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User attribute information:

» Name: ***

» Gender: male
»  Age: *¥E

Social information:
» #Message: 100;
» Follower ID: 299393812’ ‘3044343944, ...
» Follower ID: ‘1976649967, 2286980683, ...

Textual information:

(1) UGH I don’t wanna go to school tomorrowwwww. Don’t wanna see a

teacher’s face again. Oh wait I’'m 23!

(2) What time is it?! Game time!

1 #HREFH—RE PSS

Figure 1 A user example in a social media

VA S TR TS5 AR R 08 4 AT S AT I AL, 3G /D BO0F TR R R AT 55 AR R A8 [ U 4 55 3k
ATHEFL. XS & 5 A LA RS s AR, fltn, R 7 FE A RS RS R AL A5 2 =) i IX
oy Y T AT DASRAS B (1) A 8 43 SR AR 1T A 6 e A ASE R e 08 il 12 AN [R] T8 L TRT R IBG 2R, ]IS0
TERE I3 ARG T LT I A

T RENS B R F AR08 70 A RRT A 8 (Rl AR AR 35, ARSI T — BB & 20 28/ [l A A (R
SR HTH PR IRAUES, R ER K ds 5ER A ST G, AR S, ¥5 T F Rk
5B VIZRAR B AR08 7 28 2 1K 40 S 45 R S S [ 28 (1) [ A 5 SR AT e R & (R84 S A 1Bl 2%
e o BORCEE W] ) VR AR ER A B A S5 R SEIR 45 BRI, AR TR G AL AR A AR T R
WU RE.

WAk, O BIFERS RN J7 18, ANE IR 5 RITEE A2 R T, JEARH I TR E LA 5% 2 )75k
. AR, IEJUER EHARE S AL (NLP) W58 O R B 28 T IR 25 ) L 8% 5 2] JT iR RE B AR 22
FH, sy 25 B, HLES B0 01 55 SRIG LLIRENLAR 5 I 7L B i i M e, BRIk, AR SCOEHR R R R S
252751, B HEREYZ (long short-term memory, LSTM) #£8 W 25 HEAT FE % 73 28k [l A S, 789
MH LSTM 3 T2 2V ME KA SR R IR, TS TEH AR TR It e, Seda gl R, A
HEVRA T LSTM 143 A0 [m] T AR e A3 R TH AR i Rl P g

AR 2 R 55 2 AR 2 FOMAFE S R ARSI 7L AR 28 3 MG
SRR BB 4 WA HERSEN T B 5 e SR R 50 e e AT AR AN — 2
TAEN4.

2 HExXIfE
2.1 ETHEEBNAPERIRAGERR
TR LA, KES I TR W TN AR 2 4 28 n) @, 78 8 & s R A A2 AR AR S T — 8
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HIRCR.

FENH 2 Uk, Schler 55 1 M H R SCA H SRICCAVRAE (W1l )b SCRFAE) FE R XU AFAE (W0
T TEASAE) BEATAERY 4225, Burger M1 Henderson P ¥R 5 5 18 3 A4 AH G AL A HFAE, ok s (R)45
B A B R RGBS B E R RGBS P GEE S, B — PR m ke 2Kk
RE. Tkeda & 1O R SCARFIE I ZR 2 AN T2 R A AT 1 MU B AR TRIWAR 72, Rosenthal F1 McKeown 1)
[ A M FH SCAS SR A M SRR EAT SR 08 73 S 7.

TEAAS AR AR, Mackinnon 1 Warren 12) #8758 7 2 FRHAE, W 8] B IS B, i 4158
& i ISR AL RS R TI A P B AR08 B . Peersman &5 (131 JEF SCARRAE R FH SCAR 43280772
TR B, Bl, Marquardt 55 14 BT SCARFFEFN S /E RASREIESR H T 24525 53 280772 7l
FH P P 0 B A

2.2 ETEVFEEHFFRIRA G EMR

FHECAFE 68 7328, AE38 [ 9 B AR SR AT 98 AR D

Nguyen £ 6] #8501 ff) Unigram $FE. 714 Unigram A1 Bigram FFE PR P 5 R AE S5 SCASF
fiE, FF A Gt (Rl AR B BE AT AR08 (3] VA SR B0 PR 78 ARAT T SEEG I 58 A 3N, SUAHRFAE RA B 5 R XURS iy
FIE A TR FH P 45168 15 BOARFAE, B 22 18] (1) Unigram FEAFSE CL4 BEIRTS b A BRAR I AR I8 R PE g,
(7 A 3] A AR ALE T T T A S5 R B P L 34 .

