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Some Useful Moment Results in Sampling Problems

B. O’NEILL

We consider the standard sampling problem involving a finite
population of N objects and a sample of n objects taken from
this population using simple random sampling without replace-
ment. We consider the relationship between the moments of the
sampled and unsampled parts and show how these are related
to the population moments. We derive expectation, variance,
and covariance results for the various quantities under consid-
eration and use these to obtain standard sampling results with
an extension to variance estimation with a “finite population
correction.” This clarifies and extends standard results in sam-
pling theory for the estimation of the mean and variance of a
population.

KEY WORDS: Finite population correction; Population mo-
ments; Ratio of nested variance estimators; Sample moments;
Variance estimator.

In this article, we examine the interrelation between sam-
ple and population moments arising in basic sampling prob-
lems, with a view to allowing estimation of a finite popula-
tion variance. The relationship between the sample mean and
variance has previously been investigated in Zhang (2007) and
Sen (2012) giving moment results in terms of the unknown
parameters in the problem. In the present article, we extend
this analysis to look at the relationship between the sample
moments and finite population moments. These wider results
allow us to obtain a confidence interval for the finite population
variance.

We consider a standard case in sampling problems where
we sample from a finite population using simple random sam-
pling without replacement. We consider a finite population
vector Xy = (X1, X2,..., Xn) and a sample vector X, =
(X1, X5, ..., X,) with n < N taken from this population. We
have n sampled values and N — n unsampled values, giving a
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total of N population values. (For the values X, X5, ..., Xy in
the population, we will use the standard convention of rep-
resenting random variables by upper-case letters and their
realized values by corresponding lower-case letters. In our anal-
ysis, we will consider the population values to be random vari-
ables. Note that n and N are separate variables, not following
this convention.)

The population is presumed to be infinitely exchangeably ex-
tendible, meaning that it can be embedded within an exchange-
able series of values called the “superpopulation.” Since the pop-
ulation vector is exchangeable this means that the first n values
included in the sample vector implicitly give us a simple ran-
dom sample without replacement (which is why the model of
an exchangeable superpopulation can adequately capture this
sampling process).

From the representation theorem of de Finetti, the condi-
tion of infinite exchangeability is equivalent to saying that
the random variables in the population are independent and
identically distributed conditional on the underlying superpop-
ulation distribution (see O’Neill 2009 for discussion). This
common distribution gives a common mean and variance
for the individual random variables in the population, which
we denote by p and o? respectively. These underlying pa-
rameters represent the true mean and variance of the super-
population distribution, but we will actually be concerned
with inferences about the mean and variance of the finite
population.

1. DESCRIPTIVE QUANTITIES FOR THE
POPULATION AND ITS PARTS

To analyze this standard case, we define mean and variance
quantities for the sampled part, the unsampled part, and the
whole population:

_ 1 & 1 <& _
XVL:_ Xi S2: Xi_XnZ’
L ! n—lg( :
J— 1 N
Xoyn=—— X, $$y=—— X; — Xn)?
e P Sin = T 2 )
i=n+1 i=n+1
1 & -
v _ . 2 LY 2
XN_NZX, SN_—N_IZ(X, Xv)2.

i=1 i=1

(Note that we incorporate Bartlett’s correction into the pop-
ulation variance, which is contrary to the approach taken in
some texts. This differs from some other treatments of sam-
pling, which use the number of data points as the denominator
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in the sample variance fraction, without using Bartlett’s correc-
tion. The reason we choose to incorporate Bartlett’s correction
is that it makes sense to consider the finite population variance
as an estimator of a larger infinite superpopulation variance in
the context of a superpopulation model. With this consideration,
Bartlett’s correction ensures that the sample variance and popu-
lation variance both have the same expected value and therefore
function as unbiased estimators of the superpopulation variance
parameter.)

We also define a distance measure comparing the means of
the sampled and unsampled parts:

n(N —n)

Dy =——F— (Xu -

N Xn:N)z .

(Discussion of interpretation of the distance measure is set out
in Appendix B.) The mean and variance for the population can be
decomposed into statistics for the sampled and unsampled parts,
according to the following result. (All proofs are in Appendix
A)

Result 1. The population mean and variance can be decom-
posed into

NXy =nX,+ (N —n)X,.n,
(N=DS} =n—1)S?+(N—-n—1S%, + Di.

It is easily shown that the mean statistics all have expected
value p and the variance statistics and distance measure all
have expected value o2. This means that the above formulas
turn into simply arithmetic decompositions when we take the
expectation of both sides. The result gives us decompositions
for the population mean and variance, which can be used in
inference problems to derive confidence intervals subject to “fi-
nite population correction.” (We will see more on this later.)
The decompositions in the above result are represented graph-
ically in Figure 1, which shows how the descriptive quantities
for the population are formed by the descriptive quantities for
the sampled and unsampled parts.

In addition to the above, it will be useful to be able to refer
directly to the part of the variance decomposition containing
information from the unsampled part. We will refer to this as
the out-of-sample variability measure and denote it by

, (N—-n—-182,+D3
Cy = : :
N —n

This allows us to write the variance decomposition as

(N—1Sy=n—1)S>+(N—n)Cs.

To allow us to use the descriptive quantities effectively, we
will need to know a bit about their marginal behavior, and how
they are related to each other. Specifically, it will be useful to
find the mean and variance of each of these quantities and the
covariances between them. These results will extend the well-
known moment results for the sample mean and variance, to look
at the moment results for all parts of the above decomposition.
To determine the various moments of interest we will begin
with specification of the relevant moments of the underlying

Sampled Values

Figure 1. Decomposition of descriptive quantities for the population.

distribution for the values in the population. For our purposes,
we will require values for the mean, variance, skewness, and
kurtosis of the distribution. (We do not assume that these values
are known.) Following standard notation we take the central
moments to be

E((X; — p)*) = o2,
E(X; — ) = yo? E(X; — ") = ko™

This means that o2 is the variance, y is the skewness, and
k is the kurtosis for the underlying distribution of the superpop-
ulation. To facilitate our results, we also define the quantity

This measure adjusts the skewness based on the kurtosis.
One of the properties of skewness and kurtosis is that 2 <
k — 1 so that —1 < ¢ < 1. (See Sen 2012, and note that Sen
used the notation « to refer to the excess kurtosis, so the result
he presented is that y> < k + 2. This is equivalent to the result
we present here once the difference in notation is accounted for.)
This means that the adjusted measure gives us a simple bounded
measure of skewness.

This parameter specification for the moments leads to re-
sults for the central moments of the various quantities of in-
terest. Our interest will be in making inferences about the
mean and variance parameters, but we will need to consider the
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higher-order moments to describe the behavior of our estima-
tors. (All proofs are in Appendix A.)

