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Abstract

Traditional methods for feature filtering of online learning text are often time-consuming and
poorly migratory. To address this problem, and based on the characteristics of short texts of on-
line learning text , many specialized vocabularies, and rich structural information between text,
an end-to-end text feature extraction method is proposed. The method emphasizes the text-text
relationship based on LSTM/GCN by obtaining the text vector based on Doc2Vec model to solve the
phenomenon that the traditional method text loses structural information after projection to the
embedding space. And the metric MeanRank is proposed to quantify the retention of structural
information in the text vector. Experimental results on the Yale Open Course dataset show that the
method outperforms traditional methods in terms of metrics MeanRank and text classification
accuracy. Visualization of t-distributed stochastic neighbor embedding of text vectors shows that
adding structural vectors makes text vectors consistently coherent within courses and more dis-
criminative between courses.
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22314387 (Learning Analytics, LA) FH T-fiid £ R385 2 >] (Technology Enhanced Learning, TEL)A 7747135k
[1], Z&U) H bR IR TR EE R B 0%, -l X ek m e Sk #3107
FT A FH IHLAS 7 ) HE R 2 OB T2l R IFIRHMER R, 20 KRG IRIE R 2 T8 AR T AN
wit, PHHAE KRG ARHEMIE I EEEAR, MEUEH, BENELEE HE 052750 R H .

FUR, 2 TR B 2 ) S 3 o B PR AIE S B R FAE A 52 31 1 V2 I ST e B SO G 4 oy S B )
J& T H 4R = 4 (Natural Language Processing, NLP)FKIHF 7040, 385 B RN SCA RN 5. AR, R
PR TR I8 R RO 58 KE IR, 8 S G0 SRR 7 R S URFIE R R A

WA 0 TAE[2]3R 8, A8 B AR AR 2 X 2% 0] DA s A5 B 0R] — B i) A SCAR — BRa] R
TR, UERH T A RE B SRR 25 . FE T, ARSCERH TR T LSTM [3] /GCN [4]f7E£E %
SISCARRHESR T VE, Tiiksr =AM B TAC B, 38 SCHR N SR IR AN 45 7 i NS BB
IR SCAS = SCARGERIE BN SCA T SCHRON [A) S kAT b 78 RIS 5ok A5 2R AL () R Ia . g
RN & SUNEE A HCAR S H ER SOURGHE BRI & . JPE KEUE B R RSO R TR
IS HORE VR B Rl R SOAHE A S SCRRON IA) B PR S ) B A N 380 45 ) iR N SR U B gk 47 B i i 5 75 381
SERIHRN IR B B SR P 20 ) B 4 5 1 B B T TR B RN [ B

2. WX
SCAHR AL (1 OR 25 A0 o SCAR IS 80 S0 (8 2 P B R O G5k — b L e L A58 PR R
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RSB Fir A Bl IR HRON P P 3 BOR AR EVE 9 5 AL BRAF 3 SCA K AN .- Siamese CBOW [5]3d £
BIEAE N BN Rt A, i B 24 1 5] 7 4R B) I NS B T S SR J7 . Arora [6]48 HSF
() A IMAH LU 34E, 32 PCAISVD WAl A KISE B [ BT A0, 45 R W3 # N
BOF-35 2 — 2% T SR LU RR ) 2k . B N TR BEM R, W NS IR S BT S IR R, 0
W 58 %% Word2vec [7]H1 Doc2Vec [8]1 B AR 5 12 I 48 41 75 (U RFAE SR EXRE FIMA 45 &, A8 T RIFIIUR
Sent2Vec [9]% & T Word2Vec ] PV-CBOW 4514, FIH N-Gram AT H) T3R5, FHEHTFHHET
54T . Doc2VecC [10]45 4 T Doc2Vec () PV-DM S5/ A R NP2, dRbn Y —seng = DL A
L [ SCARR A - Vo [11]7E Doc2Vec (1) PV-CBOW 2R HFInN T )75 4Y & T SCA RN 15 B4 2.
— LB 5 3 d A B A 2k 1) w2 AP E = 1915 B . Quick-thought [12]48 FH 1 /N2t 25 SR 1 54k
$EHLRE /1, S-BERT [13]MIE 15 5 #8! BERT ZHATHORIE bt a4 o

