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Abstract

We used a multilayered, backpropagation neural network to investigate the relative effects of yearly weather and
long-term climate patterns on the abundance of northern bobwhites (Colinus virginianus: hereafter, bobwhite) in
Oklahoma, USA. Bobwhite populations have been declining for several decades across the United States, and
predicted global climate change might accelerate the rate of decline. We were interested in whether bobwhite
abundance was more responsive to yearly precipitation and temperature, or to annual deviations from long-term
mean climate patterns. We used roadside count data collected over a 6 year period (1991-1997) by the Oklahoma
Department of Wildlife Conservation as a measure of bobwhite abundance. We standardized quail counts among
counties by calculating the standard normal deviate for each county. Weather data were obtained from weather
stations closest to the roadside-count route. We had 280 training cases and 68 test-validation cases. Two data sets
were constructed: one using yearly weather data (actual rainfall and temperature) and the second using annual
deviations from long-term mean values. We conducted simulation analyses to determine the nature of the relationship
between each dependent variable and the standardized bobwhite counts. A neural network with eight neurons was
most efficient for the yearly weather data, accounting for 25% of the variation in the training data. The adjusted
sum-of-squares for this model was 2.42. A four-neuron network was selected for the deviation-from-normal data set,
accounting for 23% of the variation in the training data. The adjusted sum-of-squares for the deviation model was
1.44, indicating it performed better than the model for yearly weather patterns. Deviation from long-term mean July
and August temperatures combined contributed 31.5% to the climate network’s predictions, and deviations from
mean winter, spring, and summer precipitation combined contributed 42.8% to the network’s predictions. As July
temperature increased over the long-term mean, the number of bobwhites counted increased over the route mean, but
the relationship decelerated at high July temperatures. Predicted increases in bobwhites counted were highest when
August temperatures were below the mean and decreased rapidly for all temperatures greater than the mean.
Predicted bobwhite counts increased asymptotically as winter rain increased over the long-term mean, but were
greatest at mean spring-rainfall amounts and at below average amounts of summer rainfall. We conclude that the
absolute changes in yearly weather pattern predicted by some global change models will not have as great an impact
on bobwhite abundance as will the magnitude of the deviations of these values from the climate bobwhites are
adapted to in this portion of their range. © 2001 Elsevier Science B.V. All rights reserved.
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1. Introduction

Global climate-change scenarios predict an in-
crease in the mean annual temperature of 1-4°C
by the middle of next century (Peters, 1992;
Schneider, 1993). Concurrent with these changes,
overall climate patterns will shift. Global climate
change may result in changes in frequency and
timing of rainfall, increases in the frequency of
catastrophic weather events (Houghton et al.,
1990), and changes in diurnal temperature pat-
terns (Easterling et al., 1997). Regional patterns in
climate change also may vary (LaRoe, 1991). For
the Great Plains, climate change is predicted to
bring an overall decrease in precipitation, in-
creased evapotranspiration, and mean annual
temperatures greater than the predicted global
mean (LaRoe, 1991).

The impacts of these climate changes on
wildlife species may result either from direct im-
pacts of weather events or through an inability of
particular species to adapt to rapid changes in
climate patterns. First, wildlife species may not be
able to physiologically tolerate certain weather
conditions (Dawson, 1992; Dunham, 1993). The
increased temperatures may be lethal to some
species that exist near the upper limits of their
thermal tolerance (Tracy, 1992). Further, there
may be direct losses due to flooding, blizzards,
drought, and heavy rains (weather events) in cer-
tain areas. As they increase in frequency, these
catastrophic factors could become significant
sources of mortality. Alternatively, wildlife species
may not be able to adapt their life-history strate-
gies, breeding phenology, or behaviors rapidly
enough to keep pace with climate change (Ruben-
stein, 1992). In some species, the timing of breed-
ing is tied to peak food availability. Changes in
rainfall seasonality could shift peak food abun-
dance outside the breeding and rearing periods.
An inability to track such shifts would result in
reduced production. In some cases, climate
changes may have positive effects for production

by increasing the length of the breeding season
(Brown et al., 1999).

