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Abstract

Biking as the travel mode has become more and more common and popular

recently. However, some problems occurred in development of cycling. This thesis

explores the use of mico-blog data in the form of sentiment analysis and statistical
analysis to determine if there are relationships existed between people’s attitude,
bicycling index, and locations where people talking about bicycling. Furthermore,

this thesis lays the groundwork for a deeper understanding of bikeability by making
quantitative analysis. My results demonstrate that there is relationship existed

between peoples’ attitude and few bicycling facilities and physical environment

factors. Furthermore, some correlation results between each independent variables
and sentiment scores indicated. I also provide suggestions about some good

strategies of developing cycling for bicycling planners and policy makers by using
the results indicated in this study.
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Chapter 1: Introduction
Recently, non-motorized modes of travel, particularly bicycling, have become

more common and popular. Bicycle use increased 39 percent nationally from 2001

to 2011, because riding a bike saves on the cost of living in urban areas, and also,
bikes are available readily, and are convenient to ride anywhere and anytime

compared to public transportation (Ben, 2011). Cities such as San Francisco,

Chicago, and Washington DC have seen huge increases in cycling (Ben, 2011);

however, cycling plans in urban areas have some problems and the development of

such plans has not kept pace with the massive rise in cyclists.

Through a case study in Washington, DC, this thesis evaluated the ways in

which bicycling facilities and city cycling plans influence people’s attitudes and

behaviors. The study includes a discussion of the Bicycling Score in Washington, an
analysis of people’s attitudes from Twitter data collected from March 3 to April 10,
2015, and an analysis of the relationship between cyclists’ attitudes, cycling

facilities, and city bike plans. Finally, the thesis provides a detailed discussion and

evaluation of the current research on cyclists’ attitudes about bicycling.
The following research questions were explored:

1.

How is bicycling ability represented in Washington DC?

• What is the Bicycling Score in Washington, DC, and how is the index
1

used?

• What factors enter into the index, such as cycling infrastructures,
2.
3.

hilliness, desirable amenities, and road connectivity?

What are people’s attitudes (positive or negative) about bicycling in

Washington?

Is there a relationship between people’s attitudes, the bicycling index (cycling
infrastructures, hilliness, desirable amenities, and road connectivity), and
locations where people talk about bicycling?

The thesis also discusses the implications of these research questions with

respect to bicyclists, bicycling facilities, and bicycling planning within the

Washington DC area. I will also draw conclusions from the Washington data for
application to the rest of the US, and provide some useful guidelines for future
planning about bicycling based on human and social considerations.

Twitter data collected from March 3 to April 10, 2015 provide the most

recent data, and thus represent people’s attitudes well. Current attitudes about

bicycling contributed to the analysis of the research questions and identified

problems better.

To answer the research questions above, the following software was used:

ArcMap, SentiStrengh, and STATA. ArcMap was used to produce maps of current

2

bikability in Washington DC, and helped calculate the bicycling score there as well.

In addition, the data created by ArcMap contributed to other statistical analyses.

SentiStrengh was used to estimate the sentiment score for each Twitter post, while
STATA provided the ability to conduct statistical analyses of the sentiment scores

and other biking data calculated by ArcMap. The methods with which these software
programs were used is described in detail in the next chapters.

This thesis is presented as follows. Chapter 2 includes a literature review that

provides a description of the benefits of bicycling and its status in the US at present.

The chapter also discusses several case studies of people’s attitudes about bicycling
in urban areas and the ways in which bikeability affects those attitudes. Chapter 3
offers an overview of current bikeability in Washington DC, and includes maps to
make the results more straightforward. The methods of determining factors,

collecting data, and producing maps also are detailed and described specifically in
Chapter 3. Chapter 4 presents the methodologies employed in the thesis for data
collection, determination of sentiment scores, and the relationship between

sentiment scores and factors associated with biking. Chapter 6 describes the

conclusions and limitation of the study, and offers ideas for future relevant studies.

3

Chapter 2: Literature Review
Background
Bicycling has become a popular topic of discussion on social media today.

Many transportation institutes and government agencies have realized that non-

motorized travel can benefit communities in many ways, and have determined that

current cycling plans are problematic and provide considerable scope for

improvement (VTPI, 2015; Grabow, 2013). More than 90% of commuting trips in the
US are made in private motor vehicles, and the balance of commuting trips are made
on foot, and by bicycle and public transit (NHTS, 2009).

A strong movement has developed over the past decade to increase bicycling

in order to improve health through greater activity, reduce vehicle miles travelled,
and improve air quality, among other benefits (Gotschi, 2011; Krizek 2007; Dill &
Carr, 2003). Although bicycling can make significant contributions to social goals

related to public health, energy independence, climate change, air quality, traffic

congestion, mobility, and economy, only mass cycling can reach those goals (Furth,
2012).

This literature review includes a brief description of the benefits of bicycling,

the status of bicycling in the US today, and findings about the relationship between
people’s attitudes, bicycling, and other urban issues.

4

Benefits of Bicycling: Health, Social, Environmental
The bicycle plays an important role in the transportation system today. First,

it is a low cost, non-polluting transportation option that makes efficient use of

limited roadway capacity. Further, for those individuals who do not have a vehicle,

the bicycle is an effective means of transport, particularly for trips that are too long

for walking or are not served by quality public transit (Murphy& Knoblauch, 2004).
Another major benefit is that bicycling contributes to public health. Physical

activities reduce obesity, which has reached epidemic proportions in the nation, and

bicycling is an excellent form of physical exercise (Killingsworth, 2003). Many case

studies have shown that the health benefits of bicycling far exceed the risk of traffic
injuries; moreover, as levels of bicycling increase, the rate of injuries decreases
(Elvik, 2009; Jacobsen, 2003; Robinson, 2005).

Bicycling also is an efficient way to reduce vehicular pollution, which is a

major contributor to greenhouse gas emissions; based on a 2013 EPA report on total

US greenhouse gas emissions, 27% of such emissions result from vehicles. Thus,

non-motorized transportation, including bicycling, can help alleviate this problem.
In conclusion, bicycling offers numerous benefits. It can ameliorate certain

environmental issues, and as a means of transport and recreation, is beneficial to

people’s health. Bicycling also is an efficient transportation alternative to driving or
5

walking.

Status of Bicycling in the US
At present, the bicycle is not a common mode of daily transportation in the

US. Only one percent of all one-way trips in 2009 were made by bicycle (NHTS,
2009). However, increasing evidence has confirmed that bicycling should be

considered a viable transportation option. First, it is easy to engage in bicycling, as it
requires less exertion than does other physical modes of transportation (Frank,

Engelke, & Schmid, 2003). In addition, bicycling can be a relaxing and enjoyable

activity that helps people relieve stress and increase work productivity. However,
based on the current situation, there are several barriers to bicycling in the US,

primarily the fact that bicycle facilities remain rudimentary, and the implementation
of bicycling plans requires an investment of financial resources (Grabow, 2013).

