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Abstract           5 

Background: Earthquake prediction plays an important role in preventing catastrophic damage. We present 6 

here a scheme for earthquake prediction using an improved version Tree Augmented Naïve Bayes 7 

(TAN). This approach can achieve an appropriate performance by extracting dependencies among 8 

seismicity features effectively. At first we use the simplest Discretization Method, Equal Interval 9 

Width, for discretization of six seismicity features (Time, Mean Magnitude, Energy, Slope, 10 

deviation, Magnitude deficit) drive from National Earthquake Information Center (NEIC), then in 11 

order to the magnitude of earthquake we utilize an improve version of Tree Augmented Naïve Bayes 12 

that is based on Decomposable Models.  13 

Results: Finally, we test our method by using two schemes and compare it to Tree Augmented 14 

Naïve Bayes and Hidden naive Bayes classifier. F-measure metric is used for evaluation of our 15 

results.  16 

Conclusion: Experimental results demonstrated proposed approach based on an improved version 17 

of Tree Augmented Naïve Bayes achieves a higher performance compared to two other methods. 18 

Keywords: Earthquake prediction, Tree Augmented Naïve Bayes, Hidden naive Bayes 19 

Introduction: 20 

Earthquake, one of the deathliest natural phenomena occurs as a consequence of a sudden movement 21 

of transition to the ground owing to the release of elastic energy in a few seconds. The impact of this 22 

sudden and unpredictable event is catastrophic as it affects a large area. Physical modeling is not 23 
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able to provide accurate earthquake predictions because of the complex nonlinear behavior of 24 

seismicity. In the recent years, research community have started to utilize the statistical methods for 25 

earthquake magnitude prediction. In these methods usually the earthquakes information is 26 

summarized to some features and then classification process is done. 27 

A number of earthquake magnitude prediction schemes are shown in the previous literatures [1-7]. 28 

For example, the prediction of earthquakes of medium-large magnitude for the city of Tokyo and 29 

surroundings has been addressed by means of artificial neural networks. The outcomes point out that 30 

these networks are able to achieve the accuracy greater than 70 % for all the five consecutive 31 

datasets considered [1]. In [2], three-layer feedforward artificial neural networks have been 32 

constructed to predict earthquakes in four seismogenic areas in Chile. These networks use 33 

information related to the b-value, the Bath’s law and the Omori/Utsu’s law as input parameters and 34 

they predict the occurrence of earthquakes for a five-day horizon with great reliability. In [3], the 35 

writers decided to apply these mathematical models based on Artificial Neural Networks (ANNs) 36 

models to predict earthquakes. The goal of this experimental study was to examine the capability of 37 

advanced ANNs and machine learning to estimate the magnitude of the events recorded daily. 38 

Features that described each event were: origin time (UTC), latitude, longitude, depth, and 39 

magnitude. The results that the ANNs have very good performances both in functional 40 

approximation and in pattern recognition when the training set represents a sample of worldwide 41 

earthquakes. In [4], four machine learning techniques including pattern recognition neural network, 42 

recurrent neural network, random forest and linear programming boost ensemble classifier have 43 

been used to predict earthquakes in the subducting Hindukush region, which is one of the most 44 

active seismic regions of the world. Eight mathematically calculated seismicity parameters including 45 

the time elapsed over a predefined number of events, the mean magnitude of the last n events, the 46 

rate of release of square root of energy, the slope of the Gutenberg-Richter inverse power-law curve, 47 
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the summation of the mean square deviation about the regression line based on the Gutenberg-48 

Richter inverse power law and the magnitude deficit or the difference between observed and 49 

expected magnitudes based on the Gutenberg-Richter inverse power law were utilized as features. 50 

Their outcomes demonstrate that Linear Programming Boost ensemble classifier is able to achieve 51 

better results in terms of sensitivity, while Pattern Recognition Neural Network tends to produce the 52 

least false alarms in comparison with the other classifiers. In [5], the different characteristics of 53 

blasts and seismic events were investigated by comparing three different classifiers including Fisher 54 

classifier, Naive Bayesian classifier and Logistic Regression (LR). Their research was conducted on 55 

three databases from Australia and Canada. Cross-validated results have represented that 56 

discriminator LA has an appropriate discriminating performance. The writers in [6] develop a novel 57 

Hidden Markov Model for earthquake modeling and forecasting by introducing a latent Markov 58 

process to model the unobservable state of the underground dynamics. Their proposed model is 59 

capable of forecasting the change-in-state of the hidden Markov chain, and thus can predict the 60 

arrival time and magnitude of future earthquake occurrences simultaneously. In [7], to forecast the 61 

earthquake magnitude, several algorithms including SVM (support-vector machine), M5P 62 

(Multivariate Regression prediction), Naive Bayes, KNN (k-nearest neighbors), J48, Random 63 

