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A  R  T  I  C  L  E I  N  F  O 

Ride-Hailing (RH) services have emerged as a preferred non-shared mobility option, 

contributing to a notable increase in their volume and modal share within urban 

transportation systems in Iranian cities. Despite this trend, limited empirical research 

exists on RH adoption in Iran and other developing countries. This study investigates the 

factors influencing RH usage in Iran, focusing on Mashhad, the nation’s second-largest 

metropolis. Data were collected in 2022 through 619 valid questionnaires encompassing 

four categories of variables: demographic, travel-related, environmental, and latent 

psychological factors. Exploratory factor analysis was first used to derive factor scores, 

followed by the development of an ordered probit discrete choice model. Findings reveal 

that variables such as marital status, employment, physical disability, household size, and 

social media use showed no significant effect. However, travel purpose, limited public 

transit access, proximity to traffic-restricted area, and trip characteristics such as duration 

and time of day significantly influenced usage. Among latent variables, privacy concerns 

and dissatisfaction with public transportation positively affected RH preference. Whereas 

pandemic-related apprehensions and economic constraints diminished it. The study offers 

insights into urban mobility behavior in developing contexts and highlights the 

multifaceted factors shaping RH demand. 
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1. Introduction 

The rise of platform businesses has sparked a clash between traditional economic players and new, innovative actors [1]. App-

based mobility encompasses a range of transportation services facilitated via smartphone applications. Among these, ride-hailing 

remains the most prevalent service. Despite being introduced over a decade ago, ride-hailing continues to generate considerable 

debate regarding its effects on urban transportation systems [2]. RH has altered traffic patterns, potentially affecting related 

externalities such as congestion, traffic accidents, and environmental impacts [3]. Transportation Network Companies (TNCs) such 

as Uber, Lyft, and Didi have fundamentally transformed the conventional taxi industry on a global scale. For instance, Uber’s entry 

into New York in 2011 reduced hourly traditional taxi usage by 25% [4], similarly Shenzhen, China, saw a 20% decline in taxi 

revenues [5]. Such shifts highlight ride-hailing’s dual role as both a complement to and a substitute for public transit, leading to 

substantial changes in urban mobility patterns [6, 7]. In Iran, the 2014 launch of RH services like Snapp facilitated by Information 

and Communication Technology (ICT) advancements and internet penetration revolutionized transportation. Snapp enables users 

to book rides, view driver profiles, estimate fares, and choose payment methods via smartphones, amassing over 40 million users 

and 2 million daily trips by 2020 [8]. 

Focusing on Mashhad, Iran’s second-largest city, this research combines Exploratory Factor Analysis (EFA) and ordered probit 
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modeling to analyze 619 survey responses in 2022. It identifies key demographic, travel-related, environmental, and latent 

psychological predictors of RH usage while highlighting the pandemic’s unique impact [9]. The findings offer policymakers and 

urban planner insights into sustainable mobility solutions tailored to developing economies. 

This study contributes to the existing literature in several ways. First, it investigates ride-hailing adoption in Mashhad, one of 

the largest metropolitan areas in Iran, where empirical evidence on ride-hailing behavior remains limited. Second, the study jointly 

examines demographic, travel-related, environmental, and latent psychological factors affecting ride-hailing usage. Third, it 

explicitly incorporates pandemic-related perceptions and concerns, as well as privacy concerns associated with public transportation, 

factors that have received limited attention in previous studies conducted in developing countries. Finally, by combining exploratory 

factor analysis with an ordered probit model, the study provides a comprehensive framework for analyzing both latent attitudes and 

observed travel behavior. 

2. Research background 

2.1. Analysis approaches 

Recent advancements integrate machine learning with macro-level data (e.g., land use, urban density) and micro-level variables 

(e.g., demographics, real-time weather, traffic congestion) to model RH demand [10]. RH platforms operate as two-sided markets, 

where supply (drivers) and demand (passengers) interact dynamically [11, 12]. This framework emphasizes the interdependence of 

driver incentives (e.g., wage structures, surge pricing) and passenger demand in shaping service accessibility, pricing, and 

transaction volumes. For instance, driver availability directly affects wait times and user satisfaction, while demand surges influence 

pricing algorithms. Balancing these dynamics is essential for platform sustainability, as mismatches between supply and demand 

can lead to service inefficiencies or driver attrition [13]. 

Mode choice modeling, examines the behavioral and contextual factors influencing individuals’ preferences for RH over 

alternatives like public transit or private vehicles. By accounting for the interconnected factors on mode choice (service attributes, 

passenger characteristics, and external conditions), the framework ensures a holistic analysis of transportation systems, balancing 

user needs, operational efficiency, and environmental variables [14]. Structural Equation Models empower the analysis by 

considering interactions between latent factors such as passenger attitudes and perceptions and observable variables like 

socioeconomic traits [4]. For instance, multigroup MIMIC models have been used to investigate the pandemic-driven shifts in RH 

intentions [9]. This study employs an ordered probit model to assess both observed variables and latent constructs. In ordered probit, 

a normal distribution of the error term is assumed, which can be more appropriate for modeling processes [15, 16]. 

2.2. SH demand determinants 

RH services have revolutionized urban transportation, yet their demand dynamics remain context-dependent, particularly in 

understudied developing economies [3, 17]. This review synthesizes global evidence on socio-demographic, attitudinal, and 

environmental determinants of RH adoption, highlighting critical research gaps in Iran and similar contexts. By integrating latent 

variables and the pandemic-era behavioral shifts, this study advances methodological and empirical insights for sustainable mobility 

planning. The rapid proliferation of RH platforms like Uber, Lyft, and Snapp has redefined urban mobility, offering flexible 

alternatives to private vehicles and public transit [7, 8, 17, 18]. This review examines the determinants of RH demand, critiques 

methodological approaches, and identifies gaps in Iran’s mobility literature. 

2.2.1. Socio-demographics 

Demographic factors such as age, income, and educational attainment serve as reliable indicators of RH adoption, with younger, 

affluent, and highly educated groups typically exhibiting higher usage rates [9, 19, 20]. However, regional variations challenge this 

trend; For instance, in China, users frequently lack higher education qualifications [21]. A counterintuitive pattern also emerges in 

low-income New York communities, which show unexpectedly high RH demand [22]. Gender remains a subject of debate in 

adoption research; while some studies in underdeveloped nations suggest higher female adoption rates of ride-hailing services [23, 

24], recent evidence from countries such as Pakistan indicates lower female usage due to stronger safety concerns and contextual 

constraints. However, other findings suggest no significant gender or racial influences [25, 26]. Similarly, car ownership is generally 

linked to reduced demand in most studies [7, 23, 27], though this trend does not hold in Chile, where research shows no such 

relationship [18]. 

