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ABSTRACT

In this paper, the cost impact of incorrect assumptions about the demand process in a supply chain in
which there are two participants, a retailer and a manufacturer, is considered. When participants in
the supply chain do not notice serial correlation in the demand process, they would turn to a simple
inventory model based on an /./d. demand assumption. A mathematical model that allows us to quan—
tify the cost incurred by each participant in the supply chain, when they implement inventory policies
based on correct or incorrect assumptions about the demand process, is developed. This model en—
ables us to identify how much it differs from the optimal costs.

Keywords: Cost impact, Supply chain, Incorrect assumptions about the demand process

1. INTRODUCTION

Serially correlated demands are a characteristic of most of today’s consumer
product industry (Lee, et al. [7] and Erkip, et al. [3]). Since most commonly known
inventory models are based on the assumption of i.i.d. demands, practitioners in
industry tend to use these simple inventory models, even when demands are
highly autocorrelated. In some cases, practitioners may not realize that demands
exhibit serial correlation. In other cases, even though they know that there is cor-
relation between successive demands and that this correlation is significant,
practitioners may still choose to implement a simple inventory policy based on
i.1.d. demands. This choice may be due to a lack of knowledge regarding the form
of optimal policy, a desire to use a simple inventory policy or a desire to use a sta-
tionary policy. »
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Today retailers and other members of the supply chain now have access to sig-
nificant amounts of demand information thanks to recent advances in information
technology which have reduced the costs of information sharing and the time re-
quired to communicate and process this information. These advances include point-
of-sale (POS) scanners, bar-coding technology, electronic data interchange (EDI),
and online inventory and production control system (Buzzell and Ortmeyer [1]).
The use of EDI, in particular, has become widespread. EDI not only allows informa-
tion to be shared between the various stages of the supply chain, but also allows
more frequent ordering and replenishment. One estimate states that the use of EDI
can reduce the cost of processing a purchase from $150 to $25 (Verity [10]).

Therefore, the pitfalls resulting from this non-optimal practice, namely, in-
correct assumptions on the demand process, under information sharing, need to
be quantified, which is the goal of the paper.

The remainder of this paper is organized as follows: Section 2 reviews the
previous research related to this paper. Section 3 develops a simple supply chain
model and Section 4 shows major findings about the cost impact of incorrect as-
sumptions on the demand process. Final remarks are addressed in Section 5.

2. LITERATURE REVIEW

2.1 Inventory Control Under Correlated Demand

In this subsection, some of the relevant research on inventory control for supply
chains with correlated demands is briefly reviewed.

Urban [9] notes that traditional reorder point models assume that the aver-
age demand rate changes very little with time. The author analyzes the effect of
serially correlated demand on the determination of appropriate reorder levels. In
this case, while the expected demand during lead time is equal to the long run
expected demand over the expected lead time, the expected demand in the short
run is not equal to the long run average. The author examines the determination
of accurate reorder levels for first order autoregressive demand processes, which
are updated every period, conditional on the most recently observed demand.
From a numerical analysis, the author indicates that traditional approaches for
determining reorder levels can result in excessive inventories and shortages for
high levels of autocorrelation. _

In this paper, traditional inventory models are compared with accurate in-
ventory models as well. However, this paper differs from Urban [9] in that a peri-
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odic review model rather than a continuous review mode! is considered and in
that the impact of traditional inventory models is compared with accurate inven-
tory models for the entire supply chain rather than for a single stage system.

Zinn, et al. [11] conduct extensive experimentation on the effect of autocorre-
lation on safety stock and find that (i) observed stockouts will be significantly
more frequent and larger than expected when demand is serially correlated, (ii)
the effect of autocorrelation on the number of stockouts observed is directly re-
lated to the variability of customer demand and (iii) the effect of autocorrelated
demand on the number of stockouts observed is inversely related to the variabil-
ity of lead time from suppliers.

Lee, et al. [7] consider a two stage supply chain consisting of a single retailer
and a single manufacturer. The demand process seen by the retailer is serially
correlated and both the retailer and the manufacturer know the exact form of the
demand process (e.g., both of them know the mean demand, the variance of the
error terms and the correlation parameter). The retailer and the manufacturer
follow order-up-to inventory policies based on the most recently observed demand
data. The authors find that sharing customer demand information can signifi-
cantly reduce the costs at the manufacturer, particularly when the serial correla-
tion is quite high.

This paper utilizes similar settings as those addressed in Lee, et ol. [7]. How-
ever, this paper differs from all of this previous research, including Lee, et al. [7],
in that the assumption that the supply chain members know the exact distribu-
tion of demand does not hold.

2.2 The Bullwhip Effect

An important phenomenon in supply chain management, the bullwhip effect,
suggests that demand variability increases as one moves up a supply chain. For
example, empirical evidence indicates that the orders placed by a retailer tend to
be much more variable than the customer demand seen by that retailer. This in-
crease in variability tends to propagate up the supply chain, distorting the pat-
tern of orders received by distributors, manufacturers and suppliers. The bull-
whip effect is a major concern of many manufacturers, distributors and even re-
tailers because the increased variability makes the supply chain much more diffi-
cult to manage and can lead to increased costs due to overstocking throughout the
system and the excessive capacity required due to this overstocking.

