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A Multivariate Decision Tree for Big Data Classification of
Distributed Data Streams

ZHANG Yu'? BAO Yan-Ke* SHAO Liang-Shan? LIU Wei'

Abstract Considering the irregularity and variability of the class boundaries of distributed big data streams, when the
univariate decision tree is used as the base classifier in an ensemble classifier, large amounts of base classifiers are needed
to accurately approximate class boundaries. This will reduce the learning and classification performance of ensemble
classifiers. This article proposes a multivariate decision tree based on geometric outline similarity (GODT). Firstly, by
using the optimal reference vector, the n-dimensional data points are projected onto the one-dimensional space, thus a set
of ordered projection points are established. Secondly, the set of projection points are divided into several subsets, and
the intersections of different subsets are projected and divided by recursive projecting and splitting. Finally, a decision
tree is built. Experimental results show that GODT has a better classification accuracy and requires less training time.
It combines the high learning efficiency of univariate decision tree algorithm with the strong representation power of

multivariate decision tree.
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T - YNGrkeALR
Minobj : 37 5/ INEAREL
R ARAT A
Output:
Tree : GODT gt
Function GODT (T, Minobj, R)
Begin
if (R WrAHEARE2] C)
FRiC R AMFAT R, HAHIH C;
Return;
else if (R WFAEUNT Minobj)
FRig R AMFA7 5, HAGIh R AT M
FEARBR Z 1251
Return
else
WHE R EME M Sy;
MM (2) WEAFRERES P, Py, Py
W& P, P, -+, Py IWZESSE, 54-30ER:
T, Tyz, s Tt
Tplv TP27 e 7TP5;
for each Ty; in Ty1, Ty, , Ty
Bl R W9 Li, HA5HART N HF75 5
TEAE Y L8 Y
end for
for each T; in Tp1,Tpo, -+, Tps
Bl R 19 A Mjy;
TRk S Y
RHL Ty WIREASE Tj;
GODT (T;, Minobj, M;);
end for
end if
End
End Function

WL MNGR. AL, A ANk GODT. $#F

Kk, W GODT XARMISHFEAIT 02K, 73
PR

D] L WA E AR MR, WA A
X B2 o 4 BT R AR 2

P8 2. B FEARREA X, 529509 5wt
HfEm Sy AIRLE Y, IR Y 5 Y] 1
R, BRI AP 1Y L, [ E PR 1

TEAFAS a5, GODT F 5 A R EAF

%%

1) t A B e 1] 7

2) THEAEG 5 B B ) Y LA A2 ER AH 0L
JE;

3) HEF A 24N RAE.

45 1) H i ABIT g TH 58 SR AR AL EE 2R 8L w,
Wa, -+, Wy, FYNGIFEE IR O(m?); (155 2)
MY ZRIS TR SZ 2 B2 O(nm) (n S 48T KA I 2
FEBIRE); 255 3) R APl HET ik, Al ZRmtE
SN O(nlogn). TJ&, GODT #E4g A )4y
BB O(m?) + O(nm) + O(nlogn). #n
> m B}, W GODT &34 (] 45 s Ul 2R s 8] 52
AREEH O(nm); #5 m > n &), N GODT et~
BT B A I ZRR TR S 24 A O(m?).

4 SEREREER IR

AATTE S A AR R A B N s 3 A4

LW 1. WK E T GODT iy 45 A 4 2 4
EGODT 143 2K BRI Rt [a], 4840 % TAE
) 3Ly 8 C4.508: 101515 Hoeffding Treel® 12
il Cart-LCU Mgz xf Ho 4 14 25 2%: EC45, EHo-
effdingTree F1 ECart-LC;

LU 2. FER[FIE AR, it 4 Fpde
BLAT RARIN 3 SHNG S

I 3. MR E 28 GODT M2 HELRE,
If5 C4.5, HoeffdingTree #1 Cart-LC EX} .
4.1 SEWIMEFNEIE

AR B S B 42 KDDCUP9928 Record
Linkage®®! #1 Heterogeneity Activity??! izt
Bt BARATEIE B LE 1.

