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Abstract. Landscape ecologists and population biologists have been utilizing graph theoretics to study landscape 
connectivity for a number of years, specifically the connectivity of habitat or other isolated landscape patches. We propose 
to utilize the same methods to examine the agricultural landscape as a function of potential for plant pathogen spread. Using 
a geographic information systems (GIS) network, we explored the assignment of meaningful values for disease transmission 
based on crop densities to graph edges, and then attempted to identify subgraphs within the system by dropping edges based 
on threshold values to isolate regions of the landscape that might be quarantined in the event of a pathogen outbreak. We 
introduce the concept of using a chart not unlike a genetic dendogram as a tool for identifying and connecting the resulting 
subgraph regions.  
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INTRODUCTION
 The American agricultural landscape is one of the 
most important plant food production areas in the world. 
According to the US Department of Agriculture (USDA) 
National Agricultural Statistics Service (NASS), 1.8 tril-
lion bushels of wheat and 10.5 billion bushels of corn, 
amid almost 40 other major plant crops, were produced in 
2006 from 315 million acres in the lower 48 states alone 
(USDA 2007). However, plant food production in the U.S. 
is vulnerable to disease, due to the concentrated spatial 
patterns of the agricultural landscape and the limited ge-
netic diversity of seed planted (Parker 2002). An estimated 
average of 10 new plant pests enter the country acciden-
tally annually, usually through the shipping of plant mate-
rials, produce, or packing materials from other continents 
through U. S. ports (Work et al 2004), and any one es-
caped vector can cost millions to combat if damage to a 
crop or range of crops is severe enough. The USDA and 
other government agencies spend over $1 billion dollars 
annually (Parker 2002) to research pest biology, assess the 
risk of introduced pathogens, respond to emergency out-
breaks, and inform farmers of pathogen threats like soy-
bean rust through extension offices and other communica-
tion means. More recently, concerns about the deliberate 
release of a pathogen vector into the agricultural landscape 
for terrorism purposes have arisen.  
 Government agencies are beginning to assess the 
issues surrounding food security (Parker 2002), and agen-
cies concerned with agricultural emergency response like 
USDA APHIS Plant Protection and Quarantine (PPQ) 
have in place basic plans for prevention, response, and 
recovery from crop biosecurity breaches (USDA APHIS 
website).  Geospatial analysis tools like the North Carolina 
State University/APHIS Plant Pest Forecasting System 
(NAPPFAST) have been developed for use as a tool to 
forecast risk to crops by pathogen vectors if introduced 
into the country (Magarey et al 2007). However, realistic 
geospatial models that imitate pathogen spread from an 
infection source or sources remain difficult to nail down 
due to the complex life cycles of some pathogens and the 

inaccessibility of field-level crop data.  
One aspect of plant pathogen spread that has not 

been fully explored in geospatial modeling, but which 
could prove useful to emergency response to pathogen 
outbreaks, is the spatial connectivity of agricultural land-
scapes in the U.S.  This may be due in part to the assump-
tion by landscape ecologists, epidemiologists, and agricul-
tural scientists that agricultural lands are inherently 
“linked” and exist, in many areas, as the dominant land use 
within a matrix of natural land cover types (Foreman and 
Godron, 1986). However, heterogeneity exists within most 
agricultural landscapes – not every field is planted to the 
same crop in any given region, and producers rotate crops 
frequently to enhance soil fertility and moisture status or to 
take advantage of fluctuating market prices. In addition, a 
pathogen may be able to survive and reproduce on only 
one or a few hosts, rather than all crops planted in a given 
region, making the landscape even more fragmented to a 
pathogen than is apparent to a human eye. Because of this, 
questions exist surrounding the “connectedness” of agri-
cultural lands within the overall landscape matrix, and how 
this dynamic connectivity affects plant pathogen move-
ment across agricultural regions. This study describes 
methods designed to quantify, measure, and visualize the 
connectivity of agricultural lands at the regional and na-
tional scale.  Analyses based on these methods offer sig-
nificant insight into the potential movement of plant patho-
gens across large geographic areas and may provide the 
basis of an effective planning tool for integrated disease 
managers in the containment of agricultural disease out-
breaks.  

