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ABSTRACT 

ANALYZING CONTRIBUTION PATTERNS OF VOLUNTEERED GEOGRAPHIC 
POINT FEATURES IN RELATION TO ERRORS AND DEMOGRAPHICS 

Steven P. Jackson, Ph.D. 

George Mason University, 2014 

Dissertation Director: Dr. Peggy Agouris 

 

This dissertation explores the relationship between the contribution patterns of 

volunteered geographic point features in relation to error and demographic properties. 

Recent research on Volunteered Geographic Information (VGI) has asserted that a 

correlation exists between population density and data quality. Others have shown that 

the relationship may be more complicated than population density alone. Within this 

research, an algorithm is developed to compare two datasets with each other to analyze 

the spatial accuracy and completeness. The algorithm is developed in Python so that it 

can be implemented as a tool within the ArcGIS framework. Datasets from the United 

States federal government and the volunteered geographic community are used to 

examine accuracy and completeness for schools within a study area in the Denver, 

Colorado area. In an effort to extend the research to include more points, the study area is 

then extended to include OpenStreetMap geographic point features across the state of 
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Colorado. The larger dataset was used to conduct an analysis of the relationship between 

contribution patterns and demographic data. While this research failed to confirm the 

assertion by others that a relationship exists between data quality and demographics 

properties; however, this research furthers the understanding of patterns of volunteered 

geographic point feature contribution, error, and the relationship with demographics. 

Furthermore, analyses of the results of this research indicate that a relationship may exist 

that is more complicated than demographics alone and provides some suggestions for 

additional research areas that may be pursued to better understand the relationship. 
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CHAPTER 1 - INTRODUCTION 

1.1 Problem 
Improvements in communications technology and information availability are 

having a significant impact on the field of geography as they enable the general public to 

produce geospatial products for mass consumption on the Internet (Rana and Joliveau 

2009; Tulloch and Shapiro 2003). As technology continues to improve (e.g., enhancing 

the computing and geolocation capabilities of hand-held devices) and the Internet is 

accessible by more citizens, the amount of geospatial data generated by citizens without 

formal geographic training is expected to rapidly increase (Mooney, Corcoran, and 

Winstanley 2010). Thus, Volunteered Geographic Information (VGI; Goodchild 2007) is 

bringing the general public into the realm of map production functions traditionally 

reserved for official agencies. With all humans becoming potential contributors of 

geospatial information (Goodchild 2007), this trend is affecting greatly the geospatial 

community. 

In the area of geographical information, the question of information quality has 

been at the center of the research agenda since the first definition of GIScience 

(Goodchild 1992). While research into the topic has been ongoing since that time, several 

recent papers have investigated methods for evaluating the accuracy of VGI with a focus 

on OpenStreetMap (OSM) data. VGI is a particularly interesting data source to 

understand because, unlike traditionally accepted commercial or government sources, 
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VGI is made up of observations which are contributed by users and these users are not 

generally vetted to ensure that they are capable of contributing quality data. Because 

these users are not vetted, some users who have grown accustomed to using government 

or commercial data sources dismiss VGI as being unreliable or inaccurate. Unfortunately, 

the utility of data cannot be characterized so quickly or simply. Understanding the 

accuracy of VGI data will allow a user to determine whether the data is appropriate, or 

fit, for the intended use. 

Within geospatial literature, fitness for use is used to describe the extent to which 

data  is  suitable  for  the  user’s  intended  purpose (Devillers and Jeansoulin 2006). 

Understanding the specifications followed when generating data will allow a user of that 

data to understand the appropriate uses of that data, but unfortunately, most VGI does not 

include information on the collection methods or lineage of the data. Forcing VGI 

contributors to provide lineage information for their data is impractical and as a result, 

methods for understanding the data must be developed which do not require that users 

provide additional data on their collection methods and procedures. As will be shown in 

this thesis, several factors can be used to characterize fitness for use. 

The spatial distribution of error has been examined in an effort to identify trends 

within the error (Neis, Zielstra, and Zipf 2011). In general, the spatial accuracy of VGI 

and the potential sources for the error have been shown to be inconsistent (Hochmair and 

Zielstra 2013; Koukoletsos, Haklay, and Ellul 2012). One common assertion amongst 

researchers is that demographic characteristics of the contributing volunteers impact the 

distribution of the error in VGI data (Fairbairn and Al-Bakri 2013).  



3 
 

Population density is the simplest explanation and is consistent with other work in 

the field of volunteered data which has shown that higher populations lead to higher 

contribution rates that ultimately lead to higher quality; however, population density 

alone has been shown to be insufficient for explaining the error distribution within VGI 

(Girres and Touya 2010). Other demographics have been suggested as contributing to the 

patterns observed in data quality and these demographics include factors associated with 

race and/or economic status (Tulloch 2008; Elwood 2008; Graham 2005; Zook and 

Graham 2007; Crutcher and Zook 2009) 

Researchers have inferred that a number of demographic characteristics may 

contribute to the spatial error present in VGI (Neis and Zipf 2012). Within this thesis, 

several characteristics are identified and discussed, but two specific characteristics are 

selected from that list to be used in the analysis: accuracy and completeness. Accuracy 

and completeness will then be compared to various demographic properties in an effort to 

validate the assertions of these other authors. 

1.2 Motivation 
As VGI has grown in popularity, researchers have studied OSM specifically 

(Girres and Touya 2010; Zielstra and Zipf 2010; Haklay 2010); however, these studies 

have looked at data outside of the United States and have focused on linear features. 

While these efforts have certainly been useful in growing the understanding of VGI, it 

has been insufficient. Nodes that are not a part of a polyline or polygon must be edited 

specifically by a user, whereas, nodes that are a component of a polyline or polygon will 

be edited as part of the larger object. Understanding the edits of isolated nodes will 
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further the understanding of edit patterns of VGI because it will provide edit information 

at a larger map scale than the relatively larger polyline and polygon objects. In addition, 

the United States is somewhat different in that the government, at many levels, provides a 

robust set of data which can be used to build a baseline for VGI such as OSM. This 

dissertation focuses on methods pertinent to point features and will examine data within 

the United States as a test case. Point features were selected as a focus area because these 

types of observations are collected by volunteers through several programs including not 

only OSM but Flickr and Wikimapia as well. Point features are used to capture the man-

made infrastructure and activities and as a result are important to decision makers when 

developing policy or responding to disasters. 

In order to be able to predict which areas may have more or less accurate data, 

two related studies are documented within this dissertation. In the first, accuracy and 

completeness patterns are compared to demographic patterns in an effort to identify the 

relationship between the two. This initial study is restricted to an area in the area of a 

previous study by the US Geological Survey in the area of Denver, Colorado. The second 

study will broaden the effort to include all of the state of Colorado; however, the data 

available for that area will dictate that the methodology be changed as compared to the 

first study. 

1.3 Questions/ Objectives 
VGI data has been shown to be of heterogeneous quality (Girres and Touya 2010; 

Haklay 2010; Ludwig, Voss, and Krause-Traudes 2011; Zielstra and Zipf 2010). 

Contributors of VGI data are driven by motivators that are not well understood which is 
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unfortunate because these motivators drive the heterogeneity observed in the data quality. 

While the entirety of the motivators is unlikely to be fully understood, demographic 

factors, which are well documented, can be used as a surrogate for these motivators to 

allow users of the data to assess the appropriateness of the data for their uses within the 

geography of their concern. As was mentioned in Section 1.2, this dissertation includes 

two closely-related studies intended to analyze the relationship between error and 

demographic properties. The first study in this dissertation details a methodology for 

assessing the utility of VGI and then demonstrates how the information generated by the 

method can be used to assess the accuracy of VGI. The second study details a related 

method that looks for patterns in the edit behavior of a data source. Both of the studies in 

this dissertation search for similarities in the patterns of demographics and error. 

In the first study, accuracy and completeness are computed by comparing a 

reference dataset to a test dataset. The resulting differences are identified as accuracy or 

completeness. Once computed, these values are then compared to demographic data to 

expose the similar patterns between the error and the demographics. This study looks to 

answer the question of how data accuracy and completeness are related to demographic 

patterns. By examining these patterns, the research will extend the current understanding 

of this relationship. In the second study, OSM edits are analyzed to identify a relationship 

between the pattern of OSM edits and demographic data. This study looks to answer the 

question of how OSM edit patterns are related to demographic patterns. By examining the 

patterns of spatial accuracy, completeness, and OSM contribution relative to 



6 
 

demographics, a greater understanding of the data will be achieved which will enhance 

the utility of the data for its users. 

1.4 Hypothesis 
Considering the motivation and objectives detailed above, the following 

hypothesis was developed:  

Contribution patterns, spatial accuracy, and completeness of volunteered 

geographic point features are correlated to demographic properties of the corresponding 

locations. 

This dissertation will examine data from three different sources using two studies 

to evaluate this hypothesis. The first study looks at the patterns of spatial accuracy and 

completeness relative to demographic properties. The second study looks at the patterns 

of OSM contributions relative to demographic properties. These two studies will provide 

the breadth required to evaluate the hypothesis. 

1.5 Expected Contribution 
This dissertation will demonstrate a correlation between VGI data error and 

demographic information. Further, this dissertation will document methodologies which 

can be leveraged by other researchers to increase the overall understanding of the quality 

of VGI data. The work builds upon the existing body of literature which quantifies VGI 

data error; however, this research will look to correlate the VGI data error with 

demographic data within the US. 

This dissertation will address the need of data users to understand their data in 

several ways. First, users will be able to use the correlation of data error and 
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demographics to understand the limitations of the data within specific geographies. 

Second, data providers will gain an understanding of how to guide future observation 

collections to ensure the maximum contribution if parity is to be gained in the distribution 

of data error. In addition, other researchers in the field of data assessment can use the 

comparison tools developed within this dissertation to analyze other data to gain an 

enhanced understanding of that data. 



8 
 

CHAPTER 2 – BACKGROUND AND RELATED WORK 

VGI is following the development of Web 2.0 where users are contributing in 

more places and more often (Hudson-Smith et al. 2009).  “Crowdsourcing”  is  a  related  

turn which describes VGI in business terms, linking resources and work assignments 

(Howe 2006). Crowdsourcing has many definitions in relation to the development of 

geospatial data. Brabham (2008) describes the approach as using on-line volunteers to 

solve a formerly internal production requirement of a business or agency. Heipke (2010) 

suggested the term crowdsourcing be used to describe data acquisition by large and 

diverse groups of people using web technologies. Stefanidis, Crooks, and Radzikowski 

(2013) differentiated crowdsourcing from crowd-harvesting, and VGI from Ambient 

Geographic Information (AGI) respectively. In the former, the crowd is presented with an 

explicit task, and their contributions are part of this assignment, whereas in the latter 

broader-scope information contributed by the crowd (e.g., through social media 

contributions) is mined to harvest geospatially-relevant content. Harvey (2013) argued 

that  crowdsourcing  includes  both  data  that  is  “volunteered”  and  data  that  is  “contributed”  

suggesting that contributed data represents information that has been collected without 

the immediate knowledge and explicit decision of a person using mobile technology that 

records  location  while  “volunteered”  data  is  representative  of information explicitly 

provided. 

This dissertation covers two broad topics. The first topic is a repeatable and 

quantifiable assessment of data accuracy while the second broad topic is how to couple 
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these quantifiable accuracy measures with demographic data so that the utility of the data, 

for an intended purpose, can be assessed; however, before the data accuracy can be 

assessed, it must first be defined within the context of this research. The following 

sections will first examine data accuracy in an effort to describe the various aspects of 

data accuracy highlighting the aspects used within this dissertation followed by a 

discussion of the relationship between demographics and accuracy. 

2.1 Data Accuracy 
Data accuracy is a term which has many meanings. Within the context of this 

dissertation, an assessment of fitness for use is the driving force for identifying data 

accuracy. Within this section, the concept of fitness for use is discussed followed by an 

overview of several data accuracy metrics. A discussion of contributor behavior follows 

the discussion of the aspects of accuracy. 

2.1.1 Fitness for Use 
“Fitness  For  Use”  (Juran 2003, 358) is a phrase developed to describe quality 

generally while within the VGI context, fitness for use is an assessment of the data to 

determine whether or not it will meet the needs of a user. Several aspects of accuracy 

must be evaluated to make an assessment of fitness for use. The most obvious aspect of 

accuracy that must be evaluated is spatial accuracy. If the record does not represent the 

true location of the feature, then the value of the information may already be decreased; 

however, that is not necessarily the case. Understanding the accuracy of the location is 

one of the important factors in determining whether or not the data is fit for the intended 

use. Completeness describes the extent to which the data captures all of the features that 
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exist in reality. Data is captured at a specific time and in the very best case can only be 

accurate for that time. Depending on the nature of the item being documented, the data 

may be accurate for years (in the case of geologic formations) or only minutes (in the 

case of a disaster or political event). Some data ages well due to the static nature; 

however, some data is very transient in nature and as a result, the temporal accuracy of 

the data plays a role in determining the fitness for use. Semantic accuracy evaluates how 

well the data follows standard naming and attribution standards. VGI often has very low 

semantic accuracy because it documents the observations of many users who have 

different motivators for capturing the data. Data lineage captures the how and why of the 

capture of the data. Often, the lineage information is captured in metadata which 

describes the data; however, for VGI, the lineage data is often not made directly 

available. Each of these aspects of accuracy play a role in helping the user determine 

whether or not a particular dataset is fit for a specific use. 

2.1.2 Spatial Accuracy 
Spatial accuracy is one of the factors in determining the fitness for use of a 

dataset. Several authors have examined linear features in OSM data to assess the spatial 

accuracy of the data using several different techniques. Haklay (2010) assessed the 

positional accuracy of OSM road data as compared to Great  Britain’s  Ordnance Survey’s 

(OS) data by buffering each road segment using a method based upon Goodchild and 

Hunter (1997) and Hunter (1999) finding that the average error was approximately six 

meters. 
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Other authors have built upon Haklay's (2010) work by changing datasets and 

also geographic region. In order to compute the spatial accuracy of the data, Girres and 

Touya (2010) computed the distance between road intersections in the OSM data and the 

road network from the French National Mapping Agency (Institut Géographique 

National, IGN) and found the average distance was approximately 6.65 meters. The value 

compared favorably to the result of 6 meters found by Haklay (2010) in England; 

however, the error was characterized as heterogeneous with several errors being locally 

large. Both Haklay (2010) and Girres and Touya (2010) concluded that the spatial 

accuracy of the OSM data was relatively high which would indicate that it is fit for uses 

requiring spatial accuracy although both authors noted that the accuracy was 

heterogeneously dispersed. While the bulk of research in the area of data accuracy is 

focused on the spatial accuracy and factors affecting the spatial accuracy, other issues 

play into determining the fitness for use, include completeness. 

