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Abstract: The combined contributions to mountain freeway safety of pavement performance, weather
conditions, and traffic condition indicators have not been thoroughly investigated due to the com-
plexity of their interactions and temporal instability. A cross-sectional analysis using a Generalized
Linear Model (GLM) approach with negative binomial distribution considering time-correlation
effects (TC-NB) was adopted to estimate the Crash Modification Factors (CMFs) of these indicators for
different segment types, alignment types, and cross-sectional forms based on eight quarters of data
from mountain freeways in China. According to the results, improving the pavement performance in-
dexes positively impacts the safety of different freeway segments, especially for the curved segments.
Quarterly Average Daily Traffic (QADT) has significantly negative safety effects on two-lane segments
with relatively narrow spaces, while the proportion of large vehicles plays a decisive role in the
safety impacts of tunnel segments. Small/moderate rain days in a quarter (SMR) were significantly
positively correlated with crash frequency, while the percentage of torrential rain days in a quarter
(TR) showed an opposite trend. The results of this study contribute to the effective coordination of
traffic monitoring systems, pavement management systems, and traffic safety management systems
to develop targeted improvement countermeasures for different freeway section types.

Keywords: crash modification factors (CMFs); cross-sectional analysis; mountain freeway; pavement
performance; traffic condition; weather conditions

1. Introduction

The Crash Modification Factors (CMFs), which quantify the changes in road safety out-
comes, specifically crash risk, resulting from implementing single or combined treatments,
serve as one of the most critical reference indicators for traffic management authorities
worldwide when preparing road safety improvement programs [1,2]. A CMF value of 1.0,
for example, represents zero effect on safety in the evaluation process, whereas a CMF
value greater than 1.0 indicates that the treatment results in a higher crash risk, while a
CMF value less than 1.0 indicates a lower crash risk. Since the 1980s, a large number of
studies have used different methods to confirm CMFs for both single and multiple safety
management strategies on roads, and CMFs are gradually being recognized as good predic-
tors of expected improvement outcomes. [3]. Observational before – after (BA) studies and
the cross-sectional method are regarded as the two state-of-the-art methods for developing
CMFs by the Highway Safety Manual (HSM) Volume 3, Part D (AASHTO, 2010) [4] and
other studies [5–8]. Because of the following reasons, before–after study is not always
practical. First, there could be insufficient before and after crash data. Second, the date of
implementation of the treatment is unknown or it is difficult to distinguish the effect of the
countermeasure from confounding factors [9]. The cross-Sectional approach is extremely
competitive due to its data accessibility and ease of processing [10]. Establishing superior
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Safety Performance Functions (SPFs), which typically include counting models for crash
frequency, is a prerequisite for reliable estimation of the CMFs.

Interactions of pavement performance, weather conditions, and traffic conditions
combine to affect traffic safety. Over the past three decades, most studies have primarily
evaluated CMFs for road design characteristics (e.g., geometric and cross-section character-
istics) [1,7,11] and traffic characteristics (e.g., traffic volume, traffic composition) [10,12,13],
with few CMFs considering pavement performance and weather conditions, which in-
troduces bias for traffic management authorities when analyzing the economic benefits
of road management. The introductions of efficient pavement performance and weather
testing equipment have provided the opportunity to quickly obtain pavement performance
indicators such as Pavement Surface Condition Index (PCI), Riding Quality Index (RQI),
Skidding Resistance Index (SRI), and weather condition indicators such as the Percentage
of small/moderate rainfall (SML) and the percentage of heavy/stormy rainfall (TR) [1].

It is worth noting that pavement performance, traffic characteristics, and weather con-
ditions have significant temporal characteristics, i.e., their performance changes regularly
over time (years, quarters, and months). Such changes lead to correlations of traffic crashes
occurring in adjacent time units, which is known as temporal correlation [14]. Traditional
SPFs (Poisson, Negative binomial, and their improved models) implicitly assume that
the effects of statistically determined factors are constant (temporally stable) over time.
Specifically, because crashes are relatively rare events, analysts typically aggregate crash
data over time (months, quarters, or years) to provide a sufficient number of observations
for statistical analysis. Thus, the time interval between two crash observations implies an
assumption of temporal stability, which has far-reaching implications for the construction
of SPFs and the analysis of CMFs [15].

The purpose of this study is to develop CMFs to quantify the combined effects of pave-
ment performance, weather conditions, and traffic conditions on traffic safety on mountain
freeways in China by developing innovative SPFs that consider temporal correlations in
crash data.

2. Literature Review

In this section, we investigate the effects of indicators related to pavement performance,
traffic conditions, and weather conditions on traffic safety and explain the sources of
temporal correlations and their modeling approaches. Finally, studies that summarize the
vacancies in the literature.

2.1. Impacts of Risk Factors on Traffic Safety

The main pavement performance indicators involving traffic safety include pavement
skid resistance, pavement deterioration, pavement smoothness, etc. Several studies [16–19]
have demonstrated that increasing the friction coefficient of pavements leads to significant
positive safety effects, especially in wet pavements, intersections, and steeply sloped
segments. For pavement deterioration indicators, the CMFs of Pavement Distress Ratio
(DR) and Pavement Condition Index (PCI) verified that uneven pavements are prone
to decreases in vehicle control, which increases the crash risks [20]. These effects are
particularly pronounced on roadways with a high number of heavy vehicles [1]. Tang
et al. [2] have shown that more than 60% of crashes on Chinese mountain freeways can
be avoided or reduced by improving the current state of pavement deterioration. For
pavement smoothness, uneven pavements increase the risk of vehicle skidding and rollover
on the one hand [21], and on the other hand, they may paralyze the drainage system,
resulting in excessive water on the road and increasing crash risks [22].

Traffic condition indicators affecting traffic safety mainly include traffic volume and
traffic compositions. The Highway Safety Manual (HSM) [4] incorporates several Crash
Modification Factors (CMFs) to quantify the change in crash frequency as a result of traffic
conditions different from base conditions, primarily Annual Average Daily Traffic (AADT)
and Lane Density (LD). It was found that both AADT and LD were positively correlated
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with crash frequency. In terms of traffic composition, most studies [23–25] specifically
explored CMFs for heavy truck traffic, showing that heavy trucks significantly increase
crash frequency due to line-of-sight obstruction. Vehicle speed is also an important factor
influencing crashes. Yu et al. (2013) [26] developed CMFs for average vehicle speed on
mountain freeways and found that average speed was negatively correlated with crash
frequency, and this safety effect was particularly pronounced under dry seasons.

