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Dimensionality Reduction of Accident Databases
for Minimal Tradeoff in Prediction Accuracy

Tatiana Tambouratzis Miltiadis Chalikias Dora Souliou and Andreas Gregoriades

Abstract—Predicting the location and severity of accidents is
of paramount importance to traffic monitoring. To this end,
extensive accident data collected at a multitude of locations
within a given arca are analyzed. For compactness of future
collection and ease of analysis, the resulting databases are
investigated in search of the minimal information that is
necessary for the accurate prediction of accident occurrence
and severity. In this piece of research, the 2005 accident dataset
collected by the Republic of Cyprus Police is employed for
determining the parameters that maximally affect accident
severity in the area. Dimensionality reduction is performed via
traditional as well as soft computing parameter selection/
extraction hodol Following e and comparison
of the results in terms of tness and prediction accuracy,
the genetic algorithm-based methodology is found to optimally
combine parameter reduction and accident severity prediction
accuracy as well as portability to different prediction
techniques (namely decision trees and probabilistic neural
networks).

I. INTRODUCTION

HE accurate prediction of accident location and severity

is a special concern of the police and traffic authorities.
To this end, extensive accident data are collected over the
entire road network by police officers and traffic wardens.
Unfortunately, the resulting databases are usually
unnecessarily large in terms of collected parameters: some
parameters may prove hardly relevant to the prediction task,
while others may be redundant (e.g. measure similar accident
characteristics). By removing such parameters, the
dimensionality — and, thus, computational complexity - of
the prediction task can be reduced with a minimal effect on
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prediction accuracy; in the ideal case, the prediction task is
facilitated as parameters that render the prediction model
unnecessarily complex are removed and the relationship
between collected parameters and accident severity becomes
explicit,

In this piece of research, database dimensionality reduction
is performed via traditional statistical and soft computing
parameter selection methodologies (generalized linear model
GLM [1-2] and genetic algorithm GA [3-4], respectively) as
well as via a traditional mathematical parameter extraction
methodology (principal component analysis PCA [3]).

In order 1o accurately evaluate the effect of dimensionality
reduction on accident prediction as well as its portability to
different prediction/estimation techniques, five-fold cross-
validation (CV) [6-7] is applied as follows:

® For the GLM, both decision trees (DT's [8-11]) and
probabilistic neural networks (PNN's [12-13]) are
implemented (one DT and one PNN per fold).

° For GA and PCA, DT's are ulilized for the
dimensionality reduction (training) stage, while PNN’s
are implemented during the estimation (testing) stage,
again using one DT and one PNN per fold.

The results of the five folds are averaged and subsequently
compared in terms of compactness and prediction accuracy,
thus uncovering the strengths and weaknesses of the various
pattern selection/exiraction methodologies as well as of the
two implemented estimation techniques.

This paper is organized as follows: section II introduces
the accident database used for investigating dimensionality
reduction, while section III outlines the methodologies
employed for parameter selection/extraction and the

teck used to implement and evaluate accident severity
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prediction; section IV describes and compares the results of
the various methodologies and techniques in terms of
accuracy and compactness, and - finally - section V
concludes the paper.

II. THE ACCIDENT DATASET

The 2005 accident dataset collected by the Republic of
Cyprus Police (RCP, part of the Ministry of Justice and
Public Order of the Republic of Cyprus) is utilized for
extracting the minimal information that is necessary for
accurately predicting accident severity.
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The original RCP dataset numbers 1407 records. Each
record comprises 44 parameters, namely the 38 categorical
and six continuous parameters of Table I. The first 37
categorical of Table I(a) and all of the continuous parameters
of Table I(b) express the independent variables (to be used
as inputs in the prediction task), while the 38" categorical
parameter of Table I(a) expresses the dependent (output)
variable describing accident severity, The collected values 1,
2 and 3 of the dependent variable correspond to fatal, serious
and light accidents, respectively, as evaluated by the police
officer(s) and/or traffic warden(s) at the site of the accident.

