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B E REPRCAHFREN ALY, TAKFEA KARARRERFFFTOANE, 45T F RGO XA R4,
ZIN Bloom 4k AERB MR FAEARE T HEAXFHENAF FR"RECSD WG RE A B4 E, L B4 CS1L oy
Bloom 4~ 2 ik A fo id #2 4 JE Fo dn iR 2 E 09 AR 2 ) 8 AP F B Ae & 38 AP F B, 233X BT AR X B 69 Bloom 4 K B 4R S 09 4 Bt
FFARE MAECSI XA EHBEE, RAMEFRIFH AR, 4 CSIXMA 5 4R TFERNIE-LR, Z# A & CSTFPOS-IDF
H % .ERNIE 8% o LR 5 % % 3 3 5 4% . CSTFPOSIDF H % % £ TFPOSIDF H ik ey o ah b, @3t HiR L4 E
BF, kR HEAS T AREXE NG XERE ARARE, BT, AT EARL 8RR %A ERNIE # 473X 4 1735 4 &
FHANAS AR EFRFDEADETEARA TEGI > LG RXELAGE., RE. KA LR X BZEHK XA A 345 £ 3 Bloom 4 %%
Y sEE, R AW, TFERNIE-LR & A AR F MMt Al I B EE P RELZ LG REAE S HNEDT
83.3% %= 96.1%.

X §27 :Bloom 4 £ i RAZFAE;CS1 KAy R HEEH AN FE LA T E B %

FEZESES TP391

Construction and Automatic Classification of CS1 Test Questions Dataset Based on Bloom’s
Taxonomy

DONG Rongsheng, WEI Chenyu, HU Jie, QIAO Yucheng and LI Fengying

Guangxi Key Laboratory of Trusted Software,Guilin University of Electronic Technology,Guilin, Guangxi 541004 , China

Abstract Curriculum evaluation is a key link of teaching reform, which involves the evaluation of teaching cases,test questions
and classroom teaching. In order to evaluate the test questions of computing courses, this paper introduces Bloom’s taxonomy,
and takes the test questions of “Introduction to Computer Science” course(CS1) of Princeton University and Guilin University of
Electronic Science and Technology as corpus,and the corresponding verb seed bank and noun seed bank for the cognitive process
dimension and knowledge dimension of Bloom’s taxonomy for CS1 are given, the positions of the two-dimensional matrix of
Bloom’s taxonomy that could be reached by the test questions are manually labeled, classification dataset for CS1 test questions is
constructed. Machine learning technology is used,the automatic classification model TFERNIE-LR of CS1 test questions is given,
which is composed of CSTFPOS-IDF algorithm, ERNIE model and LR classifier. CSTFPOS-IDF algorithm is based on TFPOS-
IDF algorithm, by the weight factor of the keywords in computing discipline, CSTFPOS-IDF algorithm pays more attention to the
keywords improves and generates the weight of words. At the same time, the entity knowledge enhanced pre-training model ERN-
1E is used to embed the word level vector of test questions,and the combined word weight and word level vector are used to
generate the text vector of test questions for automatic classification. Finally, the LR classifier is used to automatically classify
test questions into Bloom’s taxonomy two-dimensional matrix. Experimental results show that the proposed TFERNIE-LR model
has good performance,and weighted-P in the cognitive process dimension and knowledge dimension reaches 83. 3% and 96. 1%
respectively.

