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Abstract:

To prioritize competing conservation management options ecologists and

conservation biologists must estimate their relative potential benefits to biodiversity.

Quantitative estimates of these relative potential benefits, or similarly, the relative effects

of ecological factors on biodiversity, are uncommon in the literature. In addition, studies

have used a wide range of disparate statistical methods, which has limited our ability to

synthesize their results. In this thesis, I address the following questions: 1) Does our

current understanding of the relative effects of habitat loss and habitat fragmentation on

biodiversity depend on the choice of statistical methods used to account for their

correlation; and which methods are the least biased by this collinearity? 2) Are the

relative effects of habitat amount, habitat fragmentation, and matrix quality scale

dependent? 3) Of the disparate statistical metrics that might be used measure the relative

importance of conservation management options, what are the theoretical connections

among them and which of them meet five criteria that are necessary to compare results

across studies? 4) What is the relative importance of managing residential vegetation

(yards and street trees) versus non-residential vegetation (parks and large greenspace) on

the species richness and conservation value of an urban bird community?

In Chapter 2, 1 have shown that, except for standardized partial regression

coefficients, the statistical methods used to account for the correlation between habitat

amount and fragmentation are biased by both collinearity and the direction of their effects

on biodiversity. In Chapter 3, 1 have shown a scale dependency in the relative effects of

forest amount and forest fragmentation on bird species that are considered sensitive to

forest fragmentation, which is largely due to the higher variability in fragmentation



iii

effects across scales. In Chapter 4, 1 have shown that the best statistical metric for

prioritizing competing management options is a partial regression coefficient, re-scaled

as a proportion of the practical or theoretical limits to management. I have also proposed

a theoretical framework and categorization of the statistical metrics of relative

importance as well as practical criteria by which to judge other metrics. In Chapter 5, 1

have shown that the relative effects of residential and non-residential vegetation area on

the richness and conservation value of an urban bird community are approximately equal

at a local scale, but as human population density increases, the relative importance of

non-residential vegetation declines.
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Chapter 1. General Introduction

Estimating relative effects of different ecological processes or competing

management options is important in ecology and conservation biology (Wilson et al.

2007). Resources are limited, action is required, and so, competing options for

management must be prioritized (Sutherland et al. 2004). Decisions on conservation

actions are made through a cost-benefit analysis by planners, managers, politicians, and

the public, (the quality of the accounting is up for debate). It falls to ecologists and

conservation biologists to quantify the benefit side of the equation, i.e., the expected

benefit to biodiversity from a particular management option.

There are different ways of estimating the relative effects, or potential benefit to

conservation, of competing management options. In some cases manipulative

experiments, where the management options are experimentally balanced, may be the

optimal approach (e.g., Pullin and Knight 2009); however, similarly useful estimates can

come from observational studies where the controls on confounding factors and

correlations are statistical, or from studies that combine both statistical and experimental

controls (e.g., mensurative experiments sensu Huribert 1984, McGarigal and Cushman

2002, Brennan et al. 2002). Well controlled and balanced manipulative experiments, in

the spirit of Piatt's (1964) strong inference, should play some role in estimating those

benefits. However, the complexity of ecological systems, the difficulty of experimentally

controlling all of the potentially confounding factors, and the long time scales required,

make it unlikely that experiments will be sufficient on their own (McGarigal and

Cushman 2002). Indeed, for sufficiently complex problems in ecology and conservation,

manipulative experiments may not be ethical or possible (Hilborn and Mangel 1997);
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indeed, they may not be the best source of information for prioritizing management

options, if their quantitative results do not extrapolate to relevant spatial and temporal

scales, or to realistic levels of complexity (Peters 1991, Hobbs and Hilborn 2006).

Indeed, even in situations where manipulative experiments are possible, a preliminary

regression analysis can predict the likely outcomes and guide decisions about which

experimental treatments to apply (James and McCulloch 1990). Therefore, statistical

methods will continue to be the primary means by which ecologists compare competing

management options for many real-world problems in ecology and conservation biology.

However, statistical controls for correlations and confounding influences within

these models are fraught with difficulties and limitations (e.g., Petraitis et al. 1996, James

and McCulloch 1990). First, the predictors in the statistical model must be reasonable

representations of the management options. As an example, consider an analysis that

compares the relative effects of habitat amount (measured in units of area or percent of a

given landscape) with a principal component axis that combines numerous aspects of

habitat fragmentation. This synthetic variable may not represent the management action

(e.g., decreasing habitat edge density), as clearly as habitat amount (e.g., increasing

habitat area); in which case, the analysis would be biased towards the effects of habitat

amount. Second, the correlations among the competing management options must not be

causal. If the competing options cannot be manipulated independently of each other, at

least partially, then statistical controls for their correlation are inappropriate (Grace and

Bollen 2005). Indeed, if they cannot be independently manipulated, the entire question of

relative importance is moot. Finally, there must be evidence that the management options

have causal effects on the biodiversity response. Causality is a high standard but
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practically, this evidence should involve a plausible ecological mechanism combined

with previous studies (either correlative or manipulative) demonstrating an effect

(Anderson et al. 2001, Johnson 2002).

Estimating relative effects and prioritizing management options is relatively rare

in ecology and conservation (Stephens et al. 2007), partly because ecology has such a

strong emphasis on hypothesis tests, falsification (Popper 1962), and strong inference

(Piatt 1964). In its strongest form, this philosophical approach holds falsification as the

gold standard by which all scientific theories, hypotheses, and explanations should be

judged (Popper 1962, Piatt 1964). Beginning in the late 1970's, ecologists began to

strongly advocate a focus on testable, falsifiable hypotheses (Strong et al. 1979,

Romesburg 1981, Simberloff 1983). This theme persists and the ecological literature

frequently extols the virtues of strong inference and falsification (e.g., Peters 1991,

Nichols and Williams 2006, Mclntire and Fajardo 2009). For example, of the 1064

articles in the Web of Science that have cited Piatt (1964), more of those articles are from

ecology than any other single subject area (-15% of the 1064 citations, which represents

0.7% of all the hits from a topic search for "ecology" in Web of Science).

Strong inference and falsification have their strengths but they may have been

over emphasized in ecology and conservation. Certainly, there is a solid philosophical

argument and a proven practical base which shows that strong inference and falsification

are elegant heuristic tools, powerful methodological goals, and the optimal approach to

many scientific endeavours. However, their unqualified emphasis leads to a proliferation

of trivial hypotheses, tested in the context of statistical or methodological dogma. The

misuse and over-use of statistical null hypothesis testing (Yoccoz 1991), generates trivial



and inane "findings", often because a complex question is answered with a binary, yes-no

answer, e.g, effects test hypotheses that posit the existence of an effect (Guthery 2008b).

Similarly, falsification dogma can lead to an avoidance of important questions that do not

lend themselves easily to hypothesis testing (Hilborn and Mangel 1997). Much of

ecology's dogmatic tendencies can be attributed to the exclusive and hyperbolic language

of Popper and Piatt (e.g., "non-scientific" or "every problem in science"). Taken at face-

value, they claim that studies with goals other than to falsify a specific hypothesis are not

science; and, because of the long temporal and large spatial scales of ecological systems

and the difficulties in conducting replicable experiments, ecologists, on average, are

probably more sensitive to this critique than their colleagues in molecular biology, for

example (Piatt 1964, Peters 1991, Johnson 2002).

Ecology has many situations, questions, and objectives that do not lend

themselves to an approach based on falsification and strong inference, particularly in the

context of prioritizing management actions. In practice, strong inference is limited by its

assumption that a "clean result" (Piatt 1964) is possible, and by the time required to carry

out experiments (Hilborn and Ludwig 1993, Hilborn and Mangel 1997, McGarigal and

Cushman 2002). In addition, the notion of falsification excludes the possibility that

hypotheses may be partially true (i.e., that more than one factor exerts an influence,

Quinn and Dunham 1983, Guthery 2008a) or that a single hypothesis may be true or false

in different situations (e.g., different factors may impose limits on an ecological process

in different times or places, Cade et al. 1999). However, the complexity in ecological

systems means that different and multiple factors may have effects in different situations

and it is practically important to know: which factors, in what situations, and most
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importantly, how strong an effect (Johnson 2005). In practice, almost every ecological

hypothesis is supported in some contexts and falsified in others - the real question is one

of relative utility (Hilborn and Mangel 1997). A more balanced approach to the

philosophy of science acknowledges that much of what is useful in ecology is the

estimation of effects and the uncertainty around those effects (Quinn and Dunham 1983,

Hilborn and Ludwig 1993, Guthery 2008a). Studies that are exclusively focused on

hypothesis tests will be less useful to conservation than those that estimate effect sizes.

For example, although there may be evidence that each of a suite of competing

management options has an effect on some conservation goal, it does not follow that

managing all or any of those effects will be an efficient use of resources.

The relative importance of managing habitat amount and habitat fragmentation is

a good example of a complex problem where statistical methods are vital to estimating

their relative effects (Fahrig 2003); however, confusion around those statistical methods

has, so far, hampered synthesis (Koper et al. 2007). The question of their relative effects

has been debated in landscape ecology for more than 15 years (Andren 1994, Karieva

1995, Fahrig 1997). A few relevant manipulative experiments have been done but

extrapolating their results to the scale of anthropogenic landscape change is difficult

because they were (of necessity) conducted in simplified, small-scale microcosms

(McGarigal and Cushman 2002, Fahrig 2003). Many more studies have estimated the

relative effects of habitat amount and fragmentation using observational data while

statistically controlling for the correlation between them. However, the relative ranking

of their effects has depended on the study (Fahrig 2003) and some of the methods used to

control for the correlations are biased (Koper et al. 2007). Therefore, it is unclear to what
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extent the current synthesis reflects their relative effects on biodiversity or the choice of

statistics used to measure their relative effects.

Chapter 2 begins by reviewing the statistical methods that have been used to

compare the effects of, control for the correlations between, habitat loss and

fragmentation. By comparing these methods under identical conditions, I demonstrate the

difficulty of synthesizing across studies that have used disparate statistical methods to

control for the correlation. I also compare the potential biases in each method and make

recommendations on the best methods to use in future studies.

Chapter 3 applies the statistical recommendations from Chapter 2 to answer the

following question: Are the relative effects of habitat amount, habitat fragmentation, and

matrix quality scale dependent? My hypothesis is that their relative effects depend on the

correspondence between two scales: the extent of the landscape used to measure them,

and the scales of the processes that are affected by each of the three factors. The scale of

an ecological process determines the scale at which its effects are evident (Addicott et al.

1987). For example, fragmentation may affect large-scale processes like source-sink

population dynamics or small-scale processes like individual reproductive success; the

scales of the strongest relationships between fragmentation and these two processes

reflect this (e.g., Tittler et al. 2006, Ries et al. 2004). Because habitat amount, habitat

fragmentation, and matrix quality affect numerous ecological processes that occur at

different spatial scales, their relative effects should be scale dependent.

Chapter 4 returns to the theoretical and methodological issues around estimating

the relative importance of competing management options. In the last 10 years, there

have been numerous, conflicting recommendations on statistical methods to estimate the
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relative importance of competing management options in ecology (MacNally 2000,

Burnham and Anderson 2002, Grace and Bollen 2005, Murray and Conner 2009).

However, each of these sets of recommendations has largely ignored the methods

suggested by the others, and each has implicitly redefined "relative importance" within

the narrow confines of a particular statistical framework. Consequently, there is no

consensus in the literature on: 1) a definition of relative importance in conservation and

ecology, 2) explicit criteria by which metrics of relative importance can be judged or

compared, or 3) a framework to connect and categorize the various metrics. In this

chapter, I propose a definition, criteria, and a framework, as well as: define a novel way

to re-scale predictors and coefficients in different units so that they are directly

comparable on a scale that considers the practical limits to their management; compare

all of the metrics that have been previously recommended against the criteria; and make

recommendations on which metrics are best.

Chapter 5 applies the recommendations from Chapter 4 to an empirical question

about the relative importance of managing vegetation in residential and non-residential

areas of a city. The area and structure of non-residential vegetation (parks and large

greenspaces) influences the diversity and conservation value of an urban/suburban bird

community (Marzluff and Ewing 2001). In addition, there is evidence that there are

similar effects of the area and structure of residential vegetation (private yards and street

trees, Evans et al. 2009). I compare their relative effects, both in their raw units (i.e.,

hectares or percent of the landscape), and in units that account for the practical limits

imposed by high human population density (i.e., the novel metric from the previous

chapter), which are different for residential and non-residential vegetation. I also analyze
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their effects separately at local and landscape scales to account for the different processes

that each type of vegetation may affect.

The four central chapters of my thesis are linked by their focus on prioritizing

competing management options for conservation. Chapters 2 and 4 deal with the

methodological and theoretical challenges of estimating the relative potential benefits of

competing management options in complex ecological systems. Chapters 3 and 5 apply

these methodological advances to practical questions in avian ecology and conservation.
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Chapter 2. Confronting collinearity: Comparing methods for disentangling
the effects of habitat loss and fragmentation

(Adapted from: Smith A. C, N. Koper, C. M. Francis, and L. Fahrig. 2009. Confronting
collinearity: Comparing methods for disentangling the effects of habitat loss and
fragmentation. Landscape Ecology 24: 1271-1285)

2.1 Chapter summary:
Estimating the relative importance of habitat loss and fragmentation is necessary

to estimate the potential benefits of specific management actions and to ensure that

limited conservation resources are used efficiently. However, estimating relative effects

is complicated because the two processes are highly correlated. Previous studies have

used a wide variety of statistical methods to separate their effects and I speculated that

the published results may have been influenced by the methods used. I used simulations

to determine whether, under identical conditions, the following 7 methods generate

different estimates of relative importance for realistically correlated landscape predictors:

residual regression, model or variable selection, averaged coefficients from all supported

models, summed Akaike weights, classical variance partitioning, hierarchical variance

partitioning, and a multiple regression model with no adjustments for collinearity. I found

that different methods generated different rankings of the predictors and that some

metrics were strongly biased. Residual regression and variance partitioning were highly

biased by correlations among predictors and the bias depended on the direction of a

predictor's effect (positive vs. negative). My results suggest that many efforts to deal

with the correlation between amount and fragmentation may have done more harm than

good. If confounding effects are controlled and adequate thought is given to the

ecological mechanisms behind modeled predictors, then standardized partial regression



10

coefficients are unbiased estimates of the relative importance of amount and

fragmentation, even when predictors are highly correlated.

2.2 Introduction

Anthropogenic landscape alteration can result in both habitat loss (a reduction in

the proportion of a landscape composed of suitable habitat for a focal species, commonly

measured as reduced habitat amount) and habitat fragmentation (a change in the

arrangement or configuration of the remaining habitat such as increased edge density, or

reduced core area). Because habitat loss and fragmentation are inevitably correlated to

some degree, they are often combined into a single concept - "habitat loss and

fragmentation" (Ewers and Didham 2006 and 2007) or even simply "fragmentation"

(e.g., Gelling et al 2007). However, in the context of landscape planning for conservation,

combining these two processes may be counter-productive, because: 1) they can be

managed independently to some degree (e.g., creating corridors to link existing habitat

patches could have a strong effect on fragmentation but a comparatively weak effect on

habitat amount); and, 2) their effects on populations and biodiversity may be different in

magnitude and even direction (e.g., creating corridors may have a positive influence on a

population through increased connectivity but have a concurrent negative influence

through increased edge habitat in the landscape; Fahrig 2003). As a result, it is important

to understand their independent effects so that management recommendations result in

the most efficient and effective use of limited conservation resources (Lindenmayer and

Fischer 2007, Sutherland et al 2004).

The current understanding of the relative importance of habitat loss and

fragmentation is limited because of the high degree of correlation between them
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(McGarigal and Cushman 2002, Fahrig 2003). Indeed, Köper et al (2007) recently

demonstrated that one of the most common statistical approaches for separating their

effects - residual regression - is highly biased. The approach involves using the residuals

of a regression of one correlated predictor on another as an orthogonal predictor in a

classic regression framework (See Koper et al 2007 for a detailed review). If residuals are

used to create a measure of fragmentation that is orthogonal to habitat amount (or vice

versa), the assessment of relative importance may be inherently biased towards habitat

amount (or fragmentation). Presumably, any shared effect is allocated to amount, which

is usually the intact (i.e., non-residual) predictor (Freckleton 2002). In some contexts, an

a priori bias may be appropriate (e.g., if habitat amount is inherently easier to manage but

see Ewers and Didham 2007); however, these residual regression studies have also been

incorrectly cited as evidence that amount is more important than fragmentation (e.g., in

Flather and Bevers 2002; Fahrig 2003; Turner 2005).

The bias inherent in residual regression may be even more complicated than has

been suggested. The presumed bias towards habitat amount assumes that the effects of

habitat amount and fragmentation on biodiversity do not conflict, but they may. For

example, if an increase in habitat amount has a positive effect on biodiversity but is

positively correlated with a measure of fragmentation that has a negative effect, then the

two processes will conflict and suppress (mask) each other's effects. Variables that have

these conflicting effects (opposite qualitative effects and a positive correlation or similar

qualitative effects and a negative correlation) are referred to as suppressor variables

(Cohen and Cohen 1983). In these conditions, residual regression may underestimate

both effects. In addition, suppressor effects likely influence other statistical methods. For
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example, if an influential suppressor variable is removed from a multiple regression, the

effects of the remaining predictor will be underestimated (Legendre and Legendre 1998).

These serious consequences should clearly be addressed in comparing the relative effects

of habitat loss and fragmentation.

There are many statistical approaches for estimating the relative effects of

correlated predictor variables such as habitat amount and fragmentation (Graham 2003,

Burnham and Anderson 2002, Gromping 2007) but synthesizing the literature is difficult

if previous results have been determined by the statistical methods rather than the actual

biological effects. Therefore, in this paper I have three objectives: 1) to review the

statistical methods that have been used to estimate the relative importance of habitat

amount and fragmentation; 2) to compare the accuracy and precision of these different

statistical estimates of relative importance under identical conditions using simulated but

realistic data; and 3) to make recommendations on the best approaches to use in future

studies. In my simulations, I compared 7 statistical methods: standard multiple

regression, residual regression, variable or model selection, two multi-model inference

measures {sensu Burnham and Anderson 2002), and two variance partitioning

approaches.

2.3 Methods
Literature review

I searched the literature for studies that compared the effects of habitat amount

and fragmentation on an ecological response variable. After excluding patch-scale studies

{sensu Fahrig 2003), my review included 33 empirical studies that compared the relative

effects of habitat amount and fragmentation, measured at the landscape scale. I reviewed
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the statistical methods used in the studies and the conclusions on which (habitat amount

or fragmentation) was more influential.

The studies in my review employed some combination of 6 statistical tools to

evaluate the relative importance of fragmentation and amount. These included: 1)

residual regression, 2) variable or model selection procedures (stepwise significance or

AIC-based selection), 3) averaged coefficients that account for uncertainty in model

selection, 4) summed Akaike weights (3 and 4 relate to multi-model inference (MMI);

Burnham and Anderson 2002), 5) classical variance partitioning, and 6) hierarchical

variance partitioning (HVP, Chevan and Sutherland 1991). I categorized metrics from

these methods as either "confidence metrics" (i.e., those that estimate the confidence or

uncertainty in a particular predictor's effect, based on either statistical significance or the

inclusion of a predictor in a best or final model) or "strength metrics" (i.e., those that

estimate the relative strength of a predictor's effect, based on a regression coefficient or

an estimate of explained variation).

2.4 Simulations
Landscapes variables

I used 350 real landscapes to provide the landscape variables used in my

simulations. The landscapes were 10 ? 10 km regions of Southern Ontario, Canada;

which were clipped from a pre-existing, landcover map of the province with 28 classes

and 30 m cell-resolution (OMNR 1998). I used four landscape variables in my

simulations. One variable represented habitat amount ("Amount" = the area of forest

cover). Two variables represented habitat fragmentation - habitat edge ("Edge" = length

of the edge between forest and all non-forest landcover) and mean patch size ("MnPatch"

= average size of forest patches). A fourth variable represented the heterogeneity of
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natural landcover ("Hetero" = number of natural, landcover classes present in the

landscape). This fourth variable could be grouped with habitat amount in the broader

category of landscape composition variables but in my simulations, it primarily serves to

demonstrate the effects of variables that are less strongly correlated (r ~ 0.5). For the first

three measures, the original landcover data was reclassified into a binary, forest/non-

forest landscape. For the fourth measure (Hetero), the original landcover classification

was used. I chose these variables because they are relatively common in landscape

ecology studies and they are correlated in these landscapes (Figure 2.1). Landscape

variables were measured using the program Fragstats (McGarigal et al. 2002).

