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ABSTRACT
Vendor-managed inventory (VMI) is a supply chain coordination improvement system. Due to the vendor’s responsibility for the
replenishment decision, demand forecasting and quick response for retailers’ demand fluctuations are crucial in a VMI system.
Our study focuses on order prediction of the VMI for FMCG companies, which is multicriteria decision-making entailing to
consider various quantitative and qualitative criteria in the fuzzy decision-making process. The interval-valued intuitionistic
fuzzy set (IVIFS) is applied to solve ambiguity, vagueness, and subjectivity in human judgments. With real sales data, sales
conditions, and objective expert opinions, the proposedmethod showed logical and reliable results. The study also presented that
the proposed methodology improves the company’s supply chain performance while preventing excessive stocks and customer
backorders with equalization of the alternatives.
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1. INTRODUCTION

Vendor-managed inventory (VMI) is one of the most widely dis-
cussed subjects for improving supply chain efficiency. Also known
as a continuous replenishment or supplier managed inventory, it
was popularized in the late 1980s by Walmart and P&G. In 1985,
the partnership dramatically improved P&G’s on-time deliveries
and Walmart’s sales [1]. VMI became one of the critical programs
in the grocery industry’s pursuit of “efficient consumer response”
and the “quick response” garment industry. K-Mart had devel-
oped over 200 VMI partners by 1992 [2]. Other successful VMI
initiatives exist by other companies in the United States, such as
Campbell Soup and Johnson & Johnson, and European firms such
as Barilla [3,4]. Disney and Towill [5] provided that VMI comes
in many different forms, including quick response, synchronized
consumer response, continuous replenishment, efficient customer
response, rapid replenishment, collaborative planning, forecasting
and replenishment, and centralized inventory management [6]. In
VMI, the supplier is responsible for product delivery and routing
its vehicles to serve customers and determine when and how much
they deliver to them [7].

VMI can help the supplier manage the production plan and
long-term inventory control better by fully accessing the retailer’s
information, and the retailer can release the pressure of inventory
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control and fulfillment [8]. In other words, the vendor decides
on the appropriate inventory levels of each of the products for all
retailers and the relevant inventory policies to maintain these levels
[3,9–11]. Table 1 depicts the benefits of VMI. Under theVMI agree-
ment, the retailer provides sales plans and sales data to the ven-
dor. Achabal et al. state [12] that the vendor then produces the
sales forecasts and supplies the inventory to meet agreed-upon cus-
tomer service levels and inventory turnover targets. The evolution
from traditional supply chain inventory policies to VMI provides
significant advantages for all supply chain partners. As a result of
the immediate response to customers’ fluctuating demands, VMI
systems increase operational flexibility, customer service level, and
market visibility. VMI also leads vendors to smooth production,
distribution plans, supply chain cost reduction, inventory optimiza-
tion, better risk management, and increase profit and competitive-
ness [3,13,14]. VMI systems achieve these goals throughmore accu-
rate sales forecasting methods and more effective inventory distri-
bution in the supply chain [12].

In a VMI system, due to the vendor’s responsibility for the replen-
ishment decision, namely how much and how often to replenish,
demand forecasting, and quick response (QR) for demand fluc-
tuations of the retailer is crucial. In today’s world, industries face
challenges due to demand variability; Ramesh says [15] that these
challenges may be produced internally or externally. Internally,
demand variability can occur due to introducing a new product

https://doi.org/10.2991/ijcis.d.210423.004\relax 
https://www.atlantis-press.com/journals/ijcis/
https://orcid.org/0000-0002-6801-9571
http://creativecommons.org/licenses/by-nc/4.0/


1490 M. Demircan and E. Merdan / International Journal of Computational Intelligence Systems 14(1) 1489–1500

Table 1 Benefit of VMI.

Increased flexibility
Immediate response for customers’ fluctuating demand
Increased marked visibility
Smooth production
Smooth distribution
Cost reduction
Inventory optimization
Better risk and opportunity management
Increasing profit and competitiveness

that includes similar characteristics to an existing product. Another
internal way of creating demand instability could be poor commu-
nication between different supply chain stages. Lee et al. cite [16] the
bullwhip effect when demand is increased upstream in the supply
chain. Due to the bullwhip effect, the suppliers’ demand variation is
much more significant than the retailers’ demand variation. Exter-
nally, the competition can create demand variability, who might
utilize different campaigns or sales incentives to influence their
sales. Govindan adds [17] that both internal and external challenges
may impact demand fluctuations and result in demand uncertainty.

Waller et al. Evaluated [3] demand variabilities effects on VMI’s
benefits for HP and found that lower variability has the most
significant reduction in stock while improving manufacturer’s
delivery performance. Similarly, Cachon and Fisher examined [18]
forecasting and inventory management under VMI for Camp-
bell’s Soup company. They found that simple inventory manage-
ment rules can significantly reduce both retailer andmanufacturer’s
inventories while improving service level. Chen et al. showed [19]
that demand variability and correlation among retailers play essen-
tial roles in the vendor’s optimal distribution policy.

In other words, demand forecasting could be affected by several
criteria, some of which may be product specifications, stocks of
the customer, sales potentials, different campaigns, or incentives,
which are quite conflicting. See Table 2 for demand variability.
Therefore, demand prediction can be categorized as an MCDM
problem involved in evaluating a set of criteria through which the
vendor need to identify optimal demand value.

Our study focuses on order prediction for theVMI systemof FMCG
companies, which is a multicriteria problem entailing to consider a
variety of quantitative and qualitative criteria in the fuzzy decision-
making process. Classical multicriteria decision-making problems,
decisions of experts’ are being represented by numbers because of
inaccurate data, lack of information, and vagueness in VMI sys-
tems data.We prefer linguistic evaluations. The fuzzy set theorywas
introduced [20] by Zadeh to solve the ambiguity, vagueness, and
subjectivity in human judgments.

The fuzzy set theory has been used [21] in various areas, includ-
ing MCDM, aggregation operations, the definition of uncertain
linguistic variables, etc. The extensions of fuzzy set theory are
developed to cope with ambiguous information. Atanassov [22]
and Atanassov et al. Proposed [23] Intuitionistic fuzzy sets (IFS)
and interval-valued intuitionistic fuzzy sets (IVIFS), respectively,
to explain the information of alternatives under incomplete and
uncertain information environment.

Table 2 Demand variability.

New product with similar characteristic
Internal

Poor communication between different nodes of
supply chain
Different campaigns of competitors’ product

External
Sales incentives for similar products

There is not much study about forecasting with fuzzy sets in the
literature. Xiao et al. have used [24] forecasting accuracy as the
fuzzy membership function criterion and proposed a combined
forecasting approach based on fuzzy soft sets. A new adjustable
object parameter approach to predict the unknown data in an
incomplete fuzzy soft set was proposed by Liu et al. presented
[25] in a different study. As a prediction model with IFS, Wei and
Dai proposed [26] a prediction model for traffic emission, and
Wang et al. used [27] a demand prediction model for emergency
supplies.

In this study, both the VMI attributes and the alternatives that
we intend to choose from might be considered overlapped classes
among them. As a researcher, we do not have exact information
about the membership degree of the elements to the fuzzy sets that
characterize the VMI attributes which define the class. If we can
discuss the problem by representing the membership degrees to the
fuzzy set through an interval, we can overcome it. This leads us to
use IVIFS to characterize the linguistic labels that tie the problems’
attributes. IVIFSs allow us to consider the ignorance of decision-
makers in the membership function definition.

To model the linguistic labels through IVFSs represents an adapta-
tion of the original fuzzy reasoning method to manage the ambigu-
ity indispensable to the membership functions’ definition process.
We establish new rationalizing ways, indicating the interval-valued
restricted equivalence functions to increase the rules’ significance.
The equivalence of the interval membership degrees of the patterns
and the ideal membership degrees is more significant. Moreover,
the parametrized development of this fuzzy thinking process deter-
mines the optimal function for each variable to be evaluated.

TheVMIproblem thatwe proposed is constructed as amulti-expert
MCDM process. Since the results would highly rely on decision-
makers’ preferences, we would face subjectivity in the study. We
have used the IVIF approach to overcome the uncertainty, ambi-
guity, and subjectivity in the decision-maker evaluation processes.
IVIF sets manage hesitancy and uncertainty better in determining
membership functions. Our approach would realize VMI orders’
overall performance measurement through the aggregation of IVIF
pairwise comparison matrices and calculation of score judgment
and possibility degree matrices.

Studies of Onar et al. and Wu et al. both describe the IVIF method-
ology steps very clearly [28,29]. Moreover, even if our alternatives
and attributes in this study differ from their studies. There is a
high resemblance between the relationship of options and attributes
regarding subjectivity and ambiguity motives.

