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Abstract  The user attribute inference problem occupies an important role in practical applications
such as personalized recommendation, marketing and promotion on quality of web service. The
current works mainly aim at the identity related user online behaviors, such as a user query
history, user relationships etc. , which are not applicable for the case on social media since users
are often anonymous. Additionally, user reviews are not only fragmented and noisy, but also
imbalanced on both the quantity and distribution. In this paper, we propose a series of methods
to solve the above challenging problems. We take into account the item information user commented
and the context as the supplements for solving the imbalanced problem on quantity distribution,
which reveals a user’s preference and behavior trajectory. In addition, we introduce an ontology
database to enrich inner semantic features of user comments, which summarizes and generalizes
the relevant knowledge of words and organizes it into a hierarchical structure. User comments are

partitioned into words and mapped to the nodes in the ontology that represent conceptions of the
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same meaning words. The hierarchical features reveal semantic relationship existed in words and
effectively reduce the negative influence of fragmented data and imbalanced quantity problem.
The feature dimension is high after modeling and the fragmented information has low value. To
solve this problem, we adopt information gain to measure the importance of features. It can be
used to measure the influence of the variety of features on user attributes inference result. It
reflects the amount of information that a feature contains. In the information theory, the entropy
is used to measure the uncertainty of a random variable. For user attributes inference, the uncer-
tainty change of user attributes after adding a feature is called information gain, which indicates
the amount of information brought about by this feature. The larger the difference, the more the
ability of the feature to distinguish users who have different attributes. In order to reduce the
influence by high dimension problem, based on information gain, we improve the two representative
methods of probabilistic feature selection: Probability Wrapped Features Selection algorithm and
Heuristic Probability Feature Selection algorithm. Both methods adopt feature importance as the
probability in feature selection either in pre-classification or iterative learning process. These two
methods reduce the search space and improve the convergence rate of feature selection. By taking
into account the correlations between features and classifiers on the small scale type data, we
proposed the Unbalanced Data Enhancement Learning algorithm to integrate multiple feature-
related classifiers. It retains the important features while selects trivial features with low
probability. It is more advantageous in the problem of unbalanced attributes inference. Several
real datasets are adopted to validate our methods on attribute inference from several aspects,
including behavior models, feature selection methods, parameters influence and the degree of
imbalanced data on user attributes. The experimental results show that the proposed approach
not only relieves the negative influence of fragmented and noisy data, but also effectively solve
the difficulty of attribute classification under imbalanced user attribute distribution. The results
also show that our methods outperform the related algorithms.

Keywords social media; attribute inference; semantic analysis; user behavior; probabilistic

feature selection; social networks
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1. SP,=0;

2. FOR j=1:n

3. SP;=SP, ,+p;//Set the threshold SP;
4. ENDFOR

5. FOR k=1.:K //K times iteration

5
6. Ny=rand(1l,n);

7. FOR i=1:N, //Select feature f;

8 r=rand(0,1);

9 IF(SP; ,<r<<SP;) S,=S, U{f;}
ENDFOR

11.  Select one classifier h, from H;

12. Train h, (X,Y.S,);
13. M, =test h, (X,Y,S,);
14, {(S, )} =Top{(Spsh) |k=1..K};

//Select and Update Topr map of classifiers and feature
sets based on M,

15. ENDFOR

16. return { (S, h) )} ;5

IR BRI [B] 52 2R BE S O(Kn) on R4
PR AR AR B0 L b 2 A 2 2 ok B i I ) A R
M7 5 SR A TR AE N AR K % £ B
5 W) AL B 35 114 2880 R R 08 9 R R A S e M AR A L K
A /N ) 3 AR R /D H 8 B 43 2 s TR AE 4R &
MR F R ERE T ke K 20

IE N T 5 I 2R AR E K R W 3352 52 ), H 2
FIE R RHEEPEE A WA | Dy 2 AL K i IUE
IR /N T 27 INSE I PR R 0> 2000, T £ AQ
RBGEF 100 I 73 845 Rl 68 T Fa & » BRI
AEH B3 P DIAS SCHR MY 00 2k 15 R 1 4 0 4R AL O
TEBE AT LA &5 A 22 1 X ) P O 32 4R E . HE 3R
13, 2 AR AIE 6 £ 53 15 RE 645 31 L T2 o A% 19 S A0 45
fiE 58 o ik ok ph T BE ML 2 458 5 AE 1 4R 4 Ok 19 AN B 2
PE LD R AR R B i ) .
504 ETREAAMEBLERETRE X

