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Abstract Increased rice yields due to rising atmospheric carbon dioxide (CO2), known as the CO2
fertilization effect (CFE), is one of several important factors sustaining global food security. However, model
projections on future rice yields are still largely uncertain, partly owing to the lack of how CFE varies between
rice species. Here, through synthesis of hundreds of field observations, we found the experimental evidence of a
12.8 ± 0.8% yield increase per 100 ppm CO2 increase for Indica, but only about a half for Japonica (6.3 ± 0.5
%). After accounting for differences in sub‐species, crop model projections showed substantial regional
discrepancies of CFE, which are not captured by original models. More importantly, the spatial and temporal
variations of rice yield were projected more accurately after considering this sub‐species difference. Together,
these results suggest strong influences of genotype on rice yield responses to CO2 and highlight the need for
crop models to consider genotypes for improving projections of global crop yield.

Plain Language Summary Rising atmospheric carbon dioxide (CO2) will lead to enhanced global
crop yield, that is, the CO2 fertilization effect (CFE). Thus, CFE is one important factor that affecting the
security of global food supply. But, the model estimations of global future rice yields still have large
uncertainties, possibly because we do not know how CFE varies between rice species. Therefore, this study tries
to analyze the CFE differences between rice sub‐species. We firstly find a clear difference of CFE between two
main rice sub‐species, that is, Indica and Japonica. After accounting for this difference among sub‐species,
estimations from the improved crop models show a substantial regional discrepancy of CFE on rice yield, which
cannot be captured by original models. Finally, after considering this CFE difference between rice species, the
spatial and temporal changes of rice yield can be estimated more accurately. This finding thus indicate that
genotypes are needed to be considered in future crop models in order to improve the projection accuracy of
global crop yield.

1. Introduction
Achieving zero‐hunger, a key sustainable development goal (UN, 2015), requires increasing crop yields to feed
the ever‐growing global population (Foley et al., 2011; Godfray et al., 2010). Rice (Oryza sativa L.) is one of the
most widely planted and consumed crops worldwide, especially in developing countries (Seck et al., 2012), and
plays a crucial role in ensuring global food security (Bandumula, 2018). One critical threat to global rice pro-
duction is climate change (Challinor et al., 2014; Lobell et al., 2008; Rosenzweig & Parry, 1994). Field exper-
iments, crop models, and historical data analysis all suggest that global rice yield is largely affected by changes in
climatic factors such as increasing temperature (Lobell et al., 2011; Rosenzweig et al., 2014; Zhao et al., 2017).

Continuously rising levels of atmospheric carbon dioxide (CO2) concentration, one of the causes of climate
change (IPCC, 2021), will generally increase rice yields (Ainsworth, 2008). This benefit from elevated CO2 on
crop yield, also known as the CO2 fertilization effect (CFE), results from an enhanced net photosynthetic rate and
the increased water‐use‐efficiency for typical C3 plants such as rice (Ainsworth & Rogers, 2007; Zhang
et al., 2024). In addition to CO2, other climate factors including temperature and precipitation also have sig-
nificant impacts on rice yield (Fu et al., 2023; Zhao et al., 2017). Climate change‐induced global temperature rise
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has generally resulted in negative impacts on rice yield (Zhao et al., 2017). However, it remains uncertain whether
the positive effects of CO2 on rice yield will offset the negative impacts from other climate change factors, making
future projections of global rice yield challenging (Rosenzweig et al., 2014). Accurately quantifying the influence
of CFE on rice yield is crucial to address this issue.

Process‐based crop models are widely used to quantify the CFE on crop yield at regional to global scales (Deryng
et al., 2016; Rosenzweig et al., 2014; Toreti et al., 2020). By scaling up the CO2 effects on crop physiology from
foliar to canopy and regional levels, or based on the radiation‐use‐efficiency approach at the canopy scale, these
models predict CO2 impacts on crop yield in the context of future climate change. In recent decades, several crop
models have been developed and applied in the Agricultural Model Intercomparison and Improvement Project
(AgMIP) (Rosenzweig et al., 2013) and the Inter‐Sectoral Impact Model Intercomparison Project (ISI‐MIP)
(Warszawski et al., 2014) to simulate global crop yield under climate change. Multi‐model ensemble mean or
median values from these models generally match observed CFE on crop yield more closely than individual
models (T. Li et al., 2015; Martre et al., 2015). However, substantial variation in CFE predictions between
models, and discrepancies between model predictions and results from field experiments, still exist (Ainsworth
et al., 2008; Rosenzweig et al., 2014; Toreti et al., 2020). This is possibly because that most of current models do
not explicitly parametrize different cultivars (other than the duration of growing seasons) or the associated CO2
effects between various cultivars (Toreti et al., 2020).

Genotype is one of the most important factor determining the inherent yield potential of crops (Peng et al., 2020;
Toreti et al., 2020), and it largely affects the yield response to rising levels of CO2 (Ainsworth & Long, 2021;
Kimball, 2016). For instance, field experiments suggest that Indica and Japonica, the twomain sub‐species of rice,
respond differently to enhanced CO2 (Lv et al., 2020). Rice growing regions are usually dominated by one of these
two sub‐species (Gutaker et al., 2020), suggesting the potential for large regional differences in CFE. However,
species‐dependent responses of rice yield to elevated CO2 have not been comprehensively analyzed and
considered in current crop models.

