
Abstract

Lichstein, Jeremy William.  Landscape effects on breeding songbird abundance in managed

southern Appalachian forests.

Chair of advisory committee:  Theodore R. Simons.

Many studies have demonstrated adverse effects of forest fragmentation on breeding forest

songbirds in North America, and the viability of regional populations is thought to depend on

large, unfragmented forests.  However, we know relatively little about the landscape scale

consequences of management in the forested landscapes that are presumed to be important to

maintaining songbird metapopulations.  The southern Appalachians, a mostly forested region,

contains the largest network of public lands in the eastern U.S.  Most of these public lands are

managed by the U.S. Forest Service.

To begin to understand the landscape scale effects of forest management in the southern

Appalachians, I examined the relationship between the relative abundance of different species of

breeding songbirds and local and landscape scale habitat variables in two predominately mid- to

late-successional National Forests in the southern Appalachian Mountains, USA:  the French

Broad Ranger District of Pisgah National Forest (North Carolina) and the Nolichucky Ranger

District of Cherokee National Forest (Tennessee).  As part of the study, I explored two statistical

problems frequently encountered in species-environment analysis:  count data and spatial

autocorrelation.

Results from classical normal-errors regression models were similar to results from

Poisson and negative binomial models that explicitly model counts.  Normal-errors regression



models were then modified to account for spatial autocorrelation using a conditional gaussian

autoregressive model.  Most species, especially Neotropical migrants, were significantly

correlated with at least one landscape variable.  These correlations included both landscape

composition (i.e., the proportion of different landcover types) and landscape pattern (i.e., the

spatial arrangement of landcover types) variables at 500 m to 2 km landscape scales.  However,

these landscape effects explained only a small fraction of the variation in bird relative

abundance, and most species appear to respond primarily to elevation and local habitat factors in

my study area.

My results are consistent with other studies that have reported only weak to moderate

landscape effects on songbird abundance in large managed forests.  These results should not be

interpreted as being inconsistent with results from studies in highly fragmented forests that have

reported strong effects of patch size, patch isolation, and landscape scale forest cover on

breeding songbirds.
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Chapter 1.  Regression models for count data in bird-habitat analysis

Jeremy W. Lichstein1, Theodore R. Simons1,4, David A. Dickey2, and Kathleen E. Franzreb3

1Cooperative Fish and Wildlife Research Unit, Department of Zoology, North Carolina State

University, Raleigh, North Carolina 27695, USA

2Department of Statistics, North Carolina State University, Raleigh, North Carolina 27695, USA

3Southern Appalachian Cooperative Ecosystems Studies Unit, Department of Forestry, Wildlife,

and Fisheries, University of Tennessee, Knoxville, TN 37901, USA

Abstract

Count data pose several problems for classical regression analysis:  counts only take on non-

negative integer values, often have a skewed distribution, and the variance typically increases

with the mean.  Generalized Linear Models provide a useful framework for modeling data that

violate the assumptions of ordinary least squares (OLS) regression.  In particular, Poisson

regression has been suggested as an alternative to OLS regression for modeling counts because

the Poisson distribution predicts non-negative integers where the mean and variance are equal.

Another potentially useful distribution for modeling counts is the negative binomial, which

allows for overdispersion (variance greater than mean).  We compared results from OLS (with

square root and logarithmic transformations), Poisson, and negative binomial regression models

using data from 1,177 point counts in managed southern Appalachian forests.  Counts were

modeled as a function of local- and landscape-scale habitat variables.  For all twelve species

examined, the four models yielded qualitatively similar results, despite the fact that the OLS
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models violated the assumption of normality.  Overdispersion was not detected for any of the

species, and negative binomial models were therefore nearly identical to Poisson models.

Although its use was not warranted in the present study, negative binomial regression seems a

useful approach to modeling overdispersed counts.  When the goal of an analysis is to make

quantitative predictions, natural count data models, such as Poisson and negative binomial

regression, may be preferred over OLS regression.  However, often a researcher is primarily

concerned with gaining a qualitative understanding of the relationship between species relative

abundance and habitat or other explanatory variables.  In this case, and when an appropriate

transformation can be identified, OLS regression has several advantages over less traditional

models:  OLS regression is understood by a broader audience and offers more flexibility for

fitting models that incorporate spatial autocorrelation.

Key words:  count data; habitat model; Generalized Linear Models; log transformation; negative

binomial regression; ordinary least squares; Poisson regression; square root transformation

Introduction

Bird counts are frequently used as abundance indices because complete censuses or other

intensive methods, such as capture-recapture (Pollock et al. 1990), are rarely feasible.  To test

hypotheses about patterns in relative population abundance, researchers often compare counts

between different habitats or treatment groups (e.g., White and Bennetts 1996), describe

temporal trends in counts (e.g., Peterjohn et al. 1995), or relate counts to one or more habitat

variables (e.g., Braithwaite et al. 1989, Rushton et al. 1994).  Despite their appeal in terms of

data collection, counts pose several problems for classical statistical analysis:  counts only take

on non-negative integer values, often have a skewed (asymmetric) distribution, and the variance
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typically increases with the mean.  Thus, count data violate several important assumptions (e.g.,

normally distributed errors and constant variance) of some widely used statistical methods,

including ANOVA and ordinary least squares (OLS) regression (Rawlings et al. 1998).

An increasingly popular way to deal with counts in species-habitat models is to use

logistic regression (Hosmer and Lemeshow 1989, Sokal and Rohlf 1995, ter Braak and Looman

1995), treating the counts as presence-absence data (e.g., Bolger et al. 1997, Villard et al. 1999,

Saab 1999, Trzcinski et al. 1999).  While convenient, this approach necessitates a considerable

loss of data:  locations where multiple individuals were recorded are treated the same as

locations where a single individual was recorded.  Logistic regression is doubtless appropriate in

many cases, i.e., when most of the counts are 0s and 1s, or when the researcher considers all

locations where the species was present to be equivalent.  When these conditions are not met, it

seems preferable to use all of the information provided by the counts.

We compared four types of multiple regression models for count data:  OLS with square

root transformed counts, OLS with log transformed counts, Poisson, and negative binomial.  All

four of these models are special cases of Generalized Linear Models (GLMs) (McCullagh and

Nelder 1989, Dobson 1990).  The primary goal of our analysis was to determine if the four

models yielded similar inferences concerning the importance of different explanatory variables.

A secondary goal of our analysis was to compare predictions from the four models.  Our analysis

is concerned with bird-habitat relationships, but the methods are applicable to other situations.

To demonstrate the methods, we used data from a study of breeding bird abundance in managed

southern Appalachian forests, USA (Lichstein 2000).  The ecological implications of our results

will be pursued elsewhere (Lichstein 2000:Chapter 3).  White and Bennetts (1996) have

discussed methods for comparing counts in different treatment groups, and Peterjohn et al.
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(1995), Link and Sauer (1998), and Bennetts et al. (1999) have discussed models for estimating

temporal population trends from count data.

Model assumptions

OLS regression requires three important assumptions concerning the dependent

(response) variable (Rawlings et al. 1998):  (1) normally distributed errors, (2) constant variance,

and (3) independent errors.  OLS regression also assumes that (4) the specified model is correct;

i.e., all important independent (explanatory) variables are in the model, including polynomial or

interaction terms, and the true model is linear in the parameters.  Finally, OLS regression

assumes that (5) the independent variables were measured without error (Rawlings et al. 1998).

In contrast to OLS models, GLMs (see below) include models with non-normal responses

and heterogeneous variances.  Thus, assumptions (1) and (2) can be relaxed for GLMs.

However, assumptions (3-5) are required for standard GLMs (McCullagh and Nelder 1989).

The present paper is primarily concerned with assumptions (1) and (2).  Although

examining all of the above five assumptions is beyond the scope of this paper, we emphasize that

violating any of these assumptions will bias parameter estimates, P-values, or both (McCullagh

and Nelder 1989, Rawlings et al. 1998).

Some regression models for count data

A common approach to modeling counts is to use OLS regression along with an

appropriate transformation (Sokal and Rohlf 1995, Rawlings et al. 1998).  However, there may

not exist a single transformation that simultaneously achieves all of the desired properties.  For

example, when counts are Poisson variables and the effects of the independent variables are
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multiplicative, the square root transformation homogenizes the variance, raising the counts to the

2/3 power gives approximate normality, and the logarithmic transformation makes the effects

additive (McCullagh and Nelder 1989:22).  In addition to violating model assumptions, a

common problem with OLS regression is the prediction of negative values, which are non-

sensical when the response is a count.

GLMs (McCullagh and Nelder 1989, Dobson 1990, Crawley 1993) often provide a useful

framework for modeling data that do not meet the assumptions of OLS regression.  GLMs are

defined by three components (McCullagh and Nelder 1989:27):  (1) A linear predictor η, which

is related to the explanatory variables as in OLS regression:

ηi = b0 + xi1b1 + xi2b2 + … + xipbp,

where for each observation (i = 1 to n), x1, x2, …, xp are explanatory variables, and b0, b1, …, bp

are parameters.  (2) The expected value of the observed response (yi) is µi, which is related to the

linear predictor by a monotonic differentiable ‘link’ function:

g(µi) = ηi.

(3) The yi are independent random variables from the exponential family of probability

distributions (which includes the normal, binomial, Poisson, negative binomial, and other

distributions).  In this framework, OLS regression can be seen as a special case of a GLM, where

the link is the identity function (i.e., µi = ηi), and the response distribution is normal.  Logistic
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regression is a GLM with a logit link function and a binomial response distribution (McCullagh

and Nelder 1989, Crawley 1993).

Another GLM that has recently received attention in the ecological literature is Poisson

regression (Crawley 1993, Candy 1997, Bennetts et al. 2000), in which the observed counts are

assumed to be Poisson random variables.  Examples of Poisson regression applied to bird-habitat

modeling can be found in Braithwaite et al. (1989) and Rushton et al. (1994).  Important features

of the Poisson distribution are that variables can take on only non-negative integer values, and

the mean and variance are equal (Sokal and Rohlf 1995), so that

Variance(y) = µ.

This expression may be more reasonable for count data than the OLS assumption of constant

variance.  Typically, a logarithmic link function is specified in Poisson regression:

ln(µ) = η, or equivalently, µ = eη,

where ‘ln’ is the natural logarithm.  Theoretically, the linear function that defines η can take on

any continuous value (negative or positive), but the logarithmic link ensures that µ is always

positive (as it must be in the Poisson distribution).  The observed count yi is assumed to be drawn

from a Poisson distribution with mean and variance equal to µi.  Thus, while Poisson regression

is often described as having ‘Poisson errors,’ it is actually the response that is assumed to be

Poisson, not the errors.  Poisson regression with a logarithmic link is sometimes called ‘log-

linear’ modeling (e.g., McCullagh and Nelder 1989, Crawley 1993, Manly et al.1993), although
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several authors reserve the latter term for contingency table analysis of a categorical response

(Dobson 1990, James and McCulloch 1990, Sokal and Rohlf 1995, Steel et al. 1997).

Although Poisson regression appears better-suited to modeling counts than OLS

regression, counts are sometimes overdispersed (the variance is greater than the mean), and the

Poisson assumption of equal mean and variance may be violated by some ecological data (Pielou

1969, White and Bennetts 1996).  In the familiar context of counting individuals in sample

quadrats, ‘overdispersion’ is synonymous with ‘aggregation,’ or ‘clumping’ (Pielou 1969); i.e.,

the probability distribution is overdispersed, not the spatial locations of the individuals, which

are, in a sense, ‘underdispersed.’  Overdispersed counts can be modeled with Poisson regression

by relaxing the assumption that the mean and variance are equal, and assuming only that they are

proportional to each other:

Variance(y) = φpµ,

where φp is the Poisson dispersion (scale) parameter (McCullagh and Nelder 1989, Crawley

1993).  φp equals one for Poisson counts, and φp is > 1 and < 1 for over and underdispersed

Poisson counts, respectively (McCullagh and Nelder 1989, Crawley 1993).  Many software

packages that fit GLMs (e.g., S-PLUS, SAS PROC GENMOD, GLIM) handle the overdispersed

Poisson regression model by quasi-likelihood estimation (McCullagh and Nelder 1989) in the

following way:  The parameter estimates for the overdispersed Poisson model are the same as

those from the regular Poisson model, and their standard errors are multiplied by ^φp (estimated

from the data) to obtain P-values that are corrected for overdispersion.  ^φp may be calculated as

the model deviance divided by its degrees of freedom (Crawley 1993, SAS 1999), where
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‘deviance’ is a measure of lack of fit in GLMs (Appendix A) and is analogous to the residual

sum of squares in OLS regression (McCullagh and Nelder 1989).  For a GLM with a normal

distribution and an identity link, the deviance will be equal to the residual sum of squares

obtained by fitting the same model with OLS.

Another approach to modeling overdispersed counts is the negative binomial distribution

(Pielou 1969, White and Bennetts 1996).  The variance of the negative binomial distribution can

be expressed as a quadratic function of the mean:

Variance(y) = µ + µ2/v,

where v > 0 is a dispersion parameter (Pielou 1969, McCullagh and Nelder 1989, Crawley 1993).

The negative binomial distribution approaches the Poisson as 1/v approaches zero, while large

values of 1/v imply strong overdispersion (White and Bennetts 1996).  When a logarithmic link

is specified, the negative binomial regression model is similar to Poisson regression, but with

overdispersion.  White and Bennetts (1996) compared the mean and variance of treatment groups

using the negative binomial distribution in an ANOVA-like setting, and Bennetts et al. (1999)

used negative binomial regression to estimate population change in Snail Kites.  We are not

aware of any applications of negative binomial regression to bird-habitat modeling, although the

approach is analogous to that of Bennetts et al. (1999).

Methods

Study area
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Data were collected as part of a three year (1997-199) breeding bird study in managed

southern Appalachian forests (Lichstein 2000).  Most of the breeding birds in our study area are

Neotropical migrant passerines. The study area (35º40’00’’−36º07’30’’N,

82º37’30’’−83º07’30’’W) consisted of 60,000 ha of previously-logged forest from 380 to 1,460

m elevation in the French Broad Ranger District of Pisgah National Forest (North Carolina) and

the Nolichucky Ranger District of Cherokee National Forest (Tennessee).  Currently, the study

area is dominated by mid- to late-successional deciduous forests, with stands ≥ 40 years old

comprising ~ 85 % of the landcover (Hermann 1996).

Bird counts

Bird counts were recorded at 1,177 point locations spaced ~ 200 m apart, primarily on

hiking trails and low-traffic roads.  Counts were conducted from sunrise to 10:15 between mid-

May and the end of June according to the variable circular plot method (Reynolds et al. 1980).

The identity and number of all breeding pairs was recorded during a 10 minute sample period.

Each location was sampled twice during the three years of the study.  We summed the counts

across the two samples at each location for our analysis, treating each location as one sample.

We included in the analysis all detections with distance estimates ≤ 75 m from the observer.

Using this 75 m cut-off, detectability (the probability of detecting a bird, given its presence) was

roughly equal across the different habitats we sampled (Lichstein 2000:Chapter 3).

Habitat variables

Local vegetation data were recorded within a 10 m radius plot at each point (Table 1).

These data included the estimated percent cover in five vertical vegetation layers, the estimated
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contribution of plant species to the three upper vertical layers, the height of the tallest canopy

tree, and a wedge prism sample (basal area factor 20) (Avery and Burkhart 1983).  Several

categorical variables were also recorded at each point, including the type of forest edge, which

was assigned to one of the six possible combinations of three successional stages recorded for

each side of the road or trail.  Landscape-scale habitat variables (see Table 1) were quantified at

each sample location within a 250 m radius circle using ARC/INFO (ESRI 1998).

Additional details on the study area, field methods, and habitat variables can be found in

Lichstein (2000:Chapter 3).

Statistical analysis

Our general goal was to examine how the apparent influence of different habitat variables

changed depending on the type of regression model used.  For all models, the response was the

raw or transformed counts from the 1,177 point locations, and the explanatory variables were the

habitat variables listed in Table 1.  We analyzed counts for twelve of the most common species

in our study area.  For each species, we fit four different GLMs (Table 2):  normal errors with

square root transformed counts (hereafter, ‘normalsqrt’), normal errors with ln(y + 1) transformed

counts (‘normallog’), Poisson, and negative binomial.  The identity link was used in the normal

models, and the logarithmic link was used in the latter two models (Table 2).  Although the

normal models correspond to OLS regression (and can be fit with any standard regression

software), the Poisson and negative binomial models cannot be fit using traditional least squares

methods.  To provide a common ground for comparison, all four models were fit by maximum

likelihood estimation (McCullagh and Nelder 1989) using SAS PROC GENMOD (SAS 1999;
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see notes on PROC GENMOD in Appendix B).  Hilborn and Mangel (1997) provide an intuitive

introduction to the theory and principles of maximum likelihood.

Model selection.  For each species, we began by fitting models that included all of the

habitat variables listed in Table 1.  We then eliminated the habitat variable with the highest P-

value (i.e., smallest likelihood ratio test statistic; see below) and re-ran the model.  We repeated

this ‘backward elimination’ (Rawlings et al. 1998) until all remaining variables were significant

with P ≤ 0.001.  We used this conservative α-level for two reasons:  (1) Our large sample size

resulted in high power to detect weak habitat effects that, while statistically significant,

explained little variation in the counts; and (2) Both the counts and the habitat variables were

spatially autocorrelated, resulting in non-independent errors and artificially deflated P-values

(Legendre 1993, Gumpertz et al. 1997, Legendre and Legendre 1998).  The effect of

autocorrelation on our results is discussed elsewhere (Lichstein 2000:Chapter 2).  The model

selection procedure we employed (backward elimination), and stepwise procedures in general,

have been rightfully criticized by James and McCulloch (1990) and others.  Backwards

elimination was used here because we desired an objective criteria for determining if the

different types of regression models would include the same variables.  We do not recommend

this procedure as a general strategy for constructing biologically informed models.

The significance of each variable in improving model fit was assessed with a likelihood

ratio (LR) test for nested models (McCullagh and Nelder 1989, Dobson 1990, Crawley 1993),

with the reduced model containing a subset of the explanatory variables in the full model:

LR = −2(lreduced – lfull)
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where lreduced and lfull are the natural logarithms of the maximum likelihood of the reduced and

full models, respectively.  If the missing explanatory variable in the reduced model is not

important to predicting the response, LR will be approximately χ2 distributed with degrees of

freedom equal to the number of additional parameters in the full model (one parameter for

continuous variables; number of classes minus one parameters for categorical variables).  If the

missing explanatory variable is important, then LR will tend to be large, leading to a rejection of

the null hypothesis that the variable does not improve the fit of the model.  LR tests were

obtained with the ‘type 3’ option in PROC GENMOD, which evaluates the contribution of each

variable after controlling for the presence of all other variables in the model.  We examined how

the importance of each variable changed across the four types of models by comparing LR

statistics between the models.

Prior to analysis, all habitat variables were standardized to have zero mean and unit

variance.  (ELEV2 was not standardized, as this would have altered the quadratic relationship

with ELEV.)  Standardization references the variables to a common scale, so that within a model,

the estimated parameters can be compared.  However, the estimated parameters are not expected

to be the same among the four types of models, because not all of the models predict the same

response variable (Table 2).

Model evaluation.  To evaluate the fit of each model, we calculated a generalized version

of the R2 appropriate for GLMs:

R2 = (Da – Db)/Da
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where Da is the deviance (lack of fit; Appendix A) of a model containing only an intercept

(overall mean), and Db is the deviance of the model of interest.  If Da is the total variation in the

response, then the above expression has the same interpretation as the traditional R2 (coefficient

of determination) from OLS regression:  the proportion of variation in the response explained by

the model.  For a GLM with a normally distributed response and an identity link, the above

expression yields the identical quantity as the R2 obtained from OLS regression.  See Nagelkerke

(1991) for further discussion of R2s for GLMs.

We estimated the dispersion parameter for Poisson models (φp) (see Introduction) as

^φp = Poisson model deviance/degrees of freedom

where deviance (lack of fit; see Appendix A) has degrees of freedom equal to n minus the

number of parameters in the model.  For all species, ^φp was close to the Poisson expected value

of one (see Results); therefore, we did not correct the standard errors of parameter estimates in

Poisson models for dispersion (i.e., quasi-likelihood approach; see Introduction).  For negative

binomial models, we report the inverse of the estimated dispersion parameter as 1/ ^v, with larger

values indicating greater overdispersion.

Model predictions.  To compare predictions from the four models, we plotted predicted

mean counts at the 1,177 sample points for each model against those from the other three

models.  For Poisson and negative binomial models, predicted mean counts are simply the

predicted responses.  For normalsqrt and normallog models, the following expressions were used to

back-transform the predicted responses to predicted mean counts (see Appendix C):
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normalsqrt predicted mean counts = (predicted y)2 + MSE

normallog predicted mean counts = e(predicted y + MSE/2) − 1,

where ‘predicted y’ is the predicted value of the response (Table 2), and MSE (mean squared

error) is an estimate of the variance of the response in an OLS model (Sokal and Rohlf 1995,

Rawlings et al. 1998).  If the model type was inconsequential, predictions from any two of the

four models for a given species should be approximately equal and should fall roughly along a

line through the origin with a slope of one.  We examined scatter plots of predicted values for the

two species displaying the most and the least disparity among the four within-species models,

where ‘disparity’ refers to differences among the four models in terms of LRs for habitat

variables.

Results

For all twelve species, the identity and relative importance of different habitat variables were

similar across the four types of regression models (Fig. 1).  Most variables that were not

significant in all four models tended to be relatively unimportant (i.e., had relatively small LRs)

in the models in which they were significant (Fig. 1).  Because not all four models predict the

same response (Table 2), their parameter estimates are not expected to be the same in magnitude;

nevertheless, comparing the parameter estimates between models indicates that habitat variables,

relative to the other variables in the model, tended to have similar effects in the four models

(Table 3).  Parameter estimates in Poisson and negative binomial models (which both predict

mean counts) tended to be very similar (Table 3).
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For a given species, the four regression models explained similar amounts of variation

(R2s in Table 4):  Poisson and negative binomial models, which model the counts directly (Table

2), did not fit the data better than classical (normal) regression models with transformed counts.

The four species with the lowest frequency of occurrence had higher R2s than most of the other

species (Table 4).  We believe the higher R2s for these species is due to their preference for rare

or patchily distributed habitats in our study area, rather than their low occurrence per se.  Indigo

Bunting, Eastern Towhee, and Chestnut-sided Warbler are edge/early-successional specialists,

and Acadian Flycatcher prefers ravines and mesic coves (Lichstein 2000:Chapter 3).

Poisson models suggested that none of the twelve species had strongly overdispersed

counts:  ^φp ≤ 1.3 for all species (Table 4), with the Poisson expectation being ^φp = 1.  For most

species, negative binomial models also indicated that the counts were not overdispersed, as 1/v

was typically close to zero (Table 4).  Surprisingly, Chestnut-sided Warbler, the species with the

second lowest ^φp (0.82, suggesting underdispersion), had the largest 1/ ^v (0.51, suggesting mild

overdispersion) (Table 4).  It is not clear how to interpret this inconsistency, but the small ^φp

suggests that the negative binomial may not be appropriate for this species, and the high 1/ ^v

may not be reliable.

For six of the twelve negative binomial models, the iterative fitting procedure in SAS

PROC GENMOD did not converge (Table 4).  For all six of these species, 1/ ^v was close to zero

on the last iteration of the model-fitting procedure.  For all six species, LR statistics and

parameter estimates from the last negative binomial iteration were nearly identical to those from

the Poisson models (Fig. 1 and Table 3).  This is to be expected when 1/ ^v is small, because the

negative binomial distribution approaches the Poisson as 1/ ^v approaches zero (White and
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Bennetts 1996).  Nevertheless, results from non-convergent negative binomial models should be

viewed with caution.

Considering only the six species for which the negative binomial model converged (Table

4), we judged models for Chestnut-sided Warbler to have the most within-species disparity and

models for Indigo Bunting to have the least.  This judgment was based on an inspection of Figure

1.  For both species, plots of predicted values from pairs of models showed clear monotonic

relationships (Fig. 2).  Plots for pairs of Chestnut-sided Warbler models (Fig. 2A) had more

scatter than those for Indigo Bunting (Fig. 2B), although not dramatically so.  For both species,

normalsqrt and normallog models predicted a few negative values, as seen in the small curve near

the origin in the normallog vs. normalsqrt plots (upper left plots in Figs. 2A, B).  (All normalsqrt

values are positive in Fig. 2 due to the back-transformation.)  Plots for models with the same

(normallog vs. normalsqrt) or similar (Poisson vs. negative binomial) response distributions

showed much less scatter than plots for models with dissimilar distributions (e.g., Poisson vs.

normal models) (Fig. 2).

