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In order to investigate the key factors and analyze their effects on maintenance and rehabilitation (M&R) strategies, data for 2495
pavement sections were collected from the pavement management system (PMS), including pavement performance data, traffic
data, material property data, and M&R record data. Logistic regression was first employed to explore the influential factors on
maintenance probability. Afterward, the classification tree model was established to find out the key factors on resurfacing
thickness. Results showed that road sections with higher IRI, rutting depth (RD), deterioration rate of surface friction coefficient
(DRSFC), pavement patching ratio (PPR), and transverse cracking severity index (TCSI) before treatment had significantly higher
maintenance probability, which could be quantified by the developed logistic model. Moreover, treatments implemented on
bridge decks tended to have greater resurfacing thickness. For pavementM&R projects, with the tensile strength ratio (TSR) of top
layer materials higher than 88.7% and pretreatment SFC higher than 49, the resurfacing thickness would be thinner. For bridge
M&R projects, middle layer TSR higher than 88.3% led to thinner overlays, and much thinner resurfacing thickness can be
observed if pretreatment RD was less than 8.72mm. When middle layer TSR was lower than 88.3% and pretreatment IRI was
higher than 2.383m/km with larger AESAL, the resurfacing thickness would probably be the thickest.*e twomodels built in this
paper provided probabilistic estimation of maintenance probability and explored key factors together with their critical split
points for resurfacing thickness, which could be regarded as an alternative decision-making tool for pavement engineers.

1. Introduction

Pavement maintenance and rehabilitation (M&R) planning
has become one of the top priorities for transportation
agencies in China.*is is the case because many expressways
have reached their design life (20 years in average) or more.
*ere are several M&R treatments at the disposal of
transportation agencies; however, selecting an effective
treatment and determining the optimum time to apply this
treatment is necessary to fulfill the overall goal of M&R
planning and the pavement management system (PMS)
[1–3].

Pavement deterioration is recognized to be uncertain
due to the inherent variability in the material properties and
the big challenge of collecting good quality data for per-
formance modeling. To account for this uncertainty,

researchers have developed various probabilistic models to
simulate the deterioration process and forecast future
conditions [4–7]. *e uncertainty of pavement deterioration
also leads to the variability in both M&R effectiveness and
timing. However, so far, the most widely used decision-
making method in practical pavement M&R projects is still
“worst-first.” In other words, M&R activities are always
implemented when the performance indicators (such as RD,
IRI, and PSI) meet the predefined threshold or trigger value,
which indicates that a pavement is in a bad condition [8, 9].
As a typical example of the “worst-first” approaches, hier-
archical decision tree was frequently established because of
their simple structure and easy to implement feature
[10–15]. Generally, hierarchical decision tree is defined by a
series of “if this occurs then this occurs” conditions that lead
to a specific decision. *ese conditions and the resulting
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decisions are often determined by experienced pavement
experts and hence tend to be deterministic. It means, when
the threshold is reached, only twomutually exclusive options
could be chosen: conducting the corresponding treatment at
the end node of the decision tree or do nothing. Never-
theless, engineers are now seeking for more flexible ways to
conduct the pavementM&R planning rather than a yes or no
answer.

Pavement M&R records are valuable databases, which
contain underlying decision logic from many experienced
pavement experts. Previous research has proposed various
methods to make the decision-making procedure more
straightforward and easier to conduct [14]. However,
probabilistic decisions, which could provide more useful
information to decision-makers, are rarely seen. In this
paper, the maintenance probability index was proposed,
which is defined as the probability that an M&R treatment is
required under specific conditions. Actually, quantifying the
maintenance probability instead of acquiring a deterministic
decision would be more advantageous to adjust the M&R
strategy and budget allocation when some compromises had
to be made in network level optimization because the
maintenance probability also indicates the urgency of each
M&R project.

After estimating the maintenance probability, the
remaining challenge is to determine the specific M&R
treatment. Several alternative treatments with different in-
tensities are available, including slurry seal, microsurfacing,
hot-in-place recycling, milling and resurfacing, and so force.
Among them, milling and resurfacing different depths of the
pavement surface layer is one of the most commonly used
M&R treatments in Jiangsu province. In addition, choosing
between milling and resurfacing and other treatments is
much simpler than determining the appropriate depth of
milling and resurfacing. *us, this paper mainly focusses on
the latter. Research studies have demonstrated that thicker
overlay lead to lower roughness after rehabilitation and
delayed the propagation of reflective cracking significantly
but increased the rutting depth sometimes [16–18]. How-
ever, engineers often get stuck in choosing an appropriate
milling and resurfacing thickness if field core tests were not
performed. *erefore, it is crucial to explore and summarize
the controlling factors of resurfacing thickness from the
M&R history.

