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Nowadays, regarding the technology development and communication means, supply chain management has gained special
significance among different industries. The impact of bullwhip is one of the factors that could lessn the supply chain efficiency and
increase the cost and delivery time of products and services. In this study, we explored the demand forecasting in supply chain, a
four-level chain of retailers, wholesalers, manufacturers, and suppliers. Each level of the chain forecasted demand by moving
average method, exponential smoothing, multilayer perceptron artificial neural network, and regression. Also, we provide a
hybrid model based on statistics and mathematics to reduce the effect of bullwhip. For this purpose, at first, the supply chain
simulation was performed. The results were then evaluated applying analysis of variance and the best combined model to reduce
the amount of bullwhip effect was introduced. The model of this research could be useful for other studies. Finally, forecast for
retail demand using the regression model; wholesale demand using the exponential smoothing model; manufacture demand using

the neural network; and supplier demand using the moving average method have been done.

1. Introduction

In the present study, the effect of combined use of various
forecasting methods on the bullwhip effect in a four-level
supply chain, including retailers, wholesalers, manufac-
turers, and suppliers, is investigated. Although a similar
issue has been explored in many previous research studies,
considering the nature of supply chain components, it is
more consistent with reality [1]. For this purpose, first, the
supply chain was simulated. The retailer demand received
from end customers is assumed to be a Poisson process with
rate. This distribution has been selected according to several
other research studies that have used this distribution as a
demand model in the supply chain [2, 3]. This choice is
rooted in the nature and specificity of the Poisson distri-
bution in depicting counting processes. In fact, a look at the
process of customers entering the system and registering

their demand shows the fact that the process of product
demand is a counting process that was well illustrated by the
Poisson distribution. This feature has caused more than half
of the research studies related to multilevel systems to use
this distribution as a demand model [4, 5].

For this purpose, main research question is as follows:

(i). For this purpose, main research question is how can
the effect of a bullwhip on supply chain efficiency be

measured?
Therefore, main contribution of the paper is as follows:

(i) Predict demand in a four-level supply chain with
retailers, wholesalers, manufacturers, and supplier
elements.

(ii) Provide a hybrid model based on statistics and
mathematics to reduce the effect of bullwhip.
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The rest of the article is organized as follows: in Section 2,
we present a literature review. In Section 3, we present
research methodology. In Section 4, we present results of the
paper finally, and in Section 5, we present overall conclusion
and further research for future study.

2. Literature Review

In an article with a simulation approach and repeated
measurements, Huang et al. [6] presented a spatiotemporal
Markov model (STMM) with the probability chain adjust-
ment (STMMPC) to predict states of inventory variation and
analyze inventory variation propagation in multistage steel
production processes. Jackson I. [7] demonstrated how deep
reinforcement learning agents based on the proximal policy
optimization algorithm can synchronize inbound and out-
bound flows if end-to-end visibility is provided. The paper
concludes that the proposed solution has the potential to
perform adaptive control in complex supply chains. Fur-
thermore, the proposed approach is general, task unspecific,
and adaptive in the sense that prior knowledge about the
system is not required. Yang et al. [8] modeled the severe
effects of seasonal demand in the multistage supply chain
and reduced the bullwhip effect, which could not be easily
achieved with analytical approaches. Also, she compared the
two neural network methods with the ARIMA method and
concluded that the neural network method reduces the
bullwhip effect. Durdn Pefia et al. [9] carried out a literature
review to determine the causes of the bullwhip effect and the
supply chain’s quality factors of this phenomenon’s per-
ishable products. Updating the demand, the level of dete-
rioration of the product, and the number of intermediaries is
the causes of the bullwhip effect most investigated. On the
other hand, the product’s safety and the quality of the in-
formation are the quality factors of the chain of supplies of
perishable products more researched. According to this
study, important future research will be addressed by causes
of human behavior that affect the bullwhip effect in the
perishable goods supply chain. Fu et al. [10] investigated the
behavioral operations effect in production inventory deci-
sion of supply chain consisting of one manufacturer and one
buyer, and analyze how the unfairness concerns impact the
decision of production inventory in a supply chain system.
For this purpose, first a model without the buyer’s unfairness
concern is established; then, advantage unfairness concern
and disadvantage unfairness concern behavior of the buyer
are taken into account in the production inventory system.
The authors analyze how advantage unfairness concern and
disadvantage unfairness concern impact the optimal deci-
sions and channel coordination. Trenggonowati et al. [11]
calculated the value of bullwhip effect as well as designing
improvements to minimize the bullwhip effect. Based on the
research results, the index value of bullwhip effect on lon-
gitudinal pipe products is 1.06 and the index value of
bullwhip effect on spiral pipe products is 0.80. The im-
provement design to minimize the phenomenon of bullwhip
effect is to build an integrated information system for the
customer, manufacturer, and supplier. Zhao et al. [12]
employed system dynamics (SD) model to explore the effect
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of single strategy and combined scenarios on mitigating
inventory amplification, i.e., bullwhip effect (BE) in three-
echelon SC. Novel scenario simulation is designed to
stimulate recovery activities of electronic waste, decrease
solid material depletion, and promote clean production.
Main thread is as follows: establishing the SD model in line
with practical operation mechanism, testing the robustness
of model, emulating the effect of single strategy and com-
bined scenarios on mitigating BE, and finally proposing
optimal strategies on the optimization of green SC. Cannella
et al. [13] presented the mathematical formulation of the
supply chain model and conducted a numerical simulation
assuming different levels of errors. Results clearly show that
Inventory Record Inaccuracy strongly compromises supply
chain stability, particularly when moving upwards in the
supply chain. Important managerial insights can be
extracted from this analysis, such as the role of “benefit-
sharing” strategies in order to guarantee the advantage of
investments in connectivity technologies. Jaipuria and
Mahapatra [14] integrated approach of discrete wavelet
transform (DWT) analysis and artificial neural network
(ANN) denoted as DWT-ANN is proposed for demand
forecasting. Initially, the proposed model is tested and
validated by conducting a comparative study between
Autoregressive Integrated Moving Average (ARIMA) and
proposed DWT-ANN model using a data set from the open
literature. Furthermore, the model is tested with demand
data collected from three different manufacturing firms.
Bray and Mendelson [15] investigated the effect of infor-
mation exchange between supply chain levels on its bullwhip
effect. Bhattacharya and Bandyopadhyay [16] reviewed
studies on the factors affecting the effect of bullwhip. Hayya
C. [17] investigated the effect of random preparation times,
information sharing, and quality of shared information on
bullwhip effect. Machuca and Barajas [18] also studied the
effect of electronic data exchange on reducing the bullwhip
effect and the average cost of inventory using Internet
simulation software. Kelepouris et al. [19] investigated the
effect of replenishment and information sharing parameters
on bullwhip effect. Marko and Rusjan [20] also studied the
effect of replenishment policies on this effect. Agrawal et al.
[21] investigated the effect of preparation time and infor-
mation sharing on bullwhip.

