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Abstract 

Habitat loss and fragmentation are major threats to biodiversity. Geostatistical methods, 

especially kriging, are widely used in ecology. Bird counts data often fail to show normal 

distribution over an area which is required for most of the kriging methods. Hence choosing an 

interpolation method without understanding the implications may lead to bias results. United 

Kingdom’s Exprodat Consulting Ltd had set an Exploratory Spatial Data Analysis (ESDA) 

workflow for optimising interpolation of petroleum dataset. This workflow was applied in this 

study to predict capercaillie bird species over whole Sweden. There was no trend found in the 

dataset. Also the dataset was not spatially auto-correlated. A completely regularized spline surface 

model was created with RMSE 1.336. Medium to high occurrences (8-16) were found over two 

very small areas, within Västerbottens county and Västra Götlands county. Low occurrences (1-3) 

were found all over Sweden. Urban areas like Stockholm city and Malmö city had low 

occurrences. Another kriging prediction surface was created with RMSE 1.314 to compare the 

results. There were no prediction values from 5 to 16 in kriging surface. In-depth studies were 

carried out by selecting three areas. The studies showed that the results of local kriging surfaces 

did not match with the results of global surface. Uncertainty in GIS may exist at any level. 

Having low RMSE value does not always mean a good result. Hence ESDA before choosing 

interpolation method is an effective way. And a post result field investigation could make it more 

valid. 

Regression analysis is also widely used in ecology and there are certain different methods that are 

available to be used. Ordinary Least Squares is the first method that was tested upon bird counts 

data set. Adjusted R-squared value was 0.008616 which indicated that explanatory variables pine, 

spruce, roads, urban areas and wetlands were just contributing to 0.8% to the dependent variable 

bird counts. It was also found that there was no linear relationship between dependent and 

explanatory variables. Logistic regression was the next step as it had the capability to work with 

nonlinear data also. The Spatial Data Modeller (SDM) tool was used to perform logistic 

regression in ArcGIS 9.3. Initially results of logistic regression were unexpected, hence focal 

statistics was performed upon all the independent variables. Logistic regression with these new 

independent variables generated meaningful results. This time the probability of occurrence of 

birds had weak positive relationship with all the independent variables. Coefficients of pine, 

spruce, roads, urban areas and wetlands were found to be 0.39, 0.23, 0.13, 0.24 and 0.14 

respectively. Pine and spruce are natural attractors for birds, hence results were quite acceptable. 

But the overall model performance remained poor. Positive coefficient for roads, urban areas 

and wetlands may well be due to redundancy in these datasets or observer bias in bird species 
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reporting. IDRISI Andes also came up with almost the same results when logistic regression with 

same dependent and independent variables was performed. IDRISI Andes output contained the 

pseudo R-square value, found to be 0.0416. This was an indication of biasness in the dataset also. 

The results of in-depth studies by selecting three areas also showed that LR with focal statistics 

were having better results than LR without focal statistics, but the overall performance remained 

poor. The SDM tool is a good choice for performing logistic regression on small scale datasets 

due to its limitation. Comparison of results between the two geostatistical methods, interpolation 

and regression depicts the similarity at discrete places; an unbiased dataset might have resulted in 

a better comparison of two methods. 

Keywords: ESDA, Kriging, Spline, OLS, SDM, Logistic regression 
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1. Introduction 

Effective conservation planning requires a comprehensive understanding of the relationships 

among organisms and their environment (O’Neil and Carey, 1986). In the age of rapid 

urbanization, it is important to understand the ecological effects of this process. Urbanization is 

characterized by dramatic land use transformation, typically across expansive extents. This 

consequently leads to land cover conversion, which can be a dominant process affecting 

ecological community structure and population dynamics, generating unique assemblages of 

organisms (Hostetler, 1997). In other words, these transformations lead to habitat loss and 

fragmentation which are major threats to biodiversity (Wilcove, et al., 1998; Fahrig, 1997). Many 

infrastructure and development projects also causes fragmentation of natural habitats. Typically, 

researchers find that urban areas tend to harbour biotic communities in which only a few species 

increase in density relative to the surrounding areas, thereby creating distinct differences in 

community diversity between these two landscapes (McKinney, 2002; Blair, 1996; DeGraaf and 

Wentworth, 1981). In forest areas biodiversity is affected by forest management which can lead 

to forest fragmentation (e.g. clear-cuts), habitat degradation, increased predator populations, etc. 

Sometimes regeneration of forest types increases habitat suitability for some species. But how do 

these processes affect the spatial distribution of species within this human-dominated system? 

Understanding the spatial pattern of such relationships is important for both the development of 

ecological theory and implementation of conservation strategies.  

Geostatistical methods provide valuable approaches for analysing spatial patterns of ecological 

systems. They allow for both the prediction and visualization of ecological phenomena. One 

such method that is widely used in ecology is kriging (for instance, Chahouki, Azarnivand, Jafari 

and Tavili, 2010; Kimmel, et al., 2009). However, the distributions of point count data, especially 

bird species census data, often violate the assumption of normality required by most forms of 

kriging (Royle, Link and Sauer, 2002). Regression is also widely used in ecology (for instance, 

Sharaya and Sharyi, 2011; Fitch, 2010; Lange, 2010) and many different methods are available. 

The main objective of this thesis was to model bird species occurrences and habitat niche as 

accurately as possible. For this purpose, two geostatistical methods were tested – interpolation 

and regression. These methods were tested on three different study areas and with different 

spatial resolutions, 25 m and 100 m. The results of interpolation and regression were then 

compared. For this purpose, the capercaillie (Tetrao urogallus) was chosen, as it has a wide 

geographic range within the study area, a high detectability, is not too common and not too rare 

for modelling and has relatively well known habitat requirements. 
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2. Literature review of previous studies 

Maps illustrating home ranges of a particular species have been extremely useful for ecologists. 

Such distributions overlaid with land use and/or land cover maps provide an immediate insight 

for exploring hypothetical relationships of organisms and their environment (Robertson, 1987). 

These patterns are useful to test existing ecological hypotheses as well (for instance, Hodgson, 

Macrae and Brewer, 2004; Villard and Maurer, 1996). These had also assisted conservation 

biologists and environmental planners to identify potential conservation areas and monitor 

conservation efforts (Price, Droege and Price, 1995; Scott, et al., 1993). 

Due to the advancement of technological innovations provided by GIS, population distribution 

maps are increasingly based on geostatistical models. Geostatistics can be traced back to the early 

1910s in agronomy and 1930s in meteorology (Webster and Oliver, 2001), though is usually 

believed to have originated from the work in geology and mining by Krige (1951). “A 

mineralized phenomenon can be characterized by the spatial distribution of a certain number of 

measurable quantities called regionalized variables”; and this concept is termed regionalisation 

(Journel and Huijbregts, 1978). Other key concepts of geostatistics include: “When a variable is 

distributed in space, it is said to be regionalized” and “geostatistical theory is based on the 

observation that the variabilities of all regionalized variables have a particular structure” (Journel 

and Huijbregts, 1978). 

The population distribution maps produced by GIS technology are largely model-based 

estimations of species distributions, which are typically derived in two ways. A first commonly-

used approach is to interpolate the observed counts of particular species (for instance, Chahouki, 

Azarnivand, Jafari and Tavili, 2010; Kimmel, et al., 2009; Rempel and Kushneriuk, 2003; Jiguet, 

et al., 2002). This process uses observations of species’ abundances via surveys to construct a 

spatially-explicit distribution model. This method is common in many environments, however, 

urban ecology to a high degree seem to lack habitat-suitability models for many species that 

occupy urban environments (Walker, et al., 2007). Surveys conducted at a series of point 

locations are a common tool for ecological monitoring, particularly for birds (Bibby, Burgess and 

Hill, 1992; Toms, Schmiegelow, Hannon and Villard, 2006). Thus, this approach may be more 

useful in urban areas or other situations for which habitat suitability models are lacking. 

Furthermore, the maps generated from the survey data may provide insights into previously 

unknown habitat associations, which will facilitate the development of new habitat suitability 

models. 
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Although originally developed for mineral mapping, the kriging interpolation technique is the 

most common technique used in ecology. Other forms of interpolation techniques are not very 

common as compared to kriging. Walker, et al. (2007) stated that other forms of interpolation 

have specific challenges for ecological analyses. Inverse distance weighting and radial basis 

functions are exact, deterministic interpolation techniques, which force the values of the 

interpolations to be equal to the measured values at those locations, making ecological 

generalizations difficult and hence this type of method is commonly not used. Although 

deterministic interpolation methods like splining allows for enhanced generality, they do not 

provide a mechanism for assessing prediction errors and do not allow for the investigation of 

autocorrelation. By contrast, Kriging is more flexible than these techniques. The model can be 

parameterized to be exact or inexact, which can allow for the investigation of spatial 

autocorrelation. The kriging model can also produce both probability and prediction standard 

error maps, as stated by Walker, et al. (2007). 

“Choosing an interpolation method for the type of phenomenon the geoscientist is trying to model, and one that fits 

the distribution of the data in hand, should not just be a matter of luck - they need to understand the spatial 

behaviour of the phenomenon they are investigating, and need to answer to some critical questions before attempting 

to apply any interpolation technique. This can help produce defendable results that reflect a deep understanding of 

the way the phenomenon of interest varies spatially. It also helps us to quantify the uncertainty in the modelling” 

(Smith, n.d.). 

