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Short-text Sentiment Enhanced Achievement Prediction Method for Online Learners

YE Jun-Min' LUO Da-Xiong' CHEN Shu'

Abstract Research of online learning achievement prediction based on short text sentiment information has the fol-
lowing problems: 1) Current sentiment classification model cannot effectively adapt to short text features of online
learning community, and classification effect is poor; 2) Prediction accuracy of online learning achievements using
short text sentiment information has a lot of room for improvement. In view of above problems, this paper pro-
poses a short text sentiment enhanced achievement prediction method. Firstly, short text semantics are modeled
from the word and sentence level, and attention mechanism based on learner characteristics is proposed to identify
the expression characteristics of different learners. Secondly, sentiment information is fused with statistics and learn-
ing behavior information, and use long-short term memory network to model learning state of learner. Finally,
learner's grade is predicted based on learning state. Experiments were carried out on real data set composed of three
types courses. The results show that our method can effectively classify short texts of the learning community and
improve the accuracy of online learners' achievement predictions. At the same time, combined with case analysis, re-
lationship between emotional information, learning status and achievement is explained.
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Sentiment classification model for online learning community short text
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XA [R) U R )25 P9 25 R AT Il R ] A A
(R Tl R, PR B s AR D A SO AL 1 B 5 T 7
SCARKE. BRIk A, BRI RS T 5% #E
FIRMIN DGt 2245 5, DU 2 MR 5 5 3515
R (WIIE I, SERAEAL, FEBTESE). £ 1~4
IR T ZBHR £ I S G B, A R 1)
FN AL B BRI URFE BT 35 NN AR s 1P
) R K B SRR I 17 I8 3] 43 AT 15 150 FH SC 3 B
fEF N DG HRIE 5 2 14T NHRFAE .

EH T S0 B 1 A SCAR B ik 2 1 SRR IS B
OR] M 75 B FLR A T AR, STk [27-29] AR [35)
PPt 2 2] A X SCA B 53 R Y AR AN — I

R AR EE

Table 1  Number of different types of courses
IR WA AR SESE (1))
TH HEHLRRE, BT TRE 5
R b 2
SRR A ik, hE 4
%2 RFSHIRE KR RO
Table 2  Number of people and post in different type courses
TR P ¥ NE(N) FEANFTR N R /B ()
TR 2 326 3 200
R 2 681 1520
SCRH S 2170 1 060
* 3 ARZNRIEE RS A0
Table 3  Distribution of sentiment categories in different type courses
el TR A (LT RREE), PR/ TR/ B/ IE WS 4 (%)
TR 16/14/37/33
HF} 21/19/27/33
SCR R A 29/12/22/37
F4 BOREEH RHE
Table 4  Part features used in the model
RHAEZE S RHEAN L FRAYRRE
GETHRHE 8* TER AFRE . BOHER AT IRGTSE

T IR 16

KMERB BRI RE WU e U 1] iR sl a6 s stas
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Eitd 46 %

() =AM B SR AT RS TI0 4 43 B AN 7. AR
SCAE B R 55 S () — ARl 4 Ty B RRY
A CTEHEAE LS, B 5 2] A1 DX SUA () 1 RS )
T 8 AR VAR 58 2R I 15 25 DU K.

T TR WU AR SR SRR A Ak, SR
N ThREFR AR RIS B, Bk %R 1) 5 A
B B ARFZIE T7 17 ORI FT AR L bR R A IR R
A, WARVEM Fleiss Kappa $8#54 0.782; 2) W1
FEOUAYE 4 NVL EFRE N FE— 0, vl bk SOk
B k205 3) JoiFm i b IR 2 bRid 2 ) ST
A 5 NHEHfA 5.

