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The financial services industry has been creating capital market assumptions for various purposes (mostly
for mean variance optimization) for many years. The approaches utilized and the premises supporting

the resulting assumptions, as well as the results that are generated, vary widely dependent on numerous
factors. Are the assumptions based on the premise that one can forecast the future? Are they backward
looking using only history as a guide? Are they built as a hybrid using history as a forecasting compass for
a future assumption of mean reversion? Are they a hybrid that is modified downward to “be conservative”
in the assumptions?

Regardless of the premises supporting the approach, it is absolutely critical that the capital market
assumptions one creates for use in whatever system, be it mean variance optimization or Monte Carlo,
have the effect of modeling what it is we are intending to model. While that statement is obvious, there is
often a wide gap between how assumptions are built, and what effect those mputs have in our models.

In any mathematical model the assumptions are the instruction set telling the calculation engine what we
want it to calculate. Math engines are not intelligent and they stupidly calculate (with the beauty of math-
ematical precision) exactly what you tell them to calculate. The precision of the results often lulls us into
a false sense of security that we have done a thorough analysis, while completely forgetting that the math
engine analyzed nothing and only did what it was told.

The math engines we use do not have the ability to warn you that your assumptions are erroneous, or
even stupid. Whether your assumptions make sense and are modeling what you intended is a judgment
call and the math engine exercises no judgment. It is your responsibility to evaluate whether the instruc-
tions you gave the engine model what you intended. If you instruct such math engines that money stuffed
in a mattress will out-perform stocks and bonds for the next forty years, these engines naively comply and
model exactly what you instructed them to model...usually to several decimal points.

When powerful new modeling tools become available we are often excited about the potential information
they would enable us to discover. What they enable us to analyze was complex, but with the newfound
power of the engine, it is easy. All we need to do is give them the right instructions, and these engines will
produce this new information for us. Except, coming up with the right instructions is often far more dif-
ficult than actually creating the mathematics to crunch the instructions.

Regardless of the tool and your premises about how you are creating assumptions, it is absolutely critical
that you evaluate whether the instructions you give the tool are modeling what you intended to model.

Monte Carlo is one of the greatest advancements in financial services because it enables us to potentially
model uncertainty. It will have utility in many areas beyond financial and retirement planning as it is most
commonly used today. No doubt, the power of this math engine will be applied in all sorts of new ways,
from modeling the uncertainty of life spans, concentration risk, estate taxes and even whether one should
exercise their stock options.

While Monte Carlo has all of this potential, for us to realize the benefits of this potential we must be sure
the results we are getting from the engine are placed in the context of what we were attempting to model.
There is no useful information provided by simulating 30,000 years of investing if the results of those
simulations are completely unreal, either too aggressive or too conservative. Such results either put clients
at too great of a risk of failing to achieve their financial goals, or if too conservative will cause them to
make unnecessary sacrifices to the only life they have. Both of these violate key premises of Wealthcare,
our revolutionary advisory process.
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This balance of making sure assumptions produce results that are not either too aggressive or too con-
servative is extraordinarily delicate. The implications of being wrong (or even worse being negligent

in whether we validated the reasonableness of the results) are far reaching. If our assumptions are too
aggressive and are broadly applied, many investors will fail to meet their financial goals while if they are
too conservative we will be needlessly sacrificing the financial lives of many people.

How can one tell whether the results the engine produced (based on our instructions) balance this deli-
cate scale? That is completely dependent on what it is we are intending to model. If you believe, as
Financeware does, that one of the greatest uses of Monte Carlo is the potential ability to model the
fundamental nature of the capital markets in the context of history and stress test markets that have not
yet but might occur, while measuring the confidence or uncertainty for an investor’s lifetime package of
financial goals, then it is critical that we evaluate whether our inputs produce results that model this.

Unfortunately for most investors, poorly designed inputs are NOT producing this result although it is
generally the context of how the analysis that was done for them is described. This is misleading inves-
tors. Sometimes it is caused by using the wrong premises (like mixing an assumption of mean rever-
sion or a market forecast for the next ten years into the inputs to Monte Carlo) and sometimes it is an
attempt to be conservative to provide additional “safety” (at the price of one’s only life).

Most of this is due to putting square pegs in round holes. Building square assumptions for a current asset
allocation based on thorough analysis of market trends (a premise of certainty) does NOT fit well into
the round hole of the uncertainty in historical context of what may occur. Reducing our return assump-
tions in the context of a tool that only models a flat return assumption and ignores uncertainty, has a
devastating impact when applied in a model that exploits uncertainty.

Methods of Building Capital Market Assumptions

Perhaps the most common method of building capital market assumptions is simply using the average
return and risk for the longest period for which we have data. On the surface, this sounds like a reason-
able approach. After all, we can’t do any better than using all the data we have...or can we?

When examined a little bit more thoroughly, this over-simplified approach can produce results contra-
dicting the intent of our analysis. We are letting data drive our decision and if we don’t validate if the
results are in alignment with our intent, we can end up with completely misleading results.

Extuibit 1 - Traling Large Cap Returns Through 2001 (Source: Center for Research of Security Prices, top
two deciles of market cap)

Trailing Mean Return Risk

Period (Standard Deviation)
5Years |12.70% 20.93%

20 Years | 16.02% 17.78%

40 Years |11.72% 16.67%

60 Years | 13.42% 15.84%

75 Years | 11.92% 20.50%
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In Exhibit 1, we can see how sensitive the risk and returns are based on trailing data. Are longer periods
“better”? Is the 20-year data “better” than the 5-year data? Is the 60-year data better than the 40-year
data?

Since we are trying to address building capital market assumptions for use in modeling the context of
history in Monte Carlo simulations, maybe we should compare history to what happens when we use a
trailing period as our instructions for simulation.

