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Abstract
Based on the 2022 Higher Education Cup A question, this paper first codes the data set line one-hot,

AR

SCEG| M BR, BN, IR, PRI SR SCUIRHME T SRR ). RS 03T, 2022, 11(6): 1513-1523.
DOI: 10.12677/m0s.2022.116142


http://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2022.116142
https://doi.org/10.12677/mos.2022.116142
http://www.hanspub.org

R %%

fills in the missing values for the chemical composition data, and analyzes the data correlation us-
ing the Person correlation coefficient. After the PCA algorithm based on singular value decom-
position reduces the dimensionality of the data. Through random forest, support vector machine,
Xgboost, logistic regression to classify the dimensionality reduction data and find the decision
boundary, based on the soft classifier, the degree of weathering of each cultural relics is predicted,
and the classification accuracy of the verification set of the cultural relics information data reaches
86.7%, and the chemical composition data reaches 94.1%. After that, the model was evaluated and
selected using evaluation indicators such as recall rate, f1 value, accuracy, and ROC curve. Finally,
the correlation of each feature and the weathering probability of each artifact are obtained, and
the superiority of Xgboost's prediction in this data set is obtained.
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1. 5|15

AR B AT 22 9 2 B A B S S AR R ), B ARE S5t wt e (1], =
H 25 ) 3 B ) i PR U AS RIS 22 o S AR, 2SS, = 5 WAk, WES A
BETCRAEAT KA, B B Ry LU A AR AR, SR M IS I 2], BRI, er s X
S5 B S ) e AT R 3 AT S 00, AT I SR LRI SN B B RO SRR . 2 TRz [3]
M FEAL R FRCIE D AT EF B 2 sy s RRGtE . Foat S8 N[4TRIHT PXRE 2 Mridk 7E K e sy s 2=
iy WARI ] AR BOCT T b OGRS T B R . ASSCHR A Person AH 5% & Hont Bodh A < 1k
BEAT O, JE 2 T 53 S 0 R ) 26 03 0 W BRI 0 et B 4 o B S BEHTLAR MR SR ) L Xgboost, Logistic
[ Y 56F B 24 i P Rl BEAT 0 ST SRAF IR AL F, il — RIFEARS iR AR, I3k B SR AR T HY
THEA DI RAEE

2. WHEAIE
2.1. One-Hot #&H%

One-Hot #wfd, MARAN—AiA RIS, FERRH N ALREFFERN N MRS AT Y, IR
AE ARSI B A7 20, I AR S i R — A 2, HBUA R A BUE T SO B A7 B AR 21 n
Y ki) ¥ 18] _E words—R" [6].

One-Hot #ahd e /R AE N it E R R . X ERERE AN B EH. K5, 51
BREW R R &, B T BRI RGI A, e A, Ehsd 1. W X4 AL B,
CH: ye{(10,0),(010),(0,0,1)} ¥t A, B. C /X RAEA Y =AT B . X T BEI A w2,
S, ATLMERHERU BILL RSy {(1,0),(0,1)) M BV BB R, FREN R R (W3, X T
WEABEL, —IATRER. R, RS, RIE. B gk, Mgk, RIL 8 P, W LUK FLS B0 B g i
y\j:
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y €{(1,0,0,0,0,0,0,0),(0,1,0,0,0,0,0,0),(0,0,1,0,0,0,0,0),(0,0,0,1,0,0,0,0)
(0,0,0,0,1,0,0,0),(0,0,0,0,0,1,0,0)(0,0,0,0,0,0,1,0),(0,0,0,0,0,0,0,1)}
Horpr, BRATREDY 1 AL ARV B R &, X EAEEGA . i One-Hot 4ifih, KBS HURIERL
T, N JE SORSRYE 73 At DL R ATLAS 2 S AR FR Tl A 2%
2.2. FHEEXMES IR
Person AH % F H5E FH R H KT P18 52 TR AFAE R PR AR SC IR ) — R U2 R, HL R R Sl 1 SR P A2
P T ZE T A B OR R 7], AR I AR PEAR S AT, T R 8 R 5 2 15X
PRI, S35 KA S 5 HIA ¢ RBOE A RAE R0 1 R, Bh5 2
2% —E(X))(Y —E(Y))

n

Cov(X,Y)= 1)

