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Abstract

Focusing on missing data and based on the introduction of principle of Reconstruction and Mul-
tiple Imputation, this article analyzed the strengths and limitations from the respective of
non-response missing data in social network analysis. It also made a comparison between the two
methods by Monte Carlo simulation. The results were as follows: Reconstruction and Multiple
Imputation were of the roughly accuracy for missing data under different missingness circums-
tances in the social network analysis. Comparing to Reconstruction, Multiple Imputation was
much more reliable for missing data in different missingness situations.
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1. 518

#2245 53 B (Social Network Analysis, SNA) & MR AL BB R AMAR) “RR” AR K, R
Wby KI5 OB 5T NAH EAE (S35, RBE, akBeR, 2011). e MZSEE h—HAT3h# F173)
BRI 2 R, X FPECE (R 1 T R R 2 1) TR SNA R T 0B 7.
Sk, [N IE SNA J7iEAE O J7 H AT A SCEBWHE 2 . a0, @4t M4 00T I 72380 7 1)
Pl A /0 4 1) AT N R (B, AL, X, Al R, 2014), ANMERFIE S5 S MEHIR R
FHA AR RS (A ks, ik, 2014). It W2 IR BRI T AMAIE 258 1 55 5T %
Rk, 2014), AR EAERIRGAGE IR R (F 0T, BhRH, skiaE, MR, g, BEIKIE,
2014),

{HZTE SNA 1, BREE & — N2 HIGkI AEE 2 —. SNA BIEHE 2 R A& 2 TR R 1
KA, Frl st SRl i A SR L, SNA RS EHE ) B R . O TSR B, SNA 1)
S 5 o R 2 B 0 RN v, ] SR PR AT S 1AL TR I 28 1 1 T B 25 (Kossinets, 2006). 12
TR 0] 502 ) 265 1 9 v i 8 AT B3 B 06 R 2 AL IR (Laumann, Marsden, & Prensky, 1983). [i] &
1B B T BT I 2% TR AT B3 A% R IR AR T A 7 BT E R 42 0k #E I BR %€ (Holland: & Leinhardt,
1973). P28 1 2 o (10 TG B B 4 25 o 56 4 i 2R R 5 T H AR 84040 S5k 2K (Stork & Richards, 1992; Rumsey,
1993). HHr, ML P RIE AL a W4 R A i 220 ML R ARG Dl . X T BRI, 18R
FFRAMEEAT A3

TESERRN FH 90 4 2 i B 10 S I A 7 V2 SR B R AT A0 B, W (A kb, AR AN
B—4ftME. 16 SNA o, (AN OFE S I E IR AN I AR 5 AR B AT 4D o S5 B AN 8 I R o W42
A 265 (1 ) 26 R AIE G P, B0 o % R 0 AT R B T SR IR AR s o AR S A X (L A D 2 FH I % 11 %
FE, AT PPN E R R (T B3 BRI 06 R) BB AT B3 1T 35 B Ok R (1T 33 K H IR R) YR
A i 2k 4% (Gabbay & Zuckerman, 1998). A #AE 245 2 T0 M (A G, AHR 25 5 A% 7 ZEF0 1
T 7. RIEAN AR [F AR AR 0 R AT B AR Al T A, ECERME B AR N B AT BN
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H IR R B (Sande, 1982). 1X 5 1% B i G B T4 ¢ i it (R B0 AT, (R A S il 7 2 . AT
B BN S B HCEAE 0 0 AT DL R M s AT B 2 R OC R, BIMEAE SE A BEALI B RS, A
G A mZE R THE (Huisman, 2014). Bk, 7ES—4fthEr3Eah b, 2 B3R NAR B gk iz i K e
k.

ANTR] IR R B0 S5 R R Sk R B A B 7 v, I8V e — AN BB, HUR R | KAk i R EdE
RGBT, LGRS AT 5270 5 (14 o B 1) B DR (B F I, 5Kk B, 2016). Rubin (1976)R 4
R G L R ZE FE R e ST =M SRR B . S AR HLER % (Missing Complete At Random, MCAR),
BE LBk 2 (Missing At Random, MAR)FI=EFEHLER 2k (Missing Not At Random, MNAR) . [K 1, 76456 FAS [
BB AL T VAR, BN R AR A SR AL

FEC T EAMITE, [ A R IEXT SNA Hih S HE (4 b A 21 5 34T 0 LU 7E o AN 50 A B d il R P
Migm's, # B LS 2 BAANEA R, BRI TEARICRHLRIE LR, BRI X SNA Hist k4L
i Ak PR P A e R T

