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ABSTRACT

Although the value of the search keyword is generally calculated based on the frequency of the search word,
the search engine configures the price of the search keyword to be bid through the blind auction method without
disclosing the price in real time. As a result, it is difficult to reach a desired optimal ranking by selecting a
price with a statistical method that is passive in order to predict the price of the search keyword. In this paper,
we propose a modeling algorithm to predict the optimal ranking of search keywords by collecting search
keywords from the largest search engine in Korea. In particular, we propose a mechanism for constructing an
automated ranking prediction system for a search keyword by comparing and analyzing the prediction accuracy

whether the optimal ranking is reached for each algorithm by applying a machine learning algorithm.
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Fig. 2. Time series result of specific keyword depends on
the price.
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Fig. 3. An example of training dataset used experiments.
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Fig. 7. Simulation result of test accuracy in ANN.
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Table 2. Simulation results of the ANN algorithm with
the Adam optimizer

learning Epoch training test

rate accuracy | cost |accuracy cost
5 0.461 1.523 0.463 1.365

10 0.473 1.343 0.495 1.292

01 15 0.520 1.259 0.505 1.255
20 0.328 1.781 0.322 1.688
5 0.682 0.779 0.675 0.846

001 10 0.719 0.706 0.686 0.819
15 0.713 0.696 0.682 0.822

20 0.738 0.678 0.685 0.833

5 0.679 0.837 0.671 0.863
0.001 10 0.710 0.772 0.685 0.818
15 0.705 0.756 0.685 0.812
20 0.729 0.697 0.678 0.827
5 0.581 1.140 0.581 1.130

10 0.654 1.000 0.640 0.991
0.0001 15 0.623 0.961 0.655 0.936
20 0.665 0.925 0.663 0.905
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Table 3. Comparison of Accuracy based on Gap

& A
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