Here, we present a comprehensive study to assess the variation in CO2 response between rice sub‐species and
cultivars. First, we compiled a comprehensive dataset including results from field‐based CO2 enrichment ex-
periments, covering the main rice planting areas and various cultivar types (Figure 1). This dataset encompasses
167 site‐year of CO2 enhancement experiments, representing the most comprehensive collection of field‐based

Figure 1. Geo‐locations of the field sites used in this study. The background color of the figure represents the fraction of the
rice planting area in each pixel, which was retrieved from a widely‐used high spatial resolution (10 km) global crop
distribution dataset (Monfreda et al., 2008). Overall 12 sites were used in this analysis, of which two sites were planted with
Japonica rice, six sites were planted with Indica rice, and four sites were planted with both Japonica and Indica rice (termed as
‘Mixed’).
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data available to our knowledge. We then used meta‐analysis to compare rice yield responses to elevated CO2
between the two main different rice sub‐species (i.e., Japonica and Indica). Then, we used our findings to scale a
suite of crop models, guided by the hypothesis that existing models may not adequately account for the variations
in CFE among rice sub‐species. Our objective was to demonstrate whether integrating these CFE differences into
the models could enhance the projection of large‐scale regional variations and spatial‐temporal dynamics in rice
yield. By considering this crucial distinction, we aimed to showcase the potential for improved accuracy in
projecting regional rice yield patterns, thereby enhancing our understanding of the significant regional variations
in CFE and their subsequent impacts.

2. Materials and Methods
2.1. Data From Field CO2 Enhancement Experiments

We collected data from previous studies to compare CFE between rice sub‐species. We used Web of Science to
search literature published before 2020 that used field artificial CO2 enhancement facilities to assess the CO2
effect on rice yield. We only included experiments conducted at field environment conditions, using field
chambers, open‐top‐chambers (OTC) and free‐air CO2 enhancement (FACE) facilities in our analysis. We only
considered experiments that spanned at least one whole growing season and reported both rice yields and the CO2
concentrations. We avoided the confounding effects of other climate factors on rice yield by collecting the pairs of
data acquired under the same experimental conditions for other factors (e.g., temperature) and differing only in
CO2 concentration. Following the above criteria, we collected data from 12 experimental sites (Figure 1),
covering the main global rice planting areas and resulting in 167 site‐year observations (92 for Japonica rice and
75 for Indica rice). Among these 12 experimental sites, two of them were planted with all Japonica cultivars
(Japonica sites), six were planted with all Indica cultivars (Indica sites), and the remaining four were planted with
both sub‐species (Mixed sites). Mixed sites represent that both Japonica and Indica rice were planted at these sites.

Ambient and elevated CO2 concentration, field N application rate, rice yield and rice cultivar data were extracted
from the literature. The CO2 effect on rice yield (CFE, % 100 ppm

− 1) was used to represent the sensitivity of rice
yield to CO2 concentration changes. To compare experimental observations with model predictions, CFE values
were normalized to a +100 ppm impact by dividing the effect value by ΔCO2 using the following equation:

CFE =
ΔYield
ΔCO2

× 100 (1)

where ΔYield and ΔCO2 represent differences in rice yield (%) and CO2 concentration (ppm) between the
elevated CO2 treatment and the ambient CO2 treatment. Although the response of rice yield to CO2 is nonlinear at
various CO2 concentrations (Ainsworth & Rogers, 2007), the average ambient and elevated CO2 concentrations
for different rice sub‐species (i.e., Japonica and Indica) were similar (Figure S1 in Supporting Information S1).
Therefore, normalization of CFE is unlikely to affect the main findings of this study.

2.2. Data From Crop Model Simulations

We compared the CFE estimates between field experiments and crop models. Overall, eight process‐based crop
models (APSIM‐UGOE, CARAIB, EPIC‐IIASA, EPIC‐TAMU, GEPIC, LPJmL, PEPIC, pDSSAT) belonging to
the Gridded Crop Model Intercomparison Phase 2 experiment (GGCMI‐2) were used in this study (Franke
et al., 2020a). As part of the Agricultural Model Intercomparison and Improvement Project (AgMIP), the
GGCMI‐2 models were specifically developed to systematically evaluate the crop yield response to changes in
climate factors and soil fertilizers. These models followed a consistent simulation protocol and utilized similar
input datasets, such as the AgMERRA daily climate data, with most models referencing the FAO or ISRIC‐WISE
database for soil descriptions (Franke et al., 2020a). It is important to note that for rice simulations, most models
did not incorporate calibration for different sub‐species and cultivars. However, validation against historical
yields from FAO and site‐specific experimental data demonstrated the models' ability to reasonably capture year‐
to‐year variations (Franke et al., 2020a).

It is worth mentioning that the primary objective of the GGCMI‐2 models was to simulate the response of rice
yield to environmental factors such as CO2 and temperature, rather than to accurately represent realistic crop
yields. Thus, the comprehensive simulations conducted in a previous study using the GGCMI‐2 models,
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considering varying atmospheric CO2 level, temperature, water supply and applied nitrogen scenarios (Franke
et al., 2020a), providing an ideal dataset for assessing the CFE on rice yield in this study. These simulations not
only offered insights at the site‐level but also allowed for assessments at regional and global scales.

In this study, we used rice yield simulations from eight models conducted under two different CO2 levels (360 and
660 ppm) from a previous study (Franke et al., 2020a), with other factors (such as temperature, water supply, and
applied N fertilizer) remaining constant. By selecting these two CO2 levels, we ensured fair comparisons between
field experiments and models, as their ambient and elevated CO2 concentrations were similar (Figure S1 in
Supporting Information S1). Noted that because the model structures, the physiological processes and the key
parameters used in these models have remarkable differences, their projections of rice yield also have clear di-
vergences (Franke et al., 2020a). In this regard, using an ensemble of models other than an individual model in this
study could be beneficial for ensuring the robustness of the findings.

