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A B S T R A C T

The prosperity of ride-sharing services has rippled in the communities of GIScience, transportation, and urban
planning. Meanwhile, road network structure has been analyzed from a network science perspective that focuses
on nodes and relational links and aims to predictive models. However, limited empirical studies have explored
the relationship between road network structure and ride-sharing accessibility through such perspective. This
paper utilizes the spatial Durbin model to understand the relationship between road network structure and ride-
sharing accessibility, proxied by Uber accessibility, through classical network measures of degree, closeness, and
betweenness centrality. Taking the city of Atlanta as a case study, we have found in addition to population
density and road network density, larger values of degree centrality and smaller values of closeness centrality of
the road network are associated with better accessibility of Uber services. However, the effects of betweenness
centrality are not significant. Furthermore, we have revealed heterogeneous effects of degree centrality and
closeness centrality on the accessibility of Uber services, as the magnitudes of their effects vary by different time
windows (i.e., weekday vs. weekend, rush hour in the morning vs. evening). Network science provides us both
conceptual and methodological measures to understand the association between road network structure and
ride-sharing accessibility. In this study, we constructed road network structure measures with OpenStreetMap,
which is reproducible, replicable, and scalable because of its global coverage and public availability. The study
resonates with the notion of cities as the set of interactions across networks, as we have observed time-sensitive
heterogeneous effects of road network structure on ride-sharing accessibility.

1. Introduction

The prevalence of ride-sharing services (e.g., Uber, Lyft in the US)
has rippled in the communities of GIScience, transportation, and urban
planning. While Batty (2016) highlights a major transition to a post-
industrial age (from the industrial one) is evident by Uber-like bottom-
up, renegade organizations, there is a blossom of empirical analytics
engaging with ride-sharing data to understand accessibility issues of
ride-sharing services (Hughes & MacKenzie, 2016; Jin, Kong, & Sui,
2019; Wang & Mu, 2018). Furthermore, Jin, Kong, Wu, and Sui (2018)
have reviewed the potential impacts of ride-sharing services on various
aspects of cities. Similarly, scholars from these communities have stu-
died road networks from different perspectives (Boeing, 2018;
Giacomin & Levinson, 2015; Jenelius, 2009; Jenelius & Mattsson,
2015). The urban road network is a fundamental infrastructure, which
affects the operation and management of various means of ground

transportation, including ride-sharing services. However, to the best of
our knowledge, there has not been a study exploring the relationship
between road network structure and ride-sharing accessibility. From
the perspective of form versus process, which is often adopted in geo-
graphy and GIScience (Goodchild, 2004), studying the static form of
road network structure will help understand the dynamic process of
ride-sharing.

Meanwhile, the increasing availability of large-scale data has re-
invigorated network science, or the science of networks (Newman,
2018). Within network science, there is a shared interest across dis-
ciplines to understand the social and spatial perspectives of networks
(Barthélemy, 2011). Despite a few recent attempts to devise new me-
trics by highlighting both spatial and social aspects of networks (Sarkar,
Andris, Chapman, & Sengupta, 2019), existing measures describing
network properties are predominantly from graph theory and network
science (e.g., Barthélemy (2011) and Newman (2018)). Nevertheless,
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the complex spatial network defined by O’Sullivan (2014) is most re-
levant to this study, where nodes and edges are spatially embedded. In
fact, given a road network, both nodes (i.e., intersections) and edges
(i.e., segments of roads) are embedded in space.

Against this backdrop, this paper explores road network structure
from a network science perspective. Then, it aims to understand the
relationship between road network structure and ride-sharing accessi-
bility, proxied by Uber accessibility, through classical network mea-
sures of degree, closeness, and betweenness centrality. Taking the city
of Atlanta as a case study, we have found in addition to population
density and road network density, larger values of degree centrality and
smaller values of closeness centrality of the road network are associated
with better accessibility of Uber services. On the contrary, the effects of
betweenness centrality are not significantly associated with Uber ac-
cessibility. Furthermore, we have revealed heterogeneous effects of
degree centrality and closeness centrality on the accessibility of Uber
services, as the magnitudes of their effects vary by different time win-
dows (i.e., weekday vs. weekend, rush hour in the morning vs. eve-
ning). Lastly, we have explored moderation effects of population den-
sity and road network density on the relationship between network
measures and accessibility of Uber services.

