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Preface

w e live in an environment fraught with risk and operate our businesses in
a risky world, as higher rewards only come with risks. Ignoring the el-
ement of risk when corporate strategy is being framed and when tactical
projects are being implemented would be unimaginable. In addressing the
issue of risk, Modeling Risk provides a novel view of evaluating business de-
cisions, projects, and strategies by taking into consideration a unified strate-
gic portfolio analytical process. This book provides a qualitative and
quantitative description of risk, as well as introductions to the methods used
in identifying, quantifying, applying, predicting, valuing, hedging, diversify-
ing, and managing risk through rigorous examples of the methods’ applica-
bility in the decision-making process.

Pragmatic applications are emphasized in order to demystify the many
elements inherent in risk analysis. A black box will remain a black box if no
one can understand the concepts despite its power and applicability. It is
only when the black box becomes transparent so that analysts can under-
stand, apply, and convince others of its results, value-add, and applicability,
that the approach will receive widespread influence. The demystification of
risk analysis is achieved by presenting step-by-step applications and multiple
business cases, as well as discussing real-life applications.

This book is targeted at both the uninitiated professional and those well
versed in risk analysis—there is something for everyone. It is also appropri-
ate for use at the second-year M.B.A. level or as an introductory Ph.D. text-
book. A CD-ROM comes with the book, including a trial version of the Risk
Simulator and Real Options Super Lattice Solver software and associated
Excel models.

JOHNATHAN MUN
San Francisco, California
JobnathanMun@cs.com
May 2006
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Introduction

his book is divided into nine parts starting from a discussion of what risk

is and how it is quantified, to how risk can be predicted, diversified, taken
advantage of, hedged, and, finally, managed. The first part deals with risk
identification where the different aspects of business risks are identified, in-
cluding a brief historical view of how risk was evaluated in the past. The sec-
ond part deals with risk evaluation explaining why disastrous ramifications
may result if risk is not considered in business decisions. Part Three pertains
to risk quantification and details how risk can be captured quantitatively
through step-by-step applications of Monte Carlo simulation. Part Four
deals with industry applications and examples of how risk analysis is applied
in practical day-to-day issues in the oil and gas, pharmaceutical, financial
planning, hospital risk management, and executive compensation problems.
Part Five pertains to risk prediction where the uncertain and risky future is
predicted using analytical time-series methods. Part Six deals with how risk
diversification works when multiple projects exist in a portfolio. Part Seven’s
risk mitigation discussion deals with how a firm or management can take
advantage of risk and uncertainty by implementing and maintaining flexi-
bility in projects. Part Eight provides a second installment of business cases
where risk analysis is applied in the banking, real estate, military strategy,
automotive parts aftermarket, and global earth observation systems. Part
Nine provides a capstone discussion of applying risk management in com-
panies, including how to obtain senior management’s buy-in and imple-
menting a change of perspective in corporate culture as it applies to risk
analysis. This book is an update of Applied Risk Analysis (Wiley, 2004) to
include coverage of the author’s own Risk Simulator software and Real Op-
tions Super Lattice Solver software. Following is a synopsis of the material
covered in each chapter of the book.

PART ONE—RISK IDENTIFICATION

Chapter 1—NMoving Beyond Uncertainty

To the people who lived centuries ago, risk was simply the inevitability of
chance occurrence beyond the realm of human control. We have been
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struggling with risk our entire existence, but, through trial and error and
through the evolution of human knowledge and thought, have devised ways
to describe and quantify risk. Risk assessment should be an important part
of the decision-making process; otherwise bad decisions may be made. Chap-
ter 1 explores the different facets of risk within the realms of applied busi-
ness risk analysis, providing an intuitive feel of what risk is.

PART TWO—RISK EVALUATION

Chapter 2—From Risk to Riches

The concepts of risk and return are detailed in Chapter 2, illustrating their
relationships in the financial world, where a higher-risk project necessitates
a higher expected return. How are uncertainties estimated and risk calcu-
lated? How do you convert a measure of uncertainty into a measure of risk?
These are the topics covered in this chapter, starting from the basics of sta-
tistics to applying them in risk analysis, and including a discussion of the dif-
ferent measures of risk.

Chapter 3—A Guide to Model-Building Etiquette

Chapter 3 addresses some of the more common errors and pitfalls analysts
make when creating a new model by explaining some of the proper model-
ing etiquettes. The issues discussed range from file naming conventions and
proper model aesthetics to complex data validation and Visual Basic for Ap-
plications (VBA) scripting. An appendix is provided on some VBA modeling
basics and techniques of macros and forms creation.

PART THREE—RISK QUANTIFICATION

Chapter 4—0n the Shores of Monaco

Monte Carlo simulation in its simplest form is just a random number gen-
erator useful for forecasting, estimation, and risk analysis. A simulation cal-
culates numerous scenarios of a model by repeatedly picking values from the
probability distribution for the uncertain variables and using those values
for the event—events such as totals, net profit, or gross expenses. Simplisti-
cally, think of the Monte Carlo simulation approach as repeatedly picking
golf balls out of a large basket. Chapter 4 illustrates why simulation is im-
portant through the flaw of averages example. Excel is used to perform
rudimentary simulations, and simulation is shown as a logical next step ex-
tension to traditional approaches used in risk analysis.
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Chapter 5—Test Driving Risk Simulator

Chapter 5 guides the user through applying the world’s premier risk analy-
sis and simulation software: Risk Simulator. With a few simple mouse clicks,
the reader will be on his or her way to running sophisticated Monte Carlo
simulation analysis to capture both uncertainty and risks using the enclosed
CD-ROM’s Risk Simulator trial software. In addition, the interpretation of
said analysis is also very important. The best analysis in the world is only as
good as the analyst’s ability to understand, utilize, present, report, and con-
vince management or clients of the results.

Chapter 6—Pandora’s Toolbox

Powerful simulation-related tools such as bootstrapping, distributional fit-
ting, hypothesis test, correlated simulation, multidimensional simulation,
tornado charts, and sensitivity charts are discussed in detail in Chapter 6,
complete with step-by-step illustrations. These tools are extremely valuable
to analysts working in the realm of risk analysis. The applicability of each
tool is discussed in detail. For example, the use of nonparametric boot-
strapping simulation as opposed to parametric Monte Carlo simulation ap-
proaches is discussed. An appendix to this chapter deals with the technical
specifics of goodness-of-fit tests.

PART FOUR—INDUSTRY APPLICATIONS

Chapter 7—Extended Business Cases I: Pharmaceutical and
Biotech Negotiations, 0il and Gas Exploration, Financial
Planning with Simulation, Hospital Risk Management, and
Risk-Based Executive Compensation Valuation

Chapter 7 contains the first installment of actual business cases from indus-
try applying risk analytics. Business cases were contributed by a variety of
industry experts on applying risk analysis in the areas of oil and gas explo-
ration, pharmaceutical biotech deal making, financial planning, hospital risk
management, and executive compensation valuation.

PART FIVE—RISK PREDICTION

Chapter 8—Tomorrow's Forecast Today

Chapter 8 focuses on applying Risk Simulator to run time-series forecasting
methods, multivariate regressions, nonlinear extrapolation, stochastic process
forecasts, and Box-Jenkins ARIMA. In addition, the issues of seasonality and
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trend are discussed, together with the eight time-series decomposition models
most commonly used by analysts to forecast future events given historical
data. The software applications of each method are discussed in detail, com-
plete with their associated measures of forecast errors and potential pitfalls.

Chapter 9—Using the Past to Predict the Future

The main thrust of Chapter 9 is time-series and regression analysis made
easy. Starting with some basic time-series models, including exponential
smoothing and moving averages, and moving on to more complex models,
such as the Holt—-Winters’ additive and multiplicative models, the reader will
manage to navigate through the maze of time-series analysis. The basics of
regression analysis are also discussed, complete with pragmatic discussions
of statistical validity tests as well as the pitfalls of regression analysis, in-
cluding how to identify and fix heteroskedasticity, multicollinearity, and
autocorrelation. The five appendixes that accompany this chapter deal with
the technical specifics of interval estimations in regression analysis, ordinary
least squares, and some pitfalls in running regressions, including detecting
and fixing heteroskedasticity, multicollinearity, and autocorrelation.

PART SIX—RISK DIVERSIFICATION

Chapter 10—The Search for the Optimal Decision

In most business or analytical models, there are variables over which you
have control, such as how much to charge for a product or how much to in-
vest in a project. These controlled variables are called decision variables.
Finding the optimal values for decision variables can make the difference be-
tween reaching an important goal and missing that goal. Chapter 10 details
the optimization process at a high level, with illustrations on solving deter-
ministic optimization problems manually, using graphs, and applying Excel’s
Solver add-in. (Chapter 11 illustrates the solution to optimization problems
under uncertainty, mirroring more closely real-life business conditions.)

Chapter 11—O0ptimization Under Uncertainty

Chapter 11 illustrates two optimization models with step-by-step details. The
first model is a discrete portfolio optimization of projects under uncertainty.
Given a set of potential projects, the model evaluates all possible discrete
combinations of projects on a “go” or “no-go” basis such that a budget con-
straint is satisfied, while simultaneously providing the best level of returns
subject to uncertainty. The best projects will then be chosen based on these
criteria. The second model evaluates a financial portfolio’s continuous
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allocation of different asset classes with different levels of risks and returns.
The objective of this model is to find the optimal allocation of assets subject
to a 100 percent allocation constraint that still maximizes the Sharpe ratio,
or the portfolio’s return-to-risk ratio. This ratio will maximize the portfo-
lio’s return subject to the minimum risks possible while accounting for the
cross-correlation diversification effects of the asset classes in a portfolio.

PART SEVEN—RISK MITIGATION

Chapter 12—What Is So Real ahout Real Options,
and Why Are They Optional?

Chapter 12 describes what real option analysis is, who has used the ap-
proach, how companies are using it, and what some of the characteristics of
real options are. The chapter describes real options in a nutshell, providing
the reader with a solid introduction to its concepts without the need for its
theoretical underpinnings. Real options are applicable if the following re-
quirements are met: traditional financial analysis can be performed and
models can be built; uncertainty exists; the same uncertainty drives value;
management or the project has strategic options or flexibility to either take
advantage of these uncertainties or to hedge them; and management must be
credible to execute the relevant strategic options when they become optimal
to do so.

Chapter 13—The Black Box Made Transparent:
Real Options Super Lattice Solver Software

Chapter 13 introduces the readers to the world’s first true real options soft-
ware applicable across all industries. The chapter illustrates how a user can
get started with the software in a few short moments after it has been
installed. The reader is provided with hands-on experience with the Real
Options Super Lattice Solver to obtain immediate results—a true test when
the rubber meets the road.

PART EIGHT—MORE INDUSTRY APPLICATIONS

Chapter 14—Extended Business Cases II: Real Estate,
Banking, Military Strategy, Automotive Aftermarkets,
Global Earth Observing Systems, and Valuing Employee
Stock Options (FAS 123R)

Chapter 14 contains the second installment of actual business cases from in-
dustry applying risk analytics. Business cases were contributed by a variety of
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industry experts applying simulation, optimization, and real options analysis
in the areas of real estate, banking, military strategy, automotive parts after-
market, global earth observing systems, and employee stock options.

PART NINE—RISK MANAGEMENT

Chapter 15—The Warning Signs

The risk analysis software applications illustrated in this book are extremely
powerful tools and could prove detrimental in the hands of untrained and
unlearned novices. Management, the end user of the results from said tools,
must be able to discern if quality analysis has been performed. Chapter 15
delves into the thirty-some problematic issues most commonly encountered
by analysts applying risk analysis techniques, and how management can
spot these mistakes. While it might be the job of the analyst to create the
models and use the fancy analytics, it is senior management’s job to chal-
lenge the assumptions and results obtained from the analysis. Model errors,
assumption and input errors, analytical errors, user errors, and interpreta-
tion errors are some of the issues discussed in this chapter. Some of the
issues and concerns raised for management’s consideration in performing
due diligence include challenging distributional assumptions, critical success
factors, impact drivers, truncation, forecast validity, endpoints, extreme val-
ues, structural breaks, values at risk, a priori expectations, back-casting,
statistical validity, specification errors, out of range forecasts, heteroskedas-
ticity, multicollinearity, omitted variables, spurious relationships, causality
and correlation, autoregressive processes, seasonality, random walks, and
stochastic processes.

