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Abstract

Consider an organization whose capability to produce an item and whose customer demand are both stochastic. In
such a context `take-or-paya contracts can be attractive. Under such a contract the organization agrees to purchase from
a supplier a "xed quantity per period over a speci"ed number of periods. Simulation is too slow an analysis approach for
the typical dynamic negotiation situation. We use a Markovian approach to create a tool that negotiators can use to
evaluate the expected cost of a proposed contract, considering the stochastic demand and all relevant cost components.
The approach is fast enough to use in real time, and yields accurate (sometimes exact) results. ( 2000 Elsevier Science
B.V. All rights reserved.
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1. Introduction

This paper describes a solution approach for
a type of contract that commits the buyer to pur-
chase a product at a constant rate for a "xed time
period at a speci"c price. Such contracts are in
a class commonly known as `take-or-paya con-
tracts, and are widely used for sales of gas and
liquid hydrocarbons products that are delivered by
pipeline. Take-or-pay provisions provide security
for the large capital investments (such as pipelines
and production facilities) required to provide prod-
uct to customers. A typical example of a take-or-

pay contract can be found in Anonymous [1]. This
type of contract can be used for a chemical "rm that
requires a hydrocarbon feedstock, or for a hydro-
carbon distributor. A general case is for a "rm that
has some capability to provide its own product but
due to process variability cannot necessarily meet
demand (for consumption as raw material, or for
delivery to an external customer) from internal
supply.

An example of such a situation can be found in
Bell [2] where a chemical "rm requires ethylene as
the major raw material for its various output prod-
ucts. On average it can produce the majority, but
not all, of its internal requirements. This shortfall
between requirements and internal supply is a ran-
dom variable due to daily variation in both de-
mand and production. The "rm can hold a limited
amount of inventory, with capacity constraints on
the amount that can be added to or removed from
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inventory each day. Excess product is disposed of
by #aring (burning) to the atmosphere. To make up
any daily shortfall, the "rm has historically used the
expensive option of spot-market purchases. The
"rm is exploring the option of entering into
a "xed-quantity, "xed price take-or-pay contract
for ethylene. Although Bell [2] limits discussion to
a one year contract length, we consider the more
general case where length is negotiable.

While spot purchases allow the "rm to purchase
exactly what it needs every day, the spot market
price is signi"cantly higher than the price of pur-
chases made on a "xed-quantity, take-or-pay basis.
However, the "rm does not know which possible
quantity, price, and contract length combinations
would be better than spot-market purchases, nor
which possible combination would maximize
pro"ts. Furthermore, a contracted quantity}price}
length combination would be the result of a negoti-
ation process, not a choice from a supplier price list.
The approach discussed in this paper deals with
this common situation by providing an analytic
approach that can be used to "nd expected values
to determine the best quantity}price option as
a purchasing "rm participates in negotiating this
type of take-or-pay contract.

The negotiation is likely to be complex, since the
combination of price, quantity and length a!ect not
only quanti"able factors such as cost and pro"tab-
ility, but also non-quanti"able strategic factors
such as exposure to spot price #uctuations, risk of
technological change and risks of shifts in product
markets. (Examples of strategic issues that can arise
around take-or-pay contracts can be found in [3,4].
The two parties will in general have di!erent inter-
ests regarding #exibility and risk exposure, and
hence will have di!erent trade-o!s with regard to
price, quantity and contract length. It would be
highly bene"cial for the purchaser to be able to
quickly evaluate the `harda economics of various
proposals and counter-proposals. This capability
would provide the negotiator with clear and cred-
ible cost "gures against which he could balance the
`softa strategic factors, and would serve as a valu-
able negotiation aid.

The usual way to evaluate quantity}price combi-
nations for random shortfalls would be to use
simulation. Unfortunately, simulation runs are

time-consuming due to the large number of replica-
tions, and cannot be used immediately because they
require statistical analysis (by someone with a de-
gree of technical skill that would probably not exist
on a negotiating team). As we will show, simulation
techniques are unsuitable to a dynamic negotiation.

In this paper, we develop a technique that can be
used dynamically in a negotiation. This technique
allows the negotiator to "nd the expected value of
contract options (price, quantity, length) in a
matter of seconds using a personal computer. The
results can be used immediately, and can be gener-
ated by personnel without advanced technical
training.