One of the factors that many experts believe in its effect
on bullwhip is the use of supply chain links by various
forecasting methods. One of the factors that many experts
believe in its effect on bullwhip effect is the use of supply
chain links by various forecasting methods. In this regard,
extensive studies have been conducted on the effect of
forecasting methods on bullwhip effect such as Chen et al.
[22] that studied and compared the effect of two methods of
exponential smoothing and moving average on bullwhip
effect in a simple two-level supply chain including a retailer
and a manufacturer. Chen et al. [23] also investigated the
effects of two factors demand forecasting and order supply
time on bullwhip effect in a two-level supply chain and
generalized the result to multilevel chains. Zhang X. [24]
investigated the effect of forecasting methods on bullwhip
effect in a simple inventory supply system and concluded
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TaBLE 1: Paper classification.

Y f
Scope Author car o Goal Model
publication
Huang et al. 2022 Predict state of inventory variation Spatiotemporal Markov
Jackson 2022 Deep reinforcement learning agents Proximal pohcy optimization
algorithm
Simulation Yang et al. 2021 Measured effects of seasonal demand Artificial neural network
Fu et al. 2021 Investigation of the behavmral effect in production Mathematical model
inventory
Zhao et al. 2018 Optimization green supply chain System dynamic
. I . . . . .
Forecasting Vggﬁ;’lg‘?d 2013 Presentation of perspective supply chain operation Mathematical model
TABLE 2: Scenarios of forecasting methods in the four-level supply chain.
Retailer Wholesaler Manufacturer Supplier
Scenario 1 Linear regression Exponential smoothing Neural network Moving average

Scenario 2 Linear regression Exponential smoothing
Scenario 3 Linear regression Neural network
Scenario 4 Linear regression Moving average
Scenario 5 Linear regression Moving average
Scenario 6 Linear regression Neural network
Scenario 7 Exponential smoothing Linear regression
Scenario 8 Exponential smoothing Linear regression
Scenario 9 Exponential smoothing Neural network

Scenario 10
Scenario 11
Scenario 12
Scenario 13
Scenario 14
Scenario 15
Scenario 16
Scenario 17
Scenario 18
Scenario 19
Scenario 20
Scenario 21
Scenario 22
Scenario 23
Scenario 24

Exponential smoothing

Exponential smoothing

Exponential smoothing
Neural network
Neural network
Neural network
Neural network
Neural network
Neural network
Moving average
Moving average
Moving average
Moving average
Moving average

Moving average
Moving average
Neural network

Exponential smoothing
Exponential smoothing

Moving average
Linear regression
Linear regression
Moving average
Neural network
Neural network

Exponential smoothing

Linear regression
Linear regression

Moving average

Exponential smoothing

Moving average
Exponential smoothing
Exponential smoothing

Neural network

Moving average

Neural network

Moving average

Linear regression

Linear regression

Neural network

Moving average

Moving average

Linear regression
Exponential smoothing

Moving average
Exponential smoothing

Linear regression
Exponential smoothing

Linear regression

Neural network

Neural network
Exponential smoothing

Linear regression

Neural network
Moving average
Neural network
Exponential smoothing
Exponential smoothing
Moving average
Neural network
Moving average
Neural network
Linear regression
Linear regression
Linear regression
Moving average
Linear regression
Exponential smoothing
Moving average
Exponential smoothing
Linear regression
Exponential smoothing
Linear regression
Exponential smoothing
Neural network
Neural network

that forecasting methods are effective on bullwhip effect.
Barlas and Gunduz [25] mentioned uncoordinated use of
different levels of the chain in forecasting methods as one of
the structural roots of bullwhip effect in supply chains.
Ivanov and Sokolov [26] presented the first to address the
operative perspective of the supply chain dynamics do-
main. The methodology of this conceptual paper is based
on the business and technical literature analysis and fun-
damentals of control and systems theory. In contributing to
the existing studies in this domain, the paper proposes a
possible systemization and classification of related termi-
nology from different theoretical perspectives, and im-
portant practical problems. For the supply chain dynamics
domain, the paper identifies and groups possible problem
classes of research, corresponding quantitative methods,
and describes the general mathematical formulations.

Constantino et al. [27] attempt to evaluation by investi-
gating the interaction of collaboration and coordination in
a four-echelon supply chain under different scenarios of
information sharing level. In Table 1, we categorized
previous studies according to goal and research
methodology.

2.1. Research Gap. According to the above, there is no study
that can reduce the effect of bull whip on the supply chain
using statistical-mathematical analysis simultaneously. In
general, only mathematical prediction tools have been used.
For this purpose to fill gap in this research, demand fore-
casting in a four-level supply chain that has retail, wholesale,
manufacturer, and supplier elements is done by presenting a
hybrid model based on statistics and mathematics.
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FiGURre 1: Research framework.

3. Methodology

In terms of purpose, it is fundamental and applied research
because it is research that finds the best forecasting scenario
to reduce the bullwhip effect of in the supply chain and uses
the central limit theorem to prove its claim and uses it in a
case study and is quantitative in nature.

3.1. Problem Statement. The components of the chain use
four methods of moving average, exponential smoothing,
regression, and neural network to forecast their demand
assuming that none of the components use the same method.
Therefore, 24 different combinations of the four available
forecasting methods will be investigated. Because the retailer
is the lowest level of the chain, it is related to the actual
demand of the customers; therefore, the forecasting this level
of the chain is based on the actual demand of the customers.
At the second level of the chain, the wholesaler is related to the
retailer; therefore, the amount of the retailer order is con-
sidered as wholesale demand. At the third level of the chain,
the manufacturer is associated with the wholesaler. In fact,
wholesale order is considered as the demand of this level of
the chain. At the highest level of the studied chain, the
supplier is associated with the manufacturer. In other words,
the amount of the manufacturer’s order is considered as the
demand of this level of the chain. Therefore, the supplier tries
to forecast the demand for the next period based on the
previous orders of the manufacturer. First, with the obtained
hypotheses, we randomly generate a demand sample with the
Poisson process. Then, according to the two-bin ordering
policy, the amount of orders at each level is obtained as high-
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TaBLE 3: Random demand data for customers.