In my simulations, Edge acts as a suppressor variable because all predictors are

positively correlated (Figure 2.1) but Edge's effects are opposite in sign to all other

predictors (i.e., negative). As an example of this suppressor relationship, a regression

coefficient for Amount would be effectively zero when

Y = a + 2.0 * Amount - 2.0 * Edge + e is regressed on Amount only, because the effects of

Edge on Y suppress those of Amount (and vice versa). However, if Fis regressed on both

predictors then the partial regression coefficients are accurate (\ß\ = 2.0).

I used both the pair-wise correlation matrix among all predictors as well as each

predictor's variance inflation factor (Neter et al 1990) to quantify collinearity. Variance

inflation factors (VIF) were calculated for each predictor as the inverse of the coefficient

of non-determination (l/(l-i?2)) for a regression ofthat predictor on all others. VIF is a
positive value representing the overall correlation of each predictor with all others in a

model. Generally, VIF > 10 indicate "severe" collinearity (Neter et al 1990).
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I used real landscapes because I wanted a realistic representation of the covariance

structure among predictor variables in empirical studies of habitat loss and fragmentation.

I limited my selection of landscapes to 350 that contained <30% habitat cover because

theoretical studies suggest that fragmentation effects should be most evident in

landscapes with low habitat amount and therefore questions of relative importance are

most relevant here (Fahrig 1998, Flather and Bevers 2002) and the relationships between

many fragmentation metrics and habitat amount are simplified in this range

(approximately linear instead of curvilinear). I standardized all predictors to a mean of 0

and a standard deviation of 1.0 so that equal coefficients implied equal effect-strength

and to simplify expected variance partitions for each predictor.

Simulated response data

I generated simulated response data for all 350 landscapes, using a linear equation

with coefficients of known value (e.g., Y= a + ß? Amount + ^ Fragmentation + e). The

values of these response data could be interpreted as a measure of average abundance of a

species within each landscape or any other response with an approximately normal

distribution. I used each of the following linear equations to represent 6 true models:

Yaeph = a + 2.0 * Amount - 2.0 * Edge + 2.0 * MnPatch + 2.0 * Hetero + e

Yae =a + 2.0 * Amount - 2.0 * Edge + e

Yap =a + 2.0 * Amount + 2.0 * MnPatch + e

Ya = a + 2.0 * Amount + e

Ye=a-2.0* Edge + e

Yp=a + 2.0* MnPatch + e
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The subscripts indicate "influential predictors" - predictors used to create the

relevant simulated response (e.g., "e" in Ye refers to Edge). "Uninfluential predictors" are

those that were not used to create a particular response (e.g., Edge in Yap). The error term

(e) was normally distributed with mean of zero and a variance adjusted so that a correct

statistical model (i.e., one that included the same predictors as the true model) explained

approximately 50% of the variation in the response. Response data from each of the 6

true models were replicated 100 times. Among the 100 replications, only the random

values of the error (e) in the linear equation varied.

Comparing statistical methods

To compare the different statistical methods, the simulated response data from

each of the 6 true models were analyzed using each of the 7 statistical methods of relative

importance (i.e., partial coefficients from a multiple regression, plus the methods

identified in my literature review). I assessed the accuracy (in comparison to the true

value) and variation across the 100 replications in the estimates of relative importance

from each statistical method (i.e., the mean and variation in the; partial coefficients,

relative proportion of variance explained, or relative importance according to the summed

Akaike weight). Finally, each of the 7 statistical methods were compared under each of 3

conditions, by varying which predictors were included in the statistical analyses for each

true model: 1) correct predictors - the analysis contained all of the influential predictors

and no uninfluential predictors; 2) too many predictors - the analysis contained all of the

influential predictors as well as some uninfluential predictors; and 3) too few predictors -

the analysis contained only a subset of the influential predictors. The entire simulation

experiment consisted of 7 statistical methods applied under 3 different conditions to
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simulated data created under 6 true models where the data creation was replicated 100

times.

All simulations were conducted using R statistical software (www.r-project.org)

with additional packages for some of the specific statistical analyses including "hier.part"

for HVP and "MuMIn" for MMI calculations across all possible sub-models (available

online at: http://r-forge.r-project.org/projects/mumin/).

2.5 Results

A majority of the studies that I reviewed found that habitat amount was generally

more important than fragmentation in determining the effects of landscape structure on

biodiversity (Table 2. 1). There were no clear trends in published results that would

suggest particular methods were more likely than others to find amount or fragmentation

most important. Additional results of the literature review are in the following, method-

specific sections.

Partial coefficients from a multiple regression

This approach was not used on its own in any of the reviewed studies, yet I found

that multiple regression coefficients were unbiased estimates of effect strength when the

correct predictors were available (Figure 2.2 A) and also when too many predictors were

available (Figure 2.2 D). However, as for all methods, coefficients were biased if too few

predictors were available. If the missing predictor was not a suppressor, then the absolute

values of the coefficients were over-estimated (see Amount in Figure 2.3 A). If the

missing predictor was a suppressor, then the absolute values of the coefficients of the

included predictors were underestimated (Figure 2.3 B). In both cases, the coefficients

were biased to a degree dependent on their correlation with the missing predictor.
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Residual regression

Residual regression was used in 10 of the 33 studies I reviewed (Table 2.1). All 10

used residuals for the fragmentation variables, leaving the habitat amount variables intact

and were therefore supposedly biased towards the effects of habitat amount. However,

this bias was not evident in the results. Indeed, only 50% of the residual regression

studies, compared to approximately 70% of the remaining studies, concluded that amount

was more important than fragmentation (Table 2.1).

In my simulations, if the amount and fragmentation predictors had similar effect

directions and were positively correlated then residual regression overestimated the

importance of the intact predictor and underestimated the importance of the residual

predictor (Figure 2.4 B) as suggested by Koper et al (2007). However, if the two

predictors had a suppressor relationship (e.g., Amount and Edge), the importance of both

predictors was underestimated (Figure 2.4 A). In addition, with a suppressor relationship,

the presumed bias in residual regression was actually reversed because the residual

predictor's coefficient was less underestimated than the intact predictor's (i.e., the

residual predictor was more likely to be significant and had a larger coefficient value,

Figure 2.4 A).

Variable/model selection

Fourteen of the studies in my review used some sort of stepwise selection

procedure to identify important variables for inclusion in a final or best model (Table

2.1). Some (but not all) studies took steps to limit correlations among predictors to avoid

potentially spurious models (Kruskal and Majors 1989, Clark and Troskie 2006). This

was generally done by removing one of a pair of correlated predictors from the model

(either during the stepwise selection or before the analysis by removing one of each pair
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of highly correlated predictors). No studies provided estimates of potential effect strength

for any of the removed predictors.

In my simulations, I used AIC to choose the best model from among all possible

combinations of a global model (i.e., a model that includes all of the available predictors).

When the correct predictors were available, this approach almost always selected the

global model (i.e., the correct model, Figure 2.2 B). When too many predictors were

available, the best model included uninfluential predictors at least 14% of the time

(Figure 2.2 E). However, this inclusion ofuninfluential predictors did not strongly bias

the regression coefficients of the influential variables. If too few predictors were

available, the influential predictors were retained in the best model but the coefficients

were biased in the same way as partial coefficients from a multiple regression (Figure

2.3).

Weighted mean coefficients

Ten of the studies I reviewed used coefficients averaged across models to estimate

relative importance (Table 2.1). In MMI, these averaged coefficients are a strength metric

for each predictor, which is calculated as the weighted mean partial regression

coefficient, averaged across all supported models (i.e., models for which Akaike weight >

0.05, or AAIC < 4) and weighted by the Akaike weight (an estimate of the support for

each model in the data, Burnham and Anderson 2002). In my simulations, when the

influential predictors were available (i.e., the correct predictors or too many predictors),

this method generated unbiased estimates but the variance around the estimates was

slightly higher than for other coefficient-based approaches (compare Figures 2.2 C and

F). When too few predictors were available, the coefficients were biased in the same way
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and to the same degree as for the model selection and multiple regression approaches

(results similar to those in Figure 2.3).

Summed Akaike weights

The same ten studies that used MMI averaged coefficients, also included a

confidence metric for each predictor, which was calculated as the sum of the Akaike

weights for all supported models that include each predictor ("variable importance" sensu

Burnham and Anderson 2002). With this metric, if there are numerous competing models

for which there is some support, then variables that are included in models with higher

weights and/or included in more of the supported models will be ranked higher in relative

importance. This measure is biased towards predictors that are included in more

candidate models (Burnham and Anderson 2002, pg 169) but I found no

acknowledgement of this potential bias in the reviewed studies.

In my simulations, the summed Akaike weight was a liberal confidence metric, in

that uninfluential predictors were always allocated some importance. Although the

average estimate was generally lower for uninfluential predictors, there was much

variation and in some replications uninfluential predictors received very high importance

scores (Figure 2.5 B). In addition, this metric underestimated the importance of

influential predictors that were more highly correlated (e.g., Amount and Edge in Figure

2.5 A).

Classical Variance Partitioning

Five of the reviewed studies partitioned the variation in the response into portions

that were explained independently by each predictor and portions that were shared among

predictors (Legendre and Legendre 1998, pg 528). These studies used this approach to

estimate effect strength and importance of predictors in a full model, by comparing the
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size of the independently explained portions. However, when the predictors are highly

correlated, then the independent portions represent only a fraction of the predictor's true

effect or importance.

In my simulations, this approach could generally distinguish between influential

and uninfluential predictors but the ranking of influential predictors was biased.

Uninfluential predictors did not, on average, explain any of the variation independently

(Figure 2.6 A). In contrast, even highly correlated influential predictors were always

allocated a non-zero share. However, the ranking of influential predictors was highly

dependent on the correlations among predictors. When all four predictors contributed an

equal share (25%) to the response (i.e., Yaeph) the average across all 100 replications of

the independently explained variation for each predictor ranged from 4% to 21% (Figure

2.6 A).

As for all methods, this approach was also biased when too few predictors were

available but the type of bias depended on suppressor effects. The importance of

influential predictors was underestimated in all situations (Figure 2.6 A, B, and D) except

when a substantial, non-suppressor variable was missing from the analysis (Figure 2.6 C).

In that case, the importance of the modeled predictor with similar qualitative effects as

the missing predictor was overestimated because it was allocated the explanatory power

of the missing predictor while the modeled predictor with different qualitative effects

(suppressor relationship) was not. In contrast, when the missing predictor had a

suppressor relationship with both retained predictors neither took on its explanatory

power; instead, the missing predictor's effect reduced the variation explained by all

retained predictors (Figure 2.6 D).
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Hierarchical Variance Partitioning

The HVP approach was applied in 4 of the 33 studies (Table 2.1). HVP

decomposes all of the variation explained by the full model (including the shared

component) into components that can be allocated to individual predictors (Chevan and

Sutherland 1991). HVP partitions the shared components of the full model by assuming

that shared component within each hierarchical level of all possible sub-models can be

divided equally among correlated predictors. HVP is one of a number of closely related

metrics of relative importance that are more commonly applied in the social sciences

(Kruskal 1987, Gromping 2007).

In my simulations, the strength estimates from HVP analyses were strongly

affected by both the predictor's correlation with other predictors and the direction of its

effect. When all predictors had equal absolute effects on the response (i.e., Yaeph, Figure

2.6 E), importance was overestimated for those that were less correlated and had positive

effects (i.e., MnPatch and Hetero) and underestimated for those that were more correlated

and had positive effects (i.e., Amount). Importance of the suppressor variable Edge was

greatly underestimated. HVP always allocated some of the explained variation to every

predictor in the model, even uninfluential ones (Figure 2.6 F). The importance was

consistently overestimated for the following three groups: uninfluential predictors,

predictors that were less correlated than the others (lower VIF), and all predictors when

influential, non-suppressor predictors were missing from the analysis

2.6 Discussion

Comparing methods

The main finding of my simulation experiment was that standard multiple

regression performed as well or better than all of the methods that have been used to
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account for collinearity. Standardized partial regression coefficients within a reasonably

well specified model are useful measures of effect strength even for correlated predictors.

Within the range of true models and conditions that I simulated, standardized partial

regression coefficients of highly correlated predictors were unbiased whether from a

straight-forward multiple regression, the best model identified by AIC, or averaged

across all supported models using MMI in an information theoretic framework - although

the MMI approach slightly increased the variance around the estimate (Figure 2.2).

Perhaps the strong performance of multiple regression should not come as a surprise

since there is a long history of using regression to control for potentially confounding

effects and continuous predictors are almost always correlated to some degree (Legendre

and Legendre 1998). However, considering the added complexity from many statistical

manipulations intended to remove collinearity or the alternative methods intended to

circumvent the issue, it is remarkable that these efforts may be worse than doing nothing

at all.

Even though collinearity causes high variance around partial regression coefficient

estimates and reduced statistical power (Neter et al 1990; Graham 2003), my simulations

suggest that the alternatives to multiple regression have similar or even worse problems.

The summed Akaike weights of highly correlated predictors were underestimated and

more highly variable than for less correlated predictors (Figure 2.5). In addition, the

estimates from variance partitioning approaches and residual regression were both highly

variable and biased (Figures 2.4 and 2.6). By contrast, although more correlated

predictors were more likely to be found erroneously insignificant (i.e., increased Type II

error - reduced statistical power), in the context of my simulations, multiple regression
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identified even the most highly correlated influential predictors as statistically significant

in > 90% of the replications (Figure 2.2).

Ecologists have been trained to remove collinearity from ecological regression

models, in part, because of suggestions that collinearity causes "biased" coefficient

estimates (Petraitis et al 1996, Graham 2003). However, in my simulations partial

regression coefficients were unbiased for influential predictors, even when the predictors

were highly correlated. The difference between my results and the results of these

previous studies is entirely due to interpretation. Interpreting partial coefficients as

"biased" assumes that the simple or univariate coefficient of each predictor with the

response represents the "truth". In fact, if the two correlated predictors have additive

functional relationships with the response (e.g., distinct ecological processes such as

population size and negative edge effects), then the partial coefficients are the best

representation of the true effects and the univariate coefficients are the "biased"

estimates. I only observed bias in the partial regression coefficients when an important

confounding effect was missing from the model; and indeed, this was true for all

methods. Controlling for confounding effects requires knowledge of the relevant

ecological processes in the system being studied and clear links between those processes

and the predictor variables in the statistical model.

Residual regression studies are known to have predictable bias (Koper et al. 2007)

but my results show they may also be biased in unexpected ways. Residual regression is

biased towards the intact variable (usually habitat amount) if the effects of amount and

fragmentation do not conflict (i.e., conditions that lead to box B in Figure 2.7 and similar

to the bias shown in Koper et al 2007). However, effect strength and statistical



25

significance in published studies may have been underestimated for both amount and

fragmentation if the variables were suppressors (i.e., conditions that lead to box A in

Figure 2.7). Indeed, some published estimates may even have been biased in favor of the

residual variable (usually fragmentation), because my simulations suggest the residual

variable's effect is less underestimated than the intact variable. Therefore, even if a

researcher had wished to impose an initial priority on one of the variables, residual

regression may have given inaccurate results. Suppressor effects may explain why the

results of studies that used residual regression did not reflect the presumed bias of habitat

amount over fragmentation (Table 2.1). My results cast serious doubt on previous

research that applied residuals to distinguish between the effects of habitat fragmentation

and amount.

Partitions of independently explained variation should be avoided as measures of

the relative effects of amount and fragmentation because they reveal as much about the

correlation structure among predictors as their relative effects. When true effects were

identical across predictors, the classical independent variance partitions ranked the

predictors according to their level of correlation with the other predictors. The

independent partitions were approximately what would be expected considering the

correlation structure of the predictors but they did not accurately represent the true

independent contributions of each predictor. Similarly, estimates of relative importance

using HVP depended on how correlated a predictor was but were further biased by the

direction of a predictor's effect (i.e., underestimated for highly correlated predictors and

suppressor variables and overestimated for others). The flaw in using partitions of

independently explained variation as estimates of importance is that they combine



estimates of effect strength and confidence. It is not clear from an independent variance

partition (classical or HVP) whether a variable has a strong but uncertain effect or a

certain but weak effect. In a management context, this distinction is clearly important.

Less confounded metrics of effect strength (such as coefficient-based estimates)

presented in combination with confidence estimates (such as summed Akaike weights or

the coefficient's confidence intervals) will be more informative than estimates of

explained variation.

Toward a synthesis

Future studies of the relative importance of amount and fragmentation should

explicitly report both the variance inflation factor for each predictor and the pair-wise

correlations among all predictors. Without this information, I could not synthesize the

literature in my review while accounting for the biases identified here. Many studies

reported only a maximum, pair-wise correlation coefficient (e.g., r < 0.8), or removed

predictors that were "highly" correlated with another predictor in the analysis using an

arbitrary cut-off value for pair-wise correlations (usually r > 0.5 - 0.7). These simple

criteria give no information on the remaining correlations, which may still influence

results. Indeed, considering only pair-wise correlations may not actually reduce the

statistical problems caused by collinearity. Complicated relationships among predictors

can result in large increases in error around coefficient estimates for predictors that

nonetheless have very low pair-wise correlations with all other predictors (Neter et al

1990).

I did not find a single reference to potentially conflicting effects of correlated

predictors (suppressor effects) in any of the reviewed studies. However, suppressor

effects have very likely influenced the results of studies that used residual regression or
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HVP; they may also have led to underestimates of effect strength for retained variables in

any of the methods, if one of a pair of suppressor variables was removed from the

analysis because it was "highly correlated". In an ecological context, suppressor variables

may represent important effects. For example, increasing habitat amount may have a

positive effect on a population through an increase in population size but the concurrent

increase in edge length may have a negative effect that acts through an unrelated

mechanism (e.g., increases in mortality rates from predators that use habitat edges). In

conditions of conflicting ecological processes, using residual regression, HVP, or

arbitrarily removing one of a pair of highly correlated variables from a regression model,

will give biased estimates of relative importance.

Confronting collinearity

There are two considerations that should inform decisions on including particular

variables in future studies of the relative effects of habitat amount and fragmentation.

First, if two predictors are thought to represent distinct ecological processes or

mechanisms then both should be included in the analysis. An understanding of the

important ecological processes and mechanisms is essential if statistical modeling is to

advance ecological understanding (MacNally 2000). Removing variables simply because

they are highly correlated with each other or have a weak univariate correlation with the

response can lead to uncontrolled, confounding effects that decrease the explanatory

power of the final model and generate biased measures of effect strength. Second, the

direction of the effect and the correlation between two variables must be considered. If

two predictors have a suppressor relationship (i.e., opposite qualitative effects and a

positive correlation or similar qualitative effects and a negative correlation), removing

one will underestimate the effects of the remaining predictor. If two predictors do not
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have a suppressor relationship (i.e., similar qualitative effects and a positive correlation

or opposite qualitative effects and a negative correlation), removing one will overestimate

the effects of the other. If these two considerations are followed, standardized partial

regression coefficients will be unbiased estimates of the relative importance of amount

and fragmentation, even when predictors are highly correlated.
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2.8 Figures
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Figure 2.1. Correlation matrix of standardized landscape predictor variables (n = 350).
Numbers in parentheses are the variance inflation factors for each predictor, and
numbers below the diagonal are Pearson correlation coefficients for all predictor
pairs.
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Figure 2.3. Partial regression coefficients were biased if influential predictors were
missing from the model and the strength and direction of bias depended on
suppressor relationships. In A, the missing influential predictors were non-
suppressors and therefore the most highly correlated predictor (Amount) was
overestimated. In B, one of the missing influential predictors (Edge) was a
suppressor and therefore the most highly correlated predictor (Amount) was
underestimated. Partial regression coefficients from a multiple regression are
shown here but the same bias applied to all three coefficient-based estimates
included in Figure 2.2. See Figure 2.2 for explanation of text and symbols in the
plot.
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Figure 2.4. Residual regression is biased but the bias depends on suppressor effects. With
suppressor effects (A), both amount and fragmentation effects are underestimated
and the analysis is biased towards the residual predictor whether fragmentation
(left side of A) or amount (right side of A). When there is no suppressor
relationship (B) the analysis is biased towards the intact predictor. The prefix "R."
indicates the residual predictor in each of the 4 separate analyses. See Figure 2.2
for explanation of text and symbols.
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Figure 2.5. Summed Akaike weights overestimated the importance of uninfluential
predictors (B) and in some replications, underestimated the importance of
influential predictors that were more highly correlated (A). Text below each
figure indicates range in the number of supported models (i.e., AAIC < 4) across
100 replications and the percent of replications for which more than 1 model was
supported. Points and error bars indicate the mean summed Akaike weights and
95th percentiles from 100 replications of simulated 7 data. See Figure 2.2 for
explanation of other text and symbols.
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Figure 2.7. The bias in residual regression depends on suppressor effects (i.e., the
correlation between amount and fragmentation and whether the fragmentation
measure has a positive or negative effect on the response). This figure shows the
qualitative bias in published studies that used residual regression to create
fragmentation metrics orthogonal to habitat amount. The strength of the bias is
directly related to the magnitude of correlation between the original predictors in
the published study. If habitat loss was measured instead of amount a negative
effect of loss on the response would be expected. In this case, switching the
contents ofboxes A and B would show the resulting bias.
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Chapter 3. Landscape size affects the relative importance of habitat amount,
habitat fragmentation, and matrix quality on forest birds.