GODT ki C# B 559, HHE Visual
Studio 2013 ¥EE N4 IFIAT, i L6 2 TE A —
& TAES; (CPU: E5-2620, f7: 40GB) F5E.

* 1 Hdhdk
Table 1  Dataset
Dataset Number of attributes Type of attributes Size Number of class
KDDCUP99 42 Nominal, Numeric 5209460 23
Record Linkage 12 Numeric 4587620
Heterogeneity Activity 7 Numeric 13062475
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4.2 HHREBIERIME TR

AT B . TSR BRI R, A
WG T — M EEIER A T A Stream Gener-
ator. Stream Generator 17 1 PR S50
PEadk dfs. 5346, AT MIREBT s O 2R B8,
R IE T8 HE K4 T H Data Collector. Data
Collector £38r 1 MEHRIBE: 1B3hE 1O K/ wt.

AATLI B IR 4 AN RERT A1 A
AT SR, R VM Workstation £ 1 & TAE
ui BAE 5 RN, e RV EL 4 GB N,
FIFHH A 4 S48 8 /5 & (Distributed node), 1
BYE N LT R (Master node).  I| 5% 5 F0
KB L FERETE 4 DR A, HAERA R
T RERE Stream generator SRABIYEHRAE L ik
H AR DA BB 1R ds. SR T S A AR 4D 8 B L
BRI O, AR R EERE df s SHE
B AW AR A, AR AL R R (1000, 3000]. 7E
AT B2 Data collector 14 /4258, Data
collector Ay J5) 73 AR WA R85 dim, 142 Jm) 7 28
2R M TR 28 IR0 A L) 43 588 53 B 25 ey R 1T
K SRR RUR R BB o e B i A 4 s, 4k
SEXNTAE L BN IR A E A AT 25

HLO AT R A SR 3 e MR o 25, LT
2O RGN AR A AR B AR R n, R
WY RTEIR BT ) R t, B2 A O S AR
RN eciiy = {Céil|]' =1,2,---} (03*71 N eci
HEg g NE SR, W0 w PGSR T, #
m < n, FIHA T, L m+ 1 ADESRER 0
m > n, FIH T; Pk eci—y o B RF I w3
3R, AL v] DABRUE S 7 2845 2 TR 1) 25 571,
ST AR R S RN e
4.2.1 SRS LS=REENR

fEn =10 &M, ME wt B3, & 3 %4
T 4 FhEES A JEAR A 2 SRS B AR A 100

MK 3 7] PLE 8, £ KDDCUP99 Fil Hetero-
geneity Activity $iiRgE b, BEE wt 380, 4 N
B BAE A AE B A BT, X2 R R I 2R gicds i %k
=5 wt BIE L, wt BOK, IGEdREZE, W) 4 45
PR ) R T SR, X PR ) R #E Record
Linkage $#fa4E FARIUA &, 33X B A 45
AR, AR FAEXT T, wt = 5 B
IR W T 2R o 2 Rz A2 2]
R wt BIEGAN, 7 JERS BEERRTHIRFEAR /N, 55 4h,
F Lt EC45 1 EHoeffdingTree, EGODT 5 ECart-
LC W0 FAE BRI, HHY wt = 5 &, EGODT
[ 53 ZR B e v, T GBS B N 2 s e, X AR B
T EGODT Fe/NIGREEREE T 22 0%, X2 K
h GODT J& T 2853 A @ fr e s, HAEmM-¥

T AL REAS T SCIREO B — A RS, i L
ESSub oo Eie FaN IS lIBUR ) 95 el DA S e '
5 AR BENUREAS 5 S (0 S ) SR T LA 52 S A 1L
B, % 3.1 WEL e R R — R SR A
4, EATErAL A X IEAR X R Rl @ — 2 /Y, IR
S /IR AR G 5 AR A S A 505 DX IR SO [,

