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SUMMARY
Pervasive anthropogenic activities release substantial quantities of antibiotics into soils, damaging soil or-
ganisms, introducing antibiotic resistance, and thus jeopardizing the safe boundaries for biodiversity.
Here, by applying advanced geospatial modeling and establishing the planetary boundary (PB), we estimated
that, at the baseline year (2015), global agricultural soil antibiotic concentration is 122.0mg kg�1, within the PB
of 153.7 mg kg�1 beyond which the health of soil biota (including bacteria, fungi, invertebrates, and antibiotic-
resistance genes) decreases dramatically. In�2070, soil antibiotic concentrations increase while the bound-
aries decrease from SSP1-RCP2.6, SSP2-RCP4.5 to SSP5-RCP8.5. Under SSP5-RCP8.5, global soil organ-
isms face the adverse antibiotic pollution (148.9 mg kg�1) that has transgressed the boundary (136.1 mg kg�1).
Our study reveals the geopolitical inequality arising from antibiotic susceptibility and highlights the urgent
need of the sustainable development to avoid catastrophic consequences on global soil organisms.
INTRODUCTION

The widespread application of antibiotics during production, us-

age, and disposal practices (e.g., via wastewater irrigation,

manure application, and waste landfilling)1–3 has severely

contaminated agricultural soils, triggering multiple intercon-

nected ecological issues, such as disruptions in soil microbial

communities, emergent antibiotic-resistant strains, reduced

soil fertility and crop production, bioaccumulation within the

food chain, and disturbances in ecosystem functioning and

health.4–7 Unfortunately, driven by the growing need for disease

prevention, treatment, and livestock productivity, global anti-

biotic consumption and emissions are projected to increase

further in the future.8,9 Agricultural soil antibiotic pollution and

susceptibility have been emerging as novel contributors to the

transgression of critical safe boundaries, which refer to the

thresholds of antibiotic contamination that must not be ex-

ceeded to avoid destabilizing soil biodiversity and the broader

Earth system.10–12 This underscores the urgency for focused

attention and action in addressing this challenge.

Antibiotics significantly impact soil biota health bynarrowing the

safe boundaries for their survival.11 These impacts can be catego-

rized into three dimensions.4,13 First, antibiotics inhibit the growth
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ofmicroorganismsand invertebrates, leading tospecies losswhen

exposureexceeds tolerance levels, thereby reducing soil biodiver-

sity.14–16 Second, antibiotics homogenize community structures

by reducing dissimilarity as they suppress antibiotic-sensitive

species while promoting resistant ones17 making community as-

sembly processes more uniform.18–20 Third, antibiotic pollution

increases resistance, enriching resistance genes that enable or-

ganisms to survive under antibiotic stress.21,22 The wide presence

of antibiotic resistance accelerates gene transfer, disrupts soil

microbial diversity, and impairs ecosystem functions,11 raising

concerns about surpassing safety thresholds and jeopardizing

soil biota and planetary health.23 Despite multiple local-scale

studies on antibiotic presence,24,25 large scale data and insights

into their impact on soil organisms remain insufficient. To compre-

hensively and quantitatively understand this issue, there is an ur-

gent need for precise information on the spatial distribution and

future changes of antibiotics and the related impacts, employing

advanced assessment methods that consider not only antibiotic

resistance but also biodiversity and community structure. Global

information is crucial to evaluate the planetary-scale disruption

caused by soil antibiotic pollution, pinpoint damage hotspots,

comprehend the influence of future global changes on these rela-

tionships, and shape effective remediation policies. It plays a vital
rch 21, 2025 ª 2025 The Author(s). Published by Elsevier Inc. 1
NC license (http://creativecommons.org/licenses/by-nc/4.0/).
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Figure 1. Global maps of cumulative antibiotic concentrations in soil

The cumulative concentration is the sum of target antibiotic concentrations per grid on the basis of the concentration addition principle.36 The diagrams on the

lower left of maps represent the average concentration of antibiotics in soil from different regions, and the points and error bars denote the average values and

95%confidence intervals. Country income levels are based on theWorld Bank. HIC, high-income countries; UMIC, upper-middle income countries; LMIC, lower-

middle income countries; LIC, low-income countries. SSP1-RCP2.6, global sustainable future scenario; SSP2-RCP4.5, intermediate scenario; and SSP5-

RCP8.5, high fossil fuel emission and business as usual scenario. The extent of agricultural land is from the ref.37.
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role in guiding societies toward development paths that proac-

tively tackle the diverse challenges posed by antibiotic pollution.

