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Research on automatic grading model of HSK reading
texts based on supervised learning
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Abstract: Aiming at the problem that there are few effective reference standards and analysis tools available in classifying and
grading Hanyu Shuiping Kaoshi (HSK) reading materials, with HSK reading texts in the past years as study object, the text
readability features were extracted, and nine supervised learning algorithms, such as support vector machine, decision tree and
extreme gradient enhancement, etc. » were employed to build a model that could automatically classify self-selected text to the
corresponding HSK level. Multiple indicators such as accuracy and AUC were adopted to evaluate the grading effect of each
model, and the best model was chosen to design an online tool. The results show that supervised learning has high performance
in analyzing and grading HSK reading materials. Among the nine supervised learning models, extreme gradient enhancement is
the best, with an accuracy of 0. 913 and an AUC of 0. 994. The grading model and online tool can grade HSK self-selected texts

with high accuracy, help users select texts pertinently and improve learning efficiency.
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Tab.1 HSK reading texts data information

HSK %5 B eSS L SR 7 2 MATHL IARZH FLSCART 25 5
14 34 6451 0 6451 102 63
2% 29 17 003 2312 14 691 135 109
3% 32 40 769 7190 33579 192 175
4% 32 78 688 17 356 61 332 256 240
5 % 34 188 992 48 541 140 451 313 449
6 % 32 228 617 36 948 191 669 352 545
Bt 193 560 520 112 347 148 173 1350 332

1.2 HRFAE
L2.1 Rk

AT 9 FIOR 7 6 1 2% 53 55 0 X KO B 32 743 7 495 S 4 1 BB Csupport vector machine.
SVM)  #- 5 # (decision tree,DT) K #T 48 (K-nearest neighbor, KNN) . BA#HL Ak (random forest, RF)  # ¥
FEHLAY Cextra trees classifier, ETC) .46 F #2& T} P 56 8 (gradient boosting decision tree, GBDT) .5 & 2% ¥ &
T+ (light gradient boosting machine, LGBM) | H i& i 34 5% (adaptive boosting , AdaBoost) FIAH dii A% & 4 5%
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(extreme gradient boosting, XGBoost) , ffi § Python 3. 11 # {4 Sklearn ¥ s 5 Wi B 24 > B AU AR P8
Z-Score H4 £ WURCHE HEAT A5 Ak AL B 5 T X6 A () 5057 B G0 1 8 AR HEAT LU BRIMAL . A ek /b 2o 345
ZOAEFE ARVFRY R BL T BEAT 5 A% 32 IR AIE . (W) 7 [R) 55 £ 80 25 48 T 6 SPSS 27. 0 B #E 4T Logistic [l
A5 07 » L3 W 2 > PR e N H Sk i 22 57
12,2 PFAG T

P PO 48 2R 125 4 5 T8 S A Al B R R R S 500, SR 5 % 28 SUIRAIETH A i 4% B R 24 5K 31 B SR AR AL
TR A B R R R ORI A [ P F 2 EC(F1-Score) o AR T LA S AR LU, AWF I £
K MER R IEM AR R CR . FaE, i F 230 TAEHRE (receiver operating characteristic, ROC) i £k Al
H 22 N 1 (area under curve, AUC) HE 4324 1) 1F i F1 6 451 , v 4 17 fz e R A0 AR S M 6 R 2 — A4
B VEA FE AR SOAR DR R 456 AUC (E A BRI M e . A B0 4 45 20 ] SCAS o 22 B A0 K, ME A 6 ORG #
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Fig. 1 Flow chart of automatic grading model
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Tab. 2 Text readability features included
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Tab.3 HSK reading text readability characteristics data set (part)

