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NECESSARY AND SUFFICIENT CONDITIONS FOR WEAK
CONSISTENCY OF THE MEDIAN OF INDEPENDENT
BUT NOT IDENTICALLY DISTRIBUTED
RANDOM VARIABLES

BY IVAN MIZERA! AND JON A. WELLNER?

Comenius University and University of Washington

Necessary and sufficient conditions for the weak consistency of the
sample median of independent, but not identically distributed random vari-
ables are given and discussed.

1. Consistency of the sample median. For each n =1,2,..., suppose
that X,;, X,9,..., X, are independent random variables with distribution
functions F,¢, F,9, ..., F,,,,. Let F,, denote the empirical distribution function
of the X,;’s:

1 n
Fn(x) = - Z 1(700, x](Xni)7
nia
and let F, be the average distribution function

_ 17
F —Y F, ..
n nl:zl nt

For any distribution function G, let G~! be the left-continuous inverse of G
defined by G~(u) = inf{x: G(x) > u}, 0 < u < 1. Throughout this paper,
unless otherwise noted, we call G1(1/2) the median of G, even when there is
a nondegenerate interval [m(, m ] of median points in the sense that Py(Y <
m) > 1/2 and Pg(Y = m) > 1/2 for m € [m(, m,] (see also the discussion
after Examples 6 and 7 in Section 3).

The problem is to give necessary and sufficient conditions for weak consis-
tency of the sample median F;l(%): under what conditions on the F,;’s does
it hold that

1. FL(1) = Fr'(3) —p 07

The sufficiency part of the problem has been studied by several authors,
mainly for the i.i.d. case, the case when F',,; are equal to F foralli =1,2,...,n
and all n > 1: either for the median alone, starting perhaps from Kolmogorov
(1931), or in the more general framework of M-estimation, as in Huber (1981).
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WEAK CONSISTENCY OF THE SAMPLE MEDIAN 673

In the general, “non-i.i.d.” case, the relevant references are Weiss (1969), Sen
(1968, 1970), Stigler (1976), Shorack and Wellner (1986) and Portnoy (1991).

However, it seems that so far no sufficient and necessary conditions for (1.1)
have been established. In this context, a comparison with the older brother
of the median in the realm of location estimation—the sample mean—comes
to mind: here the research on laws of large numbers have been crowned by
theorems giving necessary and sufficient conditions, for the i.i.d. as well as
“non-i.i.d.” cases; see, for instance, Petrov (1995).

Consistency of the sample median has many statistical applications—for
i.i.d. as well as for non—identically distributed observations. For an interest-
ing application of medians to filtering in a setting involving dependence as
well as non—identically distributed observations, see Moore and Jorgenson
(1993). For an applied, operational side, sufficient conditions are vital: they
provide the fuel needed to proceed further. The impact of necessary condi-
tions is different. For instance, the first author was brought to the problem
through the alignment considerations for the runs tests of randomness un-
der a heteroscedasticity hypothesis: the sample median is a natural aligning
estimator for rank tests based on signs—and invariance properties of these
determine their use in nonhomogeneous situations [see Dufour, Hallin and
Mizera (1995)]. Thus, necessary conditions may be viewed more as negative
results: they outline the scope and limitations of situations where consistency
is needed.

2. Necessary and sufficient conditions. It turns out that in the special
case when all F,;’s have common median & 5, that is, when

(2.1) Fl(3)=¢, fori=1,2,...,n, n=1,2,...,

the problem has a neat solution. For fixed ¢ > 0, define
a,(e) = E[F,(F,'(3) + &)] = F.(F,'(3) + )
and
bu(e) = E[F, (F;(
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Note that b,(¢) < % < a,(e).

THEOREM 1. Suppose that X,1, X,9,..., X,, are independent random
variables with distribution functions F,{, F,s,..., F,,, all with a common
median &,,9. A necessary and sufficient condition for weak consistency of the
sample median is that

(2.2) Vn(a,(e)—3) > oo and Vn(3 -b,(g)) > o
holds for all € > 0.
PrOOF. This will be proved in Section 4 via Theorem 3, which shows

that the statement is a consequence of the more general Theorem 2. The
basic method involves rewriting events concerning sample quantiles in terms
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of events concerning the empirical distribution function (see, e.g., Kiefer
(1970)]. O

Condition (2.2) of Theorem 1 remains sufficient in general without assum-
ing the equality of medians condition (2.1), and in fact condition (2.2) is also
necessary under a mild nondegeneracy hypothesis: see Theorem 3 below. Fur-
thermore, this basic result carries over in an obvious way to a general ¢th
quantile; see Section 4.

