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1. Introduction

This paper reexamines the use of early demand informa-
tion in a multiperiod inventory system setting following the
work of Eppen and Iyer (1997). In this context, specif-
ically, we investigate the intuitively appealing statement
that “when you observe a higher demand in the past it is
likely that you will observe higher demand in the future.”
Also, Lariviere and Porteus (1999, p. 359) state, “If a
large demand is observed, the retailer assesses the under-
lying demand distribution as being larger, so another large
demand is more likely than it was before observing the pre-
vious large demand.” Formally, these statements are equiv-
alent to the statement that the distribution of demand in the
future is stochastically increasing in the demand that has
been observed in the past. We name this property “Condi-
tional Monotonicity” (CM). In this paper, we derive nec-
essary and sufficient conditions for the CM property to
hold. Eppen and Iyer (1997) showed that this property is
pivotal for allowing a retailer to order more for the rest of
the season if demand seen so far is higher than what was
expected.

Understanding how to use early demand information is
essential in today’s competitive environment, in which cus-
tomers are offered many innovative and short-life-cycle
products (Fisher and Raman 1996, Lee 1996, Mahajan and
van Ryzin 1998). Eppen and Iyer (1997) provide a model
that firms can use to manage inventory based on progres-
sive demand information. They model a multiperiod fashion
retail inventory system where the problem in each period is
to determine how much to increase inventory or how much
to decrease inventory based on the observed demand as
well as the forecasts for the remaining periods. First, they
show that the decision to order more or to sell off excess
inventory can be reduced to computing upper and lower
bounds on the inventory. If the on-hand inventory level
is below the lower bound, it must be increased up to the
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lower bound, and if it is above the upper bound, it should
be decreased to the upper bound. These bounds are set at
the beginning of the selling season. Then, as new demand
information becomes available, the bounds are updated.
Eppen and Iyer (1997) show that if CM holds, then the
bounds increase or decrease with increase or decrease in
the observed demand. The CM property is appealing to
decision makers because they feel that they can order more
inventory for the next period if the observed demand for
the current period is high and do the opposite if the demand
is low (Eppen and Iyer 1997). We show in this paper that
despite its appeal, the CM property relies on certain strong
necessary and sufficient conditions that must be verified to
hold before the property is used.

We first present a summary of the notation used in Eppen
and Iyer (1997). Then, we list the main assumptions made
by Eppen and Iyer to obtain their results. After that, we
describe the four theorems proved by them. It will become
clear that their Theorem 3 establishes CM, which is then
used to prove Theorem 4. Eppen and Iyer use the monotone
likelihood ratio (MLR) property to establish CM in Theo-
rem 3. However, this is a strong assumption. We examine
how much we can weaken this assumption and still be able
to prove Theorem 3. To that end, we show that a weaker
property called the Sequential Monotone Likelihood Ratio
(SMLR) property is both necessary and sufficient for Theo-
rem 3 to hold. The SMLR property is intimately connected
to CM, and thus it is of independent interest in itself.

2. Model

The decision maker in Eppen and Iyer (1997) is a catalog
merchandiser. The buying season for this decision maker is
divided into N time periods. At the beginning of each time
period, she has to decide whether to buy more, sell off (lig-
uidate) inventory, or do nothing according to the observed
demand and forecast for the remaining time periods. The
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item sells for a constant price of $r per unit throughout the
season. The decision maker incurs an initial purchase price
$c per item. Holding cost of $4, is incurred on the inven-
tory held at the end of period f. When there is a selloff
(inventory reduction) decision, $r, is obtained per item lig-
uidated. Apart from the initial purchase price, it costs the
decision maker $¢, for each additional unit purchased at the
beginning of period ¢. This model assumes lost sales, so
there is no backorder cost. Unit penalty cost of 7 per unit is
incurred when lost sales occur. The notation used is given
below.

N =number of periods in a season.

t=1,2,...,T =index for time periods.

i=1,2,..., 1 =index for pure demand processes.

d, = demand observed in period .

D,=d,+d,+ -+ d, = camulative demand observed
through periods 1 to ¢.

P, = prior probabilities over the set of pure demand pro-
cesses at the beginning of Period 1.

&; (j.1(x) = probability that demand in periods j
through k is equal to x for pure demand process i.

®,; ; 1(x) = cumulative probability distribution of
demand in periods j through k for pure demand process i.

