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Abstract

Prototyping is often used to predict, or reduce the uncertainty over, the future prof-
itability of a software design choice. Boehm [3] pioneered the use of techniques from
Bayesian decision theory to provide a basis for making prototyping decisions. However,
this approach does not apply to situations where the software engineer has the flexibility
of waiting for more information before making a prototyping decision. Also, this frame-
work only assumes uncertainty over one time period, and assumes a design-choice must
be made immediately after prototyping. We propose a more general multi-period ap-
proach that takes into account the flexibility of being able to postpone the prototyping
and design decisions. In particular, we argue that this flexibility is analogous to the
flexibility of exercise of certain financial instruments called options, and that the value
of the flexibility is the value of the corresponding financial option. The field of real
option theory in finance provides a rigorous framework to analyze the optimal exercise
of such options, and this can be applied to the prototyping decision problem. Our ap-
proach integrates the timing of prototype decisions and design decisions within a single
framework.

1 Introduction

Although much progress has been made in the identificationof key software design paradigms
and concepts (such as information-hiding, prototyping, reuse, and program-families), thecri-
teria for making decisions about how to use these concepts have largely been ad-hoc. For
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instance, consider a software engineer faced with the decision of whether to change the im-
plementation of a cache-coherence protocol in a certain distributed database management
system. The economic profitability of the new protocol depends on which of two possible
future scenarios will occur. In one scenario, the new protocol would work extremely well,
whereas in the other, it might degrade performance. The two scenarios are perhaps estimated
to be equally likely, but we do not know which one will occur. Prototyping can be a way to
predict (or reduce our uncertainty over) which scenario will occur. Based on the prototype
the software engineer can perhaps revise his estimate of the probability of the favorable sce-
nario to 70%, and then decide whether or not to change the protocol. Of course constructing
and evaluating the prototype involves an expenditure of limited resources such as program-
mer time, CPU time and memory space. The software engineer must therefore weigh the cost
of prototyping against the benefit of prototyping. The benefit of prototyping (as we show in
an example later) is the increased expected payoff from a more informed decision based on
prototyping, compared to a decision without prototyping.

Boehm [2, 3] was among the first to propose an appealing economics-based approach
to providing a sound basis for software decisions in general and prototyping decisions in
particular. His approach views software decisions as problems of investing in the face of
uncertainty over the future payoffs from the investment. In his model, the effect of prototyp-
ing is to change the conditional probabilities of adoptingeach design alternative given that
the future is one of a certain set of possible scenarios. He applies techniques from Bayesian
decision theory to calculate the expected payoff from a prototyping decision.

Although the Bayesian approach recognizes the importance of uncertainty in modeling
prototyping decisions, it has some limitations. To begin with, this approach is based on the
traditional net present value (NPV) analysis found in business textbooks: First calculate the
present value of the future benefits that the investment (i.e. prototyping and the consequent
design choice) will generate. If the future benefits are uncertain, compute the expectation of
this present value. Next calculate the (expectation of the) present value of the prototyping
and design cost. The NPV is the first quantity minus the second, i.e., benefit minus cost. The
software engineer then applies the NPV rule traditionally found in business textbooks (e.g.,
[5]): if the NPV is positive then proceed with the investment, otherwise don’t. However,
this simple rule is often suboptimal, since it is founded on a faulty assumption. It views the
investor’s (or software engineer’s) decision as anow-or-neverdecision, in the sense that if
the prototyping is not done now, the opportunity is lost for ever. Thus if the only possibilities
available to the investor are to invest now or invest never, then indeed he or she should invest
if and only if the NPV is positive. However, most investment decisions, including those in
the software area, can bedelayed. This is especially true when a certain implementation of
the software is already in place, and a designchangeis being considered. This brings into
play several other possible strategies that must be considered when picking the optimal one.
Specifically, the investor’s decision can becontingenton what kind of future unfolds. For
instance the investor can wait for a month, and decide to not invest if the next month reveals
information that indicates that there would be no net positive payoff from the investment. Or
perhaps after a month there is less uncertainty about the profitability of the investment. This
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type of wait-and-see strategy can have a larger expected payoff (even when discounted to the
present time) than investing right away, so that even when the above NPV rule indicates an
investment, it would be suboptimal to invest right away. Of course, if the expenditures can
somehow be recovered when conditions turn sour, then the decision to invest is effectively
reversible, and in this case it would suffice to consider this as a now-or-never decision. How-
ever, the expense of undertaking a software design decision cannot usually be recovered. In
this sense software decisions, including prototyping decisions, areirreversiblebut capable
of being delayed.

Another limitation of the statistical decision theory framework for prototyping is that it
only assumes one period of uncertainty, and assumes that both the prototyping and design
decisions are made in this period. However in reality, once the prototyping is done, the soft-
ware engineer can wait several time periods during which additional uncertainties might be
resolved before making his design choice (especially if a designchangeis being considered).

In this paper we view the prototyping and design decisions not merely as investments
under uncertainty (as previous work has done), but more specifically asirreversible but de-
layable investments under uncertainty. In a growing body of research [7, 8, 9, 10, 13], this
viewpoint is being increasingly accepted as the appropriate one (as opposed to the traditional
NPV rule) for analyzing capital investments by companies in the face of an uncertain future.
Rather than viewing investments as being either now-or-never propositions or as being re-
versible, this approach stresses the fact that companies haveopportunitiesto invest, and that
they must decide how best to exploit these opportunities. At any time, the company has the
optionto make the investment: it has the opportunity, but is not obligated to, make the invest-
ment. The success of this new research is based on the important observation that investment
opportunities are analogous to financialcall options(see Section 2.2 for details), and that
when a company makes an irreversible investment, it in effect “exercises” its call option. In
fact, to make the analogy explicit, the investment opportunity available to the company has
been called a “real option”. A real option is the flexibility a manager has for making deci-
sions aboutreal assets (in contrast to shares of stock) [12]. Thus the company’s investment
problem is essentially one of optimally exercising its call option. The valuation and optimal
exercise of financial options has been an active area of research in finance over the past two
decades. Researchers have been applying results from the well-established area of options to
capital investment problems, and this has lead to the new field ofreal option theory.

