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Abstract

:

The impact of the built environment on the ridership of ride-hailing results depends on the spatial grid scale. The existing research on the demand model of ride-hailing ignores the modifiable areal unit problem (MAUP). Taking Chengdu as an example, and taking the density of pick-ups and drop-offs as dependent variables, 12 explanatory variables were selected as independent variables according to the “5D” built environment theory. The nugget–sill ratio (NSR) method and optimal parameter-based geographical detector (OPGD) model were used to determine the optimal grid scale for the aggregation of the built environment variables and the ridership of ride-hailing. Based on the optimal grid scale, the optimal data discretization method of the explanatory variables was determined by comparing the results of the geographic detector under different discretization methods (such as the natural break method, k-means clustering method, equidistant method, and quantile method); we utilized the geographic detector model to explore the relative importance and the interactive impacts of the explanatory variables on the ridership of ride-hailing under the optimal grid scale and optimal data discretization method. The results indicated that: (1) the suggested grid scale for the aggregation of the built environment and ride-hailing ridership in Chengdu is 1100 m; (2) the optimal data discretization method is the quantile method; (3) the floor area ratio (FAR), distance from the nearest subway station, and residential POI (point of interest) density resulted in a relatively high importance of the explanatory variable that affects the ridership of ride-hailing; and (4) the interactions of the diversity index of mixed land use ∩ FAR, distance to the nearest subway station ∩ FAR, transportation POI density ∩ FAR, and distance to the central business district (CBD) ∩ FAR made a higher contribution to ride-hailing ridership than the single-factor effect of FAR, which had the highest contribution compared with the other explanatory variables. The proposed grid scale can provide the basis for the partitioning management and scheduling optimization of ride-hailing. In the process of adjusting the ride-hailing demand, the ranking results of the importance and interaction of the built-environment explanatory variables offer valuable references for formulating the priority renewal order and proposing a scientific combination scheme of the built-environment factors.
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1. Introduction


By relying on the technological development of the “Internet+”, ride-hailing has become an important part of the modern public transport system [1]. The emergence of Baidu, Gaode, Didi, Uber, and many other ride-hailing software products has brought great convenience to people’s lives. In some American cities, compared with private cars, ride-hailing is conducive to reducing traffic congestion [2] and environmental pollution caused by exhaust emissions, which is of great significance for promoting sustainable development and mitigating traffic congestion [3]. However, it also brings negative impacts such as traffic congestion and low travel efficiency in some cities, such as Manhattan District in New York [4]. Understanding the impact mechanism of the built environment on ride-hailing ridership can provide guidance for ride-hailing management and land use planning.



The factors that affect the ridership of ride-hailing are complex [5]. Some scholars have studied the issue from different perspectives, including the impact of public transport, walking and cycling [6], user characteristics [7], the service attitude of ride-hailing [8], availability [9], etc., on the ridership of ride-hailing. Some scholars have begun to pay attention to the impact of built-environment variables such as transportation, land use, and urban design on ride-hailing travel [10]. Based on the “3D” dimension proposed by Handy [11], namely density, diversity, and design, Kahn added two categories, namely distance to transit and destination accessibility, and proposed a “5D” theory (density, diversity, design, distance to transit, and destination accessibility) [12]. “Density” is measured as the variable of interest per unit of area; “diversity” measures pertain to the number of different land uses in a given area and the degree to which they are represented in land area, floor area, or employment; “design” includes street network characteristics within an area; “distance to transit” is usually measured as an average of the shortest street routes from a residence or workplace in an area to the nearest rail transit station or bus stop; and “destination accessibility” measures the ease of access to trip attractions. The existing research mainly selects explanatory variables based on the “3D” built environment theory. Gao et al. selected explanatory variables from accessibility, land use, population distribution, and facilities [13]; Hui et al. selected explanatory variables from traffic facilities and land use [14]; and Wang et al. selected explanatory variables based on the “5D” built-environment theory from four aspects: density, diversity, urban design, and traffic distance. In addition, a housing price variable was added [15], but the destination accessibility variables were not considered as influencing factors. However, few studies have considered the impact of the explanatory variables of the “5D” dimension of the built environment on the ridership of ride-hailing.



The scale difference for the data aggregation of ride-hailing ridership and built-environment variables will affect the analysis results. The spatial object exists only after a set of real collected data is aggregated to spatial units [16]. The first step of many spatial research problems is to divide the aggregation area [17]. Many types of big geo-data are used for urban studies where the size of the analysis unit determines the amount of data to be included and affects the value of each unit, and it is more important to look into the scale effect of big geo-data [18]. Therefore, the size (i.e., scale) and shape of the aggregation area will affect the analysis results. Openshaw describes this phenomenon as a modifiable area unit problem, which refers to the problem that the analysis results vary with the definition of the basic area units [19]. The MAUP problem has two aspects. One is the scale effect, that is, different area unit sizes; the other is the zoning effect, that is, area elements with different shapes, such as a square grid [20], traffic analysis zone [21,22,23], Voronoi diagram [14,21,22,23,24,25], etc. Previous work selected a spatial scale. For example, Wang et al. selected a 200 × 200 m square grid as the basic unit to study the impact of the built environment on ride-hailing [15]; Liu et al. selected a 500 × 500 m square grid as the basic unit of land use classification in Shanghai [26]; and Pei et al. selected a 200 × 200 m square grid as the basic unit of land use classification in Singapore [27]. The methods for determining the optimal scale include the nugget–sill ratio (NSR) [18], the optimal parameter-based geographical detector (OPGD) [28], and comparison of the coefficient of determination R2 values from multiple regressions [29] at different scales. The NSR determines the best scale by comparing the ratio of intra-unit variance and inter-unit variance, because variance represents how much information is lost in the process of aggregation [16], and the NSR only considers dependent variables [18]; the OPGD compares the 90% quantiles of the q value results of the geographical detectors at different scales and selects the scale corresponding to the maximum 90% quantile of the q value of all explanatory variables as the best scale, and independent and dependent variables are also considered [28]. The existing research on ride-hailing mostly uses grids as area units [15], and there are few studies on the optimal scale of impact for the built environment on the ridership of ride-hailing.