To ensure equitable comparisons with the experiments, among the three levels of N fertilizer simulations from
GGCMI‐2 models (10, 60 and 200 kg ha− 1) (Franke et al., 2020a), we used the scenarios of 200 kg ha− 1, which is
the closest to the averaged N fertilizer rate used for field experiments (Figure S2 in Supporting Information S1).
The GGCMI‐2 models were designed to utilize realistic inputs, including climate, soil characteristics, planting
dates, and N fertilizers (Franke et al., 2020a). Therefore, it is expected that other environmental factors, such as
temperature, precipitation, soil properties, and N fertilizer rates, would be similar between the models and ex-
periments. This uniformity is ensured by the utilization of standard and harmonized input datasets in the GGCMI‐
2 models, effectively aligning the environmental factors with those observed at the experimental sites. The CO2
effect on rice yield for each pixel from models was then calculated using Equation 1 and normalized to the same
units (% 100 ppm− 1). Since model simulations were conducted at a spatial resolution of 0.5°, we extracted the
modeled CFE using the results from the pixel nearest each site.

2.3. Data Synthesis

We firstly analyzed the differences in CFE on rice yield between rice sub‐species (Japonica and Indica) based on
the collected data from previous field experiments. Individual site‐year observations were separated into two
groups (Japonica and Indica). We then calculated and compared the averaged CO2 effect for Japonica and Indica.
Differences between CFE of Japonica and Indica rice were evaluated using a two‐sample t test. The CFE on rice
yield for each individual rice cultivar were also analyzed.

To test the robustness of our analysis, we also conducted a meta‐analysis to investigate the CFE on rice yield
between rice sub‐species. For each experiment, we quantified the CFE on rice yield by calculating the natural
logarithm of the response ratio (R), lnR = ln (Ye/Ya), where Ye and Ya represent the rice yield under elevated CO2
and ambient CO2 treatments respectively. We weighted lnR by the inverse of the study variance, estimating
missing variances using the average coefficient of variance across the whole dataset. The following environ-
mental factors that affected rice yield were used, including rice sub‐species (Japonica or Indica), N application
rate, study duration, soil organic carbon (SOC), temperature of the rice season, water regimes, facility, and the
degree of CO2 enrichment (△CO2). Then, the relative importance of the environmental factors in affecting the
CFE on rice yield was determined using the “glmulti” package in R (Terrer et al., 2016; van Groenigen
et al., 2017). We used a Wald test (Dolado & Lütkepohl, 1996) to determine whether treatment effects were
statistically different between experimental classes. We perform a mixed‐effects meta‐analysis in R using the rma.
mv function in the “metafor” package (Viechtbauer, 2010). We included “site” as a random effect, because each
sites contributed multiple observations to the dataset. We conducted the meta‐analysis for the full dataset, and for
the subset of data derived from the four ‘Mixed’ sites respectively. To ease interpretation, we back‐transformed
the results of lnR and reported as the percentage change [(R − 1) × 100].

We then compared the CFE on Japonica and Indica rice yield from the results of field experiments and crop
models. At the individual observation level, CFE values estimated from crop models were extracted as the pixel
nearest the site during the same observation year. This procedure resulted in the same 167 estimated CFE values
for each crop model, of which 92 values were for Japonica and 75 for Indica. We then compared the modeled CFE
values between Japonica and Indica rice using the same method with field observation data. Since each field site
contributed multiple observations to our dataset, at the site level, we aggregated the multiple CFE estimations of a
site into a single value. CFE values estimated from field experiments and crop models at these 12 sites were then
compared with each other.
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Finally, using China as an example, we estimated regional CFE on rice yield after considering the CFE differences
between rice sub‐species. The rice planting areas in China were extracted from a widely‐used high spatial res-
olution (10 km) global crop distribution dataset (Figure 1) (Monfreda et al., 2008). Across the rice planting areas
in China, two regional CFE scenarios were estimated. The first scenario was the original values of CFE estimated
from the eight GGCMI‐2 models (termed ‘Original models’ scenario). The second scenario was based on the
improved regional CFE estimates using the optimal‐fingerprint method (Allen & Tett, 1999), to consider the CFE
differences between Japonica and Indica and to adjust the modeled CFE estimates to be consistent with the results
from field experiments (termed ‘Japonica + Indica’ scenario). Simply speaking, the method used empirical
factors to directly adjust the CO2 effects from original model outputs but did not need other data inputs. Based on
the original CFE outputs from GGCMI‐2 models, we could easily modify the CFE estimation through this data‐
model fusion approach and considered the CFE differences between rice‐species but did not need to modify the
source code and re‐run the models. The optimal‐fingerprint method was conducted as follows:

⎧⎪⎨

⎪⎩

CFEobs Japonica =∑
n
i=1β

i
JaponicaCFE

i
model

CFEobs Indica =∑
n
i=1β

i
IndicaCFE

i
model

(2)

where CFEobs_Japonica and CFEobs_Indica represent the CFE on Japonica and Indica from field observations,
CFEimodel represents the CO2 effect on rice yield based on crop models, β

i
Japonica and β

i
Indica represent the scaling

factors for Japonica and Indica rice, and i refers to the different crop models (n= 8). Based on the observation data
from previous studies, the scaling factors (β) for Japonica rice and Indica rice in Equation 2 were estimated using
maximum likelihood analysis. Through the above optimal‐fingerprint method applied separately to Japonica and
Indica, we adjusted the modeled CFE to be consistent with the results from field observations, and took into
consideration the CFE differences between rice sub‐species.