Although both effects of weather and climate
patterns likely play a role in the abundances of
species within their ranges, an understanding of
the relative strengths of each factor may help
managers better prepare for the coming changes
to the biosphere. We investigated the effects of
climate and weather on population abundances of
northern bobwhites in Oklahoma using artificial
neural networks. We also employed simulation
analyses to explore the effects of individual
weather and climate variables on bobwhite abun-
dance and to help evaluate network predictions.
Specifically, we attempted to determine whether
annual indices of bobwhite abundance were more
sensitive to weather conditions within years or to
the deviations of these weather patterns from
long-term trends. We accomplished this using a
neural network modeling technique (Smith, 1996;
Haykin, 1999). This modeling technique allows
for non-linear and linear relationships between
predictor and response variables without a priori
specification of the form of the relationship. Fur-
ther, because it adapts and learns from the data
presented to it, it typically out performs tradi-
tional statistical modeling techniques (Smith,
1996).

2. Methods

2.1. Northern bobwhites

The northern bobwhite is a quail of the order
Galliformes, family Phasianidae (Gill, 1995). The
bobwhite ranges over much of the southeastern
and central United States, with populations as far
north as Wisconsin (Kaufman, 1996). Typical
habitat characteristics for bobwhites include
grasslands, crop fields, and brushy cover (Edmin-
ster, 1954), but the optimal configurations and
proportions of habitat components for bobwhites
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can vary widely over most of their range (Guth-
ery, 1999).

Annual indices of bobwhite abundance esti-
mated using data from the North American
Breeding Bird Survey (Bystrak, 1981) indicate a
consistent long-term decline of 2.4% per year
(Church et al., 1993; Sauer et al., 1997). However,
the rate of decline accelerated between 1982 and
1991 to 3.5% per year (Church et al., 1993). In
Oklahoma, the long-term rate of decline has not
been as severe, averaging only 0.20% per year
(Sauer et al., 1997), but during the period between
1993 and 1996, the rate of decline in Oklahoma
accelerated to 7.36% per year (Sauer et al., 1997).

2.2. Abundance indices

We used roadside count data collected by the
Oklahoma Department of Wildlife Conservation
(ODWC) in each county in Oklahoma, excluding
Oklahoma and Tulsa counties, which had large
urban areas (Peoples, 1991). Data have been col-
lected by ODWC since 1991. Biologists from
ODWC established each 32-km route along sec-
ondary roads in what they determined to be typi-
cal quail habitat (Peoples, 1991) resulting in 78
routes across the entire state. Routes remained the
same each year of the survey. ODWC biologists
conducted bobwhite counts by driving each route
either at sunrise or 1 h before sunset, and count-
ing the number of bobwhites observed along the
route. Surveys were conducted twice each year,
once in August and once in October. We used the
total number of bobwhites observed per route as
an index of abundance. This index is positively
correlated with fall hunter-harvest (r>0.70, S.
DeMaso, unpublished data). We averaged the
August and October count for each year and
standardized counts among counties by calculat-
ing the standard normal deviate for each averaged
count. The standard normal deviate is calculated
by subtracting the mean count for each route
from each individual yearly average, and dividing
this value by the standard deviation for that
route. Therefore, this normalization expresses
bobwhite counts as deviations from the route
mean per unit standard deviation. Positive values
indicate a count that was greater than the mean

for a particular year corrected for variation in the
data. Negative values indicate the opposite.

2.3. Climate and weather variables

Although they are often used interchangeably
in the literature, we differentiate between weather,
which we define as short-term rainfall and temper-
ature patterns within years, and climate, which we
define as the long-term pattern in precipitation
and temperature across years. We used data from
the National Climate Data Center (NCDC) from
weather stations closest to each route (EarthInfo,
Inc., Boulder, Colorado, USA 1997). We used
mean monthly maximum temperature for June,
July, and August. We selected these months be-
cause they occur during the peak of hatching and
brood-rearing (Klimstra and Roseberry, 1975;
Roseberry and Klimstra, 1984). We chose the
maximum daily temperature rather than the mini-
mum because these months are typically the hot-
test in this region of the country and, therefore,
bobwhites are more likely to respond to maxi-
mum temperatures. Previous research has indi-
cated that bobwhites avoid  operative
temperatures > 39°C (Forrester et al.,, 1998),
where operative temperature is a composite of air
temperature, radiant energy input from the sun,
and wind (Campbell and Norman, 1998, pp. 198
200). Case and Robel (1974) reported that expo-
sure to temperatures >40°C was lethal for
bobwhites. We used total monthly precipitation
averaged for winter (December, January, and
February), spring (March, April, and May), and
summer (June, July, and August). We selected
these months because they correspond to biologi-
cally important phases of the bobwhite’s life cycle
(winter survival, breeding, and recruitment).

