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SUMMARY

The Chinese food system is increasingly strained by rising food demand and tightening resource and environ

mental constraints, posing major challenges to food security. This study combines a China-tailored agro-eco

nomic model (model of agricultural production and its impact on the environment for China [MAgPIE-China]) 

with ex post data envelopment analysis (DEA) to project total factor productivity (TFP) growth in China’s 

crop sector under diverse socioeconomic scenarios and to quantify joint effects of TFP growth and agricultural 

trade on resource and environmental outcomes. We find that TFP in the crop sector is projected to increase by 

2050, with cumulative growth ranging from 26% to 42% across shared socioeconomic pathways (SSPs) rela

tive to 2020 levels. Enhanced TFP, together with demand-driven shifts in crop composition, is associated with 

lower methane emissions, whereas agricultural trade primarily mitigates cropland pressure in China and con

tributes to global resource-use efficiency gains. These findings provide insights for policies aimed at balancing 

food security, resource conservation, and environmental protection in China.

INTRODUCTION

The Chinese food system faces escalating resource constraints 

and increasingly stringent environmental protection require

ments.1–4 Limited cropland, mounting pressure on water re

sources, and rising greenhouse gas (GHG) emissions from agri

culture are creating major challenges for the sustainable 

development of the Chinese food system. At the same time, 

SCIENCE FOR SOCIETY China faces the pressing challenge of meeting rising food demand while managing 

its environmental footprint. This study suggests that higher agricultural productivity, combined with demand- 

driven shifts in crop composition, can reduce methane emissions from rice cultivation across future socio

economic pathways. Although agricultural trade contributes only indirectly to methane mitigation, it can 

reduce pressure on cropland and contribute to more efficient global resource use. These insights support 

the design of integrated policies that align productivity gains with environmental sustainability. Achieving 

these benefits will require coordinated action across agricultural technology and innovation, trade policy, 

and environmental governance. 
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ensuring food security remains essential, as food demand con

tinues to rise with income growth and dietary transitions.5–7 Pur

suing food security under tight resource and environmental con

straints, therefore, poses a tremendous challenge for China’s 

sustainable development.1,3,4,8 Under these binding resource 

constraints and tightening environmental requirements, the pur

suit of food security hinges on two interrelated mechanisms: pro

ductivity improvements and agricultural trade dynamics.9–13

These two mechanisms, independently and jointly, affect land 

use, input intensity, and GHG emissions,10–12 thereby linking 

food security to resource and environmental outcomes.14,15

Productivity improvements are widely recognized as an effec

tive strategy for advancing a sustainable food system.10–12

Rather than relying on input expansion, productivity growth 

can increase agricultural output while conserving resources 

such as cropland, water, and fertilizer.11,14 Increasing productiv

ity may also contribute to lower GHG emissions from agricultural 

production and land-use activities.16 However, existing studies 

indicate that rebound effects may offset resource-saving and 

mitigation benefits, potentially leading to higher resource use 

and emissions as productivity increases.17–19 This suggests 

that productivity gains do not necessarily deliver co-benefits 

for food security, resource conservation, and environmental pro

tection.2 Understanding future productivity trajectories in China 

is therefore crucial for assessing how food security can be 

achieved under resource and environmental constraints. Within 

this context, total factor productivity (TFP) serves as a compre

hensive indicator for assessing the implications of productivity 

growth for resource use and environmental outcomes.14 Previ

ous studies on Chinese agricultural TFP primarily use empirical 

data, offering valuable insights into underlying mechanisms.20–22

However, forward-looking assessments that incorporate varying 

socioeconomic conditions remain limited. Such projections are 

particularly important because sustainable development path

ways for the Chinese food system will depend on key drivers, 

such as demographic change, economic development, and 

evolving dietary transitions. To address this gap, this study de

velops future TFP trajectories under the shared socioeconomic 

pathways (SSPs), thereby providing a scenario-based perspec

tive on the evolution of agricultural productivity in China.

Agricultural trade provides an additional channel for addressing 

resource scarcity by reallocating production across regions ac

cording to comparative advantage.9,23,24 It can also have pro

found effects on resources and the environment because 

agricultural trade involves not only the exchange of goods but 

also the transfer of services, technology, and embedded re

sources.9,23,25,26 Imports of crop products can effectively supple

ment domestic cropland, water, and fertilizer resources used in 

production.9 At the global level, resource conservation occurs 

when products are exported from relatively high-efficiency re

gions to less efficient regions, whereas reverse flows can increase 

total resource use.9,24,25 As a major agricultural producer and con

sumer, China plays a pivotal role in shaping global resource de

mand and environmental pressures through its trade activ

ities.24,27 However, a previous study suggests that agricultural 

trade may increase China’s domestic GHG emissions.28

The interaction between TFP and agricultural trade is highly 

complex. On the one hand, trade can stimulate TFP growth 

through technological spillovers and economies of scale.29,30

On the other hand, TFP growth enhances competitiveness in in

ternational markets.17 While the individual impacts of TFP and 

trade on resources and the environment have been extensively 

studied,11,14,24,27 further investigation is required to understand 

how the interaction between TFP and trade may shape future 

resource use and environmental outcomes, particularly in China, 

where TFP growth and agricultural trade dynamics are central to 

the food system.14,15

Given the importance of TFP, agricultural trade, and their inter

action for the Chinese food system, as well as the uncertainties it 

faces, this study combines a country-specific version of the 

agro-economic model MAgPIE (model of agricultural production 

and its impact on the environment)31 for China (MAgPIE-China) 

with data envelopment analysis (DEA).12 This framework enables 

forward-looking, scenario-based assessments of how produc

tivity and trade jointly affect resource use and GHG emissions 

in China. Our study makes three main contributions. First, we 

couple MAgPIE-China simulations with ex post DEA-based 

Malmquist TFP measurement, enabling TFP estimation within a 

framework that accounts for scenario-specific socioeconomic 

drivers and biophysical constraints, rather than relying on histor

ical extrapolation. Second, we advance the literature by explicitly 

focusing on the joint impacts of agricultural TFP growth and 

trade on resource use and environmental outcomes. Third, by 

comparing alternative SSP pathways, we provide scenario- 

based, forward-looking insights into strategies for reconciling 

food security with resource and environmental constraints, 

including the spatial reallocation of irrigated cropland, improved 

soybean supply resilience through domestic production and 

import diversification, and enhanced nitrogen management 

through efficiency standards and precision application.

