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Abstract: This research investigates the influencing variables that affect the likelihood of choosing
car-sharing if it launches in the Greater Cairo Metropolitan Area, Egypt. It adopts a binary logistic
regression model to analyze the findings of an online stated preference survey. The results include
419 valid responses with different choice scenarios, which are based on the revealed preference of
each respondent. The generated model shows statistical significance for age, car ownership, cost, and buffer
time of the current mode of transport, travel time, and leisure trips. In addition, car-sharing experience,
public transit, ride-hailing, walking, and biking also have significant effects. The highest-impact
attributes are the car-sharing cost and access time, as the combination of setting the fare to 2 EGP
per minute and limiting the access time of the shared vehicle to nearly 5 min achieved a likelihood of
choosing car-sharing in nearly 77% of the responses.

Keywords: car-sharing; stated preference survey; revealed preference survey; binary logistic
regression; Cairo; Egypt

1. Introduction

Over the past years, the sharing economy has accomplished a lot of success in various sectors,
including the transportation field. The sharing transportation services provide mobility solutions
through an online platform, such as ride-hailing, car-pooling, and car-sharing. Due to the fast evolution
of this area, the terminologies of the several types of sharing business models in transportation
could be confusing, as the definitions are sometimes used academically or professionally to describe
different services and concepts. The focus of this study is car-sharing, which differs from ride-hailing
or car-pooling. Therefore, it is very important to identify its definition to avoid any conceptual overlap.

Car-sharing, which is the main target of this research, is a term used for a business model where
the user is not a passenger, but a driver who shares the car. It could be operated by companies or
organizations that provide numerous vehicles for their members to share. It is a subscription-based
service that provides its subscribers the access to use any car of its fleet of automobiles for short
periods of time—hours or minutes—and get billed only for their usage according to time or traveled
distance [1]. It simply provides the user with the benefits of a personal car without the burden
of owning one [2]. The rate of reducing car ownership is one of the key factors in evaluating the
sustainability of car-sharing services for many governments and institutions. Many studies across
the world affirmed the positive effect of car-sharing on reducing the ownership of personal cars [3,4].
In 2016, the different car-sharing services reached all six continents, covering 2095 cities in 46 countries
with nearly 15 million users and more than 157 thousand shared cars [5]. Unfortunately, car-sharing has
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had a low rate of expansion in the Middle East and Africa (MEA), and has not been introduced yet
in Egypt.

The Greater Cairo Metropolitan Area (GCMA), the capital of Egypt, is one of the biggest megacities
in the world and the home of one-quarter of the Egyptian inhabitants, with a population exceeding
24.5 million people according to the Central Agency for Public Mobilization and Statistics (CAPMAS) [6].
Greater Cairo consists of the three governorates of Cairo, Giza, and Qalyubia, which have all been
expanding across the past decades through the development of new cities, such as New Cairo,
Shorouk city, 6th of October city, and Obour city [7]. The average population density in the GCMA
is high as nearly 19,400 inhabitants per square kilometer, and in some central districts, the density
increases up to four times more [8,9]. High population density could be one of the factors leading to
car-sharing success [10], as it implies that there is a bigger number of potential users within a close
walking distance to the car-sharing vehicles.

Traffic congestion is a very major issue in Greater Cairo, which causes enormous and negative
consequences for the economy, the quality of people’s lives, and the environment [7,11]. According to
the Cairo Congestion Study in 2014, there are around 8 billion USD wasted per year in the GCMA
due to congestion between direct costs, such as fuel consumption and time delay, and indirect costs,
such as carbon emissions and other pollutants [11]. In recognition of this severe problem of mobility,
the government has planned to rapidly enhance the transportation infrastructure of the GCMA and to
enlarge the capacity of the roadway network for the purpose of decreasing traffic congestion. In 2019,
Egypt scored 5.10 points in the Road Quality Index to be ranked 28th worldwide, jumping 90 places in
the international rankings since 2014 [12]. However, this could also push people toward the use of
private cars. Thus, it is important to make use of these infrastructures for the benefit of sustainable
motorized transportation such as car-sharing.

The main objective of this study is to discover whether or not car-sharing would be successful if it
launches in the GCMA. It is necessary to identify the main factors that would influence the likelihood
of using this alternative mode in the future. Therefore, this study develops a binary logistic regression
model to evaluate the data collected from an online stated preference (SP) survey that was especially
designed and conducted for this research.

2. Literature Review

2.1. Car-Sharing Sustainability

In general, information and communications technology (ICT)-based mobility, like ride-hailing
and car-sharing, are marketed as environmentally sustainable systems that mitigate traffic emissions by
lowering the car dependency [10,13,14]. However, there are concerns that these applications could lead
people to drift away from public transportation and non-motorized modes [14]. In the case of Cairo,
Mostofi et al. (2020) found that ICT-based transportation apps have a positive effect on frequent public
transit usage [14], which is encouraging in launching a new ICT-based mobility service, like car-sharing,
in the city.

Reducing car ownership is one of the factors that promote car-sharing as a sustainable solution to
counter the negative effects of private cars, especially on the environment [2]. Additionally, car-sharing has
a big contribution to social sustainability, as it provides car access for those who cannot afford to own
their own [15,16]. However, many studies claim that sustainability is not what drives car-sharing, as in
the case of ZipCar in Boston [10,13]. This service could possibly reinforce car usage and replace other
sustainable modes that the governments support, such as public transport, cycling, or walking. So, it is
important to evaluate the overall effect of car-sharing on the different transportation modes.

