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Abstract We live in a myriad of data. Various data are created in all situations in which we work,
and we discover the meaning of data through big data technology. Many efforts are underway to
find meaningful data. This paper introduces an analysis technique that enables humans to make
better choices through the trend and prediction of time series data as a principal component
analysis technique. Principal component analysis constructs covariance through the input data and
presents eigenvectors and eigenvalues that can infer the direction of the data. The proposed
method computes a reference axis in a time series data set having a similar directionality. It
predicts the directionality of data in the next section through the angle between the directionality
of each time series data constituting the data set and the reference axis. In this paper, we compare
and verify the accuracy of the proposed algorithm with LSTM (Long Short-Term Memory) through
cryptocurrency trends. As a result of comparative verification, the proposed method recorded
relatively few transactions and high returns(112%) compared to LSTM in data with high volatility.
It can mean that the signal was analyzed and predicted relatively accurately, and it is expected that
better results can be derived through a more accurate threshold setting.
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Fig. 1. RNN and LSTM Characteristics of RNN and
LSTMI[19]

(a) A strong RNN in the short term
(b) The repeat module of LSTM has four interactive layer structures
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Fig. 3. Variance Chart for Feature Selection
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Table 1. Cumulative Revenue for Each Data

. Proposed LSTM
ticker(P/L) = =

Transaction Revenue | Transaction Revenue
BTC(1.16) 55 60,670,000 256 52,284,000
ETH(0.29) 52 965,400 229 3,252,300
LTC(2.50) 83 303,590 254 121,360
ETC(0.53) 4 41,455 248 77,298
XRP(0.81) 39 3,129 267 3,830
BCH(1.33) 65 2,426,100 233 1,819,050
Total(1.12) 335 64,409,674 1,487 57,657,838
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