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1. Introduction

Abstract. The purpose of this paper is to mitigate bullwhip effect (BWE) in a Supply
Chain (SC). Four main contributions are proposed. The first one is to reduce BWE through
considering its multiple causes (demand, pricing, ordering, and lead time) simultaneously.
The second one is to model demands, orders, and prices dynamically for reducing BWE.
Demand and prices have mutual effect on each other dynamically over time. In other words,
a time series model is used in a game theory method for finding the optimal prices in an
SC. Moreover, the optimal prices are inserted into the time series model for forecasting
price sensitive demands and orders in an SC. The third one is to use demand of each entity
for forecasting its orders. This leads to drastic reduction in BWE and Mean Square Error
(MSE) of the model. The fourth contribution is to use optimal prices instead of forecasted
ones for demand forecasting and reducing BWE. Finally, a numerical experiment for the
auto-parts SC is developed. The results show that analysing joint demand, orders, lead
time, and pricing model by calculating the optimal values of prices and lead times leads to
significant reduction in BWE.

(© 2018 Sharif University of Technology. All rights reserved.

Dominguez et al. [3] studied the effect of Supply Chain
Network (SCN) configuration and returns of goods on

The competitive nature of business environment com-
pels each company to minimize its supply, manufactur-
ing, inventory, and distribution costs. Cost reduction
techniques are more required in case of cooperating
with other firms in an SC. One of the main causes of
imposing extra costs to entities in an SC is demand
amplification through the chain. This phenomenon
has been recognized by Forrester [1], and Lee et al. [2]
named it bullwhip effect (BWE) later. Such a destruc-
tive effect occurs when an end customer places an order,
and its order is amplified as it moves through the chain.
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BWE. They showed that returning goods increased
BWE in serial SCN more than divergent configuration
did. Moreover, Dominguez et al. [4] investigated the
impacts of important factors of SCs, including the
number of nodes and echelons and the distribution
of links, on BWE. In order to measure BWE, two
different methods were introduced by Cannella et al. [5]
including customer service level and process efficiency.
Chatfield et al. [6] introduced another type of BWE
in SCs, which was stock out amplification rather than
demand amplification. Cannella et al. [7] demonstrated
that both stock out and demand amplification were
reduced in a coordinated SC.

In order to reduce demand amplification or BWE,
its main causes should be investigated. Lee et al. [2,8]
introduced demand forecasting, order batching, price
fluctuation, rationing and shortage gaming, and none-
zero lead time as the main causes of BWE. Ma et
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al. [9] investigated the effect of different forecasting
techniques on BWE on product orders and inventory.
Ma et al. [10] studied the effect of information sharing
and demand forecasting on reducing BWE.

Several researchers have studied different forecast-
ing methods for reducing that effect [11-24]. Recently,
Montanari et al. [25] presented a new probabilistic
demand forecasting and inventory control model for
mitigating BWE. Other researchers have concentrated
on order batching, such as Kelle and Milne [26], Lee
and Wu [27], Potter and Disney [28], and Sodhi and
Tang [29].

The other cause of BWE occurrence is pricing
decisions, which are very critical in SCs profitability.
For example, Wang et al. [30] investigated price fore-
casting impacts on BWE. Other pricing research has
been performed by Ozelkan and Lim [31] and Ozelkan
and Cakanyildirim [32]. In spite of the fact that these
papers consider pricing decisions in BWE problems,
they have not studied the effect of pricing on creating
BWE. Instead, the effects of supplier’s selling prices
on price amplifications in downstream firms, such as
retailers, have been investigated. In other words,
the effects of pricing decisions on demand and order
amplification (BWE) have not been analysed. Zhang
and Burke [33] considered pricing in BWE problems.
The main drawback of that paper was that selling
prices in an SC were forecasted. However, their exact
values were extractives from an optimization problem,
and this process is investigated in this paper.

The last causes of BWE generation, shortage
gaming, and lead time were investigated by Cachon
and Lariviere [34] and Agrawal et al. [35], respectively.
Thus, in order to reduce BWE, its main causes have
been studied in the literature, leading to production
and inventory cost reduction. Although many re-
searchers have focused on reducing BWE, there is no
work in the literature to consider its multiple causes
resulting in more reduction in this phenomenon. All
the above papers concentrated on one of the main
reasons of BWE. The only research in the literature
which considered two compound causes of this effect
was performed by Zhang and Burke [36]. However,
this work suffered from the abovementioned drawback.
Therefore, there is a huge gap in the literature on BWE,
which is open to investigation. Analysing multiple
causes of BWE (demand, ordering policy, pricing, and
lead time) simultaneously is an important contribution
to decrease BWE significantly.

In this paper, 4 main contributions are proposed.
The first one is to decrease BWE through studying
multiple causes of this phenomenon (demand, pric-
ing, ordering policy, and lead time) simultaneously.
This leads to more reduction in the destructive event
(BWE). In a three-echelon SC consisting of a retailer,
a distributor, and a manufacturer, pricing decisions are

dependent and made sequentially. Therefore, optimal
values of prices and lead times of the entities in an SC
are obtained by modelling a sequential (Stackelberg)
game theory problem. A retailer decides on prices
with respect to the distributor’s selling prices, and the
distributor quotes prices based on the manufacturer’s
selling prices.

The second contribution is to model demands,
orders, and prices dynamically for reducing bullwhip
effect. Demand and prices have reciprocal effect on
each other dynamically over time. In other words, a
time series model is used in the optimization problem,
which is solved by a game theory method for finding
the optimal values of prices and lead times in the SC. In
the time series model, demands are calculated by auto-
regressive functions with an exogenous variable (ARX).
In addition, orders are modelled by moving average
functions with an exogenous variable (MAX). Then,
the optimal prices obtained from the game theory
problem are inserted into the time series model for
forecasting price sensitive demands and orders in the
SC. This reciprocal process, in which demands are used
to calculate prices and then, optimal prices are inserted
into demand functions, is done dynamically over time.

The third contribution is to use demand of each
entity in SCs for forecasting its ordering quantities.
However, in the literature, upstream order is forecasted
by using its immediate downstream order. The pro-
posed approach in this paper, in which demands of each
entity are used to forecast its ordering quantities, leads
to drastic reduction in BWE and MSE of the model.
The last contribution is to find optimal prices and
use them for demand forecasting and reducing BWE
instead of utilizing forecasted prices.

The rest of the paper is organized as follows.
Problem definition and modelling are discussed in
Section 2. BWE is measured and reduced in Section 3.
The model proposed in Section 3 is validated and
verified in Section 4. Section 5 illustrates numerical
experiments. Finally, conclusions and future research
are presented in Section 6.

2. Problem definition and modelling

In this paper, a three-echelon SC including a retailer,
a distributor, and a manufacturer in an auto-parts SC
is studied. BWE leads to demand amplification from
downstream to upstream echelons. Because of this am-
plification, upstream firms in an SC receive inaccurate
demand information, leading to excess production and
inventory costs. Therefore, there is an increasing need
to propose novel methods for measuring and reducing
the BWE problem. Studying the main causes of BWE
occurrence and trying to decrease them are significant
steps for reducing BWE. Therefore, a novel model
covering multiple causes of BWE (demand-pricing-
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ordering-lead time) is presented. The new method is
an extended version of the model presented by Ozelkan
and Cakanyildirim [32]. However, it rectifies 3 main
drawbacks of their method.

First, it investigates the effect of pricing decisions
on demand and order amplification (BWE), and it
works on mechanisms to reduce this effect. However,
the model presented by Ozelkan and Cakanyildirim [32]
neither studies the effect of prices on demand amplifi-
cation (BWE) nor presents mechanisms to reduce it.
Instead, it tries to show price amplification in SCs.
Second, in that paper, joint demand-pricing-ordering-
lead time decisions are quantified for measuring and
reducing BWE in SCs. However, only pricing decisions
are studied and other causes of BWE have not been
considered. Third, herein, due to the volatility of
demands, orders, and prices, they are dynamically
calculated over time. Moreover, demands and prices
have mutual effect on each other. Demands are used by
a time series model in the objective function of pricing
problems. Then, optimal prices are inserted into the
time series model for demand forecasting.

Figure 1 shows a three-echelon auto-parts SC
including a retailer, a distributor, and a manufacturer.
In order to solve the BWE problem, 5 main steps are
implemented. First, optimal lead time and pricing
values for each entity in the SC are calculated using a
sequential game theory approach. Second, the optimal
values are substituted in an auto-regressive exogenous
input (ARX) time series for forecasting demand of each
entity. Third, orders of each entity are forecasted using
its demands. Then, in order to validate the model, a
technique in which downstream orders have been ap-
plied for forecasting upstream orders is extracted from
literature and implemented. Next, mean and variance
of demands and orders are calculated for quantifying
BWE. Fourth, BWE is measured by means of the two
aforementioned ordering policies. The results of these
methods are compared to show which method is more
capable of reducing BWE (model validation).

Optimal values of selling prices and lead times are
used in a time series model for forecasting demands and
orders. However, autoregressive method has been used
to forecast prices in an SC in literature [33]. Therefore,

R. Gamasaee and M.H. Fazel Zarandi/Scientia Iranica, Transactions E: Industrial Engineering 25 (2018) 1724-1749

in the fifth step, two pricing approaches are compared
with each other for validating the model proposed in
this paper. MSE of order forecasting and variance
of orders are calculated for both pricing approaches.
Then, results are compared with each other to find
which method has less forecasting error and variance
of orders.

2.1. Optimal lead time-pricing decision for
retailer

First, manufacturer quotes its selling price. Then,
distributor determines its selling price based on man-
ufacturer’s quoted price. Finally, the retailer makes
pricing decisions based on prices of previous echelons.
The model is capable of calculating optimal values
for lead times in each levels of an SC. Obtaining the
optimal solutions for prices and lead times requires to
design a sequential game theory model. In such a game,
each player in an SC decides on its prices based on
prices of other players. Table 1 indicates all parameters
and variables used in the new model.

