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Abstract

A stochastic ordering approach is applied with Stein’s method for approximation by the
equilibrium distribution of a birth—death process. The usual stochastic order and the more
general s-convex orders are discussed. Attention is focused on Poisson and translated
Poisson approximations of a sum of dependent Bernoulli random variables, for example,
k-runs in independent and identically distributed Bernoulli trials. Other applications
include approximation by polynomial birth—death distributions.
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1. Introduction

Stein’s method has proved to be an effective tool in probability approximation, and has the
advantage of being applicable in the presence of dependence. See, for example, Stein (1986),
Barbour and Chen (2005), and Chen ez al. (2011) for more recent developments. Itis well known
that error bounds obtained via Stein’s method may be simplified under some assumptions on
the dependence present. For example, in the presence of a negative or positive relation, Stein’s
method gives simple error bounds in the Poisson approximation of a sum of indicator random
variables. This is exploited throughout the work of Barbour et al. (1992), and will be returned
to in our Section 4.

In this work we consider the more general situation of approximation by the equilibrium
distribution of a birth—death process, and examine the situations in which Stein’s method leads
to simple, easily calculable error bounds. These error bounds will typically be differences of
moments of our random variables. As we will see, the assumptions under which we can obtain
such error bounds are naturally phrased in terms of stochastic orderings.

Consider a birth—death process on (some subset of) Z* = {0, 1, ...} with birth rates o |
and death rates 8; for j > 0. Suppose that By = 0. Let & be the stationary distribution of
such a process, with w; = P(m = j), j > 0. In this work we combine Stein’s method with a
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stochastic ordering construction to consider the approximation by 7 of some random variable
W on Z7.

Our random variable 7 satisfies the identity E[Ag(sr)] = 0 for any bounded function
g: Z" — R, where A is the linear operator defined by

Ag(j) =a;jg(G+ 1 = Bjg()), Jj=0; (D

A is a characterising operator for m, in the sense that a random variable Z 2 7 if and only
if E[Ag(Z)] = 0 for all bounded g. The construction of such a characterising operator is
the basis of Stein’s method for probability approximation. See the books by Stein (1986),
Barbour et al. (1992), Barbour and Chen (2005), Chen et al. (2011), and the references therein.
For Stein’s method applied to birth—death processes, see Brown and Xia (2001), Holmes (2004),
and Eichelsbacher and Reinert (2008).

Given some bounded test function #, the so-called Stein equation is defined by

h(j) — Elh(m)] = Af()), j=0. @

Its solution is denoted by f = f, = Sh. We call S the Stein operator. Bounds on § are an
essential ingredient of Stein’s method.

Note that the solution f of the Stein equation depends on the chosen test function #. However,
for notational convenience, in much of the work that follows we will write f rather than f, or
Sh. We will often choose h(j) = 1{jep) for some B C 7, in which case the solution f will
depend on the chosen set B.

Some bounds on the solution of the Stein equation in this general framework are given
in the work of Brown and Xia (2001) and Eichelsbacher and Reinert (2008). For example,
Theorem 2.10 of Brown and Xia (2001) gives the following result.

Proposition 1. (Brownand Xia(2001).) If o = Oand oy —op—1 < Br—PBr—1fork =1,2, ...,
then, forall h: Z+ [0, 1],

i+ D = fi)] = mm{i, i}.
o fi
Section 2 of Eichelsbacher and Reinert (2008) also gives several bounds on | f;(i)| and
| fn@ + 1) — fn(i)|, some of which rely on conditions on the birth and death rates analogous to
those in Proposition 1.
There are several common distributions 7w covered by this framework. For many of these
examples, the bounds mentioned above may be applied.

e Ifa;j = A and B; = j, then m ~ Po(A), the Poisson distribution with mean A. See
Barbour et al. (1992) and the references therein.

o Ifaj =¢q(r+j)and B; = j,thenm ~ NB(r, 1 —¢g) has anegative binomial distribution.
See Brown and Phillips (1999).

o Ifaj=(n— j)pand B; = (1 — p)j, then ~ Bin(n, p). See Ehm (1991).

e In the geometric case we may, of course, use the negative binomial operator above.
Alternatively, we may choose oj = g and §; = 1{;>1), so that m ~ Geom(l — g). See
Pekoz (1996).
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The present work is organised as follows. In Section 2 we derive abstract error bounds
using Stein’s method combined with some stochastic ordering assumptions in the setting of
approximation by the equilibrium distribution of a birth—death process. In Section 3, a simple
sufficient condition under which these stochastic ordering assumptions hold is considered,
and some applications are given. In Section 4 we discuss Poisson approximations for a sum
of dependent indicators. We will see how concepts of negative and positive relation relate
to our stochastic ordering assumptions, and present generalisations of error bounds derived
in Barbour ef al. (1992). Based on this work, in Section 5 we consider translated Poisson
approximations. Applications here will include the approximation of the number of k-runs in
independent and identically distributed (i.i.d.) Bernoulli trials. Finally, in Section 6 we give
another abstract approximation theorem and consider its application to a sum of independent
indicator random variables.

2. An abstract approximation theorem

Consider Stein’s method for approximating the equilibrium distribution of a birth—death
process. Our aim in this section is to derive abstract error bounds under some stochastic
ordering assumptions.

2.1. A first-order bound

Suppose that W is a random variable supported on (some subset of) Z* with j; = P(W =
J), j = 0. Set u—; = 0. We are interested in the approximation of such a variable W
by 7, specifically by estimating the difference |Eh(W) — Eh(r)|, i.e. |E[Af(W)]|. To this
end, a simple representation of this difference will be applied with some stochastic ordering
assumptions to yield bounds using Stein’s method. We may then bound, for example, the total
variation distance between L£(W) and £ (), defined by

drv(L(W), L(7)) = sup |[P(W e B) —P(w € B)|.
BCZ*
Although we are primarily interested in the approximation in the total variation distance, the
results we derive may also be used with other probability metrics.
Let A be the forward difference operator. Since, with operator (1), the choice of f(0) is
arbitrary, we follow Brown and Xia (2001) and choose f(0) = 0. Writing f(j) = Af(0) +
.-+ + Af(j — 1), we thus obtain the representation

o o0
ER(W) —Eh(r) =) Af() Y (aj-1pmj1 = Bjp). (3)
k=0 j=k+1
In the next subsection, we will extend (3) to include the /th forward differences of f(-) for all
I >1.
We now consider how this representation may be applied in conjunction with the usual
stochastic ordering, denoted by ‘> . Define two random variables W, and Wg by

oj 1)1 ﬂij7 P> @)
Eawy E Bw -

If Wy =g Wg and Eay > E Bw, we have Z?’;l o hj—1 > Z?’;l Bjuj foralli > 1. In
this case, (3) may be bounded to obtain

P(We = j) = and P(Wg=j)=

[ER(W) —Eh(m)| < [[Aflloc Elaw (W + 1) — BwW1].
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A similar argument holds if we instead assume that Wg >y W, and E By > Eaw. We thus
obtain the following result.

Proposition 2. Assume that one of the following two conditions holds:
(i) Wy =5t Wgwith Eaw > EBw or (ii) Wg =g Wy with E By > Eayw. (5)
Then, for bounded h: 7" — R,
[ER(W) —Eh(m)| < [|ASh|loo|E[aw (W + 1) — fwW]I. (6)

2.2. An s-order bound

We will now establish our main abstract result. For that, we will have recourse to the
concept of discrete s-convex stochastic ordering, denoted by ‘>;_.«’, for any integer s > 1.
See, for example, Lefévre and Utev (1996) for this notion. Briefly, given any two nonnegative
integer-valued random variables X and Y, we say that ¥ >;_.x X when

E[f(X)] <E[f(Y)] forall s-convex functions f,

that is, for all functions f satisfying A% f(j) > 0, j > 0. Note that this ordering implies that
E[X'] <E[Y'lforl=1,...,5s — L

This is a generalisation of the usual stochastic ordering (corresponding to s = 1). As we
will see, this is a natural generalisation to apply when considering representations analogous
to (3) with higher powers of A. Functions of W, and Wg appearing in such representations
that we employ can be seen to be s-convex for some s.

