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Abstract 
 

The procedures of using GIS for site selection can be sophisticated. The work was usually 
completed by an entire data analyst team. With the help of scripting language, API and online 
database, an individual has a chance to access massive open data and built applications for site 
selection. This paper gave a try to build a web-based mapping interface for site selection for 
Dunkin’ Donuts. The core of the application is an OLS regression model. The platform for storing 
data and building the map is CartoDB. 
 

Introduction 
 

GIS is a powerful software technology for site selection. It allows companies to consider many 
possibilities, understand potential, review the impact of different investments, store and 
produce configurations, and analyze changing trends in the retail landscape. Companies like 
Starbucks use Esri’s Business Analyst Online for site selection. Esri’s Business Analyst Online is 
one of the most representative solutions for retail business processes including market 
planning, site selection, and customer segmentation. It utilizes GIS-based site selection analysis. 
Although with the help of accurate data, Esri’s Business Analyst Online is quite powerful, the 
pricing is high and the reports are sophisticated. The basic plan starts from $1,500 and the 
standard plan stars from $7,000. It may not be expensive for big companies but is absolutely 
not cheap for individuals or small teams. 

 

As API becomes popular, more and more organizations make their data public through API. 
Independent developers are able to have access to more data. With the help of scripting 
language, API and online database, individuals can perform a full process from data mining to 
data visualization. In the past, such work required a complete team to finish. 
 
This paper gave a try to build a web-based mapping interface for site selection. The 
service object is Dunkin’ Donuts but not limited to Dunkin’ Donuts. Anyone with interests 
in site selection or data science is welcome to learn the procedures and use the interface. 
 

Dunkin’ Donuts is an American global coffeehouse chain and has become one of the largest 
coffee chains in the world. The company primarily competes with Starbucks, which gained 
market competitiveness through finding the best real estate locations. The web-based 
mapping interface built in this paper is not intended to compete with Esri’s Business Analyst 
Online but to show the possibility for individual developers to get involved in retail site 
selection and build a scalable application. 

 

Like Esri’s Business Analyst Online, the application utilizes GIS-based site selection analysis and 
demographic data. Unlike Esri’s Business Analyst Online, the application provides suggestions 
on site selection in a simpler way rather than generate various sophisticated reports. The 
financial cost of developing the application is almost zero because only open-source, free 
software would be used. The core of the application is a predictive model. An OLS regression 
model was used to predict the retail-site sales. A previous research found that a 
straightforward linear regression can be developed rapidly and cost-efficiently using open-
source, free software. (Real Estate Site Selection With Predictive Modeling in the Open-Source 
R Language). 
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The interactive interface allows users to know the predicted sales of any site on the map 
through background calculation. At the same time, a report will be generated explaining how 
the predicted sale is calculated. This is a more straightforward way to make suggestions on site 
selection. With more accurate data added into the regression model, the model can be 
improved so that it will perform better and better. 
 

Overview of the procedure 
 
The techniques used in this paper include Python, R, JavaScript and ArcMap (optional). 
The procedure is as followed. 

1. An OLS regression model is built to find factors related to coffee sales.  
2. API is used to get market value of properties and data about significant predictors.  
3. The site suitability is derived from the difference between sales and market value.  
4. Data collected is processed and uploaded to CartoDB.  
5. JavaScript is used to build a web-based mapping service based on CartoDB. 

 

Model  

It started from a regression model. 
 

In a GIS course I took at University of Pennsylvania, I learned how to use OLS regression model 
to predict the sales of volume of coffee shops given the spatial and aspatial qualities of coffee 
shops in PA. OLS is the abbreviation of ordinary least squares. It is also called linear least 
squares. OLS is a method for estimating the unknown parameters in a linear regression model. 
In the class, we used several possible predictors to build a model to predict the sales of volume. 
The dataset is not limited to Dunkin’ Donuts but is about all coffee shops in Pennsylvania. It is a 
good training set.  