Result 2. The expected values and variances of the mean
quantities are

E(}_(,,) =u V()_(n) = 727
E(Xev)=p  V(Xy) = N"_zn,
BT —n V(W)= L.

Result 3. The expected values and variances of the variance
quantities are

E($2) = o> V(S,%)=<x—"_3)a—4,

n—1/ n

N—-—n-3 o*
E(S'%W):Jz V(S’%:N):(K_N—n—l)N—n’

_ 4
s)= o V)= (- N2 %

Result 4. The expected value and variance of the distance
measure are

E(D,ZV) =o?
2y _ B N _3)),¢
V(DN) = <2+(K 3) (n(N—n) N>>G .

Result 5. The expected value and variance of the out-of-
sample variability measure are

E(Cy) =0
v (C 2 3 2, ] ot
@)= (re-n (-5 5)) v

Result 6. The covariances with the distance measure are

_ N—-n yo?
C(X.. DY) = N
_ 4
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Result 7. The covariances within the mean and variance
quantities are

C (Xn’ Xn:N) = 07
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Result 8. The covariances between the mean and variance
quantities are

Result 9. The covariances with the out-of-sample variability
measure are

- 1 yo?
Cln e =55

C(s2 CZ)=(;<—3)l i

n’> >N N n’

_ 2 _N—l_ yo3
C(XnZchN)_ N N—n’
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> oy 2N )
(C(SN’CN)_(N_1+(K 3) N

Remark 1. To ensure the existence of the relevant moments
we assume in our analysis that N > 3 and n > 1. This means
that the above results are all properly defined for the sample
and population and moments. (Values for the unsampled part
are properly defined if N — n > 1 so that there is more than one
unsampled value.)

This gives us all the relevant moment results for looking at
the location, scale, and covariance for the various quantities of
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interest. With a substantial amount of additional algebra, it can
be shown that the moment results fit together using the rules for
linear functions using the previous decomposition results (see
Appendix B). This can be used as a useful check on working,
or as an alternative derivation of some of the results.

2. ASYMPTOTIC CORRELATION AND
DISTRIBUTIONAL APPROXIMATIONS

Correlation results follow trivially from the covariance and
variance results for the various quantities. They are not par-
ticularly interesting in their own right, but they are of interest
asymptotically, since we would like to know if these quantities
are asymptotically linearly related or not. This will be valuable
in attempting to derive asymptotic distributions.

To obtain asymptotic results, we will need to determine what
happens as n — oo. Because we are dealing with problems
with a finite population size, we must deal with the fact that the
sample size is bounded by the population size, so that the former
can only tend toward infinity if the latter also tends to infinity
(at least as fast). To deal with this, we will want to consider the
limiting case for the sample based on some limiting value for
the unsampled proportion, which we define by
N —n

N

We will assume that n — 0o in such a way that a limiting
value for u exists. This allows us to refer to limits pertaining to
the sample size without the population size entering explicitly
into our analysis. (For simplicity, we will not introduce any
new notation for the limiting value of u. However, it should
be understood that anytime we refer to this value in a limiting
context, we mean to refer to the limiting value.) This allows us to
undertake an asymptotic analysis to find the limiting correlation
between the quantities.

u

Result 10. As n — oo, the correlations with the distance
measure are

Corr (X,, Dy) — 0
Corr (X,.x, D,ZV) -0
Corr (X, Djzv) -0

Corr (S, Dy) — 0,
Corr (S2.y, Dy) — 0,
Corr (Sy, Dy) — 0.

Result 11. As n — o0, the correlations within the mean and
variance quantities are
Corr (X,, Xuv) = 0 Corr (X,, Xy) J1—u,
Corr (82,8%) — ~/1T—u  Corr (82,82,) = 0,
Corr (Xn, Xn) = Vu Corr (SZy, S3) =  Ju.

Result 12. As n — o0, the correlations between the mean
and variance quantities are

Corr (X,, S7) = ¢ Corr (X,n,82) = 0,
Corr(XN,S2 m ¢ Corr (X,,S.y) = 0,
Corr (X,v, S2y) = Corr (Xy, S2y) = Vu - o,
Corr(Xn,SN m ¢ Corr (Xpn, S) — Vu-¢.

)~
Corr (XN, SN) — ¢

Result 13. As n — oo, the correlations with the out-of-
sample variability measure are

Corr (X,,C%) - 0 Corr($2,C%) — 0,
Cy)—> ¢ Corr (82, Cx) — K_T,
 —

Corr (Xy,Cy) — Ju-¢ Corr (S3,Cy) — Ju.

Corr (Xu:n,

These results show us that many of the quantities are asymp-
totically uncorrelated as n — oo. For those pairs that are corre-
lated, most of the limiting correlations depend on the adjusted
skewness parameter ¢ and the unsampled proportion u. For
unskewed distributions, the pairs between the mean and vari-
ance quantities are asymptotically uncorrelated and so are the
pairs between the means and the out-of-sample variability mea-
sure. In particular, Result 12 shows that the sample mean is
correlated with the sample variance through the adjusted skew-
ness parameter and this correlation remains when n — oo. This
result is already known in the literature and has been given
previously in Zhang (2007) and Sen (2012).

In addition to determining the asymptotic correlations be-
tween the quantities, we will also be interested in their asymp-
totic distributions. To do this, we define the degrees of freedom:

20* 2n
DFn = = s
V(§2) k—(m-3)/(n—1
DE..v = 20* . 2(N —n)
"NTY(s2y) k—WN-n-3)/(N-n—1)
DFv — 204 _ 2N
YTV T k-(N=3) /(N -1
204 2
DFD = = s
V(D) 24« —=3)(N/n(N —n)—3/N)
20* 2(N —n)
DFC = = .
v(cy) 2+&—=3)(1-2/N+1/Nn)

Result 14. If o is finite then, as n — oo we have asymptotic
distribution:

_ _ N —n

X, — Xy~ Nn - N(O, 0'2).

If « and o are both finite then, as n — 00, we have asymptotic
distributions:

S2/o? ~ ChiSq (DF,) /DF,, D% /o* ~ ChiSq (DFp) /DFp,
S2 /o2 ~ ChiSq(DF,.y) /DF,.y, C%/o* ~ ChiSq(DFc) /DFc.

n:

S2% /o ~ ChiSq(DFy) /DFy,

(Strictly speaking these are not asymptotic distributions because
n appears in the distributional form. Though it is possible to
state a constant asymptotic distributional form for transformed
versions of these quantities, it is more useful and intuitive to
write the asymptotic form in this way. A more strict approach
with proper regard to technical niceties is shown in the proof in
Appendix A.)
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Result 15. If k and o are both finite, then for large n we have
the approximate distributions:

X, — Xy Approx [N —n

- S8t (DF,
S2 Nn (DFx)
SZZV Approx N — 1 N —n 1
s2 N—-1 N-1 F(DF,,DF¢)

(The St in the first result refers to the Student’s T distri-
bution. Note that this approximation ignores the fact that
Corr(X, — Xy, S?) — /u - ¢, and it is based on treating the
numerator and denominator as being independent. It is possible
to adjust the asymptotic distribution to account for skewness in
the superpopulation distribution but we do not pursue that here;
see Chen 1995 for more on this issue.)

