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Abstract

This study examines positive and negative sentiments associated with parking experiences reported in online Yelp reviews
for four metropolitan areas in North America, leveraging large location-based social network (LBSN) data to understand
parking sentiment as a measure of parking search or post-parking experiences. Demand from travelers and business owners
for more parking is a significant issue for local transportation planners and decision-makers, but to date, there has been lit-
tle study of how local parking management strategies or built environment characteristics modify parking experiences and
sentiments. To understand this relationship, we first conduct a sentiment analysis (SA) to identify the emotional, affective
content of parking-related reviews embedded in the Yelp reviews. We then use generalized mixed effects (GLME) models
to examine the associations between parking sentiment and (a) parking management practices, and (b) characteristics of the
built environment. The SA results show that positive and negative parking sentiments are significantly spatially clustered
in each metropolitan area. GLME models show that sentiments are significantly associated with destination activity types,
parking management strategies, and several built environment factors. The results of this study indicate how different inter-
ventions advocated by transportation policies may influence perceptions of parking in commercial and mixed-use districts
with implications for overall support for neighborhood transportation planning best practice. Furthermore, the findings
represent that emerging data mining and statistical methods can successfully leverage big data to reveal travel experiences
and their relationship to urban contexts, providing an effective solution to obtaining experiential transportation information.
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Introduction and demand for additional parking supplies. INRIX reports

that sixty-one percent of US respondents reported feeling

Transportation planners acknowledge the complex relation-
ship between parking and issues, such as traffic congestion,
mode choice, economic activity, and development patterns.
They understand that simply providing more parking can be
counterproductive, and searching for parking in commercial
and mixed-use areas can waste fuel, contribute to traffic con-
gestion, and overload local parking supplies and spill into
adjacent neighborhoods (Shoup 2006, 2011). While planners
seek to manage urban parking, driver perceptions of parking
availability are a critical component of the choice to park
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stressed looking for parking, and sixty-three percent stated
that they avoid destinations because of expected difficulty
finding parking (INRIX 2017). Furthermore, customer per-
ceptions of parking availability are a serious concern for
business owners, who frequently see driving as the primary
means of access to their establishments (Bureau of Transpor-
tation Statistics 2018). Collectively, driver sentiments and
their effects on business owners can place serious pressure
on local planners and political leaders to provide more park-
ing. However, contemporary planning best practice encour-
ages planners to manage access to commercial and mixed-
use destinations by providing shared or priced parking and
by designing built environments amenable to alternative
modes. Given this tension, a better understanding of driver
attitudes and perceptions towards parking may inform plan-
ners seeking to foster multimodal, sustainable transportation
and urbanization.
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In this study, we examine whether parking supply and the
built environment modify parking sentiment. In particular,
we investigate how parking sentiment is associated with the
provision of parking and built environment characteristics,
using content from Yelp online reviews, a large location-
based social network (LBSN) dataset, for four metropolitan
areas in North America. We use text mining and statisti-
cal methods to understand parking experiences and their
relationship to urban/suburban contexts, as related in social
media content. An ever-increasing part of the population
makes use of social media, writing “tips” and “reviews”
when having visited a destination. LBSNs have become an
important means for acquiring experiential data and travel
information that can be analyzed to understand travel behav-
ior and transportation systems (Kambele et al. 2015; Sekar
et al. 2017). LBSNs can reflect aspects of daily travel, such
as information search, decision-making, and post-travel
evaluation that are not typically addressed by travel surveys
(Mondschein 2015).

We review relevant literature, focusing on transporta-
tion research using social media, and research examining
the relationship between vehicle parking and the built envi-
ronment. We then introduce our data, Yelp online reviews
with parking content for non-work activities in four North
American metropolitan areas. With sentiment analysis, the
subjective experience of parking can be measured and ana-
lyzed at fine geographic scales across multiple metropoli-
tan areas. The analysis proceeds through three stages: (a)
extracting parking sentiment by business from Yelp reviews;
(b) assessing the relationship between parking sentiment
and parking management practices; and (c) assessing the
relationship between parking sentiment and the built envi-
ronment. Using spatial analysis and mixed effects models,
significant relationships are found between parking senti-
ment, parking management, and several built environment
factors. The results, linked to local geographies, serve as
powerful indicators of how parking supply and built envi-
ronment factors are associated with traveler experiences and
sentiments. Findings show that parking management and
built environment factors have significant effects on traveler
perceptions of their parking experience. Methodologically,
emerging data mining and statistical methods can success-
fully leverage big data to reveal travel experiences and their
relationship to urban contexts, providing an effective solu-
tion to obtaining experiential transportation information.
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Literature Review

Relationships Among Parking Choices, Facilities,
and the Built Environment

The provision of parking has become an important com-
ponent of suburban and even urban accessibility (Manville
and Shoup 2005), and parking availability can significantly
affect the probability of choosing automobile travel mode
option (Pandhe and March 2012). North American cities
have long included parking requirements for new urban
development, but particularly in older areas, widespread
automobility combined with relatively dense development
has resulted in parking shortages, as perceived by drivers
(Shoup 2011). Today, as planners seek to facilitate multi-
modal, transit-oriented development in both cities and sub-
urbs, parking is again being limited in many commercial
and mixed-use areas (Dittmar and Ohland 2012).

Rather than build more parking, transportation plan-
ners use both pricing and built environment strategies
for reducing parking demand and encouraging mode
shift from driving to more sustainable travel modes. For
instance, charging for parking has become a widely used
approach to managing parking demand (Millard-Ball et al.
2014). Pricing is an important mechanism for controlling
automobile use because (a) people are sensitive to parking
cost, as well as parking search and walk times in choosing
destinations and mode, and (b) parking supply and price
are at least partially controllable through policy levers,
such as zoning, regulation, and taxation (Inci 2015). At
the same time, planners and designers consider built envi-
ronment factors to be important mechanisms for encour-
aging mode shift. Elements, such as the “5D’s”: density,
diversity, distance to transit, destination access, and design
(Ewing and Cervero 2001, 2010), can reduce reliance on
cars and parking, and to increase non-motorized modes’
attractiveness. For example, Christiansen et al. (2017)
found that higher density around destinations is associ-
ated with lower likelihood of using the car, and the odds
also decrease when the end destination is closer to the city
centre. Stevens (2017) also found that compact develop-
ment does make people drive less, even though the impact
on reduction of vehicle miles traveled (VMT) appears to
be small in magnitude.

