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On variance amplification in a three-echelon
supply chain with minimum mean square error

forecasting

Takamichi Hosoda', and Stephen M. Disney

Abstract

We analyse a three echelon supply chain model. First-order autoregressive end consumer demand is assumed. We
obtain exact analytical expressions for bullwhip and net inventory variance at each echelon in the supply chain. All
of the three supply chain participants employ the order-up-to policy with the minimum mean square error forecasting
scheme. After demonstrating that the character of the stochastic ordering process observed at each level of the supply
chain is mathematically tractable, we show that the upper stream participants have complete information of the market
demand process. Then we quantify the bullwhip produced by the system, together with the amplification ratios of
the variance of the net inventory levels. Our analysis reveals that the level of the supply chain has no impact upon
the bullwhip effect, rather bullwhip is determined by the accumulated lead-time from the customer and the local
replenishment lead-time. We also find that the conditional variance of the forecast error over the lead-time is identical

to the variance of the net inventory levels and that the net inventory variance is dominated by the local replenishment

lead-time.

Index Terms

Bullwhip effect; order-up-to policy; inventory variance; information sharing; supply chain management; minimum

mean square error forecast.

1. INTRODUCTION

The bullwhip effect, a well known phenomena in supply chain management was first popularised by Forrester [1],
and various ways of quantifying bullwhip have been suggested. Chen et al. [2] suggest using 0'%) /o-%, where 0'2D
denotes the variance of demand and o-?) refers to the variance of orders placed by a retailer. Simply, this equation
represents the ratio of the input variance to the output variance. Because of its simplicity and understandability,

many researchers have adopted this equation to describe the magnitude of bullwhip (e.g. [3], [4], [5]). However,

Disney and Towill [6] argue that this equation is only one half of the bullwhip problem as the replenishment rule
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also influences the inventory dynamics. They suggest that 0'12\,3 /a'%), where O—IZVS denotes the variance of the net
inventory levels should also be considered. The net inventory is the on-hand inventory, that is, the stock actually
you have, minus any backorders.

Inspired by Lee er al.’s [7] model structure, we investigate a sequential three echelon supply chain in which the
demand in a market place follows a first-order autoregressive (AR(1)) process. The participants in the supply chain
are the retailer, the distributor and the manufacturer. Moreover, we assume that each participant adopts the order-
up-to (OUT) policy with a minimum mean square error forecasting (MMSE) scheme (Fig. 1). Our research herein
is concerned with how the structure of the stochastic demand process evolves as the orders move up the supply
chain. We measure the magnitude of the bullwhip effect using 05/02 to quantify order variance and 0%, /0% to
quantify net inventory variance. The net inventory variance measure is of importance as it allows us to determine
the necessary safety stock level to achieve a required service level such as a fill-rate or availability target.

It is well recognised that the information sharing has an impact on the dynamics of a supply chain. A number
of research papers assume that the retailer uses an exponential weighted moving average (EWMA) forecasting
method even though an AR(1) demand process is assumed in their models (e.g. [8], [9]).! Here, a natural question
arises: Does the benefit of information sharing still exist, if the retailer adopts the MMSE forecasting scheme? Lee
et al. [7] use the MMSE scheme in a one retailer and one manufacturer supply chain model. An AR(1) demand
process and order-up-to policy with an MMSE forecasting scheme at retailer is assumed. Under the constraint that
the manufacturer employs only the latest order from the retailer, they suggest that there is a value of demand
information sharing. On the other hand, Raghunathan [10] argues that without up-to-date information sharing, the
manufacturer can still forecast the orders placed by the retailer correctly because the manufacturer already has
enough information; it is all contained in historical ordering data.

In addition, some researchers (e.g. [3], [11]) recognise that for the ordering policy presented in Lee et al. [7], the
replenishment order placed by the retailer follows an ARMA(1,1) process, whose specification is a function of the
autoregressive parameter of demand and the replenishment lead-time. The most significant difference between these
pioneering papers and this contribution is that we consider not only the transformation of the demand process and
the order variance amplification (bullwhip), but also the amplification of the net inventory variance in a three echelon
supply chain model without making an approximation, as it is common. The quantified net inventory variance at
each echelon enables us to recognise the relationship between the demand pattern, the lead-time, the number of
echelons to the end consumer, the forecast error, and the variance of the net inventory levels.

Remarking upon our methodology, we will use a combination of statistical approaches, discrete control theory
and simulation. Using these approaches together we will achieve some understanding of a fairly complex model.
The statistical approach is very useful for gaining insight into the structure of the ordering process as it moves

up the supply chain. However the statistical approach will become rather unmanageable when we consider the

From practical point of view, this assumption of exponential smoothing forecast methods seems reasonable because in the real business world

the exponential smoothing forecast method is widely used as it is computationally efficient, mathematically tractable and readily understood.
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net inventory variance as the expressions for the covariances between the states of the system are very complex.
However, with control theory techniques, these intractable expressions are avoided altogether. Simulation will also
play an important role?; quickly verifying our model and its workings.

