Operational Optimization Model for Hungry Marketplace

Using Geographic Information Systems

By

Mason Grant

A Thesis Presented to the
FACULTY OF THE USC DORNSIFE COLLEGE OF LETTERS ARTS AND SCIENCES
UNIVERSITY OF SOUTHERN CALIFORNIA
In Partial Fulfillment of the
Requirements for the Degree
MASTER OF SCIENCE
(GEOGRAPHIC INFORMATION SCIENCE AND TECHNOLOGY)

August 2021

Copyright 2021 Mason Grant



To Bill and Pam Grant, my Grandparents



Table of Contents

DEUICALION ...t e i
LSt Of TabIES ..o e %
LISt OF FIgUIES et Vi
List of ADDreviations .........o.oiiii vii
ADSTIACT .. viii
Chapter L INtrodUCTION ... ... e e e e aeeeaas 1
LLMEAI DEIIVEIY ..o e 3

1.2 SHUAY ATB ..ottt e e 4

1.3 DOCUMENT STIUCLUIE .. eeenitetie e e 6
Chapter 2 BaCKgroUNd ..........ouirii e et 8
2.1 Hungry’s Current OPerations ...........coeveeuiniininiiet e 8

2.1.1 Operational FIOW ....... ... 8
2.1.20perating LOCAtIONS .......ovineiiiie e 10

2.2 LIterature REVIBW ...t e 11
2.2.18upply Chain ... 12

2.2.2Site SUItADIItY ... 13
2.2.3Database DeSIgN .....viie i, 14

Chapter 3 Methodology ......cc.oiniiiii 16
3.1 Data Collection and ProCessiNg ........couieueiiiiiniiii e, 16
BLLOFFICES e 17
3.1.2Chefsand KitChens ..........oooiiiiii 19

LB CHENS .o 21



N N O 11 (<] 1 T 22

3.2 NEtWOrK ANAIYSIS ...t 24
3.2.1Closest Facility ........coviiii i 25

3.2.2 Origin Destination MatriCes ...........oovviieiiiiiiiiiiieiee e, 27

3.3 Database Creation ...........ocveiiiiiiiiiiiiii i 29
3.40perations ANalYSIS ... e 30
3.4.1CUrrent OPErations .........c.coviiriiiiii i 30

3.4.2 Optimized OPerations .........coevuiiriieiii i 31

Chapter 4 RESUILS ... e e 34
A1 CUITeNt OPEratioNS .......eet ettt e et 35

4.2 0Optimized OPErations .........oriniieii e 36
Chapter 5 Discussion and CoNnClUSION ..........o.oiviiiiiii e, 40
5.1 Assumptions and LImitations .............oooeiiiiiiiiiiiiie e 40

5.2 CONCIUSION ...t 43
RETEIENCES ... 45
APPENdIX Az OFFICES ... 48
ApPendiX B: KITChENS ... 49
APPENAIX C: CHENES ..ot e 50



List of Tables

Table 1 OFfiCeS FEALUIE CIaSS........ooviiiiiiiiiieeeee e
Table 2 Chefs FEAUIE ClaSS .......cuiiiiiiiieii ettt
Table 3 KitChens FEATUIE ClaSS.........ccviiiiiiiiiieie e
Table 4 ClIIENtS FEALUIE CIASS ........ooviiiiieiiieiieieeieee et
Table 5 Orders FEALUIE ClaSS.........coiiiiiiiiiiieieee e
TADIE 6 CHIENES ... n e
TADIE 7 KITCRENS ...
Table 8 Office_KItChENS _OD .....occiiiiiicie e
Table 9 Kitchens CHENS OD .......c.ooiiiiiie et
Table 10 TransPOrtation COSTS.......uiiiiieiie ettt e e e b e nreeanes
TaDIE 11 CUIMTENT COSES ..ttt bbb bbbttt b b
Table 12 OPtMIZEA COSES. ... ..iiiieiieeiee ettt e e sre e e e e beearbeenreeanes

Table 13 Order SUMMArY StatiSTICS ......ccviiiieiiecie e


file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365552
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365553
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365554
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365555
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365556
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365557
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365558
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365559
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365560
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365561
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365562
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365563
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365564

List of Figures

Figure 1 Hungry’s Operational FIOW ...........ccooiiiiiiii e

Figure 2 Hungry's Cur

Figure 3 Methodology

rent Operating LOCALIONS. .........coiiiiiiieicee e

FIQUIE 4 OFFICE LOCALIONS .....veeiiiiieitieite ettt sttt sttt ae et ene et et aneenneennas

Figure 5 Hungry's Kitchen to CHent Orders ........coviiiiiiiiii e

Figure 6 Database ERD ........cccoiiiiiiiiii ettt e

Figure 7 Current vs. O

Figure 8 Current vs. O

ptimized OFfice LOCAtIONS .........ccooiiiiiiciie et

ptimized Kitchen_Client_ OD ........ccccociiiii i

Vi


file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365544
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365545
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365546
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365547
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365548
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365549
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365550
file://///Users/masonbgrant/Desktop/My%20Drive/Academic/GIS%20VMWARE/THESIS/Grant_Thesis_2020.docx%23_Toc49365551

ERD
GIS
SQL
ssl
usC
VRP

List of Abbreviations

Entity Relationship Diagram
Geographic information system
Structured Query Language
Spatial Sciences Institute
University of Southern California
Vehicle Routing Problem

vii



Abstract

The food industry has been completely disrupted over the past 5 years with the onset of
platforms like Doordash, Instacart, HelloFresh, and Hungry Marketplace. These platforms, and
others like it, offer customers timely, cost-saving, and convenient ways to prepare, consume,
and/or experience meals. The explosion in food-industry innovation has changed the dynamic of
food services altogether as status quo operations aren't meeting the needs of the innovative oper-
ations. More people are opting in to having their meals delivered to more comfortable, familiar,
locations as opposed to going to brick-and-mortar restaurants to consume their meals. As a re-
sult, the food industry’s changing dynamic has led many to reconsider owning expensive restau-
rant locations in consideration of alternative commercial locations that are much cheaper and al-
low them to deliver the same quality of service. Given the importance of kitchen and office loca-
tions and the critically changing nature of the industry, new methods are needed to determine the
optimal locations for companies that are delivering services in this new environment. Using a
GIS (Geographic Information System), this thesis uses spatial analysis including site-suitability
analysis and network analysis to build an optimization model for Hungry Marketplace, a food-
industry start-up. The model utilized the company’s current operations in Boston, Massachusetts
as a case study. The model identified optimal locations for kitchen and warehouse operations that
maximize the market opportunities while keeping the operational expenses low. This thesis pro-
vides recommendations to the company for a cost-effective operation going forward. Ultimately,
this data-driven and reproducible methodology can be applied by existing and potential compa-

nies in the food industry for optimizing their spatial decisions.
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Chapter 1 Introduction

Food is not only necessary to sustain human life, but it is also the bedrock of civilization.
Throughout history, the act of eating food has extremely important social and cultural signifi-
cance. Humans have used the act of eating a meal for the most momentous occasions and some
of the greatest moments that have redefined history have been made during the act of having a
meal, including, the last supper, the first Thanksgiving dinner in America, Churchill and Stalin in
1942, and countless other undocumented dinners that led to revolutionary changes in society.
Although civilization has changed dramatically over these time periods, the cultural significance
has remained consistent. As the world continues to revolutionize the areas of science and tech-
nology, and more social dynamics become digital, it is more important now than ever that the
world takes the time to enjoy a fulfilling meal. Although technology may be pushing to remove
us from the present moment, it does not mean that we cannot also embrace technology to help
build a stronger social and cultural fabric that allows us to reinforce the human connection
through food.