Pricing and built environment-based parking demand
management follow a microeconomic framework, modi-
fying relative costs of driving and other modes (Marsden
2006; Weinberger et al. 2010). However, attitudes and
affective states also influence transportation decision-mak-
ing (Griffioen-Young et al. 2004). The Theory of Planned
Behaviour (Ajzen 1991) and the Theory of Reasoned
Action (Fishbein and Ajzen 1975) posit that a positive
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attitude leads to the formation of a greater behavioral
intention (motivation), which is more likely in turn pro-
duce the behavior (Verplanken and Aarts 1999). Parkany
et al. (2004) reviewed literature in social psychology and
transportation and found that attitudes are very important
in travel mode choice. Parking behavior may be deter-
mined by attitudes and intentions. For example, Bamberg
et al. (1999) found that attitudinal factors toward parking
fees, parking space availability, and gas tax rises affect
travel mode. The decision of whether and where to park is
based on perceived impedances as well as affective quali-
ties of travel, such as the stress of finding parking (INRIX
2017). In previous research, we found that parking supply
has a limited relationship with parking sentiment but that
the way parking is provided, such as in shared lots, may
affect sentiment (Mondschein et al. 2020b).

For transportation planners, an equally important rela-
tionship is that between transportation experiences and atti-
tudes towards specific planning interventions. Support for
road building, for example, is associated with more driv-
ing (Borjesson et al. 2015) and increasing regional conges-
tion (Rose 1990). Parking management strategies, such as
pricing and parking maximums, also elicit public, political
responses that can make or break a plan or policy (King
et al. 2007; Mondschein et al. 2020b). Therefore, a better
understanding of the relationships between positive and
negative attitudes towards parking and factors, such as park-
ing management strategies and built environment charac-
teristics, may inform planners seeking to foster multimodal,
sustainable transportation and urbanization as well as help
shed light not just on the behavioral effects of those strate-
gies but their political feasibility. In addition, this approach
can identify general best practices for parking management
strategies and built environment approaches, as well as local
variations in sentiment that can be used to identify specific
issues or unexplained areas of positive or negative parking
experiences.

Transportation Research Using Location-Based
Social Network Data

In recent years, large LBSN datasets, such as Yelp, Twitter,
Tripadvisor, and Facebook, have expanded rapidly, attracting
an increasing number of users, who often use these services
to help make destinations and route choices for travel (Evans
and Saker 2017). With text mining methods, transportation
researchers are able to extract travel information from online
text reviews and connect it with specific locations (Sekar
et al. 2017), investigate travel mode choice to non-work
destinations (Jiang and Mondschein 2019), and use travel-
related reviews to implement a planning decision support
system (Zhou et al. 2017). These data have the potential
to address documented limitations with traditional travel

surveys: declining sample sizes (Stopher and Greaves 2007),
under-reporting of trips (Forrest and Pearson 2005), impre-
cision or absence of locations and times (Arribas-Bel and
Bakens 2019; Stopher et al. 2005), and infrequently updated
content (Chen et al. 2010). Compared to traditional survey
data, textual analysis methodologies can provide distinctive
insights from LBSNs and supplement existing travel analy-
sis, as well as allow investigation of variability in travel atti-
tudes linked with destinations across neighborhoods, cities
and countries, at high volume and spatial precision (Sekar
et al. 2017).

Sentiment analysis (SA) estimates people’s opinions, atti-
tudes, and emotions from written language. SA is a compo-
nent of natural language processing (NLP) and is also widely
utilized in text mining and machine learning (Liu 2012). The
development of SA methods has allowed LBSN sentiment
mining to estimate attitudes in geographic contexts. Specifi-
cally, with the help of improved NLP techniques (Aggarwal
and Zhai 2012), the text extracted from LBSNs can be ana-
lyzed to identify the emotional content of behaviors in urban
environments (Roberts et al. 2019). However, the analysis
of sentiment for “big” textual data is challenging due to the
fact that human interpretation of each observation would
be too time-consuming to be useful. This challenge can be
addressed by means of automated SA techniques focusing
on determining the polarity—positive or negative—of natu-
ral language text. Among these techniques, lexicon-based
SA methods for classifying the polarity of texts have gained
attention in recent work and their performance has been
shown to be robust across domains and texts (Ding et al.
2008; Taboada et al. 2011).

In addition, a majority of SA literature primarily focuses
on broad geographic scales, such as cities or regions. For
example, Caragea et al. (2014) performed sentiment classi-
fication of user posts in Twitter during the Hurricane Sandy
and visualized these sentiments at global and regional scale.
Mitchell et al. (2013) investigate correlations between indi-
viduals’ posts and a wide range of emotional, geographic,
demographic, and health characteristics using geo-tagged
Twitter data. However, these prior analyses lack more geo-
graphically specific analysis of factors that may affect travel
attitudes and behavior. In this study, we include geographi-
cally fine-scaled transportation and built environment data
to investigate the localized relationships between parking
sentiments at non-work businesses and transportation and
land use factors.

Characteristics of Yelp Data
Yelp is an LBSN where reviewers rate “businesses,”

including a variety of destination types, and contrib-
ute long-form text reviews so that users can make more
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informed non-work activity choices. The online text of
Yelp reviews contains relatively rich information about the
travel experiences of a variety of travel modes (Jiang and
Mondschein 2019; Mjahed et al. 2017; Mondschein 2015).
We use the 2018 release of the Yelp Academic Dataset
(Yelp 2018b), which provides full-text reviews (4,326,942
reviews) and the precise latitude and longitude of each
reviewed business in selected cities in North America and
Europe. Each review is timestamped in terms of when the
review as submitted (not when the activity took place).
Besides the spatial location and timestamp information,
each business in the Yelp dataset is originally categorized
using a multi-label classification approach (Tung 2015)
with nearly 1000 categories (Yelp 2018a). We reclassify
these categories into Yelp’s reported “10 big categories,”
which are Active Life, Arts, Automotive, Health, Hotels
& Travel, Nightlife, Other, Restaurants, Service, and
Shopping, transforming each business from multi-label
to single-label using an identification algorithm to match
the business within the 10 big categories. Because each
business in the raw dataset includes multiple category
labels with the first being the main category, the algorithm
selects the first label from the raw dataset and assigns a
single category to the business (Jiang and Mondschein
2019).

In addition to aggregated review information, most busi-
nesses have associated parking attributes, a set of binary
categories (True/False) indicating the availability of five
parking attributes at each business, such as “parking garage,”
“parking lot,” “street parking,” “parking valet,” or “validated
parking.” The parking attributes provide a means of ground-
truthing the type of parking supplied in different neighbor-
hoods across our study cities, though they do not indicate the
absolute quantity of parking supplied. In addition, they rep-
resent specific strategies used by businesses, business collec-
tives, such as business improvement districts, and planners
to more effectively manage parking supplies in commercial
and mixed-use districts.

One limitation of using social media data, such as Yelp, is
it lacks embedded demographic and socio-economic infor-
mation about each reviewer. For this analysis, our population
of interest is patrons of establishments in urban commercial
and mixed-use districts. While these patrons may not repre-
sent all urban residents, the sentiments of this self-selected
group are likely to have significant impacts on local park-
ing demand as well as local planning and decision-making.
Still, Yelp users themselves may not be representative of all
patrons of establishments in urban commercial and mixed-
use districts. Therefore, we use empirical methods, where
possible, to determine demographic characteristics from
available data to assess whether these factors are likely to
have a significant impact on our outcome variable. These
approaches, described here, include comparison of Yelp
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users to aggregate population data, imputation of demo-
graphic characteristics, and the use of proxies for demo-
graphic information.

