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This work attempts to develop a universal model for predicting micro-and macro-level
accident frequency. The study implies that the number of accidents may vary depending
on the type of roadway and the characteristics of its small segments, both at the group and
individual levels. A multilevel model has been designed to address the nested link between
individual road segments and multiple road classifications. The multilevel analysis allows
one to investigate the hierarchical nature of road accident parameters at the micro and
macro levels to comprehend the risk of specific road segments within distinct roadway
categories. To accomplish this, a case study of fifty-seven roads has been selected, covering
five main categories: motorway, expressway, primary arterial, secondary main roads, and
minor roads. In addition, each roadway has been subdivided into several flexible-length
segments, each of which is identified by its traffic and geometrical characteristics. The
outcome confirms that the accident frequency per road segment is more likely to vary
between roads with distinct categories. Moreover, road types with low design requirements
are more hazardous than well-designed roads, even with lower speed restrictions and traffic

numbers.

1. INTRODUCTION

Each year, road accidents result in high economic and social
costs for nations, families, and individuals [1]. Experts in road
safety have recently made determining the causes of road
accidents a priority to reduce accident risk. Depending on the
purpose of the study, models for forecasting accident
frequency may incorporate numerous variables. According to
numMerous sources, various causes contribute to road accidents
[2-5]. Guerrero-Barbosa et al. [6, 7] studied the influence of
factors related to roadway geometry, traffic volumes, and
speeds on accident frequency on an urban road network and
people responses to speed limits. MarcianO and Vitetta [8]
examined the effect of changing traffic parameters on
pedestrian accidents. Joly et al. [9] investigated the influence
of geographical and socio-ecological variations on pedestrian
and cyclist accidents in different zones.

The accuracy of accident prediction models is based on
extracting patterns from similar or historical accident data. In
the past, the concept of prototypical accident scenario has been
used [10]. In this method an in-depth investigation is made in
order to extract a chain of facts and causal relationships from
a series of accidents data and diagrams [11] in different stages.
The modern science applies more accurate statistical models
for studying accident-related parameters. The parameters may
include environmental or traffic elements. These elements
may include abnormal events. For example, the period of
Covid-19 cited a significant effect not only on transportation
sectors but on economy and life of all countries [12, 13].

The existing studies have also examined the precision of
accident prediction models. Hauer et al. [14] studied the
practical applications of the Empirical Bayesian method. In his
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methodology the expected number of accidents is calculated
by combining the accident records of the entity and the
accident frequency expected at similar entities by a weight
factor. The author claimed that the precision of road accidents'
estimation can be enhanced when the accident record is sparse
and the regression to mean bias is eliminated. The benefit of
the Empirical Bayesian method has also improved by the
studies [15, 16]. In their paper they have examined the
performance of different accident prediction models
developed from network segmentation methods on Hungarian
expressways.

Road safety analysis may include data on different levels of
aggregation [17, 18]. Russo and Vitetta [18] defined two
structural levels of road safety data, aggregated and
disaggregated data. The aggregated level is focusing almost on
spatial data of a large geographical areas (urban area, central
business district, etc.) and apply a macroscopic analysis for
predicting accident occurrence. In contrast, the disaggregated
level concerns small infrastructural elements (road segment,
junction, parking area, etc.) and uses a set of micro-level
variables (incident, driver, etc.) to estimate accident severity
or frequency. Generally, existing research has examined traffic
safety independently at either the micro or macro level.

At the microlevel, road accident analysis included detailed
factors related to one or a small group of accidents, such as,
geometric road features [19, 20], traffic characteristics [21], or
weather and environmental conditions [22, 23]. Most of these
studies have been performed for small spots or road segments.
In contrast, the macro-level applied factors related to a large
group of accidents at an area or regional level, such as road
category [24], urban planning including population and
building density [25], or vehicle mile-travel [26]. However,
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the selection of a suitable analysis level depends on the
purpose of the study and the type of available data.