HSK %44
I 5 AT 44 B , = .
1% 29 3 4% 54 6 4
5.63 6.02 6.15 6.36
1 - $4) 4 1 % 4.6640. 34 5.3540. 32 ) : : :
Rih Lt o (5.27,5.86)  (5.68,6.23)  (5.89,6.39)  (6.18,6.56)
0.68 0. 65 0.59 0.57 0.46
2 BT ] 0.4540.05 ’
FERE (0.66,0.72)  (0.61,0.71)  (0.55,0.64)  (0.54,0.62) ’ 2 (0.41,0.50)
3 DT H 0.29+0.07 0.33%£0.07 0.35%+0.06 0.40%£0. 07 0.41+0.05 0.40%£0.05
4 JBRNC K 1.3540.05 1.3940.06 1.4340.07 1.52(1.47,1.56) 1.5640.07 1.6240.06
) 0.67 0. 64 0.63 0.58
5 HE KA AT L 0.69+0.06 0.55+0.06 ;
5 LKA (0. 64,0. 72) (0.59,0.68)  (0.59,0.68) 7 (0. 53,0. 61)
17. 45 22.47 23. 04 25.57 23. 60
6 iEiH L (UTTR) 26.55+4. 26
AILEHL (15.80,20.37) (20.58,24.97) (19.80.,26.09) (22.79,28.36) (21.31,26.81) 7
7 A5 517 1 1.35+0.05 1.3940.06 1.4340.07 1.52(1.47,1.56) 1.56=+0.07 1.62+0.06
8 PR R 4 1) 0.1240. 04 0.1140.03 0.1240.03 0.1340.03 0.1640. 04 0.1940. 04
9 1) Pk 2% 3 iR 0.14%0. 04 0.17+0.03 0.16=0. 04 0.18+0.03 0.18+0.03 0.17+0.03
10 (RN Fanlil Hepil 0.14+0. 04 0.09+0.03 0.07+0.03 0.07 0.06+0.02 006
(0.05,0.08) (0.04,0.07)
NN 0.10
11 ()4 a0 ) 0.0740.03 0.0740.03 0.0740.03 0.19+0. 04 0.1140.03 €0.09.0. 12)
. . _ 0. 30 _
12 (FRUEN Finlil e il 0.54%0.07 0.52%+0.05 0.44%+0.05 0.36=+0.05 (0. 27.0. 343 0.25%+0. 04
~ 0 0 0.02 0.04 0.04 0.05
13 (kR4 gy ]
b4 L L ) 0,0) (0,0.01) (0.01,0.02)  (0.03,0.06)  (0.03,0.05)  (0.04,0.06)
14 (kR RI g% (1—3 ) 1a)i il 0.58=+0.06 0.61+0.05 0.61 059 0.510.06 0.44+0.06
(0.57,0.65)  (0.55,0.63)
0 0 0 0.01 0.04 0.05
15 ChRVE) R 20 (7—9 %) ii0 L 4 ) ; ’
LRI AL Al 0,0) 0,0) 0,0 (0,0.01) (0.03,0.05)  (0.04,0.07)
16 (FRENT GBLF L) 0.3540. 06 0.38£0.05 0.3240.05 0.2840. 04 0.26+0.04 0.224+0.03
. 0 0 0 0 0.01 0.01
17 (BRUEN4 DT LA : :
PR BT ) 0.0 0.0 0.0 (0.00,0.01)  (0.00,0.01)  (0.00,0.01)
N - . . 0.041
18 W)Y H FHEE (BCO) 0.026+£0.010 0.02940.009 0.03040.008 0.036=0.009 0.03840.008
(0.034,0.046)
13.18 18. 14 23. 46 33.75 35.08 37.31

19 e A e
AFREFRIFHE (12.00,15.67) (15.25,23.00) (19.13,29.75) (27.79,163.20) (30.81,40.24) (32.44.,42.77)

20 ATREARATHE <8.4Zf?.oo> (10. ;ii;a()) 2. (152.,(1)2.61) ar. 32.@2.75) 19. izgjom 22. 745,11
21 BXERTH (556,375> (821,11831) <14;§;33> <20§%§01> <39§?io7) <4si?:43>
22 BIEREAR (435,258) (62?:1301) (10213%1160) (142)??98) (25??226) (28;5%?47102)
28 EXERAK <4?5> <4?7> <6,811> (6,812) <101,315> <121,519>
2 BIARERH <6€f9> (8%14) <9%L117> <9f6> <121,824> <9%;lo>

