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ABSTRACT

We evaluated the potential impact of future climate change on spring maize and single-crop rice in northeastern China
(NEC) by employing climate and crop models. Based on historical data, diurnal temperature change exhibited a distinct
negative relationship with maize yield, whereas minimum temperature correlated positively to rice yield. Corresponding to
the evaluated climate change derived from coupled climate models included in the Coupled Model Intercomparison Project
Phase 5 (CMIP5) under the Representative Concentration Pathway 4.5 scenario (RCP4.5), the projected maize yield changes
for three future periods [2010–39 (period 1), 2040–69 (period 2), and 2070–99 (period 3)] relative to the mean yield in the
baseline period (1976–2005) were 2.92%, 3.11% and 2.63%, respectively. By contrast, the evaluated rice yields showed
slightly larger increases of 7.19%, 12.39%, and 14.83%, respectively. The uncertainties in the crop response are discussed
by considering the uncertainties obtained from both the climate and the crop models. The range of impact of the uncertainty
became markedly wider when integrating these two sources ofuncertainty. The probabilistic assessments of the evaluated
change showed maize yield to be relatively stable from period 1 to period 3, while the rice yield showed an increasing trend
over time. The results presented in this paper suggest a tendency of the yields of maize and rice in NEC to increase (but
with great uncertainty) against the background of global warming, which may offer some valuable guidance to government
policymakers.
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1. Introduction

Global warming is an important issue that is attracting in-
creasing attention from various social sectors. For China,the
general tendency of warming is similar to that of the Northern
Hemisphere, albeit with significant differences in the specific
process of evolution and the magnitudes of warming (Ding
and Dai, 1994). Climate change and the potential impact on
society are enormous challenges for mankind. Agriculture is
one of the sectors most sensitive to climate change. Global
warming could lead to an earlier onset of spring events for the
mid-high latitudes (Menzel et al., 2006; Inouye, 2008) and
cause a northward movement of the northern limits of crop-
ping systems (Yang et al., 2010). Also, increased temperature
could alter the dynamics and intensity of crop damage by
pests and diseases, such as insects and plant pathogens (Can-
non, 1998; Scherm, 2004). Meanwhile, a higher atmospheric
concentration of carbon dioxide could improve photosynthe-
sis, enhance biomass accumulation and increase production
(Schmidhuber and Tubiello, 2007). The overall effect of
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climate change on crop yield is positive in some agricultural
regions and negative in others (Parry et al., 2004). Lobell et
al. (2011) revealed that in the past 30 years the net impact
of the climate trend on rice output was insignificant because
the gains in some countries were cancelled out by losses in
others. Therefore, it is necessary to assess crop yield re-
sponses to future climate quantitatively on the regional scale
and, where necessary, use developments in science and tech-
nology to mitigate the adverse impacts.

Northeastern China (NEC), one of the country’s most pro-
ductive agricultural regions, is comprised of Heilongjiang,
Jilin and Liaoning provinces and includes a total area of
1.82× 105 km2 of farmland (Chen et al., 2012). Spring
maize, single-crop rice, soybean and some other cash crops
are popular in this region. Against the background of global
warming, the climate in NEC is changing dramatically, and
thus large fluctuations in crop yield are common (Cheng and
Zhang, 2005; Zhao et al., 2009). Hence, the projection of fu-
ture yield responses for this region is crucial for policymakers
in taking strategic decisions to guarantee food security and
stabilize the provisions market.

Several methods exist for evaluating the impact of climate
change on crops across regions. The first is to apply process-
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based crop models that emphasize physiological processes
of crop growth but do not consider losses caused by pests
and diseases (Lobell et al., 2007a). A substantial amount of
data is needed to calibrate the parameters for specific loca-
tions, which limits the application of such dynamic models
(Lobell et al., 2008). The second option, which we em-
ploy in the present study, is to develop statistical models
based on historical yield data and climate variables. Statis-
tical models assume that the past relationship will hold in
the future, regardless of whether or not field management
practices change. Such models can synthesize comprehen-
sively the effects of processes involved in the growing sea-
son and are widely used. Peng et al. (2004) used a statistical
method to show a 10% decline in rice yield in the Philip-
pines with a 1◦C increase in the growing-season minimum
temperature. Schlenker and Roberts (2006) developed a non-
linear model to simulate the relationship between tempera-
ture and yield in the eastern United States. Moreover, sta-
tistical models can successfully capture the crop responseto
climate change at broader spatial scales (Lobell and Burke,
2010). Furthermore, quantitative uncertainties can be more
readily evaluated by applying statistical models, as compared
to process-based models, for which it is necessary to con-
sider enormous parametric uncertainties (Iizumi et al., 2009)
and then widen the uncertainty estimates substantially (Lo-
bell and Burke, 2010).

