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Introduction: This study aimed to explore the factors influencing people's utilization of ride-hailing services, particularly in the context of the COVID-19 pandemic.

Methods: A two-stage survey was conducted among the same group of passengers pre and post COVID-19 pandemic, resulting in a total of 670 valid samples. Exploratory factor analysis (EFA) was applied to the data, followed by the ordered probit and ordered logit models to identify the motivational factors behind passengers' frequency of using ride-hailing.

Results: The findings indicated that trust and loyalty were the most influential factors in determining passengers' frequency of using ride-hailing services. However, passengers' perception of the COVID-19 pandemic did not have a significant effect on the frequency of using ride-hailing.

Discussion: This research provides empirical evidence and policy implications for understanding people's usage of the ride-hailing services in the context of public-health emergency.
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1. Introduction

The utilization of mobile technology has had a considerable impact on the form of transportation services and the way passengers travel (1, 2). For instance, passengers can now use ride-hailing services to request a driver to pick them up at a specified location (3–6). This type of service is beneficial as it can save time for both passengers and drivers, as well as increase vehicle efficiency. Consequently, ride-hailing services have been adopted by many companies globally, such as Uber and Lyft (USA), Didi Chuxing (China), Ola (India), and Grab (Southeast Asia). Statistics indicate that ~3.2 billion passengers have used ride-hailing services, which is comparable to the number of people using urban bus and rail systems (7). However, there are also divergent findings. For example, Pew Research Center (8) revealed that only 3% of their sample data (N = 4,787) used ride-hailing services on a daily basis, while the remaining 12% used these services once a week.

Studies found numerous factors influence passengers' ride-hailing frequency, for example: psychological factors. Septiani et al. (9) found factors of internal perception and innovation characteristic influence the behavioral intention of online transportation service. Similarly, Huynh et al. (10) found attitude and subjective norms influence passengers' intention to use Uber/Grab services.


1.1. Social factors

Nguyen-Phuoc et al. (11) found trust fully mediate the relationships between perceived booking app-related risks and satisfaction and loyalty.



1.2. Demographics factors

The female passengers are 28.51% higher than that of male passengers who use ride-hailing services (10). Older ride-hailing passengers make more transit trips than others (12). Alemi et al. (13) found that passengers with higher educational and income levels were more likely to utilize these services, due to their familiarity with new technologies and other attributes of vehicle ownership. Murphy and Feigon (14) showed that the most frequent users of on-demand ride-hailing services were those from middle-income families with annual incomes between 50,000 USD and 75,000 USD. Those who have a strong inclination toward using their own vehicle tend to use ride-hailing services less frequently (15).



1.3. Environment factors

There is a close relationship between different building environments and passengers' ride-hailing frequency. For example, building density has a significant inhibitory effect on ride-hailing trips (16). Moreover, environmental consciousness plays an important role in ride-hailing frequency of use (17).

However, so far, there have been limited studies on the factors affecting the usage frequency of ride-hailing services in developing countries, especially the quantitative analysis of the potential impact of these factors. In addition, the continuous success of ride-hailing services is accompanied by various challenges, such as passengers' trust and loyalty, which are essential for these companies in terms of market share and profits. The concept of customer loyalty was first proposed by Guest (18), referring to customers' long-term psychological attachment to the company's products. Later, Boulding et al. (19) showed that loyalty is expressed in customers' higher willingness to recommend the company's supplies. Ride-hailing services have the potential to reduce traffic and emissions by reducing car ownership (20, 21). However, the impact of passengers' trust and loyalty on the frequency of ride-hailing usage has not been fully explored (22). Studies have shown that trust can increase people's intention to use such services (23, 24). Previous research has mainly focused on passengers' trust and loyalty prior to adoption (25). There are discrepancies between passengers' initial adoption and their actual usage frequency (26–28). For example, passengers' initial adoption can be altered over time (28). Thus, it is essential for ride-hailing companies to understand the influence of trust and loyalty on the frequency of using ride-hailing services in order to meet passengers' needs.