Discussion

We would have reached the same qualitative conclusions regarding the habitat use of all twelve

species if we had arbitrarily chosen any one of the four count data models.  Even for Chestnut-

sided Warbler, which displayed the greatest between-model disparity of any species for which

the negative binomial model converged, the four models were roughly similar in terms of the

relative importance of different habitat variables (Fig. 1, Table 3), as well as the predicted counts

(Fig. 2A).  In addition, the four models explained a similar proportion of variation in the data for

all species (Table 4).
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Although the four models yielded very similar results in our analysis, this may not be the

case for all data sets.  In contrast to Rushton et al. (1994), who reported overdispersed counts in

Poisson regression models of riparian bird habitat use, none of the species we examined

displayed marked overdispersion (variance > mean).  Although we do not know the true nature

of the populations from which we sampled, the Poisson seems the most reasonable of the

distributions we considered:  Unlike the normal distribution, the Poisson is a natural distribution

for count data (Sokal and Rohlf 1995), and the lack of overdispersion suggests that the Poisson

was appropriate.  Assuming that the data were in fact Poisson, it is not surprising that the four

models performed so similarly:  The square root transformation tends to homogenize the

variance of Poisson data, and the logarithmic transformation is useful in general to stabilize

positive variance-mean relationships (Sokal and Rohlf 1995).  Certainly, we would expect

similar results from Poisson and negative binomial models when the counts are not

overdispersed, as the two distributions are essentially the same in this case (Cameron and Trivedi

1986, White and Bennetts 1996).  When counts are overdispersed, the square root and

logarithmic transformations may be less effective at making the mean and variance independent,

and OLS regression with transformed counts may be problematic.  Similarly, the Poisson and

negative binomial distributions will diverge as counts become more overdispersed.  In general,

we would expect the four models examined here to yield increasingly different results from each

other for increasing degrees of overdispersion.

In addition to the lack of overdispersion in our data, our large sample size (n > 1,000)

may have made our results robust to violations of parametric assumptions, and may have

contributed to the observed similarity among the four models.  A variety of diagnostics are

available to evaluate the appropriateness of fitted OLS models (Rawlings et al. 1998) and GLMs
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(McCullagh and Nelder 1989, Nicholls 1989).  Histograms of OLS residuals and normal

probability plots (also called ‘normal quantile plots’ or ‘Q-Q plots’) are useful for assessing the

assumption of normality (Sokal and Rohlf 1995, Rawlings et al. 1998).  For OLS models

(Rawlings et al. 1998:350) and for GLMs in general (McCullagh and Nelder 1989), plots of

partial residuals against each explanatory variable can be used to visually examine variance-

mean relationships and detect non-linear responses that may suggest a missing quadratic or

higher order polynomial term.  In this study, partial regression plots revealed no major

irregularities, while normal probability plots and histograms of residuals revealed marked

departures from normality for most normalsqrt and normallog models (results not shown).

However, non-normality apparently had little effect on model results (e.g., importance of

different habitat variables), as results from normal models were similar to those from Poisson

and negative binomial models.  Again, this robustness may in part be due to our large sample

size.  The nature of the model and its parametric assumptions may be more critical with smaller

data sets.  This would be useful to examine in future analyses.

It is important to note that the models we examined differed not only in their response

distributions.  In particular, the normalsqrt model assumes a very different relationship between

the untransformed counts and the explanatory variables compared to the other three models,

which all have logarithmic forms and assume multiplicative effects of the explanatory variables

(Sokal and Rohlf 1995:408).  If the form of the model, rather than the response distribution, is of

primary importance, then we would expect the normallog, Poisson, and negative binomial models

to be relatively similar to each other, and somewhat different from the normalsqrt model.  Yet, in

our analysis, the normalsqrt and normallog models were more similar to each other than either was

to the Poisson or negative binomial models, and the latter two were more similar to each other
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than either was to the normal models (Figs. 1 and 2).  Thus, for our data, the distributional

assumptions seem to have had a greater impact on the model results than did the form of the

model.  Nevertheless, as discussed above, all of the models gave qualitatively similar results.

Several authors (Pielou 1969, White and Bennetts 1996) have suggested that ecological

count data will often be overdispersed, but we did not observe this in our analysis.  However, the

multiple regression context, the subject of this paper, is very different from the analytical

contexts of Pielou (describing spatial patterns of species abundance) and White and Bennetts

(comparing counts in treatment groups).  The three contexts can be viewed in terms of how much

environmental (habitat) information is used to model species abundance across space (or time):

Pielou (1969) ignores environment altogether, and is concerned primarily with testing for and

quantifying spatial aggregation.  White and Bennetts (1996) recognized a single environmental

variable (which defined the treatment groups), as in one-way ANOVA.  In contrast, multiple

regression incorporates information about numerous environmental factors.  As more and more

environmental data enter into the analysis, the counts appear less and less variable, because the

environmental variables explain some of the variation in the counts.  For example, our data did

exhibit overdispersion when we fit models without any habitat variables (results not shown).

Our sample locations span a range of environmental conditions, and it would be surprising if the

species did not display some degree of aggregation due to changes in local habitat suitability.

However, after incorporating habitat variables into the analysis, the counts became less variable

(i.e., locations with similar habitat had similar counts), and in this study they were no longer

overdispersed.  In other data sets, even when the effect of numerous environmental factors have

been accounted for, the counts may still be overdispersed (e.g., Rushton et al. 1994).  One

possible cause for this overdispersion is that the measured environmental factors define an upper



20

ceiling on potential species abundance, but that one or more unmeasured limiting factors control

the actual observed abundance (Thomson et al. 1996, Cade et al. 1999).  Where the measured

factors define a low ceiling, species abundance will be uniformly low, whereas where the

measured factors define a high ceiling, abundance may be low or high, depending on the

unmeasured limiting factors.  Negative binomial regression may be useful in this situation, and

with overdispersed counts in general.  However, McCullagh and Nelder (1989:199) suggest that

the Poisson quasi-likelihood approach (see Introduction) should be adequate in most cases of

overdispersion.

In this paper, we considered only some of the available models for count data.

Generalized additive models (GAMs) (Hastie and Tibshirani 1986, McCullagh and Nelder

1989), which are non-parametric extensions of GLMs, may also be of use in bird-habitat

analysis.  Yee and Mitchell (1991) provide a non-technical introduction to GAMs and ecological

examples.  As opposed to GLMs, which estimate parametric linear combinations of the

explanatory variables, GAMs fit non-parametric curves using various smoothing functions.  A

drawback to GAMs is that the fitted curves do not have analytic forms, making inference

difficult for some applications (e.g., determining species response ‘optima’ along environmental

gradients; see Yee and Mitchell 1991).  More importantly, the fitted curves may be difficult to

interpret biologically, although some ecological theories predict complex species response

curves along environmental gradients (Austin and Smith 1989).

James and McCulloch (1990) state two objectives of multiple regression:  (1) to

determine a predictive equation for the response variable, and (2) to understand the association

between the response and each explanatory variable in the presence of the other explanatory

variables.  In terms of the first objective (prediction), OLS regression (normalsqrt and normallog
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models in this study) has been viewed as inadequate for modeling counts due to the possibility of

negative predicted values (Crawley 1993).  While this criticism seems reasonable on theoretical

grounds, in practice, the problem seems trivial in avian ecology.  Bird counts are typically used

as abundance indices, rather than as population estimates, and a negative index is easily

interpreted as low relative abundance.  Even when counts represent complete censuses, negative

predictd values simply imply low, or zero, predicted abundance.  In addition, rarely will a

researcher have sufficient quantity or quality of data to predict with confidence the number of

counts expected at unsampled locations, and we suggest that the second objective stated above

(inference) is more relevant to most ecological field studies.  When the goal of an analysis is to

gain a general understanding of bird-habitat relationships, the presence of a few negative

predicted values should not detract from the qualitative insights provided by the parameter

estimates.  In the present study, these insights would have been the same for OLS, Poisson, or

negative binomial models.  Again, we caution that the different models may yield less similar

results for other data sets, particularly where sample sizes are small or the counts are

overdispersed.

We hope that this paper will encourage other researchers to examine how or if their

results change depending on the type of model used to analyze count data.  When the qualitative

results are the same, we suggest that results from OLS models be reported, for the simple reason

that OLS models are familiar to a broader audience than are GLMs or other types of count data

models.  Another advantage of normal-theory regression is that OLS models can easily be

extended to accommodate spatially autocorrelated errors (Haining 1990, Cressie 1993; see

Lichstein 2000:Chapter 2 for examples).  While analogous models exist in theory for Poisson
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and negative binomial distributions, these models are problematic and are of little practical utility

(Cressie 1993).



23

Literature cited

Austin, M. P. and T. M. Smith.  1989.  A new model for the continuum concept.  Vegetatio

83:35-47.

Avery, T. E., and H. E. Burkhart.  1983.  Forest measurements.  McGraw Hill, New York, USA.

Bennetts, R. E., W. A. Link, J. R. Sauer, and P. W. Sykes, Jr.  1999.  Factors influencing counts

in an annual survey of Snail Kites in Florida.  Auk 116(2):316-323.

Bennetts, R. E., M. Fasola, H. Hafner, and Y. Kayser.  2000.  Influence of environmental and

density-dependent factors on reproduction of Little Egrets.  Auk 117(3):634-639.

Bolger, D. T., T. A. Scott, and J. T. Rotenberry.  1997.  Breeding bird abundance in an

urbanizing landscape in coastal southern California.  Conservation Biology 11(2):406-421.

Braithwaite, L. W., M. P. Austin, M. Clayton, J. Turner, and A. O. Nicholls.  1989.  On

predicting the presence of birds in Eucalyptus forest types.  Biological Conservation 50:33-

50.

Cade, B. S., J. W. Terrell, and R. L. Schroeder.  1999.  Estimating effects of limiting factors with

regression quantiles.  Ecology 80(1):311-323.

Cameron, A. C., and P. K. Trivedi.  1986.  Econometric models based on count data:

comparisons and applications of some estimators and tests.  Journal of Applied Econometrics

1:29-53.

Candy, S. G.  1997.  Poisson vs normal-errors regression in Mac Nally (1996).  Australian

Journal of Ecology 22:233-235.

Crawley, M. J.  1993.  GLIM for ecologists.  Blackwell Scientific Publications, London, UK.

Cressie, N. A. 1993.  Statistics for spatial data, revised edition.  John Wiley and Sons, New

York, New York, USA.



24

Dobson, A. J.  1990.  Introduction to Generalized Linear Models.  Chapman and Hall, London,

UK.

ESRI.  1998.  ARC/INFO version 7.2.1.  Environmental Systems Research Institute, Inc.

Redlands, California, USA.

Gumpertz, M. L., J. M. Graham, and J. B. Ristaino.  1997.  Autologistic model of spatial pattern

of Phytophthora epidemic in bell pepper:  effects of soil variables on disease presence.

Journal of Agricultural, Biological, and Environmental Statistics 2(2):131-156.

Haining, R.  1990.  Spatial data analysis in the social and environmental sciences.  Cambridge

University Press, Cambridge, UK.

Hastie, T. and Tibshirani, R.  1986.  Generalized additive models (with discussion).  Statistical

Science 1:297-318.

Hermann, K. A. (editor).  1996.  The Southern Appalachians Assessment GIS Data Base CD

ROM Set.  Southern Appalachian Man and the Biosphere Program.  Norris, Tennessee, USA.

Hilborn, R., and M. Mangel.  1997.  The ecological detective:  confronting models with data.

Princeton University Press, Princeton, New Jersey, USA.

Hosmer, D. W., and S. Lemeshow.  1989.  Applied logistic regression.  John Wiley and Sons,

NewYork, New York, USA.

James, F. C., and C. E. McCulloch.  1990.  Multivariate analysis in ecology and systematics:

panacea or Pandora’s box?  Annual Review of Ecology and Systematics 21:129-166.

Legendre, P.  1993.  Spatial autocorrelation:  trouble or new paradigm.  Ecology 74(6):1659-

1673.

Legendre, P., and L. Legendre.  1998.  Numerical ecology, second English edition.  Elsevier

Science, Amsterdam, The Netherlands.



25

Lichstein, J. W.  2000.  Landscape effects on breeding songbird abundance in managed southern

Appalachian forests.  Master’s Thesis, North Carolina State University, Raleigh, North

Carolina, USA.

Link, W. A., and J. R. Sauer.  1998.  Estimating      population change from count data:

Application to the North American Breeding Bird Survey.  Ecological Applications 8:258-

268.

Magurran, A. 1988.  Ecological diversity and its measurement.  Princeton University Press,

Princeton, New Jersey, USA.

Manly, B. F. J., L. L. McDonald, D. L. Thomas.  1993.  Resource selection in animals:  statistical

design and analysis for field studies.  Chapman and Hall, London, UK.

McCullagh, P., and J. A. Nelder.  1989.  Generalized linear models, second edition.  Chapman

and Hall, London, UK.

Nagelkerke, N. J. D.  1991.  A note on a general definition of the coefficient of determination.

Biometrika 78(3):691-692.

Nicholls, A. O.  1989.  How to make biological surveys go further with Generalised Linear

Models.  Biological Conservation 50:51-75.

Peterjohn, B. G., J. R. Sauer, and C. S. Robbins.  1995.  Population trends from the North

American Breeding Bird Survey.  Pages 3-39 in T. E. Martin and D. M. Finch, editors.

Ecology and management of Neotropical migratory landbirds:  a synthesis and review of

critical issues.  Oxford University Press, New York, New York, USA.

Pielou, E. C.  1969.  An introduction to mathematical ecology.  John Wiley and Sons, New York,

New York, USA.



26

Pollock, K. H., J. D. Nichols, C. Brownie, and J. E. Hines.  1990.  Statistical inference for

capture-recapture experiments.  Wildlife Monographs 107:1-97.

Rawlings, J. O., S. G. Pantula, and D. A. Dickey.  1998.  Applied regression analysis:  a research

tool.  Second edition.  Springer-Verlag, New York, New York, USA.

Reynolds, R. T., J. M. Scott, and R. A. Nussbaum.  1980.  A variable circular-plot method for

estimating bird numbers.  Condor 82:309-313.

Rothery, P.  1988.  A cautionary note on data transformations:  bias in back-transformed means.

Bird Study 35:219-222.

Rushton, S. P., D. Hill, and S. P. Carpenter.  1994.  The abundance of river corridor birds in

relation to their habitats:  a modeling approach.  Journal of Applied Ecology 31:313-328.

Saab, V.  1999.  Importance of spatial scale to habitat use by breeding birds in riparian forests:  a

hierarchical analysis.  Ecological Applications 9(1):135-151.

SAS.  1999.  SAS/STAT, version 8.  SAS Institute Inc., Cary, North Carolina, USA.

Sokal, R. R., and F. J. Rohlf.  1995.  Biometry, third edition.  W. H. Freeman and Company,

New York, USA.

ter Braak C. J. F., and C. W. N. Looman.  1995.  Regression.  Pages 29-77 in R. H. G. Jongman,

C. J. F. ter Braak, and O. F. R. van Tongeren, editors.  Data analysis in community and

landscape ecology.  Cambridge University Press, Cambridge, UK.

Steel, R. G. D., J. H. Torrie, and D. A. Dickey.  1997.  Principles and procedures of statistics:  a

biometrical approach, third edition.  McGraw-Hill, New York, New York, USA.

Thomson, J. D., G. Weiblen, B. A. Thomson, S. Alfaro, and P. Legendre.  1996.  Untangling

multiple factors in spatial distributions:  lilies, gophers, and rocks.  Ecology 77(6):1698-

1715.



27

Trzcinski, M. K., L. Fahrig, and G. Merriam.  1999.  Independent effects of forest cover and

fragmentation on the distribution of forest breeding birds.  Ecological Applications 9(2):586-

593.

Villard, M.-A., M. K. Trzcinski, and G. Merriam.  1999.  Fragmentation effects on forest birds:

relative influence of woodland cover and configuration on landscape occupancy.

Conservation Biology 13(4):774-783.

Wackerly, D. D., W. Mendenhall, III, and R. L. Scheaffer.  1996.  Mathematical statistics with

applications.  Duxbury Press, Belmont, California, USA.

White, G. C., and R. E. Bennetts.  1996.  Analysis of frequency count data using the negative

binomial distribution.  Ecology 77(8):2549-2557.

Yee, T. W., and N. D. Mitchell.  1991.  Generalized additive models in plant ecology.  Journal of

Vegetation Science 2:587-602.



28

Appendix A

Several papers in the ecological literature erroneously refer to the deviance (D) of a GLM as

negative two times the maximum log likelihood of the model of interest.  In fact, D is

proportional to the scaled deviance (D*), which is twice the difference between the maximum

achievable log likelihood and the maximum log likelihood of the model of interest (McCullagh

and Nelder 1989, Dobson 1990, Crawley 1993).  The maximum achievable log likelihood is

obtained by fitting a model with n parameters (one for each observation), so that the observed

data correspond perfectly with their expected values from the model.  In practice, D is calculated

as a sum of n deviance components, one for each observation.  (For an OLS model, these are the

squared residuals.)

For OLS-type GLMs (normal response and identity link), D has a χ2 distribution (with

degrees of freedom equal to n minus the number of parameters in the model) under the null

hypothesis that the model fits the data, thus providing a test for the model’s overall goodness of

fit.  For other GLMs (e.g., logistic, Poisson, or negative binomial regression), the χ2 distribution

is often a poor approximation for the distribution of D, and a convenient goodness of fit test may

not be available (McCullagh and Nelder 1989).  For all GLMs, however, D is additive among

nested models, with the change in D between reduced and full models having an approximate χ2

distribution with degrees of freedom equal to the number of additional parameters in the full

model (McCullagh and Nelder 1989, Dobson 1990).  This additive property of D parallels the

likelihood ratio test for nested models described in Methods.
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Appendix B

The negative binomial option is available in PROC GENMOD in SAS/STAT versions 7 and

higher.  PROC GENMOD expresses the variance of the response for the negative binomial as

Variance(y) = µ + kµ2

as opposed to the more common notation (e.g., Pielou 1969, McCullagh and Nelder 1989, White

and Bennetts 1996):

Variance(y) = µ + µ2/v.

The difference in notation is trivial, i.e., k = 1/v.  We report the dispersion parameter as 1/v, with

larger values indicating greater overdispersion.

By default, the model fitting algorithm in PROC GENMOD proceeds through 50

iteration cycles.  For most species, negative binomial models did not converge within 50

iterations.  After increasing the default (using the ‘maxit’ option), convergence was attained for

six species.  For the other six species (those marked by ‘*’ in Table 4), the algorithm stopped due

to matrix inversion problems before the specified maximum number of iterations (50,000) was

reached.

Appendix C

For both square root and logarithmic transformations, simply reversing the original

transformation yields negatively biased estimated means (e.g., Rothery 1988).  While the mean is
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not necessarily the best measure of central tendency for a skewed distribution (Steel et al.

1997:243), we wished to estimate back-transformed means from the two OLS models to allow

for a direct comparison with predictions from Poisson and negative binomial models.

For any random variable, Y, the following holds (Wackerly et al. 1996:85):

σ2 = E(Y2) – µ2

where σ2 is the variance of Y, E(Y2) is the expected value of Y2, and µ is the expected value

(mean) of Y.  By rewriting the above equation as

E(Y2) = µ2 + σ2

we can obtain the following estimate for predicted mean counts (^z) when the predicted response

(^y) is based on square root transformed counts (i.e., Y = √Z):

^z ≈ (^y)2 + MSE

where ^z is roughly equal to E(Y2), ^y is an estimate of µ, and MSE (mean squared error) is an

estimate of σ2.

For natural log transformed counts, Y = ln (Z + 1), we have

Z + 1 = eY
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which has mean eµ + 0.5σ2
 (Steel et al. 1997:243), where, as before, µ and σ2 are the mean and

variance of Y.  Thus, we can estimate the mean counts as

^z ≈ e
^y + 0.5MSE  - 1.
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Table 1.  Habitat variables used in regression models.  Classes within categorical variables are given in
parentheses.  All landscape variables were measured within 250 m radius circles, centered on each sample location.

Local habitat variables
ELEV elevation
ELEV2 elevation2

MOIST site moisture index = weighted average of plant species moisture values, with low and
high values assigned to xerophytic and mesophytic species, respectively; weights were
importance values for each species, based on percent cover and wedge prism data

TOPO topographic position (classes = ravine, flat, slope, ridge)
EDGE edge type (classes = early-early, early-mid, early-late, mid-mid, mid-late, late-late)
RD/TR/OFF point location (classes = road, trail, off-road)
RDVEG shrubby vegetation along road-sides (classes = Rubus, other, none)
CAN percent canopy cover
SUBCAN percent subcanopy cover
TALLSH percent tall shrub/sapling cover
LOWSH percent low shrub/seedling cover
HERB percent herbaceous cover
DBH>25 number of > 25 cm dbh trees in wedge prism sample
MAXHT height of tallest tree

Landscape variables
LS≤9 proportion of ≤ 9 year-old forest
LSMESIC40-69 proportion of 40-69 year-old mesic hardwood forest
LSMESIC≥70 proportion of ≥ 70 year-old mesic hardwood forest
LSDIV Simpson’s diversity index (Magurran 1988) for six landcover categories (five stand age

classes and non-National Forest land)

Table 2.  GLMs used in multiple regression analysis.  In each model, the expected value of the response (y) is equal
to µ, which is related to the linear predictor (η) by a link function.  η is modeled by the explanatory variables and
their associated parameters (slopes).
model response (y) link function variance of y distribution of y
normalsqrt √count µ = η σ2 normal
normallog ln(count + 1) µ = η σ2 normal
Poisson count ln(µ) = η, or µ = eη µ Poisson
negative binomial count ln(µ) = η, or µ = eη µ + µ2/v negative binomial
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Table 3.  Parameter estimates for significant (P ≤ 0.001) habitat variables
in regression models.  Parameter estimates for levels of categorical
variables are relative to ‘ridge’ for TOPO, ‘mid-mid’ for EDGE, ‘off-
road’ for RD/TR/OFF, and ‘none’ for RDVEG.  Abbreviations as in
Table 1.  Species are listed in decreasing order of occurrence (Table 4).

normalsqrt normallog Poisson
negative
binomial

Red-eyed Vireo (Vireo olivaceus)
ELEV2 -0.14 -0.12 -0.17 -0.17
MOIST 0.12 0.12
RD/TR/OFF

road -0.14 -0.14
trail -0.28 -0.28

RDVEG
Rubus 0.19 0.16
other -0.07 -0.05

LOWSH -0.11 -0.08 -0.10 -0.10
HERB 0.06 0.05
MAXHT 0.09 0.07

Ovenbird (Seiurus aurocapillus)
ELEV 0.12 0.06 0.14 0.14
ELEV2 -0.17 -0.14 -0.27 -0.27
MOIST -0.11
TOPO

ravine -0.25 -0.42 -0.41
flat -0.13 -0.32 -0.31
slope -0.03 -0.09 -0.08

CAN 0.09 0.07 0.11 0.12
MAXHT 0.09 0.06 0.11 0.10
LS≤9 -0.12 -0.09 -0.15 -0.15
LSDIV 0.07 0.05 0.10 0.10

Hooded Warbler (Wilsonia citrina)
ELEV -0.14 -0.11 -0.28 -0.28
ELEV2 -0.10 -0.07 -0.18 -0.19
EDGE

early-early 0.21 0.17
early-mid 0.06 0.04
early-late 0.30 0.24
mid-late -0.11 -0.09
late-late -0.03 -0.02

RD/TR/OFF
road 0.25 0.20 0.43 0.45
trail -0.03 -0.03 -0.12 -0.11

TALLSH 0.07 0.05 0.11 0.11
LOWSH 0.08 0.06 0.15 0.15
LS≤9 0.13 0.14
LSMESIC≥70 0.09 0.07 0.11 0.11
LSDIV 0.08 0.06
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Table 3 (continued)

normalsqrt normallog Poisson
negative
binomial

Black-throated Blue Warbler (Dendroica caerulescens)
ELEV 0.34 0.26 0.84 0.87
ELEV2 -0.12 -0.09 -0.56 -0.57
MOIST 0.19 0.21
TOPO

ravine 0.31 0.24 0.43 0.46
flat 0.42 0.31 0.47 0.50
slope 0.09 0.07 0.09 0.10

MAXHT 0.16 0.13 0.19 0.20
LSMESIC40-69 0.13 0.10 0.23 0.24
LSMESIC≥70 0.14 0.11 0.27 0.28

Black-throated Green Warbler (Dendroica virens)
ELEV -0.25 -0.19 -0.70 -0.72
ELEV2 -0.13 -0.10 -0.48 -0.50
MOIST 0.10 0.08 0.22 0.22
TOPO

ravine 0.22 0.26
flat 0.07 0.04
slope 0.40 0.43

EDGE
early-early -0.68 -0.61
early-mid -0.19 -0.17
early-late 0.00 0.05
mid-late 0.16 0.17
late-late 0.30 0.35