¢,(x | D,_,) = probability that demand in period ¢ is x
given D,_,.

®,(x | D,_,) = probability that demand in period # is < x
given D,_,.

P,(D,_,) = probability that the demand is generated by
pure demand process i given that the observed cumulative
demand up to time (¢t — 1) is equal to D,_,.

We now list the main assumptions used in Eppen and
Iyer (1997).

e Demand is generated by one of several pure demand
processes. The decision maker has a prior distribution over
these demand processes. She updates this distribution at the
end of each period using Bayes’ formula (Box and Tiao
1973) after observing the demand for that period.

e Demand in each period for each pure demand process
is independent of the demands in other periods as well as
independent of the other pure demand processes. The fact
that demand is independent of demands in other periods is
not stated in the paper, but is used in the Bayesian updating
formula.

e The demand processes are assumed to have the follow-
ing four properties: (1) family consistency, (2) sum suffi-
ciency, (3) stochastic dominance, and (4) the MLR property.
We shall use labels 1 to 4 to refer to these properties.

Family consistency, or Property 1, means that for each
pure demand process, the distribution of demand in adja-
cent periods must be members of the same family. Sum
sufficiency, the second property, means that the sum of
demands for periods 1 to ¢ is sufficient to determine
the posterior distribution of the processes that generated
the observations. For Property 3 to hold, pure demand
process k + 1 should be stochastically larger than the pure
demand process k (i.e., @,y (X)) < Py ;(x) for k=1

to I —1 and 1 < i < N). Finally, for Property 4 or the
MLR property, the ratio ¢y  ;)(x)/dy ;) (x) must be
nondecreasing in x foreachk=1to/—1land 1 <i< N.In
this paper, we examine how to weaken Property 4 without
affecting CM.

3. Analysis

Eppen and Iyer (1997) provide a dynamic programming
formulation to determine the optimal solution. Four the-
orems are used by them to describe this optimal solu-
tion. In Theorem 1, they show that the cumulative demand,
ie., D,, is a sufficient statistic to forecast the demand in
periods ¢+ 1 through N. In Theorem 2, they prove the exis-
tence of a pair of lower and upper control bounds, namely
L,(D,_,) and U,(D,_,). In period ¢, the decision maker
compares the on-hand inventory level with these bounds.
If on-hand inventory /,_, is less than L,(D,_,), then she
orders the difference (L,(D,_,) —I,_,). Otherwise, if I,_,
is larger than the upper bound, then she sells the differ-
ence (I,_, — U,(D,_,)). When the inventory is between the
bounds, she does nothing. Observe that this theorem does
not rely on Properties 1, 3, or 4. It therefore defines the
inventory control policy regardless of whether CM holds or
fails to hold.

After the first two theorems, Theorems 3 and 4 become the
main theorems of interest. In Theorem 3, the authors estab-
lish the CM property, namely that d®,,,(x | D,)/dD, <0,
by using the stochastic dominance and MLR property. As
pointed out by a referee, the assumption of stochastic dom-
inance is redundant, because the MLR property implies
stochastic dominance (see Shaked and Shanthikumar 1994,
Theorem 1.C.1, p. 28). The authors use the CM property in
Theorem 4 to show that the bounds behave intuitively, i.e.,
if D,_, <D,

t—1°

then Lt(Dt—l) < Lt(D;—l) and Ut(thl) < Ut(D;—l)'

This is the monotonicity result mentioned in the intro-
duction. The solution is easy to implement and also to
explain to managers, as described in Eppen and Iyer (1997)
and Lariviere and Porteus (1999). The MLR condition used
by Eppen and Iyer to prove Theorem 3 is sufficient, but not
necessary. In what follows, we state the SMLR property
and establish that it provides the necessary and sufficient
conditions for CM.

Sequential Monotone Likelihood Ratio (SMLR) Prop-
erty. Demand processes i = 1 to I, with density functions
®: (1. (y), are said to possess the SMLR (my, m,, ..., )
property if

23:1 7714+j¢1—i+j,(1,:) )
Zj;ll 7Tj¢j,(l,z)(y)

is nondecreasing in y, for i=1to I — 1.
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THEOREM 1. Given [ pure demand processes and also
that Properties 1, 2, and 3 (ie., family consistency,
sum sufficiency, and stochastic dominance) hold, then
d®,,,(x|y)/dy <0 if and only if they are ordered accord-
ing to the SMLR (Py,, Py, ..., P}y).

