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Abstract

The effect of elevated carbon dioxide (CO2) on crop yields is one of the most uncertain
and influential parameters in models used to assess climate change impacts and
adaptations. A primary reason for this uncertainty is the limited availability of experi-
mental data on CO2 responses for crops grown under typical field conditions. However,
because of historical variations in CO2, each year farmers throughout the world perform
uncontrolled yield ‘experiments’ under different levels of CO2. In this study, measure-
ments of atmospheric CO2 growth rates and crop yields for individual countries since
1961 were compared with empirically determine the average effect of a 1 ppm increase of
CO2 on yields of rice, wheat, and maize. Because the gradual increase in CO2 is highly
correlated with major changes in technology, management, and other yield controlling
factors, we focused on first differences of CO2 and yield time series. Estimates of CO2

responses obtained from this approach were highly uncertain, reflecting the relatively
small importance of year-to-year CO2 changes for yield variability. Combining estimates
from the top 20 countries for each crop resulted in estimates with substantially less
uncertainty than from any individual country. The results indicate that while current
datasets cannot reliably constrain estimates beyond previous experimental studies, an
empirical approach supported by large amounts of data may provide a potentially
valuable and independent assessment of this critical model parameter. For example,
analysis of reliable yield records from hundreds of individual, independent locations (as
opposed to national scale yield records with poorly defined errors) may result in
empirical estimates with useful levels of uncertainty to complement estimates from
experimental studies.

Keywords: carbon dioxide, climate change, CO2 fertilization, crop yields, food security, global warm-

ing, maize, rice, wheat, yield models

Received 28 June 2006 and accepted 29 August 2006

Introduction

The response of crop yields to elevated carbon dioxide
(CO2) is one of the major sources of uncertainty when
assessing the potential impacts of climate change on
food security and the economy, as well as the effective-
ness of different adaptation strategies (Long et al., 2005,
2006; Parry et al., 2005). For example, in a recent assess-
ment of climate change impacts (Parry et al., 2004),
removal of the beneficial effect of elevated CO2 in crop

models was found to increase the projected number of
malnourished people in 2080 by as much as 500 million.
Many experiments have attempted to estimate the

CO2 fertilization effect (CFE) by comparing yields in
elevated CO2 treatments to those under ambient
(!375 ppm) conditions. The earliest studies were con-
ducted in greenhouses and laboratory or field chambers
(Kimball, 1983; Cure & Acock, 1986), while more re-
cently free air (chamberless) CO2 enrichment (FACE)
trials have also been established (Ainsworth & Long,
2005; Long et al., 2006). The relevance of results from
chamber experiments has been widely questioned be-
cause of potential interactions of CO2 with factors such
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as nutrient and water availability, temperature, and pest
damage. These factors are generally different within
chambers than in farmers’ fields. It has been suggested
recently that yield responses to CO2 in FACE experi-
ments are systematically lower than in chamber studies
(Ainsworth & Long, 2005; Long et al., 2005, 2006),
although comparisons are often difficult because of
differences in CO2 levels, cultivars, nutrient levels,
and other factors between experiments (Amthor, 2001;
Tubiello et al., 2007).
The great variability of experimental results has re-

sulted in 95% confidence intervals for the CFE of major
crops (e.g. wheat) that often span a factor of two
(Amthor, 2001). Responses for nonmajor crops are even
more uncertain, with limited or no experimental data
available for a majority of food crops. This uncertainty,
of course, argues for more experiments that span a
greater range of conditions and crops. However, it also
emphasizes the potential value of independent mea-
sures of CO2 effects on yields.
The main alternative to experiments is empirical

analyses of historical observations of yields and CO2.
One major advantage of this approach would be that,
by using data that reflect yields from actual farmers’
fields, the results would not be prone to issues of
representativeness, such as arise in the omission of
pests in experimental trials. However, empirical studies
require datasets that possess sufficient variability in
CO2 while having limited variability in other factors
that control yields. The difficulty of finding such data-
sets, which likely explains the near complete absence of
empirical studies in the published literature, is related
to two factors.
First, historical changes in CO2 have been relatively

insignificant compared with technology-driven yield
increases (Amthor, 1998). Thus, it is nearly impossible
to empirically separate the small effect of increased CO2

from the much larger effects of management and tech-
nology trends. Second, because CO2 is a well-mixed gas,
spatial variability of CO2 concentrations is relatively
small. For example, CO2 typically varies by o3ppm
between locations within a hemisphere, with even
smaller differences for the latitude range of most crop-
lands (GlobalView-CO2, 2005). Use of spatial CO2 gra-
dients would also be complicated by spatial variation in
other factors affecting yields, such as climate, soils, and
management practices.