Although Theorem 1 can provide a satisfactory answer in many practical
cases, the general problem is of interest too—in parallel to the classical laws
of large numbers: for example, in the case of the weak law of large numbers,
Feller [(1971), pages 235 and 565] gives conditions (now known as the weak-L,
condition) under which there exist constants u, such that the sequence {X,}
of sample means satisfies X, — u,, — 0 in probability. Thus, we would like to
consider the problem of consistency without assuming (2.1).

Such a problem, however, is a more delicate one. The difficulty may lie in
the fact that under the “non-i.i.d.” case, condition (2.1) fails for an arbitrary
sequence of deterministic (and hence independent) random variables (such a
sequence would be forced to be constant in the i.i.d. case). Nevertheless, it
turns out that the “purely deterministic” situation enjoys the same level of
tractability as the “purely stochastic” one. It is the borderline “not determin-
istic, not stochastic” behavior which causes problems.

For fixed ¢ > 0, define ¢, (¢) and d,(¢) to be nonnegative numbers such that

c(e) = nVar|:IFn <Fn1<%> + £>i|

) ((2) )
and
d%(e) = nVar|F, <Fn1(%> - 8)}
()0 (0) )
Note that

(2.3) 0<c,(e)<i and 0<d,(e) <3
We adopt the following conventions: a/0 = oo if @ > 0; 0/0 = 0.

THEOREM 2. Suppose that X,;, X,9,..., X,, are independent random
variables with distribution functions F,{, F,o, ..., F,,.
A sufficient condition for weak consistency of the sample median is that

(24) «/ﬁ an(g) - % T bn(e)

oo and Yni—""1
holds for all & > 0.

¢n(&) dy(¢)
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A necessary condition for weak consistency of the sample median can be
formulated as follows: The sample median is not consistent, if, for some & > 0:

(i) there is a subsequence {n'} such that

(2.5a) Vn'e,(e) > oo and \/_a (8()) =0(1)
or o
(2.5b) Vr'd,(s) — oo and fzdb( ()8) — 0(1);
(ii) or, there is a K > 0 and a subsequence {n'} such that
(2.6a) Ve, (s) = K and Vw2 C(‘S()g) <K
or ’
(2.6b) Jid,(¢) - K and Ja 27 bw(e) < K;
dy(8)
(iii) or, there is a subsequence {n'} such that
(2.7a) Ve, (s) > 0 and n' an e ()8) = 0(1)
or n
(2.7b) Vn'd,(e) > 0 and ~n' 3~ bule z=bwle) _ 0(1);
dy(e)

The proof is postponed to Section 4.

COROLLARY 1. If, under the assumptions of Theorem 2, for any subsequence
it follows that
Vne,(e) — oo whenever a,(¢) > 1 and
Vnd, (&) — oo whenever b,(g) — 1,

then the sample median is consistent if and only if (2.4) holds for every & > 0.

(2.8)

PROOF. The necessary part is a consequence of (2.5) and the fact that if a,,
or b, is bounded away from 1/2, then (2.4) holds due to (2.3). The sufficiency
part follows directly from Theorem 2. O

The final theorem shows that Theorem 1 is a special case of Theorem 2.

THEOREM 3. Suppose that X, X,9,..., X,, are independent random
variables with distribution functions F 1, F s, ..., F,,. If there are a, b such
that
(2.9) 0<a<F,(F,'(3)<b<1 foralli=1,2,...,n

then (2.8) holds and condition (2.2) is equivalent to condition (2.4).
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ProoF. The proof'is for a,(¢) and c,(¢); for b,(¢) and d,,(¢) it is analogous.
Note again that if liminfa,(e) > 1/2, both (2.2) and (2.4) hold; hence in
proving the equivalence we can also restrict to the case when a,(g) — 1/27,
but then (2.9) entails

Fou(F7(3) +5) = .

(e (e) o) (o m(m(3) )
> ¥ a(1- (77 (5) +¢)) = att - au(e) > Ga o

showing that c,(¢) is bounded away from zero; thus, in this case (2.2) and
(2.4) are equivalent and (2.8) holds. O

Note that (2.1) is a special case of (2.9).

3. Examples, corollaries and remarks. Here are some examples illus-
trating the general case. The presentation is condensed; a more thorough
treatment can be found in Mizera and Wellner (1996). We use the symbol
8, for the point probability concentrated at x. For simplicity, we consider in
Examples 1-5 only odd n = 2k + 1 (for even n we could put X,; = 0 almost
surely for all i, if desired).

ExaMPLE 1. Let
6_4, fori=1,2,...,k,
Xni :d 80, fOI‘i:k—l—l,
81, fori=kF+2,k+3,...,n.
This is a purely deterministic case. The difference between F,(1/2) and

F;1(1/2) is identically 0, condition (2.2) does not hold, but condition (2.4)
holds trivially.

In the deterministic case, including Example 1, condition (2.4) is always
satisfied, since c,(¢) = d,(¢) = 0.