7 RFHEER AR T RS TRyl
0 e AURp AR A 2 SR LA SR B30k D kL 1 B
VL BV R T VRN ROLAL B AR AR S A T
MZ AR T [F I8 R 2 AR AE 746 R R
R Z (8] (9 32 A8 R B AR . B TAEA U 2 4k
TFRESL TR R 0 SORL T RO AR S R R K
RLF B AL S0 56 3 ) A phe B9 180 B A 4 R A Tl
FEUFIVGE T SE /N 178 R R 00 0 AL YR B0 A B 4 1) 0 1
ROR.ASSCHE R S Sl b 5 1 3 55 & U
O E 38 & B 7k (Heuristic Probabilistic Feature
Selection algorithm, HPFS) , f#f F 5t T 8 B 1) 4%
MERE 23] i 1k 22 > 18 OB 7 IR AE 48 L JFAE 2 )
Tob A A BORE -  E UH — A  AE R  H E R R AR
T

BT B EAEB y ER a) L 1 SRR TR AL
HEPEE R A R L R R TR R
FRORE A FORE 14 3 BE IH — Al o B S5l T R AR AE L O
T8 SR T RO PR A A R L SOk TR R A AR AE n
YERFAE 25 (8] s a AR 2 — R R B TR
A ), e @ AR T 7R A () R A B R
IRM—An HEE b= (b, 2byy oo sb,) T € {0,100
B AN RL T AL B — S T T YRR AR B 2 ) A L Bk
TIERIAYRFAE T4 by 1 1] 53 28 4% X5 AH D 1) A A 4R
HEAT 4328 45 B 73 S vl R AR N M i b AL 45 K
. I HER @ AR T A2 4 O 198 R B 0 B D0 R AE 20
TN pi=(pus b pu) €40, 1) BAKLT
BEiR L ) 2 Jm R EH S iC R pe = C pas
Parrrrs o) €101 5 AR T HOHE RO 2
= GERy L IE N v = (o vt u,) €
ORI AV e 0 A B VAN .5 A I TR/A= v I
i

"Uid‘ ! :"Ui/ +¢(pfd 7[)1['51 ) +‘/’(f)id *b,[u) 3
bt = 1, rand(O<sig(uvy) 0
0, HAth
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A T AL 2 (LA P ITIE AT O B SR M A 2769

Hrpod=1.2,n; i=1.2,,a,a JHFERE, ¢
SRR A 2 L R ARIREL, rand O REL
BEAL A4 U X 8] S [0 1 IR BEDLEL .

1
(1+exp(—wvy)) "

MR R 3 A2 2R R (B R KL 1~ Y i D0 R A1
G M4 Ry B o B & R AT SR . A5 B 0 % 09 4R AE
BE X L B0 73 S A X Rk TR R UM AR AR 4 R
BRI — AR Rl e 2 A R A R
TEFERFE T LA 1B A Jay & S A A

sig(ug )=

6 FPREERES

6.1 ETFHEZINEMEHE

P BE =R R iy b om P 8GR
J7 ) A B 8] AT DA 3R S DL B 2 B R A B
L AR e Ay AR S KRB y= f(x.0), fiff
13y Fly ZIANHY 22 S g5/, 1 T8 Ve BBUIE A 75 b
B s — P B ST ANPE I SRR O — e P (R
J& T AT S B[R] ) AT % 7 R A B X
[i] 4 HEFH 2 U8 P 43 A 1 B0 FN S BR A oK 43 i 2 A X
(). %o T35 22 1 22 A Ja P DX (] g B M ) 4 A 55
B AN A — A R A T TR) A A R RO 3K B A 55
() SR AR SO 24> Iy R RLH G L — 2 0%
KR T WWEA Z KR 24500
R R R AT ESO6 I 43 28 B 2R A B —
FTICE A — S8 i, ) i 0 /N TR AE 48 B2 A
[F]. 270 WA ah

exp(0;x)
Py =Clxs0) = T ()
Zexp(ﬂ,x,T)
=1
J(O) =
I exp(0,x )
DDAy S LR EUY P
et Zexp(ﬂ,x,T)
o (6)

