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Abstract

The minimum density power divergence estimation has been a popular topic in the field of robust estima-
tion for since Basu et al. (1988). The minimum density power divergence estimator has strong robustness
properties with the little loss in asymptotic efficiency relative to the maximum likelihood estimator under
model conditions. However, a limitation in applying this estimation method is the algebraic difficulty on
an integral involved in an estimation function. This paper considers a minimum density power divergence
estimation method with approximated divergence avoiding such difficulty. As an example, we consider the
normal-exponential convolution model introduced by Bolstad (2004). The estimated divergence in this case
is too complicated; consequently, a Laplace approximation is employed to obtain a manageable form. Sim-
ulations and an empirical study show that the minimum density power divergence estimators based on an
approximated estimated divergence for the normal-exponential model perform adequately in terms of bias
and efficiency.
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Figure 3.1. -function for A, p, and o for MLE and MDPDE with a = 0.1,0.3 and 0.6. The true values of all
parameters are set to 1 for illustration.

Y-S5 F3+2 Figure 3.19] 28 R gkth. Hampel 5 (1986)01 2
Aol A&Y u] AT THAEAS ZH=rtiy 319+t Figure 3.1& B &
2k :,‘_ I-J %}\-oﬂ r,Htf} Otltﬂ:a'lo] 1:—1 U}o] xﬂtﬂ-ﬂﬁ o) u_% % Es o]q,
FAE 27 o= b AldE FANe ¢-Fee #AE M
4 Qth. &, ZAMA| 7|23 MDPDER 92 Ao 8 2wAESItha 317t
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e

2 ol 2o AR vhol2zoldo] AN AL AA ARE FF A7E /l$5Ach. MLES}
MDPDEZE 3}o] #9](bias)2} At & & (relative efficiency)S Blwsty Z¥e} dddE JHEx 4
HpAch A4 RZ BEo1 7 limmazhs 3] 7] X9 43k normexp.fit ©] 2= Ritchie 5 (2007)°] Al
¢rst o ZAk(saddle-point approximation) € g]&E &8t &<4E AME-3te] MLEE #3Fith
MDPDE<*= ‘L-BFGS-B’2ly dk= H A3} 41 elE (Byrd 5, 1995)& T3 3F= optimo]gl= R
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Table 4.1. The related statistics for the MLE and the MDPDE of p, 0 and A under various contaminations.

0% 10% 20% 30%
(bias)? RE (bias)? RE (bias)? RE (bias)? RE
u MLE 0.013  1.000 0.010  1.000 0.049  1.000 0.078  1.000
a=01 0011 0.786 0.001  0.754 0.013  0.959 0.023  0.778
a=02 0012 0.786 0.002  0.754 0.015  0.952 0.028  0.783
a=03 0012 0783 0.002  0.759 0.018  0.952 0.033  0.794
a=04 0012  0.780 0.003  0.759 0.021  0.959 0.037  0.800
a=05 0011  0.776 0.004  0.759 0.023  0.966 0.041  0.811
a=06 0011  0.770 0.004  0.754 0.025  0.972 0.044  0.817
a=07 0011  0.767 0.005  0.750 0.026  0.979 0.046  0.822
a=08 0012  0.754 0.005  0.746 0.025  0.986 0.047  0.828
a=09 0013 0745 0.004  0.737 0.024  0.993 0.047  0.833
a=10 0014 0733 0.004  0.729 0.023  1.007 0.046  0.839
a MLE 0.013  1.000 0.011  1.000 0.056  1.000 0.075  1.000
a=01 0.003  0.850 0.016  0.835 0.033  0.678 0.040  0.617
a=02 0.002 0853 0.017  0.839 0.034  0.681 0.041  0.623
a=03 0.002 0858 0.017  0.842 0.035  0.684 0.042  0.629
a=04  0.002  0.864 0.018  0.853 0.036  0.711 0.043  0.635
a=05 0002 0872 0.019  0.860 0.038  0.701 0.044  0.641
a=06  0.001 0878 0.020  0.867 0.039  0.707 0.045  0.643
a=07 0.001  0.886 0.018  0.877 0.040  0.714 0.046  0.646
a=08 0.001  0.894 0.021  0.884 0.041  0.720 0.047  0.652
a=09 0.001  0.897 0.022  0.895 0.042  0.727 0.048  0.658
a=10 0.001  0.903 0.022  0.898 0.043  0.734 0.048  0.664
A MLE 0.035  1.000 0.444  1.000 1.132  1.000 1.968  1.000
a=01 0.004 00919 0.469  0.985 0.972  0.838 1.695  0.852
a=02  0.001  0.860 0.332  0.706 0.856  0.753 1.545  0.786
a=03 0.000 0.833 0.297  0.660 0.817  0.730 1.506  0.771
a=04 0.000 0.824 0.280  0.644 0.808  0.726 1.506  0.769
a=05 0.000 0.824 0.270  0.635 0.803  0.725 1.501  0.769
a=06  0.000 0.824 0.264  0.628 0.801  0.724 1.501  0.768
a=07 0.000 0.824 0.259  0.625 0.792  0.721 1.496  0.765
a=08  0.000 0.829 0.259  0.625 0.792  0.715 1.493  0.766
a=09  0.000 0.833 0.253  0.613 0.792  0.717 1.486  0.764
a=10 0.000 0.838 0.252  0.615 0.790  0.715 1.488  0.765

