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Management practices and
elevated atmospheric CO, levels
helped to sustain a high level of
global rice production

Tzu-Shun Lin2 & Atul K. Jain1™

Rice is a staple agricultural resource for over half the global population. Using the data-modeling
methods, which account for major biophysical processes and all major environmental and
management factors, our study shows that rice production for 2006-2015 has increased by almost
2-fold since the 1960s, despite growing concerns about climate change and other extreme climate
event risks. Management practices through the expansion of irrigated and non-irrigated cropping
harvested areas and the increased rates of N fertilizer and manure application have helped to maintain
higher production rates since the 1960s. The global production of rice for the decade 2006-2015 was
713 million tons per year, with South and Southeast Asia by far the largest rice-producing region,

and China (24%), India (22%), and Thailand (9%) being the top three producers. Multiple cropping
increases overall production, with the highest rice yield in season one due to a longer growing period
and favorable conditions, while yields decline in the subsequent seasons. The results show that global
transplanted rice yields are 25% higher than direct-seeded rice yields. Accounting for the effects of
management factors, the total production increased by 76%. The expansion of rice-planting areas
was the primary management contributing factor (52%), with the expansion of irrigated planted areas
contributing 39% and rainfed 13%. Other management practices that helped increase production
include N fertilizer and manure (24%). Our results also reveal that environmental factors increased
productivity by 24% in the recent decade, with rising atmospheric CO, concentration increasing
productivity by 30% and N deposition by 1%. In contrast, climate change reduced production by 7%.
These findings highlight the critical role of management practices, especially the expansion of irrigated
areas and fertilizer use, in driving recent increases in rice production. Accounting for these factors is
crucial for accurate projections and effective rice cultivation planning.

Keywords Rice production, Environmental factors, Management factors, Nitrogen fertilizer, Irrigation,
ISAM

Rice is one of the leading crops that provides a significant portion of dietary consumption for over half of the
world’s population!. Future rice demand will accelerate with population, technology, and economic growth.
However, maintaining the current global rice production is challenging because the yield stagnates. The increase
in rice yield has been maintained since 19907, and about 35% of the global rice harvested area is currently under
stagnation®. Furthermore, expected water scarcity and climate change will make rice production more vulnerable
to yield losses*°. Understanding how the rice production system has historically been improved or stagnated in
response to external environmental and management forces, such as climate change, rising atmospheric CO,
concentration, crop planting area expansion, irrigation, and N application, would facilitate the identification of
critical constraints for future production potential.

Process-based crop models have been developed that account for rice growth processes with comprehensive
phenology and their interactions with carbon (C), nitrogen (N), water, and energy cycles, and applied at the site,
regional, and global scales to estimate rice yield®'°. The global gridded crop model intercomparison (GGCMI)
study of the Agricultural Model Intercomparison and Improvement Project (AgMIP)'"'2, which evaluated rice
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yield from eleven process-based crop growth models, found that the models encounter challenges in evaluating
rice yield variability on a global scale!!. This might be because assessing the trend and variability of global rice
yield is limited due to insufficient information on rice management practices (e.g., planting method and timing,
N fertilizer and manure, multiple-cropping systems) and the limited information to account for the management
processes (e.g., flooded irrigation, planting method) within gridded global crop models'?.

Recent efforts have led to the development of a spatially explicit database on the seasonal distribution of global
rice production, including planting and harvesting dates, nitrogen (N) fertilizer and manure application, and
cropping intensity across rice-producing countries'*"1”. Building on this advancement, the present study aims
to improve the modeled representation of key rice management practices, specifically, irrigation, N fertilizer,
manure use, planting timing, and multiple-cropping systems, and to assess their contributions to global rice
production from 1901 to 2015. In addition to these management drivers, we also evaluate the influence of time-
varying environmental variables such as N deposition, atmospheric CO, concentrations, and climate change
(i.e., changes in radiation, temperature, and precipitation).

To achieve this, we integrate the new spatial dataset on seasonal rice calendars and cropping intensity into
a process-based land surface model, the Integrated Science Assessment Model for crops (ISAMg,, pice)- The
version of ISAM, = ;. used in this study builds on previous developments for C, and C, crops (e.g., maize,
soybean, and wheat) and bioenergy grasses (e.g., miscanthus, cave-in-rock, and alamo)'#-22. It has been extended
to better represent rice-specific growth dynamics.

The additional processes, which are critical for the rice productivity calculations, have been implemented
in the model including (i) leaf area index (LAI) as the function of rice phenological development and time-
varying specific leaf area (SLA) based on measurements; (ii) transplanting shock period to account for the effect
of subsequent growth and development of transplanted rice, which is a conventional method to grow rice?;
(iii) water surface energy budget and temperature under flooded irrigated conditions; and (iv) multiple rice
growing seasons per year and application of time-varying N fertilizer and manure rates on rice growth. These
additions are essential for improving rice productivity simulations and evaluating the relative importance of
environmental and management factors. Ultimately, the study contributes to a better understanding of how
specific, quantifiable interventions influence rice production over time and under changing environmental
conditions.

