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ABSTRACT 

The Random Walk Hypothesis (RWH) when applied to stock prices makes strong 

statements about such things as serial correlation and momentum in stock returns and 

about the information carried in the path of the stock price. Its significance to Finance 

has motivated many tests of the RWH. This paper, using data from 1963-1997, tests the 

RWH and then evaluates those tests using simulated data. We find that the data reject the 

RWH and that rejections are stronger using NASDAQ firms than they are with 

NYSE/AMEX firms. The time series properties of the rejection of the RWH suggest that 

recently prices more closely conform to the properties of a random walk than they did in 

the more distant past. The simulation results show that if the true underlying price 

process is a random walk, market imperfections such as price discreteness are sufficient 

to reject the random walk hypothesis. The time series properties of the rejection of the 

RWH are consistent with a narrowing of the bid ask spread through time. 

Covered call strategies are touted as win-win strategies. If share prices rise strongly 

then shares are sold and the gain is locked in. If share prices are flat or fall then the 

premiums from the sale of the call options act as additional income to supplement the 

poor performance of the stocks. The last two chapters in this paper compare covered call 

strategies to a simple buy and hold strategy, using data from 1989-1998. The results 

show that the buy and hold strategy out-performs the covered call strategy over this 

period even after adjusting for systematic risk and co-skewness with the market. 

Empirical comparisons of buy and hold and covered call strategies are period dependent 

and difficult to generalize as market performance plays a key role. Bootstrapping and 
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simulation provide control over market returns. Both simulated and empirical analyses 

consider transactions costs and taxes as well as account for the different risk assumed 

under each strategy. 
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CHAPTER 1: A TEST OF THE RANDOM WALK HYPOTHESIS 

This paper considers the random walk nature of security prices. The goal of the paper is 
to test the Random Walk Hypothesis (RWH), the hypothesis that stock prices can be 
characterized as random walk processes. This paper relies primarily on two tests of the 
RWH. The first test uses a variance ratio test as proposed by Perry (1982) and Lo and 
MacKlnlay (1988). The alternative test considers the information carried by the high and 
the low prices observed during the day in addition to the closing price. A simulation in 
which the true price process is a random walk is also performed. In the simulation, 
observed prices are derived from the true prices but are subject to microstructure effects. 
The empirical results of the tests of the Random Walk Hypothesis are then evaluated in 
light of the simulation results. The simulations highlight the need to account for the 
distorting effects of market microstructure on the price process in tests of the Random 
Walk Hypothesis. 

This paper is laid out as follows. Section 1 describes the Random Walk Hypothesis and 
indicates it significance for financial modeling. Section 2 describes the simulation 
technique employed In this paper. Following that in Section 3, are the simulation results, 
which incorporate varying degrees of market fnctions. The fourth section summarizes 
the simulation results and Introduces the related empirical investigation. Section 5 
describes the data employed in this study. Section 6 discusses the methods used to test 
the Random Walk Hypothesis using actual data. The empirical results are presented in 
the seventh section. Section 8 concludes this paper. 
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SECTION 1: THE RANDOM WALK HYPOTHESIS 

Introduction 
The {Random Walk Hypothesis states that conditioning the price at time r on all past 
prices provides no more information than is provided simply by considering the price at 
time t. 
1) f{x,  1 X , _ y ,  X ,_2 ) = f ix ,  ) 

The path traversed by the variable in arriving at its current state gives no information 
about the current state of the variable that is not already contained in the variable's 
current value. 

Granger (1970) points out that the Random Walk Hypothesis is concerned with 
predicting prices using past prices but makes no statement about the predictability of 
prices using all available information including, but not limited to, past prices. He also 
cautions that the Random Walk Hypothesis is concerned with the absolute level of prices 
not the relative level. 

Applying the Random Walk Hypothesis to security prices and ignoring drift, implies that 
the expected value of tomorrow's price, conditioned only on past prices, is today's price. 
Another implication of RWH is that the variance of the rate of change of a random walk 
process is linear in time. It is along these two lines that the tests of the random walk 
nature of security prices employed in this paper are concerned. 

Perry (1982) and Lo and MacKinlay (1988) employ a variance ratio test of the random 
walk hypothesis. If stock prices follow a random walk then the variance of stock returns 
should increase linearly in time. Returns measured over one-week intervals should 
exhibit half the volatility of returns measured over two week intervals. Using weekly 
data and a base period of one week, Lo and MacKinlay find that they can reject the 
Random Walk Hypothesis for equally weighted portfolios but cannot reject it using 
value-weighted portfolios. They perform a rough check for the impact of 
nonsynchronous trading and find that it cannot explain these results. Performing a 
similar test using a base period of four weeks they find they are unable to reject the 
hypothesis that stock prices follow a random walk using equally-weighted or value-
weighted portfolios. 

Smith (1994) points out that the data that Lo and MacKinlay use are contaminated by 
microstructuie effects, and that after controlling for these effects the rejection of the 
random walk is no longer supported by the data. Smith replicates the Lo and MacKinlay 
result using Dow 30 stocks. Next he repeats the test but this time as a joint test of the 
random walk model and the microstructure model designed to eliminate the 
microstructure effects. In this second test Smith is unable to reject the random walk 
hypothesis. 
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Previous tests of the Random Walk model of stock prices have used reported stock 
prices, generally closing prices. (Lo and MacKinlay use weekly prices constructed from 
daily closing prices.) The use of closing prices raises some issues. Use of the closing 
price throws out all information provided by other prices throughout the day and puts 
100% weight on a single price each day, the closing price. Mclnish and Wood (1991), 
Smith (1994) and Amihud and Mendelson (1987) all show that the closing price is a 
peculiar animal with very different properties from other prices during the day. It seems 
peculiar to give 100% weight to this price and no weight to any other price during the day 
in the test of a price process. The final foomote in the paper by Amihud and Mendelson 
captures this nicely. 

It is interesting to entertain the thought of how Finance textbooks would have treated the issue of 
market efficiency had the first empirical studies been carried out using open-to-open rather than 
close-to-close returns. 

Admittedly, the open is equally as suspect a choice as the close, but the quote highlights 
how the properties of prices sampled at different times during the day may be quite 
different. 

This paper recognizes the shortcoming of using closing prices. This paper will use the 
pricing data available in the CRSP database. In the second test of the random walk 
Hypothesis we attempt to exploit the additional information contained in the high and 
low prices of the day in addition to the closing price. The use of the day's trading range 
throws away less information than is thrown away using only the closing price, and it is 
the intent that the trading range should be much less subject to institution^ ejects than a 
single price would be. It is recognized, however, that the trading range is likely to 
impacted by the spread as will be seen. 

Parkinson (1980) demonstrated that the use of extreme values (the high and low prices) 
each day provide a better estimate of the volatility of the underlying process than is 
provided by simply using the closing price. The intuition is that the range of prices 
observed each day should be more informative about the volatility than a sin^e price is 
since both the variance and the range are measures of dispersion, while a single price is 
only a measure of the level. Beckers (1983), and Carman and Klass (1980) support this 
finding. 

Marsh and Rosenfeld (1986) consider the impact of non-trading and market making on 
estimates of volatility. They find that non-trading reduces the efficiency of volatility 
estimates but induces no bias, and that this impact is felt most acutely by extreme value 
estimators of volatility. Market making and the presence of informed traders, however, 
do induce a bias in volatiliQr estimates. They find that these effects diminish as stock 
price and volatility increase. 

The evidence suggesting that equity returns are serially correlated and that there is 
momentum in equity retums is inconsistent with the RWH. 
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Serial Correlation 
Constructing daily returns at hourly intervals during the trading day Smith (1994) notes 
that daily returns measured from close to close exhibit positive serial correlation, while 
daily returns measured from open to open exhibit negative serial correlation. He also 
notes that the bid/ask spread tends to be the widest and the volatility tends to be the 
highest early in the day and then the spread narrows, the volatility falls, and both remain 
fairly flat the rest of the day. 

Mclnish and Wood (1991) also construct daily returns using data on every trade for over 
1400 NYSE stocks in 1984. The trading day is broken at the open and then they break it 
again at each of the 24 flfteen minute intervals throughout the day', the last of which is 
the close. They construct "daily" (24-hour period) returns corresponding to each of these 
time intervals. They calculate "daily" returns at each interval for six equally weighted 
portfolios; one using all stocks and the other five are quintile portfolios based on trading 
frequency. 

They have two goals. The first is to determine the contribution of nonsynchronous 
trading to serial correlation in daily returns. The second goal is to better understand the 
time of day effect on returns. They find that: 
• Thin trading explains only about 20% of the serial correlation in daily returns. 
• Equally weighted portfolios exhibit a higher degree of serial correlation than do value 

weighted portfolios. 
• Portfolios of thinly traded stocks exhibit more serial correlation than portfolios of 

more heavily traded stocks. 
• Serial correlation, and frequency of trading exhibit a U-shaped pattern during the day, 

in that serial correlation is higher and trading is more frequent around the open and 
the close while serial correlation and trading frequency drop off during the middle of 
the day. 

Atchison, Butler, and Simonds (1987) also attribute serial correlation in returns to 
nonsynchronous trading. They find, that using the Scholes and Williams (1977) model of 
nonsynchronous trading and data from 1978-1981, that the model predicts that the serial 
correlation Just due to nonsynchronous trading is about 15% of the serial correlation 
observed in the data. They show theoretically that the equal-weighted index should 
exhibit higher serial correlation than the value-weighted index. They conclude with an 
interesting finding that the serial correlation in portfolio retums increases at a decreasing 
rate as the number of securities is increased from 1 to 30. After about 30 securities are 
included in the portfolio, the serial correlation remains approximately constant. 

' The market was open from 10:00ain until 4:00pm during 1984. 
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Boudoukh, Richardson, and Whitelaw (1994) (BRW) take issue with the small role of 
nonsynchronous trading in explaining serial correlation in returns. They break the 
explanations of serial correlation in portfolio returns into three schools: 

1. Loyalists - believe in market efficiency and attribute serial correlation to 
institutional factors and measurement error such as price discreteness and 
nonsynchronous trading. 

2. Revisionists - believe that serial correlation is due to time varying risk 
premia. 

3. Heretics - believe that information is impounded in prices slowly and this 
results in serially correlated returns. 

Using simulations and comparing the serial correlation of spot index returns to those of 
futures index returns they argue diat the data support the view of the Loyalists that the 
market is efficient and that institutional factors and nonsynchronous trading are more 
important than previously thought. 

Amihud and Mendelson (1987), using daily data on the Dow 30 stocks from Feb 8,1982-
Feb 18, 1983, compare return characteristics around the open to those at the close and 
report the following; 

1. Volume at the open accounts for roughly 5% of the daily volume and is about 
8 times as large as the volume at the close. 

2. The variance of returns at the open is 20-25% higher than the variance of 
returns at the close. 

3. Both the open and the close exhibit positive skewness of approximately equal 
magnitude but the kurtosis at the open is considerably larger than the kurtosis 
at the close. 

4. Auto>correlation at the open tends to be negative while auto-correlation at the 
close tends to be positive, which is consistent with Smith (1994). 

5. Find violations of the Random Walk Hypothesis at both the open and the 
close although the violations at the open are more egregious. 

These results are consistent with findings of Mclnish and Wood (1991). 

