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Abstract

The rapid technological developments in the 21** century created new oppor-
tunities for shared-use economy applications around the globe. Among other
services, Transportation Network Companies (TNCs) like Uber and Lyft emer-
ged in the US as a transportation alternative that offered a higher level of
availability, reliability, and convenience than traditional modes. However,
TNCs deployment was also blamed for increases in vehicle miles traveled
(VMT) in large cities that embraced TNC services early on. Concerns about
TNC adoption are also magnified by the current controversy in policy and
legislation as to the regulation of TNCs. These new realizations create a need
to examine the transportation users’ attitudes and perceptions regarding ride-
hailing service, after nearly a decade of service in the Unites States market. In
doing so, this paper compares and contrasts results from two recently com-
pleted studies aiming at creating links between socio-demographic factors
and TNC use. The paper describes the methods employed to collect the data
and presents findings from the analysis of 790 users’ responses in the Bir-
mingham, AL and Miami Beach, FL markets. The study documents prefe-
rences and attitudes toward TNCs and highlights similarities and differences
in travel behaviors related to local considerations. Moreover, the study uses
the Least Absolute Shrinkage and Selection Operator (Lasso) method to iden-
tify predictors for TNC use based on the users’ responses in Birmingham and
Miami Beach case studies. Vehicle availability and waiting time emerged as
the only significant predictors for the Birmingham region whereas vehicle
ownership, vehicle use, residency, and prior use of transit and TNC where
some of the predictors identified for the Miami Beach area. Understanding
the characteristics of TNC users and the leading reasons that drive people
towards the use of TNCs services is expected to help transportation agencies
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and TNC providers in their efforts to plan for transportation services that
meet customer needs in the future.
Keywords

Transportation Network Companies (TNC), Ride-Hailing, Travel Behavior,
Mode Choice, Survey, Birmingham, Miami Beach

1. Introduction

Transportation Network Companies (TNCs) such as Uber and Lyft are smart-
phone app-based ride-hailing services that have grown rapidly over the past
decade. Such services match passengers with drivers using online enabled plat-
forms. The launch of TNC services took place in 2009, when Uber (formerly
known as UberCab) introduced the service in the San Francisco area [1]. Soon
after, TNCs made their appearance in various other markets across the US, thus
adding transportation options that competed or complemented available trans-
portation services. The promise to save time, increase affordability and conven-
ience, reduce stress, and the lack of need to own and use a personal automobile
has been appealing to many customers who embraced TNC services, especially
in large metropolitan areas. Among available TNCs in the US market, Uber is
the market leader with 65% market share.

In addition to providing user benefits, TNCs were initially perceived as a solu-
tion for urban congestion. However, in several cities in the United States (US)
where these companies operate, TNCs failed to deliver on this promise. In fact,
recent studies from heavily congested cities in the US have reported that TNCs
took over part of the transit ridership rather than promoting ridesharing among
solo drivers. To make things worse, Uber- or Lyft vehicles waiting for rides con-
tributed to increased Vehicle Miles Traveled (VMT) and urban pollution. In ad-
dition, TNCs have been involved in regulatory and policy challenges, mainly be-
cause of the controversial aggressive models of market entry and the pushback
from regulated for-hire transport industry [2].

A number of recent studies explored the emerging trend of TNC services as a
mode of transportation. A concise summary is available by Sisiopiku et a/ in [3].
Shaheen (2018) discussed the recent cultural shift from the auto-dependency to
shared mobility and the impact of such shift on the growth of ride-hailing ser-
vices such as Uber and Lyft [4]. Several studies attempted to define TNC market
characteristics using surveys. These studies showed great variations in their
findings depending on the geographical locations and the surveyed user demo-
graphics. For instance, studies conducted in large metropolitan areas like Bos-
ton, Chicago, Los Angeles, New York, San Francisco, Seattle and Washington
D.C. showed that the typical TNC user is 18 - 29 years of age and possesses an
advanced degree [5]. However, TNC users in cities like Pittsburgh and Puget
where predominantly 34 - 44 years old and holding Bachelors’ degrees [6] [7].