Data were obtained for each year of the bob-
white survey (1991-1997). We constructed two
databases for analyses. The first contained the
actual weather values for a particular year for
each of the above-described categories. This was
the weather-effects database. The second database
was the climate-effects database, and contained
the deviation of yearly weather values from the
long-term mean. We calculated these deviations
by subtracting the long-term means (i.e. the mean
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for the entire record history [range: 30-100
years]) from the yearly data. For each year in
each database, we included the standard normal
deviate of the previous year’s count. We included
this variable to account for density-dependent
effects on bobwhite production (Errington, 1945;
Roseberry and Klimstra, 1984). Inclusion of this
variable reduced our sample size because we had
no counts prior to 1991 from which to calculate
previous-year’s counts.

2.4. Land-use variables

In addition to the weather and climate data,
each database also included land-use variables
that may also contribute to bobwhite abundance.
Modeling for the variation in quail abundance
contributed by land-use variables permitted
greater sensitivity in analyses of weather and cli-
mate effects. We used the proportion of each
county’s area that was in crop production. These
data were obtained from the Oklahoma Depart-
ment of Agriculture’s annual crop statistics re-
ports (Oklahoma Agricultural Statistics Service,
1991-1997). These reports list county-level hec-
tarages for a variety of crops, but do not report
hectarages below ~ 202 ha. Therefore, our analy-
sis may slightly underestimate the true proportion
of each county in cultivation. Another major land
use in Oklahoma is livestock grazing. We used the
total head of cattle per km? of non-cultivated land
as an estimate of grazing intensity. Livestock data
also were obtained from the Oklahoma Depart-
ment of Agriculture (Oklahoma Agricultural
Statistics Service, 1991-1997).

2.5. Neural networks

We used a multilayered, backpropagation neu-
ral network architecture (Hagan et al., 1996;
Smith, 1996). Models were constructed and
trained using QNet for Windows (v97.02, Vesta
Services, Winnetka, Illinois, USA). Our networks
had three layers: an input layer containing the
independent variables, a neuron layer, and an
output layer containing the dependent variable.
Our network was fully connected (Smith, 1996, p.
21). The number of neurons in the neuron layer

was experimentally determined by allowing the
number of neurons to vary between two and nine
in a series of networks, where all other parameters
were held constant. We selected the model with
the highest correlation between predicted counts
and the validation data set (see below). Including
too few or too many neurons may result in low
accuracy of the network’s predictions (Smith,
1996, pp. 120-123). The neurons applied a sig-
moid transfer-function (Smith, 1996, p. 40; Hagan
et al., 1996, pp. 2-3-2-6) to the inputs using an
adaptive learning rule (Haykin, 1999).

Before network training commenced, we di-
vided the data into two subsets. The first subset
was used to train the model. Model training is the
process by which the network learns the response
patterns of the dependent variable or variables to
variation in the independent variables (Smith,
1996, p. 50). During training, the network learns
by adjusting the values of the connection weights
to minimize the mean square error during the next
forward pass through the network. The second
subset was used to validate the model, and was
not used in network training. Although not a true
validation of the model (Conroy, 1993; Conroy et
al., 1995; Rykiel, 1996), we believe that this tech-
nique provided a means of assessing accuracy and
reliability of the network’s predictions. To subdi-
vide the data, we rank-ordered cases by normal-
ized counts, then selecting every 5Sth case.
Therefore, roughly 20% of our total database was
used to evaluate model accuracy. There were 280
cases in the training data subset and 68 in the
validation data subset.