TABLE 1
CATEGORICAL () AND CONTINUOUS (b) PARAMETERS OF THE RCP
DATABASE
Description Values
area code 1:2
police district 2
month 12
[day 7
time 1:8
hit and run 1:2
main cause of accident 1:5
residential area 1:2
second cause of accid 0:5
third cause of accident 0:5
traffic control 1:3
diagram code 1:11
fourth cause of aceid 0:5
ion type 1:8
routes permitted 1:3
barrier type 1:5
break lane 1:4
road works 1:2
bus stap 1:2
|_pedestrian crossing 1:5
light conditions 1:5
accident location 1:3
road description 1:3
pavement status 1:2
weather conditi 1:2
|_type of event for first accident 1:4
vehicle 1.5
| age 1:4
gender 1:2
driver license type 1:3
facture year 1:4
cC 1:10
vehicle type 1:5
type of event for second accident 0:1
vehicle license 1:2
vehicle worthiness certificate 1:2
action before accident 1:2
accident severity 1:3
(a)
| Description Values
| number of vehicles involved [16]
number of injured 7
road width 44]
pavement width 71
speed limit_* [10 100]
time for ambulance | [055] |

Of the 1327 unique records of the RCP dataset, 786, 489
and 52 records correspond to light, serious and fatal
accidents, respectively, i.e. the database is imbalanced with
decreasing numbers of collected records for increasing
accident severity levels. -

III. PARAMETER REDUCTION

A, Parameter Selection/Extraction Methodologies

The backward ordinal logistic GLM is the statistical
parameter selection methodology used here. The GLM is
capable of selecting the minimal subset of input parameters
that are highly correlated with the dependent variable but not
correlated with each other, Such a selection of parameters
supports the inclusion of the pertinent - but not the redundant
- parameters to the prediction task.

In the last decade, the GA soft computing paradigm has
become a widely used [14-15] parameter selection
methodology. GA employs a population of chromosomes,
with the genes of each chromosome collectively representing
a potential solution to the task under optimization. The
fitness value of a chromosome expresses its overall fitness in
constituting a solution to the task. The repeated application
of the three genetic operators, namely

°  crossover between chromosomes, e.g. random or
directed, single- or multiple-point swapping of
homologous parts of pairs of chromosomes,
mutation of each chromosome, e.g. random or
selective modification of genes, and
selection, e.g. roulettc-wheel-based or
inclusion of chromosomes into the new population,
to the chromosomes of a randomly initialized population
promotes the inclusion of chromosomes of eventually
increasing fitness in the evolving population. Following a
sufficient number of repetitions of the aforementioned
procedure (gencrations), and provided that the GA
parameters have been assigned appropriate values, at least
one chromosome of the final population constitutes a (near-)
optimal solution to the task at hand. GA has the added
advantage of being fairly robust to small variations in the
exact values (e.g. mutation probability) and options (e.g.
random or directed crossover) selected for the genetic
operators.

Finally, the mathematically derived PCA methodology
projects the original data onto a new set of orthogonal axes
in such a manner that the original multidimensional dataset
with possibly correlated parameters is linearly transformed
into a novel dataset of identical dimensions but with totally
uncorrelated parameters, Owing to the fact that each new
axis is selected so as to maximally expose the (remaining)
variability of the dataset, it is not unusual for the first few
axes of the PCA mapping to account for most of its
variability. As a result, a small number of PCA axes are
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generally sufficient in representing the original data with
minimal (and usually negligible) loss of information. Tt is
advantageous that, as a rule, PCA-derived dimensionality
reduction achieves comparable classification accuracy levels
to those obtained with the original dataset, without the need
to take into account the outputs of the classification task
while constructing the PCA axes. A disadvantage of PCA is
that the extracted parameters cannot always be translated
into (combinations of) original parameters, whereby pattern
selection cannot be implemented accordingly.

B. Training and Testing the Prediction Methodologies
The five-fold CV procedure implemented for training and
testing the GLM, GA and PCA methodologies operates as
follows. Initially, the dataset is partitioned into five sets or
equivalent cardinality, with four sets used when training cach
methodology and the remaining set reserved when testing it;
this process is repeated five times so that cach set appears a
single time as a test set and the remaining four times in the
training sets. The results of five-fold CV over the five test
sets are averaged and overall prediction accuracy is reported.

