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PREFACE

Is there anything more important to the success o a project than making
good decisons?This management skill iscertainly near thetop o thelist, yet
few d ushave had formal trainingin decision making. Deci si on analysisis
adisciplinethat helps people choose wisdaly under conditions o uncer-
tainty. This book introducesrisk and decision anaysis, with special atten-
tion to the decisionsin project management.

We are seeingincreasing interest in probabilistic techniquesfor al types
d evaluations. Shorter business cycles and ever-greater competition are
pressuring organizationsfor better resource management. Furthermore,
every day each o usdealswith—or at least worriesabout—risk. Fortunately,
we are learning more about value creation and how to work with uncer-
tainty. Recent evaluation and project management software provides help
in ng and managing threats and opportunities.

Project management and, especialy, project risk management, are re-
ceiving great attention these days. Project ownersare becoming more de-
mandingd performanceand lesstolerant d surprises. Opportunitiesoften
accompany risk, and avalue engineering-like approach can often deliver
additional value.

The Project Management I nstitute (PMI®) redlized "explosvegrowth o
about 350 percent during 1995-2000. As this edition was being written,
PMI released A Guideto the Project Management Bady d Knowledge (PMBOK®
Guide) - 2000 Edition. The Guides Chapter 11, Project Risk Management,
isthe most changed.

PMI has available another risk management book: Project and Program
Risk Management: A Guide to Managing Project Risks and Opportunities, edited
by R. Max Wideman. His popular book provides a different, more mana-
gerid perspectivefrom thisbook about the craft & project managementand
risks. | bdieve that the two books nicely complement each another.

xi



Preface

Organization

We divided the book into three sections:

PART I-INTRODUCTION TO RISk AND DECISIONANALYSIS

Thisfirgt hdf o the book introducesdecision andysis, and discusseshow
it applies to project risk management. Chapter 2 outlines a general
problem-solving process, and Chapter 8 describes project risk management.

PART II-MODELING AND INPUTS
Herewe provide more detail sabout project modeling, and discussusing
probability distributionsfor uncertain inputs.

PART II-SPECIAL TOPICS

Wefinish by discussing some emerging techniques. Thesetopicsinclude
critica chain project management, optimization, and expert systems. Chapter
16isabrief tutorial about probability rules.

At theend o the book, we have appendicesabout decision anaysis soft-
wareand atabled methodsfor dealingwith uncertainty. We hope you will
find the Glossary and Index useful.

Acknowledgments

This book collectsaseriesd eighteenarticlesfrom PM Nework, PMI’s pro-
fessional monthly magazine. In mid-1992, | wasinvited to contributeanin-
stallment to aserieson risk analysisedited by Richard “Dick” Westney, who
initiated the idea. The one article gave way to three installments, which
eventually led to the series. Thefirst twelve articles appeared in the first
month o every quarter, and thelast six articlesappeared in odd-numbered
months during 2000.

I have been assisted by many people at PMI. Dr. FrancisM. Webster, ed-
itor-in-chief (1987-1994) guided thefirst eight installments. Fran kept me
focused on project management when | would occasionally revert to my
roots, project evauation. His passionfor the project management discipline
and hisdepth o knowledge made each piece robust and lucid.

James Pennypacker was PMI Publications publisher fal 1994-1998. Jim
skillfully oversaw installments nine through twelve, as well as the manu-
script for this book, in 1996.

Sandy Jenkins, PMI Publishing's managing editor, encouraged and
shepherded the PM Network articles numbers thirteen through eighteen
during 2000.

| am especidly indebted to the book editors, Mark Parker with thefirst
edition and Toni Knott on thisedition, who worked hard to polish my man-
uscript. For both editions, Michelle Owen redrew theillustrationsand han-
dled layout. ThanksMichelle, Toni, and Mark.



Preface

The PM Network series and the two book editions have been a pleasant
endeavor. | have greatly enjoyed the association, professionalism, and con-
tributions d the PMI staff. In addition, I'm pleased to be making a small
contribution toward advancing project management.

Although the probability concepts are well established, our tools and
knowledged how to apply them continuously evolve. PMI Publishing and
I will be grateful for your comments and suggestions, whichwill aid in afu-
ture revision of this book. Yau may send correctionsto booked@pmi.org,
and please send commentsand suggestionsto me:

John Schuyler
Aurora, Colorado

john@maxvalue.com

Amplifications and correctionsto the book are posted onlineat
http://www.maxval ue.com/rdap2rev.htm
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Decison analysisis perhaps the most powerful management technique sncetheinvention
df the organization hierarchy. Thisfirgt part introducesthe methods and approach o ap-
plying decison analysisin project decisions.

Chapter | —Risk and Decision Analysis

Chapter 2—Decision Analysis Process

Chapter 3—Decision Policy

Chapter 4—Utility and Multi-Criteria Decisions

Chapter 5—Decision Trees

Chapter 6—Value of Information

Chapter 7—Monte Carlo Simulation
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Introduction

CHAPTER1

Probabilityis the language of uncertainty. Fortunately, a few basic conceptsin probability
and statisticsgo along way toward making better decisions. This chapter introduces some
initial terminology and a few important concepts.

Decisionanalysis (DA),sometimes called risk andysis, isthe disciplinefor
hel ping decision makerschoosewisdy under conditionsd uncertainty. The
techniquesare applicable to dl typesd project decisionsand valuations.
Committing to fund a project does not end the decision making, for deci-
sions continue to be made throughout the project life cyde. The quality o
these decisionsimpacts cost, schedule, and performance.

Thisbook exploresthe approach and principal techniquesd DA. These
methods explicitly recognize uncertaintiesin project forecasts. Thisanalysis
technology, on theleadingedgein the1970sand earlier, isbecoming main-
stream practice. The methodology is proven, ble, and—I hopeyou will
agree—easily understood.

Decision Problems

Most decision problemsare about resourceall ocation: Wheredo we put our
money, time, and other resources?DA involves concepts borrowed from
probability theory, statistics, psychology, finance, and operationsresearch.
Theformal disciplineis called decison sdence, asubset d operationsresearch
(also caled management science). Operations Research/Management Sdence
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(OR/MS or ORMS) isthe broad disciplined applying quantitativemethods
to problemsd businessand other organizations.

DA techniquesare univer sal. They apply in any professional discipline
and to problemsin your personal life.

Althoughthis book isoriented toward project management decisions, DA
isageneral problem-solvingprocessand appliesto threetypesd problems:

Choosing between alternatives

% Buy, makeor build, or lease

% Sizeor number d unitsd equipment to purchase

4 Beds use or disposition d an asset.

Appraisingvalue

¢ Project or venturevaue, or elementsd projectsor ventures

4 Edtimatingtransactionor project proceeds.

Determiningthe optimal vauesfor decision variables

% Bid amount to maximizethe value d the bid opportunity

% Optimal capacity or configuration d afacility or equipment.

All decisionsseem to fdl into one o these categories, and we evaluate
eachtypeinasimilar manner. All we need isaway to measurevalue under
uncertainty —thetopic d Chapter 3.

Applying the DA approachrequires:

O Capturing judgmentsabout risks and uncertainty as probability distri-
butions

Having asingle measured vaueor the quality o the result
O Putting these together with expected value calculations.

DA providesthe only logical, condstent way to incor por ate judgments
about risksand uncertaintiesinto an analyss When uncertaintiesare g-
nificant, thesetechniquesarethebest routetoward credible project decisions.

Decision science emerged as a subcategory of management science
during the 1960s. Y till, evaluation practicesand decision policy remain
aweak link in many organizations (seeFigurel.1) Thisis despitegreat so-
phistication in the technical science and engineering disciplines. The pur-
pose d thisbook isto strengthen that weak link.

I ncreasing busi ness complexity, speed, and competition pressure us to
improve decision making. Peopleare maturing in traditional planning and
evaluation practices, and dealing with uncertainty seems a logical im-
provement. Sophisticated decision making doesn't mean more complicated.
We can solve many decision problems on the back d an envelope; however,
low- and moderate-cost computer softwareis now availableto implement
the methodsdescribed i n thisbook. Applying these techniques should lead
to fagter, more confident decisons.
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Figure 1.1 Evaduation Wesk Link

Credible Analysis

Yaur job may involveestimating project or activity costs. How would you
evauate the quality o your estimates?Most forecast users recognize two
principal, desirable characteristicsin acredibleanaysis:

Objectivity: Over anumber o projects, estimates proving neither too

high nor too low on average Unbiased.

Precision: Reasonable closeness between estimatesand actual values—

that is, minimal random "noise" in the estimates.

Forecast accuracy is a composited low biasand high precision. Objec-
tivity—lack o bias—tdls usabout the error o estimationscompared to what
actual vauesresult. We demonstratelow bias by having an average forecast
error o approximatelyzero. Precison tellsus about the magnituded the er-
rors, and we desiresmall errors, d course.

In competitive situations, both bias and precision are important. For
most internal purposes—where we're competing against nature, for ex-
ample—objectivity is more important.

Applying the expatted vdue (EV) concept enables more accurate forecasts
and estimates. Understandingafew thingsabout probability distributions
will be helpful beforeintroducingEV later in this chapter.
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Before we leave the topic of credible analys's, we should recognize sev-
eral additional important facets:

Thevaue measurein the model must correspond to the mission and ob-

jective(~¢f theorganization. A decision palicy tells us how outcomevaue

is measured. For example, how are we to make tradeoffs between cogt,

schedule, and performance?We discussdecision policy in Chapter 3.

The model must faithfully represent the assumptionsas presented.

O The analysis scope should encompass al the important effects o the

decision alternatives. We are trying to estimate incrementd valueto the
organization.

Those persons preparing forecastsand eval uations should provide ade-
quate disclosure and communication. Decision analyses are normally
very transparent: Thevauesand calculationdetails are readily available
for inspection by adecision maker and other interested persons.

Risk and Uncertainty

K3
[~

Risk and uncertainty describe the possibility o different potential outcomes.
Some sysemsfeatureinherent randomness, suchasgamesd chance. Inbus-
ness, the risksand uncertaintiesreflect unknowns and variabilityin nature,
materias, and human systems.

Risk isthe quality o asystem that relatesto the possibility o different
outcomes.

Informally, “risk” is used when there isalarge, usualy unfavorable, po-
tentia impact. Typicdly, the contingency event either happensor doesnot—
for example, risk o falure.

Becausethereis no good antonymin English for a"goodrisk," many o us
dlow "risk™ to encompasseither undesirableor desirable outcomes, or both.

In project management, egpecidly, we often classify risk eventsas either
"threats" or "opportunities.” This taxonomy, shownin Figurel.2, isconss-
tent with SWOT analysis, where a situation analysis focuses in turn on
Strengths, Weaknesses, Opportunities, and Threats. (This isa good process
for creating decision-makingopportunities.) This classification is useful in
project risk management, where we want to reduce the probability and im-
pact o athreat and increasethe probability and impact d an opportunity.

For many people, risk is approximately synonymouswith uncertainty. It
issometimes hel pful to make a distinction.

Uncertainty refersto variability in somevalue. An informal distinction
isthat uncertainty appliesto when the outcomeisvariable, such asafuture
commodity price. We know there is going to be a price; the uncertainty is
how much.

The definitionsfor risk and uncertainty are controversial. Few topics will generate as much
debate as tryingto achieve consensus definitions for these two common words. Some
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Figure 1.2 Risk Taxonomy

project management professionals are classifying uncertainty (i.e., a surprise or contin-
gency) as the most general term. They then classify events with good outcomes as oppor-
tunities and those with bad outcomes as risks or threats. Another definition dimension,
drawing argument, is whether we should classify risks and uncertainties as "known un-
knowns" or "unknown unknowns." I'll not argue the definitions here. Even if we disagree,
there is little risk of serious miscommunication. | am merely offering definition suggestions
according to what appears to be most common usage.

Freguency and Probability Distributions

Supposethat you and forty-nineother professional sestimate Project Cost.
The collected values range from $26.7 million to $76.0 million. We can dis-
play thefifty estimatesas a frequency histogram, asillustratedin Figure1.3.

Hereisthe procedurefor chartingafrequency histogram. First dividethe
range d valuesinto (typicaly)fiveto fifty interval s(segments, bins) o equal
width. Next, count the number o values occurring within each interval.
Now, draw a bar graph—one bar per interval —with the bar heights propor-
tional to the number (or frequency) d occurrenceswithin eachinterval. If
you desire, label the y-axiswith either numbersdo valuesin theinterval or
percents o the total. Labeling the y-axis is optional, because anyone
viewing such achart expectsthat all o the datavaues are represented.

Supposethat, instead, we have 500 data points. More data and smaller
vaue segment partitionsprovide the additional detail shownin Figurel.4.
We obtainamoreaccurate estimated a centra, averagevaue asthe number
d data pointsincreases.

If we obtain agreat many data pointsand use smaller intervals, thefre-
quency distributionconvergesinto asmooth and conti nuouscurve, aprob-
ability densityfunction (p.d.f.), or, Smply, aprobability distribution.

A probability distribution can completely represent one's judgment
about a chance event. If one or moreinputs to an analysisare probability
distributions, then project cost and other outputswill be probability distri-
butionsalso.
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A p.d.f. representsthe population d all possible outcomes. Supposethat
we want to judge the uncertainty in a new cost estimate coming from the
same populationas va ues obtained for Figures1.3 and 1.4.

Figure 1.5 shows a probability distribution for the next sample for a
Project Cost estimate. The unitsd the y-axis are not important; the y-axis
isscaed so that the area under the curve equals1. Thisfigure showsthere-
ativelikelihood d estimateva ues along the x-axis. Fitting such a curveto



Qrobshilty Density

Fgure 1.5

Chapter | — Risk and Decision Analysis

Mo e Mean or Expected Value

Cog Edtimate, $millions
Probability Distribution for Project Cost

lotsd representativedata, this function would represent our best judgment
d thedistributiond cost estimates.

Assuch, the p.d.f. represents a judgment about unaertainty. In the case
d Figurel.5, it representsa judgment about new cost estimates. Unlike a
frequency distribution, the p.d.f. is not representing data.

< Here, "density" describes the correspondence between area and probability. We will see

that the EV calculation is analogous to a center-of-mass calculation with a two-dimen-
sional mass of uniform density.

Popular Central Measures

There are two especially important statisticsannotated in Figure 1.5:

® Themost likdly valueis about $40 million. Statisticianscdl this peak the
mode. The mode is more probable than any other vaue, and we expect
more data samplesto be near this value than any other point. This sta-
tigticisuseful in describingadistribution's shape, yet haslittle applica-
tion in decision making.

B Theexpected value, $45 million, isthe probability-weighted average. Sta-
tigticianscal this the mean, and usea Greek | etter 1 symboal. It represents
the averaged many values sampled from the population d project cost
estimates represented by this probability distribution. If we know the
probability distribution, then we know that the EV is the probability-
weighted averaged thedistribution. Thisisthe most important and most
useful statistic: It isthe best single measured value under uncertainty.
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¢ The "expected" term misleads many people. Expected value originated in a mathematics
concept called expectation theory. The confusion arises because, in most cases, it is un-
likely that we will realize the precise N In some situations, in fact, the Nl is an impos-
sible outcome value. Nonetheless, an N s the best single-point estimate under
uncertainty, as we'll discuss.

The mode and the mean are two "central measures' that indicate the
"center" or positiond the distribution curve on the x-axis. Central meas-
ures, varioudy, represent an "average” value. Because average is so often
used (abused)in different ways, it haslost most o its meaning. Whenever
someone says something like, "We used an average cost for this assump-
tion," | fed the need to ask that person what he meansby "average."

Cumulative Probability Density Curve

Thep.d.f., shownin Fgurel5, iseasly converted into a cumulative (proba-
bility) density function (c.d.f.) curve. Figure1.6 showstwo versonsd cumu-
lativedistributions. Thesolid curvedoping upward totheright isthec.d.f. To
trandatethe p.d.f. distribution in Figure1.5, sum the area under the curve,
moving from left to right. Thisisequivalent to progressivelyintegrating the
p-d-f. Noticethat the cumulative distributionrangesfrom 0 to1onthey-axis

Thedotted curvein Figurel.6, sloping downward to theright, isthe re-
verse cumulativedistribution.

Either cumulativecurvecontainsexactly the sameinformationasthep.d.f.
The cumulativeformat dlowsusto read confidencelevesand intervalsdi-
rectly. Here are exampleinterpretationsd the solid curvein Figurel.6:

Project Cost estimatesareequaly likely to be above or below $43.5 million.

Thiscentermost vaue, at 50 percent probability, isthe median (annotated

in Figurel.6). Thisisanother cantrd meesre, and widdly used with demo-

graphicstoindicate" average' values, such ashouse pricesor salaries[1].

About 74 percent o the Project Cost estimatesare below $50 million. The

74 percent (less-than)confidencelimit or confidenceleve is$50 million.

About 80 percent d the Project Cost estimates are between $33 million

and $57 million. This$33 to $57 million range represents an 80 percent

confidence interval.

Thec.d.f. (solid curve in Figurel.6) that we have been discussingisoften
called "the cumulative less-than distribution.” Some people—most in fact—
prefer to "flip over” this cumulative curve, rotating it around a horizontal
axis. Then we have the reverse cumulativedistribution, which isalso called
the "exceedance or "greater-than" formd cumulative probability distribu-
tion (dotted curvein Figure 1.6). Thisformat is especially popular when
larger x-axis values are better, because management is accustomed to
viewing"better" on graphsas being upward or rightward.
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Often, the inequality symbols“<” or "I or ">" or 2" are used when la-
beling the cumulative functions. The use o the =" part o the symbol is
common, thought hi s isoptional and irrelevant with continuousdistributions,
because the probability d realizingthe preciseboundary value is virtually
zero.

Figure1.3and Figurel.4 illustrate sampled data. More commonly, one
works instead with a judgment about a distribution for a cost o a sngle
project, such asin Figurel.5 and Figure1.6. Suppose we characterizea pop-
ulationwith ap.d.f. If we obtain many datafrom this population, the fre-
guency distribution’s shape convergesto the p.d.f. Thisis perhapsthe most
important concept in statistics.

Discrete Events
Thusfar, we have been examining continuous distributions, wherethereis
acontinuum d possible outcomes.

In many situations, arisk isa binary event. Either something happens,
or it doesnot. Thisisthesimplestform o chance event. We haveadiscrete
(probability) distribution when we have two to many (usually countable)
possible specific outcomes.

Often we have a project contingency, an event that either happensor not.
If thisrisk event occurs, then thereis an impact on the project. Project risk
management is mostly about considering discreterisk eventsand their im-
pacts, and determiningwheat actions are cost effectivein mitigating such risks.
We wiill discussthi s processin Chapter 8 about project risk management.
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Material Cost, $millions

Expected Value

Suppose in estimating Material Cost, an expert judges that the outcome
could range from $2.2 million to $2.7 million, with a most likely value o
$2.3 million. Shefurther believesthat the p.d.f. changeslinearly between
these points. We then have three points: low, most likely, and high values.
These three parametersare sufficient to completely and uniquely describe
thetriangledistribution, illustrated in Figure 1.7.

This probability distribution, or its cumulativeequivaent, completely ex-
presses her material cost assessment. The judged distribution comes from
subjective judgment, comparable historical data, modeling, or some combi-
nation. Regardlessdf how it comes about, a probability distributionfully dis-
clossssomeon€e's judgment about thevalued aproject model input variable.

Converts to a Single Value
How should you respond if your boss or the client insistson asingle-value
estimateinstead o adistribution?Thebest sngle-point esimateisthe ex-
pected value (EV), because EV is the objective (unbiased) value to represent
aprobability distribution. Of course, the model and judgmentsthat go into
it must be unbiased. For Materia Cogt, the case shownin Figurel.7, $2.4
million would be the single-point estimate.
Onewould be confident that:
& Performing many similar projects (independent and no learning) would
result in an average material cost o approximately $2.4 million.
B QOver thelong run, the average estimate error will approach zero.
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Thus, BV isthe only unbiased single-point forecast.
Note that forecaststhat use the most likely (peak) or median (50 percent
confidence) valueswould systematically understate Materia Cost.

Calculating Expected Value
There are several waysto calculatethe BV o a probability distribution. If
we have the distribution expressed as a mathematical formula, one might

be ableto solve theintegral equation:
+=

wherexisthevdued thevariableand f(x) isthe p.d.f. d x.

Do not worry about the calculus. Thisequation isamost never one that
we can solvewith symbolic mathematics. We do not know how to integrate
aproject model. Moreover, it isvery difficult to solve even simple mathe-
matical operationswith probability distributions.

There are perhaps more equations in this chapter than in the entire rest of the book. Do
not be alarmed. In almost every situation, we are calculatingwith simple equations,

mostly just multiplying and adding. | have included formulas for those persons who may be
interested.

Fortunately, we can solvefor EVs. For adiscretedistributionwith N pos-
sibleoutcomes, the BV isthe sum d the outcomevauestimestheir proba
hilities:

wherex; arethe outcomevaues, and P(x;) arethe probabilitiesd these out-

comes.

Excd's sumpProDUCT functionisaconvenient way to do thiscalculation,
such as solving EVs in payoff tables. Thisformulais the fundamental calcu-
lation used in decision trees, which we will discussin Chapter 5. Monte
Carlo simulation, discussedin Chapter 7, isanother popular calculationtool
that uses a gtatistical sampling method to solve the EV integration.

BV calculationshave two highly desirable propertieswhen we are fore-
castingacost or vaue:

B If weadd an amount, X, tod| outcomes, then the BV increasesby X. For
example, if adecisionburdensa project with acost X = $10k, and thisaf-
fectsal possible outcomesfor this project, then the project's BV cost in-
creasesby $10k ("delta property").

® If we multiply al outcomesby afactor Y, then the EV changesby that
factor. For example, suppose we split a project fifty/fifty with a partner.
Thenour shared EV cogt, EV volume, and BV revenueisreduced by half
("distributiveproperty").
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We can abtain EVs for input distributionsby numericintegrationor graph-
icd methods. We usudly calculatethe EVs  input variables, and use these
for abase caseanaysis. This is hot the base project plan, but merely one pos-
sible projection useful for discussion. Note that the bese case cog or vdue
should not ke used for decison meking, because its outcomeis often substan-
tidly different fromthe BV result. Using BV inputsoften does not providean
BV result. Chapter 13, Stochastic Variance, describesthis phenomenonin de-
tal. Themain analytical benefit d using DA isimproved calculation accuracy
in valuingeach dternative.

At first impression, it may appear that DA requiresmarework from the
project or evaluation professional. Actualy, DA can savetimeoverdl. There
aresevera reasonsfor this:

B Thereisa processfor the decision evaluation. This keepsthe evaluation
project team focused and directed.

Thereislesswork for additional what-if cases. Probability distributions

already characterizethe possibilities.

# Theanaysisincorporatesthe valuefunction (decisionpolicy). This meas-
uresthevaue d each outcome and dternative. The focusis on making
progresstoward the organization's objective, and any tradeoffs are ex-
plicitly valued in the decision policy.

Chapter 2 describesaten-step DA process. | hope that you will find it
common sense and in many ways similar to the problem-solving process
that you already use.

Objective Project Estimates

One key to improving project estimatesis performance feedback. It isim-
portant to compareforecaststo what actually occurs. Project data that verify
an objective estimating processwill have these characteristics:

The average estimateerror approacheszero over many projects.

81 Thisrelationship(bullet above) holdsfor any classification subset o the
data (e.g., stratified by project sizeor type).

Even if sufficient data are not available, we intend these featuresto be
in an objectiveevaluation process. Let's see how thisworkswith synthetic
project data.

Consider the case d a company with original cost estimatesand actual
cost data on itslast 100 projectsor similar activities. Table 1.1 summarizes
these data, with valuesfor thefirst ten projectsshownin detail.

Thesamplesfor actual costs, column 3in Tablel.1, arefrom the popula-
tiond projects, shownin Figurel.8. The average Project Cost is $11.2 mil-
lion, with most projectsin the $500,000 to $30 million range.

Figure 1.9 isagraph comparing actual and estimate project datafrom
column5in Tablel.1. Thisreveadstheaccuracy d the estimates. Accuracy,
you may recdl, isacombination o low biasand high precision.
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Dollar Amounts are $000s

Table 11 Project Estimateand Actud Costs

For illustration, Figure1.10 presents the same data as a cumulativefre-
quency distribution. It has exactly the same information content as Figure
1.9. Asdiscussed earlier, sometimeswe prefer a cumulative distribution
format that directly represents confidenceleves. For example:

# Thereis about a 60 percent confidence that the actual result will be
withintherange d 0.75t01.20 timesthe estimate.
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<+ From Figure 1.10, we see that the probability of Actual/Estimate (A/E) being less
than 0. 75 is about 20 percent, and the probability of A/E beingless than 1. 2is
about 80 percent. The width of this range is a measure of the evaluation precision.
Alternatively, we could use the standard deviation or another statistic.
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Thereisa56 percent chancethat the actual result will belower than the

estimate.

Figures1.11a and 1.11b show the average error plotted as atime series.
Figure 1.11b shows a great volume d synthetic data on alog scale gener-
ated by the demonstration simulation.

Table1.1 and Figurel.9 and Figure1.10 are feedback toolsfor monitoring
and improving project estimates. Since the A/E ratioisnearly 1in thesefig-
ures, theseestimatesappear to be unbiased. With perfectly objective anayses,
the ratio will approach 1 as the number d evaluationsbecomesvery large.
Whether or not we have sufficient datato demonstrate, thisisacharacteristic
d objectiveeva uations—thatis, thosewithout appreciable bias.

Even with objectiveevaluations, CumulativeError, column6in Table 11,
will usually divergein either direction. Thisiscontrary to what many ex-
pect, and is caused by chance deviations. With objectiveanalysis, however,
the averageerror isdiluted asthe number of observations (projects)in the
sampleincreases, shownin thelast columnin Table1.1, by the decreasing
Average Error.

Summary: Expected Value, the Best Estimator

Probability is the language o uncertainty. A probability distribution isa
graph or mathematical expressionthat compl etely representsthelikelihood
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d different possible outcomes. Quantifying a judgment doesn't necessarily
mean that it is more accurate. However, anumeric representationisat least
unambiguous. Also, conveniently, quantified risksand uncertaintiescan be
employed in useful calculations.

Sometimes, distributions for the alternatives are difficult to compare.
The EV calculation collapsesa distribution into a single value number for
comparison.

For logicdl, consistent decision making, wewant to know the EV o each
alternative. Perception d value depends upon the preferences o the deci-
sion maker; we discussdecision policy in Chapter 3. Next, in Chapter 2, we
discuss a near-universal approach to problem solving, with particular em-
phasis on conceptsfrom DA.

MOMENT METHODS

This section describes some other useful statistics. You may skip this section if you are not
inclined to read more about statistics.

We have discussed the most popular and most useful statistic, EV. The
second most important statistic is the standard deviation. The standard de-
viation, which isameasured uncertainty, issymbolized by the Greek | etter
sgma(o).
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Standard deviationis the square root o another statistic called the vari-
ance. Variance (02) isthe BV o the squared difference between possibleout-
comes and the mean.

whereE() isacommon representationfor the BV o whatever isinsidethe
parentheses.

For atypica continuous probability distribution, about two-thirdsdf the
probability isin a 20 interval within the highest portion d the probability
distribution. Figurel A .1 showsfour distribution shapes, each with a stan-
dard deviationd ten units. Noticethat thefour distributionsappear to have
comparablewidths.

We can sometimeswork with statisticsdf probability distributions. The
"parameter method and the"method  moments" are two adternativenames
given to these evaluation techniques. Parameter refersto statisticsabout the
location and shaped probability distributions. Moment refersto the calcula-
tiond the satistics. Usually, only thefirst two momentsare used [2].

< The EV is the first moment about the origin for a p.d.f. Outcome (x-axis) values are
weighted with the probability of occurrence (y-axis). A mechanical analogy is the moment
arms in calculating torque [3]. The variance is the second moment about the mean, a cal-
culation similar to the moment of inertia.

Popular Equations

The fundamental equations in moment methods are based upon adding
meansand variances. When adding distributions, means (u’s or EVs) dways
add:

The sum o normal distributions isa normal distribution. If there are
many additivedistributionsd similar magnitude, then the sum will be ap-
proximately normal regardlessd the shape d theindividual distributions
(from the central limit theorem). This sometimes guides us to when a
normal distributionisthebest distributionshape. Chapter 10 discussesthe
most popular distributiontypes.

Whenwe add normal and independent distributions, the variances(c 2)
adso add:

2 2 2 2
Ot =03 toitoit. ..

Equations for adding means and variances form the basisfor tradi-
tional PERT cal culationsand many simple calculationsin quality control.
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Figure A .| Four Distributions with the Same Standard Deviation
For exampl e, engineersoften assume component dimensionsare normally
distributed and independent. We can then add meansand variancesto get
the total dimension mean and variancefor an assembly.
Correlation

Correlation between two variables means that one variable somehow &f-
fects or isaffected by another. Associaion isanother namefor thisrelation-
ship. Independenceisan antonym.

A positive correlation between X and Y meansthat an increasein X is
generally associatedwith an increasein Y. Thisconcept isimportant to the

discussion that follows.
Somewhat more complex, the variancesd two added, nonindependent,

normal distributionsis calculated by:

- LR 2 _ e 2
Opp =04 FOF+2P A0 20 =03 + O +0 45

where p,g (AB correlationcoefficient, Greek | etter rho) isthelinear corre-
lation coefficient between elements A and B. The correlation coefficient
rangesfrom -1 (perfect negative correlation) to+1 (perfect positivecorrela-
tion). If p,g =0, then A and B areindependent. Thisis calculated in Excd

with the cCORREL function.
The covariance term in the earlier formulais cal cul ated:

a5 = E[(A -2, )(B-11,)| = B(AB) - o1,

which, for adiscretedistributionin two variables (suchas representedin a
joint probability table), x; and y; is:
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The correlation coefficient used popularlyin smulation is:

4 We often see an "r-squared” Satistic (P, sometimes capitdized R2, coefficientd determi-

nation) in reports about regresson modes. They refer to the same statistic, anly with
sampledata. R? explainsthe portion d the variance in actud data explained by the (usu-
dly regression) modd.

This appendix describessome statistics calculationsthat appear in the
literature. Moment methodsare sometimesuseful in ssimple cases, and they
can be useful in first approximations. However, the more rigorous calcula-
tions described in subsequent chaptersareimportant for confidencein the
evaluation cal cul ations(except fuzzy logic in Chapter 17).

Wewill revisit correl ation coefficients, though without the equations, in
Chapter 12, Relating Risks.

Endnotes

1. Thereareother central measures. The geometric mean (GM)is especidly useful
withinflation and other measuresinvolvingratios. The GM isthe nth root o the
product d n vaues. Thereisaso aharmonic mean that has applicationsin elec-
tronics and fluid flow.

2. Moment cal culationsare commonin engineering, such as when determining a
moment o inertia. The meanisthefirst moment about the origin. Thevarianceis
the second moment about the mean. Skewnessisthe third moment about the
mean divided by o3, and kurtosisis the fourth moment about the mean
dividedby 04.

3. Theweighted center o a probability distribution is the balance point about which
the torque (sumd the first moments) is zero. Thus, the EV is the probability
graph's center d gravity projectedto the x-axis. If you cut out ap.d.f. printed
on card stock, this figure balanceson the x-axis at the EV.
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CHAPTER 2

In most work, we expect professionalsto use consistent, proven processes. A sales con-
sultant friend of mine, Don Aspromonte, uses dentistry as an example. Whern you goto a
dentist for some work, such as filling a tooth, you expect him to know exactly how to do
the job. He has successfully filled many cavitieswith excellent results. As he approaches
your tooth, heisn't asking, “What method should | try today?" Rather,he will apply atried
and proven process

Ten Steps toward Better Decisions

Decisonanalysisis a process for solving problems. While most decisions
are unique, the general processcan be the same. Figure 2.1 outlinesaten-
step sequencefor decision making. The following subsectionsdescribeeach
step in more detail.

1. Proactively Identify Decision Opportunities
Mog d us are so busy that we seldom go looking for problems. However,
there may be better opportunitiesto add val ue than what we have planned.
Be proactivein creating or identifying decision-making opportunities.
Brainstormingtechniquesare helpful.
A SWOT analysisis a good source d ideas: performing a situation
andyss, identifying Strengths, Weaknesses, Opportunities, and Threats.
Follow thiswith planningyour strategiesand tactics.

2. Define the Problem
Ask exactly what isthe problemwewant to solve. Arewe addressing aroot
problem or merely a symptom?
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Brainstorming. SWOT analysis. Strategizing.

Frame and scope the problem to be addressed.
Try to deal with root causes, not symptoms.

Evaluate the several major approaches first;
can fine-tune later.

Identify chance events, relationships, and sequence.
Often started by building an influence diagram,
followed by building a decision tree or system-flow

Outcomes and probabilities of chance events.

Model(s) to project outcomes, usually includingimpact
on cash flow. Most often, PV is the value measure by
policy. Decomposition. Sensitivity analysis.

Correct problem? Level of detail? New alternatives?
Value of additional analysis.

Evaluate the decision experience. Variance analysis.
Provide individual feedback to the experts who provided

Peopl e often talk about framing a problem—that is, defining the bound-
aries. What is the context o the decision in terms d corporate mission,
gods, and strategy ?What are the congtraints, and how firmor real arethey?
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% Many other authors include a step somethinglike, "Identify the relevant criteria” in the de-
cision process. | think decision policy should be known and stable and not reexamined
with each new decision.

Doesthisdecision affect other decisions?Arethereany synergies?Some-
timeswe need to expand the scope d the evaluation model to encompass
effectsd thisdecisionon other projectsand operations.

Step 2, if not Stepl, isagood timeto involve the decision maker(s) and
stakehol ders. Communicationwith and the support o these peopleareim-
portant to project success. Further, they may haveideas and important in-
formationto contribute.

3. Identify Alternatives
Good decision-making opportunities (Step 1) and good alternatives are
more important than the actual evaluation methods. Ensure that plenty o
time and attention are devoted to this step. Be creative.

For acomplex problem, such as designing afadility, there are often sev-
eral stagesd design decisions. Perhapsyou should determine the best tech-
nology and location first; then fine-tune the configuration.

4. Develop the Decision Model
Develop a map, diagram, or outlined the decision problem. This should
include the alternatives and possibleoutcomesd each. Decision treesand
influence diagrams are good techniques, because they provide an illustra-
tion d the problem. In some cases, flow diagramsor scripting may be more
convenient.

Identify the decision and chanceevents, their relationshipsand sequence.

5. Quantify Judgments about Uncertainty
From Step 4, we know what chance eventsare included in the modd. Usu-
dly, we enlist the most knowledgeabl e avail able person to judge a chance
event (asa probability distribution). We aso need the expert's judgment
about any relationships (correlations)with other variablesin the moddl.
Sometimesa chanceevent isdifficult to judgedirectly. Decomposingthe
system further and building a submodel may be a good way to develop a
distributionfor avariablein the top-level decision modd.
Sometimesthere may be multipleexperts, or at |east opinions, involved
withachancevariable. It isthe decision maker's responsibilityto designate
those to provide the judgmentsgoing into the model. Thisincludes any
opinion-weightingor tie-breakingrules.
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6. Develop the Valuation Model

We need a meansto determine avauefor every possi bleoutcome, combi-
nationsd decision and chance variable outcomes. The core d the model—
and the most work if it is a special evaluation—is usualy a deterministic
operations and cashflow mode. Commonly in business, the model projects
incremental net cash flow and present value. What scale you use comes
fromyour decision palicy. Utility scalesare useful for risk-averse organiza-
tionsand for thosewith multiplecriteria.

F using multiplecriteria, your decision policy should describe the multi-
criteriavaluefunction. For every project scenario, wewant asingle number
to measurethe quality of the outcome.

Thevauation modd linksto the decision moddl, and viceversa. Theval-
uation model must generateavaluefor every possiblescenariogenerated by
thedecisonmodd. That is, every combination o decision and chanceevent
outcomesis a unique scenario, and the decision mode tellsthe cashflow
model what are the decision and chance variablevaluesd the scenario.

If you have an existingtemplate or economic mode, we can often do this
deterministic modeling step very quickly. For new problem types, creating
the modd might require considerabletime and effort. Decompositionand
sensitivity analysisare important modeling techniques. Work to keep the
model as smpleas possiblefor the purposeat hand. We seldom need to op-
timize every possibility. Discard (prune) alternativesas soon as you deter-
mine that they are inferior. For unimportant chance events, set these to
singlevaluesor combinethe effectswith other variables.

Remember, we only need to do analysisto the point wherewe know the
best dternative. For optimizationor valuation problems, ensure that addi-
tional analysiswork costslessthat theincremental benefit.

7. Calculate Expected Value for Each Alternative
Decision tree analysisand Monte Carlo simulation are the workhorses o
decision analysis. Thereis a calculation method for influence diagrams,
closdly aligned with decision trees. Payoff tables and other methods are
suitable for somesimplesituations.

It is often expedient to use multiple expected value-solving methodsin
the same evauation—for example, using trees for what trees do best and
simulation for what simulation does best.

8. Rethink the Problem

Are you solving the right problem? Do the decision and cashflow models
have the appropriate level o detail ? Doesthis need to be solved now?Or
at all?
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While this ten-step process may ook linear, often there is necessary re-
work because of new information or a new insight about the problem. Yau
may need to loop back to an earlier step toincludea new alternativeor risk.

What isthevalued additional analysis?Are there cost-effective sources
o information that would better define some chance events? Are there
waysto add control to the strategies, mitigating threats and enhancing op-
portunities?

9. Implement the Best Alternative

We should consider whowill implement the decisionin our evaluation. lde-
dly, the person responsiblefor implementingthe decisionhasdso beenin-
volved in the evaluation process.

Project feasibility analysisinvolvessome early project planning. Thiscar-
riesforward into project implementationand detailed planning.

Monitor the risksand assumptionsthroughout the project lifecyde An-
ticipatewhere there may be decision points to reall ocate resources. Con-
tinuelookingfor decision-making opportunities. Decision analysismethods
are useful dsofor the many decisionsa project manager faces.

10. Post-Analyze the Decision

Perhaps the mogt important single way to improvethe quality o decision
makingin your organizationisapog-implementationreview [1]. Planand
budget to get the project team memberstogether again to review the deci-
sion process. What did you learn?Did the decision model prove adequate?
Were the outcomesd chance eventsin the middle regionsd the distribu-
tions?Feadbadk is most effectivewhenit is personal to the expertswho pro-
vided inputs to the evaluation.

A varianceanalysismay be auseful tool. Analyzethefactorsand contri-
butionsto the difference (variance) between forecast and actual outcome.

Thelear ningor ganizationisa popular concept in modern management.
What are thelessonslear ned that you want to preserveto sharewith others
inthe organization?Models, templates, data sources, and such might prove
useful to later teams. Placing a copy d the decision analysis document
might provideinspirationto others pursuing similar evaluations.

The post-implementationreview is not a* searchfor the guilty.” | suggest
not inviting managersoutsidethe project evaluation team. The primary pur-
poseisto help team members recognizeand learn from the experience.

The decisionanalysisprocessworksbest when everyoneis motivated to
provide his best, unbiased efforts. Nothing causes people to become con-
servativefaster than afear d punishment. We want to reward peoplefor
making good decisons—not for experiencinggood outcomes.
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Who Does All This Work?

Yau and your colleaguesdo! Except perhapsfor Step 6, developingthe de-
terministic valuation model, al o thiswork is best performed by people
close to the problem. They are typically engineers, scientists, and others
who understand the technology, problem, and project.

Usudly, the technical problems are also people problems. The project
eva uation team must often sell the recommendationto not only decision
makers, but to other stakeholdersaswell. Involve these people early and
throughout the process.

This ten-step eval uation process should save you time. There should be
little or no need for separatewhat-if" analyses; the decision model hasd-
ready consideredthe possibilities.

| hope you will find this general problem-solving process useful in
keeping the project team focused and directed to the evaluation task at
hand.

Endnotes
1. Thepost-implementation review isthe topic of L essonsLearned Through Process
Thinkingand Review by Geor ge Pitagor ky (2000).



CHAPTER 3

With an appropriate choice of avalue measure, the expected val ue becomes a foundation
for logical, consistent decisions under uncertainty. An example problemillustrates two tools
for calculating expected value: a payoff table and a decision tree.

Intuition Is a Poor Method

Becauss human intuitionistypically so poor at processingprobabilitiesand
dealingwith details, important evaluations under uncertainty will benefit
from the decision analysisapproach. We dl rely daily upon our intuition,
and the purpose here is not to replaceintuition. Rather, the quantitative
methods will bolster our intuition.

Chapter 1 introduces probability distributions and the expected value
concept. We saw that expected value (EV) isthe only unbiased predictor and
the best single-value estimate for forecasting. Again, EV is the probability-
weighted average d all possible outcomesrepresented in a probability dis-
tribution.

Many organizati onscontinue using decision practicesthat are decades
out o date. Partialy responsible are misconceptionsin project eval uation
in many d thetextbooksabout capita-investmentanalysis. Most traditional
decision criteriado not work well with uncertainty—whichis most o the
time. Aswith any discipline, it isimportant to understand the theory and
to apply best practices. | hope thischapter will guideyouin craftingor reaf-
firming alogica decision policy.

Decision Maker's Preferences

Decision analysts customarily refer to a decision maker (DM) when de-
scribing the person with this role in the decision-making process. In an
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VALUE
$Millions

VALUE
$Millions

Figure 3.1 Vdue Meter M

organizational context, the DM acts—or at least should act—accordingto
the organization's mission and objective(s). When appropriate, there may
be multiple objectives, and typicaly theseare aligned with different stake-
holder group interests.

In addition to calculations with probahilities, the decision analysis ap-
proach needs a way to measure outcomevalue. Vdueisin the context of
the organization's objective(s). Preferences are the dimensions of value.
They are the DM’s attitudes toward different characteristicsd decision
problems based upon beliefsand values.

It's essential to haveagrip, aclear understanding, d what your values
and prioritiesare. Without aclear set d vaues, one decisionisasgood
asanother.

Kotkin 2000

The decision analysis approach is straightforward. Consider a value
meter, illustrated in Figure 3.1. An analogy is avoltmeter. (Decisiontrees,
as we will soon see, look much like electronic circuit diagrams.) Which a-
ternative—the path we choose on adecision diagram—hasthe highest vaue?
Thevaue meter hasascaecalibratedin dollars, another currency, or even
some arbitrary scale that we design. |n making decisions, we want to find
the aternative with the greatest value reading. Recognizing uncertai nty
(continuingthe metaphor, somewheat like a.c. voltage), we will choosethe
aternativewiththe highest EV. A three analysis problem types, identified
in Chapter 1, can be solved by having away to assess value: ranking alter-
natives, appraisingvalue, and optimizing decision variables.

Most decision analystsfind it convenient to segregate preferencesinto
three categories: objective(s), timevaue, and risk attitude. We can dedl with
each preferencesgparately, providinga morelogica and consistent basisfor
evaluation analysis. We examine these three dimensionsd decision policy
in the followingsections.
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Attitude toward Different Objectives

What isthe mission?What isthe organization's reason for existing?

Creating wealth isthe customary purpose d business. The usual driving
objective is maximizingthe monetary value d the enterprise (or total re-
turn to stockholders).

Other considerationsthat ultimately affect cash flow and enter the eval-
uation include:

Operating legdly

Doing businessin socidly acceptableways

@ providingaquality product or service

+ creatingand protecting jobs

+ contributi ngto the community

4+ recognizingthe interestsd employees, suppliers, and customers
while not

+ trashing the environment

+ exploitingany group d people

Doing businesswith countries, companies, and peoplewhomwe like.

I cannot overemphasizetheimportance d being clear about the organi-
zation's mission and purpose. Thisisthe basisfor valuingthe outcomesd
decisions. Decision policy should specify how we measure " goodness” or
progress toward the organization's objective.

For example, providinggreat customer serviceisan important themein
many companies. Y4, isthisan objective?Since stockholdersown the busi-
ness, most people--certainly most investors—agreethat " maximizing share-
holder value' isthelogical and legitimate objective.

In my opinion, being a good corporate citizen is consistent with opti-
mizingshareholdervalue. Let's continuewith the customer-serviceexample.
Poor customer service destroysthe brand. Also, excessive customer service
would be at the expensed shareholders. Determiningthe right customer-
sarviceleve is an optimization problem. Investmentsin health, sefety, and
the environment are other exampleswith asimilar solution approach.

Enduring corporationshavea core purpose beyond just making money:
something to inspirethe troops and customers[1]. Where creating mone-
tary wealthisthe most important objective, decision palicy is often based
upon money. At least, money is a convenient measurement unit. A good
techniquefor recognizingnonmonetary considerationsin the analysisisto
trand atethem into money equivalents. Otherwise, multi-objectivedecisions
aremoredifficult, becauseit islessclear how to measurevalue. Wewill dis-
cuss multi-criteria decision-makingmethodslater in this chapter.
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Attitude toward Time Value

When we measure the outcomein monetary units, theimpact o adecision
is the effect on the organization's future net cash flow. Most everyone
prefersto receive money sooner rather than later. Conversely, we prefer to
postpone payment obligations. We call this preference, "time value o
money."

Present value (PV) discountingis the generally accepted method to rec-
ognize time preference for money. Discounting makes most sense in the
context o money, but costs and benefits measured in nonmonetary units
can be time-discounted aswell.

The customary equationis:

where
PV = present vdue a a reference time, typicdly the effective date d
the next decison;
(= anet cashflow amount, postive ar negative, redized & afuture
time;

t = number & compounding periods. Thisis thetime, usudly in
years betweenthe effective, or asof, date, and when thefuture
cashflow (CF) amourt is redized; and

i = the PV discount(ing) rate, usudly expressad as a rate per year.
Thisissamilar to an annud interet rate, hence the symbd, i.

Thisequationawaysworks. CF istypicaly projected and discounted pe-
riod by period, and tisthe timefrom the as-of datetothe middied the pro-
jection period. We cdl this midperiod discounting. Beware that Microsoft
Excd and functionsin most other analysis toolstypicaly assume—wrongly
for most evaluations—that the t's should be integers.

Thediscount rate, i, representsthe DM’s attitude toward the timevaue
d money. | recommend that a company choose i such that PV objectively
measures increase to company vaue by doing the project, as viewed from
an average stockholder's perspective.

Almost al companiesuse afixed PV discount rate, i, in their decision
policy. That is, the rate chosen appliesto dl future periods. However, it is
appropriateto use different ratesfor different years, based on expectations
about changing inflationand/or capital market conditions.

If the value measure is something other than money, the discount rate
rationale is murky. How would you represent time-vaue for outcomes
measured in human lives?Or old growth trees? Analysts usually apply the
sameformula, though the discount rate reasoningis difficult.
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EV PV isthe value measure broadly recommendedfor widdly held cor-
porationsseeking to maximize monetary value. This measureis so impor-
tant that it hasits own name: expected monetary value (EMV).

Do not increase the discount rate for risk! In decision analysis, we recognize risks with
probabilities. Most companies are double-riskingtheir projects when they use stochastic
analysis. Awareness of this issue is what | consider the most importantsingle insight that
I've gained in twenty-five years of evaluation experience [2].

Cashflow Analysis Guidelines
PV and net present value (NPV or PV) are generally synonymous. CFs and
PVs are usudly net-of-investment expenditures, except when calculatinga
benefit/cost ratio. Many peopleinvolved with project evaluation make se-
rious errorsin PV calculations. Here are severa guidelinesfor proper dis-
counted cashflow (DCF) analysis.

Design the CF projectionto be cashreceiptsnet of invessment and cash
costs. Wewant to forecast the incremental CF effect on the company from
doing the project (or whatever alternative is being considered). Often, we
compare doing a project against a''do-nothing” or "current plan™ alterna-
tive, set to zero valuefor reference. Be careful that overhead costsare legit-
imately incremental.

