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Abstract

Analyses of electric two-wheeler (E2W) accident causes often overlook individual hetero-
geneity and non-linear effects among influencing factors, causing risk prediction models to
fail. Based on 742 motor vehicle–E2W collisions from the China In-Depth Accident Study
(CIDAS) database, we established the correlated random parameter ordered probit model
with heterogeneity in means (CRPOPH) and the generalized additive model (GAM) to
analyze the effects of discrete and continuous variables on E2W accident severity. The
results show that injury severity increases significantly for the following characteristics:
male, 51–60 years old, <170 cm, SUV or truck, intersection road, non-asphalt pavement,
daytime and side impact accidents. With all other factors held constant, injury severity
decreases with increasing seat height and seat–handlebar distance; when the wheelbase is
approximately between 1000 mm and 1400 mm, injury severity tends to be the lowest; when
the E2W speed is about 15–30 km/h, injury severity is positively correlated with speed; in
other speed ranges, E2W speed is negatively correlated with injury severity. Compared
with traditional linear models, the proposed method achieves both high interpretability
and high fitting accuracy in modeling E2W accident severity.

Keywords: electric two-wheeler; CIDAS; CRPOPH; GAM; injury severity

1. Introduction
In recent years, the electric two-wheeler (E2W) has become one of the preferred

means of transportation for short distance travel because of its convenience and environ-
mental protection. However, accompanied by it, the safety problem of E2Ws has become
increasingly prominent. In 2021, the death toll of global powered two- and three-wheeled
vehicles users accounted for 30% of the total deaths in road traffic accidents [1]. Between
2017 and 2022, the number of injuries related to electric bicycles in the United States
increased thirtyfold [2]. From 2019 to 2023, the annual growth rate of traffic accident
casualties involving electric bicycles in China was 5.85% [3]. Therefore, how to effectively
reduce the accident injury of E2Ws has become an important issue to be solved in the
field of traffic safety.

As a vulnerable road user, E2W riders are usually the more seriously injured party
in traffic accidents. Therefore, in order to reduce the injury caused by E2W accidents,
we need to understand the influencing factors of the injury severity of E2W riders and
its mechanism. In the analysis of road traffic accident severity, the probit model has
better sensitivity to tail extreme events and collaborative modeling ability to unobserved
behavior than the logit model. Initially, accident severity was dichotomized (e.g., death vs.
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non-death) and analyzed using binary probit models (BPM) [4,5]. However, BPM cannot
accommodate multi-level injury outcomes. To address this limitation, the ordered probit
model (OPM) was introduced [6–8], which extends the binary framework to ordered
multi-classification and remains widely used due to its parsimony and interpretability.
The models discussed above (BPM and OPM) are fixed-parameter discrete choice models,
assuming that the effects of explanatory variables are constant across individuals, thereby
ignoring unobserved heterogeneity such as differences in riding behavior or attention
level. To overcome this limitation, the random parameter probit model (RPM) was de-
veloped [9,10]. This type of model introduces random coefficients, allows parameters to
follow an individual-level distribution, and can effectively capture hidden individual
differences, especially when the distribution of injury outcomes is asymmetric or tail
risk is prominent. Nevertheless, the RPM assumes that all random coefficients follow
the same distribution and fails to fully account for the heterogeneity of parameter dis-
tributions. To relax the independence assumption of the RPM, the correlated random
parameter ordered probit model with heterogeneity in means (CRPOPH) was further
proposed [11–13]. Through a structured grouping mechanism, this model accurately
identifies and quantifies systematic heterogeneity at the group level, thereby significantly
improving explanatory power and goodness of fit without sacrificing estimation effi-
ciency. All the above models are discrete choice models (DCMs), which have limitations
in dealing with nonlinear effects between variables. The generalized additive model
(GAM) can significantly improve the ability to capture complex nonlinear relationships
by introducing smooth spline functions to perform nonparametric fitting on continuous
covariates without prespecifying the functional form [14–16].

This study aims to analyze the factors affecting E2W accident severity by integrating
the correlated random parameter ordered probit model with heterogeneity in means (CR-
POPH) and the generalized additive model (GAM). This joint framework accounts for both
individual heterogeneity and nonlinear effects of continuous variables—two aspects that
traditional discrete choice models often overlook or treat separately. By capturing both
sources of complexity simultaneously, our approach yields more accurate estimates and a
more comprehensive understanding of the factors affecting E2W accident severity.

