





and

, (4)

where

B}(9) = B,(60) - By(O)B}(6) - 5 BI(OVi(6),

primes denoting derivatives with respect to 6. These three modified estimates are bias-free to order
n-1, but only #, has no bias to order n~2. Although 6, seems to be a third order bias-corrected
estimate, its third order bias is in general nonnull, as we shall prove later. It will also be proved
that the modified estimates in (2)-(4) have the same variance and mean squared error to order n=2.
Closed-form formulas for B,(8), B2(8), B;(8), Vi(8) and V;(0) for general uniparametric models
are given in the next section together with a comparison of the variances and mean squared errors
of the maximum likelihood estimate and its bias-corrected versions. Section 3 presents closed-form
expressions for the bias and variance coefficients for one-parameter exponential family models. It
also gives bias-corrected estimates for natural exponential family models.

2. DERIVATION OF THE SECOND AND THIRD ORDER BIASES

Let ¥1,...,¥. be a set of n independent and identically distributed random variables with regular
density (or probability) function given by (1). The asymptotic expansions for the bias and variance
of the maximum likelihood estimate of & up to order n=? were written in the previous section as
B(8) = n~' B1(8) + n2B,(8) and V(8) = n~'V;(8) + n~2V,(8), respectively. In order to obtain
closed-form expressions for the coefficients in these expansions, we need to introduce some notation
for cumulants of log-likelihood derivatives with respect to # for a single observation. Let

koo = E{t"(4:0)}, Koo = —res = E[{'(3:0)}?], wese = E{t"(3;6)},
rooss = E{t™(y;0)}, nossse = E{t*(y;0)}, ep0 = E{t"(v;0)'(3;0)},
roo 08 = E[{t"(y:0)}’] — 53,  Ko,000 = E{t'(y; )" (3;0)},

Ko0000 = E{'(y; 0)t™(y;0)}, Koss.00 = E[t'(y; 0){t"(y;0)}?] - 25000500,

dk d%x
Koo.000 = E{1"(y; )" (v;0)} — Kooroos, Ky = d_;a‘ K0 = da:a,

etc.

Using the results in Shenton and Bowman (1977, pp.44-47) together with the notation for
cumulants introduced above and the regularity equations (Lawley, 1956) kg9 = —Kga, K900 =
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2K990 — 3&%‘,), Kggs = K(”) — Kgao, Ko,0,00 = Kogos — 2!\'.(:0)' + K('o:) — Kgp,99, We get, after some algebra,

1
B.(o) = -5,;7(“” . QK(:,)),
20
1
T i (13Kg000 5400

18'\03 00Kggo — lSnaaagA”) + 36k, nh“ - 36"“"‘(0.0)8 + 36&;?&‘:0), + ISK“aK“ ))

1
By(8) = - 8F('ﬂwm + 12x08,900 + 450,0000 + 8K0,00,60 + 450,0,000) +

8
- 8':2 {11559 — 48x359n%5) + 4Brope(s5p)?},
]

1
(8 = ——,
W(0) = h”
Vo(8) = —NT(r;ao'ga - K(:a)o + Zh(“)) + —(lﬂn“ - N,g“ - 4K Kaaa)
(1}

Bias-corrected estimates can be obtained from (2)-(4) and the equations above.

In what follows, we shall use some expansions to obtain the bias, variance and mean squared
error of the estimates #;, 8, and .. Let H(-) be a function defined in the parameter space that
can be expanded in a Taylor series. Expanding H(8) around 8 we obtain

H(B) = H(8)+ H'(6)(F— 0) + %H"(())(@ —0+... (5)

Taking H(8) = 8 — B,(6)/n and using (5) we get, after some algebra, that E(8, — 8) = B3(8)/n? +
O(n~%). Similarly, taking H(8) = 8 — B,(6)/n — By(8)/n?, we obtain E(d, — ) = {B3(6) —
Ba(8)}/n* + O(n~>). Thus, 8, is, like #,, an unbiased estimate to order n=*. Next, letting H () =
8 — B,(0)/n — B;(8)/n?, we obtain E(, — 8) = O(n~3). It then follows that only 8, is unbiased
to order n~?. Although one would expect &, to be a third order bias-corrected estimate of 8, it
was shown above that the correction term B,(8)/n + By(8)/n? does not make the n~? term in the
bias expansion vanish. This leads us to consider the correction term B,(8)/n + B3(8)/n?, which,
as shown, delivers a third order bias-corrected estimate.