Results

Model evaluation

Before addressing the study objectives using ISAM¢,,, gicer WE first evaluated the extent to which the model
can respond to revised and newly implemented algorithms using various data sets. Using data from multiple
site studies, we calibrated and evaluated the ISAM-estimated rice photosynthesis under different temperature
conditions, C, water, and energy fluxes. The results show that calibrated ISAM(, 0 Rice could capture seasonal
patterns of LAI, canopy height, gross primary production, energy fluxes for flooded irrigated conditions, and
soil and water temperature for the rice at various sites (Supplementary Result 1.1-1.4, Supplementary Fig. 17-
22, Supplementary Tables 9-11).

The ISAM¢,0 Rice estimated yield was evaluated using the data from eleven rice observation sites, including
three micrometeorological tower sites (Supplementary Table 1), and at the country scale. Overall, the model-
estimated yields across all sites show a good agreement with the field observations, with a bias of —0.54 t/ha
(Fig. 1 and Supplementary Result 1.5). At the country scale, the model was able to capture FAO-reported rice
production for 116 countries, averaged for 1961 -201524 with Willmott’s index? of 0.94 and a Pearson’s correlation
coefficient, R, of 0.99 (Fig. 2), except for Sub-Saharan African countries where modeled yield was somewhat
overestimated (Supplementary Fig. 1). However, the yield overestimation in these countries had a limited effect
on model estimated rice production (Supplementary Fig. 2) due to the relatively low rice harvested areas in
these regions. Overall, the model captured about 83% of the production trend of FAO (Supplementary Fig. 3a),
particularly after 2010, as well as FAO-reported detrended production annual variability (Supplementary
Fig. 3b).

Global rice production and yield

Our estimated global rice production increased from 296 million tons in 1961 to 750 million tons in 2015
(Supplementary Fig. 3a), with a trend of 7.96 million tons/year, particularly in response to the expansion of
the harvested area from 116 million hectares (hereafter ha) in 1961 to 162 million ha in 2015 (Supplementary
Fig. 4a). During the same period, modeled yield increased by about 81% with a trend of 0.04 tons/ha/year
(Supplementary Fig. 5) despite a decreasing precipitation trend of —0.26 mm/yr and an increasing temperature
trend of 0.02 °C/yr (Supplementary Fig. 4g-h). It is because the negative climate impacts are alleviated by
increasing multiple environmental and management variables over time (Supplementary Fig. 4a-f), including
irrigated fraction (20%), atmospheric CO, concentration ([CO,]) (26%), and N input through deposition (12%),
fertilizer (73%), and manure (15%).

During 2006-2015, the estimated global production was 713 million tons (Fig. 3 and Supplementary Fig. 6a)
and a yield of 4.43 tons/ha (Supplementary Fig. 5), harvested on a total of 161 million ha areas (Supplementary
Fig. 6b). On the country scale, the world’s top ten rice-producing countries accounted for 82% of total global
production (Fig. 4a), with China, India, Thailand, Indonesia, and Bangladesh being the top five rice-producing
countries, contributing 24%, 22%, 9%, 8%, and 5% of global rice production, respectively. While India was the
second-largest producing country with the highest harvested area, its yield was the second lowest (3.53 tons/ha)
among the top ten countries. China and the Philippines had the highest yield (5.84 tons/ha) and the lowest yield
(3.16 tons/ha), respectively (Supplementary Fig. 7).
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Fig. 2. Country-level rice production simulated by the ISAM model, averaged over 1961-2015. The x-axis
shows the production data from FAO, and the y-axis shows the model simulation for 116 countries. R is
Pearsons correlation, and the WI is the Willmott index.
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Fig. 3. Modeled rice production averaged for 2006-2015. Spatial plots are the distribution of production for
(a) season one, (c) season two, (e) season three, and (g) the sum of the three seasons. Direct-seeded grids

are hatched, and transplanted grids are w/o hatched in spatial plots (a, ¢, and e). The bar plots (b, d, f, h)
correspond to the modeled global total production of direct-seeded and transplanted rice. The custom code for
the figure was written using Python (https://www.python.org/downloads/release/python-2718/. If inaccessible,
see https://www.python.org/downloads/ and search for “Python 2.7.18”).
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Fig. 4. (a) Estimated rice production and (b) harvested areas for the top-ten producing countries averaged for
2006-2015. The hatched segments in each bar show the direct-seeded rice production/areas for three seasons,
whereas w/o hatched segments show transplanted rice production/areas.
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The harvested area planted with the direct-seeded method indicated, in general, higher production than the
transplanted method for 2006-2015 (Fig. 3), mainly because of the higher direct-seeded area. Of the global total
harvested area, 67% was the direct-seeded area, and 33% was the transplanted area, which produced 431 and
282 million tons/yr of rice, or 60% and 40% of the global total production for 2006-2015. Despite the higher
production, the yield for the seeded area of 4.0 tons/ha was 25% lower than the yield for the transplanted area
(5.3 tons/ha) (Supplementary Fig. 8). In the top ten producing countries, China, India, and Thailand were the
only countries that cultivated transplanted harvest areas, accounting for 19%, 7%, and 3% of the total harvested
area, respectively (Fig. 4b). These countries accounted for the largest share of the world’s population. Their
higher demands for food were causing an increase in harvested areas. The estimated transplanted rice yields
in these three countries were higher or the same compared to the direct-seeded yields (Supplementary Fig. 7).
Although transplanted rice encountered transplanting shock (Supplementary Fig. 9), the results suggested that
the lost yield was offset by the accumulation of more biomass during the reproductive period, mainly due to
the longer growing period length, the favorable response for N fertilizer, and climate factors (Supplementary
Fig. 10).

