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Abstract: The purpose of this paper is to study how advanced information about customer needs
obtained through an Advance Purchase Discount (APD) contract can be exploited to coordinate
the capital flow and enhance the efficiency of a two-stage supply chain (SC) under decentralized
control in cases of stochastic customer demand. We developed an APD model in the form of an
option contract, where the model and evaluation include the flexibility for the upstream firm to
decide whether to provide a discount for an advance purchase at its own discretion. Applying the
model to a Fortune 100 company, a leader in the Fast Mover Consumer Goods (FMCG) industry,
showed that under certain conditions, and with suitably chosen contract parameters, management
of decentralized control via APD contracts can lead to system-wide efficiency, and the individual
decision makers pursue their own best interests, ensuring a win-win condition.

Keywords: supply chain finance; supply chain coordination; supply contracts; advance purchase
discount; option contract

1. Introduction

The aim of supply chain management (SCM) is to coordinate material, cash and information flows
along the supply chain (SC) from an end-to-end (E2E) perspective, i.e., from suppliers to consumers [1,2].
SC control may be either centralized or decentralized [3]. Centralized control involves the presence of a
single decision-maker who is in possession of all the information pertaining to the SC, managing it in its
entirety, and thus, who is able to optimize the performance of the whole system (channel coordination).
Decentralized control involves the presence of several decision makers (SC actors), each taking decisions
in pursuit of their own probably conflicting goals [4]. While centralized control ensures the system’s
efficiency (channel coordination), in decentralized systems, locally rational behaviors result in the
overall inefficiency of the SC [5–15]. Both academic researchers and practitioners have focused on
trying to find coordination mechanisms that can eliminate such inefficiency by driving local actors to
behave in the interests of the global SC rather than their own. This problem is known as “alignment of
incentives” in decentralized SCs [16]. Supply chain contracts are proposed as mechanisms which are
capable of aligning incentives in SCs [17], and are based on transfer payment schemes that regulate
how savings can be split and risks distributed fairly among all the actors in the SC chain [2,18–20].
In particular, the general aim of SC contracts is to establish rules for materials accountability and/or
pricing that will be able to guide autonomous entities towards a globally desirable outcome [5].
SC contracts are therefore based on the principle of improving the benefits for all the parties involved
compared with what would happen if there were no such contract (i.e., the so-called win-win condition).
Conversely, if the win-win condition were not satisfied, the SC actor would not be prompted to adopt
the contract [3]. In this sense, SC contracts are considered one of the operating models of Supply
Chain Finance (SCF), together with purchase order financing, factoring or reverse factoring, inventory
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financing, and so on [21–24]. In capital-constrained supply chains [25,26], SC contracts are an effective
means which can be used in the Supply Chain Finance (SCF) systems to coordinate the capital flow
and enhance the efficiency of supply chain [27–29]. Different from the traditional fixed-asset-based
financing, SCF is a real-trade-based short-term financing service [23].

Various contract types have been designed to align the incentives of SC members along the SC
to drive optimal action within the SC. These include quantity flexibility (QF) contracts (2), backup
agreements [30], buy back or return policies [28,31], incentive mechanisms [32], revenue sharing (RS)
contracts [33], allocation rules [34], and quantity discounts [35].

Little research has been dedicated to the Advance Purchase Discount (APD) contract as a supply
chain coordination mechanism. Using ADP, the firm offers its downstream retailers an opportunity
during the sales season to place an additional order in advance at a discounted price [36]. Advancing
some of the retailer’s demand, an APD incentivizes the communication of accurate information from
downstream tiers at a time chosen by the firm, which improves capacity planning and investment [37],
and transfers some of the mismatch risk to the retailers [38,39]. Most of the literature has focused on
APD programs that retailers offer their customers [40–42] without considering the benefits that an APD
may have in terms of channel coordination and ensuring win-win conditions for the actors along the
SC. On the other hand, industrial practice widely applies contracts of this type to obtain supply chain
benefits (for example, [43,44]). These considerations have led us to try to address this research gap.

The purpose of this paper is to study how advanced information about customer needs obtained
through an APD contract can be exploited to coordinate the capital flow and enhance the efficiency of
a two-stage SC under decentralized control in cases of stochastic customer demand. Under certain
conditions, with an appropriate choice of contract parameters, handling decentralized management
via an APD contract can bring about system-wide efficiency, while the individual decision makers
follow their own best interests, ensuring the win-win condition.

The paper is organized as follows. Section 2 provides a brief review of the relevant literature,
while Section 3 proposes a model based on an ADP contract for the coordination of a two-stage SC.
Section 4 examines numerical application to the real case of a Fortune 100 company in the FMCG.
Some final remarks close the paper.

2. Literature Review

2.1. The Advance Purchase Discounts Literature

This paper is closely related to the literature on the APD contracts.
APD contracts were first studied as direct offers from a retailer to consumers in the market [44].

Cachon et al. [34] considered an “advance booking discount” (ABD) program that entices consumers
to commit to their orders at a discounted price prior to the selling season, which shifts some of the
demand to an earlier time and enables retailers to better manage both inventory and capacity.

Further studies focusing on consumer APD contracts have extended these models, taking into
account the competitive nature of retailing to analyze APD programs in competitive conditions [45];
others have used them as a price discrimination mechanism [46–49], and yet others analyzed the
benefits of adopting APD programs together with other programs such as Revenue Sharing [50].
On the same topic (consumer APD contracts), Li et al. [40] investigated the best seller’s strategy choice
on the basis of the relative sizes of heterogeneous consumer segments; Nasiry et al. [41] analyzed
the effect that an APD contract may have on a firm’s profit according to consumer buying behavior;
Yu et al. [42] investigated the relationship between advance selling, a seller’s quality signaling strategy,
and a firm’s profit.