2. Materials and Methods
2.1. Data Collection

A total of 742 E2W accident cases from the years 2014 to 2020 were extracted from
the CIDAS database for this study. These accidents met the following criteria: (1) Motor
vehicle vs. E2W collision; (2) complete accident information records; (3) involvement of a
single motor vehicle and an E2W; (4) the E2W rider sustained at least minor injuries; (5) the
E2W rider was above 18 years of age. The accident statistics are shown in Table 1.

Table 1. Descriptive statistics of E2W accident data.

Variable Type Variable

Discrete Variable Continuous Variable

Classification Frequency Proportion Mean Standard
Deviation

Minimum/
Maximum

Rider
characteristics

Gender
0—man * 480 64.7

1—woman 262 35.3

Age

1—18~30 * 141 19.0
2—31~40 116 15.6
3—41~50 172 23.2
4—51~60 136 18.3

5—>60 177 23.9
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Table 1. Cont.

Variable Type Variable

Discrete Variable Continuous Variable

Classification Frequency Proportion Mean Standard
Deviation

Minimum/
Maximum

Rider
characteristics

Height/cm

1—<160 * 55 7.4
2—160~165 203 27.4
3—166~170 112 15.1
4—171~175 305 41.1

5—>175 67 9.0

Weight /kg

1—<50 * 15 2.0
2—50~60 130 17.5
3—61~70 318 42.9

4—>70 279 37.6

Vehicle
characteristics

Automobile
type

1—Sedan * 474 63.9
2—SUV 200 27.0
3—Truck 68 9.2

Length (E2W)/mm 1740.73 153.838 1200/2100
Height (E2W)/mm 1108.79 134.793 800/1370
Width (E2W)/mm 639.40 41.854 510/785
Wheelbase (E2W)/mm 1203.33 100.26 800/1470
Weight (E2W)/kg 137.86 20.50 80/240
Seat height (E2W)/mm 733.35 50.7 550/1250
Seat–handlebar distance (E2W)/mm 633.31 83.8 400/1000
Handle height (E2W)/mm 988.87 61.0 800/1200
Handle width (E2W)/mm 634.47 35.0 500/740

Road
characteristics

Section
0—Intersection * 540 72.8

1—Non
intersection 202 27.2

Material
0—Asphalt * 438 59.0

1—Non asphalt 304 41.0

Environmental
characteristics collision time

0—Daytime * 542 73.0
1—Night 200 27.0

Collision
characteristics

Impact point on the
E2W

1—Front * 164 22.1
2—Left 300 40.4

3—Right 242 32.6
4—Tail 36 4.9

E2W speed (km/h) 25.58 8.391 0/55
Car speed (km/h) 51.90 19.285 5/80

* Indicate reference category.

2.2. Model Development
2.2.1. The Correlated Random Parameter Ordered Probit Model with Heterogeneity
in Means

The ordered probit model (OPM) has been widely used to model damage severity. The
model takes into account the ordered discrete nature of the data, but the model assumes that
the influence of various factors on the accident severity is fixed in different accidents, which
is inconsistent with the reality. Therefore, in order to capture the influence of heterogeneous
factors not observed in the accident data, the random parameter modeling method is
used. By adding random items to β, the random parameter ordered probit model (RPOP)
is introduced:

βw = β + Γvw (1)

where β is the mean vector of the random parameter vector; vw is the random term that
obeys the standard normal distribution; Γ is the Cholesky matrix, which is the lower
triangular matrix used to estimate the covariance matrix and correlation coefficient of
random parameters.
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In order to analyze the influence of unobserved heterogeneity on the mean of random
parameters, the random parameter ordered probit model with heterogeneity in the means
is introduced:

βw = β + δkw + Γvw (2)

where kw is the vector that affects the heterogeneity of the mean value of random parame-
ters; δ is the coefficient vector.

The random parameter ordered probit model with heterogeneity in the means assumes
that the random parameters are uncorrelated and the matrix is restricted to a diagonal ma-
trix. However, the correlated random parameter ordered probit model with heterogeneity
in means (CRPOPH) relaxes the restriction that the nondiagonal elements of the covariance
matrix are 0, which allows the nondiagonal elements of the matrix to be not 0, and it can
capture the correlation effect between random parameters. The variance–covariance matrix
v of the random parameters is derived from the Cholesky matrix decomposition:

V = ΓΓT (3)

We calculated the standard deviation of each relevant random parameter using the
diagonal and non-diagonal element values of the variance covariance matrix:

σj =
√

σ2
k,1 + σ2

k,2 + . . . + σ2
k,k−1 + σ2

k,k (4)

where σj is the standard deviation of the j-th random parameter; and σ is the diagonal
element of the Γ matrix corresponding to the specific random parameter j. In addition, σk,1,
σk,2 . . . σk,k−1 represents the nondiagonal elements of the U matrix corresponding to the
specific random parameter j.