Approximately 746 billion U.S. Dollars are spent each year at restaurants in the United
States alone (Lock 2018). Restaurant are the location of great meals, however, there is also
something to be said about the authenticity and comfort that is experienced when having a meal
in your own surroundings. These two situations are ideal, however, there are many factors like
time, cost, and convenience that deter people from these restaurant experiences and entice them
towards inferior alternatives. Using technology, many companies are looking to solve the prob-

lems of time, cost, and convenience to help more people enjoy a meal.



During the past several years, web and mobile technology has allowed companies like
Doordash, Hungry Marketplace, Instacart and others to redefine the food industry with innova-
tive approaches to how people consume meals (Oliver 2015). Doordash uses its platform and
network of drivers to pick up meals from restaurants around town and deliver them to individual
consumers wherever they are in under an hour. Similarly, Instacart uses its platform and network
of delivery vehicles, but its service is to pick up groceries from stores around town and deliver
them to individual consumers. Hungry Marketplace’s platform connects a large group of local
chefs that prepare meals and caters the prepared meals including delivery, setup, and teardown.
There are many other companies like the above three in the United States and throughout the
world that are focused on solving the problems of time, cost, and convenience that people in to-
day’s modern society struggle. All of these companies have the shared goal of allowing more
people to take the time to have a meal.

One commonality between all these food preparing/servicing/delivery companies is the
locational aspect that are necessary for successful operations. At a bare minimum, the companies
mentioned above, and other alike, must have a physical location to prepare and produce the food,
and another physical location to deliver the food to be consumed. There are additional locations
to take into consideration for these companies like office locations, and storage facilities for sup-
plies and vehicles. Generally, each of these companies encounters some transportation and logis-
tics costs given their locations, and if these locations are not optimized, it could destroy a com-
pany’s bottom line. The companies described above, and others like it, require some sort of spa-
tial decision making in order to begin operations. The quality of these spatial decisions could po-

tentially make or break the viability of their operations, which underscores the importance of a



thorough spatial analysis to help optimize location decisions and set the company up for success
from the beginning.

This thesis uses Hungry Marketplace, its data, and operational information as a case
study to build out the initial model that allows Hungry to make smarter decisions on their kitchen
and office locations. This model will allow Hungry Marketplace to identify the most optimal lo-
cations and create a framework for its operational guidelines that allows it to operate in an effi-
cient, cost-saving environment. Ultimately, the model uses a data-driven approach to provide a
replicable method for which stakeholders can confidently look to verify the decision information

and to make strategic business decisions moving forward.

1.1 Meal Delivery

The food-delivery industry is changing rapidly throughout the United States and the
world with no signs of stopping. In as little as five years, companies like Doordash, Postmates,
Blue Apron, HelloFresh, Instacart, Hungry Marketplace and many others have systematically
changed the way the food industry operate by delivering food-related services that save consum-
ers time and money. As these companies continue to grow and others continue to innovate, the
changing dynamic is introducing completely new ways of thinking into an industry that has been
around in some shape or form since the beginning of time. One of the cornerstones of the food
industry has always been and will continue to be a physical location to prepare the food. As these
new ways of thinking absorb into the minds of investors, new questions are being considered and
the status quo is being challenged. Seeing as location is one of the most important decisions a
company in the food industry can make, the location optimization that has been conducted in this

thesis will prove to be extremely valuable.



In 2016, a company called Hungry Marketplace launched in Arlington Virginia as an in-
novative meal-delivery company passionate about supporting local chefs and delivering meals
through its online platform. Today, Hungry has expanded its operations to seven different cities
throughout the United States and has partnered with hundreds of local chefs to prepare catered
food for customers within each market (Mahmoudpour 2020). Customers utilize Hungry’s online
platform and network of local chefs to order catered meals for events, team outings, or special
occasions. Once the order is placed, Hungry uses its team to deliver, set-up, and take-down the
meals at the customers desired location. There are at least three locations visited throughout
Hungry’s meal-delivery operation. First, the Hungry team has an office where their operations
are organized, and supplies are stored. Next, the Chef’s prepare meals out of commercial kitch-
ens that are located in various spots throughout a city. Finally, the customer choses their desired

location where they want the meals to be delivered.

1.2 Study Area

Hungry Marketplace began its operations in Arlington, Virginia in 2016 and, by 2019,
had expanded to six other cities in the United States with plans to open numerous other markets
throughout 2020 and beyond. Currently, Hungry operates in the D.C Metro Area; New York City
Metro Area; Atlanta, Georgia; Austin, Texas; Boston, Massachusetts; Dallas, Texas; and Phila-
delphia, Pennsylvania.

This study utilizes historical operating data collected from Hungry’s operations in Bos-
ton, Massachusetts. Hungry began serving the Boston market in June 2019 and continues to
serve it today with one office location, 20 full-time employees, and over 40 chefs. This study
uses Hungry’s order data in the Boston market during a nine-month period ranging from June 1,

2019 to March 31, 2020.



Boston, Massachusetts metro area is the tenth largest in the United States with a popula-
tion of 4.9 million people, spanning nearly 3,500 square miles, in 2018. The median age is 38
years old and per capita income is roughly $47,000 (Bureau 2018). Boston has played a signifi-
cant role in the United States and beyond with its powerful academic institutions including Har-
vard and MIT calling the historic town of Cambridge, home. Kendall Square, a neighborhood in
Cambridge, has been called “the most innovative square mile on the planet,” referencing the vast
amount of innovation in science and technology that has been born from public, private, and uni-
versity organizations in this area (WorldAtlas 2019). Given this innovation, Boston boasts a vast
network of highly educated business professionals working throughout the metro area. This de-
mographic is ideal for meal delivery as most people work demanding hours at innovative compa-
nies and enjoy the convenience offered by meal delivery.

As with most large metro areas in the United States, Boston suffers from transportation
congestion. In 2018, a study from INRIX found that Boston had the worst rush-hour traffic in the
United States with each driver, on average, wasting over 164 hours commuting each year
(INRIX 2020).Given the congestion in Boston, companies relying on transportation to offer their
service must take these concerns into account to find optimal locations that allow them to max-
imize their time and not waste precious dollars sitting in traffic.

Hungry Marketplace has capitalized on the enticing business innovation and dense popu-
lation of wealthy companies in Boston by offering quick, efficient, and tasty catered meals di-
rectly to company offices. This not only saves employees precious time, but it also allows com-
panies to offer benefits to their employees, enticing them to work harder and longer at the office.
Although Hungry has capitalized on the healthy market demand for corporate meal catering,

Hungry’s operations rely heavily on transportation throughout the city. Transportation costs have



not been thoroughly considered throughout Hungry’s current operations in Boston. Transporta-
tion costs could be severely impacting Hungry’s business, considerations that are analyzed fur-

ther in this study.

1.3 Document Structure

The remaining sections of this study include the background, methodology, results and
conclusion. Chapter 2 discusses Hungry Marketplace’s operational intricacies. Additionally, this
chapter discusses literature concerning site suitability and location optimization. Chapter 3 dives
deep into the methods used to conduct this study. Chapter 4 presents the results that were found
after conducting the methodology. Finally, Chapter 5 discusses the study’s limitations, future
work and ultimately concludes with recommendations for Hungry Marketplace’s operations in
Boston.

Chapter 2 first discusses how Hungry Marketplace operates. It details exactly what Hungry
Marketplace is and then presents Hungry’s operational flow which is the foundation for all meal
orders that are placed on its platform. Once Hungry’s operational groundwork is understood,
more detail is given into operations specific to the Boston market including current operating
locations and historical order data. The chapter then moves onto a literature review to provide
background and justification for the methodology proposed in the next chapter.