Nguyen &5 7 j@3d 3 A 75 2, 23 il TN 8 28801 AR iy IO AS[RIB BL LA R FH P IR SR Bn A e
TR AR B — AR T T Twitter B BIAERE TN . A A& I0 B 3h R G0 AT PASRAFEE AR
il SE AR R TRINPE R, I B E 3 R S8 A S s B R AL T A iR .

Chen % 1) BRIUSCARRHAEAAEASRFAE, 18I SCREm SRS (SVR) FEAT AR [R50 A7)
H I Bl 27 S350 08 TP A 0 SO0 o Rk A AR AR, (81 A ) R e ) B84 i) ol o B TR ALE
[F) 7 1R BEAT R

UL EFFARA R, ARSCIINRE S 2071, FHREGER 733/ RNE B BT FY P 4RI R0 7k
WHIT.

3 BRIE
3.1 ERNE SHLA

AR SCSE IS AR SR EHTRGIEY . FATIUR P BEE A S A P ANBIEE R (k4 g
S SANUEZRAY) DL P R R (5 B B R R N —ANBEHL PG, 2 05 & ST i
FU ST AR 22 B . FRATTEEIE T VAESR BN SN 7, BRI S8 P (AR S SR e =&
S RAN EAR R A (R BRI SCA R SR TN A AR B R R (AR P ROk R kb
MR, S T DRAEECRE I mT S0k, FRATIER T R4 50 IR . A48 7228 12000
0 FH P Ak P A 4

Bl 2 BoR TR IR P o045, MBI AT CUE B, F P SRR I 0 A i LR IS EA P . 3o,
%R Z BB PO AT 19 & 28 B FERA.

1) http://weibo.com/.
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Figure 2 User distribution in different ages

&1 FEIRRA TR B SCAR SR S AHE

Table 1 Textual and social features in age prediction

Feature Remarks Examples

Word unigrams in the user-generated
BOW don’t, wanna, - - -
messages

Textual features

Top trigrams of the POS tag in
POS patterns DT_SP_PU, PU.VV_VV, ...
user-generated messages

L # of Messages, # of Comments , # of
Statistics . 78, 128, 189, 108
Followers, # of Followings

. Probability distribution of the user posts
Social features Time [0.1,0.1, 0, ..., 0.2]
messages over 24 hours (00-23)

Follower list All IDs of the followers 2806602710, 3807796763, - - -

Following list All IDs of the followings 3841580965, 3843099598, - - -

3.2 NARSHIZHHE

B PR N — MR R 2 € RY AR NERVUIBR KA. 7£C A kT, ZME
AARHE QR B Unigram FFAE S AL SERHIE CAR AN R T4E 0 00 101, A SCRARFE 70 AR AL SCA
FRAEFIAL S RFAE. /&6 & P R R I SO 1 Unigram FFAEFT POS (part of speech) 14 /7 514§
fiE, Ja# LB RELAL AT NE R, WA, S Mo 4255, 3% 1 FRAIIE 1 IX .
REAE ) BT AT AL

B, X T UARFHIE (textual features), SCAS[RTRARFAE AT LA S Bt HY A P 76 3 IR A b By SR )1k
L NTATIRA PR T A RS S, Fh, 1348 (bag of words, BOW) R & FE30 1R AT 25 H
(8% 22 I —RARHIE, IF B Rt 44t 2 DI 53 e, A, POS 1% 57 FIFHIE (POS patterns)
R SCARRFAE T BT B — AL, BESRAFAE T DASREUH] 7 S 1 A5 S, [ ARE AT DU AERA R 3
FUER SR .

FR, R TAEASRHE (social features), FATRIZP A 4 FKFHAE: Git{EE (statistics). A H I [H]
(time) 1 22F1FK (follower list) & FKEHFIFK (following list). HH, FiHE BREE & 7 BRI AL
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Figure 3 A long short-term memory unit

PR EL By 22 B S O B AE I, I RARE T TSR 7 IAE GAT HFAE; R I )4 AE 2
J R I TR R R A s, P DA L R AR I 5. B, SEERAL T 20 B2 24 B2 R RGP
A T REAERE b R R, AR, S BRI P 0 B S5 R B A A5 b PRI R Rk
18 FH P B SRUE 5 51 R ARy 22513 FT LA S it T P RO R NRE, B B 6 60 P P P BE 3 X Tk, 5%
VEWY AN 1 TR R BRI 7 20 B0 BRI L R 2E LUAURO IR, BRI 2845 B i LR
TR AL B,

i, WAV SCARHE 5 RAEEAT R AL R &, B SCHLR A M AT R AE A AR AEREAT B N2
FEEHRHE (joint features).