RD/TR/OFF
road -0.49
trail -0.57

MAXHT 0.09 0.07
LSMESIC40-69 0.13 0.10 0.20 0.21
LSMESIC≥70 0.11 0.08 0.16 0.17

Blue-headed Vireo (Vireo solitarius)
ELEV 0.08 0.06 0.17 0.17
EDGE

early-early -0.14 -0.11 -0.45 -0.45
early-mid -0.17 -0.12 -0.51 -0.51
early-late -0.09 -0.06 -0.16 -0.16
mid-late 0.08 0.06 0.15 0.15
late-late 0.16 0.12 0.31 0.31

Black-and-white Warbler (Mniotilta varia)
ELEV2 -0.12 -0.09 -0.34 -0.34
TOPO

ravine 0.02 0.08 0.08
flat -0.04 -0.12 -0.12
slope 0.11 0.38 0.38

Scarlet Tanager (Piranga olivacea)
ELEV2 -0.06 -0.05 -0.18 -0.18
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Table 3 (continued)

normalsqrt normallog Poisson
negative
binomial

Indigo Bunting (Passerina cyanea)
TOPO

ravine -0.31 -0.25 -0.81 -0.83
flat -0.33 -0.26 -0.56 -0.63
slope -0.14 -0.12 -0.33 -0.34

EDGE
early-early 0.62 0.50 0.68 0.69
early-mid 0.43 0.35 0.50 0.51
early-late 0.20 0.16 0.35 0.37
mid-late -0.07 -0.05 -0.02 -0.03
late-late -0.17 -0.13 -0.34 -0.35

RD/TR/OFF
road 0.31 0.23 1.48 1.49
trail 0.20 0.15 1.17 1.17

RDVEG
Rubus 0.31 0.24 0.51 0.53

other 0.10 0.07 0.21 0.19
SUBCAN -0.12 -0.13
HERB 0.13 0.10 0.25 0.26
LS≤9 0.06 0.05

Eastern Towhee (Pipilo erythrophthalmus)
ELEV 0.08 0.06 0.21 0.22
EDGE

early-early 0.59 0.49 0.80 0.81
early-mid 0.45 0.35 0.67 0.68
early-late 0.44 0.34 0.66 0.68
mid-late -0.09 -0.07 -0.35 -0.35
late-late -0.07 -0.06 -0.35 -0.34

RD/TR/OFF
road 0.38 0.28 1.74 1.77
trail 0.17 0.13 1.16 1.19

SUBCAN -0.05 -0.04
LOWSH 0.06 0.05 0.18 0.18
LS≤9 0.11 0.09 0.17 0.18
LSDIV 0.06 0.05 0.20 0.20

Chestnut-sided Warbler (Dendroica pensylvanica)
ELEV 0.19 0.15 1.41 1.52
ELEV2 -0.53 -0.56
EDGE

early-early 0.49 0.39 0.48 0.49
early-mid 0.34 0.27 0.41 0.51
early-late 0.33 0.26 0.58 0.78
mid-late 0.07 0.05 0.03 0.10
late-late -0.08 -0.07 -0.37 -0.38

RD/TR/OFF
road 0.24 0.35
trail -0.33 -0.25

RDVEG
Rubus 0.52 0.40 0.75 0.86
other 0.11 0.08 0.31 0.34
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Table 3 (continued)

normalsqrt normallog Poisson
negative
binomial

LOWSH 0.15 0.20
HERB 0.05 0.04
LS≤9 0.19 0.15 0.26 0.30
LSDIV 0.21 0.24

Acadian Flycatcher (Empidonax virescens)
ELEV -0.12 -0.09 -0.67 -0.68
MOIST 0.09 0.07 0.40 0.40
TOPO

ravine 0.34 0.26 1.39 1.38
flat 0.50 0.36 1.53 1.54
slope 0.02 0.02 0.62 0.62

MAXHT 0.07 0.05 0.38 0.39
LSMESIC40-69 0.06 0.05 0.47 0.48
LSMESIC≥70 0.34 0.35

Table 4.  Number of sample points where 0, 1, and ≥ 2 pairs were recorded for each species, and summary statistics
for regression models.  ^φp (Poisson deviancea/degrees of freedom) estimates the Poisson dispersion parameter (φp),
with ^φp > 1 and < 1 indicating over and underdispersion, respectively.  ^v is the estimated negative binomial
dispersion parameter, with large values of 1/ ^v indicating overdispersion.  R2

sqrt, R2
log, R2

p, and R2
nb are the

proportions of variation in the response explained by normalsqrt, normallog, Poisson, and negative binomial models,
respectively.  Species are listed in decreasing order of occurrence (number of non-zero counts).  Latin names are
given in Table 3.

0 1 ≥ 2 ^φp 1/ ^v R2
sqrt R2

log R2
p R2

nb

Red-eyed Vireo* 190 275 712 1.15 0.00 0.15 0.15 0.11 0.11
Ovenbird* 315 322 540 1.30 0.07 0.16 0.16 0.15 0.14
Hooded Warbler 525 316 336 1.23 0.14 0.19 0.20 0.16 0.16
Black-throated Blue Warbler 593 218 366 1.20 0.23 0.36 0.35 0.38 0.39
Black-throated Green Warbler 622 282 273 1.14 0.23 0.25 0.25 0.28 0.28
Blue-headed Vireo 627 365 185 1.10 0.05 0.04 0.04 0.04 0.04
Black-and-white Warbler* 669 366 142 1.00 0.00 0.05 0.07 0.07 0.07
Scarlet Tanager* 692 363 122 1.00 0.00 0.02 0.02 0.02 0.02
Indigo Bunting 693 246 238 1.11 0.21 0.29 0.29 0.27 0.26
Eastern Towhee* 795 207 175 0.93 0.08 0.33 0.34 0.32 0.32
Chestnut-sided Warbler 907 97 173 0.82 0.51 0.47 0.47 0.57 0.59
Acadian Flycatcher* 982 110 85 0.65 0.08 0.29 0.29 0.41 0.42
a see Appendix A for explanation of deviance
* negative binomial model did not converge
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Fig. 1.  Likelihood ratio (LR) statistics for habitat variables in normalsqrt (white bars), normallog
(gray), Poisson (black), and negative binomial (hatched) models.  Only variables with P ≤ 0.001
are shown.  Larger values of LR indicate a greater contribution to model fit.  Parameter estimates
are given in Table 3.

Blue-headed Vireo

0

10

20

30

40

EL
EV

ED
G

E

lik
el

ih
oo

d 
ra

tio
 s

ta
tis

tic

Black-throated Green Warbler

0

50

100

150

200

250

EL
EV

EL
EV

^2

M
O

IS
T

TO
PO

ED
G

E

R
D

/T
R

/O
FF

M
AX

H
T

LS
M

ES
IC

40
-

69

LS
M

ES
IC
≥7

0

EL
EV

 2

Ovenbird

0

50

100

150

EL
EV

EL
EV

^2

M
O

IS
T

TO
PO

C
AN

M
AX

H
T

LS
≤9

LS
D

IV

EL
EV

 2

Red-eyed Vireo

0

20

40

60

80

EL
EV

^2

M
O

IS
T

R
D

/T
R

/O
FF

R
D

VE
G

LO
W

SH

H
ER

B

M
AX

H
T

EL
EV

 2

Hooded Warbler

0

20

40

60

80

EL
EV

EL
EV

^2

ED
G

E

R
D

/T
R

/O
FF

TA
LL

SH

LO
W

SH

LS
≤9

LS
M

ES
IC
≥7

0

LS
D

IV

EL
EV

 2

Black-throated Blue Warbler 

0

100

200

300

400

EL
EV

EL
EV

2

M
O

IS
T

TO
PO

M
AX

H
T

LS
M

ES
IC

40
-

69

LS
M

ES
IC
≥7

0
normalsqrt
normallog
Poisson
negative binomial

normalsqrt
normallog

EL
EV

 2



38

Fig. 1 (continued)
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Fig. 2.  Scatter plots of predicted mean counts from the four types of regression models for two
species.  Predicted values from normalsqrt and normallog models were back-transformed to mean
counts prior to plotting (see Appendix C).  The expected line through the origin with slope of one
is shown for reference.  Based on LRs (Fig. 1), and only considering the six species for which
negative binomial models converged (Table 4), Chestnut-sided Warbler was judged to have the
most disparate models (within-species), and Indigo Bunting the most similar.
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Chapter 2.  Spatial autocorrelation in species-environment analysis:  Autoregressive

models of songbird habitat use

Jeremy W. Lichstein1, Theodore R. Simons1,3, Kathleen E. Franzreb2, and Susan A. Shriner1

1Cooperative Fish and Wildlife Research Unit, Department of Zoology, North Carolina State

University, Raleigh, North Carolina 27695-7617, USA

2Southern Appalachian Cooperative Ecosystems Studies Unit, Department of Forestry, Wildlife,

and Fisheries, University of Tennessee, Knoxville, TN 37901, USA

Abstract

Recognition and analysis of spatial autocorrelation has defined a new paradigm in ecology

(Legendre 1993).  Attention to spatial pattern can lead to insights that would have been otherwise

overlooked, while ignoring space may lead to false conclusions about ecological relationships.

We used gaussian autoregressive models, fit with widely available software, to examine breeding

habitat relationships for three common Neotropical migrant songbirds in the southern

Appalachian Mountains of North Carolina and Tennessee, USA.  Our methods extend the

regression approach of Legendre (1993) to incorporate small-scale autocorrelation into species-

environment analysis.

In preliminary models that ignored space, the abundance of all three birds was correlated

with both local- and landscape-scale habitat variables.  These models were then modified to

account for large-scale spatial trend (via trend surface analysis) and small-scale autocorrelation

(via an autoregressive spatial covariance matrix).  Residuals from ordinary regression models
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were autocorrelated, indicating that the assumption of independent errors was violated.  In

contrast, residuals from autoregressive models showed little spatial pattern, suggesting that these

models were appropriate.

The magnitude of habitat effects tended to decrease, and the relative importance of

different habitat variables shifted, when we incorporated large- and then small-scale space into

the analysis.  The extent to which habitat effects were overestimated by spatially deficient

models was roughly correlated with the degree of spatial structure in the habitat variables.

Although landscape variables tended to be autocorrelated over a greater distance than local

habitat variables, the overestimation of landscape effects in spatially deficient models was

unpredictable, and there was no obvious tendency for landscape effects to be exaggerated

relative to local effects when autocorrelation was ignored.

Spatial pattern in the residuals from ordinary regression models may result from failure to

include or adequately measure autocorrelated habitat variables.  In addition, contagious

processes such as predation or conspecific attraction may generate spatial patterns in species

abundance that cannot be explained by habitat models.  Correlograms of the ordinary regression

residuals suggest that a scale of 500-1000 m would be appropriate for investigating possible

contagious processes in the species considered here.

Key words:  autoregressive models; bird-habitat relationships; CAR model; landscape effects;

multi-scale analysis; Neotropical migrant songbirds; spatial autocorrelation; species-environment

analysis
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Introduction

Spatial autocorrelation is frequently encountered in biological populations, and many ecological

theories and models implicitly assume an underlying spatial pattern in organisms and their

environment (Legendre and Fortin 1989).  Typically, species abundances are positively

autocorrelated, such that nearby points in space tend to have more similar values than would be

expected by random chance.  This pattern is often driven by multiple causes that may be

exogenous (e.g., autocorrelated environment, disturbance) and/or endogenous (e.g., conspecific

attraction, dispersal limitation, demography) (Sokal and Oden 1978b, Legendre 1993).  In

addition to its ecological significance, spatial autocorrelation presents a problem for classical

statistical tests, and ignoring space may lead to incorrect conclusions about relationships between

response and explanatory variables (Haining 1990:161, Legendre 1993).

Incorporating spatial autocorrelation into ecological analysis is particularly important in

studies that test for statistical correlations between species abundance and environmental

variables measured at different spatial scales.  Frequently, some form of regression analysis is

used to model counts or presence-absence data as a function of local- and landscape-scale habitat

variables (e.g., Pearson 1993, Bolger et al. 1997, Saab 1999).  Classical regression analysis

assumes independently distributed errors (Rawlings et al. 1998), and violating this assumption

results in a form of pseudoreplication (Hurlbert 1984).  When the response (e.g., species counts)

is autocorrelated, the assumption of independence is often invalid, and the effects of covariates

(e.g., habitat variables) that are themselves autocorrelated tend to be overestimated (Gumpertz et

al. 1997).  The degree of spatial autocorrelation in a variable is in part a function of the scale at

which it is measured (He et al. 1994, Bellehumeur et al. 1997).  Coarse-scale habitat variables



43

(e.g., percent forest cover within 1 km of each sample point) will often be autocorrelated over a

greater distance than fine-scale habitat variables (e.g., canopy cover above each sample point).

Thus, in statistical models that ignore space, the significance of landscape variables may be

exaggerated relative to local habitat variables.  While the geographic separation of sampled

landscapes decreases the likelihood of pseudoreplication (Pearson 1993), physical independence

does not guarantee statistical independence.  If landcover is autocorrelated on a scale of tens of

kilometers, then one kilometer radius landscape regions whose centers are separated by three

kilometers will be spatially dependent, even though they are non-overlapping.

Legendre (1993) suggested two general frameworks for incorporating space into

statistical analysis of ecological data.  In the “raw data approach,” species-environment

relationships are modeled by partial regression analysis (univariate case for individual species) or

constrained ordination (multivariate case for community analysis; Borcard et al. 1992, Legendre

and Legendre 1998); in both cases, the effect of space is partitioned out by a dummy-variable

coding of site variables or a trend surface analysis.  In the “matrix approach,” species and

environment data are represented by matrices of ecological distances between sample locations,

and spatial data are contained in a matrix of geographic distances.  The correlation between

species and environment, while controlling for space, is calculated by a partial Mantel test

(Manly 1986, Legendre and Legendre 1998).  The above methods have some limitations.  The

raw data approach described by Legendre (1993) accounts for large-scale spatial trend in the

data, but not small-scale autocorrelation (Legendre and Borcard 1994).  In the multivariate case,

the raw data approach may be extended to model small-scale autocorrelation (Legendre and

Borcard 1994), but the method is complicated if there are many response variables (i.e., species).

As with the raw data approach, the matrix approach focuses on large-scale trend, but can also
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incorporate small-scale autocorrelation by using separate matrices for different geographic

distance classes (Legendre and Legendre 1998:783-785).  As originally presented, the matrix

approach is concerned primarily with testing for statistical significance and offers little inference

about the effects of particular environmental variables (Legendre 1993).  Again, this problem

may be remedied by using separate distance matrices for each environmental variable (Legendre

and Legendre 1998:785).  Finally, the matrix approach does not provide a convenient means to

generate predicted responses (i.e., species abundance at unsampled locations).

An alternative approach to analyzing species-environment relationships in the presence of

small-scale autocorrelation is the class of spatial autoregressive models (Haining 1990, Cressie

1993).  These models can be thought of as two-dimensional extensions of one-dimensional

autoregressive models popular in time-series analysis (Cressie 1993).  Rather than assuming

independent errors, as in classical regression, spatial autoregressive models assume spatially

correlated errors.  In this context, associations between autocorrelated response and explanatory

variables can be properly evaluated.  Spatial autoregressive models have been known for decades

in the statistical literature (Besag 1974), but have not been used widely by ecologists (see Pickup

and Chewings 1986 and Augustin et al. 1996 for examples).  Theoretically, autoregressive

models can be fit to a variety of response distributions, including normal (autogaussian),

binomial (autologistic), and Poisson (auto-Poisson).  However, the auto-Poisson model can only

have negatively autocorrelated errors, and is therefore of limited practical use (Besag 1974,

Cressie 1993:553-555).  The autologistic model has been used in several ecological applications

(Augustin et al. 1996, Klute et al. in press).  “Pseudolikelihood” parameter estimates for the

autologistic model can be obtained with standard logistic regression software, but the standard

errors tend to underestimate the true sampling variability (Gumpertz et al. 1997).  We are not
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aware of any commercial software that calculates appropriate standard errors for autologistic

covariates.  In contrast to the autologistic model, parameter estimates for the autogaussian model

cannot be obtained with ordinary regression software, because the estimated mean function and

spatial covariance matrix (see Methods) interact so that an iterative fitting procedure is necessary

(Haining 1990:128).  Recent development of software for fitting autogaussian models (Kaluzny

et al. 1998) significantly expands the tools available to ecologists for analyzing autocorrelated

data.

In this paper, we extend the single species raw data approach of Legendre (1993) to

account for small-scale autocorrelation in species-environment analysis using autogaussian

regression models fit with a widely available software package (S-PLUS).  We develop models

for bird abundance as a function of local- and landscape-scale habitat variables using data from a

three-year breeding bird study in managed southern Appalachian forests in Tennessee and North

Carolina, USA.  The Southern Appalachian Mountains contain one of the highest densities and

diversities of Neotropical migratory songbirds (Passeriformes) of any region in North America.

Populations of many of these species are thought to be experiencing long term declines (Robbins

et al. 1989b, Askins et al. 1990).  While degradation of wintering (Robbins et al. 1989b, Askins

et al. 1992, Rappole et al. 1992, Sherry and Holmes 1996) and migratory (Moore and Simons

1992, Moore et al. 1995) habitats are likely important, habitat change on the breeding grounds

remains a prominent hypothesis in explaining long-term population declines of Neotropical

migratory songbirds (Brittingham and Temple 1983, Wilcove 1985, Temple and Cary 1988,

Robinson et al. 1995).  Numerous breeding studies have documented reduced abundance

(Robbins 1979, Ambuel and Temple 1983, Robbins et al. 1989a, Villard et al. 1999), pairing

success (Gibbs and Faaborg 1990, Villard et al. 1993, Van Horn et al. 1995), or nesting success
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(Brittingham and Temple 1983, Robinson 1992, Donovan et al. 1995, Hoover et al. 1995,

Robinson et al. 1995) in highly fragmented forests, and the conservation of Neotropical migrant

songbird populations is thought to depend, in part, on the preservation of large forest tracts in

North America (Wilcove 1985, Donovan et al. 1995, Robinson et al. 1995).  Despite this widely-

held belief, surprisingly little is known about nesting success or habitat use by breeding

Neotropical migrants in large forests (Simons et al. 2000).  Recent studies in both Europe and

North America have suggested that landscape composition and/or pattern influence breeding

songbird habitat use even in large forested areas (Raivio and Haila 1990, Enoksson et al. 1995,

McGarigal and McComb 1995, Jokimäki and Huhta 1996, Hagan et al. 1997, Schmiegelow et al.

1997, Penhollow and Stauffer 2000).

The present analysis seeks an understanding of how southern Appalachian songbirds

respond to their breeding habitat at local and landscape scales.  Our results are relevant to

Neotropical migratory bird conservation (Hagan and Johnston 1992, Martin and Finch 1995), as

well as to the more general ecological question of how organisms respond to environmental

variation at different spatial scales (Wiens 1989).  In addition, we hope that our discussion of

methods and related statistical issues will be valuable to the many ecologists who are currently

analyzing spatially autocorrelated data.

Methods

Study area

Seventy percent of the southern Appalachians region is forested (SAMAB 1996),

including remnant old-growth stands and extensive tracts of second-growth forest that have
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regrown following industrial logging from the late 1800s through the 1930s (Eller 1982, Yarnell

1998).  The U.S. Forest Service manages most of the public lands in the southern Appalachians

for timber, recreation, or other uses.  Our study area (35º40’00’’−36º07’30’’N,

82º37’30’’−83º07’30’’W) encompassed 60,000 ha of previously-logged forest from 380 to 1,460

m elevation in the French Broad Ranger District of Pisgah National Forest (North Carolina) and

the Nolichucky Ranger District of Cherokee National Forest (Tennessee).  Current forest cover

in the study area, by stand age, is:  ≤ 9 years 5%, 10-19 years 4%, 20-39 years 5%, 40-69 years

27%, and ≥ 70 years 59% (Hermann 1996).  Most younger stands (< 20 years old) were created

by small (~ 10 ha) clearcuts, which are scattered throughout the landscape.  The majority of the

study area consists of deciduous mesic hardwood forests, followed by xeric hardwood, mixed

xeric hardwood-pine (Pinus spp.), and xeric pine.

Bird counts

Our database consisted of 1,177 point locations sampled from mid-May to the end of

June in 1997-1999 at which weather conditions were favorable and there were no missing habitat

data.  Each point was sampled in two different years of the study.  Points were spaced at ~ 200 m

intervals along low-traffic roads (n = 570), hiking trails (n = 557), and off-road transects (n =

50).  The location of each point was recorded with a differentially corrected global positioning

system (GPS) (GeoExplorer II; Trimble Navigation 1996).  At each point, we recorded the

number of breeding pairs detected, along with a horizontal distance estimate from the observer,

during a 10 minute period using the variable circular plot method (Reynolds et al. 1980).  Counts

were conducted between sunrise and 10:15 hrs.  In our analysis (see below), we only included

detections with distance estimates ≤ 75 m from the observer.  Using this distance cut-off,
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detectability (the probability that a present bird is detected), which was estimated with program

DISTANCE (Thomas et al. 1998), was roughly equal across the different habitats sampled.

Additional details concerning bird counts can be found in Lichstein (2000:Chapter 3).

Local-scale habitat

Floristic and structural vegetation data were recorded within 10 m radius plots at each

sample location (Table 1).  Non-metric multidimensional scaling (NMDS), a robust non-

parametric ordination method (Minchin 1987), was used to generate axes representing gradients

in floristic composition.  Stand age was assigned to one of three successional stages (early, mid,

or late) for both sides of the road or trail, yielding six edge categories:  early-early, early-mid,

early-late, mid-mid, mid-late, and late-late.  Additional details on local habitat data can be found

in Lichstein (2000:Chapter 3).

Landscape-scale habitat

Landcover maps of the southern Appalachians region are available from the Southern

Appalachian Assessment GIS Data Base (Hermann 1996).  This database includes forest stand

coverages (digitized from 1:24,000 scale aerial photographs) for all National Forests in the

southern Appalachians (Hermann 1996).  We quantified landscape composition within a 250 m

radius circle centered on each sample point using ARC/INFO (ESRI 1998).  Because adjacent

sample points were separated by ~ 200 m, landscape circles overlapped considerably, ensuring

some spatial autocorrelation in landscape variables.  Within each 250 m radius circle, we

calculated the proportions of landcover categories that we expected would be correlated with the

abundance of different bird species (Table 1).  We calculated core area in each circle as the
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amount of ≥ 40 year old forest at least 100 m from a boundary with < 40 year old forest or non-

National Forest land.  Finally, as a measure of landscape heterogeneity, we calculated the

Simpson Diversity index (Magurran 1988),

1/∑pi
2

where pi refers to the proportion of six landcover categories (≤ 9, 10-19, 20-39, 40-69, and ≥ 70

year old stands, and non-National Forest land).  The present analysis is restricted to simple

landscape composition variables measured at a single scale.  A more thorough landscape analysis

does not qualitatively change our results and is presented elsewhere (Lichstein 2000:Chapter 3).

Statistical analysis

Our general analytical goal was to evaluate how the apparent importance of different

habitat variables changed depending on the scale(s) of spatial dependence accounted for by the

regression models.  We began by fitting models that ignored both the large-scale spatial trend in

the data, as well as the small-scale autocorrelation.  We then examined how these models

changed after accounting for large-scale trend, and we partitioned the variance explained in

species abundance to large-scale space, spatially structured environment, and non-spatially

structured environment following Legendre (1993).  Finally, we examined models that also

accounted for small-scale autocorrelation.