X ARERSLIRBRLELER
AAELI IR T REBSHERE, TR
1 R ) 71 2 2 o 266 S A 155 [ 4 AR AR 1) 2 B0k
PR,
3.2.1

3.2

IWRE
OB BRI VR R Hh 1 2 2] B A RNR AU SR AR R
o R R SO, DU e T 1R AL Y 4
SCAKE S, WAL F, A SCHIRFE T 80%
T SCARHAR TN 2R, 4 10% F ST KR FH T
BSAIE, KR 10% WA SCAS K T ik, 458
HEWTE (Accuracy, ACC) FRFRVFM LI AE1E B2
FBR I BAAR I, BT 1% % (Root mean
square error, RMSE) $8Ax T4 Tl ) 175 2% b5 25 1
BB IERARAS E o B AR PRI AR I THER N

T
ACC'U/racysentiment = N (18)
N
E (50 - 5r0)2
RMSEsentiment = 0_1# (19)

Forp ) T 3RS FESCARNE BRI 6 1N G N il
TR B SCA AN 7 A o B T SCAS Y E S
T BARAS; s, A2 TR 1) 17 TR bR 25

S HEE L, FIH Glove HiE{E R X
AREHREE ISR 200 485 1 ) & W B ¥ T E 1)
FRAE M &4 200 4, A AR #E IR 404 U(0.01,
0.01) BEAT WG, ¥ BILSTM 5 7 (1) B 15
v E N 100, RIHATHIH 200 4Em) & K50 50k
FKoRHBENAEFERE N0, RENMECARES S
A 40 M), BRI FRKEABIL 50 A5
KA Adam 7 ERAGEARRRL I S50, Ik B
12 21 2254 0.005.
3.22 XWEE

FTH 3.2.1 W E, A SCIERFERE SUAL

PEAE EEAT T IZRANINNGS, JRde £ 40T 72 n LY
b, TN PTIEE T VAR MR 1) Trigram: $2HL
5 A ) unigrams, bigrams fl trigrams ZF4F1E
YIZSZFEFEAML (Support vector machine, SVM)
o3RI T ROCAR G 532509, 2) TextFeature:
PR SCAH ) word /character n-gram. senti-
ment lexicon. cluster type ZFRFEIIZk SVM 4338
AT RS IG B 2809 3) SSWE: 2% 2] 5 3L
ARG 28R AR ) B RO, IR RN B B
1A [4) F 48 H max /min/average pooling &t {451
PR JEAE N TSR RN, NZR—A SVM 432K
TR IG5y 98575 4) RNTN + RNN: F
Hi# H 2 ik 2 M 4% (Recursive neural tenser net-
work, RNTN) SRHUA) 73R, SR 5 Ho A A I3 #f
Z M %% (Recurrent neural network, RNN), #¢ &%
RNN 45> B 18] 25 (4 638 1) 2 47~ 35 S5 19 3148 5C
AR, WERIG R KEAY; 5) Paragraph vec-
tor: F|H Distributed memory model of para-
graph vectors %% 2] 5 CA K R, FHAEH B 5802 F1
softmax R £ 15 24 K73 K 45 B 6) DM-
GRNN: ffiH{ CNN (Convolutional neural net-
work) /LSTM 43 | ) 7~ [ K7~ , S8 )5 ) F X1
GRU (Gated recurrent unit) 13 2|5 XA LR, il
51 ISy FAEAI, 7) HAN: 22K BILSTM A
R IWLM 52 2] A7 B SCAR R R, TS Bk 2
A softmax BT 215 B4 KM &5 R B AKX B
SRR 5~ 7 PR,

® 5 LHERRERREERD KL
Table 5  Sentiment classification results of
engineering courses
Tiik ACC RMSE
Trigram 0.373 1.754
TextFeature 0.415 1.789
SSWE 0.353 1.976
RNN + RNN 0.432 1.673
Paragraph Vector 0.379 1.834
DMGRNN 0.506 1.394
HAN 0.532 1.281
AIT7i 0.573 1.185
X b4 R I N T

1) T Trigram 7775 M1 TextFeature 77 %4
BT RSUARHIIE T HRHIE, WE X = 2R 8di 4R LT
DU ZE AR XU 1 2 ST A X SO Kl
AR ZIEETE S KRB ER R, X T
5 RFAE A iR AR, AN, SRR 52 3T 1
TIEWRIFAIRRILRGF, 1 =R I TR IR
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Table 6  Sentiment classification results of
science courses

Jrik ACC RMSE
Trigram 0.543 0.822
TextFeature 0.556 0.850
SSWE 0.550 0.851
RNN + RNN 0.580 0.786
Paragraph Vector 0.556 0.821
DMGRNN 0.644 0.696
HAN 0.674 0.652
AT 0.693 0.628