The study includes the following sections: Section 2 introduces
the literature survey and Section 3 presents a historical perspective
and summarizes VMI information. Section 4 contains the basics of
IFS and arithmetic operations. Section 5 presents the model and
the methodology. An application of the proposed method and its
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sensitivity analysis are discussed in Section 6. And finally, Section 7
concludes the paper with suggestions for further studies.

2. LITERATURE REVIEW

There are many studies about VMI systems with different mod-
els and different implementations. They can be differentiated by
the number of vendors-retailers or characteristics of demand, as
deterministic or stochastic, critical parameters of evaluation, or
appliance sectors. The academic studies on this section can be cat-
egorized into three groups:

1. General papers that define VMI and describe the benefits of its
application.

2. Case studies from different sectors with VMI applications and
discussions of results and limitations.

3. Modeling papers that propose mathematical models to inves-
tigate the effect of critical parameters on VMI performance.

Yao et al. developed [30] a single analytical vendor single retailer
model with deterministic demand to explore how order cost and
inventory cost parameters affect cost saving in a VMI system.
The results showed that inventory reduction affects both sup-
plier and retailer positively but disproportionally with long-term
relationships.

Gumus et al. Studied [31] the benefits of the single-vendor single
retailer VMI model with deterministic demand. In contrast to gen-
eral belief, the study showed that consignment inventory is benefi-
cial for both vendor and retailer, depending on the transportation
cost.

Darwish and Odah Investigated [32] a single-vendor multiple
retailer VMI system with deterministic demand to find the optimal
solution with lower total system cost. In the VMImodel with a con-
tractual agreement, the vendor is penalized for exceeding an upper
limit of maximum inventory, which can implicitly be regarded as
a capacity constraint. Retailers are protected by an upper limit on
the top inventory level. Rad et al. studied [33] mathematical mod-
els with a single vendor and two retailers. They found that a more
significant reduction in the supply chain’s total cost can be achieved
using VMI.

The key parameters are buyer’s demand and transportation costs
and vendors’ ordering and holding costs. The study showed that
VMI ismore beneficial than a traditional system.Cetinkaya and Lee
Presented [34] an analytical model for coordinating inventory and
transportation decisions in VMI systems and found that VMI sig-
nificantly reduced inventory carrying cost. While simultaneously,
lockout problems offered the ability to synchronize both inventory
and transportation decisions. Chaouch developed [35] an analyti-
cal model to calculate inventory levels and delivery rates to mini-
mize small suppliers’ costs forced to use VMI by larger customers. A
critical finding of the study was reducing variability in the amount
and timing of demand increased the benefits of lowered inventory.
Cachon and Zipkin Studied [36] a two-echelon supply chain with a
single, single-vendor retailer.

Both arewilling to pay customer backorder costs and independently
choose their base stock policies to minimize their expenses. Based

on the numerical comparison with the approach to reduce total sys-
tem costs, they showed that when the supplier and retailer share
backorder costs equally, the competition penalty is small. Still, if it
is not the case, the competition penalty can be huge. Cachon stud-
ied [37] the VMI model with one vendor and multiple retailers.
Cachon’s study showed that VMI could be a coordination channel
to achieve a minimum supply chain costs, only if participants agree
to make fixed transfer payments to participate in the VMI contract
and wish to share benefits. Mateen and Chatterjee have explored
[38] different replenishment policies for a single-vendor multiple
retailer model and proposed some general guidelines specifying
other conditions under which different approaches may become
more beneficial. The procedures differ primarily in the number of
retailers replenished in each delivery cycle, the timing of replenish-
ment, and the delivery sub-batch size. Hong et al. studied [8] a two-
echelon distribution system with multiple vendors and retailers in
traditional inventory systems and VMI systems to identify the VMI
system’s benefits. The demand is stochastic with a uniform distri-
bution, and the key parameters are setup cost and holding cost for
vendors and transportation and order expenses for retailers. The
results illustrate that the VMI system’s total inventory cost is lower
than a traditional approach where the shortage is allowed. Ramzi
et al. developed [39] a single-vendor single retailer model to com-
pare conventional and VMI systems’ performance when customer
demand is distributed normally. The key performance parameter is
total inventory cost in the supply chain, and they investigate how
increasing or reducing the related parameters changes the total cost
of two systems. Analyzes result that VMI works better and delivers
lower price in all conditions than the traditional method.

Yu et al. compare [40] retailer-managed and vendor-managed sys-
tems where the retailer faces demand uncertainty, and the sup-
plier faces exchange rate uncertainty. They suggest that VMI does
not perform better than RMI all time, then VMI cannot reduce
ordering, delivery, and holding costs. Additionally, VMI serves
worse first and better later as the degree of exchange rate fluctu-
ation increases. Kim investigates [41] optimal replenishment pol-
icy for a single-vendor and single outsourcing partner. A vendor
outsources certain products’ production and supplies the rawmate-
rial required to produce those products for its outsourcing part-
ner. The model is formulated as a Markov decision problem, and
using dynamic programing, he presented a simple procedure that
finds optimal shipment rule and replenishment quantity. Borade
and Sweeney used [14] genetic algorithms based decision support
system to provide significant economic benefits measured in terms
of cost, profit, stockouts, and service levels in an uncertain demand
environment.

Ben-Daya et al. Studied [42] a single-vendor multiple retailers
model with a combination of consignment and VMI policy. Three
vendor retailers’ partnerships are analyzed to examine VMI and
consignment agreements’ benefits. It is found that VMI&CS agree-
ment is more beneficial when the vendor has a flexible capacity. It
is also more attractive for retailers when they have significant order
costs and the vendor’s setup cost is not high.

Tyan andWee studied [4] the vendor retailer relationship through a
VMI system in theTaiwanese grocery industrywith the service level
and inventory level as critical parameters. It is stated that besides
the cost reduction and service level improvement, VMI is one of the
central systems in a strategic alliance. Achabal et al. described [12]
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a decision support system in the apparel industry with a VMI sys-
tem. Market forecasting and inventory management are the VMI
decision support system’s main components. A case study with
a vendor-managed sales forecasting and inventory replenishment
system resulted in effective supply chain coordination, improved
service levels, and faster inventory turns.

De Toni et al. Implemented [43] a VMI system in the household
electrical appliances sector, Electrolux Italia. The study demon-
strated the benefits and detailed comparison with the traditional
system of the VMI system. Lin et al. proposed [6] a forecast for-
ward replenishment model for a single seller and single buyer VMI
system. They also examined a real case for an electronic compo-
nents company and conducted a simulation to compare the model
with other strategies. The key parameters are inventory cost and ser-
vice level. Govindan studied [17] one vendor and multiple retailers’
supply chain with stochastic demand in the pharmaceutical indus-
try. The study aims to find the supply chain that minimizes system
cost performance between traditional and VMI systems. Adjusted
silver-meal and Lelst unit cost heuristics are used.

Lin et al. developed [44] a dynamic fuzzy system in a VMI supply
chain with fuzzy demand. The genetic algorithm method is used to
search for optimal parameters of the model. The results show that
the fuzzy VMI model is better than the crisp VMI model and can
simultaneously reduce the Bullwhip effect and inventory response
in the supply chain. Kristiano et al. proposed [45] an adaptive fuzzy
control application to generate smooth forecasting, production, and
delivery plan and eliminate the Houlihan Effect, Burbidge Effect,
and the Bullwhip Effect. Adaptive fuzzy VMI control exceeds fuzzy
VMI control and traditional VMI to mitigate the Bullwhip Effect
and backorders.

3. VENDOR-MANAGED INVENTORY

VMI is an alternative for the traditional order based replenish-
ment practices. It changes the problem-solving approach of supply
chain coordination. Instead of just putting more pressure on sup-
plier performance formore accurate and faster deliveries, VMI gives
the supplier both the responsibility and authority to manage the
entire replenishment process. The customer provides the supplier
accessibility to the inventory and demand information and defines
availability targets. Then, the vendor decides and manages when
and how much to deliver. Therefore, the measure of vendor per-
formance is not delivery time and preciseness, but it is the avail-
ability and inventory turnover [39]. The historical perspective of
VMI can be traced back to the early development of QR for general
merchandized retailers and their suppliers. Owing to the intense
competition in the textile industry, leaders in the United States

apparel industry formed the “CraftedWith Pride in the USACoun-
cil” in 1984 [46]. The council’s analysis showed that the apparel
industry’s delivery times are very long, 66 weeks from raw materi-
als to the customer, where 40 weeks spent in warehouse or trans-
portation. QR, where retailers and vendors work closely to reply
to consumer needs quickly by information sharing, was developed
to reduce inventory cost and lead time. According to Schonberger,
a pioneer QR implementation company, Milliken and Company,
reduced lead time from 18 weeks to 3 weeks [2].

