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Abstract

The modeling of disaggregated vehicular mobility and its associations
with the ambient urban built environment is an essential for developing op-
erative and effective transport intervention and urban optimization plans.
However, established vehicular route choice models failed to fully consider
the bounded behavioral rationality of vehicular routing behavior during the
driving course and, moreover, the complex characteristics of the urban built
environment affecting drivers’ route choice preference. Therefore, the spatio-
temporal characteristics of vehicular mobility patterns in urban settings were
not fully explained, which further limited the granular implementation of
relevant transport interventions in time and space. To address this limita-
tion, we proposed a vehicular route choice model that mimics the anchoring
effect and the exposure preference during the course of navigating the ur-
ban built environment through driving. The proposed model enables us
to quantitatively and thoroughly examine the impact of complexity in the
built environment on vehicular routing behavior, which has been largely
neglected in previous studies. Results show that the proposed model incor-
porating the anchor point theory and the influencing factors of complexity
in the built environment performs 12% better than the conventional vehic-
ular route choice model based on the shortest-path (in space and/or time)
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principle. Our empirical analysis of taxi drivers’ routing behavior patterns
in Beijing, China uncovers that drivers are inclined to choose routes with
shorter time duration and with less loss at traversal intersections. Counter-
intuitively, we also found that drivers heavily rely on circuitous ring roads
and expressways to deliver passengers, which are unexpected longer than
shortest paths. Moreover, characteristics of the urban built environment in-
cluding road eccentricity, centrality, average road length, land use diversity,
sky visibility, and building coverage can affect drivers’ route choice behav-
iors, accounting for about 5% of the increase in the proposed model’s per-
formance. We also refine the above explorations according to the modeling
results of trips that differ in departure time, travel distance, and occupation
status. These findings could provide insights for suggesting more targeted
interventions to transportation management and urban planning within and
beyond the case study area.

Keywords—Vehicular route choice, Built environment characteristics, Anchor point
theory, Cross-nested path-size logit model

1 Introduction

As urbanization drives more population to move from rural areas, many urbanized cities
are facing overcrowding issues related to vehicular traffic. To alleviate those issues, the
modeling of disaggregated vehicular mobility and its associations with the ambient urban
built environment has been increasingly taken as an essential resolution for developing
operative and effective transport interventions (Dia 2002).

Established models of vehicular route choice behavior that have been widely put into
practice are primarily based on the random utility theory accounting for the salient fea-
tures of each route option and the spatial overlaps between alternative routes when defin-
ing the utility function (Ramming 2001). However, such vehicular route choice models
failed to fully consider the (bounded) perceptual and behavioral rationality of vehicular
routing behavior during the driving course and, moreover, the complex characteristics of
the urban built environment affecting drivers’ route choice preference. Consequently, the
spatial and/or temporal characteristics of vehicular mobility patterns in urban settings
were not explained in full detail, which further limited the granular implementation of
relevant transport interventions in time and space.

To mitigate this limitation, we propose a vehicular route choice model that mimics
the anchoring effect and the exposure preference during the course of navigating the
urban built environment through driving. The proposed model enables us to quanti-
tatively and thoroughly examine the impact of complexity in the built environment on
vehicular routing behavior, which has indeed been largely neglected in previous studies.
Our empirical findings from taxi drivers’ routing behavior patterns in Beijing, China
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could provide insights for suggesting more targeted interventions to transportation man-
agement and urban planning within and beyond the case study area.

2 Related work

2.1 Factors influencing vehicular route choice

The prominent factors that affect vehicular route choice include attributes regarding
characteristics of travelers (demographics, driving experience, etc.), characteristics of
routes (road, traffic, environment, etc.), characteristics of the trip (trip purpose, time
budget, etc.), and characteristics of other circumstances (weather, day/night, etc.) (Bovy
& Stern 1990). Among them, the choice of driving the vehicle along a route is mostly af-
fected by deterministic, route-based attributes that can be concretely assessed in prompt
or in advance, such as travel time, road category, and the number of traffic lights and
stop signs. A popular example is the findings on characteristics of the routes that show
especially the influence of travel time (or distance) as most drivers aim to minimize
their total travel time (or distance). It implies that the probability of selecting a route
generally decreases with a rise in the travel time. Accordingly, drivers tend to reduce
travel distance, select the routes with lower tolls and avoid congestion, stop signs, and
traffic lights as well as strive for route directness. Since those route-based attributes
(time, distance, and road intersections) are easy to measure, they have been not only
extensively evaluated in vehicular route choice models but also widely implemented in
in-vehicle navigation systems. Particularly, with the recent advancements in informa-
tion and communication technologies especially vehicular-to-internet communications,
drivers have more easily access to those deterministic route choice attributes, such as
traffic light durations and expected travel speeds, via digital map services (or e-maps)
on their personal smartphones or in-vehicle navigation devices (Bonsall 1992). In turn,
the wide adoption of e-map services in vehicular way-finding has substantially reshaped
drivers’ route choice behaviors, shifting them from actively making route choice decisions
to passively following the recommended routes from machine systems.

Despite the impact of digital map services, evidence has shown that drivers do not
always obey instructions from in-vehicle route guidance systems during their route choice
process (Wang et al. 2021). This fact indicates that, along with the globally determinis-
tic route attributes, there are certain “un-seen” attributes that are not modeled in the
machine systems’ planning of the “optimal” route during the process of drivers’ route
choice. Such uncertainty of the consequences of route options has been found to closely
relate to indirect measures of route characteristics including road safety, scenic quality,
and driving experience (Samson & Sumi 2019). Many of these attributes are subjec-
tive to drivers’ perceptions of the urban built environment exposed along the route, in
dimensions of interference, comfort, safety, familiarity, and others. In this article, we
consider those (non-time/distance) attributes as manifestations of the complexity in the
built environment. Existing literature that evaluates the impact of complexity in the
built environment on vehicular route choice behavior is sparse (Winters et al. 2010).
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Therefore, to what extent the layout and quality of urban infrastructures, such as aes-
thetics, openness, accessibility, and environmental context, affect drivers’ route choice
behavior still remains unclear. To fill this gap, it makes sense to take a closer look at
the vehicular traffic and vary the complexity of the environmental exposure situations
on the routes instead of presenting travel distance or time which shall express a certain
level of route choice preference.

2.2 Vehicular route choice decision-making process

Vehicular route choice is often a combination of decision-makings under certainty and
uncertainty. In a route choice situation, the driver has to choose between two or more
routes (options) that vary in their characteristics (attributes), e.g., travel time, travel
distance, road category, traffic and others, to drive to a destination. Especially in an
urban traffic situation, the driver automatically develops expectancies with regard to the
provided route choice options by the composition of attributes and maximizes such goals
using approximate planning heuristics to limit subjective costs (which is also known as
“the approximate rationality principle”) (Manley, Orr & Cheng 2015). Previous studies
have suggested that these costs are often a combination of mental and physical effort;
for example, the mental cost of planning a route comes with the physical cost of travel.
As such, spatial ability and spatial knowledge combined with the availability of travel
information plays a very crucial role in the decision-making process of vehicular route
choice situations.

Earlier studies typically rely on the spatial characteristics of route options to model
route choice decision-making, through the calculation of the shortest path between ori-
gin and destination (e.g., using Dijkstra’s shortest path algorithm) minimizing a spec-
ified road traversal cost function. Intrinsic within this (“shortest-path route choice”)
methodology is the assumption that individuals optimize their travel time (and/or dis-
tance) between origin and destination, irrespective of varying perception, preference or
awareness. This simplistic assumption, although favourable in some respects, has been
criticized for not fully reflecting the complexity of route choice behavior (Gärling et al.
1998, Golledge & Gärling 2001). For example, drivers’ route choices have been found
often asymmetric when traveling between two locations due to a preference for long and
straight routes in the local area containing the origin (Bailenson et al. 1998, 2000); it
indicates that, apart from travel time and distance, the initial segment strategy is ap-
plied. Alternatively, strategies such as the southern route preference (Brunyé et al. 2012,
2018) and the least-angle strategy (Hochmair 2005) have also been found prominent ex-
planators for the systematic divergences from the shortest available path. These spatial
heuristics have recently been considered by a vector-based navigation model suggesting
that drivers actually prefer “the pointiest path” or the path that more directly points
toward the destination (Bongiorno et al. 2021). Intuitively, the pitfall of conventional
(shortest-path) route choice models mainly lies in the simplistic assumptions around the
nature of human cognitive ability, memory and preference.

As the awareness of route planning heuristics in real-world environments increases,
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continuous efforts have also been made to provide psychological explanations underneath
them. There has been substantial evidence to indicate that route choice in urban ar-
eas is a complex cognitive process, conducted under uncertainty and formed on partial
perspectives. An important finding in this direction is that the subjective cost in route
choice decision-making involves not only characteristics of the route itself (e.g., travel
time, distance) but also the mental costs (e.g., complexity in the built environment)
associated with planning and driving (de Waard 1996). In situations where an optimal
route in terms of travel cost requires complicated planning, drivers may show a ten-
dency to avoid choosing it. This observation implies that major urban features play
central roles in route choice planning (“anchor-based route choice”); It roots from the
anchor point theory based on spatial cognition that suggests human spatial memory is
related to prominent features in urban space. In this sense, drivers encode urban built
environments based on salient features like major roads, transportation hubs, build-
ings, and landmarks, which serve as anchor points for spatial route planning and, as a
consequence, are selected disproportionately more often and cause asymmetry in route
choice volumes by direction of travel. Following anchor-based route choices, a coarse-
to-fine (or hierarchical) route planning heuristic is often conducted (Wiener & Mallot
2003); The regional anchors (i.e., coarse-space information) are first chosen, and then
the gradual refinement of fine-space information is followed during driving. For exam-
ple, Manley, Addison & Cheng (2015) and Li et al. (2020) developed anchor-point-based
route choice models that organize the road network into multiple levels of importance
(or spatial hierarchies) and select and refine routes from top to bottom. Their evaluation
of anchor-based route choice models in large road networks demonstrated the models’
superiority over shortest-path route choice models.

