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Abstract: Some studies on the impact of traditional land use factors on traffic crashes do not take
into account the limitations of spatial heterogeneity and spatial scale. To overcome these limitations
this study presents a systematic method based on multi-scale geographically weighted regression
(MGWR), which considers spatial heterogeneity and spatial scale differences of different influencing
factors, to explore the influence of reclassified points-of-interest (POI) on traffic crashes occurring
on weekdays and weekends. Experiments were conducted on 442 communities in Hankou, Wuhan,
and the performance of the proposed method was compared against traditional methods based on
ordinary least squares (OLS), spatial lag model (SLM), spatial error model (SEM), and geographically
weighted regression (GWR). The experiments show that the proposed method yielded the best fitness
of models and more accurate model results of local coefficient estimates. The highlights of the results
are as follows: There are differences in the scale of the predictor variables. Residential POI, scenic
PQI, and transportation POI have a global effect on traffic crashes. Commercial service POI and
industrial POI affects traffic crashes at the regional scale, while public service POI affects crashes at
the local scale. The local coefficient estimates from residential POI and scenic POI have little impact
on traffic crashes. During weekdays, more transportation POI in the entire study area leads to more
traffic crashes. While on weekends, transportation POI has a significant positive effect on crashes
only in some communities. The local coefficient estimates for industrial POI vary at different periods.
Commercial service POI and public service POl may increase the risk of crashes in some communities,
which can be observed on weekdays and weekends. Exploring the influence of POI on traffic crashes
at different periods is helpful for traffic management strategies and in reducing traffic crashes.

Keywords: weekday crashes; weekend crashes; point of interest; multi-scale geographically weighted
regression; road traffic safety

1. Introduction
1.1. Background

According to the World Health Organization, each year, road traffic crashes cause
about 1.35 million deaths and 50 million injuries worldwide [1]. Road traffic injuries are
estimated to be the leading cause of death across all age groups besides diseases, which is
why road environment improvements are urgently needed. The development of geographic
information technology provides considerable opportunities to better characterize traffic
crashes, develop effective proposals, and provide technical assistance. To better understand
the influence mechanism of traffic crashes and improve urban traffic safety, regression
models are usually constructed to study the impact of different contributing factors on
traffic crashes.
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1.2. Related Work

This section reviews the related work on the influence of land use on traffic crashes,
explains why reclassified points-of-interest (POI) data have been used instead of land-use
data, and summarizes the commonly used methods. Arguments explaining the necessity
of analyzing the influence of POI on traffic crashes at different periods are also provided in
this section.

As an important built environment factor, land use can influence the demographic
and socio-economic characteristics of a particular area. It can change traffic patterns and
volume intensity, thus affecting the incidence and severity of traffic crashes [2,3]. In the
research of using land-use data to explore the impact of land-use systems on traffic crashes,
the results from different studies may be different. Levin et al. [4] studied patterns of
motor vehicle crashes in Honolulu, Hawaii, and found that most crashes occurred near
employment centers rather than residential areas. Ukkusuri et al. [5] published similar
findings, showing that areas with large proportions of industrial and commercial zones
were crash-prone. Places with larger proportions of residential areas often had lower risks
of crashes, particularly for pedestrians. Contrary to the results of Levin and Ukkusuri,
Kim et al. [6] concluded that there was a positive correlation between traffic crashes
and commercial land use, residential land use, and urban construction areas with mixed
commercial and residential land use [2,7], and that higher population density may increase
the likelihood of crashes. They found no direct correlation between traffic crashes and
population density, but rather the influence of pedestrian activity attracting large amounts
of traffic volumes and high residential activity being the main cause. More pedestrian
activities near commercial places, bus and subway stations, contributed to increased traffic
crashes [8]. Open spaces, such as green spaces and parks, did not generate as many
trips as other land use types, resulting in lower traffic exposures and collisions [9,10].
Pedestrian activities affected considerably by land use have been shown to significantly
affect traffic incidents.