To analyze this modal shift, Martin and Shaheen (2011) evaluated the responses of more than
six thousand members of well-established car-sharing companies in North America [17]. The results
indicate a slight reduction in public transportation share by only 1% of car-sharing customers. On the
other hand, 12% and 10% of the users increased their walking and cycling trips, respectively, against only
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9% and 4% that decreased theirs. Most importantly, 15% of members reduced their car travel for
commuting trips, while only 4% increased theirs [17]. When all these modal shifts are combined, it was
found that car-sharing encourages sustainable transport and mitigates congestion [17].

In 2016, Shaheen and Martin (2016) studied the data of car2go across five big cities in North
America between the US and Canada and found that one car-sharing eliminates somewhere in the
range of 7 to 11 private cars from the streets, reduces private cars by approximately 28 thousand,
and decreases up to 146 million driving miles [18]. Another German study shows that only 18 months
after car2go had launched in Ulm, around 5% of its members had shed one or more private cars due
to the new free-floating car-sharing service, and 17% of non-car owners gave up the idea of buying
one [19]. However, Schmidt (2018) believes that it is difficult to make people give up their private cars
in a strong car-oriented city, but could not deny the positive effect on reducing car sales. He estimates
that adding one free-floating car-sharing car on the streets reduces the rate of new car sales from 1.7
to 4.7 per year [20]. From reviewing all these studies, it is concluded that car-sharing is one of the
keys toward sustainable mobility. It is one of the main tools for reducing the demand for private cars,
mitigating traffic emissions, and reinforcing social equity.

2.2. Discrete Choice Analysis

In several transportation-related studies, different genres of discrete choice analysis have
been used, such as the Probit model [21], Nested Logit model [22], Ordered Logit model [13,23],
Multinomial Logit (MNL) model [22,24], and Binary Logit model [3,14,25,26]. With the help of stated
preference (SP) surveys, these models aim to discover the attributes influencing the travelers’ choice of
either an existing transportation system or a new recommended service, which helps to set the right
parameters for a desired modal shift [27–29].

Ullah et al. (2019) used discrete choice models to discover the citizens’ acceptance of car-sharing
services in the city of Peshawar, Pakistan, where this mobility system was not introduced at
that time. The study evaluated the reasons that affect individual travel behaviors to switch to a
new transportation mode. It adopted a Nested Logit and Multinomial Logit model to analyze the
stated preference (SP) survey responses [22]. These types of discrete choice models are usually more
complicated than a simple binary case, as the respondents are asked to choose from more than two
transportation alternatives with numerous attributes. The conventional design of the SP survey
develops hypothetical scenarios that represent two or several choices for the respondents to choose
from [27–29]. A large number of alternatives may sometimes confuse the respondents, especially if
they are unfamiliar with some of them, so it is preferable to reduce the alternatives’ number in an SP
survey [30].

The binary discrete choice is used in the case of comparing two alternatives only [14,25]. Yoon et al.
(2017) relied on developing straightforward binary logit models to investigate the variables that
affect the car-sharing usage in Beijing, China. The study developed an SP pivoting design to
build hypothetical SP scenarios that are based around the respondents’ original trips and their real
mobility behavior. This method was supported by several previous research papers [24–26,31–33],
as its way of creating the SP surveys provides a realistic comparison between the new system and the
respondent’s original routine.

3. Materials and Methods

The methodology of this study adopted a binary discrete choice model that combines the revealed
preference (RP) answers and the stated preference (SP) choices of a developed online survey. The binary
discrete choice was chosen for the purpose of simplicity, as investigating the car-sharing potential to
predict the likelihood of choosing the proposed service in comparison with the original transportation
mode of the respondents is the main focus of this research.



Urban Sci. 2020, 4, 61 4 of 20

3.1. Survey Design and Sample Size

An online survey was designed via Google Forms, which is a tool that has been used previously in
many transportation studies, such as those of Efthymiou et al. (2013) and Ullah et al. (2019) [22,23]. Then,
the survey was shared through social media platforms, such as LinkedIn and Facebook, on many public
and private social groups and pages. The collected data were categorized as a non-probabilistic sample
of convenience, which is considered appropriate by similar research studies [34]. Several Facebook
groups were targeted to reach students, staff, and alumni from educational institutes like Cairo
University and the German University in Cairo. Direct contact was also an important way, which was
done via online messaging, emailing, and physically distributing pamphlets with a QR code for the
questionnaire link in faculties, companies, coffee shops, and restaurants.

In addition to the survey’s questions, a small introduction to free-floating car-sharing was added,
including two YouTube videos to briefly explain the concept of the service, how it works, and its
benefits for the users. The questions start by collecting some important demographic data, followed by
a revealed preference (RP) survey to show the mobility behavior of each individual and to collect the
information about their actual trips. Last came the stated preference (SP) survey, which is the most
important part, and which helps to predict the likelihood of future usage of car-sharing in the city.
The concept of the survey design is demonstrated in Figure 1, and the English version of the survey
content can be found in Appendix A0.
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Instead of creating unreal attributes for the several transportation modes running in the city,
each respondent was asked if he/she would choose the car-sharing regarding his/her actual
individual trips, of which attributes were collected in the RP questions. Thus, people stated their
choice preferences for different hypothetical cases that are only related to the new service. Building the
SP survey in this way creates choice cases based on every person’s real mobility behavior, and helps the
respondent to compare the new transportation service to his/her familiar reference [24–26]. Limiting
the hypothetical alternatives to one limited the number of possible scenarios that the respondents
were required to evaluate, which gave the chance to build the SP survey with a full factorial design by
limiting the number of attribute levels that were presented in the different choice scenarios. A full
factorial design is when every possible scenario is created through every possible combination of the
attribute’s levels [35,36].