Chapter 16—Changing a Corporate Culture

Advanced analytics is hard to explain to management. So, how do you get
risk analysis accepted as the norm into a corporation, especially if your in-
dustry is highly conservative? It is a guarantee in companies like these that
an analyst showing senior management a series of fancy and mathematically
sophisticated models will be thrown out of the office together with his or her
results, and have the door slammed shut. Change management is the topic
of discussion in Chapter 16. Explaining the results and convincing manage-
ment appropriately go hand in hand with the characteristics of the analyti-
cal tools, which, if they satisfy certain change management requisites, can
make acceptance easier. The approach that guarantees acceptance has to be
three pronged: Top, middle, and junior levels must all get in on the action.
Change management specialists underscore that change comes more easily if
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the methodologies to be accepted are applicable to the problems at hand, are
accurate and consistent, provide value-added propositions, are easy to ex-
plain, have comparative advantage over traditional approaches, are com-
patible with the old, have modeling flexibility, are backed by executive
sponsorship, and are influenced and championed by external parties includ-
ing competitors, customers, counterparties, and vendors.

ADDITIONAL MATERIAL

The book concludes with the ten mathematical tables used in the analyses
throughout the book and the answers to the questions and exercises at the
end of each chapter. The CD-ROM included with the book holds 30-day
trial versions of Risk Simulator and Real Options Super Lattice Solver soft-
ware, as well as sample models and getting started videos to help the reader
get a jump start on modeling risk.
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1

Moving Beyond Uncertainty

A BRIEF HISTORY OF RISK:
WHAT EXACTLY IS RISK?

Since the beginning of recorded history, games of chance have been a popu-
lar pastime. Even in Biblical accounts, Roman soldiers cast lots for Christ’s
robes. In earlier times, chance was something that occurred in nature, and
humans were simply subjected to it as a ship is to the capricious tosses of the
waves in an ocean. Even up to the time of the Renaissance, the future was
thought to be simply a chance occurrence of completely random events and
beyond the control of humans. However, with the advent of games of
chance, human greed has propelled the study of risk and chance to evermore
closely mirror real-life events. Although these games initially were played
with great enthusiasm, no one actually sat down and figured out the odds.
Of course, the individual who understood and mastered the concept of
chance was bound to be in a better position to profit from such games
of chance. It was not until the mid-1600s that the concept of chance was
properly studied, and the first such serious endeavor can be credited to
Blaise Pascal, one of the fathers of modern choice, chance, and probability.!
Fortunately for us, after many centuries of mathematical and statistical in-
novations from pioneers such as Pascal, Bernoulli, Bayes, Gauss, LaPlace,
and Fermat, our modern world of uncertainty can be explained with much
more elegance through methodological applications of risk and uncertainty.

To the people who lived centuries ago, risk was simply the inevitability
of chance occurrence beyond the realm of human control. Nonetheless,
many phony soothsayers profited from their ability to convincingly profess
their clairvoyance by simply stating the obvious or reading the victims’ body
language and telling them what they wanted to hear. We modern-day hu-
mans, ignoring for the moment the occasional seers among us, with our
fancy technological achievements, are still susceptible to risk and uncer-
tainty. We may be able to predict the orbital paths of planets in our solar
system with astounding accuracy or the escape velocity required to shoot
a man from the Earth to the Moon, but when it comes to predicting a firm’s

n
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revenues the following year, we are at a loss. Humans have been struggling
with risk our entire existence but, through trial and error, and through the
evolution of human knowledge and thought, have devised ways to describe,
quantify, hedge, and take advantage of risk.

Clearly the entire realm of risk analysis is great and would most proba-
bly be intractable within the few chapters of a book. Therefore, this book is
concerned with only a small niche of risk, namely applied business risk mod-
eling and analysis. Even in the areas of applied business risk analysis, the di-
versity is great. For instance, business risk can be roughly divided into the
areas of operational risk management and financial risk management. In fi-
nancial risk, one can look at market risk, private risk, credit risk, default
risk, maturity risk, liquidity risk, inflationary risk, interest rate risk, country
risk, and so forth. This book focuses on the application of risk analysis in the
sense of how to adequately apply the tools to identify, understand, quantify,
and diversify risk such that it can be hedged and managed more effectively.
These tools are generic enough that they can be applied across a whole spec-
trum of business conditions, industries, and needs.

Finally, understanding this text in its entirety together with Real Op-
tions Analysis, Second Edition (Wiley, 2005) and the associated Risk Simu-
lator and Real Options SLS software are required prerequisites for the
Certified Risk Analyst or CRA certification (see www.realoptionsvalua-
tion.com for more details).

UNCERTAINTY VERSUS RISK

Risk and uncertainty are very different-looking animals, but they are of the
same species; however, the lines of demarcation are often blurred. A dis-
tinction is critical at this juncture before proceeding and worthy of segue.
Suppose I am senseless enough to take a skydiving trip with a good friend
and we board a plane headed for the Palm Springs desert. While airborne at
10,000 feet and watching our lives flash before our eyes, we realize that in
our haste we forgot to pack our parachutes on board. However, there is an
old, dusty, and dilapidated emergency parachute on the plane. At that point,
both my friend and I have the same level of uncertainty—the uncertainty of
whether the old parachute will open, and if it does not, whether we will fall
to our deaths. However, being the risk-adverse, nice guy I am, I decide to let
my buddy take the plunge. Clearly, he is the one taking the plunge and the
same person taking the risk. I bear no risk at this time while my friend bears
all the risk.? However, we both have the same level of uncertainty as to
whether the parachute will actually fail. In fact, we both have the same level
of uncertainty as to the outcome of the day’s trading on the New York
Stock Exchange—which has absolutely no impact on whether we live or die
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that day. Only when he jumps and the parachute opens will the uncertainty
become resolved through the passage of time, events, and action. However,
even when the uncertainty is resolved with the opening of the parachute, the
risk still exists as to whether he will land safely on the ground below.

Therefore, risk is something one bears and is the outcome of uncer-
tainty. Just because there is uncertainty, there could very well be no risk. If
the only thing that bothers a U.S.-based firm’s CEO is the fluctuation in the
foreign exchange market of the Zambian kwacha, then I might suggest
shorting some kwachas and shifting his portfolio to U.S.-based debt. This
uncertainty, if it does not affect the firm’s bottom line in any way, is only un-
certainty and not risk. This book is concerned with risk by performing un-
certainty analysis—the same uncertainty that brings about risk by its mere
existence as it impacts the value of a particular project. It is further assumed
that the end user of this uncertainty analysis uses the results appropriately,
whether the analysis is for identifying, adjusting, or selecting projects with
respect to their risks, and so forth. Otherwise, running millions of fancy sim-
ulation trials and letting the results “marinate” will be useless. By running
simulations on the foreign exchange market of the kwacha, an analyst sitting
in a cubicle somewhere in downtown Denver will in no way reduce the risk
of the kwacha in the market or the firm’s exposure to the same. Only by
using the results from an uncertainty simulation analysis and finding ways to
hedge or mitigate the quantified fluctuation and downside risks of the firm’s
foreign exchange exposure through the derivatives market could the analyst
be construed as having performed risk analysis and risk management.

To further illustrate the differences between risk and uncertainty, sup-
pose we are attempting to forecast the stock price of Microsoft (MSFT).
Suppose MSFT is currently priced at $25 per share, and historical prices
place the stock at 21.89% volatility. Now suppose that for the next 5 years,
MSFT does not engage in any risky ventures and stays exactly the way it is,
and further suppose that the entire economic and financial world remains
constant. This means that risk is fixed and unchanging; that is, volatility is
unchanging for the next 5§ years. However, the price uncertainty still in-
creases over time; that is, the width of the forecast intervals will still increase
over time. For instance, Year 0’s forecast is known and is $25. However, as
we progress one day, MSFT will most probably vary between $24 and $26.
One year later, the uncertainty bounds may be between $20 and $30. Five
years into the future, the boundaries might be between $10 and $50. So, in
this example, uncertainties increase while risks remain the same. Therefore,
risk is not equal to uncertainty. This idea is, of course, applicable to any
forecasting approach whereby it becomes more and more difficult to fore-
cast the future albeit the same risk. Now, if risk changes over time, the
bounds of uncertainty get more complicated (e.g., uncertainty bounds of si-
nusoidal waves with discrete event jumps).
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In other instances, risk and uncertainty are used interchangeably. For in-
stance, suppose you play a coin-toss game—bet $0.50 and if heads come up
you win $1, but you lose everything if tails appear. The risk here is you lose
everything because the risk is that tails may appear. The uncertainty here is
that tails may appear. Given that tails appear, you lose everything; hence,
uncertainty brings with it risk. Uncertainty is the possibility of an event oc-
curring and risk is the ramification of such an event occurring. People tend
to use these two terms interchangeably.

In discussing uncertainty, there are three levels of uncertainties in the
world: the known, the unknown, and the unknowable. The known is, of
course, what we know will occur and are certain of its occurrence (contrac-
tual obligations or a guaranteed event); the unknown is what we do not
know and can be simulated. These events will become known through the
passage of time, events, and action (the uncertainty of whether a new drug
or technology can be developed successfully will become known after spend-
ing years and millions on research programs—it will either work or not, and
we will know this in the future), and these events carry with them risks, but
these risks will be reduced or eliminated over time. However, unknowable
events carry both uncertainty and risk that the totality of the risk and un-
certainty may not change through the passage of time, events, or actions.
These are events such as when the next tsunami or earthquake will hit, or
when another act of terrorism will occur around the world. When an event
occurs, uncertainty becomes resolved, but risk still remains (another one may
or may not hit tomorrow). In traditional analysis, we care about the known
factors. In risk analysis, we care about the unknown and unknowable fac-
tors. The unknowable factors are easy to hedge—get the appropriate insur-
ance! That is, do not do business in a war-torn country, get away from
politically unstable economies, buy hazard and business interruption insur-
ance, and so forth. It is for the unknown factors that risk analysis will pro-
vide the most significant amount of value.

WHY IS RISK IMPORTANT IN
MAKING DECISIONS?

Risk should be an important part of the decision-making process; otherwise
bad decisions may be made without an assessment of risk. For instance, sup-
pose projects are chosen based simply on an evaluation of returns; clearly
the highest-return project will be chosen over lower-return projects. In fi-
nancial theory, projects with higher returns will in most cases bear higher
risks.® Therefore, instead of relying purely on bottom-line profits, a project
should be evaluated based on its returns as well as its risks. Figures 1.1 and
1.2 illustrate the errors in judgment when risks are ignored.
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The concepts of risk and uncertainty are related but different. Uncer-
tainty involves variables that are unknown and changing, but its uncer-
tainty will become known and resolved through the passage of time,
events, and action. Risk is something one bears and is the outcome of
uncertainty. Sometimes, risk may remain constant while uncertainty in-
creases over time.

Figure 1.1 lists three mutually exclusive projects with their respective-
costs to implement, expected net returns (net of the costs to implement), and
risk levels (all in present values).* Clearly, for the budget-constrained man-
ager, the cheaper the project the better, resulting in the selection of Project
X.> The returns-driven manager will choose Project Y with the highest re-
turns, assuming that budget is not an issue. Project Z will be chosen by the
risk-averse manager as it provides the least amount of risk while providing
a positive net return. The upshot is that with three different projects and
three different managers, three different decisions will be made. Which man-
ager is correct and why?

Figure 1.2 shows that Project Z should be chosen. For illustration pur-
poses, suppose all three projects are independent and mutually exclusive,®
and that an unlimited number of projects from each category can be chosen
but the budget is constrained at $1,000. Therefore, with this $1,000 budget,
20 project Xs can be chosen, yielding $1,000 in net returns and $500 risks,
and so forth. It is clear from Figure 1.2 that project Z is the best project as
for the same level of net returns ($1,000), the least amount of risk is under-
taken ($100). Another way of viewing this selection is that for each $1 of re-
turns obtained, only $0.1 amount of risk is involved on average, or that for
each $1 of risk, $10 in returns are obtained on average. This example illus-
trates the concept of bang for the buck or getting the best value with the

Name of Project Cost Returns Risk
Project X $50 $50 $25
ProjectY $250 $200 $200
Project Z $100 $100 $10

Project X for the cost- and budget-constrained manager

Project Y for the returns-driven and nonresource-constrained manager
Project Z for the risk-averse manager

Project Z for the smart manager

FIGURE 1.1 Why is risk important?
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Looking at bang for the buck, X (2), Y (1), Z (10), Project Z should
be chosen — with a $1,000 budget, the following can be obtained:

Project X:20 Project Xs returning $1,000, with $500 risk
Project Y: 4 Project Xs returning $800, with $800 risk
Project Z: 10 Project Xs returning $1,000, with $100 risk

Project X:For each $1 return, $0.5 risk is taken
Project Y: For each $1 return, $1.0 risk is taken
Project Z: For each $1 return, $0.1 risk is taken

Project X:For each $1 of risk taken, $2 return is obtained
Project Y: For each $1 of risk taken, $1 return is obtained
Project Z: For each $1 of risk taken, $10 return is obtained

Conclusion: Risk is important. Ignoring risks results in making the wrong decision.