By making use of similar developments, it is possible to show that, to order n=2, the mean
squared errors (MSE) of the three corrected estimates are the same and coincide with their respec-
tive variances. They are given by

Vl(a)

MSE(8,) = MSE(8,) = MSE(6,) = {v,(a) 2V4(8) B{ ()} + O(n~?).

Therefore, from the three bias-corrected estimates, the estimate 8, is to be preferred since they all
have the same variance to order n~2? and 6, is the only one that is bias-free to this order.
Finally, it remains to compare 8 and @,. The mean squared error of 8 is given by

Mse@) = 20 4 Livo) + B0} +0(n),
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and hence
MSE(6) — MSE(8,) = —{B () +2Vi(8)B(8)} + O(n™2).

The choice between 8 and 8, is to be based on the sign of A = A(f) = B,(6)? + 2V,(8) B/ (). For
example, when B,(8) = ¢, a constant, we have that, to order n=32, MSE(8) > MSE(8,).

Oftentimes one is interested in the estimation of a function of 8, say 7 = G(@), which does not
depend on n. One can reparameterize the model in terms of 7 and then use the results above to
obtain #,, 7, and f, that is, bias-corrected maximum likelihood estimates for 7.

3. ONE-PARAMETER EXPONENTIAL FAMILY

Let ¥1,...,¥n be a set of n independent and identically distributed random variables, and assume an
exponential family form for x(;+): x(y;8) is as defined in (1) with t(y; 8) = —log{(6) — a(0)d(y) +
v(y), that is,

n(y:8) = c(o)“p{ —a(0) d(y) + v(¥)}, (6)

where 0 is a scalar parameter and { = {(*), @« = a(-), d(:) and v(-) are known functions, and it
is assumed that the support of x(y;#) does not depend upon 8. It is also assumed that a and
¢ have continuous first five derivatives with respect to 8, and that ( is positive valued, da(8)/dé
and dj3(8)/d9 being different from zero for all values of # in the parameter space, where g = §(8)
is defined as B = (d¢(0)/d8)(((8)da(8)/d8)~'. Many commonly used distributions in applied
research are special cases of the family of distributions in (6). Also, this family of distributions
enjoys important mathematical properties; see Bickel and Doksum (1977). We then have that
t'(y;8) = —a'{B + d(y)}, and since E{t/(y;8)} = 0 it follows that p = E{d(y)} = —8. The
maximum likelihood estimate § comes from n~! 3" d(y;) = 8(8). This equation may not be easy to
solve. It might even require the use of numerical methods.

It can also be shown that t/(y;8) = —a"{f+d(y)} —a'F, t"(y;0) = —a”{B + d(y)} —2a"f' -
o' 8", t‘"(y;e) = -a“’{ﬂ+ d(y)} = 3(a"’[3’+a"ﬂ”) —a’B", and t"(y; 0) = —a¥ {ﬂ+d(y)} —4ai"ﬂ'—
B — aB" — 3(a"B" + a™B"). Using the results above, we can show, after some algebra, that

ﬂll

B,(8) = T (M
By() = 128" = B/ 4 4B7a"8" + 260/ BB"6" — 3B -
24anfs a
B3(8) = W(mﬂ* 20" 4 18a/A'a" "™ + 150724 — 6/ f7 "0’ — 8a! 7B
— 16aF8"6" + 3a"474%), (9)
Vi(8) = Q,Lﬂ, (10)
i) A an



It is noteworthy that the expressions for B,(8), B4(6), B3(6), Vi(8) and V;(0) given in (7)-(11)
only require knowledge of o, § and their first few derivatives with respect to 8. Unlike the general
expressions given in the previous section, these expressions do not require the evaluation of moments
or cumulants. Formulas (7)-(9) can be implemented in a computer algebra system such as Maple
(Abell and Braselton, 1994) or Mathematica (Wolfram, 1991) to obtain bias-corrected estimates
with minimal effort. They are capable of generating both simple and complex expressions for
different special cases. Also, it is possible to use the expressions above to examine under what
conditions the maximum likelihood estimate of # is unbiased to a certain order of magnitude. For
example, equations (7) and (8) imply that the second and third order biases vanish when " = 0.