Of greater relevance to our study is the literature on APDs offered in a supply chain. While the
APD contract offered to actors in the supply chain is similar to consumer APD contracts, actors in an
SC are typically assumed to have different utility and incentive structures from those of consumers,
which leads to significantly different analyses and implications [38,44]. In particular, new issues,
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such as risk and profit sharing among SC actors and incentive coordination, that are not relevant in
consumer APDs, play an important role in these settings. The pioneering works by [38,51,52] were the
first to identify these effects. In particular, Donohue [51] examined the problem of developing supply
contracts which encouraged the proper coordination of forecast information and production decisions
between a manufacturer and distributor of high fashion and seasonal products. Cachon [38] studied
how the allocation of risk via these SC contracts impacted on SC efficiency. Ozer et al. [52] proposed a
kind of APD contract that they called “dual purchase contract” to mitigate the adverse effect of the
wholesale price contract by analyzing how and when a dual purchase contract creates strict Pareto
improvement with respect to a wholesale price contract.

The contribution of our study in relation to the existing literature on APD contracts is that we
study how this contract can be exploited to coordinate a two-stage SC under decentralized control
with stochastic customer demand in such a way as to bring about a win-win situation. Under certain
conditions, with an appropriate choice of contract parameters, organizing decentralized management
by means of an APD contract can bring about system-wide efficiency, while the individual decision
makers follow their own best interests, thus guaranteeing the win-win condition.

2.2. Literature on Option Contract Modelling

Let us consider a standard wholesale contract between the upstream firm and its downstream
retailers: once the contract is established, the firm must supply the goods at the agreed price, regardless
of the market conditions at each point in time. Furthermore, once the retailers have agreed to purchase
the goods, they cannot reconsider the purchase, e.g., if the demand does not materialize.

With the APD program, on the other hand, the firm has the right (without the obligation) to
decide, at each specified interval during the contract, whether to sell its products at a discounted price
to retailers who advance their orders in the time period between intervals.

Operationalizing a contract of this type requires modelling the managerial flexibility of the
upstream firm to choose whether to offer the discount on the basis of the current market conditions
(i.e., actual demand by retailers who may decide to advance their orders) and SC savings obtained
through increased visibility due to the APD program. Traditional approaches, such as those based on
Discounted Cash Flows (DCF) analysis (especially NPV), cannot be used to model this managerial
flexibility. Consequently, they cannot be used to price the value of the investigated APD contract.
They implicitly assume that a strategy or project will be undertaken now and operated on continuously
on a set time scale, until the end of its expected useful life, even though the future is uncertain. Therefore,
they are “static” and underestimate the upside value of the investment [53] by assuming management’s
passive and inflexible commitment to a certain “operating strategy”. They are also “deterministic”,
since they make implicit assumptions concerning a certain “expected scenario” of cash flows. In the
real world, the actual cash flows will probably differ from what management originally expected
because of uncertainty and competitive interactions. As new information is available and uncertainty
about the market conditions and future cash flows is gradually resolved, management should revise
the operating strategy it originally anticipated in order to achieve the initial desired goals [54]. As a
result, traditional managerial techniques that arose from stable environments are in crisis as they are
unable to grasp the value of flexibility for changing operating strategy to capitalize upon favorable
opportunities or to cut losses in the event of adverse development [55]. A better valuation approach to
support decision making in uncertain environments should, in fact, incorporate the uncertainty and
active decision making required for a strategy to succeed [56]. Hence, it is essential that flexibility be
quantified, and any attempt to do so almost naturally leads to the concept of options [57]. From this
perspective, the APD contract, which provides upstream firms with the possibility of deciding to offer
a discount to those retailers who advance their orders, adopts an option mechanism.

This paper is closely related to the literature on the use of options in SCM. Research on this aspect
has mainly focused on two branches: economic efficiency derived from options, and operational
flexibility [58].
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Concerning the first, Newbery [59] set out a model consisting of a forward and a spot market
for electricity. Spinler [60] discussed the implications of an options market scenario for electronic
transportation platforms. Spinler et al. [61] and Wu et al. [62] developed models to value contingency
contracts in the presence of demand, cost and price uncertainty, and demonstrate that economic
efficiency can be enhanced in a market set-up consisting of an option contract and a spot market rather
than a pure spot market.

As for the operations management literature, Barnes-Schuster et al. [63] studied how options
provide managerial flexibility in response to uncertain market changes and how to achieve channel
coordination by options based on a model of two periods with correlated demand. Ref. [30] considered
a backup agreement, which is essentially an option contract. Milner et al. [64] and Wang et al. [65]
explored the bidirectional option from the buyer’s perspective whereby the option buyer can freely
adjust the quantity of the initial order both upwards and downwards. Cheng et al. [66] considered an
option model where the option buyer, in addition to a committed order quantity, also has the right to
acquire an additional quantity of the supply, if necessary, by purchasing options from the supplier.
More studies on the use of options can be found in [58,67,68].

We are unaware of any research that specifically models APD as an option contract, thus addressing
the benefits for the supply chain when, under an APD contract, upstream firms have the possibility.
but not the obligation, to give downstream firms incentives (i.e., a price discount) to make an earlier
commitment to purchase. In other words, to the best of the authors’ knowledge, there are no studies
that take into account the flexible behavior of the upstream firms ensured by such contracts. This is
an important issue when studying the APD as a coordination mechanism and when fine-tuning the
contract parameters to ensure successful application of the contract itself. In fact, failing to consider
the flexibility of the upstream firms to decide when and whether to offer a discounted price for
advanced orders means effectively neglecting the mechanism of such contracts, and as a consequence,
overestimating or underestimating the value of the APD benefits. In turn, an incorrect estimation of
APD benefits means being short sighted about both the advantages and limitations of such contracts,
thus undermining the success of their application. For example, the APD is often recognized as a way
to improve the manufacturer’s ability to invest in new technology or justify equipment purchases,
since it overcomes the limitations of last-minute ordering under a wholesale contract [52]. Correct
estimation of the APD benefits is a requirement if the manufacturer’s ability to invest in new technology
is to improve. Furthermore, an upstream firm that chooses to adopt an APD often incurs a fixed cost
for implementing and promoting the program. Therefore, an accurate valuation of the benefits of
an APD is needed to understand whether the program is worth its costs. Lastly, once the firm has
launched the program with the downstream clients, even though the firm may, but with no obligation
to do so, offer a discounted price to those that advance their orders, it may prove detrimental to the
relationship not to make the offer because it does not seem advantageous. The firm has to carefully
assess a priori whether it is in its interests to launch an APD program.