First, we consider Yelp users in the aggregate relative to
the population as a whole. As of 2019, Yelp has an average
of over 36 million monthly unique users (Yelp 2019). Com-
paring the demographics of Yelp users from a Quantcast
survey (Quantcast 2017) to US Census (U.S. Census Bureau
2016) and Canada Statistics (Statistics Canada 2016) data on
the general population, Yelp users are more female (61% of
users) than US and Canada census respondents. Yelp users’
households are also slightly more educated and wealthier on
average than households in the US and Canada (Yelp 2019).

Given the aggregate differences between Yelp user demo-
graphics and the population as a whole, we assessed whether
a significant relationship may be observable between our
outcome variable of interest, parking sentiment, and spe-
cific demographic factors. Note that we describe the senti-
ment analysis methodology further in “Sentiment Analysis
of Parking Reviews in Yelp” section below. We considered
gender as a demographic characteristic of the Yelp users
that may influence parking sentiment, using a name-based
prediction method to predict the users’ gender using the
“username” variable for each review. This variable is the
username chosen by users when they register. Most of these
usernames (~90%) were a standard name word (the first
name), and we used the R package “gender” (Mullen 2020)
to predict each user’s gender based on their username. The
prediction of the gender package is based on first names
using historical datasets. After prediction, we found that
the percentage of the predicted female group was 55.6% (#
of count: 30,440) and the predicted male was 44.4% (# of
count: 24,307). 54,747 of 61,776 (89%) usernames were
used to conduct prediction. 7029 usernames were unpre-
dictable inputs, since they were a single letter or character
combinations that cannot be found as a name in the histori-
cal name datasets. Using the names with assignable male
or female genders, we linked the predicted gender informa-
tion with the parking reviews, and the Spearman correlation
analysis (Schober et al. 2018), a method that can measure
the association between the continuous data and ordinal
data, shows near-zero correlations between parking senti-
ment (values are from the SA results) and predicted gender
being male in all four focus cities (Charlotte: »=0.002; Las
Vegas: r=0.005; Phoenix: r=0.006; Toronto: r=0.008).
Thus, we do not find a significant correlation between the
parking sentiment and users’ gender groups.

To test whether a significant relationship may exist
between income and sentiment, we used the cost of restau-
rants (included in the Yelp dataset at 4 levels) as a proxy for
patron income, with the reasonable assumption that more
expensive restaurants will be patronized by higher income
Yelp reviewers, ceteris paribus. While restaurant price is
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a reasonable proxy for the income of its patrons, on aver-
age, this approach would still not reveal specific interac-
tions between individual income and restaurant price. The
Spearman correlation analysis shows near-zero correla-
tions between parking sentiment (values are from the SA
results) and restaurant cost in all four focus cities (Charlotte:
r=0.017; Las Vegas: r=0.026; Phoenix: r=0.028; Toronto:
r=0.043). Thus, we find no significant correlation found
between the parking sentiment and this proxy for income
levels.

While we were able utilize Yelp data to examine gender
and income associations with our outcome variable, other
demographic factors are more difficult to assign to reviewers.
For example, we sought approaches to investigate the race
and ethnicity of Yelp users. However, the Yelp dataset refers
only to users’ first (given) names. While a few R packages,
e.g., predictrace (Kaplan 2020), wru (Khanna 2020), can
use the last name (surname) to predict race or ethnicity, this
approach is not validated for first names. Similarly, we are
unable to determine reviewer age from available data. We
discuss how these limitations could affect interpretation of
the results in “Discussion and Conclusion”.

Finally, we also examined whether the parking sentiment
is correlated with overall review stars, given the concern
that parking sentiment and overall activity experience may
be correlated. Because we extract only the text segment that
specifically describes the parking experience (Mondschein
et al. 2020a), we expect that the parking sentiment should
be isolated to the parking experience itself. When we test
this association, the Spearman correlation analysis shows
near-zero correlations between parking sentiment (values
are from the SA results) and the review stars in all four focus
cities (Charlotte: r=0.009; Las Vegas: r=0.029; Phoenix:
r=0.015; Toronto: r=0.004).

Study Area and Research Questions

Geographically, we use a subset of the full dataset, focus-
ing on four North American cities: “Charlotte, North Caro-
lina” “Las Vegas, Nevada” and “Phoenix, Arizona” in the
US, and “Toronto, Ontario” in Canada. Each city requires
some amount of parking for commercial developments in
their zoning codes (Charlotte Planning, Design, & Devel-
opment Department 2017; City of Toronto Council 2018;
Clark County Department of Comprehensive Planning 2017;
Phoenix City Council 2015). As a variety of urban activi-
ties and the associated travels occur in big cities, there is an
increasing need to establish a highly functional and efficient
parking management solution that ensures resident satisfac-
tion and utilizes the existing parking facilities throughout
the city.

The top three business categories in these four cities, by
percent of all businesses in the Yelp dataset, are Restau-
rants, Service, and Shopping, with an average percentage
of 31%, 21%, and 17%, respectively.1 The combined num-
ber of reviews in the four cities is approximately 4.3 mil-
lion. Among all the reviews, about 46% of them were about
“Restaurants” category.” We examine the commercial and
mixed used districts of these four North American cities for
answering our key empirical research questions:

e How are positive or negative parking experiences associ-
ated with parking provision?

e How do business parking management strategies and
built environment characteristics shape parking senti-
ments?

The study proceeds in three stages. First, we conduct a
SA to (1) identify the emotional content of reviews referring
to parking and analyze the spatial distribution of parking
sentiments across the four cities. Then, using generalized
mixed-effect (GLME) models, we examine (2) the relation-
ship between parking sentiment and parking management
strategies, and (3) the relationship between parking senti-
ment and other factors in the built environment in downtown
Las Vegas, Nevada.

Sentiment Analysis of Parking Reviews
in Yelp

Yelp reviews frequently include transportation content
(Jiang and Mondschein 2019; Mjahed et al. 2017; Mond-
schein et al. 2020b). The average word count of a Yelp
review containing parking keywords from the four cities is
205 words, potentially including information of individual
users’ opinions and their parking experiences, or the reasons
why they choose or do not choose parking when they travel
to certain businesses. Examples from the dataset:

“The parking is free and easy. That is awesome.”
“Limited menu a hard place to find using GPS, parking
can be a little hectic too”.

