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abstract

The Huff model has been widely used in location-based business analysis for delineating

a trade area containing potential customers to a store. Calibrating the Huff model and

its extensions requires empirical location visit data. Many studies rely on labor-intensive

surveys. With the increasing availability of mobile devices, users in location-based plat-

forms share rich multimedia information about their locations in a fine spatiotemporal

resolution, which offers opportunities for business intelligence. In this research, I present a

time-aware dynamic Huff model (T-Huff) for location-based market share analysis and

calibrate this model using large-scale store visit patterns based on mobile phone location

data across ten most populated U.S. cities. By comparing the hourly visit patterns of two

types of stores, I demonstrate that the calibrated T-Huff model is more accurate than the

original Huff model in predicting the market share of different types of business (e.g.,

supermarkets vs. department stores) over time. In addition, I applied the developed T-Huff

model to understand how mobility has changed due to the lockdown policies during the

COVID-19 pandemic. When the pandemic of the novel coronavirus disease (COVID-19)

was announced in March 2020, people around the world scattered to stores for groceries

and supplies. The dynamics of shopping changed dramatically due to the preparation for

quarantine and the following lockdown policies. I use the T-Huff model to estimate and

compare the visiting probability of different stores over different time periods (before/after

the lockdowns). I am able to identify certain retail/grocery stores that have more/less

visits due to the lockdown policies, and I detect whether there are any trends in visiting

certain retail establishments and how the visiting patterns have adjusted with lockdowns.

I also identify the regional variability where people in large metropolitan areas with a

well-developed transit system show less sensitivity to long-distance visits. In addition,

several socioeconomic and demographic factors (e.g., median household income) that

potentially affect people’s visit decisions are examined and summarized.
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1 Introduction

“Location, location, and location!” The location information is a key component in business

intelligence and implementation of crucial, revenue-generating marketing strategies, such

as location-based advertisement and services1 (Negash and Gray, 2008; Fan et al., 2015;

Gao and Mai, 2017; Huang et al., 2018). With the increasing use of social media, smart

devices, and mobile apps, users share rich multimedia information about their locations

and associated activities, such as working, shopping, or dining, in a granular spatio-

temporal resolution with unprecedented breadth, depth, and scale. Those location-based

profiles provide invaluable sources of information for various business analytics and

recommendation systems.

While the original Huff model (Huff, 1964) and its subsequent extensions have been

used to understand a store’s trade area, they are largely static. The availability of granular

spatio-temporal mobility data has permitted the examination of the dynamics of customer

mobility patterns at the individual level. For instance, several studies have examined the

effects of sampling locations on calibrating the original Huff model to delineate trade areas

using mobile phone data (Lu et al., 2017) and social media data (Wang et al., 2016). In

addition, at the aggregated level, stores’ trade areas dynamic shifts are driven by various

potential factors, such as seasonality, marketing strategies, geo-socio-economic changes

surrounding the stores, or individuals’ dynamic behaviors. Predicting where or which type

of locations that an individual would visit is also about when the individual is regarding

the temporal dynamics of human mobility patterns (Ye et al., 2011; Yuan and Raubal, 2012;

Gao, 2015; McKenzie et al., 2015b; Yang et al., 2016; Tu et al., 2017), social relations (Shi

et al., 2015; Xu et al., 2017), and semantic configuration and regional variability for temporal

signatures of points of interest (POIs) (McKenzie et al., 2015a; Liu et al., 2020). Customers

may exhibit different temporal visit preferences to different types of stores, resulting in
1Part of this thesis is a slightly modified version of my first-author published paper: Calibrating the

dynamic Huff model for business analysis using location big data. Liang Y, Gao S, Cai Y, Foutz NZ, Wu L.
Transactions in GIS. 2020;24:681–703. © 2020 John Wiley Sons Ltd
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dynamically shifting trade areas of these stores over different time periods. For example,

the grocery stores usually have more daily visits over the weekends than on weekdays. The

traditional Huff model can only have one static estimation to each store, which ignores the

potential temporal information. However, the temporal dynamics of POIs visits in cities

can be more accurately captured by using large-scale mobile phone location tracking data,

facilitating the calibration of a “dynamic" Huff model to better represent dynamic trade

areas at a more granular temporal scale.

Furthermore, when talking about temporal variations of store visits and the dynamic

shifts of the trade areas, one of the biggest changes that many businesses have experienced

in recent years was the outbreak of the COVID-19 pandemic and the following lockdown

policies. As of September 19th, 2020, there are over 30,000,000 confirmed cases of COVID-

19 with over 948,000 deaths across the world (WHO, 2020). With many researchers are

working on finding effective treatments to control this disease, governments and many

institutions have provided a wide-ranging set of non-pharmaceutical interventions and

policies to slow down the spread of COVID-19; some of these policies have aimed at

reducing contacts between individuals and travel flows (Aloi et al., 2020; Lai et al., 2020;

Gao et al., 2020b; Painter and Qiu, 2020). In the United States, state and local governments

have similarly enacted social distancing policies to limit contacts between individuals. These

policies have included travel restrictions, closures of school and nonessential business, bans

on large social gatherings, restrictions for dining at restaurants, and statewide mask and

stay-at-home orders (Courtemanche et al., 2020; Hong et al., 2020). People have changed

their movement behaviors in response to those measures. Several organizations have

provided various data and statistics including travel distances from home and place visits

to measure how mobility has changed because of the pandemic and the lockdown policies

(Aktay et al., 2020; Gao et al., 2020a; Warren and Skillman, 2020). With those available

resources, several studies worked on discovering whether and to what extent has the

implementation of lockdown policies impacted the movement behaviors of individuals
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(Aloi et al., 2020; Saha et al., 2020). Some researches further related the change of mobility

to different types of places people visit and different geographic areas or social groups

people belong to (Li et al., 2020; Hong et al., 2020; Holtz et al., 2020). Those quantitative

analyses provide insights into how lockdown policies affect mobility patterns from different

perspectives. However, people still do not know much about how mobility patterns as

measured by visits vary among particular stores and among different cities.

1.1 Research Questions

To clarify the terminologies used in the following content, I use the definition of a brand

as “a logo or branded store which has multiple locations all under the same logo or store

banner” following the definition from the data provider for this study (SafeGraph, 2020).

It can also be considered as a retail establishment in the real world. The store is a specific

location of a certain brand.

In this research, I present a time-aware dynamic Huff model (T-Huff) for business

location analysis by augmenting the original Huff Model with a dynamic element to

capture the time-varying probability of store visits. At the aggregated level, the resulting

dynamic market share model is calibrated by large-scale store visits based on mobile phone

location tracking data. I examine how the store visits have changed in response to the

lockdown policies during the COVID-19 pandemic using the proposed T-Huff model. I

aim to answer the following three research questions (RQs):

RQ 1: How accurate is the dynamic Huff model in predicting the market share of

different types of business (e.g., supermarkets vs. department stores) over time?

RQ 2: How do mobility patterns as measured by store visits vary among particular

stores and among different cities under the impact of the lockdown policies during the

COVID-19 pandemic?

RQ 3: How do spatial and socioeconomic factors explain the customer choice of partic-

ular store visits? Are there any regional variability for store visits in different cities?
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To answer RQ 1, I incorporate the temporal information into the original Huff model

using two types of formulas. I build the original Huff model and two new models for three

brands in ten top populated U.S. cities and examine the visiting probability to three brands

using the mobile phone location data. Through the optimization process for parameter

calibration, I can estimate the visiting probability and compare the accuracy of all models.

To answer RQ 2, I analyze store visits to five popular chain-store brands in the pre-

lockdown and post-lockdown periods for three U.S. cities to examine variations among the

visits to different places. I employee the proposed T-Huff model to estimate the visiting

probability from a particular Census Block Group to a specific store. By incorporating the

temporal information and modeling people’s visits, the T-Huff model is able to capture the

dynamics of visits and reflect the visit behaviors via the parameters of the model (Liang

et al., 2020; McKenzie et al., 2015b).

To answer RQ 3, I collect the demographic information at the Census Block Group level

and conduct multiple linear regression (MLR) analysis to discover whether the visits from

a particular neighborhood to a store is related to the demographic characteristics of that

neighborhood.

1.2 Contribution

The contribution of this research is threefold: (1) I propose a dynamic Huff model (T-Huff)

to estimate hourly store visit probability from a particular neighborhood over time. By

using large-scale POI visit data across ten most populated U.S. cities, I calibrate the T-Huff

model parameters using the particle swarm optimization (PSO) technique and find that

the T-Huff model outperforms the static Huff model when estimating store temporal visits,

although regional variability persists; (2) I provide location business insights into the

impact of lockdown policies on the visit patterns by analyzing the travel distance, the time

spent in stores, and the store visits to five chain-stores in three large U.S. cities. Using the

T-Huff model, I am able to discover different visit patterns to different brands and identify
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regional variations. (3) I demonstrate that various factors, such as distance, neighborhood

total population, and socioeconomic variables (e.g., median household income, race and

ethnicity diversity), entail distinct influence on the store visits across categories and brands.

1.3 Thesis structure

The remainder of the thesis is organized as follows: I first review the relevant literature

about Huff models and mobility analysis under COVID-19 in section 2. Then I introduce

the formulations of the original and dynamic Huff models, data, and study area in section 3.

I report the key empirical findings of the proposed model for three top chain-store brands

across ten U.S. cities and the results of applying the proposed T-Huff model to understand

how mobility has been impacted by the lockdown policies in section 4. Finally, I draw

conclusions and share my vision for future work in section 5.
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2 Literature Review

2.1 Huff model and its extensions

There is a rich tradition in the marketing literature to study store traffic and its driving

factors. For example, Hutchinson (1940) used surveys to measure the amount of traffic

passing by a Morgantown, WV shoe store and identified 13 factors which could impact

sales, including seasonal variations, weather, general business conditions, purchasing

power, special location factors, price levels and competition. Bennett (1944) studied the

out-of-town buying habits in a Maryland town located between D.C. and Baltimore; and

found that in many categories purchases were made out-of-town in Baltimore because the

survey respondents preferred the proximity of the stores in Baltimore as compared with

their town in terms of shopping convenience. To understand how opening a branch store

will impact the parent store’s performance, Blankertz (1951) conducted a study revealing

that branch and parent stores do not attract separate customer groups; rather, both drew

trade from substantially the same group; nearby customers in the “buffer" area between

branch and parent traveled most frequently inward to the downtown shopping center

despite the greater travel and time involved.