Measuring spatial autocorrelation.  We used Moran’s I correlograms (Sokal and Oden

1978a, Legendre and Legendre 1998) to evaluate autocorrelation in the bird counts, in the

residuals from the three types of regression models, and in the habitat variables included in the
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models.  Categorical variables were transformed into pseudo-quantitative variables in order to

calculate I.  Residuals from the bird-habitat models met the condition of second-order

stationarity required for significance tests of I (Legendre and Legendre 1998:718).  The

unmodeled bird counts and several of the habitat variables (e.g., ELEV) probably violated

stationarity assumptions, and significance tests for autocorrelation in these variables should be

interpreted with caution (Legendre and Legendre 1998:718).  Nevertheless, correlograms of

these variables provide a useful qualitative description of spatial pattern.  The significance of I

was assessed by randomization (1,000 permutations for each lag distance), and we used a

conservative α of 0.01 to control for multiple tests.  The first distance interval included all pairs

of points separated by ≤ 250 m, and subsequent intervals (out to a maximum distance of 3,100

m) were 150 m wide.  All intervals contained at least 2,000 pairs of points, providing high power

to detect autocorrelation.

Study species and preliminary analysis.  We analyzed point count data for three species

of Neotropical migrant warblers (Parulidae) that are common in our study area:  Chestnut-sided

Warbler (Dendroica pensylvanica), Hooded Warbler (Wilsonia citrina), and Black-throated Blue

Warbler (Dendroica caerulescens).  These species were selected because they represent a range

of habitat preferences, Chestnut-sided Warbler being an edge/early-successional specialist,

Hooded Warbler an edge/mature forest generalist, and Black-throated Blue Warbler a mature

forest specialist.  In addition, these species were the focus of a concurrent nesting success study.

Although patterns in bird abundance do not necessarily reflect habitat quality (Van Horne 1983),

all three species reproduce successfully in our study area (40-50 % nest success rate; J. W.

Lichstein, unpublished data); therefore, patterns in their abundance are likely to have some

adaptive significance.



51

In all regression models discussed below, the response variable was the square root

transformed count (Sokal and Rohlf 1995) for each species, summed across the two samples at

each of the 1,177 point locations.  Prior to analysis, quantitative explanatory variables were

standardized to mean zero and unit variance so that their estimated slope parameters could be

compared on a common scale.  Categorical variables were coded as zero/one dummy variables.

All of the models we used assume constant variance and normally distributed errors.  Plots of

partial residuals against each explanatory variable (Rawlings et al. 1998:350) indicated constant

variances for all three species.  These plots suggested non-linear responses to the independent

variables ELEV (Hooded and Black-throated Blue Warbler) and LS≤9 (Chestnut-sided and

Hooded Warbler), and the appropriate quadratic terms were added to these models.  Quadratic

terms were not standardized, because this would have altered the squared relationship to the

original variables.  Frequency histograms of residuals and normal probability plots (Rawlings et

al. 1998:357) indicated normality for Black-throated Blue Warbler, while residuals for Chestnut-

sided and Hooded Warbler were not normal (although both distributions were roughly

symmetric).  To investigate how non-normality would affect our results, we compared normal

regression models to Poisson and negative-binomial regression models for count data using

Generalized Linear Models (McCullagh and Nelder 1989).  Results from normal, Poisson, and

negative-binomial models were qualitatively similar (Lichstein 2000:Chapter 1), and we

therefore proceeded with the normal errors model due to its greater flexibility in fitting spatial

autoregressive models (see Introduction; Cressie 1993).

Habitat (‘OLS environment’) models.  For each species, we first fit ordinary least squares

(OLS) (Rawlings et al. 1998:325) multiple regression models to habitat variables (hereafter,

‘OLS environment models’), ignoring both large-scale spatial trend and small-scale
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autocorrelation.  In addition to assuming constant variance and a normally distributed response,

OLS regression assumes independent errors (Rawlings et al. 1998).  For each species, we began

with an OLS model that included all of the habitat variables listed in Table 1.  We eliminated by

hand variables with P > 0.01, retaining a few variables with 0.01 < P < 0.05 that we believed

were important (based on field observations).  We re-ran the model after each variable was

eliminated to evaluate how the other variables were affected.

Habitat + trend (‘OLS trend/environment’) models.  We used trend surface analysis

(Burrough 1995, Legendre and Legendre 1998) to examine large-scale spatial structure in the

data.  This analysis has two primary aims (Legendre 1993, Legendre and Legendre 1998):  (1) to

guard against false correlations between species and environment, as may arise when an

unmeasured environmental factor causes a common spatial structure in the species and in the

measured environmental variables; and (2) to determine if there is a substantial amount of large-

scale spatially structured variation in the species data that is unexplained by the measured

environmental variables.  We fit a trend surface to bird abundance by regressing the species

counts on all third-degree polynomial terms of the spatial coordinates at sample locations.  Due

to the large extent of our study area, a higher order polynomial model may have been appropriate

(Legendre and Legendre 1998:742), but  for simplicity, we opted for the third degree model.

Non-significant trend surface terms were removed by an automated step-wise selection routine.

Following Legendre (1993), the proportion of variation in the species data explained by trend

(independent of environment), environment that is spatially structured on a large-scale, and non-

spatially structured environment (i.e., environment independent of trend) was partitioned using

partial regression analysis (Legendre and Legendre 1998).  In these regressions, large-scale space

was modeled by the polynomial trend surface for each species, and environment was modeled by
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the habitat variables from the OLS environment models.  The total variation in the counts

explained by space and environment combined was obtained from ‘OLS trend/environment

models,’ which included both the trend surface terms and the habitat variables.

Habitat + trend + autocorrelation (‘CAR trend/environment’) models.  Because trend

surface analysis only accounts for large-scale spatial pattern (Legendre 1993, Legendre and

Borcard 1994, Legendre and Legendre 1998), we next examined how the OLS

trend/environment models changed when we accounted for small-scale spatial autocorrelation

using autogaussian models.  Autogaussian models take on one of two common forms

(conditional and simultaneous), depending on how the spatially correlated error structure is

specified (Haining 1990, Cressie 1993).  Cressie (1993:408) recommends the conditional

autoregressive (CAR) model to the simultaneous model.  We fit both models, and the results

were nearly identical.  We report results for the CAR model only.  The ‘CAR trend/environment

model’ accounts for both large-scale trend (via inclusion of trend surface terms) and small-scale

autocorrelation (via the correlated error structure; see below).

The difference between OLS and CAR models can be understood by considering the

expected value and distribution of Y, the vector of observed responses.  For both models, Y is

assumed to have a multivariate normal (MVN) distribution:

Y ~ MVN[µ, V]

where µ, the vector of means, is equal to Xβ (X is a matrix of independent variables, and β is a

vector containing their slopes), and V is an n×n covariance matrix (n is the number of
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observations).  In the OLS model, the expected value of an observation Y at a location i is simply

µi, and the covariance matrix is

V = Iσ2

where I is the identity matrix (1s on the diagonal and 0s elsewhere) and σ2 is a constant.  Thus,

every Yi has the same variance (σ2), and the covariance between Yi and Yj is zero for all locations

i ≠ j (Rawlings et al. 1998:87).

In the CAR model, the expected value of Yi, given the values of the response at all other

locations, is µi plus a weighted sum of the mean-centered counts at locations in the spatial

neighborhood of i:

E[Yi | all Yj≠i] = µi + ρΣj≠iwij(Yj – µj)

where ρ is a parameter to be estimated that determines the direction (positive or negative) and

magnitude of the spatial neighborhood effect, wij are weights that determine the relative

influence of location j on location i, and Yj – µj are the mean-centered counts at locations j

(Haining 1990:88, Cressie 1993:407).  Thus, CAR models, and autoregressive models in general,

assume that the response is a function of both the explanatory variables (µ in the equation above)

and the values of the response at neighboring locations (the summation in the equation above).

In the context of species-environment analysis, and assuming positive autocorrelation (ρ > 0), the

CAR model has the following interpretation:  if location i is surrounded by locations j, which,

based on the habitat at j, have higher species abundance than expected, then i will also have
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higher species abundance than expected from the habitat at i.  Similarly, if locations j have lower

species abundance than expected (due to habitat), then i will also have lower abundance than

expected (due to habitat).  This framework is well-suited for modeling the abundance of species

whose distributions are controlled by a combination of exogenous (e.g., habitat) and endogenous

(e.g., clonal growth, conspecific attraction) factors.  In most cases, it is reasonable to assume that

distant locations will affect each other less than nearby locations; therefore, the weights (wij) in

the CAR model are typically defined to decrease with increasing distance between i and j (e.g.,

wij = 1/distanceij), and are zero if i and j are not within each other’s spatial neighborhood (zone of

influence).  An appropriate neighborhood size is the maximum distance at which the residuals

from an OLS model are autocorrelated.  This distance may be judged by examining a

semivariogram or correlogram of the OLS residuals (Cressie 1993:557).  See Haining (1990),

Cressie (1993), and Gumpertz et al. (1997) for further discussion of weight definitions.

The covariance matrix for the CAR model is

V = (I – ρW)-1σ2

where W is an n×n matrix with zeros on the diagonal and the neighborhood weights (wij) in the

off-diagonal positions (Haining 1990:88, Cressie 1993:407).  In contrast to the OLS model

(where all covariances are zero), covariances in the CAR model are nonzero for locations i and j

that are within each other’s spatial neighborhood, and, for ρ > 0 (positive autocorrelation), the

covariances increase the closer i and j are to each other.  The CAR model can easily be modified

to accommodate non-constant variances, although this was not necessary in the present analysis.
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Prior to fitting CAR models, we examined directional correlograms (± 180˚ azimuths =

0˚, 45˚, 90˚, and 135˚; angular tolerance = ± 22.5˚) of OLS trend/environment residuals to

determine if autocorrelation was isotropic (the same in all geographic directions) (Haining

1990:66, Legendre and Legendre 1998:721).  Anisotropy was not detected for any of the three

species.  Based on correlograms of OLS trend/environment residuals and empirical trials, we

selected a 750 m radius spatial neighborhood for all three species.  While a radius of 750 m did

not correspond precisely with the maximum distance at which OLS trend/environment residuals

were autocorrelated, correlograms of these residuals did roughly approach zero near 750 m for

all three species (Fig. 2).  Following Cressie (1993:554), we fit CAR models with three different

neighbor weight definitions:  wij = 1, 1/distanceij, and (1/distanceij)2.  We selected an appropriate

weight function based on model fit (maximized likelihood) and by how well the model

accounted for autocorrelation (i.e., we examined correlograms of CAR residuals for each of the

three weight functions).  We selected wij = (1/distanceij)2 for Chestnut-sided Warbler, and wij =

1/distanceij for Hooded and Black-throated Blue Warbler.  The choice of weight function had

minimal impact on parameter estimates and significance tests for habitat variables in the CAR

models.

Assessing habitat effects.  For all models, we evaluated the contribution of each habitat

variable by a likelihood ratio test (Haining 1990:142).  This provided a common grounds for

assessing the importance of each habitat variable in OLS vs. CAR models.  (CAR models are fit

by maximum likelihood, and traditional F statistics are not available.)  The likelihood ratio test

statistic (LR) is based on the ratio of maximized likelihoods for nested models, with the reduced

model containing a subset of the variables in the full model:
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LR = −2[ln(Lreduced/Lfull)] = −2[ln(Lreduced) – ln(Lfull)]

where Lreduced and Lfull are the maximized likelihoods of the reduced and full models,

respectively.  Under the null hypotheses that the reduced and full models fit the data equally

well, LR has an approximate χ2 distribution with degrees of freedom equal to the number of

additional parameters in the full model.

Finally, we wished to gain some insight into how autocorrelation in the habitat variables

would affect their apparent importance in the three different types of regression models.  We

hypothesized that the degree to which a spatially deficient model overestimated the effect of a

habitat variable would be correlated with the degree to which the habitat variable was

autocorrelated.  For each habitat variable, we approximated the overestimation of its effect due to

ignoring large-scale trend as

Overestimationtrend = LR(OLS environment) – LR(OLS trend/environment).

We predicted that this overestimation index would be positively correlated with the degree to

which the habitat variable was spatially structured on a large scale.  We approximated this large-

scale structure as the R2 obtained from a third-degree polynomial trend surface analysis of each

habitat variable.  Categorical variables were transformed into pseudo-quantitative variables for

this analysis.  Similarly, we approximated the overestimation of habitat effects due to ignoring

small-scale autocorrelation as

Overestimationautocor = LR(OLS trend/environment) – LR(CAR trend/environment).
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We predicted that this overestimation index would be positively correlated with the degree to

which the habitat variable was autocorrelated on a small scale.  We approximated this small-

scale autocorrelation from a correlogram of each habitat variable, taking the average value of

Moran’s I out to a lag distance of 775 m (the approximate size of the spatial neighborhood in the

CAR models) as an index of autocorrelation.  We evaluated the relationship between the above

overestimation indices and their corresponding autocorrelation indices by visual inspection of

scatter-plots; a formal statistical test for correlation was inappropriate because some of the

habitat variables were not independent (e.g., ELEV and ELEV2).

All regression analyses were performed with S-PLUS (MathSoft 1999).  R2 values for

OLS models were obtained with the ‘lm’ (linear models) function.  The identical models can also

be fit with the ‘glm’ (generalized linear models) function, which was used to perform likelihood

ratio tests for the OLS models.  CAR models were fit with the ‘slm’ (spatial linear models)

function (Kaluzny et al. 1998).  To ensure that the likelihood ratio tests obtained from ‘glm’ were

comparable to those from ‘slm,’ we calculated LRs for OLS models using ‘slm’ by comparing a

reduced model lacking both ρ (the spatial parameter) and each habitat variable to a ‘full’ model

lacking only ρ.  The results were identical to those obtained with ‘glm.’

Results

OLS environment models explained 48, 21, and 36 % of the variation in the counts for Chestnut-

sided, Hooded, and Black-throated Blue Warbler, respectively.  ELEV was the first or second

most important variable for all three species, and all models included both local- and landscape-

scale habitat variables (Fig. 1, Table 2).  OLS environment models explained much of the large-



59

scale spatial pattern in the counts for all three species, as seen in the overall shift in the

correlograms towards zero (Fig. 2:  compare correlograms for counts to those for OLS

environment residuals).  The OLS environment model for Chestnut-sided Warbler also explained

some of the small-scale spatial pattern in the counts, as seen in the more rapid decline in Moran’s

I for the OLS environment residuals compared to the counts for this species (Fig. 2).  In contrast,

OLS environment models explained little of the small-scale autocorrelation in the counts for

Hooded and Black-throated Blue Warbler:  the shape of the correlograms for the counts and OLS

environment residuals were similar for these two species (Fig. 2).  For all three species, OLS

environment residuals were significantly positively autocorrelated, indicating that the assumption

of independent errors was violated.

Trend surface analysis explained 26, 8, and 21 % of the variation in the counts for

Chestnut-sided, Hooded, and Black-throated Blue Warbler, respectively (Table 3).  OLS

trend/environment models, which included both the trend surface terms and the habitat variables,

explained only slightly more variation than OLS environment models:  53, 22, and 39 % for

Chestnut-sided, Hooded, and Black-throated Blue Warbler, respectively.  The reason for this

marginal improvement is clear from the partitioning of explained variation due to space, spatially

structured environment (‘trend/environment’), and non-spatially structured environment (Fig. 3):

After controlling for environmental (habitat) effects, large-scale space explains only a small

amount of variation in the species data, and this amount is equal to the increase in R2 values

(percent variation explained) in OLS trend/environment vs. OLS environment models.  The sum

of the space and trend/environment fractions in the partitioning (Fig. 3) is equal to the R2 values

from the trend surface models of species counts, and the sum of the trend/environment and

environment fractions is equal to the R2 values from the OLS environment models.  While much
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of the explanatory power of the habitat variables was correlated with large-scale spatial trend

(trend/environment fraction in Fig. 3), there were substantial non-spatially structured habitat

effects for all three species (environment fraction in Fig. 3).

Incorporating large-scale trend into OLS models had little effect on the small-scale

spatial pattern in the residuals:  the overall shapes of the OLS environment and OLS

trend/environment correlograms were nearly identical within each species (Fig. 2).  This is to be

expected, as a third degree polynomial trend surface is not likely to explain spatial variation on

the scale of 100s of meters in a 60,000 ha study area.  As with OLS environment models,

correlograms for OLS trend/environment models suggested that the OLS assumption of

independent errors was violated:  the OLS trend/environment residuals were significantly

autocorrelated out to 625 m for Chestnut-sided Warbler, 325 m for Hooded Warbler, and ~ 1,500

m for Black-throated Blue Warbler.  While incorporating trend did not account for the small-

scale autocorrelation in the species data, there was an overall shift in Moran’s I toward zero in

the OLS trend/environment vs. OLS environment correlograms (Fig. 2).  The amount by which

each correlogram shifted toward zero reflects the amount of additional large-scale spatial

variation in the species data explained by OLS trend/environment over OLS environment models

(trend fraction in Fig. 3):  The addition of trend surface terms to OLS environment models had a

greater impact for than for Hooded Warbler (Fig. 3); accordingly, the shift in the correlograms

towards zero was more noticeable for Chestnut-sided and Black-throated Blue Warbler (Fig. 2).

As expected, LR statistics for many habitat variables were reduced in OLS

trend/environment models compared to OLS environment models, although this was true only

for ELEV in the case of Black-throated Blue Warbler (Fig. 1).  The reduction in LRs indicates

that the measured habitat variables had less impact on model fit after controlling for large-scale
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spatial trend.  In most cases, parameter estimates reflected the LRs, tending to be lower in

magnitude in OLS trend/environment than in OLS environment models for variables with

reduced LRs in OLS trend/environment models (Table 2).

In contrast to OLS models, residuals from CAR trend/environment models showed no

significant autocorrelation at the smallest lag distances, with a few of the larger lags exhibiting

marginally significant autocorrelation (Fig. 2).  The lack of spatial pattern in the CAR residuals

suggests that the CAR models were appropriate (Pickup and Chewings 1986).  Likelihood ratio

tests for the spatial parameter (ρ) (Haining 1990:142) were significant for Chestnut-sided (LR =

57.6, P < 0.0001), Hooded (LR = 40.1, P < 0.0001), and Black-throated Blue Warbler (LR =

133.0, P < 0.0001), indicating that the CAR models fit the data significantly better than the OLS

trend/environment models.  This implies that, after controlling for habitat effects, species

abundance at sample points was significantly correlated with abundance at surrounding points.

Comparison of LRs from CAR trend/environment models to those from OLS

trend/environment models showed the same general trend as comparison of LRs from OLS

trend/environment to OLS environment models:  for Chestnut-sided and Hooded Warbler, the

effect of several habitat variables were overestimated in the spatially deficient models, while for

Black-throated Blue Warbler, only the effect of ELEV was overestimated (Fig. 1).  As with the

comparison between parameter estimates from the two types of OLS models, the magnitude of

parameter estimates in CAR trend/environment vs. OLS trend/environment models tended to

reflect differences in LRs between the two models (Table 2).

For all three species, the relative importance of habitat variables shifted across the three

types of models (Fig. 1).  For example, LSMESIC≥70 was the second most important variable in

the Hooded Warbler OLS environment model, but was the sixth most important variable in the
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CAR model.  For Black-throated Blue Warbler, ELEV was the single dominant variable in the

OLS environment model, but was one of several important variables in the CAR model.  In

addition to shifts in relative importance, the overall magnitude of habitat effects tended to

decrease in spatially more complex models for Hooded and, to a lesser extent, for Chestnut-sided

Warbler (Fig. 1).  In one extreme case, LSCORE went from highly significant (P < 0.0001) in

the Hooded Warbler OLS environment model to non-significant in the CAR model (Table 2).

All habitat variables included in regression models were autocorrelated out to at least 625

m, and most variables were autocorrelated out to several kilometers (Fig. 4).  A few local habitat

variables (ELEV, ELEV2, RD/TR/OFF, and RDVEG; Fig. 4A) and all four landscape variables

(Fig. 4B) exhibited extreme spatial patterns, with Moran’s I approaching one (perfect positive

autocorrelation) at the shortest lags.  LS≤92  was autocorrelated out to a shorter distance than the

other landscape variables (Fig. 4B).  This result is likely due to the rare and patchy distribution

of early-successional forest in the study area, compared to the much more abundant and

continuous older forest (see Methods/Study area).  (Squaring LS≤9 had little affect on the

structure of the correlogram and does not explain the shorter range of autocorrelation in LS≤92

compared to the other landscape variables.)

Scatter-plots of Overestimationtrend vs. the large-scale trend in habitat variables showed

positive relationships for Chestnut-sided and Hooded Warbler (Fig. 5).  The relationship was

questionable for Black-throated Blue Warbler, and depended on a single outlier (ELEV).

Scatter-plots of Overestimationautocor vs. the small-scale autocorrelation in habitat variables

showed similar patterns.  There was a strong positive relationship for Hooded Warbler and noisy

positive relationships for Chestnut-sided and Black-throated Blue Warbler (Fig. 5).

Overestimationtrend and Overestimationautocor were not obviously greater for landscape than for
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local variables, and several local variables (e.g., ELEV and ELEV2) had consistently large values

for both overestimation indices (Fig. 5).  In general, the degree of overestimation of habitat

effects was predicted better by the autocorrelation indices than by the simple classification of

variables as local- or landscape-scale.

Discussion

It is well known that ignoring spatial autocorrelation can lead to overestimating environmental

effects on species abundance (Haining 1990:166, Borcard et al. 1992, Legendre 1993), yet there

are few examples in the ecological literature that address this issue in the regression context (e.g.,

Klute et al. in press).  We have demonstrated how autocorrelation at several spatial scales can be

incorporated into species-environment analysis via autoregressive models fit with widely

available software.  In ordinary least squares (OLS) regression, the assumption of independent

errors can be checked qualitatively by plotting a correlogram (or semivariogram) of the residuals,

and Moran’s I provides a formal statistical test for autocorrelation (Legendre and Legendre

1998).  In contrast, in autoregressive models, correlated errors are assumed, and a correlogram of

the residuals provides a check on the appropriateness of the spatial structure of the model:  if the

model is appropriate, then the residuals should have no spatial pattern (Pickup and Chewings

1986).  In this study, residuals from OLS habitat models were autocorrelated, and incorporating

spatial trend surface terms did little to correct this statistical problem.  Residuals from

autoregressive (CAR) models were not autocorrelated, suggesting that these models were

appropriate and provided a reasonable picture of habitat effects on bird abundance.  Moreover,

autoregressive models fit the data significantly better than OLS models.  In other words, after

controlling for the effect of the habitat variables, there was a significant correlation between
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species counts at sample points located within each other’s spatial neighborhood (zone of

influence).  This autocorrelation may be due to problems with the OLS models (see below;

Haining 1990:332-334) or to spatially contagious biological processes (e.g., conspecific

attraction) (see below; Legendre 1993).

For all three species considered, the magnitude of habitat effects, as well as the relative

importance of different habitat variables, shifted as we incorporated different spatial scales into

the analysis.  For two of the three species (Chestnut-sided and Hooded Warbler), models that

ignored both large-scale trend and small-scale autocorrelation overestimated habitat effects

relative to models that accounted for trend, and these in turn overestimated habitat effects

relative to autoregressive models that accounted for both trend and autocorrelation.  For these

two species, the extent to which spatially deficient models overestimated habitat effects was

roughly correlated with the degree to which habitat variables were spatially structured (Fig. 5).

In contrast, for Black-throated Blue Warbler, the effect of only one variable (elevation) was

grossly overestimated in models that ignored space.  Although this variable had the strongest

autocorrelation of any habitat variable examined, Black-throated Blue Warbler abundance was

related to other highly autocorrelated variables whose effects did not substantially change in

models incorporating different spatial scales.

Landscape-scale habitat variables tended to exhibit stronger autocorrelation than local

habitat variables (Fig. 4).  This is to be expected in both natural and anthropogenic landscapes

due to large-scale patterns in landcover, as well as to the coarse nature of many landscape-scale

measurements.  Fine-scale local habitat variables often vary considerably over short distances,

making them less likely than landscape-scale variables to exhibit autocorrelation at the sampling

intervals typical of large-scale field studies.  Because positive autocorrelation in explanatory
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variables often results in overestimating their effects (Fig. 5; Gumpertz et al. 1997), there may be

a systematic bias in multi-scale species-environment studies to exaggerate the importance of

large-scale vs. small-scale environmental factors.  However, this bias was not apparent in the

present study, and the overestimation of habitat effects was predicted better by quantitative

indices of spatial dependence in habitat variables than by simply classifying the variables as

local- or landscape-scale.  There is still much we do not know about how spatial pattern in

response and explanatory variables interact.  A simulation study in which response and

explanatory variables are spatially structured at different scales would be useful in clarifying this

issue.

