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Abstract
This paper presents a machine learning approach to characterizing premonitory factors of earthquake. The characteristic asymmetric
distribution of seismic events and sampling limitations make it diﬃcult to apply the conventional statistical predictive techniques. The
paper shows that inductive machine learning techniques such as rough set theory and decision tree (C4.5 algorithm) allows developing
knowledge representation structure of seismic activity in term of meaningful decision rules involving premonitory descriptors such as
space–time distribution of radon concentration and environmental variables. The both techniques identify signiﬁcant premonitory variables and rank attributes using information theoretic measures, e.g., entropy and frequency of occurrence in reducts. The cross-validation based on ‘‘leave-one-out’’ method shows that although the overall predictive and discriminatory performance of decision tree is to
some extent better than rough set, the diﬀerence is not statistically signiﬁcant.
 2007 Elsevier Ltd. All rights reserved.
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1. Introduction
Identifying the premonitory factors for earthquake is a
diﬃcult task (Biagi, Ermini, Kingsley, Khatkevich, &
Gordeev, 2001). Classical statistical techniques fall short
of complying with stringent constraints and implicit
assumptions to be used in predicting premonitory factors
for earthquake. In recent years, researchers have identiﬁed
the need for the implementation of advanced statistical
methods in earthquake data evaluation (Cuomo et al.,
2000). Firstly, this is due to the fact that high seismic activity is relatively a rare phenomenon; therefore, it is diﬃcult
to collect statistically signiﬁcant number of samples to
derive conclusive prediction. Secondly, the classical statistical methods often include a priori assumptions on the
sample distribution, e.g., discriminant analysis requires
assumptions of within group variances (Browne, Duntsch,
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& Gediga, 1998) – a diﬃcult condition to be satisﬁed for
seismic classes. It also requires assumptions of normal
distribution of continuous attributes and comparable number of objects in decision classes. It should be noted that
frequently used time series methods for earthquake prediction such as AR model or GRACH model also require
stationarity assumption (Mega et al., 2003; Telesca, Lapenna, & Macchiato, 2005) of condition variable. Thirdly, it is
often diﬃcult to interpret the output of the statistical
results. For example, discriminant analysis generates the
ﬁnal result in a form of discriminant functions, which
aggregate the input information in a non-transparent way
(Flinkman et al., 2000).
In recent years, a wide variety of machine learning and
knowledge discovery techniques have been used for rule
induction in many diﬀerent disciplines including environmental science (Dmeroski, 2002). These techniques include
commonly used data mining tools such as neural network
(Fu, 1999), decision tree (Quinlan, 1992), and rough sets
(Pawlak & Slowinski, 1994). A major advantage of using
such techniques is that they are mostly data driven, nonparametric and less restrictive in a priori assumptions.
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For example, decision tree is better suited for non-normal
and non-homogeneous dataset. The rough set is usually
preferred for its ‘‘non-invasive’’ approach because it does
not require any distribution assumption (Düntsch & Gediga, 1998). Unlike fuzzy set theory or statistical analysis,
a unique advantage of rough set is that it does not rely
on other model assumption or external parameter. It solely
utilizes the structure of the given data.
Given asymmetrical distribution of the seismic levels,
the rough set and decision tree approaches are the appropriate tools because of their non-parametric stance. Rough
set and decision tree are often considered to have better
knowledge representation structure in term of deriving
meaningful decision rules (Daubie, Levecq, & Meskens,
2002). The extracted rules are easily interpretable allowing
complex relationships to be represented in an intuitive and
comprehensible manner. The rules establish a relationship
between descriptions of objects by attributes and their
assignment to speciﬁc class. Moreover, the rules can be
used for the classiﬁcation of new objects (Krusinska, Slowinski, & Stefanowski, 1992). Rough set and decision tree
eliminates superﬂuous or redundant attributes to determine
signiﬁcant attributes for classiﬁcation. It has been shown
that under special circumstances, when the distribution of
objects in the boundary region of rough set is equally probable, the criteria for selecting dominant attributes is a special case of ID3 (Wong, Ziarko, & Ye, 1986). Rough set
has been compared with other techniques. This include
comparison of performance of rough set and discriminant
analysis (Browne et al., 1998; Dimitras, Slowinski, Susmaga,
