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Abstract    In this paper, the classical problem of supply chain network design is reconsidered to emphasize the role of contracts in 
uncertain environments. The supply chain addressed consists of four layers: suppliers, manufacturers, warehouses, and customers 
acting within a single period. The single owner of the manufacturing plants signs a contract with each of the suppliers to satisfy 
demand from downstream. Available contracts consist of long-term and option contracts, and unmet demand is satisfied by pur-
chasing from the spot market. In this supply chain, customer demand, supplier capacity, plants and warehouses, transportation 
costs, and spot prices are uncertain. Two models are proposed here: a risk-neutral two-stage stochastic model and a risk-averse 
model that considers risk measures. A solution strategy based on sample average approximation is then proposed to handle large 
scale problems. Extensive computational studies prove the important role of contracts in the design process, especially a portfolio 
of contracts. For instance, we show that long-term contract alone has similar impacts to having no contracts, and that option 
contract alone gives inferior results to a combination of option and long-term contracts. We also show that the proposed solution 
methodology is able to obtain good quality solutions for large scale problems. 
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1  Introduction 
 

A supply chain is a system of suppliers, manu-
facturers, distributors, retailers, and customers. In this 
system, materials move from suppliers to customers, 
and information flows in both directions (Simchi- 
Levi et al., 2007). Since uncertainty plays a strong 
role in today’s world, the importance of effectively 
connecting entities in a supply chain has been high-
lighted in recent years, and is known in the literature 
as the supply chain network design (SCND) problem. 
A crucial component of SCND is the way in which 

manufacturers are tied to their suppliers to ensure the 
stable supply of raw materials. These ties are con-
ventionally constructed using contracts among man-
ufacturers and suppliers. The uncertainty that domi-
nates today’s decision making process affects many 
SCND parameters, such as plant capacities, demand 
rates, transportation fees, spot prices, and exchange 
rates. The existence of uncertainty has a two-fold 
effect on the importance of contracts, since the sta-
tionary provision of products to customers is under 
pressure from highly uncertain parameters. One day a 
supplier fails to fulfill an order, another day trans-
portation prices go up because of an increase in fuel 
prices. Despite these effects, it seems that the litera-
ture on SCND has not yet paid enough attention to the 
incorporation of contracts, a factor that can affect the 
success of the design process. Many contracts have 
been introduced for different situations and for vari-
ous industries. Examples include long-term, option, 
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and capacity reservation contracts. In a long-term 
contract, the supplier guarantees to send the manu-
facturer a pre-specified amount of products at an 
agreed-upon price by a pre-determined time in the 
future. An obvious disadvantage of this contract is 
rooted in the inventory holding costs such as depre-
ciation and warehousing. To illustrate, in 2001, Cisco, 
a popular supplier in the communication industry, 
encountered a drop in its demand rates. However, due 
to having long-term contracts with its suppliers, Cisco 
was forced to write-off $2.2 billions of its inventory 
and fire 8500 of its personnel. In contrast, in an option 
contract, the buyer has the right to receive the product 
in future up to a pre-specified amount. The buyer pays 
a fraction of the price at the time the contract is agreed 
(premium fee) and the remainder at the time an order 
is placed with the supplier (execution fee). Although 
an option contract has the advantage of hedging the 
buyer against risks such as demand decline, the total 
price in this contract is higher than that in a long-term 
contract. Note that for some commodity parts there 
may always be the opportunity to supply these mate-
rials from the spot market, which operates under 
completely uncertain conditions because of variable 
spot prices and even availability of products. How-
ever, to hedge against many types of such uncertain-
ties, some companies, like HP, have used a portfolio 
of these contracts successfully to avoid the disad-
vantages of an uncertain environment while avoiding 
contract-specific problems. In 2000, the demand for 
flash memory grew at a high rate, but uncertainty in 
supply along with uncertain spot prices led HP to sign 
long-term contracts for 50%, and option contracts for 
30% of its demand. The remaining supply was ob-
tained by purchasing from the spot market (Simchi- 
Levi et al., 2007). In this paper, we consider a multi- 
site manufacturer who supplies a single product to a 
set of distributors (warehouses) and from there to end 
users (customers). This product needs a raw material 
(e.g., a core component) that should be contracted to a 
set of suppliers, mainly with long-term and option 
contracts, and unsatisfied demand will be supplied 
from the spot market. The capacity of suppliers, 
plants and warehouses, transportation fees, and spot 
purchasing prices are uncertain and stochastic with 
known distributions. The location and number of 
suppliers and customers are known, however, these 
items for plants and warehouses should be determined 

by the model. We have modeled this problem in two 
cases: a risk-neutral model and a risk-averse model. 
In both cases the modeling approach used is a two- 
stage stochastic programming. However, in the risk- 
neutral model the objective is to minimize average 
SCND costs, while in the risk-averse model, the ob-
jective is to minimize a measure of cost risk in addi-
tion to average cost as a way of forcing risk-averse 
decision making, which seems to be logical in the 
current uncertain environment. A solution procedure 
based on sample average approximation (SAA) is 
used to handle these stochastic models. Sensitivity 
analysis of model parameters was carried out to show 
the usefulness of the proposed model, and especially 
to highlight the important role of contracts in SCND 
decisions. Another contribution of this paper is the 
incorporation of risk in this problem. Although the 
application of a risk measure is not new in general, in 
the context of SCND, the impact of risk measures has 
not been studied thoroughly. More specifically, we are 
unaware of any such application in the context of 
SCND problems while considering contracts in the 
model.  

 
 

2  Literature review  
 
The SCND problem has attracted the attention of 

many researchers for years. The main aspect of this 
problem is related to the classical location-allocation 
problem, in which a set of manufacturing plants and 
warehouses should be installed and then allocated to 
customers with minimum cost, combined with a 
transportation problem. Many researchers have con-
sidered this problem in a deterministic environment 
so that all parameters related to the problem are 
known in advance. Thanh et al. (2010) addressed the 
problem of designing and planning a multi-period, 
multi-echelon, multi-commodity supply chain 
whereby each product has a bill of material and all 
parameters are deterministic. Each plant and ware-
house has limited capacity and lower and upper 
bounds on the utilization level. The comprehensive 
model they developed captures many modeling issues 
including: opening, closing, or expanding facilities, 
selecting suppliers, and planning the distribution flow. 
As for the solution strategy, a heuristic based on 
successive linear relaxation of original mixed integer 
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program (MIP) and rounding strategies was proposed. 
Nagurney (2010) considered the problem of design-
ing and redesigning a supply chain from a different 
modeling approach, i.e., variational inequalities. The 
research investigated optimal levels of capacity, 
production quantities, storage volumes, and ship-
ments. This approach has the merit of handling con-
gestion in the network as well as nonlinear and non- 
separable cost structures.  

