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Abstract 

The use of development threat as a tool in conservation prioritization is becoming 

increasingly common. When used as a component of a larger planning methodology that 

may include factors such as biological integrity, area, and connectivity, degree of threat 

may help an organization to protect a larger amount of land that it would otherwise have 

been able to. I develop two models of development: one to predict the threat of 

development for Washington County, Virginia (based on structures built between ~1960 

and 2006) and a second to examine how settlement patterns have changed over time 

(based on structures built before 1938). Variables that are incorporated into the pre-1938 

model include: elevation, slope, Euclidean distance to roads, Euclidean distance to towns, 

and relative elevation. Logistic regression results in negative coefficients for all of the 

predictor variables, all of which are significant except for elevation. The strongest 

predictor variables were slope and relative elevation. The model had high accuracy, with 

a value of 81.4% obtained for a calibration dataset. Variables included in the ~1960-2006 

model include: Euclidean distance to roads, slope, relative elevation, Euclidean distance 

to fire and rescue stations, and Euclidean distance to schools. Logistic regression results 

for the 1960-2006 model differ from those reported for pre-1938 settlement. Distance to 

towns is no longer a significant predictor, elevation is less significant, and relative 

elevation is positively correlated with development potential (for locations near roads). 

Negative coefficient values still exist for slope and Euclidean distance to roads, as well as 

for the new variables Euclidean distance to fire and rescue stations, and Euclidean 

distance to schools. The accuracy of the model was slightly less than the pre-1938 model 

of development, but still a decent 76.6%. Overall, these results show a change in 

development patterns over time, with people becoming less limited by distance to towns 

and high elevations, and the evidence of a preference for house sites at a high relative 

elevation near roads.  
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Introduction 

The rapid rate of development creates a conservation dilemma requiring 

practitioners to establish a hierarchy of preservation priorities. Assessing the degree of 

threat that an area of land faces can play an important role in deciding if it is in need of 

immediate protection.  

Initially, land conservation centered on protection of rare species that would 

become extinct if not protected (Poiani et al. 2000). The use of GAP data helped to 

further ensure minimal coverage for under-protected rare species and communities by 

determining if ecological targets are protected in existing preserves (Kiester et al. 1996). 

More recently, the focus has shifted to encourage preservation of ecologically functioning 

areas at the site and landscape scale, emphasizing a focus on minimum dynamic area (a 

minimum area that supports a given species taking into account disturbed natural areas) 

and connectivity of natural areas (Poiani et al. 2000). In addition to ecological value, 

conservation organizations such as The Nature Conservancy are beginning to incorporate 

degree of threat into their planning projects (Groves et al. 2002). Studies assessing the 

degree of threat may take a variety of different factors into consideration including 

population density, income, crop revenues, slope, current land use, urban extent, 

projected population growth, economic development plans, projected highway 

construction (Jackson et al. 2004), distance to national forest, distance to water, viewshed 

area (Aspinall 2004), building density, elevation, and distance to market center (Wear 

and Bolstad 1998). These assessments can be conducted at the county (Aspinall 2004; 

Wear and Bolstad 1998; Jackson et. al 2004), regional, and national levels (Alig and 

Platinga 2004). 
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In this study, I develop two models of development for Washington County, 

Virginia for pre-1938 settlement, and a time period from approximately 1960 to 2006. 

The model for the most recent time period (1960-2006) will be the most useful for 

determining future development threat; however, the model for the past time period (pre-

1938) can serve to illustrate the changing patterns of land settlement over time. The 

predictor variables that I investigated for use in the models include slope, elevation, 

Euclidean distance to roads, Euclidean distance to towns, Euclidean distance to schools, 

Euclidean distance to fire and rescue stations, Euclidean distance to water and sewer 

lines, the presence of neighboring structures (building density), topographic roughness, 

relative elevation, and network distance to towns.  