The above discussion offers a strong incentive for us to model the APD as an option contract in
the coordination of a two-stage SC faced with a stochastic customer demand, including the flexibility
of the upstream firm to decide whether to provide a discount for an advance purchase at his or her
own discretion (that is, only when economically worthwhile) in the model. This will allow a correct
analysis of the general conditions under which the APD program is beneficial, i.e., this approach is
able to bring about supply chain coordination and a win-win situation, as well as an understanding of
the impact of contract parameters (discount price, pre-booking time, etc.).

Regarding option pricing, the methods traditionally proposed in the literature on real options
are financially-based approaches to option pricing [69–73]. However, they often turn out not to be
workable in practice [74,75]. Because of their origins in finance, many of the required assumptions
are not respected in the real world. For example, most of the traditional methods are one/two factor
models, i.e., they assume that only one/two inputs are uncertain.
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Simulation-based research is preferred for complex and expanded problems with several factors
and interactions. Simulation is able to incorporate random occurrences into the system to estimate
their effects. Changes to the underlying simulation model or inputs can be made to answer “what-if”
questions while always keeping complete control of the system [76]. In this sense, computer simulation
becomes an attractive way to understand system behavior when “real life” controlled experimentation
with logistics and supply chain systems is extremely difficult [77]. The stochastic nature of supply
chains and the complexity of the interactions within them justify the successful application of simulation
to supply chain settings [76,78–81].

3. The APD Model

Consider a supply chain consisting of a supplier S who provides a short life cycle product to
retailer R, who in turn serves the market demand. This may be the case of fast-moving consumer
goods and products with seasonal demand (e.g., fashion wear, toys, seasonal sports goods). The SC is
characterized by decentralized control, namely each SC actor makes decisions by optimizing his own
objective. In particular, supplier S chooses the unit price at which to sell the product to the retailer,
and the retailer R decides the order quantity, with both maximizing their own profits.

Under the APD contract, the supplier may decide period by period whether to offer a discounted
price to a retailer who advances its orders. This choice is based on an evaluation of cost and benefits
associated with that choice. If the supplier offers a discount, the retailer will make a saving for ordering
in advance. This is not an obligation for the retailer, but a choice.

To achieve channel coordination, the two independent decision-makers should act in such a way
as to maximize the SC total profit given by ΠSC, calculated as in (1). The APD contract is a coordination
mechanism offered by the supplier to the retailer, which modifies the retailer’s profit and also that of
the supplier so as to incentivize them to make decisions leading to total optimization of the SC.

ΠSC = ΠS + ΠR (1)

where ΠS is the supplier’s profit during the selling period due to the implementation of the APD
program, and ΠR is the retailer’s incremental profit. In both cases, we calculate the profits as the
differential profit compared with the base case in which the APD is not implemented.

We assume that each decision maker acts in such a way as to maximize his/her profit. In particular,
from the supplier’s standpoint, we can say that the APD program gives the supplier the right, without
the obligation, to decide on the periods in which to sell products at a discounted price to retailers who
advance their orders, incurring additional administrative, handling, and monitoring costs Co, generated
by this contract rather than simpler contracts, such as wholesale price contracts [38]. These are sunk
costs since they are charged to promote and manage the program without the retailers knowing
whether the APD program will be fully exploited. According to the real options’ terminology, Co may
be interpreted as the cost of the option. At each specified interval, the supplier chooses whether to
offer a discount for the retailer’s orders placed in advance in the specific period between intervals;
the decision is open at each interval during the duration of the APD contract. Such a scheme allows
the supplier to gain “supply chain savings” because of improved trade terms, against some “revenue
losses” (selling products at a discounted price). This option mechanism can be modelled as a real
(Australian) put option held by the supplier, which gives the owner of the option the faculty to sell
the underlying asset at the exercise price. An Australian option is a claim that can be redeemed M
times, M > 0, at different stopping times t (t ∈ [0, T]) chosen by the holder of the claim [82]. In our
case, at specified intervals within the time horizon of the validity of the APD program (t), the supplier
will have the right to engage the retailer in advance purchases by offering an agreed discount for the
subsequent period. The retailer still has the faculty to not advance orders, as the industries where
APD may be applicable are usually characterized by very collaborative supplier-retailer relationships.
In terms of real options, the owner of the option is the supplier, the “revenue loss” can be interpreted as
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the stock price, St, and the “supply chain savings/benefits” will be the exercise price of the put option,
Xt. During the short time horizon of validity of an APD program (typically T is the year), at any time
t (typically the month) prior to the end of the time horizon, to maximize profit, the supplier would
engage in the APD program if the supply chain benefits (Xt) are higher than the revenue losses (St),
and the related payoff at each t is calculated as in (2).

SUPPLIERPAY−OFF = max(Xt − St, 0) (2)

The underlying asset of option St, namely revenue losses, can be quantified as St = K × P × Qt.

