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A Study on Uncle Block Analysis of Blockchain
Using Machine Learning Techniques
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ojAlelel 7Y B85 SEAele Y2EE B4 o
AE BE5 75 A ESAQY JEREHE AA Q017 BEEA0 AHE As HIHOZ
28 Bdo] Y& Ao etk wek, B Agste BAS AT o Folh ol 4
ATE YEEF o5 BAd 9l 59 WFE o Ej JIBE =0 AAHoz pAH=
o Agg Hot AAST AAHeR $UT P WSS Soteln WER A8 ANE 5 AU
87} lokar Aggi Ao},

2 AGE olfElw EEAQ Fre} AAA B Qe Azle AYAL 157 98 10
A 8o 4FY e FAF R wAEs] s A w2} AF(10-Fold Cross Validation)& 2851
B 2dg A BER TR E4E A A}, 82 tolEls} B ~E dolEe] HES} =
Ak A WA GE A= AAl AA QJETHES Bz o7 10702 glolE] AL &A5 & 109
AAHCE uejste] YEFEF oS £4E& Y o WAl A=L 3T o]gs wA A=
sz} 3ot T WA HEAE E242 AR =3 812 do]Els} Bl AE dolge] HA W
W AAHCR ALl JFEF ASEAS o 4B B4 AR BAE FHS AT 5
AYaku Pk vhAt Al WA SEGAE AN Qe ARE 4¢ S Ak 5, 2008).