DOI: 10.4236/jtts.2021.112013

197 Journal of Transportation Technologies


https://doi.org/10.4236/jtts.2021.112013

V. P. Sisiopiku et al.

Cirella et al (2017) examined the differences in travel mode choice between
Millennials and Generation Xers in California using inputs from 2155 individu-
als. When compared to Gen Xers, Millennials were three times more likely to use
Uber or Lyft [8]. With respect to older transportation users, Freund et al (2020)
suggested that door-to-door assistance service could increase the use of TNC
service among 65+ years old population [9]. A survey of 380 TNC users in San
Francisco conducted by Rayle et al. (2014) reported that 67% of responders used
ridesourcing for social/leisure trips (bars, restaurants, concerts, friends/family
visits) while only 16% used it for commuting purposes. Responders reported that
their leaning towards TNCs was driven by the availability of a secure payment
system with short wait time and 40% of TNC users in the San Francisco region
reported using their private vehicle less due to the availability of on-demand
mobility sharing services [10]. A national Pew Research Center survey of 4787
American adults in 2015 found only 15% of Americans had used ride-hailing
apps, whereas one third had yet to even hear of them [11]. While the author did
not find race or gender as influential factors in the use of these apps; age, educa-
tion, income level and type of locale (ie. urban, suburban, or rural) were all
found to be strongly explanatory.

Overall, the literature review confirms that knowledge and utility of TNC ser-
vices among travelers vary greatly in accordance to a vast array of socio-demo-
graphic variables, as with most new technology [11]. Moreover, systematic docu-
mentation of actual impacts of TNCs presence on the preferences and daily travel
patterns of the transportation system users is still limited. This is due to the lack of
availability of detailed data resulting from privacy concerns and resistance of TNC
companies to share company data [12]. Thus, localized studies are of great value in
order to document transportation users’ attitudes and preferences and identify so-
cio-demographic variables that influence the use of TNC services.

In light of this need, the objective of this study was to examine the impact of
transportation users’ choice preferences on the selection of ride-hailing services
as a mobility option in the Southeast US. Using questionnaire responses from
two different geo-locations in the Southeast (ie, Birmingham, Alabama and
Miami Beach, Florida) the study documented and compared preferences and at-
titudes toward TNC use as a travel mode of choice. The study considered demo-
graphic data in the analysis and interpretation of the survey findings and the
identification of indicators that affect the use of TNCs at the study locations.

2. Methodology and Data Collection

This study compared results from two surveys that collected and documented
public perceptions related to ride-hailing services in two TNC markets; namely
Birmingham, AL and Miami Beach, FL. The study builds on the authors’ earlier
work [12] that used a questionnaire survey to understand the leading reasons
and conditions that drive people towards the use of TNCs services in the Bir-
mingham Metro Area.

Both surveys were developed using the Qualtrics Research Core tool in accor-
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dance with the Institute of Transportation Engineers Manual on Transportation
Engineering (ITE) Studies guidelines [13]. Qualtrics LLC facilitated the identifi-
cation and recruitment of survey participants and automated the data entry and
management process. The research team obtained the survey responses from
Qualtrics LLC and performed validation checks, data processing, and data anal-
ysis. All necessary approvals were obtained from the Institutional Review Board
(IRB) for Human Use prior to conducting the surveys. For quality assurance,
both questionnaires were pretested and refined prior to distribution.

The surveys sought to get information about users’ attitudes towards using
TNCs along with detailed socio-demographic such as age, gender, education lev-
el, and employment type. The demographic data were categorized based on the
US Census criteria. The survey also requested participants to report detailed trip
information for a typical day (Ze., 24-hr travel diary) during a typical weekday
including origin and destination of each trip, travel time, trip purpose and the
travel mode used. Additionally, information related to vehicle ownership, alter-
nate mode choices, and recommendations for future transportation improve-
ments (including expansion of the TNC services) was solicited.

Participants were presented with simple multiple-choice questions with speci-
fied context and were asked to answer each question categorically based on the
context. While some survey questions were identical or similar between the two
study sites, others solicited inputs on issues of unique importance to each study
site. For example, since Miami Beach Area is a popular tourist spot that is busy
during the weekends, Miami Beach survey participants were asked to provide
trip information for a typical weekend, in addition to a typical weekday. In addi-
tion, being an adult who is residing within the geographical area of interest was a
requirement for participation in the Birmingham study, but not in the Miami
Beach survey in order to allow for documentation of responses from tourists that
visited the Miami Beach area for recreational purposes.