Research on the safety effects of weather conditions has been increasing in recent
years. Collected meteorological data, such as annual/monthly rainfall, average/maximum/
minimum temperatures, and other easily obtainable weather conditions data are widely
used in road traffic safety studies [2,27–30]. For example, the results of Wen et al. (2019) [28]
showed that an increase in monthly average wind speed, monthly average daily precip-
itation, and monthly average visibility were detrimental to freeway traffic safety. Tang
et al. (2021) [2] showed that the higher the ratio of light/moderate and heavy/stormy
rainfall, the higher the crash frequency in freeway tunnels, with the most pronounced effect
observed for heavy/stormy rainfall. The impacts of rain on freeway safety are primarily
reflected in (1) reduced visibility distance for drivers, thereby compressing the space for
safe operations, and (2) reduced adhesion between the road and tires, especially on roads
with heavy vehicle traffic, increasing the likelihood of heavy vehicles losing control.

2.2. Temporal Correlations in Crash Data

There is a perception in freeway safety analysis based on crash data that the influence
of factors affecting crash frequency may not stabilize over time [31]. A growing number
of studies have reached similar conclusions: there is at least some temporal instability in
collecting a sufficient number of incident observations for statistical analysis over a given
time period (annual, quarterly, or monthly), especially for risk factors with significant time
series effects considered in the construction of Safety Performance Functions (SPFs), such
as traffic conditions and weather conditions. For example, Malyshkina and Mannering
(2010) [32] estimated Markov switching models, in which crash models alternate between
two states over time. This provides statistical support for temporal instability, even over the
short time periods they considered. Ignoring the transitions between states over time can
lead to biased parameter estimates. Xu et al. (2014) [33] similarly found statistical support
for Markov transformations in injury severity models using detailed data conditioned
on crash occurrence. In addition, with the advancement of modeling methods, more
methods for portraying temporal heterogeneity have emerged, including Generalized
Estimating Equations (GEE) [14,15], Autoregressive Models (AM) [34], Autoregressive
Moving Average Models (AMAM) [35], and Integer-valued Autoregressive Poisson models
(IVAP) [36]. The common feature of these methods is to characterize the instability of risk
effects by embedding correlation functions with lagged effects to portray the relationship
between sample data at different time periods. It is worth noting that the AM model is
simple in structure and has less impact on the original model, and thus can stand out from
the many time-correlated models.

2.3. Gaps in the Literature

There are two shortcomings in the current research results. One is that the com-
bined safety effects of pavement performance, traffic conditions, and weather conditions
have not yet been reported as CMFs. As studies at this stage explore CMFs for only one
or two of these risk factors, this limits the development of reliable safety improvement
plans for managers. Second, considering the time-varying characteristics of the aforemen-
tioned risk factors, the SPFs in the cross-section-based estimation method of CMFs fail
to provide a superior way of portraying them, resulting in significant deviations in CMF
estimates from actual conditions. In response to these research gaps, this paper makes
two·main contributions:
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(1) The pavement performance and meteorological condition indicators of five mountain-
ous freeways in China were investigated using multifunctional inspection vehicles
and meteorological observation equipment, and combined with traffic conditions
and crash data from different environments to establish a standard crash dataset
representative of Chinese freeway conditions;

(2) Autocorrelation priors were embedded into the traditional SPF structure to character-
ize temporal instability in the modeled data and CMFs were estimated for pavement
performance, traffic conditions, and weather conditions to quantify the safety effects
of each significant risk factor.

3. Data Collection and Description
3.1. Research Objects

The database used in this paper covers five typical mountain freeways in Guangdong
Province, China, including Kaiping to Yangjiang segments of the G15 Freeway (referred
to as Kaiyang Freeway), Yangjiang to Maoming segments of the G15 Freeway (referred
to as Yangmao Freeway), Maoming to Zhanjiang segments of the G15 Freeway (referred
to as Maozhan Freeway), Lianzhou to Huaiji segments of the G55 Freeway (referred to
as Lianhuai Freeway), and Huaiji to Sanshui segments of the G55 Freeway (referred to as
Huaisan Freeway). The dataset was collected in the direction of Kaiping to Zhanjiang and
Lianzhou to Sanshui. The route diagram and basic overview of each freeway are presented
in Figure 1 and Table 1.
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Table 1. Summary information of the study subjects.

Freeways Length (km) Design Speed (km/h) Number of
Interchanges

Number of
Service Areas

Number of
Tunnels

Kaiyang 125 100 12 2 0
Yangmao 79 100 16 1 0
Maozhan 102 120 8 1 0
Lianhuai 186 100 14 2 20
Huaisan 116 120 8 3 30

Total 611 -- 50 8 50
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3.2. Sample Division Methods

The time scale of freeway safety analysis is mainly annual, quarterly, and monthly,
while the time division unit in this paper is finally determined as quarterly for the following
reasons (according to the seasonal division in southern China, February–April, May–July,
August–October, and January–November in a year are defined as quarters 1–4, respec-
tively) [2]: (1) The quarterly segmentation criterion can reduce the random interference
of crashes compared to the micro-segmentation criterion represented by months. (2) The
micro-segmentation criterion generates more zero-valued samples, which imposes more
stringent requirements on the performance of SPFs. (3) Quarterly segmentation criteria
can capture time-series type of risk factors such as pavement performance and weather
conditions. Crashes and potential influencing factors for a total of eight quarters in 2015
and 2016 were used in this paper.

The spatial partitioning methods for the calibration samples of SPFs mainly include
the fixed-length method and the uncertain-length method [37]. The fixed-length method
divides freeways into a series of segments of the same length, usually 500 m, 1 km, or
1.5 km, by the non-overlapping equipartition method or the sliding equipartition method.
Although this method is simple and efficient to operate, the values obtained after aver-
aging indicators do not reflect the real impacts of risk factors on crashes, especially for
mountainous freeways with complex conditions. The uncertain-length method cleverly
circumvents this defect, which divides the freeway into segments with the same charac-
teristic indicators but different lengths according to the principle of homogeneity. This
approach does not require secondary processing of risk factor indicators for each segment,
which can truly reflect the risk characteristics. Hou et al. (2018) [30] also verified that using
the uncertain-length method to calibrate SPFs is more effective than that of fixed-length
methods, providing a reliable basis for using the uncertain-length method in this paper.