& Zopounidis, 1999; Krusinska et al., 1992), logistic regression (Dimitras et al., 1999), neural network (Jelonek, Krawiec, & Slowinski, 1995; Szczuka, 1998), ordinal statistical
methods (Teghem & Benjelloun, 1992) and other statistical
methods (Wong et al., 1986). Rough set has also been compared with decision tree. The comprehensive comparison of
rough set and decision tree (ID3) can be found in (Beynon
& Peel, 2001; Daubie et al., 2002; Mak & Munakata, 2002).
Among premonitory factors, variation of radon concentration and other terrestrial gases are considered important
indicators associated with seismic events (Belayaev, 2001;
Fleischer & Mogro-Campero, 1981; King, 1985; MagroCampero, Fleischer, & Likes, 1980; Takahashi, 2003). Traditionally, regression methods have been used to predict
radon concentration in soil gas on the basis of environmental data. Zmazek, Todorovski, Dzeroski, Vaupotic, and
Kobal (2003) reports that model trees (MT) – a variant
of decision tree outperform other regression methods like
linear regression (LR) and instance based regression
(IB)(Aha & Kibler, 1991) in predicting radon concentration from meteorological data. Teghem and Charlet
(1992) searched for premonitory factors for earthquakes
by emphasizing radon concentration and gas geochemistry
by using rough set model. Using the data set provided by
Teghem and Benjelloun (1992), Düntsch and Gediga
(1997) established a procedure to evaluate the validity of
prediction based on the approximation quality of attributes
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of rough set dependency analysis. Based on the results of
their statistical evaluation procedure the casualness of a
prediction can be found to ensure that the prediction is
not based on only a few (casual) observations.
While a large body of literature exists on identifying
premonitory factors for earthquake and the application
of inductive machine learning techniques, surprisingly
the integration of the two approaches has been inadequately addressed. In this paper we investigate the overall
performance of rough set and decision tree to characterize the premonitory factors responsible for low seismic
activity. In particular, we investigate the predictive and discriminatory performance of the two models. We used the
data set reported in (Teghem & Charlet, 1992) which
includes weekly measure of low seismic activity and associated radon concentration measure and climatic condition
at diﬀerent location in Belgium. The classical rough set theory and C4.5 – a modiﬁed version of ID3 for decision tree
building algorithm were used to compare the overall performance in the context of earthquake prediction.
2. The rough set methods
The main idea that seismic activity can be modeled by
means of classical rough set theory presupposes the granularity of observations and the resulting indiscernibility relations. Introduced by Pawlak and Slowinski (1994), rough
sets is relatively new machine learning technique to deal
with inexact, uncertain or vague knowledge. Rough can
be used when the sample size is small and the distribution
of the data deviates signiﬁcantly from the multivariate normal distribution (Stefanowski, 1992). Rough set was introduced to characterize a concept in terms of elementary sets
in an approximation space. The underlying assumption in
rough set is the notion that information can be associated
with every object in the universe. A set of object are indiscernible or indistinguishable from each other based on their
attribute value or characteristic behavior. The concept of
indiscernibility or information granulation is at the heart
of rough set theory. A ﬁner granulation means more deﬁnable concept. Granularity is expressed by partition and
their associated equivalence relations on the sets of objects,
also called indiscernibility relations. Indiscernibility leads to
the concept of boundary-line cases, which means that some
elements can be classiﬁed to the concepts or its complements with the available information, and thus forms the
boundary-line cases. The object that belongs to a set with
certainty is called lower approximation while upper approximation contains all objects that may possibly belong to the
set (see Fig. 1).
The knowledge system in rough set can be represented in
the form (U, C [ {d}), where d R C is the earthquake intensity class which, for example may represents the decision to
change or unchanged land use in a given location and U is
the closed universe which consists of non-empty ﬁnite set of
objects and C is a non-empty ﬁnite set of attributes such
that c : U ! Vc for every c 2 C, Vc is a value of attribute
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Fig. 1. Approximating the set of seismic activity class generated by
indiscernibility relation. The lower approximation set (represented by dark
gray area) indicates observations that can be classiﬁed, with certainty, as
the high seismic activity on basis of attribute knowledge. The boundary
region represents the uncertain cases where prediction is ambiguous.