(Adapted from: Smith A.C., C. M. Francis, and L. Fahrig. In Press. Landscape size
affects the relative importance of habitat amount, habitat fragmentation, and matrix
quality on forest birds. Ecography)

3.1 Chapter Summary:
It is important to understand the relative effects of landscape habitat loss, habitat

fragmentation, and matrix quality on biodiversity, so that potential management options

can be appropriately ranked. However, their effects and relative importance may change

with the size of the landscape considered because the multiple (and potentially

conflicting) ecological processes that are influenced by landscape structure occur at

different spatial scales (e.g., dispersal, prédation, foraging). I estimated the relative

effects of habitat loss, habitat fragmentation, and matrix quality (measured as the amount

of forest, the proportion of forest area contained in large core forests, and the density of

roads respectively) on fragmentation-sensitive forest birds in Southern Ontario, Canada

using a range of landscape sizes (0.8 km - 310 km ). I used three complementary

statistical approaches to estimate relative effects of these correlated landscape factors - 1)

multiple regression, 2) information theoretic (AIC) estimates of the most parsimonious

model, and 3) multi-model inference to average effects across all supported models. I

controlled for spatial autocorrelation, local habitat, roadside sampling bias, time of day,

season, habitat heterogeneity, and the interaction between the effects of habitat amount

and fragmentation. I found that relative effects of habitat amount and fragmentation were

scale dependent; habitat amount had a consistently positive effect that was consistent

over more than two orders of magnitude in landscape area (~1 km2 - 300 km2). In

contrast, the effects of habitat fragmentation depended on the size of the landscape
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considered. Indeed, for Veery {Catharusfuscescens), habitat fragmentation had positive

effects at one scale and negative effects at another. The effects of matrix quality were

generally weak and changed little with scale. For the number of fragmentation sensitive

species and the presence of Veery, habitat amount was most important in large

landscapes and habitat fragmentation in small landscapes but for the presence of

Ovenbird (Seiurus aurocapilla), habitat amount was most important at all scales.

3.2 Introduction

The amount of habitat in a landscape affects biodiversity through multiple

processes including reproduction, mortality, dispersal, local extinction, and species

interactions operating at various spatial and temporal scales (Addicott et al. 1987).

Modelling and empirical studies (Rosenzweig 1995; Fahrig 2003; Ewers and Didham

2006) have shown that the effects of habitat amount on biodiversity are consistently

positive and strong across regions, habitats, and taxa.

In addition to the direct effects of habitat loss, habitat fragmentation per se (i.e.,

breaking apart of habitat, independent of habitat amount) may affect biodiversity,

particularly in regions with less than 20-30% habitat cover (Andren 1994; Fahrig 1998).

In empirical studies, the effects of habitat fragmentation per se (hereafter fragmentation)

are about as likely to be positive as negative (Fahrig 2003). Negative effects may arise

from a reduction in the proportion of patches that are large enough to support stable or

productive (source) populations (e.g., Noi et al. 2005), or from negative edge effects

(Chalfoun et al. 2002). Positive effects of fragmentation may arise through a reduced

probability of simultaneous extinctions of local populations (den Boer 1981), reduced

inter-patch distances (Fahrig 2003), increased landscape complementation (access to
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resources in the matrix, Dunning et al. 1992, Law and Dickman 1998), or increased

immigration rate (Bowman et al. 2002)

Beyond the amount and fragmentation of habitat in the landscape, the quality of

the intervening space (the matrix) can also strongly affect biodiversity (Dunford &

Freemark 2005). Matrix quality can influence species' abundances and distributions in

suitable habitat through several processes (Kupfer et al. 2006): mortality during dispersal

(Fahrig 2002); changes in movement, which in turn affect patch colonization (Ricketts

2001); influences on microclimate within habitat patches (Burke & NoI 1998); and

changes in predators and parasites within the matrix that influence survival and

reproductive success within habitat patches (Chalfoun et al. 2002; Porneluzi and Faaborg

1999).

Habitat amount, habitat fragmentation and matrix quality may all affect

biodiversity but the relative effects of these three landscape factors may be scale-

dependent (Fahrig 1998; Krawchuck and Taylor 2003). Processes such as reproduction,

dispersal success, mortality in the matrix, foraging, nest prédation, and nest parasitism

occur at different rates and within different ecological neighbourhoods (Addicott et al.

1987). Therefore, the effects of these processes should be apparent at different spatial

scales. If fragmentation has positive effects on some of these processes and negative

effects on others, then the net effect of fragmentation may be scale dependent. For

species richness, the net effect of fragmentation on multiple processes may also depend

on scale if different species respond at different scales. In contrast, the effects of habitat

amount should be consistently positive because although habitat amount also represents

multiple ecological processes, these processes all have positive effects. Similar to habitat



amount, increasing matrix quality should have exclusively positive effects and should

therefore be less scale dependent than fragmentation.

Assessing how the relative effects of landscape factors change with scale is vital

to inform conservation decisions. Habitat amount, fragmentation, and matrix quality may

be manipulated independently of one another to some degree (e.g., changes in

fragmentation or matrix quality, for a given amount of habitat). Therefore, assessing the

relative importance of these landscape factors allows the ranking of alternative

management options by their relative potential benefits to biodiversity (Sutherland et al.

2004). However, if the relative effects are scale-dependent, then the relative ranking of

potential management actions will depend on the spatial jurisdiction of the managing

body (e.g., landowner, municipality, regional, or national organization) and the spatial

extent of a management plan.

In this study I asked the question: Do the effects of habitat amount, habitat

fragmentation, and matrix quality on fragmentation-sensitive forest birds depend on the

size of the landscape considered (i.e., are they scale-dependent)? I predicted that the

effects of habitat amount and matrix quality would be consistently positive across all

scales and that the effects of habitat fragmentation would be more scale-dependent.

3.3 Methods

Study Area

The study area was the 201,000 km2 portion ofNorth American Bird Conservation
Region 13 that is located in Ontario, Canada (hereafter, BCR 13, Figure 3.1). The study

area is entirely within the Mixedwood Plains ecozone (Ecological Stratification Working

Group 1996). This area is heavily affected by human activity, is dominated by agriculture

and includes the country's largest urban centre. Forested, agricultural, and urbanized
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areas account for approximately 27%, 60%, and 8% of the landcover in the region,

respectively. Agricultural activities in the region are diverse, ranging from low intensity

pasture, and hay production to high intensity row crops such as soy and corn. Most of the

larger, continuous areas of forest are near the northern boundary of the study area and to

the south, near the shores of the Great Lakes. Forests are primarily mixed deciduous-

coniferous throughout the study area; coniferous species dominate in the more northern

parts while deciduous species dominate in the south.

Predictor Variables

I measured 3 primary predictor variables using ArcGIS 9.2 (ESRI, Redlands

California), in landscapes of five different radii - 0.5, 1.0, 2.0, 5.0, and 10.0 km - centered

on the plots where bird surveys were conducted. All predictors were standardized to a

mean of 0 and a standard deviation of 1 to allow comparison of regression coefficients.

The three predictor variables were: 1) habitat amount (Forest) - the percentage of the

landscape area that was forested; 2) core forest (Core) - the percent of forest cover that is

> 100 m from a non-forest edge and > 90 ha in total size (i.e., a subset of the area within

Forest that represents large, compact forest patches, which are thought to sustain source

populations of these fragmentation sensitive species, Noi et al. 2005); and 3) road density

(Road) - the summed length per unit area of all paved roads within the landscape

(km/km2), log transformed so that it was normally distributed. Road data were from the
2005, Canadian National Topographic Data Base. These variables were chosen to

represent the three key landscape factors; 1) habitat amount (Forest), 2) habitat

fragmentation (Core), and 3) matrix quality (Road).

I used a binary classification of habitat/non-habitat, which combined all forested

landcover types into a single habitat class. For each species, this definition of habitat is
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likely an over-simplification of their habitat requirements; however, since most

recommendations for landscape management refer to the fragmentation or loss of forests

in general (Ontario Partners in Flight 2005) and since I was also interested in a group of

fragmentation-sensitive species, I feel this broad habitat definition is the most

appropriate. Although, it is possible that a broad habitat definition may underestimate the

absolute importance of fragmentation effects for individual species (Betts et al. 2006);

this potential bias would be independent of the landscape size and therefore, will not

affect my analysis of the change in relative effects with scale.

I used core forest to represent habitat fragmentation because it represents what are

likely the two most important fragmentation-related mechanisms affecting forest birds in

this region: 1) the presence and size of source populations in large areas of continuous

forest (Noi et al. 2005) and 2) the inverse of the population's exposure to negative edge

effects. These two mechanisms should combine for a strong positive effect of increasing

percent core forest on fragmentation sensitive forest birds.

Road density was chosen to represent matrix quality because it both directly

represents the potential increase in mortality due to collisions with vehicles and indirectly

represents the increased mortality from collisions with human structures that are

associated with roads (Erikson et al. 2005) as well as the increases in human activity,

density of cats and other synanthropic predators, and human population density in areas

with high road density. Agriculture is the dominant matrix type (i.e., non-forest

landcover) in this region but spatially explicit measures of agricultural intensity are not

available for my study area. Therefore, although it is possible that my analysis
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underestimates the absolute importance of matrix quality, my measure provides an

unbiased estimate of how the relative importance of matrix quality varies across scales.

I used land cover data from the Ontario Land Cover Database (OMNR 1998), a

Landsat TM-derived land cover classification with a 0.09 ha pixel resolution. The

original 28 landcovers were reclassified into a binary habitat/non-habitat map where

habitat was defined as forest cover, including 9 treed landcover types (including

coniferous, deciduous, and mixed forest types). There has been little change in the

distribution of forest cover and agriculture since the landcover data were collected in the

mid-1990s (Dingle-Robertson 2007); however, some urban areas have expanded.

Therefore, I updated the re-classified landcover using more recent information for urban

development (OMNR 2007). The large size of my study area allowed me to sample larger

landscapes, a greater range in variation for each landscape variable, and a more similar

range of variation across all spatial scales than is usually possible (e.g., compare Dunford

and Freemark 2005; Renfrew and Ribic 2008).

Response Variables

I used Poisson regression to model the species richness of fragmentation-sensitive forest

birds and logistic regression to model the occurrence (observed vs. unobserved) of the

two most common fragmentation-sensitive species (Ovenbird [Seiurus aurocapilla] and

Veery [Catharusfuscescens]) as functions of habitat amount, habitat fragmentation, and

matrix quality. These fragmentation-sensitive species included 13 species (Ovenbird,

Veery and 1 1 others, Table 3.1), whose ranges overlap the entire study area and that

have, in previous studies, shown significant negative responses to forest fragmentation

after controlling for forest amount. I used the richness of this functional group -

fragmentation-sensitive species - to represent the cumulative effects of increasing



fragmentation (i.e., a decrease in Core) on forest bird diversity, because these species

have shown similar responses to increasing forest fragmentation. I chose this cumulative

response over individual species' responses for the remaining 1 1 species for two reasons.

First, a Poisson regression model has greater statistical power than each of the single-

species logistic models for the less common species, which maximizes my ability to

measure changes in effects across scales. Second, because any management or

modification of forest fragmentation in a landscape will presumably affect all of these

sensitive species, their cumulative response is clearly important in a

management/conservation context.

Forest bird data were taken from the point count database of the second Ontario

Breeding Bird Atlas (OBBA). Point counts were conducted during peak breeding seasons

from 2001 through 2005, by skilled volunteer observers using a standardized

methodology (OBBA 2001). All birds seen or heard were recorded within a radius of 100

m, during a single 5 minute period. Counts were conducted between dawn and 5 hours

after sunrise and only in suitable weather. Count locations for the atlas project either

followed a stratified-random distribution along roads within cells of a 10 ? 10 km grid

(roadside counts) or were chosen by observers to ensure a representative sampling of

landcover types with limited road access (off-road counts). Each location was sampled

once over the 5 year atlas project.

To account for the effects of local habitat on bird distribution and detectability

(i.e., probability of detecting a species given that it is present), I standardized the area of

habitat within the point count plot and statistically controlled for differences between

roadside and off-road counts. To standardize the area of forest sampled within each point
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count, I selected 2951 point counts (from among the > 30,000 in my study area from the

atlas database), for which > 95 % of the 100 m radius count area was forest (i.e., point

counts were centered approximately 100m or more from a forest edge). This selection

also controlled for potential variation among sites in species detectability because

although detection probabilities are never =1.0, they are generally similar among

different forest types (Lichstein et al. 2002) and they are generally very high for most of

the species tested here (e.g., Farnsworth 2002). In addition, I tested for and found no

relationship between the forest types inside the point counts and my landscape predictors,

so that even if detectability had varied with forest type, it would not confound my

analysis. Finally, I statistically controlled for differences between roadside (N = 1221)

and off-road counts (N = 1730), which should account for most other detectability or

local habitat effects on the bird observations.

Although I have done much to limit any potential bias differential detectability

among species may still confound my analysis because I cannot directly measure it with

my dataset. However, no dataset currently exists that would allow me to test my

hypothesis and concurrently account for varying detection probabilities. I modelled the

unadjusted count of fragmentation-sensitive species observed at each count location. All

methods for estimating detectability require multiple sampling events (either in space or

time, Boulinier et al. 1998, Mackenzie et al. 2006). Combining observations from

multiple locations in my dataset would make it impossible to test my hypothesis of scale

dependence. Data of multiple counts over time at the same locations (such as the North

American Breeding Bird Survey) simply do not exist with comparable spatial resolution

(-3000 forested count locations) and extent (spread across 210 000 km2). My estimate of



46

the number of fragmentation sensitive species is better thought of as an index of the

species present at individual sampling locations and not an estimate of the pure species

richness of the bird community.

Statistical Analyses

Estimating the relative effects of correlated predictor variables in a regression model

requires a trade-off between statistical power and accurate estimates of effect strength.

Including correlated predictors increases type II errors by increasing the standard error of

partial coefficients (Neter et al. 1990). However, removing predictors simply because

they are highly correlated with others can lead to biased coefficient estimates and poor

model fit (Neter et al. 1990, Smith et al. 2009). In addition, statistical approaches to

dealing with correlations among landscape predictors, such as residual regression and

variance partitioning approaches give biased estimates of relative importance (Smith et

al. 2009). I have included correlated predictors because they represent distinct ecological

mechanisms that likely influence forest birds in this region and removing one would lead

to biased estimates of relative importance for the remaining predictors. I believe it is

more appropriate to use a less powerful but unbiased design than to increase statistical

power at the cost of biased and inaccurate estimates of effect strength.

I used three complementary analyses to ensure my results were not overly

dependent on statistical artefacts (Koper et al. 2007 and Smith et al. 2009). I compared

results from 1) the global model, 2) the most parsimonious model, and 3) the average of

all supported models in a multi-model inference framework (Burnham and Anderson

2002, hereafter MMI). For the global model, I compared the partial regression

coefficients and statistical significance within a model including all three predictors, an

interaction term between amount and fragmentation (Forest*Core), and the covariates



listed in the following paragraph. For the most parsimonious model, I compared the

partial regression coefficients of the model with the lowest AIC from among all possible

combinations of the 3 predictors and the interaction (the covariates were retained in all

models). For the MMI analysis, I compared the summed Akaike weights of each

predictor and the averaged partial regression coefficients from all models within a 95%

confidence set. Similar results from a global model, the most parsimonious model, and

averaged results for all supported models give me extra confidence that my estimates of

relative importance are meaningful (MacNally 2000). For example, if the coefficient of

one variable changes a great deal with the inclusion or exclusion of another, differences

among the results of the three approaches will reflect that variation. I chose these three

approaches because they are relatively familiar statistical tools and with the exception of

summed Akaike weights, they give unbiased estimates of relative effect strength even

with highly correlated predictors (Smith et al. 2009). The partial coefficients from all

three analysis methods can be directly compared because the original predictors were

standardized to a mean of 0 and a standard deviation of 1.

I have presented plots only for the averaged coefficients from the MMI analyses

because results from the three statistical analyses were so similar that the remaining plots

of coefficients from the global and the most parsimonious models were almost

indistinguishable. In addition, I have not reported confidence intervals associated with the

coefficients in the most parsimonious models because they are very similar to those from

the averaged MMI analyses that are shown in the plotted results.

Controlling for spatial autocorrelation and other covariates

I controlled for the effects of spatial autocorrelation, roadside survey biases, time of day,

date, year, and habitat heterogeneity but including predictors representing these effects in
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all analyses (including all candidate models in the MMI and most parsimonious

analyses). I controlled for the effects of spatial autocorrelation by using spatial

eigenvector mapping to remove all significant autocorrelation from the residuals of

global models (Griffith and Peres-Neto 2006). I also controlled for differences between

off-road and roadside counts and for effects of time of day, date (both a linear and

quadratic term), and differences among years. Finally, I controlled for habitat

heterogeneity (number of forest classes) because it may influence my response variables

through mechanism such as landscape complementation for individual species (Dunning

et al. 1992) or habitat diversity for species richness, which act independently of habitat

amount, fragmentation, or matrix quality. All of these covariates were somewhat

correlated with at least one of the main predictors at some of the spatial scales. They were

therefore included in all models at all scales to allow me to compare the primary

predictors under similar conditions across scales.

3.4 Results

Relative Importance across Scales

The effects of habitat amount were positive and excluded zero from the

confidence intervals for all three response variables at almost all scales (Table 3.2).

Forest amount became more important as a larger landscape was considered and was the

most important predictor for all response variables in landscapes > 500 m in radius

(Figures 3.2, 3.3, and 3.4). Habitat amount was present in the most parsimonious model

at all scales and for all three response variables (Table 3.2). In fact, habitat amount was

present in all supported models (summed Akaike weight = 1) for all responses and at all

scales except for Veery in 500 m landscapes (Table 3.3).
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The effects of fragmentation (Core) were more variable across scales and among

responses. The relative ranking of fragmentation with other predictors changed with

scale; for the number of fragmentation sensitive species and for Veery, core forest area

was the most important predictor at very fine scales (500 m radius, larger coefficients in

the global and most parsimonious models, Table 3.2, and larger averaged coefficients

across all supported models, Figures 3.2 and 3.4, as well as higher Akaike weights, Table

3.3) but was less important at broader scales (2 - 10 km radius). For Ovenbird occurrence,

Core was not important at any scale (Tables 2 and 3). For Veery, even the qualitative

effect of fragmentation was scale dependent; core forest had a strong positive effect at

fine scales and a strong negative effect at broad scales (Figure 3.4).

The effects of matrix quality were relatively weak and not strongly scale

dependent. The standardized coefficient for road density was generally smaller than for

either habitat amount or fragmentation (Figure 3.2), it was absent from the most

parsimonious model for Ovenbird at all scales, for Veery at two of the five scales (Table

3.2), and was almost always missing from one or more of the supported models (summed

Akaike weight < 1, Table 3.3). Road density was somewhat important for the number of

fragmentation sensitive species and for this response, its effects were generally consistent

across scales. It had a consistently negative effect and it was included in the most

parsimonious model at all scales (Figure 3.2 and Table 3.3).

In all cases, the interaction between habitat amount and fragmentation

(Forest*Core) had the expected qualitative effect; increasing core forest had a stronger

positive effect when amount was low (Figure 3.2). The interaction was only scale

dependent for Veery. It was important in landscapes 1-5 km in radius (Figure 3.4),
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where it was included in the best model (Table 3.2) and its summed Akaike weight was

highest (0.91 - 1 Table 3.3) but not important in very small or very large landscapes

(Figure 3.4). For the number of species it was important at all scales (Figure 3.2, included

in the best model and most of the supported models at all scales Tables 2 and 3). For

Ovenbird it was not important at any scale (Figure 3.3 and Tables 2 and 3).

Predictor variance and covariance

The overall correlation among the predictors increased slightly at broader landscape

scales (Table 3.4). Average VIF was < 3 at all scales and VIF for single predictors was

always < 4 (VIF > 10 indicates severe collinearity, Neter et al. 1990). The increase in

collinearity in larger landscapes is also reflected in the larger error bars around

coefficient estimates at broad scales (Figure 3.2). Most of the increasing collinearity with

scale (and therefore the increasing error around coefficient estimates) seems to be due to

an increase in the strength of correlation between Core and Road (from -0.19 to -0.62). I

am confident that this increasing correlation has not strongly influenced my results

because the level of correlation is not particularly high even in large landscapes and the

confidence limits around the coefficients for Core and Road do not increase with scale at

similar rates (Figures 3.2 - 3.4).