Set the PV discount rate to the company's marginal, after-tax cost of
capital. Thisis necessary for objectively measuring incremental company
value. A firm's chief financial officer should be able to provide thisrate. Be
careful that the discount rate doesnot includea build-up for project risk! An-
dysts often assumearisk premium in the discount rate, and thisresultsin
doubleriskingwhen probabilitiesare applied. In decision analysis, we handle
risks explicitly and separately with probabilities. Also, ensure that the dis-
count rateis cons stent with whether or not theforecast mode incorporates
inflation. In most cases, including financingis unnecessary because of the
typical cost o capital referencefor determining the discount rate.

Be car eful about timing. Discount CFs to asingle date, usually the next
decision or investment point. Be sure your calculation tool properly recog-
nizesthetimingd CFs. Midperioddiscountingisthe most widdly accepted
timing approach, wherea period's entire C- amount is assumed realized at
the center d the respectiveforecast period.

Ignore sunk costs. Previous investment expenses or other prior CFs
should be ignored for analyzing for today's decision. Do a " point-forward
anadysis." Recognize prior investmentsonly when those amounts are part
d future net CF calculations, such asthe effectsd contract termsand taxes.
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Attitude toward Risk

You may skip this sectionif you are comfortable with measuring value as money, and if
you are unemotional about the money amounts.

Risk attitude, or risk preference, isafascinatingaspect d decisionanaysis.
Unaidedintuition, for most people, |eads usto makeinconsistent tradeoffs
between value and risk. That is, most people, unknowingly, make choices
that are inconsistent with their long-term objectives. We do better in
project evaluations, decisions, and negotiations by understanding the con-
cept o risk preference. Thisisthe purpose d risk policy.

The uninitiated typically exhibit excessive conservatism. For example,
consider the manager o alarge project who foregoesa chanceto invest $1
millionto gain a50 percent chanceat saving $10 millionin project PV cost.
That is, there are equal chances between a$1 millionlossand a$9 million
PV net gain. This behavior may seem rational if the manager or project has
amodest budget. "Risk $1 million with a 90 percent chance d failure?"

A more proper perspective, however, isto consider decision outcomes
relativeto thesized theentire organization's capital. For the example, the
BWV for thisdecisionis:

BMV = -$1 million + [.5($10million) +.5($0)]
5 (=$1 million) + .5 (+$9 million)
$4 million.

For our example, arisk-neutral decision maker would beindifferent be-
tween having $4 million cash in hand or havingthis project opportunity.
Risk-neutral means being objective about money; that is, the scae d the
outcomesdoes not matter. Thismeans being an EMV decision maker.

TheEMYV decisioncriterioniswidely used in decisionanalysis, either as
adecision criterionby itsdf or asareferenceto the "objective’ value.

How much risk aversion isappropriate for acorporation?Theideal per-
spective, though perhapsimpractical, isto comparethe possible project out-
comesto the collectivenet worth o the stockholders. For the second term,
oneapproach isto assessatypica stockholder's net worth and multiply this
timesthe number d stockholders. Very risky projectswould havelittle ef-
fect onindividual investors. For large, widdly held companies, a nearly risk-
neutral decision policy is perhaps best. Even for conservativeindividuals,
most personsshould be nearly risk-neutral for modest day-to-day deci-
sons.

Upon realizingthe implicationsd conservativesel ections, most people
begin to make future decisions more objectively. An investment like the ear-
lier examplewill reducethe project's cost by $4 millionon average. Thisis
clearly a good decision in a portfolio d many similarly sized decisions.
When the project's vdue—or, better, the company's vdue—islargein com-
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parison to the outcomes of a particul ar decision, the project manager gen-
erdly will bebetter df usinga neutral attitude toward risk when evaluating
dternatives.

However, if one doeswant to have a conservativerisk policy asa part o
thedecision palicy, thereisastraightforwardway to do this. Wedetermine
a utility function, unique to the DM or organization, that relates"vaue'
(i.e., utility) towedlth. It defineshow the DM fedsabout money. Thisfunc-
tion also portraysa DM’s risk policy. The utility function transformation
providesaguidein how to make tradeoffs between objectivevalueand risk.
In calculations, we translate outcomevalue (usually PV) into utility units.
The usual methods apply for calculatingexpected (value) utility. Then, the
expected utility decision rule is to choose the alternativewith the highest
expected utility (EU). The next chapter detailsthistopic.

Decision Policy Summary

Consistent decisionsin an organi zation require a clear decision policy. Set-
ting the guidelineis straightforward, yet most organizationsfail to do this.
The result is sub-optimal decision making across the organization. Some
partsd the organizationare rejecting opportunities that would be approved
elsawhere.

Most companiesuse DCF analysisfor project evaluations. Dollarsor other
currency units measure value. PV discounting reflects attitude about the
timevaued money.

If desired, a utility function expressesa conservativerisk policy. Many
people may have never seen or heard  the technique. Instead, they sub-
jectively make tradeoffs between risk and value. And, typicdly, peopledo
thispoorly. Fortunately, adjustingfor risk aversionis not important for most
decisions. If the outcomesare small in comparison to project vaue, then
risk aversion should have little effect on decision making. For most pur-
poses, EMV adequately measuresvalue.

Thisleads usto the EMV decision rule—a compl etedecision-policy state-
ment suitablefor most projects:

Choose the decison alternativehaving the greatest BMIV.

If thereisinsufficient money, a common ranking criterion is risked dis
counted return on investment (DROI):
BvvV
E(PV Investment)

DROI =

DROQI prioritizeswhat investmentsto makefirst. The denominator isusu-
ally money (expectedvalue PV investment) but can be any actingconstraint.

35
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Thisranking criterion isan effective heuristic (ruled thumb) applicableto
simpleresource-constraint situations.

If the organi zation needs a conservativerisk policy, we use aEU decison
rule instead (describedbriefly in thischapter and in more detail in Chapter 4):

Choose the dternative having thegreatest expected (value) Utility.

For day-to-day decisions, theserulesareequivalent. Therest d thisbook,
except Chapter 4, appliesthe EMV decisionrule.

Crane Size Decision

The problem-solvingapproachin thisexampleistypica, and illustratesuse
d the EMV decisionrule. In thisexample, the decisioniswhat Sue Crane
to order for aspecific task. We will solve this using two different presenta-
tion and cal culationmethods: a payoff tableand adecisiontree.

The project manager is planning Activity 15, which requiresuse o a
crane. Table 3.1 showsthe crane-sue alternativesand possible outcomes,
valued in activity Completion Days. A Medium Crane and a Large Crane
areavailableby rental. The medium-sized craneis adequatein performing
Activity 15. A large crane, however, would accomplish the activity faster.
Thedecision pending is: Which Size Craneisthe best dternative?

If the project goes accordingto the baselineplan, Activity 15 is not on
the critical path ("not critical") and does not delay the overall completion
time. (Critical path is discussed in Chapter 9 and Chapter 14.) A conven-
tional project analysis sees no benefit o greater crane capacity on the
project completion time. In fact, the Large Craneisinferior because d its
higher cost.

However, astochastic (probabilistic) project model shows the potential
for Activity 15 (A15) to be on the experienced critical path. Suppose that
the probability that A15 will be critical is .30 (30 percent, the criticality
index) with the Medium Crane. That is, thereisa.70 chancethat A15 will
not becritical. Table 3.1 represents best judgmentsabout compl etion days,
regardlessd whether A15iscritical.

Initial coststo bringin the craneare $10,000 for the Medium Craneand
$15,000 for the Large Crane. Daily crew costs are $1,500 and $2,000, re-
pectively.

Inatypical project model, we can makethis approximation:

If the activity iscritical (onthe critical path), it ddlaysthe project by the

full time to completethe activity.

If the activity is not critical, it has no effect on the project completion

time.
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Delay Days Given Activity 15 Are Critical

We will assume this holdsfor thisexample analysis. However, be aware
that there are often situationswhen we will change an activity's criticality
if we shorten itsduration enough so that another path becomescritical.

We wiill also assumethat the Time to Complete A15, with either crane,
isindependent o whether A15is on the critical path. This, too, is not d-
ways a safe assumption, and sometimes the full model is necessary for
proper calculations. Fortunately, for most day-today decisions, asimplified
andysisisquite appropriate.

Early project completion adds $17,000 per day to the value d the asset.
Symmetrically, each day's delay reduces the asset value by $17,000. In the
Crane Size decision, this mattersonly if Activity 15 ison the critical path.
Per Day Daily Cost is either $17,000 or zero, depending upon whether Ac-
tivity Al5iscritical.

In evaluatingthe Crane Size dternatives, we are concerned only within-
cremental project cost for each alternative:

Initial Deail
(E(:)t:tl ): Crane [+ (Ckmt}:: +( [():EI? )
Cost Cost 08

In this calculation, the Delay Cogt is adways positive. If we wanted to
show the benefit d early completion, we might subtract the baseline Days
to Completefrom the Days to Completein computing Delay Cost. Regard-
less, the differencein EV cost isthe basisfor makingthe decision.

Payoff Table

Which Crane Size should the project manager choose?Payoff tables, such
asthat illustrated in Table 3.2, are a popular way to show the possibilities
and perform the EV calculations.
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Table3 2

Amounts are in $thousands

Paydf Tablefor Crane Size Sdlection

Onedimension o Teable 3.2 showsthe chance event outcomes. | use rows
in this case for each joint-event combination d [Critical or Not] x [Timeto
Complete A15].

The other table dimension-columnsin thisexample--represent decision
alternatives. Vdue amounts inside the table are the "payoffs," hence, the
name. | also include columns to show the components o the EV calcula-
tion, though these columns are often omitted.

Payoff tables are sometimesan excellent way to present a simple deci-
sion situation. Most people use computer spreadsheetsfor the layout and
calculations.

Decision Trees

Decisontreeanadysisisastandard calculation methodin decisionanaysis.
Decision trees can accommodate more complex problemsthan payoff ta-
bles. Trees are often non-symmetricand have subsequent decision points,
which are difficult featuresto represent in atable.

Thetree diagramisthe decision mode and servesasatemplatefor cacu-
lating expected values. Decison treesareflexiblein expressng thelogicd a
complex decision. Chapter 5 and Chapter 6 featuredecision tree analysis.

Squaresrepresent decision points, and circles represent chance events.
Figure 3.2 shows a decision tree analysisfor the Crane Size problem. We
can solvesmall problemseasily without special software. Decison trees can
quickly become enormous (hundredsor thousandsd branches),and deci-
sion treesoftwareisimmensely hel pful. An exampledecisiontree program
isDATA (DecisonAnaysisby TreeAge), and Figure 3.3 isascreenshowing
the solved tree.

For most people, combining valuesand probabilitiesisdifficult with un-
aided intuition. The Crane Size decision shows the power o simple deci-
sion analysiswhen intuition and conventional analysisfdl short.
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Methods Summary

We have now seen two decision model formats: a payoff table and a deci-
sion tree. The payoff table works adequately in simple decision modelsin-
volving a single decision point, several alternatives, and several discrete
outcomes. Usudly, the chance eventsin thesetablesapply symmetricaly to
every dternative.

Decision trees are better able to represent sequencesd chance events
and subsequent decision points. A problem's structureis often different for
each alternative, and decisiontrees handlethiseasly.

Monte Carlo simulation, described in Chapter 7 and elsawhere, isanother
important EV calculation method that is better suited to some problem

types.

Endnotes

1 Good readingabout a company's core purposeis Built to Lagt: Sucoessul Habitsd
Visonary Companies, by JamesC. Collins and Jerry |. Porras (1997).

2. | have detailed the rationale for determininga PV discount ratein Rational Is Prac-
tical: Better Evaluationsthroughthe Logicd Shareholder Vaue, Procesdings 1995
Society of Petroleum Engineers Hydrocarbon Economicsand Eval uation Sympo-
sium.



CHAPTER 4

Thischapter is for people and organizationsthat are not content to value decison outcomes
intermsd money ar money-equivalence. Even if monetary wealthis the objective, a ded-
sion maker may want a conservativerisk policy.

Exceptions to Expected Monetary Value Decision Policy

Most businesses base their decisionsupon monetary value—at least that is
the primary consideration. The cost/benefit/risk analysisfocuseson the
calculation o expected monetary value (EMV). Recdl that EMV is expected
value (EV) d the present vaue (PV) net cashflow. (ThePV formulaisin
Chapter 3.) MaximizingEMV is asuitable decision policy for most business
Situations.
However, not al circumstancesare appropriate for EMV-maximizing.
The primary exceptionsare:
When there is not enough money, or other resource, to do dl d the
worthwhile projectsor actions (then most organizationsuse a ranking
criterion, such as discounted return an investment described in Chapter 3,
or return an investment, described in Appendix 8B).
When possible outcome values are relatively large, and the decision
maker is conservative.
B \When money is not an appropriate measure. Or, when it's not the sole
measure of value, and nonmoney considerations cannot be converted
easly into monetary equivalents.
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Thischapter shows how utility theory providesalogical, consi stent way
to dedl with theselast two situations.

Conservative Risk Attitude

Logicd decision makingis based upon appraisal. We appraiseor valuethe
aternativesand implement the best one. In evaluating a particular alterna-
tive, we calculate or judge the value for each possible outcome. We then
weigh these possible outcomes with their probabilitiesd occurrence. The
probability-weighted averagevaueisthe EV.

In decision analysis, we use probabilitiesto represent judgments about
uncertainty. Inacredibleandysis, all d theanaysisinputsshould be judged
asobjectively as possible. Properly done, the analysisresultsin an unbiased
distributiond project vaue (or cost). Assume that monetary value, PV, is
the measured vaue. The PV outcomedistributionshowstherange o pos-
sible outcomesand each outcome'slikelihood d occurrence. Therisk-neutral
decision maker need only know the EV PV, whichisthe expected monetary
value BEMV, for each dternative, in order to choose the best one. The EMV
decision rulewould be the organization's decision palicy.

Example of Risk Aversion
What doesit mean to be"risk neutral” or " conservative?' Supposeyour com-
pany is having an expensive component manufactured. Yau are negotiating
acogt-plusfabrication contract with the supplying manufacturer. Discussions
have been candid, and both partiesare sharingdl data, especialy cost de-
tails. Thereisalargefabricationcontingency that potential lywill quadruple
the component's fabrication work and cost. Thus, manufacturingcost isa
major uncertainty. With a cost-plus contract, you, the buyer, bear the cost
risk. Assumethat other factors, such as performanceand schedul e, arefixed.
Under the cost-plus contract, the possible cost outcomesto your con-
pany, the buyer, and the probabilitiesare:

Begt Outcome = $1 million cogt, p=.90
Worgt Outcome = $4 million cogt, p = .10.

Then:
EV cost =.9($1 million) + .1($4 million) = $1.3million.

(Throughout our discussion, you may rescale the amounts to make the
outcomes more closely match the magnitude of important coststypically
encountered in your business.)
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Yau are about to close the deal when the supplier surprisesyou by sug-
gesting that sheiswilling to changeto afixed-cost contract. She asks, "What
fixed price would you be willing to pay instead [1]?”

Theequivalent fixed price—to you—depends on your company's attitude
toward risk:

O If the company isrisk-neutral, it would be indifferent toward either paying
afixed $1.3 million or accepting the cost-plus contract outcomes and
risks.

If the company iswillingto pay somewhat morethan the $1.3million BV

cogt, it isconservativeor risk-averse. Willingnessto pay arisk premium

is common decision behavior. For example, a conservativebuyer might
agree to a higher price—say, $1.5million.

If the risky, cost-plus contract is preferred to afixed $1.3million price,

the company is risk-seekingin this situation. Thisis unusual behavior,

except when there is entertainment value in gambling or when striving
to reach agoal. Everyone pays morethan the BV payoff when playing
casinogamesor buyinglottery tickets.

Conservative Behavior

Conservative behavior iswidespread—amost universal. Should thisbe an

important part o decision policy?Yes if it isimportant.

For small decisions, decision makerscan afford to be risk-neutral . When
the outcomesbecomelarge compared to the reference net worth, often de-
cision makerswill make substantial value adjustmentsfor risk attitude.

For large, publicly held corporationsand governments, risksare shared

by many investors. For these entities, many  us believethat the EMV

decisionruleisappropriate.

O For individualsand small, closely held companies, a conservative risk
policy ismore suitable. Still, small day-to-day decisionswill be dmost ex-
actly the same as with the BEMV decision rule. However, decisionswith
large potential gainsor losses may require conservatism. Utility theory
describeshow to modify an EMV decisionanalysisfor aconservativerisk
attitude.

Utility isa measure o value reflectingthe preferencesd the decision
maker, based upon bdiefs and values. The BV concept ill appliesfor de-
cison makingunder uncertainty; outcomevaue, however, is measured in
utility unitsinstead o PV. The decision rule is to choose the alternative
having the highest expected (value) utility (EU).
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Utility Function for Risk Policy

Inthis section, we are using utility theory only for expressing risk attitude. Later, we will
discuss how utility theory appliesalso to multi-criteria decisions.

Assumethat maximizingmonetary valueisthe objective. The ohjectivevalue
measure, then, would be PV using an appropriatediscount rate. In the prob-
abilistic sense, the objective measureis EMV.

Risk aversionisexhibitedin what economistscdl thelaw d diminishing
marginal utility. Asan example, for most persons, winning a $1 million
prize would be a tremendously exciting event. If one aready has $10 mil-
lion, however, the added $1million would be hardly noticed. Incremental
positive amounts add incrementally lessvaue aswealth isaccumul ated.

Thus, for conservative persons, valueisnat alinear functiond PV; twice
the positive PV does not represent twice as much value. We could graph a
function relating to how we perceive value versus the actual monetary
value. Thisgraph isautility function. Economist and decision theoristsuse
theword utility synonymouslywith vaue. Utility unitsare often called utils.

Figure4.1showsan exampleutility function. It translatesojectivevalue,
PV (x-axis),into percdved value, utility (y-axis). They-axisscaeisarbitrary,
including choiced origin. Utility curvesthat are concaved downward rep-
resent conservativerisk attitudes.

The upward-dopingstraight linein Figure 4.1 representsthe utility func-
tiond arisk-neutral decision maker, wherevaueisproportional to PV. This
isarisk-neutral decision policy, i.e., an EMV decision maker.

Many decision analystsscale the y-axis so that the worst possible out-
come has utility = 0, and the best possible outcome has utility = 1. The
curve, regardlessd shape or scale, is usually deduced from the decision
maker's answersto aseriesd hypothetical decision problems.

| prefer the smooth exponential shape. Rather than arbitrarily defining
the scale, | prefer to scale the y-axisin somewhat tangible units: risk-neu-
tral (RN) dollars. This makesthe utility measure more meaningful:

-RN$1 million cost is one million timesworse than a$1 cost.
+RN$1 million benefit isone million times better than a$1 benefit.

Note that for positive PVs (benefits),incremental utility value decreases
asPVs get larger. Conversdly, costs or lossesare amplified for negative PVs.

For small decisions, near zero PV, the straight line and the curve are
nearly coincident. The result is that a value determined by EMV is nearly
identical with the value obtained when recognizing risk-aversion.
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Example Utility Function

In principle, we could use a graph such as that in Figure 4.1 to convert money to utility
units. However, the calculation precision and convenience is better if we have a formula
for the curve shape. I use and recommend this exponential utility function formula:

(in units of “RN$")
where x is the outcome value in PV$
r is the risk tolerance coefficientin $

The EV of U(x) is called EU.

The inverse function for obtainingthe certainty equivalent (CE) is:

where EU is the EV utility.

In Figure 4.1, r = $10 million.

Certainty Equivalent

A smple examplewill show how we use the utility function to help make
decisions. Figure 4.2 shows an EMV-based decision tree for the contract ex-
ample. The objective cost forecast and assessmentisthe EV d the possible
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Figure 4.2
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Dedison Modd for EMV Pdlicy

outcomes. The cost-plus contract aternative at $1.3 million and the fixed-
pricecontract alternativeshaveequal valueto arisk neutral decision maker.
Recognizinga conservativerisk policy requiresadight adjustmentto the
method. Assumethat the company's risk policy isthe utility function we saw
in Figure 4.1 Sometheoristssuggest that thiscurveisappropriateto acom-
pany with a net worth of about $60 million. The degreed risk aversion is
usualy proportional to the size o the company. The risk tolerance coeffi-
cient istypicdly one-fifthor one-sixth o the organization's net worth.

The organization's net worth and the one-fifth or one-sixth factor produce a risk tolerance
coefficient (r) that is too low for widely held, public corporations, in my opinion. A higherr
is more suited because many diversified stockholders share the risks.

Wewant to determinethe fixed-pricecontract equivalentto the cost-plus
contract uncertainty. First, calculate the BU o the cost-plus contract. From
the utility functiond Figure4.1 or itsequation:

U(-$1 million) = RN$1.0517 million
U(-$4 million) = RN$4.9182 million.

CdculatingBEU (actually EV utility):

EU = .9(-1.0517) + .1(-4.9182)
=-RN$1.4384 million.

I'm showing the additional decimal places to demonstratethe calculation method, rather
than to imply that we have great precision in these numbers.

EU issuited for comparing aternativesthat dl have uncertainties. Here,
however, we are comparing an uncertain alternativeto a fixed-dollar out-
come. W e cannot compare dollarsand utility becaused different units.

What we need to know iswhat guaranteed cost, $X, isequivalent to the
uncertain cost-plusalternative. $X represents what we cdl the certainty

equivalent (CE).
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EU = -RN$1.4384 million
~_ CE =-$1.3439 million
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PV = —$1 million
Utility = -RN$1.0517 million

PV = -$4 million
Utility = -RN$4.9182 million

$X = -$1.3439 (point of indifference)

Dedison Modd for EU Dedison Rdlicy

We use the utility function to translate BJ into CE Figure 4.1 (or the in-
verse transform equation) showsthat BJ = -RN$1.4384 correspondsto a
PV d $1.3439 million, the CE Thus, for this company, a $1.3439 million
fixed-price contract is equivalent to the uncertain cost-pluscontract.

Figure 4.3 shows a decision tree solution solved with the EU decision
policy. The approximately $44,000 (= $1.3439 - 1.3000 million) difference
between CE and EMV iscdled theri sk premium. This premiumisthe ad-
ditional amount the company iswilling to pay, or sacrifice, to avoid risk.
Notethat CE and EMV are nearly the samein thiscase, even though the PV
rangeis 30 percent o thescale. Therisk premiumisonly 3.4 percentd the
BVV.

Applying the Risk Policy

In decisionanalysis, we vauethe alternativeswith either their EUs or CEs.
TheEMYV decisionpolicy isaspecial case: CGE= BMV when the utility curve
isastraight line, meaning that r = $e- . Either the BJ or CE criterionresults
in the same decisions. However, if any alternativeisa fixed-dollar amount,
then conversionto CEs is necessary. When evaluating alternatives with
utility, I liketo caculate every node's EMV, BU, and CE when back-solving
decision trees. If there are costs placed along tree branches, these costs may
then be subtracted from the CEs asthe treeis back-solved.

I nteresting situations arise, sometimes, when the highest BEMV alterna-
tiveis not the same as the highest BJ (or CE) dternative. That is the point
d having arisk policy: to show which risk versus value tradeoffsare ap-
propriate.

An interesting applicationarisesin a problem o optimizingparticipa-
tion fraction or "workinginterest" in a project. If the project hasa positive
BMV, theEMV decisonrulesays, "Takeit dl." (We areassuming, here, that
not investing is the aternative and has a $0 value.) However, if the poten-
tial downside isserious, it may be advisable to share the risk with one or
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more partners. If the project has a positive EMV, then some fraction own-
ershipisdwaysdesirable. However, you may not want it dl.

What is the optimal interest you would want in a project?

A utility function representingrisk attitudeisthe logical way to solvethis
problem. By iteration, deduce the shape d thefunctiond BU (or CE) versus
participationfraction. Choose the participationinterest that maximizes EU.
Keeping100 percent d the project isoften desirable. However, if the project
cost ishigh and thereissufficientrisk, afractional share d the project will
maximize Uutility.

When running aMonte Carlo Smulation (simulation; well discuss how in
Chapter 7), we calculate the outcome PV, then convert it to utility unitsin
every trial. BJ isthe averaged this utility-measuredoutcome.

When using simulation, it is customary to provide the decision maker
with risk-versus-vaueprofile curves. Thesearetypicaly reversecumulative
frequency distributionsfor PV, and are the natural presentation format for
simulation results. Most decision tree software providessimilar, although
sometimes more stairstep-looking, graphs. Figure 4.4 shows examplere-
verse cumulative distribution curves produced by simulation.

If the curvescross, and when the bet-EMV alternativeisriskier (wider),
having arisk policy isuseful. This isthetypical and unfortunateredity: Alter-
nativeswith better EMVs are usudly associated with greater risk, asillustrated
in Figure4.4. Alternative B has a higher BMV, and has greater uncertainty.
Which dternative hasthe best risk-versus-vaue profile?That depends upon
the decision maker, who may visudly comparethe curves, alowinghis intu-
ition to make the decision. The more cons stent—andrecommended—way is
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to converteach curveintoits BJ (or CE); then choosethebest dternativebased
upon the BJ decison rule.

The utility functionisasu  nct, completeri sk policy for an organization
or individual decision maker. Thisisa powerful concept for aconservative
company that wantsto del egate decision makingdownward. It enablesde-
cison makersat dl levelsin the organizationto make consistent risk-versus-
value tradeoffs.

Decisonandysiskeeps separate: objective, timevaued money, risk at-
titude, and judgments aboiuncertainty. This decomposition facilitates
morelogical and more consistent evaluations.

Multi-Criteria Decisions

Multi-criteria decison meking (MCDM) is an approach for problemswhere
vaue is multi-dimensioned. Usudly these arise because d multiple objec-
tivesor goals. A city government, for example, facestradeoffsacross many
dimensions such as schools, roads, and police protection. It can apply
MCDM to solve such problemsin a reasonably consi stentway.
Thereare three principal waysto deal with MCDM problems:
O Recast the problem solely asan economicissue, and maximize BVIV, BU,
or CE
Convert nonmoney considerationsi nto monetary equival ents, then max-
imize BMV, BU, or CE
B Use a multi-criteria value function (which can have risk aversion em-
bedded), and maximize EU.

Monetary Value Objective Approach

In project management, goa's commonly relate to cogt, time, and perform-
ance. How are we to make tradeoffs between these three dimensions? Un-
derstandingand quantifying tradeoffsisdifficult unlessavaue mode is used.

Supposeaproject planisin trouble. The main dternativesare:

Spend an additional L million to completeon time.

O Finishthree monthslate but within budget.
Which dternativeis better?

Figure 4.5 maps project outcome va ue according to two dimensions, cost
and schedule, for illustration. We measure project outcomevaluein PV dol-
lars. ( W ethe uncertaintiesare unresolved, however, wewould be meas-
uring project vaueasEMV.)

The project feasibility model determines the shape and positiond the
iso-vaue contours. In thiscase, the contour undul ati onsreflect the season-
ality d the business. Interpol ati ngbetween the curves:
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Figure 4.5
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Alternativel: Cost overrun BVV = $2.4 million.
Alternative2: Late BVV = $1.5 million.

Both alternativeshave unattractive outcomes compared to the original
feasibility study. If maximizing EMV is the corporatedecision palicy, then
Alternativelisthe clear and logica choice. The contours (or the equivalent
vaueformula) represent decison policy.

Monetary-Equivalents Approach

Dollarsare a convenient and standard measurefor comparing decision d-
ternatives, epecialyin business. Increasingly, even government and not-for-
profit organizations are making decisions based primarily upon monetary
vaue.

Sometimes, devel opinga comprehensive value model isimpractical or
inappropriate. However, costs or monetary value often represent 80 per-
cent or mored the decision basis. Minor additional considerations can be
includedin the analysisby factoring in monetary-equivalent valuesfor the
sidefactors.

Consider the situation d a national oil company that located a new re-
finery. One sitewas near an urban areathat already had most o the needed
infrastructure and good availability of |abor. An alternativewasto locatethe
refinery in an impoverished, rural areawhere jobswere greatly needed.
Most o the decision was driven by the refinery's value in the nation's
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economy. However, because the company was government-owned, it was
important to consider and balance other secondary objectives, such asim-
proving employment opportunities.

All that we need for the substitutionapproach arewaysto translate non-
monetary criteriainto money equivalents. For example, it may cost $5,000
to create anew job in the local economy. Economists can assessthe value,
cogt, and timing d job creation, and we can then add cost equivalentsinto
the cashflow projections. Then we can make the decision based upon EMV
or CE, caculated in the usual way.

Multi-Criteria Value Functions

For true MCDM problems, the principlesd decision anaysistill apply. A
key chalengeisdevisingaway to measurevalue. Often, multipleobjectives
areinvolved, usualy the result o having multiple stakeholder groups. Dif-
ferent stakeholders, d course, have different preferences.

EMV-maximizingbusinessesalso use MCDM on occasion. It issometimes
impractical to developamodd to characterize different alternatives impacts
on corporate value, such as hiring decisions and employeeevaluations. Al-
though possible, it isusualy cumbersometo attributeincremental cash flow
to an employeebecause cashflow benefitsare too hard to quantify.

In project management, most decisions are made considering impacts
on cogt, schedule, and performance. Theseform a hierarchy, asshownin
Figure 4.6. This example structure has only two levels, but sometimes ob-
jectiveshierarchieshave several morelevels.

A popular way d constructing the hierarchy is the analytic hierarchy
process (AHP)[2]. This technique uses subjective, pairwise comparisonsto
determine the numeric weights o decision criteriaand criteriascoresfor
candidatealternatives. A mathematical techniquetrans atesamatrix o com-
parisonsinto composite criteriaweightsand alternative scores. Regardless
d whether a hierarchy structureis used, MCDM uses avaue function that
combinesvariousattributes (measured by decision criteria) d the problem.
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Figure 4.7 Three Utility Scales

Consider a software project manager who is evaluating staffing options
intermsd cogt, schedule, and performance. Because she wantsto be sys-
tematicin her thinking, she developsa utility scale for each dimension, as
shownin Figure4.7. They-axisdf each scale represents goodness or utility
vaduein the context o the respectiveattribute. She scales the x-axes ac-
cordingto theranged possihilities. The utility scalesare arbitrary, and co-
efficientsa b, and ¢ are just scaling factorsweighing each component.

The utility y-axes have arbitrary scales. Idedly, each utility function is
uniqueto asubobjective. Regardlessd the shape, utility functionscan also
incorporatethe decision maker's attitude toward risk.

Oncethe manager hasthe relevant quantitativeattributevalue measures,
she can weight each attribute. The combinationis asingle objective func-
tion, ofteninthesimpleform:

Utility = wt, x Utility, + wt, x Utility, + wt, x Utility,.

The utility scalesare arbitrary. The decision maker chooses utility curve
shapes and weights(wt,) so that the value behaves according to her intuition
about the problem. Becaused smplicity's appeal, most people usealinear
additiveformulalike thisfor the value equati on. Sometimes organi zations
craft more complex formulaswith multiplicative or exponential terms.

K2
o<

Arbitrarily, one might have component utilities use zero-to-one scales and have the
weighting fractions total one; this ensures that the composite utility value function lies
within a zero-to-one range.

Note that this valuation approach is highly subjective. The strength o
MCDM, however, isin providing a structure that addressesall important
factorsand hel pskeep the process somewhat logica and complete.
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Having away to measurevalue enables a project manager to make con-
sistent decisionsthroughout the project. To recognizeuncertainty, weweigh
outcomevaueswith probabilitiesin the usual EV calculations. The decision
ruleisto pick the aternative having the greatest EU.

Note that it doesn't make much sense to attempt calculatinga CE in MCDM. If the deci-
sion maker is comfortable using monetary equivalents, she is better off convertingthe
metrics directly into monetary equivalents.

Monte Carlo Solution

Wewill see how we can solvea MCDM problemwith simulation. Consider
our manager decidingwhether to staff her software project for normal or
fast-track development. The difference between strategiesisthe number o
programmers/analysts assigned to the project.

A project modd capturesthe project team's understanding o the devel-
opment process and the team dynamics. Wewould have input variablesin
areas o application complexity, coding productivity, changing require-
ments, design performance, and amount o rework.

We run the simulation project model for each staffing alternative. Each
trial producesa Completion Time, System Performance, and Devel opment
Cogt. We convert each dimensioninto value componentswith the respec-
tive utility functions, asin Figure 4.7. We then, for each trid, combinethe
component utility values, welghted according to the value function.

The simulation model produced the followinganaysis results:

Normal Staffing: BJ =0.723.
Fest-Track Staffing: BJ = 0.693.

Based on ELU, the project manager logically chooses Normal Staffing.
Figure 4.8 shows the three criteria distributions, and Figure 4.9 showsthe
compositevalue distributionwith EUs indicated. The EUs are sufficient to
make a decision. The graphs provide supplemental information for the
manager to check and enhance her intuition about the project.

Three Pillars of Decision Analysis

Let me restate and amplify something important in Chapter 1. Decision

anadysishasthree key characteristics:

1. Judgments as Probabilities. Usually we ask the most knowledgeable
people availableto expresstheir expert judgments about risks and un-
certaintiesas probability distributions.
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05 Utility Value 09

2. Single Vaue Measure. The company or decision maker has a way o
measuring outcome value as asingle parameter. Thisisthe"vauefunc-
tion" or "objectivefunction that we seek to optimize. For example, many
for-profit companiesuse PV d net cashflow, PV, for this purpose. This
valuefunction may be composed o severdl criteriathat represent meas-
uresfor each o severa objectives.

3. Expected Vdue. The BV calculation is the basis for calculating value
under uncertainty. We condense the distribution o possible outcome
values into a single measure—EV, the probability-we ghted average—for
valuingalternatives.

Any o these requirementscan be barriersto wholly accepting decision
analysis. Some people are uncomfortable about quantifying risk (#1).
Others may be unconvinced regarding the applicability o the BV concept
(#3), becaused not havinga' many-repeating-experiments'condition, for
example.

In my experience, the value function (#2) isthe cause o most situations
where decision analysisis not wholly satisfactory. That iswhy we have de-
voted thisand the previouschapter to decision policy. In project manage-
ment, we need aquantitativeway o relating cost, schedule, and performance
50 that we know how to maketradeoffsin one dimension against the others.

Even more troublesomeare decisionsinvolving health, safety, and the
environment. Almost aways, we can improve safety, reduce emissions, and
improveservice and product quality by spending more money. However,
for example, how do we trade off human lives versus money? For some
people, one solutionto thisdilemmaisto consider EV livesin termsd other
peopl€es lives. Wherein our organizationcan we apply money to save lives?
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And at what cost?If we look to the most efficient placein our company to
put additional money into safety (assumingwe already operatea generally
safeworkplace), thisbest opportunity providesa benchmark (asEV cost per
EV life) for the marginal cost d savinglives.

Yau can adways perform stochastic calculationsby putting judgments
about risks and uncertaintiesinto models(#1). Decision policy tellsushow
to value the potential outcomes(#2). And, evaluations(of reiability, ben-
efit, and so on) under uncertainty are greatly eased with the EV calculations
(#3). Makinglogical, consistent choicesunder uncertainty requiresall three
characteristicsin your evaluation and decision-makingprocess.

Decision Policy Summary

Project decisionsare complicated when there are several objectivesor sub-
objectives. | have described three approachesfor structuringdecision policy
in such casss. The starting point isaways Be clear about the objectives.D e
cisions are easier if there isfocus on a single objective. Consider these ex-
ample singleobjectives:

For corporations: Maximize shareholder value.

For governments: Maximize the quality o lifefor citizens.

For professional associations. Maximizethe organization's value to

members.

For individuals: Maximize personal happiness over alifetime.

M easuring value toward the objective may have several components.
Multiple criteria are sometimes used because it isinconvenient, or impos-
sible, to fully develop the project model to assessvalue. Then we have a
MCDM problem, and we should craft avalue functionto measurewhat is
important.

Decision policy conflictsarise, most often, becaused multipleobjectives.
Management should be clear about whose interests are being represented
and what isbeing optimized.

Al approachesexaminedin this chapter employ ameansto arrive at a
single value measurefor possible outcomes. Decision analysisexplicitly rec-
ognizes risks with probabilities, which are used to weight possible out-
comes. After applying probabilities, we arrive at a single value for each
alternative. Using probabilitiesin thisway is much better than recognizing
“risk” asssimply one more criterion.
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Endnotes

1. For thefixed-cost equivalentin the contract discussion, we are concerned only
with the CE. Game theory would have us posturethe optimal strategicresponseto
the vendor's question.

2. The popular AHP techniqueis discussed by itsinventor in Saaty 1994, and some-
what lessenthusiasticallyin Zehedi 1989, both in Interfaces.

Interfaces isthe leading journal reportingoperationsresearch (management sci-
ence) applications. The articlesare about applicationsd quantitative methods, in-
cludingdecisionanalyss, and exclude most theoretical details. Interfacesis
availablein most university librariesor from INFORMS—the Institute for Operations
Research and the Management Sciences, 290 Westminster Street, Providence, RI
02903.
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Decision Trees

Adecison modd represents our understandingd an evaluation Situation. This chapter de-
sribes what many consider the most powerful modeling and calculation techniquein de-
cison analyss.

A decisiontreeisagraphical representation o expectedvalue(EV) cdcula
tions. Thetree consistsd decision, chance, and terminal nodes connected
by branches. Thisacts as a blackboard to develop and document our un-
derstanding o the problem, and facilitates team collaborationand com-
munication.

Conceptually, any decision, no matter how complex, can be analyzed
with adecisiontree analysis. Other aternatives, especidly Monte Carlo sim-
ulation, have advantages and disadvantagesfor certain problems. Decision
tree analysisis especialy suited for everyday problemswhen one wantsto
pick the best alternative quickly and proceed.

Node Types
Therearethreetypesd nodesin adecisiontree:
Decision nodes, represented by squares, arevariablesor actionsthat the
decision maker controls.
Chance event nodes, represented by circles, are variablesor eventsthat
cannot be controlled by the decision maker.
Terminal or end nodes, represented in a decision tree diagram by un-
connected branches, are endpoints where outcome values are attached.
By convention, thetree is drawn chronologicallyfrom lft to right and
branchesout, like atree lyingon itsside. Decision tree analysislanguage
includes colorful biological analogies. The starting (usually) decision node
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iscaled the root, and theradial lines are called branches (sometimestwigs).
Theterminal nodesare sometimescaled leaves, and an overly complex tree
bearsthelabd, a busy mes

Tree Annotations

Welabel the decisiontree diagramwith these numbers:
Probahilitiesfor each outcome branch emanating from chance nodes.
Outcome vaues, representing present values (PVs) of the resulting cash-
flow stream, discounted to the date o the root decision. Sometimes, we
may choose to place benefitsand costs along branchesas they are real-
ized. More commonly, terminal nodeval ues represent the entireoutcome.
Node expected vaues, calculated during the process o solvingthe tree.
When solving with a utility function as risk policy, | like to show ex-
pected monetary vaue (EMV), expected (vaue) utility (EU),and certainty
equivalent (CE) for each node.

Tree Calculations

Solving adecision tree is a simple back-calculation process. Thisis some-

times called back-solvingorfolding bedk the tree. Starting from the terminal

nodesat theright, movingleft, we solvefor the value d each nodeand label
it withits EV. These EVs are EMVs or EV costswhen we measurevauein
dollarsor other currency.

Here are the threesmplerulesfor solving atree:

O At achancenode, calculateits EMV (or EV cost) from the probabilities
and values d its branches. This becomesthe vaue d the node and the
branchleadingtoit.

O Replaceadecision nodewiththevalued itsbest alternative. We are ap-

plyingthe EMV decisionrule.
If acost value lies along a branch, recognize that cost in passing from
right to left. That is, subtract a cost when solving a tree to maximize
BVIV. Treat therest o the cost asatall" to be paid when traversingthe
tree. (Sometimesatreeis designed to solvefor EV costs, in which case,
acost dongabranchisadded.)

Wastewater Plant Example

In this case, we assume that your company is developinga new gold mine
that will be operated by another company.

Devel opment is nearing compl etion when your team discoversthat water
discharge contaminant levels are above those seen in the original survey
samples. A regulatory agency now mandatesan improved treatment facility
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Probability Other Activities Complete

.30 in three months

.40 in four months

.30 in five months
1.00

Completion Time for All Activities except Wastewater Plant

Wastewater Used
Plant Strategies

Decision Node

to recover heavy metalsfrom the mine discharge. This extended pollutant-
recovery capability was not designedinto the nearly completed minefacility.

The best general solution isto construct or bring in awastewater treat-
ment module (referredto as the Plant in the following tables and figures).
In addition to theinvestment and operating costsd the Plant, adding this
capahility hasthe potential to delay mine start-up.

Data Assumptions

There are uncertaintiesaffecting the mine project completiontime. For al
other activitiesexcept the wastewater system, the engineersjudgethe com-
pletion timein three scenarios, as shownin Table 5.1.

Assume that: extending construction activitiesto meet alater start-up
datewill not affect costs. Further, completiontimesareindependent o the
wastewater treatment system.

Three plant alternativesare being considered:

B Used: Buy a used, skid-mounted wastewater plant.
® Skid: Buy anew, skid-mounted plant.
= Fixed: Buy anew, fixed plant.

Figure 5.1 shows how the root decision node will appear, adding a
branchfor another aternativeto be evauated later. The squarein thefigure
representsthe decision point, and branchescoming out o theright sideare
alternatives. For illustration in thischapter, the nodes have reference num-
bersinside, though thisis not customary.
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Used {.3, 3; .35, 4; .35, 12 months)
Skid {.2,4;.6,5;. 2,6 months)
Fixed {.2,5;.5,6;. 3,8 months)

Table 5.2 Timeto Acguireand Ingall Wastewater Plant
Time Wagtewater
Rant Operationd
id Option
4 months
5
6
Figure 5.2 Chance Node

Although costing more initidly, the Skid plant costslessto operate and
isfaster toinstall, plusit islikely to havegreater salvagevalueat mine aban-
donment than a Used plant. A Fixed plant costs lessto buy and operate
than askid-mounted plant, but requires moretime toinstall. Clearly, trade-
offswill be necessary in makingthe decision.

The engineers use three weighted scenariosin each case as theform to
judge times to implement each plant-acquisitionoption. Engineers for the
plant vendors and the project team jointly make these assessments, as
three-leve discrete distributions, asshownin Table5.2.

These pairsd humbers represent outcome values (secondin each pair)
with their associated probabilities (first vaue, a decimal, in each pair). This
lottery notationisaway d expressing adiscrete chance-event. Theother mine
activitiesareindependent d the wastewater plant. Figure5.2 illustrates what
aTime Plant Operational chance node lookslike for the Skid option. The
branches coming off at the right at the node represent the possibleoutcomes.
Note that the branch probabilitiesat any chance nodedwayssumtol

Animportant considerationisthe cost o delayingthe minestart-up. In
this case, the opportunity lossistheforegoneasset value, duetoincreased
development costs and delaying mine production. Assumethat, from the
project feasibility modd, the project team determines that delaysto mine
start-up are vaued at $150,000 per month (pre-tax) cost. Early completions
have the opposite effect. The mine is projected to operate for Six years.
Other informationabout the optionsisshownin Table5.3. Thesevauesare
known well enough that single-point estimates can be used.
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All costs are pre-tax $thousands

Expenditure Used Skid Fixed
Aapistion t+ Indtallation $650  $1,480  $1,150 |
SdvageVdile $0 $600 $200 |
Oparating Costs Ry Math $8.0 $6.3 $5.0

Plant Cost Information

Over hdf thework o atypical custom evaluation involves developinga
project cashflow model. The model providesthe outcomevalue for each
scenario: combination of decisionsand chance-event outcomes. The model
underlying the outcomevaluesshown in Figure 5.3 includes, in additionto
the assumptionsin Tables5.1-5.3, suchitemsasinflation, cost d capital,
depreciation, and taxes.

Try Your Intuition

Now you haveseend| d theinput data. Canyou judgethebest alternative
by intuition? Try estimatingEV cost for each option. What isthedifference
in BV cogt between thefirst choice and the next best alternative?

For most o us, even this small problem is much too complex to inter-
nalize in our heads. The plant choiceis not obvious because each alterna-
tive has advantages:

Used: Lowest:initial cost.

Skid: Fastest and lowest-risk acquisition time, medium operating costs,

highest salvagevaue.

Fixed: Lowest operating costs, medium investment.

No singlealternative dominatesacrossa| attributes. Most d usneed an
analytictool to have confidencein our selection.

Evaluating Options

The appraisal goproach o decision analysisis alogical way to evaluate the
three plant-acquisitionalternatives. Figure 5.3 shows the complete decision
tree modd : terminal nodes (right column) show outcomesif the respective
tree path isredized; the outcomevaueis PV cods. Agan, these terminal
values arefrom acashflow projection modd. Sinced| monetary vauesare
cogts, one may work with BY costsinstead o EMVs; minimizing B/ costis
exactly equivalent to maximizing EMV.

Theroot node is the Type Plant Decision. There are two chance events
affecting outcomevalue: Time Plant Operational and Time Other Activities
Complete. Thelatest event controlswhen the mine development projectis
complete. In labeling the tree, we annotate these chance-event outcomes
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Figure 5.3

Time Plant
Operational

Time Other Activities
Complete

3 mo.

L A—

Decision Tree to Evaluate Three Initial Options

Cost $k
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EV(5) = .3(785) + .4(875) T .3(965) = $875k
EV(6) = .3(875) * .4(875) T .3(965) = 901k
EV(7) = .3(1594) T .4(1594) + .3(1594) = 1594k
EV(8) = .3(1023) + .4(1023) + .3(1115) = 1050k
EV(9) = .3(1115) + .4(1115) + .3(1115) = 1115k
EV(10) = .3(1207) + .4(1207) + .3(1207) = 1207k
EV(11) = .3(1007) * .4(1007) + .3(1007) = 1007k
EV(12) = .3(1098) *+ .4(1098) * .3(1098) = 1098k
EV(13) = .3(1281) + .4(1281) *+ .3(1281) = 1281k
EV(2) = .3 EV(5) + .35 EV(6) * .35 EV(7) = .3(875) T .35(901) + .35(1594) = $1136k
EV(3) = .2 EV(8) T .6 EV(9) T .2 EV(10) = .2(1050) T .6(1115) + .2(1207) = $1120k
EV(4) = .2 EV(1) + .5 EV(12) T .3 EV(13) = .2(1007) T .5(1098) T .3(1281) = $1135k

And applying the expected value decision rule:
EV(1) = Minimum{EV(2), EV(3), EV(4)} = Minimum{1136, 1120, 1135) = $1120k

Values are to the nearest $thousand, although calculations were done with greater precision.

Table 5.4 Calculationsin Back-Solvingthe Tree

with labels (monthsto complete) and the probability o the respectiveout-
come. When solving the tree, welabel each chance and decision nodewith
itsEV cost.

We back-solve the decision tree to evaluate the three alternatives. Nor-
madly, the nodesdo not have numbers, though | numbered them heretoiil-
lustratethe calculations. Table 5.4 shows the sequence and componentsdf
node EV cost calculations.

Note that there are fewer calculationsat each column o nodesin pro-
gressing from right to left through the tree. For largetrees, the progressive
thinning d branchesprovidesconsiderablecal culation efficiency (ascom-
pared to a payoff-table approach). Acquiring a Skid plant ($1,120,000) ap-
pears the best o the three aternatives, although its superiority is dight
($16,000). The"cut" marks on branchesindicateinferior alternativesthat
have been " pruned.”