2. BREBAES X
2.1. BEFIE

Rubin (1987)#¢ th 2 HfithE. £ BEAHFNESR B2 e i/ ME 0l 23 A st — 4 m > 1 194 24
AME B —ANRRAE R R . m AR ) 10 22 S M S 1 i 2 508 T MO S A a3 A T HE BB (1 AN o
PE(IEFTE, 2012). HZHEGAMNENBIEAEE, Siafd m DR BNEIEE, 5B EEAT LA
W7 56 BRI 1 7V AT 0 AT o AEXT AN AR TS, At T DU 2 SR (S THE AR %) & 9F . F Rubin
B A 2% 25 1 A R 187 507 VR A B B8 4% s ISR S A ANt 1 ) B AR A T HE AR v R (A0 1] 1 BTR)

AL b, 2 i ANERIRE 7 = DX SRR B AT A0 B 55— D R Bl Ah . I A MR
RUNBAN G RAT B # B SRR m (m > DS EREAME, 53] m A2 BH IR . bt BRI
R KBRS R TA A £S5, Schafer (2010)- 4 tH 25 T =R A0 25 26 1
BT, AR AT DL R B AT B R R (HARRE 2 B 75 B R A B A RE LA B2 (Royston,
2004; Finch, 2010; Schafer & Olsen, 1998). 14, logistic [A] =145 %4 F1% 5] ok % (discriminant function) H #if
eIz, SAS ] PROC MI. R #AF MICE 160 55K L 1% B 9 28 AU Hadi e L . 56T m (gL
8, Rubin (1987)i\}y 3~5 ME{ERI AT .

5 P RIS AR EG T AT T R S T A R AR AR A SR B m AN BRI LR AR R

FP R m A RHAT RS IS B R A S UG THE, ST G HEWT . B A FE — {8 A Rubin
(1987)ik N, i m A e BEHR R B S HAIHEN 0, XN RIARHEIR N SE; » MR ISl tHE
N:

s 1
0= MZT O,

R ZRHER A THE DY SE | ME K& m A THE R 4LIR 22 57 Z MR -

o 1 M 1 1 M ~\2

SE =\/(sz SE1]+(1+VJEZ]. (6,-0)

A —lANEMLE, 2 HEIFANERS BRI A RS THERHE S I8 T Bk R B SR AT E I, (-
R R A P R N B 2 .
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Figure 1. Multivariable matrix with missing data and
multiple interpolation method

1. AREBENSLEEE RS EMRMINE

22. EEE

Stork 1 Richards (1992)if i [ 45 H147 2 3 2 [R] 1) HL LG 000 i O B0 b AT HEWT 1 Jede th 1 B ik
AT, EEE M BT E R M7 DR BN R R LTI, BIAE D S AR b e
BEIUE R R HEEEN, EAERRN— S, REATEIE MR EAT 8 # 2 R & A
FATAUE B =3 2 (8] 5¢ R 2 A7 28001, RIS A B @ik AR 7 SNA H (1) fft 2k AR IR 2036 A AR ABL R AT
ATFEPEPIAN R . SRR, EEIERW A SN EZM K AT SRR KR, I HAEM
76 BE X 45 I AN 2 HY I AN OSSR Tl e, T RAAS 2 2 380 B V0 A Dy A B R 2 I 45 ok R B 1 R O
(Gabbay & Zuckerman, 1998; Huisman & Steglich, 2008).

ARG AL 2 W SRR F B NBF R T 1) S MM S, EEE WERIIT s
Z R EE 0 4y N R TC B 25 3 2 [R] 2% R B A I 4% (Stork & Richards, 1992). 2) &% MMM S, BT
AATENE BRI R Xij AT DU = 5656 & Hoe NAT 8 2 W S8R 247 B X Xmisij = Xji, Bl 5
AT BN AT AN RO FR A M4 (Huisman, 2014).

MZ BEFEAMEM L, HEEER AR BO R R, JF HREN S R AR A 2505 B B i @ a2
(PAEE, TkER, 2016). 1HJE, HEEETLIEMEPATCRIEAT 8)# Z 8 B R

3. AR GE
3.1. BEBRER

AWFFEFE R T Y SNA ST 2 VA AE ML E 7E v B — A2k el I 28 T REAS, 2 i 40 44
H1— 22 A R MATT 2 18 AR 16 5 R AL IR R 28 s o XA 2 Bt R P SR A4 2R B, BSRATEN S5
FE 57 2] 13 3 PR e RUE 1) I 25 2OUE B IR LS [F) % . 47303 B tE s B R IBAEAT 4, SRA Snyder il )
(AERMEIZER) o ZHEIL 25 DIH, KM 2 HE2/BE)IES, REACAWHA 11 8. &S0,
For H R ACT R -