The two quantities in Result 15 are “quasi-pivotal” in the
sense that their distribution depends on the parameter « only
through the degrees of freedom. The distributional results should
be quite robust to estimation of this parameter so they are
almost—but not quite—pivotal. Both of the distributions of the
quantities are based on the asymptotic marginal distributions of
the parts, which we gave in Result 14, albeit ignoring the asymp-
totic correlation in the first case. This now gives us asymptotic
distributional results, which can be used in the calculation of
interval estimates for the population mean and variance.

Special case. The general results shown above give rise to
some interesting special cases, some of which have well-known
properties. A mesokurtic distribution occurs when « = 3, in
which case we have DF,, =n — 1 and DFc = N — n. An im-
portant special case of this is the commonly used case of a
normal superpopulation. In this case, it is well known that the
means are independent of the variances, giving rise to the ex-
act distributions of the above form—that is, they are not just
approximations in this special case.

3. CONFIDENCE INTERVALS FOR THE
POPULATION MEAN AND VARIANCE

One of the main uses of the above results is to allow us to
form confidence intervals for the population mean and variance,
giving results that include a “finite population correction” and
that are also able to take account of the skewness and kurtosis of
the distribution. The moment results we have derived allow us
to deal with a finite population, and this allows us to generalize
the standard intervals for the mean and variance parameters to
obtain analogous intervals for the finite population case. (In-
terval estimation for a finite population mean is already well
understood in the literature; see, for example, Cochran (1963)
and Sarndal, Swensson, and Wretman (1992). To the knowl-
edge of the present author, the present interval result for a finite
population variance is new.)

Both confidence intervals can be formed by using the “quasi-
pivotal” quantities in Result 15 to creating corresponding prob-
ability intervals with random upper and lower bounds. To form
the confidence interval for the population mean, we let ¢, 5 ; be
the 1 — /2 percentile of the Student’s T distribution with k de-

286 General

grees of freedom (i.e., the area in the right tail is /2). Assuming
n is large we then have

ty N —
l—a~ P[220 "
Jn N

X, — Xn - 14/2,DF,

N —n
<
- 82 T Un N)

_ t, N —n
—P (Xn _ «/2,DF, . Sn

5 S tej2.0F, |N —n
=P|XyelX, = — - S, .

To form the confidence interval for the population variance,
we choose some 0 < 6 < o and we let F{" ,,  be the 6 per-
centile of the F-distribution with k; and k, degrees of freedom
(i.e., the area in the right tail is 1 — 6). Assuming # is large we
then have

B _ 2
l—a~p(2ziMon 1 5
N—1 N-LF ,pgpr. ~ Si

n—1 N-—n !
< + *
N—-1 N-—1F; 4pp pr.
-1 N — 1
—p((2— 4+ 222 S = Sy
N—1 N-—1F4p pr
n— 1 N —n 1 2
< + >
N—1 N -1 F;—G,DF,“DFC
-1 N- 1
_p(s . n N n _ e
N—1 N -1 F179,DF,“DFC

n—1 N-—n 1 s
x + " Si1]-
N—1 N—=1FpF,pF

The above probability statements give us corresponding con-
fidence intervals once the actual observed values X,, and sfl are
substituted:

_  lppr, |[N—n
CiMean (| —g) = |5, + 2/2P8 [T 7 g |,
N (1) [ 2on. [V }

n—1 N —n 1 2
CI (1 —a) = + " Sy
N—-1 N-1 FI—O,DF,,,DFC

n—1 N —n 1 2
X + = Sy |-
N—-1 N-1 Fa—e,DF,,,DFC

With a little algebra, these can be rewritten in terms of n and
u as

o
e (1 — o) = [xn + :Z/ZF ﬂ-sn:| ,
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Cre(—a)=|[1- "”(1 - I/Fl*fe,DFn,DFc) §2
N n—(1—u) n

% (1 B nu(l— 1/F;6,DF,I,DFC)) s5:| '
n—1—u)

The first of these intervals is similar to the standard confi-
dence interval formula for inference about a finite population
mean. The only difference from the standard interval is that we
have taken account of the kurtosis in the degrees of freedom cal-
culation. This confidence interval includes the finite population
correction term given by the square root of the unsampled pro-
portion. The result is well known for mesokurtic distributions
(e.g., a normal distribution) and is presented in standard texts
on sampling theory (e.g., Cochran 1963, pp. 20-24) as well as
introductory textbooks in statistics (see, e.g., Kault 2003, pp.
227-229; Dorofeev and Grant 2006, pp. 42—43; Wieres 2011,
p. 299).

The second of these confidence intervals gives us a general-
ized interval for the population variance, which can be used in
cases where we have a finite population. This interval also takes
account of the kurtosis in the degrees of freedom calculation.
The finite population correction in this case comes into the inter-
val calculation directly, and also comes in through the degrees
of freedom calculation. From the general form for this confi-
dence interval, we can form an equal-tail interval by choosing
6 = /2 or we can form a minimum length interval by choosing
0 < 6 < o to minimize the interval length (see Appendix B).

Both of the intervals can be applied when the kurtosis of the
distribution is known. If the kurtosis is unknown (as will usually
be the case), it can be replaced with a consistent estimator of
some kind (see Appendix B). Some practitioners may wish
to follow the standard method of applying the mean interval
with the assumption that they are dealing with a mesokurtic
distribution (« = 3) for the degrees of freedom calculation.

We have been concerned in this analysis with deriving confi-
dence intervals for the mean and variance of a finite population.
However, these results also give confidence intervals for the
mean and variance of the superpopulation as a special case. To
obtain the latter, all we need to do is take N — oo so that the
population is the infinite superpopulation. In this case, we have
convergence in probability to

X X > 2
Xn:N_)XN_)H« Sr%:N_)SIZV_)Uz DIZV_)n(Xn_M) .

This means that the population mean is the parameter © and
the population variance is the parameter o>. We also have
DF¢ — oo so that Fy pr pr. — Xg pr, /DF,, Which means that
our confidence intervals for u and o2 are given by

_ Ta/2,DF,
CIMeal’l 1 —a)=|%, :t a/2,DF, sa |,
w (1 =) [ NG

var DF” 2 DF" 2
C( —a) = | st 7|
Xa—6,DF, X1-6,DF,

This gives us confidence intervals in accordance with the
standard intervals already in the literature for the mean and

variance parameters. (Our intervals use the more general for-
mula for the degrees of freedom, taking account of the kurto-
sis.) Again, we can form an equal-tail interval for the variance
by choosing 6 = «/2 or we can form a minimum length inter-
val by choosing 0 < 6 < « to minimize the interval length (see
Appendix B).

