, 19.4) 9.2 (1.5, 58.2) 0.01 (0.01, 0.03) 0.08 (0.05, 0.22) 0.4 (0.2, 1.3) 

Littering 0.3 (0, 1.9) 1.6 (0.1, 9.7) 4.9 (0.2, 28.9) 0.01 (0, 0.01) 0.07 (0.01, 0.12) 0.3 (0.04, 0.7) 
Organic fertilizer 0.5 (0.2, 2.4) 2.7 (0.8, 11.8) 7.9 (2.3, 35.4) 1.1 (0.8, 1.5) 5.6 (3.9, 7.8) 18.3 (12.9, 25.7) 

Wastewater irrigation 1.3 (0.3, 6.6) 6.5 (1.5, 33) 19.4 (4.6, 98.8) 0.4 (0.2, 0.7) 2.3 (1.3, 3.7) 9.4 (4.9, 15.4) 
Atmospheric deposition 0.4 (0.1, 1.9) 2 (0.5, 9.7) 6.1 (1.5, 29.1) 0.5 (0.5, 0.5) 2.7 (2.5, 2.8) 8.5 (8, 9.2) 

 9 
 10 



Table S5. Simulated MP accumulation from different input sources in perennial crop sites under high-UV climates after 5, 25 and 75 years, 11 
measured in mass concentration (mg/kg) and particle abundance (×103 items/kg). Results are reported as the median value followed by the 12 
interquartile range (Q1–Q3) in brackets.  13 

 Concentration (mg/kg) Abundance (×103 items/kg) 
 5 years 25 years 75 years 5 years 25 years 75 years 

Mulch films 5.8 (1.3, 29.1) 28.7 (6.2, 145) 85.1 (18.3, 431) 0.2 (0.1, 0.2) 2.7 (1.5, 5.2) 37.3 (16.1, 82.5) 
Greenhouse 0.6 (0.1, 3.9) 3.1 (0.5, 19.4) 8.9 (1.4, 57.7) 0.02 (0.01, 0.04) 0.3 (0.1, 0.8) 3.7 (1.2, 10.6) 

Littering 0.3 (0, 1.9) 1.6 (0.1, 9.5) 4.8 (0.2, 28.3) 0.01 (0, 0.02) 0.2 (0.02, 0.5) 2.3 (0.1, 6.4) 
Organic fertilizer 0.5 (0.2, 2.4) 2.6 (0.8, 11.8) 7.5 (2.1, 34.8) 1.1 (0.8, 1.6) 6.4 (4.6, 9.3) 25.8 (17, 39.5) 

Wastewater irrigation 1.3 (0.3, 6.6) 6.4 (1.5, 32.8) 18.9 (4.3, 97.7) 0.5 (0.2, 0.8) 4 (2.1, 6.7) 27 (12.5, 48.3) 
Atmospheric deposition 0.1 (0.03, 0.6) 0.7 (0.2, 3.2) 2 (0.5, 9.4) 0.2 (0.2, 0.2) 1 (0.9, 1.1) 4.2 (3.4, 5.6) 

 14 
 15 
Table S6. Simulated MP accumulation from different input sources in perennial crop sites under low-UV climates after 5, 25 and 75 years, 16 
measured in mass concentration (mg/kg) and particle abundance (×103 items/kg). Results are reported as the median value followed by the 17 
interquartile range (Q1–Q3) in brackets. 18 

 Concentration (mg/kg) Abundance (×103 items/kg) 
 5 years 25 years 75 years 5 years 25 years 75 years 

Mulch films 5.8 (1.3, 29) 28.8 (6.3, 145) 86.5 (18.9, 432) 0.1 (0.1, 0.1) 0.6 (0.5, 0.7) 2.0 (1.6, 2.7) 
Greenhouse 0.6 (0.1, 3.9) 3.1 (0.5, 19.4) 9.2 (1.5, 58.3) 0.01 (0.01, 0.03) 0.1 (0.04, 0.2) 0.2 (0.1, 0.6) 