The greatest obstacle to bicycle planning is the lack of “separation criteria”

for cyclists in the US. Currently, there are no criteria related to when cyclists should
be separated from fast or heavy traffic (American Association of State Highway

Transportation Officials, 1999). Further, there are no limits to the speed or number
of lanes on roads that incorporate bike lanes, or even those designated as “shared

lanes” (Furth, 2012). A primary goal of any bicycle infrastructure program must be
to provide sufficient separation from traffic, such that it attracts the mainstream
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population (Furth, 2012). Some shortcomings and strengths of planning are obvious
in urban areas in the US; in the next few chapters, I will discuss using social media
data to make future suggestions for bicycle planning.

Currently, because of the increasing confirmed benefits associated with

bicycling, more US municipalities are beginning to promote and develop policies and
plans to make bicycling a safer and easier form of transport. Transportation

planners have begun to realize that public participation in planning bicycle projects
is an important part of the process, specifically with respect to the demand for

bicycle facilities, network planning, suitability modeling, and other related issues

(Molina, 2014). In the next few chapters, I will argue that data collected from Twitter
can be an effective method of public participation. Using social networks is helpful in
tracking people’s attitudes on many bjects, and acquiring feedback and suggestions.
An analysis of Twitter data specifically could contribute to future bicycle planning.

What are People’s Attitudes about Bicycling in Urban Areas? Does the Ability
to Bicycle Affect their Attitudes?
Empirical study of people’s travel attitudes and urban design features
There is a consensus within planning and urban design policy that the design

of a sustainable urban environment would encourage people to reduce the use of

automobiles and choose more sustainable modes of travel. However, based on one
7

case study in the UK, sustainable features of urban design did not cause people to
change their behavior, although such features may change their attitudes about

walking and bicycling in the long-term (Susilo, Williams, Morag, & Dair, 2012). Some

sustainable features of urban design relevant to people’s attitudes and behaviors,

including secured bike storage, high connectivity of neighborhoods to nearby areas,
natural surveillance, high quality public realm, and issues of heavy traffic will be
discussed.

Facts from Survey of People’s Attitudes and Behaviors about Bicycling
Data from the 2012 National Survey of Bicyclist and Pedestrian Attitudes and

Behavior are worth mentioning: 46% of 7,509 respondents have bicycles paths

available within a quarter mile of where they live, and 39% have bicycle lanes

available on roads within a quarter mile of where they live (NHTSA, 2012). Among
the 1,350 respondents who do not have bicycle paths nearby, 40% never ride on

bike paths. Further, among the 1,176 people who do have bicycle paths nearby, only
12% of them always ride on bicycle paths, and another 11% never use these paths

(NHTSA, 2012). Moreover, the same report indicated that 38% of 1,551 respondents
ride a bike more often by comparison to a year ago, while 20% ride a bike less often
than in 2011 (NHTSA, 2012). These facts and case studies show that, although

people’s bicycling behaviors are changing, there still is no clear pattern in their
8

attitudes about bicycling as it relates to the ability to bike in urban areas.

Conceptual Model from Previous Case Studies in the US

There is a conceptual framework that is used widely in research on physical

activity, specifically in the field of public health (Sallis & Owen, 2008). This

framework is composed of three factors—individual, social-environmental, and

physical-environmental—that are used to explain people’s behavior and attitudes

(Handy, Xing, & Buehler, 2010). Individual factors (e.g., attitudes) about the physical-

environmental factors in transportation infrastructures and land use patterns both
offer strong support for the arguments in the next sections in this thesis.

Figure 1 shows that these three factors are hypothesized to affect bicycling

behaviors directly (Handy et al., 2010). Individual factors contribute to the

motivation to bicycle, and social and physical environments are key factors in

determining the quality of bicycling conditions that may enable and encourage
people to bicycle (Handy 1996, 2009). These factors are interrelated, and all

influence bicycling behaviors. For example, bicycle infrastructure, one of the

physical-environmental factors, influences an individual’s attitudes and behaviors
with respect to bicycling; because bicycle infrastructure affects travel time, safety,

enjoyment, and other related bicycling experiences, it has an important influence on
whether or not people decide to bicycle. In turn, increasing individual bicycling
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would help generate a supportive physical environment.

While individual factors are important in explaining bicycling behaviors

(Handy et al., 2010), aspects of the physical environment also are important,

including the distance to destinations as determined by land use patterns in

transportation bicycling, and the presence of a network of off-street bicycle paths

for both transportation and recreational purposes (Handy et al., 2010).

All of these are useful pieces of evidence that directed the research and

analysis in the next few chapters.
Individual factors

Social-environment
factors

Bicycling behavior

Physical-environment
factors

Figure 1. Conceptual model (Handy, Xing, & Buehler, 2010)
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Approaches to Measure People’s Attitudes about Bicycling and Other Urban
Issues
Because people’s attitudes about bicycling and other urban issues are

complex, an analysis of those attitudes is necessary and helpful in understanding

people’s perceptions. Moreover, social networking provides good tools for exploring
people’s attitudes, because of how much they share. I will use data from Twitter,

because Twitter has 320 million monthly active users and supports more than 35
languages (Twitter.com, 2015). Thus, this large number of users will provide a

sufficient sample size for exploring and analyzing attitudes. In the article “You are
what your friends eat,” the authors use social media data to track attitudes and

explore changes in eating behavior and body weight (Adam, Chris, & Annik, 2011).
This is a good example and provides evidence to show that social media are a
powerful tool to identify people’s attitudes and for research.

People’s attitudes may be measured by either qualitative or quantitative

methods. Qualitative methods are powerful tools to explore such complex issues
because they allow investigation of an individual’s own explanations of their

behavior and attitudes (Beirao & Cabral, 2007; Clifton & Handy, 2001). Qualitative
methods include participant observation, direct observation, unstructured

interviews, and case studies.

11

Quantitative approaches have the advantage of measuring the responses of

many subjects to a limited set of questions, and thus allow comparison and
statistical aggregation of the data (Patton, 1990).
Qualitative Case Study

One qualitative study addressed travelers’ attitudes about transport (Beirao

& Cabral, 2007). They used in-depth interviews of 24 individuals who ranged from

18 to 70 years of age and conducted a comparative analysis of the respondents’
demographics (e.g., work status, car status, and income level).
Quantitative Case Study

In contrast, a quantitative study by Grabow (2013) presented predictors from

urban design and used them to model commuting behavior. The author developed
the “active transportation index” (ATI) by using data from surveys and geographic
information system (GIS) sources.

A brief description of these studies will be helpful in demonstrating the

methodology employed in this thesis. The thesis combined both of these methods

and included data collection, quantitative analysis by SPSS, and spatial analysis by

GIS.

Findings and Conclusions
Thus far, the literature has shown that the benefits of bicycling cannot be
12

ignored, but that there are significant shortcomings in urban bicycle planning at
present. Data from Twitter will be useful in obtaining feedback from current
bicyclists, and suggesting options that will facilitate bicycle planning.

Further, individual, social-environmental, and physical-environmental factors

all affect people’s attitudes, which provided strong support for the purpose of this
thesis, to evaluate how bicycling facilities and city cycling planning influence
people’s attitudes and behaviors through a case study in Washington, DC.