Chen, et al. [2] quantify the bullwhip effect, i.e., the increase in variability
that occurs at each stage of the supply chain, due to demand forecasting and or-
der lead times. They determine tight lower bounds on the variance of the orders
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placed by the retailer relative to the variance of the customer demand observed by
that retailer. i

A more detailed discussion on the bullwhip effect has been covered in Lee, et
al. [5, 6). These papers discuss the four major causes of the bullwhip effect: de-
mand forecast updating, order batching, price fluctuations and rationing/shortage
gaming. They also discuss the cost and managerial impacts of this increase in
variability. They suggest several methods for reducing the impact of the bullwhip
effect, including information sharing, channel alignment, and operational effi-
ciency.

The research mentioned in this subsection demonstrates that the information
structure can have a significant impact on the variability in a supply chain.
Therefore, since increased variability usually leads to higher costs in the supply
chain, it seems clear that the information structure will have a significant impact
on the costs. In this paper, this bullwhip literature is extended to investigate the
impact of the information structure on the costs in a supply chain.

3. A SUPPLY CHAIN MODEL

3.1 Preliminaries

In this paper, a simple supply chain consisting of a single retailer and a single
manufacturer is considered. External demand occurs at the retailer for a single
item. A periodic review system is considered, in which each participant reviews
his or her respective inventory level and orders from the upstream participant
once per review period. ‘)

A summary of the key notation used in this paper is provided at the end of
this subsection. In this notation lower case letters are reserved for the retailer
whereas upper case letters are reserved for the manufacturer. Let ¢ denote the
review period for the retailer and [ denote the lead time for the retailer, where [ is
a nonnegative integer multiple of ¢ (l.e., [ € {0, 1 ¢, 2 ¢, --+}). Similarly, let C de-

note the review period for the manufacturer, where C is a positive integer multi-
ple of the retailer’s review period (i.e., C=mc where m € {1, 2, 3, ---}). Let L de-
note the lead time for the manufacturer, where L is a positive integer multiple of
C (.e., L=MC=Mmc where M € {1, 2, 3, ---}). Notice that we require L > C > c.
Let I'=c+1 (L'=C+ L) be the effective lead time for the retailer (manufacturer).
Therefore, L'= C+ L= mc + Mmc = c(m + Mm). Finally, let h, p (H, P) denote the
unit holding cost per item per period and shortage cost per item for the retailer
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(manufacturer). We assume that no fixed cost is incurred when placing an order.
The underlying demand process faced by the retailer is an AR(1) process. The
approach presented here can be extended to an AR(n), n € {1, 2, 3, -}, process.

However, the analysis involved becomes much more complex. Since the purpose of
this paper is to gain managerial insights, only the AR(1) process is considered.
Let d, be the demand faced by the retailer during period t¢. Then, d, can be

written as:

dy=p+pd, y+é&, - )

where 4 is a non-negative constant, p is a correlation parameter with -1 <p <1,
and the error terms, ¢,, are i.t.d. normal random variables with mean 0 and vari-
ance o?. It is also assumed that , is large enough relative to o so that the
probability of negative demand is negligible. It can be easily shown that, as t—>w,

o2
1-p
mands are i...d. with mean , and variance 2.

. Finally, if =0, Equation (1) implies that de-

E[Dt]=1—_”7 and V[D,]=—"—

Next, the sequence of events within each review cycle is described. First, con-
sider the events occurring at the retailer. At the start of every review cycle, at
period t, where t € {1, 1+¢, 1+2¢, ...}, the retailer observes the inventory level and

the previous demands and calculates the order-up-to level, y;:, j =s, n, from which
the retailer determines the order quantity, gj¢, j =s, n, to place to the manufac-
retailer and the subscript “n”
refers to the “naive” retailer. These terms will be defined more clearly in Subsec-

%y

turer. Here the subscript “s” refers to the “smart

tion 3.2. The subscript t refers to the time period. The retailer will receive the
shipment of this order, placed at the start of period ¢, at the beginning of period ¢
+ [. Excess demand is backlogged.

Next, at the start of period ¢, where ¢t € {1, 14¢, 142c, ---}, the manufacturer

receives and ships the required order quantity g;:, j =s, n, to the retailer. In order
to simplify the analysis, it is assumed that the manufacturer can always ship the
entire order to the retailer. This assumption requires that, if the manufacturer
does not have enough stock on hand to fill the order quantity, the manufacturer
can always find an alternative source to borrow from, with some additional cost, P
per unit, and that the borrowed items are returned to the source when the next
replenishment arrives, as if they were backlogged items. This assumption is iden-
tical to that made by Lee, et al. [7] and is required to obtain closed form expres-
sions for the expected costs at each stage.