Chapter 3 presents the methodology used to guide the analysis in this study. The chapter
begins with a broad overview of the methodology, with subsequent sections diving much deeper
into the specific steps taken to achieve the desired analytical insights. Subsequent sections detail

considerations taken during data collection and processing, network analysis, database creation,



and operational analysis. The insights gathered from these sections fuel the results that are pre-
sented in the next chapter.

Chapter 4 discusses the results obtained from the methodology described in the previous
chapter. The results include detailed operational costs for Hungry’s current operations, which is
based on order data from June 2019 to March 2020. The results chapter also presents potential
cost savings if Hungry took steps to optimize its transportation costs through more efficient lo-
cation decisions.

Finally, Chapter 5 brings the study home by reflecting on its assumptions and limitations.
The chapter goes further into discussing how future work could build from this study to include
additional inputs that would make the insights gathered in Chapter 4 more robust. The chapter
then concludes the entire Thesis by summarizing its objectives, analysis, and results. This study’s
aim is to build a model that can definitively recommend operational improvements for Hungry

Marketplace’s delivery operations in Boston Massachusetts.



Chapter 2 Background

To provide context for this study, this section presents a detailed description of Hungry’s
current operations and a literature review to justify the study’s subsequent methodology. First,
Hungry’s operations are described by identifying its operational flow, operating locations, and
historical order data. Next, a literature review is conducted, outlining other site-suitability and

location optimization studies that have been performed.

2.1 Hungry’s Current Operations

Hungry has created an online meal ordering platform for its clients. Hungry presents spe-
cific meal choices on its platform where clients can then order meals by specifying order details
including date and time, meal quantities, and more. Once a meal is ordered from the online plat-
form, Hungry uses its network of employees, vehicles, offices, and kitchens to prepare and de-
liver the meals to the client. Hungry has provided data on its operations from June 1, 2019 to
March 31, 2020. Using this data, the following sections present Hungry’s specific operational

flow, operating locations, and order history in the Boston market.

2.1.1 Operational Flow

Figure 1 shows Hungry’s basic transportation flow. A typical Hungry order begins at Hun-
gry’s office location where employees called “Captains” pick up the catering supplies needed to

set up the meals. Once the supplies have been obtained at Hungry’s office, Captains travel by car



from the office to one of the dozens of potential commercial kitchens where the meals could be

cooked from. Once the meals are picked up, Captains deliver the meals to the client’s location.

Hungry's Operational Flow

ﬁ Kitchen Location ﬁ Client Location

Hungry's Office (Supply) (Demand)

* Pick up Supplies * Pick up Meals * Deliver Meals

Figure 1 Hungry’s Operational Flow

In Hungry’s current operating model, chefs are not employees but rather contractors that
are expected to maintain their own commercial kitchen. Most chef’s rent space from larger com-
mercial kitchens that offer monthly occupancy rates and are located throughout the metro area.
This results in each chef being locked into their kitchen location per their specified rental agree-
ment. In this typical situation, each chef is responsible for their own lease, kitchen equipment,
and supplies. Hungry is only responsible for paying the chef per order that is placed through the
online platform. Each chef has their own unique cuisine and style of meals that they cook from
their location. There is no standardization across the kitchen locations, therefore when a client
orders a meal, it will always be prepared by that particular chef in that particular location. Each
chef is unique to exactly one kitchen location, and Hungry simply presents their network of chefs
and meals to each client. The client is then able to choose whatever meal they would like to order
on Hungry’s online platform.

Once the client chooses a meal, the chef is notified with order details including date and
time the meals need to be ready, quantity of meals to be prepared, and any other requirements the

client has requested. Once the chef prepares the meals, Hungry’s Captain travels from the office



to pick up the prepared meals. Once the meal has been picked up, the Captain transports the meal
to the Client’s specified location. Finally, Captains arrive at the client’s location where they setup
the meals, serve the meals, then tear down the meal set up and bring the supplies back to the

Hungry Office.

2.1.2 Operating Locations

Hungry currently operates out of one office in Downtown Boston, which can be seen in
Figure 2 below. The location was chosen in the early 2019 based on pre-launch partnerships, as
well as other considerations such as initial employee housing locations, and general business
suitability. Given the pre-launch status of the company, the decision to locate Hungry’s office in
Downtown Boston was not based on operational insights. Moving forward, the current office
location lease agreement expires in August 2020, and Hungry leadership is interested in relocat-
ing to another area that makes sense from an operational cost perspective.

Hungry has partnered with 37 chefs across the region. Some chefs operate out of the same
commercial kitchen location because the commercial kitchen companies offer multiple spaces
for individual chefs to lease. Given this, Hungry has delivered meals from 33 distinct kitchen

locations across the region, which can also be seen in Figure 2 below.
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Since Hungry’s launch in Boston in 2019, the company has delivered 788 orders to over

100 clients throughout the region. Client locations can be seen in Figure 2 below.

L J
L J
9
-
(D
(1)
()
R
1 [J—Ll '
(D)
7 ! :
Hungry's Current
Operating Locations * — ’
W Hungry's Office
(i) Kitchens 3 ’x
? Clients bec P oA 8 ok @y
- 4 ’ T T e Y N W RO N

Figure 2 Hungry's Current Operating Locations

2.2 Literature Review

On-demand meal delivery is a relatively new space in the food industry, therefor not much
literature has been published that specifically focuses on location and operational optimization
for on-demand meal delivery companies. However, many scholars have presented supply chain
models for the food industry (Bosona et al. 2013; Hekmatfar 2009). These models discuss loca-

tional considerations for the supply, demand, and fulfillment of food sources for traditional food
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industry companies like restaurants and grocery stores. In addition to supply chain analysis, site
suitability analysis and database design are important considerations to build an operational op-
timization model. This literature review is divided into three sections that provide a greater un-
derstanding into related work that has been conducted for supply chain, site-suitability, and data-
base design. Supply chain literature is first discussed, which defines the considerations necessary
to find optimal locations for supply, demand, and fulfillment operations. Next, site-suitability
literature is reviewed, discussing the tools used in a GIS that will provide spatial insight into
various types of locations. Finally, database design literature is discussed which will inform the
best ways to create a scalable database that can be used for business purposes. This thesis aims
to recreate a similar methodology that takes these factors into account. This literature review

provides context for the methodology presented in the next chapter.

2.2.1. Supply Chain

The food industry relies on a vast network of local supply and fulfillment locations that
provide resources to companies providing a service to customer locations. On-demand meal de-
livery similarly relies on a supply chain network to deliver meals to customer locations. In the
study GIS-based Analysis of integrated Food Distribution Network in Local Food Supply Chain,
the authors discuss how local food producers need to integrate within networks of suppliers, dis-
tributors, and customers in order to increase their competitiveness (Bosona et al. 2013). The study
uses GIS to conduct location and route analyses to determine the most optimal supply chain con-
figuration to increase competitiveness for a company in Sweden. The study identifies that logis-
tics problems are the bottleneck in the local food systems and that location decisions are one of
the critical elements in strategic planning for different firms. The study considers supply and

fulfillment center locations and uses GIS to optimize these locations. The study also builds on

12



another study of location theory conducted by Farahani & Hekmatfar in 2009. Farahani & Hek-
matfar aimed to locate a single warehouse at an optimal location that minimizes the distance
between the warehouse and delivery points (customers) (Hekmatfar 2009). Both of these studies
determined that the main factors to be considered are the nature of the facility itself, environment
in which it is to be located, customers to be serviced by the facility, and a metric that indicated
distance and time between customers and facilities. The metric that indicates distance and time

between customers and facilities is presented in the next section discussing site suitability.