Following Legendre (1993), we have referred to large-scale spatial dependence as trend

and small-scale spatial dependence as autocorrelation.  Conceptually, Legendre and Legendre

(1998:11) define autocorrelation as arising from interactions between responses at sites within

each other’s “zone of spatial influence,” as would result from “contagious biotic processes such

as growth, mortality, migration, and so on (Legendre 1993).”  In contrast, trend is defined as a

spatial pattern arising from the influence of spatially structured explanatory variables (Legendre

and Legendre 1998:11).  When the process generating the spatial pattern is not known, as is often

the case in observational field studies, trend and autocorrelation are difficult to distinguish by the

above conceptual definitions (Legendre and Legendre 1998:724-725).  In regression, the

practical distinction between trend and autocorrelation is straight-forward:  autocorrelation refers

to spatial pattern in OLS residuals, and may be modeled with a correlated error structure (e.g.,

CAR model in this paper); trend refers to larger scale patterns that may be modeled with

environmental variables or trend surface terms.   With these practical definitions in mind, what is

perceived as trend and autocorrelation in regression will largely be determined by the size of the
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study area and the proximity of sample locations.  For example, in a regional-scale breeding bird

study in which sample locations are separated by several kilometers, the trend in our data that is

not explained by habitat (trend fraction in Fig. 3) would appear as autocorrelation (spatially

structured OLS residuals), and the autocorrelation in our data would appear as non-spatially

structured noise, because the sample locations would be spaced too far apart to detect the small-

scale patterns observed in this study.

We modeled autocorrelation with a spatially correlated error structure using an

autogaussian (CAR) model.  The spatial covariance matrix accounted for autocorrelation in the

response that was not explained by the explanatory variables.  Ignoring autocorrelation in the

response (i.e., setting all error covariances to zero) may result in overestimating the significance

of explanatory variables, because the true sampling variability of their parameter estimates is

underestimated (Haining 1990:166).

In contrast to small-scale autocorrelation, we modeled trend by adding spatial trend

surface terms to habitat regression models.  In this framework, ignoring trend (i.e., omitting the

trend surface terms) biases the parameter estimates for habitat variables that are spatially

structured on a large scale.  This bias occurs in regression whenever important explanatory

variables are missing from a model, unless they have zero correlation with the retained variables

(Rawlings et al. 1998:208).  Throughout this paper, we have treated trend as a potential source of

false correlations between species and environment that do not reflect causal relationships

(Legendre and Legendre 1998:769).  This problem could arise, for example, when an

unmeasured environmental factor causes a similar spatial distribution in a species and in an

unimportant habitat variable that happened to be measured.  In this context, only the non-

spatially structured component of environment is assumed to reflect a causal relationship with
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the species.  However, the spatial component of environment may in fact be related to the

species:  that the environment is spatially structured does not necessarily imply the presence of a

false correlation, only the possibility of one.  In some cases, it may be reasonable to assume that

all of the variation in the species’ distribution explained by environment (both the spatial and

non-spatial components) is the result of causal factors (Legendre and Legendre 1998:770), and it

may not be relevant to partition the variation in the species data explained by environment (e.g.,

Fig. 3).

In this study, as in many observational field studies, the causal factors related to species

abundance were poorly understood.  Even in the case of the non-spatial environmental fraction in

Figure 3, we do not know if the effects we observed reflect causality (James and McCulloch

1990).  For example, all three species were highly correlated with elevation after controlling for

trend.  Yet it is likely that, rather responding directly to elevation, the birds actually responded to

some factor (e.g., temperature) that was correlated with elevation, as has been suggested for

plants (Austin and Smith 1989).  When causality cannot be established, the partitioning of

explained variation (Fig. 3) should simply be interpreted as the effects of spatially and non-

spatially structured environmental factors, although in both cases the causal factors may not be

the ones included in the analysis.  It should also be noted that what is perceived as spatially vs.

non-spatially structured environmental variation is sensitive to the degree of the polynomial

trend surface.  A third degree polynomial model is often used (e.g., Borcard et al. 1992,

Legendre 1993), and Legendre and Legendre (1998:741) offer some additional guidance

regarding the appropriate degree of complexity in trend surface models.  However, the decision

is somewhat subjective, and it may be worthwhile to consider if one’s results are qualitatively

affected by fitting a more or less complex surface.
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Beyond the analytical considerations discussed above, our results have implications for

designing field studies.  Correlograms of OLS model residuals suggest that in our study, sample

locations separated by ~ 750 m were statistically independent for Chestnut-sided and Hooded

Warbler, and nearly so for Black-throated Blue Warbler (Fig. 2).  However, spacing our points

this far apart would have resulted in a considerably smaller sample size due to increased travel

time.  While each closely-spaced point did not represent an independent sample, there was at

least some new information provided by each point.  This is evident from the correlograms of

OLS residuals:  Moran’s I did not approach one even at the shortest lag distance.  In our study, a

large sample size, corrected for autocorrelation, likely provided more statistical power to detect

habitat effects than the smaller number of independent samples we could have collected with the

same resources.  This scenario is probably common in landscape-scale field studies.

In addition to a larger sample size, our study design allowed us to detect spatial patterns

in species distributions that would have been overlooked by more widely-spaced sample

locations.  Classical regression models explained, on average, only about a third of the variation

in the species data.  However, some of the unexplained variation, rather than appearing as

random noise, was spatially structured on a small scale.  Several factors may account for this

result.  Mis-specifying the form of a model (e.g., assuming a linear model when the true

relationship is non-linear) may lead to autocorrelated residuals, as can failing to include (or

poorly measuring) an important explanatory variable that is itself autocorrelated (Haining

1990:332-334).  In our study, we do not think that mis-specification was a problem, because we

checked the relationship between the response and all explanatory variables using partial residual

plots (Rawlings et al. 1998:350).  We cannot rule out measurement error or missing habitat

variables as explanations for autocorrelation in the residuals.  However, we suggest that the



69

spatial pattern was due, at least in part, to the behavior of the birds.  Conspecific attraction results

in some high-density areas, while other areas of equally suitable habitat may be under-utilized

(Cody 1981).  This aggregation would result in autocorrelated residuals from habitat models,

because habitat would not fully explain the species’ spatial distribution (Augustin et al. 1996).

Aggregation may give individuals more opportunities to seek extrapair copulations (EPCs)

(Ramsay et al. 1999), which are known to be common in passerines that breed in the north

temperate zone (Stutchbury and Morton 1995).  EPCs have been documented for Hooded

(Stutchbury et al. 1994) and Black-throated Blue Warbler (Chuang et al. 1999).  (We are

unaware of any studies that have investigated EPCs for Chestnut-sided Warbler.)  In addition to

seeking EPCs, aggregation may be due to dispersing animals cueing on the presence of

conspecifics as an indicator of habitat quality (Smith and Peacock 1990).

While the presence of conspecifics may sometimes reflect a superior habitat, bird habitat

selection is in part a stochastic process (Haila et al. 1993, 1996).  Dispersing individuals settling

randomly in one of several suitable sites may later attract conspecifics, resulting in spatial

aggregations that cannot be explained by habitat alone.  Site-fidelity in a variable environment

(Wiens 1985, Wiens et al. 1986), combined with conspecific attraction, could also generate

spatial patterns in animal abundance poorly explained by habitat.  However, as there was almost

no logging in our study area during or several years prior to the study, this is an unlikely

explanation for the spatial patterns we observed.  Numerous other spatially contagious processes

could explain autocorrelated species data, with predation and natal dispersal being among the

most obvious.  However, indirect evidence from nest-monitoring suggests that adult mortality

during the breeding season is rare in our study area (J. W. Lichstein, unpublished data), and natal

dispersal in birds in general (Greenwood and Harvey 1982), and in Hooded (Evans Ogden and
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Stutchbury 1994) and Black-throated Blue Warbler (Holmes et al. 1992) in particular, is thought

to be too spatially extensive to explain the small-scale autocorrelation we observed.  (We are not

aware of any information on the extent of natal dispersal in Chestnut-sided Warbler.)  While our

data cannot resolve which, if any, of the above processes generated autocorrelation in the species

data, conspecific attraction, for whatever reason, seems the most likely candidate.  Our results

suggest 500-1000 m (i.e., the scale of autocorrelation in the OLS regression residuals) would be

an appropriate scale for future studies of possible social interactions or other contagious

processes in these species.

The models presented here are in accordance with our understanding of the species’

breeding ecology.  In our study area, Chestnut-sided Warbler is found primarily at high

elevations in regenerating stands or other recently disturbed sites.  The strong correlation with

the presence of Rubus along roadsides is likely due to the species’ frequent use of this vegetation

as a nesting substrate (J. W. Lichstein, unpublished data).  There was also a strong correlation

with the proportion of regenerating forest in the landscape.  This is not surprising, given the

rarity of this habitat in our study area (Andrén 1994, Andrén et al. 1997).  At the local scale,

Hooded Warbler abundance was correlated with disturbed sites and sites with heavy shrub cover.

In our study area, Hooded Warblers nest in thick woody undergrowth in a variety of habitats,

including road-sides, tree-fall gaps in mature forest, and Rhododendron thickets (J. W. Lichstein,

unpublished data).  At the landscape scale, Hooded Warbler abundance was positively correlated

with both younger and older forest, and negatively correlated with the amount of core area.

While this suggests a preference for heterogeneous landscapes, the correlations were weak after

controlling for autocorrelation.  Finally, Black-throated Blue Warbler had a strong non-linear

relationship with elevation.  It is absent at the lowest elevations in our study area, becoming
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increasingly abundant up to about 1000 m, and then leveling off at higher altitudes.  After

correcting for autocorrelation, the relative effect of other variables (e.g., canopy height and

landscape-scale forest composition) became more apparent.  The importance of landscape-scale

variables was expected, as Black-throated Blue Warbler is considered area-sensitive, preferring

large forest patches in fragmented landscapes (Robbins et al. 1989a).  The fact that this species

responded to landscape composition in our study area (a large forest within a mostly forested

region) emphasizes the sensitivity of some forest-interior Neotropical migrants to landuse

patterns (Faaborg et al. 1995, Freemark et al. 1995).  In addition to landscape effects, we

expected to find strong relationships with local vegetation variables for this species, which nests

almost exclusively in Rhododendron and thick herbaceous patches (J. W. Lichstein, unpublished

data).  The absence of correlations with the shrub and herbaceous layers may indicate that our

local habitat measurements were not sensitive enough to describe the preferred nest sites, which

include only certain sized Rhododendron individuals and only a few herbaceous species (J. W.

Lichstein, unpublished data).  The negative correlation with the third NMDS axis does suggest a

preference for Rhododendron, but this correlation was weak.

Strictly speaking, the methods used in this paper apply to spatial lattices, in which the

data correspond to values within regular (e.g., pixels in a satellite image) or irregular (e.g.,

counties or provinces) geographic regions (Cressie 1993).  Alternative approaches to spatial data

analysis can be found in the geostatistical literature (Rossi et al. 1992).  In contrast to lattice data,

geostatistical data vary continuously in space.  In practice, methods for lattice and geostatistical

data are often interchangeable, and many ecological data sets do not fall neatly into either

category.  In the present study, it seems more natural to consider the data as coming from an

irregular lattice, due to the territoriality of the species we studied.  However, a geostatistical
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interpretation is also valid, and geostatistical tools such as cross-correlograms are potentially

useful for examining species-environment relationships (Rossi et al. 1992).  An advantage of

autoregressive models over the cross-correlogram approach is the ease with which relationships

between species abundance and numerous environmental factors can be simultaneously analyzed

in the multiple regression context.  Other useful approaches to spatial analysis in ecology,

including partial Mantel tests and methods for periodically varying spatial phenomena, can be

found in Legendre and Fortin (1989), Legendre and Legendre (1998), and Roxburgh and

Chesson (1998).

Conclusions

A prominent feature of the OLS models in this study is the large amount of unexplained variation

(Fig. 3).  This variation likely consists of three components:  (1) large-scale spatial structure

(including that due to unmeasured habitat variables), which could be explained by a more

complex trend surface model; (2) small-scale spatial structure, as seen in the autocorrelated OLS

residuals (Fig. 2); and (3) random variation due to stochasticity in bird habitat selection (Haila et

al. 1993, 1996), as well as measurement error.

Our results are consistent with previous studies that found both local- and landscape-scale

effects on breeding songbird habitat use in large managed forests (e.g., Jokimäki and Huhta

1996, Hagan et al. 1997), as well as in other settings (e.g., Bolger et al. 1997, Saab 1999).  After

controlling for spatial autocorrelation, the abundance of Chestnut-sided and Black-throated Blue

Warbler remained strongly correlated with landscape features, while the abundance of Hooded

Warbler was only weakly correlated with the landscape.  Habitat effects in spatially deficient

models tended to be overestimated for autocorrelated habitat variables such as elevation and



73

landscape composition.  The overlap in GIS-derived landscape circles at adjacent sample points

contributed to autocorrelation in landscape variables; however, these variables would have been

autocorrelated even if the circles were non-overlapping, due to the large-scale autocorrelation in

the landscape (Fig. 4B).  This issue has been largely ignored in landscape-scale studies of

species-environment relationships.

In OLS regression, the assumption of spatial independence can easily be checked by plotting

a correlogram of the residuals.  We also recommend plotting correlograms of environmental

variables as a useful step in exploratory data analysis (e.g., Klute et al. in press).  However,

attempting to ensure that samples are spatially independent is likely a mis-guided goal for most

ecological field studies, and much can be learned from the spatial pattern in the data (Sokal and

Oden 1978b, Legendre and Fortin 1989, Rossi et al. 1992, Legendre 1993).  Nevertheless, it is

often the case that a researcher wishes to know the strength of species-environment relationships

after controlling for space.  This paper builds on the approach of Legendre (1993) to control for

small-scale autocorrelation in single-species regression analysis using autogaussian models.

Autoregressive models have seldom been used by ecologists, and this likely is due to the

difficulty of fitting or evaluating the models without appropriate software.  Recently developed

software makes the autogaussian model accessible to a broad group of practitioners.  Future

software packages that calculate standard errors for the autologistic model would provide another

important tool for ecologists.
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Table 1.  Habitat variables used in regression models.  For categorical variables, the number of categories is
given in parentheses.  All landscape variables were measured within 250 m radius circles, centered on each
sample location.

Local habitat variables
ELEV elevation
ELEV2 (elevation)2

TOPO (4) topographic position (ravine, flat, slope, or ridge)
EDGE (6) edge category (early-early, early-mid, early-late, mid-mid, mid-late, or late-

late)
RD/TR/OFF (3) point located on road, trail, or off-road
RDVEG (3) road bordered by Rubus, other shrub species, or no shrubs
CAN percent canopy cover
SUBCAN percent subcanopy cover
TALLSH percent tall shrub/sapling cover
LOWSH percent low shrub/seedling cover
HERB percent herbaceous cover
DBH25-50 number of 25-50 cm dbh trees in wedge prism sample
DBH>50 number of > 50 cm dbh trees in wedge prism sample
MAXHT height of tallest tree
NMDS1 NMDS axis 1:  Q. rubra and A. saccharum (negative axis 1 scores) to Q.

coccinea (positive scores)
NMDS2 NMDS axis 2:  L. tulipifera (negative axis 2 scores)
NMDS3 NMDS axis 3:  T. canadensis and R. maximum (negative axis 3 scores) to Q.

prinus (positive scores)

Landscape variables
LS≤9 proportion of ≤ 9 year old forest
LS≤92 (proportion of ≤ 9 year old forest)2

LSMESIC40-69 proportion of 40-69 year old mesic hardwood forest
LSMESIC≥70 proportion of ≥ 70 year old mesic hardwood forest
LSCORE proportion of core area
LSDIV Simpson’s diversity index for stand age classes
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Table 2.  Parameter estimates for habitat variables in regression models.  All variables, unless noted (NS = not
significant), are significant at P < 0.05.  A single significance level is reported for categorical variables.  Parameter
estimates for the levels of TOPO are relative to ‘ridge,’ those for EDGE are relative to ‘mid-mid,’ those for
RD/TR/OFF are relative to ‘off-road,’ and those for RDVEG are relative to ‘no shrubs.’  Quantitative variables,
except for quadratic terms (ELEV2 and LS≤92), were standardized to mean zero and unit variance prior to analysis,
so their parameter estimates are referenced to a common scale.

OLS
environment

OLS
trend/environment

CAR
trend/environment

Chestnut-sided Warbler
ELEV 0.18*** 0.13*** 0.13***

EDGE *** *** ***

early-early 0.39 0.40 0.43
early-mid 0.28 0.27 0.24
early-late 0.34 0.32 0.33
mid-late 0.11 0.09 0.09
late-late -0.05 -0.07 -0.08

RDVEG *** *** ***

Rubus 0.52 0.39 0.37
other 0.09 0.04 0.04

LOWSH 0.05* 0.05** 0.05*

HERB 0.05** 0.03 0.02 (NS)
LS≤92 0.05*** 0.05*** 0.04***

LSCORE -0.09*** -0.06*** -0.07**

Hooded Warbler
ELEV -0.15*** -0.15*** -0.15***

ELEV2 -0.09*** -0.09*** -0.08**

EDGE ** ** *

early-early 0.15 0.17 0.13
early-mid 0.06 0.06 0.06
early-late 0.25 0.22 0.21
mid-late -0.13 -0.15 -0.14
late-late -0.04 -0.04 -0.03

RD/TR/OFF *** *** ***

road 0.19 0.21 0.23
trail -0.05 -0.02 -0.01

TALLSH 0.06* 0.05 0.04
LOWSH 0.08*** 0.08*** 0.07***

LS≤92 0.01 0.01 0.01
LSMESIC40-69 0.09*** 0.09** 0.06
LSMESIC≥70 0.13*** 0.12*** 0.09*

LSCORE -0.10*** -0.06* -0.05 (NS)

Black-throated Blue Warbler
ELEV 0.33*** 0.27*** 0.23***

ELEV2 -0.12*** -0.15*** -0.14***

TOPO ** * *

flat 0.39 0.29 0.27
ravine 0.26 0.20 0.18
slope 0.08 0.06 0.02

MAXHT 0.15*** 0.15*** 0.12***

NMDS3 -0.05 -0.04 (NS) -0.05
LSMESIC40-69 0.12*** 0.12*** 0.14***

LSMESIC≥70 0.13*** 0.15*** 0.16***

* P ≤ 0.01, ** P ≤ 0.001, and *** P ≤ 0.0001



87

Table 3.  Trend surface analysis of bird counts.  Square root transformed counts were regressed on all third-
degree polynomial terms of spatial coordinates of sample points (x = east, y = north).

trend surface model R2

Chestnut-sided Warbler 0.37 − 0.21x – 0.25y – 0.26x2 + 0.13y2 + 0.13x2y + 0.32xy2 –
0.26y3

0.26

Hooded Warbler 0.58 + 0.35x – 0.36y + 0.40xy – 0.21x2 + 0.75x2y – 0.97xy2 –
0.27x3 + 0.37y3

0.08

Black-throated Blue Warbler 0.92 − 0.37x + 0.55xy – 0.48x2 – 0.35y2 + 0.26x2y + 0.51xy2 –
0.49y3

0.21
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Fig. 1.  Likelihood ratio (LR) statistics for habitat variables in OLS environment, OLS
trend/environment, and CAR trend/environment models.  Larger LRs indicate a greater
contribution to the fit of the model.  P-values and parameter estimates for each variable are given
in Table 2.
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Fig. 2.  Moran’s I correlograms of (from left to right) bird counts, residuals from OLS
environment models, residuals from OLS trend/environment models, and residuals from CAR
trend/environment models.  I varies (approximately) between ± 1, with negative and positive
values indicating negative and positive autocorrelation, respectively.  I approaches zero when
there is no autocorrelation, and the sample size is large (n = 1,177 here).  Each point in the graph
represents the value of I calculated from all possible pairs of sample locations that are separated
by the lag distance (150 m-wide intervals) on the x-axis.  Closed circles indicate values of I that
are significantly different from the value expected under the null hypothesis of no
autocorrelation (P ≤ 0.01, two-tailed test); open circles are not significantly different from the
null expectation.
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Fig. 3.  Percent of variation in bird counts in OLS trend/environment models explained by space
(independent of environment), spatially structured environment (‘trend/environment’), and non-
spatially structured environment.  Large-scale spatial pattern was modeled by trend surface
analysis, and the partitioning of explained variation into independent fractions was done via
partial regression analysis following Legendre (1993).  The ‘space’ fraction is equal to the
improvement in R2 values from OLS trend/environment models over OLS environment models.
The ‘space’ and ‘trend/environment’ fractions combined are equal to the R2 values from the trend
surface models of species counts (Table 3).  The ‘trend/environment’ and ‘environment’
fractions combined are equal to the R2 values from OLS environment models.  OLS
trend/environment models account for large-scale trend but not for small-scale autocorrelation.
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Fig. 4.  Moran’s I correlograms for (A) local- and (B) landscape-scale habitat variables included
in regression models.  Closed and open circles, respectively, indicate values of I that are
significantly different and not different from zero.
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Fig. 5.  Overestimation of habitat effects in spatially deficient models plotted against spatial
dependence indices for habitat variables.  Overestimation indices for each habitat variable were
calculated from the LR statistics in the three types of models (Fig. 1).  Overestimationtrend
estimates the degree to which habitat effects were overestimated when large-scale spatial trend
was ignored (i.e., the decrease in LR from OLS environment to OLS trend/environment models).
Trend surface R2 values, calculated from a separate trend surface analysis of each habitat
variable, estimate the degree to which variables were spatially structured on a large scale.
Overestimationautocor estimates the degree to which habitat effects were overestimated when
small-scale autocorrelation was ignored (i.e., the decrease in LR in OLS trend/environment
compared to CAR trend/environment models).  Moran’s I (mean of all values out to a lag of 775
m) estimates the degree to which habitat variables were autocorrelated on a small scale.
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Chapter 3.  Landscape effects on breeding songbird abundance in managed southern
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Abstract

Only a small percent of the world’s forests are in nature preserves, and the conservation of many

species likely depends on forests that are managed for timber or other resources.  Many studies

have demonstrated the adverse effects of forest fragmentation on breeding songbirds in the

deciduous forests of the eastern U.S., and the viability of regional populations is thought to

depend on large, unfragmented forests.  However, we know relatively little about the landscape

scale consequences of management in the forested landscapes that are presumed to be important

to maintaining songbird metapopulations.  The southern Appalachians, a mostly forested region,

contains the largest network of public lands in the eastern U.S.  Most of these public lands are

managed by the U.S. Forest Service.  To begin to understand the landscape scale effects of

forests management in the southern Appalachians, we examined the relationship between

songbird relative abundance and local and landscape scale habitat variables in two predominately

late-successional National Forests in the southern Appalachian Mountains of North Carolina and
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Tennessee.  We adopted a regression modeling approach that removed correlations between

habitat variables measured at different spatial scales and between landscape composition and

pattern variables.  We used autoregressive models to account for spatial autocorrelation.  Most

species, especially Neotropical migrants, were significantly correlated with at least one

landscape variable.  These correlations included both composition and pattern variables at 500 m

to 2 km scales.  However, these landscape effects explained only a small amount of the variation

in bird abundance, and most species appear to respond primarily to elevation and other local

habitat factors in our study area.  Our results are consistent with other studies of songbird

abundance in large managed forests that have found weak to moderate landscape effects.  These

results should not be interpreted as being inconsistent with studies in fragmented areas that have

found much stronger effects of patch size, patch isolation, or landscape scale forest cover.  An

important future challenge in avian conservation is to better understand how local or landscape

effects vary in relation to land use patterns at larger spatial scales (Flather and Sauer 1996,

Donovan et al. 1997).

Key words:  forest fragmentation; landscape composition; landscape pattern; managed forests;

Neotropical migrants; songbirds; southern Appalachians; spatial autocorrelation; spatial

autoregressive models

Introduction

Land transformation is the most prominent component of human-induced global change

(Vitousek et al. 1997).  An important consequence of land use change is habitat fragmentation,

which has been shown to affect small-scale ecological processes such as pollination (Aizen and

Feinsinger 1994), seed dispersal (Aldrich and Hamrick 1998), and animal movement (Haddad
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1999), as well as ecosystem processes such as nutrient cycling (Saunders et al. 1991) and

disturbance dynamics (Franklin and Forman 1987).  Songbirds (Passeriformes), in particular,

have served as model organisms in a number of studies investigating the individual, population,

and community level consequences of forest fragmentation (e.g., Ambuel and Temple 1983,

Blake and Karr 1987, Temple and Cary 1988, Verboom et al. 1991, Robinson et al. 1995, Villard

et al. 1995, Boulinier et al. 1998, Zanette et al. 2000; see reviews in Rolstad 1991 and Andrén

1994).  Coinciding with the proliferation of songbird/fragmentation studies has been a growing

awareness that birds, in general, respond to their environment at multiple spatial scales (Wiens

and Rotenberry 1981, Orians and Wittenberger 1991, Bergin 1992, Pearson 1993, Saab 1999),

and this awareness has both contributed to and been influenced by the development of the field

of landscape ecology (Forman and Godron 1986, Urban et al. 1987, Dunning et al. 1992, Wiens

et al. 1993).