When assessing the uncertainties of climate change im-
pacts on crops, the uncertainties in both the future climate
and in the crop model itself should be considered (Lobell
et al., 2006). Recently, the latest generation of coupled cli-
mate models included in the Coupled Model Intercompari-
son Project Phase 5 (CMIP5) has been released and can be
used to project the future climate. Previous studies have in-
dicated that the contribution of the CO2 effect to the overall
uncertainty of yield change is smaller than that of climate
and the crop model (Tebaldi and Lobell, 2008), especially
for C4 crops (e.g. maize) (Rosenzweig et al., 2014). As
a consequence, in this study we only use one of the Repre-
sentative Concentration Pathway (RCP) scenarios—RCP4.5,
which refers to a radiative forcing stabilized at 4.5 W m−2

(∼650 ppm) by the year 2100 (Zhang, 2012)—for the fu-
ture climate projections, thus excluding in our assessmentthe
potential effect of the uncertainties in the emissions scenar-
ios. A couple of points are important to note here: first, the
temperature changes at small regional scales are predictable
from the outputs of global climate models (Joshi et al., 2011;
Deser et al., 2012). Terray and Boé (2013) quantified the fu-
ture climate change and related uncertainties in France for
the 21st century by applying the coupled models within the
framework of CMIP5. Second, the projected changes of me-
teorological variables from global climate models have been
widely used to assess the impact of climate change on crop
yield at the regional scale; for instance, in Germany (Lobell,
2007) and Tanzania (Rowhani et al., 2011).

The structure of this paper is as follows: First, the data
and method used are described. Then, we present the results.
The climate models are briefly assessed before their results

are inserted into to the statistical equations to project the po-
tential impact of future climate change on crop yield in NEC
under the RCP4.5 scenario. Next, the quantitative uncertain-
ties caused by the evaluated climate change and statistical
crop models are analyzed. And finally, we provide a sum-
mary and conclusion to the study, including some perspective
in terms of the value of our findings for policymakers.

2. Data and method

The annual province-level data of crop area and pro-
duction were obtained from China Agricultural yearbooks.
Yields were computed by dividing production by crop area
and were selected as the response variables. Weather data
from ground observation stations including daily average
temperature (Tavg), minimum temperature (Tmin), maximum
temperature (Tmax) and precipitation (P) were obtained from
the China Meteorological Administration (CMA). Diurnal
temperature range (DTR) refers to the difference between
daily maximum and minimum temperatures. AverageTavg,
Tmin, Tmax and DTR, as well as totalP for summer (June–
July–August), were computed for each selected weather sta-
tion located in NEC. Then, the seasonal fields of variables on
1.0◦ × 1.0◦ grids were derived by Cressman interpolations.
Regional-level time series of meteorological factors in sum-
mer were obtained by computing weighted averages of grid
data; that is to say, the variations of the grid area with latitude
were considered.

The 30 climate models participating in CMIP5 were used
in this study, the details of which are shown in Table 1 (Tay-
lor et al., 2012). For convenience, all of the model outputs
were re-gridded to a common resolution of 1.0◦×1.0◦ using
bilinear interpolation. Since the majority of historical runs
ended in 2005, the period spanning from 1976 to 2005 in his-
torical simulations, hereafter known as the baseline period,
was selected to compare with the corresponding observations
to assess the model reproducibility. The future climate un-
der the RCP4.5 scenario was analyzed with three target peri-
ods of 2010–39 (period 1), 2040–69 (period 2), and 2070–99
(period 3). The multi-model ensemble (MME) result is the
equally weighted mean of the CMIP5 model outputs used.

