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Abstract Microplastics (<5 mm) pose persistent global ecological risks due to their ubiquitous environmental distribution and 

negligible biodegradability. Compared with marine and freshwater ecosystems, for which global-scale distribution datasets 15 

have been increasingly developed, soil microplastic research still lacks a unified dataset that can support cross-regional 

comparison and geospatial analysis. Existing syntheses are mostly limited to national or regional scales, and the few global 

compilations remain constrained by data volume, spatial coverage, or variable harmonization. To address this gap, we 

systematically compiled published records of soil microplastics worldwide from 2005 to 2026. The resulting database 

comprises 6,197 harmonized records from 4,901 sampling sites across 49 countries, nearly doubling the record-level evidence 20 

base compared with the largest soil-microplastic distribution or risk synthesis identified to date. To enable cross-study 

synthesis, we developed a standardized schema to harmonize microplastic abundance records, land-use classifications, polymer 

types, shape categories, and particle-size data. Notably, we implemented particle-size distribution models to correct and 

harmonize abundance data reported across heterogeneous size fractions. Analysis of the compiled data reveals a highly uneven 

geographic distribution of current records, with Asia accounting for 89% of records with abundance information and China 25 

contributing the largest share. Soil microplastic abundance showed strongly right-skewed distributions across land-use types, 

and abundance patterns differed markedly between quantification methods. Spectroscopy-based records showed significantly 

higher median abundance than visual-based records. Differences in particle size, shape, and polymer composition among land-

use categories further indicate substantial heterogeneity in soil microplastic characteristics across terrestrial environments. 

This dataset is archived on the Zenodo platform at https://doi.org/10.5281/zenodo.20806151 (Wu et al., 2026). The 30 
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standardized data foundation presented here is critical for initializing global monitoring networks and accurately modeling soil 

microplastic dynamics across the Earth system. 

1 Introduction 

Microplastics (MPs; synthetic polymer particles < 5 mm) have emerged as ubiquitous anthropogenic markers within 

terrestrial ecosystems. Soils are now recognized not merely as transient sinks, but as the primary global reservoirs for plastic 35 

pollution, sequestering significantly greater quantities of MPs than marine environments (MacLeod et al., 2021). The 

accumulation of these particles fundamentally alters soil biophysical architectures, changing bulk density, aggregation 

dynamics, hydrological retention capacities and carbon pools (de Souza Machado et al., 2018; He et al., 2026). Mechanistically, 

MPs disrupt soil food webs, impair microbial enzymatic efficiencies, and serve as vectors for coocurring contaminants, 

including persistent organic pollutants and heavy metals (Rillig et al., 2024). As a consequence, the pervasive infiltration of 40 

soil MPs poses a cascading threat to biogeochemical cycling, root-soil interactions, microbial safety, and ultimately, global 

agricultural sustainability (Rillig et al., 2019; Wang et al., 2024). 

Over the past two decades, terrestrial MP research has bloomed, transitioning from localized agricultural assessments to 

global-scale sampling across diverse land uses and pristine environments (Baho et al., 2021; He et al., 2026; Rillig and 

Lehmann, 2020). This expansion has been driven by rapid advancements in analytical detection technics and methodologies. 45 

Current mainstream quantification relies predominantly on high-resolution spectroscopic techniques, notably Fourier-

transform infrared (FTIR) and Raman spectroscopy, alongside thermoanalytical approaches such as pyrolysis-gas 

chromatography/mass spectrometry (Py-GC/MS) (Mitrano et al., 2021). Furthermore, the integration of rapid, non-destructive 

mid-infrared (MIR) and visible-near-infrared (vis-NIR) spectroscopic frameworks is increasingly facilitating the high-

throughput screening of soil matrices (Corradini et al., 2019; Tran et al., 2026). These refined methodologies have allowed 50 

researchers to map MP inventories across industrial complexes, urban gradients, and deep soil profiles. 

