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Abstract: To investigate the distribution characteristics and
influencing factors of bicycle detour behavior, this study ac-
curately identified detour behavior using global positioning
system (GPS) track data from shared bicycles. Factors such
as travel time, road conditions, public transportation facili-
ties, and land use types were considered in constructing a
detour behavior influence model based on the CatBoost ma-
chine learning algorithm. The interpretability of the ma-
chine learning framework was enhanced via Shapley addi-
tive explanations (SHAP) , enabling an analysis of the im-
pact of each factor on detour behavior. The results indicated
that the CatBoost model effectively recognized detour be-
havior with high accuracy. The frequency of detour behav-
ior increased with higher road levels, greater distances to
crossing facilities, wider bike lanes, and an increased num-
ber of bus stops, subway stations, and leisure and entertain-
ment facilities, while it decreased with a higher number of
office commuting facilities. In addition, detour behavior
was more prevalent on weekends, during off-peak hours,
and under conditions involving physical central lane separa-
tion and physical bike lane separation. These findings offer
a novel approach for identifying bicycle riding behaviors
and analyzing their influencing factors, providing effective
technical support for non-motorized traffic management and
infrastructure optimization.

Key words: shared bicycles; detour behavior; trajectory
data; machine learning; influencing factor

DOI: 10. 3969/j. issn. 1003-7985. 2025. 02. 011

Bicycles are a healthy and environmentally friendly
mode of transportation. With the advent of the digi-
tal information era, shared bicycles have become a
widely used and well-established transportation tool"".
In 2023, the total number of rides exceeded 1 billion,
setting a historic record'>. However, the rapid increase

in bicycle ridership has highlighted significant shortcom-
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ings in non-motorized traffic infrastructure, resulting in
inefficient bicycle use, negatively affecting rider experi-
ences, and impeding the growth of non-motorized trans-
portation>’. Research has shown that the typically long
urban roads and the one-way traffic design of roadside
non-motorized lanes often lead to unreasonable traffic in-
frastructure, resulting in bicycle detouring behavior that
negatively impacts riding efficiency and user experi-
). In studies on cycling behavior, detouring has
been identified as a common issue closely related to the
optimization of non-motorized traffic facilities, posing a

challenge to the development of non-motorized transpor-
[5-6]

ence

tation

Existing research on bicycle detouring behavior often
adopts a macroscopic perspective, utilizing GPS data to
measure the actual path distance, the shortest path dis-
tance, and the straight-line shortest distance between ori-
gin and destination points. Detour rate data can be de-
rived according to the ratios between these distances to
quantify the non-linearity of cycling paths, enabling the
exploration of influencing factors "
lated a detour index (actual detour rate) using the actual
path distance and the network shortest path and con-
structed a network detour model with multi-level
mixed-effects generalized linear regression. Similarly,
Chou et al. '’ developed a detour index (average detour
rate) based on the actual path, network shortest path,
and straight-line shortest distance, and created a cycling
accessibility model using spatial error analysis. Macro-
scopic studies on detouring behavior typically adopt a
road network perspective, often lacking a detailed depic-
tion of microscopic cycling behavior at the road segment
level™®!. This limitation hampers a comprehensive and ac-
curate analysis of the impact mechanisms of traffic facili-
ties on detouring behavior. In contrast, studies on micro-
scopic detouring behavior can examine the effects of
non-motorized traffic facilities on cycling patterns at the
road segment level, offering valuable insights for facility
optimization. Detouring behavior is specifically defined
as riding along both directions of travel on the same road
segment.

The widespread adoption of artificial intelligence algo-
rithms has created new opportunities for uncovering the
factors influencing cycling behavior under complex con-

. Park et al. '* calcu-
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ditions'”’. Compared with traditional statistical models,
machine learning algorithms provide enhanced capabili-
ties for nonlinear mapping, self-learning, and fault toler-

ance. For example, Luan et al. \'*

examined the impact
of land use characteristics on wrong-way riding behavior
among shared bicycle users using a negative binomial ad-
ditive decision tree model. Moreover, the interpretabil-
ity of machine learning algorithms is essential for under-
standing the overall model. Recent studies, both domes-
tically and internationally, have increasingly applied par-
tial dependence plots to analyze the effects of feature
variables on prediction outcomes. For example, Bian et
al. """ employed the interpretable machine learning algo-
rithm CatBoost to analyze the effects of travel time and
road traffic facilities on the wrong-way riding behavior of
electric bicycles. An in-depth examination of influencing
factors was conducted using Shapley additive explana-
tions (SHAP) dependency plots. In summary, further in-
vestigation is needed to understand the impact of factors
such as travel time, road traffic facilities, and land use
characteristics on shared bicycle behavior ',