The criteria for segmentation in this paper are truncated where the type of segment,
plan geometric design, slope, and number of lane changes, and the following principles
are developed. (1) The elements of smooth curves and circular curves in planar geometric
design are collectively referred to as curve segments, and thus only straight segments and
curve segments exist in planar geometric design. (2) The location where the slope change
is greater than 1% is uniformly set as the longitudinal slope index change point, while
the average slope value is used as the alternative value in the composite section where
the slope change is less than 1%. (3) Segment types include basic segments, interchanges,
service areas, and tunnels (as shown in Figure 2). The interchanges are defined as the area
450 m before the ramp entrance to 450 m after the ramp exit. The service area is defined as
the area 450 m before the entrance to 450 m after the exit. Tunnels are defined as an area
100 m in front of the entrance to 100 m behind the exit. A total of 5568 samples (i.e., 696 × 8)
were obtained by combining the initial 696 homogeneous segments with eight quarters.

Once all samples were obtained, an important task was to classify them based on the
road facility environment. The purpose of this classification is to explore the variability
of the safety effects of pavement performance, traffic conditions, and weather conditions
across different road facility environments. Based on the clues provided by Hou et al.
(2020) [37] and Cai et al. (2020) [27] special road facility segments, alignment geometry,
and cross-sectional design all impact the CMFs for the risk factors discussed in this paper.
For example, there is a large variability in the improvement of traffic safety for the same
measures implemented on conventional freeway segments and interchanges, validating
the importance of sample categorization. The selection criteria for the road facility envi-
ronments in this paper include different road types (conventional segments (CS), tunnel
segments (TS), interchange segments (IS), and service area segments (SAS)), straight seg-
ments (SS) and curved segments (CUS), and two-lane segments (TWS) and three-lane
segments (THS). The final number of homogeneous samples obtained under each road
facility environment is shown in Figure 3.
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The sample sizes are strongly correlated with the standard deviation of the estimated
parameters of the SPFs. In general, the larger the sample size, the smaller the standard
deviation of the coefficients of each risk factor, and the more stable the variation of its
CMFs across segments. As seen in Figure 3, the sample size of conventional segments
dominates among all segment types, while the sample sizes of straight and curved segments,
one-way two-lane segments, and one-way three-lane segments are close to each other, with
slightly higher sample sizes for curved segments and three-lane segments. Based on the
clues provided by the study [28], the sample sizes of all types in this paper exceed the
minimum sample sizes required for crash modeling, meeting the basic requirements for
CMF estimation.

3.3. Statistical Description of Accident Modeling Data Sets

The number of crashes and risk factors were collected according to the divided seg-
ments and quarters, and a complete crash dataset was created, with statistical descriptions
of each variable shown in Table 2. The following details are intended to clarify the analysis:

➢ The acquisition of pavement performance indexes in Table 2 involves two steps: (1) the
Pavement Distress Ratio (DR), International Roughness Index (IRI), and Sideway Force
Coefficient (SFC) were obtained using a Multifunctional Road Condition Rapid Test
Vehicle (SCANNER CiCS II). (2) According to the pavement performance evaluation
indexes and calculation methods stipulated in the Highway Technical Condition
Evaluation Standard (JTG 5210-2018) [38], the Pavement Condition Index (PCI), Riding
Quality Index (RQI), Rutting Depth Index (RDI), and Skidding Resistance Index (SRI)
were subsequently obtained (as shown in Table 3). The PCI represents the degree
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of surface damage, such as pavement cracking, potholes, and collapse, with higher
PCI values indicating less surface damage. The RQI evaluates the driving quality of
pavements by considering the impact of road surface roughness on driving comfort,
with higher RQI values signifying better pavement leveling and driving comfort.
The SRI represents the skid resistance of the pavement, derived by converting the
lateral force coefficient of the pavement, where higher SRI values indicate better
skid resistance;

➢ The Guangdong Freeway Network Toll System (GFNTS) classifies vehicles into five
types according to vehicle height, number of axles, number of wheels, and wheelbase
(as shown in Table 4). Based on the clues provided by Wen et al. [28], the calculation of
the Quarterly Average Daily Traffic Volume (QADT) and traffic compositions, whose
formulas are shown in Equations (1)–(5), requires the conversion of Class 1 to Class
5 vehicles into standard traffic volumes by a coefficient of 1:1.5:2:3:3.5, respectively.
According to the clues provided by Tang et al. [2], the proportion of Class 1–5 vehicles
in a quarter (denoted by the symbols IVE, IIVE, IIIVE, IVVE, and VVE) is strongly
associated with crash risks, forming the basis for its inclusion in the risk factors of this
study. It should be noted that the proportion of Class 3 vehicles is collinear with other
variables, so this variable is excluded;

➢ The weather data, recorded on a county (district) basis, come from the Guangdong
Meteorological Data Center. The freeways studied in this paper cover 41 meteoro-
logical stations, with an average distance of 36 km between them. The shortest and
longest distances between meteorological stations and freeways are 18 km and 34
km, respectively. For counties (districts) containing multiple meteorological observa-
tion stations, data were averaged. The weather condition variables selected in this
paper include the percentage of small/moderate rain days in a quarter (SMR), the
percentage of torrential rain days in a quarter (TR), the percentage of days with no
sustained wind in a quarter (WD), and the percentage of days with wind power ≥ 4
in a quarter (WP);

➢ The crash data come from the record ledger of each freeway management center,
which documents the geographical location of crashes, the cause of crashes, the
related vehicle information, the severity, and the casualty situation. In the initial
screening of crash data, we removed crashes caused by parking violations, spilled
vehicle contents, and crashes with missing dates or locations, resulting in 1633 crashes
for this study.

QADTk,t =
Vk,1,t + 1.5Vk,2,t + 2Vk,3,t + 3Vk,4,t + 3.5Vk,5,t

Qt
(1)

VPk,1,t =
Vk,1,t

Vk,1,t + 1.5Vk,2,t + 2Vk,3,t + 3Vk,4,t + 3.5Vk,5,t
(2)

VPk,2,t =
Vk,2,t

Vk,1,t + 1.5Vk,2,t + 2Vk,3,t + 3Vk,4,t + 3.5Vk,5,t
(3)

VPk,4,t =
Vk,4,t

Vk,1,t + 1.5Vk,2,t + 2Vk,3,t + 3Vk,4,t + 3.5Vk,5,t
(4)

VPk,5,t =
Vk,5,t

Vk,1,t + 1.5Vk,2,t + 2Vk,3,t + 3Vk,4,t + 3.5Vk,5,t
(5)

where Vk,1,t–Vk,5,t represent the number of vehicles of category 1 to 5 passing through the
toll section in quarter t (t = 1, 2, . . . , 8). Qt represents the number of days in the quarter
t. QADTk,t represents the average daily standard traffic flow of segment k in quarter t.
VPk,1,t, VPk,2,t, VPk,4,t and VPk,5,t represent the proportions of class 1, 2, 4, and 5 vehicles
in segment k and quarter t, respectively.
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Table 2. Statistical characteristics of indicators in the crash data.