In order to check the statistical significance of these standard deviations, the Z-test
statistics corresponding to the relevant random parameters can be calculated according to
the observation-specific standard deviation estimates generated by the software:

SEσk =
Sσk,w√

N
(5)

Zσk =
σk

SEσk
(6)

where σk is the standard deviation of the random parameter k, SEσk is the standard error
of the standard deviation σk, and σk,w is the software-generated standard deviation of
the random parameter of accident w; Sσk,w is the standard deviation of σk,w; N is the
number of cases, and Z is the Z-test statistic corresponding to the standard deviation of
random parameters.

The correlation coefficient between random variables is calculated as follows:

Cor(xk, xk′) =
Cov(xk, xk′)

σkσk′
(7)

where Cov(xk, xk′) is the covariance between the two random variables xk and xk′ , and σk

and σk′ are the standard deviations associated with these two random variables.
The maximum likelihood method was used to estimate the CRPOPH. In order to

evaluate the overall goodness of fit of the model, Akaike information criterion (AIC) was
used. The smaller the AIC, the better the fitting effect of the model. In order to determine
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the impact of changes in independent variables on the severity of each type of damage, it is
necessary to calculate the marginal effect. The marginal effect is calculated as follows:

∂Pw(y = j)
∂X

=
[
φ(µj−1 − βX)− φ(µj − βX)

]
β (8)

where φ is the density function of the standard normal distribution; Pw(y = j) is the
probability of causing damage severity J in accident W, and the expression is as follows:

Pw(y = j) = Φ(µj−1 − βX)− Φ
(
µj − βX

)
(9)

where Φ is the probability distribution function of the standard normal distribution.
Binary variables can be fitted with this model. For multi-class variables, N−1 dummy

variables need to be used to replace N-class variables. For example, the impact point on
E2W is divided into four categories, so three dummy variables need to be set.

The study used NLOGIT5.0 software to estimate the severity of injuries to E2W riders
using maximum likelihood estimation methods, including OPM, RPOP, and CRPOPH.
Take a significance level of 0.1 as the threshold for screening significant variables. Using
the backward fitting method, all independent variables are first included in the model, and
then insignificant parameters are removed. The fitting continues until all parameters under
all categories are significant at a significance level of 0.1.

2.2.2. The Generalized Additive Model

Establish a GAM to analyze the nonlinear mechanism of continuous independent
variables on the severity of E2W accidents. The expression is shown as follows:

g
(
E
(
Y
∣∣X1, X2, . . . Xp

))
= s0 +

m

∑
j=1

sj
(
Xj

)
(10)

where Y is the dependent variable; X is the independent variable; p is the number of
independent variables; s0 is the intercept term; m is the number of smoothing terms; and
sj(•) is the smoothing function for non-parametric terms. E(•) is the probability of different
E2W accident severities; and g(•) is the connection function.

In the study, g(•) chose the logit model and required the dependent variable to be
binary. However, the dependent variable in the study was the severity of E2W accidents,
which was classified into three categories. Therefore, moderate injury accidents and serious
injury or death accidents were classified as one category, namely serious injury accidents.
According to this classification method, there were 457 minor injury accidents and 285
serious injury accidents. Set Yi as a binary dependent variable reflecting the severity of the
E2W accident, Yi ∼ binomial(1, µi). When Yi is 1, it indicates that the accident is a serious
injury accident, and when Yi is 0, it indicates that the accident is a minor injury accident.
Therefore, GAM is expressed as follows:

log it{P(Xi)} = log
{

P(Xi)

1 − P(Xi)

}
= s0 +

m

∑
j=1

sj(Xj) (11)

P(Xi) = Pr(Yi = 1|Xi) (12)

If all variables in the GAM model are introduced in non-parametric form, it is easy to
cause overfitting of the model and insufficient explanatory power. Therefore, based on the
GAM model, a semiparametric generalized additive model is proposed to analyze both
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continuous and discrete independent variables. Using the backward-fitting algorithm with
a confidence level of 0.1, the final constructed GAM model is as follows:

log it{P(Xi)} = log
{

P(Xi)

1 − P(Xi)

}
= s0 +

m

∑
j=1

sj(Xj) +
p

∑
j=m+1

β j(Xj) (13)

where
p
∑

j=m+1
β j
(
Xj

)
is the parameter part;

m
∑

j=1
Sj
(
Xj

)
is the non-parametric part; S(•) is a

smoothing function; and m is the number of smoothing terms; β j is the estimated parameter
for categorical variables.