ProoF. The unconditional probability that the demand dur-
ing periods 1 to 7 is equal to y is given by

Pr(thy)ZZPiqui,(l,t)(y)' (1)

By assumption, the probability that the demand in periods 1
to t is equal to y and demand in period ¢ + 1 is less than
or equal to x is given by

I
Pr(D, =yNd,,, <x) Zzpild)i,(l,t) (y)CDi,(t+l,t+l)(x)‘ (2)

i=1
Then, from (1) and (2), the conditional probability
Pr(d,  <x|D,=y)=®,,(x]y)
Z, 1Py (1, t)(}’)q)z (t+1, t+l)('x)
Z, 1Pl1¢’ «, t)()’)

The conditional probabilities that the demand in period 7 + 1
is less than or equal to x given D, =y can be written as

®)

Pr(d,,, <x|D,=Yy)
. 25:1 Pi]d)i,(l,t)(y)q)i, (z+1,z+1)(x)

“4)
Z{:I Pi1¢i,(1,t)()’)
Similarly,
Pr(d,., <x|D,=y+1)
Zz 1P11¢ a, z)(Y+ l)th (+1, r+1)(x) )

Zz 1P11({b (1:(Y+1)

Thus, for CM to hold, we require from (4) and (5) for any
x€Z and yeZ,

Z{:I Pild’i, 1.1 (}’)q)i, (z+1,z+1)(x)

25—1 Pild)‘ «{, z)(y)

Zl 1Pty 1,0+ D®; 141y (%)

Y Pads a.n(+1)

In Lemma 3 in the Appendix, let f; be @,y ;41 ,41)(%),
let a; be P,;¢;(y+ 1), and let b, be P, ¢,;(y). Observe that
D11, (141,141 (X) is nondecreasing in i due to Property 3
(stochastic dominance). Therefore, the f;s are nondecreas-

ing, as required in Lemma 3. Then, using Lemma 3, we
obtain

(©6)

/

Zf:l Pild)i,(l,t)(y)
Z,Ll P;1¢i,(l,f)(y)q)i,(z+1,t+1)(x)
Y Py 1.y +1)
h Zf:l Pi1¢i,(l,t)(y + l)q)i, (r+1,r+1)(x)’

or, equivalently,

Z{:l Py 1,0+ DD (1p 1) (X)
Zz{—l Pyo; a, t)(y)q)i (t+1, H—l)(x)
Zl 1 Paoy, a, t)(J’+ 1)
Z, 1P,1€b1 «, z)()’)

™)

\

holds for every ®;_,; | ;41 ,41)(x) that is nondecreasing in i
if and only if

Zi 11P11ij a.n(+1)
2571 P]ld)j «{, z)()’)

Z, VPa—iip Py (V1)
Z, 1P(1 z+])1¢1 i+j, (1, z)()’)

®)

\

fori=1to I—1 (see (17)). Thus,

Z; 1P(1 L+j)1d)1—i+j,(l,t)(y)
Zl lP d)j,(l,f)(y)

has to be nondecreasing in y, or CM is obtained if and only
if the SMLR (P,,, Py, ..., P;;) property is satisfied. [

ReEMARK 1. When I =2, then SMLR is MLR.

PrOOF. We show that (8) reduces to the MLR property for
I=2.Leti=1—1. We can rewrite (8) as follows:

Z_}=1 P(1+j)1§b1+j,(1,t)(y)
Z,l':l le¢j.(l,t)(y)

Z;‘:l Piipi®isa,n(+1)
Z;:l led)j,(l,t)(y +1)

After some manipulation, we obtain

4’2,(1,1)()’)
by 1.0V +(d/dy) by 1.y (V) DY
¢1,(1,z)()’)

S b nn O+ /)b o)Ay ©)

Cross multiplying, cancelling equal terms, and passing to
the limit gives

d
d)z’(l”)(y)d_yd)l’ (1,:)()’)

or

¢2 «, x)()’):|
d)’|:¢1 «, r)(Y) 0 (10)

d
< ¢’1, (1,;)(y)d—y¢z,(1,z)()’)

This inequality is the MLR property. [

COROLLARY 1. If the SMLR property has to hold over
all possible prior distributions (Py;, Py, ..., P;), then the
demand distributions must be ordered as per MLR.
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Proor. It follows from Remark 1 by letting all but two
adjacent P’s be positive. [

As pointed out by a referee, Corollary 1 implies the
following:

(a) If the decision maker is unsure about the prior prob-
abilities and CM has to hold for all possible priors, then
the demand distributions have to be ordered as per MLR.