Research on crash influence mechanisms has mainly focused on global regression [11,12].
The predictor variable and the response variable are assumed to be spatially stationary.
However, ignoring the spatial characteristics of the crashes can lead to biased regression
results. As a result, several local modeling methods have been proposed to capture
spatial heterogeneity. Geographically weighted regression (GWR) [13] is one of the most
popular local regression methods. At present, GWR [14,15] and its variant models, such
as geographically weighted Poisson regression (GWPR) [16-19], geographically weighted
negative binomial regression (GWNBR) [20-23], and geographically weighted Poisson
quantile regression (GWPQR) [24], have been widely used in the field of traffic safety. But
GWR still has limitations. The single bandwidth adopted cannot accurately reveal the
spatial scales of each influencing factor. Multi-scale geographically weighted regression
(MGWR) [25], an improvement model of GWR, differs mainly from GWR in that the
bandwidth possesses specificity and compensates for the deficiency of GWR. Currently,
the MGWR has been widely used to explore the influence mechanism of diseases, such
as COVID-19 [26-28]. The MGWR has also been used in research on the mechanisms
of housing prices [29,30] and air quality [31-33]. Fotheringham et al. [34] used MGWR
to assess the impact of space environments on U.S. presidential elections. In the field of
transportation, the use of the MGWR in research is still relatively rare. Zhang et al. [35]
explored the traffic flow patterns of expressways and their socio-economic determinants,
providing empirical evidence on the interdependence of traffic and economy at the regional
scale. Compared with the flow-focused geographically weighted regression (FGWR)
model, the multi-scale flow-focused geographically weighted regression (MFGWR) has
been shown to significantly reduce the spatial autocorrelation of local residuals. Lyanda
and Osayomi [36] examined the relationship of economic variables, commuting modes,
and road traffic mortality based on the MGWR. Compared with the results of the GWR, the
MGWR approach ensures that the correct process scale is available for modeling spatial
data, such as road traffic mortality, to achieve scale-specific interventions.
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It is generally believed that traffic crashes occur more frequently during the day than
at night. Crash rates during rush hours are higher than during non-rush hours. Crashes on
holidays are also more frequent than crashes on weekdays [37]. This common cognition
is one of the reasons why the temporal distribution of traffic crashes has not been taken
seriously. Some scholars have analyzed the temporal distribution and influencing factors of
traffic crashes. To evaluate features of crashes on weekdays and weekends, Yu and Abdel-
Aty [38] developed crash frequency models using the Bayesian inference technique. They
found that weekday crashes were more likely to occur along congested sections, while most
weekend crashes happened in traffic-free areas. Aside from contrasting vehicular accidents
on weekdays and weekends, the effect of holidays has also been explored, given that traffic
patterns are quite different, and crashes tend to be more severe on holidays. Sabreena
Anowar et al. [39] compared the influence mechanism of crashes on normal weekends
and found that a higher proportion of fatal and injurious crashes occurred on holidays.
Most studies have described the temporal patterns of traffic crashes and have neglected
the causes for the differences in time distribution. Li et al. used mixed logit models to
identify the contributing factors affecting the severity of pedestrian crashes on weekdays
and weekends, and found that most of the factors contributed to more severe injuries on
weekends than weekdays. There are few studies exploring the relationship between land
use characteristics and traffic crashes at different periods, resulting in insufficient empirical
support. Therefore, it is necessary to analyze the contributing factors associated with traffic
crashes considering the temporal variance.

1.3. Objectives of the Study

The main issues of past research are as follows. (1) Authoritative and accurate land
use data can be difficult to collect in China. The mixed degree of urban land use is high.
Most blocks are compatible urban land-use. (2) The global regression model cannot solve
the problem of spatial heterogeneity and ignores the different scales of the effects of
predictor variables on the response variable. (3) Few studies have focused on the impact
of contributing factors on traffic crashes occurring at different periods. In comparison,
POI contains rich semantic information and is more accessible. This study explored the
relationship between POI variables and traffic crashes on weekdays and weekends in the
Hankou area in Wuhan, China. A set of systematic research methods based on the MGWR
model was proposed and compared with methods based on ordinary least squares (OLS),
spatial lag model (SLM), spatial error model (SEM), and GWR. The regression results of
the optimal method were then analyzed and discussed.

The remainder of this paper is structured as follows. The next section describes the
study area and data sources. Section 3 outlines the research methods used in this paper,
including data pre-processing, regression model construction, and comparison index of
model results. Section 4 compares method performance and discusses the regression results.
Finally, the conclusions, recommendations, and prospects for future studies are discussed
in Section 5.

2. Study Area and Data Source
2.1. Study Area

With an area of 143 km? and a resident population of about 1.7 million, Hankou is
located in central Wuhan City, Hubei Province, China. It consists of three of the seven
major urban districts, namely Jiang’an, Jianghan, and Qiaokou. As an important hub with a
dense population and affluent streets, Hankou is facing serious traffic problems due to the
rapid growth of population and the number of vehicles. The highly developed economy
and the traffic demand in short supply make frequent traffic crashes, bring difficulties and
challenges to traffic management and cause huge economic losses. Therefore, Hankou is
considered a suitable study area. The whole study area is divided into 442 communities,
each used as the basic unit of analysis. Figure 1 shows the location of the study area and
the spatial distribution of crashes.
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Figure 1. Location of the study area and spatial distribution of the number of traffic crashes per community.

2.2. Data Source

Each community of the study area was used as the basic research unit, the number of
traffic crashes in each community was the response variable, and the number of various
types of POl in the research unit was used as the predictor variable. A total of 38,205 traffic
crashes were recorded from January 2018 to December 2018. Each traffic crash data includes
the id, time of occurrence, latitude and longitude coordinates, number of casualties, direct
property loss. POI data containing the name, type, and coordinates were collected using
the application programming interface (API).