A3 SRR I R [ R 3 TR PP 98 e U I P A R R B B R AR B, TE R A 2 % A e
HBLAIERRAE DL, T LA ST 7 R 2K B0t SR R 52 SONAT B3 TE R -

3.2. HMERF

WA e g IR R AN 2 A, 12 F] Monte Carlo AUl VAU & A SRR K (1 SNA 73 Hr 808 - 15 FH 7 Al
TIEXS GRBAE AT AL B, BRI 500, Ha B AR LR AP ER: S0, AR
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B SEEHE . 500, WEBUREE, Bk 0.05. 7E R BT simFrame B4 AL AN A i AL
ISk KRB HE(MCAR: 0 AIFE R R EE EARSE SRR BENL e BB MAR: FENLERRBER AT 32 1) 5 3K
B MNAR: JEBEHLERRME SRR Z G AE, 17308 N EEATR) . 55 =20, shRMIE AL EE & SNA,
Horp, HEEE R P HSM, £ HEEIMNEE R 1 MICE A ST B #h . HEPU, THE PR
DR 255 B AR 1 B =20 Y b 77 V0 A B SR S B 0 X 2 B (R G vt 4R B o ASHIT TR oo 385 (D0 5% 0 A A o
LR THERR, BAR A 0T FRs:

c=—> @

3.3. LEBHFHE

S M AU 7T, AW 703 35 0 22 (Bias) % 2 45 77 AR (RMSE)VE N G i Fa kR VP4 #6845 . Bias H
KA EAGTHE W ZE 7 P, RMSE HRAT S 5T =g i A2 e . Bias A1 RMSE VPN bRt 2
R/, U0 S EAS THEBR BT B, b THBk RS, 2 % (Lee & Dodd, 2012; ¥'4)&, H %, 2010).
AR an prs:

Bias(d)=>(9 - 0)/n @)

>(6-6) ®)

i=1

RMSE () =

S|

4. BER

ek, WA RTINS D R AR e R I A R . IS 2 o, JRATTET DL BN BER
Ml E RN S IR . b, IWELBATERKSE, JB T HEEIE, UEHPER AL T el lar
AR, R & — A SE B I 25

X T AHIFN ) 500 HEARALLEHE , 43 5l vk SN [F) i SR WL A7 000 T 0 88 0 8% (14w 38R o g 2 A 3 1)
W2 O F Al THE Il 2 Bias EANR ZE T RMSE 8, 45 R a1 1 s,

257 il A‘%

N R !’A\
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>
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Figure 2. Class academic consulting network graph
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Table 1. Bias and RMSE estimation of reconstruction method and multiple imputation method
= 1. EERZAMZERRANEMGITAY Bias 1 RMSE

BB Tk Bias RMSE
MCAR =ik 0.07 153
% BN -0.03 058

MAR =k 0.19 421
% EIHNE 0.00 0.07

MNAR ik 0.10 2.30
% EiHANE -0.03 0.58

5. it 5i1ie

MEE 1A, £E MCAR AT MNAR 1500, B O3 v th 0 7 IEE R 2, T2 ENE
XL B IR T O B R 22 . PR O B A B A BB 22 RN, K B A A R A 2 2%
R B 1 A B BT B R . 4k, EIRERIIRIGHE b, 2 E R ANAS LRI, B
B R 2 EATANE O AL 2 M 2% rh JOR R A B B A B W SEME . 72 MAR TBUOLT, BRSO3
B VIR AR 2, 2 EAEANEI I T e A o, WS AL, 2 AN A 2 R 4
SRAR I AL B S RV . AR IRZEI TR LLE b, PR R b Al T I AR 3.14, X
I 2 AN R A 2 0 2% R BRI H I 1A A B EAT B T FE A

SRR, AR =AM SRRALE T, EEE RN 2 ER A RN R e A P A HE R KRB 24, T
2 B AMZN R HHE HO AL BB B e R T RENE 3 RX — B SR DR T RE R B A TG R R S T
BEATENE LB R B A O, XS B VA TOIE IE W 8 S 2 458

SR VAN 2 AR ANAAE LB SRS UL B9 BT FUE AR AT E R R, B, B EMEAR
EAVNR AR A OU T LUAL T PRI ERIRBL, IR BCA MR AR R AT A HEAT BOE . BRI,
HEE A 2 EARAMNEAEA R0 T R B S s 2 SO U IS — N EE T . 4k, AR
gt fabriR e R O3, (AR, SNA hANEIGETHE bR AR (V7218 B SR B i1 L R 2
A Z 5K (Smith & Moody, 2013), FT LA FE 3 AT LAGK S N FX AN T5 18] BB 9T, R0 B @00 2 A HE
FEAFAAE W28 G Fabn T 5N (I LA 7T .
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