Indicators
CS TS IS SAS SS CUS TWS THS

Mean Mean Mean Mean Mean Mean Mean Mean

PCI 97.151 97.342 95.404 95.816 96.935 96.694 97.769 96.208
RQI 94.452 89.241 93.506 93.483 93.898 94.077 94.638 93.652
SRI 92.412 87.832 90.313 91.325 92.191 91.565 90.441 92.567

QADT (1000 veh/d) 21.869 7.336 23.724 20.906 23.123 20.654 7.323 29.753
IVE (%) 0.742 0.752 0.736 0.736 0.74 0.741 0.755 0.733
IIVE(%) 0.029 0.011 0.025 0.02 0.031 0.026 0.011 0.037
IVVE(%) 0.025 0.009 0.022 0.018 0.027 0.022 0.009 0.032
VVE(%) 0.114 0.16 0.128 0.011 0.111 0.124 0.158 0.098
SMR(%) 0.417 0.404 0.414 0.409 0.418 0.414 0.401 0.424
TR(%) 0.066 0.062 0.067 0.068 0.066 0.066 0.118 0.067
WD(%) 0.841 0.902 0.847 0.858 0.837 0.851 0.904 0.812
WP(%) 0.169 0.181 0.184 0.188 0.17 0.175 0.176 0.172
Crashes 0.259 0.263 0.445 0.406 0.298 0.291 0.094 0.409

Table 3. Calculation method analysis of related parameters in pavement performance.

Indicators Calculation Methods Parameter Analysis

PCI
PCI = 100 − a0DRa1

DR = 100x ∑
i0
i=1 wi Ai

A

(1) DR is the pavement deterioration rate, representing the
percentage of the total folded damaged area of the pavement to
the surveyed area of the pavement, obtained from pavement
inspection experiments using SCANNER CiCS II.

(2) Ai and wi represent the area and weight of the type i pavement
damage respectively, and the classification criteria and weight
of pavement damage are taken with reference to the Highway
Technical Condition Assessment Standard (JTG 5210-2018) [38].

(3) A is the total area of the tested pavement, obtained from
pavement inspection experiments using SCANNER CiCS II.

(4) a0 and a1 are the damage degree coefficients, respectively.
According to the clues provided by the Highway Technical
Condition Assessment Standard (JGT H20-2018), a0 and a1 are
taken as 15 and 0.412 for asphalt pavement, and are taken as
10.66 and 0.461 for concrete pavement.

(5) i0 indicates the total number of damage types for the degree of
damage (light, medium, and heavy), which is taken as 21 for
asphalt pavement and 20 for cement pavement.

RQI RQI = 100
1 + a0ea1 IRI

(1) IRI is the International Roughness Index, obtained from
pavement inspection experiments using SCANNER CiCS II. a0
and a1 are the ride quality coefficients, which take the values of
0.026 and 0.65 for freeways and primary roads, respectively,
and 0.0185 and 0.58 for other roads, respectively.

SRI SRI = 100 − SRImin
1 + a0ea1SFC + SRImin

(1) SFC is the Sideway Force Coefficient, obtained from pavement
inspection experiments using SCANNER CiCS II, SRImin, a0, a1
are the calibration parameters, taking the values of 35, 28.6, and
−0.105. respectively.

Note: All formulas in this table refer to the Highway Technical Condition Evaluation Standard (JTG H20-2007) [4].
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Table 4. Vehicle classification standard.

Vehicle Types
Classification Standard

Typical Vehicles
Height of Head/m Number of Axles Number of Tires Wheel Base/m

1 <1.3 2 2–4 <3.2 Motorcycles, Cars,
Pickup trucks

2 ≥1.3 2 4 ≥3.2 Minivans, Light
trucks, Minibus

3 ≥1.3 2 6 ≥3.2
Medium buses, Medium

trucks, Large
ordinary buses

4 ≥1.3 3 6–10 ≥3.2
Large luxury buses, Large

trucks, Large trailers,
20-foot container vehicles

5 ≥1.3 >3 >10 ≥3.2
Heavy trucks, Heavy

trailers, 40-foot
container vehicles

4. Methodology
4.1. Model Description

This study used SPFs that consider temporal correlations to develop CMFs for different
segment types (conventional segments, interchange segments, tunnel segments, service area
segments), geometric design conditions (straight and curved segments), and the number
of lanes (two-lane segments and three-lane segments). SPFs were employed to quantify
the effects of specific variables on the occurrence of crashes, and then CMFs were derived
from the model coefficients. A recent study showed that cross-sectional studies based on
regression models can provide reliable estimates of CMFs, offering valuable insights for
the selection of SPFs in this paper [8].

SPFs are developed based on the premise that set count values for a specific time
interval (annual, quarterly, monthly, etc.), such data decomposition generates temporal
correlation and observations may be interdependent [39]. Traditional regression mod-
els implicitly assume that the effects of statistically identified determinants are constant
(temporally stable) over time, introducing some bias in the results inferred for CMFs [31].
To eliminate the effects of this time stability assumption, this study embedded time cor-
relation effects into the traditional negative binomial (NB) model to form a first-order
autoregressive model.

Assuming that the crash frequency of segment i in time t follows the NB distribution,
the probability distribution of Yi,t = yi,t is:

p(Yi,t = yi,t) = (
1/α

1/α + ηi,t
)1/α Γ(1/α + yi,t)

Γ(1/α)yi,t!
(

λi,t

1/α + λi,t
)yi,t (6)

where α is the overdiscretized parameter of NB distribution; λi,t is the expected crash
frequency, which represents the product of crash chance ei,t and crash risk ui,t (as shown in
Equation (7)). ei,t is defined as the product of powers of segment lengths Li and QADTi (as
shown in Equation (8)), and ui,t is assumed to have a generalized linear association with
potential crash risk factors (as shown in Equation (9)).

λi,t = ei,tui,t (7)

ei,t = (L i)
α1 (QADT i)

α2 (8)

In ui,t = β0 + ∑M
m=1 βmxm,i,t (9)
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where α1 and α2 are the coefficients to be estimated, xm,i,t is the observed value of the mth
risk factor in segment i and in quarter t, βm is its corresponding regression coefficient, M is
the total number of risk factors; and β0 is a constant term.

