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ARTICLE INFO ABSTRACT

MSC: One of the main aims of accident data analysis is to derive the determining factors associated with road traffic
62-07 accident occurrence. While current studies mainly use variants of count data regression to achieve this aim, the
Keywords: problem can also be considered as a binary classification task, with the dichotomous target variable indicating

events (accidents) and non-events (no accidents). The effects of 45 variables — describing road condition and
geometry, traffic volume and regulations, weather, and accident time - are analyzed using a dataset in high
temporal (1 h) and spatial (250 m) resolution, covering the whole highway network of Austria over the period of
four consecutive years. A combination of synthetic minority oversampling and maximum dissimilarity under-
sampling is used to balance the training dataset. We employ and compare a series of statistical learning tech-
niques with respect to their predictive performance and discuss the importance of determining factors of acci-
dent occurrence from the ensemble of models. Findings substantiate that a trade-off between accuracy and
sensitivity is inherent to imbalanced classification problems. Results show satisfying performance of tree-based
methods which exhibit accuracies between 75% and 90% while exhibiting sensitivities between 30% and 50%.
Overall, this analysis emphasizes the merits of using high-resolution data in the context of accident analysis.
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1. Introduction

In spite of continuous improvements made in the area of vehicle
safety technology throughout recent decades, motor-vehicle crashes
continue to remain one of the leading causes of death and injury across
the world, thus imposing a substantial human and economic toll to
society (WHO, 2015). Consequently, considerable efforts have been
made in the field of accident analysis, particularly as far as injury
prevention and accident prediction modeling are concerned.

Traditionally, a vast majority of studies related to the assessment of
accident occurrence is based on the application of various types of
count-data regression models for modeling accident frequency (Yannis
et al., 2017; Mannering and Bhat, 2014; Lord and Mannering, 2010). In
these classical approaches, the number of accidents per predefined
segment is counted over certain time periods, usually covering several
years (Lord and Mannering, 2010). While this is well suited for asses-
sing the impacts of covariates which remain constant over the time
periods under consideration (e.g. properties related to road geometry),
independent variables exhibiting high variation over time (e.g. traffic
volume or weather) can only be considered in an aggregated way (e.g.

annual average daily traffic, monthly or annual aggregates of weather
data) which leads to loss of information related to specific accidents.
Moreover, potentially important time-specific variables - like for in-
stance weekday or accident time - cannot be included in count data
regression models operating at an aggregated scale.

One way to overcome these shortcomings is to increase the data
resolution both spatially and temporally. Instead of modeling the
number of accidents on a given segment over extensive time periods,
we therefore propose to consider this as a binary classification problem
with the dichotomous outcome states “one or more accidents occurred”
(TRUE) and “no accidents occurred” (FALSE) for short road segments
within time periods of one hour. By assessing accident occurrence at
such detailed granularity, important nuances in highly variable cov-
ariates can be captured, while variables that remain constant over time
can still be included naturally.

Studies using high resolution real-time weather and traffic in-
formation have just emerged in recent years (e.g. Chen et al., 2018a;
Wu et al., 2018; Theofilatos, 2017; Theofilatos et al., 2016; Yu et al.,
2013; Abdel-Aty et al., 2007). While these precursor works are carried
out at the example of selected freeways, comprehensive studies
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providing a country- or nationwide analysis of the whole highway
network over an extended period of time are not known to the authors.
Furthermore, comparative assessments of different methods and models
are not the standard - in many cases, only certain specific methods are
presented and discussed in other studies. As shown in the overview by
(Mannering and Bhat, 2014), variants of generalized linear models
dominate, while studies employing tree-based models or other statis-
tical learning methods are rare.

Special emphasis is put on the assessment of a broad range of
weather variables that may constitute potentially contributing factors
to accident prevalence. While several efforts have been made to in-
vestigate the influence of various weather conditions — most notably
rainfall — on road accidents (e.g. Omranian et al., 2018; Mais et al.,
2016; Bergel-Hayat et al., 2013; Andrey, 2010; Bijleveld and Churchill,
2009; Koetse and Rietveld, 2009; Brijs et al., 2008; Eisenberg, 2004;
Andrey et al., 2003; Edwards, 1996), many existing studies are some-
what limited by restrictions imposed by data availability. This study
aims at broadening the perspective of previous studies by employing
high-resolution data for ten weather variables obtained via meteor-
ological re-analysis.

In addition, we seek to advocate an expansion of the methodological
landscape for obtaining robust findings derived from a steadily growing
amount of data in the area of accident research. Albeit algorithms for
statistical learning are rapidly gaining popularity in many areas of re-
search, their application in the context of accident analysis and mod-
eling is still dominated by generalized linear models in terms of count
data regression (Lord and Mannering, 2010; Maher and Summersgill,
1996). In this study, we apply and compare several state-of-the-art
techniques for tackling the binary classification problem using an im-
balanced high resolution dataset of road accidents in Austria.

2. Data

As by the end of the year 2016 (i.e. the end of the period under
consideration), the Austrian freeway network (Fig. 1) consists of 18
freeways (‘Autobahn’) comprising a total length of 1719 km (BMVIT,
2017). In Austria, ‘Autobahns’ are controlled-access highways with
distinct properties. They are grade separated, feature two structurally
separated directional carriageways and comprise at least two lanes per
direction. Austrian ‘Schnellstraen’, which are also limited-access road
similar to ‘Autobahns’ but with a lower design standard, are not con-
sidered in this study.

The whole network is used as a basis to build up a graph containing
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multiple features. The evaluation period spans four years from 2013-01-
01 00:00 CET to 2017-01-01 00:00 CET (i.e. 35,040 h). The dataset is
divided into a training dataset, which covers the years 2013 to 2015
(26,280 h), and a dedicated test dataset (8784 h in 2016) for evaluation
purposes. In total, 45 variables are considered as possible predictors in
this analysis.

2.1. Infrastructure

Data describing the road infrastructure have been gathered with
various mobile measurement systems mounted on a rebuilt truck
(RoadSTAR system). These measurement systems deliver high-resolu-
tion data on road condition and road surface characteristics, road tra-
cing and geometry, as well as road environment (Maurer et al., 2002).
Measurements are performed in a single run per lane under normal
traffic conditions (40-120 km/h), with a standard measurement speed
of 60 km/h. The road geometry can be derived from an inertial mea-
surement unit and differential GPS with a spatial resolution of 1m,
while the evenness is measured by different laser scanning systems with
a resolution up to 5-20 mm. Skid resistance is measured using a mod-
ified Stuttgart skiddometer. Several camera systems provide informa-
tion about surface damage and the road environment (e.g. traffic signs).

30 covariates are derived from these measurements (Table 1).

All variables are calculated as the mean across all lanes for each
segment and for both directions separately.

2.2. Weather

High resolution weather data used in this study are derived from
VERA(flex re-analyses (Steinacker et al., 2011). The gridded datasets for
various meteorological variables are available at a temporal resolution
of one hour and a spatial grid of 250 m. Eight different meteorological
indicators are considered in this study (Table 2).