RESULTS

Crop TFP growth in China between 2020 and 2050

TFP change in China’s crop sector is measured using the Malm

quist productivity index, which treats the aggregate quantity of 

crop commodities as output and includes factor costs, cropland 

area, irrigation water use, fertilizer costs, and seed quantity as in

puts (Table S1). Model results indicate that crop TFP will 

continue to increase between 2020 and 2050 (Figure 1A). How

ever, cumulative TFP growth varies across future socioeconomic 

scenarios. On average, taking different productivity assumptions 

into consideration, cumulative TFP growth ranges from 26.1% 

under SSP3 to 42.4% under SSP4 by 2050 relative to that 

in 2020.

The SSP2 scenario, representing a middle-of-the-road 

pathway, shows cumulative TFP growth of 28.3%. The frag

mented pathway of SSP3 exhibits the lowest cumulative TFP 

growth, 2.2 percentage points lower than SSP2 over the same 

period. Conversely, the SSP4 scenario shows the largest cumu

lative TFP growth, exceeding SSP2 by 14.1 percentage points. 

These differences in cumulative TFP growth largely reflect 

different productivity assumptions, under which inputs such as 

cropland area, irrigation water use, factor costs, fertilizer costs, 

and seed quantity also vary considerably (Figure 1C). For 

instance, the SSP1 scenario displays the widest range of 
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cumulative TFP growth between 2020 and 2050, varying from 

27% to 37%, whereas the SSP3 scenario shows a narrower 

range, from 24% to 27%. Notably, under future SSP scenarios, 

substantial increases in land-use intensity, which reflect yield im

provements driven by better management practices and techno

logical advances,12,17 lead to substantial yield growth 

(Figure S1). As a result, cropland area remains relatively stable 

across SSPs between 2020 and 2050.

We further decompose TFP change into the shift of technology 

(i.e., technical change), which captures shifts in the production 

frontier, and an efficiency change (i.e., catch-up to the frontier), 

which reflects movements toward or away from the frontier 

(Figure 1B).12 The results demonstrate that technical change is 

the primary driver of TFP growth across the five SSP scenarios 

for China’s crop sector, with notable disparities. From 2020 to 

2050, the SSP1 and SSP5 scenarios exhibit the largest cumulative 

growth in technical change, at 115% and 100%, respectively. In 

contrast, the SSP2 and SSP4 scenarios exhibit moderate cumula

tive increases in technical change, at 46% and 56%, respectively, 

whereas the SSP3 scenario has the lowest cumulative growth at 

23%. Even when accounting for the uncertainty driven by varying 

productivity assumptions, the shift of technology in the SSP1, 

SSP4, and SSP5 scenarios is markedly higher than in the SSP2 

and SSP3 scenarios. A distinct pattern is observed for efficiency 
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Figure 1. Cumulative TFP changes and their decomposition, as well as the inputs for TFP calculation across five SSP scenarios between 2020 

and 2050 

(A) Cumulative TFP changes; (B) TFP decomposition; and (C) inputs used to calculate TFP. Solid lines indicate the average TFP changes across ensemble runs 

under different productivity assumptions, with shaded areas indicating the variability between the lower and upper bounds. Triangle markers at the end of each 

line mark the lower and upper bounds for cumulative TFP changes in 2050. 

Bars show mean values across ensemble runs under varying productivity assumptions, and error bars denote one SD from the mean.
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change under SSP3, in which the catch-up index exceeds 1, indi

cating positive catch-up to the frontier and a contribution to TFP 

growth. This suggests that China is converging toward the global 

production frontier between 2020 and 2050 in the SSP3 scenario. 

Conversely, the catch-up index in SSP1, SSP2, SSP4, and SSP5 

scenarios is below 1, indicating that China is diverging from the 

global production frontier in these scenarios.

China’s crop TFP growth is closely intertwined with 

agricultural trade and crop demand

Variation in China’s crop TFP growth across SSPs reflects the 

combined influence of trade liberalization and domestic crop de

mand. The degree of trade liberalization varies notably across 

the SSPs, ranging from globalization in SSP1, SSP4, and SSP5 

scenarios to regionalization in SSP2 and fragmentation in 

SSP3. Greater trade openness is positively associated with 

TFP growth. SSP1, SSP4, and SSP5 scenarios, which assume 

greater trade openness, are associated with greater cumulative 

TFP growth from 2020 to 2050 compared with SSP2 and SSP3 

scenarios. The cumulative TFP growth in SSP1, SSP4, and 

SSP5 scenarios is 2.2, 14.1, and 4.3 percentage points greater 

than that in the SSP2 scenario and 4.4, 16.3, and 6.5 percentage 

points greater than that in the SSP3 scenario. In contrast, the 

SSP3 scenario, characterized by fragmented international trade, 

has a lower cumulative TFP growth than the SSP2 scenario by 

2.2 percentage points between 2020 and 2050. In addition, 

crop demand influences TFP growth. In the SSP1, SSP4, and 

SSP5 scenarios, which are characterized by trade liberalization, 

the greater crop demand in SSP4 and SSP5 is associated with 

higher TFP growth compared with SSP1, with increases of 

11.9 and approximately 2.2 percentage points, respectively.