Neural networks were trained for 5000 itera-
tions. Preliminary analyses indicated that the
change in network error had reached a plateau by
this time. We used a learning rate of 0.05 and a
momentum of 0.90. These values provided the
best relative performance during preliminary runs.
The learning rate controls the magnitude of the
changes made to the connection weights, and
therefore, controls the speed at which the network
learns (Smith, 1996, p. 77; Hagan et al., 1996, p.
9-5). The momentum controls how many past
iterations to consider when making connection-
weight adjustments, and therefore, prevents the
network from repeating past mistakes (Smith,
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1996, pp. 85-88). The momentum also affects
the speed at which the network can learn.

Trained models were used in simulation
analyses to determine the nature of the relation-
ship between predictor and response variables
(Lek et al., 1996). We constructed data sets in
which the variable of interest was allowed to
vary between its minimum and maximum value.
All other variables were held constant at their
mean value. We arbitrarily decided on using the
mean value because it represents, by definition,
the average condition for that variable. How-
ever, it should be noted that the response we
obtained using the mean value of non-target
variables in the simulations may differ quantita-
tively from those we could have obtained using
the median, for example. We did not expect ma-
jor qualitative differences between the responses,
however. In addition to these simulations, we
also calculated the percent contribution of each
individual variable to each network’s predictions
(Ozesmi and Ozesmi, 1999). This is calculated
by summing the squared connection weights of
each independent variable and dividing this by
the sum of squared weights for all independent
variables, and is a measure of the influence of
each variable in the model.

To determine the relative effects of weather
and climate on bobwhite abundance, we used an
adjusted sum-of-squares technique (Hilborn and
Mangel, 1997). This adjusts the sum-of-squares
by penalizing the addition of parameters
(Hilborn and Mangel, 1997). Networks with the
lowest adjusted sum-of-squares account for the
most variation in the data among a group of
selected models, in the simplest manner. Our
logic was akin to that of ‘Occam’s Razor’: we
selected the model that accounted for the most
variation in annual normalized bobwhite counts
corrected for the level of parameterization. The
adjusted sum-of-squares criterion (SS,) is calcu-
lated as:

SS,,

SS, =
AT n—2m

where SS,, is the sum-of-squared deviations for
the model of interest, n is the sample size used
to develop the model, and m is the number of

parameters in the model (Hilborn and Mangel,
1997). We used the sum-of-squares from the
training data only for making these calculations.
We considered all connection and bias weights
as parameters in this analysis.

3. Results
3.1. Neural models

A network with eight neurons was the best
predictor of normalized bobwhite counts from
weather data. This network accounted for 25%
of the variation in the training data (r=0.50).
Maximum daily temperature in June, July, and
August contributed 37% to the weather net-
work’s predictions (Table 1). The single greatest
contributor to the weather network’s predictions
was cattle density on non-cultivated land (18%,
Table 1).

A four-neuron network performed best for the
climate data, accounting for 23% of the varia-
tion (r =0.48). Deviations from mean July and
August daily maximum temperatures collectively
contributed 31.5% to the climate network’s pre-
dictions, and July was the single largest contrib-
utor at 18.3% (Table 1). Deviations from mean
total winter, spring, and summer precipitation
contributed 42.8% to the network’s predictions
(Table 1).

The adjusted sum-of-squares analysis indicated
that the climate network predicted the normal-
ized bobwhite counts better than the weather
model when parameterization was taken into ac-
count. The sum-of-squares for the weather
model was 291.0 and for the climate model was
286.5. Each model had a sample size of 279
training cases. There were 80 parameters in the
weather network and 40 parameters in the cli-
mate model. These values resulted in adjusted
sum-of-squares for the weather network of 2.43
and for the climate network of 1.44.

3.2. Simulation analyses

Although all variables contributed to network
predictions, some variables had relatively minor
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contributions. For our weather network, spring
precipitation and last year’s normalized counts
both contributed < 10% (Table 1). We therefore
restrict our discussion to the remaining variables
for the weather simulations. However, we
provide the simulation results for the low-contri-
bution variables in Fig. 1.