Tree Software

We can draw small decision trees on the back o an envelope and solve
them with ahand calculator. A mostly manual solution is practical for trees
d upto, say, 100 branches. By "manual," | include the use d ahand calcu-
lator. If wewill be solving atree morethan once, including revisionsto the
numbers, a computer will help. | often build a Microsoft® Excd template
for small- and medium-sized trees. One can even use Excd's Draw func-
tionsto illustratethe tree structure.
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For people who frequently develop decision trees and for someone
needing to develop alargetree, | recommend obtainingand | earning deci-
siontree software. The two programsthat | use and teachwith are DATA™
by TreeAge Software, Inc., and PrecisionTree™ by Palisade Corporation.
Moreinformationisin Appendix B, Decision AnaysisSoftware.

Decision Tree Summary

Decision tree analysis is a convenient way to analyze project decisions
havingone or several important uncertainties. We use probability distribu-
tionsto encode judgments about risk and uncertainty. For dl but thesim-
plest o problems, decision tree modelsgreatly bolster our intuition.

A singlevalue measure, gauging benefitsor progresstoward the organi-
zation's objective, isacentral ideain decision analysis. Money isa conven-
ient measurement scale for most purposes. The Wastewater Plant example
combines cogt, schedule, and performancecriteriainto a single monetary
value measure, EV cost:

Schedule was trandated into cost equivalentsby recognizing the asset
valuelogt dueto project dday.

Performancewasr ecognized by different plant operating costsduring
theminelife.

Many practitionersbdieve that insightsgained into decision problems
are more important than the numerical results. Further comfort comesfrom
crediblequantitative-analysisresults.



CHAPTERG

Creating good decision alternatives [1] is one o the most important project management
functions. Often, there are opportunities to do additional analysisor to otherwiseget more
infor mation before making a resource commitment. This chapter shows how to solve value
o information problems, wherethereis an option to obtain moreinformation.

Reuvisiting the Wastewater Plant Problem

In the Wastewater Plant examplein Chapter 5, we evauate the plan ater-
nativeswith decision tree analysis. The expected value (EV) costs are re-
markably similar, ranging from $1.120to $1.136 million. Figure 6.1 shows
the decisonmode in a"shorthand" format: Implicitly, a copy o every fol-
lowing node is attached to the end o each branch o the preceding node.
There are two chanceeventsaffectingthe cost outcome: Time Plant Oper-
ational and Time Other Mine ActivitiesComplete. Whichever chanceevent
islatest controlswhen the mine commences production.

Thedecision policy | recommend isto choose the alternative having the
lowest EV cost. Thisisthe expected monetary value decision rule, only we
are minimizing costs. Schedule and performancecriteria areincorporated
explicitly into the analysis as cost equivalents, based upon their impact on
minevalue.

Value of Information

Moreinformation, even if imperfect, is generally useful in revising prior as-
sessments. Here are examplesourcesd additional information:
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Figure 6.1

Time Plant Time Other
Operational Mine Activities
Complete
3 mo.
4 mo.
56,7
5 mo.
4 mo. 3 mo.
4 mo
8.9.10
5 mo.
11,12,13

Current Decison Modd

B Prototyping, market studies, and similar directed research

Obtaining and analyzing more data

Modelingin greater detail

Spending additional effort in eliciting expert judgments about model

input variables.

Time permitting, it might dways appear that additional dataand analysis
are dways desirable. However, we should weigh the cost, any delay, and
other possible impactsagainst the value added.

What isthevaued additional information\e determine thisby adding
an information alternativeto the decision tree. A new chance nodein the
tree representsthe possibilitiesdf information-gatheringresults. Wewill use
the informationto revise project assessmentsor, more often, prior proba-
bility assessments.

The equation to determine the vaue o additional informationis.

(valued additional information)=
(valued new decisiontree) - (vaued old decisiontree).

In thiscaculation, the conventionisto temporarilyignorethe cost o ac-
quiring the additional information. We comparethe value d information
to the cost o obtaining the information. If the cost islessthan the value,
then it is better to acquire theinformation.
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Project ddays, often adding to costs, can aso be temporarily ignored by
assumingthat delay isa component o the cost o information. Be certain
that the evaluation properly comparesthe new versusthe old tree, both in-
corporatingcost and delay o obtaining moreinformation.

A similar concept isvalued control. In adecision analysis, "control"
means controlling or influencingthe outcome o chance events. Examples
include:

Acquiringservicesor productsthrough turnkey contracts that fix costs

Limitinglosseswith insurance

Protecting commodity prices by forward-sdlling production
B Specifying higher-gradematerialsto reducechance d failure

Using conservativeoperating practices

Investingin backups, redundancy, and flexibility.

Vauing additional control is similar to valuing additional information:
comparethe new control alternative with the previousbest alternative. Con-
trol, likeinformation, is most often imperfect.

Notethat theanalyssdoesnot changethe risks. However, informationand
control concepts often lead to adopting new alternativeswith more-desirable
risk characterigtics.

Plant Information Alternative

Now consider anew information alternativefor the Wastewater Plant: eval-
uatingthe Used Plant first. We can spend approximatelyone month testing
and evaluatingthe used plant to determine when it could be operational.
Theevaluationwill not changethe actual lead-timeif we sdlect Used Plant;
t he used plant would need inspection anyway. Thevaued theinformation
isin providingabasisto reassess the Used Plant |ead-timeprobabilities.

Lead-timesfor other alternativeswould be the same from the date of
commitment. For example, if we spend one month evaluating the Used
Plant and then make a decision to purchase a new one, then the New
Wastewater Plant acquisitionis delayed one month.

Theinitial cost of evaluatingthe Used Plant alternative is $30,000 (pre-
tax) and is not refundable. Thisincludesadeposit plusthe evaluationcost,
and would apply to the install ation expenseif we chosethisaternative.

Figure 6.2 shows the expanded decision model. The decision tree short-
hand illustratesthe structure in compact form. The nodes are numbered to
match the examplecalculationsto the figures.

Revising Probabilities
The used plant evaluation and testing provide information useful for re-
vising the prior probability assessments in the Time Plant Operational
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7

Figure 6.2

Time Plant Time Other
Olme i an | Mining Activities
perational Complete
3 mo. 3 mo.
56,7 —4-mo—
—5mo—
/ﬂ 3 mo
89,10 4 mo.
5 mo.
5 mo. 3 mo.
11,12,13 4 mo.
5 mo.
Decision
3 mo.
4 mo.
5 mo.
17,18,19, Nodes 23
20,21,22 through 40
Expanded Decison Modd

nodes. Note that the evaluation node in this section d the tree isfollowed
by theinvestment decision. Thisisnecessary to represent how and whether
the new informationadds value. If we already know the plant alternative,
further informationgathering and analysisare pointless.

Additional informationadds value to the project only if it has the poten-
tial to change what you aregoing to do.

For smplicity, | classified the evaluation results into just two outcomes:
"Favorable’ and "Unfavorable." Project engineers judge the quality o this
imperfect information, as shown in Figure 6.3. These nodes are not num-
bered, asthistreeisa side calculation intermediate step.

The probabilitiesat the second column o nodesin Figure 6.3 are judg-
ments about the quality of theinformation. Thefirst nodeisthe prior prob-
ahility assessmentsabout the event that matters, with today's information.
Figure 6.3 has nodes in inverse sequence from the decision model. How-
ever, dicitingthe judgmentsin this manner separatesthem, so that the ex-
pert(~Need consider only one event at atime.

For the decision modd (seeFigure6.2 and Figure 6.4), we need to reverse
the sequence o the nodes in Figure 6.3. My custom is to place double
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Time Plant Evaluation Joint
Operational outcome  propabilities
,——— "Favorable" — p=.25
5/6
.30 \YG— "Unfavorable” — p=.05
"Favorable" — p=.14
.35 4mo. - - 2/5
3/5
X \—\ "Unfavorable" — p=.21
\ ,—————— 'Favorable" — p=.05
M
7
o Sl "Unfavorable" — p=.30

Used Plant Prior Probabilities

quotesabout the information event outcome labels to hel p distinguish the
information event (Evauation Outcome) from the event o interest (Time
Plant Operational). The expert assessed probabilitiesfor the eval uationout-
comes conditioned upon the Time Plant Operational event outcomes. Rep-
resenting conditional probabilitiesis a convenient and powerful feature o

decisiontrees.

Theorder d nodesin Figure6.3isthelogica way to expressthe assess-
ments and rel ationshi psbetween the two events. The cause-and-effect re-
lationship isfrom left to right. However, the sequenceisin reverse order
from what we need to solve our real-world problem. The actual sequence
would be according to the project:

B Get the evaluation result.

Makethe plant decision.

Experiencehow longit takesto completethe plant.

We need to reverse or invert the nodes from the sequence in which the
probabilities are assessed. We do this with a straightforward technique
called Bayesanrevison (usingBayes theorem; see Appendix 6A, Bayesian
Analysis).We revise the prior probabilitiesabout Time Plant Operational
based upon Evaluation Outcome. Table 6.1 and Figure 6.4 show the orig-
inal and revised probabilitiesfor each Time Plant Operational case, based
upon the eval uation outcome.

Evaluating the New Alternative
Figure 6.4 shows the decision model extended for the Evaluate Used Plant
alternative. The terminal or end values on the right o the diagram are
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Time Other
Mine Activities PV Cost
Time Plant Complete $thousands
Deferred 780
Plant 870
Order New 960
870
870
960
1590
1590
1590
780
870
960
870
870
960
1590
1590
1590
Figure 6.4 Information Alternative
Test and Evaluation Outcome
Probabilities and Times to Install for Three Cases
Current Information
Original Probabilities: {.300, 3; .350, 4, .350, 12 months)
"Favorable" Evaluation, Probability = . 44
Revised Probabilities: {.568, 3; .318, 4; .114, 12 months)
"Unfavorable" Evaluation, Probability = . 56
Revised Probabilities: {.089, 3; .375, 4; .536, 12 months)
Table6. 1 Probabilities for Used Plant

present value (PV) costs for the respective paths through the tree, and in-

clude any penalty for a delayed mine opening.

Figure 6.5 detailsthe calculationsfor the BV cost o the delayed Skid d-
ternative, given the Evaluate Used Plant choice. Thisvalue changed from
$1.120 million to $1.134 million because d the added evaluationcost (about
$18,000 after taxes) lessthe present val ue-timing adj ustment (about $4,000)

d delayed investment.
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Time Other Activities PV Cost
Complete $thousands
Time Plant 3 mo. 1036
Operational
1064 1036
1128
3mo. 41998
7

1134 (-_K .6  5mo. 1128 1128
1128
. 3mo. 55

4 mo.
1221

5 ma.
o 1221

Delayed Skid Alternative

Again, new informationaddsvaueonly if it hasthe potential to change
adecision. In this example, the project manager should choose to install
the Used Plant instead o the Skid Plant, if the evaluation result is"Favor-
able" If the evaluation result is"Unfavorable,” then install the Skid Plant
as planned.

The Evaluate Used Plant option isthe best alternative. Spending pre-tax
$30,000 on inspection adds a net $62,000 (= $1.120 - $1.058 million) of
after-taxvalue to the project.

The decision tree was back-solved to computethe EV cost for each alter-
native. Starting at the right, each chance node is replaced (and annotated)
with its BV cost. We replace every decision node with thevalue o its best
alternative. Here are several example calculations, starting at the upper
right d Figure 6.4 and working backwards:

EV(23) = $870,000 = .3(780) + .4(870) + .3(960)

EV(17) = $961,000 = .568(870) + .318(897) + .114(1590)
EV(15) = $961,000 = minimum d (961,1134,1149)
EV(14) = $1,058,000 = .44(961) + .56(1134).
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Value of Information Summary

Many projectshaveasequenced decision points. Anayzing these options
isextremely important in an eval uation. Decisiontreesare especialy useful
for analyzing situationswith decision points after additional information
will become known.

We continually have decision opportunities. We cannot put many into a
decisiontree, thoughit isimportant to represent the key decisions. One op-
tion, that addsvalueto a project, isthe ability to terminatea project that is
performing poorly. Appendix 6B discussesproject “kill” decisions.

We extended the Wastewater Plant decisiontree analysisto valuea new
alternativeto get more information. Many projects have opportunities to
improvevaluethrough such additional datagatheringand analysis. In most
cases, it isconvenient to structure the decision moddl using the new infor-
mation to revise prior probabilities. Alternatively, we can reviseassessments
for event-outcomevalues. Thisusually involvesmodeling the systemto un-
derstand and quantify the relationship between the information event
(symptom)and the chance event o interest. Occasionaly, we may want to
model changesin both chance-event probabilitiesand chance-event out-
comevalues.

Fairly complex problemscan be handledin an orderly way with decision
tree analysis. For some problems, the tree can become exceedingly large.
The preeminent calculationalternativefor such casesisMonte Carlo simu-
lation, discussed next in Chapter 7.
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Bayes theorem is credited to Rev. Thomas Bayes, an 18th century British
clergyman. Bayes formulais the most common way to revise probabilities
based upon new information. Bayes theorem is most often stated as.

where

e; = outcomei o the chance event d interest

N = number d possible outcomesfor e,

A = attribute d new (imperfect)information, the outcome d an
information event (symptom).

Whiletheformulais more ominousthan difficult, amoreconvenient so-
lution technique is to construct and inspect ajoint probability table. Table
6A.1 containsthe full informationcontent o Figure 6.3.

Thevauesinside Table6A.1 arethejoint probabilities, i.e., probabilities
for the compound events comprised o combinationsd Evaluation Out-
come and Monthsto CompleteSkid Plant. Thevauesin thetable margins
have the extraordinary name, marginal probabilities. Note that the right-
column marginal probabilitiesare the same prior probabilitiesfor Time
Plant Operational asin Figure 6.3.

We can read (with some practice) probabilitiesfor the inverted tree, as
shownin Figure6A.1, directly from Table 6A.1, by inspection. For example,
let's assumethat we have a"Favorable' Evaluation Outcome. Thereisa .44
chanced thisoccurring (themarginal probability, total of left column). The
"Favorable' outcomerestrictsusto theleft sded thetable, which hasthree
possibilitiesfor Monthsto CompleteSkid Plant: {3, 4, or 12). The probabil -
itiesdf the Monthsto Complete Skid Plant outcomes arein proportion to
{-25, .14, or .05}. However, these values (joint probabilities) do not sum to
1. They must be normalizedin order to total 1. We accomplish this by di-
viding each number in the left column inside Table 6A.1 by the column
tota. The normalized numbersthen represent the revised probabilitiescon-
ditional on the"Favorable' Evaluation Outcome, asshownin Figure 6A.1.

Still unclear?If you are confused about Bayes rule, you are not alone. Al-
though strai ghtforwardonce understood, Bayesian revision usually requires
amore careful explanationplusa coupled hours' practicebefore aperson
iscomfortablewith the process.
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Table 6A.1

Evaluation
Outcome

Figure 6A.1

Evaluation Outcome

Months to 3

Complete 4

Joint Probability Table

Time Used Plant
Operational

"Favorable" "Unfavorable"
0.25 0.05 0.30
0.14 0.21 0.35
0.05 0.3 0.35
0.44 0.56 1.00

Inverted Probability Tree
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KiLLING THE PROJECT IN TIME

Early Warnings

Gateways

Thingshappen [2]. Some projectswill never reach the customer. When nec-
essary, let's hope that the project "kill" decisionis deliberate and madein
time. New informationduring the project helpsusto determinewhen dra-
matic intervention may be necessary.

Experienced project managersrecognizetrouble. Some cloudson the horizon
include:
Poor productivity: habitually late targets; many activities exceeding esti-
mates, and none reported earlier (suggestingactivity teams might be
wasting dack); unfavorablevariances; rework; missed performancetests
Tension, stress, and burnout among team members; requestsfor trans-
fersout
Waning enthusiasm (perhaps because the need for the project deiver-
ableisdiminishing, changein the company strategy, problemis proving
more difficult)
® Worsening communications. difficulty in schedulingmeetings; latewhen
returning phone cals, responding dowly to requestsfor information
Improving communications: requests for meetings and information;
heightened formalism about change requests and approvals; adding
someoneto review the project.
A persistenced sick project symptomsindicatesaneed for intervention.
When thingsstart to go wrong, often many things go wrong together. The
appropriate and extreme change might be terminating the project.

Research projectsoften haveaformal seriesd "gateways' or stopping points.
Perhaps best known is the process for a new drug, from conception to
market. Each successful drug goesthrough aseriesd stagesd devel opment,
testing, and approvd. (A fast-trackingstrategy may shortenor bypasscertain
steps.) Each milestoneisadecision point, primarily to continue or drop.

In the decision tree model, Figure 6B.1, we represent decision points as
sguareswhen the decision is not automatic, with the alternativescoming
off the right side. A decision tree is a graphical representation o the
problem, and provides a template to calculate the EV for each alternative.
The normal decision policy isto choose the aternativewith the highest EV.

T
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& Clinical Trials —bf FDA Approval
$nillions
Phase il
Phase A7
Phasel A3 Failure 1 _ar
A4 83
Praclinical Failure
87 15
New Drug Fatlure
oW —falure 4 4
.56
Drop -
——— o
Figure 6B.1 Gateways in Drug R&D
(85 0); P = 0. 383
Figure 6B.2 Solved Drug R&D Decision

Figure 6B.2 shows the solution tree drawn and evaluated using the DATA
decision tree program [3]. The node EVs are in boxesto theright o each
node. At the explicit decision node (square),two "cut" marksindicatethe
"pruned" inferior Drop branch.

Intreediagrams, circles represent chancevariables—that is, risksand un-
certainties. In the pharmaceutical model, | can represent gateway decisions
as chance variablesbecause success at any stage obviousdy means that we
go forward (onthe upward branch at a chance node). The cumulativeout-

comevalueand joint probability are shown at each terminal node (triangles
at end nodes).

Point-Forward Analysis

In evaluating a decision, our attention should be forward-looking. | am as-
suming here that the decision maker wants to do what is right for share-
holdersand is not posturing to optimize his career. Despite whatever has
happened in the past, the decision best serving the organizationis the a-
ternativehavingthe best EV, calculatedfrom possible future outcomes.
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Humans sometimeshavedifficulty in only lookingforward. Animalsare
better at quickly cutting their losses. We humans often behavein waysthat
exhibit thefallacy of sunk costs. Thisiswhen our decisionisinfluenced by
sunk investment—money weve aready spent. Sometimesa project has so
much investment inertia that we continue pouring in money. \We may be
"putting good money after bad." Rather than continuing to invest—hoping
that well get lucky—it may betimeto stop the hemorrhaging.

Weve been taught expressions, such as, "That's spilled milk” and "water
under the bridge." The maxims are good ones: Look forward. Remember
thefdlacy o sunk coststhe next time you fed committed to finishing that
expensivemeal when you arefull, or when you havean hour investedin a
moviethat you are not enjoying.

Options Add Value

A lengthy project typicaly has milestones. Figure 6B.2 shows planned deci-
sion points. However, there are many others, a continuum redly, wherewe
can reexaminethe project's viahility at any point.

Thebest presentationd adecision analysisisthedistributiond possible
outcomes. A manager may say, ' Theseextreme outcomesaren't possible. |
would never let the situation get this bad before doing something."

We know that we have many opportunitiesto redlocateresourcesduringa
project, even perhapskilling the project. Theevaluation mode should include
the most important o thesedecisions. Incorporating the decisionsinto the
model, and the resulting calculations, more faithfully represents the true
project value.

Decisionpoints—options in thelanguage d finance—add valueto aproject.
Infinance, riskisthefriendd an option holder, becauseit isthe uncertainty
that createsthevdued theoption.

Feel Good about Your Decision

A good decision isone that is consistent with the decision policy o the

organizationand al o theinformationavailable at thetime. Hereare some

key pointsabout decision making:

B Good decisionsare correlated to good outcomes. That isthe justification
for doingadecisionanaysis.
Good decisionsdo not ensure success, though they often improvethe
likelihood d success.

B A successis not dwaysthe result d agood decision. However, a pattern
d good decisionsover thelongr un Wl increasethelikelihoodd success.
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We want to reward people for making good decisions. Thisis an un-
common perspective. In most partici pativeorgani zations, the organi zation
feds better having participantsshare in the project outcome, good or bad.

However, in the context o aportfolio df decision opportunities, making
individual choicesto maximizeindividual project successimpairslong-run
value. Killing projects, downsizing, divesting businesses, and such are typ-
icdly unpopular decisions. Think big picture and long run. This occasion-
adly means a timely decision to kill a project, when that choice is the
EV-maximizing aternative. We should appreciate decision makers who
make good decisionsunder emotionally difficult circumstances.

By definition, we cannot control chance events. However, we should
deepwadl at night knowing that we have done the best with what we know.

Endnotes

1. Anexcdlent sourced inspirationin creating and evaluatingaternativesis Keeney
1992. Keeney's book is about multi-criteria decision making, which we discussat
theend o Chapter 4.

2. Adapted from Center for BusinessPractices 2001.

3. Figures6B.1 and 6B.2 were generated using the DATA decisiontree program by
TreeAge Software, Inc., and are used with permission.
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Monte Carlo smulationis perhaps the most popular o the various management science
techniques. The simple, eegant method provides a means to solve equations with proba:
bility distributions.

Approximating Expected Value

Decision trees solve for the expected values (EVs) df decision alternatives.
Conceptually, we can solve any decision problem with adecisiontree. For
some problems, however, acombinatorial explosiond branches makesca-
culationscumbersomeor impractical.

Monte Carlo simulation (simulation)usesarandom samplingprocessto
approximateEVs. Thistechniqueeasily deal swith many possibleoutcomes,
and has other important advantages over decisiontreeanalysis.

Wastewater Plant Revisited

Wewill continuethe discussion about the Wastewater Plant examplefrom
Chapter 5 and Chapter 6. Figure 7.1 and Table 7.1 summarizethe decision
tree model. We have considered four alternativesfor acquiring agovern-
ment-mandatedwastewater treatment facility that was not part o the orig-
inal project.

The chief uncertaintiesin this problem are the time to implement the
plant choiceand thelongest completiontimed dl other mine-development
activities. Fixed assumptionsinclude minelife, plant operating costs, sal-
vagevaues, and delay cost (per month impact on minevaued delaying or
accd eratingstartup).
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Time Other
Time Plant Mine Activities
Operational Complete
3 mo. 3 mo.

Used (‘< 4 mo.
/ < 12 mo.

4 mo. 3 mo.

/ Skid r< 5 mo.
k< 6 mo.

Evaluation Deferred 8 mo. il
Decision
Evaluate \ "Favorable" various times
Used
Plant
; i
| a1 month |
‘ >
Figure 7.1 Dedison Tree Maodd
| Short Name | Alternative I
| Used | Acquire a used, skid-mounted wastewater plant ($650k initial outlay). |
| skid | Acquire a new, skid-mounted plant ($1480k initial outlay). |
| Fixed l Acquire a new, fixed plant ($1150k initial outlay). l
Evaluate Take one month ($30k expense) to evaluate the condition and time
needed to ready the used, skid-mounted plant, then decide which
plant to acquire.
Table 7.1 Wadewaer Plant Alterndives

Difficulties in Extendingthe Tree Analysis

Decison tree analysisprovidesalogical, credible basisfor the wastewater
plant decision. Some problemsare quite cumbersometo solve as decision
trees, and simulation provides another approach better suited to some
problems.

Consider the three plant type alternatives. There are twenty-seven pos-
sible outcomes:
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3 decisionaternatives
x 3 TimePlant Operational outcomes
x 3 Time Other Mine Devel opment ActivitiesCompleteoutcomes
27

The pathsin the Evaluate Used Plant alternative (lower) part o thetree
add another fifty-four possible outcomes. Adding afew moreuncertainties
canlead to thousandsd decision tree pathsto evaluate. Aswe add decision
and chance nodes, decision trees often grow exponentially.

Decision trees also require that we represent uncertainties as discrete
probahility distributions. For example, we characterized the outcomes for
Time Other Mine Activities Complete as being exactly three, four, or five
months. We considered only three completion timescenarios. Inredity, the
possihilitiesareinfinite, and we could measuretimein weeks, days, or even
shorter periods. A continuousdistribution represents a better view o this
variable. However, decision trees accept only discrete-chance events, and
we must convert any truly continuouseventsinto discrete approximations.
Additional outcomebrancheson the chance nodeswould providefiner res-
olution, but exacerbate the combinatorial explosion. A decisiontree can
easily becomea bushy mess

Monte Carlo Technique

Simulation does not suffer the difficulties mentioned earlier. While not a
panaceg, it has advantagesin certain situations. It dlowsa richer, more de-
tailed representation, which can sometimesbeimportant. In competitivebid-
di ng, for example, even small differencescan affect who winsthe contest.

Conceptually, either decision tree analysisor simulation can solve any
evaluation problem. There are advantages and disadvantagesto each tech-
nique. The choice depends upon the problem, toolsat hand, and personal
preference.

We credit legendary mathematician Johnvon Neumann (originally Jo-
hann, 1903-1957) with popul arizing the M onte Carlo technique, while par-
ticipatingin the design o the atomic bomb. He recognized that arelatively
simple samplingtechnique could solve certain mathematical problemsthat
are otherwiseimpossible. Amongthe applicationsissolvingfor EV, the prob-
ahility-weightedaveraged aprobability distribution. A vauable side-benefit
isthat we easily obtain approximate outcome probability distribution shapes.

Simulation depends upon two essential elements:

A model that projects project outcome and outcomevalue.

A technique that repeatedly generates scenarios, driven by randomly

sampling input probability distributions.

The detailsfollow.
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Inputs as Distributions

Probability distributions express expert opinions about uncertainties. An
expert's forecast for time to complete an activity is better as adistribution
than asasingle-value estimate. The distribution completely representsthe
expert's opinion about the outcome range and the relative likelihood o
vaueswithin that range.

Thefoundation for simulationis arandom sampling process. We gen-
erate many possible project scenarios (trials).Then, we examine the distri-
butions d trial outcomevalues. Trids, in sufficient number, preservethe
characteristicsdf the origina probability distributionsand approximatethe
solution distributions.

The simulation processis appealing becauseit is easly understood and
not a black-box solution. We can inspect any trial result to determinewhat
combinationd input valuesled to this outcomescenario projection. A sm-
ulation model isastraightforwardextension to the customary, single-va ued
deterministic model (so-caledbecause every input issingly determined). This
iswhy simulation persists as perhapsthe most popular techniquein opera-
tionsresearch/management science.

The word simulationis a very general term, used whether or not the model involves proba-
bilities. In decision analysis, we are always talking about stochastic (probabilistic) models,
so that simulation in this book is always referringto a model solved with the Monte Carlo
method.

Every trid passthroughthe mode generatesa plausiblescenario. Extreme
cases can be examined to see what conditions gave rise to these outlier re-
sults. Examiningoutliersisa powerful method o validating the model.

Figure 7.2 shows, conceptualy, how we extend a conventiona, determin-
istic model for a simulation analysis. The deterministic model sometimes
needs little modificationto prepare for simulation. We only need changes
necessary to ensure that the model's calculationsare vaid over dl possible
ranges and combinationsd input vaues.

If oneor moreinputsto the model are probability distributions, then the
outputs will be probability distributions also. Instead of a single outcome
value, such as a present value (PV), simulation yields a distribution for
value. We can generate projectionsfor timespread varigbles, such as net cagh
f I owand display them asEV and confidence curves.

Simulation Process

An iterativeloop surrounds the deterministic project model and controls
the process—generatingmany plausibletrial"* solutions. Figure 7.3isaflow
diagramd asimulation. Most o the actionisat theleft, wherethe system
performs many trials. Each trial is a pass through the steps at the left,
and generates a possible casefor the behavior d the project. The program
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Figure 7.2
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Stochastic (Probabilistic) Model

NCF Confidence
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generates many cases until a predetermined number o trials, or until a
stopping rule condition, is satisfied. Typicdly, several hundred trialsare
necessary to obtain enough data for reasonable precision in the BV calcu-
lation.

Hereisatypica sequence o stepsin the simulation process:

1. Sample probability distributionsrepresentingthe severa random, or So-
chadtic, variables.

2. Substitutethe trial valuesd the random variablesinto the deterministic
model . Resolve the modd, obtaining project resultsand outcomevalues.

3. Store preselected outcomevalues, e.g., time and cost to complete, in a
datafile.

4. Returnto Stepl and repeat until the number o trialsissufficient to pro-
videtherequiredlevel d precision.

5. Analyzethe stored results.

When the trials are compl ete, we analyze the generated synthetic data.
Averagingtrial valuesapproximatesEVs. Frequency distributionsand time-
spread variable confidencebands are easy to obtain—for example, the PV
distributionshownin the lower left o Figure 7.3.

Averaging the PV outcomesapproximates the expected monetary value
(EMV).The precisiond the EV and probability distribution shape approx-
imations improves as we increase the number o trials.
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Simulation Flow Diagram

The EMV may be sufficient informationfor decision making. However,
in the spirit o full and clear communication, it is good practiceto include
the PV distributionin the analysis presentation. Different distributionfor-
matsare available:

B AggregaingPVs intogroupshy sizeand displayingthevauesasa frequency
higogram providesthe approximateshape d the PV probability (density)
function.

Sorting PVs by magnitudeand displaying PV asafunctiond rank yields

the cumulaivefrequency distribution.

Thesefrequency distributionsapproximate the shape o the solution prob-

ability distributions.

How Random Sampling Works

We obtain sample, or tria, valuesfor chance variablesby asimple process.
In simulation, we often call these random variables, because a random
number generator drives the sampling process. Synonymsinclude chance
variable and stochadtic variable. We will ook at conventional Monte Carlo
samplingfor continuousand discrete events.
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I_'I'ime to Complete Other Activities Probability
3 months
4 months
5 months

ThreeLevd Input Didribution

Discrete Distribution

In the decision tree analysis, we needed to abstract Time to Complete
Other Activitiesinto adiscrete distribution. Table 7.2 shows my three-level
distribution. [Thereare many combinationsdf branch outcome values and
probabilitiesthat will providethe sametarget mean (1) and standard devi-
ation (0).] With ssimulation, we can avoid this discrete abstraction: we can
represent thefull range d possible outcomesd any uncertainty. However,
forillustration, let's ook at how we could samplethe discrete Time to Com-
plete Other Activitiesdistributionin asimulation.

A random number function providesa random sampling parameter be-
tween zero and one. Mot random number generators, such as the RAND ()
functionin Excd, providea uniformdistributionwith equally-likely values
intherange, zeroto one.

To set up the discrete distribution for sampling, divide the zero-to-one
interval into segmentswhose widthscorrespond to the probabilitiesd dif-
ferent outcomes, asillustrated in Figure 7.4.

Each partition's width correspondsto the probability d the correspon-
ding outcome. The examplelogic workslike this:

RN = random number
If RN < .3, then

Time to Complete Other Activities= 3 months
dseif RN < .7, then

Time to Complete Other Activities= 4 months
dse

Timeto Complete Other Activities= 5 months.

When using Monte Carlo simulation, we seldomwould use adiscretea p
proximation for a continuousevent. “Risks,” however, are often binary: &-
ther the risk event happensor not. Thisiseasy to simulate with logic such as:

Probability d Weather Delay = .24

RN = random number

If RN < Probability  Weather Dday, then
Wesgther Dday = True.

If true, then we could apply atime, cost, or other impact in theform o
acontinuousdistribution, as explained next.
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Figure 7.4

Figure 7.5
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Continuous Distribution

After an expert takes time to judge Time to Complete Other Activities,
she would normally express her opinion as a probability distribution. Con-
sider the probability density functionin Figure 7.5. This isa normal (Gaussan)
digribution shape, with p =4 monthsand o =.775 month. This distribution
isthisexpert'sforecast for this variable.

Inthe decisiontree analysis, Timeto Complete Other Activitieswas ab-
stracted into the three-value discrete distribution, shownin Table 7.2. With
simulation, we do not need to convert theform o the original distribution
if it was a continuousdistribution. In simulation, we can represent thefull
range d possible outcomes.

Simulation software often allows directly entering the probability den-
sity distributionas an input assumption. Do not worry about the actual cal-
culation method. Conceptualy, the sampling process uses the cumulative
form o thedistribution.

We want to convert the density curve o Figure 7.5 into the cumulative
curve d Figure 76 [1]. The conversionis straightforward. The probability
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Cumulative Probability Distribution

density distribution has a normaization requirement that the area under the
curve equals1. We obtain the cumulativedistribution by adding the area
(i.e., integrating) under the probability density functionfromleft to right.

Both Figure 75 and Figure 76 fully represent someone's judgment about
the uncertainty, Timeto CompleteOther Activities. The cumulativeformis
more convenient for our present purpose. For any Timeto Complete, t, on
thex-axis, the curveintercept isthe probability that the outcomewill beless
thant.

Refer to Figure 7.6 for thisexplanationd how (traditional)Monte Carlo
samplingworksfor a continuousdistribution[2]. On asingle passthrough
the simulation model, we want to determine atrial valuefor this activity
completiontime. Most random number generators produce a number cor-
responding to a zero-to-oneuniformdistribution. Thisis the sampling pa-
rameter and, conveniently, maps to the cumulative probability axis. To
obtainatria vduefor thisvariable:

1. Enter the y-axis at the sampling parameter (randomnumber).

2. Moverightward to the cumulative curve.

3. Movedown to the correspondingvaue on the x-axis. Thisx-axisvalueis
the tria vduefor thisvariable.

Supposethe random number generator providesavaued .685. Asin-
dicated in Figure 7.6, this correspondsto 4.4 weeks on the x-axis. We sub-
stitutethistrial value into the deterministicproject model. We next obtain
trial valuesfor the other random variablesin similar fashion, using a dif-
ferent random number for each variable. We then solvethe model for atrial
projection. Thisis but one particular scenarioin the simulation run.
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Note that if we samplean input distribution many times and graph the
valuesin afrequency histogram, then the shape will approximate the orig-
inal probability distribution. The key to simulationisthat thisrandom sam-
pling process preserves the character o the original distributions. The
match improveswith moretrialsand finer histogram divisions.

If we sample adistribution many times and average the result, the av-
erage approximatesEV. The mathematically inclined may recall theintegra
equation that random samplingsolves.

EV= Txf(x)dx

where x is the outcome value, and £(x) is the probability density function.
Thesimulation process performsthe integrationfor us—approximately.We
need simul ation becausefor most evaluation problemsd interest, theinte-
gration defiesdirect mathematical solution. We do not haveasimpleequa
tion form for the solution f(x); it is distributed through the fabric of our
model. Thus, Monte Carlo simulationis solving avery difficult, if not im-
possible, caculus problemfor ud

Wastewater Plant Simulation

Figure7.7 showsarevised decision modd for the Wastewater Plant decision
d the gold mine development project. We now use continuous probability
distributionswhen we can, to represent the possibilitiesmore completely.
Being able to use continuous distributionsis an important advantage that
simulation has over decision trees.

The Evaluate Used alternative in Figure 7.7 involves inspecting and
testing the used unit. In the decisiontree analysis, the evaluation outcome
was either "Favorable" or "Unfavorable.” These outcomes are correlated
with the timeto complete the used unit through a joint probability table.
On the basisd the evaluation outcome, the probabilitiesfor the different
times to complete outcomeswere revised by applying Bayes rule.

Simulation dlowsaricher representati on. Whilewe can discretely model
Bayeslike dependencies eadily, we can use a more red-to-life description.
In the simulation, we obtain an estimatefor Time to Complete Used Plant.
Theuncertainty d thisimperfect informationis represented by aseparate Es-
timate Error distribution. Hereis the way | model the estimation result:

(Estimated Time to Ingdl) =
(TrueTime to Install New Plant) x (Edtimate Error Function).

We can incorporatevirtually any number d chance eventsinto a simu-
lation modél. Thisis unlike decision trees, which can quickly becometoo
large to solve. Table 7.3 documents the probability distributions in the
Wastewater Plant model.
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Decision Model

To further embellish the Wastewater Plant example, | added another
chanceevent, a Ddlay Cost variable. Thisisthe per-monthfinancial impact
d ddlayed (or accel erated) mine start-up. (Inpreviousdecisiontree models,
thishad been afixed-impact, pre-tax $150k/per month.)

Figure 7.7 showsthevariousdistributionsused in the ssmulation modd.
Note that the discrete distributionsused earlier are now represented by -
ther normal or bea distributions. The normal distribution has two parame-
ters (u and o). Beta distributions are simple functions that can resemble
many shapes (by adjustingtwo shape parameters, a scaling coefficient, and
an offset), rangingfrom asymmetric, normal distribution-lookingdistribu-
tion to highly skewed (asymmetric)distributions. Here, beta distributions
provideasymmetric bell-shaped di stributionswi th postiveskewness (longest
tail on the positiveside). Chapter 10 describesthese and other popular dis-
tribution shapes.

Results

Table 74 showstheresultsd a500-trial simulationrun. The numbers, while
close to those obtained from the decision tree andlysis, are somewhat dif-
ferent due to the increased detail o the continuous distributionsand the
added Delay Cost variable. The Used Later cost islower than the Used Now
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' | Input Variable ‘Discrete Distributions| Continuous Distributions Units
(Decision Trees) (Simulation)

| Time to Complete Other Activities | {.3,3;.4,4;.3,5} | Normal(4,.775) | Months
| Time to Complete Skid Unit | {.2,46,5;:2,6} | Normal(5,.632) | Months
| Time to Complete Fixed Unit | {.2,5;.5,6;.3,8} | 3.067 *10 x Beta(2,4) | Months

Time to Complete Used Unit | {.3,3;.35,4;.35,12} | 1+ 27.5 x Beta(2,8) | Months O
}@j Unit Estimation Error | Normal(1,.3) l Estimate Factor , ,
| Delay Cost | Normal(150,22.5) | $Thousand/Month | |
Table 7.3 Input Digtributions
Table 7.4 EV Cogts ‘

cost because, in this modd, the testing and inspecting cost ($30,000, in-
cluding deposit) is expensed rather than capitalized for taxes. This cost,
however, reduces theinvestment required if this Used alternativeischosen
after inspection.

Without the Eva uate Used option, the decisionwould be made today by
comparingthedistributionsfor the three base plant aternatives. Figure 7.8
presents the cumulative distribution curves|3] for these options. The Skid
alternative has adight advantagein havingthe lowest EV cost. The skid
plant dsoistheleast risky (risk evidenced by thewidth d the distribution).
Thestair steps are caused by using monthly time periodsin the cashflow
projection model.

It is aso an option to inspect the used plant before committing to a
choice. After taking one month to do this evaluation, the project manager
will again comparethe plant aternatives. Now the Fixed and Skid alterna
tiveswould be delayed one month, dightly increasingtheir EV costs. The
Used alternativeisalso reassessed, based upon the eval uationinformation.
Thedecision policy would be to choose the alternativehaving thelowest BV
cogt. Figure 7.9 comparesthe Evauate Used alternativewith the Skid alter-
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native. Pursuing the information alternative, Evaluate Used, adds $96,000
d valueto the project.

Simulation in Practice

Simulation is excellent for calculating distribution curvesfor various out-
come parameters o interest. Figure 7.10 shows a histogramd simulation
resultsfor the improvement offered by the Evaluate Used alternative. Su-
perimposed on thefigureisthe cumulative distribution. Random sampling
and the accumulation bucketstypically result in an irregular distribution
shape. Although the histogram appearslumpy, thishaslittleimpact on the
BV calculation. The cumulative curve appears smoother, becauseit avoids
thetime bucket effect and dilutes any random sampling errors. Cumulative
curvesare most popular, in general, for comparingthe risk-versus-valuepro-
filesd thedifferent alternatives. Thesimulation model in thisanaysisuses
discrete, monthly time periods. This contributed to the discontinuitiesin
the resulting distributions. Without too much effort, we could modify the

model to use weeks, days, hours, and so on, to meet the precision require-
mentsd the study.
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Cumul dive Qrobabilty

Figure 7.9
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To minimize computer running time while increasing detail, there are
sampling techniques generally described as “design d experiments” (men-
tioned briefly in Appendix A, Summary o Methods).A closdly dlied tech-
niquecalled Latin Hypercube Sampling (LHS) has become very popular in
recent years. Thisis a hybrid between uniform sampling and traditional
Monte Carlo sampling. LHS reduces the number of simulationtrialsby as
much as 90 percent to obtain a desired precision.

Software

| think we can declarethat Microsoft won the spreadsheet war. Mogt people
are usingMicrosoft® Exad in devel oping custom business models. Thisap-
pliesto project models aswdll, unless using project scheduling software
such as Microsoft Project.

Excd isagreat analysis tool for small- to medium-sized models. Person-
dly, | prefer a procedural programming language for the big jobs, though
other analysts are comfortable creating enormous spreadsheet models.
Payoff tablesare straightforward, and | use Excd for these. Excd aready
has functions for sampling normal and binomial distributions, and 1will not
be surprised if afuture releaseincludessimulation capabilities. The data-
andysis functions are aready available, though not as convenient as these
next add-in tools.
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Incremental Improvement

In recent years, two add-in products have dominated the market for
Monte Carlo simulation in spreadsheets: @RISK @y Palisade Corporation
and Crystal Bdl@bpy Decisioneering, Inc. Both companieshave aggressively
matched most featuresd the other's products, and the software users are
the beneficiaries. These tools have different heritages and somewhat dif-
ferent design approaches. Nonetheless, each program has most o the
other's capabilities. In my opinion, these are both excdllent tools. De-
pending upon particular needs, however, some people may find one pro-
gram better than the other. Appendix B, Decision Anaysis Software, has
vendor information, including Web siteswith demonstration downloads.

@RISKversions are available also for Lotus® 1-2-3@and for Microsoft®
Project. There are at least two competingsimulation add-insfor Project, a
testament to both the popularity o Microsoft Project and increasing recog-
nition d Monte Carlo simulation in the project management community.

Optimization, Chapter 15's topic, isparticularly difficult with uncertainty.
We need simul ation because probability distributionsaredifficult, if not im-
possible, to combine mathematically. This requires typically from 100 to
1,000 timesmore computer time than solvingadeterministicproject modd .
Decisioneeringhas a companion program to Crystal Bdl, OptQuest®, that
optimizesdecision variables. RISKOptimizer® is Palisade's solution. For the
redly big jobs, both companiesoffer versons that distribute thesimulation
acrossa PC network.
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Comparing Simulation to Trees

Monte Carlo simulationis a complementary calculation alternativeto deci-
sion treeanaysis. Each techniquehasits advantagesand disadvantages. The
nature d the problem at hand, availabletools, and personal preferencede-
terminethe choiced method. Simulationisusually preferred in situations:

Having many significant uncertaintiesand contingencies
O Involvingaportfolio (e.g., strategic decisionsinvolvinga portfoliod proj-

ects)

Where outcome probability distributions are desired, providing addi-

tional insightsand for comparingrisk-versus-vaue profiles

Involving complex decision palicy (i.e., one not maximizingEV).

In contrast, decision trees are usually preferred for situations:

Involvingasequenced decisions(e.g., valued information problems);

usudly, these involve Bayes theorem calculationsto revise prior proba

bilities

Where there are low-probability events

Wherea simpledecisionmode! will suffice (often, decisionanalystsstart

with adecision tree model and then move to simulationwhen the model

becomesmore complex).

Simulation and decisiontreesare the principal computationtechniques
in decisionanalysis. Both methods solvefor EVs, thoughthey do soinvery
different ways.

Appendix A, Summary d Methods, includes a table that matches eval-
uation problem featuresto the better EV calculationtool.

Endnotes

1 Thisfigure showsa Cdl Assumptionwindow from Crystal Ball® by Decisioneering,
Inc. Used with permission. See Appendix B, Decision Andysis Software, for
vendor information.

2. Thisis conventional Monte Carlo sampling for independent variables. There are
other Monte Carlo simulation sampling methodsavailable, notably Latin hyper-
cube sampling.

3. Technicdly, the outcomesd a simulation are frequency distributions. Frequency
refersto sampledata—in thiscase, synthetic datafrom simulationtrias. A fre-
quency distribution convergesto the true probability density distributionif col-
lectedin many finebinsand after sufficienttrials.



CHAPTER 8

BY THE NUMBERS

Project risk management is about optimizing value. Decision analysisis the discipline for
making decisons under uncertainty and provides alogical, consistent prooess for project
managemeant decisions.

The Business Perspective

A Guide to the Project Management Body of Knowledge (PMBOK® Guide) -
2000 Edition defines project risk management (PRM) as "the systematic
process d identifying, analyzing, and responding to project risk." In deci-
sion analysis, our understanding d a systemis structured and quantified.
Probability is the language d uncertainty, and experts express their judg-
ments about risks and uncertaintiesas probabilitiesand probability distri-
butions. In thisdiscussion, | will emphasi ze quantification and value-based
decision making beyond what the PMBOK® Guide suggests.

In Chapter 3, | stressed that most organizations whose objective is to
maximize shareholder value are wdll suited to an expected monetary value
(EMV) decision policy. Project decision policy is most effective when we
combinethe usual triple objectivesd time, cost, and performanceinto a
singlevaue measure. EMV isthe expected value (EV) 0 the present vaue
(PV)d net cash flow. The project cash flow can be either actual cash or
cashflow equivalents:

Organizationswith multiple objectives and otherswith multiple decision
criteriacan dso apply decision analysis methods, as describedin Chapter 4.
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Figure8. 1

Model Scope

aration

Decommissioning
or Conversion

submodels \\

The Assst and Project Modds

Then, thelogica decision policy consistsd measuring value (utility) witha
multi-criteria valuefunctionand maximizing BV utility (expectedutility, EU).

Mo projectsdevelopor build someform o asset. The asset life-cyde model
represents how business value depends upon the completion date and
changesin the asset's functionality or performance. Figure8.1 illustratesre-
| ati onshi ps between the asset model and the project model. Both may in-
corporate the results d detailed submodels developed to understand
particular processes, subprojects, or systerm components.

The asset modd, itself, may be part o a higher-level corporate or re-
source-planning model. The asset model should aways be a stochastic
model —that is, incorporating probability distributions—because every
project has uncertainties. The asset model relates such elementsas.

O Cog, time, and performance

Vdue d early completion

Impact o parameters, such as scope changes

Project projections, includingcriticaity indexes.
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2.1 Project Phases and the Project Life Cycle
4.1 Project Plan Development
5.2 Scope Planning
6 Time Management (project modeling)
7 Cost Management
8.1.2.1 Benefit/Cost Analysis
10.3.2 Tools and Techniques for Performance Reporting (variance analysis; earned value)
11 Project Risk Management
12.1.2 Tools and Techniques for Procurement Planning (contract type selection)
12.4 Source Selection
Table8 1 Project Adtivitiesfor Udng Decison Andyss

Thedetailed project modd istypicaly deterministic, that is, without dis-
tributions. If lessthan, say, fifty activities, we might incorporate distribu-
tionsinto the detailed project model. The amount o detail appropriate, in
either an asset or a project model, depends upon the situation and the ca-
pabilitiesd the analysisteam. Moddswith hundredsor thousandsd prob-
ahbility distributionswould overwhelm most o us. Expert system assi stants
(Chapter 17) will enable usto develop, maintain, and apply larger models.

AsFigure8.lillustrates, I'm advocating (a) astochasticasset model with
alesserdetailed project modd inside, and (b) adeterministic project model
for detailed planning (not evaluation) and control. We can do most risk-re-
sponse evaluationson the side as simple decision analyses.

PRM benefits from focusing on the key drivers, risk mitigation actions,
and the effectsdf uncertainty. | n contrast, project execution and control
benefit from planningin great detail. Thus, the asset life-cycdle modd typi-
cally containsa simplified project submodel, developedinitially before the
detailed project modedl. Thefull project model containstypically ten to 100
times more detail as the asset modd, in termsd resolution.

In modeling the project, do not neglect end o life. The asset may havea
successor use or be saleable. We might decideto build-on into a next ver-
sion or renovate to extend the planned life. Some assetswill have signifi-
cant decommissioningor abandonment costs.

PMBOK® Guide Sections

TheProject Management I nstitute (PMI) rel eased the PMBOK® Guide- 2000
Edition in December 2000, as | was writing thissection. Most changedis
the Guides Chapter 11, Project Risk Management.