In addition to real-time weather data, three climate indicators have
been used. In order to represent the climatological conditions, annual
precipitation totals (rr totals), the number of frost days
(Tmin < 0°C, frost) and hot days per year (Tnax > 30°C, hot), are
derived from the E-OBS dataset (Haylock et al., 2008).

Weather data at tunnel sections have to be slightly modified for the
purpose of representing the limited exposure to weather impacts. Thus,
the variables precipitation, temperature and wind speed are corrected.
Concerning precipitation, all precipitation events in tunnel sections are
set to 0.1 mm/h to indicate a wet road surface in case of rain. The

Fig. 1. Overview of the road network of Austria. Bold red lines
indicate the highway network (‘Autobahns’), which has been used
in this study. Cities with more than 100,000 inhabitants are also
depicted in the map for orientation purposes. (For interpretation
of the references to color in this figure legend, the reader is re-
ferred to the web version of this article.).
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Table 1
Description of variables derived from RoadSTAR measurements.
Variable Data type Description
w_tot Metric Total width of the road
w_bdl Metric Width of breakdown lane
is_bdl Logical Indicator for the existence of a breakdown lane
bdl_rel Metric Share of breakdown lane existence of total segment length
n_lanes Factor Number of lanes, reference class is 2
lane_ind Factor Variable indicating changes in the number of lanes within one segment; levels are none, exp (expansion) and red (reduction); reference
class is none
q_med Metric Median of transverse gradient
q_zerocross Logical Indicator for a zero-cross (i.e. change of sign) of the transverse gradient
s_med Metric Median of longitudinal gradient
radius_med Metric Median of radius
curv_med Metric Median of curvature, which is the reciprocal of the radius
bendiness Metric Median of bendiness b, which is defined as the mean absolute course angle change, i.e. b = %Zi":l l3;1, with L being the segment length
and y; indicating the respective change course angle
friction _gl10 Metric 0.1 quantile of friction
friction_diff gl0 Metric Difference between median and 0.1 quantile of friction, i.e. an indicator for changes in friction within one segment
iri Metric Median of international roughness index (Sayers and Karamihas, 1998)
wlp Metric Median of changes in the weighted longitudinal profile, i.e. an indicator for longitudinal evenness (Ueckermann and Steinauer, 2008)
wdepth_g90 Metric Median of waterfilm thickness, i.e. an indicator for rut depth
wdepth diff g90 Metric Difference between 0.9 quantile and median of waterfilm thickness, i.e. an indicator for changes of rut depth within a segment
surface Factor Material type of road surface, levels are asphalt, concrete and tms (thin membrane surface); reference class is asphalt
cracks_perc Metric Percentage of cracks on total road surface area
cracks_max Metric Maximum damage class of cracks
damage perc Metric Percentage of road surface damage on total road surface area
damage_max Metric Maximum damage class of road surface damage
speed limit car Factor Speed limit for cars, levels are 130, 100, 80 and 60, reference class is 130
speed limit heavy Factor Speed limit for trucks and buses, levels are 80, 60 and 40, reference class is 80
no_overtaking Logical Overtaking ban
no_overtaking_heavy Logical Overtaking ban for trucks
event Logical Indicator for the existence of event sections, i.e. sections that feature acceleration and deceleration lanes (e.g. ramps, exits, motorway
stations) or junctions
bridge Logical Indicator for the existence of bridges
tunnel Factor Indicator for the existence of tunnels (longer than 50 m), levels are 0 (no tunnel), 1 (tunnel) and 2 (tunnel portal area); reference class is 0
Table 2 2.4. Accidents
Description of real-time weather variables.
Variable Meteorological indicator Unit Accident data (on road accidents with personal injuries) are derived
from the official annual Austrian crash statistics, which are provided by
T Air temperature [°C] the national bureau of statistics (Statistics Austria) based on police
RR Accumulated precipitation (mm] crash reports (Statistik Austria, 2018).
RR_SA Percentage of solid precipitation [%]
RF Relative humidity of the air [%]
P Air pressure [hPa]
FEFX Wind gusts (maximum wind speed) [m/s] 2.5. Dataset structure
DD Wind direction [1
ASD Absolute sunshine duration [min] The road graph for the whole highway network was constructed

percentage of solid precipitation (RR_S2) is set to 0. Regarding tem-
perature, temperature is set to 0.1 °C if the air temperature is below
zero and truncated to the next integer towards zero otherwise. Wind
gusts are set to 2m/s constantly.

2.3. Traffic volume

Traffic volume is obtained from the traffic management and in-
formation system at Austrian highways, which comprises — among other
sensors — more than 500 permanent traffic count stations. Data from
approximately 280 of these stations are officially validated and pub-
lished as monthly average daily traffic estimates, including heavy good
vehicles (ASFINAG, 2018). In order to obtain more robust results, an-
nual average daily traffic (AADT) numbers (including proportion of
heavy goods vehicles) are used at a highway section level (i.e. sections
between two junctions). While AADT is an aggregated value rather than
a temporally stratified variable, interactions between time, weekday
and AADT are considered to be capable of capturing hourly traffic flow
to some extent.
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based on the official chainage according to the Austrian highway sec-
tion register. Road infrastructure data were joined to this graph using
the geometry data collected with IMU and differential GPS. The re-
sulting highway graph is available at a spatial resolution of 1 m. In a
next step, these 1 m-data were aggregated into sections of equal length.
In light of the pitfalls related to segment definition (Schlogl and Stiitz,
2017; Shankar et al., 1995), a sensitivity analysis was run in order to
empirically determine the most adequate segment length. While short
segments lead increase uncertainty regarding accident localization and
a preponderance of zeros, large segment lengths tend to water down
site-specific effects. Different segment lengths ranging between 150 and
1000 m were therefore considered in determining the optimal spatial
resolution. In order to obtain robust segmentations of the whole net-
work across this range of segment lengths, different segment starting
points were considered in the in the sensitivity analysis by shifting the
starting points of each highway by 25 m. The thereby created datasets
featuring various intervals have been used as a basis for a preliminary
accident analysis using straightforward count data models. All of the
aforementioned data sources have been joined to the different datasets,
using spatial aggregates according to the segment lengths and a tem-
poral aggregate across all four years. The number of accidents on each
segment has then been analyzed by using negative binomial regression
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models. Goodness of fit, significance of the covariates and the variance
of model coefficients was analyzed. Based on this analysis, a segment
length (spatial resolution) of 250 m was chosen, since this turned out to
be the sweet spot where segments feature a certain robust length with
respect to accident localization, while local effects do not get diluted. In
addition, a segment length of 250 m does also correspond to the spatial
resolution of the gridded weather datasets. The resulting segmentation
of the Austrian road network results in 13,466 segments (i.e. 6733
segments per direction) with a length of 250 m. Residual distances at
the end of each highway have been added to the last segment if the
leftover was smaller than 50 m, added as a shorter segment if the left-
over was larger than 200m, and dropped in all other cases. Infra-
structure variables are featured as the mean value across all lanes, ag-
gregated as shown in Table 1. Weather data have been extracted from
the gridded datasets at a spatial resolution of 125m (i.e. at the begin-
ning, mid and end of each segment). The mean value of these three
locations was then assigned to each road segment. In case of traffic
volume, the maximum value was used for each segment, representing
maximum traffic exposure. The binary target variable acc indicates the
occurrence of an accident (i.e. usually one, in extremely rare cases more
than one) on a certain segment at a specific hour. The accidents were
assigned to the respective interval based on their accident location
(highway kilometer) and accident timestamp. Eventually, a factor
variable h_cat related to the time of the day each hour belongs to was
derived from the timestamp, corresponding to homogeneous classes
with respect to traffic exposure and user groups. The five levels of this
factor variable are night (19:00-05:00), morning (06:00-09:00),
noon (10:00-12:00), afternoon (13:00-15:00) and evening
(16:00-18:00). These levels represent characteristic periods of traffic in
the daily cycle with distinct user profiles. In addition, the variable
weekday (a factor variable with 7 levels) contains a weekday classifi-
cation based on the Austrian guideline for traffic counts (FSV, 2015),
which establishes a comparable characterization of weekdays by taking
(movable) feasts into account.