4. CONCLUDING REMARKS

The standard sample mean and variance quantities in simple
random sampling problems can be treated using a decomposi-
tion that decomposes the overall mean and variance into parts
attributable to the sampled and unsampled parts of the popula-
tion. Using standard moment techniques it is possible to derive
the means, variances, and covariances of these quantities to ob-
tain a good understanding of their behavior up to the second
moment.

In this article, we have derived these moment results and
used them to get simple confidence interval formulas for the
population mean and variance, including terms for finite pop-
ulation correction. This extends present results for the confi-
dence interval for a population variance and also gives another
approach to derivation of the interval for the population mean.
The results we have derived can be used in elementary sampling
problems or introductory courses to allow inferences in finite
populations.

In this article, we have mostly sidestepped complications
relating to estimating the unknown skewness and kurtosis for use
in the interval calculations. Substitution of a consistent estimator
would give good long-run properties in our confidence interval
formulas, but the exact effect on the intervals for small samples
has not been considered here. This would be an appropriate
avenue for further research.

APPENDIX A: PROOFS OF MOMENT RESULTS

In this appendix, we set out proofs of the various lemmas and
results in the main body of the article, concerning moments of
quantities of interest in our analysis. We introduce some new
lemmas where necessary to break up the proofs into simpler
pieces.

Lemma A.l. The distance measure can be written as

5 5 \2 5 5 \2
DY =n (X, — Xn)"+ (N —n) (Xuw — Xn)".
Proof of Lemma A.1. We have

_ ~ 1 n l N
Xo= Xy == Xi— ) X

i=1 i=1

S EEE) S 3R
~\n N "N l

i=1 i=n+1
N —n < 1 &
~ AN ZXI_NZ X
i=1 i=n+1
N _ _
= Nn(Xn_Xn:N),
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and

Xun — Xy = _nZX——ZX

i=n+1
- - Xi— — Y X
( N-—n )t—%;l Z
n 1
- N(N—n)i;;lxi N ﬁ;x"
n — —
= N (Xn:N _Xn)-

This means that

n (X, = Xn)’ + (N =) (Xow — Xn)*
N —n 2 n\2 _ _ )
= (55) v (3)] (= )

= %[(N — P+ (N =] (X, — Xu)’

= %(N _n)N(Xn _)_(n:N)2
n(N—n)(
N

which was to be shown. O

Xn - Xn:N)z = D12Vs

Proof of Result 1. For the mean decomposition, we have

N n N
NXNZZXL' IZXZ-F Z Xi =n)_(n+(N—n))_(n;N.

i=1 i=1 i=N+1

For the variance decomposition, we have

— %) +n(Xy - X,)

I
E

N
+ Z (X; — )_(n:N)z +(N—n)(Xy— )_(n:N)z
i=n+1
=(m—DS;+(N—n—1S., + Dj.

(The second last step follows from the fact that
X = X = Y, (Xi = Xuy) = 0) O

To prove the first few moment results of interest, we will
work with values that have had the mean removed. This makes
it easier to derive the results in a succinct way, without dealing
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with large numbers of mean terms that cancel out in the final
calculations. To assist with our analysis, we define the values

Y; = X; — u, which are adjusted to remove the mean value of
the values. We also define the quantities:
_ 1 & = 1<
V=Y V=22 v
i=1 i=
R = [
S . = _ 1 )
Tiv=g—m 2% Yav=g— 20
i=n+1 i=n+1
| X - LN
In=—) 7Y Yyn=—) 17

Using these quantities it can be shown that

— . 2_ n gy =0
Xp=Y,+pu Sn_ Y"_Yn ’
n—1
Rw = vt Siy= o (Vo — )
mN = LN T U n;N—N_n_l n:N AR
_ _ 2 N — =5
Tv=Tutn  Si=g—(n-7i),
n(N—n)  _ = 2
D? Y, -7,
N N ( N)

Lemma A.2. We have the following moment results:

E(%,) =0 E(V,) = o
5(7) = = s(Fh) -
E(7?) = %3 E(V,7) = (””n—;lw
E(7%) = (K+31:l3—3)04 E(?nz) _ (K+nn— 1)04.

Analogous results hold for the quantities for the unsampled
part and the population.

Proof of Lemma A.2. We first consider the general form
E(Fi70).
for nonnegative integers a and b. Substituting in and expanding
out the power sums, we have
" b
- = b\ _ )
8 (177) - (z) (%)
— 0‘ Oln
- na+b Z ]E l Y
Q;
- L TTEe),

a =1

where the summation in the last two lines is taken over all vectors
o = (a1, ...,a,) composed of nonnegative integers consistent
with the previous power sums. This requires the indices in the
vector o to have the following properties:

n n al
P = 2b —>b
o #1foralli=1,...n
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(The last requirement follows from the fact that E (Y;) =
Oforalli =1, ...n, which means any term of this kind can be
dropped out of the sum.) We are now able to obtain the required
moments specified in the lemma, which use particular values of
a and b.

Now, using the preliminary result above, we are able to obtain
the required moments specified in the lemma. With a = 2 and
b =0, we have

_ 1 1 o?
E(¥;) = = (¥7) = ~E () = —

Witha = 3 and b = 0, we have
1

E (7)) = nB (%) = =B (7)) = °5-

With a = 4 and b = 0, we have
_ 1 2
E(F)) = — (nE (%) +3n (0 = DE (v2)")

3n—3
k¥on=>5 4

1
=3 (I’lKU4 +3n(n— 1)04) = e

Witha = 0and b = 1, we have
E (?) - L (Y}) =E(¥Y?) =o>
n

Witha = 1 and b = 1, we have

= 3
E(7,¥,) = nE(r}) =E(r) = YT
n

Witha =2 and b = 1, we have
2(57.) = () 00 v 07)
= % (n/co4 +nn— 1)04)

(k+n—1Doc*
- a2

Witha = 0and b = 2, we have

E(Y,)

1 4 2\2
—(E() (o~ DE(7))
1 — Dot
= ; (n/(o’4 +nn — 1)04) = WT)U
Analogous results hold for the mean of the unsampled part
and the mean of the population, and these are found in the same
way. (|

Proof of Result 2. Since E(Y,) =0 and V(Y¥,) = o2/n, we
have

Analogous results hold for the mean of the unsampled part
and the mean of the population, and these are found in the same
way. ]

Proof of Result 3. Using the results in Lemma A.2 (including
analogous results for the unsampled part), we have

S 0 = (B () ~E )

2 1
n 02—0— = " 1——)o?=0>
n—1 n n—1 n

To obtain the second raw moment, we first obtain
— _ 2 =) = _
E <<Yn - Ynz> ) =E (Yn - 2Y112Y" + Yj)
— A= _
—E [(,/) — 2B (V2V,) +E (Y;‘)]

_ |:(/<+n—1)_2(/c+n—1)

n

E(S,)

n n?