This paper mainly summarizes related studies about ride-hailing from the aspects of variable selection, the size of the analysis unit, and modeling methods, as shown in Table 1. In terms of modeling methods, OLS [30,31], GWR [14,15,30,32], GTWR [33], MGWR [25,34], a nonlinear regression model [35], and other models [36,37,38,39] have often been used in the research investigating built-environment impacts on the ridership of ride-hailing, and the global impact or local spatial heterogeneity of each built-environment variable on ride-hailing is analyzed separately. The geographical detector can detect the influence of a single variable and the interaction of variables, and eliminate the influence of the multicollinearity of variables [40]. The geographical detector model has been widely used in research in various fields, such as health risk assessments [40,41,42,43,44,45,46], crime prediction [47,48], land health assessments [49,50], carbon emission influencing factors [51,52], etc. To the best of our knowledge, the geographical detector model has not been used in the impact of the built environment on the ridership of ride-hailing.



These studies have shown that the built environment has an important impact on the ridership of ride-hailing. However, few studies have considered the impact of the modifiable areal unit problem (MAUP) on the ride-hailing analysis results. In addition, existing studies have not analyzed the interaction effects from built-environment factors on ride-hailing ridership. To fill the above gaps, this study utilized the nugget–sill ratio (NSR) [18] method and the optimal parameter-based geographical detector (OPGD) [28] model to explore the relative importance and interactive impacts of the explanatory variables of the built environment on ride-hailing ridership, mainly solving the following four questions: (1) What is the optimal grid scale for the aggregation of the built environment and the ridership of ride-hailing? (2) What is the optimal data discretization method of the explanatory variables for the geographic detector model? (3) What is the ranking of the impact importance of the built-environment variables? (4) How effective is the interaction of variable combinations? After considering the MAUP problem to determine the optimal grid scale, the mechanism of the influence of built environment factors on the ridership will improve the reliability of the results. The importance degree of the built-environment variables and their interaction results are more useful for proposing a scientific planning scheme for a built-environment renovation.




2. Study Area and Data Sources


2.1. Overview of the Study Area


Located in the middle of the Sichuan province, Chengdu is the economic center and transportation hub of southwest China. The area within the Third Ring Road of Chengdu was selected as the study area (Figure 1), which covers an area of about 200 square kilometers.




2.2. Data Sources


Through the “GAIA Open Dataset of Didi Chuxing” (https://gaia.didichuxing.com, accessed on 10 October 2019), we selected data from five working days (7 November 2016 to 11 November 2016) for this research. The field information contained in the data is shown in Table 2. The average sampling interval was about 3 s, with a total of 1,145,146 entries; through Python web crawler, we obtained point of interest (POI) data for various facilities in Chengdu, with 13 categories and 2,357,377 data points in total, including the names, types, coordinates, and other information of the POIs. The population distribution data of Chengdu were derived from the WorldPop website, which is a grid map with a resolution of 100 × 100 m.





3. Methods


3.1. Dependent Variables and Explanatory Variables


The regular grid was selected as the spatial unit, and the spatial grid scale represented the spatial aggregation range, as shown in Figure 2. The aggregate results of the explanatory variables of the built environment and ride-hailing demand under different scale grids were different.



The dependent variable in this paper was the density of pick-ups and drop-offs of ride-hailing during the morning and evening peak hours. Based on the “5D” dimension of the built environment, 12 variables (Table 3) were selected to establish the influencing factor system of the built environment. The population density, FAR, commercial POI density, public service POI density, residential POI density, scenic spot POI density, transportation POI density, and building density were selected as eight indicators of the density dimension. Commercial POIs consist of shopping centers, supermarkets, and convenience stores. Transportation POIs consist of bus stops, subway stations, railway stations, airports, and parking lots. Public service POIs consist of emergency shelters, public restrooms, and newsstands. The diversity factor represents the distribution of different types of land, the diversity index of mixed land use was selected as the measurement index, and the Shannon–Weiner diversity index was used for the calculation [53]. The distance to the CBD was selected as the measurement index of the destination accessibility dimension. The road network density was selected as the measurement index of the design dimension, which can reflect the connectivity of urban roads to a certain extent, and the distance from the nearest subway station was selected as the measurement index of the distance-to-transit factor.




3.2. Determination of the Optimal Scale of Spatial Grid


The semi-variogram, as shown in Equation (1), is an important tool for analyzing the spatial heterogeneity of regionalized variables [18], and can be used to determine the optimal spatial grid scale for the study of the influencing factors on the ridership of ride-hailing in Chengdu. Assuming that the regionalized variables satisfy the second-order stationary and intrinsic assumptions, the semi-variogram formula is as follows [54]:
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(1)




where γ(h) is the semi-variation value for the ridership of ride-hailing, N is the number of pairs of points, xi is the i-th pair of points, Z is the ridership of ride-hailing, x is the spatial location of ride-hailing pick-ups or drop-offs, Z(x) is the ridership of ride-hailing at point x, h is the spatial lag distance, and x + h is another point with h distance from point x.



The discrete variation value of the ride-hailing demand was obtained through the formula, but it could not reflect the spatial variation characteristics of the ride-hailing demand at different spatial lag distances. Therefore, it was necessary to fit the discrete variation values through the fitting model of the commonly used semi-variogram. The commonly used models include the Gaussian model [55,56], the exponential model [57,58], the spherical model [59], and the rational quadratic model [60]. The suitable models were selected according to the fitting determination coefficient (R2) and residual sum of squares (RSS) of different models.



Figure 3 shows the semi-variogram fitting curve of the selected Gaussian model. C0 is the nugget variance, which represents the spatial variation of the ridership of ride-hailing affected by random factors. It can be used to quantify the intra-unit variation in the ridership of ride-hailing gathered at different scales. There are two reasons for this: on the one hand, it is the internal variation of the regionalized variable Z(x) when it is smaller than the sampling scale h; on the other hand, it is the error during data collection [61]. C is the partial base value and the increment of the semi-variogram value that remains stable, indicating the variation caused by the spatial structure of ridership of ride-hailing; C0 + C is the base value, representing the total spatial variation of the ridership of ride-hailing; and a is the range, that is, the sampling distance corresponding to when the semi-variogram reaches a stable value, indicating the influence range of the regionalized variable [29,62].