This study contributes to the literature in the following three ways.
First, it bridges the literature gap between the topics of road network
structure literature and ride-sharing accessibility literature by exploring
their multifaceted, heterogeneous, and non-linear relationship.
Specifically, it expands previous work conducted by Hughes and
MacKenzie (2016) and Wang and Mu (2018), where higher population
density is found to be associated with better accessibility of Uber ser-
vices. Furthermore, it provides nuanced knowledge of how the spatial
configuration of road network matters in ride-sharing accessibility (c.f.
Wang and Mu (2018) considers road density as the sole measure of road
network structure). Second, it constructs road network structure mea-
sures with OpenStreetMap, a prominent example of volunteered geo-
graphic information. Due to its global coverage and public availability,
road network structure measures derived in this study can be re-
producible, replicable, and scalable. Specifically, it utilizes an open-
source toolkit (OSMnx) recently developed by Boeing (2017) to process
and analyze OpenStreetMap data at the neighborhood level. Third, it
highlights the time-sensitive heterogeneous effects of road network
structure on ride-sharing accessibility, which resonates with the notion
of cities function as a set of interactions that flow across networks
(Batty & Cheshire, 2011). It implies potential collective intentionality,
which reflects how people interact with the built environment, also
known as social flow (Andris, Liu, & Ferreira, 2018).

The remainder of this paper is organized as follows. The next section
introduces the background of network science and summarizes related
literature. Section 3 illustrates the data and methods applied in this
study. Then it presents the results with various robustness checks. Next,
it discusses various heterogeneous effects and moderation effects of
road network structure on ride-sharing accessibility. Finally, it con-
cludes and provides directions for future studies.

2. Key measures of road network structure from a network science
perspective

This section focuses on the most widely applied measures in net-
work science. First, we present their definitions and broad applications.
Second, we give a retrospective of empirical work dealing with these
measures in the fields of GIScience, transportation, and urban planning.
The summary of the literature does not mean to be exhaustive; instead,
it highlights the most relevant topics and serves as the foundation and
guideline for conducting and presenting this study.

In a network, the importance of any node can be measured by its
centrality. Throughout the literature in network science, there are var-
ious categories of centrality measures. The three most widely applied
centrality measures are degree centrality, closeness centrality, and

betweenness centrality (Borgatti, 2005; Newman, 2018; Otte & Rousseau,
2002), which are adopted for the subsequent empirical analysis.

Degree centrality is the most intuitive and computationally efficient
measure to describe the importance of a given node, which can be
defined as the total number of edges that the node connects (Borgatti,
2005). This measure has been frequently used in mapping out biolo-
gical, social, and information networks. For example, Otte and
Rousseau (2002) use degree centrality to measure the collaboration
network of scholars in information sciences; Bodendorf and Kaiser
(2009) use the same measure to detect opinion leaders in online com-
munities. This concept is also applied in urban transportation research
to evaluate the road network (Crucitti, Latora, & Porta, 2006) and
model patterns of traffic flows (Jayasinghe, Sano, & Nishiuchi, 2015).

Closeness centrality is defined as the reciprocal of the farness. For a
given node, the farness is the sum of the length of the shortest paths
from this node to all others in the network (Borgatti, 2005). A larger
value of closeness centrality represents that node is more central and
closer to other nodes in a network. Closeness centrality has been widely
applied in social and biological networks (e.g., Chea and Livesay
(2007), and Newman (2018)). In urban planning, Porta et al. (2009)
examine the correlation between closeness centrality and various eco-
nomic activities in the city of Barcelona and suggest that central urban
arterials should be conceived as the cores of neighborhoods. Another
strand of research combines closeness centrality with other measures to
describe urban road network and capture different aspects of urban
forms (Crucitti, Latora, & Porta, 2006a; Crucitti, Latora, & Porta,
2006b).

Betweenness centrality is defined as the fraction of shortest paths
passing through a given node (Barthelemy, 2004). It describes the ex-
tent to which a node is located ‘between’ other pairs of nodes in the
network. A node has a high value of betweenness centrality when it
reaches other nodes through the shortest paths or lies on many shortest
paths. This concept has been applied in various applications from dif-
ferent domains. Researchers use betweenness centrality to understand
land use intensity in different cities of the US and Europe (Porta et al.,
2009; Wang, Antipova, & Porta, 2011). Furthermore, Barthelemy,
Bordin, Berestycki, and Gribaudi (2013) use it to understand the driving
forces of the evolution of urban fabric in Paris. For transportation-re-
lated studies, however, Gao, Wang, Gao, and Liu (2013) have revealed
that betweenness centrality is not a good predictor of urban traffic
flows. Nevertheless, we include all the three centralities (i.e., degree
centrality, closeness centrality, and betweenness centrality) as the key
measures of road network structure in our empirical analysis.

In summary, the three types of centralities describe the network
characteristic of a given node that

• Degree centrality: the larger the value, the more edges the node
connects.

• Closeness centrality: the larger the value, the more central and closer
to other nodes in a network a given node is.

• Betweenness centrality: the larger the value, the more shortest paths
amongst different pairs of nodes have to pass through the node.