Hep, E(X) ENFRPDZRMHE, BT AFEIFAENLEFRNLS TROERERRRR, B
X HR R BOERER AT, R/ R 5 m AT AR A EEAT Bk 7 o

Table 1. A matrix of correlation coefficients for each variable and weathering

# 1 BNEESRLHIEXREIER

4t A 2 B 4 C B = Rt

TR 0.136831162  —0.285390896  0.041067115  —0.34442336  0.34442336  0.119912822
Atk -0.136831162  0.285390896  —0.041067115  0.34442336  —0.34442336  —0.119912822
it IRER D TR il 2 3it) vt el

—0.020317399  0.011116602 0.224933853 0.047638496 0.157650884  —0.016540792 —0.158776837
0.02031739 —0.011116602 —0.224933853 —0.0476384 —0.157650884  0.016540792 0.158776837

B LA EAHOC RECGERE T UE H, 8 A 54000 B 2055 WA 2 55 FAH S HE AN SS TEAH DG, 48U C
MITCszm, Ayl KAk SIS IEA M, HEdta sl s, eI, RARSO. WM. oM
R AR RAT R, HE R A2 B AN ], B KU T35 B R AN ], T S T3t Ak 2
FCOT PR AE S0 OB OGRS e, DRI HEI & AN RRAIE AL AT VAR DG, DRI il 3 75 347 1%
HEALTE
2.3. ETHRESBOER ST T REHEER

X T RATET LM B BERAAE,  H T AR B (R AEEZR AR OC, IF Hb B UAR RO, DRI 7 B ARk
XoF fe 4 %) B BRI AT B A, ARSI N oy o BT ik o B s i AT Ab
231 HRESR

X —Am x n BAERAERE A, EARBERENRI U, BHEURFER LS 24— m = 58, n = 13,
T EAREE RS, m=67,n=16, WME2U—MEE 13 MEBEHE, 71— MRS 16 NESHT
fiE, FF HAFES B ARS8 2 (A 2 MR DS  i AN 5, RRAE (A7 AE BRI A AR G, BRI T3 A Hiis
FERE A, AT DUEE A MRARFE8],  SRAEEUE I E gy

A= X6, (X,) @)
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ﬁ*xp@mMﬁﬁ,@%Hﬁ%ﬁ@@,namﬁﬁﬁ@,ng%n%ﬁ%%ﬁ,iﬁﬁ%ﬂ%ﬁ
N

A=UxVT (3)
Hu, 32 ATA (EHEEATRE [ BA 2], V2 AAT KR B85

2.3.2. ERS O hELEZRSR

BN A A RS2 VI —AS n HERE, HAPRT AN, SR 6 AERE T | AN R, o
AR DME A Z BRI E RS, WO ER i A B 2 8 . — BRI w A=
R 1 B

FIH sklearn H i) PCA RFFSSHEATINE, RIEHARE U B R 775 F 500 Fr s & A HE 5
M5 BB 5N 36.7%. 26.2%. 13.2%. 6.51%. 5.00%. 3.71%, JLitAEis & 91.5%M15 H, ks —
2R RERS SRR = A E R B B2 AN 84.2%. 9.38%. 3.73%, FLit 97.3%MI1E E.
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Figure 1. The amount of retention of the dimensionality reduction difference between the two datasets obtained by principal
component analysis

E 1 ERS SRS ENENRERENEEESENREE

SAR, WF BRI RLER SR, SRR 8 2 T B AR BRI, LR PR N B A
B, R A sl soNES:, BN S, BT DU iR A B o R B R R . 18] 2 ¥
PEEE B R nT AL, W DLE HU B T 92.6%F M FF 4E 2 PC1 A1 PC2 L.

3. ETARINEE IJEEZN NIRRT ES

WLa% 2 STIR HLA F5 BB 2 M7 8 77 DL SR TY Rz A e e [RNA TN . 432855 ) it B 3 0 A bk
BT A SR 70 A 5 T B BRSSO T KA ) 0 28 ) B, N TR RE SR, ASCE 3k
I U AR SR AR XA PR IR S 1) B, oK A2 75 XAl B B10[0, 1]9F % & 0.5 1 N4 Figk, FIFARIA
PR TR HH — 2R 50 AL AR
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Figure 2. Visualization of PCA reduction results in dataset two

E 2. BRE 4RI

BRSSO NI RIS, A A Logistic B9 HREBE B 52 7T (Xgboost) . BEHLARAR . HIFIRE 2
A B AU AR T B AE 5 ) B0t 73 R SR I R FA T, T B SRR A SO WAL . ARG M H
BIE. FLAE. K5 ROC 25 PP TR FRE iR i O TIUAR R o HLasF > 22 P4 Jm i Bl g, P
B MIRIE] T 62 3 DER . X THIREMRI >, ASCEFE 75% I BHRIENINZREE, 25% 18k
PRI EE -