2.2.2. Travel and built environment 

Environmental factors demonstrate a stronger association with usage frequency compared to socio-demographic characteristics 

[28]. Neighborhood walkability, urban compactness, pedestrian-oriented design, transit accessibility, educational institutions, and 

accessibility to town centers are associated with individuals' use of ride-hailing services [29, 30]. Demand patterns are notably 

shaped by trip purposes (such as work, education, leisure, or business) and urban density [17, 31]. Additionally, individuals residing 

near metro systems, commercial centers, or in densely populated urban areas show a higher likelihood of adopting ride-sourcing 

services [19, 32]. Similarly, limited parking availability and traffic congestion further drive reliance on RH platforms [33]. 
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2.2.3. Latent factors 

Psychological factors, including perceived safety, service quality, travel time efficiency, reliability, cost-effectiveness, 

flexibility, and environmental citizenship serve as primary motivators for adopting RH services [25, 31, 34-37]. Features like real-

time tracking and driver verification significantly increase usage in regions with high crime rates [38], whereas dissatisfaction with 

public transportation drives transitions to RH platforms [39]. 

2.3. Iran’s RH landscape 

In Iran, RH services constitute a vital component of the urban mobility economy [40], distinguished by high public trust, 

perceived utility, and service convenience [41]. Iranian users prioritize flexibility and distrust in public transit [41]. Women, 

students, and formal-sector employees constitute primary adopters, while vehicle ownership reduces usage [24, 42]. Despite its 

societal embeddedness, empirical studies on Iran’s RH ecosystem remain scarce, reflecting a broader neglect of developing contexts. 

2.4. Research gaps and contributions 

This study addresses three critical gaps. First, while latent variables (e.g., attitudes, perceptions) are recognized predictors of 

transportation demand, their role in RH adoption remains rarely understudied. We integrate attitudinal questions with observed 

variables in a Discrete Choice Model (DCM) to capture these nuances. Second, by examining the pandemic-era data, we reveal how 

health and economic shocks reshape mobility preferences. Third, although technology-enabled services such as ride-hailing 

comprise a substantial portion of the modal split in many developing countries, including Iran, scholarly research on this topic 

remains limited [3]. In particular, there is a notable gap in studies exploring the factors that influence the frequency of ride-hailing 

usage. Iran, as a developing country with a population of more than 90 million and large usage of RH services, is a worthy case 

study and opens up new insights on travelers' attitudes in developing countries. 

3. Methodology 

This study employs EFA and DCM to analyze factors influencing RH demand. Fig. 1 summarizes the overall research framework 

adopted in this study. The process begins with questionnaire design and data collection, followed by data preprocessing and 

exploratory factor analysis (EFA) to identify latent constructs. The extracted factor scores are then combined with demographic, 

travel-related, and environmental variables and incorporated into an ordered probit model to estimate the determinants of ride-

hailing usage. Finally, marginal effects are calculated to facilitate the interpretation of the model results. 

 
Fig. 1. Framework for estimating RH demand. 

3.1. DCM framework and ordered probit model 

DCMs analyze decisions among mutually exclusive alternatives, assuming individuals choose the alternative maximizing their 

utility [16]. The utility function  𝑈𝑖𝑛 for individual 𝑖 choosing alternative 𝑛 is expressed as Eq. 1 [43]. 

𝑈𝑖𝑛 =  𝑉𝑖𝑛 +  𝜀𝑖𝑛  (1) 

where: 

𝑈𝑖𝑛: The utility of alternative 𝑛 for the decision maker 𝑖 (𝑖 denotes the individual respondent and 𝑛 denotes the alternative) 

𝑉𝑖𝑛: The observable or measurable component in the utility that the analyst calculates or estimates 

𝜀𝑖𝑛: The portion of utility that is unobservable or error remains unknown to the analyst 

The Ordered Probit Model is particularly suited for analyzing ordinal survey data (e.g., Likert-scale responses), where categories 

have inherent order but lack numerical meaning. The model preserves the ordinal nature of responses while accommodating unequal 

spacing between categories, making it a statistically rigorous method for interpreting ordered categorical variables [44].  
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Let 𝑖 denote a respondent (𝑖 = 1, … , 𝑁), where 𝑁 represents the sample size. The observed ordinal response of individual 𝑖 to a 

survey question is denoted 𝑦𝑖 , which can take integer values (1, 2, 3, … , 𝐽). The model posits a latent variable  𝑦∗
𝑖
, representing the 

unobserved propensity of respondent 𝑖 to agree with a statement, bounded between (−∞ <  𝑦∗
𝑖

< +∞). This latent variable 𝑦∗
𝑖
 is 

linked linearly to a vector of explanatory features 𝑥𝑖 by Eq. 2. 

𝑦∗
𝑖

= 𝑥𝑖𝛽 + 𝑢𝑖             𝑖 = 1, … , 𝑛  (2) 

Here, 𝛽 parameter analogously to slope parameters in linear regression. While  𝑦∗
𝑖
 is unobserved, its relationship to the observed 

𝑦 is defined as Eq. 3. 

𝑦 = 1   𝑖𝑓   − ∞ < 𝑦∗ < κ1  

𝑦 = 2   𝑖𝑓   κ1 <  𝑦∗ < κ2    

𝑦 = 𝐽   𝑖𝑓   κ𝐽−1 < 𝑦∗ < ∞  

(3) 

The parameters κ𝑗(𝑗 =  1, … , 𝐽 − 1) are referred to as cut points or threshold parameters. For example, the probability density 

function of 𝑦∗
𝑖
 for 𝐽 = 4 is illustrated in Fig. 2 [44]. 

 
Fig. 2. Density function of 𝒚∗

𝒊
. 

Let 𝑃𝑖(𝑦) represent the probability that respondent i chooses category y. This probability is expressed as Eq. 4. 

𝑃𝑖(𝑦) = 𝑃(𝜅𝑦−1 < 𝑦∗ < 𝜅𝑦  ) = 𝛷(𝜅𝑦 − 𝑥𝑖𝛽) − 𝛷 (𝜅𝑦−1 − 𝑥𝑖𝛽)   𝑦 = 1, … , 𝐽  (4) 

where 𝛷 is the standard normal cumulative distribution function. The log-likelihood for the sample is expressed as Eq. 5. 

𝐿𝑜𝑔𝐿 = ∑ 𝑙𝑛[𝑃𝑖(𝑦𝑖)] =𝑖 ∑ 𝑙𝑛[𝛷(𝜅𝑦𝑖 − 𝑥𝑖𝛽) − 𝛷(𝜅𝑦𝑖−1 − 𝑥𝑖𝛽)]𝑖   (5) 

DCMs, such as logit and probit models, require systematic validation to evaluate their accuracy. Common statistical methods 

used for this purpose include hypothesis testing, diagnostic assessments, and goodness-of-fit measures such as McFadden’s pseudo-

R² and the Akaike/Bayesian Information Criteria (AIC/BIC). 