• K is the price discount offered to the retailer on the original regular price P for each unit of the
product ordered in advance, where K ∈ (0, 1]. By purchasing the product in advance, the retailer
obtains a price discount and guaranteed product delivery. Let TAPD be the preselling time,
namely how much time in advance the product can be bought. Generally, K depends on TAPD
since different discounts and price tiers may exist for different TAPD. For the sake of simplicity,
we assume one single value for TAPD (as per standard industry trade terms), and therefore one
value for discount K. Regular price P can be assumed to be deterministic since it is generally fixed
at the beginning of the contractual relationship and does not vary in the short time horizon of
validity of an APD program (here we assume 1 year).Dt is the total (stochastic) demand of the
product that is sold to the retailer at t (i.e., the agreed amount under a standard contract).

• Qt is the total (stochastic) quantity of the product sold under the APD scheme at t to those retailers
who agree to advance their orders and subscribe to the APD program for the product in question.
Qt is a stochastic variable since it is not known how many orders will be made under the APD
program. Also, Qt is generally less than Dt (the total demand under a standard contract) since the
usual contract setting assumes that the retailer has the faculty to not make the order early and not
exploit the discount offered by the upstream firm.

According to (2), at each t the supplier will decide whether to engage in the APD program (ωt = 1),
or not (ωt = 0). The total number of times the supplier engages in the program within the time horizon
T is calculated in (3).

Ω =
T∑

t=1

ωt (3)

The exercise price of put option “Xt” in Equation (2), which represents the benefits of the APD
program at time t, is calculated as differential benefits in comparison to the base case with no APD
program. We assume that these benefits are mainly due to SC savings obtained through increased
visibility thanks to the APD program. In particular, given that the supplier’s decision maker may act at
two levels, the operational level (i.e., decisions related to manufacturing and logistical activities in
order to meet the retailer’s requirements) and the chain level (all the bids from potential suppliers
are evaluated and the final configuration of the supply chain is determined) [83], when more time is
available for producing the product, thanks to the APD program, it may be used to reduce costs at
the operational level (for example, by reducing the cost of crash production after the due date and
the penalty cost incurred for late delivery) or at chain level (for example, by choosing alternative
transportation options or suppliers that are cheaper but slower). For the sake of simplicity, we assume
that when more production time is available thanks to the APD, the supplier uses that time first to
improve activities at the operational level and then those at chain level. Of course, this assumption
could easily be released by seeking the trade-off between these two strategic choices. This is, however,
beyond the scope of the current paper.

The operational benefits produced by an APD program mainly refer to the areas of Manufacturing
and Operating Expenses (MOE) and Inventory Costs (IC); the benefits produced at chain level concern
Transportation and Warehousing (T&W) costs.
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As regards the benefits due to savings in Manufacturing and Operating Expenses (MOE),
we calculate them as the difference between MOE under “standard” conditions (with no APD program)
and MOE under an APD program. As APD programs allow the supplier to know the demand in
advance, they increase supply chain visibility and, as a consequence, allow better planning of the
manufacturing schedule. Since MOE include costs due to manufacturing activities and other collateral
costs, APD programs are expected to decrease MOE. In particular, and for the sake of simplicity,
in order to assess MOE savings, we focus only on reductions in crashing costs and tardiness costs due
to the greater time available for delivering the product to the customer [84].

“Crashing costs”, also referred to as “congestion costs” or “rushed orders costs”, relate to costs for
reducing the activity time by adding more resources such as workers, overtime and so on. Let TCRASH

t
be the average crash time needed in the standard situation (without APD) to manufacture the product
within the desired time period. By allowing the retailer to purchase products in advance, the APD
program increases the time available for delivering the product to the retailer (by TAPD). This decreases
the costs needed to crash/compress the duration of one or more activities in the manufacturing process
(crashing costs), in order to respect delivery deadlines. Let CUCRASH be the unit costs for the crashed
activity unit time, expressed as dollar per good per day. For simplicity’s sake we will consider these
unit costs to be constant with volume; in reality we may actually see a relationship between unit
crashing costs and volumes sold under the APD scheme, since the higher the production volumes,
the higher the resources needed to crash activities (an effect of the acceleration of costs with volume).

Crashing cost benefits (BCC
t ) take into account the fact that the increased time available to

manufacture products under APD (TAPD) reduces the need for crashing activity time (TCRASH
t ).

In particular, in an extreme situation, when TAPD > TCRASH
t , there is no need to crash the activities,

thus obtaining the higher savings from the APD programs in terms of crashing costs. In this
case, residual time (TAPD−MOE

t = TAPD − TCRASH
t ) is available for the next steps in the supply chain.

The crashing costs savings are assessed as in (4):

BCC
t = Qt ·

[
min

(
TAPD, TCRASH

t

)
· CUCRASH

]
(4)

It is important to note that TCRASH
t at each t (i.e., for each production cycle) is a stochastic variable.

“Tardiness costs” are considered as collateral manufacturing costs and refer to the penalties
incurred in the event of late deliveries, both in terms of real penalties (e.g., monetary fees agreed in
the contract) or stock-out implications (e.g., loss of image and customer fidelity when suppliers are
not able to deliver according to the agreed delivery schedule). Also in this case, the benefits of APD
are linked to increased supply chain visibility and consequently to the increased time available for
delivering the product to the customer (TAPD), which allows a reduction in late deliveries.

For tardiness cost benefits (BTC
t ), we assume that the unitary tardiness cost refers to only stock-out

costs, as this is the usual situation among the many suppliers that sell short-life cycle products, where no
real penalties normally apply. Let TT

t be the average tardiness time (days), namely the time the retailer
waits to receive the product after the expected delivery date.