In summary, this study investigates the factors influ-
encing detouring behavior in shared bicycles. Using GPS

trajectory data, we first identify instances of detour be-
havior. Afterward, we employ the CatBoost machine
learning model to develop a predictive model, with de-
tour frequency as the dependent variable. The SHAP in-
terpretable machine learning framework is then applied to
visualize and analyze the relationships between various
influencing factors. This research provides an in-depth
examination of the influences of travel time, road condi-
tions, public transportation facilities, and land use char-
acteristics on detour frequency, offering scientific sup-
port for enhancing shared bicycle operation management
and optimizing transportation infrastructure.

1 Data Processing

The data processing in this study involves three main
steps (Fig. 1). First, shared bicycle trajectory data, road
network data, and variable data are collected. Second,
the shared bicycle trajectory data is preprocessed and
matched to the road network through map matching to
identify instances of detour behavior. Finally, all vari-
able data is integrated into a unified database, and the da-
taset is balanced to prepare for subsequent CatBoost mod-
eling.

Step 1 Data sources

Step 2 Detour behavior identification

Step 3 Data integration and balancing

Bike sharing

) (D Trajectory data acquisition

(D Database construction

A variable data

Shared bike __J_ and cleaning | Detour behavior |
trajectory data
Baidu Map | Travel time characteristics |
> 2 Map matching
Feature J_ > | Road characteristics |

® Detour behavior detection

| Public transportation facilities |

Road network
data

| Land use characteristics |

Data set

Data source

@ Behavioral indicator extraction —— I

!}

@ Data balancing I

Fig. 1 Data processing framework

1.1 Data sources

The data sources for this study consist of four main
components: (1) digital map road network data, (2)
shared bicycle trajectory data, and (3) feature variable
data.

1.1.1 Road network data

The study area is Xicheng District in Beijing. Road
network geographic information was obtained from the
OpenStreetMap (OSM) platform, including data on road
ID, road name, road classification, road length, road di-
rection, and lane configuration (single or double lane).
Since detouring behavior does not occur on two-way
streets, these roads were excluded from the analysis. A
total of 483 one-way streets were retained for study, as il-
lustrated in Fig. 2.

One-way road
= TWo-way road

Fig.2 Road network of Xicheng District, Beijing
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1.1.2 Shared bike trajectory data

During the use of shared bicycles, GPS trajectories are
recorded for each trip, along with information such as ve-
hicle ID, timestamps, and coordinates (latitude and lon-
gitude).
frames: from October 19 to 25, 2020, and from January
18 to 24, 2021.
1.1.3 Feature variable data

The data were collected during two time

In this study, feature variables were constructed by
considering factors such as travel time, road conditions,
public transportation facilities, and land use characteris-
tics .

Detour data were statistically analyzed based on differ-
ent travel periods (non-peak/peak hours, weekdays/
weekends). Road condition data were sourced from the
OSM map platform and Baidu Street View Map, includ-
ing factors such as crossing facility distance, road level,
bike lane separation type, central lane separation type,
and bike lane width. Public transportation facilities and
land use data were obtained from the Amap API, with
the number of different types of facilities representing the
values of the feature variables. Public transportation fa-
cilities included bus stops and subway stations located
along the roadside, while land use characteristics encom-
passed POIs related to shared bicycles, such as compa-
nies, restaurants, government buildings, residential ar-
eas, and shopping centers.

1.2 Detouring behavior identification

1.2.1 Acquisition and cleaning of shared bicycle
trajectory data

The acquisition and cleaning of shared bicycle trajec-
tory data involve three main steps: raw data processing,
order dynamic data matching, and trajectory chain data
cleaning.

(1) Raw data processing. First, duplicate and incom-
plete order data were removed. Afterward, the coordi-
nate systems of the order and dynamic location data were
standardized to WGS_1984. Finally, the order data were
renumbered in chronological order.

(2) Order dynamic data matching. The dynamic loca-
tion data corresponding to the orders were matched based
on the time range, vehicle ID, and lock status, resulting
in the formation of trajectory data.