Badri et al. (2013) developed a new mathemat-
ical model for multi-echelon, multi-commodity dy-
namic SCND considering expansions of the supply 
chain according to cumulative net profits and funds 
supplied by external sources, in contrast to the 
common approach in which expansion is restricted to 
a predetermined fund or to a fixed number of facilities. 
Other aspects include: bounds on utilization rates for 
facilities, public warehouses, and potential private 
warehouses. Correia et al. (2013) presented two new 
models for a two-echelon dynamic system. The main 
features are: location of new facilities, installation of 
warehouses, and distribution of products. Decisions 
are bound to a given budget and different product 
families are considered. While the first model is a cost 
minimization model, the second is a profit maximi-
zation model. To investigate the implications of the 
choice of performance measure on the network, an 
extensive computational study was also presented.  

In other stream of SCND papers, researchers 
have tried to make the decision making process more 
realistic through the incorporation of uncertainty in 
their models. Santoso et al. (2005) addressed a single- 
period, single-commodity network design problem in 
which a two-stage model determines which facilities 
should be opened, in addition to the technology of 
each facility. They also proposed a hybrid of Benders 
decomposition and SAA as the solution approach 
(Santoso, 2003). Tiwari et al. (2010) proposed a novel 
model for SCND with a cost minimization objective 
satisfying uncertain demands at a specified service 
level. Other features include:  the availability of var-
ious transportation options for manufacturers, ware-
houses, and distribution centers, nonlinearity of 
transportation and inventory holding costs, and con-
sideration of economies of scale for these costs. Then 
a solution procedure based on the Taguchi method 
hybridized with an artificial immune system was 
proposed. Pan and Nagi (2010) considered an SCND 

with the new feature of considering emerging new 
markets while demand is uncertain in an agile man-
ufacturing setting. The main decisions are: selection 
of facilities, alliances among different facilities, 
production, and distribution. A robust scenario ap-
proach was used to handle the uncertainty of demand 
with the objective consisting of the mean total costs, 
cost dispersion, and the mean penalty for unmet de-
mand. A heuristic based on the k-shortest path was 
also suggested. Georgiadis et al. (2011) proposed a 
new mathematical model for SCND with multiple 
products flowing in the network in multiple time 
periods and under uncertain demand. The model 
considers time-dependent uncertainties in demand 
through scenario planning. A case study regarding the 
establishment of a Europe-wide supply chain was 
presented to show the applicability of the proposed 
model. Das (2011) introduced a new model for the 
integration of capacity, product mix, distribution, and 
input supply flexibility in strategic supply chain de-
sign. Other novelties of the paper include: modeling 
capacity, product mix, customer service level, and 
input flexibility based on quantifiable performance 
measures. It was the first paper to include product mix 
flexibility. Rajgopal et al. (2011) proposed a new 
two-stage stochastic model for the design and opera-
tion of a remnant industry, motivated by the metal 
industry. Uncertainties arise in several aspects: de-
mand rate, raw material costs, cutting costs, salvage 
costs, capacity of facilities, and transportation fee. 
The first stage decisions concern fixed cost of oper-
ating facilities and the second stage costs are com-
posed of metal cutting and distribution. They pro-
posed a solution based on a modified version of the 
L-shaped method.  

Goetschalckx et al. (2013) considered an SCND 
problem with uncertainties in demand, capacities of 
suppliers, manufacturers, warehouses, and fixed lo-
cation costs. Uncertainty is modeled as a set of sce-
narios. The risk of the system is modeled as the 
two-sided standard deviation of the profits of the 
various scenarios. They showed that the common risk 
mitigation strategy to increase the overall capacity 
may not always have the desired effect. Tabrizi and 
Razmi (2013) considered an SCND problem in a 
multi-commodity, multi-stage, multi-capacity, and 
multi-source mode with sources of uncertainty in 
supply, demand, and processing sides, and modeled it 
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using fuzzy logic. The non-linear MIP model was 
then solved using Benders decomposition.  

Despite the fact that contracts may have very 
important effects on designing supply chains in an 
uncertain environment, most authors have ignored 
these effects. Melo et al. (2009), in their review paper, 
concluded that there is a gap in the literature related to 
consideration of decisions in a supply chain such as 
transportation modes, routing, and purchasing (con-
tracts). Wever et al. (2012) noted that most previous 
studies examined only supply/demand risks and con-
tract issues in the context of bilateral relations. They 
also showed that, when supply chain actors follow the 
instructions from these traditional models, their risks 
may increase rather than decrease. Further infor-
mation on supply chain contracts may be found by 
Feng et al. (2013). In addition, most studies suppose 
that a pre-specified amount of product will reach a 
facility from its predecessor facility, which implies 
long-term contracts. Paksoy et al. (2013) proposed a 
novel model, consisting of multiple suppliers, man-
ufacturers, distribution centers, and retailers, and 
dealt with the effects of product quality on supply 
chain design. Raw materials from suppliers are di-
vided into high, low, or bad quality. Low quality 
material is cheaper but requires additional rework 
time and cost and could cause the failer of reaching 
target quality for manufacturers, and thus may affect 
the ability to satisfy demand. To hedge against these 
uncertainties the manufacturers use option contracts. 
The model answers the questions of with which sup-
pliers these contracts should be signed and for which 
quality level. Although the authors declared that they 
used option contracts, actually they meant long-term 
contracts since in option contracts there is an option to 
buy or not to buy the amount agreed in the contract. 
However, in this paper no such concept was observed. 
Xu and Nozick (2009) considered a multi-period 
single-commodity supply chain with demand as the 
only uncertain parameter. Manufacturers belong to a 
single owner, and the problem considered is basically 
the supplier selection in conjunction with customer 
allocation and tries to find the right amount of raw 
material to purchase from each supplier using long- 
term and option contracts while unmet demand is 
purchased from the spot market with fixed prices. The 
modeling approach used is a two-stage stochastic 
programming. They used a hybrid solution strategy 