IR AR S SCAS B S B S ) (R AL T AN AR T R, IR SS R EA T R
E TR o SR IX LA R SCAR Z [A] [ 26 R IR HA TR 5. W1 Doc2Vec fFH] T — Ml ) ok KR
BEAY i SCVE H IR SOA ) B, BIAE G FT SCA RN R TE T B BEAN IS e 5 A ORI U4 . S-BERT il
X IE A SEABEAR AT RAEAE NGB B M SCR Z (AR R ETEN, FEEH THOAE 51 BERT
FERAE RN 2% . X ROV RIFHEFI B 7 BERT $2HGE XE B HIEE /1, HRERFE TR R
AT« R SCRRM TR AR SO 2 A B A5 2% A 15 2 78 4 R FH [14],  Angelova
LI I SO AR AR L E R DR A R R R I | SO &R Liu [155@E7E LSTM A X0 5= J L) A
A BSOS B AE . W [16DE AR BN B R B R A i A B SUE R
Yao [2]ifid 7EFiR] - SCR R A B s S R AR ST 2 AT 55 F A R T bR iEAT S5 . DA B AR
A T 4I5S, Angelova FIFH T 3CA - SCRZIBINAE B, (HE LG5 LR ESRIRE JI AR, 5
RIS RO SCAR AT BE RIS A AT TN, R TE L B AT % T R I SCAR RN . Liu [15]. B [16]F1 Yao [2]
W0, (FH H A0 RAT I BiLSTM F1 GCN X ia] [a] S g AT A BRAF 2] 7 SCAR A, (2 R R T HiA]
- FLGE AR - SCARZ IR R

3. #F LSTM/GCN B3 A4HER A 5%

P2 2 Wl rpr, 27 21 3 W A — IR B A e — T TR R —#00, I AfFE R R BB R R,
FITREX TR AN & T 2N EE TR XS8R Z WAAEEROEER . PIHX LG
SR SUE BEATHN TS, T CA R aF IR S5 T o S W ) 2 ST e A e AT RR TR IR B RN LR
K 1 RN TR R A SO B F O IR N B R AR, b © £ 5 R M AR AR S B 1 1) B R A —
i,

Holfa A B HORE MAE 257 211 6 3R 15 10 JFUUR SCAR B BEAT G e« 70 AR S48, B Tilsk 3
Rt 2 i I 1 SCHR N SR BURSEHOR SCA KIS et sl & . B R AT IR DR S5 RN 2 X
(SEE)ELER, Wifif2 EIf7r, SEE MHUE PR SLKY, REFP LA NS B — M EREE N UREE AT BERIZ54, 73 il it
Fealrn . S tan t i N B E N IZIRE IS MR, NIREIR AR AL F R HIRHE. f)m, UREHK
AR AN

V,; = Concatnate (V,;E ,VS‘EE) D)
Hor, R iR i AR Ve & — DS, B IS B SUARIRA V RGN Ve 5931, 53
Concatnate (-, ) (K115 F &K AL 3345 6 R AN A B RETE — 2. Vg R Vgee (R 53 1 FH SCA R ABRELR SEE
BREHRAT .
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Figure 1. LSTM/GCN-based text feature extraction process for online learning
B 1. EF LSTM/GCN BITEL S S SUAFHERBURTE

3.1, HiETAbIEiELR

el A A 3 A LU D IR . RSB MRS, T IS X 5, SCARH[R—N R
WG REA 2B, AAEEENRRMER —ANEE. N THBRILR, BCRBE—ELN
5 HARIE VRN BOM R S BRI R, I ARSCERER T, BRI AN “exam” IREL, BUNEAELE
BRI By /1B BB SCAR Sy BOGTE B IR A B LR, T 9SO AT /A A R FR 1 2
WA T E R — R QR IR IR AR MBS B br BRI SRR, than4 i, 3. TR
2, AT R RAE AT R B &S B TR SR A AR ) T N 2% 2B LRI B SRS P ) 2 “the ™
“is” FI “at” SEXSSCAKHIEBA DTBRAE F 1) 71 .