3 3

-1 2m—-1
+K+n n (n )j|04

n’ n’
—1 2(n—1
:K++(n2—2n+1)a4+ (n3 )04
n n
J— 2 —
:(n D (K+n—1)a4+2(n 1)04

n3 n3

:g[(n—l)(/c—f—n—l)—f—Z]a“.
-

The second raw moment is then given by

mfwﬁqi_gY)

1 4
=——[m—-Dk+n—-1+2]o

E(S)) =

nn-—1)
_ (n—l)(K+n—1)—|—264
N n(n—1) '

Hence, the variance is given by

V(s2) =E(S;) — B(s2)*
_ (n— 1)(/c+n—1)—}—204_(74

nn-—1)
m-—Dk+n-1DH+2-nm-1 ,
= o
nn—1)
n—Dk—-mn-3) ,
= o
nn-—1)
( n—3>04
= |k — —.
n—1/) n
This gives the stated results. (]

Proof of Result 4. Using the results in Lemma A.2 (includ-
ing analogous results for the unsampled part), we have mean
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given by

B(03) = "B (R~ Fu)')
_n (NN_ n) (E(Y7) —2E (Y, E (Yun) +E (YY)
n(N —n)

n(N—n) (/1 1 5
- N n N—n)c7
_n(N-n) N 2 2

N n(N—-n)

We also have
E <()7n - Yn:N)A)
—E (Y,j‘) +6E (Y,f) E (YH%N) +E (Y,i‘:zv)

7(K+3l’l—3)04+60'2 o  (k+3(N-n-3)c*

n3 n N—n (N =n)}
_[(K—3)+3n 6 (K—3)+3(N—n):| 4
B n? n(N —n) (N —n)’ 7

—[3(i+ CHN— )+(K73)(i+¥>:|0'4
- n?2 n(N—n) (N—n)? nd (N —n)

3N? N3 —3N?n +3Nn?] ,
=55tk -3)——F——5— |0
n2 (N —n) n3 (N —n)’
N2 N2 —3Nn + 3n?
=72[3+(K,3)#] 4
n2 (N —n) Nn(N —n)

2

N N? ot
TN —n) [3N+(K_3)<n(N—n) _3>] N

Now, the second raw moment of the distance measure is given
by

E(Dy) =

Il
A~
w
+
=
|
w
N
P

S
=
| =
=
N
|
=] w
~—
~—
Q
~

The variance of the distance measure is given by

V(DY) = E (DY) ~E (D)’

~(reen{hg )

This gives the stated results. ]

Proof of Result 5. The expected value follows trivially from
the fact that the unsampled variance and distance measures are
unbiased estimators of the variance parameter (see Results 3
and 4). For the variance, we can use the variance decomposition
to obtain

V(N =n—1 Sty + D)
= V((N — 1§k —(n— 1)5,3)

=(N - 1)2V(s,2v) +n— 1)2V(s,§) —2(N=1)(n— 1)<C(S§,, Sﬁ)
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—(N - 1)2V(S,2V) +(n— 1)2V(s,f) —2(N = 1)(n— 1)V(S,2V)
=N = DIV =D =20 = DIV(8}) + = 17V (s7)

=(N—1)(1v—2n+1)V(S,2V)+(n—1)2V(55)
N =3\ o* n—73\ ot
=(N-DWN-2n+D|e——=) = 1% (k- —
( )( n + )(K N—1)N+(n )<K . >n
(r(N=DWN-2n+D+Nn-1)c ]o*
| —(t(N =20+ D(N=3)+N@m—1)(n—3) | Nn
(n(N>=2Nn+2n—1)+ N (n> =20 +1))k | o*
| —(n(N*=2Nn—2N+6n—3)+ N (n>* —4n+3)) | Nn
I (N2n72Nn2+2n27n+Nn272Nn+N)K 074
_—(Nzn—2Nn2—2Nn+6n2—3n+Nn2—4Nn+3N) Nn
I (Nzn—Nn2+2n2—2Nn+N—n)K i
| — (N*n — Nn? —6Nn + 6n> + 3N —3n) | Nn
[(Nn—=2n+ D« i
_*(Nn*6n+3):|(N_n)Nn

4
[
=[2Nn+(k —3) (Nn72n+l)](an)m

=2+ =3 (1-2+ L))V -no

It follows that

N—-n—-18%,+D?
V(szv)=V<( D) Sy N)
N —n
2+ ( 3)(1 2 + ! o'
= K — — J— ,
N Nn N —n
which was to be shown. O

Proof of Result 6. Using Lemma A.2 (with analogous results
for the unsampled part) and noting that E(Y,) = E(¥,.y) =0,
we have

_ W C (T, (72 = 2%, Ty + Tuew))
_n (NN— n) [C(F,, 72) = 2C (V. ¥ V)]
_n (NN— n) [E (V) — E (¥,)E (72) — 2B (V) E (V.n)
$2E (7,)E () |
g () = Mo v
= N n) — N n ’
We also have
. n — o\ n(N—n) 5 \2
C(SnaDN):(C(m(Yn_Y")’ N (Y,,— nZN)>
2 N — = — > vV VvV %
N (= 72 (72 = 2T+ 720)
2 N — = _ Y vy % %
W [0 (7 72) 2 (Fo R - € (7. 72)

+2C (P2, ¥, Tn)]
E(V.72) - E (V) E (7))
_ N = | 2 (V,7,) E (Ta) +2E (V) E (T) E (Tew)

S NO=D g (74 v (72)
+2E (Y}) E (Yun) — 2E (Y2) E (V) E (Yov)
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D [a(T.2) - & () () - E(52) + E (2]

_n2(N—n)|:(K+n—l)_l_(K+3n—3)+%]04
n

T Nmn-=-1 n? n n3

- WN=n e ~ 36
_nN(n—l)[(K+n)n n (k 4+ 3n — 3)]o
_ (N —n) _ B 4

= =D w-0 k=3)y(n—1o

S L

=W N n’

It is a simple matter to construct analogous proofs for the co-
variances between the unsampled parts with the distance mea-
sure. (The only difference is that n and N — n are swapped in
the resulting formulas.) For brevity, we omit these proofs here.
Once we have these results, we can then obtain the covariances
for the population quantities with the distance measure using the
mean and variance decompositions. For the population mean,
we have

_ _ N — _
C(Xy. DY) = %(C(X,l, D) + ——2C(Xyy. D)