Hh CGFRAHPEIERR € (1, ha), a NI
Ja AR L 35D s BN A4 & M 55 T C I i .
O FT— T 1{ e ) JE— 45 8 1k ek B B 25 K
7 (B R I 2 R RO 45 R o 1 7 U R4 R
HEA 05 Jm —I00 S B0 5, 2 80 A S 100 0 #) 2 K
A0, T LI IT G 0 2 (8 45 458 5% o RS O 7 A
9 T o 20 A 2 ME — 10 AR 5 AT DLAR S o R 2 8

B P B2 T i i e /ML R R B IR A B 2
Iy A
6.2 HEAHEEUESHHIGEFS]

fifR R AR A Je AP A 7 T AN B A R AL G A
PATP 5 i s — 2 A5 PR R A A5 PR R A Sl it
U YIS0 9 AR AR A R T B3R sl B840 1) A S
P AE R I T A O 1 U B R B i LG
[F0) R, R AN P 7 0 4 5 2 ) AR ORI L
AR Hh Bl R AIE R Ao R A B A T A B ST
YN SRE A Hy T 28 S5k T ek AR I T R Y 2
A BE 238t 2R AH SCHRAIE 5 B2 M ST 1B Ay R AR AE B —
AMRRAE By i B0 W T RRAE 22 18] 1 AR LY
Wi S AS SCEE L 2 SRR AE A DG I 4r 2K 8 . SR 6 5
TR AR AEA R R AR BE 4 1 i 43 25 R I, Be 0% 3 it
AN TRV 5 AIE 22 8] A AR EL 52 Wi 23 288 45 7 /N LU 1) 288 TR %
e b B o3 ZEOR S T8 AN 4 45 T e HE 1B 1] 28 7 Thg B B
.

BT bR R S AR SO T T 1] ) B2
RV B AN SF i 85040 3 9 27 > B 1% (Unbalanced
Data Enhancement Learning, UDEL) , 5 6 & 7
HRar R TE 1 0 Y R AR RN 2 2R AR
MRS (S0 vhy) b WLEERT /N LU 151 288 B R4 43 2 1 3%
AT Cooin 715 /N 1) 28 BB A 26 MR AR A/ L
191) 28 TR A5 TR A 23 2 B0 D0, BB 3 R AR ALTE w,.
SR IG SR ORI AR AH 5C 19 22 A2 2K 2 BT AT B 4 Loy
FAR I L RNALZ R T4 53 26 s 1 P B AL
B DU 2 R AR 4 S /N Lo A1) 288 R RCHE L ORIE T 2 1Y)
ZIN LB 28 R HC AR i A U X T 2 2R R B,
RAFTEF P B A - 1 00 . 7] DL ARE 5 /b L
B2 TR o 2R AR BOR T T A K e e A HI
it

ik 2(UDEL). AP Bl g o 2 ~) ik

BN BURES (XY R ERSE T, T MRET

AR RIS I 18 43 45 AL (S, k) )

Hth P REER S(XO

1. FOR(=1.T

2. Predict _label=h,(S,.X,Y);

3. FOR j=1:|X]|

4 IF (y(j)==Cun) & & (Predict _label(j) ==

y())
w,=w,+1;
6.  ENDFOR
7. ENDFOR
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— WA AR 5y 4 AN IXE]: 0~23,24~37,38~
D, 49.50 % D) k.
o . P BIEEF P — N “Data for Everyone
0 f‘(x):JL [;w * h,/(x)]Z% Library” 2N JF 40, o 2015 4 10 A Twitter f /7
Lo st 92 B VPV RO S AT T 2 T A A 2 T

10. return f(X);

ANV RS 1 i 2 ) R T A S o R
LU A9 28 TR HSCHR 14 2 2T 38 ) 4R AR 22 A R AE A DG 1 43
et s IERE/N B  2E BB I 28 BIOCR U 19 73 2R A
DASE R A A, DA 7 4 80 43 26 8% A X 4 Jmy 1 B
G s T HL /IS H 5] 26 B R 40 1 2 > 1R 22 s /D
7 % I
7.1 BUBEMTILLIE