Our paper is organised as follows. In the next two sections, the demand model and the ordering policy model are
introduced. We will then introduce our three echelon supply chain model. In Section V, we analyse the bullwhip
ratio in the supply chain. The measurement of net inventory variance amplification ratio is derived by using a

control engineering methodology. We conclude in Section VIIL.

II. T DEMAND MODEL

Let us assume the demand pattern faced by the retailer is an AR(1) process. The AR(1) demand process assumption
is common when autocorrelation exists among the demand process. Many researchers employ this assumption (e.g.

[21, [31, [5], [7], [8], [9], [12], [13], [14], [15]). The formulation of AR(1) process is given by
D, =d+pD;_ + &, (D

where D, is the demand at time period 7, p is the autoregressive (AR) parameter, —1 < p < 1, and & is a i.i.d.
white noise process with mean zero and variance o-2. We note that this white noise processes can be drawn from
any continuous distribution, e.g. normal, log-normal, gamma, exponential etc. We may set d = 0 without loss of
generality, thus the long term mean of the demand rate is zero. This has the advantage of not having an initial

transient response. The general expression for the variance of the AR(1) process is

2
£

1-p%

P (o

O—AR(]) -

III. THE ORDERING PoLicy MoODEL

Vassian [16] shows the ordering policy represented by (2) minimises the variance of the net inventory levels over

time,
0,=D! - WIP, - NS,, )

where O, is the order quantity placed at time period ¢, Dﬁ is the conditional estimate of the total demand over the
lead-time, [, WIP, is the total orders which are already placed but not yet received, and NS, is the net inventory

level at the end of period . WIP, can be expressed by;

0 if the lead-time is 1,
WIP, = 3)
f;i O,_; otherwise.
Since the net inventory is the on-hand inventory minus backorders, NS, can be negative. Under the condition that

a review period and the lead-time are constant, NS, can be described as
NS, =NS,1+0,;,-D,. 4)

’Interested readers may visit to our web-site and experience the variance amplification using a simple supply chain simulation model at

http://www.bullwhip.co.uk.
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This equation assumes that O,_;, which is received at the beginning of time period ¢, fulfils the demand at time

period t.

A. Order-up-to Policy

The OUT policy can be represented with two equations;
O = Di+(S;—=S8r1), (5
S, = Di+kéy, (6)

where §; is the OUT level at time period ¢, and & is a conditional estimate of the standard deviation of the forecast
error over the lead-time. This policy allows O, to be negative, in which case we assume that excess inventory is
returned without penalty as commonly assumed (see, [2], [3], [12], [13], [14] for example). k is a chosen constant
to meet a desired service level such as the fill-rate or availability objective. Note that the OUT policy expressed
as (5) and (6) has been used in several papers (e.g. [3], [5], [7]). Interestingly, (2) and (5) are identical (The proof
is provided in Appendix I). In this section, we use (5) because of its simplicity. (2) is used to generate the block

diagram in Fig. 8.

B. The Relationship Between the Net Inventory Variance and the Forecast Error over the Lead-time

The OUT policy ensures that the variance of net inventory levels and the variance of forecast error over the
lead-time are equal. This fact originates in [16]. We may restate (4) as
!
NS, =Dl = > Dy
i=1
as shown in Appendix I. The RHS of the above equation clearly represents the forecast error over the lead-time.
This result means that the forecast error made at time period 7—/ is the same as the net stock inventory at time period
t. Therefore, when the time horizon is infinite, the variance of the net inventory levels is equal to the variance of
forecast error over the lead-time. Vassian [16] also shows that if an order is placed according to the policy described
by (2), the variance of the net inventory levels is minimised for the forecasting policy employed. Therefore, the
ordering policy represented by (2) or (5) ensures the variance of the net inventory levels is both minimised and
identical to the variance of the forecast error over the lead-time. This fact allows us to compute the variance of
the forecast errors over the lead-time instead of computing the variance of the net inventory levels directly (for
example, see [17]). This result also highlights that an MMSE forecast scheme is an essential ingredient to minimise

inventory in supply chains.

IV. Our THRrREE EcHELON SupPLY CHAIN MODEL

The sequence of events in any period at any echelon is as follows: the order placed earlier is received, and the
demand is fulfilled at the beginning of the period, the inventory level is reviewed and ordering decision is made

at the end of the period. We will now describe the three echelon supply chain model where each echelon uses
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the OUT policy with the MMSE forecasting scheme. In this paper, we assume a periodic review period but do
not assume a specific length of the review period. All of the results here are consistent whichever review period
is adopted (day, week, month, etc.). Note that in the case of a single echelon supply chain, this OUT policy has
been shown to be optimal by Johnson and Thompson [18] for a zero lead-time and linear inventory holding and
stockout costs for the lost sales case. However, the optimal policy for a multi echelon supply chain is not yet well

understood. We will use the subscript n (n = 1,2, 3) to represent the echelon level.