Related work has been published by Avery et al.
[5] and Schultz [6]. Both of these papers assume
deterministic situations (more restrictive than the
current paper) but consider policies of a more gen-
eral nature where, for example, the contract permits
the quantity taken in each period to be within
a range rather than being a "xed value. Both in-
volve mathematical programming approaches.
Schultz assumes demand is known in advance, and
in his deterministic model indicates that uncertain-
ty `is allowed for. . . through the use of lower limits
on the period-ending inventories2[which] serve
to protect the organization from higher than
expected demanda [6, pp. 219}220]. In contrast,
our model considers a situation where demand
uncertainty is of the essence, and a deterministic
approach (such as used by Schultz [6]) likely would
lead to higher costs due to excess inventory or
shortage costs.

In the next section, we introduce an analytic
Markovian approach that allows a contract pur-
chaser to almost instantaneously determine the
best of a given set of quantity}price combinations
based on expected value, and to evaluate the econ-
omics of `second-besta alternatives that will likely
arise during the negotiation. In Section 3, for a
relatively simple scenario, we compare the exact
Markovian approach to a simulation model, and
show that the Markovian pproach takes far less
computational time. In Section 4, we adapt the
Markovian model to consider the more realistic
situation from Bell [2] and apply an approxima-
tion to preserve the computational performance of
the Markovian model. We show in Section 5 that
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the approximate results from the adapted Mar-
kovian model are su$ciently close to the simula-
tion results (that yield the `truea values resolved to
the limits of random sampling) that the Markovian
results can safely be used. We conclude with mana-
gerial implications and future research directions.

2. Markovian take-or-pay model

Many types of take-or-pay contract situations
are possible. Several alternatives are discussed in
Schultz [6], Avery et al. [5], and Raynaud and
Syed [7]. The model for this paper makes the
following assumptions:

(1) The purchaser enters into a contract with
a "xed quantity Q that will be delivered by the
supplier every period for a horizon of n periods
at a price P per unit quantity.

(2) The purchaser has an uncertain shortfall, equal
to demand minus production, in each period.
This shortfall x has a known or estimatable
discrete distribution with possible values de-
noted by x

j
and probability mass function

p
x
(x

j
). Estimates could be based on a combina-

tion of empirical evidence and subjective
knowledge.

(3) A limited inventory capacity I
.!9

is available
to the purchaser. If this capacity is exceeded in
any particular period j, the purchaser must
dispose of the excess at a cost (or bene"t) of
A

j
per unit.

(4) Shortages are made up by purchases on
the open market that have a cost of B

j
per

unit short in period j. Back orders are not
allowed.

(5) Initial inventory is I
0

and ending inventory is
I
n

with the latter having the residual value
g/unit. A holding cost h

j
is incurred/unit of

inventory held at the end of period j.
(6) There are no restrictions on how much can be

put into inventory or extracted from inventory
in any period (this assumption will be relaxed
in Section 4).

The objective for this model is to evaluate, easily,
the expected value of total relevant costs. For any
values of Q, P, and n, the total relevant costs can be

expressed as

ETRC(Q, P, n)"nPQ#

n
+
j/1

[h
j
E(I

j
)#B

j
E(S

j
)

#A
j
E(F

j
)]!gE(I

n
), (1)

where I
j

is the inventory in period j, S
j

is the
shortage in period j, and F

j
is the amount by which

inventory capacity is exceeded in period j. This
expression can be evaluated for any possible com-
bination of Q, P, and n, to identify the contract
option that minimizes expected total relevant costs.
Note that the last two terms in Eq. (1) do not
involve the unit price P * this allows various
pricing options to be considered simultaneously for
computational e$ciency.