4 FERIRANGE

K CAZ A 2 P 2% 52 B Hochreiter Al Schmidhuber #2H ) 161 T Alex Graves % LSTM it
177 B RAE) ) {45 LSTM 7E1R 2 il SRS HUATAE 4 B K T, SR80 T 2 8. LSTM ff
FEIZ . TT (memory cell), 38 G 7 2 [m] 4% 7 Hhadh B NE AN S2 080 /B, 5 b [RINF LSTM mf LA 21K
ARG Z RIS A N B TR AH SGBR R

Wk 3 Frax, LSTM HHIATT i B 1] o BT f AHCIZHT0 ¢ A%, 3 N0 ERMEUELE [0, 1]
Z 18], Herpg N TS At DA S TR AR IZ e B . B E R ERAE S8, MR RMEE S,
¢ I Z) LSTM (58 2

iy = o(Wizy + Uihy—1 + Vier—1), (1)
fe=oWszi + Upht—1 + Vyci1), (2)
0y = o(Wors + Ushi—1 4 Voci—1), (3)
¢ = tanh(Wexy + Uchy—1), (4)
a=fOca+i 0, ()

ht = oy © tanh(c;), (6)
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Hop, oy FoRH00 ¢ 2SN, o RBEREG o RAIRIBE,; W, U. MV, Fox REGERE; J, 2]
FAWARITTIMAZ DHNEE, f EHE D NAR TR ERE 2 DEE, o ZHITE— AT
it 2 /ME R o 2o ¢t RPN BTV ETNE, he 9 ¢ IZ) LSTM B e 4 45 8. & 3 a7
Eeg kNS RS W DR ol b o2 R a3 N vl wi N 107 1 kil L B3 D NN s 50
YLSIRVAL SR /S

41 EHTF LSTM BER L FE

Wk 4 s, 2T LSTM B4R 7 R A E — A LSTM =, A4 A BE AT DU AL SRR R
R SOARRHERER. IRAE UL LSTM IS5 2%, $0 A8 LSTM 2 8 ] 5 0
B A AR B AR R, AR R RUTLS 2 RN WRGERZ, SBok 8 E— R, 8
S8 T 0% B8 KO AL 44851 Dropout /2. Dropout CL2 BTz FIZERTBIRL 1 09, 7691453 12
T, A I FELLE X 2% FRRFAEASIN #8 A/ Y, R A5 B /DA T AR ) W 4 B e, 33t i SIS 4 (R P

ASCRH “Softmax” i bR HUR A6 70 K45 R, s R =t (7) Frow, it e S mE A i K
TR 2

p = softmax(W<ehe + bd), (7)

Hrp, p FoRFER PRI AR NS, Wi RoR EZ2 I BE AR, o FoxfmE.
BEXTERRS 73 S R, BATRI ISR H 3o fie MU SE SURR 22, SR R BUE (s (8) Foms:

1 m 1
1 S = —— - 11 iy 8
ossc = —— ;;y] 0g Pij (8)

b, losse RORER D RIVIRK R, m RoRFEARIEBEH, | RoRFERIDNEL, vy L5 @ DB
BB T ARSI, py TRIGZTIEER.

4.2 ET LSTM HEHR RIS E

Bl 5 A4 AR R R ALRE SR, 55 i o SR ALHE AR LA, e IRl AL RO oy 1 5 21 J
WA LSTM J=. £HE47 . Dropout J2- 547y FMALEA — B JURIEBJSHih 4 R, AFT2)
FALS5 A “Softmax” Wk AL, BIVAESS R “Linear” Wi o8 K H A6 1A 45 R, W0 e Hiin st
(9) Fos:

f=wht 4+, 9)

Hoh, we 5 v 58 IR AE X —E IR ER RS WE, [ RRBN i FEEE, %
FRER N ESA.
BT R1 A 1), FRATTEHFEH HI ) “Mean squared error” 9452k B H, FLAASR 2% s #0E AN T