A. The Retailer’s Ordering Policy (n =1)
In an OUT policy, O, , the order placed by the retailer at the end of time period ¢, can be expressed as;

O D+ (Si1 = Si-11), @)

S

D} + k6. (8)
NS, 1, the net inventory level of the retailer at the beginning of the period ¢, is given by
NSt,l = NSt—l,l + 01_[1 - D,.

It is well known that the MMSE forecast is provided by the conditional expectation [19, pp.133-135]. With an

MMSE scheme, ﬁﬁ] and 6'121 become;

! 1=ph
ﬁil = E{Z D,y | Tt} = F)(T::)Dt = pA, Dy, )
i=1
I Lo(i-1 2
5'[2] = Var ZD’“ | T,} = Z{Zp’} o-ﬁ
=1 =1 Ui=0
2 2
A "

{ I (1 —p2)+
IAYNES
_ p(L=p")" " =p=2) ) 1
- 2 2 T ( )
(1-p)yd-p°)
where A;, = (1 -p")/(1-p), and 7; = {D;, D;_y, D, 3, ...}, the set of all observed demand. Thus, from (7), (8), and

(9), the retailer’s order at time period ¢ can be expressed as
O,1 = Dy + pAy, (D, — D,_y). (12)
Using (1) and (12), we have the retailer’s order quantity for the period 7 + 1,
Or1,1 = Ot + (1 + pAj)Er1 — pAy & (13)

Note that (13) is a scaled ARMA(1,1) process which has been previously reported by [11], where the general

expression is given by

Oui1,1 = pO; + &141 — 0, &;.
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Here 6, is the moving average (MA) parameter of the retailer’s ordering process. Let us introduce an error term

expressed as
&1 = (1 + pAy)e;.

We may then rewrite (13) as

pA .
1+pA;, "7

which represents an ARMA(1,1) process with 6, = (pA;,)/(1 + pA,), and A, = (1 - p")/(1 = p). (14) shows that

Oi1,1 =pO0s1 + Erp11 — (14)

the retailer’s order contains all the information contained in the demand process, that is the values of p and &;. The

general expression of variance of the ARMA(1,1) process is

2 _ 1+6>-26p ,
ARMA(1,1) 1 _pz

where 6 is an MA parameter, and o2 is the variance of the error term. Appendix II details our control engineering

g

oy,

methodology for calculating variance ratios. Appendix III applies it to the long-run variance of an ARMA(1,1)

demand process.

B. The Distributor’s Ordering Policy (n =2)

O,», the order placed by the distributor at the end of time period ¢, and NS,,, the net inventory level of the

distributor at the beginning of the period ¢ can be expressed as;

O = 0,1 +(Si2—Si-12), (15)
Sia = O0F +k0, (16)
NSi» = NS 12+011,2— 0.

Consider an MMSE forecasting scheme. We can express Oizl and (3'[22 as;

L
Ofl = E Z 0t+i,l I Tt,l) = Alzot+l,l7 17)
i=1
L
g, = Var ZOHLI |T;,1)
i=1
2 h+h
g, N2
= ; I=p (18)
(1-p)? i;};l( )
I3 (1 —p2)+

_ ph+! (1 —plz)(pll” 4 pltltl _0p 2) - )
(1 =-p2-p?) -

where A, = (1 = p")/(1 = p), Ops11 = E(Os11 | Or1,8) = pOry — pAy &, and 7,1 = {O11,0,-11, 0421, ...}, the

set of all observed orders placed by the retailer. We can obtain from (15) - (17) the following expression for the

distributor’s ordering process,

Oy = 011+ AL(011 = Op)). (20)
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Now, we can find the distributor’s order quantity for the period 7 + 1 with (13) and (20),
(21) can be rewritten as

Oz = PO+ (oA, + PP Ay A, = pAy Ay, + A, + D

— (pAy, + P*AL Ay, — pAL Ay, + pAL e
Ot+l,2
where

PO12 + Erv1p —

PAL + PP AL AL = pALA, + pA

> E12,
pAL + p* AL AL — pAL AL + Ay + 1
&2 = (pAn, + p* Ay Aiy, — pAL A, + pAy, + D
Interestingly, (22) is also an ARMA(1,1) process with

PAL + p* AL A, = pAL A, + pA,,
where 0, is MA parameter for the distributor’s ordering process,
T = pAlz +p2A11A12 _pA11A12 +pAl]'

T
T A + PP AL — pAL AL +pAL + 1 E

—
=

e

C. Manufacturer’s Ordering Policy (n = 3)

(23)
= pAl2 +p2A[1A[2 _pA11A12 +pA11 + 1, and

0[,3

The manufacturer’s order and net inventory level at the end of time period ¢, are given by;

Op+(Si3—S8i-13),

Al A
Sz = Osz +k30'[3,
NS{S

24)
= NS 13+0 53— 0.