Regression Model 
Possible Predictors:  

Variable Explanation 

dist_Hwy Distance to the nearest highway 

CoffeeDist Distance to the nearest coffee stores other than itself 

DistShop Distance to the nearest supermarkets 

popDens Population density 

POP Population 

HHs Households 

Families Families 

Homes Homes 

Med_Inc Median income 

Med_Rent Median rent 

Med_Value Median house value 

Pct_White Percentage of White population 

Pct_le_5yr Percentage of population under 5 years old 

Avg_HHSze Average household size 

Pct_Col2 percentage of population with Bachelor’s degree or higher 

Pct_BlPov percentage of population in poverty 

distEmpC Distance to the nearest employment center 

SALES_VOL Sales of volume (the total amount of dollar sales in thousands) 
 Table 1: possible predictors 
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Multicollinearity 
 
First, the correlations between each potential predictors need to be examined to see whether 
there is multicollinearity in the data set. Figure 1 is the correlation matrix of all potential 
predictors. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: the correlation matrix 

 

We can see that homes, households, population and families are highly correlated (correlation 
> 0.8). When applying OLS regression, we should only keep one of these predictors. 
 

OLS regression: 
 

The dataset was split into an 80% training set and a 20% hold-out validation set. In the class, we 
used these predictors to build a regression model to predict the sales of volume and found that 
the number of employees was a significant predictor. However, I altered the model here. I used 
the ratio of sales of volume and number of employees as the dependent variable. The reason is 
that the model is used for site selection. That is to say, the number of employees is unknown 
when building the regression model. Therefore, I use the ratio of sales of volume and number 
of employees as the dependent variable. The result of OLS regression is as followed. 
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Figure 2: the result of OLS regression 

 

As is shown in Figure 2, significant predictors are median rent, median value, percentage of 
White population, number of employees, and a dummy variable “isDunkin” indicating whether 
a coffee shop is Dunkin’ Donuts. Note that the number of employees is actually a sign of the 
size of coffee shop. The more employees, the larger the coffee shop is. 
 
The R-squared value is 0.9626 which means the model can explain 96% of the variance in the 
dependent variable. The low p-value associated with the F-ratio shows that we can reject the 
null hypothesis that all coefficients in the model are 0.  

Final Model: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 3: final model 
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Accuracy: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4: accuracy 

 

Figure 4 is the plot of predicted value -observed value. The slope of the red line is 1. The plot of 
out of sample prediction suggest the model is quite robust. 
 

Data Collection  

Real Estate Data from Zillow 
 
Zillow is an online real estate database company that was founded in 2006. It now provides 
Zillow API to public so everyone can get Zillow data through the API. The API covers data on 
Zestimate, rent Zestimate, home valuations, and other property details. More information is on 
the website: http://www.zillow.com/howto/api/APIOverview.htm. 
 

The main reason why I would like to get data from Zillow is its signature product Zestimate. 
The Zestimate home value is Zillow’s estimated market value, computed using a proprietary 
formula. The Zestimate is calculated from public and user-submitted data, taking into account 
special features, location, and market conditions. Zillow also produces a Zestimate forecast, 
which is Zillow’s prediction of a home’s Zestimate one year from now, based on current home 
and market information. Nationally, it has a median error rate of 7.9%. In Philadelphia, the 
Zestimate has a median error rate of 7.8% (Zillow, What is a Zestimate?). 
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Figure 5: Zestimate Accuracy Table 

 

An alternative data source is property characteristic and assessment information from the 
Office of Property Assessment. It is available on opendataphilly.org and is updated twice per 
week. There is no information about the accuracy on the website but when taking a look at the 
dataset, there are quite a few errors. As is shown in Figure 6, we care about the sale price or 
the market value but there are some records with $1.00 sale price or $0.00 market value. These 
abnormal records account for 33.59% of the whole dataset which is a rather high ratio. 
Therefore, I choose Zillow as the data source. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 6: abnormal records 
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The API used for this project from Zillow is called GetDeepSearch-Results API. It finds a property 
for a specified address. The result set returned contains the full address, Zestimate data and 
property data like lot size, year built, last sale detail etc. The required parameters are zws-id, 
address, and citystatezip. The details about these parameters are shown as followed. 
 
 
 
 
 
 
 
 
 

 
Figure 7: API parameters 

 

Zws-id is an ID provided by Zillow once you have registered on the website. The city is 
 
Philadelphia and the state is PA (Pennsylvania). Therefore the real problem is that how would 
I provide address. The other data source mentioned before is a solution. 
 

It is true that in property characteristic and assessment information from the Office of Property 
Assessment, there are quite a few abnormal records. However, the addresses in the dataset are 
accurate. They can be used to query data from Zillow. Another advantage of using addresses 
from the property data from the Office of Property Assessment is that it contains the category 
of properties. The category can help filter out places where are not suitable for retail stores. For 
siting coffee shops, I selected vacant and commercial properties. 
 