After calculating the scaling factors using Equation 2, we estimated the actual regional CFE across planting areas
in China after accounting for the CFE differences between Japonica and Indica rice. We first obtained the planting
areas of rice in each province of China through the China Agricultural Statistics Yearbook, then obtained the
planting areas of Japonica rice from a previous study (Chen et al., 2006). The percentages of Japonica rice in each
province were estimated (Figure S3 in Supporting Information S1), and the remaining areas were deemed as
Indica rice planting regions. Note that hybrid‐rice cultivars that originate from Japonica were considered Japonica
rice, and the same was true for Indica. We then calculated the improved CFE estimates of each pixel
(‘Japonica + Indica’ scenario) as follows:

CFEJaponica+Indica = RJaponica∑
n
i=1β

i
JaponicaCFE

i
model + RIndica∑

n
i=1β

i
IndicaCFE

i
model (3)

where CFEJaponica+Indica represents the CFE estimates at each pixel for the ‘Japonica + Indica’ scenario, and
RJaponica and RIndica represent the percentage of Japonica and Indica rice in each pixel. Finally, the regional CFE
values across China from these two scenarios were compared with each other.

2.4. Regional Simulations and Projections of Rice Yield

To analyze the impact of regional CFE differences on rice yield, we employed an emulation approach in
conjunction with the GGCMI‐2 models to simulate and project rice yields in China. In a previous study, an
emulation approach was proposed to simplify the simulation of global crop yield by using a statistical model that
represents crop yield as a function of various environmental factors (Franke, 2019; Franke et al., 2020b). They
used a third‐order polynomial basis function to represent the global rice yield as the function of four main
environmental factors, including atmospheric CO2, temperature, precipitation and applied nitrogen (CTWN). In
general, the rice yield could be expressed as:

Y =∑Ki ∗ f (C,T,W,N) (4)

where Y represents the rice yield, f represents the three‐order polynomial functions of CO2, temperature, pre-
cipitation and applied nitrogen; Ki represents the coefficients (i.e., the emulators), capturing the relationships
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between the environmental factors and yield. Detailed information of the functions can be found in the previous
study (Franke et al., 2020b). This approach demonstrated the ability of GGCMI‐2 emulators to reproduce global
rice yields under diverse climate conditions (Franke et al., 2020b).

Therefore, following this emulation approach, we investigated the impact of regional CFE differences on rice
yield. Two scenarios were generated: the first scenario was based on rice yield simulations from the GGCMI‐2
emulators (referred to as the ‘Original models’ scenario). In this study, we utilized emulators based on six process‐
based models, namely CARAIB, EPIC‐TAMU, GEPIC, LPJmL, pDSSAT, and PEPIC. Compared to the eight
models used in Section 2.2, two models were excluded here because they did not have the emulation coefficients
from the previous study (Franke et al., 2020b). The second scenario incorporated the CFE differences between
Japonica and Indica rice (referred to as the ‘Japonica+ Indica' scenario) by adjusting the emulators corresponding
to the CO2 term in Equation 4:

Y = RJaponicaβJaponicaKC f (C) + RIndicaβIndicaKC f (C) +∑Ki ∗ f (T,W,N) (5)

where βJaponica and βIndica represent the scaling factors for Japonica and Indica rice from Equation 2, RJaponica and
RIndica represent the percentage of Japonica and Indica rice in each pixel, KC represent the emulators corre-
sponding to the CO2 term in Equation 4. By applying this approach, the CO2 impacts on rice yield (represented by
KC) could be improved and the CFE differences between Japonica and Indica have been incorporated into the rice
yield simulations.

Subsequently, we conducted pixel‐by‐pixel rice yield simulations across China for the two scenarios over the past
four decades (1980–2019) at a spatial resolution of 0.5°. The input datasets included yearly global averaged
atmospheric CO2 concentrations, gridded growing‐season mean temperature from CRU TS4.03, and yearly
gridded applied nitrogen fertilizers (Lu & Tian, 2017). The rice yield simulations were initially generated from the
six individual GGCMI‐2 models, and then the multi‐model mean values were calculated (YieldOriginal models).
Additionally, the improved rice yield simulations incorporating the CFE differences between Japonica and Indica
were also generated (YieldJaponica+Indica) based on Equation 5.

We validated both the spatial and temporal accuracy of the rice yield simulations. The spatial distributions of the
simulations were compared to rice yield data from EarthStat, which provides the geographic distribution of global
rice yield for the year of about 2000 (Monfreda et al., 2008). The rice yield simulations for both scenarios were
compared to the EarthStat data. Temporal variations of the rice yield simulations were validated by comparing
them to the yearly mean rice yield observations from the National Bureau of Statistics of China during 1980–
2019. The temporal trends of the simulations for both scenarios were estimated and compared to the observations.

Finally, we projected rice yield for both scenarios until 2050 using the same emulation approach. The input data
included future CO2 concentrations, temperature, and nitrogen fertilizers. In this study, we adopted the SSP245
scenario, which represents a medium‐emission scenario. The future CO2 concentration predictions under SSP245
were obtained from a reliable source (Meinshausen et al., 2011). Future temperature predictions were based on
averages from eight CMIP6 models (CanESM5, CNRM‐CM6‐1, INM‐CM5‐0, HadGEM3‐GC31‐LL, NESM3,
MRI‐ESM2‐0, IPSL‐CM6A‐LR, ACCESS‐ESM1‐5) (O'Neill et al., 2016). Nitrogen fertilizers application rates
were assumed to be unchanged for future predictions, since there are no reliable predictions of nitrogen fertilizer
use over longer time‐periods. After the projections of rice yield based on these two scenarios, their temporal
trends during 2020–2050 were calculated and then compared with each other.