(b) On the other hand, if the decision maker knows the
prior probabilities and wants to gather more data as time
goes on to collect additional demand information, then
choosing among distributions that satisfy the SMLR prop-
erty is sufficient for CM to hold. In other words, knowing
the prior gives more flexibility in choosing the distributions
of the pure demand processes.

REMARK 2. (a) Eppen and Iyer (1997) assume that the
sum sufficiency property holds in their model. We also
assumed that this property holds to establish the necessary
and sufficient conditions for CM. The SMLR property can
be extended with some effort when sum sufficiency does
not hold.

(b) We do not explicitly require family consistency to
hold, but dropping this assumption will require that in most
practical instances we have to drop the sum sufficiency
assumption as well.

REMARK 3. In a two-period setting, we can immediately
extend and compare our results with other models that
apply Bayesian forecasting to inventory models. For exam-
ple, in most of the past work, such as Scarf (1959), Iglehart
(1964), and Azoury (1985), the MLR property has been
fundamental to obtaining the CM property. Scarf used the
MLR property to show that CM holds for the exponential
family. The sufficient statistic for this family is the sum
S = Z;:ll D,. Iglehart extended the results for the range
family, where the sufficient statistic is § = max, .., ,{D;}.
Later, Azoury showed that CM holds for the uniform, the
Weibull, and the gamma distributions. In contrast, SMLR
allows one to weaken some of the distributional require-
ments. We illustrate this weakening with a numerical exam-
ple in Remark 6.

In addition to the examples (normal, Poisson, and neg-
ative binomial) given by Eppen and Iyer (1997), we note
the following situation when sum sufficiency holds.

REMARK 4. Let the density of pure demand process i be
a truncated normal distribution with mean u;, standard

deviation o, and density given by

Kl-e_(1/2)[("—“")/"]2 where x >0 and
o

N /_277[ f0°° e~ (/D[(x—w)/o dx] '

Then, both sum sufficiency and SMLR (and MLR) proper-
ties hold. Please see the Appendix for the proof.

K, =

REMARK 5. Let the number of periods N = 2. Let the
demand processes be as given in Remark 4, except that in
the first period process i demand has standard deviation o,
then SMLR (and MLR) is obtained in the second period
when
0; <0, and % < #
o 0y

Please see the Appendix for the proof.

When the pure demand processes have the normal distri-
bution, this condition relaxes Eppen and Iyer’s requirement
that the processes have the same standard deviation.

REMARK 6. With additional work, we can further weaken
the conditions of Remark 5. Please see the Appendix for
details. Table 1 displays four different cases for I =3. The
prior probabilities are assumed to be equal (i.e., P, = P, =
P;, = 1/3). The condition in Eppen and Iyer (1997) holds
for Case 1. MLR holds for Cases 1 and 3, yet fails in
Cases 2 and 4. In Cases 2 and 3, the SMLR property allows
us to relax the variance requirement of Remark 5. However,
in Case 4, when large variances are chosen, both SMLR
and MLR properties fail to hold.

Case 1. p, < p, < uy and oy = 0, = 03, thus u,/07 >
Wy/03F > /o see Remark 5.

Case 2. p; < py < 3 and 0y < 0, < 03, /07 <
ws/03, /ot < p,/o3; violates Remark 5 condition but
satisfies weaker condition based on SMLR given in the
Appendix.

Case 3. p; < py < py and 0y < 0, < 03, /035 =
Wy/03 =, /of; Remark 5 conditions hold.

Case 4. py < pp, < p3 and 0y < 0, < 03, p3/03 <
My/0} < puy/ot; violates Remark 5 and also weaker con-
ditions given in the Appendix.

REMARK 7. It can be shown that the CM property is
obtained in the general linear model of Bayesian fore-
casting; such models are described in West and Harrison
(1989).