0!

We find OAf"z and 6'123, considering an MMSE forecasting scheme;
%

E

(25)
I3
Z Ouip | Tr,z] = A, O,
im1
oA'Z2 = Var
3

i
0t+i,2 | T2
i=1
0_2

Li+h+l;
&

(26)
(1-p)?

> (1-4)
i=l+h+1

I3 (1 —p2)+

(27)
p1|+12+1 (] _p13)(p11+12+1 +pzl+zz+z3+1 —20- 2)
- (1=-p)(1 —p?)
where A13 =(1 _,0[3)/(1 -p), Ot+l,2 = E(Oz+1,2 | 0[,2: &) = POt,2 - Y&, and T2 = {Ot,27 0z—1,2, 01—2,27
be expressed as

fopdt

(28)
all observed orders placed by the distributor. 7" is described in (23). Referring to (24) - (26), we find that O,3 can

.}, the set of
O3 = O+ Ap(O12 - 0p2).

(29)

21

(22)
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Substituting (21) into (29), we obtain the following,
O13 = pOi3+(E +pALE = ALT)e — (V' + pALE — AL T s
Incorporating
&3 = (& +pALE - AL T)e;,

into (30), and after some simplification, we find that

T+ P/\lgE - A13T

Oi13 =p0s3 + 113 — £
i) +p/\[3: —A/3T

1,3

Again, interestingly, we obtain an ARMA(1,1) ordering process (31) with an MA parameter of
0 = T +pALE - AT
PO EHpALE - ALT
Applying (23), (32) can be rewritten as
_ 0, +pA, = ALO,

? 1 +p/\[3 - A[392 '

(30)

€1y

(32)

We find that not only is the order process faced by distributor an ARMA(1,1) process, but also that the order

process faced by the manufacturer follows an ARMA(1,1) process; furthermore both can be expressed in terms

of the parameters of the market demand process. Therefore, the manufacturer will have, as the distributor does,

complete information of the market demand process with the MMSE scheme. Fig. 2 summerises how the original

AR(1) demand process is changed by the OUT policy with the MMSE scheme as it proceeds up the supply chain.

Disney et al. [20] have observed that the ARMA(1,1) demand model matched real world demand patterns within

the consumer goods industry. Within the OUT policy with the MMSE scheme, when an ARMA(1,1) process is

assumed as the market demand process, we will observe that an ARMA(1,1) ordering process also occurs at the

higher levels of the supply chain. Details are shown in Appendix IV. Thus the ARMA(1,1) process is, in a sense,

“absorbing”.

V. BurLLwHIP IN A THREE EcHELON SuPPLY CHAIN

Let the variance amplification ratio (bullwhip) of orders (VR,.4.r) be given by;

VRorder [Retail]

VR yrger[Distri] =

VRorder [Manu]
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where 07, o-él, 0'202, and 0%3 are the variances of D;, Oy, 0,5, and O3 over an infinite time horizon respectively.

Each variance can be described as;

2
2 _ 0-8
o = =7
(1 _pll+l)2+
2
, p2(1_pl|) _2p2(1_pl|+1)(1_pl]>
o = o,
” (1= pP(1 = p?)
(1 _p11+12+1)2 +
2
) 0 (1 _p11+12) _ 2,02(1 —pll”Z”)(l _p11+lz) )
0o, = > 5 o
: (I=p)*(1 -p?)
(1 _pl.+lz+[3+1)2 +
2 L\ A 2 (1 habal+1) (1 Dbt
oo p(l_plzx) 2p (1 o+t )(1 plzz) N
” (1-pp(1 - p?) ’
(34) - (36) reveal that when I, + I, or I; + [, + I3 is constant, the value of the 0'202 or 0'203

Thus, the following insight is revealed.

(33)

(34)

(35)

(36)

keeps its original value.

Insight 1: When each participant in supply chain uses the OUT policy with the MMSE forecasting scheme,

it is the sum of the accumulation of all downstream replenishment lead-times (or the echelon lead-time) and

the local replenishment lead-time that influences the variance of order rates in a supply chain and not the

number of echelons.

Proof: For convenience, let us use L,, where L, represents the sum of the accumulation of all

downstream lead-times and the local replenishment lead-time in a supply chain. We will then have a general

expression for the variance of order,

(1 _pL¢+1)2 +
pz(l _pLe)Z _ zpz(l _pLy+1)(1 _pLe)

(T =p2(1 =) e

which has no information on the number of echelons in a supply chain.