£ olg3te] PRk ol A 271AE A Foloksher] Silver 5 (2000)7 o] pt F1
Gh(median), 0”& (AE-F719)) AR B 12T A (AEFE-F75D) S A3,

BAFANMNE (u,0,N)2] FHZkol (1,1,1)0]8k 7Hg3lx normexpoﬂ Al D49 47 50070¢1 &
E 10007}E F&3}o] MLES} MDPDEE 34t I ool 28 7 ZEoA 10%, 20% 1&
I 30%S 945 BXE U(0,10)04 &3 94ER tHxﬂﬁ}O% 2949 BRES w50 MLES}
MDPDEE& 39tk MDPDE% a = 0.1,0.2,...,0.9,1.00 thdle] A4letdtt. 1 A7} Table
4.1¢] 7|85 oflt}.
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Figure 4.1. The histogram on the left side is of the estimated signal X, while that on the right side is of foreground
Xy for a particular sample. Estimated densities by MLE and by MDPDE with o = 0.1, 0.3 and 0.6.

o) Wrh A7) Uep At A 5848 MLEZF $582 S8 5 itk A4 584 (relative effi-
ciency, RE)= MDPDES] EEEA-S MLES] F&2 Eao g o] A4kslgltt. MDPDE: Ao
wel A aol tiate] Wejel Atla H a4l AAREE AL BAT 4 Qv AAHCE Hopx
2 49 012 olelel thal A 2 Aol2h Btk Ao tjak MLES] )7} A4
o e 28 e 4 glir] Ao i3k MLES] v-347F $A7 ohd AL 471817 Bk,

4.2. 0t0|=2=20{a[0] At=

v F= 24 WE Y (chronic lymphocytic leukemia) FAX & A5 5 ARE-3lo] E4S S| B Skt
HG-U95Av2 Affymetrix gene chips AF8+= 12625712 2%}l thdl 247 AW=Z2] Wy =

2 247 4 P
st ok E o Ao = PM(perfect match) AFEE ARE3FATE Figure 4.19] A2 §-AX} =7]7}
10091 #& shE =ste] MLES) Al 7kA] MDPDE| mel 31 (X)X E FAHste] 18 18RSt
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3o =039 we] MDPDEY 98 #3te] 4584 23857 A=el 14 @ 2= A2 Ag4H0z
3}

T dert A + A7 ok 2 =RelA #Ale] Sl AF-ATEET -
A= A iAo v ofglge] Stk o #AE sidske & 7HA] Wos AEES ZAH
o= npro]l B Z1E A ddE 3 £4% FEA EAS s3sth U 2HaEAY
FeAA EREQ A 2SS TS B =Rl 54T B 23] wFolA e A
= AR o] Ag 71BR £ o dukskd A7) o] Fold dxE AlFsta vk AZddr. =
gh Basu 5 (1998)A = AFH AR AH3 2HRF oF AEste H-EH < (universal) -2 &
A Pz FPHLR o]RolFof = AT & AFAAE o] -] EATE B =FoAE
2pAaZA} o] Fof WS ZHIAE AAE TR gloy, ehEeka2 At FefAle AAoA 0] 2riE
Ale 2 AFHojof & Fiolgtar salch 7]&o] AAA ol AT S| EAFAT H4adY
T e

A= X 3
Y5542l 2HAE 2] nlo]azojdo] #4 2 5 Rofolx AH§F
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