Similar to the textile industry, in 1992, a group of grocery indus-
try leaders created a joint industry task force called the effi-
cient consumer response (ECR) working group. They identified
set practices, which could substantially improve the supply chain’s
overall performance if implemented. They also showed that by
expediting the quick and accurate flow of information in the supply
chain, ECR enables distributors and suppliers to forecast demand
more accurately than the current system [4]. Further development
of ECR is the Continuous replenishment policy (CRP) concept.
CRPmoves from pushing products from inventory holding areas to
grocery shelves based on consumer demand [4,46]. In a CRP strat-
egy, vendors receive point of sale data and prepare shipments at pre-
viously agreed intervals to maintain specific inventory levels. In an
advanced form of CRP, suppliers may gradually decrease inventory
levels at the retail store or distribution center as long as the service
levels are met [47].

Many manufacturers have introduced CRP as P&G, Campbell
Soup, Ralston, General Mills, and Pillsbury, and estimates showed
that the replenishment period reduced from 30 days to 5 days [46].
The partnership between retailer and supplier benefits both and
the customer. When this moves from one level to the next, a new
set of skills must be learned and employed by the vendor to imple-
ment that strategy [4]. Simchi-Levi et al. Summarized [48] different
retailer supplier partnership strategies as Table 3.

The idea behind using the VMI method toward sales companies
is to implement a “pull” control concept instead of a “push” sys-
tem. Manufacturing and production are to be controlled by mar-
ket demand, its trends, and seasonal nature, in other words, by the
actual sales of the sales company. The retailer shares information
related to their order portfolio, stock levels, sales forecasts, and the
vendor guarantees to cover a determinate safety stock level [43].

As we can see from Figure 1, although retailers receive customer
orders, shipping to the retailer is the supplier’s responsibility. The
peaks of replenishments to be adjusted due to safety stock, which in
turn allow a leveling of production. Additionally, the retailer’s stock
level, promotional activities information, and sales data are shared
with suppliers to calculate shipment quantities.

Table 3 Comparison of major retailer vs. supplier strategies.
Strategy Decision-Maker Ownership New Skills Employed by Vendor
Quick response (QR) Retailer Retailer Demand forecasting
Continuous replenishment
policy (CRP)

Contractually agreed levels Either party Demand forecasting and inventory
control

Advanced continuous
replenishment

Contractually agreed to and
continuously improved levels

Either party Demand forecasting and inventory
control

Vendor-managed
inventory (VMI)

Vendor Vendor Demand forecasting and inventory
control and retail management
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Figure 1 Supplier retailer relationship.

4. INTERVAL-VALUED INTUITIONISTIC
FUZZY SETS

IFS, proposed [22] by Atanassov, extends the ordinary fuzzy sets
with an additional degree called hesitancy. IFS considers both
membership value and nonmembership value to define any x ∈ X
such that the sum ofmembership and nonmembership values is not
necessarily equal to 1 because of hesitancy degree.

4.1. Preliminaries

Definition 1. An IFS Ã in X is defined as object of the

Ã =
{⟨x, 𝜇Ã (x) , 𝜗Ã (x)⟩ ; x ∈ X

}
(1)

where the functions: 𝜇Ã ∶ X → [0, 1] and 𝜗Ã ∶ X → [0, 1] defines
the membership and the non-membership degree of the element
x ∈ X, respectively, and for every x ∈ X ∶ 0 ≤ 𝜇Ã (x) + 𝜗Ã (x) ≤ 1.

Definition 2. An IFN is defined as follows:

I. An intuitionistic fuzzy subset of the real line.

II. Normal, there is any x0 ∈ ℝ, 𝜇Ã
(
x0
)
= 1, 𝜗Ã

(
x0
)
= 0.

III. A convex set for the membership function 𝜇Ã (x):

𝜇Ã
(
𝜆x1 + (1 − 𝜆) x2

)
≥ min

(
𝜗Ã

(
x1
)
, 𝜗Ã

(
x2
))

∀x1, x2 ∈ ℝ, 𝜆 ∈ [0, 1]
(2)

IV. A concave set for the non-membership function 𝜗Ã (x):

𝜗Ã
(
𝜆x1 + (1 − 𝜆) x2

)
≥ max

(
𝜗Ã

(
x1
)
, 𝜗Ã

(
x2
))

∀x1, x2 ∈ ℝ, 𝜆 ∈ [0, 1]
(3)

Definition 3. 𝛼-cut of an IFS is described as

A𝛼 =
{
x ∈ X|𝜇Ã (x) ≥ 𝛼, 𝜗Ã (x) ≤ 1 − 𝛼

}
(4)

IVIFS E ⊆ [0, 1] is a set of all closed subintervals of the interval and
X is a universe, an IVIFS Ã over X is

Ã =
{⟨x, 𝜇Ã (x) , 𝜗Ã (x)⟩ |x ∈ X

}
(5)

where 𝜇Ã → E ⊆ [0, 1] , 𝜗Ã → E ⊆ [0, 1] are intervals for all x ∈
X, 0 ≤ sup𝜇Ã(x) + sup𝜗Ã(x) ≤ 1. For each x ∈ X, 𝜇Ã (x) and 𝜗Ã (x)
are closed intervals, so their upper and lower points are denoted by
𝜇+
Ã
(x) , 𝜇−

Ã
(x) , 𝜗+

Ã
(x) , 𝜗−

Ã
(x) respectively.

An IVIFS is denoted by

Ã =
{⟨

x,
[
𝜇−
Ã (x) , 𝜇+

Ã (x)
]
,
[
𝜗−Ã (x) , 𝜗

+
Ã (x)

]⟩ |x ∈ X
}

(6)

where

0 ≤ 𝜇+
Ã (x) + 𝜗+Ã (x) ≤ 1;𝜇−

Ã (x) ≥ 0, 𝜗−Ã (x) ≥ 0

The value of 𝜋Ã (X) is called the degree of hesitancy (uncertainy) of
an IVIFS of x ∈ X in Ã is

𝜋Ã (X) = 1 − 𝜇Ã (x) − 𝜗Ã (x)
=
([

1 − 𝜇+
Ã
(x) − 𝜗+

Ã
(x)

]
, 1 − 𝜇−

Ã
(x) − 𝜗−

Ã
(x)

) (7)

So we can describe that,

𝜇Ã (x) =
[
𝜇−
Ã (x) , 𝜇+

Ã (x)
]
=
[
𝜇−
Ã , 𝜇

+
Ã

]

𝜗Ã (x) =
[
𝜗−Ã (x) , 𝜗

+
Ã (x)

]
=
[
𝜗−Ã, 𝜗

+
Ã

]

Ã =
([

𝜇−
Ã , 𝜇

+
Ã

]
,
[
𝜗−Ã, 𝜗

+
Ã

])
4.2. Arithmetic Operations with IVIFS

Let 𝜆 ≥ 0, Ã =
([

𝜇−
Ã
, 𝜇+

Ã

]
,
[
𝜗−
Ã
, 𝜗+

Ã

])
, B̃ =

([
𝜇−
B̃ , 𝜇

+
B̃

]
,
[
𝜗−B̃ , 𝜗

+
B̃

])
Ã⊕ B̃ =

([
𝜇−
Ã + 𝜇−

B̃ − 𝜇−
Ã𝜇

−
B̃ , 𝜇

+
Ã + 𝜇+

B̃ − 𝜇+
Ã𝜇

+
B̃

]
,
[
𝜗−Ã𝜗

−
B̃ , 𝜗

+
Ã𝜗

+
B̃

])
(8)

Ã⊗ B̃ =
([

𝜇−
Ã𝜇

−
B̃ , 𝜇

+
Ã𝜇

+
B̃

]
,
[
𝜗−Ã + 𝜗−B̃ − 𝜗−Ã𝜗

−
B̃ , 𝜗

+
Ã + 𝜗+B̃ − 𝜗+Ã𝜗

+
B̃

])
(9)

The arithmetic operations can be acquired by the following general
equation, using the extension principle, where ⊙ symbol and sub-
traction define the algebratic operations, respectively in Eqs. (10)
and (11). Besides these fuzzy arithmetic equations that we would
use in this study, many other extensions have been developed about
IVIFS operations. The most commonly used extended equation
forms are the ones generalized by Atanassova in different variations
[49].