By assuming that APD programs increase the time available for product delivery, with a consequent
reduction in the likelihood of a supply stock-out, benefits in terms of tardiness costs are calculated
by assessing the reduction of TT

t , with a unitary tardiness cost of CUTC (dollar per good per day),
as expressed by (5):

BTC
t = Qt ·

[
min

(
TT

t , TAPD−MOE
t

)
· CUTC

]
(5)

As regards the benefits due to savings in Transportation and Warehousing (T&W) costs, we calculate
them as the difference between T&W costs under “standard” vs. APD conditions. APD programs,
in fact, increase the time available for product delivery that can be used to lower transportation costs,
while the difference in warehousing cost is assumed to be negligible. In particular, for the sake of
simplicity, we may imagine a decision tree with three gates (ref. Figure 1):
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• “Transport-Mode”: being based on the time available for transportation, the supplier may choose
to deliver via m different transport options (e.g., jet, truck, rail etc.), preferring the lowest-cost
option that is able to deliver within the expected delivery date;

• “Provider”: since the preferred providers (tier 1) may not have assets available to accept last minute
loads, the supplier has to move on to the next provider(s) n in order of preference (tier 2, 3, . . . )
complete with increased costs, until the load is accepted;

• “Package Delivery” enables the reduction of costs by a certain value, as deliveries could be
grouped, if the time available is sufficient to organize package delivery (the proper transportation
lane and space have to be available)

Figure 1. Definition of transportation cost based on time available.

In particular, let TDEL
t be the time available for delivery, that considers the standard time available

for delivery (TDEL−STD), plus the incremental time left from the APD, if any, after manufacturing
(TDEL

t = TDEL−STD + TAPD−MOE
t ).

Since cheaper transportation options may be used when more time is available for delivery,
suppliers may consider different transportation mode options, which we may call m (e.g., truck, rail,
etc.), each of them with different providers, which we may call n, with the possibility of using package
deliveries. All the options have different delivery times and costs. Let m be the transportation mode,
e.g., jet, truck, rail, etc., and n the provider tier. As the decision tree shows, at any time t, if TDEL

t is
higher than the minimum time threshold needed to book a cheaper transportation option, suppliers
first choose the transportation mode (the first branch of the tree) and then check provider availability
(the second branch of the tree), in order of cost preference (provider 1, 2, 3, . . . , n, with increasing rates),
depending on the time available for delivery. Let Tm,n be the time to use the preferred provider in the
chosen mode. For example, TRAIL,2 refers to the time needed to book the tier-2 rail provider. Finally,
if the time left is sufficient (that is, the time left is higher than the time to access package delivery
using a specific transport mode TPDm, suppliers check potential access to package delivery, that would
imply a reduction of costs/discount of a value PDn (<1), as we could group our products and deliver
them bundled with others, to leverage the same delivery (third branch of the tree).

In formulas, T&W benefits (BT&W
t ) can be calculated as in (6).

BT&W
t = ∆T&W = Qt ·

(
CUTR−STD

−CUTR−APD
n,m

)
(6)

∆CUTR is the cost saving per unit per transportation choice, depending on the time available for
delivery, with (CUTR−APD

n.m ) and without (CUTR−STD) the APD program. For example, CUTR−APD
RAIL,2 is the

cost of the tier-2 rail provider.
As regards the benefits due to savings in Inventory Costs (IC), we can calculate the difference

between IC under “standard” vs. APD conditions. The APD programs, in fact, increase supply chain
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visibility and thus the time available to allow an improved inventory management. In particular,
in order to assess the IC benefits (BIC), first we need to assess the inventory level change (∆INV),
starting from the current inventory level INV. This level will decrease by a certain value, depending
on the bullwhip effect reduction (BW) expected as a consequence of the implementation of an APD
program. BW can be calculated through literature [85] and/or by soliciting experts’ opinion, with a
value that may range from 10% to 40%. In formula:

BIC = ∆IC = INV · BW · CUINV (7)

For the inventory unit cost (CUINV), we consider the working capital value, quantified on the basis
of the weighted average cost of capital (WACC) and obsolescence costs (IDE, inventory depreciation
expenses) associated with the rate of obsolescence (as a yearly turnover of codes, i.e., a percentage that
depends on the specific business), and the regular price P. In formula:

CUINV = P · (IDE + WACC) (8)

According to the developed model, the supplier’s profit, i.e., the actual value of the APD program
for the supplier, can be determined as the sum of the net benefits provided by the APD program at
each time t during the time horizon T (as in Equation (9)).

ΠS = −Co +
T∑

t=0

max(Xt − St, 0)(
1 + ip

)t (9)

where XT = BCC
t + BTC

t + BT&W
t + BIC and ip is the periodic discount rate calculated from the annual

rate depending on the number of periods (p) considered in the year. According to the supplier’s profit
created by the APD, the supplier will decide whether or not to launch an APD program with the
downstream retailer at the beginning of the commercial year.

From the retailer’s standpoint, the retailer’s profit from using an APD can be assessed as the
discount received under the APD minus the inventory cost on account of the units bought under the
APD program and that remain unsold at the end of the selling season.

ΠR =
T∑

t=0

Qt · K·P · ωt(
1 + ip

)t −

(∑T
t=0 Qt · ωt

)
· I·cR

i

(1 + i)
(10)

whereωt is the dummy variable describing supplier behavior (i.e.,ωt = 1 if the supplier engages in
the program, 0 otherwise), I is the fraction of the unsold units at the end of the selling season, and cR

i is
the inventory cost for the retailer.

Once the simulation model is in place we proceed to verify and validate the conceptual model to
ensure that it was developed in accordance with the problem statement.

To verify a simulation model, it is necessary to establish whether the computer implementation of
the conceptual model is correct. @Risk, the risk analysis software using Monte Carlo simulation for
MS Excel, was used to build the simulation model. Given the complexity of the model, we compared
the output of parts of the model with manually calculated solutions to ensure that the simulation logic
worked as desired. We also proceeded to test run the simulation with no probabilistic elements to
identify any errors in coding or logic.