3.2. Exploratory factor analysis 

Factor analysis is a versatile multivariate method extensively utilized in psychology, education, health, and social sciences to 

refine and validate measurement tools and theoretical concepts. EFA is a statistical method used to identify latent structures within 

a set of observed variables. Basically, it includes 5 steps, namely: Data suitability, extraction criteria, factor extraction, rotation, and 

interpretation [45]. In the current study, principal component analysis and varimax were used for factor extraction and rotation 

approaches, respectively [45, 46]. 

To validate the factor analysis framework, three statistical criteria were applied. First, the correlation matrix was examined to 

ensure moderate-to-strong correlations (≥ 0.3) among variables within proposed factors, a prerequisite for justifying shared latent 

constructs [46]. Second, the Kaiser-Meyer-Olkin (KMO) test assessed sampling adequacy, with values ≥ 0.6 confirming the data’s 

suitability for EFA [45]. Finally, Bartlett’s test of sphericity; (𝑝 < 0.05) rejected the null hypothesis of random noise, thereby 

supporting the use of EFA [46, 47]. Together, these tests ensure methodological rigor in identifying latent structures within the 

dataset. 

4. Case study and data 

The empirical survey underlying this research was conducted between January and March 2022, when the COVID-19 pandemic 

continued to affect everyday urban mobility patterns in Mashhad. During this phase, several public health measures and mobility 

restrictions were still enforced, shaping individuals’ travel decisions and their reliance on ride-hailing services. Therefore, this study 

employing an online survey, investigated the determinants influencing the adoption of RH services by incorporating an analysis of 

both latent attitudinal and observed variables. Given the well-established presence and widespread utilization of RH services in 



Nosrati et al. Civil Engineering and Applied Solutions, 2027; 3(2): 69–86 
 

73 

Mashhad, it was presumed that the respondents had substantial familiarity with this mode of transportation. Additionally, 

precautionary measures were implemented at the survey's outset, and comprehensive explanations were provided to participants to 

ensure clarity and accuracy in their responses. The internal consistency of the questionnaire was assessed using Cronbach’s alpha, 

which yielded an acceptable level of reliability. 

Participants were recruited through an online survey using a convenience sampling method, as the pandemic-related restrictions 

prevented in-person data collection. The questionnaire link was distributed via social media platforms and local digital communities 

of ride-hailing users in Mashhad. The study focused on residents of recently developed neighborhoods in the city’s western districts, 

representing a more modern urban population. Eligible participants had completed at least secondary school education, resided in 

the selected areas, and were familiar with ride-hailing services. Individuals not meeting these criteria or providing incomplete 

responses were excluded from the analysis. 

Mashhad, spanning an area of over 300 square kilometers, is situated in Khorasan Razavi Province in northeastern Iran, with a 

population of approximately 3.5 million and over 30 million visitors annually [48, 49]. Mashhad serves as Iran’s leading tourist hub, 

drawing international visitors from countries such as Iraq, Bahrain, Kuwait, Lebanon, Pakistan, Afghanistan, Azerbaijan, and Qatar. 

The city is structured into 13 districts, with the Samen district being of particular religious and governmental importance (Fig. 3). 

Like many other major metropolitan areas, Mashhad grapples with substantial challenges associated with the widespread use of 

motor vehicles. 

Before administering the full-scale survey, a pilot study was conducted. The pilot sample consisted of 45 transportation experts 

and students, each of whom provided individualized feedback on survey questions to ensure clarity and eliminate ambiguity. 

Following the pilot phase, and preliminary modeling, unclear or irrelevant questions were modified to enhance response accuracy 

and participation rates. The final data collection took place between January and March 2022. Traditional communities are primarily 

concentrated in the eastern districts of Mashhad. In contrast, the current study centers on more modern populations and 

neighborhoods characterized by recent urban development. The survey was distributed among individuals in Mashhad’s Districts 

9, 10, and 11, resulting in 619 completed questionnaires (District 12 is a developing area that currently lacks a significant residential 

population). The RH Questionnaire was systematically structured into two sections, comprising 46 questions in total. The first 

section focused on observed variables, employing multiple-choice and fill-in-the-blank formats, while the second section assessed 

latent variables using a five-point Likert scale. 

 
Fig. 3. The location and urban zoning of Mashhad [50]. 

5. Results 

5.1. Demographic, travel-related and environmental characteristics 

Table 1 summarizes the key demographic characteristics of the study sample. According to the table, more than 50% of the 

respondents are under 25 years old, possess educational qualifications below a postgraduate degree, and are predominantly single. 

This trend suggests that a significant portion of the respondents are students or pupils from universities and schools. Women 

comprise approximately 53% of the respondents, while men account for 47%. This gender disparity may be attributed to higher 

response rates among women, despite the survey being distributed nearly equally among both genders. Approximately 60% of the 

respondents are either students or part-time employed, aligning with the prevalence of lower income levels below 30 million Rials 

(MR) and between 30 and 80 MR. Additionally, the most common household structure consists of four family members with two 

licensed drivers. 

The data reveals that 53% of the respondents reside within a five-minute distance from public transit stations, while 30.4% are 

between five and ten minutes away, indicating widespread accessibility to transit options. Additionally, the data suggests that most 

individuals have access to both private and public transportation options. Approximately half of the respondents prefer to delegate 

parcel deliveries to RH drivers, rather than making trips themselves. 

Regarding RH travel behavior, 39.7% of the respondents did not specify a particular trip purpose. Among those who did, the 

most frequently cited trip purposes were returning home, work, and personal errands. Notably, the afternoon emerged as the most 
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preferred time for RH usage, followed by morning trips and travel during the pandemic restrictions. 

Table 1. Studied variables and their specifications. 

Variable Unit Type* Category Freq. (%) 

Age Year O 

Under 18 19.4 

18 to 24 32.5 

24 to 30 6.8 

30 to 40 16.2 

40 to 50 15.3 

Over 50 9.9 

Educational attainment - O 

Less than high school diploma 23.6 

High school diploma or associate degree 31.2 

Bachelor's degree 28.9 

Postgraduate degree 16.3 

Marital status - N 
Single 57.4 

Married 42.6 

Gender - N 
Female 52.5 

Male 47.5 

Use of RH for parcel delivery - N 
Yes 51.2 

No 48.6 

Walking time to the nearest public transit station min O 

0 to 5 53 

5 to 10 30.4 

10 to 15 8.7 

>15 7.9 

Trip purpose - N 

Work 16.3 

Education 4.4 

Returning home 18.4 

Leisure 4.2 

Personal errands 16.2 

Various destinations 39.7 

Preferred trip duration for RH use min N 

>20 14.2 

≤20 24.7 

No preference 60.4 

Daily social media usage h O 

≤1 9.4 

1 to 2 27.3 

>2 63.2 

Monthly income MR N 

≤30 27.1 

30-80 27.1 

80-120 11.6 

>120 2.4 

Prefer not to answer 31.5 

Employment status - N 

Full-time 29.6 

Part-time 12.9 

Student 46 

Retired 2.7 

Housekeeper 3.9 

Unemployed 4.8 

Household size Persons O 

1 1 

2 7.3 

3 19.2 

4 or more 72.5 
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Number of licensed drivers in household Persons O 