(3) Trajectory chain data cleaning. This study em-
ploys the box plot method, using time and speed thresh-
olds as criteria for outlier removal. The specific steps are
as follows''*;

(D The n trajectory points in the trajectory chain are
sorted in ascending order by time. The current trajectory
point and the previous trajectory point are defined as P,
and P, _,, respectively.

(2 Distance cleaning. Trajectory chains with a travel

distance greater than 400 m are removed.

() Drift point cleaning. Ifd,_, ;> vt,_, , (whered,_, ,is
the spherical distance between P,_, and P;; v is the al-
lowable upper speed limit set at 20 km/h in this study;
and 7, ,is the time between P,_, and p;) , the trajectory
point P, is deleted.

@ Jump point interruption. If #,_,,>23.5s, the
original trajectory chain is truncated, generating a new
trajectory sub-chain.

(3 Quantity cleaning. Trajectory chains with less than
5 trajectory points are removed.

1.2.2 Map matching

The aim of map matching is to project trajectory points
onto the corresponding road segments of a digital map,
enabling the extraction of road information for each point
after matching without further reliance on the map. This
study utilizes the interactive voting map matching
(IVMM) algorithm framework proposed in Ref. [13].
The algorithm uses an interactive voting strategy to simu-
late the weighted mutual influence between trajectory
points, addressing the issue of incorrect matching of adja-
cent roads caused by trajectory drift in complex road net-
works. To better suit shared bicycle trajectories, this
study improves and calibrates the [IVMM algorithm. The
map matching process consists of three steps: index con-
struction, matching, and optimization, as outlined in
previous research''..

1.2.3 Detouring behavior identification

We propose a detour behavior determination algorithm
based on the detour rate and road segment attributes, tak-
ing into account the characteristics of detour behav-

[1516] " The detour rate is defined as the ratio of the ac-

iors
tual riding distance to the straight-line distance between
the start and endpoints. To address the potential misiden-
tification of behaviors such as turning during riding or
back-and-forth riding on the same road segment (Fig. 3),
this study incorporates road segment attributes to opti-
mize the determination of detour behavior based on the
detour rate. As illustrated in Fig. 4(a), when the perpen-
dicular distance between two segments of a one-way road
is less than a specified threshold, and the difference in
azimuth angles between the two segments exceeds the
threshold, these segments are identified as corresponding
segments on both sides of the one-way road, referred to
as a segment group (Fig. 4(b)). If the distance of the tra-
jectory chain located on both sides of the segment group
is less than the threshold (to prevent misidentification of
turning during riding) , and the difference in direction
angles between the trajectory and the road segment is
also below the threshold, the trajectory chain is consid-
ered a detour trajectory chain (to avoid misidentifying
wrong-way riding). The detour behavior determination
algorithm is as follows:
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Fig. 4 Detour behavior and paired segments of a one-way road.
(a) Detour behavior; (b) Paired segments of one-way road

(1) Arrange the n trajectory points in the trajectory in
ascending order of time, defining the current trajectory
points as P;,P,_,.

(2) Set a sliding window based on the number of tra-
jectory points in the chain to facilitate the identifica-
tion of detouring behavior. When the number of trajec-
tory points n €[15,30), the window size w = 4; when
nel[30,50), w=35; when ne[50,70), w = 6; when
n=70,w="7.

(3) Determine detour behavior based on the detour

rate. Calculate the distance d, | between the starting

point P, and the ending point P, of the trajectory chain.
Using the sliding window size w, successively calculate
the distances d,  , between the point P, and the points

P,, and the distances d,  , between the points P, , ; and

the point P,. If d(pw)’)/d([)MHP s and d(;m,vp,,/d(m,vp”>> s,

the trajectory chain is identified as detour behavior,
where i =0, 1,---,n —n/w, j=0,1,---,n/w, the ratio s
is determined by the number of trajectory points in the
trajectory chain. When n > 15, s = 0.05; when n < 15,
s=0.1.

(4) Assign a unique road segment ID R, after cleaning
the road network.

(5) Define a road segment group. For each road seg-
ment ID R,, calculate the perpendicular distance d
and the road direction angle difference |w, - w, | be-

L mn

tween the segment and all other segments R,. If the
d,,, <50m and |w, - w,|eld,,d,], where d, = 180°

-a, d, = 180° + a, then road segments R, and R, are

n

L nm

considered corresponding segments on both sides of a
one-way road, forming a road segment group (R, ,R,) ,

m

where 180° is the expected value of |w, — w, |, and « is

m|’

and a = 22. 5°.

