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Abstract

Survival prediction of poly-trauma patients measure the quality of emergency services by comparing their
predictions with the real outcomes. The aim of this paper is to tackle this problem applying C4.5 since it
achieves accurate results and it provides interpretable models. Furthermore, we use sampling techniques
because, among the 378 patients treated at the Hospital of Navarre, the number of survivals excels that of
deaths. Logistic regressions are used in the comparison, since they are an standard in this domain.
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1. Introduction

Poly-trauma patients are those who suffer from sev-

eral injuries, which have been produced by energy

exchanges 1, for instance, car crashes or falls. Sur-

vival prediction of these patients is a good indica-

tor of the quality of an emergency system, since a

number of saved patients greater than the number of

patients expected to survive is an indicator of a high

quality emergency service. A good emergency sys-

tem is aimed at both saving as many patients’ lives as

possible and trying to treat them in such a way that
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after their recovery they will have the best possible

health condition. Moreover, the latter fact leads to

a reduction of the expenses derived from the subse-

quent treatments given to the patients that survive to

their damages.

Hence, in order to asses the quality of an emer-

gency service, it is interesting to develop a model

for predicting the survival of patients arriving at

the emergency services. This model can be subse-

quently used to objectively compare the scores ob-

tained by different emergency systems when using

it. To do so, doctors usually apply techniques that

translate the severity of the injuries into a number,

which represents the probability of patients to sur-

vive to their injuries. Therefore, these techniques

can be seen as classification systems 2 because their

outcomes have two different values, namely, survive
and die. Nowadays, the usage of intelligent systems

has become a widely used solution to tackle clas-

sification problems 3,4,5. Specifically, the standard

intelligent system used by doctors to deal with the

survival prediction problem is the logistic regres-

sion 8,9, which obtains accurate results but it does

not provide an explanation of its predictions.

Fortunately, the number of poly-trauma patients

who survive exceeds the number of those who die.

In data mining, this fact is know as the imbalanced

problem 10, since there are more examples (patients)

belonging to one class, which is known as major-

ity class (survive in our case), than to the remain-

ing one, which is known as minority class (die in

our problem). Tackling imbalanced problems using

intelligent systems is one of the current challenges

in the topic 11, since classifiers tend to predict the

majority class for most of the examples and conse-

quently, they fail most of the examples belonging to

the minority class. In order to improve the obtained

accuracy in both classes, sampling techniques 12 are

usually applied before learning the classifiers.

The goal of this work is to deal with this problem

applying intelligent systems capable of providing an

interpretable model for predicting the survival status

(survive or die) of poly-trauma patients. In this man-

ner, the system will make predictions and it also will

help to understand them as well as enabling doctors

to analyse which are the key variables involved in

this type of problems. Using this knowledge, health

managers could try to adapt the trauma care units

and/or the service protocol to improve the quality

of the treatments for the sake of increasing the sur-

vival rate of their patients. Additionally, sampling

techniques will be applied to try to improve the per-

formance of the classifiers by balancing the number

of patients of both classes for the learning process.

Taking into account the previous considerations,

we propose the usage of the C4.5 decision tree 13 be-

cause it obtains accurate results and it creates an in-

terpretable model. Specifically, the generated model

is represented by a tree, which is suitable for this ap-

plication since doctors frequently use protocols writ-

ten in tree form. Consequently, the knowledge can

be easily interpreted by the medical staff. Further-

more, we apply sampling techniques including sev-

eral under-sampling methods 14,15,16,17, SMOTE 18

as representative of over-sampling techniques and

two hybrid approaches that combine the two previ-

ous options. Additionally, we also study the effect

of two recent splitting methods 19,20 used to conform

the different folds used in the evaluation process.

The experimental study is conducted using the

patients stored in the Major Trauma Registry of

Navarre (MTRN) 21. Specifically, the MTRN is

composed of 378 patients treated at the emergency

services of the Hospital of Navarre during 2011

and 2012. The quality of the classifiers is mea-

sured using three well-known performance metrics:

the accuracy rate, the Area Under the ROC Courve

(AUC) 22 and the geometric mean 23, which quanti-

fies the trade-off between the sensitivity and speci-

ficity rates. The obtained results show that the C4.5

decision tree provides a competitive performance

when it is compared with the logistic regression ap-

proaches 8,9, whereas it also allows doctors to study

the main variables affecting the survival or death

of poly-trauma patients. Furthermore, it is also ob-

served that the usage of sampling techniques allows

the performance of the system to be notably im-

proved.

The remainder of the paper is organized as fol-

lows: in Section 2 the features of the dataset and the

collection of data are explained as well as a descrip-

tion of the standard methods used to tackle the cur-
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rent problem. Sections 3 and 4 introduce the proper

background about imbalanced datasets including the

sampling techniques and the C4.5 decision tree algo-

rithm, respectively. Our proposed methodology to

tackle the survival prediction problem is described

in detail in Section 5. The obtained results and the

corresponding analysis is presented in Section 6. Fi-

nally, in Section 7 we draw the main conclusions of

the paper.

2. Framework of the poly-trauma patients
survival prediction problem

Poly-trauma patients are persons who have several

injuries, which imply a risk of death. It is one of

the most common causes of death among people un-

der forty and it also implies high economic costs

for health care centres 24,25,26. The survival rate of

these patients is a good indicator of the quality of the

emergency system of a health center. Specifically,

there exists an approved medical treatment for such

patients and there is a relationship between thera-

peutic measures and the outcome, which can only

take two values: survive or die.

The aim of any quality control system of trauma

care centres is to perform a continuous and mea-

surable improvement of the treatments used to treat

traumatized patients. To this aim, the information

obtained from all the poly-trauma patients that were

taken care of is stored in a Major Trauma Reg-
istry (MTR) 21. A MTR is a source of a oppor-

tune, accurate and complete information that allows

one to continuously monitor the assistance’s process

in trauma care units. A well-designed MTR helps

health managers to analyse the information to try to

discover aspects that can be improved with the aim

of both enhancing the quality of life of poly-trauma

patients and coordinating the different services in-

volved in the care centres. Such monitoring and

quality control has allowed the reduction of both the

mortality and the disability rates of these patients in

developed countries in recent years 27.

The Emergency Department of the Hospital of

Navarre made a study between 2001 and 2003 that

allowed to develop and validate the MTR of Navarre ∗

(MTRN). This registry is based on the Utstein tem-

plate 28, which establishes the variables to be col-

lected. Some of them are easily obtained like the

age or the gender of patients whereas other ones

are based on the severity of the injuries like the In-

jury Severity Score (ISS) 29, the New Injury Severity

Score (NISS) 30, the Revised Trauma Score (RTS) 31

or the Triage Revised Trauma Score 31. The most

relevant variables (among the ones determined by

the Utstein template) from a clinical perspective are

introduced in Table 1.

We have to point out that not all the poly-trauma

patients are stored in the MTRN. The excluding cri-

teria are the following ones:

1) The NISS value is less than 15.

