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To arrive at the sandwich estimator, assume Y7,...,Y, ~ F and define
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Taylor expansion of G,(0) around 8, evaluated at 6 yields
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2 Basic Approach
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2.1 Estimators for A,BA,B olds... 12

2.1 Estimators for A, B

If the data truly come from the assumed parametric family f(y; 0),
e Ale)=B8(%.) = Tle)
\/;:[.-'.:M,fllﬂn puotrix.

ot Al8)ad B(g,) ae M 2 Ackwhme o LT18,)
aoT !
=5 T suduidr ot A() B(2,)$4(8) 5 = T(%) /

One of the key contributions of M-estimation theory is to point out what happens when the
assumed parametric family is not correct.

Then ACQ») + %Cﬁ'a) 0 We hold yco He copred ,L‘Ml‘-lq%a Aistnbidkien  tovacimee matvix.

Aloo) Heipe]' S
We can use empirical estimators of A and B:
Ay, 8= v 2 Y (05 )]
reasge vy, geludded o
B, (£ 8) = 7 Z Yl DY (d)"

Jormu estusde-
1 y I‘M ‘mafe.
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13 2 Basic Approach

Example (Coefficient of Variation): Let Y7,...,Y;, be id'1d from some distribution with finite

fourth moment. The coefficient of variation is defined at 63 = s, / Y.
3

H’ow would  we %LCI v fre loelicved H.  Varchm 93: —/I?
(
Unbwat  dén,

We'l Fry M- espt ion
Define a three dimensional 4 so that 3 is defined by summing the third component. What

is the vector valued function @ which yields an M-estimator for the coefficient of

variation?
-4
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2.1 Estimators for A,BA,B olds... 14

What parameter vector is being estimated by the M-estimator?
- st
E[Y(y,8)]" e[y -a)>n-6 %0 = G=p
_ N ot
Ly (n, 8] = €[ ) 0] %0 = 6= vary
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&
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What are the matrices A and B?

! }',"9,
At ElYOe)]  Y0e)® | has
/ 9193"‘61
t [l O
Vologm o o
95 ‘%9-;\/1 9/
P00
A= E|-Yore) - [0 | ol
___:‘: -1‘— ~“ M

g = e, 0t *’ﬂ

= F roi_el\l (y/’ol)f(y/'gl)zv%] (z—_’l)(e(#} 'J;Z)
C)’, ~0;) [(Y,’el)m"ez‘,} ‘17, "H:)L“a-,]l [(7 ) "@)L" 6}} (91 0,~ '/;1)
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) 2 Basic Approach

Write out the asymptotic variance, V.

V = AF’ B(A,()'r )
-l _ | o O Wi OV opershin (M’ shown).
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2.1 Estimators for A,BA,B olds... 16

Assume Y; are iid from a normal distribution with mean 10 and standard deviation 1.
Calculate V3 3. Assume you have a samgeof size 25 and you get an estimated coefficient of
variation of 0.11. Give the asymptotic 95% confidence interval.

U, = o P P

33

Yl =0, =3 (g kg W)

= V?J = ,00%]

A~ L005)
Y!:’AS => V\OVC9«7> - /3,5_- = ’00020’1
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