Combining the variance expressions surrenders the variance ratio of order;

20(1 ) (1)

VR,rqer[Retail]l = 1+ ,
l-p
(1 _p11+lz+1)2 + 2 (1 _pl,+zz)2 _
o 2p2(1 _pl1+l2+l)(1 _p11+lz)

VR, 4er|Distri] = d-pp s
(1 _p1]+12+13+1)2 + 2 (1 _p1,+12+13)2 _
2,02 (1 _p1,+12+13+1)(1 —p’1+]2”3)

VRorder[Manu] =

(1-p)?
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We have plotted VR,,4., under the condition that —1 < p < 1 with four patterns of lead-time settings constrained
to I} + I, + I3 = 15 in Fig. 3. From this figure, we will find that:
« bullwhip effect does not occur when p < 0. The proof is provided in Appendix V.
In the case of p > 0, we can see that:
o The VR, are almost identical when p is relatively small (e.g. p < 10.2]).
o VR,.4er[Manu] is not affected by the values of [, [, or I3. As we expect, it keeps the same shape under the
constraint that /; + [, + /5 is constant.

o The condition VR4 [Retail] < VR, 4. [Distri] < VR, 4.-[Manu] is observed for all lead-time settings.

VI. THE NET INVENTORY VARIANCE AMPLIFICATION RATIO IN A THREE ECcHELON SupPLY CHAIN

From our description in Section II and IV, we may now develop a block diagram of the three echelon supply
chain with the MMSE forecasting. The block diagram is shown in Fig. 8. The transfer function of the net inventory

levels can be found from this block diagram and from this we may derive the variance of the net inventory levels;

I (1—p2)+
N O (O e I
s A-pPa-p)  ° 7
12(1—p2>+
pli+! (1 _pl2)(pl|+1 +phthtl —2p — 2)
Ths: = (=P ) 7 o
l3(l—p2)+
L+0h+1 1= I3 L+h+1 l+12+13+l_2 -2
ET P (1= ph) (ph#h+! 4 ph p-2) - 9

(1-p)*(1 = p?)
where 0'%,51, o-%,s2, and 0'12\,53, are the variance of the net inventory levels at the retailer, the distributor, and the
manufacturer, respectively. Comparing (37) - (39) to (11), (19), and (28), we can recognise that the net inventory
variance is identical to the variance of forecast error over the lead-time, as we expect. Here, we have the following
two insights:
Insight 2: When each participant uses the OUT policy with the MMSE forecasting scheme, it is the local
replenishment lead-time that dominates the variance of the net inventory levels and not the accumulation of
the downstream replenishment lead-time, if the value of p is close to zero, and/or at least one of {Lg,, +
1, Laown + lioear} 1s large enough.
Proof: As an expression of the variance of the net inventory levels, we can use (10), (18), and (27)
instead of (37), (38), and (39) because the variance of net inventory is equal to the variance of forecast error
over the lead-time. For convenience, we use Ly, and [, to represent the accumulation of the downstream

replenishment lead-times and the local replenishment lead-time, respectively. Note that L,,, = 0 for the
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first echelon. This will yield a new general expression for the variance of the net inventory level,

2 Laown+liocal

o N2
P 2, (-0
(A =P)" i1
And this can be rewritten as
Laown+liocal i\2
2 1-p
o T
i=L g +1 P

Here, the value of o-ﬁ is constant. Since | p |[< 1 is assumed, we have

n(v=2) =[5
Iim|—— =|— .
im0\ 1 —p ]—p

Now, if we exploit this relationship, we have the approximation of the variance of the net inventory levels,

2 dei‘j]w“’ =0\ o 1Y x 1 (40)
g 0 - RO\ 77— ocal -
& 1 _p & _p l [

1
Liown+1

This is the case that the [j,.,; has a dominant impact on the the variance of net inventory levels. This

relationship (40) is valid if:

1) the value of p is close to zero, regardless of the value of Ljy, O ljpcq, and/or

2) at least one of {Ljown + 1, Liown + liocar} 1S large enough, regardless of the value of p.
|
The second condition is not critical as it may be seen in terms of the dominance of /j,.,. Fig. 4 shows the
distributor’s variances of the net inventory levels in the cases that case 1: [,y = 1 and case 2: 5.,y = 2 under the
constraint Ly, + locar = 3. Even when the total replenishment lead-times for each case are equal and small, the
dominance of /;,., is clearly shown in Fig. 4; the variance of net inventory levels for case 1 is always bigger than
that for case 2; at any value of p.

Insight 3: When each participant uses the OUT policy with the MMSE forecasting scheme, the variance
of the total net inventory, 0']2\,5] + 0'12\,82 + 0'12\,53, can be expressed as the variance of forecast error over the
accumulated replenishment lead-time and is independent from the number of echelons to the end consumer.