As June temperature increased past ~ 31°C,
the weather network predicted that bobwhite
counts will be less than the route mean (Fig.
la). Below this temperature, counts were pre-
dicted to be slightly more than the route mean
(Fig. la). An opposite trend was observed for

Table 1

Independent variable contributions to neural network predic-
tions of normalized bobwhite counts (1991-1997) in Okla-
homa based on weather and climate data

Variable® Percent contribution®
Weather network  Climate
network

June 12.0 5.0
temperature/deviation

July 14.5 18.5
temperature/deviation

August 11.5 13.5
temperature/deviation

Winter 11.0 17.0
precipitation/deviation

Spring 2.0 13.0
precipitation/deviation

Summer 13.0 12.5
precipitation/deviation

Proportion of county area 11.0 7.0
in cultivation

Cattle density on 18.0 5.5
non-cultivated land

Previous year’s 6.0 7.0
normalized bobwhite
count

4 Variables for the weather network were the observed
weather values for each year. Variables for the climate net-
work were the deviations of the yearly weather values from the
long-term mean weather values.

b Percent contribution reflects the importance of a particular
variable in determining a neural network’s predictions relative
to other variables. Percent contribution is calculated by divid-
ing the sum of the squared connection weights for a particular
independent variable by the sum of the squared connection
weights of all independent variables combined.

July temperature (Fig. 1b). At July temperatures
below 33°C, counts were predicted to be less
than average, but above this temperature bob-
white counts increased above the mean count
(Fig. 1b). August temperature had a more pre-
dictable effect, similar to that of June tempera-
ture. Bobwhite counts increased above the mean
with increasing August temperature, but were
less than the mean below ~ 26°C and above
~33°C (Fig. l¢).

The weather network’s predictions for winter
precipitation indicated that counts continued to
increase above the mean as precipitation in-
creased above 50 mm (Fig. 1d). The effects of
summer precipitation showed counts above the
mean, except when precipitation was between
~ 110 and ~ 170 mm (Fig. 1f).

Land-use variables contributed substantially to
the network’s predictions (Table 1). The weather
network predicted that bobwhite counts that
were greater than the mean count when the pro-
portion of area in cultivation exceeded 0.15
(Fig. 1g), and this relationship was nearly linear.
The negative relationship between cattle density
on non-cultivated lands and normalized quail
counts was also nearly linear, but counts were
predicted to be lower than the mean for almost
all cattle densities (Fig. 1h).

Like the weather network, some variables in
the climate model contributed relatively little to
the network’s predictions (Table 1). For the cli-
mate model, all land-use variables, last year’s
normalized counts, and June temperature con-
tributed < 10%. Again, we restricted our discus-
sion to variables contributing > 10%, but
provide simulation results for all variables in
Fig. 2.

Positive deviations of July temperature from
the long-term mean resulted in higher bobwhite
counts (Fig. 2b). Predicted counts did not fall
below the mean counts until temperature devi-
ated more than —4°C from normal (Fig. 2b).
However, August temperatures below the mean
resulted in increased predicted bobwhite counts
and temperatures above the mean by more than
2°C resulted in below average counts (Fig. 2¢).

Positive deviations from long-term winter pre-
cipitation resulted in predicted counts above the
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mean (Fig. 2d). Counts did not fall below the
mean until precipitation fell 30 mm below normal
(Fig. 2d). Above-average counts were predicted
over a wide range of deviations from mean spring
rain, but were highest near the mean (Fig. 2e).
Both excessive (> 70 mm above mean) and in-
sufficient ( <55 mm below mean) spring rain re-
sulted in below average counts. A similar pattern
was observed for summer rain (Fig. 2f). However,
the peak increase in predicted counts occurred
when rain was ~ 40 mm below the summer mean.
Bobwhite counts less than the mean were pre-
dicted only when precipitation was 130 mm or
more above the summer mean.