Here, by compiling a global database with 1,351 soil samples

across 659 unique locations covering a wide range of environ-

mental conditions (from tropical to sub-frigid regions) and anthro-

pogenic influences (from low-tohigh-incomecountries) across the

Earth, we established machine learning models (see STAR

Methods, validation R2: 0.47–0.59) linking the concentration of

soil antibiotics (COSA in short, measured by the cumulative con-

centration of frequently detected antibiotics) with anthropogenic,

climatic, soil, and topographic factors (see STAR Methods). In

addition to quantifying the present-day (2015, baseline) COSA

levels, we projected the future status of soil antibiotics, their im-

pacts on soil organisms (including identify the hotspots) and as-

sessed the threshold of COSA beyond which soil biota health de-

creases dramatically according to three future development

scenarios,26,27 combining the Shared Socioeconomic Pathways

(SSPs) and Representative Concentration Pathways (RCPs),

from SSP1-RCP2.6 (global sustainable scenario), SSP2-RCP4.5

(intermediate pathway) to SSP5-RCP8.5 (resource-intensive and

fossil fuel development).28 Considering the multidimensionality of

responses of soil biota, we applied the standardized metric,

B-DAR,which integratesBiodiversity (alphadiversity)andcommu-

nity Dissimilarity (bacteria, fungi, and invertebrates) together with

Antibiotic Resistance to indicate the health status of soil biota

(see STARMethods).

RESULTS AND DISCUSSION

Global agricultural soil antibiotic pollution
We estimated the global COSA at present was 122.0 mg kg�1

(95% confidence interval (CI): 116.4–132.4 mg kg�1), exceeding
2 iScience 28, 112066, March 21, 2025
the current regional safe limit of 100 mg kg�1 set by EU.29 Despite

the reliable performance of our four models, the projections show

relatively high levels of uncertainty in the Northern Hemisphere

(uncertainty <20%, Figure S1). High COSA exists in agricultural

soils particularly with high coverages of crops (e.g., Southern of

South America, Central Africa, India, East China, Northern United

States, Figure 1; Figure S2). This is often associatedwith intensive

farming practices and crops such as rice and maize, which are

frequently linked to high antibiotic use due to irrigationwithwaste-

water, manure application, and other agricultural inputs.30 Over-

all, soils in lower-middle income countries accumulate highest

COSA,which is likely due to the increased antibiotic consumption

and environmental emissions.8 Lower-middle income countries

generally have a high burden of infectious diseases (both humans

and livestock animals) and a significant unmet need for antibi-

otics, which are paralleled by a life expectancy burden.8,31,32

Even though high-income countries consume more antibiotics,

the less regulated waste and wastewater treatment plants in

lower-middle income countries lead to more severe soil antibiotic

pollution.8,33 Farmers in lower-middle income countries have

typically deposited antibiotic-contaminated manure or waste-

water onto agricultural land to improve soil productivity over

the past three decades. For example, Asian land received

24.4–37.7% of global manure application, and this practice is

growing at a rate of 0.47 Tg of nitrogen per decade.34 This sup-

ports our finding that soil antibiotic pollution is more serious in

Asia and Africa (particularly South Asia and North Africa, Fig-

ure S2). Our study, in line with earlier studies,1,29,35 emphasizes

that intensively managed agricultural soil generally has high anti-

biotic concentration.

Under the sustainable development scenario (SSP1-RCP2.6),

there is an overall decrease in future (2070) soil antibiotic



Figure 2. Current and future three-dimensional hotspots of soil biota health linked to antibiotic pollution

Diversity and dissimilarity indicate Getis-Ord z-scores of alpha diversity and community dissimilarity (Jaccard distance) of the soil biota, respectively, and

antibiotic resistance genes (ARGs) is a Z score of antibiotic resistance gene richness. The Z score values for diversity and dissimilarity are reversed, given the

widely negative effects of antibiotics (i.e., biodiversity loss and dissimilarity reductions). The color mixes represent high-probability hotspots of areas with

maximal relationship strength between antibiotic concentration (COSA) and a given dimension and areas that allow for disturbance of themulti-dimensions of soil

biota health under the same scenario. For example, the cyan color indicates that the probability that locations are hotspots of decreased alpha diversity is higher

than that of decreased community dissimilarity and increased antibiotic resistance. Cumulative bar charts indicate hotspot area proportions (%) that maximize a

given dimension. The gray color is a mix of all three dimensions, none of which dimension dominate the other.
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concentration (mean: 98.5 mg kg�1, 95%CI: 93.7–104.3 mg kg�1)

likely due to the contraction of agricultural land area and a slow-

down in population growth. Notably, soil antibiotic concentration

is positively associated with economic development (Figure 1).