To minimize the influence of long-term changing factors
on the yield, such as the development of science and technol-
ogy, we used the year-to-year increment approach (Fan et al.,
2007), which is an effective detrending method proposed for
studies of climate variability, such as the annual number of
tropical cyclones making landfall over China (Fan, 2009), the
wintertime heavy snow activity in Northeast China (Fan and
Tian, 2013), and so on. The year-to-year increment for a vari-
able refers to the absolute difference between the value in the
current year and that in the preceding year. We established
linear equations on the basis of the year-to-year incrementof
crop yield and climate and assumed that the statistical rela-
tionship would still be applicable in the future. All variables
in the year-to-year increment form are expressed as∆ (e.g.∆
yield). To further evaluate the performance of the prediction
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Table 1. Summary of the climate models from CMIP5 used in this
paper.

No. Model Country
Resolution

(Grids, lon× lat)

1 ACCESS1-0 Australia 192×145
2 BCC-CSM1-1 China 128×64
3 BCC-CSM1-1-M China 320×160
4 BNU-ESM China 128×64
5 CanESM2 Canada 128×64
6 CCSM4 USA 288×192
7 CESM1-BGC USA 288×192
8 CESM1-CAM5 USA 288×192
9 CMCC-CMS Italy 192×96
10 CNRM-CM5 France 256×128
11 CSIRO-MK3-6-0 Australia 192×96
12 FGOALS-g2 China 128×60
13 FIO-ESM China 128×64
14 GFDL-CM3 USA 144×90
15 GFDL-ESM2G USA 144×90
16 GFDL-ESM2M USA 144×90
17 HadGEM2-AO South Korea 192×145
18 HadGEM2-CC UK 192×145
19 HadGEM2-ES UK 192×145
20 INM-CM4 Russia 180×120
21 IPSL-CM5A-LR France 96×96
22 IPSL-CM5A-MR France 144×143
23 IPSL-CM5B-LR France 96×96
24 MIROC5 Japan 256×128
25 MIROC-ESM Japan 128×64
26 MIROC-ESM-CHEM Japan 128×64
27 MPI-ESM-LR Germany 192×96
28 MPI-ESM-MR Germany 192×96
29 MRI-CGCM3 Japan 320×160
30 NorESM1-M Norway 144×96

models, the cross-validation test was applied (Fan and Wang,
2010), conducted as follows: We removed the data in theith
year (16 i 6 30) from the training set (1976–2005), gener-
ated a new set of regression coefficients based on the retained
years, and then predicted the yield in thetth year using the
new model. The process was repeated 30 times.

To analyze the uncertainties in the parameter estimations
of the crop models, the Markov Chain Monte Carlo (MCMC)
method was used. The MCMC technique is a generally ef-
fective method for fitting statistical models in recent decades
(Browne and Rasbash, 2009). The basis of the MCMC
method is to sample from probability distributions based on
constructing a Markov Chain that can converge to its equilib-
rium distribution after several iterations (Andrieu et al., 2003;
Robert and Casella, 2004).

3. Results

3.1. Crop models

The climate plays a key role in agriculture. In NEC,
the growing seasons of spring maize and single-crop rice
extend from May to September (Zhang and Huang, 2012).

However, here we only focus on the climate change in sum-
mer (June–July–August) when maize experiences its jointing
stage, and rice its tillering stage, ahead of the grain filling
stage. We explore the individual impact on yield of each lo-
cal meteorological variable using Pearson correlation anal-
ysis. The most prominent meteorological variable that ex-
plains the highest proportion of maize (rice) yield variance is
the summer DTR (summerTmin), with correlation coefficients
of −0.5147 (0.4641) (Fig. 1). The DTR can explain approx-
imately 26% of the variance of the increment of maize yield
changes, while theTmin can explain 22% of the variance of the
increment of rice yield changes. Note that choosing DTR as
the predictor for the crop model is meaningful (Chaudhari et
al., 2009; Tatsumi and Yamashiki, 2012) since crops respond
differently to increased temperature during the day and dur-
ing night. Here, for a givenTavg, increased DTR could lead to
a reduction in maize production, probably because the asso-
ciated increase inTmax could increase water stress and result
in depressed rates of photosynthesis. Also, the increase of
DTR could decrease the grain filling rate and subsequently
result in crop failure (Lobell and Ortiz-Monasterio, 2007).
To eliminate as much as possible the effect of multicolinear-
ity between the various predictors, a simple linear regression
model was used. We repeated the analysis using a higher-
order equation by adding the quadratic component of the pre-
dictors, but there was no significant effect on the result. The
final statistical models for maize and rice are:

∆Ym = −0.0465×∆D+0.0067, (1)

∆Yr = 0.0339×∆Tmin+0.0051, (2)

where∆Ym and∆Yr refer to the increment of maize and rice
yield, respectively;∆D is the summer DTR.