The above-shown equations can be combined to obtain

In λi,t = α1 In Li + α2 In QADTi,t + β0+∑M
m=1 βmxm,i,t (10)

Equations (6)–(10) represent the complete structure of the NB model, which is also the
basic model in the field of crash frequency modeling. Several studies have illustrated the
increasing inappropriateness of NB models for analyzing CMFs of risk factors in complex
environments. The main reason is that the fixed time effects assumption contradicts the
temporal instability present in the data structure, affecting the reliability of risk factor
inferences [40]. Specifically, Equation (10) assumes that the parameters βm are independent
of each other, which is seriously contrary to the actual situation. A practical example fully
validates this conclusion: pavement performance (PCI, RQI, SRI) decreases regularly over
time, indicating a correlation between pavement performance indicators in neighboring
quarters, which in turn leads to a strong correlation between crash frequencies in different
quarters. Therefore, to obtain reliable CMFs, the temporal correlation of crash data must be
taken into account by SPFs.

To explain this temporal correlation, this study adds the residual term Fi,t with a
first-order hysteresis effect to Equation (10), and the crash frequency still obeys an NB
distribution with mean λi,t:

In λi,t = α1 In Li + α2 In QADTi,t + β0∑M
m=1 βmxm,i,t + Fi,t (11)

Under the assumption of temporal correlations, the structured time effects Fi,t obeys a
normal distribution:

Fi,1 ∼ N(0,
∧2

1 − γ2 ) (12)

Fi,t ∼ N(γFi,t−1, ∧2), t > 1 (13)

where γ is the autocorrelation coefficient and ∧ is the standard deviation of the time term.
Equations (6)–(9) combined with Equations (11)–(13) are the complete structure of the
time-correlated NB (TC-NB) model.

The most important feature of TC-NB is the embedding of random parameters with
time-series effects Fi,t in the model structure, which to some extent captures the changing
patterns of pavement performance, weather conditions, and traffic conditions with the
seasons.

The CMFs were inferred from the estimated model parameters of the count model, i.e.,
coefficients; as the model form is log-linear, the CMFs were calculated as the exponent of the
associated coefficient of the countermeasure variable as presented in Equation (14) [1,41]:

CMFK = exp(βk(Xkr − Xkb)) (14)

where Xkr is the range of values for roadway characteristic k, and Xkb is the baseline
condition for roadway characteristic k (when needed or available).

4.2. Parameter Estimation Method and Goodness-of-Fit Measures

The parameter estimation method of the candidate models is full Bayesian estimation,
which is implemented in the WinBUGS 1.4.3 platform based on the R language. WinBUGS
is one of the most reliable tools for implementing Bayesian estimation methods, which
infer the posterior mean of the parameters by virtue of Markov chain Monte Carlo (MCMC)
simulation and the Metropolis–Hastings algorithm [28]. Since there is no reliable prior
information, all regression coefficients α1, α2, β1 and autocorrelation coefficients γ in the
candidate models are assigned uninformative prior distributions N(0, 10, 000), the param-
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eter 1/∧2 is given as a priori Gamma distribution G(0.001, 0.001). Set 1 chain for 180,000
Markov chain Monte Carlo simulation iterations and discard the first 15,000 simulation
iterations. The convergence of MCMC simulation is judged by the Gelman–Rubin statistics
in WinBUGS.

The three most classical test indicators of the crash model’s goodness of fit are the
Deviation Information Criterion (DIC), Mean Absolute Deviation (MAD), and Root Mean
Square Error (RMSE). DIC is one of the comprehensive quantitative indicators of the
goodness of fit and complexity of the models [2]. MAD denotes the mean of the absolute
value of the difference between the actual observed value and the posterior mean across
all samples [2]. RMSE represents the mean of the square root of the difference between
the actual observed value and the posterior mean across all samples [27]. The smaller the
abovementioned test indexes are, the better the goodness of fits are. The specific calculation
method of each performance test index is as follows:

DIC = D + PD (15)

MAD =
1

IXT

I

∑
i=1

T

∑
t=1

|yi,t − yi,t| (16)

RMSE =

√√√√ I

∑
i=1

T

∑
t=1

(yi,t − yi,t)
2/N (17)

where D is the posterior average deviation used to represent the model fitting degree; PD
is the number of valid parameters used to measure the complexity of the models; N is the
number of samples; I is the total number of segments, T is the total number of quarters; yi,t
represent the predicted value of crash frequency of the segment i in the time period t; and
yi,t represent the actual value of crash frequency of the segment i in the time period t.

5. Results and Analysis
5.1. Explanatory of Temporal Instability

To verify the superiority of the temporal correlation method proposed in this paper,
the NB model and TC-NB model were used to calibrate all the data sets established in this
paper. The applicability of the TC-NB model was verified with DIC, MAD, and RMSE and
time-correlated parameters γ and ∧, and the results are shown in Table 5.

Table 5. Comparison of model performance and time-correlated parameters.

CS TS IS SAS

Indicators NB TC-NB NB TC-NB NB TC-NB NB TC-NB

DIC 4966 4540 2504 2319 1597 1304 1724 1618
MAD 2.297 2.008 2.079 1.828 2.674 2.286 2.497 2.403
RMSE 2.401 2.167 2.205 1.982 2.791 2.548 2.619 2.741

γ 0.594 ** 0.711 ** 0.417 ** 0.659 *
∧ 0.371 ** 0.489 ** 0.268 ** 0.396 *

SS CUS TWS THS

Indicators NB TC-NB NB TC-NB NB TC-NB NB TC-NB

DIC 2397 2353 4177 4068 4755 4253 5427 5162
MAD 2.093 2.055 2.374 2.09 3.014 2.752 2.177 1.742
RMSE 2.288 2.276 2.459 2.258 3.162 2.861 2.401 1.974

γ 0.462 * 0.538 ** 0.253 ** 0.976 *
∧ 0.379 * 0.201 ** 0.129 ** 0.715 *

Note: ** indicates that the parameter is significant at the 95% Bayesian confidence interval, and * indicates that the
parameter is significant at the 90% Bayesian confidence interval.
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Two conclusions can be summarized from Table 5. (1) The TC-NB model has smaller
DIC, MAD, and RMSE values than the corresponding NB model for all freeway environ-
ments, indicating that the TC-NB model has a better goodness-of-fit for the same dataset.
This finding is within expectation and consistent with the results of research [14,39,42],
suggesting that the temporal term in the lag-1 structure can consistently characterize the
temporal correlations present in the data structure, especially for variables with significant
time-series characteristics such as traffic conditions, pavement performance, and weather
conditions. (2) Both γ and ∧ are significant at the 90% or 95% Bayesian intervals, verifying
that temporal correlations in the data structure can be explained by the lag-1 structure
proposed in this paper. This indicates that the effects of traffic conditions, pavement
performance, and weather conditions on traffic safety change with the seasons.