The relationship between the spatial lag distance and the grid scale can be divided into three categories: the spatial lag distance is greater than the grid scale, the spatial lag distance is equal to the grid scale, and the spatial lag distance is less than the grid scale, which respectively correspond to inter-grid variations, adjacent grid variations, and intra-grid variations. In order to compare the aggregation effect under different scales, the block-to-base ratio C0/(C0 + C) was defined as the NSR [18]. The NSR is the ratio of intra-grid variance to inter-grid variance. The smaller the NSR, the smaller the ratio of intra-grid variance to inter-grid variance. It proves that the stronger the spatial dependence, the less information loss and the better the scale in the aggregation process [29,63,64].




3.3. Influencing Factors and Interaction of Ride-Hailing Demand


The geographic detector is a statistical method for detecting spatial heterogeneity and its driving factors, including a factor detector, an interaction detector, a risk detector, and an ecological detector [40,65]. The factor detector and interactive detector were used to study the influence of built-environment variables on the ridership of ride-hailing. The influence of built-environment variables on the ridership of ride-hailing was measured by the q value. The q value indicates the factor’s explanatory power on the spatial distribution of the dependent variable [40]. The larger the q value, the stronger the contribution of the factors to the spatial distribution of the ridership of ride-hailing. The q value of the explanatory variable m was computed by:


   q m  = 1 −  1   N m   σ m 2      ∑   h = 1  L   N  m , h    σ  m , h  2   



(2)




where L is the number of sub-regions of variable m; Nm,h is the number of units in the h-th (h = 1, …, L) sub-region of variable m;      σ  m , h  2    is the variance in the h-th (h = 1, …, L) sub-region of variable m; Nm is the number of units within the whole study area; and    σ m 2    is the variance in the independent variable m for the whole study area.



The interaction detector can identify whether or not the interaction between different influencing factors of the built environment increases or decreases, and how to increase or decrease the impact on the ridership of ride-hailing. There are five kinds of interaction results, as shown in Table 4, namely nonlinear-weakened, univariable weakened, bi-variable enhanced, independent, and nonlinear-enhanced [40].





4. Results and Discussion


4.1. Spatial and Temporal Characteristics of Ride-Hailing in Chengdu


The sum of the ridership of ride-hailing in Chengdu from 7 November 2016 to 11 November 2016 was calculated by the hour, and the results are shown in Figure 4. Considering that a large number of commuting trips on weekdays were concentrated in the morning and evening peak hours, and the traffic demand and travel efficiency of these two periods were the most widely concerned by travelers and researchers, we chose the pick-ups and drop-offs of ride-hailing during the morning and evening peak hours as the dependent variables. It can be seen from the figure that the morning peak hours and the evening peak hours were, respectively, from 8:00 to 9:00 and from 18:00 to 19:00.



The ridership of ride-hailing on weekdays under a grid size of 1100 m is shown in Figure 5. The ridership of ride-hailing in the morning peak hours was more concentrated than that in the evening peak hours, and the pick-up behavior was mainly concentrated in the First Ring Road. The ridership of ride-hailing in the evening peak hours was relatively scattered, and the pick-up behavior was mainly concentrated within the First Ring Road. The drop-off behavior was mainly concentrated in the business district in the east section of the First Ring Road; a dense area of passengers with drop-off behavior also formed in the north section of the First Ring Road. On the whole, the ridership of ride-hailing in the south section of the Ring Road was less than that in the north section.




4.2. Optimal Scale of Spatial Grid and Optimal Data Discretization Method


4.2.1. Optimal Grid Scale


We used python code [18] to calculate the NSR, and the result is shown in Figure 6. The optimal grid scale of the pick-up ridership in the morning peak hours of working days in Chengdu was 1100 m, the optimal scale of the drop-off ridership in the morning peak hours and the pick-up ridership in the evening peak hours was 900 m, and the optimal scale of the drop-off ridership in the evening peak hours was 1100 m. The first local minimum value should be taken as the best measure for two reasons: first, according to the elbow theory [66], after the elbow point, increasing the number of clusters will produce new clusters that are very close to the existing clusters, and the rate of cost decline will slow down. Secondly, as a choice of people’s travel modes, the research on the influencing factors of ride-hailing should be based on a more detailed scale to better analyze the relationship between the built environment and the ridership of ride-hailing, since an excessive grid scale may obscure some of the spatial heterogeneity of the ridership of ride-hailing.



The results calculated by the OPGD model are shown in Figure 7. During the morning peak hours, the optimal grid scale for studying the impact of the built environment on the pick-up ridership was 1000 m, the optimal grid scale for the morning peak hour and evening peak hour drop-off ridership was 1300 m, and the optimal grid scale for the pick-up ridership in the evening peak hours was 1200 m.



The comparative analysis of the impact of the built-environment explanatory variables on the pick-ups and drop-offs of ride-hailing in the morning and evening peak hours needed to be carried out under a unified grid scale. We suggested taking the average value of these optimal grid scales just mentioned for the next analysis. The suggested grid scale for exploring the impact of the built environment on the ridership of ride-hailing in Chengdu was 1100 m.




4.2.2. Optimal Data Discretization at Optimal Grid Scale


The geographic detector is good at processing type variables, and numerical variables need to be converted into type variables, that is, discretization. Four commonly used data discretization methods were selected: the natural break method, the equal interval method, the quantile method, and the k-means clustering method [67]. The q value of the geographical detector was used as the index to measure the classification method. The results of different discrete methods are shown in Table 5. The larger the q value, the better the discrete effect [40]. For the pick-up ridership in the morning peak hours, the drop-off ridership in the morning peak hours, the pick-up ridership in the evening peak hours, and the drop-off ridership in the evening peak hours of ride-hailing in Chengdu, among the 12 factors of the built environment, the highest proportion of the maximum q value was obtained using the quantile method, accounting for 50%, 75%, 75%, and 75%, respectively. The quantile method was regarded as the optimal data discretization method, which is different from the conclusions of other studies that the natural break method is the optimal discrete method [13].