In this SP survey, the full factorial design is focused only on three attributes (Table 1). There are
two two-level attributes, which are the trip types and the approximate time needed to access the
car-sharing vehicle, in addition to one three-level attribute, which is the travel cost per minute in
Egyptian pounds (EGP). The cost levels were set to be realistic in comparison to similar car-sharing
companies in the MEA region. Thus, the number of combination forms was 12 cases for each respondent.
However, there were six cases of people who were asked only about their leisure trips because they
did not commute daily to work or their education institutes, such as retired, unemployed, housewives,
or even people who work from home.

Table 1. Levels of attributes.

Levels Trip Type Car-Sharing Access Time Car-Sharing Cost

1 Commuting Trips
(Work or Education) 5 min 2 EGP/min

2 Leisure Trips 10 min 2.5 EGP/min
3 3 EGP/min

A total of 4800 observations were collected from 419 respondents between 11 January and
6 February 2020. Then, these observations are analyzed using a binary logistic regression model
to estimate the effects of different car-sharing attributes, users’ demographics, and socioeconomic
characteristics on the decision to choose car-sharing.

While conducting a survey, one of the goals is to obtain a good representative sample size for a
certain city population or a target group in order to have reliable results. To determine the minimum
number of respondents, the following equations, Equations (1) and (2), from Levy and Lemeshow (2008)
show that no matter how large the target group (N) is, the minimum sample size for a finite population
(n) will not exceed the sample size for an infinite population (n0), which is equal to 384 when the
statistical parameter (Z) is 1.96 for a confidence level of 95%, the desired margin of error (e) is 5%,
and the hypothesized population proportion (ρ) is set as 0.5 to produce the maximum value [37].

n0 =
Z2ρ(1− ρ)

e2 (1)

n =
n0

[1 + (n0−1)
N ]

(2)

3.2. Binary Logistic Regression (BLR)

A binary logistic regression (BLR) is only used when the response variable is dichotomous,
such as with “yes” or “no”. This regression type predicts the likelihood of an observation’s outcome
being equal to one out of only two values of a dependent variable, which is the car-sharing usage
in this research, based on certain independent explanatory variables, which can be nominal, scale,
or ordinal depending on the type of the data [38,39]. The nominal type is a categorical named variable
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that is defined to label the predictors with certain classifications without the involvement of any order
or quantitative measures. The scale is a simple type of continuous numeric measurement, of which
the scale is fixed between the predictor’s values. The ordinal type is also defined as a measurement
predictor used to arrange the variables’ order, but the scale is not fixed between the predictor’s values.
The mathematical difference between them cannot be calculated, but can be placed into order [40].

The logistic regression develops a model to calculate the possible odds and probability of an
event depending on independent variables. These odds are predicted by the ratio of the probability
of a certain event occurring against the probability of the opposite scenario. Even though odds and
probabilities are sometimes used synonymously, it is important not to be mistaken between them
because they are not the same. Probabilities are calculated as the ratio between the number of some
specific outcomes versus the entire number of observations, and their values are defined between 0 to 1.
However, odds are calculated as the ratio between two probabilities—as the probability of choosing
a certain transportation mode versus the probability of choosing another one—and their value is
defined from 0 to infinity. The binary logistic regression model is structured by the following equations,
Equations (3) and (4), where (P) is equal to the probability of a specific outcome, like choosing
the car-sharing alternative, the constant value (β0) represents the reference measurement for all the
predictors of the regression model, and (βi) is equal to the coefficient related to each independent
variable (xi).

log
( P

1 − P

)
= β0 + β1x1 + β2x2 + β3x3 + . . . + βnxn (3)

P =
e(β0+ β1x1+ ... +βnxn)

1 + e(β0+ β1x1+ ... +βnxn)
(4)

For the logistic regression, it is suggested to have at least 10 events for every explanatory
variable [39]. As there is a sample size of 4800 observations generated from the 419 respondents who
answered the survey, it is possible to include as many predictors as needed.

4. Results and Discussion

4.1. Explanatory Variables

All explanatory variables generated from the survey were tested using a statistical software analysis
to select the best combination for developing a significant binary logistic regression. Each group of
variables explains certain characteristics, such as demographics, socioeconomics, and personal behavior.
Some explanatory variables are related to trip attributes, such as the main mode of transport, travel time,
travel cost, and buffer time. Additionally, there are variables related to the potential configurations of
car-sharing, like the access time and the service cost.

4.1.1. Demographic and Socioeconomic Variables

Limiting the respondents to only internet users was associated with major distinctions in demographic
and socioeconomic characteristics between the sample data and the total population statistics, which were
calculated from the different CAPMAS reports [6,41–43]. These main comparisons are summarized in
Tables 2 and 3.
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Table 2. Sample vs. total population.

Sample Egyptian Population

Males 61% 51.5%
Females 39% 48.5%

Adults’ age groups (18+)
18–19 3% 6%
20–24 47% 15%
25–29 33% 14%
30–34 11% 13%
35–39 3% 11%
40–44 1% 9%
45–49 1% 8%
50+ 3% 24%

Above national average household
(HH) income (58,900 EGP/year) >82% <30%

Table 3. Percentages of private car ownership.

