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Classification by Time-Series Gradient Boosting Tree
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We propose a time-series gradient boosting decision tree for a data set with time-series and cross-sectional
attributes. Our time-series gradient boosting tree has weak learners with time-series and cross-sectional attribute
in its internal node, and split examples based on dissimilarity between a pair of time-series or impurity between
cross-sectional attributes. Dissimilarity between a pair of time-series is defined by dynamic time warping method or
in financial time-seires by indexing dynamic time warping method. Experimental results with stock price prediction
confirm that our method constructs interpretable and accurate decision trees.
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FETH D, — /T, BFHEIC L2 FHNERSRBIfRT & B2
V. FEz S £ <ERTLIBEDNRDH D, kDT 7 A F VA5
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FEHTED, U UBPSHEROPEAREETFEIIRRIEN
EZRELTOARW D, #iliD & S BERAIT—2 2507 —
ZESITHAT 254, T X ORMESKREL 2D, REH
MRFTLELD Fiik e UT, RERHIT — & % FHUE D P XA
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INTWDEZLnb, [Nakagawa 17) D & D IZPREARFE FIL
T3z <, EfFE (k-NN % k*-NN[Anava 16]) & i3 Z
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WERTHY, HERDETANEZIEI T AR —REFT AN
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BT BHRERSIT— 2 % xi(a;) TRT L, T—X Y halk%,
DTW (z(aj), exi(a)) < 6; &ii/z9 7 —X &Y PSRRI N
UL Lz a3,00) = {(3,2)| DTW (e(as), 2:(a)) < b:} £
NS DES R(x,a;5,0:) = {(y,z)|DTW (z(a;), zi(a;)) >
0:;} W ET D, 22T DTW (x,y) &, B H9 IR
(DTW) (ZEEDW 2 HAUE 2 RS, DTW IR T — X1
B —mOT—2%E 5 FHOIRIT— 35 B EEU
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Algorithm 1 DTW distance
1. procedure DTW(z,y)

> Initialize matrix D

2: Var D[N, M]

3: D[1,1]=0

4: for i =2 to N do

5: for j =2 to M do
6: D[Z,]] =00

7: end for

8: end for

> Calculate DTW distance
9: for i =2 to N do
10: for j =2 to M do

11 Dli, j] = d(z[i — 1],y;5 — 1])
+min(D[i,j — 1],Di —
1,41, Dli - 1,5 - 1])
12: end for
13: end for
14: return D[N, M|

15: end procedure
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[Friedman 01] i&, 7—AF+« VI DEATY TTHEST D
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boosting tree) &\ FEEFRL 2, ZHIXREE (A))
Zax, INVE y EUT, BEES fr(z),m=0,..., M (X
UTRERD7EE F(x)

F(z) = fo(z) + fi(z) + ... + fu(z) (1)
ZHREEBL(y, F(2)) BBUMIR 2 & 212895788 f,.(2) &
BRI B URAT 5, DY, B8 Fo(x) = folz)
NEZEN5L L, m AT THOFETIE m AOEE )
573 % RO R M % BRI Ly, F(z)) PE/NIRD &5
IZEERAR R DD,

Fon(z) = Fno1(2) 4 fim (7) 2)

BRI T VT XLAITO@EY TH D, BT — AT+
VI ROEHE, FORSTOETIVOFHIE L SR OB~ %

HINERE Uz ) —%2 L, 20V ) —ET O Tl
fEIZ & 22 NETDZLIZHD,

Algorithm 2 Gradient Boosting Tree

1: procedure GRADIENT BOOSTING TREE(y, x)
> Initialize F with a constant

2: Fo(z) = Zf\;l arg min(y;, c)
3: for m =1to M do

L(y;,F(xz;
4: Tim = —[EUECD p b )

> Fit a decision tree to predict targets rim

5: f(x) = FitTree(rim,x)
6 pm=argmin YN Ly, Fuoa(e) + pf ()

P
7 (@) = Fur () + 7pm f ()
8: end for

9: return F(z) = Zi‘::l Fo(x)

10: end procedure
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I CTHEZ U 72 [Yamada 03] OFEHEF53E] 7 A M K B IR
RAREARIZBNT, RERGEMELS D JEME, 3l O,
ZHEBWEBINT 2, BIENRRIT — 2 D54 IS ELHER]
AETAMIESTHEZTO, KRIISDOGHE T, @
DPRFER L FIRROIEE (RHE) THEZTS, BARKNZT IV
Y XA (StandardExSplit with Cross-Sectional Data) i3,
Algorithm3 Dl 1), H (o) IFAHIE 2 F BT, ARITIE,
F<HHIND Gini FEZHND,