4.3. Factor Detection Results under Optimal Grid Scale and Optimal Discrete Method


The q value indicates the factor’s explanatory power to the spatial distribution of the dependent variable [40]. The larger the q value, the stronger the contribution of factors to the spatial distribution of the ridership of ride-hailing. The factor detection results for morning peak hours and evening peak hours are shown in Figure 8 and Figure 9, respectively. The FAR, residential POI density, and transportation POI density were the major contributors to the pick-up ridership in the morning peak hours, with contributions of 23%, 22%, and 19%, respectively. This may be because residents commute regularly on working days. In the morning, people leave the residential area to work, and the residential area is mostly distributed in clusters. Therefore, the demand conflict of pick-ups in the morning peak hours is mainly concentrated in places with a high FAR and residential POI density, and more ride-hailing vehicles should be allocated to these areas. In addition, as one of the important commuting tools, a ride-hailing vehicle is a substitute for or supplement to public transport [4,68]. During rush hours, the transfer behavior of ride-hailing occurs in areas with a high POI density, such as bus and subway stations. Therefore, ride-hailing companies should pay attention to the allocation of vehicles in such areas during the morning peak hours. The FAR, residential POI density, and distance to the nearest subway station are the major contributors to the drop-off ridership in the morning peak hours, with contributions of 17.4%, 17.2%, and 17.2%, respectively. The reason why the FAR has a relatively high importance for drop-off ridership in the morning peak hours is that most destinations of the commuters in the morning peak hours are CBD areas with a high FAR. Therefore, the transport department should pay attention to the monitoring of traffic conditions in the areas with a high FAR during this period to avoid traffic congestion caused by more of the drop-off behavior of ride-hailing. In addition, temporary stops for ride-hailing vehicles can be located around the subway station to encourage residents to use ride-hailing services in an orderly manner.



The FAR, residential POI density, and distance to the nearest subway station are the major contributors to the pick-up ridership in the evening peak hours, with contributions of 22%, 21%, and 15%, respectively. The distance to the nearest subway station may have had a relatively high importance for the pick-up ridership, because as a reservable travel mode, ride-hailing is a better choice for residents to solve the “last 1 km” problem [4]. The main influencing factors of the pick-up ridership in the evening peak hours were consistent with the ones of the drop-off ridership in the morning peak hours. The possible reason is that the pick-up locations in the evening were mostly the same as the drop-off locations in the morning. The FAR, residential POI density, and transportation POI density were the major contributors to the drop-off ridership in the evening peak hours, with contributions of 24%, 22%, and 17%, respectively. This is mainly because some people return to their places of residence after work, that is, residential areas with a high FAR. Another reason is that the POI of transportation facilities includes airports, railway stations, bus stations, and other transportation facilities. The people who use such facilities as destinations are mainly divided into two categories: one is the staff of such facilities, who use ride-hailing vehicles as commuting tools, and the other is people who meet someone or drop them off at the station, so the stop-and-go mode of ride-hailing is a more suitable choice for them.



In the four cases, the FAR and residential POI density were the major contributors to the ridership of ride-hailing, with the highest q values. The top three variables that were the major contributors to the ridership of ride-hailing drop-offs in the morning peak hours and pick-ups in the evening peak hours, in descending order of importance, were the FAR, the residential POI density, and the distance to the nearest subway station. The top four variables that were the major contributors to the pick-ups in the morning peak hours and the drop-offs in the evening peak hours, in descending order of importance, were the FAR, the residential POI density, the transportation POI density, and the public service POI density. For the same variable, the sizes of the two q values for pick-ups and drop-offs in the morning peak hours were significantly different, while the sizes of the two q values for pick-ups and drop-offs in the evening peak hours were less different. In other words, there were differences in the level of influence importance of the built-environment variables on the pick-ups and drop-offs during the morning peak hours. The possible reason is that ride-hailing destinations are relatively concentrated in some employment-intensive areas during the morning peak hours, while the starting points and destinations of ride-hailing trips during the evening peak hours are scattered.



It is worth noting that the diversity index of mixed land use had less of an effect on the ridership of ride-hailing. This may be because more people tend to travel on foot in these areas [15], and the allocation of vehicles to the area with a higher diversity index of mixed land use should be reduced.




4.4. Interactive Detection Results


The interaction detector explores an interaction by comparing the q values of the interaction and the two single variables. In the study on the influencing factors of the ridership of rider-hailing in Chengdu, the interaction between two factors showed two kinds of relationship, namely nonlinear enhancement and double-factor enhancement. This indicates that the contribution of the interaction between two factors on the ridership of ride-hailing was enhanced to varying degrees compared with the single-factor effect, and the results are shown in Figure 10.



In the morning peak hours, the three interactions with the highest q values that affected the pick-up ridership were the diversity index of mixed land use ∩ commercial POI density, the diversity index of mixed land use ∩ residential POI density, and the transportation POI density ∩ building density, and the corresponding interactive q values were 0.40, 0.38, and 0.37, respectively. The interactions between two influencing factors (population density and diversity index of mixed land use degree) had relatively high interactive impacts on the pick-up ridership of ride-hailing. The three interactions with the highest q values that affected the drop-off ridership were the distance to the CBD ∩ residential POI density, the distance to the CBD ∩ distance to the nearest subway station, and the FAR ∩ distance to the nearest subway station, and the corresponding interactive q values were 0.41, 0.40, and 0.40, respectively. The interactions between two influencing factors (distance to the nearest subway station and residential POI density) had relatively high interactive impacts on the drop-off ridership of ride-hailing. The traffic management department should pay more attention to the road traffic around the subway station and the areas with a high residential POI density in the morning peak hours to avoid traffic congestion caused by the concentration of drop-off demands.