Overall, the final datasets feature 353,886,480 rows (training/va-
lidation set) and 118,298,810 rows (test set) respectively, as well as 50
columns. The resulting R data table (Dowle and Srinivasan, 2018) has a
total size of 145.1 GB in memory, thus being in the transition zone to
big data analysis.

2.6. Balancing the training dataset

Due to the high temporal and spatial resolution, accidents and non-
accidents are highly imbalanced in the dataset. The training dataset
comprises 4438 event sections in contrast to 353,882,042 non-event
sections, resulting in class imbalance equivalent to an order of 1 to
80,000. The issue of class imbalance, which is in many cases — like the
present one - intrinsic to the dataset, has been widely known to heavily
compromise the application of methods for statistical learning, since
the prevalence of the majority class overshades rare events in the
minority class (Cateni et al., 2014; Kuhn and Johnson, 2013; He and
Garcia, 2009; Japkowicz and Stephen, 2002).

Several resampling approaches have been proposed in recent years
to alleviate this issue (Sdez et al., 2016). A widely applied and well-
known supersampling algorithm is the Synthetic Minority Over-sam-
pling Technique (SMOTE) developed by Chawla et al. (2002). SMOTE is
a minority over-sampling technique that takes each minority class
sample and introduces synthetic instances of the minority class using k
nearest neighbors within a bootstrapping approach. Recent applications
of this approach in the context of road safety analysis include studies by
Basso et al. (2018), Yuan et al. (2019) and Katrakazas et al. (2019).

Following the line of Chawla et al. (2002) a combination of SMOTE
and undersampling has been applied in this study in order to give a
larger presence to the minority class, thereby creating a more balanced
training dataset. In this context, undersampling refers to non-events,
while oversampling refers to events (accidents). The oversampling rate
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denotes to the share of original events that is synthetically added to the
data set, while the undersampling rate is defined as percentage of the
number of newly generated minority class instances that is added to the
data set.

Parameter tuning for SMOTE was accomplished by testing different
percentages for SMOTE-oversampling and random undersampling,
using oversampling rates ranging from 100% to 500% and under-
sampling rates in the same range as well. Cross-validation results of the
25 SMOTEd data sets were then used as a basis to select a reasonable
parameter combination for SMOTE.

In terms of the undersampling rate, no substantial differences could
be observed when increasing the share of minority class instances past
25%, that is, an event to non-event ratio of 1:4. Regarding the over-
sampling rate, it has to be noted that even though minority class in-
stances are very rare in terms of relative occurrence, more than 4000
accidents entail that there still is a solid number of absolute events
present in the dataset. Also, an overly expansive use of SMOTE for
creating synthetic samples is detrimental, since the oversampled dataset
may contain events that somehow deviate from the actual minority
class data.

Based on the results of the cross-validation as well as these addi-
tional considerations, an oversampling rate of 300% (16,728 events in
the minority class) and an undersampling rate of 400% (50,184 in-
stances of the majority class), resulting in an event rate of 1/3, were
chosen for creating the SMOTEd dataset for further analysis.

In addition to the approach proposed by Chawla et al. (2002), we
combined SMOTE with stratified maximum dissimilarity sampling
(Willett, 1999) instead of simple random sampling in order to achieve a
better coverage of the full data space. The stratified maximum dissim-
ilarity sampling was conducted separately for 8760 groups of three
consecutive hours of the training dataset by first selecting a random
observation from the 44,000 observations of these three hours, which
was then used to iteratively add the five most dissimilar observations.
This yields 52,560 instances of the majority class, which is a close ap-
proximation of the above mentioned optimal undersampling rate.
Groups of three hours were chosen, since this setup constitutes a rea-
sonable trade-off between computation time and effectiveness of the
maximum dissimilarity sampling. While the use of larger strata
(months, weeks, days) was tested, the computational demands in con-
structing distance/similarity matrices for these setups turned out to be
prohibitive for a practical application. The resulting selection yields a
structurally diverse set which provides a reasonable representation of
the full dataset covering the three years of the training period.

Another option taken to tackle the problem of class imbalance is to
adjust the classification according to predicted class probabilities.
Usually, predictions with class probabilities p = 0.5 are classified as
TRUE. Using a cutoff other than 0.5 has been proposed to reflect un-
equal misclassification costs (Kuhn and Johnson, 2013). Based on the
predicted probabilities, we have tested different thresholds for classi-
fication by gradually lowering the decision threshold in steps of 0.1
down to p = 0.1.

3. Methods
3.1. Logistic regression

Binary logistic regression models are a long-established method of
estimating the probability of a dichotomous response variable based on
one ore more covariates (Cox, 1958). One of the biggest advantages of
logistic regression for classification of dichotomous response variables
is the interpretability of the results, since conclusions about whether or
not the presence of a risk factor has an influence on the probability of a
given outcome are straightforward to draw. The use of downsampling
approaches is not advisable when applying logistic regression, as this
will only lower the precision of the estimated odds ratios. However,
problems that may occur in this context are biased estimation of
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regression coefficients and erroneous estimation of intercepts as well as
a phenomenon known as separation, which occurs if the likelihood
converges while at least one parameter estimate diverges to + infinity
(Heinze and Schemper, 2002).

In order to overcome these issues, a penalization method known as
Firth's penalized likelihood (Firth, 1993; Heinze and Schemper, 2002)
has been proposed as a viable option for estimating logistic regression
models for unbalanced data sets. The approach penalizes the likelihood
by the Jeffreys invariant prior, a non-informative prior distribution that
is proportional to the square root of the determinant of the Fisher in-
formation matrix. The Firth penalty has been shown to result in good
bias and MSE properties for regression coefficients, it solves the pro-
blem of separation, is always convergent (i.e. by producing finite,
consistent estimates of regression parameters) and rather performant
(Heinze, 2006; Heinze and Schemper, 2002). It is thus preferred over
exact logistic regression, which is computationally intensive.

In addition, given the large-scale learning problem at hand, a
computationally efficient variant of logistic regression that uses a sto-
chastic gradient descent approach to optimize logistic loss was per-
formed (Shalev-Shwartz et al., 2011).