Despite the proliferation of empirical studies, global synthesis efforts remain heavily constrained by extreme 

methodological fragmentation (Möller et al., 2020). Similar comparability problems have also been recognized in aquatic 

microplastic research, where recent studies have used calibrated data to support global marine and freshwater assessments 

(Zhang et al., 2025; Xu et al., 2026). For soils, however, comparable harmonization remains less developed. Existing soil 55 

studies still differ widely in sampling depths, extraction protocols, detection limits, particle-size ranges, identification methods, 

and reporting practices, which together hinder direct comparison of soil microplastic abundance and characteristics across 

regions (Hale et al., 2020). Several soil-focused synthesis efforts have attempted to address parts of this problem. Early global 

reviews summarized available evidence on soil microplastic concentrations and highlighted the limited and spatially uneven 

nature of terrestrial observations compared with aquatic environments (Büks and Kaupenjohann, 2020). Subsequent meta-60 

analyses examined soil microplastic contamination and ecological effects, including responses of soil biota and differences 

among agricultural land types (Wei et al., 2022; Liu et al., 2023). More recent data-driven studies, particularly in China, have 
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compiled hundreds to thousands of field observations to assess national-scale abundance patterns, stocks, drivers, and 

ecological risks using machine-learning or risk-assessment frameworks (Qiu et al., 2023; Zhang et al., 2024; Deng et al., 2025; 

Wang et al., 2026). At the global scale, recent meta-analyses have further shown that analytical methodology and other 65 

methodological factors strongly shape reported soil microplastic abundance, underscoring the need for harmonized data 

structures before robust cross-study comparison can be made (Wrigley et al., 2024; Ma et al., 2025). 

Nevertheless, existing syntheses either focus mainly on ecological effects, national-scale risk assessment, or 

methodological standardization, or remain constrained by limited site coverage and inconsistent variable harmonization. The 

spatiotemporal dynamics of soil microplastics therefore remain poorly constrained, and a globally harmonized, georeferenced, 70 

record-level dataset is still needed to establish baseline distributions, identify broad-scale environmental drivers, and support 

geospatial modelling and ecological risk assessment. By systematically compiling and harmonizing primary records, such a 

dataset can provide a standardized empirical foundation that integrates soil microplastic abundance, particle characteristics, 

land use, sampling information, and analytical methods across countries. To address this gap, we present a comprehensive 

global dataset of soil microplastics compiled from research published between 2005 and 2026, designed to facilitate large-75 

scale soil microplastic modelling, monitoring, and ecological risk assessment. 

2 Data collection and compilation 

2.1 Literature search 

A comprehensive literature search on soil microplastics was conducted in the Web of Science Core Collection up to 8 

January 2026. The search strategy employed the following query: TS = ((soil* OR "agricultural land" OR farmland OR 80 

cropland OR agriculture OR "cultivated soil" OR "terrestrial environment") AND ("microplastic*" OR "micro-plastic*") AND 

(abundance OR distribution OR pollution OR contamination OR concentration OR "risk assessment")). The identification and 

selection of relevant studies were performed in accordance with the Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA) guidelines proposed by Page et al (2021). The PRISMA diagram summarizes four sequential stages 

of the study and data selection process: identification of potentially relevant publications, screening of titles and abstracts, 85 

eligibility assessment through full-text review and data availability checks, and final inclusion of eligible studies and 

extractable records in the database. During the identification stage, a total of 4,422 records were retrieved, of which 9 duplicates 

were removed prior to screening. Subsequently, in the screening stage, 3,927 records were excluded based on title and abstract 

assessment, leaving 486 articles for full-text evaluation in the eligibility stage. At the eligibility stage, studies were excluded 

based on the following criteria: (i) lack of precise geographic coordinates, absence of spatial location descriptions, or missing 90 

georeferenced maps (n = 26); (ii) absence of soil microplastic records from terrestrial environments (n = 30); (iii) lack of 

relevant soil microplastic data (n = 54); and (iv) studies not investigating microplastic distribution under natural field 

conditions (n = 79). Following this rigorous selection process, a total of 297 studies were ultimately included in the final 

database, encompassing 4,901 sampling sites and 6,197 individual records worldwide, spanning multiple continents and a 
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broad range of land-use types. The database was restricted to primary field monitoring studies that reported original soil 95 

microplastic observations. Review articles, meta-analyses, and previous synthesis papers were not used as direct data sources 

for record extraction; when such papers were encountered, they were used only as background references or to help identify 

potentially relevant primary studies, and all extracted records were traced back to the original publications. 