Each player in an SC tries to maximize its own
profit as it is shown in Eq. (1a). Demand function is
defined as a dependent time series variable; however, it
was a single-valued variable in the model presented by
Ozelkan and Cakanyildirim [32]. The demand function
depends on selling prices of each entity in SC, as well
as demand of previous periods. Therefore, it is an
ARX time series model, as it is shown in Eq. (1lc).
Eq. (1b) shows the inventory capacity constraint. The
retailer’s inventory level must be less than or equal
to the retailer’s inventory capacity. However, when
the retailer receives market demand, the inventory
level decreases. Thus, Eq. (1b) demonstrates that the
retailer’s inventory capacity minus the demand received
by retailer during lead time is greater than or equal to
the inventory level. Eq. (1d) indicates that the total
demand for retailers’ goods should be nonnegative. In
addition, Eq. (le) emphasizes the non-negativity of
retailer’s and distributer’s selling prices (p; and w;):

max 7r(p) = (pr — we)(qe1(Pe, ge—1,1)), (la)

st (p1 — qea(Pes qe—1,1))h > 11, (1b)

1]
Demand : Demand
ARX ARX =2 2 83 B ARX
Y | = = = = > Order
Demand ] ] ”I” l” ‘I]]_‘ Order = = = = Order |
Retailer [—J —— [_]
Wholesaler Manufacture

Figure 1. Structure of an auto-parts SC.
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Table 1. Parameters and variables of the lead time-pricing model.
Symbol Definition
qt,1 Demand for retailer’s goods in period ¢
ry Constant number in retailer’s demand function
Pt Price of retailer’s goods
Gt—1,1 Demand for retailer’s goods in period ¢ — 1
1 Retailer’s inventory capacity
l1 Lead time of retailer
5 Optimal lead time of retailer
I Retailer’s inventory level
p; Optimal price of retailer’s goods in period ¢
wi Price of distributor’s goods
Gt,2 Demand for distributor’s goods in period ¢
Gt—1,2 Demand for distributor’s goods in period ¢t — 1
T Constant number in distributor’s demand function
wy Optimal price of distributor’s goods in period ¢
2 Distributor’s inventory capacity
o Lead time of distributor
5 Optimal lead time of distributor
I Distributor’s inventory level
2t Price of manufacturer’s goods
qt,3 Demand for manufacturer’s products in period ¢
qt—1,3 Demand for manufacturer’s products in period ¢ — 1
T3 Constant number in manufacturer’s demand function
zy Optimal price of manufacturer’s products in period ¢
3 Manufacturer’s production capacity
I3 Lead time of manufacturer
I3 Optimal lead time of manufacturer
k=In (i) “s” is a desired service level; “k” is used for simplicity
me Variable production cost
K Capacity cost of manufacturer
v A constant coefficient for calculating prices in the next period
Gta = Tlp;‘”qtl:f’l 0<a,c<l, (1c) period t + 1 is calculated by Eq. (2):

G (Pesqi—1,1) >0,

Pt+1 = UPt, t= 172a"'aT'

(1d)
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(2)

pe > we >0, (1e)
where a, and ¢ are two positive numbers between zero
and one. Solving the above optimization problem leads
to the optimal values for retailer’s lead time and selling
price at period t. The optimal lead time for retailer is
equal to [ = L Then, the retail price at

H

— —ac 1—a
H1—=T1Py 4931

In order to find optimal values of prices, the above op-
timization problem is solved by extending the method
presented by Ozelkan and Cakanyildirim [32]. They
proved that if ¢ < 0 and %b(w):p* < 2 for
all p*, where p* denotes the critical point(s) of
wr(p), the optimal value of p* is equal to p* =

{plid”zf”) =q+(p-w)g =0

proof, please refer to [32]).

} (for more details of the

Using that approach
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and extending it to an equation including time series
variable, the optimal value of retailer’s selling price is
calculated by Eqs. (3) and (4).

In addition, the demand function used here differs
from the demand equation presented by Ozelkan and
Cakanyildirim [32]. In this paper, the demand function
is ARX and depends on two variables (price and
demand for previous period):

. drr(pt
Dy = {pt|()ZQt,l(pt1Qt1,1)+(pt_wt)q27120} )

I (3)
, acwy
x — 4
pt ac — 1 ) ( )
where 972(1) ig o first order condition with respect to

dpy
retailer’s sélling prices. The reaction function for the

retailer is calculated by Eq. (5):
pe(we) = g + (pe — wi)gp, = 0, (5)

l1—a

where q;1 = Tlpt_acqtl:la,l and QQ,l = 7(_(1;;&?)1’1)
2.2. Optimal lead ttme-pricing decision for

distributor
In order to determine the optimal lead time-pricing
decisions for distributor, two steps are considered as
stated by Ozelkan and Cakanyildirim [32]. First,
distributor calculates the retailer’s reaction function
presented by Eq. (5) and based on that, decides on
selling prices. Then, the retailer determines its selling
prices to end customers based on distributor’s quoted
prices. Eq. (6) shows distributor’s demand function
depending on retailer’s pricing reaction function and
demands received by the distributor at period ¢ — 1:

G2 = Qra(pe(we), qim2) = ra(pe(we)) *q, 5. (6)

The distributor’s goal is to maximize its profit through
Eq. (7a). Eq. (7b) shows capacity constraint for the
distributor’s inventory. The non-negativity constraint
for demand function is shown by Eq. (7c). In addition,
Eq. (7d) indicates that distributor’s and manufac-
turer’s selling prices are non-negative:

max T = (w; — 2¢)(qe,2(pe(we), qe—1,2)), (7a)
s.t. (2 — q2(pe(we), qi—1,2))l2 > I, (7h)
G2 (pe(we), gi—1,2) > 0, (7¢)
wy >z > 0. (7d)

Lemma 1. The optimal price for distributor’s goods
(w;) is independent of demand for previous period
(qtl_]“72)7 and is given by the following equation:

aczy

(8)

w; .
t ac—1

Proof. See Appendix A.

The next decision for distributor is to determine
the optimal lead time between receiving retailer’s
orders and delivering them. The optimal lead time for
distributor is obtained by solving Eq. (7b) as follows:

I

— : (9)
Ho — 7"2(]%71,2( SoeL)ae

5 =

2.3. Optimal lead time-pricing decision for
manufacturer

Manufacturer calculates the distributor’s reaction func-
tion presented by Eq. (10) and decides on selling prices
based on that. Eq. (11) shows manufacturer’s demand
function. The manufacturer’s goal is to maximize
its profit using Eq. (12a). The profit function for
manufacturer differs from retailer’s and distributor’s
objective functions. Manufacturer’s costs include ca-
pacity costs (Kpu3) as well as variable production costs
(m¢). The manufacturer’s inventory is subject to a
capacity constraint presented by Eq. (12b). The non-
negativity constraint for demand function is shown
in Eq. (12¢). In addition, Eq. (12d) indicates that
selling prices of distributor and manufacturer as well
as variable production costs should be non-negative:

we(2e) = 2 + (W — zt)qu =0, (10)

41,3 =qe,3(Pe(we(2t)),qe—1,3) =73 (Pt(wt(zt))facqz}:ﬁm

(11)
max 7 = (2¢ — me)(qe,3(Pe(we(2e)), ge-1,3)) — K/(Lféa)
st (3 — qe3(Pe(we(ze)), qe-1,3))ls > k, (12b)
qe,3(Pe(we(2t)), ge-1,3 > 0, (12¢)
we >z >my > 0. (12d)

Lemma 2. The optimal price for manufacturer’s
products (z;) is independent of demand for previous
period (qijﬂ?)), and is given by the following equation.

(acmy)
= —. 13
2t (QC _ 1) ( )
Proof. It is similar to Lemma 1 and, for brevity, is not
included here.
Solving Eq. (12b) leads to finding the optimal
value of lead time as follows:

. k
l3 = a?c?z; \—qc,l—a ' (14)
M3 — 7”3((“0_1)2) di—1,3




R. Gamasaee and M.H. Fazel Zarandi/Scientia Iranica, Transactions E: Industrial Engineering 25 (2018) 1724-1749 1729

2.4. Demand model for retailer

Retailer’s demand is forecasted by an ARX time series.
In order to reach this goal, natural logarithm of
retailer’s demand function is taken as follows:

In(g,1) =—acln(p;)+(1—a) In(gm 1) +1n(ri e,  (15)

where ¢, is a white noise process with zero mean and
variance of o2 and p; is the optimal value for retailer’s
price obtained from Eq. (12). The MAX process for
demand forecasting is shown by the following equation:

0 . )
In(ge) = — Eln(ﬁ) T oop te e

+ o+ e+ ., (16)

where § = —ac, p =1 —a, and 6 = In(rq).

Eqs. (17) and (18) show the expected value and
variance of retailer’s selling price. Using Eqgs. (17) and
(18), the expected value and variance of retailer’s de-
mand are calculated by Egs. (19) and (20), respectively:

Elln(p;)] = gy, (17)

Varlln(p;)] = o2

p?

(18)

Bl = (2 ) £l + (1)

() () o

2

S

mvar[ln(l)t*)] + (1(_7;)

2.5. The retailer’s ordering policy

In order to determine the retailer’s ordering quantity,
the extended and revised version of the Order-Up-To
(OUT) level presented by Hosoda and Disney [15] is
proposed here. Egs. (21) and (22) indicate the OUT
level:

Var[ln(g:1)] =

Ou1 =@+ (Seq — Si—11)s (21)
Sea =Gy + 561, (22)

According to Hosoda and Disney [15], 6;, is an esti-
mated value of the standard deviation of the forecast
error considering the retailer’s lead-time. O;; denotes
retailer’s order issued at the end of period t, s is a
desired service level, and Sy ; is the OUT level at period
t. Eq. (23) shows the conditional expected value of the
total demand over lead time ll((j,lfl):

A ll
‘Ll:fl =K (le Qt4i,1 Tt>

_ Tlpte+1qfl[1 —( %Uepff-ﬂ&)ll]

_2.0.20 _p
1—-riv Py

= Qllrlpf&)«quﬁl? (23)
where:
1= pitel )"

Qz
20,20 @
I —rjv Piv14:a

, and

1

Tt = {Qt7Qt—1,Qt—27~~~}

is the set of the demands. In order to calculate
(jéfu this assumption is taken: piyir1 = UPits, ¢ =
1,2, ...,1;. The proof for obtaining Eq. (23) is presented
in Appendix B1.