Methods 

Study Area 

Washington County lies in the Ridge and Valley region of Southwest Virginia and 

contains an unusually high concentration of fish and mussel species (The Nature 

Conservancy 2006) (see Figure 3). The county is characterized by ridges running from 

southwest to northeast and is bound by significant mountains to the southeast and north 

(see Figure 4). An estimated 10 million acres of forestland in the South will be converted 

to urban and developed uses by 2030 (Alig and Plantiga 2004). The county’s population 

has increased 11.4% from 1990 to 2000, from 45,887 to 51,103 people (U.S. Census 

2006), and a recent study of the Mid-Atlantic Region identified Washington as one of 19 

counties that contains at least three ecological resources and is threatened by projected 

land-use change (Jackson et al. 2004). As of 2006, there were 26,596 structures in 
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Washington County (shapefile provided by Washington County). An important predictor 

variable in this land use change model, as in most, is the location of road networks. There 

are seven main highways that pass through Washington County: Interstate 81, U.S. 

highways 11, 19, and 58, and Virginia highways 75, 80, and 91 (Washington County 

2007). The most important of these, Interstate-81, passed through Washington County in 

1964 and was completed within Virginia in 1986 (Froehlig and Roberson 2007). The 

other six highways identified were completed during a period ranging from 1923 to 1941 

(Froehlig and Roberson 2007). Washington County is the 11
th

 largest in the 

Commonwealth of Virginia, with a land area of 566 square miles (Washington County 

2007). There are four main towns within Washington County: Abingdon, Damascus, 

Glade Spring, Saltville, (shapefile provided by Washington County) and a fifth adjacent 

to the south: Bristol (Washington County 2007). There are fifteen schools located 

throughout the county: seven elementary schools, four middle schools, and four high 

schools (shapefile provided by Washington County). There are also fifteen fire, rescue, or 

fire and rescue stations located in the county (shapefile provided by Washington County).  

Data Development 

The location of structures in 2006 was obtained as a pre-developed polygon layer 

from the Washington County Planning Commission. Topographic maps were used to 

digitize structures in the county for the 1938 and 1960 time periods. Structures were 

digitized in areas outside of city boundaries and then clipped out of the analysis by the 

public lands layer (there were few buildings on these public lands). The county is divided 

into 23 separate sections, so the 1938 and 1960 time periods do not include the entire 

county in the analysis (see Figures 5 and 6 in the Appendix). The 1960 time period layer 
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includes images from 1958, 1959, 1960, 1968, and 1969 as a single time period. Base 

data including the current road layer, city boundaries, public lands, county boundaries, 

and a 30 meter digital elevation model (DEM) were provided by The Washington County 

Planning Commission. The DEM was used to develop a layer displaying slope data for 

the county. The Euclidean distance tool was used to develop a layer displaying the 

straight-line distance to roads, a layer showing this distance to the five cities, a layer 

showing the distance to the nearest of fifteen schools, a layer with the distance to the 

nearest of fifteen fire and rescue stations, and a layer with the distance to water and sewer 

lines provided by the Washington County Service Administration (most of these are 

water lines). The focal statistics tool was used to develop a data layer showing 

topographic roughness, or the standard deviation of elevation within a circle having a 

quarter mile radius about each cell. Each cell is a 27.78 by 27.78 meter area. The focal 

statistics and minus tools were used in model builder to create a layer displaying the 

elevation of each cell relative to the average elevation within a surrounding circle with a 

radius of a quarter mile. This is the “relative elevation” predictor variable included in the 

model. Areas of high relative elevation may be described as a small knob or ridge in a 

valley. These areas should afford a better view than areas of lower relative elevation. As 

can be seen in Figure 7, relative elevation differs significantly from elevation (Figure 4). 

The point statistics tool was used to sum the number of structures within a quarter mile of 

each cell in the county to develop the building density statistic. This variable is roughly 

modeled after Wear and Bolstad’s building density variable, which calculated the sum of 

structures in a 9 hectare area around each 1 hectare cell unit of analysis (1998). Also, 

because of a significant interaction between variables in the ~1960-2006 model, it was 



 7 

necessary to create a map layer of the interaction between distance to roads and relative 

elevation. Single output map algebra was used to develop the layer for the 

sqrt(sqrt(Euclidean Distance to Roads)). This layer was then multiplied by relative 

elevation using the “times” tool.  