2.3 Discrete choice models for vehicular route choice mod-
eling

Most route choice analyses use econometric random utility models especially discrete
choice models, where travelers are assumed to be rational consumers (e.g., see Ben-
Akiva & Lerman (1985)). Given the influencing factors, discrete choice modeling involves
establishing the relative influence of a combination of attributes (i.e., influencing factors)
reflective of observed choices, captured in recorded route data. As such, defining utility
as the subjective value of a consequence of a decision option sits at the center of discrete
choice modeling (Pfister et al. 2017). On the one hand, utility can be perceived as the
basis for preferences, which then are the basis for decisions. In the scenario of vehicular
route choice, drivers would have to assess individually how appealing they rate respective
route options. On the other hand, it can also be argued that choices reveal drivers’
preferences. In this case, decisions between several route options with varying attributes
are empirically observed and in consequence the utilities for the single route options can
be estimated. Nonetheless, both approaches give the opportunity to ascertain a utility
function describing the relationship between the quantitative dimension of a consequence
and a driver’s subjective value of that consequence.
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The majority of discrete choice models for route choice analysis are based on the
multinomial logit (MNL) model with a closed-form expression, which assumes that er-
ror terms follow the independent and identically distributed (IID) Gumbel distribution
(McFadden 1974). According the closed-form expression, the MNL model has the prop-
erty of independence of irrelevant alternatives (IIAs). That is, the generic MNL model
takes all routes as independent and ignores the correlation of different routes. Unfor-
tunately, this unrealistic assumption can result in enlarged probabilities for correlated
routes or inaccurate results since alternative routes are overlapped in many real-world
scenarios. To resolve this issue, three strands of extensions have been introduced to the
MNL model. The first strand of extended models explicitly add a correction term into
the route utility function to reduce the impact of path overlapping. In such models, the
correction term (usually the path size) is treated as an alternative specific constant in
the utility model which maintains the IIA property. Exemplar models include C-Logit
(Cascetta et al. 1996), PSL (Ben-Akiva & Bierlaire 1999), PSCL (Bovy et al. 2008) and
ERL (Li & Lai 2019). As a comparison, the second strand of models (called error com-
ponent mixed logit (Bolduc & Ben-Akiva 1991), or hybrid model (Xu et al. 2015)) adopt
a flexible and implicit error structure to incorporate a wider range of error distributions,
such as normal and Weibull distributions. However, the closed-form expression is not
guaranteed in such models, thus requiring computationally-intensive simulation-based
estimation for error terms. To cope with this limitation, the third strand of models use
a nested structure to model each link in a route by classifying routes sharing the same
link into the same nest. By doing so, such models have both the closed-form expression
and the explicit error structure, thus enabling analysts to easily deal with the correlation
of routes. Exemplar models include the link-based cross-nested logit model (Vovsha &
Bekhor 1998, Lai & Li 2015, Yamamoto et al. 2018), the PCL model (Wen & Koppelman
2001, Chen et al. 2012), and the PPCL model (Lai & Li 2015).

Another critical issue when applying the MNL model to route choice analysis is that
it assumes that travelers use a link-based style to process routes, which is inconsistent
with humans’ behavioral rationality using hierarchical heuristics. According to anchor
theory, the spatial perception of travelers has certain hierarchical characteristics (Hirtle
& Jonides 1985, Holding 1994). The apparent hierarchical organization of landmarks in
space would affect travelers’ judgments of the spatial characteristics of the environment.
For example, the urban neighborhoods of frequent travels (called “travel communities”)
has been found one of the hierarchies in travelers’ route choice decision-making process
and aligns with the concept of the anchor point (Li et al. 2020). Models have also been
proposed to mimic travelers’ route choice decisions that have hierarchical characteristics,
as discussed above. Taking into consideration the anchor effect, the anchor-based nested
logit model has been proven plausible for route choice analysis because of its closed-
form expression and hierarchical structure to represent the hierarchical style of travelers
processing road network information and correlation of alternative routes.
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2.4 Statement of the research question

As discussed above, to mimic and explore drivers’ route choice behaviors in real-world en-
vironments, we sought to establish an anchor-based cross-nested logit model that would
take into account the influencing factors of each route option (particularly, characteris-
tics of the built environment along each route), the spatial overlaps between alternative
routes, and the anchor effect of route planning when defining the model’s utility func-
tion. With the output of such a model, we seek to evaluate the impact of complexity in
the built environment on vehicular routing behavior quantitatively.

To achieve the overarching goal, three research gaps have to be filled as follows:

(1) How can we measure the complex characteristics of the urban built environment
affecting drivers’ route choice preference?

(2) How should we incorporate the factors of complexity in the built environment into
the anchor-based nested logit model?

(3) What is the correlation between factors of complexity in the built environment
and preferences of drivers’ route choices? And, is it spatio-temporal sensitive?

In this article, we will apply a data-intensive approach to address these questions
and build an anchor-based cross-nested route choice model for an analysis of the impact
of complexity in the built environment on taxi mobility in Beijing, China.

3 Data & methods

3.1 Taxi mobility

It is often perceived that taxi drivers have the ability to select quality routes due to
the fact that: (1) they tend to be more knowledgeable about alternative routes and
time-dependent traffic conditions than general public, including some publicly available
in-vehicle route guidance systems due to the nature of their profession; and (2) they are
typically more motivated to incorporate their knowledge about traffic conditions into
their route choice decisions for profit maximization. Previous studies have empirically
confirmed the validity of these two assumptions (Wang et al. 2021). As such, we collect
a dataset of taxi GPS records in Beijing (the capital city), China for one whole week.
The data access was authorized by the Beijing Municipal Commission of Transport for
research use exclusively. As reported by the transportation agency, there are approx-
imately 66,000 taxis in the city, and we tracked about 15% of them (∼10,000 taxis).
After trajectory reconstruction, map-matching (using Graphhopper API) (Newson &
Krumm 2009), and denoising, we finally obtain more than 2 million valid trips (of which
duration are between 5min and 5h, and distance are between 1km and 50km) within the
5th Ring Road area for route choice modeling experiments.
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3.2 Complexity measures

To measure the complexity in the built environment associated with driver’s environ-
mental exposure, we collect the road network, building footprints, and point-of-interests
(POIs) in the case study area. The road map is downloaded from OpenStreetMap and is
carefully edited by both the OSMnx package (Boeing 2017) and manual correction. The
final road network only consists of motorway, truck, primary, secondary, and tertiary
roads that are accessible to cars, and the intersections are consolidated into individual
nodes for the sake of reducing the complexity of the road network. In the final road
network, there are 7,515 nodes and 15,345 directed edges. With the map-matched taxi
GPS points, we further estimate the average travel speed on each edge (following Tang
et al. (2016)), enabling the road network to be weighted with travel distance and time
(see Appendix A.1). Furthermore, we take buildings as visual exposures to drivers when
driving along each road. As such, we download the building footprints from AutoNavi’s
map service. Within the study area, there are more than 168,000 digital building foot-
prints with detailed information about name, height, age, district and etc. To enrich the
building footprints with land use information, we also collect the POIs from AutoNavi,
and obtain 6 primary land use types including residential, commercial, transportation,
industrial, public, and parks (see Appendix A.2).

With the information of roads (e.g., length, travel duration) and buildings (e.g.,
height, density, land use), we define a set of factors influencing vehicular route choice
based on a comprehensive review of previous literature (Crucitti et al. 2006, Jiang 2007,
Serge Salat & Nowacki 2010, Boeing 2018, D’Acci & Batty 2019). The factors are
described in Table 1 (and are geographically exploited in Appendix A.3). In specific,
we categorize the factors into three categories: (1) Route characteristics, which are the
typical attributes that are considered in previous studies. Those factors mainly concern
the travel distance and time of each route option, modified by the delay of traversal
intersections (penalty value) and the correlation between route options (path-size); (2)
Road characteristics, which measure the structural complexity of the road network.
Those factors mainly concern the morphology of the road and the network centrality;
(3) Building characteristics, which concern the attractiveness (or interference) of the
roadside environment. Those factors measure the diversity, density, and visibility of
the roadside environment. Considering that building characteristics and certain road
characteristics are not aligned with the road network, we compute such factors within
a distance threshold along the road, that is a hexagon (e.g., r = 500 m in Figure 1 for
the empirical analysis in next sections). For other factors of road characteristics, we
compute them for each network node. The collinearities between all these factors are
checked, and the statistics are reported in Appendix A.4.

3.3 The proposed route choice model

Based on above factors, we establish an anchor-to-road route choice model with the
cross-nest and path-size logit. The rationale behind the proposed model is that drivers
first make route plans at the anchor level, then make finer granular road level route
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Table 1: Descriptive information of complexity in the built environment

Category Factor Definition Description Scale

Route
characteristics

Length (x1) li The length of each road segment Edge
Duration (x2) li/vi The travel time on each road segment Edge

Intersection (x3)





1, if turn right

1.5, if go straight

2, if turn left

Penalty value of intersection in terms of the

turn direction

Node

Path-size
(intermediate

variable)

∑
a∈Γi

la/Li · 1/∑j∈Cn
δaj Penalty value of route based on the number

and cost of shared links la; δaj is the mem-

bership of road segment a to path j; Li is the

total length of each route

Route

Complexity
in road
characteristics

Eccentricity (x̄1) maxj∈N dist(i, j) The maximum value of the shortest distances

between node i and all other nodes

Node

Road length
(averaged)

(x̄2)
∑

L/N L is the total road length; N is the number

of roads in each region

Hexagon

Circuity
(averaged)

(x̄3)
∑

lreal/
∑

lshortest The warping degree of road segments in each

region

Hexagon

Degree (x̄4) Degreei/n−1 Degreei is the degree of node i; n is the num-

ber of nodes in the entire network

Node

Closeness (x̄5) g−1/∑g−1
j=1 dist(i,j) The reciprocal of the average shortest dis-

tance of node i to all other nodes

Node

Betweenness (x̄6)
∑g

j,k=1,(j ̸=k) sd(j, i, k) The number of times the shortest path passes

through node i

Node

Connectivity (x̄7) Nedge/Nnode Nedge is the number of roads and Nnode is

the number of nodes in each region

Hexagon

Complexity
in building
characteristics

Simpson di-
versity

(x̄8) 1−∑N
i=1 p

2
i pi is the proportion of POI type i; N is the

number of POI types

Hexagon

Shannon en-
tropy

(x̄9) −∑N
i=1 pi log pi pi is the proportion of POI type i Hexagon

Building den-
sity

(x̄10) Ai/S Ai is the total area of buildings; S is the total

area of each region

Hexagon

Floor area ra-
tio

(x̄11) aiNi/S ai is the area of each building; Ni is the floor

number of each building; S is the total area

of each region

Hexagon

Compactness
(averaged)

