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Abstract

Missing data has always been one of the challenges faced in data analysis. The presence of missing
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data can lead to aloss of model performance, so it is particularly important to predict and fill in missing
data as accurately as possible. This paper will rely on the data set of “Wisconsin Breast Cancer Diagno-
sis” to carry out a comparative study of common interpolation methods. First, the original data will be
deleted according to the complete random deletion mechanism. Then, by establishing two different
models, the Logistic model and the support vector machine model, under the conditions of different
deletion rates (10%, 30%) and different number of covariate deletions (3, 6), the mean interpolation,
KNN interpolation. The performance of three different interpolation methods for multiple interpola-
tion. At the same time, accuracy, F1 value, and AUC value are used as quantitative indicators to measure
the interpolation effect. The experimental results in this paper show that the fitting effect of support
vector machine model for breast cancer dataset is significantly better than that of Logistic model; At
the same time, for all interpolation methods, the performance will decrease with the increase of the
missing rate and the number of missing covariates. The decrease in interpolation performance varies,
with multiple interpolation showing significantly more stable performance with the smallest decrease.
Overall, the interpolation effect of multiple interpolation is also the best. The logistic model and sup-
port vector machine model that fit the data after multiple imputation have corresponding accuracy, F1
value, and AUC value of 0.894, 0.923, 0.872, and 0.923, 0.94, and 0.908, respectively, when the missing
rate is 30% and the number of missing covariates is 6. Therefore, based on generating multiple data
sets to simulate the multiple interpolation of the uncertainty of missing data, the “Wisconsin Breast
Cancer Diagnosis” data set after complete random deletion processing is significantly more robust and
reliable than mean interpolation and KNN interpolation.
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T, AN AT S AAAE — SO R SR S L A0 B R A P AR L BT P RS
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T A0 B SR 2 M AR T, BRI
2. BRI KAE NPT A8
2.1. HENE

2.1.1. ZHFEEN
SCFFIA)EAL(Support Vector Machines, SVM) @4 — 73 AT THI, BB AR J& 58 SUTERHIE
() ) o i R PR 2R 20 228 TRI R S5 R A A ) IR AL SVM IR BLFEAZ 4G T, ax A e oA S 1
ARk 23223 [3]. SVM 2% ) SEBG I IF] B de KAk, AT a0 o — SR ORI ) L, 450 T
T DU 09 5 DA K bR B e /M TR . SV 1125 2] BRI SR ™ — ORI i e A i . i SVML -
GARYEH R AR B SRR BE JT,  RENE38E S )R A AR In] T 75 30 4 =) S DL ASORH i 4ERFAE AL B RE ) o 7E
PUSEAESSH, FEARH VP TERRAE 23 (B Fp AR 2R P T 3 (1), 1 75 DR AR MR 463 25 18] At 81— A B v 4 1)
0], AFAFLER A2 A R ZRE T 0 1) o B AREZRME 2 SR L A 2R 1 4 28 A 1y, o B RR B a2k
P4y AT 87 B (1 U B
(1) Lot Rl
SCHE R 281 23 2510 B AR A5 BB AERRAE 25 R R R B — AR08 F 1, KA A FIARIE R A 4y
I, FFHIZR PP S A RS, BIFR AR B —HAE NS E(w,b) E75[4]
2

max min

= wT :
wh ."WMW’9+M

st.yh(x)=1i=12,-m

X1

Figure 1. Division of hyperplanes for support vector machines
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max min ”_5\4|‘WT¢(Xa )+b‘

st.yh(x)=1i=12,--m

2.1.2. Logistic f£#

AR 2 — M T BG5S 050, BT SRR, TR e AR B . AR
WREAT, RAVER — DM ROV R R R, B BREYS R T 0 M1 Z AL
FAH o XM T BB NG EMARHERTE LT, il 1 . AR y, Ny Ioi) o KA
BOZH I 0/ AR RIE), TR R R, FRATAS BN DR 7 A B 1) A A D [l U A 8 o )
AE R, 1A p(X) =Pr(Y =1|X ) ME ARl AR ch [N A8 . L7E% % 0T Logistic [HIJAITE AL, Logistic
BREL TR O