1 m
lossg = %-;Hfi—yilﬁ (10)
Horb lossp FRER AR REL, v T @ MEARI AR, f; T o MEA R TR
18, m TR INGREAR R B . T8 3 ) A 2 [ U ) R, ) S 7R ity ik A ) 6 6 88 o
() 595 DA J S A% 4 By (19) e SRR 4
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Figure 6 The framework of age prediction with hybrid model
4.3 SRESE/OARBMFRIRAI G E

IR A AR 1R SR I TR 5 VR R AR 1 70 SR8 1) 73 JS A5 IR 5 4 8% (] V1 45 1D 0] U 45 SR AT 2 P it
EYERERGRA N R S5 R, IF B 70 AN (8] V3 Fir P AOAFAEAS 2 — 2
Bl 6 il 7R TR G BB AER N TIER RGHEZEE, BT LAE ), ASCR KR TR G
HRIRY R ARl R TV 2 0
o WESHEIB[EEYART: BT F 4L, RAAFRSERRITTE, B2 KIEM B R 75957 A il
Iy A AN 8] ) 5%
B A

o RENRIB[JHEIAR[EER: A SCRHADIIBERATIN AL AN Rl 5 5 6% 70 SEa% -5 5 ¢ 18] 245 1) i HH 45
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* 2 VEHEUBEESAFERRERETE—NFREINOAH IR

Table 2 Numbers of users in each age in the balanced and imbalanced data sets

Age 19 20 21 22 23 24 25 26 27 28 ALL

Balanced data set 200 200 200 200 200 200 200 200 200 200 2000
Imbalanced data set 305 469 603 821 1491 1550 1611 1163 677 360 9050

% 3 LSTM HHEHIgE
Table 3 Parameter setting in LSTM

Parameter description Value
Size of total unigram features in balanced data set 30000
Size of total unigram features in imbalanced data set 80000

Dimension of the LSTM layer output 128

Dimension of the full-connected layer output 64

Dropout probability 0.25

Epochs of iteration 15

R, BARSELA R
Yiast = A -y + (1 — A) - labelpred, (11)

Horb, y FOREER BN E T A, labelprea A E X FEAF MM HHE, THEK (1) PR, yase MRE
B AR R D7 I AR R A D9 B P o AR, S R AR o 0 5 S A SR U
HAE (A H) N 08

5 SCIEITS a9
5.1 SLHEE

IR E: FAREETESE 3 TEAWMNA. A SCES 19 & 28 FFR B PN SLG B, I
A3 A FH 1l B R S AP i SR AR AT PR AL 526 B — AN SR TR BT RO P Bk 2 Fiow.
FARSEIG A, RATIEI 70% HIBHEIE N IIZREE, 10% MBUETE NGRS, H4A 20% 1E R

$FEIESE: LT RFE IR 1 PR, BEARFESE SCARRHIE S5 ACRFE I ml . S238 FiT FHAFE N
AREHE (BOW).

SHIRE: LSTM SH0% B Wk 3 k.

VRN EN: 5236 R A e v R 2L R? AE N IR RE PPN AR UE, R? A FR 2 NI &R,
Fon B BEXT AR B MBRLEE . R? MMEAL T 0~1 Z 18], BRBET 1 AR IR AL (1) T 5 5 Sz bWt
DA U0 A 2 P el g (201,

5.2 SLINEER

ASLIG S T AR J LR ERRE 73 2875 V2 A0 Bl ) T ik
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* 4 EATEHER SVR SRR (FERIEE)

Table 4 SVR performances with different kinds of features (balanced data set)

Feature # of features R?
BOW 274461 0.382
Textual features POS patterns 13153 0.084
ALL 287614 0.376
Statistics 4 0.030
Time 24 0.050
Social features Follower list 395066 0.198
Following list 238327 0.308
ALL 633121 0.351
Joint features Textual+Social 920735 0.489

o FIRATTE
SVM: i/ libSVM T HA2 24t SVM 73 REESEIFER 732K, A SH0R B N ERME.
ME: {1/ Mallet T H A3 &AL 1) B K 70 20715 LB R 028, BT S0 B v BRE.
C_CNN: &AL M4 THERE 5128, Bow CNN FAH Johnson $2H 21,
C_LSTM: FIFH 4.1 /NI 4A LSTM 43 BB SEILAERS 732, ZHOR B W3R 3 FoR.

o FWREIAFE
SVR: X 1ibSVM TR AR SVM B 5505 S 26 VA% sR L, BT S 80k B v BRIME.
MLP: K AR Z, #iZ L Dropout JZ2 S22 J2 BORTHURR B SELAE R4 (8] )9 5 325
R_CNN: HRZEH 5 C.CNN ML, ME—AN[F 1) 2 5 s % 2 /2 Linear JZ.
R_LSTM: HH 4.2 N4 LSTM [l HER SLHLFER H, S8 E R 3 Fros.