From the literature review, it could be concluded that
there are still several research gaps in the existing literatures:
(1) very few studies consider the uncertainty of decision-
making in pavement management. Even the most state-of-
art methods tend to generate deterministic optimization
results only [19]; (2) while most studies are now engaged into
finding the optimal M&R strategies with the help of so-
phisticated mathematical algorithms, they are actually based
on simplified performance models and many assumptions.
In contrast, the real decision logic in the PMS, based on a
wealth of valuable expertise, has not been fully utilized; (3)
when selecting the specific resurfacing thickness in practical
M&R projects, engineers either conduct field core tests or
rely on those predefined decision trees, with the former
being destructive and the latter only including pavement

performance indicators in most cases. Although lots of
optimization algorithms have been applied in this area,
many assumptions need to be made to make sure that the
problem is solvable [20].

In response to the above research gaps, this study aims to
(a) quantify the maintenance probability under different
conditions and explore the influential factors on mainte-
nance probability by logistic regression and (b) investigate
the key factors on resurfacing thickness through the clas-
sification tree model. *e pavement performance data were
collected from the pavement management system (PMS) in
Jiangsu. A total of 2495 pavement sections with or without
M&R activities were investigated. Differing from the pre-
vious studies, which employed the pavement performance
indicators defined in the Chinese national standards to build
the models, the specific types of pavement distresses were
considered in this research. For instance, transverse crack
and patching were separated out from pavement surface
condition index (PCI). Additionally, the detailed material
properties of each pavement structure were considered. In
view of the data availability and reliability, only the indi-
cators of dynamic stability (DS), retained Marshall stability
(MS0), tensile strength ratio (TSR), and failure strain (−10°C)
from the three-point beam bending test were utilized. *e
models built in this study integrate a great deal of pavement
engineering expertise while making the decision-making
process more flexible and direct. Compared with the existing
pavement maintenance decision-making methods employed
in practical M&R projects (such as those based on hierar-
chical decision tree, ranking method, or individual expert
opinion), the developed logistic model produces probabi-
listic estimation of maintenance timing and is hence thought
to be more flexible. Instead of using performance thresholds,
decision-makers could also set threshold on maintenance
probability. *is allows them to easily adjust the mainte-
nance probability that triggers M&R activity based on the
available budget. Moreover, with the classification tree
model, a preliminary estimate of resurfacing thickness could
be made.

2. Data Processing

*e data used in this research were collected from a two-way
six-lane expressway in Jiangsu named “Yanhai Expressway,”
which has been opened to traffic for more than 13 years. *e
overall length of this expressway is about 318 km with eight
different pavement structures, as shown in Table 1. SMA
denotes a stone mastic asphalt mixture, while AK, AC, and
SUP denote the asphalt mixtures with different dense-
graded gradations, and OGFC denotes one open-graded
friction course. 13, 20, and 25 denote the maximum nominal
aggregate sizes (NMAS) in millimeters.M in Table 1 denotes
a modified asphalt binder meeting the Superpave grading of
PG76-22, while N denotes a neat asphalt binder with a grade
of 60/70. *e detailed gradation or volumetric properties of
the asphalt mixtures could be found in the Chinese speci-
fication of JTG D50-2017. *ere is no significant difference
in climatic conditions in the area where the entire highway is
located. *us, the climate impact is not considered in this
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paper. Many M&R treatments have been carried out on each
individual lane to repair specific pavement distresses. Due to
the lack of data of the first lane located beside the central
divider (the passing lane), only M&R treatments applied on
the second and third lanes (the driving lanes) were analyzed
in this research.

2.1. Road Section Segmentation. As mentioned before,
Yanhai expressway contains eight different structures, and
the materials of each structure differs from each other.
Overlapping maintained sections could be observed due to
the repetitive use of M&R treatments on the deteriorated
pavements during the past 13 years. *erefore, in order to
analyze the impact of a single factor, it is necessary to divide
the whole expressway into shorter sections according to the
M&R records and pavement structures. As a result, road
sections with different milestones, directions, lanes, or M&R
times were treated as separate projects. Finally, a total of
2495 projects including 1793 road sections were obtained,
and this data would be used to build the models in this study.