Ã⊙ B̃ =
{
z,
[
maxz = x⊙ymin

{
𝜇−
Ã
(x) , 𝜇−

B̃

(
y
)}

,

maxz = x⊙ymin
{
𝜇+
Ã
(x) , 𝜇+

B̃

(
y
)}]

,[
minz = x⊙ymax

{
𝜗−
Ã
(x) , 𝜗−B̃

(
y
)}

,

minz = x⊙ymax
{
𝜗+
Ã
(x) , 𝜗+B̃

(
y
)}]

,
(
x, y

)
∈ X × Y

}
(10)

Ã⊖ B̃ =
{
z,
[
maxz = x−ymin

{
𝜇−
Ã
(x) , 𝜇−

B̃

(
y
)}

,

maxz = x−ymin
{
𝜇+
Ã
(x) , 𝜇+

B̃

(
y
)}]

,[
minz = x−ymax

{
𝜗−
Ã
(x) , 𝜗−B̃

(
y
)}

,

minz = x−ymax
{
𝜗+
Ã
(x) , 𝜗+B̃

(
y
)}]

,
(
x, y

)
∈ X × Y

}
(11)



1494 M. Demircan and E. Merdan / International Journal of Computational Intelligence Systems 14(1) 1489–1500

5. MODEL AND METHODOLOGY

At the beginning of the model, we prepared comparison matrices
created by expert assessments and gathered them into using aggre-
gation operators for IVIFS. The proposedmethod is evolved [28,29]
from the study of Onar et al., Wu et al. and applied for the VMI
problem. Aggregation operators are illustrated in Definition 4.

Definition 4. �̃�j =
([
aj, bj

]
,
[
cj, dj

])
, j = 1, 2, ..., n is an IVIFS

and interval-valued intuitionistic weighted averaging operator
(IIFWA) Qn → Q if

IIFWAw
(
�̃�1, �̃�2,… , �̃�n

)
= w1�̃�1 ⊕ w2�̃�2 ⊕…⊕ wn�̃�n (12)

where Q is the set of all IVIFS, the weight factor of the IVIFS w is

w =
(
w1,w2,… ,wn

)
,wj > 0,

n∑
j=1

wj = 1, IIFWA operator can

convert into the following type (Eq. 13):

IIFWAw
(
�̃�1, �̃�2,… , �̃�n

)
=

{[
1 −

( n∏
i=1

(
1 − ai

))wi

,

( n∏
i=1

(
1 − bi

))wi
]
,

[( n∏
i=1

ci

)wi

,

( n∏
i=1

di

)wi
]} (13)

IIFA
(
�̃�1, �̃�2, ..., �̃�n

)

=

⎧⎪⎨⎪⎩
⎡⎢⎢⎣1 −

( n∏
i=1

(
1 − ai

))1∕n

,

( n∏
i=1

(
1 − bi

))1∕n⎤⎥⎥⎦ ,
⎡⎢⎢⎣
( n∏

i=1
ci

)1∕n

,

( n∏
i=1

di

)1∕n⎤⎥⎥⎦
⎫⎪⎬⎪⎭

(14)

R̃ =
(
r̃ij
)
n×n =

([
𝜇−
ij , 𝜇

+
ij

]
,
[
𝜗−ij , 𝜗

+
ij

])
n×n

=

⎡⎢⎢⎢⎢⎣

([
𝜇−

11, 𝜇
+
11
]
,
[
𝜗−11, 𝜗

+
11
])

⋯
([
𝜇−

1n, 𝜇
+
1n
]
,
[
𝜗−1n, 𝜗

+
1n
])

⋮ ⋱ ⋮([
𝜇−
n1, 𝜇

+
n1
]
,
[
𝜗−n1, 𝜗

+
n1
])

…
([
𝜇−
nn, 𝜇

+
nn
]
,
[
𝜗−nn, 𝜗

+
nn
])

⎤⎥⎥⎥⎥⎦
(15)

If w =
(

1
n
, 1
n
,… , 1

n

)
, IIFWA converts to interval-valued fuzzy

averaging operator (IIFA), where (Eq. 14), (IIFA(�̃�1, �̃�2,… , �̃�n) =
1
n
(�̃�1 ⊕ �̃�1 ⊕…⊕ �̃�n)

The steps of the proposed methodology is stated below:

Step 1. For each criterion, create the linguistic pairwise comparison
matrix from the Table 4.

Step 2. Convert the linguistic data to IVIFS using linguistic scale
to create individual interval-valued intuitionistic judgment matrix
(Eq. 15) where i and j describe the criterion number.

Table 4 Linguistic pairwise comparison matrix.
DM A1 A2 A3 A4 A5 A6 A7 A8
A1 EE
A2 - EE
A3 - - EE
A4 - - - EE
A5 - - - - EE
A6 - - - - - EE
A7 - - - - - - EE
A8 - - - - - - - EE

The reciprocal value of
([

𝜇−
ij , 𝜇

+
ij

]
,
[
𝜗−ij , 𝜗

+
ij

])
in R̃ is

([
𝜗−ij , 𝜗

+
ij

]
,[

𝜗−ij , 𝜗
+
ij

])
. For exactly equal, EE = ([0.50, 0.50] , [0.50, 0.50]) with

the reciprocal value ([0.50, 0.50] , [0.50, 0.50]).

Step 3. Collect the IVIF pairwise comparison matrices. With this
step experts’ aggregated interval-valued intuitionistic judgment
matrix R̃g is created.

R̃g =

⎡⎢⎢⎢⎢⎢⎣

([
𝜇−
g11, 𝜇

+
g11

]
,
[
𝜗−g11, 𝜗

+
g11

])
… …

⋮ ⋱ ⋮([
𝜇−
gn1, 𝜇

+
gn1

]
,
[
𝜗−gn1, 𝜗

+
gn1

])
… …

⎤⎥⎥⎥⎥⎥⎦
=

⎡⎢⎢⎢⎢⎢⎣
… …

([
𝜇−
g1n, 𝜇

+
g1n

]
,
[
𝜗−g1n, 𝜗

+
g1n

])
⋮ ⋱ ⋮

… …
([

𝜇−
gnn, 𝜇

+
gnn

]
,
[
𝜗−gnn, 𝜗

+
gnn

])
⎤⎥⎥⎥⎥⎥⎦

(16)

Step 4. The score judgment matrix S̃ =
(
s̃ij
)
n×n and interval multi-

plicative matrix Ã =
(
ãij
)
n×n. The score judgment matrix of R̃g is

described by the matrix,

S̃ =
(
s̃ij
)
n×n =

[
𝜇−
gij − 𝜗+gij, 𝜇

+
gij − 𝜗−gij

]

=

⎡⎢⎢⎢⎢⎢⎣

[
𝜇−
g11 − 𝜗+g11, 𝜇

+
g11 − 𝜗−g11

]
… …

⋮ ⋱ ⋮[
𝜇−
gn1 − 𝜗+gn1, 𝜇

+
gn1 − 𝜗−gn1

]
… …

⎤⎥⎥⎥⎥⎥⎦
=

⎡⎢⎢⎢⎢⎢⎣
… …

[
𝜇−
g1n − 𝜗+g1n, 𝜇

+
g1n − 𝜗−g1n

]
⋮ ⋱ ⋮

… …
[
𝜇−
gnn − 𝜗+gnn, 𝜇

+
gnn − 𝜗−gnn

]
⎤⎥⎥⎥⎥⎥⎦

(17)
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The interval multiplicative matrix is shown as

Ã =
(
ãij
)
n×n =

[
10𝜇

−
gij−𝜗

+
gij , 10𝜇

+
gij−𝜗

−
gij

]

=

⎡⎢⎢⎢⎢⎢⎣

[
10𝜇

−
g11−𝜗

+
g11, 𝜇

+
g11−𝜗

−
g11

]
… …

⋮ ⋱ ⋮[
10𝜇

−
gn1−𝜗

+
gn1, 𝜇

+
gn1−𝜗

−
gn1

]
… ...

⎤⎥⎥⎥⎥⎥⎦

=

⎡⎢⎢⎢⎢⎢⎣
… …

[
10𝜇

−
g1n−𝜗

+
g1n, 𝜇

+
g1n−𝜗

−
g1n

]
⋮ ⋱ ⋮

… …
[
10𝜇

−
gnn−𝜗

+
gnn, 𝜇

+
gnn−𝜗

−
gnn

]
⎤⎥⎥⎥⎥⎥⎦

⎡⎢⎢⎢⎢⎣

[
ã−11, ã

+
11
]
…

[
ã−1n, ã

+
1n
]

⋮ ⋱ ⋮[
ã−n1, ã

+
n1
]
…

[
ã−nn, ã

+
nn
]
⎤⎥⎥⎥⎥⎦

(18)

with this step, the score judgment matrix S̃ =
(
s̃ij
)
n×n is converted

to matrix whose values are between 0 and 10.