Integral to this effort, graph theoretics has be-
come an established tool in the study of landscape connec-
tivity (Calabrese and Fagan 2004). Typically, a graph con-
sists of nodes representing discrete areas, objects, or sta-
tions, and lines that are drawn between or among these 
nodes, representing relationships (Urban and Keitt, 2001).  
Some graphs are abstract, as in a study of the relationships 
in a human epidemic (Keeling and Eames 2005), while 
others can represent actual ground features in geographic 



space. Most of the researchers utilizing this tool in geo-
graphic space are landscape ecologists or metapopulation 
biologists who are concerned with the proximity of habitat 
or other discrete resource patches in a hostile or inhibiting 
matrix (Figure 1a).  However, graphs have yet to be ap-
plied to the matrix itself. In fact, Urban and Keitt (2001) 
suggest that graphs are not suitable to studying the matrix. 
Despite this, these same authors also state that the land 
cover in between patches, when relevant to movement 
through the matrix, should be incorporated into the metrics 
of movement. This is understood to imply that variables 
associated with the matrix can be assigned to edges of a 
graph without reference to any patches being connected 
and that the primary question to address when building a 
graph to represent a matrix is determining the location of 
nodes to support the graph structure. 
 Steinwendner (2002) demonstrates that a graph 
can be developed in a patchless context by assigning a 
graph to remotely sensed imagery. In this example, a node 
is assigned to the center of each grid cell (pixel) in the 
image and each node is connected to the four pixels imme-
diately adjacent to it. Real and McElhany (1996) also dis-
cuss the generation of a regular grid over a large geo-
graphic area to establish omnidirectional relationships 
among hosts that are too great in number for relationships 
among individuals to be defined.  The similarity of these 
examples to counties in the United States, especially those 
in the Midwest region, supports the notion that a graph 
built from the centroids of counties could function in much 
the same manner (Figure 1b). From an operational per-
spective, this “county-as-node” graph structure is further 
supported by the availability of county-level crop statistics 
for the entire nation published by USDA NASS. 

Many researchers (e.g., Van Langevelde 2000, 
Bunn et al. 2000) have been able to identify subgraphs 
within their graph systems by systematically removing 
edges based upon threshold values relevant to their studies. 
For instance, if the distance between two habitat patches is 
too great for an organism to move from one to the other 
and survive, that edge is dropped out of the network, and 
the remaining clusters of nodes and edges represent two 
separate habitat groups isolated from each other, which 
can be detrimental to the species’ survival. In the case of 
plant pathogens, the movement of the organism is more 
complex and the data too coarse in resolution to rely on 
mere distance to be able to determine a distance through 
which a pathogen could not travel. However, by utilizing a 
cost associated with the availability of host in the land-
scape, those places between county centroids that appear 
to lack enough host to carry pathogen spread are more 
easily determined. With and Crist (1995) confirm that 
there is some critical threshold at which connectivity is 
affected for any organism; if the critical density of host 
required for a pathogen’s transmission is learned through 
field-scale research, theoretically, that value could be 
translated into a cost value at which edges can be dropped 
out of the graph, and thereby offer insight into large-scale 
regions of host susceptible to pandemic. Once located, 

these regions can be used not only in emergency response, 
by suggesting areas that might be most easily quarantined, 
but also areas to which integrated pest management strate-
gies might be applied as a preventative measure, since it is 
considered more effective to treat an entire region for a 
pathogen than it is to treat individual farms (Mundt et al 
2002).   

The method used in this study results in a series 
of maps that taken together are difficult to summarize and 
publish. To report the results from this analysis in a man-
ner that can describe to managers and responders these 
very visual results, we adopt from the field of genetics a 
familiar tool, the dendogram.  

Lastly, we examine additional uses for the geo-
spatial network data generated for the study that might 
benefit the emergency responder, risk assessor, or policy-
maker further. 