C. Accident Severity Prediction Technigues

MatLab 2007a and the Neural Network Toolbox [16] are
used for implementing the two evaluation techniques, namely
DT and PNN.

The DT constitutes a tree-like classification technique that
recursively generates data partitions in such a manner that
the separation between classes is maximized at each node of
the tree. The creation of maximally separable partitions is
accomplished via information gain (selection of the attribute
effectuating the greatest entropy reduction in the dataset, i.c.
whose value(s) best partition(s) the dataset) or some other
similar criterion. A single node appears at the top level of the
DT, with as many second-level nodes created as there are
data partitions according to the selected criterion. The
branching process continues recursively in the same manner
for each node of the second level and is terminated either
once each data partition corresponds to exactly one class or
when no further partitioning of the data is possible.

DT learning is computationally intensive and may result in
extensive trees, especially for non-binary categorical and for
continuous parameters. Furthermore, and owing to the level-
by-level ereation of the DT, classification is not necessarily
optimal [10]. In order to ensure accurate learning and
satisfactory as well as efficient classification of novel
patterns, DT learning is customarily either combined with or
followed by DT pruning.

During classification of a novel pattern, the DT is
employed as a hierarchy of easy-to-understand rules, with
one rule corresponding to each DT node: beginning from the
top node, the novel pattern follows the appropriate nodes and
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branches until it reaches a terminal node, whereby it is
assigned 1o the class represented by that node.

The four-layered PNN non-parametrically creates non-
linear decision surfaces between classes that approach the
Bayes optimal for datasets of increasing cardinality. PNN
training is completed after a single presentation of the
training patterns, with cach pattern stored in a hidden node
of the PNN, The smoothing parameter ce[0,1], which is
largely dependent on the cardinality and nature of the
dataget, determines the exact shape and the amount of
smoothness of the decision surface. The PNN features
speedy training and direct incorporation/deletion of novel/
unnecessary training patterns; however, its size and response
time are directly affected by the cardinality of the dataset.

Although setting and testing the GLM is straightforward,
whereby both the DT and the PNN techniques are used for
cvaluating prediction accuracy of the GLM-generated
reduced parameter set, the GA and the PCA methodologies
require a means of evaluating the quality of prediction for
different candidate solutions during training, namely the
collections of parameters for the GA and the number of first
components for the PCA. To this end,

= DT’s are employed on the training sets of the five

folds for setting and fine-tuning the two
methodologies, namely selecting/extracting  the
parameters to be used for accident severity prediction.
DT’s constitute advantageous tools for the discovery
of good parameter subsets as they are fast to
construct, do not require explicit parameter tuning, are
transparent during operation and — owing to MatLab’s
inbuilt pruning option — automatically reach high
levels of classification accuracy.

= PNN’s are used for testing the two methodologies.

Although, in general, slightly less accurate than DT’s,
PNN’s offer higher diserimination to solutions
(parameter subsets) that are judged as equally
accurate by the DT’s and can, thus, enforce more
stringent prediction accuracy requirements. The
reduced (in dimensionality) training sets are used for
creating and optimizing the PNN's; the most
advantageous value of the smoothing parameter is
determined  independently ecach  fold.
Subsequently, prediction accuracy is measured by
inputting the reduced test sets of the five folds to the
corresponding trained PNN's.

for

IV. ACCIDENT DATASET DIMENSIONALITY REDUCTION

Dimensionality reduction is investigated for each of the
aforementioned  three  parameter  selection/extraction
methodologies. The yardstick for evaluating them constitutes
the prediction accuracy obtained by the DT and the PNN
techniques on the original dataset, i.e. when all the 43 input
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parameters of Table I are utilized. The prediction results
(confusion matrix (a) and proportion of correct,
underestimated and overestimated predictions (b)) are shown
in Tables II and III, respectively, demonstrating the
superiority (by 1.5% overall, or 3.5, 0.9 and 1.5% for fatal,
serious and light accidents, respectively) of the DT over the
PNN methodology in accident severity prediction.