based on the standard L-shaped algorithm and La-
grangean relaxation. The main advantages of our 
paper over this work are: First, our model considers 
the main design decisions in a standard SCND prob-
lem, i.e., location of suppliers, manufacturers, and 
warehouses, in addition to allocation. However, the 
model of Xu and Nozick (2009) is mainly a supplier 
selection and does not consider warehouses and dis-
tribution decisions. Second, we have relaxed the as-
sumption of deterministic values for many parameters 
that are exposed to uncertainty in reality. In our model, 
the capacity of all facilities including suppliers, 
manufacturers, and warehouses, in addition to de-
mand and spot prices, is uncertain. Also, transporta-
tion fees from all facilities to all others are considered 
uncertain in our model, and nowadays are subject to 
the oscillation of fuel prices. The solution procedure 
of Xu and Nozick (2009) is suitable only for discrete 
distributions where the number of scenarios is not too 
large. However, this is not the case for our solution 
strategy. Feng et al. (2013) proposed a two-stage 
stochastic programming model for coordinated con-
tract design in a supply chain. They considered a 
multi-site manufacturer with uncertain capacity, 
which supplies various raw materials from multiple 
suppliers, with stochastic capacity and price, and, in 
turn, supplies multiple products to customers with 
random demand and market price. The manufacturer 
signs contracts with both suppliers and customers, 
which is a new feature in this study. Spot purchasing 
and selling is also allowed. Four types of contracts 
from the manufacturer’s side are used: (1) price only; 
(2) periodical minimum commitment; (3) periodical 
commitment with order band; (4) periodical station-
ary commitment. The only contract with suppliers is 
‘total minimum quantity commitments’. Another 
uncertain parameter, which is a novelty in their work, 
is that the manufacturer presents the set of contracts to 
buyers and the behavior of these buyers can be ap-
proximated through the distribution of the customer’s 
choice. Contract selections construct the first stage 
variables, i.e., whether to offer a type of contract to 
customers or sign a special contract with suppliers. 
Production and distribution constitute the second 
stage variables. The three main weaknesses of this 
paper are: First, there are no network design decisions 
regarding the location of manufacturers and distribu-
tion centers in the model. Second, as pointed out by 
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the authors, they have used only long-term contracts 
with suppliers, although option contracts have more 
power to hedge against uncertainty. Third, the capac-
ities of suppliers and transportation fees have been 
regarded as certain. An important drawback of pre-
vious two papers (Xu and Nozick, 2009; Feng et al., 
2013) is that they have made their decisions without 
considering the associated risks, which makes their 
solutions unstable against possible bad scenarios. 
However, we have refined this by incorporation  
of a risk measure in the objective of our model.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Furthermore, the risk measure we used is a coherent 
risk measure. Table 1 summarizes the main features 
of our paper in contract to the abovementioned liter-
ature with respect to design and modeling features. 

 
 

3  Problem description 
 
A multi-site manufacturer that supplies a single 

product to a set of warehouses and from there to its 
customers needs to locate its manufacturing plants  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 1  Comparison of our research with previous studies, based on design and modeling aspects 

 <=2010  2011 2013 
This 
paperXu and 

Nozick 
Tiwari 
et al. 

Thanh 
et al. 

Nagu- 
rney  

Pan 
and 
Nagi

 

Rajg-
opal 
et al.

Das
Geor-
giadis 
et al.

Feng 
et al.

Correia
et al. 

Badri
et al.

Tabrizi 
and 
Razmi 

Paksoy 
et al. 

Goets-
chalckx 
et al. 

Decisions                  

Supplier  
selection 

      -  -  -     
 



Location                 

-Plants -        - - - -  -   

-Warehouses -      -   -  -  -  

Operational                 

-Production           -      

-Distribution                

Uncertainty                 

Demand -   -     -  - -  -   

Capacity                 

-Suppliers -  - - -  - - -  - -  -  

-Plants -  - - -   - -  - -  -  

-Warehouses -  - - -  - - -  - -  -  
Transportation 
fee 

- - - - -   - - - - - - -  

Spot price - - - - -  - - - - - - - -  

Other sources - - - - -   - -  - - - -  - 

Architecture                 

Static -  -  -   - - - - -    

Dynamic  -  -   -     - - - - - 

Products                 

-Single   -    - - - - - - -  - 

-Multiple - -  - -         -  - 

Risk aversion                 

Coherent - - - - -  - - - - - - - - - 

Non-coherent - - - -   - - - - - - - -  - 

Contracts                 

Long term  - - - -  - - -  - - -  - 

Option  - - - -  - - -  - - - - - 

Spot purchase  - - - -  - - -  - - - - - 

Other types - - - - -  - - -  - - - - - - 
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and warehouses and allocate customers to warehouses. 
This product needs a strategic raw material or raw 
material, the supply of which should be contracted to 
a set of suppliers, mainly with long-term and option 
contracts, and unsatisfied demand would be out-
sourced to the spot market. The capacity of suppliers, 
plants, and warehouses, transportation fees, and spot 
purchasing prices are uncertain and stochastic with 
known distributions. Each supplier proposes a con-
tract list which specifies the price for long-term con-
tracts and another list showing different prices for the 
volume purchased under option contracts. In addition 
to location and allocation decisions, i.e., the design 
phase, the manufacturer needs to determine which 
supplier should supply each plant and with which 
contract, option, long-term, or both? Note that as the 
capacity of suppliers, plants, warehouses, and the 
demand are uncertain and considering the fact that 
contracts signed with suppliers constrain available 
products, it is assumed that unmet demand will be 
outsourced from the spot market but with stochastic 
prices. The volume of materials flowing from sup-
pliers to plants, from plants to warehouses, and from 
warehouses to customers should be determined as 
well, keeping in mind that transportation prices are 
stochastic. Modeling approach used here is a two- 
stage stochastic programming. Our first model is risk- 
neutral, i.e., the objective function considers only the 
average SCND cost, while the second model incor-
porates risk of decisions with a risk measure. In the 
two-stage stochastic programming, there is a timeline 
before which the uncertain parameters are unknown 
and after which they will be known. The decisions 
before this timeline are called the first stage and those 
after the timeline are called second stage. In this ap-
proach, the objective function consists of the costs 
due to the first stage decisions plus expected value of 
the costs due to the second stage decisions, assuming 
that the first stage decisions are fixed. Suppose that 
vector y is the aggregate of variables in the first stage 
with the cost vector d, and x is the aggregate of var-
iables in the second stage with cost vector c. Also, 
assume that ξ represents the aggregate of uncertain 
parameters with realizations ξn. We have 

 

  Tmin ( , )   s.t. , nE Q ξ
y

d y y Ay b        (1) 

 

in which Q(y, ξn) is defined as follows: 
 

T( , ) min{ } s.t. .  n n n n n nQ ξ
x

y c x W x h T y     (2) 

 
We may call problem 1 the first stage problem 

and problem 2 the second stage problem in our im-
plementation. The notations used in our mathematical 
model and the corresponding descriptions are illus-
trated in Table 2. 

3.1  Model assumptions 

The main assumptions of this research are listed 
as follows: 

1. There is a single product and each unit of the 
product is made out of one unit of raw materials. 

2. The locations and numbers of suppliers and 
customers are known, respectively. 

3. Each supplier has proposed a price for long- 
term contracts and an option list for price-volume 
pairs (the volume-up-to levels that plants are allowed 
to order). 

4. Unmet demand will be outsourced from the 
spot market. 

5. Capacities of all facilities, transportation fees, 
demand, and spot prices are stochastic. 

6. A scenario based approach is used to model 
uncertainty (although this assumption does not re-
strict us due to an adapted solution strategy, i.e., SAA, 
as will be explained later). 