Figure 1 shows the count and overall length of sections
with one or more treatments or without treatments (routine
maintenance was not included). *e statistical results of
different lanes can be distinguished by the different shades of
red. It can be found that about 96.23% of the road sections
has not been maintained yet, which means the relatively
better condition of Yanhai expressway. Among the main-
tained sections, being maintained for once shows the
maximum proportion. Moreover, no obvious difference is
observed among different lanes.

2.2. Data Integration. After the segmentation of road sec-
tions, traffic loads, pavement material indicators, M&R
information (if available), and pretreatment performance
indicators were matched with each section.

Annual 100 kN equivalent single-axle load (AESAL) was
selected as an indicator of traffic level, with amean of 42.16 ×

104 and a standard deviation of 29.89 × 104 in the case of
Yanhai expressway. Table 2 presents the material indicators,
which reflect the high-temperature performance, moisture
stability, and low-temperature crack resistance of asphalt
mixtures of each surface layer. Some information are limited
because of the difficulty of integrating older construction
documents into the database.

Of all the M&R projects, nearly 99% was milling and
resurfacing. *erefore, M&R information consists of
milling depth, resurfacing thickness, resurfacing material,
and M&R application time. Figure 2 shows the statistical
distributions of these four variables, with the vertical axis
denoting the value of the variable, and the height is the
count of the M&R projects. *e diamond and the hori-
zontal line within the box plot represent the mean and
median value, respectively. *e top and bottom edge of
the box denote the upper and lower quartiles, and the
points are the outliers. It can be seen that milling depths
are approximately equal to resurfacing thicknesses, im-
plying that thickness-added major rehabilitation is not
included in this study. Two peaks can be observed with
one between 4 and 5 centimeters and the other between 10
and 11 centimeters. Figure 2(c) indicates that nearly half
of the M&R projects milled the top layer and resurfaced
AC-13, which is a dense-graded asphalt concrete with a
maximum nominal aggregate size (NMAS) of 13 milli-
meters. AC-13 was frequently used as a top resurfacing
layer, and its mix design was determined based on the
Chinese specification of JTG D50-2017. Regarding the
M&R application time, there are also two peaks: one
appears in the 4th year and the other appears in the 8th
year, suggesting that extensive M&R activities emerged on
Yanhai expressway periodically with an average period of
4 years.

Pretreatment performance is an important factor
influencing the selection of M&R strategy. Because of the
available data in PMS, it is possible to obtain the required
pretreatment performance data to carry on the research.
Instead of using the performance indicators defined in
Chinese national standards, the original detection data were
employed by taking the specific types of pavement distresses
into consideration. Zhou et al. [21] separated out transverse
cracking and patching from PCI for the reason that re-
flection crack is one of the main distresses of asphalt
pavement in China, and patching reflects the history of
pavement distress. Transverse cracking condition index
(TCCI) has been defined as the ratio of average transverse
crack spacing and transverse crack width ratio (TCS and
TWR) to describe the severity of transverse cracks on the
investigated sections with a lower value representing more
severe condition. In this paper, the transverse cracking se-
verity index (TCSI), which is the reciprocal of TCCI, was
proposed to ensure that TCSI is a numerical value even if

Table 1: Pavement structures of Yanhai expressway.

Structure number Top layer material Middle layer material Bottom layer material
1 M.SMA-13 M.SUP-20 SUP-25
2 M.SMA-13 M.AC-20 AC-25
3 M.AK-13 M.AC-20 AC-25
4 M.SMA-13 M.AC-20 M.AC-25
5 M.SMA-13 M.SUP-20 AC-25
6 M.AK-13 M.AC-20 M.AC-25
7 M.AK-13 M.SUP-20 SUP-25
8 M.OGFC-13 M.SUP-20 SUP-25
Note. M.SMA-13 denotes a stone mastic asphalt mixture with NMAS of 13mm fabricated by a PG76-22 modified asphalt binder.
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there is no transverse crack. Equations (1)∼(6) show the
specific calculation formulas of TCSI and pavement patching
ratio (PPR):

TCS �
L

TCN
, (1)

TCL �
TCTL
TCN

, (2)

TWR �
TCL

B
, (3)

TCCI �
TCS
TWR

, (4)

TCSI �
1

TCCI
, (5)

where TCCI is the transverse crack condition index (di-
mensionless), TCS is the average transverse crack spacing
(m), TWR is the transverse crack width ratio (dimension-
less) (if TWR value is higher than 1.0, TWR is set to be 1.0),
TCL is the transverse crack average length (m), TCN is the
number of transverse cracks, TCTL is the transverse crack

Table 2: *e utilized material indicators.