In the evening peak hours, the three interactions with the highest q values that affected the pick-up ridership were the FAR ∩ distance to the nearest subway station, the distance to the CBD ∩ residential POI density, and the diversity index of mixed land use ∩ FAR, and the corresponding interactive q values were 0.41, 0.39, and 0.36, respectively. The interactions among three influencing factors (distance to the nearest subway station, population density, and residential POI density) had relatively high interactive impacts on the pick-up ridership of ride-hailing. The three interactions with the highest q values that affected the drop-off ridership were the distance to the CBD ∩ residential POI density, the distance to the nearest subway station ∩ FAR, and the transportation POI density ∩ distance to the CBD, and the corresponding interactive q values were 0.40, 0.39, and 0.37, respectively. The interactions among three influencing factors (population density, distance to the CBD, and residential POI density) had relatively high interactive impacts on the drop-off ridership of ride-hailing. Urban planners should pay attention to adjusting the layout and scale of residential land and office land, strive to achieve a balance between work and residence, and improve urban traffic efficiency.



The factor detector results showed that the FAR had the highest contribution to the ride-hailing ridership. The interaction results between the FAR and the other three main influencing factors are shown in Table 6. For the pick-up ridership in the morning peak hours, the three interactions with the highest interactive q value were: the diversity index of mixed land use ∩ FAR, the distance to the subway station ∩ FAR, and the transportation POI density ∩ FAR, with contributions of 39%, 37%, and 35%, respectively, and the percent changes in the q values after the interaction were +69.6%, +60.9%, and +52.2%, respectively. Computed with the factor detector, the q values of the distance to the nearest subway station and the diversity index of mixed land use were less than the q value of the transportation POI density, but the influence was greatly enhanced after the interaction with the FAR. The q value represents the contribution of the explanatory variable to the spatial distribution of the ridership of ride-hailing [40], which indicates that the spatial distribution of the pick-ups in the morning peak hours was more than 35% consistent with the spatial distribution of the interaction between the FAR and the three influencing factors just mentioned. This shows that during the morning peak hours, the vehicle dispatching needs to be adjusted to allocate more vehicles to the three types of areas: (1) areas with a high FAR and high diversity index of mixed land use, (2) areas with a high FAR and short distance to the subway station, and (3) areas with a high FAR and high transportation POI density. In addition, the “diversity index of mixed land use ∩ FAR” had the strongest interaction for ride-hailing pick-ups in the morning peak hours. The operators of ride-hailing should pay special attention to the vehicle allocation and the temporary roadside parking in such areas to reduce the impact on non-motor vehicles. Attention should also be paid to vehicle allocation in areas with a high FAR around public transport stations, and planning and design for these areas should be considered to reduce the spatial conflict between public transport and ride-hailing.



For the drop-off ridership in the morning peak hours, the three interactions with the highest interactive q values were: the distance to the nearest subway station ∩ FAR, the diversity index of mixed land use ∩ FAR, and the distance to the CBD ∩ FAR, with contributions of 40%, 32%, and 31%, respectively, and the percent changes in the q values after the interaction were +135.3%, +88.2%, and +82.4%, respectively. This shows that during the morning peak hours, attention should be paid to the following areas: areas with a high FAR and short distance to the subway station, areas with a high FAR and high diversity index of mixed land use, and areas with a high FAR and short distance to the CBD. Traffic management should be set to prevent traffic congestion caused by the high-density demand of ride-hailing. It is worth noting that the “distance to the nearest subway station ∩ FAR” had the strongest interaction for the drop-off ridership in the morning peak hours. The traffic management department should pay attention to the traffic management of high FAR areas near the subway station in the morning peak hours.



For the pick-up ridership in the evening peak hours, the three interactions with the highest interactive q values were: the distance to the nearest subway station ∩ FAR, the diversity index of mixed land use ∩ FAR, and the distance to the CBD ∩ FAR, with contributions of 41%, 36%, and 34%, respectively, and the percent changes in the q values after the interaction were +86.4%, +63.6%, and +54.5%, respectively. This shows that during the evening peak hours, the ride-hailing operator needs to adjust the vehicle scheduling and vehicles should be allocated to the following areas: (1) areas with a high diversity index of mixed land use and a high FAR, (2) areas near the subway stations and with a high FAR, and (3) areas near the CBD and with a high FAR. It is worth noting that the q value of the distance from the CBD computed with the factor detector was 0.04, but the interaction between the distance from the CBD and the residential POI density had a high q value of 0.39 with an increase of 875%, which indicates that the ride-hailing company should allocate more vehicles to residential communities near the CBD during the evening peak hours. In addition, the q value of the single-factor effect of transportation POI density was 0.14, and the interaction between the transportation POI density and the distance to the CBD had a high q value of 0.35 with an increase of 150%. This indicates that an increase in the transportation POI density near the CBD will result in more ride-hailing demand.



For the drop-off ridership in the evening peak hours, the three interactions with the highest interactive q values were: the distance to the nearest subway station ∩ FAR, the diversity index of mixed land use ∩ FAR, and the population density ∩ FAR, with contributions of 39%, 37%, and 35%, respectively, and the percent changes in the q values after the interaction were +62.5%, +54.2%, and +45.8%, respectively. It is worth noting that the q value of the single-factor effect of the distance to the CBD was 0.03, and the q value of the interaction with the residential POI density was 0.40, which is 1.233% higher than the single-factor effect. This indicates that an increase in the residential POI density near the CBD will result in more ride-hailing demand.