Proof: Again, we will use (10), (18), and (27). The sum of the variance of the net inventory level in
the supply chain can be obtained as;

2 2 2
ONs, TONs, T Ons, =
I I+l Li+h+l
o_g 1 (1 i>2 1+ . ; 2 1Hh+i3 | ; 2
TN PR (R W)
T o D(1-p p P
pP) \iZ i=l +1 izl +h+1

2 l] +lz+l3

1l
(N
ol
S
1M
—_
|
bw
SN—

= ES ) an

where L, = [} + [, + [3. (41) does not contain information on the number of echelons any more, but does

contain information on the accumulated replenishment lead-time in the supply chain. |
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We now obtain the net inventory variance amplification ratio (VR;,,), which is given by;
2

o
VR [Retail] = —2L,
9p
2
VR, [Distri] = —22,
)
2
VR;y[Manu] = N; 2
)
Using the results in this section, VR;,, is expressed as;
I (1 - p2) +
(1) (" ~p-2)
VR, [Retail] = > ; (42)
(1-p)
b (1 - pz) +
pl‘“ (1 _plz)(pI]H +p11+12+1 —20- 2)
VR;,,[Distri] = s (43)
2
(1-p)
I (1 - pz) +
plithat] (1 _plg) (p1,+12+1 + phtlthtl_0p 2)
VR;[Manu] = > (44)
(1-p)

We have plotted VR;,, under the condition that —1 < p < 1, with four patterns of lead-time settings, constrained
to [y + I, + I3 = 15 in Fig. 5. From this figure, we will find that:
« The net inventory variance is also affected by the value of p.
« Even when p is negative, we will find that the net inventory may still vary more than demand.
« In contrast to VR, the affect of the local lead-time can be clearly seen. In the case of /; = 12, even though
the retailer takes the closest position to the market, the net inventory variance is bigger than the distributor’s
and the manufacturer’s net inventory variance. Furthermore, the level of supply chain has less impact on VR;,,,

as we expect from Insight 2.

VII. CoNcLUSION

We have investigated a three echelon supply chain, constituting of a retailer, a distributor, and a manufacturer,
using a combination of statistical methods and control theory. We assume the demand process follows an AR(1)
stationary process and each supply chain participant adopts the OUT policy with the MMSE forecasting scheme.

The OUT policy minimises the variance of the net inventory levels with a given forecasting method and that
the minimised variance of the net inventory levels is equal to the variance of the forecast error over the lead-time.
This interesting characteristic can be applied to an evaluation of inventory performance in the real business. Simple
comparison of the variance of net inventory levels and the variance of forecast error over the lead-time yields useful
insights on the inventory performance. For example, if the variance of net inventory levels is greater than that of

the forecast error over the lead-time, there might be room to improve inventory turn over. However, if both values
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of variances are (nearly) equal, inventory management is under control and one way to improve your inventory turn
over is to increase the forecast accuracy.

The AR(1) demand process is transformed into an ARMA(1,1) process as it moves up supply chain. The
autoregressive parameter keeps its original value, although the moving average parameter is changed at every each
echelon. The value of the moving average parameter is a function of the autoregressive parameter, the accumulated
downstream lead-time, and the local replenishment lead-time for the echelon in question.

As the ordering process contains complete information of market demand, the upstream supply chain participants
may exploit an ARMA(1,1) model to estimate both the autoregressive and the moving average parameters to create
the MMSE forecasts. Then, with knowledge of the accumulated lead-time and the demand process, each participant
may estimate the quantity of its demand over the lead-time. Thus, with the set of assumptions in this paper, and as
suggested in Raghunathan [10], there is no benefit of information sharing in terms of the forecast accuracy among
supply chain participants. This result leads us to a practical insight. Before thinking about information sharing with
your downstream customer, it might be better to identify the demand process you face and the ordering policy the
customer uses. If the demand process follows ARMA(1,1), and your customer employs the OUT policy with the
MMSE forecasting method, you might already have full information of the demand in the market place.

To describe the character of a three echelon supply chain, we used two measurement methods; VR,,4.r, and
VRiu. In terms of VR4, the number of stages in the supply chain does not affect the value of VR, 4.,. Only
the accumulated lead-time has an impact upon VR, 4.,. Also, we find that the local lead-time has the dominant
impact on the variance of the net inventory levels, if the value of p is close to zero, and/or at least one of
{Laown + 1, Laown + liocai} 18 large enough. Therefore, reducing a local lead-time will allow all upstream suppliers to
reduce their local order related costs, but it will also have a large positive effect on local inventory holding costs.
Via simulation, we have shown that VR, [Retail] may be greater than VR;,,[Manu], even when VR, [Retail] is
smaller than VR,,4.-[Manu].

Finally, we have also extended Vassian’s [16] finding that the conditional variance of forecast error over the
lead-time is identical to the variance of the net inventory levels to a multi echelon supply chain setting. We have
shown that the variance of the fofal net inventory levels can be expressed as the variance of forecast error over
the accumulated replenishment lead-time. To estimate the variance of the total net inventory level, it is sufficient
to conduct an analysis of a single echelon model with the accumulated replenishment lead-time (L,), instead of a

multi echelon model, and calculate the variance of the net inventory levels or the forecast error over the lead-time.