Exhibit 2- Comparison of all hustory to sumulation results using trailing risk & return — (30-year periods using monthly
data —30-year geometric mean returns - source: Center for Research of Security Prices, top two deciles of market cap)

Result for simulation based on trailing return & risk
Historical |5 Years 20 Years 40 Years 60 Years 75 Years

0% (Best) 14.29%] 21.89% 24.09% 19.32%  20.74% 20.94%

100% (Worst) 717% -3.04% 2.69% -0.77% 1.60% -3.49%

In Exhibat 2, the first thing we notice is that the simulated range of returns is much wider than actual
historical results. This is what we would expect since we are running 1,000 30-year trials for a total of
30,000 years of investing,

The basic idea of what we can do with Monte Carlo is simulate things that have yet to occur, but have
some chance of occurring. In 1980, after several years of a flat market, we never would have expected
the next twenty years would be better than any market seen up to that point. Likewise, at the peak of

the tech bubble, it was difficult to see the potential for a three-year bear market, the likes of which we
haven’t seen in years. Although these sorts of markets were not “planned for,” Monte Carlo “stress-test-
ing” told us there was a probability that they could occur. Monte Carlo could not forecast that these envi-
ronments would occur, only that there was a chance that they might occur.

The best and worst results are more extreme, but one should understand there is only a 1 in 1000 chance
that the best or worst simulated results would be realized. Our limited historical data falls in-between the
extremes of the simulated ranges, constrained by the reality that we only have 76 years of data and what
might happen over 30,000 years would obviously have greater extremes. Think of it as if you flipped a
coin 76 times and then flipped it 30,000 times. The odds of getting 10 heads in a row by flipping the
coln 76 times is remote, while you would almost certainly get 10 heads in a row at some point if you
flipped the coin 30,000 times.

In looking at the extremes in Exfzbit 2 with the knowledge the extremes will be wider with Monte Carlo,
it 1s difficult to ascertain which trailing period might more realistically model the potential future based
in historical context. Which period models the extremes correctly? Is it the worst case, 1 in 1000 chance,
lowest return of —3.0% a year as shown in the trailing 5-year data, -3.5% as shown in the trailing 75-year
data, or +2.7% as in the trailing 20-year data? Or, might it be none of them?

How much more extreme should the range be? Where do the results fall within the extremes since the
best and worst are only a 1 in 1000 chance, which no one should plan their life around? Here is where
we start to see the impact of why we cannot blindly use “the last however long time period.”
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Exhibit 5- Comparison of all hustory to simulation results using tratling risk & return — (30-year periods using
monthly data —30-year geometric mean returns - source: Center for Research of Security Prices, top two deciles

of market cap)

Result for simulation based on trailing return & risk
Historical 5 Years 20 Years 40 Years 60 Years 75 Years
0% (Best) 14.29% 21.89% 24.09%  19.32% 20.74%  20.94%
5th %tile 12.94% 17.28%  20.19%  15.67% 17.28%  16.43%
25th %tile 11.69%|  13.04% _ 16.59%  12.20%[ __14.07%] 12.28%
50% (Median) 10.18% 10.63%| 14.53% 10.36% 12.23% 9.92%
75th %tile 9.58% 8.18%| 12.43% 8.38% 10.35% 7.52%
95th %tile 8.01% 4.85% 9.55% 5.68% 7.77% 4.25%
100% (Worst) 717% -3.04% 2.69% -0.77% 1.60% -3.49%
Average 11.99% 12.43% 15.81%  11.52% 13.27%  11.66%

In Exhibit 3 we examine where historical results fall relative to our simulated results and we can start to
assess whether our assumptions were modeling the nature of history as we intended. Now, we know that
we are modeling broader extremes, so where a particular historical result will fall should not match the
simulated probability precisely. But, was it our intent to simulate over 50% of all market environments
will do better than the best of actual historical periods? If that were the intent, then the trailing 20-years
would be appropriate for our assumptions. Compare the “best” historical result to the results of the trail-
ing 20-years. A simulation run based on the trailing 20-year data as inputs, is instructing the simulation
engine to model a future with a probability that over half the time the market will do better than it ever
had in the past. A little less extreme is the results from a simulation based on the trailing 60-years which
projects that nearly 25% of all future markets will be better than the best the market has ever done.
Using the trailing 20-years as inputs causes us to simulate approximately 70% of our trials being better
than the top 5% of historical results. Was this what we intended to model?

In Exhibit 4 we examine the average and lower range of historical results and where they fall relative to
our simulations.

Exhibit 4- Comparison of all history to simulation results using trailing risk & return — (30-year periods using
monthly data —30-year geomelric mean returns and mean of all returns - source: Center for Research of Security
Prices, top two deciles of market cap)

Result for simulation based on trailing return & risk
Historical 5 Years 20 Years 40 Years 60 Years 75 Years
0% (Best) 14.29% 21.89%  24.09% 19.32% 20.74%  20.94%
5th %tile 12.94% 17.28%  20.19% 15.67% 17.28%  16.43%
25th %tile 11.69% 13.04%  16.59% 12.29% 14.07%  12.28%
50% (Median) 10.18% 10.63% 14.53% 10.36% 12.23% 9.92%
75th %tile 9.58% 8.18%  12.43% 8.38% 10.35% 7.52%
95th %tile 8.01% 4.85% 9.55% 5.68% 7.77% 4.25%
100% (Worst) 7.17% -3.04% 2.69% -0.77% 1.60% -3.49%
Average 11.99% 12.43%| 15.81% I 11.52%| 13.27% I 11.66%

In Exfubit 4 we examine the worst historical return of 7.17% and see that the simulation results based on
trailing 75-year data, model a future where the likelihood of markets doing worse than they ever have is
nearly 1 in 4 (the 75 th %tile). Also notice how much the simulated averages vary relative to history. With
30,000 years of data we might expect some small difference in simulations versus actual history. But, by
blindly using trailing data, we can see that it may cause us to be off by more than 300 basis points!
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The fact 1s that ANY “trailing period” can be skewed simply by the population of returns making up the
trailing period. If there is an extra bull market as in the last 60-years of data, our numbers are skewed

upwards and we end up modeling overly optimistic results, at least in the context of history. If this 1s our
intent, that is fine, but if we are describing our analysis as evaluating the probability of what might hap-
pen based on the historical nature of the markets, we are doing nothing other than misleading the client.