EXAMPLE 2. Replace X, ;,; in Example 1 by a random variable uniformly
distributed in [—1, 1]. Now we have, for positive ¢ < 1,

ﬁcn(8)=%\/1—825K€>0
and
a(-3  een) e
vn (&) _n%\/1—82_\/1—82.

This is less than K, for small &, so Theorem 2 yields inconsistency—as can
also be checked directly.
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ExXAMPLE 3. Replace X, ;,; in Example 1 by a random variable uniformly
distributed in [—1/n, 1/n]. Then (2.4) holds, and the median is consistent by
Theorem 2. Note that /nc,(¢) and /nd,(e) converge to 0, but (2.7) fails.
[Actually, c,(¢) and d, (&) are zero for large n, and condition (2.4) holds triv-
ially again. A more sophisticated variation of this example could be produced
by letting X, ,,; shrink to 0 in a more “smooth” way; for instance, setting its
distribution to N (0, 1/n).]

The results of Theorem 2 reveal some general features of the possible behav-
ior in the “independent, but not identically distributed” paradigm. Theorem 2
suggests distinguishing three principal situations:

Case 1. Stochastic. The variance of n times the empirical distribution func-
tion F,, at the points 7 = F,1(1/2) £ ¢ is unbounded. This corresponds to the
situation of (2.5) and partially also (2.6). In these cases, generally speaking,
the problem of consistency can be decided in terms of “macroparameters,” the
mean and variance of the empirical distribution function. A typical represen-
tative is the i.i.d. case.

Case 2. Quasideterministic. The variance of nF,(rY) degenerates to zero—
in our setting (2.7). A typical representative is the purely deterministic case.
Here consistency again can be, basically, decided in the terms of mean and
variance of the empirical distribution function.

Case 3. “Chaotic” or “pseudostochastic.” The remaining case—the behavior
is erratic and unpredictable; in fact, as shown by Examples 4 and 5, the prob-
lem of consistency is undecidable in terms of the mean and variance of the
empirical distribution function.

ExXaMPLE 4. Let X,; =; (1 —1/k)8_1+ (1/k)5y, for i =1,2,..., k, X,,; =4
8y fori =k+1,and X,; =; (1/k)6¢y+(1—1/k)é; fori = n—k+1,n—k+2,...,n.
For ¢ € (0, 1),

k+2 1 3 k-1 1 3
M) == g ey BE=T =3
and c2(g) = d%(e) = (1/n)(1 — 1/k). Hence /nc,(¢) = /nd,(¢) — 1, and
an(g) B % _ % B bn(g) _ % §
e TV e T 2

Theorem 2 is inconclusive here, but F,(1/2) = 0 = F,'(1/2) with probability
1 for all n, and the sample median is consistent.

EXAMPLE 5. Let p, = (1/2)(1 — k~%/2), and define

5_1, fori=1,2,...,k—3,
p,6_1+(1-p,)é;, fori=k—-2k-1,
Xni =4 80, fori:k,k+1,k+2,

(l—pn)871+pn81, forl=k+37k+4a
01, fori=kF+5k+6,...,n.
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Computing a,(¢), b,(¢), c,(¢) and d,(¢) for this example, we discover they
are the same as in Example 4 for all . Theorem 2 is again inconclusive, but
the median is inconsistent! To see this, just note that 2+ 1 > n/2 and

Plcard{i: X,; = -1} = k+ 1] = P[card{i: X,; =1} =k + 1]
= pi(l— pn)2 — 1—16 > 0.

The last two examples show why the oddity of restricting to odd sequences
appears.

ExamMPLE 6. Let X,;, X,9,..., X,, be the first n terms of a sequence
formed by setting, with probability 1, X; = -1, X, =1, X5=-1, X, =1,....
The sample median is equal to —1 for all » and it is consistent.

EXAMPLE 7. The same as Example 6, but now let X; =1, X, =-1, X5 =
1, X, = —1,.... The sample median is equal to 1 for all odd n and is equal
to —1 for all even n, and is inconsistent.

Note that, for even n, we have in both examples the same a,(¢), b,(¢),
c,(¢) and d,(¢) for all ¢ > 0. Problems of this kind come from the possible
existence of multiple median points—points where F,, is equal to 1/2. (This is
also the reason for adopting the convention 0/0: it serves to rule out median
points which do not move toward the median, as defined in Section 1.) For the
sample median, this effect is restricted to even n. In the general case, a possible
way is outlined in the Introduction: we could adopt a set-valued definition of
the median. Consistency then could be defined through some concept of set
convergence: upper or lower limits [we follow the terminology of Aubin and
Frankowska (1990)].

The upper-limit consistency expresses that any sample median sequence
(i.e., any possible sequence of sample median points) approaches the sequence
of population medians: the distance between a sequence of sample medians
and the sets of population medians converges to zero in probability. If the
population median remains fixed, as in Theorem 1, then all accumulation
points in probability of any sequence of sample medians lie in the population
median set.