The correlation coefficient is 0.41 (0.31) between the
predicted year-to-year variations derived from the cross-
validation test and the historical year-to-year variations for
maize (rice), significant at the 95% (90%) level. Hence, DTR
and Tmin could be valid predictors for grain production in
NEC.

3.2. Climate models

Before projecting the future climate change, we first as-
sessed the model reproducibility of CMIP5. The Taylor di-
agram is an efficient tool for quantitatively evaluating how
well climate models match with observations (Taylor, 2001).
The radial distances from the origin to the points are the ra-
tios of the standard deviations between models and observa-
tions. The azimuthal angle represents the spatial correlation
between the two fields. The distance between the point and
the reference point indicates the centered root-mean-square
error (RMSE); that is, the closer a model is to the reference
point, the better its performance (Gleckler et al., 2008; Jiang
and Tian, 2013). The summer minimum temperature and di-
urnal temperature change in NEC during the baseline period
were considered. As is shown in Fig. 2, the minimum temper-
ature can be effectively simulated by the models, with most
of the spatial correlation coefficients significant at the 99%
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Fig. 1. Relationship between the increment of maize yield and summer diurnal temperature change (left
panel) and between the increment of rice yield and summer minimum temperature (right panel) in the
baseline period (1976–2005). The lines are best-fit regression lines.

Fig. 2. Taylor diagram describing normalized pattern statistics of the summer diurnal temperature
change (left panel) and minimum temperature (right panel) over Northeast China. Observation is con-
sidered as the reference (REF). The numbers on thex-axis andy-axis refer to the ratio of standard
deviations between models and observations. The numbers inthe arc are the corresponding correlation
coefficients between models and observations. The numbereddots correspond to the models summa-
rized in Table 1. The orange dots correspond to the 14 selected models in our analysis. The blue asterisk
indicates the ensemble mean of all the models in Table 1, and the red triangle is the ensemble mean of
the selected 14 models (yellow dots). The dashed line is the boundary where the spatial correlation
coefficients are significant at the 99% confidence level.

level. In addition, the normalized centered RMSE for most
models was less than 1.0. For the DTR, the performances
of the models were relatively poor. Some models could not
effectively simulate the spatial distribution of the DTR, and
some showed high centered RMSEs. These results may have
occurred because the DTR is calculated by the daily max-
imum and minimum temperatures, which could further in-
crease the uncertainty and lead to a larger error. Therefore, it
is necessary to select relatively reliable models from CMIP5
based on specific criteria. The first is that the correlation co-
efficient between the model output and observation is signifi-
cant at the 99% level. The second is that the centered RMSE
should be less than one standard deviation. In this manner, 14
of 30 models were selected to project future climate change.

As Fig. 2 shows, the MME of these 14 models (red triangle)
has better capability for simulating temperature in NEC.

Figure 3 illustrates the spatial pattern of the projected
summertime temperature change in period 2 relative to the
baseline period, represented by the MME of the 14 selected
models. For minimum temperature (Fig. 3b), all regions cov-
ering NEC show significant increases with a magnitude of
warming greater than 1.5◦C. However, the variation of diur-
nal temperature (Fig. 3a) is not obvious between future and
current climates. The region essentially exhibits a slightde-
creasing trend, which is consistent with previous researchre-
sults (Dai et al., 2001; Lobell et al., 2007b). This is probably
because, against the background of global warming, the ex-
pected change inTmin is larger than the associated change in
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Fig. 3. Geographical distribution of projected change (multimodel ensemble mean) for summer diurnal
temperature range (DTR (◦C); left panel) and minimum temperature [Tmin (◦C); right panel] in period
2 (2040–69) with respect to the baseline period (1976–2005). Shading indicates values statistically
significant at the>99% confidence level.