Global rice was cultivated in up to three distinct growing seasons within a calendar year, though not
necessarily on the same plot of land. Some rice-producing regions, such as Bangladesh and Cambodia, practice
triple cropping, while others, like China, follow single or double cropping systems. Rice is grown in double-
cropped areas in early and late seasons, whereas single-cropped areas typically have a middle-season rice'*.
Season one accounts for the highest production (518 million tons or 73%), followed by season two (160 million
tons or 22%) and season three (35 million tons or 5%).The seasonal production trend directly followed the trends
in the seasonal harvested areas, decreasing with the season (109, 44, 8 million ha, or 68, 27, 5%) (Supplementary
Fig. 6b). However, yields for three growing seasons (Supplementary Fig. 8) were not characterized by harvested
area but by the variations of environmental factors and the length of growing season over three specific growing
seasons (Supplementary Fig. 10). The season one yield for the global mean (Supplementary Fig. 11a) case was
the highest (4.75 tons/ha) due to the most prolonged growing period; favorable environmental conditions, such
as temperature and precipitation; and higher yield response to the N fertilizer applications (Supplementary
Fig. 11b-e). In top-ten production countries, season one yield was the highest in China, Thailand, Indonesia,
Bangladesh, Myanmar, and the Philippines (Supplementary Fig. 7). In contrast, although season two rice was
grown with the lowest average global temperature during the growing season (Supplementary Fig. 11c) our
analysis indicated the estimated yield was the lowest (3.64 tons/ha) among the three growing seasons due to
lower N fertilizer rates than season three (Supplementary Fig. 11b) and the shortest growing period, and the
lowest precipitation rates and incoming solar radiation (Supplementary Fig. 11d-f). On a regional scale, West
Africa was the most impacted by unfavorable environmental and management conditions (Supplementary
Fig. 10). This trend, in general, was also found in most of the top ten rice-producing countries (Supplementary
Fig. 7). In season three, yield increased relative to season two in China due to the increasing length of the
growing period with a weak positive temperature effect, suggesting an important role of lengthening the growing
season to enhance photosynthetic activity, leaf area index, biomass accumulation, panicle development, and
ultimately grain filling and yield. However, the response in India was just the opposite (Supplementary Fig. 7),
mainly because of the unfavorable environmental and management conditions for growing rice (Supplementary
Fig. 10). As a result, the average yield for India was almost 40% lower than China’s yield. Overall, the global yield
for season three (4.38 tons/ha) was higher than season two’s (Supplementary Fig. 11a).

Regarding cropping intensity for 2006-2015, most of the top ten rice-producing countries harvested two-
season rice (Fig. 4). Some locations in China can have either a single or a double-season rice, leading to three
seasons in each grid cell. The countries that harvested rice for up to three seasons produced the most. These
multiple harvested areas appeared in China, India, Bangladesh, Vietnam, and the Philippines, with 30, 44, 11, 8,
and 5 million ha of areas devoted to rice harvests, which produced 24%, 22%, 5%, 4%, and 2% of global total rice
production. Rice harvests in two seasons accounted for the 39 million ha and 21 million ha areas, with 25% and
11% of global production in the first and second harvest seasons, respectively, mainly in China, India, Africa,
and Southeast Asia (Supplementary Fig. 6b). About 39 million ha of land was used to harvest single-season rice,
contributing to 25% of global total production located in most of the growing regions, with the highest in the
central parts of India.

Production responses to environmental and management changes
To study the contribution of environmental and management variables resulting from increased historical crop
production, we conduct factorial model experiments, keeping one input driver fixed at the initial year (1900)
conditions for simulations spanning 1901-2015, corresponding to the availability of climate data beginning
in 1901. The results suggested that, except for climate change factors (e.g., precipitation and temperature), all
environmental and management factors increased global rice production for 1961-2015 (Fig. 5). This period was
selected to align with FAO-reported rice production data, which are available starting in 1961; historical gridded
N fertilizer and manure data from GGCMI, which are available until 2015!%; and RiceAtlas report'* data for
three rice growing seasons, which are not a time-series dataset but give a representative average condition in the
early 21  century via the collection of calendar practices between 2000 and 2015 (mostly 2010-2015). Climate
change was the only factor that reduced global rice production. Among all the factors examined, management
factors combined contributed to global changes in production by 76%, including irrigated harvested areas
(39%), rainfed harvested areas (13%), and N fertilizer and manure (24%). The remaining 24% was attributed to
environmental factors that included [CO,] (30%), N deposition (1%), and climate change (—7%) for 2006-2015
(Supplementary Table 2 and Fig. 6).