7. The sets of locations for plants and ware-
houses are known a priori. 

3.2  Case I: risk-neutral two-stage stochastic model 

In this case, and in case II, the set of first stage 
variables consists of binary variables corresponding 
to the act of engaging with each supplier, buying an 
option level from option list, installing a plant, or 
establishing a warehouse in potential locations, and 
continuous variables for long-term contracts signed 
with suppliers. Second stage variables consist of dis-
tribution decisions, i.e., the amount of products that 
flow from suppliers to plants under different contracts 
and scenarios or the amount of products produced at 
each plant and sent to warehouses and from there to 
customers under different scenarios. Also, products 
that should be outsourced under each scenario will be  
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determined. The two-stage model for case I is as 
follows: 

The first stage problem: 
 

,

min Fs ys Fo yo Fl yl


 

  s s is is s s

s i s s
y

                    

  

Fp yp Fw yw ( ( , ))
   


 p p w w
p w

E Q y ξ  (3-0) 

s.t. yo ys ,  is s
i

s                                            (3-1) 

ys ,
and

ys , yo , yp , yw {0,1}, yl 0.

 


 

 s
s

s is p w s

            (3-2) 

The second stage problem: 

,
, , , ,

, , , ,

min Tsp xl (eo Tsp )xo

Tpw xpw Twc xwc

  

 

 

 

spn spn s spn spn
s p n s p n

pwn pwn wcn wcn
p w n w c n

x z

          
 

c,


 


 cn cn

n

P z
                                                   

(3-3) 

s.t. (xl xo ) Cs ys , , ,   spn spn sn s
p

s n                    (3-4) 

xpw Cp yp , , ,pwn pn p
w

p n                          (3-5) 

xwc Cw yw , , ,wcn wn w
c

w n                        (3-6) 

(xl xo ) xpw , , ,spn spn pwn
s w

p n               (3-7) 

xpw xwc , , ,pwn wcn
p c

w n                        (3-8) 

xo go yo , , ,spn i is
p i

s n                             (3-9) 

xl yl , , ,spn s
p

s n                                       (3-10) 

xwc , , ,wcn cn cn
w

z d c n                           (3-11) 

xospn, xlspn, xpwpwn, xwcwcn, zcn≥0,              (3-12) 

 
where (3-4)–(3-6) are capacity constraints for sup-
pliers, plants, and warehouses, respectively, (3-7) and 
(3-8) are flow conservation constraints, (3-9) and 
(3-10) are contractual constraints, (3-11) is the de-
mand constraint, and (3-12) is the non-negativity 

Table 2  Illustration for notations used in our mathe-
matical model 

Notation Description 

Set  

S Set of suppliers indexed by s 

P Set of possible plants indexed by p 

W Set of possible warehouses indexed by w  

C Set of customers indexed by c 

I Set of option levels indexed by i 

N Set of scenarios indexed by n 

Parameter  

β Number of available suppliers 

Fois 
Premium cost of buying option i from sup-
plier s 

Fls 
Unit cost of purchasing an item from sup-
plier s with long-term contract 

Fss Fixed cost to engage with supplier s 

Fpp Fixed cost for establishing a plant in site p 

Fww 
Fixed cost for establishing a warehouse in 
site w 

Tspspn 
Unit transportation cost from supplier s to 
plant p in scenario n 

Tpwpwn 
Unit transportation cost from plant p to 
warehouse w in scenario n 

Twcwcn 
Unit transportation cost from warehouse w 
to customer c in scenario n 

Cssn Total capacity of supplier s in scenario n 

Cppn Total capacity of plant p in scenario n 

Cwwn Total capacity of warehouse w in scenario n

eos 
Unit exercise cost for using option contract 
from supplier s 

goi 
Available items under option level i from 
each supplier 

Pcn 
Spot price of final product to supply cus-
tomer c in scenario n 

dcn Demand from customer c in scenario n 

Variable  

yss 
1 if we decide to engage with supplier s, and 
0 otherwise 

ypp 
1 if we decide to establish a plant in site p, 
and 0 otherwise 

yww 
1 if we decide to establish a warehouse in 
site w, and 0 otherwise 

yois 
1 if we decide to buy option level i from sup  
plier s, and 0 otherwise 

yls 
Amount we decide to buy from supplier s 
with long-term contract 

xospn 
Amount sent from supplier s to plant p in 
scenario n with option contract 

xlspn 
Amount sent from supplier s to plant p in 
scenario n with long-term contract 

xpwpwn 
Amount sent from plant p to warehouse w in 
scenario n 

xwcwcn 
Amount sent from warehouse  w to customer 
c in scenario	n 

zcn 
Unmet demand of customer c in scenario n 
satisfied by purchasing from the spot market
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constraint. 
With respect to the first stage problem, the ob-

jective function consists of fixed costs for engaging 
suppliers, a premium option cost for the option level 
acquired, a purchasing cost for long-term contracts, 
and a fixed cost for establishing plants and ware-
houses. Constraint (3-1) ensures that only one of the 
capacity levels in the option list should be reserved 
from each supplier, if we have any relation at all with 
that supplier. Constraints (3-2) enforce the number of 
suppliers to be less than a certain number. In the 
second stage, the objective is comprised of four terms: 
(1) the cost of carrying goods from suppliers to plants 
under different contracts, i.e., goods with long-term or 
option contracts, (2) the cost of exercising options 
purchased, (3) the cost of carrying goods from plants 
to warehouses, and (4) the cost of carrying goods 
from warehouses to customers. Constraint (3-4) states 
that the total items bought from a supplier under 
long-term and option contracts should not exceed its 
capacity under different scenarios, provided that we 
have engaged with that supplier. Constraint (3-5) 
ensures that the amount of goods produced at plants is 
within the capacity of plants under different scenarios, 
and constraint (3-6) limits the amount of products that 
flow from warehouses to less than their capacity lev-
els in various scenarios. Constraints (3-7) and (3-8) 
guarantee that the total amount of goods entering a 
plant or warehouse is equal to the total amount leav-
ing. Constraints (3-9) and (3-10) obligate the cir-
cumstances of the contracts signed. Specifically, 
constraint (3-9) mandates the option exercised in all 
scenarios to be less than the option level purchased 
and constraint (3-10) ensures that the amount sent 
from a supplier to all plants, under long-term contract 
is less than the amount agreed upon. Constraint (3-11) 
requires the demand for each customer in each sce-
nario to be satisfied, either with products from 
warehouses or from the spot market.  

