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Health outcomes due to poor diet are the result of many interrelated tangible and intangible factors.  Differential 
access to food sources, both healthy and unhealthy, is one of these quantifiable factors that can be measured 
across space and place.  Geospatial tools such as GIS (Geographic Information Systems) serve as a popular 
technology to assess and evaluate spatial dimensions of the food environment.  For an eleven-county study area 
in Southeastern North Carolina, more than 2,400 points serve as potential food sources used in GIS analysis.  
However, little work has been done to test the accuracy and reliability of these data which serve as food sources.  
In this study, we developed a framework to assess and evaluate various forms of data accuracy (horizontal, 
attribute and temporal) and completeness of these data using comprehensive Quality Assurance/Quality 
Control (QA/QC) techniques.  We found 77.5% of points were correct at the time of field testing.  However, in 
exploring differences using between accuracies of various cohorts of these data sources, we found the accuracy 
for rural food sources to be less than urban counterparts at a 95% confidence.  This can have a profound impact 
on the digital representation of food-needy regions calculated using GIS techniques and those regions that are 
truly food-needy. 
 
Introduction   

Negative diet-related health outcomes, which 
have been increasing in recent years, are a result of 
many interrelated tangible and intangible factors.  
Differential access to food sources, both healthy and 
unhealthy, is one of these quantifiable factors that can 
be measured across space.  While “All Americans, rich 

and poor, have more access to healthy—and 
unhealthy—food choices than ever” (Brat 2015), 
individual-level choice to purchase a particular item is 
dependent upon many factors  Contemporary 
research has popularized the term ‘food desert’ to 
express regions which have limited spatial access, 
combined with a poverty component, to healthy food 
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sources while even more recent research has coined 
the term ‘food swamp’ (Rose et al. 2009) to define 
regions with inordinately high access to unhealthy 
access compared to healthy counterparts. 

While some research has linked socio-economics 
with this access (Block et al. 2008; Burns and Ingils 
2007; Larson et al. 2009), other research (Cummins et 
al. 2005; Cummins and Macintyre 1999; Opfer 2010) 
has not seen such associations.  However, many agree 
that underrepresented populations are not as 
resilient to the effects of poor access as others who 
may also live far from healthy food sources.  This lack 
of resilience comes in the form of lack of 
individualized transportation, education, time, 
exercise and opportunity (Mari Gallagher 2006).  
Merely placing a market in the middle of a food desert 
or low-income region may not necessarily be a 
remedy to this problem. 

Geospatial tools such as GIS (Geographic 
Information Systems) serve as a popular technology to 
measure and visualize spatial dimensions of the food 
environment.  Proximity to healthy food sources 
(large supermarkets or supercenters) or the density of 
food outlets within an enumeration unit (census tract 
or zip code) is a commonly used proxy for access 
(Morton and Blanchard 2007; Sharkey and Horel 
2008).  Areas of high access and low access can be 
analyzed across place and time (Chen and Clark 2013), 
as well as the factors that try to quantitatively explain 
this access using existing data sources.  These make 
powerful visual products both easy to understand and 
disseminatable to the entire community that can have 
long-term decision-making implications. 

The number of points used in the spatial analysis 
of the food environment can range from the dozens 
(Love et al. 2012; Opher 2010) to hundreds (McEntee 
and Agyeman 2010; Mulrooney et al. 2017; Sharkey et 
al. 2009) and even thousands (Mulangu and Clark 
2012; van Hoesen et al. 2013).  For an eleven-county 
study-area in Southeastern North Carolina, more than 
2,400 points serve as potential food sources in GIS 
analysis.  However, little work has been done to test 
the veracity of these data using any type of formal 
framework or methodology.  Externally, little insight is 
provided into what quality assessment was on these 
data.  If a supermarket is not provided in GIS data 
when one in reality exists (error of omission), one may 

be mapping food deserts and providing remediations 
where it is not needed.  On the other hand, if a food 
source is attributed as a supermarket when it only 
serves a minimal sampling of fresh food or is not a 
food source altogether (error of commission), 
researchers may not be properly identifying food 
deserts that exists in this area.  The significance of 
data-driven decision making has necessitated the GIS 
community to think critically about the objective 
assessment, evaluation and reporting of data quality.        

In this paper, we present a framework to 
quantitatively assess and evaluate GIS data sources 
for an eleven-county study region in Southeastern 
North Carolina.  While verifying each individual store 
and accompanying attributes was an impossibility 
within the scope of this research, this research 
explored various QA/QC (Quality Assurance/Quality 
Control) assessment techniques and integrated 
procedures within the framework of accepted QA/QC 
standards for a variety of cohorts that compose the 
food environment.  This can help determine if 
accuracy varies amongst different cohorts (urban vs. 
rural, healthy vs. unhealthy, urban groceries vs. rural 
groceries, etc.) and how this can be addressed in the 
large-scale analysis of the food environment.   
 