Y RS ST R SO SR Y
3 ERAIE T — > v SCRCHE B R S S SCRCHE S rh 3
K a5 ok 1 VF IR i 52 L AT 8 WebMagic €
M T E Y B | A 2007 48 1 H 3] 2015 4§
8 H & FM 500 T3 45 PF 16 Xt B i 7 45 2, it
— RN, BB T EX PR T R A S
HR A FH P X8 1 87 YR Ak o 5 A5 B 75 3] 1k
S b MR RO JE L A 7562 A P, Hop
7483 D EAYERME BRI L1887 A E A IR AE B
MR Btk FENITF B ERZIE 3 T & &b
30 45, P 600 Z 45 LR RWIFiRRZ 1 T £
% /DT 50 4%, FHIR 700 4k R R TR S
O 661 S5 TR IR B A A A 4R T U Al AS TR
RAYRFRAE  AE SURRAE L bR SCRRE L 1R AH SCRRAIE
JE AL TE R R AE. TSR AE S G b AR URRAE 0 5
198 4k, P SCRERL S 242 2 Z AR AH G FRIEL
219 4k i R FHIE 1584 4.

Y F H P AR IS R T A A RS X (] T UK R
Xof FH P B SR A 45 SR A5 B0 AR W8 i R 4y, [ 3 R T
BHE AR P AS TR AR I 1 R R PR B b L A
TP AR S O\ Ry R A PR B AR P AR

70 000
60 000
]
= 50 000
40 000
£5 30 000
2 20 000
10 000

0
O > YRRk o WP PRSP A PP
e

B3 AT R 7R 4R W B o A

Z Ve B R AR P A CREL R — 2R RO K
PR B R L B AR AR R Sk 6022 SRR T
6521 A2 P P . 5800 AN R P R K kA7
AeEL AR T RAMEREER S 1T 2 T2
M. H 5T WordNet MWIFIEH S LT HI /92 Ik
T SURRIE S 8 J2 B — R IR O 1 7 4
frh.

73— SRR S T Reddit A A 122 T Kl »
Reddit J&— k2 A I AT I i . P RE 6 3 0
B PR S T Al P RT AR e 3 B s B SR
PRGSO A B 4 0 2015 4F 5 A Reddit
FURRI RS BRI T 200 Ve BE
GG 2 S U RO PR T A R
PR AR B TS B PR 45 285 B Ak
LTI 10296 44 HATA RS B H . S
BpE 6143 & Aotk 4153 4,4 143220 £&1Fi8.

7.2 MREEEER

Xj‘?éﬁ%%ﬁﬁ)ﬁ%U:{(Il s V1 ) s (2, s Y )}
R 1 AR A HG R S 2 ) A 2 o i T 3 9 4
353 g iR L L TP 45 B0 Ok 1E i) 5 B E S ok
IEBIR S FAER] . FP VTN VFN 7350 37 8 IE 6] K
B A A A AR SCR A 23 26 2 20 W A 0 B R T
B30 1 T P IR 45 2R HAR IR

2 8 SRy 28 43 25 TE B (A R A8 R AR B

1 B saccuracy(U) == D7 | flad =y, |. HEB %

ey TP s -

E SCH P—TP+FPi%mtt@?ﬁi‘ﬁ(ﬁ!ﬂﬁﬂi%ﬂ’]ﬁ
, iy TP

A T AR SRR B L. A [l R_TP+FN’

FONEFTA IEBIFEAS s RIEF BT B O T 255
FIBHER R H BRCASCRA T F1 R F1=
2XPXR
P+R
Xt AN - i R a4 5 KO BG4 R R A L A
SR PITAT B4 0 1 S AR 0 S K EE B S TR KA L RS B
HERR R A o] R PEAN A5 2 A9 45 SR b ol LUAR 4. Bl
B 12 1K EEd AT DA E] 0. 92, Br DL 4l
il AR BE MERR 3 A (0] R L8 AR AR R 0 K
PERE A5 G 1. O X8 T 28 50 AN SF 8 K30 fdE
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G T Ak 2 A AT P AT AT D A 1 A L 2771