Then Huff (1964) defined a trading area as “a geographically delineated region, con-

taining potential customers for whom there exists a probability greater than zero of their

purchasing a given class of products or services offered for sale by a particular firm or

by a particular agglomeration of firms.” Stanley and Sewall (1976) further suggested a

series of modifications to the Huff model to evaluate the potential of prospective retail

store locations.

This literature further evolved into more sophisticated location analysis, for instance, to

advise store site selections. Rosenbloom (1976) reported on the formation and application

of the retail strategy matrix that incorporated three relevant factors: a store’s geography,

consumer demand, and the area’s heterogeneity for identifying and selecting new trade
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areas for retail stores; and also suggested methods that can be used to adjust the merchan-

dise of existing retail outlets to their trade locations. Ghosh and Craig (1983) presented a

procedure to help retailers formulate a strategic location plan in a dynamic environment,

which involved a model for assessing site desirability, a criterion for selecting among al-

ternative sites, and a heuristic to facilitate the computational procedure. More broadly,

Grether (1983) called for more regional-spatial analysis in marketing research.

The development in this area has also propelled methodological innovation. For exam-

ple, Fotheringham (1988) proposed a competing destinations model to study hierarchical

spatial choices of stores and showed its superior performance as compared to other choice

models, such as the nested logit model. Donthu and Rust (1989) used kernel density

estimation to estimate the spatial distribution of customers in a market and showed how

a density-based product positioning methodology may be applied to site selection for a

new or re-located store or distribution center. Rust and Donthu (1995) accounted for geo-

graphically localized misspecification errors in store choice models with omitted variables

that can be correlated with geographic location. They showed that spatial non-stationarity

of the model parameters may also be expressed as an instance of omitted variables and

therefore be addressed using their method.

The more recent literature in this domain has focused on location-based competition

among stores or chains. A positive association between the number of larger stores and the

number and size of smaller stores is reported, implying a mutually beneficial relationship

among different types of retailers rather than an overwhelming competitive advantage for

larger stores (Miller et al., 1999). Vitorino (2012) used a strategic model of entry to study

the store configurations of all U.S. regional shopping centers and to quantify the magnitude

of inter-store spillovers. The author showed that consistent with the agglomeration and

clustering theories, firms may have incentives to co-locate despite potential business stealing

effects; and that the firms’ negative and positive strategic effects help predict both how

many firms can operate profitably in a given market and the firm-type configurations. In
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the context of store locations in the fast food industry, both McDonald’s and Burger King

try to avoid close location competition if the market area is large enough; but in small

market areas, McDonald’s would prefer to be located together with Burger King; in contrast,

Burger King’s profits always increased with greater differentiation (Thomadsen, 2007).

Regarding customer’s location awareness, Jiang et al. (2019) calibrated the Huff model with

social media data and found that the customers far from the existing retail agglomerations

may be more sensitive to the distance.

Furthermore, by studying price competition among (gasoline) retailers conditional on

geographic locations, Chan et al. (2007) found that consumers were willing to travel up

to a mile for a savings of $.03 per liter. Talukdar (2008) looked into the price differentials

between wealthy and poor neighborhoods and found that the price differentials can be

10%-15% for everyday items. Even after controlling for the store size and competition,

prices were found to be 2%–5% higher in poor areas, which was explained by access to cars

that acted as a key determinant of consumer’ price search patterns (Talukdar, 2008).

In sum, the original Huff model and its subsequent extensions have been widely used

to model a brand or a store’s trade area and to predict customer visit probability, but

they are largely static. Recent research by McKenzie and Adams (2017) demonstrated

that thematic regions can be represented dynamically using place-type specific temporal

patterns. Customers have different temporal visit preferences to different types of stores. It

requires a dynamic model to better capture the spatiotemporal characteristics of customers’

store visit behaviors.

2.2 Mobility studies under COVID-19 pandemic

Day-to-day life has been dramatically changed by the novel COVID-19 pandemic. With the

concern of being exposed to the disease and the implementation of lockdown policies, many

people have adjusted their behaviors to avoid non-essential activities and stay at home

(Aloi et al., 2020). Researchers have been working on analyzing the effects of pandemic
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and the lockdown policies on human mobility. The change of mobility can be represented

using many measurements and analyzed at different scales. Aloi et al. (2020) used data

from the public transportation system and recordings from the traffic control cameras to

understand how mobility has decreased and how the purposes of the trips have changed

after the implementation of the lockdown in a city in Spain. Bonato et al. (2020) used the

mobile phone data to report about how population flows among Italian provinces changed

before and after the national lockdown in Italy. Vinceti et al. (2020) further examined the

effectiveness of lockdown policies with respects to the mobility changes and the number of

daily positive cases in three Italian regions. They found that the strictness of lockdowns had

major effects on mobility and the transmission of disease, a tighter lockdown appears to

have a more effective reduction in mobility as reflected by a shorter period from lockdown

to peak in the curve of diagnosed cases of infection (Vinceti et al., 2020).

Besides analyzing the mobility changes at national and municipal levels, data at finer

spatial units provides more possibilities to understand how travel behaviors to specific

places have changed. For example, Google published the COVID-19 Community Mobility

Reports to help public understand how movement has changed in response to the lockdown

policies by providing statistics in visiting different categories of places such as workplaces,

parks, restaurants, and groceries (Aktay et al., 2020). Based on those reports and some

other data resources, a few studies analyzed the impact of lockdowns on community

mobility and identified different trends in visits to different places during pre-lockdown

and after-lockdown periods (Saha et al., 2020; Chetty et al., 2020; Mohler et al., 2020). Saha

et al. (2020) found that there were dramatic drops in mobility to places including retail,

grocery, parks and workplaces, while visits to residential places have noticeable increase.

From those studies, it has been discovered that the behavioral changes are not uniform

across places as the reduction in mobility is different for different types of places and also

in different countries (McKenzie and Adams, 2020).

Therefore, it is critical to further investigate the extent to which and how people’s
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movements have changed as well as potential factors affecting the movement variations.

Some studies have focused on discovering disparities in the movement patterns. Li et al.

(2020) used the origin-destination networks to understand how visits from Census Block

Groups to different types of urban hotspots have changed differently and how the reduction

in movement vary across multiple U.S. cities. Another study by Hong et al. (2020) further

combined localized socioeconomic, demographic and infrastructure information to discover

whether the behavioral responses are related and affected by such characteristics. The

researchers were able to identify distinct visit patterns in response to COVID-19 across

neighborhoods and communities with different characteristics (Hong et al., 2020). Similarly,

Brzezinski et al. (2020) found that in more urbanized areas with people who are more highly

educated, having high trusts in science, or having higher incomes were more responsive to

the lockdowns. In addition, Holtz et al. (2020) found that the mobility patterns of people

in one state are greatly affected by the lockdown orders in its social or geographic peer

states.

Some studies also looked at the economic consequences and mobility changes of the

lockdown policies. Bonaccorsi et al. (2020) examined the economic and social influences of

lockdown policies by modeling the mobility changes as an external shock. They concluded

that the impacts revealed strong economic and social segregation, and there were increases

in poverty and inequality induced by the lockdown (Bonaccorsi et al., 2020).

All those studies examined the impact of lockdowns on human mobility from different

aspects at different scales. However, they mostly focused on how mobility between different

geographic units has changed or how mobility to certain categories of places has changed.

There is still lack of research studies about how economic activities were affected by the

lockdowns from the perspective of how visits to specific stores have changed and how the

visit patterns vary among different types of businesses.
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3 Methods

3.1 The original Huff model

The Huff model was introduced in order to provide a probabilistic analysis of shopping

center trade area, which is a region containing potential customers for a store (Huff, 1963,

1964). The identification of a trade area for a store is crucial as the business owner can

estimate how many potential customers will visit this store within this region, and therefore,

being able to predict the market sales of this store among competing businesses.

The Huff model proposes that there are two major factors affecting the number of

potential customers of a store, which is essentially a gravity-based spatial interaction model.

The first factor is the merchandise offerings, namely, the ability of the store to fulfill the

customers’ needs (Huff, 1963). This is also called the attractiveness of a store. If a store has

a great number of items, it is able to attract more customers even from distant regions. The

other factor is the travel time or travel distance to visit a store. As the expense of traveling

to that store increases, the willingness of visiting that store could be significantly reduced

(Huff, 1963).

Based on those two factors, the probability of one customer traveling to a given store

can be denoted as follows:

Pij =

Sαj

D
β
ij∑n

j=1
Sαj

D
β
ij

(1)

where Pij is the probability of a customer i visiting a store j; Sj is the attractiveness of the

store j;Dij is the physical distance between the customer i and the store j. n indicates there

are n stores that a customer iwould visit. The parameters α and β are used to reflect the

effects of attractiveness and the distance on the model.
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3.2 A time-aware dynamic Huff model

Given that people visit different places of interest at different times (McKenzie et al.,

2015a,b), I propose the following time-aware dynamic Huff model:

PTijt =

Sαj

D
β
ij∑n

j=1
Sαj

D
β
ij

∗ Pjt (2)

Pjt =
Vjt∑m
t=1 Vjt

(3)

where PTijt is the probability of a customer i visiting a store jwithin a temporal window t

(e.g., an hour or a day of week); Sj is the attractiveness of the store j; Dij is the physical

distance between the customer i and the store j; n is the number of stores that customer i

would visit; Pjt is the temporal visit probability for one store jwithin a temporal window t.

Equation 2 shows that the visiting probability is a result of comparison: the probability of

visiting store j is calculated by comparing across all the stores that customer i could visit.

Vjt is the total visit counts for one store j within a particular hour t (in this research) and I

sum up the counts over one week as
∑m
t=1 Vjt (i.e.,m = 168 hours). As shown in Figure

1, even for the same chain-store brand (e.g., Whole Foods), the five branch stores in Los

Angeles have distinct temporal visit patterns.