4. Discussion

Climate changes predicted by the current gener-
ation of simulation models, if accurate, will un-
doubtedly have consequences for wildlife species
in almost every ecosystem. Understanding the
ways in which particular species are susceptible to
climate change is an important first step in
preparing for future management decisions. Our
results showed that the climate network was more
parsimonious than the weather network. There-
fore, bobwhite population abundance may be
more sensitive to the variation in weather from
long-term mean climate conditions than to the
magnitude of the weather variables. In other
words, it may not be so much how much rain
falls, as it is how much more or less rain falls than
normal. The magnitude of the deviation from
normal conditions may limit quail production or
survival if bobwhites have a small thermal-toler-
ance around mean conditions to which they have
adapted. Although the thermal neutral zone of a
particular species is relatively invariant across
their ranges, a species may still adapt to local,
mean conditions within the thermal neutral zone.
This is not to say that weather conditions do not
impact populations; direct losses to weather con-
ditions undoubtedly occur (Errington, 1936, 1939,
1941; Roseberry, 1962, 1964).

Our simulation analyses also provided insights
into the relationships between climate and
weather patterns and bobwhite abundance, and

provided a method for assessing the accuracy of
the network’s predictions. Although weather ef-
fects were of secondary importance in our analy-
ses, they can still impact survival and production.
Further, most research has only investigated
weather-pattern effects. So, we include the simula-
tions from the weather network here. For June
temperatures higher than ~31°C and August
temperatures higher than ~ 33.5°C, bobwhite
abundance was predicted to be below the mean
abundance over the entire survey period. There
was also a decrease in bobwhite abundance ob-
served when August temperatures exceeded 1.5°C
above the long-term mean. These results are in
general agreement with previous research. Bob-
white production in northwestern Florida, USA,
was negatively associated with summer tempera-
ture (Murray, 1958). The length of the nesting
season, during a long-term study of bobwhites in
southern Illinois, USA, was negatively associated
with July—August temperature (Klimstra and
Roseberry, 1975). This same study reported an
increase in nest abandonment with increasing
July—August temperature (Klimstra and Rose-
berry, 1975). Bobwhites avoided habitat space—
time (Guthery, 1997) in which operative
temperatures exceeded 39°C in Texas, USA (For-
rester et al., 1998; Guthery et al., 2000), 32°C in
Sonora, Mexico, and 29°C in Arizona, USA
(Guthery et al., 2000). Other quail species have
been reported to have similar responses to sum-
mer heat. Chick survival decreased with increas-
ing summer heat among California quail
(Callipepla californica) in California, USA (Sum-
ner, 1935) and Gambel’s quail (Callipepla gambe-
lii ) production declined with increasing July
temperature in Arizona, USA (Heffelfinger et al.,
1999). Simulations for July temperature showed
an increase in bobwhite counts above the mean as
July temperature increased or increased above the
mean. Klimstra and Roseberry (1975) reported
that 75% of bobwhite hatchings occur during the
9 week period between 17 June and 18 August in
southern Illinois, USA. Because of the surge in
juveniles during this period, temperature effects
may be muted to some extent. However, high
temperatures during the breeding season have
been linked to reduced laying periods for bob-
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whites (Klimstra and Roseberry, 1975), and fe-
male bobwhites stop laying at high temperatures
(Guthery et al., 1988). Furthermore, excessive
temperatures, although detrimental to chicks, may
be more detrimental to incubating eggs (Wilson et
al.,, 1979). Our climate and weather networks,
therefore, gave a biologically reasonable represen-
tation of summer heat effects on quail abundance.
Further, our networks also indicated a possible
threshold temperature below which there is little
effect on production or survival. This thermal
threshold may indicate the upper limit of the
bobwhite’s thermal-tolerance in this area of their
range. We suspect that some of the above-re-
ported results from other studies may indicate the
effects of climate rather than weather. However,
because these authors did not evaluate climate
effects, this remains conjecture.