In this paper we are advocating a similar use of the options approach to study software
prototyping and design decision problems. This has the benefit that we can draw upon the
research done in the area of real options. A preliminary paper outlining this approach was
presented by one of the authors at the 1996 Software Architectures Workshop [14]. A more
detailed paper that applies our ideas to software design decisions appears in [15]. Withey
[16] also applies real options ideas to analyze strategies for building reusable software mod-
ules. Baldwin and Clark [1] have used the theory of real options to quantify the benefits of
modularity in terms of increased design flexibility. The present paper focusses on developing
models for analyzing prototyping strategies as well as design strategies that are influenced by
prototyping. Our basic premise is that prototyping, unlike other software design decisions,

3



affects our beliefs about the probabilities of future events or “states of nature”. The models
just mentioned therefore cannot be used to model the effects of prototyping. An additional
complication in the current paper is that we study the optimal timing of both the prototyping
decisionand the resulting design decision in the same framework. (Our earlier paper [15]
alludes informally to the possibility of modeling multiple decisions.) Thus in the present
paper we need a significantly richer model.

Our proposal is that formulating software prototyping criteria in terms of real options
addresses the limitations of earlier work on prototyping. Moreover, this approach can lead to
previously unrecognized design principles. Our goal is to show that real options theory can
help describe, and perhaps even prescribe, software prototyping and design decision-making
behaviors.

The rest of this paper is organized as follows. Sections 2.1 and 2.2 introduce the nec-
essary concepts from probability theory and financial options. Section 3 describes the basic
idea of real option theory and how to apply it to software design decisions. Section 4.2
present our model of prototyping and design-decisions based on the options viewpoint. Sec-
tion 5 concludes with a discussionof the contributionsof this paper, its limitations, and future
research directions.

2 Preliminaries

2.1 Probability concepts

In this section we introduce some standard mathematical terminology and notation that is
used in the paper. Much of this material also appears in our earlier paper [15]. We will
model future uncertainty by means of a discretedecision treeof finite depthN , whereN
represents the maximum number of future time steps (e.g. months, years, etc) that we wish
to model. The root node is considered to be at depth 0 and represents the present time, i.e.,
time 0. The nodes at depthk represent the possible states of the world at timek. The children
of a depthk nodev are the possible next-states at timek + 1, given that the state at timek
is v. If a nodew is a descendant ofv, we writev!w. For k = 0; 1; : : : ; N , a random
variableX is a mapping (or function) that associates with each nodev, a real numberX(v).
A randomprocessis a sequence of random variablesfXkg

N
k=0, (often referred to briefly as

the “processXk”) where for eachk, Xk(v) has non-zero values only for nodes at depthk.
When we want to refer to the value of a random processXk at a specific nodev, we will often
drop the subscript and just writeX(v). In any decision tree, we define the special random
variable �(v) to be the depth ofv.

As an illustrative example, it is useful to have the following simple decision tree, called
the binomial tree, in mind. Imagine we toss a coinN times. Each non-leaf node in this
tree has two children. Each of the2N paths in the tree represents a particular sequence of
coin-toss outcomes. On any path, fork = 1; : : : ; N , thek’th branch is an up-branch if the
k’th coin-toss lands heads (H), and it is a down-branch if it lands tails (T ).

With each branch in an decision tree, we associate aprobability in such a way that the
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sum of the probabilities of the branches emanating from a given node is 1. In particular, if
a nodev has a branch to nodew, we denote the probability on the branch byP(wjv). For
instance if we toss a fair coin in the example above, the probability ofeach branch is 0.5.
For any nodev in the decision tree, the probability that statev will occur, denotedP(v), is
computed in the obvious way: multiply the probabilities of the branches from the root node
to v. Clearly,

P(wjv) = P(w)=P(v):

Theexpectationof a random variableX , denoted byE(X), is defined as

E(X) =
X
v

X(v)P(v): (1)

The concept of conditional expectation is an important one for this paper. Let us imagine we
are in a particular state of the world at timek, i.e., at a particular nodev at depthk. Then
theconditional expectationof a random variableX , giventhat we are atv, is denoted by
E(X jv), and is defined as

E(X jv) =
X

w:v!w

X(w)
P(w)
P(v)

X
w:v!w

X(w)P(wjv); (2)

which is just a form of the familiar Baye’s rule. Clearly this conditional expectation will
in general be different fromEX , and will depend on which depth-k nodev we’re at. For
instance in the coin-toss tree above, suppose the random variableHk is the number of heads
up to timek, on the path to a specific node in the tree. Then ifv is at depthk andm � k, the
conditional expectationE(Hmjv) will be higher if the path tov consists of more heads.

We will use decision trees in this paper to model the timing of various investment deci-
sions. For instance we might want to decidewhen(i.e. at which nodes in the tree) andhow
muchto invest in building a software prototype. In general let us assume that at any node
we are allowedc possible levels of investment, numbered1; 2; : : : ; c. We consider level 0 to
represent no investment. Adecision rule � with respect to a decision treeT is a mapping
from the set of nodes ofT to the setf0; 1; : : : ; cg, with the restriction that on any path of the
tree, there is at most one nodev with a non-zero value of�(v). In other words, a decision rule
specifies a rule that we can follow as the state of the world changes along the tree. Whenever
we are in a statev for which�(v) 6= 0, we invest at level�(v). In the coin-toss binomial tree,
an example of a decision-rule is: “invest at level 1 when the coin has landed heads 3 times”,
or more formally:�(v) = 1 if H(v) = 3, and�(v) = 0 otherwise. Those familiar with
stochastic processes will recognize that decision rules are closely related tostopping times.

2.2 Financial Options

We now describe some basic concepts in option theory. For further details the reader is
referred to Hull’s [11] excellent introductory text.