After the simulation was run, the results were also validated. Model validation is the process of
ensuring that the simulation accurately portrays the system under investigation [86]. Beyond mere face
validity, which was established by perusing the flowchart, we validated the model by applying it to a
real supply chain and reviewing the model and its outputs in a structured walk-though with company
management. The next section describes the model applications and discusses the related results.
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4. A Numerical Application: The Case of a Fortune 100 Company

In this section, we apply the developed model to the real case of a leading Fortune 100 company
in the Fast Mover Consumer Goods (FMCG) industry. It is a large multinational company with a single
production facility and demand from multiple retailers across different markets. For the sake of the
study, we consider a single product and the product demand of the biggest retailer (for that product)
so as to model this SC as a two-stage one, with one supplier and one retailer.

4.1. The Model’s Inputs

The model is applied based on data adapted from a full-scale case study of a production facility in
EMEA (a region including Europe, Middle East and Africa), with realistic market values and operational
conditions, adjusted by a specific coefficient for reasons of confidentiality. We consider a time horizon of
one year, with twelve (monthly) windows where the supplier can exercise the option to offer discounted
products to retailers that purchase in advance. For logistics, we consider the possibility of using two
transportation mode options (m = rail or truck) respectively with two providers (n = 1 or 2).

The problem data consist of both estimates from expert interviews and historical data,
when available. In particular, for expert interviews, data were gathered through three Sales Managers,
four Supply Chain and Logistic Managers, and two Plant Production Managers.

Variables are grouped into deterministic and stochastic data (illustrated in Tables 1 and 2,
respectively). The following assumptions were used for the stochastic data:

• We assume that product demand (Dt) will vary stochastically in time following a Geometric
Brownian Motion (GBM) [87,88]. This model is based on the assumption that demand can never
be negative. It is mathematically described as in (11):

dD = µD · D · dt− σD · D · dz (11)

where dD is the incremental change in demand level over a short period of time dt, µD is the growth
rate of demand in a short interval of time dt, σD is the annual volatility of the demand and dz = ε

√
dt,

where ε~N(0,1), is the standard Wiener process. This means that in a short period of time dt the
logarithm of the demand is normally distributed with a mean (or drift) of

(
µD − 1/2 · σ2

D

)
· dt and

variance σ2
D · dt.

Historical data for products of the same brand over the last three years were used to estimate the
growth rate µD, and volatility σD.

• We assume that the portion of demand that the retailer will allocate to APD (Qt) will vary
stochastically in time, depending on both the historical behavior of the retailer and the APD
discount, as described in (12).

Qt =
(
QMR

t + β
)
· θt (12)

In particular, we model the minimum quantity bought under the APD as a Mean Reverting (MR)
process, according to the expectation of interviewed experts. Based on historical data, which reveal
that there is a minimum constant demand across the different periods, the experts forecast that, in all
likelihood, the retailer will devote a minimum portion of the total demand—on average—to the APD
(without incurring additional costs). In other words, the portion of demand that the retailer will
allocate to APD Qt fluctuates around a certain “equilibrium level” that is estimated with this minimum
stable portion of the demand expressed periodically by the retailer, as described mathematically in (13).

dQMR = α ·
(
QMR∗

−QMR
)
· dt + σ · dWt (13)
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where QMR∗ is the long run mean (mean reversion level), σ the volatility, α the mean reversion rate,
and dWt is a Brownian motion (so dWt ≈ N

(
0
√

dt
)
). All these parameters were estimated by considering

the historical data for demand.

Table 1. Deterministic Variables.

Deterministic Variables Unit of Measure Value

Unitary Crashing Cost—CUCRASH $/good/day 0.025
Unitary Tardiness Cost—CUTC $/good/day 0.09

Time of advanced orders from APD—TAPD Days 10
Standard time needed for delivery—TDEL−STD Days 1
Time to use preferred Rail Provider—TRAIL,1 Days 5

Time to use not-preferred Rail Provider—TRAIL,2 Days 4
Time to use preferred Truck Provider—TTRUCK,1 Days 2
Time to use preferred Rail Provider—TTRUCK,2 Days 1

Unitary Transport Cost, Rail Mode, Provider 1—CUTR_APD
RAIL,1 $/good 0.450

Unitary Transport Cost, Rail Mode, Provider 2—CUTR_APD
RAIL,2 $/good 0.500

Unitary Transport Cost, Truck Mode, Provider 1—CUTR_APD
TRUCK,1 $/good 0.060

Unitary Transport Cost, Truck Mode, Provider 2—CUTR_APD
TRUCK,2 $/good 0.066

Unitary Transport Standard Cost (no APD)— CUTR−STD $/good 0.062
Inventory Depreciation Expenses—IDE [] 16%

Inventory Level on Spend—INV [] 8%
Discount offered by APD—K [] 1.5%

Product Price—P $/good 3
Discount for Package Delivery with Rail—PDRAIL [] 25%

Time to access Package Delivery with Rail—TPDRAIL Days 6
Discount for Package Delivery with Truck—PDTRUCK [] 10%

Time to access Package Delivery with Truck—TPDTRUCK Days 3
Weighted Average Cost of Capital—WACC [] 8%

ip [] 0.64%
ci

R $/good 0.3
Option cost Co $/year 150,000

Table 2. Deterministic Variables.

Stochastic Variables Unit of Measure Value

Dt Number of goods
Geometric Brownian Motion (GBM)—Demand

Growth Rate µD = 5.2%

GBM—standard deviation σD = 0.18

GBM—Dto = 58,000,000

Qt Number of goods
Mean Reverting (MR)—long run mean QMR∗ = 23%

of D

MR—mean reversion rate α = 0.435

MR—standard deviation σ = 0.144

MR—Qto (%) = 15%

Portion related to discount, β = +10% × [(K −
0.5%)/0.5%)]

Random factor for retailer engagement, θt = (0.5, 1.5)

TCRASH
t Days BetaPert (0, 5, 11)

TT
t Days BetaPert (0, 1, 3)

BW [] Uniform (15–25%)

I [] Uniform (0–TAPD%)
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As suggested by experts, such minimum quantity should be adjusted by an additional portion β
linked to the APD discount (the higher the discount offered, the higher the likelihood customers will
allocate more volume) and by a random coefficient θt that simulates the real engagement of the retailer.