Egypt Cairo
Governorate

Giza
Governorate

Qalyubia
Governorate GCMA Sample

Private Cars per Adult (18+) 8% 27% 14% 4% 17% 58%
Private Cars per Total Population 5% 19% 8% 2% 11% 58%

Table 4 lists the demographic and socioeconomic variables of the sample. The results do not show
remarkable differences between males and females regarding their likelihood to choose car-sharing.
The gender split of the respondents shows a lower representation for females with around 39%,
compared to 61% of males. The gender distribution output does not reflect the population ratio in Egypt
or Cairo, which indicates that males’ percentage is around 51% [6]. However, according to the Egyptian
Ministry of Communication and Information Technology (MCIT; Figure 2), the demographic profile
of internet users shows that 43% of internet users are females, while 57% are males [44]. This means
that the survey has an acceptable gender distribution, as accessing the internet is indispensable for the
targeted segment of car-sharing.
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As shown in Figure 3, it is obvious that the young generation, who are in their twenties, were the
most active group in answering the survey. The respondents between 20 and 29 years old are nearly
80% of the total sample, while people in their twenties are approximately 17.5% of the entire Egyptian
population and 29% of the adults who are over 18 years old [6,43]. The older generations exceeding
35 years old are not well presented in the survey output, which could be focused on in future
complementary research to further enhance the study. However, many studies stated that the targeted
customers of car-sharing are the younger generations [21,23,28], which led Efthymiou et al. (2013) to
limit their survey to target ages between 18 and 35 years old.
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Table 4. Demographic and socioeconomic variables.

Variables Total Sample: N Preference Choice of Car-Sharing

No Yes

4800 (100%) 2709 (56%) 2091 (44%)

Gender
Female 1866 (39%) 1035 (55%) 831 (45%)
Male 2934 (61%) 1674 (57%) 1260 (43%)
Age

18–24 2364 (49%) 1384 (59%) 980 (41%)
25–29 1578 (33%) 826 (52%) 752 (48%)
30–34 534 (11%) 297 (56%) 237 (44%)
35–39 132 (3%) 82 (62%) 50 (38%)
40–44 36 (1%) 13 (36%) 23 (64%)
45–49 36 (1%) 28 (78%) 8 (22%)
50+ 120 (3%) 79 (66%) 41 (34%)

Occupation
Student 1872 (39%) 1116 (60%) 756 (40%)

Employee 2592 (54%) 1374 (53%) 1218 (47%)
Entrepreneur 156 (3%) 119 (76%) 37 (24%)

Working from Home 36 (1%) 17 (47%) 19 (53%)
Housewife 30 (1%) 23 (77%) 7 (23%)

Retired 36 (1%) 26 (72%) 10 (28%)
Unemployed 78 (2%) 34 (44%) 44 (56%)
HH Income

(EGP/Month)
<1500 198 (4%) 135 (68%) 63 (32%)

1501–2500 192 (4%) 111 (58%) 81 (42%)
2501–5000 486 (10%) 276 (57%) 210 (43%)

5001–10,000 1518 (32%) 795 (52%) 723 (48%)
10,001–25,000 1182 (25%) 691 (58%) 491 (42%)
25,001–50,000 786 (16%) 458 (58%) 328 (42%)

50,000+ 438 (9%) 243 (55%) 195 (45%)
Cars per HH

0 606 (13%) 317 (52%) 289 (48%)
1 1236 (26%) 769 (62%) 467 (38%)
2 1422 (30%) 850 (60%) 572 (40%)
3 990 (21%) 439 (44%) 551 (56%)
4 390 (8%) 227 (58%) 163 (42%)
5 108 (2%) 83 (77%) 25 (23%)
6 48 (1%) 24 (50%) 24 (50%)

Driving License 3936 (82%) 2210 (56%) 1726 (44%)
Car Ownership 2790 (58%) 1607 (58%) 1183 (42%)

Car Maintenance
(EGP/Year)

<1500 78 (2%) 57 (73%) 21 (27%)
1501–2500 312 (7%) 170 (54%) 142 (46%)
2501–5000 654 (14%) 391 (60%) 263 (40%)

5001–10,000 1032 (22%) 622 (60%) 410 (40%)
10,001–25,000 552 (12%) 291 (53%) 261 (47%)
25,001–50,000 150 (3%) 73 (49%) 77 (51%)

50,000+ 12 (0%) 3 (25%) 9 (75%)
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During standard life routine, only 1% of the respondents were working from home, as the
COVID-19 pandemic did not reach Egypt at the time of collecting the survey data. The Egyptian
ministry of health announced the first case of coronavirus on the 14th of February [45]. The majority of
the respondents were employees, accounting for 54%, while about 39.4% of the internet users in the
country are employees [44]. This difference is justified, as the percentage of internet users is calculated
from the entire population, but the survey was only presented to adults.

According to CAPMAS, the average annual household (HH) income for Egyptian families in
2018 was 58,900 EGP, which is less than 5000 EGP per month [41]. It was found that nearly 82% of
the respondents had a household income above this average, while more than 70% of the country’s
household income is below the average. This means that the survey is more representative of the
middle- and higher-income classes than the lower ones, which is also indicated by the car ownership.