2) The period of time between the injury and the ad-

mission to the hospital is greater than 24 hours.

3) The patient has been drowned.

4) The patient has been hanged.

5) The patient has been burnt.

Table 1. Most relevant variable stored in the MTRN.
Survival Age Gender

Cardiac arrest Pre-hospital care Pre-hospital intubation

Type of intubation Pre-hospital inmovilization Pre-hospital and hospital RTS

Pre-hospital and hospital TRTS ISS NISS

Glasgow Respiratory rate Arterial pressure

Time until first CAT scan Time until first key surgical intervention Type of first key surgical intervention

2.1. Standard solutions based on intelligent
systems

One of the main aims of a MTR, so that both patient

survival and data collection can be improved, is to

compare the results obtained in different institutions

at any level (regional, national or international) 32,33.

For this aim, intelligent systems are usually ap-

plied. In fact, the standard method in this domain

is the Trauma and Injury Severity Score (TRISS) 8.

This system is based on a logistic regression, which

is applied to estimate survival probabilities of pa-

tients. Specifically, the input features considered by

this model are the ISS 29, the RTS 31 and the catego-

rized data of age.

Furthermore, the medical staff of the Hospital of

Navarre developed their own model that was also

∗ Navarre is a region located in the north of Spain
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based on a logistic regression. Doctors determined

the input features to be used and presented several

models in 9. The most accurate one considered as

input variables the age, the Revised Trauma Score

(RTS) and the New Injury Severity Score (NISS) and

the morbidity, which was binarized.

Finally, another important method used in this

field is the Revised Injury Severity Classification

(RISC)34. This model considers laboratory values

like base deficit, haemoglobin concentration and

thromboplastin time for the first time, as well as

medical interventions such as cardiopulmonary re-

suscitation (CPR) 35. This allows for a more pre-

cise description of the prognosis of trauma patients.

However, several limitations of the RISC model

have been identified, which have led the authors to

develop a new updated version of the model known

as RISC II 36. However, doctors of the Hospital of

Navarre conducted an study where they proved that

the prediction capability of RISC II is less than their

own method (introduced in the previous paragraph).

3. Imbalanced datasets problem

An imbalanced dataset classification problem 10 oc-

curs when the number of examples belonging to

the different classes is notably different. Focusing

on classification problems composed of only two

classes, the class having the largest number of exam-

ples is known as the majority class (it is also named

negative class) whereas the remainder one is called

minority class (or positive class). A wide number

of real-world classification problems present the im-

balanced issue 3,37,38,39.

This problem is currently a challenge in classi-

fication 11 because it has several features implying

extra difficulties to learn suitable classifiers. Among

them, two well-known problems are the overlapping

between the examples of the different classes and the

small disjuncts 40, which are depicted in Figure 1.

Fig. 1. Two problems in imbalanced datasets: a) overlap-

ping between classes; b) small disjuncts.

In addition to the previous problems, standard

classifiers using the accuracy rate (number of cor-

rectly classified examples divided by the total num-

ber of examples) in their learning process usually

have a bias in favour to the majority class. This is

due to the fact that the larger the imbalance ratio the

better will be to classify correctly the examples of

the majority class in order to obtain a good accuracy

rate. Consequently, the relevance of a right classi-

fication of the examples belonging to the minority

class will decrease. This is a huge problem when

the class of interest is the one with the less num-

ber of examples like, for instance, when tackling a

problem in which patients have to be diagnosed to

know whether they suffer from cancer or not. Fortu-

nately, the number of patients who do not have can-

cer is several times greater than the one of those who

have it. In this situation there would be a trend to

predict that the patients do not have cancer but this

fact would imply misclassifying many patients who

really suffer from it. Therefore, the accuracy rate

would be high although the classifier is not working

properly.

In the remainder of this section we firstly intro-

duce the performance metrics used in this type of

classification problems to avoid the aforementioned

problem of the accuracy rate. Then, we describe sev-

eral sampling methods used to balance the number

of examples of the different classes before generat-

ing the classifier, which imply that both classes will

be equally important in the learning process.

3.1. Metrics for imbalanced problems

We have already mentioned that the standard accu-

racy rate is not a suitable performance metric for this
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type of classification problems. Its usage could pro-

voke a bad analysis of the quality of the classifier as

illustrated in the following example. Let imagine we

have to tackle a two-class problem in which one of

the classes has 975 examples and the remainder one

has only 25. If the classifier assigned all the exam-

ples in the majority class it would obtain a 97.5%

accuracy rate, which is a good performance. How-

ever, this classifier has miss-classified all the exam-

ples of the minority class and therefore, it is not solv-

ing properly the problem.

To cope with this problem, we recall two well-

known metrics that are built from a confusion matrix

(see Table 2), which stores the number of correctly

and incorrectly classified examples for each class.

Table 2. Confusion matrix for a two-class problem.

Positive class prediction Negative class negative

Positive real class True Positive (TP) False Negative (FN)

Negative real class False Positive (FP) True Negative (TN)

The first appropriate metric for imbalanced clas-

sification is the Geometric Mean (GM) 23, which

takes into account the accuracy obtained for each

class of the problem (see Eq. 1).

GM =
√

T Prate ∗T Nrate, (1)

where T Prate =
T P

T P+FN and T Nrate =
T N

T N+FP are

the percentage of positive and negative examples

correctly classified, respectively.

The second widely used metric for this type of

problems is the Area Under the Receiver Operating
Characteristic (ROC) curve (AUC) 22. This curve is

constructed computing one ore more (T Prate,FPrate)
pairs, where FPrate = FP

T N+FP is the percentage of

negative miss-classified examples. To obtain a ROC

curve composed of several pairs the following pro-

cess is applied:

• All the examples are classified and their probabili-

ties, provided by the classifier, of belonging to the

positive class are taken.

• The previously obtained probabilities are sorted in

ascending order.

• For each probability value, pi

• All the examples having a probability less than

pi are predicted as negative.

• The examples whose probabilities are greater or

equal than pi are predicted as positive.

• The confusion matrix for each probability value,

pi, is obtained.

• Finally, the pair of values (T Prate,FPrate) is com-

puted form the confusion matrix.

where i = {1, ...,P} and P is the number of dif-

ferent probability values returned by the classifier.

Once the ROC curve is generated its area is com-

puted and it is used as the performance of the classi-

fier. Therefore, this measure depends on the variety

and quality of the probabilities returned by the clas-

sifier.

3.2. Sampling methods to pre-process
imbalanced datasets

We have already mentioned that sampling tech-

niques 12 are widely used to deal with imbalanced

datasets. The aim of this techniques is to balance

the number of examples belonging to the different

classes. In this manner, when learning the classi-

fier all the classes have the same importance and the

bias in favour to the majority class is avoided. All

the sampling methods fall into one of the following

three groups.