CO2 growth rate anomalies

Long-term trends or spatial variations in CO2 thus
appear to hold little promise for empirically determin-
ing the CFE. Short-term variations in CO2 levels, speci-
fically interannual variability of CO2 growth rates,

provide the only other natural gradient of CO2 that
might be exploited. Keeling et al. (1995) and Braswell
et al. (1997) demonstrated that variations in CO2 growth
rates can provide useful insight into controls on oceanic
and terrestrial ecosystem carbon uptake. In these stu-
dies, CO2 growth rates were treated as the dependent
(i.e. response) variable, with temperature and precipita-
tion treated as independent (i.e. predictor) variables.
In contrast, evaluating the effects of CO2 on yields

requires using CO2 growth rates as a predictor variable,
and crop yield as the response variable. A major diffi-
culty in this context is that other factors that are far
more influential on yields, such as temperature and
precipitation, exhibit substantial interannual variability
as well. For example, CO2 increases from July of one
year to the next (Fig. 1) have averaged 1.35 ppm since
1960, with a standard deviation of 0.72 ppm. The CFE
prescribed in commonly used crop models (Fig. 2)
dictates a yield increase of roughly 0.1% for each
1 ppm CO2 increase for C3 crops. Thus, one would
expect the average yield change due to CO2 increase
in 1 year to be on the order of 0.14%, with a standard
deviation of 0.07%.
For comparison, year-to-year differences in global

yields for the three major cereal crops are shown in
Fig. 3. Even rice, which is widely irrigated, has a
standard deviation of yield differences of 2.4%. Thus,
the variance of CO2-induced yield change is roughly
one-tenth of the total yield variance in the best case, and
smaller for crops with greater yield variability. Yield
data at subglobal scales, for example individual country
time series available from FAO, are generally more
variable than global averages (FAO, 2006). CO2 varia-
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Fig. 1 Year to year changes (first differences) in July and

Annual CO2 (ppm), 1961–2002, at Mauna Loa station.
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tions therefore represent a progressively smaller signal
for smaller scale yield data.
A single time series, regardless of scale, would thus

not provide a reliable indicator of the CFE. However,
hundreds of individual yield time series are currently
available, and many more could potentially be derived
from subnational records. This study aims to introduce
a new, empirical approach to estimation of the CFE by
way of an example using country-level time series for
three major crops (rice, wheat, and maize).

Materials and methods

Data sources

Monthly atmospheric CO2 levels (ppm) for 1958–2002
recorded at the Mauna Loa Observatory in Hawaii,
United States were obtained from http://cdiac.ornl.
gov/ftp/trends/co2/maunaloa.co2. Growth rates for
each month in 1959–2002 were calculated as the
difference in CO2 from the same month in the previous
year. It was assumed that CO2 growth rates at Mauna
Loa were representative of the entire Northern Hemi-
sphere, although the effect of this assumption is tested
below.
Rice, wheat, and maize represent the three most

widely grown and consumed crops in the world
(FAO, 2006) and are the focus of most global assess-
ments of future food security (Rosegrant et al., 2001;
Fischer et al., 2005; Parry et al., 2005). Yields for these
crops for 1961–2002 were downloaded for all available
countries in the online statistical databases of the Uni-
ted Nations’ Food and Agriculture Organization (FAO,

2006), which reports all yields as Mgha"1. All countries
within the Northern Hemisphere were ranked accord-
ing to their 2002 production of each crop, and the top 20
countries for each crop were thereby identified. Coun-
tries in the Southern Hemisphere were omitted from the
analysis.
As with CO2 levels, growth rates of yields were

computed as first differences from the 1961–2002 raw
yield time series. To account for increased yield var-
iance with increased average yields, which was appar-
ent in several time series, the yield differences were
converted to percent yield change by dividing the
absolute yield change for each year by a 9-year moving
average of yields centered around that year.

Estimation of CO2 fertilization effect

For each country and crop, the CFE was estimated by
ordinary least squares (OLS) linear regression of per-
cent yield change on ppm CO2 change in July (the
middle of the growing season for most crops in the
Northern Hemisphere). The variance of the OLS esti-
mate for CFE is given by

VarðCFEÞ ¼ s2

Sxx
; ð1Þ

where s2 is the variance of model residuals and Sxx is
the sum of square deviations of x (in this case, ppm
CO2) from its mean.
An estimate of CFE was made for each country,

resulting in 20 separate estimates for each crop. An
example for United States rice is shown in Fig. 4. An
aggregrate estimate for CFE was then computed using
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Fig. 2 Response of yield to CO2 for C3 and C4 crops in the

CERES crop model (source: CERES v3.5 source code).
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a weighted average of the 20 estimates