Littering 0.3 (0.02, 1.9) 1.6 (0.1, 9.7) 4.9 (0.2, 29) 0.01 (0, 0.01) 0.1 (0, 0.1) 0.2 (0.02, 0.3) 
Organic fertilizer 0.5 (0.2, 2.4) 2.7 (0.8, 11.8) 8 (2.3, 35.5) 1.1 (0.8, 1.5) 5.5 (3.8, 7.5) 16.9 (11.6, 23.3) 

Wastewater irrigation 1.3 (0.3, 6.6) 6.5 (1.5, 33) 19.5 (4.6, 99) 0.4 (0.2, 0.6) 2 (1.1, 3.3) 6.4 (3.5, 10.7) 
Atmospheric deposition 0.1 (0.03, 0.7) 0.7 (0.2, 3.3) 2.1 (0.5, 9.8) 0.2 (0.2, 0.2) 0.9 (0.8, 0.9) 2.6 (2.5, 2.8) 

 19 
 20 



Table S7. Comparison of parameters optimized on the entire dataset (median values), the 21 
subset without missing particle size lower bounds, the subset without missing planting 22 
histories, and the subset excluding all missing data entries. For meanings of each parameter 23 
see Table S10.  24 

Dataset 
Parameter 

Entire dataset 
No missing 

lower bounds 
No missing 

planting histories 
No missing data 

a0 1.15 × 10−5 1.18 × 10−5 1.17 × 10−5 1.17 × 10−5 
a1 5.81 × 10−4 5.48 × 10−4 5.66 × 10−4 5.66 × 10−4 
delta_a 6.85 × 10−5 6.75 × 10−5 6.72 × 10−5 6.71 × 10−5 
b0 1.00 × 10−6 1.13 × 10−6 1.14 × 10−6 1.15 × 10−6 
b1 1.23 × 10−10 1.25 × 10−10 1.24 × 10−10 1.24 × 10−10 
theta 7.05 7.05 7.05 7.05 
beta 3.81 3.81 3.80 3.80 
macro_1 0.381 0.414 0.423 0.423 
macro_2 0.037 0.086 0.086 0.085 
macro_3 0.038 0.092 0.090 0.091 
micro_1 0.034 0.083 0.059 0.059 
micro_2 0.117 0.168 0.168 0.169 

 25 
 26 



Table S8. Overview of collected data entries across countries and climate conditions. 27 
Climate High UV  Low UV 

Total 
Country Am Aw Bw Bs Cs  Cf Cw Df Dw 
China . 14 25 53 .  138 27 . 91 348 
Bangladesh 8 10 . . .  . . . . 18 
India 9 7 . 1 .  1 . . . 18 
Pakistan . . 10 4 .  . . . . 14 
Australia . . . . .  8 . . . 8 
Canada . . . . .  . . 7 . 7 
South Korea . . . . .  . . . 6 6 
Tunisia . . . 1 4  . . . . 5 
Peru . . 4 . .  . . . . 4 
France . . . . .  3 . . . 3 
United States . . . . .  2 . . . 2 
Egypt . . 1 . .  . . . . 1 
Germany . . . . .  1 . . . 1 
Spain . . 1 . .  . . . . 1 
Sweden . . . . .  . . 1 . 1 
Turkiye . . . . 1  . . . . 1 
Total 153  285 438 

 28 
 29 



Table S9. Publications used for calibrating MP size distribution from various input sources. 30 
Input sources Publication 

Organic fertilizers  
Organic fertilizers from large commercial producers across China, 
made from livestock manure, crop straws and other residues. 

Zhao et al. 20238 

Organic fertilizers from local markets in Bangladesh. Rana et al. 20239 
Organic fertilizers from local markets across China, made from 
livestock manures or bacterial residues. 

Zhang et al. 202210 

Sludge from a wastewater treatment plant in Turkey. Üstün et al. 202211 
Compostable organic fractions of municipal solid waste in Iran. Fard et al. 202512 
Stabilized biosolids from water resource recovered facilities in 
United States and Canada. 

Hazma et al. 202613 

Organic fertilizers from local markets in Hangzhou, China, made 
of manures, organic wastes or botanical ashes. 