DATA AND METHODS
Geospatial data can replicate a graph. Geographic 

information system (GIS) software such as ArcGIS 
(Environmental Systems Research Institute, Redlands, CA, 
USA) offers a data format in the form of a network that 
functions through the use of graph algorithms. The net-
work data format is often used to represent road networks 
or stream systems in a GIS, where nodes typically repre-
sent intersections between vectors (edges), and values are 
assigned to each edge that represents information such as a 
speed limit or other factor that enhances or impedes move-
ment along it. Networks utilize analysis tools that have not 
traditionally been used in landscape graph theory, such as 
routes, which connect two nodes through the network at 
least cost, and service areas, which identify areas, based on 
cost, that radiate from a point (node) along the network. 
Since cost is generally considered a better connectivity 
measure than Euclidean distance (Chardon et al., 2003), 
the network is an appropriate logical data model to adopt 
for this study. 

Figure 1a. Landscape ecol-
ogy graphs typically connect 
disparate habitat blocks 
through a matrix of agricul-
ture or similar less suitable 
habitat.    

Figure 1b. When represent-
ing a landscape with no dis-
crete units, geopolitical 
boundaries can act as sepa-
rate units on which to center 
nodes for a graph. 



To adapt this data model to a connectivity graph, 
nodes that ordinarily represent the junction of two (or 
more) edges are instead used to represent the patch being 
connected, and the edges are used to represent connections 
between counties. Here,  nodes are used to represent the 
county centroids.  These centroids, in turn, are connected 
via edges to the centroid of each adjacent county.  The 
triangulated irregular network (TIN) tool in ArcGIS was 
used to build the initial edge framework among centroids.  
Because the automated tool made some assumptions as to 
what was an adjacent county, manual editing methods 
were then required to make adjustments.  To better repre-
sent pathogen movement among counties, adjacency was 
defined such that it included counties touching at corners.  
As a result, the final network included some edges that 
crossed, but did so without forming a formal intersection 
in the form of a node, as in an overpass crossing a highway 
in a road network.  Figure 2. 

After edge development was completed, a cross-
reference table, or edge list, was created. This table stores 
unique identification (Index) numbers for each edge and 
the Federal Information Processing Standards (FIPS) codes 
for the two counties that it connects. This table essentially 
imitates the connectivity table generated by ArcGIS when 
a network is built, but is visible and can be manipulated, 
while the connectivity table generated for a network during 
a build is a “background” table that users cannot access 
without ArcObjects.  By being capable of manipulating 
such a table, the user can transfer tabular data from the 
nodes to the edges and back through tabular joins and field 
calculations in the GIS.  

Additional information was deemed of use to this 
cross reference table, including an attribute item that iden-
tified the percentage of each edge in the two counties it 
traversed. To develop this information, a separate line 
shapefile was copied from the original network edges and 
each line was “split” where it crossed county boundaries.  
This generated pairs of line segments for each edge, the 
length of which corresponded to the proportion of the edge 
falling within each of the two counties it connected. Some 
edges crossed more than the two counties they connected, 

resulting in three or more lines. In these cases, lines were 
split by hand within the third county at a point that propor-
tionally represented that which would occur in the first two 
if the third county was not present, and joined to their re-
spective partial edges in the two counties being repre-
sented. The length of the segments were then calculated 
and added to the cross reference table through a table join. 
Figure 3. 

Data for soybeans, corn, wheat, and cotton har-
vested in 2002, acquired from the NASS website (http://
www.nass.usda.gov/), formed the basis for determining 
host availability in each county. The number of acres har-
vested of each crop were added to the cross reference table 
through a join, using the county FIPS codes as the join 
attribute.  A value was then calculated and assigned to 
each edge between two county nodes.  That value repre-
sents the relative resistance of the landscape to plant 
pathogen transmission (i.e. ecological resistance) between 
those two counties based on the inverse of the density of 
the crop in each county weighted by the percentage of that 
edge in each county: 

Landscape Resistance =  

                         
where: 
Lab = the length of the edge connecting two counties A and B 
La = the length of the portion of the edge crossing county A 
Lb = the length of the portion of the edge crossing county B 
Za = the density of the soybean crop, calculated by the number of 
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Figure 3. To determine the percentage of an edge in the 
two counties it traverses, the edges were split at the coun-
ties’ boundary and length calculated. Notice that an edge 
like 13172, which crosses a third county, was split halfway 
between the two counties as if the third county was not 
present. 