 
Figure 1. The PRISMA flow diagram for articles identification and selection. 100 

2.2 Data extraction 

From the 297 selected studies, we extracted the following information: (1) basic article information, including publication 

year, authors, title, and journal; (2) study region information, including country, specific study area, elevation, and geographic 

coordinates (latitude and longitude); (3) soil sampling information, including sampling date and sampling depth; (4) soil 

characteristics, including soil pH, soil texture fractions (clay, silt, and sand), and soil organic carbon (SOC); (5) microplastic 105 

characteristics, including abundance, particle-size range, shape, and polymer type; and (6) pretreatment and identification 

method information, including pretreatment reagents and analytical instruments used for microplastic identification. All soil-

property information was extracted directly from the original publications when available. No external datasets were used to 

supplement missing soil-property information; unreported fields were recorded as NA. When abundance was reported 

separately for different soil layers, each layer-specific abundance value was retained as an independent record. Additionally, 110 

non-particle-based measurements, such as mass-based concentrations, were retained in the database as originally reported but 
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were not converted to particle-number units. These records were excluded from particle-number-based abundance analyses to 

avoid introducing assumptions about particle size, morphology, and polymer density. 

The relevant required information was manually extracted from the text, tables, charts, and supplementary materials in 

the selected articles. Quantitative information reported only in figures was digitized using GetData Graph Digitizer 115 

(http://getdata-graph-digitizer.com/). 

3 Data standardization 

3.1 Microplastics characteristics harmonization 

To improve comparability among studies, we harmonized the terminology used for key descriptive variables, including 

particle shape and polymer category, following existing recommendations for the harmonized reporting of plastic debris 120 

characteristics. (Hartmann et al., 2019; Cowger et al., 2020a). Due to inconsistencies in shape terminology among studies, we 

grouped microplastic shapes into six categories: Fiber, Fragment, Pellet, Foam, Film, and Others (Kooi and Koelmans, 2019; 

Lusher et al., 2020; Cowger et al., 2020b). Spherical or near-spherical particles, including records described as Sphere, Bead, 

Ball, or Pellet, were harmonized into the Pellet category to maintain consistency across studies, as these terms are often used 

for closely related bead-like morphologies (Lusher et al., 2020). Ambiguous or insufficiently described shapes, including 125 

records labeled only as “Particle”, as well as uncommon shape categories, were grouped into Others. 

Polymer type is a key descriptor of microplastics because it provides information on material composition and can help 

infer potential sources and polymer-specific hazard differences, thereby supporting the interpretation of microplastic 

occurrence and risk (Rochman et al., 2019; Ivleva, 2021; Yuan et al., 2022). Polymer names, abbreviations, and alternative 

spellings reported in different studies were standardized into 16 categories with reference to IUPAC recommendations for 130 

polymer-name abbreviations (He et al., 2014). To support source-related interpretation of polymer composition, the 16 polymer 

categories were further grouped into two broad material classes: Synthetic polymers and Cellulosic polymers. Synthetic 

polymers refer to conventional synthetic plastic materials, including polymer resins, engineering plastics, and synthetic fiber 

polymers (Geyer et al., 2017). Cellulosic polymers were treated separately to distinguish cellulose-derived, modified, or 

regenerated cellulosic materials from typical synthetic microplastics, as cellulosic and artificial cellulose fibers can be abundant 135 

in environmental microfiber samples (Suaria et al., 2020; Edo et al., 2025; Tao et al., 2025). Thus, synthetic polymers included 

Polypropylene (PP), Polyethylene (PE), Polystyrene (PS), Polyvinyl chloride (PVC), Acrylonitrile butadiene styrene (ABS), 

Polycarbonate (PC), Polymethyl methacrylate (PMMA), Polyethylene terephthalate (PET), Polyethylene succinate (PES), 

Polyurethane (PUR), Polyacrylonitrile (PAN), and Polyamide (PA). Cellulosic polymers included Cellulose (CE), Cellulose 

propionate (CP), and Semi-synthetic cellulose fiber (Rayon). Records that could not be clearly assigned to these classes or 140 

were insufficiently described were grouped into Others. 
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3.2 Particle-size harmonization 

To improve the comparability of particle-size data across studies, reported size intervals were harmonized into 

standardized size bins. The particle-size classification was based on the framework used in recent microplastic risk assessments, 

particularly Tao et al. (2025), and was further adjusted to match the most commonly reported size ranges in the collected 145 

studies. Accordingly, particle sizes were grouped into four standardized classes: <100 μm, 100–500 μm, 500–1000 μm, 1000–

5000 μm. 

The following rules were developed in this study to preserve original information as much as possible while avoiding 

duplicate counting, arbitrary percentage allocation, and excessive uncertainty from poorly constrained size intervals. Particle-

size intervals were reported in different formats across studies and were standardized before analysis. Following recent 150 

microplastic database harmonization practices for extracting numeric size values from heterogeneous size reports, we first 

extracted the lower and upper bounds of each reported size interval and converted all values to micrometers (Hafiz et al., 2026). 