5.2.1 ETPEBIRENLINER

F 4 BT UE P BN I T AN FRFER SVR FR ISR, NRPERTTLLEH, 7
SCARFFAE R, BOW RHF LA XL, 45 A MERAE I SCARRFE AN RESETHF P A8 R0 1 B8 . 7E 4128
HET, SRVEB LR R, S5 A A AL e i SRS LAY AN FH 26V E 8 AL B0 4 (R AR R il P e
P BT SCARKRHE, SVR 753845 T 0.376 MRS %45 B0 T4 F BT A +E R IE I 45 3R (0.351).
2 FHIC A REAE RS, R [R I F SCARGFAE 5 4 5S4 FE R, F P 4R8BS ROR A, I8 1) 0.489.

5 4T AR A PR SRR [ RFE A A I AN [ AR08 2 S TR S I 5 S R 45 R T DL
E i, AEAEFATRERE, ME 702807 AT SVM 2328078, 2448 I SCARHFER), C_LONN 232877
EHRATT ME 4328057 U Fl AL S RHE SRS RFIERT, ME 232K 0775 T C_ONN 432857, TEA
ZI7EH, CLLSTM 43R5 LRI etk

6 45 T AEAE A TR AR RS [ RFE A A AN [F) AR 68 [ A T vk i s ot 25 1. R b g IR T LA
E b, A A ARERAE, MLP [BH 730 T SVR [BIA 753 2448 SCASRERT, R.CNN [8])5 75 %
T SVR [BIATTE; SR, 448 A A REAE BB A RFAE R, MLP, SVR [RIE 54T R.CNN [E[H757

2) http://www.csie.ntu.edu.tw/~cjlin/libsvm/.
3) http://mallet.cs.umass.edu/.

1103



WA RA 22 / Bl R g P S0 R 07 72

* 5 ERARHHEM D X ENFRIABNGER (FHEIES)

Table 5 Performances with different kinds of features and classification approaches (balanced data set)

Classification method

Textual features

Social features

Joint features

SVM 0.251 0.250 0.334
ME 0.285 0.304 0.389
C.CNN 0.323 0.298 0.375
C_LSTM 0.359 0.330 0.421

* 6 [ERARHHEMEYIFTENE

Table 6 Performances with different kinds of features and regression approaches (balanced data set)

AMER (FEHIESR)

Regression method

Textual features

Social features

Joint features

SVR 0.376 0.351 0.489
MLP 0.429 0.383 0.499
R_CNN 0.383 0.312 0.475
R_LSTM 0.454 0.405 0.535

® 7 ERARHHEAE S AN FRIANER (FHEIES)

Table 7 Performances with different kinds of features and a hybrid approach (balanced data set)

Age identification method

Textual features

Social features

Joint features

C_LSTM 0.359 0.330 0.421
R_LSTM 0.454 0.405 0.535
C_LSTM+R_LSTM 0.466 0.429 0.552

i FEMRZ 7, RLSTM [k Bt LRSS RIGIE T LSTM SEBLAERE 732 5 [RH 145 3L
PE. SRS HBANR & o0 FE R IRAE T C_LSTM 432577751 R_LSTM |85 772 I AR 34 11 5 45

R 7 EH T PESHREANAFEREES R, JBE CLSTM 42K J7 7M1 R.LSTM [RIHJ5i%
AR R, RAEH CLSTM+RLSTM REBEHA. J[EFZEMLE, BT LSTM Mok
RN [E] AR S 58 ST R AN 2%, I SO YRS R b nl LUE e i SCARRHERT,
C_LSTM+R_LSTM & J77%t R.LSTM [BIJAJ5VEF C_LSTM 425754 MlFe i 1740 1.2% M1 10.7%;
i FH AL A RFAE Y, C_LSTMA+R_LSTM VR &5 tE R.LSTM [m]J475VE M C_LSTM 4325773243 Bl &
T Y9 2.4% A1 9.9%; 1§ FHECEHFER, C_LLSTM+R_LSTM B &5 EEE R.LSTM [0 4757741 C_LSTM
GRITEINER T4 1.7% M 13.1%. LRET &, /- TAEaR ME oL R, IRA R T LSTM M43
FENA T 1 R % A SR T A7 8 1R 14 .