3.2. TENHANREURIR

VB R N FREBUB HCR 172 Doc2Vec (1) PV-DBOW 2244, Doc2vec 3% Word2vec {15 %, H b2k
A AR P SCA U Dy [ E K A B RoR B, & — el U7, PV-DBOW 5 Word2vec )
Skip-Gram ZEHAHALL, & LABG V& 1D FE& A0 I RIFEE N, 85 P00 KA ) - o (9 B Al AT I 5.
VI ZRGE 58 B B AR N B R R R BLIE o, ASCIR I J7VER A python (1 B SRR 5 AL 21
gensim %t Doc2Vec [5LH .
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3.3. GHIERANRERIR

LSTM % Fl T Fe B m A4S A R B, 17 4 28 X 4% (Graph Neural Networks, GNNs) & Fl T3 T ¥ fM5
SRHESRI . FeT b, S5H R NSRBI P9 VR N LR, SR E 2R 5 =) B8 v] R B 45 1R 45 1
TEBE T AT AR NSRRI, 23 2 B SO SR ELES A B R S SRR

3.3.1. EFXFF5ItRERR

)X T TR I 5 S L @ T DR B — B T IR I P e . 56Tk, BRSO SRS
(Context Sequence Extractor, CSE)¥ Doc2Vec 742 IR 1 SCARANAE AN Tk s 2 a2 &,
FHAE FHES 1) Bi-LSTM J2 AL 5 18] (1 5515 12 o CSE HIIZE H bn s — NGB P S MERA 0 73 2K 1) L
XL ERAR R, G A (]2 A R R G 1B OISR R, R AR R AL R A5 R RN o

LSTM HoaHRE E—ANBRBUIRAS h THECURTRSEUIRAS h P 3R nT AR 9 LR A 3K

f=o (W, -[hx]+br) 0

i, =0 (W, -[h_, x]+b) ©))
C, =tanh (W, -[h_;, % ]+bc) (4)
C, = f *C_, +i *C, (5)

o, = (W, [h. x]+b,) (6)
h, =0, *tanh(C,) Y

Hrrw, o Wy W FTW, 23 RS T SN F s A LSTM BT S 80 RE . C 2 [a) t At -1
FRICARZAS B IR, sigmoid OE R o () B PR BCE U 2 0 R 1 2 (8], 2R B B AL tanh () 152
I E %o, , BRABEIRBURA h o CSE ZE/3ET Bi-LSTM #.6, Wik 2 AR,

y
{
SEER
T
| |
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rrrr et
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Figure 2. Contextual sequence extractor CSE Architecture
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Hrf %, 2R M Doc2Vee BRI EE | ANSCAIRA . 7E Bi-LSTM HocH, A [ SCAR RN 751 AL
LN LSTM_L 83/ h! , FAHERIGFSA LSTM_R 521 h! , @i miEEmss h . CSE LA E
& RANOSCARIBNFEFIE NN, B ZE Bi-LSTM KA ER 2 e LI AR, 38
(515 F, CSE (it 2 al it S 5E e, MiBsE NIRRT IR MM P A 40 (E . B
CSE HIZE—ZHith MBRmeIRES P HIE NG IR . B TIEEE N2 G HS, KB EARYE A8 3 i
FIHR AR FEALE A 2/ MBReRES, X BRSPS BAE N G AR AR 2R AL | B — N . A 3X(@8) H rik .

V4; = Concatnate (v;mzvac ,Mean (Z hYsran D (8)

i=0

Horp j FoRBE T EEANE DR RIALE, n RoRIEANE DR/ BIRE DIRES R I 5 H U
R, SRR AR,

25| Word2Vec [71/1)a &, Hr CBOW PR | A BIA/E AN, K i /E R TIE br. 3
F A SCER T B R SO R EL 2% (Context Sequence Regression Extractor, CSRE). CSRE H4 ki & M 5
WY RIS, FR T E FR AL ECh A .

W Bk GE M 516 2 AHE, (BAEIRERE T 5RE . H AR AR T LR FSCAR A RS
T MRE AN . ARO) SR T eI .