13

Figure 1: The Whole Foods Markets in Los Angeles with their temporal visit probability
plots.

I also construct another advanced time-aware dynamic Huff (A-Huff) model which

estimates the customer visiting probability at each timestamp by comparing all possible

visits the customer may have at the same timestamp, which considers the business compe-

tition from integrated spatial and temporal aspects. The A-Huff model shares the same

parameters with the T-Huff model in equation (2) but has a different formulation as follows.

PAijt =

Sαj

D
β
ij

∗ Pjt∑n
j=1

Sαj

D
β
ij

∗ Pjt
(4)

Pjt =
Vjt∑m
t=1 Vjt

(5)

In addition to the predicted visiting probability PAijt using the A-Huff model, the visiting

probability PAijt ′ is calculated using the formula below based on the collected mobile phone

data and is considered as the actual visiting probability for this model.

PAijt
′ =

Vij ∗ Pjt∑n
j=1 Vij ∗ Pjt

(6)
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where Vij is the observed pairwise visits from the customer i in a specific neighborhood to

the store j.

3.3 Parameter calibration

Before using the original Huff model and the time-aware dynamic models (T-Huff and

A-Huff) to make market share predictions, I need to calibrate the models by adjusting their

parameters to make sure that the results approximate or reflect the reality. Previously the

two parameters (α and β) are often decided arbitrarily, which may lead to inaccurate or

even erroneous results (Huff, 2003). A few methods have been used to find an optimized

set of α and β. Many research studies used the ordinary-least-squares (OLS) method to

estimate the parameters by transforming the Huff model into a logarithm-centering format

and estimate the parameters using linear regression (Nakanishi and Cooper, 1974; Huff

and McCallum, 2008). The geographically weighted regression (GWR) was also used to

calibrate the Huff model which estimated the parameters for every point inside the study

area (Suárez-Vega et al., 2015). Recent research applied optimization algorithms such as

the Particle Swarm Optimization (PSO) technique to find optimal or near-optimal solution

of parameters that fit the observation data more accurately (Suhara et al., 2019).

In this research, I use the PSO technique for calibrating the models’ parameters. This

technique was introduced by Eberhart and Kennedy (1995) and was inspired by the

foraging behavior of bird flocks. As a widely used optimization method, PSO makes few

or no assumptions (e.g., linearity) about the problem being optimized, so it is appropriate

for this study because the models used in this study can be easily incorporated into the

optimization process using this technique. Also, I am able to design the objective function

based on different needs. Compared with the traditional OLS approach, the PSO technique

allows more freedom at the optimization design stage and is efficient to find the solutions

from a very large space of candidate solutions, which means that I can try a great number

of α and β values and observe the trend of convergence through the optimization process.
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Therefore, I select the PSO as the optimization method to find the optimal α and β in

this work. To initialize the optimization, a few particles are generated, and each particle

represents a pair of potential α and β. The particles will change their positions (which are

the values of α and β) based on its previous best location and the global best position (Xiao

et al., 2013; Kennedy, 2010). The particles should then gradually cluster in the area of the

optimal solution and return an optimized result. Here the performance of every particle

is determined by a pre-defined objective function. The goal of the optimization process

is to find the best combination of parameters that maximize the objective function. The

objective function in this study is the Pearson correlation between the estimated probability

and the actual probability of visits from a particular neighborhood to a store. I calibrate

the parameters for each specific brand of stores using large-scale anonymous mobile phone

location tracking data (in the following section 3.4) in order to find the models that can

best reflect the particular store visit patterns.

3.4 Data and study area

Over 3.6 million points of interest (POIs) data in the U.S. were collected from the SafeGraph

business venue database2. The POIs are first classified based on the North American

Industry Classification System (NAICS) 6-digit sector codes. In addition to the spatial

distribution of the POIs, I also retrieved the fine-resolution visit patterns of all those POIs

from the aforementioned SafeGraph database which covers dynamic human mobility

patterns of millions of anonymous smart phone users. The SafeGraph’s data sampling

correlated highly with the U.S. Census population3. These mobile location data consist

of “pings” identifying the coordinates of a smartphone at a moment in time. To enhance

privacy, SafeGraph excludes Census Block Group information if fewer than five devices

visited a place in a month from a given Census Block Group. For each POI, the records

of aggregated visitor patterns illustrate the number of unique visitors and the number
2https://www.safegraph.com
3https://www.safegraph.com/blog/what-about-bias-in-the-safegraph-dataset

https://www.safegraph.com
https://www.safegraph.com/blog/what-about-bias-in-the-safegraph-dataset
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of total visits to each venue during the specified time window, which could reflect the

attractiveness of each venue. Based on this data, I am able to map the flows from customers’

home Census Block Groups to different stores. For example, Figure 2 shows the spatial

distributions of Census Block Groups that have visit flows to the fourteen Ross Stores in

Los Angeles.

Figure 2: The spatial distributions of Census Block Groups that have visit flows to fourteen
Ross Stores in Los Angeles (Note: the number of stores for each brand only reflects the
data I have; the geovisualization is created using the kepler.gl tool).

Table 1 lists a few measurements I retrieved from the data, which are used to analyze

mobility changes from different aspects. Furthermore, I also computed the hourly visit

probability for each POI over 168 hours (24 hours * 7 days of a week) to show the dynamic

visit patterns. For future studies, the hourly visit frequency can also be estimated from

other resources, such as the shopper’s loyalty card data or the popular times collected

by Google Maps or Yelp for business locations. The corresponding demographic and

socioeconomic attribute data of all Census Block Groups were collected from the American

Community Survey (ACS).
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Table 1: The measurements for analysis

Measurements Explanation

Median travel distance (meters) The median value of distances traveled from
home by all visitors to one POI

Median dwell time (minutes) The median minimum dwell time at one POI

Raw visit counts Number of visits to one POI
during a time period

Visiting probability The probability for one Census Block Group
to visit one POI during a given time window

3.4.1 Study area for Huff models comparison

To compare the performance of the original Huff model and the two proposed dynamic Huff

models, I selected two categories of interest:“445110-Supermarkets and Grocery Stores"

and“452210-Department Stores". There are over 20,000 POIs selected in the top ten most

populated U.S. cities (New York, Los Angeles, Chicago, Houston, Phoenix, Philadelphia,

San Antonio, San Diego, Dallas, and San Jose). Specifically, I selected Whole Foods Market

and Trader Joe’s to represent ‘Supermarkets and Grocery Stores’, and I selected Ross Store

to represent ‘Department Stores’ because those three brands have the greatest amount of

stores and are present in almost all cities in the dataset (the only exception is that New

York doesn’t have data for Ross Stores). The time period of the data is from October to

December in 2018 based on the availability of the data. For each brand in each city, I fitted

the three models to estimate the visit probability respectively and compare their accuracies.

3.4.2 Study area for the COVID-19 case study

To discover the visit pattern changes under lockdown policies during COVID-19 pandemic,

I selected three cities (Los Angeles, New York and Houston) as the study area and two time

periods as the study time windows. The first period is when COVID-19 started spreading

and becoming a pandemic (March 11, 2020). As the data is provided in a weekly format, I

selected the two weeks from March 2nd to March 16th to represent this period. For the

second period, I focused on the weeks after statewide lockdown orders were issued. I want
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to discover whether and how movement behaviors changed according to the lockdown

orders. Based on the dates of the lockdown orders (New York, NY: March 22nd; Los

Angeles, CA: March 19th; Houston, TX: April 2nd) (Wu et al., 2020), I picked the weeks

from March 22nd to April 5th for New York and Los Angeles, the weeks from April 6th to

April 20th for Houston as their post-lockdown periods, respectively.

I selected four different types of POIs for analyses using the NAICS code. For each

category of POIs, I selected one or two top chain-store brands as the target brands to study.

The categories and specific brands are listed in Table 2. Those brands are selected because

they are popular stores that are closely related to the daily life for many people living

across the U.S.. Analyzing the store visits to those brands may provide some representative

and meaningful insights into human mobility pattern changes. Figure 3 shows the spatial

distribution of the five chain-stores in the dataset in Los Angeles. As one might expect,

McDonald’s and Starbucks scatter around the whole study area. Target, Trader Joe’s and

Whole Foods Market are primarily located in the northwestern area on the map based on

the collected data.

Figure 3: The locations of five brands (McDonald’s, Target, Trader Joe’s, Whole Foods, and
Starbucks) of stores in Los Angeles (in the database provided by SafeGraph)
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Table 2: The chain-store brands and their categories

Brand Category NAICS code
McDonald’s Limited-Service Restaurants 722513

Starbucks Snack and Nonalcoholic Beverage Bars 722515
Target Department Stores 452210

Whole Foods Market Grocery Stores 445110
Trader Joe’s Grocery Stores 445110

3.5 Neighborhood visit analysis

In addition to the store attraction and distance, I further conducted the multiple linear

regression (MLR) analysis to discover potential factors explaining why people from a

certain neighborhood often go to a particular POI with regards to the characteristics of that

neighborhood and the POI attraction. I first analyzed the neighborhood visits across three

brands in ten U.S. cities from October - December in 2018 to discover any general patterns.

I then analyzed how the neighborhood characteristics and the POI attraction affected the

visit changes under the lockdown policies during the COVID-19 pandemic.

The dependent variable is the visit count from a specific Census Block Group community

to a store, so for every Census Block Group and every store the Census Block Group visited,

there is a corresponding pairwise visit count. The independent variables are store total

visit counts, distance between a store and a customer’s home Census Block Group, total

population of a Census Block Group, the median age and the median household income of people

living in that Census Block Group, and the Shannon entropy based on natural logarithm

(Ln) to measure the race & ethnicity diversity of each Census Block Group community

(Shannon, 1948). A higher entropy value means a higher race & ethnicity diversity while

lower entropy indicates a larger portion of dominated race & ethnicity group in a Census

Block Group (Prestby et al., 2019).