Keywords Bloom’s taxonomy, Curriculum evaluation, Classification dataset for CS1 test questions, Verb seed bank, Noun seed

bank, Automatic classification
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WX . SR 5 ¥ 2 A H, AT PR A B SO g 1 )2 1

it H={hy by, h; o b, ) A AT,
H=Concat(H, ,H, ,*++ ,H)W, 3
o W 2 B INAS TR R B 1 O R PR 3T 00 0 B 4 R TR 4
T S B SCAR KRN
L3 SCAR R SUE BARMUE (17 2, # 37R 1 1] itk 17
i 4E By 768, HITR S )2 A SR B HHRE B E= (e,
€5 se; e, N HITRSEIR S A, & 2 3k E R L2 R H
AT ARG R i W= ws e swy s eeeow, o HHRER
G5 i Y — 2 RN i 1] w36 1] R 4B 768,
RLE IR Gt B 22 2 ) B0 208 SCBE R, ISR 2800 SR 6 R
G HAAARAMMES E T UFEREEYMEX. XMW
eI A EARIA] ,HJE ERNIE £ 51 E 206 4 A SCR iy 25457
I et % 40 Ry A T]H BE 1 184 5 0 S 1]
5.1.2 CSTFPOS-IDF 3 i
Bl TR 0 47 1) X T RN A e R R R R IR B 32K
AR ] AR SO A A A R R A B Y 3R A4
W Fh ¥ FE i TEPOS-IDF JNALSE 3 . 4 14 CSTFPOS-IDF &
2, B THE PR OGS ) S T AR L A0 UL SR Y
B A B TE SRS T B K B ) PR A EE I B BLE LB 3 L 1R
[F] Fof 1, 25 i 2 B AE R R R B A A R L L T B . CSTE-
POS-IDF @350 F .
wy» if ¢ is in the bank
w,, if ¢t is VB ,not in the bank
W s (1) = 4
ws, if ¢ is NN,not in the bank
w,, otherwise

c(tod) * W, (D

TFP()S(t,d):Z(C(tHd) W) (5)
B D
IDF(t)—1+log(j) 6)

CSTFPOS—IDF(1,d)=TFPOS(t.d) * IDF(:) (7
Ho e d)Fmia ¢ 76308 d o IR AL, D Bl 4 b i
RO SCRS BB 7 o R ¢ B SCRY B, v e BT R R 19
R B F ws s wy v, 43 BRI 8] 36 T A B .

TEA G e 4 B2 R A 3l 402 b T O B R A N T
7 B AACE E T 4 AR E 2 H AR AR EF L B
AT AR R M RSA AR HH %G RLE7+
WA AR HAAE T ifFER M T E 7,458
CSTFPOS-IDF % ¥ J5 3k £ CSTFPOS-IDF (“H#y # ™) =
0.597073129316 6303, Af L H: i 18] 35 45 7L ABL T £ A9 G,
7] i, ERNIE i il 2585 B 45 21 7 30 (19 3 SC ) 37, 38 3o 3 3L m)
7 AT AN T A A5 B R SR 1Y ) R R i 3 )
=R (I

z;=w; * CSTFPOS—IDF(x; »d) €))
o, oy R R SC AR 43 18] J5 B 1R, wy 7R 4 ERNIE 45 71
53 09 17 1) &, d R SO .

5.2 CS1iXE Bz

1+ ERNIE % 5 £ #l fl CSTFPOS-IDF %4 ¥ 15 3 3 A3
SCAS ] H, 8 SCAS [ A 22 A R TR 2 2 4% K-Nearest
Neighbour, Logistic Regression #ll Support Vector Machine #
AT,
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5.2.1 K iArsy %

K 4853 2% (K-Nearest Neighbor, KNN) Jg& 5 2 iR J1] 45
B 2 2 B A SRR R AR S

B3 I R A v 0 SORS e £ A ) 4

TR 2 200 8 SO 5 U 2k 4R v g — > il S
R4 1) 3T BA R B RN IR e 481 5

) F e SR E K, B HEF R HE 44 10 K Ayl
IR 5

() 57 53 245 0 A0 SO Y e b 8 JE HEAE T 1D K 7
PR B

AR J Uy 5 L RE AR K A S 4 (d
i=1.2, k) AR AR TC TR REGR R A

[d)= b d'ec’,]’:1,z,~-~

0, d.¢¢C;

it I K348 43 28 7 vk AR 24 285 ) A ) g R A L i
DL I 4B K AR i A 55020 00 1 S 75 22 400 43 26 501 Ay Sl
B2, Bl 2 HER ek