The number of cars per household varies from 0 to 6, as 13% do not have a car, 26% have access
to one car, 30% have two cars, 21% have three cars, and 11% possess four or more cars. The average
number of private cars per household was two cars for the entire sample. Only 18% of the respondents
did not have a driving license, but this did not prevent them from choosing the car-sharing alternative.
This means that either they could be willing to obtain a license or would consider using the car-sharing
service as a passenger with a companion of their own. Additionally, people were asked if they
personally owned a private vehicle, and the answers indicated that 58% of the sample were private car
owners themselves (Figure 4) and were responsible for their yearly maintenance costs. This number is
way above the car ownership percentage in the country.
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The Egyptian private car ownership rate, shown in Table 3, is considered one of the lowest rates in
the world, with only five cars per 100 inhabitants, and it is about double in the GCMA, with 11 cars per
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100 inhabitants [42,43]. For example, this rate is lower than most of the European countries, where car
ownership exceeds 60 cars per 100 inhabitants [46]. Taking into consideration that the underage ratio
(<18 years old) in Egypt and the GCMA is nearly 40%, car density in Egypt is only around eight private
cars per 100 adults, and the average number for the three governorates of the GCMA is approximately
17 private cars per 100 adults [42,43].

4.1.2. Trip Variables

The stated preference choice is based on the trip characteristics uncovered by the respondents
in the RP survey part, so each individual has unique scenarios. Table 5 presents the different trip
variables of the sample. One of the most important variables that explain a trip is the main mode
of transport. Figure 5 demonstrates the modal split of the sample observations, which shows that
public transit has only a 14% share of total responses, while private vehicles are the most dominant
with nearly 63%. It is worth mentioning the several differences in comparison to the real modal split in
the GCMA. According to the Egyptian Ministry of Transport in 2014, public transit was absorbing 63%
of all daily trips, while private cars contributed by a 21% share [47]. Therefore, the sample of this study
is more representative of the private car users in Cairo.
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Every transportation mode is related to certain attributes that fall under two categories—time
and cost. Some of them are common for all modes, while others are special for only a certain type.
The direct cost of a private vehicle is only represented by the parking cost, which is free in many
areas around the GCMA. The costs of the other transportation modes are combined into one variable,
which is the direct cost per trip. The trip duration is divided into two attributes, in-vehicle travel time
and buffer time. In-vehicle travel is the time spent on the way to reach the respondent destination
regardless of the transport mode, while the buffer time is the time wasted in reaching or accessing the
transport mode, such as walking to the parking spot or the transit station or waiting for a taxi or a bus.
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Table 5. Trip variables.

Main Mode of
Transportation

Total Sample: N
Preference Choice of

Car-Sharing
Average In-Vehicle

Time (min)
Average Buffer

Time (min)
Average Direct
Trip Cost (EGP)

Average Parking
Cost (EGP)No Yes

4800 (100%) 2709 (56%) 2091 (44%)

Private Vehicle 3006 (63%) 1714 (57%) 1292 (43%) 28 4 0 5
Public Transport 672 (14%) 422 (63%) 250 (37%) 44 14 17 0

Ride-Hailing 558 (12%) 281 (50%) 277 (50%) 28 7 50 0
Private Bus 294 (6%) 135 (46%) 159 (54%) 46 9 5 0

Walking or Biking 132 (3%) 90 (68%) 42 (32%) 0 0 0 0
Online Bus-Booking 84 (2%) 37 (44%) 47 (56%) 48 9 33 0

Taxi 54 (1%) 30 (56%) 24 (44%) 25 12 33 0
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4.1.3. Car-Sharing Variables

Respondents’ familiarity with the new service is measured on three level of categories. The first
level is defined as when the person heard of the car-sharing concept for the first time through the survey
of this research, the second level is defined as when the person had heard about it before, and the
third level is for the individuals who had used a car-sharing service when they were traveling abroad.
It was found that 39% were newly introduced to the service, 53% had a background before answering
the survey, and 8% had practical experience in a foreign country.

Of the total 4800 trip scenarios reported by the respondents, the likelihood of choosing car-sharing
was 44% for the different attributes. However, this percentage varied significantly depending on the
car-sharing attributes, such as service cost per minute and access time, as demonstrated in Figure 6.
The combination of setting the fare to 2 EGP per minute and limiting the access time of the shared
car to around 5 min increased the likelihood of choosing car-sharing to nearly 77%, while increasing
the fare to 3 EGP per minute and doubling the access time to around 10 min dropped the likelihood
to 18%. Defining different cost categories is necessary to define the willingness to pay regarding the
new service and to identify the optimum accepted cost. In addition, the access time is a critical attribute
that could push the user from or pull them toward the new service.
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4.2. BLR Model

The developed BLR model focuses on the impact of the significant explanatory variables on the
likelihood of choosing car-sharing if it launches in the GCMA. Therefore, the dependent variable is
the preference of car-sharing use, which is a binary variable. The list of the 11 explanatory variables
and their coefficients are mentioned in Table 6. The results present the significant covariates that
built the finalized equation, their coefficients (B), which are in log-odds units, standard errors (S.E.),
the p-values (Sig.), and the odds ratio—also known as the exponentiated coefficients (Exp(B))—which,
in this case, is equal to the odds of choosing car-sharing divided by the odds of not choosing it. This was
taken into consideration to build the model with the most significant covariates.
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Table 6. Binary logistic regression results.