3. Results
3.1. CFE Differences Between Rice Sub‐Species

Averaged across the studies in our dataset, elevated CO2 increased rice yield by 9.2 ± 0.5% 100 ppm− 1

(Figure 2a). However, the CFE on Indica rice (12.8 ± 0.8% 100 ppm− 1) was significantly higher than that for
Japonica rice (6.3 ± 0.5% 100 ppm− 1; Figures 2a and 2b). Despite a substantial spread of CFE between cultivars
(Figure 2c), the CFE of almost all Japonica cultivar types was <10% 100 ppm− 1, while the CFE for most Indica
cultivar types was >10% 100 ppm− 1 (Figure 2c). Nevertheless, the CFE for some Japonica rice was higher than
that for certain Indica rice (Figure 2c). This phenomenon may result from the different field N application rate,
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experimental duration, soil organic C, temperature etc., which also affect the rice yield response to elevated CO2
(Figure 3a).

The CFE on rice yield may vary with environmental and experimental factors other than cultivar types
(IPCC, 2021). Thus, in theory the difference in CFE between cultivars could also be caused by differences in
environmental conditions between sites. To check that this was not the case, we conducted two additional ana-
lyses. First, we combined a mixed‐effects meta‐analysis with model selection analysis to identify the most
important predictors of CFE on rice yield. Among a wide range of environmental and experimental factors, rice
sub‐species was the most important predictor of CFE (Figure 3a), followed by N fertilization rate. Again, the
effect of CO2 was significantly higher for Indica than Japonica, after excluding the impacts from other con-
founding factors (e.g., N fertilizer, duration, temperature etc.) (Figure 3). The average N fertilization rate were
similar for studies on both sub‐species (Figure S2 in Supporting Information S1), indicating that the differences
between Indica and Japonica could not be attributed to this factor. Beyond the rice sub‐species, the field N

Figure 2. Differences in rice yield responses to elevated CO2 between Indica and Japonica sub‐species based on field
observations. (a) The CFE on rice yield for Indica and Japonica, based on 167 field observations. Bars and error bars
represent the mean value of CFE and the standard error, respectively. Asterisks indicate a significantly different CFE
between Indica and Japonica using a two‐sample t test at p < 0.01. (b) Histogram distribution of CFE for Indica and Japonica
rice. The statistical significance (p‐value) between CFE of Indica and Japonica rice was estimated using a two‐sample t test
(n represents the number of observations). (c) The influence of CFE on rice yield for various cultivar types. Solid dots and
solid black lines represent the mean value of CFE and the standard error for each cultivar type, respectively. Solid squares
represent the average CFE for Japonica and Indica sub‐species, respectively. Ellipses show the uncertainty ranges of CFE on
rice yield for Japonica and Indica.
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application rate and CO2 enrichment duration also have significant impacts on the CFE values (Figure 3a). This
finding was consistent with previous studies (Ainsworth, 2008; Hu et al., 2021), which have suggested that the
CO2 effects on rice yield also depends on the soil key nutrients including N and the plants' acclimation to CO2
affecting by the experimental duration. Besides, the interactions between rice sub‐species, field N application rate
and CO2 enrichment duration may also have significant impacts on the CFE values, which need further inves-
tigation in the future.

Second, we compared the CFE between Japonica and Indica across the four experiments that grew both sub‐
species side‐by‐side, thereby ensuring that all environmental and experimental factors for both sub‐species
were identical. Within this subset of studies, CFE on Indica rice was again significantly higher than that on
Japonica rice (Figure 4). Besides, several previous meta‐analyses that collected hundreds of field observations
also found a remarkable difference in the response of Japonica and Indica sub‐species to elevated CO2 con-
centrations (Hu et al., 2021; Lv et al., 2020). The above evidence from either the same site or from previous
independent analyses, provides further and solid support for our interpretation that CFE differs largely between
rice sub‐species.

3.2. Comparing Observed CFE to Model Estimates

We compared the CFE estimates from field experiments to predictions made by eight state‐of‐the‐art process‐
based crop models that belong to the GGCMI‐2 ensemble (Franke et al., 2020a), which estimated the CFE on

Figure 3. (a) Model‐averaged importance of the predictors of the CFE on rice yield. The importance is based on the sum of
Akaike weights derived from model selection using AICc (Akaike's Information Criteria corrected for small samples). Cut‐
off value is set at 0.8 (solid red line) to differentiate important from non‐essential predictors. SOC, soil organic C;△CO2, the
degree of CO2 enrichment. (b) Results of a meta‐analysis of the CFE on rice yield for Indica and Japonica sub‐species. Error
bars indicate 95% confidence intervals. Asterisks indicate a significantly different CFE between Indica and Japonica at
p < 0.01.