In order to ensure the smoothness of the spline curve, it is necessary to minimize the
objective function:

m

∑
i=1

(y − s(x))2 + λ
∫

(s′′ (t))2dt (14)

where
m
∑

i=1
(y − s(x))2 is the sum of squared residuals, which is used to evaluate the good-

ness of fit of the model. The smaller its value, the better the fit of the model;
∫
(s′′ (t))2dt

is the model penalty term used to measure the overall smoothness of the interval; λ is
the smoothing parameter, being too high or too low will result in the model being over-
smoothed or under-smoothed.

The overall goodness of fit criterion of the AIC evaluation model using Akaike infor-
mation criterion is studied. The smaller the AIC, the better the fitting effect of the model.
In addition, the Pearson chi square value χ2 was used to evaluate whether the smoothing
function S(•) of each factor was significant; The root mean square error (RMSE) and mean
absolute error (MAE) were used to measure the prediction accuracy of different models.

χ2 =
n

∑
k=1

(yk − yk)
2

yk
(15)

RMSE =

√√√√ 1
n

n

∑
k=1

(yk − yk)
2

(16)

MAE =
1
n

n

∑
k=1

∣∣yk − yk
∣∣ (17)

where n is the number of observations, yk is the observed value, and yk is the pre-
dicted value.

3. Results
3.1. Analysis of CRPOPH Results

According to the MAIS value of riders in the accident, E2W accidents are divided
into minor injury accidents (MAIS = 1), moderate injury accidents (MAIS = 2) and serious
injury or death accidents (MAIS ≥ 3). The data used in the study included 457 minor injury
accidents (61.59%), 152 moderate injury accidents (20.49%) and 133 serious injury or death
accidents (17.92%).

The goodness of fit comparisons for OPM, RPOP, and CRPOPH are presented in
Table 2. The initial log-likelihood was −691.111 across all three models. At convergence,
OPM yielded a log-likelihood of −613.588 and a McFadden R2 of 0.112, both lower than
those of RPOP (−611.017 and 0.131, respectively) and CRPOPH (−605.794 and 0.141, re-
spectively). Conversely, the AIC of OPM (1269.6) was larger than that of RPOP (1262.0) and
CRPOPH (1261.2), indicating that models accounting for heterogeneity provide superior fit
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to the traditional ordered probit specification. Between the two heterogeneity-adjusted mod-
els, CRPOPH outperformed RPOP, with a higher log-likelihood at convergence (∆ = 5.223),
higher McFadden R2 (0.141 vs. 0.131), and a lower AIC (1261.2 vs. 1262.0). This suggests
that incorporating both correlation among random parameters and their mean hetero-
geneity further improves model performance over considering random parameters alone.
Taken together, CRPOPH exhibits clear advantages in terms of goodness of fit, as well as
its capacity to capture heterogeneity and interactive effects across factors. Therefore, we
adopted CRPOPH as the primary analytical framework to examine the determinants of
injury severity among E2W riders.

Table 2. Comparison of model goodness of fit indexes.

Goodness of Fit Index OPM RPOP CRPOPH

Log likelihood value at model convergence −613.588 −611.017 −605.794
Log likelihood value with constant term only −691.111 −691.111 −691.111

McFadden R2 0.112 0.131 0.141
AIC 1269.6 1262.0 1261.2

Table 3 presents the estimation results for the non-random parameters. All reported
variables were significant at the 0.1 level (|z| > 1.645). In this ordered probit framework, a
positive coefficient indicates that the variable increases the probability of being in a higher
injury severity category (MAIS ≥ 2 or MAIS ≥ 3), whereas a negative coefficient suggests a
higher probability of remaining in the lowest severity category (MAIS = 1). Among rider-
related factors, females (β = −0.425, z = −2.77) and riders of height 170–175 cm (β = −0.404,
z = −2.55) or >175 cm (β = −0.430, z = −2.02) were significantly associated with a lower
likelihood of more severe injuries. In contrast, riders aged 51–60 years (β = 0.493, z = 4.15)
exhibited a significantly higher probability of severe outcomes. Regarding crash character-
istics, truck–E2W collisions (β = 0.245, z = 1.77) and SUV–E2W collisions (β = 0.616, z = 5.91)
significantly increased injury severity, as did non-asphalt roads (β = 0.311, z = 3.13) and
right-side impacts (β = 0.402, z = 3.85). Conversely, non-intersection locations (β = −0.267,
z = −2.19) and nighttime conditions (β = −0.385, z = −2.62) were associated with a reduced
probability of serious injury.