The lower-limit consistency is a more stringent one, requiring that the
Hausdorff distance between the sets of sample medians and the sets of pop-
ulation medians goes to zero in probability. In our opinion, the upper-limit
consistency satisfies all needs of applications; technical complications brought
by the lower-limit one are not counterbalanced by increase of its practical
utility or specific interpretation.

In this vein, extensions of the present results covering the case of non-
unique population median of the sequence of distributions F, could be con-
sidered. Analogous results (concerning the upper convergence) could be de-
rived, with a,’s, b,,’s, ¢,’s and d,,’s carefully redefined and proofs, going along
the same lines, revised. We, however, sacrifice such a development, preferring
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rather to maintain clarity of the exposition and readability of proofs, with
a hope that in a need of possible generalizations the relevant ideas will be
transparent enough.

Actually, the outlined path was followed in the (simpler in this respect) i.i.d.
case. First, in the i.i.d. case conditions (2.2) are satisfied if and only if

(3.1) F(&19+¢) > % and F(&p—6) < %

for all & > 0. Note that (3.1) holds for all £ > 0 if and only if F is not flat
at £, = F~(1/2), and this holds if and only if F~!(x) is continuous at
1/2. This is the usual condition for consistency of F,(1/2) as an estimator
of F71(1/2) [see, e.g., Huber (1981), page 54, or Serfling (1980), page 75].
This also follows from the representation of the empirical quantile function
{FA(t):0<t <1, n>1} =, {F 4G, (t)):0 <t <1, n>1}, where G, (¢t) is
the quantile function of i.i.d. uniform(0, 1) random variables [see Shorack and
Wellner (1986), pages 4, 5 and 637]. Second, if we adopt the broader viewpoint
of upper-limit consistency, we can say that in the i.i.d. case the sample median
is always weakly consistent: any sample median sequence still converges to
the interval of all possible median points of F' [see, e.g., Mizera (1993)].

We have seen that, for the i.i.d. case, the conditions of Theorem 1 can be
simply verified. Another application of Theorem 1 is to heteroscedastic models.
Suppose F is a fixed absolutely continuous distribution function with median
0 and with a bounded density f, such that if x € [—A, A], then f(x) > L for
some A > 0 and L > 0. Suppose that F,;(x) = Fy(c,;x) for 1 < i < n
and n > 1 for nonnegative constants {c,;}. Note that the median of F is
unique and (2.1) holds. We want to express consistency of the sample me-
dian through the “empirical distribution” G,, of scaling constants c,,; at stage
n:G,(t)y=n"1y", 1;.,.<¢)- The question may be of interest outside the realm
of location estimation: just think of F,;’s as distributions of possible distur-
bances in regression or autoregressive models, say; heteroscedastic models are
particularly popular in these types of applications. These links deserve further
exploration, but we know the answer in the location case.

Note first that F,(x) = f(;’o Fy(tx)dG,(¢). If G, —,; G, where G is not
degenerate at 0, then F,(x) — Jo” Fo(tx)dG(¢). If F is strictly increasing,
then the limit is strictly increasing too, so the condition of Theorem 1 holds.
On the other hand, if G, —; §,, the distribution with all its mass at 0, the
condition for Theorem 1 can hold or fail depending on the rate at which the
sequence of distributions G, degenerates to 0. Mizera and Wellner [(1996),
Example 7] show that, when /n(G, — 8,) — A in the sense of uniform con-
vergence, condition (2.2) fails and hence consistency fails by Theorem 1. More
generally, let ®,(x) be a function from (0, co) to (0, co) equal to 1/c if x < ¢ and
1/x if x > c. Hallin and Mizera (1996) derived the following corollary of The-
orem 1: a necessary and sufficient condition for the consistency of the sample
median is that /n [;° ®.(¢) dG,,(t) — oo for some (equivalently, for all) ¢ > 0.
The special case of this result follows from the asymptotic normality result of
Sen (1968). See also Hallin and Mizera (1996, 1997) for the extensions of this
result and Theorem 1 to consistency rates and general M-estimators.
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Of course the methods developed here for the median carry over straightfor-
wardly to an arbitrary fixed #th quantile. Suppose, for instance, that 0 < ¢ < 1
and F;il(t) =¢,foralll1 <i<nandn=>1 Then

F,'(t) = F,'(t) > p 0
if and only if
Vn(a,(g)—t) — oo and /n(t—b,(g)) - oo
for every & > 0 where
an(e) =F,(F,'(t)+e) and b,(e)=F,(F,'(t) - e).