Figure 4. Similar to Figure 3, but the meta‐analysis was based on the data from four ‘Mixed’ sites (Shizukuishi, Tsukuba,
Wuxi and Yangzhou) planted both with Indica and Japonica rice.
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global rice yield through scenario simulations. We extracted the model simulations for each observation in our
dataset by maintaining the environmental factors to be the similar between observations and models, resulting in
167 pairs of CFE from field observations and corresponding model estimates. Model estimates of CFE had a
smaller spread than the CFE observed in experiments (Figure 5a), and were centered around 10% 100 ppm− 1 for
both Japonica and Indica rice (Figures 5a and S4 in Supporting Information S1). Generally, no clear differences in
CFE between various cultivar types were found from models (Figure S4c in Supporting Information S1).
Moreover, current crop models were not able to reproduce the observed CFE on rice yield in field experiments
(Figure 5). Using field experiments as benchmark, models underestimated the CFE on rice yield for Indica sub‐
species but overestimated the CFE for Japonica sub‐species (Figure 5b).

Further analysis based on individual crop models verified this finding. Although the crop models could
reasonably capture the overall CFE for the averaged value across all observations (Figure 6a), all eight models
significantly overestimated CFE for Japonica rice (Figure 6b), and most of the models significantly under-
estimated CFE for Indica rice (Figure 6c). This phenomenon implied that the spatial patterns of rice yield pre-
dictions by these models may have large biases, if we did not consider the CFE differences between rice sub‐
species. The models' inability to capture the observed CFE differences between rice sub‐species may be
because most models in the GGCMI‐2 ensemble do not explicitly consider the physiological differences in
cultivars' response to elevated CO2 (Franke et al., 2020a). Therefore, to improve the accuracy of regional to global
rice yield predictions, models need to account for the differences in CFE between rice sub‐species and cultivars.

3.3. Improving CFE Predictions by Considering Rice Sub‐Species

We analyzed the impact of sub‐species discrepancies on model predictions of CFE, given that the uncertainties of
CFE on crop yields are still large and need to be narrowed (Toreti et al., 2020). We conducted this analysis
through a ‘data‐model fusion’ framework to adjust the modeled CFE estimates to be consistent with results from
field experiments. This analysis was conducted with China as an example, because China has the largest rice
planting areas for both Japonica and Indica rice, and the prior‐information of Japonica and Indica sub‐species in
China is well‐documented (Figure S3 in Supporting Information S1). We generated two scenarios: (a) modeled
CFE after considering differences between Japonica and Indica (termed ‘Japonica + Indica’); (b) the original
estimated CFE from the multi‐model mean values (termed ‘Original models’).

After accounting for the CFE differences between Japonica and Indica rice, the projected CFEwas consistent with
the results from field experiments (R2 = 0.38 for observation level and R2 = 0.93 for site level; Figure S5 in
Supporting Information S1). The averaged estimates of CFE for China were ∼11.9 ± 3.0% 100 ppm− 1 for the
‘Japonica + Indica’ scenario, similar to the value of 10.1 ± 1.4% 100 ppm− 1 from the ‘Original models’ scenario
(Figure 7a). However, the spatial distribution of CFE differed strongly between these two scenarios (Figures 7b

Figure 5. The CFE on rice yield as observed in field experiments versus CFE predicted by crop models. (a) Comparison of
CFE on rice yield between observations and models for all the 167 observations. The black dashed line represents the 1:1
line. (b) Comparison of CFE on rice yield between observations and models for all 12 sites. Ellipses show the uncertainty
ranges of CFE for Japonica and Indica sites.
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Figure 6. Comparison of CFE on rice yield between the results from field controlled experiments with eight individual crop
models, for all observations (a), Japonica rice (b) and Indica rice (c). Bars and error bars represent the mean value of the CFE
and the standard error (SE) respectively. Obs. represents the results from the field CO2 enhancement experiments. Horizontal
dotted lines represent the averaged CFE values for field observations. n represent the number of observations.

Journal of Geophysical Research: Biogeosciences 10.1029/2024JG008438

WANG ET AL. 10 of 16

 21698961, 2025, 3, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024JG

008438 by H
elm

holtz-Z
entrum

 Potsdam
 G

FZ
, W

iley O
nline L

ibrary on [09/04/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



and 7c). The original models generally showed no clear spatial variation, with a value around 10% 100 ppm− 1

(Figure 7b). By contrast, the updated CFE estimates in the ‘Japonica + Indica’ scenario was notably higher for
areas planted with Indica rice (e.g., Southeast China) than areas with Japonica rice, which are generally located in
Northeast China (Figure 7c). Compared to the ‘Japonica + Indica’ scenario, the ‘Original models’ scenario
largely underestimated the CFE for traditional Indica planted regions (Figure 7d). Similarly, the projections from
‘Original models’ scenario heavily overestimated the CFE values at many traditional Japonica planted regions
(Figure 7d). Therefore, compared with the ‘Original models’ scenario that predicted the regional CFE with
generally non‐spatial variation (Figure 7b), the ‘Japonica + Indica’ scenario showed a two‐peaked shape (around
7% and 14% 100 ppm− 1; Figure 7a), more consistent with the results from field controlled experiments (Figure S5
in Supporting Information S1). These results suggest that the regional CFE estimations could be improved by
considering the differences between rice sub‐species.

3.4. Enhanced Projections of Regional Rice Yield by Accounting for Rice Sub‐Species

Improving the accuracy of regional CFE estimations is just the initial step toward our ultimate objective of
enhancing regional and global rice yield projections. These improved projections serve as the foundation for
formulating mitigation policies that ensure global food security. Leveraging the refined regional CFE estimations,
we employed an emulator approach to simulate rice yield across China's rice planting areas over the past four
decades. Furthermore, we extended this approach to project future rice yield from 2020 to 2050. When compared
to the global rice yield estimations from EarthStat at the grid level, we observed that the ‘Original models'
scenario substantially underestimated rice yield in China (R2 = 0.12, Figure 8a). In contrast, incorporating the
CFE differences between Japonica and Indica led to improved regional rice yield simulations, yielding an R2

value of 0.48 (Figure 8b).