N
nN-n yo! N-nn yo?
"N N 2 N N N-n
N—n vyo n yo yo3
- N N "N N N

For the population variance, we have

(5 22) = 75 [ - ve(5.03)
+(N—-n—-1C (S,szv D12V> +V(D’2")}

|:(K3)N—n.n—1+( %)n'N—n—li| ot

N n N N —n

+(2+(K 3)<n(N - %»

_ m—1)N-n) (N—n-1n
_[2+< Nn + N (N —n)

N 3 ot
+n(1v—n)_ﬁ)("_3)]1v—1

4

o
= (2+(PartA)(K73))N—l'

We have
(Part A)
m—1)(N—-n) (N-n—1n N 3
- Nn N (N —n) n(N—n)_N
(n—1)(N—n)*+ (N —n—1)n>+N>=3n(N —n)
= Nn(N —n)
(n—1(N*=2Nn+n*)+((N —n—1n>+N>—=3n(N —n)
= Nn(N —n)
N%n —2Nn? +n® — N*> +2Nn —n? + Nn> —n® —n? + N> — 3N + 3n?
- Nn(N —n)
N?n — Nn?> — Nn +n? Nn(N —n)—n(N —n) N -1
- Nn(N —n) - Nn (N —n) TN
So we have
4
C(Sf\,,va)=<2+N ](K—3)> T

N
()
N_l-i-ic— N

This gives the stated results. (|

Proof of Result 7. The sample mean and unsampled mean are
independent, since their underlying values are independent. This
means that the covariance between these quantities is zero. For
the other two covariance results, we can use the decomposition
for the population mean to obtain

- 1 —
C(X.. Xn) = N(C(X Xv)
1 _
= N(C (Xn +(N _n)Xn N)
2
n - o
=y =5
_ _ 1 _
(C(Xn:N» XN) = N(C (Xn )
= %C( n}_(n +(N —n) )_(n:N)
N — - o?
i V(Xn:N) =N

We now show the covariances for the variance quantities. As
with the mean quantities, the sample variance and unsampled
variance are independent, since their underlying values are in-
dependent. For the other two covariance results, we can use the
decomposition for the population variance to obtain

( n’(N_l)SN)
_C(Sr%v(” 1)52+(N—n—1)S2N+D2)
=mn—-DV(S:)+C(S:, Dy)

n’

n—3 N —no*
=(n—1)(/c— _1>7+(K—3) N
N-—-nlo*

N }7

N—n 3N—3n

o
:_K(n—l)—(n—3)+/< N N ]7

r _ _ 4
o P

[ N-—1 N — o?
= |Kn —n —_—
L N N n

=(N-DV(Sy).

= (n—l)(K——3)+(K—3)
n—1

Using Result 3, we therefore have

C(5:. ) = 2 (55

1

_y(s2) = _N_—3)i
_V(SN)_<K e

(N —1)53)
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The covariance result for the unsampled variance and popu-

. ) ) A For the unsampled quantities, we have
lation variance follows directly by analogy. This gives the stated

results. ] C (Xn:Ny szv)

Proof of Result 8. We begin with the simplest of these results. 1 o 5 2
Since the underlying values in the sampled and unsampled parts T N-—n (N =n =D C(Xuw. Spn) +C (X, Dy)]
are independent, this gives us _ 1 |:(N yod n yod

C (X, S2x) =0  C(Xun,S2) =0. N —1n N N-—n

Now, for the covariance between the sample mean and sam- = (N — n)? [(N —n—D+ ﬁ] ye
ple variance, we can reexpress this using the mean-adjusted 1 ya?
quantities: =N [N>—=Nn—N+n]—

—n
C (X, 82) = C(¥,, S?) 1 Nt Nm N —
= E(7,52) — E(7,)E (52) = E (7,52). = o [V N =N ]
3
Using the results in Lemma A.2 (including analogous results 1 —_— [(N — )2+ (N —n)(n— 1)] Yoo
for the unsampled part), we have (N n)
— -1 7/03
C(X,.S;) =E(V,S; - e
== (5 (T2~ 71))
— (C (Sr%:N’ C12V)
- E(7,Y, ) (7)) 1
n—1 ( =5 [((V—n-— DV (Spx) + C(Spy- D]
n o’ y
= —_— = 1 N—-—n-3 ot
n—1 n = |:(N—n—1)(/c— )
1 1 N —n N—-n—-—1/ N—n
= 11— - n o
—1 ( n) —3). —.
_ MR v v n]
- 1( )yt =12 Rt L EE
L+(N=n=D@B=3=5) | (N —n)
We then have [ (N*~Nn—=N-+n)x-3) ] ot
C(%e )= "z 2y " yod  yo’ C[t@WN=—n—1D—=(N-n=3)| NN —n)?
(X 8) = FE 81 = 5= = F [V -Na-Ntn)e-» ] o
and T +GBN=3n-3-N+n+3)| N(N —n)?
_ [(N—n)(N =1)(kx —3) ot
2 2 2 = - -
C(Xn’SN)ZN_l[(”_l)C(X"’Sn)‘i'C(Xn’D )] L +2(N —n) :|N(N—n)2
1 N —-n yo ot
— 1 L =2 —-3)(N-1) ——.
. 1[(" )Y P } CHE=HN =) g
—nlyo?
N N-1 For the population quantities, we have
_ Nn —n ya _nya’ ya’ B )
“N-IU N n N an N C(Xn. CY) v
= 2C (R C}) + € (Xus C3)

Analogous results hold for the unsampled part and the popu- N N
lation, and these are found in the same way. This gives the stated _n y;t3 N—-nN-1 . y_c73
results. O " N Nn N N-n N

3 3 3
Proof of Result 9. For the sample quantities, we have _Yo +(N—=1)- Yo _ ﬂ.
! N2 N2 N
T 2\ — % 2
C(X., Cy) = N _nC (Xu. D) C(Sy. Cy)
1 N-n yo® yo? 1 2 2 2
= = =—CSy.(N=n—-1S, y+D
N—-n N n Nn’ N 1— n (Sy N ¥
C(Sy. Cx) = N—(C (S2. DY) = [V =n=DT(S}, Spn) + C (S5, DY)]
_ 4 4 1 N -3\ o!
N —n N n Nn N—n N-1/ N
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+ (2—N+( —3)) 04}
N_

P X -3 2N ;
__( —n— )(K—N_1>+N_1+(K— )
0.4

X—

N (N —n)
) _343_ N3
= |V >(" ﬁ)

2N 4
+N—1+(K_3)}N(N—n)

N -3
2N ot
]N(N—n)

4
= (k—3) % + [(N=n—1)(3(N—1) — (N=3)) +2N]

ot

X
N(N—-n)(N-1)
4 4

— -3 2N (N —n) d
=W =3+l NN ™ =1

— 3) ot n 204 2N o 3) ot
Kk —3)— K — —.