TABLE T1
CONFUSION MATRIX (2) AND PREDICTION ACCURACY (%) (b) OF THE
DT METHODOLOGY FOR THE ORIGINAL 43 INPUT PARAMETERS OF THE
RCP DATABASE

Subsequently, these groups of parameters are employed for
investigating the parameter selection process as follows. The
first group of the 15 mostly statistically significant
parameters is used in its entirety (as no difference in
significance can be discerned for such low values of
significance) for creating the training and test sets of the five
folds and extracting prediction accuracy, evaluated by the
DT and PNN methodologies. The same procedure is
repeated for the first two groups of parameters together, in
other words prediction accuracy is investigated on 26
parameters, as - again - no conclusive comparison of
significance can be reliably performed at levels of

iy Actual Fatal Serious Light significance below 0.1, Finally, the three remaining and
I
Fatal §5.0052 12077 02813 marginally significant parameters are added to the 26
Serious 9.5238 92.9952 2.2504 parameters one by one and prediction accuracy is
Light 2.3810 37971 97.4684 investigated in the same manner for each addition.
(@)
TABLE IV
Underestimations | Correct Predictions | O imati | CONFUSION MATRIX (3) AND PREDICTION ACCURACY (%) (b) OF THE
2.4850 | 05.544] | 1.9709 | DT METHODOLOGY FOR THE 26 STATISTICALLY SELECTED
() PARAMETERS OF THE RCP DATABASE
Actual Fatal Serious Light
TaBLE 1N Predicted
CONFUSION MATRIX (a) AND PREDICTION ACCURACY (%} (b) OF THE B Faal | 875 0.7229 04144
PNN METHODOLOGY FOR THE ORIGINAL 43 INPUT PARAMETERS OF Serious 7.5 96.6265 1.9337
THE RCP DATABASE Light 5 2.6506 97.6519
(@)
Actual Fatal Serious Light [ Underesti [ Correct Predictions | Overestimations |
Predicted [ 135m | 96.9466 | 16964 |
Fatal 856154 12270 11450 )
Serious 5.7692 92.0245 2.9262
Light 9.6154 6.7485 95.9288
(a) TABLE V

Underestimations | Correct Predictions | Overestimations
3.0897 94.0467 2.8636

(b)

A. GLM Prediction Accuracy

During five-fold CV, the training sets of the five folds are
used for parameter extraction. The GLM methodology
establishes 15 parameters (namely arca code, day, hit and
run, residential area, second cause of accident, third cause of
accident, traffic control, diagram code, conjunction type,
barrier type, light conditions, type of event for first accident,
number of vehicles involved, number of injured and speed
limit) that are statistically significant at a level of
significance below 0.01, another 11 (namely routes
permitted, break lane, road works, pavement status, weather
conditions, vehicle type, vehicle license, vehicle worthiness
certificate, action before accident, pavement width and time
for ambulance) that are statistically significant at a level of
significance below 0.1 but above 0.01, and, finally, three
parameters (namely time, type of event for second accident
and pedestrian crossing) that are marginally statistically
significant at a level of significance below 0.25 but above
0.1.

CONFUSION MATRIX (a) AND PREDICTION ACCURACY (%) (b) OF THE
PNN METHODOLOGY FOR THE 26 STATISTICALLY SELECTED
PARAMETERS OF THE RCP DATABASE

Actual | Fatal Serious Light
Predicted
Fatal 60.0476 1.0870 1.0870
Serious 16.6667 86.1413 54317
Light 14.2857 12.7717 H).5565
(a)
__Underestimations | Correct Predictions | Overestimations
5.9821 | 88,0359 5.9821
®)