Moreover, the literature related to the various methodologies used to assess

attitudes and urban issues was helpful in the selection of the methods used in this

thesis. Ultimately, I concluded that a mixed quantitative and qualitative design would
be an ideal way to address the hypotheses and perform the analyses.
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Chapter 3: Overview of Current Bikeability in Washington DC
Description
The primary focus of this study was an exploration of the relationship

between people’s attitudes about biking and bicycling facilities and city cycling

planning in Washington DC. In preparation for the remainder of the analyses, I first

conducted a bikeability analysis in Washington DC using GIS data.

The data for this analysis were derived from four main resources that

contributed to six individual maps. The main goals of this analysis were to obtain an
overview of bikeability in Washington DC in a map format that makes the results

easy to interpret. Further, this analysis identified the best aspects of six indices

separately and represented the highest biking score area as maps as well. Moreover,

parts of these maps were used in data collection and the statistical analyses.

The physical environment is an important variable in explaining bicycling

behaviors, particularly the distances to destinations as determined by land use

patterns for transportation bicycling, and the network of off-street bicycle paths for
bicycling for both transportation and recreational purposes (Handy et al., 2010).

According to the empirical evidence from the opinion survey, and travel behavior
analyses, four main domains combined to identify bikeability: bicycle facilities,
street connectivity, topography, and neighborhood land use (Megan, Michael,
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Eleanor, & Kay, 2012).

Thus, based on this evidence and the references, I used six physical

environment factors in this analysis to evaluate bikeability in Washington DC: bike

trails, signed bike routes, Capital Bikeshare locations, hilliness, destination density,

and intersection density. This resulted in individual maps for the six factors, after

which I calculated an overall score (scale of 1 to 5, with 5 the highest) to identify the

best biking areas in Washington.

The reasons for using the Capital Bikeshare locations should be mentioned

here. The Capital Bikeshare location is organized by the Capital Bikeshare (CaBi)

system, which has operated since 2010 as a public-private partnership with Alta

Bicycle Share, and is a bicycle sharing system that provides service in Washington

DC, and in some cities in Virginia and Maryland. This system has more than 300

stations and 2,500 bikes, all of which are owned by local governments (Capital

Bikeshare, 2016). This system improved the development of bicycle transportation

and enhanced people’s attitudes about biking as well. Therefore, I used the Capital

Bikeshare locations as one of the factors to evaluate bikeability in Washington DC.

Data Resources

In this analysis, four main data resources were used to construct six

individual maps: DCGIS open Data (opendata.dc.gov), ReferenceUSA, Social
15

Explorer, and census.gov. The DC Open Data is a program that belongs to the Office
of Open Government (OOG), an independent office under the Board of Ethics and

Government Accountability (BEGA) charged with advancing open governance in the

District of Columbia. All of the data from GOS Open Data are updated and added to at
regular periods, so that the data used in this analysis were all recent. The original

data on the distribution of bike trails and signed bike routes, Capital Bikeshare

locations, and spot locations were downloaded as shapefiles (.SHP) directly from the
DC Open Data website.

The data used to make destination density maps were drawn from

ReferenceUSA. The research focused on two groups (retail trade and services)

among major industry groups that encompass over ten categories. In these two

groups, I selected reasonable destinations within the retail trade, such as grocery

stores, meat and fish markets, and fruit and vegetable markets; within the category

of services, colleges and universities, libraries, schools, and educational services

were selected (Appendix I). After filtering the results, I downloaded the data with

longitude and latitude columns, and then processed them in GIS. In addition, other

useful data from Social Explorer and census.gov were downloaded directly as .CRV
files or Shapefiles in preparation for the next steps in the analyses.
Primary Methods
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The primary steps used to produce different maps differed slightly, and are

summarized in the following table.
Factors

Methods

Destination Density Score

Line data from M Drive in GIS Lab operated by
Tufts University were calculated with the
“intersect” tool, and then the results were filtered
with “Selection” when more than two lines
intersected (ICOUNT>=3); I then processed the
layers created in the previous steps with the
“Point Density” tool to rank proximity to existing
intersection points.

Intersection Density
Score

Hilliness Score

Signed Bike Routes Score

Capital Bikeshare
Location Score
Bike Trail Score

Overall Biking Score

Point data from ReferenceUSA were processed
with the “Display XY Data” and “Point Density”
tools to rank proximity to existing destinations

Spot elevation data were processed with the IDW
interpolation and Slope tools to rank hilliness.
A line shapefile was processed with the Line
Density tool to rank proximity to existing signed
bike routes.

Point shapefiles of Capital Bikeshare locations
were processed with the Point Density tool to rank
proximity to existing Capital Bikeshare locations.
A line shapefile of bike trails was processed with
the Line Density tool to rank proximity to existing
bike trails.
“Raster Calculator” was used to calculate the
biking score overall by the six factors described
above, which were given equal weights (100/6).

Table1. Steps in producing score maps
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Results and Analyses
A comparison of Figures 1 to 6 shows that there was no clear pattern among

the maps of these six factors. The highest score for destination density was located

in central Washington DC, and decreased gradually around that area (see Figure 2).

Most of the area in the map is green, which indicates that in Washington DC, most

areas have low scores. Thus, from the perspective of destination density, except in

the central area, most areas of Washington DC are not suitable for biking.

Figure 2. Destination density scores
There also was no clear pattern in the map of intersection density (see Figure
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3). The red area on the map had the highest score, and most of the red areas were

located in central Washington. In addition to these red areas, one can see some

dense orange areas on the map. Most areas on the map are yellow, which indicates

that most areas in Washington DC have scores of 3 or higher. From the point of view

of this factor, Washington DC is suitable for biking.

Figure 3. Intersection density scores
Figure 4 indicates the hilliness score, which was higher than the other

factors; nearly half of the areas were red, and most parts of Washington were yellow,

orange, and red. Therefore, when we consider only hilliness as the factor in
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evaluating bikeability, the bikeability in Washington DC is positive and strong.

Figure 4. Hilliness scores
Compared with other factors described before, the map of signed bike routes

was different (see Figure 5), and the trend in the density was consistent with the

signed bike routes. Most areas in Washington DC have a low score, indicating that, in

general, there are few signed bike routes in Washington.

20

Figure 5. Signed bike routes scores
In Figure 6, the area with the highest score was located in central

Washington, and was similar to the map of destination density scores. Generally, the

Capital Bikeshare locations are distributed centrally, with fewer locations outside
the central area.
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Figure 6. Capital Bikeshare location scores
Similar to the map of signed bike routes, the trend in density was consistent

with the bike trail distribution (see Figure 7), with the high-density area located

around the edges of the Washington DC boundary.
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Figure 7. Bike trail scores
In evaluating the biking scores, I used all six factors in the following formula:

Biking Score= Destination Density Score * (100/6) + Intersection Density Score *

(100/6) +Hilliness Score *(100/6) +Signed Bike Routes Score*(100/6) + Capital Bike
Share Location Score*(100/6) + Bike Trail Score*(100/6). The best biking areas were
adjacent, and biking scores between 3 and 5 were located primarily in central

Washington. Compared to the individual maps of the other six factors, the

destination density score and Capital Bikeshare location scores followed a pattern

similar to the biking scores (see Figure 8).
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Figure 8. Biking scores
To explain this more deeply and to give a better understanding, I use

population density as the reference in Figure 9. The top left-hand map shows the

population density in Washington DC. The red areas have a high population density
and the green areas have a low population density. The top right-hand map is

overlaid with the census tract number. We can see that the highest population

density areas are located in Census Tracts 50.02, 37, 28.02, and 28.01. Furthermore,

another seven of the second highest population density areas are located adjacent to
the highest population density areas. The map on the bottom of the figure is a biking
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score map overlaid with the census tract number. The best biking area is in Census
Tract 107 and adjacent areas. Although Census Tract 107 has a low population

density, the surrounding areas have a high population density. To conclude, the

higher population density areas do not exactly match the best biking areas, but they

are closed.