For open-ended intervals, such as “<x” or “>x”, the corresponding methodological detection limit or reported size boundary 

was used when available. Records with insufficient boundary information were retained in the database but excluded from 

quantitative size analyses. 155 

For records with reported percentages for individual size intervals, the original percentages were used directly. If only 

one size interval was reported, 100% was assigned to that interval. When multiple intervals were reported without percentage 

information, no equal allocation was applied to avoid introducing artificial distributional assumptions; these records were 

retained for completeness but excluded from quantitative size-composition analyses. Intervals spanning more than one 

standardized size bin were assigned to a single bin using the geometric midpoint of the interval, except for excessively broad 160 

intervals. Wide intervals were identified using predefined quality-control criteria, including intervals spanning three or more 

standardized bins, intervals with an upper-to-lower bound ratio ≥20, or intervals covering nearly the full analytical range. 

When wide intervals accounted for more than 10% of the size records within a study, the corresponding study was excluded 

from quantitative size-composition analyses; otherwise, the affected intervals were assigned using the geometric midpoint rule. 

Records with detailed percentage information were further checked by converting them into wide-format tables, and summed 165 

percentages were required to equal 100% within a ±3% tolerance to account for rounding errors. 

3.3 Correction for size range and abundance 

Differences in analytical methods and instrumental detection limits among studies can affect the comparability of 

microplastic abundance data across particle-size ranges. Therefore, we applied a particle-size correction to harmonize 

abundance data reported across different size ranges. Previous studies have demonstrated that microplastic particle-size 170 

distributions generally follow a power-law relationship, in which smaller particles tend to occur at higher abundances 

(Koelmans et al., 2020). 

The particle-size spectrum was described using the following power-law model: 
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𝑦𝑦 = 𝑏𝑏𝑥𝑥−𝑎𝑎            (1) 

where y and x represent relative abundance (%) and particle size (μm), respectively, while α and b are the fitting 175 

parameters. 

To establish a unified particle-size correction relationship, we compiled 54 particle-size distribution datasets covering all 

land-use types. Following the power-law framework proposed by Koelmans et al. (2020), the relationship between microplastic 

abundance and particle size was fitted using a power-law model. This framework provides a basis for correcting differences 

in reported particle-size ranges across studies and improving the comparability of microplastic abundance data. 180 

Because reported particle-size intervals differed among studies, relative abundance was further normalized by interval 

width (xmax - xmin) before model fitting. This procedure produced a particle-size spectrum in which (y) represents relative 

abundance per unit size width, rather than the cumulative percentage within a size interval. The normalization reduces the 

influence of unequal bin widths on the estimated power-law exponent and follows the treatment used in previous particle-size 

spectrum analyses (Egoshi et al., 2026). The power-law relationship was then fitted in log–log space using ordinary least 185 

squares. 

 
Figure 2. Power-law fitting of the normalized microplastic particle-size spectrum. 

Based on the 84 particle-size distribution datasets, the fitted particle-size spectrum showed a significant negative power-

law relationship between particle size and normalized relative abundance (α =1.437, R2 =0.792). 190 

The particle-size correction range was uniformly set to 20–5000 μm. We selected 20 μm as the lower threshold because 

the detection limits of most studies were concentrated around this range, while 5000 μm corresponds to the upper size limit 

commonly used to define microplastics. 

The correction factor (CF) was calculated as follows: 
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𝐶𝐶𝐹𝐹 =
∫ 𝑏𝑏𝑥𝑥−𝑎𝑎𝑑𝑑𝑑𝑑𝑥𝑥2𝐷𝐷
𝑥𝑥1𝐷𝐷
∫ 𝑏𝑏𝑥𝑥−𝑎𝑎𝑑𝑑𝑑𝑑𝑥𝑥2𝑀𝑀
𝑥𝑥1𝑀𝑀

= 2𝐷𝐷1−𝑎𝑎𝑥𝑥 −1𝐷𝐷1−𝑎𝑎𝑥𝑥

2𝑀𝑀1−𝑎𝑎
𝑥𝑥 −1𝑀𝑀1−𝑎𝑎

𝑥𝑥           (2) 195 

where subscripts 1 and 2 denote the lower and upper bounds of the particle-size range, respectively, while D and M 

represent the target particle-size range and the measured particle-size range. Based on Eq. (5), the calculated correction factor 

enables the harmonization of microplastic abundance data reported across different particle-size ranges into a unified 

standardized size interval. 