Period Random demand
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level demand and forecasting is performed. The 24 proposed
scenarios are given in Table 2.

Finally, the bullwhip effect in the scenarios was calcu-
lated and compared using Minitab, Excel, MATLAB soft-
ware, and statistical tests, and then, the best scenario was
introduced as the lowest amount of bullwhip effect to be
used in other 4-level supply chains. Then, the best model
introduced in Zarbal Company was used and the result was a
reduction in the bullwhip effect of Zarbal Company.

For this purpose, the effect of applying various fore-
casting methods in a four-level supply chain on bullwhip
effect is investigated in this study. The main objective of this
project is to provide an approach and model for analyzing
various scenarios and evaluating their effects on supply
chains. In this study, bullwhip effect is considered as one of
the most important performance indicators of supply chain.
The demand of four supply chain levels was calculated in
such a way that in the forecasting scenarios, none of the
supply chain levels were allowed to choose the same method
for forecasting. Taking into account this assumption, 24
(four factorial modes) forecasting scenarios were formed in
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51.81% of the variation in C1 can be explained by the regression
model.
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The positive correlation (r = 0.72) indicates that when C2
increases, C1 also tends to increase.

The fitted equation for the linear model that describes the
relationship between Y and X is:

Y=0.8286 - 0.1399 X
If the model fits the data well, this equation can be used
to predict C1 for a value of C2, or find the settings for C2
that correspond to a desired value or range of values for
a.

A statistically significant relationship does not imply that X
causes Y.

FIGURE 2: Correlation diagram of customer demand.

which the chain levels forecasted by moving average, linear
regression, exponential smoothing, and multilayer percep-
tron neural network. In Figure 1, research methodology
framework is shown.

3.2. Simulation. First, the intended supply chain was sim-
ulated and by Minitab 17 software, 36 random numbers were
generated with Poisson distribution with parameter 4, and
the random values of which are shown in Table 3.

Then, according to Scenario 1, the steps of demand
forecasting and ordering were formed by the two-bin
method (2 and 6).

3.3. Forecasting Retail Level Demand Using Regression
Method. According to Figure 2, the correlation hypothesis
between random data was confirmed; then, the retailer demand
was forecasted using the Minitab and regression method.
Because p —value <0.5, the value of the null hypothesis is
rejected and the two variables X and Y are correlated:

{Hozp:O

. (1)
Hy:p#0

The formula Y = 0.8286 + 0.1399 X shows the regres-
sion equation performed to forecast retail level demand. The
two-bin ordering system used in Table 4 is performed using
two bins (boxes). The capacity of the smaller bin is equal to
the amount of inventory required at the order point
(equivalent to 2 units). When the products arrive at the

warehouse, bin number 2 (smaller bin) is always filled first
and then the rest of the inventory is kept in bin number 1
(total volume of the warehouse). Consumption starts from
bin number 1, and when the inventory of this bin is finished,
the inventory has practically reached the order point. At this
time, in order to resupply the products, the order will be
issued at a fixed and determined amount. Upon receipt of
the ordered products, consumption will take place from bin
number 2. As stated in previous chapters, inventory
quantities are zero at the beginning of the period, and since
the ordering system is two-bin (6 and 2), in the first stage, it
needs to be ordered in a quantity that, in addition to meeting
the expected demand, fills the maximum warehouse volume.
Since the total demand forecasting of stages 2, 3, and 4 in
Table 3 does not cause the inventory to reach less than 2
units, the order quantities of these periods are zero;
therefore, orders are made in way that the amount of
warehouse inventory should not be less than 2 units (smaller
bin) and also the amount of inventory should not exceed 6
units. This logic of two-bin ordering system (6 and (2) was
defined in Excel software for all levels of the supply chain so
that all levels of the supply chain can order with this ordering
system. Table 4 shows retail demand forecasting value using
regression formula, retail order quantities, and retailor in-
ventory over different time periods.

3.4. Forecasting Wholesaler Level Demand Using Exponential
Smoothing Method. Using the quantities of retailer order by
the exponential smoothing method and coefficient a = 0.33,



TaBLE 4: Demand forecasting and retail order by the regression
method.
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TaBLE 5: Demand, order, and wholesaler warehouse by the ex-
ponential smoothing method.

Period Demand Order Warehouse Period Demand Order Warehouse
1 0.97 6.97 6 1 2 8 6
2 1.11 0 4.89 2 3.64 0 2.36
3 1.25 0 3.64 3 2.44 6.08 6
4 1.39 0 2.26 4 1.63 0 4.37
5 1.53 527 6 5 1.09 0 3.27
6 1.67 0 4.33 6 247 52 6
7 1.81 0 2.52 7 1.66 0 4.34
8 1.95 5042 6 8 1.11 0 3.23
9 2.09 0 391 9 2.53 53 6
10 2.23 4.32 6 10 1.7 0 4.3
11 2.37 0 3.63 11 2.56 4.26 6
12 2.51 4.87 6 12 1.72 0 4.28
13 2.65 0 3.35 13 2.76 4.47 6
14 2.79 5.43 6 14 1.85 0 4.15
15 2.93 0 3.07 15 3.03 4.88 6
16 3.07 5.99 6 16 2.03 0 3.97
17 3.21 0 2.79 17 3.34 5.37 6
18 3.35 6.55 6 18 2.24 0 3.76
19 3.49 0 2.51 19 3.66 59 6
20 3.63 7.11 6 20 2.45 0 3.55
21 3.77 0 2.23 21 3.99 6.44 6
22 3.91 7.67 6 22 2.67 0 3.33
23 4.05 4.05 6 23 4.32 7 6
24 4.19 4.19 6 24 4.23 4.23 6
25 4.33 4.33 6 25 4.22 4.22 6
26 4.47 4.47 6 26 4.25 4.25 6
27 4.61 4.61 6 27 4.32 4.32 6
28 4.75 4.75 6 28 4.42 4.42 6
29 4.89 4.89 6 29 4.53 4.53 6
30 5.03 5.03 6 30 4.64 4.64 6
31 5.17 5.17 6 31 4.77 4.77 6
32 531 531 6 32 4.9 4.9 6
33 5.45 5.45 6 33 5.03 5.03 6
34 5.59 5.59 6 34 517 5.17 6
35 5.72 5.72 6 35 5.31 5.31 6
36 5.86 5.86 6 36 5.44 5.44 6
the wholesaler demand was forecasted. Table 5 shows the Neural Network

quantities of demand and wholesaler order and the amount Hidden Layer 1 Hidden Layer 2 Output Layer

of inventory in different periods. bput (T ) (o { (o mm ) O

The logic of two-bin (6 and 2) wholesaler like the other J/ Tﬂiﬁﬁ‘% 3@‘E‘ gﬁﬁ'%o_l

levels is that a quantity is ordered at the beginning of the ’ . ‘ 7 b . '
period that in addition to meeting the demand at the be- Algorithms

ginning of the period, it maximizes the amount of inventory Training: Levenberg-Marquardt (trainlm)

at the beginning of the period. In other WOI'dS, it fills larger Performance: ~ Mean Squared Error (mse)

and smaller bins and the forecasted demand quantities, the Derivative: ~ Default (defaultderiv)

larger bin is used first and as soon as the larger bin is fin-
ished, it is the reorder point, a new order is issued, and the
smaller bin is used until the new order arrives and fills both
bins.