c. For P  C the granule of knowledge about a decision
with respect to indiscernibility relation can be represented
as
IndðP Þ ¼ fðx; x0 Þ 2 U 2 j8c 2 PcðxÞ ¼ cðx0 Þg

ð1Þ

0

Thus, the instances x and x are indiscernible from each
other if (x, x 0 ) 2 Ind(P) relations and decision about changing or unchanging a given location is approximated by lower and upper approximation of decision concept as follows
P X ¼ fx 2 U jIndðxÞ # X

ð2Þ

P X ¼ fx 2 U jIndðxÞ \ X –;g

ð3Þ

An eﬀort to mapping rough set decision classes with
earthquake intensity class induces two important partitions
in a sample space, one that is induced by the set of all conditioning attributes (consisting of atoms) and another the
partition induced by the earthquake intensity class. Hence,
the earthquake prediction can be formally stated as
f :C!R
Here C, the domain of f, is the conditional attributes or
premonitory factors. The set R consists of diﬀerent degrees
or levels of earthquake classes. The overall objective is to
determine the appropriate f from a given real world subset
of information Train  C · R The goal of application of
rough set theory is to generate set of universal decision
rules in the form of if ai1 = v1 and ai2 = v2 and . . . then decision = d. Using such rules it is possible to classify new,
unclassiﬁed instances. Given a training set, each object
can be used to derive rule from its characteristic attribute
values. However, since such rule would be very speciﬁc
and could only be applied to that speciﬁc object, therefore,
data mining techniques strive to produce universal or minimal covering decision rules that would have small number
of descriptors so that they could be used to classify of many
diﬀerent objects. The advantage of rough set is that it is
inherently data driven and ‘‘non-invasive’’ (Düntsch &
Gediga, 1998). Unlike fuzzy set theory or statistical analysis, a unique advantage of rough set is that it does not rely
on other model assumptions or external parameters. It utilizes the structure of the given data. The numerical value of