RT R HAN SRR 15 7 KR

Table 7 Sentiment classification results of
no-science courses

T3 ACC RMSE
Trigram 0.549 0.814
TextFeature 0.562 0.811
SSWE 0.568 0.864
RNN + RNN 0.585 0.806
Paragraph Vector 0.578 0.772
DMGRNN 0.650 0.685
HAN 0.677 0.633
A5 0.706 0.584

B Z IR R UL 8807 v, 31X 1 BH i SOAR 1 843 2K 1)
R P R A A

2) DMGRNN J73EF1 HAN J7 9% 2% 5 0 5
U XV L R (1 Sk 2 N TR IR X
43 ) I BT 2 THFH ) 2 TH 49 2 A BRSO Re S A
R M Al R I ) E G RRAE . R T R R ML
HAN J5#:5 DMGRNN J5 A0 b, A& #0260 SR 4
U, IX B TS A B AL R IS 1 2 A DR )
(BRI OEEE S ERTE A1)

3) AT HTHE R SCAR R R BAE 6 MEFRAT
BAS T Sedf . IR R T 18 A2 IR BiILSTM
HUHIRIVE 3 73U A, AR SC AR 77 1R AE AR
(R 2 5 3 A Ak ok, BARRIUNTETT
SRR SN E R R T 2 SIS FHE R R B
THERAMES S EERIEE S LRSI B AR
(17, ARAL IR 1A) 15 B3 ) F T R T LR A S A T
T 28 & W 1B 45 56 A AR e, AR SC 1)1 I8 oy R AL Tl R

4) S5 W7 AN TR R R SO BE AT
RIFCER, B BART HAL PR AEREE, Hoh Rl
— AN RIUE R AR B R AR 73 FON IE R T 4

. R ARSCH T2 a) TRERIRFE RIS
AEARIFRISEIRE R, 0 RIATLTEERG, 5
BAREFRIC, RAAA AR5 5 8, @iy
— I T EHURFE, — I E R A — 1A B R AR Bt
1T/ BAFAE B A v e . (G2l SCER AR ) bR
KB T B LRE A7 AE BE S35 1) AT SCAS Y B A
IEE] 16.34%, HANHT TEHRFE D N 8.87% F1 5.56%,
TR URFE A E B S I B = . I P R 2 R
TR 15 SRR AR, 1) ] DL I SCA Y £ AT
B ITIEG R, AT A5 887 SRR 52 5 N\ e 75 1R 52
FEAK. b) TRIEZERFER G BEH R 15 R r %
IR H 5 B ) R A A A, IX LA 5 e R
TRIE. AL ) R & A2 A e B R S5 4, 7R 43 2
FEHUIE AR AE 0 J8 A b 5 N ) 18] 128 5545 U5 LAg
B 730 P AR SCAR T L.

33 EHEIERATURBER

3.3.1 SIEE

N T EBZS 5 RIETHR AR 2% 21 38 X il
MY B sz, R TURFE R Rk UR SRR &=
AET-HIT 80% (11757 > A N LS P00 S5 (R0 R 2
SPIRESRAME M ELEE m W E N 24, ZHESHM
S AR SR 3.3.2 WA AH. A E 4 4
B R [0, 1] XIH], IAE 11 TTRFE LT T St
T S 56: . BT TERFEAT FH 80% 115 21 & Hudla H T
W, T 20% B %R T, JIZees, &k
B H A 128 A2 S E AR N — R TR IR, 4
2R 1 000 JOERE, PUEA 2 THe . A3
KA HEAERYE (Accuracy) FI¥ 7R R £
(RMSE) 1E 3 IyFFE bR, BARTHR )y
T a,4b)

N

Forr, Ty o) 7R TR 73 KON 27 ) 5 ELSE RS 72
FRAEZ X B SO 2 N ) 22 2 A4 SRR o F
b #BIEHLA 0.03, N Al A i B 22 21 E AN

Accuracygrade = (20)

N
5g;<go —gp)°
=
Hr, g, BRFAEMMBPI RS, g7 T 2E R
SIS
3.3.2 SLIHER

T 3.3.1 R E, [EiRfES ) EH s 4E
AT T UIZRARIAR. T AR SO O SR AN 2
INFZ T 7 VAN RGBT VR B3R, s Y 2
TR GENL A% 25 S 7 A R B v, M) & —fp gt

RM S Egrage = (21)
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TR R MR DTk, AR SR )2 N F T B G T
Fit LAIE B AR X b 25, IR, BT LadFGPY 5
TERAUE I T K 2 BB TR B2 2] U7V, it AAR ST
WAEZIT AR LT AR, T AERT A R
o ECET I, R ARSI 7V Ar 448 SEAP (Short-
text sentiment enhanced achievement prediction
method for online learners).