Explanatory Variables Type B S.E. Sig. Exp(B)

Age Scale −0.010 0.005 0.038 * 0.990
Private Car Ownership nominal −0.528 0.162 0.001 *** 0.590

Maintenance Ordinal 0.092 0.038 0.016 * 1.096
Leisure Trips nominal −0.179 0.067 0.008 ** 0.836

Public Transport nominal −0.720 0.119 0.000 *** 0.487
Ride-Hailing nominal −0.326 0.154 0.034 * 0.722

Walking or Biking nominal −0.709 0.220 0.001 *** 0.492
In-Vehicle Travel Time Scale −0.005 0.002 0.003 ** 0.995

Buffer Time Scale 0.016 0.006 0.005 ** 1.016
Direct Trip Cost Scale 0.010 0.002 0.000 *** 1.010

Used Car-Sharing Abroad nominal 0.941 0.125 0.000 *** 2.564
Car-Sharing Cost Per Min Scale −2.232 0.085 0.000 *** 0.107
Car-Sharing Access Time Ordinal −0.130 0.013 0.000 *** 0.878

Constant 6.748 0.292 0.000 *** 852.417

* Sig. ≤ 0.05; ** Sig. ≤ 0.01; *** Sig. ≤ 0.001.

Table 7 presents the summary of the results of the statistical test. The Omnibus test of model
coefficients shows a significance that is smaller than 0.0005, which indicates that the regression with
the explanatory variables is an improvement over the baseline model without them. In addition,
the Hosmer and Lemeshow test indicates that the p-value is approximately 0.06, which shows an
acceptable goodness of fit. The pseudo-R2 values of Cox and Snell and of Nagelkerke are 0.192
and 0.258, respectively, which are considered reasonable values. They usually have lower values than
the other types of R2 in multiple linear regressions, as they both explain the variation in the dependent
variable in a different way [48]. By setting the cut value to 0.5, the overall correct percentage for the
regression model is 70.9%. The percentage of the true “Yes” is 63.3%, while the percentage of the true
“No” is 76.7%. This effectiveness assessment of the predicted output shows that the BLR model can be
relied on.

Table 7. Results of statistical tests.

Statistical Tests

Omnibus Tests of Model Coefficients
Chi-square 1024.275

p-value <0.0005
−2 Log likelihood 5550.149
Cox and Snell R2 0.192

Nagelkerke R2 0.258
Hosmer and Lemeshow Test

Chi-square 15.028
p-value 0.06

Overall Percentage of Correct Prediction 70.9%

4.2.1. Effects of Demographic and Socioeconomic Variables

Population age has a significant negative effect for every additional year the person is older,
which indicates that younger people are more likely to use car-sharing. This effect is found to be in line
with several previous studies that share the same effect of people’s age. Prieto et al. (2017) found that
choosing car-sharing is driven to a certain extent by young generations. They suggested that young
citizens are more likely to be attracted to the idea of sharing, as their perspective about mobility differs
from that of the older mindsets [21]. They also pointed out that this young market segment is one of the
drivers that encouraged some car manufacturers to invest in the car-sharing business to improve their
brand loyalty. Other car-sharing studies, like those of Efthymiou et al. (2013) and Wang et al. (2012),
also found negative coefficients for the age attributes in their regression models [23,28]. Moreover,
this finding is in the same direction of another study in the field of the online ride-hailing in Cairo,
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which indicates that more younger people have adopted this ICT-based mobility mode than older
people in Cairo [14,49].

As predicted, the effect of car ownership is negative with very high significance, which means
that individuals who are personal car owners have a lower likelihood of choosing car-sharing for
their trips. People who cannot afford to buy a new car or to maintain their own are a perfect target
group for car-sharing services. So, the main target group that could benefit most from the service is
non-car owners, who represent the majority of the adult population, as shown previously in Table 3.
However, car maintenance, which is an ordinal numeric covariate from 0 to 7, inverts the effect of car
ownership with a significantly positive coefficient. This means that the more the car owner pays for the
annual maintenance, the more the effect of private car ownership is inverted. Even though the result
showed that most of the car owners are not willing to give up their private vehicles, car-sharing could
withhold the population from buying new ones. This is in line with the German study by Schmidt (2018)
that estimates that adding one free-floating car-sharing car on the street reduces the rate of new car
sales by 1.7 to 4.7 vehicles per year [20]. They showed that due to free-floating car-sharing, about 1.5%
of the new car sales were eliminated inside cities. Other demographic covariates, such as gender,
do not have a significant impact on car-sharing choice, which is similar to the findings of Yoon et al.
(2017) [26]. In addition, Kortum et al. (2016) found that gender does not have a significant effect on the
interest in car-sharing [50].

4.2.2. Effects of Trip Variables

The trip type output shows that leisure trips, such as for entertainment or shopping, have a negative
effect on the likelihood of choosing car-sharing with high significance. So, people would more likely
tend to use car-sharing while commuting to their work or university. This is in contrast to some studies,
which found that car-sharing services are more likely used more for leisure purposes and non-routine
trips than the daily commuting trips [51,52]. The respondent’s main mode of transportation has a very
highly significant negative coefficient if it is public transportation or physical modes, like walking
or biking. This reassures the concerns of those who think that car-sharing would replace the other
sustainable mobility modes [49]. The reason for public transport’s negative coefficient is clear, as it
is by far the most dominant means of transport [47], and a large segment of the population cannot
afford another mode, as it is the cheapest mode of motorized transportation in the GCMA [53]. This is
in the same direction as similar studies, like Mostofi et al. (2020), which mentioned there is no
negative correlation between frequent use of public transport and ICT-based services, like ride-hailing,
in Cairo [14]. In addition, walking or biking is usually used for short trips that do not need a
motorized mode of transport. Ride-hailing offers different benefits from those of car-sharing, such as
door-to-door trips and commuting as a passenger, which allow the traveler to make use of trip time for
another activity, like reading. This could justify its significantly negative coefficient in the model.