The advancement of GIS softwares, for instance, ArcGIS 9.3 (ESRI, 2008) has made it easier to 

investigate autocorrelation, independent of interpolation methods. GIS softwares have also 

provided tools for different types of data exploration. 

A second approach to predict bird species occurrences is regression, in which the predictions of 

animal population abundances are derived through biologically meaningful environmental 

variables (i.e. forage abundance, habitat type, water availability) (Hanski and Simberloff, 1997). 

Such predictions describe species’ suitable habitat, which are based on an established relation 

between a species and environmental variables. These environmental variables are used to 

predict potential sites for the species (Mörtberg, Balfors and Knol, 2007). This is an effective 

method for producing population distribution maps, but based on two major criteria – (1) theory 

exists supporting the incorporation of particular environmental variables into such models and (2) 

those variables are collected or modeled across the entire region of interest (Walker, et al., 2007). 



4 

Habitat quality assessment and habitat suitability maps can be used to design management plans 

to expand or create protected areas in order to protect certain species. These maps can also be 

used to protect habitats of particular importance in managed forest to improve regional planning 

(Rautjärvi, et al., 2004). Other than application in resource management, maps of habitat 

suitability may also be used in evaluating a variety of land use change or other scenarios. For 

example, mapped habitat suitability allows the prediction of areas which may become occupied 

or unoccupied if the distribution of a species expands or contracts (Aspinall and Veitch, 1993). 

The transformation of the ecological models into a spatial format enables to have knowledge 

about species distributions suitable for scenario-testing and accessible to the planning process 

(Botequilha Leitaõ and Ahern, 2002). 

Guisan and Harrell (2000) indicate that better statistical models (ordinal regression) are required 

for use with abundance data. The detection of functional relationships between species and 

environment and the testing of ecological theory tend to be secondary considerations (Guisan 

and Zimmermann, 2000). The negligence of ecological knowledge is a limiting factor in the 

application of statistical modelling in ecology and conservation planning. At the interface 

between ecology and statistics, statisticians may assume inadequate ecological models that may 

confound their evaluation of new statistical methods. On the other hand, ecologists may 

construct simpler statistical models because they may be unaware of the power of modern 

statistical methods (Austin, 2002). 

Many multiple regressions consist solely of straight-line relationships without any concern for the 

ecological rationale of the relationship between dependent and independent/explanatory 

variables (Austin, 2002). For example, in a study of the spatial organization of forest ecosystems, 

Sharaya and Shary (2009) have stated that they have assumed the characteristics of the forest 

ecosystem and the terrain are sufficiently homogeneous in space, to use the same regression 

coefficients for the entire area. Application of this method to a region of another natural–

climatic zone usually yields different regression coefficients, in some case, with opposite signs, 

i.e., with an inverse relationship. 

One regression method that offers spatially explicit methods is Geographically Weighted 

Regression (GWR), however according to Charlton and Fotheringham (n.d.), this is not the 

panacea for all regression ills and should not be default choice, since the Ordinary Least Square 

(OLS) regression model can give hints for further modelling. If the result of OLS is very poor, 

then logistic regression is one choice. The logistic regression can be very useful to predict 

occurrence probability (Mörtberg, Balfors and Knol, 2007). The development of the Spatial Data 
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Modeller (SDM) for ArcGIS 9.3 (ESRI, 2008) involved the incorporation of several of these 

modelling options (Sawatzky, Raines and Bonham-Carter, 2009); among them it has the option 

to carry out weighted logistic regression. In this way, species occurrences can be modelled and 

related to environmental variables, taking account of problems concerning data distribution and 

other. 

3. Study areas and data description 

3.1 Study area and choice of species for model testing 

The study was conducted over almost the entire area of Sweden. For the purpose of different 

analyses, three different study areas were selected. The Study Area 1, i.e. the national level, 

covered the larger parts of Sweden, from where information on tree volume could be found 

(Figure 1). The Study Area 2 covered the two counties Jönköping, 2a, and Västernorrland, 2b 

(Figure 2), and the Study Area 3 covered selected areas in the northern part, 3a, the middle part, 

3b, and the southern part, 3c, of Sweden (Figure 3). In order to choose a suitable species for 

modelling, a species was needed with a wide geographic range within the study area, which at the 

same time had a high detectability, is not too common or too rare for modelling and that has 

relatively well known habitat requirements. Therefore the choice fell on the capercaillie, which is 

a resident herbivorous bird with large requirements. The species has a close affinity to mature 

and old pine-dominated conifer forest with moderate canopy cover, rich in ericaceous shrub, and 

is sensitive to habitat fragmentation (Mörtberg and Karlström, 2005; Angelstam, et al., 2004; 

Sjöberg, 1996).  
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(a) (b) 

Figure 1. Study Area 1, the national level. (a) The study area was the parts of Sweden 

covered by the data on tree volume, which differed from the border of Sweden. (b) The 

same study area with bird occurrences. 
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(a) 
 

(b) 

Figure 2. Study Area 2 contained two counties: (a) Jönkoping county shown with 

maximum extent, and (b) Västernorrland county shown with maximum extent. 

 

(a) (b) 
 

(c) 

Figure 3. Study Area 3 included three analysis areas: (a) North analysis area (b) Middle 

analysis area (c) South analysis area as shown with maximum working extent. 
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3.2 Description of materials 

All the dataset are given in a tabular form (Table 1) to have an overview. A short description of 
the materials is given after the table. 

Table 1. An overview of the dataset. 

Dataset Type Spatial 
Resolution

Spatial 
Reference 

Source 

Occurrence and 
abundance of 
Tetrao urogallus 
2007-2008 

Vector Data - Undefined Swedish Species 
Information Centre (2010) 

Spruce Volume 
(m3 * 10) 

Raster Data 25 m User_Defined_
Transverse_Me
rcator 

Reese, et al. (2003) 

Pine Volume 
(m3*10) 

Raster Data 25 m User_Defined_
Transverse_Me
rcator 

Reese, et al. (2003) 

Border of 
Sweden 

Vector Data - RT90 2.5gon V Lantmäteriet (2008) 

Roads Vector Data - SWEREF99_T
M 

Lantmäteriet (2008) 

Swedish 
Landcover data 

Raster Data 25 m SWEREF99_T
M 

Lantmäteriet (2008) 

 

The bird dataset was point type vector data with each point representing different types of 

information for capercaillie, but the point of interest here was the bird’s occurrences and counts. 

The data points were reported during the years 2007 and 2008 to the Swedish Species 

Information Centre (2010) that collects bird information by volunteers. In the downloaded data 

from 2007-2008 (accessed in the year 2010), which was a single dataset, there were initially 2530 

data points. 4414 new points were randomly generated over Study Area 1 for being considered as 

pseudo-absences. As the birds were voluntarily collected, it would not be unusual to have more 

volunteers reporting birds closer to roads and urban areas than forest areas. It would not also be 

unusual to have varying offset distances from observers. 

Independent variables concerning volume of tree species were retrieved from a dataset derived 

from satellite images (Reese, et al., 2003). The data containing volume of pine (Pinus silvestris) 

ranged from 0 to 76.1 cubic metres per pixel. The data on volume of spruce (Picea abies) ranged 

from 0 to 117.3 cubic metres per pixel. The spatial extent of the data on tree volume, which is 

also Study Area 1, is illustrated in Figure 1. Other datasets that were used were a polygon dataset 

containing the border of Sweden, a line type vector dataset with different categories of roads, 
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containing very dense information about the roads in Sweden, and raster data from Lantmäteriet 

(2008) concerning landcover. Landcover classes are given in Appendix I. 

4. Methods 

Two methods that were used were interpolation and regression, which are separately described 

below. Building the database, which is first described, was common for both of the methods. 

Two software programmes, ArcGIS 9.3 (ESRI, 2008) and IDRISI Andes (Eastman, 2006) were 

used for this study. A diagram of the workflow is shown in Figure 4. 

 

Figure 4. Workflow diagram showing major steps of the methodology. 
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4.1 Building the database 

The reference system for all the dataset were set to RT90 25 gon V. Datasets that were originally 

in SWEREF99 were projected to RT90 by coordinate system transformation. In the bird dataset, 

one of the fields had the values 0 and 1, where the value 0 represented pseudo-absence points, 

retrieved from random points spread over Study Area 1, whereas the value 1 represented bird 

occurrences. Another field contained bird counts, but only in the rows with the occurrence value 

1, as in the downloaded data there were no pseudo-absence points. For the use in the 

interpolation and OLS analysis, the bird dataset with rows containing bird counts information 

was extracted, i.e. the rows where the occurrence value was 1. This extracted bird dataset was 

also used for logistic regression in the SDM tool. Further, where the attribute of the points were 

mentioned as ‘-’, those rows were deleted. There were 2462 points left after these deletions. The 

field that contained bird counts was of string type, which was converted to double type by the 

VB code (Smith, n.d.): 

CDbl([bird count field]) 

The road data was converted to raster and it was reclassified into 1 as data and 0 as no data. As 

the land-cover data was originally in four parts, it was combined by mosaicking using the ‘mosaic 

to new raster’ tool and the resultant landcover raster was reclassified into two classes named 

urban areas and wetlands. The urban class included the classes dense urban, urban > 200 

inhabitants and less green areas, urban > 200 inhabitants and more green areas, urban < 200 

inhabitants, single houses with surrounding areas, industry, commercial, service, airfield, 

construction places and airfield (grass) (Appendix I). The wetland class contained the classes 

limnogen wetlands, wetlands with high water level and other wetlands (Appendix I). The urban 

raster file was reclassified with 0 as no data and 1 as urban areas. Similarly, the wetland raster was 

reclassified with 0 as no data and 1 as wetlands.  