We begin by introducing a Bernoulli random variable v, with

Pv,=1)=p=1-P(v, =0),

independently of all other entries. We write « = Eaw and 8 = E By, and, in an analogous
way to (4), we define the random variables W, and Wg by

P(W, € B) =o' Elaw Liwtiep)] and P(Wg € B) = 7' E[Bw Liwen)]  (7)

for any Borel set B. For notational convenience, we choose to write C,’j = (Z), and define
Ck =0 fork > n.

We now give the key proposition and an immediate corollary, followed by the proof of the
proposition.

Proposition 3. Assume that there exists a random variable Y on Z" such that Wg —Y > 0
almost surely (a.s.) and that
Wy =s—cx vp(Wp —Y). (3

Then, for bounded h: 7" — R,

s—1

[ER(W) —Eh(n)| < Z |A"Sh(0)||E[aw Cyy 1 — E[Bw Ciy ]
t=0

+ I1A° Shlleo (@ E[Cyy, 1= 2ap E[Cyy, _y] + (ap + lap — B) E[Cyy, D).
9
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Corollary 1. Assume that « = 8 and that one of the following two conditions holds:
() Wy Z5—cx Wp or (i) Wg =g—cx W (10)
Then, for bounded h: 7" +— R,
[EA(W) —Eh(m)| < |A°Shllcc|Elaw Cyy 11— E[Bw Cyy1l. (1)

Corollary 1 follows from Proposition 3 by considering the special case of (8) when p = 1
and Y = 0 a.s. When o = $ and condition (10) holds, we have

Elaw (W + D)'1=E[BwW'], t=0,...,s—1,

so that inequality (9) reduces to (11).
We note that Proposition 2 does not follow as a special case of Corollary 1, since this latter
result requires the condition that « = 8, which is not needed in Proposition 2.

Proof of Proposition 3. In the first step we derive a representation of E[Af(W)] that gen-
eralises representation (3). Observe that (1) and (7) give

E[Af(W)] = Elaw f(W + D] = E[w f(W)] = « E[f (Wa)] — BE[f (Wp)].

Expanding the function f by the discrete Taylor formula, we obtain, forany s = 1,2, ...,

o0 s—1 o0
FO)=FO + D Af) Loy =Y A FOICL+ Y A FRICT, . (12)
k=0 t=0 k=0

To see this, note that the s = 1 case is clear. Then proceed by induction, using (12) with s = 1
applied to the function A*~! f to write

AT R = AT RO + ) AT F(DCE

j=0
See also Lefévre and Utev (1996, Section 2.2).
Now, using (12), we find that
s—1 o0
E[Af(W)] = Y A’ f(O)E[AC) 1+ > A® f(K) E[ACY ]
=0 k=0

s—1

=) A'f(O)(@E[CY, 1 - BEIC), D

t=0

+) A fU@BICY, 1 - BEICY, . (13)
k=0

Our next step is to derive an abstract metrics-ordering relationship result, which is stated
below as a separate lemma. Using bound (15) in representation (13) then leads to the announced
bound (11).

https://doi.org/10.1239/aap/1339878715 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1339878715

348 F. DALY ET AL.

Lemma 1. Let X, Y, and Z be random variables on 75 such that
Z—-Y >0 as. and X >=;_xvp(Z—-Y). (14)

Then, forall a, b € RT,
o0
Y laBICY Y 1-bEICS-,_ 1| < aBICY]—2apEICY_y 1+ (ap+lap—b) EICY]. (15)
k=0

Proof. Letting
wd () = we(x) = €71,

we obtain

Y laEICY 1 —bEICS 1l = laBlwr(X)] — bE[wi(2)]]
k=0 k=0

<a ) [E[wp(X)] - Elwg(v,(Z — V)|
k=0

+a ) |Blwi(vyZ)] = Elwi (vp(Z — V)|
k=0

+ Z la E[wk (vp Z)] — bE[wi(2)]]
k=0

=8+ 5+ 8. (16)

Let us examine the three sums in (16). First, we easily check that

> E[wi(2)] = E[C}]. (17)

k=0

Using (17), we successively find that

83 = lap — b ) E[wk(2)] = lap — b| E[CY];
k=0

sinceZ—Y>0and Z > Z -7,

Sy =ap Z(E[wk(Z)] — E[wi(Z = V)]) = ap(E[C] — E[C_y D)
k=0

finally, by assumption (14) and a standard property of the order ‘>,_.x’,

Si=a Z[E wi(X) — pEwe(Z — Y)] = a(E[Cx] — pE[C;_y)).
k=0

Inserting these three terms in (16) yields bound (15).
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Remark 1. Fors = p=1anda = b = 1, Lemma 1 states that if X >y Z — Y > 0 then an
upper bound for the Wasserstein distance between £(X) and L(Z) is

dw (LX), £(Z) =Y |P(X > k) —P(Z > k)| <2EY +EX —EZ. (18)
k=0

This bound is of interest in the stochastic ordering context investigated in Kamae et al. (1977),
with random variables on Z* here. Note that, by choosing the optimal coupling X, Z, and
Y = (Z — X)4, (18) gives the exact bound since

dw(L(X), L£L(Z)) <2E(Z—-X)4 +EX —EZ =E|Z — X| = dw(L(X), L(2)).

It is worth noting that an analogous argument allows us to show that the same bound (18) holds
under the single condition X + Y > Z. A priori, this result seems to be preferable, since the
extra condition Z — Y > 0 is not required. One can see, however, that X >y Z — Y does not
imply that X + Y > Z in general. As an example, choose X = U,Y = U, and Z = n a.s.,
where n is any fixed positive integer and U is discrete uniform on the set {0, 1, ..., n}. Then,
X=U=2n-U=Z-Ysothat X >4 Z —Y,but X +Y ¥y Z =n.

3. A simple sufficient condition and examples

In practice, it may be difficult to check directly such conditions as stochastic ordering between
Wy and Wg, as required in (5) and (10). It is thus useful to have available a simple sufficient
condition which we may then apply.

Throughout this subsection, we assume that « = 8 and W, and Wg have equal moments of
ordert = 1,...,s — 1. That is, we assume that

(A) Elaw(W + 1)1 =E[BwW'],t=0,...,s — L.

A well-known Karlin—Novikoff sufficient condition to guarantee the s-convex ordering in (10)
under (A) is that our sequence {oj_juj—1 — B} has at most s changes of sign. See, for
example, Denuit and Lefevre (1997, p. 206).

Note that, with this Karlin—-Novikoff cut criterion, if the sequence {aj -1 — Bju;} is
nonnegative after the final sign change then W, >;_x Wg. Conversely, if this sequence is
nonpositive after its final sign change, the ordering is reversed.

Proposition 4. Suppose that condition (A)is satisfied and that the sequence {oj 14 j—1—Bj 14}
has at most s changes of sign. Then (11) holds.

As a consequence of Proposition 4, we obtain the following corollary, which extends
Proposition A.1 of Barbour and Pugliese (2000) to birth—death processes.

Corollary 2. Suppose that Eaw = E Bw. If the sequence {oj_1jtj—1 — Bju}} is monotone
then Wy, and Wg are stochastically ordered, so inequality (6) may be applied.

We illustrate these results with the following examples.

Example 1. Our first example is motivated by Phillips and Weinberg (2000). Let W have a
Bose-Einstein occupancy distribution. That is, given m,d > 1,

1
) , 0<j<m.

d —j—=2\/d -1\
Mj=P(W=j)=< e )( e

m—j m
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We wish to approximate W by = ~ Geom(p), a geometric distribution on Z* = {0, 1, ...},
where p = (d — 1)/(d + m — 1). Let ¢ = 1 — p. To obtain our geometric law, we choose
aj=gqand B; = 1{j>0}, Jj > 0, as the birth and death rates.