The collected responses were carefully checked and validated. After eliminat-
ing any surveys that included incomplete, duplicate, or irregular answers, 451
responses from the Birmingham area and 339 from the Miami Beach area were
analyzed for a total of 790 surveys. It is important to note that out of the 339
respondents in Miami Beach Area, 71 (21%) were Miami Beach residents and
the rest (79%) were visitors from the greater Miami area or out-of-city tourists.
This allowed for examination of potential differences in the preferences and at-
titudes toward TNCs between residents and tourists in the Miami Beach case
study. For a quick reference, Table 1 summarizes characteristics of both study

locations along with information relevant to the two surveys.
3. Data Analysis and Results

3.1. Descriptive Analysis

Population segmentation through demographic characteristics illustrates the size
of potential TNC market in the selected study regions. Among the 451 respond-
ers from Birmingham and 339 from Miami Beach considered in the analysis, 342
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and 204 respectively were women. Based on the responses provided in the Bir-
mingham and Miami Beach surveys, more female than male travelers are TNC
users where the female to male ratio is 74:26 and 55:44 respectively.

When considering the age of the survey participants, the largest percentage of
participants in both the Miami Beach and Birmingham surveys represented the
young adult age group. Inspection of the survey results confirmed that the peak
age group for the overall survey correlated with the TNC users. Figure 1 displays
the distribution of the TNC users by age group.

Figure 2 shows the usage of modes other than private automobile in the past
year for the survey participants. It can be observed that ride-hailing services
were more popular (73% FL and 45% AL) than public transit service and orga-

nized ride sharing programs among the users in both the regions.

Table 1. Summary characteristics of study sites and survey responses.

Birmingham, AL Miami, FL
Population 1,141,309 capita (2016 Census) 88,885 capita (2019 Census)
Private vehicle, bus, taxi, TNCs, Private vehicle, bus, taxi, TNCs,
Available Travel Modes . X
bikes, carpool, vanpool bikes, carpool, vanpool, subway
Total Responses 451 339
Number of Self-reported trips 1130 878
Type of Respondents 100% residents 21% residents, 79% tourists
60%
50%
50% 47%
o 40% 35% 34%
&
£ 30%
g 19%
5 0% 11%
10% 4%
v N
Teens Young Adults  Mid Aged Adults Elderly

® Miami Beach W Birmingham

Age Category

Figure 1. Age group of survey participants (TNC users).

. - . 21%
Public Transit Service m

5%
1% W Miami Beach

40%
None FIQ%
45%

0% 20% 40% 60% 80%

M Birmingham

Organized Ride Sharing Program

Mode of Transportation

Percentage

Figure 2. Modes other than private car used in the past year by
the survey participants.
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As shown in Figure 3, the analysis of self-reported trip data over a 24-hr pe-
riod showed that approximately 6.4% of the reported trips in the Birmingham
region were conducted by TNCs whereas in Miami Beach the reported TNC
market share was higher (20% of the weekday trips and 17% of the weekend
trips). There are many possible explanations for the difference. First, Uber was
introduced in the Miami market in June 2014; more than a year and a half before
coming into the Birmingham market thus users are more familiar with TNC
presence. More importantly, there is the severe shortage of parking availability
in the Miami Beach area, which makes ride-hailing services an attractive alterna-
tive to automobile use, especially for tourists and visitors within the Miami area.
The Miami Beach area has a large number of restaurants, bars, and late night
entertainment venues, which can also contribute the use, as users try to avoid
driving after alcohol consumption. It is also worth noting that personal automo-
bile usage in Birmingham is significantly higher (85%) than that at the Miami
Beach (56%). This is consistent with earlier studies in the Birmingham area [14]
[15] which reported automobile use in the Birmingham metro between 83% and
86%. It is also evident that use of transit services for both regions is very low
(2%).

Additional analysis was performed to compare mode choices between week-
day and weekend trips in the Miami Beach region (Figure 4). As previously
mentioned, weekends are typically busy in this region due to high attraction of
tourists and visitors. It can be observed that there are no major differences in the
preference of mode selection in Miami Beach region based on the day of the
week consideration (weekday versus weekend).

Figure 5 illustrates trip purposes of trips performed by survey respondents
using TNC as their mode of transportation during typical weekdays in the Bir-
mingham and Miami Beach regions. Additionally, the weekend trip purpose
versus TNC trip data was added to assess any difference in behaviors during the

weekend scenario in the Miami Beach region.