25

Figure 9. Biking Scores with Census Tract Overlay
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Figure 10 shows the census tract number overlaid on a Washington DC street

map. The highlighted area is Census Tract 107, which is at the core of the best biking

area in DC. It is easy to observe that the White House is adjacent to Census Tract 107
and that George Washington University is located in Census Tract 108. There is lots
of green space surrounding the best biking areas. To conclude, there are lots of

suitable spaces for biking around the best biking areas, such as the university and
parks.

Figure 10. Street Map with Census Tract Overlay

27

Chapter 4: Methodology
As mentioned in the previous chapters, the final primary purpose of this

study was to investigate people’s attitudes about bicycling in urban areas in

Washington DC. In order to collect these data, I used the following method, based on

the Tufts Urban Attitudes lab (UAL), a research team affiliated with the department
of Urban and Environment Policy and Planning at Tufts University, directed by Dr.

Justin Hollander. Those methods described below are correlated closely, and should
be considered together.
Data Collection

In order to collect and filter the micro-blog data, I used a computer program

developed by the UAL to collect data from the Twitter Streaming API. This program

collects and indexes a continuous stream of Tweets available publicly, which total

less than 1% of all Tweets generated at a given location (Hollander, Graves,

Levanthal, 2014). Geotagged Tweets were collected from March 3 to April 10, 2015

(total of 13 .CSV files). Figure 11 shows a small set of sample Tweets as displayed

within UAL that were exported to Excel in the .CSV file format. Column A is the

Twitter ID, column B is the user’s ID, column C is Tweets, columns D and E display
longitude and latitude, and column F is the time the Tweets were posted.
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Figure 11. Sample Tweets from Washington DC
All 13 .CSV files included more than 400,000 rows of data, and thus, it was

necessary to select only those Tweets related to “biking.” Therefore, all data were
filtered by the following key words: bike; bicycling/cycling; biking; bicycle;

cyclists/bicyclists; bike facilities; bike infrastructure; bikeability/bikeabilities.

Ultimately, 366 data points were obtained. Further, I collected the same number of

randomly selected data points (366) from the original data, except the 366 Tweets

about biking selected previously. This helped compare people’s attitudes about

biking to that about other subjects.

The location of all 366 Bike-focus sample Tweets and 366 random sample

Tweets was determined by longitude and latitude; Twitter has a setting that users can
turn on or off to post the geolocations of their Tweets. Thus, I used ArcGIS to geolocate

all Tweets (see Figure 12). The green dots shows the Bike-focus samples, and the red

dots are random samples. From the figure 12, we cannot observe any strong patterns
of distribution for both bike-focus samples and random samples, and these tweets
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just posted everywhere in Washington DC. The Figure 13 and 14 shows the example

of the Bike-focus tweets and random sample tweets in excel file (detailed excel file in
Appendix II). In Figure 13, we can see people talked about “bike” in many ways, such

as someone complained drivers, and someone expressed their love of biking.

Figure 12. Geolocation of Tweets in Washington DC (Random sample and Bike-focus
sample of Tweets)
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Figure 13. Example of bike-focus sample Tweets from Washington DC

Figure 14. Example of random sample Tweets from Washington DC
Sentiment Analysis
Once I collected all of the “biking” Tweets, I conducted a sentiment analysis

using SentiStrength, which uses a set of Tweets and processes the dataset line by

line to match words in a sentiment dictionary, after which it assigns either a positive

or negative score to each Tweet.

SentiStrengh is available in ten languages, among them English, Arabic,

French, Greek, Italian, Persian, Polish, Portuguese, and Swedish, and it is possible to

apply Tweets in each language to the same scale. This software also can apply

certain emoticons, such as “:(“, “:)”, “^_^” and “<3.” This lexicon has been used in a

number of peer-reviewed articles and multiple studies and projects, and thus is
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respected academically (Thelwall, Buckley, & Paltoglou, 2011; Pfitzner, Garas, &
Schweitzer, 2012; Garas, Garcia, Skowron, & Schweitzer, 2012).

For each Tweet, SentiStrength (2016) reports negative emotion scores from -

1 (not negative) to -5 (extremely negative), and positive emotion scores from 1 (not
positive) to 5 (extremely positive). For the purposes of this study, I used positive,

negative, and overall emotion scores, and analyzed them separately; the overall

score was equal to the sum of the positive and negative scores. Figure 15 shows an

example of the sentiment score for a single Tweet; the overall score for this sample
would be 1, because the positive emotion score was 2, and the negative emotion

score was -1. When a large number of data are processed, the software creates a .txt
file with the same concept as the example. To begin the sentiment analysis, I used
SentiStrength to process the data needed, and exported them to a .txt file. Then, I

modified it as an Excel file (see Figure 16) to prepare for the next statistical analyses.
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Figure 15. Example of the sentiment analysis for a single Tweet

Figure 16. Example of sentiment analysis for Tweets after modification
While this method is the best way to process large amounts of data, it does

have several weaknesses. Firstly, although this software can be applied in ten

languages, the number of words in each lexicon in the software differs. For example,
there is a total of 1,964 words in the Portuguese lexicon, of which 1,627 words

(83%) are negative (SentiStrength, 2016). By comparison, 2,476 words were found

in the English lexicon, and 1, 585 (64%) of those were negative (SentiStrength,
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2016). Although these biking data all used English, some of the random data

selected used other languages. Further, emoji (see Figure 17) have become more and

more popular in social media, but SentiStrengh does not yet have a lexicon of emoji.

In addition, the software can perform a sentiment analysis on only 122 emoticons;
therefore, it has limited ability to test the remainder of the emoticons used. Thus,

these weaknesses might have influenced the outcome of the sentiment analysis.