Forest, LP Boost Ensemble are considered. The results indicate that performance of artificial neural 64 

networks is a lot better than other algorithms. In this paper we proposed to apply an improved 65 

version of Tree Augmented Naïve Bayes (TAN) based on Decomposable Models [8] for earthquake 66 

prediction. In our work the classification of seismicity samples is based on maximum likelihood 67 

which predicts the magnitude of earthquake. For this purpose we approximate the joined probability 68 

distribution using Decomposable Models. Our approach is evaluated by using the data sat that is 69 

available in National Earthquake Information Center (NEIC). Experimental result showed that our 70 

proposed modeling approach based on Decomposable Models provides an appropriate performance 71 
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compared to Tree Augmented Naïve Bayes (TAN) and Hidden naive Bayes (HNB). Because our 72 

modeling unlike models used in TAN and HNB allows to contribute three- order marginal 73 

distributions along one- and two- order to approximate the joint probability distribution. 74 

 75 

The proposed method: 76 

As mentioned previously, many algorithms have been developed to improve the accuracy of Naive 77 

Bayes (NB) by relaxing its strong conditional independence assumption. Here, we propose to utilize 78 

an algorithm that is developed in [8] based on decomposable models to improve the performance of 79 

Tree Augmented Naive Bayes (TAN) classifier that is an improved version of NB and called a 1-80 

dependence classifier. 81 

By examining the basic relations behind TAN, we can see that it is actually a simple decomposable 82 

model that uses only one- and two- dimensional marginal distributions to approximate a high 83 

dimensional joint probability distribution. Here, we apply a simple decomposable model in which 84 

the three-dimensional marginal distributions are also utilized for modeling and therefore the 85 

obtained model is able to effectively capture the interdependencies among different features. 86 

Decomposable models are a special type of graphs in which each cycle with a length greater than 87 

three contains an edge that connects its two non-adjacent vertices. Under this circumstances, we can 88 

calculate the joint probability distribution that describes a decomposable model, easily. For this 89 

purpose, we firstly present some preliminary definitions: 90 

Complete graph: Every two vertices in a complete graph are connected by an edge.  91 

Clique: A clique is a subset of vertices that their corresponding subgraph is complete. 92 

Maximal clique: Maximal clique is a clique that is not a subset of a large clique. 93 

Weighted clique intersection graph: A decomposable model has a weighted clique intersection 94 

graph in which maximal cliques correspond to vertices and their vertices share an edge if they 95 
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intersect. In this graph, the weight of each edge is determined by the number of variables shared 96 

between each two vertices. 97 

For a decomposable model indicated by a junction tree including a set of maximal cliques and a 98 

set of separators , the joint probability distribution of  discrete variables  99 

can be calculated as the following:  100 

                                                                                                                    (1) 101 

Where each clique in the set of cliques  is corresponding to the -dimensional random 102 

variable , each separator  in the set of separator  is corresponding to the -dimensional 103 

random variable  and  is the number of cliques that include all of the variables in . 104 

Please note that the term ‘separator’ refers to the variables shared between maximal cliques in the 105 

junction tree.  106 

To form an appropriate decomposable model, following steps are utilized: 107 

1) The conditional mutual information between every two features (or variables) is calculated 108 

as following: 109 

   

                                     (2) 110 

Where 111 

2) For each pair of feature  and , the weight  is assigned in to the edge 112 

between 
 
and . 113 

3) The edges are sorted in descending order of weights, i.e. the edges  and  are 114 

corresponding to the maximum and minimum weights, respectively.  115 
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4) An initial graph is built by using of two edges which have the maximum weights ( and  ). 116 

Then, some edges are gradually selected among  to add to the graph. An edge is 117 

added to the set of previously selected edges, if and only if, the length of the longest path 118 

between the vertices of that edge does not exceed . The output of this step is a 119 

decomposable graph. 120 

5) A weighted clique intersection graph is built based on the decomposable graph formed in the 121 

step 4. 122 

6) The junction tree corresponding to the weighted clique intersection graph is built. 123 

7) Finally, the joint probability distribution of  discrete variables is calculated by using 124 

maximal cliques and separators.  125 

For more details related to decomposable model please refer to [8]. 126 

 127 

Experiments with seismic data 128 

In this section, we evaluate the performance of our scheme to forecast earthquake magnitude using a 129 

seismic dataset. Accurate earthquake prediction can have an effective role in preventing catastrophic 130 

damage. Hence, the research community has highly focused on the scheme related to earthquake 131 

prediction. 132 

 133 

DATASET: 134 

In this study, we carry out some experiments on a subset of a seismic dataset provided by the 135 

National Earthquake Information Center (NEIC). This dataset includes a record of the date, time, 136 

location, depth, magnitude, and source of every earthquake with a reported magnitude 5.5 or higher 137 

since 1965. These subset is categorized into two and three categories by considering two schemes as 138 

follows: 139 

1
e

2
e
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ü Scheme A: subset is divided into two classes by considering the threshold value 6.5 on 140 

magnitude. In other words, samples with the magnitude between 5.5 and 6.5 and larger than 141 