When using the training sets, highest accident prediction
accuracy is observed — for both techniques - when the 26
parameters demonstrating levels of significance below 0.1
are used. The confusion matrices (a) as well as the overall
proportion of correct, underestimated and overestimated
predictions (b) are shown in Tables IV-V for the DT and
PNN methodologies, respectively, averaged over the test sets
of the five folds. The superiority (by 8.9% overall, or 17.4,
10.5 and 7.1% for fatal, serious and light accidents,
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respectively) of the DT over the PNN methodology becomes
even more accentuated for the reduced datasets than when no
parameter reduction is performed. When compared to Tables
TI-111, it is observed that the selection of 26 out of the
original 43 parameters, which effectuates an almost 40%
reduction in the number of parameters used, produces a
1.4%, rise in prediction accuracy for the DT (0.5, 3.6 and
0.2% for fatal, serious and light accidents, respectively),
which can be attributed to the improved ability of the DT to
predict accident severity once irrelevant parameters are
removed. The PNN, however, demonstrates a contradictory
performance with a drop of 6% overall and an acute decline
in the prediction of fatal, serious and light accidents (by
15.6, 5.9 and 5.3%, respectively).

B. GA Prediction Accuracy
The GA is employed for determining a (near-)minimal as
well as (near-)optimal subset of input parameters that
accomplish high accident severity prediction accuracy.

Each chromosome represents a possible combination of
parameters, with the ith binary gene (i=1, 2, ... 43) of a
chromosome taking on a value of 1 (or 0) if the
corresponding parameter is (not) included in the combination
of parameters expressed by the chromosome. The fitness
value of a chromosome cxpresses the power of the
corresponding candidate solution to accurately as well as
efficiently predict accident severity. Overall fitness is
formulated as

fitnessvalue = 0.85x PRAJ100+0.15x% (1 - PAN/43) (1)

where PRA and PAN denote the prediction accuracy (%) and
cardinality of the parameter (sub)set represented by the gene,
respectively. According to (1), the smaller the combination
of parameters and the larger the classification accuracy, the
higher the fitness value of the chromosome; the values of
0.85 and 0.15 in (1) have been selected from the initial
ranges of [0.75 0.95] and [0.05 0.25], respectively, after
trial-and-error.

The following GA process is repeated 50 times for each
fold. The original population comprises 30 randomly created
chromosomes, whose fitness is evaluated via a DT
constructed using the training set of the corresponding fold.
Random single-point crossover is applied to 10 pairs of
chromosomes picked according to roulette-wheel selection;
subsequently, each gene of the 50 chromosomes is
independently submitted to random mutation with a mutation
probability of 0.05; finally, after the fitness of the 50 mutated
chromosomes is re-evaluated, roulette-wheel selection is
applied for determining the chromosomes to appear in the
population of the next generation. This procedure is repeated
for 30 generations and the chromosome of maximum fitness
is selected as the optimal GA solution.
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Although convergence upon a unique parameter subset is
not accomplished for the specific GA set-up, the parameter
subsets corresponding to the optimal chromosomes of each
run consistently range in size between I8 and 25 and
accomplish DT overall prediction accuracy above 95%.
Tables VI-VII show accident prediction accuracy evaluated
over the test sets of the five folds by the DT and the PNN
techniques; a typical (in terms of both size and selected
parameters) optimal chromosome has been used, with the 23
selected parameters being month, day, time, main cause of
accident, residential area, conjunction type, routes permitted,
barrier type, road works, bus stop, pedestrian crossing, light
conditions, accident location, weather conditions, age,
gender, vehicle type, type of cvent for second accident,
vehicle worthiness certificate, number of vehicles involved,
road width, speed limit and time for ambulance. For the
PNN’s, the optimal values of the smoothing parameter are
determined using the reduced (with 23 parameters only)
training sets of the five folds.

TABLE VI
CONFUSION MATRIX (2) AND PREDICTION ACCURACY (%) (b) OF THE
DT METHODOLOGY FOR AN OPTIMAL GA-GENERATED PARAMETER
SUBSET OF THE RCP DATABASE

Actual | Fatal Serious Light
Predicted
Fatal 87.1795 0 0.5487
Serious 7.6923 95.7627 2.7435
Light 5.1282 42373 96.7078
(a)
Underestimations | Correct Predictions | Overestimations |
1.7825 I 96.0784 | 2.1390 |
(b)
TaBLE VII