(F# 2) Hlojee| Ho| Y 7|1&d E4 %
He (g o A< HI(ETAZD
gg B= 2 A EZAA YEHT S2HA £33 E59 656.620(398.209)
oltjgls 7FAMUSD) |89 2 oy 714 210.728(275.677)
ESAL W AN T | Lo ne, 1601085485.654
EEA QAN A1 o] &9
(USD) 293 AJeA AR AR = (3115251763.810)
AArE A $ oY ¥ BEFQoE AAtH A F 287817.39(316946.884)
AAE =9l % 89 8 IgH olfeE T & 25841.756(5174.009)
89 ¥ E30 ARE FEIN] Y8l AEdlof k= old &
Ad g $$; Sal ° 320.383(526.060)
EEAQ &5 AR | 8Y ¥ oy EEAUANA EFdl= AF F 133696.920(155329.024)
E29] dolg 7] |[9d ¥ AAHE B9 HF WrY V) 9663.380(9792.846)
AdE BE & 8Y ¥ ANE BE59 F 5575.610(707.116)
EE QA Yol |2d ¥ HF BE YA dolx 1187.409(1362.686)
2 ¥ 28 = o Foj2 500(Standard & Poor’s 500)
S&P 500 B =7 A% 2373.522(300.692)
DOW 30 29 8 tg$EX(Dow Jones) AFHTFASF 20942.509(3251.418)
Eurostoxx 50 29 ¥ 79 500 %F 719 A 3303.187(234.766)
NASDAQ 29 ¥ UYAY(NASDAQ) A& Z3F71A4 72.109(11.520)
Crude oil 89 d df 74 51.834(10.848)
SSE LY ¥ Agsto] T AP F4 AR A4 1418.298(121.1094)
Gold d ¥ = /A 1240.305(74.390)
VIX 29 HVIX(Volatility Index) A1 71th A4 14.833(4.686)
Nikkei 225 89 8 YA o] 225(Nikkei225) F7HA5 19678.729(2343.785)
29 ¥ slo| i €9~ F4) Al 100K (Financial Times Stock
FTSE 100 Exchange 100) %7} 1% 6976.408(564.085)
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(F 3) AntatA| 24 2zt
gees| 498 (g g L00 | aaE | s | Aa |ases TEIY TR
F | EF F| Fl= 7] A & | AN | =55 | 7HE AR 2| =
FEEE F 1
AR B 4 3427 1
%‘ié@ 6907 | -010 1
=% ; f]] oI 785" | -.013 933" 1
Y F9 o -498" | 3547 | -8557 | -.849” 1
AN A 4 8537 | 1137 | 8717 | 964™ | -782 1
A} 42| 6537 | 007 5557 | 6757 | -5217 | 696 1
o8] 74| 786 | .014 7457 | 8697 | -.6987 | 9247 | 696 1
F5A &y 8597 | 1037 | 8527 | 9527 | -7567 | 9937 | 7047 | 9237 1
AR &
B239 Y - - -
A4 o 411 -178 292 540 -424 .602 589 .689 617 1
S&P 500 6937 | 1657 | 9107 | 9107 | -7247 | 8797 | 5917 | 7597 | 8597 | 419"
DOW 30 7017 | 1667 | 9127 | 9207 | -7437 | 8987 | 598 | 7807 | 876 | 4437
Eurostoxx 50| 349" | -226" | 506" | 5797 | -5917 | 5647 | 4167 | 586" | 5467 | 498"
NASDAQ 7047 | 2307 | 9027 | 8567 | -6337 | 8177 | 5287 | 6627 | 8017 | 2517
Crude oil 7337 | 3307 | 8437 | 8117 | -585T | 7967 | 5277 | 664 | 7847 | 237"
SSE -549" | 096" | -8107 | -768" | 7677 | -738" | -438" | -585" | -7157 | -259"
VIX -069" | -014 -064" | -170" | -035 S1337 | -1757 | -1397 | -128T | -296
Nikkei 225 | .6717 | .051 8237 | 8607 | -7937 | 8487 | 5837 | 7477 | 8297 | 461"
FTSE 100 5147 0797 | 6657 | 7137 | -4917 | 6917 | 5047 | 6407 | 6767 | 464
Gold 3397 | ae2™ | 361”7 | 412” | 1637 | 4397 | 2727 | 4947 | 4287 | 3557
S&P DOW | Eurostoxx Crude Nikkei | FTSE
500 30 so | NASDAQ SSE VIX 225 100 Gold
S&P 500 1
DOW 30 996™ 1
Eurostoxx 50| 649" | 642" 1
NASDAQ 9227 | 9147 | 4147 1
Crude oil 8937 | 884" | 494" | 850" 1
SSE -7427 | 27697 | -3137 | -6807 | -6347 1
VIX =335 | 22997 | -4627 | -2757 | -1957 | -2017 1
Nikkei 225 | 894" | 901" | 795" | 7307 | 802" | -724" | -226" 1
FTSE 100 | .859™ | 8417 | 748" | 7627 | 739" | -368" | -599™ | 748" 1
Gold 4167 | 4197 | 071" 4957 | 3597 | -1337 | -286" | 0997 | 480" 1
p > 0.05, 'p > 0.01.
8 Information Systems Review, Vol.22, No.1
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aRsvs AR e A HA JE g8t JEEEY TS A3t sk
A EFAQ RS dAHCRE uHg F T ol <3 5>oA 2d 2-15F Ed 29714
WA e BA wiAute g AA AA 2957 T EEA] AR WFES JAH R FU18
EEAY ARES HEHoR 1T Al WA o £A% Zloltk 4] A7}, ANN 2 SVM Kot
HE R A2} ] vk v BV 4 Y Al FL AFAE Holx Utk
(E 4) ANZH 29l &8 M Znt
29 11|29 12|29 13|29 14|29 1529 1-62d 17|29 18|29 19|24 1-10
S&P 500 v v v Vv v v v v v v
DOW 30 v v v Vv v Vv v v v
Eurostoxx 50 N4 v v N v v v N
NASDAQ v v v v v v v
Crude oil v N4 v v v v
SSE v v v v v
Gold v v v Vv
VIX v v v
Nikkei 225 v v
FTSE100 Vv
ANN RMSE | 0.127 | 0.117 | 0.111 | 0.103 | 0.106 | 0.097 | 0.090 | 0.088 | 0.091 | 0.087
MAPE | 0.034 | 0.031 | 0.029 | 0.011 | 0.011 | 0.025 | 0.023 | 0.023 | 0.024 | 0.023
UM RMSE | 0.175 | 0.174 | 0.174 | 0.167 | 0.178 | 0.158 | 0.160 | 0.159 | 0.142 | 0.143
MAPE | 0.049 | 0.049 | 0.049 | 0.047 | 0.048 | 0.044 | 0.043 | 0.043 | 0.039 | 0.035
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A Study on Uncle Block Analysis of Blockchain
Using Machine Learning Techniques

Han-Min Kim~

Abstract

Blockchain is emerging as a technology that can build trust between users participating in the system.
As interest of Blockchain has increased, previous studies have mainly focused on cryptocurrency and
application methods related to Blockchain technology. On the other hand, the studies on the stable im-
plementation of Blockchain were rarely conducted. Typically, uncle block in the Blockchain plays an
important role in the stable implementation of the Blockhain system, but no study was conducted on
this. Drawing on this recognition, this study attempts to predict the uncle block of Blockchain using
machine learning method, Blockchain information, and macro-economic factors. The results of artificial
neural network and support vector machine analysis, Blockchain information and macro-economic factors
contributed to the prediction of uncle block of Blockchain. In addition, artificial neural network using
only Blockchain information provided the best performance for predicting the occurrence of uncle block.

This study suggests ways to lead and contribute to Blockchain research in information systems filed.

Keywords: Blockchain, Uncle Block, Machine Learning, Prediction, Blockchain Information
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