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Abstract For the 19802003 period, we analyzed the relationship between crop yield and
three climatic variables (minimum temperature, maximum temperature, and precipitation)
for 12 major Californian crops: wine grapes, lettuce, almonds, strawberries, table grapes,
hay, oranges, cotton, tomatoes, walnuts, avocados, and pistachios. The months and climatic
variables of greatest importance to each crop were used to develop regressions relating yield
to climatic conditions. For most crops, fairly simple equations using only 2-3 variables ex-
plained more than two-thirds of observed yield variance. The types of variables and months
identified suggest that relatively poorly understood processes such as crop infection, pollina-
tion, and dormancy may be important mechanisms by which climate influences crop yield.
Recent climatic trends have had mixed effects on crop yields, with orange and walnut yields
aided, avocado yields hurt, and most crops little affected by recent climatic trends. Yield-
climate relationships can provide a foundation for forecasting crop production within a year
and for projecting the impact of future climate changes.

1 Introduction

Agriculture in California represents an economically and culturally important activity that
contributes substantially to national and international production of many commodities.
Statewide agricultural income from sales in 2003 was $27.8 billion, or 13% of the U.S.
total (2004). As the nation’s leading producer of 74 different crops, California supplies more
than half of all domestic fruit and vegetables (CASS 2004).
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Despite advances in technology and the widespread prevalence of irrigation in the
state, agricultural production remains highly dependent on weather, which can affect both
the quantity and quality of harvested crops. The former is readily measured as yield,
or the mass harvested per unit area (typically reported as ton acre™!), while the latter
is more difficult to measure directly. An understanding of climatic influences on crop
yield and quality is a prerequisite for forecasting production based on weather measure-
ments, adjusting management based on weather forecasts, and projecting the economic
impact of future climate changes. Several studies have investigated the response of agri-
cultural yields to climate in California, often focusing on specific crops in specific coun-
ties (e.g., Coit 1927; Granger 1980; Nemani et al. 2001). Knowledge of climate impacts
on the diverse range of cropping systems found in California, however, remains far from
complete.

A quantitative understanding of crop responses to climate requires the development
of numerical models with the response of interest (e.g., crop yield, quality, farmland
value) as the dependent variable and various climate related quantities (e.g., growing sea-
son rainfall, average monthly temperature) as the predictor variable(s). Several choices
in model development, such as the scale of the model, which predictor variables to con-
sider, and what functional forms to specify, can have important effects on model perfor-
mance. For example, recent assessments of climate change impacts on U.S. agriculture
(e.g., Reilly et al. 2001; Thomson et al. 2005) have relied heavily on process-based crop
models, which emphasize physiological controls on plant growth but do not consider the
effects of crop pests and diseases. In California, omission of these processes may be espe-
cially problematic given the prevalence and economic importance of fruit and nut crops,
which are sensitive to a variety of pests and diseases (Wilkinson et al. 2002). In addi-
tion, scaling the results of process-based crop growth models to the regional and global
scales often of interest requires several non-trivial steps, as reviewed by Hansen and Jones
(2000).

More empirical models that rely on past observations of climate and crop production
offer the potential to capture effects of poorly understood processes, such as pest dynam-
ics, and directly model the scale of interest. Empirical models may, however, have limited
predictive power in situations with no historical analogue. For instance, the effect of dou-
bled atmospheric CO, levels on crop production cannot be estimated from observations of
historical conditions when CO, levels were lower. Even empirical models of temperature
effects will be of limited use for predicting effects of future climate change if temperatures
exceed the extremes of past observations, or if the effect of temperature interacts with other
factors such as CO,. Despite these limitations of empirical models, they can be important
tools for understanding the historical relationship between past climate variations and crop
production.

Adams et al. (2003) utilized an empirical approach to study climate change impacts
on a wide range of California crops. Their models used a priori decisions on predictor
variables, with climate variations represented by average daytime maximum temperatures
and rainfall for months between March and September. By ignoring daily minimum (night-
time) temperatures and non growing season months, it was implicitly assumed that these
variables were less important for yield variations. The authors report high values for the
proportion of yield variance explained (adjusted R? > 0.5) for many grain and fiber crops
(e.g., wheat, rice, corn, cotton), but generally lower accuracies for fruits and vegetable crops.

In this study, we analyzed data on crop yield for 12 major California crops from
1980-2003 and their relationships with observed climate variations. Exploratory data
analysis was first used to identify the most relevant climate variables for each crop.
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Empirical models were then developed on a crop-by-crop basis to summarize the effects
of climate changes on crop yield. The goals of this study were twofold: (1) to provide
a quantitative understanding of past relationships between crop production and climate;
and (2) to evaluate the net impact of climate on observed yield trends over the study
period.