6.6 are labeled as class 1 and class 2, respectively. In this scheme, 3000 samples are selected 142 

including 1000 training samples (e.g. 500 samples for each class) and 2000 test samples in a 143 

random way. 144 

ü Scheme B: subset is divided into three classes by considering the threshold values 6 and 7 on 145 

magnitude. In other words, samples with the magnitude in the range of 5.5 to 6, 6 to 7 and 146 

larger than 7 are labeled as class 1, class 2 and class 3, respectively. In this scheme, 5400 147 

samples are selected including 900 training samples (e.g. 300 samples for each class) and 148 

4500 test samples in a random way. 149 

 150 

Discretized Features: 151 

In two schemes, each sample is represented by eight mathematically-defined seismic features [9]. 152 

These features are listed in the following: 153 

 154 

1) The time elapsed over a predefined number of events (T). 155 

2) The mean magnitude of the last n events. 156 

3) The rate of square root of seismic energy released over time T. 157 

4) Slope of the log of the earthquake frequency versus magnitude curve. 158 

5) Summation of the mean square deviation from the regression line based on the Gutenberg 159 

Richter inverse power law. 160 

6) The difference between the largest observed magnitude and the largest expected magnitude  161 

7) Based on the Gutenberg-Richter relationship the average time or gap observed between 162 

characteristic or typical events among the last n events. 163 
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8) Coefficient of variation of the mean time between characteristic events known as the 164 

aperiodicity of the mean. 165 

Please note that six out of the eight features mentioned above are finally utilized since the last two 166 

features produced a large number of zeros based on http://github.com/sajeed786/Earthquake-167 

Prediction. Furthermore, the simplest discretization method, Equal Interval Width, is employed to 168 

discretize continuous features as discretized features can improve the performance of some 169 

algorithms rather than continuous features.  170 

 171 

EVALUATION METRICS: 172 

In order to evaluate the performance of our scheme, F-measure is utilized [10]. This criteria is 173 

defined as follows: 174 

 175 

 176 

 177 

Where we have: 178 

• True Positive (TP) = the number of samples correctly classified as belonging to class X. 179 

• True Negative (TN) = the number of samples correctly classified as not belonging to class X. 180 

• False Positive (FP) = the number of samples incorrectly classified as belonging to class X. 181 

• False Negative (FN) = the number of samples incorrectly classified as not belonging to class 182 

X. 183 

 184 

Table 1: The performance of three algorithms based on F-measure per- lass for scheme A 185 
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Class 

number 

TAN HNB Proposed 

scheme 

1 84.88 88.91 90.06 

2 85.31 88.48 90.14 

Ave 85.10 88.70 90.1 

 186 

Table 2: The performance of three algorithms based on F-measure per- lass for scheme B 187 

Class 

number 

TAN HNB Proposed 

scheme 

1 78.80 .79.26 87.51 

2 80.04 78.19 88.35 

3 80.73 79.41 88.64 

Ave 79.85 78.95 88.17 

 188 

Results: 189 

To provide a comprehensive evaluation, we choose TAN and Hidden Naïve Bayes (HNB) for 190 

comparison with our presented scheme for earthquake prediction. TAN classifier is an extension of 191 

Chow-Liu algorithm that utilizes conditional mutual information to find an MST efficiently as a 192 

classifier. The Chow–Liu algorithm approximates a joint probability distribution by use of first- and 193 

second- order distributions optimally.  In HNB, a hidden parent is created for each feature which 194 

combines the influences from all other attributes. However, this model uses only first- and second- 195 

order distributions to approximate the joint probability distribution, too. In comparison, our scheme 196 

allows to contribute three order distributions along first- and second- order distributions for 197 

approximation. 198 

Table 1 and 2 illustrate the results of these algorithms per class for scheme A and scheme B. In these 199 

tables, the higher values are shown in bold font.  200 

From the results, it is observed that the presented scheme provided a better classification 201 

performance per-class compared with TAN and HNB classifiers. It is valid for all classes on both 202 

schemes.  203 



10 

 

 204 

Table 1 shows that for scheme A, TAN, HNB classifiers achieved the Ave F-measure values 205 

85.10% and 88.70%, respectively. While our scheme provides an improvement of Ave F-measure 206 

value, 90.10%. The superiority of our method for earthquake prediction is also validated using 207 

scheme B. For this scheme, our method reaches 88.17% of Ave F-measure value. Corresponding 208 

values for TAN and HNB classifiers are 79.86% and 78.95%.  209 

 210 

Conclusion 211 

In this paper, we proposed to apply an improved version of TAN classifier for earthquake 212 

prediction. This classifier is able to effectively capture the interaction between different seismicity 213 

features. Our scheme was implemented and compared to two other methods such as TAN and HNB 214 

using a seismicity data set.  The results shown that the superiority of our scheme compared to two 215 

other classifier. 216 
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