Using Eqs. (21)-(23) leads to obtaining retailer’s
orders as follows:

Otn = qen + ,rpliaaly —urplal 1, (24)

In order to measure BWE, variances of orders and
demands for each stage need to be calculated. First,
the equivalent value for ¢/, ; is obtained by Eq. (25).
Then, the retailer’s order is calculated by substituting
Eq. (25) in Eq. (24), which is shown in Eq. (26). Next,
natural logarithm of Eq. (26) is taken as it is indicated

in Eq. (27). Finally, variance of retailer’s order is
calculated by Eqgs. (28)-(30):
qt,1
qf—l,l = 9 (25)
1D
Ot1 = qiq + Oy, T1pf+161f1 — g, (26)

In(Oy1) zln(qt,l)—l—ln(l—i—QllTlprq;ffl —Q)+ea,
(27)

Var[ln(Oy ;)] =Var[ln(g.1)] + Var[ln(1
+Qllr1pf+1qffl—ﬂll]+2 cov (In(ge1),

In(1+ Qzlr1pf+1q2‘ff1 — ),
(28)

O L |

+ Var[In(1 + Q,r1ply1qfT " — )]
+ 2E([In(qe,1) In(1 + Qi r1pfy af
= ,)] = 2E(In(gr,1)] E[ln(1

+ Qllrlpg+1qnflil - Ql1 )]7 (29>
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Var[ln(Oy1)] = [(1?2@)205 + (1 jng)}

+ Var[ln(1 + Qllrlpf_l_qu:l_l — )

+ 2E[In(g: 1) In(1 + lerlpgﬂqffl

_mm—2Klf¢)%+(1f¢ﬂ

Elln(1+ Q,ripl i qfT — )] (30)

Theorem 1. The retailer’s order quantity at period
t+1 is forecasted by the ARX time series In(Oy411) =
In(ry) +0n(v) +0In(p) +1In(Or1) + €4411-

Proof. See Appendix B2.

Theorem 2. The MAX time series model of retailer’s
order is In(Oy111) = 2In(rq) + 6ln(v) + 201n(p;) +
eln(q11) + e +In(1+Q,riplgf ' — Q)+ +
Et4+1,1-

Proof. See Appendix C.

Theorem 3. The MAX time series for predicting
order quantities at period ¢+ 1 including error terms is
In(O¢411) =In(ry) +0In(v) +01n(p:) + 141,10 +1n(1+
QuriplafTt = Q) +e - %hl(pt) - ﬁ +er +
et + @Per_o + e+ ..

Proof. See Appendix D.

2.6. Demand model for distributor

In this subsection, a model for forecasting distributor’s
demand is proposed. Using the optimal values for
distributor’s selling prices from Subsection 2.2, distrib-
utor’s demand function is calculated as follows:
t=1,2,...,T, (31)

—agscy l—as

qi2 = T2wWy di 1,25

where w} are the optimal selling prices for distributor’s
goods, g2 indicates distributor’s demand time series
for the current period, and g;_; » shows its demand for
the previous period. ry is a constant coefficient. In
order to forecast distributor’s demand for the current
period, natural logarithm of Eq. (31) is taken. Eq. (32)
shows an ARX time series for distributor’s demand
forecasting:

In(qs,2) =02 In(w; ) +p2In(gra,2)+1n(re) +er2, (32)

where 0, = —agc, o = 1 — az, and &4 is a white
noise process of distributor’s demand forecasting with
zero mean and variance of o2, .

After forecasting distributor’s demand, its ex-
pected value and variance should be calculated for
measuring BWE in Section 3.

Lemma 3. The expected value of distributor’s de-
mand is:

w T )
(1—992 s 1=

and its variance is:

2
9% 0_2 4 ( 052 ) .
(1= " \1-¢3
where, 02 and p, are variance and mean of selling
prices for distributor’s goods, respectively.

Proof. See Appendix E.

2.7. The distributor’s ordering policy

A new method for calculating the distributor’s or-
dering quantity is proposed. Using this method,
each entity in an SC orders based on the demand it
receives. However, in literature, upstream orders were
calculated using downstream order. Subsection 2.7.1
describes the method proposed in this paper, whereas
Subsection 2.7.2 elaborates the technique used in the
literature.

2.7.1. The proposed method for forecasting the
distributor’s ordering quantity

In order to determine the distributor’s ordering quan-
tity, we propose the extended and revised version of
the Order-Up-To (OUT) level presented by Hosoda
and Disney [15]. Egs. (33) and (34) indicate the
distributor’s OUT level calculated using the demand
it receives:

Ot =qio~+ (St2 — Si—1,2), (33)

Sta = i + 5261, (34)

According to Hosoda and Disney [15], 4, is an esti-
mated value of the standard deviation of the forecast
error considering the distributor’s lead-time. Oy2
denotes distributor’s order issued at the end of period .
59 is a desired service level of distributor and S » is the
OUT level at period ¢. Eq. (35) shows the conditional
expected value of the total demand over lead time, Is:

Alo l2
dty = E (Zi_l Gt+i Tt,2)
%200 @2 )12]

" 5 ! .
o 7’2(w£+1)92955[1 — (r3v 9gwt+1 4t 2

-  20,/05,,,%202 02
I —rv%w, 17 q) 5

_ * 02 P2
= QlZTQ(wt+1) 4¢,2- (35)
2 T4, %200 @onl
17(7'5'1) HQU), 2qF2)'2
— +1 Ht.2 —
where ;, = e — and Ty o = {qr 2, qi—1,2,
1—r3v "2w, %9, 3
Qt-22, -}
Set:
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, . [v#1 iti=0,1
e P |

for calculating (jifz. Eq. (36) indicates distributor’s
order calculated by its received demand using equations
(33)-(35).

qul 2)-

(36)

3 02 2
Ot2 = qr2 + (Q,ra(wiyq) “sz — Qy,rawy

Theorem 4. The variance of distributor’s ordering
quantity with the proposed method is:

Var[In(Oy2)] = {(1 fi2)2 ot (1 iﬁg@ﬁ)}

+ Var[In(1 + Qu,ra(w;, )2 qf3~ L,

+2B[In(gr,2) In(1 + Qs (wi1) 273~

() ()

E[ln(l + QZQTQ(IU?-l—l)equ;il - le )]
Proof. See Appendix F.

2.7.2. The distributor’s ordering quantity calculated
by retailer’s order

In order to determine the distributor’s ordering quan-

tity, the extended and revised version of Order-Up-

To (OUT) level presented by Hosoda and Disney [15]

is proposed here. Egs. (37) and (38) indicate the

distributor’s OUT level calculated with retailer’s order.

Ot2=0¢1+ (St2— St-12), (37)

St = OF + 5261, (38)

According to Hosoda and Disney [15], §;, is an esti-
mated value of the standard deviation of the forecast
error considering the manufacturer’s lead-time. Oj ,
denotes distributor’s order issued at the end of period
t, which is calculated using retailer’s order, and ss is a
desired service level of distributor. Moreover, S; 5 is the
OUT level at period ¢ and Oizl shows the conditional
expected value of the total order over lead time Is,
which is calculated by the following equation:

R l2
lo _ .
O —E(Zizl Oyin|ve)
0,0 26,.0
_nv P Or1(l — 710 pt) _ 0.0
= =V,rv p;O¢1,
1 120 .0
A K 7 (39)
1—71v Oepy)] 0,0
where Vi, = Wa Ory1p = 110 °piOa,

and v = {041,0¢-11,0:_2,1,...} are the set of the

observed orders placed by the retailer. Now, in order
to quantify BWE, variances of orders and demands for
each stage should be calculated. The proof of Eq. (39)
is given in Appendix G1.

Theorem 5. The variance of distributor’s ordering
quantity, which is calculated by orders received from
retailer, is:

(Var[ln(l + gl — )]

+ {(1_@)20;} + Var[ln(1 + Vlzrlvlgp? - V1,)]

26 -
+7Cov(1n(1 + Q, 7”110?+1Qi1 '

1— _Qll)vln(pt))

+2Cov(In(1 + Qllrlpf_i_qufl —,),In(1

Vi,)) + iCov(ln(pt) In(1

+V,r0 pl — T

) . . o?
+V12T1U pr - Vlz)) + 0—52 + 0—51 + (1 _6992))'
Proof. See Appendix G2.

Theorem 6. The distributor’s order quantity calcu-
lated by retailer’s order at period ¢ + 1 1is Op 1, =

7’21}19211)3020272.
Proof. See Appendix H.

Lemma 4. The MAX time series for predicting order
quantities at period t + 1 is:
(041 5) =In(rz) + 05 In(v/) + 62 In(uw})

+ e +HIn(1 4+ Qrow; {3 af3 T - Q)

+epo — In(w;) — + &

w2 — 1 2—1

+ pogi1 + P3ci—2 + P35z + ...

Proof. It is similar to Theorem 3 and is not mentioned
here for brevity.

2.8. Demand model for manufacturer
Eq. (40) shows an ARX time series for manufacturer’s
demand forecasting:

ID(Qt,B)

where 2/ is the optimal selling price for manufacturer’s
product. ¢;3 and ¢;—1 3 indicate manufacturer’s de-
mands for periods ¢t and ¢ — 1, respectively. r3 denotes

=0sIn(z; ) +e3n(ge 3)+n(rs)+e¢ 3, (40)
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a constant coeflicient and ;3 is a white noise process
of manufacturer’s demand forecasting with zero mean
and variance of o2,

Lemma 5. The expected value of manufacturer’s
demand is (133

2

(1- 503)
and mean of selling prices for manufacturer’s products,
respectively.

)uz + (15293)7 and its variance is

—i 0l + , where 2 and y. are variance

1-¢2 w

Proof. 1t is similar to Lemma 3 and is not presented
here for brevity.

2.9. The manufacturer’s ordering policy

While ordering quantity is calculated using down-
stream order in the literature, we propose a new
method, which applies demands received by each entity
to calculate its orders. Subsection 2.9.1 describes
the new method, and Subsection 2.9.2 elaborates the
method used in the literature.