On the other hand, accident prediction models in every
literature were limited to a specific road category or
intersection. Castro et al. [27] applied a latent variable
generalized ordered response framework for modeling
accident count at urban intersections. The results revealed
some critical unobserved components influencing accident
propensity at intersections, including roadway configuration,
approach roadway functional type, and total daily entering
traffic volume. Persaud and Mucsi [28] used the hourly traffic
volumes in a regression model for estimating accident
potential on two-lane rural roads. Persaud and Dzbik [29]
developed a generalized linear model to study the change in
accident frequency and severity on the freeway. Most of these
studies were limited and dedicated to a specific road type or
intersection. Differences in the characteristics of different
roads make it difficult to construct a uniform model for all road
categories. Ghadi and T&r¢k [30] compared the performance
of some black spot identification methods between highway
and secondary roads. They discovered that the performance of
the applied approaches could be significantly affected by the
broad category and the speed factor. Gururaj et al. [31] used
un-supervised machine learning algorithms for predicting the
injury severity of traffic accidents. However, failing to account
for the hierarchical structure of accident data might lead to
underestimating accident prediction model parameters.

Multilevel models are specifically geared to analyze data
with a hierarchical or cluster structure [32]. The multilevel
analysis includes modeling the relationship between different
groups of accidents by identifying a hierarchical system of
data that takes advantage of the clustered dataset. This means
that the model's outcome is affected by a nested relationship
between individual accidents' lower-level characteristics
(level one) and higher-level group characteristics (level two).
Lenguerrand et al. [33] investigated the advantages of
applying a multilevel logistic model to analyze the hierarchical
structure of accident data for vehicle occupants compared to a
traditional generalized estimating equation and logistic models.
They found that the multilevel analysis provides a more
efficient model than the traditional models. Haghighi et al. [20]
explored the nested relationship between individual crash
characteristics and environmental and roadway features. They
applied a multilevel ordinal logistic regression to analyze the
hierarchical structure of accident data and its impact on
accident severity outcome. Few literatures investigated the
influence of multilevel analysis on accident counts. Cai et al.
[34] developed a Bayesian integrated spatial model to analyze
accident frequency at the macro-and micro-levels between
district and road entities (i.e., segments and intersections)
simultaneously. The results indicated that the model could
simultaneously identify both micro-and macro-level factors
contributing to the accident occurrence and with higher
performance.

A road accident is generally an unforeseen occurrence that
might occur on different roadways under different conditions.
A given road segment's environmental and geometrical
parameters significantly influence the density of accidents per
segment length. Typically, these accident risk data of
individual road segments are grouped within groupings (e.g.,
roadways with different categories). Due to the hierarchical
nature of these data structures, similarities in accident risk
across road segments (i.e., individuals) of consecutive
highways (i.e., groups) may exist. They must be accounted for
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in the analysis. The multilevel analysis presents an opportunity
to study the hierarchical nature of road accident properties,
attempting to understand the risk of individual road segments
within a group context. For example, on the one hand, small
roadway segments may vary in some parameters, such as
traffic characteristics (i.e., traffic volume, speed limit, truck
volume) and geometric features (i.e., roadside hazard, median
type, curves, surface condition). From another hand, accident
frequency can be counted from group characteristics that
might be aggregated from lower-level characteristics, such as
category or level of service, including road design standard,
average speed limit, and the average annual daily traffic
(AADT).

No study has, to our knowledge, examined the variation of
road accident risks for different road categories using a single
micro-and macro-level model. This study believed every road
could be subdivided into smaller portions with distinct
environmental and geometric design characteristics. The
nested link between roadways of various categories and their
short segments is utilized to develop a multilevel model
capable of predicting accident counts at a road segment for
every road category in the case study.

2. DATA DESCRIPTION

This study analyzed a range of accident occurrences on five
distinct road types. Fifty-seven routes have been selected from
the Hungarian road map, divided into five categories:
Motorways, Expressways, Arterial (primary main roads),
Secondary main roads, and Local roads. The Hungarian
standards define the highway as a two-lane road in each
direction, with an emergency lane and a speed restriction of
130 kilometres per hour. The expressway has two lanes in each
direction but no emergency lanes and a speed restriction of
around 110 kilometres per hour. Both expressways and
motorways can alternatively be considered highways. The
arterial route is similar to the expressway regarding the
number of lanes and speed limits but with lower requirements.
The primary, secondary roadway is classified as a state
highway. The final road is a local or secondary access route.

The dataset covered five broad categories with a total of
5074 km in length and 6025 accidents that covered three study
years (2013-2015). The data included accident information
(i.e., geographical location, date, severity, involved vehicles),
road characteristics (category, number of lanes, residential
presence), and traffic characteristics (i.e., traffic volume,
speed limits, truck wvolume). Additional roadway
characteristics (i.e., horizontal curves, lane characteristics, and
roadside hazards) have been identified with the help of ArcGIS
software and Google Earth. The analysis has only considered
data from homogeneous road segments without intersections.