Concatenate [V,;ocz\,ec ,Mean [Z hdsre D RN RS — TR
i i=0
Vee = . ©)
Concatenate [Véocz\,ec ,Mean [ZVQE D YRR AR e IR
=0

HFF 5285 CSE MAa—E. WAARRNE, IR R — T IRE RS MR A TCIEE R R 1R
JEIRAT, ASSCAE A A]— 1 TR v A R & (0 S5 A IR R P S (LA R — R I 5 A R

3.32. ETFXEIRNER

MR B-1 R -2 ARV T TS AR, E T RN A R, TR RGR A i-1 T i-2 B — 4R )
i ISR V7 BIEERy . R T R IR R BRI S5 R 5 BRI EAR AN TAN TS, ASCHIN T AT DAFEAERR LB
R AEAT AR GCN [4], H5: T Mg H R SCE$2HUES (Context Graph-like Extractor, CGE)>k 3R 15U &
S5 HRN . GCN JZ R EEHT A = [4]40 F Fis.

1 1
v -of a5 ) w
Hrb A ZoRE R E IR — AR, EIR— IR R EF RSN AN E T —4&ERAE K. D

For A MR, AT DS GON YT HF A4 RL0)EUS AR L), S0 x A | A iR
BN (%) B ERRA RIS

1
h =f|——— Wx; +b|, VxeV (11)
' [|N(Xi) ie;(xn ' ]

ARAD R FER T EH BN PR e A A AP E TR A HAE A S
JEREAE, SRS P R T s B f () A3 R — 2 %N h o BT GCN 2, CGE_N 4eiyin &l
3N,

DOI: 10.12677/csa.2021.113079 775 HENLIRE 55


https://doi.org/10.12677/csa.2021.113079

L

TRIE"

farey
=¥

i

Figure 3. Context Graph Extractor CGE_N
Architecture

E 3. E T E$ZEEE CGE_N 384

CGE_N Zf4 b [ ({4436 2 1 4 AT PR R s 8 1 5B B TE RIRELMISG, 1R8] 3 shRon it sh i
1P 4 1T PR 2 AT AT ER B — 26 FR 1A AT PR AL 9L . CGE_N ZUHA s IR B A STA R A ™Y
RHIE, FEEITH] X #&7s . CGE_N K EIRIEAI AR LA v, FEUIZRad R, I i sl i o2k it
TGS, AEST SR SCARIRA A TR G . SR & IF 7T 1 R, DIRMS BJRR 34T 70 R AR
%o CGE_N ZEA{H %5 —JZ GCN JR A hooy fE NSRRI F 12438 5500k X i sl o 1 S
ORI Z AR SRR BAT R AL EE, X (12)Fs.

V: = Concatnate [V[‘m\,eC ,Mean [Z hien J] (12)

j=0

7E CGE_N 22k, AUELE[— GCN ZZ A& L=y, B B by SO A~ 40 1 7 U8 —
1. ZREWahE D EE — NRE AL ITA A —2RAR M e IR, (8 F AR A R B IR B A
& (9 SRR AT R A —RA B AR Velickovié [17]HEH 1) GAT JZ Bl ¥ iE: & F1HLH 51 N BB RZ K3k
B — 58 I R 1

I GCN W% 2 B4y GAT MESE, 1 72T GAT ¥ CGE_T 42, 7E GAT EH a1
T I = L SRAT N AN AR JE A T T H SRR o A A3 TR E RN, Ho hgy
RFESE A GAT ERtH

V¢ = Concatnate (VE‘MVEC ,Mean (Zn: hd B (13)
j=0
4. SER 55

4.1 RS

S i BEYSEE T Open Yale Courses (https://oyc.yale.edu/courses) &, ‘B eft 1 HERE K 2EA H U
MEH BEZINT T2, Open Yale Course HFTELF TR H 22 AR 40 [TERFE, B THRFEHA —&5% 2]
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FERE, TS F B R AN 4 . B 4E Yale Open Course Ware Corpus HFE§45 A% DUKe 246 4241,
HIKEE T Open Yale Courses P FIRFE(S B, FELL CSV kaURAF s . BaRETH 22 MR, BIBERT
TREEE A 112 7 1A% . 40 [ TURFR A3 B 1058 T ERECAL R, B THRAR IR E T HUN 16 73 41 A%