2 Methods
2.1 Data sources
2.1.1 Crop data

County-level data on crop area, production, yield and total value for 1980-2003
were obtained from the USDA National Agricultural Statistics Service (NASS),
which in turn obtained data from the California County Agricultural Commissioners
(http://www.nass.usda.gov/ca/bul/agcom/indexcac.htm). We selected 12 crops for analysis
(wine grapes, lettuce, almonds, strawberries, table grapes, hay, oranges, cotton, tomatoes
for processing, walnuts, avocadoes, and pistachios), based on total value and the percent of
national production derived from California (Table 1). Together, these 12 crops accounted for
over $11 billion in farm receipts (see also Fig. 1). They are all among the top 20 agricultural
commodities in California in 2002 (the rest of the top 20 is milk and cream (1), nursery prod-
ucts (3), cattle and calves (5), flowers (8), broccoli (13) carrots (14), chickens (15), potatoes
(18) and lemons (20)).

Given the goals identified above, namely to understand the relationship between climate
and state crop production, we chose to focus the analysis at the state level. For each crop, the
county reported data on crop area and production were summed to compute values for the
state total:

A= A Pu= P (1

where A ; and P; | are total area and production, respectively, of crop j in year t in county
i. Aj and P;; represent the corresponding values for the entire state. Yields were computed
for each crop, j, by dividing production by harvested area:

v, = Pit ©)
It A_|t

Yield changes over time result not only from climate variations, but from changes in
management practices, such as the use of new technologies. Thus, an important step when
analyzing climate — yield relationships is to first account for technology trends. Here we
use the common approach of fitting a linear trend to yield time series, and interpreting the
residuals from this trend as the technology-adjusted yield values. All subsequent analysis
therefore focuses on yield anomalies from a linear trend.

Another important step when analyzing sources of yield variation is to account for any
autocorrelation present in crop yields. For instance, many fruit and nut crops exhibit alternate
bearing, with years of high reproductive growth (high yields) alternating with years of high
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Fig. 1 Total statewide (a) value and (b) area in 2003 for the 12 crops in this study. (c) Percent change in
statewide crop area from 1980 to 2003. (d) Percent of statewide area in top county in 2003 (light bar), along
with percent area in that county in 1980 (dark bar). The name of the top county for each crop is given in
Table 1.

vegetative growth (low yields) (Monselise and Goldschmidt 1982). The 1-year lag correla-
tions for the crops in this study are shown in Table 1, indicating the significant presence of
alternate bearing for some crops (e.g. pistachios).

To remove the effect of alternate bearing, an autoregressive model was fit to the time series
of each crop. The number of years of previous yields to include for each crop was determined
using Akaike Information Criteria (AIC) to find the model with the best balance between yield
prediction and simplicity (Chatfield 1996). For most crops, a zero-order model was selected,
meaning that the effect of previous years’ yields was not statistically significant. For almonds,
hay, and oranges a model including the previous two years was selected, while for walnuts
and pistachios a single previous year was selected. The residuals from these autoregressive
models were used in subsequent analyses, so that all resulting time series reflected yield
changes with the effects of technology trends and previous years’ yields removed.

2.1.2 Climate data

Daily data on minimum and maximum temperatures (tminand tmaX and precipitation (ppt)
were obtained for 382 stations throughout the state from the California Climate Change
Center at the Scripps Institution of Oceanography (M. Tyree, pers. comm.). Data for stations
within each county were first averaged to produce a countywide average daily climate record
for Jan 1 1980-Dec. 31, 2003. Average tmin and tmaxand total monthly ppt were then
computed for each month in each county for the 24-year time period.

State-level time series of climatic variables were derived for each crop by computing a
weighted average of county-level time series, where the weights were determined by the
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proportion of crop area in each county:

N
A
* )1
Cim = wii" Cmi,  Wji = A
i=1 J

(3)
Here C,, ; is a vector of climatic variables (tmin, tmax ppt) for month m in county i, and wj ;
is the weighting for crop j in county i, equal to the proportion of total state area of crop j found
in county i. The crop areas in 2003 were used to define the weights for each crop, although
the results did not differ significantly when using area from other years or the average area
over the entire time period.

2.2 Exploratory data analysis

As discussed above, a critical step in model development is the selection of appropriate
predictor variables. Including too many variables can easily lead to a model that has poor
prediction accuracy, due to over-fitting, and is difficult to interpret. To identify the most
relevant climatic variables for each crop, independent regressions were performed between
yield residuals and monthly climatic variables for each of three climate variables for each
of 24 months, ranging from January of the year prior to harvest to December of the year
of harvest. Since temperature and precipitation often have a non-monotonic effect on yields
(i.e. increased temperatures improve yields at cool temperatures and reduce yields at high
temperatures), a second order polynomial regression was used:

YRj = Ol()Xj + 011Xj2 “é)

where YR; is the yield residual for crop j and X is the selected climate variable. The predictive
power of each of these 72 regressions (24 months x 3 climate variables) was assessed for
each crop by computing the coefficient of determination (R?), a common measure of model
performance.