CFEagg ¼
X20

i¼1

oiCFEi; ð2Þ

with weights (oi for country i) proportional to the
inverse of the variance for each estimate

oi ¼
1=VarðCFEiÞP20
k¼1 1=VarðCFEkÞ

: ð3Þ

The aggregate estimate, assuming that errors for
individual countries were uncorrelated with each other,
has variance equal to

VarðCFEaggÞ ¼
X20

i¼1

VarðoiCFEiÞ ¼
X20

i¼1

o2
i s

2
i

Sxx
: ð4Þ

The inverse variance weighting thus provides an
aggregate estimate with lowest possible variance, which
can be seen by setting the derivative of Var(CFEagg) with
respect to wi equal to 0.
The aggregate estimate of CFE from Eqn (2) provides

a measure of the global CFE if one assumes that (1) the
effect of CO2 on yields is the same in all regions and (2)
the top 20 countries are representative of all growing
regions in the world. Alternative weightings, for exam-
ple based on the percent of global production in each
country or considering correlation of errors between
countries, could also be used.

Sensitivity tests

The above analysis rested on several assumptions that
potentially influenced the results. First, it was assumed
that first differences of yields were independent of

technology trends, and thus that estimates of CFE were
not biased by omission of a variable representing tech-
nology. In reality, first differences of yields in several
countries exhibited a slight trend in time, indicating that
yield time series were not stationary. Two approaches
were used to test the sensitivity of results to these
trends. First, the analysis was repeated after detrending
the CO2 and yield difference time series with a linear
trend for each country. Second, the analysis was re-
peated after removing the first 10 years of the record, for
which CO2 changes appeared slightly lower than in the
rest of the record (Fig. 4).
A second source of uncertainty was that actual CO2

levels differ by region and crop, while the analysis
always used changes in CO2 levels at Mauna Loa in
July. Unfortunately, measurements of CO2 within the
relevant region and season for each crop were not
available. As a measure of sensitivity, we repeated the
analysis using changes in annual average CO2 at Mauna
Loa rather than July.

Results and discussions

Estimates of CFE for individual countries varied con-
siderably for rice (Fig. 5), wheat (Fig. 6), and maize (Fig.
7), although the 95% confidence intervals for most
countries overlapped. Only one crop-country combina-
tion produced a 95% confidence interval that was
entirely above zero (Thailand maize), with three cases
entirely below zero (US rice, Nigeria rice, and China
wheat). No consistent patterns were observed related to
individual countries or regions across crops. For exam-
ple, China was among the lower estimates for wheat,
but higher estimates for maize. Nigeria possessed the
lowest value for rice, but near average for maize.
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The aggregate estimate for each crop included both
0%yield ppm"1 and 0.1%yield ppm"1 (Figs 5–7, Table
1). Thus, the uncertainties were sufficiently large that
one cannot establish with these results the presence of a
positive CFE, nor can one confidently refute the values
currently used in impact assessment models (e.g. Fig.
2). Table 2 compares the value for wheat from this study
with the meta-analysis of wheat experiments by
Amthor (2001). The mean result from the empirical

approach was surprisingly consistent with those from
experimental studies, although the 95% confidence
interval computed here was substantially larger.
The aggregate mean estimate for rice was negative,

while wheat and maize were both positive. There was
therefore no clear distinction made between C3 (rice,
wheat) and C4 (maize) crops. Variances of the aggregate
estimates were substantially lower for rice than the
other two crops (Table 1), which reflect the lower yield
variance for rice in most countries. As mentioned
above, rice tends to be irrigated in most regions while
maize and wheat are widely rainfed crops.
The aggregate estimates did not appear very sensitive

to model assumptions for rice, with the mean estimate
remaining below zero when detrended time series or
annual CO2 levels were used, and slightly positive
when the first decade of records was omitted
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Fig. 7 Same as Fig. 5 but for maize.

Table 1 Aggregate estimates of CO2 fertilization effect on
crop yields (%yield ppmCO2) derived from top 20 countries
for each crop

Aggregate estimate
of CFE

Rice Wheat Maize

Mean SD Mean SD Mean SD

Base model "0.19 0.31 0.13 0.51 0.17 0.39
Alternate models
1971–2002 only 0.02 0.32 0.53 0.57 0.62 0.36
Detrended yields "0.08 0.33 0.77 0.55 0.24 0.43
Annual CO2 "0.14 0.39 "0.99 0.65 0.31 0.50