Decison analysisis useful throughout the project life cycde The Guides
chapter on risk managementisthe most obviousareafor application. Table
8.1 identifies additional areas d project management, identified with
PMBOK® Guide sections, that benefit from decision analysis.
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% lamin general agreement with the PMBOK® Guide - 2000 Edition. My Appendix 8D,
Comparison with the PMBOK® Guide - 2000 Edition, describes several exceptions be-
tween PMI’s official pronouncement and the process that | describe.

In a streamlined risk-management process, described next, | use the
same PMBOK® Guide function numbersand names, with two noted excep-
tions.

Pre-Project Risk Management

Risk management beginsin thefeasibility study. A stochastic (probabilistic)
model d the asset life cyde providesthe basisfor justifying the project. This
includesapreliminary and coarse project modd for cal culatingdistributions
for time and cost to do the project. The structure o the summary project
model developedat this stage hasa preliminary work breakdown structure
(WBS) or other activity network representation. Include mgjor discretecon-
tingencies. Probability distributions, d course, express judgmentsabout un-
certaininput variables.

We should maintain this asset model throughout the life cycle. Update
this model as new information becomesavailable. Asillustrated in Figure
8.1, there are two project modelsin different detail. Check the project
model and asset model after revisionsto ensure consistency.

Important risks provide opportunitiesfor improving the project. What
aternatives exist to improve the project's risk-versus-valueprofile?

During the Project

The numbering on the following risk management functionsmatchesthe
PMBOK® Guide.

11.1—Risk Management Planning

Intheearly stagesd project initiation, we designand implement the formal
risk-management methodology. This defines roles and responsibilities,
databases, and control reporting.

It ishoped that, aswith decision policy, the proceduresand systemsare
not reinvented with a new project. Rather, the processisa proven, consis-
tent, and well-understood part d the way the organization operates. Spe-
cid circumstancesmay require some modification, and the purposed Risk
M anagement Planning is to fix the processfor this project. Appendix 8B,
Risk Management Plan, discusses plan elementsin more detail.
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11.2—Risk Identification

In detailed project planning, the project team creates, as applicable, the bill
d materials, WBS and an activity network diagram. The project model de-
tails elementsin schedule and cost estimation.

Risk Identification is about reviewing every input variable, activity, key
material, and resource. What are the threats and opportunities?Checklists
built-up from others' experiencesare valuablein getting started and in en-
suring compl eteness. | nfluencediagramsare able to represent rel ationships
not evident i n the activity network diagram. Classifying risks hel psidentify
common and redundant entries. Also, consider potential changesin the en-
vironment asrisks—i.e., the assumptionsmay change.

As you might have guessed from the book's subject and this chapter's title, the emphasis
in PRM will be on quantifying judgments about risks and uncertainties. Qualitative Risk
Analysis (PMBOK® Guide Section 11.3) has its place, if desired, to preliminarily classify
risks into three categories: "Important," "Not Important,” and "Possibly Important.” Be-
yond this, | strongly urge quantification.

11.3—Risk Assessment
In my scheme, this replaces PMBOK® Guide Section 11.3, QualitativeRisk Analysis.

The project base plan isasingle scenariowheretheinputs are EVs for con-
tinuouschancevariables. For adiscretevariable, | use the outcome nearest
the EV. Stochastic calculationsat an appropriate level, perhaps the asset
model, are the meansto eva uate schedule, cost, and performance.

We need judgmentsfor the valuesd every input variablein the model.
Thelist includes, especialy, risks from Risk Identification. Typicdly, the
most capableavailable persons judge these values. Their assessmentsin-
clude:

Single vauesfor variablesthat arewel known or can be cal culated with

precision; single values a so sufficefor less-important variables (priori-

tized subjectively at this stage)
O Probability distributions for important uncertain valuesin the project
model

Probabilitiesfor discrete risk events
B Probability distributionsfor impact variablesthat become relevantwhen

the associated risk eventsoccur (e.g., remedial action cost incurred be-

caused adeayed shipment)

Single-value or probability distributions for contingency plan imple-

mentation costs.
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% These are the "known unknowns" explicitly appearingin the model. | also suggest assessing
risk for "unknown unknowns" (things we haven't yet thought about) and an aggregation of
risks individually too small to warrant specific inclusion.

In PRM, the most common risk representationisin two parts:

(a) A discreterisk event for which someone judges a probability of oc-
curring. | often use theword contingencyfor such events. Theserisk events
can be either desirable (opportunities)or not (threats).

(b) The cost or timeimpact on the project as a continuous distribution
given that risk event (a) happens. In probability language, theimpact is con-
ditioned on the occurrenced the risk even happening.

As weve discussed, a probability distribution completely describes a
judgment about uncertainty for asinglechance event. However, there may
beinteractionsbetween variables (seeChapter 12). Wefurther need the ex-
perts to describe how judgments, described earlier, are associated (corre-
lated) with one another. Influence diagrams are useful in mapping
interrel ationshipand designingdetail ed submodels.

11.4—Risk Analysis
[n my scheme, this replaces PMBOK® Guide Section 11.4, Quantitative Risk Analysis.

Risk Analysisis about understanding overall project risk. The stochastic
asset model isthe basisfor credibleforecasts. Some practitionerscarry sto-
chastic calculationsthrough the detail ed project model aswdl, though this
may be overkill.

A common display o project risk isacumulativedistribution diagram,
such as the solid curvein Figure 8.2. The Base Caseis only one scenario,
used here as the zero reference. Cumulativedistributions show the possi-
bilities. Here we view project cost distributions (which may incorporate
cost-equivaent considerations for schedule and performance) both before
and after implementing risk-mitigationactions. An asset's value distribu-
tion would be similar (assumingthe model includesall life-cycleeffects),
though the x-axiswould instead be the asset value outcome (usually PV).

Sensitivity analysis (describedin Chapter 9) quantifies how uncertainty
and changesto input valuesaffect the outcome. Usudly, the target outcome
iseither asset value or project cost, depending upon the model. The pur-
pose d sensitivity analysisisto help prioritizeinput variables and model
constructiondetails.

Prioritizing risk events is important in PRM and done here in Risk
Andysis. The popular graph type o Figure 8.3 (either side) showsdiscrete
risks versus their conditional EV impacts. (Many practitionersuse a quali-
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tative matrix instead.) Project cost and asset value uncertainty are among
the outputs d afeasibility study. Figure 8.3 characterizestheimportance of
identified (discrete) risks[1]. Risk mitigation actions affect the probability
d therisk event or itsimpact, or sometimes both. For clarity, the illustra-
tion omits" opportunities” (favorableeffects). Importance o arisk depends
upon both its probability and impact. Risk management attemptsto move
threats "southwest™ and opportunities, "northeast.” 1s0-EV cost contours
are one way to segregate risks into importance categories. Appendix 8B,
Risk Management Plan, describesmore about evaluating candidate actions.

We should maintain and embellish, as appropriate, the project model
part o the asset model.

11.5—Risk Response Planning
What we do about the risks?Thisis the topic of Risk Response Planning.
Figure 8.4 showsthe hierarchy d this process.

Use brainstormingand checklistsagain to identify candidateactionsfor
mitigating each risk (or enhancingopportunities). Appendix 8C, Mitigating
and Avoiding Risks, may provideyou with someidess. For thisdiscussion,
we will assumerisksare only o the"threat” variety. Actionstypicaly re-
duce or eliminate risk or affect the impact, should the risk event occur.
From among the potential actions, which are cost effectiveto implement?
Theoptimal project planincorporatesthe combinationd actionsthat adds
most value to the organization.
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Figure 8.4 Risk Response Planning Hierarchy

Before-and-after graphs, as shown in Figure 8.2 and Figure 8.3, are good
formats for illustrating the benefits of Risk Response Planning. We can cal-
culate before and after distributions differing by a single action. It is the dif-
ference between curves EVs, such as those in Figure 8.2, that is the basis for
evaluating the candidate action.
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Inasimpleworld, we could do arisk/cost/benefit analysison every can-
didate action. The decisionswould be smple: Implement those actionsthat
add more BV benefit than their BV cost, However, correl ationscloud the
picture;

A risk mitigationaction may affect morethan onerisk. Synergies: "Killing

two birdswith one stone."

Severa actions may be candidatesfor mitigating one risk. Either action

may appear feasible, but together they are not. "Diminishingreturns.”

Implementingactions may affect thefeasibility d mitigatingother risks

and the effectsd other actions (bothin probability and impact).

These are common problemsin portfolio analysis. Here, instead o a
portfoliodf investments, we have asuited actions and are selecting port-
folio o response actions. There is much subjectivityin analysiswork, and
part of the anaysisdisciplineisfocusingon elementsthat matter most.

What if thereisnt enough money (or other constrai ning resource) to perform
dl worthwhilerisk-abatement actions?Like elsawherein life, we prioritize.
Instead o implementingeverything with a positive EMV—notwithstanding the
portfolioissues just mentioned—wewould prioritize to do the best with what
we have. Mogt practitionersuse areturn on investment-likecriterion. | men-
tion the most popular ranking criterion, discounted return on investment
(DRQI), in Chapter 3:

EMV

DROI =
E(PV Investment)

Chooseto implement those actionswith the highest DROI first.

11.6—Risk Monitoring and Control

Aninventory d risksand actionsis core to risk management. A database
repository isthefoundation. Datafieldsincludevarious classifications, re-
sponsibilities, watch points, and time windows. Recording original esti-
mates and actual outcomesis key to judgment performance feedback.
Appendix 8B, Risk Management Plan, provides more details about this
database.

At mgjor milestonesor other suitable points, post-implementationre-
views are essential for participants' learning and for capturing knowledge.
Thisis perhapsthe single most important way in which to improve an or-
ganization's planning and evaluation processesand sKills.

Keep Your Perspective

Whilethe earlier outline appearslinear, the processisiterativeand features
rework cycles. The asset and project model s should be coordinated, and we
alternate between looking at the forest versuslooking at the trees.
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Buildingasset and project modelsisthe most fun in analysiswork. Con-
ditional branchingiskey to makingthe model redistically dynamic. Itisa-
waysinterestingto experiment—Ilearningabout what isimportant and how
the project behaves under different circumstances.

Therearefour appendicesto this chapter:

8 A—Quick-and-Dirty Decisons

8B—Risk Management Plan

8C—Mitigating and Avoiding Risks

8D—Comparison with the PMBOK® Qui de - 2000 Edition.
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Thereisacommon misconception that decision anaysisistime consuming.
Many eva uationsreguire only afew minuteswith pencil, paper, and ahand
calculator. Once you are clear about the best course o action—stop the
anaysis! No further value will be added.
Decisions that warrant more extensive analyses have one or more o
these characteristics:
¥ Outcomesare difficult to value (requiringdetail ed cashflow modeling).
Outcomevauesare significantfor the entity, and warrant seriousatten-
tion to the decision.
O The best dternatives appear to have smilar valuesor cost.
8 Therearetoo many variables, compounded by correlations, to processin
one's head.

Common Simple Situation

Decisontree anaysisisyour solution method d choiceif you areever ma-
rooned on adesert idand. A solar calculator will help! Regardless, you can
sketch adecision model on the back of an envelope or in the sand, and do
some quick calculations.

Supposeyou have created a base project plan. Upon further reflection,
you now recognize a contingency that could affect project cost (and/or
schedule).Figure 8A.1 shows asimple tree-likemodel o thiscontingency.

Brainstorming about the possibilitiesis an important project manage-
ment function. Corporate planners cal it SVOT anaysis. identifying
Strengths, Weaknesses, Opportunities, and Threats. Note that contingen-
ciescan beeither unfavorable (threatsor risks) orfavorable (opportunities).A
large project may have hundreds o identified risks and opportunities.

Once weidentify a contingency, the manager should seek actionsto ex-
ploit or mitigate the situation. Thisis when project management can be
proactive, rather than waiting and possibly having to react. The actionswe
implement may change the probability that the contingency event will
occur, affect the project cost distribution (i.e., impact) should the contin-
gency event occur, or possibly bath.

We can often meet a contingency with several candidate abatement (or
exploitive) actions. An action can preempt the contingency event. More
often, actionsresult in only partial control. Flexihility and contingency plans
areamong thewaysto reducethe impact of negative contingenciesthat do
occur.
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Impact on
Base Plan
Low
Contingency
Happens _Medium
High
Does Not Happen
Figure 8A.1 Simple Contingency
probability*of Being
Upgrade to Adequate Cost?to Rebuild
Thicker Stock 40 $5,000
Premium Grade Stock
(but more difficult to machine) .90 $10,000
Machined Casting 1.00 $30,000
‘conditional, given that the original stock and fabrication prove inadequate.
Includes monetary-equivalent penalties for project delay.
Table 8A.1 Improved Base Plate Materid

Hereisatypica situation wherea quick-and-dirty decision model is ad-
equate. Supposeyour project involves building severa el ectromechanical
instruments. Alignment iscritical for certain components mounted on a
base plate. Theintended aluminum stock for fabricatingthe base plateis
easy towork, but may provetoo flexible and nondurablein the application.

Your team assessesa .12 chance that the aluminum-based plate chosen
for fabrication will be inadequate. There are three upgrade alternatives,
shownin Table8A.1.

Yau could upgrade to one o these other choices now, or see how the
originally planned aluminum stock worksout. Assume that if an initial base
plateis not satisfactory, you will have sufficient information then to know
what solution isrequired.

Wecan usethe Figure8A.1 templateto express judgments about the risk
and impact d the contingency. Figure 8A.2 shows how we can appraisethe
contingency. The EV cogt d the contingency is$1,200. Whatever dternatives
we consider must reducethe EV cost by morethan the cost o implementing
action. We decision analystscal this avalueof imperfect control problem.
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Resolve
with
Thicker Stock
Base Plate $5,000
Proves
Too Weak Yes 10,000 X s0 Premium Stock $10,000
Casting $30,000
No
$0
Figure 8A.2 Contingency Model
Base Plate Res_olve
with )
Proves Thicker Stock
Too Weak $5,000
$10,000
Use Planned
$30,000
$0
$10,000
$30,000
$0
Figure 8A.3 Decision Model

An alternative. Your company can decide now to use thicker aluminum
stock in theinitia fabrication. Thisinitially will cost $500 more. Isthispru-
dent?Sincethe $500islessthan the $1,200 EV cost d plateinadequacy, the
action alternative passesthefirst feasihility test.

Figure8A .3showsthe decision moddl. You want to evaluatewhether this
conservativeapproachisa justifiable precaution.
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The thicker base plate reduces the contingency probability from .12 to
.072. If it isinadequate, then the probability that we need the Premium
Stock increasesfrom .50t0 .833. Smilarly, the probability of Need Casting
increasesfrom .10 to0 .167. In this case, the candidate action (Thicker Stock
Initialy) affects both the probability and theimpact d the contingency.

The BV cogt o refabricationdrops from $1,200 to $960 if initialy we use
thethicker plate. However, the case with the thicker plate costs $500. Thus,
theinitial comparable BV cost with the thicker plateis $1,460. Therefore,
choosing Planned Aluminum Sock is most appropriate (for a risk-neutral deci-
sion maker or an organization that has an EMV decision policy). The
Thicker Stock Initially isaworse option, having a$260 higher BV cost.

Thuswe obtain alogical, defensible basisfor the decision. Thistype of
quick-and-dirty decision analysis fits many situations. A basic under-
standing d decision analysisshould be in every project manager and pro-
fessiond's toolkit.
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Risk MANAGEMENT PLAN

| resist suggestingoutlinesand formatsfor economiceval uationsand project

plans. Theformalismyou need depends upon the situation. However, three

topicsin thisappendix may servewd| asthe e ementsd aPRM plan:
Sensitivity analysis

8 Evauating aternatives

® |nventoryingrisksand actions.

Sensitivity Analysis

Modedlingisthe heart o evaluatinga system and the alternativesthat we
have to affect the behavior o that system. Sensitivity analysisisthe quan-
titative process o determining which variables are most important in the
anaysis, through determiningtheir influence on the outcomevalue. Sensi-
tivity analysisisafull section in Chapter 9, Modding Techniques.

Judgment playsan important role. Somerisksare clearly not important.
We should merely document those risks identified and considered "in-
significant." Briefly describingour rationaleisgood practice (incase some-
thing proved significant after all).

Evaluating Alternatives

We only need to model in sufficient detail to make an informed decision.
For most decision situations, we do not need to model the enterprise or
even the entire project. Typicd decisions are sufficiently localized so that
great simplifying assumptionsare reasonably valid.

Adding valueisthe goa in decision making. Quantitative methods are
much morelikdly to produce consistent, meaningful results. Lots o books
and articlesdescribematricesd risk versusimpact. Figure 8.3 showsan im-
proved, quantified version.

For choosing risk abatement actions, many practitionersadvocateare-
turn-on-investment decision criterion:

Profit Improvement
Cogt o Action

Most peoplededuct the Cost o Action in the numerator. If not, thisis
usually and more properly called a benefit/cost retio (BCR). Either way pro-
duces the same decisions. The decision rule is to implement the action if
theROI >0 or if BOR > 1.

ROl =
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Figure 8B.1

Project Risk Database

We usually measure costs and benefit valuesas PV cash flow. Then this
improved criterionis the DROI. Of course, since we're talking about risk,
then the numerator and denominator should aso be EVs.

It issmpler and less confusing just to talk about EMVs, though | point
out these alternatives because they appear so often.

Inventorying Risks and Actions

Asmentioned earlier in the11.6—Risk Monitoring and Control subsection,
the heart d PRM isthe databased risksand actions. Figure8B.1illustrates
the structure d this database.

An inventory d risks and actionsis core to risk management. A data-
base repository isthefoundation. Here are some exampledatafieldsin ad-
ditionto the elementsin Figure88.1:

B Areaor department owningtherisk

Person responsiblefor the risk

Relevant time horizon (a Gantt chart would be a useful display o risks

and actions)

Activitiesaffected

Responseresources needed if risk event occurs
O Watch pointsand early indicators.
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| am unaware, at present, d any computer solution that ties everything
together. These elements are usualy managed separately: the stochastic
asset moded, the (usudly deterministic)detailed project model, and the risks
and actionsinventory. Puttingadl thistogether isacomplex applicationde-
sign problem. Perhaps we await an intelligent assistant, such as an expert
system described in Chapter 17, to seamlessly integrate these project man-
agement elements.

113
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APPENDIX8C

MITIGATING AND AVOIDING RISKS

Portfolio Risks

It isan unhappy fact of lifethat there are usually many morethingsthat can
gowrongwith aproject than can unexpectedly go right. Although this sec-
tion focuseson the downside, the project manager should be constantly vig-
ilant for potential opportunities.

PMBOK® Guide Section11.5.2, Toolsand Techniquesfor Risk Response
Planning, classifiesactionsinto four areas.

.1 Avoidance. Changingthe project plan to eiminatetherisk.

.2 Trangference. Move the risk to a third party, usualy by contract. In-
surance, options, guarantees, and fixed pricesare examples.

.3 Mitigation. If we are unableto avoid or transfer the risk, wemight find
away to reducethe probability o athreat and/or impact, should the risk
event occur.

-4 Acceptance. Thisisthe default, "do nothing," when we are unable to
find a cost/effective action to deal with the risk.

The following outline describes some ways that you might find useful
when avoiding, transferring, and mitigatingrisks.

B Sharerisksby having partners (dilution or diffusion).

B Spread risksover time.

B Participatein many ventures (diversify).

M Group complementary risksinto portfolios.

B Seek lower-risk ventures.
Specidizeand concentratein asingle, well-knownarea, wherethe com-
pany enjoys advantages.

B |ncreasethe company's capitalization.

Commodity Prices

B Hedgeor fix pricesin thefutures markets.
B Uselong- or short-term sales (priceand volume) contracts.
B Tailor contractsfor appropriate risk sharing.
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Interest Rate and Exchange Rate

# Useswaps, floors, celings, collars, and other hedging instruments.
B Restructure the balance sheet.

® Denominateor index certaintransactionsin aforeign currency.

Environmental Hazards

B Buy insurance.
® |ncrease safety margins.
Develop and test an incident-response program.

Operational Risks

® Hire contractors under turnkey contracts.

®m Tailor risk-sharingcontract clauses.

B |Increasesafety margins, overbuild and overspecify designs.

O Have backup and redundant equipment.

m Acquire additional inventory and spares.

B Increasetraining.

®m Operatewith redirect and bail-out optionsat project milestones.
O Conduct tegts, pilot programs, and trials.

Analysis Risks (Reducing Evaluation Error)

O Usebetter techniques(i.e., decisionanalysis).

B Seck additional information.

O Monitor key and indicator variables.

8 Vdidate models.

® |nclude evaluation practiceswith project post-reviews.

® Perform paralld analyses with aternative approaches, models, and
people.

m |nvolve multipledisciplines, and communicate cross-discipline.

B Provide better training and tools.
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APPENDIX 8D

COMPARISON WITH THE PMBOK® Guide - 2000 EDITION

| support professional standards efforts, and | wish that | could have in-
vested more timein the PMBOK® Guide revision. Despiteimportant im-
provements, there are severa areasin the PMI standard that are not quite
right, in my humbleopinion. These standards are mostly avolunteer effort,
and | appreciatethat many people devoted what time they could spare to
the 2000 Edition.

In mid-2000, | submitted twenty-four comment formsto the PMBOK®
Guide Expoaure Draft. The project committee choseto rgject or only partially
implement some suggestions. Key points| offeredinclude: (a) requirement
d aclear decision policy; (b) risk management can apply to continuous
events; and (¢) emphasison risk quantification. Bdow, I'll expand on these
topics.

Asset Value Perspective

My background is corporate planning and economic evaluation, and | en-
courage project managers to begin risk management during the feasibility
study. Thefeasibility study heedsan asset life-cyclemodel so asto vauedif-
ferent alternativesfor the organization. We will assume your organization
isafor-profit corporationfor thisdiscussion.

The corporate-asset perspectiveis especialy important in decision paolicy:
How do we measurevaue?n order to make decisionsduring the project,
we need to know how project delivery affectsthe asset vaue after handoff.
In Chapter 4, we discuss how schedule and performance outcomesaffect
net cash flow, and, hence, asset PV.

So, | would liketo seethe next PMBOK® Guideedition be more emphatic
about encoding decision policy: objectives, time value, and risk attitude.
Corporatedecision palicy should apply todl projects. That's why | omitted
an “identify decisioncriteria’ step in Chapter 2s ten-step decision process.

Continuous Risk Events

| an pleased that the Guide defines risk in away so that the effectson the
project can be eitherfavorable or unfavorable Uncertainty didn't makethe
Guides Glossary, and I'm happy to suggest adefinitionin this book.

The Guides Section 11.4.3.1 contains the only mention o classifying
risksinto threatsand opportunities. The taxonomy isuseful, and | would like
to see thisin the next edition. | suspect these termswould be easier to in-
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corporate into the Guide if people could (would) agree on terminology
usage.

Project risks are not dwaysdiscrete events, despite my uncertainty defi-
nition in thisbook suggestingthat thisisthe customary case. Duringalong
project, for example, inflation might be important. | would normally cal a
continuousdistribution an uncertainty, but thisis splitting hairs. We don't
want to get hung up on arguable definitions.

My point, however, isthis. In the context o PRM, there may be actions
we can take to mitigateor exploit an uncertainty (risk) that isother than a
binary event. It might be a continuous-chanceevent, such asinflation (fur-
ther complicated by the time dimension), or a discrete chance event with
more than just true/false outcomes. A continuousdistribution, in somecir-
cumstances, represents both the risk and the impact.

Another point isthat most people oversmplifytherisk and actions. The
traditional risk model has us experiencethe impact only if the risk event
occurs. Let's talk threat, the potential for undesirabl e effect. Weimplement
arisk abatement to reducethe probability and/or impact o the risk. How-
ever, theworld isnot dwaysso simple.

For example: A risk management plan might implement a contingency
action (e.g., increasetheflexibility o acrew availability) if an early-warning
condition occurs(e.g., several predecessor activitiesareforecastingtofinish
late). If therisk event occurs(e.g., the activity cannot start when planned),
the impact might be higher costswith overtime, Soin thisexample, we have
multiple discrete risk events, contingent decision points, and at least two
occurrencesthat may affect project costs and schedule.

Risk Prioritization Needs Quantification

My biggest outstanding issueis about qualitatively characterizing and pri-
oritizing risks. Assigning grades such as high/medium/low to a risk is
asking for confusion. Using numbers—probabilitiesand distributions—pro-
vides unambiguous communication and alegitimate ranking and decision-
criterioncaculation (riskedDROI or EV, respectively).

Modelingis key to planning and decision making, from conception to
abandonment. | offered suggestionsthroughout the PMBOK® Guide about
recognizingtheimportanced an asset model that parallels, thoughinless
detail, the project moddl.

I'm hopingthat the next Guiderevision will mostly eliminate Qualitative
Risk Andysis, and that itsfunctionswill be attributed to a quantitative Risk
Analysisprocess. Maybethese together should be called Risk Analysis.

In thischapter, | described what | believeisbest practicein applying de-
cision analysisto PRM. That islargely the reasonfor this book!

117



118

Chapter 8--Project Risk Management —By the Numbers

Endnotes

1. Figure8.3isadapted from achart produced by PROAct™ project risk management
softwar e, by EngineeringM anagement Services, used with per mission (seeAp-
pendix B, Decision Analyss Softwar€).

2. In thisstuation, therevised probabilitiesare easy to calculate. More often, we
would use Bayes theorem.



M ODELING AND
INPUTS

The model isthe heart of most analyses. The project model capturesand expressesour un-
derstanding of the project as a system. Chaptersin this part further describe evaluation
methods, especially for dealingwith uncertainty.
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Chapter 10—Probability Distribution Types
Chapter 11—Judgments and Biases
Chapter 12—Relating Risks

Chapter 13—Stochastic Variance






CHAPTER9

For most systems, such as projects, developing a model isthe key to understanding the pos-
sibilities. The model represents the dynamics of the project and its behavior under different
decisions and circumstances.

Decision anaysis and the associated techniques help decision makers
choose wisdly under conditions o uncertainty. A decision anaysis ap-
proachis applicablewhen:

Thesituation has two or more aternatives.

O At least one alternative has multiple possible outcomes.
O Theranged possibleoutcomesis significant enough to warrant atten-
tionto the decision.

This chapter focuses upon quantifying outcome values. Most often, a
model is constructed and used to project different possible futures. Each
projection, or scenario, issummarized into an outcomevalue. Thissingle
value measures goodness or progress toward the organization's objective.

Forecasts from Models

Forecastingisthe most important analytic problemin business. Nearly every
decision presupposesaforecast: What might happen with each alternative?
A projectionisascenariothat reflectsa particular set d assumptions. A

model predictswhat will happen if the assumptionvaluesarerealized. Most
often, aprojectionis asolution o a deterministic model —that is, a model

without probabilities. The assumptionsmay be single-pointforecasts o the
input variables or merely what-if values. A base project plan, for example,

isone projection o what might happen.
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Aforecast isa projectionbased upon forecastsd theindividual input as-
sumptions. These inputs should be probability distributions when the
valuesare unknown. Herewe are talking about astochastic, or probabilistic,
mode. The termforecast impliesan anaytic processd estimationand ca-
culation. Inthe context o thisdiscussiond decisionanaysis, the bestfore-
cad isthe expected value (EV) outcome.

Inadditionto input values, theforecast model includes assumptions about
the sructure d the system. Thisstructureisthe fabric d the project modd,
thework breakdown structure (WBS), or activity nodes network, for example.

Forecasting Approaches

Thereare three general approachesto forecasting:

B Usingintuition or guessing

B Extrapolatingthe past, such as by linear regression

B Modeingthe system, and then usingthe moded to generate aforecast.

Intuition providesforecastsd questionablevalue. The predictionis be-
lievableonly if the source person possessesrecogni zed superior experience
and arecord d reasonably accurate judgments. Seldom are the assumptions
or reasoningadequately stated. Becauseintuitionishard to define, it is dif-
ficult to achieve consensusand train sUCCessors.

Extrapol ation requiressuitable historical dataand assumesthat circum-
stancesand behavior in thefuture will be smilar to what was experienced
in the past. Thisimpliesthat conditionstomorrow will be like conditions
yesterday.

M odelinginvolvesdesigningand buildingarepresentationd thesystem.
The model isan abstraction o the real world, based upon on€e's best un-
derstanding. Modelingis particularly valuablein situations that are new,
unique, or complex.

Traditional forecasts use single-valueforecastsd the model inputs. Ex-
ampleinputsincludeactivity costsand completion times. Single-vaueinput
assumptions calculate through the model to result in a single-value out-
come. Recdl that such mode sare termed determi ni sticbecause every vaue
issngly determined.

Deterministic Project Models

You may skip this section if you are already familiar with CPM, PERT, and PDM.

Amongthe quantitativetechniquesthat | learnedin businessschool, project
scheduling model swere perhapsthe most interesting. These moddlsarein-
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tuitiveand an elegant way to think about projects. Thissectionisan intro-
ductionto the methods, for those who may have missed this.

Gantt Charts

Americanindustrial engineer Henry Gantt (1861-1919)originated aform
d bar chart that bearshis name. He devel oped thisin the context of World
War | military projects. A Gantt chart, illustratedin Figure 9.1, displaysthe
activitiesin a project, and when they occur.

Thischartingtool, still popular, hel psbreak down the projectinto area-
sonable number of activities. It shows time to complete and sequencefor
every activity. It might also help determine scheduledependenciesand re-
source balancing, thoughit is just agraph and has no cal cul ation method-
ology.

Critical Path Method
Perhapsthe most popul ar project planning tool came from the chemica and
construction industries. The critica path method (CPM) grew out o a joint
effort between DuPont Company and Remington Rand Univac during
1956-59.
A CPM diagram is a directed network representing the sequence o

project activities. Origindly the representation was.

Activitiesasarcs
and these connect

Nodes (alsocalled " connectionpoints' o "events').

The "activity-on-arc" method clearly shows each activity and its se-
quencein the project, asillustrated in Figure 9.2.
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Activity-on-Arc

Figure 9.2 CP

sh

M Activity-on-Arc Diagram

The assessed completion time for each activity isthe number onitsarc.

The connection pointscontain two numbers: The upper number isthe ear-
liest timethat this point can be reached, and the lower number shows the
|atest timeto reach this point. Solvingthe CPM model involvesthese steps:

1

Calculate the earliest times by working left to right, chronologically,
through the network. The earliest completion at anodeisthelatest time
fromall d itsactivity connectionscoming from theleft.

. Cdculate the latest times by working right to left. Thelatest completion

time at anodeisthe earliest time, back-calculatingtimesfrom the activ-
itiesat theright.

. Thedifference between numbersinside the nodesrepresent slack, indi-

cating that connectingactivities can be somewhat lateand not delay the
project.

. Find the activitiesconnecting nodeswith zero dack. Thissequenceisthe

critical path (CP). Any delay in these activities correspondinglylengthens
the time to complete the project.
In recent years, it has become standard to represent activities on nodes.

Nonetheless, the CPM label persists, and the critical path isakey determi-
nation in project planning.

If thereisvauein shorteningthe overdl compl etiontime, we can examine

time-versus-cost tradeoff aternativesfor each activity along the critical path.
Thevalued accderating, or "crashing,” an activity isapproximately:

Vdue added by a crash program=
Days shorted by the crash program x Value/Day shortened
- Cogt d the crash program.




Chapter 9—Modeling Techniques

Thiscalculationis an approximation becausethe critical path is seldom
certain, and other activitiesmay become (more) critical aswe accelerateone
activity.

Program Evaluation and Review Technique

The United States Navy and Booz, Allen and Hamilton devel oped the Pro-
gram Evauation and Review Technique (PERT) during the 1950sfor the Po-
laris submarine project. It is similar to CPM, but with the addition o
probability distributions.

Thefoundationd a PERT analysisis an activity network diagram, with
activitieson the nodes. Mogt practitionerscall these either CPM or PERT
diagrams.

In PERT, we obtain estimatesd completion timefor each activity. Tra
ditionally, thesearein theform d three points:

Optimisticcompletiontime (L)

Pessimistic completiontime (H)

O Most likely (mode) completion time (M).

Here are the traditional formulas for the statistics (using "moment

methods" o Chapter 1).The mean timeto completeatask is.

The standard deviation o the completiontimeisapproximately:
H-L
o
6

Theseformulas approximate the statisticsfor a beta distribution. Then,
the project has a mean completiontimefor activities along the CP.

The standard deviationis:

| 2
Ocp = | z o;
| Act]

Activities 1
along the CP

These calculationshave two serious problems;

In PERT, we choose the CP deterministically. n a stochastic modd, we

wouldfind that other paths might become critical.

The standard deviation formulaassumes activity independence.

Despite these issues, PERT isatremendousinventionand is the under-
lying concept in some commercial project-planning programs. These defi-
ciencies are sometimes serious and warrant more-rigorous calculation
methods—notably, M onte Carlo simulation (simulation).
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Figure 9.3
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Precedence Diagramming Method

"Industrial-strength™ project-planning software has evolved to use a more
flexible activity-on-node notation. Figure 9.3 shows a typical node repre-
sentation. The project team supplies the Activity Code, Activity Descrip-
tion, and Estimated Duration. Theother boxeswill contain vauescal culated
by the program. Estimated Durationwould be asinglevaluefor adetermin-
istic model. It could be a probability distributionin a stochastic mode!.

Critical path analysishas evolved to a more general form, caled prece-
dencediagramming method (PDM). The chief advantageismoreflexibility
to represent activity starting and finishing conditions.

Thefour relationships possible between predecessor and successor ac-
tivitiesinclude:

Finish-to-Start (the only relationshiprecognizedin traditional CPM and

PERT methods)

B Finish-to-Finish

Start-to-Start

Start-to-Finish.

Although cumbersome, we can represent the last three relationships,
usingdummy nodesin PERT or CPM. PDM eliminates the need for dummy
nodesfor overlappingactivities. The arrowsin Figure 9.4 show thefour re-
|ationshiptypes.

A further PDM embellishment isthe ahility to include a time delay on a
link. Thisdlowsasmpleway to show delays, such asfor paint-drying time.

Deterministic Cashflow Models

This discussion describes decision making from the perspective of a business enterprise,
although the techniques apply to all entity types.
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Start-to-Start

Four Precedence Relationships

Chapter 3 and Chapter 4 describe valuing outcomesthrough decision
policy. Project managers are traditionally concerned with performance,
schedule, and cost. One needs alogicad way to trade off one dimensionin
termsd another. While thesedimensionsareimportant, it isimpossibleto
make consi stent decisionswithout away to determine acompositevaue.

Cash Counts

In business, valuederivesfrom net cash flow (NCF). The present value (PV)
calculation transforms an incremental NCFforecast into incremental cor-
poratevaue. Presumably, this cash flow isavailable to distributeto investors
or to reinvest in the business. Discounted cashflow (DCF)analysisisthe
basisfor most modern financial analysis. There are many arguable details,
such asinflationrate, tax rates, and cost o capital assumptions. The gen-
eral process, however, is straightforward and reasonably consistent.

Decison makingiseasiest if asingle value measure expressesthe quality
d the outcome. For most purposes, | recommend converting nonmonetary
dimensionsinto money equivalents. Thisisthe simplest way to deal with
multipleobjectivesor multipledecision criteria. Thus, project performance
and scheduletrand ateinto cashflow impact. Everythingimportant to the
decisionisreflectedin either revenues or cash expenditures. PV o the net
cashflow is the single-vaue measure. Alternatively, thisis often called net
presant value (NPV).

Figure 9.5 illustrates this evaluation approach. Shaded blocks in the
figure indicate common project outcome criteria that inherently lead to
multi-criteriadecision making (MCDM, in Chapter 4). Information gener-
ated in the development model and feasibility model can be used to gen-
erate NCF, and then the PV or EMV.
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Figure 9.5
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Problem and Model Scope

A good project model contains sufficient operating and financial detail to
reasonably represent theimpactsd the relevant decision alternatives. The
appropriatelevd of detail depends upon the decision at hand. Sometimes
aquick inspectiond the model outputs will indicate an obvious decision.
In other situations, the relativedifferencesin outcomevaues may besmall.
When thisisthe case, further analysiseffort iswarranted, perhapsincor-
poratingfurther detail in the model.

The mode's scope is one d the most important analysis-design deci-
sions. The subject system d the analysis may be dl or part o an industry,
abusiness, aproject, or atransaction. The scope usudly needsto consider
the remaining life cycle o the project and sometimesthelifecyde d the
product o the project (asset),asillustrated in Figure 9.6. Decision analysis
techniquesare fully general, and apply to constructionor nonconstruction
projectsequally. Sometimes managersconcern themselvesonly with ade-
velopment or construction phase; thisis usually inadequate. Completion
time and asset performanceal so impact vaue by affecting cash flows. Al
important details and aspects o the problem should be incorporated into
the modd, at least to the point when the best alternativeis clear.

Projects often influence other areas o corporate operations, and even
other projects. Simplifying assumptionsare usually necessary. e want to
avoid modeling the entire corporationfor every decision. However, we need
sufficient detail to adequately forecast the impact on corporate NCF. Thein-
cremental effect on corporate NCFand its PV are generally the most useful
model outcomes. Accuracy is usualy better—and more significant for our




Construction

Chapter 9—Modeling Techniques

Operation | g

End of Life | = |

Figure 9.6

Fy

Feasibility Model =

Decommis-
sioning and
Reclamation

Construction Operating
Model Model

l

Corp. Net

Cash Flow
—_—

PV or EMV
——

Evaluation Scope in Asset Life Cycle

purpose—regarding the difference between alternativesthan for the actual
aternative values.

Thescope d the problem-solving processisimportant. The need to esti-
mate incrementd corporatevalue drivesthe scope o the decision model.

Modeling Process

Typicdly, an evaluation processisinitiated when a problem surfaces. Some-
thing happens, or a new idea or information surfaces. It usualy involvesa
choice about alocating resourcessuch astime, money, or materials. Thesit-
uation may bewhereamodest effort or investment potentiallyfrees or safe-
guards much greater resources.

Recall that Proactively Identify Decision Opportunities is the first step of the decision
analysis process, described in Chapter 2. It is unfortunate that most people are so busy
and reactive that they do not have time to create decision-makingopportunities.

Increasingly, businessesare recognizingthe value d proactively creating
new dternatives. We professional sshould continually ask, "What can we do
toimprovethevaued this project?' And, "What might happen, different
from plan, and what can we do to protect from or exploit the contingency?"
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Often, a cross-disciplined project team is involved or assigned to the
problem. The team should first define the problem (Step 2 in the ten-step
process) and include a situation description.

Modeling Flows

Understandingthe project and itselementsisessential to developingavalid
model. The modd represents our understanding o how the project (or
asset) behaves under different conditions.

We must choose a logicd framework for devel oping the model. Factors
in the model may haveinherent flow relationships. It usualy workswell to
adopt one or more d thefollowingas atheme for the modeling process:

Sequenced activities

How o information

How o physical units
B How d labor hoursand material quantities
B How d cash
B Howsd incomeand expenses (accountingbook basis).

Theidead conservation o mass, money, €tc., iswidely applicable. Itis
wiseto build-in checksto ensure that dl resourcesunits are accounted for.

We build these model swith mathemeatical formulasand variables. Here
are two examplestatements:

Net-Cash-Flow = Cash-Margin - Income-Tax - Capital-Expenditures

Date Prototype Testing Begins= Maximum
(Prototype-Congruction-Finish, Testing_Facility_Construction_Finish).

System Diagrams

The first step in any modeling effort is to identify the objective o the
andysis. If oneisselectingthe melt processfor a casting plant, three alter-
natives are available: cupola, induction furnace, and arc furnace. It is not
theaccuracy o the estimatesthat isimportant in decision making. Rather,
it isthe relative values between aternatives. If the best two aternativeshave
similar values, further analysisis usually appropriateto refine these choices
and discriminatethe better value. This may include opti mizing operating
design and parametersfor each major strategy choice.

Determiningthe appropriate model detail isa balancing act. The model
should encompassall important features o the system. The project team
and decision makers should be confident that the model behavesin away
that is consistentwith their understanding o the situation.

Before beginningto actualy construct amodd, it ishel pful to conceptualize
the mode'sorganization or structure. The genera planningruleapplies." An
investment in planning hasa ten-fold savingsin execution." A modeling con-
ceptud error, found at an early sage, ismuch easier and lessrisky to correct.
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A diagram o the problemis a good early investment. We can do this
with littletime and effort, beforelaboringwith the details o formulasand
values. A system-flowdiagramisuseful in depicting essential features.

In project management, the starting point may be the project planasa
WBS Thisprovidesalist o the project's activitiesand the precedencere-
|ationships. The graphical equivalentisthe CPM, PERT, or PDM diagram.
Costsand, possibly, performancedetailscan be built upon the base project-
schedule model.

A similar diagramming approach, focusing more on the variables, isan
influence diagram. Figure 9.7 showsan example.

Thearrowson thearcsin Figure 9.7 show the direction o influencesor
causdlity. Common symbol shapesin influence diagramminginclude:

Rectangles or squaresfor decisions

Ovalsor circlesfor risk or uncertainty variables
8 Double-ovasfor deterministiccalculationvariables(i.e., formulacacu-

lations)

Rounded-corner rectanglefor payoff variable(s), the basisfor decisions

(suchas EMV).
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In Figure 9.7, the subject decision is whether to accelerate an activity,
Construct Prototype. This activity is part o a much larger program or
project. Prototype Testingfollows, althoughthere may be adelay. The Pro-
totype Testing Start Date affects the activity costs and the project's overdl
timeto complete. Whether an activity ison the CP determineswhether de-
laying the activity directly delaysthe project's overal completiontime.

Influencediagrams are agreat way for a project team to begin working
on anew, unfamiliar problem. Memberscan discuss the variablesand their
rel ationshi pswhile drawing the diagram on awhiteboard. Sometimesteams
resolve problemsthrough theinsightsgained just by developingthe graphic
model, without resortingto quantitativemodeling.

Such diagram drawingis the central practice in system dynamics, the
discipline d modeling dynamic systemswith rate-of-change (differential)
equations. "Loopsand links" are often positive or negative,feedback con-
nections, illustrating(qualitatively) how the system behaves.

Detailed modeling should not proceed until everyoneissatisfied that the
diagram adequately and faithfully expressesthe team's understanding o
the system and decision alternatives.

Other Modeling Concepts

M oddling proficiency comeswith practice. Smplicity isahallmark of agood
model; there is elegance in a minimal representation that adequately
matches the project manager's view o redlity.

Following are several useful conceptsin modeling.

Decompositionisthe processd breaking down somethingcomplexinto
understandabl e and workable components. This technique pervades most
analyses. Decomposition enables better intuition and alowsdealingwith
more detail than would otherwise be possible. We can break out submodels
for organization convenience, and link them into amain model.

Synthesisisthe processdf combiningcomponentsinto alarger whole.
In modeling, synthesiswould naturally follow decomposition. Having de-
composed the probleminto smaller parts, we can combinethe components
into the overdl model. Often, we can develop a submodel to better under-
stand a portion o asystem. Typicdly, we areinterestedin aprobability dis-
tributionthat isdifficult to judge directly. We can then copy the submodel's
distributioninto the higher-level model.

Sensitivity analysisisvery important in deciding which elements sig-
nificantly impact the outcome. It permitsthe modeler to examinethe de-
gree to which an outcomevariableis affected by changesin input variables.
f arelationshipisfound to be important, additional analysis may be war-
ranted to further definethe probability distributiond theinput variable, or
to more precisely definethe formularel ationshipsin the moddl.
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Unfortunately, new situations most often require partially or whol I)./
custom models. Typicdly, 60 percent o the effort d a decision analysisis
in constructing the determini stic cashflow model. Research has shown how
to construct model logic modules for phenomena in typical projects.
Reusing standard moduleswill lead to more efficient model development
in thefuture.

The deterministic project model isthe cored a planning or an evalua-
tion analysis. The mode aidsin makingforecasts, regardiessd the proba-
hiligtic techniqueinvolved. Its main functionisto generateprojectionsand,
hence, valuesfor each possible outcome scenario. We then use probabili-
tiesto weigh the outcomevaluesinto the EV forecast o adecisionvariable
such as EMV. Usudly, we evauate every path through adecisiontree, and
every trial scenarioin asimulation with a deterministicmodd.

Modeling Tools

Compuiter assistanceis preferredfor dl but the smplest decision problems.
Computersallow usto include a much greater scope d considerationsin
the models.

Thereisawdl-established industry in proj ect-scheduling software. Much
d the commercia softwareislimited to certain aspectsd project manage-
ment, including controlling cost, resources, or completion time. Modelsto
calculate construction costs are often the most detailed. However, project
cost is but one component of corporate NCF. Other toolsare being devel -
oped (or are available, but not used extensively) that permit more sophisti-
cated modeling o project network diagrams (PNDs). These rely on PNDs
that permit other logical relationshipsbetween activities that are not typi-
cally availablein commercial programsfor project planning, scheduling,
and control.

Often we need a custom modd, tailored to the situation at hand. Avail-
abletoolsinclude:

Computer spreadsheets

Formula-based modeling tools, such as Javelin@r Lotus@ mprov"*
O Procedural, high-level programming languages, such as Microsoft® Vi-

sual Badc™"

Graphical modeling toals, such as High Performance Sysems’ ithink®

Modelinglanguages, some that now permit visual display o the results

d dynamicinteractions,e.g., CACI'S SMSCRIPT II®

Task-specificmodeling programs, such as Microsoft Project

A variety o other toolstoaid in definingand refininglogicd relationships

between variables, such asflow charting and diagramming programs.
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Spreadsheet programsare the most popul ar business-modelingtool. For
larger problems, formula-basedtoals provide a more manageableand pro-
ductive environment. For thelargest moddls, or for thosewith complex for-
mulas or conditional branching, procedural programminglanguages have
an advantage: detailed modularity. Microsoft Visud Basc' " ispowerful,and
well-done models are mostly readable by nonprogramrners. The graphical
modeling toolswill become increasingly functional and popular.

There are many tools available for project planning. An increasing
number o these solvethe project activities network with simulation. These
toolsgenerateforecastsd cost and compl etiontime asdistributions. At this
writing, there are at least three add-in simulation programsfor Microsoft
Project. Other vendors o project management software have added simu-
lation capabilities.

Beyond the current toals, we can potentialy reducemuch o the moddling
effort through rule-based expert systems (asubset d artificia intelligence,
discussed in Chapter 17). Actudly, the amount o work isunchanged; wedd -
egate mored it to the computer.

Sensitivity Analysis

Project modelsare comprised o variables and formularel ationships. We
combine input variablesin formulasto determine how the project system
behaves and the corresponding outcomevalue. Obvioudy, some variables
are more important than others. Sengitivity analysisisthe processd ana-
lyzing therelativeimportanced e ementsin the modd . Usually wefocus at-
tention on theinput variable assumptionsand not on the model structure.

A nonprobabilistic, or deterministic, cashflow model providesthe basis
for valuing each possible outcome. Monte Carlo simulation and decision
treeanaysisarewaysto recognizeuncertaintyininput variables. Theserep-
resent judgments about risks and uncertainties. Applying decision tree
analysis, Monte Carlo simulation, or other probabilistic techniquesturns
the deterministicmodel into a stochastic model.

Therea purposesd sensitivity analysisareto:

I dentify key variableswarranting specia attention

Provideinformationto back up a presentation and recommendation.

The analyst may want to allocatetimefor obtainingexpert judgmentsin
rough proportion to the importance d the variables. Typicdly, two to five
input variablescause over 90 percent o the uncertaintyin the outcomevaue.

Sensitivity to Individual Inputs

In the simplest application, we perform sensitivity analysisby making d-
ternative"what-if" trials o adeterministicmode with step changesin one
or mored the variables. These can be either chance or decisionvariables.
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Usudly, only onevariableischanged at atime, holding the other variables
at their base casevadue. Thisform o sensitivity analysisis easy to perform,
and does not involve probabilities.

