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Calibrating Option Overlay Strategies 
 

Jivendra K. Kale1 
 

Option overlay strategies are popular with fund managers trying to boost 
the returns that they would otherwise earn with long positions in the assets 
they hold in their portfolios, when the forecast is for a down market.  By 
and large these managers make decisions about the size of the overlay 
positions that are based on intuition about the risks they are taking and the 
potential gains.  These risks are compounded by the extreme skewness 
in option returns.  We show that the size of the option overlay can be 
calibrated by using Power-Log utility functions that reflect the manager's 
risk preferences, and require a single input, the downside power, to 
capture the entire array of preferences for gains versus losses, and all the 
moments of the portfolio return distribution.  Using market data for the 
S&P500 index, a call option on the index and a treasury security, we 
construct the best call option overlays for managers with low, average and 
high aversion to losses, as expressed by the downside power in the 
Power-Log utility function.  Our results show that using Power-Log utility 
functions for calibrating the optimal overlays is extremely effective when 
assets with extreme skewness in their returns, such as options, are 
included in the portfolio mix, and produce higher returns while accounting 
for the risk of losses.  Remarkably, the difference between the size of the 
optimal overlay positions for managers with different risk preferences turns 
out to be small, which is a reflection of the overall reduction in risk when 
call options are written against a long position in the underlying assets. 
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1. Introduction 
 
A common overlay strategy used by portfolio managers is writing calls against a market 
index, when they believe the market is likely to be down, and is known as a covered call 
strategy.  Power-Log optimization offers a simple and powerful means for calibrating the 
size of the option overlay, since it is very effective in taking advantage of the skewness in 
option returns to control downside risk.  It uses a single parameter, the downside power 
in the Power-Log utility function, to represent the risk preferences of an investor, which 
distinguishes it from all other downside risk management methods.  Using market data 
for the S&P500 index, a call option on the index and a treasury security, we construct 
option overlays for aggressive, moderate and conservative investors for a market 
scenario where the market is expected to be down by 8%.  As expected, the more 
negative the downside power in the Power-Log utility function, the more conservative the 
resulting portfolios.  Interestingly, we find that the optimal portfolios are not very sensitive 
to variations in investor risk preferences. 
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2. Literature Review 
 
Existing methods of portfolio construction that focus on downside risk, either trade off 
mean return for a portfolio against some measure of downside risk, such as Value at Risk, 
or lower partial moments such as and Conditional Value at, focus on below target returns, 
or use dynamic hedging to insure portfolios.  For a literature review see Kale, (2006), and 
Kale and Sheth (2016).  All these methods are based on arbitrary tradeoffs between risk 
and return, and are not based on investor preferences incorporated in utility functions.  In 
contrast, Power-Log optimization uses investor preferences expressed in Power-Log 
utility functions that are based on tenets of behavioral finance. 
 

3. Methodology 
 
The following description of Power-Log utility functions follows Kale [2006].  Prospect 
theory (Kahneman and Tversky [1979]) and behavioral finance provide good descriptive 
models for investor behavior, but fall short as prescriptive, or normative, models.  Kale 
[2006] modifies Tversky and Kahneman’s [1991] S-shaped utility function to develop a 
normative model for portfolio selection based on the Power-Log utility function, which is 
defined as, 

  0for         1ln  rrU     (3) 

  0for       1
1

     rr



     

Where, 
r portfolio return 

 power, is less than or equal to 0 
 
Figure 1 shows an example of Power-Log utility functions with downside powers zero and 
–6.  Selecting a downside power of zero is equivalent to using a log utility function for 
losses, which will result in the construction of a maximum growth portfolio since the utility 
function for gains is also a log utility function.  Investors can increase the level of downside 
protection they build into their portfolios by reducing the downside power.  Lower, more 
negative, values of the downside power represent greater aversion to losses since the 
penalty for losses increases, while the value associated with gains is unchanged.  The 
Power-Log utility function with downside power -6 represents greater loss aversion than 
the one with downside power zero, but both have the log utility function for gains. 
 