SD, standard deviation of estimate, from Eqn (1).
Alternate model formulations were used to test sensitivity of
results to model assumptions.
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(Table 1). In contrast, estimates for wheat and maize
appeared quite sensitive to these changes. The effect of
using annual CO2 on wheat and maize estimates was
considerably smaller when using only 1971–2002 data
(not shown). As seen in Fig. 1, the greatest disparities
between July and annual CO2 are apparent before 1971.
This suggests that uncertainties in CO2 variations for
specific growing seasons are less important when limit-
ing analysis to recent decades. Overall, the sensitivity
analysis indicates that model assumptions and choice of
input datasets and time periods may be important and
should be explicitly considered when deriving empiri-
cal estimates.
The uncertainties obtained here, for aggregate CFE

estimates, were too large to constrain values beyond
previous experimental work. A reasonable question is,
therefore, what would be required to reduce uncertain-
ties to useful levels. Using simulation to create artificial
40-year time series of CO2 and yield differences, we
evaluated the dependence of CFE uncertainty on the
number of independent time series, as well as the level
of yield variance in the yield difference time series
(Fig. 8). In these simulations, it was assumed that the
true CFE was 0.1%ppm"1. The substantial reduction of
uncertainty when progressing from a single time series
to 20 was apparent regardless of yield variance. As
expected, the standard deviation of CFE estimate
decreased less rapidly as the number of time series
increased, with minimal gains after !200 time series.
Overall, it appears that comparisons of CO2 and yield

growth anomalies are unlikely to achieve standard

deviations similar to experimental studies (!0.01–
0.04%yield ppm"1; Table 2) even with very large sam-
ple sizes and relatively low yield variances, such as for
rice. However, three important points should be con-
sidered. First, it may be possible to reduce the ‘noise’
contained in yield variance by including explanatory
variables other than CO2, such as changes in growing
season temperature and rainfall. In many cases, climatic
variables may be able to explain 50% or more of the
variance in yield changes (Nicholls, 1997; Lobell &
Asner, 2003), which could improve detection of CO2

effects.
Second, even if accuracies of empirical approaches do

not approach experimental values, estimates that are
derived entirely independent of experiments provide a
useful consistency check. For example, experimental
approaches have some inherent limitations that empiri-
cal approaches do not, such as an inability to represent
the diversity of conditions in farmers’ fields, and a
small spatial scale, which precludes investigation of
potential local climate feedbacks from plant CO2 re-
sponse. Moreover, experiments are widely conducted
only for a selected group of major crops, while empiri-
cal estimates could be applied to any crop with avail-
able data. Experimental approaches also have many
distinct advantages, such as the ability to compare
several cultivars and test the nonlinearity of CO2 re-
sponse by using a wide range of CO2 levels. Empirical
estimates based on historical CO2 data would require
assumptions about linearity in order to estimate effects
of future CO2 levels at which yield responses could
saturate.
Finally, accuracies of any measurement technique

must be compared with costs. Empirical approaches
that utilize existing data and inexpensive computa-
tional resources have very limited requirements in
terms of both expense and time. While significant effort
may be required to compile accurate time series at

Table 2 Experiment-based estimates of CO2 fertilization
effect (%yield ppmCO2) in wheat using different methods
(from Amthor, 2001) vs. inferred value for wheat from histor-
ical CO2 and yield growth rate anomalies (current study)

Method Mean
95% Confidence
interval

Laboratory 0.120 0.076–0.156
Glasshouses 0.140 0.071–0.210
Closed-top field chambers 0.080 0.048–0.112
Open-top field chambers 0.072 0.051–0.094
FACE 0.068 0.041–0.094
This study 0.13 "0.88–1.14

Experimental values are based on trials with !200 ppm in-
creases and assuming a linear response of yield to CO2.
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subnational levels, the time required would likely be
small compared to the several years needed to obtain
robust experimental values. All of these points do not
imply that experimental studies could or should be
replaced in any way by empirical approaches, but
rather that empirical studies could and should
complement understanding of yield responses to CO2

change.

Conclusions

This study evaluated whether historical data on CO2

growth rates and national crop yields provide useful
constraints on the CO2 fertilization effect. For the three
major cereal crops – rice, wheat, and maize – yields
from each of the top 20 producing countries were
regressed against year-to-year changes in CO2 at Mauna
Loa station. Mean estimates of CFE were consistent
with values from experimental studies, but standard
deviations were significantly larger than those from
experiments and thus the retrieved values did not
constrain estimates beyond previous studies.
The methodology presented here may be applied to

larger datasets or adapted to include other predictor
variables in order to reduce uncertainties to useful
levels. The same approach can also be used for other
crops for which experimental values are unavailable.
Overall, the precision of empirical estimates are unli-
kely to equal those from experimental studies. How-
ever, empirical values provide a low-cost, independent
measure of CO2 response that implicitly includes inter-
actions that occur in farmers’ fields which may be
neglected in current experiments.
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