N N-1 \N-1 N
This gives the stated results. O

Proof of Results 10—13. The proofs of these results all follow
along the same lines. Each of the correlation expressions follows
trivially from the previous moment results and these can then
be reframed in terms of n and u using the fact that

Once the correlation results are in this form, it is then a simple
matter to take limits as n — 0o noting that we refer implicitly
to the limiting value of u, which is a proportion. This allows us
to obtain each of the asymptotic correlation results. We give one
example here:

= —
2+ (k —3)(1/u = 3(1 — )

This shows the first result in Result 10. The remaining proofs
are omitted, but follow along the same lines. O

Lemma A.3. If k and o are both finite then, as n — 00 we
have

n

\/— 12 X,‘—M 2_1 DlstNO —l)
n p ( - ) O, «

i=1

Proof. We define the standardized values:

We now look at the sequence of iid values Z7, ..., Z> which

have moments:

E(z}) =1

The quantity under analysis in the lemma is the sample mean
of the Zi2 quantities, minus their true mean, and multiplied by
/1. The distribution therefore follows directly from the central
limit theorem for iid random variables (see, e.g., Bartoszynski
and Niewiadomska-Bugaj 1996, pp. 431-432). ]

V(Z}) =« —1.

For convenience, we split the proof of Result 14 into two
parts, first looking at the distribution of the mean difference,
and then looking at the scaled variance quantities. Both of these
results appeal to the central limit theorem.

Proof of Result 14 (Mean difference). In this proof, we will
look only at the asymptotic distribution of the mean difference
quantity. With a little algebra, it can easily be shown that

X, — [ ZX—(I—M)ZX]

i=n+1

The random variables uX;,...,uX, are iid and so are
(1 —u)Xus1,...,(1 —u) Xy. From the CLT this means that
both sums converge to independent normal random variables as
n — oo and N —n — oo (which is what occurs in our limiting
analysis). Since sums of independent normal random variables
are also normally distributed this means that the mean difference
is asymptotically normal. It remains only to note that

N-n ,

E (X, — Xy) =0 o

V (X, - Xy) =

By taking the first part out of the distribution as a scaling
constant, this then gives the required distributional result. [

Proof of Result 14 (Scaled variances). We now look at the dis-
tributions of the various scaled variance quantities. For brevity,
we will do this only for the sample variance, since the other
proofs are all analogous. With a little algebra it is easy to show
that

n

n-1Si=> (X;i—

i=1

=3 X —w? —n (X, — ).
i=1

Rearranging, we obtain

Z<X

This means that

|
10? — (X, — )2+;S,f.

NG (Xn/;'ﬂy " %j_z
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Using Slutsky’s theorem (see, e.g., Bartoszyniski and
Niewiadomska-Bugaj 1996, pp. 421-422), it is easy to show
that the second term converges in distribution to zero and the
third term converges in probability to zero, which means that
the limiting distribution of the quantity of interest is equal to
the limiting distribution of the first term in the expansion. From
Lemma A.4 this means that

2

(2

. 1) LN,k — 1.
o

Hence, we have

Now, to complete the proof it remains only to note that the
chi-squared distribution is asymptotically normal with variance
equal to twice its mean. Hence, as DF — oo we have

ChiSq (DF 1 2
ChiSa®F) 1\ pE oppy =N (1,2 ).
DF DF DF
This means that we can reexpress the asymptotic normal form

as a scaled chi-squared. Since DF,, — 2n/ (k — 1) the asymp-
totic distribution above can equivalently be written as

S Asymp Chlsq (DF )
02 DF,

(In fact, we know from Result 8 that the mean and variance
in this asymptotic distribution are exact for all n.) Although
both forms are asymptotically equivalent, it is more sensible to
use the chi-squared distribution rather than a normal distribu-
tion, since the latter quantity is nonnegative and is exact in the
case of a normal superpopulation. The remaining proofs for the
other scaled variance quantities are all analogous to the above
proof. ]

Lemma A4. As n — oo, we have Corr(X, — Xy, S2) —
Jue.
Proof. The variance of the mean difference is given by

V(X — Xn) =V (X,) —2C (X, Xn) + V(Xy)

o? o> o> o o? o?

:——2— —_—=— = — = U—

n N N n N n’
‘We therefore have
C (X, — Xy, 52)
JV (X0 = Xy) v (52)
(C(X,,,Sz) C(Xn.S%)

\/V — Xy)V(52)

Corr (X — Xy, Sz)

2|‘

<
q
S
—_
R

|
S|
\||
N IR
N—
=

—~~

S |— :|
|

s

SN

<

294  General

N—n
- Y _ '
ez e

- Vu-¢. O

As with Result 14, we split the proof of Result 15 into two
parts, first looking at the approximate distribution of the stu-
dentized mean difference, and then looking at the variance ratio
quantity. Both of these results appeal to the previous asymptotic
marginal distributions of the parts going into the quantity.

As n — oo we have Corr (X, — Xy, S7) —

Proof of Result 15 (Studentized mean difference). The ap-
proximate distribution in this result is based on appeal to
the asymptotic marginal distributions in Result 14 when n —
0o. From Lemma A.4, we know that as n — oo we have
Corr(X, — Xy, S?) — /u - ¢. If we ignore this dependence
for purposes of our approximation, we obtain

XH—XN X —XN S Approx N —n
S2
N(@©,1)
— . St (DF,).
ChiSq(DF,) /DE, _ YV Nn

As stated in the result, this approximation ignores the correla-
tion between the numerator and denominator in the expression.
This gives us the approximate distribution for the studentized
mean difference between the sample and population. ]

Proof of Result 15 (Variance ratio). The approximate distri-
bution in this result is also based on appeal to the asymptotic
marginal distributions in Result 14 when n — oco. Using the
decomposition for the population variance, we have

S% (N=-1)S3} (m—-1)S?+(N-n)C%
2T O N—DS2 (N—1)S2
n—1 N-n C%/o?

N_1 N—1 52/o?

N —n ChiSq(DFc) /DFc.
N1 N-1

Approx N — 1

ChiSq (DF,) /DF,
. on— 1 n N —n 1
" N-1 N-1 F(F,,DFe)

This approximation makes use of the fact that the numerator
and denominator in this case are asymptotically uncorrelated
(though not necessarily independent). O

APPENDIX B: FURTHER MATERIAL

In this appendix, we set out some extensions to the material
in the body of the article. This material is ancillary to the main
results in the article, but may be of interest to practitioners in
giving some further detail on the meaning and interpretations of
quantities, and some additional issues that arise in applications
of the present material.
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The distance measure. In the body of the article, we defined
the distance measure:

The easiest way to understand the meaning of the distance
measure is by considering a population with N = 2 objects,
giving us population values X and X5. In this case, we have
population variance given by

EEDCEEN)

(B3 -2
(59 (5
(K55 L

If N =2 and n = 1, we then have

Sk

D} = %(x1 - Xy)* = S3.