Campbell, Grossman and Wang (1993) (CGW) consider the relationship between volume 
and serial correlation in a supply and demand framework. They construct a model where 
information moves prices but has little impact on volume. Conversely, shocks to 
liquidity demand result in increases in volume and price changes that require liquidity 
demanders to compensate liquidity suppliers for the increased order flow. Thus CGW 
hypothesize that first order serial correlation in daily returns conditioned on high volume 
will be less positive than serial correlation conditioned on low volume. Using daily data 
on NYSE and AMEX stocks from 7/3/62-12/30/88 and using de-trended log of turnover 
as the volatility measure they find support for their model. Using data prior to 1963 
provides much weaker support. 
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Momentum 
Chan, Jegadeesh, and Lakonishok (1996) (CJL) look at price and earnings momentum as 
indications of future performance. Using data on all NYSE, AMEX and NASDAQ 
stocks over the period 1/77 -1/93 with sufficient earnings information on Compustat and 
IBES, they construct portfolios based on prior period price and earnings momentum. 
They find that both price momentum and earnings momentum strategies provide 
economically and statistically significant returns and that the information from the two 
momentum measures is not redundant. They find that these results cannot be explained 
away by firm size or beta and that the best performing portfolio of stocks in a momentum 
strategy has the least attractive book to price ratio. 
They suggest that price momentum is likely due to broad based market information while 
earnings momentum is related specifically to earnings information and that both types of 
information are impounded in the market slowly. CJL find that: 

• Price momentum is longer lived than is earnings momentum indicating that 
the information implied by price momentum is more slowly impounded in 
prices than is earnings information. 

• Positive momentum leads to eventual mean reversion while negative 
momentum firms continue to flounder. 

• They consider only the 1000 largest firms and find the results still hold. 
• They consider performance in both up and down markets and find that the 

high price and earnings momentum portfolio out performs the low price and 
earnings momentum portfolio in both states but outperforms greatly in up 
market periods. 

All of this means that there is considerable evidence suggesting that a random walk may 
not be the best characterization of the process followed by stock prices. This is supported 
by the work indicating that stock returns are serially correlated, and that they are subject 
to momentum. However, there is support for the RWH from literature that suggests that 
these features of stock returns are induced by institutional features rather than inherent in 
the stock price process. Taken together the literature suggests that tests of the RWH are 
inconclusive in light of the microstructure issues. 
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SECTION 2: DESCRIPTION OF THE PRICE SIMULATION 

Introduction 
A simulation of the price process was employed to control the underlying price process 
and the degree to which it is distorted by market imperfections. The simulation allows 
one to couch the empirical results in the context of the simulation. It also allows one to 
asses the power of the tests to distinguish the underlying price process from the observed 
prices process. 

The aspirations for this simulation are far less grand and considerably more focused. The 
purpose of this simulation is to better understand the relationship between the daily high, 
low, and closing prices and the relationship between the observed prices and the true 
price process. The simulation is designed to include elements of the microstructure that 
might impact interpretations about the true price process because the interpretations are 
based on the observed prices. The microstructure issues considered here are 

1. Price discreteness 
2. Trading frequency 
3. Degree of Time Compression during non-trading times 

The next section walks through the chronology of events during simulated trading and 
non-trading periods. This section is intentionally brief to preserve the flow of events 
through time and give a sense of the market features considered and modeled. Following 
the chronology is a more detailed discussion of and support for the construction of the 
simulation and the market features. 

Chronology of the Simulation 
The simulation starts with the construction of a trade calendar. Given the desired number 
of trading days and holidays, the calendar is constructed by adding weekends and 
randomly inserting holidays so that over the days spanned the desired number of trading 
days and non-trading days are realistically incorporated. With the calendar the 
simulation marches through the days determining if the day is a trading or non-trading 
day. 

On trading days, the number of trades per day is calculated based on a draw from a 
normal distribution with specified mean and standard deviation of the number of daily 
trades. Draws are truncated at zero with all draws less than zero set equal to zero. All 
draws are rounded to the nearest integer value. 

Armed with the number of trades on this day the timing of the trades during the day are 
taken as draws firom a U-shaped distribution. The U-shaped function concentrates more 
trades early and late in the day, with fewer trades during the midday. This is discussed in 
more detail below. 
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The true price is observed at regular intervals during the trading day.' Using the 
regularly sampled observations of the true price and the generated trading times, the true 
price at each trade time is calculated by linear interpolation based on the observations of 
the true price at the two times closest to the trade time (time-weighted average price). 

The volume per trade is calculated as a draw from a normal distribution with specified 
mean and standard deviation. All draws less than a specified minimum number of shares 
are set to the minimum number of shares. All other (kaws are rounded to the nearest 
desired increment (100 shares). 

Next, it is determined whether each trade during the day is a buy or a sell. This is 
determined for each trade sequentially by draws from a uniform, U(0,1), distribution 
which are compared to a threshold level. If the draw exceeds the threshold then that trade 
is a sale, otherwise it is a buy. The determination of the threshold, which varies for each 
trade, is based on the dealer's inventory level and is discussed in more detail below. 
With the number of shares traded and the determination of whether the trade is a buy or 
sell, the dealer's inventory balance is updated and the process is repeated for each trade 
on this day. 

The bid and ask prices are calculated based on four factors: 
• true price at the time of the trade, 
• the spread, 
• the degree to which the dealer's inventory is out of balance, and 
• the degree of price discreteness. 

The spread is drawn from a U-shaped distribution, such that spreads are wider early and 
late in the day and narrower during the middle of the day. The bid and ask prices are then 
set around the true price by placing the spread so as to reflect the dealer's desire to shade 
the bid and ask in the direction that relieves his inventory pressure. The bid and ask are 
then adjusted to the desired level of discreteness. This is explained in more detail below. 

The observed price of the trade is calculated by rounding the true price up or down to the 
closest minimum tick size based on whether the next trade is a buy or a sell. If trades are 
not permitted within the spread then buys occur at the asking price and sells occur at the 
bid price. 

Each day the true and observed high, low, and closing prices are recorded. For days on 
which no trades occur, the observed high, low, and closing prices are taken from a 
simulated diligent and lazy specialist. The diligent specialist reports the closing bid, ask 
and bid/ask midpoint prices based on the true closing price for the day. The lazy 
specialist simply reports the bid, ask and price at which the last trade occurred on the 
most recent day with trading. For both the diligent and lazy specialist, on days with no 

^ The model is cunently set to sample the true price every minute during the trading day. 
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trades, the high price for the day is the ask, the low price for the day is the bid, and the 
price that the specialist records for that day is reported as the close. 

Once the trading day ends, and on weekends and holidays, the true price is updated 
through the opening time on the next trading day. During the non-trading time, the true 
price process continues to evolve. The simulation allows for time to pass much more 
quickly during non-trading time than it does during trading time. This entu-e process is 
repeated each day. 

True Price Process 
In this simulation it is assumed that prices evolve by a Random Walk process. The true 
price process is modeled as a geometric Brownian motion. It is approximated in this 
simulation by an Euler approximation^ 
I) where 

P, = the true price at time t 

// =the mean return on the stock measured in the same units of time as dt 
=the standard deviation of stock returns measured in the same units of time as dt 

dt = the passage of time 

dW = where e ^(0,1), a standard Weiner process. 

Equation 1 simply says that the price at time t is derived from the price at time t-I 
adjusted for a constant drift through time and a random shock. This shock term is drawn 
from a normal distribution with zero mean and the specified standard deviation adjusted 
for the passage of time. 

The true price is observed at regular intervals during each trading day. Once per minute 
during the trading day, the true price is recorded. It is against these regularly sampled 
observations of the true price process that the observed prices will be compared. 

In order to control the range of prices so that spreads would remain meaningful but not 
ridiculously so, stock prices were split when the observed closing price exceeded $50. 
Similarly, prices were reverse split whenever the closing price fell below $10. The splits 
and reverse splits reset the initid stock price to $30. This is consistent with Lakonishok 
and Lev (1987) (LL). LL look at stock splits and stock dividends over the period 1963-
1982. They find that stock splits tend to follow periods of abnormally high earnings 
growth and seem to split to bring the stock price back toward "normal" levels. In their 
sample they find that firms tend to split when the stock price breaks $50 and they target a 
normal stock price of $30. 

^ See Kloeden and Platen (199S) Chapter 9. 
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Observed Price 
The observed price is a function of 

• the true price, 
• the bid/ask spread, 
• the minimum tick size, and 
• whether this trade is a buy or a sell. 

For a buy, the observed price is the true price rounded up to the nearest tick. For a sell, 
the observed price is the true price rounded down to the nearest tick. If trades are not 
allowed to occur within the spread then buys occur at the ask and sells occur at the bid. 

Buy. RoundUp{P,\ 
2) P, = r 1 where 

Sell: RoundDown{Pf} 
A 
P, = the observed price at time t 

Bid/Ask Spread 
The spread may be uniformly distributed throughout the day or it may follow a U-shaped 
distribution. If the spread varies based on the timing of the trade during the day then it is 
calculated as follows. The timing of each trade is passed to the U-shaped function shown 
below in equation (3). The functional form of equation 3 is similar to the function 
proposed in Hasbrouck (1999 equation 12). This function returns spreads that are wider 
near the open, narrow as the day progresses and then widen again as the close 
approaches. 
3) where 

Sj =the spread at time r during the day 

Sq = the minimum attainable spread during the day 

=when added to Sq is the maximum attainable spread at the open 

= determines how quickly the spread falls off from the opening spread 

r„ = time at the opening 

=when added to 5^ is the maximum attainable spread at the close 

=determines how quickly the spread rises up as the close approaches 

stime at the close 

r = the time of this trade 

The U-shaped intraday pattern for the spread is documented in Lee, Mucklow and Ready 
(1993), Hasbrouck (1999), Mclnish and Wood (1992), Chan, Cristie, and Schultz (1995), 
and Brock and Kleidon (1992). The parameterization used here is based on the findings 
of Mclnish and Wood and is consistent with the findings of Lee, Mucklow and Ready. 
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Figure 1.1: Time Varying Spread 
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Figure 1.2: Time Varying Volume 
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Figure 1.1 above depicts how the simulated spread changes during the day consistent 
with the literature on intra-day spreads. The figure indicates that spreads tend to be wider 
early and late in the day and then narrow during the middle part of the day. 

Intraday Volume 
Figure 1.2 plots the simulated average daily volume by hour during the trading day. The 
volume was generated to be consistent with the findings of Jain and Joh (1988), and Lee, 
Mucklow and Ready (1993) who report a U shaped pattern in daily volume. Intraday 
volume in the simulation is driven by the timing of trades rather than by an increase in 
the number of shares traded in each trade. That is, the number of shares traded per trade 
does not differ depending on the time of day but the frequency with which trades occur 
does differ through out the day as described below. Figure 1.2 is presented along with 
Figure 1.1 to illustrate interesting empirical fact that most of the day's volume occurs 
early and late in the day when spreads tend to be wider. 

Volume and Trade Timing 
To understand the modeling of daily volume in this simulation, three things need to be 
considered: 

1) the number of shares traded per trade, 
2) the number of trades per day, and 
3) the timing of trades during the day. 

In this simulation, for each trade, the number of shares traded is randomly drawn firom a 
normal distribution, ). A minimum number of shares traded per trade is 
imposed. All draws from the normal distribution are rounded to the nearest positive 
integer multiple of the minimum number of shares traded. The current setting has all 
trades occurring in round lots (l(X) shares). 
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The number of trades per day varies by the day of the week to be consistent with the 
findings of Jain and Joh (1988). See Table 1.1 below. Jain and Joh find that trading 
volume by day of the week follows a reverse U shaped pattern where volume is highest 
on Wednesday and then declines moving away from Wednesday toward Monday or 
Friday. Figure 1.3 below illustrates data from the simulation where the average number 
of trades per day is 300 but the average number of trades on each day of the week differs 
from 300 by the adjustment factors shown in the final column of Table 1.1 below. The 
number of trades on any given day is determined by a draw from a normal distribution, 
^(^Trades • ^Trades) • This draw can then be scaled to reflect the day of the week. 