(x̄12) 4π·Ai/P 2
i Ai is the total area of buildings and Pi is the

total length of building outlines in each region

Hexagon

Sky view fac-
tor

(x̄13) 1− 1/ND
∑ND

α sin2 βα ND is the number of equally divided angles;

βα is the elevation angle of direction α

Node
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choice decisions according to the anticipated utility determined by the characteristics
of the built environment (see Figure 1). Therefore, we first extract the neighborhood
anchors in the case study area based on the connectivity of the underlying road network.
By applying the Louvain community detection algorithm (Blondel et al. 2008) on the
road network, we obtain 66 spatially cohesive regions, each of which is taken as an
anchor point for drivers’ navigation (see Appendix A.5). In the proposed logit model,
each anchor region is taken as a nest, and each route that passes an anchor region will
be assigned to the corresponding nest. Since at the coarse level, a route option is a
sequence of multiple anchors, each alternative can potentially belong to more than one
nest, allowing for a more complex correlation structure being modeled as cross-nested.
After the sequence of anchors is given, drivers have to assess each individual option in
the choice set based on the characteristics of the route, road and building. For the travel
distance, time and traversal intersections, we directly summarized the attributes based
on weights of the road network. Whereas, for the complexities of road and building
characteristics that are associated with a region (hexagon), we take them as non-link-
additive attributes (Zimmermann et al. 2017). In this way, each of these factors is
included through the specification of one or several dummy variables, as the attribute
for a hexagon is translated as 1 if its value is large than the mean value, and 0 vice
versa. With all the attributes computed, the deterministic utility component of a route
option will be decided using the correlation structure that captures the overlaps between
candidate paths. Finally, the probability of choosing a route option can be estimated
based on the evaluated utility of each alternative in the route choice set.

Formally, the utility function of the proposed logit model is defined as

Ui = max
m

((β ·Xi + βPS lnPSi + lnαim) + εCa + εCm) (1)

where X consists of x and x̄ (as listed in Table 1); PS models the penalty value of
overlapping paths la/Li; αim is the degree of membership lim/Li that a path i belongs
to the m-th nest (or anchor) satisfying 0 ≤ αim ≤ 1 and

∑
m αim = 1; β and βPS

are the coefficients for each influencing factors (i.e., model parameters); εCa and εCm

are the random residuals for the correlation structure and the cross-nested structure
resepectively, both of which follow the Gumbel distribution and are independent to each
other. According to the nested logit, the probability of choosing a route option can be
derived from the marginal probability of each nest P (m) and the conditional probability
of each route in the nest P (i | m) as

Pi =
∑

m

P (m)P (i | m) (2)

where

P (m) =
(
∑

i∈C αimPSβPS
i eβ·Xi)µ/µm

∑
p(
∑

k∈C αkpPSβPS

k eβ·Xk)µ/µp
(3)
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Figure 1: The proposed anchor-to-road route choice model
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P (i | m) =
αimPSβPS

i expβ·Xi

∑
k∈C αkpPSβPS

k expβ·Xk

(4)

In the nested logit, µ and µm are model parameters that defines the nest structure.
However, to lower the computational burden, µ is often preset as a constant (for example,
µ = 1) in practice. That is, µ/µm can be re-defined as a single parameter µ.

Putting the cross-nest and the path-size terms together, our propose model will
estimate model parameters β, βPS and µ based on the real observations of taxi drivers’
travel paths. Among the (unique) origins and destinations (ODs) of the 2 million valid
taxi trips, we randomly sampled 20,000 OD pairs (accounting for approximately 5%
of all valid trips). For each OD pair, we assure that the number of route options in
the choice set is about 5 (on average, 5.23 for the case study), which are either real
paths or synthesis paths that are generated from the K-shortest path algorithm (see
Appendix A.6 for details). The model parameters are estimated using the maximum
likelihood estimation (MLE). The goodness of fit of the model is defined as the adjusted
rho-squared ρ̄2 as

ρ̄2 = 1− L(β̂, ˆβPS , µ̂) +N

L(H0)
(5)

where L(β̂, β̂PS , µ̂) is the maximum likelihood value of the fitted model for estimates β̂,
β̂PS , and µ̂; L(H0) is the likelihood value under the null hypothesis H0, which assumes
that the path is selected randomly, i.e., the probability of each path being selected is
equal; N is the number of parameters to be estimated, which is imposed as a correction
term. The goodness of fit of the model ρ̄2 represents the degree of improvement of the
model relative to the null hypothesis, and its value is between 0 and 1. Usually, if the
goodness of fit ρ̄2 surpasses a given threshold (for example, many previous studies report
a value between 0.2 and 0.4 (Li et al. 2020)), it can be considered that the examined
model exhibits a reasonable explanatory power for the observed data.

Recall that our overarching goal is to evaluate the impact of complexity in the built
environment on vehicular routing behavior, we actually estimate four model variants by
controlling the utility function under scenarios whether the anchor effect and the com-
plexity in the built environment are considered (see Figure 2). Based on the goodness of
fit for the four model variants, we compare their performances and analyze the estimated
parameters β̂ for x and x̄ to uncover the impact of complexity in the built environment
on vehicular routing behavior.

4 Results

4.1 Overall model performance

The results of the four estimated models are listed in Table 2. The adjusted rho-squared
of all the models are above 0.2, confirming that the anchor effect and the complexity in

12



x

✕

lim/Li

✕

la/Li

βps

β

t, d obs

Gumbel ε

ρ̄2

H0

time/distance

road/building

anchor

overlap

trip

residual

utility goodness of fit

null hypothesis

(a) Model 1
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(b) Model 2
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(c) Model 3
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Figure 2: Controlled models for evaluating the impact of anchors and complexity
in the built environment on vehicular route choice. Red nodes are not considered
in each model. Arrows indicates the input-output relation between the variables.
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the built environment are essential factors that influence driver’s route choice behavior.
Compared with Model 1 that only considers the typical time and distance factors, Model
2 that further impose factors concerning the complexity in the built environment demon-
strates a better performance, of which the goodness of fit sees an increase of about 5.7%.
Even when the anchor effect is modeled as in Model 3 and Model 4, the contribution
of factors with regard to complexity in the built environment to the goodness of fit is
about 4.5%. On average, our empirical results indicates that the impact of complexity in
the built environment on vehicular route choice behavior is about 5%. In the same way,
the comparison between Model 3 and Model 1 as well as the comparison between Model
4 and Model 2 uncovers the impact of anchor effect, which is about 8.2% without the
consideration of complexity in the built environment and is about 6.8% once complexity
in the built environment is considered. On average, our empirical results indicates that
the impact of anchor effect on vehicular route choice behavior is about 7.5%.

With regard to the coefficients of influencing factors, we found that the impact of
travel time, traversal intersections, and path size are consistent with previous findings
and theoretical assumptions; These factors are negatively correlated with the route util-
ity. However, all the four models indicate that the coefficient for distance is positive,
suggesting that drivers tend to seek longer routes, which is counterintuitive (despite
Winters et al. (2010) found that car trips were often longer than the shortest distance
path). Under closer scrutiny, we verified this result and found that about 34% of the
observed trips are the longest paths in their corresponding route choice set. In a large
city like Beijing, the ring road is an important part of the transportation system. The
traffic speed of such circular road is faster and the traffic efficiency is higher, so in real-
ity, many drivers will choose to drive on the circular road. Typically, such expressways
are designed with a higher car capacity but with a longer road length, which results
in longer driving distances. Besides, the alternative path obtained by the K-shortest
path algorithm mainly adheres to the structure of the road network, but does not take
into account the preference of people in reality, which leads to the aforementioned result
that is contrary to intuition. It is also worth noting that the positive coefficient of the
path length does not mean that as long as the path is longer, it is more likely to be
favored by drivers. The positive coefficient of the path length is instead an indicator of
the comparison between the paths in the candidate choice set; That is, comparing paths
with each other in the choice set, longer ones are more possibly selected by drivers.

Most of the factors measuring the complexity in the built environment have a posi-
tive impact on drivers’ route choice behavior. On the road network, taxi drivers attempt
to travel through nodes with a lower eccentricity and a higher closeness, both of which
demonstrate a good reachness of the location. Meanwhile, since drivers tend to avoid
road intersections, they prefer to choose longer roads and, if have to traverse intersec-
tions, go through intersections that has a larger degree and a higher betweenness. This
finding suggests that drivers prefer to travel on central nodes of the road network, which
coincides with the rationale of anchor-based route choice. In addition to road charac-
teristics, drivers often travel through regions associated with a richer functionality and
a higher density of buildings, which are generally the central area of the city. Though
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Table 2: Comparisons of model performance

Category Factor
Model 1 Model 2 Model 3 Model 4

Beta (t-stat) Beta (t-stat) Beta (t-stat) Beta (t-stat)

Route
characteristics

Length 1.267 (310.7) 1.504 (352.03) 0.555 (277.97) 0.687 (327.29)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Duration -0.474 (-196.2) -0.549 (-222) -0.213 (-189.33) -0.256 (-218.25)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Intersection -0.091 (-43.61) -0.107 (-53.6) -0.041 (-45.34) -0.051 (-54.68)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Path size -1.324 (-100.5) -1.352 (-101.6) -0.615 (-113.52) -0.649 (-115.86)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Road
characteristics

Eccentricity - -0.85 (-1.99) - -0.31 (-2.18)

∗∗ ∗∗

Road length - 0.16 (6.93) - 0.12 (11.97)

∗∗∗ ∗∗∗

Circuity - -0.008 (-0.24) - -0.011 (-0.72)

∗∗∗∗ ∗∗∗∗

Degree - 0.20 (5.3) - 0.003 (0.2)

∗∗∗

Betweenness - 1.41 (89.42) - 0.532 (72.46)

∗∗∗ ∗∗∗

Closeness - 0.88 (9.6) - 0.365 (10.09)

∗∗∗ ∗∗∗

Connectivity - 0.34 (11.53) - 0.183 (13.56)

∗∗∗ ∗∗∗

Building
characteristics

Simpson diversity - 0.59 (12.52) - 0.321 (13.53)

∗∗∗ ∗∗∗

Shannon entropy - 0.065 (1.26) - 0.025 (1.02)

∗∗∗∗ ∗∗∗∗

Building density - 0.68 (20.79) - 0.263 (18.41)

∗∗∗ ∗∗∗

Floor area ratio - -0.63 (-16.19) - -0.324 (-16.94)

∗∗∗ ∗∗∗

Compactness - -0.17 (-4.66) - -0.107 (-7.3)

∗∗∗ ∗∗∗

Sky view factor - 0.17 (5.71) - 0.049 (3.93)

∗∗∗ ∗∗∗

Adjusted rho-squared 0.208 0.220 0.225 0.235

Maximum likelihood value -30091 -29606 -29385 -28992
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building density is higher, taxi drivers also show a tendency to avoid entering areas that
have clusters of high-story, small-size buildings (with a high floor area ratio and a high
level of compactness). These areas are often in the old downtown area and the visual
openness is low (i.e., with a low sky view factor). The importance of circuity and Shan-
non entropy are insignificant, suggesting that the morphology of the road segments is
less relevant in vehicular route planning.

