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Abstract 
Minimizing the classical definition of risk should be a counterintuitive venture as the 
explanatory nature of historical metrics’ construction challenges their ability to serve 
a predictive purpose on a non-stationary process. We uncover an ill-conceived bias 
in these metrics and discover that they provide a contrary indication to an invest-
ment’s survivability. The breakdown in the explanatory-predictive link is troubling 
and we aim to correct this via a better derived explanatory metric. The predictive va-
riant of our metric will directly question the notion of optimization in order to serve 
the first priority of any continuous system, survival. 
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1. Introduction 

Was the financial crisis of 2008 really an anomaly or was the preceding era of compla-
cent volatility the true anomaly? This historically low volatility environment fostered a 
false positive in the minds of many risk managers. We have tamed the beast as it were. 
With the advent of value-at-risk (VaR) and other newly accepted risk management 
techniques, it was actually possible to figure out how much one could lose in a given 
day and contain volatility. That is if nothing happened. And nothing did happen for 
quite a while. This muted entropy created a reflexive feedback loop of ignorance. The 
first event was the Long Term Capital Management failure in 1998. Instead of losing a 
maximum of $50 million a day according to VaR, the fund started losing $500 million a 
day soon after the Russian bond default. Then in June of 2007, the next shoe dropped. 
Two Bear Sterns hedge funds, the Bear Stearns High-Grade Structured Credit Fund and 
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the Bear Sterns High-Grade Structured Credit Enhanced Fund both needed bail outs. 
Risk managers’ models throughout the industry viewed these events as “tail events” 
thus believing a mean reversion to perceived normalcy would surely follow. The en-
suing bifurcation over the next 18 months decimated any and all risk models that had 
been constructed and optimized on these experimental parameters which were devoid 
of any common sense assumptions.  

Lopes and Oden [1] note that the very notion of risk may be misguided. Lopes and 
Oden (1999, p. 21) “Few, however, have explored the possibility of modeling risk as the 
raw probability of not achieving an aspiration level”. As Swisher and Kasten [2] astutely 
point out “A valid risk definition must not yield nonsensical answers-it must describe 
actual investor fear of bad outcomes with reasonable accuracy… returns above the 
mean- or MAR-are not what investors fear.” It is in this spirit we aim to dismiss the 
classical notion of risk as solely a downside variance parameter and attempt to re- 
quantify it within an upper and lower partial moment fabric. 

2. Historical Measures 

Performance measures provide us with the age old argument of explanatory versus pre-
dictive, to optimize or not. Milton Friedman [3] published “The Methodology of Posi-
tive Economics” in 1953, in which he argued that unrealistic assumptions in economic 
theory do not matter so long as the theories make correct predictions. Assumptions 
need no further justification as long as the results are correct. In other words, if it 
wasn’t “garbage out” it didn't matter what was going “in.” Herbert Simon [4] countered 
that purpose of scientific theories is not to make predictions, but to explain things – 
predictions are then tests of whether the explanations are correct (Beinhocker, [5]). 
This argument is especially relevant to quantitative finance, specifically stochastic vola-
tility models-Do you let the data drive your answers and optimize the here and now or 
do you factor in some expected assumption that would de-optimize your explanatory 
results? Survival dictates the latter, following modern portfolio theory (MPT) and 
post-modern portfolio theory (PMPT) “risk” measurements provides the former.  

MPT measures have been scrutinized for decades. The low hanging fruit has already 
been picked. Post Modern Portfolio Theory (PMPT), using downside deviation, 
evolved and merely refined a flawed thought process. In a nescient blessing, MPT is 
marginally better conceived because it uses standard deviation, which encompasses the 
entire distribution, even though it assumes a Gaussian distribution. However, neither 
model defines volatility expeditiously, regardless of distributional assumptions. A 
Brownian Motion (Wiener) process illustrates the effects of time on cumulative volatil-
ity. The effect of a proportional increase in volatility as time increases has been lost on 
all of the historical return/risk measures. The fact that standard deviation, variance or 
semi-variance, is used in the denominator and mean returns are used in the numerator 
creates ratios that have a natural tendency to decline over time. The mean return, it is 
argued, should be able to overcome that headwind, illustrating a superior investment. It 
is not only where you wind up, but how you get there that will illustrate a superior in-
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vestment.  
The issue is that benefit-cost analysis such as the Treynor ratio, Sharpe Ratio, Jen-

sen’s Alpha, reward to semivariability ratio, Mean/Lower Partial Moment (LPM) ratio 
all utilize standard deviation, beta or below target semivariance solely in their denomi-
nator. Jensen’s Alpha utilizes the portfolio Beta as a multiplier in its computation, 
therefore succumbing to the unequal treatment of volatility. The other measures using 
the mean return or any other averaging metric does not offer an adequate substitute for 
the observed upside volatility in the numerator. An observation at time t is not transi-
tive, it cannot simultaneously be a gain and a loss. If a result is below a target, it is a 
negative utility result to the investor. The use of mean in the numerator and a positive 
target for semivariance in the denominator for example, will generate these logical vi-
olations where the same observation is being used in a conflicting manner. 

Given an opportunity cost such as a risk-free rate of return, the semivariance will 
compute the volatility of returns below this opportunity cost (target return). The mean 
return in the numerator is an expected benefit of holding the investment but it will in-
clude returns below the opportunity cost. The benefit in the numerator should not in-
clude below target returns. Therefore, the proper measure of an investment’s benefits 
will only include returns that are above the target return. We propose the Upper Partial 
Moment (UPM) because it will only include returns that are above the target return 
and the use of a UPM/LPM ratio because it discriminates between a benefit and a cost. 

Stochastic Dominance was a promising methodology of ordering since volatility itself 
is a stochastic process, but fails due to its reliance on cumulative distribution functions 
which only consider below target probabilities1. We have noted that there are very dif-
ferent connotations between above target gains and below target losses. Stochastic do-
minance also requires an underlying stationarity assumption that is not consistent with 
real life observations.  