The expansion of irrigated harvested areas significantly contributed to the increase in global rice production,
partly due to the greater availability and use of agricultural inputs (e.g., chemical fertilizers and pesticides)
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Fig. 5. Estimated yearly global rice production changes due to various environmental and management factors
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Fig. 6. Changes in yearly global rice production due to various environmental and management factors
averaged for 2006-2015 at 0.5-degree resolution. Positive values indicate that the effect increases production,
and negative values indicate that the effect reduces production. (a) harvested irrigated area, (b) [CO,], (c)

N fertilizer and manure, (d) harvested rainfed area, (e) N deposition, and (f) climate change. The color bar
legend shows a logarithmic scale. The custom code for the figure was written using Python (https://www.pytho
n.org/downloads/release/python-2718/. If inaccessible, see https://www.python.org/downloads/ and search for
“Python 2.7.18”).

and more intensive human management typically associated with irrigated systems®**’. Regions such as South
Asia, Southeast Asia, and East Asia experienced notable growth in irrigated area and correspondingly high
rice production during 2006-2015 (Fig. 6a). Out of 347 million tons of global production increased per year
(Supplementary Table 2), China produced the greatest amount (30%), followed by India (20%) and Thailand
(10%).
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Rising CO, concentration was the second most important environmental contribution factor, increasing
global rice production by 273 million tons annually from 2006 to 2015 (Fig. 6b and Supplementary Table 2).
China and India contributed 24% each to this total, followed by Indonesia at 9%.

The intensified application of fertilizer and manure continued to increase rice production with time, resulting
in an increase of 212 million tons per year in global production (Fig. 6¢ and Supplementary Table 2) from 2006
to 2015. N fertilization from manure and fertilizer led to global production changes in China (29%), followed
by India (26%) and Indonesia (11%). In some countries with N fertilizer and manure application, such as Brazil,
the N application lowered production. This was attributed to the relatively lower N application rate and higher
precipitation rates during 2006-2015, resulting in lower N supply and higher N losses due to leaching and
denitrification.

While rice production also increased in the harvested rainfed areas, much less than in the irrigated areas,
contributing 118 million tons of change per year (Fig. 6d and Supplementary Table 2). The three top-ten rice-
producing countries that saw higher production were India (50%), Thailand (16%), and Indonesia (20%). But
China, Myanmar, and Japan saw decreased production due to reduced rainfed harvested areas.

Nitrogen deposition led to the lowest positive effect among all factors, contributing about 13 million tons per
year, particularly in South Asia and Mainland Southeast Asia (Fig. 6e and Supplementary Table 2).

Climate change, associated with increasing temperature and decreasing precipitation, decreased global rice
production (Fig. 6f and Supplementary Table 2). For 2006-2015, climate change reduced 62 million tons of the
worldwide output per year, with the highest reduction in India (30%), particularly in the central and east Indo-
Gangetic Plain (Fig. 6f), followed by Indonesia (15%) and China (14%).

It is important to note that the interaction between environmental and management factors can produce
interactive effects, and the outcome can be nonlinear. To examine the relative importance of interactive effects
versus direct effects of the individual factors, we also calculated the direct effect of individual factors on rice
production (see the method section). Our simulation results suggest that the interaction of various factors
changes non-linearity over time and plays a significant role in rice production compared to the direct effects of
individual factors over time, highlighting that production increase due to N input and CO, occurs concurrently
with the expanding irrigated and rainfed harvested areas that further enhance global rice production in the
interactive case (Fig. 5) compared to the direct case (Supplementary Fig. 23).

Discussion

Our study shows that rice production has steadily increased since the 1960s, given the expansion of rice
cultivation under a changing climate and positive responses of environmental factors, N deposition, elevated
carbon dioxide, and land-management practices, including nitrogen fertilizer and manure application and
irrigation. Farmers often apply excessive amounts of N fertilizer without fully understanding the consequences
in pursuit of stable and high yields. This practice leads to various issues, including environmental pollution,
energy inefficiency, soil degradation, and reduced production efficiency®®. Despite higher fertilizer application
rates, our study also shows that global rice production growth decelerated from 2.6% in the 1960s to 1.3%
in 2006-2015. It is because land fertility and water availability are declining, even though irrigation and N
fertilizer application rates have been increasing since the 1960s. Several studies**** have shown that in recent
decades these inputs could not fully offset the negative effects of reduced water resources and soil degradation,
contributing to a slowdown in rice yield growth across major producing regions. To address these challenges,
recent studies have identified potential management practices that can improve crop yields while cost-effectively
reducing N-related pollution at the field scale and enhancing agroecosystem sustainability>*3..