0 or 1 16.6 

2 48 

3 or more 35.2 

Physical or intellectual disability - N 
Yes 2.9 

No 96.8 

Type of vehicle accessible to the respondent - N 

Motorcycle 3.9 

Car 66.7 

both 5 

No vehicle 24.4 

Preferred time of day for RH usage - N 

During the morning period 12.1 

During the afternoon period 34.9 

During the pandemic restrictions 4.8 

At different times throughout the day 47.5 

Frequency of RH usage in the past month Times/month O 

0 25.4 

1 to 8 51.9 

> 8 22.8 

RH usage before the pandemic Times/month O 

0 17.1 

0 to 8 59.1 

> 8 23.4 

Workplace/study location in CBD - N 
Yes 25.5 

No 74.5 

Residence in CBD zone - N 
Yes 16.6 

No 83.4 

* Type = Measurement type (O: Ordinal / N: Nominal) 

The study also found high engagement with social media, as about two-thirds of the respondents reported spending more than 

two hours per day on social networking platforms. This aligns with the high participation rate in the online questionnaire, 

underscoring the respondents’ familiarity with mobile technology and digital platforms. 

In terms of geographical distribution, 74.5% of the respondents' workplaces or educational institutions and 83.4% of their 

residences were located outside the Mashhad traffic-restricted area. This finding is consistent with the urban layout, where the 

traffic-restricted area primarily accommodates administrative, commercial, and religious centers, as well as hotels, with few 

permanent residents. Given that this study primarily focuses on Mashhad’s developed residential population, only a small proportion 

of the respondents resided within the traffic-restricted area. 

The willingness to use RH services has declined in the aftermath of the COVID-19 pandemic and is shown in Fig. 4. Before the 

pandemic, 17.1% of the respondents reported not using RH services at all during the month, whereas this number increased to 25.4% 

during the pandemic. Notably, the overall 8.3% decline in RH usage primarily stemmed from a reduction among moderate users, 

while the proportion of frequent users remained relatively stable throughout the same period. 

 
Fig. 4. Frequency of internet taxi usage. 

5.2. Psychological variables 

Fig. 5 portrays a summary of the level-of-importance questions made by the respondents. A substantial proportion of the 

respondents expressed significant concerns regarding parking availability during urban travel, highlighting the urgent need for 

adequate parking infrastructure across all districts of Mashhad. Furthermore, over 50% of the respondents agreed with statements 

emphasizing the importance of general safety during travel, additionally, more than 75% highlighted the necessity of always being 

aware of their location throughout a trip. Also, the majority of respondents reported difficulty in trusting strangers, reflecting security 

concerns. Additionally, the majority of participants are technologically proficient and remain informed about modern advancements. 

Knowing the cost of travel beforehand is a priority for most respondents. However, within this group, only 35.9% strongly agreed, 
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and 26.7% agreed that they always opt for the most economical mode of transportation. 

Most of the respondents preferred using pedestrian bridges when available, and 70% considered motorcycles to be a hazardous 

mode of transportation. The majority of the respondents are reluctant to share rides with other passengers, even if it would reduce 

travel costs, emphasizing the importance placed on privacy during travel. Less than half of the respondents perceived the facilities 

at stations and the fleets’ conditions as inadequate. Additionally, 78.1% found buses and subways to be overcrowded and unpleasant. 

Data collection for this study occurred during the COVID-19 pandemic and the cold seasons of 2021–2022. As expected, a 

significant proportion of the respondents avoided crowded places, gatherings, and similar activities to minimize the risk of 

contracting the virus. Most of the respondents exhibited environmentally conscious attitudes. Specifically, 72.2% believed that 

environmental protection efforts should persist; similarly, 69.9% expressed a willingness to pay more for environmentally friendly 

products. 75% of the respondents identified traffic congestion as a major cause of inconvenience. Congestion and pollution in central 

urban districts are significant concerns, as the majority of the respondents rely more on private vehicles than on public transportation. 

 

 

 

 

 

 

 
Fig. 5. Aggregate shares of responses to the level-of-importance questions from the respondents. 

5.3. EFA 

The inclusion of numerous correlated attitudinal variables in behavioral models introduces complexity. To address this, 

exploratory factor analysis is employed to reduce observed variables into fewer uncorrelated latent constructs (factors). This section 

020406080100

I find it hard to trust strangers.

Being able to track my location at any moment during a trip is important to me.

Constructing parking lots in city centers should be a priority.

I often worry about finding a parking spot during urban trips.

020406080100

I believe motorcycles are dangerous vehicles.

If a pedestrian bridge exists, I usually use it to cross the street.

I try to choose the cheapest modes of transportation.

Knowing the cost of travel before starting a trip is important to me.

020406080100

Buses and subways are usually crowded, and this is bothersome.

Stations and public transportation vehicles have appropriate facilities and equipment.

Using public transportation with a friend, spouse, or children is difficult.

I am not interested in sharing travel with other passengers, even if it reduces travel costs.

020406080100

Learning a new skill is usually time-consuming and difficult for me.

I believe having new experiences is important, and I am always trying new things.

I am so busy that I do not get to complete many of my daily tasks.

I always choose the shortest route, even if it is only two or three minutes shorter.

020406080100

A car is a mode of transportation for me; it is not serves as a reflection of my personality.

I do not have problem with eliminating personal car, as I can rent or manage it according to my needs.

020406080100

I prefer to live close to public transportation, even if it means having a smaller 

house and living in a crowded area.

I prefer living in a large house, even if it is far from public transportation and places I frequently visit.

Time spent on daily commutes is wasted time.

Traffic congestion is a major problem for me, and it bothers me.

020406080100

I am willing to pay more for products if it means less harm to the environment. 

It is meaningless to try hard to be environmentally friendly because I am just one person. 

Avoiding COVID-19 due to sensitivity, weakness, or illness of my relatives is very important to me.

Due to not contracting COVID-19, I have almost completely stopped visiting relatives, going to cafés, 

restaurants, etc.
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applies principal components analysis to distill the respondents’ attitudes into interpretable dimensions, generating factor scores for 

integration into DCMs. Table 2 presents the factors identified by loadings exceeding 0.4. After pruning variables with weak loadings 

(<0.4), six factors were explored, namely (1) Parking and congestion concerns, (2) Safety and security concerns, (3) Concerns about 

the pandemic, (4) Privacy concerns regarding public transit, (5) Economic concerns, and (6) Variety-seeking perceptions. 

Table 2. Results of the EFA. 

Component items Mean Standard deviation Communality 1 2 3 4 5 6 

I often worry about finding a parking spot during urban trips. 3.85 1.064 0.560 0.704      

Constructing parking lots in city centers should be a priority. 4.43 0.834 0.543 0.601      

Traffic congestion is a major problem for me, and it bothers 

me. 
4.09 1.001 0.489 0.570      

Time spent on daily commutes is wasted time. 3.68 1.204 0.485 0.559      

If a pedestrian bridge exists, I usually use it to cross the 
street. 