A€ (C,.j=arg mjaxé)]l(d,EC,)} (10)
5.2.2 ZHEEM

S FE 1) B AL (Support Vector Machine, SVM) # i &
Corte ZFM F 1995 4E 42 H (1, FLH) SVM J& —AM4F 3¢ =43 2%
F) A 2 P o3 e e, FEA AR AN R

45 CS1 R A2 E((xihy)i=1,2,sm},x, €
D.D A HEA .y €(— 1, F 1 Fma BB MR, 28
HERE — AN HETHE o x+0=0. % 5080 5 50 5% R T4
HHVHEAT 526 T Y 43 2 D R

—1, o'x+b>0
f(2) =sign(e@" x+b)= R an
+1, ©"'x+bs<<0

SVM & 75 38 3K $0 3) — A~ 18 7 15 e K 99 285 B0 dwe KRR
5 JF 8 SVM K 238 H Fif g — oy 25 m) 8, 226 SVM #E
T T A e R A R N A 2 R L R A A 2 )
MG W W 2 KRG — X — X R EX Z, X
Fp R — %t — SR AT R A T R A N a2, — X — 3R
W 1 JEL I R A A T A AR 2 B i — A 28 T o —
AN B A AL 15 A Z o 2 )8, M i B 15 A etk
5] 50, 5K ff A 3 15 A~ 4r 2588 F 1.
5.2.3 EH@mBEyEE

1B %8 0] 5 43 2K %% (Logistic Regression, LR 3 F Lo-
gistic B X R AR 2 i JH T SCR B4 55 P U T 1
FHMROR . HOE T A A S 0 R AR R E i = TR A o6
% ., Logistic Ml JH 8 3 R H — % — 1) 5 3 2k b #R £ 43 28 4T
%o B, R T B EUA A S R )RR T EEE e A
JCA AR, BP TR 28R g R %, bz s A
% R ABL SR A 3% T 2 AT IR, S BT R T

N
(2 fiCesmw)
i=1

e

amai=1,2,.k 9

Plcla)= 12>

‘ec
B AR 2% bR B R ABAA A AT

J(w,b):—%[iy‘”logh(r‘”)+(1—
i=1

vy log(1—h(x?))] (13)

Horr,m FRBEARBE 20 FRE | DR, O KR | A

AR ELAREE () TR A AT O 2 A

CS1 428 43 208 B0 Wi 48 76 R 4 BE b 77 A B0 0 R - i 1)

UL T 1 SR A O R R B, 1 I 2 I A 9 i I R AR
MR BT STl 5 /A W (1

](va:*%[iy“’logh(f(”) * i+ (1—
i=1

vy ) 1log(1—h(z)) * w, | (14

w, =N (15)

c *n;
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6 LWRIHTSHERDH

6.1 EEirAk

DA Ao AR A N A Ay R R T 2 K L
TR EBIRAER RIS 0] E AR R S R FLH, A
SCHE UK B 2 Cweighted-P ) INAL A 8] #& (weighted-R)
AL F1AE Cweighted-F 1) 1 kB8 1500 5F 4 8 45 o

K
weiglLtedfP:Z(P,vX%) (16
i=1
K .
weightede:E(R,X%) (QVD)
i=1
, _ & (2XP.XR _n
wezghtedfFlflgl(W K ) (18
Hob K R8PS #R R A B0 8 0 A5