5.2. Analysis of Parameter Estimation Results for SPFs

The optimal TC-NB model was used as a benchmark to explore the parameter esti-
mation results, as shown in Table 6. The effects of pavement performance on safety vary
significantly across freeway environments: (1) All pavement performance indicators have
significant negative safety effects in the CS, SAS, and CUS. (2) RQI and SRI have significant
safety effects in the IS. (3) Only one of the pavement performance indicators is significantly
negatively associated with traffic safety in the SS, TWS, and THS. (4) It is worth noting that
pavement performance in the TS has no effects on traffic safety, which is consistent with the
results of Hou et al. (2020) [30], suggesting that the lower speed of vehicles traveling in the
tunnel segments eliminates some of the significant safety effects of pavement performance.
In addition, the closed environment allows the tunnel pavement to avoid the erosive effects
of sunlight and precipitation, which to some extent helps protect the pavement.

Table 6. Parameter estimation results of TC-NB model in each traffic environment.

Variables CS SAS TS IS SS CUS TWS THS

Sample length (SL) 0.638 0.397 −0.009 0.804 0.700 0.660 0.003 0.712
PCI −0.015 −0.028 −0.115
RQI −0.017 −0.061 −0.102 −0.287 −0.021
SRI −0.015 −0.001 −0.045 −0.038 −0.126 −0.041

QADT 1.427 0.078 1.273 1.353 1.507 1.320 1.767 0.976
IVE 8.323 18.452 5.309 12.138 5.014 10.457 4.940 6.940
IIVE −4.975 −1.245 −8.117 −2.110 −4.435 −4.261 −3.461
IVVE −12.731 −58.232 −30.818 −19.103 −14.343 −18.359 −2.643 −5.731
VVE 7.334 26.989 36.880 21.368 6.151 7.160 32.406 9.872
SMR 3.536 4.606 1.678 2.171 0.883
TR −12.007 −18.693 −4.077 −3.629 −1.325

_cons −28.081 −17.802 135.042 −20.040 −25.397 −22.032 14.887

Note: This table only shows the coefficients of variables that are significant at the 95% Bayesian interval.

In terms of traffic conditions, all variables were significantly correlated with crash
frequency in all segment types, except for IIVE, which had no significant safety effect under
TS, i.e., QADT, IVE, and VVE are significantly positively correlated with crash frequency,
while IIVE and IVVE have opposite safety effects. This finding is consistent with the results
of Wen et al. (2019) [28], where the structural composition of the traffic system directly
impacts its stable operation, which in turn can affect traffic safety.

In terms of weather conditions, SMR was positively associated with crash frequency
in the segment types of CS, SAS, SS, CUS, and THS, while TR was negatively associated
with crash frequency in the segment types of CAS, TS, CUS, TWS, and THS. This finding is
consistent with Tang et al. (2021) [2], which stated that small/moderate rain elevates crash
risk by reducing driving visibility and damaging road conditions, while heavy rainstorms
reduce crash risk by affecting travel patterns.
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5.3. Analysis of CMFs

In order to understand the CMFs of various indicators, we calculated the minimum
and maximum CMFs under different base values.

5.3.1. Pavement Performance

As shown in Table 7 and Figure 4, when the PCI value decreases from 91 to 82, the
average crash rates in the CS, SAS, and CUS increased by 14.45%, 28.66%, and 181.51%,
respectively. This conclusion is consistent with Tang et al. (2021) [2], indicating that
pavement deterioration directly affects driver stability and vehicle driving conditions.
Particularly when a sharp turn is required, poor pavement conditions significantly increase
the likelihood of vehicle overturning. From the CMFs of the RQI index, it is clear that
driving comfort has significant safety effects in multiple environments (CS, SAS, SS, TWS,
CUS), and such safety effects are significantly higher in interchange and curve segments
than in conventional and service area segments. Specifically, when the RQI decreased
from 91 to 82, the average crash rates of CS, SAS, SS, TWS, and CUS increased by 16.53%,
73.15%, 150.43%, 161.95%, and 20.80%, respectively. These results are consistent with the
findings of Wang et al. (2020) [36], which indicate that frequent lane changes and speed
shifts in interchanges, steering behavior in curved segments, and narrow maneuvering
space in two-lane segments demand high roadway smoothness. A slight dip in smoothness
in these segments leads to a sharp increase in crash frequency. As shown by the CMFs of
the SRI index, the skid resistance of pavement significantly affects traffic safety in six traffic
environments (CS, SAS, IS, SS, CUS, and TWS), with curved segments exhibiting the most
pronounced safety effects: when the SRI value of pavement decreased from 91 to 82, the
average crash rates of CS, SAS, IS, SS, CUS, and TWS increased by 29.8%, 2.74%, 49.93%,
40.78%, 210.81%, and 44.63%, respectively. According to Roy et al. (2023) [17] and Hussein
et al. (2021) [43], who conducted an EB before–after study, deceleration and lane change
behaviors on interchange segments are highly susceptible to driving instability on sections
with poor skid resistance, thus increasing the likelihood of crashes. The least sensitive
safety effects of SRI indicators on service area segments may result from heterogeneity and
data endogeneity [30].