Additionally, due to the COVID-19 pandemic, another new challenge arises for ride-hailing: the social environment changed dramatically. After the outbreak of the COVID-19 pandemic, the World Health Organization (WHO) encourages people to maintain physical distance to avoid the epidemic spreading. In December 2019, after the outbreak of COVID-19, the Chinese government encouraged residents to minimize travel, for security reasons. The transportation services market has shrunk significantly, and ride-hailing is inevitably affected (29). In addition, safety concerns during the pandemic become the key consideration of transportation services (30). Passengers' behavioral patterns including the usage frequency of ride-hailing changed under the influence of COVID-19 pandemic (31). Therefore, to better understand the passengers' behavioral change, this study conducted a two-stage survey among the same group of passengers in pre and post COVID-19 pandemic.

Overall, this study attempts to addresses the following questions:

(1) Do the passengers' trust and loyalty significantly affect the usage frequency of ride-hailing?

(2) What is the effect of COVID-19 pandemic on passengers' usage of ride-hailing?

(3) What other factors will affect how often people use ride-hailing?

In order to answer these questions, this research proposes a theoretical model (as shown in Figure 1) based on Kotler (32) in order to construct and validate a conceptual framework to explain the usage frequency of ride-hailing. Specifically, the exploratory factor analysis (EFA) is conducted to develop the ordered probit and ordered logit models to study the affecting factors of the usage frequency of ride-hailing. Methods section introduces the data and methods. Results section introduces the models' construction details and analysis results. Discussion section discusses the findings. Finally, Conclusion section draws the conclusions.
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FIGURE 1
 Typical factors selected in this research.





2. Methods


2.1. Data collection and descriptive statistics

The questionnaire survey was conducted through Sojump, a popular online survey platform in China, following a pre-test with 30 respondents to ensure its applicability. The survey was divided into two phases: the pre-epidemic phase (from December 2019 to January 2020, Phase-1), where COVID-19 was not yet widespread in China, and the post-epidemic phase (from August 2020 to September 2020, Phase-2), where the number of new cases per day was less than 20 and mostly imported from abroad, indicating the effective control of the epidemic. Figure 2 shows the newly confirmed cases of COVID-19 during the survey period in China.


[image: Figure 2]
FIGURE 2
 The new confirmed cases of COVID-19.


This two-stage survey was conducted among the same group of participants. Initially, 800 questionnaires were collected in the Phase-1 survey. When the epidemic was under control, the Phase-2 survey was conducted, resulting in 694 questionnaires. After eliminating 24 ineffective questionnaires, 670 valid samples were recruited. The participants were asked to answer questions related to the usage of ride-hailing, including whether they had used ride-hailing, followed by social factors, psychological factors, personal factors and perception of the epidemic. The psychological factors and perception of the epidemic were measured using a five-level Likert scale, with “1” indicating “strongly disagree,” “3” indicating “neutral,” and “5” indicating “strongly agree”.

The descriptive statistics about the sample are presented in Table 1. Participants included both students and the working population, which accounted for 39.48 and 57.49%, respectively. Males constitute 61.38% and females represent 38.62%. According to the report released by Aurora Big Data, in China, most of the users of independent ride-hailing apps were male, and the proportion of male users of Shenzhou Special Car and Shouqi's ride-hailing apps has been close to 70%. Didi Chuxing has a relatively high proportion of female users of 41.1%. In addition, according to the report released by Aurora Big Data, Beijing, Hangzhou, Wuhan, Guangzhou, Dalian, Tianjin, Chengdu, Shenyang, Shenzhen, and Hefei have been the top ten most popular cities for ride-hailing in China. In our survey, participants from these ten cities accounting for 67% which indicate that the participants in our survey have a certain degree of representativeness.


TABLE 1 Demographics and socioeconomics of the sample.
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2.2. Model development
 
2.2.1. Exploratory factor analysis

The use of Exploratory Factor Analysis (EFA) was employed to reduce the dimensions of the collected data. Studies have demonstrated that when multiple measurement variables are used to represent a common factor, EFA can provide more accurate results (33, 34). EFA is a method used to gain a better understanding of the relationships between a set of measured variables by determining the number and type of common factors that explain the correlation patterns. Thus, EFA can integrate variables with complex relationships into a few core factors.