Figure 1.3; Average Volume by Day of the Week 
Average Daily Voluim by Day of tha Waak 

Monday TutMy W«dM«tay Thuraday Friday 

The timing of the trades is determined by random draws from a U-shaped function, which 
are then sorted into chronological order. The U-shaped function is parameterized to be 
consistent with the finding of Jain and Joh (1988) as shown in the final row of Table 1.1 
below. Amihud and Mendelson (1987) compare features of the open to those at the close 
and note that volume at the open is roughly eight times the volume at the close. Figure 
1.4 below provides a histogram of the frequency of trades occurring during each 12-
minute interval during the day. Figure 1.4 is consistent with Figure 1.2, which depicts 
the percentage of daily volume during each hour of the trading day. 
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Figure 1.4: Frequency of Trades during the Day 
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Excluding the last row and last 2 columns of Table 1.1, what is shown in Table 1.1 
replicates Table 1 in Jain and Job (1988 p272). The information in the table was used to 
parameterize the day of week volume di^erentials and the tinung of trades (and 
consequently volume) in the simulation. Specifically, the adjustment factors shown in 
the last column of Table 1.1, which are calculated as the day of the week average volume 
divided by the average daily volume, were used to adjust the daily volume by the day of 
the week. The last row of the table provides the percent of daily volume that occurs in 
each hour of the trading day. These numbers were used to determine the U-shaped 
pattern of trading volume during the day. 

Tablel.l: Table 1 from Jain and Joh (1988 p272) 
Jiin and Joh Table ItTcadinc Volume for Each Hour of the Week* 

Hour 
% of Weekly Adjustment 

Day 1 2 3 4 5 6 Averaie Volume Factor** 
Monday 0.0367 0.0253 0.0194 0.0157 0.0195 0.0257 0.0237 18.37% 0.9185 

(0.0125) (0.0084) (0.0063) (0.0051) (0.0065) (0.0081) (0.0106) 
Tuesday 0.0411 0.0282 0.0217 0.0177 0.0212 0.0271 0.0262 20.31% 1.0155 

(0.0139) (0.0091) (0.0069) (0.0064) (0.0064) (0.0087) (0.0117) 
Wednesday 0.0421 0.0298 0.0230 0.0183 0.0220 0.0290 0.0274 21.24% 1.0620 

(0.0151) (0.0102) (0.0087) (0.007) (0.0078) (0.0098) (0.0127) 
Thursday 0.0419 0.0292 0.0227 0.0179 0.0214 0.0279 0.0268 20.78% 1.0390 

(0.016) (0.0102) (0.0082) (0.0065) (0.007) (0.0093) (0.0127) 
Friday 0.0402 0.0274 0.0213 0.0167 0.0194 0.0244 0.0249 19.30% 0.9650 

(0.0145) (0.0089) (0.0072) (0.0059) (0.0066) (0.0077) (0.0118) 
Averace 0.0404 0.0280 0.0216 0.0173 0.0207 0.0269 0.0258 20.00% 1.0000 

(0.0146) (0.0095) (0.0076) (0.0063) (0.007) (0.0089) (0.012) 
%a( Daily Volume 26.08% l>.M% 13.M% 11.17% 13J<% 17J7% 

Trailing Vblimie is ilefined u shaRs DMieil diviifcil by sbaies attaauiiSii( 
Ttie nuintefs ihmn in each nil an die mam and the mmlanJ dtviation lie ibcwn in paicndiacs 

**TIie Ailjiuunent FiKtor for each ilay is Uiat day's avcfafc voliiiiie divided by die averafe daily volume 
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Bid and Ask Prices 
The Bid and Ask prices are calculated as follows. The bid price is the true price minus 
some portion of the spread, where this difference is rounded down to the next integer 
multiple of the tick size. The ask price is the true price plus some portion of the spread, 
where this sum is rounded up to the next integer multiple of the tick size. This is shown 
in equation 4. 

Ask: RoundUp{Pf + [l - P, S,} 

Bid: RoundDown{P, — [p, (Bay)] x S,} 
This is similar to the spread model of Dravid (1991). The amount of the spread by which 
the true price is adjusted is a function of the probability of this trade being a buy. The 
higher the probability that this trade is a buy the closer the ask is set to the true price and 
the further the bid is set from the true price. This ability to asymmetrically set the spread 
about the Uiie price allows the setting of the spread relative to the true price to reflect the 
dealer's bias in attracting orders. 

Probability of a Buy 
The probability of the next trade being a buy is determined as a fiinction of the degree to 
which the dealer's inventory is unbalanced. The degree of imbalance is measured as the 
accumulated volume sold less volume bought'*, scaled by the average daily volume. This 
is then passed as the argument to a sigmoid function, which returns the probability of a 
buy. 

5) p^iBuy)=-—^ where 
1+e 

Q-\he. sensitivity of the dealer to inventory imbalances 
X, =the degree of inventory imbalance 

By changing the sensitivity of the Sigmoid function one controls the responsiveness of 
the dealer to inventory imbalances. A sensitivity of zero always yields an equal 
probability of a buy or a sell. As Q is increased the dealer becomes less willing to hold a 
position (either long or short) in the stock. The dealer affects the probability of a buy or a 
sell by positioning the quotes relative to the true price so as to encourage the trade that 
relieves his inventory pressure. To encourage buy orders the dealer sets the ask closer to 
the true price than the bid, in effect shifting down both the ask and the bid. Conversely, 
to encourage investors to sell, the dealer sets the bid closer to the true price, shifting up 
both the bid and ask prices. 

'* Volume sold and volume bought aie from the market's perspective. The dealer will be on the opposite 
side of these positions so if buying exceeds selling then the dealers inventory will be depleted. 
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Figure 1.5a: Spread with Long Inventory Figure 1.5b: Spread with Short Inventory 
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Figures 1.5a and 1.5b provide an illustration. In Figure 1.5a the dealer finds himself 
holding approximately a half of day's volume in inventory. To encourage buys from the 
market the quotes are shaded so that the asking price lies closer to the true price than does 
the bid. Conversely, in Figure 1.5b the dealer finds himself short inventory equal to 
approximately a fiill day's volume. To encourage sells from the market the quotes are 
shaded so that the price bid lies closer to the true price than does the asking price. 

Hasbrouck (1999 pi3) suggests that for NYSE stocks the, "the effect of specialist 
inventories on quotes is negligible." Jegadeesh and Titman (1995) however, argue that 
negative short-term serial correlation in stock returns is consistent with the idea that the 
dealer's inventory will effect the setting of the quotes. The parameterization employed in 
this simulation allows for the any degree of responsiveness to the dealer's inventory 
imbalances. 

The determination of whether the next trade is a buy or a sell is based on a draw from a 
uniform distribution, U(0,1). If the draw exceeds the probability of a buy, as determined 
by the degree of inventory imbalance, then the next trade is a sell, otherwise the next 
trade is a buy. 
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SECTION 3: SIMULATION RESULTS 

The simulations were run so that the results could be analyzed in a comparative static 
framework. Simulations were run primarily to give insights into the impact of three 
variables in a very controlled setting. The three variables of interest are: 

• Price discreteness as defined by the tick size. 
• Trading frequency. 
• Time deformation during non-trading hours. 

In the discussion that follows each of these variables will be addressed in turn. 

In every case the simulation affords the luxury of observing the true price process, which 
is free from the effects of price discreteness and the frequency of trading. As such the 
results allow at least two comparisons. The first is the comparative static analysis of the 
observed prices from two simulation runs that differ only by a single feature of the 
microstructure. The second is the comparison of the observed price process, with all its 
microstructure issues and warts, to the true price process. The ultimate goal is to better 
understand the settings in which the observed data may mask the true underlying price 
process. 

The analysis consists primarily of four tests. The first test, the Kolmogorov-Smimov 
(KS) Test, is a goodness-of-fit test that considers how closely the distribution of the 
observed prices matches the distribution of the true prices. This test is a measure of the 
distorting effects that the market microstructure may have on the observed prices. The 
KS statistic is the absolute value of the maximum difference between the Cumulative 
Distribution Functions (CDFs) of the true price and the observed price. One nice feature 
of the KS test is that two empirical distributions can be compared or an empirical 
distribution can be compared to a theoretic distribution. The flexibility of this test lies in 
the fact that the KS test does not require one to specify a distribution as long as one can 
be supplied empirically. That is, one can compare two empirical distributions, such as 
the true price and observed price distributions, with the KS test without having to specify 
either distribution. In the application in this paper, this test gives an indication of how 
well the true process is represented by the observed process. 

The second test is a variance ratio test, constructed to replicate that of Lo and MacKinlay 
(1988). This test can be used as a test of the Random Walk Hypothesis. The idea is that 
if the price process can be characterized as a random walk, then the variance of five-day 
returns should be five times the variance of one-day returns. Lo and MacKinlay consider 
overlapping k period returns to increase the power of the test. A detailed description of 
this test is included in Appendix A. Using the simulated data this test can be run on the 
true prices, which were generated by a random walk process, and the observed prices, 
which ate based on the true prices but suffer from market frictions and institutional 
features. This will give a sense of the sensitivity of the variance ratio test to market 
imperfections. 
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An alternative test brings more pricing information to bear. The HiLo test of the Random 
Walk Hypothesis considers where the closing price falls relative to the High price and 
Low price for the day and the information this carries about High, Low and Closing 
prices on the following day. The test is quite simple. First, the daily trading range, on 
each day for each security, is divided into S equal bins. The closing price is assigned a 
rank (1 to 5) based on which of these five bins it falls into. A rank of 1 implies that the 
closing price was near the low price for the day (lowest price quintile), while a rank of S 
suggests that the close fell near the high for the day (highest price quintile). Next, the 
frequency of days on which the following trading day High, Low and Closing prices are 
greater than, equal to, or less than the same values today is calculated. For example, for a 
random walk process , information about where today's close fell relative to the day's 
trading range is of no value in speculating about the following trading day's Closing 
price. 

The fourth test is a simple evaluation of the distribution of the standard deviation and 
mean of daily returns. This is a simple way to illustrate the distortions introduced by 
market frictions. 

The following sections present the results of these four tests evaluated at varying degrees 
of the three market frictions considered here: price discreteness, trading frequency, and 
time deformation. The sections are broken down by market fnction, and within each 
section the four test results are discussed. 

Price Discreteness 
Discreteness in the simulation is controlled and discussed through tick size. Trades are 
allowed to occur within the spread at integer multiples of the tick size. Consequently, it 
is through changing the tick size that an evaluation of wider and narrower spreads is 
performed. This is no different from fixing the tick size and widening the spreads while 
not allowing trades with in the spread. In either framework the goal is to capture the 
impact of paying a larger percentage spread to urade. In considering these results, think 
of tick size as the representative spread at which stocks trade. 

Price discreteness can considerably distort the underlying price process. This is 
especially true at the extremes. Table 1.2 below shows the percent of observations where 
the observed price distribution differed from the true price distribution by more than the 
5% critical value for the KS test for various levels of tick size. The table illustrates that 
the observed High and Low prices are distributed considerably differently than the true 
High and Low prices at spreads of as little as 2/8. The observed closing price fails to 
mirror the true closing price, at a 5% significance level, at spreads of 3/8 and higher. 
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Table 1.2 Kolmogorov-Smiraov test results by Tick size 
Percent KS statistics Exceeding Critical Values at the 5% Level 

Ticksize Hi Lo Qose 
$ 0.125 0.20% 0.40% 0.00% 
$ 0.250 23.90% 30.80% 0.70% 
$ 0.375 67.80% 74.30% 9.80% 
$ 0.500 89.10% 91.70% 27.50% 

'Analysis of the Goodness of Fit of the Observed Price (Hi, Lo, or Close) to the True Price (Hi, Lo, or Close) 

'Crical Values were calculated as U6/sqrt(n) at 5% 

Price discreteness also significantly impacts the variance ratio test. This is consistent 
with the work by Smith (1994) that suggests that the Lo and MacKinlay results are 
flawed by the failure to consider microstructure impacts. Table 1.3 below gives the 
percent of observations that exceed the 5% critical value for the variance ratio test at 
various levels of tick size. The left half of the table is based on the true price process and 
the right half is based on the observed prices. The findings on the right half of Table 1.3 
are consistent with the finding of Lo and MacKinlay (1988). Both the right and left half 
of Table 1.3 are divided into four columns. The colunm headers: 2 Day, 5 Day, 10 Day, 
and 20 Day refer to the number of days over which returns were calculated and the 
variance of these returns was compared to the variance of one-day returns. 