Value at Risk (VaR) which calculates its thresholds from the distribution of historical 
portfolio returns does not consider an increase in distribution volatility which would 
extend observed thresholds. In fact, VaR offers less predictive value than a 0 degree 
Lower Partial Moment (LPM) calculation. Tee [7] illustrates how VaR is transformed 
into LPM of zero, LPM0 (−VaR(p)), of target t = (−VaR(p)), giving the probability that 
the actual loss to be greater than −VaR(p). The entire point of VaR is that losses can be 
extremely large, and sometimes impossible to define, once you get beyond a VaR point. 
To a risk manager, VaR is the level of losses at which you stop trying to guess what will 
happen next, and start preparing for anything. David Einhorn, the hedge fund manager 
who actively began shorting Lehman Brothers in July 2007, compared VaR to “an air-
bag that works all the time, except when you have a car accident.”2 

To summarize, previous financial crises have demonstrated the insufficiencies of 
historical measures. Most measures also have no utility theory support, assuming linear 
utility functions above the target return, and are completely backwards looking in- 

 

 

1Saunders, Ward and Woodward [6]. 
2http://en.wikipedia.org/wiki/Value_at_risk. 

http://en.wikipedia.org/wiki/Value_at_risk
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sample. The “ill-conceived bias” is the fact a single observation is used for both “Risk” 
and “Return” considerations. VaR fails as a risk metric because it is not based on any 
notion of utility theory (and has been rejected by Markowitz [8] as a risk measure) and 
because it along with stochastic dominance, Sharpe ratio, Treynor ratio, Reward to Se-
mivaribility, Mean-LPM, and the Jensen Alpha, do not discriminate between a benefit 
and a cost. Very simply, a return cannot be both a benefit and a cost. 

3. A Better Explanatory/Predictive Measure  

Ang and Chua [9] describe the problem as: “There is a need to develop a theoretically 
rigorous composite measure that takes higher moments into account.” The use of 
downside risk measures like the lower partial moment has traditionally been justified as 
being able to handle the third moment of the distribution, skewness and the fourth 
moment of the distribution, kurtosis. The method of computation for our metric will 
therefore be partial moment calculations so that these effects can be properly compen-
sated. In addition to information about the market portfolio and the risk free asset, it 
requires knowledge on the part of the investor about the return and systematic skew-
ness of a zero systemic risk and nonzero investment opportunity (Ang and Chua [9]). 
The Lower Partial Moment (LPM) will handle all below target observations while the 
Upper Partial Moment (UPM) will handle all above target observations. The beauty of 
partial moments is that they allow for different targets to be calculated with variations 
in degrees; highly configurable to multiple constraints and do not require any distribu-
tional assumptions. 

Partial moments are well integrated into expected utility theory as developed in the 
literature by Friedman and Savage [10], Markowitz [11], Bawa [12], Fishburn [13], 
Fishburn and Kochenberger [14], Holthausen [15] and Viole and Nawrocki [16]. Final-
ly, Cumova and Nawrocki [17] provide optimization algorithms for UPM-LPM portfo-
lio selection. Partial moments meet all of the requirements for portfolio theory as set 
out by Markowitz [8]. 

The formulas representing the n-degree LPM and q-degree UPM are: 
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where Ri,t represents the returns of the investment i at time t, n is the degree of the 
LPM, q is the degree of the UPM, h is the target for computing below target returns, 
and l is the target for computing above target returns3. 

Below target analysis alone is akin to only hiring a defensive coordinator. Yes, de-
fense wins championships and is arguably more important to survival than offense 
which is why our metric allows for the asymmetry of these notions via the degree used 

 

 

3For the purposes of this paper, we will assume h = l for the remainder of the paper. We will use h to compute 
the UPM as well as the LPM. 
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in the computations (representative of an investors fear and greed levels). This is an in-
stance where an investor places more weight on below target outcomes rather than on 
above target outcomes, n > q.  

This view was recently expressed by Warren Buffet [18]: 
“…Second, though we have lagged the S&P in some years that were positive from the 

market, we have consistently done better than the S&P in the eleven years during which 
it delivered negative results. In other words, our defense has been better than our of-
fense, and that’s likely to continue.” (Buffett [18]). 

Diversification is the panacea of risk management techniques. Does it accomplish 
what it is designed to do, i.e., reduce the non-systemic risk relative to an individual po-
sition? Yes. How does it achieve this? Well, the answer may not be as comforting as one 
would think. The preferred method to reduce non-systemic risk is to add investments 
with the greatest historical marginal non systemic risk net of systemic risk. Historical 
analysis has shown that a portfolio of at least 20 stocks will diversify away the non-sys- 
temic risk. It is essentially fighting fire with fire. This has been quantified by subtracting 
the systemic benchmark from the total downside risk of the investment as in Equation 
(3). At this point going forward, we will substitute x for Ri which is the return for an 
individual investment and y for a benchmark return, Rb which can be a fixed income 
asset return or a stock market index return such as the CRSP index. 

Non-systemic risk is risk that is specific to an asset or a small group of assets net of 
general market effects. To compute it, first we use a total risk computation such as Eq-
uation (1) which uses a target (h) specific to that individual such as the Rf or the indi-
vidual’s cost of capital. This computation ignores any effects from the market or sys-
temic risk. Non-systemic risk is eliminated through diversification. But, in diversifying, 
we increase the systemic risk, which is described in the immediate paragraph above. 
The next part of the equation describes how to remove the systemic risk by subtracting 
the UPM/LPM of the systemic benchmark (y) from the total risk of the investment (x) 
using the same target (h) in order to achieve the net non-systemic risk. 

 ( )
( )
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To effectively calculate the marginal risk, the same target h must be used for both the 
investment x and the market benchmark y. We can consolidate this Equation (3) to 
generate the UPM/LPM for the investment (x) using the systemic benchmark as the 
target (y) to ascertain how much non-systemic risk an investment has net of the sys-
temic effects, as presented in Equation (4). 
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                             (4) 

This leads to the quandary faced by all risk metrics, what is the systemic benchmark 
and how does one properly quantify it? This is subjective to say the least and can vary 
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from investor to investor. We are not as brazen as some authors of historical measures 
and do not purport to have an answer to this. There are certain variables an individual 
must implement that match their unique composition. A more durable service is to of-
fer a framework capable of being as unique as the individual utilizing it. Our metric also 
avoids any philosophical inconsistencies by using the same target for gains and losses.  

An overwhelming majority of investors use the S&P 500 index as a proxy for system-
ic risk. While tempting, it is not a complete measure of the asset class thus we cannot 
implicitly support its use as a proxy for systemic risk for an equity investment. Howev-
er, the particular topic is beyond the scope of this paper4. For individual security analy-
sis the target is a bit more intricate. A double non-stationary benchmark is used: the 
asset class benchmark and the risk free rate of return. The greater of the two observa-
tions at time t will be the target for that particular period’s partial moment derivation. 
This will address the aggregate asset class compared to the opportunity cost of investing 
in the risk free alternative simultaneously. Equation (4) with a double non-stationary 
conditional target, the asset class benchmark and the risk free rate will capture this al-
location consideration. 

This ratio answers the question when comparing and ranking multiple investments- 
What investment historically goes up more than the market when the market goes up 
and historically loses less when the market loses? That’s great for explanatory historical 
analysis, but what about future predictive capacity? 