4. Proofs for Theorems 1 and 2. The necessity parts of these proofs
are based on majorization arguments. To make these more transparent, we
introduce partial sum functions, also called Lorenz functions [for this and more
background on majorization, see Marshall and Olkin (1979)]. A function from
[0, n] to [0, n] is called piecewise linear if it is continuous and linear on every
interval [k — 1, k], k = 1,2,...,n. We also say that P is a piecewise linear
function with turning points (ky, x1), (ksg, x3), ..., (k,, x,,), if it is continuous,
P(k) = x4, P(ky) = xg, ..., P(k,,) = x,, and linear on [0, n]\{kq, ko, ..., kp, }-
The right endpoint (n, P(n)) and, for aesthetic reasons, also the left endpoint
(0, 0) are always mentioned among the turning points when the function is
specified.

Given a sequence 0 < q; < g3 < --- < q,,, its partial sum function S, is a
piecewise linear function from [0, n] to [0, n] such that

[x] [x]
Sq(x) = (x = [x]) D q; + ([x] - x)(Z q; — qm)-
i=1 i=1

In other terms, S, is a piecewise linear function with turning points (0, 0),
(1,91), (2,91 +q3), ..., (n, 211 q;). Clearly, S, is nondecreasing and convex.
Conversely, any nondecreasing convex piecewise linear function S from [0, n]
to [0, n] is a partial sum function for some sequence 0 < g; < g9 < --- < q,,.

Such a sequence is majorized by a sequence 0 < §; < §9 < -+ < q,, if and
only if
(4.1) Sz(n)=8,(n) and S;(x)=<S,(x)

for all x € [0, n]; that is,

1

Z qﬂj = Z Qnj

j=1 j=1
foralli =1,2,...,n, with equality for n. [An equivalent and more usual def-
inition of majorization involves the n-vectors ¢ and ¢ arranged in descending
order and the family of reverse inequalities. See Marshall and Olkin (1979),
page 9. For brevity, we say also that S, is majorized by S, if (4.1) holds;
that is, the graph of S; does not exceed that of S, and they have common
endpoints.



WEAK CONSISTENCY OF THE SAMPLE MEDIAN 681

We use Gleser’s (1975) refinement of Hoeffding’s (1956) inequality.

LEMMA 1. Let Y; and Y, be, respectively, independent random variables
with Bernoulli(q;) and Bernoulli(g;) distributions. If the sequence 0 < q; <
gy < --- < q, <1is majorized by the sequence 0 < §; < Gy <---<§, <1, then

P[iYizA] zP[iYizA}

i=1

provided A > [Y 14 q;] + 2.

Maijorization
o
e 4
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As already noted, Theorem 1 is a consequence of Theorem 2. The basic idea
behind the necessity part of the direct proof is contained in Figure 1. For the
details of the direct proof see Mizera and Wellner (1996).
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Now we give several lemmas to prepare for the proof of Theorem 2. Given
a partial sum function S,, we define its entropy to be

H(S,) =Y a:(1—q).
=1

Due to concavity of x(1 — x), we have that H(S,) > H(S;) whenever S, is
majorized by S;.

LEMMA 2. Let S, be a partial sum function with S,(n) = a. If S, (k) < B,

then
B> (a—p)?

H(S -
o) == == =%

PROOF. dJust observe that if S (k) < B, then the graph of S, does not
exceed the graph of piecewise linear function R with turning points (0, 0),
(k, B), (n, a) by convexity of S,. Then

B(y_ B a-B(, a-B

HS,) < HR) =k (1-5) + - S=F (1-220)
B (a-pp
B k n—k’

since R is majorized by S,. O

To overcome the “defect of 2” in Gleser’s inequality given in Lemma 1,
which seems to be substantial [see Gleser (1975) for details], we need also the
following lemma.

LEMMA 3. Letl>gq,,; >m,, >0foralli=1,2,.... mand m=1,2,....
Suppose that Y ,,,; are independent random variables with Bernoulli(q,,;) dis-
tributions fori =1,...,m. If

n2,

then

PROOF. Note first that the sequence

P|:Zle Zmi| = l_[(Imi
i=1 i=1
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is nonincreasing and bounded by 0 from below; hence we can really speak
about the limit. The inequality log x > (x — 1)/x for 0 < x < 1 yields

m m m Qi — 1
log [T qmi =Y logq,; =y ~—
i=1 i=1 i—1 9mi

m

— Z_qmi(l_Qmi) > _ :ilqmi(l_Qmi)
i=1 T a M

The statement follows, since the last term is bounded away from —oco. O

PROOF OF THE SUFFICIENT CONDITION OF THEOREM 2. Let & > 0. We begin
by rewriting
. ]

oz) - ()
ol () 5o(3) e opd) ()
o) ) o)) -1
= P_E]Fn <F1(%> + s> - IE‘n(Fnl(%> + s) > a,(s) — %}
T P[F,L(Fj(%) _ 8) _ EF, (pl(%) _ a) - - bn(a)}
Fn(Fn1<%> + s> - EF(Fn1<%> + g)i > a,(e) - %]

|

ol (3) ) 3C) ) 3o
- Var(F,(F,'(3) + )  Var(F,(F,'(3) - ¢))
(an(e) — 3)? (3 — ba(e))?
ch(e) dy(e)