5.2.2 ETAPEHIEEMNSIHER

% 8 it 7 AP R B T A FRHMERT SVR SFRPUNEE R WR PR IF 72
SCARKHIET, BOW $FIEECECA XL S5 & W VERFAE I SCARFIE TR A RESR THAE I U PR E. 7EAE SRR AE
T, RIEFERAL RO . 856 I AL SRR AR RERS S AT LU UL P 53 38 A SE A R P . X o
S5 R F) TP A B R ) SC AR 5 R B A — 2 AR, (RIS TP B SR A S a5 RAFEI 2, (R P
A SCARFHIE SVR JHE3RG 45 R (0.309) 85T T+ ACRFIE I Z5 2R (0.363). A IS HRFAERS, B
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* 8 ERATEFHERE SVR FiRANSER (R EERIEE)

Table 8 SVR performances with different kinds of features (imbalanced data set)

Feature # of features R?
BOW 920440 0.317
Textual features POS patterns 74652 0.065
ALL 995092 0.309
Statistics 4 0.015
Time 24 0.024
Social features Follower list 1861859 0.241
Following list 1029664 0.353
ALL 2891551 0.363
Joint features Textual+Social 3886643 0.442

* 9 [ERREHHERM D EGENFRIARER (R FHERIES)

Table 9 Performances with different kinds of features and classification approaches (imbalanced data set)

Classification method Textual features Social features Joint features
SVM 0.166 0.148 0.188
ME 0.254 0.263 0.295
C_CNN 0.215 0.276 0.301
C_LSTM 0.265 0.349 0.353

() B A FH SCACHREAE 5 4L S REAE RS, B P AR08 R 8OR B f:, 183 0.442.

R 9 5T AEAE FAST R SRR R R AE AR A I AN [ AR08 0 T TR s i 5 . R g IR mT
VLA, AE A FEREE, ME 42280 E B BT SVM 43280515 2448 F SCARKFAERS, C_CNN 433K
JHEW RIS ME 4328077 8 AL A RFAE U & R RAE RS, C_CNN 2R3+ ME 2051k, 18
NZ T, CLSTM 43R5 iR Il et

10 45 H T AR B AN B00E SR RIS R AE A A AN R AR08 [l VA 7 VA R S B 2 1. R Hh 45
ATCAE W, A B SCARRFIERS, MLP [B1E 777580 A T SVR B 7578 SR, 2448 A AL 22 R AE s &
FRAERS, MLP [BIEJ74E55 T SVR BIEJ7EE. A SCARRHIER, R.CNN [HH77ELT SVR [BIE 773,
H255T MLP [BH773%; 4 FA SRR AR S 4 F AR, MLP Al SVR [BH 77T R.CNN =14
Jiik. EARZITER, RILSTM [ 7R B, LSS RIGIE T LSTM SEBAER 2K 5 A A
RME. JE SRR &SI T E R IRAEE T C_LSTM 4028757 M R_LSTM [B] 477 1: (R AF R il 45 5.

11 BT ERAAPESEEM A RRHEE AR, BE CLSTM 432K 7 75M R.LSTM [FlH77
ERER R R, FEEER R, 55T LSTM A4 SR R A [a] YT A5 7R 2 5 A AN W 4% 3%
HSHOEE, PZREE R ol UE B H SCRRHIERT, C_LSTM+R_LSTM JRA 774k R.LSTM [A]
VA7ER CLSTM 43R5 aldem 729 1.2% 1 12.9%; A2 RFER, C_LSTM+R_LSTM i
G ER RLSTM REIEFVERM CLSTM 43 K5l m 74 2.7% M 7.6%; A8 FHEC & REAER,
C_LSTM+R_LSTM & & /77t R.LSTM [R5 VAR C_LSTM 402K J5754r Ml 1740 1.3% 1 13.4%.
CEET E, A TEBIEE LR, IBE3ET LSTM 150 R 0] 9 77 v RE 8 47 R TH AR R 51
PERE.
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Table 10 Performances with different kinds of features and regression approaches (imbalanced data set)