QP Byy

P(X)=

BEHL X = (%, %) e pANEER, B WHEUT, B, B, WA ZREL 2 HAT Ll PR

In[l_pf)’((i)J=ﬂo+ﬂ1x1+---+ﬂpx,,

25022 1 FRR s B0 2B EE (log-odd) 55 43 %+ % (logit) »
2.2. IRETNIEHR

X F o AR VAN 7 ORI PR IR 2 R, W LA #Eff 2 . RERfE. A%, F11H. ROC f
LEF1 AUC {H TRIEFEFESE, AFPIVEN Fabrid B T AR AR A, 75 ZEAR I FL AR il R 5 508 1Y 48
BRI 2> AT PR RE o T A SCR R BRI . FL{E. AUC 18, 3 MEFRITEAN S A 1 iy
fPERE. FIECEE T B 3 MR FE AR AT A48

(1) #EmRER

HERfI % (Accuracy): 73 R IERAMIREAS S S SMBEAR BRG], 5w BTN bR —.

TP+TN
TP+TN +FP+FN

Accuracy =

Forp TP RIR E IEI(True Positive), TN 7R E 71451 (True Negative), FP 37 IFE {7 (False Positive), FN
FonB f45] (False Negative). #ERfZEm, 702888 ML RE LT o

(2) F1 14

F1 fH(F1-score): F1 {E/&H5HIZAIH BIZRMIBEFEME, £56 75 08 1 70 8 s B iR 5) 58 1 F0
SEGIRE R 1. tHE AR L.

F1_ 2PR
P+R
. TP . A
Hh po— T RRRE, Re— T R, FLEME, 43 b G
TP +FP TP +FN

(3) AUC 1Hi
AUC (Area Under the Curve);& ROC HIZE I IHIAR, A2 VP4l —4r B PERE M — M HEhsr. ROC Hh4k
S Sy AR A (¥ EL A P 2 (TPR) S8 BH M 2 (FPRY & il i iy i 28, FoH TPR A& 4 S b iy IR 1 RE A
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BTN Y IE B LEA], FPR 248 S Br o G 45 B AR A g AR T R IE I LR 51l . AUC {ELARVE R #E O 2]
1218, AUC {HEEK, AR REIRGT, AUC {EA 0.5 R~ MRS TO s SR 45 6] T B ATLAE W o

AUC {E I AT EAZ 2 R BIERIFEN , 10 HO T AN B B0 B A B i B R . FE S FR N
A, AUC EH M HUBA IR R A PR e, B AL . TR, AUC {EL R AT DU 3P0t A AU AR AN [R] B
A THIVERERIL, H IR m AL H 7 R BME .

3. BREMNBIRIBI T ENEA
3.1 BRHLE

SRAHUBIS B R SR SR BORRRN T 2 TERR AP, SROCHLBES J AR 52 A bbLGR
s, BEHLBRIRIIEBINLES, 52 i1 Robin 26 AZE 1076 4E4RHI[ . FFAA-4Rix 3 RGN 2 AT, AT
Sl B
X: Fo SRR
O e L SR IEOE s
Xyt O SE AR T B35
5 W6 =1FRF HFERTLHE, §=0%7 HIFERIFERL
g FRFHBH

(1) FE4EBEHLERK

5 4 BEHLER 2 (MCAR) 2 H8 12 B8 10 H B 000 0 AR (B AS B oo, R 2 B0l ) H B e L )
[6]. B4n, —SeHdE S rEiC SR AN CIBR T, X SR T A B e BRI . D

P(5]X.¢)=P(5.9)

(2) HELERIK

BEHLER SR (MAR) A H5 SR 2 B 1) H B 5 WEME A 545 5%, (H S5 B IABEA 5 TR [7]. B, — I A A,
LT REAN R B T CERS, (E B E SIS, X M R B a2 R BBE LR g . B

Wﬂ*@:P@Vmﬁ)
(3) AEBENLHLL

FEBEHLER I (MNAR)E i 6k 2 H8 ) H L5 WLINME AR R 5 A B # 2<[8] . flan, — IR, N
=R REAN IR ROE R H CRURON, X RN gt 2 R AR RE LR 2R . BRI

P(5|Xv¢>:P<5|Xobs'xmis’¢)
3.2. M ENE
3.2.1. BEREI
B AR VE A — PP 1T B A R R B AR B V5, 8 B AR SR AR FH R R AE BT 7 78 i ) S8 (E SR I e 2k
E[9]. BAkUL, X T —MEAHRKRMERNZRE, OO HZEERIE, R 5HIZIE R B bk
A HMEFEEER SRR GAT, HEED, BB RERKE . S 2 AFEHARAEE 0,
AReR Gl N ZE, T HX T A A S8 s, SESREER SR AT R A .