Power-log utility functions are characterized by an increasing sensitivity to losses as the 
size of losses increases, which represents risk averse behavior that is modeled with a 
concave function.  As a result Power-Log utility functions are concave for the entire 
domain and model risk averse investor behavior across the board, and conform to the 
Friedman-Savage (1948) axioms for a risk averse utility function, and work very well as a 
normative model for representing investor preferences. 
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Figure 1: Power-Log Utility Function with Downside Power 0 and -6 
 

 
 

To construct optimal portfolios, the expected utility criterion developed by Von Neumann 
and Morgenstern (1944), and Savage (1964) gives us the following one-period 
optimization problem for selecting assets weights, wi: 

Maximize 


s

ssUpUE )(     (4) 

where, 
s scenario s, and the summation is over all scenarios 
ps probability of scenario s 
Us utility of portfolio return rs in scenario s, where utility is defined by 
 the Power-Log function in Equation 3 

 
The portfolio return, rs, is calculated as an investment weighted average of the returns to 
the assets in the portfolio, 


i

isis rwr      (5) 

where, 
i asset i, and the summation is over all assets in the portfolio 
wi investment weight of asset i in the portfolio 
ris  return to asset i in scenario s 
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The following description of the methodology for constructing portfolios follows Kale & 
Sheth [2016].  We construct optimal portfolios using Power-Log utility functions and 
rebalance them once a year2.  Our data spans twenty-four years from 1991 through 2014, 
and includes periods with wide swings in the stock market.  In each year the portfolio is 
purchased on the December expiration date of the call option and sold on the December 
expiration date of the following year, which is also the rebalancing date.  In other words, 
portfolio rebalancing is synchronized with the December expiration dates of the call 
option.  For example, for the first year, an optimal portfolio is constructed and purchased 
on December 21, 1990, the expiration date in December 1990; it is held for one year and 
sold on December 20, 1991, the expiration date in December 1991, when a new optimal 
portfolio is constructed and purchased for the following year.  To construct the optimal 
portfolio on December 21, 1990, we select the closest to the money call option that 
expires on December 20, 1991.  Table I shows the selected call options, where we have 
calculated the purchase price as the average of the closing bid and ask on the purchase 
date, which is justified since option trades made by portfolio managers using Power-Log 
optimization will typically be made with limit orders that lie within the bid ask spread in 
order to control transactions costs.  The treasury data is from the Federal Reserve Bank, 
the S&P500 index data is from yahoo.com, and the options data is from CSI Data and 
DeltaNeutral.com. 
 
To construct an optimal portfolio, we need the joint distribution of returns for all assets 
that can be included in the portfolio. Given the assets in our portfolios, the main 
distribution required is the probability distribution of annual returns for the S&P500 index, 
which is approximately lognormal. That allows us to use the Black-Scholes option pricing 
model to calculate the implied volatility for the index from the price of the closest to the 
money call option at the beginning of each holding period. This implied volatility is also 
shown in Table I, and serves as our estimate for future volatility of the S&P500 index. 
 
Assuming that annual S&P 500 returns are approximately lognormal, we simulate the ex-
ante distribution for the S&P 500 log return as a normal distribution for the coming year.  
The Black-Scholes implied volatility shown in Table I gives us a market forecast for the 
standard deviation of return for the simulation. Since call writing can be profitable when 
the market is expected to drop, we model a down market scenarios where the expected 
log return for the S&P 500 index is -8%. 
 
To avoid the problem of fickle randomly generated points, we use deterministic simulation 
instead of Monte Carlo simulation.  We generate one million observations by dividing the 
domain of the lognormal return distribution into one million intervals of equal probability, 
and then calculate the median for each interval. Using one million observations gives us 
sufficient and consistent representation in the tails of the return distribution. 
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Table I: Selected Call Options (1991-2014) 

 Year 
Purchase 

Date 
S&P500 
Close 

Strike 
Price  

Expiration 
Date 

Option 
Purchase 

Price 
B-S Implied 
Volatility (%) 

                 

         