Several things in Table 1.3 bear mention. First, price discreteness sipificantly impacts 
the variance ratio test at discreteness levels as low as 1 to 2 ticks. Second, the impact of 
price discreteness declines as the length of the period over which returns are calculated is 
extended. 

Table 1.3 Variance Ratio Test 
Percent of Observations Exceeding the 5% Critical Value in the Variance Ratio Test 

True Closing Prices Observed Closing Prices 
TickSize 2 Day 5 Day 10 Day 20 Day 2 Day 5 Day 10 Day 20 Day 
$ 0.125 4.30% 5.10% 5.50% 5.30% 7.80% 5.00% 4.10% 4.00% 
$ 0.250 4.30% 5.10% 5.50% 5.30% 40.80% 23.80% 10.80% 3.90% 
$ 0.375 4.30% 5.10% 5.50% 5.30% 86.70% 67.20% 36.80% 11.60% 
S 0.500 4.30% 5.10% 5.50% 5.30% 98.90% 94.20% 71.90% 31.60% 

Lo and MacKinlay focus on one week (5 Day) and one month (20 Day) holding periods. 
They find that they can reject the Random Walk Hypothesis for the S-day retums for 
equally weighted portfolios. They fail to reject the Random Walk Hypothesis at a S-day 
holding period for a value-weighted index. With a 20-day holding period Lo and 
MacKinlay fail to reject the Random Walk Hypothesis for either equal or value weighted 
portfolios. Table 1.3 suggests that if the equally weighted portfolio up-weighted the 
impact of stocks with spreads of at least two ticks relative to the weight on these stocks in 
a value-weighted portfolio, then microstructure issues such as tick size could explain the 
Lo and MacKinlay result. 
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As spreads increase and as the return interval decreases, the spread becomes a more 
significant portion of the return. The more significant the spread the more distorting the 
effect it has on the test results. Another important point that bears mention in Table 1.3 
has to do with Lindlay's paradox. As the return interval increases from 2 days to 20 days 
the number of independent observations in any fixed window of time declines. Lo and 
MacKinlay adjust for overlapping intervals in constructing the test statistic, but the power 
of the test is ultimately limited by the available data. The failure to reject at the 20 day 
interval may be due to the lack of power, but the number of observations and therefore 
the power of the test is the same for each return interval in the right and left halves of 
Table 1.3. No systematic decay in power is evident in the results in Table 1.3 for the true 
prices as the retum interval increases. 

Another test of the Random Walk Hypothesis comes from the analysis of the closing 
price relative to the High and Low prices for the day and the information this gives about 
prices the following day. If prices follow a random walk then where today's close falls 
relative to the day's trading range should provide no information about the closing price 
on the following trading day. 

Table 1.4a High, Low, Close Random Walk Test - Closing Prices 
Today's Close 

Ticksize Tomorrow's Close Close near Lo Close near HI 
Relative to Today's 1 2 3 4 5 

Greater Than 50.51% 50.64% 50.44% 50.25% 50.75% 
$ 0.010 Equal To 1.01% 0.95% 0.92% 0.99% 0.97% 

Less Than 48.49% 48.41% 48.64% 48.77% 48.29% 

Greater Than 49.00% 45.70% 44.78% 44.91% 41.99% 
$ 0.125 Equal To 11.94% 12.21% 11.88% 11.98% 11.72% 

Less Than 39.06% 42.09% 43.35% 43.11% 46.29% 

Greater Than 53.79% 42.74% 3931% 37.54% 28.45% 
$ 0.250 Equal To 21.12% 22.09% 22.11% 21.76% 21.58% 

Less Than 25.09% 35.17% 38.37% 40.71% 49.96% 

Greater Than 55.62% 40.95% 35.77% 32.57% 18.65% 
$ 0.375 Equal To 27.44% 29.02% 30.52% 28.45% 28.01% 

Less Than 16.94% 30.03% 33.71% 38.97% 53.34% 

Greater Than 57.11% 40.34% 32.92% 28.69% 13.45% 
$ 0.500 Equal To 31.24% 33.38% 36.07% 33.34% 31.48% 

Less Than 11.65% 26.28% 31.01% 37.96% 55.07% 

Table l.4a above gives the conditional probabilities of the following day's closing price 
being greater than, equal to, or less than the current closing price, where the conditioning 
information is the location of the current price relative to the day's trading range. For 
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each stock on each day the trading range is divided into 5 equal parts or bins^. The table 
is laid out with one column for each bucket. The first column gives results conditioned 
on the closing price being near the low, while the fifth column results are conditioned on 
the closing price falling near the high. Horizontally the table is divided into S sections, 
one for each level of price discreteness considered. Within each horizontal section there 
are three rows of numbers. The numbers in the table are the conditional frequency of 
following day's closing price being greater than, equal to, or less than the current day's 
closing price. 

If prices follow a random walk and the expected daily return is zero then one would 
expect an equal probability of the following day's close being greater than or less than 
the current day's close. The simulation was run with a positive expected daily return of 
approximately 4 basis points (0.04%) and a daily standard deviation of returns of 
approximately 125 basis points (1.25%). Under the null of a random walk with drift, this 
upward drift raises the probability of the price on day t being greater than the price on 
day t-1 from 50% to 51.26%. This assumes infinitely continuous pricing. With discrete 
pricing there is some positive probability that tomorrow's price will equal today's price. 
Conditional on a price change, however, under the null of a random walk with the 
specified drip and volatility, the probability that price on day t is greater than the price on 
day t-I should be 51.26%. 

A rejection of the Random Walk Hypothesis is indicated as the probability of the 
following day price exceeding today's price, conditional on a price change, differs from 
51.04%®. When the tick size is very small the random walk hypothesis is supported. The 
first horizontal section of Table 1.4a, where the tick size is equal to a penny, the results 
are very similar to those from observing the true price process. As the tick size increases, 
however, the current day's close becomes informative about the following day's close. 
Closing prices near the high are more likely to be followed by lower closing prices, while 
closing prices near the low are more likely to be followed by higher closing prices. This 
is driven by the fact that as the tick size increases, closing prices near the hi^ are likely 
to be rounded up from the true price to the nearest tick, while closing prices near the low 
are likely to be rounded down from the true price to the nearest tick. As the size of the 
tick becomes more significant relative to the daily return volatility^, the likelihood of a 
price reversal increases. 

 ̂For a stock to be included on any day the spread between the high and the low price for the day has to be 
at least two 2 ticks ($0.25). The numter of observations drops from nearly 300,000 to 275,000 in moving 
from a tick size of $0.01 to $0.50. 
' The theoretical value given a daily mean of0.0004 and a daily standard deviation of 0.0126 is 51.26% = 
[N(.0004/.0126)]. Taking the average value form the simulation of the true process across the 5 bins gives 
a value of 51.04%. 
 ̂A $0.50 move in a single day, on a $30 stock with daily return standard deviation of 1.25%, is more than 

a one standard deviation event 
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Table 1.4b reports the t-statistics testing whether the probability that the price on day t is 
greater than the price on day t-l differs significantly from what would be expected under 
the null, conditional on a price change. Conditional on a price change, the number of 
observations where day t prices exceed day t-l prices, and the number of observations 
where day t prices are exceeded by day t-l prices follow a binomial distribution. The test 
statistic is constructed as follows 

(6) where 
4np' q' 

iIq = the number of observation where the closing price was greater than the 
closing price on the previous day. 

n = the total number of observed closing price changes between the two days. 
p' = theoretical probability of a positive price change = where 

N(*) - the cumulative normal density function evaluated at the argument 
M = the mean daily return 
(T = the standard deviation of daily returns 

q' = theoretical probability of a negative price change = (1- p*) 
By the Central Limit Theorem this statistic is asymptotically normally distributed. 

Table 1.4b provides the values of the test statistic conditional on where the closing price 
falls relative to the high and low price for the day for each level of price discreteness 
considered. An asterisk denotes significance at the 5% level. The table shows that tick 
sizes as small as 1/8 are sufRcient to distort the underlying price process and incorrectly 
reject the null of a random walk process. This distortion is greatest when the closing 
price is close to one of the extreme prices for the day and is an increasing function of 
price discreteness. 

Table 1.4b: T-statistics for the Test of the Random Walic Hypothesis - Closing 
Prices 

t-statistics for Test of the Random Walk Hypotliesis - Closing Price 
Close near Lo Close near Hi 

1 2 3 4 5 

Ticksize 
$ 0.010 -O.IO 0.37 -0.57 -1.31 1.12 
$ 0.125 19.50 » 4.61 • -1.02 -0.09 -17.16 » 

$ 0.250 64.85 * 18.58 • -1.20 -14.94 * -59.99 * 
$ 0.375 103.56 • 25.03 * 2.04 • -21.06 » -103.07 • 
$ 0.500 130.58 » 24.40 » 2.34* -20.96 • -129.68 * 

A distinguishing feature of the high and low prices during the day, when compared to the 
closing price, is that the high and the low can occur on any trade during the day but the 
close can only occur on the last trade of the day. That is, for the high and the low the 
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price need only achieve that level, it does not need to maintain that level. This becomes 
important, for instance, in calculating the probability of tomorrow's high price being 
greater than, equal to, or less than today's high price®. Without conditioning on where 
the closing price fell in the day's trading range, tomorrow's high is equally likely to be 
greater than or less than today's high. Conditioning on where the closing price fell in the 
day's trading range, however provides information about where the following day's high 
and low prices will be, even under the null that the true price process follows a random 
walk, and in the absence of price discreteness. 

Figure 1.6 above illustrates the probability of the high on day t exceeding the high on day 
t-1 under the null and conditioned on closing at the high on day t-1. The heavy horizontal 
line represents the high price and the closing price on day t-1. Consider each vertical 
slice through the binomial Uree as the time at which a trade occurs. The binomial tree 
shows that at any point in time there is an equal probability of the high on day t 
exceeding the high on day t-1. However, if one considers all paths that cross the heavy 
horizontal line from below for the first time and the probability of the occurrence of each 
crossing, the sum of these probabilities exceeds 50%. Under the null, conditioned on the 
close on day t-1 occurring at the high on day t-1, in the simulations this probability using 
the true prices converges to roughly 85%. 

Table 1.4c is very similar to Table 1.4a. It is like Table 1.4a in layout and in that it 
considers the information contained in the closing price on day t-I relative to the high 
and low prices on day t-1. In Table 1.4a the focus is on the relevance of this information 

Figure 1.6: Illustration of Probability High(t) > High(t-l) 

' The exposition focuses on the high price but all results are equally applicable to the low price 
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for predicting the closing price on day t. In Table L4c the focus is on the relevance of 
this information for predicting the high price on day t. When the tick size is very small 
the results are very similar to the results from the true price process. Closes near the high 
price for the day indicate more than an 80% chance that the high and low tomorrow will 
be higher than the high and low today. As the tick: size increases it becomes less likely 
that the price will move by enough to exceed the discreteness bands. Consequently, 
probability mass shifts from greater than and less than, to equal to. 