In terms of random parameters, as shown in Figure 1a, 82.61% of E2W riders sustained
serious injuries in SUV–E2W collisions, compared with 61.59% in sedan–E2W collisions,
indicating that E2W riders are more susceptible to serious injuries when involved in colli-
sions with SUVs. Figure 1b further reveals that 76.78% of E2W riders suffer serious injuries
when rear-ended by a motor vehicle, compared with side-impact collisions, suggesting
that rear-end impacts pose a greater safety risk to E2W riders. Regarding heterogeneity,
the results indicate that road characteristics and collision time significantly influence the
mean of the random parameter for SUV. As shown in Figure 2a, this mean is negatively
correlated with non-intersections, implying that although collisions with SUVs increase
the probability of serious injury to riders, this probability is reduced when such crashes
occur at non-intersections. Specifically, the estimated mean of the random parameter for
SUV–E2W collisions is 0.616 at intersections, but decreases to −0.540 at non-intersections,
indicating that SUV–E2W crashes at intersections tend to result in more serious injuries
than those on non-intersections. In contrast, the mean of the random parameter for SUV
exhibits a positive association with collision time. As depicted in Figure 2b, the mean is
0.616 for daytime collisions, whereas it rises to 1.698 for nighttime crashes, indicating that
E2W riders face a significantly higher risk of severe injury when colliding with an SUV
at night.
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Table 3. Model estimates for OPM, RPOP and CRPOPH.

Variable Type Variable

OPM RPOP CRPOPH

Parameter
Estimation z Value Parameter

Estimation z Value Parameter
Estimation z Value

Rider characteristics

Constant term 0.220 1.76 0.265 1.87 0.264 1.96

Woman −0.409 −2.95 −0.425 −2.84 −0.425 −2.77
51–60 years old 0.457 3.90 0.478 4.11 0.493 4.15

170–175 cm −0.468 −3.45 −0.469 −3.41 −0.404 −2.55
>175 cm −0.422 −2.15 −0.471 −2.25 −0.430 −2.02

Vehicle
characteristics Truck 0.242 1.80 0.235 1.73 0.245 1.77

Road characteristics
Non intersection −0.225 −2.05 −0.250 −2.12 −0.267 −2.19

Non asphalt pavement 0.298 3.10 0.302 3.08 0.311 3.13

Environmental
characteristics Night −0.261 −2.36 −0.309 −2.70 −0.385 −2.62

Collision
characteristics Right 0.364 3.63 0.394 3.81 0.402 3.85

Vehicle
characteristics

SUV 1.131 7.12 1.273 7.09 0.616 5.91
Standard deviation of

parameter density function - - 1.161 5.41 0.656 22.06

Collision
characteristics

Tail 0.870 4.12 0.998 4.25 0.709 2.23
Standard deviation of

parameter density function - - 1.045 3.81 0.969 29.89

Heterogeneity in the
means of random

parameters

SUV: Non intersection - - - - −1.156 −2.99

SUV: Night - - - - 1.082 2.22

Threshold µ1 0.731 13.69 0.779 13.49 0.802 13.35

Characteristics of the
distribution of

random parameters

>0 <0 >0 <0 >0 <0
SUV - - - - 82.61 17.39
Tail - - - - 76.78 23.22

  
(a) (b) 

Figure 1. Distribution of random parameters in CRPOPH: (a) SUV. (b) Rear-end collision.

In order to further examine the interdependencies among unobserved factors, the CR-
POPH also estimates the correlation coefficients between the random parameters. Table 4
shows the Cholesky matrix for the random parameters, with Z-test statistics shown in
brackets. Table 5 presents the variance–covariance matrix of the random parameters. As
shown in Table 6, there is a significant positive correlation between the unobserved het-
erogeneity of the random parameters associated with rear-end collisions involving SUVs
and E2W collision sites, indicating that when an SUV rear-ends an E2W, the probability of
serious injury to the E2W rider increases significantly.
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(a) (b) 

Figure 2. Heterogeneity analysis of the mean of random parameters in SUV−E2W collisions. (a) Non-
intersection−SUV. (b) Night−SUV.

Table 4. Cholesky matrix of random parameters.

SUV Tail

SUV 0.810 [3.70]

Tail 0.573 [2.24] 0.305 [2.02]

Table 5. Variance–covariance matrix of random parameters.

SUV Tail

SUV 0.656

Tail 0.464 0.417

Table 6. Correlation coefficient matrix of random parameters.