Trade dynamics are influenced by both TFP growth and domes

tic crop demand. Associated with TFP growth, crop net trade is 

projected to increase by 84.6, 31.3, and 110.5 million tons of dry 

matter (Mt DM) in the SSP1, SSP2, and SSP4 scenarios, respec

tively, by 2050 relative to the SSP2 scenario in 2020 (Figure 2A). 

Conversely, in the SSP3 and SSP5 scenarios, despite significant 

TFP growth, the higher domestic crop demand (Figure 2B) leads 

to a reduction in crop net trade by 0.6 and 16.6 Mt DM, respec

tively, by 2050 relative to the SSP2 scenario in 2020. The SSP4 
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Figure 2. Changes in crop net trade and de

mand in China across the scenarios in 2050 

relative to the SSP2 scenario in 2020 in 

terms of dry matter 

(A) Crop net trade; (B) crop demand. 

Bars show mean values across ensemble runs 

under varying productivity assumptions, and error 

bars denote one SD from the mean.

scenario exhibits the largest uncertainty 

in projected crop net trade, with one stan

dard deviation (SD) of 9.8 Mt DM across 

the results when productivity-related fac

tors are taken into account.

Continued growth in crop-specific TFP 

strengthens comparative advantage and 

is associated with larger net exports of 

specific crops. However, this effect remains sensitive to domes

tic demand. As TFP grows, net exports of wheat and maize are 

projected to increase from 2020 to 2050 (Figure 3). However, 

this pattern is not projected to hold for wheat in the SSP3 sce

nario and maize in the SSP5 scenario. In SSP3, average net ex

ports of wheat are projected to be 16.9% lower in 2040–2050 

than in 2020–2030, despite a cumulative 23.1% increase in 

wheat TFP by 2050 relative to 2020, owing to relatively high do

mestic wheat demand combined with limited trade openness in 

the SSP3 scenario (Figure S2). In contrast, under the SSP1, 

SSP2, SSP4, and SSP5 scenarios, the average net exports of 

wheat are projected to increase alongside TFP growth by 22.2, 

8.7, 20.2, and 27.9 Mt DM, respectively. Similarly, with TFP 

growth, the average net exports of maize are projected to in

crease by 63.8, 44.2, 20.7, and 90.0 Mt DM in SSP1, SSP2, 

SSP3, and SSP4, respectively, during 2040–2050 compared 

with 2020–2030. However, in the SSP5 scenario, the average 

net exports of maize in 2040–2050 are projected to be 5.6 Mt 

DM lower than in 2020–2030 due to the high feed demand for 

maize (Figure S3). Despite the projected growth in soybean 

TFP across all scenarios, China is projected to remain a net 

importer of soybeans. Average soybean imports during 2040– 

2050 are projected to reach 70.1 Mt DM under SSP1, 71.7 Mt 

DM under SSP2, 73.4 Mt DM under SSP3, 73.8 Mt DM under 

SSP4, and 74.7 Mt DM under SSP5, respectively. This pattern 

is primarily driven by rising soybean demand, which outpaces 

growth in domestic production even under TFP improvement 

(Figure S4). Among crop-specific trade outcomes, maize ex

hibits the largest uncertainty, particularly in the SSP4 and 

SSP5 scenarios between 2040 and 2050, with one SD of 17.6 

and 18.4 Mt DM, respectively. To further examine heterogeneity 

in regional trade responses, we also report region-level net trade 

patterns for maize, soybean, and wheat in 2020–2030 and 2040– 

2050 across SSP scenarios in Figures S5 and S6.

Impacts of the interplay between TFP growth and 

agricultural trade on resource use

TFP growth and trade openness have profound implications for 

resource use. We find that their effects are most pronounced in 

three respects: (1) substantial TFP growth markedly reduces 
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irrigation water use in China; (2) agricultural trade alleviates pres

sure on domestic cropland; and (3) China’s agricultural trade 

helps conserve global cropland, agricultural water, and fertilizer, 

reflecting relative differences in partial factor productivity be

tween China and the rest of the world.

TFP growth is associated with reduced irrigation water con

sumption in China (Figure 4). Here, the value of water consump

tion refers to irrigation water consumption weighted by spatial 

water scarcity, thereby capturing not only changes in irrigation 

water use but also shifts in irrigated cropland across areas with 

different water scarcity levels. SSP1 shows the largest reduction 

in irrigation water consumption between 2020 and 2050, with a 

33.1% decrease, followed by SSP4 (29.2%), SSP5 (26.1%), 

SSP2 (11.0%), and SSP3 (5.7%). It is worth noting that the 

reduction in irrigation water consumption occurs despite the 

expansion of irrigated cropland area. This is primarily driven by 

a shift in crop composition characterized by a decline in the 

share of more water-intensive crops (e.g., rice), which leads to 

substantial water savings that offset the modest additional water 

demand from the expansion of irrigated cropland area for less 

water-intensive crops such as wheat and maize (Figure S7). 

This reduction in water consumption leads to a corresponding 

decrease in the value of water consumption, with declines of 

73.3% under SSP3, 24.3% under SSP2, 16.9% under SSP5, 

14.0% under SSP4, and 13.1% under SSP1, respectively. In 

addition to the reduction in irrigation water consumption, the 

spatial distribution of irrigated cropland area is also a key factor 

affecting the value of water consumption. For instance, although 

the SSP3 scenario shows a smaller reduction in overall irrigation 

water consumption than SSP2, the value of water consumption 

declines by 73.3% in SSP3, compared with 24.3% in SSP2. 

This is primarily due to a pronounced redistribution of irrigated 

cropland area from regions with higher water scarcity to those 

with lower water scarcity under the SSP3 scenario. The SD of 

changes in water consumption value is notably higher in the 

SSP1, SSP4, and SSP5 scenarios, indicating that the value of 

water consumption in 2050 may exceed that of 2020 in these 

scenarios.