Top layer Middle layer Bottom layer
Dynamic stability (DS) Dynamic stability (DS) NA
Retained Marshall stability (MS0) Retained Marshall stability (MS0) NA
Tensile strength ratio (TSR) Tensile strength ratio (TSR) NA
Failure strain (−10°C) Failure strain (−10°C) Failure strain (−10°C)
Note. NA represents no data.
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Figure 2: *e distribution diagrams of M&R information of all the M&R projects. (a) Milling depth (cm). (b) Resurfacing thickness (cm).
(c) Resurfacing material. (d) M&R application time (year).
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Figure 1: *e amount and overall length of sections with or without M&R. (a) Counts. (b) Length.
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total length (m), L is the length of pavement section (m), and
B is the width of pavement section (m):

PPR � 100 ×
􏽘

n

i�1Ai

A
, (6)

where PPR is the pavement patching ratio (%), Ai is the the
area of the ith patching (m2), and A is the the area of the
pavement section (m2).

In addition, linear models were established for each
project because no obvious curvature could be observed
between pavement age and pretreatment performance in-
dicators. *us, the deterioration rates of IRI, RD, and SFC
before M&R treatment could be obtained from the slopes of
linear models. Due to the large amount of zero values in
TCSI, PPR, and SDR, the deterioration rates of them can
hardly be calculated. Consequently, the performance indi-
cators are summarized in Table 3.

3. Methodology of Statistical Analysis

Two statistical analysis methods including logistic regression
and classification tree were utilized to study the influence of
different factors on maintenance probability and resurfacing
thickness, respectively.

3.1. Logistic Regression. Logistic regression is an appropriate
method to model a binary dependent variable as a function
of predictors. It has been applied to model a wide variety of
transportation and pavement related data, including traffic
accidents, pavement fatigue cracking, pavement patching
effect, and selection of preservation projects [22–26]. In this
research, the goal of logistic regression is to describe how the
predictors influence the probability that M&R will be re-
quired. Equation (7) shows the logistic regression equation.
*e logit function of P, defined as the natural logarithm
transformation of the odds ratio, is expressed as a linear
combination of predictors:

Y � logit(P) � ln
P

1 − P
􏼒 􏼓 � β0 + β1X1 + β2X2 + · · ·

+ βiXi + · · · + βnXn,

(7)

where P is the maintenance probability; Xi is the predictors
(including AESAL, Pre-IRI, Pre-RD, Pre-TCSI, Pre-PPR,
and Pre-DRSFC); βi is the parameter estimate of predictor Xi,
which is the magnitude and direction change in response
with each one-unit increase in predictor Xi; and β0 is a
model constant.

3.2. Classification Tree. *e classification tree is an effective
data mining method to statistically classify data into subsets
with similar attributes. A trained classification tree can be
used to predict target values based on the attributes of a data
sample. *is method has been widely used in many areas
such as credit scoring, bank bankruptcy prediction, signal
recognition, medical diagnosis, and so on. In transportation

engineering, the classification tree has been used to inves-
tigate the influence of different factors on traffic accidents by
many researchers [27–29]. Pavement engineers also utilized
the classification tree to predict the probability of mainte-
nance and to select particular M&R activities based on the
current pavement condition [30].

In this research, classification and regression tree
(CART), which contains two branches for each decision
node, was utilized to classify the resurfacing thicknesses of
each M&R project into different groups based on their at-
tributes including directions, lanes, traffic levels, material
indicators, pretreatment performance, characteristics of
road sections (pavement or bridge), and M&R times.