B REAS B
6.2 #IEHIEIT

Sy 8 UE T 4R AR AL (9 A A M L AR SCH 4 A REAE B2 IO T
3ANYRERIAT T LWL K. 4 FhERE R BOY B35 . F 15
Si i ERNIE Il 2515 5 A AL 42 TS 0K J0 PURRAE 5 B 15 52 1
TF-IDF Fl ERNIE 414, $ B Y 8 450 A2 08 0 PR AE 5
TFPOS-IDF 1 ERNIE HI£H 4, 42 BUin] (4 37 1 A1 58 4 m URR
fit s i ERNIE 3% B ] 4 , 3 3R JT] CSTFPOS-IDF 5. 3 X Fil
T rp S EHE IR JIAN , B B OC B Bl IR | 4 TR RS R R RURRAIE . X
SEARE AR B A B 3 4y K #——KNN,LR,SVM 1, A5
5 55 A 1 DI A 0 0 A 0 K 43 LR R 75 3L AR SCSR T 3
TR0 X S AT WAL BE . @A 2. 3 AN U A
BT S 98 Hp e 580 SO A 38 A7 0 SR YD o ) 3 K R AL B R
510,
6.3 XWHERSW

TFERNIE-LR #5578 43 25 205 Je oA JUAS FR AT $2 B &
BN SR 45 R 6 s, CST i A B A 0 5 F 4 1 B
4325, CSTFPOS-IDF M 3¢ 8 i AL T I F 7. sh il AL &
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BT 4.4 3 A E 7 3, s PEAY R 7 1, 7E4d 1] ERN-
TE B 7R 18] [ 1 sf L A I CSTFPOS-IDF $2 HBUEE fE /5% SR
i F TFPOS-IDF #l TF-IDF #2 BURFF A9 R0R . i ERNIE,
CSTFPOS-IDF, LR ) TFERNIE-LR £ %I 75 il £ 43 [ 2, fin
PO B R FINAL F1AE E#RE T H AR AR R U 73 5 v &

*6

BRI, T ERNIE #8 fl LR 4325 4%, CSTFPOS-IDF fii
R L TFPOS-IDF N A8 vk i I BORS 8 22 1 0. 996, 1b
TF-IDF JnAUSE v 14 I BORS 8 % i i 13, 7% . £ T ERNIE
Fl CSTFPOS-IDF $FfiF 414 F %, LR 432648tk SVM 43 2 3%
Y INASORS s % & L 15, 1%,

T DA R o R 4 ) 2 T

Table 6 Experimental results of cognitive process dimension classification of test questions

ERNIE ERNIE-+ TF-IDF ERNIE-+ TFPOS-IDF ERNIE-+ CSTFPOS-IDF

a KB o AR o AR m A o AR i AL Hm A o AR i AL m A o AR o AR o AR

wHE HdEFE Flf HmexE  HAEFX  FlHE wHE HdEFE  Flf wHE HEF FlH
K-Nearest Neighbour 0. 660 0.654 0.643 0. 659 0.668 0.658 0.683 0.679 0.681 0.689 0. 690 0.689
Support Vector Machine 0.619 0. 587 0. 587 0.653 0.646 0.643 0.679 0.619 0.623 0.682 0. 684 0.683
Logistic Regression 0.722 0.713 0.715 0.696 0. 689 0.692 0.824 0.822 0.821 0.833 0.832 0.831

CS1 i 8 Y FHR 4k B [ 8l 43 28 f , CSTFPOS-IDF & 3
TR ERN T 7. LA EE T 4. 3R E B F 3, KAl
TPERCE N T 185 R 7 fisl, 4R, 5T ARG5S
248 M ERNIE Wyl 253 5 #80, F H CSTFPOS-IDF 3534 %
BUBE B98O T TFPOS-IDF 1l TF-IDF 42 v 42 B 1 19
R . TFERNIE-LR BB A T 30 f RRAE 42 B M 4y 25 A 41 &
AT %, 2T ERNIE £ #fl LR 4> 26 2%, CSTFPOS-IDF
JNALEE 3 B TFPOS-IDF A 1k i I AURS 0 % &5t 0. 6 %,
o TF-IDF ARSI BORS % 55 1 2. 2% . £ T ERNIE
Fl CSTFPOS-IDF R L4 & F . LR 43 254 th SVM 4325 2%
BN BORS % 2.6 %4,