3. Data, measures, and methods

3.1. Data and measures

Atlanta is the capital city of Georgia in the United States. While the
Atlanta metropolitan area is the ninth-largest metropolitan area in the
United States, the scope of this study is the city of Atlanta, which is the
economic and cultural center of the metropolitan area. In 1974, the city
of Atlanta established a nested system of Neighborhood Planning Units
(NPUs) to allow communication and participatory planning efforts re-
garding functions and visions of different parts of the city. While a
neighborhood is not a standard geographic unit based on the U.S.
Census Bureau’s definition, it serves as an administrative and planning
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unit in Atlanta (Mu & Holloway, 2019). Furthermore, according to
Shelton and Poorthuis (2019), the idea of NPUs was originally men-
tioned in a government report in 1967, which aims at dividing the city
into relatively homogeneous areas. Currently, the system divides the
city into 25 NPUs, and further into 102 neighborhoods. The neighbor-
hood is defined as “a geographic area either with distinguishing char-
acteristics or boundaries in which the residents have a sense of identity and a
commonality of perceived interest or both,” and an NPU is “a geographic
area composed of one or more contiguous (connecting) neighborhoods”
(Shelton & Poorthuis, 2019). The system believes that there are no one-
size-fits-all rules for the whole city, so instead, each NPU has its own
Comprehensive Development Plan to prosper the best development for
the neighborhoods after considering the physical, social, and economic
aspects (Center for Civic Innovation n.d.). Although there are widely
used census units (e.g., census tracts), these spatial units have no ne-
cessary connection to the lived population. Furthermore, the boundary
of the unit is not aligning perfectly with the city boundary. On the
contrary, NPUs are designed for Atlanta, and the nested system of NPUs
can represent the city at different levels of details according to the
population characteristics and needs. Although several initiatives have
been launched to rejuvenate Atlanta neighborhoods in the NPU system
to reflect current circumstances, the neighborhoods only had minor
adjustments except for the land annexations at the city boundary
(Shelton & Poorthuis, 2019). The neighborhood demarcation is still
meaningful to represent the population and the area. Therefore, this
study selects neighborhoods as units of analysis.

First, building upon previous work (e.g., Hughes and MacKenzie
(2016) and Wang and Mu (2018)), we used the wait times of Uber
services as the proxy for ride-sharing accessibility and have collected
the wait time of different Uber products via Uber Developers Applica-
tion Program Interface. Specifically, we used Uber Rides Python SDK
(https://github.com/uber/rides-python-sdk) to continuously obtain the
wait time for each Uber products for one month in 2016. For each
neighborhood, we randomly selected locations to request Uber services
approximately every half hour for the whole month. The number of
locations selected in each neighborhood is proportional to the area of
the neighborhood, and every other square mile has at least one ran-
domly selected location. More detailed information concerning Uber
data collection can be found in Wang and Mu (2018). Amongst all the
Uber services during our data collection period (i.e., UberX, UberXL,
UberSELECT, UberBLACK, and UberSUV), this study focuses on the
accessibility of UberX (the low-cost Uber), which is the most popular
Uber product and widely used in previous studies (e.g., Hughes and
MacKenzie (2016), Smart et al. (2015), Wang and Mu (2018), and
Zhou, Wang, and Li (2017)). In addition to the primary response vari-
able, the average wait times of UberX (AvgX), we further calculated the
following accessibility measures to capture the potential time-sensitive
heterogeneous effects of road network structure on ride-sharing acces-
sibility:

• The wait times of UberX during weekdays (WeekdayX)

• The wait times of UberX during weekends (WeekendX)

• The wait times of UberX during morning rush hours (6 AM–10 AM,
MorningX)

• The wait times of UberX during afternoon rush hours (3 PM–7 PM,
AfternoonX)

• The average wait times of UberX during rush hours (RushX, the
mean of MorningX and AfternoonX)

Second, we obtained the road network as drivable public streets
(excluding service roads) from OpenStreetMap (https://www.
openstreetmap.org) for the city of Atlanta in early 2017.
OpenStreetMap is a crowdsourced mapping project that allows volun-
teers to create map data collectively. With contributors across the
globe, OpenStreetMap not only provides publicly editable, accessible,
and free map data, but also increases the data coverage and details by

filling the gap of inadequate data or difficulty to access data (Haklay &
Weber, 2008). OpenStreetMap has been widely used in the GIScience
community and by urban planners to construct road networks to eval-
uate accessibility for various modes of transport and in different si-
tuations, for instance, in the post-disaster scenario to construct the road
network for different scenarios (Zook, Graham, Shelton, & Gorman,
2010). One caveat is that the road network from OpenStreetMap in this
study was dated in early 2017, and the Uber wait times information was
collected in 2016. Nevertheless, we do not expect the road networks of
the city of Atlanta to change significantly within a year. Given a
neighborhood is the unit of analysis in this study, road network data
were further clipped based on the boundaries of each neighborhood.
Finally, in our road networks of each neighborhood, nodes represent
either intersection of road segments or dead-ends, edges represent the
segments of road.