5. Conclusions and Future Work


Based on the order data of ride-hailing in Chengdu, this study used the NSR method and OPGD model to calculate the optimal grid scale and combined the “5D” built-environment influencing factors to build an impact factor model of ride-hailing in the morning and evening peak hours. By comparing the q value results of the geographical detector, the optimal data discretization method was found and the single-factor and interactive effects of the built environment on ride-hailing were analyzed. The main findings and conclusions are as follows: (1) The results of research on the impact of the built environment on the ridership of ride-hailing vary with different research scales. The average value of the calculated results of the NSR and OPGD model shows that the suggested grid scale for studying the impact of the built environment on the pick-up and drop-off ridership during the morning and evening peak hours in Chengdu is 1100 m. The proposed grid scale can provide a basis for the partitioning management and scheduling optimization of ride-hailing. (2) The factor detector results show that the FAR, the residential POI density, and the transportation POI density are the major contributors to ride-hailing ridership in the morning and evening peak hours. The interactive detection results show that the interactions of the diversity index of mixed land use ∩ FAR, the distance to the nearest subway station ∩ FAR, the transportation POI density ∩ FAR, and the distance to the CBD ∩ FAR made a higher contribution to the ride-hailing ridership than the single-factor effect of the FAR computed by the factor detector. The “distance to the nearest subway station ∩ FAR” had the strongest interaction contribution, with a 135.3% increase in the q value compared to the single-factor effect of the FAR computed by the factor detector for the drop-off ridership in the morning peak hours. For the pick-up ridership in the evening peak hours, the interaction between the distance from the CBD and the residential POI density increased the contribution by 875% compared to the single-factor effect of the distance from the CBD, and the interaction between the transportation POI density and the distance to the CBD increased the contribution by 150% compared to the single-factor effect of the transportation POI density. For the drop-off ridership in the evening peak hours, the interaction between the distance to the CBD and the residential POI density increased the contribution by 1.233% compared to the single-factor effect of the distance to the CBD. Based on the results of the interactive detection, the effect of the interactions among built-environment explanatory variables on the demand for ride-hailing should not be ignored. In the process of adjusting the regional global ride-hailing demand, the ranking results of the importance and interaction of the built-environment explanatory variables have important reference significance for formulating the priority renewal order of the built-environment factors. The interaction results for the explanatory variables of the built environment with relatively high contribution degrees provide a basis for proposing a scientific combination scheme of built-environment factors when adjusting the size of the demand for ride-hailing in a specific area.



Although this study makes up for some gaps in the research investigating the built-environment impact on the ridership of ride-hailing, it still has the following limitations: (1) We took POI point data as the basic data, ignoring the impact of the actual built-up area of each influencing factor on the model results. In future research, the POI point density could be corrected through the area of interest (AOI) of the built environment to make the research results more real and accurate. (2) The amount of data obtained in this paper was limited. In the future, more in-depth travel behavior research can be carried out by adding individual and family characteristic explanatory variables in combination with the residents’ travel survey in the form of small samples. (3) For the zoning effect of the MAUP problem, this study only considered the spatial grid division method, and did not consider the impact of the traffic analysis zone or other block division methods. (4) We suggest that urban planners put up with some planning strategies to increase the variance in the FAR and the residential POI density within the whole study area and reduce the variance in the sub-region, but specific strategies require further study. (5) The data of online booking orders we obtained in 2016 might not represent the actual situation in 2022. In addition to the impact of COVID-19, the Chinese government adopted relevant policies to reduce residents’ travel from 2020 to 2022, which must have had a great impact on the number of ride-hailing orders. We hope to obtain the latest ride-hailing data from Chengdu to verify the results of this research.
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Figure 1. The study area. 
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Figure 2. The schematic diagram of space unit division. 
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Figure 3. A diagram of the semi-variogram. 
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Figure 4. Hourly variation in ridership of ride-hailing on weekdays. 
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Figure 5. The distribution of ride-hailing pick-ups and drop-offs in Chengdu. (a) Pick-ups in the morning peak hours; (b) drop-offs in the morning peak hours; (c) pick-ups in the evening peak hours; and (d) drop-offs in the evening peak hours. 
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Figure 6. Comparison of size effects and NSR of explanatory variables. (a) Pick-up ridership in the morning peak hours; (b) drop-off ridership in the morning peak hours; (c) pick-up ridership in the evening peak hours; and (d) drop-off ridership in the evening peak hours. 
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Figure 7. Comparison of 90% quantile of q values for explanatory variables under different grid sizes. 
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Figure 8. Contribution of single explanatory variables on pick-up and drop-off ridership in the morning peak hours by the factor detector. 
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Figure 9. Contribution of single explanatory variables on pick-up and drop-off ridership in the evening peak hours by the factor detector. 
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Figure 10. The results of the interactive detector for built-environment variables. (a) Pick-ups in the morning peak hours; (b) drop-offs in the morning peak hours; (c) pick-ups in the evening peak hours; and (d) drop-offs in the evening peak hours. 
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Table 1. Summary of relevant research on ride-hailing.
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	Author
	Study Area
	Dependent Variable(s)
	Analysis Method(s)
	Space Unit
	Independent Variable(s)
	Main Conclusion





	Bi, H., et al. [14]
	Chengdu
	Online car-hailing drop-off ridership
	GWR
	Voronoi cells
	Workplaces, education services, leisure services, medical services, residential buildings, food services, shopping services, parking lots, and road density.
	The places with high densities of road networks or parking lots have a higher likelihood of online car-hailing trip generation.



	Wang, S. C, et al. [15]
	Chengdu
	Online car-hailing pick-ups and drop-offs
	OLS and GWR
	200 × 200 m grid cell
	Population density, local road density, FAR, housing prices, mixed land use entropy, sport and entertainment facilities, restaurant facilities, and retail facilities.
	The association between spatial characteristics and ride-hailing trips in Chengdu and the influence of the built environment on ride-hailing trips at different times was examined.



	Du, M. Y. et al. [30]
	Haikou
	The spatiotemporal variation in high-efficiency ride-hailing orders (HROs) and common ride-hailing orders for ride-hailing services
	OLS and GWR
	1000 × 1000 m grid cell
	Built environment variables and POI diversity.
	Factors including road density, average travel time rate, companies and enterprises, and transportation facilities have significant impacts on HROs and common ride-hailing orders (CROs) for most periods.



	Zhuo Y, et al [31]
	Washington D.C.
	Taxi pick-up and drop-off trips
	OLS
	Traffic analysis zones (TAZs)
	Number of bus stops, metro stations within a half-mile buffer, existence of an airport, population and residential density, average block size, entropy of employment, industrial employment density, retail employment density, office employment density, and other employment density.
	Taxi demand patterns in the Washington D.C. metropolitan area were assessed through traditional methods.



