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Prediction of college admission scores based on Stacking ensemble learning
GAN Xia, WEI Jiayin, LU Youjun, QIN Xinfang, LAI Xiaomeng

(School of Data Science and Information Engineering, Guizhou Minzu University, Guiyang 550025, China)

Abstract: Aiming at how to accurately predict the college admission score line and help college entrance examination students make
more accurate voluntary filling decisions, a two—layer model based on the idea of Stacking ensemble is proposed. The model uses
machine learning algorithms to expose the importance of features, fuses three single algorithms, and uses cross—checking and grid
search methods for parameter optimization. Through experiments on the admission data of colleges and universities in Guizhou
Province in 2018—2022, the experimental results show that the prediction effect of the two—-layer fusion model is better than that of
single models such as Support Vector Regression, Decision Tree, Random Forest and other ensemble models. The accuracy of the
prediction error within 5 points exceeds 95% , and the average absolute error is less than 2.43, which is 44% and 19% higher than
the best performing gradient improvement index in a single model, respectively. The research improves the prediction effect, and
provides the new direction for future score line prediction.
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Fig. 1 College admission score prediction line map
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Fig. 2 College admission score prediction model framework

2 ZWERSH

2.1 KIEHIER AL IE

RSB Sy 2018 -2022 T 4F 8] 4 [E 4% 18 A
TET N HR—Ht PR A OB —Ht SR it
MFAERAE . (R A2 I8 5 AR 25 2 e
RN A FHAE R B B A e 7 Al g5 DRl e Bl
ek, BRI Uk N 2 EALHE R BR HAE 24 Wl
AR BB E A 0 LA A R o 1A
FA 2R pdf 46 2, (RS0 AR AR LR ok A7
FERIANEHER , IR T 3 U R 807 8 7
O UK F8E ¢ % )8, BB o X Fb J5 508 ot HE
AR RE . BN TR A I A TR B R (E AL 3
P 2 S A DX 4 A AN 2 [ 1, )] b B 2 B
FEBCMAE 2021 AR A R4, HOA AR Oy I8 & #8440
R IABRITET 3 AF 0PI IR . S BHRE vk
Je, LA H) 11 078 F %, b 8 825 4% (2018 -
2021 4F) FIYE I 4E |2 253 45 (2022 4F) 7E Rl iz,
£ AR R AE

JE UG B AL H 24 1 24 B A A Bl 2 51



53

T, % £ T Stacking 5 2 > B =5 4% SR BT B2k 119

T B ) s o Rl e vt 8 A
FRIE, X BLES R R T

(1) 2ER AR F 224 44 B ELA AH ) 3 5L, 2
MARATIE AR A X 45 & R AL B o, Tl s %
AEAAEGR , B RR E A R

(2) TP 20 2453 R 5E 2 | RGEHE | A 7] P
Ji PN VRIS AR XA A Bl i 2 1
B, S 5 R 90% Db i) e ), Hofth 45 Fh 2 510 5
W/ DHL, BT LA BCRRIEAE I AR IR AT X 4

(3) TR BOU 72 B 1% M X A48 AR R, 4R
AR AR AT REANTE]

(4) BB L= A T H R BOR SEBR B AS AB0
HOAA, KBRS i FRAR AR T T R BRI B 45, 38044
L] 100% , 5 AR /3R AR AN s 24
VEICRRIEAS LA 3 b e

(5) Foe o 3 2o A FE 1 i IX 53 B e s 1)
FAEOE, 75 O BRI A U 3R R T A ]
DI, 2 S B AR 23 3 8 2 575 S IO
¥15y . MTHERE A M, T8RS o) @ 5T
SER R, HE T S AR, B AR A
BN Fe e VR A AT RHAE

(6) T AR IS 46 S S RS, 8 S U IR 4y
BT L 1 25 HE A AR SR AR A IR, B A R
JEBT 25X A O 0 R 75 HE 44, 418 R A S B AR 67 IR
VB R SEBUE R TR 22 52 TR 2, T DL B 3K fe (Ao
UAER I HTRHE