A road network in a neighborhood can be denoted as a graph
=G V E( , ), where V represents the set of vertices (nodes), and E re-

presents the set of edges. Therefore, the degree centrality for a node v,
C v( )D is the fraction of nodes it is connected to. The degree centrality
values are further normalized by dividing the maximum possible degree
in a simple graph −N 1, where N denotes the total number of nodes in
G.

=
−

C v
v

N N
( )

2*deg( )
( 1)D (1)

Closeness centrality of a node v, C v( )C refers to the reciprocal of the
average shortest path distance to n over all −n 1 reachable nodes:

= −
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Where d v u( , ) is the shortest-path distance between any two nodes of v
and u, and n is the number of nodes that can reach v. In this study, we
applied an improved version of the closeness centrality, C v( )C

* , proposed
by Wasserman and Faust (1994) to include the potential scenario where
graphs have more than one connected component:
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(2b)

Where d v u( , ) is the shortest-path distance between v and u, n is the
number of nodes that can reach v, N is the number of nodes in G. For a
single component graph, C v( )C is the same as C v( )C

* .
Betweenness centrality of a node v, C v( )B , is the sum of the fraction

of all pairs of shortest paths that pass through v:

∑=
∈

C v σ s t v
σ s t

( ) ( , | )
( , )B

s t V, (3)

Where σ s t( , ) is the number of shortest paths between two nodes of s
and t, σ s t v( , | ) is the number of those paths through node v. s ≠ t ≠ v.
For better illustration purposes, we conceptualize the three key cen-
trality measures and identify nodes with the highest and the lowest
values in Fig. 1.

We conducted a preliminary analysis on the correlation between
three node-based centralities and several edge-focused characteristics,
such as total edge (and street) lengths, the average edge (and street)
length, total number of edges (and streets), as well as the edge con-
nectivity, and found a high correlation between these node-based and
edge-based metrics. Therefore, this study focuses on the mean values of
the three-node measures, namely degree centrality (Degree), closeness
centrality (Closeness), and betweenness centrality (Between) within the
unit of the neighborhood. We believe that the three node-based cen-
tralities can apprehend the connectivity of the road network structure,
which is crucial for understanding the Uber accessibility in various si-
tuations. In addition, from the theoretical and practical consideration,
these three node-based centrality measures are the most widely applied
in network analysis (Borgatti, Carley, & Krackhardt, 2006; Freeman,
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1978; Opsahl, Agneessens, & Skvoretz, 2010) and also have broad
practical implications in policies. Moreover, we computed the edge
density (EdgeDensity), as the total edge length divided by the area of the
corresponding neighborhood (in sq. km) to at least partially capture
edge properties of the road network. The acquisition, processing, and
analysis of OpenStreetMap data at the neighborhood level were im-
plemented via OSMnx (Boeing, 2017).

Third, we collected population density (PopDen) from
Neighborhood Nexus (http://www.neighborhoodnexus.org/), a com-
munity intelligence system that provides data and tools for stakeholders
of the Atlanta metropolitan area. Fig. 2 illustrates the study area, an

example of a neighborhood in the NPU system, and nodes/edges in an
example neighborhood.

3.2. Spatial Durbin model

In the selection procedure of models, spatial autocorrelation ana-
lysis has been performed to evaluate whether there is an association
between Uber accessibility and geographical locations. The calculation
of the global autocorrelation coefficient Moran’s I of the above-men-
tioned six response variables for measuring Uber accessibility in our
model specification, for instance, AvgX—the average wait times of

Fig. 1. Conceptualization of degree (a), closeness (b), and betweenness (c) centralities.

Fig. 2. The nested neighborhood planning unit (NPU) system of the city of Atlanta. An example neighborhood (Cross Creek, https://www.buckhead.com/
neighborhoods/cross-creek/) is selected to illustrate the nodes and edges of the road network.
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UberX (Moran’s I= 0.71, P < 0.001), suggests the existence of spatial
autocorrelation. Hence, spatial models are preferred to avoid biased
estimations via OLS. This study conducted the Spatial Durbin Model
(SDM) to analysis the association between road network structure and
Uber accessibility.

We will start with a brief introduction of the general spatial model,
and in which special case it leads to the SDM. A methodological per-
spective elaborating on why SDMs are preferred in this study will then
be provided. According to LeSage and Pace (2010), a general spatial
model (a.k.a., Manaski Spatial Model) can be defined as:

= + + +
= +

Y ρWY Xβ WXθ μ
μ λWμ ε (4)

Where Y is the dependent variable, X is the suite of independent vari-
ables. W is the weight matrix with the spatial relationship of spatial
units in the sample. WX represents the exogenous interaction effects on
the independent variable X with a spatial autoregressive coefficient θ.
WY describes the endogenous interaction effects with a spatial lag coef-
ficient ρ. Wμ refers to the correlated interaction effects with the coeffi-
cient λ. Elhorst (2014) further explains the three different spatial in-
teraction effects as

• Exogenous interaction effects (WX): the spatial interaction appears
among the independent variables;

• Endogenous interaction effects (WY): the spatial interaction be-
tween different units depends on the dependent variables, that is,
the value of the dependent variable for one object is affected directly
by that variable of neighboring objects;

• Correlated interaction effects (Wμ): the spatial interaction between
various units is embodied in the error term, which means that si-
milar environmental characteristics that are unobserved or hidden
among different spatial units disturb the dependent variable through
similar approaches.