2.2.2. Site Suitability

In addition to the supply chain consideration required to find optimal operating locations,
site-suitability methods can also be used to calculate the suitability of these locations. The suita-
bility of a supply chain locations can be found by assigning each a pair of locations with a cost
associated with transporting good from one location to another. In Installing Public Electric Ve-
hicle Charging Stations: A Site Suitability Analysis in Los Angeles County, California, Jennifer
Jin uses site suitability analysis to determine suitable vehicle charging station location in Los
Angeles (Jin 2016). Although the study is not focused on the food industry, it uses GIS tools to
assign suitability costs to charging station locations. Similarly, this thesis uses similar tools to
assign costs to facility locations. In the book The Esri Guide to GIS Analysis Volume 3: Modeling
Suitability, Movement, and Interaction, Andy Mitchell presents many of the tools ArcGIS Pro
has to offer that were used to conduct this analysis (Mitchell 2012). The book gives context on
the understanding for site suitability, and for the Network Analysis section of this report. For the
network analysis section of this report, “finding suitable locations”, “rating suitable locations”,
and “modeling interaction” are sections of this book that will lay the foundation for how the

section was determined.
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The tools used for this analysis include closest facility and origin destination matrices.
Both of these tools use the vehicle routing problem (VRP) method, which is one of the most
significant problems in the goods distribution management industry (Bosona et al. 2013). VRP
finds the most optimal routes in a distribution system where vehicles should be assigned to serve
a set of customers. When using VRP, important issues such as number of stages, fleet size, vehicle
capacity, delivery time window, and supply/demand nature need to be addressed (Giaglis 2004).
Although there are constraints such as location, vehicles, and paths between location, this thesis
relies on Hungry’s operational data, ArcGIS Pro and ESRIs road network to conduct VRP. The
VRP results show costs for a pair of locations in terms of time and distance. These costs will be
transformed into actual dollar amounts per minute and per mile using data from Hungry. Finally,
the costs associated between two locations are assigned, and locations are selected that minimizes

time and distance between a set of locations.

2.2.3. Database Design

The aim of this thesis is to discover insights from the data that was not only provided by
Hungry but also created throughout the methodology. The data gathered and created in this thesis
is not actionable by itself and needs to be collected and imported into a database not only to in-
form the results section of this thesis, but to also allow Hungry Marketplace to answer any re-
maining questions or to inform future work. In the USC Master’s Thesis titled Creating a Geo-
database and Web-GIS Map to Visualize Drone Legislation in the State of Maryland, Brendan
Blee shows that creating an effective database has several steps including determining what data
is needed, specifying the relationships and interactions in the data by creating an entity relation-
ship diagram (ERD), and arranging the data into a final database (Blee 2016). First, existing and

candidate supply, demand, office, and order data was collected and is presented in Section 3.1 of

14



this thesis. Additional data was created using network analysis and is presented in Section 3.2 of
this thesis. Next, the relationships and interactions were created in an ERD which is presented in
Section 3.3. Finally, the ERD was used to create the final database using Microsoft SQL Server.
The final database was created in a scalable way so that future operational insights could be
added if Hungry’s operations continue in the Boston market. The database allows users to query
information and gain insights into Hungry’s operational data which is ultimately stored in the Or-

ders table feature in section 3.1.4.
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Chapter 3 Methodology

The goal of this study’s methodology is not only to analyze transportation costs of Hun-
gry’s current operations in Boston, but to also look at alternative operational locations that
could optimize its future operations. Hungry provided historical data to support current opera-
tional analysis which was presented in Chapter 2. Additionally, Hungry provided resources and
discussion for how they look at future developments, including candidate commercial kitchens
and office locations. Taking both existing and candidate location data into account, the method-
ology presented below outlines the workflow used to achieve a comprehensive review of Hun-
gry’s meal delivery operations in Boston, Massachusetts.

Figure 3 represents the general methodology and workflow that was followed. All analy-
sis was conducted using the WGS 1984 spatial reference system. There are four main compo-
nents to the study’s methodology which are expanded upon in much greater detail in subsequent
sections. First, existing and candidate location data was collected and processed to be used in
the network analysis section. The results from the network analysis are used to analyze trans-

portation costs for Hungry’s historical orders as well its recommended optimized operations.

Methodology
Data Collection & Processing

AL
4 A

Existing Office

Network Analysis Database Creation Operations Analysis
Office
(Hungry Location)

Exsiting Hungry Data
Closest Facility Current Operations

Kitchen Location
(Supply)

R Candidate Data S—

Origin - Destination Optimized

atrices et Operations

Data

Client Location
(Demand)

Figure 3 Methodology
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3.1 Data Collection and Processing

The first step of the methodology consists of collecting and processing the necessary data
to analyze Hungry’s meal delivery operations. As described previously in section 2.1.1 of this
study, a typical Hungry order begins at their office location where supplies are acquired by Hun-
gry Captains. Captains travel to each order’s specific kitchen to pick up the meals and then con-
tinue to the client’s location where they deliver their service. This operation consists of three
main locations: Offices, Kitchens, and Clients. Existing and candidate data for each of these lo-
cations was collected for the model. Additionally, Hungry provided a comprehensive dataset de-
tailing its orders from June 1, 2019 to March 31, 2020. Subsequent sections detail each of the

datasets collected.

3.1.1. Offices

Currently, Hungry operates out of one office location in downtown Boston which was pre-
sented in section 2.1.2 of this study. In addition to Hungry’s existing office location
(71.0507800°W 42.3634400°N), candidate locations for additional offices were also identified.
A zip code shapefile for the Boston downtown area was obtained from the US Census Bureau
and was imported into ArcGIS Pro for processing. The drivetime buffer tool in ArcGIS Pro was
used to create a drive-time polygon using Hungry’s existing office location as the origin point.
Drive-time areas were created for 0-30 minutes away from the origin point. The resulting polygon
area was then used to select zip codes that were within a one-hour drive-time from Hungry’s
existing office location, which can be seen in Figure 4 below. In order to select the most relevant
zip codes, a drive-time buffer was created. The Make Service Area Analysis Layer tool was used
to calculate drive-time away from a facility. Boston’s city center was used as the facility, and a

30-minute cutoff was used. Hungry required their office to be within a 30-minute drive-time from

17



Boston, so zip codes were selected that fell within that the 30-minute drive-time area. Once the
relevant zip codes were selected, the Central Feature tool was used to generate one point-location
in the center of each zip code. The point feature class was exported as the ‘Offices’ feature class

and Hungry’s existing office location was manually added. Existing and Candidate Office Loca-

tions can be seen in Appendix A: Offices.
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Figure 4 Office Locations

The resulting ‘Offices’ dataset contains 118 point-locations with five fields, described in
Table 1 below. For each of the zip code point-locations, the Office_Name field was set to the
numerical zip code itself and the Status field was set to ‘candidate.” Hungry’s existing office

point-location Office_Name field was set to ‘Hungry’ and the Status field was set to ‘existing.’
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Field
OBJECTID
Office Name

Status
X
Y

Table 1 Offices Feature Class

Description
Unique identifier for each office

Name of the office location

Whether the office is an 'existing' or 'candidate' location
X-coordinate

Y-coordinate

3.1.2. Chefs and Kitchens

Hungry chefs are responsible for sourcing and maintaining their own operations at a li-

censed kitchen. Chefs can cook from leased spaces in commercial kitchens, or they could cook

from their own restaurant. Hungry provided existing chef data including the chef’s name, address,

and other details which can be seen in Table 2 below. The chef data was provided as a .csv format

and this table was imported in ArcGIS Pro as the ‘Chefs’ table. The Geocode Addresses Tool was

used with the default ArcGIS World Geocoding Service and the Chefs table to determine each

chef’s geographic location in coordinates from their address information in the Chefs table. The

Chef’s addresses were geocoded, and the ‘Chefs’ point feature class was created.