The primary focus of this study was on examining the
impact of the nested relationship between various road
categories and road segments with different environmental
characteristics (i.e., roadway geometric and traffic
characteristics) on accident frequency. To determine the effect
of the difference in road type on accident frequency, each road
has been divided into smaller homogeneous segments with
distinguished environmental characteristics. The segmentation
process included factors distinguished by the AADT, speed
limit, roadside hazard, and horizontal curves, as recommended
by the Highway Safety Manual (HSM) specifications [35].
Table 1 presents the descriptive statistics of the resulting



segmentation process for each road category.

The segmentation process has resulted in 1590 segments for
all roads, each of which has different environmental
characteristics. Considering the parameters of Table 1, it can
be noted that each road category has distinguished
characteristics. On average, motorways recorded the highest
average speed limit above the hundreds (i.e., 122 km/hour),
reaching 130 km/hour for some segments. In contrast, the
average speed limit decreases as it shifts to the right-hand
roads (in Table 1), reaching the local road. Similarly, AADT,
truck volume, horizontal curves, and residential presence

increase by moving from the highest speed limit road
(motorway) to the lowest speed-limit road (local road). In
general, according to Table 1, the segments of the motorway
and expressway show some convergence in their average data
sets. In contrast, the arterial, secondary, and local roads show
another convergence. However, this study examines the effect
of various environmental and geometrical features for each
road category on accident frequency, considering the
environmental changes of road segments in which accidents
occur.

Table 1. Descriptive statistics of the resulted segments per road category

Parameters description Motorway Expressway Arterial Secondary Local
Number of roads 5 6 8 23 18
Total lengths (km) 993 236 1608 1796 441
Total accidents (2013-2015) 1068 189 2257 1980 531
Min length (km) 0.78 0.4 0.32 0.42 0.45
Max length (km) 17.29 8.8 14.91 1553 11.83
Road segment Average length (km)  6.45 4.07 3.54 2.34 2.81
Standard deviation 3.28 1.78 2.52 1.49 191
Number of segments 154 58 454 767 157
Min 0 0 0 0 0
. Max 13 7 8 7 10
Observed accidents (per year) Mean 231 1.08 165 0.86 112
Standard deviation 2.46 1.40 1.49 0.96 1.52
Min 1388 3304 836 827 164
AADT Max 107962 105023 34768 56176 17134
Mean 33291 34150 10029 6678 3865
Standard deviation 21765 30074 6299 4878 3364
Min 94 487 33 0 6
Truck Max 12748 19476 3489 2973 1213
Mean 4312 5055 756 634 146
Standard deviation 3224 5420 643 589 158
Min 80 60 40 30 30
Speed Max 130 110 110 90 90
Mean 122 90 75 74 71
Standard deviation 13 17 16 17 17
Straight path 0.73 0.57 0.48 0.52 0.40
Horizontal curves (%) Single curve 0.23 0.33 0.33 0.36 0.39
Multiple curves 0.05 0.10 0.20 0.12 0.20
Residential area No 0.70 0.74 0.77 0.43 0.76
Yes 0.30 0.26 0.22 0.57 0.24

3. METHODOLOGY

Appropriate accident prediction models are regarded as
fundamental ways of analyzing road safety. Accident
frequency analysis is applicable at both the micro and macro
levels. Differently, the characteristics of several road types can
considerably add to the safety risk of each road segment. In
other words, accident frequency may fluctuate not only across
road types but also between road segments.

The frequency of accidents per road section is a count
including both zeros and positive numbers. If accident counts
are uncommon, they may adhere to a Poisson distribution. A
property of the Poisson distribution is that the mean and
variance must be equal. More often they not, the observed
accident variance exceeds the mean. The exclusion of crucial
explanatory variables or dependent observations is the known
cause. Using a negative binomial regression, the problem of
overdispersion can be overcome [36].

The hidden effects of the hierarchical relationship must be
investigated to analyze the accident frequency and reveal the
correlation between explanatory variables at both micro and
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macro levels. Accident frequency can be analyzed at different
information levels (see Figure 1), including regional-level
characteristics (i.e., population, residents), road level
characteristics (i.e., category, level of service, average speed
limit), or minor road segment level characteristics (i.e., AADT,
speed limit, roadside hazard, curvature). For instance, the
correlation may exist among road segments in which accidents
occurred on the same road due to possible unobserved
characteristics. Similarly, roads in the same district are more
likely to share similar characteristics than roads in other
districts. Considering the multilevel correlation between
variables may increase the accuracy and help produce a more
general model. The multilevel analysis includes modeling the
relationship between different groups of accidents by
identifying a hierarchical system of data that takes advantage
of the clustered dataset. This means that the outcome of the
model is affected by a nested relationship between the lower-
level characteristics (level-one) of individual road segments
and higher-level group characteristics (level-two) related to
the road characteristics (which will be considered in this study),
as presented in Figure 1.