1. Under-sampling methods: This methodology

pre-processes the data by removing examples

belonging to the majority class. Among the

techniques belonging to this methodology we

can stress the following ones:

• Tomek links 14: Let Ei and E j be two exam-

ples belonging to different classes and let

d(Ei,E j) be the distance between them. A

pair (Ei,E j) is called a Tomek link if there

is not an example El , such that d(Ei,El) <
d(Ei,E j) or d(E j,El) < d(Ei,E j). This

method can be used as an under-sampling

method (it only removes the example of the

Tomek link belonging to the majority class)

or as a cleaning method (both examples are

removed).
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• Condensed Nearest Neighbour rule

(CNN) 15: Let E be the set of all the ex-

amples and let Ê be a subset composed of

all the examples of the minority class and

one of the majority class, which is ran-

domly selected. Then, the 1NN algorithm †

is used to classify all the examples in E us-

ing Ê as training set. Next, the misclassified

examples are moved to the subset Ê. This

process is repeated until all the examples E
are correctly classified. When the process

is finished, Ê is a consistent subset and it is

appropriate to start learning from it because

it contains both the examples of the minor-

ity class and the most difficult ones (close

to the boundaries) from the majority class.

• One-Sided Selection (OSS) 16: This

method combines the two previously de-

scribed approaches, that is, it firstly ap-

plies the Tomek links method (as under-

sampling) and then, it executes CNN to re-

move majority class examples that are far

away from the decision border.

• CNN + Tomek links: The same schema of

the OSS method is followed but it changes

the order in which both methods are ap-

plied.

• Neighbourhood CLeaning rule (NCL) 17:

This method is based on Edited Nearest

Neighbor (ENN) 43. For each example Ei,

its three nearest neighbours are obtained.

In case the three nearest neighbours contra-

dicts the class of Ei, the examples belonging

to the majority class are removed, that is, it

can be deleted either the example Ei or the

three nearest neighbours.

2. Over-sampling methods: This methodology

pre-processes the data by generating new ex-

amples belonging to the minority class. The

most used technique in this group is the

Synthetic Minority Over-sampling Technique

(SMOTE) 18. The created examples are the re-

sult of interpolating the values of several mi-

nority class examples that are close to each

other. The detailed procedure is the follow-

ing: let xi be an example of the minority class

and n1, ...,n4 be its four nearest neighbours.

To generate a new example, one of the four

neighbours is randomly selected. Then, for

each attribute, the difference between the val-

ues of xi and the selected neighbour multiplied

by a random number (in [0,1]) is added to the

value of xi. Consequently, the new example

will be located between the two values that

have engendered it.

3. Hybrid methods: The techniques belonging

to this group combine under-sampling and

over-sampling methods. Among them we can

stress the two following ones:

• SMOTE + Tomek Links: this method

generates minority class examples using

SMOTE and then, in order to create better-

defined class clusters, Tomek links is ap-

plied as cleaning method.

• SMOTE + ENN: this method follows the

same process than the previous one but, in

this case, ENN is used to remove examples

belonging only to the majority class. ENN

applies the same process than NCL but it

removes the majority class examples when

the class of the analysed example differs

from that of at least two of its three near-

est neighbours.

4. C4.5 decision tree

In this section we describe in detail the C4.5 deci-

sion tree 13, which is an intuitive and interpretable

tool to classify the patients. The relevance of this

classifier is shown through the wide range of real-

world applications in which it has been used 44,45 as

well as the fact that it is considered as one of the top

ten techniques in data mining 46.

A decision tree is an interpretable classifier com-

posed of nodes connected by branches as depicted in

Figure 2. There are three different types of nodes:

† To select the neighbourhood the KNN algorithm 41 is applied using the Heterogeneous Value Difference Metric (HVDM) 42 as distance

function and the voting process based on the computed distance, d, using equation 1
d2 .
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1) Root node: It is the beginning of the decision tree

(top of the decision tree) because it has not input

branches. That is, all the examples (patients) ar-

rive to this node, since no splitting criteria is ap-

plied yet.

2) Internal nodes: This type of node has both input

and output branches. For this reason, they are de-

cision nodes because they specify an attribute to

be tested and according to the value of the exam-

ple the proper output branch is followed.

3) Leaf nodes: They are the last nodes of the deci-

sion tree and they do not have output branches.

They assign the example the most probable class

of the leaf, which is determined in the learning

process. In Figure 2, the leaves are the dotted

and bold stressed nodes. Dotted nodes predicts

the Die class (label D) whereas bold-faced nodes

assigns Survive class (label S). In both cases it is

also shown the probability (depicted in terms of

percentage) of the class in the leaf. This probabil-

ity is computed using the Laplace correction 47,

which is obtained computing k+1
N+C , where k and

N are the maximum number of examples of any

class and the total of examples of the leaf, re-

spectively, whereas C is the number of classes of

the problem. This correction smooths the original

probability, which are computed by k
N .

Fig. 2. An example of a decision tree generated by the C4.5

approach to tackle our problem.

The generic learning process of the C4.5 decision

tree is shown in Algorithm 1. The key points of this

algorithm are explained below (see 13 for details).

• Attribute selection for each node: the best at-

tribute is the one maximizing the gain ratio, which

computes the reduction in entropy if we used it to

ramify the tree. This heuristic criteria corrects the

tendency in favour of the attributes having a larger

number of possible values to branch on, which is

the problem derived from the usage of the infor-

mation gain in the ID3 decision tree 48. When the

best attribute is determined, the node is ramified

using as many branches as values the attribute has.

• Management of numerical attributes: C4.5 pro-

vides a method to determine the best threshold for

the numerical attributes in each node. To do so,

the possible numerical values are sorted and the

value that maximizes the information gain is se-

lected as the threshold.

• Treatment of missing values: this method allows

one to handle attributes having missing values.

This feature is crucial in our problem, since some

fields, like the information related to dates (arrival

at the hospital, surgery, etc..), is usually unknown.

C4.5 instead of ignoring those examples having

missing values assigns them to each branch of the

node with a weight, which is the percentage of

the examples (used to learn the tree) that followed

each branch.

• Stopping conditions: The recursive learning is

made until one of the following conditions is ful-

filled:

• The node is pure, that is, all the examples arriv-

ing it belong to the same class.

• The attributes that can be used to split the tree

provide zero information gain.

• All the attributes have been already used.

• There are no examples arriving at the node.

• Some branch does not have enough examples

(minimum number of examples per branch con-

dition).
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Data: an attribute-valued dataset D

Result: Tree

Tree = {};

if a stopping criteria met then
terminate;

end
for attribute a ∈ D do

Compute information-theoretic criteria if

we split on a
end
abest = Best attribute according to above

computed criteria

Tree = Create a decision node that test abest in

the root

Dv = Induced sub-datasets from D based on

abest
foreach Dv do

Treev = C4.5(Dv) Attach Treev to the

corresponding branch of Tree
end

Algorithm 1: C4.5 algorithm

Once the C4.5 learning process is finished, C4.5

applies a pruning method to improve the general-

ization ability of the created model. The process

is called pessimistic pruning and it uses the train-

ing examples to evaluate for every non leaf sub-

tree whether it is beneficial to prune it by the best

possible leaf or not. That is, if the estimated er-

ror achieved when replacing the sub-tree by a leaf

was equal or smaller than the original tree, the leaf

would replace the sub-tree (the original tree is there-

fore pruned).