3.5. Forecasting Manufacturer Level Demand Using Neural
Network. Manufacturer demand was forecasted using the
multilayer perceptron neural network method. A multilayer
perceptron network with hidden two-layer specifications
was used to model the data. Using coding in MATLAB
software, time series data were arranged according to

FiGure 3: Neural network.

intelligent guesses and determined optimal time delays and
interruptions. Levenberg-Marquardt was used to train the
neural network because it is the fastest method of pro-
gressive neural networks with medium to high size up to
several hundred weights, and using the trial and error
method, different values were considered for middle layer
neurons. Finally, the number of middle layer neurons was
selected based on the outputs. The activity functions tansig
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FIGURE 4: Diagram of forecasted demand and expected demand of the neural network.

and purelin were also written as sigmoid functions for
output. After giving the historical input data to MATLAB
software, using the given functions and time delays,
MATLAB software receives 60% of the data for training, 20%
for validation during training, and the remaining 20% for the
test. Finally, it compares the forecasted output with the
expected output with the mean squared error index. Figure 3
shows the neural network.

As shown in Figure 4, left-top, the red dots are the
expected demand values and the black dots are the fore-
casted demand of the neural network. And the top-right
diagram shows the dispersion of the points. The bottom
diagram shows the MSE error value, which indicates good
forecasting of the neural network with a slight error. Table 6
shows the demand by the neural network method and order
by two-bin method and the manufacturer warehouse
quantities.

3.6. Forecasting the Supplier Level Demand Using the Moving
Average Method. Then, using the manufacturer’s order
quantity, the supplier demand was forecasted by the
moving average. Note that the amount of inventory at the
beginning of the period is considered zero. As can be seen
from the data in Table 7, the order amount of the first
period is equal to the demand of the first period plus the
maximum amount of warehouse volume (larger bin) and
for the second period, because we have no demand, no
order is placed and the inventory remains the same. And
for the third period, because the amount of demand is more
than the amount of inventory, the order is placed as much

as the amount of demand. The amount of demand and
orders continues in the same way until the sixth period, and
the amount of demand is the size that the inventory does
not become less than 2 units (smaller bin) so no order is
placed. This process of two-bin ordering system continues
until the last period.

4. Results

4.1. Calculating the Bullwhip Effect. For this purpose, firstly
we define the predetermined parameter for using regression
prediction in Minitab and the neural network in MATLAB
as follows:

(i) Variance of manufacturer order =13.34
(ii) Variance of retailer demand =2.17
(iii) Bullwhip effect value =6.14

Using regression prediction in Minitab and neural
network prediction in MATLAB, the logic of different
scenarios is written in Excel software and the bullwhip effect
for the first 36 random data in 24 scenarios is shown
according to Table 8.

4.2. Introducing the Superior Model. Now, taken from the
central limit theorem in probability theory, it states that
under certain conditions, the mean of a large number of
independent random variables, each with a known value and
a certain variance, will have an approximately normal dis-
tribution. Therefore, this experiment was repeated 50 times



TaBLE 6: Demand, order, and manufacturer warehouse by the
neural network method.
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TaBLE 7: Demand and order and supplier warehouse by the moving
average method.

Period Demand Order Warehouse
1 4.05 10.05 6
2 2.06 0 3.94
3 5.34 7.4 6
4 2.73 0 3.27
5 3.46 6.19 6
6 1.22 0 478
7 3.47 4.69 6
8 2.69 0 3.31
9 1.04 0 2.27
10 3.09 6.82 6
11 0 0 6
12 2.76 0 3.24
13 5.96 8.72 6
14 3.62 0 2.38
15 4.88 8.5 6
16 2.08 0 3.92
17 4.27 6.35 6
18 3.45 0 2.55
19 4.28 7.73 6
20 1.83 0 417
21 4.07 59 6
22 2.8 0 3.2
23 1.54 4.34 6
24 7.22 7.22 6
25 0 0 6
26 3.74 0 2.26
27 4.78 8.52 6
28 5.25 5.25 6
29 5.03 5.03 6
30 2.96 0 3.04
31 5.67 8.63 6
32 6.38 6.38 6
33 4.77 4.77 6
34 4.9 4.9 6
35 0.07 0 5.93
36 5.17 5.24 6

and the results of the bullwhip effects were obtained in
Table 9.

Rest of Table 9. Values of bullwhip effect resulting from
the simulation.

Now, the hypothesis is tested whether the mean of
bullwhip effect in different forecasting scenarios is signifi-
cantly different from each other?

Ho: py =y = s = by = Ys = g = t7

o Hox = Ha3 = Hog- (2)

At least two of the means are not equal.

According to Table 10, because the value of F=1.22 is
greater than the value of F s »3 1176 the null hypothesis is
rejected at the significant level of 5% and it can be claimed
that the difference of the means at the level of 5% is sig-
nificant. Using the one factor analysis of variance in Minitab
software, as the results of analysis of variance show, the null
hypothesis about the equality of the mean of bullwhip effect

Period Demand Order Warehouse
1 10.05 16.05 6
2 0 0 6
3 7.4 7.4 6
4 0 0 6
5 4.36 4.36 6
6 3.4 0 2.6
7 3.4 6.8 6
8 2.72 0 3.28
9 2.72 5.44 6
10 1.17 0 4.83
11 2.88 4.05 6
12 1.71 0 4.29
13 1.71 0 2.59
14 3.89 7.3 6
15 2.18 0 3.82
16 4.31 6.49 6
17 4.31 4.31 6
18 3.71 0 2.29
19 3.71 7.42 6
20 3.52 0 2.48
21 3.52 7.04 6
22 3.41 0 2.59
23 3.41 6.82 6
24 2.56 0 3.44
25 4.37 6.93 6
26 2.89 0 3.11
27 2.89 5.78 6
28 3.94 0 2.07
29 3.44 7.38 6
30 4.7 4.7 6
31 4.7 4.7 6
32 4.73 4.73 6
33 5.01 5.01 6
34 4.95 4.95 6
35 6.17 6.17 6
36 4.01 4.01 6

TaBLE 8: Values of bullwhip effects for different forecasting
scenarios.