Data
OBJECTID
Chef Name
KitchenID
Priority
Chef Amount
Toll
City
Subregion
Region
Postal
X
Y
Address

Table 2 Chefs Feature Class

Description
Unique identifier for each chef

Chef name

ID for corresponding kitchen in the 'Kitchens' Table
Designates whether the chef is an 'anchor’, mew', or 'inactive'
Amount of money the chef has made with Hungry
Designates wheter the chef will or will not pay for tolls encurred
City where the chef works

Subregion where the chef works

Region where the chef works

Zip code of where the chef works

X-coordinate

Y-Coordinate

Chef's full address
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In addition to Hungry’s existing chef’s locations, candidate kitchen locations were also

identified. Hungry provided a .kml file of all commercial kitchens in the United States. The com-

mercial kitchens dataset was imported into ArcGIS Pro. In order to select the most relevant kitch-

ens, a drive-time buffer was created, similar to steps outlined in section 3.1.1. The Make Service

Area Analysis Layer tool was used to calculate drive-time away Boston’s city center, and

30,60,120-minute cutoffs were used. 120-minute cutoff was used as the maximum cutoff time

because Hungry specified that typically, in the Boston market, they would not work with chefs

whose kitchens are over a two-hour drive from Boston. Candidate kitchen locations were selected

that fell within the 30,60, or 120-minute drive-time areas and were exported as the ‘Kitchens’

feature class. The Kitchens feature class field description are shown in Table 3 below.

Data
OBJECTID
Kitchen Name
Status
Num_Chefs
City
Subregion
Region
Postal
X
Y
Address

Table 3 Kitchens Feature Class

Description
Unique identifier for each kitchen

Kitchen name

Whether the kitchen is an 'existing’ or 'candidate' location
Number of chefs that work out of that kitchen location
City where the kitchen is located

Subregion where the kitchen is located

Region where the kitchen is located

Zip code of where the kitchen is located

X-coordinate

Y-Coordinate

Kitchen's full address

Next, the Chefs and Kitchens feature classes were then cross-referenced to make sure the

Kitchens feature class had one entry for every Chef listed in the Chefs feature class. If a Chef’s

address was not listed in the Kitchens feature class, it was manually entered into the Kitchens

feature class. Additionally, a new field called ‘KitchenID’ was added to the Chef’s feature class
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where each Chef corresponded to one kitchen in the Kitchen feature class. This new field was
updated for each Chef. The Kitchens and Chefs relationship is described in more detail in Section

3.3. The resulting ‘Kitchens’ dataset contains 45 point-locations, shown in Appendix B: Kitchens.

3.1.3. Clients

Hungry’s typical client is a company that has over twenty employees. Clients typically
order catered meals for their staff, and Hungry Captains deliver the food to the clients specified
address. Hungry provided a dataset of existing Clients. The ‘Clients’ table field descriptions can
be seen in Table 4 below.

Table 4 Clients Feature Class

Data Description
OBIJECTID Unique identifier for each client
Client Name Client name
Total Orders Total number of orders the client has made with Hungry
City City where the client is located
Subregion Subregion where the client is located
Region Region where the client is located
Postal Zip code of where the client is located
X X-coordinate
Y Y-Coordinate
Address Client's full address

Similar to section 3.1.2, the Geocode Addresses Tool was used using the default ArcGIS
World Geocoding Service and the Clients table to determine each client’s geographic location.
The resulting ‘Clients’ dataset contains 108 point-locations which represent each client location

and can be seen in Appendix C: Clients.

21



3.1.4. Orders

In addition to Hungry’s office, chef’s, and client’s location data, the company also provided
order data from June 1, 2019 to March 31, 2020. There were 788 orders delivered throughout the
Boston market during this time period, which can be seen in Figure 5 below. The green origin
line represents origin kitchen locations, or where the meal was prepared. The line connects each
kitchen location with the corresponding client destination location for each order. Figure 3 shows
that Hungry’s market extends far beyond downtown Boston, with orders originating in Worcester
and Lowell and being delivered to clients in Downtown Boston. This initial representation of
Hungry’s order data confirms that there will be locational inefficiencies in regard to transporta-

tion costs throughout the region.

Hungry’s Order Data
June 1, 2019 - March 31, 2020

Kitchens Clients

Worcester

Figure 5 Hungry's Kitchen to Client Orders
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The orders data ties all of the previous, existing, data in the datasets presented above to-
gether into one table. The ‘Orders’ table represents all orders Hungry has completed in the Boston
market within the given time period.

Each line in the Orders table represents an order that was placed through the Hungry plat-
form. Each order is given a unique order number and the table records the meal information
including the date it was place, requested to be delivered, who ordered the meal, and how many
people the order is for. The Orders table records what chef the order was placed with as well as
the cost information including how much the client paid, how much the chef receives, and how
much Hungry receives after all necessary account are paid. A detailed description of all the fields

in the Orders table is presented in Table 5 below.
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Table 5 Orders Feature Class

Data Description
Order Number Unique identifier for each order
Created At Date and time the order was placed
Event Date Date and time the order was requested to be delivered
Order_Type Specifies whether the order was for breakfast, lunch, or dinner
Service Type Specifies whether the order is VIP or regular
Is Ewvent Specifies whether the order was for an event or regular delivery
Client The Client name who requested the order
ClientID The ClientID which corresponds to the OBJECTID Field in the Clients table
Chef The Chef name who cooked the order
ChefID The ChefID which corresponds to the OBJECTID Field in the Kitchens table
Head Count Number of portions to be cooked
Chef Take How much money the Chef received for cooking the order
Subtotal The amount the Client pays before taxes and fees
Service Fee The service fee cost paid by the Client
Tax The tax cost for the order
Tip The tip paid for by the Client
Discounts Discounts taken off the Clients required payment
Cust_Total The amount paid by the Client after taxes, fees, tip, and discounts
Revenue The total amount received by Hungry (after taxes and tip are removed)

Total Chef Take
Supplies_Cost
Service Costs
HUNGRY Take
Margin

The total amount the Chef receives for the order (including tip)

The amount it costs for supplies

The amount it costs for service

The amount Hungry receives for the order after the chef, supplies, and service costs are paid

The margin of Hungry take vs. Revenue generated

3.2 Network Analysis

Once the data has been collected and processed, Network Analysis tools are run to create
additional insights. Closest facility and origin destination matrix tools are run to create additional
data that is then added back to the original data tables. The following sections explore these tools

and how the data tables were updated to reflect the new insights that were created.
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3.2.1. Closest Facility

The closest facility tool is used to find the closest facilities to certain locations or ‘inci-
dents.’ First, a closest facilities analysis layer was created where Kitchens were imported as fa-
cilities and Clients were imported as incidents. The closest facilities tool was then run to generate
the 3 closest facilities for each incident using drive-time over ESRI’s road network without taking
traffic into account. The results provide three locations for each of the 108 clients in the Boston
area. Therefore, the resulting ‘routes’ feature class had 324 rows. Each incident (or Client) has
three rows and each row has a field specifying the ClientID and field specifying that ClientID’s
corresponding closest KitchenID. Another field specifies whether the KitchenlD is the first, sec-
ond, or third closest facility to its corresponding ClientID. Additionally, there are two other fields
specifying the drive-time miles and time it would take to travel from the ClientID to the Kitch-
enlD.