Figure 17. Examples of Emoji
ArcMap
I used ArcMap to connect the sentiment scores and six physical environment

factors: destination density; intersection density; hilliness; signed bike routes;

Capital Bikeshare locations, and bike trails. The main purpose of using this method

was to be able to input the geolocation of the Tweets into the maps, and to view the
number of Tweets located in the areas identified; these results also were combined
with the sentiment scores to prepare for the next part of the analysis. The table
below presents a simple explanation:

34

Factors
Signed
bike
routes,
Capital
Bikeshare
locations,
& Bike
trails

Methods
1)
2)

3)
4)

5)
6)
7)

Destinatio
n density,
Intersectio
n density,
& Hilliness

1)
2)

3)
4)

5)
6)

Imported geolocation Tweets into the ArcMap file

Imported line/point shapefile about signed bike routes/ Capital
Bikeshare location/bike trail from DCGIS Open Data

Created four buffers and a line or point shapefile: 0.05 mile, 0.1
mile, 0.15 mile, and 0.2 mile
Selected points located within the 0-0.05, 0.05-0.1 mile, 0.10.15 mile, and 0.15-0.2 mile buffers (see examples in Figures
18 & 19) within Washington DC, and 0.2 mile was the bikeable
distance
Exported results as .txt file

Modified .txt file and saved as Excel file:

Provided the distance score for all points: 1 for points located
within 0-0.05 mile, 2 for points within 0.05-0.1 mile, 3 for those
within 0.1-0.15 mile, and 4 for those within 0.15-0.2 mile.
Imported geolocation Tweets into the ArcMap file

Imported shapefile of destination density score/intersection
density score/hilliness score created from bikeability analysis
(Chapter 3)
Transferred raster to polygon

Selected points located in score areas 1 to 5 individually within
Washington Exported results as .txt file
Modified .txt file and saved as Excel file:

Provided the scores for all points: 1 for points located in area 1,
2 for points in area 2, 3 for points in area 3, and 4 for points in
area 4.

Table 2. Methods of creating distance/value score variables
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A distance/value score was calculated to create an independent variable for

quantitative analysis.

Figure 18. Example of creating buffers with line shapefile (signed bike routes)

Figure 19. Example of creating buffers with points shapefile (Capital Bikeshare
locations)
Statistical Analyses
Based on all data collected, I performed a sentiment analysis, and used
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ArcMap to create the independent variable. Then, I began the analysis using the

general-purpose statistical software, STATA.

Firstly, I used the summarizing tool to obtain detailed summary statistics and

tables that were constructed to compare positive and negative sentiment scores

across the various distances/values to determine whether there were noticeable

differences in the scores across these categories. Moreover, I used the graphic tool to
create histograms used to evaluate the sentiment scores visually for trends across

the distance/value measures. Moreover, a series of Chi-squared and Kruskal Wallis

tests was used to explore whether the differences were statistically significant. In
addition, Spearman correlations were used to explore the statistical relationship

between variables. Finally, a univariate linear regression model was performed to
explore the linear relationship between the sentiment scores and the six physical

environment variables.

37

Chapter 5: Results and Analyses
In this chapter, I first present the results of the comparison between all data

collected related to biking and the data selected randomly from all original data.

Then, I present the analysis of the sentiment scores for the six individual physical

environment variables in several ways. Finally, I describe the results of a linear

regression used to test the relationship between the sentiment score and those six

variables.

Section 1: Biking data vs. Random data
The purpose of comparing bike-focus sample Tweets and random sample

Tweets was to determine whether people’s attitudes about biking were below or

above a standard level. Thus, because the original database was large, I selected
another 366 Tweets from over 450,000 Tweets. The results of the data selected

randomly from the original database represented the sentiment level of all Tweets.

Table 3 shows the comparison between these two datasets. The mean score

of the random sample overall was -0.44, and the mean of the biking sample was 0.26.

Thus, people’s attitudes about biking were positive and higher than the sentiment
level of all Tweets.
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Random sample Tweets

Bike-focus sample Tweets

Positive

Negative

Positive

Negative

score

score

score

score

1

-1

1

-1

Overall

emotional emotional score
Observation 366
Median
Mean
Standard
deviation

1.44
0.69

366

366

-1.49

-0.44

0.85

0

1.10

Overall

emotional emotional Score
366

1.54
0.74

366

366

-1.28

0.26

0.61

0

0.94

Table 3. Sentiment analysis results: Random sample Tweets vs. bike-focus sample
Tweets
Section 2: Six factors analysis
•

Bike Trails
Figure 20 shows that nearly half of the Tweets posted were within 0-0.05

mile of a bike trail, while only 8 Tweets were located between 0.1-0.15 mile from a

bike trail. The figure shows no clear trend in the relationship between the number of

Tweets posted and the distance to a bike trail. Further, because the total data sample

is 366, and we can calculate that only 67 of the Tweets were posted within the

distance identified, 299 Tweets were posted more than 0.2 miles from a bike trail.
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Figure 20. Distribution of geolocated Tweets by bike trails
Table 4 shows the detailed statistical summary of sentiment scores based on

the distance to a bike trail. The mean of the sentiment scores overall for all four

distance ranges was greater than 0, which indicates that people’s attitudes about

biking on bike trails in Washington are positive. However, there was no specific

pattern in those numbers.
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Distance

0-0.05
mile
0.05-0.1

Mean

Standard deviation

Positive

Negative

Overall

Positive

Negative

Overall

1.47

-1.41

0.06

0.62

0.71

1.00

1.62

-1.25

0.38

0.92

0.46

0.92

1.36

-1.36

0

0.67

0.50

1.00

score
1.58

score

-1.16

Score
0.42

score
0.84

score
0.37

score
0.89

mile
0.1-0.15
mile
0.15-0.2
mile
Table 4. Sentiment analysis results: Sentiment scores and distance from bike trails
In order to understand the extent of the association between the

independent and dependent variables, we must look at the correlations in Table 5.

The hypotheses were that there is no association between the dependent and

independent variables, respectively, and the null hypothesis was rejected at p<0.05.
The p-values between the following variables were all greater than 0.05:

“distance” and “positive score,” “distance” and “negative score,” “distance” and

“overall score,” and “negative score” and “positive score,” which indicates that they

were not statistically significant associated with each other. In addition, the p-value

was 0.17 between the “negative score” and “distance,” and although it was greater

than 0.05, it can be considered only marginally significant. Thus, this suggests that

there was a very slight inverse relationship between “distance” and “negative score.”

Several measures had a p=0: “overall score” and “positive score,” and “overall
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score” and “negative score;” further, their r-values all were greater than 0.5,

indicating that there was a very high and positive relationship between “distance”
and “positive score” and “negative score.”
1

1.distance
2. positive score

3. negative score

4.overall score

r=1.00

2

3

r=-0.07
p=0.60

r=1.00

r=-0.17
p=0.17

r=0.00

p=0.10

r=1.00

r=-0.15

r=0.80

r=0.57

p=0.23

p=0.000

p=0.000

4

r=1.00

Table 5.Correlation between distance to bike trail and sentiment scores
•

Capital Bikeshare Locations
Figure 21 shows that a total of 207 Tweets was posted within 0.1 mile of

Capital Bikeshare locations, and 111 Tweets were within the range of 0.05 to 0.1

mile. Only 40 Tweets were within 0.1 to 0.15 miles, and 19 Tweets were within 0.15

to 0.2 mile. Moreover, 266 (73%) of the 366 Tweet samples were located within 0.2

mile of a Capital Bikeshare location. Thus, over 70% of Tweets were posted within

the range identified, and 111 (30%) were located in the 0.05 to 0.1 mile range.

Figure 16 does not show any trend in the distribution of Tweets, and we can say only

that over 50% of Tweets (207) were posted within 0.1 mile of a Capital Bikeshare
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location.