5.3.2. Traffic Conditions

As shown in Table 8 and Figure 5, the CMFs for the QADT indicate that traffic volume
significantly affects safety in all road environments, particularly in two-lane segments:
when QADT decreased from 3 (1000 vehicles/day) to 0.24 (1000 vehicles/day), the average
crash rates reduced by 57.25%, 4.57%, 53.41%, 55.59%, 59.51%, 54.71%, 65.36%, and 44.32%
for CS, SAS, TS, IS, SS, CUS, TWS, and THS, respectively. This conclusion is similar to
those of several studies [18,25,30] and aligns with real-world observations: higher traffic
volume constricts the operating space of vehicles and reduces the stability of the traffic
system, thereby increasing the likelihood of accidents. Particularly for two-lane segments,
where the driving space is already relatively small, the impact of traffic volume on safety
is especially pronounced. It follows that regular highway level of service assessments
are essential, along with discussions on whether to undertake renovation and expansion
projects. When IVE decreased from 70% to 20%, the average accident rates reduced by
56.50%, 64.84%, 41.19%, 70.29%, 39.43%, 64.86%, 38.98%, and 50.04% for CS, SAS, TS, IS, SS,
CUS, TWS, and THS, respectively. This finding is similar to the literature [2,28] indicating
that more Class I vehicles increase the frequency of overtaking and lane changing, thereby
increasing the likelihood of crashes. Additionally, more frequent lane-changing and lane-
shifting behaviors in the weaving areas of interchanges exacerbate these safety effects.
Similarly, the proportion of Class V vehicles showed significant positive correlations with
crash frequency in all environments, with these safety effects being more pronounced in
tunnel segments than in conventional, interchange, and service area segments; in one-way
two-lane segments than in one-way three-lane segments; and in curved segments than in
straight segments. Specifically, when VVE decreased from 10% to 8%, the average crash
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rates reduced by 13.64%, 41.71%, 52.17%, 34.78%, 11.58%, 13.34%, 47.70%, and 17.92%
for CS, SAS, TS, IS, SS, CUS, TWS, and THS, respectively. The findings of Tang et al.
(2021) [2] and Wen et al. (2019) [28] support this paper’s viewpoint that Class V vehicles,
characterized by slow speed, large size, and sluggish braking effects, lead to instabilities
such as large speed differences and restricted visibility within the traffic system, thereby
elevating crash risk. The closed environment of tunnel segments, restricted visibility of
curved segments, and limited operating space of one-way two-lane roads all exacerbate the
sensitivity of such safety effects.

Table 7. CMFs for pavement performance indicators.

Variables
CS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

PCI −0.015 95 74 100 1.370 0.928
RQI −0.017 93 78 99 1.290 0.903
SRI −0.029 91 64 99 2.188 0.793

Variables
SAS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

PCI −0.028 95 74 100 1.800 0.869
RQI −0.061 93 78 99 2.497 0.694
SRI −0.001 91 64 99 1.027 0.992

Variables
IS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

RQI −0.102 93 78 99 4.618 0.542
SRI −0.045 91 64 99 3.370 0.698

Variables
SS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

SRI −0.038 91 64 99 2.790 0.738

Variables
CUS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

PCI −0.115 95 74 100 11.190 0.563
RQI −0.107 93 78 99 4.978 0.526
SRI −0.126 91 64 99 30.024 0.365

Variables
TWS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

RQI −0.021 93 78 99 1.370 0.882
SRI −0.041 91 64 99 3.025 0.720

5.3.3. Weather Conditions

As shown by the CMFs of SMR, the percentage of light/medium rainfall in a season
significantly impacts the safety of CS, SAS, SS, and THS (as shown in Table 9 and Figure 6),
with these impacts being more pronounced for interchange segments: when the SMR is
reduced from 40% to 10%, the average crash rates reduce by 65.38%, 74.89%, 39.55%, and
23.27% for CS, SAS, SS, and THS, respectively. Sawtelle et al. (2023) [44] showed that the
monthly average daily precipitation on Chinese freeways is positively correlated with crash
frequency, supporting this paper’s view. In fact, the impacts of rain on freeway safety
are mainly reflected in (1) reduced visibility for drivers, thus compressing the space for
safe operation, and (2) reduced traction between the road surface and tires, especially in
segments with more heavy vehicles, which are more likely to lose control. For service
area segments, frequent lane changes and speed variations exacerbate the instability of
the traffic system, thus increasing the negative safety effects of rain. Cai et al. (2022) [27]
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proposed measures to improve road safety in rainy weather, providing a good reference
for using dynamic speed-limiting strategies to mitigate unstable road–tire contact and
enhance driving maneuvering space, thereby eliminating some rain-induced risky driving
behaviors. Additionally, TR’s CMFs indicate that heavy rainfall actually improves freeway
traffic safety: when TR increases from 7% to 12%, the average crash rates of SAS, TS, CUS,
TWS, and THS reduce by 45.14%, 86.93%, 16.29%, and 6.41%, respectively. The findings
of Wen et al. (2019) [28] explain these phenomena well: (1) heavy or stormy rains prevent
people from planning their trips, indirectly reducing traffic volume on the highway and
therefore the likelihood of accidents. (2) Heavy or stormy rains further enhance drivers’
alertness, which in turn enhances driving safety.
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Table 8. CMFs for traffic volume and traffic composition.

Variables
CS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

QADT 1.427 2.5 1.5 3.5 0.240 4.166
IVE 8.323 0.7 0.5 0.9 0.189 5.284
VVE 7.334 0.1 0.05 0.15 0.693 1.443

Variables
SAS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

QADT 0.078 2.5 1.5 3.5 0.925 1.081
IVE 10.452 0.7 0.5 0.9 0.124 8.088
VVE 26.989 0.1 0.05 0.15 0.259 3.855

Variables
TS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

QADT 1.273 2.5 1.5 3.5 0.280 3.572
IVE 5.309 0.7 0.5 0.9 0.346 2.892
VVE 36.88 0.1 0.05 0.15 0.158 6.322

Variables
IS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

QADT 1.353 2.5 1.5 3.5 0.258 3.869
IVE 12.138 0.7 0.5 0.9 0.088 11.332
VVE 21.368 0.1 0.05 0.15 0.344 2.911

Variables
SS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

QADT 1.507 2.5 1.5 3.5 0.222 4.513
IVE 5.014 0.7 0.5 0.9 0.367 2.726
VVE 6.151 0.1 0.05 0.15 0.735 1.360

Variables
CUS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

QADT 1.32 2.5 1.5 3.5 0.267 3.743
IVE 10.457 0.7 0.5 0.9 0.124 8.096
VVE 7.16 0.1 0.05 0.15 0.699 1.430

Variables
TWS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

QADT 1.767 2.996 1.5 3.5 0.071 2.437
IVE 4.94 0.7 0.5 0.9 0.372 2.686
VVE 32.406 0.1 0.05 0.15 0.198 5.055

Variables
THS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

QADT 0.976 2.996 1.5 3.5 0.232 1.635
IVE 6.94 0.7 0.5 0.9 0.250 4.007
VVE 9.872 0.1 0.05 0.15 0.610 1.638
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Table 9. CMFs for weather conditions.