100%
85%

75%

" 56%
g
S 50%
g
7
a
5% 20%
8%
3% 4% 5-/I 2% 1A% 2% 1%.0 0%2%
0% == - = = - -
g & & S & 9 4 N
N o‘VA /\@& <° & o ¢ ¢
X A,b 3
N 3 <
QO
I

M Birmingham W Miami Beach

Mode Choice

Figure 3. Mode Choices of Birmingham and Miami survey respondents.
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Figure 4. Mode choices of Miami Beach survey respondents during a typical week-
day and a weekend.

B Birmingham (Weekday) B Miami Beach (Weekday) B Miami Beach (Weekend)

28% 29%

25%
22%
19%
15% 16%
0
12% 12% 12%
0,
1% 10% 10%
% 9 7% 8% 7% 9
7% 6% 6% 6% %
4%
i%z% 29 3%

Eat / Get Home  Nightlife /  Pick-up School Service  Shopping Shopping Work
take-out Bar passenger (e.g. Bank) @ Grocery @Retail

% TNC Trips

TNC Trip Purpose

Figure 5. Trip purposes vs TNC trips.

The majority of Birmingham respondents use TNCs to travel to work (29%)
or home (25%). During weekdays, the TNC trips to work in Miami Beach are
just 16%, noticeably lower to those in the Birmingham Metro area. This is ex-
pected, as the majority of the survey respondents in the Miami Beach area are
either tourists or commute to Miami downtown with personal automobile. It
can also be seen that the peak destinations for weekday TNC trips in the Miami
Beach are restaurants (28%) and nightlife/bar (19%). As expected, during week-
ends in Miami Beach, the majority of the TNC trips are geared toward enter-
tainment and shopping with trips to nightlife/bar (22%) being the dominating
trip purpose category.

The relationships between vehicle ownership, TNC usage, and TNC trip pur-
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pose are illustrated in Figure 6 (Birmingham) and Figure 7 (Miami Beach), re-
spectively. In the Birmingham metro area, it is evident that individuals having
vehicle ownership tend not to use TNC as a mode of transportation. Survey res-
pondents having regular access to personal automobiles use TNC service occa-
sionally to commute to work (17%) or home (10%) and for recreational purpos-
es. In the Miami Beach area, the scenario is opposite to that of Birmingham.
Despite personal vehicle ownership, survey respondents opted to use TNC ser-
vice, primarily to access restaurants (21%) and bars (13%) during nighttime.
When non-resident trips were excluded from the analysis, similar results were
obtained with the majority of TNC trips by Miami Beach residents being des-
tined to restaurants (40%) and bars (13%).

35%

30%
H No vehicle availability

25%
M Has regular access to
20% vehicle
B Own a Vehicle
15%
10%
) I I I I . [2%]
0%

Work Home  Eat/Get Nightlife Drop-off School Shopping Shopping Services
take-out orBar passenger -Retail  -Grocery (e.g. Bank,
post office)

ips

% TNC Tr

TNC Trip Purpose

Figure 6. Car availability of TNC users (Birmingham). Source: [12].

35%

30%
3% M No Vehicle Availability
25%

20% M Has Regular Access to Vehicle

1%
15% B Own a Vehicle
10% 1% 1%
0
- 1%
5% I 1% I l
o 1o 1%. .

Work Home Eat/ Get Nightlife / Pick-up or School Shopping Shopping Service
take-out Bar Drop-off Retail  Groccery (e.g.
Passenger Bank)

% TNC Trip

TNC Trip Purposes

Figure 7. Car availability of TNC users (Miami Beach).
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Table 2 and Table 3 show the correlation between TNC trip time, waiting
time and vehicle availability on mobile apps for the Birmingham and Miami
Beach regions, respectively. TNC trip times are categorized based on the time of
the day (ie., daytime and nighttime). It can be observed that the range of waiting
times is different for the two regions under consideration reflecting local condi-
tions. The maximum waiting time for the Miami Beach region is more than 30
minutes (especially during weekends), whereas in Birmingham it is much short-
er, ranging between 11 and 15 minutes. Also, the range of available vehicles in
the app is different in both regions. In contrast to the maximum range of ve-
hicles in Birmingham (3 - 5), the range of maximum vehicles in Miami Beach is
more than 5. The trips are equally allocated during day and night in both re-
gions. The majority of the waiting times in Birmingham are between 0 - 5 mi-
nutes, both in daytime (25%) and nighttime (33%). However, in Miami Beach,
the majority of survey responders report waiting times that range between 5 - 15
minutes both during daytime (27%) and nighttime (25%), possibly reflecting the
nature of the transportation network in Miami Beach that provide accessibility

challenges to the drivers.

