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1. Introduction

In recent years, the frequency and severity of injuries
caused by urban traffic crashes have been increasing as one
of the biggest causes of unnatural deaths in developing
countries. Among the most important methods of
identifying the influence of independent variables on
dependent variables in terms of classification and size of
data are GLM and Tobit methods, which have been used
in past studies for identifying influential variables of the
occurrence of macro crashes. This study aims to
investigate the dimensions of EIFs of urban crashes using
the spatial Bayes method based on Euclidean distance and
contiguity. No study has investigated the impact of group
EIFs on estimating the frequency of urban crashes, as well
as comparing spatial statistics models based on a
geographically weighted matrix and neighborhood
distance with a Bayesian approach, so it is necessary to
investigate urban crashes further. Spatial statistics can be
used to control the effect of spatial correlation between
environmental factors and the frequency of crashes. This
study aims to use this framework to model urban
macroscopic crashes to find a suitable modeling technique
that can produce more reliable and accurate results.

2. Method

This study used two basic approaches of spatial statistics
to analyze the data for estimating the urban frequency
crashes. It used four spatial statistics models based on the
geographic distance matrix with variable coefficients
including GWPR and GWNBR for each TAZ, as well as
SAP and SANB models with the spatial Bayes model
approach and the INLA method of urban crash estimation.

The input data of the model are divided into two
categories. The first category includes observed data such
as number of bus stops, intersections, etc. The second
category is accidental EIFs, such as the diversity index of
land use type (it is a function of 14 land use categories),
access to jobs index (it is a function of the distance
between areas and the density of commercial and
administrative use) and the access index to a transportation
system (it is a function of the number of bus stops and the
distance between areas).

3. Results

To show the dispersion of the data, the interquartile range
statistic was used, which shows that the frequency of
crashes parameter has a high dispersion in the studied area.
Moreover, the number of bus stops and the average width
of the thoroughfare has more dispersion than other model
variables. The first category includes variables that
directly affect the estimation of the frequency of crashes
within the city on the TAZ scale and the second category
includes indicators that indirectly affect the occurrence of
crashes. The parameters of both models (GWPR and
GWNBR) are allowed to change in space and have
different values for each TAZ, so the values are shown in
a range of changes in the whole city of Shiraz. The results
showed that the parameters in both GWNBR and GWPR
models passed the significance level of 10%, but in the
GWNBR model, the model's parameters with a
significance level of 5% more than the GWPR model were
observed. Through the non-stationarity test, all parameters
have significant spatial variations, and past studies have
confirmed this spatial property of crash data. It is
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commonly known as the Bayesian confidence interval (CI)
that Bayesian inference uses the posterior density interval
of the parameters. A 95% confidence interval is commonly
used to determine the validity of a variable and includes
values between the 2.5th percentile and 97.5% of the
posterior probability distribution. A parameter is valid if it
is 95% CI does not contain zero. At a 95% confidence
level, if the two limits of a valid parameter are greater than
zero, then the parameter has a positive (i.e., incremental)
impact on crash frequency. Similarly, a valid parameter
has a negative impact (i.e., reduction) on crash frequency
if two bounds of the parameter are less than zero at the
95% confidence interval. The values of R? in all models
are within an acceptable range. Lower values of DIC and
WAIC show that SAP model has a better fit to the data and
is more suitable for estimating the frequency of crashes in
the city. The threshold of the difference between the DIC
value in the comparison between the models is considered
to be 10, and in this study, the DIC value in SAP differs
much more than the easy limit with other models. In
addition to the statistical criteria for comparing and
evaluating the models, the predicted values of the crash
frequency by the SA-based models are closer to the
observed values than the SW models.

4. Conclusion

This study was conducted to examine the spatial impacts
of EIFs on urban crashes using spatial statistical methods
based on the Euclidean distance of the geographic weight
matrix (SW) and methods based on distance and adjacency
(SA). All available variables were collected in the first
step. Data compression was done to reduce the effect of
collinearity and autocorrelation between the independent
variables. In PCA method, indicators of user diversity,
access to the public transportation system, and access to
jobs were indirect environmental factors. In all models, the
values of the number of bus stops, average speed, average
green light time, and the diversity index of the type of land
use were identified as the most important crash EIFs. By
controlling the factors according to their value in each
TAZ, the spatial impact of crash EIFs can be reduced in
that TAZ. Four spatial statistics models, GWPR, GWNBR
based on Euclidean distance and SAP and SANB models
based on neighborhood distance with INLA approach,
were used to estimate the frequency of crashes in the city
by considering the spatial effects of crash EIFs. The spatial
estimation of EIFs of urban crashes in the neighborhood
approach (SA) using INLA method provided better results;
in other words, the neighborhood method provided better
results for estimating the coefficients of EIFs than the
geographically weighted matrix (SW) method for
estimating the coefficients of EIFs. Previous studies have
not compared SA and SW, spatial statistics models.