3.1. Logistic [E]YI4&EHY

Logistic [0 52 Gt vt rh FE 2 #5p K071, R T B, B LB AR A B L2 . R
XFHOE R R AU S5 732 sigmoid #IZE, E SE R FIAOR MR R B0 & i S 8K B U(E, SR F B4 e
FRRFIE N 73 RAR AR B 25 SCIHE RAR IR, H SRS I S 00 & D 02 50T A 8 1 AU R %6 B i
I AL A 1L o

B P TSR A RAC IR ZS, W 1 — P ORI HIMEZE . AR, MEFRARG, N R
I N 2 IR, BRI #1551

IN(y =1]X)= WXy +W,X; +--+ W, X,
=Y wx @
i=0
=W "x
R A RFIRBWMANRHAE x J5, ST A REIREE, oy S A R B0 . K B B,
4 Z=X, "WLAFH]:
1
f(z)- 1+e™

R sigmoid BRE, 1 SEE logistic [1IH 73 284%,  FRATTAT AAERR MR LA SR L — [l 5 &
B, SR IEETE M4 SEAR I, XA ST N sigmoid R . B 52— ANE 7R 0~1 Z [ 5 E -
RJEVOE—NBIME, ERTRMERHEN 1, HIHAEN 0.
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KTSEW R, A SCUMKBEREECVRAN R EL o BRI R BT Wb j MR SR e S, WY&
BfFE R BRI 7%, 3R AR bR B B MBI I S50 W 9]
P RALEA BB L (W)

L(w)=P(ylxw)
:ﬁ P(y(i) |x(i);w) (6)
(

(o))" (gl

R RALSR B BB, RSB (o EISRATIE A, X | B R A -

0 1 1 0
MJ(W)—{—YEM— y)1_¢(z)]5j¢(2) @)
gt sigmoid FECR IS
0 o 1
ERAC
T
(1re) ©)

B 1+1e’Z (l_lJrleZ j
=¢(2)(1-4(2))

K@) AN @) ENE 2] T R HOR j MCE N, FF2 B () TR AN B AL, 28R 2L
Wo

wi=w-7VJ(w) 9)

7E logistic [A1JAr, WRIFILFITHEE LA WX =0, ESCAFENR IR AL

P(y=1|x;w)=g(wa)zlee_WTX (10)

A B SE . ARSI A R N
hel( ) ( —0.44x, +0.05x, —0.48x, —1.87x, —1.27x, —0.33X6) (11)
hy, (X) = 9(-0.0319x, —0.0447x, —0.0743x,) 12)

RATL TR AT LR AL T 28, BT DA A MALRR BE (=, [AILEAE logistic [ol )24 7h, T4k
RNV R AL, T DMS RZAT B 2 5 AL, T8RS0 B, SRR A e = A
SRHCEI I RFAEXT B O E S A B, R AT DA BRSSO I A3, i R RER /T 0.5 U]
AU BRSO AL . 1] 3 2 £ logistic [m1 U575 31 (135 23 ST 1 AL RE 26

3.2. ¥REIPR ¥ m E 4488 (Support Vector Machines, SVM)

SCRFIEEA LA — S 5 SRAR i K2 B P TR I A R — > o 70 SRR, T AR B0 4R A e P A I
B, TCIEMERI LA o), PR BT — 8] B SRR A AL SRR
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Figure 3. Based on Logistic regression of the weathering probability of some cultural relics

3. #T Logistic EIYIFRSI STHIRALHT 2=

SRR SR MR WAL SEEARRECN ol +C X6 -

S oo SRR BLBCR ST Y L2 W8 C >0 AR METIZHL 2 C BOkiIM (R, &5
K, B A SO, (i kS SE MBS T C BUNURHE, A5, (4K
S, DRI M T O (T A B OB Co 1T 6 — MRS . R R TT 40 3 R B
USRI TT L5 — 7 — Ykl 1 R 10]:

m m

max Zai_zaiajyiyj(xi_xj)
i=1 ij=1

Subject to: iai y, =0 (13)
i=1

0<q <C,i=1--,m

3.3. BEHLFF#RHER(Random Forest, RF)
BENLARMZ —A bagging VERIBERLS S 7%, BRONEAR ST BENUREIERAE, PO — AN )
PSRRI, 0 &N TR SR RIS () 0 25 SR AT 5, B3 — N RARE A AW N ArR:
Input: 73 KHHEE X, Y
Output: FLEEAE KR
1: fori=1to B do
2: PR ATRENLRAE, RIS KR X, Y SR A, BN X Yo
3: YIZRGHLTY f3
4: end for
5