Next, suppose the manufacturer places an order at the start of period ¢,
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where t € {1, 1+C, 1+2C, 1+3C, ...}, right before the retailer orders, based on the

inventory level and the demand information shared by the retailer. This order
will arrive at the start of period, ¢ + L. Finally, the supplier from whom the manu-
facturer orders is assumed to have infinite capacity, so that the manufacturer's
order is always satisfied after the fixed lead time, L.

In this model, it is assumed that the retailer and the manufacturer determine
the order quantities in such a way that, they believe, minimizes their own total
expected holding and penalty costs over an infinite planning horizon, namely,
long run average total inventory costs per period. Thus, the retailer and the
manufacturer will use order-up-to inventory policies based on inventory position
(on hand plus on order). Since the review cycle is fixed and the per unit per period
holding cost and per unit penalty cost are fixed, in order to model the behavior of
the retailer and the manufacturer, it is assumed that each participant takes a
myopic approach to the infinite planning horizon, based on the perceived demand
distribution and the obtained demand information.

Showing the notations to be used in this paper concludes this subsection.
First, the notations for the retailer are summarized in Table 1.

Table 1. Notation for Retailer

Notation Description

c review period

I lead time

I effective lead time, !’ = l+¢

h holding cost per unit per unit time

p penalty cost per unit associated with backlogged demand

z safety factor

d ld_ actual demand in period ¢, given the most recently observed demand, d,_,

d'd,, actual total demand over the effective lead time, /', starting in period ¢, given the
most recently observed demand, d,_,

dt’l (d,l;t) perceived total demand over the effective lead time, I’, starting in périod ¢, as
perceived by smart (naive) retailer

Yo Yut) order-up-to level for period ¢ for smart (naive) retailer

z,,(2z.0) standardized value of order-up-to level for period ¢ for smart (naive) retailer

z,(z,) expected value of z,,(z,,)

af. (af_) variance of z,,(z,,)

9..:(a,,) order quantity placed by smart (naive) retailer at the start of period ¢

iny, (inv,) average inventory level per period for smart (naive) retailer

8.(8,) long run average total inventory costs per period for smart (naive) retailer
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Note that in Table 1, dfit ,J] =s, n, represents the perceived effective lead time
demand at the retailer while d!'|d, , represents the actual effective lead time

demand.

The parameters for the manufacturer are defined in the same way as for the
retailer, but with the lower case letters replaced with capital letters. For conven-
ience, only the notation for the case of the manufacturer with smart retailer is
shown in Table 2.

Table 2. Notation for Manufacturer

Notation Description
C review period
L lead time
L’ effective lead time, L’=L+ C
H holding cost per unit per unit time
P penalty cost per unit associated with backlogged demand
VA safety factor
DLI' actual total demand over the effective lead time, L’, starting in period ¢,
t
i faced by the manufacturer
Dg' (Dk/ \ ) perceived total demand over the effective lead time over the effective
s WJAls . < N . . .
lead time, L’, starting in period ¢, faced by smart (naive) manufacturer
L (L
Yo (YN.tls) order-up-to level for period ¢ for smart (naive) manufacturer
ZL (ZL‘ ) standardized value of order-up-to level for period ¢ for smart (naive)
Stls &N tls
manufacturer
Zs‘s (ZMS) expected value of Z.é,'ns (Zﬁm)
02“ (Ggm_) variance of Z, (Zl%ll,tl s)
INVgi (INVy,) average inventory level per period for smart (naive) manufacturer
long run average total inventory costs per period for smart (naive
Gs Is Gy ls) P
manufacturer

The other cases are defined in a similar manner. For instance, s will be re-
placed by n if the demand stream faced by the manufacturer with naive retailer,

e.g., D}, willbecome D .

3.2 COST ANALYSIS AT THE RETAILER

Given the model outlined in Subsection 8.1, an approach for determining the long
run average total inventory costs per period at the retailer can be described. For
the retailer, two cases are considered. First, the retailer may be aware that the
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demand process follows an AR(1) process and may take advantage of this knowl-
edge to determine the order-up-to level, y,,. This case is referred to as the smart

retailer and the subscript j =s is used to denote the smart retailer. Alternatively,
the retailer may not be aware that the demand follows an AR(1) process and thus
may resort to an inventory model based on the assumption of i.i.d. demands to
determine the order-up-to level, y,,. This case is referred to as the naive retailer

and the subscript j = n is used to denote the naive retailer.
First, the actual effective lead time demand seen by the retailer is described.
Note the following relationship between d,,, and d,, from Equation (1):

d.\d = l—pk+1 + pFlg +i k—u kef{0,1,2 -} (2)
t+1 t-1— 1 p H+p t-1 P gt+u,) € ) Ly Ay .