2.2 MEZIEBHHHE

25 W B S SRR Logistic AR ORI 4. 3£ 4 ATLUE L 40 JO8UR B 19 2 XGBoost £
AL HER 2R 0. 913, AUC 2 0. 994, HoAth 3 TFR IRt ¥ AL 51 55—, Ay W 2 S B0 53 G i R 4 7E 0. 758
PLESAUC B17E 0.917 DL b, 1T Logistic [ml U5 A BY J3 25 M 8 4 e B 27 ) BB — & 19 22 1, VAl R R
0.598,AUC & 0. 857, H:Ath 3 Tii45 brtht ¥ HEAE R A7

XGBoost B 1R 1 5 BE AT ROC M4 WL IE 2, B BB 38 R 5 U RS 3 P e,
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Tab. 4 Grading effect of each supervised learning model and Logistic regression

HE# B HRIES i 3 KR F1-Score AUC
1 XGBoost 0.913 0.914 0.913 0.913 0.994
2 LGBM 0.911 0.911 0.911 0.910 0.992
3 GBDT 0.902 0.903 0.902 0.902 0. 990
4 AdaBoost 0.901 0. 904 0.901 0.900 0.991
5 ETC 0. 895 0.898 0. 895 0. 894 0.989
6 RF 0. 894 0. 896 0. 894 0. 894 0.987
7 DT 0.812 0.814 0.812 0.811 0.917
8 SVM 0.782 0.786 0.782 0.781 0.939
9 KNN 0.758 0.763 0.758 0.758 0.925
10 Logistic 0.598 0. 600 0.598 0.587 0. 857

1% 26 o o o o o0 100 L0 o
L ,’,"
29| 1 38 0 0 0 0 80 . 08 2t
- ’5 "f
=y z « micro-average ROC curve(area=0.994)
% 3%| 0 0 60 ZE 0.6 1 = « » macro-average ROC curve(area=0.994)
o*
E g ROC curve of HSK 1 (area=0.998)
c4| 00 40 L 04} ROC atirve of HSK 2 (area=0.997)
= ~—— ROC curve of HSK 3 (area=0.999)
52%| 0 0 02 L —= ROC curve of HSK 4 (area=0.991)
20 ) _+% = ROC curve of HSK 5 (area=0.986)
64| O 0 o —— ROC curve of HSK 6 (area=0.992)
& 1 1 1
197 29% 3% 4% SY% 6% 0 0 0.2 0.4 0.6 0.8 1.0
Predicted label False positive rate
a) IRIAHE b) ROCHHZL

B 2 XGBoost #2897 4 F» ROC W £

Fig. 2 Confusion matrix and ROC curve for the XGBoost model
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AR AT Ge S FZA A — 2R ACE B . &1 3 9 T A HEAA T 20 BYRRIE. 45 RER, 55090
SR AH DG AR COR AR FICARAE )43 G800 A 3m)TE Hf8i), JLr R A6 Gam)il L i) (Y e PR I i v T LA RRAIE
R
0 0.02 0.04 0.06 0.08 0.10 0.12
(RN ) 65 L £ ! i
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Fig. 3 Feature weight ranking (top 20)
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UL R F A Tk 44 1 TE 15 00 5 5 22 A0 A B AF A A 5
AT LA B B0 RIOR: , B0 REPE i A e A 8. % ) 0907
f RFE JEal 8 245 W9 2L & SVM,. DT Ml RF %45, BT 0.85
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Score

0.60 1 1 1 1

XGBoost 8 7% 1) 43 9 50 R B i, A R AUC 4 51 34 3] 0 20 40 60 80
0. 919 1 0. 995, H A [ 4 L0 5B th A7 R [ 5 FE 1 275 bt
N A T HE 4 1T L L 3 5 S A JBE AT 5 9 45 B4 RFE 45285 i 4 o 2

CHLSCAR A B D BRI ) M0 15 40 G SR S ey i e RFE feature number scelection curve
5 HSK & %58 B #SCFRAE— 20, F B P B 3% 09 SCATE 518 J7 T B ME AN — 8 5 SO K BE E
EE Akt A SCAR 2o K BlE sk o X o3 4 SR 1) 52 e, AR B Y 45 R A IR LG RN S BRSO KB RRAE 2 FhE O .