Based on above comparisons, we found that drivers do follow a from-anchor-to-road
route choice decision (Model 4) and prefer route option that is fast (with shorter travel
duration and fewer traversal intersections) and consists of road segments that are better
connected to hub locations (with higher degree, betweenness, closeness, connectivity, and
Simpson diversity) and are more visually appealing (with lower buildings, and higher sky
view factor). Aligning those findings with the urban structure and traffic condition of
the case study area, taxi drivers frequently travel on Ring Roads instead of the shortest
path in the road network. Next, we will focus on Model 4 and apply it to analyze drivers’
route choice behaviors across contexts.

4.2 Temporal variations of the impact of complexity in the
built environment on vehicular route choice behaviors

It is argued that the elasticity of travel activities varies in different time period of a day.
Accordingly, drivers might adjust their route choice behavior in different time periods.
We therefore refine the influence of complexity in the built environment on route choice
behavior by dividing trips into five typical time periods: (1) The nighttime rest period
from 23:00 to 6:00; (2) The morning commuting and working period from 6:00 to 11:00;
(3) The lunch break period from 11:00 to 14:00; (4) The afternoon working hours from
14:00 to 18:00; and (5) The evening commuting and leisure activity period from 18:00
to 23:00. For each time period, we estimate the coefficients of each influencing factor
in the proposed anchor-to-road logit model and compare their differences to explore the
temporal variations of drivers’ route choice behaviors (see Figure 3).

The goodness of fit of estimated models for all the five time periods is above 0.2 (see
Table S1 in Appendix A.7), confirming that the anchor-to-road route choice model still
holds for trips in different time periods. In details, the estimated coefficients for travel
distance and travel time in the morning commuting period and the evening commuting
period are larger than that in other time periods. It implies that during commute
hours, drivers value travel time as the most important influencing factor and thus prefer
to travel along ring roads and expressways that are longer but takes less time to go
through. The penalty of road intersections is also slight stronger in the commute hours.
Travelers often have a psychological expectancy to travel between home and work place
as soon as possible during commuting hours. Whereas, during the nighttime rest period
drivers usually have a high degree of movement freedom and choice flexibility since most
roads are in a free-flow state. Consequently, the constraint of travel time on vehicular
route choice is less significant in the nighttime rest period.

The models in the five time periods further confirmed drivers’ preference to paths
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Figure 3: Desirable and undesirable attributes in different time periods. Red
indicates a positive impact; Blue indicates a negative impact; Gray indicates the
impact is not significant. The light gray flow diagram between the bars illustrates
the min-max normalized values of the variable across different time periods; A
widen flow indicates the coefficient increases between consecutive time periods
and vice versa.
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with better connectivity, reachness and close to hub locations. At nighttime, the impact
of eccentricity is much evidential in that the lighting conditions in the central areas
are much better for driving behaviors. During the daytime period, travel activities
are more evenly distributed and thus are less associated with auxiliary transportation
infrastructures like the lighting systems. Interestingly, the morphology of the roads
shows a less degree of influence on vehicular routing behavior during the commuting
periods than other time periods. It is potentially a result due to the fact that during
commuting periods almost all roads are full of traffic, letting drivers have less flexibility
to change road selections. With regard to building characteristics, the models in the five
time periods also show that drivers often choose to travel through areas within which
the building density is high while the floor area ratio is low. Particularly, areas with a
high diversity of land use functionalities are often attractive to drivers. However, during
the morning commuting hours, the constraint of the travel time is the strongest, which
lowers driver’s preference to travel through such areas. Considering that sky view factor
is closely related to the time period in scrutiny, we found that the impact of this factor
is less relevant during nighttime. It is expectable in that at night the sky is invisible to
drivers. While at noon time, drivers prefer to escape from roads with a high sky view
factor, which often suffer a higher level of visual interference caused by direct sunlight.

4.3 Difference between vehicular routing behaviors associ-
ated with different travel distances

Vehicular route choice also occurs across different spatial scales. The way that drivers
perceive, integrate, respond to, and decide upon spatial information is not fixed but varies
with the context. For example, drivers may integrate distance information into mental
representations subjectively, processing route attributes of short-distance route and long-
distance route in different ways. Therefore, we also divide the taxi trips according to
their travel distances into: (1) Short-distance travels which are less than 10km; (2)
Medium-distance travels which are between 10km and 20km; (3) Long-distance travels
which is above 20km. The estimated coefficients of each influencing factor from the
proposed model for the above trip categories are reported in Figure 4.

The estimated models for short-distance and medium-distance travels are found sim-
ilar to each other (see Table S2 in Appendix A.7). For short-distance and medium-
distance travels, the coefficients of 8 factors (out of the 17 factors considered) includ-
ing travel duration, intersections, eccentricity, circuity, degree, closeness and building
density are similar, while are distinctively different to the coefficients for long-distance
travels. For long-distance travels, drivers prefer to select routes that have a higher de-
gree of eccentricity and betweenness, and a lower degree of circuity, which are often via
ring roads and expressways with fewer detours (i.e., the coefficient of travel distance is
larger, and the coefficient of travel time is smaller). Meanwhile, the building density
and the mixture of land uses (i.e., Simpson diversity) along the selected routes are often
high. Whereas, since short-distance travels mostly occur within the central area, drivers
pay more attentions to the connectivity and completeness the underlying road network.
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Figure 4: Desirable and undesirable attributes in different travel distance. Red
indicates a positive impact; Blue indicates a negative impact; Gray indicates the
impact is not significant. The light gray flow diagram between the bars illustrates
the min-max normalized values of the variable across different time periods; A
widen flow indicates the coefficient increases between consecutive time periods
and vice versa.
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During medium-distance travels, drivers are selectively attached to longer roads while
are repellent to areas with small-size, high-story buildings (the coefficients of floor area
ratio and compactness are lower). Those findings suggest that taxi drivers perceive
contextual attributes differently between the process of short-/medium-distance route
choice and that of long-distance route choice.

4.4 Difference between vehicular routing behaviors during
passenger search and delivery

We also evaluated the impact of occupation status on vehicular routing behavior (see
Figure 5). During cruising, taxi drivers intend to search for passengers. Therefore, the
driving destination is not fixed, and the route choice behavior is also very different from
that when the taxi is occupied. Results show that the proposed model for unoccupied
trips only improves by about 10% compared with the null hypothesis that each route is
randomly selected, while for occupied trips the model improves by 32.6% (see Table S3 in
Appendix A.7). Obviously, when cruising to search for potential passengers, taxi drivers
consider little of the constraints of anchors and complexity in the built environment, and
therefore have a high degree of movement freedom and choice flexibility.

For occupied trips, drivers show a strong tendency to choose routes that are longer
but faster (with larger absolute value of the coefficients of travel distance and time). Once
occupied, taxi drivers have to pay more attention to (passenger’s) time constraint, in
order to deliver passengers to their destinations as soon as possible. To achieve the goal,
drivers also have to avoid undesirable attributes such as the number of traversal road
intersections. In the contrast, unoccupied taxis often cruise on roads slowly, without time
constraint posed by passengers. Additionally, unoccupied taxis move thought peripheral
areas (where eccentricity is high) and long roads more frequently, within which taxi
supplies (or competition) are relatively less. Recall that, within the case study area,
taxi drivers often travel through longer ring roads and expressways to deliver passengers
faster. During cruising, taxi drivers seldomly choose such fast roads. Instead, the
estimated model indicates that taxi drivers usually cruise in areas of roads with low
circuity and buildings with high compactness in the process of passenger searching. In
such areas, roads and buildings are often dense, which is often a proxy of potential taxi
travel demands. Besides, the sky view factor seems to be desirable attribute for occupied
trips but becomes undesirable for unoccupied trips.

In general, vehicular route choice behavior for occupied trips and unoccupied trips are
substantially distinct. The difference can largely be explained by the different attentions
that drivers take to during the course of seeking potential passengers versus the course
of optimizing routes to delivery passenger under potential time constraints. Specifically,
unoccupied taxis pay more attention to the layout of roads and buildings and the aversion
to detours. Whereas, occupied taxis pay more attention to travel time and penalty of
traversal intersections. To reduce the travel time when passengers are onboard, drivers
often travel through central edges and nodes of the road network, e.g., roads with better
connectivity, higher degree, betweenness and closeness centralities.
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Figure 5: Desirable and undesirable attributes in different occupation status. Red
indicates a positive impact; Blue indicates a negative impact; Gray indicates the
impact is not significant. The light gray flow diagram between the bars illustrates
the min-max normalized values of the variable across different time periods; A
widen flow indicates the coefficient increases between consecutive time periods
and vice versa.
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5 Discussion

5.1 Data quality and additional contextual factors

The fitting of our proposed logit model is data-intensive, heavily relying on the quality
of the road network and the aligned vehicular trajectories. In this study, we extracted
the road network from OpenStreetMap, a public data source, and map-matched the
trajectory data to the road network through an open-sourced matching algorithm. The
structure of the road network from OpenStreetMap in the case study area is very com-
plex, resulting in some deviations between the trajectory matching results and the real
travel path. In the future, we look forward to reproduce this study base on available ra-
dio frequency identification (RFID) data commonly used in the intelligent transportation
analysis aligned with official transport network data.