“Risk can be greatly reduced by concentrating on only a few holdings.” 
Warren Buffett 
The intended reduction in non-systemic risk comes with the hefty price of increased 

exposure to systemic risk. In times of increased entropy or even crisis, cross correla-
tions of securities tend towards 1, effectively rendering the diversification useless and 
augmenting one’s losses. The axiom was developed “throwing the baby out with the 
bath water,” noting this very situation. Li’s copula, a formula widely used in analysis to 
construct CDOs failed due to its ignorance of these dynamic correlations in times of 
crisis and an underlying assumption of a Gaussian distribution for those correlations5. 

So we have maximized our additional non-systemic risk based off of our explanatory 
model. Now we have to deal with the dormant beast: systemic risk. Autocorrelation/ 
dependence/serial correlation (ρ(x)) is an important tool in identifying increasing dis-
tributional risks such as muted entropic environments and lending a predictive ability 
to an explanatory metric. When investing in a fund, the autocorrelation is quite useful 
in picking up on discretionary marks used by the manager in illiquid securities with the 
attempt to smooth out returns, unmasking the layer of uncertainty presented to the in-
vestor. The predictive ability is crucial to avoiding ensuing bifurcation disruptions which 
are not as exogenous or infrequent as one would assume. Benoit Mandelbrot6 coined 
the term “Joseph Effect”, alluding to the Old Testament story of seven years feast fol- 

 

 

4We do try to improve on this issue by using the CRSP market cap weighted index that includes all stocks 
from all three major U.S. markets: NYSE, AMEX, and NASDAQ. 
5https://www.wired.com/2009/02/wp-quant/?currentPage=all. 
6Mandelbrot and Hudson [19]. 

https://www.wired.com/2009/02/wp-quant/?currentPage=all
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lowed by seven years of famine for Egypt. While a mathematician’s experimental prob- 
ability model would suggest year eight should be of equal or greater feast to year seven, 
the observed autocorrelation incorporated into our model will sound alarm bells well 
before. The autocorrelation formula for a 1 period lag is for investment x at time t is: 

( ) ( )1,t tx Cov x xρ −=                          (5) 

Taking the absolute value… 

( ) ( )1,t tx Cov x xρ −=                         (6) 

The absolute value is used because an autocorrelation of −1 or 1 is equally dangerous 
to investors. In the −1 instance the mean from the target would be zero for a period of 
observed autocorrelation of −1 and there would be an equally likely series of above or 
below target results, a true guess 

A 1 period lag is used because we aim to err on the side of caution. Where there’s 
smoke there’s fire. If a 10 period lag presents autocorrelation, it will obviously be no-
ticed in the 1 period prior. The risk is that between lag differences, a bifurcation ab-
ruptly ceases thus leaving the investor waiting for a confirmation to avoid the very 
event that has just transpired, effectively rendering this metric explanatory. Russell 
Ackoff [20] was famous for noting that, “it is better to do the right thing wrong than to 
do the wrong thing right.” We agree and in the instance of acting on a false positive due 
to the short lag, c’est la vie, fungibility assures the ability to reapply those funds. The 
other consideration with autocorrelation is the number of observations to calculate 
over for a predictive measure. There is a subjective interpretation as to the subset of pe-
riods of autocorrelation analyzed. A smaller subset will yield more frequent transac-
tions and monitoring, whereby a longer subset of data will yield smaller observed mea-
surements and an increased risk of bifurcation exposure. We do not have any insight 
into the individual’s ability to monitor and transact nor their desire to do so. As with 
the benchmark, this discretionary input is left entirely up to the individual investor. 
Another input that needs to be derived is the period of analysis for an investment’s dis-
tribution in computing the metric. This is not subjective. When investing in a fund or a 
manager, always utilize the data since inception. This is critical in ascertaining the 
manager’s reward to risk profile. Since returns are not stationary, using a discrete sam-
ple of a continuous process will foolishly ignore the non-stationary effects for manager 
evaluation.  

“A more difficult decision for us was how to measure the progress of Berkshire ver-
sus the S&P. There are good arguments for simply using the change in our stock price. 
Over an extended period of time, in fact, this is the best test. But year-to-year market 
prices can be extraordinarily erratic. Even evaluations covering as long as a decade can 
be distorted by foolishly high or low prices at the beginning or end of the measurement 
period.” (Buffett [18]). 

When evaluating an individual security, a more complete analysis as shown in Fig-
ure 1, reveals that means, variances and other metrics do not stabilize towards the pop-
ulation value until there are at least 100 observations. 
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Figure 1. Graph illustrating the number of sample size observations for mean, standard devia-
tion, and semideviation to stabilize around a population value assuming a normal distribution 
with a population mean of 9% and a population standard deviation of 20%. 

 
Similar to a “bubble” or parabolic move7, an observed 1 autocorrelation reading de-

notes a dubious situation. The increased autocorrelation influence can be subtracted 
from itself to compensate for an increased likelihood of an unstable investment, thus 
lowering the metric to reflect this probable risk. Bubbles are good until they burst. 
George Soros explains that bubbles and his participation in them are what provided 
him with his vast wealth8. The trick is knowing when to exit prior to the bubble burst-
ing. Equation (7) is our predictive metric using the autocorrelation coefficient. 

( )
( ) ( ) ( )

( )
, , , ,
, , , ,

UPM q y x UPM q y x
x

LPM n y x LPM n y x
ρ

   
−      

   
                 (7) 

An example may help illustrate the goal of the predictive element. If you enter an in-
vestment based on its historical explanatory risk metric of 100 shares and its autocorre-
lation is zero then you retain your 100 shares. Say the investment performs well and its 
autocorrelation reaches 0.5. The metric will have decreased by 0.5, forcing you to cut 
your holdings by 50% to match the potential risks the autocorrelation is measuring. Say 
the investment skyrockets and the next period of review for your investment, you find 
that the autocorrelation is now 1. This would yield a result of zero to the predictive me-
tric suggesting you sell your remaining shares. It is not intended to pick an inflection 
point (since one never knows the top until after they have seen it), but the translation to 
deltas onto your position will properly manage anticipated risks. The ranking of their 
investments based on the predictive metric is another means an investor can transact 
on the autocorrelation concerns. In the preceding example, if an investment’s metric is 

 

 

7Y = x2 is a parabolic function with 1 autocorrelation reading. 
8http://www.youtube.com/watch?v=MUEGC4btm64. 
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cut by half upon the investor’s first review, then replacing the investment with a senior 
ranked investment is a viable interpretation of the data. 

Unfortunately the inverse does not hold for negative autocorrelation. While the 
“bubble” example above will protect profits, entering a position based on the negative 
autocorrelation will be akin to the “catching a falling knife” axiom. This metric avoids 
this as well as the pitfalls of irrationality. Keynes9 famously noted, “The market can stay 
irrational longer than you can stay solvent” and since our metric does not predict an in-
flection point, let it stay irrational. In essence it’s a long only strategy with the entry at 
zero autocorrelation and the full exit at absolute value 1. 