= + ,

n(a,(e) —3)?  n(z —by(e))?
the last inequality follows from two applications of Chebyshev’s inequality
(note that P[|X — EX| > 5] < Var X/n? remains valid for Var X = 0, if
1n > 0). Under (2.4), the last terms converge to 0, completing the proof. O

PROOF OF THE NECESSARY CONDITION OF THEOREM 2. The proofis for (2.5b),
(2.6b) and (2.7b); for (2.5a), (2.6a) and (2.7a) it is analogous and symmetric.
The hypothesis implies that, for some ¢ and some subsequence,

(3) = bu(e)

(4.2) Jn d—(s)

- 0(1).



WEAK CONSISTENCY OF THE SAMPLE MEDIAN 685

Note that this automatically entails that b,(¢) — 1/27. We start from the
elementary inequalities
P[[F,}(3) = Fi ' (3)] > & = P[F;(3) —F. ' (3) > ¢
(4.3) _ "
> PIEL(F,1(3) =) = 3 = P X Vi 4,
where Y ,; are independent random variables with Bernoulli( p,;) distribution,
with p,; = F,”-(F,’Ll(%) — ¢). Note that

n n

Z Pni = nbn(g) and Z pm(l - pni) = nd?z(s)

i=1 i=1
We shall suppose, without restricting generality, that p,; < p,o < -+ < Ppn-
If we succeed in finding a subsequence of probabilities appearing in the last
term of (4.3) such that its liminf is bounded away from zero, we succeed in
proving the inconsistency of the whole sequence—and hence in proving the
statement.

In the sequel, we pass sometimes to a subsequence; however, we keep the
same indexing, to avoid tedious notation. We also drop the argument of & for
b, and d,,.

Suppose first that there is a subsequence such that \/nd, — oo, satisfying
(2.5b). The random variables Z,; = Y ,; — p,; have zero expectation and satisfy
the Liapunov condition

Y EZ, B Y, 21— p,)+ (1= p,)°pu

(Zi Var Zni)3/2 - (Zz pnl(l - pni))3/2
_ Y Pui(1— po)(P2 + (1= p,i)?) - 2% Pri(1 = ppy)
(Zi pnt(l - pni))3/2 - (Zz pm(l - pni))3/2

~1/2
=2(Tp-p))  =2nd) 0.
In view of (4.2), we have, for n large,

P[iYm > 1n} =P[i Vi =P >¢;_1/2—bn}

i=1 2 i=1 \/Zi DPni(1— pp;) d,
> P —CR— V] d 0,
> [i_zlx/ZiVaI‘Zm- > i|—> /M d(x)dx >

by the Liapunov central limit theorem; ¢(x) = (27) /2 exp(—x2/2) is the
standard normal density function. Combining this with (4.3) implies that the
median is inconsistent in this case.

Now, for the case of (2.6b), the heuristic outline of the proof is as follows
(Figure 2 seems to be helpful). Condition (2.6b) ensures that, asymptotically,
the entropy of the partial sum function S,, of p,;’s is not too small in compar-
ison with the difference between n/2 and nb,. As a consequence, the possible
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S,, lying too close to the minimum entropy boundary (P in Figure 2) are ruled
out. That particularly means that S, starts to be nonzero before crossing the
boundary of n/2; in other words, there are more than n/2 nonzero p,;’s (other-
wise, there is no hope for inconsistency). [The sharpness of (2.6b) is illustrated
by the piecewise linear function which is zero until n/2 and then linearly as-
cends to (n, nb,): it has entropy approximately equal to nb,.] However, having
enough positive p,;’s does not mean automatically inconsistency (as shown in
Examples 4 and 5). The entropy condition helps again, since it admits only
those S,’s which ascend steeply enough, after being equal to zero. Thus, after
ruling out the low entropy cases, the majority of the remaining possible S,’s
is majorized by a partial sum function such that it is easily seen to yield in-
consistency (@ or @r in Figure 2). The inconsistency for S,’s then follows via
Gleser’s inequality. Due to its, already mentioned, “defect of 2,” not all of the
S, ’s could be treated this way: for these, Lemma 3 applies.

