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The purpose of this framework is 
twofold. First, we aim to provide 
a tool for better understanding the 
risks that sit within the traditional 

tools and techniques of portfolio manage-
ment used by practitioners. Second, we aim 
to provide a framework for ascertaining 
which portfolio management inputs are the 
most sensitive to errors—and thus require 
the most attention from the practitioner. 
Investors are, after all, busy people with many 
items requiring their attention. Knowing, 
therefore, which items take priority and 
which are not as pressing is useful.

From here, we will discuss the theo-
retical background on which we base our 
analysis. After the background, we will lay 
out the framework itself, and finally we will 
discuss the implications for portfolio man-
agement in a goals-based setting.

SOME BACKGROUND

The theoretical framework under 
which we operate is heavily drawn from 
the work on nonlinear risk done by Taleb 
[2009] and Taleb and Douady [2013]. 
In summary, the concepts that inform our 
work are fairly simple, even if their applica-
tion is more complex.

Most importantly, we have learned 
that the harm caused by wrongness is not 
linear; that is, being more wrong can create 

exponentially greater harm. For example, 
not stopping at a stop sign and having an 
accident while traveling at 20 miles per 
hour is exponentially less harmful than not 
stopping while traveling at 40 miles per 
hour. The first instance will create an insur-
ance claim, whereas the second will lead to 
a hospital visit. This is exponential harm 
resulting from linear wrongness—the harm 
being the insurance claim versus the hospital 
visit, and the wrongness being the traveling 
speed while not stopping.

In addition, the amount of harm caused 
by wrongness is not distributed equally 
across all variables. Furthering our stop sign 
example, there is an exponential difference 
between the harm caused by traveling faster 
and the harm caused by the type of vehicle. 
The driver of a motorcycle traveling at 
40 miles per hour incurs exponentially more 
harm than the driver of an SUV traveling the 
same speed. Ultimately, which variable we 
get wrong and by how much we get it wrong 
are serious factors in portfolio management. 
The obvious challenge faced by practitioners 
is that we know future estimates are wrong, 
whether they involve covariance inaccuracies 
leading to miscalculations of future portfolio 
variance (Michaud and Michaud [2008]), 
expected asset returns aggregating into 
miscalculations of future portfolio returns 
(Ilmanen [2013]), or misjudgement of inf la-
tion outlooks leading to a miscalculation 
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of future value requirements (Bryan, Cecchetti, and 
Wiggins [1997]).

Furthermore, when managing money, agents have 
to worry not just about their mandate but also their 
perception. Money managers, after all, face the ongoing 
presence of the principal–agent problem (Grossman and 
Hart [1983]). Furthermore, whenever a mandate has 
either a time requirement or required future funding 
outlay (i.e., a goal), that mandate is subject to added 
risks, such as the time-dependent dynamics of loss-
tolerance (see Parker [2014, 2016]) and the unreliability 
of the law of large numbers to act in favor of a goal-based 
investor (Bhansali [2014]).

More importantly, on a relative basis, which risks 
should goal-based practitioners worry about? Is port-
folio variance of greatest concern? To dig deeper into 
what keeps the practitioner up at night: How concerned 
should one be about incorrectly estimating the portfo-
lio’s future variance, return expectation, and so on? We 
must, after all, estimate these things. What is the cost of 
being wrong? With limited staff, time, and resources, 
which problems should we focus on solving?

Seeking to clarify these questions, we turn to the 
theory of nonlinear risk. Following the heuristic pro-
posed by Taleb et al. [2012] and Taleb [2012], the basic 
concept under which we operate is as follows:

1. We do not need to know the exact function that 
describes future outcomes. Any function is subject 
to model error and thus is wrong.

2. Rather than attempt to build a hypothetically 
“accurate” model to stress-test across variables 
(which we know would be wrong), we can use 
any model that describes the future—however 
inaccurately—so long as we can compare the harm 
incurred across various levels of wrongness.