The time spent inside the vehicle, regardless of which mode of transportation, also has a
significantly negative coefficient for every additional minute. This effect was expected, as car-sharing
fares were presented in the stated preference survey as cost per minute, so the more people are stuck
in traffic, the more they would pay. This finding might differ if the fare system would be structured
by mileage instead of time, which could be an interesting question for future research related to
this study. On the other hand, people who spent more time to access their main mode of mobility
tended to accept the idea of the extra time needed to access the car-sharing more. The buffer time,
like walking to the bus station or waiting for a taxi, has a highly significant positive coefficient for every
wasted minute. This means that the more wasted time there is for the current main mode of transport,
the more this mode becomes less comfortable to its user, and he/she is open to the idea of choosing an
alternative mode, like car-sharing.
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4.2.3. Effects of Car-Sharing Variables

The model shows that all of the following car-sharing-related attributes have a very high significance.
It was found that if the respondents have tried the car-sharing experience, they will be enthusiastic
about using it in their city. Therefore, offering free rides for people to try a new service could be a
good approach for marketing to attract customers as one of the company’s channels. The two main
covariates related to the car-sharing service are the cost and access time. As predicted, the car-sharing
cost has the most impact among variables, with the biggest negative coefficient for every 1 EGP
increase and with very high significance. This means that the service provider should be careful
while pricing the car-sharing, as only a few piasters could completely change the willingness to pay
of the customers. It is not neglectable that the distance and the time spent to reach the car-sharing
vehicle are discouraging elements for people who would use the service (Yoon et al., 2017) [26]. This is
in line with this model’s output, which shows that the minutes needed to access the vehicle have a
very highly significant negative effect.

5. Conclusions

The Greater Cairo Metropolitan Area (GCMA), as one of the largest megacities in the world,
is suffering from high transportation demand, which is associated with severe traffic congestion
and environmental challenges. Car-sharing could provide a sustainable solution, with the potential
to decrease the number of private cars running on the streets and to complement the other modes
of transport. This study reports the findings of an online stated preference (SP) survey conducted
to predict the factors that affect the likelihood of choosing car-sharing if it launches in the GCMA.
The responses were found to be more representative of the younger generations from middle- and
higher-income classes. To analyze the SP survey data, a binary logistic regression model was adopted
in the SPSS statistical software, which revealed some significant variables in the car-sharing choices.

The cost of the original main mode of transportation, such as the annual maintenance cost for
private vehicles or direct trip costs of the other modes, has a significantly positive effect on the likelihood
of choosing car-sharing. In addition, the buffer time wasted to access the original mode of transport,
like walking or waiting, would encourage the people to switch to car-sharing. Additionally, people who
previously used car-sharing services in a foreign country are more enthusiastic about using it in Cairo.
On the other hand, the cost of the car-sharing fare and the time needed to reach and access a car has
a significantly negative effect on the likelihood of choosing car-sharing, as well does the in-vehicle
travel time. Attributes like age and car ownership also have a significantly negative coefficient in the
model’s equation. In addition, it was found that car-sharing for leisure trips was less attractive than for
commuting to work or universities in the GCMA. In addition, people who usually use public transit,
ride-hailing, walking, or biking are less likely to choose car-sharing services.

These findings are the guidelines for potential investors to identify their target groups and set the
service configuration to attract more users towards car-sharing. To optimize the service’s usage, it is
recommended for the operators to target the commuting trips of the younger users. Covering business
hubs and universities should have priority over the recreational places, as leisure trips have lower
odds than commuting trips. Most importantly, the combination of the service cost and coverage is the
main key to the company‘s success. Every increase in price an Egyptian pound and each additional
minute needed to access the car reduce the odds exponentially. So, it is recommended to set the fare to
2 EGP per minute and to increase the coverage to limit the vehicle’s access time to approximately 5 min,
which would achieve a greater number of customers. This combination increased the car-sharing
choice to nearly 77% of the responses.

Finally, it is admissible to say that car-sharing has great potential to succeed in the Egyptian market,
and it has wide acceptance and enthusiasm from the public. This study provides useful insights
into evaluating the Egyptian market and identifying the possible market segments in the GCMA.
It underscores how a new car-sharing service should set its fares, manage its vehicle fleet, and target
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potential customers. These insights could be useful for potential car-sharing providers to break into
one of the largest markets in the Middle East and Africa.