Table 2. Correlation of TNC trip time with waiting time and vehicle availability on app

(Birmingham).

Available vehicles on App 1-2 3-5 Total
Day-time trips 38% 12% 50%

0 - 5 minute 19% 6% 25%

11 - 15 minutes 4% 4% 8%

6 - 10 minutes 15% 2% 17%
Night-time trips 50% 0% 50%

0 - 5 minute 33% 0% 33%

6 - 10 minutes 17% 0% 17%
Total 88% 12% 100%

Table 3. Correlation of TNC trip time with waiting time and vehicle availability on app
(Miami Beach).

Available vehicles on App None 1-5 5+ Total
Day-time trips 4% 31% 16% 51%
<5 minute 0% 7% 2% 9%
5 - 15 minutes 0% 15% 13% 28%
15 - 30 minutes 4% 9% 2% 15%
More than 30 minutes 0% 0% 0% 0%
Night-time trips 7% 33% 9% 49%
<5 minute 2% 7% 4% 13%
5 - 15 minutes 4% 18% 4% 25%
15 - 30 minutes 2% 4% 0% 5%
More than 30 minute 0% 4% 2% 5%
Total 11% 64% 25% 100%
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The survey participants in both study locations were asked about their prefe-
rence with respect to future improvements related to transportations infrastruc-
ture and services. Figure 8 illustrates such preferences based on survey res-
ponses in the Birmingham and Miami Beach regions. Based on their responses,
26% and 19% of survey participants recommended an expansion of TNC servic-
es in the Birmingham and Miami Beach regions respectively. Furthermore, sur-
vey participants from both regions equally prioritized improving public transit
facilities (43%).

Survey respondents in Birmingham were also asked to note the reason(s) for
using TNCs in the past. To identify the most influential reasons for selecting
TNC services as a mode of transportation, the reasons stated by the respondents
were factorized in terms of binary values where 1 is assigned to “selected values”
and 0 is assigned to values that were “not selected”. Table 4 documents the

mean and standard deviation according to the survey responses.

Preferred Future Improvements

7%
Bicycle Lane 2%
33%
31%
Public Transit 12%
43%
12%
Parking Lots 1%
22%
13%
Sidewalks 2%
67%
15%
TNC Services 4%
26%

Figure 8. Preference for future improvements of transportation infrastruc-

W Miami Beach Tourists
B Miami Beach Residents

M Birmingham

Future Improvement Choices

ture and services.

Table 4. Summary characteristics of study sites and survey responses.

Reason Mean Standard Deviation

Convenience 0.56 0.50
Safety 0.30 0.46
No car availability 0.27 0.44
Destination has limited/no parking 0.24 0.43
Cheaper than alternatives 0.21 0.41
Parking at destination is expensive 0.19 0.39
Transit is not accessible 0.06 0.23
Transit is not reliable 0.03 0.17
Other reason 0.03 0.18
Other mode not available 0.02 0.15
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The results clearly show that convenience was reported by transportation us-
ers in the Birmingham area as the main driving force for selection of TNCs as a
travel mode. Safety/avoiding driving when intoxicated, and lack of automobile
availability were cited as the second and third most important reasons for use of
TNCs in the survey of Birmingham users.

The survey conducted in Birmingham also asked respondents with no pre-
vious TNC experience within the past year to mark the main reason for not con-
sidering TNCs as a mode of transportation. From Figure 9, it can observed that
nearly 30% survey respondents reported that the use of TNCs was not conve-
nient for them, while another 20% noted that they do not use TNCs due to asso-
ciated cost. The “other reasons” that were cited by the survey respondents in-
clude personal preference to use other transportation modes, distance to desti-
nation making TNC unattractive, concerns about riding in another person’s car
and the lack of accommodations for individuals with limited mobility.

The study also confirmed that trip distance plays a role as a potential determi-
nant of TNC use. According to the characteristics of the TNC trips reported in the
Birmingham case study, TNC users use TNC services for trips under 10 miles. A
comparison between TNC and non-TNC trips revealed that the average trip
length performed by TNC was 5.19 miles, far lower than the average trip length of
automobile trips (9.28 miles) in the region. Further analysis indicated that the
longest TNC trips involved drop-off of a passenger or trips to work or home. The
average trip length per trip purpose for TNC trips is shown in Figure 10.