2.2.2. Ordered probit model and ordered logit model

In regression models, the dependent variable is usually measured by a ratio scale. However, when the dependent variable is binary, sequence, or identifier, the ordinary least square method is no longer the best-unbiased estimator. Therefore, the ordered logit and ordered probit models in the discrete choice model are used to estimate the regression model of multiple ordered variables. These models are based on maximum likelihood estimation and assume that the random disturbance follows either a logistic or a multivariate normal distribution. Although the ordered probit model is more attractive in theory, it is difficult to prove that the dependent variable follows a normal logit distribution function or a standardized normal distribution function strictly. Thus, two regression methods are applied to the collected data to obtain a more reliable conclusion by comparing their results.

The basic principle of the ordered logit and ordered probit models is that there is an unobserved continuous variable Y*that satisfies the following relation:
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where Y denotes the latent variable indicating the frequency of people using the ride-hailing; Xj denotes the factor score of the impact factor obtained by the EFA; βj denotes the unknown parameter that needs to be estimated; and ε represents the random error term. In this work, it was assumed that the mean of all error terms was zero and the error terms of different subjects were irrelevant. The relationship between the observed ordered variable Y and Y* is as follows:
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3. Results


3.1. Reliability test and EFA results

In order to reduce the influence of individual choice differences on the results, subjects whose current city and urban residential location remained constant between the two phases of the study were chosen. It was also determined that the time gap between the two questionnaires was too short for personal preferences to change significantly. Additionally, Cronbach's alpha coefficient of the questionnaires was calculated to be 0.953 and 0.954 for the first and second phases respectively, indicating a high reliability. Furthermore, the KMO values of the first and second phases were 0.949 and 0.950 respectively, both of which were larger than 0.7, thus demonstrating the suitability of the questionnaires for further analysis using EFA.

Subsequently, EFA was employed to identify independent regression variables and calculate factor scores. After data cleaning and preprocessing, the number of factors influencing personal attitudes before the epidemic was reduced from 49 to 23, which were organized into three groups: Attitudes to Environmental Protection and Commuting (ATT), Social Life and Technology Use (SOC), and Passenger Trust and Loyalty (TRU). The latter refers to the passengers' loyalty to the ride-hailing service, not the third-party platforms providing the service. Similarly, the number of factors influencing personal attitudes after the epidemic was reduced from 53 to 29, which were organized into four groups: Attitudes to Environmental Protection and Commuting (ATT), Social Life and Technology Use (SOC), Passenger Trust and Loyalty (TRU), and Epidemic Impact (EPI). The results of the rotated component matrix before and after the epidemic are presented in Supplementary Tables A2, A3 in the Appendix, respectively, with factor loading coefficient values all greater than 0.5.



3.2. Results of ordered probit and ordered logit models

The ordered probit regression and an ordered logit regression were conducted on all the factors in the above analysis that affected the usage frequency of ride-hailing services in the pre-epidemic and post-epidemic stages. The regression results showed that in the pre-epidemic and post-epidemic stages, seven factors had significant effects on the frequency of use of the dependent variable. It is worth noting that in the post-epidemic stage, the EPI factor did not have a significant effect on the dependent variable. The comparison results of regression models before and after the epidemic are presented in Table 4.

The regression model can be explained based on the results of the ordered logit and ordered probit regression, which are shown in Table 2. The results showed that people's usage frequency of ride-hailing services was significantly affected by the following seven independent variables: ATT, SOC, TRU, AGE, INC, CAR, and LOC. The comparison of the regression coefficients before and after the epidemic shows that the influences of various factors on the dependent variable before and after the epidemic did not change significantly in the coefficients. However, after the epidemic, the influence of passengers' trust and loyalty on the usage frequency of ride-hailing significantly increased, while the influences of social life and technology significantly decreased.