 1 12/21/1990 331.75 325  12/20/1991 38.25 23.58 

 2 12/20/1991 387.04 400  12/18/1992 19.12 15.39 

 3 12/18/1992 441.28 450  12/17/1993 21.19 13.67 

 4 12/17/1993 466.38 460  12/16/1994 28.75 13.04 

 5 12/16/1994 458.8 450  12/15/1995 41.50 15.10 

 6 12/15/1995 616.34 625  12/20/1996 36.13 12.88 

 7 12/20/1996 748.87 750  12/19/1997 65.00 18.12 

 8 12/19/1997 946.78 950  12/18/1998 101.00 23.00 

 9 12/18/1998 1,188.03 1,200  12/17/1999 131.88 25.85 

 10 12/17/1999 1,421.03 1,425  12/15/2000 164.00 23.94 

 11 12/15/2000 1,312.15 1,300  12/21/2001 161.38 24.73 

 12 12/21/2001 1,144.89 1,150  12/20/2002 100.10 21.79 

 13 12/20/2002 895.76 900  12/19/2003 86.20 25.59 

 14 12/19/2003 1,088.66 1,100  12/17/2004 59.00 15.41 

 15 12/17/2004 1,194.20 1,200  12/16/2005 71.50 14.59 

 16 12/16/2005 1,267.32 1,265  12/15/2006 91.30 14.97 

 17 12/15/2006 1,427.09 1,425  12/21/2007 103.40 14.14 

 18 12/21/2007 1,484.46 1480  12/19/2008 143.90 22.78 

 19 12/19/2008 887.88 900  12/18/2009 119.95 39.48 

 20 12/18/2009 1102.47 1100  12/17/2010 94.90 23.66 

 21 12/17/2010 1243.91 1250  12/16/2011 87.25 20.19 

 22 12/16/2011 1219.66 1220  12/21/2012 115.80 26.67 

 23 12/21/2012 1430.15 1425  12/20/2013 94.50 18.85 

 24 12/20/2013 1818.32 1825  12/19/2014 96.10 15.95 

 
To generate the call option returns that correspond to the simulated S&P500 index 
returns, we use the market value for the index at the beginning of each year, and the 
simulated index returns to generate index values at the end of the year.  Next we calculate 
expiration values for the call option, based on these index values and the option’s strike 
price.  We use these expiration values and the purchase price of the call, to calculate a 
call option return that corresponds to each simulated S&P500 index return.  That gives 
us the simulated call return distribution that corresponds to the simulated S&P 500 index 
return distribution.  The expected call option return changes with the implied volatility that 
is used to generate the simulated S&P500 return; the higher the volatility, the higher the 
expected call option return. 
 
We combine the riskless return, which is based on the one-year constant maturity 
treasury yield, with the simulated return distributions for the S&P500 index and the call 
option on the index, to create an ex-ante joint return distribution for the three assets.  For 
a given S&P 500 expected log return, this ex-ante joint return distribution changes from 
one year to the next, as the treasury yield and the implied volatility of the S&P500 index 
change. 
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We use the simulated ex-ante joint return distribution at the beginning of each year to 
construct the optimal portfolio for that year, by solving the optimization problem defined 
by equations 3, 4 and 5. 
 

4. Optimal Overlays 
 
Tables II, III and IV shows optimal option overlay strategies and realized returns in down 
markets for downside powers of 0, -9 and -15 in the Power-Log utility function, which 
reflect the aversion to losses for an aggressive, an average and a conservative investor 
respectively, for the scenario where the log return on the S&P500 index is expected to be 
-8%.  For each optimal portfolio, the investment weight of the S&P 500 index is 
constrained to 100%, and the total investment in all the assets is also constrained to 
100%.  Given these constraints and the expectation of a down market, the optimal 
overlays have a short position in the call option as indicated by a negative weight for the 
investment in the call option, and the cash generated by selling the option is invested in 
the treasury.  The optimizer calibrates the overlay positions based on the preferences of 
the investor. 
 

Table II: Optimal Overlay Portfolios for Negative S&P 500 Return Years (1991-2014) 
(Downside Power 0, Expected S&P 500 Log Return -8%) 

 
    S&P500      Portfolio 

    Realized     ------    Optimal Asset Weights    ------  Realized 

    Return  Riskless S&P500 Call Option  Return 

 No. Year  (%)  (%) (%) (%)  (%) 

                     

           

 1 2000   -6.51   18.55 100.00 -18.55   13.13 

 2 2001   -11.50   19.30 100.00 -19.30   8.90 

 3 2002   -20.39   14.77 100.00 -14.77   -5.29 

 4 2008   -38.32   15.89 100.00 -15.89   -21.91 

 5 2011   -0.12   12.39 100.00 -12.39   12.31 

           

 Average   -15.37  16.18 100.00 -16.18  1.43 

 
The realized returns in all three tables show that in each year that the market was down, 
the optimal option overlays outperformed the S&P500 by substantial margins.  The largest 
gains were in 2000 and 2001, when the realized returns on S&P500 index were closest 
to the assumed -8% expected log return for the index.  For example, Table II shows that 
in 2001 when the market was down 11.50%, the realized returns for optimal overlay 
strategy was 8.90%, which is 20.40% higher than the realized return for the S&P500 
index. 
 
The optimal overlay strategies also performed very well in flat and down markets when 
the realized S&P500 return was far from the expected value used to model the S&P500 
returns.  For example, Table II shows that in 2011 when the market was essentially flat 
with an S&P500 return of -0.12%, the realized returns for optimal overlay strategy was 
12.31%, which is 12.43% higher than the realized return for the S&P500 index.  Similarly, 
in 2008 when the S&P500 return of -38.32%, the realized returns for optimal overlay 
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strategy was -21.91%, which is 16.41% higher than the realized return for the S&P500 
index. 
 