I/ INVEEAS B2 B B 52 s B AT 2 280 A L AL, i
2 GODT BB A/ NIRRT T RIS 8 w43 26
KLY J A
BT HE— Ui GODT fxX fha > ek, & 4
100 % —=— EGODT
—— EC45
EC(“I’L%‘;]“ ree
90 “//n*/"/ Ll —— EHoeftdingT
[ ——1

- jiﬁé&%
g 7
3
2 70

60

50

0 5 10 15 20 25 30 35 40 45
wt /s
(a) KDDCUP99

100 % —=—EGODT
—— EC45
ECart-LC
90 —— EHoeftdingTree
g 80
k)
‘5 4
3
< 70
/a—“‘.——’:r/"*ﬁ\’_‘
'
',/AP
60 =
— 1
50
0 5 10 15 20 25 30 35 40 45
wt/s
(b) Heterogeneity Activity
o
100 i —=-EGODT
—+—EC45
ECart-LC
90 —— EHoeftdingTree
z 80
2
=
3
< 70
60
50

0 5 10 15 20 25 30 35 40 45
wt/s
{¢) Record Linkage
B3 RS RENE sl i 1 O R AR O
Fig.3 The variation of classification accuracy with

the sliding window size
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Fig.4 The variation of classification accuracy in the mining sequence when wt =5
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T 4 PR RERTE wt = 5 AT
B> AR, 7 KDDCUP99 $dfi4E 1424 )7 51
WG HT B, 4 Fhor 54880 0 FOME E I B TR
W5, X2 B Fe e I T B A o) SRS T S 30,
HAERI IR By B Ao 2edn i i B A A D, O
HAES B Z AR 26 55K, T DASR 20K B2 IR
ez (Hig, EGODT (1 ghs [l e HAt 3 Pk
MMRZ, IF B E E 5 B fEig £, EGODT
(I SR Pl B — AN BOINTE L, T HAE S 221
287, 06 LR IX AN/ RFE [, T ECart-
LC 1y sh AR Pl S8 — & WS, (53 3 [l
BK; EC45 I ahiuBIAE 700 M2 54 T RE;
EHoefldingTree 45 & EB R IE HE B 3. YT Hetero-
geneity Activity £ & HEBEAN 2T, EGODT
1 ECart-LC (i shit BB/, 1 EC45 #F 1500 f
Z el EEEY K, EHoeffdingTree 1) 3130 Fl 7
750 H2Z A TRE. BT Record Linkage %4
R A B H AR/, I 4 A3 e as e
ANZHRT I o FERE B TR, Bt FEl AR /.
Bl 4 Bk T EGODT TER /N 8% 11Tl PAZK
FRBEE o3 JE T AR, X AR R (04578 40 11 B s O
KEAE S FEAET, gegdt—L 2l g/ Mg sh i O
1 RN 7 5 e 2l g 0 X AR & T A%, DA B Ok

DIEAE
4.2.2 SRS EKFHBENR

T O 2 > AR I — AR o 2, TRt
R IO JE A W FR YN SRt 8] B Ay 5 03 e 1 U1 2
B, B 5 45th T 4 FhAE o FEas U Rt [a].