With regard to the factors influencing vehicular routing behavior, there are many
additional factors that could be further imposed to the proposed model. While drivers
can perceive information selectively and purposely, the available spatial information of
the roadside environment is still limited. Recently, street view images are considered
a promising data source to provide informative cues for measuring drivers’ visual per-
ception of the built environment when driving along the road network (Amini et al.
2020). For example, information about greenery ratio could be automatically extracted
from street view images by using machine learning tools. Given the greenery ratio, we
can further refine the sky view factor that was estimated from building heights. With
the advance of urban visual intelligence (Fan et al. 2023), many additional aspects of
the complexity in the built environment can be measured and exploited across diverse
contexts in our future work.

5.2 Individual and demographic characteristics

The influencing factors discussed in this study manifest the diversity of contexts and
their contribution to shaping vehicular route choice behaviors. Undoubtedly, vehicular
route choice involves not only the drivers and the context itself but also the interactions
between them. In this sense, route choice behavior is highly subjective, and this sub-
jectivity is usually closely related to factors such as life experience, social status, and
psychological state of the decision maker. Therefore, in addition to contextual factors,
individual characteristics are also critical for determining which route drivers take. For
example, previous studies have established that age and gender can affect the process of
route choice behavior (Brown et al. 1998). More experienced drivers often have better
wayfinding performance since their spatial abilities (such as mental rotation and visual-
ization) increase with the familiarity of the urban built environment. They tend to pick
up environmental information with a higher level of saliency (Lee & Kline 2011) and
rely more heavily on egocentric reference frames compared to inexperienced drivers who
use egocentric and allocentric reference frames equally (Rodgers et al. 2012). Studies
also suggest that male drivers prefer geometry cues related to the general shape of the
environment and allocentric reference frames, while female drivers use more landmark
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cues and prefer egocentric reference frames (Chen et al. 2009, Rosenthal et al. 2012).
Unfortunately, the taxi mobility data used in this study has been desensitized, making
it impossible to directly associate the travel path with the demographic information of
the driver. It will be interesting to divide drivers into different categories using individ-
ual demographic variables, and apply the proposed model to analyze the route choice
behaviors of different population groups.

5.3 Cross-city exploration and comparison

Although the findings that we identified in this study can capture the key mechanisms
and cross-domain relationships in the process of vehicular route choice, the role of these
environmental factors should be further evaluated and compared when we apply these
principles to cities in different transport situations. In other words, our empirical find-
ings reflect characteristics of route choice behavior of taxi mobility within the Fifth Ring
Road of Beijing, China. Yet, cities in different countries and regions often have distinct
cultural and geographical properties, and this difference will inevitably affect people’s
spatial navigation ability and route choice preference (Coutrot et al. 2022). Therefore,
in future research, the current method will be extended and expanded, using national
and even global urban data to model and compare with each other, and analyze the
characteristics of vehicular route choice behaviors in different regions and the relation-
ship between them. Fortunately, we have accumulated the taxi trajectory data in a
couple of cities around the world (including Asian cities - Beijing, Shanghai, Shenzhen,
Wuhan, Chengdu, Nanjing, Haikou, Singapore, and Western cities - New York, Chicago,
Washington DC, San Francisco, Boston, Rome, Porto), which will enable us to conduct
such cross-culture, cross-city comparative analyses in the future.

5.4 Policy implications

Using real-time data and artificial intelligence, urban digital twins become virtual, liv-
ing mirrors of their physical counterparts, providing opportunities to simulate everything
from infrastructure and construction to traffic patterns and energy consumption. To de-
velop operative and effective transport interventions and spatial optimization of urban
infrastructures, our deeper understanding of the disaggregated vehicular mobility and
its associations with the ambient urban built environment is an essential ingredient.
Together with geographic information systems and computer-aided design, the rapid de-
velopment of machine learning tools are bringing artificial intelligence urban-planning
model to test the experiments of ad hoc transport interventions and urban plan ad-
justments (Khulbe et al. 2023, Zheng et al. 2023). Using digital twins as the testbed
of urban simulation, we should seek to incorporate the associations between vehicular
route choice behavior and the ambient urban built environment in the evaluation of
potential intervention and adjustment proposals, ideally using reinforcement learning
models. In this sense, our findings of such associations can sit at the heart of such kind
urban simulations. Following a human-artificial intelligence collaborative workflow, we
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would substantially benefit from such simulation and evaluation to generate more effi-
cient transport interventions and zoning plans before implement them in reality and thus
with much less time and economic cost. As many visionize, the development of computa-
tional urban simulation incorporating the interactions between human mobility and the
built environment will pave the way for more explorations in leveraging computational
methodologies to solve challenging real-world problems in urban science.

6 Conclusions

Vehicular route choice modeling is an essential tool for efficient transportation manage-
ment and intervention. However, the traditional route choice model fails to take into
account the bounded rationality in the decision-making process of vehicular route choice,
and usually ignores the important influence of the ambient urban built environment on
vehicular route planning. In this paper, we proposed an anchor-to-road logit model and
addressed aforementioned gaps as below:

(1) We model the established anchor effect of route choice into the cross-nested logit
model. By comparing the performances of the anchor-based route choice model and the
shortest-path-based route choice model, we confirmed empirically the superiority of the
vehicular route choice model based on anchor point theory (with an increase of model
performance by 7.5%).

(2) Along with the typical route attributes such as travel distance and time typi-
cally considered in the traditional route choice model, we introduced a set of attributes
concerning the complexity of road and building layouts into the vehicular route choice
model. By comparing the performances of the route choice models with and without
consideration of the impact of complexity in the built environment, we found that char-
acteristics of the urban built environment do play an important role in vehicular route
choice decision (with an increase of model performance by 5%).

In total, our proposed model incorporating the anchor point theory and the influ-
encing factors of complexity in the built environment performs 12% better than the
conventional vehicular route choice model based on the optimal (shortest-path in space
and/or time) principle.

According to the empirical analysis of taxi mobility in Beijing, China, we confirmed
that drivers are indeed inclined to choose routes with shorter time cost and with less
loss at traversal intersections. Counterintuitively, we also found that drivers heavily rely
on circuitous ring roads and expressways to deliver passengers, which are unexpected
longer than shortest paths. Moreover, many characteristics of the built environment
including eccentricity, centrality, average street length, Simpson diversity, sky visibility,
and building coverage can affect drivers’ route choices. Drivers are more inclined to
choose a certain type of areas or routes with good accessibility, complete roads, rich
functions, and wide vision, and to avoid old urban areas with poor quality of transport
infrastructures. At the same time, they have preferences for key nodes and ring roads
in the urban road network. We also refined the above conclusions according to the
modeling results of trips that differ in departure time, travel distance, and occupation
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status, and found that:
(1) The impact of the built environment is time sensitive and is closely intertwined

with the daily routine of human activities. During commute hours, drivers pay more
attention to the time constraint, and certain urban environmental characteristics are ne-
glected in their routing behavior. At nighttime, vehicular route choice behavior demon-
strates certain characteristics unique to nocturnal activities, such as high mixtures of
POIs (or urban functionalities) and buildings.

(2) The route choice behaviors of short-/medium-distance travels (below 20km)
and long-distance travels (above 20km) are significantly different. Short-distance route
choices are largely affected by road characteristics such as accessibility and average road
length because drivers pay more attention to central areas with higher road accessibility
and density. For long-distance travels, drivers tend to choose circuitous but fast routes
such as ring roads and expressways, so factors including travel time and sky visibility
have a greater impact on their route choice behaviors.

(3) Drivers choose routes differently under situations whether the taxi is unoccu-
pied or occupied. During cruising, drivers tend to search for passengers on routes with
desirable attributes including road length and eccentricity. Whereas, with passengers
onboard, taxi drivers have to consider travel time and time loss of traversal intersec-
tions, and thus prefer to travel through central edges and nodes of the road network,
and to choose routes that are longer but faster.
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Brunyé, T. T., Martis, S. B. & Taylor, H. A. (2018), ‘Cognitive load during route
selection increases reliance on spatial heuristics’, Quarterly Journal of Experimental
Psychology 71(5), 1045–1056. PMID: 28326966.
URL: https://doi.org/10.1080/17470218.2017.1310268

Cascetta, E., Nuzzolo, A., Russo, F. & Vitetta, A. (1996), A modified logit route choice
model overcoming path overlapping problems: Specification and some calibration re-
sults for interurban networks, in ‘Proceedings of The 13th International Symposium
On Transportation And Traffic Theory’, Lyon, France.

Chen, A., Pravinvongvuth, S., Xu, X., Ryu, S. & Chootinan, P. (2012), ‘Examining
the scaling effect and overlapping problem in logit-based stochastic user equilibrium
models’, Transportation Research Part A: Policy and Practice 46(8), 1343–1358.
URL: https://www.sciencedirect.com/science/article/pii/S0965856412000675

Chen, C.-H., Chang, W.-C. & Chang, W.-T. (2009), ‘Gender differences in relation to
wayfinding strategies, navigational support design, and wayfinding task difficulty’,
Journal of Environmental Psychology 29(2), 220–226.
URL: https://www.sciencedirect.com/science/article/pii/S0272494408000534

Coutrot, A., Manley, E., Goodroe, S., Gahnstrom, C., Filomena, G., Yesiltepe, D.,
Dalton, R. C., Wiener, J. M., Hölscher, C., Hornberger, M. & Spiers, H. J. (2022),
‘Entropy of city street networks linked to future spatial navigation ability’, Nature
604(7904), 104–110.
URL: https://doi.org/10.1038/s41586-022-04486-7

27



Crucitti, P., Latora, V. & Porta, S. (2006), ‘Centrality measures in spatial networks
of urban streets’, Physical Review E: Statistical, Nonlinear, and Soft Matter Physics
73, 036125.
URL: https://link.aps.org/doi/10.1103/PhysRevE.73.036125

D’Acci, L. & Batty, M. (2019), The mathematics of urban morphology, Springer.

de Waard, D. (1996), ‘The measurement of drivers’ mental workload’, PhD thesis, Uni-
versity of Groningen, Traffic Research Centre .