The interaction between TFP growth and agricultural trade can 

help alleviate cropland scarcity in China but may also lead to 

increased water consumption and fertilizer use across all sce

narios. Notably, China remains a net importer of cropland and 

a net exporter of irrigation water and fertilizer in all scenarios 

(Figure 5A). From 2020 to 2050, cumulative net imported crop

land is projected to be 468.3 Mha under SSP1, 231.8 Mha under 

SSP2, 247.3 Mha under SSP3, 177.0 Mha under SSP4, and 

326.5 Mha under SSP5, respectively.

We further assess how China’s agricultural trade influences 

global resource use across different socioeconomic pathways 

(see methods for details). Agricultural trade can enhance 

resource-use efficiency by shifting production from relatively 

low-efficiency regions to relatively high-efficiency regions, 

thereby generating resource savings.9 In contrast, when goods 

flow from relatively low-efficiency regions to relatively high-effi

ciency regions, trade may lower resource-use efficiency and in

crease overall resource consumption. To assess the combined 

impact of China’s productivity and agricultural trade on global re

sources, we evaluate whether China’s agricultural trade leads to 

resource savings or additional resource use. Our results reveal 

that China’s crop productivity and trade have a joint impact on 

global cropland, agricultural water, and fertilizer use during the 

period of 2020–2050 (Figure 5B). Specifically, projected crop

land conservation between 2020 and 2050 amounts to 101.9 

Mha under SSP1, 265.2 Mha under SSP2, 195.3 Mha under 
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(A) results for the period 2020–2030; (B) results for the period 2040–2050. The points represent the cumulative TFP index in 2030 (A) and 2050 (B) (y2020 = 100). 

Bars show mean values across ensemble runs under varying productivity assumptions, and error bars denote one SD from the mean.
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SSP3, 434.8 Mha under SSP4, and 100.7 Mha under SSP5, 

respectively. Similarly, the irrigated water savings during the 

same period are estimated at 2,083.2 km3 under SSP1, 

3,284.7 km3 under SSP2, 2,918.7 km3 under SSP3, 

2,120.7 km3 under SSP4, and 2,311.5 km3 under SSP5, respec

tively. Additionally, nitrogen fertilizer savings during the same 

period are projected to be 5.3 Tg N under SSP1, 15.9 Tg N under 

SSP2, 24.7 Tg N under SSP3, and 29.3 Tg N under SSP5, 

whereas under the SSP4 scenario, China’s agricultural trade is 

projected to increase global nitrogen fertilizer use by 1.1 Tg N.

Impacts of the interplay between TFP growth and 

agricultural trade on GHG emissions related to crop 

production

China’s non-CO2 GHG emissions from cropping activities are 

projected to increase by 2.0% under the SSP1 scenario, 

20.3% under the SSP2 scenario, 46.7% under the SSP3 sce

nario, 8.8% under the SSP4 scenario, and 25.0% under the 

SSP5 scenario by 2050, compared with 2020 (Figure 6A). Non- 

CO2 emissions from crop production are mainly composed of 

CH4 (which is primarily induced by rice cultivation) and N2O 

(which is primarily induced by fertilizer use).32 The impact of 

TFP growth on non-CO2 emissions from crop production varies. 

Total CH4 emissions from crop production are projected to 

decline across all scenarios, with reductions ranging from 

26.9% under SSP5 to 37.2% under SSP2. This reduction is 

mainly driven by declining domestic rice demand across SSP 

pathways, which leads to the contraction of rice cropland area 

and lower rice-related CH4 emissions (Figure S8). Changes in 

net exports of maize and wheat mainly influence land and 

resource pressures, with only indirect and limited implications 

for rice-related CH4 emissions, given the relatively minor role of 

rice in China’s crop trade portfolio (Figure S9). In contrast, N2O 

emissions are projected to increase, ranging from 21.2% under 

SSP1 to 95.8% under SSP3 by 2050, driven by higher nitrogen 

fertilizer use (Figure 1C). Despite these increases in non-CO2 

emissions related to production activities, non-CO2 GHG emis

sion intensity is projected to decline under SSP1, SSP2, SSP4, 
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Bars show mean values across ensemble runs 

under varying productivity assumptions, and error 

bars denote one SD from the mean.

and SSP5 scenarios by 15.3%, 6.2%, 

18.2%, and 2.1%, respectively, whereas 

it increases under SSP3 by 13.3% 

(Figure 6B).

DISCUSSION

This study projects future crop TFP 

growth in China, considering endoge

nous technological change and alterna

tive socioeconomic development pathways. The results suggest 

that the TFP of China’s crop sector will continue to increase, 

which is consistent with a previous study that extrapolates 

from historical trends.33 However, our projections diverge from 

these historical extrapolations, which typically assume that 

past trends persist into the future. Our findings indicate a decel

erating trend in crop TFP growth over time. This variation illus

trates the difficulties inherent in forecasting TFP growth and 

underscores the necessity of considering alternative socioeco

nomic pathways. In contrast to econometric analyses based 

on historical data, in which TFP indices reflect realized produc

tivity paths influenced by institutional reforms, technological 

change triggered by research and development (R&D) invest

ment, and policy support over the past few decades,20,34 TFP 

measures in our study are derived ex post from an agro-eco

nomic model that incorporates socioeconomic drivers and bio

physical constraints. Accordingly, the projected TFP trajectory 

reflects endogenous adjustments to tightening resource and 

environmental constraints, rather than being driven by particular 

technological innovations.