SUV Tail

SUV 1.000

Tail 0.649 1.000

To quantitatively examine the influence of independent variables on E2W accident
severity, we calculated the average marginal effects, with results presented in Table 7.
Regarding rider characteristics, female riders are more likely to sustain minor injuries but
are 7.2% and 8.4% less likely to experience moderate or severe/fatal injuries than their male
counterparts. In terms of age and height, riders aged 51–60 exhibit a higher risk of moderate
and severe/fatal injuries (+6.9% and +12.3%) relative to those aged 18–30; similarly, taller
riders (170–175 cm and >175 cm) show a greater propensity for minor injuries (+15.0% and
+15.1%) but a lower probability of severe/fatal outcomes (−8.3% and −7.4%) compared
to shorter riders (<170 cm). Turning to vehicle characteristics, collisions with SUVs and
trucks elevate the likelihood of moderate injuries (+3.8% and +2.2%, respectively) and
severe/fatal injuries (+5.7% and +53.3%, respectively) relative to sedan collisions. For road
features, non-intersection locations decrease the probability of moderate and severe/fatal
accidents by 4.6% and 5.3%, whereas non-asphalt pavement increases these risks by 2.38%
and 5.4%. Regarding environmental conditions, nighttime riding is associated with a 14%
higher probability of minor injuries but a 6.7% and 7.3% lower probability of moderate
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and severe/fatal injuries compared to daytime. Finally, in terms of collision characteristics,
side impacts (right side) increase moderate and severe/fatal injury risks by 6.2% and 9.2%,
while rear-end collisions exert the most pronounced effect, raising these probabilities by
7.4% and 20.3% relative to frontal collisions.

Table 7. Results of the marginal effects analysis for significant variables.

Variable Type Variable Minor
Injury

Moderate
Injury

Serious Injury
or Death

Rider
characteristics

Woman 0.157 −0.072 −0.084
51–60 years old −0.192 0.069 0.123

170–175 cm 0.150 −0.068 −0.083
>175 cm 0.151 0.077 −0.074

Vehicle
characteristics

Truck −0.555 0.022 0.533
SUV −0.095 0.038 0.057

Road
characteristics

Non-intersection 0.099 −0.046 −0.053
Non asphalt −0.116 0.052 0.064

Environmental
characteristics Night 0.140 −0.067 −0.074

Collision
characteristics

Right −0.155 0.062 0.092
Tail −0.277 0.074 0.203

3.2. Analysis of GAM Results

To evaluate the fitting performance of the Generalized Additive Model (GAM), we
included the Generalized Linear Model (GLM) as a benchmark for comparison. The results
of the GLM are presented in Table 8, and those of the GAM are shown in Tables 9 and 10.
In Table 10, the effective degrees of freedom (edf) reflect the degree of curvature of the
smoothing functions. An edf value close to 1 indicates an approximately linear relationship
between the variable and the dependent variable, whereas a larger edf suggests a more
pronounced nonlinear trend. The reference degrees of freedom (Ref.df) represent the
theoretical maximum complexity of the smooth terms; the closer the edf is to the Ref.df, the
stronger the data support for the corresponding smooth term. The statistical significance of
these nonlinear effects is determined by the associated p-values.

Table 8. Estimation of linear terms in GLM.

Variable Estimated Value Standard
Deviation z Value p Value

Intercept term 7.180 2.027 3.541 0.000398
51–60 years old 0.485 0.244 1.992 0.046394

SUV 2.870 0.563 5.101 3.38 × 10−7

Night −0.436 0.239 −1.822 0.068449
Wheelbase 0.014 0.010 1.689 0.046470
Seat height −0.049 0.022 −2.214 0.026839

Seat–handlebar distance −0.053 0.014 −3.688 0.000226
E2W speed 0.016 0.012 1.788 0.016526

Table 9. Estimation of linear terms in GAM.

Variable Estimated Value Standard
Deviation z Value p Value

Intercept term −0.680 0.131 −5.175 2.28 × 10−7

51–60 years old 0.449 0.250 1.794 0.0728
SUV 2.934 0.573 5.121 3.04 × 10−7

Night −0.412 0.246 −1.678 0.0934
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Table 10. Estimation results of smooth terms in GAM.