M5 A H, 24 wt 5 BENE] 40, 4 Fp
AR5y ZE AN — W 22 ) (A i R B 2 B, 3% 2
PR SR wt 3G, W) wt i) [a] B A Wi 4 i Il 25
BRith 2, W2 B, sk, 75 KDD-
CUP99 %4 I, EGODT #yill 4 asf 1] /N oA
3 Fhar2i8%, MAE Heterogeneity Activity #(#E4E
I, EGODT 5 EC45 Byl 56 a1 40 24, AT
ECart-LC. ¥£ Record Linkage 54 I, EGODT
5 EC45. ECart il a)4%iE, KT EHoeffd-
ingTree. Z5 I, GODT (1) >F-35 11| bt [a] 422 0 Ay 1
PSR C4.5, ML T2 A& R Cart-LC, X2
K2 GODT 1y I 4% 52 SR 154 A R k-1 4
(1) 53 34 2077 A — AN i, RRE 2 SRR B
B MAR Y ST 5070, fe 4 T BORR AR Y 43 24K
B, AR T US4 BT R, B2
IR Z, EGODT - et g B2 AL T Hofts 3 Fp
AR, B RGN 248 BRI 9k 4 5 3
F AL 4y, HA R D —Hor #5201
AT (S, PR b7 A8 5 i i)

TR D, U ZRE A HG 0 B EEAR DS,
4.2.3 AEESAF[HETHINX

e wt = 30 W&LET, G n 13K, K6 45
T 4 PR SR R A JERE FE AR A DL

M 6 v PAFE i, X KDDCUP99 %48,
EGODT 5 ECart-LC £ n = 5 N EED
Zfir T EC45 ¥ n = 30 Wy 2KE B, e T
EHoeffdingTree 7£ n = 30 #4245 E . 7F Hetero-
geneity Activity 54 I, EGODT £ n = 5
INEREHEIET ECart-LC 7 n = 10 4 ZHEE
PAK EC45 £ n = 20 W5 2R, 10 T EHo-
effdingTree £ n = 30 W 2K¥EE. BT Record
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Fig.5 The variation of training time with the sliding

window size
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-
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Fig.6 The variation of classification accuracy with

the number of base classifiers

Linkage #4fs Sy 00 A g, Uk 4 Fhor2eds
fEn = 5 BRI A] 58 4 R FR A B A ny Rk, bl
o KR, 4 PR R EEAR AN, 25
b, 6 Huk T GODT 5 Cart-LC f93R/NEE S
5, FEFR N AH S Ay, GODT 5 Cart-LC iy
T BE T
4.2.4 ESEFJ[IZHEMENR
HoaRBZHEENERERERZ, A%
AR (Disagreement measure)Y {E 53445
b, BB, 53RE, HEBEANA W T:

m

Horr, m NEEAR B, b oy ¢ By IR B Hoy
SR J NN B IREAREL, ¢ hor2eds ¢« AR
B HLor 2% J PN A IR B AR AR R

TEwt =10, n =10 BAMET, £2~5 /T

#* 2 EGODT WES AN RNGRERE

Table 2

The disagreement measure between base

classifiers of EGODT

GODT ¢l ¢2 3

cd cb

c6 7 8 9 cl0

cl 0 0.43 0.52 0.55 0.51 0.41 0.43 0.43 0.41 0.48
c2 0 0.51 046 0.6 0.32 0.29 0.39 0.29 0.6
c3 0 0.24 024 056 0.6 0.56 0.6 0.52
cd 0 0.35 0.66 0.56 0.67 0.55 0.73
cH 0 0.53 0.64 0.52 0.57 0.58
c6 0 0.41 0.19 0.13 0.37
c7 0 0.12 0.19 0.68
c8 0 0.2 0.64
c9 0 0.6
cl0 0
# 3 EC45 ik KRR A
Table 3  The disagreement measure between base

classifiers of EC45

C4.5 ¢l 2 c3

c4

ch

c6 c7 c8 c9 10

cl 0 031 044 044 0.35 0.3 0.31 0.31 0.29 0.35
c2 0 0.48 048 0.53 0.11 0.09 0.09 0.09 0.53
c3 0 0.02 0.53 0.55 0.53 0.52 0.51 0.55
c4 0 0.52 0.55 0.53 0.53 0.53 0.54
cd 0 048 0.51 0.53 0.49 0.04
cb 0 0.08 0.09 0.07 0.47
c7 0 0.02 0.07 0.53
c8 0 0.08 0.54
c9 0 049
cl0 0
# 4 ECart-LC (B AKEHRIMA AR
Table 4 The disagreement measure between base