2.3 Regression modeling

Based on the exploratory analysis described above, the two variables deemed most impor-
tant for each crop were selected. A multiple regression was then performed using these two
variables as predictors, with a linear and quadratic term included for each variable. This
process was then repeated using three variables for each crop instead of two, to assess model
improvement with an additional variable. No more than three variables were considered for
each crop in order to avoid over-fitting the relatively short 24-year yield time series. Auto-
mated step-wise regression procedures generally produced similar results but occasionally
selected variables that were not physically realistic (e.g. temperature in a month after harvest
of an annual crop). A manual selection of variables based on statistical relationships and
knowledge of basic crop phenology was therefore preferred.

Finally, to assess the contribution of climate to yield trends, the original yield data (without
trend removed) for each crop was modeled as a function of both time and the two climatic
variables identified above:

Yi(t) = aotg + go11 Xy + o1 2X7g + goo 1 Xo + 222X5 )
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Fig. 2 Average statewide yields in tons acre~! (black line) and total statewide area in 1000 acres (gray line)
for individual crops from 1980-2003.

Itis also important to consider that when performing 72 different regressions for each crop, on
average at least a few of these will have R? greater than 0.24 purely by chance. For instance,
if we make the conservative assumption that the 72 variables are independent (which they
are not), this gives an expected number of 72 x 0.05 = 3.6 values exceeding 0.24 for each
crop by chance.

Another difficulty in interpreting Fig. 3 is that values of R? do not indicate whether
the variable has a positive or negative effect on yields, or whether this effect is linear or
nonlinear. Figure 5 therefore provides individual scatter plots of yield versus two variables
deemed important for each crop. Based on the results summarized in Figs. 3-5, the fol-
lowing relationships appear most significant. We discuss below the possible mechanisms
behind the observed relationships, based on literature reviews and discussions with crop
experts.

(1) Wine grape yields were favored by years with warm nighttime temperatures in April and
higher rainfall in June. Warm April temperatures reflect decreased risk of frost damage
during the vulnerable post-budbreak spring growing period, when frosts can severely
depress yields by damaging rapidly developing vegetative and cluster tissues (Winkler
etal. 1974). Grape yields appear to be more sensitive to water limitation before veraison
(physiological ripening), which typically occurs in July in California vineyards, than
for water deficits that develop later in the season (Matthews et al. 1987). Matthews et al.
(1987) found yield decreases of 15% in a Cabernet franc vineyard in which water was
withheld until veraisoncompared with a continually irrigated vineyard. The discernible
effect of rainfall on yields likely reflects the fact that grape vines are often intentionally

@ Springer



Climatic Change (2007) 81:187-203 195

Fig. 3 Coefficient of determination (R?) for a regression between yield and monthly mean tmin (solid black),
tmax(solid gray), and ppt(dashed black). The 24 month period spans from January of the year prior to harvest
to December of the harvest year.

water stressed to improve grape quality, as quality is often more important than yield
as a determinant of revenue.

(2) Lettuce yields appear aided by warm days in April (up to about 23°C), as well as the
October prior to harvest year. Lettuce is a highly temperature-sensitive, cool season
crop (Jackson et al. 1996). In California, the spring lettuce harvest begins in April for
the Central and South Coast and Central Valley growing regions. Young plants are
less damaged by cold temperatures than are older plants, which may experience outer
leaf damage leading to decay problems (Jackson et al. 1996). The effect of October
temperatures in the year before harvest likely reflects favorable early growing conditions

Fig. 4 Observed correlations between monthly mean (a) tmin and tmax, (b) tmin and ppt, and (c) tmax and
ppt by month for 1980-2003. Each panel contains a line for each crop, where the crop-specific climate time
series depends on the relative amount of crop area in each county (see text for details). Values outside of
dashed lines are significant at o« = 0.05.
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from the tropics, they are generally adapted to high temperatures and are frost-sensitive
at every growth stage (Hartz and Miyao 1997). California processing tomatoes are
concentrated in the Central Valley, where most are planted from greenhouse-grown
seedlings from March through May. Beneficial April tmaxreflects warm conditions at
planting, which speeds seedling growth and increases yields (Hartz and Miyao 1997).
Although Hartz and Miyao (1997) report that daily maximum air temperatures 25°
to 35°C were ideal for vegetative growth, fruit set, and development, our data show
increasing yields for June tmaxup to 32°C, followed by a decline thereafter. This
finding does agree with heat stress reported by Peet and colleagues (Peet et al. 1997,
Peet et al. 1998) occurring at temperatures just a few degrees above optimal mean daily
temperatures of 27 and 29°C

(10) Walnuts appear most dependent on daytime temperatures in November prior to harvest,
and nighttime temperatures in February. Like many tree crops, walnuts are dormant
during the winter months of December-February. The negative yield response to a warm
November or February thus likely reflects an impact of shortened dormancy on yields.