Multiple cropping increases overall production in some Southeast Asian countries, such as Bangladesh and
Cambodia. Rice sown in season one produces the highest yield due to the most prolonged growing period and
favorable temperature and precipitation conditions, but productivity drops during the later growing seasons due
to short-duration varieties.

While direct-seeded rice cultivation has many advantages, such as decreasing water consumption, reducing
labor requirements, and increasing resource-use efficiency™, our results indicate that global transplanted rice
yields are higher than those of direct-seeded rice due to management practices that include longer growing
seasons, cooler temperatures, and higher N fertilizer application. Our study shows that the overall global yield
from direct-seeded was 25% lower than that of transplanting. The meta-analysis results support our study
finding®®, which pointed out the direct-seeded yield is 12% lower than that of transplanting. Still, results are
highly variable (—2% and —42%), depending on management practices, soil type, and climate conditions.

Our results indicated that the impact of CO, fertilization on rice yield shows substantial regional and
seasonal variation (Supplementary Fig. 24), largely driven by differences in local environmental conditions
and agricultural management practices. Specifically, the CO, fertilization effect on rice yield was found to
be: (1) positively correlated with nitrogen fertilizer application (r=0.28, P<0.001); (2) negatively correlated
with accumulated precipitation during the growing period (r=-0.13, P<0.001); (3) negatively correlated
with maximum LAI during the growing period (r=-0.43, P<0.001); and (4) negatively correlated with the
length of the growing period (r=-0.38, P<0.001). These relationships are consistent with known physiological
mechanisms. Increased nitrogen availability can alleviate CO,-induced photosynthetic downregulation caused by
nitrogen limitation'®3*, Elevated CO, reduces stomatal conductance, increasing soil moisture availability, which
diminishes the relative importance of precipitation'®343>, The photosynthetic enhancement from elevated CO,
is generally stronger under low LAI conditions due to reduced intra-canopy shading!'®3°. Furthermore, a longer
growing period tends to increase the maximum LAI (r=0.49, P<0.001), reducing the crop’s responsiveness to
elevated CO, due to self-shading and reduced marginal gains in photosynthetic efficiency.

Warming temperatures resulted in a 7% global rice yield loss and a yield reduction of —3.5% to —14.1% in the
top ten producing countries during 2006-2015 (Supplementary Table 3). This loss is primarily due to a shortened
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growing season, increased heat stress during the reproductive period*, temperature stress on photosynthesis
rates, water vapor deficit, and droughts. From 1901 to 2015, the average temperature over rice fields increased
by about 1.5 °C, from 24.6 °C to 26.1 °C, leading to a 5.3% yield loss per degree Celsius. Our estimates align
with previous findings of a —3.2+3.7% yield loss per degree Celsius, based on an integrated study using global
grid-based and local models, statistical regressions, and field-warming experiments®. This study uses a model-
data integrated approach, which considers some of the important processes critical for rice yield and its synergy
with environment and management variables, including surface water storage, flooded irrigation, multiple
growing seasons with two planting methods, transplanted and direct-seeded planting, on a global scale. We
compare our data-modeling framework with the results of other existing products. The modeled productions
for ca. 2010 (average for 2009-2011) indicated that our study approach captured SPAM2010v1® data with
Willmott's index® of 0.88 and a correlation coefficient of 0.91 at the gridded level. The modeled global rice
production was 699 million tons, close to 703 million tons from SPAM2010v1. The modeled production along
the latitudinal gradients for ca. 2010 was also compared well with SPAM2010v1 data. The production peaked
in the tropics (10°S-30°N) because of the large harvested area (Supplementary Fig. 12), followed by northern
middle latitudes (30°N-45°N) and southern middle latitudes (30°S). Compared to RiceAtlas'4, which reported
seasonal rice production of 714 million tons for 2010-2012, our results were 727 million tons (Supplementary
Table 4). Comparing the estimates for planting methods, the estimates were about 9% higher than RiceAltas
in transplanted rice production but slightly lower (3%) than those of direct-seeded. Our study results for rice
production were somewhat higher in season one but marginally lower in season two than RiceAtlas. However,
our study results of rice production for season three using the direct-seeded planting method were consistent
with RiceAtlas but lower than those for the transplanted method.

Our sensitivity analysis at multiple sites indicates that variables and parameters (Supplementary Table 9)
associated with management practices and photosynthesis play essential roles in modulating simulated rice
yield (Supplementary Fig. 13 and Supplementary Result 1.6). However, due to limited data worldwide, model
parameters like seeding rate and the fraction of residue removal are constantly prescribed in global simulations.
More efforts to implement additional processes and spatial and temporal patterns of management data sets could
help reduce uncertainties and better characterize rice growth in models.