imprecision or membership function is not required to be
inferred, rather approximations are derived objectively
from the given training set itself.
The data representation in the rough set framework is
achieved by an information system, which is a pair
A = (U, A), where U is a non-empty, ﬁnite set called the
universe and A – a non-empty, ﬁnite set of attributes, i.e.,
a : U ! Va for a 2 A, where Va is the value set of attribute
a. A decision table is an information system of the form
A = (U, A [ {d}), where d R A is the decision attribute or
class labels where we can assume a set Vd of values of the
decision d is equal to {1, . . ., r(d)}. Decision d determines
the partition {X1, . . ., Xr(d)} of the universe U, where
Xk = {x 2 U : d(x) = k} for 1 6 k 6 r(d).This system can
be generalized as the decision system A = U, A, dD(x),
where dD(x) = (d1(x), . . ., dk(x)) for x 2 U (Polkowski &
Skowron, 1998). Such decision table is equivalent to the
training sample in machine learning used to induce concept
approximation in machine learning (Mitchell, 1997).
For an information system A = (U, A), any B  A is
associated with an equivalence relation INDA(B) (also
called as B-indiscernibility relation, its classes are denoted
by [x]B.) deﬁned by: IND(B) = {(x, x 0 ) 2 U2 : for every
a 2 B, a(x) = a(x 0 )}. Objects x, x 0 are indiscernible by
attributes B. Given a set of attributes B  A and X  U a
set of objects, we can approximate X by constructing the
B-lower and B-upper approximations of X, BX and BX ,
respectively, where {BX = {x 2 U : [x]B  X} and fBX 2
U : ½xB \ X –;g. The set BN B ðX Þ ¼ BX  BX represents
the B-boundary of X. The accuracy of approximation is
jBðX Þj
measured by aB ¼ jBðX Þj, where 0 6 aB 6 1. A set is rough
if aB(X) < 1 (i.e., X is vague with respect to B).
In addition to identifying indiscernibility relationship
and equivalence classes, classical machine learning equivalent to feature reduction in rough set is the concept of
reduct. Reducts allows one to decide whether some of the
attributes are redundant or superﬂuous with respect to
decision class. Hence, reducts are all the subset of attributes
that are minimal, i.e., that do not include any dispensable
attribute. Extraction of reducts requires construction of
n · n matrix (cij), called the discernibility matrixof an information system such that cij = {a 2 A : a(xi) 5 a(xj)} for
i, j = 1, . . ., n. While, a discernibility function fA for an information system is a boolean function deﬁned by
a1 ; . . . ; 
am Þ ¼ ^f_cij : 1 6 j < i 6 n; cij –;g
fA ð
where cij ¼ f
a : a 2 cij g: It has been shown that the set of
all prime implicants of fA determines the set of all reducts
(Skowron & Rauszer, 1992). Computing all possible reducts is a non-trivial task. While computing prime implicants is an NP-Hard (Skowron & Grzymalla-Busse, 1994)
problem, it is possible to use heuristic algorithm (e.g., genetic algorithm) (Wroblewski, 1995) or dynamic reducts
(Bazan, Skowron, & Synak, 1994) to generate a computationally eﬃcient set of minimal attributes.
From machine learning perspective, decision rules
derived from lower approximation represents certain rules
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while rules extracted from upper approximation corresponds to possible rules. Since the objective is to derive
minimal decision rule, reduct serves this purpose by providing minimal number of descriptor in the conditional part.
Once the reduct have been computed deriving decision rule
is a simple task of laying the reducts over the original decision table and mapping the associated values. Such rules
derived from the training set can be used to classify new
instances for which the decision classes are unknown.
However, it is likely that more than one rule may ﬁre to
decide a class for a new object. In that case strategies are
to be adopted (e.g., standard voting) to resolve conﬂict
among candidate rules recognizing same object (Polkowski
& Skowron, 1998). Instead of using a ﬁxed strategy, it has
been shown that rough set methods can be used to learn
from data the strategy for conﬂict resolving between decision rules (Szczuka, 1999).
3. Dataset description
We used the dataset reported in Teghem and Benjelloun
(1992) which includes time series data involving radon concentrations in soils for eight point of measurements with
diﬀerent geo-climatic environment. The data set includes
premonitory factors for earthquakes consisting of seismic
activity on 155 records of weekly measures of the Richter
scale and associated radon concentration measured at eight
diﬀerent locations (attributes C1–C8) and seven measures
of climatic factors (attributes C9–C15). At each site a mean
of measured rates of radon emanation is estimated. C1 and
C2 belong to the ﬁrst set of sites, while site C3–C8 belong
to the second one. The condition attribute variables – the
radon concentration at diﬀerent sites and climatic variables
are classiﬁed into nominal category from numeric values
using histogram binning algorithm under normal distribution assumption N(l, r). Assuming normal distribution
N(l, r) for each site, the data was discretized as follows:
N ð1; l  r½; l  r; l  r=3½; l  r=3; l þ r=3½; l
þ r=3; l þ r½; l þ r; þ1Þ
numbered from 1 to 5, respectively. The conditional attributes C9–C15 correspond to climatic attributes atmospheric pressure (C9), sun period (C10), air temperature
(C11), relative humidity (C12), and rainfall C13. The decision table consists of two diﬀerent levels of seismic activity,
where D(1) = f(x, D) = R 6 1.5 and D(2) = f(x, D) = R >
1.5. The cardinality jD(2)j = 8 and jD(1)j = 147 show a large
asymmetry between the two equivalence classes D(1) and
D(2).
4. Application of rough set
4.1. Representation of decision table
The ﬁrst step in rough set application is the development
of decision table. As discussed previously, we have used the
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dataset reported in (Teghem & Charlet, 1992). The decision
table includes 155 objects or samples reﬂecting periodic
measure of Radon and climatic variables as well as seismic
measure. For each record 15 conditional attributes are registered. The decision variable represents two diﬀerent
degree of seismic levels, where D(1) = f(x, D) = R 6 1.5
and D(2) = f(x, D) = R > 1.5. Since the conditional and
decision attributes are in nominal scale discretization was
not necessary.
4.2. Approximation of decision space
In the second step, approximation of object’s classiﬁcation is evaluated. This includes construction of approximation of each decision class with respect to all the condition
attributes. Since we are more interested in predicting D(2)
rather than D(1) it is suﬃcient to analyze the former case.
The analysis shows that when all the attributes are used
the lower approximations {BD2 = {x 2 U : [x]B  D2} is
the identical set as the upper approximation BD2 ¼ fx 2
U : ½xB # X –;g Therefore, the set is B-deﬁnable as
BD2 ¼ BD2 . The quality of approximation, accuracy, and
entropy measures are equal to 1.
4.3. Reduction of attributes
The extraction of reducts from data involves construction of minimal subset of attributes ensuring the same quality of sorting as that of all attributes. Using discernibility
matrix algorithm (Skowron & Rauszer, 1992) for searching
reducts 440 reducts were found with cardinality ranging
from 4 to 7. The intersection of all reducts or core was
found null, i.e., there exist no common attribute or indispensable attribute. We used a methodology proposed in
(Slowinski, Zopounidis, & Dimtras, 1997) to manually
evaluate reducts. Table 1 illustrates some examples of
reducts obtained. The second column shows the predicted
loss on quality of classiﬁcation if such attribute is removed.
Table 2 shows the frequency of individual attribute
occurring in all 440 reducts. Evidently, there is no common
attribute occurring in all the reducts. The most frequent
attribute is C2 (radon concentration at site 2) occurring
224 times (i.e., 50.91%) among the set of reducts.
It should be noted that the total occurrence of the environmental attributes in the reducts is 6.8% more than the
attributes related to radon concentration. This could be
Table 1
Some examples of reducts and the predicted quality loss when attributes
are removed (for all reducts the quality of sorting = 1)
Reducts