3. Methodology

This paper presents a systematic method based on the MGWR model for exploring
the impact of POI on weekday and weekend traffic crashes. Most past studies have used
land-use data to directly explore the effects of land use on traffic crashes. Given the disad-
vantages of the slow updating and difficult access of land-use data, POI data with precise
geographical coordinates and land-use attributes were selected as the predictor variable
to analyze the spatial patterns of urban land use more accurately. POI data was obtained
through the Amap application programming interface (http://lbs.amap.com, accessed
on 15 April 2021), and then the raw POI data was reclassified. A collinearity test was
conducted to help select POI variables. The traffic crash data for Hankou in 2018 was pro-
vided by the Wuhan Traffic Management Bureau. The data were pre-processed with noise
removal, redundancy removal, and coordinate correction and were divided into weekday
and weekend crashes according to the crash occurrence time. To overcome the limitations
of past studies that did not consider the spatial scale differences of different influencing
factors of traffic crashes, we used a recently proposed MGWR model to implement local
spatial regression analysis of crashes. The regression results were compared with those
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using OLS, SLM, SEM and GWR. Using bandwidth comparison and various evaluation
indicators (i.e., RSS, AIC, R?, and log-likelihood), the performance of the proposed method
was evaluated. While traffic incidents have been shown to vary by time, few studies have
explored whether the influence mechanisms of traffic crashes also change over time. This
study evaluated how the POI variables correlate with traffic crashes at different periods.
The flowchart of our study is illustrated in Figure 2.
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Figure 2. Flowchart of our study.

3.1. Data Pre-Processing

Traffic crashes are typical road network constrained geographic events, substantially
different from other events. Almost all crashes occur on roadways and usually gather
along the road. Therefore, the analysis of crashes needs to consider the road network
constraint. When collecting the geographic coordinates of traffic crash events, errors arise,
causing crash incidents to deviate from the road, and so the crash points would have to
be rectified. The rectification rule maps the point vertically to the road with the nearest
straight line, generating the new crash point. Most residents have almost fixed commuting
patterns on weekdays, while most traffic activities on weekends consist of random and
discretionary travels. In this study, we explored whether there is a discernable difference in
the relationship between POI and traffic crashes during weekdays and weekends. Weekday
crashes are defined as crashes occurring from Monday to Friday, while crashes occurring
on Saturday and Sunday are labeled as weekend crashes. From our dataset, 27,881 traffic
crashes occurred on weekdays (73%), and 10,324 crashes occurred on weekends (27%).

The POI data in 2018 was collected through the Amap API The raw data were divided
into nineteen categories. Since the use of too many variables may lead to model overfitting,
the raw data needed to be reclassified [40]. In this study, POI closely related to traffic safety
were selected and reclassified into six categories based on the “Code for classification of
urban land use and planning standards of development land”: commercial service POI,
industrial POI, public service PO, residential POI, scenic POI, and transportation POIL.
Each of the six types of POI contains some narrowed categories of land use. The detailed
reclassification results are shown in Table 1 below.
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Table 1. Reclassification results of points-of-interest (POI) data.

Category Narrowed Category

Residential POI Commercial house, residential area

Commercial service POI

Tea house; bakery, coffee house, fast food restaurant, ice cream shop, dessert house,
foreign food restaurant, leisure food restaurant, Chinese food restaurant,
convenience store, supermarket, clothing store, personal care items shop, plants
and pet market, home electronics hypermarket, home building materials market,
shopping plaza, commercial street, sports store, stationery store, franchise store,
comprehensive market, hotel, hostel, insurance company, finance company,
finance and insurance service institution, bank, securities company, ATM, sports
and recreation places, recreation place, theatre, cinema, recreation center

Factory, company, enterprises, farming, forestry, animal husbandry and fishery

Industrial POI base, industrial park
Transportation POI Subway stathn, port, marina, bus station, railway station, ferry station, parking
lot, coach station
Scenic POI Scenery spot, park, square

Training institution, museum, archives hall, driving school, science and technology
museum, science and education cultural place, research institution, art gallery,
library, cultural palace, school, exhibition hall, hospital, special hospital,

Public service POI emergency center, disease prevention institution, industrial and commercial
taxation institution, public security organization, traffic vehicle management,
social group, governmental organization, social groups, holiday and nursing
resort, sports stadium

To ensure the accuracy and rationality of the model, multicollinearity test was carried
out on the predictor variables before constructing the regression models by calculating
the VIE. The variable descriptions are summarized in Table 2. All VIFs are less than 10,
indicating no correlation among predictor variables and that no variable needed to be
removed.

Table 2. Descriptive statistics of response and predictor variables based on communities.

Variables Mean Std. Dev. Min. Max. VIF
Response Number of crashes on weekdays 63.08 212.46 0 3877 -
variables Number of crashes on weekends 23.36 76.74 0 1365 -
Number of commercial service POI 191.89 24791 0 2409 1.56
Number of industrial POI 30.72 55.47 0 450 247
Predictor Number of public service POI 26.39 25.22 0 158 3.11
variables Number of residential POI 9.12 8.79 0 64 2.02
Number of scenic POI 1.31 8.58 0 167 1.19
Number of transportation POI 15.59 18.86 0 136 4.03

3.2. Regression Models

Traffic crash and POI data were aggregated into the research units (communities) for
further model building. The response variable of the regression model is the number of
weekday or weekend crashes in each community. And predictor variable is the number
of reclassified POI in each community. In order to explore the effects of POI on traffic
crashes during different periods, 10 regression models of the response variable (crashes)
and the predictor variables (POI) were constructed. The serial number and description of
the 10 models are shown in Table 3.
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Table 3. Description of the ten regression models.