This research examines accident frequency by discovering
the hidden influences of a hierarchical relationship between
explanatory factors in the methods section. To achieve this, a
two-level technique was utilized to analyze the nested
relationship between the number of roadways belonging to
five distinct groups and the accident frequency per road
segment. The description of the two-level model is provided
below.

Level-Three Level-Two Level-One Target variable

Area or district Single full-road Single rua\d segment Accident frequency
Populat characteristics (part of full-road) per road segment

- Population )
characteristics - Road category Traffic volume

- Residential - Level of service - Speed-limit

- Road-side
hazard

area

e - Average Speed-
distribution

limit
Etc.

- Efc. - Ete.

Figure 1. Multilevel hierarchical structure of
road accident data

3.1 Level-one modelling

The level-one model treats all road segments similarly,
assuming the accident risk does not change on different roads.
The general single-level model tries to link the expected
accident's outcome to the predicted accidents through the log-
odd link function, which can be written as follows [37].

Q
i = log (ﬂu ) = :Boj ""Z:qu Xq 1)
q=1

where, n;; is equal to the natural logarithm of the expected
accident count (4;;) per segment i atroad j. S, is the intercept,
and X, is the slope for a predictor q. 3, is the fixed effect
coefficient.

The odds ratio can result from exponentiation with the log-
odd coefficients (exp.(n;;)) when the odds ratio is less than one,
the probability of the outcome decreases while it increases for
a higher odds ratio above one.

3.2 Level-two modeling (developing multilevel model)

Multilevel model is distinguished from the single-level
model by nesting of individual observations within higher-
level groups. The multilevel model treats individual road
segments as parts of groups. Each group is corresponding to a
specific road with distinguished characteristics (i.e., road
category). Because individual segments of the same road are
likely to share similar characteristics, they are more likely to
respond in the same way compared with individuals of other
roads, which in turn violating the assumptions of a single
model.

Unlike the fixed-effect of slopes and intercept of the single-
level model, the variation of the multilevel model is random.
The variation of level-one intercept values (fqy) between
groups j (i.e., roads) indicates the importance of group-level
characteristics on the outcome. The level-one intercept values
represent a group mean when all explanatory variables are zero
or at their average base [38]. The general form of the level-two
model is presented in the following equation [37].
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ﬂoj:700+(zyojwjj+u0j 2
j

At the level-two, more level-one intercepts (fg) can be
modeled as a function of level-two random effect variance (ug;)
with a fixed level-two intercept (yoo). In some cases, the
random change in slope coefficient (yo;) between groups can
be considered as a level-two parameter (W;) of the model.
However, a general multilevel model can be formed by
combining both levels (Eqns. (1)+(2)) in a single formula (Eq.
() [37].

77ij:700+(Z7ioxij+[z70jxjj+u0j (3)
i i

where, Xi and X; are fixed-effect predictors of accident
frequency at level-one and level-two, respectively. yio is a
coefficient of X; and yq; is a coefficient of X;.

The estimation of the level-two variance (ug) can judge
whether groups are significantly different from each other. For
multilevel model outcome, there is no separate variance (error)
term at level-one, because individuals of a single group are
assumed to be similar in many variables, and the variation only
exists between level-two groups.

4. RESULTS

Several explanatory variables have been tested to model
accident risks on different road categories, including road
segment characteristics (i.e., geometrical features, traffic
characteristics) and full-road characteristics (i.e., category,
level of service, speed limit) excluded insignificant variables.
According to Table 1, the accident counts per road segment
show higher variance values (square standard deviation) than
their mean values. This suggests some possible presence of
over-dispersion. Therefore, the accident counts have been
assumed to follow a negative binomial distribution.