Given the importance of rice yield projection under climate change and the corresponding biophysical
and biogeochemical effects on climate, there is a pressing need for additional modeling implementation of
management practices that can affect rice production and climate projection through crop-climate interactions.
Our modeling framework captures the overall observed production trend (Supplemental Fig. 3), though there
is some bias and overestimation of production due to limited data availability for many variables prior to 2006.
For instance, most management practices and cultivars are based on data from 2006 to 2015. Before this period,
we assumed that changes in cultivars, seeding rates, multiple cropping systems, seedling ages, and planting times
remained constant due to a lack of global data. Additionally, we have not accounted for other technological
factors, such as labor and machinery availability, crop protection, weed management, pesticide use, and
genetically improved cultivars, due to insufficient data on technological development. Despite some data and
model process limitations, our process-based data-modeling study provides bottom-up global estimates of
spatial and temporal distributions of rice yield with possible management practices in detail. These include
transplanting, surface water storage, flooded irrigation, time-varying management inputs (N and harvested
areas), and three rice-growing seasons. Our spatial and temporal analysis has identified the relative importance
of various environmental and management factors influencing rice productivity at the grid level, which provides
insight into regional-scale challenges and opportunities. These spatially explicit results also provide a foundation
for informing future adaptation strategies tailored to local conditions.

Conclusion

Opverall, this study presents a global, process-based analysis of historical rice production that explicitly accounts
for changing climate, environmental conditions, and time-varying management practices. We show that global
rice production has increased steadily since the 1960s, driven by the expansion of harvested areas, irrigation,
nitrogen inputs, and rising atmospheric CO,, which has partly compensated for the negative effects of warming.
However, the rate of production growth slowed over time, indicating that increasing external inputs cannot
indefinitely offset the decline in land fertility and water limitations.

Our results further demonstrate that rice productivity is strongly controlled by management and production
systems. Multiple cropping enhanced production in parts of Southeast Asia; transplanted rice outperformed
direct-seeded rice globally; and the CO, fertilization effect varied substantially with nitrogen availability,
precipitation, canopy structure, and growing-season length. Warming caused notable yield losses, primarily
through shortened crop duration, heat stress, and increased water stress. These findings highlight that historical
rice production trends arise from strong interactions among climate, environmental conditions, and agricultural
management.

The robustness of these results is supported by model calibration and evaluation against site-level observations,
including leaf area index, biomass, carbon, water, and energy fluxes, and rice yield across multiple experimental
and flux tower sites, as well as comparisons with independent global production datasets. These evaluations
indicate that the model framework can capture both site-level processes and large-scale production patterns.

Despite these strengths, several limitations remain. Global simulations are constrained by the limited
availability of long-term, spatially explicit data on management practices, including cultivar changes, seeding
rates, residue management, and planting schedules, particularly prior to 2006. In addition, important
technological and socio-economic factors, such as mechanization, crop protection, pesticide use, and genetic
improvements, are not explicitly represented due to data limitations. These constraints introduce uncertainty in
attributing changes in rice production to individual drivers.
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Future work should focus on improving the representation of management practices by leveraging better
spatial and temporal datasets, refining key model parameters and processes with additional observations, and
incorporating technological and socio-economic drivers that influence agricultural systems. Extending this
framework to future climate scenarios and applying it to region-specific adaptation assessments will further
enhance its utility for projecting rice production and supporting sustainable agricultural planning under
changing environmental conditions.

Methods

Model overview

The ISAM model used here to study rice growth processes is a coupled biophysical and biogeochemical cycle
model with 0.5° x 0.5° spatial and multitemporal resolution from half-hour to the year for different processes*-*4.
Energy and water fluxes are calculated using coupled leaf/canopy photosynthesis, surface energy, and hydrological
processes®>%. Soil input data prescribed in ISAM was derived from the Harmonized World Soil Database
(HWSD)'S. ISAM consists of prognostic and coupled C and N processes associated with residue and litter
decomposition changes***, soil organic matter (SOM), and soil N processes, including N deposition, fixation,
mineralization, immobilization, nitrification, denitrification, volatilization, and leaching*"*’. C assimilation is
allocated to vegetation organs and transferred to litter and SOM pools. The modeled C and N cycles account for
feedback processes from environmental variables such as [CO,], climate change and variability (e.g., radiation,
temperature, precipitation), N deposition, and management practices such as irrigation, N manure, and fertilizer
application!®4748,

The standard version of the ISAM that simulated natural vegetation and generic crops*"*-°! had been
extended to represent dynamical processes for major arable crops and bioenergy crops'®-22. The dynamical crop
growth component of ISAM includes vital processes such as crop dynamic phenological development, structure
growth (e.g., LAI, canopy height, and root depth and distribution), biomass accumulation, and allocation in
different organs. The crop phenology is determined by accumulated crop-specific growing degree-days (GDDs)
and heat unit index'*. The planting time is either prescribed based on data or determined by environmental
conditions'®1%48. Assimilated C is allocated to different tissues depending on accumulated heat and resource
availability, including light, water, and N. Heat stress is implemented to consider the detrimental effects of high
temperatures on grains during the reproductive stage of the phenology'®%®. ISAM has been applied to various
model intercomparison agricultural studies'®?*4(See also Supplementary Result Sect. 1.7).