Table 1.  Numerical example (I =3).
Demand Process 1 Demand Process 2 Demand Process 3 Eppen and Iyer (1997) MLR SMLR
(1, 05 oy /OF) (2, 3y pp/OF) (3, 03, W3/ 03) Condition Condition Condition
Case 1 (1,0.70,2.04) (2,0.70,4.08) (3,0.70,6.12) Holds Holds Holds
Case 2 (1,0.70,2.04) (2,0.85,2.76) (3,1.10,2.47) Fails Fails Holds
Case 3 (1,0.70,2.04) (1,0.70,2.04) (2,0.99,2.04) Fails Holds Holds
Case 4 (1, 1.00, 1.00) (1,2.00,0.25) (1,3.00,0.11) Fails Fails Fails
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4. Analysis of SMLR Property

Distributions that are ordered according to SMLR inherit
some properties from the MLR order as described below.
In our exposition, we restrict ourselves to continuous
distributions with differentiable density functions. Let
X, X,, ..., X, be continuous random variables with densi-
ties g, &, - - . » g and distribution functions G, G,, ..., G,,
respectively. Let X, X,, ..., X; be ordered according to
SMLR (m,, m,, ..., ;). Also, let 7, > 0 Vi.

THEOREM 2. Define two random variables Y, and Y, such
that Y, = X, with probability ] Z;Zl m, k=1,...,i, and
Y, = X, with probability 7Tk/Z§:I-+1 m, k=i+1,...,L
Then, Y, is smaller than Y, in (a) MLR order, (b) hazard
rate order, and (c) the usual stochastic order.

Proo¥. (a) Follows from the definition of SMLR.

(b) Follows from Theorem 1.C.1 (p. 28) of Shaked and
Shanthikumar (1994).

(c) Follows from part (b) and Theorem 1.B.1 (p. 14) of
Shaked and Shanthikumar (1994). O

THEOREM 3. (a) When I =3, i.e., X,, X,, X; satisfy the
SMLR (m,, m,, m;) property, then X, is smaller than X; in
the MLR order.

(b) Given that X,, X,, X; satisfy the SMLR (7, 7,, 73)
property, they also satisfy SMLR (7r,, 7r,, 73 ) when the per-
turbed priors are given by

—€
(i) m=m +e, 7}2:772(%)

T, + M5

PR (e Tl €>0
3 3 7T2+7T3 ’ = Y-

.. ~ T+ T — € - T+ — €
() m=m|\——F—) Mm=m|——]—
T+ T+

Ty =T +€, €=0.
(iii) No other perturbation in (1r,, Ty, ;) preserves

SMLR without additional assumptions.

(c) In general, when there are I pure demand processes,
the allowed perturbations in the priors are

1
T — €
(i) m +e, w(#) €>0,i=2,...,1
2ja ™
. Yiimi—e
i m( =550,
21

i=1,....,1—1and m;+€,€=0.

(d) For k <1, let Y, = X; with probability i,/ Z;f:l u
and Y, = X, with probability 77,-/252, a;. Then, Y, is
smaller than Y, in the MLR order:

PrOOF OF (a) AND (b)(ii). Let
. (771 +772—e>
m=m\— >

T+ T,

. <7T1 + 7, — e)
Ty =m| —— |,
™+ ™M,
and 77; = 73 + €, € 2 0. When [ =3, by the SMLR prop-
erty, both

m383()
m &1 (¥) + M8 (y)

m,8,(¥) + m385(y)
m 8 (y)

are nondecreasing in y.

Therefore, differentiating (7,8,(y) + mg;(y))/m & ()
with respect to y yields

M8, (y) + m385(y) S 8 (y)
8, (y) + m383(Y) - 81 (J’)

On the other hand, differentiating m,g;(y)/(7,g,(y) +
7,8,(y)) with respect to y yields

(11)

g(y) S M8 () +mg(y)
&(») ~ mg(y)+me(y)

(12)

Observe that inequality (12) continues to hold when r,
and 1, are substituted with 7, and 7,. In essence, each
term of the left-hand side of the inequality is multiplied by
the same term (7, + 7, — €)/(, + 7,). Thus, cancelling
this term gives us the same inequality. Second, we prove
by contradiction that inequality (11) continues to hold.

Assume

T80 + 383 (Y) _ 61()
8 (y) + 8 (y) &) .