	Li, T., et al. [32]
	The northeast of Chengdu
	Car-hailing pick-ups
	OLS and GWR
	500 × 500 m grid cell
	Bus station POI, shopping service POI, corporate business POI, residential district POI, catering service POI, recreation and entertainment POI, and mixed land use.
	Recreation and entertainment POI and the residential district POI are the most influential factors on night online car-hailing travel.



	Zhang, X. X. et al. [33]
	New York City
	Pick-ups at taxi zones in a certain month
	GTWR
	263 taxi zones
	Fourteen influencing factors from four groups, including weather, land use, socioeconomic factors, and transportation, were selected as independent variables.
	Transportation network companies (TNCs) have become more convenient for passengers in snowy weather, while a traditional taxi (TT) is more concentrated at the locations close to public transportation. The socioeconomic properties are the most important factors that cause the difference in spatiotemporal patterns.



	Wang, S., et al. [34]
	Chengdu
	Online car-hailing pick-ups and drop-offs
	MGWR and SDM
	500 × 500 m grid cell
	Bus station, residential district, catering services, shopping services, corporate businesses, sports and leisure services, science zones, public facilities, finance and insurance services, education and culture, life services, medical and health, government and administration, accommodation services, mixed land use, people density, distance to central business district (CBD), orientation order, and road network density.
	Catering services, corporate businesses, and orientation order have significant positive spillover effects, while the spillover effects of sports and leisure services and mixed land use are negative. The bus stations, residential districts, catering services, shopping services, corporate businesses, mixed land use, life services, and orientation order have significant spatial heterogeneity.



	Nair, G. S. et al. [35]
	Burnet, Bastrop, Caldwell, Hays, Travis, and Williamson
	Deadheading trips
	Nonlinear-in-parameter multinomial logit
	2102 traffic analysis zones
	Built environment, employment opportunities, and socio-demographic characteristics.
	The model results shed light on the characteristics of deadheading trips at different locations and at different time periods in a day.



	Zhao, G. W., et al. [36]
	Chengdu
	Online car-hailing pick-ups and drop-offs
	Stepwise regression selection and three spatial regression models
	500 m grid to 5000 m grid
	Population density; mixed land use; road density; bus stop density; catering facility density; scenic spot density; public service facility density; company density; shopping facility density; transportation facility density; financial facility density; educational, scientific, and cultural facility density; residential district density; living service facility density; sports and leisure facility density; medical service facility density; government agency density; and accommodation service facility density.
	The effects of population density and road density are always positive from the 500 m grid to the 3000 m grid. As the analysis scale increases, the effect of proximity to public transportation shifts from inhibition to facilitation, while the positive effect of mixed land use becomes stronger. The land-use type has both positive and negative effects and shows different characteristics at different scales.



	Sabouri, Sadegh, et al. [37]
	24 regions across the USA
	Natural log of trips between two census block groups; average trip duration between census block groups
	Multilevel modeling (MLM)
	24 regions across the USA
	A total of 39 independent variables.
	The Uber demand is positively correlated with total population and employment, activity density, land use mix or entropy, and transit stop density of a census block group. In contrast, the Uber demand is negatively correlated with intersection density and destination accessibility (both by auto and transit) variables.



	Tu, Meiting, et al. [38]
	Chengdu
	The ride-splitting ratio of each OD pair
	Gradient-boosting decision tree
	162 census tracts based on the administrative boundaries
	The built environment at the origin locations, the built environment at the destination locations, demographic factors, and travel time.
	Distance to city center, land use diversity, and road density are the key influencing factors of the ride-splitting ratio.



	Müller, et al. [39]
	Berlin
	Booking data of free-floating carsharing
	Negative binomial model
	Cells based on the polling districts and the census data grid
	Census data, election behavior, density of points of interest (POIs), and centrality.
	Built-environment features, including location, street design, parking supply, and neighborhood centrality, are major factors that affect the carsharing demand.
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Table 2. Driving trajectory data of ride-hailing.






Table 2. Driving trajectory data of ride-hailing.





	Field Name
	Field Type
	Example
	Field Description





	Order ID
	String
	fb2571ff396f07fc5f57aca2c1f9ef49
	Order No.



	Driver ID
	String
	oyEiito1mvarq3gwqpzEjmomatuimy
	Driver’s ID



	Start Time
	String
	7 November 2016 12:36
	Pick-up time



	End Time
	String
	7 November 2016 12:53
	Drop-off time



	Minute
	Short integer
	17
	Order duration of ride-hailing



	Lon
	Float
	103.9915468
	Longitude, GCJ-02 coordinate system



	Lat
	Float
	30.6471488
	Latitude, GCJ-02 coordinate system
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Table 3. Built-environment explanatory variables.






Table 3. Built-environment explanatory variables.





	
“5D” Built-Environment Dimension

	
Explanatory Variable

	
Unit






	
Density

	
Population density

	
Person/km2




	
FAR

	




	
Commercial POI density

	
Quantity/km2




	
Public service POI density

	
Quantity/km2




	
Residential POI density

	
Quantity/km2




	
Scenic spot POI density

	
Quantity/km2




	
Transportation POI density

	
Quantity/km2




	
Building density

	
%




	
Diversity

	
Diversity index of mixed land use

	




	
Destination accessibility

	
Distance to CBD

	
km




	
Distance to transit

	
Distance to the nearest subway station

	
km




	
Design

	
Road network density

	
km/km2
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Table 4. Interactions between two explanatory variables and their interactive impacts.






Table 4. Interactions between two explanatory variables and their interactive impacts.





	Geographical Interaction Relationship
	Interaction





	qm∩n < min(qm, qn)
	Nonlinear-weakened: Impacts of single variables are nonlinearly weakened by the interaction of two variables.



	min(qm, qn) ≤ qm∩n ≤ max(qm, qn)
	Uni-variable weakened: Impacts of single variables are uni-variably weakened by the interaction.



	max(qm, qn) < qm∩n < (qm + qn)
	Bi-variable enhanced: Impact of single variables are bi-variably enhanced by the interaction.



	qm∩n = (qm + qn)
	Independent: Impacts of variables are independent.



	qm∩n > (qm + qn)
	Nonlinear-enhanced: Impacts of variables are nonlinearly enhanced.