Models Description of the Models
Model 1 The global regression model of POI and weekday crashes based on the OLS method.
Model 2 The global regression model of POI and weekend crashes based on the OLS method.
Model 3 The global regression model of POI and weekday crashes based on the SLM model.
Model 4 The global regression model of POI and weekend crashes based on the SLM model.
Model 5 The global regression model of POI and weekday crashes based on the SEM model.
Model 6 The global regression model of POI and weekend crashes based on the SEM model.
Model 7 The local regression model of POI and weekday crashes based on the GWR method.
Model 8 The local regression model of POI and weekend crashes based on the GWR method.
Model 9 The local regression model of POI and weekday crashes based on the MGWR method.
Model 10 The local regression model of POI and weekend crashes based on the MGWR method.

3.2.1. Global Regression Models
Ordinary Least Squares

Linear regression is an analytical method to explore the causal relationship among
dependent and independent variables. The most commonly used linear regression model
is the OLS [41]. The basic OLS principle involves establishing a linear function of the
dependent and independent variables so that the residual sum of squares is as small as
possible. The classic OLS model can be formulated as:

y=px+e M)

where vy is the response variable, x is the matrix of predictor variables, j is the spatial
regression coefficient of the predictor variable, representing the effect of the predictor
variable on the response variable, and ¢ is a random error component.

Spatial Lag Model and Spatial Error Model

OLS assumes that all observations are independently and identically distributed. The
spatial regression model effectively solves the problems of spatial dependence that linear
regression analysis cannot solve. Common spatial regression models include spatial lag
model (SLM) and spatial error model (SEM) [42]. SLM considers that there is spatial
dependence between response variables, leading to spatial correlation. The formula is
as follows:

y=px+pWy+e )

where p is the spatial autoregressive coefficient of the response variables, W is the spatial
weight matrix, and Wy specifies the spatially lagged term for the response variables.
SEM considers that the spatial dependence of error terms leads to spatial correlation.
The formula is as follows:
y=Ppx+ee=AWe+pu (©)]

where A is the spatial autoregressive coefficient of the error term, We is the spatial lag
variable of the error term, and y is the random error term, which is independent and
identically distributed.

3.2.2. Local Regression Models
Geographically Weighted Regression

The global regression model implicitly assumes that the relationship between indepen-
dent and dependent variables is spatially smooth. The coefficient estimate obtained by the
global regression model is the average value of the whole study area, which means that the
relationships among the variables are considered not to vary spatially, thus covering the
local characteristics among variables. This means the global regression model cannot reflect
the real spatial characteristics of the regression coefficients. Analyzing previous studies
on local regression analyses and variable parameters, Brunsdon and Fotheringham [13]
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extended the OLS model by referring to local smoothing thought and proposed the GWR
model. Spatial weighted values are introduced in the GWR to describe spatial relations,
allowing the prediction results to be local coefficients rather than global coefficients [43].
The coefficients vary for different spaces. The variable is associated with the geographical
location to create local regression equations at each sampling point in the spatial range.
The formula of the GWR [13] is:

m
yi:Zﬁj(”i/Ui)xij‘Ffj,i:l, 2, ..., n @)
j=0

where m is the number of independent variables, 1 is the number of observations. f; are
unknown parameters to be estimated measuring the association between traffic crashes
and covariates ceteris paribus, (u;,v;) is the geographical position of observation point 7, x;;
is the jth predictor variable, B;(u;, v;) is the jth coefficient on observation point i, which is a
function of the spatial geographical location and can reflect change patterns with changes
in geographical positions, and ¢; is the error term.

In the GWR, the choice of bandwidth and kernel function is key. There are two kernel
types in the GWR: fixed or adaptive. For the fixed kernel, neighborhood selection is based
on a certain distance threshold in creating a kernel surface. For the adaptive kernel, the
kernel surface is created based on the number and distribution of element samples. If the
elements are closely distributed, the coverage of the kernel surface is small; otherwise,
the kernel’s coverage is large [44]. The adaptive kernel was adopted in this study. The
choice of bandwidth is also very important, and the optimal bandwidth is selected through
experiments. In each experiment, a bandwidth is chosen and used to fit the GWR, and then
the goodness of fit is calculated. In this study, the corrected Akaike information criterion
(AICc) [45,46] was used as the criterion for bandwidth and is given by the expression:

n+tr(S)

AICC = 27[ ln(O’) + n li’l(27t) + nm

©)
where 7 is the number of the sample points, & is the standard deviation of the error term
estimate, and tr(S) is a trace of the S-matrix of GWR, which is a function of the bandwidth.

Multi-Scale Geographically Weighted Regression

For spatial heterogeneity concerns and multi-scale predictor variables the global
regression methods and GWR-based methods cannot solve, we propose a method using
the MGWR model. Compared with the global regression models, the GWR can solve
both spatial heterogeneity and non-stationarity that traditional linear models cannot fully
address with higher accuracy. However, the GWR also has limitations because some
geographical phenomena are determined by multiple spatial processes at different scales. A
single bandwidth is used for each variable, such that all predictor variables are assumed to
be on the same spatial scale. This ignores differences in spatial scales for different variables,
resulting in biased estimation results. To address this problem, Fotheringham extended the
classic GWR and proposed the MGWR model. MGWR allows the relationships between
response and predictor variables to vary at different spatial scales [47]. The bandwidth
of each predictor variable is different, reflecting the scale of different variables. MGWR
addresses the shortcomings of the GWR and improves the accuracy of the regression results.
The MGWR model is calculated as follows:

m
Yi= Y Bowj(ui,vi)xij+e,i=1,2, ..., n ©)
=0

where bwj in By,; indicates the bandwidth used to calibrate the regression coefficient of
the jth variable. Each bandwidth is obtained using local regression, and the difference of
bandwidth represents the difference of spatial scale, which is the biggest difference from
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the GWR. The kernel function and bandwidth selection criteria of the MGWR are the same
as those of the GWR. The quadratic kernel function and AICc were used in this paper.