For the COVID-19 case study, the goal is to discover whether the change of visits are

related to the characteristics of each community (Census Block Group in this study). The
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dependent variable is the change ratio of the pairwise visits from a Census Block Group

to a store in the two time periods. It is calculated by dividing the pairwise visits in the

later periods by the pairwise visits in the early period. A value smaller than one means

that the visits count reduced in the later period. The independent variables are the same

as what I used for the above analysis, but the independent variable store total visit counts

is represented using the value from the early period. In addition, another independent

variable is included in the COVID study named the bachelor ratio and it represents the ratio

of people with a Bachelor degree or higher. It is added in order to detect whether people’s

education level is related to their response to the lockdown policies.
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4 Results and Discussion

4.1 Visit distance distribution

I first analyzed the distribution of the median distance that visitors traveled from home

to all the stores given a specific NACIS category. The probability distributions of visit

distances across cities showed a variety of heavy tailed distributions in Figure 4. The

mean of the median distance (great circle distance) from visitors’ home Census Block

Groups to supermarkets and grocery stores (NACIS: 445110) across these cities is about

7.8 km. However, the median distance distribution does vary over different cities (as

shown in Figure 4). Most people in Philadelphia, San Jose, Chicago, and Los Angeles

traveled relatively shorter distances, with the median of 3.8 km, 4.5 km, 4.6 km, and 4.7 km

respectively, than people in other big metropolitan areas in US such as Dallas and New

York with the largest median distance of 8.4 km and 7.8 km respectively. For New York,

this might be related to the fact that it has a well-developed transit system for long-distance

trips and also the fact that New York is a city that is famous for shopping. For Dallas, the

long travel distance may be associated with the sprawled city structure. The mean of the

median distance from visitors’ home to department stores (NACIS: 452210) across these

cities is about 10.3 km and larger than that to supermarkets and grocery stores.

In addition, the distance decay phenomenon exists in the visit median distance distri-

bution across all cities (as shown in the log-log plots in Figure 4). The visit probability

decreased significantly after about 10 km, which offers insights into location business

decision makings. And different cities have varying decay exponents β (Gao et al., 2013),

which may link to their urban morphology (e.g., size and shape) (Kang et al., 2012). The

distance decay slopes for supermarkets & grocery stores are steeper than that of department

stores in all cities, which demonstrate that there are much fewer long-distance travels for

supermarkets & grocery stores visits compared with that for department stores.
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Figure 4: The probability distribution, empirical cumulative distribution, and log-log plots
of visitors’ distance from home to supermarkets and grocery stores (NACIS: 445110) and
to department stores (NACIS: 452210) in the top 10 most populated cities in US.

4.2 Huff models calibration

4.2.1 Parameter calibration and comparison

Given the variability of store visits in chain-store brands and local brands in the exploratory

analysis, I didn’t calibrate the models for all brands in each POI category. Instead, I only

designed comparative experiments for top three chain-store brands with the most stores

across the ten top populated cities in the dataset. Take the Whole Foods Markets in Los

Angeles as an example, the attractiveness of each Whole Foods store is estimated using the

total visit count over three months in the Safegraph dataset. Figure 5 shows the flow map
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from each Census Block Group to the five Whole Foods Markets in the Los Angeles area. It

is clear that people in each Census Block Group has a particular store visit preference, and

the visited store is usually within certain spatial proximity to that Census Block Group.

The Whole Foods Markets are chain stores that usually have similar product layouts and

sizes. Therefore, the major factor affecting the visits of customers is usually the distance

from the customer to the store. There are also some other factors. For example, for the

two Whole Foods Markets on the left part of Figure 5, there is a clear delineation of visit

flows to the two stores separated by the highway. Even though these two Whole Foods

Markets are located close to each other, they have distinct visitors from different Census

Block Groups due to such infrastructure barrier in that area.

Figure 5: The spatial distributions of Census Block Groups that have visit flows to five
Whole Foods Markets in Los Angeles (Note: the number of stores for each brand only
reflects the collected data; the geovisualization is created using the kepler.gl tool).

The model parameter calibration was conducted for each brand of stores respectively

in order to find the best set of α and β that can reflect the effects of attractiveness and

distance on the particular brand using observed store visit data. A set of values for α and

β is first determined in order to identify a smaller data range for optimization. I use Whole

Foods Market as the study brand for this process. The result of the correlation for the

selected α and β for the original Huff model is shown in Table 3. In general, the model
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produces very good results with all Pearson’s correlation coefficients larger than 0.6. A

higher correlation is obtained with α between 0 to 1 and β between 0 to 2 approximately.

Therefore, the bounds for α and β in the PSO optimization are set to be from 0 to 2. The

optimization is repeated 10 times with 10 particles and is implemented using a open-source

library “Pyswarms" in Python. The highest correlation obtained from the optimization is

0.864 when α = 0.717 and β = 0.805. The α and β values are then fed into the Huff model

to estimate the store visit probability.

Table 3: The model parameter calibration results with Pearson’s correlation for Whole
Foods using the original Huff model.

α
β 0.1 0.5 1 2 5

0.1 0.807 0.844 0.845 0.817 0.769
0.5 0.808 0.854 0.858 0.825 0.774
1 0.791 0.846 0.862 0.828 0.778
2 0.747 0.797 0.834 0.822 0.776
5 0.683 0.709 0.740 0.773 0.752

Also, Table 4 shows the Pearson correlation result with the same selected α, β values

using the T-Huff model. In general, T-Huff model has higher correlations for all selected α

and β than the original Huff model, which reflects that the T-Huff model might provide a

more accurate estimation of the visit probability in most of the cases by including the tem-

poral visit information. The highest correlation obtained from the optimization procedure

is 0.890 with α = 0.787 and β = 0.765.

Table 4: The model parameter calibration results with Pearson’s correlation for Whole
Foods using the T-Huff model.

α
β 0.1 0.5 1 2 5

0.1 0.847 0.874 0.873 0.844 0.791
0.5 0.848 0.882 0.884 0.852 0.796
1 0.835 0.877 0.888 0.855 0.801
2 0.789 0.832 0.861 0.847 0.799
5 0.694 0.716 0.744 0.775 0.761
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In addition to the original static Huff model and the dynamic Huff models (T-Huff

and A-Huff), another model named the Mean Huff (M-Huff) model is constructed for

comparison. This synthetic M-Huff model is built with the hypothesis that there are no

temporal variations for store visits, and the visiting probability in each time window is the

mean of the visiting probability over all time windows. Therefore, it assumes that the hourly

visit probability for one Census Block Group to one store is distributed evenly over the 168

hours in one week (using the mean visit probability) and therefore the model assigns the

visit probability equally to each time window (every hour in this study). The correlation is

then calculated between this equally-distributed visit probability and the actual hourly visit

probability from the SafeGraph dataset. Table 5 shows the correlation result for selected α,

β from the M-Huff model. The highest correlation from the optimization is 0.662 with α =

0.723 and β = 0.806. It is clear that the correlations drop dramatically compared with the

results of the original Huff model and the T-Huff model, which means that the assumed

equally-distributed hourly visit probability can not make a good representation of the

actual dynamic visit patterns. In other words, the store visit patterns do have temporal

variation and it is necessary to consider such variation in market-share models.

Table 5: The model parameter calibration results with Pearson’s correlation for Whole
Foods using the M-Huff model.

α
β 0.1 0.5 1 2 5

0.1 0.618 0.646 0.647 0.626 0.589
0.5 0.619 0.654 0.657 0.632 0.593
1 0.606 0.648 0.660 0.634 0.596
2 0.572 0.610 0.639 0.629 0.594
5 0.523 0.543 0.566 0.592 0.576

4.2.2 Visit spatial pattern comparison

Figure 6 shows two maps of the estimated market share from the original Huff model and

the actual market share generated from the SafeGraph POI visit dataset. Here the market

share means the probability that people from a Census Block Group will visit that particular
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store. For every Census Block Group, it has a corresponding visit probability for each store,

and the color hue of each Census Block Group represents the store that people from this

Census Block Group would visit. The saturation of the color indicates the magnitude of

the probability. By comparing the two maps, I find that the spatial distributions of trade

areas are very similar (with high correlation of store visit probabilities). It means that

the estimated result from the original Huff model can project the total visit probability

with high accuracy. The result also supports the above statement that a large portion of

visitors of each Whole Foods Market are usually within close proximity of that store. People

may be reluctant to go to another Whole Foods Market that is far away from them. This

is one characteristic of the chain stores that the location of a store is very important to

the performance of that store. As the chain stores may not be very different from each

other regarding their products, the spatial proximity between the store and the customer

becomes a primary factor affecting people’s choice.
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(a)

(b)

Figure 6: The estimated market share using the original Huff model and the actual market
share derived from the SafeGraph visit database.
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Figure 7 shows the histograms of actual hourly visit probability on Sunday 3:00pm-

3:59pm and Monday 11:00am-11:59am. Figure 8 maps the difference between the estimated

and the actual market share of the five Whole Foods on two different time windows obtained

from the dynamic Huff model. Here I pick two different hours (Sunday 3:00pm-3:59pm

and Monday 11:00am-11:59am) to compare how the POI visit probability may differ in

different time of a day and different day of a week (McKenzie et al., 2015b).

(a) Sunday 3:00pm-3:59pm (b) Monday 11:00am-11:59am

Figure 7: The histograms of the actual visit probability on (a) Sunday 3:00pm-3:59pm and
(b) Monday 11:00am-11:59am.

From the T-Huff model, as the visit probability is assigned to a specific hourly window,

it has a much smaller range compared with that of the original Huff model. Therefore, the

ranges of the probability differences are also smaller, usually between -0.003 to 0.003 from

the maps in Figure 8. Also, one can see that most of the prediction errors are between the

ranges of -0.001 to 0.001. The prediction for Monday 11am has a better accuracy than the

one for Sunday 3pm as there are less dark red or dark green areas on the map for Monday

11am. One reason could be there is larger variability of visits on Sunday 3pm.
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(a)

(b)

Figure 8: The maps of the visit probability changes between the estimated market share
using the T-Huff model and the actual market share derived from the SafeGraph visit
database on (a) Sunday 3:00pm-3:59pm and (b) Monday 11:00am-11:59am.
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4.2.3 Brands comparison and regional variability

The same process of model parameter calibration using PSO for three brands (Whole

Foods, Trader Joe’s and Ross Stores) are conducted for the ten U.S. cities. Three types of

comparisons are examined: (1) comparing the performance of four models (the origin Huff

model, T-Huff, A-Huff, and M-Huff); (2) comparing how the models perform differently

for the three brands; (3) and discovering whether there exists regional variability among

the same type of stores across different cities. Table 6 shows the number of stores for the

three brands in each city.