Figure 21. Distribution of geolocated Tweets by Capital Bikeshare locations
Table 6 indicates that the means of the overall scores were positive in the

following distance ranges: 0-0.05 mile, 0.05-0.1 mile, and 0.15-0.2 mile, while the

mean of the overall score was negative between 0.15 mile and 0.2 mile from a

Capital Bikeshare location. This suggests that people’s attitudes were positive in

posts within 0.15 mile of these locations; however, beyond a distance of 0.15 mile,

people’s attitudes became negative. Because of the limitations of this study, we do

not have any data for distances over 0.2 mile, and thus this result has possible to be

inaccurate.
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Distance

0-0.05
mile
0.05-0.1

Mean

Standard deviation

Positive

Negative

Overall

Positive

Negative

Overall

1.50

-1.18

0.32

0.75

0.49

0.82

1.55

-1.20

0.35

0.64

0.52

0.89

1.11

-1.32

-0.21

0.32

0.58

0.54

score
1.69

score

-1.34

score
0.42

score
0.85

score
0.37

score
0.89

mile
0.1-0.15
mile
0.15-0.2
mile
Table 6. Sentiment analysis: Sentiment scores and distance from Capital Bikeshare
locations
Table 7 indicates that the p-value exceeded 0.05 for the following: “negative

score” and “distance,” “overall score” and “distance,” and “positive score” and

“negative score,” indicating that there was statistically insignificant association
between them.

However, the p-value between “positive score” and “distance” was less than

0.05 (p=0.03), and they had a low association (r=0.14). Further, there was a

significant inverse association between the positive sentiment score and distance to
a Capital Bikeshare location. Thus, an increase in the distance to a Capital Bikeshare
location decreased the positive sentiment score. In addition, there was a strong,
positive association between “overall score” and “positive score,” and between

“overall score” and “negative score.”
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1
1. Distance
2. Positive score

3. Negative score

4. Overall score

r=1.00

2

3

r=-0.14
p=0.03

r=1.00

r=0.08

p=0.21

r=0.03

p=0.65

r=1.00

r=-0.08

r=0.81

r=0.57

p=0.20

p=0.000

p=0.000

4

r=1.00

Table 7. Correlation between distance to Capital Bikeshare locations and sentiment
scores
•

Signed Bike Routes
Figure 22 indicates that 72 Tweets were located in the 0 to 0.05 mile distance

range, 32 were located between 0.05 to 0.1 mile, 16 were located between 0.1 to

0.15 mile, and 65 were located between 0.15 to 0.2 mile from a signed bike route.

There was no significant or clear pattern in the relationship between distance and
the number of Tweets. Further, 185 (51 %) of all Tweets were located within 0.2

mile of signed bike routes.
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Figure 22. Distribution of geolocated Tweets by signed bike routes
Table 8 shows that the means of the overall scores in all four distance ranges

did not follow any specific pattern. Within the distance range of 0 to 0.05 mile and
0.15 to 0.2 mile, the means of the sentiment score overall were positive (0.42 and

0.35). Between 0.05 mile to 0.1 mile, the mean of the score overall was 0, indicating

that people had neutral attitudes and no preference in biking when only the factor of

signed bike routes was considered. However, for the distance range of 0.1 to 0.15

mile, the mean of the overall sentiment became negative (-0.125), which suggests

that people’s attitudes were negative overall with respect to biking in this distance
range.
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Distance

0-0.05
mile
0.05-0.1

Mean

Standard deviation

Positive

Negative

Overall

Positive

Negative

Overall

1.41

-1.41

0

0.61

0.84

0.98

1.13

-1.25

-0.125

0.50

0.45

0.72

1.58

-1.23

0.35

0.70

0.49

0.92

score
1.61

score

-1.19

score
0.42

score
0.85

score
0.49

score
0.98

mile
0.1-0.15
mile
0.15-0.2
mile
Table 8. Sentiment analysis: Sentiment score and distance to signed bike routes
Table 9 shows the results of the correlations between distance to signed bike

routes and the three dependent variables. From the table, we can see that the p-

value was clearly insignificant between the following variables: “distance” and

“positive score,” “distance” and “negative score,” “distance” and “overall score,” and

“positive score” and “negative score.” Thus, there was no statistically significant

association between the variables listed above. Two sets of data in the table had p-

values less than 0.05: “positive score” and “overall score,” and “negative score” and
“overall score.” These had a strong positive association.
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1
1. Distance
2. Positive score

3. Negative score

4. Overall score

r=1.00

2

3

r=-0.00
p=0.98

r=1.00

r=-0.04
p=0.60

r= 0.05
p=0.52

r=1.00

r=-0.03

r=0.83

r=0.56

p=0.71

p=0.000

p=0.000

4

r=1.00

Table 9. Correlation between distances to signed bike routes and sentiment score
In comparing the three variables above, we can see that 67 of the Tweets

were posted within 0.2 mile of bike trails, 111 Tweets were within 0.2 mile of Capital
Bikeshare locations, and 185 Tweets were located within 0.2 mile of signed bike

routes. Thus, more people Tweeted close to signed bike routes, and fewer people
Tweeted close to bike trails.
•

Intersection Density

Figure 23 indicates that 184 (52%) of the total Tweets posted were located in

an area where the intersection density score was equal to 3. The second highest

number of Tweets (67) was distributed in areas with a score of 2. There were 56

Tweets in score 1 areas, 33 Tweets in score 4 areas, and 13 Tweets in score 5 areas.

In addition, 353 Tweets were posted in score areas 1 to 5, and only 13 Tweets were

posted outside those signed areas. Thus, almost all Tweets were located in signed

score areas 1 to 5. Moreover, there was no clear trend in the distribution of these
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Tweets and intersection density scores.

Figure 23. Distribution of geolocated Tweets by intersection density
Table 10 shows that the means of the overall scores in all five identified areas

were positive. Thus, considering intersection density alone, people’s attitudes about

biking were positive. However, although the mean of the overall score for area 5 was
positive, it was significantly lower than the others (mean= 0.08), suggesting that

people’s attitudes in this area were close to neutral. Moreover, there was no clear

pattern among those numbers in the five areas.
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Intersection
Score

Mean

Standard deviation

Positive

Negative

Overall

Positive

Negative

Overall

2

1.39

-1.24

0.15

0.67

0.55

0.89

3

1.63

-1.26

0.37

0.81

0.61

1.00

4

1.45

-1.27

0.18

0.67

0.57

0.85

5

1.31

-1.23

0.077

0.63

0.44

0.76

1

score
1.57

score

-1.23

score
0.34

score
0.63

score
0.50

score
0.67

Table 10. Sentiment analysis results: Sentiment and intersection density scores
Table 11 shows the correlations between the intersection density scores and

the three independent variables: positive score, negative score, and overall score.

The p-value between the following variables far exceeded 0.05: “intersection density

score” and “positive score,” “intersection density score” and “negative score,”

“intersection density score” and “overall score,” and “positive score” and “negative

score.” Thus, these variables were not statistically significant associated.