The simplest kinds of options are call options. AnAmerican call option on a certain
stock is a financial contract with the following features: it gives the holder of the contract the
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right but not the obligation to buy a share of the stock at a fixed price called thestrike (or
exercise) priceL from the writer (i.e. seller) of the contract, on or before a certainexpiration
date ofT time units. The holder thus has the “option” of deciding whether or not to exercise
the contract, i.e., demand a share of stock at the strike priceL from the contract writer. This
is why the contract is called an option. When the option is exercised or the option expires,
the option ceases to exist. Thus option exercise isirreversible.

In order to discount future cash flows to the present time, we will need to assume that
money can be borrowed or lent (for example, via a bank or government bond) at a risk-free
interest rate ofr. Thus a dollar lent or borrowed at (discrete) timek is worthR = 1 + r
dollar at timek+ 1. It is common to refer toR as adiscount factor since a dollar at timek,
discounted to the present time (i.e. time 0) is worth1=Rk.

To describe an American call option formally, we will model the price of the underlying
stock in terms of a depth-N decision-tree. The timeN corresponds to the expiration of the
option. We letfSkg be the random process that denotes the price of the underlying stock.
It is clear that the holder should not exercise the option at a nodev if S(v) � L. On the
other hand, ifS(v) > L, the holder can (but is not obligated to) exercise the option, and
if she does, the option writer is obligated to sell her a share of stock at the strike priceL.
The holder could then immediately sell the share in the market atS(v), and make a profit of
S(v)�L. Thus the profit that can be realized by exercising the American call option at time
k ismax(S(v)� L; 0), which we refer to as thepayoff G(v) from the option. It is standard
notation to denotemaxfx; 0g by x+, so we can write the payoff as the random variable

Gk = (Sk � L)+; (3)

or in other words, for any nodev, the payoffG(v) = (S(v)� L)+.
What is the best exercise strategy for the holder of an American call option, if she is still

holding it at timek? Any exercise strategy can be described by a decision rule (defined in
the previous section)� that maps nodes to the setf0; 1g. If we are in statev, we exercise
if and only if �(v) = 1. An example of an exercise strategy is: “exercise when the stock
price exceeds a certain threshold�, or the expiration date is reached”, and is described by
the decision rule� where�(v) = 1 if S(v) � � or the depth�(v) of the nodev is N , and
�(v) = 0 otherwise.

For a given exercise decision rule� , and a given nodev at depthk, the expected value
of the strategy� discounted to timek is denoted byV �

k , and is computed as follows. At any
nodew that is a descendant ofv in the tree, if the option is exercised (i.e.,�(w) = 1), the
payoff isG(w) = (S(w)� L)+, and if it is not exercised the payoff is 0. Thus in general
at any nodew we can write the payoff asG(w)�(w), which is worthG(w)�(w)Rk��(w) at
time k. Therefore the expected value of the strategy� , discounted to timek, given that we
are at a nodev, is

V �
k (v) = E

�
G�Rk��

����v
�
: (4)
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Our option holder would of course want to choose the strategy� so that this expectation is
maximized. We denote this maximum by the random variableVk:

Vk(v) = max
�

V �
k (v): (5)

In other words,Vk is the best expected present value at timek realizable over all possible
exercise strategies. We refer to this value as theoption valueat timek, for reasons that will
become clear shortly.

Since immediate exercise is a valid strategy at any time, the option valueV (v) must
be at least as large as(S(v) � L)+. In fact, if (S(v) � L)+ < V (v), this means that the
immediate exercise strategy isnot optimal, and that some other strategy will yield a strictly
greater expected present value of payoff, under our assumed stock price model. Thus in this
situation, it is beneficial to not exercise and wait. On the other hand, if(S(v)�L)+ = V (v),
then there is nothing to be gained in waiting, at least under our assumed stock price model.
In this case itis optimal to exercise immediately. Indeed it can be shown rigorously that the
decision rule� that achieves the maximum in (5) above is given by

�(v) =

(
1 if (S(v)� L)+ = V (v) or �(v) = N ,

0 otherwise.
(6)

Let us look at the optimal exercise rule from a cost-benefit viewpoint. We can think of
the strike priceL as the “cost” of exercising the option, since this is the price one must pay
to obtain a share of stock. Similarly,Sk is the benefit from exercising at timek, since this is
the price one would obtain by selling the stock in the market. We just remarked above that
it may not be optimal to exercise as soon as the benefitSk exceeds the costL. To explain
this, it will be useful to view the option valueVk as representing the “value of the choice to
exercise”. When the option is exercised, the option (and the choice) is killed and this value
is lost, so thatVk represents theopportunity costof exercising the option. Thus when the
option is exercised, there are two costs: thedirectcostL, and the opportunity costVk. From
the discussion above, the optimal exercise strategy is to exercise when(Sk � L)+ = Vk,
which in cost-benefit terms can be stated as:Exercise only when the benefitSk equals the
direct costL plus the opportunity costVk. This viewpoint is the one that we will find most
useful in this paper.

The valueVk can be computed for allk by a simpledynamic programmingprocedure
(see [6]) as follows. First observe thatVN = (SN �L)+. This is clear both from formula (5)
and from observing that the since option expires at timeN , there is no advantage to waiting.
Now stepping backward in time in the decision tree, we computeVk(v) at any depthk node
v by

Vk(v) = maxf(Sk(v)� L)+;E(Vk+1jv)=Rg: (7)

In other words, the option valueVk(v) at a depthk nodev is the maximum of the immediate
payoff(Sk(v)�L)+ and the expected present value of the option value one time step ahead,
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given that we are atv. It can be shown that this backward-recursive formula forVk and
formula (5) are equivalent. And this is true regardless of the specific process that the stock
priceSk follows.