3.3  Case II: risk-averse model 

Traditional two-stage models consider expecta-
tion as the main preference measure to compare 
random variables. This strategy results in risk-neutral 
models. In decision theory, an important issue is the 
comparison of random variables. For these variables, 
one should take the dispersion effect into considera-
tion, in addition to the location effect. In other words, 

both the mean and variability of random variables 
should be considered. This had led to the important 
concept of risk measures. Of course, merely empha-
sizing the location effect may result in solutions with 
high variability and emphasizing only the dispersion 
effect may result in too conservative solutions. Thus, 
it is conventional to use mean-risk models as follows: 

 

 ( , ))min ( , )) ,( (E
y

y ξ y ξ                   (4)
 

 
where ρ is the measure of variability, i.e., the risk 
measure, λ is the risk preference coefficient stated by 
the decision maker. Traditionally, variance was used 
as the measure of variability; however, this risk 
measure has some major deficiencies. For instance, it 
considers variability in both tails of the distribution of 
a random variable, but when we are talking about 
costs we do not care about the left tail. Another 
weakness arises from the nonlinearity of this measure. 
These and other deficiencies led us to use a more 
suitable and fairly recent measure, CVaR. This 
measure quantifies the mean of values in the distri-

bution function of a random variable  that exceed a 

certain point, as illustrated below (Rockafellar and 
Uryasev, 2000):  

 

CVaR ( | VaR )( ) ,( ) α αE    

 

in which VaRα() denotes a point at which α percent 

of the distribution of  is to the left of it. Rockafellar 

and Uryasev (2000) gave a more tractable version of 
this definition: 
 

1
CVaR inf ([ ] ,

1
) )( 

    
 

α η
η E η

α
          (5)

 

 
where [a]+=max(a, 0). Therefore, in this paper, we are 
looking to solve the following mean-risk model: 
 

 min ( ( , )) CVaR (( ., )) αλE
y

y ξ y ξ             (6)
 

 
In our two-stage model, however,  
 

(y, ξ)=dTy+Q(y, ξ) s.t. A1y≤b1. 
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Noyan (2012) showed that the general two-stage 
model for discrete (scenario-based) random variables 
could be written in the following linear form: 
 

T Tmin 1( ) 




 n n n
n

p
y

d y c x                        

1

1
 


      

 n n
n

p v                 (7-0) 

s.t. ,n n n n n  W x h T y,                     (7-1) 
T , ,n n nv n  c x                           (7-2) 

1 1,A y b                                        (7-3) 

0 ,, , n nv nx                                (7-4) 

η.                                             (7-5) 

 
In this formulation, pn denotes the probability of 

occurrence of the nth scenario. Risk aversion here is 
modeled in the form of a mean-risk model. For con-
venience, note that in the next sections, as stated by 
Noyan (2012), since the variable η does not depend on 
scenarios while variable vn does, we can consider η as 
the first stage and vn as the second stage auxiliary 
variables. Define 

 
T( , , ) (1 ) ( , , )         nξy ξ d y y     (8) 

s.t. A1y≤b1 and η, 

where  

T

,

T

( , , )= min
1

s.t. = and .






  



 
  

 n
n n nv

n n n n n n n

ξ v

v

x

c

y c

x h x

x

W T y


 

 
Therefore, the mean-risk model (6) could be rede-
fined in the same way as traditional risk-neutral 
models, as follows: 
 

Tmin 1 ( ( , ,{ })  ) )(       nE ξ
y

d y y       (9) 

s.t. A1y≤b1 and η. 

 

In the following, we will show that considering 
risk in the model has a great impact on the cost of 
supply chain. Also, the impact of parameter λ will be 
discussed. 

 
 

4  Solution procedure 
 
In this section we illustrate our strategy to solve 

the problem. In stochastic models like ours, it is 
necessary to determine whether the distribution of the 
stochastic parameters is continuous or discrete. The 
problem with continuous functions is that we may not 
be able to take expectations and they may not be good 
approximations for real distributions. The problem 
with discrete distributions, if we consider them as real 
distributions, is the large number of scenarios in real 
cases. To illustrate the importance of this, we discuss 
the example by Santoso et al. (2005). Consider a 
supply chain with 50 facilities, which is normal for 
realistic cases. Each facility has just one uncertain 
parameter. Suppose that this uncertain parameter has 
only three scenarios. In this situation, we have to deal 
with 3507×1023 scenarios, which is far more than 
current technology can handle. In this paper, we have 
adopted SAA to handle a very large, theoretically 
infinite number of scenarios (Santoso, 2003). This 
approach also enables us to use continuous distribu-
tions, since it draws samples from the original dis-
tribution, whether it is discrete or continuous. This 
procedure has its roots in Monte Carlo simulation and 
statistics, and we will have to deal with a smaller 
sample of the real problem in each stage of the pro-
cedure. In the next subsection we will illustrate the 
procedure of SAA in detail and its adaption to our  
problem. 

4.1  Sample average approximation 

In a stochastic program like Eq. (1) or (9), the 
main difficulty arises from the expected value terms, 
since we do not have the function Q(y, ξn) or 

( , , ) nξy  explicitly and in a closed analytical form. 

Even if we did, computing such an expectation con-
sists of multiple integrals or solving too many linear 
programs. To avoid these difficulties, a good idea is to 
use the sample average (mean) statistic, instead of the 
original expectation. To do this, Shapiro and Homem- 
de-Mello (1998) proposed performing M independent 
experiments. In each experiment, one must take N 
independent samples from the main problem. In fact, 
each sample consists of solving the following linear 
program, called the sample average problem: 
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1

1
min ( ., , )ˆ 



   m
m n

N

n

l ξ
Ny

y               (10) 

 

We call the optimal solution to this problem mŷ  or 

ˆ ,m  and it is proven that taking an average over ˆ
ml s  

gives a lower bound on the optimal value (Wang, 
2007). 

1

ˆ1
.

M

m
m

l l
M 
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The variance to this estimator is calculated as follows: 
 

2 2
l

1

1
( )

( 1)
ˆ .

M

m
m

s l l
M M 

 
                   (11) 

 
To obtain a good quality solution, an upper bound is 
also derived through a feasible first stage solution, 

such as one of ˆ
my  and ˆ

ms  obtained in the last step, 

and we call them y and ,  respectively. Then a new 

and large sample will be derived with size N' and we 
compute the following equation to obtain the sample 
upper bound: 
 

1

1
( , , ).

'




  
N'

n
n

u ξ
N

y                    (12) 

 

Note that in the above, we are solving N'  
single-scenario linear programmings (LPs) 

 ( , , )
nξy  which are easy to handle. Thus, since 

the accuracy of the sample upper bound increases 
with the increase in N', we may use a much larger 
sample size than the one used as N. The suggestion is 
N'=1000 compared with about 30 or 60 for N. Even-
tually, the variance of the above estimator is as 

 

 
2 2
u

1

1
( ( , , ) )

1
.




