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Tweet Stream Classification with Word Non-stationarity:
Learning with Suffix Arrays
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Abstract We propose a classification model of tweet streams in Twitter, which are representative of document streams whose
statistical properties will change over time. Our model solves several problems that hinder the classification of tweets; in par-
ticular, the problem that the probabilities of word occurrence change at different rates for different words. Our model switches
between two probabilities based on full and recent data for each word by monitoring the word non-stationarity on the proba-
bility of word occurrence. This switching enables our model to achieve both accurate learning of stationary words and quick
responses to bursty words. We then explain how to implement our model by using a word suffix array, which is a full-text
search index. Using the word suffix array allows our model to handle the temporal attributes of word n-grams effectively.
Experiments on three tweet data sets demonstrate that our model offers statistically significant higher classification accuracies
than conventional temporally-aware classification models.
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WTE 5, AWIETIE, &3XRRA VT v 7 ATH 2HREFRNI

1) X 9) 13, closed-form ® EWMA #EEXTH 5.

(E2) ¢ fo(w!_py) & rewi_, ) B Je(wi_, ) X DIRAIETSH S,



T = “ab#atfaa#a#fabitbaa#aabfattaattbaa#t”

i A B Word-aligned Suffix

1 4 2 attaatta#tabitbaattaab#atfaattbaa#t
2 22 8 attaattbaa#

3 9 4 attab#baattaab#atfaa#tbaa#

4 6 3 aatfatfab#tbaa#aab#attaattbaa#t

5 24 9 aa#tbaa#

6 18 7 aab#atfaattbaa#

7 1 1 ab#at#faa#attab#baa#faab#tattaattbaa#t
8 11 5 ab#baattaab#a#aa#baa#

9 27 10 baa#
10 14 6 Dbaa#aab#a#faa#tbaa#

'8 Word Suffix Array. “# (ZHFEEIR, 5l A B &R OME (X
FH) friE. 5B c;%%%ﬁaaw)ﬁ;ﬁzzﬁ (HAGE) i,

Hl (suffix array; SA) [22] D9 &, HEEn 75 L Z R
9 T & HE 2 HGER R EERCY (word suffix array; WSA) [1] 12
XD REFEEFET S
5.1 Word Suffix Array OHE
WSA I3M 8 IZRgHRIC, ANTFALTL,... .| 855
Nt %, KEEOBMEDA v Fy 72 ic T3 T
DERFE S = T, ...l 2FENEF I IEZA VT v 7
26T 5. WSA 13, Fghaf el (HEER2EE L%
V) SA ZHWS Z EDPRT, Dy DXTFINEZR [, HEEK
Bk ELEE, BECLBERRR E AEARIZZNZN 0)
EO(k) 7% ([23]1fRFES D, REERDCFIIRICHR
TEHHIT 2 SARET LY X620 E), HiEn /5
L DOAEN R FEBUIIER 1SS O(K™) TH %5, WSA Tl
PNHINCHEEn 77 LW LW TES, £/, HEEOMKE
*%@%T#%umLuﬁﬁzkbimf i b HifliZe 98k
LI HEED CFIIRED m D L& O(mlogk + fe(wi_,i1))
@ﬁ%@@%ﬂ%f%épn
5.2 REFM
WSA REED I 4 77 VX, Fischer & 24V FNVDHE
W 2L, NESTHMET2 SARED I 4 77 V1
1Z Nong 5D 7)Y XA [23] %2924 L 7 sais ™ 2{ifH L 7=,
72, WSA @ LCP (Longest Common Prefix; £ & o K
@ CFF)) ORESEICIZ, Kasai 5D 7L T Y X4 [24] 2 FIA
L7, XFa—FIZUTF8 ZHAL, 7L 77Xy M |S| &
256 fifHE L7 B NA FPOHARFE 1 LTS, 32007 V77
Ry FTHERINS) X912, WSA DOREEREICEIY % Mk
FERERT, VA — b2 L2070 5 WSA 2R L /-
&£ 2 A, MRS TINRISHIZIHGI L T2 2 £23b 5
RETHIL, 77 2AFIC WSA 2R T 2, WSA DEX
%&E%uﬁﬁ—bénfm&mfww B L LAl scE
(di,ct) DGZ6NB7NNTT TR ¢, DIFREEZITH. FH
MEMS T7-oicl ,X%xbu— Z A aEIL, &
WIGED SRR X N WSA IZHEFHTE A L, mBiED X
EDOHD L WSA 2HMEET 2 2 LEHNTH D, ZDRRIL
SRR OA 7y MEZZEI L 72 WSA T EICREL, &