3.4 Land-use classification harmonization 200 

To improve comparability among studies, reported land-use descriptions were harmonized into six broad land-use  types 

following the IPCC land-use classification framework: Cropland, Forest Land, Grassland, Wetlands, Settlements, and Other 

Land (IPCC, 2006, 2019). The IPCC framework was used as a common classification backbone because the original studies 

reported land use using heterogeneous terms and at different levels of detail. Records were assigned based primarily on the 

descriptions provided in the source articles, including the reported land use, dominant vegetation type, management context, 205 

and surrounding environmental setting, rather than solely on the literal land-use label. Ambiguous, mixed, or insufficiently 

described sites that could not be confidently assigned to Cropland, Forest Land, Grassland, Wetlands, or Settlements were 

grouped into Other Land. The harmonization rules and representative original land-use descriptions are summarized in Table 

1. 
Table 1. Harmonization rules for standardizing reported land-use descriptions. 210 

Standardized land-use type Definition used in this study 
Examples of original land-use 

descriptions included 

Cropland 

Land mainly used for crop production, 

horticulture, greenhouse cultivation, or other 

agricultural management activities. 

Agricultural, Farmland, Cropland, Paddy 

field, Dryland, Greenhouse, Facility 

farmland, Vegetable field, Cotton field 

Settlements 

Land strongly affected by human settlement and   

the built-up, including residential, commercial, 

industrial, transportation, institutional, 

recreational, public-use, and other urban 

infrastructure areas. 

Urban, Commercial District, Park, 

Residential, Urban greenspaces, 

Industrial land, Built land, Transportation 

area, Urban roadside, Bus terminal 

Forest Land 

Land dominated by trees and forest vegetation, 

including   natural or managed forests, 

woodlands, forest soils, forest buffers, and   

primary or secondary forest ecosystems. 

Woodland, Forest, Orchard, Plantation, 

Primary forest, Rubber plantation, 

Secondary forest, Forestland, Tropical 

rainforest 
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Grassland 

Land dominated by grasses, herbs or other   

low-stature vegetation, including natural   and 

managed grasslands, rangelands, meadows, 

pastures, tundra, and   shrub-dominated areas. 

Grassland, shrubland, Rangeland, 

Grassland soil, Shrub, Meadow, Flat 

grassland, Natural grassland, Permanent 

grassland, Slope   grassland 

Wetlands 

Land permanently or seasonally saturated with   

water and characterized by wetland   hydrology 

or vegetation, including inland wetlands, 

moorlands, tidal wetlands, and protected 

wetland areas. 

Wetland, Riparian, Riparian zone, 

Floodplain, Protected   Moorland, Swamp 

meadow, Beach, Floodplain grassland, 

Gravel Beach, Moor 

Other land 

Land not assigned confidently to Cropland, 

Forest Land, Grassland, Wetlands, or 

Settlements, including bare, vacant, desert, 

sandy, unused, abandoned, mixed, ambiguous, 

or insufficiently   described sites. 

Bare land, vacant land, Natural, Desert, 

Coral cays and islands, Other land, Sandy 

land, Uncultivated, Scenic Spot 

Perimeter, sparsely populated 

3.5 Sensitivity analysis of quantification methods 

Particle-size correction can improve the comparability of abundance records reported across different size ranges (Xu and 

Gao, 2025); however, methodological uncertainties related to particle identification and abundance quantification may still 

hinder fully consistent estimation of environmental microplastic abundance across studies (Zhao et al., 2025). Similar 

challenges remain in soil microplastic analysis, where different detection and identification techniques vary in analytical 215 

capability and quantitative performance (Huang et al., 2026). Therefore, we further conducted a sensitivity analysis of 

quantification methods to evaluate whether soil microplastic abundance patterns were affected by quantification-method 

composition. 

Quantification methods were classified according to the method used to identify particles for abundance estimation, rather 

than preliminary screening or partial verification steps. Two categories were defined: visual-based quantification and 220 

spectroscopy-based quantification, reflecting the distinction between morphology-based visual identification and 

spectroscopic polymer-confirmation techniques commonly used in soil microplastic analysis (Seo et al., 2025; Huang et al., 

2026). Spectroscopy-based quantification was defined as abundance estimates based on particles identified or confirmed at the 

particle level using FTIR, Raman spectroscopy, LDIR, or equivalent spectroscopic polymer-confirmation techniques. Visual-

based quantification referred to records in which abundance was mainly derived from visual, stereomicroscopic, optical 225 

microscopic, or morphological identification, even when a subset of particles was subsequently verified by spectroscopy. 