The results were exported as a table and the table was imported into Excel as another tab
in the Clients Table. Excel was then used to generated 9 new fields in the Clients Table, which
can be seen highlighted red in Table 6 below. Using the VLOOKUP function in Excel, each new

field was populated using the corresponding data from the closest facility table that was imported.
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Table 6 Clients

Data Description
OBJECTID Unique identifier for each client
Client Name Client name
Total Orders Total number of orders the client has made with Hungry
Kitchenl ID The closest kitchen by drive-time from the Client's location

Kitchenl Time The amount of time, in minutes, it takes to drive from the client to the closest kitchen
Kitchenl Distance The driving distance in miles from the client to the closest kitchen

Kitchen2 ID The second closest kitchen by drive-time from the Client's location

Kitchen? Time The amount of time, in minutes, it takes to drive from the client to the second closest kitchen
Kitchen2 Distance The driving distance in miles from the client to the second closest kitchen

Kitchen3 ID The third closest kitchen by drive-time from the Client's location

Kitchen3 Time The amount of time, in minutes, it takes to drive from the client to the third closest kitchen

Kitchen3 Distance The driving distance in miles from the client to the third closest kitchen

City City where the client is located
Subregion Subregion where the client is located
Region Region where the client is located
Postal Zip code of where the client is located
X X-coordinate

Y Y-Coordinate

Address Client's full address

In addition to updates in the Clients Table, the Kitchens Table was also updated with the
new insights from the closest facility tool, which can be seen highlighted in red in Table 7 below.
Using the PivotTable function in Excel, statistics were calculated for each kitchen. First, a priority
was given to each kitchen based on the number of clients it serves as its closest facility. If a
kitchen serves at least one client as its closest facility, the priority is set to ‘High.” If a kitchen
serves at least one client as its second closest facility, the priority is set to ‘Medium.” If a kitchen
serves at least one client as its third closest facility, the priority is set to ‘Low.” The Priority_Cli-
ents field shows the number of clients that kitchen serves as its designated priority. For example,
if priority = High and priority_clients = 10, then that kitchen is the first closest kitchen to 10
clients. The Total_Clients field shows the number of total clients that kitchen serves as either the

first, second, or third closest facility.
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Table 7 Kitchens

Data Description
Table 8 Office_Kitchens_OD

Data Description
OBJECTID Unique identifier for each OD pair
OD_Pair Identifies the origin-destination pair
Office ID Identifies the origin location with OfficelD that relates to the Offices table
Kitchen ID Identifies the origin location with KitchenID that relates to the Kitchens table

Destination Rank Identifies how close the destination is to the origin compared to the other destinations

Travel Minutes  The amount of time, in minutes, it takes to drive from the origin to the destination

Travel Miles The driving distance, in miles, from the origin to the destination
Num_Chefs Number of chefs that work out of that kitchen location
City City where the kitchen is located
Subregion Subregion where the kitchen is located
Region Region where the kitchen is located
Postal Zip code of where the kitchen is located
X X-coordinate
Y Y-Coordinate
Address Kitchen's full address

3.2.2. Origin Destination Matrices

The origin destination cost matrix tool is used to create transportation costs between a set
of origin and destination locations. First, an origin destination cost matrix layer was created
where the Offices feature class was imported as origins and the Kitchens feature class was im-
ported as destinations. The origin destination tool was then run to generate costs between every
office — kitchen location pair.

There are 118 existing and candidate office locations and 45 existing and candidate
kitchen locations, the resulting origin destination cost matrix has 6,490 different pairs that define
certain transportation costs. The exported table was called the Offices_Kitchens_OD and the
field description are shown in Table 8 below. The Offices_Kitchens_OD describes each OD pair
and presents the transportation costs including minutes and miles it takes to drive from the Of-

fices to the Kitchens.
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Similar to the Offices_Kitchens_OD, an origin destination cost matrix layer was created

where the Kitchens feature class was imported as origins and the Clients feature class was im-

ported as destinations. The origin destination tool was then run to generate costs between every

Kitchen — Office location pair.

There are 45 existing and candidate Kitchen locations and 108 existing Client locations,

therefore the resulting origin destination cost matrix has 5,940 different pairs. The exported table

was called Kitchens_Clients_OD and the field descriptions are shown in Table 9 below. The

Kitchens_Clients_OD describes each OD pair and presents the transportation costs including

minutes and miles it takes to drive from the Kitchens to the Clients locations.

Data
OBJECTID
OD_Pair
Kitchen ID
Clients_ID
Destination Rank
Travel Minutes
Travel Miles

Table 9 Kitchens_Clients OD

Description
Unique identifier for each OD pair
Identifies the origin-destination pair
Identifies the origin location with KitchenID that relates to the Kitchens table
Identifies the origin location with ClientsID that relates to the Clients table
Identifies how close the destination is to the origin compared to the other destinations
The amount of time, in minutes, it takes to drive from the origin to the destination

The driving distance, in miles, from the origin to the destination

28



3.3 Database Creation

Now that the data has been collected, processed, and analyzed, the resulting tables need
to be uploaded into a database to develop further insights into Hungry’s operations. First, Mi-
crosoft Access was used to create the database structure by uploading each table and relating
them to each other based on Primary and Foreign Keys. Once the relationships were developed,
the Microsoft Access Database was then uploaded to Microsoft SQL Server where SQL could be
used to query the tables and generate further insights about the data. The insights discovered are

discussed in the next section. An entity relationship model is shown in Figure 6 below.
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Figure 6 Database ERD

29



3.4 Operations Analysis

Now that the database has been created, we can query the results to find insights about
Hungry’s current operational costs and compare the results to its operations if the company were
to optimize its locations to minimize transportations costs. The results will show how much
money Hungry currently spends on transportation as well as how much money they could save if
they were to optimize its operations.

There are a few assumptions we need to make in order to calculate transportation costs.
The origin destination cost matrix calculated transportation costs incurred for travel across a road
network without taking traffic into consideration. As a result, travel distance (miles) and time
(minutes) were calculated. Hungry provided that it pays its Captains $17 per hour and they drive
vehicles that average 20 miles per gallon. Additionally, they provided that gas is typically $2.50
per gallon. Breaking these numbers down, the study found Hungry’s transportation costs per
mile and per minute. Transportation costs can be found in Table 10 below.

Table 10 Transportation Costs

Inputs Values
. Costs
Captain Pay per hour $17.00
Fuel Costs per gallon $2.50| |1 mile $0.13
Average miles per gallon per vehicl 20 1 minute $0.28

3.4.1. Current Operations

Hungry’s current operation has been defined by the Orders Table, which has information
on the 788 orders it has already conducted in the Boston market. The data shows which kitchen
the meals were cooked from and where the meals were delivered to for each order. The origin-

destination cost matrix gathered insights into transportation costs for transporting supplies from
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its office to the kitchens, and the meals from its kitchens to the clients. Using the database created
in section 3.3, and the costs outlined at the beginning of this section, SQL queries were written
to gather insights to determine the transportation costs for Hungry’s current operations. The in-
sights are then used to create a new table called ‘Current_Costs’ that shows the transportation
costs for Hungry’s 788 orders they completed. The Current_Costs Table’s field descriptions can
be seen in Table 11 below.

Table 11 Current Costs

Data Description
Order Number Hungry Order Number specifying the unique order

Office_Name Office Name of where the order began (all orders originated at Hungry's current office location)
Office ID Office ID of where the order began

Client name who requested the order

Client Name

ClientID Client ID who requested the order
Chef Name Chef name who prepared the meal
KithenID Kitchen ID for where the meal was prepared

OK_TravelMiles
OK_TravelMinutes
OK_FuelCosts

OK TimeCosts
OK_TransportCosts
KC TravelMiles
KC TravelMinutes
KC_FuelCosts
KC_TimeCosts
KC_TransportCosts

Miles traveled on a road network to get from the office to the kitchen

Minutes it would take to travel by road from the office to the kitchen

How much it costs for fuel to travel from the office to the kitchen (at $0.13/mile)

How much it costs to pay the Captain to travel from the office to the kitchen (at $0.28/minute)
Sum of OK_FuelCosts and OK_TimeCosts

Miles traveled on a road network to get from the kitchen to the client

Minutes it would take to travel by road from the kitchen to the client

How much it costs for fuel to travel from the kitchen to the client (at $0.13/mile)

How much it costs to pay the Captain to travel from the kitchen to the client (at $0.28/minute)
Sum of KC_FuelCosts and KC_TimeCosts

Current_Total Transport Cost Total transportation costs for the order. Sum of OK_TransportCosts and KC TransportCosts

3.4.2. Optimized Operations

Hungry’s current operations are determined by its clients. The client choses which meals
they would like, and these meals are cooked by a specific chef, at a set location. This reality
introduces inefficiency and waste into the operation where a client could order meals from a chef
that cooks the meals in a location that is far away. In reality, the client’s location could be blocks
away from another kitchen that could be used, saving transportation costs. By optimizing the

location of where the meals are cooked in relation to where the client is located, Hungry could
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save money. By gathering insights into the costs Hungry would save by this optimization, and
comparing them to Hungry’s current operation, this analysis could determine how much money
Hungry could save if it optimized its operations.