In this study, we have used the GLM implementation in the R
package stats for conducting logistic regression, as well the im-
plementation of bidirectional elimination based on AIC for stepwise
regression from the MASS package (Venables and Ripley, 2002). In
addition to maximum likelihood estimation, bias reduced binomial-re-
sponse GLMs employing the Firth penalty were estimated using brglm
(Kosmidis, 2017). Logistic regression with Pegasos updates was per-
formed by means of sofia-m1, a suite of fast incremental algorithms for
machine learning by Sculley (2009), using the wrapper-functions from
the RsSofia package in R.

3.2. Binary quantile regression

While conventional linear regression relies on least squares for es-
timating the mean of the response variable conditional on the values of
the independent variables, the idea behind quantile regression is to
estimate conditional quantiles (e.g. the median) of the response vari-
able. Even though quantile regression is not an obvious choice for
modeling a dichotomous response variable (since a binary dependent
variable does not yield continuous quantiles), efforts have been un-
dertaken to explore the potential benefits of quantile regression for
settings with a binary response as well, including both frequentist ap-
proaches — based on maximum score estimator introduced by Manski
(1975) - and Bayesian approaches (Benoit and Van den Poel, 2012).

In this study we follow the line of Benoit and Van den Poel (2012)
and conduct a Bayesian variant of binary quantile regression based on
the asymmetric Laplace distribution, additionally employing adaptive
lasso variable selection as described in Benoit et al. (2013). We make
use of the R implementation by Benoit and Van den Poel (2017), which
is available through the bayesQR package.

3.3. Multivariate adaptive regression splines

Multivariate adaptive regression splines (MARS) is a flexible, non-
parametric regression technique for modeling high-dimensional data
(Friedman, 1991). It can be viewed as a combination of recursive
partitioning, stepwise linear regression and spline fitting that is capable
of automatically modeling nonlinearities and interactions between
variables. The key part of MARS models is the usage of hinge functions
as basis functions, whose weighted sums constitute the final model.

The algorithm can also be used to handle classification problems
with a logical response by treating the problem as a regression (Hastie
et al., 2009). Applying a MARS-GLM with logit link to a binary response
allows for estimating response probabilities.

Three variable importance measures are available for MARS. First,
the number of model subsets that include the variable are reported.
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Second, decreases in the generalized cross-validation (GCV) value are
considered. The GCV criterion is obtained in a three-step-procedure by
(i) calculating the decrease in GCV for each subset relative to the pre-
vious subset during the pruning pass, (ii) summing the decreases over
all subsets that include the variable and (iii) scaling the result so that
the largest summed decrease is 100 (Milborrow, 2018). Third, the same
procedure as for the GCV criterion can be applied using the residual
sum of squares (RSS) instead of the GCV.

The R implementation of MARS is available in a package called
earth (Milborrow, 2017).

3.4. Random forest

Random forests (Breiman, 2001) are ensembles of de-correlated
decision trees. The algorithm extends the idea of bootstrap aggregating
(bagging) by using a random selection of features to determine the best
variable/split-point within the process of growing trees to the boot-
strapped samples from the training data (feature bagging). When random
forests are used for classification problems, the resulting classification is
based on the majority vote derived from all class votes from each tree
(Hastie et al., 2009).

Feature importance is reported as permutation accuracy importance
(also referred to as mean decrease accuracy) for random forest and
totally randomized trees. It is based on the difference in prediction
accuracy before and after replacing single predictor variables with
random noise, which is drawn from the same distribution as original
feature values (Strobl et al., 2007; Breiman, 2001). A straightforward
way to achieve this is to simply shuffle the values for a feature, thereby
using other instances feature values.

The random forest implementation of the R package ranger
(Wright and Ziegler, 2017) is used in this study. It includes an im-
plementation of probability forests for estimating individual prob-
abilities for binary responses according to Malley et al. (2012), where
the forest probability estimate is obtained as the average of all prob-
ability estimates for each single tree.

3.5. Extremely randomized trees

Introducing an additional randomization step into the random forest
procedure yields extremely randomized trees. In this algorithm, values
for the cut-points are selected fully at random - i.e., independently of
the target variable — instead of being derived as the locally optimal
feature/split combination. In the most extreme case this algorithm
builds totally randomized trees by randomly selecting a single attribute
and cut-point at each node (Geurts et al., 2006).

Extremely randomized trees were also fitted using the ranger
package in R.

3.6. Model-based boosting

The basic principle of boosting is to combine the output of many
‘weak’ classifiers in order to create a strong learner by iteratively im-
proving the already trained ensemble (Hastie et al., 2009). This is
usually done in a stage-wise fashion by adding an estimator to the re-
siduals of the respective predecessor models. We concur with Friedman
et al. (2000) as well as Biihlmann and Hothorn (2007), who pointed out
the benefits of minimizing the negative binomial log-likelihood to es-
timate the probability parameter of a binary response. Therefore, we
decided to give preference to BinomialBoosting — which is in fact clo-
sely related to LogitBoost — instead of e.g. the classical AdaBoost al-
gorithm described by Freund and Schapire (1997), which employs an
exponential loss function. As far as trees are concerned, xgboost is given
preference over applying LogitBoost to conditional inference trees
(Hothorn et al., 2006). Tuning of the number of iterations for obtaining
the final boosting estimate was done through 25-fold boostrap cross-
validation.
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Model boosting is performed for generalized linear models (Schmid
and Hothorn, 2008), using the implementation available through
mboost by Hofner et al. (2014).

3.7. XGBoost

Extreme Gradient Boosting (XGBoost) is a variant of the gradient
boosting machine (also known as gradient tree boosting or gradient
boosted regression trees) described by Friedman (2002, 2001) and
(Mason et al., 1999). Gradient boosting is also based on combining an
ensemble of weak learners into a single strong model by iteratively
improving the ensemble learner. By employing the concept of gradient
descent, gradient boosting allows to enable the optimization of a more
complex (in fact any differentiable) loss function. Thus, instead of
training new learners on the residuals of the previous model, gradient
boosting relies on training new models to the gradient of the loss
function. Due to a number of optimizations (most notably the use of
second-order gradient descent), XGBoost is a very fast, efficient and
accurate tree boosting algorithm (Chen and Guestrin, 2016).

Feature importance for the xgboost model is assessed through the
relative contribution of the corresponding feature to the model, referred
to as gain. For the boosted tree model used in this study, each gain of
each feature of each tree is taken into account, then average per feature
to give a vision of the entire model (Chen et al., 2018; Chen and
Guestrin, 2016).

The R interface to XGBoost, available through package xgboost by
T. Chen et al. (2018) is used. Hyperparameter-tuning was performed
through model-based optimization using the package m1rMBO (Bischl
et al., 2017). The Kriging-implementation of the package DiceKri-
ging is used as a surrogate model for optimizing hyperparameters
(Roustant et al., 2012).