To assess the sensitivity of abundance patterns to quantification method, we first compared abundance distributions 

between visual-based and spectroscopy-based records. Because abundance data were strongly right-skewed, comparisons were 
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based mainly on medians and interquartile ranges, and non-parametric tests were used to evaluate differences between the two 

method groups. We further calculated land-use-specific median abundances and interquartile ranges separately within visual-230 

based and spectroscopy-based records, and compared whether land-use rankings were consistent between the two method 

groups. This analysis was used to evaluate whether land-use-related abundance patterns were influenced by quantification-

method composition, rather than to exclude any valid quantification method from the dataset. Specific analytical techniques 

were retained as methodological metadata for further analysis. 

4 Results and discussion 235 

4.1 Spatial distribution of records  

The database contains 6,197 records collected from 4,901 unique sampling locations worldwide (Figure 3). After 

excluding records with missing abundance information, 5,952 records from 4,661 unique locations were retained for 

subsequent analyses. The results showed that the records were unevenly distributed across continents. Asia contributed the 

largest number of records (n = 5,312), accounting for 89% of all records with abundance information. Europe ranked second 240 

(n = 319), followed by South America (n = 125), North America (n = 122), Africa (n = 46), Oceania (n = 19), and Antarctica 

(n = 9). A total of 49 countries were represented in the database. China contributed the largest number of records (n = 4,316), 

followed by India (n = 299), Iran (n = 221), Germany (n = 144), Bangladesh (n = 137), South Korea (n = 137), Brazil (n = 

108), the United States (n = 98), Turkey (n = 65), and Thailand (n = 52). Together, these ten countries accounted for more than 

90% of all records. 245 

https://doi.org/10.5194/essd-2026-536
Preprint. Discussion started: 24 September 2026
c© Author(s) 2026. CC BY 4.0 License.



11 
 

 
Figure 3. The spatial distribution of microplastic sampling locations (a), and number of records for each continent (b) and country 

(c) ranked in descending order. 

4.2 Microplastic abundance under different land uses and quantification methods 

Quantification method was associated with substantial differences in reported soil microplastic abundance. Spectroscopy-250 

based records showed higher median abundance than visual-based records, and the difference between the two method groups 

was significant (p < 0.001). This pattern suggests that visual-based methods may under-detect some particles, especially 

smaller, transparent, or morphologically ambiguous particles. However, this difference should not be interpreted as a purely 

methodological effect, because studies using spectroscopy-based methods may also differ in sampling locations, pollution 

contexts, target particle-size ranges, and study objectives. Therefore, quantification method was treated as an important source 255 
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of between-study heterogeneity rather than as a simple correction factor, and land-use-related abundance patterns were 

interpreted separately for visual-based and spectroscopy-based records. 

Based on 5,952 records with complete abundance and CF information, soil microplastic abundance was compared among 

IPCC land-use types after separating the dataset into visual-based and spectroscopy-based quantification groups. In visual-

based records, the median abundance followed the order Forest Land (1796.72 items kg⁻¹) > Cropland (1211.81 items kg⁻¹) > 260 

Wetlands (1088.13 items kg⁻¹) > Settlements (882.98 items kg⁻¹) > Grassland (815.22 items kg⁻¹) > Other Land (150.44 items 

kg⁻¹). In spectroscopy-based records, the ranking changed to Forest Land (11069.48 items kg⁻¹) > Grassland (8941.12 items 

kg⁻¹) > Cropland (5506.40 items kg⁻¹) > Settlements (3600.51 items kg⁻¹) > Wetlands (893.56 items kg⁻¹) > Other Land (428.87 

items kg⁻¹). Land-use differences were significant within both method groups (Kruskal–Wallis test, p < 0.001), but the rankings 

were not consistent between visual-based and spectroscopy-based records. 265 

Across both method groups, abundance distributions were strongly right-skewed, with high-abundance records increasing 

the mean relative to the median. Therefore, land-use patterns were interpreted mainly using medians and interquartile ranges 

rather than arithmetic means. The inconsistent land-use rankings between the two method groups indicate that land-use-related 

abundance patterns are partly conditioned by quantification method composition. Accordingly, rankings obtained by pooling 

all quantification methods should not be directly interpreted as true environmental contamination rankings. 270 

 
Figure 4. Distribution of corrected microplastic abundance across land-use types and quantification-method groups. (a) Violin plots 

show the distribution density of log-transformed corrected abundance, with visual-based records on the left and spectroscopy-based 

records on the right within each land-use type. Boxes indicate the 25th–75th percentiles, with the median shown as a horizontal line; 

whiskers represent the range excluding boxplot outliers, and colored points represent individual records, including outliers. (b) 275 
Overall comparison of median corrected abundance between visual-based and spectroscopy-based records. 
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Because Forest Land and Grassland showed relatively high median abundances after separating quantification method 

groups, we further conducted sensitivity checks to evaluate whether these high values were associated with quantification 

method composition, sampling context, or management attributes. 