3.5 Discussion

Habitat amount in the surrounding landscape had an important and consistently

positive effect on forest birds regardless of the size of the landscape considered but the

strength of the effect increased with the size of the landscape. For most of the scales

tested here, my results agree with previous studies, which have shown that habitat

amount is more important than fragmentation in determining species distributions (Betts

et al. 2006; Smith et al. 2009; and others reviewed in Fahrig 2003). The novel
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contribution of this study is that the positive effect of habitat amount (at least for

fragmentation sensitive forest birds) is consistent over more than one order of magnitude

in landscape radius (0.5 km - 10 km) or more than two orders of magnitude in landscape

area (~1 km2 - 300 km2) but this is not the case for the effects of fragmentation. Even
considering the interaction between habitat amount and fragmentation, which complicates

a simple interpretation of relative importance, the effects of habitat amount were more

important and more consistent across a wide range of values of fragmentation; while the

effects of fragmentation tended to be weaker or even change direction depending on the

value of habitat amount (e.g., for species richness, the effects of core forest were positive

at low levels of forest amount and neutral or negative at high levels, Figure 3.2). With a

correlative study such as this it is difficult to tell whether the process(es) through which

habitat amount influences biodiversity are constant across these scales or that the

processes change but their resultant effects are constant; however, the general

implications are clear - a reduction in habitat amount will likely have a negative effect on

fragmentation sensitive forest bird species at all these scales.

As predicted, fragmentation effects depended more on landscape scale. My results

lend support to the hypothesis that the multiple processes through which fragmentation

affects populations and communities act at different scales and therefore; the relevant

positive, negative, or neutral effects of fragmentation are evident at the different scales

(Addicott et al. 1987). The size of the landscape considered affected the relative

importance, absolute importance (significance, inclusion in the best model), and even the

qualitative effect of increasing fragmentation. Interestingly, the effects of fragmentation

changed with scale for a group of forest bird species that are generally considered
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sensitive to the effects of fragmentation. If fragmentation sensitive species can appear

tolerant of fragmentation at some spatial scales, it suggests that species previously

thought to be tolerant may need to be reassessed. Further, if the direction of a species'

response to habitat fragmentation depends on the scale of the landscape considered, the

very notion of classifying species by their sensitivity to fragmentation may be

unproductive.

If fragmentation effects are generally more scale dependent than those of habitat

amount, it may explain some of the conflicting results around the relative effects of

habitat loss and fragmentation in the literature (Fahrig 2003; Köper et al. 2007; and Smith

et al. 2009). Previous studies on forest birds have used landscapes ranging in size from

2.5-3 km2 (McGarigal and McComb 1995) through 100 km2 (closest in area to my 5 km
radius landscapes, Trzinski et al. 1999; Radford and Bennett 2007, Table 3.1).

Additionally, this scale dependence may partly explain why particular species have

shown conflicting responses to fragmentation in different studies. For example, the

Scarlet Tanager showed a significant negative response to increasing fragmentation

within 6 km2 and 12 km2 landscapes in Villard et al. 1999 and Austen et al. 2001, but a

significant positive response within the 100 km2 landscapes in Trzcinski et al. 1999.
However, scale dependence cannot definitively explain all differences among

studies. Fragmentation effects may also depend on other study-specific factors such as

the metric used to quantify fragmentation (McGarigal and Cushman 2002) or the

statistical method used to estimate the effects (Smith et al. 2009). For example, I did not

find a significant response to increasing fragmentation for Ovenbirds at any scale; which

contrasts with a significantly negative response to increasing fragmentation in the 12 km
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landscapes of Betts et al. 2006 and a significantly positive response in the relatively

similarly sized 6 km2 landscapes of Villard et al. 1999. Different fragmentation metrics
may be better or worse representations of the important ecological processes that are

sensitive to fragmentation. In my study I used core forest area to represent relatively

broad scale processes such as the presence of source populations and negative edge

effects. However, if conspecific attraction is an important process (Fletcher 2009), then a

patch-related variable such as patch size may have given different results. Ultimately, my

finding that fragmentation effects depended more on spatial scale than those of habitat

amount supported my hypothesis: The potentially conflicting processes influenced by

fragmentation, which act at different spatial scales, create a greater scale dependency for

fragmentation effects than for habitat amount effects. However, I have only sampled a

small number of forest bird species and it remains to be seen if there is broad support for

this hypothesis in other taxa.

The effects of matrix quality, as measured here (road density), were generally

weak; therefore, it is difficult to derive any strong inferences on their scale dependence.

My results differ from those of a previous study that showed an increasing importance of

matrix quality with landscape size (Dunford and Freemark 2005). This may be because I

did not include sufficiently broad spatial scales (i.e., > 10 km radius) for my particular

measure of matrix quality and/or my measure of matrix quality may not represent the

same agricultural processes measured in Dunford and Freemark (2005). I chose road

density as a variable that should represent the increased probability of mortality within

poor-quality matrix - both directly through increased collisions with vehicles and as a

proxy for factors that are associated with roads such as the density of buildings and
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these mortalities occur during migration, when many of these forest birds are moving at

very large spatial scales, their effects may only be apparent at even broader spatial scales

than those measured here. Additionally, many different measures of matrix quality are

possible and some may not represent the matrix-dependent processes that are important

for forest birds. For example, road density likely does not represent the same processes

measured by an estimate of agricultural intensity in Dunford and Freemark (2005).

Agricultural activities influence the density of nest parasites (Hoover and Brittingham

1993), predators (Burke et al. 2004), or the rates of chemical inputs from agricultural

activities (Stinson et al. 1994). Unfortunately, data on agricultural activities that might

better represent these processes are not available in the study area at spatial resolutions

comparable to the road or landcover data used here.

My findings also support the existence of a fragmentation threshold, where the

negative effects of fragmentation become more important when the amount of habitat is

low (Andren 1994). This threshold has been supported by theoretical work (e.g., Fahrig

1998) but has not been frequently demonstrated in empirical systems (Fahrig 2003 but

see Berts et al. 2007). In my study, whenever fragmentation effects were somewhat

important and in the expected direction (positive effect of increasing core forest), there

was evidence of a statistical interaction between amount and fragmentation (although

very limited for Veery at 500 m). The direction of the interaction indicated that the

effects of core forest were more positive (i.e., the effects of fragmentation were more

negative) when forest amount was low.
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In this study, I have shown that the effects of fragmentation on forest birds appear

to be more scale dependent than the effects of habitat amount. However converting the

quantitative results (standardized coefficients) of this focal-plot study into specific

landscape recommendations is not simple. In my analyses, I used the same response

variable measured at a central plot for all landscape scales. This was necessary so that the

response variable remained constant across the different spatial scales and I could

therefore be sure that a change in effect across scale truly was a function of changes in

the landscape measures. However, these effects on a response measured in a focal plot

may not directly translate to effects on the bird community measured within an entire

landscape, which is ultimately the goal of landscape management. For example, my

response variables were measured only within forest areas that were > 100 m in radius (to

control for local habitat and sampling effects); however, the landscape of southern

Ontario includes a great deal of forest that does not fulfil this criterion. It remains to be

seen whether bird populations and communities measured over the entire landscape will

respond similarly to measures of habitat amount, fragmentation, and matrix quality in

landscapes of varying size.

Although translating the quantitative results here into specific recommendations

for management is complicated, these results do suggest three broad conclusions relevant

to managing scale-dependent landscape effects. First, if fragmentation effects are only

apparent at some scales then these effects should only be managed or considered at that

scale. Second, if the relative ranking of fragmentation and amount changes with scale

(e.g., as it did for the number of fragmentation-sensitive species in this study), then the

ranking of conservation options will depend on the scale of influence of the managing
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Organization. Third, if fragmentation has positive effects at one scale and negative effects

at another (e.g., Veery in this study), then in this context, managing fragmentation may

not be an effective use of conservation resources.
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3.6 Tables
Table 3.1. Species with previously demonstrated, significantly negative responses to

increasing forest fragmentation, independent of the effects of habitat loss. *Fourspecies showed significantly negative responses in more than one study.

Species Response to Fragmentation Reference
Landscape

Size used in
Study

Black-throated Green Warbler
(Dendroica virens)
Hairy Woodpecker
(Picoides villosus)
Hermit Thrush
(Catharus guttatus)
Least Flycatcher
(Empidonax minimus)
Northern Waterthrush
(Seiurus noveboracensis)
Ovenbird
(Seiurus aurocapilla)
Pine Warbler
(Dendroica pinus)
Pileated Woodpecker*
(Dryocopus pileatus)

Purple Finch
(Carpodacus purpureus)

Scarlet Tanager*
(Piranga olivácea)

Veery*
(Catharus fuscescens)

Yellow-bellied Sapsucker*
(Sphyrapicus varius)

Yellow-rumped Warbler
(Dendroica coronata)

Positive effect of core area and patch
size after controlling for habitat

amount

Negative effect of edge length
Negative effect of principle

component representing increasing
fragmentation

Negative effect of edge length
Positive effect of core area and patch

size after controlling for habitat
amount

Positive effect of patch size after
controlling for habitat amount

Positive effect of patch size after
controlling for habitat amount

Positive effect of core area

Negative effect of mean Nearest
Neighbour Distance

Negative effect of principle
component representing increasing

fragmentation
Positive effect of patch size after

controlling for habitat amount
Negative effect of mean Nearest

Neighbour Distance
Positive effect of patch size after

controlling for habitat amount
Negative effect of edge length

Positive effect of core area

Negative effect of principle
component representing increasing

fragmentation
Negative effect of principle

component representing increasing
__________fragmentation

Austen et al. 2001

Villard et al. 1999

Trzcinski et al.
1999

Villard etal. 1999

Austen et al. 2001

Betts et al. 2006

Austen et al. 2001

Austen et al. 2001

Villard et al. 1999

Trzcinski etal.
1999

Austen et al. 2001

Villard et al. 1999

Austen et al. 2001

Villard etal. 1999

Austen et al. 2001

Trzcinski etal.
1999

Trzcinski et al.
1999

12 km'

6 km'

100 km'

6 km'

12 km'

12 km'

12 km'

12 km2

6 km'

100 km'

12km'

6 km'

12 km'

6 km2
12 km2

100 km'

100 km'
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Table 3.2. Standardized coefficients from the most parsimonious model (lowest AIC)

within landscapes of 5 different sizes. Predictors included 3 landscape variables - total

amount of forest (Forest), the proportion of forest area within the core of large forests

(Core), and the density of roads (Road) - plus the Forest*Core interaction. Models

predicted the number of fragmentation sensitive species observed (Poisson regression)

and the occurrence (logistic regression) of Ovenbird and Veery at 295 1 forested point

counts in Southern Ontario Canada. Candidate models included all 8 possible

combinations of the 3 landscape predictors, plus the Forest*Core interaction. All models

included covariates controlling for spatial autocorrelation, time of day, season, habitat

heterogeneity, and roadside survey biases.

Landscape Standardized Regression Coefficients AIC Weight
Radius Forest Core Road Core*Forest

500 m 0.06 0.10 -0.04 -0.08 8256 0.893
1 km 0.12 0.05 -0.03 -0.06 8256 0.683

Number of
Fragmentation
Sensitive 2 km °·24 °·002 -°07 -°08 8253 °-980
Species 5 km 0.30 0.01 -0.06 -0.07 8239 0.871

_______________10 km 0.31 0.05 -0.05 -0.07 8206 0.613
500 m 0.23 -0.07 3879 0.216

1 km 0.26 3877 0.234
Ovenbird 2 km 0.41 -0.14 3866 0.230

5 km 0.53 3869 0.238
________________10 km 0.55 3864 0.184

500 m 0.10 0.15 2970 0.246
1 km 0.22 -0.02 -0.16 2960 0.602

Veery 2 km 0.37 -0.19 -0.08 -0.22 2943 0.555
5 km 0.54 -0.27 -0.20 -0.13 2942 0.458
10 km 0.49 -0.22 "-0.20 2937 0.376
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Table 3.3. Summed Akaike weights for the 3 landscape predictors - total amount of forest

(Forest), the proportion of forest area within the core of large forests (Core), and the

density of roads (Road), plus the Forest*Core interaction - measured within landscapes of

5 different sizes. Models predicted the number of fragmentation sensitive species

observed (Poisson regression) and the occurrence (logistic regression) of Ovenbird and

Veery at 2951 forested point counts in Southern Ontario, Canada. Weights were summed

across the 95% confidence set of supported models from among the same competing

models as in Table 3.2.

Landscape
Radius Forest

Summed Akaike Weights
Core Road Core*Forest

Number of
Fragmentation
Sensitive
Species

500 m
1 km
2 km
5 km
10 km

0.89
0.70

1
0.87
0.62

1
0.97

1
1
1

Ovenbird

500 m
1 km
2 km
5 km
10 km

0.51
0.40
0.88
0.42
0.47

0.75
0.36
0.36
0.43
0.43

0.34
0.08
0.38
0.16
0.14

Veery

500 m
1 km
2 km
5 km
10 km

0.71
1
1
1
1

0.96
1
1
1

0.98

0.26
0.29
0.56
0.49
0.38

0.32
1
1

0.91
0.40



Table 3.4. Collinearity among the landscape predictors increased with landscape size.
Variance inflation factors (VIF) and pair-wise Pearson correlation coefficients for
predictors: total amount of forest (Forest), the proportion of forest area within the
core of large forests (Core), and the density of roads (Road). VIF represents the
predictor's overall collinearity in a regression model with all other landscape
predictors, the interaction between Forest and Core, and all covariates (see Table
3.2 for a list of covariates). Values above the diagonal are for large landscapes (10
km radius) and below are for small landscapes (0.5 km radius). Values for
intermediate scales are intermediate to those shown here.

Largest Landscapes (radius = 10 km)
Forest (VIF = 2.5) Core (VIF = 3.2) Road (VIF = 1 .2)

Forest (VIF = 1.9) 0.64 -0.25

Smallest
Landscapes
(radius =
500 m)

Core (VIF = 1.9) 0.68 -0.62

Road (VIF = 1.1) -0.16 -0.19
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3.7 Figures
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Figure 3.1. Distribution of forest cover (grey areas) and 2951 point count sampling
stations with > 95% forest cover inside the 100 m radius sampling area (crosses),
within the study area (portion of Bird Conservation Region 13 in Ontario,
Canada).
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Figure 3.2. Poisson regressions coefficients for the effects of the total amount of forest
(Forest), the proportion of forest area in large core forests (Core), and the density
of roads (Road) in landscapes of 5 different radii on the number of fragmentation
sensitive bird species observed at forested point counts in Southern Ontario
Canada. Points are the standardized, averaged coefficients (weighted by the
model's Akaike weight) from all models in a 95% confidence set and error bars
are the associated unconditional confidence limits. An interaction between Forest
and Core, is demonstrated by the error bars without points. These error bars
represent the confidence limits around the coefficient for Forest at low and high
levels of Core (-1 and +1 standard deviation of Core) and for Core at low and high
levels of Forest (-1 and +1 standard deviation of Forest). All models accounted for
the effects of spatial autocorrelation, time of day, season, surrounding habitat
diversity, and roadside survey biases
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Figure 3.3. Logistic regressions coefficients for the effects of the total amount of forest
(Forest), the proportion of forest area in large core forests (Core), and the density
of roads (Road) in landscapes of 5 different radii on the occurrence of Ovenbird at
forested point counts in Southern Ontario Canada. Points are the standardized,
averaged coefficients (weighted by the model's Akaike weight) from all models
in a 95% confidence set and error bars are the associated unconditional
confidence limits. An interaction between Forest and Core, is demonstrated by the
error bars without points. These error bars represent the confidence limits around
the coefficient for Forest at low and high levels of Core (-1 and +1 standard
deviation of Core) and for Core at low and high levels of Forest (-1 and +1
standard deviation of Forest). All models accounted for the effects of spatial
autocorrelation, time of day, season, surrounding habitat diversity, and roadside
survey biases
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Figure 3.4. Logistic regressions coefficients for the effects of the total amount of forest
(Forest), the proportion of forest area in large core forests (Core), and the density
of roads (Road) in landscapes of 5 different radii on the occurrence of Veery at
forested point counts in Southern Ontario Canada. Points are the standardized,
averaged coefficients (weighted by the model's Akaike weight) from all models
in a 95% confidence set and error bars are the associated unconditional
confidence limits. An interaction between Forest and Core, is demonstrated by the
error bars without points. These error bars represent the confidence limits around
the coefficient for Forest at low and high levels of Core (-1 and +1 standard
deviation of Core) and for Core at low and high levels of Forest (-1 and +1
standard deviation of Forest). All models accounted for the effects of spatial
autocorrelation, time of day, season, surrounding habitat diversity, and roadside
survey bias.
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Chapter 4. How should we predict the relative impacts of management
options in ecology and conservation?

(Adapted from: How should we predict the relative impacts of management options in
ecology and conservation? In Review)

4.1 Chapter Summary:
In practical applications of ecology and conservation, we must estimate the relative value

of different management options, to make appropriate planning decisions with limited

resources. This is often done by estimating the relative importance of predictors in a

regression model. However, there are many different statistical tools available to measure

relative importance in regression and, as a result, comparing or synthesising conclusions

across studies is difficult. Indeed, in reviewing the literature I found eight different

metrics were used to infer relative importance in a conservation context, measuring at

least three fundamentally different kinds of statistical information (i.e., significance,

explained variance, and effect strength). I used simulations to compare different metrics

and evaluate them against five criteria that are necessary to compare conservation

implications across studies: estimates should be unbiased with respect to 1) sample size,

2) range of variation sampled for each predictor, 3) collinearity among predictors, 4)

presence of spurious predictors or 5) presence of suppressor effects. I found that the most

useful measure of relative importance, from both a practical and theoretical standpoint, is

a novel metric that I introduce here, proportional partial regression coefficients. These

coefficients are partial regression coefficients from a thoughtfully constructed model that

controls for potentially confounding factors, re-scaled to a proportion of the range of

practical or theoretical limits to management. This metric meets all of the criteria and

represents the relative potential benefit to conservation from managing an ecological

factor. In contrast, measures of explained variation fail to meet most of the criteria and do
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not provide clear implications for conservation; while statistical significance and summed

Akaike weights fail to meet any of the criteria and are not useful measures of relative

importance. Using proportional partial regression coefficients will facilitate comparison

across studies and ultimately, provide a more useful evidence-base for effective

conservation.

4.2 Introduction

Measuring the relative importance of ecological factors and options for

conservation/management is important for ecological understanding and for ranking

competing management options (Wilson et al. 2007). A conservation manager, having to

decide where to invest limited resources - e.g., in protecting more habitat, reducing

mortality from prédation, or controlling an invasive species - must have a way of

estimating the potential benefit from each strategy (Sutherland et al. 2004). Although

there may be evidence that each of the competing strategies has a statistically significant

effect on the intended conservation goal, statistical significance does not mean managing

that effect will be an efficient use of resources. For that, a cost-benefit analysis is

required (e.g., Perhans et al. 2008), which involves estimating the expected benefits from

the independent application of each strategy or management option (note: if the options,

strategies, or ecological factors cannot be independently manipulated at all - i.e., there is

a tight, causal or logical relationship between them - then questions of relative

importance are trivial). In practice, this must often be done by measuring the relative

importance of predictors in a regression model because manipulative experiments, on the

relevant spatial and temporal scales for most conservation-related questions, are difficult

or impossible (MacNally 2000). Even in situations where manipulative experiments are
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possible, a preliminary regression analysis can predict the likely outcomes and guide

decisions about which experimental treatments to apply (James and McCulloch 1990).

Currently, it is difficult to generalize the conservation implications of published

studies comparing the relative importance of ecological factors or management options

because those studies have used different ways of measuring relative importance. For

example, I searched the Web of Science and found 97 papers that included: "relative

importance" or a closely related term in the title; "conserve" or "ecolog" somewhere in

the record text (including the abstract); and were included in the "ecology" or

"biodiversity and conservation" subject areas. By reading the abstracts and/or the full text

of these studies, I identified 59 that drew explicit conservation conclusions. These

conclusions mostly focused either on single species management (e.g., prédation vs

hunting on a game bird, Watson et al. 2007; habitat quality vs fragmentation for an

endangered plant, Adriaens et al. 2009) or landscape manipulations for communities

(e.g., woodland cover vs configuration on birds, Radford and Bennett 2007; fine vs

coarse woody debris on fungi, Norden et al. 2004), but all discussed the relative potential

benefits of manipulating or managing one factor over another. I then reviewed the

methods and results sections to determine which statistical methods were used to infer

relative importance of predictor variables and found that it was measured using one or a

combination of eight methods/metrics that estimate different properties of the regression

model (Table 4.1).

I have grouped these eight metrics and others suggested in the statistical literature

(e.g., Johnson and LeBreton 2004, Grace and Bollen 2005, Gromping 2007) into one of

three categories (Table 4.1). First, coefficient-based metrics (hereafter "strength-
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metrics") estimate a regression coefficient on a common scale and represent a direct

translation of change in the predictor into change in the response (Achen 1982).