3.8. Support vector machine

In its original form, a support vector machine (SVM) is a non-
probabilistic binary linear classifier that can be used to solve a classi-
fication problem by constructing hyperplanes in a way that the re-
sulting gaps between classes exhibit margins that are as large as pos-
sible (Cristianini and Shawe-Taylor, 2000; Vapnik, 2000, 1998). While
SVMs are linear learning algorithms, they can also be used to perform
non-linear classification by obtaining a decision boundary that is linear
in a high-dimensional space (Kernel trick). In this study we use Pegasos,
a primal estimated sub-gradient descent algorithm for SVM that is
particularly suited for learning from large datasets (Shalev-Shwartz
et al., 2011). The Pegasos implementations for support vector machines
available through the R packages Rsofia and ssvm were used.

3.9. Bayesian regularized neural network

Artificial neural networks are directed, weighted graphs consisting
of a network of artificial neurons. The output of each neuron within the
network depends on the input and activation (i.e. the change of the
internal state of a neuron). A two layer neural network, whose network
parameters are estimated through employing a Bayesian approach —
thus performing shrinkage toward some prior distribution - is used in
this study (Makridakis et al., 2018; Burden and Winkler, 2009). The
Bayesian penalization method follows suggestions provided by
(MacKay, 1992; Foresee and Hagan, 1997). Initial weights are assigned
according to the Nguyen and Widrow algorithm (Nguyen and Widrow,
1990), and optimization is performed using the Gauss—Newton algo-
rithm. The Bayesian regularized neural network is fitted using the R
package brnn (Pérez-Rodriguez et al., 2013).

3.10. Model quality assessment

Several commonly used performance measures are used to assess
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the quality of the fitted models. All of them are derived from the con-
fusion matrix, a two-dimensional contingency table that displays the
agreement between predicted and actual class of the test dataset. The
confusion matrix features counts for correctly predicted outcomes (true
positive and true negative) as well as incorrectly predicted outcomes
(false positive and false negative, respectively). A number of different
performance metrics can be obtained from this error matrix, including
the following:

® Accuracy indicates the ability of a binary classification test to cor-
rectly identify or exclude an outcome. It is defined as the proportion
of correct predictions among all predictions.

Sensitivity, also known as true positive rate (TPR) or recall, is de-
fined as the proportion of actual true positives among all positive
predictions, i.e. the proportion of correctly classified positives. Since
the main focus is of course the correct classification of the rare in-
stances of the accident class, sensitivity is a particularly important
indicator of classifier performance in this case.

Specificity, also called true negative rate (TNR), analogously is the
proportion of actual negatives among all negative predictions, i.e.
the proportion of correctly identified negatives.

The false positive rate (FPR) is the proportion of false positives
among all negative predictions, thereby representing the percentage
of ‘false alarms’.

AUC denotes the area under the receiver operating characteristic
(ROQ) curve. The ROC curve is obtained by plotting the true positive
rate (ordinate) against the false positive rate (abscissa) across dif-
ferent discrimination thresholds. The AUC measures discrimination,
i.e. the ability of the predictor to correctly classify an outcome.
Thus, AUC is equal to the probability that a classifier will rank a
randomly chosen positive instance higher than a randomly chosen
negative one.

Results as presented in the next section are based on an evaluation
of model quality by assessing the performance of classifiers fitted on the
training data (2013-2015) on the — hitherto unseen - test data of the
holdout (2016). Standard statistical performance metrics for binary
classification tests are used to assess model quality.

3.11. Hardware specifications

All data processing and model fitting was done in R using two
servers running Ubuntu 16.04 LTS on an Intel” Xeon®" CPU E5-2667 v2
@ 3.30 GHz with 48 cores and 320 GB RAM and an Intel” Xeon® CPU
E5-2687W v4 @ 3.00 GHz with 32 cores and 128 GB RAM.

4. Results
4.1. Model performance

Model performance is evaluated for the two different undersampling
strategies employed. The classical approach proposed by Chawla et al.
(2002), which uses simple random undersampling, serves as a baseline.

The use of SMOTE and random undersampling shows under-
whelming results (Table 3). Using stepwise logistic regression, only

Table 3
Overview of selected scalar classification performance metrics for hourly data
using SMOTE with random undersampling as training data.

Method Accuracy  Sensitivity  Specificity FPR ~ AUC
Naive 1 0 1 0 0.50
Stepwise logistic regression  0.94 0.18 0.94 0.06 0.66
MARS 0.99 0.04 0.99 0.01 0.65
Random forest 0.99 0.06 0.99 0.01 0.65
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Table 4
Overview of selected scalar classification performance metrics for hourly data using SMOTE with maximum dissimilarity sampling as training data.
Method Threshold Accuracy Sensitivity Specificity FPR AUC
Naive - 1 0 1 0 0.50
Stepwise logistic regression 0.5 0.61 0.54 0.61 0.39 0.60
logit w/ Firth penalty 0.5 0.60 0.54 0.60 0.40 0.60
logit w/ Pegasos projection 0.5 0.33 0.81 0.33 0.67 0.61
Bayesian quantile regression 0.5 0.33 0.76 0.33 0.67 0.56
BinomialBoost GLM 0.5 0.60 0.54 0.60 0.40 0.60
MARS 0.5 0.81 0.30 0.81 0.19 0.60
Random forest 0.5 0.85 0.32 0.85 0.15 0.65
Extremely randomized trees 0.5 0.78 0.40 0.78 0.22 0.65
Totally randomized trees 0.5 0.75 0.46 0.75 0.25 0.65
xgboost 0.5 0.87 0.27 0.87 0.13 0.62
BRNN 0.5 0.65 0.52 0.65 0.35 0.61
Pegasos SVM 0.5 0.55 0.60 0.55 0.45 0.60
Stepwise logistic regression 0.4 0.48 0.64 0.48 0.52 0.60
logit w/ Firth penalty 0.4 0.48 0.64 0.48 0.52 0.60
logit w/ Pegasos projection 0.4 0.18 0.90 0.18 0.82 0.61
Bayesian quantile regression 0.4 0.28 0.78 0.28 0.45 0.53
BinomialBoost GLM 0.4 0.48 0.65 0.48 0.52 0.60
MARS 0.4 0.72 0.41 0.72 0.28 0.60
Random forest 0.4 0.68 0.54 0.68 0.32 0.65
Extremely randomized trees 0.4 0.59 0.63 0.59 0.41 0.65
Totally randomized trees 0.4 0.56 0.66 0.56 0.52 0.65
xgboost 0.4 0.81 0.36 0.81 0.19 0.64
BRNN 0.4 0.48 0.66 0.48 0.52 0.61

about 18% of road accidents in the test dataset are classified correctly
as such, given an overall accuracy of around 94%. Albeit both MARS
and random forest perform better in terms of overall accuracy (by
classifying more cases correctly as false), this is at the expense of sen-
sitivity, which is as low as approximately 5%.