This is in agreement with global patterns of antibiotic consump-

tion, with wealthier countries having more access to goods

(including antibiotics).8,38 As the demand for antibiotics de-

creases due to fewer treatments required for infectious diseases

like those related to enteropathogens, owing to sustainable ur-

banization and population growth,39 low-income countries

benefit most from SSP1-RCP2.6 with COSA decreasing by

�33.1%. Africa has the greatest decreases in COSA, ranging

from �30.3% to �35.6% (Figure S2), partially caused by an in-

crease in precipitation, which promoted the loss of antibiotics

from soils by increasing surface runoff and soil erosion.27

By contrast, global COSA under the SSP2-RCP4.5 and SSP5-

RCP8.5 increase to 132.4 mg kg-1 (95%CI: 125.3–142.6 mg kg�1)

and 148.9 mg kg�1 (95% CI: 142.7–160.0 mg kg�1) respectively

(Figure 1). Our analysis revealed the relatively high COSA of

lower-middle income countries in these two scenarios, and the

highest average COSA occur in South Asia and North Africa (Fig-

ure S2). However, upper-middle income countries experienced a

more substantial increase in COSA (22% increase compared to

the present-day baseline). Major increase was found in South

America and Eastern Europe, where COSA increased by

22.7% (from 134.9 to 165.5 mg kg�1) and 21.5% (from 142.9 to
173.5 mg kg�1) under SSP5-RCP8.5 respectively. The increase

in COSA is consistent with the increasing risk of exposure to bac-

terial diseases projected under these two future scenarios. For

example, hotspots of Vibrio spp. in Eastern Europe40 and of vec-

tor-borne pathogens in South America31 are projected to occur,

and these infections require large amounts of antibiotics for

treatment and thus promote antibiotic emissions into the agricul-

tural soil environment. Otherwise, the geographical similarity be-

tween soil antibiotic concentration and the mineral-associated

soil organic carbon content in South America is suggested by

our findings and a previous study,41 possibly because of the

adsorption of antibiotics by soil minerals.42

Susceptibility of soil organisms to antibiotic pollution on
a changing planet
Some soil ecosystems are susceptible to increased exposure to

antibiotics and are characterized by their decreasing alpha diver-

sity,16 while others experienced alterations in their community

structures or the spread of antibiotic resistance.43,44 We em-

ployed geographically weighted regressions to estimate the

impact strengths (regression slope) between soil antibiotic con-

centration (COSA) and different dimensions of biota status, and a

Getis-Ord Gi* spatial clustering algorithm to identify global hot-

spots45 (see STAR Methods).

The dominance of the responses varies across regions

(Figure 2). At the present-day, soil antibiotic pollution tends to
iScience 28, 112066, March 21, 2025 3
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Figure 3. Boundaries for soil antibiotic pollution

(A) Curves of cumulative decrease in biota health (sum of impact strengths) against the soil antibiotic concentration from the top 0%–100% pixels. The boundary

values are estimated by significant changes in linear relationship slopes. The mean estimates and 95% confidence intervals (values in brackets) for global

boundaries are provided.

(B) Reginal boundaries for different income levels. The colored points and error bars are the mean boundaries and 95% confidence intervals, respectively, and

hollow points show the distribution of data.
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negatively impact biodiversity in 26.8% of the global agricultural