Scenario Bullwhip effects
1 6.14
2 2.42
3 49
4 242
5 4.8
6 3.51
7 6.69
8 2.09
9 3.6
10 2.09
11 11.34
12 0.62
13 6.36
14 8.84
15 7.54
16 6.49
17 4.88
18 5.1
19 2.39
20 1.35
21 4.1
22 7.35
23 1.9
24 1.9
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TaBLE 9: Values of bullwhip effect resulting from the simulation.
Period 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
1 614 1334 286 1045 1521 2742 1891 6.08 17.89 358 6.3 1.23 339 558 4.65 3.68 4.05
2 242 1578 3.65 10.69 16.32 27.85 19.65 6.28 18.56 3.09 6.58 1.88 1.5 408 49 821 5.79
3 49 1403 245 9.08 14.59 26.7 1998 6.59 17.73 396 689 254 361 452 53 683 54
4 242 13.05 4.03 11.89 17.57 28.09 20.05 7.51 1745 4.51 511 291 538 4.88 483 797 5.66
5 48 1494 4.056 11.52 172 26.63 20.68 7.89 1696 485 598 355 318 436 427 718 3.05
6 351 1225 499 963 214 27.61 21.21 9.44 1632 412 635 383 373 529 79 452 4.68
7 6.69 13119 513 11.36 16.06 2891 2256 8.76 15.69 39 712 634 444 539 6.24 8 6.41
8 2.09 14.05 7.27 1235 15.63 2829 229 941 1684 48 744 365 354 57 632 597 5.58
9 3.6 1446 74 12.76 20.18 29.11 23.54 8.09 18.26 574 696 8.07 7.36 8.2 647 8.33 8.43
10 2.09 13.69 584 13.25 17.68 29.36 24.02 9.77 15.03 5.6 6.2 462 527 624 6.77 654 54
11 2.09 13.69 584 1325 17.68 29.36 24.02 9.77 15.03 5.6 6.2 462 527 624 6.77 654 54
Predictive 12 0.62 13.75 523 12.67 1743 2748 23.66 10.07 14.69 695 6.3 766 383 759 597 547 6.87
scenarios 13 6.36 1228 5.02 1398 18.15 28.69 22.86 9.62 14.02 533 721 441 5.61 3.6 54 6.73 393
14 8.84 1349 7.2 1245 1592 2094 1739 885 1395 587 7.03 391 489 6.78 6.09 2.78 4.16
15 7.54 1346 6.39 13.23 1852 2744 18.04 7.23 1258 6.32 7.76 163 419 542 383 3.72 4.35
16 6.49 11.79 533 126 1.084 1525 19.7 7.85 1054 694 692 0.55 3.3 469 437 252 2.78
17 488 748 478 582 14.84 2525 15.67 8.08 9.34 0.83 6.31 357 267 429 37 333 47
18 5.1 13.03 7.05 13.12 17.69 26.35 22.54 8.65 14.01 522 538 2.75 371 447 375 39 543
19 239 1321 574 1198 1528 27 22.03 9.65 1423 489 638 385 411 486 425 3.73 5.69
20 1.35 14.04 6.31 11.25 14.87 26.45 23.13 10.21 14.58 541 751 312 383 515 456 49 6.2
21 4.1 1536 7.14 12.61 13.28 231 26.39 10.55 1533 6.01 628 285 434 586 6.48 531 7.36
22 735 1505 7.58 13.12 14.74 26.89 2546 9.68 16.02 6.21 575 473 513 725 689 546 6.39
23 1.9 1445 8.01 1235 15.02 27.31 2493 8.7 16.78 6.02 6.64 444 529 6.66 726 742 643
24 1.9 14.011 7.81 1241 15.69 26.06 2511 9.29 158 597 744 835 538 79 705 6.19 7.46
Period 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34
1 1546 12.48 923 0.64 228 361 29 826 524 088 38 1046 1328 83 18.08 6.08 1.92
2 15.63 1355 936 0.75 357 451 258 9.62 582 0.76 448 11.23 1256 10.2 17.64 6.18 1.78
3 1436 1348 998 4.63 265 5.8 1.82 6.08 5.07 0.091 3.71 10.28 12.025 8.97 17.05 6.27 1.62
4 148 12.75 1045 1.02 3.73 421 498 718 572 016 454 1036 12.09 828 1745 6.2 148
5 13.7 1584 101 1.05 436 526 537 7.64 564 027 7.54 1094 1347 8.07 1696 6.09 1.23
6 12.53 1546 1457 052 491 2,07 7.81 6.02 511 258 328 10.06 12.6 9.33 1638 6.11 1.87
7 15.82 12.08 11.21 4.7 3.88 531 1054 7.33 814 482 958 1231 1435 934 1569 6.82 1.34
8 14.09 13.65 11.87 119 412 9.05 983 814 894 1.08 6.2 11.64 1348 9.18 18.09 6.94 1.55
9 1243 18.04 1245 459 12.83 1044 6.04 8.79 826 712 555 17.67 1548 846 19.49 9.28 6.33
10 1398 14.54 1321 125 388 526 755 853 855 1.02 438 1438 13.87 9.17 16.84 11.76 2.08
11 1398 1454 1321 125 388 526 7.55 853 855 1.02 438 1438 13.87 9.17 16.84 11.76 2.08
Predictive 12 12.79 1448 1537 632 264 4.051 437 7.89 846 459 39 1237 1048 9,55 15.03 6.81 2.09
scenarios 13 12.6 11.35 12.02 1.06 4.05 3.65 492 7.68 924 1.08 509 11.08 15 10.25 10.88 6.08 2.31
14 13.73 12.84 11.65 158 509 289 6.02 518 9.08 1.67 487 839 065 10.35 11.37 7.18 244
15 13.43 1253 10.03 1.49 216 375 7.05 9.18 9.82 1.09 6.043 12.34 152 10.05 14.02 5.04 2.01
16 094 1149 13.01 1.41 488 493 6 9.77 373 122 649 824 799 987 634 731 251
17 13.77 1253 935 137 467 568 458 428 9.67 1.54 562 14.02 13.65 9.02 12.58 7.48 2.81
18 12.19 10.77 1158 19 387 326 547 106 9.28 1.62 6.28 13.84 15.09 10.25 12.57 7.64 198
19 15.31 1496 1296 1.81 293 267 4.87 896 8.74 1.08 9.23 1397 1437 9.08 13.62 7.8 257
20 14.63 14.47 1213 1.09 354 333 536 827 8.64 336 595 13.25 15.09 10.37 14.01 7.41 2.66
21 16.39 15.28 13.05 1.3 468 428 662 916 891 184 461 132 14.37 9.022 1423 7.29 2.35
22 15.61 1497 13.85 2 408 365 487 918 923 1.09 6.16 14.05 15.83 10.44 1458 7.66 3.87
23 14.84 1443 1401 205 392 4.65 528 10.08 9.08 114 548 1328 156 9.83 1533 7.09 2.35
24 1591 13.72 1325 2.09 48 743 462 9.64 913 139 8.62 1346 1439 10.8 16.02 833 2.77
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TaBLE 9: Continued.