Results using a combination of SMOTE and maximum dissimilarity
undersampling as training data show clearly better results in terms of
the true positive rate at the expense of overall accuracy (Table 4). Our
analyses show that the performance of statistical learning models em-
ployed to model the dichotomous outcome state is a trade-off between
overall accuracy and sensitivity. As far as accuracy in the standard case
(threshold = 0.5) is concerned, xgboost yields the best results (87%
correctly classified observations), closely followed by random forest
(85%). However, these two classifiers show a sensitivity of around 30%,
indicating that about a third of all accident instances is predicted as
such. Classifiers exhibiting the highest sensitivity (including all four
types of logistic regression, the BRNN and the Pegasos SVM) show very
low accuracy values of below 60%. Consequently, these models yield a
high number of false positives. This issue becomes even more pro-
nounced when lowering the threshold for classification according to
class probabilities. Already at a threshold of 0.4, accuracy drops notably
in most cases. While a majority of classifiers show an increase in sen-
sitivity of about 10%, this is offset by an accuracy loss to the same
extent. Only xgboost seems to benefit from this procedure, gaining an
additional 10% sensitivity while showing an accuracy drop of only 5%.
However, the golden mean seems to be provided by totally randomized
trees, which achieve a sensitivity of more than 45% while still featuring
a decent accuracy of just above 75%.

A closer look at the predicted class probabilities provides interesting
insights into the underlying prediction data basis that is eventually
reclassified into a dichotomous prediction (Fig. 2). The desired outcome
of predicted class probability would be a bimodal distribution dis-
playing the two classes of the dichotomous response. Given an ideal
predictor, the first, large peak of the distribution is close to 0, and a
second, minor peak close to 1. Results show a consistent picture be-
tween related methods. All types of logistic regression are rather uni-
formly distributed across the whole range, with a slight decrease to-
wards 1. Logistic regression with Pegasos projection differs from this
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general pattern and is shifted to the right. Random forest and the two
types of extremely randomized trees show a bulk of highest density at
predicted probabilities between 0.15 and 0.60. xgboost shows a distinct
peak close to 0, followed by an exponentially decreasing density to-
wards 1. Finally, BRNN exhibit a totally different behavior, with a small
peak around 0, a steep increase at 0.25 followed by a continuous de-
crease towards 1.

Class discrimination is ambiguous across all models (Fig. 3). While
observed accidents do feature higher probabilities of being actually
predicted as accident in every classifier, distributions of predicted
probabilities are vastly overlapping. This is also illustrated by very
shallow discrimination slopes (Table 5), i.e. the slopes of a simple linear
regression of predicted probabilities of accidents on the binary accident
status (Pencina et al., 2017).

4.2. Variable importance

Albeit variable importance varies across the different models, cer-
tain patterns emerge. These are visible both in single feature im-
portance rankings for each variable (Fig. 4) as well as the mean feature
importance rank considering the full ensemble of models (Fig. 5).

Findings across all models exhibit the importance of certain groups
of variables:

e Traffic volume (aadt) is among the top five variables in all models.
The volume of heavy goods vehicles (hgv) is of lesser importance,
still achieving top ranks in random forest and xgboost.

Findings related to road geometry and road condition are less con-
sistent. The existence of bridges (bridge), the existence of a zero-
cross of the transversal gradient (g zerocross) and maximum
damage of the road surface (damage max) prevail as important
features across all models. Other features that exhibit higher im-
portance at least in several models include surface roughness (iri),
the number of lanes (n_lanes), the width of the breakdown lane
(w_bdl) and the existence of event sections (event). In certain
cases, longitudinal evenness (wlp) and surface type (surface) are
amongst the most important features as well. Features related to
curvature  (curv_med), radius (radius med), bendiness
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Fig. 2. Density plot of predicted class probabilities for class “accident” for hourly data using SMOTE with maximum dissimilarity sampling as training data. The
dashed vertical line indicates the class discrimination threshold, i.e. the probability at which the positive class (“accident”) is chosen over the negative class (“no
accident”).

(bendiness) as well as friction (mu) are of less importance. some exceptions these are usually located towards the end of the
e No overtaking and speed limits: restrictions on overtaking are im- variable importance scale.

portant, particularly if overtaking is prohibited for heavy goods e Throughout all models, climate data (i.e. long-term averages related

vehicles (no_overtaking heavy). Even though speed limits are to both temperature and precipitation) seem to be important, while

less important, the same applies for these features: speed limits for most of high resolution weather data are located at the end of the

heavy good vehicles (speed imit heavy) more important than importance ranking across all models.

speed limits for cars (speed_limit_car).
e Information related to the time of the day (h_cat) as well as the
weekday (weekday) do not seem to be of major importance. With



M. Schlogl, et al.

Accident Analysis and Prevention 127 (2019) 134-149

stepwise |
logistic regression

logistic regression |
with Firth penalty

logistic regression |
with Pegaos projection

BinomialBoost GLM

multivariate adaptive |
regression splines

classifier

random forest -

extremely |
randomized trees

totally |
randomized trees

xgboost 4

Bayesian regularized |
neural network

050
class probability

observed event state

=]

no accident - accident

Fig. 3. Boxplots of predicted class probabilities for class “accident” for hourly data using SMOTE with maximum dissimilarity sampling as training data grouped by

model and observed outcome.

Table 5
Resulting discrimination slopes, i.e. the slopes of a simple linear regression of
predicted probabilities of accidents on the dichotomous accident status.

Model Discrimination slope
Stepwise logistic regression 0.0836
logit w/ Firth correction 0.0842
logit w/ Pegasos projection 0.0743
Bayesian quantile regression 0.0797
BinomialBoost GLM 0.0825
Multivariate adaptive regression spline 0.0778
Random forest 0.0881
Extremely randomized trees 0.0893
Totally randomized trees 0.0939
xgboost 0.1185
BRNN 0.0818
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5. Discussion
5.1. Methodology

Findings show that tree-based ensemble methods seem to outper-
form more classical approaches such as logistic regression. Both bag-
ging (i.e. random forests and extremely randomized trees) as well as
boosting methods (xgboost) show remarkably good results given the
difficult classification task at hand.

To some extent, results might indicate that there is not enough
variation of the response between the levels of categorical predictors or
within the range of continuous predictor variables to unambiguously
predict the outcome of the target variable. This entails that it is cum-
bersome to infer marginal effects of some variables to the outcome.
That being said this is hardly the case in any properly conducted ac-
cident data analysis (i.e. using separate training, validation and test
datasets to avoid overfitting and biased results) due to the rare event
nature of accidents and the large variability in possible accident causes
and accident-contributing factors. In this context it is important to
emphasize that contradictory findings are often reported in the field of
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Fig. 4. Overview over feature importance ranks across all models. Barplots display the number of models (“count”) containing the respective feature within each
binned rank class. For reasons of clarity, variable ranks are aggregated into 5 classes. The last class comprises all variable ranks between 25 and 45, thus being the

largest class.

accident research (Theofilatos, 2017; Theofilatos and Yannis, 2014).
This is most likely attributable to high uncertainty and large variance
inherent to many accident prediction models, which can hardly be
avoided due to small sample sizes.

A common drawback that is common to basically all accident fre-
quency and accident occurrence models is that one misses potentially
important predictors. Certain features related to the person-level (and
not the section level) - including for instance distraction or alcoholi-
zation — cannot straightforwardly be incorporated in this type accident
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frequency analysis.