We also investigate the relationship between TFP growth and 

agricultural trade. Scenarios with greater trade liberalization (i.e., 

SSP1, SSP4, and SSP5) exhibit higher TFP growth by 2050. The 

findings support previous work suggesting that greater trade 

openness is associated with greater TFP growth.35 SSP1 and 

SSP4 scenarios, which are associated with greater TFP growth, 

also demonstrate higher levels of crop net trade. This result 

aligns with previous findings that productivity improvements, re

flected in measured TFP, tend to increase exports and decrease 

imports by improving comparative advantage in international 

trade.17 However, the association between TFP growth and agri

cultural trade can be influenced by demand. In the SSP5 sce

nario, which is projected to have the second-highest TFP growth 

between 2020 and 2050 among the SSPs, crop net trade in 2050 

is lower than in 2020 due to high feed demand. These results 

highlight the intricate relationship between TFP growth, crop de

mand, and agricultural trade. Our results also indicate that China 

is projected to continue requiring imports to meet its food 
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demand,9 particularly for soybeans. To complement empirical 

studies that use historical data to examine the relationship be

tween TFP and trade, often focusing on bidirectional causality 

and lagged effects,36,37 our analysis is conducted within a recur

sive-dynamic agro-economic model, in which key variables are 

jointly determined within each model period.31

Our results indicate that agricultural water scarcity can be alle

viated in two ways: by reducing irrigation water consumption and 

by optimizing the spatial distribution of irrigated cropland. 

Increased crop TFP in China is associated with reduced agricul

tural water demand. Further analysis indicates that future socio

economic changes will shift demand patterns and thereby alter 

cropping patterns.38 In particular, the share of cropland area 

devoted to less water-intensive crops is expected to increase, 

whereas the cropland area dedicated to water-intensive crops 

is expected to decline, reducing dependence on water re

sources. This finding aligns with the previous study, which em

phasizes that reducing agricultural water use is a key strategy 

for addressing water resource constraints.39 In addition to 

resource endowments, the uneven spatial distribution of water 

resources in China is also an important driver of agricultural wa

ter scarcity.39,40 The Chinese government has attempted to 

address this issue through water diversion projects, such as 

the South-to-North Water Diversion Project. However, such 

measures involve large investments and may generate negative 

environmental side effects.41 This study suggests that adjusting 

cropping patterns by increasing the share of irrigated cropland in 

water-abundant areas could help alleviate water scarcity. It is 

important to recognize that the spatial adjustments indicated 

by our results are primarily driven by demand patterns and 

spatially differentiated comparative advantage in production. 

Although optimizing cropping patterns by allocating more irri

gated cropland to water-abundant areas may be a more sustain

able way to alleviate water scarcity,39,40 many additional factors, 

such as regional dietary preferences, transport costs, and long- 

standing cropping systems, need to be taken into account when 

designing practical policy solutions.

Additionally, this study indicates that China can reduce pres

sure on domestic cropland through agricultural trade. This 

finding is consistent with previous research, which also shows 

that agricultural trade has historically played a role in mitigating 

cropland pressures.42 It is important to note that the differing im

pacts of agricultural trade on China’s cropland area, agricultural 

water, and nitrogen fertilizer arise from differences in the 

resource intensities embedded in traded crops.9,23 Between 

2020 and 2050, China is projected to mainly export wheat and 

maize, which are cropland-intensive, while mainly importing soy

beans, which are relatively water- and fertilizer-intensive. 
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Figure 5. Cumulative virtual resource trade volume of cropland, agricultural water, and nitrogen fertilizer in China and impacts of China’s 

agricultural trade on global cropland, agricultural water, and nitrogen fertilizer in the period of 2020–2050 

(A) cumulative virtual resource trade volume of cropland, agricultural water, and nitrogen fertilizer in China; (B) impacts of China’s agricultural trade on global 

cropland, agricultural water, and nitrogen fertilizer. Negative values (− ) indicate that China is a net importer of the respective resource, whereas positive values (+) 

indicate that China is a net exporter. Downward arrows (↓) indicate that China’s agricultural trade conserves global resources, whereas upward arrows (↑) indicate 

the opposite. 

Bars show mean values across ensemble runs under varying productivity assumptions, and error bars denote one SD from the mean.
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Furthermore, this study shows that China can conserve global 