4. Discussion of Results

4.1. Logistic Regression. Figure 3 and Table 4 display the
results of logistic regression and the significance test of each
predictor, respectively. As shown in Figure 3, the number
next to “1” in the left part of the figure denotes the prob-
ability that M&R is needed, while the number next to “0”
denotes the probability that M&R is needless. Consequently,
the black line shows how the probability changes corre-
sponding to the change of each predictor. In addition,
factors with P values lower than 0.05 in Table 4 are con-
sidered as significant factors.

It can be found that Pre-IRI, Pre-RD, and Pre-DRSFC are
significant factors for the maintenance probability. Higher
IRI, deeper rutting, and faster deterioration of skid-resis-
tance before treatment clearly increase the maintenance
probability. Moreover, more severe transverse cracking and
higher patching ratio improve the probability of mainte-
nance as well. While AESAL seems to have little influence on
maintenance probability, it can still be observed that high
AESAL slightly increased the probability. *e insignificant
impact of AESAL may be due to the similar traffic levels on
the investigated road sections.*erefore, it can be concluded
that traffic is not the main cause of the different maintenance
probabilities of a road sections in the same expressway.
Instead, it is the pavement condition that directly decides the
maintenance probability. Furthermore, given this logistic
regression model, decision-makers can easily obtain the
maintenance probability as long as the pavement perfor-
mance data have been collected. *erefore, calculating the
maintenance probability could be considered as an alter-
native approach to determine theM&R timing in addition to
the frequently used threshold-based M&R decision-making
method.

Furthermore, the influence of pavement structure
composition was not considered in the logistic model since
the high variability of the material property indicators may
have negative effects on regression. However, it should have
some implications when involved in classification problems,
which is covered in the following section of the paper.

4.2. Classification Tree. *e unmaintained projects and
those with insufficient material data were eliminated.
Consequently, a total of 355 M&R projects were used to
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conduct the CART analysis. Figure 4 shows the developed
CART tree by using resurfacing thickness as the classifica-
tion target. For the 355 M&R projects, the first split variable
is whether the corresponding section is pavement or bridge.
*eM&R treatments implemented on bridge deck tended to
have a greater resurfacing thickness, with an average
thickness of 9 centimeters while that for pavement was 6.5
centimeters.

*e 242 pavementM&R projects were then split into two
subsets according to top layer TSR. *e road sections with
top layer TSR higher than 88.7% required thinner overlays,
with an average of 7 centimeters while that for TSR lower
than 88.7% was 5.5 centimeters. *en, the pretreatment SFC
was selected as a significant attribute to split, indicating that
lower pretreatment SFC would result in thicker overlays.

For the 104 bridge M&R projects, middle layer TSR was
selected as a significant attribute first. Middle layer TSR
higher than 88.3% led to thinner overlays, and much thinner
resurfacing thickness can be observed if pretreatment RD
was less than 8.72mm. At the other branch withmiddle layer
TSR lower than 88.3%, it can be found that larger AESAL
caused thicker overlays. When the pretreatment IRI value is
higher than 2.383m/km, the resurfacing thickness would
probably be the thickest.

*e special geographic location of Yanhai expressway
leads to abundant rainfall along the line.*erefore, the water
stability of asphalt mixture of pavement surface layer plays
an important role in pavement surface condition and the
selection of M&R treatment, which can be concluded from
the classification tree’s results. Top layer TSR is the first split
variable for thinner overlays, while middle layer TSR is for
thicker overlays. Although TSR seems like an indirect factor
in the selection of resurfacing thickness, it exactly has a great
influence on pavement conditions, which directly affects the
M&R planning later. It is worth noting that for other regions
with significantly different weather condition compared
with this case, the TSR may not play such an important role
in pavementmaintenance decisions, but some othermaterial
properties shall stand out and have a more dominate effect.

Moreover, the pretreatment performance, including
SFC, RD, and IRI, and traffic level, also have great impacts on
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Figure 3: Prediction profiler.

Table 4: Effect likelihood ratio test.

Term df L-R chi-square P value
AESAL 1 0.57653427 0.4477
Pre-IRI (m/km) 1 37.2497417 <0.0001∗
Pre-RD (mm) 1 4.3116232 0.0379∗
TCSI 1 0.96879206 0.3250
Pre-PPR 1 1.75930143 0.1847
Pre-DRSFC 1 73.4634142 <0.0001∗
∗Statistically significant.

Table 3: *e performance indicators.

