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Survey on Deep Learning-based Personalized Learning Resource Recommendation

ZHOU Yangtao,CHU Hua,ZHU Feifei, LI Xiangming, HAN Zihan and ZHANG Shuai

School of Computer and Technology, Xidian University,Xi’an 710071, China

Abstract With the deep integration of information technology and education,novel online education,as a pivotal component of
smart education,provides learners with convenient online e-learning platforms and rich learning resources. However, the rapid de-
velopment of online education modes has also led to significant challenges such as “knowledge overload” and “knowledge dis-
orientation” , which severely limits learners’ educational gains and efficiency. In recent years, learning resource recommendation,
as a key technology for information filtering, aims to analyze learners’ historical behaviors, capture their underlying learning
needs.and ultimately achieve personalized learning resource recommendation services. Accurate personalized learning resource
recommendations can effectively address the challenges of “knowledge overload” and “knowledge disorientation” in online educa-
tion, making it an indispensable core function in major online e-learning platforms. In addition, with the continuous advancement
of deep learning technologies,research on deep learning-based personalized learning resource recommendation has become a focal
area of interdisciplinary study in computer science and education. Therefore, this paper systematically analyzes existing research
from multiple dimensions and levels,guided by the research questions of “how to achieve personalized learning resource recom-
mendations” and “how to evaluate recommendation results”. Specifically. the paper firstly categorizes and summarizes the per-
sonalized recommendation process of learning resources from five dimensions, including characteristics, recommendation objec-
tives.deep learning technologies,integration methods of side information,and recommendation patterns,to answer the question of
how to realize personalized recommendation of learning resources. Second., this paper inductively compares the evaluation process
of recommendation results from three aspects.including datasets,evaluation metrics,and experimental methods,and provides uni-
fied download links for all open-source datasets,to answer the question of how to evaluate the recommendation results. Finally,

this paper explores future research trends of learning resource recommendation from two perspectives: overcoming the inherent
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limitations of current recommendation methods as well as integrating and utilizing external emerging technologies.
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& #2244 (Graph Neural Network, GNN) £ £ H. 51 K
1 P S 25 0 A 5 RAERE 1, TR AR R BT 2 5l AN F
) RRMEREAT 55 R B, a2 2 B 52 S IR Z W
ZEH KRG AR FOR B 4 AR R B S
B A ML RE S 7 2l M d B 2% 3 -2 3 W IR S IR R 4
22 18 F e I 226 3 M, DA T 46 3 380 % AT 55 &8 06 3 B A B T
SRS B, Zhu FE0 T — ol 2 ) 4% Lk
St A3 B TR B R R T R P A A X R B R 43 PR S
ARG LA B N B G FR A AT B P RN AR B9 ) R Ak RRAE
FER T 5 BE AL I E DA B D 307 M % Ak it 4 i S Bk 2 T
D, Dai B4 H T — B 35 T B8 AU 48 0 26 10 TR AR IR 7 R
G5, SCIT T - I LR HE - R - R A £
Ui 2 7K 28 5L L, B 4% DI S o 0 A 2R Y PR AR HE R 1 R . Gong
U F- MR B R 5 MR E RS I N FE — 5
15 BRI 4L FETE % T A5 B MG 1 0 22 2 PR 48 0 4% ke
e 2) 3 g S M I 4. Zhang PV T — R
Sr AL 4 B S A i O R R AR B AT A AR R
3 4o 2 P R 2 T R A T P A B I 4% S B S A 4% 1
MAE BALHE 5 R A NI IR AL 2 2 5 525 S W R & .
AT T ZIME M ook s, Bl — &0 A 6E % B W
AN BEARTE RN EE LS N EREE £ I
KRBMET MAFMRE AT TR IR R AR S
ZICK R T S B M TR 5 © & P R 245 A
B # 2: W 4% (Hypergraph Neural Network, HGNN) L) 3 5 2%
ST REURMESE (R . BN, Wang 25050 B AR [ M 22 R 4% 3
B2 3] H 5B Z R — 3% 2 KR 8% 2 H RIS AT
55 T 4 R B 0 (R 2 ST AT S5 ORI T — R IRAR T 5 1B G
fith 25 DAA 3R 2 > 2 K 0 55 0 0 2 ) T R A i — 25 4R T
TOURAR HEAE A, 2R R 4 3 A I A A AR
BWAEL E TR RS 7O SRR, G BB E R
B L L P bR 22 T 45 B % R R AT 0 2 Bk 0 B MR AR AE L 7
R X 4% M 0 Ik e B AR 0