(6) Determine detour behavior based on road segment

the allowable floating value of |w, — w

m"

attributes. Calculate whether the trajectory points P, are
simultaneously located on both segments of the road seg-
ment group (Rn, Rm) , and calculate the distance d(i

Lit 1)

and the riding direction angle ¢, between two trajec-

i+ 1)
tory points in the road segment group. If the trajectory

points P, are located on the road segment R, and the num-

9
ber of trajectory points ¢ satisfies distance sum zd
i=1

>10 m, and the azimuth difference |® ;. ) = W.| be-

Gyi+1)

tween the riding direction angle of the trajectory points
®;.:. and the
[€6:vn = Walell,,1,], where [, =0° -8 and [, = 0° +

road direction angle w, satisfies

B. Similarly, if the trajectory on the other road segment
R,, also satisfies the same conditions, the trajectory chain
is also classified as detour behavior. Here, 0° is the ex-
pected value of |¢,,,,, —w,|, and B is the allowable

floating value of | ¢, - w,|, and B=45°.

Vit 1)
1.2.4 Detour level index extraction

Owing to variations in the riding volume of shared bi-
cycles across different road segments, detour frequency
alone cannot accurately reflect the severity of detour be-
havior. Therefore, the detour frequency is converted into
a detour rate for analysis, eliminating the impact of rid-
ing volume. The detour rate represents the detour fre-
quency per unit of riding volume. The calculation for-
mula is as follows:

szi (1)

where k is the road segment ID; P, represents the detour
behavior frequency on the k-th road segment (times/ve-
hicle) ; D . denotes the number of detour behaviors on the
k-th road segment (times) ; and B, is the riding volume
of shared bicycles on the k-th road segment (vehicles).
To characterize the differences in detour frequencies
this
K-means clustering to categorize the detour frequency
[14]

influenced by various factors, study employs

into two risk levels Road segments with low detour
frequencies, representing low-risk areas, are defined as
those with a detour frequency in the range Fe [0,
0.435). Road segments with high detour frequencies,
indicating high-risk areas, are defined as those with a de-
tour frequency in the range Fel 0. 435,+%).
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1.3 Database construction and data balance

To effectively analyze the relationship between detour
rates and various characteristic indicators, this section
constructs and balances a database based on the existing
data.

1.3.1 Database construction

A spatiotemporal grid is constructed based on the road

segment ID and travel time (weekday/weekend, peak/

off-peak period) , aligning the data of all feature vari-
ables (detour rate, road conditions, public transportation
facilities, land use characteristics). Moreover, road seg-
ments with a riding order volume greater than 0 and a
length greater than 10 m are filtered out. Ultimately, a
multivariate influence characteristic database for detour
behavior is created, consisting of 3 735 samples. The
structure of the database is shown in Tables 1 and 2.

Table 1 Definitions and statistics of categorical variables

Feature category Feature name

Feature level

Quantity Percentage/% Data source

Low 3687 98.7 Order traject
Detouring behavior Detour frequency level ) rder trajectory
High 48 1.3 data
Weekend (0) 1853 49.6
Weekend/weekday
Travel time charac- Weekday (1) 1882 50.3 Order trajectory
teristics Off-peak hours (0) 1871 50.1 data
Peak/off-peak hours
Peak hours (1) 1 864 49.8
Urban primary road (3) 703 18.8
Road level Urban secondary road (2) 970 25.9 OSM
Urban tertiary road (1) 2062 55.2
No separation (1) 473 12.6
Road characteristics ~ Bike lane separation Non-physical separation (2) (marking separation) 1433 38.3 Baidu map
Physical separation (3) (barrier/green belt separation) 1829 48.9
No separation (1) 471 12.6
Central lane separation Non-physical separation (2) (marking separation) 938 25.1 Baidu map
Physical separation (3) (barrier/green belt separation) 126 62.2
Table 2 Definitions and statistics of continuous variables
Standard Maxi Mini
Feature category Feature name Mean value ar.1 e?r aximum fmmum Data source
deviation value value
o Crossing facility distance/m 253.744 17 639.148 796.995 9.909
Road characteristics OSM
Bike lane width/m 2.953 0.972 5.400 0
. . . Number of bus stops 2.509 23.110 51.000 0
Public transportation facilities . Amap API
Number of subway stations 1.894 11.115 28.000 0
Number of companies 0.945 2.270 11.000 0
Number of dining establishments 0.510 1.190 8.000 0
Land use characteristics Number of government buildings 1.599 7.254 25.000 0 Amap API
Number of residential areas 2.509 23.110 51.000 0
Number of shopping centers 1.894 11.115 28.000 0