Table 6: The number of stores for the three brands in ten cities. (Note: the number only
reflects the collected data.)

Whole Foods Trader Joe’s Ross Stores
Los Angeles 5 11 14

Houston 7 3 24
Chicago 10 5 12

Philadelphia 2 1 8
New York 8 5 0

San Antonio 1 2 15
Dallas 4 4 7

San Diego 1 6 7
San Jose 2 4 6
Phoenix 3 1 15

Table 7 shows the highest correlation coefficients from the PSO for the four Huff models

and three brands in the ten cities. Tables 8 and 9 show the corresponding α and β values

for each optimal solution.

By looking at each row in Table 7, I compare the performance of four models. The

optimal correlations are generally high for the original Huff model, the T-Huff model

and the A-Huff model across all stores and cities. But the correlation from the M-Huff

model is always much lower than that of the other three models, which indicates that the

temporal variation cannot be ignored or simply considered as equally distributed. The

T-Huff model and the A-Huff model have slightly higher correlation than the traditional

Huff model, which can show that the temporal variation is important and can help improve
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the estimation accuracy. The result of the T-Huff model is the highest among the four

models for each single brand and each city in most of the cases, which shows the way of

adding the temporal visiting information in this model yields the best performance in the

study. Though the A-Huff model does not outperform the T-Huff model in this study, it also

has important meaning in terms of incorporating temporal information into the original

Huff model. For the T-Huff model, it first calculates the visit probability based on the

original Huff model and then times the probability with the temporal visit probability for

the store being visited. For the A-Huff model, by including the temporal visit information

into both the nominator and the denominator (in Equation 4), it considers every store and

its competitor stores’ temporal visit information at the same time. The final probability Pijt

for a particular time to a store is the result of comparing all stores attractions during that

time window for the customer, so it includes both the spatial and temporal competition

when calculating the visit probability.

By comparing the parameters in Tables 8 and 9, the optimal α and β remain similar for

each brand in each city among four models. This indicates that for each particular type of

POIs in each city, the optimization process is able to find consistent parameters among four

models that reflect the impacts of attractiveness and distance specifically for each brand in

that city.

I also compare the results row by row for each city. The parameter variations in Tables 8

and 9 reflect different local patterns. From the tables one can notice that even for the same

brand, the models produce very different parameters across cities, indicating that people’s

visit behaviors are affected by the regional differences (McKenzie et al., 2015a), which may

link to the size and shape of a city, POI co-location patterns, and urban spatial structures

(Kang et al., 2012; Yue et al., 2017; Gao et al., 2017).
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Table 7: The optimized correlation for three brands.

Whole Foods Trader Joe’s Ross Stores
Huff M-Huff T-Huff A-Huff Huff M-Huff T-Huff A-Huff Huff M-Huff T-Huff A-Huff

Los Angeles 0.864 0.662 0.890 0.878 0.875 0.588 0.910 0.900 0.854 0.664 0.881 0.863
Houston 0.827 0.567 0.874 0.838 0.682 0.391 0.827 0.776 0.821 0.544 0.864 0.845
Chicago 0.869 0.580 0.904 0.892 0.892 0.578 0.919 0.913 0.933 0.670 0.946 0.940

Philadelphia 0.869 0.612 0.899 0.892 0.956 0.770 0.962 0.959 0.892 0.637 0.917 0.904
New York 0.949 0.602 0.968 0.955 0.847 0.567 0.902 0.863 NA NA NA NA

San Antonio 0.888 0.434 0.931 0.923 0.644 0.406 0.748 0.721 0.935 0.650 0.942 0.942
Dallas 0.901 0.573 0.932 0.908 0.948 0.603 0.963 0.960 0.953 0.610 0.965 0.960

San Diego 0.825 0.614 0.853 0.833 0.919 0.604 0.938 0.929 0.917 0.648 0.928 0.925
San Jose 0.959 0.687 0.964 0.964 0.927 0.563 0.952 0.947 0.903 0.582 0.930 0.924
Phoenix 0.966 0.589 0.979 0.967 0.959 0.571 0.970 0.970 0.900 0.615 0.924 0.910
Average 0.8917 0.592 0.919 0.905 0.865 0.564 0.909 0.894 0.901 0.624 0.922 0.9126

‘NA’: no data available

Table 8: The optimized Huff model coefficients α for three brands.

Whole Foods Trader Joe’s Ross Store’s
Huff M-Huff T-Huff A-Huff Huff M-Huff T-Huff A-Huff Huff M-Huff T-Huff A-Huff

LosAngeles 0.72 0.72 0.79 0.69 0.44 0.44 0.45 0.54 0.59 0.77 0.73 0.62
Houston 0.82 0.85 0.94 0.87 0.98 0.95 0.93 0.99 0.62 0.61 0.52 0.48
Chicago 0.48 0.49 0.55 0.46 0.46 0.44 0.43 0.34 0.39 0.37 0.38 0.40

Philadelphia 0.88 0.98 0.84 0.83 0.36 0.35 0.31 0.37 0.6 0.54 0.8 0.74
NewYork 0.39 0.3 0.28 0.33 0.26 0.12 0.2 0.17 NA NA NA NA

SanAntonio 0.78 0.89 0.72 0.71 0.83 0.9 0.68 0.69 0.58 0.6 0.66 0.67
Dallas 0.33 0.37 0.4 0.43 0.84 0.83 0.73 0.73 0.43 0.47 0.47 0.45

SanDiego 0.06 0.16 0.01 0.23 0.99 0.82 0.84 0.90 0.46 0.48 0.46 0.37
SanJose 0.58 0.69 0.7 0.66 0.49 0.48 0.53 0.52 0.72 0.76 0.81 0.66
Phoenix 0.64 0.61 0.64 0.56 0.36 0.39 0.42 0.46 0.79 0.73 0.75 0.68

‘NA’: no data available
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Table 9: The optimized Huff model coefficients β for three brands.

Whole Foods Trader Joe’s Ross Stores
Huff M-Huff T-Huff A-Huff Huff M-Huff T-Huff A-Huff Huff M-Huff T-Huff A-Huff

LosAngeles 0.8 0.81 0.76 0.85 0.56 0.6 0.51 0.59 0.93 1.1 1.01 0.93
Houston 0.91 1.01 0.9 0.92 0.74 0.74 0.7 0.97 0.67 0.66 0.63 0.63
Chicago 0.6 0.57 0.66 0.56 0.64 0.58 0.68 0.54 0.73 0.57 0.65 0.68

Philadelphia 0.64 0.54 0.55 0.56 0.59 0.44 0.54 0.57 0.46 0.41 0.68 0.62
NewYork 0.44 0.44 0.44 0.49 0.06 0.06 0.18 0.13 NA NA NA NA

SanAntonio 0.76 0.7 0.77 0.82 0.72 0.76 0.55 0.67 0.78 0.84 0.82 0.84
Dallas 0.93 0.93 0.99 1.01 0.88 0.83 0.72 0.77 0.52 0.55 0.61 0.57

SanDiego 0.04 0.03 0.03 0.14 0.93 0.84 0.93 0.94 0.43 0.44 0.49 0.45
SanJose 0.84 0.95 0.84 0.78 0.98 0.85 0.82 0.72 0.78 0.8 0.78 0.75
Phoenix 1.58 1.83 1.63 1.83 1.36 1.23 1.05 0.97 0.7 0.65 0.69 0.65

‘NA’: no data available

For example, the β is the exponent of distance in the Huff models and it reveals the

impact of distance decay on visit activities and I am able to compare different spatial

interaction patterns using the value of β (Liu et al., 2014). In general, a larger β means

the activities are more affected by the change of distances. Usually, with more spatial

interactions in a city, one can expect a smaller β as people are less spatially separated with

the support of modern multi-mode transportation (Liu et al., 2014; McKenzie, 2014; Su

et al., 2017). By comparing the β changes over different cities in Table 9, it is clear that

New York has a very small β for both Whole Foods and Trader Joe’s compared with other

cities. This indicates the POI visit patterns for people in New York are less influenced by

the distance. This is reasonable as the well-developed transportation makes people in such

a large metropolitan city more connected to each other and long-distance will have a less

negative impact in terms of preventing people from traveling to other places. I also use

the averaged β for each city to reflect the general effects of distance to cities. The top cities

with smallest β values from Table 9 are New York, San Diego, Philadelphia, and Chicago.

Except for San Diego which has a very small β in its Whole Foods result (there is only

one Whole Foods Market in San Diego in the dataset), the other three cities are all cities

with well-developed public transit systems. The mixed mode of private-driving and public

transportation may make distance less sensitive for traveling and lead to small β for those
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cities.

Next, I compare the parameter differences over different types of stores and find some

distinct patterns between the supermarket & grocery stores and the department stores.

Here the supermarket & grocery stores are represented by two brands “Whole Foods" and

“Trader Joe’s" and the department stores are represented by“Ross Stores". In the 9 cities that

have “Ross Stores", 6 of them have smaller averaged β for “Ross Stores" compared with that

for “Whole Foods" and “Trader Joe’s". As shown in section 4.1, the department stores have

a smoother distance decay slope compared with that of supermarkets and grocery stores,

which means that the distance affects more for visits to supermarket and grocery stores.

From the result, a majority of the cities showed the same trend that distance plays a more

important role when people visit supermarkets and grocery stores. This corresponds to

the daily experience as customers tend to go to the closest supermarkets or grocery stores

as the goods in those types of stores are generally similar. Therefore, the distance becomes

the major factor to consider when deciding which store to visit and this is also validated by

the data-driven analytical results.