The survey conducted in Miami Beach also requested feedback from respon-
dents about their willingness to use ride-hailing services to commute if incen-
tives or special services were provided. The four questions that were designed to
portray the hypothetical scenarios are as follows:

o Willingness to use ride-hailing services for the first or last mile if incentives
(discounts) are provided

o Willingness to use the ride-hailing services for commuting if the public tran-
sit service is made free

o Willingness to use the ride-hailing services for the first or last mile to reach
home or to the nearby public transit stop or station, and

o Willingness to use the ride-hailing services for commuting if a rewards point

system is introduced by their work place.

40.00%
35.00%
30.00%
25.00%

34.02%
29.88%

@ 19.92%
g 20.00%
g 15.00% 10.79%
& 10.00% 539%

5.00%

0.00% -

Not Expensive Not available Safety Other (fill in)
convenient / Area not concerns

serviced

Reasons

Figure 9. Reasons for not Using TNCs (Birmingham).
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F  Drop-off Work Home  Shopping- School Shopping- Eat/Get Nightlife/ Services
passenger Retail Grocery  take-out Bar (e.g.
Bank, post
office)

TNC Trip Purpose

Figure 10. TNC trip distance (miles) for various trip purposes (Birmingham). Source:
[12].

The majority of the respondents expressed their willingness to use the TNC
services when incentives or special offers are provided as shown in Figure 11.
The type of incentive offered appeared to make little difference in their response.
Only 20% of the survey participants reported a complete lack of interest in con-
sidering TNC services for commuting purposes, even if incentives were offered.
This is consistent with other studies that suggest that automobile-dependent us-

ers show resistance in embracing alternative modes [16].

3.2. Regression Analysis

In addition to the descriptive analysis, the study employed the Least Absolute
Shrinkage and Selection Operator (Lasso), a very popular machine learning al-
gorithm [17], to perform regression analysis. The purpose of this effort was to
identify parameters that can be used to predict TNC use. Lasso regression pro-
vides two major advantages over linear regression, which made it an attractive
alternative to linear regression, namely 1) clear variable or feature selection and
2) better prediction accuracy. Lasso regression, through shrinkage or regulariza-
tion of the coefficients, increases the prediction accuracy and decreases the va-
riance of the model interpretability. This regression technique selects strong va-
riables in high dimension data for clearer interpretations of the results since
models with too many variables are hard to interpret [18]. Additionally, Lasso
regression eliminates over-fitting, ie, large variance and unbiased estimates,
which increases prediction accuracy [19].

In Lasso regression, categorical variables are encoded into a set of indicators
by transforming the variables into factors. Consequently, a dummy variable ma-
trix of predictors is created, along with continuous predictors to serve as inputs
to the model. Dummy coding includes binary attributes to indicate category
membership. The reference category is indicated as “0” and corresponding cat-
egory is coded as “1” in the dummy coding. As shown in Equation (1), Lasso
adds a penalty term Ze., product of a bias parameter A with the absolute value of
the slope to regulate the size of the coefficients (fBas) Which can affect the num-

ber of predictors included in the model.
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60% 63%

56% 8%
25%
I I 19% 189 19% 20% 22% 199 '22%
Yes No Maybe

W Willingness to use e-hailing services for the first or last mile if incentives
(discounts) are provided

W Willingness to use the e-hailing services for commuting if the transit service is
made free

m Willingness to use the e-hailing services for the first or last mile to reach
home or to the nearby stop-station
Willingness to use the e-hailing services for commuting if rewards point
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Figure 11. Willingness to use ride-hailing services in hypo-
thetical scenarios (Miami Beach).

Prasso = Miin (Sum of squared residuals)+ 4 * slope| (1)

The tuning parameter (1) is chosen by cross validation, ie. when A = 0 mean
square error is 0. As A increases, shrinkage occurs so that the variables that are
insignificant (“0” value) are eliminated.

In this study, the Lasso method was applied separately on the Miami Beach
Survey and Birmingham Survey Data. There were 155 baseline variables for the
Miami Beach case study and 103 base line variables for the Birmingham case
study. 80% of the data was used to train the model and the remaining 20% was
used for model predictions. The dependent variable “y” represented the TNC
usage among the respondents in both study regions. The estimated coefficients
and the variables selected under the Lasso method considered only features that
were significant for the model fitting.