Literature Review   

GIS data, subsequent analysis and products of this 
analysis such as decisions and maps are only as good 
as the data on which it is based.  Newcomer and 
Szajgin (1984) and later Heuvelink (1998) showed 
inaccuracies in original GIS data were propagated 
through the life of a GIS project, culminating in 
unreliable maps.  For a particular food source, it is 
necessary to ensure that it is actually represented in a 
GIS, and its GIS representation is actually located 
where it is supposed to be.  It is also crucial to 
guarantee attributes used to describe the source are 
correct.  If a food source is attributed as fast food, it 
needs to be confirmed.  The extent to which the real 
world and GIS data agree is referred to as data quality 
(Korte 1997). Various components contribute to 
spatial data quality to include:  horizontal accuracy, 
attribute accuracy, temporal accuracy and attribute 
completeness. 

Horizontal accuracy represents the error between 
the location in the GIS and from where it is located.  It 
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is difficult to tell the exact location of where a feature 
should be placed since geo-rectified imagery and high 
precision Global Position Systems (GPS) location have 
some, albeit minimal error attached to them.  
Researchers found the positional accuracy (the actual 
location versus what the geocoding algorithm 
represents as the address) of geocoded rural 
addresses to be poorer than urban counterparts 
(Bonner et al. 2003; Cayo and Talbot 2003; Ward et al. 
2005).  This can be problematic in this large study 
area.   

Attribute accuracy describes how well the 
assigned attribute values match the actual 
characteristics used to describe a feature in a GIS 
database.  Attributes are the non-spatial 
characteristics used to describe GIS features.  Food 
source attributes, typically represented as point 
features, are uniform across an attribute table, and 
distinguish one feature from another.  Attribute 
values can be free text entries (e.g., CONAME = ‘Piggly 
Wiggly’ or NAICS = ‘44511003’) or numerical integer 
values (SALESVOL = 2105).  In other cases, InfoUSA, a 
supplier of geospatial business data, uses domain 
fields to describe particular attributes. For example, 
the square footage of the store, represented by the 
field name SQFTCODE, can only have one of four 
values:  A: 1 – 2,499 Square Feet, B:  2,500 – 9,999 
Square Feet, C:  10,000 – 39,999 Square Feet, D:  
40,000+ Square Feet.  If there are 100 features in a GIS 
database, there will be 100 accompanying records in 
the attribute table all described using the same 
attributes.     

Attribute completeness measures the degree to 
which required attributes have actually been 
populated.  This does not necessarily mean that they 
are correct.  For example, the SQFTCODE must be 
populated and can be one of only the four possible 
aforementioned values matched through the 
appropriate domain table.  For the SALESVOL 
attribute, which represents sales volume in thousands 
of dollars, it must be an integer.  In some cases where 
it is not provided or unknown, a value of ‘0’ is 
provided.  These missing or unknown values may skew 
analysis when agglomerated with known values.  In 
other cases, non-numerical data can also be 
incomplete.  The CONAME attribute must be 

populated; incomplete attributes compromise 
summaries of these nominal data.   

Temporal accuracy refers to the age of the data 
compared to the usage or publication date.  Temporal 
accuracy errors are highlighted when a feature is 
indicated as open in the GIS database, but has since 
closed.  The assessment of temporal accuracy is 
difficult because time is rarely treated as a separate 
entity within spatial databases except in historically-
explicit databases such as the decennial census or 
time-series data (Longley et al. 2005).  While feature-
level metadata is able to collect information about 
individual features such as modification date(s), 
source material and accuracies, doing so within the 
confines of a 2,400 point feature class is problematic 
and time consuming.  

Other forms of GIS data accuracy do in fact exist.  
The Federal Geographic Data Committee (FGDC) and 
spatial data transfer standards (SDTS) also consider 
vertical accuracy (difference in measured vs. digital 
elevation), data lineage (changes/updates in data and 
dates of these changes), data usability (adherence to 
requirements for a use-case scenario) and logical 
consistency (compliance of qualitative relationships 
inherent in the data structure) as part of data quality 
(FGDC 2000; USGS 1997).  ISO (International 
Standards Organization) Standard 19571 further 
delineates logical consistency into quantifiable 
elements of conceptual, domain, format and 
topological consistency.  In some GIS circles, semantic 
accuracy or “the quality with which geographical 
objects are described in accordance with the selected 
model” (Salgé 1995, 139) is also considered a facet of 
data quality.  However, assessing these facets of data 
quality falls outside of the scope of this project.  

Early pioneers of GIS recognized the importance of 
data quality, not only from a cost efficiency 
standpoint, but because of the legal ramifications in 
publishing incorrect spatial information which may 
lead to accidents or the misuse of data (Epstein 1987).  
Even then, they understood the compromise between 
accuracy, the cost of creating accurate data and the 
inevitability that some error will still exist.  This 
compromise is what Bédard (1987) called uncertainty 
absorption.  Regardless of resource allocation, 
verification of data quality should be done by 
discipline experts with a long-term goal of developing 
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data quality standards.  This helps to protect the GIS 
data producer from the potential misuse of GIS data 
(Aronoff 1989).    