1.3.2 Data balancing

The results of the database construction show that
there are 3 687 points of low detour behavior and 48
points of high detour behavior, indicating a significant
imbalance between the two categories. Using this unbal-
anced dataset directly to establish a model for detour be-
havior influence may lead to overfitting, resulting in low
model sensitivity and high false alarm rates, which
would hinder the identification of the factors influencing
detour behavior. Therefore, data balancing techniques
are necessary to address this issue.

SMOTE oversampling is a widely used data balancing
method'"”). In this study, SMOTE oversampling was ap-
plied to the training dataset with a 1: 1 ratio to balance
the data, ensuring that the number of low detour fre-
quency samples matched that of high detour frequency

samples in the balanced training dataset. Additionally,
the dataset obtained through this balancing method is
only applicable to the training dataset, while the test data-
set remains unbalanced. The constructed model can be
evaluated using the test dataset.

2 Methodology for Extracting Factors Influenc-
ing Detouring Behavior

2.1 CatBoost model

In this study, the CatBoost model was selected to con-
struct an influence model for shared bicycle detouring be-

havior '*

. The algorithm process is as follows:
(1) Input n samples, I decision trees, and a random
permutation o = {1, 2, «+, n}.

(2) In the #-th decision tree (where t=1,2, ---, 1), for
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each sample x; (where i = 1,2,---,n) , a model M, ex-
cluding x, is trained. The residual r, =y, - M_ . _ (x,)
is calculated, and this residual is used to train the base
learner AM = LearnModel ((x;, r;): 0 (j) < i), j = 1, 2,
-+-,n. The model is then updated to M, = M, + AM.

(3) Train all I decision trees to output the final
model M,.

According to Eq. (2) , categorical variables are con-
verted into numerical variables, which helps reduce over-
fitting and mitigate prediction shift issues. Let o =
o, random permutation of the

[0,0,, be a

samples, and the generated numerical variable x, is
)

given by

p-1
D%, =X, 1y, + qH

A j=1
x[’,y_ p-1

E[xv, = xal)]yaj +gq

j=1

sp=12n  (2)

where x, and x, are samples in positions j and p in the

permutation o, respectively; y, is the dependent vari-

U',

able corresponding to the sample; [ + ] is an indicator
function that equals 1 when x, = x, and O otherwise; H

is a prior distribution term; and g is the weight coeffi-
cient of the prior term. Furthermore, during model us-
age, the processing of categorical variables and dataset
training are conducted simultaneously, significantly en-
hancing feature processing efficiency.

2.2 Model evaluation method

This study uses commonly used classification evalua-
tion metrics in machine learning models, including accu-

racy, recall, precision, and F, score''®’.

2.3 SHAP explains machine learning

To further analyze the impact of individual feature vari-
ables on shared bicycle detouring behavior, this study
employs SHAP feature density scatter plots and SHAP
dependence plots for a comprehensive analysis of the fea-
ture variables ',

Let X, be the a-th feature of an n-dimensional sample
X. The essence of the SHAP framework is to use an addi-
tive model G (x) to fit the predictor that needs to be ex-

plained F (x), as shown in Eq. (3):

F(x)zc(x)=¢base+ igoz (3)

i=1
where ¢, is the model’ s prediction baseline, equal to
the mean of the model’ s predicted values; ¢, is the
SHAP value for the feature x,, and its calculation method
is shown in Eq. (4):

NUVEINERY

SC{x,x,,

)

, X, ) /x;

i

where { x, x,, -:+, x, } represents the set of all input fea-
tures, and S is a subset of features excluding x,.

The SHAP value reflects the marginal contribution of a
feature x, across different feature subsets. A larger
SHAP value indicates a greater contribution of that fea-

ture to the increase in the predicted value.