cropland, agricultural water, and nitrogen fertilizer through agri

cultural trade. This finding aligns with previous research indi

cating that China’s agricultural trade has saved global cropland 

and nitrogen fertilizer over the past few decades.9

The findings indicate that as TFP grows and crop production 

expands, there is a corresponding increase in the use of fertil

izers, which in turn leads to higher emissions of N2O from crop

ping activities. This is consistent with findings that rebound ef

fects can offset mitigation benefits as productivity increases,17

underscoring the need for strengthened fertilizer management.43

These scenario-dependent results have several policy impli

cations.44 First, the continued reliance on soybean imports high

lights the need to strengthen domestic soybean production 

through targeted R&D investment,45 expansion of cultivation in 

suitable areas, and provision of supportive public services, while 

concurrently maintaining a diversified portfolio of import sources 

to strengthen supply chain resilience. Second, the reduction of 

agricultural water stress may be facilitated by the alignment of 

cropping patterns with regional water availability. This can be 

achieved through basin-scale water allocation planning, re

gion-specific crop suitability zoning, and differentiated irrigation 

incentives that gradually encourage more water-efficient spatial 

distributions of crop production. Finally, in the high-demand sce

nario (SSP3) and the fossil fuel-intensive scenario (SSP5), in 

which fertilizer use and N2O emissions increase substantially, 

strengthened regulation of fertilizer application becomes essen

tial. This includes improving nitrogen-use efficiency, establishing 

clearer application standards, and promoting precision fertilizer 

application practices to ensure that productivity gains align 

with environmental objectives.46

Several caveats should be kept in mind when interpreting the 

results. First, although MAgPIE-China captures subnational het

erogeneity through its geo-economic clusters and grid data 

structure, the results for TFP, resource use, and trade are pre

sented at the national level and may still mask differences among 

eastern, central, and western regions of China. Developing a 

subnational version for China with region-specific calibration 

would be a valuable direction for future work. Second, TFP is 

estimated as a disembodied efficiency parameter inferred ex 

post from model outputs. It should be interpreted as an indicator 

of combined institutional, technological, and policy influences, 

rather than as a detailed representation of capital-embodied 

technological change. As a result, potential emission changes 

associated with shifts in machinery use or capital-labor substitu

tion are not directly captured by the TFP indices but are ac

counted for through the underlying model structure of MAgPIE- 

China. Third, our assessment of the global resource implications 

of China’s agricultural trade focuses on the net effects of 

changes in China’s agricultural trade patterns rather than bilat

eral attribution. While this approach does not allow decomposi

tion of land, water, and fertilizer impacts by individual trading 

-50

-25

0

25

50

75

100

125

150

175

200

SSP1 SSP2 SSP3 SSP4 SSP5
Scenarios

C
ha

ng
es

in
no

n-
C

O
2

em
is

si
on

s
in

20
50

re
la

tiv
e

to
20

20
[M

tC
O

2e
q

pe
ry

r]
A

0.30

0.35

0.40

Em
is

si
on

in
te

ns
ity

[t
C

O
2e

q
pe

rt
D

M
]

0.0

0.2

2020 2030 2040 2050
Year

B

Uncertainty ranges
SSP1 SSP2 SSP3 SSP4 SSP5 Lower bound Upper bound

Emission types and sources
CH4: Burning of crop residues
CH4: Rice

N2O: Decay of crop residues
N2O: Inorganic fertilizers

N2O: Manure applied to croplands

Figure 6. Changes in CH4 and N2O emissions and non-CO2 emission intensity in China under different SSP scenarios 
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under different SSP scenarios. 

Bars show mean values across ensemble runs under varying productivity assumptions, and error bars denote one SD from the mean for the total CH4 and N2O 

emissions categories. Solid lines in (B) indicate the average values across ensemble runs under alternative productivity assumptions, with shaded areas indi

cating the variability between the lower and upper bounds. Triangle markers at the end of each line mark the lower and upper bounds for non-CO2 emission 

intensity in 2050.
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partners, it remains well suited for capturing the aggregate 

resource consequences of trade adjustments at the global level.

METHODS

This study combines the MAgPIE-China model with ex post TFP 

assessment using DEA (Figure S10). MAgPIE-China generates 

forward-looking, scenario-based simulations under future 

SSPs, with outcomes endogenously determined through cost 

minimization subject to biophysical and socioeconomic con

straints, including relative crop prices. DEA is applied only after 

each simulation period to construct TFP indices from the model 

outputs, rather than to forecast future crop-specific TFP growth. 

The outputs used in DEA correspond to simulated crop produc

tion quantities, whereas the DEA inputs correspond to simulated 

cropland area, irrigation water use, labor and capital costs, fertil

izer costs, and seed quantity. Within this integrated framework, 

exogenous socioeconomic drivers (population, GDP, and trade 

openness) determine food and feed demand, which is then 

met through endogenous technological change, cropland allo

cation, and trade adjustments, thereby explicitly linking food se

curity to TFP dynamics, resource use, and associated environ

mental outcomes (Figure S11).

Agro-economic model for China—MAgPIE-China

MAgPIE-China is developed based on MAgPIE, tailored specif

ically to China by incorporating China-specific policies and cali

brating the model using China-specific data.

MAgPIE is a partial equilibrium model that combines eco

nomic and biophysical approaches to simulate spatially explicit 

global scenarios of land use and their respective interactions 

with the environment.47 This study uses MAgPIE version 4.7.3 

in a setup with 12 world regions (Figure S12). For all 12 world re

gions, including China, the model internally disaggregates each 

region into multiple geo-economic clusters and 0.5◦ grid cells, 

each characterized by distinct land-use patterns, yield poten

tials, and water constraints based on historical observations. 

As a result, even though results are presented at the regional 

level, key spatial differences in natural endowments and crop

ping systems are captured. This dynamic recursive model runs 

with a 5-year interval from 1995. Food demand is related to pop

ulation, GDP, and regional diets.48 Food demand can be met 

through 19 farming activities and 5 livestock activities. The de

mand for the crop sector includes food, feed, material, seed, 

and bioenergy.12 The objective of the model is to satisfy food, 

livestock, and material requirements at the lowest cost within 

certain socioeconomic and biophysical constraints. Biophysical 

conditions for each crop in the model are obtained from the 

Lund-Potsdam-Jena managed Land model (LPJmL).49 The 

costs of agricultural production include the use of cropland, pro

duction factor costs, fertilizer costs, seed, and irrigation water.

Technological change, trade, and cropland expansion are 

three major options in the model to increase regional supply.31

Technological change is treated as an endogenous factor based 

on production costs and the effectiveness of R&D investment.31

Trade in the model is based on historical trade patterns and eco

nomic competitiveness.50 This study focuses on crop net trade, 

in which a positive value signifies that the region is a net exporter 

of the commodity, and a negative value indicates that it is a net 

importer. Our model accounts for the following land types: crop

land, forest, other land (including non-forest natural vegetation, 

abandoned agricultural land, and deserts), and settlements.31

Cropland, forest, and other land are endogenous, whereas set

tlement areas are assumed to be constant over time. The 

changes in land-use types have environmental impacts. The 

model considers the flow of different types of land-use-driven 

GHG emissions, including CO2, CH4, and N2O emissions. CO2 

emissions are estimated from land-use dynamics (the conver

sion of other land types to agricultural land and the consequent 

loss of terrestrial carbon stocks).51 Additionally, the depletion of 

soil organic matter results in the loss of carbon sinks. In contrast, 

land can act as a carbon sink when agricultural land is excluded 

from production and the associated regeneration of natural 

vegetation results in negative emissions from land-use change. 