:N?ﬁﬁ%ﬁﬂ,Eﬁ%%ﬁﬁ%ﬁﬁﬁ:éZLnud
3.4. TREUBE ERFHER (Xgboost)
Xgboost /& —# boosting %32, H H R T HAERMA, XF b — kAR w25 gk A7 oA, 43
PR ZE ORI/ . T Xgboost Bk & —FH k ANEBEEAT SN — AN A NI o 1 B Asei 2, A
AR BAr BRI 55 2 [11]:
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(14)

( (Y. Yi )"'Qi ft(xi)+%hi ftz(xi)j+§(2(fi>

b gy, i 2R BT — TR PR B — B 3 A0 o AE RIS Xgboost 24, HI T IREEM AR 2%
JEWT DA T T e, PRI A ek ) IE AR AT LS Oy

Q(f)=,T +E/IZWJ? (15)
=
2, BT 5 N:
Obj = ZHZQ jW +—{Zh +ﬂ] }+}/T (16)

j=1 |e|J |e|J

3.5. 1REVM Bk E

ASCIEHLT logistic [, BEALARAR. SCRFMIENL. Xgboost L2 73 0t Hidm #7443 28, il A
7% Recall. 118, support, ¥5#ifE, AUC, ROC MHZEBEATAAL VMY, JUIHE PR A LU R [12] (b
TP. FN. TN. FP {3 True Positive. False Nagetive. True Nagetive. False Positive, &3 f5 H2 T
LS DL, Ja PR A2 T B s 0L): (B AUC 48 ROC i 2k 4 il ) T AR

TP+TN
accuracy = a7
TP+FN+TN+FP
. TP
precision = recall = (18)
TP+FP
2 *precision * recall
Fl p ec.s on *reca (19)
precesion + recall
AUC =S(Roc) (20)
Table 2. Dataset 1 Learning performance of each model
F 2. BIRE—RRBEF IR
TR Az F1{8 Support Accuracy AUC Precision
LR 1 0.90 9 0.867 0.8407 0.82
RF 1 0.88 9 0.867 0.8995 1.00
SVM 1 0.78 7 0.733 0.7708 0.73
Xgboost 1 0.89 7 0.867 0.9056 0.87

B3R 2 R TSRS M A TS DL, TUAE e ZRVERR RS TR X s — UL ROR A
e, S A G RE FETEIRUE AR L RESIA S 86.7%, ST T-HLAR % ST R UL, W LLIA iz B 4R 14
BRI, JFHAFEL G FEHURM IR EERENSIA ) 1.00, AT T 15288 4 A Tl 11
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Table 3. Dataset 2 Learning performance of each model

3. BIRE—RIERF SR

it HEE F1 8 Support Accuracy AUC Precision
LR 0.90 0.86 10 0.823 0.7601 0.82
RF 0.91 0.95 11 0.941 0.9971 1.00
SVM 1.00 0.96 11 0.941 0.9610 0.92
Xghoost 0.91 0.95 11 0.941 1.0000 1.00

X EESE =, I BRSPS S MRS 2SR 3 Pt . DhPR e R LB A R R B EE L
LRMERERI BT, I A G R FENLARMIL 2 Xgboost A SVM, RELIFEHRE —, (HRRIMEERALL)
T GE S S M BT R B DT S 48 A — e i AR e VR RGE, R TBEHLARAR R L A [
Gr2K%, Xgboost 1] LA F AL AR MERFAE, 1 SVM W] DUBIE AT IC 75 T4, EImxt R A —
MER IR AR, Xgboost HIRURAE AR K 4 24 R R iR I 1Y o

PLER 52 218 A T8 — KPR bR: ROC Mgk, B #fEbiiz. /£ ROC Mg, fhek
SRR 9 AUC H, BB (70 SRR . HR4E 1 4 (1) ROC ik, WA H 73K
RORBENLAR ML, Xgboost IR o STREIAANLAE 73 I8 2 h AR DK 55

ROC Curve (AUC=0.8407) ROC Curve (AUC=0.7708) ROC Curve (AUC=0.9203) ROC Curve (AUC=0.9197)