Step 5. The priority vector of the interval multiple matrix Ã =(
ãij
)
n×n is found by calculation of the w̃j interval for each criteria:

w̃i =
⎡⎢⎢⎣

∑n

j=1
ã−ij∑n

i=1

∑n

j=1
ã+ij

,

∑n

j=1
ã+ij∑n

i=1

∑n

j=1
ã−ij

⎤⎥⎥⎦ =
[
w−
i ,w

+
i
]
, i = 1, ..., n

(19)

Step 6. Build the possibility degree matrix P =
(
pij
)
n×n by com-

paring the obtained weights in previous step. P
(
wi ≥ wj

)
= pij =

min
{
Lwi+Lwj ,max

(
w+
i −w

−
j , 0

)}
Lwi+Lwj

, where

Lwi
= w+

i + w−
i and Lwj

= w+
j + w−

j

pij ≥ 0, pij + pji = 1, pii =
1
2

(20)

Step 7. Prioritize the P =
(
pij
)
n×n

wi =
1
n

[ n∑
j=1

pij +
n
2
− 1

]
(21)

Step 8. Normalize the weights vector obtained in previous step and
get the normalized weights wT

i of the alternatives:

wT
i =

wi∑n

i=1
wi

(22)

Step 9. Consider the hierarchy and repeat the previous steps 1–8
for the pairwise comparison of the alternatives with respect to each

Table 5 Linguistic scale and corresponding IVIFS.
Linguistic Terms Membership and

Nonmembership
Absolutely low (AL) ([0, 0.2], [0.5, 0.8])
Very low (VL) ([0.1, 0.3], [0.4, 0.7])
Low (L) ([0.2, 0.4], [0.3, 0.6])
Medium low (ML) ([0.3, 0.5], [0.2, 0.5])
Approximately equal (E) ([0.4, 0.6], [0.2, 0.4])
Medium high (MH) ([0.5, 0.7], [0.1, 0.3])
High (H) ([0.6, 0.8], [0, 0.2])
Very high (VH) ([0.7, 0.9], [0, 0.1])
Absolutely high( AH) ([0.8, 1.0], [0, 0])

criteria and build the scores of the alternatives, 𝜑ij for alternative
j,
(
j = 1, 2, ...,m

)
and criteria i, (i = 1, 2, ...n).

Step 10. Combined criteria weights and alternatives’ scores by
weighted average method. The possibility value of each alternative
is

Pj =
n∑
i=1

wi𝜑ij, j = 1, 2, ...,m (23)

Step 11.Calculate predicted order of retailerwith production of pos-
sibilities and crisp values of each alternative:

ΔRj =
n∑
j=1

Pj ⊙ ALTj (24)

6. A NUMERICAL EXAMPLE: ORDER
PREDICTION MODEL FOR VMI IN A
FMCG COMPANY

Most VMI studies focus on inventory policies, but we aimed to
concentrate on forecasts which vendors generate in our research.
Eight criteria are considered for the demand forecasting procedure
at the vendor. Refer to Table 6. The first one is the retailer’s loca-
tion, which affects products’ sales potential. Some factors like the
presence of discount markets nearby, customer purchasing power,
etc., can change the variety and quantity of sales. The retailer’s expe-
rience level is also an essential factor for demand; the quantities
will remain constant at the old retailer while fluctuates at the new
retailer. Sales conditions like competitors’ promotions, retailer’s
promotional activities, or newborn products are the main factors
that affect the demand. Financial stability is the most crucial factor
in business life; steady payments are vital for both producers and
vendors. Therefore, no one will want to send goods more than con-
tracted.

The retailer’s financial stability is one of the criteria for demand
forecasting. The retailer’s warehouse’s capacity is one factor that
affects the quantities of goods shipped to the retailer. When deter-
mining the warehouse’s physical ability, current stock, and cus-
tomer orders and backorders will be considered. This model has
three equallyweighted decision-makers fromdifferent FMCGcom-
pany teams. One is the sales and marketing team responsible for
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Table 6 Selection attributes and definitions.
Attributes Definitions
Location Presence of discount markets nearby,

purchasing power of customers can
affect sales potential

Experience level New retailers’ sales quantities can fluc-
tuate while the experienced one’s steady

Competitors’
activities

Different campaigns of competitors’
can change demand directly

Promotional activ-
ities

Retailers’ promotions will be increase
the demand of current products

Financial stability Steady payments of sales are crucial for
business parts

Current stock and
customer order

Current situations of stock and orders
will be another issues to define demand
quantities

Physical capacity Retailers’ warehouse capacity will affect
not only shipment quantities but also
forecasted demand

selling both current products or newborn ones. Their sales targets
are always aggressive and growing continuously, so demand fore-
casts are excessive-high most of the time.

The supply chain team is another decision-maker consisting of
production planning and logistics departments. Due to produc-
tion, stock, or shipment constraints, they are usually cautious about
forecast quantities. The last decision team is the trade marketing
department, which concentrates on sales’ financial aspects. They
decide promotional activities, which and howmuch product will be
selected for promotional events. Generally, their forecasts are sta-
ble and on average quantities. Different teams and different aspects
ensure balance for projections and make them more reliable. We
have four alternatives, which are demand surplus levels. They all
calculated from real-life sales data for traditional FMCG sales com-
panies and describes additional demands according to past sales.
Table 7 shows alternatives and their numerical equivalences.

6.1. Application of the Proposed
Methodology

At the beginning of themodel, decision-makers create the linguistic
pairwise comparisonmatrix using the scale in Table 5. The assigned
linguistic evaluations are given in Table 8.

Aggregated comparison matrix for attributes is obtained from
Table 8 byEq. (16). The score judgmentmatrix is calculated by using
Eq. (17). The multicapitate interval matrix is obtained by using Eq.
(18). The priority vector-matrix calculated by Eq. (19) is shown in
Table 9. Possibility degree matrix and weights of the attributes cal-
culated using Steps 6–8.

According to calculated weights, the most important attribute is
found Promotional Activities (A4). Other attributes are Competi-
tors Activities (A3) > Location (A1) > Financial Stability (A5) > Cus-
tomer Order (A7) > Experience Level (A2) > Current Stock (A6) >
Physical Capacity (A8).

After calculating the weights of the attributes, each decision-maker
compares the alternatives with respect to each feature by linguis-
tic evaluations for one retailer. Steps 9–11, the scores of options for
attributes are provided and used for calculating the possible val-
ues of the alternatives. At the last stage of the proposed model, the
predicted order is found by producing possibilities and demand
surpluses. It means that in the next forecast period, the retailer’s
demand will be the sum of the average sales quantity of past and
demand surplus calculated with the model.

According to the results, even if Low Surplus (ALT1) has the highest
possibility, other alternatives Medium Surplus (ALT2), High Sur-
plus (ALT3), and Very High Surplus (ALT4) possibilities affect the
total predicted order and balance it. Hence, the score will be more
than Medium Surplus (ALT2).

This approach prevents shortages of products for sales and helps the
supply chain formaterial supply plans and all companies to improve
service level. If the company aims to increase its sales, the primary
focus should be on Promotional Activities (A4). Any additional
sales opportunities like promotions, campaigns, or other marketing
activities will increase the next periods’ predicted demands.

Moreover, if there are Competitors’ Activities (A3) at the forecast
horizon, to prevent the company’s sales decreases, the company
should plan new promotional activities. Additionally, decision-
makers should take Location (A1) and Financial Stability (A5) of the
candidate into account to make a logical selection for new retailer
agreements.

On the other hand, to comprehend how other MCDM methods
affect the attributes ranking, we have quickly processed the same
data using VIKOR, TOPSIS, AHP, and EDAS techniques. When we
use these discrete techniques, the attributes’ ranking differs, as seen
in Table 10. We can conclude that AHP and EDAS are most likely
to have similar rankings; VIKOR and TOPSIS techniques have con-
siderably different results.

6.2. Sensitivity Analysis of Attributes

A sensitivity analysis is applied to examine the effects of the pos-
sible changes in the weights of the attributes on order prediction
methodology for VMI system. Figures 2 and 3 display two results
of the analysis. In these figures, the X-axis represents the weights of
attributes and the Y-axis represents the possibilities of alternatives.
In this analysis, the value of attributes’ weights is changed while
other attribute weights are proportionally distributed. For instance,
when the Location’s (A1) weights have changed from 0.138 to 0.100,
the weight of Experience Level (A2) is updated as

wT
2 = 0.121

(1 − 0.138)
× (1 − 0.1) = 0.127.