FIGURE 1.2 Adding an element of risk.

least amount of risk. An even more blatant example is if there are several dif-
ferent projects with identical single-point average net returns of $10 million
each. Without risk analysis, a manager should in theory be indifferent in
choosing any of the projects.” However, with risk analysis, a better decision
can be made. For instance, suppose the first project has a 10 percent chance
of exceeding $10 million, the second a 15 percent chance, and the third a 55
percent chance. The third project, therefore, is the best bet.

DEALING WITH RISK THE OLD-FASHIONED WAY

Businesses have been dealing with risk since the beginning of the history of
commerce. In most cases, managers have looked at the risks of a particular
project, acknowledged their existence, and moved on. Little quantification
was performed in the past. In fact, most decision makers look only to single-
point estimates of a project’s profitability. Figure 1.3 shows an example of
a single-point estimate. The estimated net revenue of $30 is simply that, a
single point whose probability of occurrence is close to zero.® Even in the
simple model shown in Figure 1.3, the effects of interdependencies are ig-
nored, and in traditional modeling jargon, we have the problem of garbage
in, garbage out (GIGO). As an example of interdependencies, the units sold
are probably negatively correlated to the price of the product,” and posi-
tively correlated to the average variable cost;'? ignoring these effects in a
single-point estimate will yield grossly incorrect results. For instance, if the
unit sales variable becomes 11 instead of 10, the resulting revenue may not
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* Unit Sales 10 :>

e Sales Price $10 Interdependencies
 Total Revenue $100 means GIGO

» Variable Cost/Unit $5

» Total Fixed Cost $20

» Total Cost $70

* Net Revenue $30

= =

Single-Point Estimate

How confident are you of the analysis outcome?
This may be dead wrong!

FIGURE 1.3 Single-point estimate.

simply be $35. The net revenue may actually decrease due to an increase in
variable cost per unit while the sale price may actually be slightly lower to
accommodate this increase in unit sales. Ignoring these interdependencies
will reduce the accuracy of the model.

A rational manager would choose projects based not only on returns
but also on risks. The best projects tend to be those with the best bang

for the buck, or the best returns subject to some specified risks.

One approach used to deal with risk and uncertainty is the application
of scenario analysis, as seen in Figure 1.4. Suppose the worst-case, nominal-
case, and best-case scenarios are applied to the unit sales; the resulting three
scenarios’ net revenues are obtained. As earlier, the problems of interde-
pendencies are not addressed. The net revenues obtained are simply too
variable, ranging from $5 to $55. Not much can be determined from this
analysis.

A related approach is to perform what-if or sensitivity analysis as seen
in Figure 1.5. Each variable is perturbed and varied a prespecified amount
and the resulting change in net revenues is captured. This approach is great
for understanding which variables drive or impact the bottom line the most.
A related approach is the use of tornado and sensitivity charts as detailed in
Chapter 6, Pandora’s Toolbox, which looks at a series of simulation tools.
These approaches were usually the extent to which risk and uncertainty
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Best case:
+ Unit Sales 10 4 Most likely:
» Sales Price $10 Worst case:
» Total Revenue $100
» Variable Cost/Unit $5
» Total Fixed Cost $20
» Total Cost $70 Best case:
* Net Revenue $30 mm) Most likely:
Worst case:

Outcomes are too variable — which will occur?

The best, most likely, and worst-case scenarios are
usually simply wild guesses!

15
10

$55
$30
$5

FIGURE 1.4 Scenario analysis.

analysis were traditionally performed. Clearly, a better and more robust ap-

proach is required.

This is the point where simulation comes in. Figure 1.6 shows how sim-
ulation can be viewed as simply an extension of the traditional approaches
of sensitivity and scenario testing. The critical success drivers or the variables
that affect the bottom-line net-revenue variable the most, which at the same
time are uncertain, are simulated. In simulation, the interdependencies are
accounted for by using correlations. The uncertain variables are then simu-
lated thousands of times to emulate all potential permutations and combi-

e Unit Sales 10 < What-If Analysis
- Sales Price $10

Take original 10 and
change by 1 unit

« Total Fixed Cost $20 <: What-If Analysis
» Total Cost $70

Take original $20

» Total Revenue $100
» Variable Cost/Unit $5

* Net Revenue $30

—— and change by $1

Captures the marginal impacts, but which
condition will really occur?

Great in capturing sensitivities!

FIGURE 1.8 What-if sensitivity analysis.
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+  Unit Sales 10

. Sales Price $10

 Total Revenue $100 Accounts for interrelationships
+ Variable Cost/Unit $5

 Total Fixed Cost $20

» Total Cost $70 )
Simulate
« Net Revenue $30 thousands
of times for

each variable

Results will include probabilities that a certain
outcome will occur

FIGURE 1.6 Simulation approach.

nations of outcomes. The resulting net revenues from these simulated po-
tential outcomes are tabulated and analyzed. In essence, in its most basic
form, simulation is simply an enhanced version of traditional approaches
such as sensitivity and scenario analysis but automatically performed for
thousands of times while accounting for all the dynamic interactions be-
tween the simulated variables. The resulting net revenues from simulation,
as seen in Figure 1.7, show that there is a 90 percent probability that the net

Net Revenue - Risk Simulator Forecast Distribution (X

Histogram IPrelerencest Stalislicsﬂ DpliunsJ

Net Revenue -- Histogram/Cumulative Probability (5000 Trials)

600 ——— 1.00
500 ' o
0.80 5
= 400 =
e 060 Z
3 300 3
o 040 3
w200 8
100 0.20 %

9 92 15.92 25902 3502

Type [TwoTal | [l 194416] [l 41.2516] Certainty (%)

A

FIGURE 1.7 Simulation results.
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revenues will fall between $19.44 and $41.25, with a 5 percent worst-case
scenario of net revenues falling below $19.44. Rather than having only three
scenarios, simulation created 5,000 scenarios, or trials, where multiple vari-
ables are simulated and changing simultaneously (unit sales, sale price, and
variable cost per unit), while their respective relationships or correlations are
maintained.

THE LOOK AND FEEL OF RISK
AND UNCERTAINTY

In most financial risk analyses, the first step is to create a series of free cash
flows (FCF), which can take the shape of an income statement or discounted
cash-flow (DCF) model. The resulting deterministic free cash flows are de-
picted on a time line, akin to that shown in Figure 1.8. These cash-flow fig-
ures are in most cases forecasts of the unknown future. In this simple
example, the cash flows are assumed to follow a straight-line growth curve
(of course, other shaped curves also can be constructed). Similar forecasts

Year O Year 1 Year 2 Year 3 Year 4 Year 5
T T T T T T » Time
o o o o o o
= =) o o ) o
o Ln [(e} N~ o0} (o2}
15} % & 1 & &
" 1 I 1 1 1
@) [Ty T (T T [T
Q ) O O O O
D3 T T T s T
=
A
$900 Zero uncertainty = zero volatility
$800
$700
$600
$500

—T T T T T > Time
Year 1 Year 2 Year 3 Year 4 Year 5

This straight-line cash-flow projection is the basics of DCF
analysis. This assumes a static and known set of future cash flows.

FIGURE 1.8 The intuition of risk—deterministic analysis.
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can be constructed using historical data and fitting these data to a time-series
model or a regression analysis.!” Whatever the method of obtaining said
forecasts or the shape of the growth curve, these are point estimates of the
unknown future. Performing a financial analysis on these static cash flows
provides an accurate value of the project if and only if all the future cash
flows are known with certainty—that is, no uncertainty exists.

However, in reality, business conditions are hard to forecast. Uncer-
tainty exists, and the actual levels of future cash flows may look more like
those in Figure 1.9; that is, at certain time periods, actual cash flows may be
above, below, or at the forecast levels. For instance, at any time period, the
actual cash flow may fall within a range of figures with a certain percent
probability. As an example, the first year’s cash flow may fall anywhere be-
tween $480 and $520. The actual values are shown to fluctuate around the
forecast values at an average volatility of 20 percent.'? (We use volatility
here as a measure of uncertainty, i.e., the higher the volatility, the higher the
level of uncertainty, where at zero uncertainty, the outcomes are 100 percent
certain'?®). Certainly this example provides a much more accurate view of the

Year O Year 1 Year 2 Year 3 Year 4 Year 5
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£ S g 2 2 2
o + + + + +
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A DCF analysis

$900 | Actual value Undervalues project ...

Volatility = 20%

$800

$700

$600 “. DCF analysis
overvalues project
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Year 1 Year 2 Year 3 Year 4 Year 5

This graph shows that in reality, at different times, actual cash flows may
be above, below, or at the forecast value line due to uncertainty and risk.

FIGURE 1.9 The intuition of risk—Monte Carlo simulation.
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Volatility = 5%

A
$900 |“ =
$800
$700
$600 Volatility = 20%
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Volatiiity =0%
T T T T T > Time
Year 1 Year 2 Year 3 Year 4 Year 5

The higher the risk, the higher the volatility and the higher the fluctuation
of actual cash flows around the forecast value. When volatility is zero,
the values collapse to the forecast straight-line static value.

FIGURE 1.10 The intuition of risk—the face of risk.

true nature of business conditions, which are fairly difficult to predict with
any amount of certainty.

Figure 1.10 shows two sample actual cash flows around the straight-line
forecast value. The higher the uncertainty around the actual cash-flow lev-
els, the higher the volatility. The darker line with 20 percent volatility fluc-
tuates more wildly around the forecast values. These values can be
quantified using Monte Carlo simulation fairly easily but cannot be properly
accounted for using more simplistic traditional methods such as sensitivity
or scenario analyses.

INTEGRATED RISK ANALYSIS FRAMEWORK

Before diving into the different risk analysis methods in the remaining chap-
ters of the book, it is important to first understand the integrated risk analy-
sis framework and how these different techniques are related in a risk
analysis and risk management context. This framework comprises eight dis-
tinct phases of a successful and comprehensive risk analysis implementation,
going from a qualitative management screening process to creating clear
and concise reports for management. The process was developed by the au-
thor based on previous successful implementations of risk analysis, fore-
casting, real options, valuation, and optimization projects both in the
consulting arena and in industry-specific problems. These phases can be per-
formed either in isolation or together in sequence for a more robust inte-
grated analysis.
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Figure 1.11 shows the integrated risk analysis process up close. We can
segregate the process into the following eight simple steps:

1. Qualitative management screening.

2. Time-series and regression forecasting.
3. Base case net present value analysis.

4. Monte Carlo simulation.

5. Real options problem framing.

6. Real options modeling and analysis.

7. Portfolio and resource optimization.
8. Reporting and update analysis.

1. Qualitative Management Screening

Qualitative management screening is the first step in any integrated risk
analysis process. Management has to decide which projects, assets, initia-
tives, or strategies are viable for further analysis, in accordance with the
firm’s mission, vision, goal, or overall business strategy. The firm’s mission,
vision, goal, or overall business strategy may include market penetration
strategies, competitive advantage, technical, acquisition, growth, synergistic,
or globalization issues. That is, the initial list of projects should be qualified
in terms of meeting management’s agenda. Often at this point the most valu-
able insight is created as management frames the complete problem to be re-
solved and the various risks to the firm are identified and flushed out.

2. Time-Series and Regression Forecasting

The future is then forecasted using time-series analysis or multivariate re-
gression analysis if historical or comparable data exist. Otherwise, other
qualitative forecasting methods may be used (subjective guesses, growth rate
assumptions, expert opinions, Delphi method, and so forth). In a financial
context, this is the step where future revenues, sale price, quantity sold, vol-
ume, production, and other key revenue and cost drivers are forecasted.
See Chapters 8 and 9 for details on forecasting and using the author’s Risk
Simulator software to run time-series, extrapolation, stochastic process,
ARIMA, and regression forecasts.