However, two sets of data in the table had p-values less than 0.05: “positive

score” and “overall score,” and “negative score” and “overall score.” Therefore, they

were associated strongly and positively.
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1
1. Intersction density score
2. Positive score

3. Negative score

4. Overall score

r=1.00

2

3

r=-0.06
p=0.92

r=1.00

r=-0.01
p=0.82

r= -0.03
p=0.59

r=1.00

r=-0.01

r=0.81

r=0.53

p=0.85

p=0.000

p=0.000

4

r=1.00

Table 11. Correlation between Intersection density scores and sentiment scores
•

Hilliness
Figure 24 illustrates that 363 (99%) Tweets were posted in all five signed

areas. Thus, only 3 Tweets were posted outside these areas. 143 Tweets were posted

in score 1 areas, and 178 Tweets in score 2 areas; therefore, nearly 90% (321) of

Tweets were posted in these two areas. It is worth mentioning here that only 8 and 6

Tweets, respectively, were posted in score areas 4 and 5; this might affect the
sentiment analysis in the next part because of the small sample size.
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Figure 24. Distribution of geolocated Tweets by hilliness
Table 12 presents a detailed summary of the sentiment and hilliness scores.

There was no significant clear trend, although the means of the overall scores were

all equal to or greater than 0. The highest mean score overall, 1, occurred in score 5

areas. The means of the overall scores in areas 1, 2, and 3 were positive, indicating

that people’s attitudes about biking with respect to hilliness were positive in those

areas. In score 4 areas, the means of the overall score were 0, indicating that

people’s attitudes were neutral. As mentioned before, the samples for score 4 and 5

areas were very small; thus, the results might be erroneous.
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Hilliness
Score

Mean

Standard deviation

Positive

Negative

Overall

Positive

Negative

Overall

2

1.55

-1.21

0.34

0.75

0.52

0.88

3

1.5

-1.25

0.25

0.69

0.58

0.93

4

1.25

-1.25

0

0.71

0.46

0.53

5

2

-1

1

0.89

0

0.89

1

score
1.52

score

-1.37

score
0.15

score
0.73

score
0.73

score
1.03

Table 12. Sentiment analysis: Sentiment and hilliness scores
Table 13 shows the results of the correlations between hilliness score and the

three independent variables. There was statistically insignificant association

between “positive score” and “hilliness score,” and “negative score” and “positive

score,” because their p-values were 0.87 and 0.76, respectively.

Because the p-value for the hilliness and negative sentiment scores was 0.06,

it was marginally significant. However, their association was significant, as the r

value was 0.10. Further, the p-value between the “overall score” and “hilliness score”

was 0.20, which was marginally significant, indicating a weak relationship between

the two. The p-value was 0 between the “overall score” and “positive score,” and

“overall score” and “negative score,” indicating a strong, positive association

between the two.
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1
1. Hilliness score
2. Positive score

3. Negative score

4. Overall score

r=1.00

2

3

r=0.01

p=0.87

r=1.00

r=0.10

p=0.06

r=-0.02
p=0.76

r=1.00

r=0.07

r=0.80

r=0.56

p=0.20

p=0.000

p=0.000

4

r=1.00

Table 13. Correlation between hilliness scores and sentiment scores
•

Destination density
Figure 25 shows no straightforward pattern in the results, as the Tweets

were posted randomly in the five categories. A total of 175 Tweets was posted in

score 1 destination density areas, and 113 Tweets were posted in score 3 areas. Only

a few Tweets were located in score 2, 4, and 5 areas compared to the other two areas
(34, 14, and 16). Thus, nearly all of the Tweets (352) were posted in the areas

identified.
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Figure 25. Distribution of geolocated Tweets by destination density
Table 14 shows that the means of the overall sentiment scores were positive

in score areas 1, 2, 3, and 4, and all four were similar. Thus, we can conclude that,

with respect to destination density, people’s attitudes about biking were similarly

positive in those score areas. The mean of the overall sentiment score was negative
in score area 5, indicating that people’s attitudes about biking became negative at

that destination density.

55

Destination
density Score

Mean

Standard deviation

Positive

Negative

Overall

Positive

Negative

Overall

2

1.5

-1.18

0.32

0.82

0.45

0.88

3

1.6

-1.26

0.34

0.75

0.65

0.96

4

1.57

-1.14

0.43

0.85

0.36

1.02

5

1.25

-1.375

-0.125

0.44

0.62

0.89

1

score
1.54

score

-1.26

score
0.28

score
0.73

score
0.55

score
0.88

Table 14. Sentiment analysis: Sentiment and destination density scores
Table 15 presents the correlations between the destination density scores

and the three categories of sentiment scores. The p-value was extremely high

between the following variables: “destination density score” and “positive score,”
“destination density score” and “negative score,” “destination density score” and

“overall score,” and “positive score” and “negative score,” indicating that there were
no significant associations among them statistically.

Similar to all of the variables above, a strong association existed between

“overall score” and “positive score,” and “overall score” and “negative score.” The

reason for this was that the overall score was calculated by adding the positive and

negative scores, as mentioned in Chapter 4.
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1
1. Destination
density score
2. Positive score

3. Negative score

4. Overall score

2

3

4

r=1.00
r=-0.01
p=0.88

r=1.00

r=0.03

p=0.60

r=-0.03
p=0.57

r=1.00

r=0.00

r=0.81

r=0.53

p=0.99

p=0.000

p=0.000

r=1.00

Table 15. Correlation between destination density scores and sentiment scores
Section 3: Linear Regression
Table 16 shows the results of the regression between the sentiment scores

and the six individual independent variables. The hypothesis was that there is no

significant relationship between the dependent and independent variables. As the

table shows, most p-values were higher than 0.05, and thus, the null hypothesis was

accepted.

However, two p-values less than 0.05 are highlighted in the table. The p-value

between the hilliness and negative sentiment scores was 0.04, and thus, the null

hypothesis was rejected in that case. When the hilliness score increased by 1, the

negative sentiment score increased by 0.08, indicating that a higher hilliness score

reduced people’s negative attitudes about biking (detailed tables in Appendix IV).
The r-squared were very low in this case, and they were around 0.01 and 0.03
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shown in the table 16. It means the model explains only 1% and 3% of the response
data around their means.

There was another significant relationship between the distance to Capital

Bikeshare locations and the positive sentiment score. The p-value between them

was 0.01, and thus, the null hypothesis was rejected. When the distance to a Capital
Bikeshare location increased by 1 unit, the positive sentiment score fell by 0.14.

Thus, the greater the distance to a Capital Bikeshare location, the more negative
people’s attitudes about biking (detailed tables in Appendix IV).
Six
independent
variables

Intersection
density score
Destination
density score
Hilliness score

Distance to
signed bike
routes
Distance to
Capital
Bikeshare
locations
Distance to bike
trail

p-value

Positive score
0.92

Negative score
0.76

Overall score
0.78

0.68

0.04
coeff.=0.82
R-squared=0.0119
0.87

0.10

0.69

0.72
0.01
coeff. =-0.14
R-squared=0.0280
0.53

0.91

0.69

0.71

0.31

0.12

0.26

0.25

Table 16. Results of linear regression between independent and dependent variables
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Chapter 6: Conclusions, Limitations, and Recommendations for Future
Research
In this concluding section, I will discuss the results of the research in light of

the research questions. I will also discuss the limitations of this study, and will make
recommendations for future relevant studies.
Conclusions

The first research question asked, “How is bicycling ability presented in

Washington DC?” To address the question, I used six indices to calculate bicycling
scores in Washington: intersection and destination density, hilliness, bike trails,

signed bike routes, and Capital Bikeshare locations. I was unable to provide specific
scores for the whole city, but by using these six individual factors and processing

ArcMap, I found that the best biking areas were adjacent, and were located primarily

in the central areas of the city.