TABLE 2 Comparison of the regression model coefficients before and after the epidemic.
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The main reason why individuals' perception of the epidemic was not a significant affecting factor was that, in the second stage of the questionnaire, the epidemic situation in China had been effectively controlled, work and production had been resumed in an orderly manner in various regions, and travel restrictions had gradually weakened. In the long run, the authors believe that the usage frequency of ride-hailing services may no longer be affected by the epidemic in the future. However, the emergence of the epidemic has brought higher requirements for the safety of ride-hailing services, such as requiring daily disinfection and requiring passengers and drivers to wear masks. Therefore, in the second phase of the questionnaire, the influence of passengers' trust and loyalty on the usage frequency of ride-hailing increased significantly. Due to restrictions on travel during the epidemic, people's social and entertainment activities were reduced during the investigation phase, so the impact of social life and technology use on the usage frequency of ride-hailing in the post-epidemic phase was significantly weakened.



3.3. Model verification

The goodness of fit of the model was tested. The test results of the two models before and after the epidemic are presented in Table 3. The result of the chi-square test shows that P(Sig.) was less than 0.001, which was statistically significant, illustrating that our model was meaningful as a whole. The values of R2 and Log likelihood of the two models were similar, indicating that there was no obvious difference between the advantages and disadvantages of the two models.


TABLE 3 Model fit of research models.
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3.4. Marginal effect analysis

The marginal effect of a previously fitted model was calculated by fixing the values of certain covariates and integrating over the remaining covariates. This effect demonstrated how the dependent variable would alter when a particular independent variable changed, with all other covariates held constant (35). To calculate the Average Marginal Effect (AME), the marginal effect of each variable was calculated for each observation, whilst taking into consideration any covariates, and then the average was determined. Based on the introduction to the regression model method given in results of ordered probit and ordered logit models section, the coefficient estimation of a variable in the regression-result table reflects the impact of the variable on the explained variables. However, the regression models considered in this study are non-linear. The line graphs of the marginal effects of all the factors are presented in Figures 3, 4. The predicted marginal values of seven independent variables before and after the epidemic are presented in Tables 4, 5. These values can be used to explore the influence of changes in independent variables on the changes in dependent variables and analyze and compare the size of the predicted marginal value of the dependent variable in different situations.


[image: Figure 3]
FIGURE 3
 Average marginal effects at 95% confidence intervals before the epidemic.
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FIGURE 4
 Average marginal effects at 95% confidence intervals after the epidemic.



TABLE 4 Marginal effects of different factors before the epidemic.
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TABLE 5 Marginal effects of different factors after the epidemic.
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The positive marginal effect indicates that as the value of a factor increases, the possibility of consumers choosing to use the ride-hailing will also increase, and the greater the value is, the greater the possibility will be. As shown in Table 5 before the epidemic, the factor TRU “passengers' trust and loyalty” had a negative marginal effect on the frequency of use, i.e., less than once a month, 1–3 times a month, and 1–2 times a week, and had a positive marginal effect on the usage frequency, i.e., 3–4 times a week and more than five times a week, and the marginal effect for more than five times a week was the largest at 0.0647, indicating that when the other factors remained unchanged, for a one-unit increase in the passengers' trust, the possibility of consumers choosing to use the ride-hailing five or more times a week increased by 6.47%, and the possibility of choosing less than once a month decreased by 4.76%. After the epidemic, when other factors remained unchanged, for a one-unit increase in the passengers' trust, the probability that consumers would choose to use the ride-hailing five or more times a week increased by 7.12%, while the probability to use it less than once a month decreased by 5.07%. Thus, the more passengers trusted the service, the more frequently it was used, and vice versa.

Similarly, before and after the epidemic, the four factors, including the ATT, SOC, INC, and CAR, had a negative marginal effect on the frequency of use, i.e., less than once a month, 1–3 per month, and 1–2 times a week, and had a positive marginal effect on the usage frequency, i.e., 3–4 times a week and more than five times a week, and the factor “attitudes to environmental protection and commuting” after the epidemic had the largest marginal effect at 0.1093, indicating that when the other factors remained unchanged, for a one-unit increase in the attitudes to environmental protection and commuting, the possibility of consumers choosing to use the ride-hailing five times or more per week increased by 10.93%. The results also show that the more private cars people owned, the higher the usage frequency of ride-hailing would be. This may be due to the fact that people who own private cars are more inclined to travel by cars, and thus they have a higher acceptance of ride-hailing services. Also, when it is not possible to use a private car to travel, they are more willing to choose ride-hailing services rather than other traveling methods, such as public transportation.