Qiu et al. 202614 

Wastewater irrigation  
Recycled irrigation water in Fuerteventura, Spain. P.-R. et al. 202415 
Irrigation water system polluted by industrial and domestic waste-
water in Taiwan, China. 

Jiang et al. 202316 

Effluent water from a wastewater treatment plant in Israel. Ben-David et al. 202117 
Effluent water from a wastewater treatment plant in Türkiye. Üstün et al. 202211 

Atmospheric deposition  
Suburban and rural areas in Düzce, Türkiye. Ertürk Arı et al. 202518 
The Alar agricultural zones in Xinjiang, China. Du et al. 202419 
Rural and natural areas around the Thulamela, South Africa. Mutshekwa et al. 202520 
Urbanized coastal zones of Gdynia, Poland. Szewc et al. 202121 
Rural and suburban areas of Chengdu, central-west China. Chen et al. 202422 
A wetland park in Guilin, southwestern China. Zhang et al. 202523 
Rural areas of Wenzhou, eastern China. Liao et al. 202124 
Low-population-density areas in Wuhan, China. Zhu et al. 202425 
Suburban area in Champs-sur-Marne, northern France. Beaurepaire et al. 202426 
Rural regions in North China Plain. Li et al. 202327 
Suburb area of Hamburg, northern Germany. Klein & Fischer 201928 
Farmlands in Beijing, China. Lu et al. 202429 
Rural sites across Tuscany, central Italy. Jafarova et al. 202530 
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Table S10. Parameter names, corresponding variables in the model structure, and their 33 
search spaces in the optimization process. 34 
Parameter Variable log10 𝑋  Min Max 
a0 𝑎0 in equation (4) Yes 10−20 100 

a1 𝑎1 in equation (4) Yes 10−20 100 
delta_a 𝛿𝑎 in equation (4) Yes 10−20 100 
b0 𝑏0 in equation (4) Yes 10−20 100 
b1 𝑏1 in equation (4) Yes 10−20 100 
theta 𝜃 in equation (3) No 0 9 
beta 𝛽 in equation (3) No 0.1 10 
macro_1 Mulching input* in equation (5) No 0 5 
macro_2 Greenhouse input* in equation (5) No 0 5 
macro_3 Littering input* in equation (5) No 0 5 
micro_1 Organic fertilizer input* in equation (5) No 0 5 
micro_2 Wastewater irrigation input* in equation (5) No 0 5 

* Total mass of the input array, in units of parent particle mass (𝑘 = 0). 35 
 36 
 37 
Table S11. Primary Köppen climate types and UV irradiation levels of provincial-level 38 
regions in China. The table only includes provincial-level regions whose data is available from the 39 
China Rural Statistical Yearbooks. For regions with multiple climate types, we mainly focus on the 40 
climate types of agricultural areas.  41 
Climate UV level Provincial-level regions 
Am/Aw High Hainan 
Bs/Bw High Shanxi, Inner Mongolia, Shaanxi, Gansu, Ningxia, Xinjiang 
ET High Tibet, Qinghai 
Cf/Cw Low Shanghai, Jiangsu, Zhejiang, Anhui, Fujian, Jiangxi, Hubei, 

Hunan, Chongqing, Sichuan, Guizhou, Henan, Guangdong, 
Guangxi, Yunnan 

Dw Low Beijing, Tianjin, Hebei, Liaoning, Jilin, Heilongjiang, Shandong 
 42 

 43 



Supplementary Figures 44 
 45 

 46 
Figure S1. Distribution of predicted values, observations, and residuals after logarithmic 47 
transformation. Panel (a)–(b) are the results of the median values of prediction from the process-48 
based model of this work, while panel (c)–(d) are the results of a regression-based model adapted 49 
from Meizoso-Regueira et al.7 The blue histograms in (a) and (c) represent the distributions of 50 
observational data, and the orange histograms show the distributions of model predictions. Blue 51 
scatters in panel (b) and (d) mark the residuals for each data point, the black horizontal lines denote 52 
the zero baseline, and red dotted lines represent the diagonal boundary which is a mathematical 53 
artifactual for non-negative data in the log space. 54 
 55 
 56 