Lasso fits the most significantly contributed variables by making the insignifi-
cant variables exactly to zero. Figure 12 shows the shrinkage of the coefficients
towards zero to eliminate the insignificant variables present in the two models
developed in this study (ie., Miami Beach and Birmingham models).

Figure 13 represents selection of the optimum value of 1 using cross valida-
tion. The optimum A value for Miami Beach and Birmingham model were
0.009294 and 0.00088 respectively. The graphs indicate that the unregularized
models are a good fit. The best mean squared error (MSE) were 13.75% and 0%
for the Miami Beach and Birmingham models, respectively.

The application of the Lasso procedure resulted in the elimination of 123 va-
riables and 101 variables from Miami Beach and Birmingham survey respective-
ly. Finally, the method led to the selection of 32 variables for the Miami Beach
model and 2 variables for the Birmingham model.

Figure 14 showcases the results from the regression analysis by fitting the
model with significant independent variables identified by the Lasso method.
For the Miami Beach model, notable features such as car availability, vehicle

ownership, availability of Uber/Lyft, age range (18 - 29), high income (>$75 K),
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Miami residency etc., possess positive significance for using TNC services in the
Miami Beach region. Additionally, features such as lack of prior use of public
transit, lack of use of TNC services and interest in future expansion of sidewalks
possess a negative significance with respect to using TNC services in the Miami
Beach area. In the Birmingham region only two parameters, namely car availa-
bility and waiting time were found to be significant predictors to choosing TNC

as a mode of transportation.
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Figure 12. Coefficient Shrinkage for (a) Miami Beach Model; and (b) Birmingham Model.
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Figure 13. Optimum Tuning Parameter for (a) Miami Beach Model; and (b)
Birmingham Model.
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Figure 14. Regression Model-Fit for (a) Miami Beach Model; and (b) Birmingham Model.
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4. Conclusions

The analysis of 790 questionnaire surveys of transportation system users in the
Birmingham and Miami Beach region shed light on users’ awareness and use of
TNC services in the Southeastern US. Examination of the survey participants’
responses confirmed that TNC service coverage and other geographic considera-
tions and user characteristics impact user perceptions and adoption of such ser-
vices. Thus, local transportation users’ surveys are an important tool to docu-
ment travelers’ preferences and guide planning of TNC services accordingly.

The study also confirmed that, even in small- and medium-size urban areas,
transportation users are aware of ride-hailing services and are taking advantage
of them. It was also found that the trip purpose for using TNC services varied
according to the composition of the survey participants (Ze, local residents ver-
sus visitors/tourists). Residents used TNC trips more for trips to home or work
while visitors chose ride-hailing trips mostly to access entertainment establish-
ments including restaurants and bars.

An interesting difference between the findings from the two surveys was the
relationship between vehicle ownership and TNC use. In the highly automobile-
dependent Birmingham market, TNC use was more closely linked to need (ie.,
lack of vehicle availability) than choice, while the opposite was the case in the
Miami Beach case study.

The findings of the surveys also helped us to define the profile of the typical
TNC user in the study regions. In the Birmingham metro area the typical TNC
users are 25 - 34 years of age that use the ride-hailing services for commuting or
entertainment purposes for short to medium range distances (or average of 5
miles). The typical profile of a Miami Beach TNC user is that of younger traveler
(18 - 29 years of age) that uses the ride-hailing service primarily for entertain-
ment purposes, especially during weekends in order to get to the tourist-attraction
locations.

Finally, the model fitting exercise identified predictors for TNC use. For the
Birmingam region, TNC use was strongly correlated with vehicle availability and
waiting time. Several independent variables were identified as significant pre-
dictors of TNC use in the Miami Beach model including vehicle availability, ve-
hicle ownership, availability of Uber/Lyft, age range (18 - 29), high income (>$75
K), and residency.

Overall, the study findings establish valuable links between travel behaviors
and TNC use. These can inform transportation agencies about the needs and
opportunities for ride-hailing services in the local market. The findings can also
be used to create targeted marketing plans and incentives to encourage mode
switching to shared modes, including TNCs. Overall, the study highlights the
importance of understanding the user characteristics of the local market when

planning for TNC and other ride-sharing services in the future.
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