Variable edf Ref.df χ2 p Value

S (wheelbase) 6.527 7.607 16.757 0.033
S (seat height) 1.987 2.559 8.142 0.049

S (seat-handlebar distance) 1.000 1.000 13.814 0 < 0.001
S (E2W speed) 3.183 4.032 8.543 0.035

The combined results from both the GLM and GAM indicate that, among the discrete
variables, age group 51–60 years (GLM: z = 3.541, p = 0.046; GAM: z = 1.794, p = 0.073),
SUV involvement (GLM: z = 5.101, p < 0.001; GAM: z = 5.121, p < 0.001), and nighttime
driving (GLM: z = −1.822, p = 0.068; GAM: z = −1.678, p = 0.093) are associated with
crash severity. For the continuous variables, the nonlinear terms of wheelbase (GLM:
z = 1.689, p = 0.046; GAM: χ2 = 16.757, p = 0.033), seat height (GLM: z = −2.214, p = 0.027;
GAM: χ2 = 8.142, p = 0.049), seat–handlebar distance (GLM: z = −3.688, p < 0.001; GAM:
χ2 = 13.814, p < 0.001), and speed (GLM: z = 1.788, p = 0.017; GAM: χ2 = 8.543, p = 0.035)
were all statistically significant.

In terms of model fit, the GAM achieved a lower AIC value (618.29) compared to the
GLM (625.68), suggesting that incorporating nonlinear relationships substantially improved
the model fit. Furthermore, as shown in Table 11, the GAM consistently outperformed the
GLM on both the training and test sets, with lower RMSE and MAE values and higher
R2 values, indicating superior predictive capability. According to Table 9, the 51–60 age
group (z = 1.794, p = 0.073) and SUV involvement (z = 5.121, p < 0.001) are positively
associated with crash severity, while nighttime driving (z = −1.678, p = 0.093) is negatively
associated with crash severity. These findings are consistent with the results obtained from
the CRPOPH analysis.

Table 11. Comparison of GLM and GAM prediction results and goodness of fit.

Variable
GLM GAM

RMSE MAE R2 RMSE MAE R2

Training set 1.979707 1.078703 0.141 1.923862 1.066415 0.156
Test set 1.918572 1.072605 0.112 1.913447 1.076061 0.116

As shown in Figure 3a, there is a complex nonlinear relationship between E2W wheel-
base and accident severity. When the wheelbase is below approximately 1000 mm, accident
severity increases with wheelbase. When the wheelbase is roughly 1000–1100 mm, accident
severity decreases as wheelbase increases. In the approximate range of 1100–1400 mm,
accident severity fluctuates with increasing wheelbase. When the wheelbase exceeds about
1400 mm, accident severity increases with wheelbase. According to Figure 3b, there is no
significant nonlinear relationship between E2W seat height and accident severity. Acci-
dent severity decreases monotonically as seat height increases. Based on Table 10, the
estimated degree of freedom for seat–handlebar distance is 1, indicating a linear correlation
between accident severity and seat–handlebar distance. As shown in Figure 3c, accident
severity decreases monotonically with increasing seat–handlebar distance. A complex
nonlinear relationship exists between E2W speed and accident severity. As illustrated in
Figure 3d, when E2W speed is below about 15 km/h or above about 30 km/h, accident
severity decreases with speed; when speed is approximately 15–30 km/h, accident severity
significantly increases with speed.
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(a) (b) 

  
(c) (d) 

Figure 3. Non-linear influence of continuous variables on the severity of E2W accidents. (a) wheelbase.
(b) seat height. (c) seat−handlebar distance. (d) V.

4. Discussion
E2W accidents involve multiple characteristic factors, which may have correlations,

non-linear relationships, interactions, and unobserved heterogeneous effects with the sever-
ity of the E2W accident. The study takes the severity of E2W accidents as the dependent
variable and selects potential factors that may affect the severity of E2W accidents from five
aspects: rider characteristics, vehicle characteristics, road characteristics, environmental
characteristics, and collision characteristics as independent variables. A correlated random
parameter ordered probit model with heterogeneity in means and generalized additive
model (GAM) considering mean heterogeneity are constructed to analyze whether the
independent variables have a significant impact on the severity of E2W accidents and the
mechanism of the significant influencing factors.

4.1. Rider Characteristics

The study found that male E2W riders have a higher probability of serious injury
or death and a lower probability of minor injuries compared to female riders. Riders
aged 51–60 have a higher probability of serious injury or death than those aged 18–30.
Several mechanisms have been proposed in the literature to explain such patterns. For
example, some studies suggest that male riders may have faster perception and reaction
times, potentially reducing minor collisions [17], while others point to riskier behaviors
(e.g., speeding, red-light running, drunk driving) that lead to more severe outcomes [18].
Older riders may have slower reaction times and greater physical fragility [19,20]. How-
ever, due to the lack of gender-specific and age-specific exposure data (e.g., total riding
distance or number of riders per group), our study cannot determine whether the observed
probability differences reflect true per-ride risk differences or simply differences in riding
share across groups. Additionally, the inherent probability-mass constraint of ordered prob-
ability models means that a lower probability of moderate/severe crashes for one group
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necessarily implies a higher probability of minor crashes. Therefore, the above findings
should be interpreted as conditional associations within the sample, not as causal evidence
for any specific behavioral mechanism. Regarding helmet use, although not included in
our statistical models, the helmet-wearing rate among E2W riders in our sample was only
13.6%, as E2W riders in China are not legally required to wear helmets. Previous research
on E2W accidents has consistently shown that head injuries are the most common type of
injury [21,22]. Consequently, mandatory helmet wearing may be an effective strategy to
reduce injury severity in E2W accidents, a topic for future research.