CONFUSION MATRLX () AND PREDICTION ACCURACY (%) (b) OF THE
PNN METHODOLOGY FOR AN OPTIMAL GA-GENERATED PARAMETER
SUBSET OF THE RCP DATABASE

Actual | Fatal Serious Light
Predicted
Fatal 73.6842 1.0929 0.8117
Serious 7.8947 91.5301 5.6818
Light 18.4211 1.3770 93.5065
(a)
[ Underesti [ Comect Predictions | Overestimations |
| 3.6275 | 92.0588 T 43137 |
(b)

Again, prediction accuracy via the DT is found superior to
the PNN by 4% overall (13.5, 4.2 and 3.2% for fatal, serious
and light accidents, respectively).

When compared to Tables II-V, the removal of 20
parameters (effectuating a 46.5% reduction in parameter
dimensionality) via the GA technique still allows the
superior prediction of accident severity for the DT when
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compared to using the entire dataset (0.5% improvement
overall). The DT is less accurate than when the GLM-
derived reduced dataset is used, but the difference in
prediction accuracy is minor, never reaching 1% either
overall or when each accident severity class is considered
independently. The situation is slightly different for the
PNN, which shows a 2% overall drop in prediction accuracy
(9, 0.5 and 2.4% for fatal, serious and light accidents,
respectively) when compared to using the entire dataset,
Despite this decline, PNN performance is superior for the
GA-generated than for the statistically selected reduced
parameter set (improvement of 4% overall and 4.6, 5.4 and
3% for fatal, serious and light accidents, respectively).

(b)

Fig. 1 Proportion (2) and cumulative propertion (b) of total variance

accounted by each component.

When examining the parameters selected by the GA, only
seven, five and three appear in the group of GLM
statistically significant paramelers at levels of significance
below 0.01, 0.1 and 0.25, respectively, in other words the
GLM and the GA have only about 50% parameters in
common. Further investigation is needed — in terms of GA
set-up and operation — to determine to what extent the
difference in selected parameters actually reflects a
alternative, and perhaps more effective, parameter selection
method.

C. PCA Prediction Aecuracy

PCA analysis of the 43 input parameters results in 43
principal components that are orthogonal to each other and
maximally expose the variability of the original dataset.

A multitude of component extraction criteria exist in the
literature; these serve to determine the number of meaningful
(first) components that should be retained in order for no
significant loss of information of the original database to
occur. Of these, the eigenvalue-one [17] criterion supports
retaining the first five components, while the scree test [18],
the proportion of variance and the cumulative variance [19]
accounted for by the components (shown in Fig. 1) propose
an extensive range of possible numbers of components,
namely 1,2, 3,5, 7, 9 and 14.

In order to reach a consensus concerning the number of
components to be retained, the DT is used for evaluating
accident prediction accuracy when retaining the first one, the
first two, the first three and so on until all 43 principal
components; this procedure is applied 1o the training sets of
the five folds. Following averaging, and as shown in Fig. 2, a
99.9075% prediction accuracy of is reached when using the
first three components; prediction accuracy drops again until
nine components are used, whereby it converges at 100%
accuracy from 12 components onward',
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Fig. 2 Overall prediction accuracy of the DT for increasing numbers
of PCA components; average over the training sets of the fie folds.

Tables VIII-IX tabulate accident prediction accuracy
accomplished by the DT and PNN, respectively, when
employing the first three principal components of the test
sets; again, the corresponding training sets are used for
setting the optimal value of the smoothing parameter. For the
DT, the results are only slightly inferior to those obtained for
the entire dataset in Table 11 (drop of 1.5% overall, and 8,
1.2% for fatal and light accidents but increase by 0.6% for

! The near-100% accuracy observed in Fig, 2 for increasing numbers of
first PCA is due to the evaluation of the performance accuracy
using the training sets only, i.e. of the ability of the DT's to separate the
accident severity classes of the training sets.
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serious accidents), as expected by the low number of PCA
components retained. By contrast, the PNN accomplishes
equivalent accident prediction to when the entire dataset is
employed, with a 4.7 and 1% rise in accuracy for fatal and
serious accidents, respectively, and a drop of 0.9% for light
accidents.