It was found that the pine and spruce volume rasters, wetland and urban rasters, and roads raster 

all were having different extents. For the purpose of geoprocessing all the raster files should have 

the same extent. Therefore, at first the urban raster was clipped using the extent of the roads 

raster. Then the resultant urban raster extent was used to clip all other rasters, which resulted in 

having the same extent for all the rasters. The database was built using ArcGIS 9.3 (ESRI, 2008). 
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4.2 Geostatistical methods 

4.2.1 Interpolation 

As mentioned, the distributions of point count data, especially the voluntarily collected bird 

species census data, often violate the assumption of normality required by most forms of 

statistical analyses, among them kriging (Royle, Link and Sauer, 2002). Hence, this study was not 

limited to this widely used interpolation method. For the purpose of selecting a proper modelling 

scheme, Exprodat Consulting Ltd. (Peroni, 2009) developed a flow chart to select interpolation 

methods for creating accurate surface models, that was followed for this study (Figure 5). 

 

Figure 5. Exploratory spatial data analysis workflow. 
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In the workflow (Figure 5), the first step is to find out if the data is normally distributed or not. 

The next question concerns trends. A trend analysis is a somewhat different approach to 

Exploratory Spatial Data Analysis (ESDA) for continuous data. The trend analysis tool in 

ArcGIS provides a 3D plot of the samples and a regression on the attributes in the XZ and YZ 

planes. The locations of sample points are plotted onto an XY plane. The Z values are plotted as 

the heights of bars. Furthermore, it projects the Z values onto two planes, perpendicular to each 

other, which can be thought of as sideways views through the three-dimensional data. 

The next step in the workflow concerns outliers. In datasets, spatial or non-spatial, there are 

sometimes objects found to be markedly different in attribute from the others. These are known 

as outliers, and these objects may be correct or may be the result of some form of error. The last 

step of the flow chart is to figure out whether the observations are autocorrelated or not. In 

spatial autocorrelation, it is assumed that things that are close to one another are more alike. The 

semivariogram/covariance cloud enables to examine this relationship. Each red dot in the 

semivariogram/covariance cloud represents a pair of locations. Since locations that are close to 

each other should be more alike, in the semivariogram the close locations (left on the x-axis) 

should have small semivariogram values (low on the y-axis). With the increasing distance 

between the pairs of locations (moving right on the x-axis), the semivariogram values should also 

increase (moving up on the y-axis). 

Kriging is an interpolation technique that assumes that the variable being interpolated can be 

treated as a regionalized variable, and is generally expressed as: 

Z(s) = µ(s) + δ(s) + ε 

where Z(s) is the variable being interpolated, and µ(s) is the deterministic function, δ(s) is the 

stochastic, but spatially dependent regionalized variable, ε represents a residual with a spatially 

independent Gaussian noise term with zero mean and variance, and s is a geographic location 

(Cressie, 1993). 

Radial basis (Spline) interpolation is the name given to a large family of exact interpolators. It 

uses a range of kernel functions, similar to variogram models in kriging. It generates similar 

results to kriging but without additional assumptions regarding statistical properties of the input 

data points. 

Interpolations were carried out using ArcGIS 9.3 (ESRI, 2008). Before the data processing 

environment was set, the extent was set to the border of Sweden. The geostatistical wizard 
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creates surfaces on the fly. For the analysis on national level, i.e. Study Area 1 (Figure 1), 300 m 

cell size was selected for the environmental settings. 

During the data exploration, the maximum option was chosen for coincidental points. Data was 

extracted and checked for autocorrelation for two counties, Jönköping and Västernorrland, i.e. 

Study Area 2a and 2b (Figure 2). By default, ArcGIS creates a semivariogram/covariance cloud 

for 300 points. The data were autocorrelated in two directions, NE-SW and NW-SE. Two 

surfaces, spline and kriging were generated using the geostatistical wizard with the default 

options. 

Three areas were selected for more in-depth studies, from the northern part, the middle part and 

the southern part of Sweden (Study Areas 3a, 3b and 3c, see Figure 3). These three areas were 

carefully analysed using interpolation and regression surfaces. The spline and kriging surfaces 

were generated with the extracted data of these areas and compared with the interpolation 

surfaces of Study Area 1. These surfaces were generated for 25 m and 100 m resolutions. No 

extent was set for data processing, i.e. data were processed on the default extent, as the input 

data were extracted with certain extents. Two surfaces with 300 m resolution were generated in 

the northern part (3a) and an IDW surface of Study Area 1 was generated with 300 m resolution. 

Therefore, in total, 15 interpolation surfaces were generated. 

4.2.2 Regression 

The Zonal Statistics function can be used to find trends in data within zones defined by another 

raster or vector dataset. In this way, the areas of analysis are fixed or constrained by the shape 

and location of the zones. Instead of a new raster, the Zonal Statistics function produces a table 

of statistics and a graph (ESRI, 2008). 

According to ArcGIS desktop help, ordinary least square regression performs global Ordinary 

Least Squares (OLS) linear regression to generate predictions or to model a dependent variable 

in terms of its relationships to a set of explanatory variables. Hence bird counts field in the bird 

dataset was chosen as dependent variable whereas roads, wetlands, urban areas, pine volumes 

and spruce volumes were respectively used as explanatory variables. 

Logistic regression (LR) models the presence or absence of species at a set of survey sites in 

relation to environmental or habitat variables, thereby enabling the probability of occurrence of 

the species to be predicted at unsurveyed sites. According to ArcGIS desktop help, in logistic 

regression, the magnitude of occurrence of the phenomenon being modeled by the dependent 

variable is unknown. Instead, the known values of the dependent variable are represented by the 
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presence or absence of the phenomenon at the sample locations. Logistic regression can be used 

to predict the probability that a phenomenon will exist at an unsampled location. For example, in 

a study site (ESRI, 2008), several locations where deer are and where they are not are known. To 

weight or predict the probability of finding deer for each location based on the attributes 

contained there, it is possible to use logistic regression. The regression analysis was performed 

using ArcGIS 9.3 (ESRI, 2008) and IDRISI Andes (Eastman, 2006) softwares.  

For OLS (Multiple Linear Regression), ArcGIS 9.3 (ESRI, 2008) was used for Study Area 1 and a 

buffer of 3 kilometers distance was created around bird point data. The categorical variables – 

roads, urban areas and wetlands were reclassified into 0 as no data and 100 as data. Zonal 

statistics was carried out in order to have the mean of all the categorical and continuous variables. 

Zonal statistics gave the output in tabular form, which reduced the bird point data due to the 

fact that zonal statistics uses only one point in case of duplicate points at same location. This 

reduced zonal statistics result was then joined with buffered bird dataset which resulted in a final 

bird dataset ready to be used for ordinary least square regression, which is normally first type of 

regression technique used in most of the cases.  

Due to non-linearity in the data, logistic regression was the next step. Spatial Data Modeller 

(SDM) was used for the purpose of performing the logistic regression analysis in ArcGIS 9.3 

(ESRI, 2008). The bird occurrence data was the dependent variable whereas independent 

variables were volumes of pine, volumes of spruce, roads, urban areas and wetlands. The SDM 

tools works with specifying current and scratch workspace along with coordinate system, extent, 

cell size and mask. Current and scratch work spaces were specified whereas coordinate system, 

extent and cell size (300 m) was set as per the urban areas raster file. As 300 m was selected as 

the cell size in the interpolations, all the raster files used in the logistic regression were resampled 

to 300 m resolution. A mask was created by converting the extent vector file to raster format. 

According to the SDM tool help the logistic regression tool uses a unique conditions table. The 

tool is limited to 6000 unique conditions, because of limitations in the program. Therefore the 

pine and spruce rasters were classified into ten different classes. This classification of pine and 

spruce was done via geometric classification. According to the ArcGIS desktop help, the 

geometric classification scheme algorithm is specifically designed to accommodate continuous 

data. It produces a result that is visually appealing and cartographically comprehensive.  

Performing logistic regression requires calculation of weights, hence for Study Area 1 weights 

were calculated for each of the independent variables. The calculation of weights requires one 
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training site per unit area, hence the training site reduction tool was used to meet the assumption. 

The unit area selected was 30 square kilometers that is equivalent to a 3 kilometers buffer zone 

of a point. Hence the result was one training point per 3 kilometers buffer zone. The weights 

were calculated for each of the independent variables. While using the calculate weights tool, a 

unique type was set for all of the weight tables. The logistic regression tool was used to perform 

the logistic regression. In the logistic regression dialogue box, after specifying the input evidence 

raster layers, evidence type ordered ‘o’ was set for all the five independent variables. The 

evidence types and input weight tables have to be provided in the same sequence as the input 

evidence raster layers. A thinned training site feature layer was used as training points. 

For validation purposes, zonal statistics was used to pick up probability values of the logistic 

regression. The 3 kilometers buffer zones of bird observation points were the zonal area. 

Afterwards the resulting table was joined to the bird dataset and checked for cross-validation in 

the geostatistical wizard. 

