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Abstract: Climatologically approach is used to investigate the links between Solar and climate parameters
between 1971-2000. We have plotted the cost benefit analysis curve between rainfall, temperature, sunspot
number and geomagnetic indices (ap) values for the period covering almost three solar cycles-21, 22, 23. Our
finding supports the expected outcome of the correlation for proposed data sets. The results show an important
step in identifying reliable connections between meteorological parameters and solar activity parameters in
predicting earth's climate.
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l. Introduction

The Naive Bayesian classifier deals with discrete and continuous attributes and has exceptional performance in
real world problems. It explains its decisions as the sum of informational gains. In the present analysis, we have
used the Naive Bayes Classifier. Naive Bayes is easy and fast to predict class of test data set. It also performs
well in multi class prediction. When assumption of independence holds, a naive bayes classifier performs better
compare to other models like logistic regression [1,2]. This algorithm has many advantages. It is fast to train
(single scan) and classify. It handles real, discrete and streaming data very well. Naive Bayes classifier
and collaborative filtering together builds a recommendation system that uses machine learning and data mining
techniques to filter unseen information and predict whether a user would like a given resource or not.

1. Methodology
Naive Bayes classifier algorithm is the best technique of data mining to make prediction in real time. It is also
able to predict the probability of multiple classes of target attribute [3]. In the present work we have selected
solar parameters (velocity, sunspot number, ap values) and climate parameters (temperature and rainfall) of
three solar cycles, i.e. from year 1971-2000. In this experiment v, ap, SSN and temperature are base class
attribute and rainfall is a target attribute class. Naive Bayes algorithm classify and analyze all the data set in the
following steps :

° Collect all relevant data required for study and normalized data set into comma separated value (CSV)
format.

. Divide normalized data into training and testing sets as the ratio 3:1 respectively.

o Import training data set into Naive Bayes Model and generate attribute relation file format.

. The algorithm used in the model convert data set into frequency table and likelihood table by finding
probabilities.

. Naive Bayes algorithm calculates the posterior probability for each class. The class with the highest
posterior probability is the outcome of prediction.

° NB algorithm generate summary for each base classes and target class. Finally confusion matrix is
generated to predict the result.

° For the testing set, we repeat the above steps. We now compare and analyze the result of both training

set and testing set.
1. Result and Discussion:

In the present work, we have generated confusion matrix and evaluation report of training and testing data set
with the help of naive bayes classifier. Fig.-1,2 shows cost/benefit analysis of target class. Classification
accuracy observed by threshold curve is 87% and 81% respectively for training and testing set. According to
evaluation summary 83% instances are correctly classified for training set and 76% for testing set.

In predictive analysis, atable of confusion with two rows and two columns reports the number of false
positives, false negatives, true positives, and true negatives. The final table of confusion contains the average
values for all the classes. According to confusion matrix, true positive value shows all the base class attributes
(i.e. velocity, sunspot number, ap values, temp.) that affect the rainfall. The percentage of classified instances in
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true positive is 83%(57) and 76%(55) for training and testing data sets respectively. Similar study is performed
by many researchers in the Implementation of Data Mining Techniques for Meteorological Data Analysis [4-6].
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=== Evaluation on training and testing set ===
=== Summary === Training Period Testing Period
Correctly Classified Instances 83 (83%) 76 (76%)
Incorrectly Classified Instances 17 (17%) 24 (24%)
Kappa statistic 0.6239 0.4575
Mean absolute error 0.2751 0.2987
Root mean squared error 0.3536 0.3867
Relative absolute error 61.1 (66%) 67.34 (56%)
Root relative squared error 74.65 (16%) 82.78 (71%)
Coverage of cases (0.95 level) 99% 99%
Mean rel. region size (0.95 level) 91% 90.05%
Total Number of Instances 100 100
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Fig. 1: Cost/Benefit analysis of target class of training set.
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Fig. 2: Cost/Benefit analysis of target class of testing set
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