Earthquake Prediction Report
· Group Members: (in alphabet order): Andrie Suherman, Li Wen, Rui Zhao, Zhi Zhou, and Haesun Jung.

· Project idea: 

This project let the user input a city name within California, and a year after 2006, and then give back the date and magnitude if there is an earthquake in the city this year. There are total four parts in this project: 

1. Input and output: control the user input information, and generate the output information from the other three parts.

2. Clustering: cluster data into groups from the file from the first part—Input and output, and send the predicted point to Decision tree.

3. Decision tree: get data from Clustering, and find a position in the tree, and then send the data to Association rule.

4. Association rule: using the wave formula and the data from Association rule, generate earthquake information and send it back to Input and output. 

· Implementation in each part:

1. Input and output (by Li Wen)

User input a location and a year, and then click Test button. From the input information, get the city’s latitude and longitude. From this point, get several closed hypocenters that may cause earthquake in the point, and then put all the earthquake history about those hypocenters in a file in order to let Decision tree separate data into groups. Get time and magnitude from Association rule and display them on the board. The difficulties in this part are first, it is hard to find the city’s latitude and longitude for all the cities on the earth. So, only California’s cities’ name allowed putting into the program. 

2. Decision tree (by Rui Zhao and Zhi Zhou)

Our decision tree is a binary search tree to store many files, which is stored data of the location having same latitude and longitude. The class has an inner class BinaryTree, which defines a generic node of a decision tree. The node class has five fields: an integer of nodeId, a String of question, a ArrayList , an instance of BinaryTree yesBranch, and an instance of BinaryTree noBranch. The root of decision tree is the number one note, which has a question “ Is the latitude between 30.000 and 43.000?” Step one, if the answer is not, then donothing, and set its noBranch to null. Step two, if the answer is yes, then insert to its yesBranch. Set the root node the question “Is the longitude between –110.000 and –130.000 ?” Step three, if the answer is no, then do nothing, and set its noBranch to null. Step four, if the answer is yes, then insert into its yesBranch.  Store the data of this root node to an ArrayList. Its value of latitude and longitude becomes the comparing standard of its yes and no branch. Step five, repeating step one to step five, if the value of latitude and longitude of next input is same as the preview data, then add the value of next input into the preview ArrayList of the same node in its yesBranch. Step six, add the input to its noBranch other wise. Its value of latitude and longitude becomes the comparing standard of its yes and no branch. Repeating step one to step six, until to add all the data to the decision tree. 

3. Clustering (by Andrie Suherman)

After receiving the data from decision tree, we check every leaves of the decision tree in order to receive the data. Each leaves contains data of epicenter which contains year and magnitude of the previous earthquakes on particular epicenter. Then we will have several points from 1 epicenter. We then find the equation from those points. After you get your equation you can then predict the next data which will give you year and magnitude of the next earthquake. We then pass the result from clustering to association rule.

4. Association rule (by Li Wen)

Association rule get one output data from Clustering, and display the predicted earthquake on the board (date and magnitude of the earthquake). If the hypocenter causes an earthquake with a high magnitude, then it may cause a ground motion that shake the user input city. The result magnitude indicates the equivalent earthquake magnitude associated with the ground motion. The difficulty of this part is the formula to calculate an equivalent magnitude is not accurate, since no professions about earthquake in this group.

5. Write report about association rule (by Haesun Jung)

An association rule has two parts, a condition and a result, and is usually represented in the form of, “if condition then result”. Association rules are always defined on binary attributes and have an implication of the form X=>Y meaning that in the rows of the database where the attributes of X have true values, the attributes of Y also tend to have true value.  A lot of research has been performed to derive efficient algorithms for managing association rules.  One of the most well-known algorithms is Apriori which, like other algorithms for finding large itemsets, relies on the property that an itemset is large if and only if all of its subsets are large.
Figure 1. Apriori Algorithm

L1={ large 1-itemsets };

For ( k=2; Lk-1 ; k++) do begin

Ck = apriori-gen(Lk-1);

For all transactions tD do begin

Ct = subset(Ck, t);

For all candidates cCt do

c.count++;

end

Lk={ cCk | c.count minsup}

End

Answer = UkLk;
Figure 1 describes the Apriori algorithm that will find almost all association rules in two phases.  In the first phase, the database is searched for all large itemsets. The large item sets is a set of items occurred together in at least transactions in the database. Specifically, given a support threshold, we say that an itemset X is large if s(X). The support threshold is specified by the user; however, there are no criteria to define it. In the second phase, association rules are generated from the large itemsets. The algorithm uses a confidence factor for measuring rule’s strength.  For example, we say that X=>Y if,