Dia, H. (2002), ‘An agent-based approach to modelling driver route choice behaviour un-
der the influence of real-time information’, Transportation Research Part C: Emerging
Technologies 10(5), 331–349.
URL: https://www.sciencedirect.com/science/article/pii/S0968090X02000256

Fan, Z., Zhang, F., Loo, B. P. Y. & Ratti, C. (2023), ‘Urban visual intelligence: Uncover-
ing hidden city profiles with street view images’, Proceedings of the National Academy
of Sciences 120(27), e2220417120.
URL: https://www.pnas.org/doi/abs/10.1073/pnas.2220417120

Gärling, T., Gillholm, R. & Gärling, A. (1998), ‘Reintroducing attitude theory in travel
behavior research: The validity of an interactive interview procedure to predict car
use’, Transportation 25(2), 129–146.
URL: https://doi.org/10.1023/A:1005004311776

Golledge, R. G. & Gärling, T. (2001), ‘Spatial behavior in transportation modeling and
planning’, University of California Transportation Center Working Papers (20), 279–
303.

Hirtle, S. C. & Jonides, J. (1985), ‘Evidence of hierarchies in cognitive maps’, Memory
& Cognition 13(3), 208–217.
URL: https://doi.org/10.3758/BF03197683

Hochmair, H. H. (2005), ‘Investigating the effectiveness of the least-angle strategy for
wayfinding in unknown street networks’, Environment and Planning B: Planning and
Design 32(5), 673–691.
URL: https://doi.org/10.1068/b31160

Holding, C. S. (1994), ‘Further evidence for the hierarchical representation of spatial
information’, Journal of Environmental Psychology 14(2), 137–147.
URL: https://www.sciencedirect.com/science/article/pii/S0272494405801677

Jiang, B. (2007), ‘A topological pattern of urban street networks: Universality and
peculiarity’, Physica A: Statistical Mechanics and its Applications 384(2), 647–655.
URL: https://www.sciencedirect.com/science/article/pii/S0378437107006140

28



Khulbe, D., Kang, C., Ukkusuri, S. & Sobolevsky, S. (2023), ‘A probabilistic simulation
framework to assess the impacts of ridesharing and congestion charging in new york
city’, Data Science for Transportation 5(2), 8.
URL: https://doi.org/10.1007/s42421-023-00066-x

Lai, X. & Li, J. (2015), ‘Modelling stochastic route choice behaviours with a closed-form
mixed logit model’, Mathematical Problems in Engineering 2015, 729089.
URL: https://doi.org/10.1155/2015/729089

Lee, S. & Kline, R. (2011), ‘Wayfinding study in virtual environments: The elderly
vs. the younger-aged groups’, ArchNet-IJAR: International Journal of Architectural
Research 5(2), 63.

Li, J. & Lai, X. (2019), ‘Modelling travellers’route choice behaviours with the concept
of equivalent impedance’, Transportation 46(1), 233–262.
URL: https://doi.org/10.1007/s11116-017-9799-6

Li, J., Wan, L. & Lai, X. (2020), ‘Optimizing generation of anchor points for route choice
modeling by community detection’, Travel Behaviour and Society 18, 1–14.
URL: https://www.sciencedirect.com/science/article/pii/S2214367X19300869

Manley, E., Addison, J. & Cheng, T. (2015), ‘Shortest path or anchor-based route choice:
a large-scale empirical analysis of minicab routing in london’, Journal of Transport
Geography 43, 123–139.
URL: https://www.sciencedirect.com/science/article/pii/S0966692315000083

Manley, E., Orr, S. & Cheng, T. (2015), ‘A heuristic model of bounded route choice in
urban areas’, Transportation Research Part C: Emerging Technologies 56, 195–209.
URL: https://www.sciencedirect.com/science/article/pii/S0968090X15001059

McFadden, D. (1974), ‘The measurement of urban travel demand’, Journal of Public
Economics 3(4), 303–328.
URL: https://www.sciencedirect.com/science/article/pii/0047272774900036

Newson, P. & Krumm, J. (2009), Hidden markov map matching through noise and
sparseness, in ‘Proceedings of the 17th ACM SIGSPATIAL International Conference
on Advances in Geographic Information Systems’, GIS ’09, Association for Computing
Machinery, New York, NY, USA, pp. 336–343.
URL: https://doi.org/10.1145/1653771.1653818

Pfister, H.-R., Jungermann, H. & Fischer, K. (2017), Die Psychologie der Entscheidung,
Springer.

Ramming, M. S. (2001), ‘Network knowledge and route choice’, Unpublished Ph. D.
Thesis, Massachusetts Institute of Technology .

29



Rodgers, M. K., Sindone, J. A. & Moffat, S. D. (2012), ‘Effects of age on navigation
strategy’, Neurobiology of Aging 33(1), 202.e15–202.e22.
URL: https://www.sciencedirect.com/science/article/pii/S019745801000343X

Rosenthal, H. E. S., Norman, L., Smith, S. P. & McGregor, A. (2012), ‘Gender-based
navigation stereotype improves men’s search for a hidden goal’, Sex Roles 67(11), 682–
695.
URL: https://doi.org/10.1007/s11199-012-0205-8

Samson, B. P. V. & Sumi, Y. (2019), Exploring factors that influence connected drivers
to (not) use or follow recommended optimal routes, in ‘Proceedings of the 2019 CHI
Conference on Human Factors in Computing Systems’, CHI ’19, Association for Com-
puting Machinery, New York, NY, USA, pp. 1–14.
URL: https://doi.org/10.1145/3290605.3300601

Serge Salat, L. B. & Nowacki, C. (2010), ‘Assessing urban complexity’, International
Journal of Sustainable Building Technology and Urban Development 1(2), 160–167.
URL: https://doi.org/10.5390/SUSB.2010.1.2.160

Tang, J., Jiang, H., Li, Z., Li, M., Liu, F. & Wang, Y. (2016), ‘A two-layer model for
taxi customer searching behaviors using gps trajectory data’, IEEE Transactions on
Intelligent Transportation Systems 17(11), 3318–3324.

Vovsha, P. & Bekhor, S. (1998), ‘Link-nested logit model of route choice: Overcoming
route overlapping problem’, Transportation Research Record 1645(1), 133–142.
URL: https://doi.org/10.3141/1645-17

Wang, Z., Lin, W.-H. & Xu, W. (2021), ‘A data driven approach to assessing the relia-
bility of using taxicab as probes for real-time route selections’, Journal of Intelligent
Transportation Systems 25(4), 331–342.
URL: https://doi.org/10.1080/15472450.2019.1617142

Wen, C.-H. & Koppelman, F. S. (2001), ‘The generalized nested logit model’, Trans-
portation Research Part B: Methodological 35(7), 627–641.
URL: https://www.sciencedirect.com/science/article/pii/S019126150000045X

Wiener, J. M. & Mallot, H. A. (2003), “fine-to-coarse’ route planning and navigation in
regionalized environments’, Spatial Cognition & Computation 3(4), 331–358.
URL: https://doi.org/10.1207/s15427633scc0304 5

Winters, M., Teschke, K., Grant, M., Setton, E. M. & Brauer, M. (2010), ‘How far out
of the way will we travel?: Built environment influences on route selection for bicycle
and car travel’, Transportation Research Record 2190(1), 1–10.
URL: https://doi.org/10.3141/2190-01

30



Xu, X., Chen, A., Kitthamkesorn, S., Yang, H. & Lo, H. K. (2015), ‘Modeling absolute
and relative cost differences in stochastic user equilibrium problem’, Transportation
Research Part B: Methodological 81, 686–703. ISTTT 21 for the year 2015.
URL: https://www.sciencedirect.com/science/article/pii/S0191261515001162

Yamamoto, T., Takamura, S. & Morikawa, T. (2018), ‘Structured random walk param-
eter for heterogeneity in trip distance on modeling pedestrian route choice behavior
at downtown area’, Travel Behaviour and Society 11, 93–100.
URL: https://www.sciencedirect.com/science/article/pii/S2214367X1730073X

Zheng, Y., Lin, Y., Zhao, L., Wu, T., Jin, D. & Li, Y. (2023), ‘Spatial planning of
urban communities via deep reinforcement learning’, Nature Computational Science
3(9), 748–762.
URL: https://doi.org/10.1038/s43588-023-00503-5

Zimmermann, M., Mai, T. & Frejinger, E. (2017), ‘Bike route choice modeling using
gps data without choice sets of paths’, Transportation Research Part C: Emerging
Technologies 75, 183–196.
URL: https://www.sciencedirect.com/science/article/pii/S0968090X16302637

31



Appendix

A.1 Estimation of road traffic

Travel time is an important factor in the course of making route choice decisions. For
the purpose of path travel time estimation, we first use taxi trajectory data to estimate
the travel time on each edge (i.e., road segment) of the road network.

In the raw trajectory data, the spatial coordinates and the timestamps were recorded.
After map matching, the matched trajectory no longer contains the time information
corresponding to the raw trajectory point. Therefore, to calculate the velocity of each
trajectory point on the road, the original trajectory point with timestamp are aligned
to the map-matched trajectory point. Then, taking the starting point as the origin to
establish a one-dimensional coordinate system along the driving direction, the speed
of each trajectory point on the road network are computed. Once the speed for each
trajectory point was obtained, we compute the speed of a road segment as the average
speed of all trajectories passing through the road segment. Due to the fact that there
may be only one (or a few) map-matched trajectory point on a road segment, it is
unreliable to directly divide distance by time to calculate the average speed. Instead,
the average speed of the trajectory on the road segment was calculated using the average
driving speed of all trajectory points on the road segment.

The driving speed of most road segments (about 97%) can be calculated using the
above method. For a small part of road segments that do not have map-matched tra-
jectory point, their average driving speed is calculated from the average speed of road
segments connected to it. The final estimated distribution of driving speeds on each road
section is shown in Figure S1a. The travel time on each road segment can be calculated
by dividing the road length and the average travel speed. Finally, for each path option
in the choice set, the travel time can be obtained by summing the travel times of all the
segments included in the path.