Due to the anticipated spatial imprecision of the observation points, focal statistics was done 

with 3 kilometers neighbourhood buffer size on each of the independent variables of Study Area 

1. Mean values were calculated for each of the independent variables while performing focal 

statistics on them. The resultant statistically computed variables were used as independent 

variables for the logistic regression of Study Area 1. To calculate the mean values, independent 

variables – roads, urban areas and wetlands were reclassified as 0 and 100, where 0 indicated 

absence and 100 was presence. Due to the limitaion in the SDM tool, all the independent 

variables were geometrically reclassified into 5 classes. Training sites reduction tool reduced bird 

dataset with occurrence value 1, for unit area of 2 square kilometers. Logistic regression was 

performed on this newly created dataset with 2 square kilometers unit area. Finally, a cross-

validation of the resultant probability raster was carried out as described earlier. 

For further and detailed analysis logistic regression were carried out separately on the Study 

Areas in the north (3a), middle (3b) and south (3c) of Sweden as described above. Logistic 

regressions were carried out on each study area using focal statistics and also without focal 

statistics. Similarly for each area two resolutions were tested, 25 m and 100 m. This resulted in 

carrying out 4 separate logistic regression analyses i.e. for 25 m focal and non focal LR and then 

similarly for 100 m focal and non focal LR for each study area. In order to obtain pseudo R-

square values for each of these LR, a logistic regression with the same variables and parameters 

was carried out in IDRISI Andes software as ArcGIS doesn’t give this value. Hence in total 8 
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logistic regression analyses were performed for each of Study Areas 3a, 3b and 3c, with a total of 

24 logistic regression analyses for these study areas. 

 In order to work on 25 m resolution, the original data (Table 1) was used. All the independent 

variables roads, urban, wetlands, pine and spruce volumes were clipped for each of Study Areas 

3a, 3b and 3c. Once clipped the same 25 m resolution independent variables were resampled to 

100 m resolution in order to perform logistic regression on the same study areas with same 

parameters but with different resolutions. Focal statistics was performed with a 3 km 

neighbourhood buffer size on all the independent variables with mean values calculated while 

performing the statistics. The data with 100 m resolution was processed in same way except the 

fact that focal statistics was performed again on resampled datasets with 100 m resolution. It was 

made sure that LR with and without focal statistics was done with the same set of parameters as 

done already for the national Study Area 1 with 300 m resolution. This enabled a comparison of 

the results with the analysis of Study Area 1 and amongst the two newly tried resolutions of 25 m 

and 100 m. 

For further analysis, the results of Study Areas 3a, 3b and 3c were analysed in two ways. Firstly 

analysis was done to find out if focal statistics over the same study area with same resolution is 

improving the results as compared to non focal LR of same area and resolution. Secondly the 

results of study area 3a, 3b and 3c enabled to see if same study area results with same LR 

technique (i.e. focal or non focal) but with different resolution is bringing any major changes. 

Hence a careful examination was done for each study area and resultant coefficient tables were 

examined for signs of each coefficient of independent variables.  

5. Results and discussion 

Some geostatistical interpolators require normally distributed data. The histogram is a tool that 

provides insights of statistical parameters for modelling. As can be seen in Figure 6, a histogram 

of the bird count data was highly skewed which is not a normal distribution. 
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Figure 6. Histogram of the data distribution. 

The Trend Analysis tool enabled to identify the presence or absence of trends in the input 

dataset. As mentioned earlier, Z values were projected onto the perpendicular planes, an east–

west, XZ and a north–south, YZ plane (Figure 7). A best-fit line (polynomial) was drawn 

through the projected points, which modelled trends in specific directions. If trends exist, the 

polynomial curves look like an upside-down U-shape. The purpose of this trend analysis was to 

correct and to model trends separately. The trend analysis in Figure 7 shows green and blue lines 

(best-fit lines) in two directions, representing strength of the trends. Both lines are straight 

meaning that there were no trends in the dataset. 

 

Figure 7. Trend analysis. 
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bird counts (Figure 6). This outlier was removed from the dataset before investigating 

autocorrelation (Figure 8). 

 

Figure 8. Histogram of the outlier removed data. 

For checking autocorrelation, the bird dataset was extracted for two counties, Jönköping and 

Västernorrland i.e Study Areas 2a and 2b. In the semivariogram/covariance cloud of the 

Jönköping County data (Figures 9 and 10), higher semivariogram values were found for closer 

distances. The patterns of the diagrams were similar in both directions. 

 

Figure 9. Semivariogram/Covariance Cloud of Study Area 2a in NE-SW direction. 
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Figure 10. Semivariogram/Covariance Cloud of Study Area 2a in NW-SE direction. 

The patterns of the semivariogram/covariance clouds were similar in both directions for 

Västernorrlands County data as well (Figures 11 and 12). These patterns clearly violated the 

assumption of autocorrelation. 

 

Figure 11. Semivariogram/Covariance Cloud of Study Area 2b in NE-SW direction. 
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Figure 12. Semivariogram/Covariance Cloud of Study Area 2b in NW-SE direction. 

As per the flow chart in Figure 5, a spline interpolation surface was generated (Figure 13). High 

prediction values, up to 16 were found in two tiny places whereas 20 was the highest measured 

value. An ordinary kriging surface was also generated to compare the results (Figure 14). In an 

ordinary kriging surface, the population density changes were similar to the spline analysis but 

there were no prediction values above 4. The cross-validation resulted in RMSE values of 1.336 

and 1.314 for spline and kriging respectively (Figures 15 and 16). 
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Figure 13. The spline surface of Study Area 1. 
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Figure 14. The kriging surface of Study Area 1. 
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Figure 15. The crss-validation of the spline surface of Study Area 1. 

 

Figure 16. The cross-validation of the kriging surface of Study Area 1. 

Now, for further analysis, the spline and the kriging surfaces were generated over three selected 

areas of Study Area 1, one area from the northern part (3a), one area from the middle part (3b) 

and one area from the southern part (3c) of Sweden. The northern part included the one small 

area of high prediction values of the spline surface of Study Area 1. In this northern area (3a), 

both spline and kriging surfaces generated at 25 m resolutions had high prediction values, 20 and 

18 respectively (Figures 17 and 18). But the population density changes were not so similar. 
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Spline and kriging surfaces generated at 100 m resolutions also had high prediction values, 20 

and 18 respectively (Figures 19 and 20). The population density changes were the same 

comparing 25 m spline to 100 m spline and 25 m kriging to 100 m kriging surfaces. Compared to 

the 300 m spline surface of Study Area 1, where the highest value was 16, 25 m spline and 100 m 

spline surfaces had a similar pattern of the population densities. Further, comparing to the 300 m 

kriging surface of Study Area 1, both kriging surfaces had no mach in either of the cases, i.e. 

concerning the population density changes and the prediction values. 

 

Figure 17. The spline surface of Study Area 3a at 25 m resolution. 
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Figure 18. The kriging surface of Study Area 3a at 25 m resolution. 

 

Figure 19. The spline surface of Study Area 3a at 100 m resolution. 
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Figure 20. The kriging surface of Study Area 3a at 100 m resolution. 

In the middle area (3b), both spline and kriging surfaces generated at 25 m resolutions had 

prediction values 13 (Figures 21 and 22). The highest data point was 13 in this area. The 

population density changes were similar. Spline and kriging surfaces generated at 100 m 

resolution also had high prediction values, 13 (Figures 23 and 24). The population density 

changes were the same comparing 25 m spline to 100 m spline and 25 m kriging to 100 m kriging 

surfaces. Compared to the 300 m spline surface of Study Area 1, where the highest value within 

this extent was 11, 25 m spline and 100 m spline surfaces showed a similar pattern of the 

population densities. In addition, compared to the 300 m kriging surface of Study Area 1, both 

kriging surfaces had no mach in either of the cases, i.e. the population density changes and the 

prediction values in this area as well. 
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Figure 21. The spline surface of Study Area 3b at 25 m resolution. 

 

Figure 22. The kriging surface of Study Area 3b at 25 m resolution. 
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Figure 23. The spline surface of Study Area 3b at 100 m resolution. 

 

Figure 24. The kriging surface of Study Area 3b at 100 m resolution. 
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In the southern area (3c), both spline and kriging surfaces generated at 25 m resolutions had 

prediction values 10 (Figures 25 and 26). The highest data point was 10 in this area. The 

population density changes were not very similar here as well. The spline and kriging surfaces 

generated at 100 m resolutions also had high prediction values, 10 (Figures 27 and 28). The 

population density changes were the same comparing 25 m spline to 100 m spline and 25 m 

kriging to 100 m kriging surfaces. Compared to the 300 m spline surface of Study Area 1, where 

the highest value within this extent was 8, 25 m spline and 100 m spline surfaces had a similar 

pattern of the population densities. Compared to the 300 m kriging surface of Study Area 1, both 

kriging surfaces had no mach in either of the cases, the population density changes and the 

prediction values. 

 

Figure 25. The spline surface of Study Area 3c at 25 m resolution. 
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Figure 26. The kriging surface of Study Area 3c at 25 m resolution. 

 

Figure 27. The spline surface of Study Area 3c at 100 m resolution. 
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Figure 28. The kriging surface of Study Area 3c at 100 m resolution. 

