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almn
joint information about either (Y, Z) or (X,Y,Z)

micro approach:
struction of complete

synthetic data file

COn- macro approach:

timation of the joint
distribution

€S-

challenge

unidentified parameters are not estimable on AU B

et al., 2006)

common approaches

1. assumption of conditional independence
2. utilization of auxiliary information
3. take “uncertainty” (ambiguity) into account

— estimate lower and upper bounds

missing data interpretation

nonparametric random hot deck imputation

distribution P(X =x,Y =y, Z =12z); ZIaNZg =)

(micro approach)

imprecise imputation 1

domain imputation

original data variable-wise imputation case-wise imputation

(cf. Ramoni & Sebastiani, 2001) N
Yr Yo T1 T2 21 22 Y1 Y2 L1 T2 21 29 E@ yr Yo 29 ) ( (21, 22)
12 10 1 2 1 0 {0,1} {0,1,2} = 1 2 | ,
02 0 0 0 2 0 0 {0,1} {0,1,2} |E 0 2 {1}y {2}
1 0 00 (0,1} {0,1.2} 1 0 0 0 = {1} {2} 0 0
1 0 11 (0,1} {0,1,2} 1 0 1 1 = {1} {2} 1 1
00 12 (0,1} {0,1.2} 0 0 1 2 {0} {2} 1 2
imprecise imputation 11
domains logical constraint (Y1, Yo, T1, T2, 21, 22)
L1, T2, Y1, 21 € {071} = <( I female {(17271707070);(1727170707 1)7<17271707072) (1 271707170)7(1 271707171)7<1 271707172>}
Yo, 22 € 10, 1,2} | 0 male {(0.2:0-0.0.0); (0,2,0-0,0,1); (0.2,0-0,0,2): (0,2,0,0,1,0);(0,2,0,0,1,1); (0,2,0,0, 1,2)}
4, — { 1 not pregnant {(10,0:1:0,0,0): (0, 1.1,0,0,0) (0,2:1,0,0,0):(1,0.1.0.0,0): (1. 1,1,0,0,0): (1.2,1,0.0.0)}
Y): sex | 0 pregnant {(0,0,1,0,1,1):(0,1.1,0.1,1): (0.2,1,0,1.1); (1,0.1,0,1,1): (1.1,1,0,1.1); (1,2.1,0.1,1)}
Z,: pregnancy constraint: 1o pregnant men {(0,0,0,0.1,2):(0,1,0.0,1,2):(0.2,0,0,1,2):(1,0,0,0,1,2): (1,1,0,0,1,2): (1,2,0,0,1,2)}
estimation on (partially) set-valued data
example on case-wise imputed data
marginalization marginals conditionals via focusing
Y, |
Bel(Z; = {1}) = mz({1}) = 0.6 Bel(Z, = {1} Z, C {0.1}) — Bel(1(1,0); (1, 1)})
2T R = S m(S) Pl(Z; = {1}) = my ({1}) + m ({0, 1}) Bel({(1,0); (1, 1)}) + P1({(0,0): (0, 1)})
SCW: SWW=R — 0.8 — 02/(02 + 04) = 1/3
. Bel({(1,0); (1, 1)}) = mz,2,({(0,0); (0,1); (1,0); (1,1)}) = 0.2
0.2 if R={0}
S 0.6 if R = {1} PI({(0,0); (0,1)}) = mz, 2,(1(0,0); (0,1); (1,0); (1, 1) })
mz(R) =94 09 i p_ (0.1} +my 2({(0,00}) =0.24+0.2=0.4
L I({(1,0): (1, 1)}
| | | PI(1(1,0); (1,1
' ' ' PI(Zy = {1}|Z, € {0,1}) =
o 1 2 Z Bel(¥i = {1}, 21 = {1}) = my ({1, 1)) | PO = W2 SO = 5 650 ) 5 Bel({(0, 00 (0, )
— 0.2 = 0.4/(0.4+0.2) = 2/3
fOCU.Sng (Dubois & Prade, 1992) Pl(Yi — {1}7 Zl — {1}) — mYbZl({(L 1)}>
Let R € P(W) be the event of interest, and Q C W the +my, z,(1(1,0); (1, 1)}) = 0.4 Bel({(0,0): (0,1)}) = mz, ({(0,0)}) = 0.2
interested subclass. For P1(Q)) > 0, the focused belief PI(1(1,0); (1, D)}) = mz, z(1(0,0);(0,1); (1,0); (1, 1)})
function and the focused plausibility function are given by 0.4 if R={(0,1)} +mz 2({(1,1)}) =024+02=04
Bel(R N Q) 0.2 if R={(1,0)}
Bel(R|Q) = : , |
D= BiRN Q)+ PIRNQ) my, () = 4 0.2 if R = {(1,1)} B ={(1,05,(1,1):(1,2)}
0.2 if R={(1,0);(1,1)}  B=1(0,0);(0,1);(0,2)}
PIR|Q) = — DENGQ) 0 else Q = {(0,0); (0, 1); (1,0); (1, 1)}
PIRNQ) + Bel(RN Q)
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