City point locations were obtained by using the feature to point tool for the town 

polygon layer that was provided by Washington County. Using only these four towns 

would omit an important city along the southern border: Bristol, Virginia. I located the 

geographic coordinates of this town (in decimal degrees) on the internet, created a table, 

and used the display xy data tool to put this point in the map (Wikipedia 2007). I then 

reprojected this point in ArcMap and used the merge tool to create one city shapefile that 

included all five important city centers.  

A road layer for Bristol, Virginia was purchased from TeleAtlas (TeleAtlas 2006). 

Since this road layer did not contain segment distances, I digitized important roads within 

the provided network, measured the distance in miles with the “measure tool,” and 

entered this value into the new road layer’s database file. I then merged this road layer 

with the layer provided for Washington, County.  

1938 Data Development 

The sampling locations for structures were digitized from topographic maps 

provided, as previously mentioned. The points for each of the seven topographic 

quadrangles were merged together to form a single structure point layer for 1938 (see 

Figure 5). Random sample points for “non-structure” locations had to be developed. 

Since the structures exist in only seven of the topographic quadrangles, excluding public 

land and towns, random samples should also only be developed from this same area. I 
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converted the topographic maps to polygons, merged them together, clipped them to fit 

within the county, and then erased public land and town polygons within the study area. I 

buffered each structure location by 30 feet and erased this from the possible sampling 

area. I then created 2,914 random points (the same as the number of structures digitized) 

within this polygon.  

1960 Data Development 

The “1960” structure locations were digitized from 16 topographic maps: three 

from 1958, four from 1959, four from 1960, one from 1968, and four from 1969. The 

digitized points from each of the topographic maps were merged together to form a single 

shapefile. This was then buffered by a circle with a radius of 50 feet and polygons from 

the 2006 layer that intersected this buffer were selected and removed from the 2006 

shapefile. Points were then developed for the remaining structure polygons using the 

“feature to point” tool. This resulted in15,303 digitized structures. To obtain a sample 

area for “non-structure” locations, the analysis described under “1938 Data 

Development” was followed, with the exception that 15,303 sample points were created. 

Structure point locations, along with cities and public land are shown in Figure 6 in the 

Appendix. 

Analyses 

General Approach 

Structures located within the city boundaries of Abingdon, Bristol, Damascus, and 

Glade Spring were removed from analysis, as were structures located on National Forest 

land.  
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The calibration dataset from which the model was developed was created by 

randomly selecting 4/5 of the structure and 4/5 of the non-structure sample points using 

geostatistical analyst in ArcMap (Manel et al. 1999). This dataset was used to develop a 

generalized linear regression model in R statistical software (Aspinall 2004; Manel et al. 

1999). Specifically, this model could be categorized as a binomial logistic regression 

model. It is generally recognized that a lower number of predictor variables results in a 

more accurate model (Guisan and Zimmermann 2000). For this reason, through analysis 

of variable significance and model residual deviance and AIC values, the model was 

trimmed to include the strongest predictors of development. This model was then applied 

in ArcMap to the predictor variables for Washington County (a map of each variable was 

developed for each cell in the county). The analysis was conducted at the 27.78 meter cell 

size level. The result of this model application is a map of the probability of structure 

“habitat” (i.e. the likelihood of development). ROC analysis in R results in an optimum 

probability cut-off at which the accuracy of the model in predicting structure locations is 

maximized (Pierce and Ferrier 2000). Accuracy is here measured as the percent of 

correctly classified sample points (true positive and true negative divided by all structure 

and random sample points). I applied the above procedure for both the pre-1938 and the 

~1960-2006 time period. 