Figure 2. The Lower 48-state network generated for this 
study. 



acres in the crop divided by the number of acres in 
county A 

Zb = the density of the crop in county B 

Because the location of each centroid is the unweighted 
geographic center of the county, the network frame re-
mains usable for any county crop density data available to 
an investigator. We generated a separate network for the 
four chosen crops, but any crop statistics offered by NASS 
could be applied to this network structure, as well as any 
combination of crops, or additional natural hosts, for 
which an investigator has county data. 

The resulting resistance values assigned to net-
work edges is a measure of how the landscape impedes 
pathogen movement, and serves as the connectivity meas-
ure, as well as a cost attribute that can be used with the 
network analysis tools offered in ArcGIS (discussed be-
low). For example, low resistance values such as the mini-
mum resistance values for soybean, corn, wheat and cotton 
of 1.7, 1.9, 2.1, and 2.2, respectively, represent a low resis-
tance to disease, and a landscape relatively easily traversed 
by a pathogen because of abundant host. Likewise, the 

maximum resistance values for the four crops, in the 
250,000 to 1 million range, represent a landscape with 
insufficient host density, and presumably too interspersed 
with other hosts or landscape types, to enable rapid (or 
effective) pathogen transmission.  

In the context of integrated disease management 
or response to an agroterrorist attack, the preferred loca-
tion for potential quarantine areas may coincide with spa-
tial “disconnects”, or breaks, in the crop landscape.  To 
locate these breaks, connected edges representing avenues 
of pathogen transmission were selected and visually 
(through the use of symbology) “dropped” from the net-
work, leaving edges with resistance values below the se-
lected resistance value visible on the map. The threshold 
value was changed and applied to the network at regular 
intervals of decreasing resistance to enable a visual exami-
nation of the differences in the edges that remained at each 
threshold value.  For example, the use of a high threshold 
value would result in most, if not all, of the original graph 
remaining intact (i.e., high overall connectivity, Figure 4a).  
Application of a low threshold value would eliminate most 
edges linking adjacent nodes except those that most favor 
pathogen transmission. (i.e., low overall connectivity, Fig-
ure 4b). 

High levels of connectivity would be indicated by 
the ability of a crop pathogen to move freely throughout its 
host’s range within the structure of the original graph 
framework.  Similarly, a characteristic of low connectivity 
would be highly restricted potential pathogen movement 
through a small percentage of the overall host range.  For 
example, in a highly connected landscape such as that 
shown in Figure 4a, a pathogen originating in central 
Texas may move as far north as North Dakota, west to 
Washington, and east to Pennsylvania within a single 
graph.  Conversely, low connectivity is illustrated in Fig-
ure 4b, where potential pathogen movement can only oc-
cur within several very small graphs found in states such 
as Washington, North Dakota and Minnesota, and Kansas 
and Oklahoma.  

RESULTS
As the threshold resistance value was lowered, 

and more and more edges were deleted from the graph, 
distinct regional subgraphs appeared.  These subgraphs 
represent islands of counties with relative landscape resis-
tance less than a predefined threshold and are isolated 
from other islands of the same resistance by counties 
where the calculated relative landscape resistance assigned 
to edges exceed the same threshold. Assuming that a given 
crop pathogen is constrained in movement by some critical 
relative landscape resistance factor, such as a minimum 
required host density, then pathogens existing within a 
subgraph may have difficulty dispersing to neighboring 
subgraphs.  These areas may then serve as ideal manage-
ment units for disease quarantine and management.  

Soybeans and corn are similar in the geography of 
their production. Though commonly grown throughout the 

Figure 4b. The wheat network with the resistance threshold value 
lowered to 10. Fewer edges fall into this reselection and gaps 
appear between clusters of highly connected areas with low re-
sistance.  

Figure 4a. The wheat network with edges dropped (yellow) when 
higher than the resistance threshold value set at 125. The major-
ity of the edges remain (red) and therefore the landscape remains 
highly connected (and easily traversed by a pathogen).  



 5   

country, the majority of the U.S. soy and corn harvest originates 
in the traditional “corn belt” states of Illinois, Iowa, and Ne-
braska, along with southern Minnesota.  Fields of soybeans are 
also common landscape features along river systems from eastern 
North Dakota south to Louisiana.     