In some cases the average return may be reasonable for a trailing period (as in the trailing 75-year data)
but the risk may be higher or lower, which has similar unintended consequences exposed by evaluating
the geometric mean which is a function of both mean return and standard deviation.

While we may feel as though long periods (like 30-years) should be “close enough and average out,” in
reality we can casily see, simply by examining the data, that there is a wide and volatile range of results
that can quickly change even with long periods.

Exhibit 5 - Rolling 30-year mean and geometric mean for large cap stocks - (source: Cenler for Research of
Security Prices, top two deciles of market cap)

Rolling 30 Year Mean and Geometric Mean Returns - Large Cap Stocks
(Monthly Data - Top 2 Deciles - Center for Research in Security Prices)
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Exhibit 5 shows us that our assumption that “things average out” over the long term may be true relative
to the extreme volatility of one-year returns, but still can be far more volatile than we presume, which is
one more reason we should use Monte Carlo.

Changes In Capital Market Assumptions Should Be Rare

In the case of Monte Carlo simulation, if we did an exceptional job of creating our capital market
assumptions, they should rarely if ever change unless there i1s a fundamental reason the markets have
changed. Unfortunately, many have become so accustomed to using trailing returns (which invari-

ably change each year with the addition of a single data point) that they actually expect capital market
assumptions to change each year. Well-designed assumptions should model the nature of historical mar-
kets. Any method of building capital market assumptions that would cause them to materially change
based on one additional year of data is critically flawed. A single data point is the random occurrence we
model in Monte Carlo. If our method of building assumptions permits one data point to have this effect,
we are randomly building our assumptions.
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We see how volatile the 30-year mean returns are in Ex/ubit 5. Is it rational to assume that simply because
a year has passed, that simply because we had a really good year, our assumption for the nature of mar-
kets going forward should be dramatically higher? Of course not. Yet if we change our assumption based
on each new year of data, we are doing exactly that. If a return happened that falls outside of the range
of what we expect, that might be time to reconsider. It is pretty hard to see any of the returns the market
has produced to date as being outside of what one would statistically estimate.

It may be helpful to explain a few other points here. Some of you may be wondering why we used the
top two deciles of the NYSE as provided by the Center for Research in Security Prices as opposed to the
more widely used Ibbotson Large Cap/S&P500 data. There are a few basic reasons for this.

It 1s little known, but 1s disclosed, that the Ibbotson Large Cap data does not represent the S&P500 prior
to 1957 since it did not exist. All of the Ibbotson Large Cap data, prior to 1957, represents the S&P90.
Also, while the index is generally accepted as a “passive” representation of large cap stocks, in addition
to the change from 90 to 500 stocks in 1957, the index had a fixed composition of 400 industrial com-
panies, 20 transportation, 40 financial and 40 utility companies, which was changed in the mid 1980s.

It is managed by committee and as much as 10% or more of the stocks can change in any one year.
Sometimes this is due to mergers and acquisitions (a new stock has to be added to keep the count at 500
stocks) and sometimes this is due to performance.

Finally, while the low turnover, fundamental index construction and basic committee decisions may be a
statistical “nit,” we feel the data is not completely objective for these reasons and may be why the num-
bers are consistently higher both in terms of return and risk. Whether evaluated from a trailing geomet-
ric mean, rolling 10-year periods or simple average, the returns and risk are higher than a completely
unbiased index. Even the maker of this index acknowledges the “list effect” as positively impacting the
performance of the index. (See the paper by David M. Blitzer, PhD entitled “The S&P500” presented on
March 26 th , 2001).

For these reasons we have decided that a passive, unbiased and objective approach may be more repre-
sentative of the fundamental nature of the markets as opposed to markets influenced by human effect.
We are changing our official capital market assumptions from the Ibbotson data originally used as our
basis so that we may correct for this influence. Our reputation should permit us to expand beyond what
was popular when we first started our company. Although the statistical difference is small, it none-the-
less appears to exist.

What Asset Classes Should We Simulate?

On this topic we have written many other papers that cover in greater detail what makes an “asset class”
and what may be an attempt at false precision that ends up increasing estimation error rather than
reducing it. (Visit http://www.financeware.com/advisors/whitepapers.asp for more information.) When
it comes to segmenting portfolios by market capitalization, one should realize that stocks are stocks and
the market weights them on their relative value. Any specific allocation to small, mid or micro cap stocks
that is not based on the relative market weight should be understood as a bet against the nature of the
markets.

In the case of foreign or domestic stocks, there is no fundamental reason why stocks with headquarters
in Germany or Japan should be expected to perform better or worse than any stock with headquarters in
the USA. Not that they don’t... they do just as each stock in the USA performs differently than another.
The element that makes foreign stocks different from domestic stocks is the introduction of additional
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risk, due to currency and potentially political risk, with some amount of compensation for this risk in
the form of lower correlation and potentially more localized economic trends. From the perspective of
applying Monte Carlo, we believe it would be unwise to make specific assumptions about returns, and
mstead focus on the fundamental impact of additional risk and diversification. Together, we suspect the
impact is not statistically significant relative to the other assumptions being made and if one attempts to
model foreign stocks, they should not produce a material difference as a bet against the nature of stocks
in general. The data to prove this does not yet exist, but the rationale is sound as it is based on not bet-
ting against the nature of the market in general.

In the case of “style” analysis, we really have a case of the tail wagging the dog. A little common sense
here goes a long way toward making better decisions. For example, what makes up the universe of large
cap stocks? Most style analysis starts with a passive index of a diversified market as a whole, and splits it
in two (normally based on price-to-book ratio). Did I create anything new by doing this? I just took the
whole, and split it in half. When combined, what do they equal? The whole. If T have the whole, what do
I have? I have the sum the two halves, or...the whole.

Style segmentation is a fairly recent fad generated by excitement about mean variance optimization. Of
course, the two halves will not independently perform the same as the whole and there appears to be
some fundamental differences, but only because we created them. By intentionally splitting the universe,
we find that value will yield more, growth will yield less, etc. Attempting to model the nature of growth
and value stocks 1s fraught with problems about not having enough data, similar to speculation about
returns in foreign stocks. Exfbit 6 shows how small the impact 1s using all available data.