3.2.2. ZEMAI
% HAfi#N(Multiple Imputation) /& — i F ISk A A B 325, Bl 2 RBEBUR SR sk R Bt , IF
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PR A SRR AR [10] . A SEBEBR RS TR NSRRI T RERTIUE, AT SR TRk
HARHIATENE . 2 HEGAMOEABER: W TEMRRER, R CAH RSN — LRy ~E, R
ZANATREMISEAME, SRR R S AR R AT AT, e 2 S R AT & 9F

% BEARAMRII0 R P DU R R B AR E M, (RIS AT DUOR B RS B R NRI M AR AR . B R
R AT Z OB, THEEROR, T H R BN R AR B AT HUAME (9 B S AT S5 R I B

3.2.3. K SiE4Bim#bh

KSR AR A2 — 238 DL R R B AL B0 5 o b I B AR SR TR AR LR, ok
B EAIT HURFEAR R K AR, RIGERE X K AMREA RIME BRIATEN B SR A o B D B G [11]:

(1) RSP S HABFEAR R LI, BT SEREAR SRR B BAK, W R E R E 1A A
R BRI (D :|xi —xj|)‘ LREEE(D =(xi - X )T S;j(xi —xj))o

(2) XS HR A S RAE AR AL AT HE T, SR $R H SR A A AR URE B s ) K AMREAS

(3) HUEHRHEX K MFEARRIIME . Az B el S (E BRI G AR

K AL AR AN VAL RS T 8 Y, BAS 5 20 Bl o A BEATRBE, (B AE —SeBR R, Lk
T REEE, KBTIk R SRR, RN TAEA D A AN ST L, A 45 R ] BE A8 R o
A, KR — 5 R P 2 SN A i R B A O, A S P A mh md o 5 SOher 6 25 5 SR B 52 K
fE.

4. ERKBIEBHH T ZAIXT L SLL
4.1, BIERIR

Bl J5 T UCH W12 =1 %04 & 5 (UCI Machine Learning Repository) i) “ g e 2 FLIRE 12 W7 3
A, R B R R I ARG 1 o ASCEL T H o s AR 7L, B S A3 2 569 47
SR 2B, 12 MFEAR &, o diagnosis KoRHEAEIZWTSE R( “M” R, “B” R RME).
SRR R, W 1

Table 1. Part of the original data
=1 BoREHKE

id diagnosis radius texture perimeter area smoothness compactness

87139402 B 12.32 12.39 78.85 464.1 0.1028 0.06981
8910251 B 10.6 18.95 69.28 346.4 0.09688 0.1147
862989 B 10.49 19.29 67.41 336.1 0.09989 0.08578

89827 B 11.06 14.96 71.49 373.9 0.1033 0.09097

91485 M 20.59 21.24 137.8 1320 0.1085 0.1644
8711003 B 12.25 17.94 78.27 460.3 0.08654 0.06679
925277 B 14.59 22.68 96.39 657.1 0.08473 0.133

867387 B 15.71 13.93 102 761.7 0.09462 0.09462

4.2. BBET

42.1. ERBLBIBE
ESRE I FLARE BR AR h, TRAT T8 BB A & Bk i 5 BRSBTS (AL ], AN T R
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[FIFE AN TV AE AL B R 5 ORI iE S MEAE AN . KNN JERN . 2 SRR 3 AN R4 b 7 7215
FIRF B, KX RS HIE Logistic BRI SZFER &ML, FEH B IREHERE. FL E.
AUC fH) K B A IE M 7RI ROR -

FRAAL B AR 3 A 6 DNPIANERERHAT R, SRR B (IR B AR IR BE AL AT IR . X TR
BRI A, BIRSE ARENLERALE], @i python o' miceforest FiH ) ampute data & %A R 2 %
i, GRORFEAZIE 10%, 20%, 30%HEATHE . SEIGRRAREMT, WAk 2:

Table 2. Experimental setup details
F< 2. LUNGERREE

AR 569
B IRAT A 3.6
R 10%. 30%
kb ik PEARFN . KNN b £ FifHh
AR Logistic #7 . Sz F[E &L

4.2.2. Logistic 28!

RAEAF B SRR B, RS A F AN 7 VR R AN 2 d,  ANTTTAS 21 58 s BR & . HS 3I1 58
B, AT EBIEER 7T0%/E IR TG B, KAl g 1 30% 1 Dy i 48 F T PRAt AR 2 1)
PERE, A SRR AN R . B T ORBATH AL BB R A B AL 3 AN 6 NN X Hidi AR i 5T
Logistic 17,

(1) BEBREHEENEN 3A

Table 3. Relevant evaluation indicators for logistic models with 3 missing variables
3. 3 NTEHKT Logistics AR X IEMIEHR

B2
10% 30%

AN 75 % F1 AUC AN % % F1 AUC
Y8 0.895 0.923 0.866 Y8 0.861 0.896 0.839
KNN 0.921 0.943 0.897 KNN 0.892 0.926 0.876

Z EAfFh 0.915 0.934 0.887 EACERR ) 0.912 0.929 0.879

W% 3, MDA B R, v LRSI RN O 3 AN, BEE BRI 3 Fhid
1B 757 R0 R A () Logistic AR IS B . FL . AUC #5 — EFEFEIBRAK . 7R BN 10% [ i,
KNN FIRCR B, MRS, FL{E. AUC 4708 0.921, 0.943. 0.897. fEELICH N 30%[HIHf %, £
FATANI RO B, WP RERIZE . FL{E. AUC 4372y 0.912, 0.929. 0.879.

GAWMAR PG RRAHMETKE, TLURIZ EAAMOBCIR B e, BARMEE. FL M.
AUC #A —ERE R TR, HR T REAIREER /N T E IR AN KNI SR B R0CR BARTE B SR /N
B IS A, H A KNN (NSRS L7 T 2 Sd kb o (EZIRATAT DL B0 B4 A A KNIN F6i £h
A VEB RS, T S B4 N AR AR R B AN B VAR B BRI L A A — AN B AR, BRI sk
R I, BT RN AR AOHEDRE T 5 17 KNIN 6 45 78 S5k 2k ELAG 650 v R IS4, REAR 2 [B) ) BR B 1
SARREEE, SRRSO 2. Nk, xR EiEAM R A .
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(2) wEEKWLEANEH: 61
Table 4. Relevant evaluation indicators for Logistics models with 6 missing variables
4.6 NEEBHLT Logistics BRI EITEMIEHT
10% 30%
i WaRvS T F1 AUC i WaRsS T F1 AUC
WME 0.885 0.910 0.866 WME 0.842 0.866 0.831
KNN 0.871 0.905 0.839 KNN 0.868 0.906 0.825
Z Eifith 0.912 0.935 0.899 Z Eifith 0.894 0.923 0.872

WA 4, BBAVESRK DR DEOLE DY 6 NI, W LUR LA fli b7 i I RCRAE — 2
JEEHEHBL T MR IR S, SURARE AR BE IR R E SR M, kAR A
Hobi 2, b T T iR R EOR W e R, R4 BIRSR AT DU 2 EAR AN R A R IR AR T AT
i AR . BARBEEGUR RN, WEHiZE. F1. AUC #RHELT NRE, (HARISE AN KNN 46 £ E
P, NEREEEUIE SN Rigy T 2 EIRAMESUR AR R AN EON 6 4>, BRIy 30%AFEAMEL 7 A
TAMESE ST, W
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Figure 2. Multiple interpolation of the distribution of each variable
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Figure 3. Plot of the degree of convergence of the means of the variables
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FEIE 2, R ZAR IR R EE MR R L2k, RO R 2 B B E R 10 MEEE,
X RN A BB R S B L, BT8R T 6 MR E, RULXINA 6 MEEEE. WK 2 4, "I
RBUAE AN R AR G R RS A &, BT AN SR AN . N 3 R, BT RUR I TR kA2 &,
AN, #RAEIEAR— R UE A S, i A A R B BN AR E -