We can easily check that in this case Eaw = E Bw and the sequence {gu;j_1 — u;} is
nondecreasing, so Wy >y Wg. Using Corollary 2, bound (6) then becomes

|[ER(W) —Eh(7)| < pllASh|lo|EW — E x| 19)

for bounded i : ZT — R. Moreover, it is known (see Pekoz (1996, Section 2)) that the Stein
operator S admits here the representation

Sh(j) == _[h(i) —Eh(m)lg'/.

i=j
From this, we find that ASh(k) = —Z;’ik Ah(i)qi_k, which leads to the bound

IAShlloo < p~ 1 ARlso.

Inserting this bound into (19) yields the following result.
Corollary 3. With W and 7 as above and h: 7" + R bounded,

ERW) =~ BRGO| = 18w 5o

In particular, dyy (L(W), L()) <m/(d{d — 1}).

Examples 2 and 3 centre around approximations by so-called polynomial birth—death
distributions, defined in Brown and Xia (2001) as the equilibrium distribution of a birth—death
process with birth and death rates «; and 8; which are polynomial in j. With such choices, we
will write 7 ~ PBD(«;, ;).

Example 2. Suppose that W satisfies p; = (a + bj’l)uj_l for some a, b € R. That is, W
belongs to the Katz (or Panjer) family of distributions (see Johnson et al. (1992, Section 2.3.1)).
It is well known that in this case W must have either a binomial, Poisson, or negative binomial
distribution.

We fix some [ > 1 and consider the approximation of W by the polynomial birth—death
distribution w ~ PBD(«t, j Q;_;(j)). Here we have chosen a constant birth rate « and a death
rate B; = jQ;_1(j), where Q;_1(j) is a monic polynomial in j of degree [ — 1. This gives
us [ parameters needed to specify the distribution of 7. We choose these parameters in such a
way that E[aw (W + 1)'] = E[BwW!] fort = 0, ..., — 1 is satisfied. We assume that we
can do so in such a way that all the coefficients of Q;_(j) are nonnegative. This is a stronger
condition than we need for the results below to be applicable, but serves to illustrate the type
of bounds we may obtain. In particular, this assumption guarantees that the death rate §; is
nonnegative and nondecreasing.

With our choice of birth and death rates we have

amj—1 =Bk =opj—1 — jO_ (Na+bi i1 = pj—ilae —aj Q1 (j) —bQ;_1 ()]

Noting that o — aj Q;_;(j) — bQ;_1(j) is a polynomial of degree / in j, and, therefore, has at
most / real roots, the sequence {oj_1tj—1 — B} has at most / changes of sign, so that either
Wo =i1—cx Wgor Wg =j_cx Wy.
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With the assumption that 8; is nondecreasing in j, Theorem 2.10 of Brown and Xia (2001)
gives
sup{l| AShlloo: h(j) = 1ijen), B S Z*) <a™".

Hence, with 2 (j) = 1(jep) for some B C Z™,
1A Sh)loo < 27 | ASA 0o < 2/ 0™

From Corollary 1 we thus obtain Corollary 4.

Corollary 4. With W and 1 as above, if the coefficients of Q;—1(j) are nonnegative,

L) vom ()] e

For example, consider the case where W ~ Bin(n, p) and w ~ PBD(e, yj + j(j — 1)), so
that/ = 2. Choosing our constants « and y according to the prescription above, straightforward
calculations give

drv(LW), L)) < 27!

a=nmn—Dp(l—p) and y =m—1)(1—2p).

Furthermore,
E[W(W + D]l =np(np +2 — p),

E[W(W — D] =n(n — D)p*(np + 2 — 2p),
and E[W2(W — 1)*] = n(n — 1) p*>(n*p* + 4np — 5np* — 8p + 6p> + 2).

Evaluating bound (20) then gives the following result.
Corollary 5. Assume that W ~ Bin(n, p) and ® ~ PBD(«, yj + j(j — 1)). Then, ify > 1,

drv(LW), L()) < 2p*. (21)

We first note that the condition y > 1 is stronger than we need for the death rate §; =
yj 4+ j(j — 1) to be nonnegative and nondecreasing, and that bound (21) also applies under
this weaker condition.

We further note that (20) does not necessarily give a bound of the optimal order. In the case
covered by (21), Theorem 3.1 of Brown and Xia (2001) gives a bound on the total variation
distance of order O(p?/+/2), where A = E[W] = np. This disparity is due to our rather
crude use of the supremum norm in obtaining bounds such as (20). In Sections 5 and 6 we
will consider more refined ways to bound the terms of our Stein equation in some particular
cases when we have two parameters to choose in our approximating distribution . Despite
this disadvantage, we nevertheless note that (20) gives an explicit bound which may be applied
in many contexts.

Example 3. Our final example of this section focuses on mixture distributions of the polynomial
birth—death type. Suppose that 7 ~ PBD(«, 8;) and W ~ PBD(£, 8;) for some constant birth
rate o, polynomial death rate 8, and random variable § on R*. In this case we have

_ Elpo©)§’]

= n£—1 b J=0. (22)
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We choose « such that « = E By, that is,
o0 o0
a=E) Bjuj=E) &uj1=EE
j=0 j=0

Using (22), we obtain

o _p[me@alt e e
= Bt = [m{(a) () ]

=E|:05M0(5) (1 B i)n,-(i)j].
120 (ct) a a

From this, we can see that the sequence {apt; — ;144 +1} is monotone. Hence, Corollary 2
gives us the following result.

Corollary 6. With W and 7 as above and h: 7 +> R bounded,
|[ER(W) —Eh(m)| < [|ASh|loo|E[(W + 1) — Bw W1I. (23)

For example, if 8; = j then W ~ Po(§) and we take = ~ Po(1), where A = E&. Using
the well-known bound on the Stein operator S in this case, namely,

[ASAloo < 2711 = ™) [12]loc, (24)
evaluating (23) gives, after some straightforward calculations,
dry(LW),Po(1)) <2711 —e M) var(4),

a bound that has also been obtained in Barbour ef al. (1992, Theorem 1.C).

4. Poisson approximation for a sum of indicators

Throughout this section, the random variable W of interest is a sum of indicators, i.e.
W=X;+- -+ X,,
where the X; are Bernoulli variables, possibly dependent, with
pi=PX;=1)=1-P(X; =0), 1 <i<n.

Using Propositions 2 and 3, we are going to investigate the approximation of the sum W by a
Poisson random variable & ~ Po(}).
Recall that our Poisson variable is derived from (1) wheno; = A and §; = j, so that, by (7),

E[W Liwep)]
EwW
for any Borel set B. Note that Wg has the W-size-biased distribution. See, for example,
Goldstein and Rinott (1996). This is crucial in the work that follows.
In the analysis, an important role will be played by the variables

We=W+1 and P(Wge€ B) = (25)

W, =W -X;, 1<i<n.
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4.1. Total dependence

First, we consider the case where the indicators X; are totally negatively dependent (TND)
in the sense of Papadatos and Papathanasiou (2002). Let us recall that » random variables
X;, 1 <i <n,are TND if

cov[g1(Xi), g2(Wi)] < 0, l<i<n, (26)

for all nondecreasing functions g and g, such that the covariance exists.

Papadatos and Papathanasiou (2002, Theorem 3.1) showed that the class of TND indicators
includes the standard class of negatively related indicators. Stein’s method for the Poisson
approximation of a sum of negatively related indicators is discussed in, for example, Barbour et
al. (1992) and Erhardsson (2005). Recall that indicator random variables X1, ..., X, are said
to be negatively related if

E[g(le'aXl—laXl-‘rl’-'aXn) | Xl = 1]
<Elg(Xi, ..., Xi—1, Xig1, ..., Xp)], l<i=<n, (27

for all nondecreasing functions g: {0, 1}"~! - {0, 1}.
We wish to bound the total variation distance between L£L(W) and Po(A). For that, we will
apply Proposition 2. By (25), we have, for any function g: Z* > R,

E[Wg(W)]

Eg(Wy) =Eg(W +1 d Eg(Wg) =
g(Wy) gW+1) an g(Wp) EW

Thus, to show that W, > Wpg, we must prove thatif g is nondecreasing thenE W E g(W +1) >
E[Wg(W)]. In fact, this was established by Papadatos and Papathanasiou (2002, Lemma 3.1).