2.1.3 Completeness 
Within the context of fitness for use, VGI users would want to know whether or 

not the data they are using represents all of the entities in the real world. That measure is 

called completeness. To compute the completeness, Haklay (2010) divided England into 

a square kilometer grid and computed the length of road per grid within each of the OSM 

and OS datasets and compared these lengths to assess the completeness of the OSM 

dataset finding that urban areas are more complete than rural areas. Haklay looked more 

closely at 113 km2 in London finding that the error was heterogeneous. In some cases, 
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many errors were clustered together in specific areas while in others; the errors were 

spread out across the grids. 

Girres and Touya (2010) conducted completeness analysis of the French data and 

their results were similar to those of Haklay’s  (2010) finding that areas with higher 

populations and higher rates of affluence tended to have more complete data, as did 

tourist areas. As was found by Haklay (2010) in England, Girres and Touya (2010) found 

that disadvantaged areas were less covered. 

Zielstra and Zipf (2010) focused their analysis on the completeness measure. 

Their method included a comparison of overall length of road segments for Germany 

between OSM and a commercial dataset called TeleAtlas MultiNet and then following 

the method in Haklay (2010), Zielstra and Zipf divided the country up into a square 

kilometer grid in order to better understand the distribution of the error. Zielstra and Zipf 

created buffers around the urban areas and grouped the grid cells by their distance to the 

urban core. In an effort to capture the growth of the OSM data, Zielstra and Zipf (2010) 

captured data on several dates so that change over time could be analyzed finding that the 

difference between the overall length of the TeleAtlas and OSM data decreased from 

29% to 7% in an 8 month period. While these results might initially indicate that OSM is 

perhaps a good replacement for the commercial TeleAtlas product, Zielstra and Zipf 

(2010) go on to indicate that the values are really much closer to 50% for the car 

navigation types of data while attributing the difference to their finding that the OSM 

data focuses on many of the smaller streets, alleys, trails, and pedestrian pathways that 
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are less useful in the commercial navigation market and therefore not represented in the 

commercial product. 

Zielstra and Zipf support the findings of Haklay (2010) and Girres and Touya 

(2010) that the completeness of OSM data falls off sharply as you move from urban to 

rural areas, but that even within urban areas, where the number of records can be 

compatible between OSM and government or commercial data sources, the content in 

OSM tends to include many trails and pedestrian paths which are not included in the 

other sources at all. Removal of these trails and paths would further distance the 

completeness of OSM data rendering it potentially less fit for navigational uses in motor 

vehicles specifically. Completeness describes the extent to which one data source, OSM 

in this case, includes the records found in another data source. 

2.1.4 Semantic Accuracy 
Semantic accuracy describes the extent to which data providers adhere to 

standards and conventions during data gathering. VGI represents a collection of 

observations by users and by this nature is not semantically accurate. Girres and Touya 

(2010) examined the attribute accuracy between the OSM and IGN datasets and found 

that, aside from names, the attributes are rarely consistently applied and therefore not 

characterized as accurate and suggested that tighter restrictions on the contributions to 

OSM would result in more accurate data. Without these tighter restrictions, users of the 

data must be aware of the limitations of the data and the impact that may have on their 

usage of the data. In this research, the names and addresses between the test and 

reference dataset will be compared to assess the semantic accuracy. 
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2.1.5 Temporal Accuracy 
One key advantage that VGI generally, and OSM specifically, has over 

government and commercial data sources is temporal accuracy. Because the data is 

contributed by users, it can quickly be updated to reflect a dynamically changing 

situation. Perhaps the most significant area of geospatial data quality for VGI is currency, 

or the degree to which the database is complete and up-to-date (Goodchild 2008). The 

temporal accuracy was assessed and Girres and Touya (2010) found that areas with a 

higher number of contributors tended to have data which had been edited more recently. 

The temporal accuracy of VGI is one characteristic advantage that it has over other data 

sources. 

2.1.6 Lineage 
Data lineage documents the source of data which in turn can describe the 

contributor’s  motivation  for  capturing  the  data;;  however,  this  type  of  information  is  often  

unavailable for VGI and even if it were, the motivators for each of the many data 

contributors would be very difficult to properly document. Girres and Touya (2010) 

found that the source tag for only about 25% of the OSM data in France was populated 

and as a result, an association between accuracy and lineage was not possible. Girres and 

Touya assert that proper data regarding the lineage of the features is critical to assessing 

the overall data quality. Mooney, Corcoran, and Winstanley (2010) also examined the 

metadata tags in OSM and confirmed the finding by Girres and Touya (2010) that OSM 

data has insufficient source information, although Austria did have the most complete 

data for the regions studied. Lineage data can provide valuable information about the 
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motivations of the data collectors, but it is generally not available for VGI data and 

therefore will not be evaluated within this dissertation. 

2.1.7 Contributor Motivation 
Understanding the motivating factors that drive people to spend their time and 

resources to capture VGI is important to understanding the data that they produce. Haklay 

and Weber (2008) identified the inaccessibility and cost of accurate sources as a core 

motivation for VGI contributors; however, they were working within the UK where 

government data is generally not freely available. Within the US, the government 

generally shares the data they generate with the public for free. Another identified 

motivator is the availability of affordable and accurate GPS receivers. While these 

assertions are simple to understand, they could not describe the breadth of motivating 

factors that drive contributors to expend their effort and time in contributing data to VGI. 

In addition to looking at the categories of contributors to VGI, Coleman, Georgiadou, and 

Labonte (2009) examined the work of others who have studied open source software, 

Wikipedia, and VGI contributors to come up with the list of motivating factors for 

contributing to VGI as shown in Table 1.  

 

Table 1: Motivations Driving Contributors of VGI 
Motivator Description 
Altruism contributing purely for the benefit of others with no promise of 

gain  or  improvement  of  one’s  own  personal  situation.   
Professional or 
Personal Interest 

making a contribution as part of an existing job, mandate or 
personal project.  

Intellectual 
Stimulation 

improvement of technical skills, knowledge and experience gained 
through contributions 
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Protection or 
enhancement of a 
personal 
investment 

where offering a practical solution to a shared problem offers an 
immediate payback for participation through shared improvement 
of a common resource 

Social Reward by being part of a larger network or virtual community where -- 
through collaboration, discussion and development of the resource 
– contributors  acquire  “…a  sense  of  common  purpose  and 
belonging  that  unites  them  into  one  community”  and  encourages  
further sharing 

Enhanced 
Personal 
Reputation 

providing the opportunity for registered contributors to develop 
on-line identities that are respected, trusted and valued by their 
Wikipedian peers, thereby increasing their own sense of self-worth 

Self Expression provides an outlet for creative and independent self-expression 
Pride of Place where adding information about one's own group or community 

may be good for public relations, tourism, economic development, 
or simply demonstrating that one's own street or establishment is 
"on the map" 

 

Goodchild (2007) addressed two of these motivations specifically. Goodchild 

implied that altruism is a strong motivator when he pointed out that contributors to OSM 

may derive a certain personal satisfaction from seeing their own contributions appear in 

the patchwork, and from watching the patchwork grow in coverage and detail, but there 

can be little or no self-promotion in essentially anonymous contributions such as in OSM. 

Goodchild (2007) also pointed to the Professional or Personal Interest motivation when 

he stated that many users contribute volunteer information to Web 2.0 sites as a 

convenient way of making it available to friends and relations, irrespective of the fact that 

it becomes available to all and in this way are able to serve personal interests while 

simultaneously helping others. This latter type of motivator is seen in online image 

sharing because the images often include geographic coordinates. 
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Contrary to the positive motivations listed above, Coleman, Georgiadou, and 

Labonte (2009) found that some contributors to open source software, Wikipedia, and 

VGI have less than noble motivations. These users provide intentionally incorrect data 

and Coleman, Georgiadou, and Labonte (2009) identified three motivators for these 

contributors as shown in Table 2. 

 

Table 2: Motivations Driving Contributors to Disrupt VGI 
Motivator Description 
Mischief mischievous  persons  or  “vandals”  hoping  to  generate  skepticism  

or confusion by replacing legitimate entries with nonsensical or 
overtly offensive content 

Agenda independent individuals or representatives motivated by beliefs in 
a given community, organization or cause 

Malice and/or 
Criminal Intent 

individuals possessing malicious (and possibly criminal) intent in 
hopes of personal gain 

 

Each of these motivating factors will tend to drive the quality of the data created 

by these users. If each contributor could simply have their motivations documented, then 

assessing the accuracy of the data they contribute would be simple; however doing so 

would be virtually impossible in the current open source environment. Identifying which 

of these motivators is acting upon each individual contributor at any given time is not 

currently possible; however, acknowledging the existence of these motivators is critical 

to understanding the trends that might be observed in later analysis of the data. 

2.1.8 Types of Contributors 
Coleman, Georgiadou, and Labonte (2009) examined the work of proponents 

(Cook  2008;;  O’Reilly  2005;;  Tapscott  and  Williams  2008) as well as detractors (Keen 



18 
 

2007; Lanier 2006; McHenry 2004) of crowdsourcing and developed the following five 

overlapping categories to characterize contributors to VGI. Contributors at the top of 

Table 3 are the most common while the numbers of each type decrease as you move 

down the list. 

 

Table 3: Types of Contributors of VGI 
Contributor Description 
Neophyte Someone with no formal background in a subject, but possessing 

the interest, time, and willingness to offer an opinion on a subject 
Interested 
Amateur 

Someone who has "discovered" their interest in a subject, begun 
reading the background literature, consulted with other colleagues 
and experts about specific issues, is experimenting with its 
application, and is gaining experience in appreciating the subject 

Expert Amateur Someone who may know a great deal about a subject, practices it 
passionately on occasion, but still does not rely on it for a living 

Expert 
Professional 

Someone who has studied and practices a subject, relies on that 
knowledge for a living, and may be sued if their products, 
opinions and/or recommendations are proven inadequate, incorrect 
or libelous 

Expert Authority Someone who has widely studied and long practiced a subject to 
the point where he or she is recognized to possess an established 
record of providing high-quality products and services and/or 
well-informed opinions -- and stands to lose that reputation and 
perhaps their livelihood if that credibility is lost even temporarily 

 

Coleman, Georgiadou, and Labonte (2009) pointed out that when examining these 

users the first inclination of a mapping organization might be to assess a higher level of 

credibility or "trust" to contributions from another surveying or mapping organization or 

professional individual. To support this claim, Coleman, Georgiadou, and Labonte (2009) 

cited work by proponents of crowdsourcing (O’Reilly  2005;;  Tapscott  and  Williams  2008) 

who categorize  most  contributors  as  “Expert  Amateur”  or  “Interested  Amateur”,  while  
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detractors of the idea (Keen 2007; McHenry 2004) have provided anecdotes showing that 

most  are  “Neophytes”  or  misinformed  “Interested  Amateurs”.  Coleman, Georgiadou, and 

Labonte (2009) assert  that  even  users  who  are  “Neophytes”  can  provide  very  useful  VGI.  

Coleman, Georgiadou, and Labonte’s (2009) assertion is supported by the later work of 

De Leeuw et al. (2011) who studied the accuracy of VGI. De Leeuw et al. (2011) studied 

volunteers in Kenya and found that users with local knowledge performed comparably to 

those with local knowledge as well as surveying skills. The debate continues as to the 

quality of VGI; however the categories of users presented above are useful in helping to 

understand the types of contributors of VGI. As was the case with the motivators 

discussed above, directly assessing the abilities of individual VGI contributors is likely 

impossible. While some indications are that the type of contributor is important, it would 

appear that sheer numbers of contributors can also affect the accuracy of VGI. 

2.1.9 Number of Contributors 
Linus Torvalds is a software developer and father of the Linux operating system 

and proponent of open source software development. Torvalds believes that larger 

numbers of developers on a project will increase the quality of the product because 

“given  enough  eyeballs,  all  bugs  are  shallow”  (Raymond 1999). Haklay et al. (2010) 

demonstrated  that  Linus’  Law  holds  true  for  spatial  accuracy  in  VGI  data  asserting  that  

the spatial accuracy of the OSM data is comparable to that available from commercial 

and government sources and uses authors cited within this dissertation (Girres and Touya 

2010; Haklay 2010) as well as others to support their claim; however, they recognize that 

the  heterogeneity  of  the  quality  of  the  data  decreases  the  data’s  utility.  Haklay  et  al. 



20 
 

(2010) are  interesting  in  showing  that  Linus’  Law  holds  true  for  VGI,  because  if  it  does,  

then users would be able to use the method in Haklay (2010) to create a square kilometer 

grid over a study area and then use the number of contributors per grid as a proxy for 

accuracy. By examining the differences between OSM data and OS data, Haklay et al. 

(2010) were able to describe the error between the two datasets and compare the error, 

per grid cell, with the number of OSM contributors in each grid cell finding  that  Linus’  

Law does affect OSM data up until about thirteen contributors and after that the 

additional contributors do not increase the quality of the data substantially. Another 

metric that Girres and Touya (2010) investigated, which is associated with population, is 

the density of contributors where they identified a non-linear correlation between the 

number of contributors in and a decrease in the number of errors in the area. While they 

did not show a correlation between population density and number of contributors, Neis 

and Zipf (2012) identified a correlation between number of users and income when 

comparing work cities. 

The number of users is used as a surrogate for the motivation and type of data 

contributor. Within this dissertation, the demographics of the area will be used as a more 

robust estimator than simply the number of users in an effort to refine the data accuracy 

estimates that would be drawn from simply using the number of contributors. 

2.1.10 String Matching 
Comparing string attributes of nodes requires that a method be identified to 

perform the comparison. This research includes efforts to match similar names and 

addresses of records in an effort to identify matches that should be made, but that would 
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not automatically due to errors in the entry of the data. The method that is employed is 

the method developed by Ratcliff and Obserhelp in the 1980s and published by Ratcliff 

and Metzener (1988). The method is discussed in detail in Section 3.2.1. The pattern 

matching method was chosen in part because it is included within one of the embedded 

Python  libraries  and  that  language  is  embedded  in  ESRI’s  ArcGIS. While the pattern 

matching method by Ratcliff and Obershelp (Ratcliff and Metzener 1988) was used 

within this research, it is certainly not the only method available for comparing strings.  

Another similar and common method for comparing strings is the concept of edit 

distance developed by Levenshtein (1966). Edit distance assigns an integer value to the 

distance between two strings with lower numbers meaning that the strings are more 

similar. Each change required to bring the two strings closer to one another iterates the 

distance by one. 