In North America, much of the fragmentation work on songbirds was motivated by

reports of widespread declines in populations of Neotropical migrant songbirds (Robbins et al.

1989b, Askins et al. 1990), and a large body of literature supports the hypothesis that forest

fragmentation adversely affects the breeding success of many of these species (e.g., Brittingham

and Temple 1983, Wilcove 1985, Gibbs and Faaborg 1990, Villard et al. 1993, Donovan et al.

1995, Hoover et al. 1995, Robinson et al. 1995).  The importance of breeding habitat, relative to

wintering (Robbins et al. 1989b, Askins et al. 1992, Rappole et al. 1992, Sherry and Holmes

1996) or stopover migration habitat (Moore and Simons 1992, Moore et al. 1995, Yong et al.

1998), in explaining population declines is uncertain, and the validity of the declines has also

been questioned (James et al. 1996).  Nevertheless, it is evident that forest fragmentation on the

breeding grounds can have dramatic impacts on the local abundance and nesting success of
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Neotropical migrant songbirds, and that these impacts have the potential to affect long-term

population trends (Robinson et al. 1995).  Current dogma in the avian conservation literature

suggests that sink populations (Pulliam 1988) of forest-breeding Neotropical migrants in

fragmented landscapes are maintained by immigration from source populations in heavily

forested areas (Robinson 1992, Donovan et al. 1995, Robinson et al. 1995), and recently, more

attention has focused on understanding the contribution of large forests to regional

metapopulations (Simons et al. 2000).

Many large forest tracts in North America are managed for timber or other wood

products, and understanding how landcover patterns in these managed forests affect breeding

birds is relevant to the conservation of Neotropical migrant songbirds and to avian conservation

and ecology in general.  At the scale of individual forest stands, management will inevitably

improve the habitat for some species and degrade it for others (e.g., Annand and Thompson

1997, Hagan et al. 1997).  At the landscape scale, it is important to know if stand-scale habitat

changes within large forests affect habitat quality in surrounding stands.  Specifically, does local

(small-scale) habitat quality depend on the proportion of different forest types in the surrounding

landscape (landscape composition) and/or on the spatial arrangement of these forest types

(landscape pattern), or is local habitat quality simply a function of the local environment?

Recent studies conducted in large managed forests in Europe (Raivio and Haila 1990, Enoksson

et al. 1995, Edenius and Elmberg 1996, Jokimäki and Huhta 1996) and North America

(Rosenberg and Raphael 1986, McGarigal and McComb 1995, Hagan et al. 1997, Schmiegelow

et al. 1997, Penhollow and Stauffer 2000) suggest that songbird distributions depend on

landscape composition and/or pattern even within these relatively unfragmented landscapes,

although landscape effects were weak in many of these studies.  Some studies on nesting success



97

in large forests show no landscape-scale effects of timber harvest (DeGraaf 1995, Hanski et al.

1996; but see Yahner and Scott 1988, King et al. 1998), making abundance-based inferences

about habitat quality more straightforward in forested landscapes than in fragmented areas where

nesting success is typically low (Van Horne 1983, Braun and Robinson 1996).  While much of

the early and highly influential work relating forest fragmentation to songbird abundance was

conducted in the deciduous forests of the eastern U.S. (e.g., Robbins 1979, Whitcomb et al.

1981, Askins and Philbrick 1987, Robbins et al. 1989a), we are aware of only one study

(Penhollow and Stauffer 2000) examining landscape effects on songbird abundance in a forested

landscape in the eastern deciduous forests.  Thus, we know very little about the landscape-scale

consequences of forest management on bird abundance in a region where large forests are

presumed to be important in maintaining regional songbird populations (Robbins et al. 1989a).

We studied the relationship between bird relative abundance and landscape composition

and pattern in two National Forests in the southern Appalachian Mountains of the southeastern

U.S.  This region is mostly forested, contains the largest network of federal lands in the eastern

U.S., and is among the most diverse temperate ecosystems in the world (SAMAB 1996b).  Thus,

the southern Appalachians are likely to play an important role in maintaining future biodiversity

in the eastern U.S., and there is a need to better understand the landscape-scale impacts of forest

management within the region.

To investigate possible landscape effects on songbird abundance, we adopted a regression

approach that controls for correlations between local habitat, landscape composition, and

landscape pattern.  We also used autoregressive models to account for spatial autocorrelation in

our data (Haining 1990, Cressie 1993, Lichstein 2000:Chapter 2).  Positive spatial

autocorrelation, in which nearby pairs of points tend to be more similar than more distant pairs of
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points, is frequently encountered in ecological data (Legendre and Fortin 1989, Legendre 1993),

and may result in spurious correlations between variables (Haining 1990).  The underlying null

hypothesis of our analysis is that patterns in bird abundance can be explained by local habitat

factors only, and that changes in the amount of different forest types (e.g., successional stages) in

the landscape will simply induce proportional changes in the abundance of different bird species.

Methods

Study area

The southern Appalachians region comprises 14.8 million ha from West Virginia and

Virginia to northern Alabama and Georgia (Fig. 1; SAMAB 1996b).  Regional forest cover,

currently about 70 % (SAMAB 1996b), has largely recovered following extensive deforestation

in the early 1900s due to industrial logging (Eller 1982, Yarnell 1998).  Present forest cover is

composed primarily of mid- (40-80 years old, ~ 50 %) and late-successional (> 80 years, ~ 20 %)

forests, with relict stands of old growth (SAMAB 1996b).  About two thirds of the region’s

forests are broad-leaved deciduous hardwoods.  The 16 % of the southern Appalachians in public

ownership contains 23 % of the region’s forests and 63 % of the region’s late-successional

forests.  Seventy-five percent of these public lands are under the jurisdiction of the U.S. Forest

Service (SAMAB 1996b).

Our 60,000 ha study area (35º40’00’’−36º07’30’’N, 82º37’30’’−83º07’30’’W) ranged

from 380-1,460 m in elevation and comprised the French Broad Ranger district of Pisgah

National Forest (North Carolina) and the Nolichucky Ranger district of Cherokee National Forest

(Tennessee) (Fig. 1).  Forest cover in the study area, by stand age, is:  ≤ 9 years 5%, 10-19 years

4%, 20-39 years 5%, 40-69 years 27%, and ≥ 70 years 59% (Hermann 1996).  Most of the
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younger (< 20 year old) stands are small (~ 10 ha) regenerating clearcuts that are scattered

throughout the landscape.

The majority of the study area consists of deciduous mesic hardwood forest.  Canopy

species on mesic sites include (in descending order of importance) Liriodendron tulipifera,

Quercus rubra, Acer rubrum, Betula lenta, Tsuga canadensis, Magnolia fraseri, A. saccharum,

Fagus grandifolia, Aesculus octandra, Tilia heterophylla, and Betula alleghaniensis.  The

understory of mesic forests ranges from woody thickets of Rhododendron maximum on acidic

soils to a diverse herbaceous assemblage on circumneutral soils (Schafale and Weakley 1990).

The remainder of the study area consists of xeric forests, including deciduous hardwoods (Q.

coccinea, Q. prinus, Q. alba, and Oxydendrum arboreum), evergreen pine (P. rigida, P.

echinata, P. pungens, and P. virginiana), and mixed pine-hardwood forests.  Kalmia latifolia is

the dominant shrub on most xeric sites.

Bird counts

Over 1,250 point locations were sampled from mid-May to the end of June in 1997-1999.

Prior to analysis, we eliminated points with loud stream noise, heavy cloud cover, or any missing

habitat data.  This resulted in a data set of 1,177 points.  Each point was sampled in two of the

three years of the study by a total of 22 observers.  To minimize observer effects, all observers

were trained and field-tested prior to collecting data, and whenever possible (> 95 % of points),

the two counts at each point were conducted by different observers.  Observers were regularly

rotated to different parts of the study area.  Most points were located on low-traffic roads

(primarily old logging roads) (n = 570) and hiking trails (n = 557), and 50 points were located

along off-road transects.  In many parts of the study area, the steep terrain made it impractical to
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locate sample points off-road.  Nearly every road or hiking trail in the study area over 1 km in

length was sampled.  Points were located by pacing 250 m between successive points.  If the

road or trail was very sinuous, then additional 50 m increments were paced until birds from the

previous point were not audible.  The location of each point was determined using a global

positioning system (GPS) with differential correction (GeoExplorer II; Trimble Navigation

1996).

Points were sampled for 10 minutes using the variable circular plot method (Reynolds et

al. 1980).  Counts were done between sunrise and 10:15 hrs and were not conducted if it was

raining.  All males seen or heard during the sample period were recorded.  Females were

recorded only if a conspecific male was not detected at the point, so that only one bird per

potential breeding pair was recorded.  The horizontal distance from the observer to each bird was

estimated.  To improve distance estimates, a 50 m radius circle was sited by the observer using a

laser range-finder (Bushnell, Yardage Pro 400TM) prior to each sample period.  The location and

movements of individual birds were mapped onto data sheets to avoid double-counting the same

bird.  Birds flying over the observer were recorded without a distance estimate.

Because detectability (the probability that a bird, given that it is present, is detected by

the observer) (Buckland et al. 1993) may be confounded with habitat, we used program

DISTANCE (Thomas et al. 1998) to estimate effective detection radii for each bird species in six

different types of edge habitat and four different topographic positions (see EDGE and TOPO,

Table 1).  Based on our experience in the field, we believe that these two variables had the

greatest potential impact on detectability in our study area.  Eliminating all observations with

distance estimates > 75 m (including fly-overs) resulted in similar effective detection radii,

within each bird species, across the six edge and four topographic classes, indicating that within-
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species detectability was roughly equal in these different habitats for birds located ≤ 75 m from

the observer.

Local habitat variables

The vegetation at each point was sampled within a 10 m radius circular plot (Table 1).

For points located on roads or trails, the center of the vegetation plot was moved 10 m off the

road or trail into the surrounding vegetation.  If stand age was noticeably different across the two

sides of the road or trail, the older stand was sampled.  The absence of vegetation plot data from

the younger stand was controlled for by assigning each point to an appropriate edge category.

Where stand age was roughly equal on the two sides of the road or trail, a coin was tossed to

determine which side to sample.  Canopy height, defined as the height of the tallest tree in the

plot, was measured with a laser range-finder.  Trees were sampled from the center of the plot

with a wedge prism (basal area factor 20) (Avery and Burkhart 1983), and the diameter at breast

height (dbh) of each tree counted in the prism was assigned to one of six classes (0-10, 11-25,

26-50, 51-75, 76-100, or > 100 cm dbh).  The percent cover of five vegetation layers (canopy,

subcanopy, tall-shrub/sapling, low-shrub/seedling, and herbaceous) were visually estimated

within each plot.  Within the canopy, subcanopy, and tall-shrub/sapling layers, we estimated the

percent cover of all plant species.  Importance Values for each species were calculated as

Importance Value = Σ(percent cover in canopy, subcanopy, and tall-shrub layers) + 10(number

of stems counted by wedge prism).
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Vegetation plots were ordinated using non-metric multidimensional scaling (NMDS), a robust

non-parametric method (Minchin 1987).  Sorensen’s distance was calculated using Importance

Values for each species, and the ordination was run 10 times to ensure that the results were not

determined by a local stress minimum.  A varimax rotation was used to aid in interpretation of

the ordination axes.  The first three axes were retained as habitat variables that represented

gradients in plant species composition (Table 1).  NMDS was performed using PC-ORD

(McCune and Mefford 1997).  Moisture values for each plot were calculated as a weighted

average of IVs, where the weights were moisture values assigned to each plant species (generally

following Whittaker 1956).

In addition to the above vegetation plot variables, several additional local habitat

variables were recorded at each sample point (Table 1):  (1) Stand age was assigned to one of

three classes (early-, mid-, or late-successional) for both sides of the road or trail, resulting in six

different edge categories (early-early, early-mid, early-late, mid-mid, mid-late, and late-late).

The stand age classification we used roughly corresponded to 0-10 (small saplings), 10-40 (large

saplings/pole timber), and > 40 years old (saw timber/mature stands) for the early-, mid-, and

late-successional categories, respectively.  For purposes of assigning edge categories, stand age

was classified in the field, rather than from a geographic information system (GIS).  (2) Shrubby

vegetation growing along road-sides was designated as Rubus, other, or none.  (3) The

topographic position at each point was designated as ravine, flat, slope, or ridge.  (4) Elevation

was queried from a digital elevation model (DEM) available in the Southern Appalachian

Assessment GIS Data Base (Hermann 1996).
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Landscape variables

We quantified landscape composition and pattern surrounding each sample location at

three spatial scales:  25, 100, and 400 ha, corresponding to squares with sides of 500 m, 1 km,

and 2 km respectively.  Landscape variables were calculated from landcover data in the Southern

Appalachian Assessment GIS Data Base (Hermann 1996), which includes polygon coverages of

forest stands (digitized from 1:24,000 scale aerial photographs) within all National Forests in the

Southern Appalachian Assessment area (SAMAB 1996b).  Although this GIS database was

compiled several years prior to our study, there was almost no logging in our study area during

or several years prior to our field work.  The few sample points that were affected by logging

during the study were excluded from our analysis.  We reclassified the stands in the GIS

database into categories appropriate for our analysis and converted the polygon coverages into

the following raster (grid) coverages (cell size = 10 m × 10 m) using ARC/INFO (ESRI 1998):

(1) stand age (five classes; Table 1); (2) forest community type (mesic hardwood, xeric

hardwood, or pine/mixed); (3) ≥ 40 year old mesic hardwood; and (4) core area (amount of ≥ 40

year old forest located ≥ 100 m from younger forest and non-National Forest land).  We cut three

square regions (sides = 500 m, 1 km, and 2 km), centered on each of the 1,177 sample points,

from each of the four grids using ARC/INFO.  All landscape variables used in our analysis were

quantified within these squares using PATCH ANALYST (Elkie et al. 1999), an extension to

ARC/VIEW (ESRI 1999).

We considered landscape composition variables to be those variables that could be

calculated solely from the area of different patch types within each square, without any

information on how the patches were spatially arranged.  We calculated nine composition

variables (Table 1):  amount of forest in five stand age classes, amount of mesic hardwood,
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amount of hardwood (mesic and xeric combined), ≥ 40 year old mesic hardwood, and the

Shannon Diversity Index (based on the proportional presence of the five age classes) (Magurran

1988).  The mesic hardwood variable was omitted from our analysis, being highly correlated

both with hardwood and with ≥ 40 year old mesic hardwood.

We defined landscape pattern variables to be those variables that could only be calculated

if the spatial arrangement of patches was known.  We calculated five pattern measures within

each square (Table 1), with patches defined by stand age class:  amount of core area (≥ 40 year

old forest with 100 m buffer), contrast weighted edge (see below), number of patches present,

mean shape index (a measure of mean patch boundary complexity; Table 1), and mean patch

fractal dimension (another measure of boundary complexity).   Mean patch fractal dimension

was highly correlated with mean shape index and was omitted from our analysis.  Contrast

weighted edge was calculated by weighting the length of each edge segment according to the

contrast in stand age across the edge.  Weights were defined as follows (age class/age class =

weight):  0-10 years old/10-19 years old = 0.2; 0-10/20-39 = 0.4; 0-10/40-69 = 1; 0-10/≥70 = 1;

10-19/20-39 = 0.2; 10-19/40-69 = 0.7; 10-19/≥70 = 0.7; 20-39/40-69 = 0.2; 20-39/≥70 = 0.3; 40-

69/≥70 = 0.  In all of the above pattern measures, only internal edges were considered; i.e., the

outer boundary of the square region did not enter into the calculations.  When calculating core

area, PATCH ANALYST considers the outer boundary to be an edge; therefore, we created a

core area grid coverage (see above), and simply used PATCH ANALYST to calculate the

amount of core area within square regions cut from this grid.
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Statistical analysis

Our primary objective was to determine how much variation in the counts for different

bird species could be explained by local- and landscape-scale habitat factors, while controlling

for spatial autocorrelation.  Among the three types of habitat variables considered (local,

landscape composition, and landscape pattern), we viewed local habitat to be the most

parsimonious explanation for spatial variation in species abundance, and we considered

landscape pattern to be the least parsimonious.  Similarly, among the three scales of landscape

variables considered, we viewed the smallest (500 m) scale to be the most parsimonious

explanation for patterns in bird abundance, and the largest scale (2 km) to be the least

parsimonious.  In accordance with these a priori rankings, we structured our analysis so that

local habitat effects on bird abundance were considered first, landscape composition effects at

the 500 m scale were considered second, landscape pattern effects at the 500 m scale were

considered third, and landscape composition and pattern effects at larger scales were sequentially

considered in a similar order.  This approach has also been used by McGarigal and McComb

(1995), Villard et al. (1999), and Trzcinski et al. (1999) to determine the effect of landscape

pattern on bird distributions after controlling for the effect of landscape composition (e.g., forest

cover).

Study species and preliminary analysis.  We fit models for 25 species, including the 23

species most frequently present at point counts (within 75 m of the observer), as well as two

common avian nest predators:  Blue Jay and American Crow.  All 25 of these species are

passerines, and 18 are Neotropical migrants (Table 2).  Based on field observations and prior to

any analysis, we classified the 25 species as early-successional, generalist (with respect to stand

age), or late-successional species (Table 2).  We included all Blue Jay and American Crow
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detections in our analysis, because detections for these species typically lacked a distance

estimate (i.e., the birds were detected while flying over the observer).  For all other species, we

only used detections with distance estimates of ≤ 75 m, which made detectability roughly equal

across habitat types.  For all species, the response variable was the square root of the counts

(Sokal and Rohlf 1995), summed across the two samples at each of the 1,177 point locations.

The square root transformation was successful at stabilizing the variance, although normality

was not achieved for many species.  To investigate how non-normality would affect our results,

we compared ordinary least squares (OLS) models, which assume normally distributed errors

(Rawlings et al. 1998), to two Generalized Linear Models (McCullagh and Nelder 1989) for

count data (Poisson and negative binomial regression models).  All models yielded qualitatively

similar results (Lichstein 2000:Chapter 1), and we therefore chose to use normal-theory (e.g.,

OLS) regression due to its familiarity to most readers and its greater flexibility for incorporating

spatial autocorrelation (Cressie 1993).

OLS models.  We began by fitting OLS multiple regression models with only local

habitat variables.  OLS models assume independent errors, and therefore ignore spatial

autocorrelation (Haining 1990, Lichstein 2000:Chapter 2).  Variables were selected using

stepwise selection in SAS PROC REG (SAS 1999).  Significance levels for variables to enter

and stay in the models were set to α = .20 and .01, respectively, using the SLENTRY and

SLSTAY options (SAS 1999).  Categorical variables (Table 1) were coded as zero/one dummy

variables and were automatically included during the initial stepwise procedure (INCLUDE

option; SAS 1999) to prevent the removal of individual dummy variables (corresponding to

‘part’ of a categorical variable).  After running the stepwise procedure, we examined the models

in SAS PROC GLM (SAS 1999), which accepts categorical variables.  We removed by hand
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most categorical and quantitative variables that were not significant at α = .001 but retained a

few variables with P > .001 that we believed were important (based on field observations).  We

used a conservative α-level because our large sample size allowed us to detect effects that

explained only a trivial amount variation in the bird data, and because our locations were

spatially dependent (see below), which tends to artificially deflate P-values (Haining 1990,

Gumpertz et al. 1997, Lichstein 2000:Chapter 2).  In most cases, one or more categorical

variables were removed at this stage.  The stepwise procedure was then re-run to ensure that the

initial stepwise selection had not been influenced by the inclusion of non-significant categorical

variables.

Having determined a local habitat model for each species, we then added landscape

composition variables (500 m scale) that explained significant additional variation in the bird

data using stepwise selection as described above.  In general, multiple regression slope

coefficients are partial regression coefficients; i.e., they represent the effect of each variable

given that all other variables are included in the model (Legendre and Legendre 1998:528).

However, because we decided that local variables should take precedence over landscape

variables, we did not want the coefficients for local variables to change when landscape variables

were added to a model.  Therefore, prior to fitting models with landscape variables, we regressed

each landscape composition variable on the variables included in the local habitat model for each

species, and we retained the residuals from these regressions as landscape composition variables

for the stepwise procedure.  This approach has no effect on the coefficients for landscape

composition variables, but prevents the coefficients (and partial R2 values; Legendre and

Legendre 1998) for local variables from changing when landscape variables are added to a

model.
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After determining for each species a model with local habitat and landscape composition

(500 m scale) variables, we then added landscape pattern variables that explained significant

additional variation in bird abundance.  Prior to this analysis, landscape pattern variables were

regressed on the local and landscape composition variables previously selected for each species,

and the residuals were retained as explanatory variables.  As before, this ensured that the

coefficients for local and landscape composition variables were unaffected by the addition of

landscape pattern variables, but had no effect on the coefficients for landscape pattern variables.

We then examined landscape variables at the 1 km and 2 km scales in the following

order:  1 km composition, 1 km pattern, 2 km composition, and 2 km pattern.  At each stage in

the analysis, we regressed the next set of variables on all variables previously included in the

model for each species, and we used the residuals as explanatory variables as described above.

In the variable selection process, we placed some restrictions on the set of models

considered to decrease the likelihood of observing spurious correlations.  For early-successional

species (Table 2), MAXHT, LCAGE3, LCAGE4, LCAGE5, LCMESIC≥40, and LPCORE were

excluded from the variable selection procedure.  RDVEG was included for early-successional

species, but not for other species.  For late-successional species (Table 2), LCAGE1, LCAGE2,

and LCAGE3 were not included in the selection procedure.  For species that nest and forage

primarily in the sapling, subcanopy, and canopy layers (Black-throated Green Warbler, Blue-

headed Vireo, Carolina Chickadee, Northern Parula, Red-eyed Vireo, Tufted Titmouse, Scarlet

Tanager, and White-breasted Nuthatch), LOWSH and HERB were excluded from the analysis.

Spatial autoregressive (CAR) models.  Finally, we examined how spatial autocorrelation

affected our results.  Autocorrelation in a response variable may lead to overestimating the

effects of autocorrelated explanatory variables in regression models that assume independent
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errors (Haining 1990, Gumpertz et al. 1997, Lichstein 2000:Chapter 2).  Autocorrelation in

species abundance (or any response variable) is not problematic per se, and is expected when the

environment is spatially structured (Legendre 1993).  The problem arises in regression (and

classical statistics in general) when species abundance is autocorrelated due to factors that are

not accounted for by the model, resulting in spatially dependent errors which in turn result in

autocorrelated residuals.  This situation may arise from a statistical problem (e.g., a missing

explanatory variable that is itself autocorrelated) (Haining 1990:332) or from contagious

processes (Legendre 1993), such as conspecific attraction, that can not fully be explained by

environmental variables (Lichstein 2000:Chapter 2).

To determine if autocorrelation was problematic in our data, we examined correlograms

(Sokal and Oden 1978a, Legendre and Legendre 1998) of residuals from OLS models for the 25

species.  Residuals for 24 of the 25 species considered exhibited positive spatial autocorrelation

(see Results), suggesting that the OLS assumption of independent errors was invalid.  An

attractive approach to incorporating autocorrelation into regression analysis is the class of spatial

autoregressive models, including autologistic and autogaussian models for binary and normal

responses, respectively (Haining 1990, Cressie 1993).  We fit conditional autogaussian (CAR)

models for the 24 species with autocorrelated OLS residuals using the same response (square

root-transformed counts) and explanatory variables as in the OLS models for each species.  The

CAR model assumes that the response at each location i is a function of both the explanatory

variables at i (which determine the mean response at i), as well as the values of the response at

locations j within i’s spatial neighborhood.  An appropriate spatial neighborhood size (radius) is

the maximum distance at which OLS residuals are autocorrelated (Cressie 1993).  This distance

may be estimated by examining a correlogram or semivariogram of the OLS residuals (Cressie
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1993).  The expected value of the response at i, given the responses at all other locations j

(denoted “| all Yj≠i” below), is

E[Yi | all Yj≠i] = µi + ρΣj≠iwij(Yj – µj)

where µi is the mean at i (determined by the values of the explanatory variables and their slope

coefficients), ρ is a parameter to be estimated that determines the direction (positive or negative)

and magnitude of the spatial neighborhood influence, the wij are pre-defined weights that

determine the relative impact of each location j on i (in our analysis, the wij are zero if j is not

within i’s neighborhood and are 1/[distance from i to j] otherwise), and the Yj – µj are mean-

centered responses at j.  For positive autocorrelation (ρ > 0), if i is surrounded by j’s that have

higher (or lower) species abundance than expected from the habitat at j, then i will also tend to

have higher (or lower) abundance than expected from the habitat at i.  Details concerning the

CAR model, including discussion of the spatially autocorrelated error structure, can be found in

Haining (1990) and Cressie (1993), and a non-technical account is provided by Lichstein

(2000:Chapter 2).