As illustrated in detail in Schlogl and Stiitz (2017), all features that
may be considered as potentially relevant input data for such models
are subject to considerable uncertainties. This is especially the case for
time and location of the accidents in such a high-resolution setting.
Since these uncertainties are related to the target variable, any errors in
segment or timeslot assignment due to misspecifications of accurate
accident time and location may lead to potentially considerably dif-
ferent covariates.
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Fig. 5. Overview of feature importances across all models. Results are based on the mean importance rank of each variable in the respective models.

Albeit SMOTE is a commonly recommended approach to tackle the
problem of class imbalance in machine learning models, this might not
necessarily be the best solution to approach this problem. While we
have shown that replacing random undersampling with maximum
dissimilarity sampling can be used to improve the coverage of the
feature space, thus leading to potentially better performance of any
model applied on this dataset, there are several other options to cope
with the problem of class imbalance that might even further improve
results. Sophisticated methods that might be used instead to derive a
training dataset include the use of generative adversarial networks
(Goodfellow et al., 2014) or the nested sampling algorithms MultiNest
(Buchner et al., 2014; Feroz et al., 2009) and PolyChord (Handley et al.,
2015a,b).

Concerning the assessment method, efforts have been made to va-
lidate the models based on independent data, but the results might be
sensitive to the (short) observation period. All models were trained and
validated on data for the three years 2013 to 2015, and tested on the
dataset for 2016. This approach seems feasible from a theoretical point
of view, since a full year can be used as a test dataset. However, it has to
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be noted that these results are not perfectly robust. Arguably, different
partitions might lead to different results. Albeit, the approach taken in
this study entails that it is computationally prohibitive to try a suffi-
ciently large number of training samples, bagging classifiers induced
over balanced bootstrap training samples is an promising alternative
approach that reduce variances in the predictive performances of the
models (Wallace et al., 2011). This is explored further in the companion
paper by Schlogl (2018).

5.2. General approach

Against the background of the highly imbalanced nature of the
datasets, which makes the analysis of such datasets challenging and
cumbersome, it can be concluded that model quality assessment is a
trade-off between accuracy, sensitivity, and false positive rate. Even
though the underlying dataset used in this study is severely imbalanced,
overall model performance is perfectly comparable to similar un-
balanced classification problems in other domains that have a more
favorable event to non-event ratio (cf. Kuhn and Johnson, 2013).
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Slightly lower AUC values compared to those reported in other studies
on hourly crash data analysis (e.g. Chen et al., 2018a) are attributable
to the different underlying settings and approaches. In some studies, it
is not clear whether the AUC was mistakenly calculated on the training
data set (consequently depicting results of severe overfitting) or cor-
rectly on a dedicated holdout. Hence, such results are not directly
comparable to the findings presented in this study.

Among the variety of models employed in this study, tree-based
models yield the best results. xgboost shines in terms of both overall
accuracy as well as false positive rate, and shows the best discrimina-
tion between the two classes. In addition, xgboost benefits most from
lowering the threshold of classifying as TRUE. Random forests perform
similar to xgboost, featuring similar accuracy and false positive rate,
and even slightly higher sensitivity. Totally randomized trees seem to
perform best in terms of hitting the sweet spot in the trade-off between
accuracy and sensitivity, featuring an accuracy of 75% and a sensitivity
of 45%. While the false positive rate is higher compared to xgboost, this
is outweighed by the better sensitivity. Given the cost imbalance in-
herent to this problem, a false alarm is considered to be less severe than
a missed event. Multivariate adaptive regression splines yield high ac-
curacy and comparably low false positive rate as well, but fall behind in
terms of sensitivity. Albeit results obtained by any variant of logistic
regression, the Pegasos support vector machine and the Bayesian reg-
ularized neural network yield comparably high sensitivity values, these
go along with rather low accuracies and high false positive rates. These
models tend to be biased towards predicting TRUE outcomes, thus
leading to both more true positives (higher sensitivity) and false posi-
tives (lower accuracy, higher FPR). These results are also reflected in
Fig. 2: In terms of predicted probabilities, MARS, xgboost and the three
variants of random forest display more distinct discriminative cap-
abilities than the other models. At the same time, it is apparent that
resulting distributions of predicted probabilities are different across all
models — even if they exhibit similar classification metrics. In this
context, it should therefore always be kept in mind that metrics ob-
tained from a confusion matrix lead to loss of information, since the
entire range of predicted probabilities is classified into two classes,
thereby exhibiting an abrupt break at some point in this continuous
range. The added information contained in (continuous) probability
estimates is therefore lost when using discontinuous scoring metrics,

40000 45000 50000 55000

which is particularly undesirable when analysing a highly imbalanced
data set.

5.3. Variable importance

Findings related to the most important variables are largely con-
sistent with other studies and our initial expectations (Fig. 4). Two
important aspects have to be kept in mind, though: First, high good-
ness-of-fit metrics of a model do not necessarily entail causality be-
tween the explanatory variables used in the model and the target
variable, but merely indicate a relationship between the independent
variables and the outcome. See (Mannering, 2018) for a discussion on
the trade-offs between predictive capability and causality/inference
capability Second, it has to be noted, that diagnostics for most statistical
learning techniques are targeted towards the information content of the
variables rather than their directionality. As opposed to linear regres-
sion, no simple parametric descriptions corresponding to regression
coefficients are available in more complex models such as the majority
of models used in this study. Albeit the relationship between a single
feature and predicted values can be assessed, the analysis of multi-
variate interactions is cumbersome. Specifically, the use of partial de-
pendence plots — which show the marginal effect of a feature on the
class probability of the predicted outcome of a previously fit model,
considering the average affect of all other variables (Friedman, 2001) —
can be useful for interpreting the causal relationship between the fea-
ture and the model outcome. Yet, it has to be noted that the maximum
number of features to look at jointly is limited to three. In the following
section, two partial dependence plots are explored exemplarily.

The high importance of traffic volume seems obvious, since a higher
number of vehicles passing a section naturally increases the probability
that one or more accidents will occur on this section. However, this
relationship is not straightforwardly linear, as indicated by the partial
dependence plot (Fig. 6). The importance of restrictions on overtaking
(both for heavy good vehicles and all vehicles) suggests that no over-
taking zones might be safer than sections without any restrictions.

The importance of various other road geometrics and features is
plausible as well. Characteristics of the transverse gradient (median,
existence of a zero-crossing) might be related to an increased risk of
hydroplaning. The road surface type and its characteristics (in
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particular roughness, evenness and friction changes within the seg-
ment) as well as the maximum damage to the road surface indicate
adverse infrastructure characteristics that contribute to an increased
accident risk. The existence of event sections, the number of lanes and
the width of the breakdown lane are not surprising either, since these
features are all related to possible disturbances in traffic flow.

While vehicle speed has been found to be of high importance for
both accident severity and accident frequency, speed limits are only of
medium importance in our model. This is most likely attributable to the
fact that speed limits do not necessarily reflect the actual speed of ve-
hicles, but rather a mere regulation according to the traffic code. The
speed limit categories chosen are probably not sufficiently capable of
representing the actual vehicle traveling speeds. In addition, using in-
teraction effects between time, weekday and AADT might not be suf-
ficiently capable to mimic high resolution traffic flow data.