For Forest Land, within visual microscopy records, Artificial Forest showed significantly higher abundance than Natural 280 

Forest (3785.90 vs. 842.21 items kg⁻¹, p < 0.001), suggesting that some plantation or managed forest records may be affected 

by stronger local human activities or management practices. Meanwhile, LDIR records accounted for a relatively high 

proportion of Natural Forest records (40.28%) and had a high median abundance of 11069.48 items kg⁻¹, indicating that the 

distribution of specific instrumental methods should be considered when interpreting high-abundance Natural Forest records. 

In addition, contaminated forest records, where the original studies explicitly reported sampling near pollution sources, also 285 

showed a high median abundance of 10455.77 items kg⁻¹. Therefore, the high abundance observed in Forest Land more likely 

reflects the combined influence of quantification method, forest subtype, and local sampling context, rather than direct 

evidence that forest soils are globally the most contaminated. 

For Grassland, the relatively high abundance was mainly observed in spectroscopy-based records, with a median 

abundance of 8941.12 items kg⁻¹, second only to Forest Land. Within visual microscopy records, Artificial Grassland showed 290 

significantly higher abundance than Natural Grassland (3537.35 vs. 538.26 items kg⁻¹, p < 0.001), suggesting that management 

activities or artificial grassland settings may increase microplastic inputs. Meanwhile, spectroscopy-based records in Natural 

Grassland also showed high median abundances, including LDIR records (11411.20 items kg⁻¹) and FTIR records (38370.72 

items kg⁻¹). These results suggest that the relatively high abundance observed in Grassland may reflect both management-

related inputs and quantification method composition. 295 

Overall, the relatively high abundances observed in Forest Land and Grassland should be interpreted as record-level 

patterns shaped by quantification method, land-use subtype, and sampling context, rather than as direct evidence that natural 

or semi-natural land-use types are globally the most contaminated soils. Nevertheless, these results also suggest that natural 

and semi-natural land-use types, such as Forest Land and Grassland, are not necessarily low-background environments for soil 

microplastics. Grassland soils may receive microplastics through multiple diffuse or local pathways, including atmospheric 300 

deposition, wastewater inputs, runoff from adjacent human-modified areas, and nearby industrial or traffic-related emissions 

(Rolf et al., 2022). Forest soils may be affected by similar pathways, but tree canopies can additionally intercept airborne 

microplastics and transfer them to the soil through throughfall and litterfall, thereby strengthening the retention of 

atmospherically transported particles (Weaver et al., 2025; Weber and Bigalke, 2025). This canopy-interception mechanism 

provides a plausible explanation for why Forest Land may show relatively high record-level abundances and is also consistent 305 

with a potential contribution of atmospheric deposition to Grassland microplastic inputs. They may act as important recipients 

or potential retention environments for terrestrial microplastic inputs, although whether they function as true sinks requires 

further evidence on inputs, retention, and outputs. 
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4.3 Microplastic properties under different land uses and quantification methods 

Figure 5 shows the composition of soil microplastic size classes, shapes, and polymer types across land-use types and 310 

quantification-method groups. Wetlands are not shown in this figure because of the limited number of records with complete 

compositional information after stratification by quantification method. Overall, microplastic properties varied across both 

land-use types and quantification methods, with the method-related difference being most evident for particle size. 

Visual-based records generally contained a higher proportion of larger particles, whereas spectroscopy-based records 

showed a clear increase in smaller particles. This pattern should be interpreted in light of the intrinsic particle-size limitations 315 

of different identification approaches. Visual-based methods are constrained by visual or microscopic detection thresholds and 

therefore tend to miss smaller particles, whereas spectroscopic methods can provide stronger confirmation of smaller particles 

when applied at the particle level. 

In Cropland, Forest Land, and Grassland, the proportion of particles smaller than 100 μm was substantially higher in 

spectroscopy-based records than in visual-based records. In terms of shape, Fragment, Fiber, and Film were the main categories, 320 

but their relative contributions were not fully consistent across land-use types and quantification-method groups. For polymer 

composition, PE and PP were the dominant polymers in most land-use types, while PA, PVC, and PS also showed relatively 

high contributions in some land-use types or method groups. 