The weighted least squares method used in the GWR does not apply to the MGWR
because the spatial weighting matrix of the same place is different. Instead, the MGWR can
be considered as a generalized additive model (GAM) [48]. Fotheringham et al. adapted
the back-fitting algorithm [48,49] to solve the MGWR. B;x; is defined as the jth additive
term, resulting in the GAM-style MGWR:

}/_Z.fj+£< ,Bbw] ]) (7)

The basic idea of the back-fitting algorithm is to calibrate each term in the model
with a smoother, assuming that all the other terms are known [50]. All the additive terms
need to be initialized, which means that initial estimates need to be specified for all local
coefficients. The best parameter estimates based on the GWR are often used to initialize the
MGWR for faster model calibration. After the initial value is determined, the initialized
residual £ is obtained by calculating the difference between the real value and the predicted
value obtained from the initialized estimate:

E=y— ®)

-Mi‘
Rt

j=0

After the residual & is added to the first additive f1, the GWR is carried out on the first
predictor variable X; to generate an optimal bandwidth bw; and a new set of parameter
estimates f;. f; and £ are used to update the previous estimates, and the same procedure
is used for the second variable. The residual and the value of the second additive term
f» are regressed to the second variable X,, and the parameter estimation f, and £ of the
second variable are updated. These steps are repeated until the local parameter of the
last predictor variable X;, is estimated, and the first iteration is completed. The iterations
continue until the estimation converges to the convergence criterion.

There are two convergence criteria: SOC-f and SOC-RSS. The maximum difference
between the square sum of residuals of the SOC-RSS regression before and after two
regressions will not exceed the convergence value, which is more relaxed. The maximum
difference between the previous regression coefficient and the next regression coefficient of
SOC-F does not exceed the convergence value, which is stricter and smoother. Therefore,
SOC-F was selected as the convergence criterion in this paper, given by the formula:

new __ fold
ij ) z 1<f . f )

(Zf . new) 2

SOCy = ©)

3.3. Method Comparison

The residual sum of squares (RSS), Akaike information criterion (AIC), R-squared (R?)
and log-likelihood are common metrics used in the goodness-of-fit measures of models
and final model decisions. In statistics, the difference between a data point and its cor-
responding position on the regression line is called a residual. RSS indicates the effects
of random errors. The smaller the value of RSS, the higher the accuracy of the model.
AIC [45,46] is based on the concept of entropy, which allows weighing the complexity and
goodness-of-fit of the model. The model that is usually preferred should be the one with
the lowest AIC value. R-square (R?) represents the ability of the response variable to be
explained by the predictor variable in a regression model. The value of R? is between 0
and 1, and the close it is to 1, the better the goodness of fit is. If the value of R2is 0.6, it is
commonly believed that 60% of the response variables in the study area can be explained
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by the predictor variables. Log-likelihood is the likelihood value of the regression model,
which can be interpreted as the probability of the observed sample appearing after the
given model coefficients. The model with the highest value of log-likelihood is selected.

The most significant improvement of the proposed method is that it allows the coef-
ficient estimates to vary with space and generates the individual optimal bandwidth for
the conditional relationship between the response variable and each predictor variable.
The bandwidth derived from the MGWR model reflects the change in the spatial scale
of the relationship between POI and traffic crashes. The bandwidth can be regarded as
the number of samples included in the local calculation. The bandwidth size determines
whether the relationship between each predictor variable and the response variables is
local, regional, or global, and reflects the degree of spatial stationarity and heterogeneity of
each relationship.

4. Results and Discussion

This paper compares the performance of our proposed method against OLS-based,
SLM-based, SEM-based, and GWR-based methods and analyzes the results of the best-
performing method. The analysis tools in this study are based on MGWR 2.2 [51] and
GeoDa 1.20 [52] software.

4.1. Model Comparison

The following indexes were used to evaluate the fitness of the model: RSS, AIC, R?,
and log-likelihood. For RSS and AIC, smaller values indicate better fitness. For R? and log-
likelihood, the higher the value, the better the fitness. The values of the evaluation indexes
are listed in Table 4, and the comparison results of model fitting are vividly displayed
using histograms in Figure 3. Taking the model for weekday crashes as an example,
model 1, model 3, model 5, model 7, and model 9 were developed based on OLS, SLM,
SEM, GWR, and MGWR. The value of RSS of model 9 is the lowest, indicating that the
MGWR model generated the least error. The AIC value is 1049.952 in model 9, which is
the lowest and indicates that the MGWR has the best data fitness. R? describes the degree
to which input variables can explain output variables and ranges from 0 to 1. The better
the predictor variable in explaining the response variable, the better the fitting effect of the
model. The R? of model 9 is 0.478, which is larger than those of model 1 (0.103), model 3
(0.107), model 5 (106), and model 7 (0.297). In comparison with the fit metrics of the global
regression models, the R? value of model 9 (0.478) is the highest. In comparison with the fit
metrics of the global regression models, the log-likelihood value of model 9 (—483.351) is
the highest.