4.24 1.060 0.446  0.595     

Being able to track my location at any moment during a trip 
is important to me. 

4.25 0.947 0.462  0.569     

I find it hard to trust strangers. 4.16 0.915 0.447  0.555     

I always choose the shortest route, even if it is only two or 

three minutes shorter. 
3.90 1.062 0.498  0.444     

I believe motorcycles are dangerous vehicles. 3.93 1.225 0.426  0.433     

Due to not contracting the pandemic, I have almost 

completely stopped visiting relatives, going to cafés, 
restaurants, etc. 

3.77 1.201 0.653   0.795    

Avoiding the pandemic due to sensitivity, weakness, or 
illness of my relatives is very important to me. 

4.40 0.809 0.626   0.746    

Buses and subways are usually crowded, and this is 

bothersome. 
4.15 0.994 0.369   0.407    

Using public transportation with a friend, spouse, or children 

is difficult. 
3.30 1.407 0.569    0.654   

I prefer living in a large house, even if it is far from public 

transportation and places I frequently visit. 
3.26 1.344 0.456    0.636   

I am not interested in sharing travel with other passengers, 

even if it reduces travel costs. 
3.58 1.298 0.542    0.622   

I try to choose the cheapest mode of transportation. 3.73 1.249 0.700     0.827  

Knowing the cost of travel before starting a trip is important 

to me. 
4.51 0.747 0.584     0.688  

I believe having new experiences is important, and I am 

always trying new things. 
3.79 1.009 0.560      0.740 

I am so busy that I do not get to complete many of my daily 

tasks. 
3.18 1.208 0.516      0.647 

Table 3 presents the eigenvalues for the factors. As observed, in the final EFA, a total of six latent factors with eigenvalues 

greater than 1 have been identified. Additionally, the percentage of variance explained by each factor and the total variance explained 

for each category are provided. The explained variance represents the proportion of total variance accounted for by each extracted 

factor, indicating its relative contribution to explaining the observed data. Factors with higher explained variance capture a greater 

share of the information contained in the original variables. The cumulative explained variance reflects the overall proportion of 

total variance explained by all retained factors and provides an indication of how well the extracted factor structure represents the 

underlying data. 

5.4. Model estimation 

The modeling process was conducted in Stata software, evaluating a range of model specifications. Ultimately, the Ordered 

Probit Model with the highest content validity and statistical significance was selected. Additionally, the average marginal effects 

quantify the percentage change in the probability of choosing RH associated with each variable. This section introduces the variables 

used in the modeling process and outlines the steps taken to construct the model in Stata software. Following this, the results of the 

modeling are presented, along with a detailed discussion of their implications. 

The dependent variable in the RH modeling is the frequency of using RH after the pandemic. Since the dependent variable in 

choice models must be discrete, it was grouped into intervals. The grouping was determined by evaluating the statistical and content 

significance of the model. The three ordered groups of the dependent variable demonstrated the highest significance in the ordered 

probit model. The classification thresholds were determined based on an iterative modeling process and the observed distribution 

of the data, ensuring meaningful behavioral segmentation of users. The independent variables encompass observed variables, 

including demographic attributes (e.g., age, gender, income), travel-related variables (e.g., access to personal vehicles, trip purpose), 

and environmental conditions (e.g., proximity to public transit, traffic congestion), as well as factors for attitudinal factors. A detailed 

description of the estimated coefficients is provided in Table 4. 

The pseudo R² indicates an acceptable level of explanatory power for behavioral modeling; however, it also suggests that 
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additional relevant factors may further improve the model’s performance in future research. A diagnostic assessment showed that 

all Variance Inflation Factor (VIF) values were below 2.75, confirming the absence of significant collinearity among the predictors. 

Table 3. Eigenvalues for the factors. 

Component 

Without factor rotation  With orthogonal factor rotation 

Eigenvalue 
Variance 

percentage 

Cumulative variance 

percentage 
 Eigenvalue 

Variance 

percentage 

Cumulative variance 

percentage 

1 3.646 19.188% 19.188%  2.108 11.094% 11.094% 

2 1.443 7.594% 26.782%  1.743 9.171% 20.266% 

3 1.385 7.289% 34.070%  1.666 8.767% 29.032% 

4 1.205 6.344% 40.414%  1.533 8.066% 37.098% 

5 1.145 6.027% 46.441%  1.487 7.824% 44.923% 

6 1.108 5.834% 52.275%  1.397 7.353% 52.275% 

 

Table 4. Ordered probit results. 

Variable Coefficient T-statistic P-value 

AGE (reference group: above 50 years)    

Below 18 years 0.241 0.86 0.390 

18–24 years 0.442 2.09 0.037** 

24–30 years 0.766 2.91 0.004*** 

30–40 years 0.648 3.12 0.002*** 

40–50 years 0.226 1.11 0.266 

Gender (reference group: female)    

Male -0.641 -6.28 0.000*** 

Educational attainment (reference group: postgraduate degree)    

Less than high school diploma 0.099 0.36 0.723 

High school diploma or associate degree 0.386 1.94 0.052* 

Bachelor's degree 0.246 1.59 0.111 

Monthly income (reference group: less than 30 MR)    

30-80 MR 0.005 0.03 0.974 

80-120 MR -0.124 -0.61 0.545 

More than 120 MR -0.010 -0.03 0.978 

Prefer not to answer -0.271 -2.05 0.041** 

Type of vehicle (reference group: car)    

Motorcycle -0.153 -0.59 0.556 

Motorcycle and car 0.336 1.48 0.139 

No vehicle 0.565 4.61 0.000*** 

Trip purpose (reference group: leisure)    

Work 0.893 3.28 0.001*** 

Education 0.697 2.08 0.037** 

Returning home 0.528 2.01 0.045** 

Personal errands 0.365 1.36 0.174 

Multiple purposes 0.615 2.44 0.015** 

Workplace/study location in traffic-restricted zone 0.379 3.25 0.001*** 

Preferred time of RH use (reference group: during COVID restrictions)    

Morning 0.505 1.89 0.059* 

Afternoon 0.634 2.67 0.008*** 

Various times 0.525 2.24 0.025** 

Using RH for package delivery 0.359 3.51 0.000*** 
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Preferred trip duration (reference group: trips longer than 20 minutes)    

Trips shorter than 20 minutes 0.305 1.88 0.060* 

No preference 0.358 2.44 0.015** 

Walking distance to nearest public transit (reference group: less than 5 minutes)    

5–10 minutes 0.352 3.10 0.002*** 

10–15 minutes 0.349 1.95 0.051* 

More than 15 minutes 0.049 0.26 0.796 

Concerns & perceptions    

Parking and congestion concerns 0.083 1.54 0.123 

Safety and security concerns -0.036 -0.74 0.462 

Concern about the pandemic -0.126 -2.47 0.013** 

Privacy concerns regarding public transit 0.092 1.84 0.066* 

Economic concerns -0.075 -1.50 0.134 

Variety-seeking perceptions -0.034 -0.68 0.497 

Model fit statistics: Pseudo R²: 0.167; Log likelihood: -515.507; Chi² (37): 206.35; p-value (prob > chi²): 0.000; p < 0.01 (highly significant), p < 0.05 