A spider diagram, such as in Figure 9.8, is a popular way to present
simple sensitivity analysis. The x-axisis a factor deviation from the base
case. Althoughthey-axiscan be any dependent parameter (PV,internal rate
d return[IRR], and so on), the outcomevalue measureis most meaningful.

IRR is the discount rate that makes PV = 0. This popular decision criterion representsthe
yield of the unamortized investment, and is often used for ranking investments under a
capital constraint.

Figure9.8 showsthe model's outcome sensitivity to changesin individua
input variables; the more sensitivethe model to a variable, the steeper the
dope.

A drawback to the spider diagram isthat percent deviationsdo not in-
dicate the ranged uncertainty for each variable. A variant o thisdiagram
adjuststhelengthsd the"legs' to confidencebounds (for example, 80 per-
cent confidencelimits) for the respectivevariables. Some practitionersfur-
ther embellishthe graph with "webs" connectingthe confidence points.

Figure 9.9 showsa popul ar sengitivity chart in project evauations, where
the project can either succeed or fail. Thisisasingle-variablespider diagram,
with chance d successastheinput variableand EMV asthe outcomevalue.
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A recently more-popular sengitivity graph isthe tornado diagram, shown
in Figure 9.10. Thishasthe benefit o expressingthe combined effect o the
variable range and model sensitivity to that variable. We run alternative
what-if cases, changing one variable at a time to alow confidence bound
(e.g., 10 percent), then to a high confidencebound (e.g., 90 percent). The
graphinthefigure prioritizesvariablesin sequence d importance, according
totheranged the resulting outcomevaues. When the graphisorientedin
the manner shown, the outlined the barsresemblesatornado. Note that
the top four or five variables account for most d the outcomeuncertainty.

Leverage Model
Both deterministicand stochastic models are suited to sensitivity analysis.
Stochasticmodel sshow the additional effect d uncertainty in theinput vari-
ables. Variableshaving ahigh degreed uncertainty have acorrespondingly
greater influence upon project outcome uncertainty.
Inthetornado diagram featured in Figure 9.10, two effectsdetermine the
importanced avariableto the analysisoutcomevalue:
E The sensitivity d the modd to changesin the variable'svalue (i.e., the
doped thelinein a spider diagram)
O Theuncertainty, or range, d the variable.
These two aspects combinein a"leverage” effect, asillustrated in Figure
9.11. Symbalicdly, we havethisformulare ationship:

(variablesimportance) = (uncertaintyin the variable) x
(sengitivityd the model to thisvariable).
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Variable Interactions

Sometimesin performing sensitivity analysis, we simultaneously change
two or morevariablesto determinethe joint, or combined, effect. The joint
variance (change)is usuadly different than the sum o the component vari-
ances. Analysisd joint effectsis cumbersomewith conventional sensitivity
analysisutilizingthe deterministic model.

Thereisareatively new way to do sengitivity analysisthat recognizesthe
possible interactions of variablesin the calculations. Run a Monte Carlo
simulation, savingthetrial valuesd theinput variablevaluesin additionto
outcomevalues. For each input variable, calculate acorrdation coefficient
between the input and outcomevariables. The correlation coefficient for-
mulaisin Appendix 1A, Moment Methods.

This gtatistic represents the degree o association (correl ation) between
thevariable's random samplevauesand the project's trial outcomevaues.
The magnitude d the correlation coefficient isa measured sensitivity to
that variable.

The correlation coefficient (p) rangesfrom +1 if thevariableshave a per-
fectly positive correlation to -1 when they have a perfectly negative corre-
lation (both rare). A +1 would mean that the sequenced (ranked) input
variablevauesand outcome valuesare perfectly paired. If the correlation
coefficientiscloseto +1 or -1, then we should ssimply use aformulato ex-
pressthe dependent variableas afunctiond theindependent variable. A
zero correlation means that there is no apparent pattern (correlation)be-
tween an input and the outcomevariable.

Figure9.12 isasenstivity chart illustratingthe relativeimportanced each
input variable, accordingto variable rank correlation. (This graph was gen-
erated with Crystal B |. @RISKproducesa similar chart. See Appendix B.)
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% Rank correlation uses the rank sequence of data values (ordinal scale data) rather than
the values themselves (ratio scale data) in computingthe correlation coefficient.

Aswith atornado chart, we prioritizeinput variablesby thewidth o the
bar. We can obtain asimilar sengitivity chart, with the sameranking of vari-
ables, by approximatingeach input variabl€e's contribution to the variance
(02) o the outcomevariable.

If I could use only oneform d sensitivity graph, thiswould beit. There
isonelittle problem, however. Sometimes we have astrong correl ation be-
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tween aminor variable and an important variable. In the model in Figure
9.12, ShippingUnit Costisd” minor importance, but ishighly correlated to
Material Units (p=-.5 in the model). Disabling correlation alows such
minor variablesto drop out. Thus, sometimeswe want to temporarily dis-
able correlation in doing sensitivity analysisto get a better prioritization of
input variables.

Dynamic Simulation Models

In most Monte Carlo project simulations, uncertaintiesare resolved at the
start & asimulation trial. Random samplesd input probability distribu-
tions (trial values) are substituted in the deterministic model. The system
then solves the model to determine the forecast outcome and its value for
that trial.

The typical analysis has many assumptions. Decision points during a
project can greatly complicate the model.

A dynamic mode makes adjustments as the project simulation pro-
gresses. Decisions are based upon the then-current forecasts, policies, and
rulesd thumb. At subsequent decision points, for example, forecastswill
use then-current conditionsand apparent trends. Exampleintermediatede-
cison pointsinclude:

Evaluatingwhether to continue a project after test results

Changing specificationsto adapt to a changed outlook for market de-

mand

Expediting activities to make up for project delays.

A decision tree analysiscan explicitly represent only afew subsequent
decision points. Solving such a decision tree defines choicesthat will be
based upon event outcomesrealized up to that point. A decigon treeis per-
haps the smplest form d a dynamic project modd. Several decisions and
chance events, however, can overwhelma decision tree approach.

We can accommodate more detail and flexibility in asimulation model.
These dynamic simulation modelsare some d the most interesting to de-
velop. Key decision pointsare placed where management interventionscan
occur. Such model s reflect the adaptive nature d rea-world project man-
agement. We can make projects sdf-heding, in effect, much as the real
systemwhereamanager can intervene. Situationswhere dynamicsimula-
tion isapplicableinclude:
® Shared resourceloading

Activity duration and cost dependent upon actual start timeversusorig-

inal plan

Effectsd contingencies, which often ripple through the system (when

thingsstart to go wrong, often achain d unpleasant surprisesisset into

motion).
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Simulationisthe only techniquethat can represent such diverseand im-
portant detailsin adecision modd.

The key to dynamic modeling is representing conditional branching.
Decisionrulesin the project modd, representing the company's decision
policy, can drive the modd's behavior. IF statements accomplish thisin
spreadsheets. Moddling in this detail enables more readlistic project plan-
ning and evaluation.

Summary —Toward Credible Evaluations

The am o decision analysisis faster, more confident decisions. Modd
buildinglooks time-consuming, and it can be. The extent o the analysis,
however, should dways be appropriate to the decision beingmade. Analysis
only addsvaluewhen the analysis outcome may affect the decision. Thed-
ternativeto decisionanaysisisintuition. While the intuition o the experi-
enced manager can add significantly to the decision-making process, the
wisedecision maker supplementsintuition with logica and rational decision
methods. Of course, the extent o an analysisisoften subject totimeand re-
source congtraints, and should consider the value o further anaysis.

Modedlingisakey method d gaininginsightsinto the behavior  acom-
plex system or any reasonably sized project. It isdifficult to overstate the
importanced agood model.



CHAPTER10

Probabilityis the language of uncertainty. A common anxiety among people learning de-
cisonanalysisis choosingthe type of probabilitydistribution to represent an uncertainty.
Here we examinethe most popular distributionsand situations where and why they apply.

Representingjudgmentsabout uncertainty is key to usingstochastic (prob-
ahilistic) project models. Usudly, the most qualified people available are
asked to providetheir opinionsabout valuesthat go into the modd. When
the expert does not know a significant parameter with confidence, a prob-
ability distributioncan completdy expresshis judgment about uncertainty.
Here we examinethe most popul ar distributionsand situationswhereand
why they apply.

Inthe examplefigures, the numbersin parenthesesarethe"arguments”
d thedistributionfunction. These are typicaly the way we specify the re-
spective distributionsto a M onte Carlo Smulation (simulation) computer
tool. Inthischapter, I'll use mean (u) instead o expected value (EV), though
they are synonymous. Some di stributionsa so use the standard deviation (o)
gtatigtic as an argument. We will use p to represent probability of success.

Probability Distributions

Probability refers to a number, 0-1, representing chance o occurrence.
Most people are comfortablewith thiseveryday idea. A phrasesuch as"a
40 percent (.4) chanced ddivery dday" seldom presentsconfusion, solong
aswe are clear about what "ddlivery delay" means.

Often arisk isa binary event. It will be either true or false. A contin-
gency event either happens or not. Often we assignvaluesd 0 (false)and
1 (true) as outcomevalues o abinary distribution. Spreadsheet IF state-
mentsare a prime exampled using binary chanceevents.
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For more-compl exsituations, we have other typesd discrete probability
distributions. If the outcomevalueisalongacontinuum, we haveinstead a
continuousdistribution. Probability distributionsrepresent theranged pos-
siblevaluesand the probabilitiesdf valueswithin the range. Wewill look at
the distribution shapes that are most useful in project evaluationandin
project management.

Discrete Distributions

Doesthe chance event havet wo, or perhaps several, distinct possible out-
comes?If s0, we are talking about a discrete probability distribution. Fre-
quently, the potential outcomes are integers, such as "number o work
interruptions.” The parameter name often beginswith " number of " Exam-
plesinclude number o equipment breakdowns, number o people avail-
able, number d units needed, and so forth. Each possible outcome is
assigned a probability, and these probabilities must sumto1.

Simple systems often produce discrete distributions. Figure 10.1 and
Figure10.2 show the most popular discrete distributions, after the binary
risk event. Though we don't have the distribution formulas printed here,
becaused space, most are simpleenough. Softwaretools, even some hand
calculators, are widely availablewith functions for the distributions de-
scribed in this chapter.

Binomial Distribution

A collection o independent events, each with the same probability d suc-
cess, would exhibit a binomid distribution. For example, suppose that we
have ten independent research projects, and we judge each ashaving ap =
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0.2 chanced success. The binomial distribution characterizesthissituation.
Though elementsin actual systems may not be fully independent or have
the same probability of success, the binomial distribution is often area-
sonableapproximation for asimple portfolio modd. Figure10.1 showsa bi-
nomial distributionwith n=10 trialswith p = .2 probability of successon
any trial. Thisdistribution is often astarting point for representingsimple
portfolios, such as research projects.

Poisson Distribution

Sometimes events happen randomly, such as defectsand work interrup-
tions. The number d such eventsin atimeor other interval isdescribed by
aPoison distribution. The only parameter needed to specify this distribu-
tionisthe average (1) number o events occurringduringan interval. Figure
10.2 shows a Poisson distributionwith i= 2 occurrences. Thi s distribution
iswiddy used in simulating queuing (waiting-line) systems, such as repre-
senting the number o work requestsduring atime period.

Three-Level Estimates
In decision tree analysis, we can use only discretedistributions. Thus, we
must convert continuouschance eventsinto discrete approximations.
Typicdly, three branches are adequate: high, medium, and low case.
Theseare caled "three-level estimates.”" We should choosethese threeva ues
and their probability weights, so that the original continuous distribution’s
statisticsare preserved. More than three outcomescan be used, if you want
more resolution.
Supposethat your expert judgesthe uncertainty in volume d a natural
gas reservoir asalognormal distribution with y = 120 and ¢ = 50 billion
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cubic feet (Bcf). Figure 10.3 illustrates this judgment. With simulation, we
would use the continuous distribution directly, asis. For a decision tree
anaysis, | discretized the distributioninto theformin Figure 10.4.

Continuous Distributions

In project management and other typesd planning and analysis, most un-
certaintieswill be continuous. Cogt, time, and quality metricsare prime ex-
amples. Figures 10.5 through 10.10 show the most popular continuous
distribution types.

Normally ascaleisomittedfromthey-axis. It is possibleto show ascae,
though the units are unnecessary. Yau should remember that the y-axisis
scaled such that the total area under the curve—representing probability—
equals 1. The probability d an x-axisvalueis proportional to the height of
the curve abovethat point.

Uniform Distribution
The simplest continuous distribution is the uniform. Thisis often called a
rectangle or boxcar distribution, becaused its shape. F (a) one knowsthe
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upper and lower bounds o the range d possible values, and (b) if every
vauewithinthat rangeisequally probable, we are describingauniformdis-
tribution. Figure10.5illustratesa uniformdistribution bounded at 0 and 2
units.

Many people incorrectly assign this distribution shape to uncertainties.
However, it isarare system that generates values that are uniformly dis-
tributed. More often, valuesin acentral part d the range are more prob-
able. Examplesd uniform distributionsinclude: positiond arotatingshaft
that stops randomly, position at which a cable breaks, and a small section
d abroad distribution.

Triangle Distribution
Thetriangledistributionisvery popular, though I've never seen asystemin
businessor in nature generatevaueswith atriangular shape. Simplicity is
the appedl . Just threevauesfully describethe triangledistribution: minimum
(L), mostlikdly (M, mode), and maximum (H). Figure10.6 showsan example.
Even peoplewithout trainingin probability can rel ate to these points.

The shape d aparticular distribution is usualy lessimportant than its
position (1) and width (whichwe might characterizewith o). Let me offer
two cautionswhen using the triangledistribution:
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Figure 10.6
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® Peopletend to judge distributions too narrowly. Thelow and high param-
etersaretheactua extremes, and not just pessimistic and optimistic cases.
Many people will confuse"mogt likey" (the mode) with the best single-
point estimate. It is not, unless the triangle happens to be symmetric.
Drawing the distribution will help eliminate the confusion. The best
single-point estimate is the mean (i, EV), and this happens to have a
smpleformula i = (L + M + H)/3.

Normal Distribution

The most commonly observed distribution isthe normal. Galileo observedthe
familiar bell-shaped distribution when measuring the positionsd starsand
planets. Figure10.7 showsa normal distribution withayt = 2and a o= 1 unit.

The normal distribution occurs often in nature and in business. When
we sum many independent, continuous chance events together, the total
tends to be normally distributed.

Simple project models often assume that activities are independent.
Thenif the activitieshave similar duration, the distributionfor time to com-
plete achain d activitiesis approximately normal. Amazingly, thisistrue
regardlessd the shaped the component distributions. In statistics, the cen-
tral lint theorem--one d the fundamental principlesin statistics—describes
thiskey behavior.

Most every statisticsbook includesatabled the standard normal distri-
bution (1 = 0, o=1). Yau can obtain the same vaues from the NORMDIST
function in Excd. From atable or the function, one can determine confi-
denceintervals. For example, aninterval u + orepresents a 68 percent con-
fidenceinterval for anormal distribution. The vertica dashed linesin Figure
10.7 show o intervals. In theory (and equation), the normal distributionis
boundless. Asa practical matter, for planning and evaluationwork, thereis
virtually no chance (0.3 percent) of beingoutsidetheranged p £ 3o.
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Lognormal Distribution
We often observe data where the frequency distribution is positively
skewed—that is, having alonger tail to the right. When two or more distri-
butionsare multiplied, such as time x hourly cost, the product is typicaly
positively skewed. Aswe multiply moreindependent componentstogether,
the product becomes morelognormal in shape. (This, too, isaresult o the
central limit theorem. Some older readers may remember addinglogarithms
onsdliderulesto multiply.)

Figure 10.8 shows an examplelognormal distribution, with ¢ = 2 and
0=1. Thisisa common distribution shape for uncertaintiesthat are posi-
tively skewed.

The log of values obtained from a lognormal population plot as a normal distribution. Spe-
cial "probability graph paper"” is available for plotting the cumulative frequency distribution.
This has one axis linear in standard deviations of a normal distribution. If the cumulative
frequency of the data plots as a line on a linear value scale, then the data are normally
distributed. If the data plot as a line on log value scale, then the data are lognormally dis-
tributed.

Both the normal and lognormal distributions are completely described
by 1 and 6. Some computer tools accept alternate statistics to specify the
distribution, such as the 10 percent and 90 percent confidence points.

Exponential Distribution

The exponential distributionisa counterpart to the discrete Poisson distri-
bution. The exponential distributionis most commonly used to represent
time between arrivalsd random events. Figure10.9 shows an exponential
distributionwith g = 2 units:
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Like the Poisson, we use the exponential distribution in discrete-event
simulations, suchasd queuing Systems. Common usesinclude representing
the time until the next arrival o a service request or unscheduled work in-
terruption.

Beta Distribution
The beta distribution is a mathematical function that assumesa variety o
profiles, depending upon two shape parameters. The basic distribution is
bounded by 0 and 1. In the distributionillustrated in Figure10.10, the shape
parametersare 2 and 5, and 3isascalingfactor. With the shapefactors, we
can make many different symmetric and asymmetric shapes.

We can repositionand rescale the distribution as needed. Project man-
agement professional shave used beta distributionssince the 1950s to rep-
resent activity times-to-completein PERT project models.
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Which Distribution Is Best?

If you are the expert, the best distribution isthe one that completely ex-
pressesyour bdief about the uncertainty. Often we have data that suggest
that a system is producing a common distribution shape. Be aware that
mathematicianshave described hundreds d distributions, and your system
need not produce adistribution with a recogni zable mathemati cal function.
Fortunately, the distributionslisted earlier usualy suffice. Importantly, the
popular software tools alow usersto specify custom distribution shapes.

Without data, perhaps the best way to obtain a distributionisto model
the subsystem that causes the uncertainty. If the expert can explain how
the processworks, we can model it and use the model to generatea distri-
bution shape. Theamount d effort in detailed modeling should be consis-
tent with the importance d the variable to the decision at hand.

Usually our best available experts provide judgmentsthat go into the
project models. Delegating responsibilityfor theseinputsisaresponsibility
d the decision maker.

A probability distribution completely describesa judgment about asingle
variable. Thereisan additional dimensiond expert opinion: Are therein-
fluencing relationshipsamong the variables?That is the topic d Chapter
12. First, we will discuss the source d these probability distributionsin
Chapter 11, Judgmentsand Biases.
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Three Roles

Judgments

CHAPTERIL

JUDGMENTSAND

Psychology is often a part of decision science: many investigators are interested in better
understanding how people do make decisions. W e would like to avoid biases and cognitive
illusions. Our discussion hereis about how people should make decisions.

Decision analysisis a mostly quantitativediscipline. Previouschaptersde-
scribe forecast and evaluation models. This chapter focuses on the expert
judgmentsthat are inputs to these models.

Therearethreerolesin the decision process, asshownin Figure11.1:
Expertsor assessor s provide the judgmentsthat go into an evaluation.
Usudly, the most knowledgeablepeople available provide theseinputs.
Evaluation analystsare primarily responsiblefor devel oping the quanti-
tative project models, model sthat generate scenari ooutcomesand fore-
castsfor each dternative.

Decison makersreview the forecastsand judgewhether the anaysisis
credible. They make the selection (usually acceptingthe team's recom-
mendation) and initiateimplementation.

Overlapping duties are common, as people"'wear different hats."

A judgment isavalue assessment performed by a person. There are two
basic approachesto judgments, or assessments, asinputsto an evaluation:
Deter minigtic Assessments (non-probabilistic)
+ Single-pointvalues (e.g., a particular cost)
¢ Single-lineforecasts(e.g., inflationrate over time).
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Figure 11. 1
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A conventional deterministic analysis uses only input variable
forecasts. Even in decision analysis, thisis adequate to represent
minor variablesor those known with high confidence.

Probabiligtic Assessments (stochastic)

# Continuous probability distributions(e.g., hoursto completean activity)

% Discrete probability distributions (e.g., number of subcontractors
bidding)

# Event probabilities—that is, whether or not an event happens (e.g.,
whether atask will require rework). This binary event typeisthesim-
plest o discretedistributions.

When avaueis uncertain, the representation takes the form o a proba-
bility distribution. Consideringa single variable alone, a probability distri-
bution can completely represent an expert's judgment about the possible
outcomesd achance event.

Risk analysisisthe processd assessing the probability distribution for
one or perhaps several variables. Decision analysis is more encompassing,
and isabout evaluating aternativesin the context d decision palicy. There
may be severd risk analysesas part o adecisionanalysis.

Objective and Subjective Probability
Because a human performs a judgment, the resulting probability distribu-
tion iscalled asubjective probability.

The extreme opposite is objective probability. Thisis supported by a
comprehensiveunderstanding d the system or by conclusiveevidence: e-
ther knowing the valueand likelihood d every possibleelement in the pop-
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ulation, or completely understanding the stochastic process providingvari-
able outcome values.

Figure11.2 showsthe continuum between the two extremes. Most judg-
mentslie somewherein the middle, far from either end. Even with consid-
erable data from similar situations, the expert must assess to what degree
the data till gpply.

With sufficiently complete data or system knowledge, whichisrare, we
could approachal00 percent objective probability assessment. Fully objec-
tive assessments are rare. Exampleswould be probabilitiesassociatedwith
cards, dice, and other elementsd chance, wherewe have essentially com-
pleteknowledged the system.

Judgments, asinferred by their name, dwaysinvolveadegree d subjec-
tivity on the part d the expert. Subjectiveprobability assessmentsreflect
someone's belief. Here are two common and illogicd statements:

"l judge that the probability is 30 percent, but | may be wrong."

+ There is no such thing as an incorrect probability, so long as it faithfully captures
the expert's understanding. The opinion is personal. Two people, given the same in-
formation, will often arrive at somewhat different assessments. For a binary risk
event, nature or whatever is beingjudged, the outcome will be O or 1 (false or
true). The probabilityis not an outcome prediction, or it would always be wrong.
Rather, the probability reflects the expert's degree of belief that the event will occur.

O "The probability is 30 to 40 percent.”

< When someone judges the likelihood of an event, the assessment should be a single
number. A range is honsense (unless predicting where the final judgment will lie).
The expert should settle on a single fraction, despite often incomplete information.

It isimportant that judgments be as objective as possible. Being " objec-
tive'" asto source (seeFigure11.2) reduces the effect d emotion. Possibly
confusingis also using " objective" when referring to judgment quality as
meaningfreefrom bias. Biases (i.e., not objectiveto qudity) are morelikely
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when the source o the judgment is subjective. For this reason, we often
hear aquestionlike, "How objective isthat assessment?"

In decision analysis, subjective probabilities are often dl that are avail-
able. In most evaluations, you will find severa key variableassessmentsthat
are highly subjective. Neverthel ess, appropriate use o even soft judgments
about important variabl esleads to improved decisions. The decision model
providesalogicd way to use everythingimportant that we know about the
problem.

A good decision is consistent with the data and with the organization's
decision palicy, but doesnot guaranteeagood outcomein a particular case.
We use decision analysisin believing that there is a correlation between
good decisions and good outcomes. Cons stently making good decisionsin-
creasesthelikdihood o favorableresults over time.

Eliciting Judgments

Elicitingmeansto bringout or draw out the judgment o an expert. Unless
the expert hasbeenwdl trained in probability concepts, dicitinga judgment
is usually best accomplished through an interview process. Theinterviewer,
often adecison analys, acts as an interested but objectiveparty. Different
perspectivesd the variableare discussed and quantified until the expertis
confident that the resulting probability distribution accurately reflects her
best judgment.

In formulating an opinion, we ask the expert to consider the possibili-
ties. Isthistheright variable?Have we clearly defined what it means?Isthis
theright level d detail ?What is assumed in this assessment?What isthe
worst (or best) possible outcome?What has to go right for this to occur?
What might go wrong?

In the interview, it isimportant to first determine range d the distribu-
tion. Then work inward. Do not fdl into the trap o starting with the best
value and attempting to build a distribution around it. If you do, you will
likelyfdl intothetrap o the anchoring bias (discussedlater in this chapter).
Bracketingthe possibilitiesand workinginward avoidsanchoringon anini-
tial central value.

Some experts are uncomfortable with quantifying their judgmentsdi-
rectly as probability distributions. In such cases, analogs may help diffuse
the probability anxiety. One meansisto use a probability wheel, such as
that illustrated in Figure11.3, which uses pie-shaped sectionsto represent
the possible outcomes. The expert adjuststhe size d the pie sections until
shefeelsthat the areas are proportional to the likelihood o the respective
outcomes. A scalevisibleonly to the interviewer showsthe corresponding
probabilities. A smilar approachwould beto use adevicewherelinear dis-
tancesrepresent probability weights.
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A dlassic analogy to uncertainty isan urn or other container o colored
balsor marbles. Aninterviewer chooses colorsand number o ballsto rep-
resent different possibleoutcomesd achance event. For example, a project
manager might be consideringwhich component to usein acritical appli-
cation. Component X isreliablebut expensive. Component Y hasa" high
probahility of workingin the product application and costs one-third as
much. If the company implementsComponent Y and it fails, then thelosses
will bankrupt the company. Assume white marbles represent Component
Y's "success," and black marblesrepresent “failure.” Theinterviewer adjusts
the mixture until the manager isindifferent between:

O Choosingthe safe but expensive Component X

Randomly drawing a marblefrom the urn, and realizing the project out-

come correspondingto the marble color.

If thefraction of black marblesislessthan the actual risk & Component Y
failurein the application, then choose Component Y.

Overconfidence about Our Knowledge

Actud forecastingbehavior and clinical experimentsrepeatedly show that
people are overconfident about their knowledge. Consider persons asked
to provide, say, an 80 percent confidenceinterval for a parameter.

An 80 percent confidence interval is defined by two bounds, such that there is only a 10
percent chance of the outcome being lower than the lower bound, and a 1 0 percent
chance of being higher than the upper bound.

It makes sense that the less someone knows about a variable, the wider
her confidenceinterval should be. Typicdly, only about hdf o survey par-
ticipantshave the true outcomes contained in their judged 80 percent con-
fidenceintervals. That means the typical person is responding with a50

155 I



Chapter 11 —Judgments and Biases

Biases

percent confidenceinterval, when the request wasfor an 80 percent confi-

denceinterval. Other interesting resultsfrom such surveys (seeCapen 1976)

include:

Peoplewithout knowledged atopic are often unableto differentiatebe-

tween 30 percent and 98 percent confidenceintervals.

Askingfor a95 percent interval typicaly gets about a 65 percent confi-

dencerange.

O The more people know about the general subject (not the specific ques-
tion), thelarger the confidenceinterval that they assign (they morefully
appreciatethe possibilities). The more atypica person knows about the
topic, thelesschance that their interval includesthe true value.

Even when told beforehand that "' most personsare overconfident about

their knowledge," survey participantscontinue to maketheir confidence

intervalstoo small.

Asking the person to judge two confidenceintervalswill help. For ex-
ample, first ask for a 90 percent, then a50 percent, confidenceinterval.

The solution to this overconfidence biasis practice and feedback. Expert
assessorsshould practice and be given feedback on the quality (outcomes)
d their assessments. If artificial situationsare necessaryfor practice, it helps
to makethe exercise as meaningful as possible, such as by putting some rea
money at stake.

If we dicit the judgment by using an interviewer, he will often first ask
the expert for a plausible range. This represents a confidence interval, but
not the whole range. Then, they can discuss reasons why more extreme
values might occur.

One hallmark d acredible evaluationis objectivity (discussedin Chapter 1).
Thisisnot objectivity used in the sense of what was the source of the proba-
bility assessment (dataor intuition). In the discussion that follows, objec-
tivity issynonymouswith lack of bias.

A biasisarepeated or systematicdistortiond astatistic, beingtoo high
or too low on average. The statisticd most interest isthe EV. The average
error (actual minusestimate) should tend toward zero over many forecasts.

Achieving objectivity, or low bias, requiresattentionin threeareasd the
evaluation:

Bias-free assessments d input variables

A valuefunction, embodying the decision policy, whichfaithfully meas-

ures progress or goodness toward the organi zation's objective

Integrity in the decision mode structure, so that calculationsthemsalves

do not introduce any biasesor other errors.
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Common Biases in Evaluation or Decision Policy

Decision policy hasthree elements, any o which canintroducebias.
Objective If the value or quality measure does not directly correspond
to the organization's purpose, therewill be abias. Different stakeholders
have different objectives, therefore biases. Most businesses professto
maximize sharehol der value, and should be measuring monetary value.
Timevalue. Present value discounting adjusts cash flowsto reflect time
vaued money. Most companiesuse a discount rate that istoo high for
probability-adjusted forecasts, creating a bias against long-term projects.

O Risk policy. Many managersbdievethat they havearesponsibilityto act
conservatively. They will willingly sacrifice arisk premium (see Chapter
4) intermsd reduced expected monetary vadue, to lower risk. This prac-
tice may beintentional and appropriate. An organization's management
should look carefully at what objective is to be maximizedin decision
policy. An ohjective vaue messurewill be a gtatistic that correspondsdi-
rectly and logicaly to the objectived the organization.

Belief and Perception Errors

Severa obviousbiasesarisefrom emotions and motivational effects; others
arefrom relyingon ill-founded heuristics or rulesd thumb. Additional bi-
asesarise becaused poor understanding d statisticsor probability theory.
There are also perception biases, similar to optical illusions, because our
mental model may not be consistent with redlity.

Listed below are the more common biases that might be inadvertently
introduced into an analysis.

Personal feelings. The natural tendency isto shade judgmentsto rein-
forcewhat we want to do. If membersd a project evaluation team will be
able to work on an enjoyable project, they may inadvertently deliver opti-
mi gtic assessments.

Fedingsabout the effects of certain outcomes. A contractor may have
an excessve desire towin a bid in order to appear busy and successful.

Biassstoward new information. People often seek new informationonly
when a"favorable" report is expected. A study is morelikely to be com-
missioned if the decision maker expectsit to support her present opinion.
"Bad news doesn't sdl." Even when ddlivered, bad news is often dis-
counted, faulted, or ignored.

Believingwhat one wantsto believe. Projects (or bids) with unreason-
ably optimistic projections are often selected over projects (or bids) sub-
mitted with more reasonabl e projections.

I nsendtivity to sample size. Often there isinsufficient data to draw a
conclusion. People are prone to make hasty generalizations.

Availability. We remember cases that are more famous or where we
were more closaly involved. Some scenarios are easier to imagine than
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others, such asthosein our industry or aread expertise. The most recent
data or experienceis weighted most heavily. The easier it isto imagine or
remember, the higher the believedlikelihoodd occurrence.

Insendtivity toprior probabilities. Discrepant and unusual events, even
though rare, are given undue weight. Exceptions are remembered and
weighted asif commonplace. Judgment bias occurswhen the current situ-
ation israre, neither common nor unique.

Sensitivity to thecause of the problem. Peoplearewilling to do moreto
save a speciesendangered by hunting than endangered by natural change.
Life-threateningrisksare more acceptableif the person has a choice about
being exposed to therisk (e.g., drivesamotorcyclewithout a helmet).

Anchoring.Peopledo not like to changetheir minds, especidly if the ear-
lier position was publicly stated. They "anchor" to the previous position.
Later, they are more likely to recognizeinformation that reinforcesthe orig-
inal judgment or decision.

We a so mentioned anchoring when judgingan uncertainty. if one has
aninitial impressiond the best forecast, then he often keepsthisconstantly
in mind when building-out the distribution. It is therefore difficult to ob-
jectively consider the possibilities. Psychol ogistshave demonstrated that
people assessing a probability distribution shape should not try to build
around aninitial "best guess.” Theexpert inadvertently anchorsto the orig-
inal number. This effect is minimized if the assessment starts at the ex-
tremesd the distributionand worksinward.

Framing. We are sensitiveto thewording and context d outcomes. This
is called the framing of an event description. Very different judgments can
result from the way we ask (frame) questions.

Consider amajor project that will earn a$20 million profit for the com-
pany if it succeeds, but will lose $2 million dollarsif it fals, asking:

"What minimum probability of successwould you requireto bewillingto

approve this project?’

"What maximum probability of failure would you accept and till be

willing to approvethis project?”

Such questions often evoke a response different from the complement
question. If any person were to answer both questions, the responses
should add to 1. Often they do not. Surveys about losing (saving) jobs or
livesoften show that the answers depend upon theform o the questions.

Improving Evaluations

Consistent, objective evaluations require good analysis practice. Here are
some recommendations:
Make aconscientiouseffort to best capturetheexperts judgmentsin as-
sessing input variables. Some o these assessmentsmay be highly sub-
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jective. Whether additional investigationis warranted can be evaluated
asavdued information problem (seeChapter 6).

B Strive to avoid judgment biasesin assessinginput variables. Everyone
upstream from the decison maker should be as objectiveas possible.
Otherwise, the analysisis questionableand o littlevalue. Note that if
everyone is dightly conservative, the resulting analysis can be over-
whemingly conservative.

Some situationsdemand conservativedecision making. A conservative
attitudeisabias—but isoften appropriate. Apply aconsstent risk policy.
Thisisdone, in effect, inthefinal stagedf analysis. Most often, the deci-
sion maker smply comparesrisk-versus-value (or cost) profilesd thedif-
ferent alternativesand choosesthe best one (seeChapter 3 and Chapter
4 for amore consistent, quantitativeapproach).

We can detect some errors by validation. Sometimes we can develop
modelsto validate outcome data. Conversdly, data can be used to vali-
date models.

B |n developingavalid modd, it helpsto decompaose the project system
into submodels. Quantify subjectiveassessments, and model interrela-
tionships between variables. A suitable gochasticmethod (e.g., Monte
Carlo simulation) correctly propagates the probability distributions
throughout the calculations.

B Recognizethat biasesdo exist. We can avoid or minimizesome d these
by car efully gructuringthe problem. Use an appropriateval ue measure,
and separate judgmentsfrom preferences. A common error, for example,
istoincreasethe present value discount rate to compensatefor risk. Itis
far better to use probabilitiesto deal with uncertainty, and use the dis-
count rate only to represent preferencefor timevaued money.

B Perhaps the most powerful way to improve decisionsis post-implemen-
tation reviews, aso caled post-evadudionsor post-audits. Thesearefollow-
up analysesd decisionsafter the general results become known. There
isapsychologica biastoward rationalization, and many people havedif-
ficulty reconstructingtheir thought processesafter |earningthe outcome.
It isimportant to preserve the original reasoning by documenting the
analysis. Provide performancefeedback to theindividual assessors,and
use lessonslearned to improve the evaluation process.

As professionals, most o us spend agreat portion d our workdays pro-
ngor preparinginformationfor othersto act upon. Thiswork iseither
evaluationitsdlf or preparation for evaluation. Employersand clientsare
better served by ensuring that eval uationsare objective—a hallmark o pro-
fessiondism.
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A colleague approached me once, saying, "l could use the decision
analysis methodsif only | had good data" When do we ever have" good in-
putsto planning evaluation models? Rardly!

My responseis dwaysto point out that we are going to make the deci-
sionregardlessd whether we havegood data. A decision analysisapproach
lets us do the best we can, given what we know, even when some d those
inputsare very subjective. Chapter 12 continuesour discussionabout judg-
ments, next focusing on rel ationshi psamong variables.
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Correlation

CHAPTER12

In modeling projects, a common beginner's mistakeis assuming that chanceevents arein-
dependent. Often, a chance event (risk or uncertainty) is related to one or more other
chanceevents. Decision variables can influence chanceevents alo. Characterizingthe as-
sociation between events is a second dimension of assessing uncertainty.

When something starts to go wrongin a project, often many things begin
to gowrong together. Postivefeedback can quickly drive asystemto spiral
out d control. A delay in one activity delays a chain o subsequent activi-
ties. Encountering unexpected complexity or bad weather increasesactivity
compl etion times. These are exampleswhere we have corrdations, or asso-
ciaions, between variablesin the project model.

In stochastic modeling, if any two variables are related, we should ex-
pressthat relationshipin the modd; otherwise, the analysis resultswill be
wrong. In thischapter, wewill discusssome d the causesd correlationand
waysto represent thisin project models.

Assodidion and correl ation are synonyms. Either term refersto a causal re-
| ati onshi p between two or more variables. At least one d thevariablesisa
chancevariable—that is, arisk or an uncertainty. For example, Activity Cost
istypically associated with Activity Time to Complete.

If data are available, the easiest way to determine whether two paired
datavariablesarerelated isto plot and inspect ascatter diagram (asocalled
an x-y plot or cross-plot).If we seea pattern in the points, then thereiscor-
relation between the x and y variables. Alternatively, we can use astatistic,
called the correlation coefficient, to measurethe degree d linear associa-
tion (correlation).Usudly, understanding the system is sufficient to iden-
tify whether one variable is dependent upon another. Figure 12.1
demonstratesa rel ati onshi p between Person-Hoursto Complete Project and

161



182

Chapter 12—Relating Risks

Figure 12 1

PersOn Ows tO Complete Qroject

Project Team Sze
Scatter Diagram Showing Corrdation

Project Team Size. We seethat an increasein Project Team Sizeisgenerally
associated with an increase in Person-Hours to Complete Project. Thisis
positivecorreation, and the corrdation coefficient isabout +0.7 in this case.

Most analysesinvolve at least some conditional (i.e., non-independent)
probabilities. Typicdly, one or more chance variables are partially de-
pendent on another event outcome.

Decision trees are especialy well suited for representing conditional
probabilities. For example, in vaue d information problems (Chapter 6),
the information-event outcomes (symptoms) are correlated with an event
d interest (affectingvalue). A convenient way to represent the relationship
between the chanceeventsis by usingajoint probability table.

A well-known deficiencyin deterministic project modelsis optimistic com
pletion times Thisis not necessarily due to optimism by the project profes-
sionals, whomwe asked to judge activity completiontimes. Standard PERT
analysis(inChapter 9), for example, considers only activities on the deter-
ministic critical path. Such simple models do not consider near-critical
paths that have a probabilisticinfluenceon project completion time. Fur-
ther, smple approachesusually assumeindependence between activity du-
ration times.

Most often, carrdaion adds to uncertainty in aproject. If variationsin time
and materialsincrease together, for example, the effect on the project is
greater than the sum d the variancesin time and materialsalone. That is,
total project uncertainty isworse than if time and materialswere inde-
pendent. (A negative correlationwould be welcome, in this case, because
it would decrease overall uncertainty.)
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Sources of Correlation

Thefollowing paragraphsdescribe situationswhere correlation arises.

Direct cause-and-effect relationship. Often one variable is partially
dependent upon one or more other variables. For example, VehideCost is
determined, in part, by Distance Driven, weight o the vehicle, and average
load.

Common drivers. Two variablesmay share a common influence. The
number o people on a project team obvioudy affects salary expenses.
Having more people also means more communication channels, which
leads to higher costsin coordination efforts. Thus, salary and coordination
costs are correlated. Other correlation examplesinclude:

Low unemployment level —thedriver—affecting recruitinglead-timesand

sdary levels

Inflation, materias, and wage rates—affectingmany activitiesacrossthe

board

System or problem complexity, which may be unknown at the project start

Estimation biases

Changesin project scope.

System condraints. Bottlenecks, exclusive use, and other resource con-
straints can cause correlations. For example, higher demand for shared re-
sourcesand common material susually resultsinlonger lead-times. Smilaly,
competitionfor aresourceresultsin the customary inverse rel ationship be-
tween price and demand.

Ways to Represent Correlation

We should balancethe effort in representingcorrel ationwith itsimportance
in the model and decision situation. In the subsectionsthat follow, | will de-
scribe severa correlation modeling methods.

An influence diagram (discussedin Chapter 9) is an excellent way to
map relati onshipsbetween elementsin a system. In this method, we con-
nect decision, chance, calculation, and payoff variableswith"influence" arcs
showing the direction d cause-and-effect relationships and calculation-
precedencerel ationships.

Probability Tables
In Chapter 6, we use joint probability tables to represent probability rela-
tionshi psbetween two events. In value d information problems (options),we
have one or more information chance event(s) (symptoms). One or more
chanceeventsd interest affectsthe symptomswe observe.

For example, the underlyingdemand for our product (perhapswe want
to forecast next year) affectsthe resultswe obtain with amarket survey this
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Market Study Market Demand
Result High Medium Low
“Favorable” A2 .15 .06 .33
“Inconclusive” .06 ‘ .20 A2 .38
"Unfavorable" a2 A5 A2 .29
.20 .50 .30
Table12.1 Joint Probability Table

year. Product demand, in turn, drivesour project's profits, whichwelearn
about later. Fortunately for our calculations, most often we need deal with
only one pair d chanceeventsat atime, such asisshownin Table12.1.

Thereis correlation between the Market Study Result and Market De-
mand. Otherwise, the survey informationwould be worthless.

Asset and project model sare morelikely to use Monte Carlo sSimulation,
instead, as the stochasti c cal cul ation process. With simul ation, we have ad-
ditional techniquesfor representing correlation.

Sampling Actual Data

A data set consistsd values sampled together. For example, for different

drugsintroduced to the marketplace, we might have data of unit volumes

at monthly intervals after introduction. If we havea collection d represen-

tative data sets, we can useit for sampling by either:
Randomly selecting a data set, with or without replacement, and using
the data-set values as trial valuesin the simulation. This has an advan-
tage d not needing analysisin order to understand the rel ationships. Of
course, we might missan opportunity to gain important insights.
Anayzing the data, and finding a way to represent the relationships
mathemeatically. Thisisthe approach for the remainingthree subsections.

Fitting to Data

Asseenin Figure12.1, ascatter diagram shows a pattern when thereis cor-
relation. Figure12.2 showsanother datacollectionwhereaclear pattern ex-
ists. Direct Labor Hours explains most o the Tota Task Cogt, and the
rel ationship appears approximately linear. Workforce composition, mate-
rials, and other variablesa so affect total cost.
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We could "fit" a dependent variable to one or more"driver" variables
using regression. Regression isa statistical techniquethat findsthe best fit
d equation coefficientsto one or moreindependent data variables. Most
popular isthe "least squares’ method, where the best set of equation pa-
rameters provides the lowest sum o the errors squared. The simplest
method—and probably well suited to the dataincludedin Figure12.2—is a
"linear regression” to theformula:

Totd Task Cost = a+ b x Direct Labor Hours

whereacomputer routine choosescoefficientsaand b to best match aline
through the data. Many hand-held calculators now providelinear regres-
sion functions. To make the synthetic data morerealistic, we might add a
noisefunction (suchas anormal distributionabout the best-fit line). Noise
in real and synthetic data represents other variables and effects not recog-
nized in the mode.

Fitting afunction to multiple variablesand curve-fittingto a more com-
plex equation (e.g., apolynomial equation) are extensionsd the sameidea.
For truly difficult problems, neurd networks (discussedin Chapter 17) may
be a suitable"massiveregression" approach.

Correlation Coefficient

If an increasein one variableis generally—though not always—associated
with an increasein another, they are said to have a postive corrdation. The
oppositeeffect is negativecorrelation.
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A dtatistic, called a corrdation coeffident, measuresthe degree o linear
associ ation between paired data values. The formulafor the (Pearson mo-
ment-product) correlation coefficient isin Appendix 1A. Microsoft Excd's
CORREL function is a convenient way to obtain the correlation coefficient
dtatistic, p. Perfect positive correlation has p = +1, and perfect anti- or neg-
ative-corrdation has p= -1 In these extreme cases, one variableissimply
adeterministicfunction o the other variable. Unrelated variableshave p=
0. Thetwo strongly related variablesshownin Figure12.2 have p= 0.85.

The popular @RISKand Crystal Bdl toolsfor Monte Carlo simulation
with Excd spreadsheets both provide convenient ways to relate chance
eventswith correlation coefficients. A correlation coefficient for any pair o
variablesis perhapsthe smplest way d expressing correlation.

If there are many relationship pairs, then a corrdaion matrixisused. This
isamatrix d correlation coefficientsd dl variablesinvolved.

Thereisatrick to the way popular simulation programsuse correlation
coefficients. Instead o usingcorrelationcal culatedwith actual datavaues,
@RISKand Crystal Bl userank correlation. That is, the correlation coef-
ficient refersto the rank order o the variables, rather than to the actual
values. f youwant to calculatethe rank correl ation coefficient, you will first
need to convert the valuesto their ranks. For example, if you have100 data
vauesfor avariable, sort the dataand then replace the valueswith the rank
numbers1to 100. Do thisfor the other variableas well. Then calculatethe
correlation coefficient using the ranks d the variables. | understand that
the rank correlation mathematicsworksbetter than value correl ationwhen
the distributionshave different shapes.

Correlation coefficientsare a quick and easy way to represent correla
tion in amodel. Thisway presumes that there is alinear relationship be-
tween the variables, which is another deficiency o the method. The next
techniqueisthebest if circumstanceswarrant the extra modeling effort.

Detailed Modeling

The superior modeling approach, if doing the work isjustified, isto model
the system in detail. We represent the functioningd the system, suchasa
project, as best understood. Correlationisacharacteristicd many systems
when there are cause-and-effect rel ationships and when there are common
"driver" variables. My motto s, "If you can describeit, we can model it."
How are thesevariablesrelated?What isthe ca culation hierarchy?Canwe
further decomposethese elements?F you can explainwhy or describe how
the project and its environment work or behave, then we can expressthat
knowledgein amodd. Again, an influencediagram isagood way to map the
relationships.
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Figure 12.3 Uncertainty versus Competency

Human Factors

Analysisis dways easier with good data. Fully objective probabilitiesare
possible when we completely understand the system, such aswith most
gamesd chance. Unfortunately, biasescreepinto our judgmentsabout un-
certainty. Further, human behavior affects the outcome d a process in
progress. The following two subsectionsdescribe exampleswhere human
behavior affectschanceevents.

Competence

Often, we estimate cost or time to complete without sufficient considera-
tion as to who will be doing the work. Who doesthework often isasim-
portant as how thework getsdone. Factor the peopleinto the project plan
and forecasts. With programmers, for example, individual productivities
canrangeby afactor o ten or more. Smilarly, a project manager can have
a dramatic influence on the project team's productivity, asillustrated in
Figurel2.3.

Responseto Progress

Asl| read Eliyahu Goldratt's book, Critical Chain (1997), | was struck by his
clear explanation of human behaviors in project performance. Despite
being a novdl, the book, in my opinion, vividly explainswhy judgments
about uncertainty so often are biased.

In project planning, we may detail the work to be done and then apply
metrics and various methodsin estimatingtime and cost. Thisis straight-
forward planning and cost estimation.

Peopl e often spoil the plan. You will probably recognizethe following
behaviors.



Chapter 12 —Relating Risks

Multi-tasking. Our original intent may be to work systematically on
tasks in alogical sequence, one at atime. Urgencies and waiting delays
often necessitate overlappingdifferent tasksand different projects. There-
sulting inefficiency worsens matters, creating need for further multi-
tasking. (Thisis positive feedback in the system, workingto our detriment.)

Wastingslack times. Thisislargely procrastination, what Goldratt calls
the "student syndrome" in Critical Chain. Early finishesare not reported,
whilelatefinishespush back successor activities.

Embellishment. If you are ahead d schedule and cost budget, why not
add morefeaturesor makeit a better work product?Thisis especialy true
in software development. Gold-plating. Less-driven workers may be in-
clined to coast a bit.

Catch-up. If behind scheduleand budget, most conscientiouspeople are
inclined to work harder. Beyond a point, however, some peoplewill give up.

Project progress reporting bolstersafedingd control. Some companies
havefound that thisisanillusion, and that reporting provideslittleimpact
on project success (perhaps because some organizationsdo not share the
progress reports with the people actually doing the work). The procrasti-
nation and embel lishment behaviors, mentioned earlier, suggest why.

People like to work toward objectives. Just knowing a time to complete
target providesan achievementincentive. Thisiswhy " stretch budgetsare
so popular.