Table 1.4c High, Low, Close Random Walk Test - High Prices 
Today's Close 

Ticksize Tomorrow's High Close near Lo Close near Hi 
Relative to Today's 1 2 3 4 5 

$ 0.010 
Greater Than 

Equal To 
Less Than 

17.68% 
0.74% 
81.58% 

33.81% 
1.24% 
64.94% 

50.11% 
1.58% 
48.31% 

65.19% 

1.63% 
33.18% 

83.34% 
1.38% 
15.28% 

$ 0.125 
Greater Than 

Equal To 
Less Than 

12.36% 
8.53% 

79.12% 

25.52% 
13.88% 
60.60% 

38.81% 
17.45% 
43.74% 

57.05% 
19.49% 
23.46% 

73.82% 
16.25% 
9.93% 

$ 0.250 
Greater Than 

Equal To 
Less Than 

15.81% 

23.09% 

61.10% 

20.24% 

26.19% 

53.57% 

36.04% 
30.90% 
33.06% 

46.43% 

33.82% 
19.75% 

64.66% 

30.09% 
5.25% 

$ 0.375 
Greater Than 

Equal To 
Less Than 

13.70% 
37.05% 
49.25% 

12.44% 
30.89% 
56.67% 

34.50% 
45.48% 
20.02% 

33.52% 

43.27% 

23.22% 

53.22% 
43.69% 
3.09% 

$ 0.500 
Greater Than 

Equal To 
Less Than 

8.94% 
46.22% 

44.84% 

7.14% 
31.29% 
61.56% 

26.23% 
53.71% 
20.06% 

23.81% 
48.85% 
27.34% 

42.07% 
55.40% 
2.53% 

Table I.4d is a table of t-statistics similar to those in Table 1.4b. Table 1.4d gives the 
statistics related to the daily high prices on day t and day t-1 conditioned on where the 
close fell relative to the day's trading range on day t. These t-statistics in each bucket 
were calculated relative to the results of the simulated true price process results for each 
bucket. These results are consistent with those from Table 1.3b in that they indicate that 
observed prices mask the underlying price process at discreteness levels as low as 1/8. 
These results differ from those in Table 1.4b in that the results for the closing price. Table 
1.4b, are monotonic in tick size and the extremeness of the close relative to the day's 
trading range. The results for the high price. Table 1.4d, are much less well behaved 
especially as tick size increases. 
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Table 1.4d: T-statistics for the Test of the Random Walk Hypothesis - High Prices 
t-statistics for Test of the Random Walk Hypothesis • High Price 

Close near Lo Ckse near HI 
1 2 3 4 5 

Ticksize 
$ 0.010 1.48 0.34 -0.05 1.40 0.78 
$ 0.125 -23.23 » -21.61 * -16.93 • 23.18 • 24.79 * 
$ 0.250 14.46 * -33.73 * 4.49 * 19.78 * 42.73 » 

$ 0.375 20.57 * -63.23 » 50.83 * -24.77 • 50.51 * 
$ 0.500 -4.68 • -65.24 * 24.94 * -47.08 • 45.59 » 

The results for the Low price on day t conditioned on the where the close on day t-1 fell 
relative to the trading range on day t-1 is omitted as the results are very similar to those in 
Table l.4c and Table 1.4d. 

Tick size also has a considerable impact on the volatility of the returns to an observed 
price series. Table 1.5 presents the mean and standard deviation of close to close returns 
based on true prices and observed prices. The standard deviations of these random 
variables are presented in the gray bars below each row of statistics. The table presents 
the results for tick sizes ranging from 1 penny to 1 dollar. 

Table 1.5 Volatility Distortion due to Tick size 
TnieClose ObservedClose 

TIckSize Mean SD Mean SD 

$0,010 0.0350% 1.3090% 0.0350% 1.3088% 

$0,125 0.0350% 1.3090% 0.0350% 1.3505% 

$0,250 0.0350% 1.3090% 0.0350% 1.4694% 

$0,375 0.0350% 1.3090% 0.0351% 1.6469% 

$0,500 0.0350% 1.3090% 0.0351% 1.8661% 

Table 1.5 contrasts the true volatility of close to close returns with that of observed close 
to close returns. As the tick size increases the daily retum volatility increases 
significantly. With a tick size of $0.25, the volatility of observed prices overstates the 
volatility of true prices by 12%, 1.31% compared to 1.47%. Similarly, the dispersion in 
volatility increases with tick size. The tick size has no significant impact on the mean 
retum or the distribution of the mean retum. 
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A brief summary of the price discreteness results seems appropriate. Price discreteness is 
used to capture the notion of the minimum pricing increment and the normal spread faced 
in trading a stock. Discreteness of even a moderate degree of one to two eighths 
significantly alters the observed price process from the true price process. The KS test 
shows that the daily High and Low prices are distributed considerably differently than the 
true High and Low prices. At spreads of 3/8 the observed closing price distribution 
significantly departs from the true distribution. Standard deviations of close to close 
returns confirm this. Tests of the Random Walk Hypothesis concur. The variance ratio 
tests suggest that over short return periods, tick size can be very important and can result 
in false rejections of the Random Walk Hypothesis. Tests considering the High, Low and 
Close also suggest that as the tick size increases, the location of the close in the day's 
trading range is informative about the following day return. 

Trading Frequency 
It is through posted quotes and trade prices that we are given a window to the true price. 
The clarity of this window is a function of the diligence of the market maker in setting 
the quotes and the microstructure issues, such as tick size, that can cloud and distort our 
view of the true price. This section is less concerned with the clarity of the lens through 
which we observe the price process and more concerned with the frequency with which 
we able to look through a lens of whatever clarity. 

In the simulation, on days when no trading takes place, we obtain information about the 
price from two sources: a diligent specialist and a lazy specialist. Both specialists report 
high, low, and closing price on days with no U'ading. The diligent specialist is called 
"diligent" because she constantly monitors the true price. The diligent specialist 
calculates the bid and the ask prices based on the closing price of the true price process 
and reports these as the low and high prices for the day. The closing price that the 
diligent specialist reports is the mid-point of the bid and ask prices^. The lazy specialist 
is also aptly named. On any day when no trades occur, the lazy specialist merely carries 
the price at which the last trade occurred on the last day that there was trading, as the 
closing price. The high and low prices are reported by the lazy specialist as the ask and 
bid that existed for the last observed trade. 

Three scenarios were considered in the evaluation of trading frequency. The three 
scenarios differed only in the average number of trades each day. The number of trades 
each day were drawn from a normal distribution with a mean of M (M = 10,100,300) 
and a standard deviation of 25. The number of trades was rounded to the nearest integer 
value and truncated at zero with all number less than zero set equal to zero. This means 
that with an average number of trades per day of 10, approximately one third of the days 
have no trades. 

' The data compiled by the dihgent specialist is the same data that is reported on non-trading days on the 
CRSP tapes. 
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To see the impact of trading frequency, consider the KS test. Table 1.6 presents the KS 
frequency of rejection based on the KS statistic and a S% critical value for both the 
diligent and lazy specialist. Recall that this test compares the observed price distribution, 
both diligent and lazy, to the distribution of true prices. The table considers the 
distribution of the observed and true high, low and closing prices. With an average 
number of trades per day of 10, the lazy specialist leads us astray of the true price for the 
high and the low prices. Neither the diligent nor the lazy specialist significantly distort 
the closing price. At higher levels of trading, no distortion in the observed price from 
either the diligent or lazy specialist results. 

Table 1.6 Koliiiogorov-Siiiirnov Test as a function of Trading Frequency 
Percent KS statistics Exceeding Critical Values at tiie 5% Level 

Average Number** 
of Trades per Day 

10 
100 
300 

Hi 
DiUgent*** 

5.20% 
0.00% 
0.20% 

Lazy*** 
11.90% 
0.00% 
0.20% 

Lo 
Diligent*** Lazy*** 

3.70% 750% 
0.00% 0.00% 
0.40% 0.40% 

Close 
Diligent*** Lazy*** 

0.00% 0.40% 
0.00% 0.00% 

0.00% 

'Analysis of tiie Goodness of Fit of the Observed Price (Hi. Lo. or Close) to the True Price (Hi. Lo. or Close) 

'Cricai Values were calculated as 1 J6/sqit(n) at S% 

**The number of trades per day was drawn from a normal distribution which was truncated at zero. 

The Normal had the mean given in the table and a standard deviation of 25 trades. 

***0n days when no trades occur the; 

Lazy Specialist lecords the 

Hi as the ask quote from the last time this stock traded 

Lo as the bid quote &om the last time (his stock traded 

Close as the closing price bom the last time this stock traded 

Diligent Specialist records the 

Hi as the ask quote based on today's closing price of the True price process. 

Lo as the bid quote based on today's closing price of the True price process. 

Close as the average of the bid and ask quotes based on today's closing price of the True price process. 

On days when trades occur the Hi. Lo. and Close are the highest observed price that day. the lowest observed 

price that day and the price of the final trade that day respectively. 

Trading frequency has little impact on the variance ratio tests of Lo and MacKinlay. The 
observed price, whether from the diligent or lazy specialist, gives very similar variance 
ratio test results as those obtained from the true price. The exception to this is variance 
ratio test for the two-day returns. With the two-day return, the observed prices indicate a 
marginal rejection of the Random Walk Hypothesis at all trading frequencies, except for 
the lazy specialist when trading is least frequent. The other interesting thing to note from 
Table 1.7 is that the observed prices impart a slight downward bias in the rejection rate of 
the variance ratio test. 
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Table 1.7 Variance Ratio Test at different Trading Frequency 

Avcn|»Nii«bcr* 
of Trade* per Diy 

10 
100 
300 

KrcMt of CMMtmUooi EicflMiiBc tlir 5% Critkii VaiM to tfet ViriMCt Ratio Test 

ZO%f 
4J0% 
S.00% 
4J0% 

ThMCMif Prkif 
SOijr 10 Day 
4.70% 5J0% 
5.80% S.40% 
S.10% 5J0% 

MDiv 
4.40% 

ZDsy 
3.90% 
7.60% 6.30% 
7.80% 5.00% 

Lazy Ootint Prkci 
5 Day 10 Day 
4.40% 4J90% 

5J0% 
4.10% 

20 Day 
5^0% 
4.00% 
4.(X)% 

**Ttc nunibcf of trwfc» per tliy dr»wo from i noTwt duunhwiai wfakfa w Bonouat at acni. IheNivmilbailthenangivcniatbeiibieMdattamimlikvtanaiKif ZStmla. 

A result consistent with this is the variance ratio result comes from the other test the 
Random Walk Hypothesis. Table 1.7 provides the conditional frequency of the following 
trading day's close being greater than, equal to, or less than today's close conditioned on 
where today's close fell relative to the day's trading range. The amount of information 
about tomorrow's close afforded by the location of today's close in the trading range is 
relatively insensitive to the trading frequency. What is interesting, although expected, is 
that less information about tomorrow's close is carried in the prices of the lazy specialist 
as compared to the diligent specialist. 