3 Results and Discussion

3.1 Model construction and performance evaluation

This study employs the CatBoost classification algo-
rithm. According to the principle of random distribution,
the model dataset was divided into a training set and a
test set in a 7:3 ratio. Owing to the imbalance in the data-
set, the training set (which accounts for 70% of the
data) was balanced using SMOTE oversampling to create
a balanced training set. This balanced training set was
then used to train the identification model. During model
training,
ployed, where the training set was randomly split into 5
parts. Each training session involved using 4 subsamples
for training and 1 subsample for validation, with param-
eter tuning performed via grid search.

The performance evaluation metrics of the model were
calculated to yield an accuracy of 85. 714%, a recall rate
of 85.714%, a precision of 99. 643%, and an F score of
85.714%. These results indicate that the detouring be-
havior influence model based on the CatBoost algorithm
demonstrates strong identification capabilities.

a 5-fold cross-validation method was em-

3.2 Feature importance analysis

The SHAP summary plot displays the impact of fea-
ture variables on detouring behavior. As illustrated in
Fig. 5, the top 14 most significant features, ranked in de-
scending order, are as follows: crossing facility dis-
tance, weekday/weekend, number of residential areas,
number of dining establishments, road level, number of
shopping centers, bike lane width, number of compa-
nies, peak/off-peak hours, number of government build-
ings, bike lane separation, subway stations, central lane
separation, and bus stops.

3.3 Analysis of influencing factors on detouring be-
havior

This study employs the SHAP interpretable machine
learning framework to analyze the complex relationships
between detouring behavior and factors such as travel
time, road conditions, public transportation facilities,
and land use characteristics.

3.3.1 Travel time variables

The characteristics of the travel time variable were ana-
lyzed using dependency plots for peak/off-peak travel peri-
ods and weekend/weekday travel periods, as illustrated in
Fig. 6.
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Fig. 6 SHAP partial dependence plots for travel time. (a) Peak/off-peak hours; (b) Weekden/weekday

Fig. 6(a) illustrates that the SHAP values for off-peak
periods are greater than O and higher than those for peak
periods, indicating a higher detour frequency during
off-peak periods. In contrast, the SHAP values for peak
periods are negative, suggesting an inverse relationship
between peak periods and detour frequency. This analy-
sis implies that during off-peak periods, cyclists are
more likely to be traveling for leisure or recreational pur-
poses and may detour if the destination cannot be reached
directly. In contrast, during peak periods, cyclists are
mainly commuting, and many opt to ride against traffic
(wrong-way riding) rather than detour, likely to save
travel time. This finding aligns with previous research on
wrong-way riding behavior''"’.

Fig. 6 (b) illustrates that the SHAP values for week-
ends are greater than O and higher than those for week-
days, indicating a higher detour frequency on weekends.
Conversely, the SHAP values for weekdays are nega-

tive, suggesting an inverse relationship between week-
days and detour frequency. On weekends, cyclists are of-
ten traveling for leisure, and when their destination can-
not be reached directly, they are more likely to detour.
In contrast, on weekdays, cyclists are mostly commut-
ing, and many opt to ride against traffic to save time
when the destination cannot be reached directly.

3.3.2 Road condition variables

Among road characteristics, the crossing facility dis-
tance, bike lane separation distance, central lane separa-
tion, road level, and bike lane width influence detour fre-
quency to some extent.

Regarding the crossing facility distance, as illustrated
in Fig. 7(a) , the SHAP value gradually increases with
distance within the range of 0-450 m. Specifically, when
the crossing facility distance is 0-150 m, the SHAP value
is less than 0, indicating a low probability of detouring,
with detour frequency decreasing as the distance short-
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ens. When the distance is 150-450 m, the SHAP value
becomes greater than 0, reflecting a significant increase
in detour frequency. For distances greater than 450 m,
the SHAP value shows a slight downward trend but re-
mains above 0. This may be due to excessively long
crossing facility distances, which inconvenience cyclists
and lead some to opt for wrong-way riding to reach their
destination. Additionally, an analysis of road network
data reveals that long crossing facility distances typically
occur near overpasses and areas where street crossing fa-
cilities are either absent or unsuitable, leading to a

gradual decrease in detour frequency. This finding
aligns with previous studies on wrong-way riding behav-
ior '/ Prior research suggests that the crossing facility
distance should ideally be within 400 m, while the Ur-
ban Walking and Bicycle Traffic System Planning Stan-
dard (GB/T 51439—2021) specifies that the distance
should not exceed 300 m on urban primary and second-
ary roads. According to these guidelines, this study rec-
ommends that the crossing facility distance on roads with
concentrated non-motorized traffic should not exceed
150 m.
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Fig.7 SHAP partial dependence plots for road characteristics. (a) Crossing facility distance; (b) Bike lane separation;(c) Cen-