3 Real Options and Software Decisions

An investor holding an American call option is faced with a decision problem: when to
exercise his option. This situation is very similar to the problem faced by managers making
irreversible capital investment decisions. Suppose the manager of a manufacturing firm is
contemplating whether to invest in a large factory for making a new kind of widget. The
investment is irreversible, since the factory can only be used to make these widgets, and if
market conditions turn out to be unfavorable, the firm cannot regain its lost investment. For
simplicity let us say that the factory can be built instantaneously, at a costL, and that it can
produce widgets forever at zero cost. Once the factory is built, say at timek, the widgets can
be sold at the prevailing market price for such widgets. The future profits from widget sales
depend on how the market price evolves, which is uncertain. LetSk be the expected value
of these future profits, discounted to timek, under a suitable market price model, probability
measure, and discounting factor. ThusSk represents the value of the asset that the firm can
acquire by exercising its option to investL at timek. Alternatively, one can think ofSk as
the “benefit” from making the investment at timek, andL as the cost of the investment. In
this respect,Sk is analogous to the price of a stock underlying an American call option, and
L represents the strike price. Clearly the firm will not invest in the factory ifSk < L.

On the other hand, should the firm invest simply becauseSk exceedsL? The traditional
Net Present Value (NPV) rule recommends investing in this situation. However, this rule can
often be suboptimal since it treats the decision problem as a now-or-never proposition. That
is, if there is no possibility of delaying the decision, then the rule is indeed reasonable. How-
ever, if the decision to invest can be postponed, then the NPV rule ignores the value inherent
in waiting for better information before making the investment. The option viewpoint is the
natural framework in which to quantify the worth of the flexibility of being able to choose
between investing now and any future time. Thus the valueVk represents the “value of the
option to invest”, or the opportunity cost of investing, at timek. The reason we think ofVk
as an opportunity cost is that when we exercise the option, we lose the opportunity of being
able to decide when to invest. In analogy with the above rule for an American call option,
the optimal rule for the firm is (given suitable definitions ofSk andVk): Invest if the asset
value (or benefit)Sk exceeds the direct cost of the assetL plus the opportunity costVk. This
idea is at the heart of the theory of real options [8, 13].

The above approach applies to any investment situation where (a) there is an expenditure
of limited resources, (b) there is uncertainty over the future profitability of the investment,
(c) the decision to invest is irreversible, and (d) the decision can be delayed. As we argued
before, many software engineering design decisions, and prototyping decisions in particular,
satisfy these criteria. In general suppose a software engineer is contemplating when (if at
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all) to invest in a prototype. In terms of the variables introduced above, the direct cost
L is the cost of implementing the prototype. The future profit stream from prototyping is
uncertain, and may depend on several factors, such as changes in requirements, hardware,
usage-patterns, etc. This uncertainty can be modeled in terms of a decision tree (see Section
2.1 for definitions of this and other terms). At any discrete timek, theasset valueor benefit
Sk is the expected value, discounted to timek, of the future (possibly negative) profit stream
that would result if the prototype were already in place by timek. The option valueVk is
then the opportunity cost of implementing the prototype – the value of the flexibility (which
is lost when the prototype is implemented) of being able to decide when to implement the
prototype. Just as in the capital investment scenario above, the optimal decision strategy for
the software engineer is:

Invest in implementing the prototype when the benefitSk is at least equal to the
direct costL plus the opportunity costVk.

We have thus a rigorous way of quantifying when it is beneficial to delay our decision to
invest in a prototype. In the next section we will present a model for the effect of prototypes.
We show how to compute the optimal timing of both the prototyping decisionandthe result-
ing design-change decision in the same decision tree. The above simple rule will need to be
modified when both the prototyping and design-change decisions are considered together.

4 Prototypes as state-predictors

When a software designer is contemplating a major, expensive design change, he or she
may be concerned about the wisdom of going ahead with the change, since the benefits of
making the change may depend on uncertain future events, or “states of nature”. In such a
situation, as Boehm has argued, it may be possible to obtain information about the future
states by building aprototypeor simulationof the contemplated software design (or design
change). Although we are modeling prototypes as revealing information aboutfuturestates
or events, essentially the same model applies to prototypes that are used to reveal information
about thecurrent state. In particular, we can view the prototype as being done “just before”,
the current state unfolds, and the same mathematics holds. For instance in Boehm’s [3]
example the prototype reveals information about whether or not the current state is favorable
to a certain design change. Our models are more general and cover scenarios such as those
discussed by Boehm. To understand our model it will be useful to review Boehm’s example
in [2] which we describe in the next subsection.

4.1 Boehm’s example

In the example in Boehm’s book [2], we are required to choose between a bold (B) and
conservative (C) approach in developing a certain special-purpose operating system. Since
there is no operating system to start with, a choice between these two approaches must be
made at the present time, which we call time 0. However, the profitability of the operating
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Figure 1:Payoffs in Boehm’s example

system will depend on the “state of nature” at time 1. There are two possible states of nature
at time 1: “favorable” (F ) and “unfavorable” (U), each occurring with probability 0.5 (see
Fig. 1): P(U) = P(F ) = 0:5: In general we denote the payoff of approacha in states by
V (s; a). In the absence of any information about the state at time 1, we would choose either
approach B or approach C at time 0. In the bold case, the expected payoff would be

P (F )V (F;B)� P (U)V (U;B) = 60;

and in the conservative case the expected payoff is 30. Can we do better if we have some
idea of what the next state at time 1 will be? Boehm considers the idea of building a rough
prototype of the key portions of the bold approach, in order to get information about the
time-1 state. First consider aperfectprototype, namely one that will predict exactly what the
next state will be. Let us say the cost of building this prototype isCp = 10. If the prototype
tells us that the next state will be favorable, we would decide on approach B, and otherwise
we would pick approach C. The expected net payoff in this case would be

P(F )V (F;B) + P(U)V (U;C)� Cp = 90� 10 = 80;

which is better than the payoffs without prototyping.
One way to view the effect of the perfect prototype in this example is that it gives us a

way of making our decision at time 0 becontingenton the next state. To see this,in this
subsection only,we letP(ajs) denote the conditional probability that we pick approacha at
time 0 given that thenextstate iss. In the absence of a prototype, our decision cannot be
contingent on the next state, so we would either have