4.3 Mobility analysis under COVID-19

In this section, I focus on how store visits and customer visit patterns have changed due to

the impact of lockdown policies during the COVID-19 pandemic by making analyses in the

pre-lockdown and post-lockdown periods. I first present some quantitative analyses about

store visits changes using measurements including median travel distances and store dwell

time. Then I build the T-Huff models for five brands in three U.S. cities and analyze the

visit patterns changes via the parameters of the model.

4.3.1 Foot-traffic changes and dwell time distribution

I first analyzed the specific foot-traffic change to each chain-store brand over the two time

periods, Table 10 shows the reduced percentage of the average visits over the two periods
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for the three cities. The percentage is calculated by the following equation:

Reduced_Percentage = Visitearly − Visitlater
Visitearly

(7)

where the Visitearly and Visitlater are averaged visits for each brand in the early two

weeks and the later two weeks, respectively.

By looking at the reduced percentage, it is clear that all stores in any city have much

fewer average visits in the periods after the lockdown order was announced. Most of

the stores lost about 50% of their visits in the later period. Different cities show different

trends in which stores have the greatest decrease. New York City had the largest decrease

percentage of visits in all brands. This can be related to the fact that New York had the

most COVID-19 cases in April and many people stayed at home to avoid the infection (The

New York Times, 2020). It is also possible that people in New York City did not drive as

much and therefore did not use drive-thru opportunities in McDonald’s and Starbucks.

Table 10: Percentage of reduced average store visits over two time periods

Los Angeles New York Houston
McDonald’s 46.3% 77.4% 45.0%

Starbucks 53.1% 82.6% 56.3%
Target 44.1% 64.1% 42.2%

Trader Joe’s 61.0% 70.0% 46.7%
Whole Foods Market 55.4% 60.6% 43.1%

In addition to the store visits, in each brand, I also observed the total count of visitors

based on the bucketed dwell times. The bucketed dwell times represent five intervals for

store visits: less than 5 minutes, 5 to 20 minutes, 21 to 60 minutes, 61 to 240 minutes, and

greater than 240 minutes. Figures 9, 10 and 11 show a histogram of total visitor counts by

each brand in the 3 cities over the two time periods.
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(a) Los Angeles - McDonald’s (b) Los Angeles - Starbucks

(c) New York - McDonald’s (d) New York - Starbucks

(e) Houston - McDonald’s (f) Houston - Starbucks

Figure 9: The dwell time distribution for McDonald’s and Starbucks

The left side of Figure 9 shows the dwell time patterns for McDonald’s store visits. In

all three cities prior to the lockdowns, the highest frequency of visits were between 5-20

minutes. Similarly, in all three cities after the lockdown, the highest frequency of visits

were still between 5-20 minutes. However, a difference emerged between cities: the amount
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of visitors in Houston and Los Angeles McDonald’s stores were higher than visitors to New

York McDonald’s. Comparing the changes over the two weeks in three cities, New York

City shows the greatest drops in all time intervals, corresponding to what I discovered

from the analysis on the reduced percentage of store visits.

Starbucks, a snack and nonalcholic beverage bar category brand, shows a high volume

of visitors in the 5-20 minute dwell time interval in the right side of Figure 9. Compared

with McDonald’s, more people spent longer time (more than 20 minutes) in Starbucks in

the early two weeks. Though the early period indicates a higher count of visitors, there is a

tremendous decrease during the later two weeks. Similarly as I mentioned before, New

York City shows the largest difference in visitors in the two time periods.

The dwell time distribution for Target, a department store, is shown in Figure 10. For

Los Angeles and Houston, they both show very high visit counts for the 5-20 minute and

21-60 minute intervals and much lower counts for visits longer than 60 minutes. These

two cities show a similar trend in the later two-week periods. Although New York City

has a high number of visitors for the 5-20 minutes and 21-60 minutes intervals, it also has

a high number of visits that took place over 60 minutes. During the later period, New

York City has noticeably much lower visitor counts for all time intervals. This might be

related to the fact that New York City has the greatest number of COVID-19 cases in the

early two weeks (The New York Times, 2020). There was a serious concern of people not

purchasing enough goods and would lack supplies due to the pandemic. This might be

one reason why there were more visits in the longer time intervals for New York City in the

early period. People had fewer visits at Target in the later period, perhaps in preparation

of purchasing enough home-goods for storage and also because of the effectiveness of the

‘stay-at-home’ order. Besides, people are likely to shop faster than usual and rush through

the store during these visits to avoid their exposure to different parts of stores and different

customers. This may lead to the decrease in the store dwell time.
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(a) Los Angeles

(b) New York (c) Houston

Figure 10: The dwell time distribution for Target

Finally, as shown in Figure 11, I have a comparison of the grocery store brands Whole

Foods Market and Trader Joe’s. One finding is that in all three cities, there were more visits

in the March 9th - March 15th week than the earlier week in the 21-60 minutes dwell time.

This is also the week that COVID-19 was declared by WHO as a global pandemic (World

Health Organization, 2020). Therefore, the pandemic announcement and willingness to

stock up groceries may be an indicator to why people spent more time in grocery stores to

purchase food.
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(a) Los Angeles - Whole Foods Market (b) Los Angeles - Trader Joe’s

(c) New York - Whole Foods Market (d) New York - Trader Joe’s

(e) Houston - Whole Foods Market (f) Houston - Trader Joe’s

Figure 11: The dwell time distribution for Grocery Store Brands

4.3.2 Spatial flow distribution and travel distance changes

Using the collected mobile phone location data, I generated the origin-to-destination (OD)

flow maps from the visitor’s home Census Block Groups to each store location and compare
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the visit variations from the spatial point of view. Figure 12 displays maps for each of the

three cities in this study showing visit frequencies from home Census Block Groups and

two Whole Food Market stores in the two time periods. During the early two-week period,

the flow maps reveal high frequency in various distances between Whole Foods Market

store location and the visitor’s home Census Block Group. There are also a few trips with

frequency higher than 12 times in the early period. Most of the high-frequency trips are

within relatively close proximity to the store and there are also many long-distance visits

with low frequency (darker colors) on the map.

For the latter two weeks, the maps reveal there being a lower frequency in visits. This

is indicated by the overall colors on the map appear darker because some high-frequency

visits represented by the light colors disappeared. For instance, during the lockdown orders,

cities across the country have advised the public to avoid using public transportation as

much as possible (Tirachini and Cats, 2020). For Houston, however, some long-distance

trips have lighter colors in the later period (e.g., the two lines in the southeastern corner

in Figure 12(f)), meaning that some people still travelled long distances to visit Whole

Foods Markets more often than in the earlier two weeks. This could be due to Whole Foods

Markets having popular products that cannot be found at other grocery stores. For those

remaining visits, visitor’s home Census Block Groups were generally closer to Whole Foods

Market compared with the early period. So with the lockdown orders, in addition to the

reduction in the number of visits to Whole Foods Market stores, there is also reduction in

long-distance trips to visit such stores based on the flow maps. Similar findings have also

been identified by other human mobility change research in the U.S. during the COVID-19

pandemic, proving that the lockdown policies have made the short-distance trips gain a

higher percentage than before (Gao et al., 2020b; Aloi et al., 2020; The National Academies

of Sciences, Engineering, and Medicine, 2020).
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(a) Los Angeles - Early 2 Weeks (b) Los Angeles - Later 2 Weeks

(c) New York City - Early 2 Weeks (d) New York City - Later 2 Weeks

(e) Houston - Early 2 Weeks (f) Houston - Later 2 Weeks

Figure 12: Frequency of Visits from home Census Block Groups to Whole Foods Markets
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Besides the flow maps, for each store of each brand, I compute the median travel distance

from all the visitors to that store in each week. Figures 13, 14, 15 show the box plots of

the median distance distribution for all the stores of each study brand in the three cities.

For the box plot, it has a box that represents the interquartile ranges (IQR) of the data

(from Q1: 25 percentile to Q3: 75 percentile) with a orange line at the median (Hunter

et al., 2020). The two whiskers show the upper and lower range of the data, the upper

whisker is defined asQ3 + 1.5 ∗ IQR and the lower whisker equals toQ1 − 1.5 ∗ IQR in the

plot (Hunter et al., 2020). All data points beyond the whiskers are treated as outliers and

excluded from the analysis.

For Los Angeles (Figure 13), in general, both the range between whiskers and the IQR

of McDonald’s, Target and Trader Joe’s have a trend of moving down, meaning that most of

the travel distances became shorter from the early period to the later period. Starbucks does

not have a very obvious range change between the two time periods but it has a smaller

median value in the later period, indicating that most trips to Starbucks have become

shorter. Whole Foods Market actually shows a higher value for the bottom whisker in the

later period, meaning that it has fewer low values. This result might be affected by the lack

of enough data for Whole Foods Market stores, as shown in Table 6, there are only 5 Whole

Foods Market stores in Los Angeles in the dataset. So the change of travel distance to one

store can easily affect the overall distribution of data.

Figure 14 shows the boxplots for New York. When I compare the distribution changes

over the study periods, all brands show a trend of moving down to smaller data ranges in

the later weeks. Target has the most significant change: the range between two whiskers as

well as the range of interquartile both shrank greatly in the later weeks. For Trader Joe’s,

its median travel distance dropped sharply, showing that though the range of the distance

only changed slightly, there are much more shorter-distance visits to this brand in the later

weeks compared with the early period.



43

(a) McDonald’s (b) Starbucks

(c) Target (d) Trader Joe’s (e) Whole Foods Market

Figure 13: The median travel distance (in meters) distribution for stores in Los Angeles
(outliers removed)

(a) McDonald’s (b) Starbucks

(c) Target (d) Trader Joe’s (e) Whole Foods Market

Figure 14: The median travel distance (in meters) distribution for stores in New York

For Houston, most of the brands in Figure 15 show the trend of having shorter travel

distances as well as smaller data ranges in the later weeks compared with the early weeks.

McDonald’s and Starbucks both have fewer long travel distances as the upper whisker

become much smaller in the later period. One noticeable difference is for Trader Joe’s:
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it actually has a larger median value in the later weeks based on the data, which is the

opposite of all other brands.