Exhubit 6 — Comparison of simulation results for large cap and large cap growth & value (23-years ending
2001).

Comparison of 30 Year Geometric Mean Simulated Returns
Using Longest Common Historical Period for Risk & Return Assumption

30%

25% [—

20% | -

15% 1 — — =

10% 1| - — — —

5% 1 — i i —

0% (Best) 5th %tile 25th %tile 50% (Median) 75th %tile 95th %tile 100% (Worst)

\n 50/50 Growth & Value m 100% Large Cap 0 100% Growth 0 100% Value \

Maybe you perceive some material differences in this data, but to me these results are about the same.
What is worse though is in our attempt to fine-tune our accuracy by splitting the whole into halves, we
are limiting the data we have available. Perhaps before we leap to the decision that the small differences
shown in Exhbit 6 are enhancing our precision, we should evaluate whether limiting our view of data
to the last 23 years (remember the trailing return problems we exposed?) is fundamentally causing us to
model something we had no intention of modeling.
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LExhubit 7 — Comparison of simulation results for large cap and large cap growth & value (23-years ending
2001) to all 30-year periods based on monthly data to 1926.

Comparison of 30 Year Geometric Mean Simulated Returns to
Actual Historical Results from 1926
Using Longest Common Historical Period for Risk & Return Assumption
30%

25% 1~

20% 1+

15% -

10% H

5% -

0%

0% (Best) | 5th %tile | 25th %file (Mi(z/;n) 75th %tile | 95th %tile (xg:g)

@50/50 Growth & Value 24.72% 20.75% 17.08% 14.99% 12.85% 9.93% 2.96%
m100% Large Cap 23.94% 20.05% 16.45% 14.40% 12.30% 9.43% 2.58%
0 100% Growth 26.46% 21.73% 17.38% 14.91% 12.39% 8.96% 0.85%
0 100% Value 23.71% 20.10% 16.75% 14.84% 12.88% 10.20% 3.78%
m Large Cap Using All History | | 14.29% | [12.94% | 11.69% 10.18% 9.58% 8.01% 7.17%

Are we modeling what we intended? We know the “best” simulated results should be better than the best
of history and the “worst” should be worse, based on the number of years we are simulating, In Exhzbit
7 though, notice how our simulated results had nearly 75% of our trials doing better than the top 5% of
all historical results. Is this additional precision? Did we really want half of the trials to be better than
THE BEST history had ever produced?

While we do not object to modeling growth and value per se, and we create capital market assumptions
for them (which happen to be similar to their large cap index of which they each make up half), we must
make sure that when we make such attempts we don’t blindly let the data cause us to model something
we had no intention of modeling.

Conservatism, Mean Reversion and Forecasted Capital Market Assumptions

So far we have analyzed how we need to be cautious about using trailing returns, changing our assump-
tions each year because of one year of data, and focusing on a tree (growth or value) while ignoring the
forest. Do these if you wish, but in so doing make sure you validate whether the results are modeling
what you intended.

The recent bear market has made it popular for advisors to complain about “return assumptions being
too high,” It is rather ironic that many of those currently suggesting our assumptions are too high, just
four or five years ago complained the assumptions were too low. Well-designed capital market assump-
tions should not change if they are designed to model the nature of the capital markets. While it may be
easier to sell lower return assumptions when the markets are declining, and...it appeared as if we were
overly conservative in our assumptions when the markets were roaring, the return assumptions should fall
near the middle of the range of results, and should stay there. Our simulation will take care of modeling
both higher and lower results, along with their probability, if our assumptions model the nature of capi-

tal markets.
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Monte Carlo is about modeling uncertainty, and just as oil and water do not mix, taking certainty (mean
reversion or forecasts) and mixing that into a model designed to measure uncertainty can have severe,
unintended consequences. While there may be some brilliant forecasters out there, their forecasts serve
little purpose when what we are trying to understand is the odds of them being wrong. Mean reversion,
by the way; is just another form of forecasting. Monte Carlo will model some periods of mean reversion,
albeit randomly as they really occur. Trying to influence the results of Monte Carlo by inputting a mean
reversion assumption is in essence double counting the impact and the likelihood of the effect.

Finally, the same holds true for something we normally view as a positive...conservatism. If we do all this
analysis, and we test the results to make sure they fall properly in the context of history as Financeware
does, wouldn’t it be a good idea if we just lowered the returns somewhat to “be safe?”

If you think about it, this is really just the opposite side of the same coin as we discovered by letting data
drive our decisions causing us to simulate 75% of the trials as being better than the top 5% of history.

If our intuition is right on this, being conservative should produce results that are far more pessimistic
than we intend. The problem with this is opposite of the overstating of results, which causes clients to
have false expectations about how confident they could be, thereby encouraging them to spend more
than they should. Conservatism in the inputs instead has the consequence of needlessly sacrificing the
only life our client has. To us, both should be considered criminal.

LExhibit 8 — Comparison of simulation results for large cap based on Financeware recommended assumptions,
actual history and modeling lower returns, and/or higher and lower risk.

Comparison of 30 Year Geometric Mean Simulated Returns
Effect of moderately lowering return and/or increasing risk
20% 7
15%
10% 1
5%
0% 1
5% 50% 100%
o o/t ot ° o4 til o til °
0% (Best) 5th %tile 25th %tile (Median) 75th %tile 95th %tile (Worst)
O Financeware Large | 20.58% 16.54% 12.82% 10699 8.53% 5.57% -1.47%
B Mean Reversion 19.28% 14.78% 10.66% 8.31% 5.93% 2.68% -5.00%
O Forecast 16.78% 13.19% 9.87% 7.97% 6.04% 3.38% -2.95%
O Conservative 18.55% 14.51% 10.79% 8.67% 6.50% 3.55% -3.48%
B History 14.29% 12.94% 11.69% 10.18% 9.58% 8.01% 7.17%

As in our other analysis, the effect of testing 30,000 years of investing makes the simulated best and
worst case more extreme than for history. Likewise, as one would anticipate, our pessimism in trying to
be “smarter” or “conservative” may have an unintended impact on what we were trying to model.