One acknowledged limitation of the method used for string matching is that the 

methods herein are focused on matching names and addresses that are in the same 

language. If the algorithm were to be used on datasets that do not share the same 

language, then other methods have been developed for cross-language matching such as 

the work by Freeman, Condon, and Ackerman (2006). 

2.2 Relating Demographics and Accuracy 
As has been noted above, several authors have suggested that VGI data accuracy 

is generally better in higher population density areas but that the accuracy is 

heterogeneously distributed. This dissertation asserts that the distribution of the accuracy 

is correlated to the demographic properties of the area where the data was collected. 
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Haklay (2010) and Haklay et al. (2010) both touched upon the correlation of 

sociocultural factors and data quality. For instance, Haklay (2010) illustrated a 

correlation between socioeconomic status and OSM data collection within London. 

Specifically, Haklay (2010) graphed the number of data points collected against the 

socioeconomic status and found that the areas with the least number of points were in 

poorer areas. He went on to assert that the bias seen in the data is concerning because it 

shows that OSM is not an inclusive project because it shuns socially marginal places and 

residents. Haklay (2010) pointed out that government services, such as the Royal Mail 

and the OS are committed to providing inclusive coverage regardless of remoteness or 

social status of the inhabitants. VGI, as a result of its volunteer nature, does not promise 

the same inclusiveness. It has been shown that, for an area to be completely and 

accurately covered, not only does it need more contributors but also contributors that are 

undeterred  by  an  area’s  perceived  reputation  and  that  are willing to look through the 

curtain that socio-economic barriers draw (Haklay et al. 2010). Data users, when 

determining the fitness for use of a VGI dataset, must take into account the 

socioeconomic status within the area because of the potential effects it may have on the 

data accuracy. The research outlined in this dissertation uses the demographic properties 

of  the  study  regions  to  simulate  the  users’  behavior  which  in  turn  will  simulate  the  

accuracy. 

Section 2.1 examines several aspects of accuracy which could be used to assess 

the overall accuracy of VGI; however, much of the data that would be required to 

complete these assessments is not included within the VGI data. Specifically, the 
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Semantic Accuracy and Lineage of VGI tend to be poor; however, the Temporal 

Accuracy and Spatial Accuracy of VGI tend to be relatively high. The Completeness of 

VGI tends to be inconsistent with urban areas generally being more complete than rural 

areas. As a result of these properties of VGI, the accuracy assessment of VGI in this 

dissertation will focus on the Spatial Accuracy as well as the Completeness. The 

remainder of this subsection will provide some additional background information on the 

data that was selected for the analyses in this dissertation. 

2.2.1 VGI Attributes 
The only mandatory attribute to create VGI is the geographic location. 

Georeferenced images from Flikr and Panoramio constitute VGI so long as they have an 

identifiable geography regardless of whether or not they include any other contextual 

information. Often, the geospatial information is captured by the image capture device 

(e.g. smart phone) used and is automatically included with the image when it is uploaded 

to the web. This sort of geospatial information is captured with little or no effort by the 

user; however, some other information requires that the user participate in a more active 

way and as a result the information gathered is also richer. For example, OSM and 

MapKibera are efforts to map geography and events to make the data as widely available 

as possible. These initiatives operate more like a wiki where other users can add 

additional  attributes  and  information  to  another  user’s  data  all  the  while  richening  the  

data content. 

Within OSM, the minimal requirement for defining a node is a geometry and 

additional meaning is applied to the geometry using key-value pairs (Rehrl et al. 2013). 
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The user has the option of adding as many or as few of these key-value pairs as they 

choose. In general, each new pair provides additional context and depth. With each edit, 

the version number of the OSM record is incremented. In this way, the most heavily 

edited features can be identified. Mooney and Corcoran (2012) consider a heavily edited 

object in OSM to have at least 15 versions. Following the basic concept  of  Linus’  Law  as  

discussed earlier, records with higher edit counts should also be records of higher quality 

because each edit should improve the quality of the record. 

2.2.2 Demographic Attributes 
The US Census provides demographic information for the entire US every ten 

years. The Census data is broken down in a series of progressively smaller and nested 

geographic regions. Each of these representations of the data contains different attribute 

information. Census tracts are defined as small, relatively permanent statistical 

subdivisions of a county delineated by local participants as part of the U.S. Census 

Bureau's Participant Statistical Areas Program (U.S. Census Bureau 2012). The primary 

purpose of census tracts is to provide a stable set of geographic units for the presentation 

of decennial census data; however, the nature of these boundaries as relatively stable and 

representing roughly the same number of residents is appealing as a set of geographic 

boundaries for this dissertation. Within this dissertation, a subset of the overall 

demographics data was selected in an effort to capture the breadth of information 

available. Table 4 summarizes the eighteen demographic properties used to represent the 

socioeconomic status each tract and properties with similar characteristics are grouped 

together to facilitate a better understanding of how they were selected. For the analyses in 
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this dissertation, the demographic properties in Table 4 were extracted for the subject 

areas. 

 

Table 4: Demographic Properties from the Census Bureau Organized by Category 
Population Economic Status Education  Race/Ethnicity 

Total Population Median Household 
Income 

Percent without HS 
Diploma 

Percent White 

Population Density Median Home Value Percent with HS 
Diploma (and over 25 

years old) 

Percent White - Not 
Hispanic 

Median Age Percent Below 
Poverty Line 

Percent with BA 
Degree (or better) (and 

over 25 years old) 

Percent African 
American 

Percent Male Percent of Homes 
Receiving Food 

Stamps 

 Percent American 
Indian 

Percent Female   Percent Asian 
   Percent Hispanic 

 

2.3 Summary 
The focus of this dissertation is on crowdsourced VGI rather than AGI defined at 

the beginning of Chapter 2, and more specifically on the spatial accuracy and 

completeness of such information. It has been noted that public participation in geospatial 

mapping on the web has allowed citizen groups to map and provide local knowledge 

context that significantly advances the mapping project; however, others have noted that 

the characteristics of the information are less rigorous than traditional scientific data 

collection reporting, which could impact both feature content and attribution (Hall et al. 

2010; Elwood, Goodchild, and Sui 2013). Volunteered data is usually provided with little 

to no information on mapping standards, quality control procedures, and metadata in 
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general (Flanagin and Metzger 2008). Understanding and measuring the data quality of 

information provided by volunteers who may have unreported agendas and/or biases is a 

significant problem in geography today (Neis and Zipf 2012). A step towards 

understanding the potential data quality of volunteered data would be to quantify key 

quality characteristics for geospatial data, as were described in Section 2.1, that can 

reasonably be expected to be included in contributed datasets, and then be used to 

compare those characteristics against reference sources of data to quantify data quality.  

The assessment of the accuracy of volunteered geographical information has been 

the subject of earlier work, but that work has focused almost exclusively on the accuracy 

and completeness of linear features such as roads and walkways with a focus on 

analyzing nodes or points that comprise such features (Haklay 2010; Girres and Touya 

2010; Zielstra and Zipf 2010). VGI errors have been shown not to be random, and occur, 

as Feick and Roche (2013) point out, across spatial and thematic domains yielding data 

that must be assessed prior to operational use (Haklay 2010; Girres and Touya 2010; 

Zielstra and Zipf 2010; Feick and Roche 2013). 

Regarding point feature accuracy, efforts to date have focused primarily on road 

intersections (Haklay 2010), and have not evaluated the accuracy of other features that 

are commonly represented as points in VGI datasets. A representative example of such 

features is Points of Interest (POI) in OSM (Haklay 2010; Haklay and Weber 2008). In 

order to expand the current state-of-knowledge, error of point features will be compared 

to demographic properties. For this study VGI data in the United States (US) is used, 
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where government-provided sources are readily available; however, the concepts 

presented in this study have applicability to any geographic area or dataset. 

The previous discussion highlighted several aspects of data accuracy. For the 

remainder of this dissertation, the specific aspects of accuracy that will be reference are 

spatial  accuracy,  referred  to  as  simply  ‘accuracy’  for  the  remainder  of  this  dissertation. 

The following chapters will use the concepts discussed above to examine the relationship 

between VGI point feature data error, in the form of completeness and accuracy, and 

demographic data. Chapter 3 will detail a method for quantifying accuracy and 

completeness. A method for comparing the patterns in accuracy and completeness with 

that of demographic data is described in Chapter 4 while Chapter 5 holds a discussion of 

another method for comparing edit pattern analysis with demographic data in an effort to 

cover a broader spectrum of point feature types as well as a broader geography than that 

which is covered in Chapters 3 and 4. Chapter 6 includes a summary or the work in this 

dissertation as well as a review of potential future research in this area. 
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CHAPTER 3 - ANALYSIS OF ACCURACY AND COMPLETENESS 

This chapter details the methodology used to quantify accuracy and completeness. 

The chapter begins by discussing the study area and data sources to be used for the 

analysis in Section 3.1. Section 3.2 includes the method for comparing the data, a 

discussion of the algorithm, followed by a presentation of the output of the comparison as 

the accuracy and completeness. 

3.1 School Data Used 
One way to assess data is to compare a dataset of known quality (reference 

dataset) with a dataset of unknown quality (test dataset) to quantify the differences. 

Within the Denver, Colorado metropolitan area, three datasets are available with each of 

them representing the same entities, schools, but having been developed using three 

methods with three different goals in mind. The Oak Ridge National Labs (ORNL, “EPA  

Environmental  Dataset  Gateway”  2012) produced a dataset using standard practices, 

trained personnel, and representing schools for the Denver metropolitan area. The ORNL 

dataset would be categorized as a reference dataset. OSM data is contributed by users of 

the data while the motivations of the contributors, skill of the contributors, and methods 

of data collection are unknown. Due to the uncertainty, the OSM data would be 

considered a test dataset within this research. Similarly, the OpenStreetMap Collaborative 

Prototype (OSMCP, Wolf et al. 2011) dataset was contributed by volunteers; however, 

the methods used were somewhat standardized and the data was validated by trained 

professionals. As a result, the OSMCP data could be considered either a reference dataset 
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or a test dataset because it should contain fewer inconsistencies or errors than the OSM 

data, but more than the ORNL data; however, within these analyses, the OSMCP data 

will be used as an additional test dataset. Before a more detailed discussion of the data 

can take place, the study area of the research should be discussed. 

3.1.1 Study Area 
The study area for the comparison presented here is dictated by the footprint of 

the OSMCP data since both the ORNL and OSM data include the entire US. The OSMCP 

study area is located completely within the Denver-Aurora-Broomfield Colorado 

Metropolitan Statistical Area (MSA) as defined by the Census Bureau (U.S. Census 

Bureau 2012). The study area covers a large percentage of the City and County of 

Denver, including downtown Denver, extends into portions of the surrounding Arapahoe, 

Jefferson, and Adams Counties as shown in Figure 1, and encompasses approximately 

228.5 square miles. The study area consists predominately of commercial, industrial and 

residential neighborhoods commonly found in heavily urban areas, and includes a 

population of just under 1,100,000 people, or approximately 43% of total MSA 

population of 2.54 million. 
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Figure 1: Study Area 
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3.1.2 Oak Ridge National Labs dataset 
The Geographic Information Sciences and Technology Group at ORNL generates 

the schools dataset which is composed of all Public elementary and secondary education 

in the United States as defined by the Common Core of Data, National Center for 

Education Statistics (NCES), US Department of Education (“EPA  Environmental  Dataset  

Gateway”  2012). The data is hosted on the Internet in several locations including the 

EPA Environmental Dataset Gateway and United States Geological Survey (USGS) 

National Map. Because the NCES is mandated by the US Congress to maintain education 

statistics, the ORNL refrains from editing the data and modifies only those fields which 

are required to spatially location the schools (“EPA  Environmental  Dataset  Gateway”  

2012). Specifically, the ORNL validates the latitude, longitude and NAICS codes for the 

schools. In addition, the field which stores the most recent date of update is adjusted if 

ORNL makes any adjustments to the data records. The ORNL dataset is a good choice as 

a national reference dataset because it is based upon information from the Department of 

Education’s  database  which  has  been  further  enhanced  to  improve  the  attributes  of  the 

data. 

ORNL data was obtained from the National Map Viewer 

(http://viewer.nationalmap.gov/viewer/). The "Download Data" feature on the viewer 

interface was leveraged. A bounding box was drawn around the study area, as shown in 

Figure 1, using the map interface to identify the area. The "structures" dataset was 

identified and the File Geodatabase and Shapefile formats were requested. The 

Struct_Point feature class was selected from the Foundation Feature dataset within the 

geodatabase. Education points were selected from the Struct_Point feature class by using 
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the Select Tool from the Analysis Toolbox in  Esri’s  ArcGIS  software. The query used 

within the Select Tool was "FType" = 730 and "Source_Originator" = 'Oak Ridge 

National Laboratory, Geographic Information Sciences and Technology Group'. The 

FType is the feature type and features with a type of 730 are education. National Map 

data includes data from several sources, so the Source_Originator property was used to 

isolate ORNL data. The resulting selection reduced the Struct_Point feature class to 402 

records representing schools in the study area. The selected features were then saved as a 

new feature class representing only the ORNL schools within the study area. 

3.1.3 OpenStreetMap dataset 
Users contributed OSM data in a wiki-style format through several means. First, 

the web site includes an online tool called Potlatch (“Beginners  Guide  1.3  - 

OpenStreetMap  Wiki”  2012) which has been developed to allow users to upload GPS 

data and edit the OSM data online. Users can also download an application called the 

Java OpenStreetMap Editor (JOSM) (“Beginners  Guide  1.3  - OpenStreetMap  Wiki”  

2012) which provides users with a more robust editing environment. In addition, 

smartphone applications (e.g. Pushpin OSM, POI+, Go Map!!, Goosm) as well as plug-

ins for GIS software applications (e.g. ArcGIS Editor for OSM) have been developed to 

allow users to contribute to OSM through many venues (“Editing  - OpenStreetMap 

Wiki.”  2014). 

The structure of OSM data is similar to Extensible Markup Language (XML) and 

is saved as a series of tags (key-value pairs). Suggested tags for any feature type are 

provided on the OpenStreetMap wiki (“OpenStreetMap  Wiki”  2012); however, users are 
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free to include any tags that they wish when contributing the data (Rehrl et al. 2013). The 

advantage of using a dataset like OSM, which has a flexible structure, is that new feature 

types can quickly be supported within the existing structure; however, the disadvantage 

of a flexible structure is that the attributes of data tend to be inconsistently applied and 

therefore fit poorly into a traditional database table. 