Nitrogen emissions are estimated using the nitrogen budgets 

for the cropland, pasture, and livestock sectors.52,53 Nitrogen 

emission sources include manure, inorganic fertilizer, crop resi

dues, soil organic matter, and indirect emissions.52,53 Methane 

emission sources considered in the model are enteric fermenta

tion, animal waste management, and rice cultivation.51,54 In 

addition, water is another important constraint on crop produc

tion. Thus, agricultural water demand is endogenously deter

mined based on irrigated cropland area and livestock produc

tion, whereas the water demand of other sectors is retained as 

exogenous.55,56 The irrigation water demand per area for each 

crop category and cluster is simulated using the LPJmL model. 

The model is applied to simulate the marker scenarios of the 

SSPs and is used in several Intergovernmental Panel on Climate 

Change assessments.31

To reflect China-specific conditions, we use the MAgPIE- 

China model, which integrates essential Chinese policies into 

the MAgPIE model, including China’s fertilizer reform and crop

land protection policy. Specifically, the effects of fertilizer pol

icy reform on nitrogen fertilizer prices and nitrogen manage

ment efficiency are represented in the model. To capture 

China’s cropland protection policy, which maintains a minimum 

level of cropland area, we impose a minimum cropland 

threshold of 120 million hectares. In addition, we calibrate 

China’s net trade of soybeans using data from the Food and 

Agriculture Organization (− 2.24 Mt DM in 1995; − 11.13 Mt 

DM in 2000; − 25.45 Mt DM in 2005; − 50.8 Mt DM in 2010; 

− 57.79 Mt DM in 2015; and − 58.78 Mt DM in 2020). These 

China-specific baseline constraints are implemented exoge

nously and applied uniformly across all scenarios, providing a 

consistent policy background rather than scenario-specific 

variation in policy instruments. To account for the uncertainties 

arising from productivity-related factors, we run ensembles 

with varying productivity assumptions for cropland, agricultural 

water, and factor costs, all of which directly enter the TFP esti

mation. We then summarize the results using the mean values 

across ensemble runs.

SSPs

The SSPs are established to provide a framework for developing 

new socioeconomic scenarios. The SSPs represent five global 

future pathways, reflecting the different challenges associated 
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with different socioeconomic conditions.16 The SSP framework 

is widely used in analyses of future climate impacts, vulnerabil

ities, adaptation, and mitigation. Detailed information about 

model parameters across SSPs can be found in Wang et al.12

• SSP1 (sustainability) represents a sustainable world with 

low population growth rates and medium levels of eco

nomic development. Intensive international and sectoral 

cooperation and high investment in education, health, 

and environmental technologies support sustainable 

development.

• SSP2 (middle of the road) implies a development pathway 

that is consistent with the typical patterns of historical ex

periences observed globally.

• SSP3 (regional rivalry) represents a world with regional 

competition and little international cooperation. SSP3 is 

characterized by high population growth, low economic 

development, reduced investment in education and tech

nological development, more material-intensive consump

tion, and limited institutional capacity.

• SSP4 (inequality) implies high levels of inequality between 

and within countries. Investment in education is generally 

low and unevenly distributed. Developed countries and re

gions are characterized by high economic and technolog

ical growth, as well as strong institutional capacity. Devel

oping countries and regions face higher population growth 

and lower economic and technological growth compared 

with developed economies.

• SSP5 (fossil-fueled development) implies technological 

progress and human capital development as the path to 

continued development. A large amount of fossil fuel re

sources is assumed. Developing countries grow rapidly 

with considerably improved institutions and reduced 

inequality.

Model parameters are specified in accordance with qualitative 

storylines of the SSPs.12 The quantitative population and eco

nomic development scenarios are translated into the model de

mand for crops and livestock products (Figure S13). The different 

economic trajectories are reflected in dietary pattern changes, 

such as per capita meat consumption and wasted calories. 

The protection of the environment in the SSP settings is repre

sented by the protection level setting of forests and other eco

systems in MAgPIE. Globalization is set through the trade mod

ule in the model (exporting goods if self-sufficiency is satisfied).50

The assumptions about livestock efficiency are SSP-specific, 

which reflects the amount of feed required to produce a given 

amount of livestock products, whereas the productivity in the 

crop sector is endogenously determined during model optimiza

tion.12 Finally, the risk-accounting factors are considered in the 

model to reflect the political stability and governance perfor

mance in SSP narratives.13,45

Malmquist DEA method

This study uses the output-oriented DEA method to calculate 

TFP changes that are measured as a Malmquist productivity in

dex.12 Production technology is defined using the output set, 

P(x). The variable y represents the aggregated amount of crop 

commodities and x shows all inputs in crop production, including 

cropland area, production factor costs, water usage for irriga

tion, fertilizer costs, and seed. The formula of the crop produc

tion model can be represented as follows:

P(x) = {y : x can produce y}: (Equation 1) 

Then the distance function can be defined as:

Do = min θ : (y = θ) ∈ P(x); (Equation 2) 

where θ is the scalar by which the observed output y is radially 

deflated, conditional on input x, to project the observation onto 

the production frontier.

The output-oriented Malmquist TFP change index between 

period t and period t + 1 is given by:

Mo(yt; xt; yt+1; xt+1) =

[
dt

o(yt+1; xt+1)

dt
o(yt; xt)

dt+1
o (yt+1; xt+1)

dt+1
o (yt; xt)

]1
2

;

(Equation 3) 

where the notation dt
o(yt+1; xt+1) denotes the distance from the 

period t + 1 observation to the period t technology. Equation 3

is the geometric mean of two TFP indices. The technology of 

period t is evaluated by 
dt

o(yt+1 ;xt+1)

dt
o(yt ;xt)

, whereas the technology of 

period t + 1 is evaluated by 
dt+1

o (yt+1 ;xt+1)

dt+1
o (yt ;xt)

.