It is obvious that the magnitude of the spatial interaction effects (the
spillover effects of a spatial model) is influenced by the locations of
samples and those of their neighbors, which is defined by the spatial
weight matrix (W). In this study, we construct the spatial weight matrix
based on queen contiguity. Therefore, for spatial interaction between n
units, the spatial weight matrix is denoted as W= (Wij: i, j = 1, …, n):

= ⎧
⎨⎩

∩ ≠ ∅
∩ = ∅

W
bnd i bnd j
bnd i bnd j

1, ( ) ( )
0, ( ) ( )ij

(5)

where Wij indicates the spatial influence of unit j on unit i, bnd i( ) re-
presents the set of boundaries of spatial unit i.

A general spatial model can be simplified by ruling out one of the
exogenous, endogenous, or correlated interaction effects (i.e., WX, WY,
and Wμ, respectively).

(1) Assuming there are no exogenous interaction effects (θ= 0), a
general spatial model becomes a Kelejian-Prucha model:

= + +
= +

Y ρWY Xβ μ
μ λWμ ε (6)

(2) Assuming there are no endogenous interaction effects (ρ = 0),
a general spatial model becomes a spatial Durbin Error model (SDEM):

= + +
= +

Y Xβ WXθ μ
μ λWμ ε (7)

(3) Assuming there are no correlated interaction effects (λ = 0), a
general spatial model becomes a SDM:

Y = ρWY + Xβ + WXθ+ ε (8)

Moreover, a spatial autoregressive model (SAM) can be regarded as
a special case of an SDM, where θ = 0:

Y = ρWY+ Xβ + ε (9)

Similar, a spatial error model (SEM) can be regarded as another
special case of an SDM, where θ= −ρβ:

= +
= +

Y Xβ μ
μ λWμ ε (10)

In this study, three types of spatial interactions are considered. The
exogenous interaction effects (WX) refer to the spatial interaction ef-
fects on the road network among adjacent neighborhoods. The en-
dogenous interaction effects (WY) mean that the spatial interaction
between adjacent neighborhoods appears among the Uber accessibility.
Finally, the correlated interaction effects (Wμ) represent those similar
environmental characteristics between adjacent neighborhoods, which
can affect Uber accessibility according to similar approaches. For our
model estimation, the family of SDMs are preferred over the Kelejian-
Prucha model and the SDEM. While we admit that the above-discussed
three interaction effects (WX, WY, and Wμ) may exist concurrently in
this study, the inclusion of all these three spatial interaction effects
within one specification will be left some parameters unidentified
(Elhorst, 2014). As the potential spatial interactions of Uber accessi-
bility (WY) and road network (WX) amongst adjacent neighborhoods
are theoretically meaningful for they reflect the inherent urban struc-
ture of Atlanta, SDM is designed to count for such spatial relationship
occurred both in the dependent variable (i.e., Uber accessibility) and
the suite of independent variables (i.e., road network structure). SDM
has the advantage of ensuring the model efficiency by excluding only
the correlated interaction effect in the error term (Wμ) without com-
promising the spatial interaction of road network and Uber accessibility
(LeSage & Pace, 2010). Furthermore, SDM can yield unbiased estima-
tion even when the spatial interaction between adjacent neighborhoods
presented in the error term of the actual data (Elhorst, 2010).

Hence, we have adopted the family of SDM as our estimation
strategy. Furthermore, we present the following specification as our
main model by emphasizing the effects of road network structure (i.e.,
Degree, Closeness, and Betweenness) on Uber accessibility. Following
Wang and Mu (2018), PopDen and EdgeDensity are added as control
variables.

Uber Accessibility = f (PopDen, EdgeDensity, Degree, Closeness, Between-
ness)

Following a typical procedure, we took the natural logarithm for all
the variables, except for those dimensionless ones (i.e., Degree,
Closeness, and Betweenness). To test the magnitude of multicollinearity,
we calculated the variance inflation factor (VIF) for our specification.
With an average VIF of 3.04, none of the explanatory variables has a
VIF over 10. Therefore, our specification does not have a severe mul-
ticollinearity issue. Table 1 summarizes the descriptive statistics. Fig. 3
demonstrates the spatial variation of the three centrality measures and
the average wait times of UberX (AvgX) with a quantile map.