P(CjU) = P(CjF ) = 1; P(BjU) = P(BjF ) = 0; (8)

which corresponds to picking choice C, or

P(CjU) = P(CjF ) = 0; P(BjU) = P(BjF ) = 1; (9)
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which corresponds to picking choice B. Now if the perfect prototype predicts that stateF

will occur at time 1, we would pick approach B at time 0, otherwise we would pick approach
C (i.e. our decision is contingent on thenextstate), so that

P(CjF ) = 0; P(CjU) = 1; P(BjF ) = 1; P(BjU) = 0:

Note that with or without a prototype we have

P(BjF ) + P(CjF ) = 1; P(BjU) + P(CjU) = 1: (10)

Thus our expected payoff with the perfect prototype can be written

P(U) [P(BjU)V (U;B) + P(CjU)V (U;C)]

+ P(F ) [P(BjF )V (F;B) + P(CjF )V (F;C)]� Cp; (11)

which is 80, as computed before.
We can consider more generally animperfect prototype,one where the only restriction

is that the conditional probabilitiesP(ajs) satisfy (10). The expected net payoff from the
prototype is still given by (11). In particular,not using a prototype can be viewed as using
a completely uninformative prototype, in which case the conditional probabilities would be
given by either (8) or (9). Let us consider the prototype (costing 10) in Boehm’s example,
characterized by the conditional probabilities

P(CjF ) = 0:1; P(CjU) = 0:8; P(BjF ) = 0:9; P(BjU) = 0:2: (12)

Note that condition (10) is satisfied. Now the expected payoff, from (11), is68.
Thus the effect of any prototype can be modeled by the conditional probabilitiesof choos-

ing various alternatives, in each of the possiblenext-states.We do not make explicit how
these conditional probabilities are arrived at.

4.2 Our model

As we just saw above, Boehm’s example (as well as his generalization) considers only one
time-period. Moreover, the prototyping decision and the choice between bold/conservative
must be done at the present time, since there is no software to start with. We now extend
this model in two ways: (a) We consider multiple time-periods, in the event-tree framework.
(b) We also assume that a software design is already in place, and adesign-changeis being
considered. This means that both the prototyping and design-change decisions can be de-
layed. In particular the implementation-change does not have to take place immediately after
prototyping – the software engineer can wait until conditions (the “state of the world”) are
appropriate for this. We first present a model for changing to a specific new design, and in
subsection 4.6 we generalize this to switching to one of several alternatives. We refer to the
design-change decision as theswitching decision. The ability to delay both the prototyping
and switching decisions can lead to increased payoffs for the software engineer.
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We will henceforth use the word “prototype” to cover simulation as well. Although less
expensive than changing the software, prototyping can still have a significant cost. Moreover,
the expense incurred in prototyping cannot be recovered,1 making a prototyping decision an
irreversible one. However, the designer has the option towait for better information before
building a prototype.

We present our model through a concrete example that is easy to generalize. Suppose a
database company X is contemplating whether to change the cache-coherence protocol on
their top-of-the-line distributed DBMS. Since the future is unknown, it is unclear how this
change will impact the company. It may be that in some scenarios the usage of the DBMS
is such that the change is unfavorable. The company therefore wants to invest in prototyping
and simulation. It is faced with the following two decisions:

� Decision P: When (if at all) to invest in prototypes and simulation software? For
simplicity, we assume that that prototypes and simulation software are built together
and instantaneously. To allow for different levels of prototyping, we assume that the set
A = fa1; a2; : : : ; arg represents the possible amounts of money that can be invested
in prototyping at any time.

� Decision D: when (if at all) to switch to the new cache-coherence protocol? We of
course impose the restriction that prototyping can not occur after switching to the new
protocol.

We formulate our model in terms of a decision tree of depthN (See Section 2.1 for basic
mathematical definitions). The branches of this decision tree represent various future events
that might have an impact on how much benefit the new cache coherence protocol would
bring. Throughout this discussion we will refer to the depth 3 decision tree in Figure 2 for
illustration purposes.

In general, we assume that at any time there arec possiblelevelsof prototyping (i.e., the
possible amounts of money we could spend prototyping), which we denote byf1; 2; : : : ; cg.
A specific prototypingstrategy can then be described by a decision rule (as defined in Section
2.1)� that maps nodesv in the decision tree to an element off0; 1; 2; : : : ; cg. As before, we
interpret�(v) = 0 as not investing in a prototype at nodev. We let� denote the decision
rule that describes the timing of the decision to invest in the new cache-coherence protocol.
We assume that there is a fixed cost to switching to the new protocol, and therefore let� be a
map from the nodes tof0; 1g. Since prototyping (if any) can never occur after switching to
the new protocol, we impose the restriction, for any nodew:

If �(w) > 0, then for allv!w, �(v) = 0: (13)

Note that we are allowing paths where prototyping is never undertaken (i.e. all nodesv on
the path have�(v) = 0) but the new cache-coherence protocol is implemented (�(v) = 1

1Unless the prototype can be a part of the system being built. In the case of simulations the expense is always
unrecoverable.
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Figure 2:A decision tree showing a prototyping strategy� and a strategy� for switching to the new
implementation. The dark boxes indicate nodesv where�(v) > 0, and the circles indicate nodes
where� (v) = 1. The benefitSk is shown alongsideeachnode in italics. The conditional probabilities
P�k are shown in parentheses at the nodes where they are well-defined. In the paper, a node is referred
to by the sequence of up (U) and down (D) branches that must be taken to reach thenode. E.g., at
node UD, the benefitS2 = 90.
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somewhere on the path). Thus for a given prototyping decision�, there is a setS(�) of
decision rules� for decision D that satisfy the constraint (13). See Fig. 2 for an example of
� and� that satisfy this restriction.