The dynamic positioning example also highlights an important shortcoming of pas-
sive investing. Coupled with diversification (which we have just explained tends to have 
the inverse effect when one really needs it), buying and holding a diverse portfolio has 
been preached ad nauseam as a means of mitigating risk. In a 1991 journal piece, Wil-
liam Sharpe [22] provides us a definition of passive investing. Sharpe presents his thesis 
in a very Friedman like manner whereby his underlying assumptions do not stand up to 
detailed investigation and lead us to question the very notion of passive investing.  

To summarize, our explanatory and predictive measures are as follows:  
EXPLANATORY      PREDICTIVE 

( )
( )

( )
( ) ( ) ( )

( )
, , , , , ,
, , , , , ,

UPM q y x UPM q y x UPM q y x
x

LPM n y x LPM n y x LPM n y x
ρ

     
−          

     
 

4. Empirical Results  

Our empirical test generates rank correlations between the performance measures and 
asset returns for both an explanatory period and an out-of-sample predictive period. 
On balance, we were able to generate minimal explanatory correlations with no out-of- 
sample predictive correlations using the explanatory model and no explanatory correla-
tions with significant out-of-sample correlations when using the predictive model. 
MPT metrics similarly offered sparse explanatory and predictive correlations. Our se-
curity universe consisted of approximately 300 surviving S&P 500 companies for three 
11-year periods: January 1978-January 1989; January 1988-January 1999; and January 
1998-January 2009. Each period represents different economic conditions but all three 
are difficult market periods. Figures 2-4 graphically portray the S&P 500 performance 
for each of our three periods to highlight what we are trying to predict and the asso-
ciated subset utilized to accomplish that goal. Figures 2-4 demonstrate both a one year 
and a two year out-of-sample period. 

Table 1 and Table 2 present the results for the first period 1978-1989 for one and 
two year holding periods. Table 3 and Table 4 present the results for the second period 
1988-1999 while Table 5 and Table 6 present the results for 1998-2009. We generated 
four rank correlations for these periods. First is the correlation between the mean re-
turn for the explanatory period and the performance metric derived from the explana-

 

 

9Keynes [21]. 
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tory period. The second correlation is between the mean return for the holding period 
and the explanatory period’s performance metric. This is one correlation where any ex 
ante efficiency would be observed. The third correlation is the Rho adjusted explanato-
ry UPM/LPM metric derived in Equation (7) correlated to the mean return for the ex-
planatory period10. The fourth correlation is again the Rho adjusted explanatory  
UPM/LPM metric correlated against the holding period mean return. This correlation 
is where we would expect the significant ex ante efficiency. The asset class benchmark 
used in our explanatory and predictive metric is the CRSP market cap index which we 
use to proxy systemic risk. It is used in the double non-stationary conditional bench-
mark along with the non-stationary 3-month Treasury Bill rate for individual equities. 

In the following tables (Tables 1-6), we present four different classifications of in-
vestor types and their associated risk profiles: Risk Averse, whereby the gain sensitivity 
exponent q will be less than the loss sensitivity exponent n, (q: n = 0.25); Prospect 
Theory, (q: n = 0.44)11; Risk Neutral (q: n = 1); and Risk Seeking (q: n = 2). With the  

 

 
Figure 2. Period 1 S&P 500 performance with our explanatory and predictive periods identified. 

 

 

10Rho was calculated off the entire explanatory period, not the varying periods as presented in the dynamic 
positioning example. A different transactional study is required. 
11Kahneman and Tversky [23]. 
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Figure 3. Period 2 S&P 500 performance with our explanatory and predictive periods identified. 
Inverse ex ante correlations were present, reflecting Rho’s defensive influence 14 months prior to 
the Nasdaq implosion. 
 
exception of Prospect Theory and Risk Neutral, these ratios are by no means stationary. 
Individuals can and do alter their risk profile which leads to the creation of a sum over 
histories for personal utility. For brevity, we increase the loss sensitivity exponent n by 
1 in each classification to illustrate the heightened sensitivities within each classifica-
tion. 

The more sensitive the investor (an increased loss sensitivity exponent n or gain sen-
sitivity exponent q), the greater correlations of our predictive metric with out-of-sam- 
ple rankings for one and two year holding periods. Two year holding periods also pro-
vide the most significant ex ante correlations, likely due to the systemic events present 
in each period. In period 1, the Crash of ’87 was in the two year holding period. In pe-
riod 2, the Asian Financial Crisis/Russian Debt Crisis was in the two year holding pe-
riod. Period 2 was also the only to end at its highs for the sample period, as if the sys-
temic event were truly just a blip. Our period 2 ex ante correlations began exhibiting 
inverse significant results 14 months prior to the peak of the Nasdaq for both 1 and 2 
year holding periods. Upon consideration, we could not be more pleased with this as  
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Figure 4. Period 3 S&P 500 performance with our explanatory and predictive periods identified. 
 
the Rho present in the obvious bubble was accurately being reflected in our predictive 
metric, prior to its bursting. This unique “mid bubble” data set fully supported equa-
tion 7’s goal, to avoid bifurcations (in this instance a 78% decline from March 2000 
through September 2002). 

Finally, in period 3 the 2007-2009 Financial Crisis was accounted for in that two year 
holding period. It should be mentioned that the explanatory subset of period 3 data 
contains the bursting of the Nasdaq bubble, which on a percentage basis dwarfs all oth-
er systemic events in our study to which all explanatory metrics had the equal opportu-
nity to absorb and account for.  

Explanatory MPT/PMPT metrics did offer a universal conclusion-they offered no 
statistically significant correlations during the holding period (with the exception of the 
R/V ratio in the one year holding in period 1). During the explanatory period, the re-
sults varied from period to period, and MPT/PMPT measure to MPT/PMPT measure. 

In Period 1 (January 1978-January 1989, Table 1 and Table 2), 1 year holding pe-
riod, we see some predictive correlations for the risk neutral and risk averse UPM/LPM 
measures. With the 2 year holding period, the predictive UPM/LPM model has very  
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Table 1. Pearson rank correlation results for various performance measures January 1978 - January 1989. 258 companies with holding 
period February 1988 to January 1989—One Year. 