Quality loss

{C2, C5, C6, C7, C9}
{C2, C3, C5, C7, C9}
{C1, C2, C4, C7, C8}
{C2, C5, C7, C9, C11}
{C1, C2, C4, C5}

{0.026, 0.058, 0.013, 0.013, 0.026}
{0.013, 0.013, 0.058, 0.039, 0.013}
{0.026, 0.071, 0.019, 0.039, 0.026}
{0.026, 0.039, 0.013, 0.032, 0.013}
{0.052, 0.142, 0.052, 0.084}
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Rule7: (C3 = 3) & (C11 in {3, 2, 5}) ) (Class = D(1)) [28,
28, 19.05%, 100.00%]

Table 2
Condition attributes and their frequency in reducts
Attributes in reducts

%Frequency

C2
C11
C9
C10
C12
C8
C5
C7
C6
C1
C13
C3
C4
C14
C15

50.91
47.50
42.73
42.50
37.95
37.50
34.32
32.50
31.36
30.45
29.77
29.77
27.27
25.00
24.77

explained by the fact that majority of objects in the decision
table is related to low seismic activity, i.e., D(1). As the number of objects related to D(2) is extremely few, the inﬂuence
of radon concentration alone is insuﬃcient to produce
major change in the quality of sorting, even though radon
concentration may have strong association with D(2).
4.4. Decision rules
Rule extraction is a relatively straightforward procedure. Reducts are used to generate decision rules from
the decision table. The objective is to generate basic minimal covering rules or minimal number of possibly shortest
rules covering all the cases. The classical LEM2 algorithm
(Grzymala-Busse & Than, 1992; Stefanowski, 1998) was
used to derive minimal set of rules covering all the objects
from learning set. The algorithm generates 15 minimum
covering rules. Four rules are generated that predict class
D(2). These rules are
Rule 1: (C1 = 2) & (C2 = 4) & (C5 = 2) & (C10 in
{2,1}) ) (Class = D(2)) [4, 4, 50.00%, 100.00%]
Rule 2: (C1 = 1) & (C2 = 4) & (C5 = 5) ) (Class = D(2))
[2, 2, 25.00%, 100.00%]
Rule 3: (C2 = 5) & (C9 = 2) & (C13 = 1) & (C15 = 1) )
(Class = D(2)) [1, 1, 12.50%, 100.00%]
Rule 4: (C2 = 3) & (C8 = 1) & (C11 = 5) ) (Class = D(2))
[1, 1, 12.50%, 100.00%]
The support and strength for rule 1 is 4 and the relative
strength and level of discrimination is 50% and 100%,
respectively. The level of discrimination indicates the ratio
of the number of covered positive objects to the number of
all objects covered by the rule. The remaining 11 rules predict class D(1). Some examples of such rules are
Rule 5: (C3 in {1, 5}) ) (Class = D(1)) [37, 37, 25.17%,
100.00%]
Rule 6: (C2 in {2, 1}) ) (Class = D(1)) [71, 71, 48.30%,
100.00%]