Efforts to duplicate these results with the parameters that
are highly correlated with the first three components (namely
road width, speed limit and time for ambulance for absolute
correlation coefficient values greater than 0.9, residential
arca for absolute correlation coefficient values greater than
0.5 and police district for absolute correlation coefficient
values greater than 0.4) has yielded significantly inferior
accident prediction accuracy. It is clear that, in the case of
this dataset, parameter selection cannot be performed based
on the extracted PCA components.

TapLE VIII

CONFUSION MATREX (a) AND PREDICTION ACCURACY (%) (b) OF THE
DT METHODOLOGY FOR THE FIRST THREE PCA COMPONENTS OF THE

RCP DATABASE
Actual Fatal Serious Light
Predicted
Fatal &0 1.5915 0.7587
Serious 10 93.6340 3.0349
L'(ght 10 4.7743 96.2064
()
[@ imations | Comrect Prediclions | Overestimations |
22514 | 94,8405 | 2.9081 |
()

TaBLE IX
CONFUSION MATRIX () AND PREDICTION ACCURACY (%) (b) OF THE
PNN METHODOLOGY FOR THE FIRST THREE PCA COMPONENTS OF
THE RCP DATABASE

Actual Fatal Serious Light
Predicted
Fatal 89.3617 0.4082 1.0204
Serious 4.2553 93.0612 3.9541 |
Light 6.3830 6.5306 95.02335

(2}

[ Underestimations | Correct Predi

i | Overestimations
| 2.8009 | 94.0954 | 3.1037 \

(&)

It is worth mentioning that the original parameters that are
mostly correlated 1o the extracted parameters tend to be
continuous rather than categorical, a phenomenon that is
largely due to the ability of the continuous parameters to
better distinguish between outputs (even at the cost of highly
irregular separating hyperplanes), something that may not be
possible for categorical parameters (especially when their
values are identical for different outputs).
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D. General Results

It appears overall that the DT prediction technique is better
suited to pattern selection, whereby higher accident
prediction accuracy is obtained when superfluous  or
correlated independent parameters are removed and at most
60% of the original parameters are retained. By contrast, the
PNN prediction technique appears to be better tailored to
parameter extraction; superior as well as significantly more
efficient performance is observed when using only three
PCA parameters, at the same time also accomplishing a 93%
smaller PNN size, and comparable cuts in training and
testing limes.

Focusing upon the  dimensionality  reduction
methodologies, the GA and PCA seem to be more robust
than the GLM as far as the selection of prediction technique
is concemned. As, however, parameter selection is preferable
to parameter extraction for the purposes of (a) compact as
well as accurate accident dataset collection, (b) ease of
parameter reduction (either selection or extraction), (c)
efficiency of the employed prediction techniques, and (d)
understanding the characteristics of the retained parameters
and their underlying relation to the dependent variable
accident scverity.

V. CONCLUSION

In this piece of research, the reduction of the dimensionality
of the Republic of Cyprus Police accident database is
performed via the statistical backward ordinal logistic -
generalized linear model and the genetic algorithm-based
parameter selection methodologies as well as via the
principal component analysis  parameter extraction
methodology. Decision trees and probabilistic neural
networks are employed as prediction techniques. Although
principal component analysis only requircs three our of the
original 43 components for both perfect reconstruction of the
original dataset and maximally accurate accident severity
prediction, no combination of original parameters loading on
these components could duplicate these results. By contrast,
the genetic algorithm-based parameter selection effectuates a
46.5% reduction in parameter dimensionality of the original
database, with only a 2% fall in prediction accuracy for the
probabilistic neural network and a rise in prediction accuracy
for the decision tree technique; furthermore, the genctic
algorithm is found superior overall to the statistical
backward ordinal logistic - generalized linear model.
Although a compact as well as accurate parameter subset
that is capable of differentiating between accidents of
varying levels of severity is put forward by the GA
methodology, further analysis must be performed for
determining the true effect that the (categorical/continuous)
nature of the data corresponding to each parameter has on its
significance for predicting accident severity and for relating
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these results to those obtained from statistical parameter
selection models.
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