• For crashing and tardiness times (TCRASH
t , TT

t , as statistically relevant historical data are not
available, we reached out to production experts from the plant. Since experts generally do
not know these values with any certainty, they usually express them as three-point estimates
(reflecting the best/worst/most likely scenarios for the considered variable. Experts’ opinions
expressed as three point-estimates are usually modeled as non-parametric probability distributions
rather than parametric distributions where shape and range are determined by one or more
distribution-specific parameters (which is more difficult to assess) [89]. One of the most commonly
used probability distributions is the BetaPert distribution, which, strictly speaking, is a parametric
distribution (since it derives from Beta) adapted to be able to estimate only min, max and expected
values. Compared to triangular distributions, a BetaPert may be closer to a bell-shaped distribution,
to give more importance to the central value rather than the extremes.

• For bullwhip effect reduction (BW, that will have a direct impact on inventory reduction),
the literature generally considers a range between 10% and 40% [85]. Therefore, as statistically
relevant historical data are not available, we reached out to supply chain experts to check what the
expected value range in this case might be. The experts returned a range between 15% and 25%,
with the same probability between the extremes. This suggests the use of a Uniform distribution.
For perspective, the difference in the upper bound of the distribution (estimated rather than
literature) arises from the fact that the experts considered 40% as high considering also the high
service levels required in the industry.

• The fraction of the unsold units at the end of selling season I is a uniformly distributed variable,
ranging between 0% (i.e., all the quantity ordered under the APD program has been sold) and a
maximum quantity that, as suggested by the experts, is linked to the time of advanced orders
TAPD (the higher the pre-order time, the greater the likelihood that retailers will have a higher
level of unsold units at the end of the selling season compared with the simpler contract).

As for the additional costs generated by the APD compared with simpler contracts (Co),
as suggested by the interviewed Managers, they basically consist in the system investment costs to
integrate APD into the pricing and lead time structure in the ERP (Enterprise Resources Planning)
system, and the cost of the expert manager who handles the contract.

A Monte Carlo simulation was run using the @Risk software. The discount rate in the Monte
Carlo simulation is generally a risk-free rate [90], since the risk is already included in the cash flows
that depend on the randomly chosen values of the input parameters.

4.2. Results

Figure 2 plots the probability distributions of the supplier’s and the retailer’s profits under the APD
program derived for this first setting (K = 1.5% and TAPD = 10 days) after 10,000 computer iterations.

For this first setting, the supplier’s profit ΠS ranges within the interval [0.2–4.6] $MM with a
probability of 90% (the 5th percentile is 0.9 $MM), a mean 1.8 MM$, and a median equal to 1.79 $MM.

The retailer’s profit ΠR expressed as a percentage of the retailer’s spend ranges within the interval
[0.060–0.596] %, with a probability of 90% (the 5th percentile is 0.1), a mean 0.28%, and a median equal
to 0.27%.

As a first result, we found that the chain partners obtain higher profits than when the APD contract
is absent. This means that in this setting the APD contract creates value for both the actors. In particular,
the additional costs of APD contracts for the supplier are fully covered, and even outweighed by
their benefits; at the same time, the retailer receives price discount savings from advanced purchases
without any risk of loss in placing an advanced order. Hence, since both the profits are calculated
as the differential value created by the APD contract compared with the base case without the APD,
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the sum of the SC actors’ profits (i.e., SC profit ΠSC) is the measure of SC efficiency pursued by channel
coordination achieved through the APD program.

Figure 2. Probability distributions of the supplier’s profit (a) and the retailer’s profit (b) for the
first setting.

These considerations suggest that the APD may be a very attractive contract. Given a supplier
and a retailer, it may coordinate the supply chain and divide the resulting profits for any reasonable
function that depends on the retailer’s purchase quantity, price, discount, and all the other parameters
of the contract.

With so much going for it, one might argue that in such conditions (i.e., positive profits for both
chain partners), the APD should be ubiquitous. Actually, another important element that should be
observed, beyond the profits, is the number of activations of the APD program during the time horizon
of the program, namely the number of times the supplier exercises the option. Figure 3 plots the
probability distribution of the number of activations of the APD program during the time horizon of
the program for this first setting, within the interval (4–12) with a probability of 90% (the 5th percentile
is 8), a mean of 10.3, and the median equal to 11.

Figure 3. Probability distribution of number of APD activations for the first setting.

The number of activations expected throughout the time horizon of the validity of the program
Ω is an important indicator because when it is low, the supplier will probably avoid promoting the
program with the retailer at the beginning of the commercial year (irrespective of the chain partners’
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profit values), to avoid systematically denying its applicability, as the expected benefits are lower than
the relative costs in year t.

4.3. Sensitivity Analysis

In order to analyze how the contract parameters can be modified so as to share the profit and risks
more evenly along the chain (a win–win condition for the chain partners), while guaranteeing channel
coordination, we ran a sensitivity analysis on the APD contract terms, namely the APD discount K and
the APD time TAPD.

In particular, Figure 4 shows the results of sensitivity on the APD discount.

Figure 4. Sensitivity charts with APD discount: Supplier’s profit (a), Number of Activations (b) and
Retailer’s profit (c).