Using bound (24) on the Stein operator in the Poisson case, (5) and (6) yield the following
result.

Theorem 1. If the indicators {X;: 1 < i < n} are TND then Wy >y Wg. If, in addition,

EW > A then
—A

dry (LW, Po(2)) < - ([ + 1IEW — E[W?)).

Further results on, and examples of, TND indicator random variables can be found in
Papadatos and Papathanasiou (2002).

Let us now consider the case where the indicators X; are positively dependent in a certain
sense. We adapt definition (26) and say that n random variables X ..., X,, are totally positively
dependent (TPD) if

cov[gi(X;), g&2(Wj)] = 0, l<ic<n,

for all nondecreasing functions g; and g» such that the covariance exists.

Association or a positive relation is sufficient for TPD. This can be established analogously
to the proof of Theorem 3.1 of Papadatos and Papathanasiou (2002). Recall that our indicator
random variables are said to be positively related if (27) holds with the inequality reversed for
all nondecreasing functions g: {0, 1}"~! > {0, 1}. This standard property is used with Stein’s
method in, for example, Barbour et al. (1992) and Erhardsson (2005).

In the sequel, it is assumed that E W = A. To obtain a bound for the total variation distance,
we will apply Proposition 3, using the lemma stated below. To begin with, we introduce a
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random variable Xy, a mixing of our # indicators, in which the index V is a random variable
of law
: EX; .
P(V:z):T, 1<i<n. (28)
Lemma 2. If EW = A and the indicators {X;: 1 <i < n} are TPD, then
Wp =g Wo — Xv, (29)

where Wy, — Xy > 0 a.s.

Proof. As seen in (25), Wy, = W + 1 and, thus, W, — Xy > 0 a.s. Moreover, Wy has the
so-called W-size-biased distribution; see, for example, Goldstein and Rinott (1996). With W
being a sum of indicators, it is then known that Wg admits the representation

W5=Z)A(i+1, (30)
£V

where V is a random variable of law (28), and, if V = v,
XiZ2Xi | Xo=1), i#v.

Thus, by (30), ordering (29) is equivalent to Zi;ev )A(,- >¢ W — Xy. To establish this, it is
enough to prove that

ZXiZStW_XUa 1 <v<n;

i#v
see Shaked and Shanthikumar (2007, Theorem 1.A.3(d)). Now, by (30) and the TPD assump-
tion, we obtain, for any real a > 0,

p(zxpa):p(zxiw

i#v i#v

XU:I) zP(ZXi >a> =P(W — X, > a),

i#v
which is the desired result.

Thanks to Lemma 2, we may apply Proposition 3 with s = p = 1. Noting that, by (28),

n n
. 1
EXy =) piP(V=0=>3 .
i=1 i=1

we then obtain the following result.
Theorem 2. If EW = X\ and the indicators {X;: 1 <i < n} are TPD, then

— ef)‘

1
drv(£L(W), Po(1)) = .

{E[Wz] +23 pF-a+ 1)}.

i=1

This bound is obtained (and applied) in Barbour et al. (1992, Corollary 2.C.4) under the
condition of positive relation. See also Erhardsson (2005).
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4.2. Approximate local dependence

Approximate local dependence is becoming a rather popular topic in probability. For works
related to this idea, see, for example, Chen (1975), Barbour et al. (1992), and Chatterjee et al.
(2005). We now derive an abstract Poisson approximation theorem by combining stochastic
ordering with such an approach.

We say that the n indicators X1, ..., X, are approximately locally negatively dependent
(ALND) if there exist n nonnegative reals 41, ..., §, (of sum § > 0) and n random variables
Yy,..., Y, on Z* such that

E[Xig(Wi —Yi)] < 6; E[g(W; — Y], l<iz<n, 3D

for all nonnegative, nondecreasing functions g. Similarly, X1, ..., X, are said to be approxi-
mately locally positively dependent (ALPD) if

E[X;g(W; — Y;)] = & E[g(W; — Y))I, 1<i<n, (32)
for all nonnegative, nondecreasing functions g.
Define
n n
e= ) E[X;¥] and & =+ ) §E[X;+Y].
i=1 i=1
and let

A+ DA —e* 2
q:Li%ril+m,mhm=me
€

Theorem 3. If EW = X and the indicators {X;: 1 <i < n} are ALND, then

1 — —A
drv(L(W),Po(R)) <

(Ivar(W) — A| + 2¢) + c218 — A, (33)

while if the indicators {X;: 1 <i < n} are ALPD then

1—e*

drv(£L(W), Po(d)) =

(Jvar(W) — A| + 2¢&4) + |6 — A|.

Before proving Theorem 3, we give an example of its application.

Example 4. We examine a variation of the classical birthday problem; see also Barbour et al.
(1992). Suppose that we independently colour N > 2 points with one of m colours, each colour
being chosen equiprobably. Let I" be the set of all subsets i < {1, ..., N} of size 2. Fori € I,
let Z; be the indicator that the points indexed by i have the same colour. Moreover, suppose
that we uniformly choose r of the |[T'| = (g’ ) pairs of points, independently of the colourings
chosen. Fori € I', we let & = 0 if the pair of points indexed by i is chosen, and set & = 1
otherwise.

Set W =) ,.r Z;&. This counts the number of pairs of points with the same colour,
excluding those r pairs of points we have chosen. In the case where r = 0, this corresponds
to the classical birthday problem. A bound in the Poisson approximation of W in this case is
given in Arratia et al. (1989, Example 2).

We observe that, for alli, j € I', E[Z;] = m~! and E[Z; Zjl= m~2. Furthermore,

()~ () =r(B)=r-
) o Cg)

E[] = and E[§§;] = i # .
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Straightforward calculations then give

() -~ () -r

m2

A =E[W] = and A —var(W) =

Now, we write W; = W — Z;&; and choose

Y, = széj linjz2) and & =E[Z;§].
J#
Condition (31) holds true with these choices. Indeed, W; — Y; is independent of Z; and the &;
are negatively related by construction. Thus, for all nondecreasing functions g, we have

E[Z;&g(W; — Y))] = E[Z;&]1E[g(W; — Y;) | & = 1] < E[Z;&]1E[g(W; — Y)],

as required. We further see that

e =) ElZi&Yi]
iel’
= Z ZE[ZiZj]E[éiéj] Linj£o)
iel j#i
_ 2N - DIB) —rHB) —r =1}
m*{(5) - 1) '

Evaluating (33) then gives the bound in Corollary 7 below.
Corollary 7. With W as above,

_a—A Ny
dry (£OW), Po(1)) < -5 {1 A - 1)<(2)N—rl>}
m (5) -1

In the r = 0 case, a bound of the same order was established in Arratia et al. (1989,
Example 2).