 Metadata has been used to describe data 
quality measures taken during the data development 
process and subsequent updates.  Most generally 
thought of as “data about data”, metadata serves as a 
formal framework to catalog the lifeline of a particular 
GIS data set.  Although the aforementioned feature 
level metadata (Qiu et al. 2004; Devillers et al. 2005) 
has been able to capture data quality information, it 
is typically limited to quantitative measures of 
positional accuracy and qualitative information 
related to data lineage within eight of the more than 
400 entries that comprise a complete FGDC-compliant 
metadata file.  Even now, the population of these 
metadata elements is not fully automated, and some 
entries must be done by the GIS data steward.  Given 
the efficiency at which this metadata population is 
done by each steward, data quality assessment done 
solely via the extraction of metadata entries is not 
advised.   

 As it pertains to GIS applications related to the 
food environment, empirical research on data quality 
is evolving.  Liese et al. (2010) and Auchincloss et al. 
(2012) explored the quality of retail location data 
purchased from independent sources, referred to as 
Commercially Available Business (CAB) data.  
Examples of these CAB databases include InfoUSA, 
TDLinx and Dunn and Bradstreet. Larger-scale studies 
(Han et al. 2012; Hosler and Dharssi 2010; Mendez et 
al. 2016; Rummo et al. 2015) were performed for 
Durham, Chicago, Albany and Pittsburgh respectively.  
All cited some degree of difference among these CAB 
databases as well as field-based and automated 
methods, citing that caution must be taken when 
using CAB databases.  Sharkey and Horel (2008) 
ground-truthed the addresses of food sources 
provided from various sources such as Internet 

telephone directories, telephone directories and the 
Texas Department of Agriculture.  They found 18.9% 
of food sources provided via this public data could not 
be verified for a variety of reasons such as 1) 
businesses were no longer open 2) business where 
food source was formerly located was now occupied 
by non-food source 3) address did not exist or able to 
geocode and 4) located denoted as a food source was 
a residence with no apparent food business.  In 
addition, they found 35.7% of food sources within 
their study area were only identified through ground-
truthing (i.e., error of omission).  In another study by 
Lake et al. (2012), field verification was performed on 
twenty-one different food source categories 
(Restaurant, Pub/Bar, etc.) across different 
permutations of socio-economic status (SES) and 
population density (urban, rural, mixed) across 
England.  For the rural low SES, more than one third 
(36%) of food sources provided source could not be 
found in the field (i.e., error of commission).     
   
Study Area  

We conducted analysis in an eleven-county region 
in southeastern North Carolina (Figure 1).  This mainly 
agricultural region, centered about Fort Bragg, serves 
as the economic and cultural center of this region, 
which has an area of about 17,380 km2 (6,705 mi2) 
and a population of approximately 1 million people. 
The largest city in the region is Fayetteville, the sixth 
largest city in North Carolina with a population of 
nearly 208,878; other urban areas within the region 
include Sanford (est. 2019 population 30,037,267), 
Lumberton (20,875), Laurinburg (15,527), Pinehurst 
(17,484), Dunn (9,560), Rockingham (9,048) and 
Clinton (8,292). Outside of military and service 
industries, agriculture continues to serve as a vital 
part of region’s and state’s economy.  Rural regions 
represent 53.2% of the population and 95.4% of the 
land area within the study area.   
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Figure 1.  Location map showing the eleven-county study area. 
 
Data 

As with this and other GIS-based studies on the 
food environment, analysis must be based on data 
developed from scratch or provided as commercially 
available business (CAB) data.  The creation of both, 
regardless of data developer, can be expensive and/or 
prone to all types of error. These data were provided 
as point locations by InfoUSA for the year 2017.  
According to the metadata, the dataset “contains 
locations of over 13 million private and public 
companies in the United States” (Esri 2017). 

According to the metadata, these data are current 
as of 4/6/2017 and are updated annually.  Data are 
agglomerated through third party vendors for use 
with Esri (Environmental Systems Research Institute).  
Tabular data was created via the aforementioned 
process of geocoding.  One attribute represents how 
well the geocoding process matched with reality, 
whereby mismatches referred back to original 

coordinates provided in tabular format.  More than 21 
attributes are used to represent each point, ranging 
from the company name and location identifiers such 
as street, city, state and zip code to information 
specific to each company such as the NAICS code, SIC 
code, sales volume, company size and number of 
employees (Esri 2017). 
 