(statistically significant), p < 0.10 (marginally significant) 

5.4.1. Marginal effects 

The marginal effects were calculated for three groups of the dependent variable, including (1) No use of RH, (2) Moderate use 

of RH and (3) High use of RH. However, the average marginal effects for the moderate use group were not statistically significant, 

unlike those for the no use and high use groups. As a result, the marginal effects for the moderate use group are not discussed further 

in this section. The marginal effects for the no use and high use groups are presented in Table 5. These results provide insights into 

the factors influencing the likelihood of individuals either not using RH at all or using them frequently, offering valuable information 

for policymakers and service providers. Table 5 presents the average marginal effects of variables for groups with no usage and 

high usage of RH services. It shows how different factors (such as age, gender, education, income, vehicle ownership, trip purpose, 

and travel preferences) influence the likelihood of using RH services either very frequently or not at all. 

5.4.2. Attitudinal factors 

In the model, two attitudinal factors, namely concern about the pandemic and privacy regarding public transportation, 

demonstrated strong statistical significance, and at a lower level of confidence, parking and economic concerns were significant. 

Individuals who are more concerned about the pandemic and prioritize cost-effectiveness are less inclined to use RH. Additionally, 

individuals who value privacy and have a negative perception of public transportation are more likely to use RH. Two factors, 

diversity seeking and security, did not significantly influence the frequency of RH usage. 

5.4.3. Demographic variables 

According to Table 5, individuals aged 18-24, 24-30, and 30-40 are 9.6%, 18.5%, and 15.1% more likely, respectively, to use 

RH frequently. Gender also influenced RH usage; Being male reduces the probability of frequent RH use by 15.5%. Educational 

attainment impacted usage as well; Individuals with a high school diploma or associate degree are more inclined (9.2%) to use RH 

compared to those with a postgraduate degree. Contrary to expectations, monthly income and employment status did not 

significantly affect RH demand. The only significant coefficient related to income was the unwillingness to report monthly income, 

which negatively impacted the likelihood of using RH. Vehicle ownership was another significant factor; Not having access to a 

vehicle increases the probability of frequent RH use by 14.8. Social media usage did not show statistical significance in the model. 

5.4.4. Travel-related variables 

Trip purpose significantly influenced RH usage. According to Table 5, work, education, and returning home trips increase the 

likelihood of using RH by 19.6%, 14.3%, and 10.2%, respectively. Time of travel also played a role; Traveling in the afternoon 

increases the likelihood of using RH by 13.1%, while morning travel increases it by 9.9%. Additionally, trips lasting less than 20 

minutes increase the likelihood of RH use by 6.7%. Using RH for transporting goods also increases the likelihood of usage by 8.6%. 

5.4.5. Environmental variables 

The location of the workplace or educational institution within the traffic-restricted area increases the likelihood of RH usage by 

9.6%. However, residing within the traffic-restricted area did not show statistical significance. Regarding proximity to public 

transportation, walking distances of up to 10 minutes increased the likelihood of using RH, but walking distances exceeding 10 

minutes had no significant effect. 
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Table 5. Average marginal effects of variables on high and no usage of RH services. 

Variable 
High usage group  No usage group 

dy/dx T-statistic Significance level  dy/dx T-statistic Significance level 

Age (reference group: above 50)  

Below 18 0.049 0.84 0.401  -0.071 -0.87 0.383 

18–24 0.096 2.18 0.029**  -0.124 -2.02 0.043** 

24–30 0.185 2.74 0.006***  -0.196 -3.03 0.002*** 

30–40 0.151 3.18 0.001***  -0.172 -3.02 0.003*** 

40–50 0.045 1.12 0.262  -0.066 -1.10 0.269 

Gender (reference group: female)  

Male -0.155 -6.36 0.000***  0.168 6.31 0.000*** 

Educational attainment 

(reference group: postgraduate degree) 
 

Less than high school diploma 0.021 0.35 0.724  -0.028 -0.36 0.721 

High school diploma or associate degree 0.092 1.99 0.047**  -0.100 -1.90 0.057* 

Bachelor’s degree 0.056 1.63 0.103  -0.067 -1.55 0.120 

Monthly income 

(reference group: less than 30 MR) 
 

30-80 MR 0.001 0.03 0.974  -0.001 -0.03 0.974 

80-120 MR -0.031 -0.61 0.539  0.031 0.60 0.552 

More than 120 MR -0.002 -0.03 0.978  0.002 0.03 0.978 

Prefer not to answer -0.064 -2.05 0.040**  0.071 2.04 0.041** 

Vehicle type (reference group: car)  

Motorcycle -0.032 -0.62 0.533  0.044 0.57 0.566 

Motorcycle + Car 0.083 1.36 0.173  -0.086 -1.62 0.105 

No vehicle 0.148 4.33 0.000***  -0.134 -5.06 0.000*** 

Trip purpose (reference group: leisure)  

Work 0.196 3.82 0.000***  -0.241 -3.02 0.003*** 

Education 0.143 2.03 0.043**  -0.197 -2.11 0.035** 

Returning home 0.102 2.28 0.023**  -0.155 -1.93 0.054* 

Personal errands 0.066 1.48 0.139  -0.110 -1.33 0.184 

Multiple purposes 0.123 2.98 0.003***  -0.177 -2.28 0.022** 

Preferred time for RH 

(reference group: during COVID restrictions) 
 

Morning 0.099 2.01 0.044**  -0.146 -1.84 0.066* 

Afternoon 0.131 3.20 0.001***  -0.178 -2.48 0.013** 

Various times 0.104 2.65 0.008***  -0.151 -2.10 0.036** 

Trip duration for RH 

(reference group: trips longer than 20 minutes) 
 

Trips shorter than 20 minutes 0.067 1.93 0.053*  -0.084 -1.85 0.064* 

No preference 0.080 2.64 0.008***  -0.097 -2.33 0.020** 

Work/study location in traffic-restricted area 0.096 3.10 0.002***  -0.092 -3.46 0.001*** 

Use of RH for cargo/packages 0.086 3.52 0.000***  -0.093 -3.50 0.000*** 

Walking distance to nearest public transit stop 

(reference group: less than 5 minutes) 
 

5–10 minutes 0.086 3.02 0.003***  -0.088 -3.20 0.001*** 

10–15 minutes 0.086 1.82 0.069*  -0.088 -2.10 0.036** 

More than 15 minutes 0.011 0.26 0.798  -0.013 -0.26 0.794 

Significance levels: p < 0.10 */ p < 0.05 **/ p < 0.01 *** 
Interpretation: 

Positive coefficients → Increase in probability of using RH frequently – Negative coefficients → Increase in probability of not using RH 
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6. Discussion 

Given that the factors influencing the choice of RH services in developing countries have rarely been analyzed, this study aims 

to fill this research gap. This section provides a detailed discussion of the results of demand modeling and discusses explanatory 

variables. 