FE ] SEPERAAE AR Th LB LR 3 T SCARK BEAFAE IS . I fH ] XGBoost B Al RFE #E4T JE A8 AR AiE AL
Hep M AR R AE A B0 5.t BB A RFIE AL 8 BT XGBoost #5581 43 U A T R [ 1 5
0.903,AUC 4 0. 990, 4% #5 F#AE 22 [H] 14 A5 XT HE 42 B /T T W1 5 28 4k e AR RR R £k 25 A, X g A CHE 2 B
25 D7 I RAAE PR (8 XGBoost 573 iF 47 S 45, 458 U 3 9 fE i % R 0. 908, AUC i 0. 992, 43 AR n &
5 FR.

A5 MARR IS XGBoost #7844 5 %% 2 R
Tab.5 Grading effect of XGBoost with different features included

G PR 1E $F R AE B MiRTiES LR ES Al R F1-Score AUC
1 SRR 85 0.913 0.914 0.913 0.913 0.994
2 4R AE — R AE G 21 0.919 0.921 0.919 0.919 0.995
3 A RRFAE — 25 B SCA A JE AL 82 0.903 0. 905 0.903 0.903 0. 990
4 A TR AR AR — 2 B SCAS KRR AR — R 0 2 25 0.908 0. 909 0.908 0.908 0. 992

2.5 #EZ%&IRA
Sl 2 5 A 2 RNAS 4 TR A Ny SCAR A sh 4y T A http://www. hskclassify. online,
T iE T Web W5 £ 1510] ,

3 am5itie

3.1 ME¥I7% HSK FiEXASRPHEA

AR 5T FEAE 0 5 J5 9 XGBoost BRI fERRILF T 0. 913 . B E A WA TR #EF, AN
g ) BRI HER R I AE 0. 758 KA b 5 2Z M H, Logistic [81 V386 Y 78 A 8] B8 45 048 F A9 e 5 SR AL N
0.598, Logistic [MIH /& —Fh ko3 2 a8, BRI — 43 A5 (n] 1, I HL 2SR B 06 200 26 P WT 43, AN g A 54 3
Loy ) a2 AR PERIE . YR E 23 (B AR K, Logistic [IH M PEREW 232 BN Bz ma ™, M2 T, 0
BT 2RI B R EOR B T5 TS RE RN R A S R BT LR T SO A 2 1 M R R R R
TN R Ak BRI 5 Y B AT 55 40 22402 T B TR U o A0 3R 2 i R 4

TE WG 2 2] 1, Boosting Bk J& — > HUAUHT 19 43 32, FEAZ O JE AR G o 3% 4007 2, AN IR 181 8 B0 i A
O3 S AR R — AN 55 53 288 20 B 1 REAS 76 S5 S A A v A5 B B 22 1) S T AT (e R A ASE R B A Xof 33X 4 R X A
ARPEAT o325 TEAHE T ST A 9 B LB 2 ST BEAL L 4 B Boosting 835 (XGBoost. LGBM., GBDT Al
AdaBoost) ¥J3k 3] T 819 70 AR L MERG R I AE 0. 901 LA b 52 Bb Bagging 895 (ETC, RF) M REFY 55 , 1
FA3 0,895 H1 0. 894 ;1M 3 A MALEI (DT, SVM Fl KNND #E# #4354 0. 812,0. 782 1 0. 758, 5 I
ISR LA — R 22 . ROk F | Boosting B¥A 7E HSK [ 352 SCA 3 #7 7 T H A fE 3. X R 5
DULE SCAS AT PR 43 17 [ R, 7 >4 9 A Wa B 2% ] 5 51l I Boosting 53, I 55 JLA B 1 47 X Lh L BRI 3%
FH o DLk B T G 59 20 BR300, o (o 00F 55 45 SR o L3 Sk A e
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K FMERR % L AUC 25 Z T8 bRiT A0 & 8RR 73 G080, o7 DL AT T B BUPE e . ME A S5 02 SOAR T ek
TR 2 00— A 4805 . 48 2 E 00 0 SR RE A B0 S SR AR LU . R — > 2B Y 1 o oy R
1o o B I 25 7 R 08 AR A b AS [ 2 S AR AR DX 43 FF o ABLAEREAS R 5 4 A I8 100 A % 2% W] i JC 7 M 1 i o
BRI PERES . AUC J&— AN WB 27 > U0 i # FH A Il 8 b o A 5 45080 76 I A5 ] i B9 43 28 B 1Y 6
PR AT LS AR o 22 28 ) B AR HE I i 71 . AUC [ Bt 25 12 X6 1 {91 R 7 91 61X 0 5 A8 B AR S B4 4 (40155 10 T
AR e & FRIFAE BERIMERE ™ . ACHIFSE v , FISK AN [) 201 A SCAR 7 B00R BT A4 B A SCAS 2 B 25 A K2 1 21
h 6 451 F,102 £ 3CA ;6 Kk 191 669 F,352 Sk 30A, UL, BR TR RS H5 4 AR 8 R AUC 14
PEASARUE . 78 9 Fl B2 > B kb, XGBoost 319 AUC {5, 8 0. 994, £ W% 8 2 B A B 19 7 g bk
AEFN S AN
3.2 HSK FEXASRERNER