2.9.1. Manufacturer’s ordering quantity calculated by
its received demand

In order to determine the manufacturer’s ordering
quantity, the new version of OUT policy presented by
Hosoda and Disney [15] is proposed in this paper. The
method proposed here uses the demand received by
manufacturer from distributor to place an order. How-
ever, the model presented by Hosoda and Disney [15]
uses distributor’s order for forecasting manufacturer’s
order. Egs. (41) and (42) indicate the manufacturer’s
OUT level calculated by its received demand:

Ot3=q3+ (St,3 — Si—1,3), (41)
Sis = 4% + kb, (42)

where O, 3 denotes manufacturer’s order issued at the
end of period ¢t and s3 is a desired service level of
manufacturer. S; 3 is the OUT level at period ¢ and
inf’3 shows the conditional expected value of the total
demand over lead time I3 as follows:

A 13
Qfg33 =FE (Zl Qe+il T, 3)

* 0
rs(2ip1)0sa 3 (1 — (r§° 0" (2141) ™ af3)")

L P3,703 (% 0 ©3
L =700 (21,)%%3¢/3
— * 03 P3
= Ql3T3(zt+1) 4¢3, (43)
12
1,(T§’3 93( i )ﬁwsq:"?’)ls
where €, = 175073 (a1, )95 473 and 73 =

{@6,3,00-1,3, q1—2,3, .- } is the set of the observed de-
mands. For calculating qt’37 it is assumed that:

. {v”;ﬁl if i =0,1

e T

Eq. (44) indicates manufacturer’s order, and it is
obtained by using Eqs. (41)-(43).

O3 = qus + (urs(2/1) 43 — Qaaes)- (44)

Theorem 7. The variance of manufacturer’s order
using the proposed method is:

{Hgaz—l-( %%y )} + Var[In(1
(1—3)? " \1-¢3

N, )] + 2E[In(g,3 In(1

* 03 wp3—1
+Qy73(2741) 3Qt,§ -

. _ (%)
+913T3(Z£+1)93qt97331—913)]—2[< J )uz

;
#(52) |t i - 0l

Proof. See Appendix 1.

2.9.2. The manufacturer’s ordering quantity
calculated by distributor’s order

In order to determine the manufacturer’s ordering

quantity, the revised version of OUT level presented

by Hosoda and Disney [15] is used. Eqs. (45) and (46)

indicate the manufacturer’s OUT level calculated with

distributor’s order:

Ot3 =02+ (Si,3 — Si—1,3), (45)

Si3 = Oy + kséu,, (46)

where Oy 3 denotes manufacturer’s order issued at the
end of period ¢ and s3 is a desired service level of
manufacturer. S;3 denotes the OUT level at period
t and O! 1 shows the conditional expected value of the
total order over lead time I3 calculated by the following

equation:
o)

~ I3
Oy =E (211 Oriz

B rov thOt o[l — (rzv

20 9)[3]

1" *0
1 —rov" 20w}

"o, %0
:Al37’21) wy Ot72a (47)
17(?“21) 26 *9)13 )
where A, = T oo B0 7 Ot+1,2 = 10 “wy Ot72v

and 9; = {Ot72,0t_172,0t_272,...} is the set of the
observed orders placed by the distributor.
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Theorem 8. The variance of manufacturer’s order,
which is calculated by distributor’s order, is:

Var[ln(1 + AZSTQUHwaB — Ay,)] + Var[ln(1

=i

Vi,)] + 2Cov(In(1

+Qzlr1(pt*+1)‘)Qfol - )+

+Var[ln(1 + Vi, 0" p}? —
-l-Alsrgvnewfg —Ay),In(1+ Qllrl(pf+1)9qif1
—Q,)) + 2Cov(In(1 + Alswv”gwﬁ — Ay,), In(1
+V,, 0 Opi? — V1)) + 2Cov(In(1

+ 0, (pi)af s = Q) (L + Vigriw Op;f

26 . //
_VIQ)) + mCOV(IH(}):),lH(l + A[STzv gw:O

20 % * 0 _p—1
_AZS )) + Ecov(ln(pt )7 111(1 +Qllrl (pt+1) di 1

29 1
—,) + mCov(ln(pf),ln(l + Vv Opi?

o2
V) +ol +ol +ol + (1_ ) .
Proof. See Appendix J.

3. Measuring and reducing BWE

In this section, BWE is quantified using orders and
demands of each entity in the SC calculated in the
previous sections. Two methods are utilized for mea-
suring BWE. In the first method, orders of downstream
echelons are used to forecast upstream orders as shown
in Egs. (48)-(50). In contrast to the first method,
the second one utilizes demand of each echelon for
forecasting its own ordering quantity through Eqgs. (51)

to forecast its relevant ordering quantity. Comparing
Eq. (49) with Eq. (52) shows that BWE is significantly
reduced by the second method, which uses distributor’s
demand for forecasting distributor’s order. Moreover,
comparing Eq. (50) with Eq. (53) demonstrates that
BWE is mitigated in manufacturer echelon if the
second method is used. Therefore, if order quantity
of each entity in an SC is forecasted by its demand,
BWE will be reduced significantly in comparison with
the cases in which downstream orders are used for
forecasting upstream orders.

4. Validation and verification

In order to validate the model, MSE of demand
forecasting and variance of orders calculated by the
proposed method are compared with those calculated
by the technique presented by Zhang and Burke [33].

Theorem 9. If the optimal values of prices are
calculated using the proposed method, the forecasting
error (MSE) will be less than that in the case in
which prices are forecasted as studied by Zhang and
Burke [33].

Proof. See Appendix K.

Theorem 10. The proposed method in this paper, in
which optimal prices are used for forecasting demands
and orders in SCs, reduces BWE significantly.

Proof. See Appendix L. Egs. (48)-(53) represent the
bullwhip effect metrics in each echelon of the SC (Eq.
(48) is shown in Box I):

Var[ln(Oy»)]

B, = Var[ln(g:1)]

= [Var[In(1 + Qllrlprqzl_l
92 2 0,0
— Q[l )]+|:(]-_<)0)20'p:| + Var[ln(l + szrlv 2

260 _
-V, + 7C0V(ln(1 + Qzlﬁpi)ﬂqfl !

and (52). For example, distributor’s demand is used 1-
B — Var[ln(Oy1)]
Y7 Var[n(g,1)]

2 . o2
[(li)za§+(ﬁ)]+Va1[l n(14Q, rplafy "

_9 [(%) fip - ( w)} [ln(l—i—Q;lnptH(]t =)l

Qll )] +2E[1n(qL 1) 1H(1+Q[1 "1p?+1Qi;1 _Qll )]

92

1—¢)QJ +

(%)

Box I
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— ), In(py)) + 2Cov(In(1 + Qi r1pfy 1 af 7"

- Qh)vln(l + Vlzrlvepg - vlz))

26
+ ECOV(ln(pt)Jn(l + Vlgrlvep? - Vi)

2 2 a? 6 2
HCRRCH (1—992)]/{(1 — )

()

_ Var[n(01,3)]

Bs Var[ln(g1)]

= [Var[ln(1 + Ay, rov’w! — Ay)]

+ Var[ln(1 + Qllrlpirqu:l_l -0

0? .
+[(1_¢)205,]+V&r[ln(1 + Vlzrlvepf _ Vlz )]

+ 2COV(1H(1 + A137’2U9w? — A[S), 111(1
+Q[1T1pg+1 qffl_ Qll ))+ 2COV(IH(1
+ AL w? — A, In(1 + Vi,r0p! — V)

+ 2Cov(In(1 + Qllrlpf_l_lq,fl_l—ﬂll), In(1

26
+V12’I"11)0p? _V12 )) + mCOV(ln(pt), 111(1

26
+ A rov’w? — AL)) + ﬂCov(ln(pt),ln(l

_ 20
+ Ql1 T1p§+1 q;’fl 1 _Qll )) + ECOV(]H(]H/)7 111(].
+ Vi,r0’p] = Vi) + 0k + 02, + 02,

(i () o

Eqgs. (51) to (53) are shown in Box II.

5. Numerical experiments

In order to validate the proposed methods, a data
set from auto-parts industry is used to analyse the
contributions of this paper, namely, (I) using optimal
prices instead of forecasted ones for demand and
order forecasting; (II) investigating the effect of joint
demand-order-pricing-lead time decisions on reducing
BWE; (III) calculating order quantities for each ech-
elon in an SC through its relevant demand instead

of using downstream orders for measuring upstream
orders.

This section is organized as follows. In Subsec-
tion 5.1, the effect of joint demand-order-lead time and
optimal prices on reducing BWE is investigated using
data set of an auto-parts SC. After calculating BWE
metric with forecasted prices, the results are compared
with the case in which BWE is calculated with the
optimal prices. Subsection 5.2 compares the proposed
method, in which demand of each entity is used to
forecast its order quantity, with the method in which
upstream orders are predicted by downstream orders.

5.1. Jownt demand-pricing-lead time model for

reducing BWE in auto-parts industry
In this subsection, the proposed joint demand-pricing-
lead time method is used to reduce BWE. Then, the
method is compared with the model in which prices
are forecasted. In order to show the effect of joint
demand-pricing-lead time decisions on reducing BWE,
we use a data set of an auto-parts manufacturing
company. Figure 2 shows the demand functions of
retailer, distributor, and manufacturer.

For calculating joint demand-pricing-lead time
model, retailer’s optimal selling price is used to forecast
its demand using Eq. (15). A statistical test called
coefficient test is applied by EViews software to de-
termine ARX structure of Eq. (15). Table 2 shows
the coefficient test for retailer’s demand. In Table 2,
AR(10) shows 10th order auto-regressive variable of
natural logarithm of retailer’s demand, In (¢;—10,1)-
The first to 9th order AR variables (AR(1), AR(2),...,
AR(9)) have been examined with coefficient test. Since
the corresponding p-values for the first to 9th order AR
variables are higher than 0.025, variables are rejected
and AR(10), whose p-value is lower than 0.025, is ac-
cepted. P-value is the probability of obtaining a result
equal to or more than what is observed. The coefficient
of AR(10) is extracted from Table 2. Moreover, the
expected value and variance of retailer’s demand are
calculated through Eqgs. (19) and (20). In the next
step, retailer’s order quantity is calculated through
Eq. (27). Table 3 shows coefficient test for retailer’s
order quantity. In Table 3, OMEGA is a representative
of In(1 + Q,riply qfy " — )] in Eq. (35).