4.3. Proof of Theorem 3

The ALND case. The method of proof combines the ideas given in Barbour ef al. (1992),
Goldstein and Rinott (1996), Papadatos and Papathanasiou (2002), and Reinert (2005).
We suppose first that f is any nonnegative, nondecreasing function. We thus have

E[Wf(W)] =) E[X; f(W)]

i=1

=Y EIX; f(W; + 1]

i=1

= SCBIXG FOW — Vi + D1+ S EXF Wi+ 1) — f(W; — Yi + DY,

i=1 i=1

which we denote by 77 + T>. We bound the sum 7> by noting that
Lf ) = fODI = 1A loclx = ¥l
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which yields
n
Ty < |Aflloo Y _B(Xi¥i) = | Af [loct.
i=1
For the sum 77, by (31) and since f is nondecreasing, we obtain

T <Y SELf(W; = Yi + D] < Y SELF(W+ D] =8ELf(W + D).

i=1 i=l1
Using these two bounds, we find that
E[Af(W)] = AE[f(W + D] — E[Wf(W)]

> =@ =MELf(W+ D] = |Af lloce. (34)
To obtain an upper bound, we define a function f on{0,1,...,n— 1} by
FEO =1 Flloo + I1AF lloox — £(x). (35)

Note that f is, as f, a nonnegative, nondecreasing function. By assumption, E W = A so that
E[A1] = 0; observe also that EfAW] = AE[W + 1] — E[W?] = —[var(W) — A]. Thus,

E[Af(W)] = lIglleo BIA1] + | Af [loo ELAW] — E[Af (W)]
= —[|Aflloo[var(W) — 1] — E[Af(W)].
On the other hand, (34) is applicable to the function f , so that
E[Af(W)] = —(8 = W ELF (W + D] — [|A f oot
From these two formulae, we deduce that
E[Af(W)] < A flloot + (8 = M ELF(W + DI+ [ Af lloo|var(W) — A (36)

Now, let f be an arbitrary function. We start with the standard decomposition f = f, — f_,
where f4 and f_ are nonnegative, nondecreasing functions with, of course,

IA filloo < 1A flloo and A flloo < 1A flloe. =0, 1. 37)
By (34) and (36), we obtain the upper bound
E[Af(W)] = E[Af (W)] — E[Af_(W)]
< A fillooe 4+ (8 = M ELFL(W + DI+ |Afxlloolvar(W) — |
+ (8 = MELf~(W + D]+ | Af-lloot
= [Aftlloolvar(W) — Al + (1A filloo + 1 Af=lloo)e
+ & = M felloo + 1AS oo+ 1) = ELF (W + DI},

where we have used (35) and the fact that E W = A for the last equality. By a similar method,
we obtain the lower bound

E[Af(W)] = —(8 — M) E[f+(W + D] — [ Aftlloct
— 1A= lloos — (8 — A ELf—(W + D] — | Af—lso|var(W) — A|

= —IASllcol var(W) — &l = (1At lloo + 1A F- lloo)e
— @ =M f~lloo + 1Af~Nloo(® + 1) + ELf(W + D]}
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By (37) and since || A f loo < IIAf|lco, combining the two previous bounds then yields
[E[Af W)l < IAf lloo(Ivar(W) — A| +2¢) + |8 — A2 flloo + 1Af oo X + D] (38)
With f = Sh, it now suffices to apply the standard bounds in (38), i.e.
IAShlco < 27' A —eMhlloc and  [[Shllco < dillft]lco,

which gives (33).
The ALPD case. This case is treated analogously to the ALND case. For f nonnegative and
nondecreasing, we first write

E[Wf(W)] = ZE[Xif(Wi —Yi+ D]+ ZE[Xi{f(Wi + 1D - f(Wi =Y+ D}

i=1 i=l1
n
> Y EIXi f(W; = Yi + D] = | Af lloce-
i=1
By (32), we then obtain

E[Wf(W)] = Z(Si E[f(Wi = Yi + D] = [IAf lloce
i=1

=d0E[f(W+ D] - ZSiE[f(W-i- D= fWi=Yi+ D] = [IAf llct

i=1

> SELf(W + D] = [Af oo D 8 B(Xi + Y1) — | Af ot
i=1

=8E[f(W+ D] — [Af oo
Overall, we find that
E[Af(W)] =AE[f(W + D] - E[Wf(W)] = —(8 = M E[f(W + DI + [|Af lloc&x-
The rest of the proof follows as in the ALND case.

5. Translated Poisson approximation
We assume, as in Section 4, that W = X; + --- + X, is a sum of (possibly dependent)
indicator random variables, with p; = P(X; = 1). Define

n
M=) pf.  A=ra=E[W] and o =var(W).
i=1

We are going to discuss the approximation of W by a translated Poisson distribution.

5.1. Main results

A random variable Z has a translated Poisson distribution TP(, '2) if Z is distributed as
7' + p, where Z' ~ Po(c2 + y) with

p:k—oz—y and y:(k—az)e[o,l),

where (x) = x — | x| denotes the fractional part of x.
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We note that E[Z] = A and 6% < var(Z) = o2 + y < o2 + 1, so that our approximating
translated Poisson distribution has a mean equal to, and variance close to, that of W. We would
thus expect a closer approximation than could be obtained by simply using the one-parameter
Poisson distribution. The variances of W and Z cannot necessarily be made to match exactly,
as we must shift our Poisson distribution by an integer. However, the error term arising from
this mismatch does not adversely affect the order of the bounds we obtain, as we will see below.

The following results give us bounds in the translated Poisson approximation for W under
some stochastic ordering assumptions. We defer the proof of Theorem 4 until Section 5.3,
giving first some examples of its application in Section 5.2.

Our bounds demonstrate convergence to a translated Poisson distribution if ¢ — o0 as
n — o0o. Bounds on the total variation distance between L£(W) and a translated Poisson
random variable may still be found if this is not the case, but require a different analysis of the
error terms. For example, in proving Theorem 4, we write P(W — p < 0) < o2, This error
term may be reduced, or even omitted altogether, depending on the problem at hand, with a
more careful analysis. This could give us good bounds in the cases where 0 — 0, < 00 as
n — oo.

In the sequel, we let W* be a random variable having the W-size-biased distribution, and v,
be an indicator random variable, independent of all else, with P(v, = 1) = g. As before, we
write W; = W — X;, 1 <i < n, and, for any random index V, we let Wy = W — Xy.

Theorem 4. Suppose that X1, ..., X, are positively related, and that there exist g € [0, 1]
andl € 7% such that

W1 Xk =02 W—Il-vy | Xpe =1, l=<k=n (39)

Then

dry (LW, TP(, 0%)) < — 4 22T L DG = 20)
o AO

+ I+ DA +2g9)(A—2r2)

drv (LW, LW + 1)). (40)

o2
Suppose instead that X1, ..., X, are negatively related, and that there exist g € [0, 1] and
1 € Z* such that
W+1Xe=0) =2 WHIl+v, | X =1), l<k=n (41)

Then

drv(L(W), TP(A, 0?)) < 12 LRt 90 k)
o Ao

I(14+2g — 1)(h — 1
42 2)( 2)
o

drv (LW, LW + 1)). (42)

Consider the stochastic ordering assumptions (39) and (41). We note that the choice of the
pair /, g is not unique, in that choosing / = m and ¢ = 1 gives the same assumption as choosing
I =m+ 1and g = 0. It is easily checked, however, that each of these choices gives rise to
the same bounds in (40) and (42). In the examples below, we will verify the validity of such
stochastic orderings by using an appropriate coupling argument.
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5.2. Applications

Example 5. Suppose that X1, ..., X, are independent. Thus, they are also negatively related.
Moreover, condition (41) is true for ¢ = [ = 0. Therefore, (42) is applicable and yields the
following result.

Corollary 8. With W as above,

2

A
dry(LW), TP(h, 02) < =2 4 =
Ao o2

This bound is of the order we would expect, see also Cekanavicius and Vaitkus (2001).

Example 6. Suppose that m balls are placed into N urns in such a way that no urn contains
more than one ball and all arrangements are equally likely. Let W be the number of balls in the
first n urns. Thus, W has a hypergeometric distribution with

A:ﬁ and z_mn(N—m)(N—n)

(o —
N (N — 1)N?

We set X; to be the indicator that the ith urn contains a ball, so that W = X; + --- 4+ X,,.
By construction, these indicators are negatively related. Condition (41) holds for ¢ = 1 and
[ = 0. To see this, we construct (W + 1 | X; = 0) by considering the N urns and excluding
the kth urn. Distribute the m balls in these N — 1 urns, such that all arrangements are equally
likely, and count the number of the first n urns that are occupied. Adding one to this count
gives us our random variable. We then choose (uniformly and independently of what has gone
before) one of the occupied urns. Take the ball from this urn and place it in urn k. This gives
(W 41| X = 1). If the ball chosen is from one of the first n urns, the number of occupied
urns is the same as before. Otherwise, we have increased the number of occupied urns within
the first n. Evaluating bound (42) then gives Corollary 9 below.