Predictors are considered more important if their strength-metric estimates are of larger

absolute value. Second, variance partitioning-based metrics (hereafter "variance-

metrics") estimate a fraction of the variation in the response that can be explained by the

variation in each of the predictors. These fractions are often expressed as a proportion of

the variance explained by a full model (i.e., a partitioning of the full model R ).

Predictors with variance-metric estimates closer to 1 are considered more important than

those with lower estimates. Finally, confidence-based metrics (hereafter "confidence-

metrics") measure aspects of probability, error, or support in the data for a model (i.e., p-

values and summed Akaike weights). Some feel that confidence-metrics are improper

measures of relative importance (Kruskal and Majors 1989). However, I have included

them here because surveys of the literature show that they are frequently used to estimate

relative importance (Kruskal and Majors 1989, Yoccoz 1991, Stephens et al. 2007, and

34% of the studies in my review, Table 4.1), and one - summed Akaike weights - is

formally called a measure of "relative importance" (Burnham and Anderson 2002).

Relative importance metrics have fundamental similarities, yet their differences

are important enough to complicate inferences across studies. They are similar in that

they are all based on a general or generalized linear model, so they share many

mathematical characteristics and ultimately rest on the same set of statistical assumptions

(e.g., that the linear model is a reasonable representation of the functional ecological

relationship). However, they differ in their calculations and their underlying definitions

of relative importance (Achen 1982). As a result, different metrics generate different
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quantitative estimates, and in some cases different qualitative rankings, when applied to

the same data (Murray and Conner 2009, Smith et al. 2009). Therefore, published

estimates of the relative importance of ecological factors or competing conservation

options may reflect as much or more the statistical approach used in a particular study, as

the true potential benefit to conservation from managing each factor.

To be useful for drawing generalizations and comparisons across studies, the best

relative importance metrics should meet five criteria. They should provide unbiased

estimates regardless of: variation in sample size, collinearity, and the range of variation in

each predictor; as well as the inclusion of spurious predictors and the presence of

suppressor effects. Obtaining a clear understanding would be difficult if replicated

studies, measuring the relative importance of environmental factors A and B on a

conservation response, were to have different results, only because they varied in

properties of the particular sample (i.e., the sample size, the sampled ranges of A and B,

or the level of correlation between A and B ). For example, Trzcinski et al. 1999, Villard

et al. 1999, Austen et al. 2001, and Smith et al. in press, compared the effects of habitat

amount and habitat fragmentation on forest birds in southern Ontario Canada. However,

each of these four studies used one or a combination of three methods to draw their

conclusions, including: standardized partial regression coefficients, simple regression

coefficients, and statistical significance. Therefore, because these studies vary in: sample

size, by almost two orders of magnitude (n = 33 vs ? = 2500); correlation between the

two key predictors (r = 0.42 vs r = 0.91); and, the range of habitat amount sampled (15-

45% vs 1-90%), a direct comparison is difficult because at least some of these methods

depend, to some degree, on these sample properties (Neter et al. 1990, Grace and Bollen
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2005). Additionally, metrics should be unaffected by the presence of spurious predictors

- i.e., predictors that are statistically correlated with the response and other predictors but

that have no causal influence. Finally, the most useful metrics should give unbiased

estimates in the presence of suppressor effects (Cohen and Cohen 1983). Suppressor or

masking effects occur when conflicting ecological factors cancel each other's effects. For

example, increasing the amount of forest in a landscape may have a positive influence on

population size through increasing habitat availability but the response may be masked if

an associated increase in forest edge increases prédation rates. These types of suppressor

relationships are likely common in ecological systems, yet rarely explicitly considered in

discussions of relative importance (although see Smith et al. 2009). The first three of

these five criteria (that metrics are independent of: sample size, collinearity, and the

sampled range of each predictor) test whether the metric depends on the properties of the

statistical sample; the last two criteria (that metrics are unaffected by spurious predictors

and suppressor effects) test whether the metric is biased by complexities that are

relatively common in ecological analyses. The statistically-sawy reader will recognize in

advance, that many of the metrics in table 4.1 will not meet all of these criteria. However,

I believe that these are reasonable criteria for any estimate of the relative benefits of

competing factors or management options in conservation, and that comparing and

contrasting the metrics, under simulated conditions will help ecologists better understand

each metric and choose among them.

In this study I used simulated data to compare and contrast the behaviours of a

wide range of metrics of relative importance against five criteria. I included examples of

all three categories of metrics: strength-metrics (including a novel metric that I introduce
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here - the proportional partial coefficient), confidence-metrics, and variance-metrics.

Therefore, I was able to compare both the specific metrics and the broader theoretical

approaches to measuring relative importance, which goes beyond previous comparisons

of relative importance metrics that only considered variance-metrics (Murray and Conner

2009). I have outlined a framework to categorise relative importance metrics; and, based

on my simulation results and this framework, I have provided recommendations on which

metrics are most suitable for use in conservation and ecology.

4.3 Methods:
Metrics

I compared 1 1 statistical metrics: 4 strength-metrics, 5 variance-metrics, and 2

confidence-metrics (Table 4.1). I included all eight metrics identified in the review

outlined in the introduction, plus three additional metrics, which have been suggested in

the statistical literature (Grace and Bollen 2005) or used in other disciplines (Healy 1990,

Gromping 2007).

Strength-metrics

All of the strength-metrics are regression coefficients; therefore, to be comparable

among predictors that are measured in different units, they must be transformed into a

common or comparable scale. In effect, there are three metrics - simple, partial, and

averaged partial coefficients - each of which can be re-scaled using one of two

transformations, for a total of six possible strength-metrics. I have presented results for

only four of these possible six metrics (see below). Regression coefficients can be re-

scaled using either: a z-score transformation (usually referred to as standardized partial

coefficients), which expresses the coefficients in units of one standard deviation (Neter et

al. 1990); or a proportional transformation (i.e., proportional partial coefficient), which is
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a novel transformation that re-scales the predictors and the coefficients to a proportional

scale, i.e., range from 0 - 1 .0 and represent a proportion of the range encompassed by the

theoretical or practical limits to managing the predictor (conceptually suggested by Grace

and Bollen 2005). I have presented results for the partial regression coefficients using

both transformations (standardized and proportional partial coefficients, Table 4.1). For

simple and averaged partial coefficients, I have only included results using the

proportional scale transformation, because the results for the two transformations were

similar for all but one criterion; and in this case, the contrast between the transformations

was clearly demonstrated by comparing the partial coefficients. For all strength metrics,

once they have been transformed to a common scale, the interpretation of relative

importance is made by comparing the absolute value for each predictor; predictors with

larger strength-metric estimates are more important that those with smaller values (Table

4.1).

The simple regression coefficient, for variable xi, is the slope of a simple linear

regression of y on xi (hereafter, simple coefficient, Table 4.1). It describes the observed

change in y for a one-unit change in x, while ignoring all other factors. In ecological

studies, it is often used as a type of filter, to reduce the number of predictors in a multiple

regression by removing those with simple coefficients near zero.

The partial regression coefficient, re-scaled using a proportional scale (hereafter,

proportional partial coefficient, Table 4.1), is the slope parameter associated with each x-

variable in the multiple regression equation, after the x-variables have been transformed

to a proportion of the range of theoretical or practical limits to management. Because a

one-unit change in a proportional predictor represents the full range of the predictor,
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of xi, while holding constant all other x-variables in the model. In my simulations, I set

the management range limits to 0 - 20 for variables xi, X2, and X4 and to 0 - 4 for variable

X3. These limits are entirely arbitrary but similar in relation to the scale of each variable

(see below in "variables" section).

The partial regression coefficient, re-scaled using a z-score transformation

(hereafter, standardized partial coefficient, Table 4.1), represents the change in y for a

one-standard deviation change in xi, while holding constant all other x-variables in the

model. This is likely the most common approach to re-scaling regression coefficients in

ecology (22% of the studies in my review) and in many other disciplines (Neter et al.

1990).

The averaged partial coefficient (Table 4.1) is calculated as the partial regression

coefficient for Xi, averaged across all supported models (e.g., all models for which

Akaike weight > 0.05 or AAIC < 4), and weighted by the Akaike weight (an estimate of

the support for each model in the data, Burnham and Anderson 2002). Because, I have

expressed these coefficients on a proportional scale, they are effectively identical to the

proportional partial coefficients (above) in their interpretation, i.e., the change in y across

the full range of Xi. The two metrics differ in that the inference from the averaged partial

coefficients applies to all of the candidate models tested (Burnham and Anderson 2002,

i.e., in my simulations, the full model and all of the reduced models that are subsets of it).

Variance-metrics

All variance-metrics range from 0-1.0 (sometimes expressed as a percent) and

represent a proportion of the total variance in the response, or more commonly, a

proportion of the full model R2 that can be allocated to each predictor. Predictors with
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variance-metric estimates closer to 1.0 are considered more important than those with

estimates closer to 0. Because I controlled the overall variance explained by all predictors

in my simulations, I have transformed all of the variance metrics (including the simple

variance, below) to represent the proportion of the full model R2 (i.e., the "correct" model
that includes X1...3).

The squared, simple correlation (hereafter, simple variance, Table 4.1) is

calculated as the square of the simple correlation between y and xi. It provides a measure

of the proportion of variation in y that can be explained by xi, while ignoring all other x-

variables (referred to as the "zero-order correlation" in Murray and Conner 2009). This

metric combines characteristics of the simple coefficient - it ignores all other x-variables

- and the standardized partial coefficient - it uses the same z-score standardization to

compare all variables on the same scale (both the x-variables and y are centered to a

mean of 0 and standard deviation of 1). Although this metric is normally expressed as a

proportion of the variation in the response (Murray and Connor 2009), because I

controlled the variation in the response in my simulations and I was only interested in

measures of relative importance, I expressed the simple variance as a proportion of the

variance explained by the full model (see above), to facilitate comparison with the other

variance-metrics.

The classical independent variance partition for Xi (hereafter, the classical

independent variance - Table 4.1) is calculated as the change in the variance explained

after removing Xi from a regression model that includes all other x-variables. For each x,

it represents the explanatory power that can be attributed to it, above and beyond all other

x-variables (Legendre and Legendre 1998). When predictors are perfectly orthogonal, the
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classical independent variance for each predictor sums to the R for the full model;

however, when the predictors are not orthogonal, their sum no longer equals R and

depending on the presence of suppressor effects, it may be more or less than the full

model R2 (Legendre and Legendre 1998, Smith et al. 2009).

The product measure (Pratt 1987) is calculated for xi by multiplying the

coefficient from a regression of y on Xi by the partial coefficient for Xi of a regression of

y on all x-variables, after standardizing (z-score) all ? and y variables. The sum of this

measure for all predictors will equal the R2 for the full model. Therefore, the metric can
be interpreted as a decomposition of the explanatory power of the full model into

partitions that can be attributed to each x-variable (Thomas et al. 1998).

The averaged independent variance partition for xi is the classical independent

variance partition, averaged across all possible models for a given set of predictors. This

approach has numerous names in the statistical literature (Gromping 2007) but in

conservation and ecological literature it is best known as hierarchical variance

partitioning (hereafter, HVP, Table 4.1, Chevan and Sutherland 1991). This metric also

sums across all predictors to the full model R2 and because it is averaged across all
possible models, it is considered to be less conditional on a particular model structure and

only conditional on a particular set of predictors (MacNally 2000).

Weighted average independent variance partitions (hereafter, "PMVD", which

stands for Proportional Marginal Variance Decomposition, Table 4.1, Feldman

unpublished, cited in Gromping 2007) are the same as the averaged partitions in HVP

estimates but the averages are weighted. The weights depend on both the explanatory

power of the sub-model and the order of the predictors in the model. The weight for a
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predictors that are earlier in the sequential ordering account for a large proportion of the

R2. PMVD estimates have the same interpretation as HVP estimates but are considered

superior because they are less sensitive to collinearity and the inclusion of spurious

predictors (Gromping 2007).

Confidence-metrics

The probability of the data given that the null hypothesis is true (hereafter, p-

value, Table 4.1) is frequently used as an estimate of relative importance (34% of the

studies I reviewed), although usually in a less explicit or quantitative way than the other

metrics I compared. For example, variables with p-values > 0.05 are usually excluded

from modelling - so, effectively considered unimportant - and variables with very low p-

values are considered more important than those with p-values closer to 0.05 (Johnson

1999). Formally, this metric represents the probability of sampling data with parameter

values this large (or larger), given that the null hypothesis - usually that the coefficient is

zero - is true. Informally and incorrectly, p-values are often treated as an estimate of the

probability that the coefficient is zero, and therefore, that a particular variable can be

ignored (Stephens et al. 2007).

The summed Akaike weight for xi is calculated by adding the Akaike weights for

all of the supported models that include xi (Burnham and Anderson 2002). These

summed weights are interpreted as a quantitative estimate of the evidence that each x-

variable is important {sensu Burnham and Anderson 2002, i.e., that, conditional on the

data, it should be included in a parsimonious model). Summed Akaike weights range

from 0-1.0 and predictors with values closer to 1.0 are considered more important.



77

Simulation methods

The simulations were conducted in R statistical software (R Development Core

Team 2009). The R-package "relaimpo" was used to calculate three of the variance

metrics: HVP, PMVD, and the product measure. The R-package "MuMIn" (available

online at: http://r-forge.r-project.org/projects/mumin/) was used to calculate the two

multi-model inference metrics: summed Akaike weights.

Variables

For each simulation, I created a matrix of predictor variables and response

variables to represent my population, with five columns and 100 000 rows - one column

for the response and each of four predictor variables (y, Xi, X2, X3, and, for the spurious

predictors criterion, X4). Three of the x-variables in each matrix - Xi, X2, and X4 - were

random, normally distributed variables (mean = 12.5, standard deviation = 2.5). The

remaining variable - X3 -was also a random, normally distributed variable (mean = 2.5,

standard deviation = 0.5), which represented a predictor with a similarly shaped

distribution but in different units than the other predictors. Further details on the X

matrices are below in the criterion-specific sections.

The y (response) variables associated with each of the simulations were created

using the following linear equation:

y = ß?*?? + ß2*x2 + ß3*X3 + e Equation 1.

Where ß?...3 represented the true functional influence of variable X1...3 on the

response and e was a random, normally-distributed error variable. This error term had a

mean of 0 and a variance scaled for each set of simulations, such that a linear regression

of y on all of the predictors would explain approximately 50% of the variation in y.
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Unless otherwise indicated, the true functional effects of each x-variable in all of the

simulations were:

y = 1 .0*xi + 0.5*x2 + 0.75*x3 + e Equation 2.

When expressed on a common scale, the relative strengths of their true effects are:

ß?'= 1.0, ß2' = 0.5, and ß3,= 0.15; because the units of X3 are 5 times as large in relation to

its mean and standard deviation, as they are for xi and x2.

For each of 20 levels of each criterion (e.g., 20 different sample sizes), I drew a

random sample from the relevant population and calculated each metric for xi, X2, and X3

(xi, x2, X3 , and X4 for the spurious predictor criterion). I iterated this sampling and

calculation procedure 1000 times at each level of the criterion, which generated a

distribution of 1000 estimates for each metric at each of the 20 levels of the criterion. I

then plotted the mean of each metric against the criterion values (e.g., sample size on the

x-axis).

Criteria:

Sample Size
To compare each metric' s dependence on sample size, I simulated a population

where the x-variables were perfectly orthogonal (all pairwise r = 0.0). I then drew random

samples from this population using 20 different sample sizes (ranging from ? = 30 to ? =

1000).

Collinearity
To compare each metric' s dependence on collinearity among predictors, I

simulated 20 populations, where each population had a different level of collinearity

among the x-variables. All pairwise correlations among X1...3 were the same in each

matrix and ranged from 0 in the least collinear matrix to 0.99 in the most collinear matrix.



I then randomly selected 500 rows from each matrix and calculated the metrics for each ?

using the ? = 500 sample.

Relative Variation
To compare each metric' s dependence on changes in the range of variation

sampled for each predictor, I used a simulated population with orthogonal x-variables. I

then drew samples of 500 from this population, which were random except that the range

of potential X2 values sampled was successively narrowed, in 20 steps, while maintaining

the full range and variance in Xi and X3. Across the 20 levels of this criterion, the range of

the X2 variable decreased from 100% to 2.5% of its original range.

Spurious predictors
To compare how sensitive each metric was to the inclusion of a spurious predictor,

I created 20 XY matrices representing populations where the ?1.3 were orthogonal but

the correlation between xi and X4 increased across the populations from 0 - 0.99.

Although the pairwise correlation of X4 with y increased along with its increasing

correlation with Xi1 its true influence was always 0 because it was never included in

equation 1. The true effects of X1...3 were the same as for the previous tests. I used the

same sampling, analysis, and plotting process as in the previous criteria only in this case,

I included the spurious X4 variable along with all of the influential X1...3 variables in the

calculations for each metric.

Suppressor effects
Finally, to test for biases in the presence of suppressor effects, I simulated the

same 20 populations created to test for sensitivity to collinearity; however, in this case, X2

had the same absolute influence as Xi but in the opposite direction:

y = 1.0*xi - 1.0*x2 + 0.75*x3 + e Equation 3.
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Again, I did the same sampling, analysis, and plotting process as for the previous

criteria.

Interpreting the plotted results

To simplify the interpretation of the simulation output, I arranged the figures so

that plots of metrics that satisfied a particular criterion would appear similar. I considered

a metric to have satisfied each criterion if the metric: 1) gave distinct estimates of

importance for all predictors, i.e., non-overlapping lines representing the average

estimated value for each predictor; 2) ranked the predictors according to their true

relative influence on the response, i.e., xj>X2>X3 except for the suppressor criterion where

|xi|=|x2|>X3; and 3) remained constant across the range of simulated conditions, i.e.,

horizontal lines across all or most of the range of the x-axes. I also inverted the x-axes for

the sample size and relative variation criteria, so that the extreme left of all x-axes

represented the least severe of the simulated conditions (e.g., the largest sample size and

the largest range of variation). Therefore, the left side of each plot also most accurately

reflected the true effects of each x-variable for all metrics. In addition, I inverted the y-

axes for all plots of p-values, so that x-variables that were similarly "important"

according to each metric were placed in similar locations with respect to the top and

bottom of the plots.

4.4 Results
The only estimates of relative importance that satisfied all 5 criteria were the

proportional partial coefficients and averaged partial coefficients, which are both

strength-metrics and are expressed on the same proportional scale (Figures 4.1 - 4.5).

The standardized partial coefficients satisfied 4 of the 5 criteria (Figures 4.1, 4.2, 4.4, and

4.5) but were linearly dependent on the relative variation sampled in X2 (Figure 4.3).



81

Simple coefficients failed to satisfy 3 of 5 criteria; they depended on the level of

collinearity, the inclusion of a spurious predictor, and the strength of suppressor effects

(Figures 4.2, 4.4, and 4.5 respectively).

The variance-metrics were all independent of sample size (Figure 4.1). For most

other criteria, variance-metrics were highly dependent on the simulated conditions

(Figures 4.2, 4.3 and 4.4) and in at least one case, the dependencies were complex and

unintuitive (i.e., Figure 4.5). One variance-metric was independent of collinearity for

most of the range of simulated values (PMVD in Figure 4.2), and two were independent

of the strength of correlation with a spurious predictor (product measure and PMVD in

Figure 4.4). Overall, the best variance metric (PMVD) satisfied only 3 of the 5 criteria

and most satisfied only 1 .

The confidence-metrics failed to satisfy any of the 5 criteria (Figures 4.1-4.5).

They often failed to distinguish among or correctly rank all of the predictors (e.g.,

estimates for xi and X2, and in some cases X3; overlap in most plots, Figures 4.1-4.5), they

depended strongly on the characteristics of the sample (Figures 4.1 - 4.3) and they were

biased by the inclusion of a spurious predictor, and suppressor effects (Figures 4.4 and

4.5).

4.5 Discussion

The success of many of the strength-metrics and the failures of variance and

confidence-metrics can be explained by considering relative importance metrics within a

clear conceptual framework (Figure 6). The three categories of metrics are connected

through two fundamental properties of statistical analyses in ecology: biological

significance and statistical significance. Strength-metrics of relative importance are
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primarily measures of biological significance, which estimate a property of the statistical

population (i.e., the parameter values in the linear equation that is assumed to represent

the underlying ecological phenomenon in all regression modelling). Confidence-metrics

are primarily measures of statistical significance, which describe properties of the

statistical sample (i.e., the probability of the data, given the parameter values; or the

support in the data for the parameter values). Variance-metrics are influenced by both

statistical and biological significance (i.e., statistically, the sample and the population)

because they are calculated with measures of model fit (explained variance or deviance),

which depend on both the error around a parameter estimate and the true parameter value.