This process is conducted for all attributes, and new attribute
weights and alternative scores are calculated. Sensitivity analysis
represents that all the attributes except Promotional Activities (A4)
have no sensitivity on the ranking of alternative possibilities. But
when the weight of A4 has passed 0.90, the ranking of alterna-
tive options are changing. This result approves our weights that the
previous section found, which is the essential attribute is Promo-
tional Activities (A4). It alsomeans that decisions for the retailer are
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Table 7 Alternatives and their numerical equivalences.
Alternative Surplus Name Attribute Number of Pieces
ALT1 Demand surplus 1 Low surplus 600 pieces
ALT2 Demand surplus 2 Medium sur-

plus
1000 pieces

ALT3 Demand surplus 3 High surplus 1200 pieces
ALT4 Demand surplus 4 Very high

surplus
2000 pieces

Table 8 Pairwise comparisons of attributes by decision-makers.
DM A1 A2 A3 A4 A5 A6 A7 A8

A1 EE VH L VL H MH ML VH
A2 EE VL L E E ML MH
A3 EE E VH AH ML VH
A4 EE AH AH VH AH
A5 EE ML L E
A6 EE ML E
A7 EE VH
A8 EE
A1 EE L L VL ML AL AL E
A2 EE MH VL E VL VL ML
A3 EE L ML L VL AL
A4 EE AH VH H MH
A5 EE L AL AL
A6 EE ML E
A7 EE H
A8 EE
A1 EE VL H ML L MH AL H
A2 EE ML MH ML ML ML H
A3 EE ML VL VL VL ML
A4 EE ML VH E VH
A5 EE VH VH AH
A6 EE L VL
A7 EE VH
A8 EE

Table 9 Priority vector.
Attribute Priority Attribute Priority
A1 0.378 A5 0.364
A2 0.254 A6 0.116
A3 0.402 A7 0.317
A4 0.674 A8 0.081

robust against the possible changes in attribute weights. In Figures
4 and 5, we can see the final scores changes according to different
weights of attributes. Location (A1), Experience Level (A2), Com-
petitors’ Activities (A3), and Promotional Activities (A4) have a
positive impact while Financial Stability (A5), Current Stock (A6),
Customer Order (A7), and Physical Capacity (A8) have negative
consequences. It is also seen that while the weight of the most crit-
ical attribute, Promotional Activities (A4), are increasing, it affects

Table 10 Attribute rankings of other MCDM techniques.
VIKOR TOPSIS AHP EDAS

A1 1 2 4 3
A2 5 5 7 5
A3 4 1 2 2
A4 2 3 1 1
A5 3 4 3 4
A6 7 6 6 6
A7 6 7 5 7
A8 8 8 8 8

the results more than others that total score has passed High Sur-
plus (ALT3) level.

6.3. Comparison Results

In the proposed methodology, three equal decision-makers from
different FMCG company teams have evaluated the retailer based
on given attributes.

We have found that the collaboration of DM1 and DM3 has the
highest value, please refer to Figure 6.

This result shows that different decision-makers are essential for
stable results. Otherwise, the results may be tricky for demand fore-
casting. It may also cause overstock or lack of inventory scenarios.
Figure 7 shows the results of different combinations of decision-
makers. Additionally, to observe the effects of different retailers’
conditions, the study ran for three real-life retailers with vary-
ing requirements and forecasted demand surpluses calculated from
past sales data. Past sales data is synchronized for each retailer
to simplify and interpret the comparison. Retailers’ information is
hidden due to the sales company’s privacy conditions, and their
names are R1, R2, and R3. The comparison results with linguistic
evaluations for each retailer are also calculated.

To distinguish experts’ decisions, we have operated the model with
varying decision-makers’ combinations. According to these results,
although DM1 and DM3 give higher points to the retailer, DM2’s
decisions are lower than others. It is also

Figure 8 summarizes the comparison results of retailers for each
alternative. Comparison results show that although all the possi-
bilities affect the total score, due to the crisp values of alternatives,
possibilities of High Surplus (ALT3) and Very High Surplus (ALT4)
affect the total score (DR) positively. Since R2 has the highest possi-
bilities for these alternatives, it has the highest prediction. Although
R1 has the highest and R2 has the lowest possibility for Medium
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Figure 2 Sensitivity analysis of attribute location (A1).

Figure 3 Sensitivity analysis of attribute promotional
activities (A4).

Figure 4 Sensitivity analysis results of retailer (location).

Surplus (ALT2), it doesn’t affect the total score (DR) as much as the
possibilities of High Surplus (ALT3) andVeryHigh Surplus (ALT4).
Thus, R2 has a higher prediction than R1. Low Surplus (ALT1) has
themost insufficient effect on the total score (DR)with a crisp value
of 600; it has a limited impact on the total score. Even R3 has the
highest score for ALT1, and it has the lowest prediction due to the
possibilities of other alternatives are lower than R1 and R2.

7. CONCLUSION

This study concentrates on order predicting procedure, which has
critical importance for a VMI system’s success. The study includes

Figure 5 Sensitivity analysis results of retailer (financial
stability).

Figure 6 Attribute weights with respect to decision-makers’
preference.

a multicriteria problem entailing to consider various quantitative
and qualitative criteria for a real FMCG company. We have imple-
mented IFSs and aggregation operators to deal with vagueness and
subjectivity in human judgments.

Eight attributes that directly affect demand forecasting are con-
sidered in this study: (i) location, (ii) experience level, (iii)
competitors’ activities, (iv) promotional activities, (v) financial
stability, (vi) current stock, (vii) customer order, and (viii) physi-
cal capacity. They were all evaluated linguistically by three equal-
weighted decision-makers from different FMCG company teams
and converted to interval-valued intuitionistic fuzzy numbers. All
the weights of attributes have been calculated. Promotional activi-
ties have been found as the essential attribute for demand forecast-
ing of this FMCG company. Competitors’ activities, location, and
financial stability attributes are following it. The sensitivity analysis
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Figure 7 Comparison of evaluations of different
decision-makers.

showed that small changes in the attributes’ weight did not cause
any significant changes in the end.

Additionally, for new retailer agreements, decision-makers should
take the candidate’s location and financial stability into account to
make a logical selection. Four alternatives have been chosen to eval-
uate based on eight attributes by three equally weighted decision-
makers. In the proposed method, even if one of the alternatives has
the highest value, the final demand surplus may be different due to
the possibilities of other alternatives.

The proposed methodology avoids giving the same valuable order
forecast for all retailers with different conditions and characteristics
by summing the production of possibilities and demand surpluses
instead of ranking the possibilities.

It is shown that experienced retailers with good location and pro-
motion opportunities take the highest prediction while new mislo-
cated retailers take lower forecasts.

Comparisons of different retailers showed that the proposed
method yields logical and reliable results. It is also seen that the
proposed order prediction methodology improves the supply chain
performance of the company while preventing excessive stocks and
customer backorders with equalization of the alternatives.

The comparison of the decision-makers’ results has shown that dif-
ferent decision-makers with different targets and characteristics are
critical for stable results. Otherwise, the results may be tricky for
demand forecasting.

Further studies are suggested to considermore attributes to increase
the problem’s complexity, and alternatives can be increased to
find more precise solutions. Additionally, other fuzzy multicriteria
decision-making methods or other extensions of fuzzy sets such as
hesitant fuzzy sets, type-2 fuzzy sets can also be used for the same
problem.

Figure 8 Comparison results of retailers.

REFERENCES

[1] R.D. Buzzell, G. Ortmeyer, Channel partnerships streamline dis-
tribution, MIT Sloan Manag. Rev. 36 (1995), 85. https://search.
proquest.com/docview/224976746?accountid=15955

[2] R.J. Schonberger, Strategic collaboration: breaching the castle
walls-walls between and within the fiefdoms of production and
distribution are crumbling as firms learn to align crossed strate-
gies and work for the customer, Bus. Horiz. 39 (1996), 20–27.

[3] M. Waller, M.E. Johnson, T. Davis, Vendor-managed inventory
in the retail supply chain, J. Bus. Logist. 20 (1999), 183–204.
http://econspace.net/teaching/MGT-528/Waller-Johnson-Davis-
VMI.pdf

[4] J. Tyan, H.M. Wee, Vendor managed inventory: a survey of the
Taiwanese grocery industry, J. Purch. Supply Manag. 9 (2003),
11–18.

[5] S.M.Disney,D.R. Towill, The effect ofVendorManaged Inventory
(VMI) dynamics on the bullwhip effect in supply chains, Int. J.
Prod. Econ. 85 (2003), 199–215.