classifiers of ECart-LC

Cart-LC ¢l ¢2 3

cd b

c6 c7 8 9 cl0

cl
c2
c3
c4
ch
c6
c7
c8
c9
cl0

0 0.39 0.31 0.31 0.3
0 0.22 0.22 0.36

0

0 0.15
0 0.15
0

0.37 0.46 0.46 0.32 0.32
0.57 0.48 0.47 0.48 0.6
0.61 0.5 05 0.5 0.5
0.61 05 05 0.5 0.5
0.46 0.52 0.52 0.39 0.39
0 0.57 0.57 0.2 0.16

0 0 0.38 0.5

0 0.38 0.5
0 0.12
0
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Table 5 The disagreement measure between base classifiers of EHoeffdingTree

HoeffdingTree cl c2 c3 c4 cd c6 c7 c8 c9 cl10
cl 0 0.26 0.53 0.54 0.38 0.3 0.36 0.31 0.24 0.47
c2 0 0.42 0.47 0.2 0.18 0.12 0.16 0.1 0.32
c3 0 0.45 0.45 0.43 0.58 0.58 0.46 0.45
c4 0 0.52 0.44 0.45 0.5 0.47 0.51
ch 0 0.54 0.57 0.56 0.58 0.07
c6 0 0.08 0.15 0.14 0.51
c7 0 0.19 0.12 0.58
c8 0 0.25 0.57
c9 0 0.56
cl0 0

4 Pl 2RAE 3 DR BRI G EERSER.

MK 2~5 ATLAE i, GODT BA G & #F
AKYIE 5 ) 2N (dis, D(dis)) = (0.46,0.025), i
C4.5, Cart-LC #1 HoeffdingTree [ A& E B A
WIH 5 243514 (0.36, 0.038), (0.40,0.025) #1
(0.38,0.028). GODT HyA & EEREAEAE T H
i 3 Fhoreds, M HIHAH SREE > 285 B /DA B BE
&4 0.12, 17 C4.5, Cart-LC Fil HoeffdingTree #H
PE KRG E RS 518 0.02, 0 F1 0.08, B
B GODT ByZ et sam. 54, GODT W25
Cart-LC #[F], LT 75 4bH A 2548, LI HE

PR E. Hitk, T GODT wf DAY # Iz fhRE
PR SRS
5 FHRSRKIME

ASCHR T — Rl 2 AL B . LT
e B ARLLE bR BACRE 22 4k SR P O — 4 SR ik, ST
TARKAME R AL E TR, HAE SRR AL e T R/
KRG RN, 300l A5 1) 23 SR PR AN 5 P e
M. BEOh, X O RS R S A, SR T
VISR, ARSI S iR A ZUENI R & 15, B
T — R RN 23 205, AR T AR R AR 2R
AL, TRl T USRI RS AL . [ HEAdL LA T 1 %
PR A o AR LE, FE A AR h, A3
1 H 1) 2 A8 B PSR B B 1 7 ZEHE T P AR AT
ORI K2R S iAFE R FaW A €1 AN 4 €125 28l <O
NI SRR T — A R B0 2405

o3 A AR LRI 1 73 ST R 2R AR 1
PITIR, HARR—BORPrae ok, ASCFRBO0R
B B R R SRR AE 20 A SR RO B 7 2SR Y
PR HE A FRRAIT TR B BT IR, BRIEZ AN, 23
A A TR 1) 23 A2 9 3 T i K S 20 2 o
b REIRAIE AR S 235 MR &SRS A
SORZ ARG S HEA R T IR RZE H,

N2 TARRYE RO S5 78 22 7 A AT R A Kcdls
Gt SAEAR T T E, TR A B MR
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