A series of maps, based upon 2002 harvest data, illus-
trate the formation of subgraphs for soybeans at different thresh-
old values for landscape resistance in Figures 5.  The original 
graph for soybeans is primarily comprised by two large sub-
graphs located in the Midwest and in states along the Atlantic 
coast.  The influence of the agricultural landscape to impede 
pathogen movement is simulated by the sequential removal of 
edges with lower threshold values representing landscape resis-
tance.  After removing edges with resistance values exceeding 
100, the original graph remains largely intact.  Translated in 
terms of pathogen transmission, disease outbreaks from patho-
gens with long-range dispersal capabilities, or able to survive in 
non-optimal environments, remain a possibility throughout most 
of the host species range.  As additional edges are dropped from 
the graph due to lower threshold resistance criteria (shown in 
yellow), a number of smaller regional subgraphs begin to appear 
until only those counties sharing the lowest resistance pathways 
(i.e., highest crop density) remain. 

Like soybeans, wheat is commonly grown throughout 
the U.S., but wheat production is different in that it is centered 
across three distinct geographic regions, including the central 
Great Plains, northern Great Plains, and Columbia Plateau region 
of Washington.  Cotton, despite recent increases in planted acre-
age, remains much more of a regional specialty crop with clusters 
of production in southeastern U.S., lower Mississippi River val-
ley, Texas high plains and Gulf coast, southcentral Arizona, and 
the Central Valley of California.  

Graph maps for wheat, similar to those for soybeans, are 
shown in Figure 6. Given the less concentrated nature of wheat 
and cotton production at the national scale, the initial graphs for 
these crops revealed a pattern significantly more fragmented than 
that initially observed for  soybeans.  As was the case for soy-
beans, however, removal of edges with increasingly lower resis-
tance values results in a series of subgraphs of diminishing geo-
graphic extent until only those edges with the lowest transmission 
costs remain.  

To complement the spatial patterns and relationships 
evident in the graph maps created by iterative decreases in the 
relative cost of plant pathogen transmission, charts were created 
of each subgraph that emerged during the analysis.   These charts 
are dendrogrammatic in style and portray the relationship be-
tween regional subgraphs and the whole in a manner similar to a 
genetic phylogram. In the field of genetics, phylograms are used 
to notate the divisions between species or subspecies in a manner 

Figure 5. Soybeans 

Resistance <= 3.5 

Resistance <= 5 

Resistance <= 10 

Resistance <= 50 

Resistance <= 100 

Right and Next Page: Figures 5 and 6. The networks for soybeans and 
wheat display increasingly isolated subgraphs of their respective net-
works as edges are dropped at decreasing resistance values. Note that 
the soybean graph still remains very connected throughout the Midwest 
until a relatively extremely low resistance value of 5 is reached, indicat-
ing that the crop landscape is very connected and very susceptible to 
pathogen transmission over large areas. Meanwhile, the wheat graph 
breaks into large regions at a high resistance level (~30), indicating that 
connectivity is lower and an outbreak can be confined more easily. 



that identifies the timeframe associated with the splits (Nadler, 
2001). In the “spatial” dendogram presented here, the landscape 
resistance values used in the analysis substitutes for temporal 
information, and species names are replaced with a three or four 
letter designation to identify the geographic region represented by 
each subgraph. 

For example, the results described earlier for the 
dropped-edge analysis for the soybean network is illustrated in 
Figure 7, which shows the spatial dendograms for the soybean 
graphs from the Midwest region only.  For clarity, Figure 7 
shows only those subgraphs that appeared when a resistance 
value threshold of between 9 and 2.75 was specified.  The dendo-
gram view complements the maps derived in analysis by high-
lighting the structural qualities of the graph and emphasizing the 
resistance value associated with the emergence of additional sub-
graphs over their location.  Examination of Figure 7 shows the 
Mid Continental Complex (MCC) breaking apart into one large 
complex (AMW or All Midwest) and several regional subgraphs 
at a threshold cost of <= 5.  The most geographically significant 
of these is the North Mississippi Valley (NMSV) subgraph; the 
gap between MCC and the NMSV is a mere two counties here.  
At a resistance value of <= 3.5, the Upper Midwest (UWM) splits 
into central and northern components identified as the Central 
Midwest (CMW) and the Upper Midwest (UMW), the first sign 
of breakup in the major soybean belt in the entire process. Further 
fragmentation into smaller graphs finally occurs when the resis-
tance value drops to 2.75, and the dendogram summarizes these 
subgraphs and their parent graphs neatly. 