Beyond grid‐level rice yield simulations, a significant improvement was observed in yearly mean rice yield and
its temporal trend after considering the sub‐species difference. In comparison to yearly rice yield statistics from

Figure 7. Estimation of CFE on rice yield across rice planting areas in China after considering the differential CO2 effect for
Japonica and Indica rice. (a) Histogram distribution of CFE for two scenarios, namely the estimated CFE after considering
the Japonica and Indica differences (termed ‘Japonica + Indica’) and the original estimated CFE from multi‐model mean
values (‘Original models’). Mean values and their standard deviation (SD) are given in the figure. (b) Spatial distribution of
CFE estimates in the ‘Original models’ scenario. (c) Spatial distribution of CFE estimates in the ‘Japonica+ Indica’ scenario.
(d) Difference in CFE estimates between the ‘Original models’ and ‘Japonica + Indica’ scenarios.
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the National Bureau of Statistics of China, the original GGCMI‐2 models generally underestimated yearly mean
rice yield (Figure S6a in Supporting Information S1). Averaging the rice yields from these models, the under-
estimation of yearly mean rice yield was more clear, with a slope of 0.32 and an RMSE value of 1.42 t ha− 1

(Figure 9b). Conversely, incorporating the CFE differences between Japonica and Indica into the emulators
resulted in better agreement between yearly mean rice yield from models and observations (slope = 0.72,
RMSE = 0.27 t ha− 1, Figure 9b). Prior to adjustment, the linear trend of rice yield from the original GGCMI‐2
models during 1980–2019 was significantly lower (21.7 ± 0.6 kg ha− 1 y− 1) than the trend observed in rice yield
statistics (58.0 ± 3.4 kg ha− 1 y− 1, Figures 9a and S6b in Supporting Information S1). However, after considering
the CFE difference between Japonica and Indica, the trend from model simulations increased to

Figure 8. Comparisons of rice yield simulations in China to the rice yield from EarthStat: (a) rice yield simulations from the
original models (Yieldoriginal models); (b) rice yield simulations after considering the CFE differences between Japonica and
Indica (YieldJaponica+Indica). Solid blue lines represent the linear regressions and dotted black lines represent the 1:1 lines. R

2,
determination coefficient; RMSE, root‐mean‐square error; n, number of the pixels.

Figure 9. Rice yield simulations (1980–2019) and projections (2019–2050) across rice planting areas in China before and
after considering the differential CO2 effect for Japonica and Indica rice. (a) Yearly mean rice yield simulations and
projections for two scenarios, namely after considering the CFE differences between Japonica and Indica (termed
‘YieldJaponica+Indica’) and from multi‐model mean values (‘YieldOriginal models’). Solid lines represent the yield simulations
during 1980–2019, and dotted lines represent the yield projections during 2020–2050 at the SSP245 scenario. The shaded
areas represent the standard deviations (SD). Mean rice yield observations from the statistics from National Bureau of
Statistics of China were used as the benchmark (solid black line). The linear trends of the two scenarios and the observations
were calculated and presented (numbers represent the linear trends and their standard errors, with a unit of kg ha− 1 y− 1).
(b) Comparisons of the rice yield simulations from these two scenarios (YieldJaponica+Indica and YieldOriginal models) with the
observations from China's statistics during 1980–2019. Solid lines represent the linear regressions and dotted black lines
represent the 1:1 lines. R2, determination coefficient; RMSE, root‐mean‐square error.
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47.0 ± 0.7 kg ha− 1 y− 1, closely aligning with the observed trend (Figure 9a). Extending this approach to future
rice yield projections under the SSP245 scenario, the mean rice yield in China is projected to increase at a rate of
28.0 ± 1.6 kg ha− 1 y− 1 during 2020–2050, nearly three times higher than that projected by the original models
(8.6 ± 1.0 kg ha− 1 y− 1, Figure 9a). The projected increasing rate of rice yield during 2020–2050 was lower than
that for 1980–2019, which may result from the gradual saturation of CO2 effects on plant photosynthesis and rice
yield (Wang et al., 2020), and also may originate from the progressive negative impact of elevated temperature on
rice yield (Zhao et al., 2017). These results not only highlight the high accuracy of estimating regional rice yield
through the emulator approach, but also underscore the importance of considering species differences in rice yield
response to CO2 when striving for precise simulations and projections of global rice yield.

4. Discussion
The positive effect of elevated CO2 on rice yield originates from the direct stimulation of foliar photosynthetic
rate (Ainsworth & Rogers, 2007; Walker et al., 2021), which is then amplified to the canopy scale through
changes in leaf area (Li et al., 2018; Luo & Niu, 2020), and is also affected by the allocation of biomass to crop
grains (Ainsworth & Long, 2021). On this basis, several plant traits and processes, including foliar photosyn-
thesis, soil nutrient acquisition, nutrient use efficiency and biomass allocation (Tu et al., 2022, 2024), may
contribute to the CFE on rice yield. Especially, N availability is a key factor affecting the CO2 effects on rice
yield. At moderate N availability, differences in N acquisition efficiency from soils may result in large differences
in foliar N concentrations (Yuan et al., 2014). By contrast, under zero or extremely high N application rates, the
foliar N concentration of rice is not largely affected by the ability of rice to acquire N from soils, and the response
of rice yield to CO2 are similar between sub‐species. The divergence in N acquisition capability for different rice
cultivars may result from their different key genes (e.g., NRT1.1B) (Hu et al., 2015; Zhang & Chu, 2020), which
suggests the potentials to improve the CFE on rice yield through gene‐editing techniques (Bailey‐Serres
et al., 2019). In addition, the differences in the sink capacity between various rice cultivars also possibly be an
important factor leading to the divergent response of rice yield to enhanced CO2 (Ainsworth & Long, 2021;
Yoshinaga et al., 2020).