' In terms of the variety of Yelp business types, we calculated the
percentage of each business category for all the businesses. The result
shows that the percentages of Active Life, Arts, Automotive, Health,
Hotels & Travel, Nightlife, Other, Restaurants, Service, and Shop-
ping are 2.45%, 3.03%, 5.38%, 7.25%, 2.86%, 8.65%, 1.58%, 30.52%,
20.92%, 17.36%. “Restaurants” category is the category with the larg-
est number of businesses (45.51%).

2 The percentage of each business category in all the reviews is:
Active Life 1.36%, Art 2.33%s, Automotive 3.32%, Health 3.32%,
Hotels & Travel 4.35%, Nightlife 20.68%, Other 0.49%, Restaurants
45.51%, Service 10.37%, and Shopping 8.27%.
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Fig. 1 SA framework for Yelp parking reviews

Table 1 Statistics of parking reviews in Yelp dataset

Parking reviews in Yelp dataset

Metropolitan area Total number  Total number of

Percentage of park-

Total number of park- Percentage of parking reviews

of reviews parking reviews? ing reviews (%) ing reviews with parking with parking attributes (%)
attributes®
Charlotte 276,570 13,217 4.8 12,919 97.7
Las Vegas 1,812,400 45,801 2.5 32,835 71.7
Phoenix 1,606,907 44,969 2.8 39,969 88.9
Toronto 631,065 19,774 3.1 19,735 99.8
Total 4,326,942 123,761 29 105,458 85.2

*Parking reviews refer to reviews that mention keywords, such as “parked” or “parking” in the Yelp dataset

®Parking attributes refer to the parking information provided for businesses in the Yelp dataset. It includes the availability of street parking, park-
ing lot, parking garage, parking valet or validated parking service, stored in a binary format using “true” or “false” index

“... just frustrated in trying to find a parking spot.”
“... as always, parking is a little fough uptown.”
“One downfall is that parking is horrible, with narrow
spaces and not a lot available.”

“Located in a very busy intersection, plenty of com-
muters and parking is pretty bad.”

“It’s a good place for quick meets with easy parking
and easy access along Dundas.”

“My only complaints, it was pricey and parking was
challenging.”

Various methods can be used for conducting a sentiment
analysis. In this study, we use a lexicon-based approach
to measure the emotional content of the large number of
reviews with parking experience. A summary of SA steps
is shown in Fig. 1.

Data Collection and Preprocessing
First, we use a text mining approach to identify park-

ing reviews. To focus the search for parking reviews, we
only use keywords “parking” or “parked” as search criteria

@ Springer

within a given review, generating the frequency of parking
reviews. Reviews with parking content from these four cities
are 2.9% of all reviews, (see Table 1). Note that this might
be an underestimate, since not all possible terms related to
parking may be included in the selected set of terms. 85.2%
of parking reviews are associated with businesses providing
parking attribute information. We use the 105,458 parking
reviews that can be linked to businesses with parking attrib-
ute information for our sentiment analysis.

Data preprocessing includes textual data tokenization and
data cleaning. Tokenization splits long strings of text into
smaller pieces, or tokens. To find the best token to repre-
sent the parking reviews, we tokenize each review as para-
graphs, sentences, and smaller word chunks first. Paragraph
is defined by a new line in the review, sentence is defined by
the ending sentence punctuation, and word chunk is defined
by punctuation in the middle of a sentence. Each of these
tokens must contain at least one parking keyword. Then, we
compare and determine the best tokenization for the SA.
We cleaned the data for each tokenized string of text, using
the ‘tm’ package in R statistical programming language
(Feinerer 2018). The cleaning process involves a sequential
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process for each tokenized string: making a corpus of words,
converting into lowercase, removing punctuation, numbers,
and URLs, stripping whitespace, and removing words irrel-
evant to SA, such as “the” or “an.”

Data Exploration

The word chunk is chosen as our token unit since it shows
most appropriate representation of parking experience infor-
mation. Specifically, neither paragraph nor sentence is good
enough for our case. Sentences with parking terms may be
very long since some people use multiple commas instead of
periods. We cut sentences into word chunks that can actually
describe parking experience. The analysis uses the Harvard
IV dictionary, a general-purpose psychology-based diction-
ary. It includes greater than 11,000 words with 1915 positive
and 2291 negative sentiment words (Stone et al. 2007). This
dictionary is able to capture sentiment through different sets
of words associated with quantified sentiments (Saxena et al.
2018).

Model Building

To estimate the sentiment scores of parking reviews repre-
sented as word chunks, we use analyzeSentiment() function
in the SentimentAnalysis package (Feuerriegel and Proe-
llochs 2018) in R to generate the initial sentiment scores.
This approach is a lexicon-based approach that can clas-
sify the sentiment, returning the sentiment scores for each
selected dictionary. The scores range from —1 to + 1 with
— 1 showing an extremely negative sentiment and + 1 rep-
resenting most positive, with 0 being a “neutral” parking
experience. Our best model fits each parking review with
an estimated sentiment score based on the degree of posi-
tivity and negativity in the bag of words, including assign-
ing weights that are most predictive in the context of the
observed corpus (dictionary corpus).

Model Evaluation

In terms of the nature of the large dataset, the total number
of parking experience word chunks is more than 100,000,
making reading each review and assigning a manual score
impossible. Instead, we adopt a two-step performance evalu-
ation for the model results. In Step 1, we read and check all
of the predicted min sentiment scores and max sentiment
scores for each city and for each business type. It produces
a 2 (sentiments) * 4 (city) matrix, results are listed below:
Charlotte:

review (high): “Plenty of parking.”
review (low): “Parking is a NNIGHTMARE.”

Las Vegas:

review (high): “It offers good parking options.”
review (low): “Hard to grab a parking spot.”

Phoenix:

review (high): “Plenty of free parking available as
well!”
review (low): “Parking is a wee bit of a pain.”

Toronto:

review (high): “Free parking is a nice bonus.”
review (low): “I lost to parking.”

We have a clear general impression of the classification
from step 1’s results. Then, in Step 2, we review a random
sample 500 (0.5% of entire dataset) of estimated sentiment
scores and the corresponding original parking reviews. We
manually read them one by one and create a confusion
matrix (using three categories: “positive,” “neutral,” and
“negative”) to compare the precision and recall between
the model results and the human-judged results. The per-
centage of accurate categorization is 80%. According to
the precision and recall metrics, TF (positive sentiment
categories erroneously classed as non-positive) =5%, FT
(non-positive sentiment categories erroneously classed
as positive) = 15% (Sokolova et al. 2006). 80% accuracy,
while introducing error into the subsequent analysis, is
favorable for sentence-based SA using current methods.
Importantly, the error is distributed across both positive
and negative predictions, with some bias toward over-pre-
diction of positive sentiment. The results of the subsequent
analysis should be understood keeping this potential bias
in mind (Taboada et al. 2011).