3. Base Case Net Present Value Analysis

For each project that passes the initial qualitative screens, a discounted cash
flow model is created. This model serves as the base case analysis where a
net present value (NPV) is calculated for each project, using the forecasted
values from the previous step. This step also applies if only a single project
is under evaluation. This net present value is calculated using the traditional
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approach of using the forecast revenues and costs, and discounting the net
of these revenues and costs at an appropriate risk-adjusted rate. The return
on investment and other metrics are generated here.

4. Monte Garlo Simulation

Because the static discounted cash flow produces only a single-point estimate
result, there is oftentimes little confidence in its accuracy given that future
events that affect forecast cash flows are highly uncertain. To better esti-
mate the actual value of a particular project, Monte Carlo simulation should
be employed next. See Chapters 4 and 5 for details on running Monte Carlo
simulations using the author’s Risk Simulator software.

Usually, a sensitivity analysis is first performed on the discounted cash
flow model; that is, setting the net present value as the resulting variable, we
can change each of its precedent variables and note the change in the result-
ing variable. Precedent variables include revenues, costs, tax rates, discount
rates, capital expenditures, depreciation, and so forth, which ultimately flow
through the model to affect the net present value figure. By tracing back all
these precedent variables, we can change each one by a preset amount and
see the effect on the resulting net present value. A graphical representation
can then be created, which is often called a tornado chart (see Chapter 6 on
using Risk Simulator’s simulation analysis tools such as tornado charts, spi-
der charts, and sensitivity charts), because of its shape, where the most sen-
sitive precedent variables are listed first, in descending order of magnitude.
Armed with this information, the analyst can then decide which key vari-
ables are highly uncertain in the future and which are deterministic. The un-
certain key variables that drive the net present value and, hence, the decision
are called critical success drivers. These critical success drivers are prime can-
didates for Monte Carlo simulation. Because some of these critical success
drivers may be correlated—for example, operating costs may increase in pro-
portion to quantity sold of a particular product, or prices may be inversely
correlated to quantity sold—a correlated Monte Carlo simulation may be re-
quired. Typically, these correlations can be obtained through historical data.
Running correlated simulations provides a much closer approximation to
the variables’ real-life behaviors.

5. Real Options Problem Framing

The question now is that after quantifying risks in the previous step, what
next? The risk information obtained somehow needs to be converted into
actionable intelligence. Just because risk has been quantified to be such and
such using Monte Carlo simulation, so what, and what do we do about it?
The answer is to use real options analysis to hedge these risks, to value these
risks, and to position yourself to take advantage of the risks. The first step
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in real options is to generate a strategic map through the process of framing
the problem. Based on the overall problem identification occurring during
the initial qualitative management screening process, certain strategic op-
tionalities would have become apparent for each particular project. The
strategic optionalities may include, among other things, the option to ex-
pand, contract, abandon, switch, choose, and so forth. Based on the identi-
fication of strategic optionalities that exist for each project or at each stage
of the project, the analyst can then choose from a list of options to analyze
in more detail. Real options are added to the projects to hedge downside risks
and to take advantage of upside swings.

6. Real Options Modeling and Analysis

Through the use of Monte Carlo simulation, the resulting stochastic dis-
counted cash flow model will have a distribution of values. Thus, simulation
models, analyzes, and quantifies the various risks and uncertainties of each
project. The result is a distribution of the NPVs and the project’s volatility.
In real options, we assume that the underlying variable is the future profit-
ability of the project, which is the future cash flow series. An implied volatil-
ity of the future free cash flow or underlying variable can be calculated
through the results of a Monte Carlo simulation previously performed. Usu-
ally, the volatility is measured as the standard deviation of the logarithmic
returns on the free cash flow stream. In addition, the present value of future
cash flows for the base case discounted cash flow model is used as the initial
underlying asset value in real options modeling. Using these inputs, real op-
tions analysis is performed to obtain the projects’ strategic option values—
see Chapters 12 and 13 for details on understanding the basics of real
options and on using the Real Options Super Lattice Solver software.

7. Portfolio and Resource Optimization

Portfolio optimization is an optional step in the analysis. If the analysis is
done on multiple projects, management should view the results as a portfo-
lio of rolled-up projects because the projects are in most cases correlated
with one another, and viewing them individually will not present the true
picture. As firms do not only have single projects, portfolio optimization is
crucial. Given that certain projects are related to others, there are opportu-
nities for hedging and diversifying risks through a portfolio. Because firms
have limited budgets, have time and resource constraints, while at the same
time have requirements for certain overall levels of returns, risk tolerances,
and so forth, portfolio optimization takes into account all these to create an
optimal portfolio mix. The analysis will provide the optimal allocation of in-
vestments across multiple projects. See Chapters 10 and 11 for details on
using Risk Simulator to perform portfolio optimization.
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8. Reporting and Update Analysis

The analysis is not complete until reports can be generated. Not only are re-
sults presented, but the process should also be shown. Clear, concise, and
precise explanations transform a difficult black-box set of analytics into
transparent steps. Management will never accept results coming from black
boxes if they do not understand where the assumptions or data originate and
what types of mathematical or financial massaging takes place.

Risk analysis assumes that the future is uncertain and that management
has the right to make midcourse corrections when these uncertainties be-
come resolved or risks become known; the analysis is usually done ahead of
time and, thus, ahead of such uncertainty and risks. Therefore, when these
risks become known, the analysis should be revisited to incorporate the de-
cisions made or revising any input assumptions. Sometimes, for long-hori-
zon projects, several iterations of the real options analysis should be
performed, where future iterations are updated with the latest data and as-
sumptions.

Understanding the steps required to undertake an integrated risk analy-
sis is important because it provides insight not only into the methodology it-
self, but also into how it evolves from traditional analyses, showing where
the traditional approach ends and where the new analytics start.

QUESTIONS

1. Why is risk important in making decisions?
2. Describe the concept of bang for the buck.
3. Compare and contrast risk and uncertainty.
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From Risk to Riches

TAMING THE BEAST

Risky ventures are the norm in the daily business world. The mere mention
of names such as George Soros, John Meriweather, Paul Reichmann, and
Nicholas Leeson, or firms such as Long Term Capital Management, Met-
allgesellschaft, Barings Bank, Bankers Trust, Daiwa Bank, Sumimoto Cor-
poration, Merrill Lynch, and Citibank brings a shrug of disbelief and fear.
These names are some of the biggest in the world of business and finance.
Their claim to fame is not simply being the best and brightest individuals or
being the largest and most respected firms, but for bearing the stigma of
being involved in highly risky ventures that turned sour almost overnight.!

George Soros was and still is one of the most respected names in high fi-
nance; he is known globally for his brilliance and exploits. Paul Reichmann
was a reputable and brilliant real estate and property tycoon. Between the two
of them, nothing was impossible, but when they ventured into investments in
Mexican real estate, the wild fluctuations of the peso in the foreign exchange
market was nothing short of a disaster. During late 1994 and early 1995, the
peso hit an all-time low and their ventures went from bad to worse, but
the one thing that they did not expect was that the situation would become a
lot worse before it was all over and billions would be lost as a consequence.

Long Term Capital Management was headed by Meriweather, one of
the rising stars in Wall Street, with a slew of superstars on its management
team, including several Nobel laureates in finance and economics (Robert
Merton and Myron Scholes). The firm was also backed by giant investment
banks. A firm that seemed indestructible literally blew up with billions of
dollars in the red, shaking the international investment community with
repercussions throughout Wall Street as individual investors started to lose
faith in large hedge funds and wealth-management firms, forcing the even-
tual massive Federal Reserve bailout.

Barings was one of the oldest banks in England. It was so respected that
even Queen Elizabeth II herself held a private account with it. This multi-
billion dollar institution was brought down single-handedly by Nicholas
Leeson, an employee halfway around the world. Leeson was a young and

31
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brilliant investment banker who headed up Barings’ Singapore branch. His
illegally doctored track record showed significant investment profits, which
gave him more leeway and trust from the home office over time. He was able
to cover his losses through fancy accounting and by taking significant
amounts of risk. His speculations in the Japanese yen went south and he
took Barings down with him, and the top echelon in London never knew
what hit them.

Had any of the managers in the boardroom at their respective head-
quarters bothered to look at the risk profile of their investments, they would
surely have made a very different decision much earlier on, preventing what
became major embarrassments in the global investment community. If the
projected returns are adjusted for risks, that is, finding what levels of risks
are required to attain such seemingly extravagant returns, it would be sensi-
ble not to proceed.

Risks occur in everyday life that do not require investments in the mul-
timillions. For instance, when would one purchase a house in a fluctuating
housing market? When would it be more profitable to lock in a fixed-rate
mortgage rather than keep a floating variable rate? What are the chances
that there will be insufficient funds at retirement? What about the potential
personal property losses when a hurricane hits? How much accident insur-
ance is considered sufficient? How much is a lottery ticket actually worth?

Risk permeates all aspects of life and one can never avoid taking or fac-
ing risks. What we can do is understand risks better through a systematic as-
sessment of their impacts and repercussions. This assessment framework
must also be capable of measuring, monitoring, and managing risks; other-
wise, simply noting that risks exist and moving on is not optimal. This book
provides the tools and framework necessary to tackle risks head-on. Only
with the added insights gained through a rigorous assessment of risk can one
actively manage and monitor risk.

Risks permeate every aspect of business, but we do not have to be pas-
sive participants. What we can do is develop a framework to better un-
derstand risks through a systematic assessment of their impacts and
repercussions. This framework also must be capable of measuring,
monitoring, and managing risks.

THE BASICS OF RISK

Risk can be defined simply as any uncertainty that affects a system in an un-
known fashion whereby the ramifications are also unknown but bears with
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it great fluctuation in value and outcome. In every instance, for risk to be ev-
ident, the following generalities must exist:

m Uncertainties and risks have a time horizon.

m Uncertainties exist in the future and will evolve over time.

m Uncertainties become risks if they affect the outcomes and scenarios of
the system.

m These changing scenarios’ effects on the system can be measured.

® The measurement has to be set against a benchmark.

Risk is never instantaneous. It has a time horizon. For instance, a firm
engaged in a risky research and development venture will face significant
amounts of risk but only until the product is fully developed or has proven
itself in the market. These risks are caused by uncertainties in the technology
of the product under research, uncertainties about the potential market, un-
certainties about the level of competitive threats and substitutes, and so
forth. These uncertainties will change over the course of the company’s re-
search and marketing activities—some uncertainties will increase while oth-
ers will most likely decrease through the passage of time, actions, and events.
However, only the uncertainties that affect the product directly will have any
bearing on the risks of the product being successful. That is, only uncertain-
ties that change the possible scenario outcomes will make the product risky
(e.g., market and economic conditions). Finally, risk exists if it can be meas-
ured and compared against a benchmark. If no benchmark exists, then
perhaps the conditions just described are the norm for research and devel-
opment activities, and thus the negative results are to be expected. These
benchmarks have to be measurable and tangible, for example, gross profits,
success rates, market share, time to implementation, and so forth.

Risk is any uncertainty that affects a system in an unknown fashion and
its ramifications are unknown, but it brings great fluctuation in value
and outcome. Risk has a time horizon, meaning that uncertainty evolves
over time, which affects measurable future outcomes and scenarios with
respect to a benchmark.

THE NATURE OF RISK AND RETURN

Nobel Laureate Harry Markowitz’s groundbreaking research into the nature
of risk and return has revolutionized the world of finance. His seminal work,
which is now known all over the world as the Markowitz Efficient Frontier,
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looks at the nature of risk and return. Markowitz did not look at risk as
the enemy but as a condition that should be embraced and balanced out
through its expected returns. The concept of risk and return was then refined
through later works by William Sharpe and others, who stated that a height-
ened risk necessitates a higher return, as elegantly expressed through the
capital asset pricing model (CAPM), where the required rate of return on a
marketable risky equity is equivalent to the return on an equivalent riskless
asset plus a beta systematic and undiversifiable risk measure multiplied by
the market risk’s return premium. In essence, a higher risk asset requires a
higher return. In Markowitz’s model, one could strike a balance between
risk and return. Depending on the risk appetite of an investor, the optimal
or best-case returns can be obtained through the efficient frontier. Should
the investor require a higher level of returns, he or she would have to face a
higher level of risk. Markowitz’s work carried over to finding combinations
of individual projects or assets in a portfolio that would provide the best
bang for the buck, striking an elegant balance between risk and return. In
order to better understand this balance, also known as risk adjustment in
modern risk analysis language, risks must first be measured and understood.
The following section illustrates how risk can be measured.