Finally, the process to classify new unseen exam-

ples using the generated decision tree is straightfor-

ward. Starting from the root node, the attributes of

the reached nodes are evaluated and the example is

driven by the branches matching its values. The pro-

cess is finished when a leaf node is reached, which

contains the class assigned as the prediction for this

example and the probability. The process is slightly

different when the example has missing values for

any of the arrived nodes. In this situation, the exam-

ple is driven for all the branches in proportion to the

percentage of the training examples which followed

this branch. As a consequence, the example reaches

several leaves implying that the final prediction is

made based on the weighted sum of the leaves’ prob-

abilities.

5. Tackling the survival prediction problem
using the C4.5 decision tree and sampling
methods

In this paper, we apply the Knowledge Discovery

process (KDD) (see Figure 3) in order to deal with

the prediction of survival prediction problem. As

can be observed, the 3 first steps of the KDD pro-

cess consist in preprocessing the data to improve it

so as the applied data mining technique is able to

obtain the best possible knowledge.

Fig. 3. KDD process.

We must recall that the aim of the paper is to be

able to solve the problem using an interpretable clas-

sifier, which will enable doctors to study the learnt

model for the sake of trying to discover factors that

allow them to improve the measures to be applied

for these patients. In this paper, we have used the

following techniques:

1. Data cleaning: we firstly delete incoherent

values of the examples.

2. Outlier detection: a value that is very differ-

ent from the remainder ones is considered to

be an outlier. These values can be generated

by some kind of error and hence, they must be

removed since they can negatively affect the

final results. In order to detect outliers, we

apply the Grubbs two-sided test 49 setting the

level of confidence to α = 0.05.
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3. Variable selection: The need of this process

arises from the fact that it is possible to have

highly correlated attributes or attributes with-

out importance to make decisions. There-

fore, we carry out a correlation study to se-

lect those input variables which are correlated

with the output of the problem, since they

will be the most suitable variables for the pre-

diction. Specifically, we use non-parametric

correlation since our variables are not nor-

mally distributed and therefore, linear corre-

lation does not fit them. We have selected the

Spearman correlation, which measures the re-

lationship between two continuous variables.

Those variables having a p-value under 0.05

are selected as relevant for our problem.

4. Sampling techniques: in case the classifica-

tion problem suffers form an imbalance prob-

lem, as described in Section 3, it may be nec-

essary to apply techniques to balance the data

so that the learning process of the intelligent

system does not favour to the majority class.

In this manner, the created model could en-

hance the classification performance.

5. Intelligent system generation: we have se-

lected the C4.5 decision tree 13 because, as

described in the previous section, since it ful-

fils all the requirements demanded by doc-

tors, namely, it provides an accurate and in-

terpretable model and it allows one to han-

dle missing values. The returned value is the

probability of the patient to belong to the class

of the reached leaf, that is, to survive or die.

We have made a modification on the Laplace

correction used by C4.5 to compute the prob-

abilities of the leaves. The reason is that

this correction assumes that the class distri-

bution is balanced, that is, each class has the

same number of examples. This is not our

case since, as we have pointed out, there are

more patients who have survived than those

who have died. In order to take into account

it, we propose to compute the probabilities

of the leaves in a different way depending

on their classes. For those leaves labelled in

the majority class we apply k+1
N+ratio , whereas

for leaves that are labelled with the minor-

ity class we use
k+(ratio−1)

N+ratio , where ratio =
#Minority class examples

#Total examples
.

6. Visualization: to graphically show the gen-

erated decision trees we have used the dot

graph oriented language. Specifically, we

have added a function in our code to translate

the decision tree in the dot code and finally,

we have used the graphviz‡program to com-

pile and show them. An example of the deci-

sion trees visualized with this tool is depicted

in Figure 2.

6. Results

In this section we show the results achieved by the

proposed methodology to deal with the survival pre-

diction of poly-traumatized patients.

In first place we show the differences achieved

by the C4.5 decision tree with and without the

Laplace correction besides our proposed modifica-

tion to take into account the class distribution (Sec-

tion 6.2).

Then, we compare the results provided by our

proposal versus the ones obtained when applying

the linear regression defined by the medical staff

of the hospital of Navarre 9 as well as the standard

TRISS 8. In this scenario we carry out the experi-

ments using all the pre-processing methods to deal

with the imbalanced datasets problem described in

Section 3 (Section 6.3).

Finally, we show the impact of the splitting

method used to perform the cross validation scheme

selected to measure the performance of the ap-

proaches (Section 6.4).

The experimental framework used to conduct all

the experiments is presented in Section 6.1.

‡ Graphviz can be downloaded at www.graphviz.org
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6.1. Experimental framework

The dataset contains information of 378 patients

who have been treated at the Hospital of Navarre

between 1 January, 2011 and 31 December, 2012.

Those patients were stored in the MTRN as ex-

plained in Section 2. The collected variables are

those defined by the Utstein model 28. Among the

378 patients, 308 survived to their injuries, which is

the 81.48% of the patients, whereas the remainder

70 ones died, which is the 18.52% of the patients.

In order to evaluate the performance of the clas-

sifiers, one of the most used methods is the k-fold

Stratified Cross-Validation model (k-SCV). In our

case, we have applied the 10-SCV. That is, the

dataset is split in ten folds that have the same num-

ber of patients among them and they maintain the

percentage of patients of each class of the whole

dataset. Then, the combination of nine of them is

used to learn the classifier and the remainder one is

used to test it, that is, to simulate unseen patients.

This process is repeated ten times by using a differ-

ent fold for testing in each run. Therefore, after all

the repetitions all the patients will be considered as

unseen cases implying a good indicator of the qual-

ity of the classifier to tackle the problem. As final

result we compute the average performance over the

ten testing folders.

In each fold we have considered three common

metrics in classification, the accuracy rate, the ge-

ometric mean (GM) and the Area Under the ROC

Curve (AUC). The former is standard in classifica-

tion problems whereas the two remainder ones are

more appropriate for imbalanced datasets as it is our

case. Furthermore, we also compute for each fold

the number of leaves of the generated decision tree

so as to measure information related to the inter-

pretability of the generated model.

The parameters used in C4.5 have been the de-

fault ones. We have applied the pruning process us-

ing 0.25 as confidence level whereas the minimum

number of examples per leaf is 2.

Regarding the two logistic regression methods

used in the comparative study we use the standard

configuration of TRISS and for the logistic regres-

sion defined by the medical staff of the Hospital of

Navarre, they suggested us to binarize the values of

the numerical variables in order to ease the interpre-

tation of the results from a clinical point of view 9.

Both the variables used for the logistic regression

and the binary values assigned after the binarization

process are shown in Table 3. The interpretation of

the binary values is that a value of 1 means that the

condition implying this value is a protector factor

since the survival class is encoded with the value 1.