While many of these attributes are inconsistently applied, some commonalities do 

exist for schools data. Within the US, schools data from the Geographic Names 

Information System (GNIS) (“U.S.  Geological  Survey  - National  Hydrography  Dataset”  

2012) was ingested into OSM in 2009 (“USGS  GNIS  - OpenStreetMap  Wiki”  2013). The 

GNIS is the official repository of domestic geographic names data in the US and as a 

result of its limited mission, the GNIS maintains very limited attribution for schools, 

including only: name, latitude, longitude, and GNIS designator (“BGN:  Domestic  Names  

- Main”  2013). OSM records that have not been modified since the bulk upload in 2009 

would contain no additional information aside from what was included in the GNIS at 

that time. One interesting property of the GNIS dataset is that it includes historic data for 

facilities that may or may not be in existence any longer. These records are designated 

with  the  word  “historical”  concatenated  to  the  end  of  the  name  field,  but  these  historic  

records were loaded into OSM. While a query could be used to remove the records, they 

were maintained for these analyses because these facilities are large and expensive and 

often reused again at a later time, so they could be useful for the matching algorithms. 

The OSM data was downloaded from the Internet. 

(http://downloads.cloudmade.com/americas/northern_america/united_states/colorado#do

http://downloads.cloudmade.com/americas/northern_america/united_states/colorado#downloads_breadcrumbs
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wnloads_breadcrumbs) The data was downloaded on 13 December, 2012 and represented 

OSM data as of 16 November, 2012 which was the most recent data at the time. The 

points of interest data, provided in shapefile format projected in WGS-84 was extracted 

and then clipped to the boundary of the USGS study area, yielding 4,285 points. The data 

was then projected into the Central Colorado State Plane system. The data in the 

shapefile includes four attributes: FID, Shape, Category, and Name. Significantly, to this 

study, the Name attribute is a concatenated function and name. For example, Place of 

Worship:Applewood Baptist Church, Restaurant:Bonefish Grill, Café:Einstein Brothers, 

Pub:Baker Street Pub and Grill; and School:Alpine Valley School. No attributes 

associated with address or grade levels were included in the OSM extracted data so the 

names themselves had to be used to extract schools from the other data.  

The Select Tool from the Analysis Toolbox in Esri’s ArcGIS software was used 

to generate a new dataset using the following query: "name" like '%school%'. The new 

dataset indicated that 406 schools were within the OSM dataset. Because much of the 

OSM schools dataset was derived from the GNIS it includes 48 historical records. The 

406 selected records were used to create a new feature class representing OSM schools 

within the study area. 

3.1.4 OpenStreetMap Collaborative Prototype dataset 
Collecting data is expensive. The USGS recognized this fact years ago and has 

been looking to develop alternative methods for gathering data in an effort to reduce their 

data collection costs by allowing the data users to help keep the data current. In the 

1990s, the USGS solicited volunteers to update the information located on the USGS 

http://downloads.cloudmade.com/americas/northern_america/united_states/colorado#downloads_breadcrumbs
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quadrangle maps in an effort to expedite map updates. The program was initially called 

Earth Science Corps and was later renamed The National Map Corps (Wolf et al. 2011). 

In January 2010, the USGS held a conference with interested parties in an effort to 

identify methods for updating their maps which could leverage the explosive growth of 

VGI. The end result of this meeting was the OpenStreetMap Collaborative Prototype 

(OSMCP) which was intended to borrow the IT infrastructure of OpenStreetMap, adjust 

the content, apply some controls, and then solicit volunteers, with minimal training, to 

contribute data. The OSMCP was conceived as a multi-phase process. The first phase 

involved setting up the OSM technology baseline for use by the USGS to verify that the 

data could be ingested and manipulated to meet the project standards. The second phase 

used the OSM technology to generate the data used in this dissertation. The data was 

generated by adding a workflow management component to the OSMCP interface. The 

school data used in this research was extracted from the overall OSMCP dataset. 

Volunteers were solicited from Universities local to Denver, Colorado and the students 

were tasked with populating the database. The students were provided with some basic 

information about the schools in the area, but were expected to location missing schools, 

remove erroneous schools, and update any schools with errors. Some students collected 

observations while others were tasked with verifying the work of their peers to ensure 

that information was added in a consistent manner. Capitalization rules and abbreviations 

were specified for the project and the verifiers were asked to double-check the work of 

their peers. In addition, USGS staff checked the entries once more after the students had 

completed the data collection and verification two-step process. 
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The OSMCP data was obtained from the USGS project team. The data file 

containing schools was reprojected to State Plane Colorado Central to match the ORNL 

data and also to facilitate useful distance measurement. The data did not need to be 

clipped, as was done for the other data, because the project area for the OSMCP defines 

the project area for the research in this chapter; however, the records which were schools 

did need to be extracted. 

Education points were selected from the OSMCP data using the Select Tool from 

the Analysis Toolbox in  Esri’s  ArcGIS  software. The query used within the Select Tool 

was "FType" = 730. The FType is the feature type and features with a type of 730 are 

education. The resulting selection reduced the OSMCP dataset to 412 records 

representing only schools in the study area. 

Table 5 includes a summary of the school counts for each data source within the 

project area. This very crude metric depicts data that may well be very similar since each 

dataset has a similar count; however, additional analysis is required to confirm whether 

these datasets have identified the same schools and how close, physically, these school 

data points are to one another.  

 

Table 5: Summary of School Count for each Data Source within the Project Area 
Source School Count 
ORNL 402 
OSM 406* 

OSMCP 412 
*Includes 48 historical school locations 
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3.2 Data Comparison 
The previous section details the datasets which were used in this dissertation and 

their significance while this section examines the methods used to quantify the 

differences between the datasets. For this dissertation, a methodology based upon the 

work of Goodchild and Hunter (1997) and Hunter (1999) was developed using the 

Python language which is embedded in Esri’s  ArcGIS software. Python was selected 

because of the extensive GIS libraries available through ArcGIS. Performance was a 

concern; however, script performance was acceptable within the context of this research.  

Before the datasets could be compared, the attributes to be used for the 

comparison needed to be identified. Because of the limitations within the attribution of 

the datasets that were used, two key attributes were selected to match records to each 

other in an effort to select attributes that will be available to the greatest cross-section of 

the data. The first attribute was the name of the record and the second attribute was the 

street address of the record. Using these two attributes, matches could be identified so 

that the spatial error between the matched schools could be computed. Matches were 

made using automated as well as manual matches with a focus on leveraging Python to 

the greatest extent possible to automatically match schools to each other. Once the 

automated methods were exhausted, then the user was required to search for a match 

manually using ArcGIS. The following subsections outline the automated and manual 

matching methods used in this research. 

3.2.1 Automated Data Matching 
The method identified above, which uses a reference and test dataset for a 

comparison, was used for the comparisons in this research. The following identifies the 
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procedures followed to compare the reference and test datasets identifying matches and 

differences between the datasets. The algorithm leverages the name and address attributes 

from each dataset for the matching process. For that reason, the datasets should have 

name and/or address attributes that can be used for the analysis to maximize the matching 

results. In addition, the spatial reference of each dataset should be the same and should be 

in units that make sense for comparing distance. WGS84 data is unlikely to yield useful 

matching because the distance measures will be in degrees. For this analysis, the Central 

Colorado State Plane projection in meters was used so that measurements within the 

results are in meters. All three datasets included name and address fields, although none 

of the OSM school data within the OSMCP study area included address information. 

The steps described in the remainder of this subsection were automated using 

Python. The ArcGIS toolbox including the Python script is available for download at: 

http://www.arcgis.com/home/item.html?id=6eb098be728343cf877064f5c602e417. Using 

the interface of the tool, the user only needs to call up the user interface depicted in 

Figure 2, fill in the required information, and then allow the algorithm to complete its 

process. The user identifies the Reference Dataset and the Test Dataset and the Output 

Dataset within the user interface. The user also must identify the Name and Address 

fields that will be used for the comparison. After the datasets and the fields have been 

selected, the user selects the OK button and the script will begin execution. 
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Figure 2: The Dataset Comparison Script User Interface 

 

The automated procedure begins by calling the Spatial Join tool from the Overlay 

toolset within the Analysis Tools tool box of  Esri’s  ArcGIS  software. The spatial join 

matches each record in the reference dataset to the closest record in the test dataset. The 

spatial join then records the distance between the two points in a new attribute called 

Dis2Mtch. The results of the spatial join are used to create the new feature class defined 

by the user in the user interface depicted in Figure 2. The initial matching using the 

spatial join is crude, but efficient. Furthermore, many of these closest matches will later 

be identified as correct matches by the algorithm. 

With the spatial join being complete, the results are analyzed to determine 

whether the closest features are a true match since the two closest features do not 

necessarily represent the same feature; however, before the analysis begins, one 

additional attribute, MatchMethod, is added to the new joined datatset and all records are 

assigned a value of 0 denoting that they have not yet been analyzed by the algorithm. 
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The MatchMethod attribute is added to capture the method that will be used to 

match the features. While the specific method used to match the features is not used 

within the final analysis, it is useful when trying to understand how the algorithm was 

able to identify a match to facilitate analysis and understanding of the results. Valid 

values for MatchMethod are from 0 to 11 as shown in Table 6.  

 

Table 6: Values Used to Track Record Matching 
Match 
Method 

Description 

0 Record not yet analyzed 
1 Fully automated name match derived from closest record 
2 Fully automated name match using any other record 
3 Fully automated name match using difflib string comparison to closest 

record 
4 Fully automated name match using difflib string comparison to any 

other record 
5 Manual match using name 
6 Fully automated address match derived from closest record 
7 Fully automated address match using any other record 
8 Fully automated address match using difflib string comparison to 

closest record 
9 Fully automated address match using difflib string comparison to any 

other record 
10 Manual match using map/address 
11 No match identified 

 

The next few paragraphs detail the procedures that the algorithm goes through in 

order to identify automated matches. The order presented below matches the order used 

within the tool itself as it attempts to search for matches in a way that maximizes the 

speed of the processing while balancing that against the highest possibility for identifying 
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a valid match. The algorithm moves through the dataset one record at a time. It will 

exhaust all potential match methods for each record and then move to the next record. 

 

 
Figure 3: Example of Automated Matching Method 1 

 

The algorithm first examines the two schools that were identified using the spatial 

join to determine whether the names of these two records are exact matches for each 

other. Figure 3 provides an example of a match where the closest records are both name 

“Berkeley  Gardens  Elementary  School”.  After some initial testing, the observation was 

made that some of the data sets used in the analysis do not consistently include the word 
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‘school’  in  the  school  names. For example, one dataset may record the name as Pineridge 

Elementary while another records the name as Pineridge Elementary School; therefore, 

the algorithm was enhanced to also examine whether the matched records were an exact 

match  if  the  word  ‘school’  was  added to the end of the record. If the two records are 

found to match using the criteria, then the MatchMethod value is updated to 1 and the 

script moves on to the next record. If the records are not an exact match using the name 

attribute, then additional analyses are pursued. 

 

 
Figure 4: Example of Automatic Matching Method 2 
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The algorithm next examines the entire test dataset to determine whether the name 

of any of the other test records is an exact match for the reference record. Figure 4 

provides  an  example  where  two  records  are  both  named  “Contemporary  Learning  

Academy  High  School”.  While  these  two  records  are  not  the  closest  two  records  to each 

other, they are referencing the same facility.  

If the two records are found to match using the criteria on the name attribute, then 

the algorithm examines the distance between the two matched records to ensure that the 

distance is within a threshold identified in the script. This feature was added because 

testing on some larger datasets identified that some schools have identical names, but 

they were in adjacent towns and therefore should not be identified as matches. If the 

distance between the matched records was too great, then the match was dropped and the 

algorithm continued to search for a new match, but if the match was within the threshold, 

then the match is deemed valid and the MatchMethod is updated to 2. The script then 

updates the distance between the matched records and also copies the name and address 

from the test record to the reference record to replace these values that were added by the 

Spatial Join. If no test record is found to be an exact match for the reference record, then 

additional analyses are pursued. 
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Figure 5: Example of Automatic Matching Method 3 

 

The third thing that the algorithm looks for is a comparison of the similarity 

between the reference and test datasets as matched by the Spatial Join. In some cases, 

these closest records were intended to represent the same school, but as a result of slight 

dissimilarities in the spelling, they were not matched as exact matches. Figure 5 is an 

example  of  this  type  of  similar  match.  “Watch  Care  Academy”  is  matched  to  “Watch-

Care  Academy”  using  a  pattern  matching  algorithm. 

A library within Python called the difflib library was used to identify names 

which were very close to each other. The difflib method is based on a pattern matching 
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algorithm developed in the late 1980s by Ratcliff and Obershelp (“7.4.  Difflib  — Helpers 

for Computing Deltas — Python  v2.7.3  Documentation”  2012). The difflib library 

includes a ratio method that quantifies the similarity between two strings with a value of 

0 signifying dissimilar and 1 signifying identical. Through experimentation during the 

first few runs of the analysis, a ratio value of 0.83 was determined to be a threshold that 

would allow for accurately matching records that were previously missed without 

matching names that should not be matched. If the two records are found to match using 

the ratio criteria, then the MatchMethod is updated to 3 and the script moves on to the 

next reference record. These first three methods are relatively quick to run; however, the 

next method that would be run using the names is computationally more intensive, so the 

algorithm switches over the address fields following a similar series of methods as 

method one through three. 

Next, the algorithm turns to the address information to determine whether the 

addresses of the two records that were joined using the Spatial Join are exact matches for 

each other. If the two records are found to match using the address criteria, then the 

MatchMethod is updated to 6 and the script moves on to the next reference record. If the 

records are not an exact match using the address attribute, then additional analyses are 

pursued. 

Following a similar methodology as was discussed previously for the name 

attribute, the algorithm then examines all of the other test records to determine if any of 

them are a match for the address of the current reference record. If two records are found 

to match using the criteria on the address attribute and the distance between them is less 
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than the same threshold identified previously, then the MatchMethod is updated to 7. The 

script then updates the distance between the matched records and also copies the name 

and address from the test record to the reference record to replace these values that were 

added by the Spatial Join. If no test record is found to be an exact match for the reference 

record, then the algorithm continues to look for a match. 

The difflib library identified above is once again leverage to determine whether 

the closest matched records have similar properties, although this time the address is used 

instead of the name. When comparing addresses, the address numbers should be identical 

while the street names might be somewhat different as a result of the use of abbreviations 

or misspellings. To accommodate this requirement, the addresses had to be parsed into 

their numeric and alphabetic components and each of these compared individually. 

Because of the changes in the method for this usage of the difflib library as well as based 

upon initial experimentation, the minimum ratio for identifying a match within the name 

portion of the address was determined to be 0.75 while the minimum ration for 

identifying the street number portion of the address was determined to be 0.97. If the two 

records are found to match using the ratio criteria on the address attribute, then the 

MatchMethod is updated to 8 and the script moves on to the next reference record. 