 57 
Figure S2. Simulated MP accumulation in annual crop sites under low UV climates after 5, 58 
25 and 75 years of different continuous inputs. (a) MP mass concentrations (mg/kg) for different 59 
sources (atmospheric deposition, wastewater irrigation, organic fertilizer application, unmanaged 60 
littering, plastic greenhouses and mulch films). (b) Corresponding particle abundances (items/kg). 61 
Bars denote median values and error bars indicate the interquartile range (Q1–Q3) derived from 62 
bootstrap simulations. (c) The evolution of size distributions (probability density functions, PDF) for 63 
each source, shown as the median values of model simulation.  64 
 65 
 66 

 67 
Figure S3. Simulated MP accumulation in perennial crop sites under high UV climates after 68 
5, 25 and 75 years of different continuous inputs. (a) MP mass concentrations (mg/kg) for 69 
different sources (atmospheric deposition, wastewater irrigation, organic fertilizer application, 70 
unmanaged littering, plastic greenhouses and mulch films). (b) Corresponding particle abundances 71 
(items/kg). Bars denote median values and error bars indicate the interquartile range (Q1–Q3) 72 
derived from bootstrap simulations. (c) The evolution of size distributions (probability density 73 
functions, PDF) for each source, shown as the median values of model simulation.  74 
 75 
 76 



 77 
Figure S4. Simulated MP accumulation in perennial crop sites under low UV climates after 78 
5, 25 and 75 years of different continuous inputs. (a) MP mass concentrations (mg/kg) for 79 
different sources (atmospheric deposition, wastewater irrigation, organic fertilizer application, 80 
unmanaged littering, plastic greenhouses and mulch films). (b) Corresponding particle abundances 81 
(items/kg). Bars denote median values and error bars indicate the interquartile range (Q1–Q3) 82 
derived from bootstrap simulations. (c) The evolution of size distributions (probability density 83 
functions, PDF) for each source, shown as the median values of model simulation.  84 
 85 
 86 

 87 
Figure S5. Simulated theoretical evolution of MP size distributions for a single parent 88 
particle input under (a) high-UV with annual cropping, (b) high-UV with perennial cropping, 89 
(c) low-UV with annual cropping, and (d) low-UV with perennial cropping. Curves represent 90 
the median relative abundance across size classes after 1, 5, 10, 50, 100, 200, 500, and 1000 91 
years, and shaded bands indicate the 5–95% uncertainty.  92 
 93 
 94 



 95 
Figure S6. Distribution of site planting history on (a) all sites with available planting history 96 
information, and subsets with (b) mulching, (c) greenhouses, (d) organic fertilizers, and (e) littering. 97 
Solid lines show the kernel density curves, and vertical dashed lines denotes the range of the 60% 98 
central quantile intervals (20–80%). 99 
 100 
 101 

 102 
Figure S7. Histogram of MP particle dimensions (𝑫𝑵) from literature data. Solid lines show 103 
the kernel density curves, and vertical dashed lines denotes the range of 𝑫𝑵 in the fragmentation 104 
model (1.4–2.4), which covers around 80% of the distribution. 105 
 106 
 107 



 108 
Figure S8. Size distributions of MP from different input sources: (a) organic fertilizers, (b) 109 
wastewater, and (c) atmospheric deposition. Literature-derived MP abundance data for each size 110 
bin are shown as scatter points. These data were then log-transformed and modeled using 111 
quadratic regression. Solid lines are the fitted regression curve, and grey bands indicate the 95% 112 
confidence intervals for the fits.  113 
 114 
 115 

 116 
Figure S9. Annual total area of plastic mulching (hectares) in China. Data acquired from the 117 
China Rural Statistical Yearbook.31 The nationwide mulching area increased for more than three 118 
times from 1993 to 2023. 119 
 120 
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 122 
Figure S10. Provincial-level classification of primary Köppen climate types. Color coding: 123 
dark yellow – Bs or Bw; light yellow – ET; pink – Am; dark blue – Dw; light blue – Cf or Cw; grey – 124 
no data. 125 
 126 
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