 

  
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n
n

s ξ u
N N
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This procedure continues until the gap between the 
upper and lower bounds, reaches an a priori deter-
mined level. This gap and its corresponding variance 
for our problem appear as follows:  
 

gap ,μ u l                             (14) 

2 2 2
gap u l . σ s s                          (15) 

 
To assess the quality of the solutions obtained so far, 
Santoso et al. (2005) proposed to construct a confi-
dence interval based on the normal distribution, 
which is depicted as 
 

gap /2 gap .[ ]0,  μ z                           (16) 

 
For our problem, Eqs. (10) and (12) could be ex-
pressed, respectively, as 
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N

n
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Note that the above arguments are true for traditional 
two-stage problems with elimination of terms related 
to η, vn, and λ. 
 
 
5  Computational results 

5.1  Test problem generation 

To test the above approach on our problem, we 
generated four classes of random problems and from 
each class some random instances were derived   
(Table 3). It is obvious that class D is larger than class 
C, and class C larger than B, and so forth. Scenarios 
for all stochastic parameters were generated from a 
lognormal distribution while deterministic parameters 
were generated based on a uniform distribution, as 
illustrated in Table 4. Santoso et al. (2005) pointed 
out some reasons to use a lognormal distribution: First, 
it generates only positive values for parameters, 
which is suitable for parameters such as capacities, 
prices, and demands. Second, Kamath and Pakkala 
(2002) argued that this distribution is a good ap-
proximation for parameters such as demand. It should 
be clarified that in Table 4, the parameter μd repre-
sents the average demand for a customer, and 
CsMeans represents the average capacity of supplier s. 
Also, recall that in the process of SAA we need to 
solve M problems each with size N to obtain a lower 



Tabrizi et al. / J Zhejiang Univ-Sci C (Comput & Electron)   2014 15(12):1106-1122	1116

bound. Meanwhile, we need to solve a problem with 
much bigger sample size, i.e., N' to achieve an upper 
bound on the true problem. In this paper, a sample of 
size N' is shown to be enough for achieving a good 
quality solution. 

Standard deviations of stochastic parameters 
were considered as a percentage of their means and 
shown as θ in Table 4. Experiments were run on a Dell 
6400 laptop, using C# in conjunction with CPLEX 
Concert Technology. 

5.2  Quality of stochastic solutions: case I 

This section is devoted to a comparison between 
stochastic and deterministic solutions from the aspect  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

of solution quality. Here, by quality, we mean cen-
trality and diversity of cost distribution. A distribution 
with higher mean has lower quality and one with a 
lower standard deviation (SD) has higher quality. To 
elaborate, we compare the distribution of costs ob-
tained in two modes: First, we solve the stochastic 
model in case I using SAA, and then we replace the 
stochastic parameters with their mean and solve the 
resulting deterministic problem, called mean value 
problem (MVP). Then we have two sets of first stage 
decisions at hand (y’s), one from solving the stochas-
tic model and the other from MVP. By fixing each set 
of first stage solutions, i.e., design decisions, we can 
determine the cost of operating the supply chain under 
different scenarios by solving the second stage prob-
lem. This leads to two sets of SCND cost distributions. 
By comparing the centrality and diversity of these 
solutions, we can decide whether the stochastic model 
or the MVP design leads to a supply chain with less 
cost (on average). Also, we need to compare these 
distributions with respect to their stability, i.e., which 
distribution has a lower SD and therefore a more 
stable solution? Another aspect of quality is the  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 4  Parameter generation in test problems 

Parameter Specification 

Fois 0.2×eos×goi 

Fls ~Uniform [10, 15] 

Fss  ~Uniform [104, 3×104] 

Fpp  ~Uniform [106, 107] 

Fww  ~Uniform [5×104, 105]  

Tcspn ~Lognormal [μ, σ2] with μ~uniform [0.5, 1] and σ=θμ 

Tcpwn ~Lognormal [μ, σ2] with μ~uniform [0.5, 1] and σ=θμ 

Tcwcn ~Lognormal [μ, σ2] with μ~uniform [0.5, 1] and σ=θμ 

CsMeans 
c cd dc c~ Uniform 0.8 ,1.2

     
     

        

 
S S

  

Cssn ~Lognormal [μ, σ2] with μ=CsMeans and σ=θμ 

Cppn 
c cd d2 c c~ Lognormal [ , ] with ~ Uniform 0.8 ,1.2 and 

 
    

    
      

        

 
P P

  

Cwwn 
c cd d2 c c~ Lognormal [ , ] with ~ Uniform 0.8 ,1.2  and 

 
    

    
      

        

 
W W

 

eos ~Uniform [18, 20] 

goi (i×0.8×CsMeans)/|I| 

Pcn ~Lognormal [μ, σ2] with μ~uniform [800, 900] and σ=θμ 

Dcn ~Lognormal [μ, σ2] with μ~uniform [7×105, 106] and σ=θμ 

Location ~Uniform [0, 100] and distances are based on Euclidean measure 

Table 3  Characteristics of test problems 

Class |S| |I| |P| |W| |C| 
Number of 

samples 

A 4 3 2 4 10 2 

B 5 4 2 6 20 2 

C 10 5 3 8 50 2 

D 20 5 3 10 100 2 

|·| represents the number of elements in the set 
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precision of the SAA solutions obtained, i.e., how 
much the solution of SAA deviates from the true 
optimal solution? Since the gap computed above is a 
random variable itself, we may be able to compare the 
mean and variance of the gap obtained for different 
values of M, N, and N', and determine the best values 
for these parameters to obtain the required precision. 
We use M=20 to solve the model in case I using SAA, 
which was shown to be good enough for convergence 
of the algorithm to a 1% gap. The SD for demand is 
considered to be 20% of its mean and for other costs, 
10% of their means. For the stochastic model, we 
compute the three best solutions (with respect to the 
mean of the gaps reached) and calculate descriptive 
statistics for these solutions. Then these statistics are 
compared with those of MVP. Table 5 shows results 
for N=30. The mean costs of the stochastic solutions, 
shown as SAA1–SAA3 for the three best solutions, 
are smaller than the cost associated with MVP. This 
means that, on average, the stochastic model results in 
SCNDs with less cost. Moreover, the SDs of the 
stochastic solutions indicate slightly better perfor-
mance, which can be interpreted as more stable so-
lutions. The range of costs and the maximum (worst 
case) observed in the cost distribution show a better 
quality for the stochastic designs. Finally, ‘Gap mean’ 
and ‘Gap SD’, which represent the mean and SD, 
respectively, of the gap between solutions obtained by 
solving SAA or MVP and the true optimal solution, 
show higher quality of solutions from the stochastic 
model. To validate our observations on the quality of 
solutions obtained, we constructed a 95% confidence  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

interval on the mean of the costs and the mean of the 
gaps from the true solutions and, as Table 6 shows 
clearly, the solutions of the model in case I are statis-
tically superior to that of MVP. In addition, the con-
fidence interval for the mean of the gap becomes 
tighter as sample size increases, which means that 
solutions obtained are valid for different sample sizes. 
The results in Table 5 also show that statistical 
measures for the three candidate solutions are very 
similar, suggesting that the solution approach adopted 
is robust. We also examined the impact of variability 
of parameters on the quality of solutions. Up to now, 
results were based on the same amount of variability 
in uncertain parameters. However, in this section, 
these values are changed according to the categories 
in Table 7. Fig. 1 reveals that changing variability 
enhances the value of stochastic solutions over their 
deterministic counterparts significantly and, on average, 
the quality of solutions remains more stable in this case.  