Indicators Full name Description

Pre-IRI (m/km) Pretreatment international
roughness index IRI value in the last detection before treatment

Pre-RD (mm) Pretreatment rutting depth RD value in the last detection before treatment

Pre-SFC Pretreatment side-way force
coefficient SFC value in the last detection before treatment

Pre-TCSI (%/m) Pretreatment transverse cracking
severity index TCSI value in the last detection before treatment

Pre-PPR (%) Pretreatment pavement patching
ratio

*e patching ratio (including patching and surface pit) in the last detection
before treatment

Pre-SDR (%) Pretreatment surface damage ratio *e surface damage ratio (except for transverse crack, patching, and surface pit)
in the last detection before treatment

Pre-DRIRI (m/km/
year)

Pretreatment deterioration rate of
IRI *e slope of the pretreatment IRI linear deterioration model

Pre-DRRD (mm/
year)

Pretreatment deterioration rate of
RD *e slope of the pretreatment RD linear deterioration model

Pre-DRSFC
Pretreatment deterioration rate of

SFC *e slope of the pretreatment SFC linear deterioration model
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Figure 4: Results of classification tree analysis of resurfacing thickness: (a) Specific version. (b) Simplified version.
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resurfacing thickness. *e SFC of 49, a rutting depth of
8.72mm, and an IRI of 2.382m/km appear to be key values
when determining the degree of milling and resurfacing. As
a result, agencies can refer to this classification tree for a
preliminary resurfacing thickness selection, which would
bring great convenience to them.

5. Conclusion

*is paper quantified the maintenance probability under
specific pavement conditions and investigated the key fac-
tors on resurfacing thickness.*e data of Yanhai expressway
collected from PMS were utilized to conduct the analysis.
Based on the results, the following conclusions could be
drawn:

(1) *e developed logistic model was capable to provide
probabilistic estimation for maintenance probability
given the pretreatment performance and traffic
loads.*e classification tree model further shows the
key factors and their critical split point for deter-
mining the resurfacing thickness.

(2) Higher IRI, deeper rutting, and faster deterioration
of skid-resistance before treatment significantly in-
crease the maintenance probability. More severe
transverse cracking and higher patching ratio also
improve the probability of maintenance. AESAL
slightly increased the probability of maintenance.

(3) *e key factors on resurfacing thickness include
the characteristic of road sections (pavement or
bridge), top layer and middle layer TSR, pre-
treatment SFC, RD, and IRI, and AESAL. *e
M&R treatments implemented on bridge tended to
have obviously greater resurfacing thickness.

(4) For pavement M&R projects, the road sections with
top layer TSR higher than 88.7% required thinner
overlays. In addition, with pretreatment SFC higher
than 49, the desired resurfacing thickness would be
smaller.

(5) For bridge M&R projects, middle layer TSR higher
than 88.3% led to thinner overlays, andmuch thinner
resurfacing thickness can be observed if pretreat-
ment RD was less than 8.72 millimeter. With middle
layer TSR lower than 88.3%, larger AESAL, and
pretreatment IRI higher than 2.383m/km, the re-
quired resurfacing thickness would probably be the
thickest.

However, it is also worth noting that decision-making
in pavement management is a complex expertise. *e
models and methods in this study were developed from a
practical point of view. Although they are easy to use in
practice, improved approaches and various factors are
desired in following research. For instance, climate
conditions should be considered as candidate factors.
Larger dataset collected from multiple expressways with
different traffic level and pavement performance is re-
quired as well.
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risk factors of traffic accident injury severity on Slovenian
roads using a non-parametric classification tree,” Transport,
vol. 32, no. 3, pp. 272–281, 2017.

[28] T. B. Tesema, A. Abraham, and C. Grosan, “Rule mining and
classification of road traffic accidents using adaptive regres-
sion trees,” International Journal of Simulation, vol. 6, no. 10,
pp. 80–94, 2005.

[29] X. Yan and E. Radwan, “Analyses of rear-end crashes based on
classification tree models,” Traffic Injury Prevention, vol. 7,
no. 3, pp. 276–282, 2006.

[30] M. Kang, M. Kim, and J. H. Lee, “Analysis of rigid pavement
distresses on interstate highway using decision tree algo-
rithms,” KSCE Journal of Civil Engineering, vol. 14, no. 2,
pp. 123–130, 2010.

Advances in Civil Engineering 9