Methods 

Regardless of the organization, data quality is the 
end-product of a reconciliation that must be made 
between personnel, time and available resources so 
that GIS data can be created as quickly, accurately, 
completely and cost-effectively as possible.  New data 
can be created from scratch based on known 
parameters to replace legacy data, but time, 
personnel and money may not allow for that.  Spatial 
data quality assessment is the same way. 
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Using GIS functionality, a Select by Location 
technique was run to find all businesses within the 11-
county study area.  In this region, there are more than 
34,500 businesses.  Using the Select by Attributes 
functionality, food sources were selected according to 
their NAICS (North American Industry Classification 
Standard) code, a multinational (United States, 
Canada and Mexico) standard which classifies 
business establishments by their primary economic 
activity.  Six different cohorts include:  1) Superstores 
that provide food 2) Fruit and Vegetable Markets 3) 
Supermarkets and Other Groceries 4) Convenience 
Stores 5) Fast-Food Restaurants and 6) Limited-
Service Restaurants.  These cohorts were further 
classified as ‘healthy’ and ‘unhealthy’ food sources, 
where that supermarkets and other groceries, fruit 
and vegetable markets and superstores that provide 
food are defined as ‘healthy’ food while ‘unhealthy’ 
food was represented by convenience stores, limited-
service restaurants and fast-food restaurants. 

The 2,493 resulting food sources amongst six 
cohorts were further classified as urban or rural.  In 

most contemporary literature, ‘rural’ is simply defined 
as areas not classified as ‘urban’.  Urban can be 
conceptualized at various scales, including the more 
popular county-level Metropolitan and Micropolitan 
Statistical Areas (MSAs), which are based on 
population.  Since aggregation at the county level is 
too coarse for many purposes, including this one, this 
research adhered to the Census Bureau (2010) 
definition of rural, which states that rural regions are 
any region that are not classified as urban.  Urban 
areas are defined as 1) Urbanized areas (UA) of 50,000 
people or more OR 2) Urban clusters (UC) of 
population between 2,500 and 50,000.  Census 
divisions that meet a minimum population density 
requirement and are adjacent to UAs or UCs are also 
considered urban.  Using GIS data demarcating urban 
areas provided via the United States Census through 
TIGER/Line Shapefiles, the Select by Location routine 
was run to find all businesses located within urban 
areas.  The Switch Selection command was run to find 
all non-urban, or rural business.  All business and 
cohorts are summarized in Table 1 below. 

 
Table 1.  Summary of NAICS codes used to define ‘healthy’ and ‘unhealthy’ food around and within study area 

NAICS 
Code Description Healthy / 

Unhealthy 

Entire 
Study 
Area 

Most 
Frequent (#) 

Urban 
Regions 
within 

SA 

Most 
Frequent (#) 

Rural 
Regions 
within 

SA 

Most Frequent (#) 

44511* 
Supermarkets 

and Other 
Grocery 

Healthy    324 Food Lion 
(65) 207 Food Lion 

(53) 117 Food Lion (12) 

44523* 
Fruit and 
Vegetable 

Market 
Healthy 39 - 16 - 23 - 

45211101 Superstore Healthy 16 
Walmart 

Supercenter 
(15) 

13 
Walmart 

Supercenter 
(12) 

3 Walmart Supercenter 
(3) 

  Total 379  236  143  

44512* Convenience 
Store Unhealthy 428 Kangaroo 

Express (87) 289 Kangaroo 
Express (73) 139 Kangaroo Express (14) 

722511* Fast-Food 
Restaurant Unhealthy 1666 Subway 

(90) 1392 Subway 
(65) 274 Subway (25) 

722211* 
Limited-
Service 

Restaurant 
Unhealthy 20 

Jersey 
Mike's Subs 

(8) 
19 

Jersey 
Mike's Subs 

(8) 
1 New York Deli II (1) 

  Total 2114  1700  414  

*Represents wildcard character where store class begins with the code  
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This project looked to inspect an adequate 
number of features so that database fidelity can be 
discerned within an acceptable confidence or 
threshold.  The ANSI (American National Standards 
Institute) / ASQ (American Society of Quality Control) 
Z1.4-1993 Standard has been used for larger 
databases, but little guidance is provided to dictate an 
adequate sample size amongst these 12 different 
cohorts or varying sizes.  Still other QA/QC protocols 
require that a certain percent of features (10% for 
example) be verified.  However, while inspecting 294 
(10% of all features) would serve as an adequate 
sample for the entire dataset, taking 10% of small 
cohorts of rural supermarkets, superstores and 
limited-service restaurants would result in small 
samples sizes and large margins of error in hypothesis 
testing, thus making comparisons between 
counterparts impractical.  This data quality 
assessment was as comprehensive and seamless as 
possible given personnel and time constraints.  

400 randomly selected food sources were divided 
between each of the two major divisions of food 
(‘healthy’ vs. ‘unhealthy’) within urban and rural food 
sources.  In order to maintain consistency in field 
verification for hypothesis testing, 100 urban healthy 
(UH) sources were randomly selected, as well as 100 
rural healthy (RH), 100 urban unhealthy (UU) and then 
100 rural unhealthy (RU).  As a result, 200 urban 
features within the GIS database were field checked 
against 200 rural food sources in the same database.  