The Malmquist TFP index can also be defined as:

Mo(yt; xt; yt+1; xt+1) =
dt+1

o (yt+1; xt+1)

dt
o(yt; xt)

×

[
dt

o(yt+1; xt+1)

dt+1
o (yt+1; xt+1)

dt
o(yt; xt)

dt+1
o (yt; xt)

]1
2

;

(Equation 4) 

where 
dt+1

o (yt+1 ;xt+1)

dt
o(yt ;xt)

measures the efficiency change between pe

riods t and t + 1. Technical change is measured by 
[

dt
o(yt+1 ;xt+1)

dt+1
o (yt+1 ;xt+1)

dt
o(yt ;xt)

dt+1
o (yt ;xt)

]1
2

, which is the geometric mean of the shift 

in technology between the two periods.

The Malmquist TFP index defined in Equation 4 can be calcu

lated by solving the following linear programming problems:

maxϑ;λϑ;

s: t: − ϑyi + Yλ ≥ 0;

xi − Xλ ≥ 0;

λ ≥ 0; (Equation 5) 

where yi is the aggregated amount of crop commodities; xi is a 

5 × 1 vector of input quantities for the ith region; Y is a 1 × 12 ma

trix of output quantities for all 12 regions; X is a 5 × 12 matrix of 

input quantities for all 12 regions; λ is a 12 × 1 vector of weights; 

and ϑ is a scalar.

In this study, we employ a standard output-oriented DEA- 

Malmquist index as an ex post, nonparametric approach to mea

sure TFP from the MAgPIE-China simulations, rather than 
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parametric stochastic frontier analysis (SFA) with functional- 

form and distributional assumptions. The DEA-Malmquist frame

work accommodates multiple inputs by constructing period-to- 

period productivity change indices based on distance functions 

relative to the DEA efficiency frontier. Environmental outcomes, 

including cropland area, irrigation water use, fertilizer use, CH4 

and N2O emissions, are treated as outcome variables influenced 

by changes in TFP and trade and are therefore analyzed sepa

rately rather than incorporated as undesirable outputs in the 

DEA model. Moreover, we measure conventional rather than 

green TFP, and environmental variables are accordingly not 

embedded in the productivity index to keep productivity mea

surement and environmental performance analytically distinct.

Global resources saved by agricultural trade

The calculations of trade impacts on resources are based on 

partial productivity differences between China and the average 

of the rest of the world for cropland, agricultural water, and nitro

gen fertilizer.9

Land saved by agricultural trade

lst =
∑

k

⎡

⎣

⎛

⎝

∑

i

lk;t;i

M
− lk;t;CHA

⎞

⎠ ∗ nek;t;CHA

+

⎛

⎝lk;t;CHA −

∑

j

lk;t;j

N

⎞

⎠ ∗ nik;t;CHA

⎤

⎦;

(Equation 6) 

where k denotes the specific crop product; t denotes the year; i 

denotes regions with net imports of product k in year t; j denotes 

regions with net exports of product k in year t; M denotes the 

number of regions with net imports of product k in year t; N de

notes the number of regions with net exports of product k in year 

t; lk;t;CHA denotes the cropland used per unit production of prod

uct k in year t in China; lk;t;i denotes the average cropland used 

per unit production of product k in year t for regions with net im

ports; lk;t;j denotes the average cropland used per unit produc

tion of product k in year t for region j with net exports; nek;t;CHA 

denotes net exports of crop product k in year t by China; 

nik;t;CHA denotes net imports of crop product k in year t by China.

Agricultural water saved by agricultural trade

wst =
∑

k

⎡

⎣

⎛

⎝

∑

i

wk;t;i

M
− wk;t;CHA

⎞

⎠ ∗ nek;t;CHA

+

⎛

⎝wk;t;CHA −

∑

j

wk;t;j

N

⎞

⎠ ∗ nik;t;CHA

⎤

⎦;

(Equation 7) 

where k denotes the specific crop product; t denotes the year; i 

denotes regions with net imports of product k in year t; j denotes 

regions with net exports of product k in year t; M denotes the 

number of regions with net imports of product k in year t; N de

notes the number of regions with net exports of product k in year 

t; wk;t;CHA denotes the water used per unit production of product 

k in year t in China; wk;t;i denotes the water used per unit produc

tion of product k in year t for region i with net imports; wk;t;j de

notes the water used per unit production of product k in year t 

for region j with net exports. nek;t;CHA denotes net exports of 

crop product k in year t by China; nik;t;CHA denotes net imports 

of crop product k in year t by China.

Fertilizer saved by agricultural trade

fst =
∑

k

⎡

⎣

⎛

⎝

∑

i

fk;t;i

M
− fk;t;CHA

⎞

⎠ ∗ nek;t;CHA

+

⎛

⎝fk;t;CHA −

∑

j

fk;t;j

N

⎞

⎠ ∗ nik;t;CHA

⎤

⎦;

(Equation 8) 

where k denotes the specific crop product; t denotes the year; i 

denotes regions with net imports of product k in year t; j denotes 

regions with net exports of product k in year t; M denotes the 

number of regions with net imports of product k in year t; N de

notes the number of regions with net exports of product k in year 

t; fk;t;CHA denotes the fertilizer used per unit production of product 

k in year t in China; fk;t;i denotes the fertilizer used per unit pro

duction of product k in year t for region i with net imports; fk;t;j de

notes the fertilizer used per unit production of product k in year t 

for region j with net exports. nek;t;CHA denotes net exports of crop 

product k in year t by China; nik;t;CHA denotes net imports of crop 

product k in year t by China.
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