The significance of each variable in the CAR models was assessed with a likelihood ratio

test for nested models (Hilborn and Mangel 1997, Haining 1990), with the reduced model

containing the same variables as the full model, minus the variable of interest:

LR = -2(lred – lfull)
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where lred and lfull are the log-likelihoods of the reduced and full models, respectively.  Under the

null hypothesis that the reduced model fits the data as well as the full model, LR has an

approximate χ2 distribution with degrees of freedom equal to the number of additional

parameters in the full model.  R2 values for CAR models were calculated using a formula

appropriate for models fit by maximum likelihood (see Appendix).  Partial R2s (the increase in

the model R2 due to the inclusion of one or more variables) for variables in OLS and CAR

models were calculated as the difference in R2 values between full and reduced models (see

Appendix).  All spatial analyses were performed with S-PLUS (Kaluzny et al. 1998, Mathsoft

1999).

The autoregressive approach employed here controls for small-scale spatial dependence

among neighboring sample locations, but not for large-scale spatial structures such as

environmental gradients (Legendre and Borcard 1994, Legendre and Legendre 1998).  These

large-scale patterns may be modeled by a polynomial trend surface (Legendre 1993, Legendre

and Legendre 1998), as in Borcard et al. (1992) and Lichstein (2000:Chapter 2).  In the present

analysis, we are concerned with small-scale autocorrelation that induces non-independent errors,

and not with large-scale trends that may confound the effects of environmental factors.  We

acknowledge that the correlations reported here may not be causal, and may reflect the effects of

unmeasured environmental factors.  Aside from spatial concerns, the inability to establish

causality is characteristic of any observational study such as the present one (James and

McCulloch 1990).
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Results

OLS models accounted for 3-47 % of the variation in the counts of the 25 species considered

(Table 2).  After controlling for local habitat variation, 16 species were correlated with at least

one landscape variable in OLS models, with P ≤ .001 in most cases (results not shown).  Despite

this large number of statistically significant correlations, landscape variables explained only a

small amount of the variation in the counts after controlling for local habitat effects, with partial

R2s for the combined effect of landscape composition and pattern ranging from 0.5 % to 8 %

(Fig. 2).  Although OLS model R2s were low for many species (Table 2), elevation and other

local habitat variables tended to explain much more of the variation in the counts than landscape

variables (Fig. 2).

With the exception of Carolina chickadee, correlograms of OLS residuals showed

positive spatial autocorrelation for all 25 species examined, suggesting that the OLS assumption

of independent errors was invalid.  The range (maximum lag distance) of autocorrelation was

typically ≤ 600 m (19 species), but was greater than 2 km for Veery (Fig. 3).  These distances

were used as the neighborhood radii in subsequent CAR models, except for the Veery CAR

model, in which a 900 m neighborhood radius performed better than larger radii in terms of

removing positive autocorrelation in the residuals.

For all 24 species (no CAR model was fit for Carolina Chickadee), CAR models removed

all (or nearly all) of the positive autocorrelation in the OLS residuals.  For seven species (Eastern

Towhee, Hooded Warbler, Eastern Wood-Pewee, Blue-headed Vireo, Black-and-white Warbler,

Tufted Titmouse, and White-breasted Nuthatch), CAR models over-compensated for positive

autocorrelation in the OLS residuals, resulting in CAR residuals that exhibited mild negative

autocorrelation (see Eastern Wood-Pewee, Fig. 3).  Negatively autocorrelated residuals result in
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conservative (high) P-values for explanatory variables (Haining 1990).  Spatial pattern in CAR

residuals may result from an inappropriate neighborhood definition.  For example, a different

neighborhood size or weight function (wij = 1/distanceij was used in all of our models) may have

yielded better results for some species (see Cressie 1993 for other weight functions).  Because

our primary objective in using CAR models was to account for positive autocorrelation, we

considered the above seven models exhibiting negatively autocorrelated residuals to be

acceptable and did not experiment with other neighborhood structures.

Correlograms demonstrating the variety of spatial patterns observed in OLS and CAR

residuals are shown in Figure 3.  Indigo Bunting was a typical species:  the maximum value of

Moran’s I spatial autocorrelation index (Sokal and Oden 1978a, Legendre and Legendre 1998)

was ~ 0.25, OLS residuals were autocorrelated out to a lag distance of ~ 500 m, and CAR

residuals showed little spatial pattern (Fig. 3).  Canada Warbler OLS residuals had the highest

values of any species for Moran’s I at the closest lag distances; as with most species, CAR

residuals exhibited little spatial pattern (Fig. 3).  Veery OLS residuals exhibited the largest range

(maximum lag distance) of autocorrelation (Fig. 3).  Eastern Wood-Pewee OLS residuals

exhibited unusually weak autocorrelation (relatively low positive values of Moran’s I), and, as

discussed above, there was mild negative autocorrelation in the CAR residuals (Fig. 3).  Finally,

Carolina Chickadee was the only species for which OLS residuals were not autocorrelated (Fig.

3).

The total amount of variation in the species data explained by the CAR models ranged

from 6-52 % (Table 2).  Partial R2s for ρ (i.e., the improvement in CAR over OLS R2s) ranged

from 1-11 % (Table 2).  The improvement in model fit due to ρ (after controlling for habitat

effects) was significant at P ≤ .0001 for 23 species and was significant at P = .0013 for Worm-
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eating Warbler.  As expected, the estimated value of the spatial parameter ρ was positive for all

24 species.  CAR models without any habitat variables (i.e., models with only two parameters, an

intercept and ρ) explained 3-26% of the variation in the counts for the 24 species (see ρ

sequential R2s, Table 2).  Partial R2s for ρ were smaller than the corresponding sequential R2s

because the habitat variables explained some of the spatial pattern in the species data; thus, there

was less autocorrelation to account for after including habitat variables in the models.

As with OLS models, CAR model partial R2s for landscape composition and pattern

combined tended to be small compared to CAR partial R2s for elevation and other local habitat

variables (Fig. 2).  The largest partial R2 for landscape effects in CAR models was 4.5 %

(Chestnut-sided Warbler, Fig. 2).  Partial R2s for all variable types tended to be lower in CAR

models than in OLS models (Fig. 2).  This reduction in partial R2s is due to the fact that some of

the variation explained by the habitat variables in the OLS models was spatially structured on a

small scale (100s of meters), and this spatial structure was accounted for by ρ and the associated

spatial neighborhood influence in the CAR models.

Six landscape variables that were highly significant in OLS models (P ≤ .001 in most

cases) were not significant (P > .01) in CAR models (see bold variables in Table 2).  After

controlling for local habitat, 15 species were significantly (P ≤ .01) correlated with one or more

landscape composition variables in CAR models, and, after controlling for landscape

composition, six species were significantly correlated with one or more landscape pattern

variables (Table 2).  After controlling for habitat effects at smaller scales, twelve species were

significantly correlated with one or more 500 m scale landscape variables in CAR models, six

species were correlated with one or more 1 km scale landscape variables, and seven species were

correlated with one or more 2 km scale landscape variables (Table 2).  A landscape variable was
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the most important habitat variable in CAR models for only two species (Northern Parula and

Blue Jay), while ELEV or ELEV2 was the most important variable in 15 CAR models and EDGE

was the most important in four (Table 2).  Among Neotropical migrants, 15/18 species were

significantly correlated with one or more landscape variables in CAR models, whereas only 3/7

residents and short-distance migrants combined were correlated with landscape variables.

Although landscape variables explained only a small amount of variation in species

abundance, most of the observed correlations with landscape variables were consistent with our

impression of the species’ local scale habitat preferences.  For example, early-successional

species (e.g., Chestnut-sided Warbler, Indigo Bunting, Rose-breasted Grosbeak) tended to be

correlated with the amount of younger forest (LCAGE1, LCAGE2) in the landscape, while

several late-successional species that are found primarily in mesic habitats (e.g., Acadian

Flycatcher, Black-throated Blue Warbler) were correlated with the amount of older forest

(LCAGE4, LCAGE5) and/or the amount of ≥ 40 year old mesic hardwood (LCMESIC≥40) in

the landscape.  In a few cases, however, the observed landscape correlations were difficult to

interpret.  Eastern Towhee, an early successional specialist, was, as expected, positively

correlated with the amount of 0-9 year old forest at the 500 m scale (LCAGE1_5h); however,

this species was negatively correlated with the same variable at the 1 km scale (LCAGE1_1k)

(Table 2).  Similarly, as expected, Black-throated Green Warbler, a late-succssional species

common in mesic habitats, was positively correlated with the amount of ≥ 40 year old mesic

hardwood at the 2 km scale (LCMESIC≥40_2k) and with the amount of 40-69 year old forest at

the 500 m scale (LCAGE4_5h) (Table 2); however, this species was negatively correlated with

the amount of ≥ 70 year old forest at the 2 km scale (LCAGE5_2k), which is counter to our

understanding of this species’ local habitat preferences.  Red-eyed Vireo, another late-
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successional species, was positively correlated with high edge contrast landscapes at the 1 km

and 2 km scales (LPCWE_1k, LPCWE_2k) (Table 2).  Because we defined the weights for this

pattern measure so as to ignore edges between 40-69 and ≥ 70 year old stands (see

Methods/Landscape variables), the observed correlations suggest that Red-eyed Vireo is more

abundant in landscapes that contain some early to mid-successional forest than in uniformly late-

successional landscapes.  Finally, Ovenbird, which is most abundant in sub-mesic to sub-xeric

hardwood stands, was negatively correlated with the amount of hardwood in the landscape at the

2 km scale (LCHARD_2k) (Table 2).  Pine and mixed pine-hardwood stands may be relatively

common in landscapes surrounding the drier hardwood sites preferred by Ovenbird, but our field

observations suggest that at the local scale, pine and mixed stands are sub-optimal habitats for

Ovenbird in our study area.

Discussion

Our results suggest that landscape effects are of minor importance in the forests we sampled, and

that songbird habitat use is determined primarily by local environmental factors, particularly

elevation and stand-scale disturbance history.  Our analysis was conservative with respect to

landscape effects for several reasons.  Our modeling approach removed correlations between

local habitat, landscape composition, and landscape pattern.  In cases where variation in bird

abundance could potentially be attributed to multiple correlated factors, our analysis would by

default identify local rather than landscape variables, and landscape composition rather than

landscape pattern variables.  In addition, for some species, the spatial autoregressive (CAR)

models we used over-compensated for positive autocorrelation in ordinary least squares (OLS)

residuals, resulting in slightly inflated P-values (Haining 1990).  However, negative
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autocorrelation in the CAR residuals was much less pronounced than was positive

autocorrelation in the OLS residuals, and incorporating space into our analysis improved the

models overall.  Due to the conservative nature of our analysis, we suggest that the significant

correlations we report between species relative abundance and landscape factors represent non-

trivial patterns that, from an ecological perspective, are worthy of further investigation.

Interestingly, Neotropical migrants, which are thought to be particularly sensitive to forest

fragmentation in the eastern U.S. (Whitcomb et al. 1981), were more frequently correlated with

landscape variables in our analysis (15/18 species) than were short distance migrants and

resident species (3/7 species).  In addition, landscape effects were not limited to composition

effects or to the smallest (500 m) landscape scale, but included numerous landscape pattern and

larger scale (1 and 2 km) effects.  Nevertheless, these correlations explained only a small fraction

of the variation in species abundance, and from a conservation standpoint, landscape effects

appear to be of minor importance in our study area.

Our results are consistent with other studies in large managed forests that reported only

weak effects of landscape structure on songbird abundance (Rosenberg and Raphael 1986, Keller

and Anderson 1992, Edenius and Elmberg 1996, Schmiegelow et al. 1997).  In contrast,

Enoksson et al. (1995) reported a strong effect of deciduous forest patch isolation on songbird

presence-absence within a coniferous matrix in Sweden.  The relatively strong effect they

observed is likely due to the low proportion of deciduous forest in their study area along with the

highly specialized habitat use of the species examined.  Several other studies in large forests

have reported moderately strong landscape effects (McGarigal and McComb 1995, Jokimäki and

Huhta 1996, Hagan et al. 1997, Penhollow and Stauffer 2000); however, these studies did not

control for correlations between local and landscape variables, and it is possible that some of the
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landscape effects they reported could be attributed to local habitat.  Three of these four studies

did report local scale habitat analyses and collected appropriate data to account for any

correlations between variables measured at local and landscape scales; however, they did not

combine the local and landscape habitat data into a single multi-scale analysis to evaluate the

impact of landscape structure on bird distributions while controlling for local habitat.  Another

problem with several of the studies cited above is that only significance tests were reported for

correlations in regression models between bird abundance (or presence-absence) and landscape

variables, and there was no indication of how much variation in bird abundance was explained

by landscape effects.  Nagelkerke (1991) shows how to compute R2 values for models fit by

maximum likelihood, including Generalized Linear Models (e.g., Poisson or logistic regression)

and spatial autoregressive models (e.g., CAR model).  Partial R2s can be calculated by comparing

the appropriate full and reduced models (see Appendix).

In addition to the above studies, several other studies conducted in large managed forests

which did not specifically test for landscape effects are relevant to the present study.  Thompson

et al. (1992) compared bird relative abundance between landscapes in which 20 % or 0 % of the

forest had been recently clearcut.  Seven species were more abundant in cut landscapes, and

three species were more abundant in uncut landscapes.  After controlling for the amount of older

forest, six species were more abundant in cut landscapes, and one species was more abundant in

uncut landscapes.  In a similar study, Welsh and Healy (1993) compared managed and reserved

landscapes in which 35 % and 4 %, respectively, of the forest had been recently cut.  Bird

diversity and overall abundance were higher in managed landscapes.  Three individual species

were more abundant in managed landscapes, while only one was more abundant in reserved

landscapes.  After controlling for the area of older forest, no species were more abundant in
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reserved landscapes.  Although these two studies did not explicitly test for landscape effects,

both studies suggest that disturbance in the managed landscapes had little or no negative impact

on bird abundance at the landscape-scale.  On the contrary, both studies suggest that disturbance

benefited many species, some of which are considered forest interior species (Thompson et al.

1992).

Several studies in large forests that specifically tested for landscape effects also found

positive effects of disturbance for most species that responded to landscape structure (Rosenberg

and Raphael 1986, McGarigal and McComb 1995; but see Jokimäki and Huhta 1996).  It is

important to point out, however, that it is not necessarily desirable to manage for maximum

species diversity or abundance at the landscape scale (Welsh and Healy 1993).  The availability

of different seral stages in the surrounding region and the habitat requirements of area-sensitive

species should be considered when making landscape scale management decisions.  In the

southern Appalachians region, for example, early-successional forest is more common and late-

successional forest is more rare on private compared to public lands (SAMAB 1996b).

Therefore, species dependent on late-successional forest should be given adequate consideration

when devising management plans for public lands in the southern Appalachians.

In the present study, several late-successional birds (Black-throated Blue Warbler,

Acadian Flycatcher, Northern Parula, Blue-headed Vireo) were positively correlated with the

amount of older forest in the landscape (Table 2), which implies a negative effect of landscape

disturbance.  Red-eyed Vireo (a late-successional species) and Black-and-white Warbler (a

generalist) were positively correlated with edge density in the landscape, which suggests a

positive response to disturbance (Table 2).  Early-successional birds (Chestnut-sided Warbler,

Eastern Towhee, Rose-breasted Grosbeak, Indigo Bunting) tended to be most strongly correlated
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with the amount of younger forest in the landscape, again implying a positive effect of

disturbance.  Hooded Warbler (a generalist) was roughly equally correlated with variables

representing both older and younger forest in the landscape, which we believe reflects this

species preference for heterogeneous landscapes comprised of early- and late-successional

stands.  Black-throated Green Warbler (a late-successional species) was also correlated with both

older and younger stand types; we do not know how to interpret this result.  As discussed above,

none of these correlations explained a large amount of variation in the abundance data, and

landscape effects are probably not of primary importance in our study area.  Nevertheless, to the

extent that landscape effects matter in our study, the species we considered exhibited a variety of

landscape responses.  Any management decision will positively affect some species and

adversely affect others (Hagan et al. 1997).

Despite the rarity of early-successional forest in our study area (≤ 9 year old forest = 5%

of landscape), early-successional birds did not respond dramatically to the amount of early-

successional forest in the landscape.  Similarly, Rudnicky and Hunter (1993a) also observed little

effect of clearcut size on the distribution of early-successional bird species.  Although the two

species in our study with the strongest landscape responses were both early-successional species

(Chestnut-sided Warbler and Eastern Towhee), landscape effects were weak for these species

relative to local habitat effects (Fig. 2).  These weak landscape effects contrast with expectations

from simulation models (e.g., Andrén 1994), which predict fragmentation effects (i.e., a

reduction in population size beyond that explained by the amount of habitat removed) at area

thresholds well above the 5 % of ≤ 9 year old forest in our study area.  Similarly, Andrén (1994)

concluded from a literature review that fragmentation effects typically arise when the area of

suitable habitat in the landscape drops below about 30 %.  Several factors may account for the
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absence of strong fragmentation effects for early-successional species in our study.  Firstly,

early-successional species may be adapted to locate and utilize small patches of isolated habitat.

Secondly, early-successional species utilize older forest to some extent, and this should moderate

the adverse effects of fragmentation of early-successional habitat (Andrén et al. 1997).  Albeit at

low density, early-successional birds do nest in mature forest in our study area (J. Lichstein,

personal observation), and these older forests do not represent a hostile matrix for early-

successional birds.  This is in contrast to agricultural or suburban matrices which exert a strong

negative impact on forest birds in fragmented landscapes (e.g., Gates and Gysel 1978, Ambuel

and Temple 1983).

Our study has several limitations.  There was a large amount of unexplained variation in

models for many of the species we considered, and several factors likely contributed to this.

Each location was sampled for only 10 minutes during each of two sample periods.  Some

breeding pairs were likely undetected, and some of the birds we did detect were probably non-

territorial floaters or unpaired males (e.g., Gibbs and Faaborg 1990).  Incomplete or inaccurate

counts of breeding pairs would introduce noise into our analysis.  Similarly, many of our local

habitat variables were measured within 10 m radius plots, which may have been too small an

area to describe the vegetation in a meaningful way.  Also, while we could measure landscape

variables over a range of scales, we had no control over the quality of the original GIS data,

which was derived from a regional database (Hermann 1996).  In contrast to the potential sources

of error in the bird, local, and landscape data, we were able to measure elevation (with a DEM,

digital elevation model) and spatial location (with a GPS, global positioning system) with

relatively high precision and accuracy, and this may have favored the detection of elevational

and spatial effects in our models.  However, the comparison most relevant to our conclusions is
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the relative impact of local vs. landscape habitat effects, and we have no way of knowing if

measurement error was more problematic at one of these scales.  From the present analysis, it

appears that landscape effects are less important than local habitat for most species in our study

area (Fig. 2), but we urge caution in interpreting this result.

Another factor likely contributing to the unexplained variation in our data is that many

species in our study area appear to be somewhat plastic in their habitat use.  In particular, species

which we classified (prior to analysis) as preferring late-successional forests may be more

generalized in their habitat use than we previously appreciated.  For example, only 1/10 species

which we classified as late-successional species were significantly correlated with the type of

edge habitat at the local scale (see EDGE, Table 2).  In contrast, 3/11 generalists and 4/4 early-

successional species were correlated with local edge type.  Even if late-successional species did

not actively avoid edges with younger forest, we expected many of these species would have

been correlated with edge type, simply because we considered them to be most abundant in late-

successional forest (i.e., even without edge-avoidance, we would expect late-successional species

to be approximately twice as abundant, on average, at late-late compared to early-late sites).  A

possible explanation for our results is that in forested landscapes with abundant late-successional

habitat, late-successional species likely do not perceive younger forest as non-habitat, and may

be attracted to the dense cover provided by early-successional stands (Thompson et al. 1992).

Thus, while our results suggest that local habitat is more important than landscape structure in

explaining species abundance patterns in our data, even local effects may have been obscured for

late-successional species in our primarily (~ 85 %) late-successional study area.

Another limitation of our study is that bird counts (or other abundance indices) may be

poor indicators of habitat quality (Van Horne 1983).  Forest birds in highly fragmented
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landscapes typically have low reproductive success due to high rates of nest predation (Donovan

et al. 1995, Hoover et al. 1995, Robinson et al. 1995), brood parasitism by Brown-headed

Cowbirds (Molothrus ater) (Brittingham and Temple 1983, Robinson 1992), reduced pairing

success (Gibbs and Faaborg 1990, Villard et al. 1993, Van Horn et al. 1995), and/or low food

availability (Burke and Nol 1998, Zanette et al. 2000).  Spatial variability in reproductive success

due to fragmentation or other habitat factors may confound inferences about habitat quality that

are based on density or abundance indices (Braun and Robinson 1996).  Several studies have

reported that clearcutting does not reduce nesting success in large managed forests (DeGraaf

1995, Hanski et al. 1996), while other studies have found negative effects of logging (Yahner

and Scott 1988, King et al. 1998) or have reported mixed results (Rudnicky and Hunter 1993b).

Nest-monitoring data from our study area indicate that nesting success is probably high enough

(40-50 % nest survival rate; Mayfield 1975) to sustain viable populations of the three species for

which we have sufficient data (Black-throated Blue, Chestnut-sided, and Hooded Warblers; J. W.

Lichstein, unpublished data).  However, while productivity may be relatively high for these

species in our study area as a whole, we do not know if nesting success varies across our study

area in relation to landscape structure or other factors.  In addition, all three of these species nest

in open cup nests in the herbaceous and low shrub strata, and may not be indicative of birds in

other nesting guilds.  Several indirect lines of evidence suggest that nesting success may be

roughly equal throughout our study area:  Cowbird parasitism is rare in our study area (J. W.

Lichstein, unpublished data), and relative abundance models for avian nest predators (Blue Jay

and American Crow) had low predictive power (Table 2), suggesting that these predators are

equally abundant throughout our study area.  It would be valuable to have more information on

nesting success in our study area and in large managed forests in general.



124

In addition to determining the relative importance of local vs. landscape effects in our

study area, a secondary goal of our analysis was to determine the relative importance of

landscape composition vs. pattern.  Among studies conducted in forested landscapes, McGarigal

and McComb (1995) concluded that landscape composition was more important than landscape

pattern in their study, although a number of species were significantly correlated with various

pattern measures after controlling for the effects of composition.  Hagan et al. (1997) and

Penhollow and Stauffer (2000) also observed a number of correlations with both landscape

composition and pattern measures, but these authors did not control for correlations between the

two types of variables.  Jokimäki and Huhta (1996) used principal components analysis to

separate the effects of landscape composition and pattern and concluded that both were

important in their study.  However, we do not agree with their interpretation of certain principal

component axes as representing fragmentation independent of landcover, and we consider their

study to be inconclusive with respect to separating the effects of landscape composition and

pattern.

In addition to these studies from large managed forests, several studies conducted in

fragmented landscapes have also attempted to isolate the effects of landscape composition and

pattern on songbird distributions.  Villard et al. (1999) concluded that, after controlling for the

amount of forest cover in the landscape, forest fragmentation adversely affects some species.

However, in a similar analysis, Trzcinski et al. (1999) concluded that fragmentation had little

effect beyond that explained by forest cover, and that land managers should focus on the amount

of suitable habitat rather than its spatial arrangement.  In the present study, fifteen species were

significantly correlated with landscape composition variables, while only six species were

correlated with pattern measures after controlling for composition.  Our results are in accordance



125

with other published studies:  landscape composition appears to be more important than

landscape pattern in explaining songbird distributions, but some species do respond to the spatial

arrangement of patches in the landscape.  Nevertheless, we agree with Trzcinski et al. (1999) that

the amount of suitable habitat in the landscape is more generally relevant to the conservation and

management of songbirds than is the spatial arrangement of that habitat.  Not only is habitat area

more important than landscape pattern to most species, but area is also more easily manipulated

by land managers than is landscape pattern.  Of course, when management is directed at

particular species of concern, the response of those species should be explicitly considered.