1938 Model 

Network analysis was performed in ArcMap and the distance to the “closest 

facility” (the closest city) for each structure was obtained. The data layers for the 

predictor variables elevation, slope, Euclidean distance to roads, Euclidean distance to 

towns, topographic roughness, and relative elevation were then sampled by the structure 
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points using the “sample” tool. These two tables (one resulting from network analysis and 

a second with all of the other variables) were then merged and 4/5 (80%) of the dataset 

was randomly selected using the subset function in geostatistical analyst. This same 

procedure was then conducted for the random sample points. Both of the random subset 

and the structure training subsets were then combined, as were the two test subsets. The 

4/5 portion comprises the “training” dataset, while the other portion is the “testing” 

dataset. The training dataset was used for model calibration (via ROC curve analysis, 

selecting predictor variables, data transformations), while the testing dataset was used for 

model validation – to make sure the model wasn’t just fit to the data from which it was 

developed. 

A binomial logistic regression model was then run on the training dataset in R. 

The presence of a structure (represented by a one) or its’ absence (represented by a zero) 

was predicted by the previously stated variables. Initially, a histogram of each predictor 

variable was analyzed and transformed to obtain a normal distribution, if needed. This 

transformed variable was then used in the models. Models were then analyzed by adding 

and removing predictor variables to obtain the model with the lowest residual variance, 

lowest AIC score, and largest significant model coefficients. The best model resulting 

from the analyses is shown in Formula 1. The resulting model with coefficient values is 

shown in Formula 2. The probability of each testing dataset sample point being 

developed was then determined by applying Formula 3 in Excel. 

38ModelofDevelopment<-glm(Structure ~ Elevation + sqrt(Slope) + sqrt(sqrt(Euclid 

Distance to Roads)) + Relative Elevation + sqrt(Euclidean Distance to Towns), 

family=binomial(link="logit")) 
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Formula 1.  

5.033610  + (-0.001005*Elevation) + (-0.410524* sqrt(Slope)) + (-

0.772502*sqrt(sqrt(Euclidean Distance to Roads))) + (-0.003766*sqrt(Euclidean 

Distance to Towns)) + (-0.05519*Relative Elevation) 

Formula 2. 

1/(1 +Exp(-1*(Formula 2)) 

Formula 3. 

ROC curve analysis was then conducted in R from the probabilities developed to 

determine the optimum cutoff to maximize accuracy. Area under the curve analysis was 

also applied in R to test the general strength of the model. A model with no predictive 

power would have an AUC value of 0.50. The cutoff obtained from R was then applied to 

the test data in Excel using an “IF” statement to determine at which points the model 

would predict a structure’s presence. Using this information, accuracy, producer 

accuracy, user accuracy, error of commission, and error of omission were then calculated 

in Excel for the test data.  

Formulas two and three were then applied to the map of predictor variables in 

ArcMap, using Spatial Analyst’s “Raster Calculator” tool to generate a map of predicted 

development threat. The cutoff that maximized model accuracy was then applied using 

the “Con” function to general an optimal map of predicted development.  

1960 Model 

While network analysis was performed for the 1938 model and was significant, I 

chose not to conduct such an analysis for the ~1960-2006 dataset. Factors in this decision 

include the prohibitive size of the dataset (15,303 data points) and the fact that it would 
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be extremely difficult, if not impossible, to create a “network distance to town” value for 

every point in the county. This latter step would be necessary to generate a predictive 

map of where development is likely to occur. Additionally, I include predictor variables 

in this model that I did not use in the 1938 model. These include: Euclidean distance to 

fire and rescue stations, Euclidean distance to schools, Euclidean distance to water and 

sewer lines, as well as the sum of structures within a quarter mile (building density). 

Variables dependent upon the number and location of schools, fire and rescue stations, 

and water and sewer lines were not included in the older model because these were 

probably not present in those locations prior to 1938.   

The map layers of the predictor variables were sampled using the “sample” tool 

with both the structure point and the random point shapefile layers. Four-fifths of each 

dataset was then sampled and these tables merged to create a training dataset. The other 

fifth of each dataset was retained as a testing dataset. A binomial logistic regression 

model was fit to this training dataset in R, transforming variables to attain a normal 

distribution, and selecting predictor variables based upon their significance level, the 

residual deviance, and the AIC value of the resulting models. The resulting model is 

shown below in Formula 4. Formula 5 shows the resulting model with coefficient values. 