The somewhat low influence of bendiness (as well as curvature and
radius) could be explained by considering the segment length. Given
the strict regulations on highway curve radii to avoid needlessly
winding freeways, short highway segments of 250 m only do not exhibit
large course angle changes since related curve radii are appropriately
large, entailing that values for bendiness are comparably low.

The importance of bridge-sections is somewhat unexpected and
difficult to reason. Specifically, bridge sections seem to be saver than
sections without bridges. It has to be noted that no minimum bridge
length was specified. Therefore, bridge sections may comprise a broad
range of different bridge sizes, including large Alpine bridges whose
length exceeds one kilometer and heights up to 150 m as well as small
bridges with only several meters height and length. Consequently, not
all bridges do stretch across valleys or rivers, but may also be over-
passes over some smaller roads. Overall, the share of accidents that
happen on bridges is slightly lower than the share of bridges on the
whole highway network, indicating that bridge sections are seemingly
safer than other sections.

Influence of climate variables (average number of hot days, freeze-
thaw cycles and annual precipitation totals) is largely consistent with
other studies (Bergel-Hayat et al., 2013; Koetse and Rietveld, 2009).
Interaction-effects and nonlinear relationships to accident occurrence
also prevail with respect to climate variables. However, partial de-
pendence of accident occurrence on the number of frost days and an-
nual rainfall amount illustrates nicely that modelling results reported
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for single features are not necessarily grounded in underlying causal
relationships (Fig. 7). Rather, regional effects caused by the Austrian
Alps (decrease of accident occurrence in areas with an average amount
of 135-185 frost days per year and average annual precipitation totals
between 1100 and 1450 mm) and the eastern lowlands (hot and dry
basin areas south-east of Vienna, which seem to have no average impact
on class probability) prevail in the plot.

The seemingly low influence of weather effects on road crashes may
be attributable to three different causes: First, time and location of
accidents are subject to uncertainties. Therefore, the assignment to a
certain segment and hour is likely erroneous in several cases. Second,
weather data might not be as accurate as the precision of the VERA
reanalysis implies. While some weather measurements are considered
to be rather robust (e.g. temperature, pressure), other phenomena such
as wind or precipitation are governed by small-scale processes that are
extremely difficult to capture in reanalysis models. Third, the influence
of weather on accidents is actually negligible compared to the other
covariates under consideration. Most other studies have focused on
weather influence only without considering a comparably large number
of other features. Overall, we argue that the low importance of weather
variables used in this study is a combination of all three aspects.

Finally, it has to be noted that it is virtually impossible to include all
the data that could potentially determine the likelihood of a traffic
accident into a statistical model. This lack of information, which is
commonly known as the problem of ‘unobserved heterogeneity’, may
lead to biased and inconsistent parameter estimates and, consequently,
erroneous inference and prediction. Mannering et al. (2016) provide an
extensive discussion of this problem, including a summary of metho-
dological approaches to account for this issue. While consideration of
unobserved heterogeneity is particularly important when using count
data models (operating at a temporally aggregated scale), this issue
does apply to temporally disaggregated models using a binary outcome
as well. Albeit several variables with possible heterogeneous effects
such as temporal instability, weather effects and roadway character-
istics are — at least to some extent — covered by in this work due to (i)
the large number of covariates and (ii) the disaggregation of accident
data to a high temporal and spatial resolution, potentially important yet
unobserved explanatory variables may for instance be related to
roadway characteristics, environmental conditions and traffic char-
acteristics, as well as driver-specific features. Possible approaches that
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could be explored in the context of the present setup to tackle the issue
of unobserved heterogeneity include for instance random parameter
logit models or Markov regime-switching models. While this potentially
important issue is beyond the scope of the current paper, the detailed
assessment of unobserved heterogeneity on large high-resolution im-
balanced data sets is considered a worthwhile aspect for further re-
search.

6. Conclusion and outlook

This paper presents a novel approach of assessing the importance of
potentially accident-causing covariates by employing state-of-the art
methods for statistical learning to analyze a high-resolution dataset.

Given the problems inherent to the assessment of temporal and
spatial high resolution data in this context, we have outlined a meth-
odological blueprint of how such an analysis may be conducted suc-
cessfully. Resulting models are pretty well capable of providing con-
sistent results with respect to determining important regressors.
Nevertheless, it should be kept in mind that results presented in this
study are of course subject to uncertainties and might not be straight-
forwardly generalizable.

Having described the modeling approach with a methodological
focus, further work should be targeted at a more detailed assessment of
the results from a traffic-safety point of view. Therefore, next steps
should focus on investigating whose sections’ outcome is captured well,
and shed some light on the why. In addition, further analysis featuring
variants of bootstrap aggregating could be useful for improving the
robustness of the results. We propose several concrete analysis steps for
this empirical assessment:

Further temporal aggregation: Given the assumption that results
obtained from any learners applied to the dataset featuring hourly
values are subject to uncertainty, the temporal binning size could be
adjusted in order to create coarser, yet more robust aggregates.
These aggregated data could be used to test the hypothesis that the
significance of results would increase with increasing binning level.
While some information is lost, since variables related to some sort
of timestamp (i.e. hour and weekday classification, respectively)
have to be dropped, a more robust assessment might prove to be
conclusive.

Assessing model performance using a meta variable: In order to
further investigate contributing factors to model quality, several
approaches featuring a new binary meta target variable, which is
derived from the confusion matrices of the existing model results,
could be tested. Multiple definitions of how to derive such a meta-
variable are possible. Machine learning models for binary classifi-
cation could again be trained to assess variable importance for this
new meta model.

Balanced bagging: Following the line of Wallace et al. (2011),
bagging an ensemble of classifiers induced over balanced bootstrap
training samples and predicting the outcome state by using a ma-
jority vote could be a valuable approach to obtain more robust re-
sults.

Correlation issues: Further insights might be gained by considering
collinearity in variables and (spatio-temporal) autocorrelation ef-
fects.

Unobserved heterogeneity: Since it is impossible to include all the
data that could potentially determine the likelihood of a traffic ac-
cident into a statistical model, future work might focus on model
formulations accounting for unobserved heterogeneity (Mannering,
2018).

Knowledge-extraction and expert assessment: Tools for further
assessment of black-box models, including — among others — Local
Interpretable Model-Agnostic Explanations [LIME, Ribeiro et al.
(2016)] and Descriptive mAchine Learning EXplanations [DALEX,
Biecek (2018)] could be used for an in-depth assessment of model
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quality. In addition, the case-specific random forests (Xu et al.,
2016), which are tailored to specific points of interest in the re-
gressor space, could be employed to specifically assess certain road
sections of interest.

In addition, a comparison with similar analysis conducted in other
countries might provide substantial further insights into the applic-
ability of the proposed methodology.

Overall, we hope that our findings will contribute to opening up
new methodological applications of statistical learning methods in the
field of road safety research.
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