tral lane separation; (d) Road level; (e) Bike lane width

Regarding separation facilities, as illustrated in Figs.
7(b) and (c), the SHAP values for bike lane separation
and central lane separation, in descending order, are as
follows: physical separation > non-physical separation >
no separation. Without separation, shared bicycle riders
are not restricted by road facilities and can cross the
street at any point, resulting in minimal detouring behav-
ior. With non-physical separation (e. g. , lane markings),
some riders adhere to traffic rules and choose to detour to
reach their destination, leading to a moderate increase in
detour frequency. Under physical separation, such as
barriers or medians, riders are forced to detour to reach
their destination, leading to a higher detour frequency.

Regarding road level, as illustrated in Fig. 7(d) , the
SHAP values follow this descending order: urban primary
roads > urban secondary roads > urban tertiary roads. The
SHAP values for urban primary and secondary roads are
positive, while those for tertiary roads are negative.
Higher-level roads typically have longer crossing facility
distances, which increases the likelihood of detouring be-

havior. Furthermore, higher-level roads are more likely
to feature physical separations, which further encourages
detouring behavior among shared bicycle riders.
Regarding bike lane width, as illustrated in Fig. 7(e),
there is a nonlinear positive correlation between lane
width and detouring behavior. As the bike lane width in-
creases, the overall detour frequency gradually rises.
Specifically, when the lane width is 0-2. 5 m or 3. 5-4. 5
m, the SHAP value is negative, indicating a low overall
probability of detouring. However, when the lane width
is 2. 5-3. 5 m or exceeds 4. 5 m, the SHAP value is posi-
tive, suggesting a significant increase in detour fre-
quency. From the perspective of separation facilities,
wider bike lanes on higher-level roads are typically asso-
ciated with greater physical separation, leading to more
frequent detouring behavior. The Urban Walking and Bi-
cycle Traffic System Planning Standard (GB/T 51439—
2021) specifies that bike lane width should range from
2.5t0 4.5 m. According to previous research, this study
recommends that the ideal bike lane width on roads in ur-
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ban centers with concentrated non-motorized traffic
should be between 3. 5 and 4. 5 m.

In summary, interactive effects may exist between the
crossing facility distance, lane separation, road level,
and bike lane width.

3.3.3 Public transportation facility variables

In terms of public transportation facilities, as illus-
trated in Fig. 8, the number of subway stations and bus
stops is positively correlated with the overall detour fre-
quency. Shared bicycles play a crucial role in addressing
the “last mile” of public transportation journeys, and the
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Fig. 8 SHAP partial dependence plots for public transportation facilities.

3.3.4 Land use variables

From the perspective of traffic attraction, land use
characteristics can be categorized into two types: office
commuting facilities and entertainment facilities.

Office commuting facilities mainly include companies
and government buildings. As illustrated in Figs. 9 (a)

demand for transfers near subway stations and bus stops
leads to a higher detour frequency in these areas. Sub-
way stations, compared with bus stops, have a more sig-
nificant impact. Research indicates that subway stations
are mainly located on higher-level roads, while bus stops
are more densely distributed across roads of various clas-
the
greater the proportion of physical isolation among separa-

sifications. The higher the road classification,
tion facilities. Consequently, detour frequency is higher
near subway stations, while the correlation between bus
stops and detouring behavior is relatively weaker.
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and (b), office commuting facilities are negatively corre-
lated with detour frequency, although the impact patterns
differ among various facility types. From a traffic attrac-
tion standpoint, office commuting facilities attract com-
muters, who are more likely to prioritize time effi-
ciency. As a result, shared bicycle users with commut-
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Fig.9 SHAP partial dependence plots for land use characteristics. (a) Number of company facilities; (b) Number of government

facilities; (¢) Number of dining facilities; (d) Number of shopping facilities; (e) Number of residential facilities
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ing purposes may opt for wrong-way riding rather than
detouring, leading to less frequent detouring behavior.
Therefore, the higher the number of office commuting fa-
cilities, the lower the detour frequency.