4. Results and discussions

4.1. General findings

Table 2 presents the results of all three models in the SDMs family
(i.e., SDM (Model 1), SAM (Model 2), and SEM (Model 3)). Further-
more, in Table 2, as the likelihood ratio of all three spatial models are
highly significant (p < 0.001), it is even more evident that OLS models
cannot solve the spatial autocorrelation issue when it comes to the Uber
accessibility.

Regarding the subsequent model selection, we have two primary
reasons. First, from a theoretical perspective, the wait time of Uber in
one neighborhood should be correlated to its adjacent neighborhoods,
as Uber drivers must drive through the road network between them for
picking passengers up. Importantly, components of a road network in a
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city are connected organically. Road network structure in a neighbor-
hood is highly likely to be related to that in its adjacent neighborhoods.
Given the potential exogenous and endogenous spatial interaction ef-
fects, SDM is preferred. Second, we follow the standard procedures of
Lagrange multiplier (LM) diagnostics for spatial dependence, which
includes four estimates of tests: the simple LM test for error dependence
(LMerr), the simple LM test for a missing spatially lagged dependent
variable (LMlag), the robust LM test for error dependence in the possible
presence of a missing lagged dependent variable (RLMlag), and the
robust LM test for a missing spatially lagged dependent variable in the
possible presence of error dependence (RLMlag). With a significant
LMerr (22.832, p < 0.001), LMlag (56.626, p < 0.001), RLMlag
(35.451, p < 0.001), but insignificant RLMerr (1.656, p = 0.198), our
preferred models also remain between SDM and SAM. Higher values of
both log-likelihood and Pseudo-R2 (Table 2) indicate SDM is favored
over SAM. Therefore, we focus on the results provided by SDM in this
study.

Nevertheless, all three spatial models show the following results
consistently: in addition to larger population density, and greater edge
road network density are associated with better Uber accessibility, this
study reveals

(1) Larger values of the average degree centrality of the road network
are associated with better Uber accessibility;

(2) Smaller values of the average closeness centrality are associated
with better Uber accessibility;

(3) The relationship between the average betweenness centrality and
Uber accessibility is not significant.

The average degree centrality of the road network measures in a
neighborhood measures how many edges are connected to each node.
There are two ways of interpreting the role of degree centrality in Uber
accessibility. First, a larger number reflects more road segments are
linked by each interaction (and dead-end) in the neighborhood, which
provides an Uber driver more possible routes to get to the pick-up lo-
cation. Therefore, it saves the wait times for passengers. Second, degree
centrality can be conceptualized as the measure of immediate effects
(Borgatti, 2005). A neighborhood with a larger average degree cen-
trality means a higher ability of its nodes to influence other nodes in
one period. Considering requesting an Uber as a parallel duplication
flow process, we can expect the direction in which an Uber car comes
from is randomly distributed in the road network, which is a function of
the number of edges a node has. A neighborhood with a larger average
degree centrality can potentially increase its Uber accessibility by at-
tracting Uber drivers from more directions.

The average closeness centrality of the road network measures in a
neighborhood measures how close one node is to others in the neigh-
borhood. A larger number of the average closeness centrality reflects

nodes are closer to each other in the road network. As there are traffic
lights or stop signs in every intersection, a closer distance between each
intersection indicates a higher likelihood for an Uber car to change its
speed when passing these intersections. Importantly, a full stop is re-
quired in the United States when there is a stop sign in an intersection,
which significantly alters the flow of traffic. Hence, a neighborhood
with greater average closeness centrality may experience longer wait
times for Uber, which translates into worse Uber accessibility.

The average betweenness centrality of the road network in a
neighborhood measures the average number of the shortest paths pas-
sing through nodes in the neighborhood. It can be conceptualized as a
network resilience indicator, where a higher value corresponds to a
higher probability of road network system failure when any single node
fails. However, we did not find a significant relationship between be-
tweenness centrality and Uber accessibility in this study. Indeed, it
remains ambiguous the exact roles of betweenness centrality of the road
network in transportation and urban planning literature. For example,
Gao et al. (2013) have revealed that betweenness centrality is not a
good predictor of urban traffic flows. Wang et al. (2011) found that
betweenness centrality is only weakly corrected with land-use intensity.
However, Barthelemy et al. (2013) used betweenness centrality to
distinguish whether the evolution of urban fabric in Paris is based on a
top-down or bottom-up approach.

4.2. The heterogeneous effects of time

The SDM regression results of UberX wait times during weekdays
and weekends are reported in Table 3. First, we can see all the general
findings in Section 4.1 are held in both scenarios. Second, there are
nuanced differences regarding the magnitude of the beta coefficients of
road network structure measures on Uber accessibility during weekdays
and weekends. However, the magnitudes of all road network measure
along with population density during weekdays (Model 4) are stronger
than those during weekends (Model 5), which may reflect that road
network structure may affect Uber accessibility to a greater extent
during the period of commuting. The nuanced difference resonates with
Wang and Mu (2018)’s finding, where the accessibility of UberX is
linked to the commuting time.