4.2. Vehicle Characteristics

The study found that the larger the size of the vehicle involved in a collision, the higher
the probability of serious injury or fatality for E2W riders. This may be attributed to the
greater kinetic energy possessed by larger vehicles at the same speed. Additionally, larger
vehicles have larger blind spots, making it difficult for drivers to detect E2Ws, thereby
increasing the risk of collision incidents [23,24]. Furthermore, the structural dimensions
of E2Ws are a critical factor influencing accident severity. In addition, the structural size
of E2Ws is a key factor affecting the severity of the accident. The structural dimensions of
different E2Ws will affect the collision kinematics of the rider, resulting in changes in injury.
Therefore, optimizing the structural design of E2Ws is an important way to improve the
safety of riders.

4.3. Road Characteristics

The study found that serious accidents involving E2Ws are more likely to occur at
intersections, potentially due to the increased number of directional conflicts and restricted
driver vision. Additionally, the probability of serious E2W accidents on non-asphalt surfaces
is higher than on asphalt pavements, likely because asphalt provides greater surface
smoothness and friction coefficient, thereby reducing collision impact speeds. Therefore,
enhancing traffic management at intersections and conducting regular inspection and
maintenance of road surfaces can significantly improve the safety of E2W riders.

4.4. Environmental Characteristics

The study found that E2W riders are less likely to sustain serious injuries when riding
at night. This may be because road traffic is heavier and vehicle speeds are higher during
the day, and E2W riders tend to engage in riskier behavior, whereas at night, visibility
is reduced and E2W riders tend to ride more cautiously. Although weather factors were
not analyzed in this study, previous research has shown that adverse weather conditions
can lead to E2W accidents [25]. For example, rain and snow can reduce road grip, while
fog can decrease visibility and prolong reaction times for both car drivers and E2W riders.
Strong winds may also reduce the stability of E2Ws. Investigating the impact of weather
conditions on the severity of E2W accidents will be the next direction of our research.

4.5. Collision Characteristics

The study found that, compared with frontal collisions, E2Ws are more likely to be
involved in serious accidents when they are hit on the right side or rear. Compared with
driving straight, E2Ws face more traffic conflicts from other lanes when turning, which
increases the probability of collisions with motor vehicles. In addition, when E2Ws are
rear-ended, riders have difficulty taking emergency evasive action because they do not have
enough time to react, increasing the probability of serious injury to E2W riders in accidents.
The study also found a complex non-linear relationship between the collision speed of
E2Ws and the severity of E2W accidents, with a corresponding threshold of 30 km/h. When
the speed of an E2W is 30 km/h, the probability of the rider suffering serious injury is
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highest. This may be because different E2W speeds result in different collision locations and
collision kinematics for riders, but the detailed reasons need to be confirmed by conducting
further research.

5. Conclusions
This study identifies several factors that significantly affect E2W accident severity,

including rider demographics (gender, age, height), vehicle type, collision time and location,
road surface, E2W geometry (wheelbase, seat height, seat–handlebar distance), speed, and
impact point. All else being equal, male riders have a higher probability of serious injury
than female riders, riders aged 51–60 have a higher probability than those aged 18–30, and
riders shorter than 170 cm have a higher probability than taller riders. Collisions with SUVs
or trucks lead to a greater risk of serious injury than collisions with sedans. Regarding
environmental conditions, serious injuries are more probable at intersections versus non-
intersections, on non-asphalt roads rather than asphalt roads, and during daytime instead
of nighttime. In terms of impact configuration, right-side or rear-end crashes carry a higher
risk compared to frontal collisions. With regard to the design of E2Ws, the risk of serious
injury is lowest when the wheelbase is about 1000–1400 mm; furthermore, a higher seat
height and a greater seat–handlebar distance can reduce injury severity. The relationship
between the speed of E2Ws and injury severity is non-linear: within the speed range of
approximately 15 km/h to 30 km/h, there is a positive correlation between the two, while
at other speeds there is a negative correlation.
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