Algorithm 3 StandardExSplit with Cross-Sectional Data

1: procedure SPLIT({y1,...,Yn}, {Z1, ..., Tn})

2 for each samples x; do

3 for each attribute a; do

4 if attribute a; is time-series then

5: for each samples z;, do

6 L(l‘, a;, 91)

, — {(y, )| DTW (2:(a;), 2 a;)) < 0}
8 R(ZE, a;, 91)

9 ={(y, 2)|DTW (zi(a;), xr(a;)) = Or}
10: G(L,R,6;)

L = \L‘-sL-lmH(L) + |L‘-1:IR|H(R)

12: end for

13: else

14: L(z,a;,0:) = {(y, 2)|z(a;) < 0:}

15: R(z,05,0,) = {(y, 2)l(ay) > 0.}

16: end if

17: G(L,R,0:) = ¥ H(L) + 5 H(R)
18: end for

19: end for
20: 0" = arg min G(L, R, 6;)
21: return tfest split 6~

22: end procedure

ZOHET VT LR G ERERIIPOEA R AT — 2
F 14V IROFFEE L UTHAT 5, © ORI SRIERSIA
RSN L LT 2 BNAEE, RAIT— X DRT ISR
B AR R ETE I 1E [Nakagawa 17) CIRE X N7, Hfli 73
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1: Time-Series Tree with Cross-sectinal Data

IZE #1172 Indexing Dynamic Time Warping(IDTW) % >
%, IDTW (ZRMEBOB AN S, AROME 1L LT, HX
DIfifgHER = AR L DL EF->THERLU 22503 LT DTW
%W % (Algorithmd),

Algorithm 4 IDTW distance
1: procedure IDTW(z,y)

> Scaling data

2: Var Iz, Iy > Initialize Ix,Iy
3: Iz[1] =1,1y[1] =1
4: for i =2 to N do
5: Tafi] = Tafi — 1) 575
6: end for
7 for j =2 to M do _
8: Iylj) = Tyl — 1) 5425
9: end for
> Apply DTW
10: return DTW (I, Iy)

11: end procedure

MEFEINDRRIRERDA A=Y N 1 TH b, RRF]
IR LT, EE ORI & 2 08T TR, KRN HE
DBEDTAR LFELIL TS, FUL THRVR, &S
RIZEEDOV DM TONT WD, DD, ED LD LM
MO ND DINEBRN R BN TRE L 8.5,
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HIZE IR U ZIERA AR T — AT 1 ¥ 7K (TS-GBTree)
EHWT, HAMRZ FQICEIED 247D, HiHTET7— 2%
TOPIX 8B LU0V 0 A v a v DiE#He LT, BEHD
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72T —Z ORI, 1985 4 1 A5 2018 4E 1 HETTH Y,
SRR AN Z 1985 4F 1 HIZEEL, Zhdk ) T2 5
FHEEDHETE LT, 20054 1 ANS 2018 FE 1 HET
ERGEEB L Uz, DI h o T, BRAAN 7 — AT«
VIRERANT, BARICFHETO, ERFPHIOGEITHE
121 L TOPIX 2 EH\W\, FEFHIOEEITIE 1 AL TOPIX
ZieH), TNk 1WA EL P E T o2, gk
RERFNPEA (TS-Tree), FefT5ED IDTWH+E*-NN(k*-NN)
=W,
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2: Total Return of TOPIX k*-NN,Time-Series Decision
Tree and Time-Series Gradient Boosting Tree.

# 1: Precision, Recall and F-Score of k*-NN

precision | recall | fl-score | support
Down 0.62 0.52 0.57 65
Up 0.69 0.77 0.73 91
avg/total 069 | 0.77 0.73 156

7% 2: Precision, Recall and F-Score of Time-Series Decision
Tree(with CS)

precision | recall | fl-score | support
Down 0.49 0.65 0.56 65
Up 0.67 0.52 0.58 91
avg/total | 0.60 | 057 [ 057 156

%% 3: Precision, Recall and F-Score of Time-Series Gradient
Boosting Decision Tree(with CS)

precision | recall | fl-score | support
Down 0.55 0.65 0.59 65
Up 0.71 0.62 0.66 91
avg/total [ 0.64 | 0.63 | 0.63 156
#% 4: Accuracy of Each Method
k*-NN | TSTree | TSGBTree
TS 66.67% | 54.49% 66.02%
TS+CS - 57.05% 62.82%
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