Otherwise, additional analyses are pursued. 

The next comparison blends two of the previous comparisons together. The 

algorithm uses the reference name and looks throughout the test dataset to see if any 

records are similar matches as identified by the methods in the difflib library. If a match 

is found that has a ratio value above the minimum threshold (0.85) and also a distance 
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between the records that is below the maximum distance allowed for a match, then these 

two records are recorded as a match.  Figure 6 provides  an  example  where  “Good  

Shepherd  Catholic  School”  is  matched  to  “Good  Shepherd  Catholic  Middle  School”  

using the pattern matching. 

 

 
Figure 6: Example of Automatic Matching Method 4 

 

If a match is found, the MatchMethod value is changed to 4 and then the name 

and address values from the test record are copied to the reference record and the distance 
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between the matched records was updated. If no match is found, then one more 

automated match method is attempted. 

The final automated matching algorithm follows the format of the previous 

method except that it uses the address attribute instead of the name attribute. As was 

previously discussed, using the difflib library to match addresses is somewhat more 

complicated because two addresses that share identical street names, but different 

numbers are not the same while addresses with the same number, but only slightly 

different names may be the same. For example, 1567 George Mason Drive is the same as 

1567 George Mason Dr., but 1567 George Mason Drive is not the same as 1577 George 

Mason Drive. The numeric and alphabetic portions of the addresses were used to identify 

matches using the difflib library. If a match was identified, then the distance between the 

records was compared to the maximum allowed distance. If the matched records were 

within that maximum threshold, then the MatchMethod value was set to 9 and the 

algorithm updated the distance between the matches and the name and address from the 

test record. 

This subsection describes the eight match methods that were automated within the 

algorithm in an effort to identify as many matches as possible. Table 7 provides a 

summary of the automated match results and clearly shows that the majority of the 

automated matches were made using exact matched of the name and address attributes. 

After all automated methods are exhausted; analysis of the data turns to manual methods 

described in the next subsection. 
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3.2.2 Manual Data Matching 
If the automated algorithms complete their processing without identifying a 

method capable of matching the reference record to one of the test records, then the 

reference record retains a MatchMethod value of 0. Manual matches that are made using 

the names of the records are coded with a MatchMethod value of 5 while those that are 

made using the address are coded with a value of 10. The specific methods used to 

identify the matches are outside the scope of the automated algorithm so they are 

conducted using the editing capability integrated into Esri’s  ArcGIS software. To conduct 

the analysis, both the reference and test datasets are plotted within the map interface. 

Each record with a MatchMethod value of 0 is then analyzed, in turn, in an effort to 

identify a match.  

A typical pair of values which might be matched manually is illustrated in Figure 

7. The difflib ratio method results in a value of 0.65; however, based upon the names of 

the two schools and their close proximity, these features would be matched based upon 

their name and assigned a MatchMethod value of 5. The user would then be required to 

manually copy the name and address from the test dataset (OSMCP in Figure 7) to the 

reference dataset (ORNL in Figure 7) and then update the distance between the two 

points. A very similar process would be followed looking for a record with a similar 

address except that the MatchMethod value is changed to 10 followed by updates to the 

distance, name, and address. If no match can be found, then the MatchMethod is changed 

to 11 indicating that no match was found. The process is repeated until no record with a 

MatchMethod of 0 remains upon which time, the matching procedure is complete. 
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Figure 7: Example of Manual Match Using Name 

 

Table 7 provides a detailed view of the types of each match that were identified 

using the automated (1-4 and 6-9) and manual (5 and 10) techniques comparing the 

reference dataset (ORNL) to the two test datasets (OSM and OSMCP). In general, the 

automated routines performed fairly well. The results indicate that the algorithm was 

more likely to match the ORNL dataset to the OSMCP dataset in part because the 

OSMCP data includes address information. Table 7 shows that the comparison between 

ORNL and OSM did not yield any automated address matches. 
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Table 7: Matching Results for the Comparison of ORNL to OSM and ORNL to OSMCP 
MatchMethod ORNL-OSM ORNL-

OSMCP 
1 182 208 
2 12 11 
3 30 46 
4 1 0 
5 51 21 
6 0 51 
7 0 1 
8 0 12 
9 0 0 
10 11 7 
11 

(Unmatched) 
115 45 

 402 402 
 

The matching results depicted in Table 7 show a difference in the matching 

results between ORNL-OSM and ORNL-OSMCP. For the comparison between ORNL 

and OSM, 56% of the records were automatically matched, 15% of the records were 

manually matched, and 29% of the records were unmatched. The ORNL to OSMCP 

comparison yielded higher matching results with 82% being matched automatically, 7% 

being matched manually, and 11% remaining unmatched. After inspection of the records 

which were matched using the difflib method, all records were confirmed to be valid 

matches based on either the name or address. Furthermore, the relatively low manual 

match percentages presented above indicate the automated methods were able to 

accurately match a good portion of the records. 

Following completion of the automated and manual matching procedures, two 

quality factors related to the data could be quantified. The accuracy of the data is 

analyzed by examining the spatial error of the matched records. The completeness is 
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analyzed by evaluating the relationship between the matched and unmatched records. The 

following two subsections discuss accuracy and completeness and subsequent sections 

will examine the relationship between these two quality factors and demographics. 

3.2.3 Accuracy 
Accuracy, within the context of this dissertation, refers to the spatial accuracy of 

the matched records as discussed in Section 2.1.2. The matched records are those that 

have a MatchMethod value of 1-10. Because these records have been matched they also 

include a distance to their matching record and this distance represents their accuracy. 

For the ORNL to OSM comparison, 287 of the 402 records can be used for 

accuracy analysis. For the ORNL to OSMCP comparison, 357 of the 402 records can be 

used. New datasets were created from the earlier results by selected records that have a 

MatchMethod value in the range 1-10 and then exporting the results to a new feature 

class. 

3.2.4 Completeness 
Analyzing completeness involves the relationship between the matched and 

unmatched reference records as discussed in Section 2.1.3. As was presented in Table 7, 

the analysis involving OSMCP included a higher percentage of matches and therefore 

would be considered more complete. To evaluate completeness, all records with a 

MatchMethod less than 11 were identified as being present while all points with a 

MatchMethod of 11 were identified as being absent. 
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The distribution of the accuracy and completeness will play an important role in 

the next section where the patterns in this distribution will be compared with 

demographics for the area to determine whether a relationship exists between the two. 

3.3 Summary 
This chapter provided a detailed summary of a method for quantifying accuracy 

and completeness when comparing a reference dataset to a test dataset. The method was 

implemented within the Python language and implemented  as  a  Tool  within  Esri’s  

ArcGIS software. The tool provides a repeatable method for performing future 

comparisons and can be used by other researchers to compare additional datasets. In the 

next chapter, there accuracy and completeness data resulting from these analyses will be 

compared to various demographic properties in an effort to identify the relationship 

between them. 
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CHAPTER 4 - COMPARISON OF ACCURACY AND COMPLETENESS TO 
DEMOGRAPHICS 

One goal of this research is to determine whether or not the demographics of an 

area affect the quality of the VGI data in that area. In this chapter, the relationship 

between the accuracy and completeness, as defined in the previous chapter, is examined. 

The analyses were broken into two broad categories. The first are statistical distributions 

that look for patterns in the data using several traditional methods for analyzing data. The 

second category of methods is geospatial in that these methods account for the unique 

characteristics of spatial data. Several methods were used in an effort to maximize the 

chance of finding a statistically significant relationship between accuracy or 

completeness and the demographics of the area. 

Before the analyses could take place, the demographic properties of the US 

Census Tract data were extracted, as detailed below, and then transferred from the tracts 

to the school point records using a spatial join. After the spatial join, each of the eighteen 

demographic properties from the tract in which each school is located was transferred to 

the schools dataset. These new demographic attributes were used within the methods 

discussed below in an effort to identify a relationship between the accuracy and 

completeness computed previously and the demographic data. 

Several methods were employed in an effort to identify a relationship between 

error and demographics. The methods can be groups into two broad characteristics 

depending on whether the methods are traditional statistical methods or geospatial 

statistic methods. 



55 
 

Principal Component Analysis (PCA) was used to determine whether any 

collection of demographic properties grouped together might yield a strong correlation 

between the demographic properties (Press and Wilson 1978). Linear Regression was 

used to identify any association of the accuracy component and demographic properties 

at the feature locations. Lastly, discriminant analysis of the completeness datasets 

(presence/absence) was conducted to establish the statistical similarities of respective 

demographic properties for each feature.  

In addition, demographic characteristics of the feature locations were also 

assessed using spatial statistics methods, including: exploratory regression (de Smith, 

Goodchild, and Longley 2007); Anselin’s (1995) Local Indicators of Spatial Association 

(LISA); and Geographically Weighted Regression (GWR; Fortheringham, Brunsdon, and 

Charlton 2002) against the accuracy element of VGI quality. A discussion of each 

approach is outlined below. Before any analyses could take place, the relevant US Census 

attributes described previously were obtained from the US Census and process as 

described in the next section. 

4.1 Census Data Used 
The US Census data was acquired in the form of TIGER/Line® Data Pre-joined 

with Demographic Data (http://www.census.gov/geo/maps-data/data/tiger-data.html). 

The 2010 Census Tract information including race was acquired from the DP1 file that 

was downloaded as a geodatabase. The DP1 file included the attributes identified within 

the Race/Ethnicity column in Table 4. The DP1 file also included most of the attributes 
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identified within the Population column in Table 4 except for Population Density, which 

is computed using the population and the area of the tract. 

US Census data for other attributes was acquired by downloading the 2007 – 2011 

American Community Survey 5-Year Estimates Data Profiles – Geodatabase Format. 

The file includes geometries for the tracts, by state, so Colorado was downloaded. The 

file includes the attributes from the following Data Profiles: 

x DP02 - Selected Social Characteristics in the United States 

x DP02PR - Selected Social Characteristics in Puerto Rico 

x DP03 - Selected Economic Characteristics 

x DP04 - Selected Housing Characteristics 

x DP05 - ACS Demographic and Housing Estimates 

Table 8 documents the names of the attributes identified above in Table 4 along 

with their attribute name from the geodatabase. 

 

Table 8: US Census Source of Demographic Properties 
Demographic Property Data Set Column Name 

Total Population DP1 DP0010001 

Population Density Derived from DP1 and 

Area 

PopKm2 

Median Age DP1 DP0020001 

Male Population DP1 DP0010020 

Female Population DP1 DP0010039 
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Median Household 
Income 

DP3 HC01_VC85 

Median Home Value DP4 HC01_VC125 

Percent Below Poverty 
Line 

DP3 HC03_VC156 

Percent of Homes 
Receiving Food Stamps 

DP3 HC03_VC99 

Percent without HS 
Diploma 

Derived from S1501 HC01_EST_VC16Mod 

Percent with HS Diploma 
(and over 25 years old) 

S1501 HC01_EST_VC16 

Percent with BA Degree 
(or better) (and over 25 

years old) 

S1501 HC01_EST_VC17 

White Population DP1 DP0080003 

White - Not Hispanic 
Population 

DP1 DP0110011 

African American 
Population 

DP1 DP0080004 

American Indian 
Population 

DP1 DP0080005 

Asian Population DP1 DP0080006 

Hispanic Population DP1 DP0110002 

 

The Median Household Income and Percent Below Poverty Line was obtained 

from the American Community Survey (ACS) 2011 data that was downloaded as a csv 

file from the American Factfinder web site. The table is referred to as the DP03 file. The 

csv file was then converted to a geodatabase table and joined to the Tracts from the DP1 

file using the tract ID. 

The educational information was obtained from the ACS 2009 data that was 

downloaded as a csv file from the American Factfinder web site. The table is referred to 
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as the S1501 file. The csv file was then converted to a geodatabase table and joined to the 

Tracts from the DP1 file using the tract ID. 

The Median Home Value was obtained from the ACS 2011 data that was 

downloaded as a csv file from the American Factfinder web site. The table is referred to 

as the DP4 file. The csv file was then converted to a geodatabase table and joined to the 

Tracts from the DP1 file using the tract ID. 

The Percent of Homes Receiving Food Stamps data was obtained from the ACS 

2011 data that was downloaded as a csv file from the American Factfinder web site. The 

table is referred to as the S2201 file. The csv file was then converted to a geodatabase 

table and joined to the Tracts from the DP1 file using the tract ID. 

Once all of the tables had been joined together using the tract ID, the table was 

very large and this degraded system performance, so the attributes identified in Table 8 

were extracted from the joined tables, all unneeded columns were removed from the data, 

and then the joins were removed. The result was a table in the geodatabase that includes 

the basic attributes of each Census tract along with the desired demographic properties. 

With the census data properly prepared, a spatial join was executed using the accuracy 

and completeness data from the previous chapter. The result was a point feature class 

representing schools, with each school having values for the demographic properties from 

the tract where the school resides. With the accuracy, completeness, and demographic 

data collocated, the analyses could begin. 
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4.2 Statistical Distribution 
This section examines several statistical methods that were used to evaluate 

whether the accuracy and/or completeness were related to the demographic properties. 

The following subsections illustrate how principal component analysis, linear regression, 

and discriminant analysis were used. 

4.2.1 Principal Component Analysis 
PCA was used to identify which of the demographic properties were related to 

each other, which properties substantially contributed to the relationship, and which 

properties could be eliminated from the analyses. The purpose of this assessment is to 

reduce the dimensionality of a dataset consisting of interrelated variables, while retaining 

as much as possible of the variation present within the original dataset. This is 

mathematically achieved by transforming the original dataset to a new set of variables, 

the principal components (PCs), which are uncorrelated but are ordered so that the first 

few retain most of the variation present in all of the original variables (Andrews et al. 

1996). 

PCA works best with data that share a common scale (Andrews et al. 1996). Most 

of the demographic data is already captured in percentages, so their scale ranges from 0 

to 1. The remaining attributes (Total Population, Population Density, Median Age, 

Median Household Income, and Median Home Value) must be scaled to fit within the 

range of 0 to 1 in order to allow the PCA analysis to properly identify relationships. The 

transformation to compute the new scaled value for each attribute record is 

straightforward, as shown in Equation 1: the minimum and maximum attributes are 

determined, and then the minimum is subtracted from the maximum to establish the 
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range, finally the minimum is subtracted from the actual value and the result is divided by 

the range, yielding scaled value for that attribute. 