(##:3) : http://ab.inf.uni-tuebingen.de/people/fischer/wordSA.tgz
(¥4)  http://sites.google.com/site/yuta256/sais
(1:5) : BREERINC DV TIBREF 7L ) R LHBHEE I T 5 [25].
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9 NPB 7—#%+t v kD#dragons 7 5 ZAD Y A — b & L 72305
FNZ 2T D Word Suffix Array DAEFERFE]. CPU: Xeon X5680
3.33GHz, Memory: 192GB.

WSA 225D wi_,, 1 DRERMRICA 72y MEZMA S Z &
T, Je(Wi_ i) ZEUGFT 5. 8B, % WSA OFH - pHI0LHE
1FEF - ST TRE T D B,

HEES w (IR m) OMRICIE, 3 20Dka—) AT 4y
7. (1) MRFEREOF vy 2 2) BHDTIL7 7Ny M
Bi9 2 WSA ORRHIFADOFLE[22] (3) XFHE B D H)
W[22] ZMAT, MBRHBEROF vy al, n 77 LOHGE
I MBT B8, n—1 279 LDHEFORRIERZMMT

E, KRiEic WSA hoBRREMZ KD 5 2 LB TE S, 2
DRBOREDr — ADFE R O(mlogk + f.(w)) &%
% %3, Ferragina 61, 2 L 3Dba—Y ATy 7 %2MAT
O(mlogk + fe(w)) D7 N TV X LADFEEEOFEEDS, i
HENTWV 5 O(m+logk+ fe(w)) [22] ® O(m|X]+ fo(w)) [26]
DTNITVALED DRI L2HEL T3]

6. ¥ ffi R &R

RIILRTF—FEy b2HWT, MEELPI Q2%
W) 1B BIRETHED Y A — b EREO RS 2 3Hl L 72,
AREOFEBICE VT, R (6) DHFEES W(d,) 1&, A4 5
BERHE X2 (18] ZFIH L T W (d:) = {w| max.{x2(w)} > 30.0}
ELTRDK, T2, KUY DAL=V T RITIRXA—=F1F
k=09 EFREL .

6.1 FBIRADHE

RETFIE P-Switch 13, ZTHEFILF A — 7 A X0 E#R%
iz, 3 ODIRRE MR TR~ DTG E ATHEIC L 72 €
TIVTH S, KEiTld, BT —FE2FEE - TAFLABRORE
SHEREE L <7 a0 P F iz e, SIESOSREERT,
6.1.1 77 A5G p(clt)

WD, REEBEL 727 7 251 pc|t) DRz B 57
K (14) IR TLIEF A — 7 XA 253588 MNB:

pleld) =ple) [ pwlwilet) (14)

w; EW (d¢)

6, 77 A0A% R (7) ~NAIERE L 7€ 7V Proposall:

plelds) =plelt) ]

w; EW (d¢)

pur(wile, t) 15)
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Macro average Fi

R
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>V

*MLB |
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050 W

-
0.45 : j \
0.40 : j
0.35 ‘ MNB: Eq.(14) ‘ Proposall: Eq.(lS)\‘*** 1p < .001
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Smoothing Value for Class Prior

10 RSB L 727 7 A5040 p(c|t) ~DIEREE. X (7) D v Dff
% 0.001 2°5 0.5 £ TE{LE ¥ 7%, Uniform/ML 137 7 25545
TR AHEE & LA 2 2 NFiunT,