To start with details, suppose that there is a subsequence /nd,, — K > 0
satisfying (2.6b). Such a sequence contains only a finite number of d,, = 0, so
that we can pass to a subsequence containing no d,, = 0. We can pass further
to a subsequence such that

1y _
» WU

n

As a consequence, n(1/2 —b,)) > L = MK. Now, let

|nb,| —1, if %n — L is an integer and nb,, > %n —L,

[Lnb,]] =
|nb, |, otherwise.
Let A, = nb,, — ||nb,|]. Here, the following possibilities can occur: L and 2L
is not an integer, that is, the fractional part of n/2 — L is never zero; then
since n/2 — L — nb,, — 0, we have
(4.5) liminfA, > A > 0.

n—oo

Or, n/2 — L is integer for odd or even n (note that the possibilities are ex-
clusive), but there is (respectively for odd or even n) a subsequence of nb,
approaching n/2 — L from below; more precisely, n/2 — L — nb,, is decreas-
ing and nonzero. Then again (4.5) holds. All these possibilities are denoted
as case (a) (Figure 2a). Note that, in this case, we can pass to a subsequence
such that A, < 1 (n should be large, and odd or even n should be reduced to
a subsequence if necessary). Hence

(4.6) limsupA, < 1.

n—oo

In the remaining case, denoted as case (b) (Figure 2b), n/2 — L is integer for
odd or even n, and, respectively for odd or even n, we can pick only (recall
that, from every convergent sequence, a monotone subsequence can be picked)
a subsequence of nb,, approaching n/2 — L from above; that is, n/2 — L — nb,,
is increasing, possibly zero. Then we reduce, respectively, odd or even n to this
subsequence; for those n, we have A, > 1, hence (4.5) holds, and, since n/2 —
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T35
..g_L
©nb,

T LLnb, ]
P —e—e—
Q —o—o—
:. ................ ..An
0 An Bn Co Dn:Dn 9
En - Gn
E, " Fn

FiG. 2a. Case (i), since L = 0 and n =9 is odd, and case (a), since n/2 — L is not integer.

L — nb,, — 0, we have also (4.6). For remaining n (even or odd, respectively),
we have (4.5) and (4.6) due to the same reason as in case (a), since n/2 — L is
not integer. Summing up, we can pass to a subsequence such that A, > A > 0
for all n, and such that either (a) A, < 1 for all n or (b) A, — 1%, A, < 2 for
all n.

Let F, = n — [|nb,]], let E, = F, — 1. Let E, = E, in case (a) (see
Figure 2a); let E, = E, — 1 in case (b) (see Figure 2b). For n odd, let D, =
G, =[n/2], D, = |n/2]; for n even,let D, =n/2+1,D, =n/2—1,G, = n/2.
In all cases,let A, =D, -3, B, =D, —2, C,, = D, — 1. Note that, in any
case, we have

(4.7 4<E,—-A,+1=F,— A, <L+6,
due to (4.6) (see again Figure 2).

Returning to (4.3), we consider the partial sum function S,, of p,;’s. Since
all p,; > 0, we have S, (x) > 0 for all x; since all p,; < 1, the graph of S,
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T+ 4
P —e—o—
Q —o—o— b - nb,
..lZL_L
- bl
....... - An
........................... r
0 An Bn Cn Din Gy Dn En E. Fn 14

Fic. 2b. Cases (b) and (ii): L = 4, n = 14 and nb,, approaches n/2— L from above. All the symbols
are explained in the text, except for R, which is a model example for R, (or R from Lemma 2),
bounding partial sum functions passing below the point (G, T').

lies above (possibly touching) the line with slope 1, passing through (n, nb,,).
Consequently, S,, is majorized by the piecewise linear function P with turning
points (0, 0), (E,,0), (E, +1,nb, — |nb,|) and (n, nb,) (see Figure 2). Note
that £, + 1 < F,,.

Now, we have again two cases—for the whole current subsequence (n is
considered large enough): (i) G,, = F',, (this happens if L = 0 and n is odd, as
in Figure 2a); (ii) G,, # F, (as in Figure 2b). In case (i), let @ be the piecewise
linear function with turning points (0, 0), (E,,0), (F,,,4,) and (n, nb,)—the
partial sum function of the sequence of probabilities

0, fori=1,2,..., A,
—*—, fori=B,,B,+1,....,E,,

1, fori=F,+1,F, +2,...,n.



WEAK CONSISTENCY OF THE SAMPLE MEDIAN 689

Note that (4.6) and (4.7) ensure that A, /(F, — A,) < 1. If S, is majorized by
@ for infinitely many n, we have by Lemma 1, for all these n,

" 1 " 1
P|: Y, > En:| > P|: > Bernoulli(p,;) > gnt 3:|
i=1 i=1

" 1
> P|: > Bernoulli(g,;) > gn+ 3}

i=1

. An F,—-A, . A L+6 0
=\F, _A, -\z1e6) ~7

the last inequalities due to (4.5) and (4.6).
In case (ii), we shall show first that we can pass to a subsequence such that

(4.8) S,(G,)>T>0.