3. We can assess risk sensitivities by comparing these 
outcomes.

BUILDING A BROKEN RULER

Before we can measure anything, we need a 
ruler. As an immense relief, our ruler does not need 
to be accurate because we are not trying to measure 
anything in an absolute sense. Rather, we simply need a 
consistent point of reference to recognize the extremity 
of the aggregate changes wrought by the test variables. 

As Taleb and Douady [2013] put it: “a wrong ruler will 
not measure the height of a child; but it can certainly 
tell us if he is growing.” We want to see how quickly 
portfolio risk grows based on the possible wrongness of 
an estimation.

The concept behind our ruler is very basic. We can 
define a future minimum wealth value as F. We can then 
build a model of how we get from the portfolio’s present 
value, P, to the future value in a baseline scenario (which 
is what the carrot-top represents), F̂. By running the 
model through a Monte Carlo process and counting the 
number of successful trials versus the number of unsuc-
cessful trials, we can calculate the baseline probability 
of achieving the future goal.

Once we have an understanding of the baseline 
probability, we can then change each variable as a rep-
resentation of possible wrongness, re-run the Monte 
Carlo process, and compare the change in goal achieve-
ment probability. As the changes in probability from 
the baseline affect an outcome, we can then determine 
which variables are of most concern. Remember, we are 
looking for exponential harm from linear wrongness as 
an indicator of fragility.

Our model is built with the inverse probability 
density function (PDF-) and a stochastic Monte Carlo 
process. There are clear problems when modeling future 
returns and risk using the PDF- (see Behr and Potter 
[2009]; Aparicio and Estrada [2001]), but as we have 
discussed, we do not need an accurate model, we simply 
need a model; the absolute results are not important, 
only the relative results. To that end, the PDF- is a good 
shortcut.

We model our baseline future value as
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where Fj
 is the future value of the portfolio at moment j, t 

is the number of years until the required funding outlay, 
m is the expected return of the portfolio, s is the stan-
dard deviation of the portfolio, ( )Φ ⋅−  is PDF-, ei is the 
stochastic variable at a given time index defined as i, 
and P is the present value of the portfolio. In short, this 
process simulates the life of a portfolio, starting at the 
present value and ending at some number of years in 
the future. Each time period is generated by pulling a 
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randomly selected percentile return from the normal 
distribution, then applying that aggregate growth factor 
to the present value of the portfolio.

By aggregating the stochastic process described by 
Equation (1) into a Monte Carlo process (by setting J, 
the total number of trials, equal to some convergence 
number), we can assess the probability of meeting our 
future goal by counting the number of trials that at least 
equal our required future value and dividing by the total 
number of trials simulated. Illustrated mathematically,

 

( )
1

.V F F

J
j

j J

j req
 ≥

=

=

 
(2)

where Freq. is the required future value to achieve a goal, 
J is the total number of moments simulated, and the 
V ( )⋅  function counts the number of moments that meet 
the parenthetical requirement. This formula returns the 
probability of the simulated final wealth value meeting 
or exceeding the specified required value. 

After generating the baseline probability, we can 
then change each variable in turn and measure the 
change in probability using the same process described 
earlier. In short, the variable with the most impact on the 
probability of achieving the funding outlay is the variable 
to which the portfolio is most sensitive and error-prone. 
Within this context, we define wrongness as the nega-
tive change from the baseline and harm as the change in 
probability of reaching the minimum wealth level (more 
harm means less probability of achieving the funding 
requirement). Note also that, in an effort to keep an 
apples-to-apples comparison, we have adjusted the vari-
ables by the same percentage rather than by various indi-
vidual levels. For example, when adjusting the possible 
future value by 10%, we have adjusted all variables by 
10% and then compared the outcomes of each variable 
change with the baseline and also with each other.