After identifying ARX coefficients, demands of
retailer, distributor, and manufacturer are forecasted
and compared with the actual ones for period f.
Figure 3(a) shows the actual and forecasted demands
for retailer, distributor, and manufacturer. The figure
illustrates that there is a trivial difference between
actual and forecasted demands. This fact shows that
the method proposed in this paper has high capability
of demand forecasting with low error. Figure 3(b)
depicts demands of entities calculated with optimal
prices (the proposed method in this paper) as well
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Var[ln(g;1)]
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2 1
2 [(7225 ) o + (7225)] Bt + yrawfiyaf3 ™ - 00,)]
= - - 7
wlroi + () (52)
Var[ln(O; 3)]
By =————r2
Var[ln(gq,1)]
02 : _
[(1 R (w )}War[l (14, r52{2 1075 =)+ 2B In(qr3) In(1+Q, 522175 —u,)]
=2 [(525) e+ (525)] B+ 52310737 - 0,)]
= o ag .
(1—¢p)? 0127 + (1—<,02> (53)
Box 11
T o110 - -
< 108 i *
S 106, \ 2 E
- 104, \ g g
S 102 \\ & s
100 N E 2
§ 98 g s
8 109 L E §
kn,,, 1087 5700 20 105™ 1850
g, 1073300° a0l b g, 108 1750 at
617_0 ?\:\ce x P 01‘06" 107 1650 ﬁ‘Qe(\
7 o price

Figure 2. (a) Retailer’s demand calculated using Eq. (1c).
Manufacturer’s demand calculated using Eq. (11).

as the forecasted ones (the method presented in the
literature) in an auto-parts SC. Figure 3(b) demon-
strates that demand amplification from retailer to man-
ufacturer is significantly reduced by applying optimal
prices rather than forecasted ones. As it is illustrated
in the figure, demands of retailer, distributor, and
manufacturer calculated with optimal prices are very
close to each other in comparison with the demands

(b)
(b) Distributor’s demand calculated using Eq. (6). (c)

obtained by the forecasted prices. Figure 3(a) and (b)
show that demands forecasted using optimal prices are
better estimations of actual demands than the demands
obtained by forecasted prices are.

Figure 3(c) shows demands and orders of entities
in the SC calculated by the optimal prices. Figure 3(d)
indicates that BWE exists in the SC because order
of each entity is amplified as it moves through the
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Table 2. Coefficient test for retailer’s demand.

Variable Coefficient Std. error t-statistic p-values

In(r1) 4.546337 0.102659 44.28589 0.0000

Py —-0.005083 0.002148 —2.365807 0.0187

AR(10) 1.005144 0.002769 363.0504 0.0000
R-squared 0.997943 Mean dependent var 4.686812
Adjusted R-squared 0.997928 S.D. dependent var 0.007760
S.E. of regression 0.000353 Akaike info criterion -13.04874
Sum of squared residual 3.57E-05 Schwarz criterion —-13.01068
Log likelihood 1888.542 Hannan-Quinn criterion  —13.03348

Durbin-Watson statistics 0.161957
Table 3. Coefficient test for retailer’s order.

Variable Coefficient Std. error t-statistic p-values

In(ge,1) 1.000002 3.10E-06 322602.8 0.0000

OMEGA 0.998380 0.002814 354.7612 0.0000
R-squared 1.000000 Mean dependent var 4.691569
Adjusted R-squared 1.000000 S.D. dependent var 0.008035
S.E. of regression 3.71E-07 Akaike info criterion —26.76835
Sum of squared residual 4.11E-11 Schwarz criterion —26.74366
Log likelihood 4017.252 Hannan-Quinn criterion  —26.75847

Durbin-Watson statistics 3.003381
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Figure 3. (a) Actual and forecasted demands of retailer, distributor, and manufacturer. (b) Demands of retailer,
distributor, and manufacturer calculated by optimal and forecasted prices. (c) Demands and orders of retailer, distributor,
and manufacturer calculated by the optimal prices. (d) Demands and orders of retailer, distributor, and manufacturer
calculated by the forecasted prices.
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Table 4. BWE metrics, variance of orders, and demands for each entity in SC.
Row Criteria Retailer Distributor Manufacturer
1 BWE metric with optimal prices 1.000404 1.000517 1.000454
2 BWE metric with forecasted prices 1.05297769 3.55964187 6.335687873
3 Variance of demands with optimal prices 6.45431 x 107°  6.50565 x 107™°  6.64263 x 1077
4 Variance of demands with forecasted prices 0.000875031 0.001846765 0.00329832
5 Variance of orders with optimal prices 6.45692 x 10°°  6.50901 x 107>  6.64565 x 107
6 Variance of orders with forecasted prices 0.000921388 0.006573823 0.020897128
Table 5. BWE metrics, variance of orders calculated by both methods, and variance of demands.
Retailer Distributor Manufacturer
BWE metric using orders calculated by downstream orders 1.000404 1.079685662 1.05694084
BWE metric using orders calculated by demands 1.000404 1.000517073 1.00045357

Variance of demands
Variance of orders calculated by downstream orders

Variance of orders calculated by demands

6.64263 x 107°
7.0209 x 107°
6.64565 x 107°

6.50565 x 107°
7.02406 x 107°
6.50901 x 10~°

6.45431 x 107°
6.45692 x 107°
6.45692 x 107°

chain. The difference between demand and order of
each entity represents the existence of BWE in the SC.
Figure 3(d) depicts demands and orders measured by
the forecasted prices. In Figure 3(d), the differences
between demands and orders of entities in the SC
illustrate the existence of BWE. However, comparing
Figure 3(c) with Figure 3(d) indicates that orders are
more amplified when calculated with the forecasted
prices than when calculated with the optimal prices.
Therefore, BWE is significantly reduced by using
optimal prices in demand and order calculation rather
than by using forecasted ones.

Table 4 shows BWE metric and variances of
demands and orders for each entity measured by
optimal prices as well as by forecasted ones. Table 4
indicates that the BWE metric calculated with the
proposed method, using the optimal prices, is lower
than the BWE metric measured by the forecasted
prices. The first row of Table 4 shows that BWE
metrics for retailer, distributor, and manufacturer are
close to each other and approximately equal to 1. Thus,
BWE is significantly reduced and it can be claimed that
BWE is almost eliminated by the method presented in
this paper.

The second row of Table 4 shows that the BWE
metric measured by forecasted prices is very high.
Comparing row 3 with row 4 of Table 4 shows that vari-
ances of demands are significantly reduced by applying
the proposed method using optimal prices. Moreover,
when demand is calculated by optimal prices, demand
amplification is lower than when it is measured by
forecasted prices. Comparing rows 5 and 6 of Table 4
shows that variances of orders are significantly reduced

and orders are not amplified significantly by applying
the proposed method using the optimal prices.

5.2. The effect of ordering policies on BWE
As it was discussed in Subsection 5.1, statistical tests
are applied to find the best time series for forecasting
orders. Those tests are not included here for brevity.
Figure 4(a) shows orders of each entity in the SC
calculated by two methods: (I) Orders of each entity
are calculated using its received demands; (II) Orders
are measured using downstream orders. Retailer’s
orders for both methods are the same, because retailer
is the first echelon, and there is no downstream echelon
after it. Therefore, its order is calculated by its own
demand. Comparing solid lines with diamonded-solid
ones shows that orders of each echelon quantified by
its received demand are amplified less than orders
calculated with downstream orders. In other words,
the proposed method, in which order of each entity
in the SC is calculated through its received demand,
significantly reduces BWE.

Figure 4(b) depicts demands and orders of each
echelon in the SC calculated by downstream orders.
Figure 4(b) shows that orders are significantly am-
plified and BWE is a large value when orders are
calculated by downstream orders. Figure 4(c) illus-
trates demands of each echelon in the SC and orders
calculated by the received demands. Figure 4(c) shows
that orders that have been calculated by the received
demands are not amplified significantly. Thus, BWE
is reduced significantly when orders are calculated by
demands.

Table 5 shows that the BWE metric quantified
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Figure 4. (a) Orders for each echelon in the SC
calculated by its received demands as well as its
downstream orders. (b) Demands and orders for each
echelon in the SC calculated by downstream orders. (c)
Demands and orders for each echelon in SC calculated by
the received demands.

with the method proposed in this paper is lower
than the metric measured using the orders that are
calculated by demands. Comparing the 5th row of
Table 5 with the 6th one indicates that the variance of

orders calculated by downstream orders is more than
the variance of orders measured by demands.

6. Implications

This works demonstrates that 3 factors can signifi-
cantly reduce BWE in SCs. The first one is joint
demand, pricing, ordering, and lead time decisions.
This occurs due to the fact that eliminating the causes
of BWE generation will lead to its reduction. If
multiple causes of BWE are analysed simultaneously,
it decreases more significantly. Demand forecasting is
one of those causes. From downstream to upstream
echelons of the SC, demand forecasting errors are ac-
cumulated and added to the next echelon of the chain,
leading to demand amplification (BWE) and inaccurate
demand information. These inaccuracies will increase
the variance of orders through the SC. If variance
of orders increases in the SC, fluctuations occur in
production system, which lead to either generating
huge inventories or shortage of products and loss of
customers. Both of them impose extravagant costs to
the entities in the SC.

Thus, providing more accurate demand forecast-
ing helps production managers to provide smoother
production plan with the least fluctuations, leading
to reduction in inventory and shortage costs. In this
paper, the results of demand forecasting with ARX
model showed that variance of orders and BWE were
reduced significantly, which would lead to further cost
reductions in an SC and production planning without
high fluctuations. Inaccurate or improper ordering
policies, pricing, and lead time decisions also lead
to more ordering variance through the SC, which
consequently increase costs of each entity. The results
of presenting the new methods for ordering policy, lead
time, and pricing decisions demonstrated that variance
of orders and BWE were reduced using the proposed
methods.

The second factor is to use optimal prices instead
of the forecasted ones. As it was proved mathemat-
ically and shown by numerical experiments, optimal
prices reduce MSE of demand forecasting and, con-
sequently, reduce BWE. The third factor is adopting
an appropriate ordering policy. In this paper, it was
mathematically and numerically proved that using de-
mand of each entity for calculating its order quantities
would significantly reduce BWE in comparison with
the method in which downstream orders were used.
It is worthwhile to mention that there is a difference
between the demand received by the distributor (or the
manufacturer) and its downstream order in practice.

Practically, in an SC, the manufacturer requires
to have distributor’s demand in advance in order to
be able to produce adequate products. Assume that
the manufacturer decides to provide the raw material
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to produce next week’s products. In the current week,
the manufacturer does not have market demand for the
next week. Thus, the manufacturer uses the forecasted
demand of the distributor, which is predicted by
demand planning department. Manufacturer will place
its order for providing the required raw material based
on the forecasted demand of the distributor. Then,
at the end of forecasting period, the distributor places
its actual order and manufacturer will receive actual
demand of the distributor. Thus, the distributor’s
order differs from the demand that the manufacturer
receives from demand forecasting department. This
occurs due to the fact that actual demand of distributor
is not available in the planning period (current week);
hence, its forecasted demand is used. This paper
showed that using demand of each entity for calculating
its order quantities would reduce BWE significantly in
comparison with the method in which downstream or-
ders were used. This is due to the fact that downstream
orders accumulate forecasting errors; however, using
demand of each entity only includes forecast errors of
one stage.