Table 4. The goodness of fit statistics for the 10 models.

Evaluate Indexes

Models Log-
RSS AlC R2 Likelihood
oLs Model 1 396.473 1220.095 0.103 —603.148
Model 2 390.996 1214.147 0.115 600073
SLM Model 3 ; 5956.980 0.107 —2970.490
Model 4 ; 5050.360 0.120 2517180
SEM Model 5 ; 5955.120 0.106 2970558
Model 6 ; 5048.580 0.119 _2517.288
CWR Model 7 312,249 1169.256 0.294 550.371
Model 8 307.640 1162.683 0.304 547,085
MGWR Model 9 230,567 1049.952 0.478 483351

Model 10 230.369 1049.573 0.479 —483.161
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Figure 3. Comparison of the evaluation indexes of the 10 models. (a) Residual sum of squares (RSS); (b) Akaike information
criterion (AIC); (c) R-squared (R2); (d) Log-likelihood.

Collectively, the proposed method based on MGWR models outperformed the OLS,
SLM, SEM, and GWR models in terms of model fitting. The proposed method not only
allows the estimation parameters to vary with space but also considers the bandwidth at
different scales instead of using a single average bandwidth. This means that the model’s
explanatory ability and fitting effect can be further improved by optimizing the choice
of bandwidth.

The kernel function has little influence on the regression results, while the bandwidth
has significant influence. This means the bandwidth controls the smoothness of the model
and is the most important parameter of the MGWR. The bandwidth of the GWR is a fixed
value that only reflects the average scale of each variable, while the MGWR can reveal
the different effects of various variables. MGWR relaxes the assumption that the spatial
variation of different processes being modeled operate at the same spatial scale and derives
optimal bandwidths for the relationships between the response variable and the different
predictor variables [25]. The navy blue and dark gray lines in the two radar charts in
Figure 4 show the optimal bandwidths for different predictor variables obtained by the
MGWR model. The baby blue and light gray lines indicate there to be a single bandwidth
for predictor variables generated by the GWR model. As shown in Table 5, the optimal
bandwidth for the different variables in the MGWR varied considerably. The optimal
bandwidth of public service POI was 45, which is relatively small and has strong spatial
heterogeneity. It affected the occurrence of traffic crashes at the local scale, and the spatial
pattern of coefficient estimates was largely different. The bandwidths of commercial service
PQOI and industrial POI were 114 and 179, respectively, close to the average bandwidth
of the GWR. The estimates for these two variables differed at the regional scale and had
relative stability in space. Other variables affected traffic crashes at the global scale, and
their optimal bandwidths were close to or equal to the maximum possible number of
neighbors, which is 441. The influence of these variables on traffic crashes had spatial
stability, and there was almost no spatial heterogeneity. The GWR model generated an
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optimal bandwidth of 202 for all predictor variables. This single bandwidth assumes
that all variables affect the occurrence of traffic crashes at the same regional scale, which
is limiting.

Commercial service POL Commercial service POI
300 500
4000 400
Transpartation POI 303 Industrial 'OI Transportation OT & )((; Industrial POL
Scenic POL Lublic service POL Scenic POT IMublic service POI
Residential 1"OL Residential PO
Model7 == \Todels Modeld  =—g=Nodel 10
(a) (b)

Figure 4. Comparison of the bandwidths of the geographically weighted regression (GWR) and multi-scale geographi-
cally weighted regression (MGWR) models. (a) The bandwidths of model7 and model8; (b) The bandwidths of model9

and modell0.

Table 5. Multi-scale bandwidth comparison of the GWR and MGWR models.

Bandwidths
Predictor Variables
Model 7 Model 8 Model 9 Model 10

Intercept - - 442.000 442.000
Commercial service POI 202.000 202.000 114.000 114.000
Industrial POI 202.000 202.000 179.000 179.000
Public service POI 202.000 202.000 45.000 45.000
Residential POI 202.000 202.000 439.000 439.000
Scenic POI 202.000 202.000 441.000 441.000
Transportation POI 202.000 202.000 439.000 439.000