1 3 % T %% ( Autoencoder, AE) 45 i H 25 55 45 1F 4 3 5
e WS AE F1 A AR T A BRI SR ML G 4T 3R AR T
WA ST 3 — T T 3 A s g AR Y 2E
PRURHEE T B R R . X BT YL B AR E A A ) B R 2 )
ORI 3] BE IR Y R AE 2R R ok T HE A I A 2] - S B

T 25 R fire 0 285 8 o AL Ao s D 9 46 1 0 B A R A Bl i 8 4K
el R KR, T 92 BARAE SR 05 2% o 5 R i 2 MK i 2 =
A A IR S X AR AR R, 4N, Wang T
Xof 2 3 3 5 e i N I A R JE R A AT AL AR A R
DL 3778 53 I 245 A g 2 T 45 56 BGRB8 109 5 AE il BRI
%, LUIRAS 20 & 2 o F 2= A F R B &L fJ5 S5 20 S IR e
PR AE (1 TR R B 1A 7 — dR A A I 40 A i D 2 S B IR
M HEE B . Chen ZE0° I FH [ 2 4 5 25 10 EUAR SE B T —
AT T2 A B 7 50 HE 7 0 SRR 1Y 2 ) AR M AR
TR IR A 2 A 25 RP O A T T ML R A AR 16 32 3R A = )
FOHE S P, D2 2 o IR 1 & R R AE . FEfR 28 op L 1
I8 B 22 T 246 2 %k 2 2] 5 U A 1 S FUIR A S AT AL O
b R B AL AR R A S B AR AR A A A e
TR Ay A~ 40 38 00 R 0 8 e 38 (W AR AL B . T A B G
T 28 H MR AR T I S Xt 2 3] 3 5 2 ) W VR 58 BB 1 < S A
F A L B L RS A 2802 20 B 19 43 A0 0T A RT 1Y B0 B
A%, BT 2 5 1 17 3R G RO RN 1
2.3.2 BERANEEGEHEF X

B X2 34T SR HL A A P 1 5 SR v I 0 O 2l
FIABAM 0 115 B A TR 3 5 2 2 3 508 2] BE IR I RRAE %
MR o IR BB W 2 4 B L X 8y TR AR R A 1R B
1A SR T 25 5 400 43 Ry T B 285 01 - B i 0 O TR A 0 A S L An 4
R RT3 A5 5 4 B ST Y A L s ST B AR L2 2T K
NTZDAR i