THE STATISTICS OF RISK

The study of statistics refers to the collection, presentation, analysis, and uti-
lization of numerical data to infer and make decisions in the face of uncer-
tainty, where the actual population data is unknown. There are two
branches in the study of statistics: descriptive statistics, where data is sum-
marized and described, and inferential statistics, where the population is
generalized through a small random sample, such that the sample becomes
useful for making predictions or decisions when the population characteris-
tics are unknown.

A sample can be defined as a subset of the population being measured,
whereas the population can be defined as all possible observations of inter-
est of a variable. For instance, if one is interested in the voting practices of
all U.S. registered voters, the entire pool of a hundred million registered vot-
ers is considered the population, whereas a small survey of one thousand
registered voters taken from several small towns across the nation is the
sample. The calculated characteristics of the sample (e.g., mean, median,
standard deviation) are termed statistics, while parameters imply that the
entire population has been surveyed and the results tabulated. Thus, in
decision making, the statistic is of vital importance, seeing that sometimes
the entire population is yet unknown (e.g., who are all your customers, what
is the total market share, etc.) or it is very difficult to obtain all relevant
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information on the population seeing that it would be too time- or resource-
consuming.
In inferential statistics, the usual steps undertaken include:

m Designing the experiment—this phase includes designing the ways to
collect all possible and relevant data.

m Collection of sample data—data is gathered and tabulated.

® Analysis of data—statistical analysis is performed.

m Estimation or prediction—inferences are made based on the statistics
obtained.

® Hypothesis testing—decisions are tested against the data to see the out-
comes.

® Goodness-of-fit—actual data is compared to historical data to see how
accurate, valid, and reliable the inference is.

m Decision making—decisions are made based on the outcome of the
inference.

Measuring the Center of the Distribution—The
First Moment

The first moment of a distribution measures the expected rate of return on
a particular project. It measures the location of the project’s scenarios and
possible outcomes on average. The common statistics for the first moment
include the mean (average), median (center of a distribution), and mode
(most commonly occurring value). Figure 2.1 illustrates the first moment—
where, in this case, the first moment of this distribution is measured by the
mean () or average value.

Measuring the Spread of the Distribution—The
Second Moment

The second moment measures the spread of a distribution, which is a meas-
ure of risk. The spread or width of a distribution measures the variability of

Skew =0
Kurtosis = 0
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FIGURE 2.1 First moment.
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FIGURE 2.2 Second moment.

a variable, that is, the potential that the variable can fall into different re-
gions of the distribution—in other words, the potential scenarios of out-
comes. Figure 2.2 illustrates two distributions with identical first moments
(identical means) but very different second moments or risks. The visualiza-
tion becomes clearer in Figure 2.3. As an example, suppose there are two
stocks and the first stock’s movements (illustrated by the darker line) with
the smaller fluctuation is compared against the second stock’s movements
(illustrated by the dotted line) with a much higher price fluctuation. Clearly
an investor would view the stock with the wilder fluctuation as riskier be-
cause the outcomes of the more risky stock are relatively more unknown

Stock
prices
A

> Time

FIGURE 2.3 Stock price fluctuations.
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than the less risky stock. The vertical axis in Figure 2.3 measures the stock
prices; thus, the more risky stock has a wider range of potential outcomes.
This range is translated into a distribution’s width (the horizontal axis) in
Figure 2.2, where the wider distribution represents the riskier asset. Hence,
width or spread of a distribution measures a variable’s risks.

Notice that in Figure 2.2, both distributions have identical first mo-
ments or central tendencies, but clearly the distributions are very different.
This difference in the distributional width is measurable. Mathematically
and statistically, the width or risk of a variable can be measured through
several different statistics, including the range, standard deviation (o), vari-
ance, coefficient of variation, volatility, and percentiles.

Measuring the Skew of the Distribution—The
Third Moment

The third moment measures a distribution’s skewness, that is, how the dis-
tribution is pulled to one side or the other. Figure 2.4 illustrates a negative
or left skew (the tail of the distribution points to the left) and Figure 2.5 il-
lustrates a positive or right skew (the tail of the distribution points to the
right). The mean is always skewed toward the tail of the distribution while
the median remains constant. Another way of seeing this is that the mean
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FIGURE 2.4 Third moment (left skew).
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FIGURE 2.5 Third moment (right skew).
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moves, but the standard deviation, variance, or width may still remain con-
stant. If the third moment is not considered, then looking only at the ex-
pected returns (e.g., mean or median) and risk (standard deviation), a
positively skewed project might be incorrectly chosen! For example, if the
horizontal axis represents the net revenues of a project, then clearly a left or
negatively skewed distribution might be preferred as there is a higher prob-
ability of greater returns (Figure 2.4) as compared to a higher probability for
lower level returns (Figure 2.5). Thus, in a skewed distribution, the median
is a better measure of returns, as the medians for both Figures 2.4 and 2.5
are identical, risks are identical, and, hence, a project with a negatively
skewed distribution of net profits is a better choice. Failure to account for a
project’s distributional skewness may mean that the incorrect project may be
chosen (e.g., two projects may have identical first and second moments, that
is, they both have identical returns and risk profiles, but their distributional
skews may be very different).

Measuring the Catastrophic Tail Events of the
Distribution—The Fourth Moment

The fourth moment, or kurtosis, measures the peakedness of a distribution.
Figure 2.6 illustrates this effect. The background (denoted by the dotted
line) is a normal distribution with an excess kurtosis of 0. The new distri-
bution has a higher kurtosis; thus the area under the curve is thicker at the
tails with less area in the central body. This condition has major impacts on
risk analysis as for the two distributions in Figure 2.6; the first three mo-
ments (mean, standard deviation, and skewness) can be identical, but the
fourth moment (kurtosis) is different. This condition means that, although the
returns and risks are identical, the probabilities of extreme and catastrophic
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FIGURE 2.6 Fourth moment.
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events (potential large losses or large gains) occurring are higher for a high
kurtosis distribution (e.g., stock market returns are leptokurtic or have high
kurtosis). Ignoring a project’s return’s kurtosis may be detrimental. Note
that sometimes a normal kurtosis is denoted as 3.0, but in this book we use
the measure of excess kurtosis, henceforth simply known as kurtosis. In other
words, a kurtosis of 3.5 is also known as an excess kurtosis of 0.5, indicat-
ing that the distribution has 0.5 additional kurtosis above the normal distri-
bution. The use of excess kurtosis is more prevalent in academic literature
and is, hence, used here. Finally, the normalization of kurtosis to a base of 0
makes for easier interpretation of the statistic (e.g., a positive kurtosis indi-
cates fatter-tailed distributions while negative kurtosis indicates thinner-
tailed distributions).

Most distributions can be defined up to four moments. The first mo-
ment describes the distribution’s location or central tendency (expected
returns), the second moment describes its width or spread (risks), the
third moment its directional skew (most probable events), and the
fourth moment its peakedness or thickness in the tails (catastrophic
losses or gains). All four moments should be calculated and interpreted
to provide a more comprehensive view of the project under analysis.

THE MEASUREMENTS OF RISK

There are multiple ways to measure risk in projects. This section summarizes
some of the more common measures of risk and lists their potential benefits
and pitfalls. The measures include:

m Probability of Occurrence. This approach is simplistic and yet effective.
As an example, there is a 10 percent probability that a project will not
break even (it will return a negative net present value indicating losses)
within the next 5 years. Further, suppose two similar projects have iden-
tical implementation costs and expected returns. Based on a single-point
estimate, management should be indifferent between them. However, if
risk analysis such as Monte Carlo simulation is performed, the first
project might reveal a 70 percent probability of losses compared to only
a 5 percent probability of losses on the second project. Clearly, the sec-
ond project is better when risks are analyzed.

m Standard Deviation and Variance. Standard deviation is a measure of
the average of each data point’s deviation from the mean.? This is the
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most popular measure of risk, where a higher standard deviation implies
a wider distributional width and, thus, carries a higher risk. The draw-
back of this measure is that both the upside and downside variations are
included in the computation of the standard deviation. Some analysts
define risks as the potential losses or downside; thus, standard deviation
and variance will penalize upswings as well as downsides.
Semi-Standard Deviation. The semi-standard deviation only measures
the standard deviation of the downside risks and ignores the upside
fluctuations. Modifications of the semi-standard deviation include cal-
culating only the values below the mean, or values below a threshold
(e.g., negative profits or negative cash flows). This provides a better pic-
ture of downside risk but is more difficult to estimate.

Volatility. The concept of volatility is widely used in the applications of
real options and can be defined briefly as a measure of uncertainty and
risks.? Volatility can be estimated using multiple methods, including
simulation of the uncertain variables impacting a particular project and
estimating the standard deviation of the resulting asset’s logarithmic re-
turns over time. This concept is more difficult to define and estimate but
is more powerful than most other risk measures in that this single value
incorporates all sources of uncertainty rolled into one value.

Beta. Beta is another common measure of risk in the investment finance
arena. Beta can be defined simply as the undiversifiable, systematic risk
of a financial asset. This concept is made famous through the CAPM,
where a higher beta means a higher risk, which in turn requires a higher
expected return on the asset.

Coefficient of Variation. The coefficient of variation is simply defined as
the ratio of standard deviation to the mean, which means that the risks
are common-sized. For example, the distribution of a group of students’
heights (measured in meters) can be compared to the distribution of the
students’ weights (measured in kilograms).* This measure of risk or dis-
persion is applicable when the variables’ estimates, measures, magni-
tudes, or units differ.

Value at Risk. Value at Risk (VaR) was made famous by J. P. Morgan
in the mid-1990s through the introduction of its RiskMetrics approach,
and has thus far been sanctioned by several bank governing bodies
around the world. Briefly, it measures the amount of capital reserves at
risk given a particular holding period at a particular probability of loss.
This measurement can be modified to risk applications by stating, for
example, the amount of potential losses a certain percent of the time
during the period of the economic life of the project—clearly, a project
with a smaller VaR is better.

Worst-Case Scenario and Regret. Another simple measure is the value of
the worst-case scenario given catastrophic losses. Another definition is
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regret. That is, if a decision is made to pursue a particular project, but
if the project becomes unprofitable and suffers a loss, the level of regret
is simply the difference between the actual losses compared to doing
nothing at all.

® Risk-Adjusted Return on Capital. Risk-adjusted return on capital
(RAROC) takes the ratio of the difference between the fiftieth percentile
(median) return and the fifth percentile return on a project to its stan-
dard deviation. This approach is used mostly by banks to estimate re-
turns subject to their risks by measuring only the potential downside
effects and ignoring the positive upswings.

The following appendix details the computations of some of these risk mea-
sures and is worthy of review before proceeding through the book.

APPENDIX—COMPUTING RISK

This appendix illustrates how some of the more common measures of risk
are computed. Each risk measurement has its own computations and uses.
For example, certain risk measures are applicable only on time-series data
(e.g., volatility) while others are applicable in both cross-sectional and time-
series data (e.g., variance, standard deviation, and covariance), while others
require a consistent holding period (e.g., Value at Risk) or a market compa-
rable or benchmark (e.g., beta coefficient).

Probability of Occurrence

This approach is simplistic yet effective. The probability of success or failure
can be determined several ways. The first is through management expecta-
tions and assumptions, also known as expert opinion, based on historical
occurrences or experience of the expert. Another approach is simply to
gather available historical or comparable data, industry averages, academic
research, or other third-party sources, indicating the historical probabilities
of success or failure (e.g., pharmaceutical R&D’s probability of technical
success based on various drug indications can be obtained from external re-
search consulting groups). Finally, Monte Carlo simulation can be run on a
model with multiple interacting input assumptions and the output of inter-
est (e.g., net present value, gross margin, tolerance ratios, and development
success rates) can be captured as a simulation forecast and the relevant prob-
abilities can be obtained, such as the probability of breaking even, proba-
bility of failure, probability of making a profit, and so forth. See Chapter 5
on step-by-step instructions on running and interpreting simulations and
probabilities.
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Standard Deviation and Variance

Standard deviation is a measure of the average of each data point’s deviation
from the mean. A higher standard deviation or variance implies a wider dis-
tributional width and, thus, a higher risk.