Table 1.8 is similar to tables 4a and 4b, except that Table 1.8 is concerned with the 
impact that trading frequency has on price forecastability, while Tables 1.4a and 1.4b are 
concerned with the impact that price ^screteness has. Note that if the security trades 
each day the results from the diligent and lazy specialist are identical. This is the case 
when the number of trades per day averages 100 or 300. Comparing the results of the 
diligent specialist at 10 trades, 100 trades, and 300 trades per day indicates very little 
difference. 
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Table 1.8 Hi, Lo Close analysis based on Trading Frequency 
Today's Close 

Average Number* Tomorrow's Close Close near Lo Close near HI 
of Trades per Day Relative to Today's 1 2 3 4 5 

Greater Than 51.00% 51.10% 51.06% 51.07% 50.71% 
True Equal To 0.01% 0.01% 0.01% 0.01% 0.01% 

Less Than 48.99% 48.89% 48.93% 48.92% 49.28% 

Greater Than 50.21% 47.30% 47.01% 47.07% 44.02% 
10 Diligent Equal To 7.90% 7.99% 7.91% 7.98% 7.63% 

Less Than 41.88% 44.71% 45.08% 44.95% 48.35% 

Greater Than 30.91% 29.02% 28.60% 28.79% 26.52% 
10 Lazy Equal To 43.47% 43.95% 44.46% 43.97% 44.24% 

Less Than 25.62% 27.04% 26.95% 27.23% 29.24% 

Greater Than 49.06% 45.17% 44.68% 44.84% 42.09% 
100 Diligent/Lazy Equal To 12.01% 12.14% 11.91% 11.96% 11.66% 

Less Than 38.93% 42.69% 43.42% 43.20% 46.25% 

Greater Than 49.00% 45.70% 44.78% 44.91% 41.99% 
300 Diligent/Lazy Equal To 11.94% 12.21% 11.88% 11.98% 11.72% 

Less Than 39.06% 42.09% 43.35% 43.11% 46.29% 

*The number of tiades per day was drawn fironi 1 t nomul distribution which was truncated at zera 

The Ncmui had the mean given in (he (able and a standatd deviation of 25 (nideii. 

Trading frequency has little impact on the simple mean and standard deviation of daily 
returns. Table 1.9 below provides the mean and standard deviation of daily closing price 
returns based on true prices and based on the closing prices reported by the diligent and 
lazy specialists. Standard deviations of the mean and standard deviation are provided in 
the gray bands. The exception to the general rule of little impact is the standard deviation 
of daily returns measured using the closing prices from the lazy specialist. The lazy 
specialist prices lend an upward bias to the volatility of returns and greatly increase the 
dispersion of the measured daily return standard deviation. With an average of 10 trades 
per day, the standard deviation of the daily returns firom the diligent specialist is 1.33% 
with a standard error of 0.06%, for the lazy speciaUst the daily return volatility is 1.38% 
with a standard error of 0.41%. This is a sevenfold increase in the standard error. 

An interesting note is that the estimates of the mean are virtually unaffected by the 
sampling frequency. This is consistent with the predictions of the Quadratic Variation 
Theorem (QVT). The QVT holds that estimates of volatility improve with increased 
sampling frequency but estimates of the mean are unaffected by sampling frequency. 
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Table 1.9 Volatility Distortion due to Trading Frequency 

Average Number* 
of Trades per Day 

TrueClose 
Mean SD 

DUigentClose 
Mean SD 

La^CIose 
Mean SD 

0.0312% 1.3049% 0.0312% 1.3347% 0.0311% 1.3801% 

0.0336% 1.3077% 0.0336% 1.3489% 0.0336% 1.3489% 

0.0350% 1.3090% 0.0350% 1.3505% 0.0350% 1.3505% 

*The number of trades per day was drawn from a nonnal distribution which was tnincated at zero. 

The Nctinal had the mean given in the table and a standard deviation of 25 trades. 

A summary of the trading frequency results must be conditioned on the trading 
frequencies considered. With this in mind the results of the KS test suggest that low 
trading frequency distorts the high and low of the true price process but has much less 
impact on the closing price. Tests of the Random Walk Hypothesis, the variance ratio 
test and the location of the close relative to the high and low prices, indicate that trading 
frequency plays little role in distorting these test results. Sini^arly the first mean of the 
daily return distribution is little affected by the frequency of Urades but the volatility 
estimate improves with trading frequency. This section also highlights the impact that 
the lazy and diligent specialists have on the distribution of returns and prices. 

Time Deformation 
Also considered was the impact of the speed with which time passes during non-trading 
time: time from close to open, and time on non-trading days. French and Roll (JFE 1986) 
and Perry (JF 1982) find that based on the volatility of returns, non-trading time passes 
about 70 times as fast as trading time. To better understand the implications of tUs and 
the sensitivity of test results to the assumption of the speed with wtUch non-trading time 
passes, simulations with different rates of time passage were run. The simulations run 
considered the passage of non-trading time at an equal rate with trading time, and at rates 
of 35,70 and 1000 times as fast as trading time. The simulations strongly suggest that 
the results are unchanged by the assumption made about the speed of passage of non-
trading time. This is true for the random walk tests as well as ±e Kolmogorov-Smimov 
goodness of fit test. 
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SECTION 4: CONCULSIONS DRAWN FROM THE SIMULATIONS 
Price discreteness is used to capture the notion of the minimum pricing increment and the 
normal spread faced in trading a stock. Discreteness of even a moderate degree of one to 
two eighths significantly alters the observed price process firom the true price process. 
The KS test shows that the daily High and Low prices are distributed considerably 
differently than the true High and Low. At spreads of 3/8 the observed closing price 
distribution significantly departs firom the true distribution. Tests of the Random Walk 
Hypothesis concur. The variance ratio tests suggest that over short return periods, tick 
size can be very important and can result in false rejections of the Random Walk 
Hypothesis. Tests considering the High, Low and Close also suggest that as the tick size 
increases, the location of the close in the day's trading range is informative about the 
following day return. Finally, volatility of observed returns increases with tick size. 

In addition to price discreteness, trading frequency and time deformation were 
considered. The KS tests suggest that low trading frequency distorts the high and low of 
the true price process but has much less impact on the closing price. Tests of the Random 
Walk Hypothesis, the variance ratio test and the location of the close relative to the high 
and low prices, indicate that trading frequency plays little role in distorting these test 
results. Quadratic Variation Theorem suggests that less frequent trading leads to less 
accurate volatility estimates but has no impact on the estimates of the mean. The 
simulation results support this. From the perspective of the price process, the speed with 
time passes during non-trading time has little impact on any of the test of the random 
walk considered here. 
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CHAPTER 2: EMPIRICAL ANALYSIS 

The remainder of the paper discusses the empirical portion of the test of the Random 
Walk Hypothesis. What remains draws heavily on the results of the simulations 
discussed in the preceding sections as a means of keeping the impacts of the market 
microstructure in perspective. The simulations allowed for an attribution of the results to 
the microstructure and to the true price process. In the empirical study this luxury is no 
longer available. The best that can be done is to consider the empirical results in light of 
the simulation findings. In doing so, one needs to allow for the possibility that the true 
price process may be sufficiently masked in the observed prices that the conclusions 
drawn based on the observed prices may not be the same ones that apply to the true price 
process. 

The empirical study focuses on 1000 of the largest firms traded on the NYSE, AMEX, or 
NASDAQ each year from 1963 to 1997. Using daily high, low and closing prices, tests 
of the Random Walk Hypothesis are performed. The results consider the NASDAQ 
firms separately form the NYSE/AMEX as well as all firms together. The results suggest 
that observed prices over the more recent past more closely resemble prices from a 
random walk process than do prices form further in the past. This is especially 
pronounced for the NASDAQ firms. The data are discussed in the next section. This is 
followed by a brief discussion of the methods employed in the tests of the random walk. 
Results follow, and the paper concludes with a summary of findings. 
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SECTION 1; DATA 
The data employed m this study come from the Center for Research in Security Prices 
(CRSP) database and span the period 1963-1997. The data is comprised of daily high, 
low, and closing prices for 1000 of the largest firms each year. The sample is chosen 
each year based on the prior year decile size rankings. The largest decile firms enter the 
sample first, followed by the next largest decile. This process continues until the addition 
of the next smaller size decile would result in more than 1000 firms in the sample for that 
year. This decile, called the cutoff decile, contributes to the sample only the number of 
firms needed to bring the sample size to 1000. Firms from the cutoff decile are chosen 
randomly without replacement. The result is that the sample is made up of 1000 of the 
largest firms based on the firm size at the end of the previous year. The larger firms were 
chosen based on the results of Lamoureux and Sanger 1989 so as to minimize the impact 
of infrequent trading as larger firms tend to be more frequently traded. Additionally, 
larger firms tend to have stock prices that are larger and percentage bid/ask spreads that 
are smaller and consequently suffer less from price distortions caused by price 
discreteness. 

The closing price provided by CRSP is the price of the last trade on that day. If no trades 
occurred on a day, then the closing price is negative one times the average of the closing 
bid and ask prices on that day. The high and low prices recorded are the highest and 
lowest prices at which trades occurred on that day. If no trades occurred then the high is 
reported as the closing ask price and the low is reported as the closing bid price. 

The prices, the high, the low, and the close, were adjusted for stock sphts and stock 
dividends. Additionally, the prices were adjusted to reflect 100% of the cash dividends 
paid out over the year. This results in a time series of prices that are completely 
comparable through time. 

In addition to the prices and the factors necessary to adjust the prices to preserve time 
comparability, the exchange codes were collected. The exchange codes indicate whether 
the stock is traded on the NYSE, the AMEX or the NASDAQ. The exchange affiliation 
will allow a separate analysis of results for shares traded on the NYSE and AMEX to 
those traded over the counter. 
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SECTION 2: METHODS 

Each year, 1963-1997, based on the prior year's CRSP size ranking, a sample of 1000 of 
the largest firms is cho!:&n. For this sample daily high, low and closing prices are 
collected and adjusted for distributions. The exchange affiliation for each year, for each 
security, is recorded'". This data, 35 years of daily prices for 1000 firms, is then used in 
two tests of the Random Walk Hypothesis. The first test is a variance ratio test in the 
spirit of Lo and MacKinlay (1988). In this test, the variance calculated from daily returns 
is compared to the variance calculated from multi-day returns. If stock prices follow a 
random walk then the variance of k-day returns should be k times that of 1 day returns, 
where k is an integer greater than 1. Lo and MacKinlay consider overlapping k period 
returns to increase the power of the test. 

The following derivation is based on Lo and MacKinlay (1988) pages 46-48. This 
derives the test statistic employed in the variance ratio test and is adjusted for the use of 
overlapping periods. 
The mean one period return is defined to be 

where X, = ln(P,) and under the null hypothesis 

dX(/) = //rfif+(JdW(0 where // is a drift term and dW(t) = e{t)'Jdt 
nq =• the number of observations and 
^ = is an integer greater than one. 

The one period variance of retums is defined as 

I) 

2) 

The variance of retums over periods of length q is given as 

Where m, the adjustment factor for overlapping periods, is defined as 

4) m=q{nq-q-¥\) 1—— 
nq 

\  ̂J 

A firm that moves between exchanges during the year will have more than one exchange affiliation for 
that year. 
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A comparison of this adjustment factor to a naive adjust factor, qy.nq-\, reveals that for 
low levels of q, q < 25, the Lo and MacKinlay adjustment factor and the naive adjustment 
factor are virtually identical. 