Johnson 229038 13 56 T #2% b Bloom 432 vk A 1 i 72 4k

=7
Table 7

JEE R O SRR O U715 R I 02 AT A R 4 P e L Z K
M T — A& R W 7 ABTE DT R I, BN AT Bloom
A2 0 R A AEAE F . CS20132 4% Bloom 432 ik A Al
ST FRYE LN 6 ANYERE R fE A 3 A, B EAE A H Ao, 9T H
BT R ERM S NB TEARARZRGERERE, b
WL TE“ AR B GE R AT R s A e L. T84
AT B R 72 e R A S BT
TECTEAL 2R B T % B 7 00 2 (kAR g J7 vk, IR g M
PERE— B0 A 3G 09 T7 . X RN T I B R B (RARAE BB B 2
WK B B 2 T, B RIS AZ IR AE — 2 . LUBUF CC2020 K
B IEX A 1L, R T Bloom 432831 6 AN A ##
E -

TR R [ 73 S SC R 2 3R

Experimental results of knowledge dimension classification of test questions

ERNIE ERNIE-+ TF-IDF ERNIE-+ TFPOS-IDF ERNIE-+ CSTFPOS-IDF

kB iR iR AR iR iR A iR Hn AL AR iR i A i A

#wmx HAEx Fl#@ ¥wmE HAEx Fl#@ #¥wmE HAEx Fl#@ #®wmx HEx FlHi
K-Nearest Neighbour 0. 884 0. 887 0.883 0.899 0.901 0.898 0.922 0.922 0.921 0.923 0.924 0.922
Support Vector Machine 0. 881 0.873 0.876 0.918 0.912 0.914 0.929 0.929 0.929 0.935 0.935 0.935
Logistic Regression 0.925 0.924 0.924 0.939 0.939 0.939 0.955 0. 955 0. 955 0.961 0.961 0. 960

TFERNIE-LR BRI 7R N o B 4E B 6 N2k Lk 8 |
BRI R INER 8 A, LSRR —ERE LZUT

U LR SCIE S TR PR G AT R AT b i i BB

ZT RN EREHR,

F 8 WA DAt R A B 45 GO 4y A AN IR G
Table 8 Error statistics of classification results at all levels of cognitive process dimension in test set
P& Mik#E  EsmE/% #HE#% el —~#Eg EHA e W E Al
ez 49 93. 87 3 — 1 0 2 0 0
R 243 86.42 33 6 - 2 18 2 5
B A 143 86.01 20 0 4 — 7 1 8
ki 187 81.28 35 6 9 7 - 5 8
WA 36 55.56 16 1 4 3 7 - 1
£ 127 80. 31 25 0 3 17 4 1 —

LUNEWINE PP S 3/ S A i EE S LTI
G RGERIE T ARIE LR SCGESE A EENIZE M R R E
SRR T2 )Z k. A0 IE B R 5 33 (Verifying
is easier than finding solutions)” X % . & K A T. £ Wh5
HSETCIN AR HLE 40 202 B M i, X T A 3 U 2
AR BL g R AR MER S 1Y .

HERWE A SCHET Bloom 4 2835 1 Ak 11 5 U R 3 M

Sy BT CS BR R 2 AT A 3 21 A DA 0 i R 4 B R R 4 L R
FH B 5 KT8 CRAEAE 7 A I R 08 5 4 R R B AT 9 KR A
PEIBUBE 1 A AU L 4R T — Bl LT Bloom 43 253 193 8
Al a2k, BORH, 45 M EFxT CST (9 IA Jn if 72 4 B A
TR i 1 AH 7 2l 3] 144 1) B R R T v T 9 CST K
Sy SRR A . B0 F A A ERNIE 4 4030 8 Se A op
R 38 SCRRAE 2K 45 18] 1) 4, fff ] CSTFPOS-IDF il A 58 % i
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