land, especially in South Asia and South Africa. Soil community

dissimilarity is significantly altered in 22.6% of the global land

including South America, western North America, and Eastern

Europe. Soil bacterial diversity exhibits a higher proportion of

hotspot areas than fungi and invertebrate diversities (Figure S3),

which supports previous findings of high bacterial sensitivity to

antibiotic exposure.16 Our findings further suggest that bacterial

and fungi communities respond to soil antibiotic pollution syner-

gically, i.e., there are large overlaps in their hotspots across

space and time (Figure S4). Maximum probability of hotspot of

antibiotic-induced resistance exists in contrasting regions, clus-

tering in North and Central Asia, eastern North America, and

Oceania (22.3%). In regions such as Oceania, there are higher

probabilities of becoming global hubs for the spread of antibiotic

resistance, as opposed to experiencing biodiversity loss or

community homogenization, despite the clustering of hotspots

with high antibiotic resistance impact did not reach statistical

significance (p > 0.05, Figure 2; Figure S5). Although hotspots

of antibiotic-induced changes in soil biodiversity, community

dissimilarity, and antibiotic resistance have regional disparities,

a wide range of locations display more than one of these dimen-

sions (28.4% presently, Figure 2).

Furthermore, the hotspots of antibiotic impact on soil biota

shift with global changes in the future (Figure 2), because of

the changing antibiotic pressure and adaption of soil organ-

isms.3,46 We projected that, across all scenarios, biodiversity

loss will spread to East and South Asia and South America,

and high-probability area of biodiversity loss (with a coverage

of 28.8–35.5% in the three future scenarios) will increase from

2015 to 2070, highlighting the increasing burden on soil

biodiversity. In Africa, soil antibiotic pollution concurrently im-

pacts biodiversity, community dissimilarity, and antibiotic resis-

tance under SSP1-RCP2.6 and SSP2-RCP4.5 scenarios, while
4 iScience 28, 112066, March 21, 2025
SSP5-RCP8.5 mainly resulted in the highest hotspot probabili-

ties of decreasing community dissimilarity. Community dissimi-

larity also decreases substantially in Europe across all scenarios.

The multi-scenario comparison suggests that high-probability

hotspots of antibiotic resistance are limited to 14.0% of evalu-

ated land areas under SSP1-RCP2.6 (mainly in Central Asia

and Oceania) and will increase to 24.1% under SSP2-RCP4.5

and 24.6% under SSP5-RCP8.5, mostly clustering in Central

Asia. Antibiotic pressures will be imposed on more than one of

the dimensions of soil biota health across 32.6% of the global

land under SSP2-RCP4.5. SSP5-RCP8.5 will generate more lo-

cations (mainly in Africa) with antibiotic pressure on one dimen-

sion, and less locations (21.8%) with pressure on all dimensions

in comparisons with present-day and other two scenarios.

Altogether, the magnitudes of damage on soil biota health

show strong regional variations (Figure S6) based on relationship

strength between COSA and B-DAR. Currently, soil biota in

South America is most susceptible to soil antibiotic pollution,

with an average significant (|t| > 1.96) impact slope of �0.016

(per mg kg�1 of antibiotics). SSP1-RCP2.6 will result in generally

smaller and weakly negative relationships between antibiotic

concentration and biota health around 2070. South America,

Mesoamerica, and South Africa are mostly classified as hotspot

locations (ranking top 5) with high burdens of soil antibiotic im-

pacts on soil biota under both SSP2-RCP4.5 and SSP5-

RCP8.5 (Figure S6). These regions also are global hotspots for

soil biodiversity and ecosystem services26 and are where more

efforts should be adopted to reduce antibiotic susceptibility.

Safe boundaries of agricultural soil antibiotic pollution
Respecting current antibiotic pollution boundaries to avoid

threats to soil biota health requires a global limit of COSA of

153.7 mg kg�1 (95% CI: 150.0–157.3 mg kg�1, Figure 3A). When

only one of the three dimensions of soil biota is considered,



Figure 4. Projected changes in the priority areas threatened by soil antibiotic pollution

We defined priority areas as locations with two criteria: (1) soil antibiotic concentrations exceeding the boundary values and (2) significant impact strengths, i.e.,

the absolute t statistics exceed 1.96, as generated from geographically weighted regressions.
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the current antibiotic pollution boundaries increase to 163.6–

166.3 mg kg�1 (Figure S7). Multi-dimensional comprehensive cri-

terion requires more strict control of antibiotic susceptibility.