Production managers can use the proposed tech-
niques for reducing costs of SC and making production
plan smoother with less fluctuations in inventory and
ordering. In addition to managers and practitioners,
academic communications also benefit from this study.
They can use the proposed method accompanied by
investigating the effect of shortage gaming on BWE.

7. Conclusions and future research

This paper investigated the impact of joint demand,
orders, lead time, and pricing decisions on reducing
BWE. In order to mitigate it, 4 major contributions
were proposed. The first contribution was considering
multiple causes of BWE (demand, orders, lead time,
and pricing) simultaneously for reducing it. The
second one was to model demands, orders, and prices
dynamically. Demand and prices have mutual effect on
each other over time. Therefore, a time series model
was applied in a game theory method for finding the
optimal values of prices in an SC. Then, optimal prices
were inserted in the time series model for demand
forecasting. The third contribution was proposing a
new policy to find order quantities for each entity in
the SC. The new method used demand of each entity
to calculate its order quantities. In order to validate the
new ordering policy, it was compared with the method
in the literature, which used downstream orders for
forecasting upstream orders.

It was proved that using demand of each entity
for calculating its order quantities would reduce BWE
significantly in comparison with the method in which
downstream orders were used. The fourth contribution
was to find optimal prices and use them for demand

forecasting and reducing BWE. It was proved that the
proposed method, which used optimal prices to forecast
demands, had low forecasting error in comparison with
the technique that forecasted prices. Furthermore, it
was proved that using optimal prices for forecasting
demands and orders in SCs would reduce BWE signif-
icantly.

Then, the proposed model was validated using
a data set of an auto-parts SC. First, the effect of
the proposed joint demand, orders, lead-time, and
pricing model on BWE was investigated. In order
to reach that goal, the effect of optimal prices on
BWE was compared with the impact of the forecasted
prices on BWE. Statistical tests were used to find
the most appropriate time series for demand and
order forecasting. The results showed that BWE and
variance of orders/demands were significantly reduced
when optimal prices were used. Second, the proposed
ordering policy, which used the received demands of
each entity to find its order quantities, was examined
by a data set of an auto-parts SC. The results were
compared with the method in which orders of each
entity were obtained by downstream orders. This
comparison indicated that BWE and variance of orders
were significantly reduced when orders of each entity
were calculated by its received demands. It can be
claimed that BWE was almost removed from the SC
using the proposed method. In addition, this paper
provides a fundamental structure for future research.
That is, analysing the impact of compound causes of
BWE, including shortage gaming, on reducing it.
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Appendix A

The method presented by Ozelkan and Cakany-
ildirim [32] is extended here. In order to find the
optimal values of prices, concavity of the objective
function should be investigated. Thus, the second order
condition should be negative:

d* (7 (pe(we)))
d*(pe(we))

~qe1 (Pe(we), ge—1,2) 001 (Pe(we), @r—1,2) <O

2
= 2qlt,1(pt(wt)a qi—1.2)

e, (Pe(we), Gr—1,2)q01 (Pe(we), G1—1,2) <
q;?l (pe(we), qr—1,2)

1

- < 2.
a?c?(acwy )ee

Therefore, the optimal value for w, must satisfy the

inequality W < 2leading to the concave profit
function. Assume that the second order condition
is satisfied; thus, the first order condition should be
investigated to find the optimal values of w;. The
optimal price for distributor’s goods is obtained by

solving;:
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After solving the above equations, w; is obtained

ac—1

as:
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Selling price is a positive number (w; > 0); therefore
(ac—1) should be positive. This shows that ac is greater

— < 2 and

1
a?c? (acwt )
the second order condition are satisfied. As a result, the

optimal price for distributor’s goods (wy) is w; = =4,

than one. Hence, the inequality

Appendix Bl

AS in the method presented by Hosoda and Disney [15],
E(Zilzlqt+i71|rt) is equal to the sum of the first Iy
terms of a geometric progression. In that geometric
progression, terms are demands over lead time. Thus,
using the formulation for calculating sum of the first
i terms of a geometric progression, having ¢,41,1 as
the first term, its progression ratio is r7v’p?{,¢f,. The
proof is given as follows:

0
Qi1 = T1Dei1f 1 (B1.1)
(5 : _ 0>, 0 2
Q2,1 =T1P;1adf{1 ) = 0P a
_ 02,02 P2, 0102 @102 B1.2
=10 " PeiaT Py 41 (B1.2)
Qr+3,1 :TlpfiB(]fJf271 — TlU@gvéspfilrfsv%ips
0 0 5
P T AT T, (B1.3)
Let91:92:93:94:...:9311(1(,01:@7992:27
and @102 = 29, P19203 = 39, P1P20304 =4, ... .
Let pryiv1 = Py, 0 = 1,2,...,11, then we have:
de+1,1 = Tlp?+1q:i17 (B1.4)
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where ;, = L i)t and oy = {at, a1,

1*T%”€P$ilq:’.1
Qt—2, ...} is the set of the demands.
Appendix B2

By applying Eq. (26) and setting the equivalent value
for g;,1, the following equation is obtained:

O = Tlptaqffl,l + Y, (Tlpf+1q1/f1 - Tlpqufl,l)’
(B2.1)
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Then, in order to find retailer’s order at period ¢ + 1,
we extend Eq. (B2.1) to ¢t + 1 as follows:

Otg1,1=T1P) 1 €51+, 11D] 4 20 0 1 —Quripl 1 a5y
(B3.2)

Then, the equivalent value for ¢ is substituted in
Eq. (B2.2), resulting in the following equation:

_ 0 0 0 0 o]
Ot11,1 =r1pi (1Dt Qt71,1)¢+ Qi 11 P2 (TP Qt,1)¢

- Ql17“1p§+1(rlpfqu71,1)w- (B2.3)

Eq. (B2.4) is obtained by substituting p¢ = v?p?_; and
g1 =7m1plaf 4, in Eq. (B2.3):

Ovpra =m0’ plrplaf 1 )7 +Qu,(riv® plripl 1 af))?

= rv’pl (rplaf_y 1)%), (B2.4)

where v is a constant number indicating how much
information about price is transferred from the present
period to the next period. Having ¢ = 1, Eq. (B2.4) is
converted to the following equation.

— 0,0 (] 20,0 0 »
Orp1,10 =rv peripegi 11 + Qu, (rv”" piripeq t,1

—ro’plriplal ). (B2.5)

Because 6 is a very small quantity, we suppose that
v? ~ % thus, Eq. (B2.6) is obtained. Finally,
(Eq. B2.7) shows the retailer’s ordering quantity at
period ¢ + 1:

— 0,0 (2 0 »
Ors11 =m0 pe[rpedi_1 1 + Quy (111064

- TlP?QfA,l)]v (B2.6)

O11 =110 pl Oy 1. (B2.7)

The ARX time series model is used to forecast retailer’s
order at period ¢t + 1. This process is necessary for
measuring and reducing BWE. Eq. (B2.8) shows ARX
model for forecasting retailer’s order at period t + 1.
This equation is obtained by taking natural logarithm
of Eq. (B2.7):

In(Opy11) =In(r) +01n(v) + 01n(pr) + In(O4 1)

+ €411, (B2.8)

where £,,1 1 is a white noise process at period ¢t + 1
with zero mean and variance of o2, .

Appendix C

Eq. (C.1) shows the time series equation for retailer’s
ordering quantity at period ¢, and Eq. (C.3) is obtained
by substituting Eq. (C.2) in Eq. (C.1):

In(O0; 1) Zln(%,l)+1H(1+Qll7’1pf+1qgfl Q) +era,
(1)

In(gi1) =0In(ps) + pIn(ge—1,1) + In(r) + &, (C.2)

In(O¢1) =01In(p) + @ln(gi—1,1) +1In(r1) + &

+ ln(l—i—Qllrlpf_l_qul_l—Qll)—l—etJ. (C.3)

Eq. (C.2) is used to extract the equivalent time series
for retailer’s order at period ¢ + 1. This time series is
substituted in Eq. (C.1), and Eq. (C.3) is generated.
Eq. (C.3) is substituted in Eq. (B2.8) and Eq. (C.4)
is created, which shows the MAX time series model
for retailer’s order at period ¢ + 1. The proof is now
completed:

In(O441,1) =21n(r1) + 01n(v) + 20 In(p:)
+oln(g-11)+e+In(1+Q,riplqf

=) +eea + e (C4)

Appendix D

Using Eq. (16), the MAX time series equation for
In(g;1) is extracted. Substituting MAX model of
In(g 1) in Eq. (C.1), the following equation is gener-
ated:

In(O,1) =In(1 + Qllrlpf+1qzl_1 — )+
0 )
- Eln(pt) To—1 +ert e

+ Qe s+ QP g+ (D.1)

Finally, the right-hand side of Eq. (D.1) is substituted
in Eq. (B2.8), and the MAX of retailer’s order at period
t + 1, including previous error terms, is obtained as
follows:

111(0,3_{_1’1) = 111(7“1) + 9111(1)) + Gln(pt) + Et4+1,1

+1In(1 + Qllrlpfﬂqffl — M)+

—Lln( )—L—I—e—l— €
o1 Dt o— 1 t T PEL—1

+ e 0+ POe g+ ... . (D.2)

Appendix E

In order to calculate mean and variance of distributor’s
demand, Eq. (32) is converted to its equivalent MAX
time series by Eqgs. (E.1)-(E.4):

In(gs2) =02 In(w; ) + @2 In(gi—1,2) + In(rs)

—+ 8,5’2,111(1”2) = (52, (E].)
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Then, the expected value and variance of Eq. (E.4) are
taken. Afterwards, E[ln(w;)] = p and Var[ln(w;)] =
o2 are substituted in Egs. (E.5) and (E.6). The proof

) Bl + (122

is now completed:
0
0 o:
() (2)
L= L—¢ (E.5)

1—¢2
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where o2 is variance of selling prices for distributor’s

goods, and p,, is mean of selling prices for distributor’s
goods.