FPR F1 TPR 4y 5 1€ b B8 A %50 1 ROC ] i b5
HENTRE S A58 A SCR A T ROC 4 T fL AUC.
H ,FPR. B %%, 0 FP/(FP+TN),TPR. &
P2 B TP/(TP+FEN). 0, 24 54k iF K4
P Ry T 2B AT Lo S o B R IR — 4 1 B
B Ay FPR ., B AT 55 1 9l 10 1 40 28 A9 A8 — 35 40 19 L
%0 % TPR.
7.3 LBHER
70301 JE M HEW T B

B v B S = AN BOR AR L B AR SO TE R =
FACE M/ 2B B KN B HL 7R AR A2 5 (1] 05,
FEEE AR R LBl 3 1 s Rk 2 iF
N TEFNIR B 48 I, A SC U7 5 UDEL 3 {4 73 25 25
R AT  AE Twitter B b, 40 245 Rk A R I
AR, Forh KNN3 [ 58 5, 2 PR Ry L% K B £
IS TR HG M v 00 AR A A (H2 KNN 1) AUC 25 5 9+
AN 15 T B /IS B 51 258 7R 8 i ) T &5 SR AR 4. X T
Reddit #(4f 45 . UDEL /43 28 45 R K i 4, AUC {H
T8 R F AR BN BT v L B ATL AR AR A3 el R e
AR AW PEN fE bR % UDEL &, BB H H &
Xif K E AP S R B 1) o 28 45 A Ay r DATE BB 2k
TS BN AR SCHE 1 ik R AR R IR B 4y

R 2 ARFENBEHERERERTLL

GRS Ji ik WE HExR Fl1 AUC

KNN 0. 83 0.77 0. 80 0.55

R RF 0. 86 0.93 0. 89 0. 60

7 Logistic 0. 84 0. 60 0.70 0.55

UDEL 0. 87 0. 96 0.91 0. 64

KNN 0.70 1. 00 0. 82 0. 50

. RF 0.71 0. 84 0.77 0.52
Twitter L

Logistic 0.70 0.76 0.73 0. 50

UDEL 0.75 0.93 0.83 0.54

KNN 0.74 0. 81 0.77 0. 54

. RF 0.73 0.99 0. 84 0.52
Reddit o

Logistic 0.73 0.53 0.61 0.51

UDEL 0. 82 0. 88 0. 85 0. 68

7.3.2  JAPAT RS

T B UEAS SO A AT O R 1 AR A i
P FH AT A RO 1) W L AR R o A S 3 i ) R
ARATHTELG T B SUE R R OCE B PRIRAE
A5 B FIE SCHE 2 5 09 R AE X6 4 2 5 R 1
M) >R FET DRI TR BT 10 45 40 4 v 45 BB DY e 25 0 RR AR
HEWT P PR RAR . 36 3 J& 4 FP R RURRAE Z (8] 1Y
Ja T A W7 5 SR X E . UL R 2URRAIE, UC R I
ORI UR 2R B ARRRAE, UT K08 2 Wik LR
fiE. N FRATT T LA H 6 S0 35000 B R SCRFAE A
B SR AE 0 UE R SRR AUC {8 A0 5 48 5. % F 4R %

I S A AR R _E R SCRFAE 588 X3 B 4F 8%
A A PP ISTURR AL AR 45 A 1 J8 A HE W 45 R X EE
R T SO R AE ARE 3UR AR AR 45 & B9 1 531 3 28 FAF
U 73 28 1R R AR fi - » LU O 1 SO 5 AR A E R 3C
FRAE 25 5. 15 SO 4 AR 0 AR R IR 45 45 19 70 2R 2K
A W] BT X T AR S BN BR TR SO AR AR FAE
FURFAE 3 ORI AL SRR Ak 45 4 T ORS 52 55
1R A o A TR OB AR AR 2R AR AL R SCRFAE =
FHES G BOBOCR B LW ST XS TP P s e 3 e
PE I AR SCHIA LR 3UIE BB A R AR AN X
R AR T B 5 AT SO T ER 35 45 R Y
18 DAL n] LUA R 48 T 1 73 26 R ROR.