Begin Historic 1 January 1978 
       

End Historic 121 January 1988 
       

Begin Holding 122 February 1988 
       

End Holding 133 January 1989 
       

T-Tests in Parenthesis 
       

Statistic Mean Hist Mean Hold Urho Hist Urho Hold 
 

Mean Hist Mean Hold Urho Hist Urho Hold 

R/V 0.0237 0.1035 
       

 
(0.3790) 

        
Jensen Alpha 0.0586 (1.6652)* 

       

 
(−0.7492) (0.9399) 

       
R/SV 0.1010 −0.0115 

       

 
(1.6243) (−0.1838) 

       
R/B 0.0396 0.0449 

       

 
(0.6346) (0.7190) 

       
RISK AVERSE 

    
RISK NEUTRAL 

    
UPM0.3/LPM1.0 0.0013 −0.0855 −0.0051 0.0881 UPM1.0/LPM1.0 −0.0239 0.0757 −0.0179 0.0996 

 
(0.0216) (−1.3729) (−0.0819) (1.4148) 

 
(−0.3833) (1.2149) (−0.2865) (1.6022) 

UPM .5/LPM2.0 0.0503 −0.1598 −0.0015 0.0803 UPM2.0/LPM2.0 −0.0449 −0.0053 0.0050 0.1049 

 
(0.8055) (−2.5909)*** (−0.0245) (1.2886) 

 
(−0.7198) (−0.0841) (0.0793) (1.6873)* 

UPM .8/LPM3.0 0.1355 0.0297 −0.0370 0.0813 UPM3.0/LPM3.0 −0.0540 −0.0520 0.0116 0.1168 

 
(2.1884)*** (0.4746) (−0.5928) (1.3059) 

 
(−0.8653) (−0.8338) (0.1856) (1.8813)* 

UPM1.0/LPM4.0 0.0178 −0.0745 −0.0359 0.0818 UPM4.0/LPM4.0 0.0600 −0.0118 0.0160 0.1292 

 
(0.2855) (−1.1961) (−0.5755) (1.3131) 

 
(0.9619) (−0.1880) (0.2555) (2.0843)** 

PROSPECT THEORY 
   

RISK SEEKING 
    

UPM .4/LPM1.0 0.0844 −0.0179 −0.0051 0.0964 UPM2.0/LPM1.0 0.0594 −0.0905 0.0147 0.0999 

 
(1.3560) (−0.2858) (−0.0823) (1.5491) 

 
(0.9523) (−1.4535) (0.2360) (1.6064) 

UPM .9/LPM2.0 0.1103 −0.0758 −0.0055 0.1255 UPM4.0/LPM2.0 −.0255 −.0517 −.0195 0.1045 

 
(1.7757)* (−1.2162) (−0.0872) (2.0240)* 

 
(−0.4082) (−0.8277) (−0.3120) (1.6817)* 

UPM .9/LPM2.0 0.0942 −0.0668 0.0154 0.0731 UPM6.0/LPM3.0 −0.0277 −0.0256 −0.0133 0.0904 

 
(1.5132) (−1.0705) (0.2462) (1.1724) 

 
(−0.4427) (−0.4093) (−0.2122) (1.4520) 

UPM1.8/LPM4.0 −0.0510 −0.0630 −0.0497 0.1036 UPM8.0/LPM4.0 0.0362 −0.0718 0.0002 0.1205 

 
(−0.8176) (−1.0105) (−0.7963) (1.6661)* (0.5798) (−1.1513) (0.0033) (1.9426)* 

Mean hist-correlation between historic performance measure and historic mean return. *10% significance; mean hold-correlation between historic performance 
measure and holding mean return. **5% significance; urho hist-correlation between historic UPM/LPM adjusted for rho and historic mean return. ***1% signific-
ance; urho hold-correlation between historic UPM/LPM adjusted for rho and holding mean return. ****0.1% significance. 
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Table 2. Pearson rank correlation results for various performance measures January 1978 to January 1989. 258 Companies with holding 
period February 1987 to January 1989—two years. 

Begin Historic 1 January 1978 
      

End Historic 109 January 1987 
      

Begin Holding 110 February 1987 
      

End Holding 133 January 1989 
      

T-Tests in Parenthesis 
       

Statistic Mean Hist Mean Hold Urho Hist Urho Hold 
 

Mean Hist Mean Hold Urho Hist Urho Hold 

R/V 0.0776 0.0322 
       

 
(1.2453) (0.5152) 

       
Jensen Alpha −0.0480 0.0240 

       

 
(−0.7689) (0.3835) 

       
R/SV 0.0340 −0.0689 

       

 
(0.5443) (−1.1058) 

       
R/B −0.1145 0.0628 

       

 
(−1.8436)* (1.0073) 

       
RISK AVERSE 

    
RISK NEUTRAL 

    
UPM0.3/LPM1.0 0.0295 −0.0521 −0.0794 0.1761 UPM1.0/LPM1.0 −0.0492 −0.0485 −0.0825 0.1930 

 
(0.4717) (−0.8350) (−1.2749) (2.8619)*** (−0.7881) (−0.7776) (−1.3250) (3.1469)*** 

UPM .5/LPM2.0 −0.0310 −0.0475 −0.0430 0.2161 UPM2.0/LPM2.0 −0.0438 −0.0759 −0.0595 0.2120 

 
(−0.4970) (−0.7611) (−0.6892) (3.5412)*** (−0.7016) (−1.2184) (−0.9533) (3.4700)*** 

UPM .8/LPM3.0 −0.0300 −0.0598 −0.0419 0.2097 UPM3.0/LPM3.0 0.0495 −0.0977 −0.0783 0.2245 

 
(−0.4809) (−0.9580) (−0.6708) (3.4319)*** (0.7927) (−1.5707) (−1.2567) (3.6866)*** 

UPM1.0/LPM4.0 −0.0155 −0.1627 −0.1110 0.2007 UPM4.0/LPM4.0 −0.0586 −0.0460 −0.0918 0.2669 

 
(−0.2486) (−2.6388)*** (−1.7865) (3.2779)*** (−0.9388) (−0.7364) (−1.4747) (4.4312)*** 

PROSPECT THEORY 
   

RISK SEEKING 
    

UPM .4/LPM1.0 0.0117 −0.0890 −0.0730 0.1749 UPM2.0/LPM1.0 0.0607 −0.1142 −0.0616 0.2524 

 
(0.1865) (−1.4303) (−1.1707) (2.8428)*** (0.9732) (−1.8392)* (−0.9881) (4.1742)*** 

UPM .9/LPM2.0 −0.0637 −0.0540 −0.0975 0.2373 UPM4.0/LPM2.0 0.1186 −0.0143 −0.0644 0.1669 

 
(−1.0207) (−0.8651) (−1.5681) (3.9079)*** (1.9105)* (−0.2290) (−1.0329) (2.7084)*** 

UPM .9/LPM2.0 0.0664 0.0390 −0.0816 0.2314 UPM6.0/LPM3.0 0.0007 −0.0183 −0.0695 0.2141 

 
(1.0652) (0.6239) (−1.3094) (3.8053)*** (0.0105) (−0.2928) (−1.1153) (3.5068)*** 

UPM1.8/LPM4.0 0.0197 −0.0255 −0.0619 0.2331 UPM8.0/LPM4.0 0.0703 −0.0719 −0.0838 0.1979 

 
(0.3150) (−0.4082) (−0.9926) (3.8360)*** (1.1268) (−1.1538) (−1.3448) (3.2303)*** 

Mean hist-correlation between historic performance measure and historic mean return. *10% significance; mean hold-correlation between historic performance 
measure and holding mean return. **5% significance; urho hist-correlation between historic UPM/LPM adjusted for rho and historic mean return. ***1% signific-
ance; urho hold-correlation between historic UPM/LPM adjusted for rho and holding mean return. ****0.1% significance. 
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Table 3. Pearson rank correlation results for various performance measures January 1988 to January 1999. 314 companies with holding 
period February 1998 to January 1999—one year. 