Appendix F

First, the equivalent value for ¢/?; , is obtained by
Eq. (F.1). Then, by substituting Eq. (F.1) in Eq. (36),
the distributor’s order and its natural logarithm are
obtained using Egs. (F.2) and (F.3), respectively.
Revising Eq. (F.3) with time lagged error terms leads
to a MAX time series as it is demonstrated in Eq. (F.4).
Finally, variance of retailer’'s order is calculated by
Egs. (F.5)-(F.7):
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+ Qu,ra(wiyy)2f3 7 — Q)
+ 2cov(In(gs,2),In(1 + 9127“2(11)@1)92

qf,%il - le)a <F5>

Va1 = [ 2ot + (1227

(1—p2)2"" " \1—¢3

+ Var[In(1 + Qzﬂ?(wt*ﬂ)ezq,f;_l
— Q)] + 2E[ln(ge2) In(1
+ Quyra(winy) a3 — )]

= 2E(n(qe,2) ElIn(1 + Qu,ra(wiy,)™

ERE U (F.6)

+ Var[ln(1 + Q4 (w],1) " qf3

— )] + 2E[In(ge ) In(1+

® —1
Q2 (wiyy )92 (Zf,)é - ,)]

-7 Klfzwz)uwﬂl?w)}

ElIn(14Q,rs (i) ¢35 =, )],
(F.7)

Appendix G1

As in the method presented by Hosoda and Disney [15],
E(Ziil Oiti1l7e) is equal to the sum of the first [
terms of a geometric progression. In the geometric
progression, terms are orders over lead time. Thus,
using the formulation for calculating sum of the first Iy
terms of a geometric progression having O;y1,1 as the
first term, its progression ratio is rlvzgpf. The proof is
given as follows:

Orp1,1 = 11p}41001 = 110°p] Oy 1, (G1.1)
I 200

Ott21 = r1PipoOir11 = 11v” peOgg11, (G1.2)
0 200

Ot+3,1 = T1Pt+30t+2,1 =Tv P Ot+2,17 (G1~3)
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Eq. (G1.4) shows the sum of a geometric progression
of orders over lead time:

~ lo
0ty = (3 vl

:TlvepteOt,l[l — (rv*pl)=]
1—riv20p?
= Vi,r0’p{ O 1, (G1.4)
where:

1 — (r 02002

Vi, = Lo (mop ) th(,) ;
1 —rv=fpi

Ot+1,1 = 7“11)910?01&,17
Y& = {Ot7170t71,170t72,17 }7 (G1~5)

and:

v#1 if1=0,1
i+1 = U i . .
Pt+it1 P+ v=1 ifi>1

Appendix G2

First, Eq. (37) is used for calculating distributor’s
ordering quantity. The corresponding values for S; »
and S;_; o are obtained by Egs. (G2.1) and (G2.2).
Then, these values are substituted in Eqs. (37); as the
result of this substitution, Eq. (G2.3) is obtained:

Stg = Vlzrlvgpme + ko615, (GQ.].)

Si—12 = V12T1U9pf710t7171 + k26, (G2.2)
O12=011+V1,r10"p{ 011 =V1,r10°p] 101
(G2.3)

The goal of this subsection is to calculate distributor’s
order at period t(O;2) by the use of retailer’s order
at period t(O;1). Therefore, retailer’s order in the
previous period (O;_1,1) should be converted to Oy .
For achieving this goal, the equivalent value of O,
from Eq. (G2.4) is substituted in Eq. (G2.3) as it is
indicated in Eq. (G2.5):

Ot+1,1 = Tlvgpfom - Ot,l = 7’106pf_10t—1,1,
(G2.4)

Ot72 = Ot71 + V12T1U€p?0t71 -V, Ot71. (G2.5)

Then, natural logarithm of Eq. (G2.5) is taken as
follows:

In(O2)=1n(0;1)+In(1 —I—Vlzrlvapf — Vi, ) +ees.
(G2.6)

By substituting Eq. (D.1) in Eq. (G2.6), distributor’s
order is estimated by the following equation:

- 0
In(Oy )= ln(1+Q117’1pf+1qz1 ! =) - 997 In(p;)

-1

1
+ ln(l + Vbrlvep? — Vl;)) — E + 8t,2

+e1 e+ pe1 + ©?ei s

+ e g4 (G2.7)

Finally, variance of distributor’s order is calculated by
Eq. (G2.8), and the proof is completed:

Var[ln(O;2)] =Var[ln(1 + Qllrlpf_l_lq;"’l_l -,
2
+ |:(1_<P)20'p:| —I—Var[ln(l
0.0 26
+ Vlgrﬂ) by — V12 )]+ECOV(IH(1

+ QllT1p§+1qz;1 - Ql1)7 ln(pt))
+2Cov(In(1 + Qu,r1ply1afT =),
In(1+ Vlzrlvepf - VL))

20
+ ﬂCov(ln(pt),ln(l + Vi,r07p!

a?
1—p

—vlg))+afg+o§1+( 2). (G2.8)

Appendix H

Eq. (H.1) shows distributor’s order quantity at period
t+1:

Oti12=qr12 + Qy(Grr22 — Gy12)- (H.1)

The corresponding values for ¢;112 and giy22 are
substituted in Eq. (H.1), and Eq. (H.2) is generated.
Then, the equivalent values for ¢ » and g412 are
substituted in Eq. (H.2) and Eq. (H.3) is produced:

0 2 * 0 2
O£+1,2 :T2(w;+1) 2qu2 + ler2(wt+2) 29f+172
— o (wi ) a3, (H.2)

0, 0
02+1,2 :7"2(w:+1) 2(rawy 2(.72072172)902

+ Q7o (wt*+2)92 (ra(wyiy4 )92 qﬁ% )%
- 9117’2(1‘11&11)92 (7’2wt*92qf—21,2)¢27 (H.3)
/92(

* Y ) * 6> __ 62
where w; ;= v'w;; and (wyy ;1) =0 )

i =0,1,2,.. 0.

Wiy
= o'" (w;)? and

b

Setting (wj, )%
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having @9 ~ 1, Eq. (H.3) is rewritten as follows.

li _ 102 %04 0y P2
Ot+1,2 =TV Wy TT2W "4y T o

1202 %0, w0y P2
+ Qv Wy P raw 1G5

102 %0, %02 @2
— v Wy P rawy P g, (H.4)

where v is a constant number indicating how much
price information is transferred from the present period
to the next period. Because 6, is a very small quantity,
it can be inferred that v/*% =~ 1},92, which leads to
Eq. (H.5). Finally, Eq. (H.6) shows the distributor’s
ordering quantity at period ¢ + 1. The proof is now
completed:

i _ 102 w04 #0a 2 * 0y @2
Opp1,0 =r2v " wy [ratw; qt—1,2+912T2(wt+1) di 2

- Qllrzwt*ozthjLz]v (H.5)

2w 0,,. (H.6)

O£+172 =70’
After obtaining distributor’s order at period t+1, ARX
time series should be calculated to forecast distributor’s
order at period t + 1. The order forecasting process is
necessary for measuring and reducing BWE. Eq. (H.7)
shows ARX model for predicting distributor’s order
at period ¢t + 1. This equation is obtained by taking
natural logarithm of Eq. (H.6):

(0, 5) =In(rz) 4+ 62 In(v") 4 6 In(w;)
+ 111(01572) + 41,2 (H7>

where €,41,2 is a white noise process for distributor’s
order forecasting at period t + 1 with zero mean and
variance of o2 .

Appendix 1

First, the equivalent value for ¢/°; ; is obtained by
Eq. (I.1). Then, by substituting Eq. (I.1) in Eq. (44),
the manufacturer’s order is obtained as it is indicated
in Eq. (I.2). Natural logarithm of Eq. (I.2) is calculated
by Eq. (1.3), and its MAX time series is shown by

Eq. (I.4). Finally, variance of retailer’s order is
calculated through Eqgs. (1.5)-(I-7):
4qt,3
qul,B = #03 (I'l)
3%¢
Ous = qra(l+ Qu,rs(zy )¢l — ), (1.2)

In(Oy3) :1H(Qt,3)+1n(1+9137“3(2f+1)93(13{1 _le)v )
1.3

ln(Ot’g) = 111(]. + 9137’3(2:4_1)03(];[?%_1 — 913)

0 . 6
— 2 3_ 1 ln(zt )—@373_147273 + ¥Y3€t—1,3
+ V5er 03+ Pacr-33 + s (L.4)

Var[ln(O, 3)] =Var[ln(g:3)] + Var[ln(1 + Ql3rs
()00 — ]
+ 2cov(ln(g,3), In(1 + lerg(zf+1)93

ay ™t = ), (L5)

Var[ln(Oy )] = [(1 fi3)203+( (iché )] +Var[ln(1

+ Qra(2r) a3 — )]
+ 2E[In(gs 3) In(1 + Q13T3(Zt*+1)93
473" — Q)] — 2E[In(ge.3) E[ln(1

+Q,rs(240) a3 - ), (16)

Var[ln(Oy.4)] = [(1_‘93;93)205+ (1 igzag )] +Var[ln(1

+ Qs (zi) a3 — Qi)

+ 2E(In(ge3) In(1 + Ql3r3(zt*+1)93

_ %)
o 1—%)]—2[( J )uz

1 -3

6
+ ( 3 )} E[ln(1 4+ 9137“3(2;4_1)93
1—¢3

a3 — )l (I.7)

Appendix J

The corresponding values of OUT policy for manufac-
turer in periods ¢ and ¢ — 1 are obtained by Eqgs. (J.1)

and (J.2). Then, these values are substituted in
Eq. (45), and Eq. (J.3) is obtained:
Sis = Aprav w0y s + ksb,, (J.1)
Si—1,3 = AlgTzv”g(wt*fl)gth,z + k3o, (J.2)

T
O3 =02 + Aprav “w;” Oy

- Alsr2vrrg(w;ﬁ71)00t71,2~ (J.3)
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The goal of this subsection is to calculate manufac-
turer’s order at period #(O;3) using distributor’s order
at period t(Oy2) as follows:

O3 = O + Vigrav "w;?Oy 5 — V1,0, 2. (J.4)
Eq. (J.5) shows the natural logarithm of Eq. (J.4):

In(Oy,3)=1n(0; ) +In(1 —|—A13r21}”9wf0 —Ay)+es.
(J.5)

By substituting Eq. (G.7) in Eq. (J.5), manufacturer’s
order is estimated by the following equation:

In(O;3) =In(1 + Al3rgv”‘9wf9 —Ay) +1n(1

+ Qi (pi) ey — ) - In(p;)

p—1
1 - 6
+In(1+Vy,rv ‘910;9_%2)_E +eus

+étotery e+ we—1 + e o

+ 99351&73 + ... (JG)

Finally, variance of manufacturer’s order is calculated
by Eq. (J.7). The proof is now completed:

Var[ln(0, 3)] =Var[In(1 + Ay, 700 Cw;? — Ay,)]

+ Var[ln(1+ Ql1rl (p:+1)6qu7;1 - Ql1 )]

+ [(1_@)202] + Var(ln(1

+ Vzﬂ”ﬂ)”gpjg —Vi,)] +2Cov(In(1
+ Ay o0y — Ay, In(1

+ 9117’1(]9:_5_1)6(]2(?1 —,))
+2Cov(In(l 4 Ay rv Cwi? — A),
In(1+ Vv 'p? = Vy,))

+ 2Cov(In(1 + Q117’1(I7Z+1)09f71_1

- Qll)? ln(l + Vlzrlvuapzze - Vlz))

Cov(ln(p; ), In(1+A,, rov’ w0

N 260
1—¢p

26
- Ay)) + T3 @Cov(ln(p;),ln(l

* —1
+ Qi (pt+1)6qz’1 - ,))

29 "
—I—l Cov(In(p}),In(1+V,rv p;?