We have two cases to consider:

Case 1. Assume gi(y)/g;(y) = g1(v)/g(y). Let p =
(7 +,—€)/(m, + 7,). Note that p < 1. After substituting
T, = m,p and 7, = 7, + €, we obtain

P8 () + (73 + €)83(Y) _ 81(¥)
mp&(¥) +(m +€)g(y) &) '

Rearranging terms,

M08, (¥) + m3p85(y) + (73 + € — m3p)g5() - 2 (y)

08, (y) + m3pgs(v) + (73 + € —mp)gs () &1(»)
Dividing each term by p, we obtain
M8, (y)+mg5(y)+(1/p)(m3+€—3p)g5(y)
m,8,() + 138, (y) +(1/p) (73 +€—m3p)85(y)
< 81 ()’) (13)
& ()

We know that (75 + € — m3p)/p > 0 and g5(y)/g(y) =
81(y)/g(y). Thus, this inequality and (13) cannot both
hold by Lemma 2. Therefore, g;(y)/g;(y) should be less

than g} (v)/g(y).
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Case 2. Let g5(v)/&(y) < g1(v)/&1(»)- 1f g5()/g3(y) =
&, (v)/g,(y), then by the analysis of Case 1, we have

81(»)/&1(y) > &(y)/&(y) and g (y)/8:(y) > &(¥)/& ().
However, then inequality (11) cannot hold. Therefore,

8(9)/8:(y) < &(7)/8:(y) and g (y)/&(y) < g1(¥)/& ()
should simultaneously hold. In that case, inequality (12)

fails to hold. Thus, g;(y)/g;(y) = &;(y)/&,(»). Therefore,
this gives us the desired contradiction; hence (11) contin-
ues to hold. Thus, the SMLR property is preserved for the
perturbations of the priors shown in part (b)(ii).

Moreover, we have also shown that g;(y)/g;(y) =

g1 (y)/g(y). This implies that g;(y)/g,(y) is nondecreas-
ing in y. Thus, X is smaller than X; in MLR order. This

proves part (a). O

PROOF OF (b)(i). Observe that for the given perturbation of
priors, inequality (11) continues to hold by the same argu-
ment used for (12) in part (b)(ii). To prove (12) holds, let

—€
p=<w> and 7, =, +¢€,

- m,+ Ty — € - T, + Ty — €
772:77-2 - P 7T3=7T3 - .
T, + 775 T, + 773

After rearranging, we obtain

181 (y) + 7,85 (Y)

m 81 (¥) + 8 ()
_ (1/p)(m + € —mp)gi(y) + m g (y) + Mg (y)
(/) e—mp)g(y) + g (V) + ()

By Lemma 2 and the fact that g;(y)/g;(y) > g(y)/& ()
from part (a),

(1/p)(m +e—mp)gi () + mgi () + Mg () _ &)
(1/p)(m +e—mp)g, () + T8 (y) + g (y) — &)

Thus, (12) continues to hold. O

ProoF oOF (b)(iii). Without additional assumptions, we can-
not definitely say whether g(y)/8(y) or &(y)/g(y) is
nondecreasing in y. Thus, due to part (a), perturbations that
are of the form

. T+ 7T+ €
O e m(TEEES),
T, + ;5
T, + T+ €
n(TAEE)
Ty + T3
.. ™+t E m+m,+ €
i) m|\—— ), m|———),
™+, ™+
Ty — €, €e=>0,
T +m L€
(iii) , *e, m(;),
e

o (i mEeE €>0
3 7T1+7T3 ) = Yy

could violate (11) or (12). We can also show that any per-
turbation in priors can be represented as a sum of perturba-
tions of the form in parts (b)(i) or (b)(ii) and perturbations
which are of the above three forms. Thus, without addi-
tional assumptions, no other perturbations can be assumed
to preserve the SMLR property. O

PROOF OF (c). Similar to part (b). O

ProoF OF (d). After grouping the pure demand distribu-
tions into three subsets (X, ..., X;), (X34, ..., X;_), and
(X, ..., X,), the desired result follows by using part (a). O

REMARK 8. Unlike MLR, we are unable to show that the
SMLR property implies that Property 3, i.e., stochastic
dominance, holds. However, we conjecture that Property 3
is not redundant when SMLR is assumed instead of MLR.

It is worth contrasting Theorem 1, Theorem 3, and
Corollary 1. Even though all of them pertain to whether CM
is obtained when the prior distribution gets perturbed, they
differ significantly. Theorem 1 implies that even though
the priors at the beginning of each period are updated as
more information becomes available, the conditional dis-
tribution of the demand in each period still satisfies CM.
Thus, CM is always obtained regardless of the actual evo-
lution of demand. In contrast, Theorem 3 states that if we
were to perturb the original priors, then only certain per-
turbations will preserve the SMLR property. The two are
different statements: The first pertains to updating the pri-
ors over time; the second to changing the priors before
demand information is obtained. Finally, Corollary 1 states
that if CM is required to hold for any initial priors, then
the MLR property is necessary. Like Theorem 3, this is a
statement about perturbing priors before any demand has
been observed.