5.3  Quality of stochastic solutions: case II 

In this section, we consider a risk-averse model 
and solve it using SAA. The purpose is to show that,  
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Fig. 1  Impact of changing the variability of parameters
on the quality of stochastic solutions vs. MVP 
(a) Average total cost; (b) Optimality gap mean 
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Table 5  Cost statistics for stochastic and deterministic 
solutions (M=20, N=30, N'=1000) 

  
Cost (billion $) 

SAA1 SAA2 SAA3 MVP 

Mean 1.822 1.823 1.823 2.061 
SD 0.480 0.480 0.480 0.494 
Range 2.612 2.611 2.612 2.739 
Worst case 3.721 3.719 3.720 3.841 
Gap mean 0.00 007 0.00 093 0.00 099 0.23 875
Gap SD 0.02 196 0.02 195 0.02195 0.02 226

Table 6  The 95% confidence intervals for the mean of the total cost and the mean of the gap (in billion $) 

 N=10 N=15 N=20 N=25 N=30 MVP 

Cost mean [1.8, 1.86] [1.83, 1.89] [1.79, 1.85] [1.8, 1.86] [1.79, 1.85] [2.03, 2.09] 

Gap mean  [0, 0.06] [0, 0.06] [0, 0.05] [0, 0.05] [0, 0.04] [0, 0.28] 
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although solutions of case I were superior to MVP, we 
have not obtained designs from these solutions that 
are safeguarded against possible bad scenarios, i.e., 
risky situations. Again, 20 problems modeled in the 
form of case II, with different sample sizes and dif-
ferent levels of variability, from low to high, were 
solved. Risk coefficients α and λ were set to 0.9 and 1, 
respectively. Tables 8 and 9 report the results for this 
case. The quality of stochastic solutions in case II is 
superior to that of MVP in all variability categories 
and all cases. To compare the models of case I and 
case II, note that, although the mean of the costs in 
case I is slightly better than in case II, the CVaR 
shows better risk performance for case II solutions. 
Thus, there is an indication that SCND solutions 
achieved from case II are more robust to uncertainty, 
i.e., costs will be lower in case II compared to case I in 
risky situations. 

In case II, we have also analyzed the impact of 
changing the risk coefficient α on the quality of sto-
chastic solutions obtained (Table 10 and Fig. 2). In-
creasing the size of α increases CVaR and decreases 
the worst case cost, but decreasing α decreases CVaR 
and increases the worst case cost (Fig. 2). Also, larger 
values for α lead to a lower range but a larger mean. 
However, an increase in the mean is not that signifi-
cant compared to other criteria. Fig. 2 also shows that  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

the CVaR line is always below the worst case line; 
however, they are closest when α=0.95. This implies 
that higher values for α give more robust solutions, 
i.e., our model results in solutions with the lowest 
worst case costs. However, solutions in robust models 
are very conservative and may rarely happen. In any 
instance, our results show that our models lead to 
much better solutions than MVP, on average by 
(2.06−1.83)/2.06=11%. To decide which model to use, 
i.e., case I or case II and with which α, one should 
make a tradeoff among these criteria. For example, if 
all criteria have the same importance for the decision 
maker, all these values may be summed and, as the 
row ‘Sum’ in Table 10 illustrates, α=0.95 is the most 
suitable. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

5.4  Impact of considering contracts: case I 

In this section, the impact of considering con-
tracts in SCND models is studied through a series of 
experiments. To do this, we first consider case I, with 
a risk-neutral model. In the beginning, we consider a 
model which allows using all types of contracts, i.e., 
long-term and option contracts. Then a model with no 
contracts is considered, which is similar to traditional 
SCND models, and we continue experimentations 
with models that allow for long-term or option con-
tracts alone. Table 11 shows numerical results for 
these experiments with random data. As a managerial 
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Fig. 2  Impact of increasing α on solution quality statistics 
(λ=1 and variability=medium) 

Table 10  Comparative statistics for MVP, case I, and II 
with changing α (λ=1 and variability=medium) 

Medium α=0.7 α=0.8 α=0.9 α=0.95 Case I MVP

Mean 1.81 1.82 1.83 1.83 1.82 2.06

Range 2.78 2.76 2.67 2.38 2.61 2.74

Worst case 3.92 3.90 3.80 3.49 3.72 3.84

CVaR 2.41 2.57 2.76 2.99 2.82 3.02

Sum 10.91 11.06 11.06 10.69 10.97 11.66

Table 7  Different variance categories for uncertain 
parameters as a percentage of their means 

Category Low Medium High

Demand STD 10% 20% 40% 

Other STD 5% 10% 20% 

Table 8  Comparison of mean total cost among MVP, 
case I, and case II models (α=0.9, λ=1) 

Mean MVP Case I Case II 

Low 2.00 1.83 1.81 

Medium 2.06 1.82 1.83 

High 2.10 1.86 1.87 

Table 9  Comparison of risk (CVaR) of total cost 
among MVP, case I, and case II models (α=0.9, λ=1) 

CVaR MVP Case I Case II 

Low 2.52 2.42 2.38 

Medium 3.02 2.82 2.76 

High 3.69 3.40 3.38 
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insight, parts (a) and (b) of this table show that cost 
indexes for SCND are all unrealistic when we do not 
consider the impact of contracts in the model. In fact, 
the absence of contracts misleads us to solutions with 
dramatically higher mean costs and much more risk 
(since the range and worst case costs of SCND in-
crease drastically as well). Thus, if we use traditional 
models, they may force us to omit solutions and  
designs which may be of interest to decision makers 
from aspects other than cost, or they may report a 
lower return on investment and lead to rejection of 
plans for new designs. Also, the quality of stochastic 
solutions in models that consider contracts is better 
than those of traditional models since they have 
smaller SDs, and thus are more stable solutions. Parts 
(c) and (d) of Table 11 show that long-term and option 
contracts have a great impact on the mean total costs 
and if we omit these types of contracts from our con-
tract list, we may lose a great deal. Also, if we omit 
these contracts, the SD and other deviation measures,  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

such as range, increase, which supports our assertion 
about the impact of contracts. Moreover, the means in 
parts (c) and (d) of Table 11 show that although 
omitting long-term contracts results in an increase in 
costs, the impact of option contracts is significantly 
greater, implying a more important role for option 
contracts. From the corresponding SD results we may 
conclude that option contracts have more of a risk 
hedging impact, which is an empirical prove for a 
famous result. 