Begin Historic 1 January 1988 
      

End Historic 121 January 1998 
      

Begin Holding 122 February 1998 
      

End Holding 133 January 1999 
      

T-Tests in Parenthesis 
       

Statistic Mean Hist Mean Hold Urho Hist Urho Hold 
 

Mean Hist Mean Hold Urho Hist Urho Hold 

R/V 0.0668 0.0258 
       

 
(1.1821) (0.4559) 

       
Jensen Alpha 0.0141 0.0252 

       

 
(0.2489) (0.4461) 

       
R/SV 0.0358 0.0400 

       

 
(0.6321) (0.7070) 

       
R/B 0.0932 −0.0118 

       

 
(1.6538)* (−0.2076) 

       
RISK AVERSE 

   
RISK NEUTRAL 

   
UPM .3/LPM1.0 −0.0058 0.1098 0.0211 −0.0635 UPM1.0/LPM1.0 −0.0351 −0.0124 0.0523 −0.0746 

 
(−0.1031) (1.9519)* (0.3734) (−1.1237) 

 
(−0.6212) (−0.2197) (0.9249) (−1.3219) 

UPM .5/LPM2.0 −0.0955 0.0668 −0.0539 −0.1011 UPM2.0/LPM2.0 0.0220 0.0227 0.0329 −0.0807 

 
(−1.6953)* (1.1823) (−0.9537) (−1.7945)* 

 
(0.3891) (0.4004) (0.5816) (−1.4308) 

UPM .8/LPM3.0 −0.0310 −0.0436 −0.0437 −0.0776 UPM3.0/LPM3.0 0.0721 0.0916 −0.0110 −0.0637 

 
(−0.5485) (−0.7711) (−0.7732) (−1.3741) 

 
(1.2764) (1.6243) (−0.1950) (−1.1278) 

UPM1.0/LPM4.0 −0.0279 0.0085 0.0184 −0.0720 UPM4.0/LPM4.0 0.0026 0.0954 0.0056 −0.0842 

 
(−0.4922) (0.1506) (0.3253) (−1.2752) 

 
(0.0452) (1.6924)* (0.0998) (−1.4933) 

PROSPECT THEORY 
  

RISK SEEKING 
   

UPM .4/LPM1.0 0.0029 0.0521 0.0131 −0.0911 UPM2.0/LPM1.0 −0.0238 −0.0316 −0.0041 −0.0730 

 
(0.0521) (0.9215) (0.2309) (−1.6161) 

 
(−0.4201) (−0.5587) (−0.0718) (1.2921) 

UPM .9/LPM2.0 0.0356 −0.1113 0.0228 −0.0863 UPM4.0/LPM2.0 −0.0057 0.1209 −0.0092 −0.0803 

 
(0.6287) (−1.9784)* (0.4032) (−1.5309) 

 
(−0.1009) (2.1516)** (−0.1622) (−1.4234) 

UPM .9/LPM2.0 0.0303 0.0714 0.0127 −0.0738 UPM6.0/LPM3.0 −0.0676 −0.0165 −0.0429 −0.0679 

 
(0.5356) (1.2637) (0.2252) (−1.3073) 

 
(−1.1969) (−0.2919) (−0.7577) (−1.2021) 

UPM1.8/LPM4.0 0.0749 −0.0055 0.0173 −0.0950 UPM8.0/LPM4.0 0.0029 0.0412 −0.0318 −0.1002 

 
(1.3272) (−0.0968) (0.3054) (−1.6852)* (0.0518) (0.7276) (−.5615) (−10.7796)* 

Mean hist-correlation between historic performance measure and historic mean return. *10% significance; mean hold-correlation between historic performance 
measure and holding mean return. **5% significance; urho hist-correlation between historic UPM/LPM adjusted for Rho and historic mean return. ***1% signific-
ance; urho hold-correlation between historic UPM/LPM adjusted for rho and holding mean return. ****0.1% significance. 
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Table 4. Pearson rank correlation results for various performance measures January 1988 to January 1999. 314 companies with holding 
period February 1997 to January 1999—two years. 

Begin Historic 1 January 1988 
      

End Historic 109 January 1997 
      

Begin Holding 110 February 1997 
      

End Holding 133 January 1999 
      

T-Tests in Parenthesis 
       

Statistic Mean Hist Mean Hold Urho Hist Urho Hold 
 

Mean Hist Mean Hold Urho Hist Urho Hold 

R/V 0.0652 0.0218 
       

 
(1.1536) (0.3858) 

       
Jensen Alpha 0.0980 −0.0777 

       

 
(1.7392)* (−1.3773) 

       
R/SV −0.0021 0.0009 

       

 
(−0.0370) (0.0166) 

       
R/B 0.0216 0.0514 

       

 
(0.3819) (0.9086) 

       
RISK AVERSE 

   
RISK NEUTRAL 

   
UPM .3/LPM1.0 −0.0622 0.0695 −0.0016 −0.0974 UPM10.0/LPM10.0 −0.0177 −0.0764 0.0549 −0.0560 

 
(−1.1003) (1.2314) (−0.0276) (−1.7295)* −0.3130) (−10.3536) (0.9705) (−0.9915) 

UPM .5/LPM2.0 −0.0487 0.0033 −0.0053 −0.0482 UPM20.0/LPM20.0 0.0019 −0.0244 0.0097 −0.0512 

 
(−0.8620) (0.0584) (−0.0939) (−0.8528) (0.0329) (−0.4311) (0.1722) (−0.9049) 

UPM .8/LPM3.0 −0.0983 −0.0678 0.0096 −0.1018 UPM30.0/LPM30.0 −0.0200 −0.0454 0.0489 −0.0939 

 
(−1.7453)* (−1.1995) (0.1690) (−1.8080)* (−0.3531) (−0.8034) (0.8651) (−10.6652)* 