Using the database created in section 3.3, and the costs outlined at the beginning of this
section, SQL queries were written to gather insights to determine the transportation costs for
Hungry if it were to use the most optimal locations in terms of optimizing its transportation costs.

Not only do Kitchen-Client location pairs need to be optimize, but an office needs to be
found that optimizing the distance between all kitchen. To determine the best location for a Hun-
gry office, optimal Kitchen-Client location pairs are first assessed to determine the existing or
candidate kitchens that would be used if hungry were to choose the most optimal kitchen for each
client’s order. In this scenario, each client would order from the closest kitchen to the client’s
location. Once the most optimal kitchens are found, an office location is chosen from existing
and candidate office locations that minimizes transportation costs from the office to all of the
optimal kitchens that were selected.

Once the optimal office location has been found, it is used along with the optimal client-
kitchen pairs to calculate transportation costs for each order. Transportation costs are calculated
from the office to the kitchen and then from the kitchen to the client location for each order. These
costs are then used to create a new table called ‘Optimal _Costs’ that shows the transportation
costs for Hungry’s 788 orders if they were to use the most optimal office location and kitchen
locations for each order. The Current_Costs Table’s field descriptions can be seen in Table 12

below.
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Data
Order Number
Office_Name
Office ID
Client Name
ClientID
Chef Name
KithenID
OK_TravelMiles
OK TravelMinutes
OK FuelCosts
OK_TimeCosts
OK TransportCosts
KC TravelMiles
KC_TravelMinutes
KC FuelCosts
KC TimeCosts
KC_TransportCosts

Table 12 Optimized Costs

Description
Hungry Order Number specifying the unique order
Office Name of where the order began (using the new optimized office location)
Office ID of where the order began
Client name who requested the order
Client ID who requested the order
Chef name who prepared the meal
Kitchen ID for where the meal was prepared
Miles traveled on a road network to get from the office to the kitchen
Minutes it would take to travel by road from the office to the kitchen
How much it costs for fuel to travel from the office to the kitchen (at $0.13/mile)
How much it costs to pay the Captain to travel from the office to the kitchen (at $0.28/minute)
Sum of OK FuelCosts and OK_TimeCosts
Miles traveled on a road network to get from the kitchen to the client
Minutes it would take to travel by road from the kitchen to the client
How much it costs for fuel to travel from the kitchen to the client (at $0.13/mile)
How much it costs to pay the Captain to travel from the kitchen to the client (at $0.28/minute)
Sum of KC_FuelCosts and KC_TimeCosts

Optimal Total Transport Cosi Total transportation costs for the order. Sum of OK_TransportCosts and KC TransportCosts
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Chapter 4 Results

The methodology used network and operational analysis to create operational insights for
Hungry and recommended actions the company could take to create better efficiencies, and ulti-
mately save money. The results of the analysis also allow Hungry to gather information into its
current operations by looking at historical order data to see how much money they are spending
on transportation costs to deliver meals to their clients. The results also created a comprehensive
database that allows Hungry to answer questions about its current and potentially optimized op-
erations. Ultimately, the result of this study is a dynamic database that can be used to answer any
question that may arise about Hungry’s operations now or in the future. This section will outline
some of the insights that the study set out to answer including how much money Hungry cur-
rently spends on transportation costs and how much money they could save if they optimized
their operations.

From June 1, 2019 to March 31, 2020, Hungry delivered 788 orders in the Boston mar-
ket. Transportation costs were defined as the distance and time it took to drive from Hungry’s
office location to the kitchen where the meals were prepared and then onto the client’s location
where the meals were delivered. It was assumed that Hungry Captains drive vehicles that aver-
age 20 miles per gallon and that gas costs $2.50 on average. Given these costs, it was calculated
that for each mile the Captain drives, it costs Hungry $0.13 in fuel. This accounts only for fuel
costs and no other costs including wear and tear, general service or other unforeseen costs. It was
also assumed that Hungry Captains are paid $17 per hour. At this rate, each minute a Captain

spends in the car costs Hungry $0.28.
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4.1 Current Operations

Using the data that was collected, processed and created throughout the methodology,
this study now looks to analyze the data to find relevant statistics that shed light on Hungry’s
current operations. To put the current operations into perspective, the study pulled summary sta-

tistics from Hungry’s order data which can be seen in Table 13 below.

Table 13 Order Summary Statistics

Summary Statistics Min Max Mean
Order Cost $273.10 $10,099.71 $853.12
Delivery Miles Traveled 1.02 59.77 27.38
Delivery Minutes Traveled 6.66 100.56 55.26
Client Orders 1 112 16

An average Hungry order costs the customer $853. The average transportation costs for
each order show that Hungry spends 55 minutes traveling 27 miles from their office to the
kitchen to the customer. The summary statistics also show that Hungry Clients order from them
16 times on average, with Hungry’s top customer ordering 112 times within the given time pe-
riod. Breaking the transportation costs down further, the analysis shows that, on average, a Hun-
gry captain spends 27 minutes driving 12 miles from the Hungry office to a kitchen to pick up a
meal, and another 28 minutes driving 15 miles from the kitchens to the client’s location. This
equates to roughly one hour of driving 27 miles for each order, without taking traffic into consid-
eration. Given these results, Hungry spent over $15,000 on transportation costs for the 788 or-
ders during this time period, equating to roughly $20 of transportation costs for every order. The
transportation costs identified here are significant considering Hungry’s average profit per order,

after costs were subtracted to pay the chef, service fee, supplies fee, and taxes, comes out to $39.
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This means that nearly 50% of Hungry’s profit is taken away in transportation costs alone. With
that being said, the average service fee per order is $14. The average service fee cost does not
fully cover the $20 transportation costs per order, but it does come close. If Hungry raised the
average service fee to $20, they would recoup the majority, if not all, of the transportation costs

incurred.

4.2 Optimized Operations

Although Hungry seems to be close to recouping their transportation costs with the $14
average service fee per order, there are still inefficiencies that could be recovered if they decided
to optimize their kitchen locations to deliver the same service at reduced cost.