Since the quality of approximation is equal to unity, there
are no inconsistencies in the rules. All the rules extracted
are deterministic. However, the quality of those rules (in
terms of support and strength) which predicts class D(1) is
higher than D(2). It should be noted that the average number of descriptors in the rules required for predicting class
D(2) is almost twice as the number required for class D(1).
4.5. Validation and implementation
The predictive performance of the rules derived is tested
for new instances using cross-validation method. As the
number of objects related to D(2) is signiﬁcantly fewer, we
used ‘‘Leave-one-out’’ cross-validation method, because of
its advantage of using maximum possible number of training instances for learning phase. In this method each
instance in the data set is left out in turn and the remaining
instances are used for training the tree. The correctness of
prediction is judged with respect to the remaining instance.
This process is repeated for possible sample instance. The
ﬁnal error estimate is measured by the averaging each iteration result. This method of cross-validation is particularly
appropriate for the given dataset for several reasons. First,
it allows using maximum possible number of training
instances for learning tree. Secondly, since the number
instances of decision variable reﬂecting high seismic activity is very small, 10-fold stratiﬁed cross-validation or percentage split method would not have produced suﬃcient
number of training set of high seismic activity for the learning tree. Thirdly, the procedure does not require any random sampling, i.e., it is essentially deterministic. In other
words, repeated experiments should produce the same
result. However, since it exhaustively calculates the entire
learning procedure n number of times (n being the total
number of instances in the dataset), computational cost is
very high. In our case, since there are only 155 sample
points, the computational requirement is not very demanding. Using basic minimal covering rule and majority threshold of 15% (i.e., an object is assigned to a decision class if
the class collects as many vote as 15%) the new instances
are classiﬁed. The result shows that the overall accuracy
is 88.39% with 7.74% objects misclassiﬁed. 3.87% objects
(originallyD(1)) remains unclassiﬁed. The kappa statistic
was found 0.316. The area under ROC curve is computed
to be 0.60. Table 3 summarizes the main statistic.

Table 3
Summary statistic of rough set theory
Seismic
class

True
positive
rate

False
positive rate

Sensitivity

Speciﬁcity

Fmeasure

D(2)
D(1)

0.25
0.996

0.042
0.75

0.25
0.96

0.96
0.25

0.25
0.96
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5. Decision tree methods
Using recursive partitioning of the data set, classiﬁcation or prediction in decision tree proceeds in top down
induction approach of divide-and-conquer algorithm. Partitioning is done at each node by selecting a variable and a
split which guarantees highest reduction of entropy or
maximum information gain. The entropy values for information of a set of training examples R are
EðRÞ ¼

m
X

pi logð1=pi Þ ¼ 

i¼1

m
X

pi log pi

i¼1

where, pi is the ratio of the class Ri in the set of example R.
Aj, the value
When class Ri partitions set R using
PjX attribute
j
of information E(Aj) is EðAj Þ ¼ i¼1j wi  EðR0i Þ, where R0i
is the lower level of example with partition based on attribute Aj, and wi is the ratio pf the example in R0i to the number of example in R. Thus, information gain achieved by
using attribute Aj in decision tree from example R is
GainðAj Þ ¼ EðRÞ  EðAj Þ:
A popular tree building algorithm is Quinlan’s ID3 (Iterative Dichotomizer 3) (Quinlan, 1986, 1992). The tree building process starts by selecting an attribute to place at the
root node and at each succeeding level the subsets generated by preceding levels are further partitioned until it
reaches a relatively homogenous terminal node or leaf node
consisting of majority of the examples in a single class. The
condition attributes that induces most amount of entropy
reduction and information gain are placed closer to the
root node. The so called homogeneity is a subject to predeﬁned threshold and the node is labeled to a class having
maximum frequency at that node. An extension of ID3 includes Quinlan’s C4.5 and C5 which model both discrete
and continuous variables (Quinlan, 1992). Additional modiﬁcation includes handling missing value, pruning of decision tree, and rule derivation. Another variant of decision
tree is CART (Breiman, Friedman, Olshen, & Stone,
1984), which use diversity index (Gini Index) to decide
the best split.
6. Results of decision tree
We used C4.5 learning scheme implemented as J48 class
in Weka (Witten & Frank, 2005) – a machine learning
workbench which includes a framework in the form of Java
class library. Initially, we evaluate the worth of an attribute
by measuring the information gain ratio with respect to the
class. The result is shown in Table 4. Attributes are then
ranked by their individual evaluations by using in conjunction with attribute evaluators such as ReliefF, GainRatio,
and Entropy, etc.
The ranking of attributes shows that concentration at
site 1 and 2 are clearly the most important attributes followed by environmental attributes such as sun period, concentration at site 5 and atmospheric pressure. However,
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Table 4
Average ranking of attributes with respect to information gain ratio,
entropy and ReliefF
Average rank