DA R S IR A 3005 8 . 0P S R — o L 1 2
ST BEEM Y HAE B, A CREHR OCR VRS = e gl i g
3 HOR AU R BN O R AL T I WIRZ ) R G
OGRS & 6 R VRS- LR R e B e
koG R AE . A8 B IET 3 (9 2 3] BE IR A Ik B R N 2
AN TR {5 B4R BB W, U 3 T AT TR ARTT DL R T
PR 4 B AT 0 R B B R SE B B S R S B
BEUR B 38 HAT SR BN HIEAT R A L T G A RO A 6 o)
4 ) F R 4 2 100 A i B TR £ B 2 37 U A HE I
FETF A BT I 32 TR A T 2 sk R R AT
T, 58 J K A5 0 A0 2 o 08 VR A R AR i A 31 9 A AR op gk AT
i AE T B HE R L AT R0 5 AT B R A AT A
B4, Deng %5 33 ] TransD P A 35 A 2 20 198 38 o fY
2] AR S SRR T 00 4 A R W HE TR AT 55 g A
PR RAE . BLAh . Yang SEU 2 — B R 1 6 R 1E
A of S X LT 1 2 ST TR B e R kA, B
I B A 2 I 4% R S 3 2 3 3 RAF 5 IR AR RAE RS
LTS BATE A R i A PR AR A A . TR R Tk
T3 e AR /T B Dy OB AL Hh S AR N 56 R T L
A T B0 2 3 3 - S R R A 38 AT S A v S B )
AR 2 A0, Gong 4650 Hi T — i B 1 3 3 i 1) 572 44
0 P A T 7 Rl 4 B % 5 40 el R A D i 2 ) -2 2] BRI
THEGHAGE— T GBS, RFEL T ES S5
F15 B I M5 BAGHE 5 3G I 3K 2 >0 2 X i 1% 1R
RS TR A . E— 2 M, Zhou ZEH B =ML E] A HIH A5
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Z A S8 5 4k ¢ R Y T8 B ARk A 2 R I B A A T WKL
FH AR F TRAR S HE G M BE . B TR R 00 Oy 2 R AE R
WS 5 % ) 3 32 BAT 0B 5 — 6 1 )5 19 = 1 45 5 2%
T E R AT 2R E B S RE DB
2 FH G2 WRM R, HI40, Alatrash %7 6 F I
FRik E B g id &% SBERT A U118 18] % 45 4> S48 1 9 1R
T 5 e o Bl AT P A i 8 D) 0% OF A% 4 R 3 5 4T S 1
R 1] 27 AT AE SR iRl =5 & 038 S5 L 45 2 5 ks
WERIHERE LS R . Zhang 250 WA T — A Z0 iR 0 45, 15
S 38 b 1 00 RO A A B N 4% EAT A AL AR 3 5 A R
2 ] 7 A T 7 TR A B 44 S S 4 A B M 4% IS B %
H5RA AR H 5% I RRMFRIET . 28 LR,
MR A A B T BRI 0 304 B T I B BO TR R e T
A b Rl G A 0 U R S R DL — AP 2 o) W'
U5 1 FAT 0 St o DT 28 A% 58 ELAT g i 35 s 0 100 5 ), 1 4 7 45
SR INER .

DA E MG R . F I HM S E R EEY
HHEMAELFI T ETHADGEIT#ER = HiR
SIS B I FRZESE . Gl A 2 FH M L AE B AT Lk 75 4k
2 3 F W RRAE 2R R o AT 2 A% 45008 s i 2 (7] A8 199 552 1 - 42 1=
S EM R . BN, Wang 582 S H WA D ST
BORTELRAT Ty GE 115 B A B HE T A1 v, L) K 5 2 3] 35 g
WFRYEREL. BR T ORI EHE WA DGt E B, 5 ) FHe
TIEEHAN KW ME B A B T X5 2% 2 35w 4r iy S e, @il o,
Wang 45177 M2 3] 3 1 B AR 28 vh 4R B2 ) 35 8 W 2 T
i B 2R 7R T8 2o 3k L Bl B R AE SR IR B RS 2 S H A T
i 0T DLE R BT 0 B RIS R Zh I, B T E R ) E
WA 1 15 BR A 2% 2 % RAE AL, Yang 2607 Il F 2 > 3% 09 e
BAF B (a8 A7l A7 B 45 R TH 52 2 2 22 18] i A AR
BEIFGE G ALY 2] H R B B S E W IER R, X TE
AT A B A T DR T A 5 5C B A A ) 3 A AT
B T2 2 FH A WaUE R 2 A0, ) A R E B Re g o i
B2 3] A A AR A R AL S B . 9 401, Ban 46070 52 0500
IR IR R H 2 2DE AP/ G B S ) B IR R
IR U SRR E R BRI E MM
A A B T % i BCHE A i M 1) A 5 L (0 SR 1F B R
W B2 2 35 B RA [R] A, 38 8 A 52 B R FH 35 55 v e LA AR BB, B il
TR FHEMELE BN R KR,