- u=0

Equation (2) can be used to show that

I'-1
dtl = Zdnu ld,_,=0(d, ) +6'(&;,6,1, " &41-1)s (3)
u=0

where 8(d, ;) is a linear function of d, ;, the most recent demand observation,
and 6'(s,, 6,1, &.r,) 18 @ linear function of future unobserved error terms,
£, €415 Erar—1 - From Equation (3), it can be seen that the actual effective lead
time demand, d!'|d,_,, follows a normal distribution with mean 6(d, ;) and vari-
ance V[8'(g, 6.1, &r-1)]-

Next, the order-up-to level for period ¢, denoted by y;,, j=s,n, is calculated

as y}-yt=E[d§:t]+z‘lv[d§it]’j=s’ n,where d!, j=s,n, is the random variable repre-

jite
senting the effective lead time demand starting in time period, ¢, as perceived by
the retailer, and z, the safety factor, is a constant chosen to meet a desired service
level. Notice that the perceived effective lead time demand is used by the retailer
to determine the order-up-to level. The costs incurred by the retailer will be a
function of this order-up-to level and the actual effective lead time demand.

Next, long run average total inventory cost per period incurred by the retailer
is considered. To calculate the expected holding cost per period, an approximation
for the average inventory level, given by Silver and Peterson [8], is used. Let the
expected demand during the retailer’s review period of length ¢, starting at t + 1,
given d, ,, be E[d{,,|d,;] and let the expected demand over the effective lead

t+

time, starting at ¢, given d, ,, be E[d! |d, ;]. Then, for a periodic review inven-
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tory system with order-up-to level y, , j=sn, the average inventory level over

the ¢ periods between ¢+ and ¢ +1', denoted by inv§,,;, j=s,n, is approximated

as follows:

¢ .
invs,. =y;, -E[d}| dt_l]J,_E[‘it—;Idﬂ ,J] =8, n.

Therefore, the expected average inventory level per period can be represented
as follows:

inuj=E[yj,t]-E[d}']+—’W%]-,j=s, n, “4)
where E[d/]= E[E[d] |d,,]] and E[d,]=E[E[d},;|d, ]

To calculate the expected shortage cost per period, an expression for the ex-
pected number of stockouts between periods ¢ + [ and ¢ + I’ for a fixed value of y, ,

J =8, n, can be written as
[7 @f V-, )dF ] 1d, ), =8, m,

where F(d} |d, ;) is the cumulative distribution function (cdf) of demand for the
I' periods starting at period ¢ given the demand in the previous period, d,_, . Since

d,,; 1d,_, follows a normal distribution, the above formula can be simplified to:

YVidlid, ] j“’ (x—z; )p(x)dx , ] =8, 7,

Vie=Eldildi ]

YVidlid,

is the standardized value of the order-up-to level. Here @(s) is the probability

where x is a standard normal random variable and .. _ j=s, n,

distribution function (pdf) for the standard normal distribution. The mean and
variance of the standardized value of the order-up-to level, z ; and cl,j=s, n,

respectively, are defined as follows:
Zj=Elz;,], o =Vlz;,1.i=s, 1, ()

where the expectation and the variance are taken over d,_, .

According to Zipkin [12], using a standard transformation, the above expres-
sion for the expected number of stockouts per review period can be further simpli-
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fied to:
WVidhd10pez; -2, -0, = 5, m,

where @(s) is cdf of standard normal distribution. When using this formula to cal-
culate the expected stockouts, a difficulty occurs when z;,, j=s, n, is a random
variable due to the dependence of y;,, j=s, n, on the previous demand observa-

tions. For this model, since z i J =8 n, follows a normal distribution, we have:
E[¢(z;,)-2;, 1-D(z;, N=hEZ A + 622/. )-Z;(1-H(z;)), J=s,n,

where the expectation is taken over z;,, and h(s) and H(s) are the pdf and cdf
for a normal distribution with mean 0 and variance 1+ 032,- ,j=s,n. For derivation,
see Kim and Ryan [4].

Since W is a constant, regardless of the specific observed value of
d, ,, the long run average total inventory costs per period, given order-up-to lev-
els, YinJ=s1, where t € {1, 1+¢, 1+2¢, ---}, denoted by g;,j=s,n, can be writ-

ten as follows:
g;=hinv, +-§,/V[d 1| hENA+02) -5, - HE D) = s.n. 6)

Notice that, in Equation (6), the expected number of shortages during any review
period is divided by the length of review period, ¢, to obtain the expected number
of shortages per period. Notice also that, in Equation (6), the terms that differ for
j=s and j=n are the average inventory level (tnvj, j =s, n) and the mean and
variance of the standardized order-up-to level (z; and o'fi , ] =s, n). Therefore, in

order to evaluate this cost for each case (j=s and j=n), it is necessary only to
evaluate these three quantities.

Finally, the retailer’s order quantity for period ¢, which becomes the manu-_
facturer's demand for that period, can be written as:

c-1

s =yj,t —Yjt-c + Zdt—cﬂu -] =8, n. (7)

u=0
In Equation (7), there exists a final difficulty with this model. The possibility ex-
ists that the retailer may not be able to raise the inventory level to the desired

-1
point in each review period. In other words, it is possible that Vit —Czdt_cw >

u=0
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;4. =s,n. To handle this case, like other researchers (e.g., Lee, et al. [7] and

Chen, et al. [2]), it is assumed that negative order quantities are allowed. If the
mean of the effective lead time demand is significantly larger than the standard
deviation of the effective lead time demand, then the probability that g;, <0,

j=s,n, is close to 0 for the model presented here, and thus this assumption will

have little impact on our results.
In the following, we use this model to calculate the long run average total in-
ventory costs per period for the smart retailer and the naive retailer.