A two-level negative binomial regression model has been
developed for the case study to reveal the potential unobserved
within-road correlation and address the influence of different
road category features, as shown in Figure 2. The level-two of
the model includes features related to the full-length roadways
with different categories, while the divided road segment
characteristics constitute level one. Considering the accident
frequency per road segment is the target variable. Figure 3
shows the level-one estimated intercept values for the 57 roads
of the case study. These roads are divided into five categories:
Motorways (MR), Expressways (ER), Arterial (primary main
roads) (AR), Secondary main roads (SR), and Local roads (LR)
as depicted in the figure. The level-one intercepts describe the
unit changes in the predicted accidents assuming the other
variables at their base value (average or zero). The changing
intercept values (Figure 1) indicate that the predicted accidents
are highly associated with different road features with
increasing or decreasing trends.

Figure 3 also shows the distribution of roadway intercepts
ranked by road category. The intercept describes the unit
changes in the predicted accidents assuming the other
variables at their base value, average or zero (i.e.,
AADT=10873, truck volume=1127, speed=79, path
shape=straight, and residential area=no, according to all data



of the case study). As the value of intercept increases, the
accident density increases. Therefore, it can be noted that the
intercept values (when the other variables are at their base
values) for each road category range from hostile to positive,
except for the motorway, which shows negative values for all
roadways.

Level 2
(Road categories)

Level 1
Road segment (ADT, speed,
truck volume, etc.)

L

Target variable
(accident count/segment)

1

Figure 2. The proposed hierarchical structure of road
accident data for the case study

0.6

0.4 4

Intercept
) I3
na (=] M

©
-

S
(=]

MR LR

Roadways ranked by category

SR AR ER

Figure 3. Estimated intercept for different roadways from
the multilevel analysis

The degree of variability of the intercepts is presented in a
single value in Table 2(a). Table 2(a) presents the variance
component of the intercept. The ratio of the intercept variance
(0.084, p=0.01) to its standard error (0.033) justifies using the
multilevel model. Table 2(a) is also shown the variability of
the level-two road category variable. The variance of road
category values (0.07, p=0.01) suggests that their accident
frequency per road segment is more likely to vary across
different roadways with different categories. In other words,
the developed multilevel model can explain the effect of the
hierarchical relationship between individual road segments
and groups of roads with different categories on accident
frequency.

In contrast, applying only a single-level model could reduce
the model’s performance. Table 2(b) compares the model
fitting (goodness-of-fit) of the single-level and multilevel
models developed from the current case study data set.
According to Table 2(b), the multilevel model has
significantly lower Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC) values (4377, 4388
respectively) compared with the single-level model (6682,
6746 respectively). This indicates that the hierarchical
structure explains part of the variation in the predicted
accidents between different roads with different categories.

Table 3 summarizes the estimated fixed effect results of
applying the multilevel model, considering that the length of
the road segment as an offset.

Table 3 contains the variables of two hierarchical levels.
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The level-one microscopic variables (road segments) include
AADT, truck volume, speed limits, path shape, and residential
presence. The only level-two macroscopic (roadway) variable
is the road category. Most of the variables in Table 3 are
statistically significant at a 0.05 significance level (95%
confidence level). The estimated parameters represent the
odds ratio of accident counts. When the odds ratio is less than
1, the probability of the outcome decreases while it increases
for a higher odds ratio above 1. The intercept value (1.47) can
be interpreted as the odds ratio that describes the increased risk
of accidents, assuming no predictors. In other words, accident
prediction, holding the other variables at their base value, is
expected to increase by about 47%.

On the other hand, the slope of one predictor can be
interpreted as the amount required to increase or decrease the
odd value of the expected accident rate by one unit, holding
the other predictors at their base. For example, accidents are
more likely to increase on road segments with higher AADT
by a factor (2.70) assuming the other variables at their average
or equal zero. To illustrate more, each increase in AADT by
170% is expected to increase accident prediction by one unit
given that: truck volumes=1127, speed=79, path
shape=straight and residential area=no, and road
category=motorway. The correlation between accidents and
AADT was highlighted by many researchers. Cadar et al. [39]
proved that accident risk is significantly proportional with
traffic volume up to a certain level of congestion. The
proportional relationship has also been proved by the HSM
[35].