Spatial Hotspots of Parking Sentiments
Business-Level Parking Sentiments

Using the average sentiment score for each business, the
distribution of positive, neutral and negative reviews is simi-
lar across the four cities (see Appendix 1). We found that
positive sentiments are the majority across the four cities.
The results are consistent with the count values of sentiment
classification outputs as well. Most of the sentiment scores
are distributed around 0, given the average amount of park-
ing reviews per business, this is not surprising, since the
sentiment score is normalized by the analysis model ranging
from —1 to 1.
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Fig.2 Heatmap of “positive”,
“neutral” and “negative” park-
ing sentiments. This map is
better visualized in color

10 Miles

Phoenix

()

Cold (Negative) I

Las Vegas

10 Miles

Toronto

(d)
I ot (Positive)

Getis-Ord method: Gi-Bin ® Cold Spot ® Hot Spot

Hotspot Analysis of Business Parking Sentiments

Geographic Information System (GIS) analysis enables a
hotspot analysis of the spatial pattern of parking senti-
ments, in terms of the sentiments distribution of business
itself and its surrounding businesses. We use the Getis-
Ord Gi* statistic (Ord and Getis 2010), a spatial statisti-
cal approach, to determine the clustering pattern of park-
ing sentiments. Getis-Ord Gi* finds where high and low
sentiment ratios cluster spatially. The GIS Gi* statistic
is estimated for each business with a z-score. The larger
the z-score is, the more intense the hot spot clusters of

@ Springer

Business density contour lines

high sentiment scores. The smaller the z-score is, the more
intense the cold clusters of low sentiment scores.

To have a better visualization, after obtaining the z-score
of each business, we use Inverse Distance Weighted inter-
polation (ESRI 2018) to map the clustering patterns from
Gi* hot and cold spots, shown in Fig. 2. In addition, busi-
ness density is also illustrated using contour lines for visual
comparison, ranging from 0 to 200 businesses per sqgkm, in
increments of 5 businesses per sqkm (Fig. 2). Overall, the
map shows distinct patterns, and negative sentiment clusters
are clearly associated with the central business districts of
all four cities, evident from the densest business clusters.
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However, not all business districts are clusters of nega-
tive parking sentiment. Suburban commercial areas, such
as those on the north side of Phoenix and south and west
sides of Las Vegas actually show clusters of positive park-
ing sentiment.

Analysis of the Effect of the Provision
of Parking on Parking Experiences

We use generalized linear mixed-effect (GLME) models to
further evaluate how the built environment affects parking
sentiment across cities and activity types (Mcculloch and
Neuhaus 2001; Zhang et al. 2016). A GLME model is an
extension of classical linear regression models. The standard
form of a GLME model is

. o’
y;|b ~ Distr( p;, —
w;

gu)y=Xp+7Zb+6

ey

wherey is the response variable, the sampling unit { in our
model represents the ith business (each business has a
unique business id). The ith response variable y; corresponds
to the averaged sentiment score for this business. In our case,
the response variable is the averaged sentiment score of a
business, showing an overall parking experience of the park-
ing environment of a business.f is fixed-effects, representing
destination activity types, parking management strategies,
and several built environment factors. b is random-effects,
which is associated with individual experimental units drawn
at random from the population and account for variations
between groups. In our case, the random-effects variable
refers to the city where the business is located in.Distr is the
distribution of y given by b, which assumes the distribution
of the response variable conditioned on the random-effects
variable belongs to the exponential family (Mcculloch and
Neuhaus 2001). y is the mean of y given by b, 62 denotes
the dispersion parameter, and w; represents the weight for
observation i. g denotes the link function that describes the
relationship between u and a linear combination of the pre-
dictors. Therefore, the mean response y is given by

n=_g ', 2

where g~! is the inverse of the link function, and # is the
linear predictor of the mixed effects. We use the function
glmer() from the R package /me4 (Bates et al. 2014) for
fitting the generalized linear mixed-effects models. In par-
ticular, we set “family =binomial(link =’logit’)” in glmer(),
which specifies the conditional distribution to be binomial.
The glmer() allows us to fit a generalized linear mixed model
incorporating both our fixed-effects parameters (business
categories, parking supply, neighboring parking attributes,

and built environment variables) and random effect variable
(city) in a linear predictor, via maximum likelihood (Bates
et al. 2017). By introducing both fixed and random effects,
GLME models are useful for cross-sectional data where the
response variable may be other than normally distributed
(McCulloch and Neuhaus 2005). Detailed settings of each
model can be found in the following sections.

In Table 2 a detailed description of variables used in
GLME models is shown, showing four categories of vari-
ables: (1) business categories; (2) business parking supply;
(3) neighborhood parking attributes; and (4) built environ-
ment characteristics. The variables in the built environment
category are obtained from the US Environmental Protection
Agency’s Smart Location Database (SLD) (United States
Environmental Protection Agency 2014). Because the SLD
is limited to the United States and no similar database exists
for Canada, Model 3, which includes built environment vari-
ables is limited to the 3 US cities, excluding Toronto.

Model 1: The Relationship of Parking Sentiment
to Parking Supply

Model 1, which estimates business-level parking senti-
ment scores, split the dataset 90/10 into training and testing
data. In this model, we seek to understand how the types of
parking supplied by a business predicts parking sentiment.
Independent variables include business parking attributes,
activity types, and cities of training dataset to predict the
sentiment score in the testing dataset. We tested a series
of combinations of independent variables and random
effects, such as 1. Parking attributes (5 variables) + activ-
ity type +one level of grouping (city); 2. Parking attributes
and two levels of grouping (activity types, city); 3. Parking
attributes 4 activity types + their interaction factors +random
effects (city). RMSEs (root mean square errors) of these
alternative models are used as metrics to measure model
performance.

The results of final fitted Model 1 with the minimum
RMSE are shown in Table 3. The coefficients are log-
odds scaled, shown with standard errors, test statistics (z
values) and p-values. Effects of business categories can
be more readily interpreted through effect plots in Fig. 3a.
We observe that business categories, such as Restaurants
and Shopping, and most of the parking attributes except
the parking garage significantly explain business sentiment
scores. If a business reports that “street parking” is avail-
able, its parking sentiment score is significantly lower. All
else equal, street parking is an indicator of a more traditional
commercial environment, which results in a more challeng-
ing parking search, occurring in traffic and across a wider
area (Wijayaratna and Wijayaratna 2016). Conversely, if a
business has parking validation or its own parking lot, park-
ing experiences will be more positive. Garage parking itself
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Table 2 Descriptions of variables