For future research that could improve the richness of the results, it is suggested to evaluate more
fare systems, such as paying per mile, and to introduce more business models, like station-based car-sharing,
peer-to-peer platforms, and cooperative programs. These different business models could be included
in developing a more sophisticated discrete choice model, such as a multinomial logit (MNL) model.
This would provide a better understanding and flexibility for potential investors.
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Appendix A English Version of the Survey Content

Section Survey Content

1 Introduction to (Car-Sharing) Pay-per-Minute Car Rental in Cairo

2 Personal Information

Q1. Age: _______
Q2. Gender: # Male # Female

Q3. In which area do you live? _______
Q4. Is there a metro station near your home (up to 5 min walk)? # Yes # No

3 Income Level

Q5. Which of these describes your household income per month? (EGP)
# <1500 # 1501–2500 # 2501–5000 # 5001–10,000 # 10,001–25,000 # 25,001–50,000 # 50,000+

Q6. Which of these describes your personal expenses per month? (EGP) # <1500 # 1501–2500 # 2501–5000 # 5001–10,000
# 10,001–25,000 # 25,001–50,000 # 50,000+

4 Private Cars

Q7. How many cars does your household have? _______
Q8. Do you personally own a private car? # Yes #No

5 If No

Q9. Do you have a driving license? # Yes #No

6 If Yes

Q10. How much do you pay for your car maintenance per year? # <1500 # 1501–2500 # 2501–5000 # 5001–10,000
# 10,001–25,000 # 25,001–50,000 # 50,000+

Q11. How many times do you refill your gas tank per month? _______

7 Ride-Hailing

Q12. How much do you use services like Uber or Careem? # Never # Few times a year # Few times a month
# Few times a week # Always

Q13. If the services like Uber or Careem were not available, what would you have chosen instead? # Private car # Private
motorbike # White taxi # Private bus: Work bus, university bus, etc. # Public transportation (metro, buses, microbuses, etc.)

# Walking # Bicycle

8 Occupation

Q14. Occupation: # Student # Employee # Entrepreneur # Working from home
# Retired # Housewife # Unemployed
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Table A0. Cont.

Section Survey Content

9 Work/University

Q15. In which area is your work/university? _______
Q16. Is there a metro station near your work/university (up to 5 min walk)? # Yes # No

Q17. What is the main mode you use to go to your work/university? # Private car # Private motorbike # White taxi
# Uber/Careem/other taxi app # Swvl/Uber Bus/Careem Bus/other bus app # Private bus: work bus, university bus, etc.

# Public transportation (metro, buses, microbuses, etc.) # Walking # Bicycle

10 Private Mode: (If the respondent chose his/her private vehicle as the main mode)

Q18. How many minutes do you take on the road to reach your work/university? _______
Q19. How much do you pay for parking per day? _______

Q20. How many minutes do you walk to reach your parking spot? _______

11 Private Bus: (If the respondent chose the private bus as the main mode)

Q21. Is your subscription: # Annually # Monthly # Daily
Q22. How much do you pay for it? _______

12 Cost of Your Chosen Mode (If the respondent did not choose a private mode)

Q23. How much do you pay per trip to work/university? _______

13 For Your Chosen Mode

Q24. How many minutes do you walk or wait for your transport mode to go to work/university? _______
Q25. How many minutes do you take inside the transport mode on the way to your work/university? _______

14 Work/University Trip

• For your trip to work/university:
• If car-sharing started in Cairo and you could rent a car by minute, with free parking and free fuel:

Q26. If you needed only around 5 min to access and rent the car, would you choose car-sharing if it would cost the following:
i. 2 EGP/Minute # Yes # No

ii. 2.5 EGP/Minute # Yes # No
iii. 3 EGP/Minute # Yes # No

Q27. Now you need around 10 min to access and rent the car. Would you choose car-sharing if it would costs the following:
i. 2 EGP/Minute # Yes # No

ii. 2.5 EGP/Minute # Yes # No
iii. 3 EGP/Minute # Yes # No

15 Entertainment or Shopping

Q28. What is the main mode you use to go for entertainment or shopping? # Private car # Private motorbike # White taxi
# Uber/Careem/other taxi app # Private bus: work bus, university bus, etc.

# Public transportation (metro, buses, microbuses, etc.) # Walking # Bicycle
Q29. How many times did you go for entertainment/shopping in the past 7 days? _______

Q30. In which area did you go out last time for entertainment or shopping? _______
Q31. Was there a metro station near your destination (up to 5 min walk)? # Yes # No

16 Private Mode: (If the respondent chose his/her private vehicle as the main mode)

• For your last trip for entertainment or shopping
Q32. How many minutes did you take on the road the last time to reach your entertainment or shopping destination? _______

Q33. How much did you pay for parking on this day? _______
Q34. How many minutes did you walk to reach your parking spot? _______

17 For Your Chosen Mode (If the respondent did not choose a private mode)

• For your last trip for entertainment or shopping
Q35. How many minutes did you walk or wait for your transport mode last time to go for entertainment or shopping? _______

Q36. How much did you pay for your last trip to go for entertainment or shopping? _______
Q37. How many minutes did you take inside the transport mode on the way to your last trip to go for entertainment or

shopping? _______

18 Entertainment or Shopping Trip

• For a trip like your last trip for entertainment or shopping:
•If car-sharing started in Cairo and you could rent a car by minute, with free parking and free fuel:

Q38. If you needed only around 5 min to access and rent the car, would you choose car-sharing if it would cost the following:
i. 2 EGP/Minute # Yes # No

ii. 2.5 EGP/Minute # Yes # No
iii. 3 EGP/Minute # Yes # No

Q39. Now you need around 10 min to access and rent the car. Would you choose car-sharing if it would cost the following:
i. 2 EGP/Minute # Yes # No

ii. 2.5 EGP/Minute # Yes # No
iii. 3 EGP/Minute # Yes # No

19 Last Section

Q40. Were you familiar with car-sharing?
# This is the first time hearing about it # I’ve heard about it before # I’ve used it abroad

Q41. If car-sharing is launching in Cairo, how much would you use it?
# Never # Few times a year # Few times a month # Few times a week # Always
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