(a) Travel speed (b) Traffic volume

Figure S1: Spatial distribution of the estimated road traffic information
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With the map-matched trajectories, we are also able to count the traffic flow charac-
teristics at the road intersections in the case study area. As shown in Figure S1b, node
traffic generally follows an exponential distribution, and the traffic between different
nodes varies greatly. Nodes with low traffic account for the vast majority, while the vast
majority of traffic is concentrated on a few key nodes. Moreover, the vast majority of key
nodes are located in the central urban area within the third ring road and on several ring
roads. There are many potential paths around these locations, the traffic flow is large,
and the route choice behavior is more selective, so they usually show a more complex
traffic distribution pattern. Due to the preference of route choice, the observed traffic
flows on road segments are quite different, showing certain spatial patterns. In general,
traffic flow through a given road intersection will move concentratedly to a small number
of road segments connected to it.

A.2 Reassignment of POI categories

The POI data used in this study is the historical data crawled from AutoNavi’s Amap
platform. In the original data, the POIs were divided into 20 categories. This classi-
fication scheme is suitable for the hierarchical organization of urban data in map visu-
alization, but it is too trivial for describing and analyzing urban functions. Therefore,
we follow the research results reported in previous studies of POI analysis in cities, and
reclassify the POI data into 6 primary categories: residential, public service, commercial
, industrial, transportation facilities, and greenery. It is worth noting that the POI types
included in some categories of the original classification are relatively complex. As such,
we carefully separated the POIs in these categories according to their specific types. The
corresponding relationship between the original classification and the final classification
is shown in Figure S2. Note that, due to the difference in the number of different POIs,
the proportion of POIs instead of the number of POIs was used to reflect the relative
importance of different POIs in subsequent analyses .

A.3 Distributions of complexity measures

In Figure S3, each indicator reflects the structural characteristics of the urban road
network within the Fifth Ring Road area of Beijing. The characteristics of the urban
road network in Beijing basically present two typical patterns: One is that the central
urban area and the peripheral areas are clearly stratified; The other is that there are
substantial differences between the ring road and ordinary roads.

The average road section length, road connectivity, node eccentricity, and proximity
to centrality all present a stratified phenomenon between the center and the periphery.
The average section length (Figure S3b) and road connectivity (Figure S3g) reflect the
connection characteristics of the road network in the region. The areas with lower av-
erage road segment length and higher road connectivity are usually concentrated in the
urban center, and a considerable part of them overlaps with each other. This shows that
the average road segment in the central urban area of Beijing is short, the road segment

33



Government agency

Airport

Metro
Coach station

Bus station

Gas station

Vehicle facility

Service area

Toll station

Bank

Commercial mansion

Retail sale

Hotel

Catering

Hospital

School

Incorporated business

Park and plaza

Residential

Comprehensive

Residential

Public Service

Commercial

Industrial

Transport

Greenery

Figure S2: Taxonomy of POI categories for the raw data and the reassignment.
The left panel shows the POI categories in the raw data. The right panel shows
the POI categories considered in this study. Note that the category name of the
raw POI data was translated from Chinese, which might be fully consistent with
its Chinese meanings. The width of the flow bar is proportional to the number of
each POI category.
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(a) Eccentricity (b) Average road length

(c) Road circuity (d) Degree centrality

(e) Closeness centrality (f) Betweenness centrality

(g) Street connectivity

Figure S3: The spatial distributions of the factors with regard to the complexity of
road characteristics. The color bar indicates the proportion of the corresponding
metric values.
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is well-constructed, and the accessibility is good. At the same time, the connection
structure between road nodes is simple, and there are no complex intersections. In the
peripheral area, especially the Fifth Ring Road, due to the large number of complex
intersections and complex connections between nodes, the performance of road connec-
tivity is low. Eccentricity (Figure S3a) and closeness centrality (Figure S3e) reflect the
accessibility of a node to other nodes. Overall speaking, the accessibility of the central
urban area is better, and the accessibility gradually decreases from the center to the
outside. In addition, the accessibility of nodes on the outer ring road is relatively low,
because the ring road is usually one-way, and the number of entrances and exits of the
ring road is limited, and the distance between the exit and the exit is relatively large,
so there are certain restrictions on the mobility of vehicles.

The degree centrality (Figure S3d) and betweenness centrality (Figure S3f) show
more obvious circular patterns. Degree centrality reflects the direct association char-
acteristics of road network nodes. Nodes with lower degree are mainly located on the
ring road, which indicates that the nodes at the ring road in Beijing usually connect
fewer road segments. The ring road in Beijing usually consists of two parallel one-way
roads, and there are fewer diversions on a single road, which is consistent with reality.
Whereas, the degree centrality of other nodes located on general road sections is rela-
tively high, which reflects the accessibility of general road sections better. Surprisingly,
the betweenness centrality of the nodes on the ring road is also relatively low, indicating
that compared with the general nodes, the ring road nodes are less important in the road
network. This is quite different from our general cognition, largely because betweenness
centrality uses the number of passages of the shortest path when evaluating the impor-
tance, and the design of the ring road is mostly to improve traffic efficiency and save
time, and there is no guarantee that the driving distance is shorter. The distribution
of degree centrality also show that the accessibility of the ring road nodes is not high,
so the probability of being passed also decreases. Although inconsistent with cognition,
betweenness centrality can still reflect the characteristics of road network nodes in terms
of network topological structure.

The spatial distributions of the building characteristics are shown in Figure S4.
Among them, the Simpson diversity and Shannon entropy in the case study area are
calculated based on the distribution of POIs, which reflects the diversity of urban func-
tions in the region. The higher the value is, the richer the types of function points in
the region is. As shown in Figures S4a and S4b, the high values are concentrated in the
central area of the city, indicating that there are more areas with rich functions in the
central area of Beijing, and areas with rich urban functions can often provide drivers
with more diversified services. The low-value area on the edge of the Fifth Ring Road
indicates that the function of this area is relatively limited.

Building density (Figure S4c) and floor area ratio (Figure S4c) show similar internal
and external stratification characteristics, and similar areas show blocky aggregation.
On the one hand, this reflects the urbanization process of Beijing as a single-center city,
which gradually expands from the center to the outside. On the other hand, it also
shows that the urbanization process is continuous, and areas with similar architectural
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(a) Simpson diversity (b) Shannon entropy

(c) Building coverage (d) Floor area ratio

(e) Building compactness (f) Sky view factor

Figure S4: The spatial distributions of the factors with regard to the complexity
of building characteristics. The color bar indicates the proportion of the corre-
sponding metric values.
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features are connected together. It is worth noting that the central urban area within
the Second Ring Road has a higher building density, but a lower floor area ratio, mainly
because this area is the old urban area, and the buildings have historical and cultural
value and are inconvenient to renovate, so most of them are low-rise buildings. This
point can also be reflected in the average compactness of buildings in Figure S4e. The
larger the average compactness, the more regular the building shape in the area. There
are two obvious high-value areas in the case study area. Referring to the geographic
map, it is found that they are the Gulou Tower in the north and Qianmen Street in
the south. These two areas are located in the early city center of Beijing, and there are
many alleys and complicated paths interspersed among them. The building density is
high, and the form of building is small and compact.

The sky visibility index (or sky view factor) mainly concentrates on the ring road,
especially at the forks and intersections entering and leaving the ring road (see Figure
S4f). This shows that the field of vision in these areas is wide and the line of sight is
less affected by the buildings. In fact, the ring road in Beijing is generally designed as
a viaduct, which generally covers a large area. At the gate of entry and exit, there are
generally few surrounding buildings, and the sky view factor is relatively high. The sky
view factor of other general roads is generally low, indicating that the visual field in
these areas is greatly affected by buildings. The buildings near these areas are generally
tall and dense. This observation becomes more obvious for areas close to the city center,
which is also in line with the urbanization characteristics of Beijing.

A.4 Correlation check between contextual factors

In Figure S5, we check the collinearity to analyze whether the influencing factors con-
sidered in our study are closely related to one another. Results demonstrate that the
factors in the categories (i.e., travel distance, travel time, and the number of traversal
intersections) are highly correlated with each other. As previous discussed, travel dis-
tance and travel time are indeed independent on transport networks. Nonetheless, it
is common to still take both the two factors into the consideration of vehicular route
choice modeling. For the road characteristics, factors associated with network degree,
betweenness, and closeness show a relatively high correlation. However, these factors
uncovers different aspects of the topological structure of the underlying road network.
For the building characteristics, correlation between factors associated with the density
and the mixture of urban functionalities (including Simpson diversity, Shannon entropy,
and building density) are high. Anyway, we found that the correlations between most of
the factors are relatively low, and believed that, despite some factors are correlated, it
makes sense to consider all there factors due to the fact that they might uncover different
characteristics of the built environment (in the same way as we often treat travel time
and travel distance, although they are highly correlated with each other).
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Figure S5: Correlation matrix of contextual factors
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A.5 Generation of anchor regions

Anchors usually refer to representative entities in urban space, such as landmark build-
ings, special urban structures, etc. In this study, we further generalize the definition of
the anchor point and believes that the anchor point not only refers to the surrounding
area of a specific landmark point, but also represents a certain spatial range in human’s
cognition of the urban space, which is a higher level nodal abstraction of the underlying
road network. Providing the anchor region, drivers can effectively perceive the entire
urban space and reduce the burden and cost in the route choice decision-making process.

Specifically, we define anchor regions in the case study area with the following spatial
characteristics:

(1) An anchor region should be the abstraction of a continuous spatial area, and each
anchor region must be spatially cohesive without separate parts.

(2) Anchor regions should provide a complete coverage of the study area, ensuring
that all locations are accounted in the analytic framework of anchor points.

(3) Within each anchor region, characteristics of the built environment (such as the
road structure) should have relatively homogeneous.

(4) Characteristics of different anchor regions can be easily distinguished.

Figure S6: The spatial distribution of the anchor regions extracted from the road
network in the case studied area.
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Based on the above considerations, we applied the community detection algorithm to
extract urban anchor regions based on the underlying road network. Community detec-
tion can detect similar and closely related nodes within the network, thereby discovering
structural characteristics in them. In specific, the Louvain algorithm (a commonly used
community detection algorithm that identifies communities through node aggregation
and uses modularity to evaluate the connectivity of the divided community network)
was applied to the road network within the Fifth Ring Road of Beijing. The extracted
network community is regarded as an abstraction of adjacent urban spaces with simi-
lar characteristics, that is, an anchor region. Since more consideration is given to the
characteristics of the network structure, we do not use the traffic-weighted network for
community detection, but uses the original road network. As a result, 66 anchor regions
with close internal connections are obtained, which are geographically mapped in Figure
S6. In general, the anchor regions are distinguished from each other and have different
connection characteristics from the outside. It is noteworthy that a part of roads with
the same name are assigned into multiple anchor regions, which reflects some charac-
teristics of urban road structure; That is, urban roads are not a whole, but are usually
divided into several parts in the course of route choice process.