Regression method Textual features Social features Joint features
SVR 0.309 0.363 0.442
MLP 0.361 0.358 0.435
R_CNN 0.314 0.336 0.417
R_LSTM 0.382 0.398 0.474

* 11 ERATEHHERMR A EMFRIAAER (TFERIER)

Table 11 Performances with different kinds of features and a hybrid approach (imbalanced data set)

Age identification method Textual features Social features Joint features
C_LSTM 0.265 0.349 0.353
R-LSTM 0.382 0.398 0.474

C_LSTM+R_LSTM 0.394 0.425 0.487

5.3 LSTM 1&ESH O

LSTM JZ K% 46 . 433 2 0 45 B F0 Dropout M52 J2 LSTM A LN EE S, T
K523 Sl 0 HiX 3 NS EOH T RLSTM [0 U5 7 VR E 1 52

oG, %% LSTM 2 14 i 4EFEXTF RLSTM [BIET AR, (R FFHABSHOAAE B LSTM
JE 4R E R 128, 256 Al 512 BHATHRE[RIESLES. SLIREE R, LSTM JZ2 (% th 4k B2 Xt T
R_LSTM [m[H77 7 RERIFE IR/, ANRISHR B R? 4512 MM Z /N T 0.003.

HOR, BT Z 5 4E X T ROLSTM [FJ iR ERE R RA M. AR RE AL S HORAR, ¥ 44
SRR AERE R E N 16, 32 AT 64 BEATAEES [V SES. Seaeah R B, AR i M 4EFEXT R_LSTM
A 77 M RE IR BN, AN RIS EOR BN R? 45 R 28 1 ZFE/NTF 0.005.

5, #%% Dropout HEXT T R_LSTM [RIA T REIISZ M. fREFHADSEAAE, # Dropout f%
FYE N 0.15, 0.2, 0.25, 0.3, 0.35, 0.4 FHATAHERENATL. 945 KW, Dropout HERIE 0.2 3 0.3
O R N RERS BTG L AR e I 45 R TEVE L, AR EORE R R? 45 R 2 MM ZE /N T 0.005.

6 ANELFMT—SITIENSE

ARSCHRE T — P TIR SRR A P SRR BT, TR R 7 RS RS AR Bl 4 R et
ITERNERE S A R A BRI B SE R, BEAh, TATRA T 3 MR BRI, BISCARSFAE . +EASRFAE AL
BRERAER T T LSTM R AR IRBITERE. SCIREE R WISE T LSTM B R IR I 27 3] A% 73 36
SR Bl 5 I B S IR AT LUAR LI 2 2 ST VA L b Rk T ONN IR 5 21 7 ik AT IO TR RE. IRt
S S5 SRR WL TR AR AR R U 7 i 5 1R & AT AR 8 2 T IR AN ARG 18] VA U5 VA AR B2 A
SEAFRITERE, X T80 W T TR AR TR R RAIAE 55 IO A R

T AR, TR CAR U T AR ST 7. 16 %6, KRR 2 RHE, W - KRR SCOR
(UL, T TR MR e IR 55 B PR RE. LR, W DA uldR i S i iRt & U7 ik, Biltn, mT AAE 7338
A TR R ] Y= R [ o () s SR AT R, AN AE B IS R EAT Al X FERLG R LS ST E 2 1015
B BE, SR A SO RN 2 Al AT B R A8 70 SRR [m] A R [ 5 SR8 5 AL B mlkt 22 R 2%
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User age prediction by combining classification and regression
Jing CHEN, Shoushan LI", Jingjing WANG & Guodong ZHOU

School of Computer Science and Technology, Soochow University, Suzhou 215006, China
* Corresponding author. E-mail: lishoushan@suda.edu.cn

Abstract Age classification and age regression are two main approaches of age prediction, and both approaches
have their respective advantages. For example, age classification can flexibly utilize distinguished model in machine
learning while the main advantage of age regression is its ability to capture the relationship between different
ages. In order to utilize advantages of age classification and age regression simultaneously, we propose a hybrid
age prediction approach that combines classification and regression. First, we build the long short-term memory
(LSTM) models of age regression and age classification respectively for age prediction. Then, we linearly combine
the results of the age classifier and age regressor as the final result of age prediction. Empirical evaluations

demonstrate that the proposed hybrid model effectively improves the performance.
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