200 healthy sources were to be checked against 200 
unhealthy counterparts.       

Within each group of 100 candidates, candidates 
to be field checked were proportionally divided 
between each sub-cohort of healthy features’ sales 
volume that contained the most features while 
ensuring that acceptable samples were taken where 
possible.  This was done to ensure data where a 
people were shopping was being checked as correct.  
Supermarkets and other groceries made up 88% of 
healthy food sources in urban areas and 82% in rural 
areas, but less of the sales volume (65% and 69% 
respectively).  Of the 200 healthy food sources to be 
field checked, 154 were evenly split between urban 
and rural.  This equates to 77% of the healthy features 
to be checked, with the remainder split between fruit 
and vegetable markets and superstores given the 
already small number of them within the study area.  
The intent was to have higher sample sizes for the 
smaller cohorts (fruit and vegetable markets in 
particular) in proportion to the total number of each 
for hypothesis testing.  As a result, 37% of urban 
supermarkets were field checked compared to 66% in 
rural regions.  Even higher percentages of other 
healthy food sources were checked with all but 3 
superstores being field verified.  The same was done 
with unhealthy food, where the ratio of fast food to 
convenience stores was much higher in urban areas 
than in rural areas, but tried to maintain consistency 
between the two while ensuring that an adequate 
number of limited-service restaurants were selected.      

 
Table 2.  Summary of features that were field-checked in QA/QC process 

NAICS Code Description Healthy / 
Unhealthy 

Urban Regions 
within SA 

Rural Regions 
within SA 

Total Within 
Study Area 

44511* Supermarkets and Other Grocery Healthy    77 77 154 

44523* Fruit and Vegetable Market Healthy 10 20 30 

45211101 Superstore Healthy 13 3 16 

  Total 100 100 200 

44512* Convenience Store Unhealthy 40 50 90 
722511* Fast-Food Restaurant Unhealthy 51 49 100 

722211* Limited-Service Restaurant Unhealthy 9 1 10 

  Total 100 100 200 
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All 400 points were randomly selected and placed 
into a database for on-site field verification.  The goal 
of field verification was to determine 1) if the business 
was actually located where the GIS database dictated 
2) if the business was still in operation 3) if the 
business activity (fast food, for example) is attributed 
correctly.  Also noted in the database were other 
issues that may contribute to questions of data 
integrity and subsequent food desert analysis, such as 
1) geocoding errors where that point is located 
nearby, but not exactly where it should be and 2) 
points that could be attributed differently.  This may 
occur where a small grocery store could have been 
attributed as a convenience store.  These errors are 
more qualitative in nature and were merely noted.  
Attributes were created specifically for field 
verification that contained placeholders for these 
notations that could be done in the field.           

Using the ArcGIS Network Analyst tools, the New 
Route command determines the fastest route 

between a set of locations.  The 400 points were 
placed into manageable subsets (counties) for each of 
the field verification teams.  Using GIS data provided 
through the North Carolina Department of 
Transportation (NCDOT), each team was assigned a 
subset, calculated the quickest route for their 
particular subset and headed into the field.   
          
Results 
Summary of Errors  

Business data were received in November, 2017, 
and field verification of the 2017 food source GIS data 
took place between December 2017 and early March 
2018.  400 points were inspected to determine how 
well these GIS data and various permutations of these 
data aligned with geographic reality as well as cohorts 
against each other. Of the 400 total points inspected, 
310 (77.5%) of them were accurate.  Of the 90 that 
were deemed as incorrect, the following is a summary 
of the errors: 

 
Table 3.  Summary of errors in QA/QC process 

Description of Error Number of Occurrences Type of Error 
Food Source Permanently Closed 32 Temporal Accuracy 
Point is Actually a Residential Location 24 Attribute Accuracy 
Nothing Exists at the Point  18 Horizontal Accuracy 
New Business Occupying Location 9 Temporal Accuracy 
Does Not Sell Food Directly to Public (Distributor) 3 Attribute Accuracy 
Business Name is the Same, but is not a food Source 2 Attribute Accuracy 
Located Far Distance from Actual Feature 2 Horizontal Accuracy 

 
All 90 errors were generalized into one of seven 

general descriptions as shown in Table 3.  The most 
popular error, representing 35.6% of all errors, was 
that the food source represented in the GIS 
databases, was permanently closed.  Two examples of 
these temporal inaccuracies are shown in Figures 2 
and 3.   
 

 
Figure 2.  Urban Fast-Food Now Permanently Closed.  
This Location Was Represented in the GIS Database as 
Being Open. 
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Figure 3.  Rural Supermarket Now Permanently 
Closed.  This Location Was Represented in the GIS 
Database as Being Open.   
 