ILLUSTRATIVE RESULTS

Now that we have built the ruler, we can measure 
the changes in outcome across different variables. We 
have attempted to maintain generality so that these 
results are cross-applicable to various individual goal-
based situations. Remember, the absolute values are 
not important (because we know they are wrong). 
Rather, we are concerned with the values relative to 

one another and the shape of the “harmfulness” curve. 
Of concern is how quickly errors in the model com-
pound because the errors with accelerating harmfulness 
are those that represent the most risk to a portfolio. 
Nonlinear harms caused by linear wrongness pose the 
greatest threats.

Comparing the harmfulness of “wrong” variables, 
we find the following:

• Wrongness of present value creates, by far, the 
most harm for being wrong (56 times the baseline 
scenario).

• Wrongness of future value comes in second, creating 
five times more harm than the baseline.

• Wrongness of time until a goal is third, with two 
times more harm than the baseline.

• Wrongness of average return rounds out fourth place, 
with two times more harm than the baseline.

• Wrongness of variance is last, with a mere 10% 
(1.1 times) more harm compared to the baseline.

Exhibit 1 illustrates the harm caused by the various 
wrongness of the variables just listed. The horizontal 
axis is the wrongness of the variable; the vertical axis 
measures how much harm that wrongness causes, as 
measured by the probability of achieving the funding 
requirement. From this analysis, we can draw some 
interesting conclusions.

First, it is clear that changing levels of current port-
folio values have the most dramatic effects on funding 
achievement. One implication of this result is that the 
double-dedication of assets can be troublesome. It is not 
uncommon in goal-oriented settings to dedicate one 
mental account (Thaler [1985]) to multiple purposes. 
Perhaps an investor has an account dedicated to a legacy 
goal but has a tendency to take withdrawals from the 
account to fund family vacations. Although family vaca-
tions may be a legitimate goal, there is extraordinary 
risk to the specified goal when the assets are double-
dedicated in this manner. By drawing down the account 
balance, the investor has introduced wrongness into our 
calculations of present value, and that wrongness creates 
exponential harm.

Second, factors that affect future funding 
calculations (i.e. the required future value) are critical. 
Beyond simply calculating funding requirements, 
practitioners should be deeply concerned with their 
inf lation projections because these will greatly inf luence 
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the calculation of the final funding requirement. As our 
analysis shows, errors in our future value calculations 
can wreak havoc on portfolio management objectives. 
This makes sense when we think it out: a small differ-
ence between projected inf lation and realized inf lation 
gets compounded over the course of time. We can think 
of this mathematically:

 
[ (1 ) ]

1
∑∆ = +







− +
=

=

W w w R w r
n

n N

n
N

 
(3)

where ∆W is the change in the required minimum 
wealth level in future dollars, w is the required min-
imum wealth level in current dollars, Rn is the realized 
rate of inf lation in a given year, N is the number of 
years projected and realized, and r is the projected rate 
of inf lation. Exhibit 2 illustrates the various levels of 
inf lation misestimation and their effects on final wealth 
calculations, as defined by Equation (3). 

If the practitioner underestimates inf lation by an 
average of one percentage point per year, then the final 
wealth value is underfunded by 7%. A two percentage 
point underestimation puts the final wealth value a firm 
19% below where it needs to be. Note the exponential 
harm caused by linear wrongness (2.7 times more harm 

incurred from only 2 times more wrongness). Given 
the already exponential nature of harm caused by the 
wrongness of future value calculations (illustrated by 
Exhibit 1), it becomes very clear that this is an estima-
tion that we need to get as right as possible! The potent 
role of inf lation was also pointed out by Brunel [2011]. 
Additionally, this discussion illuminates a possible need 
for portfolio corrections due to inf lation misestimations. 
That is, as realized inf lation deviates from projected 
inf lation, it may be reasonable for the practitioner to 
make allocation adjustments to correct for those mises-
timations. Of course, very often asset prices are linked 
to inf lation (Brunel [2015]), so the portfolio may self-
correct, but there are examples of that not necessarily 
being the case. A deeper study into these ideas might be 
a fruitful area of further research. 