Contrary to the above factors, both before and after the epidemic, the marginal effect of the age and residential location in the urban area on the frequency of use, i.e., less than once a month, 1–3 times a month, and 1–2 times a week, was positive, the marginal effect on the usage frequency, i.e., 3–4 times a week and more than five times a week, was negative. When the other factors remained unchanged, for a one-unit increase in the residential location in the urban area before the epidemic, the possibility of consumers choosing to use the ride-hailing five or more times a week decreased by 5.50%, and the possibility of choosing it less than once a month increased by 4.05%.

After the epidemic, when the other factors remained unchanged, for a one-unit increase in the location and convenience of car usage before the epidemic, the probability that consumers would choose to use the ride-hailing five or more times per week decreased by 5.87%, and the probability of choosing it once a month increased by 4.18%. This result shows that people who live outside the urban area and are farther away from the urban area use ride-hailing services less frequently.

The possible reason for this result can be that the farther away from the urban area people are, the less the supply of ride-hailing services may be. Also, compared to the urban areas, the convenience of obtaining the ride-hailing services in rural and suburban areas can be slightly worse, which can make people in that areas be more inclined not to use the ride-hailing or to use them less often. Furthermore, the older the person is, the lower the usage frequency of ride-hailing will be. Based on the descriptive statistics, users who had used ride-hailing services were mainly between the ages of 18 and 34, and the younger generation was the majority. This age group also accounted for the highest proportion of participants who had used the ride-hailing services. The authors believe that there are two possible reasons for this result: (1) people in this age group have higher travel needs, and (2) they are highly adaptable to technological changes and are more likely to accept new technologies.




4. Discussion

In this study, the data obtained from the online questionnaires are used to investigate the factors affecting the usage frequency of ride-hailing services in China. Many studies have found the impact of the COVID-19 pandemic on passengers' ride-hailing frequency. It has been established by Morshed et al. (31) that the COVID-19 pandemic has had a significant impact on the ride-hailing market, leading to a decrease in its popularity as a transportation option. The recent COVID-19 pandemic has caused a significant decrease in the revenue of on-demand ride-hailing services due to the fear of infection in shared vehicles (36, 37). A study conducted in Chicago revealed a substantial decline in the number of ride-hailing trips when compared to those using private cars during the COVID-19 pandemic (36). Nguyen-Phuoc et al. (38) concluded that self-efficacy has the most significant influence on self-protective behaviors among ride-hailing passengers during the COVID-19 pandemic. According to the regression results of this study, it can be concluded that the travelers' usage frequency of ride-hailing services is highly correlated with the following seven factors: ATT, SOC, TRU, AGE, INC, PRIVATE, and LOC. Besides, based on the result comparison of different models, the individual's perception of the EPI does not have a significant impact on the usage frequency of ride-hailing services.

Specifically, the factor passenger trust and loyalty are positively related to the frequency of use of ride-hailing services. The marginal effect diagram in marginal effect analysis section shows that the more passengers trust the service, the higher the frequency of use of ride-hailing services will be, and vice versa. Similarly, consistent with our findings, Nguyen-Phuoc et al. (39) demonstrate that perceived benefits, perceived sales promotion and perceived service quality are all direct contributors to passenger satisfaction and loyalty, with perceived service quality being the most influential factor (39). Nguyen-Phuoc et al. (11) examined the direct and indirect effects of elements impacting the loyalty of ride-hailing and conventional taxi users. Ma et al. (40) found that trust in drivers has a positive influence on users' trust and attitude toward the platform. Trust and implicit cost have been found to have a positive influence on e-loyalty relate to ride-hailing (41). Chinese passengers view ride-hailing services as less secure than traditional taxis, and women are more likely to be affected by the perceived lack of security than men (42).