Another type of error was that the GIS data 
actually represented a residential location, as 
opposed to a business, as shown in Figure 4.  This can 
be more ascribed to an attribute error, where the 
address noted as the business location was incorrect, 
attributed as the owner’s home address or the 
incorrect NAICS code. In this case, food-accessible 
regions may be identified when in reality they do not 
exist.  26.7% of all errors were of this type.  Another 
type of error can be attributed to issues of horizontal 
accuracy where nothing, not a residence or another 
business, exists at the point.  This is probably due to a 
geocoding error where the address provided could 
not be converted to an accurate X/Y location.  Once 
again, food inaccessible regions may be denoted as 
having access to food.  In addition, if the food source 
has not since been closed, analysis may be missing 
food accessible regions where the food source is really 
located. 

Using the types of errors discussed in the 
literature reviews, Temporal Accuracy issues 
represented 45.6% of all errors, followed by Attribute 
Accuracy (32.2%) and Horizontal Accuracy (22.2%).  
Attribute Completeness was not an issue for overall 
error within the database, but 1 record did not 
contain sales volume and the number of employees, 
thus compromising analysis requiring these 
attributes. 

 

 
Figure 4.  Point Attributed as Urban Grocery Store that 
Clearly is Not a Grocery Store 
 
Summary of Cohort Errors  

These 90 errors were broken down between 
various cohorts of the food environment as shown in 
Table 4 in the Appendix.  Most notable is the 
difference between urban and rural accuracy.  82.5% 
of all 200 urban features checked were correct 
compared to 72.5% of rural counterparts using the 
same sample size.  These differences were also 
expressed between healthy food (82% urban vs. 70% 
rural) and unhealthy food (83% healthy vs. 75% 
unhealthy).  Of the six different cohorts of food 
sources field verified, all four of them (grocery and 
other supermarket, fruit and vegetable market, 
convenience store and fast food) had urban accuracy 
to be greater than rural accuracy. 

An independent t-test of two proportions was run 
between the two sets of results to determine if there 
was a difference between the percentages computed.  
Using the derived accuracy percentages for each 
cohort (p�1 and p�2), the combined accuracy (p�0) and 
the sample sizes for each cohort (n1 and n2), this test 
helps determine the criteria in order to reject the Null 
hypothesis (percentage from each cohort is equal to 
each other) and accept the alternate hypothesis 
(percent from each cohort are not equal to each 
other). 
 

𝑍𝑍 =
p�1 − p�2

�p�0(1 − p�0) � 1
𝑛𝑛1

+ 1
𝑛𝑛2
�
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For example, when comparing healthy urban 
accuracy (n1 =100, p�1 = .82) versus healthy rural 
accuracy (n1 =100, p�1 = .70), with a pooled sample 
proportion (p�0) of .76 ( 82

100
+ 70

100
= 152

200
=  .76), the 

resulting z-score of 1.99 and p-value of .0483 show 
that these differences are at allowable limits for 
accepting the alternative hypothesis with 95% 
confidence (significance level α = .05).  As a result, 
given this sample size, we can confidently state that 
urban healthy cohorts are statistically different, or 
more accurate in this case, than the rural healthy 
cohort for our parameters.  

Permutations of the results from Table 4 were run 
against each other using the test of two proportions 
as shown in Table 5.  There are differences between 
urban and rural accuracy for the some of the six 
different cohorts of food stores inspected.  Most 
significant was the distinct differences between the 
accuracy for all urban food sources and less accurate 
rural food sources at the α = .05 level.  Another result 
showed the aforementioned urban healthy food was 
more accurate than rural healthy food at the α = .05 
level.  Although not significant at an acceptable level 
(α = .1), the GIS data representing urban unhealthy 
food was more accurate than its rural unhealthy 
counterpart.  However, if the sample size were slightly 
higher (n = 89 instead of n = 77), these differences 
would be significant at the α = .1 level if these 
accuracies (79.22% and 68.83%) for each cohort were 
to remain the same.  The same can be said for the 
urban fast food (accuracy =84.31%, n = 51) and rural 
fast-food (accuracy = 73.47%, n = 49) where that a 
sample size of 76 would be required to achieve the α 
= .1 level if accuracies were to remain consistent.  Also 
less accurate, but not significantly so, was the rural 
unhealthy GIS data versus the urban unhealthy data 
and the rural convenience stores.  For other tests 
involving superstores, fruit and vegetable markets 
and limited-service restaurants, the limited number of 
stores in the areas and resulting samples resulted in 
unreliable results.  Lastly, there was no statistical 
difference between the accuracy of healthy food 
(76%) versus unhealthy food (79%). 
 