Smart Retailer In this case, the retailer knows that the customer demands fol-
low an AR(1) process. Therefore, the perceived effective lead time demand at the
start of time period ¢, follows the actual effective lead time demand distribution.
In other words, d!, =d/' |d,.,. Therefore, the order-up-to level for smart retailer, at

the start of time period ¢, £ = 1, 1+¢, 1+2¢, -+, can then be written as:

350 =Eld{J+2yVid],) )
=E[d{1d, 1]+ 24VId] 1d,,].

Note that it is assumed that the retailer has sufficient past demand data to
calculate good estimates of 4, p and &, possibly using some standard forecasting

technique, and then uses these estimates, along with the most recent demand, to

calculate E[d!,1=E[dd, ;] and \[V[d!,1=yV(dld, 1.

In this case, since the retailer adjusts the order-up-to level according to the
most recently observed demand, d, ;, the long run average total inventory costs

per period does not depend on specific time period. Also, note that z,, =z, There-

fore, z,=2 and o2 =0. In addition, from Equation (4),

inv, = E [E [d})+2Vd ’s‘,,]}- Erat)s Eldeal

2
=2VIdlld, 4]+ %(1_55]

Given the expressions for z,, ¢? and inv,, the long run average total inventory

costs per period, using Equation (6), can be calculated.
In addition, the order quantity placed by the retailer at the start of period ¢,
from Equation (7), can be written as:
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1- r c-1
st =p( 1 P J(dt~1 —dt—c—1)+ Zdt—uu' (9)
-pP u=0

Finally, as an example qf this model, consider the case in which ¢=1, [=0
and I'=1.Then y,,=p+pd, ,+z0 and g, =y, -y, 4 +d,_ =+ p)d,-pd, 5.

Naive Retailer A naive retailer believes that the effective lead time demand is
i.l.d. from a normal distribution with a mean and a variance that can be esti-
mated from some set of previous demand observations. Therefore, the perceived
effective lead time demand, 4%, at the start of time period ¢, follows a normal

n,t:

distribution with mean
dl' [l'z_:l J H
Eld,,)=E| ). d;, =l'(——j
t P tHu 1-p

and variance

-1
V[dfi,51=V[ zodm}vw [d 1, 11+ VId! 1d, 4]

. ! -1 ' , ,
Notice that V[dln,t]=V[Zdz+u:]=V[E (a4, 1+ VIdE, 12 VIE[dL, 1. The order-up-to level

u=0
for naive retailer, at the start of time period ¢, =1, 1+¢, 1 +2¢, ---, can then be

written as:

Yy =E [drl;,t I+ z\/V[drlz',t]

=p(lfp]+thunﬁwdbﬂ]+ng,%_d'

(10

Note that it is not assumed that the retailer in this case knows x4, p and o,
and use these parameters to calculate E[d},] and V[d},]. Instead, given some

set of previous demand data, the retailer will calculate the mean and variance for
the effective lead time demand, assuming the demands are i.i.d., and using some
standard forecasting technique, e.g., the sample mean and variance. Given that
the retailer has sufficient data, these estimates of the mean and variance of the
effective lead time demand will equal E[d’,] and V[d},], respectively.

In this case, the retailer’s order-up-to level is constant even though the dis-
tribution of the actual effective lead time demand changes according to the most
recent demand data, d, ;. Therefore, from Equation (5), we have:
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_ Jvidi,]
Zn =2 = s
JVidh 1d, ]

o2 _VIEldy, 1d ]

® o Vidy,ld,,)

Also from Equation (4), we have:

inv, = B[ Bdl 1+ 2VidE,] |- B 1+ £l

=2|VIE[d! |d,_ 1+ VIdd, ;] +_;_(_/‘_pj

1-
Given the expressions for z,, 2 and inv,, the long run average total inventory
costs per period, using Equation (6), can be calculated.
Finally, the order quantity placed by the retailer at the start of period ¢, from
Equation (7), can be written as:

c-1
dn: = Zdt—cw- (11)
u=0

Notice that, in this case, since the order-up-to level is a constant, the order quan-
tity placed by the retailer is just the sum of the demands over the previous review
period.

Finally, as an example of this model, consider the case in which ¢=1, [=0

and ['=1. Then yn't=1/‘ +z_‘.7_7 and gq,,=d, ;.
— -,

3.3 COST ANALYSIS AT THE MANUFACTURER

Given the material in Subsection 3.2, an approach for determining the long run
average total inventory costs per period at the manufacturer can now be de-
scribed. First, notice that whether the retailer is smart or naive (j =s, n) will af-
fect the demand stream faced by the manufacturer. In addition, the effective lead
time demand distribution perceived by the manufacturer will be different depend-
ing on whether the manufacturer itself is smart or naive (J =S, N). It is also as-
sumed that smart manufacturer knows whether the retailer is smart or naive, i.e.,
knows the form of the g¢ j»J=s,n. Therefore, for the manufacturer, four cases (j =

s, n; J =8, N) will be considered.
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Next, notice that the actual effective lead time demand faced by the manufac-
turer at the start of period ¢, where t = 1+C, 1+2C, 1+3C, ---, becomes:

L m+mM-1 .
Dt[j= qu,ch Idt-l’dt—Z:"‘:J=s) n, (12)
u=0
where g;, j=s,n, are as given in Equations (9) and (11).