N2 BT BT ERIREA: 1) BT RSN
YA bR — AR TR R T, B AL
R AE: B a2 o) 2 SRBUHN RIS 2.2 71
N VBEHHRHE £, s AR R EIE AT IS
I5ME Mean (fyr (i), t=0,--- , T FUEEA ] 2
e PR R ST A B AR A T Dy AN TR A R SR ) o B
sentiment (7). FIFH LA FRHAE I ZRA B IHLES 2 )
BiAY, B g MR- MR+, MLP—. MLP+. XG-
Boost—#1 XGBoost+. HH1, MR SN % 748 & [A] 9 £
B, MLP N — AN RRIZEHI A ZE M2, XGBoost A&
— P TSR AR Y, A SRR AR AN
T EB R, IETRRBR PR REER. 2)
FMM: Hai 2% o] 5 —URFEAE B, 4 2% 21 & AR DR
TR SR A e B e 2. R A R R R A 1) 7 VR A
B 5 ) F RN URAE (R AR 1) &, B T ARRAIE [ 2 000 7
F IS 3) LadFGP: FIH % 2 FH AN H St
ol 2 ST R EBEE M R S A EIB, Be T )5
AR ) 5 SRS TR 27 >0 3 G, BAR ELAR &S
Rk 8~ 10 FiR.

%8 TR R ST
Table 8  Achievements prediction results of
engineering courses

Trik Accuracy RMSE
MR- 0.566 0.479
MR+ 0.590 0.452
MLP- 0.583 0.464
MLP+ 0.603 0.437
XGBoost— 0.679 0.335
XGBoost+ 0.697 0.284
FM 0.674 0.326
LadFG 0.818 0.226
SEAP 0.874 0.095

XS R U T /£ 8~ 10 H, HIhHAh
FiEMLE, A H Y LadFG 5k RGBT I
R FM 5 iEAUR A % 21 3 I s 808, ek AR i
%) 1 5 > 5 BRI 2% 2147 8. MR- MLP-#l
XGBoost—EANF & 2] T AN NG R E
AIHEANRFE 22 ST N H P IEUE, A BEAR G Hh s

S 46 1
9 ERKILR M RSHIILS R
Table 9  Achievements prediction results of
science courses

J7i%: Accuracy RMSE
MR- 0.598 0.430
MR+ 0.612 0.419
MLP- 0.618 0.408
MLP+ 0.643 0.372
XGBoost— 0.689 0.295
XGBoost+ 0.709 0.278
FM 0.687 0.295
LadFG 0.803 0.203
SEAP 0.902 0.084
210 ORI RS
Table 10  Achievements prediction results of
no-science courses
Tk Accuracy RMSE
MR- 0.648 0.409
MR+ 0.664 0.336
MLP- 0.652 0.340
MLP+ 0.688 0.307
XGBoost— 0.701 0.281
XGBoost+ 0.743 0.269
FM 0.726 0.222
LadFG 0.874 0.154
SEAP 0.924 0.051

S D) E AR S R P 2 SRS AR L. MR A+
MLP+ Fl XGBoost+ fEHF =75 ¥ 5 _E 3%
THHERFEZE, 8GR RS T —E M5 Tt, o1
Rl 2 0 T e G il | 2AE . A7 Lad-
FG J7 i #ERT P b 25 p8 52 51 345 ) 2 FRHIE, e
2 ) HAEAS RIS 2] () 2 SRS AR AL, YWEUS T 85ar
(R, P68 T A S fd ] LSTM - AT I Ak A )
AR, RN, RSO TR SCARTE RER #, BE
FIHB T % B2 MERE R (WA A8 5 AT
FER), N T 2E M EWR ZR, A E41EL
HZ0 ) H 2 3] 35 1) SRS AR

B T BEAT 7 VR ORI L SE IR Ah, A SO R
T 3 FHFAEAEA SO AR ) DTk, A OGS 4 SR
Kl 4 Firs.