Table 2. (a) Variance values of the random effect
components (b) Comparing the goodness-of-fit of a single
level and multilevel models

(@)
Variance Estimate Std. Error z Sig.
Intercept 0.084 0.033 2.569 0.010
Road category  0.071 0.028 2.555 0.011
(b)

Akaike Corrected (AIC) 6682
Bayesian (BIC) 6746
Akaike Corrected (AIC) 4377
Bayesian (BIC) 4388

One-level Model

Multilevel Model

Table 3. Resulted fixed effect parameter values

Odd ratio

Model Term Significance
(parameter)
Intercept 1.47 0.00
Level-one road segment variables
AADT 2.70 0.00
Speed-limit 0.69 0.00
Truck volumes 0.68 0.00
Path shape=multi-curve 1.49 0.00
Path shape=one-curve 1.33 0.00
Path shape=straight * *
Resident=yes 1.90 0.00
Resident=no * *
Level-two full road variables
Road category=Ilocal road 1.78 0.00
Road category—secondary 195 0.06
main
Road category=arterial 1.93 0.00
Road category=expressway 0.20 0.00
*

Road category=motorway *

Over-dispersion 0.53

* Reference variable



In contrast, increasing speed-limits are more likely to have
safer road segments when the other predictors are at their base
mean. This is a sensible result since usually road specifications
improve as speed-limits increase. Therefore, increasing speed-
limit for motorway straight path, and no residential road
segments, above the average (i.e., 79 km/hour) is just
approaching the designed speed-limit (130 km/hour),
according to the motorway specifications. This is supported by
Garber and Gadiraju [40] who found that drivers’ speed tends
to increase as road geometrical characteristics improve, and
that accident rates do not necessarily increase with an increase
in average speed but do increase with an increase in speed
variance. From a statistical perspective, high speed-limit roads
(e.g., motorway, expressway) with higher specifications have
lower accident densities compared with the other low speed-
limit roads, as shown in Table 1. However, almost the same
interpretation can describe the odd ratio of truck volumes that
showed an inverse relationship with accident risks by 31%. On
the other hand, moving from a single-curve to multi-curve
road segment would increase the predicted accident by 33%
and 49% with respect to a straight path shape, respectively.
Similarly, it is estimated that the road segments in which
residents exist are positively affected accidents by 90%
compared to non-residential road segments.

The only level-two slope is the road category. Interpretation
of its results is tricky somewhat since it is affected by the pre-
determined base values (described above) of level-one
variables. Generally, high-speed roads (motorway and
expressway) show lower accidents trends compared with the
lower speed roads, holding level-one variables at their base
values. For the same conditions, the least accident probability
is for the expressway which decreased by 80% compared with
the motorway. This can also be explained by the lack of data
available for the expressway which already most of which are
newly constructed.

5. CONCLUSION

Regarding road safety, the effects of micro-and macro-level
factors have a significant role in determining accident rates. In
this study, a multilevel negative binomial regression model has
been built to predict the accident frequency at various road
segments for various road classifications. The multilevel study
entailed modeling the association between distinct groups of
accidents on different routes by establishing a hierarchical data
system that exploits the benefits of the clustered dataset. This
multilevel data is portrayed hierarchically to highlight the
impact of group-level characteristics. Using the negative
binomial to account for the potential dispersion of count data.

The model included two levels. In level two, fifty-seven
roads have been chosen as a case study, including five
different categories (i.e., motorway, expressway, arterial,
secondary roads, and local roads) with distinguished
characteristics. Every road has been divided into a group of
level-one segments in which every segment has distinguished
environmental and geometric features. Accident frequency per
road segment has been chosen as a target variable. Several
explanatory variables related to road segment characteristics
(i.e., geometrical features, traffic characteristics) and full-road
characteristics (i.e., category) have been applied in the model.

The resulting level-two variance components of the
intercept confirm the presence of a hierarchical structure
within the data, where there is a link between the accident
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frequencies on the same road. In other words, the incidence of
accidents per road segment is more likely to differ between
roadways. This justifies adopting a multilevel model for a
more precise analysis of accident frequency. In contrast, an
assessment of the random effect of a road type revealed
varying slopes between the various roads within a group level.
This demonstrates a link between road categories and accident
risk that a one-level model analysis may not see. The results
also suggested that high-speed roads (motorways and
expressways) have lower accident trends than low-speed roads
(arterial, secondary, and local roads) when all other model
variables are at their mean or zero. This explains the
distinction between the design standards for the various road
types.

The accuracy of accident prediction models and black spot
analyses can be improved by predicting accident frequencies
by examining the nested links between micro-and macro-
levels. Generally, the developed model can be extended by
computing the expected number of accidents using the
Empirical Bayesian method. This can improve the accuracy of
accident count prediction. However, adding new levels can
increase the model’s performance by increasing the number of
parameters.
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