This study showed that in the urban areas at the TAZ
level, due to the contiguity and common border in all
TAZs, SA method estimates better the coefficients of EIFs.
It was shown that neighborhood could have a negative
impact on the estimation of EIFs coefficients; in other
words, the spatial effect may reduce the severity of crashes
in the spatial model compared to the classical statistical
model.

In both SA and SW methods, the reduction of spatial
effects in the estimation of EIFs coefficients in SANB
models was quite noticeable, which shows that considering
the effect of over-dispersion in the estimation of SANB
models has reduced the range of spatial effects.

The identification of crash EIFs by the multi-stage
investigation at district level can be useful for making
policies in support of urban crash reduction measures.
Among the measures that can reduce the probability of
crashes in urban areas are modifying the characteristics of
bus stops in inappropriate places that increase conflict
between vehicles, rescheduling traffic lights, and proper
control over land use changes in the city.
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Evaluating the Spatial Effects of Environmental Factors on Urban Crashes by Spatial Bayes Method

Mohammad Sedigh Bavar Ali Naderan Mahmoud Saffarzadeh

Abstract Built environmental factors are one of the most important causes of urban crashes. Studies have shown that
in addition to crash data, which have spatial heterogeneity, factors influencing crashes also have a spatial correlation.
The main goal of this study is to evaluate the spatial effects of environmental factors on the frequency of crashes in
Shiraz, Iran, at the TAZ level. In the first step of the study, using component analysis models, important environmental
factors affecting the crash were identified, and composite indicators were produced as independent variables. In the
second step, to control the effect of correlation and heterogeneity of model variables, spatial statistical models based on
Euclidean distance such as geographically weighted Poisson regression (GWPR), geographically weighted negative
binomial distribution (GWNBR), as well as Poisson and distribution models Negative binomial based on neighbor
distance is used in spatial Bayes method with INLA approach. The study's results showed that models based on distance
and contiguity to evaluate the spatial effects of crash data and the factors affecting it at the TAZ level have higher
accuracy than geographically weighted regression models, as well as indicators of land use diversity and access to the
system. The public transport produced in the first step effectively increases the frequency of crashes, and in TAZs
where this index is high, there is a higher probability of a crash. The results of this study can be important for city
managers and planners to improve inner city safety measures, development planning, and future city measures.

Keywords Environmental factors, urban Crashes, spatial effect based on neighborhood, spatial effect based on distance
matrix, spatial Bayes
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Model Type MAD | RMSE

GLM Using All Variables 4564 | 77.41
GLM Using PCA Variables 25.21 | 61.16
Tobit Using All Variables 45.62 | 42.96
Tobit Using PCA Variables 17.91 | 25.49