In this special case, the distance measure is equivalent to the
two-point population variance. In the more general case, the
distance measure extends this idea to allow the comparison of
two sets of points, compared by using their means. As with
the sample and population variances, we have E(DIZV) =02 50
that the distance measure is centered around the variance of the
superpopulation. The variance of the distance measure is quite
high, owing to the fact that it is similar to a two-point estimator.

(It is actually possible to use a distance measure of this form
to estimate variance in the pathological situation where you
have a sample of values where the only known information is
the mean of two groups partitioning the sample. This yields a
very inaccurate interval estimate, but that is not surprising given
that it is a two-point estimator.) U

Minimum length variance intervals. In the body of the article,
we derived the variance interval by choosing a value 0 < 6 <
« to obtaining the confidence interval. The general form of the
resulting confidence interval allows any value of 6 in this range.
One obvious way to proceed is to choose 6 to minimize the
length of the interval. To do this, we will let QO be the quantile
function of the F-distribution with the appropriate number of
degrees of freedom. This gives us

FI*—H,DF,,,DFC = Q (1 - 0) F;—@.DF,,,DFC = Q (Ol - 9) .

To minimize the interval length, we want to minimize the
objective function:

1 1
H, 0) = - .
Q@—06) QU-0)
Differentiating with respect to 6 we obtain
dH, 0y — Q—-0) 0U-0)
ao " Q@—60F Q-0

We therefore obtain the critical point equation:
Q' (o« —9)

A\ 2
_ 0 ((x — 9)
o' (1-9) 0(1-19)
Solving for § in the allowable range gives us the appropriate
value to form the minimum length interval. Since the quantile

function for the F-distribution cannot be written in closed form,
in practice this will require numerical solution. ]

Variance interval with unknown kurtosis. The application of
the variance interval in this article requires us to estimate the
kurtosis of the underlying superpopulation distribution, to obtain
the appropriate degrees of freedom for the interval. By way of
reminder, we note that we have E(X; — p)*) = xo*, so that

E((Xi — ")
(B —w?)”

(Note that we have not adjusted to measure “excess kurtosis.”
This means that k = 3 for a normal distribution.) The kurtosis
Kk gives a scale-adjusted measure of the heaviness of the tails of
the superpopulation distribution (see Dodge and Rousson 1999).

In this article, we do not give lengthy consideration to es-
timates of kurtosis. An examination of various estimators of
skewness and kurtosis can be found in Joanes and Gill (1998).
For our purposes, it will suffice to set out some examples of
these estimators, which are taken from that article. A simple
estimator that is unbiased for normal samples is

_ e+ YL (X - %)
(”l — 1) (er'lzl (Xl _ )—(n)Z)z

More complicated estimators are used in various statistical
software packages:

n—17 Y (X - %)
_ 2
" (Z?:l (Xi - Xn)z)

nm+1)(n—-1)
n—2)(n—-3)
Y (X - X)) 9(n —5/3)

(T (- xy) o203

KMIN ITAB K BMDP _

)

SAS __ SPSS __ EXCEL __
Kn - Kn - Kn -

Joanes and Gill (1998) looked at the mean square error of
these kurtosis estimators for various distributions. They found
that the estimators used in MINITAB and BMDP have lower
mean square error for a normal distribution, but the estimator
used in SAS, SPSS, and EXCEL has a lower mean square error
for highly skewed distributions. It is easy to see that as n —
oo all of these estimators converge to the same limiting value.
All are weakly consistent, in the sense that they converge in
probability to the true kurtosis parameter « .

Any of these estimators can be substituted into the confidence
interval formulas set out in this article, and all should perform
adequately for large n. The optimal estimator will depend on
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the particular distribution one is working with, which of course,
is unknown. O

Fitting the moment results together. We noted in the main body
of this article that the moment results fit together according to the
rules for moments of linear functions using our decomposition
results for the population mean and variance. Although this is
quite cumbersome to do, we set out the details here as a useful
check on our working, or as an alternative derivation of some
of the moment results. The simplest of the two cases is the
decomposition for the population mean, which is

NXN = I’an +(N —I’Z)X,,;N.

Taking the variance of both sides of this equation should es-
tablish a relationship between the various variance and covari-
ance quantities applicable to the terms in the decomposition.
Taking the variance of the left-hand side, we have

2
V(LHS) = V (NXy) = N2V (Xy) = NZ% = No™.

Taking the variance of the right-hand side, we have
V(RHS) =V (nX,, + (N —n) X,.n) = n*V (X,)

+ (N —n)*V(X,n)
202 5 2
- N —

" n +( m) N —n

no’ + (N —n) o’
= No? = V(LHS).

The more complicated case is the decomposition for the pop-
ulation variance, which is

(N-DSy=(n—1)S;+(N—n—1)S,y+ Dy.

Taking the variance of both sides of this equation should es-
tablish a relationship between the various variance and covari-
ance quantities applicable to the terms in the decomposition.
Taking the variance of the left-hand side, we have

V(LHS) =V ((N — 1) S)

_ _1)2 2\ _1\2 _N_3 i
=(N-1°V(Sy)=0N -1 (x —N_1>N.

Taking the variance of the right-hand side, we have

V (RHS)
=V((—DS2+ N —n—1S;y+Dy)
=m—17V(S)+ (N —n—1*V(S.y)+V(D})

+2(n —1)C(S7. DY) +2(N —n — 1)C(St.y. DY)

(nfl)z(Kfﬂ)ﬁ+(N,n,1)2(K7N—n—3) N

n—1) n N—n—1/) N—n 4
- +2N+(K—3)(%—3) %
2 =Dk =32 42N —n—1)(k = 3) 3=
=128 4y (N—n—12 L4 M _3
( +;(;71() N;"+2(N]i_;’1171n)(}\;,_":2 )K \
= n—Da -3 Y+ N-—n-DHWN-—n-3)7 %

N2

F6(n— )Y L 6(N —n—1) 7=
4

= [(PartA) - k¥ — (Part B)] %~
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With a little algebra it can be shown that
(Part A)
N2
N—n +n(N7n) -3
N —n
20— ——+2(N—n—-1

(n—1)2ﬁ+(N—n—1)2
n

N-—n
=N -1?,
(PartB)
N
mn—1)m—-3)—+(N—n—1)(N—n-3)
n ) N—n
+6(n—1)T_n+6(N—n—l)N7n
=(N-1D(NN-3),
which gives us
o4
V(RHS) = [(PartA) - « + (PartB)]W
o4
=[(N — 1)’ + (N — 1) (N — 3)]W
N -3 ¢*
= (N — 1)>(k — ——)— = V(LHS).
(N = (e = 53—~ = V(LHS)

This confirmation of the moment rules for linear functions
operates as a check on our moment results, to confirm that they
fit together as they should.

[Received November 2013. Revised July 2014]
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