4.2. EfiERR

DRl & 5 URAE 2 8] (R S 5 282 R S T X 2 ST 0 A A 55 B8 B AN K, B R AR SCA 70 2R 48
PP RIR AN TR 7 o ST RFIEE & (KRN AE O B[R] — PRFE A DR AL 10— BOE BTE, AR AT AR N AE RN 2
A HBUNIEER, ASCIRHBEY - R FENETHE MeanRank LATTAl & J7 VA T3 R 5 BRN KI5 .

H BRI RV
BN PREIRON SEs; IE 4 SEARERL sn
fit: CPIIRERITS MeanRank

1: # Get the projection model
2: for course in SEs:

for Vg incourse:

X=g, Y=0

X, < X, ufvitven)

N, « NegtiveSampling (V,,sn)
X, « X, UN,

for v, in X;:

© ® N 2 9~

XX U{(Vsigvvslsv SiE _VSIED}

10: Y « Yu{0}
11: fori in range(sn-1):

12: Y« Yu{l
13: fori in range(sn):
14: Y« Yu{2}

15: Getmodelusingdataset ( X, Y )

16: # Retrieval operations with model

17:for V. in SEs:

18:for V. in SEs:

19: ipt = (VSIE’VSJE’ s _VSJED

1

model (ipt)[0]

21: Sessions aresorted in ascending order according to distance, the ordinal number
of the category '0' vector for V., is used asthe rank,

20: distance, ; =

[sEs]

1
22: MeanRank =— k
eanRan ‘SES‘;ran ;

B L O B (Vi Vb Ve —Vek ) % BB O A AEAT RO, o Vg 9 24 BT ARERA R B IR
Ve NSET SRR B MR N, BT Vg A1V 00200 e A b B O AN B 4980 <07
RAEUEL R T F U 17 AR WS D UREIOBEESTE sn Bh; <27 AR R PR
PR, TREARHDTR 6 R NegtiveSampIing(VS‘E,sn)%ﬁﬁ?ﬂo TEXTH AN T &M 5, R
= softmax P AR S RAEAT 40 2. BEE BT AR IA H(24).

softmax (W (Ve Vb Ve —VSJ'E|)) (14)

Horp WO AL 24, 7E0 0% 15 AL TR . Reimers [13] (1 SE 5638 B IX Fpdi N (A4t 7 =X mT DABE 4
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AR BN R A 2R . ERZRIEL Vi WP A R A NSRRI 5N
MeanRank 15 F5% F Al A 752 S IR S AR AR 3 2 (6 1956 R o 2B IE 20 7Y model #5954
WE AN =R RPN 07 MERMBIEAE A MR Z RIS, n=(15)fiR.
. 1
distance, . = = _ (15)
! model((VS'E,VS‘E,|VS'E —VS’E|))[O]

v VL AR 7S SEs B A MR RS, b o B a7 E 7R | BHIRRE | 25
FIRER KN o K2R &8 AR B B A sRPT A AT e, R “0” IR E K FF 5 rank, /EA
KKK RIEI . BT REERN  IRERITIR, S8, 22 BT R RN T MeanRank 144
R NI (K B
4.3, 3EI§

N HERH N SEE REHHT 5 IR DT Eude, seit A Xt Doc2Vec 73 2 NHEAT T VR4l . 7ESREG
VB, SCAR RIS FI N I 4E B 43 19 78 A1 40, B3 H1 SEE BLbL G, 5 N R4 B 23 o A B2,
ERLH 3 0 T 461 )9 118 ) Doc2Vec IRES . 8] 4 JEIR T & W ITVERIHR S - KR IEAL 45 R .

52.5 A —e—Doc2Vec78
50.0 A .\‘\.\g —>Boc2Vecl18

47.5 1

40 4 —+— CSE
—>— CSRE
30 A : ; . . . . .