The standard deviation can be measured in terms of the population or
sample, and for illustration purposes, is shown in the following list, where
we define x; as the individual data points, ut as the population mean, N as the
population size, ¥ as the sample mean, and 7 as the sample size:

Population standard deviation:

and population variance is simply the square of the standard
deviation or o2. Alternatively, use Excel’s STDEVP and VARP
functions for the population standard deviation and variance
respectively.

Sample standard deviation:

and sample variance is similarly the square of the standard
deviation or s?. Alternatively, use Excel’s STDEV and VAR
functions for the sample standard deviation and variance
respectively. Figure 2.7 shows the step-by-step computations.

The drawbacks of this measure is that both the upside and downside
variations are included in the computation of the standard deviation, and its
dependence on the units (e.g., values of x in thousands of dollars versus mil-
lions of dollars are not comparable). Some analysts define risks as the po-
tential losses or downside; thus, standard deviation and variance penalize
upswings as well as downsides. An alternative is the semi-standard deviation.

Semi-Standard Deviation

The semi-standard deviation only measures the standard deviation of the
downside risks and ignores the upside fluctuations. Modifications of the semi-
standard deviation include calculating only the values below the mean, or val-
ues below a threshold (e.g., negative profits or negative cash flows). This
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Square of
X X - Mean (X — Mean)
-10.50 -9.07 82.2908
12.25 13.68 187.1033
-11.50 -10.07 101.4337
13.25 14.68 215.4605
-14.65 -13.22 174.8062
15.65 17.08 291.6776
-14.50 -13.07 170.8622
Sum -10.00
Mean -1.43

Population Standard Deviation and Variance

Sum of Square (X — Mean) 1223.6343
Variance = Sum of Square (X — Mean)/N 174.8049
Using Excel’s VARP function: 174.8049
Standard Deviation = Square Root of

(Sum of Square (X — Mean)/N) 13.2214
Using Excel’s STDEVP function: 13.2214

Sample Standard Deviation and Variance

Sum of Square (X — Mean) 1223.6343
Variance = Sum of Square (X — Mean)/(N - 1) 203.9390
Using Excel’s VAR function: 203.9390
Standard Deviation = Square Root of

(Sum of Square (X — Mean)/(N-1)) 14.2807
Using Excel’s STDEV function: 14.2807

FIGURE 2.7 Standard deviation and variance computation.

approach provides a better picture of downside risk but is more difficult to es-
timate. Figure 2.8 shows how a sample semi-standard deviation and semi-vari-
ance are computed. Note that the computation must be performed manually.

Volatility

The concept of volatility is widely used in the applications of real options
and can be defined briefly as a measure of uncertainty and risks. Volatility
can be estimated using multiple methods, including simulation of the uncer-
tain variables impacting a particular project and estimating the standard de-
viation of the resulting asset’s logarithmic returns over time. This concept is
more difficult to define and estimate but is more powerful than most other
risk measures in that this single value incorporates all sources of uncertainty
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Square of
X X — Mean (X — Mean)
-10.50 2.29 5.2327
12.25 Ignore (Ignore the positive values)
-11.50 1.29 1.6577
13.25 Ignore (Ignore the positive values)
-14.65 -1.86 3.4689
15.65 Ignore (Ignore the positive values)
-14.50 -1.71 2.9327
Sum -51.1500
Mean -12.7875

Population Standard Deviation and Variance

Sum of Square (X — Mean) 13.2919
Variance = Sum of Square (X — Mean)/N 3.3230
Using Excel’s VARP function: 3.3230
Standard Deviation = Square Root of (Sum of Square (X — Mean)/N) 1.8229
Using Excel’s STDEVP function: 1.8229

Sample Standard Deviation and Variance

Sum of Square (X — Mean) 13.2919
Variance = Sum of Square (X — Mean)/(N - 1) 4.4306
Using Excel’s VAR function: 4.4306
Standard Deviation = Square Root of (Sum of Square (X — Mean)/(N-1))  2.1049
Using Excel’s STDEV function: 2.1049

FIGURE 2.8 Semi-standard deviation and semi-variance computation.

rolled into one value. Figure 2.9 illustrates the computation of an annualized
volatility. Volatility is typically computed for time-series data only (i.e., data
that follows a time series such as stock price, price of oil, interest rates, and
so forth). The first step is to determine the relative returns from period to pe-
riod, take their natural logarithms (In), and then compute the sample stan-
dard deviation of these logged values. The result is the periodic volatility.
Then, annualize the volatility by multiplying this periodic volatility by the
square root of the number of periods in a year (e.g., 1 if annual data, 4 if
quarterly data, and 12 if monthly data are used).

For a more detailed discussion of volatility computation as well as other
methods for computing volatility such as using logarithmic present value ap-
proach, management assumptions, and GARCH, or generalized autoregres-
sive conditional heteroskedasticity models, and how a discount rate can be
determined from volatility, see Real Options Analysis, Second Edition, by
Johnathan Mun (Wiley 2005).
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Relative LN (Relative Square of (LN Relative

Months X Returns Returns) Returns — Average)
0 10.50

1 12.25 1.17 0.1542 0.0101

2 11.50 0.94 -0.0632 0.0137

3 13.25 1.15 0.1417 0.0077

4 14.65 1.11 0.1004 0.0022

S 15.65 1.07 0.0660 0.0001

6 14.50 0.93 -0.0763 0.0169

Sum 0.3228

Average 0.0538

Sample Standard Deviation and Variance

Sum of Square (LN Relative Returns — Average) 0.0507
Volatility = Square Root of

(Sum of Square (LN Relative Returns — Average)/N - 1) 10.07%
Using Excel’s STDEV function on LN(Relative Returns): 10.07%
Annualized Volatility

(Periodic Volatility x Square Root (Periods in a Year)) 34.89%

FIGURE 2.9 Volatility computation.

Beta

Beta is another common measure of risk in the investment finance arena.
Beta can be defined simply as the undiversifiable, systematic risk of a finan-
cial asset. This concept is made famous through the CAPM, where a higher
beta means a higher risk, which in turn requires a higher expected return on
the asset. The beta coefficient measures the relative movements of one asset
value to a comparable benchmark or market portfolio; that is, we define the
beta coefficient as:

B — COU(JC, m) —_ px,mo—xo-m
© Varim) o2

m

where Cov(x,m) is the population covariance between the asset x and the
market or comparable benchmark m, Var(m) is the population variance of
m, where both can be computed in Excel using the COVAR and VARP
functions. The computed beta will be for the population. In contrast, the
sample beta coefficient is computed using the correlation coefficient between
x and m or p,,, and the sample standard deviations of x and # or using s,
and s,, instead of o, and o,,,.

A beta of 1.0 implies that the relative movements or risk of x is identi-
cal to the relative movements of the benchmark (see Example 1 in Figure 2.10
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where the asset x is simply one unit less than the market asset #1, but they
both fluctuate at the same levels). Similarly, a beta of 0.5 implies that the rel-
ative movements or risk of x is half of the relative movements of the bench-
mark (see Example 2 in Figure 2.10 where the asset x is simply half the
market’s fluctuations ). Therefore, beta is a powerful measure but requires
a comparable to which to benchmark its fluctuations.

Coefficient of Variation

The coefficient of variation (CV) is simply defined as the ratio of standard
deviation to the mean, which means that the risks are common sized. For ex-
ample, a distribution of a group of students’ heights (measured in meters)
can be compared to the distribution of the students’ weights (measured in
kilograms). This measure of risk or dispersion is applicable when the vari-
ables’ estimates, measures, magnitudes, or units differ. For example, in the
computations in Figure 2.7, the CV for the population is —9.25 or —-9.99 for
the sample. The CV is useful as a measure of risk per unit of return, or when
inverted, can be used as a measure of bang for the buck or returns per unit
of risk. Thus, in portfolio optimization, one would be interested in mini-
mizing the CV or maximizing the inverse of the CV.

Value at Risk

Value at Risk (VaR) measures the amount of capital reserves at risk given a
particular holding period at a particular probability of loss. This measure-
ment can be modified to risk applications by stating, for example, the
amount of potential losses a certain percent of the time during the period of
the economic life of the project—clearly, a project with a smaller VaR is bet-
ter. VaR has a holding time period requirement, typically one year or one
month. It also has a percentile requirement, for example, a 99.9 percent one-
tail confidence. There are also modifications for daily risk measures such as
DEaR or Daily Earnings at Risk. The VaR or DEaR can be determined very
easily using Risk Simulator; that is, create your risk model, run a simulation,
look at the forecast chart, and enter in 99.9 percent as the right-tail proba-
bility of the distribution or 0.01 percent as the left-tail probability of the dis-
tribution, then read the VaR or DEaR directly off the forecast chart.

Wonrst-Case Scenario and Regret

Another simple measure is the value of the worst-case scenario given cata-
strophic losses. An additional definition is regret; that is, if a decision is
made to pursue a particular project, but if the project becomes unprofitable
and suffers a loss, the level of regret is simply the difference between the
actual losses compared to doing nothing at all. This analysis is very similar
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to the VaR but is not time dependent. For instance, a financial return on
investment model can be created and a simulation is run. The § percent worst-
case scenario can be read directly from the forecast chart in Risk Simulator.

Risk-Adjusted Return on Capital

Risk-adjusted return on capital (RAROC) takes the ratio of the difference
between the fiftieth percentile Ps, or its median return and the fifth per-
centile P; return on a project to its standard deviation o, written as:

P.. - P
RAROC:%

This approach is used mostly by banks to estimate returns subject to their
risks by measuring only the potential downside effects and truncating the
distribution to the worst-case 5 percent of the time, ignoring the positive up-
swings, while at the same time common sizing to the risk measure of stan-
dard deviation. Thus, RAROC can be seen as a measure that combines
standard deviation, CV, semi-standard deviation, and worst-case scenario
analysis. This measure is useful when applied with Monte Carlo simulation,
where the percentiles and standard deviation measurements required can be
obtained through the forecast chart’s statistics view in Risk Simulator.

QUESTIONS

j—

. What is the efficient frontier and when is it used?

2. What are inferential statistics and what steps are required in making in-
ferences?

3. When is using standard deviation less desirable than using semi-stan-
dard deviation as a measure of risk?

4. If comparing three projects with similar first, second, and fourth mo-
ments, would you prefer a project that has no skew, a positive skew, or
a negative skew?

5. If comparing three projects with similar first to third moments, would
you prefer a project that is leptokurtic (high kurtosis), mesokurtic (av-
erage kurtosis), or platykurtic (low kurtosis)? Explain your reasoning
with respect to a distribution’s tail area. Under what conditions would
your answer change?

6. What are the differences and similarities between Value at Risk and

worst-case scenario as a measure of risk?



A Guide to
Model-Building Etiquette

he first step in risk analysis is the creation of a model. A model can range

from a simple three-line calculation in an Excel spreadsheet (e.g., A + B =
C) to a highly complicated and oftentimes convoluted series of intercon-
nected spreadsheets. Creating a proper model takes time, patience, strategy,
and practice. Evaluating or learning a complicated model passed down to
you that was previously created by another analyst may be rather cumber-
some. Even the person who built the model revisits it weeks or months later
and tries to remember what was created can sometimes find it challenging.
It is indeed difficult to understand what the model originator was thinking
of when the model was first built. As most readers of this book are Excel
users, this chapter lists some model building blocks that every professional
model builder should at least consider implementing in his or her Excel
spreadsheets.

As a rule of thumb, always remember to document the model; separate
the inputs from the calculations and the results; protect the models
against tampering; make the model user-friendly; track changes made in
the model; automate the model whenever possible; and consider model
aesthetics.