[6] J.T. Lin, F.K. Wang, C. Wu, A comparison study of replenish-
ment strategies in vendor-managed inventory, Arab. J. Sci. Eng.
39 (2014), 5253–5264.

[7] L.C. Coelho, G. Laporte, An optimised target-level inventory
replenishment policy for vendor-managed inventory systems, Int.
J. Prod. Res. 53 (2015), 3651–3660.

[8] X. Hong, W. Chunyuan, L. Xu, A. Diabat, Multiple-vendor,
multiple-retailer based vendor-managed inventory, Ann. Oper.
Res. 238 (2016), 277–297.

[9] T.H. Clark, J.H. Hammond, Reengineering channel reordering
processes to improve total supply‐chain performance, Prod. Oper.
Manag. 6 (1997), 248–265.

[10] Y. Dong, M. Dresner, Y. Yao, Beyond information sharing: an
empirical analysis of vendor‐managed inventory, Prod. Oper.
Manag. 23 (2014), 817–828.

https://doi.org/10.1016/S0007-6813(96)90019-1
https://doi.org/10.1016/S0007-6813(96)90019-1
https://doi.org/10.1016/S0007-6813(96)90019-1
https://doi.org/10.1016/S0007-6813(96)90019-1
https://doi.org/10.1016/S0969-7012(02)00032-1
https://doi.org/10.1016/S0969-7012(02)00032-1
https://doi.org/10.1016/S0969-7012(02)00032-1
https://doi.org/10.1016/S0925-5273(03)00110-5
https://doi.org/10.1016/S0925-5273(03)00110-5
https://doi.org/10.1016/S0925-5273(03)00110-5
https://doi.org/10.1007/s13369-014-1069-8
https://doi.org/10.1007/s13369-014-1069-8
https://doi.org/10.1007/s13369-014-1069-8
https://doi.org/10.1080/00207543.2014.986299
https://doi.org/10.1080/00207543.2014.986299
https://doi.org/10.1080/00207543.2014.986299
https://doi.org/10.1007/s10479-015-2040-0
https://doi.org/10.1007/s10479-015-2040-0
https://doi.org/10.1007/s10479-015-2040-0
https://doi.org/10.1111/j.1937-5956.1997.tb00429.x
https://doi.org/10.1111/j.1937-5956.1997.tb00429.x
https://doi.org/10.1111/j.1937-5956.1997.tb00429.x
https://doi.org/10.1111/poms.12085
https://doi.org/10.1111/poms.12085
https://doi.org/10.1111/poms.12085


1500 M. Demircan and E. Merdan / International Journal of Computational Intelligence Systems 14(1) 1489–1500

[11] J. Oláh, Z. Lakner, D. Hollósi, J. Popp, Inventory methods in order
to minimize raw materials at the inventory level in the supply
chain, LogForum. 13 (2017), 439–454.

[12] D.D. Achabal, S.H.McIntyre, S.A. Smith, K. Kalyanam,A decision
support system for vendormanaged inventory, J. Retail. 76 (2000),
430–454.

[13] M. Gronalt, P. Rauch, Vendor managed inventory in wood pro-
cessing industries-a case study, Silva Fennica. 42 (2008), 101.

[14] A.B. Borade, E. Sweeney, Decision support system for vendor
managed inventory supply chain: a case study, Int. J. Prod. Res. 53
(2015), 4789–4818.

[15] V. Ramesh, Effectively managing demand variability in CPG
Industry with focus on CPG manufacturer, Infosys, white paper,
2009, pp. 1–6.

[16] H.L. Lee, V. Padmanabhan, S. Whang, The bullwhip effect in
supply chains, Sloan Manag. Rev. 38 (1997), 93–102. https://
sloanreview.mit.edu/wp-content/uploads/1997/04/633ecdb037.pdf

[17] K. Govindan, The optimal replenishment policy for time-varying
stochastic demand under vendormanaged inventory, Eur. J. Oper.
Res. 242 (2015), 402–423.

[18] G. Cachon, M. Fisher, Campbell soup’s continuous replenishment
program: evaluation and enhanced inventory decision rules, Prod.
Oper. Manag. 6 (1997), 266–276.

[19] X. Chen, G. Hao, X. Li, K.F.C. Yiu, The impact of demand vari-
ability and transshipment on vendor’s distribution policies under
vendormanaged inventory strategy, Int. J. Prod. Econ. 139 (2012),
42–48.

[20] L.A. Zadeh, Information and control, Fuzzy Sets. 8 (1965),
338–353.

[21] C. Kahraman, M. Keshavarz Ghorabaee, E.K. Zavadskas, S. Cevik
Onar, M. Yazdani, B. Oztaysi, Intuitionistic fuzzy EDAS method:
an application to solid waste disposal site selection, J. Environ.
Eng. Landscape Manag. 25 (2017), 1–12.

[22] K. Atanassov, Intuitionistic fuzzy sets, Fuzzy Sets Syst. 20 (1986),
87–96.

[23] K. Atanassov, G. Gargov, Interval valued intuitionistic fuzzy sets,
Fuzzy Sets Syst. 31 (1989), 343–349.

[24] Z. Xiao, K. Gong, Y. Zou, A combined forecasting approach
based on fuzzy soft sets, J. Comput. Appl. Math. 228 (2009),
326–333.

[25] Y. Liu, K. Qin, C. Rao, M.A. Mahamadu, Object–parameter
approaches to predicting unknown data in an incomplete fuzzy
soft set, Int. J. Appl. Math. Comput. Sci. 27 (2017), 157–167.

[26] M. Wei, Q. Dai, A prediction model for traffic emission based on
interval-valued intuitionistic fuzzy sets and case-based reasoning
theory, J. Intell. Fuzzy Syst. 31 (2016), 3039–3046.

[27] L.Y. Wang, Z.H. Guo, Y.F. Zhang, Y.S. Zhang, L. Zhang, An emer-
gency supplies demand prediction model based on intuitionistic
fuzzy case reasoning, J. China Univ. Mining Technol. 44 (2015),
775–781.

[28] S.C. Onar, B. Oztaysi, I. Otay, C. Kahraman, Multi-expert wind
energy technology selection using interval-valued intuitionistic
fuzzy sets, Energy. 90 (2015), 274–285.

[29] J. Wu, H.B. Huang, Q.W. Cao, Research on AHP with interval-
valued intuitionistic fuzzy sets and its application in multi-
criteria decision making problems, Appl. Math. Model. 37 (2013),
9898–9906.

[30] Y. Yao, P.T. Evers, M.E. Dresner, Supply chain integration
in vendor-managed inventory, Decis. Support Syst. 43 (2007),
663–674.

[31] M. Gümüş, E.M. Jewkes, J.H. Bookbinder, Impact of consignment
inventory and vendor-managed inventory for a two-party supply
chain, Int. J. Prod. Econ. 113 (2008), 502–517.

[32] M.A. Darwish, O.M. Odah, Vendormanaged inventorymodel for
single-vendor multi-retailer supply chains, Eur. J. Oper. Res. 204
(2010), 473–484.

[33] R.H. Rad, J. Razmi, M.S. Sangari, Z.F. Ebrahimi, Optimizing an
integrated vendor-managed inventory system for a single-vendor
two-buyer supply chain with determining weighting factor for
vendor� s ordering cost, Int. J. Prod. Econ. 153 (2014), 295–308.

[34] S. Cetinkaya, C.Y. Lee, Stock replenishment and shipment
scheduling for vendor-managed inventory systems, Manag. Sci.
46 (2000), 217–232.

[35] B.A. Chaouch, Stock levels and delivery rates in vendormanaged
inventory programs, Prod. Oper. Manag. 10 (2001), 31–44.

[36] G.P. Cachon, P.H. Zipkin, Competitive and cooperative inven-
tory policies in a two-stage supply chain, Manag. Sci. 45 (1999),
936–953.

[37] G.P. Cachon, Stock wars: inventory competition in a two-echelon
supply chain with multiple retailers, Oper. Res. 49 (2001),
658–674.

[38] A. Mateen, A.K. Chatterjee, Vendor managed inventory for
single-vendormulti-retailer supply chains, Decis. Support Syst. 70
(2015), 31–41.

[39] J. Razmi, R.H. Rad,M.S. Sangari, Developing a two-echelonmath-
ematical model for a Vendor-Managed Inventory (VMI) system,
Int. J. Adv. Manuf. Technol. 48 (2010), 773–783.

[40] H. Yu, L. Tang, Y. Xu, Y. Wang, How much does VMI better than
RMI in a global environment?, Int. J. Prod. Econ. 170 (2015),
268–274.

[41] E. Kim, Stochastic vendor managed replenishment with demand
dependent shipment, Eur. J. Oper. Res. 152 (2004), 723–744.