42.3. THEMEN

TE F—TAE A Logistic BAL, XHdiha 10 7L S A2 04T 7R AL, RIS VA 5 B # 7  )
ROR, B N RBATH SRR I AU G A S (B AT A . [FIREIRE T0% I BR SR MIIEREE,
30%HIEIREENE RIIREE, R EANECN 3 N 6 NFAERE R, R T FHEE 5 iR AE A R Bk
FRNIIRR . T FF MRS R, BATF NS R 75 F IR RS, ARAE R R
SEIL, RUUT LA 1 SRR S AU R AR R 2R e, Bk ie 45 RN T -

(1) WERRDEENCN: 34

Table 5. Relevant evaluation metrics for support vector machines with 3 missing variables
7 5. 3 MEERAT X IFEENBIHE TN IER

i 2k 2
10% 30%

o E RTIES F1 AUC AN T IE iRTIES F1 AUC
¥IE 0.923 0.943 0.904 ¥ifE 0.885 0.916 0.866
KNN 0.921 0.943 0.897 KNN 0.894 0.917 0.881

Z E G 0.935 0.949 0.929 EX G 0.912 0.932 0.895

W# 5, EFRMARENEN 3 MR, AERKEN 10%IE /2 30%2 51 H 1) RCRE L T 41E
JEANFT KNN kb, [R5 N sE . EEFON 10% 8%, £ B G &0 R SRR . F1
fH. AUC {73714 0.935. 0.949. 0.929; fEHEZ 0%, 2 B kb o HLA I SCRF ) E LB AUk
Wi#. FLE. AUC fi4 %5 0.912, 0.932. 0.895.

(2) WEEZENCH: 61

Table 6. Relevant evaluation metrics for support vector machines with 6 missing variables

6. 6 NMEEBRKE T XFEENHEXITN IR

ik 2
10% 30%

N E RTIES F1 AUC AN 75 iRTIES F1 AUC
BI1E 0.912 0.935 0.887 ¥ 0.851 0.876 0.841
KNN 0.935 0.951 0.916 KNN 0.894 0.924 0.866

E Gl 0.938 0.954 0.926 E Gl 0.923 0.94 0.908

WA 6, fEFIALENECH 6 ANHIRHE, [FFEAT DU IR LA RO A T 8RB & 3 M1
WHEHA — & R EEIPEAR, R Bl S BEALER R 2 3 i, BITA T A 1 8RR AEAE — 2 IR . 3 AN [E (1
WETET, KR 2 ERAMORCR IR . EBRET 100081 30% KI5, 2 SEIEAMYREIHA . F1 1A,
AUC {4 %15 0.938. 0.954. 0.926 F10.923. 0.94. 0.908. [FIf, FMIKIMAE RAGRKLEN 3 PIE
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& 6 MG, SCRF RN A SO ISR SR R S HOREr & R ULER L T Logistic #7, DI H]
SCARF A AL ST ARSI P ok TN 7L i pee P2 W 28 SRS

5. RitERE

ASCIE RS PR A SR REAT SR, RIRTUA R 5 i A B MR RE . IR0 & Logistic 1574 AT
SCRFIAEAURR, G E A RCRBEAT BACII PRl . IRAEASCRISEIRZE R, BT A Fl B 7 5 #R 2 Bh ik
SR AR I A R S AR B 1) A RO G e BE B AR . IR, B 2 S AR AN AL BRSO P fiE EARAL TS
A AT KNN RN BTG, — 5 T B A A A (A R e DA RS S8 v, 5 — D THD & AN R R SR AR
5E, AR BEE BRI F MG B FI A DL BERE BRI L o MBI 2 — i P ELTR7 R 4
Jiids FESRRRBARAINE B, S A AN R BOR X R AR R BIE2 i Tl b 5 30l T
LR, AR B R DL R AR AN O B 5, A B RCR 2 LT B M0 KNIN £ SRR 5 AR ¢
S5 22 E AN ) CRA BORAVH BRI, (HECR SR SR BRI, 38 ] KNINBEAT $ii kD 2 32 31— 2B R
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