Category Variable abbreviation Description Data source  Data type
Business category Active Life Business category is Active Life Yelp Binary
Arts Business category is Arts Yelp Binary
Automotive Business category is Automotive Yelp Binary
Health Business category is Health Yelp Binary
Hotels and Travel Business category is Hotels and Travel Yelp Binary
Nightlife Business category is Nightlife Yelp Binary
Other Business category is Other Yelp Binary
Restaurants Business category is Restaurants Yelp Binary
Service Business category is Service Yelp Binary
Shopping Business category is Shopping Yelp Binary
Business parking availability attributes  Parking valet Business parking valet is available Yelp Binary
Parking lot Business parking lot is available Yelp Binary
Street parking Business street parking is available Yelp Binary
Parking garage Business parking garage is available Yelp Binary
Validated parking Business validated parking is available Yelp Binary
Neighboring parking attributes® Neighbor valet Neighboring valet parking index Yelp Numeric
Neighbor lot Neighboring parking lot index Yelp Numeric
Neighbor street Neighboring street parking index Yelp Numeric
Neighbor garage Neighboring parking garage index Yelp Numeric
Neighbor validated Neighboring validated parking index Yelp Numeric
Built environment” Population density Population density SLD¢ Numeric
Business density Yelp business density Yelp Numeric
Job density Gross employment density (jobs/acre) SLD Numeric
Land use-mix index Household workers per job equilibrium index ~SLD Numeric
Road density Total road network density SLD Numeric
Auto access to jobs index Jobs within 45 min auto travel time SLD Numeric
Transit access to jobs index Jobs within 45-min transit commute time SLD Numeric
Distance to transit stop Distance from population weighted centroid ~ SLD Numeric

to nearest transit stop

*Neighboring parking attributes measure the same modalities as individual business parking attributes, but are the distance-weighted average of
those factors for all businesses within 1.5 km of each business. They are normalized from [0,1] when fitting the models

®All the built environment variables are calculated at census block group level, and their basic statistics is shown in Appendix 2

°SLD is the Smart Location Database (United States Environmental Protection Agency 2014)

is insignificant, possibly because it is easier to find but less
convenient to access and costly. Valet parking has a nega-
tive relationship to parking sentiment, implying that driv-
ers view valet parking as time-consuming, expensive, and
risky. Model 1 does not directly measure parking demand or
traffic congestion, but it confirms the intertwined relation-
ship between the type of parking available at businesses and
affective experience.

Model 2; Parking Sentiment Relation
to Neighboring Parking Attributes

Model 2 adds parking attributes for the neighborhood sur-

rounding each business as independent variables in the
model. Neighboring parking attributes measure the same
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modalities as individual business parking attributes, but are
the distance-weighted average of those factors for all busi-
nesses within 1.5 km of each business:

Similar to Model 1, we built our Model 2 by testing dif-
ferent combinations of the independent variables, and the
best-fitting Model 2 is shown in Table 4. Figure 3b gives a
more direct comparison of the effects of business categories.
Compared to Model 1, the “Service” type becomes insig-
nificant. Controlling for other factors, only two neighbor-
hood parking management strategy variables are significant.
Intriguingly, for both validated and valet parking, increased
supply in the neighborhood have the inverse effect that they
do for an individual business. The provision of valet park-
ing by neighboring businesses increases parking sentiment,
suggesting it may alleviate neighborhood parking demand.
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Table 3 GLME modeling results of Model 1

Model 1: The relationship of parking sentiment to parking supply
Dependent variables: parking sentiment score

Random effect: City

Data: Yelp data for Charlotte, Las Vegas, Phoenix, Toronto

Weights: review count per business

AIC BIC logLik Deviance df.resid
95,133 95,208 —47,556 95,113 13,855
Scaled residuals (Model 1)

Min 1Q Median 3Q Max
—13.047 —-0.718 —0.152 0.632 15.205
Random effects (Model 1)

Groups Name Variance Std. Dev.

City (Intercept) 0.0004908 0.02215

Number of obs: 23,512
Groups: City, 4

Fixed effects (Model 1):

Term Estimate (p-value) Std. error Statistic (z value)
(Intercept) 0.050%** 0.018 2.779
Nightlife —0.039%** 0.014 —2.755
Restaurants —0.049%** 0.014 —-3.523

Service 0.041%* 0.017 2.415
Shopping —0.068%** 0.015 —4.469

Parking valet TRUE —0.040%** 0.006 —7.230

Parking lot TRUE 0.012%** 0.004 3.198

Street parking TRUE —0.046%** 0.005 -9.514
Validated parking TRUE 0.045%%** 0.015 3.032

Model 1 validation RMSE
Best model (Model 1) 0.152
Alternative Model al 0.155
Alternative Model bl 0.158

Alternative Model al: including interaction factors of business categories and cities

Alternative Model b1: including interaction factors of business categories and business parking availability attributes

GLME fit by maximum likelihood (Laplace Approximation) [’glmerMod’] in R package /me4 (Bates et al. 2017, p. 4)

“*Significant at the 99% level
**Significant at the 95% level
*Significant at the 90% level

Increased validated parking for neighboring businesses
reduces parking sentiment, suggesting that even if validated
parking is beneficial for an individual, as a whole it is an
indicator of a more costly, limited parking supply. The AIC
of model 2 is lower than model 1, showing that the addition
of the neighborhood variables provides a better fit to the
response variable overall.

Spatial Distribution of Model Residuals

We use a Gi* hotspot analysis to assess the spatial distribu-
tion of the parking sentiment residuals from Model 2, the

best-fitting model. The residual is the difference between
the predicted sentiment score and the actual score in testing
dataset. Residual distribution plots for each city are shown
in Fig. 4. Blue points show clusters of residuals with larger
negative values, suggesting sentiment “underprediction”,
while the red points are clustered residuals with larger posi-
tive values, showing the clusters of sentiment “over-predic-
tion”. Put another way, blue areas are places where the park-
ing supply model predicts parking sentiment is worse than it
actually is, and red areas are where the model predicts senti-
ment is better than it really is. In general, positive or nega-
tive residual clusters are infrequent in all cities, including in
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Fig.3 Business category effect plots for Model 1, Model 2, and Model 3. *The y-axis label “score” is the predicted business parking sentiment

score

central business districts. However, sentiments in much of
central Charlotte are actually better than the model predicts,
while areas north and east of central Phoenix have worse
sentiments than predicted. These spatial clusters suggest
that other factors besides the type of parking supply may be
influencing parking experiences in these areas. Planners may
be able to use clustered residuals to identify neighborhoods
where parking experiences deviate from expectations.

Analysis of the Effect of Other Built
Environment Factors on Parking Experiences

Model 3: Understanding Built Environment Effects
on Parking Experience

Models 1 and 2 use qualitative parking supply measures to
predict parking sentiment, but they do not include the infor-
mation about the built environment. Model 3 adds several
built environment variables from the Smart Location Data-
base (United States Environmental Protection Agency 2014)
at Census Block Group (CBG) level. It includes built envi-
ronment variables (Ewing and Cervero 2001, 2010), such as
population density, business density, a land use-mix index
and street density, and transportation accessibility variables
(auto access and public transportation access to jobs, and
distance to transit stops). The description of the selected
variables is shown in Table 2. We spatially join the built
environment variables (calculated at the CBG level) to each
business. The fitted GLME Model 3 results are shown in
Table 5.