The expected value of inventory for any period
j, E(I

j
), requires "nding the probability mass func-

tion (p.m.f) of that inventory distribution. For each
shortfall value (x

j
) we have

I
j
"I

j~1
#Q!x

j
!F

j
#S

j
, (2)

where F
j

is expressed as

F
j
"max[0, I

j~1
#Q!x

j
!I

.!9
] (3)

and, S
j

can be written as

S
j
"max[0, x

j
!Q!I

j~1
]. (4)

These values can be used to calculate E(I
j
), E(S

j
),

and E(F
j
) in expression (1). Essentially, this requires

iteratively "nding the p.m.f of I
j

for each
j"1, 2,2, n. At each stage we can let
p
j~1

(i)"probMI
j~1

"iN where i is the discrete
p.m.f of the inventory values for the period j!1.
The Markov transition probabilities from inven-
tory states at the end of period j!1 to those at the
end of period j can then be represented as

q
j
(kDi)"probMI

j
"kDI

j~1
"iN.

The set of possible k values can be determined by
calculating Eq. (2) for each x

j
value. Each probabil-

ity q
j
(kDi) is given by the probability of the x

j
value

causing the i to k transition. With the sets of prob-
abilities n

j~1
(i) and q

j
(kDi), we can then compute

p
j
(k)"+

!-- i

p
j~1

(i)q
j
(kDi) for each possible k
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and

E(I
j
)" +

!-- k

kp
j
(k).

Similarly, E(F
j
) and E(S

j
) are calculated as
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As a note, we should point out that more than one
x
j

can produce I
j
"0 and I

j
"I

.!9
. The asso-

ciated probabilities should be added to obtain the
correct values for q

j
(0Di) and q

j
(I

.!9
Di).

This approach calculates the expected values at
each stage, which are likely to be the primary fac-
tors of interest for most organizations. In addition,
the method has the #exibility to handle scenarios in
which the shortfall distribution (x

j
) is di!erent for

each period j. Thus, for example, sensitivity analysis
could be performed by evaluating contract options
where shortfalls are trending up (or down) due to
changes in product markets or internal processes.

This approach requires storing only the inven-
tory values and their transition probabilities for
each period j. Steady-state probabilities of the in-
ventory levels may be achieved well before the end
of the contract period. For our approach, we chose
steady state to be achieved when the sets of i and
k values were identical and p

j~1
(i)+p

j
(i) for all i.

The computational tractability of this approach
depends on X, the number of points in the p.m.f. of
x
j
, and N, the number of di!erent values that can

be taken on by I
j

(i.e., the number of inventory
states). The complexity is O(N2#NX). N depends
on the value of I

.!9
and the roundo! of the x

j
's.

For example, let I
.!9

"10. If all the x
j

values are
rounded to the nearest 5 units, then I

j
can be 0, 5,

or 10 (for all j) and hence N"3. However, if all the
x
j

values are rounded to the nearest integer, then
N"11 and computational e!ort increases by as
much as 1344% (112/32). Doubling X, the number
of points in the p.m.f. of x

j
, will at most double the

computation time. Best computational perfor-
mance occurs when I

.!9
and the x

j
values are

rounded so that the number of inventory states is
manageable, and the number of points in the p.m.f.
of x

j
is small.

Our Markovian approach yields an exact result
for any p.m.f. of x

j
with "nite signi"cant "gures.

This exact result can be used to con"rm the accu-
racy of a simulation model. (If the p.m.f. of x

j
yields

an intractable model we use an approximation of
the p.m.f. to insure negligible run-time, as discussed
in Section 4.) In the next section we compare the
performance of our exact Markovian approach to
a simulation approach.

3. Comparison of Markovian model with simulation

Our goal is to develop a modelling approach to
support real-time negotiation of the take-or-pay
contracting situation that is both very quick and
highly accurate. (Accuracy is particularly impor-
tant since with simulation the full contract-value
distribution can be output to assist in a complete
risk evaluation.) Our motivation is that simulation
may require substantial computational time to
achieve an appropriate level of accuracy, and that
comparing several alternatives with simulation re-
quires more time to be devoted to the understand-
ing and use of advanced statistical techniques. This
section compares the Markovian approach with
simulation for a simpli"ed scenario.

The scenario considers the purchase of a raw
material required in production. The purchaser can
produce some, but not all, of the expected daily
demand for the raw material. Table 1 represents the
shortfall distribution. The variability can be caused
by #uctuations in demand, production, or both.
Note that on some days production of the raw
material can exceed demand, however, on average
demand exceeds production by 4.1 units, i.e., the
expected value E(x

j
)"4.1.