0.75

[Macro average 1
0.70 — INPB
*TV /y’ W\

0.65 *MLB =

>‘(:,/ SSS&
060 1 _pg /': m

[ Jabalete kX
0.55

x¥*
0.50 —
045 I Proposall wxk 1 p < .001 3 Proposal2: Eq.(16)
’ ML 0.0001 0.001 0.01 0.1

smoothing Value for Word Probability
11 ﬁ%%ﬁbt‘%&ﬂ%%p@ﬂqﬂ«@%%@%.ﬁ@ﬂo
A Dfi% 0.0001 25 0.1 TS, |3 BAEH R
EiRAHEE (R @®) & LEEA%ZRT. v=001, A=0.5.
WZDOWTEHI L 72, K10 ISR THRIC, 2TDT—F &y bTH,
ZIHF A — 7 XA A5 HER TR ZEZEE I p(c) 2 LHEE
L7234 (ML) %, —f0f6 & L84 (Uniform) 1IZHIRT,
p(clt) ~OILRIC & H FHEREEH R ICH L7 (McNemar &
T p <.001) . K (1) DHEKTFE (instance selection/weighting
%) ITHRT, R (15 DEFIIEY I ADRDARED T —
ZEALZZDDICHYL, 77 2010 L MEEHEHEE % Ffko
RZIRTHRO R LB TR VIR Z 52 Tw 5,
6.1.2 HEEHBIRER p(wilc, 1)
RIZ, WxBEL 7 MG BHER p(wilc, t) DFIRER 2 72
&, RS DEFAHS, HFEHBMEEE X (10) MEEL
£ 7/l Proposal2:

p(clde) = p(clt) H p(wile, t) (16)
w; €EW (d¢)
IKOWTHHIi L7z, %8, AFEEETIZy=001, A=05 &%
Lk K10 IRTHIC, £2TOF—Fky FTh, KzEE

BT p(wle) ZRAHEE L2856 ML, R (15 OEFIL)
CHART, plwsle,t) ~DIRHEI X b 4PFEDE EICH | L7
(McNemar B p < .001) . §7%bb, EHIHZAERICES >
72 pewma(wile, t) &, R ZRMEICED W7 pu(wile, t) &
RO HBABLICIG L T D BT VLS 2 & T, #HFETH

75 % Rt 2 RO W2 LA~ OIS S ATRE IS 78 o 7z,
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' P-Switch: Eq.(6) sk 1 p < 001
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Value of N for Word N-gram

12 HFEn 77 D HBHER p(wile,w/"h, 1 t) ~OIRRE,
~=0.01, A=0.002, A=0.5.
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13 TV 7—%+ky MBI 3 RBBEEREE v/ 0 Y FiEy 4 —
M DHER. v = 0.01, A = 0.002, A = 0.5,n = 2, h = 10000.

6.2 HFEn 75 LHEBRER p(wilc,w!” T t)

Iz, 2 (16) DE TIVH & HEEHBIER %2 50 (12) ~HE5R
L 7242 F3k P-Switch (R (6)) I DWW CFHiL 72, %k, &
FEEETIE v =0.01, A=0.002, A=05EFELE, K121
TR, 2THOF =%ty bThn=20DRICHROEVWIH
i #EB L7 (NPB & MLB |2 $\>T McNemar EDHE
#HD;p<.001). nDEEREL TSI ETHHRKENED
D%, WRD n 77 LOMBIBELN D70 72 D ICHERIEE D
BEN IR0 TH 5,

6.3 TERFELEDLE

REFELICRFEOHWZITI 720, LHETLVFA—T
A R538E (MNB: =X (14)) , Salles & - Lebanon 512 & % R
MEHRE B L S IHE TV A — 74 5% (MNB-W:
R (1), 5), MNB-S: R (1), (4) 5 i 3.3 /i &, [11],[16] %
Z2) Lol EfTo7, REFED I X =%k v =0.01,
A=0.002, A=05 n=2%t&EL, MNB-W & MNB-S ®
A —FVIEIE h = 10000 L3E (TV 7=ty MTBI 5
BfE) L7, %8, M6Indhkic, NPB & MLB 7—% %t v
MZBI % h ORI oo GEF O MNB ICHHY) THho-.
T2 ETHEOERIEL >/ 0 Y FlZERT.