As Figure 4a illustrates, when the APD discount increases, the supplier’s profit decreases in
an almost linear fashion. The retailer’s profit is concave (Figure 4c). It starts from negative values,
thus implying that the low discount does not adequately compensate for the retailer’s risk in placing
an advanced order. It becomes positive when K = 0.5%, and then reaches the highest value for the
basic setting (K = 1.5%). This finding has two main implications. Firstly, any time the supplier offers a
discount, the retailer receives price discount savings from advanced purchases, but it is very risky for
the retailer to place an advanced order (since (s)he may also incur a loss). This supports the importance
of quantifying the benefits associated with such contracts, and setting the contract parameters in order
to ensure a win-win condition for both chain partners. Secondly, this concave function is not intuitive,
since one would expect that the higher the APD discount, the higher the retailer profit. We argue that
this is mainly linked to the exponential decrease in the number of activations (i.e., the number of times
the supplier exercises the option) (see Figure 4b). When the APD discount increases, the supplier has
less of an incentive to offer the discount, producing fewer savings for the retailer.

As a further result of sensitivity on the APD discount, we analyse the risk profile of both the
chain partners (Figure 5), defined as the probability that the net profit generated by the APD contract
is negative.

Figure 5. Sensitivity charts with APD discount: Supplier’s and Retailer’s risk profile.

As illustrated in Figure 5, the supplier’s risk increases when the discount increases, while the
retailer’s risk decreases when the discount increases. In light of this finding, we can infer that
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the contract seems fairly able to allocate risk when the discount offered ranges between [1–1.75%].
This implies that the APD contract is able to ensure SC coordination, given a proper setting for the
APD discount.

Figure 6 shows the analysis results from a time-sensitivity standpoint (TAPD).

Figure 6. Sensitivity charts with APD time: Supplier’s profit (a), Number of Activations (b) and
Retailer’s profit (c).

From Figure 6a we can observe that the supplier’s profit is low when the values of TAPD are low
(it may also be negative for lower values of APD time, meaning that in such cases, the benefits may not
outweigh the cost of adopting APD contracts due to the low number of activations). Then, it sharply
increases rapidly from a certain value of APD time, and follows an asymptotic trend for higher values
of APD time. On the other hand, the retailer’s profit is concave (Figure 6c). The profit increases up
to a certain value, after which it decreases until it becomes 0 for high values of APD time. We argue
that the choice of advancing the order too much may erode the retailer’s profit, making the contract
unsuccessful for this chain partner. Therefore, the APD time has to be set properly in order to ensure
channel coordination and win-win conditions. Finally, we analyse the risk profile for both chain
partners when the APD time varies. As Figure 7 shows, the supplier’s risk decreases when the APD
time increases, while the retailer’s risk increases when the APD time increases.

Figure 7. Sensitivity charts with APD time: Supplier’s and Retailer’s risk profile.

5. Conclusions

This paper focuses on the issue of SCF coordination under decentralized control, where each SC
actor makes decisions by optimizing his/her own objective. A supply contract, namely the Advance
Purchase Discount (APD) program, was modelled as a contract option to coordinate the capital flow
and improve the efficiency of a two-stage SC with stochastic customer demand.
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Our first research contribution is to fill the gap in the existing literature, which is lacking in studies
exploring how advanced information about customer needs obtained through the APD contract can be
exploited to coordinate a SC under decentralized control. Furthermore, in order to take into account
the flexible behavior of the upstream firm and to decide whether to provide a discount for an advance
purchase at its own discretion, we modeled an APD as an option contract, thus including the value
created by the firm’s flexibility to engage in the program only if it will be profitable.

After applying the developed model to the real case of a large multinational company (Fortune 100)
in the Fast-Moving Consumer Goods (FMCG) industry, we gained managerial insights as to when
such programs should be instituted.

Firstly, under an APD, the partners in the chain may obtain profits higher than when there is no
APD contract; hence, the APD may ensure a win-win condition. The extent of SC efficiency pursued by
the channel coordination achieved through the APD program is measured by the sum of the SC actors’
profits. These considerations support the hypothesis that the APD may constitute a very attractive
contract. In the case of a single supplier and retailer, it coordinates the supply chain and divides the
resulting profits in terms of any reasonable function that depends on the retailer’s purchase quantity,
price, discount, and all the other parameters of the contract.

With so much going for it, one might argue that the APD should be ubiquitous. However, even when
the APD contract creates profits for both the chain partners, we show that the number of activations of the
APD program during the time horizon of the validity of the program is an important element to take into
consideration, not only the profits. The supplier has to carefully decide whether to promote the APD
program with the retailer at the beginning of the commercial year. Deciding to promote the program at
the beginning of the year and then denying its applicability to the retailer almost systematically as the
expected benefits are lower than the related costs effectively means eroding the advantage created by the
program itself.

By promoting APD only when it is activated a certain number of times to deliver the
expected/negotiated value, the APD may ensure the channel coordination and the win-win condition.

In addition, a sensitivity analysis revealed that the discount-time binomial for the APD has to be
carefully assessed in order to ensure that this kind of contract succeeds as a coordination mechanism.
We found that the APD contract shifts some risk from the supplier to the retailer, and the amount
of transferred risk depends on the discount-time binomial for the APD. When the APD discount is
too low or the APD time is too high, the risk is unbalanced towards the retailer. When the APD
discount is too high or the APD time is too low, on the other hand, the contract loses its value for
the supplier. Therefore, since the APD value cannot be predicted by simply looking at the input
data, it is crucial to properly estimate the benefits associated with such contracts. Also, cooperation
among the SC actors during the contract design phase (i.e., contract parameter definition) would make
adopting the APD a strategic way to maximize the SC profits (win-win condition), while guaranteeing
channel coordination.

This work, however, is not without limitations. Firstly, we considered a two-stage SC with only
two actors, but actually, multistage supply chains better describe real SCs. Further, considering only one
retailer did not allow us to embed the effect of competition among multiple retailers. Further research
will be devoted to investigating all these limitations.
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