APPENDIX |

ANALYSIS OF OUR ORDERING PoLicy MODEL

First, we consider the case that lead-time is greater than one. Without loss of generality, we assume k = 0, thus

S, = ﬁﬁ. Using (4), O, can be written as

Oy =NS;1—NSyi1+ Dy (45)
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Substituting the above equation into (3), we will have another expression of WIP,,

-1
WIP, = NS .- — NS, + Z D,... (46)
i=1

Then, (2) can be rewritten as;

0, D! -~ WIP, - NS,

-1
St _{NSHII - NS, + ZDHi)_NSt

i=1

-1
Si— (NSHII + ZDHi

i=1

By using (2), (45), and (46), the second expression on the right hand side of the above equation can be written as
i
NS 1 = [)i—l - Z Dy 4.
i=1
This yields the required expression for Oy;

0, = D!-WIP,-NS,

-1
= S, - (N5z+1—1 + > Dpi

i=1

I -1
= S,- (Di—l - Z Dy 14 + Z Dt+i]
i=1 i=1
1 -1
Z D 14 - Z Dysi
i=1 i=1

= Di+(S;—Si1),

+8,-D,

which is identical to (5). To obtain the last equation, we use Zle D, _14i— Zf;{ D,.; = D,. Following the same steps

as above, yields the same conclusion for the case of unit lead-time where WIP; = 0.

AppeNDIX 11

ARRIVING AT VARIANCE EXPRESSIONS WITH CONTROL THEORY

From a verbal description it is easy to develop block diagrams that represent a supply chain in z-transform
notation. We refer readers to Nise [21] for an introduction to block diagrams.

The block diagram may be manipulated with simple techniques to yield transfer functions. From the transfer
function the required expressions for the variance amplification ratios may be determined using Cauchy’s contour

integral, see (47), where F(z) is the transfer function relating the input to the output of the system [22].

2

T Outpu 1 e
VR = 2" - 9§F(z)F(z Nz ldz. (47)
O-Input 2r V_l
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The contour integral may be evaluated easily using a technique due to Astrom et al. [23] that was further refined
by Jury [22]. Let us present the approach of Jury to derive our variance expressions. We refer readers to Jury [22]

for any required proof of his approach. Let the following form,

n bl. ;
Flo) = B(2) _ ié) ¢
AR &

describe the transfer function relating input to output of the variance ratio we require. The coefficients a; and b;

obviously depend on the transfer function in question. Next construct 2 matrices, X1 and Yy of the coefficients

of A(z) as follows;

a, dap-1 du—a .. ap | [ 0O 0 . 0 a
0 a, a1 a, 0
Xp41 = 0 0 ap . ap ,Yni = : 0 a . a
0 ay a; . au
I 0 0 0O 0 a, | | a0 a1 a .. a

Jury shows that the variance ratio is given by

Xu1+Y
VR = | Xns1 n+l b ’
ay| Xo+1 + Yoe |

where [Xni1 + Yasalp = [Xni1 + Yaia] with the last row replaced by [26,b0,2 % bibien-1,. .2 5 bibin1,2 57 b2,

Thus, a simple algebraic process will construct a variance ratio expression.

AppenDIX 11T
DERIVING THE VARIANCE RATIO EXPRESSIONS
By way of introduction, let us first consider the simple case of calculating the variance of the AR(1) demand. It
is easy to see from (1) that the block diagram of the AR(1) process is as shown in Fig. 6.

Without loss of generality, we assume d = 0. Rearranging the block diagram we arrive at the following transfer

function,
DR 1
ez) 1-pz
This transfer function has the following constant coefficients;
b() = O, ap = —p.

and

by

Il
—_

a1=1.
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Arranging these coeflicients into the X;,; and Yjy4; matrices yields;

a; ap 1 —p
Xn+1 - = )
0 ap 0 1
0 ao 0 —p
Yo = =
ap ap -0 1

Thus the [Xps1 + Yne1] and [Xy41 + Yae1lp matrices are;

1 20
[Xn+1 + Yn+1] = ,
- 2
1 -2p 1 20
Xn+1 + Youilo = =
| 2bob1 2(bj + bY) 0 2
The determinants of these two matrices are;
| Xnia + Yo | = 2(1-p)),

| Xn+1 + Yn-%—l |b 2.

Assuming that the variance of the random shock is unity, we may determine the variance of the AR(1) demand as;

2 | Xo+1+ Yor1 b 2 1

TR = Xt + Y1 | 200 —p2)  1-p2

The ARMA(1,1) demand pattern is also very easy to determine using the same approach. Let us illustrate our
procedure once more. The block diagram is shown in Fig.7. The transfer function of D, is given by

DG -0

&z) z-p

Then we can see the following constant coefficients;
by = -0, ap = —p.
and
by =1, ap =1.