Period 35 36 37 38 39 40 41 42 43 44 28 45 46 47 48 49 50
1 4 1.3 5.67 1245 344 1536 2.65 825 233 43 222 745 11.69 6.38 505 2.97
2 355 0.6 537 10.05 4.68 162 3.68 913 381 458 303 696 1128 6.04 4.66 2.58
3 346 327 541 1076 3.54 151 294 801 3.69 388 291 654 189 588 432 1.88
4 385 1.86 5.88 1115 498 1597 523 9.03 4.01 441 306 6.03 1191 6.14 478 213
5 327 0.054 531 1143 7.67 1741 639 1247 38 75 211 5.67 1.9 577 3.85 146
6 3.64 0.041 94 1221 3.06 14.65 3.02 8.05 2.63 366 184 623 1145 545 321 122
7 465 549 589 1077 9.69 1892 7.07 1205 3.65 9.09 151 1347 1112 48 251 0.89
8 488 418 6.08 891 632 1542 563 9.62 415 643 469 895 13.63 796 6.29 315
9 633 955 811 7.65 589 1433 412 8.05 0.075 586 891 10.78 1581 8.01 4.89 1.79
10 379 026 634 74 465 1328 3.09 7.89 0.093 492 415 811 12.69 6.95 5.01 245
11 379 026 634 74 465 1328 3.09 7.89 0.093 492 415 811 12.69 6.95 5.01 245

Predictive 12 353 044 64 962 376 184 3.06 7.63 258 935 289 613 11.02 53 3.6 233

scenarios 13 468 0.06 6.09 725 588 11.69 489 702 012 569 096 535 1021 5.02 3.52 2.69
14 502 0.347 239 615 423 11.21 386 632 0456 4.08 1.254 6.39 10.56 5.23 3.93 3.58
15 529 064 6.72 582 6.08 1058 506 691 0.76 633 101 568 9.65 471 3.03 2.98
16 53 029 427 639 659 947 539 635 033 679 054 466 638 411 3.04 3.05
17 584 054 654 524 53 472 548 6.03 057 581 078 487 898 4.58 246 274
18 521 042 622 509 635 11.58 495 741 043 6.03 063 505 822 412 4.64 2.02
19 492 029 68 9.66 911 1458 8.64 10.85 288 913 052 415 10.02 6.03 39 3.99
20 506 024 711 871 561 1296 522 7.64 185 508 042 3.69 114 6.89 516 4.57
21 514 036 7.92 9.03 412 12.05 4.02 693 211 496 0.68 433 12.03 7.24 612 5.46
22 522 051 783 955 6.04 1413 611 875 3.04 625 086 521 13.02 7.84 6.58 6.02
23 534 042 10.84 10.25 537 1357 51 7.86 255 568 185 611 1395 82 714 6.86
24 518 059 738 10.01 851 14.85 788 10.23 31 881 213 756 1399 861 7.88 7.45

TaBLE 10: Analysis of variance.

Source DF Adj-SS Adj-MS F-value P value

Model 23 848.3 36.88 1.22 0.217

Error 1176 35556.0 30.23

Total 1199 36404.2
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FIGURE 5: Review of analysis of variance results.



Discrete Dynamics in Nature and Society

11

Interval Plot of C3 vs tedad
95% CI for the Mean

12

11 A

10 A

7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

tedad

FIGURE 6: Results of analysis of variance.

in the 24 proposed scenarios is not accepted at 95% con-
fidence level and it can be said that there is a significant
difference between different scenarios.

The last issue is related to investigating the accuracy of
the hypotheses of the analysis of the variance model. In fact,
the method of analysis of variance is based on hypotheses
that, if not established, will invalidate the results. The basic
hypotheses of analysis of variance are that the model errors
of independent random variables have a normal distri-
bution with zero mean and common variance. These hy-
potheses are investigated in Figure 4. In this figure, the first
plot (top left corner) is the normal probability plot of the
residuals, which shows that the residuals have a normal
distribution with a satisfactory approximation. Normal
probability plot is a graphical method for examining the
normality of a set of data that plots observations against
their cumulative frequency on a sheet called normal
probability sheet. If the observations on this sheet are
concentrated around a straight line, it indicates that the
dataset is normal. As can be seen, the residuals of the
analysis of variance are concentrated with a very good
percentage around the straight line in the normal proba-
bility plot, which is evidence that the residuals are normal.
Regarding the equality of variance of errors, the plot of
residuals is used in relation to the fitted values (top-right
corner). If this plot does not show a specific nonrandom
pattern, it indicates that the variance of the errors is equal.
As can be seen in the plot, in the present test, this plot
shows that the variance of the errors is constant.

The last plot (bottom right corner) also shows the plot of
residuals in relation to the time of data collection, which
indicates a random pattern. In fact, this plot should not show
any specific pattern such as trend and cycle. These methods
are fully presented in Montgomery’s book.

As shown in Figure 5, the results of analysis of variance,
the null hypothesis about equality of the means of bullwhip
effect in the 24 proposed scenarios is not accepted at the 95%
confidence level and it can be said that there is a significant

difference between the different scenarios. Tukey’s multiple
comparison test was used to detect this difference. Finally, it
was proved that Scenario 9 is significantly different from
other scenarios, Scenario 16 is also significantly different
from other scenarios, and the rest of the forecasting sce-
narios are not significantly different; therefore, according to
the form and findings of the analysis of variance, the best
scenario (lowest bullwhip effect) was for Scenario 16. And
also, Scenario 9 was introduced as the worst scenario.
Significant differences between the mentioned scenarios are
shown in Figure 6.