Garbage in producesgarbage out. Decompositionis a key method that
project plannersusefor making better forecasts. Breaking down tasksinto
details reduces biasesin estimation and the undesired behavior effects.
Plus, planning the detailsleadsto a more redlistic work assessment. For ex-
ample, we can segregate contingenciesfrom the normal portion o an ac-
tivity's work (and addressthem with project risk management, Chapter 8).

Correlation affectsthe forecast quality in a stochastic model. The next
chapter describeswhat | think isthe most important reason for people to
use decision andyss—you get abetter number!



CHAPTER 13

One of the benefits of decision analysisisimproved accuracy. Using expected value (EV)
inputsina project model does not always providethe EV result (however measured). Some-
times the difference, stochastic variance, is dramatic. This chapter discusses the causes of
stochastic variance and how to reconcile a decision analysis to a conventional, determin-
isticanalysis.

When planning your project, suppose you had used a stochastic (proba-
hilistic) mode to forecast expected value (EV) Completion Time. What if,

through extraordinary coincidence, your team completes each activity in

thesametimeasthe BV estimatefor each activity?That is, supposeyou re-
alized your base-case project model ?Would this ensure that the project is
completed in exactly theforecast time?Generdly, no. Thischapter explains
stochasticvariance, that portion d the deviation, actual minus estimate, at-
tributableto the stochastic calculations.

Base Case versus Stochastic Model

Determinigticrefersto traditional project modelswith single-point inputs.
Stochadtic, or probabilistic, refersto project model swherewe represent un-
certaininputs as probability distributions.

Base Case

Usaudly, a bese case projection (thebase project plan) isa projection madewith
adeterministicmodel. For example, this might be a base plan for a project—
what happensif everything goes according to the input parameters, and the
project executes exactly as modeled. Customarily, the best single-valueas-
sessmentsare theinputsto the base-case modd, and thosevaluesare EVs if
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the experts assess distributionsfor the input variables. This base caseisbut
one scenario, one that isespecially useful as areferencefor discussion. Al-
though d interest, you should not use the base-case scenariofor making de-
cisions. The reason isthat the base caseis often an incorrect forecast.

Stochastic Forecast
Of course, a project team should incorporate its best information in fore-
casting. Probability distributions(and correl ation detail s) express complete
judgments about uncertainty. We would like the effectsd probability dis-
tributioninputsto propagate through the model calculations. Thus, the out-
come variableswill be distributions. Two key points:
The best single-point input values are their EVs. For discretevariables,
normally we use the outcome nearest the EV. The deterministic project
(or asset) model solution is the base case.
TheBV d the completiontimedistributionisoften different than the base
case, and that differenceis the stochastic variance. The stochastic vari-
ance phenomenon ariseswith other variablesas well.

(StochasticVariance) = (BaseCase Outcome) - (EV d Outcome Distribution)
| chosethisnamein referenceto variance analysis, the processd reconciling

aforecast with actual.

< The stochastic variance effect is certainly not new, but I have seldom seen any reference
to this calculation phenomenon in the literature. Cost accountants do variance analysis;
so | thought stochastic variance would be a good name.

Deterministic and stochastic calculations provide different best esti-
mates. This surprises many peoplewho think that decision analysisisan
embellishment mainly to characterizerisk. This calculation difference can
sometimes be dramatic.

In one analysis(seeAppendix 134), the venture required a $2.8 million
investment. The base case present value (PV) was$1.2 million; however, the
stochastic model's expected monetary value (EMV)was $4.6 million! Thus,
thereal value d the project was almost four timesthevalue d the conven-
tional analysis!

In summary, in order to get an EV projection d atime-spread variable,
such as costs acrosstime, we need to calculate with probabilities. Anything
lessrigorous may introducea bias or caculation error into the forecast.
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Merge Bias

In project management, one source of stochasticvarianceismergebias. In
Chapter 9, we see activity networkswhere often two or more predecessor ec-
tivitiesmust finish before a successor activity can begin. Regarding stochastic
behavior, | once heard a project model er say, " Nothing good every happens
at amerge point.”

Consider thefollowing, illustrated in Figure13.1: ActivitiesA, B, and C
must be completed before asuccessor activity, D, can start. Inaconventiona,
deterministic project andysis, thelatest completiontime, Max(A,B,C), deter-
mines when D can begin. The notationMax(A,B,C) isread “maximum o A,
B, or C (completiondates). This correspondsto the max functionin Excd.

Assumethat A, B, and C al begin together. Each has a probability distri-
bution representing judgmentfor itsactivity duration. The BV start datefor D
isoften later thanthelatest BV completiondatefor A, B, and C. Thus, projects
with uncertainty in activity completiontimesusualy takelonger than the base
case schedulethan if there were no uncertainties. This merge biasgoesun-
naticed without usinga stochagticprgject modd. Neglectingth's “joining” or
“merging” effect isone reason why many projectscompletelater than forecadt.

Here are the calculation details for the example, with distributions, as
shownin Figurel3.1. ActivitiesA, B, and C start together at time 0, and have
BV (sameas mean, u) completiontimesd 10, 11, and 9 days, respectively.
There are uncertainties in these estimates, as shown in the figure. The
judged activity-completion times are skewed, lognormal probability distri-
butions. The y, or EV, isthe first valuein parentheses. The width or uncer-
tainty o each distribution is characterized by its sandard deviation, o, the
second vauein the parentheses.
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With aconventional activity network model (CPM or PDM), Task D can
start in 11 days (seeFigure13.1). Thisisthe EV completiontimefor B, the
latest o the best single-valueestimatesfor A, B, and C. However, using11l
days to schedule the D start is unwise. Task D's EV start date would be 11
daysonly if the completiontimesd A, B, and C were known precisdly, or
at least within narrow ranges. Thiswould also be true if the distributions
for A and C had no chanced exceedingl1l days. Thisisnot the caseshown
in Figurel3.1. Any d the.precedingactivitiescould delay D's start beyond
11 days.

A ssimple Monte Carlo simulation demonstratesthe effect. With the as-
sumed lognormal distributions, as shownin Figure13.1, the BV start date
for Task D turns out to be 13.05 days (excesscalculation precisionis re-
tained toillustratethe concepts). This 2.05-day increase beyond the largest
BV completion date for any prior activity isthe merge bias.

If a project's schedule lengthens 2.05/11 = 19%, what is the effect on
costs? A stochastic model o the project system helps with the answer.
Whenever theforecast or estimation isimportant, we should explicitly in-
corporatedistributionsin representing risks and uncertainties.

The deterministicsol ution had the successor activity startingin 11.0 days,
whilethe BV start under uncertaintywas13.1 days. The 2.1 daysdifference,
mage bias or stochastic variance, isthe effect o uncertainty in the network
project model. Thisis one way that stochastic variance can arise from the
model structure.

% The project manager probably should not use 13.05 (or rounded) days for planning Activity
D's start. The optimal project value will likely be a different planned start for D, and this
optimization process is the subject model in Chapter 15.

Many peoplefirst becomeinterested in risk and decision analysisas a
way to characterizethe uncertainty in estimates. An even greater benefitis
mor e accurate estimatesfor decision making. Sometimes, the difference be-
tween forecast and actual can be substantial through no fault in project ex-
ecution. When reconcilingaforecast with the project's actual outcome, the
variance analysisshould separately recognizethe component attributable
to stochasticvariance.

Variance Analysis

Varianceanalysis (not to be confused with the variance statistic) identifies
the component causesfor an actual outcome deviating from itsforecast or
budget. Cost accountantsare often the oneswho preparevariance analyses.

When we use decision analysistechniques to makeforecasts, the differ-
ence between forecast and actual:
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Tota Variance= Actual Outcome - Forecast Outcome.
We can split thisinto two components:
Tota Variance= Deterministic Variance+ Stochagtic Variance.

Decision analysisprovidesa more accurateforecast for many problems.
It dso hel psthe decision maker better understand the businessor proposed
transaction. The example variance analydis, discussed | ater in this chapter,
shows one format for explaining what happened in reference to the calcu-
|ated forecast.

Forecasts Are Usually Wrong

A stochastic model producesa more accurate forecast becauseit correctly
recognizesuncertain variablesand how they interact through the calcula-
tions. The stochasticvariance can arise from common situations:

Asymmetry and non-linearity (perhapsthe most common cause), e.g., a

bonuswhen the team meets a performance target
O The merge bias, caused by constraints on activity starts and finishesin

the activity network structure

Contingency plansand other subsequent decision pointsrepresentedin

the project moddl

Corrdation, or association, between variables.

Stochastic modeling better represents reality. When done properly, the
BV projection is an objectiveforecast. This meansthat it is unbiased. The
forecastisunbiasedif theinput valuesand model cal culationsare unbiased.
Bias can arise from an improper model structure: itsformularelationships
and constraints.

We started this chapter with the question: What if for every input variable:

Actual outcomevaue= EV d the assessed probability distribution?

Usingthese EV input vaues providesthe base case deterministicandyss.
The problem isthat the base case answer is often different fromthe BV o
the outcomevariable's distribution. The differenceisthe stochasticvariance.
Because thissituation arises, it isimportant that a post-anaysisrecognize
that portiond thetotal variance attributed to the stochastic caculations.

Example Simulation Analysis and Variance Report
Let's examineasimple model calculated with Monte Carlo simulation to
show the projection and avarianceanalysis.

Net Cash How = NCF = Volume x Price - Cost.
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Distribution Correlation
Variable Statistics Type Coefficients Assumptions
Volume u=10 o=2 Lognormal Independent 10.000 k units/mo.
Price u=30 o=5 Normal -0.5 30.000 $/unit
Cost =140 m=180 h=280 Triangle -0.5 200.000 $k
NCF100.0  $k

Table 13.1 Spreadsheet Model

Table 13.2 NCF Distribution Statistics

Assumethat acompany's experts provided the following assessmentsfor
the three random variables:
B Vdume Lognormal distribution, with ¢ =10,000 unitsand o= 2,000 units.
I ndependent variable.
® Price Normad distribution, with i = $30/unit and o= $5/unit. Correlated
with Volumewith a correlation coefficient p= -.5.
Cost: Triangledistribution, with low = $140,000, most likely = $180,000,
and high = $280,000. Thishas u = $200,000 and ¢ = $29,400. Correlated
with Volumewith p=-.5.
The deterministicsolution issimple. Using the EVs for each parameter,
Table13.1 showsthat the base caseforecedt is

NCF gosermimistic = 10,000 units x $30/unit - $200,000 = $100,000.

Thiswould be the forecast with the conventional, single-point calculation
approach.

Inadecisonanayss, we captureexperts compl ete judgmentsabout un-
certaintiesin theform o probability distributions. The result  a Monte
Carlo simulation model forecasts (EV) net cashfl ow (NCF) at $95,090, as
shown in Table 13.2. | developed this example with one o the popular
spreadsheet add-in products (see Decison Anadysis Software, Appendix B).

Figure 13.2 displays the simulation NCF distribution. The BV NCF is
$95,090. Although the distributionin the figure appearsapproximately cen-
tered at about $100,000, the biasis significant. The stochasticvarianceis
$100,000 - 95,090 = $4,910, or about a5 percent difference. Often the sto-
chastic varianceis substantially greater in proportion to the mean forecast
(aswith the examplein Appendix 13A).
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Summary

Table 13.3 is an example variance report for the NCF projection. We
should separately recognizethe stochasticand deterministicvariancesin a
post-analysis. Thistableillustratesone possible format.

Thejoint vari ance in Table 13.3resultsfrom simultaneouschangesacross
multiplevariablesin the calculation. Cost accountants sometimesdefine
certain item variancesto include joint components; that is, they define
component variancesto includedl parts o the joint variance(s). | recom-
mend separatingtheindividual and joint contributions.

Figure 13.3 showsthe cumulative distributionfor the NCF projection. An
example i nterpretation: Thereisabout a57 percent chancethat NCF will be
less than $100,000.

Noticethat the graph in Figure 13.3 conveys much more informationto
the decision maker than a single-value estimatewould provide. As a deci-
sion maker, wouldn't you prefer the graph, with B/ annotated?

EVs providethe best single-point assessmentsfor each continuous param-
eterinan analysis. Also, EV o the outcomedistribution providesthe best,
single-point project forecast.

What if, through extraordinary coincidence, the project realizesthe BV
d eachinput parameter?Thisis the base case, and the outcome would be
the actual result. However, the outcomevalueis often different from the BV
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Project/Budget Variance Report
for December 2000

u o
Original Projection: Mean Std. Deviation
Volume 10.0k 2.0k units
Price $30.0 $5.0/unit
Cost $200.0k $29.4k
NCF from EV Parameters $100.0k
Less Stochastic Variance 4.9
NCF Forecast (from simulation) s=$61.4 X = $95.1k
Post-Analysis: Contribution to
Actual Variance $ Variance
Volume 8.244k (1.756)k (52.7)k
Price $31.08 $1.08 10.8
Cost $144.835k $55.165k 55.2
Joint Variance (1.9)
Deterministic Variance 11.4k +11.4
Check: NCF (actual parameter outcomes) $111.4k
NCF (EV parameters) 100.0
Deterministic Variance $11.4k
Stochastic Variance +4.9
Total Variance +16.3
Actual NCF Realized $111.4k

Notes:  NCF = Volume x Price — Cost
Variance amounts in parentheses are unfavorable.
Symbols E(x), EV, and mean (i) are synonymous.

p and o are symbols for the mean and standard deviation, respectively, for distributions representing
judgments about input variables.

X and s are the sample mean and standard deviation of the simulation results; these are approximations
for the true solution ¢ and o.

For illustration here and elsewhere, more digjts are being shown than are significant. Here, the standard
deviation, o, is huge compared to the mean. The resulting standard error of the mean for 10,000 trials
is only $700.

Table 13.3 Example Variance Analysis

forecast. This differenceis the stochastic variance. The post-analysis sepa-
rately recognizesthis correction effect that ariseswith the more accurate
stochasticcalculations.

A more preciseand unbiased EV forecast is perhapsthe most important
benefit o adecision analysisapproach. Pogt-analyses are perhapsthe single
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Figure 13.3 Cumulative Frequency Distribution . .

best way to improve our decisions; it is important to recognize the indi-
vidual sourcesd deviationfrom forecast.

The variance analysis format described in this chapter supports a dis-
tinction between good decisions and good outcomes. With a solid decision
anayssprocess, we should reward peoplefor good decisions, not for being
lucky with chance outcomes. We should judge the evaluation team mem-
bersbased on their creetivity in generatingideas, and on the compl eteness
and integrity o their analyses.
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APPENDIX 13A

Severd yearsago, Mr. Devereux Josephs, afdlow certified management con-
sultant, and | were analyzinga new venture. Thiswas ared-to-life example
aspart d ajoint presentationto the Ingtitute & Management Consultants.
Dev was showing traditional DCF analysis. He developed a Lotus 1-2-3
spreadsheet modd for atypica new product venture. His model showed:

Base Case
Deterministic Modd

$2.8 million investment in plant and working capital
Yidding

$1.20 million net PV discountingat 10 percent/year

14.7 percent internal rated return (IRR)

9.5 yearsto payout (timeto make cumulative NCF positive)
$8.8 million total NCF = net profit

Whilenot athrillingvaue, $1.2 million PV, the new ventureappearseco-
nomic. Thiswasthe base case analysis. This traditional analysisshows that
the project hasa PV o $1.20 million, net d capital recovery, operating ex-
penses, income taxes, and cost o capital.

I modified Dev's deterministic model to make it a stochastic modd, as
would be used in adecision anadlysis. PV as avalue measureis appropriate
and widely accepted. Many d the model assumptionsare uncertain, such
asrated unit salesgrowth. | replaced the ten most important input vari-
ablesin the model with probability distributions—makingthese parameters
"fuzzy." | built the distributionsaround the original, single-point values so
that these original valueswere the distribution EVs. | dso put in some cor-
relation between key variables.

| solved the model using Monte Carlo simulation. In effect, the cacula
tion propagatesthe probability distributionsthrough the model. Now, in-
stead o asingle PV, we obtain a PV distribution. Figure13A.1and Figure
13A.2 show two formsd the resultingPV distribution.

Thesimulationoutcomes ranged from -$2.5 million to over +$42 million.
Thisrangeisuseful informationin characterizingtheventure's uncertainty.
| suggest focusingon perhapsan 80 percent confidenceinterval (about -$2
to +$19 million) and not get too excited about the distribution tails. From
the cumulative distribution, we seethat thereisamost a50 percent chance
that the project will have a positive value.
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Figure 13A.1  Frequency Didributionfor PV
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The EMYV is what countsmost. For the $2.8 millioninvestment, our BVIV
is$4.6 million. This isthe value added to the corporation beyond recovering
theinvestment and interest.

To smadll, risk-adverse companies, thisrisk profile would also warrant a

value adjustment to reflect their attitudes about risk. Note that a port-

foliod projectsquickly dilutesthe effect o individual projectshaving
high risk.

Toalarge, adequatelyfunded, and (essentially)risk-neutral company, the

BMV may be all that is necessary for decision making.

The best assessment o vaue, or forecast, isthe mean or EV. In recom-
mending this new venture, the project team might say, "Theventureises
timated to add $4.6 million to the company's net worth."” Thisis quite a
differencefromthe basecasg, ian't it?

The stochastic results reflect a $3.4 million correction to the base case
value. This adjustment is the stochastic variance. If, through extraordinary
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coincidence, the EVs d theinput variableswere redized (their best indi-
vidual forecasts), then the actual outcomein the look-back analysiswould
be PV = $1.20 million.

The unit manager might reasonably ask:

Yau forecast this venture to have an EMV o $4.6 million. Coinciden-
taly, internal and external circumstances were such that we realized
thevauesd theindividual input forecasts. That's good, isn't it? Y,
you aresaying our vaue added isonly $1.2 million. What happenedto
the nissi ng $3.4 million?

Inthisexample, the principal caused the discrepancy is something not
seen in the deterministicmodd. If we launch the new venture and, after a
whilg, it failsto cover its cash operating costs, management will terminate
theventureand sgll the assets. Thisisan option to truncatelosses, yet keep
all o the upside potential. The stochastic model incorporatesthese possi-
bilitiesto which the deterministicmodel isblind.

Dealmakersshould be alert to hidden value. If one party can better as-
sessvalue and risks, it possesses much better informationfor negotiating.



This part discussestopics of interest at the fringe of mainstream project management. Ad-
ditionally, a chapter on probability concepts provides the fundamentals for working with
probabilities, the language of uncertainty.

Chapter 14--Exploitingthe Best of Critical Chain and Monte Carlo
Simulation

Chapter 15—Optimizing Project Plan Decisions

Chapter 16--Probability Rules

Chapter 17—Expert Systems in Project Management






Critical Chain

CHAPTER 14

EXPLOITING THE

Critical chain project managementisa hot new method that canimprovea traditional de-
cisonanalysis approachto project planning and risk management. This chapter describes
an even better approach by adding-in techniques o decison analysis.

Many people regard Eliahu Goldratt's book, Critical Chain (1997), as the
most significant project management publicationin recent years. In this
book, written as a novel, he appliestheory of constraints (TOC)to project
management. The obviousconstraint in projects, o course, isthe critical
path. Critical chain project management (CCPM) extends critica path
andysisto the constrai ningresource. Many managershave seized upon the
radically different critical chain approach as an improvedway o planning
and managing projects.

CCPM addressesseveral key problemsin project scheduling. However,
in my opinion, the method ignores much d what we havelearned in deci-
sion analysisabout understanding and modeling risk. CCPM uses, prima-
rily, deterministiccalculations. I n this chapter, | will compare and contrast
my understanding & CCPM with a traditional decision analysisapproach.
Then, wewill discusswaysto blend the best featuresd the two styles.
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Theory of Constraints
Many consider Goldratt to be thefather o theoy d constraints, whichis
widely heralded in manufacturing. Hisfirst best-sellingbook, a nove called
The Gad: A Processfor Ongaing Improverment (1984), isabout de-bottlenecking
manufacturing operations. Simply put, greater throughput can be achieved
by attackingthe bottleneck constraint. His process, whether talking about
manufacturinginventory or project time, is essentialy the same:
| dentify the constraint.
® Exploit the constraint, making surethat the constraining resourceisfully
used.
Subordinate other activitiesto the constraint. Don't start work prema-
turdly, yet ensurethat the constraint resourceis never waiting for work.
® Elevatethe constraint: Seek waysto raise the productivity or availability
d the constrainingresource.
Managerswant to ensure that the constraining resourceis fully used.
They avoid startingwork prematurely as this builds excess work-in-process
inventory.

Critical Chain Project Management
In the Criticd Chain ory, Goldratt applieshis philosophy to project manage-
ment. Theand ogy between productionmanagement and project management
iseffective. Theobvious project “bottleneck” isthesequenced activitiesalong
thecritica path. Theanalogd excesswork-in-progressinventory is prematurely
startingactivitiesdf thecriticd path. Manufacturing's throughputismuch like
project completion time. Focusing on project criticd path activitiesisthe man-
ufacturingequivaent d concentrating on bottleneck production processes.
Criticd Chain, both the book and approach, has been widely reviewed
and discussed. Readingthisbook isan enjoyableway to chalenge one's be-
liefsabout project management and to gain new insights. Other references
that I've found most helpful include articles by Leach (1999) and by Elton
and Roe (1998), and a book by Newbold (1998).
Criticd Chan defines CCPM, a powerful new approach to project man-
agement. The key featuresd the CCPM approachinclude:
The schedule model is deterministic, with buffersto deal with uncer-
tainty. Deterministic meansthat theinputsto the model aredl singly de-
termined values.
Remove padding from activity estimates. Otherwise, peoplewill usualy
waste the dack. Goldratt suggestsestimati ng activity-compl etiontimes at
50 percent confidence points (medians).Eliminate buffersalongthe crit-
ica chain. Put amain buffer at the end d the project to protect the cus-
tomer's completion schedule. Also place buffersat the end o "feeding”
activity chainsthat mergeinto the critical path. Schedulehigh-risk activ-
itiesearly s0 that problemscan be detected and addressed eexly.
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O Determinethecritical path and resource constraints. Adjust the project
plan(s) as necessary to exploit the constrainingresource(s). The driving
objectiveis minimizing project completiontime.

B Avoid wasting dack times. Part o thisisaccomplished by using median
rather than conservative time estimates. Encourage early activity com-
pletions. Ingtill a culturewhere an activity teamisready to beginworking
onitscritical activity, and will devote100 percent of its effort to thisac-
tivity for the duration.

< Contracting people and other resources to be 100 percent applied to an activity
would be difficult in many situations. There are other projects competingfor the re-
source that would similarly like 100 percent dedication upon demand.

Work to plan, and avoid tampering. Monitoring and communicating

buffer statuses are key to managing the ongoing project.

"It's al ways a people problem™ is an old saying in management con-
sulting. CCPM addresses project management's challengeto effectively deal
with uncertainty. CCPM reducesthe effectsd two behaviora problems: bi-
asing estimations and wasting slack times. However, there is much more
that we can do to manage uncertainty.

Decision Analysis with Monte Carlo Simulation

Decision analysisis the disciplinefor making decisions and evaluations

under uncertainty. It ischaracterized by analyseshaving three key features:

O Judgmentsabout uncertainty, and often analysisresults, are expressed
as probability distributions.

We determine the quality d an outcome by a numeric value function

that measuresgoodnessor progresstoward the organization's objective.
O The expected value (EV) cal culation compressesthe distribution o pos-

sible outcomevaluesinto asingle number.

Theoptimal decision policy isto choosethe aternativehavingthe best EV.
Usudly this meansmaximizingEV present vaue (PV) net cash flow or mini-
mizing PV cogt. (Thesedecisionrulesarethe same except for asign change.)

We use a project model to forecast the behavior o the project as a
system. Monte Carlo simulation (simulation)is perhaps the easiest and
most useful way to add-in detail sabout uncertainties. It isastraightforward
process that alowsdistributions to represent activity time estimates and
other uncertain inputs. Simulation solvesthe project schedule, providing
distributionsand EVs for outputs, such astimeto completeand cost. There
are severd commercially available programsthat provide simulation capa-
hilitiesfor modelsin Microsoft Excd, Microsoft Project, and various other
project planning toals.
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Thekey anaytic benefitd simulationisthat the resultisa more accurate
estimate. Project managershave recognized that uncertainty in mergingac-
tivity pathsproducesalonger schedule. Thisisbecauseit isthelatest d pred-
ecessor completion times that drives the start o the next activity. With
stochastic (probabilistic) project models, thisis often caled mage bias. In
Chapter 13, | use a more general term, stochagtic variance, for thiseffect.

Contrary to popular beief, summingactivity completion times does not
produceanormal distribution. Unfortunately, for people doing the calcula:
tions, most real projects contain many correlations. For example, often,
when things start to go wrong, problems affect many activities and thus
compound the effects. (Thisis pogtive correation, even though the effects
are quite negative!)

With the simulation model, the project manager can forecast such ele-
ments as:

The probability that an activity lies on the critical path (Iooking back

from project completion). Thisiscaled thecritica ity index.

Thedistribution for time to completethe project or any sequenced ac-

tivities.

Thedistribution o project cost or, better, project vaue to the customer.

We can perform cost/benefit analyses for candidate risk-mitigationac-

tionsand for eval uating possibleactivity-accel erating (crashing) efforts.

Traditionally, project scheduling starts activities as soon as possible. The
intent isto minimize possible delaysfrom time overrunsfor most noncrit-
ica activities. Critica Chain explainswhy we should avoid earliest possible
starts by default.

Comparing Approaches

Table 14.1 highlights and contrasts features o the CCPM and decision
andysis. Determinigticcaculationsare adeficiency in CCPM, in my opinion,
from dl implementationsd which I've read. On the other hand, the critica
chain approach remedies some problemswith a traditional stochastic plan-
ning model.

Combining Methods

There are complementary strengths in both CCPM and decision analysis.

Combining the methods—taking some d the best features o each—ought

to be an improvement. Hereisa strategy to realize benefitsfrom blending

critical chain and decision analysisapproachesfor project management:
Developthework breakdownstructure and activity network diagramin
the usual way.
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I Monte Carlo Simulation I Features of Both i

Theme Focus on the deterministic
critical path or critical chain.

Manage priorities and risks Reduce or eliminate multi-
using criticalityindexes and | tasking and wasting slack.
calculated distributions.

Plan Changes Strive to keep fairly static,

|
|
Dynamically update the Recognize resource constraints.
except for adjusting buffers.

active project plan.

1
| Can be pull (starttasks only as
needed by finish date, with buffers).

SchedulingStarts | Pull (starttasks only as needed | Traditionally push (start
by finish date, with buffers). | tasks as early as possible).

Calculations Deterministic (single-values). ‘ Stochastic (probability ‘
distributions).

| Execution | Work to plan—make it happen. | Work with the possibilities. i r

Table 14. 1 Comparing the Two Approaches ‘

Obtain quality judgmentsabout activity completion times and resource
requirements, usually by interviewing the best available experts. These
judgments should be expressed as probability distributions. Breaking
apart important contingencies(probability, and impact distributionif the
contingency occurs) isagood way to obtain a better representation and
amoreredigtic estimate.

Figure14.1illustratesthis decompostion. A baseline completion time (or
cost) for managingan activity would bethe EV timeto complete, assuming
no major contingenciesoccur. Task |eaders provide theforecastsfor activity
timeand materials, and so on. |n the exampleactivity, either or both o two
sigruficant contingenciescould occur, |engtheningtime to complete Activity
AE. The base case projection assumesthat neither o the two significant risk
events occurs, and we use the narrow distribution mean for the determin-
istic mode input.

Learningis essential to improving future judgments. A graph d actual
outcomesversusestimatesis an excellent feedback tool (aswe discussed
in Chapter 1) .Post-evaluationsshould be nonpunitive. A culture d trust
and objectivity isessential for obtaining quality estimates and for other
human facets o effective project management. The activity manager
maintainsthe mode inputs (moreabout thislater) for timeto complete
the activity. Thisfunction, and the cost d the activity, can incorporate
dependenciesfor delayed start and other dynamic conditions.

Develop a stochastic project model . We can maintain this perpetually

throughout the project life cyde. As available resources permit, shorten

the project plan to conduct more activitiesin paralle (beingcareful to
recognize resource conflictsand multi-tasking inefficiencies). Schedule
start times for low-criticality index activitiesto optimize project value.

Simulation modelsconfirmthat delaying noncritical activity starts re-

duces multi-tasking, prematureinvestment, and rework due to changes.
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Figure 14. 1

EV=6.85, without
major contingencies

Ev=7. 97, recognizing
the two major contingencies
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Forecast d Adivity AE Completion Time

The stochastic project model isthe cored effective project risk man-

agement. Cost/benefit/risk analysesfor activity decisions can produce
outputs such as Figures14.1 through 14.3. (Figuresin Chapter 15 illus-
trate additional typesd graphic information available to Activity AEs
manager.) Changes to the top-level project model may be necessary in
extremecases. Apply optimization techniques for planning starting times
for each activity (thetopic of Chapter 15).1n complex situationsd shared
resources, we need to expand the scope d the stochastic model to in-
corporatemultiple projectsand their supporting resources.
Provide activity leaderswith convenient access to the project model. The
project manager should be especidly involved in monitoring ongoingac-
tivities(dedicated effortsto the extent possible; reporting early comple-
tion) and in alerting workgroupsto be prepared as work on critical (or
near-critical) activities approaches. Figure 14.3 shows aforecast of when
predecessor activitieswill be finished, so that activity AE can begin.

Stochastic Model Benefits
Modeling mgjor contingenciesprovides activity managerswith information
about such elementsas.

Probability an activity will be on the critical path, the criticality index,
and affectsthe time to completethe project.

The forecast, as a probability distribution, for when al predecessorsto
the activity will be complete (seeFigure14.2).

“ In Figure 14.2, AE is the code for an activity, “Assemble Equipment." The distribu-
tion represents a forecast for when all of activity AE's predecessors will be com-
plete. A subprojectmodel is the source of the distribution. Here, the project model
calculated a criticality index of 0.35 for this activity.
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EV = 10.04 weeks ——

Frequency

6 8 10 12
Predecessor Activities Are Complete

Figure 14.2 When Activity AE Can Start .

B Timeto completethe activity (suchasin Figure 14.1), as either modeled
or judged directly by the activity leader or best availableexpert. In some
cases, it isuseful to build asubmodel o the activity that detail sthe mgjor
contingencies.

A graph d project EV cost versus the particular activity timeto complete,
such asisillustrated in Figure 14.3.

% Figure 14.3 shows total project cost as a function of time to complete Activity AE.
This function and the criticality index, 0.35, are useful in evaluatingalternatives to
delaying, advancing, slowing, or acceleratingwork on this activity.

Chapter 15, about optimization, continues this example, and includes a distribution
for Project Completion Cost and a sensitivity chart for EV cost versus an activity
planned start date.

A graph or other means comparingdecisionvariableswith project costs
(the next chapter describes this optimization problem).

Summary

Project teams should stay flexible. A project isa dynamic system, and the
best project and activity managerswill be aert and responsiveto changes
asthey occur. Regularly examinewhere resources might be better allocated.
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Figure 14.3

Time to Complete AE, Weeks

Project Cost versus Time to Complete AE

Capableleadershipd amotivated, well-trainedteamisd paramountim-
portanceto project success. However, even skilled people perform complex
planning processes poorly without the assistance d quantitativetools. The
methodologies described here can be very helpful in bolstering human
judgment.

Thisisan excitingtime in project management. The project management
body o knowledgehas changed dramatically during the past twenty years.
Low-cogt softwareand computing power now enable modeling projectsas
never before. We have the means at hand to dramatically improve produc-
tivity in project execution.

The next chapter shows an example stochastic project model and the
typesd informationthis producesfor decision making. Thisisbuiltin Excd
and incorporatesprobability distributionsto represent chance variabl es.



CHAPTER 15

Here we look a project planning—especially project risk management—in a decision
analysis context. A simple example project, optimized under uncertainty, showsthe types
o information available from a stochastic project model.

It's an Optimization Problem

Managers often face decision problemswhere the choicesare more com-
plex than simply yes or no. There are numerous decisionsin project man-
agement. In project schedule planning, decisionsfall into three primary
decisioncategories:

Structured theactivity network. Sequencingthe activities, includingwhich

to executein parallel. The decisionabout the network structureisdiscrete,

choosingfrom among the available limited options, though the possibili-
ties may be many.

# Resourcesand resourceleves | dentifiableresources, with perhapsvariable
levdsd commitmentfor each.

Ranned start datesfor each activity. Date assignments, too, are usually vari-

able, and these sometimes need to be planned around resources con-

mitments el sewhere. Even within the same project, a resource critical
path (i.e., critical chain) controls.

The examplein this chapter focuses on activity planned start-datedeci-
sions. Thestochastic project model providesthe meansto optimize decision
variables. Figure15.1 showsone example. Thischart shows project cost sen-
sitivity to one decisionvariable, planned start datefor activity AE. All other
activity planned starts are at their optimal values.
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Activity AE's Scheduled Start, Weeks after Project Start
Figure15.1 Optimizing Activity AE's Start

Chapters 10 through 12 discuss ways to express judgments about re-
sourceavailability, productivity, and other uncertainties. In this chapter, we
will focus on optimizingthe schedule model aready structured: choosing
best planned activity-start timesso as to minimizeoverdl project cost (thus
maximizing project value).

Oned thetenetsd critical chain project management (CCPM)is Avoid
havingthe same peoplework on parallel activities (multi-tasking)to the ex-
tent possible. This usually means restraint in starting activities. Small
buffers at the end d "feeding chains" merging with the deterministic crit-
ica path minimizerisk o project delay. The main buffer—to protect the cus-
tomer—isplaced at theend o the project.

However, thisview overamplifies. A better approachisto explicitlyrep
resent project uncertaintiesin a stochastic evaluation model. This chapter
buildsupon the last in demonstrating decision andlysisasan dternative and
improvement over traditional and critical chain deterministicmethods.

Example Project Model

Figure 15.2 shows a simple project model for delivering a custom tech-
nology system. The stochastic model embodies uncertaintiesin two forms:
activity completion times and possible rework. Idedlly, a rework activity
would be modeled as a looping-back cycle until we get it right. However,
representingthisin the modd is much simpler if we can reasonably assume
that only one rework passis required to remedy defects. The Assemble
Equipment activity, "AE," issingled out in thisand in the prior chapter to
show exampleinformationavailablefor this activity's manager.
Havingtwo potential rework activitiesrealistically complicatesthis straight-
forward project. Thearrowsin Figure15.2 show the precedencere ationships.




Chapter 15—O0ptimizing Project Plan Decisions

Figure 15.2 Activity Network Diagram

Brancheswith decimal fractions, representing probabilities, show two po-
tential rework activities. All precedencerel ationshi psare Finish-to-Start, ex-
cept the one Finish-to-Finish rel ationship: Design Interface (DI) must finish
before Design Software (DS)finishes.

In additionto judgmentsabout the need for the rework activitiesModify
Software (MS)and Mgor Rework (MR), project planning includes judging
activity completion times, including contingencies. The planned activity
start dates are the decisionvariablesin this moddl.

What we redlly care about istotal project value. Here, for smplicity, we
arelooking at project cost only, and we assume that minimizing the total
project cost isthe objective. Further, let's assume that the company is neu-
tral about risk, and that expectedvalue (EV or mean) cost isthe appropriate
project outcome measure. Figure15.3 shows adistributionfor project costs
produced with the subject project model. The project outcomeforecastis
from Monte Carlo simulation. The best single-pointforecast o total project
cost is$223,000. The EV calculation simplifiesdecision making by reducing
thedistributioninto an equivaent-value single number.

Optimizing Activity Starts

An influence diagram assistsin modeling and understanding the elements
d adecision. We discussed this method in Chapter 9. The influence dia-
gramin Figure15.4 shows an activity's startdate decision and elementsin
evauatingwhen to plan an activity start. Included in the anadysisand the
complete project model, though not shown here, isthe effect o late or early
finish on the overdl project cost.
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Frequency

Figure 15.3

150 300 450 600
Tatd Project Cost $thousands

Digribution o Project Cost

This calculationmodel includesonly cost penaltiesfor idlecrews. A more
complete model might also include the effects of:

Changing requirements, with the amount d rework exacerbated by pre-

mature activity compl etions.

Multi-tasking inefficiencies, affectingtime to completeand quality—pre-

mature activity starts worsen this also.

Correlations between times to compl ete various activities.

Everythingimportant to the decision should be included in the model,
despitethat somed these detail smight involve highly subjective judgments.

®
o

Note that there are no explicit buffer representations. Certainly there should be slack be-
tween completion of some activities and the start dates of their successor activities. Ac-
tivity and resource buffers are intrinsic to the model, and not a focus item for the project
manager. This reduces temptation to "waste the slack."

A project plan can be updated for progress and as other information be-
comes known. The project manager can optimize project start times and
other planning decisions.

Activity managersfocus on their respective pieces. One important per-
spectiveisfree float (dack):How much can we delay thisactivity's start be-
fore affecting the early or planned start o its successor activities? Figure
15.5 showstheforecastd dack timeafter Activity AE and the beginning of
itsearliest successor. Thisisthe distribution o theimplicit buffer between
AE and its successor. The mean dack time (freefloat) is4.9weeks.

Be careful how people use the information about dack time! Yau don't
want the dack to be wasted, and knowingwith high confidencethat there
is some dack might lead peopleto focus less on the task at hand. For me,
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Incentives

Chapter 15—0ptimizing Project Plan Decisions

Influence Diagram d Activity Start Decision

this was a key messagein Eliahu Goldratt's Qitica Chain (1997).The sto-
chastic model shows that there isabout a .3 chance (see Figure15.5) that
Activity AE will be critical.

Thismodel recognizesal vauesascosts. Increased asset vaue, dueto early

completion, isincorporated as a negative cost.
Penalty functionsrepresent the cost effects:

O A fraction, typically put at 30 percent, o crew timeiswastedfor thetime
after planned start before an activity can begin, due to precedencere-
quirements.

B A finish before the forecast finish wastes, typicdly, 25 percent of idle
crew time.

® Ealy project finishwasvalued at +$8,000 per week, and late finish was
valued at -$10,000 cost per week.



195

Chapter 15—Optimizing Project Plan Decisions

.300
225
=
a
jgﬂ .150
a
.075
.000
Figure 15.5

5 10 15 20
Buffer between Adivity AE and Successor, Weeks

Didribution d Sack Time after Adivity AE

Optimization Experience

Solving stochastic modelsis computationally more time-consuming than
conventional analyses, because calculationswith probability distributions
are so difficult. Monte Carlo simulation solves a difficult calculus problem
using asimple and elegant random sampling process. Because Monte Carlo
isan approximation technique, we need 100 to 1,000 times more computer
timeto get reasonably preciseresults. Fortunately, computer power is con-
tinually becoming more accessible and inexpensive. Nonethel ess, compu-
tation efficiency requires that project modelsbe kept reasonably simple.

In the past two years, two stochastic optimization tools have become
avalablefor project modelsin Microsoft Excd spreadsheets. They usevery
different methods, though both have the same calculationgodl:

OptQuest® for Crysta Bdl@py Decisioneering Corporation. This tool ap-

pliestabu search and neural network technologies for optimizing deci-

sionvariables.

O RISKOptimizer™ by Palisade Corporation. Thistool usesagenetic go-
rithm approach to optimizing @RI SK @hodels.

See Appendix B, Decision Analysis Software, for more details.

Depending upon the problem, one tool may be better than the other. My
limited teststhus far areinconclusive asto advantage; so I've disguisedthe
exhibitsas to the particular analysis tool used. Both RISKOptimizer and
OptQuest optimization tools provide progress reports, similar to the one
shownin Figure 15.6, for monitoringthe program's progress.

Anintelligent automated assistant could guide most or al o the optimiza-
tion. Further, another automated assistant could guide the activity network
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Optimization Progress

construction. These areamongthetopicsd Chapter 17, Expert Systemsin
Project Management.

Table15.1 summarizes sel ected deterministic and stochastic results. We
see summary satisticsfor the distributions resulting from two traditional
deterministiccritica path method (CPM)solutions, using earliest startsand
latest starts. Then, the table shows three progressive stages o optimizing
(usinga 300 MHz Pentium IT) the stochastic modd, startingfrom the latest-
starts CPM solution. The decision variables are planned dates, in weeks, to
start the respectiveactivity. The base case in each column is the determin-
istic solution. The mean value—used for making decisions—representsthe
stochastic solution.

This project modd behaves such that an early-startssol utionis nearly op-
timal becausethe penaltiesfor latefinishesdominate. Comparing columns
2 and 3, noticethat penaltiesfor delay (inthis moddl) areworse than costs
d early starts.

Merge hiss isthe effect causing the difference between the bese case and
BV forecast. Mogt stochastic project model sshow that projectsrequire more
time than suggested by the base case. Thisis because thelatest d prede-
cessor activities typically determines when the next activity can start (the
lines merge on an activity network diagram). Merge biasis an example o
the stochastic variance topic o Chapter 13.

Use outcome EVs when making project decisions. The variance from the
base case value results from carrying probability distributionsthrough the
calculations. Stochastic variance (Chapter 13) is useful as a component in
explaining the difference between forecast and actual.

The automated optimization started with the "latest-starts' valuesfor ac-
tivity start dates. After three computer-hours, with onetool, the mean project
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Codesfor Adtivities
DS Dedgn Software FC  Procure Components T Integrated Teding
DI Dedgn Interface RT  Recruit Technicians MS Moadfy Software (if indicated in ST)

SI'  Software Tesing AE  Assamble Equipment MR Mgor Rewak (if indicated in IT)

Project Cost for Five Cases

cost fdl from $242k to $233k. Another five hoursfurther reduced mean cost
to $226k. Figure 15.6illustratesthe progressgraph o this second period o
automated optimization. Then | finished the job, manually adjustingdecision
variablesin stepsthat brought EV cost down to $222.6k. With 5,000 trials,
thestandard error d the mean isapproximatey $0.6k [1].

Threefiguresin Chapter 14 show distributions useful for Activity AEs

manager:

Figure14.1 Forecas of Activity AE CompletionTime (obtained in this
casefrom asubmodel for the activity).

Figure 14.2When Activity AE Can Start (distributiond whendl pred-
ecessor activitieswill be complete. However, thisisinsufficient to de-
cidewhen to plan Activity AEs work start.).

Figure14.3Project Cost ver susTimeto Complete AE (useful for eva-
uating optionsto shorten or extend this activity).
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Simplifying Project Decisions

Theanaysisin thischapter dealswith decisionsto plan activity starts. Most
decisionsare optimization problemswhere there is arange o choicesfor
one or several decision variables. Figure 15.1, Optimizing Activity AEs
Start, enablesthe activity manager to optimally plan her activity's start date.

The previouschapter shows adistributionfor the time between Activity
AEs completion and another distribution for the start o the earliest pos-
sible successor activity, Integrated Testing. These distributions are inter-
esting, though perhaps unnecessary, for decision making. Further, people
checking on the distribution d the implicit buffer might be tempted to
wasted ack.

The criticality index for AE is 0.35, meaning that AE has a 35 percent
chance d being on the critical path and directly affecting time to complete
the project. Withagood system, Activity AEs manager should bereceiving
moredefiniteinformationabout whether AE will be critical. The criticality
index will migrate toward zero or one as the project proceeds. Even when
AE is under way, the activity team may be unsure whether its activity is
going to be on the critical path.

Decision analysisprovidesa more redistic and more accurate represen-
tation o the project and alternativevalues. As such, the project manager
has better informationfor makingdecisionsunder uncertainty.

The corethemein critica chain project management (CCPM)isto avoid
wasting slack. Rather than planned intervals, the stochastic model reveas
buffersasdistributions. Theredlity isthat thereisn't aconfidentamount o
dack available to waste. Focusing on optimizing project value providesa
more rigorousway for project planning—and all other—decisions.

Endnotes

1. Thisisthe = uncertaintyin the EV with 68 percent confidence. For conventional
Monte Carlo sampling, the standard error o the meanis o3 = s/n wheres isthe
samplestandard deviationand # isthe number o trialsin the smulation. The BV
error, o, istypically one-third o thisformularesult when using Latin hypercube
sampling (thestandard technique), and we need other meansto approximatethis
statitic.






CHAPTER 16

Probability is the language of uncertainty. With just four algebraic rules, we can do alot
with probabilities.

It isa pity that our education was neglected. As soon as we learned frac-
tions, we should have begun alifetimed communicatingand workingwith
probahilities.

For most o us, at some point in our lives, our teachers presented the
topicsin this chapter. However, without frequent use, unfortunately, the
skillsarelost. Hereisa short refresher if you need one.

Venn Diagrams and Boolean Algebra

A useful aid for visuaizing eventsand probabilitiesisa Van di agram such
asthat shownin Figure16.1. EnglishstatisticianJ. Venn (1834-88)invented
the diagramthat bears his name.

A Venndiagram represents”event space” and dl o the possibilitiesthat
we relate together. The outer border istypically a rectangle, and we parti-
tionthe areainsideto represent the possibilities—events The shapesare not
important, although the graph is more meaningful if areas are drawn
roughly proportional to the probahility d the corresponding events. The
areas, representing probabilities, are dimensionless, and the total areamust
equal one.

In school, | sometimes worried, “"What if we're on a line?" Or, worst of all, "What if we're
on an intersection of lines?" One need not be concerned, | finally realized, because a line
has no area and, thus, zero probability.

Each piece represents two or more events together happening or not
happening, and we cal thesgj oi nt event s. In Figure16.1, we havefive joint
events.
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Figure 16. 1 Venn Diagram

Hereis some useful notation in what we cal logic or Boolean a gebra:

A meansnot A

P(A) meansthe probability o A

ABor A.B meansA and B (theintersection)
P(A|B) meansthe probability o A, givenB
A+B meansA or B (theunion).

Inthescenariointhe Venndiagramin Figure16.1, therearefive possible

Key Probability Theorems

There are three primary logic operations. And these take arguments, true
or false. You may recognize these as Microsoft® Excd spreadsheet variables
and functions:

TRUE or TRUE()
FALSEor FAY).

We can assign either value to a cell or the result o an equation. As ex-
amples.

= TRUE()
= IF(AY_TimeToComplete <20.2,True,False).

202
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The parentheses behind TRUE and FALSE, if used, indicatethat these
are functions. Yau can omit the parentheses, since there are system vari-
ables, TRUE and FALSE, in Excd that work the same.

Complement Rule
Hereis an obvioudy vaid concept caled the complement rule:

For example, if weknow that P(success) = .8, then we aso know that P(not
success) = .2 = P(failure).

Excd hasaNOT () function. Thisreturns the complementd the argu-
ment inside the parentheses. For example, if we have a cdl named "Ma-
chine—-Center-14-Available' that hasavaued True, then:

evaluatesto Fase

The complement ruleisclosdly alignedwith theideathat thesum d the
probabilitiesmust aways add to one. We cdl this the normalization re-
quirement. If we have weightsfor severa possible outcomes, then we can
convert the weights into probabilitiesby nornal i zi ng. Thisis done by di-
viding eachweight by the sum o the weights. The resulting numbers, now
representing probabilities, will then dwaysadd to one.

Addition Rule
Werepresent the union o eventswith either a“+” or "U'" symbol. Thismeans
that either A or BisTrue, or both.

P(A+B) = P(A) + P(B) - P(A - B).

Thisiscaled theaddition rule.

Thelast term, P(A - B), surprises many people. Referringto Figure16.1,
we canseewhy itis necessary. If we add the areasfor A and B together, we
have twice counted theintersection area (overlappingportionsd A and B).
So, thislast term in the addition rule is to correct for otherwise double-
countingthat intersectionpiece.

In Excd, supposewe have:

Cdl B10: Lathe —Available
containingaformulathat evaluatesto True,

Cdl D10: Lathe2_Available
containingaformulathat evaluatesto Fase, and
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Cdl F10: Lathe-Available

containsformula: = OR(Lathel_Available,
Lathe2_Available)

that evaluatesto True.