Extended version of rice in ISAM

Here we implement rice-specific processes into ISAM. Since rice is a C3 crop, the C3 crops of ISAM framework
(ISAMCrop c ), which also has been used to calculate the productivity of other C3 crops, for example, wheat*®
and soybean'®!?, is the foundation for implementing rice growth processes into ISAM. The ISAM rice model
framework (hereafter ISAMCmP Rice) 18 shown in Supplementary Fig. 14. ISAM,,, c3 equations are available
in previous studies'**%. The various equations and parameter values specific to the variables appearing in these
equations, some of which are based on published studies and others model calibration, as well as the definition
of variables used in the equations, are listed in Supplementary Tables 5, 6, and 7. Next, we describe the processes
that are newly added to ISAM, g,
The newly added process to ISAM, o

Implementation of multiple growing season phenology

We consider the maximum of three rice growing seasons per year in each grid cell (Supplementary Method 1).
Following the RiceAtlas report!?, rice is modeled using two planting methods (direct-seeded or transplanted) for
all seasons. In ISAM,, _cy CTOP seeds with an initial carbon mass are directly sown at the planting time, followed
by five growth periods, starting with the emergence period. In ISAM( 00 Rice the crop growth phenology for the
transplanted method in each growing season has been partitioned into Six stages rather than five, as considered
in ISAM(, . ¢; (Supplementary Method 2 and Supplementary Fig. 14a). For determining the harvesting date,
we follow the method of AgMIP!¢(Supplementary Method 3). We assume the maximum growing season length
of 240 days®2. The maximum length of each phenological period, including the fraction of accumulated heat
units and accumulated maximum days, is determined using Mase paddy flux site in Japan (JP-MSE® data for
phenological periods and calibrated LAI values, which are discussed next.

Leaf area development

LAI is estimated by multiplying leaf carbon mass by specific leaf area (SLA), defined as a ratio of leaf area to leaf
biomass, which varies with time in each phenological period (Supplementary Fig. 15), rather than assuming
fixed value over the entire growing season, which is considered in ISAM,, ¢, (Supplementary Method 4).
Accounting for flooded irrigation conditions

ISAM accounts for irrigation processes to alleviate water stress conditions for various crops'®4. In ISAMCrop Rice’
we extend this scheme by accounting for the flooded irrigation associated with the surface water layer over
paddy fields. In flooded irrigation, the surface water layer depth (H, ) increases above the ground up to the water
layer target height (H, ). The flooded irrigation is applied during the rice-growing period if H isbelow H
after the transplanting shock period in the transplanting method or the emergence period in the directseeded
method (Supplementary Method 5.1). If there is a precipitation event after H  reaches the H ., the excess
precipitation is lost as surface runoff. Flooded surface water layer temperature over rice paddies modulates the
ground temperature and surface energy budgets via changes in the surface properties and the energy fluxes.
Therefore, the model calculates the temperature of the flooded surface water layer (Supplementary Method 5.2).
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The surface water is drained before the harvest stage of the phenology, and thereafter, the surface hydrological
processes calculations follow ISAM¢,, c3
Global model experimental design and analysis

First, we spin up ISAM, = ... by recycling climate forcing data with temporally fixed [CO,], land cover, N
deposition, manure, and fertilizer at the 1900 level. We recycle CRU JRA* climate forcmg between 1901
and 1920 for the spin-up process, since climate data before 1901 is unavailable. The spin-up process allows
model soil moisture, temperature, C, and N to reach a steady state. Next, we perform model simulation for
multiple rice-growing seasons from 1901 to 2015 by prescribing temporally varied climate, [CO,], and N inputs
(i.e., deposition, manure, and fertilizer) (Supplementary Table 8). Six additional simulations are conducted
to determine the historical effects of environmental changes and management options, each using the same
configuration and forcings as for E, ; but with one of the six factors remaining fixed at the spin-up (1900)
conditions in each experiment, allowing for interactions among the five changing factors but not with the fixed
one. These simulations are performed to study the effects of climate change (E ), [CO,] (E.,), N deposition
(E Ndep ), N fertilizer and manure application (E; ), rainfed harvested area conversion (Eg ), and irrigated
harvested area conversion (E,,,)- These experiments "allowed for no interactive effect of each factor on the others.
We then estimate the effect of each factor by differencing the yields and production between the E . and one of
the six simulations. This method allows us to isolate the impact of individual factors while still accounting for
potential interactions.

To quantify the contribution of interactive effects, we conducted six additional simulations. In each simulation,
one time-dependent input factor was varied. In contrast, the remaining five factors were held constant at their
spin-up values, thereby eliminating interactions between the varying factor and the others. By comparing each
of these simulations to the spin-up experiment, in which all factors were held constant, we estimated the direct
effect of each individual factor. The contribution of interactions for each factor was quantified by comparing
simulation results with interactive effects to those without.

The irrigated and rainfed rice in each model grid is treated as separate plant functional types with different
soil columns. So, there is no transfer of irrigated land water to rainfed land. The rice yield for each grid cell is
irrigated- and rainfed-weighted yield by harvested areas. At harvest, rice yield is converted from the dry grain
carbon pool, with the assumption of 45% carbon in the dry matter>® and the average water content of 13% in
rice”’. Rice yield is presented at 0.5° x 0.5° grids and aggregated to national and global scales. Production was
represented by multiplying harvested areas in hectares by the yield in tons/hectare.