Table 3. Values assigned for the logistic regression develop by
the Hospital of Navarre.

Variable Original Value Value assigned

Age
< 60 1

� 60 0

RTS
< 7 0

� 7 1

NISS
< 20 1

� 20 0

Previous comorbidity

Healthy 1

Moderate systemic disease or
0

severe systemic disease with constant treatment

6.2. Analysing the behaviour of the different
versions of the C4.5 decision tree

In this section we want to study whether our pro-

posed method to compute the probabilities of the

leaves taking into account the Class Distribution

(C4.5 CD) is able to improve the result obtained with

the classical C4.5 decision tree with (C4.5 Laplace)

and without (C4.5) the Laplace correction. The re-

sults obtained by the three versions of the C4.5 algo-

rithm are introduced in Table 4, where in each row

we show each method and the results obtained with

the different performance measures are introduced

by columns, namely, AUC, accuracy, the accuracy

in each class and the GM. In the last column we also

show the number of leaves that compose the gener-

ated decision tree (#leaves), which is used to report

the interpretability of the tree.

Table 4. Results in testing obtained with C4.5, C4.5 Laplace
and C4.5 CD.

Method AUC Accuracy AccMaj AccMin GM #Leaves

C4.5 0.75

0.84 0.94 0.43 0.61 27.4C4.5 Laplace 0.77

C4.5 CD 0.80

From the results shown in Table 4 we first have

to point out that they are the same in three metrics,
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namely, accuracy, accuracy in each class and geo-

metric mean. This is logical since the equation used

to obtain the probabilities of the leaves does not af-

fect to the final decision but to the confidence given

for that prediction. Consequently, the unique mea-

sure that changes for these three techniques is the

AUC. If we look at these results, we can see that both

approaches to correct the probabilities excels the re-

sults of the original equation and among these two,

our proposal obtains better results than that of the

original Laplace correction. This is due to the fact

that as we get smoother probabilities the effect to

the impact of the miss-classifications becomes less

detrimental in terms of AUC.

6.3. Comparing C4.5 and classical prediction
survival models

This section has two aims:

• To compare the performance provided by the C4.5

decision tree with our proposed correction versus

the one achieved by TRISS 8, which is a standard

method in this problem, as well as a logistic re-

gression model defined by the staff of the Hospital

of Navarre 9,

• To analyse the impact of the sampling methods

described in Section 3.2 on the results provided

by C4.5 as well as the logistic regression.

We must point out that the results achieved by

the TRISS method are the same ones regardless of

the sampling method used. This is due to the fact

that TRISS does not have a learning stage, since the

standard values of its parameters are derived from

multiple regression analysis of the Major Trauma

Outcome Study database. Consequently, it does not

matter the processing made to the training set. The

results obtained by TRISS are:

• AUC: 0.89.

• Accuracy: 0.86.

• Accuracy in the majority class: 0.94.

• Accuracy in the minority class: 0.47.

• GM: 0.66.

In Table 5 are shown the results obtained by both

our proposed methodology as well as the logistic re-

gression defined in 9. This table is composed of 9

rows and 11 columns: in each row we introduce each

sampling method whereas in columns are shown in

groups of two (according to the performance mea-

sure) to introduce the results of these two classifiers.

The last column is again used to report the number

of leaves of the created decision trees (#leaves).

Table 5. Results in testing for both C4.5 and logistic regression
using different sampling techniques.

Balancing Method
AUC Accuracy AccMaj AccMin GM #leaves

C4.5 CD Reg C4.5 CD Reg C4.5 CD Reg C4.5 CD Reg C4.5 CD Reg C4.5 CD

None 0.80 0.86 0.84 0.86 0.94 0.96 0.43 0.40 0.61 0.55 27.4

Tomek 0.74 0.87 0.86 0.86 0.95 0.97 0.44 0.37 0.63 0.53 11.2

CNN 0.76 0.88 0.75 0.74 0.78 0.72 0.63 0.81 0.69 0.76 20.6

OSS 0.74 0.85 0.75 0.77 0.78 0.78 0.61 0.71 0.67 0.74 7.6

CNN+Tomek 0.77 0.85 0.73 0.70 0.72 0.65 0.77 0.90 0.73 0.76 9.1

NCL 0.81 0.86 0.83 0.86 0.91 0.96 0.47 0.40 0.64 0.55 25.5

SMOTE 0.84 0.85 0.84 0.72 0.89 0.68 0.61 0.91 0.73 0.78 55

SMOTE+Tomek 0.83 0.86 0.78 0.72 0.78 0.67 0.80 0.93 0.78 0.79 31.6

SMOTE+ENN 0.85 0.85 0.78 0.72 0.80 0.68 0.71 0.91 0.75 0.78 31.3

To analyse the obtained results, we first study

them using the performance metrics based directly

on the confusion matrix (accuracy, accuracy in each

class and GM) and next, in terms of AUC. To start

with, from results in Table 5, it can be observed that

C4.5 obtains better results than the logistic regres-

sion for 5 out of the 9 sampling techniques (and 1

tie) in terms of accuracy. In most of the cases this en-

hancement is based on the obtaining of a better clas-

sification for those patients who survived whereas

the logistic regression provides more accurate re-

sults for patients who die. Looking at the results us-

ing the GM, we can stress that the method obtaining

the best performance for patients belonging to the

class die is the one obtaining a best result. There-

fore, the logistic regression usually provides better

results using this metric.

On the other hand, looking at the performance of

both techniques using AUC, we can observe that the

logistic regression always provides the best result

(except with SMOTE+ENN where they tie). This

result seems contradictory with the one of the accu-

racy rate. However, the reason behind this behaviour

are the probabilities returned by the classifiers when

they fail their predictions, which are used to com-

pute the AUC. Specifically, the larger the returned

probability the greater the impact on the reduction

of the AUC.

This fact is observed in Figures 4 and 5, where

in Figure 4 are depicted the ROC curves obtained

for both techniques and in Figure 5 are depicted (in-

creasingly sorted) the probabilities returned for the
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misclassified patients by them, which are 60 and 53

in case of C4.5 and the logistic regression, respec-

tively. We have to recall that when the probability

is larger than 0.5 the patients is classified as survive

and otherwise as die. Consequently, from Figure 5

we can observe that most of the misclassified pa-

tients belong to the class die because the classifiers

are predicting the class survive. Moreover, we can

also see that C4.5 classifies, with a confidence larger

than 0.8, more than 20 patients whereas the logistic

regression only classifies 5 with such a large prob-

ability. This fact implies a large AUC difference in

favour to the logistic regression (see Figure 4) de-

spite it only correctly classifies 7 patients more than

C4.5.
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Fig. 4. ROC curves for C4.5 CD and logistic regression.
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Fig. 5. Survival probability for misclassified examples.