UPM1.0/LPM4.0 −0.0297 0.0308 0.0271 −0.0983 UPM40.0/LPM40.0 0.0447 0.0497 0.0156 −0.0734 

 
(−0.5250) (0.5437) (0.4786) (−1.7439)* (0.7909) (0.8786) (0.2761) (−10.3003) 

PROSPECT THEORY 
   

RISK SEEKING 
   

UPM .4/LPM1.0 0.0176 0.0347 0.0525 −0.1079 UPM20.0/LPM10.0 −0.0265 0.0861 0.0539 −0.1042 

 
(0.3103) (0.6136) (0.9290) (−1.9169)* (−0.4690) (10.5265) (0.9528) (−1.8503)* 

UPM .9/LPM2.0 0.0105 0.0664 0.0448 −0.0711 UPM40.0/LPM20.0 0.0364 0.0308 0.0265 −0.1107 

 
(0.1858) (1.1755) (0.7923) (−1.2588) (0.6429) (0.5438) (0.4691) (−1.9667)* 

UPM .9/LPM2.0 −0.0661 0.0574 −0.0044 −0.0660 UPM60.0/LPM30.0 −0.0085 0.0134 0.0181 −0.0957 

 
(−1.1708) (1.0158) (−0.0784) (−1.1691) 

 
(−0.1495) (0.2362) (0.3192) (−1.6980)* 

UPM1.8/LPM4.0 −0.1522 0.0324 0.0273 −0.0902 UPM80.0/LPM40.0 0.0509 −0.0649 −0.0011 −0.0794 

 
(−2.7207)*** (0.5726) (0.4829) (−1.6000) (0.9008) (−10.1492) (−0.0187) (−1.4068) 

Mean hist-correlation between historic performance measure and historic mean return. *10% significance; mean hold-correlation between historic performance 
measure and holding mean return. **5% significance; urho hist-correlation between historic UPM/LPM adjusted for rho and historic mean return. ***1% signific-
ance; urho hold-correlation between historic UPM/LPM adjusted for rho and holding mean return. ****0.1% significance. 



F. Viole, D. Nawrocki 
 

916 

Table 5. Pearson rank correlation results for various performance measures January 1998 to January 2009. 293 companies with holding 
period February 2008 to January 2009—one year. 

Begin Historic 1 January 1998 
      

End Historic 121 January 2008 
      

Begin Holding 122 February 2008 
      

End Holding 133 January 2009 
      

T-Tests in Parenthesis 
       

Statistic Mean Hist Mean Hold Urho Hist Urho Hold 
 

Mean Hist Mean Hold Urho Hist Urho Hold 

R/V 0.0659 −0.0128 
       

 
(1.1272) (−0.2175) 

       
Jensen Alpha 0.0793 −0.0605 

       

 
(1.3565) (−1.0346) 

       
R/SV 0.0609 −0.0389 

       

 
(1.0402) (−0.6642) 

       
R/B 0.1019 0.0342 

       

 
(1.7482)* (0.5834) 

       
RISK AVERSE 

   
RISK NEUTRAL 

   
UPM .3/LPM1.0 0.0293 0.0133 0.0043 0.1680 UPM1.0/LPM1.0 −0.0419 −0.0542 −0.0025 0.1904 

 
(0.5002) (0.2269) (0.0737) (2.9069)*** (−0.7149) (−0.9259) (−0.0433) (3.3088)*** 

UPM .5/LPM2.0 −0.0949 −0.0543 0.0060 0.1615 UPM2.0/LPM2.0 −0.0282 −0.1317 0.0025 0.1783 

 
(−1.6256) (−0.9283) (0.1024) (2.7918)*** (−0.4805) (−20.2671)** (0.0419) (3.0917)*** 

UPM .8/LPM3.0 −0.0437 0.0063 0.0078 0.1343 UPM3.0/LPM3.0 0.0080 −0.0797 −0.0194 0.1812 

 
(−0.7467) (0.1067) (0.1336) (2.3111)** (0.1371) (−10.3637) (−0.3312) (3.1422)*** 

UPM1.0/LPM4.0 −0.0402 −0.1010 0.0249 0.1342 UPM4.0/LPM4.0 0.1134 0.0749 −0.0318 0.1721 

 
(−0.6857) (−1.7314)* (0.4243) (2.3107)** (1.9472)* (1.2820) (−0.5420) (2.9812)*** 

PROSPECT THEORY 
  

RISK SEEKING 
   

UPM .4/LPM1.0 −0.0345 −0.0575 0.0154 0.1694 UPM2.0/LPM1.0 0.1219 −0.1407 −0.0192 0.1714 

 
(−0.5892) (−0.9825) (0.2633) (2.9327)*** (2.0949)** (−2.4249)** (−0.3281) (2.9679)*** 

UPM .9/LPM2.0 0.0758 0.0414 0.0132 0.1630 UPM4.0/LPM2.0 0.0489 −0.0700 0.0338 0.1659 

 
(1.2962) (0.7063) (0.2248) (2.8183)*** (0.8348) (−10.1964) (0.5774) (2.8690)*** 

UPM .9/LPM2.0 −0.0759 0.1291 0.0263 0.1422 UPM6.0/LPM3.0 −0.0714 −0.1033 −0.0081 0.1560 

 
(−1.2985) (2.2209)** (0.4484) (2.4514)** (−1.2211) (−1.7711)* (−0.1389) (2.6941)*** 

UPM1.8/LPM4.0 0.0122 −0.1569 0.0021 0.1572 UPM8.0/LPM4.0 −0.0088 −0.0011 0.0095 0.1885 

 
(0.2083) (−2.7096)** (0.0361) (2.7148)*** (−0.1493) (−0.0184) (0.1615) (3.2747)*** 

Mean hist-correlation between historic performance measure and historic mean return. *10% significance; mean hold-correlation between historic performance 
measure and holding mean return. **5% significance; urho hist-correlation between historic UPM/LPM adjusted for rho and historic mean return. ***1% signific-
ance; urho hold-correlation between historic UPM/LPM adjusted for rho and holding mean return. ****0.1% significance. 
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Table 6. Pearson rank correlation results for various performance measures January 1998 to January 2009. 293 Companies with holding 
period February 2007 to January 2009—two years. 