4.2. Results from the Proposed Method Based on MGWR

The coefficient estimate generated by the global regression model is the mean value
of the study area. However, as the local spatial regression model, the local coefficient
estimates generated by MGWR can reflect the spatial heterogeneity in the process of
influencing traffic crashes. The results from our proposed method based on MGWR show
that the relationship between the number of traffic crashes and POI in the study area
changes in direction and intensity with the change of space. The influence of the same
type of POI on traffic crashes may vary in different geographical locations. The mean,
maximum, and minimum values of the regression coefficients for each predictor variable
in the MGWR model are listed in the second to the fourth columns of Table 6. The fifth to
seventh columns show the statistics of coefficient estimates based on the t-test, including
the proportion of the significant estimates (p < 0.05) [53], the proportion of significant
positive coefficients to significant coefficients, and the proportion of significant negative
coefficients to significant coefficients.
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Table 6. Summary statistics for the MGWR coefficient estimates.
Model 9 Model 10
. Percentage of Communities by Percentage of Communities by
P
re'dlctor MG.V.VR Significance (95% Level) of MGWR Coefficients Significance (95% Level) of
Variables Coefficients
t-Test t-Test
Mean Min Max p <0.05 (%) + (%) — (%) Mean Min Max p <0.05 (%) + (%) — (%)
Intercept —0.044 —0.067 0.022 0 0 0 —0046 —0.072 0.027 0 0 0
Commercial 50/ 0044 0.863 10.86 100 0 0116  —0.032  0.881 11.09 100 0
service POI
Industrial POI —0.013 —0.269 0.293 7.24 81.25 18.75 —0.025 —0.281 0.347 9.95 75 25
P“thf (S)?Vlce 0.093 —0253 2.644 5.66 100 0 0079  —0268 2533 543 100 0
Residential POI —0.046 —0.062 —0.041 0 0 0 —0.047 —0.062 —0.042 0 0 0
Scenic POI 0.081 0.075 0.087 0 0 0 0.072 0.067 0.079 0 0 0
Trar‘sl};glta“o“ 0.162 0.144 0.179 15.16 100 0 0.192 0177 0212 100 100 0

According to the t-test results in Table 6, the local coefficient estimates from residen-
tial POI and scenic POI were found to not be significant, indicating that these variables
have little influence on traffic crashes. The relationship between transportation POI and
traffic crashes for weekdays and weekends differs considerably. The local estimates from
transportation POI are significant and positive for every community on weekends, while
significant only in 15.16% of communities during weekdays. The model results also indi-
cate some differences in the influence of transportation POI on traffic crashes at different
periods and locations. About 81.25% of the local coefficient estimates in the MGWR model
for weekdays are positive, while 18.75% are negative. Three-quarters of the local coefficient
estimates from industrial POl in the model for weekends are significant and positive. In
different communities, an increase in the number of industrial POl may increase or decrease
traffic crashes. The other two variables, commercial service POI and public service POI
have little and similar effects on weekday and weekend traffic crashes. In a small number of
communities, the estimated values of the local coefficients are positive and significant. The
more commercial service places there are, the more likely traffic crashes are to occur. The
increasing number of public service facilities also increases the risk of crashes. The spatial
distribution of the local coefficient estimates from MGWR models is explained below.

Compared with the global regression models, the main advantage of the GWR and the
MGWR is that the local coefficient estimate of the predictor variables for each geographic
location can be determined and visualized. ‘0" was used as the threshold to distinguish sig-
nificantly positive and negative values. The nonstationary degree of all predictor variables
was tested, and the estimates were visualized as a map rendered in cool to warm colors.
Figure 5a-h present the spatial distribution of the locally significant coefficient estimates.

Commercial service places are mainly related to dining and shopping activities. Prior
studies have noted that commercial land attracted more pedestrians and vehicles, leading
to frequent traffic crashes, especially near large commercial centers [54]. Figure 5a,b shows
the MGWR coefficient results for traffic crashes, with a range of positive coefficient values
located in the center of the study area, specifically in the north of Jianghan district. As
shown by the spatial distribution of local coefficient estimates, the influence of commercial
service POI for weekday and weekend traffic crashes is uniform. In the communities
around Hankou Railway station, the local coefficient estimates were the largest, indicating
that commercial service POI had the greatest impact on traffic crashes. The area around
the railway station is hot spots for crashes on both weekdays and weekends. A possible
explanation for this is that the traffic volume near railway stations is denser than in other
areas due to the frequent population mobility.
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Figure 5. The spatial distribution of local coefficient estimates from MGWR models. (a) Model9 results for commercial
service POI; (b) Model10 results for commercial service POI; (c¢) Model9 results for industrial POI; (d) Model10 results for
industrial POI; (e) Model9 results for public service POI; (f) Model10 results for public service POI; (g) Model9 results for
transportation POI; (h) Modell0 results for transportation POL
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Industrial POI mainly includes corporate enterprises and industrial parks and brings
a concentration of employment. As shown in Figure 5c,d, the local coefficient estimates
were positive for some areas and negative for others. Industrial POI at several central
communities in Hankou had a negative impact on traffic crashes. In contrast, there was a
significant positive correlation between industrial POI and crashes in the northeast area of
Jiang’an district, near the Third Ring Road. This positive correlation was even stronger for
weekends. With the acceleration of industrial structure adjustments in Wuhan, industrial
lands in the central city have gradually transferred from the core area into the edges of
the Third Ring Road. But at the same time, problems such as inadequate residential areas,
deficient public service facilities, and inconvenient transportation conditions exacerbate
the problem of occupational and residential separation. Long-distance travel and heavy
reliance on motor vehicles increase road traffic. The industrial lands are vital in goods
distribution, generating traffic volumes in non-commuting hours [55]. This may be why
there was no significant difference in the influence of industrial POI on traffic crashes
between weekdays and weekends.

Public service POl is generally located in areas with high population density, dense
enterprises, and high accessibility to public transport. As shown in the regression results in
Figure 5ef, the coefficient estimates were all significantly positive. The spatial distribution
of coefficient estimates was highly similar, indicating that the influence of public service
POI on traffic crashes during weekdays and weekends is analogous. There was a higher
likelihood when crashes happened on public service land both during weekdays and
weekends. The optimal bandwidth of 45 reflects a local scale dimension. A significant
and positive influence was present only in the northeastern Jianghan district and the
northwestern Jiang’an district. The absolute value of the coefficient estimates indicates that
the influence of public service on crashes is the largest among all variables. Public service
places such as schools and hospitals are densely populated with people and vehicles. The
possibility of traffic crashes can also be affected by temporary parking.