It is imperative to increase the convenience, security, and popularity of ride-hailing services in order to build trust and loyalty among passengers and thus, increase the number of people using the service. To this end, it is necessary to promote complaints and feedback mechanisms for improvement; improve online payment methods; implement practical measures to ensure the safety of passengers; and provide transparent information to enhance corporate image and value, so that passengers can continue to choose ride-hailing services and recommend them to others.

Studies have shown a positive correlation between social life and technology usage and the frequency of use of ride-hailing services, which is in line with the findings of prior studies. Additionally, attitudes toward environmental protection and commuting are positively associated with the frequency of use of ride-hailing services. Urban residential location, however, is negatively correlated with the frequency of use of ride-hailing services, which may be due to the lower availability of ride-hailing services in these areas. Age and frequency of use of ride-hailing services are also negatively correlated, indicating that young people are the main demographic using ride-hailing. Finally, the number of private cars is positively correlated with the frequency of use of ride-hailing services, as those who own private cars are more likely to use ride-hailing services when they cannot use their own vehicles.

The survey results revealed that the majority of ride-hailing trips (about 60%) were for leisure and entertainment. This was followed by trips to/from train/passenger station/airport (about 50%) and commuting (about 45%). The figures in Figures 5, 6 illustrate the trip purpose in the two questionnaires. Ride-hailing services offer a convenient solution to the problems associated with personal driving (e.g., parking and drinking) and public transportation (e.g., time control and comfort). This could explain why ride-hailing is so popular for leisure and entertainment. Figures 7, 8 show the usage frequency and age range of ride-hailing users, respectively. It can be seen that the majority of users choose ride-hailing 1–3 times a month and 1–2 times a week. The highest usage frequency of ride-hailing was among the 18–34 age group, which is in line with the previous conclusion.


[image: Figure 5]
FIGURE 5
 Purpose of travel before the epidemic.
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FIGURE 6
 Purpose of travel after the epidemic.
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FIGURE 7
 Radar charts of the age group and frequency of use of ride-hailing services before the epidemic.



[image: Figure 8]
FIGURE 8
 Radar charts of the age group and frequency of use of ride-hailing services after the epidemic.




5. Conclusion

This study conducted a two-stage survey among the same group of passengers to investigate the factors influencing people's usage of ride-hailing services in the pre-epidemic and post-epidemic phases. This research was distinct from existing literature in that it included discussions on two additional factors: the epidemics and the passenger trust, and their impacts on the frequency of use of ride-hailing services were quantitatively studied. The survey acquired information on participants, including their geographic area, lifestyle, technology use, personal attitudes, and social economy, which was then subjected to an Exploratory Factor Analysis to develop a usage frequency model of ride-hailing. Model estimation results revealed that the passenger trust and loyalty, social life and technology use, attitudes to environmental protection and commuting, age, personal income, number of private cars, and residential location in the urban area had a significant impact on the usage frequency of ride-hailing services. The results indicated that in the long run, the epidemic would have a slight impact on the usage frequency of ride-hailing.

This study provides beneficial information for firms and executives when analyzing ride-hailing models. To guarantee passenger security during the pandemic, enterprises and platforms should execute practical safeguards, such as mandating drivers to don face masks, measure and transmit body temperature data, frequently disinfect vehicles, and open windows for ventilation. The reliable statistical models used in this research are also beneficial for future research and provide useful advice for regulators, managers, and enterprises.

This initial study was limited by sample size, encompassing only 670 valid cases. Future research should aim to expand the scope of the study by increasing the sample size and collecting data from a more diverse geographical area, employing various techniques such as machine learning. Future research should extend this study by assessing different causal relationship structures, and contrasting the magnitude of each endogenous variable's effect on ride-hailing and other behaviors. Moreover, to address the limitations of the current analyses, preference heterogeneity should be incorporated in the model estimation, thereby allowing us to gain insight into the individual decision-making process.
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