Table III: Optimal Overlay Portfolios for Negative S&P 500 Return Years (1991-2014) 
(Downside Power -9, Expected S&P 500 Log Return -8%) 

 
    S&P500      Portfolio 

    Realized     ------    Optimal Asset Weights    ------  Realized 

    Return  Riskless S&P500 Call Option  Return 

 No. Year  (%)  (%) (%) (%)  (%) 

                     

           

 1 2000   -6.51   16.54 100.00 -16.54   11.01 

 2 2001   -11.50   17.29 100.00 -17.29   6.78 

 3 2002   -20.39   12.96 100.00 -12.96   -7.14 

 4 2008   -38.32   14.05 100.00 -14.05   -23.80 

 5 2011   -0.12   10.70 100.00 -10.70   10.61 

           

 Average   -15.37  14.31 100.00 -14.31  -0.51 

 
 
Table IV: Optimal Overlay Portfolios for Negative S&P 500 Return Years (1991-2014) 

(Downside Power -15, Expected S&P 500 Log Return -8%) 

 
    S&P500      Portfolio 

    Realized     ------    Optimal Asset Weights    ------  Realized 

    Return  Riskless S&P500 Call Option  Return 

 No. Year  (%)  (%) (%) (%)  (%) 

                     

           

 1 2000   -6.51   15.93 100.00 -15.93   10.36 

 2 2001   -11.50   16.69 100.00 -16.69   6.15 

 3 2002   -20.39   12.47 100.00 -12.47   -7.64 

 4 2008   -38.32   13.54 100.00 -13.54   -24.33 

 5 2011   -0.12   10.28 100.00 -10.28   10.19 

           

 Average   -15.37  13.78 100.00 -13.78  -1.05 

 
As we go from the optimal overlays for downside power 0 to -9 to -15, in Tables II, III and 
IV respectively, the magnitude of option overlays and the corresponding realized 
outperformance over the S&P500 decrease, since the optimal portfolios are more 
conservative.  The average investment weight of the short call option position drops from 
16.18% to 14.31% to 13.78%, and the corresponding average outperformance over the 
S&P500 returns drops from 16.80% to 14.86% to 14.31%.  Clearly, the riskiest overlays 
are not markedly different from the more conservative overlays in terms of their size and 
their performance.  This is explained by the hedged nature of the optimal portfolios, where 
the short call positions hedge a significant part of each portfolio’s equity exposure, 
resulting in portfolios that are inherently less risky. 
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5.  Implementation 
 
The Power-Log optimization methodology provides investors a simple and elegant way 
to calibrate their option overlays for otherwise long-only portfolios, to take advantage of 
down market forecasts and generate significantly better returns than with the long-only 
positions.  It can be used with simulated return distributions and empirical distributions of 
return.  In our examples, we have used call option overlays, but the methodology works 
just as well with put option overlays. 
 

6. Conclusion 
 
For portfolios containing assets whose return distributions are normal and nonnormal, 
Power-Log optimization offers a unique approach to constructing portfolios that conform 
closely to investor preferences by taking advantage of the skewness and kurtosis in 
returns.  There is no need to trade off expected return against second, third and fourth 
moments of the portfolio return distribution as in other methods that control for downside 
risk.  With Power-Log utility functions which combine tenets of behavioral finance with 
multiperiod portfolio theory to represent investor preferences realistically, we can model 
and model the entire range of investor preferences from high to low tolerance for losses 
with a single parameter, the downside power.  This allows us to design optimal option 
overlays for otherwise long only positions in a simple and elegant way; 
 
 

References 
  
Bawa, V. S. 1978. "Safety-first, stochastic dominance, and optimal portfolio choice," 

Journal of Financial and Quantitative Analysis, vol. 13, no. 2, pp. 255-271. 
Best, Michael J., and Ritter, K. 1976. "A Class of Accelerated Conjugate Direction 

Methods for Linearly Constrained Minimization Problems," Mathematics of 
Computation, vol. 30, no. 135, pp. 478-504. 

Cremers, J., Kritzman, M. and Page, S. 2005. "Optimal hedge Fund Allocations: Do 
Higher Moments Matter?" The Journal of Portfolio Management, vol. 31, no. 3, pp. 
70-81. 