The probability of each structure and random sample point being developed is then 

determined for the test dataset in Excel. 

19602006ModelofDevelopmen<-glm(Structure ~ sqrt(Slope) + sqrt(sqrt(Euclid 

Distance to Roads))*Relative Elevation + sqrt(Euclidean Distance to Schools) + 

sqrt(Euclidean Distance to Fire and Rescue Stations), family=binomial (link="logit")) 

Formula 4. 
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6.598427 + (-0.407626*sqrt(Slope)) + (-1.069671*sqrt(sqrt(Euclidean Distance to 

Roads))) + (0.041271*Relative Elevation) + (-0.006526*Euclidean Distance to Schools) 

+ (-0.003768*Euclidean Distance to Fire and Rescue Stations) + (-

0.009684*(sqrt(sqrt(Euclidean Distance to Roads))*Relative Elevation)) 

Formula 5. 

1/(1 +Exp(-1*(Formula 5)) 

Formula 6. 

As described in “1938 Model” above, ROC curve analysis was conducted for this 

model, with AUC and other metrics being calculated to determine the strength of the 

model. The model was then applied in ArcMap to determine the probability of 

development as well as the cutoff. 

Results 

1938 Model Results 

As mentioned earlier, all of the model coefficients were negative, and all but 

elevation were significant. Elevation was included because it further reduces residual 

deviance in the model and is near the 0.05 significance level. Table one displays the 

resulting coefficients and p-values. The deviance is reduced from a null of 6458.7 to a 

residual deviance of 4107.0; the model has an AIC (Akaike’s Information Criterion) 

value of 4119. These values are most useful in comparing models. 
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Predictor Coefficient    P-Value 

Intercept    5.03361     < 2e-16 

Sqrt(Slope) -0.410524       < 2e-16 

Elevation -0.001005         0.051 

Sqrt(sqrt(Euclidean Distance to Road)) -0.772502       < 2e-16 

Sqrt(Euclidean Distance to Town) -0.003766         1.4e-07 

Relative Elevation   -0.05519       < 2e-16 

Table 1. 

ROC analysis shows a reasonably good Area Under the Curve Value (AUC) of 

0.88. The plot in Figure 1 indicates that the optimum cutoff would be located at 0.54. 

Applying the resulting coefficients to the county using Formula 3 results in a probability 

map for the county (see Figures 8 and 9). 
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Figure 1. 

Applying this cutoff value of 0.54 to the probabilities developed in the testing 

dataset, the general predictive power of the model can be shown by the statistics in Table 

2, below. This cutoff results in an optimal probability map of predicted development, 

seen in Figure 10. 

 

81.4% 

0.54 
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1938 Test at 0.54 cutoff  Reality  

  

Non-

Structure Structure Producer Accuracy 

 Non-Structure 476 110 0.7689 

Prediction Structure 106 468 0.7735 

 User Accuracy 0.7773 0.7649 Accuracy:    81.4% 

Table 2. 

Other models were also run using different variables and transformations; 

however, the model shown in Formula 1 was chosen because of its low AIC value, as 

well as its ability to be applied back to the map to predict future development across the 

county. For instance, network distance to towns, while a good predictor, can not easily be 

applied back to the county to predict threat of development. Nonetheless, some 

interesting results came from initial models, such as one that included sqrt(sqrt(Euclidean 

distance to roads)), elevation, log(topographic roughness), sqrt(slope), and network 

distance to towns. Network distance to towns was significantly negatively correlated 

(coefficient= -0.34493, p-value= 2.3e-07). Interestingly, topographic roughness was 

significantly positively correlated with the threat of development (coefficient= 0.328713, 

p-value= 6.4e-06).  