To simulate the CO2 effect on crop yield, process‐based crop models generally represent the plant processes such
as photosynthesis at the foliar and canopy scale, and consider the impact of biomass allocation (Toreti
et al., 2020). The key process that influences the CO2 effect on crop yield, that is, the photosynthetic rate, is
generally simulated through a series of biochemical equations (Farquhar et al., 1980), or based on the radiation‐
use efficiency or transpiration‐efficiency approaches (Toreti et al., 2020). Among these models, there are still
significant uncertainties associated with several key parameters, particularly at large spatial scales. For instance,
in the widely used Farquhar biochemical model (Farquhar et al., 1980), parameters such as Vcmax and Jmax have a
direct impact on both the net photosynthetic rate and the magnitude of CO2 effects (Wang et al., 2020; Zhang
et al., 2014). Typically, these parameters in crop models are derived from leaf gas‐exchange data obtained under
non‐stress conditions and then extrapolated to larger spatial scales. Another approach involves estimating Vcmax
and Jmax using empirical functions based on foliar N concentrations (Kattge et al., 2009; Walker et al., 2014),
which are then upscaled to regional scales. While these approaches may yield convergent results for some crops,
the situation is more complex for rice due to its tremendous genetic diversity across cultivars and sub‐species.
Therefore, it is crucial to consider the sub‐species and cultivar‐specific values for Vcmax and Jmax when using crop
models to predict regional and global rice yield.

Many rice models predict similar CFE for both Japonica and Indica rice planted areas and do not capture spatial
variation. This is not surprising, since most of these models do not explicitly consider differences between rice
sub‐species and cultivars, and need the calibration of cultivar‐based specific values (Franke et al., 2020a). This is
partly because of a lack of data on the spatial distribution of rice sub‐species and cultivars at large scales, which is
an urgent knowledge gap to fill. To better represent different sub‐species in crop models, their soil N acquisition
efficiency and different photosynthetic acclimation rates need to be considered (Jiang et al., 2020; Lv et al., 2020).
In this regard, more field experiments and data synthesis are needed to inform crop models, better describe the soil
nutrients acquisition process, and to estimate the key parameters more accurately (Ainsworth & Long, 2021;
Toreti et al., 2020). Additionally, after accounting for the rice sub‐species differences in CFE, the R2 value be-
tween the rice yield predictions by crop models against EarthStat data was only 0.48 (Figure 8). This may be
because the local field management practices have not completely parameterised in these models. On this aspect,
the parameterisation of crop models could also be improved through the ‘data‐model fusion’ approach, with the
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aid of either the field experiments network or remote sensing observations (He et al., 2019; Wang et al., 2024;
Zhang et al., 2014).

Accounting for differences in CFE between rice sub‐species may only be the first step towards the improved yield
predictions, since CFE also varies between cultivars within the same sub‐species. Further analysis of CFE at the
cultivar level may be useful to improve model performance, but currently limited field observations do not fully
cover the popular cultivars planted in global rice areas (Ainsworth & Long, 2021). On this aspect, our study here
provides an alternative approach (i.e., the data‐model fusion) to calibrate the CFE values across difference rice
sub‐species. And through this approach, together with the emulation method, we could enhance the modelled
accuracy of regional rice yield with the synchronously changed CO2, temperature and other climate factors.
Besides, we also argued that more CO2 enhancement experiments covering a wider range of cultivars are needed,
especially in developing countries with few observations (Toreti et al., 2020). Also, we suggest that an open‐
access platform and a repository containing standard field observations and metadata are needed to provide
immediate and free access to data. Furthermore, although current experiments and models are beginning to
consider the complex interactions between genotypes, CO2 and other environmental factors (temperature, radi-
ation, ozone) on rice and crop yield, there is still a limited understanding of the underlying mechanisms and
modelling approaches involved (Ainsworth &McGrath, 2010; Toreti et al., 2020). One caveat of this study is that
it did not consider the interaction of other factors (temperature, precipitation etc.) on the CFE when projecting
regional rice yield. On this aspect, to better simulate and project global crop yield in the context of climate change,
these factors need to be investigated and considered in future modelling efforts.

5. Conclusion
In summary, we report a substantial difference in the response of rice yield to CO2 enrichment between two major
rice sub‐species, with CFE for Indica rice about twice that for Japonica rice. This finding is based on hundreds of
field observations, and on results of side‐by‐side comparisons between Indica and Japonica rice conducted at the
same locations. Current process‐based crop models do not consider these differences, causing erroneous estimates
of the spatial distribution of rice yield responses to elevated CO2. By considering the differences in CFE between
Japonica and Indica, regional estimates of CFE on rice yield can be modified and become more consistent with
field observations. More importantly, after considering the CFE between rice sub‐species, the modeled accuracy
of regional rice yield has been largely enhanced. These results emphasize the impact of genotypes on the response
of crop yield to climate change, highlight the need to consider genotypes in current crop models, and may ul-
timately inform breeding programs and adaptation efforts to maintain and enhance global crop yield as our
climate continues to change.
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