2.4 MARBAREXTHEFER

FEXSHERA R B AT 22 R M i i, DA 9 7 A5 =X 1 4 A
K s FRGE R 2] AR P 25 R AT ARE A 22 S X
h 2] BHE S RN S — R I IR S AR R,

D2 B R AE - B 76 AT AT 0 B h 42 38 45
B2 2] H WA VAR IR FFAR IS MR AR B 3 e o) B R
HEABATT AT BE B D4R 0l T A Top-K A~2% > W IR 4H i 51 3% .
Horp K 2 — A O E 1 E S8 BT DR i S %)
2 A A AR B 5B S5 U . 120, Gong 2550 Fl Zhou 2017
B G S A B 2 O 4 Ot A AR A A o) B 2 ) BRI B RRAE 3R
TR s R R TR B O3 B R B 2 o B 5 R LA B 2
3] B 22 I8 Y 32 HLAE B O 45 IR AE A B RN HE AT R )T

HEFP 5 i Jo AR 41 e 495 2R A o T B 7R T — I 20 7T RE 52 H A9
Top-K PRFEHEAZFIFR . HHT . B T B BE % 2 1Y 2 2] TR 75
BIFFE 2R T [0] 27 ) BEIR A B Al o-o2 0 s

205 ) BRARMEAE i 1) T 5 B B B bR o o) Y 2% X BE
T3 RIS 5 2 o FRR S I 22 S L AR BB 1 2 ST SR P
) FAEAE — R I3 Sk HOBAT W e SR IR A o o) BRI .
AHEE T2 2 BE IR A A 77 kAL 27 T B AR 4 25 5 1 AN LT
B8 H bR o M b T O R S B A
S £ Y 2 2] B IR AN 2 ST S BE I 3% T RE ML T I A L 2
> W B R I W L S4B 6 AR 2 IRUAR L 8 I A TR
B ERHAR X 2 > YRR R BE A R R T L DL B
Rl A 2 2 3 AL A ) B B HE TR S5 S, B4, Chen S50
B2 2T BEARAMEAE AT 55 A — A 5 B P 517 fY [R) i 5
FIAAL B4 53 35 TEAE 5 T 1 F U EORTE B A s 2 R AH DG 1
B E R I BL L B0 R ) B AR . Zhou FEUT FI TR 4L
ARA LSTM W45, M4 2 5 19 2% > 1 8 507 A2 0 44 KL
T 2% > 2 TR AT RE I 2 S BX AR B ik aE o) SR, DT S B A )
R HERE

3 WAL MITHEELSE R

TEASTE A 27 oF B2 IR A7 04 TPAl B B, LG 0 2090 4 L 58—
BT A 48 A DL e 2 T A 52 398 07 5 COR B T 8 BRI A 9 2 L
NP RGN PR B 72 45 R A e . Rt A B 3
X BT B A o7 o BE IR A 5 kB0 8 O B 4R L
A6 b 5 5286 7 AT R 5 007 . RE DM, AR B RO R
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3.1 BE&E