Furthermore, we deconstructed the wait times of Uber during
weekdays into different periods of rush hours within a day. Table 4
demonstrates the regression results with uber accessibility during
morning rush hours (from 6 AM to 10 AM, Model 6), afternoon rush
hours (from 3 PM to 7 PM, Model 7), and the average rush hours (Model
8). The results are consistent with our previous findings in Model 1,
Model 4, and Model 5. Nevertheless, we can observe more detailed
variations of the relationship between road network structure and Uber
accessibility during different periods within a day. As mentioned in
Batty and Cheshire (2011), cities are composed of interactions that flow

Table 1
Summary of variables.

Variable Description Min Max Mean Std.dev

X
PopDen Population density 805.357 17608.571 4124.073 2792.428
EdgeDensity Edge density 3424.519 29375.941 14121.405 5628.207
Degree Degree centrality 0.010 0.269 0.061 0.043
Closeness Closeness centrality 0.000 0.002 0.001 0.000
Between Betweenness centrality 0.026 0.185 0.079 0.028

Y
AvgX Average wait times of UberX 199.000 583.000 340.703 86.889
WeekdayX Wait times of UberX on weekdays 202.746 578.568 343.317 85.052
WeekendX Wait times of UberX on weekends 188.776 596.832 333.122 93.348
MorningX Wait times of UberX in morning rush hours 205.382 580.951 353.022 87.836
AfternoonX Wait times of UberX in afternoon rush hours 210.530 571.491 353.586 80.981
RushX The average wait times of UberX during rush hours 209.647 576.221 353.304 83.704

Number of observations = 101.
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Fig. 3. The spatial distribution of Degree, Closeness, and Betweenness Centrality and the average wait times of UberX (AvgX) at neighborhood scale in Atlanta (in
quantiles). Q1 to Q4 represents the first to the fourth quantile, respectively.
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across (road) networks. The nuanced differences in the magnitudes of
the effects across different periods imply the flows and potential in-
teractions between Uber drivers and passengers, which is worth further
exploration.

5. Conclusions and future work

In this study, we first used three node-based centralities, namely
degree centrality, closeness centrality, and betweenness centrality, in
combination with the edge density to describe road network structure
from a network science perspective. The wide application of node-based
centrality metrics in network science and the theoretical and practical
implications in road network makes them adequate for capturing the
road network structure in this study. Global network characteristics are
usually an overall descriptor at the city level and are widely used for
comparisons between various urban systems. In our study, the main
focus is laid on the variations of subtle differences between neighbor-
hoods in terms of the spatial configuration of road networks. In this
case, the global network characteristics were not eligible for this ana-
lysis.

Second, we extended previous work conducted by Hughes and
MacKenzie (2016) and Wang and Mu (2018) through exploring the
relationship between road network structure and the accessibility of
ride-sharing services with SDM in the city of Atlanta. Specifically, it
provides nuanced knowledge of how spatial configuration of road
network matters in ride-sharing accessibility, compensating Wang and
Mu (2018)’s study that considers road density as the sole measure of
road network structure. We have found at the neighborhood level while
larger values of average degree centrality of the road network are as-
sociated with better Uber accessibility, higher values of average close-
ness centrality are associated with worse Uber accessibility. However,

Table 2
Results of the relationship between road network structure and ride-sharing accessibility.

Y = AvgX (1) SDM (2) SAM (3) SEM

Beta S.E. P Beta S.E. P Beta S.E. P

(Intercept) 0.017 0.050 0.735 0.025 0.047 0.593 0.193 0.270 0.475
PopDen −0.164 0.060 0.006 −0.168 0.057 0.003 −0.136 0.056 0.015
EdgeDensity −0.201 0.082 0.014 −0.245 0.074 0.001 −0.215 0.080 0.007
Degree −0.335 0.115 0.004 −0.326 0.109 0.003 −0.249 0.110 0.024
Closeness 0.162 0.071 0.023 0.145 0.067 0.030 0.104 0.072 0.145
Betweenness 0.148 0.103 0.153 0.125 0.098 0.204 0.078 0.092 0.397
WX Yes NA NA
Rho 0.546 0.694
Lambda 0.819
Likelihood Ratio 19.624 < 0.001 62.098 < 0.001 46.420 <0.001
Log-Likelihood −71.151 −73.299 −81.138
Pseudo-R2 0.758 0.748 0.705
AIC 168.3 162.6 178.3

AvgX = the average wait times of UberX, SDM = Spatial Durbin Model, SAM = Spatial Autoregressive Model, SEM = Spatial Error Model. Number of observa-
tions = 101. Beta coefficients are bold where p < 0.1.

Table 3
The relationship between road network structure and ride-sharing accessibility
on weekdays and weekends.