Overall, Figure 5 indicates that the observed size, shape, and polymer composition of soil microplastics differed among 

land-use types and were also shaped by quantification method. Considering microplastic properties together with quantification 325 

methods therefore provides a more complete view of how soil microplastic composition varies across different soil 

environments. 
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Figure 5. Compositions of soil microplastic properties across land-use types. Polymer types, shapes, and size classes are shown in (a, 

d), (b, e), and (c, f), respectively, with visual-based records in (a–c) and spectroscopy-based records in (d–f). 330 

5 Limitations 

Several limitations should be considered when using this dataset. First, the spatial distribution of records is highly uneven. 

Although the database covers 49 countries, most records are concentrated in Asia, particularly in China. This pattern reflects 

the current distribution of published soil microplastic studies rather than the true global distribution of soil microplastics. 

Therefore, global-scale analyses based on this dataset should consider potential geographic bias, especially when the data are 335 

used for spatial modelling, hotspot identification, or regional comparison. The situation is particularly severe for Africa where 

frequently advanced waste management systems are unavailable, leading to potentially high MP pollution, but where at the 

same time there is a pronounced scarcity of data (Tchiechoua and Rillig, 2025).  

Second, differences in sampling design and analytical methods among the original studies remain an important source of 

uncertainty, as harmonization of sampling and analytical methods has been widely called for in the microplastics literature 340 

(Prata et al., 2024; Withana et al., 2024; Sharma et al., 2024). The compiled studies differed in sampling depth, soil sampling 

strategy, density separation procedures, digestion methods, filtration steps, detection limits, contamination control, and 
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identification instruments. These methodological differences can affect microplastic identification and quantification, 

especially in complex soil matrices (Seo et al., 2025). Different identification approaches also have intrinsic limitations. Visual-

based records are constrained by particle-size detection limits and may fail to detect particles below the visual or microscopic 345 

detection threshold, leading to potential underestimation of small microplastics (Jia et al., 2022). Conversely, purely 

spectroscopic or mass-based assessments without particle-level microplastic verification may capture very small microplastic 

or even nanoplastic fractions that are missed by visual methods, but they may also be more susceptible to matrix interference 

or cross-reactivity with non-plastic soil components. In addition, procedural blank contamination and laboratory background 

particles may introduce false positives, particularly for fibers, highlighting the need for procedural blanks and appropriate 350 

detection-limit reporting (Munno et al., 2023; Lao and Wong, 2023). Therefore, different identification approaches may 

introduce different types of uncertainty, including underestimation of small particles, uncertainty in signal attribution, and 

contamination-related false positives, which should be considered when comparing microplastic abundance and composition 

across studies. 

Third, although this study harmonized land-use classes, particle-size information, shape categories, polymer types, and 355 

quantification-method groups, such post hoc harmonization cannot fully remove uncertainties inherited from the original 

studies (Ziajahromi and Leusch, 2022; Gündoğdu et al., 2025). In addition, the particle-size correction depends on the power-

law exponent α, which may vary among datasets. Previous work has shown that correction factors are sensitive to α, 

particularly when the difference between measured and target size ranges is large (Koelmans et al., 2020). Therefore, the 

pooled α used here is intended as a pragmatic rescaling parameter to improve cross-study comparability. Sampling depth was 360 

considered as a potential source of heterogeneity, but systematic depth-stratified analyses were not included in the main results 

because further stratification by sampling depth, land-use class, and quantification-method group resulted in insufficient and 

highly uneven sample sizes for several categories, particularly for deeper-soil records. Therefore, sampling depth was treated 

as an uncertainty factor rather than explicitly modelled in the main abundance analyses. 

Finally, some metadata were not consistently reported across the original studies, including pretreatment details, detection 365 

limits, recovery rates, contamination controls, polymer composition, shape composition, and size fractions. Missing or 

incomplete information was not imputed, inferred, or reconstructed, but was recorded as unavailable (NA), and records with 

missing metadata were not forced into analyses that depended on those variables. Future soil microplastic studies should 

improve methodological transparency by reporting complete geographic coordinates, sampling depth, dry-weight-based 

abundance, detection limits, recovery tests, procedural blanks, particle-size distributions, polymer types, shape categories, and 370 

full methodological details. 

Despite these limitations, the dataset provides a transparent and standardized basis for cross-regional comparison, large-

scale synthesis, and future spatial modelling of soil microplastic pollution. 
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