R 27 >0 B R ) 28 T 22 S I A 23 T 4 4 T 3l 23
PR $f 0 B0 AR LA 7 AR 4R | o R 40 4 LA R SR
AR ROEAE 4 28, W 2 R 125 2B a 4k b 2 A TT B
BERRCEE . FUrb TR T B 4R 2R A% K MOOC F &5
W B 15 B 19 27 o 2 B PR % 5 -~ AUHE 7 B0dle 4R B 2R AR
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Fig. 2 Statistics of the numbers of various public datasets
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Table 1  Statistics of common datasets
B % ERE RS AR N B IR B 5] LB M Jnif B B 2 BAEF
MOOCCube 199199 706 38181 — 114563 5557051
MOOCCourse 82535 1302 — — — 458454
edX 4500000 290 884883
Canvas Network 224914 238 — — — 325199
ASSITments09 4163 - — 17751 120 337990
OULAD 32593 7 — — — 16655280
KDDCup Algebra 574 — — 1085 437 809694
OLI Engineering Statics 2011 335 — — 300 87 45002
MOOPer 46743 600 — 1360 — 25000000
Junyi 72630 — — 835 712 16217311
EdNet 784300 1021 - 13169 - 131441538
POJ 22916 — — 2751 — 996 240
BePKT 906 - — 1054 106 317418
1)MOOCCube %5 £ 5. ZEIEEM S Tk A Canvas Network ‘5 19 238 [

MOOCCube $#E 4" 2 Yu 551 F 2020 48 A B I
K MOOC & 2 ——F 4 7R 28, I 55 15 3 19 FF e 4 38
. RBIRAEIRAE T 706 [TH AL IR 38181 M H =M
H1.114563 IR A 199199 44 MOOC 2% 3] 3 %+ 7 i
FABLE I . M4k, MOOCCube i 43 & — 4> R B 33
Z RS AU B T 45 0 IR 22 D) 1 S8 08 U5 4K 06 R L 38 A0 B
T EMNZENBRER N 2 Mt a s TR
A RS . MOOCCube 048 4 7T FH T 52 #3534 RE HE 72 LA
HEAF L 2T RIHE A AV S AR R 5E

2)MOOCCourse 5t 4

MOOCCourse £ 5 5> & B Zhang 451 W4 T 2% 5 A1E
LW AR, B RO AE 2016 4 10 H 1 H |
2018 4F 3 H 31 HIH 2= IR AT 3 W F AL B L
SR TR [RIAFE 3 B IR AR A O /] — IR AR . Ab R R BN 4R 4R
BT 23 AR 1302 AN RER L L& 82535 A2 ) R A Y
458454 2 ) H-ARF M2 IS R BT, SO i BUE &
PRALT ) B W F B B A PR L 0 R 22 . MOOC-
Course £l 42 1] H T L IR HEFE DI .

3 edX B

edX B HE Y JE i edX F & U I & i (WA FF G 4.
Horp, edX - 6 02 JBR A FE T 2% g A0 R 2 L 6] @1 57 i AR
FE4T VA, ZBIRERME T A 2012 LK edX T & I
B 290 1M fh FIRR A B T2 Be 7R 2R PR AR L W 38 25 7 Ok,
450 TS 54E M 2800 TS 5/ 8 . edX B4 £ v H
T3 R A A BT .

4)Canvas Network ¥4

Canvas Network 4l 82" & H Canvas Network & fii i
NI BYEEE . Canvas Network J2& 38 [ () — 4> JF ik 18 28 MR &

D http://moocdata. cn/data/ MOOCCube
» http://moocdata. cn/data/course-recommendation
3 https://www. kaggle. com/datasets/edx/course-study

Y https://dataverse. harvard. edu/dataverse/cn

PR T 10 AT, B ERMT 2014 4F 1 A
F 2015 4F 9 HIWAIR] 224914 44 % 3 3 (1 325199 &% 1T H
itk . Canvas Network ¥4 5 o] F F ¢ IR B 72 1O A 55

5) ASSISTments 54 £

ASSISTments $ #& > & Dr. Heffernan M. ASSIST-
ments &% GIEN — RV BHRE, Hh & ZEH
MBI 52K B 2009 2 2010 224, ASSISTments £ 4 52 7] H
T 3 P R A A R U R AR R BT

6) B [ I il K 227 2 43 BB diE 48 (OULAD)