Regarding the usefulness of sampling techniques

we can observe the following situations:

• The usage of sampling techniques generally im-

plies an increase on the accuracy of the minority

class and a decrease on the one of the majority

class. This fact implies a reduction in the accu-

racy rate and a enhancement on the GM.

• Under-sampling methods: CNN, OSS and

CNN+Tomek do not work properly since they

cause a reduction in the performance for all the

measures except for GM. Tomek and NCL allows

these two classifiers to improve or not notably de-

crease their results.

• SMOTE: this over-sampling technique allows

these classifiers to notably raise their results in

terms of AUC (logistic regression slightly worsen

its results without sampling) and specially with

GM.

• Hybrid methods: They present a similar effect

than that of SMOTE. Therefore, they also enables

them to obtain a large enhancement of their re-

sults using AUC and GM but they cause a notable

decrease using the accuracy rate.

• Under sampling techniques, as expected, allows

the generated decision trees to become simpler

whereas a slightly increase on the trees’ sizes is

implied by hybrid techniques and huge decision

trees are learned when using SMOTE.

To sum up, we must stress the good synergy ob-

tained by both classifiers with NCL, SMOTE and the

hybrid techniques. With these four combinations,

the obtained results are competitive with those pro-

vided by the standard TRISS approach (especially

in terms of GM). Consequently, we can also ob-

serve that the combination of C4.5 with sampling

techniques is able to be competitive in terms of GM

with respect to the logistic regressions while it pro-

vides an interpretable model that can be easily in-

terpreted by doctors at the hospital. Specifically, we

can conclude that for C4.5 the most appropriate sam-

pling method is SMOTE+ENN, since it allows its

results to be clearly enhanced whereas it implies to

maintain the number of leaves of the generated tree

without using sampling methods and consequently,

to maintain its interpretability.

6.4. Analyzing the impact of the splitting process
in the k-fold cross validation model

In this section we want to analyse the effect on the

results derived from the method applied to perform
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the k-fold cross validation method. This process is

key since it determines the examples that are as-

signed to each one of the k folds. Recently, two

methods have been published in order to tackle the

data shift that can be caused by the traditional strat-

ified cross validation technique. The three main ap-

proaches studied in this section are:

1) Standard Stratified Cross-Validation (SCV),

which randomly places the examples in the dif-

ferent folds maintaining in each fold the class

distribution of the whole dataset. It is the method

used in the two previous sections.

2) Distribution-Balanced Stratified Cross-Validation

(DB-SCV) 19, which is a modification of SCV.

The difference is that it tries to keep all folds as

similar as possible among themselves. To do so,

DB-SCV starts assigning a random example to a

fold. Then, the nearest neighbour of the same

class is assigned to the next fold. Next, the nearest

example of the last one is assigned to the follow-

ing fold. This process is repeated until there are

no examples of the class and it is made for all the

classes.

3) Distribution-Optimally-Balanced Stratified

Cross-Validation (DOB-SCV) 20. This method

tries to improve DB-SCV by taking into account

more information when choosing the destination

fold for each instance. To do so, instead of se-

lecting examples one by one like DB-SCV does,

DOB-SCV chooses randomly an unassigned ex-

ample, it finds its k− 1 nearest neighbours of the

same class and it assigns each neighbour to a dif-

ferent fold.

Table 6 shows the results obtained when using

the three aforementioned splitting methods for the

three versions of the C4.5 decision tree, namely,

without correction, with the Laplace correction and

with our correction taking into account the class dis-

tribution. In each row we introduce each version

of C4.5 whereas columns are present the results ob-

tained in terms of AUC, accuracy, GM and number

of leaves for each splitting method. We have not

shown the accuracy obtained in each class so as to

ease the readability of the results.

Table 6. Results in testing obtained with C4.5, C4.5 Laplace
and C4.5 CD using different splitting methods.

Method AUC Accuracy GM #leaves

SCV DB-SCV DOB-SCV SCV DB-SCV DOB-SCV SCV DB-SCV DOB-SCV SCV DB-SCV DOB-SCV

C4.5 0.75 0.73 0.78

0.84 0.85 0.86 0.61 0.63 0.64 27.4 26.2 23.2C4.5 Laplace 0.77 0.82 0.80

C4.5 CD 0.80 0.83 0.80

From these results we can observe that both DB-

SCV and DOB-SCV allow one to enhance the ob-

tained results in terms of accuracy rate and GM and

they also provoke a reduction on the complexity of

the trees. Regarding the AUC, we can observe that

when using DB-SCV the versions of C4.5 with cor-

rection of the probabilities notably enhance their re-

sults whereas when applying DOB-SCV the perfor-

mance is improved or maintained for all versions of

C4.5.

Tables 7 and 8 introduce the results for the dif-

ferent sampling techniques as well as the splitting

methods for both C4.5 CD and the logistic regres-

sion, respectively. The structure of these tables is

the same than that of Table 6, where in each row we

show the different sampling techniques.

When analysing the impact of the splitting

method using C4.5 we can observe the following

facts: 1) both DB-SCV and DOB-SCV allows the

AUC results of SCV to be improved, being DB-

SCV slightly better than DOB-SCV in general; 2)

using the GM as the performance metric we find a

similar behaviour but DB-SCV is better than DOB-

SCV when considering under-sampling techniques

whereas the latter is better than the former both for

SMOTE and the hybrid methods; 3) looking at the

results in terms of accuracy, we notice that DOB-

SCV usually implies an increase in the performance

whereas the behaviour of DB-SCV is not so constant

and 4) the complexity of the decision trees is gener-

ally increased except with SMOTE, where they are

simpler.

Table 7. Results in testing obtained with C4.5 CD using differ-
ent sampling and splitting techniques.

Sampling method AUC Accuracy GM #leaves

SCV DB-SCV DOB-SCV SCV DB-SCV DOB-SCV SCV DB-SCV DOB-SCV SCV DB-SCV DOB-SCV

None 0.80 0.83 0.80 0.84 0.85 0.86 0.61 0.63 0.64 27.4 26.2 23.2

Tomek 0.74 0.76 0.77 0.86 0.87 0.85 0.63 0.67 0.64 11.2 11.7 13.3

CNN 0.76 0.74 0.77 0.75 0.72 0.75 0.69 0.70 0.70 20.6 23.4 26.2

OSS 0.74 0.78 0.75 0.75 0.79 0.76 0.67 0.72 0.72 7.6 11.8 10.8

CNN+Tomek 0.77 0.80 0.77 0.73 0.75 0.75 0.73 0.77 0.74 9.1 9 9.5

NCL 0.81 0.83 0.82 0.83 0.87 0.85 0.64 0.71 0.67 25.5 27.4 25.8

SMOTE 0.84 0.84 0.85 0.84 0.78 0.81 0.73 0.71 0.76 55 52.1 48.8

SMOTE+Tomek 0.83 0.86 0.88 0.78 0.77 0.80 0.78 0.75 0.82 31.6 36 35.4

SMOTE+ENN 0.85 0.86 0.86 0.78 0.81 0.81 0.75 0.79 0.81 31.3 33.6 33.6

From results in Table 8, we can observe that,

when using the logistic regression, the splitting
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methods does not lead to obtain differences among

the different sampling techniques. The only fact we

can stress is that when measuring the performance in

terms of GM, both DB-SCV and DOB-SCV allow

the logistic regression to notably enhance its results

when applying Tomek links, NCL as well as when

none sampling technique is considered.

