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Statement of Significance

Increasing attention to elderly traffic safety is necessary to understand the relationship
between elderly traffic safety and contributing factors on a spatial scale. However, zero crashes
exist at the analysis unit for some specific types of crashes, and few studies have considered
the spatial heterogeneity between elderly crash frequency and influencing variables. To fill
these gaps, this study developed an approach to explore the effects of contributing factors for
elderly vulnerable road users’ (VRUs) crashes from global and local perspectives.
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INTRODUCTION

During the rapid increase in the elderly population, the demand for the elderly in terms of
life, health and spirituality continues to grow. By the end of 2023, there are 297 million elderly
people aged 60 and above in China, accounting for 21.1% of the total population. China has
the largest elderly population in the world and it becomes particularly important to tackle the
population aging while improving the road traffic safety of the elderly. However, due to their
declining physical, cognitive and self-protection abilities, the elderly are the most vulnerable
road users (VRUs) when it comes to traffic safety. The elderly (61+) account for 37.18% of
total fatalities in 2021, up from 25.77% in 2015. The percentage of injured elderly in the total
injuries increases from 15.50% in 2015 to 23.44% in 2019 (/).

The abundance of zero crashes in many analysis units for some specific types of crashes,
makes traditional models unsuitable for accurate analysis in spatial modeling. Few studies have
revealed the spatial heterogeneity in the effects of contributing factors on older VRU crashes.
Ignoring this spatial heterogeneity can lead to inaccurate predictions. The GWRF model has
the dual capability to capture effectively the spatial heterogeneity and nonlinear relationships.
Therefore, the GWRF model is employed in this study to understand how factors contribute to
older VRU crashes in different spatial areas.

To improve elderly safety, this study proposes an analytic approach for contributing
factors analysis of elderly VRU safety, which uses global and local models to analyze elderly
VRU crashes. The study framework mainly includes three parts: (1) data collection and
preprocessing, (2) global and local safety modeling, and (3) analyzing global and local results,
including global relative influences, marginal effects, variables influences that vary across
spatial analysis units of elderly-involved pedestrian crashes and non-motorized vehicle (NMV)
crashes.

METHODOLOGY
Global Safety Modeling

To deal with zero-inflated crash data, the study employed gradient tree-boosted Tweedie
compound Poisson models (TDboost), proposed by Yang et al. (30). The Tweedie distribution
offers an integrated framework to model over-dispersed (variance greater than the mean),
under-dispersed (variance lesser than the mean), and zero-inflated (more numbers of zero).
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The Tweedie compound Poisson distribution is a special class of distributions in the family
of exponential dispersion distributions, and the probability density function of the family of
exponential dispersion distributions can be expressed as

fr(7:6,) = a(y, )exp 2 (1)
where a(*) and k() are given functions, 6 is a parameter in R, and ¢ is the dispersion
parameter in R*. For Tweedie models, the mean E(Y) = u = '(0) and the variance Var(Y) =
@K' (0), where k'(0) and k''(6) are the first and second derivatives of k(8), respectively. The
power mean-variance relationship of Tweedie models is Var(Y) = ¢u” for some index
parameter p € (1,2), which gives k”'(0) = uP, 8 = u*=?/(1 - p), and k() = u?*/(2 -
p). The A, a , y can be reparametrized as

A= 9C=p) @
— P
a=_ 3)
y =@ —Dur™ (4)
As a result, Equation (1) can be expressed as
_ 1oy b
fr16,¢,p) = aly, ¢, plexp { C—-— 5} ®)

A random variable Y is to obey a Tweedie compound Poisson distribution if its probability
density function has the form of Equation (5) with 1< p <2 and u > 0, denoted by
Tw(u, ¢, p) where 1< p < 2 and u > 0.

The log-likelihood of the Tweedie compound Poisson model is

Y T
logfy (416, 8, p) = 5 (%~ £—) + loga(s, ¢, ) (6)
The normalizing function a(-) can be expressed as
1,fory=20
a(y,¢,p) = v (7)

CEEAW 0, h.0) = S g e fOT Y > 0
where a = (2—-p)/(1 —p) and X,/ W; is an example of Wright’s generalized Bessel
function.

Following the settings of the above model, the crash Y; is denoted by Tw(y;, ¢, p),
Assume that the expected crash y; is determined by a predictor function F:

log{u;} = log{E(Y;|x;)} = F(x;) ®)
where X; is a vector of independent variables.

The predictor function F is estimated by integrating the boosted Tweedie model into the
tree-based gradient boosting algorithm. The TDboost model can provide the variable
importance and partial dependence plots (PDPs) to interpret the global impact. In this study, 5-
fold cross-validation is chosen to seek the estimated best number of trees.

Local Safety Modeling

The variable importance of the global safety analysis model (e.g. RF model) does not
change with the spatial location of the samples. Additionally, Global models may not uncover
the spatial dependence or heterogeneity in the associations among spatial data in geographical
analysis of crash frequency. To account for spatial heterogeneity of factors’ effects, the GWR

3
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model is the appropriate spatial statistical technique to capture the spatial non-stationarity by
establishing a local equation at each analysis unit. The general expression for GWR model is
written as:

Vi = Bo(uy, vi) + Y=g Bre(wy, vi) X + & )
where y; is the dependent variable for grid i, u; and v; is the coordinates of the center of grid
i, & is the residual, and B (u; v;) is the local regression coefficient estimate for the
independent variable x;, at grid i.