OULAD(Open University Learning Analytics Dataset)® Jg&
BeE TR LA AT T B, ZUE R0 T
2013 2 2014 4% M A1 35 [E PO 2= 1 7 TTHER IR 32593 4%
2 3 FWMHE B 173 912 47 4F 55 15 4390 5 L & 16 655 280 17
ZHALTE . OULAD $#s 4 ol H] T 3 3 IR AR HERE 9 AP 5%

7)KDDCup Algebra ¥ %

KDDCup Algebra (#5457 J& i 2010 4 KDDCup # & 4
P42 48 PE AR T R A 1 A FFBHESE . KDDCup J2& — A 4F B g
MM A BT, 2010 4E . KDDCup # & 509 12 98 Pk %
FERAL T AR TR TR AE 5 19 AQ 8 25 >0 7 0 800 4, B & A
2005 & 2006 4EHAIA] 574 4424 3] 3419 809 694 £ Mk L 5%, Wb
K 437 AF1R SR 1085 4~ 2 8, KDDCup Algebra %1 5 4
AT FH T 32 48 o R AR R A AT

8)OLI Engineering Statics 2011 (4 4E

OLI Engineering Statics 2011 ##G4E% 1058 T 2011 4F—17]
K2R TR 1 2 IR W 2B 300 ok, mBURE S
335 2423 300 A3 B LL K 87 AN AR AT FER AL T 45002
S 3 FH-S A Bl 5% . OLI Engineering Statics 2011 %{
I8 4R T T S 2T A A AR S RE BB Y

2 https://www. etrialstestbed. org/resources/featured-studies/dataset-papers

% https://analyse. kmi. open. ac. uk/open_dataset
? https://psledatashop. web. ecmu. edu/KDDCup/downloads. jsp

® https://pslcdatashop. web. cmu. edu/Project?id= 48
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9) MOOPer 4 4

MOOPer #4457 215 BB AR Ll KIUBAE LR 5 BB 2
F- 5 EduCoder & YA FF IR A, Horpr, MOOP 48 K B
TE LR IF I 52 B (Massive Open Online Practice) , 1% 5% 3% £ # fit
T 2018 & 2019 4FEHI 18] EduCoder & M 2532524 £ %k > %L
.21 606390 4% R Gt T ECHE DL I 15054 45 F P g3z i ie
o ZBUE G ER AL T — AR, Kb A 11 28RO
10 B FH . MOOPer B# 4R /T HI T 3 45 PR AR #E 35 Fu > B4k
RIS .

10) Junyi B4 4

Junyi 542 & Junyi Academy & A B A TFEHE 5 . H
o, Junyi Academy J&—A~RESLF 2012 AR AELRF 2] F & L 4K
PERE 6 /2R B P A SC AR 5 ) B, B R T
2018 4F 8 H % 2019 4F 7 A HIA] 72630 fii 2% £ 7€ Junyi Aca-
demy~F-& F/Y 16217311 (K REIC 3%, 7T ] T 34 ) L HE 77
AN SR AT 5%

1D EdNet %4 £

EdNet $(#E 52 M EM £ F 6 A T8 e 5 IR 5
Santa K i A TF R 46 . ZAIR 4R H2 4L T 2017 4F & 2019
AE[H] 784309 £ 2: A 7E Santa N TR BEH 5 F & M E shid %,
ST 131441538 W, ~FIM & . MO %A 5 RG22 B IR
441,20 K, BBHREE R AR R R A FHE KIEEZ —,
AT T S SRR A AN T B S

12)POJ % 4

POJ(Peking Online Judge) ##5 4 /& Pandey 4551 )b
TR ZETELRACHD S BT A U A B4 . RS S A AL
T 22916 kA5 2751 252 19 996 240 W A2 B, V- 85 f
AR 43,47 NGRSk . POJ BSOS A v T S 4 o) R A
HIWE5E