Next, it is easy to show that DI

i;»i=s,n, follows a normal distribution, and

can be represented as a function of the known previous demand data and the fu-

ture unknown error terms, as follows:

L ' .
Dtlj =®j(dt—1,dt—2:'")‘*'@j(gz’gz—l""r55+L'—c—1)’ J=8n.

Therefore, the actual effective lead time demand has mean

E[Df;1=0,(d,_1,d,_5,+), j=s,n,

and variance

VIDL1=VI®(e, 601, 6pc )] j= 5.1

tlj

Next, the order-up-to level at the start of period ¢, Y] j»J=8,N,j=sn, wil

be calculated as
Yy, =EIDY 1+ Z{VID}, ;1. J =S, N,j=s,n, (13)

where DL, . J=8 N,j=sn, is the random variable representing the effective
Jtlj J

lead time demand starting at time period, ¢, as perceived by the manufacturer,
and Z is a constant chosen to meet a desired service level.

As we did for the retailer, we can write the long run average total inventory
costs per period, given order-up-to levels, Yj;lj,where t € {1, 1+C, 1+2C, ---},

denoted by G, ;,J=S,N,j=s,n, as follows:

P ! 7 7 -2 .
Gy =HINV;+ VIDE}] [h@Zy 403, )-Z,,0-HEZy)]T =S, N, j=s,n, (19)

where

E[Dguj]

INV,;=E[Y;,;-E[D}]1+ , J=8,N,j=s,n,



THE COST IMPACT OF INCORRECT ASSUMPTIONS IN A SUPPLY CHAIN 43

and
Z,;=E[Z},;} 05, =VIZF,;l, =S, N,j=s,n.

As in Equation (5), z},;,J=S,N,j=s,n, is defined as

VIDE

tlj

Z5,;= ,J=8,N,j=s,n. * (15)

Now is ready to consider each of the four cases. For each case, expressions for
INV;;, ZJ” and U%JU' J=8,N,j=s,n, will be obtained to calculate the long run

average total inventory costs per period.

Smart Retailer, Smart Manufacturer In this case, at the start of period ¢,
where t € {1+C, 1+2C, 1+3C, ...}, the manufacturer will forecast the effective lead
time demand with the available demand information, i.e, d,_,, d,_,,---. Therefore,

the effective lead time demand, perceived by the manufacturer, using the rela-
tionships shown in Equations (9) and (12), is:

I I m+mM -1 1~ pl‘ L'-1
DS,tIs = Dtls = zqs,ch =P (dt+L'—c—1 _dt—c—1)+ Z dt-c+u l dt—l'
u=0 1- P u=0

This is because the smart manufacturer knows the form of a5 VE {1, 1+c, 1+2c,
...} and demands, d, |, d, ,, -, that the smart manufacturer is able to predict
q,, With no uncertainty. This, in turn, is because q,, is only a function of 4, ,,
d,_5,---, which have already occurred and have been shared with the manufacturer.

Therefore, the lead time demand perceived by the manufacturer follows a normal
distribution with mean E[DL, J=E(D},] and variance V[D{, 1=V(D}.]. In this

case, we have INVg, =2 /V[Dtﬂ‘;]+—§—%, ZS|3=Z and gih:o, Given these ex-

pressions, we can calculate the long run average total inventory costs per period
using Equation (14).

Finally, as an example of this model, consider the case in which ¢=1,7=0, I
=1,C=1,L=1and L'=2, then

1 1
Dg'l,tls = Zoqs,ch = Z ((1 - p)dt+u~1 - pdt+u—2)l dt—l
u=

u=0

=1+ p)u+A+p+p>)d,_y — pdy 5+ (1L+ p)e,.
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Therefore, we have Y&, =1+ p)u+Q+p+p®)d, —pd,_y+Zo(l+p).

Naive Retailer, Smart Manufacturer When information on the actual cus-
tomer demand is shared between the retailer and the manufacturer, using the
relationships shown in Equations (11) and (12), the manufacturer will write the
effective lead time demand, given the available information, i.e., d, ;, d,_,,-, as:

I I m+mM -1 L'-1
DS,tln =Ln = zqn,ch = Zdt—uu | dt—l
u=0 u=0

This is because the smart manufacturer knows the form of ¢, ,, ¢ € {, 1+¢, 1+2¢, ...}
and demands, d, ;, d,_,,---, that the smart manufacturer is able to predict g,,
with no uncertainty. This is, in turn, because gq,, is only a function of d, ;, d,_,,

.., which have already occurred and have been shared with the manufacturer.