In fact, based on the results of the above analysis, it can
be stated that if in the four-level system with the desired
hypotheses, retailer, wholesaler, manufacturer, and supplier
use neural network, linear regression, smoothing expo-
nential, and moving average, respectively, to forecast their
demands, considering impossibility of eliminating errors in
the forecast results, the amount of bullwhip effect resulting
from this combination of forecasting methods will be less
than any other combination, and as a result, this combi-
nation will help reduce the bullwhip effect and its negative
effects on the supply chain.

4.3. Implication Real Case in Zarbal Company. In the case
study, Zarbal Poultry Production Company with four levels
of suppliers was considered, and the Zarbal Complex
companies in northern Iran are located in the Caspian Sea
region and are one of the largest and most experienced
chicken meat production companies. In addition to pro-
viding part of the domestic and foreign market needs for a
day-old broiler chickens, this complex is also active in the
field of chicken meat production. Zarbal Company has
started its activity in the Iranian poultry industry since 1975,
and during this period, by offering superior products, it has
always maintained its superiority in terms of quality. In the
studied supply chain of Zarbal Company, we consider the
community of four Zarbal agencies in Babol City as the



12

Zarbal
Poultry

Incubation factory \

Discrete Dynamics in Nature and Society

™~

Distribution

—{Zarbal Store in

agency

Historical data of Zarbal chicken applicants in Babol city

Babol

FIGURE 7: 4-level supply chain of Zarbal Company.

retailer level, the Zarbal exclusive distribution agency as the
wholesale level, the Zarbal broiler poultry hall as the
manufacturer level, and the Zarbal incubator factory as the
supplier level. The two-bin ordering method (300 and 2000)
was used for all levels of the supply chain. As the results of
analysis of variance showed, the best scenario for forecasting
the four-level supply chain, Scenario 16, i.e., the neural
network method for the retailer level, the linear regression
method for the wholesale level, the moving average method
for the manufacturer level, and the exponential smoothing
method for the supplier level were introduced, which is as
follows for the case study. Figure 7 shows Zarbal Company’s
4-level supply chain.

4.3.1. Forecasting Retailer by Neural Network Method in
Agencies Other than Babol City. Using historical data of
customer demand from the total of four Zarbal distribution
centers in Babol City and by the artificial neural network of
multilayer perceptron, the demand of Babol retailers was
forecasted. The results of neural network forecast are shown
in Table 11.

4.3.2. Forecasting Zarbal Company Agency by Regression
Method. The null hypothesis of the correlation test indicates
the absence of a correlation relationship, and the alternative
hypothesis confirms the existence of a correlation relationship.
As shown in Figure 8, because pvalue <0.05, the null hy-
pothesis is rejected, and the two variables X and Y are cor-
related. Forecasting was performed using the linear regression
method and the following equation. Table 12 shows forecasting
Zarbal Company agency by the linear regression method:

{HO: p=0
Hy: p#0 3)
Y = 1841 + X5.988.

4.3.3. Forecasting Zarbal Poultry by Moving Average Method.
Zarbal distribution agency was forecasted by the moving
average method with p = 4. The demand forecast values of
Zarbal poultry and orders obtained by the two-bin method
are shown in Table 13.

4.3.4. Forecasting Zarbal Company Incubator Factory by
Exponential Smoothing Method. Using the order quantity
obtained in the previous period at the level of Zarbal poultry
and forecasting the demand of the previous period at the

TaBLE 11: Forecasting the demand of agencies other than Babol city
by the neural network method.

Period Demand Order
1393/02/06 1882 2000
1393/02/09 1868 1868
1393/02/13 1862 1862
1393/02/15 1856 1856
1393/02/18 1853 1853
1393/02/22 1862 1862
1393/02/25 1856 1856
1393/02/28 1856 1856
1393/02/31 1850 1850
1393/03/04 1864 1864
1393/03/07 1877 1877
1393/03/10 1882 1882
1393/03/13 1894 1894
1393/03/17 1807 1907
1393/03/21 1917 1917
1393/03/24 1927 1927
1393/03/27 1931 1931
1393/03/31 1942 1942
1393/04/04 1957 1957
1393/04/09 1973 1973
1393/04/14 1983 1983
1393/04/17 1995 1995
1393/04/21 2005 2005
1393/04/25 2006 2006
1393/04/29 2015 2015
1393/05/02 2019 2019
1393/05/06 2026 2026
1393/05/12 2020 2020
1393/05/14 2025 2025
1393/05/16 2027 2027
1393/05/18 2031 2031
1393/05/20 2031 2031
1393/05/22 2031 2031
1393/05/25 2031 2031
1393/05/29 2031 2031
1393/06/03 2040 2040

level of Zarbal incubation with a coefficient & = 0.33, the
demand for the next period at the level of Zarbal poultry was
forecasted by exponential smoothing method, and the re-
sults of which are shown in Table 14.

Finally, the value of bullwhip effect for these levels of
Zarbal Company chain using the combination of forecasting
methods presented in Scenario 16 is 3.892. This is while the
value of bullwhip effect for this level of the chain with
traditional and mental methods was 8.428. And this super-
good growth is the combined forecasting method of the
proposed model.
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TaBLE 12: Forecasting Zarbal Company agency by the linear regression method.
Period Demand Order
1393/02/06 1847 3847
1393/02/09 1853 1853
1393/02/13 1859 1859
1393/02/15 1865 1865
1393/02/18 1871 1871
1393/02/22 1877 1877
1393/02/25 1883 1883
1393/02/28 1889 1889
1393/02/31 1894 1894
1393/03/04 1900 1900
1393/03/07 1906 1906
1393/03/10 1912 1912
1393/03/13 1918 1918
1393/03/17 1924 1924
1393/03/21 1930 1930
1393/03/24 1936 1936
1393/03/27 1942 1942
1393/03/31 1948 1948
1393/04/04 1954 1954
1393/04/09 1960 1960
1393/04/14 1966 1966
1393/04/17 1972 1972
1393/04/21 1978 1978
1393/04/25 1984 1984
1393/04/29 1990 1990
1393/05/02 1996 1996
1393/05/06 2002 2002
1393/05/12 2008 2008
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TaBLE 12: Continued.
Period Demand Order
1393/05/14 2014 2014
1393/05/16 2020 2020
1393/05/18 2026 2026
1393/05/20 2032 2032
1393/05/22 2038 2038
1393/05/25 2044 2044
1393/05/29 2050 2050
1393/06/03 2056 2056

TaBLE 13: Forecasting Zarbal Company with the moving average
method.