Attributes

Average merit

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

C1
C2
C10
C5
C9
C6
C3
C4
C12
C13
C8
C7
C14
C11
C15

.064
.056
.043
.037
.036
.032
.027
.026
.025
.019
.016
.012
.007
004
0

these attributes should not be considered in terms of seismic predictive value. Fig. 2 shows the unpruned tree resulting from C4.5 classiﬁer. The tree consists of 16 nodes with
13 terminal leaves. Clearly, the tree shows the importance
of non-climatic variables. The initial split is made at site
1 and then at site 2. The ﬁrst split on the C1 causes
70.3% of instances to be classiﬁed a class D(1). The leaf
resulting from split f(x, C1 = 1) consists of 22 instances,
of which 3 instances having D(2)are misclassiﬁed (represented as 1(22/3.0)). At the second level, the splits are on
C2 where the leaf associated with split f(x, C2 = 3) has 4
instances classiﬁed as D(1). One instance is misclassiﬁed as
D(1). At this level, 20.6% of instances are assigned ﬁnal
class. The remaining 9.03% instances are ﬁnally classiﬁed
at third level following a split on C5. At this level, the condition f(x, C2 = 3) generates a leaf with class D(2) wherein 3
out of 4 instances are correctly classiﬁed as D(2). The tree
does not produce any unclassiﬁed instance.
The predictive performance of the tree is measured using
‘‘Leave-one-out’’ stratiﬁed cross-validation method.
The tree classiﬁer correctly classiﬁed 93.55% instances
with only 10 instances misclassiﬁed (6.45%). Since we are
more interested in predicting higher seismic activity than
lower activity, the overall accuracy of the model does not
adequately reﬂect the model performance. Although the
accuracy is high, out of 8 instances of having

Fig. 2. Decision tree generated by C4.5 algorithm.
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Table 5
Summary statistic of C4.5 algorithm

Table 6
Comparison of predictive and discriminatory performance

Seismic
class

True
positive
rate

False
positive rate

Sensitivity

Speciﬁcity

Fmeasure

D(2)
D(1)

0.375
0.966

0.034
0.625

0.375
0.966

0.966
0.375

0.375
0.966

(2)

Decision
tree
(C4.5)
Rough set

Overall
accuracy
(%)

Kappa
coeﬃcient

Area under ROC
curve (AUC)

Unclassiﬁed
(%)

93.55

0.34

0.626

0

88.39

0.32

0.60

3.87

(2)