After doing a certain level of prototyping at a nodev, we can observe our path on the
decision tree, and make the switching decision at some nodew (say at depthk) that is a
descendant ofv. When making this decision, we are using the prototype to give us some
indication of what thenext(i.e. time-(k+1)) state will be. This indication may be in the form
of an explicit state-prediction, but not necessarily so. In any case, as in the numerical example
of the previous subsection, we abstractly model the effect of the prototype as follows. For
each time-(k + 1) state� such thatw!�, we have aconditional probabilityof having
switched to the new implementation at nodew given that the successor-state ofw is �. We
denote this conditional probability by the random variableP�k+1(�), where we are using
the superscript� to emphasize the dependence on the prototyping strategy�. Note that the
random variableP� is only well-defined on nodes� that are descendants of nodesv where a
non-zero prototyping investment is made, i.e.,�(v) > 0. This does not cause a problem since
we will only useP� where it is defined. For instance in Fig. 2, the conditional probabilityP�1
at nodeU is not defined since there is no prototype at time 0. On the other hand, at node UD
we haveP�2 = 0:3, which means the conditional probability of having switched to the new
design at time 1 at node U, given that the state at time 2 is UD, is 0.3.

For a nodev at depthk, Sk(v) will denote thebenefit at timek, at nodev, from the new
implementation, if the switching decision was made at timek � 1 at the parent node ofv.
In generalSk represents the present (i.e. time-k) value of all future benefits from the new
implementation. We letL denote thedirect cost of switching. We will assume a discount
factor ofR per time period.

Note that if we make a switching decision at some depthk nodew and there is no non-
zero investment in prototyping prior tow on the path tow, then we immediately get a payoff
(S(w)� L)+, which we denote byG�

k (w). This is also true if we switch to the new imple-
mentation at a leaf (depthN ) node in the tree, since there is no uncertainty after timeN . On
the other hand, ifw is not a leaf node, and therewassome non-zero level of prototyping at
an ancestor ofw, then even though we speak of a “switching decision” at timek (at nodew),
we are not necessarily switching since, depending on the probabilitiesP�k+1, there is some
chance that we do not switch. In fact we are deciding whether to switch or not to switch, and
if we happen to decidenot to switch, we are committed to this decision and cannot undo it
subsequently. Thus the switching decision made atw translates into a probabilistic outcome
at the successor-nodes ofw. Therefore the effective benefit at timek is the expected benefit
from timek+1 (weighted by the conditional probabilitiesP�k+1) discounted to timek, given
that we are atw, which isE(Sk+1P�k+1=Rjv). Therefore thepayoffG�

k(w) at such a nodew
is

G�
k (w) =

�
E
�
Sk+1P�k+1=R

����w
�
� L

�+
; (14)

From the above description it is clear that the effect of a prototyping decision� is captured
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in the payoff processfG�
kg. Thus at any timek, for any allowable prototyping strategy� and

any allowable switching strategy� 2 S(�), the value of these strategies at timek, given that
we are in statev, is (in analogy with (4) in Section 2.2)

V �;�
k (v) = RkE

�
�G�

R�
�

�

R�

����v
�
: (15)

Therefore, in analogy with definition (5), we can define the value of our investment opportu-
nity at a depthk nodev as

Vk(v) = max
�

max
�2S(�)

V
�;�
k (v): (16)

Since the number of possible strategies� and� is finite, bothmax’es above exist. A modifi-
cation of the dynamic programming algorithm of Section 2.2 can be used to computeV0, as
well as the optimal times�� and�� for decisions P and D respectively.

A reasonable question at this point is to ask, “what do the optimal strategies�� and��

look like”? For instance, the optimal exercise strategy in the case of a simple call option
(where the only decision to be made is when to exercise the option) is easy to characterize
(see Section) 2.2):Exercise when the option valueVk equals the payoff from immediate exer-
cise. Is there an analogous rule when we are considering two decisions, namely (a) when
to prototype (described by the optimal strategy��), and (b) when to switch to the new im-
plementation (described by��). To answer this, we must first define what “the payoff from
deciding to prototype” means (Note that (14) already defines the payoff from a switching
decision). Suppose we decide to invest at levelx in a prototype at a depthk nodev, i.e.,
�(v) = x. What is the payoff from this decision? This is simply the maximum discounted
expected payoff given that we are at nodev, over all possible switching strategies� :

Y �
k (v) = max

�
E
�
�G�Rk��

����v
�
� �(v): (17)

Note that this payoff itself is the value of an option, so in this sense when we are considering
the two strategies� and� , we have anoption on an option.Another point to note is that
the first term in the payoff represents the “benefit” from prototyping at timek at levelx,
whereas the second term,x, of course represents the cost of prototyping. In analogy with our
characterization of the optimal exercise strategy for a simple call option, we can say (and this
can be proved rigorously) that the optimal prototyping strategy is to prototype at timek � N
at a nodev at levelx if and only if the payoffY �

k (v) equals the option valueVk(v). As
mentioned before, we can viewVk as the “opportunity cost” of prototyping at timek since
this represents the option value that is lost when we decide to prototype at timek. Therefore
in analogy with call options, the optimal prototyping strategy is:

Implement a prototype at timek at levelx only if the benefit equals the proto-
typing costx plus the opportunity costVk.
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To re-emphasize a point we have been making throughout this paper, previous work on pro-
totyping that was based on the traditional NPV rule has ignored the opportunity costVk. The
above rule shows that it may be better to postpone prototyping even when the traditional
NPV rule recommends it.

Now, once prototyping has been done at some level�(v) at a nodev, we must still decide
when to switch to the new implementation. This consists of finding which� maximizes the
payoffY �

k (x) defined in 17. At this point the problem is very similar to that of deciding the
optimal exercise strategy of a call option, and this analogy has been explored at great length
in our earlier paper [15]. We only note here that it may be optimal to wait for a while after
prototyping before switching to the new implementation.

4.3 How to use the model

To summarize, we describe here our suggested general procedure for a software engineer or
project manager faced with deciding when (if at all) to invest in a prototype, and based on
the results of prototyping, when (if at all) to invest in a design-change.

1. Set up theevent tree(or decision tree), which models future uncertainty. The root node
of the tree represents the present time. LetN be the number of levels in this tree, i.e.,
the maximum number of branches on any root-to-leaf path in the tree. LetM be the
number of nodes in the tree. The branches in this tree represent events, or outcomes
of tests, or information, that have an impact on the prototyping and design-change
decisions. Each node in the tree represents possible “states of the world”, or “states of
nature”, i.e. the state that would result if the sequence of events on the path from the
root to the node were to occur.