%9, NPB F—% v MIEBWTIE, IR L7 6 DT
FERICH R TRRIC, REERIR%EZ KT 5 MNB-W, MNB-S ®
BRSEITELLTL £, U, ERFIECIIHEEHIICE
{LEIGTE 2\ 70, A—FVIEZER L T—EoHEED A



#£2

HT—%ey MBI AL L7 0P FE, K7, W—7—%+%y PNTHRFEC

HREEICEOERZER L 22 %237 (McNemar’s test; p < .001) .

TV

MLB

Accuracy [%]

MacroF; [%]

Accuracy [%]

MacroF; [%]

NPB
Methods Accuracy [%] MacroF; [%]
MNB 55.87 53.81

MNB-W  50.57 (—5.396) 47.24 (—6.573)
MNB-S 51.57 (—4.298) 48.02 (—5.785)
Proposall  60.52 (+4.652)  56.61 (+2.805)
Proposal2  65.87 (4+9.998)  61.46 (47.654)
P-Switch  66.90 (+11.04)  62.88 (4+9.072)

50.61
54.77 (+4.160)
53.26 (+2.649)
62.82 (+12.21)
70.77 (+20.16)
70.80 (+20.19)

50.71
53.96 (+3.256)
52.53 (+1.822)
62.11 (+11.40)
70.22 (+19.52)
70.31 (+19.60)

4829
33.82 (—14.47)
38.29 (—10.00)
56.05 (+7.751)
60.26 (+11.97)
60.86 (+12.56)

43.92
26.85 (—17.06)
31.60 (—12.32)
47.03 (+3.119)
50.59 (+6.671)
51.40 (+7.480)

BEICHIET 2L Db, +OREOT IS HELAH
L L THEBENPRL 570 TH 5.

KIZ, TV F—% %t v b Tl MNB-W, MNB-S D44k X
MNB IZHARTH 1 L7228, BRI E Y A — FEom
X afEEoR ERIRIE o (M13) . A —%L
IS 72 DI L WA ICIZ RIS TE 223, HBRERICKRZE
{LDMEHEEEIC BT 2 20T A R0 TH 5.

NS DIERTHEOMEICKN LT, RETFHRIETDOT—%
Ly FTHEUE AT A—=F iz A TE W EEELHZHL,
0, B A4 — FROBINIE L THERBENR EL Tw 3,

7. EHDHIC

KL TIE, Twitter DY A — MIRFES N5, Kl & 3t
27— OWEPZENT 5XFEA Y — LI T 208HET I
P-Switch (Word Probability Switching Model) % 2% L 7z,

Tzix, FBEOY A — P A MY —LERBITT 5 2 L TXHEA
MY —aBIcE T 2HEEM S I L, R, T—9olH
DHFET L IC S 7 2 R — )V TS A RE D fRETIZELD FHA
72, RETETE, SHEBOHBHERERZzE=Y ) VL,
FBHINA 7= I CHEE L, B0 T — 5 2 BB L 7 #E
ZHGEBICYIDEZ 5 2 LT, XEHBALTXEHDOERPERS
F 24T ) ERTFHICHANTHREICE WO FRE 2 B L 72

F 7, RiCClE, HAEEHZBELY (word suffix array; WSA)
12k 2T ERR LT, WSA OFIIC & D 42E - s3I
BU2HGEn 77 LADORMEEZ RN A S LI Icks,
BRI ORESEIC X ) CESBICER R LA ZH AL T
Ny FEEENCHIIT 298I 0ER IS D 1R 2 08 [27], RHIZ
L% ERE L 7 XSO NI % &SRR IR ORI X > T
FEBIT 27 70 —FRBRANAIRDOTTH D, FAELIEIE
WICRKREWEEZ S,
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