Table 8. Results in testing obtained with the logistic regression
using different sampling and splitting techniques.

Sampling method AUC Accuracy GM

SCV DB-SCV DOB-SCV SCV DB-SCV DOB-SCV SCV DB-SCV DOB-SCV

None 0.86 0.85 0.86 0.86 0.86 0.86 0.55 0.61 0.61

Tomek 0.87 0.85 0.84 0.86 0.86 0.86 0.53 0.61 0.60

CNN 0.88 0.85 0.87 0.74 0.71 0.73 0.76 0.74 0.75

OSS 0.85 0.85 0.86 0.77 0.76 0.74 0.74 0.75 0.74

CNN+Tomek 0.85 0.87 0.85 0.70 0.70 0.71 0.76 0.75 0.76

NCL 0.86 0.85 0.86 0.86 0.86 0.86 0.55 0.61 0.61

SMOTE 0.85 0.85 0.85 0.72 0.72 0.72 0.78 0.78 0.78

SMOTE+Tomek 0.86 0.86 0.85 0.72 0.72 0.72 0.79 0.78 0.79

SMOTE+ENN 0.85 0.85 0.85 0.72 0.72 0.72 0.78 0.78 0.78

7. Conclusions

The intelligent systems applied to deal with the pre-

diction of the survival state of poly-trauma patients

are usually based on logistic regression techniques.

They accurately solve the problem but they do not

provide doctors with a model they are able to under-

stand. To overcome this problem, we have proposed

a methodology where the prediction is made by the

C4.5 decision tree, in which we have modified the

equation to compute the probabilities of the leaves

in order to try to improve the AUC obtained. Fur-

thermore, sampling techniques that are considered

to face the imbalanced problem so that the perfor-

mance of the decision trees can be enhanced.

In the experimental study we have predicted the

survival status of 378 patients treated at the Hospital

of Navarre. We have tested the quality of our pro-

posal by comparing its results versus the ones pro-

vided by the standard TRISS method as well as a

logistic regression developed by the emergency ser-

vice staff of this hospital. First, we have shown

that our modification of the Laplace correction tak-

ing into account the class distribution has a benefi-

cial effect on the results. Next, we have observed

that it is necessary to use sampling techniques to in-

crease the performance of C4.5. Specifically, we

have found a good synergy among C4.5 and four

sampling techniques. We must highlight the com-

bination with SMOTE+ENN because it also allows

one to maintain or even increase the interpretability

of the C4.5 algorithm without applying it. Anyway,

both combinations provide results as accurate as the

ones achieved by the two logistic regression models

considered in this paper whilst they provide doctors

with an interpretable model. Additionally, we have

checked that the suitability of the splitting methods

depends on the sampling technique as well as the

performance measure.

Acknowledgments

This work was supported in part by the Spanish

Ministry of Science and Technology under Projects

TIN2016-77356-P and by the Health Department of

the Navarre Government under Project PI-019/11.

References

1. W. Haddon Jr., Advances in the epidemiology of in-
juries as a basis for public policy, Public Health Re-
ports 95 (5) (1980) 411–421.

2. R. O. Duda, P. E. Hart, D. G. Stork, Pattern Classifi-
cation, 2nd edn. (John Wiley, 2001).

3. J. Sanz, D. Bernardo, F. Herrera, H. Bustince, H. Ha-
gras, A compact evolutionary interval-valued fuzzy
rule-based classification system for the modeling and
prediction of real-world financial applications with
imbalanced data, IEEE Transactions on Fuzzy Systems
23 (4) (2015) 973–990.

4. J. Sanz, M. Galar, A. Jurio, A. Brugos, M. Pagola,
H. Bustince, Medical diagnosis of cardiovascular dis-
eases using an interval-valued fuzzy rule-based clas-
sification system, Applied Soft Computing Journal 20
(2013) 103–111.

5. G. Kose, H. Sever, M. Bal, A. Ustundag, Comparison
of different inference algorithms for medical decision
making, International Journal of Computational In-
telligence Systems 7 (Supplement 1) (2013) 29–44.

6. Y. Wang, J. Li, X. Gao, Latent feature mining of spa-
tial and marginal characteristics for mammographic
mass classification, Neurocomputing 144 (2014) 107
– 118.

7. H. Wu, L. He, Combining visual and textual fea-
tures for medical image modality classification with
lp−norm multiple kernel learning, Neurocomputing
147 (2015) 387 – 394.

8. C. Boyd, M. Tolson, W. Copes, Evaluating trauma
care: The triss method, Journal of Trauma 27 (4)
(1987) 370–378.

International Journal of Computational Intelligence Systems, Vol. 10 (2017) 440–455
___________________________________________________________________________________________________________

453



9. T. Belzunegui, C. Gradı́n, M. Fortún, A. Cabodev-
illa, A. Barbachano, J. Sanz, Major trauma registry
of navarre (spain): The accuracy of different survival
prediction models, American Journal of Emergency
Medicine 31 (9) (2013) 1382–1388.

10. N. V. Chawla, N. Japkowicz, A. Kolcz, Editorial:
special issue on learning from imbalanced data sets,
SIGKDD Explorations 6 (1) (2004) 1–6.

11. Q. Yang, X. Wu, 10 challenging problems in data
mining research, International Journal of Information
Technology and Decision Making 5 (4) (2006) 597–
604.

12. G. Batista, R. C.Prati, M. C. Monard, A study of
the behavior of several methods for balancing ma-
chine learning training data, Sigkdd Explorations 6 (1)
(2004) 20 – 29.

13. J. R. Quinlan, C4.5: programs for machine learning,
(Morgan Kaufmann Publishers Inc., San Francisco,
CA, USA, 1993).

14. I. Tomek, Two modifications of cnn, IEEE Transac-
tions on Systems, Man and Cybernetics SMC 6 (11)
(1976) 769–772.

15. P. Hart, The condensed nearest neighbor rule, IEEE
Transactions on Information Theory 14 (3) (1968)
515–516.

16. M. Kubat, S. Matwin, Addressing the curse of im-
balanced training sets: One-sided selection, in Pro-
ceedings of the Fourteenth International Conference
on Machine Learning (Morgan Kaufmann, 1997), pp.
179–186.

17. D. Randall Wilson, T. Martinez, Reduction tech-
niques for instance-based learning algorithms, Ma-
chine Learning 38 (3) (2000) 257–286.

18. N. V. Chawla, K. W. Bowyer, L. O. Hall,
W. P. Kegelmeyer, Smote: Synthetic minority over-
sampling technique, Journal of Artificial Intelligence
Research 16 (2002) 321–357.