The test statistic is the variance ratio given by 

5) 

This is asymptotically normally distributed 

6) ^M^iq) - N 
2(2^-1X^-1)' 

3^ 

Equation 6 can be solved for a standard normal test statistic as follows 

7) 3^ ' -MO.1) 

An alternative test of the Random Walk Hypothesis considers where the closing price 
falls relative to the High price and Low price for the day and the information this carries 
about High, Low and Closing prices on the following day. The test is quite simple. First, 
the daily trading range, on each day for each security, is divided into 5 equal bins. The 
closing price is assigned a rank (1 to 5) based on which of these five bins it falls into. A 
rank of 1 implies that the closing price was near the low price for the day (lowest price 
quintile), while a rank of 5 suggests that the close fell near the high for the day (highest 
price quintile). Next, the frequency of days on which the following trading day High, 
Low and Closing prices are greater than, equal to, or less than the same values today is 
calculated. For example, for a random walk process, information about where today's 
close fell relative to the day's trading range is of no value in speculating about the 
following trading day's Closing price. 
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SECTION 3; RESULTS 
The results are presented for each year 1963-1997 for all firms in the sample. This is 
further broken down into all NYSE/AMEX firms and all NASDAQ firms. Firms which 
changed exchange listing during a year or are coded in the CRSP data as having any 
exchange listing other than NYSE, AMEX, or NASDAQ during a year are included in 
the sample of all firms for that year but are excluded from the I*^SE/AMEX and 
NASDAQ sub-samples. Of the 1000 firms in the sample each year, the number of firms 
in the NYSE/AMEX and NASDAQ sub-samples are given in Table 2.1. 
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Table 2.1 Number of Firms with Designated Exchange Affiliation and Average Daily 
Return 

Average Daily Return 
Year NYSE/AMEX NASDAQ NYSiyAMEX NASDAQ 
1963 990 0 0.05% 
1964 991 0 0.05% 
1965 995 0 0.08% 
1966 995 0 -0.04% 
1967 995 0 0.12% 
1968 995 0 0.08% 
1969 989 0 -0.10% 
1970 989 0 -0.05% 
1971 986 0 0.05% 
1972 989 0 0.03% 
1973 804 183 -0.14% -0.17% 
1974 825 165 -0.15% -0.23% 
1975 811 182 0.13% 0.08% 
1976 827 158 0.10% 0.10% 
1977 850 141 -0.01% 0.01% 
1978 860 134 0.03% 0.04% 
1979 869 125 0.09% 0.08% 
1980 868 119 0.09% 0.06% 
1981 877 109 -0.01% 0.00% 
1982 880 115 0.05% -0.01% 
1983 857 137 0.08% 0.09% 
1984 842 151 0.00% -0.08% 
1985 816 177 0.09% 0.10% 
1986 817 178 0.05% 0.01% 
1987 783 208 -0.01% -0.03% 
1988 810 175 0.06% 0.05% 
1989 814 175 0.05% 0.06% 
1990 832 157 -0.08% -0.11% 
1991 825 161 0.09% 0.14% 
1992 826 159 0.03% 0.05% 
1993 819 174 0.04% 0.01% 
1994 821 168 -0.02% -0.01% 
1995 830 160 0.10% 0.12% 
1996 831 158 0.06% 0.04% 
1997 811 178 0.09% 0.02% 

The left half of Table 2.1 provides the equal-weighted average return of the firms in each 
sub-sample each year. This gives some sense of the general drift of the market each year 
and a sense to which performance of exchange listed and over-the- counter stocks 
diverged. 
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Variance Ratio Tests 
These tests are purposely modeled after the Variance Ratio Tests of Lo and MacKinlay 
(1988). The tests use overlapping periods each year to compare the volatility of 1-day 
returns to that of 2-day returns, S-day returns, 10-day returns, and 20-day returns. 
Returns are calculated as the difference of the natur^ logarithm of prices The idea of 
the variance ratio test as a test of the Random Walk Hypothesis is that if prices follow a 
random walk then the variance of returns is linear in time. That is the variance of k-
period returns is k times the variance of one period returns. 

Figures 2.1a and 2.1b below plot the frequency of rejection of the Random Walk 
Hypothesis each year for all sample firms, and for the NYSE/AMEX and NASDAQ sub-
samples. In both figures, the dashed line denotes the S% significance level. 

Figure 2.1a: Frequency of Rejection at the 5% level using S-day Returns 
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" Returns were also calculated assuming discrete compounding as n The results, using this 

definition of returns, are qualitatively equivalent to those based on log prices and this change has no impact 
on the conclusions drawn. 
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The frequency of rejection for the year is determined, using all data for the year, as the 
number of firms for which the 5% critical value is exceeded, scaled by the number of 
firms in the sample or sub-sample. 

Figure 2.1a plots the results using S-day returns. This figure indicates a saong rejection 
of the Random Walk Hypothesis for the full sample and both sub-samples for every year 
1963-1997. This figure highlights that the frequency of rejection has remained fairly 
stable for the NYSE sub-sample although it has declined somewhat over the recent past, 
but for the NASDAQ sub-sample the decline in the firequency of rejections since the early 
1980's has been pronounced. This decline in the frequency of rejections for NASDAQ 
firms has brought them in line with the frequency of rejection of NYSE firms. 

Of potential interest is the spike in rejections in 1987, the year of the 22% market drop in 
October. The sharp one-day decline on Monday October 19, 1987 may be driving some 
of this especially considering returns are calculated as the log difference in prices. Using 
a discrete measure of returns reveals a similar spike in NYSE/AMEX rejections but no 
spike at all in NASDAQ rejections. This is purely a curiosity as with or without the spike 
the level of rejections greatly exceeds the 5% critical level. 

Figure 2. lb below plots the frequency of rejections using 20-day returns. This contrasts 
nicely with the results of the 5-day returns presented in Figure 2.1a. The 20-day return 
results provide a much weaker rejection of the Random Walk Hypothesis than did the 5-
day returns and over the most recent past, the 20-day returns fail to reject at the 5% level. 

Figure 2.1b: Frequency of Rejection at the 5% level using 20-day Returns 
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Figures 2.1a and 2.1b reveal similar patterns when comparing NYSE/AMEX to 
NASDAQ and the time patterns of the frequency of rejections. That is, the 20-day return 
results are very similar to the 5-day return results except the level of rejections is 
significantly reduced. 

Lo and MacKinlay focus on the S-day and 20-day returns and that is what has been 
presented above. Additionally, 2-day and 10-day returns were considered. The results 
&om these return intervals could easily be extrapolated from the S-day and 20-day return 
results. The 2-day results are quite similar to those using 5-day returns. The Random 
Walk Hj^thesis is soundly rejected for all years and sub-samples. The 10-day returns 
fit in nicely between those of the 5-day returns and the 20-day returns. Again the 
Random Walk Hypothesis is rejected each year and in both sub-samples but he rejections 
are much less strong especially over the recent past. 

Two things bear further mention. The Hrst is the secular decline in the frequency of 
rejections of the Random Walk Hypothesis for NASDAQ firms since the early 1980's 
and the much less pronounced decline for NYSE/AMEX firms since the early 1990's. 
The second is the pronounced downward shift in the frequency of rejections as the return 
interval is lengthened. The idea that the power to reject is a decreasing function of the 
return interval is bothersome. 

These two issues may in part be related. Smith (1994) has demonstrated that the Lo and 
MacKinlay results suffer from failing to properly account for the microstructure impacts. 
He notes that as the return interval is shortened the impact of the bid-ask spread becomes 
more pronounced. That is, returns measured over shorter intervals are more distorted by 
microstructure issues such as the bid/ask spread. The rejection of the Random Walk 
Hypothesis may be a result of failing to consider this impact. Smith demonstrates this by 
replicating the Lo and MacKinlay's results for the Dow 30 using a variance ratio test and 
ignoring microstructure issues. He then performs a joint test of the Random Walk 
Hypothesis and a model of the microstructure. Again using the variance ratio test, but 
now accounting for the microstructure, he fails to reject. 

This is consistent with the results from the simulation presented earlier in this paper. In 
the simulations, true prices are constructed so as to follow a random walk but observed 
prices bear the distortions of microstructure. In particular, introducing a bid/ask spread 
of 2 ticks ($0.25) was sufficient to generate rejection frequencies consistent with those 
found here. In the simulations, the impact of the spread declined as the return interval 
increased. The frequency of rejection for the 5-day return interval was 24% while for the 
20-day interval it was 4%. 

This suggests a partial explanation for the decline in the firequency of rejections through 
time. If this decline is in part driven by competition (including off-exchange trading, and 
trading on regional exchanges) which results in the narrowing of spreads through time, 
then the drop-off in rejection fi%quency should be more pronounced in the 5-day return 
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results than in the 20-day return results. This is indeed the case as illustrated in Figures 
2.1a and 2.1b. 

The results of the variance ratio tests of the Random Walk Hypothesis indicate a rejection 
that weakens as the return interval is lengthened. The time pattern of the frequency of 
rejections indicates a very moderate decline through time for NYSE/AMEX firms and a 
very pronounced decline for NASDAQ firms. These results are consistent with the 
findings of Smith (1994) and the simulations presented earlier in this paper. They 
suggest that it is possible to explain the rejection through distortions introduced by the 
microstructure. 

It should also be noted that with one year of daily data, the 20-day results are based on 
only 12 independent observations. Following the lead of Lo and MacKinlay, the power is 
improved by using over-lapping 20-day periods. It may be that the frequency of rejection 
falls as the return interval is increased, not simply due to microstructure issues, but also 
because the test becomes less powerful as it has fewer independent observations with 
which to work. 

High, Low, and Close 
An alternative test of the Random Walk Hypothesis considers where the closing price 
falls relative to the day's trading range. The Random Walk Hypothesis implies that 
knowing where today's closing price fell relative to the high and low price for the day 
should provide no information about where tomorrow's close will fall relative to today's 
close. 

Conversely, knowing where today's closing price fell relative to the high and low price 
for the day should provide information about where tomorrow's high and low will fall 
relative to today's high and low. To see this, first consider the unconditional expectation. 
Unconditionally, assuming a mean zero process and under the null of a random walk, one 
would expect that it is equally probable that tomorrow's high will be greater than today's 
high as it is that it will be less than today's high. The same is true of the low. 
Unconditionally the starting point each day, the previous day's close, is the midpoint 
between the previous day's high and low. 
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Figure 2.2a: Tomorrow's High versus Today's High 
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Figure 2.2b: Tomorrow's Low versus Today's Low 
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Figure 2.2c: Tomorrow's Close versus Today's Close 

Frequency of Tomorrow's Close being Greater than, Equal to, or Less than 
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Table 2.2 below presents the t-statistics that correspond to each of the three figures 
above. The t-statistics confirm the results in the figures. For the high and low prices the 
random walk is rejected for every year 1963-1997. For the closing price, only 3 years out 
of the 25 do we fail to reject the random walk. 
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Table 2.2: T-statistics for the Test of tiie Random Walk Hypothesis - Unconditional 
High Low Close 

1963 -49.38 41.67 -6.50 

1964 -50.46 38.29 -7.48 
1965 -48.32 30.29 -10.41 

1966 -55.40 14.32 -17.12 
1967 -46.89 15.08 -18.41 
1968 -39.67 13.94 -14.84 
1969 -48.88 4.75 -17.64 
1970 -42.99 24.26 -10.58 
1971 -42.96 22.38 -11.36 

1972 -41.21 26.53 -7.63 

1973 -41.83 9.76 -14.16 

1974 -47.67 10.00 -14.31 

1975 -31.36 21.14 -7.28 

1976 -24.25 30.39 -2.86 

1977 -40.17 32.04 -6.16 

1978 -40.05 26.83 -8.38 

1979 -34.72 34.40 -5.54 

1980 -36.25 17.61 -11.23 
1981 -40.97 19.89 -15.61 
1982 -35.17 22.56 -9.58 

1983 -34.42 27.31 -8.46 

1984 -43.62 26.96 -9.93 

1985 -29.97 44.16 -0.13 

1986 -31.58 37.96 -4.47 
1987 -28.73 40.30 -1.07 

1988 -42.79 36.64 -8.62 

1989 -25.46 54.70 5.09 
1990 -34.63 31.86 -4.72 
1991 -32.19 36.78 -5.23 

1992 -34.38 39.39 -6.33 

1993 -31.72 41.17 -3.11 
1994 -40.12 25.23 -11.08 
1995 -26.76 41.43 -3.11 

1996 -31.07 35.34 -8.01 

1997 -21.97 39.16 -0.80 

In calculating the t-statistics above, the theoretical probability of an upward price move 
was calculated using the average daily return and average standard deviation of daily 
returns of the 1000 stocks in the sample each year. The theoretical probability under the 
null is the cumulative normal evaluated at the daily mean return divided by the daily 
standard deviation of returns. 