The unit holding cost for raw material, h
j
, is

$1.00. If the purchaser must make up the shortfall
on the spot (or retail) market, a payment of $500
per unit (B

j
) is needed. Initial inventory (I

0
) is

5 units, the maximum storage capacity (I
.!9

) is 20
units and if this capacity is exceeded, the purchaser
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Table 1
Shortfall (demand minus production) distribution for raw ma-
terial

Shortfall values (x
j
) Probabilities (p

x
(x

j
))

!10 0.15
!5 0.175

5 0.25
10 0.225
15 0.20

Table 2
Contract options

Take quantity (Q) Per unit price (P)

2 $400
4 $350
6 $300
8 $260

10 $230

Table 3
Results for simple scenario

Option (Q/P) Markovian model
annual (ETRC(Q, P, n))

Simulated model annual
Expected total cost

Total replications/
approx. time (min.)

No contract $789,046 $787,929 4,813/13.0
2/$400 $785,682 $784,788 3,315/8.95
4/$350 $766,716 $766,345 1,614/4.36
6/$300 $756,288 $754,152 477/1.29
8/$260 $786,793 $784,945 95/0.26
10/$230 $850,850 $850,330 41/0.11

must pay $5 per unit (A
j
) for disposal. Inventory

remaining at the end of the contract is worth $400
per unit (g). Any of the per unit costs or bene"ts
could change for any day (j), however, for this
simple scenario they are assumed constant.

A subcontractor is considering expanding its
production of the raw material. However, in this
simpli"ed example, they are only willing to do this
if they can get a "xed contract that guarantees
a daily purchase for a year. Due to economies of

scale they are willing to o!er lower prices for larger
quantities. The supplier has proposed the quantity
and price options listed in Table 2. The purchaser
wants to determine if any of these options are better
than buying the material on the spot market and, if
so, which is best.

Table 3 shows the results of an expected-value
analysis using the Markovian model as well as
those from a simulation. The current situation of
no contract is the "rst option in the table and
equates to using the spot market for all supple-
mentary purchases. The simulation model was built
with the Arena simulation modelling software [8],
in part, to facilitate the statistical analysis. Note
that the model could be easily developed in spread-
sheet, if desired. It was cross-veri"ed with the
Markovian model by evaluating a deterministic
scenario for which the methods gave identical re-
sults. Table 3 shows that the two methods chose the
same contract option (Q"6, P"$300) for the case
with random shortfall distribution. Moreover,
for each option the expected total costs, obtained
by the two approaches, are very close. However,
the "nal column in the table shows that it took
many replications to achieve this result with
simulation. Note that common random numbers
were used for the simulation runs as much as
the di!erent number of replications would allow.
This ensures that the PH value (to be dis-
cussed below) is conservative and also may explain
why there is a consistent lower bias for the simu-
lation results compared to the Markovian
model. The di!erence is small enough to justi"ably
ignore.
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The di!ering replication values for simulation
are due to the statistical analysis approach and the
di!erent degrees of variability for the contract op-
tions. To ensure reasonable precision with the
simulation analysis, a two-stage sampling ap-
proach was used (see Law and Kelton [9] for a de-
tailed description of this complicated technique).
Stage one consisted of doing 40 replications (sam-
ples) to get an estimate of the variance. The second
stage sample size is then determined so that the
comparison results in the selection of the best
simulated option with an analyst-speci"ed prob-
ability (PH) given an allowable di!erence (dH), again
speci"ed by the analyst. PH was set to 0.99 and
dH was set to $5,000 for this analysis. Due to the
inherent randomness with simulation we are never
absolutely sure that we have the correct choice,
however, with the two-stage approach we
know that with a probability of at least 0.99 our
selection will be no worse than $5,000 from the best
choice.

Each simulation replication took about 0.16
seconds with a Pentium 133 Mhz processor. This
gives a total run time of about 28 minutes for all
options. On the other hand, the Markovian model
took, on average, 0.11 seconds for each option, for
a total run time well under 1 second. Neither of
these total times accounts for changing the input
information for each option, which was about 30
seconds for both model types. While the simulation
run time is not bad at around 30 minutes, including
data entry, it does not include the extensive time
and relatively sophisticated know how required to
perform the statistical output analysis. The total
time to set up and run the analysis took several
hours, not including the time to build the simula-
tion model.