If (4.8) fails, then we have lim,_, S,(G,) = 0; then, givenany m =1,2, ...,
there is an N(m) > m such that Sy,,) < 1/m; that is, Sy, < R,,, where
R,, is the piecewise linear function with turning points (0, 0), (G,,, 1/m),
(N(m), N(m)by(y)- Since K* =1lim,,_, ,, nd2, Lemma 2 yields
. , N
K* = lim N(m)dy,, = lim 2; PN(m).i(1 = PN(m), i)

and

m~2 B (N(m)bym)y — m=2)?
GN(m) N(m) - GN(m)
since N(m)by(,,y — N(m)/2 — =L, by — 1/2, Gyny ~ N(m)/2 and due
to (4.6). We have obtained that K2 < MK, a contradiction to (4.4).

Hence, in case (ii) there is a I' > 0, independent of n, such that (4.8) holds.
Note that, due to (4.7) and (4.5), we can choose I'" such that

r
En - An
for all n. We have then A, — I" < 1 for large n, due to (4.6); we pass again to
a subsequence to have it for all n. This and (4.9) ensure that the piecewise
linear function @ with turning points (0, 0), (4,,0), (E,,I), (F,,A,) and
(n, nb,) is the partial sum function of the sequence of probabilities
0, fori=1,2,..., A,

r
qni = En - An ’
A, -T, fori=F,,
1, fori=F,+1,F, +2,...,n

H(R,,) = N(m)by(m) —

—- MK,

(4.9) A,—T>

fori=B,,B,+1,..., E,,
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(see Figure 2b). Again, if S, is for infinitely many n majorized by @, we have
by Lemma 1, for all these n,

P[ Y, > %n] > P|: > Bernoulli(p,;) > %n + 3i|

i=1 i=1

> P[ > Bernoulli(g,;) > %n + 3:|

i=1

r E,—A, r \L+6
A, - —
= (& )<En—An> Z(L+6> =0,

the last inequalities due to (4.5), (4.6) and (4.9). Note that in both cases (i)
and (ii), Gleser’s inequality was applicable since

in+3>in+3-L=>[nb,]+2.

Hence, we obtained inconsistency, if, for infinitely many n, S,, is majorized by
Q, in case (i), or by Qr, in case (ii).

Thus, it remains only to show what happens if S, is only for finitely many
n majorized by Qr (or @). Then, for infinitely many n, the graph of @y (or
Q) exceeds that of S,. We pass to the corresponding subsequence; case (ii) is
treated first. Note that in this case we have not only (4.7), but also

(4.10) 4<E, —A,.

We have S, (B,) < Qr(B,) or S,,(C,) < Qr(C,) or S,,(D,) < Qr(D,). Since
S, (G,) > T [recall (4.8)], either

1
(4.11) $,(G,) = 8,(B,) = T =Ty
and consequently
(412) Su(Ga) = 8u(Dy) = g1 (1- 52 ) = 4T,
3 E,—A,) "4
in view of (4.10); or
2
(4.13) S,(G,)—8,(C,)>T - rm
and similarly
1 2 1
(414) S(G) = 8, = (1= 52 ) = 4T
or directly
(4.15) $.(G,) ~ S,(D) =T ~T > > T,
E,—A, 4

for the same reason (see Figure 2b). Hence,

(4.16) il <Pug, <Pnc+1 = < Dun-
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In case (i), we proceed in an entirely similar way: as in (4.11)—(4.15), with
Q instead of @, F, instead of E,, A instead of I' and using (4.7) instead of
(4.10). In both cases we arrive to (4.16); then Lemma 3 concludes that

n n
limian[Z Y, > %n:| > lim P[ > Y,=n-G,+ 1} >0,
n— o0 i n— o0 i—G. -1
since
Z?:G,,fl pnl(l - pni) < Z?:l pm-(l - pni)
(3)r B (3)r
with A instead of I' in case (i). Thus, we have obtained inconsistency—and
finished the proof for (2.6b).

Finally, suppose that there is a subsequence of odd integers satisfying (2.7b).
If it contains an infinite number of n such that b, = 1/2, we have for all these
n that sample median equals F,’Ll(%) — e—for n odd, multiple median points
are not possible. This yields inconsistency. Thus, suppose there is only a finite
number of n such that b, = 0; pass to a subsequence such that all b, < 1/2.
Such a subsequence cannot have d,, = 0 for infinitely many n, since this would
result in a subsequence containing oo infinitely many times, contradicting
(2.7b). Hence, we can pass to a subsequence containing only nonzero d,,.

The rest of the proof proceeds along the same lines as that for (2.6b). Note
that in this case we have K = M = L = 0, hence D, = F,: thus, case (b)
cannot occur, since 7 is odd. Since G,, = D, for n odd, we have only case (i).
Then either S,, is not exceeded by @ infinitely many times (then Lemma 1
applies) or it is infinitely many times exceeded by @ at A, or B,, but not
exceeded at G,, the case covered by Lemma 3. O

= 0(1),
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