Even though I kept only vacant and commercial properties, the number of instances is still 
striking. There were over 70 thousands addresses. A zws-id is limited to query one thousand 
times to call the Properties Details API per day (Zillow, Term of Use). I had to spend over 70 
days query data from Zillow. I could create more accounts indeed but it is tedious and 
inefficient. As a result, I decided to limit my study area to west Philly. By taking a look at the 
population distribution map of Philadelphia, there are some places which are meaningless for 
siting coffee shops. The reason why I chose West Philly is that there is University City and many 
residential areas but few Dunkin’ Donuts stores. If Dunkin’ Donuts wants to expand its business, 
West Philly is quite potential for opening a new Dunkin’ Donuts store. 
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Figure 8: the distribution of population in Philadelphia 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 9: Dunkin' Donuts in Philadelphia 
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The final filtered dataset has about 7000 instances. I wrote a Python script to query data 
through Zillow API. The responses were in the format of XML. XML is a textual data format 
with strong support via Unicode for different human languages. There is a library in Python 
called xml helping parse XML files. Here is an example of the parsed data in Excel. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 10: the parsed data in excel 

 

I kept zpid for the purpose of possible further queries. I can use it to get more detailed 
information about the property. 
 

Census tract with ACS 5-year data 
 
In the regression model, the significant predictors are median income, median rent, average 
household size, percentage of population with Bachelor’s degree or higher, and percentage of 
population in poverty. To fill the equation and calculate the result of the prediction model, data 
on these features in each census tract is required. 
 
I got the census tract data from opendataphilly.org (OPENDATAPHILLY). The newest one I can 
get is Census Tracts (2010). 
 

The data of predictors was gathered from American Community Survey (ACS) 5-Year-Data 
(2010-2014) (Bureau). The ACS covers a broad range of topics about social, economic, 
demographic, and housing characteristics of the U.S. population. The API call url is 
http://api.census.gov/data/2014/acs5?. To get the information you want, you need to provide 
the acs5 code for different characteristics and the census tract id including the id for state and 
city. To search the right acs5 code for the required characteristics is painful because the dataset 
is so detailed that there may be thousands of instances describing similar things. 
 
The responses are different from what I got from querying Zillow API. They are strings rather 
than XML files. In terms of parsing, strings are easier to parse. However, if you got any errors 
during gathering data, it is easier to recover data in XML files. 
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Join 
 

The next step is joining the census tracts, ACS data and Zillow properties data together in 
ArcMap. ArcMap is not a free software. If you want to use other free open source software, I 
recommend CartoDB which I will discuss it further in the next section. CartoDB offers a 
solution to join spatial dataset either by attributes or by spatial location. It is similar to the join 
function in ArcMap. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 11: the procedure on CartoDB for join 

 

The census tracts and ACS data were joined by tract id. The census tracts with ACS data 
was then joined to Zillow properties data by spatial location. Here are the results. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 12: points in ArcMap 
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Figure 13: the attribute table 
 

 

Web-Based Mapping Interface 
 
In the previous section, I successfully got the data. The next step is to build a web-based 
mapping interface to let others have access to the data. I used JavaScript, HTML and CSS to 
build the web-based mapping interface. These three language are three core technologies of 
World Wide Web content production.  

CartoDB platform 
 
There are different ways to store your data and query it. CartoDB is one of the solutions. It is 
free (for limited space) and easy to learn to use. I uploaded the CSV version of my data onto 
CartoDB database. It would geocode the data for me automatically. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 14: the procedure on CartoDB for uploading data 
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Figure 15: map view of the data 
 

 

Interface 
 

 
Figure 16: the web interface 

As is shown in Figure 16, you can enter the range of lot size, choose a way to sort and define 
the number of records shown on the map. Click on the marker on the map, an info window 
will appear and show the details of the marker. 
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Figure 17: details of the marker 

 

Conclusion 
 
 
The project is hosted on GIithub (https://github.com/Roxyi/site_machine). The url of web-
based interface is http://roxyi.github.io/site_machine/. 
 
In general, the web-based mapping interface is built successfully. There is space to improve it. 
For example, more possible predictors should be examined. The predictors are all demographic 
or economic information. There must be some predictors that are related to sales spatially.  

More data can be collected to make the application not limited in West Philly. 
 
In this project, I used Python to gather data through API, R to build an OLS regression model, 
JavaScript to build a web application and ArcGIS to process spatial data. These cover almost 
all what I learnt in the graduate school. 
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