All three types of metrics are valuable measures in some contexts, given certain

assumptions; however, not all metrics support the type of inference that is required to

measure the relative benefit of competing conservation options. Metrics fail to meet my

criteria, not because the metrics are flawed, but because my criteria make it clear that

comparing the relative potential benefits to conservation requires a particular type of

inference. Comparisons of relative importance in conservation require predicting the

effects of manipulating the system. If confounding factors have been controlled and the

predictors in the regression reasonably represent ecological factors that can be

independently managed, to some degree, and that are thought to have a causal effect on

the response (James and McCulloch 1990), then partial coefficients provide this required

prediction. Confidence-metrics compliment or qualify those predictions but do not

represent the effects themselves. Variance-metrics provide valid descriptions of the

existing conditions (assuming appropriate random sampling) but they do not provide

clear implications for manipulating the existing conditions.



Of the strength-metrics, proportional partial coefficients and the averaged partial

coefficients on a proportional scale are the best estimates of the likely effects of

independently managing competing conservation options. They are the clearest measure

of biological significance; they are independent of the sample characteristics; and, they

are not biased by spurious predictors or suppressor effects. They also have an intuitive

and clear interpretation; they represent a direct estimate of the predicted benefit to

conservation from managing the environmental factor represented by each predictor. By

re-scaling each predictor from 0-1.0, which represent, respectively, the minimum and

maximum values that can be reached through management, these coefficients represent

the total average change in the response from manipulating each predictor. An additional

benefit to re-scaling predictors or coefficients on a proportional scale is that the choice of

the practical or theoretical limits requires an explicit discussion of what might be possible

under any practical or theoretical limitations. Individual studies can calculate

proportional coefficients for multiple practical ranges and thereby analyse the sensitivity

of their relative importance conclusions to the choice of these limits. In addition,

published estimates of proportional partial coefficients can be transformed to different

limits and thereby, be easily and transparently compared across studies that used different

ranges. Although my simulations showed similar patterns for these coefficients whether

they came from a single model or were averaged across all supported models, it is

important to note that these two approaches are far from identical on both mathematical

and philosophical grounds (Burnham and Anderson 2002). Indeed, because averaged

proportional partial coefficients are weighted by a confidence-metric - the Akaike weight

- in some conditions, they may be prone to similar limitations as the variance-metrics
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(e.g., note the similarities between the results for averaged partial coefficients and the

variance-metrics in Figure 1).

I have used a proportional re-scaling that represents the full range of management

possibilities but it is important to note that any data-independent re-scaling of a partial

regression coefficient will have the same properties as my proportional partial

coefficients. There may be situations where scaling with respect to the full range is

inappropriate. For example, if some of the correlation between predictors is causal, then it

is not possible to manipulate one variable completely independently of the other. In these

cases, re-scaling to a smaller range (e.g., 10% of the range of management limits) may

make the direct interpretation of the coefficients more appropriate. Similarly, in some

cases coefficients re-scaled to their conditional variation may be more appropriate (as

suggested in Grace and Bollen 2005).

Standardized partial coefficients and simple coefficients are less useful than the

other two strength metrics because they combine measures of statistical and biological

significance (Figure 6). Standardized partial coefficients are re-scaled to a property of the

statistical sample - the standard deviation of each predictor in that particular study.

Therefore, the z-score transformation turns a sample-independent measure, the partial

regression coefficient, into a sample-dependent measure. In contrast, the proportional

transformation re-scales to a pre-determined range that is independent of the sample.

Simple coefficients are biased and sample dependent because they are sensitive to

collinearity. Predictors are rarely, if ever, perfectly orthogonal in empirical studies; and,

studying the relative importance of management options implies manipulating the factors

independently, i.e., changing the correlations among them. Therefore, simple coefficients
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are almost always biased estimates of effect strength. Limiting correlations among

predictors to < 0.7 or another arbitrary threshold, which is common in ecological studies,

will not remove these biases because they show no such thresholds.

Although variance metrics dominate the literature on relative importance both in

ecology (MacNally 2000, Murray and Conner 2009, 44% of the studies in my review)

and other disciplines (Gromping 2007, Johnson and LeBreton 2004), my simulations

show they are of limited use in conservation because they combine measures of

biological and statistical significance (Figure 6) and cannot be compared across studies

with different sample characteristics. This merging of sample and population properties

also means variance-metrics cannot distinguish between a strong but uncertain effect and

a certain but weak effect, which is an important distinction in a management context.

Variance-metrics have been popular, likely because they describe how the R of a full

model might be partitioned among the predictors, and these partitions have been

interpreted as measures of each predictor's "explanatory power" or "explanatory value"

(MacNally 2000, Gromping 2007). However, this descriptive partitioning only applies to

random sample of an existing population and does not clearly imply the effects of

manipulating that population. Previous recommendations for measuring relative

importance in conservation recommended the use of two variance-metrics: HVP

estimates and simple variance (referred to as "independent effects" and "zero-order

correlations" respectively in Murray and Conner 2009); however, these metrics

performed poorly in my simulations and met only one of my five criteria.

Even the variance-metrics that performed the best - the product measure and

PMVD estimates - met only two or three of my criteria. The product measure is not
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biased by spurious predictors because it is always very low for any predictor whose

partial coefficient is approximately zero. However, it is biased by suppressor effects and

collinearity and it is sample-dependent for the same reasons as all other variance-metrics:

it is sensitive to the sampled variance of each predictor. PMVD estimates were created as

a modification of the HVP approach that would be less sensitive to collinearity

(Gromping 2007). My results show that they are unbiased by spurious predictors and

much less sensitive to collinearity than HVP estimates; however, they are biased by

suppressor effects - they underestimate the importance of the predictor that has more

suppressor relationships with other predictors (i.e., x2 in my simulations). Therefore,
independence from collinearity for PMVD estimates can only be assumed if there are no

conflicting effects among predictors (e.g., only positive correlations among predictors

and the effects for all predictors are in the same direction; see Smith et al. 2009 for a

more detailed description of these suppressor effects).

Not surprisingly (e.g., Kruskal and Majors 1989, Achen 1982), my simulations

showed that confidence-metrics do not satisfy the criteria for measures of relative

importance. Confidence-metrics answer questions about statistical significance (Figure 6)

and they are only appropriate given a random sample of a well-defined population. They

do not answer questions about how much benefit to expect from a particular conservation

action. Nor do they provide information that is comparable across studies with

differences in sample size, collinearity, or relative sampled variation in the predictors.

However, they can provide important information on whether an assessment of relative

importance might be due to chance and how confident or certain it is (Yoccoz 1991,
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Johnson 1999). To avoid confusion, this type of evidence is probably better referred to as

"relative confidence" or "relative certainty", and not relative importance.

Summed Akaike weights and p-values are useful measures in some situations, but

not all (Johnson 1995, Stephens et al. 2005). Interestingly, despite having very different

philosophical and mathematical underpinnings, p-values and summed Akaike weights

showed almost identical patterns of variation in all of my simulations. Their functional

similarity is a further reminder (Stephens et al. 2007) that information theoretic methods

are susceptible to many of the same inferential pitfalls as null-hypothesis testing. Finally,

although Idid not use them in any of my simulations because they are not directly

interpreted as measures of relative importance, confidence intervals provide more

information than p-values or summed Akaike weights (Johnson 1999 and Burnham and

Anderson 2002) and therefore, they are likely more useful measures of relative

confidence.

Proportional partial regression coefficients outperformed all other metrics in my

simulations but it is important to remember that their usefulness in any real-world

situation strongly depends on the assumption that the underlying model is a satisfactory

representation of the ecological processes (Pedhazur 1997, James and McCulloch 1990).

This qualification does not affect my comparisons among metrics, because it is common

to all of the methods Icompared; however, careful consideration of the model is critical.

For example, there may be practical or theoretical limitations to the appropriateness of

the underlying model; if the possible range of correlations between two predictors is

constrained by some theoretical or practical limitation, then the range used to re-scale the

predictors must reflect these practical limitations (Grace and Bollen 2005). Predicting the
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effects of manipulating an ecological system may also involve extrapolating a statistical

model beyond the range of the data. For example in a particular study with correlated

predictors, if we can reasonably expect to manipulate those predictors outside of the

existing range of correlation (i.e., combinations of predictors for which we do not have

data), then extrapolating may be appropriate but it relies even more heavily on the

assumption that the model reflects reality (Gelman and Hill 2007). In addition, if there

are influential factors that are un-modelled and correlated with the predictors, then

proportional partial coefficients, and all the other metrics of relative importance, will be

biased (Neter et al. 1990, Smith et al. 2009). Finally, the source of the data is particularly

important. Data from manipulative experiments are in many cases superior to those from

pseudo-experimental correlative studies for drawing inferences about management or

conservation actions (James and McCulloch 1990). Ultimately, none of the metrics are

immune to the fact that the inferential strength of any study measuring relative

importance will always depend on the assumptions of the underlying model. My point is

that for any given study and set of model assumptions, proportional partial coefficients

are the most useful measures in a conservation context.

Recommendations for estimating relative importance in conservation
If ecologists and conservation scientists want their work to be useful for and

relevant to policy and applied conservation, then they must provide results that are easily

and clearly interpretable in that context (Pullin and Knight 2009). Proportional partial

regression coefficients (or any other partial regression coefficient, on a data-independent

scale) provide those results. They are the best measures of relative importance in

conservation, among the 1 1 metrics I compared here. With careful consideration of the

data collection and how well the statistical model represents the underlying ecological
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process, they can be interpreted as an estimate of the maximum change in a response

from independently manipulating or managing each predictor in a regression analysis. In

comparison, variance-metrics are more sample-dependent, less flexible, more biased, and

much more difficult to interpret and compare across studies. Proportional partial

coefficients must be reported with an associated confidence-metric (e.g., confidence

intervals), to estimate the relative confidence in an estimate of relative importance.

Finally, the theoretical or practical limits used to re-scale the predictors or coefficients

must also be published so that comparisons can be made across studies and under varying

theoretical or practical ranges.
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4.7 Figures
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Figure 4. 1 . Relationships between sample size and strength-, variance-, and confidence-
metrics of relative importance, calculated for three orthogonal, simulated
predictors with linear effects on a response (Equation 2). Each plot is arranged so
that the metrics that satisfy the sample size criterion show: three non overlapping
lines, rank xi>X2>X3, and are constant from left (larger samples) to right (smaller
samples) along the x-axis. Lines represent the mean estimated metric value across
1000 iterations of a random sample, drawn from an N=IOO 000 population of
simulated data.
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Figure 4.2. Relationships between collinearity among predictors and strength-, variance-,
and confidence-metrics of relative importance, calculated for three simulated
predictors with linear effects on a response (Equation 2). Plots are arranged so
that the metrics that satisfy the collinearity criterion show: three non overlapping
lines, rank xi>X2>X3, and are constant from left (orthogonal variables) to right
(pair-wise correlations = 0.999) along the x-axis. Lines represent the mean
estimated metric value for each predictor across 1000 iterations of a random
sample of size n=500, from an N=IOO 000 population of simulated data.
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Figure 4.3. Relationships between the relative variation (i.e., the proportion of the
original range of X2 that was sampled) and strength-, variance-, and confidence-
metrics of relative importance, calculated for three orthogonal, simulated
predictors with linear effects on a response (Equation 2). Each plot is arranged so
that the metrics that satisfy the relative variation criterion show: three non
overlapping lines, rank xi>X2>X3, and are constant from left from left (full range
of X2) to right (2.5% of the original range in x2 sampled) along the x-axis. Lines
represent the mean estimated metric value for each predictor and the upper and
lower 95th percentiles, across 1000 iterations of a random sample of size n=500,
from an N=IOO 000 population of simulated data.
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Figure 4.4. Relationships between the correlation of a spurious predictor (x4) with an
influential variable (xi) and strength-, variance-, and confidence-metrics of
relative importance, calculated for three simulated predictors with linear effects
on a response (Equation 2) and a fourth, spurious predictor with no effect on the
response (X4). Plots are arranged so that the metrics that satisfy the spurious
predictor criterion show: three non overlapping lines, rank xi>X2>X3>X4, and are
constant from left (no correlation between Xi and X4) to right (pair-wise
correlation between xi and X4 = 0.999) along the x-axis. Lines represent the mean
estimated metric value for each predictor across 1000 iterations of a random
sample of size n=500, from an N=IOO 000 population of simulated data.
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Figure 4.5. Relationships between strength of a suppressor effect and strength-, variance-,
and confidence-metrics of relative importance, calculated for three simulated
predictors with linear effects on a response (Equation 3). Plots are arranged so
that the metrics that satisfy the suppressor predictor criterion show: three non
overlapping lines, rank |xi|=|x2|>X3, and are constant from left (orthogonal
variables) to right (pair-wise correlations = 0.999, where the effects of xi and X2
completely cancel each other) along the x-axis. Lines represent the mean
estimated metric value for each predictor, across 1000 iterations of a random
sample of size n=500, from an N=IOO 000 population of simulated data.
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Figure 4.6. Framework showing the underlying connections among three categories of
relative importance metrics, which are created by the dichotomy of statistical and
biological significance within regression modeling. Strength-metrics measure
biological significance, which is a characteristic of the underlying ecological
phenomenon or the statistical population. Confidence-metrics measure statistical
significance, which is a characteristic of the statistical sample. Variance-metrics
measure both statistical and biological significance and are influenced by both the
sample and the ecological phenomenon.
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Chapter 5. Residential vegetation can be just as important as parks and
greenspace for bird diversity in urban areas.

5.1 Chapter Summary:
Estimating the relative importance of residential vegetation (gardens, yards, and

street-trees) and non-residential vegetation (parks and other large greenspaces) is

important so that competing options for conservation planning can be prioritized.

However, estimating their relative effects is complicated because: the area and structure

of the two types of vegetation are often correlated; and their relative effects may be

different at local and landscape scales. I used data from an urban breeding-bird

monitoring program to compare the relative effects of local and landscape residential

vegetation area and structure (percent tree cover) on species richness and an index of

conservation value. I then estimated the relative importance of potential manipulations to

residential and non-residential vegetation area (i.e., as competing management options),

within the practical limits to their management that are imposed by human population

density. The local effects of increasing residential and non-residential vegetation area

were similar and positive on all measures of species richness and conservation value.

Non-residential vegetation had an additional landscape-scale influence on bird diversity

that residential vegetation did not. When I considered their relative importance within

practical limits to their management, the area of residential vegetation became more

important as human population density increased.
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5.2 Introduction
Urban areas are much more important for biodiversity conservation than their

relatively small physical footprint would suggest. They provide habitat for many species,

including species at risk (Evans et al. 2009); and that habitat may be particularly

important because urban areas tend to coincide with regions of high biodiversity

(Balmford et al. 2001, Deguise and Kerr 2006). Urban areas also have a vital, if indirect,

role to play because an increasing proportion of the human population lives in urban

areas and positive experiences with native flora and fauna help build an appreciation for

local biodiversity and social acceptance of environmental attitudes (Turner et al. 2004,

Miller 2005).

The area and structure of vegetation has a strong influence on bird diversity in

urban areas (reviewed in Chase and Walsh 2006 and McKinney 2008). Urban areas with

a greater area of vegetation have higher species richness (Lancaster and Rees 1979) and

fewer non-native species (Blair 1996). In addition, vegetation structure has a strong

effect; increased vertical structure (e.g., increased tree cover and a lower proportion of

mowed grass) increases species richness and functional diversity (Melles et al. 2003,

Clergeau et al. 1998).

Studies of urban biodiversity have identified effects of both residential vegetation

and non-residential vegetation but their relative effects are unknown. The majority of

studies have focused on the effects of non-residential vegetation (i.e., large areas of

natural vegetation such as parks and vacant land) and found positive effects of increasing

area and structural complexity (Lancaster and Rees 1979, Clergeau et al. 1998, see

review in Chase and Walsh 2006). Some more recent studies have found similar effects
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of residential vegetation (i.e., privately-owned gardens and street-trees, Fernandez-Juricic

2000, Daniels and Kirkpatrick 2006). A few studies have examined both types of

vegetation. However, these studies did not compared their relative effects, they either

used cumulative measures that combined the effects of residential and non-residential

vegetation (e.g., Melles et al. 2003 Evans et al. 2009) or estimated their separate effects

on different response variables (e.g., species richness measured either in residential or

non-residential areas, Donnelly and Marzluff 2006).

It is important to know the relative effects of manipulating the area and structure

of vegetation in either residential or non-residential areas because, although they are

often correlated, they can be managed independently. A conservation-based management

decision that requires choosing between altering the area of either residential or non-

residential vegetation, must have a way of comparing their relative potential benefits to

conservation (Chapter 4, Wilson 2007). However, comparing their relative effects is

complicated because residential and non-residential vegetation can be correlated (Smith

et al. 2005, Melles et al. 2003, VanHeezik et al. 2008). Indeed, depending on how they

are measured, the areas of residential and non-residential vegetation may act as

suppressor variables because they both have positive effects, yet they can be either

positively correlated (e.g., the area of parks and the total area of residential tree cover,

within a surrounding landscape, Melles et al. 2003) or negatively correlated (e.g., areas of

exclusive landcovers within a fixed-radius landscape, Evans et al. 2009). Despite the

correlations, they are generally managed independently. For example, in Ottawa the

regulations controlling the area of parks and natural vegetation retained in a new

development (City of Ottawa bylaw #2009-95) are independent of the size of yards or the



building density in the development, which are largely driven by market forces.

Similarly, there are separate regulations related to trees in residential (bylaw #2009-200)

and non-residential areas (bylaw #2006-279) of the city. Therefore, because they are

correlated and yet can be independently managed, it is important to estimate their relative

effects in a way that is independent of collinearity and suppressor effects (Smith et al.

2009).

Partial regression coefficients from a regression of bird diversity on the area and

structure of residential and non-residential vegetation are the best estimate of their

relative effects. The area of residential and non-residential vegetation and the percent of

that area covered by trees or shrubs (as an index of vegetation structure) are simple

variables that have plausible, causal influences on bird diversity (see following

paragraphs). In addition, they are separately represented by existing planning laws (see

above). Therefore, they represent competing management options and, assuming

plausible confounding effects are controlled (Anderson et al. 2001), their partial

coefficients from a multiple regression can be interpreted as estimates of likely change in

bird diversity that could be expected from independently managing each factor (Chapter

4)·

The relative effects of residential and non-residential vegetation may be scale

dependent if the relevant mechanisms that link vegetation with biodiversity vary with

scale (Addicot et al. 1987, Smith et al. in press). At a local scale (i.e., within the area

surveyed for bird-diversity), because both residential and non-residential vegetation act

as habitat for native species (Jokimaki and Suhonen 1998), the species area relationship

should lead to increasing native species richness with increasing areas of both



(Rosenzweig 1995, McKinney 2008). Alternatively, biotic homogenization, where

residential vegetation tends to support more non-native species and exclude some native

ones (McKinney 2006), may mean that the local effects on native species richness may

be weaker for residential vegetation than for non-residential. Similarly, because it is more

highly fragmented (roads and buildings throughout), negative edge effects such as

decreased nest success and increased disturbance (Marzluff and Ewing 2001), may

reduce the overall quality of residential vegetation for most species. Therefore, increasing

its area should have weaker effects than a similar increase in the area of non-residential

vegetation

At the landscape-scale (i.e., surrounding the area surveyed), different mechanisms

may be relevant. Increasing residential and non-residential vegetation in the surrounding

landscape may have similar positive effects because either should decrease isolation

(Schmiegelow and Monkkonen 2002). Alternatively, isolation effects may be much

stronger for non-residential vegetation because it is generally much less structurally

connected than residential vegetation (Gaston et al. 2005). Finally, landscape

complementarity may result in stronger effects of non-residential vegetation, because the

surrounding landscape can include large patches of non-residential vegetation, which

support species that are not present in smaller patches or in residential vegetation and that

use resources within the residential areas (Colding 2007).

The relative importance of managing residential and non-residential vegetation

area may be different from their per-area relative effects, if there are different practical or

theoretical limits to their management (Grace and Bollen 2005). Social and economic

forces impose limits on the range of potential manipulations that may be different for the



areas of residential and non-residential vegetation. For example, there are economic

incentives for the developer of a new suburban development that separately affect: the

size of each yard, the footprint of the house, and the amount of the developed area that is

reserved for public parks and greenspace. Although the relative importance of managing

the two types of vegetation is unknown, some studies have explicitly guessed at their

relative importance; suggesting that managing for biodiversity in residential areas is

likely too politically difficult to be useful (e.g., Chapman and Reich 2007). Similarly,

most conservation recommendations for urban areas focus on non-residential areas,

which is an implicit assumption about relative importance (Marzluff and Ewing 2001,

Environment Canada 2007). However, without quantitative estimates of the relative

potential benefit to conservation from managing residential and non-residential

vegetation, these sorts of priority judgements may be premature.