1960 Model Results 

As seen in Formula 5, all predictor variable coefficients are negative except for 

relative elevation. These coefficients as well as the p-values can be seen clearly in Table 

3 below. The deviance was reduced from a null value of 33644 to a residual deviance 

value of 23581. The model had an AIC value of 23595. 
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Predictor  Coefficient P-value 

Intercept 6.598427 < 2e-16 

Sqrt(Slope) -0.407626 < 2e-16 

Sqrt(sqrt(Euclidean Distance to Roads)) -1.069671 < 2e-16 

Relative Elevation 0.041271 < 2e-16 

Sqrt(Euclidean Distance to Schools) -0.006526 < 2e-16 

Sqrt(Euclidean Distance to Fire and Rescue Stations) -0.003768 1.1e-13 

Sqrt(sqrt(Euclidean Distance to Roads)):Relative Elevation -0.009684 < 2e-16 

Table 3. 

ROC curve analysis shows a good Area Under the Curve (AUC) value of 0.84. By 

applying the Formula six, which incorporates the coefficient values shown above, the 

resulting probability of development can be seen (Figures 11 and 12). The plot in Figure 

2 below indicates that the optimal cutoff for maximizing model accuracy is at a 

probability of 0.545. 
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Figure 2. 

Applying this cutoff of 0.545 to the probabilities developed for the test dataset, 

the predictive power of the dataset can be judged by the metrics shown in Table 4, below. 

The resulting map of optimal development probability can be seen in Figure 12. 

 

0.545 

76.6% 
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1960 Test at 0.545 cutoff  Reality  

  Non-Structure Structure Producer Accuracy 

 Non-Structure 2291 707 0.6914 

Prediction Structure 715 2354 0.6962 

 User Accuracy 0.6879 0.6996 Accuracy: 76.6% 

Table 4. 

Analysis was also conducted using other predictor variables. When the same 

model as is shown in Formula 1 is run in R, similar results are gained, except for 

elevation, distance to towns, and relative elevation. Elevation becomes even less 

significant of a predictor (coefficient= -2.67e-04, p-value= 0.26), and Euclidean distance 

to towns is no longer a significant predictor variable (coefficient= -1.14e-05, p-value= 

0.97). For this reason, these two predictor variables are not included in the model used to 

predict development occurring between ~1960 and 2006. As seen in Table 3, relative 

elevation is now positively correlated with the probability of development and has a 

significant negative interaction with Euclidean distance to roads. The greater the distance 

one is from a road, the smaller the positive coefficient for relative elevation becomes, 

eventually turning negative. According to the model, this change in sign should occur 

roughly around 329.88 feet from the road. Simply stated, people preferentially build on 

small ridges and knolls near the road, but build in hollows and valleys further from the 

road. Additionally, I examined the topographic roughness predictor again, in a model 

similar to that used for the 1938 analysis (variables= sqrt(sqrt(Euclidean distance to 

roads)), elevation, log(topographic roughness), sqrt(slope), and Euclidean distance to 

towns). In this model, the coefficient is now negatively correlated with the probability of 
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development (coefficient= -0.583795, p-value < 2e-16). Adding the square root of the 

square root of Euclidean distance to water and sewer lines to the model shown in 

Formula 4 results in a significant, negative coefficient value for this predictor variable 

(coefficient= -0.291020, p-value < 2e-16) and reduces the AIC value from 23595 to 

22666. I did not include this variable in the final model, however, because water and 

sewer lines tend to be installed retroactively (after there enough houses present to justify 

infrastructure expansion). This would not aid in assessing the probability of development 

in currently undeveloped areas. The addition of the square root of the building density 

predictor variable to the model shown in Formula 4 reduces the AIC value to 19782 and 

results in a significantly positive correlation with probability of development 

(coefficient= 0.486262, p < 2e-16). Yet I decided not to include this predictor in the final 

model because I was most concerned with where development would occur in areas 

currently undeveloped. Building density would, of course, be zero in undeveloped areas 

and have no value as a predictor variable. 