With altered antibiotic pollution burden and evolution of organ-

isms, some soil biota surviving under the current antibiotic pollu-

tion boundaries lose their tolerances in the future, and the current

safe threshold may fail to protect soil biota health, which is

similar to the example of changing carbonate boundaries for

coral reefs.47 In this case, lower antibiotic pollution boundaries

is needed to sustain soil biota. In line with previous findings,26

we found that SSP5-RCP8.5 was the most stringent scenario

for soil biota health, requiring the strongest reductions in global

soil antibiotic pollution (lower than 136.1 mg kg�1; 95% CI:

131.4–140.8 mg kg�1). SSP1-RCP2.6 brings a larger safe bound-

ary (203.6 mg kg�1, 95% CI: 200.9–206.3 mg kg�1) for soil anti-

biotic pollution (Figure 3A).

However, the potential to meet the minimum regional de-

mands for protecting soil biota within soil antibiotic pollution

boundaries varies strongly across regions (Figures 3B and S8).

High-income countries usually have lower regional boundaries,

indicating a high burden of soil antibiotic pollution. These re-

gions, which are usually located in middle-high latitude (include

Europe and Eastern North America), are characterized by soils

with the highest normalized abundance of antibiotic resistance

genes.3 Moreover, soil communities in the 35�N–40�N region

are more sensitive to environmental change.48 Therefore, these

low regional boundaries are mostly expected to occur in the

global north, with high boundaries in the global south, across

scenarios.

Next, we focus on priority areas where soil antibiotic suscep-

tibility poses strong impacts on soil biota. Priority areas are iden-

tified with COSA exceeding the boundary values and a signifi-

cant relationship (|t| > 1.96) between COSA and the soil biota

health indicator B-DAR (see Method). Extent of priority areas

varies among future pathways (Figures 4 and S9). Globally, the

net differences in priority areas between 2015 and 2070 range
from �36.1% net losses under SSP1-RCP2.6 to 2.2% net gains

under SSP5-RCP8.5. Large areas of losses and gains occur in

high-income countries, with a net loss (�12.1%) under SSP1-

RCP2.6 and a net gain (1.3%) under SSP5-RCP8.5. Eastern

Europe andWest Africa in particular will experience net gains un-

der both SSP2-RCP4.5 and SSP5-RCP8.5 (Figure S10). Notably,

there are regions that are priority areas both in present-day and

in the future, particularly in high-income countries (ranging from

26.7% to 32.3% across three future scenarios). These areas are

smallest in the sustainability scenario (SSP1-RCP2.6). In fact, the

sustainability scenario shows fewer exceedances of the COSA

boundary, with stronger net losses of priority areas, indicating

low threats of damages on soil biota. SSP5-RCP8.5 will result

in the largest net gains in priority areas, especially in South

Asia. With the degradation of sanctuaries in SSP5-RCP8.526,

soil biodiversity might be more sensitive to the pressure of soil

antibiotic pollution, which is expressed in net gains in priority

areas. Together, these results indicate that there will be substan-

tial shifts (�36.1% net losses to 2.2% net gains) in the priority

areas caused by soil antibiotic susceptibility because of future

development options. Our findings also suggest that SSP1-

RCP2.6 contribute to the reconciliation of soil biota health and

compliance with the boundaries of soil antibiotic pollution; how-

ever, SSP5-RCP8.5 are accompanied by transgressions of safe

boundaries.

In summary, our study underscores the pressing need to

reduce soil antibiotic susceptibility for planetary health. By pre-

dicting global soil antibiotic concentrations under multiple future

scenarios and defining planetary boundaries for soil antibiotic

pollution, we provide novel insights into its spatial distribution

and global impacts. We have not only identified critical global

hotspots where soil antibiotic pollution threatens three dimen-

sions of soil biota health (soil alpha diversity, community dissim-

ilarity, and antibiotic resistance), but also revealed the co-exis-

tence of these three dimensions over 20% of global land

areas. These findings establish critical thresholds for soil
iScience 28, 112066, March 21, 2025 5
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antibiotic pollution, serving as a foundation for protecting soil

biota health and understanding the dynamics of antibiotic

contamination in a changing world.