The spatial dendogram for soybeans on the Atlantic 
Coast region (Figure 8) reveals a much different structural rela-
tionship between subgraphs that that observed in the Midwest.  
Considering only those subgraphs formed at resistance threshold 
values between 19 and 4, subgraphs in this region emerge at gen-
erally much higher threshold values and remain intact over a lar-
ger range of resistance values.  This suggests an overall lower 
level of connectivity among subgraphs in the east as compared to 
that seen in the Midwest.  This increased isolation is especially 
evident for the Virginia/Maryland (VAMD) subgraph, which 
splits off from its “parent” at a threshold resistance value beyond 
the range (>19) used to construct the spatial dendogram.  Though 
not shown here, the entire soybean crop could be compartmental-
ized in a similar manner, identifying at which values the Atlantic 
Coast and southeastern U.S. regions connect with the Midwest 
and Mississippi Valley, and eventually at what cost value coun-
ties in Texas might become linked with the rest of the Midwest.  

APPLICATION OF CONNECTIVITY ANALYSIS
In this study, connectivity is defined as the degree to 

which agricultural landscapes facilitate, or impede, the movement 
of crop pathogens through the geographic range of the host spe-
cies.  Connectivity can be considered in both structural (i.e., 
physical continuity of habitat) or functional terms (i.e., the ability 
of a specific organism to move across a landscape).  Because 
there appears to be little data for describing the large scale disper-
sal characteristics of crop pathogens, it is difficult to develop an 
accurate estimate of the functional connectivity of agricultural 
landscapes.  However, given that pathogen dispersal pathways 
are represented here as a series of nodes and edges in a network 

Resistance <= 125 

Resistance <= 50 

Resistance <= 40 

Resistance <= 10 

Resistance <= 4 

Figure 6. Wheat 
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Figure 7. Dendogram displaying a summary of the subgraphs that appear at each resistance threshold value between 10 
and 2.75 for soybeans in the Midwest. By utilizing this format, the reader can see the results of several threshold selection 
analysis at once and the relationships of subgraphs in one threshold value to another. Acronyms described in Table 1. 
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Table 1. Acronyms used in the Midwest soybean dendogram. 

Resistance
Threshold Value Acronym Geographic Subgraph 

10 NCWI North-central Wisconsin 

9 NEMS North-east Mississippi 

9 MCC Mid-continental Complex 

6 SMSV South Mississippi Valley 

6 KYTN Kentucky/Tennessee 

5 MI Michigan 

5 AMW All Midwest 

5 EKS Eastern Kansas 

5 ESKS Southeastern Kansas 

4 CNE Central Nebraska 

3.5 NMSV North Mississippi Valley 

3.5 CMO Central Missouri 

3.5 ECMO East-central Missouri 

3.5 CMW Central Midwest 

3.5 UMW Upper Midwest 

Resistance
Threshold Value Acronym Geographic Subgraph 

2.75 ARK Arkansas 

2.75 SEMO South-east Missouri 

2.75 SEIL South-east Illinois 

2.75 INOH Indiana/Ohio 

2.75 CIN Central Indiana 

2.75 CIL Central Illinois 

2.75 CIA Central Iowa 

2.75 IAMN Iowa/Minnesota 



form, an objective assessment of structural connectivity 
can be arrived at by comparing the original graph structure 
for a given crop to one assembled for the same crop after 
omitting edges that exceed a landscape resistance value 
threshold for pathogen transmission, as in the dropped-
edge analysis used in this study. 

The applications for this type of analysis could be 
useful in a number of ways. In learning the breaks between 
relative regions for many crops, emergency responders 
could have a geographic framework in which to build a 
response, including the extent of the region to look for 
infections, the areas to be treated, or areas where plants 
could be removed to halt or impede spread, in the event of 
an accidental escape or deliberate release of a pathogen. 
Perhaps more proactively, annual analysis of crop connec-
tivity could provide a tool for integrated pest management 
plans, especially in suggesting areas to proceed, or where 
types of management might be more successful. Regions 
of the country suitable for testing a management plan 
could be discovered and explored for implementation of 
such a plan as well.  