The GWR model can capture spatial heterogeneity or dependence and local variations of
crash data, but they cannot reveal the non-linearity of independent variables. To address this
limitation, the GWRF model is introduced, which integrates the concepts of GWR and
traditional RF model and establishes a local model to characterize spatial heterogeneity
effectively while revealing nonlinear relationships. The GWRF model can be expressed as the
following equation:

Vi = f(ui,vi)(x*) + & (10)
where f(,, v, (x") is the prediction of GWRF model at grid i.

DATA PREPARATION

This study used a grid measuring 1 km % 1 km in Suzhou, China, for the case study area.
We focused on pedestrian and NMV crashes involving elderly individuals aged 60 and over,
which were selected as dependent variables, from 2019 to 2023. Based on the previous
literature, the independent variables, that is, contributing factors, were selected mainly from
three aspects including socio-economic, road network, public facility. Socio-economic data
included population and housing prices. Road network features, including road network, nodes,
and the total length of urban, rural, and national and provincial roads. Public facility data,
including the points of interests (POIs) data, was used to reflect the mobility of elderly people.
The number of metro exits, bus stops, healthcare, parks, markets were extracted directly from
the POIs dataset.

RESULTS

Figure 1 illustrates the variable importance of independent variables in predicting elderly
VRU crashes. Population stood out conspicuously in predicting elderly pedestrian crashes, with
a contribution of 48.795%, accounting for a substantial proportion of the total importance. This
finding is consistent with our intuition. Healthcare was the second most important independent
variable with a contribution of 27.22%, respectively. Taken both together, population and
healthcare have non-trivial effects on elderly pedestrian crashes.
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Population 48.795

Healthcare 27.22
Urban road -es4.687
Market -j—.314
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Node 3.354
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Variables

Road network -=2.072
Housing price ==1.535
Rural road -=1.275
National and provincial road $0.295

Metro exit 40.147

T T T T T

0 10 20 30 40 50
Relative influence

Figure 1 Relative contributions of independent variables to elderly pedestrian crashes

Figure 2 depicts the marginal effects of the top four contributing factors on predicting
elderly pedestrian crashes based on the PDPs, after accounting for the average effects. All four
contributing factors demonstrated nonlinear effects in predicting elderly pedestrian crashes.
First, elderly pedestrian crashes increased substantially when population was under about
11,600 persons, that is, population was positively associated with elderly pedestrian crashes.
When population exceeded about 11,600 persons, it had no additional effect on crashes.
Similarly, there was an obvious increasing trend as the number of healthcare facilities increased
from 0 to about 18.
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Figure 2 PDPs of key contributing factors on elderly pedestrian crashes

Figure 3 and Figure 4 illustrate the spatial distribution of the variable importance for
contributing factors in predicting elderly VRU crashes. Generally, the importance of population,
healthcare, urban road, and market varied significantly across areas in the elderly pedestrian
crashes model, showing a spatial clustering tendency with high importance in the downtown
areas and central areas of county-level cities (Figure 3). In terms of population, it had a wider
impact on elderly pedestrian crashes in the downtown areas compared with other factors. These
results suggest that elderly pedestrian safety deserves more attention in downtown areas with
high population. As shown in Figure 4, the importance of contributing factors for elderly NMV
crashes was centrally dispersed in the central and northern areas, showing a block distribution
tendency. This might be because NMVs travel further compared to walking, leading to a larger
impact on elderly NMV crashes. Therefore, NMV safety needs to be taken care of in the
northern county-level cities, focusing on areas with a high concentration of road facilities and
public utilities.
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Figure 3 Geographical distribution of variable importance of the major contributing
factors in predicting elderly pedestrian crashes
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Figure 4 Geographical distribution of variable importance of the major contributing
factors in predicting elderly NMYV crashes

CONCLUSIONS

Abundant zero crashes also exist at the macro-level for some specific types of crashes. In
addition, few studies have considered the spatial heterogeneity between elderly crashes and
influencing variables. The study tries to bridge these gaps, providing a comprehensive analytic
framework from global and local perspectives to model the elderly VRU crashes, after which
the contributing factors’ safety effects were explored.

This study introduced a viable analytic framework to model the elderly VRU crashes
globally and locally, exploring contributing factors’ safety effects, and proposed some
suggestions to improve the elderly safety. Furthermore, several questions merit further
exploration. The study only used grids measuring 1km x 1km as analysis units to aggregate
crashes, which might lead to the Modifiable Area Unit Problem (MAUP). The MAUP issue
deserves in-depth study by comparing the model results using different analysis units, such as
different size grids, traffic analysis zones, and buffer. Additionally, this paper considered travel

7
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modes for elderly crashes and the severity of elderly crashes could be further considered to
explore the spatial relationship to provide suggestions for policy-makers, planners, and
engineers.
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