Discussion 

The 1938 model of development has a reasonably good predictive power as 

shown by the overall accuracy, AIC, and AUC values. The significance of elevation is 

reduced with the addition of relative elevation because these two predictors co-vary to 

some extent. Including both variables reduced the residual deviance and AIC values for 

the model; however, so I decided to include elevation. The results can be summarized in 

this manner: people are most likely to build on flat ground, close to roads, close to towns, 

and in valleys at low elevation.  
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I originally included relative elevation because an earlier model that included 

topographic roughness resulted in a positive coefficient for this predictor variable 

(coefficient= 0.328713, p-value= 6.4e-06). I reasoned that if people preferentially located 

structures in areas that had a higher standard deviation of elevation, they would probably 

site their house on the higher areas to obtain a better view. As seen, this was not the case 

for development that had occurred prior to 1938. Perhaps construction costs are higher at 

areas of high relative elevation. Areas of higher slope would need to be traversed to reach 

these areas, and it is perhaps the avoidance of these areas in road building that drove the 

location of structures. It is also possible that people simply tended to site houses next to 

roads and these roads were constructed in valley-type areas (low relative elevation). 

Another possibility is that small-scale farming was a significant source of employment 

for residents up to 1938, and houses were placed next to these farms that would have 

been situated in valleys. The positive correlation with topographic roughness for the 1938 

model could also be a side effect resulting from higher topographic roughness in the 

lower elevation valleys of the county than is present along the higher elevation ridges that 

would have been difficult to build upon.  

It is interesting to note that the road construction dates correspond to some extent 

with the dates for which I can approximate house locations. For the houses digitized from 

the 1938 topographic maps, these main roads were only present 0-15 years (though 

unpaved roads may have been present before this). It is difficult to determine if the road 

network in 1938 existed in its present state, much less if it was paved (aside from the 

seven main roads). It is likely, though, that the present day network of paved roads in the 

county developed from dirt roads.  
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There are some interesting points that arise when comparing the models of 

development for the two time periods. The first is the loss of significance for the 

predictor variable “Euclidean distance to towns.” The second is the further loss of 

significance from pre-1938 to ~1960-2006 models for elevation as a predictor. The third 

is the change in sign for the relative elevation predictor variable from negative to 

positive, with a negative interaction with distance to roads. These differences would 

indicate that distance to town and elevation have become less important in constraining 

development. Improved secondary roadways and the proliferation of personal 

automobiles may have helped overcome these barriers. The significantly positive 

coefficient for relative elevation for areas near roads could be explained by a preference 

for people to have better views and to also be located near roads. Another explanation 

would be that many of the lower relative elevation sites near roads are already developed, 

and distance to roads is such a strong driver of development, that people are willing to 

build at a higher relative elevation to be near a road. Distance to schools and distance to 

fire and rescue stations appear to be good predictors of development; however, these 

predictors may pose the same problem that building density and Euclidean distance to 

water and sewer lines presents. It may be that schools and fire and rescue stations are 

simply built in areas with high population densities to be near the people they serve. 

As can be seen in Figures 10 and 12, the resulting models of development indicate 

that distance to roads is a very strong predictor. Most of the “optimal” areas in which 

development is likely to occur are situated immediately adjacent to the road network 

(usually around 200-300 feet). While these results are significant, it is difficult to 

envision their use in conservation planning.  
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Three possible avenues can be explored for improving this model to predict the 

threat of development in currently undeveloped areas. The use of a CART model for 

analysis may enable one to look at what drives development for areas far from roads. 

Second, roads could be buffered by a certain distance (perhaps the distance at which 

roads no longer negatively impact wildlife habitat) and structures built within this buffer 

removed from the analysis. A model could then be constructed to predict development 

outside of this zone. Third, a metric to quantify “developed” land could be devised 

(possibly anything over 10 structures in a quarter mile radius about a point). Structures 

built between ~1960 and 2006 that were located in an area classified in 1960 as 

“developed” could be removed from the analysis. A model developed in this manner may 

be more useful in predicting development in currently undeveloped areas. 
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Figure 6. 
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Figure 7. 
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Figure 8. 
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Figure 9. 
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Figure 10. 
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Figure 12. 