The parameter estimates with significant p-values for
Model 3 are shown in Table 5 and effect sizes of busi-
ness categories illustrated in Fig. 3c. For business-specific
parking attributes, street parking is significantly negatively
correlated with sentiment, as is valet parking at the busi-
ness. Conversely, availability of garage and validated
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parking are positively associated with sentiment. For
neighborhood-wide measures, neighborhood street park-
ing has a strong negative effect on parking sentiment.
Unlike their business-specific counterparts, the neighbor-
hood parking garage index and validated parking index
are negative. This suggests that these strategies are gener-
ally effective for businesses, but as more businesses take
advantage of those strategies in the area, the benefit to
sentiment is reduced.

Most of the built environment factors are statistically
significant, other than population density and road density,
which are therefore excluded from Model 3. Unsurpris-
ingly, business density has significantly negative effects
on parking sentiment score, as more businesses result in
relative parking scarcity. Perhaps relatedly, the land use-
mix index has a significantly negative effect on parking
sentiment. Planners have emphasized the importance of
promoting a mixed-use development in dense areas. These
results bear out the idea that when there is a more diverse
set of uses in a neighborhood, controlling for all else, find-
ing parking is more difficult and less appealing. The auto
access to jobs index is negatively associated with parking
sentiment. This reinforces that auto-based accessibility,
based on network measures of impedance, explicitly does
not account for where cars will park at those destinations.

Most intriguingly, distance to the nearest transit stop is
a statistically significant predictor of negative parking sen-
timent with a small effect. The longer the distance between
a business and the nearest transit facility, the lower the
sentiment score. This effect suggests that cross-modal
effects on sentiment are possible, and that transit-based
mobility may alleviate perceived scarcity, and negative
sentiment, for parkers. Future research can investigate
how cross-modal travel choices vary in places with lim-
ited parking supplies but higher or lower levels of transit
access.
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Table 4 GLME modeling results of Model 2

Model 2: Parking sentiment relation to neighboring parking attributes
Dependent variables: parking sentiment score

Random effect: City

Data: Yelp data for Charlotte, Las Vegas, Phoenix, Toronto

Weights: review count per business

AIC BIC logLik Deviance df.resid
86,695 86,791 —43,334 86,669 12,542
Scaled residuals (Model 2)

Min 1Q Median 3Q Max
—13.521 —-0.719 —0.152 0.645 14.638
Random effects (Model 2)

Groups Name Variance Std. Dev.

City (Intercept) 0.0004046 0.02011

Number of obs: 23,512

Groups: City groups: 4

Fixed effects (Model 2):

Term Estimate Std. error Statistic (z value)
(Intercept) 0.058%#** 0.018 3.303
Nightlife —0.050%** 0.014 —3.478

Other 0.318% 0.184 1.731
Restaurants —0.055%** 0.014 —3.858
Shopping —0.078%** 0.016 -5.010
Parking valet TRUE —0.027%** 0.006 —4.601

Parking lot TRUE 0.008%* 0.005 1.784

Street parking TRUE —0.055%** 0.005 —10.643

Parking garage TRUE —0.016%** 0.006 —-2.799
Validated parking TRUE 0.090%** 0.015 5.890
Neighborhood parking valet 1.157%%* 0.254 4.550
Neighborhood validated parking —0.218%** 0.079 —2.741

Model 2 validation RMSE
Best model (Model 2) 0.154
Alternative Model a2 0.157
Alternative Model b2 0.157

Alternative Model b1: including interaction factors of business categories and cities

Alternative Model b2: including interaction factors of business categories and business parking availability attributes

Business category is a dummy variable, the base category is “Active Life”

GLME fit by maximum likelihood (Laplace Approximation) [’glmerMod’] in R package Ime4 (Bates et al. 2017, p. 4)

“*Significant at the 99% level
**Sjgnificant at the 95% level
*Significant at the 90% level

Discussion and Conclusion

This study uses online Yelp reviews to evaluate how park-
ing supply and the built environment shape parking experi-
ences in four North American cities through text mining
and statistical methods. The results show that transporta-
tion system management and the built environment have
significant impacts on how individuals experience daily

travel. The spatial hotspot analysis shows that negative
parking sentiment clusters are associated with central busi-
ness districts (CBDs) in all four cities but are not always
associated with business clusters outside of CBDs. Model
1 suggests that activity type is an important predictor of
parking sentiment, so for example, dining and shopping
significantly explain sentiment. The type of parking availa-
ble is also significantly associated with parking sentiment.
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Fig.4 Model 2 residual spatial
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Specifically, if a business has parking validation or its own
parking lot, parking experiences will be more positive.
When we include the impacts of neighborhood-wide park-
ing options on parking sentiment, we find that the provi-
sion of valet parking by neighboring businesses increases
parking sentiment at a local business, and increased vali-
dated parking for neighboring businesses reduces parking
sentiment. The final model examines how built environ-
ment factors affect parking sentiment for the three US cit-
ies. The result shows that most of the built environment
factors are statistically significant to parking experience,
other than population density and road density. In particu-
lar, auto access to jobs index has a stronger significantly
negative effect on parking sentiment score. Conversely,
proximity to transit has a significantly positive effect on
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parking sentiment, indicating that provision of alternative
access modes can enhance experiences for drivers as well.

To what degree should we be concerned with these find-
ings? Most straightforwardly, localized sentiment measures
can be used as indicators of how well transportation sys-
tems are functioning, in the eyes of their users, whether for
parking or other modes, such as transit or walking. Planners
working in the public interest do not typically frame sys-
tem performance in terms of sentiment. However, in each
of the four cities, we observe that parking sentiment var-
ies significantly between central and peripheral business
clusters. This represents a potential competitive advantage
among neighborhoods that can be directly quantified using
crowdsourced information. The analysis demonstrates that
the provision of parking and built environment factors affect
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Table 5 Results of Model 3 built environment effects on parking experience

Model 3: Results of built environment effects on parking experience
Dependent variable: business parking sentiment score
Data: Yelp data for Charlotte, Las Vegas, Phoenix; Census data; Smart Location Database