RITALBBENBEHERERITLL

FEE 31 A
KA R MR @EE F1 AUC K
UL 0.79 0. 81 0.92 0. 86 0.62 0.77
ucC 0.76 0.83 0. 85 0. 84 0.67 0.74
UR 0.71 0.79 0.82 0. 81 0. 60 0.74
uUT 0. 80 0.83 0. 90 0. 86 0. 69 0.78

R4 TRALBEFHERESHESHEHERI L
e i
W MEmE HBR  F1 AUC K5
UL+UR 0.70 0.68 0.8 0.77 0.65 0.74
UL+UT  0.72 0.75  0.75 0.75 0.72  0.78
UC+UT 0.65 0.83  0.53 0.65 0.68 0.78
UR+UT  0.65 0.71  0.72 0.71 0.63 0.77
UL+UT+UC 0.64 0.72  0.68 0.70 0.65 0.78

FE 2

TIAN S XE T T RIRE R 3 Bl T PRI AR
J7 58 P RBCE S L S — )2 Ul Ok JE N | 4l
SCHEAR . Q3R 5 B Hop g — 2 U i rh il
WIRKIEA 12 2.5 7 2 IR A REUF LR 5
H R T 0 )2 s UL 1 52 36 4 SR8 110 2 e A5 8 2
TR BTE SCRRAE. 3% 5 W] DU A SO Y kT
il SRR AR I U 1 J5 58 B R R BLER 4. P O O B O
SCHAR AT LAZ 4 R P PRI AT O T AR Bl R R
AT Z R AN ERE R

x5 ETHMREMNBRTRLERT R

T % W WmE guxR F1 AUC
Py S AR 0. 68 0.83 0.59 0. 69 0. 69
Gi— 2K 0. 65 0.78 0.58 0. 66 0. 66
218 LR 0.71 0. 86 0. 62 0.72 0.72
7.3.3  FRAEGRHBES L XS I R S E

A AR = H Y B SR AN AR AR S A X L s
UCJR AT T T AR Ak 328 45 5 06 R0 (08 P i 308 3 50 0%
AR LE s i Ja T8 T A [ 25 A QRO 45 R 1Y 2
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B — 0 43 WA 23 40 2 SRR AIE 7 3% B3 (PWES)
it AL 8 SRR AR S B 3 (LV WO R 77 5% bl o % 3
TE R AR R AR I R 5 (HPFS) FE A 2 hE
TREST 1 (PSO) BEAT X} FE. 5256 16 B T 58 1R 97 1 %
TR B LB 11 )2 00E RFEH T8 %k
XFH L3 BIARYE PWES F1 HPFS W4~ 5 ik 3k B Fa e
B A 36 AR VB 100 A1 150 FEATSCE8. i 6 mI L &
XA ST 43 28 2 2] 11 A 22 SR AIE 1E £ SR i . PWES
TERAR PR IES L LVW B4 x4 T4 2%
) R R R R NS A SCElc kIS 1) HPFS
REM T PSO BE R UL SR B R BLB . WP
FAR R R UG 1 X H ok B . PWFS 7045 B L i i %

K6 BEEEBEEXXLL
MR s Bk FE WmRE g F1
Nl PWES  0.71  0.86  0.62  0.72
@R LVW  0.68  0.76  0.60  0.67
- HPFS  0.68  0.77  0.75  0.81
GRS PSO 0.64 0.72  0.56  0.63
0o [mBayes @ KNN ERF [1Logistic mPWFS]
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o

P : S $
[
AR AT
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I

EELE

ucC UR UT UL+UT UC+UT
Ca) 128 530 9000 4 A <
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[ Bayes ® KNN £ RF (] Logistic 8 PWFS|
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Sl el 2 )
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(c) R AU C

L BLEAF LT HPES B9 4 B RA F1 A8 B
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5 T HR oy B SE g X H A PWES Bk F A
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$& Tt I EHLANEAT R AR 577 28 D1 BE 1) Bl BIL 2R bR 3 35 0
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S BT Xk A 3 S A 9 AR AUC #8242
THT 29 1096 A8 AR W U 7 187 % T T B R 3C
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H.O.S

0.4
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ELELEL B K]
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—
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() 4 W L9005 2

B4 Bk RACR R

I J5 TR TR BT I BCHE A L 3 BT RRAE O Sk T 2
B0 8 OGS T Jag A T 45 R A . 5 SR &l S BT
7« KRR R B B B8 s kAR B Bl s K R 35
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