Limitations of the study
However, uncertainties remain, such as limited data from low-in-

come regions, which may underestimate pollution levels, and

unaccounted factors like advancements in pollutant-removal

technologies or changes in global policies, potentially affecting

our projections. Acknowledging these uncertainties, our work

marks an initial step toward comprehending the global signifi-

cance of threats posed by soil antibiotic pollution. It also sug-

gests that the current priority areas where soil biota are strongly

threatened by soil antibiotic susceptibility are sensitive to global

change in the future. To address this, we recommend the mobi-

lization of soil susceptibility mitigation strategies, facilitating gov-

ernments and decision-makers in shaping global and regional

conservation goals for soil biota in the future.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Raw data of antibiotic records figshare https://doi.org/10.6084/m9.figshare.22793033.v2

Software and algorithms

ArcGIS 10.6 ESRI https://www.arcgis.com/index.html

R 4.2.2 R Development Core Team https://www.r-project.org/
METHOD DETAILS

Database assembly and preprocessing
We assembled previously published databases with records of the occurrence of antibiotics,6,24,35,49 and collected data on antibiotic

concentrations in soils across the globe. Studies and datasets included in these databases were selected according to several

criteria: (1) study was not duplicate, and duplicate records were checked and eliminated; (2) only soil-associated samples (on

average 10 cm of soil depth) were retained, and solidmanure or waste samples were excluded; (3) soil samples that were not cultured

or experimentally treated were included. However, soils treated by manure fertilization and wastewater irrigation, which corre-

sponded to local landmanagement practices, were not excluded; (4) geospatial information on sampling sites (latitude and longitude)

was either directly provided in the original data or extracted through georeferencing using known maps, identifiable landmarks, and

satellite imagery where necessary; (5) antibiotic concentrations for each sampling sites were provided (or average values for

replicates), and concentrations that were ‘‘not detected’’ or ‘‘below detection limit’’ were assigned zero values; (6) rather than all

antibiotics, we mainly focused on environmental concentrations of tetracyclines, quinolones, and sulfonamides antibiotics (target

antibiotics are listed in Table S1) in soils, as they were widely and frequently detected worldwide.35 Applying these criteria yielded

a final dataset comprising 659 locations, from which we collected 1,351 soil samples (Figure S11), providing a comprehensive rep-

resentation of environmental and anthropogenic variations in global agricultural regions.

Global covariates and geospatial modeling
To understand controls of soil antibiotic pollution, a prepared stack of 24 global covariates relevant to society and the environment

that could potentially affect antibiotic concentration (e.g., antibiotic use2 and land cover50) were sampled at each location within our

dataset.51 These layers included anthropogenic, climatic, soil, and topographic variables and two other covariates (Table S2). All co-

variate layers were resampled at a 0.25 � 3 0.25 � resolution. Before modeling, we removed outliers (2.5 times the standard deviation)

from our compiled log10-transformed dataset to avoid potential biases, which resulted in the elimination of 15 records. Then,multiple

child models based on machine-learning algorithms were trained to examine the associations between soil antibiotic concentrations

and social/environmental covariates, as a singlemodel usually has lower generalizability than a combination ofmultiplemodels.52We

used four classes of child models: random forest, neural network, supporting vector machine, and partial least-squares regression

models. Childmodels were fitted using a 10-fold cross-validation to prevent overfitting and to ensure extrapolation capacities outside

the training datasets. A 10% subset of the data was extracted for validation, and the remaining 90% subset was used for training. The

train and validation processes of all child models were bootstrapped 10 times to test their performance. The coefficient of determi-

nation (R2) values ranged from 0.71 to 0.88 (Figure S12), and random forest was suggested with better performance. Afterward, we

averaged the outputs from individual child models, which enabled themultifaceted abstraction of data and better model outcomes.52

We trained separate models for predicting tetracyclines, quinolones, and sulfonamides concentrations respectively. On average,

agricultural activities and urbanization accounted for more relative influences on tetracyclines and quinolones concentrations, while

soil conditions influenced sulfonamides concentration substantially (Figures S13 and S14).

Beyond data availability, the choice of 2015 as the baseline year is also informed by the need to establish a reference point that

aligns with the onset of significant anthropogenic activities particularly the Sustainable Development Goals released in 2015. After,

we adopted efforts to ensure our planet on the path of sustainable development. Using the global covariates and trained child

models, we extrapolated the tetracyclines, quinolones, and sulfonamides concentrations in each pixel at a global scale, while

excluding pixels completely covered by primary forests, waterbodies, deserts, or impervious surfaces to avoid our model projecting

far outside its training dataset. The extent of agricultural land is from the ref.37, which illustrates the maximum likelihood in areas with

active ingredient use (resolution: 5 arcmin). The cumulative antibiotic concentration was calculated by summing concentrations of