Corollary 9. For W having our hypergeometric distribution,

1 2
drv(L(W), TP(A, 02)) <—4+ =
o o2

_ N2(N — 1) 2NZ(N — 1)
| mn(N —m)(N —n) + mn(N —m)(N —n)’

Rollin (2007, Section 4.1) considered the translated Poisson approximation for the hyper-
geometric distribution, and showed that if m = O (n) and N = O (n) then one obtains a bound
in the total variation distance of order O (1/+/n). This order is also reflected in our result.

Example 7. Suppose that &y, ..., &, are i.i.d. Bernoulli random variables with
p=PE=1=1-P@E =0), 1<i<n.

Fix an integer k > 2, and define

n
Xi=E&ip1Epr and W= X,

i=1

in which, to avoid edge effects, all indices are treated modulo n. Thus, W counts the number
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of k-runs in our Bernoulli trials. Observe that

k
n
r=npt, A =np¥, mdolzlfpa+p—ﬁp+@k—nu—mn

The translated Poisson approximation for k-runs was treated in Réllin (2005, Section 3.2), who
gave a bound in the total variation distance of the form K /./n for some constant K = K (k, p)
independent of n. Barbour and Xia (1999, Section 5) also gave a bound of this order for 2-runs.
We will use our Theorem 4 to give an explicit bound with this same order.

It is easily seen that the variables X1, ..., X,, are positively related. Condition (39) holds
by choosing ¢ = 1 and [ = 2k — 3. To see this, consider the following construction. Given
the Bernoulli random variables &1, ...,&,, fix some m < n and set &, = &,41 = --- =

&n+k—1 = 1, while the others remain independent Bernoulli random variables with parameter p.
Counting the number of k-runs in these n Bernoulli trials gives (W | X;,, = 1). Suppose
now that we resample the random variables &,,, ..., &,+1—1, conditional on at least one of
these being 0. Counting the number of k-runs now gives (W | X, = 0). In this resampling
procedure, we can remove at most 2k — 1 of the k-runs that were originally present. Thus, our
construction implies that

(W|Xm:O)+2k—IZ(W|Xm:1)»
or, equivalently,
W+1]Xp=0>W—=2k+2| X,, =1),

and, hence, the announced values of g and /.

Following the work of Section 4, to construct W*, we choose an index V uniformly from
{L,...,n},and set &y = &y41 = --- = Ey4x—1 = 1, while the other & remain independent
Bernoulli random variables with parameter p. Lemma 2.1 of Wang and Xia (2008) thus gives

23

drv(LW?), LW +1)) <1 .
VLIV, LOV 4 1D) < 1A s

Using this, Theorem 4 yields the following result.

Corollary 10. Let W count the number of k-runs in n independent Bernoulli trials, each with
success probability p. Then,
dry(LW), TP(h, o))

k _ "
S%+p + 2k =2)(1 = p")

o o
, k=20 byt p)(1A 2.3 ) 43)
. Vo =k =Dpk1 = p)?

Our bound (43) has the same order as that of R6llin (2005, Theorem 5) and Barbour and Xia
(1999, Theorem 5.2) (this latter result applying only to the 2-runs case). Numerical comparison
of the bounds shows that ours generally performs well compared to these other bounds, often

giving a better result. In Table 1 we give some illustrations, with values for comparison taken
from Rollin (2005).
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TABLE 1: Numerical comparisons for 2-runs. Upper bounds on the total variation distance from (a) our
result (43), (b) Rollin (2005), and (c) Barbour and Xia (1999). Missing values are due to restrictions on
the choice of parameters.

p
0.10 0.25 0.50 0.75 0.90

106 (a) 0.1553 0.0675 0.0500 0.0814 0.2512
(b) 0.4463 0.2334 0.1747 0.5528 >1
(c) 0.0304 — 0.1251 0.6014 —

108 (a) 0.0155 0.0067 0.0050 0.0081 0.0251
(b) 0.0445 0.0233 0.0175 0.0553 0.2554
(c) 0.0030 — 0.0125 0.0601 —

1010 (a) 0.0016  0.0007 0.0005 0.0008 0.0025
(b) 0.0045 0.0023 0.0017 0.0055 0.0255
(c) 0.0003 — 0.0013  0.0060 —

n Bound

5.3. Proof of Theorem 4

Our proof is based on that of Propositions 2 and 3, using the characterising operator for the
Poisson distribution. We find representations of our Stein equation in conjunction with which
our dependence and stochastic ordering assumptions may be applied.

Throughout this section, we let f = Sh be the solution to the Stein equation (2) with the
choices o; = o+ yandp i = J, corresponding to the Poisson distribution with mean o2+y.
We suppose that the test function £ has the form 2(j) = 1y;¢p) for some B C Z+. We write
gB(j) = f(j — p). We note that g depends on the choice of the set B, though for notational
convenience we will often simply write g for gg. We note further that bounds on the supremum
norm of £ also apply to g, so that in particular || Agg|lcc < o> foreach B C Z*,

Following Réllin (2007, Section 3), from the Stein equation we obtain

dry(LW), TP(1, 6%)) < ﬂPJEK02+VHB”V+1)_(W“mgBOVH
BCZ

+P(W —-p <0). (44)
Using Chebyshev’s inequality, we can write
P(W—p<0)=P(W—-%<—-02—y) <P(W—=21|>02+y) <P(W -1 >0} <02

So, we now concentrate on the first term on the right-hand side of (44). Throughout our proof,
we will make use of the following equalities in distribution:

W[ Xy=D=2W and (Wy|Xy=0)2 (W |Xy=0). (45)
Step 1. For this part of the proof, we will establish the following bound, which may be of
some independent interest.
Proposition 5. With the above notation,

A 2
drv(LW), TP(r, 02)) < (A — 22) sup (A} + = + —,
Ao o

BCZ+

(46)
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where

Ag=E) |Ags(j) — Agg(W)|
j=0

X[P(Wy +1>j|Xy=0—-PWy+1>j]|Xy=1]| (47)

To prove this result, we separately consider the cases where o2 < A and o2 > 1. We begin
by assuming that o2 < ), so that p > 0. Recall that

E[Wg(W)] = LE[g(W*)]. (48)
Using (48), we can then write
E[(0® +y)g(W + 1) — (W — p)g(W)] = LE[g(W) — g(W*)], (49)
where
P(W=7)=2""*+)PW+1=j)+pP(W=,)], j=0.

That is, W=W+ vy, where v, is a Bernoulli variable with success probability r = Al (02 +
y). Note that r < 1 by assumption. We rewrite (49) as

AE[g(W) — g(W*)] = LE[g(W) — g(W)] + AE[g(W) — g(W*)], (50)

by defining W = Wy + 1, where V is a random index chosen according to (28). For the first
term in (50), we note that, by conditioning on v,

AEg(W) = AEg(W +v,) = (6> + y) EAg(W) + LE g(W). (51)
Furthermore, by conditioning on Xy and using the equalities in (45),
AEg(W) =AEBg(Wy +1) =2 Eg(W*) + (A —22) E[g(W) | Xy =0],  (52)

since P(Xy = 1) = A~ '4,. Again, by considering conditioning on Xy and using (45), we
have
(A —=2)E[g(W) | Xy =01 =AEg(W+1) — A Eg(W’ + 1). (53)

Combining (51), (52), and (53), we obtain

AE[g(W) — g(W)] = (0> +y — M) EAg(W) + A E Ag(W*)
=M E[Ag(W?) — Ag(W)]+ y E Ag(W)
+ (62 = A4 1) EAg(W). (54)

Now consider the second term in (50). Let us combine it with the final term in (54). Since
E[W — W]= —1""(c? — A + A2),
and proceeding as we did in deriving (3), we obtain

AE[g(W) — g(W$)]+ (62 — &+ 12) E Ag(W)

= AEZ(Ag(j) — Ag(W)[P(W > j) —P(W* > j)]. (55
Jj=0
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Using the definition of W, conditioning on Xy, and employing (45), we have
MP(W > j) = P(W* > j)]
=A=M)PWy +1>j|Xy=0—-PWy+1>j|Xyv=D] (56
Hence, the right-hand side of (55) becomes