Although the 300 m spline surface of Study Area 1 had no prediction values over 16, the 100 m 

spline surface of Study Area 3a had the prediction value 20. The reason for this could be the 

difference in cell size. In order to verify this, 300 m spline and kriging surfaces were generated 

with the data from Study Area 3a (Figures 29 and 30). However, the highest prediction value of 

the spline surface was found to be 20. Further, in the kriging surface, the highest prediction value 

was 18. It would be difficult to make sure whether the surfaces of Study Area 1 were leaving 

different prediction values due to cell size, as the kriging technique was dependent on statistical 

measurements, as well as it could predict values above measured values. Although spline could 

also predict values above the measured values, but as this is an exact interpolation technique, it 

did not leave the highest value at the same location in the selected area due to cell size changes. 

A zoomed area of interpolation surfaces at 1:200000 scale of Study Area 3a are given in Figures 

31, 32, 33, 34, 35 and 36. Furthermore, the voluntarily collected bird census data normally used 

to have offset distances. Therefore, the use of 300 m cell size had no significant effect on data 

loss in this study. 
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Figure 29. The spline surface of Study Area 3a at 300 m resolution. 

 

Figure 30. The kriging surface of Study Area 3a at 300 m resolution. 
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Figure 31. Zoomed area of Figure 17 (Study Area 3a at 25 m resolution) at 1:200000 scale 

overlaid with bird counts. 

 

Figure 32. Zoomed area of Figure 19 (Study Area 3a at 100 m resolution) at 1:200000 scale 

overlaid with bird counts. 
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Figure 33. Zoomed area of Figure 29 (Study Area 3a at 300 m resolution) at 1:200000 scale 

overlaid with bird counts. 

 

Figure 34. Zoomed area of Figure 18 (Study Area 3a at 25 m resolution) at 1:200000 scale 

overlaid with bird counts. 
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Figure 35. Zoomed area of Figure 20 (Study Area 3a at 100 m resolution) at 1:200000 scale 

overlaid with bird counts. 

 

Figure 36. Zoomed area of Figure 30 (Study Area 3a at 300 m resolution) at 1:200000 scale 

overlaid with bird counts. 
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From the analyses of the selected areas and comparisons of the analyses with the kriging surface 

of Study Area 1, it was found that the number of data points and the extent of the study area had 

strong effects on the results. Further, from comparison with the spline surface of Study Area 1, it 

was likewise found that the extent of a study area had an effect on the results. The reason in the 

case of the spline technique could be the surface smoothing effect. For the reason being, a 300 m 

IDW surface (Figure 37) was generated over Study Area 1 to compare with the spline surface. 

The highest value found in the IDW surface was 20 whereas the spline surface had 16. The 

RMSE value of cross-validation was 1.386 (Figure 38). 

 

Figure 37. The IDW surface of Study Area 1. 
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Figure 38. The cross-validation of the IDW surface of Study Area 1. 

Biological census data are usually heavily right-skewed, because many samples are found to have 

few or no observations (Walker, et al., 2007). The cross-validations of the interpolation surfaces 

of Study Area 1 were not good. The spline surface was a little better than IDW surface. In the 

spline surface of Study Area 1, a high concentration of birds in the southern part of Sweden may 

be caused by a data artefact created by observer bias of this voluntarily collected dataset. High 

volumes of forest are found in the northern part of Sweden. Forest area is naturally a key 

indicator of forest bird species. But the spline surface had no prediction values above 8 other 

than two tiny places, one in northern part. Although the kriging surface of Study Area 1 was 

leaving out higher prediction values, it was showing a similar pattern of the population densities. 

The kriging surface had no prediction value above 3 over Study Area 1 other than two discrete 

places of northern part. 

The result of the OLS is provided in Appendix II. As OLS is a linear regression hence the 

explanatory variables used must have linear relationship with the dependent variable. In order to 

check the linearity of the variables they were put together in scatter plot matrix tool. It was 

found that none of the explanatory variables had a linear relationship with the dependent 

variable of bird counts (Figure 39).  
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Figure 39. Scatter Plot matrix showing non-linearity between the bird count data and the 

explanatory variables. 

ArcGIS desktop help states that the first step in interpreting the OLS results includes assessing 

the model performance. In the OLS results both the Multiple R-Squared and Adjusted R-

Squared values are measures of model performance. Possible values range from 0.0 to 1.0. So in 

simple words an R-Squared value of 0.72 says that the model (explanatory variables modeled 

using multiple linear regression) is explaining approximately 72% of the variation in the 

dependent variable. After obtaining the results of OLS it was found that Adjusted R-Squared 

value was 0.008616 which meant that explanatory variables were only telling a 0.8% “story” of 

our dependent variable, which meant that this OLS model did not provide meaningful results. 

The results of logistic regression are found in the form of the three raster files namely 

confidence, standard deviation and probability rasters and a table showing the coefficients for 

each of the independent variables. The probability raster is the one showing the probability 

values of the occurrence of the dependent variable in terms of independent variables. The 
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probability and standard deviation rasters of Study Area 1 are shown in figures 40 and 41 

respectively. The probability raster showed the higher probability of birds mostly in southern 

parts of Sweden including the Stockholm län, Västra Götalands län, Västmanslands län, and 

some places in Uppsala län whereas it was showing low probability in the northern parts of the 

country which have higher volumes of pine and spruce. The results seemed to be upside down. 

 

Figure 40. The probability raster of LR for Study Area 1. 
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Figure 41. The standard deviation raster as LR output for Study Area 1. 

The logistic regression tool in SDM does not return an R-square value. So to check the model 

performance the same dataset was imported into IDRISI Andes (Eastman, 2006). The logistic 

regression result for Study Area 1 in IDRISI Andes (Eastman, 2006) returned a pseudo R-square 

value of 0.0040. Hence the logistic regression model is not also so good. 
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An expected result was to have higher probability of birds in the northern parts of the country 

due to higher forest volume (both pine and spruce) and having less in urban areas, roads and 

wetlands. The coefficients file of Study Area 1 (Table 2) generated during the execution of LR 

showed that independent variable pine, spruce and wetlands were having negative coefficient 

whereas urban areas and roads were with positive coefficients.  

Table 2. Coefficients generated as logistic regression output for Study Area 1 in ArcGIS. 

Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value 1.43 0.10 
2 pine -0.04 0.04 
3 spruce -0.06 0.04 
4 roads 0.78 0.27 
5 urban 0.90 0.47 
6 wetlands -0.50 0.21 
 

Although the signs of the coefficients were opposite (as per expectation), a careful examination 

of the LR results were done using each and every one of the independent variables. It was found 

out for the independent variables roads and urban areas that for these areas, the probability 

raster was showing higher probability for the birds. This is in accordance with the coefficients 

for roads and urban areas which are positive.  

On the other hand wetlands, pine and spruce were having negative coefficients. Careful 

interpretation of results showed that for all of these three independent variables those areas with 

higher values were having low probability and vice versa, which is in accordance with the 

coefficients for these three variables which are negative. 

A separate logistic regression was carried out with each of the independent variables and 

probability rasters were carefully examined. LR results using only the pine independent variable 

also showed that in areas of higher volumes of pine there were lower probabilities and vice versa. 

Similarly the output of separate LR for spruce and wetlands showed that higher the volume of 

spruce or wetlands, lower the probability is and vice versa. All three of these independent 

variables’ coefficients were negative. 

Similarly separate LR was carried out also for roads and urban areas independent variables. Their 

coefficients were positive in separate LR and results in probability rasters showed that more 

concentrated an area was with roads or urban, higher was the probability of having birds there 
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and vice versa. This supported the fact that coefficients for roads and urban areas were positive 

in separate LR. 

Coefficient table of Study Area 1(Table 3) generated in IDRISI Andes (Eastman, 2006) had a bit 

different but similar result. Pine and spruce had positive coefficients but urban areas and roads 

had higher but weak coefficient values. 

Table 3. Coefficients generated as LR output for Study Area 1 in IDRISI Andes. 

Variables  Coefficient
Intercept  -2.52
pine  0.04
spruce  0.02
roads  0.12
urban  0.27
wetlands  -0.17
 

Cross-validation result of Study Area 1 (Figure 42) for probability values of LR was very good. 

RMS for cross-validation was 0.01509. 

 

Figure 42. Cross-validation for probability of logistic regression for Study Area 1. 

The pine and spruce are thought to be the natural habitat of the capercaillie. Visual interpretation 

of bird dataset with pine and spruce datasets also showed the presence of birds in those forest 

areas. It is unknown that what sort of calculation is done in the defined buffer zone or unit area 
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in the SDM tool. To make sure to have the mean values within defined buffer zones of 3 

kilometers, for each of the independent variables, focal statistics was carried out. Focal statistics 

calculated the mean values of the neighbourhood cells within the buffer zone. 

The logistic regression results of Study Area 1 only with the mean volumes (focal statistical) of 

pine and only with the mean volumes of spruce gave positive coefficients. Similarly separate LR 

for road densities (focal statistical) and urban areas also resulted in positive coefficients, whereas 

areas of wetlands resulted in negative coefficient. Now, the logistic regression of Study Area 1 

using all of these independent variables was carried out. The coefficients were found out to be 

positive for all of the independent variables (Table 4). The resultant probability and standard 

deviation rasters are provided in Figures 43 and 44 respectively. Visual interpretation of the 

probability rasters also showed that those areas where pine and spruce volumes were high, also 

had high probabilities of birds. The coefficient table generated in IDRISI Andes (Eastman, 2006) 

had similar results (Table 5). The pseudo R-square value was 0.0416, so the model performance 

this time was also not good. The cross-validation result for the probability values of the LR was 

again very good (Figure 45). The RMS for cross-validation was 0.004862. 
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Figure 43. The probability raster of LR with focal statistics for Study Area 1. 
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Figure 44. The standard deviation raster of LR with focal statistics for Study Area 1. 
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Table 4. Coefficients generated as logistic regression output for Study Area 1 using focal 

statistics in ArcGIS. 

Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value -6.96 0.19 
2 pine 0.39 0.03 
3 spruce 0.23 0.03 
4 roads 0.13 0.05 
5 urban 0.24 0.04 
6 wetlands 0.14 0.02 
 

Table 5. Coefficients generated as logistic regression output for Study Area 1 using focal 

statistics in IDRISI Andes. 

Variables Coefficient 
Intercept -6.70 
pine 0.49 
spruce 0.28 
roads 0.15 
urban 0.20 
wetlands 0.15 
 

 

Figure 45. Cross-validation for probability (using focal statistics) of logistic regression 

with Study Area 1. 
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It can be seen by comparing Tables 8 and 6 that focal statistics over Study Area 3a was 

improving the results and one can see the signs of the coefficients for pine and wetlands changed 

to positive in focal statistics LR. Pine is a strong attractor for birds, hence focal statistics LR was 

giving better results over Study Area 3a. Spruce remained the same with negative coefficient but 

this could be an effect of distribution of bird points in Study Area 3a as seen when visual 

interpretation of spruce was done with bird points (Figure 46). LR done in IDRISI Andes over 

Study Area 3a gave pseudo R-square values of 0.0359 and 0.0034 (Tables 7 and 9) for focal and 

non focal LR respectively. These pseudo R-square values indicated that focal statistics model was 

comparatively better than non focal statistics model but overall both the model performances 

were not so good. Probability rasters generated as logistic regression output of Study Area 3a 

with 25 m resolutions are shown in Figures 47 and 48. 

 

Figure 46. Visual interpretation of spruce vs bird occurrences showed that bird points 

were distributed mostly on lower volumes of spruce in Study Area 3a. 
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Table 6. Coefficients of LR generated with 25 m resolution of Study Area 3a using focal 

statistics in ArcGIS. 

25 m North using Focal statistics in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value -4.94 0.80 
2 pine 0.15 0.20 
3 spruce -0.24 0.17 
4 roads 0.19 0.18 
5 urban 0.55 0.14 
6 wetlands 0.03 0.15 
 

Table 7. Coefficients of LR generated with 25 m resolution of Study Area 3a using focal 

statistics in IDRISI Andes. 

25 m North using Focal statistics in IDRISI 
Variables Coefficient 
Intercept -3.43 
pine                        0.15 
spruce    -0.14 
roads   0.19 
urban 0.69 
wetlands 0.07 

Pseudo R_square = 0.0359 
 

Table 8. Coefficients of LR generated with 25 m resolution of Study Area 3a without focal 

statistics in ArcGIS. 

25 m North Non-Focal Results in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value 1.68 0.51 
2 pine -0.08 0.22 
3 spruce -0.02 0.23 
4 roads 1.40 1.67 
5 urban 3.33 4.90 
6 wetlands -0.49 0.78 
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Table 9. Coefficients of LR generated with 25 m resolution of Study Area 3a without focal 

statistics in IDRISI Andes. 

25 m North Non-Focal statistics in IDRISI 
Variables Coefficient 
Intercept -1.97 
pine 0.02 
spruce -0.020 
road 0.00003162 
urban 0.20 
wetlands -0.20 

Pseudo R_square =  0.0034 
 

 

Figure 47. Probability raster as LR output without focal statistics for Study Area 3a with 

25 m resolution. 
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Figure 48. Probability raster as LR output with focal statistics for Study Area 3a with 25 

m resolution. 

Similarly Study Area 3b was checked and coefficients were examined for focal and non focal 

statistics LR for same resolutions. Tables 10 and 12 show that for 25 m results seem to improve 

in a sense that wetlands coefficient changed from negative to positive. Roads and urban areas 

independent variables’ coefficients seem to lose their strength as they were more positive but 

weak as well in non focal LR. Pine remained negative in focal LR, which was visually interpreted 

and it was found out that bird points were reported mostly in this study area where pine volume 

is low (Figure 49). Pseudo R-square value improved to 0.0410 in focal LR from 0.0055 for non 

focal LR (Tables 11 and 13) over this study area but this value still indicated the model 

performance was not very good. The probability rasters generated as LR output for Study Area 

3b are shown in Figures 50 and 51. 
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Figure 49. Visual interpretation of pine vs bird occurrences showed that bird points were 

distributed mostly on lower volumes of pine in Study Area 3b. 

Table 10. Coefficients of LR generated with 25 m resolution of Study Area 3b using focal 

statistics in ArcGIS. 

25 m Middle Focal Statistics in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value -5.99 0.95 
2 pine -0.34 0.22 
3 spruce 0.35 0.16 
4 roads 0.28 0.22 
5 urban 0.24 0.15 
6 wetlands 0.27 0.13 
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Table 11. Coefficients of LR generated with 25 m resolution of Study Area 3b using focal 

statistics in IDRISI Andes. 

25 m Middle Focal Statistics in IDRISI 
Variables Coefficient 
Intercept -4.03 
pine -0.28 
spruce 0.33 
roads 0.19 
urban 0.38 
wetlands 0.27 

Pseudo R_square = 0.0410 
 

Table 12. Coefficients of LR generated with 25 m resolution of Study Area 3b without 

focal statistics in ArcGIS. 

25 m Middle Non-Focal in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value 1.81 0.56 
2 pine -0.36 0.14 
3 spruce 0.35 0.20 
4 roads 1.20 1.42 
5 urban 1.26 3.32 
6 wetlands -0.61 1.11 
 

Table 13. Coefficients of LR generated with 25 m resolution of Study Area 3b without 

focal statistics in IDRISI Andes. 

25 m Middle Non-Focal in IDRISI 
Variables Coefficient 
Intercept -2.00 
pine -0.04 
spruce 0.04 
road 0.00006158 
urban -0.07 
wetlands 0.07 

Pseudo R_square = 0.0055 
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Figure 50. Probability raster as LR output without focal statistics for Study Area 3b with 

25 m resolution. 

 

Figure 51. Probability raster as LR output with focal statistics for Study Area 3b with 25 

m resolution. 
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Study Area 3c results (Tables 14 and 16) also show that when focal statistics was performed 

coefficient of pine changed from negative to positive, whereas spruce still remained the negative 

which was the effect of bird point distribution in this area (Figure 52). Roads turned to negative 

for the first time from non focal to focal statistics LR but this was again visually interpreted and 

seen that bird points were reported very far from roads and hence focal LR showed the 

coefficient as negative (Figure 53). Pseudo R-square valued improved to 0.0466 from 0.0109 in 

non focal LR (Tables 15 and 17).  Probability rasters of 25 m resolution for Study Area 3c are 

shown in Figures 54 and 55. 

 

Figure 52. Visual interpretation of spruce vs bird occurrences for Study Area 3c showed 

that bird points were distributed mostly on lower volumes of spruce. 
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Figure 53. Visual interpretation of roads vs bird occurrences for Study Area 3c showed 

that bird points were distributed mostly on lower densities of roads. 

Table 14. Coefficients of LR generated with 25 m resolution of Study Area 3c using focal 

statistics in ArcGIS. 

25 m South Focal Statistics in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value -4.08 0.52 
2 pine 0.29 0.11 
3 spruce -0.34 0.14 
4 roads -0.13 0.13 
5 urban 0.22 0.09 
6 wetlands 0.23 0.08 
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Table 15. Coefficients of LR generated with 25 m resolution of Study Area 3c using focal 

statistics in IDRISI Andes. 

25 m South Focal Statistics in IDRISI 
Variables Coefficient 
Intercept -1.57 
pine 0.16 
spruce -0.53 
roads -0.00000611 
urban 0.12 
wetlands 0.24 

Pseudo R_square = 0.0466 
 

Table 16. Coefficients of LR generated with 25 m resolution of Study Area 3c without 

focal statistics in ArcGIS. 

25 m South Non-Focal in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value 2.45 0.47 
2 pine -0.15 0.21 
3 spruce -0.07 0.19 
4 roads 0.33 1.19 
5 urban 0.34 2.43 
6 wetlands 0.40 1.60 
 

Table 17. Coefficients of LR generated with 25 m resolution of Study Area 3c without 

focal statistics in IDRISI Andes. 

25 m South Non-Focal in IDRISI 
Variables Coefficient 
Intercept -1.55 
pine 0.04 
spruce -0.06 
roads    0.01 
urban -0.38 
wetlands 0.38 

Pseudo R_square = 0.0109 
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Figure 54. Probability raster as LR output without focal statistics for Study Area 3c with 

25 m resolution. 

 

Figure 55. Probability raster as LR output with focal statistics for Study Area 3c with 25 

m resolution. 



58 

Similar effects were seen when Tables 18 and 20, Tables 22 and 24 and Tables 26 and 28 were 

compared to see if focal statistics was improving the results over non focal statistics for the 100 

m resolution. Pseudo R-square values for focal statistics LR were also better as compared to non 

focal statistics LR over the same study area with 100 m resolution. 

Hence it can be said that LR results with focal statistics are better than those achieved from LR 

without focal statistics. This is also valid for Study Area 1 where it was seen that focal statistics 

LR improved the results as compared to LR done without focal statistics. 