 

𝑛𝑒𝑤𝑉𝑎𝑙 =
𝑐𝑢𝑟𝑟𝑉𝑎𝑙 − 𝑚𝑖𝑛
max−  𝑚𝑖𝑛

 
Equation 1: Computation Method for Common Scale for PCA 

 

PCA is useful as a starting point for additional detailed analysis, such as linear 

regression, in that the PCA results may identify multicolinearities within the data that can 

then be used to reduce the data dimensionality prior to additional analysis. By eliminating 

such duplicative or non-contributory variables, linear regression is potentially simplified. 

PCA was used to analyze the relationship between the eighteen demographic properties 

presented in Table 4 to determine whether all of the demographic properties provided 

unique information or whether they were redundant or unable to provide information. 

The 401 features (e.g. schools), both matched and unmatched, were assessed. The 

results of the PCA identified five factors from the eighteen input properties as able to 

describe approximately 75% of the variance. The analysis indicated that all of the 

demographic properties provided information to the results, therefore none could be 

excluded. The rotated component matrix was computed using varimax and the members 

of each component were evaluated in an effort to understand the relationships between 

the demographic properties. 

The first factor included eleven of the eighteen demographic properties from 

across the four demographic categories identified in Table 4 in Section 2.2.2. The other 
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four factors identified as a result of the PCA analysis included fewer demographic 

properties; however, the groupings of the components for each of the factors crossed the 

demographic categories presented in Table 4. In summary, review of the results of the 

PCA suggests no coincidence with specific demographic categories (Population, 

Economic Status, Education, Race/Ethnicity) which indicates that the properties within 

each of the categories are not closely correlated with each other and therefore cannot be 

removed from the analyses. 

4.2.2 Linear Regression 
Linear regression is used in this dissertation to assess the association of accuracy 

with demographic properties (Burt, Barber, and Rigby 2009). The analysis would look 

specifically for a linear relationship between the accuracy and any of the demographic 

properties. This analysis used accuracy as the dependent variable and the demographic 

properties as the explanatory variables on the 288 matched features from the ORNL-

OSM and 357 matched features from the ORNL-OSMCP datasets. The R2 values for 

each of the regressions is shown in Table 9. 

 

Table 9: Results of Linear Regression of Accuracy and Demographic Properties 
Demographic Property R2 for ORNL-

OSM 

R2 for ORNL-

OSMCP 

Total Population 0.0017 0.0006 

Population Density 0.0043 0.016 

Median Age 0.0157 0.0029 
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Male Population 0.002 0.00008 

Female Population 0.0014 0.0015 

Median Household Income 0.0021 0.0005 

Median Home Value 0.0087 0.0014 

Percent Below Poverty Line 0.0151 0.0044 

Percent of Homes Receiving 
Food Stamps 

0.0072 0.0016 

Percent without HS Diploma 0.0326 0.0017 

Percent with HS Diploma (and 
over 25 years old) 

0.0326 0.0017 

Percent with BA Degree (or 
better) (and over 25 years old) 

0.0091 0.0005 

White Population 0.03 0.0003 

White - Not Hispanic 
Population 

0.0277 0.0022 

African American Population 0.0042 0.0004 

American Indian Population 0.003 0.0006 

Asian Population 0.0013 0.0028 

Hispanic Population 0.0209 0.0042 

 

Figure 8 provides an example of the linear regression results. Population Density 

was selected as the example because, as was previously noted, other authors have 

asserted a relationship exists between the accuracy and population density. The R2 values 

presented in Table 9 highlight the fact that no significant linear relationship exists 
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between the demographics and accuracy within the OSMCP study area. The highest R2 

values are less than 0.04 indicating that the regression describes less than 4% of the data. 

 

 
Figure 8: Linear Regression of Population Density (ORNL-OSM) and Accuracy 

 

4.2.3 Discriminant Analysis 
While the linear regression method looks for relationships between accuracy and 

demographics, discriminant analysis (Davis 1973) looks for a relationship between 

completeness and demographics by analyzing the differences in the demographic 

properties for those features that were matched against the unmatched features for the 

two datasets, ORNL-OSM and ORNL-OSMCP respectively, by both the 

presence/absence of the completeness variable and the demographic properties that 

represent the feature location. The test method effectively replaces the Student t test 

which can only assess the average of two variables (Walpole and Myers 1978) where the 
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current study has eighteen demographic properties. With this number of variables, the 

Wilks’  lambda  method  has  the  advantage  of  using  the  structure  of  covariance  of  all  the  

demographic properties to obtain an overall conclusion (Huberty 1984). 

Assessment of completeness with respect to demographic properties yields an 

interesting result, in that within the same dataset, there is a statistically significant 

difference between those features that were successfully matched within the study area 

and those features that were unmatched. The results were consistent for both the ORNL-

OSM and ORNL-OSMCP datasets. This research is focused on understanding the 

relationship between the error and demographics, so the differences between the OSM 

and OSMCP datasets are not examined any further here. 

4.3 Spatial Distribution 
The traditional statistical methods presented in the previous section failed to 

identify a strong relationship between error and any of the demographics. Because the 

data is spatial, some spatial statistics methods were also employed in an effort to identify 

a relationship. The following subsections provide the results of analyses using: nearest 

neighbor, spatial autocorrelation, exploratory regression, local indicators of spatial 

association, and geographically weighted regression. 

4.3.1 Nearest Neighbor 
Nearest neighbor analysis was used to test both the accuracy and the completeness 

to determine if their occurrence was randomly distributed. Assessing the spatial 

distribution of completeness requires determining if the distribution of the match 

demographic property characteristics is the same as the same demographic property 
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characteristics of the unmatched values. If there is a statistically significant difference 

between the demographic characteristics of the matched and unmatched sets, then those 

demographic  properties  can  be  assessed  as  impacting  the  ‘completeness’,  and  therefore  

the spatial error noted in VGI data. Conversely, if there is no statistically significant 

difference, then there is no effect on the distribution by the demographic properties, and 

no association with spatial error of VGI data can be made.  

Assessing the spatial distribution of accuracy of the VGI data requires 

determining the spatial distribution of the error magnitude compared with the distribution 

of the demographic property characteristics defined in the established Census tracts. If 

there is a statistically  significant  correlation  between  the  ‘distance  to  match’  value  and  

the demographic properties then the demographic properties can be assessed as impacting 

the  ‘accuracy’,  and  therefore  the  spatial  error  noted  in  VGI  data.  Conversely,  if  there  is  

no statistically  significant  difference  correlated  to  the  ‘distance  to  match’  value,  then  

there is no effect on the spatial distribution by the demographic properties, and no 

association with spatial error of VGI data can be made.  

The spatial distribution is checked using nearest neighbor analysis. Nearest 

neighbor provides a measure of the randomness of the spatial distribution of spatial data 

(Clark and Evans 1954). Nearest neighbor is used to test the randomness of the spatial 

location of a set of points. Similarly, spatial autocorrelation can be used to describe the 

relationship between spatial data (de Smith, Goodchild, and Longley 2007). Both the 

demographic and error data must be analyzed to ensure that their distribution is not 

random before any patterns can be evaluated. Table 10 summarizes the results of the 
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Nearest Neighbor analysis. Z-Score values above 2.576 indicate a 99% chance that the 

data is not randomly distributed while values above 2.326 indicate a 98% chance and 

values above 1.96 indicate a 95% chance. When the entire datasets were analyzed, the 

high Z-Scores indicate that the schools are not randomly distributed; however, when the 

data was isolated into accuracy and completeness records, the accuracy records were 

likely random as exemplified by the lower Z-Scores while the completeness records were 

likely non-random but with lower confidence than the entire datasets as exemplified by 

their Z-Scores. 

 

Table 10: Z-Scores of Accuracy and Completeness Calculated from Nearest Neighbor 
Error Element Z-Score 
ORNL-OSM Accuracy 0.18 
ORNL-OSM Completeness -2.54 
ORNL-OSM All -3.72 
ORNL-OSMCP Accuracy -1.72 
ORNL-OSMCP Completeness -1.99 
ORNL-OSMCP All -3.72 

 

4.3.2 Spatial Autocorrelation 
Spatial autocorrelation was used in this analysis as a method for determining 

whether the demographic data and the accuracy are randomly distributed or not. The 

result of the analysis is a Z-Score for each element. The demographic data is composed of 

tracts, which are areal features. Spatial autocorrelation is used to evaluate the distribution 

of the demographic attributes. Table 11 summarizes the results of these analyses. As can 

be seen in Table 11, two of the demographic properties failed to reach the 99% Z-Score 
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threshold of 2.575 and those properties are: Total Population and Percent with HS 

Diploma. Total Population met the threshold for the 98% confidence level while Percent 

with HS Diploma met the threshold for the 92% confidence level. All of the demographic 

properties tested are considered clustered at the 90% confidence level suggesting that 

they are not randomly distributed and therefore a pattern could exist. 

 

Table 11: Scores of Demographic Properties Calculated from Spatial Autocorrelation 
Demographic Property Z-Score 
Total Population 2.462424 
Population Density 23.827538 
Median Age 10.898156 
Male Population 4.509443 
Female Population 3.414558 
Median Household Income 5.918138 
Median Home Value 16.494289 
Percent Below Poverty Line 16.033395 
Percent of Homes Receiving Food Stamps 16.398469 
Percent without HS Diploma 21.322305 
Percent with HS Diploma (and over 25 years old) 1.779232 
Percent with BA Degree (or better) (and over 25 years old) 23.360629 
White Population 11.517802 
White - Not Hispanic Population 22.163321 
African American Population 26.173985 
American Indian Population 25.294650 
Asian Population 12.127596 
Hispanic Population 32.354494 
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Since the accuracy of the OSMCP data was shown to have a non-random 

distribution in the nearest neighbor analysis described above, the spatial autocorrelation 

of the error distance was also computed. Table 12 provides the results of these analyses. 

The low Z-Scores for both datasets indicate that the accuracy is randomly distributed 

throughout the study area. These analyses show that sixteen of the demographic 

properties are non-randomly distributed and, therefore, useful for pattern analysis. The 

analyses also show that the completeness data is not randomly distributed and that the 

accuracy data for OSMCP is not randomly distributed. If all of the data had been 

randomly spatially distributed, then spatial patterns could not have been analyzed. 

 

Table 12: Z-Scores of Accuracy and Completeness Calculated from Spatial Autocorrelation 
Comparison Z-Score 
ORNL-OSM Accuracy 0.23 
ORNL-OSMCP Accuracy 0.32 

 

4.3.3 Exploratory Regression 
An initial assessment of the data variables was conducted through exploratory 

regression with the goal of both eliminating redundant variables and identifying the 

primary contributing suite of variables. This approach allows analysis of the selected data 

prior to establishing a model solution. Exploratory regression was used to assess both 

completeness and accuracy with respect to demographic properties presented in Table 4 

above.  
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The exploratory regression results indicated that three demographic properties: 

Percent White not Hispanic, Percent Black, and Percent Hispanic exhibited 

multicolinearity. These attributes were removed from further analysis.  

Results of the exploratory regression for accuracy data for both the ORNL-OSM 

and ORNL-OSMCP datasets respectively was consistent with the results of the spatial 

autocorrelation reported above and yielded no successful model of demographic 

properties to explain accuracy distribution. Similarly, results of the exploratory regression 

for completeness, using presence/absence as the determinant values conducted for both 

the ORNL-OSM and ORNL-OSMCP datasets respectively. The results were consistent 

with the accuracy results and that of the spatial autocorrelation reported above, yielding 

no successful model of demographic properties to explain accuracy distribution. 

4.3.4 Local Indicators of Spatial Association 
Local Indicators of Spatial Association (LISA) was developed as an enhancement 

to spatial autocorrelation. The enhancement allows LISA to identify areas where hot 

spots, or higher/lower than expected, values exist (Anselin 1995). Once a dataset is 

shown to exhibit spatial autocorrelation, LISA can identify significant areas within the 

overall dataset that generate the spatial autocorrelation. Within this analysis, LISA will be 

used to support the spatial autocorrelation to determine which, if any, records drive the 

spatial autocorrelation values that are observed. The accuracy attribute will be used in the 

analysis for both the ORNL-OSM and ORNL-OSMCP analysis. 

As was previously shown, the spatial autocorrelation for both the ORNL-OSM 

and ORNL-OSMCP datasets yielded low Z-Scores, indicating that the accuracy values 
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were randomly distributed across the study area. LISA was conducted on the ORNL-

OSM and ORNL-OSMCP data in an effort to determine whether any local clustering 

existed. The results of the LISA analysis for the two datasets are shown in Figure 9 where 

the LISA analysis is overlaid with population density.  

 

 
(a) (b) 

Figure 9: LISA Analysis Results Using the Accuracy Attribute for (a) ORNL-OSM and (b) ORNL-OSMCP 
 

The darker red circles in Figure 9 are classified as High-High which means these 

locations  had  high  Moran’s  I  values and their neighbors did as well. Dark blue circles are 

Low-Low  indicating  that  these  locations  had  low  Moran’s  I  values  and  their  neighbors  

did as well. The lighter red and blue circles are locations where the values were mixed, 

high and low indication the presence of an outlier. The white circles, which include 356 

of the 401 records (89%), are locations where there was not significance to the values 
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within the LISA. The ORNL-OSM data shown in Figure 9(a) had a Low-Low cluster 

located towards the southeast of the study area, although this does not appear to correlate 

with the population density values. The ORNL-OSMCP data shown in Figure 9(b) had a 

Low-Low cluster to the north of the center of the study area and one further north than 

that. In each case, the insignificant records greatly outnumber the others and are 

interspersed within them. These results indicate that while no significant spatial 

autocorrelation appeared to exist, some local clustering exists within the study area. 

4.3.5 Geographically Weighted Regression 
Regression analysis was used to analyze the relationship between variables. 

Within this analysis, the measured relationship is between the accuracy error that was 

computed and each of the demographic properties to determine which combination of 

demographic properties is most closely related to the error. Tobler’s  law  states  that  

"everything is related to everything else, but near things are more related than distant 

things" and this violates one of the assumptions of traditional regression analysis (Tobler 

1970). Geographically Weighted Regression (GWR) is a form of regression analysis that 

is designed to be used with spatial data (Fortheringham, Brunsdon, and Charlton 2002). 

As was previously shown, the spatial autocorrelation for both the ORNL-OSM and 

ORNL-OSMCP datasets yielded low Z-Scores, indicating that the accuracy values were 

randomly distributed across the study area. Ordinary Least-Squares (OLS) regression was 

conducted on the ORNL-OSM and ORNL-OSMCP data in an effort to determine 

whether any local clustering exists and as a precursor to the GWR analysis since the OLS 

tools provide some indicators of the effectiveness of the model. The results of the OLS 
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analysis for the two datasets are shown in Figure 10 where the OLS analytical results 

overlay population density. 