Entertainment facilities mainly include residential ar-
eas, dining establishments, and shopping centers. As il-
lustrated in Figs. 9 (¢) to (e), these facilities are posi-
tively correlated with detour frequency, though the im-
pact patterns vary among the different facility types. In
general, compared with commuting trips, shared bicycle
users traveling for entertainment purposes have less strin-
gent time constraints. To ensure safety and comfort, cy-
clists often opt to detour to reach their destination. As a
result, the greater the number of entertainment facilities,
the higher the detour frequency.

3.4 Policy recommendations

According to the findings of this study, factors such as
travel time, road conditions, public transportation facili-
ties, and land use characteristics have been identified as
key influences on the detouring behavior of shared bi-
cycles. Building on existing research, this study summa-
rizes the impact of these factors on shared bicycle detour
behavior. In light of these findings, we propose policy
recommendations aimed at enhancing the management of
shared bicycle operations and optimizing road infrastruc-
ture, particularly for high-density non-motorized travel
segments in central urban areas. The policy recommenda-
tions, developed in line with existing standards, are pre-
sented in Table 3.

Table 3 Recommendations for improving shared bicycle operations management and optimizing road infrastructure

No. Policy recommendations for optimizing shared bicycle operations

Existing standard provisions

In areas with concentrated non-motorized traffic, implement suitable forms of
1 isolation facilities based on road conditions and increase the number of crossing
facilities accordingly. The crossing facility distance should not exceed 150 m.

2 . .

and set the bike lane width between 3.5 and 4.5 m.

In areas with dense subway stations, bus stops, and entertainment facilities,
3 increase the number of crossing passages, optimize the layout of shared bicycle

parking spots, and strengthen the management of roadside parking for shared

bicycles.

In areas with concentrated non-motorized traffic, plan cycling spaces effectively

(1) According to the Urban Pedestrian and Bicycle
Traffic System Planning Standard (GB/T 51439—
2021), the crossing facility distance on urban main
and secondary roads in Class I areas (key traffic
zones) should not exceed 200 m.

(2) The Urban Pedestrian and Bicycle Traffic Sys-
tem Planning Standard (GB/T 51439—2021) stipu-
lates that the bike lane width in Class | areas (key
traffic zones) should not be less than 3.5 m.

4 Conclusions

This study developed an algorithm for identifying de-
touring behavior based on GPS trajectory data of shared
bicycles and other multidimensional data. A detouring
behavior influence model was constructed using the Cat-
Boost machine learning algorithm, and SHAP was em-
ployed to conduct an in-depth visual analysis of the fea-
ture variables affecting detour frequency. The conclu-
sions are as follows:

(1) The factors influencing detouring behavior,
ranked in descending order of impact, are crossing facil-
ity distance, weekday/weekend, number of residential ar-
eas, number of dining establishments, road level, num-
ber of shopping centers, bike lane width, number of
companies, peak/off-peak hours, number of government
buildings, bike lane separation, subway stations, central
lane separation, and bus stops.

(2) Travel time significantly impacts detouring behav-
ior, with detours more likely to occur during off-peak
hours and on weekends.

(3) In terms of road characteristics, the crossing facil-
ity distance is the most critical factor influencing detour-
ing. Detouring is unlikely when the distance is 0-150 m,
more likely when the distance is 150-450 m, and its im-
pact reduces when the distance exceeds 450 m. Regard-
ing bike lane width, detouring is less likely when the
width is 0-2. 5 m or 3. 5-4. 5 m but more likely when the
width is 2. 5-3.5 m or greater than 4.5 m. In terms of

road level, detouring behavior is more common on urban
primary and secondary roads, while it is less frequent on
urban tertiary roads. Regarding lane separation, physical
separation increases the likelihood of detouring, while
non-physical separation and no separation reduce it.

(4) Regarding public transportation facilities, detour-
ing behavior is more likely to occur near bus stops and
subway stations.

(5) Regarding land use characteristics, office commut-
ing facilities, such as companies and government build-
ings, are associated with a lower likelihood of detouring
behavior. In contrast, leisure and entertainment facili-
ties, such as residential areas, dining establishments,
and shopping centers, are associated with a higher likeli-
hood of detouring behavior.

The main contribution of this paper is the use of trajec-
tory big data and machine learning methods to uncover
the influence patterns of various factors on shared bicycle
detour behavior. This approach provides a fresh perspec-
tive for detour behavior research and offers a novel
framework for optimizing studies on road traffic facilities
and land use. In the future, the analysis will include the
interaction between wrong-way riding and detour behav-
ior, further exploring the combined effects of multiple
factors on detouring.
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