The results of Study Areas 3a, 3b and 3c also helped to see if there were any substantial changes 

occurring due to change in resolution. For this purpose same study area results with same LR 

technique (focal or non focal) were compared. Firstly Tables 6 and 18 were observed to see if 

focal statistics LR over Study Area 3a was bringing any change for 25 m resolution. It was 

observed that results were almost same for 25 m resolution for all the independent variables’ 

coefficients expect a slight change in wetlands that turned positive in 25 m resolution but it was 

slightly negative in 100 m resolution. Tables 8 and 20 are showing results for non focal LR of 

Study Area 3a for 25 m and 100 m respectively. It was seen that 4 out of 5 coefficients were 

almost same except the pine that turned slightly negative in 25 m as compared to 100 m. 

Probability rasters for 100 m LR of Study Area 3a are shown in Figures 56 and 57. 

Table 18. Coefficients of LR generated with 100 m resolution of Study Area 3a using focal 

statistics in ArcGIS. 

100 m North using Focal statistics in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value -4.88 0.80 
2 pine 0.06 0.20 
3 spruce -0.20 0.16 
4 roads 0.26 0.17 
5 urban 0.54 0.16 
6 wetlands -0.01 0.15 
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Table 19. Coefficients of LR generated with 100 m resolution of Study Area 3a using focal 

statistics in IDRISI Andes. 

100 m North using Focal statistics in IDRISI 
Variables Coefficient 
Intercept -3.17 
pine 0.10 
spruce -0.20 
roads 0.18 
urban 0.77 
wetlands 0.03 

Pseudo R_square = 0.0373 
 

Table 20. Coefficients of LR generated with 100 m resolution of Study Area 3a without 

focal statistics in ArcGIS. 

100 m North Non-Focal Results in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value 1.53 0.53 
2 Pine 0.02 0.17 
3 spruce -0.11 0.21 
4 roads 0.21 1.77 
5 urban 3.73 4.87 
6 wetlands -0.55 0.79 
 

Table 21. Coefficients of LR generated with 100 m resolution of Study Area 3a without 

focal statistics in IDRISI Andes. 

100 m North using Non-Focal statistics in IDRISI 
Variables Coefficient 
Intercept -1.97 
pine 0.01 
spruce -0.01 
roads -0.00000164 
urban 0.20 
wetlands -0.20 

Pseudo R_square = 0.0031 
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Figure 56. Probability raster as LR output without focal statistics for Study Area 3a with 

100 m resolution. 

 

Figure 57. Probability raster as LR output with focal statistics for Study Area 3a with 100 

m resolution. 
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The results of Study Area 3b were also examined carefully to check for any changes when same 

LR technique was applied over 25 m and 100 m. Tables 10 and 22 are showing results of focal 

statistics LR done for 25 m and 100 m resolutions respectively. One can clearly see that there are 

no changes in the signs of coefficients for all the independent variables, also there is not much 

change in the strength of the coefficients in the 25 m resolution results. Similarly tables 12 and 

24 are showing results of 25 m and 100 non focal LR done for this study area respectively. These 

results show that 4 out of 5 coefficients are almost the same in signs and strength except spruce 

which turned to positive in 25 m and was slightly negative in 100 m resolution. Probability 

rasters for 100 m LR for Study Area 3b are shown in Figures 58 and 59. 

Table 22. Coefficients of LR generated with 100 m resolution of Study Area 3b using 

focal statistics in ArcGIS. 

100 m Middle Focal Statistics in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value -6.10 0.94 
2 pine -0.35 0.22 
3 spruce 0.37 0.16 
4 roads 0.27 0.21 
5 urban 0.28 0.16 
6 wetlands 0.29 0.13 
 

Table 23. Coefficients of LR generated with 100 m resolution of Study Area 3b using 

focal statistics in IDRISI Andes. 

100 m Middle Focal Statistics in IDRISI 
Variables Coefficient 
Intercept -3.98 
pine -0.28 
spruce 0.34 
roads 0.16 
urban 0.42 
wetlands 0.25 

Pseudo R_square = 0.0411 
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Table 24. Coefficients of LR generated with 100 m resolution of Study Area 3b without 

focal statistics in ArcGIS. 

100 m Middle Non-Focal in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value 1.79 0.52 
2 pine -0.16 0.20 
3 spruce -0.03 0.15 
4 roads 1.02 1.44 
5 urban 1.06 3.34 
6 wetlands -0.71 1.10 
 

Table 25. Coefficients of LR generated with 100 m resolution of Study Area 3b without 

focal statistics in IDRISI Andes. 

100 m Middle Non-Focal in IDRISI 
Variables Coefficient 
Intercept -2.12 
pine -0.04 
spruce 0.04 
road 0.00009829 
urban -0.08 
wetlands 0.08 

Pseudo R_square = 0.0048 
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Figure 58. Probability raster as LR output without focal statistics for Study Area 3b with 

100 m resolution. 

 

Figure 59. Probability raster as LR output with focal statistics for Study Area 3b with 100 

m resolution. 
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The results of Study Area 3c were checked for any changes when same LR with different 

resolution was applied. Tables 14 and 26 are showing results of focal statistics LR for this study 

area for 25 m and 100 m resolutions. It was observed in 25 m results that all the coefficients 

were with same signs and strength as compared to 100 m resolution. Similarly tables 16 and 28 

are showing results of non focal LR over this study area for 25 m and 100 m resolutions 

respectively. Here roads and wetland independent variables changed to positive in 25 m whereas 

they were negative in 100 m non focal LR, all the remaining coefficients i.e. pine, spruce and 

urban areas independent variables were still the same for both the resolutions. 

After the careful examination of Study Areas 3a, 3b and 3c for same LR technique (focal and 

non focal statistics), it can be said that 25 m resolution is not making any major changes in the 

results as compared to 100 m resolution. Mostly the coefficients were reported with same signs 

and strength when higher resolution i.e. 25 m was tried. Probability rasters for Study Area 3c 

with 100 m resolutions are shown in Figures 60 and 61. 

Table 26. Coefficients of LR generated with 100 m resolution of Study Area 3c using focal 

statistics in ArcGIS. 

100 m South Focal Statistics in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value -4.08 0.51 
2 pine 0.22 0.11 
3 spruce -0.31 0.14 
4 roads -0.09 0.13 
5 Urban 0.20 0.09 
6 wetlands 0.25 0.07 
 

Table 27. Coefficients of LR generated with 100 m resolution of Study Area 3c using focal 

statistics in IDRISI Andes. 

100 m South Focal Statistics in IDRISI 
Variables Coefficient 
Intercept -1.88 
pine 0.21 
spruce -0.42 
roads -0.10 
urban 0.20 
wetlands 0.26 

Pseudo R_square = 0.0484 
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Table 28. Coefficients of LR generated with 100 m resolution of Study Area 3c without 

focal statistics in ArcGIS. 

100 m South Non-Focal in ArcGIS 
Theme_ID Theme Coeff LR_Std_Dev 
1 Constant Value 2.47 0.49 
2 pine -0.12 0.22 
3 spruce -0.09 0.21 
4 roads -0.14 1.19 
5 urban 0.57 2.43 
6 wetlands -0.38 1.58 
 

Table 29. Coefficients of LR generated with 100 m resolution of Study Area 3c without 

focal statistics in IDRISI Andes. 

100 m South Non-Focal in IDRISI 
Variables Coefficient 
Intercept -1.61 
pine 0.06 
spruce -0.06 
roads -0.00000038 
urban -0.38 
wetlands   0.38 

Pseudo R_square = 0.0102 
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Figure 60. Probability raster as LR output without focal statistics for Study Area 3c with 

100 m resolution. 

 

Figure 61. Probability raster as LR output with focal statistics for Study Area 3c with 100 

m resolution. 
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The reason for the unexpected coefficients of the independent variables in the LR results of 

Study Area 1 achieved without performing focal statistics might be the unknown calculation 

done by the SDM tool in the defined buffer zone of 3 kilometers. It could also be due to a 

mismatch between the observation point and the actual bird habitat. The use of focal statistics 

made sure that the mean values within the defined buffer zones were used for each of the 

independent variables. The unit area for logistic regression done with focal statistics was chosen 

to be 2 square kilometers as the mean values were already calculated with the help of focal 

statistics. As per Table 4 the coefficients of pine and spruce independent variables were positive 

and quite acceptable. The coefficient of urban areas was found to be similar to spruce. A general 

understanding could be that the coefficient of spruce should be higher than urban areas as 

spruce is thought to be part of the natural habitat for capercaillie. The reason for this might be 

the volunteer reporting of the bird dataset. It is most likely that most of the people reported the 

birds as they see them and a volunteer is most likely to be near to urban areas or roads. The 

pseudo R-Square value, 0.0416 of Study Area 1 in IDRISI also supported the assumption of 

biasness in the data. Further, the limitation of the SDM tool was not helpful for large scale 

dataset. The SDM tool should work well if the number of training points of dependent variable 

was less or there were few numbers of independent variables. 

The comparison between the spline generated in interpolation and the probability surface 

generated in logistic regression for Study Area 1 showed that both the surfaces had similarities at 

discrete places. Spline surface predicted high values at two tiny places, therefore medium 

prediction values were compared with high probability values of logistic regression. It was found 

after zooming into Jämtlands län, Gävleborgs län, Värmlands län and Västra Götalands län that, 

both the surfaces were having similar patterns. Although pine and spruce had weak positive 

relationship with the probability surface of logistic regression, spline surface did not have higher 

prediction values in places of higher pine and spruce volumes. The reported numbers of birds 

were not higher at higher volumes of pine (Figure 62). A reason for this could be that even if the 

precision and information content of single observations is higher, the “sampling effort” 

concerning abundance data is extremely uneven in this voluntarily collected dataset, resulting in 

much stronger bias than using only occurrence data. 
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Figure 62. Relationship between mean volume of pine and bird counts for Study Area 1. 