While several hours or days may not be a prob-
lem if the supplier provides a purchaser with con-
tract options before the "nal negotiation, often new
options result as a negotiation unfolds. Trying to
perform simulation analysis with appropriately rig-
orous statistical analysis would be di$cult, at best,
in such a circumstance. For instance, with the
simple scenario, a new option of Q"5 and P"

$320 might be proposed during the "nal negoti-
ations. The purchaser would like to know quickly if
this is better than the other options. Using the

Markovian model, the result of $746,205 could be
determined in about 30 seconds including the time
to enter the new contract values. This result sig-
ni"es that this new option is, indeed, better than the
earlier ones.

For this simple scenario, the Markovian model
results are exact and computational performance is
excellent. In Section 4 we apply the model to a more
realistic situation and show (in Section 5) that when
computational concerns induce us to use a multi-
point approximation of the distribution for x

j
, the

fast Markovian model yields results that are a close
approximation to the slower simulation analysis.

4. Analyzing a more realistic scenario } the Ohio
Polymer case

To test the Markovian model in a more realistic
situation, we used the Ohio Polymer, Inc. case by
Bell [2]. This case, while disguised, is based on
a real situation. The key issue in the case is to
determine the potential value of negotiating a new
"xed quantity and price contract for a key raw
material. The standard solution approach to the
case involves running a large number of simula-
tions to assist in evaluating possible options. In this
section we brie#y describe the case situation, show
how the Markovian model can be adapted to con-
sider additional complexity, and discuss an approx-
imation used to maintain the Markovian model's
fast response.

Ohio Polymer (OP) is a producer of products
which are primarily made from one key raw mater-
ial * ethylene gas. OP has three ethylene produc-
tion plants with probabilistic discrete output rate
distributions that provide total production varying
from 0 to 640 tons per day with a mean production
of 580.1 tons/day. Demand for ethylene derives
from the probabilistic discrete feedstock require-
ments of "ve "nished-product plants and deliveries
of ethylene to a local company. Total demand
varies from 0 to 702 tons/day with a mean of
615.4 tons/day. Thus, OP has an average shortfall
of 35.3 tons/day. Variability in production and de-
mand is due to failures of the furnaces and other
required equipment. Currently, ethylene gas short-
falls are made up on the spot market at a cost of
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$200/ton (i.e., B
j
"$200) which is the same price at

which OP can sell its inventory at the end of the
contract (i.e., g"$200).

Other pertinent information is as follows:
I
0

200 tons (this is not stated in the case but is
a reasonable value that we assumed).

I
.!9

900 tons.
h
j

$1.00/ton stored for one day. (To simplify we
will assume this cost applies to the daily end-
ing inventory).

In addition, there are constraints on the rate of
change of inventory. A limit of 300 tons/day of
ethylene gas can be lique"ed and put into storage if
excess ethylene is available. A limit of 400 tons/day
can be evaporated from storage and used to satisfy
demand. These limitations require a minor modi"-
cation to the Markovian model. For notational
purposes, the maximum input to storage will be
denoted as M

*/
and the maximum output from

storage as M
065

. Eq. (3) is then modi"ed to be

F
j
"max[0, Q!x

j
!min(M

*/
, I

.!9
!I

j~1
)], (5)

and Eq. (4) is changed to

S
j
"max[0, x

j
!Q!min(M

065
, I

j~1
)]. (6)

Ohio Polymer does not know a priori what kind
of options the supplier might be willing to consider
or propose. However, some obvious bounds exist.
Clearly, the unit cost should not be more than the
$200 spot price and the quantity should be in
the neighborhood of the shortfall. In the case, the
length of the contract is set at one year. To make
the situation more general, we will assume that OP
wants to consider contracts up to "ve years.