5. Conclusions

CM is a useful property to have when interpreting early
demand information. It justifies the prediction of higher
demand in the future based on larger sales in the past. How-
ever, CM cannot be assumed to hold automatically. In this
paper, we derived the necessary and sufficient conditions
for CM to hold in the Eppen and Iyer (1997) model. There
are stronger conditions given in the literature under which
CM holds. The interested reader is referred to the work of
Cohen and Sacrowitz (1993, 1995) as well as the chapter on
multivariate stochastic orders in Shaked and Shanthikumar
(1994), for further details.

Appendix

LEMMA 1. Ifa>0,b>0,¢c>0,d>0, >0, then
aa+c
ab+d
if and only if

<e); (14)

Z <5 (15)
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Proor. If (14) holds, then (15) is obtained by cross-
multiplying terms, canceling aab from both sides and rear-
ranging the remaining terms. If (15) holds, then there exists
a 6 > (<)1 such that 6¢/d = a/b. Thus, we obtain

aa—+c
ab+d

aa+6c a

< (2 =—.
( )ab+d b

LEMMA 2. If a/b 2 (L)c/d, a/b = (L)e/f, and b > 0,
d>0, f>0, then a/b> (L)(e+ac)/(f + ad) for a = 0.

ProofF. Cross-multiplying a/b = (<)(e + ac)/(f + ad),
we obtain af + aad > (<)be + abc. This inequality holds
when af > (<)be and ad > (<)bc both hold, which
can be obtained by cross-multiplying a/b > (<)c/d and
a/bz(Se/f. O

LEMMA 3. Let a;, b, i=1,2,...,n be greater than zero.

Then,

Z::,:la Z[ 1 i (16)
Yinbi T XL fib;

forall 0K fy < f, <--- < f, if and only if

Z; 1 4 > Z;-l:m ai (17)

Zjll

for every i =1 to n.

n
Zj=i+l b;

PrOOF. We shall establish this lemma by use of induction.
Let n=2. Then,

fia; + fra, _ fila; +ay) + (fr— fi)a,
fibi+ by fi(by4by) + (f, = f1)by

Then, either f, — f; > 0 or f, — f; = 0. If the latter case
holds, we have equality in (16). If the former case holds,
then applying Lemma 1 we see that (16) is equivalent
to (17). Thus, for (16) to be true it is necessary and suffi-
cient that (17) holds.

Let the lemma be true for n. Assume that (17) holds for
i=1 to n. Then,

Zn-H
Zn+lﬁhl
_ St a) + NS G-t et (b= H X5 6 (g
filby +b)+ (= h+ )b+ (L= )X b
In (17), let i = 1. Then,
ﬁ Z;l+21 aj (19)
bl g Z;+21 b]
which implies by Lemma 1,
n+1 n+1 n+l1
NI LIPPY S L) (20)

YHb b+ YT b,

Let i = 2. Then, by (17),

n+1
@ty o e1)
b1+b2 = Zn—Hb

j=3"J

Let e=a, +a, and f = b, + b,. Then, (17) is satisfied by

e+zj‘:3 J e+27+tl+l j
f+2i=b; f +307 5 by

forevery i=2ton+1.
Moreover, using (22) and the fact that Lemma 3 holds
for n,

e+ X a fet T (L= h+ e

(22)

n n (23)

FHYX b~ Af+ X5 (= H+ )b
because 0K fi < f5— L+ ishhi— L+ A< < fu—
fZ +f1

We know by (20) that
erl+|l a; Z;Hzl a;

n+1 2 n+1 (24)
Zi=] bi Zi=2 bi
or
Yilla _Blh—f)Xha;

o o B=1. (25)
Yrh (A=) b,
Then, by Lemma 1 and (23),
Z:HII a;
Slh,

B(fz fl)ZnHa + fi(a, +az)+2”“(f L+ f)a
T (=R b+ (b b))+ X (f— f+ F)b,

f1(01+az)+2”“(f Lt fai+ (- f1)27+2la
fl(bl +by) + XI5 (fi = L f)bi+ (= ) T b
Zn+l
le+1ﬁb[
This shows the sufficiency of (17) for n+ 1.
To establish the necessity of (17) we have only to pro-
duce a single 0 < f, < f, < f3 < -+ < f,4, for which (16)

does not hold when (17) does not hold. Let the inequality
in (17) fail to hold for some i. In this case, set f; = f, =

f3=---=f;=0, and the rest of the fs equal to one. Then,
due to the fact that (17) fails to hold for i,