6.1. Latent attitudinal factors 

Previous studies have reported that attitudinal variables such as being technology-friendly, environmentally friendly, variety-

seeking, concerns about security, cost-effectiveness, and privacy significantly impact the willingness to use RH services [4, 31, 33, 

51, 52]. 

Among previously introduced attitudinal factors, variety-seeking, security, economic concerns, and parking and traffic 

congestion were statistically insignificant at the 90% confidence level. The insignificance of some psychological factors may reflect 

contextual and socio-spatial differences compared to previous studies. 

Our findings, similar to Baghestani et al. [53] reveal that concerns about the pandemic reduce the likelihood of using RH services. 

Given the pandemic, it was expected that individuals would prefer to use more RH services. However, since most survey participants 

were from affluent urban districts of Mashhad (districts 9, 10 and 11) where car ownership is high, they preferred using their private 

vehicles instead of RH during the pandemic. Car ownership and its negative effects on RH usage have been reported in numerous 

studies [23, 42, 54]. 

The consideration of RH for travel is influenced by total costs [55]. In a study conducted before the pandemic, cost-effectiveness 

was reported as a significant positive factor in the adoption of RH in Tehran, Iran [4]. According to our results, economic concerns 

reduce the tendency to use RH; This may be due to the economic crises caused by the pandemic and economic instability in Iran, 

leading cost-conscious respondents to maximize savings across all expenses. Similarly, Azimi et al. stated that individuals concerned 

about affordability are less likely to use such services [39]. 

Contrary to the past studies, variety-seeking and safety and security did not significantly impact RH usage in this study [14, 17, 

33, 34, 51]. RH services have been available in Iran for a decade, making them a common mode of urban transportation, and the 

lack of an effect from variety-seeking may stem from the diminished novelty of these services. 

In Iran, users of RH services typically rely on public, semi-public, or non-private transportation and do not own personal vehicles 

[4, 24]. Despite competition between RH and public transportation due to short commute times and most respondents’ proximity to 

public transit hubs like bus stations, concerns about safety and security do not significantly influence the frequency of RH usage. 

This contrasts with findings from other regions which attitudinal factors such as reliability, safety, and convenience have been shown 

to reduce frequent use of RH services [56]. In Mexico City, social issues like perceived crime rates and risks of sexual harassment 

in public transportation strongly shape the adoption of RH platforms [57]. 

Previous studies indicate that parking unavailability, high parking costs, and privacy concerns increase the likelihood of using 

RH [4, 17, 33]. Contrary to expectations, concerns about parking and traffic congestion had no effect on RH usage in our study. 

Given the limited parking spaces, traffic issues in most urban districts, and the stressful nature of driving in congestion, these factors 

were expected to influence demand. 

However, privacy concerns and negative attitudes toward public transportation significantly increased the likelihood of using 

RH. This may be due to factors such as overcrowding, inadequate facilities, the pandemic [58], and the lack of cleanliness in public 

transit and traditional taxis. 

6.2. Demographic variables 

Findings indicate that RH services in Mashhad are predominantly used by young women without private vehicles, holding high 

school diplomas or bachelor’s degrees. However, due to the online data collection method, despite validity checks, potential biases 

may exist. 

Model estimations show that household size, number of licensed family members, marital status, monthly income, employment 

status, and social media usage were statistically insignificant at the 90% confidence level. About half of the demographic variables 

were statistically insignificant in the demand model for RH in Mashhad. This represents that, compared to attitudinal, travel-related, 

and environmental variables, demographic variables have less influence on RH adoption. Similarly, other studies reported that 

environmental and Attitudinal factors had a greater effect on the frequency of RH use than demographic variables [28, 56]. 

Contrary to previous studies, income and employment status had no significant impact on RH usage. These differences may 

reflect contextual variations across countries in terms of socioeconomic conditions, technology adoption, and the maturity of ride-

hailing services. In the Iranian context, ride-hailing services have become widely accessible across different social groups, which 

may reduce the explanatory power of income and employment characteristics. Similarly, the widespread use of smartphones and 

mobile applications may limit the influence of social media usage as a distinguishing factor. These findings highlight the importance 

of local context when interpreting ride-hailing adoption behavior. However, employment status was a significant factor in Tehran’s 

RH usage, possibly due to higher service costs in Tehran, leading students, unemployed individuals, or retirees to prefer traditional 

taxis [42]. 
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Previous studies have shown that mobile phone usage and interest in technology directly influence the adoption of RH services 

[4, 24, 31]. However, contrary to expectations, the current study found no significant relationship between social media usage and 

RH adoption. This discrepancy may stem from methodological limitations, such as insufficient demographic categorization in the 

questionnaire design. 

As expected, young individuals (18-40 years old) were more inclined to frequently use RH. This is likely due to their familiarity 

with mobile applications and RH services, as well as their vehicle ownership rates. Additionally, results indicate that gender is a 

significant determinant of ride-hailing usage, with women exhibiting a higher likelihood of using these services compared to men. 

This finding is consistent with previous studies highlighting gender-based differences in urban mobility patterns [58]. In particular, 

it may reflect the role of contextual factors in shaping women’s driving experiences and in contributing to variations in perceived 

stress levels [23, 24]. 

Individuals with high school diplomas or associate degrees were more likely to use RH compared to highly educated individuals. 

This may be due to lower car ownership rates among students and self-employed individuals. Some studies found that educational 

attainment had no impact on travel mode choice [21, 42], while others reported that highly educated individuals were major users 

of RH in the US [19, 20, 31]. 

As expected, the absence of private vehicles significantly increased the likelihood of using RH due to mobility challenges, public 

transportation limitations, and security concerns, aligning with previous research [7, 23, 35, 42]. 

6.3. Travel-related variables 

Findings indicate that all travel-related variables significantly influence the demand for RH services. Among these, work trips 

exert the greatest impact on increasing the likelihood of RH usage. In addition to work trips, educational trips and home-returning 

trips similarly contribute to a higher tendency to use RH services. This outcome may be attributed to the fact that RH services offer 

significant time savings compared to other transportation modes (such as traditional taxis and public transit), enabling passengers 

to reach their workplace or educational institution without delay. Moreover, since most administrative, commercial, educational, 

and healthcare centers were established in the central districts of Mashhad, these areas now experience traffic congestion, parking 

shortages, and are subject to traffic restrictions, all of which contribute to the high utilization of RH services. Additionally, due to 

exhaustion from work or study, travelers tend to prioritize getting home as quickly as possible, opting for the fastest and most 

convenient mode of transportation after private vehicles. However, for leisure trips, passengers often prefer private vehicles. The 

finding regarding the strong influence of work trips on increased RH usage aligns with previous studies [4, 17, 42, 59]. 