First, an optimal office location was determined by choosing an office out of the existing
and candidate office locations that minimized transportation costs to all operational kitchens.
Once the optimal kitchens per client were identified, transportation costs were calculated be-
tween each candidate office location and each operational kitchen. The costs were added together
for each candidate office location and the office with the lowest transportation cost was chosen
as the optimal office location. Coincidently, the optimal office location that was identified is

within two miles from Hungry’s current office location as can be seen in Figure 7 below.
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Figure 7 Current vs. Optimized Office Locations

The next locations to optimize are the kitchens that serve the clients. In section 2.1.3, a
map was shown that displayed Hungry’s current orders and kitchen-client pairs. A similar map
was produced replacing Hungry’s existing kitchens with each client’s optimal kitchen that mini-
mized transportation costs. Figure 8 shows a map of Hungry’s current operations next to another
map of their operations if they were to optimize kitchen locations for delivery their clients. As
you can see on the top map, there are significant distances between the kitchen where the meal is
cooked and the client where the meal was delivered. On the bottom map, the distances have been

significantly reduced and kitchens as the closest kitchens are chosen for each client.
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If Hungry moved its office and delivered each meal from the client’s optimal kitchen, it
would significantly reduce transportation costs. Section 4.1 identified that Hungry currently

spends roughly $20 per order on transportation costs. By calculating the transportation costs for

Current Operations 1

Worcester

Figure 8 Current vs. Optimized Kitchen_Client_OD

the time and distance it took to pick up and deliver the meals for each of the 788 orders, using
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the optimized locations, it was found that on average a Hungry captain would spend 16 minutes
driving 8 miles from the Hungry office to a kitchen to pick up a meal, and only 6 minutes driving
2 miles from the kitchens to the clients location. This equates to only 22 minutes of driving 10
miles for each order, as opposed to one hour of driving 28 miles in the current situation. Given
these results, Hungry would only spend $7,000 on transportation costs for the 788 orders during
this time period, equating to roughly $8 of transportation costs for every order. By optimizing its
locations, Hungry would cut its transportation costs by nearly 50% compared to its current oper-

ations.
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Chapter 5 Discussion and Conclusion

5.1 Assumptions and Limitations

This study is not meant to be a true model of reality, rather a starting point for future work
that will be discussed in the next section. The model presented in this study makes various as-
sumptions that could be altered to obtain different results. Additionally, this study was limited in
scope and does not cover the full range of criteria that could be implemented to produce results
that better reflect reality. The results and recommendations section of this study, presented in
Chapter 4, reflect the model as it was built. It takes the assumptions into account and was con-
strained by the limitations, all of which will be presented in more depth below.

First, there are many assumptions the model made that need to be taken into consideration.
Many of the assumptions that were made, were decided based on input from Hungry leadership.
Assumptions Hungry provided include Captain cost per hour, average fuel economy for their
vehicles and average fuel price. These assumptions could fluctuate over time and are at the dis-
cretion of Hungry. The assumptions were made under consideration from Hungry leadership and
have been selected to reflect the current reality of Hungry’s operations. The initial assumptions
considered in this initial study could be altered over time to better reflect reality.

Other assumption in this study include relying on ArcGIS Pro’s tools to calculate transpor-
tation costs. Transportation costs were calculated using ESRI’s tools and road transportation net-
work. The tool provided time and distance calculations between and origin and a destination pair.
Transportation between these two points were calculated based on driving times on a Sunday in
July. The tool estimates the time it would take based on these criteria and could be more or less

given the actually travel conditions at the time. Ideally, the travel times presented in this study
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are the minimum time it would take to travel between two points. Sunday was chosen as the day
to remove rush-hour traffic from consideration and present a baseline travel time where traffic
could later be taken into consideration.

Other assumptions that were made in this study include the logistical aspects of picking up
and dropping off orders. Each meal order is unique and could require more or less effort to fulfill.
It was assumed that one Captain was need for each order, when in reality there could be multiple
captains per order. Additionally, the study does not take additional destinations and time spent at
each location into consideration. Captains could spend a significant amount of time at any one
location picking up and/or dropping off the order. Captains also need to travel back to the Hungry
office or their home at some point. These additional criteria were not taken into consideration.

The operations analysis conducted optimized location pairs based on minimizing transpor-
tation costs in the best-case scenario. In reality, the best-case scenario may not be achievable for
some locations. Just because a client is located next to a candidate commercial kitchen does not
mean that the kitchen could be used. Some kitchen may have high barriers to entry including
lease cost, availability, and other factors that could not be determined until further research was
conducted. However, the best-case scenario that was considered presents a general idea for how
much money could save if it tried to optimize all location pairs.

There are other criteria that should be taken into consideration to present a more realistic
picture of Hungry’s operation, however, the limitations of the study did not allow for more inputs.
The major limitation this study encountered was time. With more time, the limitations presented

below could be implemented into future work.
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A major limitation encountered in this study was the ability to conduct thorough research
into candidate facility locations. For candidate office locations, zip code areas were used to gen-
eralize point locations instead of researching candidate office locations based on availability and
current market conditions. The candidate office locations and resulting optimal office recommen-
dation was given as a generalized idea of where an office location could go. In future work, more
thought could be considered into the study area demographic and commercial considerations to
determine optimal candidate office facilities. Population density, employment density, and age
demographics are just some of the considerations that should be defined in future work. For this
study, after the recommendation is given, it is assumed that more research could be done to re-
search actual locations to find the best office location. For candidate kitchen locations, the study
relied on a dataset provided by Hungry. There could be additional commercial kitchen within the
market that were not considered in the study and further research could be done to identify addi-
tional candidate commercial kitchen locations. Candidate client locations were not considered in
the study, however, competitive and sales research could be conducted to determine candidate
clients Hungry could target for future business.

Additionally, another limitation the study does not take into consideration is chef transpor-
tation costs. The recommendations outlined above only take Hungry captain transportation costs
into consideration, and it does not take chef transportation costs from traveling from their home
to the commercial kitchen location. If clients were to order meals from their closest commercial
kitchen facility, thereby optimizing the transportation costs, clients could need to sacrifice the

chefs they have the ability to order from as it may not make financial sense for chefs to drive to
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the client’s closest commercial kitchen location. However, using the results and recommenda-
tions of this study, Hungry could not only assign optimal location pairs, but also limit a client’s
ability to order from certain locations and therefore chefs.

Another limitation that could be considered in future work is weighting locations based on
certain criteria. Not every location should be considered equal as there are many factors above
transportation costs that could be taken into consideration. First, the price of facilities is a large
factor that will fluctuate throughout geographic space. Typically, an office location located down-
town will be more expensive than a location in the suburbs. Similar to office costs, commercial
kitchen’s will also charge different amounts based on location. Clients should also be considered
with different weights based on the value they bring to the company. Some client’s may be repeat
customers that order multiple times a week versus another client that may just order once a month.
Different costs should be considered for all three location types in future work. By weighting each
location based on different costs, it will better reflect reality by weighting their significance com-

pared to other locations within the operation.

5.2 Conclusion

Meal delivery is a dynamic market within the food industry that requires geographic con-
siderations to ensure the product is delivered in a timely and cost-effective way. Using geographic
information systems and databases, this study built a model to effectively analyze Hungry Mar-
ketplace’s meal delivery operations in Boston, Massachusetts. The model incorporated existing
operational data as well as candidate facility locations provided by Hungry. The data was pro-

cessed using ArcGIS Pro’s network and spatial analysis tools, which were then incorporated into
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a database using Microsoft SQL Server. The database was used to gather insights into Hungry’s
operational data to develop results and recommendation that could save Hungry thousands of
dollars in costs. The study found that Hungry could cut its transportation costs in half by opti-
mizing its client and kitchen locations. Additionally, the study recommended optimal candidate
kitchens to use over its existing kitchens in operation. The study recommends that Hungry look
further into its operational data using the database that was created. By answering questions using
the resulting database, Hungry could make changes to its operations in Boston as well as its other
operating location throughout the United States that would result in significant cost savings. The
model presented in this study is not a true representation of reality as there were time constraints
that had to be taken into consideration. However, the study built a solid foundation that could be
built upon in future work to resolve assumptions and include the limitations that were presented
above. Ultimately, the study not only found and recommended optimal locations and operating
guidelines the company could implement to maximize opportunities, but it also produced a com-
prehensive, data-driven, and reproducible methodology for optimizing spatial decisions for com-

panies looking to operate in the meal delivery space within the food industry.
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APPENDIX B: Kitchens
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APPENDIX C: Clients
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