Therefore, the lead time demand perceived by the manufacturer follows a normal
distribution with mean E[D{,,]1=E[D},] and variance V[D{,,1=V[D/,]. In this

case, we have INVg,=Z [V[DtLl'n]+ .g_-l_f‘_p, Zg,=Z, and agm =0. Given these ex-

pressions, we can calculate the long run average total inventory costs per period
using Equation (14).

Finally, as an example of this model, consider the case in which ¢=1,1=0, I’
=1,C=1,L=1and L'=2, then

1 1
L
DS,tIn = an,tﬂu = zduud ld;_y
u=0 u=0

=p+Q+p)d;_y +&.
Therefore, we have Y, =u+(+p)d, ; + Zo.

Smart Retailer, Naive Manufacturer In this case, the manufacturer does not
notice the correlation between the customer demands or between the retailer de-
mands. Therefore, the manufacturer will use an inventory policy based on the as-
sumption of i.i.d. demands. Therefore, the lead time demand perceived by the
manufacturer follows a normal distribution with mean E[D}, 1=E[E[Dj,]] and

variance V(D 1=V [E[Df;]1+ V[D/;,] . Here, we have NV, =Z JV[D), ]+ %ﬁ
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L L'
Zys = Z—VV[DN'”S] and 2 _w Given these expressions, we can calcu-
,/V[DL' ] " VD]

late the long run average total inventory costs per period using Equation (14).
Finally, as an example of this model, consider the case in whichc=1,1=0, I’
=1,C=1,L=1and L'=2, then

1 1
Dll\lf,tls = ZQS,HCM = ZdHu—l |dt—1 =d+p)u+d+p+ p2)dt‘1 - Pdt-z +(1+ P)Et'
u=0 u=0
From this, we have g [DJQ,'”S]ZQIL and
' -p

VD%, 1=VIEIDE 11+ V[DE]
2
(e

+(1+ p)lol.
1—p2 P

=1+ p+ o2+ p2 =21+ p+ pD)p)

2
Therefore, v}, =21” +ZUJ((1+p+p2)2+p2—2(1+p+p2)p2)10 s+(1+p)%.

Naive Retailer, Naive Manufacturer Following the same reasoning, the lead time
demand perceived by the manufacturer follows a normal distribution with mean
E[D§,.)=E[E[D},]] and variance V[D%,,1=VIE D}, 11+ VID},] Here, we have

N Ink Zoe = yIDEY

. _ ‘/V Dk VIE[DY .
INVy,, =Z\/V[D11(7,t|n] +%1f—p, Z —Z—[ N.ein] and 42 z___[ (DY 4in )] Given
tin

these expressions, we can calculate the long run average total inventory costs per
period using Equation (14).

Finally, as an example of this model, consider the case in which ¢ =1, I=0, ['=1,

, ) 1 1
C=1,L=1andL'= 2, then DI%/,tIn = Zq,.,,Hw = ZdHu-l ld,_, = /1+(1+P)dz~1 + &
u=0 u=0

From this, we have

2
E[D{\‘,,”n]:zl—f; and V[Dﬁ’t|n]:(1+p)210 - +o.

2
Therefore, vk, =2-% .Zzo (1+'02 +1 -
' 1-p 1-p
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4. BENEFITS OF USING CORRECT DEMAND MODEL

In this section, the model presented in Section 3 is used to analyze the value of
utilizing the true nature of the demand process in our simple supply chain model.

First, it is demonstrated that using the correct demand model always leads to
lower long run average total inventory costs per period. This seemingly intuitive
result is always true for both the retailer and the manufacturer.

Proposition 1. The long run average total inventory costs per period for a naive
retailer will be always larger than or equal to the long run average total inven-
tory costs per period for a smart retailer. Similarly, the same results apply for the
manufacturer.

Proof. The proof of Proposition 1 is provided in Appendix A.

Next, it may seem intuitive that the minimum cost for the supply chain as a
whole is obtained when both the retailer and the manufacturer are smart. This is
not always the case, however. To understand why, note that when the retailer is
smart and p>0, the manufacturer faces more severe bullwhip effect, i.e., the

variance of the orders placed by the smart retailer is greater than the variance of
the orders placed by the naive retailer. Therefore, when p>0, the manufacturer is

better off with a naive retailer than with a smart retailer.

To demonstrate this, it is proved first that the variance of the orders placed
by a smart retailer is greater than the variance of the orders placed by a naive
retailer when p>0. Next, it is proved that, if p>0, the long run average total in-

ventory costs per period for the smart manufacturer are lower when the demand
stream is from the naive retailer than when the demand stream is from the smart

retailer.

Proposition 2. V[g,,]>V][g,,] when p>0.

Proof. The proof of Proposition 2 is provided in Appendix B.
From Propositions 1 and 2, we have a following corollary.

Corollary 8. When p>0, we have Gg, > Gg,,.

