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Evaluating to apply the Hadoop for Large-scale Mining Software
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Abstract: In this paper, we perform an experiment to compare processing speed on Hadoop (i.e., parallel
distributed processing) with on CPU (i.e., serial processing) by calculating software metrics from the commit
log data of the Eclipse project and the Android project. From the experiment, we find that the Hadoop
approach is up to a factor of 1.71 faster than the CPU approach from the Eclipse project and up to a factor of
42.27 faster from the Android project. The result of comparing the number of servers shows that the Hadoop
approach outperforms the CPU approach. When we make use of the cached data, the CPU approach is
faster than the Hadoop approach.
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Table 1 List of major process metrics using bug prediction
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Algorithm 1 Algorithm for Stepl

1: changeNum < 0
2: for each file in FILES do
3:  for each commit in COMMIT(file) do
changeNum < changeNum + 1
end for

4
5
6:  changeNum/|file] < changeNum
7 changeNum <+ 0

8:

end for

Algorithm 2 Algorithm for Step2

1: changeNum < 0

2: for each file in FILES do

3:  for each commit in COMMIT(file) do

4 for each file’ in COCHANGED (commit) do
5 if file! = file’ then

6: changeNum + = changeNum|file']

7 end if

8 end for

9 end for

10:  NCCF|[file] + changeNum
11:  changeNum < 0
12: end for
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Table 2 Server environment used in the experiment

< AH —H—

CPU Intel(R) Core(TM)
i7-3930K CPU

@ 3.20GHz , 6 cores

AL —TH— X7
Intel(R) Core(TM)
i7-3930K CPU

@ 3.20GHz , 6 cores

Memory 16 GB 16 GB

oS CentOS 6.3 CentOS 6.3
Disk type SSD 1.8 TB SSD 600 GB
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x4 AU AGFHEOETRRH [sec] DILE-Eclipse-

Table 4 Comparison of time to calculate the metrics -Eclipse-

At IN— ARLE Step 1 Step 2
Hadoop put Map LB Map ZLEH Reduce L3 Map #LPR Reduce L3
time  taskl| time task'| time task!| time task'| time  taskf
2 HH] 37.733 | 2.057 | 6.666 3 3.496 3 9.993 1 4.178 3 9.989 14
14 33.400 | 0.824 | 5.326 1 3.217 1 9.357 1 3.748 1 9.674 14
AR 32.512 | 0.797 | 5.234 1 2.974 1 9.368 1 3.415 1 9.597 14
17 H 30.538 | 0.646 | 5.032 1 2.279 1 9.121 1 2.508 1 9.597 14
1 29.946 | 0.645 | 4.940 1 2.304 1 9.074 1 2.493 1 9.421 14
TERTFiE &t R— ZALEE Step 1 Step 2
2 64.533 13.275 0.084 51.269
14 10.634 1.389 0.028 9.217
AR 6.424 0.801 0.024 6.400
17 H 0.266 0.150 0.012 0.104
1 3 0.103 0.075 0.004 0.024
T mapper, reducer DR S =%
x5 AU AFHEDOETIFH [sec] OLL#-Android-
Table 5 Comparison of time to calculate the metrics -Android-
&&t 2= ZHLER Step 1 Step 2
Hadoop put Map LB Map ALEH Reduce L8 Map LB Reduce ALE
time task time  task time task time  task time task
4= 1R 65.533 18.248 | 12.054 26 3.337 26 13.912 1 4.598 26 10.265 14
14 42.081 4.507 8.945 7 3.201 7 10.297 1 4.061 7 9.917 14
AR 36.295 2.532 6.542 4 3.015 4 9.668 1 3.472 4 9.867 14
17H 33.139 0.968 5.524 1 2.842 1 9.359 1 3.436 1 9.655 14
1 M 31.273 0.791 5.125 1 2.715 1 9.058 1 2.890 1 9.583 14
TERTFIE At 23— A LEL Step 1 Step 2
42 4 2685.667 160.745 0.180 2524.742
14 1742.904 32.352 0.114 1710.438
HeAE 53.562 15.183 0.047 38.332
17 A 1.756 0.885 0.031 0.840
1 B 0.530 0.449 0.008 0.073

£ 3 T—4%%tv FOHEF
Table 3 Statistics of the data set

HfH AR aIy b BEET AV

Eclipse | 2T  165mm 264,898 210,503
145 22.4[mB] 35,500 47,952

AR 15.2MB] 22,077 41,135

154  1.83mp 3,366 7,808

1R 284ks] 646 1,191

Android | 2T 1.58(an 1,766,981 567,014
14 4l11p 434,799 323,789

HebE 204[MB]) 218,807 99,930

145H  36.5mMp 39,539 21,522

1A 15.0/m3) 16,479 3,916

T BEclipse 1% 2001~2009, Android % 2005~2011.