M odelers often use the addition rule when they want to calculate the
probability o successwhen therearetwo or more teamsworking separately
toward somegodl. If either or both efforts succeed, then we have success-
fully achieved that goal.

In Figure16.1, we see that there is no common area between A and C.
These are said to be mutually exclusive. In this specia case, the addition
rulesmplifies:

PA + C) = P(A) + P(Q).

Multiplication Rule

This next rule cal culatesthe probability d two events happening together.
Thisisthelogicd "and" operation, and we symboalize this with the multi-
plicationdot “-” or the" n" symbol. Often people omit the dot, aswith im-
plicit multiplication between two symbols. Thus:

AandB=A-B=AB=ANB.
The multiplicationruleformulais.
P(AB) = P(A) RB| A).

In Figurel6.1, thisisthedightly darker areain common with both A and
B. The probability o B is conditioned by (dependent on) the outcome of A,
asshownin Figurel6.2. Every directed path through atree, | eft te right, de-
scribesa joint event. The darkened topmost path is AB, and P(AB) = P(A)
P(B| A).

Independence

Thethree probability rules described in this chapter al work, whether or
not the eventsareindependent. In fact, we often use the multiplicationrule
asan expression and atest for independence:

A and B areindependent if P(A) = P(A| B).

This means, if true, then B tellsus nothing about A. If independent, then
the converse must also betrue: P(B) = P(B| A).

We usudly know, from our understandingd the system (project), which
elementsareindependentand which areinfluenced by others. We appreciate
the cause-and-effect relationships. Aninterestingfeatured probabilityisthat
if A dependsupon B, then—at least numericaly—B aso dependsupon A.
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Figure 16. 2

A Tree Path Is a Joint Probability

The multiplicationrule hasasimpler formfor independent events:

We can string any number o eventstogether in thisfashion, solong as
each element isindependent. Thus, if everythinghastowork for the project
to beasuccess, and each task isindependent o the others, then the specia
cased the multiplicationrulewill calculate the probability d success.

Warning: People often confuse independence with mutually exclusive. These are very dif-
ferent concepts. In fact, if two events are mutually exclusive (e.g., separate circles), then
they are not independent, because if one is true, then the other cannot be.

Bayes' Rule

Appendix 6A presents Bayes rule. | count this as the fourth probability
rule, behind the three already discussed. Hereisasomewhat different pres-
entation d Bayes rule

where

e; =outcomei d the chanceevent d interest
N = number d possible outcomesfor e;

A =attributed new (imperfect)information, the outcomed an
informationevent (symptom).

| added the center part to show that Bayes ruleis, in effect, just are-
arrangement d the multiplicationrule.

The normalization requirement explains both the multiplication rule and
Bayes rule. With new information, we cut away part d the Venn diagram
and normalize probabilitiesfor the piecesthat areleft.

205
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Thinking Logically

Thefour probability rulesare sufficient to do most operationswith proba-
bilities. As people become more numerically and logicaly literate, we can
expect greater fluency with these probability concepts. | have observed that
schoolchildrenin Europe and Adalearn these conceptsmorethoroughly.

Somed the Internet search enginessupport Boolean searchesusingthe
sameconcepts. For example, you might search using:

"power plant” and nuclear and not "North America”
| once saw a search tool screen with alittle Venn diagram indicating

whether the and or or operationwasin effect.
Wewill see mored this.



CHAPTER 17

Knowledge management is a hot topic in business today—and people are finding ways to
capture knowledge and embed it in software. Artificial intelligencetechniques, including
rule-based expert systems, provide new waysto represent and share hard-won knowledge.

How does a project manager perform his job?How do you train a person
to be agood project manager? The idea behind expert systemsis that we
can capture the knowledge needed to perform certain typesd work in a
knowledge base d rules. A computer program then applies these rulesto
guide a user in performing sometask. The effectiveexpert system (ES) can
assist a non-expertin performingtasks, such as planning and analysis, at
nearly expert-level performance. We will also discussan alied technology,
neurd networks.

Smart Computers

Artificial intelligence(Al) isa broad areadf computer science devoted to
designing waysto make computers perform tasks previoudy thought to re-
quire human intelligence. The main applicationsd Al include:
Natural language processing (computersthat understand our speech and
words)
O Vison systems (suchas recognizing objectsand patterns)
® Roboticsand control systems
ESs (rule-and frame-based, including "fuzzy logic")
Neura networks.
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Some people bristle at the name, "expert system,”" because such pro-
gramsare vastly inferior to the overall capabilitiesd a human expert. In-
stead, ESs and ne'ural networks are often called "knowledge systems."

Some o us think that we humans are inventing our successors (see
Moravec 1999a and 1999b). Our tools may replace us. That possibility isat
best (or worst) afew years avay. Meanwhile, smart computer programs
promise better toolsin project management.

Expert Systems

AnESisacomputer program that solvesa procedural problemin much the
sameway that a human expert would. The ESisacomputer program that
containsexpert knowledge about a narrow problem. The ES assistsa less-
experienced person in performinga particular task in amanner similar to
and with nearly the performance d ahuman expert.

The most popular ES applicationsinclude:

O Diagnosisand prescription

Classification
O Planningand configuring.

Thesearedl functionsthat project managers perform. Assuch, EStech-
nology offers softwaredeve opersaway to build-in project management ex-
pertise. Thistechnology is often operating behind the scenesin software
systems. Yau have probably used ESs dready, such as the "wizards' often
foundin some popular computer programs.

In project management, following are principal areaswhere knowledge
systemshave special potential.

Cog egtimation. Thereare already fielded ESs and neural networks (de-
scribed later) for this application, and were sure to see more commercial
offeringsin thisarea.

Modd building. Knowledge about generating projection models, fore-
casting formulas, and industry accounti ng practicesare example knowledge
areas that we can encode asrules.

Analyss. An ESisan appropriate approachto the manual tuning d the
project optimization described in Chapter 15. Almost any analysis proce-
dure that we can carefully describeis suited to automated analysis. An ES
is much easier to configure than describingthe logic by hard-coding with
IF statements.

Exception reporting. An ES can continuously monitor project data and
conditions. It is then able to provide prompt warnings o exceptionsand
trends, matters possibly requiring intervention. Automated systems can
communicate "this needs attention" alerts by email, pager, voicemail, or
conventional paper reports.
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Truck Transport Billing System
Type Project:  New Development
Platform: PCs running MS Windows
Language: C+t
Interfaces: General Ledger
Accounts Receivable

Example Frame Structure

IF Weather Forecast = Rain and Outdoor Activity
then Expect Weather Delay = CF = 0.7

IF Change Order and electrical
then Need Architect Approval and Need Engineer Approval CF =1.0

Example Rules

Representing Knowledge
Thereare two common waysd representing knowledgein an ES.

Framesare away to storeinformationabout "objects’ (chunksd data).
Each frame represents a hierarchical data structure rel atingobjectsto each
other and containing attributes of each object. M odern databasesand ob-
ject-oriented programming languages have increasingly incorporated this
approachin recent years. Figure17.1isasimpleframe examplefor a soft-
ware project.

Thereis often ahierarchy d object types, and somed the attributescan
be"inherited.” In a project moddl, for example, the activities are often de-
tailed astasks, whichin turn arefurther detailed into actionsor steps. Cer-
tainfeaturesd the " parent” object can be inherited by its™ children."

Rulesare the action part o the knowledge base. They encode the logic
for solving the problem. Figure17.2 shows two examplerules. A typica ES
contains 50-500 such rules. Common-sense reasoning is not afeature of
the system. We must clearly definethe task and makethe rule base as com-
plete as reasonably possible.

Mogt often, the ES functionsonly as an advisor, and a human decides
whether or not to accept the program's advice. Welldesigned systems usu-
dly featurean "explanationfacility.” Thisisaway o backtrackingthrough
the rulesthat were used (“fired™)in arrivingat the recommendationor con-
clusion. By examiningthe sysem's reasoning, the program user tapsinto
thewisdomd the expertswho contributed to buildingthe knowledge base.
Itisagreat learningtool. Userscan make notes about exceptions (overrides),
and these are acommon sourced new rulesto be added.
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4 | once invested most of a year in developing a prototype ES for financial modeling. Using
the automated assistant, | could build custom evaluations models, much as we now do
with computer spreadsheets, in one-twentieth the time.

Theworld isn't black and white, and buildersd these systems often want
to recognize shadesd gray. Sometimesdata areincompleteand uncertain.
Not dl rulesapply to every situation. The most popular way to represent con-
fidencein knowledgeisby "fuzzy logic," wherewe rate knowledgecomplete-
nessas confidencefactors(CFs, dso caled certainty factors, appended to the
rulesin Figure17.2) on a 0-to-1 scale: Sometimes people confuse CFs with
probabilities, though they arenot. Zero means" noinformationor knowledge,”
and 1 means"absolutdly true." See Appendix 17B for more about this.

We can attach confidencefactorsto: (@) assertionsprovided by the user
or knowledge base, (b) rulesin the knowledge base, and (c) conclusions”in-
ferred” by the ES asit operates. If the problem has multiplesolutions, then
CFs providea meansto rank the proposed solutions.

With these knowledge representations, it is difficult to imaginea proce-
dural problem that cannot be solved with ES technology. Some among us
believewe humans areinventingour successors, and that our toolswill re-
place us (see Appendix 17A, Neural Networks).

Operation
The"reasoning” part  an ESisitsinferenceengine (IE). Thel[E isa pro-
cedure that works through the framesand rulesin order to draw conclu-
sions. Thisiswhat givesan ESits power. The IE borrowsfromrulesd logic,
analyss, and search techniques.
Typicd analysistasks where we might want assistanceinclude:
Helping design the project to meet alist o target specifications, devel-
oping thework breakdown structure, bill o materias, and cost estimates
Helping devel op the project plan, whilewatching for resource problems
and lookingfor waysto level workgroup loading and shortenthe schedule
Anayzing the project situation, while reporting problem areas (el egant
"exceptionreporting™),and suggesting remedies
O Monitoringfor risk eventsand early warningsigns, generatingactionlists.
Here's an example™utility" ES. TeknowledgeCorp. devel oped the Wine
Advisor severd years ago to demonstrateits ES software. The company ac-
quired permission to extract wine-selectionrulesfrom a respected wine au-
thority's book. Knowledge engineers encoded the expert's wisdom into a
knowledge base o about 200 rules. Supposeyour project isto prepare an
elegant meal for your family or friends. The Wine Advisor assistsyou in de-
cidingwhat type o wineto buy. The ES asksquestions about what food you
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are planning to serve: Will you have meat?If so, what type?Will there bea
sauce?Tomato or cream?And so on. The program asksonly pertinent ques-
tions based upon rulesin the knowledge base and inferences drawn from
answers that you provided earlier. The interactive process takes only a
coupled minutes. The Wine Advisor then presents alist o recommend
wines, prioritizedaccordingto the selection expertised the expert.
In over two decadesd popular use, ES technology has diffusedinto some
d the project management applications. Following are several examples:
Digital Equipment Corp. developed an early, large-scae ES to configure
complex computer orders. Millionsd combinationswere possible from
among thousands o components. Everything had to be shipped, fit to-
gether, and work.
Engineering design and cost estimation are prime application areasfor
ES developers.Much d the work in designand estimationis procedural,
and frame structuresand ruleswork well for representingth's knowledge.
Part d my experience has been in devel opingan ESfor project cashflow
modeling. The knowledge base and inference engine represent the
processd devel opingfeasihility modds (functionallyequivalent to what
an analyst would develop with a computer spreadsheet). The knowledge
base can recognizedifferent typesd projectsin different industriesand
in different countries.
Even if we do agood initial project plan, maintaining the project data-
basefor dl changesisoftenamajor effort. Monitoringis especidly time-
consumingand tedious. An ES can manage many d the details.

Applying the Technology
What makesa good candidatefor an ES?Here areguidelinesfor qualifying
aproblemfor an ES solution:
The problem isimportant.
B A body o knowledgerelated to the problem exists.
There are recognized expertswho are substantially better at solving the
problem than non-experts.
Expertsare scarce and expensive.
We can teachtheskill, i.e., explain the processand reasoningd theexperts.
We can recognizea good solution.
Solving the problem currently requires several hoursto several days.
Software tool devel opers havelong recognized the need for dynamic pro-
grams—thosethat change their function and presentation to suit the cir-
cumstances. Theald, and till most commonway, to provideflexibilityisby
embeddingconditional branchinglogic using IF statements. When we hard-
code thelogic thisway, the programis"brittle" (easilyfails) and difficult to
change and maintain. ESs take more computer time to operate, but generate
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fresh reasoning as needed. Expressing thelogic as rulesis much ssmpler for
taskssuitablefor an ES design approach.

Thefuture o project management includestoolsto help uswork faster
and improve ow performancein an ever-accd eratingworld. We don't have
time to learn everything, and we don't have timeto do dl that were sup
posed to be doing. Intelligent assistants—utilities—will increasingly appear
in the marketplace, ready to hel p uswith selected tasks. With ESs, we don't
have to be a specidist to perform some tasks at an expert level o profi-
ciency. Further, we can accomplish work faster, more dertly, and morerig-
oroudy. Our "assistantin the box" never getstired and never hasabad day.

Two technologiesclosdly alied to ESs are neural networks and fuzzy logic.
People are already using these methods in project management applica
tions. Thetwo followingappendi cesdescribe these emerging technologies.
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APPENDIX17A

An artificia neural network (NN) isasimplearrangement o calculation
nodes, called neurons, used for pattern recognition. We design NNs to op-
eratein ways approximating, and perhapsimproving upon, the operation
d alivingbrain. Don't worry about becoming obsolete quiteyet: the human
brain has approximately 100 billion neurons, while a typical artificial NN
has perhapsfifty neurons.

NNs mathematically processcomplex data. One can view this as some-
times massive, multi-variable, nonlinear regression.

2

% Recall from Chapter 12, Relating Risks, that regression determines equation coefficients
in which a calculated variable is a function of one or more other variables. We are most
familiar with linear regression, where we find the best line to representa relationship be-
tween values plotted on an x-y graph. All but the simplest hand-held calculators will do
linear regression, calculatinga "least squares" fit through data points of y versus x.

An NN relates{ severa to many inputs) to{ one to severa outputs). The
reasoning is difficult for the user to decipher. However, we care mainly
whether the"black box" generatesgood predictions. (Additionaldetail isin
McKim 1993.)

Inan NN structure, such asthat displayedin Figure17A.1, werelatevar-
ious inputs to one or several outputs. Also, there may be one or more
"hidden" layers d nodes to improve performance. Weighted values of the
input nodesdeterminewhat happensat successor nodes. Knowledgeisrep-
resented solely by the network configuration and the weights assigned to
the branches.

Thekey is"training" the network—that is, cyclingthrough data to estab-
lish the best configuration and best weights for each connection. Once
trained, the network can examine new data and predict the outcomes,
sometimeswith astonishingaccuracy. Estimationisan obviousapplication
in project management. Given the parametersd the project or activity and
historical data, an NN can predict time and cost to compl ete.

Low-cost PC softwareis available for building NNs. Some o the pro-
grams require little user knowledge, automatically training the network
with the available data and testing the performanced different network
structures.

Applicationsinclude forecasting project performance, estimating best
competitive bid amount, estimating cost, filtering data, recognizing pat-
terns, analyzingtrends, controlling processes, and optimization. Both ESs
and NNis capture knowledge and experience. An NN can process data, and
an ES can processtheinformation further. The two methods are very dif-
ferent and complementary.
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Input Hidden
Nodes Layer
e Nodes Dutput
Figure 17A.1  Simple NN
| Aspect | Neural Networks (NNs) | Expert Systems (ESs) 1l
| Knowledge | More fuzzy. | More concrete. 1l
| Knowledge Representation Network pattern and connection Rules and frames.
weights; don't know the rules.
CapturingKnowledge Data, though domain expertise helpful. | Domain expert plus knowledge
engineer.
| Databases Structure | Many suitable, including frames. | Frames (objectswith inheritance). | |
| Decision Making | Judgment and intuition. | Thinkingin rules. I3l
‘ ChangingData Progressive learning (plastic). E\ll)ee(? t)o revise the knowledge base
rittle).
Explanations Elusive. Common feature.

Table17A.1

Comparing ESs and NNs

ESs arefeasible only with procedural problems. We need to be able to
describethe rulesfor solving the problem, not by "recognizing” the solu-
tion. Sometimeswith an ES approach, it would be too expensiveto build a
knowledge base o rules. One graduate student trained an NN in an
evening, and it performed sunspot forecasting comparableto an ES that
took a sunspots expert monthsto build. Table 17A.1 comparesand con-
trastsESand NN technologies.
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Probahility theory dealswith propositions, or outcomes, that areeither true
or false. Fuzzy set theory, orf Uzzy logic, deal swith propositions that have
vague meanings. If one is evaluating the chancethat a project will exceed
its scheduled compl etion time, we can expressthis judgment unambigu-
oudly asa probability. Alternatively, the assessment might be that a project
will be"substantially delayed." Thewords" substantiallyddayed" are some-
what vague, but still describe the outcome. Fuzzy logic providesa quanti-
tative approachto representing" soft" declarations. Some cdl thisapproach
to uncertai nty gpproximatereasoning.

Fuzzy set theory wasinvented by Lotfi Zadeh, professor at the University
of California, Berkeley, in the 1960s to handle vague meaningsin
logical inference. Thebasisistheidea d membership. Supposewe polled
many people regardingthe height that dividesclassifications Tdl" and "Not
Tdl" for United States adult males. The responses might form acumulative
frequency distribution, such asthat in Figure17B.1

They-axis, Degreed Membership in Figure 17B.1, represents the frac-
tiondf peoplewho classifiedthex-axisvaueas"Tdl." Thishasthe appear-
ance and same dimension as a cumulative probability function; only here,
we are representing the degree to which peoplewould consider aheight to
be"Tdl."

Thisfunction servesas away to encode the quality or completenessof
information. Degree & Membership measures the confidence that the
proposition"Tal" istrue. So, if we have an assertionthat a person hasthe
attribute, "Tdl," that sayssomething" fuzzy" about whether the personisa
member d the class o people considered "Tdl." While the membership
functionis not equivalent to a probability distribution, they appear similar
inways.

Thisdegreed membershipidealeadstoitsuse asaconfidence factor (CF).
We can characterizethe truthfulnessquality d an assertion with anumber,
ranging from 0 to 1 (seeFigure 17B.1), representing the degree o confi-
dence in that piece of information. We can assign CFs to assertions and
rules, and the program assigns CFs to resulting inferences.

The 0 to 1 CF range, which has the same bounds o a probability, does
not have the samemeaning as probability. CF =1 means100 percent prob-
ability. However, CF = 0 means only that the informationhas no value; it
does not mean that the opposite assertion isassuredly false. Many ESs use
CFs to represent the rdiability o assertions, rules, and inferences.

CFs may look and sometimes act similar to probabilities. However, they are not probabili-
ties, and we should not use CFs for risking, in my opinion.
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Figure 17B.1  Division Point between "Tall" and "Not Tall"
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Figure17B.2  Project Outcome Belief Graph

In project models, some people have used fuzzy logic assertionsinstead
d crisp, single-valueinputs. Thereis algebra, though somewhat arbitrary,
for fuzzy calculations. Fuzzy set calculations are ssmple, and propagate
quickly through amodel. The resultis membershipfunctionsfor value, cost,
schedule, and so on. Figure 17B.2 shows the outcome result o a simple
project model. The fuzzy results propagate through the moddl in dl cacu-
lations. The solution isfast and reproducible.
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The main drawback tof uzzy logic isthat the calculationsdo not havethe
logical rigor o probability theory. One can obtain strange "distribution”
shapes from simple and seemingly innocent combinations o variables.
Nearly unpredictableresults occur with complex formulasand conditional
branching (IF statements).

Fuzzy logic's mathematical operations are well suited to control systems
and other situations where precisionislessimportant. For some purposes,
we can achieve adequate accuracy with perhaps1 percent d the computa
tiona effort that probability calculationsrequire. Control of air conditioners,
elevators, and auto-focus cameras are common f Uzzy logic applications.
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APPENDIX A

Decison tree analysisand Monte Carlo Simulation are the most popular calculation tech-
niques for evaluationsunder uncertainty. There are other quantitative techniques useful
in dealing with uncertainty in specific situations.

Some Additional Methods

Table A.1 listsdecision analysisand related techniques, alongwith their key
strengths and weaknesses. Several appear only in thisappendix:

Scenario anadlysis

Approximateintegration
O Designd experimentsand Taguchi methods.

Scenario analysisisa planning techniquefocusing on plausibleaterna-
tive futures and management responses. We consider possible eventsthat
wouldimpact the organizationor project. We next identify and evaluate ac-
tionsto take advantage o opportunitiesand to protect against threats. The
emphasisis not on aforecast, but on devel opinginsights about what could
afect the project. Few practitionersd scenarioanaysisapply probabilities
to theindividual scenarios, and that is the reason | omitted this topic from
earlier discussion.

Design of experimentsand Taguchi methods providean efficient approach
to sengitivity andysisfor many-variablesystems. Thisprovidesan effectiveway
to prioritize dternativesfor improvingvaue or for reducing variance([1].

Approximateintegr ation holds promise. The resultsarereproducibleand
fast. The method isknown by several names: convolution, quadrature, or cubic
slineintegration (splineswereflexiblestrips d wood used by draftsmen).
Another termisfast cacuusintegraion.
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Appendix A—Summary of Methods

Method

Key Strengths

Kev Weaknesses

Discussedin Chapters

Decision Tree Analysis

Graphical layout of expected value
calculation.

Must convert continuous into
discrete distributions.

Monte Carlo Simulation |

Influence Diagram |

Evaluatingalternatives with
sequential decisions (e.g.,
value of information).

Can accommodate complexity

under contingencies.

Very generally applicable.

Similar to decision trees.

Better represents relationships

Must limit number of decision
alternatives and chance event
outcomes.

Time versus accuracy tradeoff;

Solution is approximate and changes
with random number seed.

Paor precision with low-probability
events.

calculations are more difficult.

between variables.

Scenario Analysis Simple. Seldom quantifies risks and
uncertainties.

Moment Methods Medium complexity; fast; Provide only statistics about the

(parameter method) reproducible solutions. shape of the solution distribution.
Calculations often ignore important
details, such as correlation.

Fuzzy Logic Low-medium complexity; fast. Only approximates probabilistic

reasoning.

Reproducible solutions.

Potential developments needed to
improve accuracy.

CPM, PERT, and PDM

Simple.

Simplistic project network model
may be inadequate.

Only one critical path is recognized
and, with PERT, used in stochastic
calculations.

Sensitivity Analysis

Simple.

Does not recognize risk versus value
tradeoffs.

Multi-Criteria Approaches;
Analytic Hierarchy Process

Simple if non-probabilistic.

Risk or uncertaintyis merely one
of several attributes; problems with
consistency.

Probabilities can be used if the criteria
hierarchy represents the value function.

Other Methods

Scenario Analysis

Simple.

Seldom quantifies risks and
uncertainties.

Table A .|

Design of Experiments;
Taguchi Methods

Approximate Integration

Value optimizing or variance
reduction with efficient handling of
many decision (controllable)
variables.

Fast, repeatable solution.

Techniques of Uncertainty

Limited representation of uncertainty,
noise, e.g., using Low and High for
each chance event.

Little recognition in practice and
literature; emerging technique.
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Approximateintegration providessuitably accurate results for ssimple
probabilistic mode sinvolvingadditionand multiplication. One obtainsthe
solution directly, in the form o an outcome probability distribution. The
signal processingfield has used these calculation techniquesfor perhaps
three decades.

Deterministic or Stochastic?

Isstochasticandysiseven needed?lf so, what method typesare appropriate?

Deter ministicmodels. This book is about stochastic decision models.
However, conventional deterministic mode swill sufficein somesituations,
such aswhen:

Not very important

Low risk: reasonably assured volumes, costs, and prices

Preliminary evaluation

Doing a base case projection or sensitivity (what-if)analysis

Decisonismade, dready, and perhapsthe projectionisonly for abudget

plan.

Stochagtic models. People often approach risk and decision analysisto
determine the uncertainty in an estimate. This helpsin contingency plan-
ning, for example. They are often surprised when the answer changesdue
to effects causing stochastic variance (Chapter 13).

People often ask: Whichtool isbetter: decision treesor Monte Carlo Sim-
ulation?The answer depends upon the problem. Neither techniqueisin-
herently superior. However, each technique is better at solving certain
problems.

Table A.2 lists decision situation attributes versus tools. Check marks
show, with al other thingsequal, whether decision tree andysisor Monte
Carlo simulation would be preferred. There are a few other calculation
methods, usually for specid situations, but treesand simulation remain the
workhorsesd decisionanalysis.

Endnotes

1 SeeSantell, M. P, J.R. Jung J., and J. C. Warner. 1992. Warner wrote a contempo-
raneousthree-part tutorial in PM Network: Part I, May 1992, pp. 36-40; Part II, July
1992, pp. 34-38; Part I1I, August 1992, pp. 69-74.
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| Selection Factor

Decision criteria other than value
or
only EMV, CE, or EU decision criterion.

| Sequential decisions in model.
Optimizinga continuous decision variable.

Output distribution(s) desired.

Chance events much better represented by continuous
outcomes (e.g., dynamic price model).
| More than 5-8 chance events.

Correlations can be represented by joint probability tables
or

Outcome values easily obtained and few chance and
decision nodes (hand solution feasible).

Low probability events.
Complex economic and competitive environments.

Analyzing portfolio strategy.
Complex, dynamic system.

Table A.2 Stochastic Method Selection Guide

by correlation coefficients or modeled dependency relationship.

Favoring
Dec. Trees

Favoring
Simulation

\j

<




APPENDIX B

In recent years, many peoplewho are not professional analysts have been
devel oping sophisticated project models. Softwareisthe great enabler.

Traditiona analysisisdeterministic—that is, without using probabilities.
Mog project softwareis deterministic, such as Microsoft Project. As project
professiona sbecome competent in spreadsheet or project modelingsoftware,
they might ask, "What's next?How can | improvethe qudity d thesemode s?"
Representinguncertainty isalogica and important step toward improvement.

Coupled with relentlesscompetition and increasing computer power is
an increasing awareness o decision analysis. Further, decision anaysis
growing popularity is partly the result d low- to moderate-cost personal
computer (PC) software.

Thissection providesbrief descriptionsand contactinformationfor five
programs. Two arefor decisiontree andyss, two arefor Monte Carlo Sm-
ulation, and another isfor inventorying project risks and actions.

First a disclaimer: I try to maintain objectivity about resources that | may be recommending
to readers and clients. However, it is hard to be completely neutral. Though I am not on any
company's payroll, 1 do have friends in these companies. | assist in marketing PROAct on my
Web site, and I've delivered training and consultingin association with two of the other com-
panies. A foremost duty as a consultantis to be independent, and | am trying to be as objec-
tive as possible in this section.

Trademarks: 1-2-3®, @RISK@ Analytica®, Lotus@ Microsoft®, OptQuest®, RISKOpti-
mizer®, and Palisade® are federally registered trademarks. DATA", DecisionTools Suite",
DPL", PrecisionTree™, PROAct™, RISK+", TopRank™, and Visual Basic" are also trade-
marks of the respective companies. The software screen shots are used with permissicn.
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Tornado Graph for NPV:/M22

-45 -36 -27 -18 -9 9 18 27 36 45
Percent (%) Changein NRV: /M22
Figure B .1 TopRank Sengtivity Grgph
Spreadsheets

The ubiquitous computer spreadsheet is powerful for many typesd calcu-
lations, including expected vaues The most straightforwardare payaff tables
d course.

It isessy, a0, to devel op templatesfor small- to medium-sized decision
trees. | recommendthat you first sketch the decision model structure to be
clear about the problem. Thenlay out an organization o cdlsthat will rep
resent nodesin the tree model. Though unnecessary, it is helpful, visudly,
to draw the tree diagram on the worksheet. Use the Draw functions (in
Excd) to superimposea network o node symbolsand connecting branches.

Developing a template providesdocumentation and ease o recalcula-
tion. However, if you areonly goingto solvethetree once, don't bother with
the spreadsheet.

Microsoft Excd is the world's most popular modeling platform. Most
peopledevel oping cashflow projection model sare doing so in spreadshests.
Mogt d the popular decision analysistools are able to link to modelsin or
through Excd.

Palisade Corporation (vendor informationlisted later in this Appendix)
has an interesting tool for sensitivity analysis for spreadsheet models.
TopRank prioritizesinput variablesin termsd their importancein affecting
asdected outcomevariable. Figure B.| showsan exampletornado diagram
from TopRank (graphmodified dightly, for clarity, in thisbook). The what-
if analysisdefault isto changingeach input cdll by & 10 percent.
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Simulation Ready

The Monte Carlo simulation add-ins provide three main capabilitiesto Mi-

crosoft Excd and, in one case, to Lotus1-2-3.

1. Samplingfunctionsfor popular and custom di stributionshapes; and cor-
relation.

2. Control o the ssimulation run process, storing selected output variables
for each trial; monitoring convergence.

3. Analyzing the simulation results: presenting statisticsand frequency dis-
tribution graphs.
Excd aready has at least two sampling functions(#1) and data-analysis

capabilities(#3). Persons familiar with Microsoft Visuad Badc for Applica-

tionscan write a procedureto handle the simulation looping (#2).

Monte Carlo Simulation

For spreadsheet moddls, there are the two strong choices.

Crystal Bdl by

DecisioneeringCorporation

1515 Arapahoe &., Ste. 1311

Denver CO 80202

Sales phone: (800) 289-2550

Salesdirect: (303) 534-1515

Fax: (303)534-4818

http://www.decisioneering.com

Crystd Bdl Proincludes the OptQuest optimization program, which uses
heuristics, tabu search, and neural networks. Fred Glover, my optimization
professor at the University d Colorado, isthe chief architect d OptQuest.
Heisworld renowned, and therefore his association gave OptQuest i nstant
credibility.

Figure B2 showsan example Crystal Bdl screento defineaninput variable.

The competingsimulation tool is.

@RISKby

Palisade Corporation

30 Decker Rd.

Newfield NY 14867

Sales phones: (800) 432-7475 in the United States; otherwise: (607) 277-
8000

Fax: (607) 277-8001

http://www.palisade.com

Figure B.3 showsan exampl e outcome distribution with @RI SKfor Excd.
Palisade offers @RISKversionsfor Lotus1-2-3. @RISKfor Microsoft Project
allows most typesd project plan numericinputs to be adistribution.
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Help

Definingan 'Assumption Cdl" in Crystd Bdl

“% @RISK was initially developed for Lotus 1-2-3, which uses “@" to preface names for its
functions, hence the name "@RISK" that provides additional @ functionsfor sampling
distributions.

RISKOptimizer isPalisade’s genetic a gorithm optimizationpackagebuilt
around @RISK.Although not an "intelligent"” search strategy, | believege-
netical gorithmswill find agood sol utionto most any opti mizationproblem.

In addition to @RISKfor Project, here is one other product for adding
simulation to Microsoft Project:

RISK+by

C/S Solutions, Inc.

111 N. Sepulveda, Ste. 333

Manhattan Beach CA 90266

Phone: (310) 798-6396

Fax: (310) 798-4226

http://www,cs-sol utions.com

If you are not afan o spreadsheet modeling and like the influence dia-
gramming technique, you might also consider:

Analytica by

Lumina Decision Systems

P.O. Bax 320126
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Los Gatos CA 95032-0102

Phones: (877) 66-Lumina (toll free) and (408) 354-1841

Fax: (408) 354-9562

http://mww.lumina.com

Analytica alsolinksto Excd models, though this product featuresan "in-
telligent arrays" approach for representing data.

Decision Tree Analysis

Perhaps the easiest-to-learn decision tree programis.

PrecisonTreeby Palisade Corporation.

This programisthe only one | know that buildsthe treeinsidean Excd
worksheet. If you are modeingin Excd, thismakeslinkingessy, and dl o
the Excd formulafunctions are available.

PrecisonTreeand @RISK arethe pillarsin Palisade's DecisionTools Suite.
These are designed to work together, so that PrecisionTreeis an especially
good candidatefor people who will be doing both decision tree and simu-
lation analysis, and possibly linking both together. Figure B4 isan example
tree—asimple one—built with PrecisionTree.
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Another good programthat | useis:

DATA by

TreeAge Software, Inc.

1075Main S.

Williamstown MA 01267

Phone: (413) 458-0104 or 888-TREEAGE

Fax: (413) 458-0105

http://www.treeage.com

| perceivethat DATA ismore powerful than PrecisionTree, though more
complex to learn and use for simple problems. DATA has been around
longer and thisone-product company focuses on excellencein its onetool.
DATA hasaparticularly strong followingin the medical industry, whereits
Marcov chain analysisfeaturesare widdly used in modelingmedical treat-
ments. Figure B.5 showsan examplesensitivity graph (modified dightly for
clarity) for Daily Crane Cogt in the Crane Size Decision from Chapter 3.

Yd another decision tree programworth alook is.

DPL by

Applied Decision Anaysis, Inc.

2710 Sand Hill Rd.

Menlo Park CA 94025

Phone: (650) 854-7101

Fax: (650)854-6233

http://www.adainc.com
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< Medium Crane
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Figure B.5 Sengtivity to Daly Crane Cogt Vaiable

Al d thedecisiontree programsmentionedinths sectionareabletofirst
deveop the decision modd as an influencediagram. With DATA and Preci-
sionTree, the conversionfrom influence diagram to decision treeisoneway.

DPL isthe only programwhere modifying the tree aso updates the in-
fluencediagram. “DPL” stands for Decision Process Language, a scripting
language, and the programinterprets thisto generateeither adecisiontree
or aninfluence diagram.

Project Risk Management

Most peoplewith aformal processfor project risk management are doing
it much the same. Chapter 8 embellishesthe typical approach and adds
emphasis on quantification in ways consistent with a decision analysisap-
proach.

A colleagueand friend, Jerry Gilland, worked in the aerospaceindustry
for many years, and started doing this by hand. Jerry evolved into using
spreadsheetsand eventually wrote hissystemin Visua Basc.

PROAct by

Engineering Management Services, Inc.

4650 ShawneePl.

Boulder CO 80303-3816

Phone: (303) 494-8009

Fax: (303)494-3515

PROAct demo: http://www.maxva ue.com/pahtm
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Figure B.6 Comparing Effect & Actionson Project Uncertainty

Thisis primarily adatabasefor capturing and maintainingan inventory
o risksand actions. What caught my eyewasthe overlay graph o distribu-
tions, shown in Figure B.6. PROAct uses asimple Monte Carlo simulation
calculation for approximating project cost (or schedule) uncertainty, before
and after implementing selected risk mitigation actions.




Abbreviations

GLOSSARY

Thisglossary isorganized into three sections:
® Abbreviations
1 Symbols
B Terms (inone section, alphabetically)
< Statistical and Probability
% Project Management
< Economic Analysis
% Risk and Decision Analysis.

AHP analytic hierarchy process

AND activity network diagram

CCPM critical chain project management

c.d.f. cumulative (probability) density function
CE certainty (or certain)equivalent

CP critica path

CPM critica path method

DA decison analysis

DCF discounted cash flow (see present velue)
DROI discounted return on investment

E(x) expectation or expectedvalued (someparameter)
EMV expected monetary vaue

EU expected utility

EV expected vaue

MCDM multi-criteriadecision making

NCF net cash flow

NPV net present value (sameasPV)

R operationsresearch

OWMS operationsresearch/management science
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Glossary

Symbols

P(x) or p(x)
p.d.f.

PDM

PERT

PIR

PRM

PV

R&DA

ROI

WBS

probability o event x

probability density function

precedence diagramming method
programevaluation and review technique
post-implementation review

project risk management

present value: PV.10 = PV @ 10%/year
risk and decisionanaysis

return on investment

work breakdown structure

populationmean

Pearson correlation coefficient
population standard deviation

population variance
standard error d the mean
covariance betweeni and |

summationseries

expression elementssummed fromn=1to N

annual interest rate or annual discount rate or annual in-
flationrate

probability d (event) A

probabilityd A or B (or both)

probabilityd A and B (jointly)

probability d A given B

risk tolerance coefficient (or risk aversion coefficient, in-
verse)

sample standard deviation

time, especially in PV formula

samplemean

less-than

greater-than

less-than or equal-to

greater-thanor equal-to

multiplicationor " and Boolean operator, e.g., “A-B”
addition or "or" Boolean operator

not A



Terms

accuracy Jointly havingboth low biasand high predison characteristics; refers
to the measurement's agreement with the true value.

accuracyratio Ratiod (actual outcome)/{original estimate), used to gaugethe
objectivity d forecasts.

action In project risk management, thisisan effort to affect arisk event or un-
certainty. With threats, the desireisto reduce thelikelihoodd the chance event,
itsimpact, or both. With opportunities, the desireis to increasethelikdihood, its
impact, or both.

activity Anelement o work aspart d aproject. An activity takestimeand
CONSUMES resources.

addition theorem or rule Rulefor calculatingthe"or" union d two events:
P(A + B) = P(A + P(B) - P(AB).

analytic hierarchy process (AHP) A system for multi-criteriadecision
making, wherethetask isto choosethe best alternative with respect to value
measured by a hierarchy d sub-objectivesor attributes. Attributes are weighted
by making pair-wisecomparisons. Alternativesare also rated along each attribute
by making pair-wisecomparisons.

activity network diagram (AND) Any project activity diagram, typicaly either
CPM/PERT-type diagram or precedence diagram method (PDM) type.

appraisal approach View that &l threetypesd decision problems (ranking,
valuing, and optimizing) can be solved calculatinga numerical value measure.

artificial intelligence (Al) Thebroad aread computer science attemptingto
embody machineswith human-likeintelligence. Subsetsd Al include expert sys
tems natural language systems, neurd networks, robotics, and vision systems.

as-of date Theé€ffectivedated an evauation; the date to which cashflowsare
discounted.

assessor Expert; person responsiblefor providingjudgments—assessments—
about one or more uncertainty input(s) for an andysis.

asset Righttoor ownership o somethingd vaue, such as property.

asset model A lifecydemodel o aproject, product, or other asset; concept
feadbility analysis.

association  See correation.

assumption A condition, such asarelationship or acircumstance, that is pre-
sumed to hold for the purpose o the evaluation.

average Referstoany o the"central measures," most often to the mean. Gen-
erdly, thisterm is ambiguouswithout clarification, because some people use this
averagewhen referringto the mode, median, or other central measure.
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base case A referencedeterministic solution obtained by using the expected
vauesd each continuousinput distributionand (usually) the mode o eachinput
discretedistribution. In project management, thisis called the base plan or base-
line plan.

Bayes' theorem Theformulaused to revise probabilitiesbased on new infor-
mation. The concept used in Bayesian analysis.

beta distribution A simpledistributionthat, depending upon two shapefac-
tors, can assume many shapeswithin two bounds. Used in the dlassic PERT
project schedule calculations.

bias A repeated or systematicdistortiond astatistic or vaue, imbalanced
about its mean.

binary risk event A two-outcome chance event, usually "success' or "failure.”

binomial distribution A discrete distributi onrepresenting two-outcome
chanceeventsd independent trials.

Boolean algebra Namefor the commonlogicd AND, OR, and NOT opera-
tions. After JamesBoole

buffer In project management, refersto a planned interval to dlow for one or
more predecessorsto finish before the next activity's planned start.

capital constraint Any limit d funds. Literaly, thiswould be alimit on capital
investment (assetsthat will have along-termlife); however, in common use, this
can be any budgetary restraint.

cash flow (noun) Money entering or leaving the company treasury. Net cash
flow equal s cash receiptsless cash disbursements. Often referringto the cash
generated and availableto reinvest in theenterprise or to distributeto creditors.

central limit theorem Themean d thesumd alarge number o independent
distributionsis approximately normal regardiessd the shape d the component
distributions. This requiresthat no component distribution contributessignifi-
cantly to the sum.

central measure In statistics, any d the measuresd the"center” o a proba
bility or frequency distribution, such as mean, median, and mode.

certainty equivalentor certain equivalent (CE) The amount, knownwith
certainty, adecision maker would be just willing to exchangefor an uncertain

gamble. The differencebetween CE and EMV istherisk premiumor risk penalty.
Thisdifferenceis attributed solely to the decision maker's attitude toward risk.

certainty factor or confidence factor (CF)  See confidence factor.

chance event An experiment, process, or measurementfor which the out-
come is not known beforehand. Represented i n decision models aswith (synony-
mous) random variable, stochastic variable, and chance node. These events cannot be
controlled, asto decision variable.

complementary outcomes (events) Two distinct and different outcomesthat
together represent dl the possible outcomesd achance event.
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complement theorem or rule  Ruleensuring that the probabilitiesd comple-
mentary outcomesadd (normalizationrequirement):
P(A) + P(A) =1.

conditional probability  The probability that an event will occur given that an-
other event has already occurred. Sometimescalled contingent probability.

confidence factor (CF) A number, ranging from 0 to 1, that indicates the con-
fidencein an assertion or inference. "0" meansd no value, and "1 meanswith
complete confidence. CFs are used in rule-based expert sysems

confidenceinterval Aninterva range representingthe degreed confidence
intheestimate d a statistic. When involvingtwo or more dimensions, the
bounded surfaceis called a confidence envdope.

conservative (risk attitude) Seerisk averson.

contingency 1. A possible event that would change the project plan. 2. A re-
serveamount d project funding (or time) to accommodaterisk elementsthat will
likely occur.

contingency plan  An actionor plan readied for executionin the event that a
contingency occurs.

continuous event A chanceevent havingan infinite number d possible out-
comes along a continuum.

continuous event simulation A model solving for behavior d asystem where
timeisadvanced in small, uniformincrements.

correlation  Relationshipbetween variables such that changesin one (or more)
variable(s) is generally associatedwith changesin another. Synonymouswith as-
sociation. Correlationis caused by one or more dependency relationships.

correlation coefficient A measured thelinear correlation between two vari-
ables, rangingfrom-1to +1.

crash (an activity) Acceeratea project activity, usualy by applying moretime
and money.

credible analysis Onethat warrantsthe confidenced the decisionmaker as
being suited to purpose.

credible model One that isaccepted and used by the decision maker.

critical chain project management (CCPM) A philosophy o project man-
agement that placesabuffer at theend  the project (to protect the client) and
buffersat theend d activity chainsfeedinginto the (presumed)critica path.

critical path (CP) Thesequenced activitiesthat determinesthe completion
timed aproject.

critical path method (CPM) A deterministicandysisd the project activity net-
wark diagram (AND) to determinewhich activitieslie along the criticd path and
determineoveral project completiontime.

criticality index  The probability that an activity lieson the criticd path, ob-
tained fromthefraction d timesin a Monte Carlo project simulationwherea spe-
cific activity was criticd (i.e., contributed to |engtheningthe project completion
time).
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cumulative density function or distribution (c.d.f.) Graph showingthe
probahility that the parameter will exceed particular values (alongthe x-axis).
Computed astheintegral d the probability density curve. Thereare twoforms:
greater-thanand less-than types, and both present equival ent information.

decision A commitment o resourcesthat isrevocableonly at some cost. See
good decision.

decision analysis (DA) A processfor hel ping decision makers choose wisdy
under uncertainty. The subject involves concepts borrowed from probability
theory, statistics, psychology, finance, and operations research. Theformal disci-
plineiscalled dedson science, asubset o operations reseerch (management
science). Truly using decision analysis requires (1capturing judgmentsabout
risksand uncertainty as probability distributions, (2) havingasinglevaue
measure (usually NPV, utility, or an objectivefunction),and (3) putting these to-
gether with expected vdue calculations.

decision criterion  Any parameter useful in making a decision.

decisionrule A procedural rulefor decision making, intended to providethe
optimal expectationd progresstoward the entity's objective.

decisiontree A graphical representationd adecision problem and the ex-
pected vaue calculations, consistingd decision, chance, and terminal nodes con-
nected by branches.

delta property Featured expected vaduesuch that a constant amount added to
each outcomeincreasesthe BV by that amount.

density distribution (or function) See probahility densityfunction.

dependence or dependency When the outcomed one chance event influ-
ences, or isinfluenced by, the outcome d another chance event. Dependent rela-
tionships are often represented by formularel ationships or with correlation
coefficients. Opposite d independence. Partial or shared dependency is the cause
d corrdation.

deterministic Said d amodd whereadl parameters arefixed or "determinate.”
Single-point solution. Complementary term is stochagtic (see).

discount rate The"interest” rate used for PV discounting.

discounted cash flow (DCF) Thesum d individua yearly cashflow amounts
that have been multiplied by the appropriate PV discount factors.

discounted cashflow analysis (DCF analysis) Projectingafuture cashflow
stream and determiningits present vaue.

discounted return on investment (DROI) Ratio o PV/PV(investment), a
popular criterion for rankinginvestments under a capital constraint.

discrete event or distribution A chanceevent that has afinite number o out-
comes, e.g., the number d "heads’ fromflippingten coins. cf. continuousevert.

discrete event simulation Monte Carlo simulation wherethe emphasisison
state changesd objectswithinthe system. cf. continuous evert smulation.
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discretizing Convertinga continuousprobability distributioninto an approxi-
mating n-level (often, three outcomes) discrete distribution.

distributiveproperty Feature d expected vaue such that when every outcome
ismultiplied by afactor, the B/ changes by that factor.

distribution  See probability digtribution.

dividend Portiond corporate profits paid to investors. Usudly, the corporate
tax hasbeen paid, and dividends are taxed agan as ordinary income to thein-
vestors. Theoriginal investment capital is recovered when the stock issold.

economic project One judged to providea positive vaue contribution. Most
often, the test iswhether NPV or EMV is positive,

elicit judgment) The processd interviewing an expert and drawing out that
person's complete judgment about a chance event; similarly, drawing out arepre-
sentation d the decision maker's preferences.

EMV decision rule Decision policy to choosethe aternativewith the highest
EMV. Suited when ()enough money is availableto do al EMV-postive projects,
and (2) the company isrisk-neutral.

evaluation General termfor any typed analysis used for asset appraisal, feasi-
bility study, engineeringeval uation, project assessment, and all other typesd
analyses related to decisions.

event Seechanceevent.

eventtree Treediagram showingwhat failurescould have caused particular
events. Complement o fault tree.

expected monetary value (EMV) Expected vaued a measurement ex-
pressed in monetary terms. Usudly refersto the expected value d present value,
E(PV) or BV PV d net cashflow.

expected utility (EU) Expected value utility, where utility istypically the risk-
attitude-adjusted NPV, transformedwith a utility function. Alternately, utility may
be represented by an objectivefunctionin multi-criteriadedson meking.

expected value (EV) Probability-weightedaveraged dl possible outcomes.
When the outcomesare measured in monetary units, thetermisusually caled
expected monetary vaue

expert system (ES) A computer program (knowledgesystem) that containsex-
pertiseabout a specific problem. Using the expert system alows a non-expert to
perform the task at a proficiency level comparableto areal expert. The knowl-
edgeisusualy represented by if-thenrules.

exponential distribution A distributiontypically used for representingthe
time between arrivalsd random events.

exponential utility function Any d severad equations,such asU(x) = r(1 -
e~*7), trand atingobjectivevaue (suchas NPV) into utility units.

feasible Thecharacteristicd aworthy project wherethe expectation isvalue-
added (or cost-saved).
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feedback System concept whereaportiond theoutput isfed back to the
input, especialy negative feedback used for stabilization or control.

float Theamount d timethat an activity can be delayed fromitsearliest start
and not delay the project. cf.freefl oat.

forecast A judged or predicted view d the event sequence or future state o
theworld. Usudly calculation or estimation isinvolved. Aforecast isthe best pro-
jection (see).

Futuristsare careful to avoid the term "prediction” becauseit implies
certainty. What they do, they say, istry to forecast what might happen,
not what will happen.