 

 
Figure 10:Ordinary Least Squares Regression Results 

 

The darker red circles in Figure 10 are classified as High-High which means these 

locations  had  high  Moran’s  I  values and their neighbors did as well. Dark blue circles are 

Low-Low  indicating  that  these  locations  had  low  Moran’s  I  values  and  their  neighbors  

did as well. The lighter red and blue circles are locations where the values were mixed, 

high and low indication the presence of an outlier. The white circles, which include 114 

of the 287 records (40%) for ORNL-OSM and 53 of 357 records (15%) for ORNL-

OSMCP, are locations where there was not significance to the values within the OLS 
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Regression. The ORNL-OSM data did not cluster in the study area. Similarly the ORNL-

OSMCP data also did not cluster. In each case, the insignificant records greatly 

outnumber the others and are interspersed within them. These results indicate that 

minimal clustering to exist within the study area. 

4.4 Summary 
The methods used in this chapter to find a correlation between accuracy or 

completeness failed to support the relatively common suggestion among many 

researchers (e.g. Haklay, 2010; Girres and Touya, 2010; Zielstra and Zipf, 2010; 

Cipeluch et al., 2010; Elwood, 2009; Zook and Graham, 2007; Crutcher and Zook 2009) 

that demographic characteristics may impact VGI data quality. 

Furthermore, the results of the statistical analysis methods in this section failed to 

show a strong correlation between either the accuracy or the completeness error with any 

of the demographic properties. The results indicate that the relationship is perhaps more 

complicated than any of the statistical methods that were used can describe; however, the 

discriminant analysis did show that matched and unmatched features represent different 

subsets from the overall dataset and these different characteristics can be useful in future 

research. Because statistical analysis could not identify a strong correlation between the 

error and demographics, spatial statistics were also employed as described in Section 4.3. 

The spatial statistical methods employed in this chapter also failed to find 

significant patterns in the distribution of the accuracy or completeness. The nearest 

neighbor analyses found that the accuracy was randomly distributed at the 99% 

confidence level although the completeness was shown to likely be random, but at a 
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lower confidence level. Spatial autocorrelation was also used to evaluate the randomness 

of the distribution of the data and found that the demographic data and the accuracy were 

random while the completeness was likely random, but at a lower confidence level. 

Exploratory regression was used in an effort to identify some subset of demographic 

properties that could be used; however, the results did not reveal a valid subset. LISA and 

GWR were used to look for a correlation between local peaks in the data; however, that 

analysis also failed to identify a significant pattern between accuracy or completeness and 

demographic data. 

The results of the analyses in this chapter failed to identify the anticipated patterns 

that would exist between accuracy or completeness and demographic properties 

indicating that further research was required with perhaps some changes to the datasets 

used and/or the methods employed. The following chapter will use OSM and 

demographics data exclusively; however, it will broaden the work to include all of the 

State of Colorado as opposed to being restricted to the OSMCP study area. Instead of 

using the accuracy and completeness, the following chapter will focus on using the OSM 

Version attribute contained within the OSM data. The OSM Version captures the number 

of times that a point has been edited. The assumption would be that points that have been 

edited more times would be of higher quality. 
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CHAPTER 5 – ANALYSIS OF OPENSTREETMAP EDIT DATA 

The previous chapter showed that no statistical relationship could be identified 

between accuracy or completeness and the demographic characteristics identified in 

Table 4 of Section 2.2.2. The analysis described in this chapter was modified as 

compared to the previous chapter in an effort to identify a relationship. Instead of looking 

for a relationship between accuracy or completeness and demographics, the analyses 

looked for a relationship between the number of edits and demographics. Contributor 

motivations were discussed in Chapter 2 and while the specific motivations cannot be 

directly measured due to the lack of information on the specific contributors, the 

activities of the contributors can be tracked by the number of edits to specific features. 

Each element within the OSM dataset includes an attribute, osmversion, to capture the 

version of the feature. Records with higher version numbers have been edited more times. 

Through the analyses described in this chapter, a statistically significant relationship was 

sought between the number of edits and the demographics. The analyses was similar to 

the analysis in the previous chapter except that it included only OSM data for the study 

area as well as including the whole of the State of Colorado. The demographic data 

obtained for the previous analyses were reused for this analysis; however, new OSM data 

was required to cover the entire state of Colorado. The following sections cover the 

process for acquiring the OSM data followed by statistical and geospatial analyses of the 

OSM data. 
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5.1 OSM Data Used 
While the OSM had been obtained for previous analyses, the analysis that took 

place to support this chapter required additional attributes that were not in the OSM data 

had been obtained previously. The only attributes required for the earlier analyses were 

location, name, and address. To conduct the comparison between the OSM data and the 

demographics, data was downloaded to cover the entire State of Colorado. The OSM data 

for large areas cannot be downloaded from the main OSM server, so services are 

provided for downloading pre-prepared extracts of the data from servers hosting the 

content. 

OSM data was obtained from OpenStreetMap Data Extracts 

(http://download.geofabrik.de/). The Sub-Region North America was selected, followed 

by Colorado. On the resulting web site, the colorado-latest.osm.bz2 file was selected. 

Several other options were available including the colorado-latest.osm.pbf and colorado-

latest.shp.zip. While these two latter files were listed as being more common, the 

shapefile (shp) format was not used this time because it includes only a subset of the 

attributes of each feature. The pbf file was not selected because it is a compressed version 

of the file that cannot be readily ingested into Esri’s  ArcGIS software for manipulation. 

The colorado-latest.osm.bz2 file was a zip file (bz2) that contains the xml OSM 

file that can be ingested by the OpenStreetMap Toolbox in ArcGIS. The OpenStreetMap 

Toolbox is part of the ArcGIS Editor for OpenStreetMap Version 2.1 which is available 

from ESRI (http://www.esri.com/software/arcgis/extensions/openstreetmap). The Load 

OSM File tool was used within the OpenStreetMap Toolbox. This tool ingests the OSM 

file (colorado-latest.osm) and generates a Feature Dataset within a geodatabase that 
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includes separate feature classes for points (nodes), lines (ways), and polygons. The point 

feature class generated from the .OSM file for Colorado resulted in over fifteen million 

nodes as depicted in Figure 11.  

 

 
Figure 11: Illustration of Process for Extracting OSM Node Data 

 

Figure 11 illustrates the process that was taken to filter the nodes that were 

extracted for the State of Colorado. The map on the left side of the figure shows all nodes 

for the state while the map on the right side of the figure shows the filtered version that 

was used for the analyses. Many of the fifteen million nodes in Colorado were associated 

with linear features, like roads and rivers; however, for this analysis, only nodes that 

represent point features were desired. As a result, all nodes that did not include any 

attributes aside from the spatial location were eliminated. As seen in Figure 11, filtering 
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the data for nodes with attributes reduced the record count from over 15 million to 

approximately 123 thousand. Some features that were roughly linear were still evident in 

the central map in Figure 11 on the eastern side of the state. An examination of these data 

records showed that they were nodes that were a part of polylines or polygons, but that 

had attributes which is why they were not filtered out previously. These records were not 

isolated nodes and therefore needed to be removed as well. The OSM data includes and 

attribute, WayRefCount, which identifies how many ways (polylines) the node is 

associated with. The dataset was further filtered to show only those records that had a 

WayRefCount value of 0 since these are stand-alone points as opposed to being 

components of a larger feature. After the nodes were filtered, 47,457 are located within 

the State of Colorado while only 5,096 are located within the OSMCP study area used 

previously. Clearly the node count within the study area was greater than the roughly-400 

schools located within the same area as identified in Table 5 in Section 3.1.4. 

With the nodes having been filtered to extract only isolated notes, the remaining 

nodes for both the original Denver study area and for the State of Colorado were 

compared to understand the similarities between their distributions. Figure 12 illustrates 

the distribution of the number of edits in the Denver study area and the state as a whole. 

The patterns between the distributions of the two datasets are very similar with both of 

them following roughly a log distribution. The basic comparison shown in Figure 11 

supports the idea that the larger geographic area was similarly distributed to the data from 

the Denver study area. 
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Figure 12: Distribution of Edits for OSM Nodes 

 

As was done in Chapter 4, the demographic information was transferred to the 

point data using a spatial join. Before additional analysis can take place, one additional 

processing step was required for the data. The OSM data is not projected; however, some 

of the analysis required that the data be projected, so the dataset was projected to USA 

Contiguous Equidistant Conic. 

The following sections use the projected, joined OSM data to conduct analyses of 

the data following a similar format to the work in Chapter 4. The biggest difference 

between the work here and the previous work is that these analyses used the OSM 

version as an indicator of quality with a higher OSM version attribute indicating data that 

should be of higher quality. As was previously the case, the statistical distribution 

methods were grouped together followed by the spatial distribution methods. 
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5.2 Statistical Distribution 
The traditional statistical methods that were used in Chapter 4 to analyze the 

accuracy were used in this chapter in an effort to analyze the OSM version against the 

various demographic properties. Only the Principal Component Analysis and Linear 

Regression were used previously to analyze the accuracy, so only those two will be 

leveraged here. 

5.2.1 Principal Component Analysis 
As was discussed in Chapter 4, PCA is a method for reducing the number of 

factors in an analysis. Within this research, PCA was used to identify whether any 

specific factors were not required and could therefore be removed from the analyses. 

PCA held the potential for reducing the number of factors since the analysis begins with 

the eighteen demographic properties identified in Table 4. 

The data described in the previous section was extracted to a dbf file and then 

loaded  into  IBM’s  SPSS software package. Factor analysis, using PCA, was conducted 

and the results analyzed. PCA is an iterative process and for this analysis, it was run three 

times until the results no longer required that additional factors be removed. 

During the first running of the model the African American Population and 

American Indian Population were identified as not conclusively contributing to the error 

prediction as seen by their score in the Communalities matrix. As a result, these two 

demographic elements were removed from the model and the model was executed again. 

During the second run of the model, the Median Home Value was identified, through the 

Communalities results, to be inconclusive and was also removed from the analysis. On 

the third run of the model, the results indicated that the remaining fifteen demographic 
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elements each contributed to the overall results and that they could be grouped into four 

factors using the varimax rotation; however, none of the factors were pure, meaning that 

the four of the demographic properties were represented in more than one factor. Table 

13 provides a summary of the results of the PCA analysis. The significant values are 

highlighted within the table. 

 

Table 13: Rotated Component Matrix Results from PCA Analysis of OSM Data for Colorado 
 Component 
 1 2 3 4 
Total Population 0.970 .032 .0230 0.004 
Population Density 0.169 0.064 0.886 0.0.38 
Median Age -0.224 -0.257 -0.784 0.002 
Male Population 0.967 0.045 0.199 0.011 
Female Population 0.952 0.018 0.254 -0.002 
Median Household Income 0.175 -0.619 -0.423 0.151 
Percent Below Poverty 
Line 

-0.065 0.694 0.502 -0.029 
Percent of Homes 
Receiving Food Stamps 

-0.083 0.770 0.133 -0.007 

Percent without HS 
Diploma 

0.089 -0.874 0.004 -0.020 
Percent with HS Diploma -0.054 0.922 -0.012 0.023 
Percent with BA Degree 0.149 -0.723 0.472 0.028 
White Population 0.967 -0.140 0.071 -0.012 
White – not Hispanic 
Population 

0.917 -0.276 0.059 -0.036 

Asian Populatino 0.364 -0.079 0.786 0.009 
Hispanic Population 0.420 0.701 0.118 0.115 
OSM Version -0.031 0.004 0.020 0.986 
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The first component was generally related to factors associated to population 

properties as denoted in Table 13 by the highlighted properties in the first component 

column, while the second component was related to income and education. The third 

component was a mixed bag including Population Density, Median Age, Asian 

Population as well as three properties that are included in another component and as a 

result this third component cannot be categorized as easily as the first two. The fourth 

component is contributed to only by the OSM Version. The fact that the OSM Version 

contributed to only one factor and that the factor is only contributed to by OSM Version 

indicates that this factor is not correlated to the other factors in the analysis.  

The combined four components resulting from this analysis are able to account 

for 82% of the variation, which is a good amount; however, the purpose of the analysis 

within this chapter was to identify attributes that are redundant and could be removed 

from the analysis and these results do not meet that purpose. Further, the first two 

components, which are better defined, only account for 58% percent of the variation. 

Finally, the PCA analysis indicated that the OSM Version attribute was not correlated 

with any of the other properties as denoted by the fact that it was isolated into a 

component by itself. In order to examine the possible correlation more directly, the next 

subsection will use linear regression to compare the OSM Version with each of the 

demographic properties. 

5.2.2 Linear Regression 
Following the same procedure as used in Chapter 4, the OSM version number was 

used in a linear regression with the demographic attributes; however, the R2 values were, 
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once again, too low to be of significant statistical value. These results shown in Table 14 

indicate that no individual demographic properties tended to drive contributors to edit 

data more frequently. 

 

Table 14: Linear Regression Results of OSM Version and Demographic Properties 
Demographic Property R2 
Total Population 0.0004 
Population Density 0.0307 
Median Age 0.0176 
Male Population 0.0039 
Female Population 0.004 
Median Household Income 0.0000 
Median Home Value 0.0026 
Percent Below Poverty Line 0.0064 
Percent of Homes Receiving Food Stamps 0.0047 

Percent without HS Diploma 0.0026 
Percent with HS Diploma (and over 25 years 
old) 

0.0026 

Percent with BA Degree (or better) (and over 
25 years old) 

0.0026 

White Population 0.0013 
White - Not Hispanic Population 0.0003 
African American Population 0.0013 
American Indian Population 0.0011 
Asian Population 0.0075 
Hispanic Population 0.0086 

 

Figure 13 provides a representation of the linear regression of the population 

density and OSM version properties. The OSM version values are distributed across the 



84 
 

range of values population density. These findings do not support the concept that areas 

with population receive more edits than other areas. 

 
Figure 13: Linear Regression of Population Density and OSM Version 

 

Neither the PCA nor the linear regression were able to identify a statistically 

significant relationship between the demographic properties and the OSM version. The 

following section will examine the relationship using several spatial statistical methods in 

an effort to characterize the data and to identify a statistically significant relationship. 

5.3 Spatial Distribution 
The statistical analyses in the previous section failed to identify a statistically 

significant relationship between the OSM version and any of the demographic properties. 

This section will examine the same data using several spatial statistical methods in an 

effort to identify a spatial relationship. 
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5.3.1 Nearest Neighbor 
Nearest neighbor analysis was used to test the OSM node data for Colorado to 

determine if their occurrence was randomly distributed. As was shown in Table 10, the 

accuracy and completeness data was clustered, as signified by the negative values in the 

range of -1 to -3. As was discussed in Section 4.3.1, the larger negative values indicated 

that the clustering was more statistically likely. 