In our analysis, we accounted for spatial autocorrelation to reduce the risk of observing

spurious correlations (Haining 1990).  Accounting for spatial autocorrelation in large scale field

studies is particularly important, because true replication at the landscape scale is expensive and

logistically difficult (Lichstein 2000:Chapter 2).  Many large scale studies attempt to avoid

pseudoreplication (Hurlbert 1984) by sampling non-overlapping landscapes (e.g., Pearson 1993).

In this study, landscape regions centered on adjacent sample locations overlapped considerably,

ensuring that landscape variables would be autocorrelated.  Several points are worthy of note

here.  Firstly, even non-overlapping landscape regions may be spatially autocorrelated if

landcover is autocorrelated over a large spatial scale (Lichstein 2000:Chapter 2).  Secondly,

spatial autocorrelation in explanatory variables is not necessarily problematic in OLS regression,

which assumes independent errors but makes no assumptions about autocorrelation in the

response or explanatory variables.  It is true that the errors will frequently not be independent if

both the response and explanatory variables are autocorrelated (Gumpertz et al. 1997), but this is

not necessarily the case.  When there is a strong relationship between the response and

explanatory variables, all of the spatial pattern in the response may be explained, and the



126

stochastic variation at each sample location may be free to vary independently.  In our data set,

some landscape variables were autocorrelated out to several kilometers (Lichstein 2000:Chapter

2), but correlograms of OLS residuals suggest that points need be separated only by 500 m to be

considered independent for most species.  Finally, autocorrelation should not be considered a

mere nuisance in analysis (Legendre 1993), as spatial patterns in ecological data likely reflect

important biological processes (Sokal and Oden 1978b, Legendre and Fortin 1989, Rossi et al.

1992).  In OLS regression, autocorrelated residuals may indicate a problem with the model, such

as a missing explanatory variable or a missing quadratic or higher order term (Haining

1990:332).  However, various contagious biological processes (Legendre 1993) could also lead

to spatial patterns in species abundance that could not be explained by habitat variables alone.

We suggest that conspecific attraction (Smith and Peacock 1990) is the most plausible

explanation for the positively autocorrelated OLS residuals in our analysis (see Lichstein

2000:Chapter 2 for further discussion).

Conspecific attraction may also explain what mild landscape effects we did observe, as

well as those observed in other studies in forested landscapes.  Conspecifics may cluster

spatially, for example, to increase opportunities for extra-pair copulations (Ramsay et al. 1999),

which are known to be common in north temperate breeding songbirds (Stutchbury and Morton

1995).  Conspecific attraction, for whatever reason, is dependent on the spatial distribution of

suitable habitat in the landscape; i.e., territorial conspecifics can not aggregate if their habitat is

fragmented into isolated patches.  Thus, increased abundance in landscapes with a high

proportion of preferred habitat may be an indirect result of conspecific attraction.  Clearly, our

suggestion of conspecific attraction as a mechanism for landscape response is speculative, and

we can not discount the possibility that differential nesting success with respect to landscape
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features is important in determining songbird abundance patterns in our study.  As discussed

above, we do not know enough about nesting success in our study area to evaluate the latter

hypothesis.

Conclusions

Landscape structure appears to have only weak effects on songbird abundance in the mostly late-

successional National Forests we studied.  In contrast to these public forests, private lands in the

southern Appalachians are under increasing pressure from a growing regional human population

(SAMAB 1996a, Turner et al. 1996, Wear and Bolstad 1998).  Our results are probably not

applicable to private lands, which tend to be more fragmented and may therefore be more

susceptible to landscape scale impacts.  In addition, our results may not apply to less mobile

organisms in the southern Appalachians, such as mesic forest herbs, which have limited ability to

recolonize sites following logging or other disturbance (Meier et al. 1995, Pearson et al. 1998).

Our study was conducted in a forested landscape within a mostly forested region.  Our

conclusion that landscape disturbance has little impact on songbird abundance should not be

extrapolated to more fragmented settings, or to other geographic regions where different avian

life-history strategies may dictate different landscape responses than the ones we observed

(Hansen and Urban 1992).  Most studies of songbird abundance in large forests have reported

weak or moderate landscape effects.  This should not be interpreted as being inconsistent with

studies in fragmented landscapes that have reported strong effects of patch size, patch isolation,

or landscape scale forest cover (e.g., Ambuel and Temple 1983, Robbins et al. 1989a, Trzcinski

et al. 1999).
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The sensitivity of species response to edge effects and landscape structure is context

dependent.  For example, Donovan et al. (1997) compared predation rates on artificial nests in

forest interior vs. forest-agriculture edge habitats in landscapes with low, moderate, and high

levels of forest fragmentation.  They reported no edge effects in unfragmented and highly

fragmented landscapes (where nest predation was uniformly low and high, respectively), but

negative edge effects in moderately fragmented landscapes (where predation rates were higher at

edges than in the forest interior).  Similarly, Flather and Sauer (1996) reported stronger effects of

fragmentation on Neotropical migrant bird abundance in regions where fragmentation was more

severe.  These studies demonstrate that the magnitude of local or landscape effects may vary

depending on large scale patterns in landcover.

An important challenge in avian conservation is to apply this conceptual framework to

managed forests in order to better understand how human disturbance in forested landscapes

interacts with land use at landscape and regional scales.  On a global scale, the existing network

of unlogged forest reserves is probably too small to maintain biological diversity, and managed

forests are likely to play an important role in conserving area-sensitive forest species (Hansen et

al. 1991).  Understanding how management in large forests affects different species over a range

of spatial scales should be a priority for conservation research.
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Appendix

Partial R2s were calculated for three groups of habitat variables:  (1) elevation and elevation

squared, (2) all other local habitat variables combined, and (3) all landscape variables combined.

Each partial R2 was calculated as the difference in R2 between the full model (which contained

all significant variables) and a reduced model (which lacked one of the above groups of

variables).  For CAR models, which are fit by maximum likelihood, we calculated R2s using the

following formula (Nagelkerke 1991):

R2
N = 1 – exp[-2/n(lA – l0)]

where n is the sample size, lA is the log-likelihood of the model of interest, and l0 is the log-

likelihood of the null model containing only an intercept (which fits the mean response).  For

OLS models, R2
N yields the identical value as the traditional OLS R2 definition:  the proportion

of the mean-centered response sum of squares that is explained by the independent variables.

To calculate partial R2s using the formula for R2
N, log-likelihoods of the null model, the

full model, and the various reduced models must be known.  CAR models were fit using the

‘SLM’ (spatial linear models) function in S-PLUS (Kaluzny et al. 1998), which returns the log-

likelihood of the specified model.  We fit models lacking different groups of habitat variables to

obtain log-likelihoods for full and reduced CAR models; each of these log-likelihoods was used

as an lA to calculate a different R2
N.  However, l0 in the R2

N formula can not be obtained directly

from SLM:  all models fit by SLM must contain the spatial parameter, ρ, but the appropriate

model for l0 contains only an intercept.  (Theoretically, l0 could be obtained from a non-spatial

Generalized Linear Model; however, log-likelihoods in the GLM function in S-PLUS are not
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comparable to those in SLM).  SLM does provide a likelihood ratio test for ρ, which allowed us

to calculate l0 indirectly.  First, we fit a model containing an intercept and ρ to obtain the log-

likelihood, lint+ρ.  We then computed the likelihood ratio test statistic for ρ,

LRρ = -2(l0 – lint+ρ)

using the LRT command in SLM.  Knowing lint+ρ and LRρ, we then calculated l0 by simple

arithmetic.  With l0, we could compute R2
N for the various full and reduced models, which were

then used to compute partial R2s for CAR models.

In addition to partial R2s for groups of habitat variables, we also wished to calculate

partial and sequential R2s for ρ.  The partial R2 for ρ is the improvement in CAR models over

OLS habitat models due to including autocorrelation (the spatial neighborhood effect) in the

model in addition to the habitat variables.  In contrast, the sequential R2 for ρ is the proportion of

variation in the response that can be explained by autocorrelation alone, without any habitat data

in the model.  We calculated partial R2s for ρ as the difference between CAR and OLS model

R2s.  We calculated sequential R2s for ρ by substituting lint+ρ for lA in the formula for R2
N.
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Table 1.  Habitat variables used in regression models.  For categorical variables, the number of categories is
given in parentheses.  Landscape variables (both cover and pattern measures) were quantified within square
regions at three different scales (500 m side = 25 ha, 1 km side = 100 ha, and 2 km side = 400 ha) centered
on each sample location.  Landscape variables appear in the text with the suffix ‘_5h,’ ‘_1k,’ or ‘_2k,’
denoting scales of 500 m, 1 km, and 2 km, respectively.
Local habitat

ELEV elevation
ELEV2 (elevation)2

MOIST site moisture value based on weighted average of plant species moisture
values; low values = xeric, high values = mesic

MOIST2 (site moisture value)2

TOPO (4) topographic position (ravine, flat, slope, or ridge)
EDGE (6) edge category (early-early, early-mid, early-late, mid-mid, mid-late, or late-

late); early/mid/late = early-/mid-/late-successional
RD/TR/OFF (3) point located on road, trail, or off-road
RDVEG (3) road bordered by Rubus, other shrub species, or no shrubs
CAN percent canopy cover
SUBCAN percent subcanopy cover
TALLSH percent tall shrub/sapling cover
LOWSH percent low shrub/seedling cover
HERB percent herbaceous cover
DBH>25 number of 25-50 cm dbh trees in wedge prism sample
MAXHT height of tallest tree
NMDS1 NMDS axis 1:  Q. rubra and A. saccharum (negative axis 1 scores) to Q.

coccinea (positive scores)
NMDS2 NMDS axis 2:  L. tulipifera (negative axis 2 scores)
NMDS3 NMDS axis 3:  T. canadensis and R. maximum (negative axis 3 scores) to Q.

prinus (positive scores)

Landscape composition
LCAGE1 ≤ 9 year old forest
LCAGE2 10-19 year old forest
LCAGE3 20-39 year old forest
LCAGE4 40-69 year old forest
LCAGE5 ≥ 70 year old forest
LCMESIC≥40 ≥ 40 year old mesic hardwood forest
LCHARD hardwood (mesic and xeric combined)
LCDIV Shannon’s diversity index for stand age classes (LCAGE1-5)

Landscape pattern
LPCORE core area = ≥ 40 year old forest, 100 m buffer
LPCWE contrast-weighted edge
LPNUMPA number of patches
LPMSI mean shape index = (patch perimeter)/(√patch area); averaged for all

patches
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Table 2.  Regression models of square root transformed counts for 25 species at 1,177 sample points.  Species are listed in decreasing order of sensitivity to
landscape variables (see CAR landscape partial R2s, Fig. 1).  ‘R2

total OLS’ values were calculated for OLS models fit using stepwise selection in which
correlations between local habitat, landscape composition, and landscape pattern were removed using analysis of residuals.   ‘Neighborhood size’ refers to the
radius beyond which locations had no effect on each other in CAR models (i.e., wij = 0).  These radii correspond to the range of autocorrelation in the OLS
residuals, except for Veery (range = 2 km; see Results).   In equations for CAR models (which contain the same variables as OLS models, but different parameter
estimates and P-values), a single significance level is reported for categorical variables (off-set by commas), and parameter estimates for the levels within
categorical variables (off-set by parentheses) are relative to ‘ridge’ for TOPO, to ‘mid-mid’ for EDGE, to ‘off-road’ for RD/TR/OFF, and to ‘no shrubs’ for
RDVEG.  Variables are listed in decreasing order of significance.  Landscape variables that were significant in OLS models (P ≤ .001 in most cases) but not
significant in CAR models (P > .01) appear in bold.  An ‘x’ appears in columns labeled ‘LC,’ ‘LP,’ ‘500 m,’ ‘1 km,’ and ‘2 km’ for CAR models with at least
one significant (P ≤ .01) landscape composition, landscape pattern, 500 m scale landscape (composition or pattern), 1 km scale landscape, and 2 km scale
landscape variable, respectively.  ‘R2

part ρ’ values are partial R2s for the spatial parameter (ρ) in CAR models; i.e., the improvement in R2 of CAR models over
OLS models (R2

total OLS and R2
part ρ do not always sum exactly to R2

total CAR due to rounding errors).  ‘R2
seq ρ’ values are sequential R2s for ρ in CAR models;

i.e., the R2 from a model containing only an intercept and ρ.  ‘R2
total CAR’ values are R2s for the CAR models indicated by the equations.

R2
total

OLS
neighbor-
hood size CAR parameter estimates and significance levels

L
C

L
P

500
m

1
km

2
km

R2
part

 ρ
R2

seq
 ρ

R2
total

CAR
Chestnut-sided Warbler
Dendroica pensylvanica E+

0.47 750 m EDGE*** (0.66early_early + 0.26early_mid +
0.47early_late + 0.08mid_late − 0.11late_late),
RDVEG*** (0.51Rubus + 0.07other), +
0.17LCAGE1_5h*** + 0.17ELEV*** +
0.08LCAGE2_5h*** + 0.06HERB*** +
0.04LOWSH* + 0.05LPCWE_2k

x x 0.05 0.25 0.52

Eastern Towhee
Pipilo erythrophthalmus E

0.34 300 m EDGE*** (0.66early_early + 0.42early_mid +
0.51early_late − 0.07mid_late − 0.09late_late), +
0.13LCAGE1_5h***, RD/TR/OFF*** (0.32road +
0.18trail), + 0.08ELEV***, RDVEG** (0.20Rubus +
0.12other), + 0.07LCAGE2_5h** − 0.05SUBCAN*

+ 0.05LOWSH* − 0.09LCAGE1_1k* +
0.06LCDIV_1k*

x x x 0.01 0.10 0.35

Black-throated Green
Warbler
Dendroica virens L+

0.27 400 m − 0.23ELEV*** − 0.11ELEV2*** + 0.12MOIST*** +
0.10MAXHT*** + 0.10LCMESIC≥40_5h*** −
0.12LCAGE5_2k*** + 0.11LCMESIC≥40_2k** +
0.06LCAGE4_5h*

x x x 0.04 0.15 0.31

American Crow
Corvus brachyrhynchos G

0.07 750 m − 0.08ELEV** − 0.08LPCORE_5h** +
0.06LCAGE3_5h* + 0.07LCDIV_1k* −
0.08LPCORE_1k + 0.07LPCWE_2k

x x x x 0.04 0.08 0.12
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Table 2 (continued)
R2

total
OLS

neighbor-
hood size CAR parameter estimates and significance levels

L
C

L
P

500
m

1
km

2
km

R2
part

 ρ
R2

seq
 ρ

R2
total

CAR
Rose-breasted Grosbeak
Pheucticus ludovicianus E+

0.15 500 m 0.08ELEV*** + 0.06LCAGE2_5h***, RDVEG***

(0.12Rubus − 0.00other), + 0.04LCAGE1_5h**,
EDGE** (−0.05early_early − 0.02early_mid +
0.10early_late + 0.04mid_late − 0.05late_late)

x x 0.06 0.12 0.21

Hooded Warbler
Wilsonia citrina G+

0.22 300 m RD/TR/OFF*** (0.23road − 0.07trail), −
0.12ELEV*** − 0.09ELEV2***, EDGE***

(0.22early_early + 0.13early_mid + 0.30early_late −
0.10mid_late + 0.01late_late), + 0.07LOWSH** −
0.08LPCORE_5h** + 0.07LCMESIC≥40_5h* +
0.06LCDIV* + 0.05TALLSH* + 0.06LCAGE2_2k*

x x x x 0.03 0.10 0.24

Black-throated Blue
Warbler
Dendroica caerulescens L+

0.36 750 m 0.35ELEV*** + 0.18MAXHT*** − 0.11ELEV2*** +
0.11LCMESIC≥40_5h*** − 0.08NMDS3***,
TOPO*** (0.28ravine + 0.43flat + 0.09slope)

x x 0.08 0.26 0.44

Eastern Wood-Pewee
Contopus virens G+

0.13 500 m 0.08ELEV*** + 0.06MAXHT*** +
0.05LCAGE2_1k**, RD/TR/OFF* (0.16road +
0.09trail), + 0.03LCAGE3_1k* −
0.04LCHARD_1k* − 0.03LPCORE_5h* +
0.03NMDS3, TOPO (−0.09ravine − 0.08flat −
0.01slope), EDGE (0.18early_early + 0.02early_mid
− 0.01early_late + 0.03mid_late + 0.02late_late)

x x x x 0.02 0.07 0.15

Red-eyed Vireo
Vireo olivaceus L+

0.16 500 m −0.13ELEV2*** + 0.09MAXHT*** +
0.09LPCWE_1k** + 0.12LPCWE_2k* −
0.06NMDS1*, RD/TR/OFF* (−0.04road − 0.19trail),
TOPO (−0.12ravine − 0.06flat + 0.02slope)

x x x 0.05 0.12 0.20



147

Table 2 (continued)
R2

total
OLS

neighbor-
hood size CAR parameter estimates and significance levels

L
C

L
P

500
m

1
km

2
km

R2
part

 ρ
R2

seq
 ρ

R2
total

CAR
Indigo Bunting
Passerina cyanea E+

0.32 500 m EDGE*** (0.59early_early + 0.40early_mid +
0.27early_late − 0.05mid_late − 0.16late_late), +
0.09HERB***, TOPO*** (−0.26ravine − 0.23flat −
0.11slope), RDVEG*** (0.24Rubus + 0.07other), +
0.08LCAGE2_5h*** + 0.08LCAGE1_5h** −
0.07NMDS1**, RD/TR/OFF** (0.33road +
0.20trail), − 0.05SUBCAN*

x x 0.05 0.15 0.36

Acadian Flycatcher
Empidonax virescens L+

0.31 500 m TOPO*** (0.31ravine + 0.41flat + 0.02slope), −
0.12ELEV*** − 0.09NMDS3*** + 0.06MAXHT*** +
0.05LCMESIC≥40_5h** − 0.04NMDS2** +
0.05LCAGE4_5h*

x x 0.04 0.13 0.35

Veery
Catharus fuscescens G+

0.25 900 m 0.15ELEV*** + 0.06ELEV2*** − 0.06LCAGE2_2k*

− 0.03NMDS3* − 0.04LCAGE2_1k* +
0.03LCAGE1_2k

x x x 0.10 0.24 0.35

Northern Parula
Parula americana L+

0.06 500 m 0.04LCAGE4_5h*** − 0.04ELEV** −
0.03NMDS3**, RD/TR/OFF (−0.01road − 0.06trail),
− 0.02NMDS2

x x 0.08 0.10 0.15

Ovenbird
Seiurus aurocapillus L+

0.14 900 m −0.16ELEV2*** + 0.11CAN*** −
0.10LCHARD_2k***, TOPO** (−0.26ravine −
0.20flat − 0.06slope), + 0.07ELEV*

x x 0.08 0.13 0.22

Blue-headed Vireo
Vireo solitarius L+

0.06 500 m EDGE*** (−0.13early_early − 0.16early_mid −
0.07early_late + 0.09mid_late + 0.17late_late), +
0.09ELEV*** + 0.05LPCORE_5h* −
0.06LPCWE_2k

x x 0.03 0.04 0.09

Blue Jay
Cyanocitta cristata G

0.03 500 m −0.06LCAGE4_2k** − 0.05MOIST*, EDGE
(0.10early_early − 0.00early_mid − 0.11early_late −
0.15mid_late − 0.08late_late)

x x 0.03 0.03 0.06

Black-and-white Warbler
Mniotilta varia G+

0.08 300 m −0.12ELEV2***, TOPO* (0.07ravine − 0.04flat +
0.15 slope), + 0.06LPCWE_1k* + 0.05NMDS2*

x x 0.02 0.04 0.10
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Table 2 (continued)
R2

total
OLS

neighbor-
hood size CAR parameter estimates and significance levels

L
C

L
P

500
m

1
km

2
km

R2
part

 ρ
R2

seq
 ρ

R2
total

CAR
Canada Warbler
Wilsonia canadensis G+

0.17 500 m 0.11ELEV*** − 0.05NMDS3*** + 0.05ELEV2*** +
0.04NMDS1*** − 0.04LCAGE2_2k* +
0.03LOWSH*, TOPO* (0.12ravine + 0.02flat +
0.04slope)

x x 0.11 0.18 0.27

Wood Thrush
Hylocichla mustelina L+

0.03 400 m −0.04NMDS2* − 0.03ELEV2 − 0.03MOIST2 +
0.03LCMESIC≥40_5h

0.05 0.06 0.08

Carolina Chicakdee
Poecile carolinensis G

0.05 NA −0.12ELEV*** NA NA NA

Dark-eyed Junco
Junco hyemalis G

0.20 300 m 0.23ELEV*** + 0.08ELEV2***, RD/TR/OFF*

(0.09road − 0.03trail)
0.01 0.07 0.21

Scarlet Tanager
Piranga olivacea L+

0.04 300 m −0.06ELEV2**, TOPO* (−0.16ravine −0.21flat −
0.02slope), RD/TR/OFF (−0.02road − 0.12trail)

0.03 0.04 0.07

Tufted Titmouse
Baeolophus bicolor G

0.05 300 m −0.06ELEV***, RD/TR/OFF** (−0.02road −
0.13trail), − 0.04CAN* − 0.03NMDS2*

0.02 0.03 0.07

Worm-eating Warbler
Helmitheros vermivorus G+

0.11 300 m −0.14ELEV***, EDGE* (0.06early_early +
0.19early_mid + 0.03early_late + 0.11mid_late −
0.00late_late), + 0.03NMDS2

0.01 0.04 0.12

White-breasted Nuthatch
Sitta carolinensis L

0.04 500 m RD/TR/OFF*** (−0.14road − 0.24trail), +
0.05MAXHT**, TOPO* (−0.16ravine − 0.10flat −
0.06slope)

0.03 0.04 0.07

E early-successional species; G generalist species; L late-successional species
+ Neotropical migrant
*** P ≤ .0001, ** P ≤ .001, * P ≤ .01



149

Fig. 1.  The southern Appalachians region, defined as the SAMAB (1996b) assessment area.
Federal lands comprise about 15 % of the region.  Our study area consists of the French Broad
Ranger district of Pisgah National Forest (North Carolina) and the Nolichucky Ranger district of
Cherokee National Forest (Tennessee).
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Fig. 2.  Partial R2s for elevation (ELEV and ELEV2 combined), other local habitat variables
combined (all local variables excluding ELEV and ELEV2), and all landscape composition and
pattern variables combined.  Partial R2s were calculated as the difference in R2s between the full
model (containing all variables included by the stepwise selection procedure) and a reduced
model lacking the appropriate set of variables (see Appendix).  Species are listed in order of
decreasing landscape sensitivity, defined as the partial R2 for landscape variables in CAR
models.  CSWA = Chestnut-sided Warbler, ETOW = Eastern Towhee, BTGW = Black-throated
Green Warbler, AMCR = American Crow, RBGR = Rose-breasted Grosbeak, HOWA = Hooded
Warbler, BTBW = Black-throated Blue Warbler, EAWP = Eastern Wood-Pewee, REVI = Red-
eyed Vireo, INBU = Indigo Bunting, ACFL = Acadian Flycatcher, VEER = Veery, NOPA =
Northern Parula, OVEN = Ovenbird, BHVI = Blue-headed Vireo, BLJA = Blue Jay, BAWW =
Black-and-white Warbler, CAWA = Canada Warbler, WOTH = Wood Thrush, CACH =
Carolina Chickadee, DEJU = Dark-eyed Junco, SCTA = Scarlet Tanager, TUTM = Tufted
Titmouse, WEWA = Worm-eating Warbler, WBNU = White-breasted Nuthatch.
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Fig. 3.  Moran’s I correlograms (Sokal and Oden 1978a, Legendre and Legendre 1998) of
residuals from OLS (left) and CAR (right) models for selected species.  I varies from roughly –1
to 1, with negative and positive values indicating negative and positive autocorrelation
respectively.  When there is no spatial pattern in the data, I is close to zero for large sample sizes
(n = 1,177).  The lag distance (x-axis) is the midpoint of the distance class within which all
possible pairs of points are used to calculate I.  All lag distance classes contained > 2,000 pairs of
points, giving high power to detect values of I that were significantly different from the value
expected under the null hypothesis of no spatial autocorrelation (two-sided randomization test,
1,000 permutations).  Closed circles:  I significantly different (P ≤ .01) from null expectation.
Open circles:  I not significantly different from null expectation.  OLS residuals for Carolina
Chickadee were not autocorrelated, so a CAR model was not fit.
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