6. Conclusions 

Different interpolation techniques have their own advantages and disadvantages, depending on 

the characteristics of the input dataset. Exploratory Spatial Data Analysis (ESDA) is a group of 

techniques used to analyze and visualize the input dataset. The ESDA techniques provide the 

GIS user with guidance on how to decide which interpolation method to use when gridding and 

contouring data. The spline surface of Study Area 1 was the most accurate in this study. A reason 

for this could be that the study of interpolation is more concerned with accurate prediction at 

unmeasured locations than containing highest or lowest measured values. But leaving out 

measured values at a large proportion is a sign of a poor model. The spline surface predicted 

values up to 8 whereas the kriging surface predicted values up to 3 at different places. That is 

why, though the RMSE of the kriging surface was a little better than the spline surface, leaving 

out prediction values above 4, out of 20 in kriging suggests that Exprodat’s ESDA flowchart 
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would be a good choice for selecting interpolation method to model bird species occurrences. 

Also, the analyses of Study Areas 3a, 3b and 3c showed the extent of an area had great effect on 

kriging technique. A selected area was a local phenomenon for Study Area 1. So there might 

occur a little change, but the result should not totally mismatch with the global phenomenon or 

the result of Study Area 1. The interpolation surface of the spline method for Study Area 1 did 

not have high prediction values at places of high volumes pine and spruce, though pine and 

spruce would be key predictors of capercaillie. The reason of this may be data biasness of 

reporting. Furthermore, new data should be collected from Study Area 1 to be used for and to 

have a more authentic model validation. 

The habitat niche modelled initially by logistic regression for Study Area 1 was quite inaccurate. 

Performing focal statistics beforehand ensured picking up the mean values for all the 

independent variables inside a buffer zone. Another run of the SDM tool yielded results that are 

in accordance with the habitat proxy variables pine and spruce volumes. The general concept 

about the relationship of birds with independent variables, roads, urban areas and wetlands is 

that it is not better than the relationship with the key predictors, pine and spruce volumes. The 

predicted weak positive relationship of roads, urban areas and wetlands can be due to the 

biasness or redundancy in these independent variables. Besides, urban areas and roads can be 

assumed to be related to observation density. Furthermore, data redundancies can be analysed 

with factor analysis, and modelling residuals after urban and road variables were taken into 

account. However, the inter-relationships between the independent variables, especially when 

sampling is not stratified, is very complex and not readily distinguished. 

The results of Study Areas 3a, 3b and 3c showed that LR with focal statistics was performing 

better than LR without focal statistics for all of these three study areas. This also applied for 

Study Area 1 where LR with focal statistics came up with better results for the key predictors 

pine and spruce volumes.  

The results of Study Areas 3a, 3b and 3c for different resolutions seemed to vary but not with a 

defined pattern. Focal statistics results over the same study area for higher resolution were not 

showing any substantial changes. Whereas non focal statistics LR results for the same study area 

but with higher resolution showed some change, for Study Area 3a, pine seemed to change from 

positive to negative for higher resolution but for Study area 3b, non focal LR for higher 

resolution showed that spruce turned to positive for higher resolution and was negative for lower 

resolution. For Study Area 3c roads and wetlands changed their signs to positive for 25 m and 
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where negative in 100 m. This variation in non focal results made it difficult to say that higher 

resolution was improving the results in case of non focal LR. 

The Spatial Data Modeller for ArcGIS can be a good choice for the purposes of logistic 

regression for bird species modelling, though it could be more appropriate for small scale 

datasets. The Ordinary Least Squares model performance for Study Area 1 was not up to 

accepted standards. Although the model performances (R-square value) of the models, OLS and 

logistic regression were not good, the OLS was not preferable because of the non-linearity 

between dependent and explanatory variables.  

The comparison between the two models of Study Area 1, interpolation and regression, depicted 

similarities at discrete places but the overall comparison was reverse. The prediction values of 

interpolation were low where the probability values of logistic regression were high. Followingly, 

if the data were not reported by volunteers but sampled with a properly stratified sample, the 

number of birds would be more accurate. An unbiased bird data might well have resulted in 

better results. 
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Appendices 

Appendix I. Landuse classes. 

Class Description 
1 Dense urban 
2 Urban >200 inhabitants and less green areas 
3 Urban >200 inhabitants and more green areas 
4 Urban <200 inhabitants 
5 Single houses with surrounding areas 
6 Industry, commercial, service 
7 Roads and railroads with surrounding areas 
8 Harbour 
9 Airfield 
10 Gravel and sand pits 
11 Other mineral excavation places 
12 Waste dumps 
13 Construction places 
14 Urban green areas 
15 Sports facilities 
16 Airfield (grass) 
17 Ski areas 
18 Golf courses 
19 Non-urban park 
20 Camping and leisure homes 
30 Fields 
31 Fruit and berry cultivation 
32 Pasture 
40 Deciduous forest, not on wetland or rock outcrops 
41 Deciduous forest on wetlands 
42 Deciduous forest on rock outcrops 
43 Coniferous forest on lichen field layer 
44 Coniferous forest, not on lichen field layer, 7-15 meters 
45 Coniferous forest, not on lichen field layer, >15 meters 
46 Coniferous forest on wetlands 
47 Coniferous forest on rock outcrops 
48 Mixed forest, not on wetlands or rock outcrops 
49 Mixed forest on wetlands 
50 Mixed forest on rock outcrops 
51 Natural grasslands 
52 Moor (not grass) 
53 Bush 
54 Clear cut 
55 Young forest 
56 Coniferous forest, not on lichen field layer 
57 - 
58 Beaches, dunes and sand  
59 Rock outcrops 
60 Areas with sparse vegetation 
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61 Fire fields 
62 Glaciers and permanent snow fields 
63 Grass moor 
64 Herbaceous grassland 
70 Limnogen wetlands 
71 Wetlands with high water level 
72 Other wetlands 
73 Peat excavation 
74 Salt marshes 
80 Water courses 
81 Sea and dams, open 
82 Sea and dams with vegetation 
83 Coastal lagoon 
84 Estuar 
85 Coastal sea and oceans, open 
86 Coastal sea and oceans with vegetation 
 

Appendix II. OLS results. 

Executing: OrdinaryLeastSquares "New Group Layer\Capercaillie_buffer_Allmean0-100" 
FID_Tjad_s "I:\Thesis work\OLS\Capercaillie_Buffer_OLS_Mean0100.shp" B_Counts 
MEAN;MEAN_1;MEAN_12;MEAN_12_13;MEAN_12_14 # # 
Start Time: Tue Jul 26 17:06:58 2011 
Running script OrdinaryLeastSquares... 
 

Summary of OLS Results 
Variable   Coefficient StdError t-Statistic Probability Robust_SERobust_tRobust_Pr VIF [1]  
Intercept  1.432816    0.103526 13.840175   0.000000*   0.082952  17.272860 0.000000* -------- 
MEAN       -0.022536   0.013497 -1.669630   0.095190    0.010081  -2.235418 0.025504* 
1.616775 
MEAN_1     0.009331    0.003536 2.639243    0.008380*   0.003248  2.873035  0.004122* 
1.341883 
MEAN_12    0.008234    0.009254 0.889781    0.373696    0.012225  0.673524  0.500703  
1.453614 
MEAN_12_13 0.001025    0.001992 0.514611    0.606904    0.001536  0.667541  0.504515  
1.231847 
MEAN_12_14 -0.001068   0.001471 -0.725635   0.468156    0.001111  -0.961120 0.336616  
1.509693 

OLS Diagnostics 
Number of Observations:      1692            Number of Variables:                         6           
Degrees of Freedom:          1686            Akaike's Information Criterion (AIC) [2]:    
5171.435873 
Multiple R-Squared [2]:      0.011547        Adjusted R-Squared [2]:                      0.008616    
Joint F-Statistic [3]:       3.939228        Prob(>F), (5.1686) degrees of freedom:       0.001486*   
Joint Wald Statistic [4]:    21.607916       Prob(>chi-squared), (5) degrees of freedom:  
0.000622*   
Koenker (BP) Statistic [5]:  7.976334        Prob(>chi-squared), (5) degrees of freedom:  
0.157545    
Jarque-Bera Statistic [6]:   308998.786500   Prob(>chi-squared), (2) degrees of freedom:  
0.000000*   
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Notes on Interpretation 
 
*  Statistically significant at the 0.05 level.                                
[1] Large VIF (> 7.5, for example) indicates explanatory variable redundancy.   
[2] Measure of model fit/performance.                                           
[3] Significant p-value indicates overall model significance.                   
[4] Significant p-value indicates robust overall model significance.            
[5] Significant p-value indicates biased standard errors; use robust estimates. 
[6] Significant p-value indicates residuals deviate from a normal distribution. 
 
WARNING 000851: Use the Spatial Autocorrelation (Moran's I) Tool to ensure residuals are 
not spatially autocorrelated. 
Completed script OrdinaryLeastSquares... 
Executed (OrdinaryLeastSquares) successfully. 
End Time: Tue Jul 26 17:07:02 2011 (Elapsed Time: 4.00 seconds) 
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