Dependent Variable (4) WeekdayX (5) WeekendX

Beta S.E. P Beta S.E. P

(Intercept) 0.015 0.049 0.765 0.023 0.043 0.592
PopDen −0.123 0.059 0.037 −0.115 0.051 0.026
EdgeDensity −0.278 0.081 0.001 −0.243 0.071 0.001
Degree −0.387 0.114 0.001 −0.337 0.099 0.001
Closeness 0.195 0.070 0.006 0.171 0.062 0.006
Betweenness 0.138 0.102 0.176 0.105 0.089 0.237
WX Yes Yes
Rho 0.522 0.648
Likelihood Ratio 16.711 < 0.001 36.168 < 0.001
Log-Likelihood −69.209 −57.693
Pseudo-R2 0.767 0.815
AIC 164.42 141.39

WeekdayX = the wait times of UberX during weekdays, WeekendX = the wait
times of UberX during weekends. Number of observations = 101. Beta coeffi-
cients are bold where p < 0.1.

Table 4
Results of the relationship between road network structure and ride-sharing accessibility in rush hours.

Dependent Variable (6) MorningX (7) AfternoonX (8) RushX

Beta S.E. P Beta S.E. P Beta S.E. P

(Intercept) 0.011 0.054 0.833 0.023 0.054 0.665 0.017 0.054 0.745
PopDen −0.155 0.065 0.018 −0.170 0.065 0.009 −0.164 0.064 0.011
EdgeDensity −0.197 0.089 0.028 −0.215 0.089 0.016 −0.208 0.088 0.018
Degree −0.302 0.125 0.016 −0.235 0.125 0.059 −0.272 0.123 0.028
Closeness 0.141 0.078 0.069 0.134 0.077 0.082 0.140 0.076 0.067
Betweenness 0.128 0.112 0.254 0.074 0.112 0.509 0.102 0.111 0.359
WX Yes Yes Yes
Rho 0.591 0.559 0.576
Likelihood Ratio 22.702 < 0.001 17.697 <0.001 19.915 <0.001
Log-Likelihood −80.732 −79.896 −79.020
Pseudo-R2 0.707 0.712 0.717
AIC 187.46 185.79 184.04

MorningX = the wait times of UberX during morning rush hours (from 6 AM to 10 AM), AfternoonX = the wait times of UberX during afternoon rush hours (from
3 PM to 7 PM), RushX = the average wait times of UberX during rush hours (i.e., the mean value of MorningX and AfternoonX). Number of observations = 101. Beta
coefficients are bold where p < 0.1.
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the relationship between the average betweenness centrality and Uber
accessibility is not significant. Moreover, we have revealed the mag-
nitude of the effects in such relationships is heterogeneous and time-
sensitive. Given most work related to road network structure from a
network science perspective focuses on describing the measures, this
work bridges the gap between road network structure literature and
ride-sharing accessibility literature by exploring their multifaceted and
heterogeneous relationship. Using the measures and concepts from
network science can help us model and explain rider-sharing accessi-
bility better, which echoes the definition of network science as "the
study of network representations of physical, biological, and social
phenomena leading to predictive models of these phenomena."
(National Research Council, 2006).

Third, we constructed road network structure measures with
OpenStreetMap, which is reproducible, replicable, and scalable because
of its global coverage and public availability. Furthermore, the open-
source Python toolkit OSMnx developed by Boeing (2017) eases the
data preparation and analysis process in this study. Lastly, it resonates
with the notion of cities as the set of interactions across networks (Batty
& Cheshire, 2011), as we have observed time-sensitive heterogeneous
effects of road network structure on ride-sharing accessibility.

Nevertheless, several caveats of this study are worth mentioning,
which also paves the path for future work. First, we used the wait times
of UberX as the proxy for ride-sharing accessibility, which is one frac-
tion of the whole accessibility issue at most. Ideally, information con-
cerning origin-destination flow, speed, and congestion will provide a
more comprehensive view of the accessibility issue. However, due to
the regulations of Uber’s API and privacy concerns, this is the best data
we can obtain in the public domain. Furthermore, as new products of
Uber entered the market (for example, UberPOOL and Express POOL
were launched in Atlanta in 2018 (Godwin, 2018, May 17), Uber ac-
cessibility dynamics may change throughout the time. Relatedly, we
used Uber as the proxy for ride-sharing services. Although Uber is the
market leader of ride-sharing services in US cities, pooling similar data
from other ride-sharing service providers (e.g., Lyft) may provide more
robust results. Future work can combine with a survey of ride-sharing
users to understand the full spectrum of its accessibility. Second, we
adopted the SDM in the study. Considering a combination with a
multilevel modeling framework may provide different insights with
more nuanced knowledge. Third, we constructed the road network data
from OpenStreetMap in this study. Despite its prevalence in the
GIScience and urban planning communities, the data quality of Open-
StreetMap varies from place to place. Cautions should be taken when
the analytical framework of this study is adopted in other geographical
contexts or scales.
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