13)BePK T ¥4 £

BePTK 4 4£ J& i1 Zhu 2502 I BT 78 K 2 (1 78 2 oF
2R G A B 2 TR B 4 . B JE 4RI T 2019 4R
9 H & 2021 4F 7 HWAIE 906 & FH /o 76 26 PF I 3= 4 b g A
MR B 240759 4 i ® S 76657 AR HE ., ZBIEE
£ 1054 >0 8,106 AR gL RL S 1054 AN TRy ~) -
HHE A . BePTK B4l 4 a] JH T 32 43 >J 0 HE 75 A0 0 18 A 4
R .
3.2 iRfEIELR

h T %L A AN AL A ST B R AR
WOR A ST A AT A M A A ST B e A S g bl
B BEAG 15 b R0 FE R 40 R 3 b S 20 . ok G R AR AR L HE T 4S
B DA S H At 48 b5 . 45 28 H I AG 48 A% 00 B0dE g iR B
A 3 FiR,

D https://www. educoder. net/ch/rest/4

A F AT

R AT w35 AR

K3 25 KITAh e bR B g it

Fig. 3 Statistics of the number of various evaluation metrics
3.2.1 EAMEIEAR

fir 1 # (Hit Ratio, HR) : 2% 3 F W e & b 2= /0 4u
G A2 H EAE A B B S IR BRI S E A
SERAT T, i el 3R A AR A5 R o Th 2 ) B R
HRAEIFEREMILAR, e HR it AKX 0T .

2T, NR,#M

HR== g
Hp U RREIFES, IUIRREIFNEEGT, RN
AP E N E w LIRS % W ES R, FoR R
B FTHE w WFEIRBHEETC )R — AR IR A 72
PR B BUE S 1, F 0 o,

K14 2% (Precision) : fif ## % 2] 3 E IE B WY 2 ] BT
55T I 2 20 8 IR 22 D8] A DG R B L SCA RS R b )
SR A LA (4 A 3] B IR B 4 RS 3R v T A 2 2] BE IR AL
BAHAED . T # 9 H w. KR % Precision, W3 #
EWo

(O

Precision, :% (2)

Forh, N, 7R A7 45 R vh 27 o 35 SEBR 32 HL 3 4 2 >0 B R A 5
LR, BABRMEL ¥ I H u WFIRRES IR ERR
WP R b2 I BRI BB, BT TR 2 ) B R R
HEATRAIE S S A5 1 B BER Y Precision 18 45 3T
£

A 18] 5 (Recall) - i ik 77 22 G 800 4l 412 3 2 ~) 3 B IE &
LR A T BHIR Y RE J1 58 SO AR 85 R vh 24 o 3 S BR A H
T 2~ BE IR R 5 2 ) SE PR RS B BT 2 ) BRI Y
FAE . X722 8w A L Recall, BHR 0N

Recall, = |}RP‘ (3)

Horfr N, R MR 45 5 Fl P 92 BR 38 Bk 1 2 S R 09 2K
w, T, XARMRERHT « BLLHENSIRRES, T, |
FoRMREP T « B W4 R RE. &5 40
A E AT SR AN T, A5 R A A R Y
Recall $§ bR 174 .

» https://www. kaggle. com/datasets/junyiacademy/learning-activity-public-dataset-by-junyi-academy

3 https://github. com/riiid/ednet

© https://drive. google. com/drive/folders/1LRljqW{ODwTYRMPw6wE] mMt1KZ4xBDk

2 https://drive. google. com/drive/folders/1Jt6f0MV1paGLlct]qxHtdF1Vh2mUnsoV



JRVHE VL A BT IR 2 3 A Pk k2 ) TR R 2 25
F1 i : Precision Fl Recall {93 FI - #{E5 , F1 {4 8yt IDCG, Mt WmT .
- op REL,