Proportional partial coefficients (Chapter 4), which account for the practical or

theoretical limits to management, provide an explicit, transparent, and quantitative

estimate of the relative importance of managing residential and non-residential

vegetation. Proportional partial coefficients are a data-independent standardization or re-

scaling, which allow partial coefficients to be compared on a common scale that

considers the range of possible management limits. This proportional re-scaling gives

greater weight to factors that have wider limits to management and lesser weight to those

that are more constrained. Increasing human population density is one of the strongest

limiting factors in urban development (Nilsson and Florgard 2009) and may impose

different limits on the area of residential and non-residential development. For a given

area of vegetation, the practical limitations to manipulating the percent ofthat vegetation



that is trees or shrubs are likely similar in residential and non-residential areas, so their

relative importance should be the same as their relative effects.

My objectives were to answer three questions. 1) What are the relative effects of

residential and non-residential vegetation (area and percent covered in trees) on the

species richness and the conservation value of an urban bird community? 2) Are the

relative effects of residential and non-residential vegetation different at local and

landscape scales? 3) What is the relative importance of managing the area of residential

and non-residential vegetation, within the practical limits to management that are

imposed by human population density?

5.3 Methods
Study Area

Ottawa, Ontario, Canada is an urban centre of approximately 800,000 residents,

surrounded by a landscape composed of agricultural fields and coniferous-deciduous,

mixed-wood forests. The city is within the Mixedwood Plains ecozone (Ecological

Stratification Working Group 1996) and the Lower Great Lakes/St. Lawrence Plain,

North American Bird Conservation Region, number 13 (hereafter BCR 13, Rich et al.

2004). Residential vegetation in Ottawa is primarily composed of mowed lawns,

ornamental gardens, and a mix of deciduous and coniferous trees and shrubs. Non-

residential vegetation is a mix of: city parks, which include areas managed for natural

vegetation as well as mowed lawns, planted trees, and sports fields; a large greenbelt

surrounding the urban core, which includes large areas of forest, old pastures, wetlands,

and agricultural fields and pastures; and, other large areas ofprimarily tall-grass and

shrub vegetation, which includes verges along highways, vacant lots, and power-line

rights of way.



Field Methods

Bird observations were made by volunteers with the Ottawa Breeding Bird Count

(OBBC) - a breeding season monitoring program for birds within the urban and suburban

areas of the city of Ottawa, Ontario, Canada (www.ottawabirds.ca). OBBC surveys are

conducted at randomly selected locations within an approximately 900 km study area

that includes the city's urban core, a large greenbelt area composed of a mix of forests,

wetlands, and agricultural fields, and the surrounding suburban developments that fall

within the city boundaries. Observers used ten-minute, 75m, fixed-radius point counts,

which were conducted under appropriate weather conditions and during the peak of the

breeding season (the same conditions and season used by the North American Breeding

Bird Survey, Peterjohn 1994), between 30 minutes before sunrise and 8:00am. Surveys

were completed earlier in the day than many standard bird-monitoring protocols, to limit

the influence of traffic and other human activity. If the count was located beside a road,

observers also recorded the number of vehicles passing them during the ten-minute count.

Each point count was conducted at a randomly selected, publicly-accessible location,

separated from each other by at least 250m, and distributed so that there was one count

location within each cell of a 1 km ? 1km grid covering the entire study area. These

publicly-accessible locations were primarily on sidewalks, roadsides, or city walking

paths. Because this study was focused specifically on birds in residential areas, I selected

247 locations, from the full database of OBBC point counts, which fell within the areas

designated as residential by the city's official plan (Figure 5.1, Appendix I). This

selection removed any counts that fell within the rural parts of the city or

commercial/industrial areas and included points that were sampled during the breeding

seasons of 2007, 2008, or 2009. In cases where observations were available from more



than 1 year, the most recent year's data were used. I did not combine data from multiple

years at the same site because there were too few counts with multiple years of

observations.

I tested for variation in bird detectability among observers and levels of traffic

noise, to ensure this variation did not bias my results. I used removal models (Farnsworth

et al. 2002) by dividing each ten-minute count into five, two-minute segments, during

which only new bird observations were recorded. I used a Huggins, full closed captures

with heterogeneity variation of the removal model, which allows for variation in the

detectability among species (Huggins, 1989). I estimated the average, cumulative (across

the full 10 minute point count period) proportion of the true number of species that were

actually observed for each observer and for two levels of traffic (low and high traffic

corresponding to points with fewer or more than 15 vehicles per ten minute count,

respectively). Although my analyses in this paper use only 247 counts of the >1000

available in the OBBC database, I estimated detectability using the entire database, to

increase precision. Detectability was analysed using the program Mark (White and

Burnham 1999), though the R-package, RMark (Laake 2010).

Measures of bird diversity and conservation value

At each point count location, I calculated three measures of species richness and

one index of conservation value. I calculated species richness for the following three

groups: 1) native species (hereafter, S.Native), from which I excluded three native

species that are often considered pests ofurban environments because of their over-

abundance - Ring-billed Gulls {Larus delawarensis), Herring Gulls {Larus argentatus),

and Canada Geese {Branta canadensis); 2) native, forest dependent species (hereafter,

S.Forest); and 3) native, shrub-successional dependent species (hereafter, S. Shrub). Other



habitat guilds (e.g. wetland, or grassland dependent species) were too rarely observed in

my surveys to be modeled effectively. In addition to the three species richness measures,

I included an index of conservation value (Nuttle et al. 2003), which weighted species

abundances by a species-specific conservation priority value. Conservation priority

values for each species were taken from the Partners in Flight (PIF), species assessment,

threat scores, specific to the study region (i.e., scores for BCR 13, Panjabi et al 2005). I

combined these species assessment scores with the bird observations at each point count,

to create the following conservation index measure:

CI.Rank = ^PIF.Rankj ? ((log10 nj )+ 1) Equation 1
Where ? represents the number of individuals for speciesy and PlF.Rank is the

partners in flight priority ranking suggested by Nuttle et al. (2003), which combines the

five PIF threat-scores (scores related to population size, population trend, threats to

breeding, breeding distribution, and BCR area importance) into a single 0-5 ranked

scale. These abundances, weighted by threat score were summed over S, all species

observed at each point count. Weighting the indices by species abundance on a log scale

(as suggested by Herrando et al. 2010) is one way to account for relative abundance at a

site, without over-prioritizing common species (e.g., 1 Sedge Wren contributes twice as

much to the index as 10 Red-winged Blackbirds). Non-native species do not contribute to

this index (i.e., PIF.Rank = 0, Nuttle et al. 2003).

Vegetation

Measures of vegetation cover and structure were calculated separately at two

scales: local - within the 75m radius point count plot; and landscape - within a 425m

buffer around the edge of the point count plot (i.e., a circle, 500m in radius that excludes



the plot area itself, Figure 5.1). The local measures were made using high resolution

(20cm pixel) aerial photographs (taken in 2008), in combination with data produced by

the city of Ottawa's planning department that identifies all impervious surfaces (i.e.,

paved surfaces such as roads, parking-lots, and sidewalks, as well as the footprints of all

buildings in the city). With these two data sources I estimated the area of water, tree

canopy, shrubs, tall grass, and mowed grass. The other local covariate included in the

analyses was the presence or absence of high-traffic roads within the count area. High-

traffic roads included any highways or major commuting routes but excluded the

residential streets of quiet neighbourhoods.

Landscape measures were made by combining four base-layers created by the

city's planning department. Layers for surface water, natural vegetation in non-

residential areas, and tree canopy coverage in residential areas, were based on aerial

photography and ground-truthed with field observations. The natural vegetation layer was

a 20-class ecological categorization that I reclassified into tree, shrub, and tall grass

categories to match the local-scale data. The fourth base-layer was the city's impervious

surfaces coverage (see above). I subtracted the non-overlapping coverage of the four

base-layers as an estimate of the mowed grass coverage within the surrounding

landscape. The result was a continuous layer with the same five categories as were

measured in the local plots. These four base layers from the city's planning department

were considered current up to 2007, but because urban areas develop at a high rate, I

visually compared the base-layers with the 2008 aerial photography and updated the data

in areas under active development.



For both the local and the landscape measures, vegetation area was calculated as

the sum of the tree, shrub, tall grass, and mowed grass areas. Throughout the remainder

of the text, measures of vegetation area are referred to as "Veg" followed by modifiers

indicating residential or non-residential, and the scale within which it was measured (e.g.,

VegRes75 = area of local residential vegetation). For vegetation structure, the percent of

wooded vegetation was the percent of the vegetation area made up of tree and shrub

classes, and the percent of shrub vegetation was calculated using the area of shrub and

tall grass (areas oftall grass were included here because there were often scattered small

shrubs within them). These measures are referred to as "pWood" or "pShrub"

respectively, followed by the same modifiers as were used for vegetation area (e.g.,

pWoodNonRes425 = percent of non-residential vegetation that is wooded).

Statistical Modelling

I used generalized linear models with a log link and Poisson error distribution

(after checking for overdispersion) for all species richness responses (i.e., S.Native,

S.Forest, and S. Shrub) and an identity link and Gaussian error distribution for CI.Rank.

In order to account for spatial autocorrelation, I used spatial Eigenvectors as covariates in

all models (Griffith and Peres-Neto 2006, Bivand et al. 2010). Eigenvectors were

included that removed any significant (p < 0.10) autocorrelation (measured by Moran's I)

in the residuals of a regression of each response on the total area of local vegetation (all

vegetation within the 75 m radius plot). All analyses were conducted in R, version 2.10.1

(R Development Core Team 2009).



Relative effects of residential and non-residential vegetation

I modeled the separate effects of residential and non-residential vegetation at local

and landscape scales for both vegetation area and vegetation structure. The final models

were as follows:

Equation 2

Richness or CI.Rank = VegNonRes75 + VegRes75 + pWoodRes75 +

pWoodNonRes75 + VegNonRes425 + VegRes425 +

pWoodRes425 + pWoodNonRes425 + HighTraffic + SpEigen

Equation 3

S. Shrub = VegNonRes75 + VegRes75 +pShrubRes75 +

pShrubNonRes75 + VegNonRes425 + VegRes425 +

pShrubRes425 + pShrubNonRes425 + HighTraffic + SpEigen

where the first eight terms represent the effects of vegetation area and structure in

residential and non-residential areas, at the two scales (see above) and the last two terms

represent a categorical covariate indicating the presence or absence of a high traffic road

(as an index of human activity that may influence bird diversity and could confound my

analyses, Fernandez-Juricic and Telleria 2000) and the spatial Eigenvectors that account

for spatial autocorrelation. Equation 2 was used to model all response variables, except

the richness of shrub-successional species (S. Shrub), in which case, Equation 3, with the

Shrub-based vegetation structure variables, was used. Initially, I also considered

quadratic terms for all of the vegetation structure variables but dropped them from the

modeling because the terms had no significant effect on any of the responses and neither

the bivariate plots of the raw data nor the residuals of the models indicated there were



non-linear effects of vegetation structure. I plotted and compared the coefficients and

their 95% confidence intervals, scaled for a 10 unit change in the percent of the landscape

that is residential or non-residential vegetation or a 10 unit change in the percent of the

vegetation that is wooded.

I replicated all of my analyses for a smaller subset of the data, in which there was

less correlation between the areas of residential and non-residential vegetation at the local

scale (Table 5.1). I did this to increase my confidence that my results applied across the

full range of predictor values and that they are not overly influenced by the correlation

between residential and non-residential vegetation area. To create this less-correlated

sub-sample, I removed all points where local residential or non-residential vegetation was

greater than 1.0 ha (i.e., 56% of the total, 1.78 ha local plot area). The specific cut-off

was a compromise between removing the correlation and retaining a sufficient sample

size. I then removed an additional random sample ofpoints where residential vegetation

was high (> 0.7 ha) and non-residential vegetation was low (< 0.3 ha) because this

combination was highly over-represented. The resulting, less correlated dataset included

130 locations of the original 247 and reduced the correlation between residential and non-

residential vegetation area from -0.70 in the full dataset to -0.51 in the reduced dataset

(Table 5.1).

Relative importance of managing vegetation area

To translate my modeled estimates of the relative effects of vegetation area into

estimates of relative importance that account for some of the practical limits to

management, I re-scaled the coefficients for vegetation area into proportional partial

coefficients (Chapter 4). I used a 95% quantile regression (Koenker 2005) to identify the

upper limit of residential and non-residential vegetation area (as a percent of the
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landscape area) with increasing human population density across my study area. The

human population data came from the 2006 national census (www.statcan.gc.ca). I used

my 500m landscapes to compare vegetation and human population because it is closer to

the scale of a residential neighbourhood or development; and although the effects on bird

diversity may change with scale, management of vegetation area is constrained to the

scale at which developments are planned. I scaled the proportional partial coefficients for

10% of the range of management limits at a moderately high population density of 300

residents per hectare.

5.4 Results

Detectability

The percent of species observed was similar and very high, across all volunteers;

they ranged from 91 - 96% across the 7 volunteers whose observations were included in

my sample of 247 point counts. More than 95% of the counts were conducted by 5

volunteers whose average detection probabilities were > 95%. I ran all analyses both with

all the data and with a reduced dataset that excluded data from volunteers with < 95%

detection probability; the plotted coefficients and confidence limits were

indistinguishable. Although there was a weak effect of traffic on detection probability, I

did not correct for traffic in the final analysis for three reasons: 1) the cumulative

detection probabilities for high and low noise sites were 94.5% and 96.3% respectively

(i.e., < 2% different), 2) there were count locations where volunteers had not recorded

traffic, and therefore, including a correction for traffic would have reduced the overall

sample size; and 3) using only the point counts for which I had traffic data, I ran the

relative effects analyses with a term for traffic level - it was not statistically significant



for any of the response variables, increased the model AIC, and had little effect on the

coefficient estimates for the remaining predictors (< 5% change in coefficient value).

Relative Effects of residential and non-residential vegetation

In the local landscape, the effects of residential vegetation area were as strong as,

or slightly stronger than, the effects of non-residential vegetation area (upper plots in

Figure 5.2). By contrast, in the surrounding landscape, the effects of non-residential

vegetation area were generally stronger than the effects of residential vegetation (lower

plots in Figure 5.2). In general, the effects of non-residential vegetation were about half

as strong in the surrounding landscape as they were at the local scale (i.e., per 10%

change in the amount of the landscape made up of non-residential vegetation, the percent

change in richness or CI.Rank was approximately half of what was expected for the same

change at the local scale, Figure 5.2). By comparison, the effects of residential vegetation

area in the surrounding landscape, were effectively absent (i.e., the coefficient estimates

were near zero with large confidence limits). Overall the summed effects of residential

vegetation area at local and landscape scales were very similar to the summed effects for

non-residential vegetation area (i.e., adding the effects in upper and lower plots of Figure

5.2). The slightly stronger local effects of residential vegetation area with their weak

landscape effects give a combined effect that is very similar to that from the slightly

lower local but much stronger landscape effects of non-residential vegetation. The results

for the less correlated sub-sample of data were essentially the same as for the full dataset

- so are not shown here - except that due to the smaller sample size, the confidence

intervals were larger and included zero for some coefficients.

The effects of vegetation structure ("pWood" and "pShrub" variables) were

generally weaker and less certain than those of vegetation area and depended more on the



choice of response variable (Figure 5.3). In general, the relative effects of residential and

non-residential vegetation structure were unclear because they were either both very

weak (e.g., S.Native, Figure 5.3) or highly uncertain (S. Shrub and CI.Rank, Figure 5.3).

However, at the local scale, the percent of wooded area in residential vegetation had a

slightly stronger positive effect on S.Forest than non-residential vegetation. At the

landscape scale, this positive effect of residential wooded area was not evident. In

contrast, the positive effect (although weak and uncertain) of wooded area in non-

residential lands on S.Forest was consistent at both the local and the landscape scale

(Figure 5.3). Finally, the strongest estimated effect of vegetation structure was for the

percent of residential vegetation in the landscape that was shrub or long grass on S. Shrub

(-17% increase in S. Shrub for a 10% increase in pShrubRes425, Figure 5.3). However,

this effect had wide confidence limits (-5% to +35%).

Relative importance of managing vegetation area

The area of non-residential vegetation declines more quickly with increasing

human population than the area of residential vegetation (Figure 5.4). Within my 500m

landscapes, the 95% quantile of residential vegetation area declines by approximately 4%

for an increase of 100 people/ha (dotted line in Figure 5.4). In contrast, the 95% quantile

for non-residential vegetation area declines by 18% over the same increase in population

density (solid line in Figure 5.4). Using these quanitles as upper limits to management,

proportional partial coefficients for residential and non-residential vegetation area

indicate that at high human population densities (300/ha), when the limits to non-

residential vegetation are more constrained, residential vegetation is clearly a more

important determinant of bird diversity than non-residential vegetation (Figure 5.5).



5.5 Discussion
Relative effects of residential and non-residential vegetation

Overall, there are comparable relative effects of residential and non-residential

vegetation area on the richness and conservation value of an urban bird community.

Combined across scales, the effects of residential vegetation area (i.e., the area of private

yards around houses and apartments) were very similar to the combined local and

landscape effects of non-residential area (i.e., parks and other large greenspaces).

Therefore, developers and city planners can influence the bird community of an urban

area by managing both the area of vegetation within residential developments and the

area that is set-aside for parks and greenspaces.

Although their combined effects were similar, the relative effects of residential

and non-residential vegetation area were scale dependent. At the local scale (i.e., within

the area surveyed), the effects of residential vegetation, were just as strong as, or slightly

stronger than, those of non-residential vegetation, for the same change in area. Therefore,

the potentially negative effects of homogenization (McKinney 2008) or negative edge

effects associated with fragmented residential vegetation (Marzluff and Ewing 2001) are

not as relevant for the urban bird community at this scale as are the positive species-area

effects of increasing vegetation area. Their similar local scale relative effects also suggest

that residential vegetation is not necessarily of lower overall quality for most bird species,

nor even for species of greater conservation value (Chase and Walsh 2006). If it was, the

local effect of residential vegetation area should have been weaker than that for non-

residential, particularly for the index of conservation value; in fact, it was similar or

slightly stronger.



There are two non-exclusive explanations for the additional landscape effect of

non-residential vegetation area (Addicott et al. 1987): first, non-residential vegetation is

generally more isolated and less connected; and, second, in my study design, it is more

likely to affect landscape complementation processes. Non-residential vegetation is

generally more isolated because it tends to be configured in discrete patches with simple

shapes, separated by roads and large areas of residential and other urban development;

whereas residential vegetation is generally configured in smaller, more complex patches,

usually only separated by roads and often connected above the roads by the canopies of

street trees (Gaston et al. 2005). Therefore, the landscape effects of non-residential

vegetation area may reflect the influence of isolation-related processes such as

immigration or landscape supplementation (Dunning et al. 1992). In addition, increasing

the scale from local measures to landscape measures of non-residential vegetation

captures the influence of a different kind of vegetation - large, unfragmented patches of

relatively natural vegetation. The same is not true of residential vegetation, which, by

definition, does not include unfragmented patches. Large areas of relatively natural

vegetation provide different structure and resources than residential vegetation (e.g.,

understory vegetation in forests, Donnelly and Marzluff 2004). Therefore, non-residential

vegetation in the surrounding landscape likely increases the diversity of residential bird

communities through landscape complementation processes (Dunning et al. 1992) by

providing necessary resources to species that would otherwise be absent from urban areas

(Fernandez-Juricic and Jokimaki 2001, Melles 2003, Donnelly and Marzluff 2004).

Although I did not identify a strong landscape effect of residential vegetation area,

studies ofnon-residential areas (e.g., parks etc.) may still need to control for the effects of



the surrounding residential vegetation. The residential vegetation surrounding a park

influences the park's bird community through complementation (Colding 2007), reducing

edge effects (Fernandez-Jurcic and Telleria 2000), and providing connectivity among

parks (Fernandez-Jurcic 2000). In addition, because the effects of residential and non-

residential vegetation area are both positive and yet they are negatively correlated in a

fixed area, they should act as suppressor variables (Smith et al. 2009). Therefore,

statistical models that only consider the area of either residential or non-residential

vegetation (e.g., considering only the area of parks and greenspace and ignoring

residential vegetation) could underestimate its importance.

In addition, my results do not mean that residential and non-residential vegetation

necessarily have similar effects on the gamma diversity of birds in the entire city. My

study focused on the birds observed in residential areas, which have important intrinsic

conservation value, provide cultural ecosystem services that increase quality of life (e.g.,

hearing bird-song and seeing birds at feeders), and provide urban residents with a

connection to native biodiversity that will have longer-term consequences for political

attitudes towards conservation (Miller et al. 2005, Turner et al. 2004). However, a city

consists of more than the residential areas that I have sampled here and these other areas

make distinct contributions to bird diversity (e.g., in Ottawa, there are two rivers and

numerous natural and artificial wetlands that have distinct bird communities). Measuring

their relative effects on the diversity of birds in the entire city would require comparisons

across multiple cities. Currently, few such data exist but urban bird monitoring programs

such as the OBBC and related programs in Tucson, Arizona (McCaffrey 2005,



www.tucsonbirds.org) and Fresno, California (www.fresnobirds.org) may allow such a

comparison in the near future.