2. For each branch from a nodev to nodew, estimate theprobability P(wjv) of the
branch.

3. Choose an appropriatediscount factorR to be used on each branch of the event tree.
This could be as simple as the current risk-free interest rate or a risk-adjusted interest
rate. For instance a large discount factor can be chosen if the software engineer feels
that it is expensive to delay an implementation-change or prototyping decision.

4. For each nodev in the tree, estimate thebenefitS(v) of switching to the new design
or implementation in the state of the world represented byv. This benefit could be an
immediate benefit at nodev, or could be an expectation over future uncertain benefits,
discounted to the present time.

5. Decide the possiblelevels of prototypinginvestments and identify them by the set of
numbersf0; 1; 2; : : : ; cg. Level 0 indicates that prototyping is not undertaken.

6. Clearly there are no more thancM possible prototyping strategies. For each possible
prototyping strategy�, for each nodew such that there is some ancestor� of w such
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that �(�) > 0, estimate the conditional probabilityP�(w). Recall thatP�(w) de-
notes the conditional probability of having switched to the new implementation at the
parent-nodev of w, given that the successor-state ofv is w, assuming that the proto-
typing strategy� has been undertaken. The estimated values ofP� reflect the software
engineer’s perception of how informative the prototyping strategy� is.

7. Now all the requisite quantities are in place. By the dynamic programming procedure
outlined above, compute the optimal prototyping strategy�� and the optimal design-
change strategy��.

8. As long as the current state of the world, i.e., the current nodev, is such that��(v) = 0,
do not invest in prototyping; as soon as��(v) > 0, invest immediately in a prototype
at level��(v).

9. Once the prototyping is undertaken by following strategy��, implement the design-
change strategy�� as follows. Change the design as soon as a nodev is reached where
��(v) = 1.

The various model parameters can be re-estimated based on the quality of decisions they lead
to, in an iterative fashion, much like in thespiral model[4] for software development.

4.4 Boehm’s example revisited

As an illustration, we now analyze Boehm’s one-period example of Subsection 4.1 in the
model just introduced. We will interpret that example from the viewpoint of switching from
the conservative to the bold approach. That is, we assume that the conservative approach
(C) is already in place, and we are required to decide whether to switch to approachB. Our
decision tree is simple: the time-0 state has two successor states at time 1: favorable(F )
and unfavorable (U ). We want to defineS1(v), the additional benefit (compared to the
conservative approach) that would be realized in a time-1 state (or node)v, by switching to
the bold approach at time 0. Thus, in the favorable stateF , S1(F ) = 150� 30 = 120, and
in the unfavorable stateU , S1(F ) = �30 � 30 = �60. The direct costL of switching is
0. Note that Boehm did not consider the cost of switching. In this simple decision tree, we
cannot delay the prototyping and switching decision, i.e., we must make them at time 0. We
will take the discounting factorR to be 1.

Consider the imperfect prototype at the end of Subsection 4.1, whose conditional proba-
bilities are given by (12). The cost of this prototype is 10, which we view as “level 10”. Since
we are using this prototype at time 0,� = 10 at the root of the tree, and� = 0 at the two
depth 1 nodes. The effect of this prototype is characterized by the conditional probabilities
P�1 = P(BjF ) = 0:9 in stateF andP�1 = P(BjU) = 0:2 in stateU . Given that we have
used the prototyping strategy�, the payoffG�

0 from making the switching decision at time 0
is, from the definition (14):

G�
0 = E(S1P�1=R)� L = (0:5)(120)(0:9)� (0:5)(60)(0:2) = 48:
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The net payoff, taking into account the cost of prototyping is, from (15):E
h
G�
0=R

0 � �=R�
i
=

48� 10 = 38: This is the netadditionalpayoff of switching to the bold approach, compared
to the conservative approach. Since the payoff of the conservative approach is 30, the actual
payoff from choosing an implementation at time 0 based on the prototype is30 + 38 = 68,
which matches the value obtained at the end of Section 4.1.

4.5 Another example

We illustrate the benefit of using our options approach by carrying out some computations in
the decision tree shown in Fig 2. For this example, we assume the costL of switching to the
new software design is 100. We will assume a discount factorR = 1:1.

In the figure we show a specific prototyping strategy described by the decision rule�,
and a specific switching strategy described by the decision rule� . For instance, at the node
U , � = 10, meaning that prototyping is done at this node at “level 10”. Similarly, at node
UU, � = 1, meaning that the switching decision must occur at this node. It is important
to keep in mind that the benefitSk(v) shown at each nodev is the present (i.e. time-k)
value of all future profits that would be realized,if we switch to the new implementation at
the parent-node ofv, and statev occurs. Note that there is no (non-zero) prototyping on
paths starting with DD. The switching strategy� satisfies the constraint mentioned in the
previous subsection: on paths where prototyping is done, the switching cannot occur before
prototyping. Recall that we have modeled prototyping as inducing conditional probabilities
P
�
k at the tree nodes.

We now compute the value of the strategies� and� at time 0, namelyV �;�
0 , as given by

the expression (15). First we compute the payoffsG�
k at nodes where a switching decision is

made, i.e. UU and DUU:

G�
2(UU) =

�
170(0:7)+ 160(0:1)

R
� 100

�+

= 22:27;

G�
3(DUU) = 150� 100 = 50:

The expected payoff from the switching strategy� is

E(�G�=R�) =
(0:5)(0:8)22:27

(1:1)2
+

50

(1:1)3
= 15:81:

And the expected cost of the prototyping strategy� is

E
�
�

R�

�
=

(0:5)(10)

1:1
+

(0:5)230

(1:1)2
= 10:73:

Therefore the value at time 0 of these strategies is15:81� 10:73 = 5:08.
Now suppose we use the traditional NPV approach to decide whether or not to prototype

(at level 10)and switch (at cost 100) at time 0, for a total cost of 110. Suppose that the
prototype results in a conditional probability of 0.7 of switching in stateU (benefit 150),
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Figure 3:How the value of the strategies� and� decreases as the discount factorR is increased.

and probability 0.4 in stateD (benefit 60). The expected discounted benefit is therefore
((0:5)(0:7)150+ (0:5)(0:4)60)=1:1 = 58:6, so the net payoff is58:6� 110 = �41:4 units.
The NPV approach would therefore recommend not investing in prototyping and switching
to the new implementation. However we just saw above that by using the strategies� and�
we can get a positive expected payoff. This example illustrates a general principle:

When future benefits are uncertain, it may be profitable to delay the prototyp-
ing (or implementation-change) decision until the value from prototyping (or
changing the implementation) becomes large enough.