DOCUMENT THE MODEL

One of the major considerations in model building is its documentation.
Although this step is often overlooked, it is crucial in order to allow conti-
nuity, survivorship, and knowledge transfer from one generation of model
builders to the next. Inheriting a model that is not documented from a

49
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predecessor will only frustrate the new user. Some items to consider in
model documentation include the following:

m Strategize the Look and Feel of the Model. Before the model is built, the
overall structure of the model should be considered. This conceptual-
ization includes how many sections the model will contain (e.g., each
workbook file applies to a division; while each workbook has 10 work-
sheets representing each department in the division; and each worksheet
has three sections, representing the revenues, costs, and miscellaneous
items) as well as how each of these sections are related, linked, or repli-
cated from one another.

m Naming Conventions. Each of these workbooks and worksheets should
have a proper name. The recommended approach is simply to provide
each workbook and worksheet a descriptive name. However, one
should always consider brevity in the naming convention but yet pro-
vide sufficient description of the model. If multiple iterations of the
model are required, especially when the model is created by several in-
dividuals over time, the date and version numbers should be part of the
model’s file name for proper archiving, backup, and identification pur-
poses.

m Executive Summary. In the first section of the model, there should al-
ways be a welcome page with an executive summary of the model. The
summary may include the file name, location on a shared drive, version
of the model, developers of the model, and any other pertinent infor-
mation, including instructions, assumptions, caveats, warnings, or sug-
gestions on using the model.

m File Properties. Make full use of Excel’s file properties (File | Properties).
This simple action may make the difference between an orphaned model
and a model that users will have more faith in as to how current or up-
dated it is (Figure 3.1).

®m Document Changes and Tweaks. If multiple developers work on the
model, when the model is saved, the changes, tweaks, edits, and modi-
fications should always be documented such that any past actions can
be undone should it become necessary. This simple practice also pro-
vides a method to track the changes that have been made versus a list of
bugs or development requirements.

m [llustrate Formulas. Consider illustrating and documenting the formulas
used in the model, especially when complicated equations and calcula-
tions are required. Use Excel’s Equation Editor to do this (Insert | Object |
Create New | Microsoft Equation), but also remember to provide a ref-
erence for more advanced models.

® Results Interpretation. In the executive summary, on the reports or re-
sults summary page, include instructions on how the final analytical
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Risk Analysis.xls Properties [Z|E|
General | Summary | Statistics | Contents Custom |
Name: |
Checked by ~
Client I
Date completed
Department
Destination
Disposition b
Type: Text vl
Value:
Properties: | Name Value
Checked by Dr. Johnathan Mun
Date completed Dec 2003
Department Analytical Finance
Project Risk Analysis
Mailstop JohnathanMun@cs.com
< >
Cancel |

FIGURE 3.1 Excel’s file properties dialog box.

results should be interpreted, including what assumptions are used when
building the model, any theory the results pertain to, any reference ma-
terial detailing the technical aspects of the model, data sources, and any
conjectures made to obtain certain input parameters.

m Reporting Structure. A good model should have a final report after the
inputs have been entered and the analysis is performed. This report may
be as simple as a printable results worksheet or as a more sophisticated
macro that creates a new document (e.g., Risk Simulator has a report-
ing function that provides detailed analysis on the input parameters and
output results).

® Model Navigation. Consider how a novice user will navigate between
modules, worksheets, or input cells. One consideration is to include
navigational capabilities in the model. These navigational capabilities
range from a simple set of naming conventions (e.g., sheets in a work-
book can be named “1. Input Data,” “2. Analysis,” and “3. Results”)
where the user can quickly and easily identify the relevant worksheets by
their tab names (Figure 3.2), to more sophisticated methods. More so-
phisticated navigational methods include using hyperlinks and Visual
Basic for Applications (VBA) code.
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W 4 » w\\1.Input Datay 2. Analysis { 3. Results /

FIGURE 3.2 Worksheet tab names.

For instance, in order to create hyperlinks to other sheets from a main
navigational sheet, click on Insert | Hyperlink | Place in This Document
in Excel. Choose the relevant worksheet to link to within the workbook
(Figure 3.3). Place all these links in the main navigational sheet and place
only the relevant links in each sheet (e.g., only the main menu and Step 2 in
the analysis are available in the Step 1 worksheet). These links can also be
named as “next” or “previous,” to further assist the user in navigating a
large model. The second and more protracted approach is to use VBA codes
to navigate the model. Refer to the appendix at the end of this chapter—A
Primer on VBA Modeling and Writing Macros—for sample VBA codes used
in said navigation and automation.

Document the model by strategizing the look and feel of the model, have
an adequate naming convention, have an executive summary, include
model property descriptions, indicate the changes and tweaks made, il-
lustrate difficult formulas, document how to interpret results, provide a
reporting structure, and make sure the model is easy to navigate.

Insert Hyperlink EIIZI
Link to: Text to display: ['2. Analysis'lA1 ScreenTip....
L9 Type the cell reference:
Existing File or |A 1
Web Page

Or select a place in this document:

= Cell Reference
'1. Input Data’
Place in This ed-L e
Document 2. Analysis’
'3. Results'
Defined Names
Create New
Document
E-mail Address

FIGURE 3.3 Insert hyperlink dialog box.
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SEPARATE INPUTS, CALCULATIONS,
AND RESULTS

m Different Worksheets for Different Functions. Consider using a differ-
ent worksheet within a workbook for the model’s input assumption
(these assumptions should all be accumulated into a single sheet), a set
of calculation worksheets, and a final set of worksheets summarizing the
results. These sheets should then be appropriately named and grouped
for easy identification. Sometimes, the input worksheet also has some
key model results—this arrangement is very useful as a management
dashboard, where slight tweaks and changes to the inputs can be made
by management and the fluctuations in key results can be quickly
viewed and captured.

m Describe Input Variables. In the input parameter worksheet, consider
providing a summary of each input parameter, including where it is
used in the model. Sometimes, this can be done through cell comments
instead (Insert | Comment).

® Name Input Parameter Cells. Consider naming individual cells by se-
lecting an input cell, typing the relevant name in the Name Box on the
upper left corner of the spreadsheet, and hitting Enter (the arrow in Fig-
ure 3.4 shows the location of the name box). Also, consider naming
ranges by selecting a range of cells and typing the relevant name in the
Name Box. For more complicated models where multiple input param-
eters with similar functions exist, consider grouping these names. For in-
stance, if the inputs “cost” and “revenues” exist in two different
divisions, consider using the following hierarchical naming conventions
(separated by periods in the names) for the Excel cells:

Cost.Division.A
Cost.Division.B
Revenues.Division.A
Revenues.Division.B

Ed Microsoft Excel - Risk Analysis.xls

@_] File Edit Vew [Insert Format Tools Data Window Cel Run CBTools Help

DEESE @RY tRA-C - @z -2 E o -G,

Arial -0 - B I U EEE=EEH B%, WM EE DA - obect..
Aesh||[[Ma|F @ EBER B s . .3 @ ¥
¢ BRLD Rme B » b- .

jncome] 4] A
Cost ﬁe c [ D E F G H

FIGURE 3.4 Name box in Excel.
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m Color Coding Inputs and Results. Another form of identification is
simply to color code the input cells one consistent color, while the re-
sults, which are usually mathematical functions based on the input as-
sumptions and other intermediate calculations, should be color coded
differently.

®m Model Growth and Modification. A good model should always provide
room for growth, enhancement, and update analysis over time. When
additional divisions are added to the model, or other constraints and
input assumptions are added at a later date, there should be room to
maneuver. Another situation involves data updating, where, in the fu-
ture, previous sales forecasts have now become reality and the actual
sales now replace the forecasts. The model should be able to accommo-
date this situation. Providing the ability for data updating and model
growth is where modeling strategy and experience count.

® Report and Model Printing. Always consider checking the overall
model, results, summary, and report pages for their print layouts. Use
Excel’s File | Print Preview capability to set up the page appropriately
for printing. Set up the headers and footers to reflect the dates of the
analysis as well as the model version for easy comparison later. Use
links, automatic fields, and formulas whenever appropriate (e.g., the
Excel formula “=Today()” is a volatile field that updates automatically
to the latest date when the spreadsheet model was last saved).

Separate inputs, calculations, and results by creating different work-
sheets for different functions, describing input variables, naming input
parameters, color coding inputs and results, providing room for model
growth and subsequent modifications, and considering report and model
printing layouts.

PROTECT THE MODELS

m Protect Workbook and Worksheets. Consider using spreadsheet pro-
tection (Tools | Protection) in your intermediate and final results sum-
mary sheet to prevent user tampering or accidental manipulation.
Passwords are also recommended here for more sensitive models.!

® Hiding and Protecting Formulas. Consider setting cell properties to
hide, lock, or both hide and lock cells (Format | Cells | Protection), then
protect the worksheet (Tools | Protection) to prevent the user from ac-
cidentally overriding a formula (by locking a cell and protecting the
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sheet), or still allow the user to see the formula without the ability to ir-
reparably break the model by deleting the contents of a cell (by locking
but not hiding the cell and protecting the sheet), or to prevent tamper-
ing with and viewing the formulas in the cell (by both locking and hid-
ing the cell and then protecting the sheet).

Protect the models from user tampering at the workbook and worksheet
levels through password protecting workbooks, or through hiding and

protecting formulas in the individual worksheet cells.

MAKE THE MODEL USER-FRIENDLY: DATA
VALIDATION AND ALERTS

® Data Validation. Consider preventing the user from entering bad inputs
through spreadsheet validation. Prevent erroneous inputs through data
validation (Data | Validation | Settings) where only specific inputs are al-
lowed. Figure 3.5 illustrates data validation for a cell accepting only
positive inputs. The Edit | Copy and Edit | Paste Special functions can
be used to replicate the data validation if validation is chosen in the
paste special command.

m Error Alerts. Provide error alerts to let the user know when an incorrect
value is entered through data validation (Data | Validation | Error Alert)

Data Validation El@

Settings | InputMessage | Error Alert |
Validation criteria
Allow:

pers 3] ¥ Ignore bk
Data:

|greater than vl

Pirimum:

o |

QearMI

FIGURE 3.5 Data validation dialog box.
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Data Validation

Settings | InputMessage Eror Alert
¥ Show error alert after invalid data is entered
When user enters invalid data, show this error alert:
Style: Title:
|Stw j IRJdumalvss
Error message:

6 Error! Only positive values are allowed!

Qearﬁll

FIGURE 3.6 Error message setup for data validation.

Risk Analysis

FIGURE 3.7 FError message for data validation.

shown in Figure 3.6. If the validation is violated, an error message box
will be executed (Figure 3.7).

m Cell Warnings and Input Messages. Provide warnings and input messages
when a cell is selected where the inputs required are ambiguous (Data |
Validation | Input Message). The message box can be set up to appear
whenever the cell is selected, regardless of the data validation. This mes-
sage box can be used to provide additional information to the user about
the specific input parameter or to provide suggested input values.

® Define All Inputs. Consider including a worksheet with named cells and
ranges, complete with their respective definitions and where each vari-
able is used in the model.

Make the model user-friendly through data validation, error alerts, cell
warnings, and input messages, as well as defining all the inputs required

in the model.
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TRACK THE MODEL

m [nsert Comments. Consider inserting comments for key variables (Insert
| Comment) for easy recognition and for quick reference. Comments can
be easily copied into different cells through the Edit | Paste Special |
Comments procedure.

m Track Changes. Consider tracking changes if collaborating with other
modelers (Tools | Track Changes | Highlight Changes). Tracking all
changes is not only important, but it is also a courtesy to other model
developers to note the changes and tweaks that were made.

® Avoid Hard-Coding Values. Consider using formulas whenever possible
and avoid hard-coding numbers into cells other than assumptions and
inputs. In complex models, it would be extremely difficult to track down
where a model breaks because a few values are hard-coded instead of
linked through equations. If a value needs to be hard-coded, it is by def-
inition an input parameter and should be listed as such.

m Use Linking and Embedding. Consider object linking and embedding of
files and objects (Edit | Paste Special) rather than using a simple paste
function. This way, any changes in the source files can be reflected in the
linked file. If linking between spreadsheets, Excel automatically updates
these linked sheets every time the target sheet is opened. However, to
avoid the irritating dialog pop-ups to update links every time the model
is executed, simply turn off the warnings through Edit | Links | Startup
Prompt.

Track the model by inserting comments, using the track changes func-
tionality, avoiding hard-coded values, and using the linking and em-

bedding functionality.

AUTOMATE THE MODEL WITH VBA

Visual Basic for Applications is a powerful Excel tool that can assist in
automating a significant amount of work. Although detailed VBA coding is
beyond the scope of this book, an introduction to some VBA applications
is provided in the appendix to this chapter—A Primer on VBA Modeling
and Writing Macros—specifically addressing the following six automation
issues:

1. Consider creating VBA modules for repetitive tasks (Al+-F11 or Tools |
Macro | Visual Basic Editor).
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2. Add custom equations in place of complex and extended Excel equations.

3. Consider recording macros (Tools | Macro | Record New Macro) for
repetitive tasks or calculations.

4. Consider placing automation forms in your model (View | Toolbar |
Forms) and the relevant codes to support the desired actions.