Proof. proof of Corollary 3 is provided in Appendix C.
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5. FINAL REMARKS

The mathematical model developed in this paper has been used to evaluate the
value of using the right demand model. Clearly, the model considered in this pa-
per is quite simple. Despite the simplicity of the model, however, the question of
how the long run average total inventory costs per period at a retailer and/or
manufacturer depends on the choice of customer demand model is an important
one. Since very few participants of a supply chain operate under the conditions
assumed by most standard inventory models, it is important to understand: (i)
how the actual inventory policies used by real retailers and/or manufacturers dif-
fer from the optimal policies suggested by most standard inventory models and
(i1) how the actual costs at the retailers and/or manufacturers differ from the op-
timal costs suggested by the optimal policies.

A brief summary of the key managerial insights gleaned in this paper is as
follows:

* Knowledge of the actual demand process is always beneficial to the retailer
in terms of reducing long run average total inventory costs per period,
given that the retailer knows how to use it.

e The retailer’s knowledge of the actual demand process may induce the bull-
whip effect, thus increasing the long run average total inventory costs per
period at the manufacturer. Therefore, it is possible that sometimes a
supply chain with a naive retailer and a smart manufacturer has a lower
system wide long run average total inventory costs than a supply chain
with a smart retailer and a smart manufacturer.

¢ Shared demand data is beneficial to the manufacturer, especially when the
manufacturer understands the true nature of demand process and uses the
demand data accordingly.
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APPENDIX A: Proof of Proposition 1 in Section 4

~

First, from the expressions for z, and o? in Subsection 3.2 and the fact that

Vid} 1=VIE[d}!Id,,]1+V[d}|d, ], we have:

s Jvidh ]
z, ___ vidld.l (16)
i+l ‘/1 VIE[d{] d,.,]]
n +_l'—
‘ CHER

Next, we will show that:
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[hE)a+02)-7,0- HE D1+ 0k " (- 2p@ax.

First, from the facts that:

WMz, + 07 )=(1+0) ) —F——e

\/Zr—’l+cr { (1+0’ }}
= [ t—— £ dt

Z \[2_71',’1-#0' { (1+0' J}
= jin th(t)dt,

and that:
Z,(1- H(Z,) =%, [, h(t)dt,

we have:

[rEoarol)-5.a-HEY] [ ¢-2)R0ar.

Notice that, from Zipkin [12], J'f’ (t-Z,)h(t)dt can also be written as follows:

2 a0
\’I“"zn j z |x-
,'1+crf"

2 - }zﬁ(x)dx.

l+o;

Therefore, we have:

[h(zn)(1+az) zZ,0-H@z, ))]—,/1+a IJ__[ m

Finally, from Equations (16) and (17), we have:

] & (x)dx. a7)

[rE)a+o2)-7,a- HEN T+ o2 [*x-2) gx)dx.

In order to prove the desired result, note that the long run average total in-
ventory costs per period for the smart retailer can be written as:

—hinu,+& (‘/V[dt Id, 1] [h(z YA +0l)-Z,(- HE, ))])
_h(z,/V[d id, ,1+= ( D P fvid!1d, ] j (x - 2) ¢ (x)dx,
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while the long run average total inventory costs per period for the naive retailer
can be written as:

g =hinu, +2({Vidl 14,1 nz)0+02)-5,0- HE)

+§\/V[d;' ld, 1 ly1+ 02 [ (x-2) p(x)dx,

Since |V[Eld! |d, 11+ VId] |d,,]2yVId] |d,,] and o2 20, we have g,>g,. The

same method can be used to prove the result for the case of the manufacturer.

APPENDIX B: Proof of Proposition 2 in Section 4

r c—
First note that, from Equations (9) and (11), 4 ,= P[Ll——p—](dz_rdz-cq)’“ Z:ldt—c+u
, ~, 2

c-1 .
and Tny= 2. o> respectively.
u=0

‘Therefore, we can write

c-1
V[Qst] V|: (1 J(dt 1= t c—1)+ Zdt—c+u:'

bl }vHa_ Jo o] g
—~2Cov d,. l,p[ll'_/;l')d 1]+ 2Cov ( [11—_;::)dt_1,§dt_w]

{2
oo o1 S
[ o= D et »{g—_ﬁ'){yf;j};;w[ S

c-1
V[Qn,t] = Vl: Z_:Odt—uu:l '

P

and
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Finally, from above, V][q,,]-VIq,,] can be written as:

r\\2 r _ A€ 2
s ommeafis o)

Therefore, when p>0, the above implies V(q,,] >V|q,,]. Note that the reverse

is not always true.

APPENDIX C: Proof of Corollary 3 in Section 4

First, from Appendix A, note that:

E[E[Df; w
GS‘S_H(Z VDE ] + [ [2t|s]]]+lg VD, [ (X -2)¢(X)dX,

and that:

E[EID
Gs,n~H(Z,/V[D”n ] ""”J £ VD) 1 [J(X-2)¢(X)dX.

Next, from the fact that E[E[D/,11= E[E[D/,]l, We can write Gg,-Gg,, as:

tin

(JV[D 1-VIDE,] )(HZ +g [fx-2)p (X)dX).

Since, from Proposition 2, when >0, \/V[Dns] \/V[Dtln] >0 and the term in the

second bracket is always positive, we have Gg,,>Gg,.