It is possible to check equations (7)-(9) from first principles for some special distributions.
The simplest special case is the normal distribution with mean g and variance 8 for which By(6)
and By(8) vanish. Here, § = Y (3 — pu)?/n ~ 6x2/n and i = Y #i/n are clearly unbiased
estimates. [t is also easy to verify that the same happens for the following distributions: binomial,
Poisson, exponential, Laplace, truncated extreme value and inverse Gaussian with known scale
parameter 8. For the inverse Gaussian distribution with known mean gz > 0 and scale parameter
6 > 0, for which a(6) = 8, {(8) = 0-'/2, d(y) = (y - 1)*/(24%y) and v(y) = —{log(2ry*)}/2,
6= e {3 (v — 1)2/y:} ™' ~ nBfx2. By Taylor series expansion we can prove that E(B 9) =
20/n+40/n* + O(n=2), in agreement with the corresponding expressions for B,(#) and B,(9) that
are obtained using (7) and (8). For the gamma distribution with known index ¥ > 0 and scale
parameter 8 > 0, for which a(f) = 8, ((8) = 6% d(y) =y and v(y) = (k — 1)log(y) — log{I'(k)},
I‘() being the gamma function, the dlstrlbutlon of 8 is 2nk0/x3.,- Thus, by direct expansion
E(9 — 8) = 8/(nk) + 8/(nk)? + O(n—3), as can be obtained frc.. (7) and (8).

For the Pareto distribution with & > 0 known (y > k) and scale parameter § > 0, where
a(8) = 0+ 1, ((8) = (&%), d(y) = log(y) and v(y) = 0, 2n8/0 ~ X3, we have that E® -
) = 6/n + 8/n? + O(n~*), leading to the corresponding expressions for By(#) and B,(#). The
maximum likelihood estimate § of § € IR for the extreme value distribution, ¢ > 0 known, for
which a(6) = exp{8/8), ((8) = dexp{—8/6}, d(y) = exp{-y/$} and v(y) = —y/d, reduces to
8= —¢log(n~' 3" e~¥/%} and we can also show that E(8 - 0) = ¢/(2n) + ¢/(12n2) + O(n~3). This
result again agrees with the expressions of B,(8) and B,(#) obtained from (7) and (8). Finally,
it is of interest to note that for the lognormal distribution with known location parameter & > 0
and scale parameter § > 0, where a(f) = 0-2, ((8) = 6, d(y) = {log(y) — #}*/2 and v(y) =
—log(y) + {log(27)}/2, 82 ~ 6?x2/n. The resulting expansion E(8 - 8) = —8/(4n) + 6/(32n?) to
order n~? follows after some algebra, which agrees with the results from (7) and (8).

Next, we obtain the bias-corrected maximum likelihood estimates of the canonical parameter
a = «(f) in uniparametric natura! exponential family models. The one-parameter exponential
family (6) parameterized in terms of the canonical parameter a = a(f) has the form

l
(i) = 5iqy P{—edy) + v(¥)} (12)
where —d(y) is the canonical statistic and 6(0) is its cumulant generating function. Similar condi-
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tions to the ones stated for the probability or density function in (6) are assumed to hold.

The rth cumulant of —d(y) is x, = d"8(a)/da’, for r = 1,2,... Letting f(a) = §(a)/é(a)
we write the (r + 1)th cumulant of —d(y) as x,,, = d"8/da", for r = 1,2,... From now on
primes will denote derivatives with respect to a. The mean and variance of —d(y) are s, = # and
&2 = df/da = #'. The variance function 3’ uniquely characterizes the distribution in (12) and does
not depend upon the particular parameterization used.