le‘u.ﬂ:éuﬁiw&ﬁw Y Jga

Variables | Correlation | gs | Ay | As | ALE | AL | AW | Ls | AG | IN |LuI Jl PTI
Pearson 1
BS
Sig. (2-tailed)
Pearson 28" 1
AH
Sig. (2-tailed) | .000
Pearson .100 | .530™ 1
AS
Sig. (2-tailed) | .072 | .000
Pearson .039 | .306™ | .055 1
ALE
Sig. (2-tailed) | .486 | .000 | .321
Pearson 137 | 1737 | 1757 | .097 1
AL
Sig. (2-tailed) | .012 | .002 | .002 | .080
Pearson 222" | -056 | .100 | -.060 | .47 1
AW
Sig. (2-tailed) | .000 | .316 | .071 | .278 | .000
Pearson 247 | -142" | -.078 | -528™ | .071 | .277" 1
LS
Sig. (2-tailed) | .000 | .010 | .159 | .000 | .204 | .000
Pearson 055 | -.131" | .047 | -.289" | .010 | .448™ | 183" | 1
AG
Sig. (2-tailed) | .325 | .018 .394 .000 .851 .000 .001
Pearson .26™ | -.008 .088 | -.182™ 137 | .156™ | .201™ | .097 1
IN
Sig. (2-tailed) | .000 | .885 112 .001 .015 .005 .000 | .079
Pearson .005" | -.131" | .041 .189™ 011 | .1477 | .103™ | .110 | .421™ 1
LUI
Sig. (2-tailed) | .004 | .003 .044 .000 .051 .000 .001 | .071 .000 .000
3 Pearson .021 | .478™ | .133™ | .189™ 210 | .038™ | .123™ | .011 | .218™ 128" 1
Sig. (2-tailed) | .151 | .000 .001 .000 151 .001 .001 | .351 .001 .001
PTI Pearson .210 | .403™ | 1117 | -2117 | .013 | .118™ | .113™ | .019 | .028™ 4217 448" 1
Sig. (2-tailed) | .151 | .001 .001 .001 351 .000 .001 | .851 .000 .000 .000
**_Correlation is significant at the 0.01 level (2-tailed).
*. Correlation is significant at the 0.05 level (2-tailed).
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GWPR Model Result
Variables | Mean. Est. | Min. Est. Max. Est. Rang Lwr. Est. Upr. Est. Delta Non-Stationary Test
Intercept 4.4183* 3.9377 5.0136 1.0759 4.2651 4.5442 0.279 Yes
Bus 0.1485* -0.294 0.6556 0.9496 0.0209 0.2541 0.233 Yes
AH -0.0973** | -0.6145 0.2568 0.8713 -0.210 0.0588 0.269 Yes
AS 0.1945** -0.4019 0.6679 1.0698 0.1200 0.2779 0.157 Yes
AL 0.1298* -0.9172 1.2072 2.1244 -0.056 0.3369 0.393 Yes
ALE 0.1218* -0.1864 0.3933 0.5797 0.0319 0.2207 0.188 Yes
LP 0.0392* -0.2827 0.4057 0.6884 -0.071 0.1501 0.221 Yes
AG 0.2370* -0.2524 1.3992 1.6516 -0.027 0.4477 0.475 Yes
IN -0.1146** | -0.3242 0.1669 0.4911 | .0.188 -0.056 0.131 Yes
PTI 0.1638** -0.0204 0.4349 0.4553 | 0.0729 0.2401 0.167 Yes
LUI 0.2798* -0.4451 0.1799 0.625 | -1.0026 1.7095 2.712 Yes
Jl 0.0135** -0.2939 0.3549 0.6488 -0.032 0.0607 0.093 Yes
Summary Statistics
DIC 3378.42
WAIC 3241.35
Pseudo R2 0.758
RMSE 55.32
GWNBR Model Result
Variables | Mean. Est. | Min. Est. Max. Est. Rang? Lwr. Est. Upr. Est. | Delta® | Non-Stationary Test
Intercept -4.327** -15.922 2.391 18.31 -7.321 0.189 -1.60 Yes
Bus 0.019** -0.041 0.042 0.083 | -0.0008 0.003 0.015 Yes
AH 0.042* 0.011 0.062 0.051 0.023 0.047 -0.41 Yes
AS -0.032* -0.049 0.004 0.053 -0.073 0.002 0.64 Yes
AL 0.018** 0.009 0.036 0.027 0.016 0.015 0.641 Yes
ALE 0.191* 0.095 0.186 0.091 0.109 0.136 -0.41 Yes
LP 0.626* 0.193 0.635 0.442 0.284 0.318 0.39 Yes
AG 0.517** 0.365 0.894 0.529 0.424 0.641 0.745 Yes
IN 0.041** -0.036 0.394 0.43 0.031 0.189 0.128 Yes
PTI 0.624* -0.264 0.0371 0.301 -0.047 0.012 0.011 Yes
LUI 0.164** 0.036 0.631 0.595 0.083 0.284 -0.84 Yes
JI 0.495** 0.171 0.531 0.36 0.285 0.297 0.157 Yes
Summary Statistics
DIC 3189.43
WAIC 294531
Pseudo R2 0.728
RMSE 85.31

**significant at the 5% level
* significant at the 10% level
?Rang= Max. Est.- Min. Est.

°Delta =UpperEst .— LowerEst.; YES= Delta > 1.96 Std. Err. indicating the non-stationarity test was passed.
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Variables PO NB
Statistic Mean SD 95% ClI Mean SD 95% ClI
Spatial 5.3561 0.6882 4.0433 6.7305 5.3561 | 0.6882 | 4.0433 | 6.7305
Precision
Beta0 2.9922 | 0.22033 | 2.561102 | 3.426433 | 2.9922 | 0.2203 | 2.5611 | 3.4264
BS 0.0442 | 0.00941 | 0.025885 | 0.062827 | 0.0442 | 0.009 | 0.0258 | 0.0628
AH -0.010 | 0.00701 | -0.02379 | 0.003742 -0.010 | 0.0070 | -0.023 | 0.0037
AS 0.1412 | 0.03376 | 0.074868 | 0.207458 | 0.1412 | 0.0337 | 0.0748 | 0.2074
AL 0.22486 | 0.05816 | 0.110609 | 0.339025 | 0.22486 | 0.0581 | 0.1100 | 0.33902
ALE 0.00892 | 0.00650 | -0.00388 | 0.021682 | 0.00892 | 0.0065 | -0.003 | 0.02168
AG 0.0906 | 0.03535 | 0.05978 0.12097 0.0901 | 0.0354 | 0.019 | 0.1202
IN 0.07958 | 0.01436 | 0.051427 | 0.107853 | 0.07958 | 0.0143 | 0.0514 | 0.10785
PTI -0.0499 | 0.12275 -0.2829 | -0.009356 | -0.0499 | 0.1227 | 0.082 | 0.1993
INT 0.0814 | 0.03099 | 0.02249 0.149252 | 0.0614 | 0.0309 | 0.012 | 0.1492
JI 0.10890 | 0.11606 | -0.12603 | 0.330095 | 0.10890 | 0.116 | -0.126 | 0.33009
LP 0.05835 | 0.04601 | -0.03188 | 0.148882 | 0.05835 | 0.0460 | -0.031 | 0.14888
Summary Statistics
DIC 2679.51 2978.48
WAIC 2607.25 2841.32
Pseudo R2 0.891 0.818
RMSE 5.380 15.32
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