I did not find clear evidence that increasing residential vegetation area replaced

sensitive species of high conservation value with urban-tolerant species of low

conservation value. There was essentially no difference in the response of native species

richness and an index of community conservation value, which down-weights common

species with stable populations and fewer threats to their breeding habitat (Nuttle 2003).

Certainly, the strong effect of non-residential vegetation area in the surrounding

landscape indicates that parks and large greenspaces have an important role to play in the

conservation value of an urban bird community. However, residential vegetation has an

important role to play; at a local scale, the conservation value of the bird community was

slightly more dependent on the area of residential vegetation than it was on the area of

parks and other large areas of more natural vegetation. Across a longer gradient in

increasing urbanization intensity (i.e., from large reserves through to the urban core),

some species of high conservation value may be lost from the local bird community and

replaced with tolerant species that are generally of lower conservation value (Blair 1996,

McKinney 2006). However, within an intermediate portion of the longer urbanization

gradient (i.e., in residential neighbourhoods), parks and private yards do not act as points

along that gradient; they both play an important role in creating a bird community with

value to conservation.

Increasing the tree and shrub cover of residential vegetation has a positive effect

on forest bird richness; however, in relation to the effects of changing area, the effects of

vegetation structure were weak, uncertain, and depended more on the choice of response
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variable. Only the richness of forest birds showed a clear response to increasing tree and

shrub cover; in this case, the patterns in scale dependency were similar to that for

vegetation area (i.e., stronger local effects of residential that are not evident at the

landscape scale). Although percent tree and shrub cover is a simple variable that can be

easily measured and is reflected well by existing planning laws, it is also a very coarse

measure which may not represent the complex structural features ofurban vegetation that

affect birds. For example, because I have measured vegetation from aerial photos, I have

no information on the variation in vertical structure, which is an important factor for

many bird species (Murgui 2007, White et al. 2005).

Relative importance of managing vegetation area

Not only does increasing residential vegetation area increase bird diversity and

conservation value but at higher human population densities, managing residential

vegetation area becomes even more important than managing parks or other large

greenspaces. Although the per-hectare effects of residential and non-residential

vegetation are similar, increasing human population density imposes stricter limits on

non-residential vegetation than it does on residential vegetation area. Therefore, as

population density increases, the management of residential vegetation area has a greater

capacity to influence bird diversity.

Although I have only considered one potential limit to management, I feel that

human population density is a reasonable limit to consider for two reasons: 1) it is one of

the most important factors in planning urban development that has profound

consequences for many environmental and social factors (Lawrence 2005); and 2) despite

numerous studies showing negative effects of increasing human population density on

biodiversity (reviewed for birds in Chase and Walsh 2006, Evans et al. 2009), it is



unlikely that urban planners would lower human population density in cities, for

conservation reasons (Färber 2005, Nilsson and Florgard 2009). Indeed, it would be

undesirable, if it meant increasing urban sprawl.

The particular limits to managing vegetation area that I have identified here reflect

the current development patterns in the city but they may not represent theoretical limits.

Thoughtful planning and design of urban areas could conceivably create residential areas

with high human population density and much higher levels of non-residential vegetation

than currently exist in Ottawa. For example, conservation subdivisions (Arendt 2004) or

clumped housing developments (Gagne 2009) would change the limits to managing non-

residential vegetation and my estimates of relative importance.

Overall my results imply that the native species richness and conservation value of

an urban bird community has as much to gain from increasing the area of vegetation in

private yards as there is from increasing the area of park or greenspace in an

urban/suburban neighbourhood. The greater flexibility of residential vegetation area

under increasing human population density suggests that new developments with both

higher population density and greater vegetation area are possible. This pragmatic

approach would reconcile the need to house people with the importance of providing

opportunities for those people to interact with native biodiversity in their daily lives

(Rosenzweig 2005).
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Figures
Counts
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Figure 5.1. Map of study area in Ottawa, Ontario, Canada, showing the distribution of
point counts across the city. Insets demonstrate how each of the four vegetation
area (left inset), and four vegetation structure (percent of vegetation that is tree or
shrub cover, right inset) variables were measured. See table 5.1 for a description
of the variable names.
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Figure 5.2. Relative effects of residential and non-residential vegetation area on four
measures of bird diversity, at local (upper plots) and landscape (lower plots)
scales. Points represent the partial coefficients for residential and non-residential
vegetation area, scaled for a 10 unit change in the percent of the landscape made
up of either residential or non-residential vegetation, after controlling for the
remaining effects in Equation 2 or, for S.Shrub, Equation 3. Error bars represent
95% confidence intervals. Numbers in parentheses are the proportion of explained
deviance for the model in Equation 2 or 3.
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Chapter 6. General Conclusion

It is 2010, the international year of biodiversity, and there is a crisis in

biodiversity. The 2010 target of the international convention on biodiversity - "to

significantly reduce the current rate of biodiversity loss at the global, regional and

national level as a contribution to poverty alleviation and to the benefit of all life on

Earth" - has not been met. Indeed almost all indicators suggest that the plight of global

biodiversity has worsened in the 8 years since the convention was ratified (Secretariat of

the Convention on Biological Diversity 2006, Burton 2009).

Not coincidentally, I believe there is also a crisis in ecology and conservation

biology. Our science is in crisis because we have often failed to provide useful

information to managers, planners, politicians, and the public (Pullin and Knight 2009,

Walpole et al. 2009). We fail when we preferentially study questions that lend themselves

to rigidly defined hypothesis testing frameworks - e.g., tests of the existence of an effect

- when what is needed are estimates of relative importance - the relative potential benefit

to, or effect on, biodiversity. Without the context of its effects relative to other factors,

adding to the list of factors that significantly affect some component of biodiversity is

unlikely to contribute to conservation. In fact, at its worst, it could distract from

potentially more effective uses of limited conservation resources (Wilson et al. 2007).

My thesis, I hope, is a small step in the right direction. Its overall message is to

use the best available tools and evidence to estimate the relative strength of plausible

effects and the confidence or uncertainty around them. For many practical questions in

ecology and conservation biology, the best available tools and evidence are statistical

models and observational data. A 20 year-old critique of ecology said as much:



"Observational studies can only provide preliminary hypotheses that must be tested in

manipulative experiments...manipulative experiments that are not conducted on the

appropriate scale as the intended manipulation may prove trivial" (Peters 1991, pg. 140).

For those questions where the appropriate scales are large in space and/or long in time,

and where the "clean answers" and "critical tests" of strong inference are illusory (Piatt

1964), these "preliminary hypotheses" may be the best option available within the short

timeframes of applied management.

In Chapter 2, 1 have shown that the best method to estimate the relative effects of

habitat amount and fragmentation, even when the predictors are highly correlated, is a

standardized, partial regression coefficient from a plausible model where the potentially

confounding factors have been controlled. Other statistical methods used to account for

or remove collinearity are biased - in ways more complicated than has been previously

acknowledged - and have probably done more harm than good. This work contributes to

our understanding in landscape ecology in that: it highlights the literature about which we

should be most skeptical, i.e., studies using residual regression and those that have not

clearly reported correlations among predictors; and, it shows that the literature is not as

biased towards the effects of habitat amount as was previously thought (Koper et al.

2007). Indeed, my findings here show that studies that have used residual regression may

have underestimated the effects of both amount and fragmentation.

There are also clear methodological implications from this work. Studies of

habitat amount and fragmentation, and landscape ecological analyses in general, should

explicitly report collinearity among predictors - both pairwise correlations among the

predictors and cumulative measures for each predictor, such as variance inflation factors.



These correlations have a strong influence on uncertainty in the analysis and on any

estimate of confidence such as confidence intervals, statistical significance, or Akaike

weights (Neter et al. 1990, Burnham and Anderson 2002). By contrast, estimates of effect

strength - standardized partial coefficients - are relatively insensitive to collinearity. In

addition, this work shows that it is important to consider the direction of a predictor's

effect in combination with its correlation to other predictors; the suppressor effects that I

have shown here are unacknowledged in landscape ecological modeling, yet I suspect

they have profoundly influenced the results of studies.

In Chapter 3, 1 have shown a scale dependency in the relative effects of forest

amount and forest fragmentation on bird species that are considered sensitive to forest

fragmentation. This scale dependence is largely due to the higher variability of

fragmentation effects, across scales. The most important implication from this study is

that habitat fragmentation effects may be sufficiently complex that we should be skeptical

that managing fragmentation is at all useful. If species that are thought to be particularly

sensitive to increasing fragmentation do not have consistent responses across scales, it is

questionable whether there will be any positive effect of simple management

prescriptions, such as increasing the core area of forests (Environment Canada 2003). It is

important to note that my work has only examined forest birds in southern Ontario; other

bird species (e.g., grassland birds - Hamer et al. 2006, or tropical forest birds - Laurance

et al. 2002) or taxa may show more consistent responses to fragmentation across scales

and/or species.

In Chapter 4, 1 have provided a framework and categorization of the numerous

statistical metrics of relative importance as well as criteria by which to judge other



metrics. I have also shown that the best statistical metric for prioritizing competing

management options is a partial regression coefficient, re-scaled as a proportion of the

practical or theoretical limits to management. This work represents a synthesis of theory

and methods for linking statistical models to management actions for conservation.

Methodologically, it builds on the more specific findings in Chapter 1 - in fact, it

contradicts one of the recommendations in Chapter 1 - by comparing a wider range of

metrics than any previous study on relative importance, and testing them against a priori

criteria. It also introduces a new metric that compares predictors on a data-independent

common scale (Grace and Bollen 2005), which explicitly acknowledges the practical or

theoretical limits to management. This chapter also makes some novel theoretical

contributions. It is the first study to propose a clear definition for relative importance in

the context of applied studies in ecology and conservation - the relative potential benefit

to biodiversity from independently managing each factor. It also represents the first study

to propose criteria that any measure of relative importance in conservation should meet.

Finally, it provides a framework that explains the characteristics (i.e., biases and

sensitivities) of each of the three categories of metrics and the individual metrics

themselves. Each of these is an important and novel contribution to ecology and

conservation biology.

One implication of the findings in this chapter is that the benefits of estimating

relative importance using regression parameters should apply equally well regardless of

the particular modeling approach (Johnson 1995). For example proportional coefficients

can be estimated using generalized linear models (McCullagh and Neider 1989),

generalized additive models (Hastie and Tibsharani 1990), hierarchical variance models



(Gelman and Hill 2007), Bayesian approaches (McCarthy 2005), or structural equation

modeling (Grace and Bollen 2005). Each of these methods relies on a different set of

assumptions and a different model of the underlying ecological phenomenon but

parameters on a proportional scale have clear implications for conservation in all cases.

Finally, one outstanding methodological and philosophical question in estimating

relative importance is how to prioritize management options when factors interact (Healy

1990). In the case of an interaction, both factors have some importance but their relative

effect strengths may vary. To date, this is an issue that has been almost entirely neglected

in both the ecological and statistical literature.

In Chapter 5, 1 have shown that the relative effects of residential and non-

residential vegetation area on the richness and conservation value of an urban bird

community are approximately equal at a local scale; however, at a landscape scale, the

effects of non-residential vegetation area are greater. As human population density

increases, the more restrictive limits imposed on non-residential vegetation mean that its

overall importance declines in relation to the importance of managing residential

vegetation.

The finding that residential and non-residential vegetation area are generally

similar in their relative effects on urban bird diversity contrasts with the tone of most

literature on the effects of urbanization (Chase and Walsh 2006 and McKinney 2008,

although compare Evans et al. 2009). This finding implies that within cities, there may be

more potential for managing urban bird communities than previously thought (Marzluff

and Ewing 2001). It also implies that although in some situations, vegetation

management may be politically more difficult in privately-owned residential land than in



non-residential land, the relative potential benefits to biodiversity are at least similar; and,

in areas of high population density the greater relative benefits of managing residential

vegetation may counteract any potential political difficulty (Chapman and Reich 2007).

I believe my thesis, particularly Chapter 4, has some reasonably broad and

profound implications for ecology and conservation biology. Overall, it implies that

thoughtfully constructed, yet relatively simple, statistical models can provide valuable

insight into the likely consequences ofpotential management actions. This is not a

particularly profound finding on its own; however, the variable and disparate definitions

of "relative importance" from which authors have made recommendations for

conservation management, suggest that we have not been thoughtful enough in

interpreting statistical models. I hope my thesis' theoretical contributions will stimulate

deeper consideration of the appropriate links between statistical results and conservation

implications in the literature.

I also hope that they will stimulate further discussion on the balance in

conservation biology between the limits to our knowledge and the imperative to act

(Hilborn and Ludwig 1993, Johnson 2002, Wiens et al. 2008). How confident can we be

in applying the results of statistical models of observational data, even within the context

of landscapes carefully selected to control for correlations and potential confounders

(Brennan et al. 2002)? How can we optimize monitoring so that it is more likely to

capture the natural experiments that can shed light on the likely impacts of

manipulations? These natural experiments can help create the causal links between

statistical predictors and biodiversity responses; however, they can be difficult to predict

and so a great deal of monitoring data may be required to capture them (Nichols and



Williams 2006). The philosophy and application of statistics in medicine may have much

to offer ecology and conservation. Many medical problems and questions (e.g., the study

of life-style factors on health) are similar to conservation problems in that it can be

difficult to apply manipulative experiments and there are numerous potentially

confounding effects. This literature may improve our ability to control for potentially

confounding factors in the analysis of observational data (e.g., McNamee 2003).

My thesis highlights the importance of quantitative estimates of relative effects

and relative importance in ecology and conservation, so that competing management

options can be prioritized. Providing these quantitative estimates will require focusing

our questions and our philosophical and analytical frameworks on biological significance

and parameter estimation. We must remain conscious of uncertainty in those estimates

and explicit in our reporting ofthat uncertainty, however, we cannot afford to let

statistical and philosophical dogma interfere with asking difficult questions in complex

systems where manipulative experiments are not feasible. If we want our science to

influence society's actions, we must provide information that can be compared to the

costs of applying various conservation actions. As ecologists and conservation biologists

we must ask ourselves where the balance lies between the dangers of being wrong and

having information that is good enough for now (Wiens 2009).
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Appendix I

Appendix I. The year and location of 247 Ottawa Breeding Bird Count point counts used
in the analyses
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2008

2008

2009

2009

2009

2009

446598

445954

445587

445687

446561

446781

446740
447077

446845

447461

447380

446224

445965

445624

443593

443389

443717
443935

443593
445643

446520

444432

445255

444803

444906

466981

466672

466292

450469
451100

452087

452742

451316

445626

446207

446374

446718

447356

463833

447983

448237

448767

448922

5033003

5032242

5032063

5031060

5030410
5026848

5027218

5027472

5028422

5030091

5031209

5029023

5029412

5029485

5023262
5023643

5023735
5026804

5027323

5027883

5027733

5024561

5023779

5022626

5022100

5029868

5030432
5029446

5024097

5024096

5024105

5024606

5021245

5025689

5024648

5023581

5022959

5023644

5036358

5024559

5024233

5024132

5024553



40-5

40-6

40-7
40-8

40-9

42-2

42-3

42-4

42-6

44-6

46-10

48-2

5-1
5-10

5-2

5-3

5-4

5-5

5-6

5-7

5-8

5-9

50-7

50-8

51-5
51-7

51-8

55-5

55-7

58-1

6-10

6-7

6-8

6-9

60-1

60-2

60-3

60-4

60-5

60-6

60-7

61-4

-5

2009
2009

2009

2009

2009

2008

2008

2008

2008

2007

2007
2007

2007

2007

2007

2007

2007

2007

2007

2007

2007

2007

2008
2008

2007

2007

2007

2007

2007

2008

2007

2007

2007

2007

2008

2008

2008

2008

2008

2008

2008

2007

2007

449309
449297

449842

450594

451154

454099

454647

455625

456334
453859

452944
446174

463196

457200

462649

461425

461473

459790

459365

458664

458793

457545
447412

448411

445821

446023

446002

445018

445016

443494

461046

460357

460581

461136

438993

439530

439370

440220

440907

440982

439922

442772

442435

5022651

5021717

5022451

5022241

5021819

5013205

5013077

5012329

5011326
5010239

5018707

5018248

5035799

5033543

5036358

5035922

5036319

5035472

5035143

5034599

5033755

5032997
5021470

5021535

5018940

5021205

5021546

5015897

5019793

5014968

5034302

5033864

5034147

5033996

5013959

5013595

5013370

5013098

5013568

5013197

5012393

5015950

5015520
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61-6

62-3

62-6

62-7

66-2
66-3

66-4

67-1

67-2

67-3

68-1

68-2

68-3

68-5

69-1
69-10

69-2

69-3

69-4

69-5

69-6

69-7

69-8

69-9

7-10
7-6

7-8

7-9

70-1

70-2

70-3

70-4

70-5

70-6

70-7

70-8

70-9

71-1

71-2

71-3

71-4

71-5

71-6

2007

2007

2007

2007
2008

2008

2008

2008

2008

2008

2007

2007

2007
2007

2007

2007

2007

2007

2007

2007

2007

2007

2007
2007

2007

2007

2007

2007

2007

2007

2007

2007

2007

2007

2007

2007

2007

2009

2009

2009

2009

2009

2009

441970

443843

443253
442665

439752

440779

441297

433599

433056

432000

432571

432982
433047

432502

443620

441269

444558

444111

442600

442388

442826
443123

442313

441777

460605

463941

462717

462103

438960

439933

441172

441476

441622

441925

441644

442299

441886

436797
437416

438113
439065

439912
440163

5015122
5019020
5018489
5018319
5014667

5015271

5015603

5015365

5015631

5015587

5016607
5016998

5016427

5014525

5021994

5026308

5022321

5022896

5024465

5025022

5025339
5026198

5026590

5026389

5035203

5033914

5035348

5034900

5024758

5025478

5025155

5023814

5023337

5022544

5021884

5022060

5021279
5021296

5021414

5021351

5022161

5022331
5023246
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71-7

71-8

72-1

72-3
72-4

72-6

72-8

72-9

73-3

73-4

73-5

73-6

73-7
74-1

74-2
74-3

75-1

76-1

76-2

76-3

76-4

76-5

77-4

77-5

77-6
77-7

77-8

78-1

78-2

78-3

78-5

78-6

78-7

79-1

79-2

8-1

8-2

8-3

8-4

80-2

80-3

81-8

82-6

2009

2009

2008
2008

2008

2008

2008

2008

2008

2008

2008

2008

2008
2008

2008

2008

2008

2008

2008

2008

2008

2008

2007
2007

2007

2007

2007

2007

2007

2007

2007

2007

2007

2008

2008

2007

2007

2007

2007

2008

2008

2009
2007

440186
439182

439316

438308

438920

437371

437091

437351

441825

441189

439660
438997

437883

440704

440376

439859

431049

436037

435463

434504

434689
433695

429432

429849

430395

431314

430649

427506

428027

428292

429949

429796

428956

432225

432499

459476

459110

458738
458853

427255

427862

428594
427630

5023966
5023836

5025678

5023200

5022809

5022242

5023209

5023988

5020074
5020508

5020858

5020593

5020404

5020030

5019756

5019396

5017402

5021833

5021566

5021595
5022401

5022650

5015658

5015672

5015962

5016009

5015110

5018157

5018958

5018229

5017763

5017196
5016879

5023618
5023657

5033529

5033150

5032231

5031953

5022083

5022612

5020424

5019914



82-7

82-8

85-6

86-8
86-9

89-1

89-2

89-4

9-10

9-11

9-8

90-4

90-5
90-6

90-7

90-8

91-10

91-11

91-8

92-1

92-10

92-11

92-2
92-3

92-4
92-5

92-6

92-7

92-8

92-9

93-1

93-2

93-3

93-4

94-2

94-3

-5

2007

2007

2009
2009

2009

2009

2009

2009

2007

2007

2007

2008
2008

2008

2008

2008

2009

2009

2009

2008

2008

2008
2008

2008

2008

2008

2008

2008

2008

2008

2008

2008

2008

2008

2008

2008

2008

428745

429658

426163
428494

428669

428289

428574

428212

452320

452334

453344
426035

425930

427423

427492

427763

427393

428026

426649

457351

461013
461921

457774

458510

458469

459043

458957

459633

460115

460492

456730

456624

456728

457040

436512

436111

434344

5019707

5019470
5022417

5013675

5014216

5012293

5011778

5010707

5030702

5029986

5029855
5012918

5012479

5013330

5013812

5014462

5011602

5011507

5012399

5035615

5037617
5038175

5036232

5035983

5036693

5036871

5037169

5037253

5036948

5037149

5036262

5035583

5035055

5034473

5019372

5019617

5018262