Transportation POI provides travel convenience for residents and is a key factor
determining the travel activities of residents. In Figure 5g,h, relatively large differences
in the impact of transportation POI on traffic crashes can be found at different periods.
The impact of transportation POI on weekend crashes was higher than that on weekdays.
The model of the impact of traffic facilities on weekend crashes suggests that the local
coefficient estimates were significant and positive, ranging from 0.177 to 0.212. The optimal
bandwidth of 439 indicates that the impact was at a global scale. For the entire Hankou
district, the risk of traffic crashes intensified as the number of traffic facilities increases,
and this positive effect was found to gradually increase from east to west of the Hankou
district. On weekdays, only the traffic facilities in the Qiaokou district had a significant
impact on crashes.

4.3. Discussion

This study explored the relationship between POI and traffic crashes in Hankou.
Compared with the methods based on OLS, SLM, SEM, and GWR, the proposed method
based on MGWR provided the most accurate coefficient estimates because it considered
both spatial heterogeneity and different spatial scales of influencing factors. Some past
studies [4,5] have shown that traffic crashes are more likely to occur in areas with a higher
density of industrial land use. However, the research results in this study indicate that
industrial land use has a positive impact on traffic crashes in some communities of the
study area, while the impact of industrial land use on other communities is negative. Our
proposed method can determine the local coefficient estimates of predictor variables in each
unit of the study area and is better than the method based on the global regression model
in explaining the spatial heterogeneity of predictor variables. From the absolute values of
the local coefficient estimates, the effect of public service POI on crashes was found to be
the strongest. An increase in the number of commercial service POI and public service POI
increased the probability of crashes in some communities. The local coefficient estimates
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for residential POI and scenic POI were both not significant and had little effect on traffic
crashes. The spatial scales for different predictor variables varied. Transportation POI is
the most important factor in road traffic, affecting traffic safety on a global scale. Local
coefficient estimates associated with transportation POI are similar across space, while the
effect of public service POI on traffic crashes varies locally. Industrial lands with inadequate
public service facilities and inconvenient transportation have a higher possibility of traffic
crashes, and the different contributing factors affecting traffic crashes varied temporally.
This finding is consistent with previous research [56,57]. During weekdays, a higher
number of transportation POI caused traffic crashes for the entire study area. On the
weekends, there were significant and positive effects in some communities. There was a
higher likelihood when crashes happening on industrial land on weekdays than weekends.
Therefore, to reduce traffic crashes, the local traffic management bureau should recognize
the differences between influencing factors that cause crashes and understand the reasons
for such differences.

5. Conclusions

In this paper, we developed an MGWR-based method to explore the relationship
between POI and traffic crashes occurring on weekdays and weekends and compared
its performance against the method based on the global regression models (OLS, SLM,
and SEM), the OLS-based model, and the method based on GWR. By considering spatial
heterogeneity and spatial scale differences, the proposed method significantly improves
the accuracy of the regression results and is more suitable in analyzing POI influence on
traffic crashes. The research results indicate that there were clear differences in the scale
of the influencing factors of traffic crashes. Public service affects crashes at the local scale.
From the local coefficient estimates, commercial service POI and industrial POI affect road
traffic crashes at the regional scale. And other POI affect traffic crashes at a global scale.
Residential POI and scenic POI had little effect on traffic crashes. This finding contradicts
other research [2,6,7] that identified residential land as a major contributing factor for
crashes. During weekdays, a higher number of transportation POI caused traffic crashes
for the entire study area. On the weekends, there were significant and positive effects
in some communities. Industrial POI was found to have positive and negative impacts
on crashes in particular areas. An increase in the number of commercial service POI and
public service POl increased the probability of crashes in some communities.

Compared with past studies, the innovation of this study is as follows: (1) the rela-
tionship between land use and traffic crashes can be explained from a microscopic scale by
using POI data to represent the distribution characteristics of land use; (2) the proposed
method based on MGWR model can effectively solve the problem of spatial heterogeneity
and spatial scale difference of predictor variables; and (3) the study of POI on the impact of
weekday and weekend traffic crashes provides a reliable reference for further exploring
the temporal variance of the influence mechanism of traffic crashes.

At present, traffic safety is an important issue affecting public health and safety. The
findings of this investigation complement those of earlier studies. However, there are
still some shortcomings in this research, primarily due to limited available data. Only six
categories of POI data were used as predictor variables, and other types of influencing
factors were not considered. Further research is needed to include more variables in
subsequent studies to help improve the accuracy of results. Future studies can also improve
the calculation method and modify the model to increase its performance.
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MGWR  Multiscale geographically weighted regression [25]
POI Point-of-interest

OLS Ordinary least squares [41]

SLM Spatial lag model [42]

SEM Spatial error model [42]

GWR Geographically weighted regression [13]

VIF Variance inflation factor
AIC Akaike information criterion [45]
AlCc Corrected Akaike information criterion [45,46]
GAM Generalized additive model [48]
RSS Residual sum of squares
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