A » IDCG, = 2 1 7:@1) ©
Fl:ZXPreczswnXRecall ) ! 2

Precision +Recall
H ', Precision R T & H P (05°F- 2 HE B 3, Recall R T H
FH P g 47 Il
HET 2 (Accuracy) « i 5 #E 75 R o 768 8 A 4008 4R I IE 7
HEAE B RE AT 4 10 e )L o S R R 8 IE W 31 9 R AR B
5 REEARB L ES . HEHIZE Accuracy WA N -

Accnracy— TP+ TN
CCUray T TP Y TN+ FPTFN

Horh , TP(True Positives) & 75 1 7 A5 A1 1E i b f4 1 B A T
HIEFEA (Ui s FP(False Positives) 37 1 7745 B4 55 15 Ky
T REAS T K TF B AS B B0 s FN (False Negatives) 3 7n #fE 47
IR 158 b W T A AR TR A R AR B # i s TN (True Nega-
tives) 7 75 1 150 B 0E B b 4 SRR AR TI0I Sy AR AR 1 B

-2 44 % 5% 22 (Mean Absolute Error, MAE) ; i % ¥ %
T Y A A R S FIO AR S R U (L 22 TR] Y 68 %o 2
W BMEDT . X T2 H w, TP B3R 2% MAE, 1915
Kh:

MAE, =

(5

1 A
‘R”‘ig”‘yi yi\ (6)

H R, RRBARMERF LT H o %I FHEES. IR IR
IRAE 7 5 R R ST YRR BORE L v, % 7 M X 2 ) VR
i T S53 , v, R 2 2] BRI GEIR G WSSy, e
XA 2 20 4 (R 4 J7 AR DR 22 HEAT SR AT 28, LA 3R AS e A A Al
i) MAE 48 bR 374 .

75 # iR 22 (Root Mean Square Error, RMSE) . i 1 i il
P VAR 1 L s S U AE 55 92 B WL {8 22 8] 14 57 J7 2 ¥ 35 75

RO, XTI H w, KRR RMSE, M0 .
g} (&*y,)z
MSE,=, |
RMSE, R (7

b R, JORBIRIETE 2 T H u 92 S VRS IR, | %
TR 45 5 v T VR VR B Ly, 3R B2 3T VRV i 1
BOMATSY y, Fomae 5 # A2 VeI 0 BB ST 4. Je i wt
FIF A 2 33 5 10 49 77 R 22 0 45 3R AT 1 L 3K 75 4 A B g
RMSE #8#r1FAf .
3.2.2 HeAF AR

I3 — b it 2313 25 (Normalized Discounted Cumulative
Gain, NDCG) ; — i it 72 R 7 R A B0 46 4 & %8 T
S 9 Fe v S B IUE T . R IR AR o T
FHu IR A p A IO S B2 S Ve A
F AT B4 DCG, -

rel;

—ilog, i+ 1)
Forbv, G 2R T0R £ 2 S BE IR T TR BT 7 B 5 0 5 A IS Y
N5 A R I A G B el WRAESH 1. B IRAE R 0. KR,
FE SCHABIE LN AT B Rt 55 IDCG, K 3R A 4R b 2
2R SR HIET N A% 2] PRI SR HE Y . 76 BLAE HE T
A 2] RO Y L B 58 4 UG D 2% 2 35 Y S PR 38 TN,

DCG, = (8

Ho REL, FRMIKEh %3 FH HLILLHMET p %%
W, EWE THEESEN NDCG, UL EM K IDCG, 25 .
NDCG, & X h DCG, 5 IDCG, Z [, 8164 4 5t 2316 55
HATH— L3, NDCG, iR T .
_ DCG,.
IDCG,
I EBHE 4 (MRR) « i i R 5578 45 58 2 > # 1E Ol
T W R A 2 ) A FE O A R YRR T . EF A2
2 HEHERE D) FR vh R B A G 1988 — 2 I BRI A HE 4 L 3
S HE A (880, SR T 2 ) 35 (80 Bk 42 BOF 2, B AT
33 MRR {8, HitH0F .
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