tetracyclines, quinolones, and sulfonamides according to the concentration addition principle.36 The each-pixel mean value and

standard deviation were calculated based on the results of four child models. Using these values, the bootstrap prediction
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uncertainties of our models were characterized by the coefficient of variation (standard deviation divided by mean value). Based on

the bootstrap procedure, 10 generated imageswere used to estimate per-pixel uncertainties of selected antibiotics for four classes of

childmodels respectively (Figure S15). To assess themodel differences, we further calculated the per-pixel mean values of each child

model, and then the coefficient of variation values are generated among the four child models to show the prediction robustness

across different models (Figure S1). We created final global maps of soil antibiotic pollution by model averaging. The geospatial

modeling procedure was performed in the Caret53 package in R.

Future projections
All temporal changes (2015–2070) were calculated using 2015 as a baseline and 2070 as a endpoint. The selection of 2070 as the

endpoint to assess temporal changes in soil antibiotic pollution is grounded in its alignment with policy frameworks and modeling

conventions. By extending projections to this medium-term time frame, we can adequately capture evolving trends critical for inform-

ing future policy interventions and sustainable management practices. This choice resonates with broader studies that utilize the

2015–2070 period to assess temporal changes on our planet,26,27 facilitating informed decision-making and promoting sustainable

practices for environmental stewardship.

We selected three representative combinations of Shared Socioeconomic Pathway (SSP) and Representative Concentration

Pathway (RCP) scenarios (SSP1-RCP2.6, SSP2-RCP4.5, and SSP5-RCP8.5) to understand the changes in soil antibiotic pollution

until 2070. The SSP-RCP framework is widely regarded as a gold standard for integrating socioeconomic and climate projections,

allowing us to assess howdifferent socio-economic trajectories influence soil antibiotic pollution andmitigation efforts.We prioritized

SSPs that address challenges related tomitigation, enabling us to evaluate strategies within the broader context of sustainable devel-

opment and their potential to reduce soil antibiotic pollution. Below, we summarize themain characteristics of the selected scenarios

that are potentially related to antibiotic pollutions.28

(1) SSP1-RCP2.6 (Global Sustainable Development): This scenario represents a green development paradigm. Population

growth is moderate to slow by mid-century, and climate policies are implemented to limit the average global temperature in-

crease to a maximum of 2�C. Agricultural land is projected to significantly decrease, and forest cover is expected to increase,

reflecting a shift toward sustainable land use practices.

(2) SSP2-RCP4.5 (Intermediate Pathway): This scenario reflects a middle-of-the-road development pathway, with moderate

land-use changes and temperature increases. It combines intermediate societal vulnerability with moderate challenges for

climate change mitigation, offering a balanced perspective on future trajectories.

(3) SSP5-RCP8.5: This scenario represents a resource-intensive development model characterized by rapid economic growth,

high fossil fuel use, and significant global warming. Increased food demand and intensified livestock production drive the

expansion of agricultural land into pasture and forested areas, significantly impacting soil health.

The global covariate layers generally have large time ranges (from 2015 to 2070) for the three future scenarios, except antibiotic use

and livestock density data (Table S2). We performed extra analyses to obtain predicted data for the future. As antibiotic use and live-

stock density are both functions of population demand, we assumed that theywould have the same annual growth rates as the rate of

population increase from 2015 to 2070 for each country.8,9 Countries were selected and classified using administrative boundaries to

ensure consistent and comparable geographical analysis. The projected antibiotic use and livestock densities for 2070 were esti-

mated by multiplying their values per pixel in 2015 by the growth rate, that canminimize the influences of other environmental factors

which also affect population size. Finally, we repeated the geospatial prediction to map global antibiotic concentrations in each pixel

under different future scenarios (Figure S16).