The cropland area of each grid cell is discretized into irrigated and rainfed areas. The irrigated fractional area
for each grid cell for 1900-2015 is calculated using various data sets. The method to calculate the fractions is
described in Supplementary Method 6.1. The method to produce the temporal trends and spatial distributions
of harvested areas for three rice growing seasons over rainfed and irrigated systems for the period 1900-2015 is
described in Supplementary Method 6.2.

Environment and management forcing data sources

Seven climate variables are used as model input, including near-surface specific humidity, wind speed, air
pressure, and temperature, precipitation, surface downwelling longwave, and shortwave radiation. The data used
in this study is from CRU JRA***. Annual [CO,] data is taken from the Global Carbon Budget. Monthly N
deposition data is obtained from NCAR Chemlstry Climate Model Initiative (CCMI) results®®, which accounts
for N sources from biomass burning, soils, and all sources of fossil fuels, including fossil fuel use in mining,
manufacturing, and transportation of N fertilizer. N deposition in the model applies at the weekly scale. Gridded
N fertilizer and manure data for 1900-2015 are applied using phase 3 of the Global Gridded Crop Model
Intercomparison (GGCMI)'® data. The nitrogen (N) application rates from mineral fertilizers are derived from
harmonized, spatially and temporally explicit datasets. These datasets capture inter-annual variation at both
national and global scales, primarily driven by modeled land use. Although they do not explicitly represent
farmer-level behavioral variability, such as decisions influenced by weather, credit access, or local extension
services, the model accounts for the effects of fertilizer applied in previous years on soil mineral nitrogen and
its influence on rice yield. This is achieved through the dynamic nitrogen processes incorporated in the ISAM
model, including fixation, mineralization, immobilization, leaching, nitrification, uptake, volatilization, and
denitrification. We assume the N fertilizer and manure rates for each rice-growing season are the same but vary
annually.

Model calibration and evaluation

We use the data from the Mase paddy flux site in Japan, JP-MSE, (Supplementary Table 1) to calibrate
ISAMCmP Rice DECAUSse it provides well-documented rice data for LAI, canopy height, biomass, and management
information, including transplanting date, harvest time, and water level for rice growmg seasons between 2002
and 2006. Sowing dates are set 20 days ahead of transplanting dates at this location®’. We evaluate the modeled
LAI and biomass using the IRRI Flux Research Site (IRI) for 2009, 2010, and 2012-2014. The data collected
at the IRI site is available for two growing seasons (dry/wet) per year. We calibrate the C, energy, and water
fluxes using JP-MSE site data and evaluate these fluxes using IRI and one additional eddy flux tower site, the
Twitchell Island (US-Twt) for 2010-2014. We evaluate modeled rice yield using three flux site data, JP-MSE, IRI,
US-Twt, and eight additional published studies’ data (Supplementary Table 1). We also calibrate the simulated
leaf photosynthesis and its temperature response using the data from an experimental site*’. This enhances the
model’s capability to simulate the relationships between rice photosynthesis rates and environmental conditions
that are compared well with the observations (Supplementary Method 7 and Supplementary Fig. 16). The
compiles site-specific environmental and management data, including N fertilizer amount and timing, planting
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and harvest times, seedling age, and seeding density, and the model calibration and evaluation methods are
further described in Supplementary Method 8.

Selection of period 2006-2015

We select this period to compare the model results with the observation data. The 2006-2015 period selection
provides a reliable baseline for comparing historical and future scenarios. This decade offers the most
comprehensive and consistent observational data on rice production and key ecosystem variables, such as
biomass, gross primary production, LAI, and yield, essential for calibrating and validating model parameters.
This, in turn, enhances the robustness of long-term historical and future projections and supports evaluating
management practices at broader spatial and temporal scales.

Data availability

The rice yield and production results for three seasons, averaged over 2006-2015, along with all codes for plot-
ting figures and the corresponding raw data in the main text, can be downloaded from the ISAM website ([http:
//climate.atmos.uiuc.edu/rice_data]). The site also contains a READ_ME file that describes the raw dataset struc
ture, explains each file, and documents how the raw data and scripts are used to generate the figures. All datasets
used in this study are publicly available, including flux tower sites data from AsiaFlux ([https://asiaflux.net/])
and AmeriFlux ([https://ameriflux.Ibl.gov/]), FAO production data ([https://www.fao.org/faostat/en/#home]),
RiceAtlas data ([https://dataverse.harvard.edu/dataset.xhtml?persistentld=doi:10.7910/DVN/JE6R2R]), and
SPAM data ([https://dataverse.harvard.edu/dataset.xhtml?persistentld=doi:10.7910/DVN/PRFF8V]). All other
results presented in the paper and Supplementary Information sections are available from the corresponding
author upon request.

Code availability
The corresponding author can request details and codes for the rice model used in this study.
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