In Exhibit 8, look at the 95th percentile historical return of 8.01%. If we lower our return and increase
our risk by 2% as modeled in the “mean reversion,” we are simulating that nearly HALF of all future
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markets will produce results WORSE than the bottom 5% of historical results. In the “forecast” we
assumed some clairvoyant analyst “knew” that returns would be 3% lower than historical norms and

risk would be lower by 2% with similar, but even more pessimistic results. The “conservative” used the
Financeware assumptions for risk and return, but lowered the return by 2% to “be safe,” It is unlikely
that the typical use of Monte Carlo would be to model such pessimism. The result of ignoring this (or
not even bothering to check) is that clients of advisors that make these sorts of mistakes will be needlessly
sacrificing the only life they have.

The Financeware Assumptions

Financeware has been analyzing the capital markets, and how Monte Carlo modeling can be used, for
several years. Some consider us industry leaders in this area. Our common sense approach to building
assumptions is based on the notion that while we know we cannot be perfect, we should make sure we do
not unintentionally skew results one way or another.

Most of our assumptions are built by averaging rolling historical periods, which has the tendency to com-
pensate somewhat for extremes. Generally, we look at the 768 ten-year periods we have data for, and aver-
age them to compensate for skewness and frequency. For certain data types we have less data, but a similar
methodology is still used because we feel we still have sufficient data. For asset classes that we feel we do
not have enough data to use or that would cause the trailing period effect covered earlier, we rely on the
nature of the macro asset class where we have good data and then slightly modify those results (i.e. add a
risk premium to foreign stocks, but assume correlation of less than 1.0 and use stock returns for the return
assumption).

Correlations are generally based on extremely long term monthly data for most of the classes, but recent
data is used (only for correlations and to estimate a relative risk factor), for sub-classes that have only short-
term data.

All of the results are validated to make sure we are modeling what we intended. That is, generally the
extremes are wider than actual history, but the averages and results within the distribution set do not cross
our intent of what we are trying to model (i.e. 5 th percentile results do not fall in the 50 th or 75 th per-
centile).

It is important to note that without significant manual adjustment, the extremes simulated for short-term
(5 years or less) fixed income investments will not produce “best” results greater than the best of history
even though the worst simulated results are still less than history. These differences are extremely small
and are likely due to our assumption that returns are log-normally distributed, which is generally accepted
as a reasonable approximation of the nature of equity returns. However, for short-term fixed income
investments in particular, returns are serially correlated and are not log-normally distributed. This effect
does impact the entire fixed income distribution and is likely due to the kurtosis in the nature of those
returns (tails actually increase in frequency relative to returns between the middle and end of the distribu-
tion set). Users should be very careful though on how they describe the simulation results to their clients
if most (>75%) of the investor’s assets are in short-term fixed income and should probably target a higher
than normal confidence level (>90%) if this is the case.

In Exfubit 9, we see the comparison of the new Financeware capital market assumptions relative to his-
tory and measured by the difference in geometric mean returns. It is important to use geometric mean
returns for testing the results because geometric mean considers both the risk and the average return
and can therefore potentially expose an error caused by either. One can actually calculate the geometric
mean (often referred to as compound return) if they have the mean return and standard deviation. The
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difference between mean and geometric mean is directly related to the standard deviation. We believe
this shows that our assumptions do model what we intended...the general nature of the markets and the
probabilities of various returns relative to history.

Extabit 9 — Dufference in geometric mean and average return for simulation results using the Financeware capital
market assumptions compared to actual history for 30-year periods.

12.00% A |'|
9.00% -I
6.00% -
3.00% -
0.00% -
-3.00% i
-6.00% - 4
-9.00% I
-12.00%
-15.00%
-18.00% 5 Year 7 Year 10Year | 20Year | 30Year |60/40 Large/
T-Bills Bons Sonds | MuniBonds | o "e8 Bonc Bonde oeor | LergeCap | MidCap | Small Cap | Micro Cap
00% (Best) 0.90% 0.35% 0.09% 0.99% 053% 087% 1.40% 2.68% 6.29% 8.45% 10.31% 12.57%
@ 5th %tile -1.84% -1.17% -1.04% -0.43% -0.92% -0.72% -0.28% 1.36% 3.60% 5.26% 6.36% 7.01%
10 25th %tile -2.30% -1.43% -1.31% -0.65% -1.10% -0.62% -0.61% 1.53% 1.13% 2.06% 2.67% 3.32%
050% (Median) | 0.17% 0.61% 0.55% 0.15% 0.38% 0.19% 0.01% 1.18% 051% 0.03% 0.18% 1.18%
m75th %tile 1.85% 1.50% 1.58% 1.28% 1.67% 1.91% 1.59% 0.84% -1.06% 2.03% 2.06% 1.98%
D95th %tile 1.75% 1.57% 1.32% 0.40% 1.03% 0.83% 0.48% 037% 2.45% 351% -4.19% 6.03%
B100% (Worst) | -0.08% 0.47% -1.00% 2.42% 1.91% -2.48% 3.12% 4.19% 865% | -11.18% | -1361% | -17.74%
D Average 0.08% 0.07% 0.02% 0.14% 0.09% 0.40% 0.28% 091% 0.11% 0.08% 027% 0.62%

As we would expect through simulation and “stress testing,” the worst result is consistently less than his-
tory and the extent of this is dependent on how volatile the asset class is. As we move up the risk curve,

the extremes relative to history get more extreme. We can also see the impact of serial correlation in the
“best” results for short term fixed income and how relatively minor the difference is.

The amount of data in this chart, and the “noise” from the nature of short-term fixed income invest-
ments shades some of the beauty in simulated lognormal, well-built capital market assumptions. Exhibit
10 “zooms in” and shows the same information for only asset classes dominated by equities.
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Extubit 10 — Equaity Classes - Difference in geometric mean and average return_for simulation results using the
Financeware capital market assumplions compared to actual history for 30-year periods.