In addition, the dendogram developed from such 
annual studies could act as a communication tool in agen-
cies that develop management plans and risk assessments. 
If standardized to the point that anyone in an agency can 
immediately read and understand the chart, it could elimi-
nate the need for a large series of maps, and summarize 
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Figure 8. Dendogram displaying a summary of the subgraphs that appear at each resistance threshold value between 19 
and 4 for soybeans in the Eastern Seaboard region.

Table 2. Acronyms used in Figure 8. 

Resistance
Threshold Value Acronym Geographic Subgraph 

19 NESB North Eastern Seaboard 

19 SESB South Eastern Seaboard 

17 MDPA Maryland/Pennsylvania 

16 PA1 Pennsylvania 1 

16 PA2 Pennsylvania 2 

16 WMD Western Maryland 

13 NCSC North Carolina/South Carolina 

10 CNC Central North Carolina 

9 MDDE Maryland/Delaware 

9 VAMD Virginia/Maryland 

7 SMD South Maryland 

7 VANC Virginia/North Carolina 

7 ENC Eastern North Carolina 

7 SC South Carolina 

4 NMD Northern Maryland 
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results in a kind of shorthand that could brief decision 
makers in a timely manner. Similarly, landscape ecologists 
and population biologists who utilize graphs for patch con-
nectivity studies may find the dendogram useful in impart-
ing the results of their own dropped-edge analysis in a 
manner meaningful to conservation agencies’ planning 
departments, or to communicate with decision makers 
about the need for additional patch conservation. 

ADDITIONAL NETWORK ANALYSIS
As mentioned above, the resistance value calcu-

lated and assigned to the edges of the network were delib-
erately developed to act as a cost attribute in the network.  
Because of this, ArcGIS Network Analyst tools can be 
applied to the data for further exploration. While the graph 
represents a very large-scale resolution, the use of  Net-
work Analyst tools such as Routes or Service Areas may 
lend additional insight into the movement of pathogen 
spread through this larger landscape. For example, one or 
more sites of an intentional release or known infection site 
of a pathogen into wheat crops can be entered into the 
analysis as a facility point, and Service Area analysis can 
be run from those facilities.  Several evenly-spaced resis-
tance values, such as every 10 (10, 20, 30)or every 25 (25, 
50, 75), can be assigned to consecutive service areas to 
create a time-step-like series of rings spreading out from 
the facility/infection points  (Figure 9).  Occasionally the 
service area rings can offer up information that bears fur-
ther exploration, such as the bottleneck (arrow) in Figure 
9, where it may be possible to slow pathogen spread with 
conventional emergency response methods.  While this is 
very rudimentary when one considers the complex life 
cycles of pathogen vectors, and weather patterns such as 
wind dispersal must be left out of the equation, a Service 
Area analysis nonetheless can give a quick picture of a 
pathogen’s movement and assist with response and com-

Figure 9. Service area analysis of an infection site (facility), with 
equal resistance value service areas of 25 radiating away from 
the site, on the wheat network.  

Missouri Kansas

Oklahoma 
Texas 

munication to media or other field offices.  

ACKNOWLEDGEMENTS
This research was made possible through the 

funding of a GIS Science Fellow at Kansas State Univer-
sity by the USDA Animal and Plant Health Inspection 
Service (APHIS).  Additional support from the Food 
Safety and Security and GIScience Infrastructure Enhance-
ment (Phase II) Programs of Targeted Excellence at Kan-
sas State University.  We also thank Dean Urban of Duke 
University for his assistance in the application of graph 
techniques in a GIS environment.  

REFERENCES

Animal and Plant Health Inspection Service, United States Department of 
Agriculture. 2007. How APHIS Emergency Response fits into US Ef-
forts. www.aphis.usda.gov/emergency_response/index.shtml. 

 Bunn, A.G., D.L. Urban, and T.H. Keitt.  2000.  Landscape connectivity: 
A conservation application of graph theory.  Journal of Environmental 
Management 59: 265-278. 