True Positive Rate
True Positive Rate
True Positive Rate
True Positive Rate

0 05 1 0 05 1 0 05 1 0 05 1
False Positive Rate False Positive Rate False Positive Rate False Positive Rate

Figure 4. ROC curves for each model, from left to right, logistic regression, support vector machine, random forest, Xgboost

[E 4. FMMEEH ROC #hzk, MZABIBRMKIR A logistic BV, ZHFEEH. BEHLFRIA. Xgboost

X EAMRALE) AUC BHZR, HE ISR RS 2r el 2k, TRES I th o i (i 26, 1P ds
S AT 2R RN (i 28 2 TR (9 THI AR 22, AT DUE HoRx T8N ALR UG, 41 (i 2R 50 2 08 (it 22 11— A
A, UEB TR I BRI A . UL TR UE H, TR IR SO R, PR R
UL T SRR AL, Xgboost 2 B A& U 11

ML 5 AT CUE H AT 28 5 3 €0 i 2 2 180 () T RO B K I, o RIER IR BN 2, /0 RERIK
B /b, Xgboost KRR LT

ot EmAE =, A FRFEAR AN ML AT SRS R BB R B R I B L R AR A B, JEH
ol & BENLARARIL & Xgboost F1 SVM, RIS T HAEEE —, (H 2 R I L MR HL 1 T B8 7 ) i A5 B
B o DL RT IS S50 B8 —BAR AR R RGE, BT BN AT LLE AN [ 4r 2548, Xgboost AT A
HZMBCEAELERE, 11 SVM B LIS WAZ T IC S T4, R SRt — AN AR I A R,
Xgboost 1 RUHRTE 2 P HH A2 24 AR 2 B U 11

[
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Figure 5. The AUC curves for each model, from left to right, logistic regression, support vector machines, random forests,
Xghoost
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3.6. Xgboost %R iR

B N5 6 AT, Xgboost ) ROC £k FTHIAA 1, I H AUC 2k 24 H 21 it 2 A (5 ith 222 1] 1)
TARZE(E AR R, MR AR 3 T M 1 A7 25 3 ) T P12 B, Xgboost 73 S FR IR (AN 2Bl /D B “ i
P R

12 Tr:e I;abels
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d il 1 0N
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Figure 6. Xgboost’s ROC curve, AUC curve, and classification positive and false label curves
6. Xgboost B ROC HiZk. AUC Hhsk5 5 R IFiRirE Lk

XTT Xgboost fE£ 4 FRIM R A EE, AT LLESE .
1) EFVER, X SRABUR, AREE A
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2) Xgboost ) R SR L AT LA S8~ Th1 ) ok SFad 5t
3) MHBTLENE. HENRHMELEE, W] DASEHE 3 2 i) AR L MR E
4) B ERRIIE AR, @GR
R S PU RS R S EEAG Y Xgboost £ FRINASE R e (R LiBR A, 45321 140 R4 4 B 20 A .
Table 4. Some artifact prediction data based on Xgboost
= 4. ETF Xgboost BIER S AT EHE
HE i 1 Hdm i 2 HHE i 3 HAE Rl 4 HHE i 5 HEni 6 HHm i 7
0.35040572 0.711119956 0.29035667 0.29035667 0.29035667 0.29035667 0.781010075
Hidfiri 8 Hiffa i 9 Hidia 5110 Hidhe s 11 ¥ 12 Hidh /i 13 Hidhe 1 14
0.781010075  0.781010075  0.764448616  0.781010075  0.275775233 0.18600099 0.275775233

4. LRSI

AL Sl i person A A BOE REAS H A RFAL 2 18] T BEAEAEAR S R4 2 17 SAE 70 R X PCA [
LA PSR SR AR A R AR B 12 B 2 B 5 TR 3:1 (19 BBl 73 2k Logistic [V, B AL
AR BRIAIRESCRFIA LA Xgboost DURMSEAY, IR REHT. HIRE R CEER, BdEgE Mk
LRIEROCRUIR, —BEALARAR. SCREMEANLR Xgboost =FpIELR MR i Xgboost 7E# 4 5 — R I B 1T .

MRIEASCEL W, JEEEWE TR AA ] Xgboost #5456 Kl S — it — 20 73 AR IR A R4S 1R 20 ST
Mo SREARIERI N R, B ARG ORIE T LA 2 R BN 2 A S SO S AL A T
ENILPS TS

&E 3k
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