Variables
CS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

SMR 3.536 0.4 0.145 0.662 0.406 2.525

Variables
SAS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

SMR 4.606 0.4 0.135 0.663 0.295 3.358

TR −12.007 0.07 0 0.187 2.318 0.245

Variables
TS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

TR −18.693 0.07 0 0.187 3.701 0.112

Variables
SS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

SMR 1.678 0.4 0 0.187 0.511 0.699

Variables
CUS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

SMR 2.171 0.4 0.135 0.663 0.563 1.770

TR −4.007 0.07 0 0.187 1.324 0.626

Variables
TWS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

TR −3.629 0.07 0 0.187 1.289 0.654

Variables
THS

Coefficients Xbase Xmin Xmax CMF(Xmin) CMF(Xmax)

SMR 0.883 0.4 0.135 0.663 0.791 1.261

TR −1.325 0.07 0 0.187 1.097 0.856
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6. Discussing

The innovative model, which considers temporal correlation, proposed in this study
provides reliable SPFs for the estimation of CMFs for risk factors with significant temporal
effects. The significance of this innovative model is not limited to the analysis of CMFs on
mountain freeways but also extends to various scenarios such as urban intersections and
rural roads, provided there are temporal effects on the risk factors [45].

The CMFs for pavement performance indicators suggest that pavement preservation
measures, whether aimed at increasing friction and smoothness or reducing pavement dam-
age, will positively impact safety, particularly on curved segments and interchanges. This
conclusion’s deeper significance lies in the ability of traffic managers to prioritize limited
funds toward improving pavement performance on highway segments with sharp curves
and interchanges, while selectively improving other segments based on the remaining
funds [1].

A practically significant result is that large vehicles pose extreme risks at mountainous
freeway entrances and exits, a factor often overlooked by most transportation agencies in
their safety evaluation procedures during the design and operation phases of freeways. [46].
Although the addition of control facilities for large vehicles will increase the daily operation
cost, the crash risk reduction can be estimated by the CMF of this study. It is strongly
recommended that the cost–benefit ratios of corrective large-vehicle control measures be
estimated for safety improvements at highway entrances and exits in mountainous areas
of China. If the cost–benefit values are favorable, this intervention should be routinely
implemented to significantly reduce the economic losses and negative social impacts caused
by serious collisions with large vehicles and the resulting congestion.

The incorporation of refined meteorological data provides valuable foresight for safety
management systems, allowing management units to dynamically adjust control measures
based on the CMFs of meteorological parameters. For example, traffic control restrictions
can be imposed at highway entrances and exits before the arrival of light/moderate rainfall
to enhance road safety. Another interesting finding that warrants extended study by
researchers is that rainstorms can instead promote traffic safety. We speculate that this
is due to human factors, such as changes or interruptions in travel plans and increased
driving caution. Thus, with limited funding, transportation managers can implement
distinct improvement measures for light to moderate rain and heavy rain, focusing on
traffic restriction measures to reduce accidents during light to moderate rain and fast rescue
measures to mitigate impacts after accidents in heavy rain [27,28].

It should be noted that the reason this study is based on data from typical mountain
highways in China is that the driving environment of mountainous highways is relatively
complex, and the interactions between pavement performance, traffic conditions, and
weather conditions are more pronounced. For other regions or types of highways (e.g.,
highways in flat terrain regions in northern China), the value of this study lies in providing
a set of methodological templates for estimating CMFs for risk factors with time-varying
patterns. When other regions or types of highways follow the data processing and CMF
estimation methods provided in this paper, reliable traffic safety effects of each risk factor
can also be obtained.

7. Conclusions

Using data from typical mountain expressways in China, this study employed SPFs
fitted with generalized linear modeling techniques and a negative binomial distribution
error structure, incorporating time-related parameters, to develop CMFs for pavement
performance, traffic conditions, and weather indicators for different facility types (e.g., con-
ventional segments, tunnel segments, interchange segments, and service area segments),
alignment types (e.g., straight and curved segments), and cross-section types (e.g., one-way
two lanes and one-way three lanes). CMFs for the following parameters were developed:
PCI, RQI, SRI, QADT, IVE, VVE, SMR, and TR.
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The main conclusions of this paper include the following. (1) The NB model with
embedded auto-correlation regression function (TC-NB) has superior goodness-of-fit (DIC,
MAD, RMSE) compared to the traditional NB model, demonstrating its ability to capture
time-correlated features of the crash dataset, thereby providing superior safety performance
functions (SPFs) for estimating CMFs. (2) In terms of CMFs for pavement performance
indicators, improving the pavement condition index (PCI) has positive safety effects, with
curved segments benefiting the most. Enhanced driving comfort (RQI) has significant posi-
tive safety effects, with significantly greater effects on interchanges and curved segments
than on conventional segments and service areas. Improved skid resistance (SRI) is decisive
for increasing the level of safety on curved segments. (3) In terms of CMFs for traffic
condition indicators, controlling traffic volumes (QADT) is effective in reducing crash risks,
especially on two-lane segments. Measures to control the proportion of heavy vehicles can
significantly reduce the crash risks on highways, with more pronounced improvements
on one-way two-lane roads, tunnel segments, and curved segments. (4) The proportion
of light/moderate rainfall in a season has a significant effect on the safety of CS, SAS, SS,
and THS, and these effects are more pronounced for the interchanges. Stormy weather is
beneficial for improving highway traffic safety due to changes in human travel plans and
increased driving alertness.

Our study results allow us to effectively integrate pavement management systems
and safety management systems. The role of pavement condition in highway safety
can be further emphasized based on CMFs when developing pavement management
systems and maintenance programs, in addition to considering life-cycle cost analyses
and pavement condition objectives. The opportunity for pavement monitoring provided
by high-efficiency equipment and technological advancements makes the availability
of CMFs for both pavement surface and traffic condition parameters crucial and adds
significant value in maintaining pavement conditions and improving traffic characteristics
considering their safety effects. In addition, the incorporation of refined meteorological
data provides reliable foresight for the safety management system, and management units
can dynamically adjust control measures based on the CMF of meteorological parameters.

Further research could be conducted in two ways. The first is to continue to expand
the standardized crash dataset, preferably by including human risk factors (driving age,
DUI or not, route familiarity, etc.) in the discussion of CMFs to form a full-factor crash data
set that encompasses “human–vehicle–road–environment”. The second is to investigate the
spatial heterogeneity within the modeling samples by correlating the risk factors of adjacent
road segments using hierarchical modeling techniques, spatial autoregression techniques,
etc. to overcome the limitation of assuming spatial independence among the samples.
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