1. X and Y occur together in at least s% of the transactions (the support);

2. and, of all the transactions containing X, at least c% also contains Y (the confidence).
Applying an association discovery technique against this set of transaction will uncover affinities among the collection of items. These affinities between items are represented by association rules. Application domains for association discovery range from decision support to telecommunication alarm diagnosis and prediction.  Some generic data mining problems are divided into two general categories, prediction and knowledge discovery.  Predictive data mining tries to find a set of rules that covers all new cases, generalizing a description of all available data for a predictive goal. Classification, Regression and Times series are included in the prediction.  In contrast, association discovery is often evaluated independently relative to a goal, and a complete covering set for all situations is not expected. Clustering, Association Rules and Text Mining are included in the knowledge discovery.  Thus, to make a more efficient data mining algorithm, there should be many appropriate reasons for two methods to be merged together.  The association rules have several important features that are suitable for handling a huge number of transactions because they are simply a matter of counting occurrences of all possible combinations of items and reading a table sequentially from top to bottom each time a new dimension is added.  
The first step is the process of cleaning and making domain database. The cleaning process is regarded as one of the important processes in implementing the data mining. For a well-defined implementation of the data mining using row data, we should be careful to avoid the data redundancy and dependence to increase the data integrity because the data tend to include anomalous data.
Figure 2 describes the domain database table, which is made up of row data. It is used in a regression analysis and an association rule generation in the next step.  The first row lists each earthquake events that the place in California, and the first column lists individual place. The numbers in each cell indicate the magnitude of each event.  The Boolean Association Rules problem can be avoided by using this table.
Figure2. Domain Database Table


     Magnitude    Depth(km)
Nph    
LocationA     
1.3     
    3            
LocationB     
1.4    
    9-

LocationC
0.3    
    11   
….

Nph : Number of P and S arrival-time observations used to compute the hypocenter location. Increased numbers of arrival-time observations generally result in improved earthquake locations.
In the next step, efficient variable sets are generated via the multiregression analysis shown in Figure 3. The multiregression analysis helps to determine the relationships between the variables.
Figure 3. Multiregression Analysis

E[Y] = 0 + 1 X1 + 2X2 + … .+ kXk + 

Y: dependent variable ( one item),

0, 1, … k: parameters or partial regression coefficients,
: error, residual

X1, X2, … Xk: independent variable ( each item )
Through the multiregression analysis, efficient variable sets are chosen and other inefficient items are deleted from the variable sets.  To extract the efficient variables from the domain database, let us suppose that the regression, E [Y] = ?0 + ?1A + ?2B + ?3C + ?4D + ?5E + ?6F +...+ ?, is made up of the domain database. The dependent variable Y is one of the purchased items and the user can exchange Y with another variable that is an interesting factor to the user.  It is for this reason that we can reduce the range including the itemsets to avoid searching for redundant rules and save searching time for making large itemsets.  The multiregression analysis based on the stepwise method removes inefficient variables by checking R-Sqr and F-value. To choose the efficient variables, both the primary key value and the secondary key value check for R-Sqr and F-value.  Therefore, if any variable has a high percentage of R-Sqr and F-value, then the variable is chosen for the next step.  The regression analysis plays an important role in generating efficient itemsets since the general algorithm calls this large itemsets instead of using a support factor suggested in the existing association discovery method.  In the third step, we use the rule generating part of the association discovery method to generate appropriate rules through the comparison of the itemsets with minimum confidence given by the user. The following is the general rule:
If ( confidence minimum confidence )

then output the rule ( A, B ) Y

else delete itemsets from the efficient itemsets

The process keeps continuing until all efficient itemsets are generated.

Figure 4. Example Itemsets

- Suppose that the efficient variable set, {Y,A,B,C,D}, is chosen using a regression analysis.

- The numbers of all possible itemsets are;

{A,Y}, {B,Y}, {C,Y}, {D,Y},

{A,B,Y}, {A,C,Y}, {A,D,Y}, {B,C,Y}, {B,D,Y}, {C,D,Y},

{A,B,C,Y}, {A,B,D,Y}, {B,C,D,Y}, {A,C,D,Y},

{A,B,C,D,Y}
- If the confidence of each set minimum confidence, then the set has an association rule.

Figure 4 describes the process of finding rules. For the convenience of illustration about rule expression, let’s say the most common combination has three items A, B, and Y. The only rules to consider in this case are those with all three items in the rule and with exactly one item in the result, “If A and B, then Y”. In practice, the most meaningful rule is the one that has just one item in the result. For example, a rule like “If A and B, then Y” is more useful than the rule “If A, then B and Y”.

The final step is to change the dependant variable depending on the user’s intention. If the user wants to find other rules related with Y, he could use other dependent variables instead of Y.  All rules are saved in the rule database because the database is used to predict consumer demand for a new product. A proper combination of rules in the rule database is useful to generate relevant information.  In summary, there are two ways to implement this algorithm. The first way is to use the multiregression analysis to eliminate items that do not appear enough times in the transactions.  The second way is to use confidence factors to find the association rules from the efficient itemsets.
In this paper, we introduced an effective data mining process that combined the concept of association rules with the statistical regression analysis method. We proposed measuring of significance of associations via the regression analysis which would eventually lead to a measure that could be used to uncover affinities among the collection of items, enabling us to reduce the mining problems of searching for the support factor and not to use Boolean in the attributes. The main contribution of my work as follows:

- Suggestion of the efficient data mining pattern.

- Improvement of the system performance by raising the autonomy of the KDD model.

- Increased system flexibility through user interaction.

- Prediction and forecasting of data trends through the rule database.
However, since the algorithm is used in the low volume of a database, we may need to estimate the performance of the system in the large volume of a database. Also, the system might have a low correctness because the algorithm doesn’t provide the procedure for a complete proof.  These are further topics to make the system more well-defined.
· Conclusion (by Li Wen)

The acuity of our project is no more than 50%, which caused by the inaccurate formula we used in this project.  In the future, we may include other counties earthquake history, so we can predict more. 
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