(a) McDonald’s (b) Starbucks

(c) Target (d) Trader Joe’s (e) Whole Foods Market

Figure 15: The median travel distance (in meters) distribution for stores in Houston

4.3.3 Visit pattern analysis using the T-Huff model

Given that the observed visit data are about 10% representative samples of the mobile

devices in the U.S. 4, I further built the T-Huff model for each brand in each city during each

time period to understand the overall spatial interaction patterns, which are important

for location business insights as it is very hard to track all the customers across all the

neighborhoods in the cities. A set of optimal α, β parameter values for the T-Huff model

are obtained through the optimization. Table 11 shows the optimization results for Los

Angeles. In general, the optimal correlations obtained are very high and most of them are

higher than 0.99, meaning that the predicted visiting probability is strongly related to the

actual probability.

Comparing the results for each brand specifically, the parameter α controls the weight

of the attractiveness in the model and the parameter β controls the impact of distance.
4https://www.safegraph.com/blog/what-about-bias-in-the-safegraph-dataset
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Similarly as mentioned in Section 4.2.3, a larger β means that distance plays a more im-

portant role when people take this trip. As the distance is the denominator in the visiting

probability calculation (Equation 2), a higher β indicates that people are less likely to

visit a store that is far away from their home location (Liu et al., 2014; Liang et al., 2020).

Therefore, when I compare the β values across brands, I may be able to discover people’s

visit preferences for long-distance trips to different brands in different time periods.

When looking at each row and compare the two β values for each brand in Table 11,

Starbucks, Target and Trader Joe’s has increased β values in the later two weeks, meaning

that Los Angeles residents became less willing to travel longer distances to visit those three

brands after the lockdown. For McDonald’s and Whole Food Market, they have lower

β values in the later weeks. When looking back at Figure 13, for Whole Foods Market it

indeed has a higher value for its lower whisker in the later periods, showing that lost short

travel distances for this brand. This makes the weight of longer-distance trips higher in

the data in the later period and might lead to the decreased β value from the optimization

result.

Table 11: The optimization result using T-Huff model for Log Angeles

location name early two weeks later two weeks
alpha beta correlation alpha beta correlation

McDonald’s 0.0087 0.1746 0.9969 0.0304 0.0984 0.9939
Starbucks 0.0040 0.0375 0.9958 0.0001 0.0810 0.9958

Target 0.0053 0.0913 0.9955 0.0310 0.1110 0.9922
Trader Joe’s 0.0110 0.0651 0.9992 0.0866 0.1017 0.9932

Whole Foods Market 0.0120 0.1277 0.9933 0.0007 0.0937 0.9302

Table 12 shows the optimization results for New York. By comparing two β values,

McDonald’s, Target and Whole Foods Market have increased β values, meaning that

distance has a greater negative impact when people visited those brands. Starbucks and

Trader Joe’s have decreased β values in the latter two weeks. In Figure 14, Starbucks and

Trader Joe’s are the two brands with the slightest data range changes over the two periods.

The visit pattern to those two brands in New York over the study periods may not have
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changed very significantly.

Table 12: The optimization result using T-Huff model for New York

location name early two weeks later two weeks
alpha beta correlation alpha beta correlation

McDonald’s 0.0153 0.084 0.9968 0.036 0.092 0.9877
Starbucks 0.0029 0.1336 0.9962 0.0259 0.0797 0.9929

Target 0.0331 0.0898 0.9963 0.0036 0.0976 0.9947
Trader Joe’s 0.001 0.0685 0.997 0.1051 0.0177 0.9944

Whole Foods Market 0.0209 0.0549 0.9948 0.0239 0.0803 0.996

Table 13 provides the optimization results for Houston. For McDonald’s and Target,

they both have higher β values for the later weeks, showing that distance become more

important to consider when visiting those two brands after the lockdown. For all other

three brands, their β values dropped dramatically into less than 0.1 in the later weeks.

One reason about this might be that the later period has fewer data and the optimization

does not perform well with smaller data size. As Los Angeles and New York have much

more positive cases for COVID-19 over the study periods compared with Houston, it is

also possible that people in Houston did not have consistent visit patterns in response to

COVID-19 in comparison with people in Los Angeles and New York.

Table 13: The optimization result using T-Huff model for Houston

location name early two weeks later two weeks
alpha beta correlation alpha beta correlation

McDonald’s 0.0053 0.0103 0.9978 0.0077 0.0503 0.9985
Starbucks 0.0066 0.1891 0.997 0.0088 0.0678 0.9958

Target 0.0025 0.2929 0.9975 0.0147 0.3333 0.9975
Trader Joe’s 0.0008 0.2855 0.9987 0.0274 0.0351 0.9916

Whole Foods Market 0.0047 0.3047 0.9988 0.0052 0.0036 0.9931

4.3.4 Discussion about the COVID-19 case study

After I combined the results for all three cities, I found that Target, which is defined as

a department store, has increased β values in the latter two weeks for all cities. This

consistent result indicates that people are less likely to travel long distance for visiting this
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brand during the lockdown period. This corresponds to the lockdown orders that were

issued to limit people’s travels only to the essential ones. As Target is a department store,

with some Target stores carrying a Grocery department, many of the usual household

items (e.g., bathroom items) found in Target stores can be found in nearby other grocery

stores decreasing the need for individuals to travel long distances to Target. Also, many

households go to Target occasionally and not shop there on a daily or weekly basis. So it is

entirely possible that people would have shopped in greater quantity when the pandemic

started in the early period not necessitating trips in the short-run. In this case, people

may still visit nearby grocery stores as before, but they might show less interest to visit

department stores such as Target. Here, the mobile phone location big data is used to show

such evidences.

McDonald’s and Starbucks do not have a consistent trend of the β value changes over

time, likely because there are usually more of these two brands in communities compared

with the department stores and grocery stores. They do not require large spaces like

department or large grocery stores and are designed to be located near people for easy

access and convenience. So the visits to them may be less affected by distance as the visits

are in relatively close proximity.

When I compared the overall β values for three cities, New York City has the lowest β

value on average. If I only compare the β values for Target, Trader Joe’s and Whole Foods

Market (which are stores easier to be affected by distance than McDonald’s and Starbucks)

in the two periods, out of the 6 β values New York City has the lowest β value for 4 times.

A lower β indicates that distance has a weaker negative impact on the travel behavior and

people are less likely prevented by the long distance between them and the stores (Liang

et al., 2020; Liu et al., 2014). This is consistent with what I found from the T-Huff model

calibration result in Section 4.2.3. Here I include more detailed discussion about the impact

of city characteristics on citizens’ travel behaviors.

New York is reported as the most compact and connected metropolitan area in the U.S.
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(Smart Growth America, 2014). Smart Growth America (2014) rated 221 metropolitan

areas for urban sprawl and their measures included several criteria. In this rating, while

New York is at the top, Los Angeles metropolitan area appears as 21st for most compact

and connected, due to high population densities and proximity of jobs to housing. Houston

metropolitan area, on the other hand, appears as 182nd in this index, so among the most

sprawled metropolitan areas. In fact, New Yok City is considered at the top of automobile-

independent U.S. cities due to its residential density, its urban fabric with mixed use

development, and its well-developed public transit system (Rundle et al., 2007; Newman

and Kenworthy, 2015). It has been found that the sensitivity to distance also vary in

different cities based on different transportation modes the city has (Pun-Cheng, 2016;

Liang et al., 2020). Though the general feeling is that the cost of a trip is proportional to the

distance, it may not be the case when people are taking public transportation, where the

cost can be similar for different lengths of trips (Pun-Cheng, 2016). Therefore, residents in

New York City may be more willing to travel a little further (Pun-Cheng, 2016) than other

two cities due to its mature public transportation system. This might be one of the reasons

why New York City always has lower β values.

However, due to health concerns and the lockdown policy, people may have limited

access to or have decreased their use of public transportation. One study in Spain found

that the public transport users have a greater decrease in use compared to private car users

after the confinement measures imposed (Wang et al., 2020; Aloi et al., 2020). For New

York City, the traffic is estimated to drop about 35% during the pandemic compared to the

same period in 2019 (Aloi et al., 2020). However, based on the β values I found, people in

New York City are still more likely to travel a longer distance to visit the same store than

the other cities, meaning that people’s visit preferences may remain the same despite the

effects of the pandemic.
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4.4 Neighborhood visit analysis

Using the Multiple Linear Regression analysis, I analyzed how the visits from a Census

Block Group community to a store are related to the characteristics of that community.

Furthermore, similar analyses were taken to understand how the visit changes under the

lockdown policies during COVID-19 are affected by such characteristics.

4.4.1 Visit comparison across brands and cities

Table 14 shows the MLR coefficients of the variables estimated from the ordinary-least-

squares approach and their statistical significance for explaining the overall variability of

the visit probability to three brands’ stores (i.e., Whole Foods, Trader Joe’s and Ross Stores)

across the ten cities. The experiments demonstrate that the store attractiveness measured by

the total visit counts (attractiveness) and the median household income are significant positive

factors that drive the visits from Census Block Groups to the stores of all three brands. The

distance plays a significant negative role for both Whole Foods and Ross Stores but not for

Trader Joe’s. The race and ethnicity diversity (entropy measure) has a significant positive

influence for the Ross and Trader Joe’ s store visits. The median age of people in Census

Block Groups seems not to play a significant role except for Ross Stores where all factors

are significant.

Furthermore, I investigate whether the customer visit patterns to the three brands

and the performance of influential factors are different across these U.S. cities. Table 15

shows the R-squared values for the three brands’ store visits in the MLR models. Overall

the regression models perform better in Supermarkets and Grocery (Trader Joe’s mean

R-squared 0.279 and Whole Foods’ mean R-squared 0.235) than in Department Stores

(Ross stores’ mean R-squared 0.161). However, there exists large regional variability of the

MLR model performance in explaining the store visit patterns. The standard deviation of

R-squared for Trader Joe’s (0.164) is the largest among three brands. The regression model

has a higher goodness of fit for the Trader Joe’s stores in Phoenix, San Diego, and New York
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(with all larger than 0.4 R-squared respectively) but it has a very low R-squared value in

Dallas (0.07). Given the large size and socioeconomic complexity of these most populated

cities, there might exist other indicative features that I need to further investigate in the

future.