Begin Historic 1 January 1998 
      

End Historic 109 January 2007 
      

Begin Holding 110 February 2007 
      

End Holding 133 January 2009 
      

T-Tests in Parenthesis 
       

Statistic Mean Hist Mean Hold Urho Hist Urho Hold 
 

Mean Hist Mean Hold Urho Hist Urho Hold 

R/V 0.1072 0.0666 
       

 
(1.8391)* (1.1379) 

       
Jensen Alpha −0.0199 −0.0292 

       

 
(−0.3400) (−0.4983) 

       
R/SV 0.1689 0.0269 

       

 
(2.9232)*** (0.4591) 

       
R/B −0.0515 −0.0440 

       

 
(−0.8799) (−0.7508) 

       
RISK AVERSE 

   
RISK NEUTRAL 

   
UPM .3/LPM1.0 0.0252 −0.0140 −0.0148 0.1989 UPM1.0/LPM1.0 0.0212 0.0539 −0.0181 0.1574 

 
(0.4303) (−0.2383) (−0.2527) (3.4613)*** (0.3618) (0.9213) (−0.3087) (2.7194)*** 

UPM .5/LPM2.0 −0.0395 −0.0020 −0.0690 0.1606 UPM2.0/LPM2.0 0.0553 0.0650 −0.0326 0.1542 

 
(−0.6752) (−0.0333) (−1.1805) (2.7749)*** (0.9440) (1.1120) (−0.5563) (2.6621)*** 

UPM .8/LPM3.0 0.0337 −0.0660 −0.0289 0.1638 UPM3.0/LPM3.0 0.1591 −0.0154 −0.0501 0.1814 

 
(0.5752) (−1.1288) (−0.4939) (2.8319)*** (2.7486)*** (−0.2630) (−0.8565) (3.1471)*** 

UPM1.0/LPM4.0 0.0285 −0.0336 −0.0535 0.1556 UPM4.0/LPM4.0 0.1512 0.0833 −0.0527 0.1805 

 
(0.4866) (−0.5729) (−0.9138) (2.6871)*** (2.6087)*** (1.4266) (−0.9008) (3.1314)*** 

PROSPECT THEORY 
  

RISK SEEKING 
   

UPM .4/LPM1.0 −0.0117 0.0482 −0.0170 0.1930 UPM2.0/LPM1.0 0.0755 −0.0418 0.0120 0.1890 

 
(−0.1988) (0.8236) (−0.2905) (3.3558)*** (1.2919) (−0.7139) (0.2041) (3.2827)*** 

UPM .9/LPM2.0 0.0436 0.0721 −0.0309 0.1867 UPM4.0/LPM2.0 0.1081 0.0121 −0.0676 0.1549 

 
(0.7441) (1.2331) (−0.5269) (3.2413)*** (1.8546)* (0.2057) (−1.1554) (2.6747)*** 

UPM .9/LPM2.0 −0.0140 −0.0620 0.0042 0.1158 UPM6.0/LPM3.0 −0.0440 −0.0329 −0.0087 0.1626 

 
(−0.2390) (−1.0599) (0.0715) (1.9891)** (−0.7520) (−0.5612) (−0.1488) (2.8104)*** 

UPM1.8/LPM4.0 −0.0748 0.0409 −0.0164 0.1972 UPM8.0/LPM4.0 0.1061 −0.0160 −0.0296 0.1755 

 
(−1.2802) (0.6979) (−0.2798) (3.4305)*** (1.8205)* (−0.2723) (−0.5052) (3.0418)*** 

Mean hist-correlation between historic performance measure and historic mean return. *10% significance; mean hold-correlation between historic performance 
measure and holding mean return. **5% significance; urho hist-correlation between historic UPM/LPM adjusted for rho and historic mean return. ***1% signific-
ance; urho hold-correlation between historic UPM/LPM adjusted for rho and holding mean return. ****0.1% significance. 
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strong predictive power throughout all UPM/LPM measures. At the same time, none of 
the measures were very explanatory. 

In Period 2 (January 1988-January 1998, Table 3 and Table 4), 1 year holding pe-
riod, we see some scattered predictive and almost no explanation. With the 2 year 
holding period, the predictive UPM/LPM had significant correlations for the risk seek-
ing and risk averse UPM/LPM measures. 

In Period 3 (January 1998-January 2009, Table 5 and Table 6), 1 year holding pe-
riod, we see our explanatory UPM/LPM measures has some bright spots, but the major 
significance is with our predictive UPM/LPM model working with the out-of-sample 
holding period. All of the utility functions represented in our UPM/LPM models had 
significant predictive power for the one year holding period. This result is repeated for 
the two year holding period with all of the predictive UPM/LPM models showing sig-
nificant predictive power for the holding period. 

As an important note to our results, the inconsistency of our predictive metric 
throughout all degree values is actually a major differentiation between our metric and 
the MPT/PMPT offerings. If we were philosophically aligned with the MPT/PMPT 
one-size-fits-all efficient frontier, then the inconsistency would be a concern. However, 
we are not; we offer a framework. It is up to the individual investor to categorize them-
selves with their own characteristics. Classifications of those characteristics are then 
presented in our results. Therefore, it should not be universal or consistent across val-
ues as each investor is not homogenous. Example, in some periods a risk seeking in-
vestor may benefit more than their risk averse counterpart. In fact, we need to divorce 
the notion of a global optimum efficient frontier and replace it with an individual effi-
cient frontier that is as non-stationary as the individual utilizing the metric and may in 
fact look completely different than the concavity preached for decades.  

5. Conclusions 

Edward Thorp [24], the famed MIT professor who penned “Beat the Dealer” in 1962 
picked up on the relationship between observed and expected volatility. Assigning a 
positive count to a small card dealt to the table reflected the larger remaining high cards 
that would lead to an increased probability of a dealer bust. Not saying the next hand or 
the hand following that, but over the remaining hands dealt this probability would be 
observed. He was right, and in the process got himself banned from every casino im-
aginable while forcing the industry to make it exponentially harder to spot this inevita-
ble truth. And if you can do it now, they still throw you out. 

Madoff, LTCM, Bayou, Matador funds were all able to raise large sums of money 
under the guise that they could contain volatility while effectively disregarding the un-
derlying Brownian forces. The continued prevalence of these metrics and indeed the 
financial crisis itself is a testament to the fact that this painful lesson, repeated time and 
again, has not been learned. Risk is not bad. In fact, it is necessary for growth. Russell 
Ackoff [20] also notes that your best learning is to learn from doing the right thing 
wrong, otherwise you already know how to do it. With over four decades of learning, 
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one would think that by now, risk managers should be the smartest guys in the room. 
The investment industry does its best to warn us, have you ever heard or noticed in 

print, “Past performance is not indicative of future results?” With the misapplication of 
explanatory metrics leading to the creation of ex post efficient portfolios, it doesn’t ap-
pear many have heeded this prominent warning in their generation of ex ante portfo-
lios. Our use of statistical certainty (ρ) as a punitive variable in quantifying risk hum-
bles the methodology in so far as admitting we are beholden to a Knightian uncertain 
future12. 
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not predictions. The error lies not in the bias, but in the extrapolation of the explana-
tions. 
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