Fishburn, P. C. 1977. "Mean-risk analysis with risk associated with below-target returns," 
The American Economic Review, vol. 67, no. 2, pp. 116-126. 

Friedman, M., and Savage, L. J.  1948. "The Utility Analysis of Choices Involving Risk," 
The Journal of Political Economy, vol. 56, no. 4, pp. 279-304. 

Grauer, R. R., and Hakansson, N. H. 1982. "Higher Return, Lower Risk: Historical Returns 
on Long-Run, Actively Managed Portfolios of Stocks, Bonds and Bills, 1936-1978," 
Financial Analysts Journal, vol. 38, pp. 39-53. 

Kahneman, D., and Tversky, A. 1979. "Prospect Theory: An Analysis of Decision under 
Risk," Econometrica, vol. 47, pp. 263-291. 

Jarrow, R. and Zhao, F. 2006. "Downside loss aversion and portfolio management," 
Management Science, vol. 52, no. 4, pp. 558-566. 

Kale, J. K. 2006. "Growth Optimization with Downside Protection: A New Paradigm for 
Portfolio Selection," The Journal of Behavioral Finance, vol. 7, no. 1, pp. 146-150. 



Proceedings of 39th International Business Research Conference 

15 - 16 December 2016, Shinjuku Washington Hotel, Tokyo, Japan 

ISBN: 978-1-925488-24-1 
 

   

Kale, J. K. 2011. "A Deterministic Simulation Methodology for Evaluating Optimal Power-
Log Utility and Other Portfolios when Asset Returns are Skewed," Presented at 
the Fortieth Annual Meeting of the Western Decision Sciences Institute. 

Kale, J. K. and Sheth, A. 2016. "Power-Log Optimization and Positively Skewed Option 
Returns Reduce Risk and Raise Portfolio Performance," Journal of Investing, vol. 
25, no. 3, pp. 29-37. 

Kelly, J. L. 1956. "A New Interpretation of Information Rate," Bell Systems Technical 
Journal, vol. 35, pp. 917-926. 

Leland, H. 1999. Beyond Mean-Variance: "Performance Measurement in a 
Nonsymmetrical World," Financial Analysts Journal, vol. 55, no. 1, pp. 27-36. 

Leland, H. and Rubinstein, M. 1988.  "The Evolution of Portfolio Insurance. Dynamic 
Hedging: A Guide to Portfolio Insurance," ed. Don Luskin, John Wiley and Sons. 

Markowitz, H. M. 1952. "The Utility of Wealth" Journal of Political Economy, vol. 60, pp. 
151-158. 

Markowitz, H. M. 1952. "Portfolio Selection," Journal of Finance, vol. 8, pp. 77-91. 
Markowitz, H. M. 1959, 1991. Portfolio Selection, Blackwell. 
Markowitz, H. M. 1976. "Investment for the Long Run: New Evidence for an Old Rule," 

Journal of Finance, vol. 31, pp. 1273-1286. 
Patton, A. J. 2004. "On the out-of-sample importance of skewness and asymmetric 

dependence for asset allocation," Journal of Financial Econometrics, vol. 2, no. 1, 
pp. 130-168. 

Pedersen, C. 2001. "Derivatives and downside risk,” Derivatives Use, Trading and 
Regulation, vol. 7, no. 3, pp. 251-268. 

RiskMetrics – Technical Document, J. P. Morgan, December 17, 1996. 
Rockafellar, R. T., and Uryasev, S. (2000). "Optimization of Conditional Value-at-Risk," 

Journal of Risk vol. 2, pp. 21-41. 
Rubinstein, M. 1991.  "Continuously Rebalanced Investment Strategies," Journal of 

Portfolio Management, vol. 18, no. 1, pp. 78-81. 
Rubinstein, M. and Leland, H. 1981. "Replicating Options with Positions in Stock and 

Cash," Financial Analysts Journal, vol. 37, no. 4, pp. 63-72. 
Samuelson, P. A. 1971. "The “Fallacy” Of Maximizing The Geometric Mean in Long 

Sequences of Investing or Gambling," Proceeding of the National Academy of 
Science USA, vol. 68, pp. 2493-2496 

Savage, L. 1964. The Foundations of Statistics, Wiley, New York. 
Tversky, A., and Kahneman, D. 1991. "Loss Aversion in Riskless Choice: A Reference-

Dependent Model," Quarterly Journal of Economics, vol. 106, pp. 1039-1061. 
Von Neumann, J. and Morgenstern, O. 1944. Theory of Games and Economic Behavior, 

Princeton University Press, Princeton, New Jersey. 