Tmax. The evaluated regional-averaged temperature changes
of the MME mean in periods 1–3 with respect to the baseline
period are summarized in Table 2. The greatest warming of
minimum temperature occurs at the end of the 21st century
due to the ever-increasing radiative forcing. The change of
DTR is relatively stable because of the almost synchronized
growth in minimum and maximum temperature over the next
100 years.

Uncertainties in the projected future climate arise from
differences between individual models; for instance, some
absent or misrepresented physical processes. Confidence in-
tervals for projected climate change, estimated by resampling
the model’s results for 10 000 repetitions, are shown in paren-
theses in Table 2.

3.3. Projected yield impacts

We assessed the potential yield response to future climate
change under the RCP4.5 scenario based on the historical
relationships between crops and meteorological variables.
To compare intuitively, yield change in various periods of
the future is expressed as the percentage of mean production
covering the reference period. The MME means of DTR and
Tmin were calculated and inserted into the models expressed
by Eqs. (1) and (2) respectively. The projection for maize
yield increased by 2.92%, 3.11% and 2.63% in periods 1–3

Table 2. Summary of the projected multimodel ensemble mean
(shown in bold) of summer diurnal temperature change and mini-
mum temperature for different periods in the 21st century relative
to the baseline period (1976–2005). The values shown in paren-
theses indicate the 95% confidence interval of the projectedclimate
change.

DTR (◦C) Tmin (◦C)

2010–39 −0.1572 (−1.0579, 0.2590) 1.0648 (0.3224, 2.0997)
2040–69 −0.1766 (−1.1638, 0.3170) 1.9504 (0.8739, 3.7061)
2070–99 −0.1264 (−1.3083, 0.4079) 2.3643 (0.4700, 4.4919)

respectively, which suggests a very small change over the
next century. The potential rice changes, meanwhile, are
larger, with the percentages relative to the historical yield of
7.19%, 12.39% and 14.83% respectively.

Uncertainties in the climate change impacts on crops
were calculated by considering the uncertainties in the cli-
mate and crop models. The climate change uncertainties were
evaluated by utilizing the model outputs from CMIP5, as dis-
cussed previously in section 3.1. The MCMC method was
used to explore the uncertainty of regression coefficients
(Jackman, 2000; Iizumi et al., 2013). The main procedure
was as follows: The projected area-averaged summer cli-
mate change was first randomly sampled from the CMIP5
database. Then, we resampled the regression coefficients ran-
domly from their probability distributions determined by the
MCMC method and created the new statistical crop models.
The above two steps were iterated 10 000 times.

Figure 4a/b shows a box-and-whisker graph for maize/
rice yield changes, based on the projected climate change
only (left), on the resampled crop model’s coefficients only
(middle), and the combined effects of crop and climate
(right). The 95% confidence interval of the projected im-
pact derived from the aforementioned 10 000 iterations can
also be identified. For brevity, only the result for period 2
is examined. The results for maize and rice are dramatically
similar, notwithstanding a difference in the absolute value.
First, the uncertainty is much larger in the positive direction,
especially for rice. Second, the ranges of the uncertain inter-
val caused by climate change and the crop model are almost
equal. Third, the integration of climate change uncertainty
and crop model uncertainty could magnify the total uncer-
tainty. We further analyzed the probability distribution of
projected maize and rice yield changes during periods 1–3,
as presented in Fig. 5. From the histogram for period 2, we
can see that the maximum probability of maize yield change
compared to that of the historical period is located in the 0%
to 10% group (Fig. 5a). However, the probabilities of yield
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Fig. 4. Boxplots of evaluated climate impacts on (a) maize and (b) rice yield after accounting for either climate change
only uncertainties (left panel), crop model only uncertainties, or uncertainties from both the climate and the crop
model. The boxes extend from the 25th to 75th percentile of projection. The middle horizontal line within each box is
the median value. The impacts are expressed as the percentage anomaly of yields in period 2 relative to the baseline
(1976–2005) average yields.

change in the−10% to 0% and 0% to 10% groups are ap-
proximately the same. For rice yield, the change in the 10%
to 20% group has the highest probability (by up to 45%) (Fig.
5b). Comparing the three kernel density estimate curves (Fig.
5a), we can see that the potential change for maize yield is
relatively stable from period 1 to period 3. And yet, for rice,
the mean of the probability distribution function shifts more
to the positive side and the positive tail expands to a wider
scope from period 1 to period 3 (Fig. 5b). The changes indi-
cate a likelihood that rice yield will increase over time.