To use the Markovian model in this situation,
the x

j
distribution had to be approximated because

the true discrete distribution contains thousands of
possible outcomes, many of which are not whole
numbers (which in turn increases the number of
inventory states). If the full set of values were used,
the computational requirements of the Markovian
approach would be prohibitive. Thus, the full
distribution was approximated using the Pearson}
Tukey Three-Point Approximation. This approxi-
mation method was found generally superior to
many others tested in studies by Keefer and Bodily
[10] and Pfeifer et al. [11] for various types of

empirical and theoretical distributions. We also
tested several discrete approximations and among
these, found the Pearson}Tukey to be best at ap-
proximating the mean and variance of the original
empirical distribution in the OP scenario. To im-
plement the approach, we "rst approximated the
full shortfall distribution using Monte Carlo simu-
lation (100,000 replications). The three-point ap-
proximation then uses the 5th, 50th, and 95th
percentiles with probabilities of 0.185, 0.63, and
0.185, respectively. For numerical purposes, we
rounded the percentile values to the nearest integer.
The three shortfall values used based on the percen-
tiles were !148, 27, and 242, respectively. With the
above probabilities, this provides an expected value
of 34.4, surprisingly close to, but slightly lower,
than the true value of 35.4.

5. Comparison of Markovian model with simulation
for the Ohio Polymer case

We now discuss how the Markovian model
could be used in a negotiation process. We present
a series of model runs that OP might perform in
order to evaluate a few key alternatives in advance
of entering the negotiation. We show that the simu-
lation run times are far too long to be of use in
a quick-moving negotiation, and that the Mar-
kovian results are both fast and accurate. We then
present a scenario to demonstrate how the Mar-
kovian model can be used to support a dynamic
negotiation.

To prepare for the negotiations, we suppose that
OP decided to evaluate three alternatives with dif-
ferent quantity, price and time horizon that they
felt made sense given their needs. Of course, they
also need to consider the base cases of no contract
for the three di!erent time horizons. Table 4 shows
the results of the Markovian model and simulation
analyses for these six options, as well as the number
of replications and computer time to evaluate the
alternatives using simulation.

For the simulation analysis, we used the true
empirical distribution and we again used the two-
stage sampling approach described in Section 3.
Because we are reporting expected daily cost, we set
dH"$15, which is approximately equivalent to
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Table 4
Results for Ohio Polymer case scenario

Option (Q, P, n) Markovian model
(ETRC(Q, P, n))!

Simulated model
Expected per day cost

Total replications/
approx. time (min.)

35, $150, 1 $6775 $6743 40,894/107
25, $160, 2 $6720 $6751 24,836/125
20, $160, 5 $6688 $6744 15,407/181
No contract n"1 $6913 $7079 95,858/324
No contract n"2 $6978 $7134 46,128/330
No contract n"5 $7016 $7167 20,236/294

!Costs are the average daily values since we need to compare di!erent length contracts.

dH"$5,000 used in Section 3 for annual cost. This
ensures that the option selected is no more than
about $5,000 worse than the true best option on an
annual basis (with at least 99% probability of cor-
rect selection).

Compared with Table 3, the fourth column of
Table 4 shows that required replications and simu-
lation run times increased dramatically for the
more complex scenario of OP. Just to run these six
simulations took nearly 23 hours of computer time.
This is in marked contrast to the Markovian
model, which required only 5}10 seconds to evalu-
ate each option. Also, it should be pointed out that
the interpretation of the best choice is still clouded
after running the simulation analysis. It appears
that the one year option is best, but given the
closeness of the results for the other contract op-
tions, we can certainly not rule out the possibility
that one of the other options is better. Also, after
the initial stage of sampling (with 40 replications)
the ordering of the options was very di!erent than
after the complete analysis. Thus, the rigorous ap-
proach we used for the simulation seems necessary
to obtain the desired precision in the results.

Note that again, there appears to be a slight bias
between the simulation and Markovian model re-
sults, with the Markovian model giving slightly
(1.3%) lower results on average. This may be due to
a random sampling bias in the simulation and/or to
the use of the Pearson}Tukey Three-Point Approx-
imation with the Markovian model. Given the very
large number of replications required with simula-
tion, the latter is more likely. Nonetheless, the dif-

ference is small enough to justify the accuracy of the
Markovian model with the distribution approxi-
mation.

Also, it may be surprising that the no-contract
daily expected values change for the di!erent length
contracts. This is due to the initial inventory condi-
tions (I

0
"200) that creates a bene"cial transient

e!ect that diminishes over time. While this is not
a major issue, OP would want to consider this in
negotiating for di!erent length contracts.