(11) In avocadoes, nighttime temperatures during May exhibited a strong effect on yield,
as did daytime temperatures in August of the year prior to harvest. The reduction of
yields under low May tmin agrees well with the studies of Zamet in Israel (Zamet
1990), who found that a drop in nighttime temperature below roughly 10°C during
late April and early May was harmful to development of the fertilized avocado ovule.
Warm nights during fruit set, which occurs in May in California, thus appear critical
to achieving high yields, although average tmin above 12°C are detrimental to yields
(Fig. 5). The mechanism behind the strong yield sensitivity to previous August tmax
is less clear, and may involve the alternate bearing behavior in avocado (even though
the yield autocorrelation was not statistically significant).

(12) No significant relationships with climate were identified for pistachios yields (Fig. 3).
This may reflect problems with the pistachio yield data, rather than an actual absence
of important climatic controls. Specifically, this pistachio yield data exhibited strong
signals of alternate bearing in the 1980’s and 2000’s, but much less in the 1990°s (Fig. 2).
The auto-regressive model used to correct for alternate bearing assumed the effect of
alternate bearing was stationary. This assumption does not appear valid for the pistachio
data and, as a result, the derived yield residuals likely retain a strong signal from alter-
nate bearing in some years that conceal the effect of climate. Future work is needed to
derive a more reliable pistachio yield time series for comparison with climatic records.

For most crops, over 50% of yield variability could be explained by two monthly climatic
variables, and over 70% of variability with three variables (Table 2). An exception was
pistachio yields, for which no reliable model was found. Almond yields were particularly
well modeled, with 80% of yield variability explained by February tmin and January ppt

To compare our findings with existing reports of conditions affecting crop yields, we
compiled monthly narrative crop reviews produced by CASS for fruit and nut crops, field
crops, and vegetables from 1997-2003 (available from http://www.nass.usda.gov/ca/rev/).
These reports usually describe the condition of crop development and the cultural activities
undertaken by growers. They sometimes mention weather and its effects on the crop, although
often only in general statements (e.g., “good weather conditions helped crop development™)
and nearly always in a qualitative manner (i.e., the relative importance of each variable’s
effect on crop outcome is not discussed).

For cotton and processing tomatoes, crop reviews agreed with both of our model variables.
The crop reviews supported the positive effects of one of our model variables for wine grapes,
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Fig. 6 Ratio of yield time trend derived from regression including climatic variables to trend from regression
without climate. This value reflects the degree to which observed yield trends have been influenced by climate.
Values above one indicate that climate has depressed yield growth, while values below one indicate that climate
has aided yield growth.

substantially affected by climate (Fig. 6). The yield trend of oranges, however, albeit small
(see Table 1), appears to have been due almost entirely to climate changes. The yield trend
of avocadoes has also been significantly impacted by recent climate, although in this case
the climate changes have suppressed yield increases. Overall, climate changes since 1980
have had a mixed effect on yields of these 12 crops, with a small net effect on the food crop
sector.

3.4 Caveats

Interpretations of most empirical analyses are subject to certain assumptions, and this study
is no different. Issues of correlation between predictor variables and spurious correlations
have been addressed above. In addition, it is important to note that some variables that may
cause yield changes have been omitted from this analysis due to lack of data. Inter-annual
variations in incoming solar radiation, for example, would likely impact growth but have
not been explicitly considered here. Management changes from year to year, perhaps as a
response to price expectations, may have also occurred over this time period. To the degree
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For example, Adams et al. (2003) used only maximum temperatures and rainfall during the
growing season to model California crop yields, and reported adjusted R? values for fruits
and vegetables that were well below values obtained in the current study, despite their use of
31 predictor variables (including a time trend) for each crop.

The impacts of climate on yield trends since 1980 were variable among crops, reflecting the
diversity of climatic variables important for different crops. This suggests that the diversity of
California’s agriculture will help to mitigate the impact of climate changes on the agricultural
sector, with losses in some crops potentially offset by gains in others. It is important to note,
however, that because some crops are more economically valuable than others, the net effect
on the economy may still be large. For instance, almond yields in California have large
consequences for national and global production and prices of almonds (Almond Board of
California 2004), and they appear quite susceptible to increased winter temperatures (Fig.
5). In addition, assessments of the economic impact of climate change on agriculture must
consider effects on crop quality, as well as irrigation water availability. These factors may be
as or more economically important than associated changes in crop yields.
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