[42] M. Ben-Daya, E. Hassini, M. Hariga, M.M. AlDurgam, Con-
signment and vendor managed inventory in single-vendor
multiple buyers supply chains, Int. J. Prod. Res. 51 (2013),
1347–1365.

[43] A.F. De Toni, E. Zamolo, From a traditional replenishment sys-
tem to vendor-managed inventory: a case study from the house-
hold electrical appliances sector, Int. J. Prod. Econ. 96 (2005),
63–79.

[44] K.P. Lin, P.T. Chang, K.C. Hung, P.F. Pai, A simulation of ven-
dor managed inventory dynamics using fuzzy arithmetic oper-
ations with genetic algorithms, Expert Syst. Appl. 37 (2010),
2571–2579.

[45] Y. Kristianto, P. Helo, J.R. Jiao, M. Sandhu, Adaptive fuzzy vendor
managed inventory control for mitigating the Bullwhip effect in
supply chains, Eur. J. Oper. Res. 216 (2012), 346–355.

[46] R.R. Lummus, R.J. Vokurka, Defining supply chain management:
a historical perspective and practical guidelines, Ind.Manag. Data
Syst. 99 (1999), 11–17.

[47] C. Troyer, D. Denny, Quick response evolution, Discount Mer-
chandiser. 32 (1992), 104–107.

[48] D. Simchi-Levi, P. Kaminsky, E. Simchi-Levi, R. Shankar,
Designing and Managing the Supply Chain: Concepts, Strate-
gies and Case Studies, Tata McGraw-Hill Education, 2008.
https://www.mheducation.com/locations.html

[49] L. Atanassova, On interval-valued intuitionistic fuzzy versions of
L. Zadeh’s extension principle, Issues Intiuit. Fuzzy Sets Gen.Nets.
7 (2008), 13–19.

https://doi.org/10.17270/J.LOG.2017.4.5
https://doi.org/10.17270/J.LOG.2017.4.5
https://doi.org/10.17270/J.LOG.2017.4.5
https://doi.org/10.1016/S0022-4359(00)00037-3
https://doi.org/10.1016/S0022-4359(00)00037-3
https://doi.org/10.1016/S0022-4359(00)00037-3
https://doi.org/10.14214/sf.267
https://doi.org/10.14214/sf.267
https://doi.org/10.1080/00207543.2014.993047
https://doi.org/10.1080/00207543.2014.993047
https://doi.org/10.1080/00207543.2014.993047
https://doi.org/10.1016/j.ejor.2014.09.045
https://doi.org/10.1016/j.ejor.2014.09.045
https://doi.org/10.1016/j.ejor.2014.09.045
https://doi.org/10.1111/j.1937-5956.1997.tb00430.x
https://doi.org/10.1111/j.1937-5956.1997.tb00430.x
https://doi.org/10.1111/j.1937-5956.1997.tb00430.x
https://doi.org/10.1016/j.ijpe.2011.05.005
https://doi.org/10.1016/j.ijpe.2011.05.005
https://doi.org/10.1016/j.ijpe.2011.05.005
https://doi.org/10.1016/j.ijpe.2011.05.005
https://doi.org/10.1016/S0019-9958(65)90241-X
https://doi.org/10.1016/S0019-9958(65)90241-X
https://doi.org/10.3846/16486897.2017.1281139
https://doi.org/10.3846/16486897.2017.1281139
https://doi.org/10.3846/16486897.2017.1281139
https://doi.org/10.3846/16486897.2017.1281139
https://doi.org/10.1016/S0165-0114(86)80034-3
https://doi.org/10.1016/S0165-0114(86)80034-3
https://doi.org/10.1016/0165-0114(89)90205-4
https://doi.org/10.1016/0165-0114(89)90205-4
https://doi.org/10.1016/j.cam.2008.09.033
https://doi.org/10.1016/j.cam.2008.09.033
https://doi.org/10.1016/j.cam.2008.09.033
https://doi.org/10.1515/amcs-2017-0011
https://doi.org/10.1515/amcs-2017-0011
https://doi.org/10.1515/amcs-2017-0011
https://doi.org/10.3233/JIFS-169189
https://doi.org/10.3233/JIFS-169189
https://doi.org/10.3233/JIFS-169189
https://doi.org/10.1016/j.energy.2015.06.086
https://doi.org/10.1016/j.energy.2015.06.086
https://doi.org/10.1016/j.energy.2015.06.086
https://doi.org/10.1016/j.apm.2013.05.035
https://doi.org/10.1016/j.apm.2013.05.035
https://doi.org/10.1016/j.apm.2013.05.035
https://doi.org/10.1016/j.apm.2013.05.035
https://doi.org/10.1016/j.dss.2005.05.021
https://doi.org/10.1016/j.dss.2005.05.021
https://doi.org/10.1016/j.dss.2005.05.021
https://doi.org/10.1016/j.ijpe.2007.10.019
https://doi.org/10.1016/j.ijpe.2007.10.019
https://doi.org/10.1016/j.ijpe.2007.10.019
https://doi.org/10.1016/j.ejor.2009.11.023
https://doi.org/10.1016/j.ejor.2009.11.023
https://doi.org/10.1016/j.ejor.2009.11.023
https://doi.org/10.1016/j.ijpe.2014.03.013
https://doi.org/10.1016/j.ijpe.2014.03.013
https://doi.org/10.1016/j.ijpe.2014.03.013
https://doi.org/10.1016/j.ijpe.2014.03.013
https://doi.org/10.1287/mnsc.46.2.217.11923
https://doi.org/10.1287/mnsc.46.2.217.11923
https://doi.org/10.1287/mnsc.46.2.217.11923
https://doi.org/10.1111/j.1937-5956.2001.tb00066.x
https://doi.org/10.1111/j.1937-5956.2001.tb00066.x
https://doi.org/10.1287/mnsc.45.7.936
https://doi.org/10.1287/mnsc.45.7.936
https://doi.org/10.1287/mnsc.45.7.936
https://doi.org/10.1287/opre.49.5.658.10611
https://doi.org/10.1287/opre.49.5.658.10611
https://doi.org/10.1287/opre.49.5.658.10611
https://doi.org/10.1016/j.dss.2014.12.002
https://doi.org/10.1016/j.dss.2014.12.002
https://doi.org/10.1016/j.dss.2014.12.002
https://doi.org/10.1007/s00170-009-2301-7
https://doi.org/10.1007/s00170-009-2301-7
https://doi.org/10.1007/s00170-009-2301-7
https://doi.org/10.1016/j.ijpe.2015.10.004
https://doi.org/10.1016/j.ijpe.2015.10.004
https://doi.org/10.1016/j.ijpe.2015.10.004
https://doi.org/10.1016/S0377-2217(02)00698-7
https://doi.org/10.1016/S0377-2217(02)00698-7
https://doi.org/10.1080/00207543.2012.662725
https://doi.org/10.1080/00207543.2012.662725
https://doi.org/10.1080/00207543.2012.662725
https://doi.org/10.1080/00207543.2012.662725
https://doi.org/10.1016/j.ijpe.2004.03.003
https://doi.org/10.1016/j.ijpe.2004.03.003
https://doi.org/10.1016/j.ijpe.2004.03.003
https://doi.org/10.1016/j.ijpe.2004.03.003
https://doi.org/10.1016/j.eswa.2009.08.020
https://doi.org/10.1016/j.eswa.2009.08.020
https://doi.org/10.1016/j.eswa.2009.08.020
https://doi.org/10.1016/j.eswa.2009.08.020
https://doi.org/10.1016/j.ejor.2011.07.051
https://doi.org/10.1016/j.ejor.2011.07.051
https://doi.org/10.1016/j.ejor.2011.07.051
https://doi.org/10.1108/02635579910243851
https://doi.org/10.1108/02635579910243851
https://doi.org/10.1108/02635579910243851

	A Proposed Order Prediction Methodology for Vendor-Managed Inventory System in FMCG Sector Based on Interval-Valued Intuitionistic Fuzzy Sets
	1. INTRODUCTION
	2. LITERATURE REVIEW
	3. VENDOR-MANAGED INVENTORY
	4. INTERVAL-VALUED INTUITIONISTIC FUZZY SETS
	4.1. Preliminaries
	4.2. Arithmetic Operations with IVIFS

	5. MODEL AND METHODOLOGY
	6. A NUMERICAL EXAMPLE: ORDER PREDICTION MODEL FOR VMI IN A FMCG COMPANY
	6.1. Application of the Proposed Methodology
	6.2. Sensitivity Analysis of Attributes
	6.3. Comparison Results

	7. CONCLUSION