5.5  Impact of considering contracts: case II 

We also studied the impact of contracts in case II 
and observed the same pattern as in case I. The av-
erage (mean) cost of SCND is lowest when we con-
sider all types of contracts and is highest when we do 
not consider any type of contracts (Fig. 3). Note that 
the behavior of the model when we omit option con-
tracts and use only long-term contracts is very close to 
that of traditional models, i.e., models with no con-
tracts. However, the best performance comes from the 
case of all contracts. Considering only option con-
tracts and omitting long-term contracts does not result 
in the best case. Thus, from our experiments we can 
conclude that the cost of SCND in uncertain envi-
ronments is lowest only if we use a portfolio of con-
tracts, i.e., a combination of long-term and option 
contracts and outsourcing, which is again an empiri-
cal proof of the well-known performance of HP, as 
detailed in Section 1. This figure also implies that 
SCND solutions that consider all types of contracts 
have lower SDs and that the gap intensifies with in-
creasing uncertainty. Also, option contracts show 
better protection properties than long-term contracts. 
However, as discussed above, the best performance 
comes from a portfolio of contracts. Risk-averse de-
cision makers may also prefer a portfolio solution, 
since CVaR is lower in this case, followed by the 
option contract. Finally, the worst case cost is again 
the lowest in portfolio and option solutions, and thus 
these solutions are also more robust than the tradi-
tional non-contract approach. 

 
 

6  Managerial insights 
 
To clarify the impact of contracts on SCND de-

cisions, we conducted some simulation studies. In  

Table 11  Impact of considering different types of con-
tracts on SCND cost structure (billion $, case I) 

(a)  All contracts 

 Low Medium High 

Mean 1.83 1.82 1.86 

Standard deviation 0.32 0.48 0.69 

Range 1.82 2.61 4.95 

Worst case 3.06 3.72 5.89 
 

(b)  No contracts 

 Low Medium High 

Mean 11.00 10.64 9.89 

Standard deviation 0.42 0.86 1.65 

Range 2.62 5.35 10.71 

Worst case 12.26 13.80 16.36 
 

(c)  No long-term contracts 

 Low Medium High 

Mean 3.99 3.64 3.16 

Standard deviation 0.29 0.53 0.92 

Range 1.64 3.22 7.78 

Worst case 4.80 5.46 8.75 
 

(d)  No option contracts 

 Low Medium High 

Mean 11.02 10.62 9.84 

Standard deviation 0.43 0.86 1.49 

Range 3.00 6.21 9.35 

Worst case 12.61 14.32 15.20 
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these studies, we first ran the traditional model to 
obtain the corresponding decisions on the optimal 
structure of the supply chain (remember that these 
models do not support any type of contracts). Results 
of the simulations are depicted in Fig. 4, which has 
two parts illustrating the total inventory and the total  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
shortage costs in the supply chain, respectively. 
Goldratt and Fox (1996) showed that the impact of 
inventory on an organization goes well beyond 
holding costs and has a direct impact on the competi-
tive edge of an organization. Thus, as shown by the 
total inventory part of Fig. 4, traditional models pro-
vide us with false information on the amount of in-
ventory in the supply chain pipeline and therefore 
mislead us to design our supply chains with a weak 
competitive edge. This figure shows also that the total 
inventory is highest for long-term-only contracts, 
followed by portfolio and option-only contracts. This 
result may seem natural since in long-term contracts 
all items contracted belong to the buyer, whereas in 
option contracts this is not the case. In portfolio con-
tracts, the total inventory is in between since we have 
fewer long-term items in inventory than in long-term- 
only contracts, but more than in option-only contracts. 
Since manufacturers and their suppliers at the begin-
ning of a relationship may not trust each other, they 
usually opt for long-term contracts only. However, as 
time passes and trust constructs, they may agree on 
option or portfolio contracts which have been shown 
to need fewer inventory levels. Thus, it might be wise 
to rent warehouses instead of buying them till the 
stability of the supply chain is established. The 
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Fig. 3  Impact of considering different types of contracts on SCND cost structure (billion $, case II: λ=1, α=0.9) 
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shortage part of Fig. 4 shows that the total shortage 
cost obtained from traditional models might be totally 
misleading. This phenomenon is important since it 
implies the inability of traditional models to design 
responsive supply chains and that the incorporation of 
contracts into SCND models results in networks with 
a higher service level to customers. Also, it shows  
the superiority of portfolio contracts in fulfilling 
customer orders, i.e., firms that apply this type of 
contract will deliver a higher service level to their 
users.  

 
 

7  Conclusions and future research directions 
 
In this paper, we have, for the first time, con-

sidered contracts as a part of SCND models and 
showed that they can have a great impact on the costs 
of SCND. Also, our model considers many realistic 
assumptions such as the uncertainty of parameters. 
Uncertain parameters considered include the demand 
of customers, capacity of suppliers, manufacturers 
and warehouses, and transportation and spot pur-
chasing prices. The modeling approach applied is 
two-stage stochastic pricing with recourse, and we 
have used sample average approximation to solve the 
model. In addition, we have developed this risk- 
neutral model to consider risk, with CVaR as an im-
portant risk measure.  Studies of SCND considering 
risk measures are still rare. To show the effectiveness 
of the stochastic models we compared them with their 
deterministic counterparts and showed, through ran-
domly generated instances, that in many ways sto-
chastic solutions have advantages over the determin-
istic problem called MVP. First, the cost of SCND is 
lower, on average, with stochastic solutions. Second, 
the quality of solutions is higher in the stochastic 
model, that is, they are more robust since their SDs 
are lower. Moreover, they show a much smaller gap to 
the true solution. When risk was incorporated in our 
model, we observed that the higher the risk coefficient 
α the more conservative was the model. Furthermore, 
increasing α results in smaller values for worst case 
costs and the range of the solutions obtained. Finally, 
we analyzed the impact of incorporating contracts in 
the SCND model, and showed that if we do not con-
sider contracts, especially the option contract, unre-
alistic costs appear in the SCND process which may 

mislead us to degraded solutions. The most important 
result here is that portfolio solutions, which consider 
all types of contracts, have the best performance from 
all cost aspects, followed by designs with option 
contracts. Also, considering only long-term contracts 
gives results similar to those of traditional models, 
which consider no types of contracts. This research 
can be extended in many ways in the future. Consid-
eration of a multi-period model as well as inventory, 
and devising an appropriate solution approach for this 
model is one possible extension. Also, incorporating 
contracts between manufacturers and customers in the 
model will make it more realistic. 
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