250 500 750 1000 1250 1500 1750 2000

MeanRank

Epoch

Figure 4. MeanRank of each method in the 10-fold cross-validation training
in projection model

B 4.+ XX EIEIZIE AR R & 7554 P18 MeanRank

HH T4 8 78 ) Doc2Vec fik AL & 7 K405 K., Doc2Vec78 1 Doc2Vecl18 (IR I LT T [7—
Mo ARHE MeanRank HITHE 7, AR TIREIRAGRE RPN “0” PR S . HEBN,
Y IZ IR ARG B IR IR AR - RIS R 18 4 BoR, RIURLFHZ CSRE, W%
)72 Doc2Vecl18. & 1 fiw | &k A J7% MeanRank WSk 21 (1 #f UIME

A SE56 45— 18 ] Doc2Vec 1F A SRS IR ANBLE . 22 1 IRTPIAT Son 2 %A SEE Bihiggt B, H)E =2
%#% SEE Wi AR FIZEMI/3 B 45 5. CSE F1 CSRE 153 1 e iI45 %, 5 Doc2Vecl18 #HtEL, CSRE
MIRISE S T 5447, CSE Fl CSRE 7E3RHUEEH i NI #7518 1 VAL (R SRR, 75 SREL S5 84 RN (1)
R A ERAR P R YRR B SR AL EE . CSRE BIRCRELF T CSE. Al REA RIS CSE 7RI Zhid R il g 3L
AARNFHNBRFRE S, SRR T H SRR Z M6 R 1 CSRE @ /i I AR B A R —15iR
HIRANATIA, REM R T IRE S ATRE AR A, BB ERSCRBRATAZ
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SURREE RGN, a5 TERE BT RES L4E R I

Table 1. MeanRank value of each embedding method
= 1. BT MeanRank (&

BRNT7 YL MeanRank
Doc2Vec78 (78, N) 46.16
Doc2Vecl18 (118, N) 47.14

Doc2Vec + CSE (118, N) 6.23
Doc2Vec + CSRE (118, N) 4.15
Doc2Vec + CGE_N (118, N) 27.06
Doc2Vec + CGE_T (118, N) 23.12

Doc2Vec78 (78, N) 46.16

CGE W B2 48 R A 2 [0 B8 A 2 I DG &R, i I AL i R A P DA R ] AR A 1 R TR A [ A8 i A
RALAF T SR FFAE T 5 RN o BRI, 58 SN[ 1) P ) 6o J 38 VR A 22 R] (19 56 2R AT AR AL
ik F Ak, MR - MR I R DA SEE B8t Doc2Vecl18 2T+ T —f%, {HLL CSE I
FINZ B GCN JZ Uy — @ R ] LU B 454 1) GAT 2145 KB Frit I, tHiEsk 7 CGE_N
WO T LS5 R S T 72 a% . nTDATRIL, CGE_T BEMTERE K. S A M 45 b Bm 4 T LI 545 1)
R

AT IGAIE SEE FRHUK 0 BAE EEAUESM, %78 T 7E Open Yale Course £ 45 _FHEAT SCA 4> 24T 55 )52
5, @R WE 2 s,

Table 2. Text classification accuracy of each embedding method

® 2 BWMANFEXESENEE

[ OAIRFS Yz Ve SRS
Doc2Vec78 (78, N) 90.68%
Doc2Vecl118 (118, N) 94.12%

Doc2Vec + CSRE (118, N) 96.07%

SEEG IR | SEE fidrh AT H BIIRFESNE B CSRE ZEMEATR0IE, SREe 45 REWI I CSRE $2
B SHIE BUA AT BLEAL S SCAR 7 RAE 55 A RIF IR

4.4. ATHLIE

A3 Ad ] t-SNE (t-distributed stochastic neighbor embedding) B4 4 7T KAk KA 2 25 46 i NI 3 7N 1)
M. ARYE T 5 LA B — L BRI A k.

SE RN AR S 7. SEE Rl CSE 22 SEE #ikk CGE 424973 M(a)(b). (c)(d)Fl(e)(f)=4H.
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Figure 5. t-SNE dimensionality reduction visualization of em-

bedding vectors of each method
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