Arranging these coeflicients into the X;,; and Y,.; matrices yields;

ay Qo 1 Y
Xn+1 = = ’
i 0 aq | i 0 1
» 0 ap | | 0 —p
Yo = =
| ap a | i —pP 1
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Thus the [Xu41 + Yos1] and [Xn+1 + Yne1]p matrices are;

1 -2p
[Xn+1 + Yn+1] = >
- 2
1 -2p 1 -2p
[Xn+1 + Yn+1]b = =
2bob; 2(b§ + b%) -20 26*+1)
The determinants of these two matrices are;
| Xne1 + Yoo | = 2(1-p7),

| Xn+1 + Yast b 2(6% + 1) — 46p.

Assuming that the variance of the random shock is unity, we may determine the variance of the ARMA(1,1) demand
as;

) [ Xner 4+ Yaur by 201467 -26p)  1+6°—26p
AV gy | Xt + Yae | 2(1-p?) 1-p%

o

Now let us turn our attention to the three echelon supply chain model. It is easy to develop the following block
diagram (Fig. 8) of our supply chain. From Fig. 8 we may identify the system transfer functions that relate the net
inventory levels and order rates at each echelon of the supply chain to the white noise process. Here, we provide

the transfer functions of the retailer’s order process and the net inventory level;

01 _ p-z+(=1p""
&@) @-pp-1

NS|(z) 710 (—z(l +72'(0-1))+p+(z— 1)p1,+1)
sx) z-Dz-p)p-1)

From these transfer functions we may use Jury’s Inners approach to determine the variance ratios (Note that we
also have to divide this by the variance of the demand). We have omitted these results here as there are rather
lengthy, although they are available upon request for interested readers.

Interestingly, we note that an alternative block diagram (Fig. 9) may be derived that is dynamically equivalent
to Fig. 8. From here it is obvious that there is no value of information sharing in this traditional supply chain, as

market place information is clearly, already shared and exploited in this model.

AprPENDIX [V

DERIVATION OF RETAILER’S ORDERING PROCESS witH ARMA(1,1) DEMAND PROCESS

ARMA(1,1) demand process can be expressed as
D1 = pD; + £141 — Ogy, (43)

where p is AR parameter, 6 is MA parameter, and &, is a i.i.d. white noise process with mean zero and variance

o-ﬁ at time period ¢. With the MMSE forecasting scheme, ﬁf‘ becomes;

o d (1-p") A
D'=E ZD,H' |7, | = ﬁDzﬂ = A Dy, (49)
i=1
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where A;, = (1 -p")/(1 - p), Diy1 = pD; — 0g;, and 7, = {D;, D,_1, D,_, ...}. T; is the set of all observed demands.

Thus, from (7), (8), and (49), the retailer’s order at time period ¢ is expressed as
O.1 = D, + A, (D1 = D). (50)
Incorporating (48) into (50), we have the retailer’s order quantity for period ¢ + 1
O = pO + (L + A0 = A 0)&r1 — (0 + Ayp — A O)e,. (5D
If we introduce an error term which is expressed as
e = +A,0- 4,0,

then we may rewrite (51) as

0 — 00,1 + 9+A11p—/\119
t+1,1 = PUL1 T E41,1 1+/\11,0—/\11981’1’
which represents a scaled ARMA(1,1) process with the converted new MA parameter
0+ A[lp - A[l 0
1 +A11p _Allg.
APPENDIX V

Burrwaip Does Not Occur IF -1 < p <0

Let L, represent the accumulated replenishment lead-time. Thus, the expression of the variance ratio of order

will be

(1 _pLg+1)2 +,02(1 _pLe)2 _

2p2 (1 —pL”Jrl)(l —pL”)

VRorder = (1 _ ,0)2

After some algebraic simplification, we have

2
VRoraer = 1 + T _,Dp)2 (_sze+2 +p2Lp+l +pr+2 —pl—p+ 1)‘

To show the bullwhip will not occur, it is enough to describe that the second term of the above equation is negative,

which will make the VR, 4., < 1. However, since —1 < p <0 and (13# <0, it is sufficient to show that;

_p2L¢,+2 +p2Le+l +pLe+2 _pLe —p+ 1>0. (52)

Case 1: L, is even.

Since —1 < p <0 and L, is positive integer, we can see that

pL5+2_p2Lg+2 > 0,
—-pl-p = 0,
Pt > 0.
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Thus, the sum of the all left hand expressions in (52) is positive.

Case 2: L, is odd.

[1]
[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

(1]

[12]

[13]
[14]

[15]

[16]

[17]

Similarly, but with a little modification, we will have;

th,+2 -p > 0,
_p2Le+2 _ pLe > 0’
plrle1r > 0.

Again, the sum of the all left hand expressions of (52) is positive.
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Fig. 1. Three echelon supply chain model
Retailer Distributor Manufacturer
ARMAC(1,1) ARMAC(1,1) ARMAC(1,1)
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Demand Ordering I\?I\[/IJFSFE Ordering MMSE | Ordering

Fig. 2. Transition of the market demand
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