 
 

Table 5.  Result for test of two proportions   
Null Hypothesis p-value 
Urban Healthy (n =100) = Rural Healthy (n = 
100) 

.0483** 

Urban Unhealthy (n =100) = Rural Unhealthy 
(n =100) 

.1664 

All Urban (n =200) = All Rural (n =200) .0170** 
Urban Supermarket (n =77) = Rural 
Supermarket (n =77) 

.1266 

Urban Fruit and Vegetable Market (n =10) = 
Rural Fruit and Vegetable Market (n =20) 

.5638 

Urban Superstore (n =13) = Rural Superstore 
(n =3) 

NA 

Urban Convenience Store (n =40) = Rural 
Convenience Store (n =50) 

.3931 

Urban Fast-Food (n = 51) = Rural Fast-Food (n 
= 49) 

.1860 

Urban Limited Service (n = 9) = Rural Limited 
Service (n = 1) 

.6109 

Healthy (n =200) = Unhealthy (n =200) .4729 
*ρ < .1    **ρ < .05   ***ρ <.01 

 
Discussion 

It is difficult if not impossible to develop and 
maintain a geospatial database for the purposes of 
food security in such a large area that can be kept 
accurately in real-time.  The data collection process is 
inexact, with addresses collected from a variety of 
sources at various frequencies.  In addition to errors 
addressed in this paper, stores close, new ones open 
and other are repurposed throughout the year.  These 
changes are not reflected in the database until data 
are updated and even further delay may occur before 
it is distributed to the public.  The creators of these 
data fully recognize these issues and typically issue 
liability and logical consistency statements through 
metadata to ensure data users are aware of any gaps 
or inconsistencies in the data.  That has been the case 
with these data.  Feature level metadata tools can be 
configured to collect information about individual 
features within a data layer to address entries such as 
source material, date of last modification, 
horizontal/vertical accuracy and security clearance.  
However, maintaining metadata with this granularity 
from an original database of more than 13 million 
points may require more resources (personnel, time 
and storage space) that are available.    

Ways to evaluate data accuracy results vary 
depending upon the nature of the data.  Cohen’s 
Kappa is a popular metric that measures conformity 
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within categorical items.  It is thought to be a more 
robust measure than simple percent agreement 
calculation, which this study uses, since it takes into 
account the possibility of this agreement occurring by 
chance.  However, while this study does contain 
mutually exclusive categories with the entire 
population of food sources (e.g., Urban vs. Rural; 
Supermarkets and Other Groceries vs. Fruit and 
Vegetable Market vs. Superstore vs. Convenience vs. 
Fast-Food Restaurant vs. Limited-Service Restaurant; 
Urban Healthy vs. Rural Healthy) theses sources are 
not limited to those categories on the ground.  In 
addition to misclassified data (grocery store in 
database is really a farmers’ market on the ground) 
that Cohen’s Kappa does address, it does not address 
issues where ground-truthed data do not fall within 
these defined categories (grocery store in database 
does not exist on the ground).  Since source data do 
not necessarily have complementary fields in the 
correlation matrix, results from Cohen’s Kappa 
analysis may be misinterpreted.   

Lastly, this project just explored one popular 
source of geospatial data used in the study of food 
security.  There are many others.  In North Carolina, 
information on farmers’ markets is provided by NC 
Farm Fresh (http://www.ncfarmfresh.com/index. 
asp), a reliable body that compiles the data for all the 
farms and farmers’ markets within North Carolina.  
While not provided in spatial format, addresses can be 
placed into a text file, geocoded to ascertain and 
display the actual point location/geographical 
coordinates as geospatial data.  For this particular 
study area, there are 191 farmers’ markets provided 
via NC Farm Fresh compared to 83 provided in the 
InfoUSA database.  Since metadata is not provided for 
NC Farm Fresh data, InfoUSA was used in this project.  
Further research could distinguish the differences 
between the data sets and determine the veracity of 
NC Farm Fresh data in future food desert studies.     
 
Conclusion   

Disparate health outcomes are a result of a wide 
spectrum of issues, ranging from household level 
motivation to eat healthy, access to health care, 
education about the long-term effects of healthy 
eating/living and policy designed to address broken 
links in food systems that is teeming with healthy 

food.  While President Obama’s Healthy, Hunger-Free 
Kids Act and New York’s Healthy Bodega initiative are 
noble efforts to facilitate healthier eating habits, it 
only solves part of the problem because many of us, 
for better or worse, have acquired a palate.  However, 
spatial access to healthy options is foundational to 
this change.   

Operational definitions of food deserts and food 
insecurity differ from study to study. Among the 
reasons for these differences are variations in topical 
focus (e.g., obesity vs. rural development), spatial 
extent of geographic area of interest (e.g., national vs. 
sub-state region), and characteristics of available data 
(most notably, demographic and socio-economic data 
from the U.S. Census).  No single classification scheme 
or boundary definitions are appropriate for all 
localities or study objectives.  Category definitions can 
be thought of as a model of a complex food system in 
that they simplify and summarize, highlighting certain 
characteristics and leaving out others to show 
particular relationships.  As with any model, the 
number and definitions of classification categories 
reflects a set of assumptions, a narrow focus, and a 
particular context. 