W E B R W ANE IR AL Gl 25 2 el A ARG O, T DT A M PP A O K E AL BR N BE
J1o AR FERHCKAN—6 HMGARUENT—9 FinliLF . MEFAETHBELE R F R FCHRE A [F 9
I R 3R L B AE AT 10 T G408 T 7 WL AR PR 3 A SUARK BERRAE SR TR SR T 9 T, HAr O R .
X 3R WA [ e B 45 2 1 ) 5 el HSK B 332 SCAR 73 G i de B2 & . R, ZE 4T X0 HSK I B9 s i 24
S 551 A X TRV 2 > R .

CERUED I E SR KRB, RN 7 1 (RN R R 5 000 A ChRifE ) LACK 49 ) by i il
PEAT TP FEAE L AE B 11 092 A4S, BFSE B ORI A 4 392 A TRNE RIS A CRRME) . AT 9 4
I B 35 45 R 2 BH , (R4 RTCb v ) 19 45 BRI LG 8% F HSK 434 i) 5% i) A% B L AR S5 [R] 3 5 7 5 36 3R]
BMEZIEHAT . R T HIW ARG R X HSK AR Ak 19 35 N fig 7 A6 5508 48 h 5Bk TR 1—6 Zinlil te
Bi3K 6 AN FEAE , PR HEA TR R YN 2R RRRAE 0 26 . 45 5% o 3 HMERR R AT T3k 0. 881, (s 1 ) 45 G ir) I L 4
TERFAE AL HE AT 10 Widh 538 T 6 1,

UARKFWEE N HSK % EE N K, £ HSK 1—6 %, & 0 5 3235 0 19 35 780 190 ~
7 114, HSK 6 21 e 32 K 5 SO it il 58 1 000 5, X PR/ 7E #E %8 HSK B 2 d LB, e B SCA K E S
HMEE Z 18] A AE OGP L3 38 i s T2 DL B iR SCAR B 321 25

AW, T L9 T H At [ 36 SCARFE AT A0 B 19 HSK 20 2% %t F A F P 9 2 8] 1 SCA, AT 8 R
J& T — A WE R T P 28 G FI W, A BARERAE b AR 8 HSK 25 90 5 132 50 R 7 5018 0, 8 U
A SCA B FHUAE 50~1 000 Z ], e 4 mlash 4 9 SCAS By DA 26 B SCAS K BE AR AR 5 19 20 R85 2 ok

DT B 2 T 19 HSK B 3448 B 3l 70 b BT 5 45 2R 7%, 45 Gin] I L 49 2 52 i SCAS 73 4 i) 22
WK . ZZBAACTRFAE 1 . XGBoost 535 15 45 i B =4 > BB 19 73 R RWOR fe i B R O 0. 919, 1
HSK [ 132 SCA G M1 7 T W B 2% 21 8¢ Logistic MIHA B R AL#H, Hrh L LL Boosting R fE:

2) A ST S Y 53 AR FAE 26 T 5B 06 LU ) vl 56 Xk F Bt SOAR i 4T HSK A5 9003268, # B L P
A B X M e 1 L 4R v o AT RO

Je S SR R HSK ) 152 SCAS 7 1) 9 A0 A v] 3 R ik 9 728 4, i R A 200 2 ORI R AR A, S i) B
FOTSE R o Rl B R MBS o T U R K e Xl r At 57 B A R R AR £ T HOR IR AT D0 AR L U I BE 2 T RE L 3
FIH G 1 B RCR
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