4. Conclusion

Climate change has a potential effect on agricultural pro-
duction. In the present reported study, we projected the sum-
mer climate-induced variations in yield in NEC. We first con-
structed statistical crop models, in which all variables were
detrended by adopting the year-to-year increment approach.
Simple linear regression was used to eliminate the colinear-
ity caused by the high correlations between predictors. Note

that we did not consider the influences of crop cultivar use
or other adaptive management changes. Also, CO2 fertiliza-
tion effects were ignored. The results showed that historical
maize yields during the baseline period strongly correlated
with summer diurnal temperature change, with a correlation
coefficient of−0.5147. Furthermore, the rice model was de-
signed on the basis of summer minimum temperature, which
could explain 22% of the variance of the increment of his-
torical changes. For rice as a thermophilic crop, the tem-
perature increase properly in NEC could to a certain extent
cut down the incidence of delayed-type and sterile-type cool-
ing damage and ensure the required accumulated temperature
for growth. Meanwhile, an increase in nighttime temperature
could prompt the products of photosynthesis to translocateto
grain more effectively (Zhou et al., 2013).

To project future climate change better under the RCP4.5
scenario, the models included in CMIP5 that showed good
ability in simulating present-day climate were selected. The
MME means of summer minimum temperature change in
three future periods (periods 1–3; see section 2 for defini-
tions) showed a distinct increase compared to the baseline
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Fig. 5. Histograms showing the probability distribution of (a) maize and (b) rice yield changes in pe-
riod 2 (expressed as the percentage of average yields duringthe baseline period, 1976–2005). That is,
the numbers on they-axis refer to the possibility of the yield change in the particular group, and the
numbers on thex-axis are the specified groups of percentage change. The different color lines are the
curves of kernel density estimation of the three future periods (i.e. period 1, 2010–39, blue; period 2,
2040–69, black; period 3, 2070–99, red).

time, which were all generally greater than 1◦C. And yet, the
decreasing trend could be seen in the summer diurnal temper-
ature change, with an amplitude of less than 0.5◦C. A pos-
sible reason why the variations of DTR were smaller than
those ofTmin over NEC is that the rate of warming between
Tmax andTmin becomes increasingly similar in the future, and
when subtracted from each other the tendency of the differ-
ences will not be apparent.

The expected maize yields caused by future climate
change increased by 2.92%, 3.11%, and 2.63% for peri-
ods 1–3, with 95% confidence intervals of (−3.50%, 24%),
(−11.74%, 19.60%) and (−5.14%, 13.76%) respectively, in
terms of the percentage of the historical mean yield when
considering the uncertainties of both the climate and the crop
models. The rice yield in NEC appeared to benefit more from
warming, with percentages of 7.19%, 12.39%, and 14.83%,
respectively. Moreover, the uncertainty intervals did notspan
zero [(1.37%, 14.29%) for period 1, (3.54%, 25.29%) for pe-
riod 2, and (3.11%, 30.77%) for period 3], indicating that the
likelihood of the increase is robust. The integrated total un-
certainties of the climate change and crop model were magni-
fied significantly, possibly due to the interaction between the
two uncertainty sources. For instance, when estimating the
effect of climate uncertainty, different types of crop models
applied could lead to different results.

It is of great practical significance to project crop re-
sponses to climate change skillfully (Yao et al., 2007). Un-
fortunately, the exiting assessment system is not sufficient on
account of the large uncertainties involved. In particular, the
effects of CO2 fertilization and the adaptive change of crops,
which are not considered in this paper, will also contributeto
the total level of uncertainty. However, our aim was to pro-

vide a rough indication of the impact of climate change on
agricultural production in NEC. Providing definitive quantifi-
cation of the potential yield change based on existing climate
and crop models is beyond the scope of this paper. Never-
theless, the results are valuable for guiding adaptation efforts
and providing reference information for policymakers.
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