5. Consider constraining users to only choosing specific inputs (View |
Toolbar | Forms) and insert drop-list boxes and the relevant codes to
support the desired actions.

6. Consider adding custom buttons and menu items on the user’s model
within Excel to locate and execute macros easily.

Use VBA to automate the model, including adding custom equations,

macros, automation forms, and predefined buttons.

MODEL AESTHETICS AND CONDITIONAL FORMATTING

m Units. Consider the input assumption’s units and preset them accord-
ingly in the cell to avoid any confusion. For instance, if a discount-rate
input cell is required, the inputs can either be typed in as 20 or 0.2 to
represent 20 percent. By avoiding a simple input ambiguity through pre-
formatting the cells with the relevant units, user and model errors can be
easily avoided.

® Magnitude. Consider the input’s potential magnitude, where a large
input value may obfuscate the cell’s view by using the cell’s default
width. Change the format of the cell either to automatically reduce the
font size to accommodate the higher magnitude input (Format | Cells |
Alignment | Shrink to Fit) or have the cell width sufficiently large to ac-
commodate all possible magnitudes of the input.

m Text Wrapping and Zooming. Consider wrapping long text in a cell
(Format | Cells | Alignment | Wrap Text) for better aesthetics and view.
This suggestion also applies to the zoom size of the spreadsheet. Re-
member that zoom size is worksheet specific and not workbook specific.

m Merging Cells. Consider merging cells in titles (Format | Cells | Align-
ment | Merge Cells) for a better look and feel.

m Colors and Graphics. Colors and graphics are an integral part of a
model’s aesthetics as well as a functional piece to determine if a cell is an
input, a calculation, or a result. A careful blend of background colors
and foreground graphics goes a long way in terms of model aesthetics.

m Grouping. Consider grouping repetitive columns or insignificant inter-
mediate calculations (Data | Group and Outline | Group).
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® Hiding Rows and Columns. Consider hiding extra rows and columns
(select the relevant rows and columns to hide by selecting their row or
column headers, and then choose Format | Rows or Columns | Hide)
that are deemed as irrelevant intermediate calculations.

m Conditional Formatting. Consider conditional formatting such that if a
cell’s calculated result is a particular value (e.g., positive versus negative
profits), the cell or font changes to a different color (Format | Condi-
tional Formatting).

® Auto Formatting. Consider using Excel’s auto formatting for tables
(Format | Auto Format). Auto formatting will maintain the same look
and feel throughout the entire Excel model for consistency.

m Custom Styles. The default Excel formatting can be easily altered, or al-
ternatively, new styles can be added (Format | Styles | New). Styles can
facilitate the model-building process in that consistent formatting is ap-
plied throughout the entire model by default and the modeler does not
have to worry about specific cell formatting (e.g., shrink to fit and font
size can be applied consistently throughout the model).

m Custom Views. In larger models where data inputs and output results are
all over the place, consider using custom views (View | Custom Views |
Add). This custom view feature allows the user to navigate through a
large model spreadsheet with ease, especially when navigational macros
are added to these views (see the appendix to this chapter—A Primer on
VBA Modeling and Writing Macros—for navigating custom views using
macros). In addition, different size zooms on areas of interest can be cre-
ated within the same spreadsheet through custom views.

Model aesthetics are preserved by considering the input units and mag-
nitude, text wrapping and zooming views, cell merges, colors and

graphics, grouping items, hiding excess rows and columns, conditional
formatting, auto formatting, custom styles, and custom views.

APPENDIX—A PRIMER ON VBA MODELING AND
WRITING MACROS

The Visual Basic Environment (VBE)

In Excel, access the VBE by hitting Alt-F11 or Tools | Macro | Visual Basic
Environment. The VBE looks like Figure 3.8. Select the VBA project per-
taining to the opened Excel file (in this case, it is the Risk Analysis.xls file).
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% Microsoft Visual Basic - Risk Analysis.xls - [Sheet1 (Code)]
M Be Edt ew [mert Fomat Debug Bun Took Addine  Window Help fact -. 8%
o mk MEY @& 0

| (General) | |iwectarations)

m =]

+ & VBAProject (Book1)
- B8 VBAProject (Risk Analysis.ls)
“t

W) Sheeti (1. Input Data)
W) Sheet2 (2. Analyss)
Sheet3 (3. )

ThsWorkbook

FIGURE 3.8 Visual basic environment.

Click on Insert | Module and double-click on the Module icon on the left
window to open the module. You are now ready to start coding in VBA.

Custom Equations and Macros

Two Basic Equations The following example illustrates two basic equations.
They are simple combination and permutation functions. Suppose that there
are three variables, A, B, and C. Further suppose that two of these variables
are chosen randomly. How many pairs of outcomes are possible? In a com-
bination, order is not important and the following three pairs of outcomes
are possible: AB, AC, and BC. In a permutation, order is important and mat-
ters; thus, the following six pairs of outcomes are possible: AB, AC, BA, BC,
CA, and CB. The equations are:

Combination = (Variable)! = 3! =3
(Choose)!(Variable — Choose)!  2!(3 —2)!
(Variable)! _ 3

P ] = = =
ermutation = 15 o ble — Choose)l - B—2)1

If these two equations are widely used, then creating a VBA function will
be more efficient and will avoid any unnecessary errors in larger models
when Excel equations have to be created repeatedly. For instance, the man-
ually inputted equation will have to be: =fact(A1)/(fact(A2)* fact(A1-A2)) as
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compared to a custom function created in VBA where the function in Excel
will now be =combine(A1,A2). The mathematical expression is exaggerated
if the function is more complex, as will be seen later. The VBA code to be en-
tered into the previous module (Figure 3.8) for the two simple equations is:

Public Function Combine(Variable As Double, Choose _
As Double) As Double

Combine = Application.Fact(Variable) / (Application.Fact(Choose) * _
Application.Fact(Variable — Choose))

End Function

Public Function Permute(Variable As Double, Choose As Double) _
As Double

Permute = Application.Fact(Variable) | Application.Fact(Variable — _
Choose)

End Function

Once the code is entered, the functions can be executed in the spreadsheet.
The underscore at the end of a line of code indicates the continuation of the
line of code on the next line.

Figure 3.9 shows the spreadsheet environment with the custom func-
tion. If multiple functions were entered, the user can also get access to those
functions through the Insert | Function dialog wizard by choosing the user-
defined category and scrolling down to the relevant functions (Figure 3.10).
The functions arguments box comes up for the custom function chosen (Fig-
ure 3.11), and entering the relevant inputs or linking to input cells can be ac-
complished here.

Following are the VBA codes for the Black-Scholes models for estimat-
ing call and put options. The equations for the Black—Scholes are shown
below and are simplified to functions in Excel named “BlackScholesCall”
and “BlackScholesPut.”

Call = S®

{111(5/)( (rf + o> /2)T}
oT
T {ln(S/X (rf — o2 /2)T}

oNT

- Xe

Put = Xe "D

{ In(S / X) + (rf =02 1 )T }
oT
—sq{ In(S / X) + (rf +0> /2T }

o T




RISK EVALUATION
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1
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3 Variable 3
4 Choose 2
5] Combinations 3 <<"=Combine(3,2)"
6 Permutations 6 << "=Permute(3,2)"

FIGURE 3.9 Excel spreadsheet with custom functions.

Insert Function

Search for a function:

Type a brief desaription of what you want to do and then Go
dick Go —,

Or select a gategory: [User Defined =l
Select a function:

Permute

Combine(Variable,Choose)
No help available.

on this function [Tox ] can |

FIGURE 3.10 Insert function dialog box.

Function Arguments

Variable |3 =3
Choose |2 =2

=3

No help available.

Choose

Formula result = 3
Help on this function

FIGURE 3.11 Function arguments box.
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Public Function BlackScholesCall(Stock As Double, Strike As _
Double, Time As Double, Riskfree _
As Double, Volatility As Double) As Double

Dim D1 As Double, D2 As Double

D1 = (Log(Stock / Strike) + (Riskfree + 0.5 * Volatility ~2/2) * _
Time) / (Volatility * Sqr(Time))

D2 = D1 - Volatility * Sqr(Time)

BlackScholesCall = Stock * Application.NormSDist(D1) — Strike * _
Exp(-Time * Riskfree) * _
Application.NormSDist(D2)

End Function

Public Function BlackScholesPut(Stock As Double, Strike As _
Double Time As Double, Riskfree _

As Double Volatility As Double) As Double

Dim D1 As Double, D2 As Double

D1 = (Log(Stock / Strike) + (Riskfree — 0.5 * Volatility ~2/2) * _
Time) / (Volatility * Sqr(Time))

D2 = D1 - Volatility * Sqr(Time)

BlackScholesPut = Strike * Exp(-Time * Riskfree) * _
Application.NormSDist(-D2) — Stock * _
Application.NormSDist(-D1)

End Function

As an example, the function BlackScholesCall(100,100,1,5%,25%) results
in 12.32 and BlackScholesPut(100,100,1,5%,25%) results in 7.44. Note
that Log is a natural logarithm function in VBA and that Sqr is square root,
and make sure there is a space before the underscore in the code. The un-
derscore at the end of a line of code indicates the continuation of the line of
code on the next line.

Form Macros

Another type of automation is form macros. In Excel, select View | Toolbars
| Forms and the forms toolbar will appear. Click on the insert drop-list icon
as shown in Figure 3.12 and drag it into an area in the spreadsheet to insert
the drop list. Then create a drop-list table as seen in Figure 3.13 (cells B10
to D17). Point at the drop list and use the right mouse click to select Format
Control | Control. Enter the input range as cells C11 to C135, cell link at
C16, and five drop-down lines (Figure 3.14).

Ar QJFBER B s

FIGURE 3.12 Forms icon bar.



64 RISK EVALUATION

A B C D E F G
1
2
3
4
5
6 |M|:m1h|\‘ 'l
-
8 Drop Down List Table
9
10 Index Choices Value
11 1 Annually 1
12 2 Semiannually 2
13 3 Quarterly 4
14 4 Monthly 12
15 5 Weekly 52
16 Choice 4
17 Calculated 12 =VLOOKUP($C$16,5B511:3D%15,3)
18

FIGURE 3.13 Creating a drop-down box.

In Figure 3.13, the index column simply lists numbers 1 to 7, where # is
the total number of items in the drop-down list (in this example, # is 5).
Here, the index simply converts the items (annually, semiannually, quar-
terly, monthly, and weekly) into corresponding indexes. The choices column
in the input range is the named elements in the drop list. The value column
lists the variables associated with the choice (semiannually means there are
2 periods in a year, or monthly means there are 12 periods in a year). Cell

Format Object

Sze | Protecton | Propertes | web  Control |

Inputrange: [$C$11:6C$15 =]
Celllink: [$C$16 7|
Drop down lines: |5
W 3-D shading

FIGURE 3.14 Format object dialog box.
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C16 is the choice of the user selection; that is, if the user chooses monthly on
the drop list, cell C16 will become 4, and so forth, as it is linked to the drop
list in Figure 3.14. Cell C17 in Figure 3.13 is the equation

=VLookup($C$16,$B$11:$D$15, 3)

where the VLookup function will look up the value in cell C16 (the cell that
changes in value depending on the drop-list item chosen) with respect to the
first column in the area B11:D15, matches the corresponding row with the
same value as in cell C16, and returns the value in the third column (3). In
Figure 3.13, the value is 12. In other words, if the user chooses quarterly,
then cell C16 will be 3, and cell C17 will be 4. Clearly, in proper model
building, this entire table will be hidden somewhere out of the user’s sight
(placed in the extreme corners of the spreadsheet or in a distant corner and
its font color changed to match the background, making it disappear or
placed in a hidden worksheet). Only the drop list will be shown and the
models will link to cell C17 as an input parameter. This situation forces the
user to choose only from a list of predefined inputs and prevents any acci-
dental insertion of invalid inputs.

Navigational VBA Codes A simple macro to navigate to sheet “2. Analysis” is
shown here. This macro can be written in the VBA environment or recorded
in the Tools | Macros | Record New Macro, then perform the relevant navi-
gational actions (i.e., clicking on the “2. Analysis” sheet and hitting the stop
recording button), return to the VBA environment, and open up the newly
recorded macro.

Sub MoveToSheet2()
Sheets(“2. Analysis™).Select
End Sub

However, if custom views (View | Cus