The OSM data for the state of Colorado was also clustered; however, the Z-Score 

for that data was much larger at -249. This very large negative value indicates that the 

OSM data for across the state is clearly clustered. The fact that the data is clustered is not 

terribly surprising given that nodes representing human-built structures captured within 

the OSM data is going to be concentrated where the population density is higher and that 

concentration happens naturally across the landscape. The Denver metropolitan area, 

which was the focus of the OSMCP study, is the highest population density area in 

Colorado. Given the z-score of -249.30, there is a less than 1% likelihood that this 

clustered pattern could be the result of random chance as illustrated in Figure 14.  
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Figure 14: Nearest Neighbor Results for Colorado OSM Data 

 

5.3.2 Spatial Autocorrelation 
Spatial Autocorrelation was used to determine whether the OSM version values 

were randomly distributed across the data. Figure 15 shows that the Z-Score of the data 

was 75.8 and this high result indicates that the values are most certainly clustered. 
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Figure 15: Spatial Autocorrelation Results for Colorado OSM Data 

 

The nearest neighbor and spatial autocorrelation both show that the OSM data for 

Colorado is not randomly distributed. If the data had been found to be randomly 

distributed, then no pattern would be embedded within the data; however, with the strong 

clustering observed in the data, the following analyses can look for a relationship 

between the demographic properties and the OSM version. 



88 
 

5.3.3 Exploratory Regression 
Exploratory regression was conducted to evaluate whether any of the patterns that 

were previously identified in the OSM version values were correlated with the 

demographic properties. Several of the demographic properties were related and 

demonstrated multi co-linearity, so through a trial and error process, the following 

attributes were removed in the analysis: Total Population (represented by Population 

Density), Male Population and Female Population (represented by Population Density), 

and Percent without HS Diploma (represented by Percent with HS Diploma). The 

analysis was then conducted with the remaining fourteen demographic properties. 

The exploratory regression examined the demographic data in groupings as large 

as five at a time in an effort to find any of these groupings that could explain the pattern 

observed in the OSM version attribute, but all of the attempts failed to identify any set of 

attributes that were able to explain more than 2% of the patterns observed. As a result, 

other analyses were attempted to look for a relationship. 

5.3.4 Local Indicators of Spatial Association 
The concept of LISA was previously discussed in Section 4.3.4, so will not be 

discussed again here in detail aside to say that within this analysis, LISA was used to 

support the spatial autocorrelation to determine which, if any, records drive the spatial 

autocorrelation values that were observed. The OSM version attribute was used in the 

analysis and compared to the demographic properties. 

As was previously shown, the spatial autocorrelation for the Colorado OSM data 

yielded high Z-Scores, indicating that the OSM version values were clustered. LISA was 

conducted on the data in an effort to determine whether any local clustering also exists. 
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The results of the LISA analysis for the two datasets are shown in Figure 16 where the 

LISA analysis is overlaid with population density.  

 

 
Figure 16: Results of LISA Analysis for Colorado OSM Data 

 

The darker red circles in Figure 16 are classified as High-High which means these 

locations  had  high  Moran’s  I  values  and  their  neighbors  did  as  well.  Dark  blue  circles  are  

Low-Low indicating that  these  locations  had  low  Moran’s  I  values  and  their  neighbors  

did as well. The lighter red and blue circles are locations where the values were mixed, 

high and low indication the presence of an outlier. Locations where there was not 
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significance to the values within the LISA were omitted from Figure 16 because they 

represented 91% of the total points and obscured the remaining 9% (4,117 of 47,457) of 

the results of the LISA analysis. While some local clustering existed within the analyses, 

it represents a small percentage of the values. Furthermore, while many of the significant 

values were in the higher population area of Denver, many other clusters exist that are not 

associated with a high population center. 

5.3.5 Geographically Weighted Regression 
Following the pattern described previously for GWR in Section 4.3.5, Ordinary 

Least-Squares (OLS) regression was conducted on the OSM data in an effort to 

determine whether any local clustering exists and as a precursor to the GWR analysis 

since the OLS tools provide some indicators of the effectiveness of the model. Through 

an iterative process, the following variables were removed due to multicolinearity: Total 

Population, Male Population, Female Population, Percent without HS Diploma, and 

White – not Hispanic. Before GWR would run, records with null values had to be 

removed and this process reduced the total record count by 847 from 47,457 to 46,610. 

GWR was attempted with the remaining thirteen demographic properties and the 

model failed to complete. The model indicated that local multicolinearity exists within 

the data which renders the data unsuitable for the GWR analysis. As a final confirmation, 

the OLS was run an additional time on the reduced GWR input data and confirmed that 

the data passed that model. The result is that the data was not suitable for GWR analysis. 
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5.4 Analysis of Points with High Edits Counts 
The statistical analyses of the OSM edit data within the State of Colorado failed to 

identify a statistically significant pattern; therefore, the points with the highest edit count 

were analyzed further. Figure 17 shows the locations of the nodes with more than seven 

edits. Three of the nodes were near Denver while the fourth was closer to Colorado 

Springs. 

 

 
Figure 17: Location of High Edit Noted 
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The four nodes represent a traffic light, park, wine store, and brewery. Figure 18 

provides an overview of the locations of the four nodes as well as a visual of the 

clustering of the various edits. Each version of each node is labeled with the version 

number so that they can be identified. 

 

 
Figure 18: Examples of OSM Nodes with High Edit Counts 

 

Figure 18(a) shows the various locations of a traffic signal near Denver. The 

traffic signal has been edited eight times; however, the first five versions were redacted 

because the contributor did not accept a license change that was made by OSM in April 
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2010 (“License/We  Are  Changing  The  License”  2012). Of the remaining three versions 

(7-9) the feature type was added describing the point as a traffic signal and the position of 

the point was moved three meters. 

Figure 18(b)  shows  the  various  locations  of  Bella’s  Dog  Beach  which  was the one 

point within the top most edited points that is in the Colorado Springs area instead of 

Denver. Through the various edits, the name of Bella’s  Dog  Beach  was  enhanced,  the  

location was changed nineteen meters, the attribute describing the surface was added (it is 

gravel), and the feature type has been changed from park to beach to coastline and back 

to beach. 

Figure 18(c) illustrates the properties of r+d Wine. This particular location was 

moved approximately 21 meters to the north between versions four and five. The new 

location appears to properly represent the true location of the address based upon other 

research. The store was previously a bicycle shop and the attributes were changed 

accordingly when the bicycle shop was closed and then when the wine store was opened. 

In addition, the node includes rich attributes such as web site URL and phone number 

which would be useful for someone trying to gain more information about the store. 

Figure 18(d) depicts information about the Wynkoop Brewing Company located 

in Denver, Colorado. The greatest individual movement for the node was seven meters 

and as can be seen in the figure, all of the locations appears to be on the building in which 

the brewery is located. The node type was changed from pub to restaurant and back to 

pub; however, the majority of the edits to that facility have revolved around the addition 

of new attributes.The attributes for the brewery included: web site, cuisine type, phone 



94 
 

number, description, hours, and several Boolean attributes stating that the facility 

is/offers: food, microbrewery, outdoor seating, and handicap accessibility. 

The nature of the attributes included in the highly edited nodes detailed in this 

section indicate that facilities that provide services may be more highly edited than others 

that document other items such as geologic features. Features like trees, peaks, and 

town/city locations tended to have small edit counts while facilities that provide services, 

like restaurants and shops, tend to have higher counts. This difference points to the 

potential that the function of the node may help drive the contribution patterns for that 

node. 

5.5 Summary 
In this chapter, the work from Chapter 4 was broadened in scope in an effort to 

find a relationship between data quality and demographic properties. The newly scoped 

data was exposed to statistical and spatial models in an attempt to find a relationship, but 

no statistically significant relationship was identified. 

For Chapter 5, the data was broadened in two ways. First, the scope was expanded 

to include not only schools data, but all OSM data that represents a free-standing node. In 

other words, nodes that were part of lines or polygons were not included in these analyses 

since they are part of a larger entity. Also, the scope was expanded geographically. The 

work in Chapter 4 was limited to the project area defined by the OSMCP. For the work in 

this chapter, the geography was expanded to the whole state of Colorado. One side effect 

of expanding the geography and the types of points is that the test and reference error 

determinations described in Chapter 3 could not be repeated in this chapter. As a result, a 
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surrogate for quality was required. The surrogate that was selected was the OSM Version 

attribute included in the OSM data. This version attribute is iterated each time the data 

element is changed. The assertion was made that records with higher edit counts will 

generally be of higher quality. 

Statistical methods were used to look for a relationship between the OSM version 

attribute and demographics. PCA and linear regression were both used, but neither of 

them were able to identify a statistically significant relationship. Next, several geospatial 

statistics were used to look for a relationship. These models showed that the data for the 

entire state was highly clustered and a visual inspection of the data confirmed that finding 

as most of the points were concentrated where people were located. None of the methods 

attempted within this chapter identified a statistically significant relationship between the 

OSM version attribute and any of the demographic properties identified in Table 4. 

Finally, the work highlighted in this chapter analyzed the findings in an effort to 

identify any potential areas where attributes could be used in future research to predict 

the edit count and thereby predict the quality. Based upon the examples discussed above, 

nodes that represent places of business tended to have higher edit rates than other features 

that designated natural or government locations. These findings would indicate that 

perhaps land use, as opposed to population or any of the other demographics of place, 

might be better predictors of edit counts and/or data quality. 
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CHAPTER 6 – CONCLUSIONS AND FUTURE WORK 

The relationship between demographics and data quality has been asserted; 

however, the research detailed in this dissertation could not confirm that the relationship 

exists. The research contributed an automated method for computing spatial accuracy and 

completeness. The method was used to analyze data in the Denver, Colorado area. In 

addition, the research analyzed the relationship of contribution patterns in VGI and 

demographics. The methods that were employed showed that the relationship asserted by 

others could not be identified in the areas or data evaluated within the research; however, 

the results did highlight some other areas for future research on the topic. 

Chapter 3 describes a method for quantifying spatial accuracy and completeness 

of node VGI data. The method replies on the comparison of a reference dataset to a test 

dataset. The reference dataset is considered to represent the ground truth while the test 

dataset is used as a comparator and the differences are evaluated. The method uses 

automated methods followed by manual methods to identify each of the nodes that are 

matched between the reference and the test dataset. The distance between the reference 

and test dataset nodes is computed and becomes the spatial accuracy of the record. The 

presence or absence of the node in the test dataset becomes the completeness. These two 

measures, spatial accuracy and completeness, can then be used to assess the quality of the 

test dataset relative to the reference dataset. 

The results of the analyses in Chapter 3 were fed into an analysis in Chapter 4 

where patterns in the data quality were compared to patterns in demographic properties of 
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the geography. The patterns existent in the demographic properties detailed in Section 

2.2.2, were compared to the patterns of the accuracy and completeness. The patterns were 

verified to be non-random; however, the relationship between these patterns could not be 

identified. 

The analysis described in Chapter 5 was designed to increase the number of nodes 

being analyzed considerably as compared to the analysis in Chapter 3. To increase the 

node count, the method had to be modified. First, the area was increased from the Denver 

area to include all of Colorado. Second, the types of nodes were increased from only 

schools to include all nodes that are not a part of a polyline or polygon and nodes that 

included attributes. The result is that the analyses described in Chapter 5 increased the 

node count from approximately 400 schools to a little more than 47,000 nodes. The larger 

number of points were then analyzed for their patterns and those patterns compared to 

those of the demographics. The analysis in Chapter 5 failed to identify a correlation 

between the contribution patterns of the 47,000 nodes and any of the demographic 

properties; however, evaluation of the results of the analysis did point to some future 

research topics that could be pursued in an effort to associate the patterns observed in the 

data quality with the patterns of the geographies where they take place. 

The research described in this dissertation expanded the understanding of 

researchers in this field and highlighted some additional areas for new research. The 

analysis described in Chapter 3 could be expanded to cover a wider geography in an 

effort to determine whether the relatively small sample size in the Denver area was a 

limitation. Several of the most highly edited nodes described in Chapter 5 were in 
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commercial areas, indicating that further study of the effects of the land use on edits 

could be examined. Similarly, specific types of facilities were represented by the nodes 

with higher edit counts and as a result. These three topics could be pursued in future 

research in an effort to identify a correlation between these factors and data quality as 

will be discussed below. 

The analyses described in Chapter 3 and Chapter 4 could be repeated on a larger 

scale to increase the number of nodes analyzed. The OSMCP data drove the study area to 

be focused in the Denver area; however, if that dataset was not used, then the area could 

be expanded to any geography that includes viable reference and test datasets. Schools 

are available for the entire continental United States for both ORNL and OSM. To 

increase the count further, other types of nodes could also be used. OSM includes many 

other element types while the difficulty would be in finding appropriate reference 

datasets to go along with the OSM test data. If a viable reference dataset could not be 

identified to accompany the OSM test dataset, then other options could be pursued. 

The examination of the results in Chapter 5 revealed that the nodes with the 

greatest number of edits appeared to reside in commercial areas. The methodology used 

in Chapter 5 could be modified to look for a pattern between the edit counts for OSM 

nodes and the land use for the area where the nodes reside. In order to conduct these 

analyses, an appropriate land use data file would have to be located. The land use would 

have to be granular enough to capture the differences between commercial corridors and 

residential areas within urban regions. If land use could not be found, then the proximity 

to transportation corridors could perhaps be used as a surrogate for land use as most of 
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the highly edited nodes from the analyses in Chapter 5 were located near transportation 

corridors. 

In addition to using land use or proximity to transportation corridors, the function 

of the node itself could be used to look for a pattern. The examination of the results of the 

analyses in Chapter 5 indicated that locations where people go for leisure or commerce 

appeared to have higher edit counts than nodes with other uses. The OSM data could be 

examined to determine if the edit count is correlated with any particular type, or types, of 

nodes. The data could be separated into classes based upon their function and then each 

class could be evaluated to determine if the class, or any subclass, might be correlated to 

the edit patterns. 

The analyses described in this dissertation have contributed to science in two 

ways. Firstly, the research documented a method for comparing two datasets to quantify 

the spatial accuracy and completeness of the test dataset relative to a reference dataset. 

Secondly, the patterns of OSM contributions were computed while patterns within the 

data were evaluated. Future research on this topic will continue to expose important 

information regarding the contribution patterns of VGI to enhance the understanding of 

the impact of those patterns on the quality of the data. 
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