Contrary to expectations, findings indicate that during the pandemic restriction hours (10 PM to 4 AM), RH usage was at its 

lowest. This outcome may stem from the fact that individuals engaging in late-night activities such as social gatherings, dining out, 

or entertainment are generally from wealthier demographics and prefer to use their own comfortable vehicles. During other times 

of the day, the highest likelihood of RH usage occurs in the afternoons and mornings, respectively. This result may be explained by 

the tendency of citizens to schedule shopping, social events (e.g., dining out, visiting coffee shops, or seeing relatives), and medical 

appointments for the afternoon. Factors such as limited parking, traffic-related stress, safety concerns when waiting for 

transportation at night [7], and overcrowded public transit contribute to the preference for RH during these times. Similarly, other 

studies have reported that RH is frequently used for social-related travel, such as trips to bars, restaurants, and concerts [7]. 

Acheampong et al. also found that the majority of RH trips occur in the evening, with 31% between 12 PM and 5 PM and 29% 

between 5 PM and 11 PM [17]. 

Prior research reported that RH is often used for short-duration trips (10 to 30 minutes) [17]. Similarly, in the present study, trips 

lasting shorter than 20 minutes were associated with an increased likelihood of RH usage. This preference may arise from the time-

consuming and cumbersome process of retrieving a private vehicle from a parking space, navigating traffic, and searching for 

parking at the destination. Other studies have also cited time savings and stress reduction as key reasons for choosing RH [7, 25]. 

Additionally, longer trips increase their costs and may lead to discomfort from prolonged sitting in low-quality vehicles (as RH 

fleets in Iran typically consist of older, less-maintained cars). In such cases, individuals may prefer public or private transportation. 

Results from Table 5 indicate that using RH services for freight and package delivery significantly increases the likelihood of 

frequent RH usage. This suggests that individuals without access to a private vehicle prefer RH for its convenience. Additionally, 

RH services allow for package delivery without requiring the sender’s presence during the trip, offering time savings and better 

tracking capabilities compared to alternative methods. 

6.4. Environmental variables 

Previous studies have identified several environmental factors that influence RH usage, including land use type, private car 

accessibility, public transportation availability, urban versus suburban residence, and population and employment density [4, 19, 

31, 32, 54]. Circella et al. even reported that environmental factors have a greater impact than demographic variables on RH usage 

[28]. 

As expected, working or studying in districts subject to traffic restrictions is one of the most influential variables increasing RH 

usage. In these central urban districts, parking prohibitions, congestion, and travel restrictions make private vehicle use highly 

impractical for employees and students, leading them to opt for alternative modes. Compared to traditional public transportation, 

RH services offer greater comfort, shorter travel times, cost-effectiveness, privacy, technology-driven convenience, and enhanced 
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security for these individuals [4, 42]. 

Some studies have reported that high accessibility to public transit (buses and metro) negatively affects RH usage [21, 23]. 

Conversely, other studies suggest that proximity to metro stations correlates with increased RH adoption [4, 32]. Findings from the 

present study indicate that when walking distance to a public transit station exceeds five minutes, passengers are more likely to use 

RH services. Notably, when walking time exceeds ten minutes, no significant impact on RH adoption is observed. Furthermore, 

given the high population density in restricted-traffic areas, it was expected that residents in these districts would have a higher 

tendency to use RH services [54]. However, the model does not indicate a significant relationship between living in a traffic-

restricted area and RH usage. 

7. Conclusions 

RH have become a primary mode of transportation in Iran and developing countries. Despite their growing importance, there is 

a lack of sufficient research on RH usage in Iran. This study aimed to estimate the demand for RH in Iran (Mashhad) and provide a 

deeper understanding of the travel behavior of RH users. The findings reveal that urban transportation users are more likely to rely 

on RH when they do not have access to a personal vehicle. Therefore, identifying and analyzing the factors influencing RH usage 

is crucial for urban planning and transportation policy. As in previous studies, these factors were categorized into four groups, 

including demographic, travel-related, environmental characteristics, and latent factors. In this study, a stated preference online 

questionnaire was designed to gather comprehensive data on Mashhad citizens, covering these factors. A total of 619 questionnaires 

were collected. Due to pandemic-related restrictions and the online nature of data collection, the sample was mainly concentrated 

in the western and relatively more affluent districts of Mashhad (9, 10, and 11). 

Results highlight the significance of both observed variables and latent factors of RH demand. Among the observed variables, 

demographic characteristics were found to be less influential compared to travel-related and environmental characteristics. More 

than half of the demographic variables, such as marital status, employment status, physical disability or illness, social media usage, 

family size, and the number of licensed drivers in the household, showed no significant impact on RH usage. Additionally, the 

demographic variables of education and income were statistically significant only at specific levels. Variables such as age, gender, 

and vehicle ownership were significant, and young women without access to a vehicle showed a high tendency to use RH frequently. 

Travel-related variables, including trip purpose, preferred travel time, and use of RH for transporting goods, were all significant and 

influential. 

The findings indicate that travel-related characteristics are more important than other factors in determining RH usage. Business 

trips, educational trips, and returning home increased the probability of using RH, respectively. In contrast to other studies, leisure 

trips had a negative effect on RH usage. Regarding preferred travel times, traveling in the afternoon and morning increased the 

probability of using RH, respectively. Surprisingly, the pandemic restriction times (10 PM to 4 AM) had a negative effect on RH 

usage. Additionally, trips lasting shorter than 20 minutes and the use of RH for transporting goods were significant factors, though 

they have received less attention in prior literature. Among environmental variables, residing within the Mashhad traffic-restricted 

area did not significantly affect RH usage. However, being within the traffic-restricted area for work or school and increasing the 

walking distance to public transportation from 5 to 10 minutes increased the probability of using RH, respectively. 

This study identified six latent factors through EFA, including concerns about (1) the pandemic, (2) parking and congestion, (3) 

safety and security, (4) privacy of public transit, (5) cost-effectiveness, and (6) variety seeking. Among these, concerns about the 

pandemic and privacy were the most significant ones. The factors of the pandemic and economic concerns had negative effects on 

RH demand. Conversely, concerns about public transportation, privacy and parking, and congestion increased the likelihood of 

using RH.  

Overall, it should be noted that the study is based on an online, non-probability sample collected during the COVID-19 

pandemic and concentrated in the western districts of Mashhad, which are generally characterized by relatively higher 

socioeconomic status. Consequently, younger, more educated, and technology-oriented individuals may be overrepresented in the 

sample. In addition, the data were collected during a unique phase of the COVID-19 pandemic, which may have influenced travel 

behavior and ride-hailing usage patterns. Therefore, the findings should be interpreted in light of both spatial and temporal 

contexts and may not be fully generalizable to the entire population of Mashhad, other Iranian cities, or different urban 

environments. Nevertheless, several of the identified behavioral relationships are expected to remain relevant under normal 

conditions, although their magnitude may vary over time. 
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