Using the notation introduced in Section 1, let &,;, é&; and &; be the bias corrected maximum
likelihood estimates defined by equations (2), (3) and (4), respectively. The n~! and n~2 bjases
of the maximum likelihood estimate & of « are obtained from equations (7) and (8) as B)(a) =
—B"[(28") and By(a) = (—3353+264' 3" —3373")/(248"). Also, formulas (10) and (11) yield,
to order n=2, var(@) = Vi(a)/n + Vy(a)/n? with Vy(a) = 1/4' and Va(a) = (58" — 26'8")/(28").
Let y2 = 8"/4" and v, = 3" /" be the third aund fourth standardized cumulants of —d(y). From
the equations for the mean squared errors given in Section 2 we find, after some algebra, that to
order n~?

. ”~ - X v 1 _2
MSE(é&) = MSE(&;) = MSE(a,) = nf i 21:/7‘[3'

and

2 _
MSE(&) — MSE(&s) = 9”’;7‘72;7’

Since B’ > 0, it is clear that MSE(&) < MSE(@2) when 9] — 472 < 0 and MSE(a) > MSE(a3)
when 997 — 47, > 0. The values of v, and v, must satisfy the inequalities Y +7:2+220and
72 — 7§ 2 1. Then, the sign of 9y? — 47, determines the best estimate of a.

We shall now derive simple expressions for the biases By(a), B(a) and Bj(a) for a special
family of variance functions: the power variance function defined by ' = P/¢, where ¢ > 0 and
we assume that 8 > 0 for p # 0. Here, p = 0,1,2,3 for the normal, Poisson, gamma and inverse
Gaussian distributions, respectively. Other values of p define a number of distributions which have
been classified by Jergensen (1987). Cases with power 0 < p < 1 do not correspond to distributions
in (12).

For the power variance function we get B,(a) = —p/(28), By(a) = p(p — 6)(p + 1)57-3/(24c)
and B3(a) = p(p — 3)(p - 2)BP~3/(24c). Note that B,(a) > 0 for p < 0 and By(a) < 0forp > 1.
Also, By(a) is positive for ~1 < p < 0or p > 6 and negativeforp < —1or1 < p < 6. Clearly,p=0
yields Bij(a) = By(a) = 0, as expected, and p = —1 and p = 6 lead to By(a) = 0. Bj(c) vanishes
when p = 0,2,3, being positive for 1 < p < 2or p > 3 and negativeforp< 0or2 < p< 3. A
check of the expressions for B;(a) and B,(a) is provided for the Poisson and gamma distributions.
For the Poisson distribution (p = 1) @ = log(d), ¢ = 1 and d(y) = —y (since 8 = § > 0). By
Taylor series expansion we can find E(a — a) = —1/(2n8) — 5/(12n20%) + O(n=3), which agrees
with the formulas of Bi(a) and B,(a) for p = 1. For the gamma distribution with known scale
parameter k£ (p = 2} a = -0, ¢ = k and d(y) = —y (since § = k/8 > 0). Direct expansion yields
E(a — a) = af(nk) + o/(n?k?) + O(n=?), in agreement with the values of B,(a) and B,(a) for
p=2



For the power variance function, the n=2 term in the variance of & reduces to Vy{a) = p(p +
2)/(2p?%), which vanishes for p = 0 and p = —2. The mean squared errors can be expressed in the
forms

2
MSE(&,) = MSE(&;) = MSE(&) = niﬁp + ﬁ; +0(n"%)

and

MSE(a) = -5 + ’i%’-:%f) +0(n~).

Therefore,

MSE(a) — MSE(as) = ”g’l j'ﬂf) +0(n"?).
This equation shows that, to order n=2, MSE(&) > MSE(&;) for p < —4 or p > 1, and MSE(&) <
MSE(&;) for —4 < p < 0. For p = -4 or p = 0, MSE(&) = MSE(&.).

Bias-corrected maximum likelihood estimates for other families of variance functions can also
be obtained using our results. For example, one can use the results in this paper to obtain the
second and third order biases of the maximum likelihood estimate for quadratic (Morris, 1982),
cubic (Letac and Mora, 1990) and Babel variance functions.
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