Table 14: The regression coefficients of influential variables for explaining the total visit
variability to three brands’ stores.

Whole Foods Trader Joe’s Ross Stores
Coefficients Sig. Coefficients Sig. Coefficients Sig.

Intercept 3.399e+01 0.0016 ** 1.135e+00 0.9341 1.867e+01 1.73e-06 ***
Total visit counts 1.323e-03 0.0451 * 4.112e-03 0.0007 *** 3.980e-03 <2e-16 ***

Distance -9.218e-01 1.76e-07 *** -1.436e-02 0.2943 -5.551e-01 <2e-16 ***
Total population 8.147e-04 0.0592 . 3.739e-03 7.31e-06 *** 4.132e-03 <2e-16 ***

Median household income 1.431e-04 7.37e-07 *** 1.411e-04 0.0001 *** 4.369e-05 0.0423 *
Median age -2.488e-01 0.1609 -2.579e-01 0.27144 -3.155e-01 0.0014 **

Entropy -6.418e-01 0.8994 1.567e+01 0.0168 * 7.337e+00 0.0002 ***
Significance level (p-value): 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1

Table 15: The R-squared for the regression models of three brands across the most populated
US cities.

City Whole Foods Trader Joe’s Ross Stores
Los Angeles 0.265 0.168 0.242

Houston 0.096 0.119 0.101
Chicago 0.131 0.391 0.089

Philadelphia 0.289 0.187 0.101
New York 0.293 0.431 NA

San Antonio 0.381 0.202 0.126
Dallas 0.272 0.070 0.203

San Diego 0.240 0.436 0.224
San Jose 0.165 0.222 0.205
Phoenix 0.222 0.567 0.160

R-squared Mean 0.235 0.279 0.161
R-squared Std. 0.085 0.164 0.059

‘NA’: no data available

4.4.2 Visit change analysis under COVID-19

McDonald’s was selected as an example for the COVID-19 case study and Table 16 shows

the results in three cities for McDonald’s. For Los Angeles and New York, total population

of a Census Block Group has a significant negative impact on the change ratio, meaning
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that with an increase of total population, there are decreases in the ratio, which indicates

fewer visits in the later periods. For Los Angeles, based on the result, an increase of 1000 in

the total population leads to an decrease of 0.05511 in the visit ratio. Other factors including

total visit counts and distance are both significant factors in determining the change ratio

for Houston. For all three cities, total population,median age and bachelor ratio have negative

coefficients. For example, in New York, an increase of 0.1 in bachelor ratio would lead to

an decrease of 0.0505 in the visit ratio. The three variables with negative coefficients can be

interpreted as in areas with higher population, higher median age and higher education

level (larger ratio of people with a bachelor degree or higher), people show a larger drop

in visits in the post-lockdown period. The similar findings have also been discovered by

some studies showing that the education and income level may affect people’s response to

the lockdown policies (Brzezinski et al., 2020). However, due to the short period of the

data, many factors don’t show significant impacts on the visit change ratio and this is one

limitation about this MLR analysis.

Table 16: The regression coefficients of influential variables for explaining the visit change
ratio to Starbucks

Los Angeles New York Houston
Coefficients Sig. Coefficients Sig. Coefficients Sig.

Intercept 1.089E+00 3.53E-12 *** 1.369E+00 2.00E-08 *** 1.073E+00 2E-16 ***
Total visit counts 1.207E-04 0.3392 -2.911E-05 0.8601 -1.967E-04 0.00174 **

Distance 4.335E-03 0.3601 4.661E-03 0.7018 4.083E-03 0.00416 **
Total population -5.511E-05 0.0404 * -2.780E-04 2.62E-07 *** -1.352E-06 0.62121

Median household income 6.791E-07 0.6565 3.204E-06 0.0655 . -8.479E-07 0.1226
Median age -5.402E-04 0.8893 -3.786E-03 0.38 -2.052E-04 0.91531

Entropy -1.149E-01 0.1425 2.178E-01 0.0572 . -1.379E-02 0.71044
Bachelor ratio -5.307E-03 0.9791 -5.053E-01 0.056 . 1.706E-02 0.85988

Significance level (p-value): 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1
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5 Conclusion and Future Work

5.1 Conclusion and Implications

In this research, I present a new time-aware dynamic Huff model (T-Huff) that incorporates

the hourly temporal variability of store visits to delineate the dynamic trade areas for

different types of business POIs. To calibrate the model parameters, I apply the PSO

technique with hourly POI visit probability derived from a large-scale mobile phone

location data set across ten most populated U.S. cities. I further examined the impact of

lockdown policies on visit patterns changes to different types of chain stores during the

COVID-19 pandemic. To answer the three research questions that I posed at the beginning

of this research:

RQ 1: The calibrated dynamic Huff model (T-Huff) is more accurate than the original

static Huff model without temporal variation consideration in predicting the market share

of different types of business (e.g., supermarkets vs. department stores) over time.

RQ 2: There are significant visit changes to five major chain-store brands in response

to the lockdown policies in three U.S. cities (Los Angeles, New York and Houston). By

applying a time-aware Huff model, I further examined different visit pattern changes to

different types of stores. People in general reduced longer distance trips and became less

willing to travel longer to some stores such as Whole Foods or Trader Joe’s in different

cities. Target, which is a department store, is found to always have increased β values in

the latter two weeks using the T-Huff model, meaning that longer-distance trips had a

greater negative impact when visiting this brand for customers after the lockdown.

RQ 3: The spatial proximity, demographic and socioeconomic factors (e.g., median

household income) have significant impacts on the customer choice of particular store

visits. There exists regional variability for store visit patterns across different cities with

varying calibrated Huff model parameters and different goodness of fit values in MLR

models.
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In sum, the inclusion of the temporal information into the traditional Huff model

provides a more comprehensive representation of modeling human movements. The

presented time-aware dynamic Huff models and the analytical workflow using location

big data can be applied for other categories of business stores for location-based marketing

and dynamic trade area analyses.

One limitation of the current analysis is the lack of the street-network distance, the public

transportation information (routes, stops) and centrality measures that may influence the

spatial distribution of business stores (Porta et al., 2009). The locations of the stores affect

the accessibility to them by different transport modes. Some stores may not be easily

accessed by public transit and this can affect people’s willingness to visit those stores. In

addition, the travel time and traffic congestion contexts for certain routes to store visits

in human’s minds may also impact their accessibility and decision makings (Stanley and

Sewall, 1976; McKenzie, 2014; Su et al., 2017; Wang et al., 2018).

The results of this study may also provide suggestions for policy making related to

public health. For example, the predicted temporal visit probabilities to different stores

can be used to advise customers on finding a suitable time for shopping to avoid the

crowds during the peaking visit hours. In addition, analyzing how the store visit pattern

has changed can help understand the effectiveness of the lockdown policies and provide

insights for decision-making when governments are considering adjusting the orders and

preparing for reopening.

Furthermore, as what has been found in Section 4.4.2, people’s responses to the lock-

down policies are related to their socioeconomic characteristics. From the result in this

study, areas with higher education level tends to respond more strongly by reducing their

visits to stores more significantly. If more information can be included and more analyses

can be conducted, it may also help further understand the impacts of the lockdown policies

in different communities and help adjust the policies to encourage the less responsive

groups better follow the policies. A segregation effect was also found by Bonaccorsi et al.
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(2020) that the mobility contraction is stronger in areas where inequality is higher. A

more comprehensive understanding about how individuals have been impacted, why

they responded differently and who are the most fragile individuals under the lockdowns

requires further research.

5.2 Future Directions

More future work that can be explored by expanding the scope of this study.

Temporal mobility pattern analysis: It is worth studying how individuals’ movements

have changed with long-term periods. I only picked two time periods for the COVID-19

study, one being at the beginning of the pandemic and the other soon after lockdowns were

announced. However, it would be critical to investigate how mobility was adjusted under

different policies as the states started reopening. Including longer investigation periods

could help examine the influence of different policies as well as “behavioral fatigue", the

phenomenon that people have become tired of staying at home and less self-regulating

in the latter period of lockdowns (Sibony, 2020; Brodeur et al., 2020; Zhang et al., 2020).

The findings of this study may also be applied to help businesses plan for reopening. The

T-Huff model can help predict the visiting probability at each time slot. Therefore, it can

provide temporal information to stores that are considering opening the store part-time to

select the most appropriate hours for reopening.

Location-based competition analysis: The T-Huff model can also be extended to under-

stand the relationship among multiple competitor stores. As the goal of many businesses

is to expand their trade areas and attract more customers to increase their revenue, being

able to predict the trade area and visiting probability to stores can help estimate how much

revenue they may obtain. This can also be further applied for the optimal site selection

and location-based competition analysis when businesses look for locations to open new

stores. A few studies focused on discovering the co-location patterns among businesses to

understand the business location choice, and they found that while some types of brands
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tend to cluster together (e.g., restaurants), some other brands show de-clustering patterns

to avoid competition (Chiu et al., 2018; Huang et al., 2004). The T-Huff model can include

both spatial and temporal information to estimate store visits, and those are important

factors to consider for evaluating competition among brands. I may also combine some

machine learning or deep learning methods to help discover potential competition patterns.

Shopping behavior analysis: With the improvement of data collection techniques, I

may have access to store visit data or shopping trajectory at the individual level. The

availability of the fine-granular data provides the possibility for discovering the shopping

behaviors inside large shopping malls. Due to the limitation of location data, the study

area would usually be a low-story building. Many studies analyzed the indoor shopping

behavior using the data collected from mobile phones, WiFi, Bluetooth, Radio-frequency

identification (RFID) or the surveillance system (Popa et al., 2010; Yaeli et al., 2014). With

the support of individual data, much information can be extracted including how much

time customers spend in different stores of the shopping mall, and which routes they take

to go around the building. Furthermore, I can relate the shopping behaviors with the

socioeconomic characteristics of the customers to provide detailed analyses about their

shopping behaviors.
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