Third, portfolio return forecasts are of mid-tier 
importance. Although they certainly affect long-term 
outcomes, they are only about half as important as 
accurately forecasting required future values and are 
on par with changes in the time until a funding outlay. 
This is somewhat surprising because return forecasts 
are usually of primary importance to practitioners, 
consuming the time, resources, and thought energy of 
their teams. On a relative basis, however, it would seem 

e x h i b i t  1
Effects of Various Levels of Wrongness on Outcomes
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that accurately projecting inf lation seems to provide 
much more “bang for your buck” when a future goal 
is at stake.

Finally, shockingly, portfolio variance is of very 
small importance in the overall achievement of a funding 
outlay. Why shocking? Much ink has been spilled on 
minimizing portfolio variance—alternate optimization 
strategies have been overwhelmingly discussed in the 
literature. Yet, comparatively, this is a small issue in 
portfolio management, although “small issue” may also 
be a relative term because we also know that variance 
is magnified by the proximity to a goal (Parker [2014]). 
We can understand this relative nature mathematically 
because the growth factor of a portfolio increases expo-
nentially with time, whereas the risk factor increases 
with the square root of time:

 

r
t

t(1 )+
σ  

(4)

where t is the number of years in the future, r is the 
average return, and s is the standard deviation of 
returns. Exhibit 3 shows how the reward-to-risk trade-
 off changes with regard to the number of years until a 
goal. We can clearly see that the most critical years are 
years two through seven or so. In those years, a goal-
based investor is getting the least reward for risk, simply 
because the growth factor grows more slowly than the 
risk factor. Remember, xy  grows faster in the begin-
ning and slower at the end, whereas xy grows faster in 
the end but slower in the beginning. That relationship 
is important for a goals-based investor to keep in mind.

We have shown that practitioners should be very 
concerned with getting their future value calculations 
right. Common practice may be to off-handedly esti-
mate inf lation figures, but in fact, inf lation calculations 
may be the most critical assumption we make when 
managing a goals-based portfolio. Variance is of least 
concern in goal-based portfolio management. This may 
be partly why the so-called 1/N portfolio performs so 

e x h i b i t  2
Effects of Inflation Misestimation on Final Wealth Value
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well in out-of-sample tests when compared to mean–
variance optimized portfolios (DeMiguel et al. [2009]).

Of course, practitioners have secondary concerns. 
We are, after all, judged by a benchmark of some kind. 
In a risk-adjusted comparison, risk is defined as vari-
ance. It is rational, in a capital-agent environment, for 
the agent to be most concerned with the two factors that 
go into that calculation: return and variance. We have 
shown, however, that these attributes are not the most 
efficient first focus for invested capital.

We should, however, clarify at this point. We are 
not arguing here that inf lation is the only variable of 
importance to a practitioner. Rather, we want to cau-
tion practitioners against using a default or off-handed 
figure for such a critical variable. It is worth the time 
and energy of investment teams to get a future value 
calculation as right as possible—even if that is done at 
the expense of portfolio variance or return forecasts. 
Furthermore, as mentioned before, it may be prudent 
to include a mechanism to correct for natural inf lation 
misestimates in a goal-based portfolio management pro-
cess, although this has not yet been introduced in the 
literature.

For practitioners concerned with creating robust 
goal-oriented portfolios, applying time and energy to 
the most fragile areas of portfolio management is a good 
use of resources. In sum, we find that practitioners (and 
their capital) are most rationally served first by dedi-
cating time and resources to first understanding their 
current position and mandate for those assets; second 
by honing the accuracy of their future required values 
(including accurately calculating inf lation estimations); 
third by accurately calculating their expected returns 
and funding timeline; and last by accurately estimating 
their portfolio variance.
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