(7) ASCHI G G2 Ay 18 R Si B 43 B4R At
HARSHE R HARH

W A AL, 45 20 T AT R
SRS T RIEL R A R ARALIR B AR, AR
FEEXT EARME R TlRR AR, R BRI 1 2
FRIEE M AL 1l |l 2E AR AN
THRIEO EARME R 2R BEARA, T LAAR SCAS 5 T
WRHEAE R AT 5, 6 A TRFIERD 72, #h R 45
2k AL HER A RRAE Gl I RRAE TR B LR
LSRN B i 25 TRk 22, B IR i HE S5 5 B
SRR M FRRHER 25 . INALR 22 FiHER 22
ARZ BT ILRFAE DTHR , A BIZE R I 2,

F1 BERBEMRESNEERE

Table 1 Importantce degree of the original feature to the lowest

score

FRAF SFRARE TR Bmgr BARAIK
TTHRE 0.001 8 0.003 1 0.020 6 0.974 3

R2 IRBENRERSNEEEE
Table 2 Importance degree of the other features to the lowest score
FEE ALK BARGIR 2 HEmE
TIWE  0.860 0.960 -0.940 0.520 0.078

RS B 2 32 Z2 Tl TR R s T, {EUAS BECKS: e
A BRI T AL o Z R IE ] e S ok 5
BT  FEMBRERE . TS I RRIE , A3
2o i FRAF TRE SRR AE A R X R AF S AT i
e, IR Hh 43 15 0 X RS AR A 5 [ RRAE
R AH M R BN AT T 18 | I8 R 2L RRNEAE
AN 32 o) 2 Th R —HF, I# ik Stacking
REENERHEZE e 245, R 2 WL HE S
S A AR S E M 4 XHE AR B 1 0.5, FLAARAE 5 55 A%
SR ERRAR G , BAW X AR R, 454
SCHYTIUIN B Ar e AR 53, P e B A DG PR i 4 4
FRIEAE AR T 3 008 B B o AR
2.2 EMIERR

R T VAR AR R TR0 P R AR SCPEM 48 A R F P
WA E IR 2E (MAE) B02E 8 LT .

1 & N
MAE =—3/ 1 (3, =50 | (1)
i=1

Hodr, y, -y, RS B - T, 247
Py W 152 22 I (L R/ N B U BB AR 2 ) (R 50 i A5
B W22,

FERY RS BE >R FH Accuracy (Error < 5) AT
T KA AN EL S AE A AR 22 4 XHE /N T 5 43 T
KiBE , Accuracy(Error < 1) ST 43 0(E AN S AH
(R)5R 22 4 XHE/INT 1 43I B TORG B  eh DL A .

RFET

num(l y, =y, | <5)
Accuracy(Error < 5) = Yi T (2)
num(y,)

Accuracy(Error < 1) :num(l yimnl <) (3)
num(y; )

Hi, num (1 y, =y, 1 < 5) Fm sk 2455
B/NTF S LR num (1 y, — v, | < 1) FoRTMGE
ZYSHE/NT 1 EGE ; num(y,) AR )RR
AEE Y B R TR 156 I AR 7R R
o
2.3 HEBESHIERE

TE [ H ) R b S0 BCE X TR R R B 2
KRHEL YRR E I AR 2 B 18 Pl R
THIMES RIS o B AT DR 4 B | AR AL
LRSS KRB E, N TFRRESEHE U




120 B o /5 M5 MM

14 3%

AL AIVE RE K B o (e , ) L HE 8 2 i o (A% 48 R
LTI LIRS e . W S8 E L3k
3, RJER BB FHARZHE HBRIASHL
®3 HORENSH
Table 3 Partial model parameters
R SHE

Random Forest

00ob_score = True

estimators = 50

Max_depth = 13
Min_samples_split = 20
HistGradientBoosting L2_regularization = 0.1
Min_samples_leaf = 7

Learning_rate = 0.1

GradientBoosting n_estimators = 10 000
Learning_rate = 1

Min_samples_split = 5

Loss = ’1s’
XGBoost Learning_rate = 0.02
n_estimators = 500
Lasso alphas = [0.5,1.0, 2.0]
max_iter = 10 000
tol = 0.001
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Table 4 MAE for single model predictions
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Table 5 Prediction results of different meta—learners
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Stacking_ RF_HGB  RandomForest , HistGradientBoosting Lasso
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AR SRR Y XGBoost , HistGradientBoosting Lasso
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Fig. 4 Comparison of prediction error between single models and

ensemble model in this paper

B3 miE#EREEIIMERE LS
Fig. 3 Comparison of regression performance of ensemble models
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Table 7 Forecast of the model in this paper ( random)
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