Test of Financeware Capital Market Assumptions
(Difference in Simulated Vs. Historical Geometric Mean for 30 Year Periods, 1000 Trials, Seed=-3)
12.00% -
9.00% A
6.00% -
3.00% -
0.00% -
-3.00%
-6.00%
-9.00% A
-12.00%
-15.00%
18.00% 156740 Larger 10
Y:;g:e : Large Cap Mid Cap Small Cap Micro Cap
‘D 0% (Best) 2.68% 6.29% 8.45% 10.31% 12.57%
W 5th %tile 1.36% 3.60% 5.26% 6.36% 7.01%
0 25th %tile 1.53% 1.13% 2.06% 2.67% 3.32%
050% (Median) 1.18% 0.51% 0.03% 0.18% 1.18%
W 75th %tile 0.84% -1.06% -2.03% -2.06% -1.98%
O 95th %tile -0.37% -2.45% -3.51% -4.19% -6.03%
W 100% (Worst) -4.19% -8.65% -11.18% -13.61% -17.74%
‘D Average 0.91% 0.11% 0.08% 0.27% 0.62%

Exhibit 10 clearly demonstrates results that at the tails are more extreme, increasing as asset class volatility
increases, with differences relative to history being minor as we move toward the center of the distribu-
tion. To us, this represents what we are trying to model. These results could be conceptually described

as “stress testing the historical nature of markets” to assess the relative likelihood of markets we have
already seen, repeating, and evaluating the likelihood of new, more extreme markets, emerging
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Exhibit 11 — Detailed analysis of simulated geometric mean and average return for 1000 trials (seed -3) versus actual history.

T-Bills 5 Year Bonds 7 Year Bonds
8.00% 10.00% 10.00%
(%2}
g 7.00% § 9.00% é 9.00% 1T}
= 2 = 2
o} o 8.00% 1 5 8.00% 1
e 6.00% iy o o
@ 5 7.00% 1 5 7.00% 1
> 5.00% 1 > o > ]
3 -00% g 6.00% 1| g 6.00% 1|
% 4.00% 1 % 5.00% 1 % 5.00% 1
(5] 41 [ 41
2 3.00% g 4.00% g 4.00%
) 2 3.00% -2 3.00%
£ 2.00% ] H
I £ 2.00% 1 £ 2.00% 1
o =}
g 1.00% 17 8 1.00% 3 1.00% 1
0.00% +! . —— 0.00% + - LL 0.00% +! | L
Simulated Historical Simulated Historical Simulated Historical
\Do% (Best) 6.56% 7.46% \no% (Best) 8.37% 8.72% \D 0% (Best) 9.12% 9.03%
W 5th %tile 5.59% 7.43% W 5th %tile 7.40% 8.57% W 5th %tile 7.85% 8.89%
O25th %tile 4.68% 6.99% O25th %tile 6.49% 7.92% 00 25th %tile 6.65% 7.96%
050% (Median) 4.15% 3.98% 050% (Median) 5.95% 6.57% 050% (Median) 5.95% 6.50%
W 75th %tile 3.61% 1.76% W 75th %tile 5.40% 3.90% B 75th %tile 5.23% 3.66%
[masth satite 2.85% 1.09% [masth stile 4.64% 3.06% = 95th %iile 4.24% 2.91%
‘l 100% (Worst) 0.97% 1.05% ‘I 100% (Worst) 2.75% 2.92% ‘l 100% (Worst) 1.79% 2.79%
‘DAverage 4.24% 4.32% ‘DAverage 6.04% 6.11% ‘DAverage 6.11% 6.12%
Muni Bonds 10 Year Bonds 20 Year Bonds
9.00% 12.00% 12.00%
] 8.00% ] (]
o o k]
3 ] 5 3 10.00%
= 1 2 10.00% 2
5 7.00% 5 o &
= 6.00% 1 = = 8.00% 1
3 3 8.00% 1 8
N 5.00% - L L
e 4.00% e 6 00 3 6.00% 1
< & .00% 1 -
é 3.00% A ;EE é 4.00%
2.00% 1
> b o 4.00% 1 2]
= 1.00% = = 2.00% 1
£ £ £
0.00% % 1|
g ] 2.00% 2 0.00% 1
Q -1.00% o (G}
-2.00% - — 0.00% + - - -2.00% - —
Simulated Historical Simulated Historical Simulated Historical
[@0% (Best) 7.90% 6.92% [B0% (Best) 9.55% 9.02% [@0% (Best) 10.10% 9.23%
B 5th %tile 6.33% 6.76% @ 5th %tile 7.94% 8.86% @ 5th %tile 8.18% 8.90%
0 25th %tile 4.86% 5.51% 025th %tile 6.43% 7.53% 0 25th %tile 6.39% 7.01%
0 50% (Median) 4.00% 4.15% 050% (Median) 5.55% 5.94% 050% (Median) 5.35% 5.16%
B 75th %tile 3.12% 1.84% B 75th %tile 4.65% 2.98% B 75th %tile 4.29% 2.38%
\I:l 95th %tile 1.90% 1.51% \Dgsth Ytile 3.40% 2.37% \D 95th %tile 2.81% 1.98%
B 100% (Worst) -1.08% 1.34% B 100% (Worst) 0.34% 2.25% B 100% (Worst) 0.77% 1.70%
‘D Average 4.24% 4.10% ‘DAverage 5.80% 5.71% O Average 5.70% 5.30%
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Exhibit 12 — Detailed analysis of simulated geometric mean and average return for 1000 trials (seed -3) versus actual history.