A.6 Generation of the candidate set for route choice

Although the correlation between options is explicitly modeled in the path-size logit
model, the overlap between routes should still be avoided as much as possible in the
course of the generation of choice set, so as to avoid situations that candidates in the
choice set are too similar and thus affect the model results. To obtain reliable choice
set, we therefore divide the generation process into two steps:

(1) Candidate route generation. Since the taxi GPS trajectory data set used in
this study contains a large number of real routes, the observed route trajectories can
be directly used as alternatives for route selection. But at the same time, considering
that the OD distribution of trajectories in reality is uneven, for some OD pairs with a
small number of observed trajectories, the K-shortest path algorithm (provided by the
NetworkX package in Python) was also used in the study as a supplement to the above
method. By doing so, we ensured that there are at least 5 alternative routes in the
choice set for each OD pair.

(2) Choice set screening. After the generation of candidate routes, we further used
the weighted Jaccard similarity to measure the similarity between these candidate routes.
Originally, the Jaccard similarity cannot well account for the length difference of route
overlaps. In this study, we used the length of the road segment for weighting the Jac-
card similarity. In this way, we compared the similarity between each newly generated
candidate and all other routes in the current choice set during the choice set generation
process. If the similarity is below 0.4, it is considered that there is no obvious overlap
between the new choice and routes in the existing choice set. Then, the newly generated
path is taken as valid, and will be added to the choice set. When the candidate route
does not meet above requirements, it is either merged into the path most similar to it if
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the candidate is obtained from the trajectory data, or deleted directly if the candidate
is generated by the K-shortest path algorithm.

A.7 Coefficients for varying time periods, travel distances,
and occupation statuses

As a supplementary to the figures reported in the result section, we also include the
corresponding tables detailing the model performances under different scenarios. These
tables may provide additional information to our analyses.
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Table S1: Comparisons of model performance for trips in different time periods

Category Factor
23:00-6:00 6:00-11:00 11:00-14:00 14:00-18:00 18:00-23:00

Beta (t-stat) Beta (t-stat) Beta (t-stat) Beta (t-stat) Beta (t-stat)

Route
characteristics

Length 0.705 (129) 0.854 (167) 0.787 (145) 0.731 (149) 0.915 (166)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Duration -0.228 (-75) -0.334 (-116) -0.318 (-103) -0.301 (-110) -0.377 (-123)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Intersection -0.042 (-17) -0.069 (-30) -0.072 (-29) -0.062 (-29) -0.065 (-28)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Path size -0.809 (-56) -0.713 (-49) -0.736 (-47) -0.663 (-49) -0.773 (-50)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Complexity in
road
characteristics

Eccentricity -0.161 ((-3.33) 0.044 (1.13) 0.08 (1.56) -0.05 (-1.36) -0.208 (-5.6)

∗∗∗ ∗∗∗

Road length -0.026 (-0.81) -0.152 (-4.71) 0.168 (5.48) 0.026 (0.93) 0.025 (0.78)

∗∗∗ ∗∗∗

Circuity -1.88 (-4.3) 0.541 (1.15) -0.828 (-5.33) -0.606 (-2.35) 0.179 (0)

∗∗∗ ∗∗∗ ∗∗

Degree 0.236 (11.62) 0.837 (47.81) 0.804 (41.71) 0.818 (51.92) 0.402 (22.62)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Betweenness 0.472 (7.36) 0.393 (3.88) 0.289 (2.85) 0.388 (3.09) 0.67 (13.86)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Closeness 0.272 (7.29) 0.185 (5.81) 0.314 (8.62) 0.189 (6.76) 0.095 (3.03)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Connectivity 0.103 (3.76) 0.214 (8.57) 0.045 (1.7) 0.022 (0.98) 0.203 (8.2)

∗∗∗ ∗∗∗ ∗ ∗∗∗

Complexity in
building
characteristics

Simpson diversity -0.045 (-0.42) 0.072 (1.25) 0.425 (6.8) 0.31 6.71) 0.806 (11.17)

∗∗∗ ∗∗∗ ∗∗∗

Shannon entropy 0.523 (2.69) -0.001 (-0.02) 0.106 (1.63) 0.12 (2.81) -0.38 (-5.52)

∗∗∗ ∗∗∗ ∗∗∗

Building density -0.027 (-0.7) 0.29 (8.41) 0.332 (7.38) 0.326 ((10.72) 0.624 (18.31)

∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Floor area ratio -0.083 (-2.09) -0.273 (-6.83) -0.7 (-10.29) -0.377 (-10.67) -0.21 (-4.53)

∗∗ ∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Compactness 0.111 (2.5) -0.095 (-2.74) -0.233 (-5.6) -0.286 (-7.94) -0.15 (-4.45)

∗∗ ∗∗∗ ∗∗∗ ∗∗∗ ∗∗∗

Sky view factor -0.05 (-1.3) -0.02 (-0.61) -0.16 (-3.65) 0.109 (3.52) -0.072 (-2.0)

∗∗∗ ∗∗∗ ∗∗

No. of observations 2763 5997 5054 6101 6434

Adjusted rho-squared 0.221 0.266 0.240 0.264 0.275
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Table S2: Comparisons of model performance for trips with different travel dis-
tances

Category Factor
< 10 km 10− 20 km > 20 km

Beta (t-stat) Beta (t-stat) Beta (t-stat)

Route
characteristics

Length 0.786 (209.86) 0.695 (243.46) 0.82 (115.08)

∗∗∗ ∗∗∗ ∗∗∗

Duration -0.279 (-134) -0.274 (-171.06) -0.344 (-86.5)

∗∗∗ ∗∗∗ ∗∗∗

Intersection -0.057 (-34.9) -0.056 (-44.93) -0.066 (-21.9)

∗∗∗ ∗∗∗ ∗∗∗

Path size -0.709 (-63.5) -0.655 (-83.2) -0.682 (-33.2)

∗∗∗ ∗∗∗ ∗∗∗

Complexity in
road
characteristics

Eccentricity -0.055 (-2.2) -0.046 (-1.98) 0.096 (1.91)

∗∗ ∗∗ ∗

Road length -0.078 (-3.25) 0.119 (7.08) -0.033 (-0.87)

∗∗∗ ∗∗∗

Circuity 0.068 (0.31) -0.182 (-0.65) -1.311 (-3.59)

∗∗∗

Degree 0.646 (50.49) 0.613 (63.07) 0.738 (31.5)

∗∗∗ ∗∗∗ ∗∗∗

Betweenness 0.419 (9.45) 0.357 (10.26) 0.411 (3.6)

∗∗∗ ∗∗∗ ∗∗∗

Closeness 0.107 (5.24) 0.134 (7.29) 0.529 (14.25)

∗∗∗ ∗∗∗ ∗∗∗

Connectivity 0.157 (8.84) 0.073 (5.53) 0.091 (2.62)

∗∗∗ ∗∗∗ ∗∗∗

Complexity in
building
characteristics

Simpson diversity 0.175 (3.93) 0.345 (10.15) 0.443 (4.73)

∗∗∗ ∗∗∗ ∗∗∗

Shannon entropy 0.154 (3.26) 0.106 (3.38) 0.154 (1.55)

∗∗∗ ∗∗∗

Building density 0.223 (8.81) 0.27 (13.84) 0.425 (9.31)

∗∗∗ ∗∗∗ ∗∗∗

Floor area ratio -0.387 (-11.6) -0.448 (-17.3) -0.392 (-5.7)

∗∗∗ ∗∗∗ ∗∗∗

Compactness -0.049 (-1.74) -0.187 (-9.3) -0.05 (-0.88)

∗ ∗∗∗

Sky view factor -0.108 (-4.27) 0.005 (0.24) -0.239 (-5.92)

∗∗∗ ∗∗∗

No. of observations 7879 15230 3240

Adjusted rho-squared 0.244 0.247 0.29444



Table S3: Comparisons of model performance for unoccupied and occupied trips

Category Factor
Unoccupied Occupied

Beta (t-stat) Beta (t-stat)

Route
characteristics

Length 0.517 (188.79) 0.832 (220.12)

∗∗∗ ∗∗∗

Duration -0.140 (-86.81) -0.383 (-190.81)

∗∗∗ ∗∗∗

Intersection -0.044 (-31.91) -0.064 (-44.34)

∗∗∗ ∗∗∗

Path size -0.783 (-106.35) -0.665 (-64.1)

∗∗∗ ∗∗∗

Complexity in
road
characteristics

Eccentricity 0.076 (2.19) -0.001 (-0.04)

∗∗

Road length 0.044 (2.19) 0.017 (0.84)

∗∗

Circuity -0.173 (-1.77) 1.357 (5.79)

∗ ∗∗∗

Degree 0.607 (47.26) 0.75 (70.62)

∗∗∗ ∗∗∗

Betweenness 0.279 (2.47) 0.453 (10.9)

∗∗ ∗∗∗

Closeness 0.107 (4.35) 0.267 (14.02)

∗∗∗ ∗∗∗

Connectivity 0.176 (10.35) 0.027 (1.76)

∗∗∗ ∗

Complexity in
building
characteristics

Simpson diversity 0.174 (4.35) 0.486 (12.08)

∗∗∗ ∗∗∗

Shannon entropy 0.328 (7.64) -0.134 (-3.76)

∗∗∗ ∗∗∗

Building density 0.119 (4.78) 0.498 (23.21)

∗∗∗ ∗∗∗

Floor area ratio -0.462 (-17.43) -0.414 (-14.52)

∗∗∗ ∗∗∗

Compactness 0.161 (6.04) -0.343 (-14.42)

∗∗∗ ∗∗∗

Sky view factor -0.192 (-8.2) 0.105 (4.72)

∗∗∗ ∗∗∗

No. of observations 6959 19390

Adjusted rho-squared 0.105 0.326
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