(A=A E ) (Ag(j) — Ag(W)IP(Wy +1 > j | Xy =0)
j=0

—PWy+1>j| Xy=1] 57
Substituting representations (54) and (57) into (49), then substituting in turn in (44) yields

drv (LW), TP(A, 0%)) < (A — A2) sup {Ag}+ A2 sup [E[Agp(W*) — Agg(W)]|
BCZ+ BCZ*

+y sup [EAgg(W)|+P(W —p <0),
BCZ*

where A p is given by (47).
Recalling that P(W — p < 0) <072,y < 1,and || Aggllec < 02, we have

y sup [EAgp(W)|+P(W —p <0) <202
BCZ+

Furthermore, the random variable W* having the W-size-biased distribution satisfies
PWS=j)=2"1jP(W=j), 0<j<n,

and so

o0
2dry (LW), LW) =Y [P(W = j) —PW* = )| =E[1 —2~'W| <27'o.  (58)
j=0
‘We thus have

A
M |E[Agg(W?) — Agp(W)]| < 222 Agllocdrv (LW), LIW?)) < ﬁ-

Combining the above bounds, we obtain the desired result.

In the second step of the proof, we consider how A p can be bounded. Before doing this, we
show that if o2 > A then bound (46) continues to hold.

Consider now the case where o2 > A, so that o < 0. We will use an analogous argument to
show that bound (46) continues to hold. In place of (50), we write

E[(0? +7)g(W 4+ 1) — (W — p)g(W)]
= (02 + ) E[g(W + 1) — g(W)] + (62 + y) E[g(W) — g(W")], (59)

where W = W + vi(1—Xy), W* = v;W* + (1 —v)W, and t = A(c? + y)~!. Consider
the first term on the right-hand side of (59). For this term, we argue as we did to derive (54).
Conditioning on v; and Xy, and employing the equalities in (45), we find, as for (54), that

(@ +Y)E[g(W + 1) — g(W)]
= M E[Ag(W?®) — Ag(W)] + y EAg(W) + (6> — 1 4+ 22) E Ag(W).
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As we have
E[W — W] = —(c?4+y) 62 =1+ 1),

we then write
(0% + ¥)Elg(W) — g(W)] + (6% — 2 + 12) E Ag(W)

= @+ EY (Ag(j) — AgW)IP(W > j) = P(W* > j)]. (60)
j=0

Using the definitions of W and W*, and conditioning on v;, we find that
P(W > j)—PW*> j)= tH[P(W > J)—P(W*® > jl.

Comparing this with (55), recalling the definition of ¢, and using (56), we find that (57) also
gives us a representation of (60). Continuing the argument as before, bound (46) holds too in
the present case.

Step 2. In this part of the proof we bound A p, defined in (47), and, thus, obtain the bounds
of our theorem. In doing so, we will use our stochastic ordering and dependence assumptions.
The cases where X1, ..., X, are positively and negatively related will be discussed separately.
In the positively related case, the argument of Lemma 2 shows that

PWy+1>j|Xy=0—-PWy+1>j|Xy=1) =<0, j=0.
Noting that (Wy +1 | Xy = 1) 2 W?, we fix some [ € ZT and write

PWy+1>j|Xy=1)—PWy+1>j|Xy=0)
=PWy+1>j+1|Xy=D)—PWy+1>j]|Xy=0)
l
+Y P(WS = +i). ©1)

i=1
Suppose now that there exists some g € [0, 1] such that, for each j > 0,
PWy+1>j4+1|Xy=1)—PWy+1>j]|Xy=0)

=qPWy =j+1|Xy=1) (62)
=gPW'=j+I1+1). (63)

We will show presently that this is implied by the stochastic ordering assumption (39). Using
(61) and (63), we find that

1
Ap <qE|Agp(W’ —1—1) — Agg(W)| + ZE |Agp(W® — i) — Agp(W)|
i=1
< 2q||AgBllocdtv(L(W), LW —1 — 1))

!
+211AgBlloo Y drv(LW), LW —i)). (64)

i=1
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Using our bound on ||Agp |l and the triangle inequality for the total variation distance, the
first term in (64) is bounded by

2q0 2 {drv (LW), LIW) + ( + Ddry (L), LV + 1))
< 2qo‘2{2“7 + (4 Doy (LOV®), LV + 1))}, (65)

where this last inequality uses (58). Similarly, the second term in (64) can be bounded by

1
2072 Y (drv(LW), L) + idry(LIW®), LW + 1))

i=1
50_2{170 +l(l+l)dTv(QC(WS),oC(WS-i-l))}. (66)

Combining (64), (65), and (66) with bound (46) yields the desired inequality (40).

So, the proof of the first part of Theorem 4 is completed upon showing that the stochastic
ordering condition (39) implies inequality (62). Writing

PWy=j+1|Xy=1)=PWy+1>j+1|Xy=1~PWy>j+I|Xy=1)
for 0 < j < n, it can be seen that (62) is equivalent to
PWy+1>j | Xy=0)=(1—q)PWy+1—1> | Xy = )rqP(Wy—I > j| Xy =1)
for j > 0. This, in turn, is equivalent to the stochastic ordering

W+ Xy =0 = A —vp))(W =1 | Xy =) +v,(W—-I—-1]| Xy =1), (67)

which can be seen using (45). Some rearranging shows that the stochastic ordering assump-
tion (39) implies the stochastic ordering (67); hence, we obtain the result of Theorem 4 in the
positively related case.

We now turn our attention to the case of a negative relation, and complete the proof of that
portion of Theorem 4. When X1, ..., X, are negatively related, we can use a similar argument
to the above. We have

PWy+1>j|Xy=0—-PWy+1>j|Xy=1)>0, 0<j<n.
Analogously to the positively related case, we write, for some fixed [ € ZT,
PWy+1>j|Xy=0—-PWy+1>j|Xy=1
-1
=PWy+1>j[Xy=0—P(Wy+1>j—1|Xy=1+Y PW'=j—i).
i=0
This time, we suppose that there exists g € [0, 1] such that
PWy+1>j|Xy=0—-PWy+1>j|Xy=1)
<gPWy+1+4+1=j|Xy=1). (68)
Following a similar argument to that used in the case of a positive relation, we find that
Il+qg Il+29—-1)
< +
- Ao 2
Combining this with (46) gives us the desired inequality (42). It remains to show that the
stochastic ordering assumption (41) implies inequality (68), which can be achieved as above.

Ap drv(LW?), LW + 1)).
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6. Another abstract approximation theorem

Our aim hereafter is to consider an alternative approximation theorem which can be found
within the present framework. For concreteness, we suppose that the birth rates «; and death
rates fB; are such that the random variable 7 has two parameters. This will be the case in the
application presented later.

Let us return to the basic representation (13). To choose the two parameters of r, it seems
natural, in our context, to consider s = 2 and introduce the two conditions « = § and E W, =
E Wg (i.e. Elaw (W + 1)] = E[Bw W]). With these choices, representation (13) becomes

Eh(W) —Bh(m) =a Y A*f()E[(Wo —i — Dy — (Wp —i — 1)4]. (69)
i=0

Moreover, suppose that we can construct W, and Wg on the same probability space in such
a way that Wg = W, + Y for some random variable Y which takes values in the set {—1, 0, 1}.
Under this assumption, E[Wy] = E[Wg] = E[W, + Y], which implies that E[Y] = 0. It is
easily seen that representation (69) can be rewritten as

Eh(W) —Eh(r) = —a Y A* f)ELY Liw,—12i41) +Y1 Liw,—1=i)]
i=0
= —aB[lyy=1j A*f(Wo — )+ YAf(Wy — D]. (70)

Noting that

[Bl1y=1) A> f(Wa — DI| < 2| Af lloodrv (L (Wa), LWy + 1) supfP(Y =1 | W, = w)}

and
[E[YAf (W — DIl < |IAflloo EIE[Y | Well < [|Af looy/ var(E[Y | We]),

we can immediately bound the right-hand side of (70) to obtain the following result.