Note: qm is the q value of variable m, qn is the q value of variable n, and qm∩n is the q value of the interaction between variables m and n.
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Table 5. The results for the q values of the geographical detector.






Table 5. The results for the q values of the geographical detector.





	
Variables

	
Discretization Method

	
q Value




	
Pick-up Ridership in the Morning Peak Hours

	
Drop-off Ridership in the Morning Peak Hours

	
Pick-up Ridership in the Evening Peak Hours

	
Drop-off Ridership in the Evening Peak Hours






	
Distance to the nearest subway station

	
NB

	
0.13

	
0.13

	
0.13

	
0.11




	
EQ

	
0.08

	
0.04

	
0.06

	
0.07




	
QU

	
0.13

	
0.17

	
0.15

	
0.13




	
K

	
0.13

	
0.13

	
0.12

	
0.11




	
Road network density

	
NB

	
0.12

	
0.06

	
0.10

	
0.10




	
EQ

	
0.07

	
0.03

	
0.05

	
0.06




	
QU

	
0.13

	
0.07

	
0.10

	
0.12




	
K

	
0.13

	
0.06

	
0.09

	
0.12




	
Population density

	
NB

	
0.11

	
0.07

	
0.10

	
0.10




	
EQ

	
0.00

	
0.00

	
0.01

	
0.01




	
QU

	
0.13

	
0.08

	
0.12

	
0.12




	
K

	
0.10

	
0.07

	
0.09

	
0.09




	
Building density

	
NB

	
0.14

	
0.12

	
0.11

	
0.12




	
EQ

	
0.10

	
0.11

	
0.11

	
0.12




	
QU

	
0.15

	
0.13

	
0.13

	
0.14




	
K

	
0.12

	
0.10

	
0.11

	
0.12




	
Transportation POI density

	
NB

	
0.22

	
0.10

	
0.17

	
0.21




	
EQ

	
0.11

	
0.04

	
0.08

	
0.10




	
QU

	
0.19

	
0.10

	
0.14

	
0.17




	
K

	
0.18

	
0.07

	
0.12

	
0.15




	
Scenic spot POI density

	
NB

	
0.15

	
0.11

	
0.10

	
0.13




	
EQ

	
0.09

	
0.03

	
0.04

	
0.03




	
QU

	
0.13

	
0.12

	
0.11

	
0.13




	
K

	
0.18

	
0.10

	
0.13

	
0.13




	
Residential POI density

	
NB

	
0.22

	
0.18

	
0.21

	
0.21




	
EQ

	
0.17

	
0.04

	
0.09

	
0.11




	
QU

	
0.22

	
0.17

	
0.21

	
0.22




	
K

	
0.23

	
0.15

	
0.19

	
0.21




	
Public service POI density

	
NB

	
0.19

	
0.11

	
0.13

	
0.16




	
EQ

	
0.04

	
0.00

	
0.02

	
0.04




	
QU

	
0.17

	
0.10

	
0.14

	
0.16




	
K

	
0.16

	
0.07

	
0.10

	
0.13




	
Commercial POI density

	
NB

	
0.17

	
0.08

	
0.11

	
0.13




	
EQ

	
0.05

	
0.01

	
0.01

	
0.02




	
QU

	
0.14

	
0.07

	
0.08

	
0.10




	
K

	
0.17

	
0.08

	
0.10

	
0.13




	
Diversity index of mixed land use

	
NB

	
0.15

	
0.08

	
0.09

	
0.13




	
EQ

	
0.08

	
0.02

	
0.05

	
0.07




	
QU

	
0.13

	
0.10

	
0.09

	
0.10




	
K

	
0.12

	
0.05

	
0.07

	
0.10




	
FAR

	
NB

	
0.18

	
0.13

	
0.16

	
0.20




	
EQ

	
0.21

	
0.13

	
0.19

	
0.21




	
QU

	
0.23

	
0.17

	
0.22

	
0.24




	
K

	
0.21

	
0.15

	
0.19

	
0.22




	
Distance to CBD

	
NB

	
0.01

	
0.02

	
0.00

	
0.01




	
EQ

	
0.00

	
0.02

	
0.00

	
0.00




	
QU

	
0.01

	
0.08

	
0.04

	
0.03




	
K

	
0.00

	
0.04

	
0.01

	
0.01








Notes: K represents the k-means clustering method; QU stands for the quantile method; EQ stands for the equal interval method; and NB stands for the natural break method.
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Table 6. The interactive detector results of dominant variables.






Table 6. The interactive detector results of dominant variables.





	
Time

	
Dependent

Variable

	
Dominant Factor

(q Value)

	
Interaction Factors

	
Interactive q Value

	
Percent Change in q Value after Interaction






	
Morning peak hours

	
Pick-ups of ride-hailing vehicles

	
FAR (0.23)

	
Diversity index of mixed land use ∩ FAR;

	
0.39

	
+69.6%




	
Distance to the nearest subway station ∩ FAR;

	
0.37

	
+60.9%




	
Transportation POI density ∩ FAR

	
0.35

	
+52.2%




	
Drop-offs of ride-hailing vehicles

	
FAR (0.17)

	
Distance to the nearest subway station ∩ FAR;

	
0.40

	
+135.3%




	
Diversity index of mixed land use ∩ FAR;

	
0.32

	
+88.2%




	
Distance to CBD ∩ FAR

	
0.31

	
+82.4%




	
Evening peak hours

	
Pick-ups of ride-hailing vehicles

	
FAR (0.22)

	
Distance to the nearest subway station ∩ FAR;

	
0.41

	
+86.4%




	
Diversity index of mixed land use ∩ FAR;

	
0.36

	
+63.6%




	
Distance to CBD ∩ FAR

	
0.34

	
+54.5%




	
Drop-offs of ride-hailing vehicles

	
FAR (0.24)

	
Distance to the nearest subway station ∩ FAR;

	
0.39

	
+62.5%




	
Diversity index of mixed land use ∩ FAR;

	
0.37

	
+54.2%




	
Population density ∩ FAR

	
0.35

	
+45.8%
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