ZECTHAWZYARY N OF—#1%, MSR Mining Challenge
2011*2, 2012*3 |2 X v &t &7z Eclipse ® CVS U R
U &, Android ® Git YR MV DaIy ha s Thd.

*2 http://2011.msrconf.org/msr-challenge.html

*3 http://2012.msrconf.org/challenge.php
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4.4 EERER
RQL:T—42t vy FDIREIZH A1 5T Hadoop FIAT
5HRIEHDDH

T—H¥ v OB K E W E X T Hadoop % FIH T
DRI H DN, Ty hOBBI/NS WV E XITIT
Hadoop ZFIHT 28TV WD T &R E 5
nNTns., 7ertEAxAA M) 7 ZO0FEICEWVTH RO
FERNEGIHE TE 528, T OHERZ BT 572012,
NCCF %24k FIHEOBRMILTRO -G L, RETFIE
IZ KD WH LB TR D =256 L O EITo 2. *
DfERZF 4, FR5HIRT. BRIFHREY ©, 2o
F— 2 O, Hadoop &A% Z & T 4 @ Eclipse ®
F—4% v FT1.71 (=64.533/37.733) £, % 5 ® Android
DT —H T hT42.27 (=2685.667/65.533) {5 < G5
THIEMTE., —FHT, 79— %y FR/hEnE &
(Eclipse Cl3 &R SA, Android T 1 4ERIE DS
B) IR FETRFL L2 ) DN E WV I RN EL N
7-. ZihiE, Hadoop DEFIHUALER 21T 9 72 8 DRiZ AL
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56 AL—T P OEMIC L BETER [sec] Ok
Table 6 Comparison of time to calculate the metrics changed

number of slave server

Bk | S—24E Step 1 Step 2 &t
0 68.357  45.192 115297 228.846
1 69.490 43.718 102.278 215.448
3 41.260 23.416  42.374 107.051
5 33.085  18.399 28.782 80.266
7 30.302 17.994 15237  65.533

e, 7—2BEET—\HTIT 720, KZ O
MEzHESCLIETZDTHDHEERD.

#z 4, £5ONX—ZUHIONGRIZEBNT, put e —70
WNT A AZIZS DT —H 2y & HDFS ~#H3 5 IEfH]
BERT. T—HY A XIBRREVGE, put ORI ZE O T
HAERTHE L Y Hadoop DI 5 BEL FHE TE /-,

Step 1 OFFFER#IZ, £ TOHAEIZIH W T Hadoop £V
BIERTIEDIZ ) PR FHETE =, L, Step 2 DFF
HEO(f+7* f) LT, Step 1 OFFHE O(f *7) 23/h
STl ThS.

5 OEBIMICENT, HERFIEIZL D Step 2 DFEAT
RERIAY Stepl & HE~_T 1 HBEEL L3> TWv5. Step 1 &
Step 2 DEHEBEDELITTEXD L, ZNEEDENRET
DOIFFHTIHR. 2T S T —F A AP KREWNT
WIZ, ATy THAPRER LD EEEZ LS.

FE F4, 5LV, FokvrRA N7 AOHFICE
WT, T—%Ey hOBRRHIIZKRENE X (Eclipse T
T2 O%4, Android Tid 1 4L EDOEA) 1%, Hadoop
EROVAIEI NEEICHETERN, Tty FOBK
BWINEL 72D L, HERFEDOHTNEHIZEHE TE, Hadoop
ZRAT 2N BIT RN D MR T 7.
RQ2:MERFELVELERICUET H-0ICIE, EDEE
DH—N\DEHENBETHIDH

AL —T Y —N"OEHEE 2T, Android DL D=
TT— 2B D FETREOMKEI T, ZOERT
X, AL—=TH%—nEzhEN1, 3, 5, TALAHEEX
THWESHEE, 1ATYAZ—F =3, AL—T %=X
DEEN AT O B L X A HREE W& & Th
BxiTo7.