Proposition 6. Suppose that o = p and EWy = E Wg. If Wy and Wg can be constructed on
the same probability space such that

Wg = Wy +Y for some random variable Y valued in {—1, 0, 1}, 71)
then, for bounded h: 7% > R,

[ER(W) —Eh(m)| < 20l| ASh|loodrv (L(We), L(We + 1)) sup{P(Y =1 | W = w)}

+ o||ASh||coy/ var(E[Y | Wy]). (72)

Clearly, if such a random variable Y takes values on a bounded set other than {—1, 0, 1}, a
representation analogous to (70) may still be found, and a result analogous to Proposition 6 is
available. We now apply Proposition 6 to approximate a sum of independent indicator random
variables.

Example 8. Suppose that W = X| + - - - + X, is the sum of independent Bernoulli random
variables with success probabilities p;, 1 < i < n. Brown and Xia (2001, Section 3) showed
that in this case we can improve on a Poisson or binomial approximation for W by using a
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so-called polynomial birth—death distribution, with the choicesa; = @ and 8; = yj+j(j—1)
for some constants « and y .

We will follow that approach and choose here @ and y such thate = g and E[aw (W +1)] =
E[Bw W]. Straightforward computations then give us expressions for these parameters:

y =2 =1 =20+ 2x30," and a=yr+a? - (73)

Here A = )/, plk and 2 = A; = E[W] (asin Section 5). Note that the parameter choices (73)
are the same as those employed in Brown and Xia (2001), who based their selection on
minimising the error bound obtained in their result.

To begin with, let us prove that condition (71) is satisfied. Since the birth rate is constant (as in
the Poisson case), we againhave W, = W+1. Letus turn our attentionto Wg. Welet W; = W—
X;and W; ; =W —X; — X;, 0 <i, j <n,and observe that W(W — 1) = lei;éjsn XiX;.
By the definition of Wg, we obtain

P(Wg=k) =a 'E[(yW + W(W — 1)) Ljw=p]
= ot_1|:1/ D_piPWitl=k+ > pipjP(Wij+2= k>}
i=1

I<i#j=n

for 1 < k < n. In the spirit of the size-biasing construction of Section 4, we now define two
random indices T, U € {1, ..., n} chosen according to the distribution

PiPj

PT:.,U:. =
(T=i ) 2

. i#j, PT=U=i)=0.

Recall also the random index V given in (28). Combining these definitions with the above, we
can write

PWsg=k)=a 'yAPW+1—-Xy =k +a'A? = 20)P(W +2 - X7 — Xy =k)

forl <k <n. Letgq = a’]yk; note from (73) that 0 < g < 1 whenever y > 0. In the
sequel we will assume that this is indeed the case. Introduce a Bernoulli random variable v,
with success probability g, independent of all other entries. We can then write

Ws=v,(WH+1—=Xy)+ A —v))WH+2—Xr —Xp) =W+ 14Y =W, +7,

where
Y = (1= v)(1 = X7 — Xp) — vy Xy. (74)

Y being valued in {—1, 0, 1} with E[Y] = 0, as desired.
Now let us evaluate bound (72). First, we need a bound on the solution f of the Stein
equation in this situation. By Theorem 2.10 of Brown and Xia (2001), we know that

sup{||AShlloo: h(j) = 1{jepy, BCZ"} <a™". (75)

Furthermore, W being a sum of independent indicators, we have (from Barbour and Jensen
(1989, Lemma 1))

1

2\/ Z?:] pi(1 — pi)

drv(LW), LW + 1)) <

(76)
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Finally, consider the two conditional terms in (72). Note from (74) that Y = 1 if and only if
vy = X7 = Xy =0, so that

PY=1|W)=(1-¢@PXr=Xy=0|W)
= (1 =¢)El(1 = X7)(1 = Xy) | W]

=o' > pipjEI0 - X)(1—X)) | WI.
I<i#j=n

This probability takes its greatest value when W = 0, with E[(1 — X;)(1 = X;) | W =0] =1
for all i and j. Hence,

sup(P(Y =1 | W=w)=a' Y pipj=a'0>=n). (77)
w I<i#j<n

Now, let | Z|| = (E[Z?])"/? be the L, norm for any random variable Z. Since T 2 U and
E[Y] = 0, we write

E[Y | W] = —q(E[Xy | W] -E[Xv]) -2 — ¢)(E[XT | W] - E[XT]),
and, thus,

Jyvar(E[Y | W]) = ||E[Y | W]|

< CIZ IE[X; | W] —E[X;IIP(V = j)
j=1

+2(1—¢) ) IBIX; | W1 —E[X;1[|P(T = j)
j=1

<(@+2(1-¢q) max yvar(E[X; | W]).
<j=n

When p; = pfor j =1,...,n,E[X; | W] = W/n and so the bound becomes the equality

Jvar(E[Y | W]) =2 —g¢q) /V&r(%). (78)

Inserting (75), (76), (77), and (78) into (72) then yields the bound

p C-qo _ (P
(L), L) = e _o(ﬁ),

where o2 = var(W) = np(l — p).
By exploring the explicit structure of the auxiliary variable Y, it is possible to derive better

bounds. Throughout this part, weleta = 1 —a foranya € Rand oy = /> 1, 11 Pi> Where

pi is the ith largest number of p(1 — p1), ..., pn(1 — p,). From Barbour and Jensen (1989,
Lemma 1) we have, foralli, j = 1,...,nandi # j,

2y (LW, LW + 1) <07 and  2dry (LW, ), LW+ 1) <05
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Note that, from representation (74),

lyy—y = l_)q}_(TX_U, Liy——1)y = v, Xv + v, X7 Xy.

(79)

The derivations below are based on the conditional independences of X7 and W7, given T, Xy
and Wy, given U, and Xy and Wy, given V. By substituting (79) into (70), integrating with
respect to v, separating linear and quadratic terms, and noting that T 2 U, we derive, after

some simple calculations,

I =Eh(W) —Eh(n)
= —aE[0, X7 Xy Af (W + D]+ a E[(vy Xv + 0, X7 X0) Af (W)]
= —ag E[X7 Xy A f(W)] + 20 E[X7 A% f(W)]
—a(g E[Af(W + D] — E[2G X1 + qXv)Af(W)])
=hL+DL+1

Using the conditional independence of Wr yy and X7, Xy given T and U, the first term /; is

bounded by
\I1| = «g|[EE[X7 Xy | T, UIE[A% f(Wry + 2)]|
< 2aqllAflloo E[XTXU]I}l;;({dTV(oﬁ(Wi,j), LW ;j + 1)}
2 _
- Ay A.4.
T w0
By conditioning on T,
|| = 2ag|EE[X7 | TIB[A® f(Wr + D]|
<4aqllAflleo E[XT]miaX{dTV(oC(Wi), L(W; + 1)}
- 2(AAg — ?»3)'
- oy

To bound I3, we first note that, since E[Y] = 0,
g =2¢E[X7]+qE[Xv].

e I3] = [2aq E[X7 (E[Af(Wr + 1) | T] = E[Af(Wr + X7 + D]
+aq E[Xy(E[Af(Wy + 1) | VI-E[Af(Wy + Xv + DD
< 202G E[{E[XT | T1)] + ¢ E{ELXv | V1}*]}
* 1 Af lloo max{dry (LW:), LIW; + 1)}
J2Ws -k vis
oo Qo
By combining the bounds on /1, I, and I3 we derive the following result.

Proposition 7. With W and m as above,

drv(L(W), L()) =

o) oo oo oo
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Let us conclude by comparing our result with that of Brown and Xia (2001, Theorem 3.1),
who obtained
YA3 2AA2
drv(LW), L(7)) < —+ ——. (1)
ao] [070))
When p; = p — 0 for each i and A — oo, both the bounds (80) and (81) are asymptotically
equivalent to 3p?/+/A.
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