WK 4 iR, £ =08 FR 1R N I REE 2
Ja, MRBLE T M E AR A Hb NSt
5, T AR B R SRR X SRR IELE %
2 SV 2 FEARANAS 1), Tod S AR 2 3] ) 22 5
AUk /D T2 AT AR R TR0 1 5 e 2 A K, A
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Fig.4  Contribution of different features for tasks
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X, ASCEBTEHLRFE ) — T TERFE N 720K
B P EA R R GEER N F B G —ADFR A
XFRE LSTM SRS R fa ERAS a2, 25 R 6
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Bl 6 H ik R o R om A 4 P BUE B, IR
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T 8090
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Learner state

Bl6 ZAIREEMBILR
Fig.6  Relationship between learning status
and achievement
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m 8, m 16, m 17 Mm 22 X Lo 4k 5 ({1153 /318 5 v,
HBE A RS ER T, AHOCHERE FE R R I B
T I I BRI Y AR AT I, 1% NG B A DG 4
JE HR & AE RAR AT 20 J5 WA TF 4638 v, PR ik w4
MILARER S TR B RN S 2 SRS X
N5 — T8 UE T X6 VR ARl 2 R A e 2
213 REBUAS T 4T 1 S B, 3) GiAt T [90, 100]
O EAERTA YRR TR s AR A, X EHIE
B2 2 5 38 X 55 AN R0R P I AR e, TR L AR
Gt B —28.

M EA_E 5256 AT DL B 2% S)IRAS 5 5 2] G 1]
(R E BRI, [FI, 7 Ul RN R S 2 LIRS
BN ORI, AR SCIEHL [FRE — [T h SELERAE R
ANFHAB A RIS (BFR12E), EAE ¢ 1 fe 2, Seih Ak
17 IR 8 T A TR M 2 X [] 1) 2% 3] 35 1) % SRS A8 4k
BT R 2 PR LE R 2, AR SCRVE E—h 5k
Kb S5RGREMEKIm 3, m 8, m 16, m 17 Al
m 22, BARIE 7 Fow.
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Fig.7  The ratio of learners who have a positive change
in learning status to the total learner in the
interval (positive emotions)
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0.9], (0.5, 7], (0, 0.5] PYANIX [a], HGuit#&A X A
%I FEEm 3, m8, m16, m 17 Flm 22 LA
SUIRAYERE b2 SPIRES 2 PUIE RARE (f B2 TR
AYERE 12 B ZI A BUE KT o1 2 Bl 2: 13
B IX AL 2E ST LR, SR BT LLE ), 24
AT [0.5,1] X[l , ARAR A G 32 S AL, G
T E S PRS S IE AR, I 2] %
VG AN, 2 210 AR SO IR, R
BN F G (P RER IR S Nt i A
BN, [FIBS, 352 2] 3 3R I 4 i AR AR
&, F I AR, 5 R AT AR FLAE A R
fE ERIAEE, iR s 2 BRI B S AT IR
FERGURZE. MREER LT [0, 0.5] XA, JHA%. 58
BEUR EH S = 2RI £ S, K 1%
S5 SPIRAS I AR, R A 5 2 S
BRI, 2 IR AR S — R R . {H, 7
15 G5 AN B 30 23 2 21 3 1) 2 SRS AR R L IE [ A8
1k, AR S PR 1 35 40 2 2] 3 A BRI I 3 0] SR
e 0o JRT UL AL ) B AR B L S R SRR T R I 2, (ELAE
KR R 5 ) B RIRE BN 2 I ).
3.34 HEXI{Exttt

1) fERL ORI B KT b, AR SOR SOk
[33] FR IR ARY I T E 2R 5 21 3 I o dfr, AR
LS HEEX A a) & KN HSEAR,
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5 2 AR DR IR ISR o) —F BRI E At
B v, R AR SO B F 2% 3] 38 R AIE 503 v T
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