F£OITHERERT. BEN 0 EORBRIL, BUSHOE
BORRTHD. AL—THF—=N0HL 1 HATHRICKE
VBV DT, ARERICITEITAEZ ~ A ¥ — P — S H{K
TAT O 7y, AL —TH—"BEKTIT ) hOENT, §HHE%E
TV —NOBEKIF L THAHDTHAHITEZEZ LS.
5 DERFILEOLHMOBREAL =T — R 1 HD
FERERT AL, AL—TH— R 1 EOFNEEIF
BTz, ZhiE, AL—7%— 3T mapper, reducer
DR S NP R T o TW=eHE EBE 2 5.

O QEYRBEEMEHT D20, BEFEDRTHRWRAE Y ORE
BAN—RT 4 A7 RIZEEHL, BIXOHAAALETDH L

©2013 Information Processing Society of Japan

RQ3:AIEDEEEREZBFATE 554 TH Hadoop D
DREHDDH

2D NCCF #—nbatET 5D Tidzl, BEE
NURYMVICEFEEZaIy NT58, ThETO7 74
NOEFERFE NCCF OENMEFFENCNDr—A %4
ELIEERETo. 2FD, BARENR=I Y MIBITS
EHE72T NCCF 2 HitE LIEGEEMEL TS, 72
B, 20123y FOEXIZT10HO 7 7 A VHFEFEIZ
ERINTWDLHLD LT 5.

Android O 2B O v 75— Z TR TEBREIT - 5
B, WERFHEOHAIT 659 B THAETE DI LT
Hadoop D35A 1L 14.476 #2020, Hadoop ZFIHT 5%h
Rixenwz Ebhrotz. el NCCF OFFHEmfE%E 5
FLT7ANMCHALTELIET, HiLnay Mokt
LCEL OHEEPMBETIIRL Rotztzth, (ERFET
b ICERICETCE L EE XD, £D—J5T, Hadoop
IEEITOWREO DI H IREORHMZET 5720, #Ek
FHEIVBEL R-oTLE-TZEERD.

5. EE

5.1 WRAYFTUF

Hadoop 2MLERMERED M A XD Z &R TE 28T
BD1o5THDZ LIL, 4 EOR-RNOMHRTE . L
LN G, & TOUPET Hadoop D7 A3 EHIZAEE T E 7=
b TR, HRFEOFREHEILIETEI5ED
Holz. I TARETIE, Hadoop OZhEH) 725 FH HiEIC
DNWTY T U FERXTELET L.

F—ZR1:702z) VEBENRAEHROTOD Y b
[SEWTA M IRFEZTS>HE. BEdG0o7 vy
7 R T, Git 2 EONBRIORER S A7 A&FA LT
Wb ERET D, FlxiE, Android @ X 512 6 D=
TF—2 %N L, NCCF ##ET 5844, A MU RiE
ABSRORERTIE, BRARER T — & bFEEET, —»
HA NI ADHBEETORLERDH D, ZOHE, &4,
#£ 5 DL HIZ, Hadoop (2D EEkRTFIEITZL < DRFH
U357, Hadoop ZHW5HI1E 5 MBaFFE L.

F—R2: 700z FEBENFELSMOA RS R
HEZTOBE. r—RA10%, 7uv=s NEHENK
EMDOAD NCCF 23 E LT-WEERE 2 LD, filx
WX, M1IFEMOA N 7 2E2HET A, £5NDEE
9% & Hadoop Z W 21% 2 34FF Lv. LarL, Hadoop
LIERFEDOELHLEAVDIEIRFELVMNET B Y =
7 NOBRIZELAEND.

TR 3 RAEEMSFEREEFOO-AILIRD LI
BWTA M) RFREZTSHBE. 77— A1 0%, B
BRAFOTOEEZATORE, €0=a Iy hOMENED
BETHLVEMVIEWGEERHDL EZXLND. TORE
Wi, BRI — R 1 OFATREROBRIAEITH 2 &N TE
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0T, HiEEARIDEGOHERDDIZF TR, ZD
%a, RQ3DOFRD L 1T, MERFIEDIZ O A, FEITORH]
DL TR, EEICUElEZK T TE 5. Fiz,
Hadoop ® L 912, BEEOTF — "BYUETRWZD, B
FEPBEORBEE COLEITTHIENAETHS.