Effect of time-discounting. The larger the discount factorR, the less is the payoff from
postponing a decision. A large value ofR can be used if it is critical that decisions be made
sooner. On the other hand, if decisions can be delayed, a smaller value ofR can be used. In
Fig. 4.5 we show how the value of the strategies� and� in the above example decreases as
we increase the value ofR.

Effect of uncertainty. It is intuitively clear that the greater the uncertainty of future
benefits from a decision, the greater the potential value of postponing that decision. One way
to see the effect of increasing uncertainty is as follows: we will assume that, for someu > 1,
all benefits on up-branches get multiplied by a factoru, and all benefits on down-branches
get multiplied by the reciprocal1=u. Thus, at the node UUU, the benefit is170u, at UUD
the benefit is160=u, and atDUU the benefit is150u. The greater the value ofu, the greater
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Figure 4:How the value of the strategies� and� increases as the uncertainty of future benefits (as
measured byu) is increased.

the disparity between the benefits at the up and down branches out of a given node. Fig. 4
shows how the expected payoff of strategies� and� increases asu is increased.

4.6 Switching to one of several alternatives

In the previous subsections we have assumed that there is some software implementation
already in place, and we considered when (if at all) to switch to a specific different imple-
mentation. We now show how this can be easily generalized to the case of switching to one
of m possible alternatives. Recall thatP�

k(w) for a depthk nodev was defined as the con-
ditional probability of having switched to the new implementation at the parent nodev ofw,
given that the successor ofv isw. Generalizing this, we definePi;�

k (w) to be the conditional
probability of having switched to thei’th alternative atw’s parentv, given that the successor
of v isw. Next, recall thatG�

k(v)was defined as the payoff from making a switching decision
at depthk nodev, and was calculated as the expected payoff from timek + 1, given that we
are atv. When there arem alternatives to choose from, we should generalize this to be the
maximumof the quantity analogous toG�

k(v) over all alternatives:

G�
k(v) = max

1�i�m

h
E
�
Sk+1P

i;�
k+1=Rjv

�
� L

i+
: (18)
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With these definitions, the timek value of a specific prototyping and switching strategy is
given by (15), and the timek value of our investment opportunity is given by equation (16).

5 Conclusion

We began this paper by pointing out the limitations of previous economics approaches to pro-
totyping decisions, focusing in particular on the Bayesian approach. This model recognizes
that prototyping can involve significant expenditure, and that the benefits from prototyping
depend on uncertain future events. It uses the classical economics approach to decision-
making under uncertainty, namely Net Present Value (NPV) analysis: invest in prototyping
only if the benefits (on average) outweigh the costs. One problem with this approach is that
it views prototyping decisions and implementation decisions as occurring simultaneously.
It is more realistic to separate these decisions in time. Moreover, this framework does not
consider the possibility ofdelayingthe prototyping (or implementation) decision until better
information becomes available. As a result, this approach may lead to sub-optimal prototyp-
ing decisions.

In this paper, we presented a model that addresses both these limitations: prototyping
and implementation decisions that depend on prototyping are separated, and can occur at
any time. In allowing the decisions to occur at any time, we can no longer use the classical
NPV analysis. We must instead appeal to a more advanced but well-established theory,
namely that of financial options. The basic ideas of this approach to software decisions were
introduced by the present authors in a different paper [15]. In a sense the present paper
extends that approach to software prototyping decisions. However, prototyping adds two
novel twists: Firstly, the prototyping decision can change the future payoffs. Secondly, we
are now consideringtwodecisions (prototyping and design-change) rather than just one. The
model presented in the present paper is therefore significantly richer.

Although we have presented hypothetical numerical examples showing that our approach
can lead to superior decisions, we have not tested our ideas on a real software project. How-
ever we must caution that the options approach (or any other economics-based approach
for that matter) should not be applied too literally. Rather, the appropriate way to use this
methodology is to develop and justifyqualitativedesign guidelines and principles (such as
the one at the end of the example in Section 4.5). Such principles may not always be intu-
itively obvious. This is where we see our approach as being potentially most useful.

We have assumed throughout (as does Boehm in [2]) that the probabilities on the various
branches in the event tree are known exactly. However software project managers usually
only have a rough idea of these probabilities. One way to handle this is to assume thateach
branch probability is known to lie in a certain range with a certain distribution. Instead of a
branch probability, we have therefore a probability distributionover branch probabilities. For
instance on the first up-branch in Fig. 2, we may only know that the probability is uniformly
distributed between 0.25 and 0.75. We believe that our analysis can be easily extended to
handle such “fuzzy” branch probabilities.
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Another assumption of our approach is that the set of possible outcomes at each point in
the event tree is discrete. However, one might argue that outcomes may often be continuous.
Similarly, the set of possible “levels” of protoyping may be continuous. By discretizing
continuous sets appropriately, our approach can still be used to handle such cases.

The combination of prototyping and design-change decisions is a special kind ofsequen-
tial investmentscenario studied in financial contexts [8], since the prototyping cost and the
cost of switching to a different implementation are, after all, investments with an uncertain
profitability. A firm may invest in a large factory stage by stage, and may want to time its de-
cisions in order maximize the expected payoff. In a future paper we plan to use the sequential
investment framework to generalize the present paper to any software design problem (not
just prototyping) where a sequence of decisions must be made.
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