Eric Lekus, The BdtimoreSun

Prediction may imply a deterministic outcome. Prediction, foretdl, and prophesy
tend to be used when the outcomeis specific (deterministic)and when special
knowledge(e.g., divinecommunication or extraordinary ability) isinvolved.

free float Theamount d timethat an activity can be delayed fromitsearliest
start without delaying any successor activity starts. cf. float.

frequency distribution A graph or other characterizationd the observed
valuesin asampledata set. Commonly graphed as afrequency histogram.
Simulationtrial resultsare often presentedin theform d afrequency histogram
(bar graph), whose shape approximates the true probability density function. It is
called a rdaivefrequency diagram when the frequenciesare expressed asfractions.

full-cycle economics  Project andysisfrom the point o inceptionthrough
asset abandonment.

event Theoutcomed achance event. Synonym: outcome

framing Puttingthe decision probleminto context. This often involveslimiting
thescoped the analysis, relating to particular goalsand objective(s), identifying a
stakeholder or other value perspective, and recognizingvariousconstraints.
Framing biasis a psychological effect caused by perspectiveor context, such as
wording asurvey questionin termsd people dying (or surviving) or in termsd
project success (orfailure).

frequency distribution A graph d the probability density function; ahis-
togram showing the frequency d occurrenced each vaue segment, approxi-
mating the probability density function.

fuzzy logic Rulesd logic based on theideathat events can be classified by de-
greed membership. For example, a qualitativeassessment, such as"high cos,"
can be quantifiedand usedin logica calculations.

Gantt chart A chart with horizontal barsindicating theduration d project ac-
tivities. The horizontal dimensionistime.

Gaussian distribution  See normd distribution.

genetic algorithm  An optimization programmingtechniquethat usesan
analogy d natural selection, including genes, cross-over, and mutation. No intelli-
genceisinvolved. The system "evolves' to agood solution.
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goal A targetor milestone, marking progresstoward the organization's ajec-
tive. A god is usualy measurableand hasastated timefor achievement.

good decision Onethat islogicd and consistent with thevaluesd the deci-
sion maker (or organization) and dl o the dataavailableat thetime.

heuristic Rule-of-thumbthat providesrough guidance on actionsand their
consequences; techniquethat usually providesa good, although not optimal, so-
[ution.

histogram  Graph showingfrequency d observationscounted i n segments of
thevaluerange, usually presented as avertical bar chart. See frequency
digtribution.

hurdlerate  Minimum acceptablelevel o an investment selection criterion.
Mo often, thisisthe cost d capital; projectshavingan IRR lessthan the hurdle
rate are automatically discarded.

impact In project risk management, the effect that arisk or opportunity will
have on cost, schedule, or performance.

independence The characteristicwhere one event does not affect the occur-
renced another, and viceversa.

indifference probability That probability d success, in onelottery, at which
you areindifferent between the referenceand having thislottery. Similar to oar-
tan eguivaent concept.

inflation A risinggeneral level o pricesand wagesin an economy, expressed
asan annual percentagerate.

influence diagram  Network diagram d system variableswith arcsindicating
the direction d "influence" or time-sequencedrel ationships. Variablesand for-
mulas can be quantifiedand expected values solved by an iterativeprocessas an
alternativeto decisiontree calculations.

interest 1. Amount paid for the use d funds, e.g., interest earned by savingsin
a bank account. 2. Ownershipin a project, asset, or entity.

internal rate of return (IRR) A discount ratethat yildsaPV = 0. Theremay
be multiple rootswhen the cumulative net cashflow curve changessign more
than once. Caculating IRR requires an iterative, trial-and-error procedure. Syn-
onymouswith rated return (ROR)and discounted cashflow rated return (DCF-
ROR).

intersection A joint event comprised d two or more separate events. For ex-
ample, the event (A and B) isajoint event.

intuition  The believed capacity for guessingaccurately. Judgmentsbased upon
feelingsand not logica thinking.

investment Anamount paid to acquirean asset.

joint probability The probability o two or more events occurring together. In-
tersection d two sets, such asrepresentedin a Vem diagram.



judgment A probability distributionassessment performed, at least in part, by
ahuman. Subjective probability assessment.

kurtosis A measured the peakednessd a probability density function. The
kurtoss statisticis the fourth moment about the mean divided by 64. The bench-
mark for comparisonisthe normal distribution's kurtosisequals3.

Latin hypercube sampling (LHS) An improved sampling techniquefor Monte
Carlo simulation that reducesthe number o trialsrequiredto obtain acceptable
convergence. The probability function to be sampled is stratified into equi-prob-
ablelayers. For successivetrials, each layer is sampled, without replacement.

law of large numbers  The sample mean can be made as closeto L aswe de-
sire by asufficiently largesamplesize, i.e., imx
n—oea

likelihood Usudly synonymouswith probability.

lognormal distribution A frequently encountered positively skewed, contin-
uousdistribution. It ariseswhen thevaueisthe product d other distributions.
Thelog vauesare normally distributed.

management science (MS) See operations ressarch.

marginal  Incremental difference. Said o cashflows, cost o capital, profit, and
so on.

marginal probability The unconditional or absolute probability, e.g., P(A).
These are the probabilitiesthat arein the"margins' d aprobability table.

mean Thearithmetic averaged equally likely outcomesor aset o observa
tions. The probability-weighted average. Thisisusualy the best estimator for a
chance event. Synonymouswith expected vduewhen referringto the mean o a
probability distribution. Symbols . for popul ations(p.d.£.’s) and x for data.

median The most central valued a populationor sampleset. Haf d the other
valueslie above, and the other haf below. With an even number o equally likely
outcomesor observations, the medianisthe averaged the two centermost
values.

merge bias TheEV start time d aproject activity islater than the maximum
EV finishtime d predecessor activities. Thiseffect occursat the joiningor
mergingd arcs, moving left to right, in a project (activity) network diagram.

mitigate Toeliminateor lessen therisk or effect of; e.g., mitigatethe impact o
bad wesather.

mode The particular outcomethat is most likely. Thisis the highest point on a
probahility density distributioncurve. A curvewith two localized maximais
called bimodd. With sampledata having high resolution, there are seldom two
identical values. Thus, with frequency higogram data, the modeistypically
chosen as the midpoint o the bin havingthe most counts.
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model A smplified representationd asystem of interest. Modelsfor decision
purposesusudly represent a businessenterprise, project, or transactionand con-
sistd variables and mathematical formulas.

moment First moment: the product d a point value timesthe distance to aref-
erence axis. The second and higher momentshave the distance squared, cubed,
and so on. The memnisthefirst moment d x about the origin. The varianceisthe
second moment o x about the meen.

equivalent Theresult d trandatingdifferent facetsd vaueintoa
single measure: money.

Monte Carlo simulation See smulaion, Monte Carlo.

muti-criteria decision making (MCDM)  Where an objective function is com-
prised o severd criteria. Typicdly, the criteriaare chosen to measuregoodness
aongthedimension d each objective.

multiplication theorem or ruk  Rulefor calculatingthe "and" intersection of
two events. P(AB) = P(A) . R(B| A).

multi-tasking When aresourceis concurrently performing multipletasks.
Considered lessefficient than tasking sequentialy.

murtually exclusive decision alternatives A situationwhere no alternative
containsanother aternative. Mutudly exdusve projectsmeans only one project
can bedone.

exclusive outcomes A situationwhere outcomesare defined such
that no one outcomecontainsvauesd another outcome.

nature’s frec  Refersto the requirement that decision trees be constructed to
recognize the natural sequence d events.

net cash flow (NCF) Cash flow from operations, net d capital expenditures,
overhead, and taxes.

net present value (NPV) Sameas present velue (PV, see) or present worth. Usu-
dly, the"net" adjectiveisin referenceto the principle that the cash flows should
be net o the investment.

neural network (NN) A computer circuit that attemptsto replicatethe opera
tiond the human brain. Thecircuit consistsd” asimple arrangement o nodes,
called neurons, and their interconnecti ons. Successful applicationsinclude pat-
tern matching, noisefiltering, and vision recognition. Neural networks can be
viewed as massive, multi-variable, non-linear regression.

node Principally two types: decision point (decisionnode) or chance event
(chancenode), usually with referenceto a decigon tree or influencediagram. End
nodesare termind nodes Influence diagramsadditionally have objectivevariable
(ie., value measure) nodesand others.

normal distribution Thefrequently encountered, bell-shaped distribution.
Also called Gaussan distribution.

normalization requirement  The requirementthat the sum o the probabilities
d all possible outcomesequalsone. Normdizingisafundamental meansd re-
vising probabilities.
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objective (noun) Tlhe purposed an organization. Often, less precisaly used to
mean agod.

objective analysis  One that isfreefrom bias, requiringbias-free assessment
inputs, objectivevalue measure, and calculation integrity.

objective function A mathematical function to be optimized in decision
making. Thisistypically NPV, which is converted to expected utility for the risk-
aversedecision maker. In multi-criteriadecison meking (MCDM)),the objective
function combinessel ected criteriainto a composite value measure.

objective or neutral risk attitude Describinga person, organization, or
policy that isunwilling to pay (or require) a premium for uncertainty. With an ob-
jectiverisk attitude, the certainty equivdent is exactly the expected monetary vadue

objective probability A probability assessment that isdetermined from com-
plete knowledged the system or d the parent population. Not affected by per-
sonal beliefs.

objective value measure A dtatistic that correspondsdirectly and logicaly to
the objective(s) d the decision maker.

operationsresearch (OR) Thescienced applyingsystemsanalysis, statistics,
and mathematicsto problemsd organi zations. Synonymouswith management sci-
ence and often abbreviated together, i.e., OR/MS.

opportunity  Popularly, in project management, the potential for somethingto
be better than expected; often used as an antonym d thresat. Risksand opportuni-
ties together, compriserisks.

optimal Adjective meaningthe variable is chosen to achieve the value optimum
(noun).

option 1. Alternative. 2. An owned right to selt or buy at somefuturetime.

outcome A particular result d achanceevent.

payoff table A two-dimensional matrix used to calculate expected val ues, rep-
resenting decision aternativesin one dimension and chance event outcomesin
the other dimension.

population Theset d possible outcomesfor achance event. The entire set o
valuesrepresentingthe event d interest. Synonymouswith universe.

portfolio A company or individua's holdingsd projects, investments, or op-
portunities.

post-implementationreview (PIR) or post audit Andyssd a project after
the general outcome has been determined. Also called pogt andysis, post evaua
tion, and lookback analysis. Typically based upon full cyde economics

precedence diagramming method (PDM) Buildinga project model o activi-
tieslinked to show precedence constraint rel ationships (at least four types, e.g.,
Start; after Start,).

precision Ability to systematically repeat a measurement or obtain an evalua-
tion result without regard to the true value.
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prediction Seesynonymsat forecast.

preference A decision maker's attitude about a particular aspect d the deci-
sion process. Decision analystsclassify preferencesinto three categories: objec-
tives, timevdued money, and risk attitude. These preferencesare compositesd
the decision maker's beliefsand values.

present value (PV) Thesumd discountedcashflow values. The discount rate
representspolicy or attitude toward time preferenced money.

probability P(x) Thelikdihood d an event occurring, expressed as a number
from 0 to 1 (or equivalent percentages).Synonyms: chance, likelihood, odds. The
sum d the probabilitiesd al possible outcomesequalsone. See probability den-
sityfunction, objective probability, and subjective probability.

probability density function (p.d.f.) probability mass function (p.m.f.)

A mathematical or graphical representationthat representsthelikelihood o dif-
ferent outcomesfrom achance event. Theintegral o ap.d.f. equalsone. Also
called probability distribution and probabilityfunction. "Mass' instead d "density" is
often used when referringto adiscrete distribution. Also called probability distri-
bution and probabilityfunction. Common examplesinclude binomial, normal, and
triangle distributions.

probability distribution  See probability densityfunction.

probability tree A diagram d chance events, annotated with outcome proba-
bilities, useful in calculatingexpected valuesand joint probabilities, adecision
tree without any decision nodes, asis often the casein asset valuation.

program evaluation and review technique (PERT) An anaysisd a project
network diagram to (1)determinewhich activitiesare on the deterministic critical
path, and (2) to apply activity completion timedistributionsto determinea distri-
butionfor the overal project completiontime. Haw: neglectsmerge hias.

project network diagram (PND)  Any schematic showing the sequence o
project activities. Also called a precedencenetwork diagram becaused the emphasis
on precedence rel ationships between activities. Also called activity network diagram.

project risk management (PRM) "Risk management isthe systematic
processd identifying, analyzing, and respondingto project risk. It includes maxi-
mizing the probability and consequencesd positive eventsand minimizingthe
probability and consequencesd events adverseto project objectives. It includes
the processesd risk management planning, risk identification, qualitative risk
analysis, quantitative risk analysis, risk response planning, and risk monitoring and
control" (Project Management I nstitute 2000, p. 206).

projection A calculated future, usually involving production volumes, cash
flow, and so on acrosstime periods. A view d the sequence d eventsor future
stated theworld under an assumed set d assumptions. Synonyms. scenario, case;
cf. forecast.

random error A distortion in astatistic. Usudly thisis"noise" without bias.

random number A number obtained from sampling (usually)a0-1 uniform
distributionand used for sampling in Monte Carlo simulation. Atabled random
digitsservesthe same purposeby placing adecimal pointin front d theintegers.
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random variable A symbol or measured a chanceevent. Also cdled ago-
chedlic varidble

rank correlation Thestatistic used in popular Monte Carlo simulation soft-
ware to expresscorrelation. It isthe Pearson rank correlation coefficient usingthe
value ranksrather than the actual values.

rate of return (ROR) Amount earned per unit of investment per time period.
Typicdly, total return in oneyear divided by starting investment. Often used as if
synonymouswith interna rated return.

regression Determiningcoefficientsdf an equation that best fitsto sample
data. The namesd regression analysesrefer to theform o the dependent vari-
ableequation: linear, multiplelinear, and polynomia (curvefitting). The coeffi-
cientsare usualy chosen so asto minimize the squared the errors (least-squares
fit). See neurd network.

reliability Probability that asystem or component will performitsintended
function over a specified period o time.

reserve In project management, an amount d money or time provided to miti-
gaterisk.

return on investment (ROI)  Net benefits (cashflow before deductinginvest-
ment) divided by the initial investment:
_net profit

ROI'=-
investment

Often, the numerator and, possibly, the denominator are averaged over the life
d the asset. Also common are computing the return each year, then averaging.

risk Thequality d asystem that relatesto the possibility o different outcomes.
There are unknowns about conditionsd nature and about how systemsoperate.
Risk is approximately synonymouswith uncertainty.

Informally, "risk" isused when thereisalarge, usualy unfavorable potential out-
come (typicallya discrete event). For example, risk of failure.

"Uncertainty" is usedwhen thereisaranged possible outcomes. For example,
price uncertainty.

| prefer to use “risk” when there are dramatically different outcomespossible
{e.g., success/failure) and use" uncertainty" when the outcomesare merely variable,
such aswhen:

@h outcome <7
low outcome

Becausethereisno good antonym for risk, I'm okay withalowing risk to bethe
potential for either undesirableor desirableoutcomes. In project management, es-
pecidly, risk events are often classified as"threats" or " opportunities.”

See uncertainty.

risk analysis The processd assessinga probability or the shape d a proba-
bility distribution. The term is sometimes used in placed dedison andysis Some
people combineinto theinclusveR&DA, risk and dedison anayss.

risk attitude  Preferenceabout risk. One of: risk averse (risk avoiding), risk new-
tral (neutral about risk, e.g., an EMV decision maker), or risk sseking.
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risk aversion Didiked risk; conservative risk attitude. The risk aversion coeffi-
cient isthereciprocal o risk tolerance coefficient (both used in utilityfunctions).
risk penalty Seerik premium

risk policy Approved method for making tradeoffsbetween valueand risk,
often expressed as a utilityfunction.

risk premium Theamount d expected monetary valueforsaken by usinga
vaue derived fromrisk policy:

Risk Premium = EMV - Certainty Equivalent.

Thisdifferenceis attributed solely to the decision maker's attitude toward risk.
Sometimescalled risk penalty. Risk premium is adways non-negative.

risk tolerance coefficient The parameter in an exponential utilityfunction that
representsthe decision maker's risk attitude. Thisistypically one-fifth or one-
sixthd the person's or entity's net worth. The reciprocal  risk tolerance coeffi-
cient iscalled the risk aversion coefficient.

robust model A model whoseformulasand structurearevalid for al possible
combinationsd input variables.

robust solution A solution obtained from adecision model that isinsensitive
to moderate changesin the vaue function and probability assessments.

sampling (with experimental data) Obtaining representative examplesfrom
aparent population or from experiment.

sampling (for Monte Carlo simulation) Obtainingatria vaued aproba-
bility distribution. With conventional Monte Carlo sampling, a random number
between 0 and 1 is used to enter the y-axison a cumulative probability distribu-
tion; the correspondingx-axisvaueis extracted and becomesthat variable's
vaueinthesimulationtrial . See Latin hypercube sampling.

sampling with and without replacement When samplingfrom afinite popu-
lation, sampling may or may not restorethe original populationset for the next
sampling event; i.e., the sampleis removed and not replaced in the population.
Thisis sampling without replacement, and each samplealtersthe event probabili-
tiesfor future sampling.

scenario A possiblesequenced eventsand afuturestated theworld. A prg-
ection.

scenario analysis A planningtechniquethat examines responsesto plausible
aternativefutures.

scope The problemdefinition that specifieswhat isand what isnot included
in the project deliverables.

sensitiianalysis An analysistodeterminehow variationsin input values
affect the outcomevalue. Important to the evaluation team in understanding
whichvariablesare most important. Usudly done by examining the effect of
changingin one variable at atimefrom the base case assumptions. See sensitivity
chart.
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sensitivity chart  Chart showing prioritizedimportance d input variables based
upon the corrdaionscal cul ated betweeninput variablesand the outcomevaue
measure. Variablescan be ranked by corrdation coefficientrank correl ation coeffi-
cient, or estimated contribution to total variance.

simulation Representing artificially.n the context d businessandysis, repre-
senting the essential featuresd asystem in amodel. The mode! is used to antici-
pate the behavior and performanced the system under assumed conditions.

simulation, Monte Carlo A processfor modelingthe behavior o a stochastic
(probabilistic)system. A sampling techniqueis used to obtain trial valuesfor key
uncertain modd input variables. By repeatingthe processfor many trials, afre-
quency distributionis built up, which approximates the true probability distribu-
tion for the system's outpult.

Thisrandom sampling process, averaged over many trids, is effectivel ythe same
asintegratingwhat is usually avery difficult or impossibleequation.

skewness A character d distributionswhen deviationsabout the mean are
asymmietric. Positively skewed distributionsappear to lean to theleft and havea
longer tail in the positivedirection. The skewness statistic is the third moment
about the mean divided by ¢3. A symmetricdistributionhasaskewnessd zero.

spider diagram A graph d the sensitivity d vaueto severa input values.

standard deviation (8D, 5 or s) Squareroot d thevariance. The standard
deviationis more meaningful becauseit has the same units asthe distribution
measured.

standard error of the mean (SEMor o) A measuredf the uncertainty o
the sample mean, X, in representing the true popul ationmean, L.
S

\n

I

Ox

SEM isuseful in determiningwhether a sufficient number of trialshasbeenrun
inaMonte Carlo simulation. It overstatesthe error when Latin hypercube sampling
isused.

statistic A number that describessome attribute d a populationor event
space. The most common statisticsare mean, median, mode, standard deviation,
and variance. A statistic providesinformation about a distribution. To distinguish
between statisticsfrom popul ations and statisticsfrom samples, different letters
are used:

Population Sample
Mean u X
Standard Deviation c s

stochastic (pronounced stow-kastic) An adjective meaning probabilistic,
datigtical, chaotic, or random. (Seestochagticdominanceand stochadticvariable)
The term is complementary to deterministic(see).

stochastic dominance A situationwhen one aternativeis better than all
othersatdl levesd cumulative probability. Thisisobserved with cumulative
probability curveswhen the curves do not overlap. When (Dthe curvesdo cross
and (2) the best EV alternativeis more risky, then risk attitude isimportant to the
decision.
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stochastic variable Sameasrandom vaiable.

stochastic variance Thedifferencebetween (1)thevaueobtainedin adis-
crete model using expected valueinputs (i.e., besecase),and (2) the value ob-
tained with astochasticmodel that carries probability distributionsthrough the
calculations.

stopping rule A test for haltingaMonte Carlo simulation run after achieving
sufficient convergence. Thisis often based upon the sandard error ¢ the meen sta-
tigtic.

subjective probability  Probability assessment or judgment that is, at leastin

part, based on opinion, hunches, feelings, and/or intuition. A subjective proba-
bility is someone's bdief about whether an outcomewill occur.

substitution principle Allowsachance node, in adecisionor probability tree,
to be equivaentlyreplaced by its expected value.

sunk costs  Money that hasaready been spent. Prior costs (and benefits)
should not be considered in making present and future decisions, except asto
possiblefuturetax or contract effects.

SWOT analysis Abbreviationfor a planningand brainstorming process,
named after itselements, identifying: Strengths, Wesknesses, Opportunities, and
Threats.

time value of money Theconcept that adollar today isworth morethan a
dollar tomorrow. The relationshipisreflectedin the time preferenced the decision
maker. The presant vaue concept and formulaare generally accepted to represent
timevaluein the decision modd's value function.

tornado diagram A sensitivity graph showing the output vaue range pro-
duced by therange d each key uncertain input variable, arrangedin decreasing
magnitude d effect.

triangle distribution A continuousdistributionuniquely specified by itsrange
(lowand high) and itsmode. Thisisthe most popular distributionin Monte Carlo
samulation because o itssimplicity and ease d sampling.

uncertainty  Often used synonymoudy with risk (see).A n informal distinction
isthat uncertainty is used when the outcomeisvariable, such asafutureproduct
price.

Some project management professionals are classifying uncertainty (i.e., asur-
priseor contingency)asthe most genera term. (I am not amongthem. | prefer and
recommend the taxonomy described at risk.) Thisisdivided into eventswith good
outcomes called opportunitiesand those with bad outcomes called risks or threats.
An event having both good and bad outcomesthus is classified as both arisk and
an uncertainty.

uniform distribution A continuousdistributionwith constant probability den-
sity between two bounds.

union Compositeevent consistingd two or moreevents; e.g., (A or B), which
includesthe possibility d both A and B. Equivaent to thelogica "or" operation.
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unknown 1. Stochadicvarigble 2. An event or variable not evaluated. 3. An
event or variable not identified in the eval uation, perhaps because it was never
thought of .

util (or utile) Arbitrary unit d measurement expressingvaue on a utility scale.
Theoriginlocationisaso arbitrary.

utility A scaed vduereflectinga preferenced the decision maker. Represents
valueversusan objective measure, such as money.

utility function A graphic or mathematical function relating value o various
outcomesto theintrinsicvaueto a particular decision maker. Also called utility
curveand risk preferencecurve. Utility valueis measured in arbitrary unitscalled
utils or utiles.

The x-axis (the utility function's argument) is calibrated in some directly meas-
urable units, such asdollars. They-axisoriginand scaleare arbitrary.

A popular (and recommended) utility functionisthe exponentid utilityfunction:

UG = (1= e

wherex isthe outcome (usudlyin $NPV), and risthe risk tolerance coefficient. This
functionis sufficient to completely and succinctly expressacompany's risk palicy.

value Monetary or material worth; worth in usefulness or importanceto the
possessor. Utility (see).

value engineering Systematicaly designing a project or product constantly at-
tending to life-cydevaueimprovement opportunitieswhile still meeting the

functiona criteria. Vdueandysisis value engineeringapplied to somethinga-
ready designed or built.

value function See objectivefunction.

value of information Vdued being better able to assess the outcomesd
chance events.

value of control Vdued beingableto influencethe outcomesd chance
events.

values Deeply-held beliefs about what is right and wrong. See preference.

variable A symbol in amodel that hasavaue or can be evaluated. Synonyms:
parameter, input value.

variance (o2 statistic) 1. A popular measured uncertainty. The expected value
d thesum d the squared deviationsfrom mean. Varianceis the standard deviaion
squared (see). 2. Difference between the forecast and actual outcome. Normally
calculated so that an unfavorablevarianceis negative.

variance analysis A post-evauation for the purposed reconciling (ex-
plaining) the differencebetween the forecast and actual outcome, usualy detailed
by components. Vaiancein this context isthe differencebetween forecast and ac-
tual.

Venn diagram A diagram showing rel ationships between dl possible out-
comesd chance events.
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work breakdown structure (WBS) An outlined aproject that details, in hier-
archica levels, the work to be performed.

yield Theamount earned during one year on an investment divided by thein-
vestment value at year start. Often used as synonymouswith return an investment.
For multi-year situations, internd rated return (IRR) isthe most commonyield
measure, although thereis much confusion and debate about its usefulness.
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AHP  See analytic hierarchy process (AHP)

Al See artificial intelligence (Al)

AND  See activity network diagram (AND)

accuracy 5,14, 128, 130, 169, 213, 217, 233

actions 11, 41, 59, 99, 102-03, 105, 107, 111-12, 114,
117,186,209,219,223,230,239
See also database of risks and actions and risks, and ac-
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activity network diagram (AND)
233,235,243

activity startdate 193, 197

additionrule  203-04
See also mutually exclusive, addition rule

analysis  See cost/benefit/risk analysis; credible analysis; de-
cision analysis (DA); decisiontree(s), analysis; look-back
analysis; point-forward analysis; post-analysis; risks(s)
analysis; SAOT analysis; scenario, analysis; sensitivity
analysis; and variance, analysis

analytic hierarchy process (AHP) 51, 231, 233

appraisingvalue  See value, appraising

artificial intelligence (Al) 134, 207, 233
See also expert system(s)

artificial neural network  See neural network (NN)

as-of date 32, 233

Aspromonte, Don 23

assessor(s) 151, 156, 159, 233

asset 4, 37, 105-06, 116, 128, 130, 164, 170, 180,
234, 237, 239, 243-44
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life cycle 100
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basecase 14, 102, 135, 170-71, 173-75, 178-79, 197,
234,245,247
discrete variable 101, 170
See also projection, base case
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Bayes' theorem 71, 75, 96, 118, 234
behavioral problem 185
benefit/cost ratio 33, 111
beta distribution(s) 91, 125, 148, 234
in PERT 148
bias(es) 5, 14,17, 153-54, 156-59, 163, 167-68, 170,
174, 233-34,238,242
merge 171-73, 186, 197,240,243
perception 157
bid amount 4, 213
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binary event 11,117, 141, 152
binary risk event 142, 153, 234
binomial distribution(s) 94, 142-43, 234
Boolean algebra 202, 204
logic operations 202
buffer(s) 184-85, 192, 194, 199, 234-35

C

CCPM  See criiical chain project management (CCPM)

c.d.f. See cumulative density function (¢.d.f.)

CE See certainty equivalent (CE)

CF  See certainty factor (CF)

CP  See critical path (CP)

CPM  See critical path, method (CPM)

calculation(s) 4, 13, 18, 21, 30, 33, 35, 37-38, 53, 56,
59-60, 65, 69, 72, 79.81, 84, 96, 107, 131, 137,
156, 159, 164, 170, 173, 183, 186, 196-97,
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methods 36, 125, 221
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See also discounted cashflow and model(ing), project

cashflow
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234,242,245

certainty factor (CF) 210, 234

chance event(s) See event(s), chance
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chance of success 135, 143
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See also bid amount
complement rule 203
conditional branching 106, 134, 140, 211, 217
dynamic modeling 140
conditional probability See probability, conditional
confidence factor 210, 215, 234-35
fuzzy logic 210
confidence interval(s) 10, 146, 155-56, 178, 235
confidence level(s) 10, 15
conservative risk attitude  See risk(s), attitude, conservative
constraint(s) 24, 35-36, 140, 163, 173, 18345, 238,
242,251
See also theory of constraints
contingency, simple model 173
See also theory of constraints
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simulation 235-36
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235,246
detailed modeling 132, 149
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rank 137-38, 166, 244,246
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See also association
cost/benefit/risk analysis 41
See also risk, analysis
cost equivalent(s) 51, 57, 66-67
cost estimates See project cost esimates
cost-pluscontract 42-43, 46-47

cost, schedule, and performance 3, 6, 51-52, 55, 66, 101

hierarchy 51
costs, sunk See sunk costs
covariance 20. 232
Crane Size decision 38, 228
crash(ing) 124, 186, 235
credible analysis 5, 6, 42, 235
Critical Chain  167-68, 183-84, 186, 195

critical chain project management (CCPM) 183-187,
191-92,199,231,235

critical path (CP) 124, 235
method (CPM) 123,197,231,235
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DA  See decision analysis (DA)
DATA 38, 66, 80, 223, 228-29
DROI  See discounted return on investment (DROI)
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appraisal approach 63, 233
approach 29-30
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guarantee 154
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problem type 30, 40
process 23-24, 27, 129, 177
ten-step process 27, 130
three pillars of 53
with good data 167
with Monte Carlo simulation 185
See also risk, and decision analysis (RDA)
decision criterion 34,111, 135, 236
See also good decision
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design of experiments 94, 219
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time preference 32, 243, 247

discounted cashflow 33, 127, 236, 239, 243

discounted return on investment (DROI) 35, 41, 105, 112,
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discounting 35, 157, 178, 236
midperiod 32-33
See also present value (PV)

discrete distribution(s) 13, 20, 62, 87-88, 91, 142-43,
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EMV  See expected monetary value (EMV)
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BU See expected utility (EU)
EV  See expected value (EV)
early start 197
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237-39,245,247
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with First-Class
Publications from PMI

A Guide to the Project Management Body of
Knowledge (PMBOK® Guide) — 2000 Edition

PMI’'s PMBOK® Guide has become the essential sourcebook for
the project management profession and its de facto global stan-
dard, with over 700,000 copiesin circulation worldwide. This
new edition incorporates numerous recommendations and
changesto the 1996 edition, including: progressiveelaboration
is given more emphasis; the role of the project office is ac-
knowledged; the treatment of earned valueis expanded in three
chapters; the linkage between organizational strategy and project
managementisstrengthened throughout; and the chapter on risk
management has been rewritten with six processesinstead of
four. Newly added processes, toals, and techniquesare aigned
with the five project management processesand nine knowledge
areas. For example, reservetime, variance andyss, and activity
attributes are added to Chapter 6 (Project Time Management);
estimating publicationsand earned value measurement are added
to Chapter 7 (Project Cost Management); and project reports,
project presentations,and project closure are added to Chapter
10 (Project Communi cationsM anagement). Thisisone publica
tion you'll want to have for quick referenceboth at work and at
home.

ISBN: 1-880410-23-0 (paperback); IBN: 1-880410-22-2 (hardcover);
IBN: 1-880410-25-7 (CD-ROM)

PMI Project Management Salary Survey = 2000
Edition

This 2000 Edition updatesinformationfirst publishedin 1996 and
expands coverageto over forty industry affiliationsin nearly fifty
countriesin saven mgor geographic regionsaround the world. Its
purposeis to establish normative compensationand benefits data

for the project management professonon aglobd bess The study
providessaary, bonus/overtime, and deferred compensationinfor-
mation for specific job titles/positions within the project manage-
ment profession. It aso contains normative data for a
comprehensivelist o benefits and an array o other relevant pa-
rameters. The PMI Project Management Salary Survey - 2000 Edi-
tionisavita new research tool for managersand HR professionas
looking to retain or recruit employees, current membersd the pro-
fesson or thoseinterested in joiningit, researchers, and academics.
ISBN: 1-880410-26-5 (paperback)

Project Management for the Technical
Professional

Michael Singer Dobson

Dobson, project management expert, popular seminar leader,
and personality theorist, understands " promotion grief." He
counselsthose who prefer logical relationshipsto people skills
and shows technical professionalshow to successfully makethe
transition into management. Thisis a witty, supportive man-
agement primer for any "techie" invited to hop on the first rung
of the corporate ladder. It includes self-assessment exercises; a
skillful trandation of general management theory and practice
into tools, techniques, and systemsthat technical professionals
will understand and accept; helpful "how to doit" sidebars; and
action plans. It's also an insightful guidefor those who manage
technical professionals.

"Theexercisesand case studiesfeatured here, along with the
hands-on advice, hammer home fundamental principles. Anin-
triguing complement to more traditional 1T management
guides, thisissuitablefor al libraries." —LibraryJournal
ISBN: 1-880410-76-1 (paperback)



The Project Surgeon: A Troubleshooter's Guide
To Business Crisis Management

Boris Hornjak

A veterandf businessrecovery, project turnaroundsand crisispre-
vention, Hornjak shareshis"lessonslearned" in thisbest practice
primer for operational managers. He writes with a dual pur-
pose—first for the practical manager thrust into acrisissituation
with a mission to turn things around, make tough decisions
under fire, address problemswhen they occur, and prevent them
from happeningagain. Then hisemphasisturns to crisgsprevesn-
tion, S0 you can freeyour best and brightest to focus on oppor-
tunities, instead of on troubleshootingproblems, and ultimately
break the failure/recovery cyde.

ISBN: 1-880410-75-3 (paperback)

Risk And Decision Analysis in Projects

Second Edition

John R. Schuyler

Schuyler, a consultant in project risk and economic decision
analysis, helps project management professionals improve their de-
cision-making skills and integrate them into daily problem solving.
In this heavily illustrated second edition, he explains and demys-
tifies key CONCEPLS and techniques, including expected value, op-
timal decision policy, decision trees, the value  information,
Monte Carlo Simulation, probabilistic techniques, modeling tech-
niques, judgments and biases, utility and multi-criteriadecisions,
and stochasticvariance.

ISBN: 1-880410-28-1 (paperback)

Earned Value Project Management

Second Edition

Quentin W. Flemingand Joel M. Koppelman

Now aclassictreatment of the subject, this second edition up-

dates this straightforward presentation of earned value as a
useful method to measure actual project performance against

planned costs and schedules throughout a project’s life cycle.
The authors describe the earned value concept in a simple
manner so that it can be applied to any project, of any size,

and in any industry. Earned Value Project Management,
Second Edition may be the best-written, most easily under-

stood project management book on the market today. Project
managers will welcome this fresh translation of jargon into

ordinary English. The authors have mastered a unique "' early-
warning" signal of impending cost problemsin time for the
project manager to react.

ISBN: 1880410-27-3 (paperback)

Project Management Experience and
Knowledge Self-Assessment Manual

In 1999, PMI® completed a role delineation study for the
Project Management Professional (PMP®) Certification Ex-
amination. A role delineation study identifies a profession's
major performance domains (e.g., initiating the project or
planning the project). It describesthe tasksthat are performed
in each domain, and identifies the knowledge and skills that
are required to complete the task. The role delineation task
statements are presented in this manual in aformat that en-
ablesyou to assesshow your project management experiences
and training/education knowledge levelsprepare you to com-
plete each of the task statements. Individuals may use all of
these tools to enhance understanding and application of PM

knowledge to satisfy personal and professional career objec-
tives. The self-assessment rating should not be used to predict,
guarantee, or infer successor failure by individuals in their

Project management career, examinations, or related activi-
les

1SBN: 1-880410-24-9, (paperback)

Project Management Professional (PMP)
Role Delineation Study

In 1999, PMI® completed a role delineation study for the
Project Management Professiona (PMP®) Certification Exam-
ination. In addition to being used to establish the test specifi-
cations for the examination, the study describes the tasks

(competencies) PMPs perform and the Proiect mananement
knowledge and skills PMPs use ¢, each task. Each’ ¢

the study’s tasks is linked to a performance domain (e.g., plan-

ning the Project). Each task has three components t~ it: what

the task is, Why the task is performed, and how the task is com-
pleted. The Role Delineation Study isan excellent resourcefor

educators, trainers, administrators, practitioners, and individ-

ual interested in pursuing PMP certification.
ISBN: 1-880410-29-X, (paperback)
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PM 101 According to the Olde
Curmudgeon

Francis M. Webster Jr.

Former editor-in-chief for PMI®,
Francis M. Webster Jr. refers to himself
as "the olde curmudgeon.” The author,
who has spent thirty years practicing,
consulting on, writing about, and
teaching project management, dispenses
insider information to novice project
managers with a friendly, arm-around-
the-shoulder approach. He provides a
history and description of all the com-
ponents of modern project manage-
ment; discusses the technical,
administrative, and leadership skills
needed by project managers; and details
the basic knowledge and processes of
project management, from scope man-
agement to work breakdown structure
to project network diagrams. An excel-
lent introduction for those interested in
the profession themselves or in training
otherswho are.

ISBN: 1-880410-55-9, (paperback)

The Project Sponsor Guide

Neil Love and Joan Brant-Love
Thisto-the-point and quick reading for
today's busy executivesand managersis
a one-of-a-kind source that describes
the unique and challengingsupport that
executives and managers must provide
to be effective sponsors of project
teams. The Project Sponsor Guide isin-
tended for executivesand middle man-
agerswho will be, or are, sponsors of a
project, particularly cross-functional
projects. It isalso helpful readingfor fa-
cilitators and project leaders.

ISBN: 1-880410-15-X (paperback)

Don't Park Your Brain Outside:
A Practical Guide to Improving
Shareholder Value with
SMART Management

Francis T. Hartman

Don't Park Your Brain Outside is the
thinking person's guide to extraordi-
nary project performance. Hartman has
assembled a cohesive and balanced ap-
proach to highly effective project man-
agement. It is deceptively smple. Called
SMART™, this new approach is Strate-
gicaly Managed, Aligned, Regenera-

tive, and Transitional. It is based on re-
search and best practices, tempered by
hard-won experience. SMART has
saved significant time and money on
the hundreds of largeand small, smple
and complex projects on which it has
been tested. Areyour projectsSMART?
Find out by reading this people-ori-
ented project management book with
an attitude!

ISBN: 1-880410-48-6 (hardcover)

The EnterPrize Organization:
Organizing Software Projects
for Accountability and

Success

Neal Whitten

Neal Whitten is a twenty-three-year vet-
eran df IBM and now president of hisown
consulting firm. Here he provides a prac-
tica guide to addressingaserious problem
that has plagued the software industry
sinceits beginning: how to effectively or-
ganizesoftware projectsto sgnificantly in-
creace their successrate. He proposesthe
" Enterprize Organization asamode that
takes advantage o the strengths of the
functional organization, projectized or-
ganization, and matrix organization, while
reducingor eliminatingtheir wesknesses.
The book collects the experiences and
wisdom o thousands o people and hun-
dreds o projects, and reduces lessons
learned to asimpleformat that can be ap-
plied immediately to your projects.

ISBN: 1-880410-79-6 (paperback)

Teaming for Quality

H. David Shuster

Shuster believes most attempts at corpo-
ratecultural change die because peoplefail
to redize how addicted they are to the
way thingsare, theroot causesd their re-
Sgance to change, and the degree to
which their willingnessto change depends
on the mora philosophy of management.
His new book offers a stimulating syn-
thessd dasscd philosophy, metgphysics,
behavioral science, management theory
and processes, and two decades of per-
sona teaming experienceto explain how
individuals can choose change for them-
sves Its philosophy-to-practice approach
will help people team in ways that pro-
mote exceptionally high levelsdf bonding,
individual cregtive expression (innova-

tion), and collective agreement (con-
sensus). Shuster showshow persond work
fulfillment and corporate goas can work
in dignment.

ISBN: 1-880410-63-X (paperback)

Project Management
Software Survey

The PMI® Project Management Soft-
ware Survey offers an efficient way to
compare and contrast the capabilitiesof
awide variety of project management
tools. More than two hundred software
tools are listed with comprehensive in-
formation on systems features, how
they perform time analysis, resource
analysis, cost anaysis, performance
analysis, and cost reporting; and how
they handle multiple projects, project
tracking, charting, and much more. The
survey isavaluabletool to help narrow
the field when selectingthe best project
management tools.

ISBN: 1-880410-52-4 (paperback)
ISBN: 1-880410-59-1 (CD-ROM)

The Juggler's Guide to
Managing Multiple Projects
Michael S. Dobson

This comprehensive book introduces
and explains task-oriented, inde-
pendent, and interdependent levels of
project portfolios. It saysthat you must
first have a strong foundation in time
management and priority setting, then
introduces the concept of Portfolio
Management to timeline multiple proj-
ects, determine their resource require-
ments, and handle emergencies, putting
you in chargefor possibly thefirst time
inyour life!

ISBN: 1-880410-65-6 (paperback)

Recipes for Project Success

Al Delucia and Jackie DeLucia

This book is destined to become *'the"
reference book for beginning project
managers, particularly those who like
to cook! Practical, logically developed
project management concepts are of-
fered in easily understood termsin a
lighthearted manner. They are applied
to the everyday task of cooking—from
simple, single dishes, such as home-
made tomato sauce for pasta, made
from the bottom up, to increasingly



complex dishesor mealsfor groups that
in turn require an understanding of
more complex project management
termsand techniques. The transition be-
tween cooking and project management
discussionsis smooth, and tidbits of in-
formation provided with the recipesare
interesting and humorous.

IBN\: 1-880410-58- 3 (paperback)

Tools and Tips for Today's
Project Manager

Ralph L. Kliem and lrwin S. Ludin

This guidebook is valuable for under-
standing project management and per-
forming to quality standards. Includes
project management concepts and
terms—old and new —that are not only
defined but also are explained in much
greater detail than you would find in a
typical glossary. Also included are tips
on handling such seemingly simple
everyday tasks as how to say "No" and
how to avoid telephonetag. It's a refer-
ence you'll want to keep close at hand.
IBN\: 1-880410-61- 3 (paperback)

The Future of Project
Management

Developed by the 1998 PMI® Research
Program Team and the futurist con-
sultant firm of Coates and Jarratt, Inc.,
this guide to the future describes one
hundred national and global trends and
their implications for project manage-
ment, both as a recognized profession
and as a general management tool. It
covers everything from knowbots, nan-
otechnology, and disintermediation to
changing demography, information
technology, social values, design, and
markets.

IBN: 1-880410-71-0 (paperback)

New Resources for PMP® Candidates

The following publications are resources that certification candidates can use
to gain information on project management theory, principles, techniques,
and procedures.

PMP Resource Package

Doing Busnessinternationally: The Guide to Cross-Cultural Sucoess
by Terence Brake, Danielle Walker, and Thomas Walker

Earned Vaue Project Maragement, Second Edition
by QuentinW. Fleming and Joel M. Koppelman
EffectiveProject Management: How to Plan, Manage, and
Deliver Projectson Timeand Within Budget
by Robert K. Wysocki, et d.

A Guide to the Project Management Body of Knowledge (PMBOK® Guide)
by the PMI Standards Committee

Global Literacies: Lessonson BusinessLeadership and National Cultures
by Robert Rosen (Editor), Patricia Digh, and Carl Phillips
Human Resource Skillsfor the Project Manager
by Vijay K. Verma
The New Project Management
by J. Davidson Frame
Organizing Projectsfor Success
by Vijay K. Verma
Principlesof Project Management
by John Adams, et d.

Project & Program Risk Management
by R Max Wideman, Editor

Project Management Casebook
edited by David I. Cleland, et d.

Project Management Experienceand Knowledge Sdf-AssessmentM anual
by Project Management I nstitute

Project Management: A Managerial Approach, Fourth Edition
by Jack R Meredithand Samuel J. Mantel Jr.
Project Management: A SystemsApproach to Planning,
Scheduling, and Controlling, Seventh Edition
by Harold Kerzner

A Guide to the Project Management Body of Knowledge

(PMBOK® Guide) - 1996 Edition

The basicreferencefor everyonewho worksin project management. Servesas a tool
for learning about the generally accepted knowledgeand practicesof the profession.
As "management by projects” becomes more and more a recommended business
practice worldwide, the PMBOK® Guide becomes an essential source of informa-
tion that should be on every manager's bookshelf. The PMBOK® Guide is an offi-
cia standards document of the Project Management Institute and will continue to
serve as one of the reference documents for the Project Management Professional
(PMP®) Certification Examination through 2001, after which the 2000 Edition will
be used.

ISBN: 1-880410-12-5 (paperback), ISBN: 1-880410-13-3 (hardcover)

PMBOK Q&A

Use this handy pocket-sized, question-and-answer study guide to learn more about
the key themes and concepts presented in PMI’s international standard, PMBOK®
Guide. More than 160 multiple-choice questions with answers (referenced to the
PMBOK® Guide— 1996 Edition) help you with the breadth of knowledge needed
to understand key project management concepts.

ISBN: 1-880410-21-4 (paperback)




Project Management for Managers

Mihaly Gorog, Nigel J. Smith

ISBN: 1-880410-54-0 (paperback)

Project Leadership: From Theory to Practice

Jeffery K. Pinto, Peglhoms, Jeffrey Trailer, Todd Palmer, Michele Govekar
ISBN: 1-880410-10-9 (paperback)

Annotated Bibliography of Project and Team Management
Davidl.Cleland, Gary Rafe, Jeffrey Mmher
ISBN: 1-880410-47-8 (paperback) ISBN: 1-880410-57-5 (CD-ROM)

How to Turn Computer Problems into Competitive Advantage
Tom Ingram
ISBN: 1-880410-08-7 (paperback)

Achieving the Promise of Information Technology

Ralph B. Sackman

ISBN: 1-880410-03-6 (paperback)

Leadership Skills for Project Managers, Editors' Choice Series
Edited by Jeffrey K Pinto, Jeffrey W. Trailer

ISBN: 1-880410-49-4 (paperback)

The Virtual Edge

Margery Mayer

ISBN: 1-880410-16-8 (paperback)

The ABCs of DPC

Edited by PMI’s Design-Procurement-Construction Specific Interest Group
ISBN: 1-880410-07-9 (paperback)

Project Management Casebook

Edited by David I. Cleland. Karen M. Bursic, Richard Puerzer, A. Yaroslav Viasak
ISBN: 1-880410-45-1 (paperback)

Project Management Casebook, Instructor's Manual

Edited by David I. Cleland. Karen M. Bursic, Richard Puerzer, A Yaroslav Viasak
ISBN: 1-880410-18-4 (paperback)

The PMI Book of Project Management Forms

ISBN: 1-880410-31-1 (paperback)

ISBN: 1-880410-50-8 (diskette)

Principles of Project Management

John Adams et al.

ISBN: 1-880410-30-3 (paperback)

Organizing Projects for uccess

Human Aspects of ProjectManagement Series, Volume One

Viay K. Vemrma

ISBN: 1-880410-40-0 (paperback)

Human Resource Skllls for the Project Manager
Human Aspects of ProjectManagement Series, Volume Two
Vijay K. Verma

ISBN: 1-880410-41-9 (paperback)

Managing the Project Team

Human Aspects of Project ManagementSeries, Volume Three
Viay K Verma

ISBN: 1-880410-42-7 (paperback)

Value Management Practice

Michel Thiry

ISBN: 1-880410-14-1 (paperback)

The Werld’s Greatest Project

Russell W. Damall

ISBN: 1-880410-46-X (paperback)

Power & Politics in Project Management

Jeffrey K. Pinto

ISBN: 1-880410-43-5 (paperback}

Best Practices of Project Management Groups in Large Functional

Frank Toney, Ray Powers
ISBN: 1-880410-05-2 (paperback)

Viadumir 1. Voropajev

ISBN: 1-880410-02-8 (paperback)

A Framework for Project and Program Management Integration
R Max Wideman

ISBN: 1-880410-01-X (paperback)

Quality for Projects & Programs

Lewis R, lreland .

ISBN: 1-880410-11-7 (paperback)

Preject & Pregram Risk Management

Edited by R Max Wideman

ISBN: 1-880410-06-0 (paperback)

The PMI Preject Management Fact Book

ISBN: 1-880410-62-1 (paperback)

A Framework for Project Management

ISBN: 1-880410-82-6, Facilitator's Manual Set (3-ring binder)
ISBN: 1-880410-80-X, Participants' Manual Set (paperback)

Order onlineat www.pmibookstore.org
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