To continue the negotiation scenario, we can
assume that when OP arrives to negotiate the con-
tract with the supplier, the latter presents an initial
contract proposal. Its proposal is Q"35, P"

$170, and n"5 years. Not surprisingly all the para-
meters are generally more in favour of the supplier's
need for stability. If OP just had the pre-run simu-
lation scenarios to work with they would know that
the cost of the supplier's option was higher than
their own "ve year option, but not really know if it
was better than no contract or the other options.
The Markovian model could be used to compute
the daily contract value of $7,643 in a matter of
seconds. Obviously, much negotiation would need
to take place to come to a more reasonable com-
promise. For the sake of completing the scenario,
we might assume that after several proposals and
counter proposals (each of which could be evalu-
ated in real time using the Markovian model), the
two sides agree on a contract with a three-year
term, Q"25, and P"$163. Using the Markovian
model, the resulting daily cost is $6,824. This op-
tion, while not as attractive as some of the options
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initially identi"ed by OP, is still about $100
less/day than no contract, considering any
proposed time horizon. Coming to the same
conclusion using simulation would be impossible
during a time-constrained negotiation.

6. Conclusions

This paper presents a tool that can be used to
support a purchaser in the negotiation of take-or-
pay contracts where the purchaser faces stochastic
demand and internal production for the product
being bought. The negotiated contract commits the
purchaser to a "xed daily quantity of product at
a "xed price for the duration of a speci"ed time
period. The successful negotiation of such a contract
requires an understanding both of `harda econ-
omics, i.e. the cost of a proposed contract, and sensi-
tivity to `softa strategic issues such as #exibility and
exposure to technological or market evolution. Be-
cause of the strategic aspects, such contracts are often
negotiated at the senior executive level, as in OP.

Obviously, the capability to compute the expected
costs of a contract would provide a signi"cant ad-
vantage in the negotiation process. However, due to
the stochastic nature of the demand and production
of the product being purchased, it is not a simple
task to compute the expected cost of a particular
contract. Furthermore, because the contract negoti-
ations are likely to be dynamic and fast-paced, an
e!ective negotiation aid needs to produce reliable
results quickly, and hence a capability to compute
`gooda results instantly is far superior to a capability
to compute `perfecta results that are available too
late to bene"t the negotiation.

In this research, we show that the standard
approach of using Monte Carlo simulation is far
too slow to be useful in a negotiation (even when
using advanced techniques to reduce run time), and
we develop a negotiation aid that can be used to
compute the expected costs of any proposed con-
tract in a matter of seconds. We demonstrate the
use of this negotiation aid for a simple example, and
also for the more realistic and complex example of
Ohio Polymers. If the shortfall between internal
demand and supply has a distribution with integer
values and relatively few outcomes, our negotiation

aid yields exact results. If the shortfall distribution
is more complex (and hence the `truea expected
costs can only be known to the resolution of Monte
Carlo simulation), we maintain computational per-
formance by using an approximation to the short-
fall distribution, and our negotiation aid yields
results that are very accurate when compared to the
simulation results.

Our approach has other bene"ts over simulation.
It is a simpler task to set up the Markovian model,
and the Markovian results can be used immediately,
without the analyst-intensive statistical interpreta-
tion required of simulation. In contrast, simulation
would provide the full distribution of outcomes,
facilitating a more complete risk analysis.

For the realistic OP scenario, we used simulation
as a benchmark against which we tested the results
of the Markovian model. To maximize the utility of
our Markovian approach, we would like to have
con"dence that it provides good results in general,
without having to construct a benchmark simula-
tion in advance of every negotiation. Also, obvious-
ly it would be helpful to be able to use a Markovian
model to provide additional information beyond
the expected cost in evaluating contract risk (i.e.,
the variance or even the entire distribution of cost).

Other possible extensions include permitting the
quantity taken in any period on the contract to be
within a prescribed range of Q (e.g. $20%) instead
of having to be exactly Q (it would appear that this
would lead to a Markov decision model, thus
appreciably complicating the analysis and required
computational time). Another extension would per-
mit the shortfalls in consecutive periods to be corre-
lated (due to, for example, a common external e!ect
on demand) rather than being independent vari-
ables. These are important topics of on-going re-
search. The current paper is meant as a signi"cant,
useful, initial step to aid practical decision making
under uncertainty in contract situations.
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