—-¢

2

. o
—Vlz))+053+032 —|—031+<1_;2> . (J.7)

Appendix K

Egs. (K.1) and (K.2) are used to forecast retailer’s
prices. In order to calculate MSE of retailer’s demand,
the actual values of demands are subtracted from
the forecasted ones. The MSE of retailer’s demand
is shown in Eq. (K.3). Eq. (K.4) is obtained by
substituting Eq. (K.2) in Eq. (K.3). The MSE of
retailer’s demand is calculated through Eq. (K.5) for
the case in which the optimal values of prices are used,
Egs. (K.1) to (K.5) are shown in Box K.I.

Since some part of the price information is lost
in each period of time and it is not transferred to the
next period, price inequality (p;)2¢ < (Apy?,)?¢ exists,
where a,, is a declining exponent. acln(p;) < ac[ln(\)+
apIn(p;—1) + ¢, ] is the natural logarithm of the price
inequality. Two positive terms (1 — a)In(g_1,1) and
In(ry) are subtracted from both sides of the above
inequality, and the positive term In(g;) is added to
both sides as shown in Box K.II.

The following operations prove that MSE,, <
MSE,;:

OSSMSS?t_)Sftfsgt_)ZSftgzsgt

t=1 t=1
— MSE,; < MSE,;.

The proposed method, which uses optimal prices to
forecast future demands, has low forecasting error in
comparison with the technique presented by Zhang and
Burke [28], which forecasts prices. Therefore, the proof
for Theorem 9 is completed.

Appendix L

BWE is calculated using two methods. First, BWE
is quantified through the proposed method, in which
optimal prices are calculated and used for forecasting
demands and orders. Second, BWE is measured
through the method in the literature using forecasted
prices for predicting demands and orders.

B} is the BWE in retailer’s level, where p;
includes the optimal values for retailer price at period ¢,
t={1,2,...,n}. Let In(g:,1) and ln(1+911T1pf+1q;f1_1—
Q;,) be two independent variables; therefore, their
covariance is equal to zero. Table L.1 shows that these
variables are independent.

As it is shown in Table L.1, E[n(l +
Quriplaafs = Q)] x Elin(gi1)] = Elin(ge,) In(1 +
Qllrlpfﬂqifl — )], which are equal to 0.024191.
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Pt = Ap?ﬁlv

MSE,; = *

MSE,; = =2

MSE,; =

(K.1)
In(p:) =In(A) + apIn(pe—1) + cp, (K.2)

5 [In(ge1) — (—ackn(pe) + (1 — a)In(ge_11) + In(r1))]?

=1 - . V>0, (K.3)

S [In(ges) — (—acln(A) + ap In(pe 1) + 2p] + (1= @) In(g1.1) + In(r1))]?

S [I(ge) + aclln(A) + ap In(pe_t) + epe] — (1 — @) In(ge_r.1) — In(r)]?

=1 - i (K.4)

Y n(ger) — (—acln(p;) + (1 — @) In(ge11) + In(ro))]?
S [In(ges) + (ackn(pi) — (1= a)In(ge_1,1) — In(ry))J?
t=1 - (K.5)

Box K.I

S1t

In(ge,1) + (acln(p;) — (1 —a)ln(gi—1,1) — In(r1)) <

Sat

In(ge1) + (acln(A) + apIn(pi—1) + 6] — (1 —a) In(ge—1.1) — In(ry)).

Box K.II

Table L.1. Independency of two variables.

En(ge,1)] 4.686407

Eln(1 + Q,riplygfy b — Q)] 0.005162
Elln(1 4 Qurpliiafy — Q)] X Elln(qer)]  0.024191
E[ln(gen) In(1 + Q, mipliagfy b — Q)] 0.024191

Thus, In(g;,;) and In(1 + Qllrlpfﬂqfl_l — €y, ) are two
independent variables.

Eq. (L.1) shows BWE in retailer’s level calculated
through optimal prices as shown in Box L.I.

For the case in which forecasted prices are used,
variances of demands and orders are calculated. First,
variance of price is calculated using Egs. (L.2) and
(L.3). Eq. (L.2) is an Auto-Regressive (AR) model
for price forecasting. Then, variance of prices is used
for calculating variance of demands. Eq. (L.4) shows

variance of demands, which is used as a denominator
of BWE equation presented by Eq. (L.5).

In(p;) = n(X) + apIn(p; 1) + &4, (L.2)
Var[ln(pi—1)] = 0'57
Varle, ,| = afp — Var[ln(p,)] = a>o) + a?p, (L.3)

Var[ln(g;1)] = ‘

g Valn(e)] + (1 fiﬂ)

2
€

1- ¢2>(L.4)

92

_ 2 2, 2
== (apop+05p) + (

g

After calculating variance of demands, variance of
orders is calculated and used as a numerator of BWE
equation. Eq. (L.5) as shown in Box L.II, shows BWE
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Var[ln(O¢1)]

H(lfﬁaﬁl— (1 50 )} 4—\&1[111(1+Qllr1pt+qu1 — )]

1= Var[ln(g:1)] o

Fy

Var[ln(1+ Q,rip; a0t — )]

[(1 7% T (

)]

= - : (L.1)
_0 e (o
-2 i-
Fa
Box L.I
2 5 < o2 ap
5 Var[ln(Oy 1 )] H(lfp)? (a202 + a ( — ] + Var[ln(1 + Q;, 1 (Ap;7)%q -]
l = = 0-2
Var[In(qq,, )] [(1 Lr(a2o +02) + (125 )]
G
o Var([In(1 4+ Q) g T - )]
- 92 5 5 0.2 . (L5)
(1 —s@)z(a 7o)t (1 - w2>]
G2
Box L.II
in retailer echelon when prices are forecasted instead of F <Gy N
using the optimal values of prices. Fy > Gy — By < Bi. (L.7)

Since some part of the price information is lost in
each period of time and it is not transferred to the
next period, price inequality p;"il < (Ap;")? exists;
therefore, F; < Gy.

The following inequalities show that BWE is
significantly reduced by utilizing the method proposed
in this paper in comparison with the method used
in literature. The model proposed here finds the
optimal values for prices. The optimal prices are
substituted in demand and order forecasting models.
Finally, variances of demands and orders are calculated
and BWE is quantified. However, the method in
the literature uses forecasted prices, leading to higher
demand amplification and more BWE value:

O<ap<1—>0<a <1—>ao <o

2

and afp ~0 (o is a very small value),

2

aﬁog +o;, < oi — G < Fy, (L.6)

Similarly, it can be proved that BWE in distributor’s
and manufacturer’s echelons is minimal at optimal
price and lead time; however, the proof is not included
here for briefness.

Appendix M

In this part of the paper, the theoretical and practi-
cal distinctions between the demand received by the
distributor (or the manufacturer) and its downstream
order are described.

M.1. In theory
The demand received by the manufacturer differs from
its downstream order as follows [31,32]:

gt3 = Q2 + (012 — 041 2),

O = My 2 + 22/Vt .2,
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where m; o = E(Ziil ¢2,t+i]g2,¢) is the mean of de-
mands and vy = var(Ziil @2,1+i|¢2,t) is the variance
of demands.

As it is observable from the above equations, the
demand received by the manufacturer (¢; 3) is not equal
to its downstream order (Oz). Instead, the demand
received by the distributor is equal to the demand of
retailer plus the difference between retailer’s orders at
two consecutive periods of time. In this paper, the
theoretical distinction between the demand received by
the distributor and its downstream order is modelled
as follows:

qt,3 zrswi‘““:‘qi:{f% # O =qi2
+ (szrz(wal)(’z(ﬁfé - leﬁwt*%qzoflg)
In(g3) =0sIn(z;) + @sln(g_13) +1n(rs) + €13
#1n(0y2) =In(gs2) +1n(1 + Qbrgwfj_qug_l

— le) + Et’g.

Both the demand received by the manufacturer
(g¢,3) and the logarithm of the demand received by the
manufacturer (In(g.3)) differ from distributor’s order
(O¢,2) and logarithm of distributor’s order (In(Oy2)).

M.2. In practice

In this paper, a three-echelon auto-parts supply chain
has been practically investigated. In a supply chain,
the manufacturer requires to have distributor’s demand
in advance in order to be able to produce adequate
products. Assume that the manufacturer decides to
provide the raw material to produce the next week’s
products. In the current week, the manufacturer does
not have market demand for the next week. Thus,
the manufacturer uses the forecasted demand of the

distributor, which is predicted by demand planning
department. Manufacturer will place its order for
providing the required raw material based on the
forecasted demand of the distributor. Then, at the end
of forecasting period, the distributor places its actual
order and manufacturer will receive actual demand of
the distributor. Thus, the distributor’s order differs
from demand that the manufacturer receives from
demand forecasting department. This occurs due to
the fact that actual demand of distributor is not
available in the planning period (current week); hence,
its forecasted demand is used. This paper showed that
using demand of each entity for calculating its order
quantities would reduce BWE significantly in compari-
son with the method in which downstream orders were
used. This is due to the fact that downstream orders
accumulate forecasting errors; however, using demand
of each entity only includes forecast errors of one stage.
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