The second research question was, “What are people’s attitudes (positive or

negative) about bicycling in Washington?” and the answer overall was “positive.” As

Chapter 5 mentioned, by comparing the biking data to random data, the sentiment
scores for biking data were positive and higher than were those for random data.

Based on the results presented in Chapter 5, I concluded that people’s attitudes
towards biking in Washington are positive.

The last research question asked, “Is there a relationship between people’s
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attitudes, the bicycling index (cycling infrastructures, hilliness, desirable amenities,
and road connectivity), and locations where people talk about bicycling?” Because
the answer is complex, I will describe it specifically as follows, based on the six

biking indices. Firstly, there was no clear pattern between people’s attitudes and the
distance to bike trails and signed bike routes. Further, the results showed no

relationship between people’s attitudes and different scores for intersection and

destination densities.

However, the analyses did demonstrate some significant relationships. The

linear regression showed relationships between the hilliness score and negative

sentiment scores, and distance to Capital Bikeshare locations and positive sentiment

scores. When the hilliness score increased by 1, the negative sentiment score

increased by 0.08, indicating that a higher hilliness score reduced people’s negative
attitudes about biking. Another set of data were related to the distance to Capital

Bikeshare locations and positive sentiment scores. When the distance to Capital

Bikeshare location increased by 1 unit, positive sentiment scores fell by 0.14,

suggesting that greater distances to Capital Bikeshare locations reduced positive

attitudes.

Thus, the answers to the research questions were relatively conclusive.

However, these results could be improved further by optimizing the whole process. I
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discuss the limitations of this study in the next section.
Limitations
•

Data collection
Some limitations in the process overall included the ways in which the data

were collected, as well as the statistical analyses, either or both of which may have

influenced the outcomes of the study.

The first limitation relates to data collection. Firstly, I collected Twitter data

for only 5 weeks. Thus, the sample size was not sufficiently large to be

representative. In addition, all of the data collected were from Twitter, and

contained words and emoticons only. Therefore, some pictures, videos, and emoji

were not considered and applied in the sentiment analysis. Further, within the small

sample size (366), some samples came from one Twitter user. Thus, if a user was

overrepresented, some elements of his/her personality may have biased the data.

For example, if a user was a negative person, s/he might be likely to complain about
everything, and thus, his/her Tweets might skew the results negatively, given that

the sample size was small already. The Figure 26 is the example of selected Tweets
from one users. I pick up user 46416755 as the example here. The user 46416755

posted 27 tweets during 5 weeks about biking, and the mean of positive score from
these tweets is 1.52, and the mean of negative score from these tweets is -1.19.
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Based on these evidences, the attitudes of user 46416755 is tend to positive, and
have possible to influence the results.

Figure 26. Example of Bike-focus sample Tweets from one user
Another limitation resulted from setting the distance variable. Further, when

I created buffers on the bike trail map, Capital Bikeshare location map, and signed

bike routes map, I created four buffers from 0 to 0.2 mile, and thus, only partial data
were included in the statistical analyses. For example, four buffers were created for

bike trails, and only 67 Tweets were posted within 0.2 mile, while 299 samples
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(81%) were not controlled in this case. Consequently, these data collection and

modification methods would have affected the accuracy of the results.

Moreover, as mentioned previously, only 67 Tweets were posted within 0.2

mile from bike trails, 111 Tweets were posted within 0.2 mile from a Capital

Bikeshare location, and 185 Tweets were posted within 0.2 mile from signed bike

routes. Therefore, different sample sizes were used in the sentiment analysis and
statistical analyses, and the sample size was reduced further by filtering. These

factors also may have biased the results.

When I made the bicycling score map in Chapter 3, I gave six physical

environmental factors equal weights when calculating the score, which may have

affected the map’s accuracy.

Finally, I used longitude and latitude to geolocate Tweets, but the locations

where the Tweets were posted are not necessarily the same as the locations to

which the people were referring. For example, people may talk about a bike trail

when they are at home. The user’s location in this case would have been tracked as

his/her home address rather than the location s/he discussed. Although I faced this

limitation from the beginning, at present, there are no methods to address the

problem.
•

Methodology
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Some other methods used in this thesis have limitations as well. First, for

each set of data in the statistical analyses, there was only one independent and

dependent variable each. Therefore, I considered only one factor when I conducted
the statistical analyses, and fewer independent variables will create some biases in

the results.

Further, the software I used to obtain the sentiment score has limitations.

This software uses different scales for positive and negative words in different

languages. Although my biking data included only Tweets in English, the random

data included other languages. In addition, this software cannot be applied to mixed-

language Tweets, both of which factors might be reflected in the results.
Future recommendations

Although the study had some limitations, some suggestions and

recommendations can be offered. The first suggestion addresses future relevant
studies. Based on the limitations described above, future studies may be able to

overcome or minimize the limitations in this study. For example, adding more

physical environmental factors would address some of the potential biases in the
statistical analyses. The sample size also should be expanded considerably.

Moreover, identifying more relationships or including more factors in the analysis

would help cycling planners and policymakers make decisions in the development of
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biking.

In Chapter 5, I indicated that the distance to Capital Bikeshare locations was

related negatively to the positive sentiment score. Thus, it is clear that Capital

Bikeshare locations are very important to bicyclists in Washington DC. Some urban

areas have already implemented Capital Bikeshare location programs or similar

programs, and increasing the number of such programs might be a good strategy to
meet bicyclists’ needs. In cities that do not yet have such a program, planners can
begin to develop them as a good start in implementing effective bicycling plans.

Further, higher hilliness scores were found to have a statistically significant

relationship with peoples’ negative attitudes. While this analysis was limited and

many variables were not included, there may be an important relationship between
topography and bike user attitudes that deserves further exploration by local
government planners. But more than anything, the findings presented here

illustrate the remarkable power of social media data to shed light on urban policy
issues and help shape the way that planning can happen.
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Filter results in services
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Detailed excel file of 366 Bike-focus sample Tweets from Washington DC
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Detailed excel file of random sample of Tweets from Washington DC
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Appendix III

Detailed results of correlations between sentiment scores and hilliness
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Detailed results of correlations between sentiment scores and distance to bike trails
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Detailed results of correlations between sentiment scores and distance to Capital
Bikeshare locations
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Detailed results of correlations between sentiment scores and distance to signed bike
routes
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Detailed results of correlations between sentiment scores and intersection density
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Detailed results of correlations between sentiment scores and destination density
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Appendix IV

Detailed linear regression between sentiment scores and Capital Bikeshare locations

Detailed linear regression between sentiment scores and
hilliness
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