F & & Hadoop 1TLEWEREDO M LA XD Z LN TE DA
HA7eTFED1>THD. LHL, Hadoop 7 —HE > hD
/N Z WL (Eclipse Tid BRI DHA, Android
T L ERBEOHRR), TRV ELNR V. 22T,
AR D7 —2 1 b —2 3 O X 5 ICFIHHE OB %
%8 L C Hadoop Dl i EZRSMLERH D, 7272 L,
Hadoop OFIMICIZZ AV DOEMFGEELEET5H. DT
», HADRRIZ Hadoop DGk = FFOBIRE N — A bW
WA, TOFEIANEEBETHIENEE L.

72, Hadoop IZ Java TEEINTWH =D, Java D
T N T —LEEHTLHIENTEDL. DD,
Hadoop &WERFIEAMAGHLET, TRENORMKEE
MUTCFEEZRITH ZENTED. FlxIE, KX THEAL
72 NCCF %345 & & (12i%, Hadoop I &V 78— Z4LEL
L Step 2 %, TERFIEICLY Step 1 #EHETHZ LT
D EERICEES S Z LN TE D,

5.2 NCCF LD+ k1) & XI5 % Hadoop DR

AIFFETIX, 3EDOER 1 OFNLEHEEN R D RKE W
NCCF % & A CREHiisEER %17 > 7. NCCF @ Step 1 OFt
REIR1LOHEROf +7) &, Step 2 DFFAERIZE 1
DOHFERO(fx7x f) LRLTHDHD, ZHHEDARY
T RIZONWTH 4 BEDFK 4, F5IZR LT Step 1, Step 2
ERITRE DR CHRITIND LRI TE . Lo
T, R1OHERO(f*7) TIEITENDHA MY 72 (PD,
PC, LCBR, AGE, MSF, MSP, MAF) IZ£ThOHAEIZ
BT, 1OHFEREO(f+T+f) TEITSNDHA NI I A
(NCF, SCF, MSC) 17 —4 & v FAVIEEWIEA (Eclipse
TIT AWM OYE, Android Tl 1 FRIHDOHE) 12
BT, Hadoop XV HAERTIEE H W21 @ #HIZH R
TEBHEEZD. B, BR1DARY 7 RATONTEREIC
FEBRTHZLITABRORETH D.

6. BnHYIC

KT, VAT MY ~A = romdbx B L T,
VARY MY ~A =2 71Zxt9 5 Hadoop DMEEEREAN 21T >
oo F=ARAFT 4L LT, 7utAA N7 AD1OT
&% NCCF &R DEMHEZITo 7. MEMM AL Z e n
LEBREITo 4R, Eclipse D7 —4% %~ hT 1.71 1%,
Android OF7 —#t v b T4A227T HFHELFHETHZ LN T
7. = NOBHOEIC L B ETREM O LR 21T 7=
FER, —2HTH Hadoop D NHERTFIEL Y EmEIZ
FHECE . RO ERERE BAH LS h 0 TRH
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D Z 1T > =55, Hadoop # WD L0 b itkFiE%L
HAWDIE ) MEHIZUBITE 5 2 ERbhro Tz,

SO E LTI, GPGPU DR FER 2 I 2 7= &
{EPREREEEZE X TN D, KFHXTIE, Hadoop OFEAMSE
BREATo D, b mdfbFiE s LT GPGPU [14] = H
WA — T » I X pBitEREm E23dH 5. GPGPU
DOFHl5EER 217V, Hadoop, GPGPU NN EFT &4
MUY ARY M)~ A = T ~Oil A HEERE LT 0.

B AWIEO—IE, BIEHARIESER TIST) Ok
WS ZEREF Fe et S35 TCREST (2351) D MFJeaEk T8 2
FF 2 — )V EREH RICE T AV AT LAY T vy =T
ORI OWFRIRE THRA FR_XEZ 27— VIR O 2 —
N—a v Ea—F 4 TmF Y7 by = TERWERE I2X
L8R, RO, BARFAHRESE A& Me CGEF A
AR 5 24680003) (2 X 2B A % T 7.
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