30 Year Bonds 60/40 Large Cap/ 10 Year Bonds Large Cap
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Simulated Historical Simulated Historical Simulated Historical
[20% (Best) 10.22% 8.82% [B0% Best) 15.11% 12.43% [20% @est) 20.58% 14.29%
B 5th %tile 8.18% 8.46% B 5th %tile 12.90% 11.54% B 5th %tile 16.54% 12.94%
O25th %tile 6.27% 6.88% O25th %tile 10.83% 9.29% O 25th %tile 12.82% 11.69%
050% (Median) 5.17% 5.16% 050% (Median) 9.63% 8.45% 050% (Median) 10.69% 10.18%
B 75th %tile 4.04% 2.45% B 75th Ytile 8.40% 7.56% B 75th %tile 8.53% 9.58%
[m95th %tile 2.47% 2.00% [295th %tile 6.71% 7.08% |2 95th %tile 557% 8.01%
| 100% (worst) -1.33% 1.79% = 100% (worst) 2.59% 6.79% = 100% (worst) 1.47% 7.17%
‘D Average 5.57% 5.28% DOAverage 10.08% 9.17% ‘D Average 12.10% 11.99%
Mid Cap Small Cap Micro
Cap
30.00% 35.00% 40.00%
) @ o 2} 35.00%
3 25.00% 1 3 30.00% —l 2 20.00%
S ] 25.00% 1 o el
o a . o
= 20.00% 1 ot = 25.00%
S ' 3 20.00% S
N 2 : g 20.00% __
& 15.00% 1 8 15.00% - 8 15.00%
g 10.00% - 3 10.00% - g 10.00% -
= = s %
= = 5.00% = 5.00%
£ 5.00% — 5 E 0.00%
% 1
£ £ 0.00% € -5.00%
g 0.00% -1 2 ) 3 !
g 8 -5.00% [0 -10.00%
-5.00% - — -10.00% - — -15.00% - —
Simulated Historical Simulated Historical Simulated Historical
D0% (Best) 25.48% 17.04% D0% (Best) 28.95% 18.63% D 0% (Best) 34.69% 22.12%
W 5th %tile 20.21% 14.95% W 5th %tile 22.51% 16.15% W 5th %tile 26.16% 19.15%
O25th %tile 15.39% 13.33% O25th %tile 16.68% 14.00% O 25th %tile 18.53% 15.21%
O50% (Median) 12.66% 12.63% 050% (Median) 13.39% 13.21% 050% (Median) 14.28% 13.10%
B 75th %tile 9.89% 11.92% W 75th %tile 10.07% 12.14% B 75th %tile 10.02% 12.00%
D 95th %tile 6.13% 9.63% D 95th %tile 5.50% 9.78% D 95th %tile 4.33% 10.35%
W 100% (Worst) 2.72% 8.47% W 100% (Worst) -4.81% 8.80% W 100% (Worst) -8.63% 9.11%
‘D Average 14.93% 14.84% ‘DAverage 16.63% 16.35% ‘D Average 19.56% 18.94%
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In Exhibit 13 below, we see the complete set of Financeware capital market assumptions and those we would suggest using for popular indices. We know that in
exposing these (if you can see them) we are opening ourselves up to criticism since it is easy to pick apart any number. However, they have been designed (and
tested) to model what we intend. Please understand they are protected by copyright laws. If you have not checked your assumptions, then remember my favorite
quote from Atlas Shrugged..."If you perceive a contradiction, check your premises."

Class Name Reton Rk Yed 1 2 3 4 5 6 7 8 9 10 11 12 13 14 516 17 18 19 2 20 2 2B 24 5 % 2 B 9 3 3 % 33 34 3B 3% 7y 3B I 4 41 42 43 44 45 46 47 48
Russell 1000 1232 1838 454 100

Russell 1000 Value 1232 1838 568 093 100

Russell 1000 Growth 1232 1838 341 096 080 100

Russell Midcap 1525 2386 302 095 088 090 100

Russell Midcap Value 1525 2386 378 089 0% 077 092 100

Russell Midcap Growth 1525 2386 227 087 070 092 093 072 100

Russell 2000 1707 2903 150 080 069 080 082 077 082 1.00

Russell 2000 Value 1707 2903 188 079 079 072 090 088 079 083 100

Russell 2000 Growth 1707 2003 113 077 061 081 088 067 095 098 084 1.00

Micro Cap 2031 3851 037 071 061 072 082 067 084 093 08 092 100

Lehman Brothers Gov/Credit 588 749 605 020 029 025 024 027 047 042 015 008 004 100

Lehman Brothers Interm Govt 609 495 601 023 024 020 018 02 0M 005 009 002 (003) 097 100

Long Bonds 580 887 612 027 027 023 02 02 015 009 014 006 004 0% 091 100

Lehman Brothers Long Govt 580 887 612 027 027 023 022 026 015 009 014 006 004 09 091 100 100

Meril Lynch 1-3 Yr Corp 599 475 599 018 019 015 015 019 009 004 008 001 (004 089 08 078 078 100

Merrill Lynch 1-3 Yr Govt 599 475 599 017 017 044 012 016 006 (000) 002 (002) (0.08) 091 087 082 082 085 100

Lehman High Yield Composite Bond 788 1517 805 051 048 049 056 053 051 058 061 053 061 033 026 027 027 028 02 100

SBr Non-US World Govt Bonds-US$ 609 1234 601 (003) (005) (001) (006) (0.07) (0.04) (010) (014) (0.07) (0.16) 033 037 030 030 032 036 (003 100

Lehman Brothers Munis 10-Yr 43 604 450 036 038 030 034 037 025 02 027 017 016 075 073 069 069 067 067 039 018 100

Long Munis 435 887 450 027 027 023 022 02 015 009 014 006 004 0% 091 100 100 078 082 027 030 069 100

Lehman Brothers Munis 5-Yr 43 731 449 032 034 027 030 033 02 018 022 015 013 077 076 071 071 071 072 038 025 09 071 100

Short Munis 449 475 449 (006) (009) (003) (0.08) (0.09) (0.05) (008) (0.41) (008) (010) 001 002 (001 (001 041 011 (007 (003) (003) (001) (003) 100

Tax-Free Money Market Avg. 322 45 322 001 (001) 003 (000) (001) 000 (002) (004 (001) (0.08) 048 02 014 044 032 031 (004 006 010 014 013 087 100

T-8ill 3 Month Yield 420 452 429 (000) (002) 001 (003 (0.04) (0.02) (006) (008) (005) (041) 042 045 040 040 023 023 (041 (001 004 010 005 088 094 100

Unclassified 429 4102 146 053 047 052 054 047 054 057 053 05 056 (010) (011) (043 (013) (008 (A1) 032 (010) (006 (013 (006) 002 003 (001) 100

MSCI Emerging Markets Free 1707 312 150 053 047 052 054 047 054 057 053 056 056 (010) (011) (043 (013 (008 (0.11) 032 (0.10) (006) (013 (008) 002 003 (001 100 100