There was a positive effect of winter precipita-
tion on bobwhite counts. Winter rains in excess of
50 mm and all positive deviations of winter rain
resulted in higher than average bobwhite counts.
Winter precipitation may enhance bobwhite pro-
duction indirectly through increased spring vege-
tation, seed abundance, and insect densities
(Swank and Gallizioli, 1954; Sowls, 1960). Other
quail research supports our results. In Illinois,
USA, bobwhite harvest in the fall was strongly,
positively related to January and March precipita-
tion (Edwards, 1972). Research on scaled quail
(Callipepla squamata) in Texas, USA, indicated
that abundances increased with increasing winter
precipitation (Giuliano and Lutz, 1993). Summer
precipitation exceeding 100 mm generally reduced
predicted bobwhite counts in our network simula-
tions. Predicted counts were higher than the mean
when spring and summer rains were around the
long-term mean amount. This may indicate that,
for these climate variables, bobwhites have
adapted to the local conditions. Brown (1978)
suggested that bobwhites had evolved under a
‘continental’ type climate where winter rainfall is
less variable and deviations from summer rain
determine breeding success. Our analyses agreed
somewhat with Brown’s (1978) predictions. There
was less variation in winter rain than in spring or
summer rain. Furthermore, normalized bobwhite
counts tended to be highest near mean spring and

summer rain, indicating that bobwhites abun-
dance was most sensitive to the variation in spring
and summer rain. Deviations too far from the
local means resulted in decreased bobwhite abun-
dance. Sumner (1935) reported increased juvenile
mortality when rains increased during the hatch-
ing season. Excessive rain in the spring and sum-
mer may increase chick mortality, especially
among gallinaceous birds, whose young are poor
thermoregulators the first few days after hatching
(Newton, 1998). Further, because rain may limit
transmission of sound waves or inhibit calling
behavior, increased spring rain may depress
breeding effort. However, the breeding success of
Attwater’s prairie chickens (Tympanuchus cupido
attwateri ) was not affected by precipitation dur-
ing May, or between March and June (nesting
season) (Peterson and Silvy, 1994). Again, our
results were generally supported by previous re-
search, but give an added understanding of the
non-linearity in bobwhite population responses.
Land-use variables (proportion of cultivated
land and cattle density on non-cultivated land)
were only important contributors to the weather
network’s predictions, not the climate network’s.
Because the same land-use variables were used in
both the climate and the weather models, this was
somewhat surprising. However, it may indicate
that there was more information about the re-
sponse of bobwhite populations among the cli-
mate variables than was available among the
weather variables. This supports our contention
that deviations from long-term normal conditions
may be more relevant to species management.
The weather network predicted bobwhite
counts greater than the mean over the entire
range of the proportion of cultivated land. This
linear increase does not agree with other research.
Bobwhite abundance in Illinois, USA, was great-
est at intermediate levels of cultivation (Roseberry
and Sudkamp, 1998). Within this intermediate
zone, usable habitat space—time may be maxi-
mized and increased edge may favor bobwhites.
At higher levels of cultivation, usable space—time
decreases and edge becomes redundant (Guthery
and Bingham, 1992). We are unable to clearly
explain why our network predicted ever-increas-
ing counts with increasing cultivation. Increasing
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cultivation should lead to a decrease in habitat
space—time (Guthery, 1997). One possible explana-
tion may be the method of route selection. Routes
were established in areas containing typical bob-
white habitat (Peoples, 1991); therefore, cultivation
effects may have been decoupled from bobwhite
abundance. The effects of cattle density, and there-
fore, grazing intensity, were more straightforward.
As cattle density increased, our network predicted
that bobwhite counts would be lower than the
mean. This agrees with other research. Grazing
negatively influenced scaled quail habitat in Okla-
homa, USA (Schemnitz, 1961). Interactive effects
between site productivity and grazing indicated
that on highly productive sites, bobwhite abun-
dance is favored by the early successional stages
maintained by more intensive grazing (Spears et al.,
1993). However, on less productive sites, bobwhite
abundance is higher at higher successional stages
(Spears et al., 1993). Because productivity forms an
east-west gradient from high to low productivity,
and because grazing intensity forms an east-west
gradient from low to high (pers. obs.), our simula-
tions fit this pattern.

5. Conclusions

Our analyses indicated that bobwhite abundance
might be more sensitive to the deviation of climate
from the normal conditions to which they have
become adapted under climate-change scenarios.
Although the weather conditions within a given
year can also be important, most species have
probably adapted to some variation around mean
conditions. Furthermore, the effects of deviations
in some variables may be more important than
others (Brown, 1978). It is when these deviations
exceed the bobwhite’s ability to cope, that survival
and productivity are affected. The pace at which
climate change occurs also may affect how bob-
whites respond to predicted climates.
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