Y14 Z;:ilﬂ 4;

Z/ 1 b Z;l:ll-%—l bj

Therefore, by Lemma 1,

i 1 1 1
le 1 a + Z;H—HA a Z;H—Hrl a ZVH'
n+1 < n+1 b. n+1 b
Z; 1 j Z] =i+1 j Z_j=i+l J Z fz i

which is the desired contradiction. [
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CONDITION FOR REMARK 4. Let the demand observed in
periods 1 to n be x, x,, ..., x,. Let x=>"7_, x;/n. Then,

Pr(d, =x,,d, =x,,...,d, =x, | distribution is i)

L& =\
=K. i J
o5 2(7") ]
n =\ 2 - 2
X, —X n{x—m
=K. _ J _ - i
e 2() -5 ]
n{x—pu; :
:MK,exp[——( ) } (26)
2 o
where

e 15(5)]

The value of M is independent of distribution i. Hence,

)

Pr(distribution is i)
__Kexp[-(/2)(G-p)/0)]
S Kiexp[—(n/2)((F - w)/o)’]

Thus, x is the sufficient statistic. Similarly, it can be verified
that SMLR (and MLR) hold.

ConNDITION FOR REMARK 5. Consider the case when I =2.
Let the densities of the demand in the first two periods be

(27)

A(x) = Kle*(1/2)[(xfli1)/01]2 and B(x) = I(ze*(1/2)[()f*liz)/¢72]2

respectively. If SMLR (7, 7,) holds, then (m,B)/(A)
should be increasing in x. We differentiate (7,B)/(m A)
with respect to x to obtain

d 772[{26—(1/2)[()(—#2)/02]2
dx | m K e 1/210—m)/oP

(M) BE_BA| _(m)\Blxzm _xTia ] g
m)LA A2 m )AL o} o |

Observe that

1. [(x = p) /0% — (x — p,)/0}] is increasing in x if
l/o}>1/03.

2. Thus, at x = 0, [(x — ,)/0? — (x — p)/0Z] =
My/0} — @y /o? >0 is necessary and sufficient for SMLR
(77, 7,) to hold.

3. It can be shown by induction that when [ =n we
need

1 1 1 lu’n /‘Lnfl

_22_22_2 and >
o 03 7, o, On

Mo My
252
g, 0]

CONDITION FOR REMARK 6. Let
I=3 and C(x) = Kgg_(l/z)[()‘—l-'ﬂ)/%]z_

Let oy < 0y, 0y < 03, and I‘Ll/a-lz < ;1,3/032, ,“«1/(7'12 <
2
M/ 0.

Observe that for SMLR to hold (I =3, i =2 in (8)), we
need (m,B + m,C)/(m A) to be increasing in x. This is
guaranteed by the conditions stated in the previous remark.
We also need (I =3, i =1 in (8)) m3;C/(mA+ 7 B) to be
increasing in x. After differentiation with respect to x, this
simplifies to requiring

X — X — X — X —
mB| T2 - A TR 2B
. g

2 3 0 03

or
mB[x—p, x—ps] X—Hy X3

—_ + — >0. 29
7|l ] 2
Therefore, if
x_M2>x_M3 as -X_M1>x_,“~3

o3 o3 [ o? o3

by assumption for all x, the result is trivial. But we know

7723|:X_I-L2 _X_M3]+|:X_M1 _X_M3:| >0,

2 2 2 2
mA[L 03 o3 o 3

2 2
M 03 — 305

2_ 2
05 — 05

when x > (30)

Therefore, as (7, B) /(7 A) is increasing, it is sufficient if

sup BN X~y X — s
2, 52 2_ 2 7TIA 0-22 0-32 =
xe[O, (Hp05—p305) /(03 ‘72)] =0
X — X —
N [ B 2#3} >0. (31)
(o 03 10

This condition is weaker than MLR. Table 1 was con-
structed using this inequality. [
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