MSCI EAFE Equity 1232 2298 454 050 045 049 048 042 046 044 040 043 038 015 014 044 014 009 011 030 048 016 014 015  (008) (002 (005 047 047 100

Managed Futures 529 2903 - (013) (0.14) (011) (042) (013) (1) (043 (044 (012) (1) 041 041 016 016 005 008 (013) 006 001 016 002 013 013 018 (016 (016 (002) 100

Concentrated Large Cap 1232 5514 454 053 047 052 054 047 054 057 053 05 056 (010) (0.11) (013 (013 (008 (0.11) 032 (010) (006) (013) (008) 002 003 (00) 100 100 047  (016) 100

Concentrated Small Cap 1707 8709 150 053 047 052 054 047 054 057 053 08 056 (010) (041) (013) (0.13) (008 (011) 032 (0.10) (006) (013) (006) 002 003 (00f) 100 100 047  (016) 100 100

Hedge Funds 520 2003 150 (0.13) (014) (O.41) (042) (043) (O41) (13 (014) (012 (0.1%6) 041 041 046 046 005 008 (013) 006 001 016 002 013 013 018 (016 (0.16) (002 100 (016 (0.16) 100

NAREIT: All 983 1505 514 048 057 037 057 066 041 058 072 047 055 025 020 023 023 019 014 055 (007 033 023 028 (014 (006 (012) 030 030 024 (018 030 030 (018) 1.00

NAREIT: Equity 983 1505 514 048 056 039 057 065 042 058 072 047 054 024 020 023 028 017 014 051 (004 030 023 026  (011) (003) (0.08) 029 029 027 (015 029 029 (015 097 100

NAREIT: Morigage 983 1505 514 041 049 031 045 051 032 043 052 036 043 020 025 023 023 029 021 051 (009 033 023 028 (006 (001) (004) 025 025 OA1 (018 025 025 (018) 067 085 100

MSCI World Equity 1232 2298 454 078 071 076 072 067 088 063 060 061 05 02 018 020 020 013 013 042 033 025 020 024 (010) (002 (005 055 055 093  (008) 055 055 (008) 036 038 026 100

MSCI World Equity ex USA 1232 2298 454 053 047 051 050 044 048 046 042 045 040 045 013 014 044 009 010 031 046 016 014 016 (009 (0.03) (005 048 048 100 (002 048 048 (002 025 028 012 094 100

Blend: 60% S&P 500 ~ 40% Inter. Gov't 983 1164 514 098 092 094 091 088 082 074 074 070 064 045 039 042 042 03 03 052 004 047 042 044 (005 005 003 047 047 051  (010) 047 047 (010) 048 048 043 077 053 100

SBr World Govt Bonds-US$ 609 123 601 005 004 006 002 002 001 (006 (008 (004 (013) 056 060 05 053 053 057 005 095 036 053 042 (003 010 002 (012 (012 044 008 (012 (012 008 000 003 (002) 034 043 015 100

Salomon Brothers Treasury 588 749 605 025 025 021 020 024 013 007 041 004 (000) 099 087 098 098 087 0% 026 035 072 0% 074 001 018 012 (013 (043) 014 013 (013 (013) 013 022 022 024 019 014 041 058 100

Lehman Brothers Municpals 432 731 449 037 040 031 035 039 025 02 028 017 016 077 074 071 071 069 068 040 018 098 071 095  (001) 012 007  (005) (005) 047 003  (005) (005) 003 033 031 03¢ 027 07 048 036 074 100

Lehman Brothers Munis 3-Yr 449 475 449 (006) (009) (0.03) (008) (009 (0.05) (0.08) (0.11) (006) (0.10) 001 002  (0O1) (001) 041 041 (007) (003) (003) (001) (003) 100 087 088 002 002 (008 043 002 002 013 (014) (1) (006 (010) (0.09) (005 (003) 001 (001) 100

$Br Broad Investment-Grade (BIG) 588 749 605 028 029 025 024 027 017 011 015 008 004 099 087 09 09 090 0% 03 03 076 095 078 002 020 013 (010 (010) 015 012  (010) (040) 012 025 024 030 022 015 044 055 098 078 002 100

Short Bonds 599 475 599 018 019 015 015 019 009 004 008 001 (004 08 083 078 078 100 09 028 032 067 078 071 011 032 023 (008 (008) 009 005 (008) (008) 005 049 017 029 013 009 033 053 087 06 011 090 100

Lehman Brothers Interm Govt/Credit 609 495 601 026 027 028 022 025 015 009 012 006 001 098 100 091 091 094 0% 030 03 074 091 077 002 021 014 (008 (008 015 009  (008) (0.08) 009 028 022 029 020 015 042 058 097 075 002 098 094 100
Lehman Brothers Aggregate Bond 588 749 605 020 030 02 025 028 018 012 016 009 005 099 098 095 095 090 0% 034 032 076 0% 079 002 020 013 (010 (010) 0f6 012  (010) (010) 012 025 026 030 022 016 045 055 098 078 002 100 090 098 100
Russell 3000 1232 1838 454 100 092 097 09 09 089 083 082 081 075 027 020 025 025 017 015 05 (004 035 025 031 (006 001 (00f) 054 054 051 (013) 054 054 (013) 050 050 042 078 053 097 004 023 036 (006 027 017 025 028 100
Russell 3000 Value 1232 1838 568 093 100 080 0% 097 072 072 08 064 064 028 023 02 02 019 016 05 (006) 038 026 033 (009 (001) (003 048 048 046 (044) 048 048 (0.14) 059 058 050 072 048 092 003 024 039 (009 028 049 026 029 093 100
Russell 3000 Growth 1232 1838 341 09 079 100 092 077 094 083 074 08 075 024 018 02 02 013 013 050 (002 020 022 02 (003 003 001 053 053 05 (0f1) 053 055 (011) 039 040 032 076 052 093 005 020 030 (003) 023 013 021 025 097 080 1.00

*All indices that have copyrights or trademarks by their holders are the sole property of the owners and are protected by international copyright laws.®©
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