Defining safe boundaries
The safe boundaries define limits that should not be transgressed to maintain sustainability. Control and response variables are

required to quantify the boundary values.54 Given the interactions between antibiotic pollution and biodiversity, here, we define

the control variable as the concentrations of antibiotics (COSA), and the response variable as the decrease in biota health,47,55 of

which we selected microbes (mainly including bacteria and fungi), invertebrates, and antibiotic resistance genes (ARGs) as targets

because of their higher sensitivity to antibiotic pressures than the others.56,57 The global layers (about 0–10 cm depth) of alpha di-

versity and community dissimilarity (community heterogeneity, as measured by Jaccard distance) of bacteria, fungi, and inverte-

brates have been well projected at 2015 and 2070 in a recent global assessment, and were publicly available.26 These datasets

were obtained from global field surveys following standardized field protocols, which contained 615 soil samples covering 151 loca-

tions from all continents and 23 countries (Figure S11). Although the layer of ARGs richness was only available at present-day, we

used the global dataset and model established by Delgado-Baquerizo et al.58 to project the 2070 layer (Figure S11). The ARGs field

survey were collected from 1012 sites from 35 countries across all continents. We selected these two datasets for three main rea-

sons: (1) the data in each dataset were measured from the same samples using the same protocols; (2) these datasets covered a

large portion of the large-scale environmental variability of the planet providing a large representation of climatic and vegetation con-

ditions on the planet.
e2 iScience 28, 112066, March 21, 2025
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Before the quantification of safe boundaries, we standardized all gridded layers to a range of 0–1 using the equation: y=(x-xmin)/

(xmax-xmin). The biodiversity of soil biota was estimated from the sum of the standardized alpha diversity scores of bacteria, fungi,

and invertebrates, and the dissimilarity was the sum of their standardized Jaccard distance scores. Due to the negative relationships

between ARGs richness and biota health, the standardized scores of ARGs were reversed using the equation: y=(xmin-x)/(xmax-xmin).

After standardization, soil biota health was calculated as the cumulative score of Biodiversity, Dissimilarity, and reversed Antibiotic

Resistance gene richness (B-DAR) at each grid, using equal weighting to avoid bias and ensure all dimensions contribute equally to

the assessment. We use B-DAR to represent this integrated indicator of soil biota health.

To quantify the boundaries, we carried out five analyses at different spatial resolutions (1�, 1.5�, 2�, 2.5�, and 3�) to assess the sensi-

tivity to spatial resolutions. At each resolution, we estimated the impact strength between antibiotic pollution and biota health at each

pixel using geographically weighted regression (spgwr package), which was preferred for its ability to capture spatial non-stationarity

and reveal localized variations in relationships across geographical space.59,60 A fixed Gaussian kernel was employed to identify the

best bandwidth based on the lowest corrected Akaike information criterion. The regression slope in each pixel was recorded as the

impact strength, which indicated an increase (positive slope) or decrease (negative slope) in soil biota health with increasing antibiotic

pollution. The global cluster of regression slope was calculated using the Getis-Ord Gi* method (Z score),45 for which a high Z score

meant a high probability of a cluster of positive slope values, and a low Z score (usually negative) indicated negative slope values that

are spatially clustered. Specifically, the fine-resolution (1� 3 1�) models generated higher local R2 values than coarse-resolution

models, indicating better model performance (Figure S17).

We ranked all 1� 3 1� pixels from lowest to highest according to COSA. Then, we calculated the average COSA and cumulative

decrease in biota health (sumof impact strengths) from the top 0%–100%pixels. The cumulative decrease in biota health was plotted

against the average COSA, and their relationship was described by the following curve:

y = a+
ðb � aÞ
1+ðx=cÞd

where x and y are the control variable and response variable, respectively, and a, b, c, d are fitting parameters. The best parameter

combination was estimated using a nonlinear least squares method (via the stats package in R).61 Nonlinear relationships can be

considered as piecewise straight lines. We defined the global boundary values as the breakpoint for x on the curve, which was

identified as the point at which the linear relationship significantly changed based on the slope parameters (using the segmented

package).62 In addition, we further identified regional boundaries by repeating the curve estimation and breakpoint identification pro-

cedures using data from within each region or country.

QUANTIFICATION AND STATISTICAL ANALYSIS

The global mean of soil antibiotic concentration was estimated by averaging the predicted values of all pixels from 10 child models.

The 95% confidence intervals were derived by bootstrap technique due to the non-normally distributed data. The 1000 times boot-

straps were performed using non-parametric method, which makes no assumptions of data distribution. A 95% bootstrap confi-

dence interval formed from the 2.5th and 97.5th percentiles of a set of 1000 bootstrapped estimates.63 We also calculated the

mean values and 95% confidence interval based on the countries’ income level (please see Figure 1 and its legend). The statistical

analyses were performed in R 4.2.2.
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