Calabrese, J.M. and W.F. Fagan.  2004.  A comparison-shopper’s guide 
to connectivity metrics.  Frontiers in Ecology and the Environment 2
(10):529-536. 

Chardon, J.P., Adriaensen, F., and E. Matthysen. 2003. Incorporating 
landscape elements into a connectivity measure: a case study for the 
Speckled wood butterfly. Landscape Ecology 18:561-573. 

Davis, R. G. 2004. Agroterrorism: need for awareness. Perspectives in 
World Food and Agriculture 2004, vol. 1. pp 353-416. Ames, Iowa: Iowa 
State Press. 

Foreman, R.T.T. and M. Godron.  1986.  Landscape Ecology.  New 
York:  John Wiley.  

Keeling, M.J., and K.T.D. Eames. 2005. Networks and epidemic models. 
Journal of the Royal Society Interface 2: 295-307. 

Magarey, R.D., Fowler, G.A., Borchert, D.M., Sutton, T.B., Colunga-
Garcia, M., Simpson, J.A.  2007. NAPPFAST: An Internet System for the 
Weather-Based Mapping of Plant Pathogens. Plant Disease 91:4: 336-
345. 

Mundt, C.C., C. Cowyer, and K.A. Garrett.  2002.  Relevance of inte-
grated disease management to resistance durability.  Euphytica 124: 245-
252. 

Nadler, S.  2001.  NorFA Course: Nematodes: taxonomy, evolution, 
ecology, Lecture 3. http://www.abo.fi/fak/mnf/biol/nmi/lec_nadler3.htm
(last accessed October 16, 2006). 

National Agricultural Statistics Service, United States Department of 
Agriculture. 2002 Census of Agriculture. www.nass.usda.gov/
Data_and_Statistics/index.asp.

National Agricultural Statistics Service, United States Department of 
Agriculture. January 2007. Crop Production, 2006 Summary. Cr Pr 2-1
(07) 

Parker, H. S. 2002. Agricultural Bioterrorism: A Federal Strategy to Meet 
the Threat. McNair Paper 65. Institute for National Strategic Studies, 
National Defense University, Washington, DC. ISSN 1071-7552. 



 10  

Real, L.A., and P. McElhany. 1996. Spatial pattern and process in plant-
pathogen interactions. Ecology 77(4): 1011-1025. 

Steinwendner, J.  2002.  Graph-theoretic issues in remote sensing and 
landscape ecology. EnviroInfo 1: 546-552. 

Urban, D.L. and T.H. Keitt.  2001.  Landscape connectivity: a graph-
theoretic perspective.  Ecology 82(5): 1205-1218 

Van Langevelde, F.  2000.  Scale of habitat connectivity and colonization 
in fragmented nuthatch populations.  Ecography 23: 614-622. 

With, K.A., and T.O. Crist. 1995. Critical thresholds in species’ re-
sponses to landscape structure. Ecology, 76(8):2446-2459.  

Work, T. T., D. G. McCullough, J. F. Cavey, and R. Komsa. 2005. Arri-
val rate of nonindigenous insect species into the United States through 
foreign trade. Biological Invasions 7:323-332. 

AUTHOR INFORMATION
Margaret L. Margosian, Geographer 
USDA APHIS PPQ CPHST Spatial Technology Team  
118 Seaton 
Manhattan, KS 66506 
(785) 532-3430, FAX (785) 532-7310 
Peg.margosian@aphis.usda.gov 

Karen A. Garrett, Associate Professor  
Department of Plant Pathology, Kansas State University 
4024 Throckmorton  
Manhattan, KS  66506 
(785) 532-1370, FAX (785) 532-5692 
kgarrett@ksu.edu

J. M. Shawn Hutchinson, Assistant Professor 
Department of Geography, Kansas State University 
164B Seaton 
Manhattan, KS  66506 
(785) 532-3414, FAX (785) 532-7310 
shutch@ksu.edu

Kimberly A. With, Associate Professor 
Division of Biology, Kansas State University 
2 Bushnell 
Manhattan, KS  66506 
(785) 532-5040, FAX (785) 532-6653 
kwith@ksu.edu 