TaBLE 14: Forecasting Zarbal incubator factory by the exponential
smoothing method.

Period Demand Order Period Demand Order
1393/02/06 1870 1870 1393/02/06 1700 1400
1393/02/09 1853 1853 1393/02/09 2416 2416
1393/02/13 1859 1859 1393/02/13 2230 2230
1393/02/15 1865 1865 1393/02/15 2108 2108
1393/02/18 2356 2356 1393/02/18 2027 2027
1393/02/22 1862 1862 1393/02/22 2136 2136
1393/02/25 1868 1868 1393/02/25 2045 2045
1393/02/28 1874 1874 1393/02/28 1987 1987
1393/02/31 1880 1880 1393/02/31 1949 1949
1393/03/04 1886 1886 1393/03/04 1926 1926
1393/03/07 1892 1892 1393/03/07 1913 1913
1393/03/10 1897 1897 1393/03/10 1906 1906
1393/03/13 1903 1903 1393/03/13 1903 1903
1393/03/17 1909 1909 1393/03/17 1903 1903
1393/03/21 1915 1915 1393/03/21 1905 1905
1393/03/24 1921 1921 1393/03/24 1909 1909
1393/03/27 1927 1927 1393/03/27 1913 1913
1393/03/31 1933 1933 1393/03/31 1918 1918
1393/04/04 1939 1939 1393/04/04 1923 1923
1393/04/09 1945 1945 1393/04/09 1928 1928
1393/04/14 1951 1951 1393/04/14 1934 1934
1393/04/17 1957 1957 1393/04/17 1940 1940
1393/04/21 1963 1963 1393/04/21 1946 1946
1393/04/25 1969 1969 1393/04/25 1951 1951
1393/04/29 1975 1975 1393/04/29 1957 1957
1393/05/02 1981 1981 1393/05/02 1963 1963
1393/05/06 1987 1987 1393/05/06 1969 1969
1393/05/12 1993 1993 1393/05/12 1975 1975
1393/05/14 1999 1999 1393/05/14 1981 1981
1393/05/16 2005 2005 1393/05/16 1987 1987
1393/05/18 2011 2011 1393/05/18 1993 1993
1393/05/20 2017 2017 1393/05/20 1999 1999
1393/05/22 2023 2023 1393/05/22 2005 2005
1393/05/25 2029 2029 1393/05/25 2011 2011
1393/05/29 2035 2035 1393/05/29 2017 2017
1393/06/03 2041 2041 1393/06/03 2023 2023

4.4. Discussion and Comparison. Many researchers have
studied the effect of forecasting methods on bullwhip, which
was mentioned in the literature review. However, Najafi and
Zanjirani Farahani [28] compared the effect of various
forecasting methods such as moving average, exponential
smoothing, and regression in creating or intensifying the
bullwhip effect in a four-level supply chain on bullwhip
effect and by three demand models, used the pairwise

comparison test to analyze his results. Esmaili et al. [29] also
investigated the two methods of moving average and ex-
ponential smoothing on eight demand models in a two-level
chain. In analyzing their results, they used the pairwise
comparison of means. Accordingly, the method based on
designing experiments and analysis of variance used in the
present study can be considered as a distinct aspect of it from
previous studies, which gives more stability to the results. In
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other study, Razavi Hajiagha et al. [30] investigated the effect
of combined application of forecasting methods on bullwhip
in three-level supply chains with a simulation approach and
the assumption of dissimilarity of forecasting methods in a
combined scenario and they analyzed the results using
analysis of variance. Kohansal used three smoothing
methods of Holt-Winters, ARIMA, and artificial network to
forecast the egg price. Based on the results, the forecast of the
neural network method is closer to reality. According to the
above comparison, there is no study that can reduce the
effect of bullwhip on the supply chain using statistical-
mathematical analysis simultaneously. In general, only
mathematical prediction tools have been used. For this
purpose to fill gap in this research, forecast for retail demand
using regression model; wholesale demand using expo-
nential smoothing model; manufacture demand using
neural network, and supplier demand using moving average
method have been done.

5. Managerial Insights and
Practical Implications

By moving from the bottom of the chain to the top of the
supply chain, small changes at the bottom cause large
changes at the top. These changes will cause large fluctua-
tions in the supply chain because it has been shown that the
sources of change in the supply chain are very wide. If these
changes are transferred to the higher levels of the supply
chain with a time delay, they will delay the production and
transportation of goods to the lower categories and will have
the effect of a bullwhip.

6. Conclusion

In this study, we explored the demand forecasting in supply
chain, a four-level chain of retailers, wholesalers, manufac-
turers, and suppliers. Each level of the chain forecasted de-
mand by moving average method, exponential smoothing,
multilayer perceptron artificial neural network, and regres-
sion. Also, we provide a hybrid model based on statistics and
mathematics to reduce the effect of bullwhip. For this pur-
pose, main contrition of the paper is predicting demand in a
four-level supply chain with retailers, wholesalers, manu-
facturers, and supplier elements. Also, we provide a hybrid
model based on statistics and mathematics to reduce the effect
of bullwhip. Therefore, in this study, using four methods that
most researchers used to forecast, including moving average,
exponential smoothing, linear regression, and multilayer
perceptron neural network, the demand value of the four-
level supply chain was forecasted with the assumption that
none of the forecasting scenarios use any similar method. For
this purpose, main results of the paper are as follows:

(i) Forecast retail demand using the regression model.

(ii) Forecast wholesale demand using the exponential
smoothing model.

(iii) Forecast manufacturer demand using the neural
network.
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(iv) Forecast supplier demand using the moving average
method.

Also, the quantities of orders were obtained using the
two-bin method; then, the effect of the bull whip was cal-
culated by calculating the variance of supplier orders to the
variance of retailer demand. And by the analysis of variance
and pairwise comparison test, the best combined scenario
with the least bullwhip effect in the four-level supply chain
was introduced. In the case study of Zarbal Company, with
the best bullwhip effect, Scenario 16, the demand of Zarbal
chicken stores (retailer) by the neural network method,
Zarbal chicken distributors (wholesaler) by the linear re-
gression method, Zarbal poultry (manufacturer) by the
moving average method, and the incubator factory (sup-
plier) by the exponential smoothing method forecasted,
which reduced the bullwhip effect. Suggestions for the de-
velopment of this article are as follows. Considering the
uncertainty in the calculations, we develop a simulation
model and introduce a hybrid approach based on simulation
and statistics.
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