D = f(x, D) = R > 1.5jD j = 8 only 3 instances are correctly identiﬁed by the tree. Although true positive rate
for D(2) is relatively low, the false positive rate is extremely
low 0.034 indicating classiﬁer’s conservative bias towards
classiﬁcation to less risky class.
Table 5 summarizes the overall result of C4.5 algorithm.
This is also reﬂected in the speciﬁcity score of D(2)which is
considerably higher (0.966). The product of sensitivity and
speciﬁcity, which is often used as overall measure, is equal
to 0.362 reﬂecting moderate predictive performance of the
decision tree. The area under ROC curve (AUC) is calculated to be 0.626. The kappa statistic is 0.34. The AUC
and kappa score show that the predictive performance of
the tree is somewhat in the range of low to moderate.
7. Comparison of rough set and decision tree results
Unlike black box models such as neural network, rough
set and J48 provide transparent method for inductive learning from data. This is especially important when the seismic activity need to be understood in term of its causal
structure involving multiple factors and their interactions.
Thus, the rules generated from these machine learning
techniques could provide further insight into the complex
dynamics of seismic activity.
While both methods provide algorithm for evaluating
conditioning attributes, their inherent signiﬁcance is
entirely diﬀerent. In decision tree the main objective of
attribute evaluation is based on information theoretic value
viz. attributes’ information gain (i.e., entropy reduction).
The ranking of individual attribute in Table 4 are made
chieﬂy by using parameters such as, GainRatio, Entropy,
ReliefF, etc. While the concept of reduct in rough set is
based on elimination of superﬂuous or redundant attributes in a decision table. The focus is to identify minimal
set of attributes that preserve the indiscernibility relation.
Hence, ranking of the attributes in Tables 4 and 2 reﬂect
two distinct characteristics. For example, among the top
ﬁve attributes in the two tables only C2 and C9 are appears
as common attribute, which means that they have high
information gain value as well as high quality of sorting.
In total 13 decision rules can be extracted from the decision tree generated by J48 algorithm. Only one rule predicts D(2) which is ‘‘if (C1 = 2) & (C2 = 4) & (C5 = 2) )
(Class = D(2))’’. This rule is similar to the one derived in
rough set except the additional descriptor C10 included
in the antecedent. While J48 oﬀers only one rule forD(2),
rough set generates four distinct rules D(2). Although rough

set oﬀers extensive and explanatory rules, there is higher
degree of compactness and compression of knowledge in
C4.5-classiﬁer’s rule.
Table 6 shows the predictive accuracy and discriminatory performances. The overall accuracy is lower in rough
set because a number of instances were left unclassiﬁed.
However, the kappa coeﬃcients do not vary signiﬁcantly.
In fact, the diﬀerence is not statistically signiﬁcant. Kappa
statistic shows improvements over random assignment.
The expected value of kappa for a random predictor is
zero. Hence, the predicted classes are beyond chance agreement for both classiﬁers. The area under ROC curve
(AUC) provide a measure of discrimination, i.e., how well
the classiﬁer is able to discriminate objects in decision class
D(2) from objects in decision class D(1). AUC is generally
accepted as the best ROC-derived single-number statistic
for performance assessment (Øhrn, 1999). An AUC < 0.5
is considered no discriminatory ability, while an AUC of
1 represents perfect discrimination. Although the AUC
for C4.5 is slightly higher their overall discriminatory performance is somewhat in the moderate range.

8. Conclusion
While seismic activity is subject to many complex factors
associated with space and time, inductive machine learning
approaches like decision tree and rough set provide predictive tools to unfold hidden patterns. Both rough set and
decision tree (C4.5) methods generate comprehensible
and explanatory descriptions in terms of radon concentration and climatic variables of seismic patterns by means of
inductive learning from time series data. Using information
theoretic measures such as entropy, information gain, the
relative ranking of condition attributes shows that radon
emanation at site 1 and 2 are the most important factors.
Clearly, the both methods identify site 1 and 2 as major
indicators of elevated seismic activity. Moreover, rough
set induced rules show that higher seismic activity corresponds to low values of C1 and high values of C2. The decision tree induced by C4.5 algorithm shows splits based on
radon emanation at site 1, 2 and 5, respectively. While
maximal frequency of occurrence in rough set reducts is
at site 2, environmental factors appear also signiﬁcant suggesting a strong relationship of radon emanation and associated environmental factors (Zmazek et al., 2003). The
decision rules derived from rough are extensive, while
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C4.5 rules are more compact and could be useful to manage large number of rules. The cross-validation based on
‘‘leave-one-out’’ method shows that although the overall
predictive and discriminatory performance of decision tree
is to some extent better than rough set, the diﬀerence is not
statistically signiﬁcant. A hybrid approach combining
rough set and decision tree (Minz & Jain, 2005; Nguyen,
1998) could provide better predictive and discriminatory
performance. By generating homogeneous patterns occurring in time series data it is possible to extract temporal
templates (Synak, 2000) of seismic events where decision
rules describing dependencies between temporal features
can be induced by employing rough set or hybrid rule
induction techniques for each template.
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