Variables’ description: Table 2

Weights: review count per business

AIC BIC logLik Deviance df.resid
86,975 87,100 —43,470 86,941 11,484
Scaled residuals
Min 1Q Median 3Q Max
—13.124 -0.791 -0.189 0.672 15.434
Random effects
Groups Name Variance Std. Dev.
City (Intercept) 0.0008349 0.02889
Number of obs: 11,498; City groups: 3
Fixed effects:
Variable category Variable abbreviations Estimate (p-value) Std. error Statistic (z value)
(Intercept) 0.201*** 0.023 8.787
Business category Health 0.075%%* 0.035 2.133
Nightlife —0.041%* 0.020 -2.028
Restaurants —0.035% 0.020 —1.782
Shopping —0.067** 0.022 —3.069
Business parking availability attributes Parking valet TRUE —0.038**:* 0.007 —5.638
Street parking TRUE —0.049%** 0.007 —6.960
Parking garage TRUE 0.015%%* 0.006 2.361
Validated parking TRUE 0.065%** 0.017 3.821
Neighborhood parking attributes Neighborhood garage index —0.356* 0.212 —1.680
Neighborhood street index —-0.927* 0.562 —1.650
Neighborhood validated parking index —0.149* 0.079 —1.883
Built environment Business density —0.015%** 0.005 -2919
Land use-mix index —0.047%** 0.012 —3.800
Auto access to jobs index —0.136%** 0.016 —8.283
Distance to transit stop —0.028%* 0.011 —2.454

Model validation

Model RMSE
Best model (Model 3) 0.145
Alternative Model a3 0.151
Alternative Model b3 0.154

Alternative model a3: including interaction factors of business categories and cities; Alternative model b3: including interaction factors of busi-
ness categories and business parking availability attributes

Business category is a dummy variable, the base category is “Active Life”

GLME fit by maximum likelihood (Laplace Approximation) [’glmerMod’] in R package /me4 (Bates et al. 2017, p. 4)

*#**Significant at the 99% level
**Significant at the 95% level
*Significant at the 90% level

parking sentiment. Parking sentiment, as a part of travelers’
activity experiences of the businesses in cities, might affect
the overall sentiment of their experiences. Business owners
also would like to know more about the ease or difficulty

that people have getting to them. Shoup (2018) observes
that parking research is most underdeveloped in its under-
standing of the “political calculus” of parking management
strategies. How planners and locality can gain acceptance for
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parking best practices, including built environment strate-
gies that modify demand, remains little understood. This
study suggests that everyday parking experiences may play
an important role in support for parking management and
built environment planning.

While travelers’ positive sentiments and satisfaction
would appear, at first glance, to be desirable outcomes in
the aggregate, we fully recognize that increasing parking
satisfaction could function at cross-purposes with broader
transportation goals: providing ample, low-cost parking
makes drivers happier, and activity-rich neighborhoods with
a dense mix of uses decrease driver satisfaction. We do not
propose that planners actively seek to increase dissatisfac-
tion with driving and parking to encourage mode shift, but
we do observe that to be competitive with suburban districts,
planners will need to counterbalance dissatisfaction with
car-based access with other advantages, whether related to
transportation or other neighborhood features. The results
showing positive parking sentiment associated with tran-
sit proximity suggest that multimodal commercial districts
where travelers of on multiple modes are satisfied with their
experiences are possible. Further research can examine how
sentiments toward different travel modes, as well as toward
other local factors, interact in a neighborhood.

Methodologically, results suggest that parking sentiment
scores and affective experience measures estimated from
textual data, such as Yelp reviews, can be tied to specific
geographic locations and further be analyzed with spatial
statistic methods. The Getis-Ord Gi* statistic, in our case,
successfully detects spatial clusters of parking sentiment.
The study demonstrates that emerging data mining and sta-
tistical methods can successfully leverage big data to reveal
travel experiences and their relationship to urban contexts,
suggesting an effective way to obtain useful transportation
information. Opportunities to explore different approaches
to textual data analysis, such as topic modeling, could supply
additional information regarding how transportation system
performance is correlated with the built environment.

This analysis uses multiple approaches to deal with issues
of self-selection and representativeness in Yelp data, which
are an issue more broadly with all self-selecting LBSNs.
Addressing these issues requires a combination of empiri-
cal methods to diagnose or control for potential biases, as
well as clear caveats and recognition of potential effects of
biases that cannot be controlled. For gender and income,
two demographic factors that could reasonably be imputed
or analyzed by proxy, we found that neither has a significant
relationship to parking sentiment. However, we were not
able to impute or assess the effects of age, race, or ethnicity
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of reviewers. For age, increased need for comfort during
travel and a reduced desire to walk longer distances for
utilitarian purposes has been documented (Hess 2012; Kea-
dle et al. 2016). Therefore, we might expect that parking
sentiment among older adults would be lower for parking
strategies that require more utilitarian walking. For race and
ethnicity, parking experiences that require interaction with
individuals, such as valet parking or even parking valida-
tion, could potentially result in distinctively racist or alien-
ating experiences. These experiences are well documented
in the context of transit, taxi, and rideshare travel, but so
far undocumented for parking experiences (Purifoye 2015;
Sarriera et al. 2017). While this study’s research design
would not be able to address this question, further research
could potentially mine Yelp’s extensive reviews to identify
whether parking experiences are perceived specifically as
racist or alienating.

Broadly, working with LBSNs requires clear understand-
ing of each dataset’s strengths and limitations. Ultimately,
some research questions may continue to require purpose-
built survey efforts that reach populations that do not par-
ticipate as readily in LBSNs, or where LBSNs do not supply
critical information to answer those questions. Additional
factors, such as time of day, or day of week, may affect the
experience of parking as well (Litman 2006; Millard-Ball
et al. 2014b). Still, while a survey or online poll can provide
detailed information about parking sentiment and parking
behaviors, the reality for urban planners is that these surveys
are rarely undertaken, and usually only in specific neigh-
borhoods where there has been demand and funding for a
parking study. The LBSN-based approach allows for a much
broader look across a city, to allow for better comparisons
across neighborhoods and even between cities, allowing for
more empirically robust understandings of parking manage-
ment and build environment strategies that result in positive
parking experiences that are compatible with broader goals
towards reduced total parking, densification, and multimodal
travel in commercial and mixed-use areas. Additionally, in
future research, spatially precise parking utilization data
could be integrated into analysis of parking experiences to
understand how supply, utilization, and travel experiences
co-vary in different locations.

Appendix 1

See Fig. 5.
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Appendix 2

See Table 6.

Table 6 Summary statistics of built environment variables

Charlotte Las Vegas Phoenix Toronto

Variable Min Ist Quantile  Median Mean 3rd Quantile  Max
Population density 0 2.613 5.199 6.700 8.905 62.338
Business density 0 0.123 0.274 0.435 0.476 3.279

Job density 0 1.442 3.781 12.946 9.569 158.146
Land use-mix index 0 0.369 0.418 0.445 0.596 1

Road density 0.167 13.65 17.75 17.895 22.31 40.42
Auto access index 516.7 141,850.5 187,169.6  194,411.7  249,124.6 358,133.7
Transit access index 1: jobs within 45-min transit commute time 0 0 0 4698 4638 37,657
Transit access index 2: distance from population weighted cen- 232 284.93 489.40 525.48 749.12 1199.23

troid to nearest transit stop (meter)

All the built environment variables are calculated at census block group level, except the business density, all other variables are from the Smart

Location Database (United States Environmental Protection Agency 2014)
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