GIS-based exploratory data analysis is a useful tool 
for this type of model development as it allows 
analysts to interrogate diverse geographically linked 
datasets to identify inherent patterns and develop 
testable hypotheses regarding factors contributing to 
those observed patterns. This data-driven approach 
minimizes bias from imposition of untested 
assumptions derived from studies for other purposes 
at other scales in other settings.   

High-quality data serves as the fundamental basis 
for these decisions.  These GIS data, whether provided 
through the United States Census or through other 
vendors can be easily converted to geospatial format 
if they are not already provided in that format.  One 
of the challenges in working with these data at various 
scales is its reliability, or lack thereof.   Explanatory 
demographic data are typically collected within 
enumeration units such as the census block group, 
tract, county and state level through the American 
Community Survey (ACS), a program through the 
United States Census that samples data in non-
decennial census years.  Inherent in all ACS data is a 
sampling error, which represents “errors that occur 

http://www.ncfarmfresh.com/index.%20asp
http://www.ncfarmfresh.com/index.%20asp
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from making inferences about the whole population 
from only a sample of the population” (ESRI 2014).  
Within quantitative calculations of error is an 
enumeration unit’s determination of reliability.  Three 
classes of reliability exist for ACS data:  High, Medium 
and Low.  These classes can give users and decision 
makers insight into the data used for analysis at a 
particular scale.   

 However, little work has been performed on the 
accuracy of geospatial data which represent store 
locations.  This project presents a basic framework 
and methodology by which food sources represented 
as points can be assessed for horizontal accuracy, 
temporal accuracy, attribute accuracy and attribute 
completeness.  Seven different types of error were 
found; the reasons for these errors varied from poor 
record keeping and misattribution to time lags 
between when data are collected and published.  In 
all, the latter of these errors, temporal accuracy, 
represented 45.6% of all errors in the database.  In 
these cases, the food environment at the time of 
QA/QC was different than when the data were 
collected.  The use of old and outdated data can have 
a profound impact on the representation of food-
needy areas and how we respond to them.   

In exploring differences between various 
preselected cohorts of these data sources, distinct 
differences were found between accuracies for rural 
and urban cohorts.  For n=200, the geospatial data 
representing rural food sources (72.5%) was less 
accurate than urban cohorts (82.5%) at α = .05.  In 
addition, rural healthy food sources were statistically 
less accurate than urban healthy cohorts at that same 
significance level.  While rural communities are 
disproportionately affected by unhealthy food 
environments (Morton and Blanchard 2007) and 
some research has shown that disparities in food 
access are also greatest in rural communities 
(Morland et al. 2002; Smith and Morton 2009), this 
disproportionality also extends to the accuracy data 
sources within these regions.  Further research into 
issues of data collections methods, data collection 
frequency and logical consistency can perhaps 
address the reasons for these distinct differences.    

The framework approach described in this paper 
is flexible and broadly applicable, and can be useful for 
comparing and exploring spatial relationships among 

accuracies between different study areas if resources 
exist.  We suggest that the approach, methods and 
results described in this paper be used to inform 
analysts and end-users of geospatial data research of 
any implicit or explicit error that may explain, 
elucidate, undermine and reinforce results using 
these data.   
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Appendix 
Table 4. Summary of features checked in QA/QC process 

NAICS 
Code Description Healthy / 

Unhealthy 
Total 
Correct 

Total 
Incorrect 

Percent 
Correct 
for 
Urban 
Cohort 

Total 
Correct 

Total 
Incorrect 

Percent 
Correct 
for 
Rural 
Cohort 

Total 
Correct 

Total 
Incorrect 

Percent 
Correct 
for All 

44511* 
Supermarkets 
and Other 
Grocery 

Healthy    61 16 79.22% 53 24 68.83% 114 40 74.03% 

44523* 
Fruit and 
Vegetable 
Market 

Healthy 8 2 80.00% 14 6 70.00% 22 8 73.33% 

45211101 Superstore Healthy 13 0 100.00% 3 0 100.00% 16 0 100.00% 
  Total 82 18 82.00% 70 30 70.00% 152 48 76.00% 

44512* Convenience 
Store Unhealthy 33 7 82.50% 38 12 76.00% 71 19 78.89% 

722511* Fast-Food 
Restaurant Unhealthy 43 8 84.31% 36 13 73.47% 79 21 79.00% 

722211* 
Limited-
Service 
Restaurant 

Unhealthy 7 2 77.78% 1 0 100.00% 8 2 80.00% 

  Total 83 17 83.00% 75 25 75.00% 158 42 79.00% 
            
   165 35 82.50% 145 55 72.50% 310 90 77.50% 
   Total for all urban  Total for all rural  Total for all features 

 