19. X. Zeng, T. Martinez, Distribution-balanced stratified
cross-validation for accuracy estimation, Journal of
Experimental and Theoretical Artificial Intelligence
12 (1) (2000) 1–12.

20. J. G. Moreno-Torres, J. A. Saz, F. Herrera, A study
on the impact of partition-induced dataset shift on k-
fold cross-validation, IEEE Transactions on Neural
Networks and Learning Systems 23 (8) (2012) 1304
– 1312.

21. B. O. de Navarra, no. 79, 30 June 2010 -
navarra.es., accessed 10/15/2010 (2010). http:
//www.navarra.es/home\_es/Actualidad/
BON/Boletines/2010/79/Anuncio-16/

22. A. P. Bradley, The use of the area under the roc curve
in the evaluation of machine learning algorithms, Pat-
tern Recognition 30 (7) (1997) 1145–1159.

23. M. Kubat, R. C. Holte, S. Matwin, Machine learning
for the detection of oil spills in satellite radar images,

Machine Learning 30 (2-3) (1998) 195215.
24. P. Corso, E. Finkelstein, T. Miller, I. Fiebelkorn,

E. Zaloshnja, Incidence and lifetime costs of injuries
in the united states, Injury Prevention 12 (4) (2006)
212–218.

25. S. Polinder, W. Meerding, M. van Baar, H. Toet,
S. Mulder, E. van Beeck, Cost estimation of injury-
related hospital admissions in 10 european countries.,
The Journal of trauma 59 (6) (2005) 1283–1290; dis-
cussion 1290–1291.

26. S. Polinder, W. Meerding, S. Mulder, E. Petridou,
E. van Beeck, EUROCOST reference group. Assess-
ing the burden of injury in six European countries,
Bull World Health Organization 85 (1) (2007) 27–34.

27. D. Pollock, P. McClain, Trauma registries: Current
status and future prospects, Journal of the American
Medical Association 262 (16) (1989) 2280–2283.

28. K. G. Ringdal, T. J. Coats, R. Lefering, S. Di Bar-
tolomeo, P. A. Steen, O. Roise, L. Handolin, H. M.
Lossius, The utstein template for uniform reporting
of data following major trauma: A joint revision by
scantem, tarn, dgu-tr and ritg, Scandinavian Journal
of Trauma, Resuscitation and Emergency Medicine 16
(1) (2008) 7.

29. S. Baker, B. O’Neill, W. Haddon Jr, W. Long, The in-
jury severity score: a method for describing patients
with multiple injuries and evaluating emergency care,
The Journal of trauma 14 (3) (1974) 187–196.

30. L. W. Osler T, Baker SP, A modification of the injury
severity score that both improves accuracy and simpli-
fies scoring., Journal of Trauma 43 (6) (1997) 922 –
925.

31. H. R. Champion, W. J. Sacco, W. S. Copes, D. Gann,
T. A. Gennarelli, M. E. Flanagan, A revision of the
trauma score, Journal of Trauma 29 (5) (1989) 623–
629.

32. C. Gradin, T. Belzunegui, B. Bermejo, R. Teijeira, M.
Fortn, D. Reyero, Changes in the characteristics and
incidence of multiple-injury accidents in the Navarre
community over a 10-year period, Emergencias 27 (3)
(2015) 174–180.

33. R. Lefering, 20 years Trauma Register DGU: Devel-
opment, aims and structure, Injury Supp 3 (2014) S6-
13.

34. H. R. Champion, W. S. Copes, W. J. Sacco, M. M.
Lawnick, S. L. Keast, L. W. Bain, M. E. Flanagan, C.
F. Frey, The Major Trauma Outcome Study: establish-
ing national norms for trauma care, Journal of Trauma
- Injury, Infection and Critical Care 30 (11) (1990)
1356–1365.

35. R. Lefering, Development and validation of the re-
vised injury severity classification score for severely
injured patients, European Journal of Trauma and
Emergency Surgery, 35 (5) (2009) 437447.

36. R. Lefering, S. Huber-Wagner, U. Nienaber, M.

International Journal of Computational Intelligence Systems, Vol. 10 (2017) 440–455
___________________________________________________________________________________________________________

454



Maegele, B. Bouillon, Update of the trauma risk ad-
justment model of the Trauma Register DGUTM:
the Revised Injury Severity Classification, version II,
Critical Care 18 (5) 2014 476.

37. M. Galar, A. Fernandez, E. Barrenechea, H. Bustince,
F. Herrera, A review on ensembles for the class imbal-
ance problem: Bagging-, boosting-, and hybrid-based
approaches, IEEE Transactions on Systems, Man, and
Cybernetics, Part C: Applications and Reviews 42 (4)
(2012) 463 –484.

38. A. Fernández, M. J. del Jesus, F. Herrera, Hierarchical
fuzzy rule based classification systems with genetic
rule selection for imbalanced data-sets, International
Journal of Approximate Reasoning 50 (3) (2009) 561
– 577.

39. Y. Li, C. Yu, Y. Qin, L. Wang, J. Chen, D. Yi,
B.-C. Shia, S. Ma, Regularized receiver operating
characteristic-based logistic regression for grouped
variable selection with composite criterion, Journal
of Statistical Computation and Simulation 85 (13)
(2015) 2582–2595.

40. G. Weiss, H. Hirsh, A quantitative study of small dis-
juncts, National Conference of Artificial Intelligence
(2000) 665–670.

41. T. Cover, P. Hart, Nearest neighbor pattern classifi-
cation, IEEE Transactions on Information Theory 13

(1967) 21–27.
42. W. D. Randall, M. Tony R., Improved heterogeneous

distance functions, Artificial Intelligence Research 6
(1) (1997) 1 – 34.

43. D. L. Wilson, Asymptotic properties of nearest neigh-
bor rules using edited data, IEEE Transactions on Sys-
tems, Man and Cybernetics 2 (3) (1972) 408–421.

44. C.-W. Tung, J.-L. Jheng, Interpretable prediction of
non-genotoxic hepatocarcinogenic chemicals, Neuro-
computing 145 (2014) 68 – 74.

45. J. R. Rico-Juan, J. Calvo-Zaragoza, Improving classi-
fication using a confidence matrix based on weak clas-
sifiers applied to {OCR}, Neurocomputing 151 (Part
3) (2015) 1354 – 1361.

46. X. Wu, V. Kumar, Top 10 algorithms in data mining,
Knowledge and Information Systems 14 (1) (2007) 1
– 37.

47. F. Provost, P. Domingos, Tree induction for
probability-based ranking, Machine Learning 52
(3) (2003) 199 – 215.

48. J. R. Quinlan, Induction of decision trees, Machine
Learning 1 (1) (1986) 81–106.

49. F. E. Grubbs, Sample criteria for testing outlying ob-
servations, The Annals of Mathematical Statistics 21
(1) (1950) 27–58.

International Journal of Computational Intelligence Systems, Vol. 10 (2017) 440–455
___________________________________________________________________________________________________________

455



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