Figures 2.2a-2.2c present for the entire sample the year by year unconditional frequency 
of tomorrow's high, low, or close being greater than, equal to, or less than today's high. 
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low, or close respectively. The figures indicate mean reversion. Highs are slightly more 
likely to be lower tomorrow than today. Lows are slightly more likely to be higher than 
today. The close is equally likely to be higher or lower than it is today. One noticeable 
trend in Figures 2.2a-2.2c is the drop off in the frequency of tomorrow's high, low, or 
close being equal to today's. This is more likely to happen as volatility increases and as 
spreads decrease. Volatility, especially of the NASDAQ firms, exhibits this pattern, 
rising over the last three years. 

Of more interest here is the impact of conditioning on where the close falls relative to the 
day's trading range. In this analysis, for a stock on any day to be included the difference 
between the high price and the low price on that day must exceed $0.25 (2 ticks). A 
minimum price movement of two ticks was selected to screen out all trading days where 
the high and the low differed by either one tick or no ticks. These were screened out as 
they render the high and low fairly meaningless, since with one tick between high and 
low all trades occur at either the high or the low and with zero ticks all trades occur at the 
high Md at the low. With two ticks or more between the high price and the low price of 
the day, trades can occur between the high and the low. 

Given this minimum spread between high and low, the day's trading range is evenly 
divided into 5 bins. Bin 1 prices are the prices in the quintile closest to the low price of 
the day and Bin 5 prices are the prices in the quintile closest to the high price of the day. 
The closing price is assigned to the bin with prices that include the closing price. For 
example, if the low price for the day is $31.00, the high price for the day is $31.50, and 
the closing price is $3 land 1/8 then this price would be assigned to Bin 2. 

The results are as expected for the high and the low. A close near the high today means a 
high probability that the high and low prices tomorrow will be higher than today. 
Similarly a closing price near the low price of the day indicates a high probability that the 
high and the low prices on the following day will be lower than on the previous day. 
Figures 2.3a and 2.3b, for the NYSE/AMEX sub-sample, plot the frequencies that 
tomorrow's high is greater than, equal to, or less than today's high conditioned on a 
closing price near the low and closing price near the high respectively. In these figures, 
the probability that tomorrow's high is greater than today's high is plotted as a heavy 
line. The probabiliQr that tomorrow's high is less than today's high is plotted as a fine 
line. And the probability that tomorrow's high is equal to today's high is plotted as a 
boxed line. 

The figures show remarkable consistency through time, in terms of stability of the 
frequencies. These results are consistent with the simulation results where the tick size is 
1/8 to 2/8. The results for the low price are not shown, as they are virtually identical. 
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The results for the high and low price for the NASDAQ stocks, also not shown, are 
qualitatively identical'^. 
Figure 2.3 a indicates that conditioned on the close near the low, the probability of 
tomorrow's high being lower than today's high is 60%-70%, with only a 20% chance of 
being higher. 

Figure 2.3a: Today's High versus Tomorrow's Higii Conditioned on Close near Low 

Frequency of Tomorrow's Higii being Greaterthan, Equal to, or Less than 
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Figure 2.3b shows that conditioned on a close near the high, the opposite is true. There is 
a 60%-70% chance of tomorrow's high being higher than today's high, but only a 20% 
chance of being lower. 

With the CRSP data the high and low prices for the NASDAQ stocks were not recorded until December 
1982. In this analysis, NASDAQ stocks are not included until 1983. 
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Figure 2.3b: Today's High versus Tomorrow's Higii Conditioned on Close near 
Higii 
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Figures 2.3a and 2.3b plot the frequencies for Bin 1 (close near the low) and Bin 5 (close 
near the high) respectively. The results for Bins 2,3, and 4 are essentially linear 
combinations of the results for Bins 1 and S and consequently are omitted. 

Turning now to the closing prices, the question is posed, does knowledge of where 
today's close falls relative to the day's trading range provide information about 
tomorrow's close relative to today's close? The Random Walk Hypothesis indicates that 
there should be no information about tomorrow's closing price in where today's close 
falls relative to the high and the low prices for the day. That is, the probability that the 
following day's close is greater than today's close should equal the probability that that 
the following day's close is less than today's close'^. This analysis will consider the 
NYSE/AMEX and NASDAQ results separately. 

NYSE/AMEX 
The location of the closing price relative to the day's trading range for NYSE/AMEX 
stocks seems to have a smaU amount of predictive power. Figures 2.4a and 2.4b are 
based on the data in Table 2.2 below. 

Weak form market efficiency states that one should not be able to trade profitably on such information, 
but it makes no statement about the likelihood of the outcomes. It would be consistent with the notion of 
weak form efficiency for there to be a 90% probability of tomonow's close being higher than today's close 
and only a 10% chance of tomorrow's close being lower than today's close, conditioned on today's close 
relative to today's high and low prices. This is true as long as when tomorrow's close is lower than today's 
close, it is much lower, and when tomorrow's close is higher than today's close it is only slightly higher. 
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Figure 2.4a: Today's Close versus Tomorrow's Close Conditioned on Close near 
Low 
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Figure 2.4a plots the frequency with which the closing price on day t+i is greater than, 
equal to, or less than closing price on day t, conditioned on the closing price on day t 
being near the low price for day t. Figure 2.4a indicates a small bias toward a positive 
return on the day after a day where the close falls near the low price for that day. 

Figure 2.4b plots the frequency with which the closing price on day t+l is greater than, 
equal to, or less than closing price on day t, conditioned on the closing price on day t 
being near the high price for day t. Figure 2.4b indicates a small bias toward a negative 
return on the day after a day where the close falls near the high price for that day. 
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Figure 2.4b: Today's Close versus Tomorrow's Close Conditioned on Close near High 
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The empirical results presented in Figures 2.4a and 2.4b lead to a rejection of the RWH. 
As the graphs suggest, conditioning on where the closing price falls relative to the days 
trading range is informative about the following day's return. The empirical results and 
the frequency of rejection are very similar to the simulation results with price 
discreteness of a single tick. Table 2.3 below, presents the simulation results for price 
discreteness of 1 penny, 1/8, and 2/8. Below that are the average frequencies over the 25-
year period 1963-1997 for NYSE/AMEX data. 

Two things to note about Table 2.3. First, the empirical results, the last three rows of 
results in Figure 2.3, are quite different firom the simulation results where the level of 
price discreteness is a penny. Recall that with price discreteness of one penny, the results 
are statistically indistingm'shable from those from a random walk. Second, the empirical 
results bear a striking resemblance to the simulation results where price discreteness is 
1/8. This suggests that while the data do not support the RWH, neither did the simulated 
data, which was based on a random walk process but was subject to price discreteness of 
1/8. 
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Table 23: Comparison of Simulation results and Empirical Results 
Today's Close 

Ticksize Tomorrow's Close 
Relative to Today's 

Close near Lo 
1 2 3 

Close near Hi 
4 5 

$ 0.010 
Greater Than 

Equal To 
Less Than 

50.51% 
1.01% 

48.49% 

50.64% 
0.95% 

48.41% 

50.44% 
0.92% 

48.64% 

50.25% 
0.99% 

48.77% 

50.75% 
0.97% 

48.29% 

$ 0.125 
Greater Than 

Equal To 
Less Than 

49.00% 
11.94% 
39.06% 

45.70% 
12.21% 
42.09% 

44.78% 
11.88% 
43.35% 

44.91% 
11.98% 
43.11% 

41.99% 
11.72% 
46.29% 

$ 0.250 
Greater Than 

Equal To 
Less Than 

53.79% 
21.12% 
25.09% 

42.74% 
22.09% 
35.17% 

39.51% 
22.11% 
38.37% 

37.54% 
21.76% 
40.71% 

28.45% 
21.58% 
49.96% 

NYSE/AMEX 
Greater Than 

Equal To 
Less Than 

45.06% 
14.34% 
40.60% 

42.52% 
12.88% 
44.59% 

40.83% 
16.00% 
43.17% 

44.04% 
12.50% 
43.46% 

41.72% 
13.11% 
45.17% 

NASDAQ 
Greater Than 

Equal To 
Less Than 

48.26% 
19.71% 
32.03% 

42.41% 
14.33% 
43.26% 

39.47% 
19.76% 
40.77% 

43.39% 
13.54% 
43.07% 

35.38% 
17.36% 
47.26% 

NASDAQ 
The location of the closing price relative to the day's trading range for NASDAQ stocks 
seems to have had considerably more predictive power than was seen with NYSE/AMEX 
stocks. Figures 2.Sa and 2.Sb are based on the data in Table 2.3 below. The shorter 
history for NASDAQ stocks (1983-1997) reflects the data limitations of the CRSP high 
and low data. 

Figure 2.Sa suggests that there is a strong tendency for a day where the closing price is 
near the low price for that day, to be followed by a day with a positive return. This 
tendency has dimim'shed through the 1990's. 
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Figure 2.Sa: Today's Close versus Tomorrow's Close Conditioned on Close Near Low 
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Figure 2.Sb suggests that there is a strong tendency for a day where the closing price is 
near the high price for that day to be followed by a day with a negative return. This 
tendency has also diminished through the 1990's. 

Figure 2.5b: Today's Close Versus Tomorrow's Close Conditioned on Close Near 
High 

Frequency of Tomorrow's Close being Greater than, Equal to, or Less than today's 
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The results in Table 2.3 are relevant here. The last three rows of Table 2.3 present the 
frequencies where the closing price on day t is greater than, equal to, or less than the 
closing price on day t-l for the NASDAQ firms. Comparing the NASDAQ results to the 
simulation results where the tick size is one penny suggests a very strong rejection of the 
random walk hypothesis based on the NASDAQ data. However, the NASDAQ compare 
quite well with the simulation results^'* where price discreteness is 1/8 to 2/8. As with the 
OTSE/AMEX results, the NASDAQ results indicate a rejection of the random walk 
hypothesis. However, after considering the effects of price discreteness as evidenced in 
the simulation, the NASDAQ results indicate that the rejection of the RWH may be just a 
reflection of price discreteness of 1/8 to 2/8. 

Conclusions on High, Low, and Close 
The analysis of the forecasting power of the location of the closing price in the day's 
trading range raised several issues. 
• Unconditionally there is a slight mean reverting tendency for high prices to fall and 

low prices to rise. Closing prices, unconditionally, seem to be equally likely to rise or 
faU. 

• Conditioning on the closing price on day t relative to the trading range on day t we 
find; 

• Closing prices near the high price for the day strongly suggest that the high and the 
low price on day t+l will be greater than they were on day t. Conversely, closing 
prices near the low price for the day strongly suggest that the high and the low price 
on day t+l will be less than they were on day t. The frequency with which this is 
exhibited is monotonic in the location of the close in the day's trading range. 

• NYSE/AMEX stocks exhibit a slight tendency toward mean reversion. When closing 
prices are near the high for the day, they tend to be followed more often by a negative 
returning day. When closing prices are near the low for the day, however, tend to be 
followed more often by a positive returning day. This effect is more pronounced for 
NASDAQ stocks but has diminished over the recent past. 

The results of the high, low, close analysis are consistent with the simulation results. 
• The slight bias in the unconditional results is consistent with a bias in the 

unconditional simulation results when trading is less frequent. The size of the spread 
seems to have little impact here. 

• In the simulations, conditioning on the closing price on day t relative to the trading 
range on day t we found: 

• Regardless of microstructure issues, closing prices near the high price for the day 
strongly suggest that the high and the low price on day t+l will be greater than they 
were on day t. Conversely, closing prices near the low price for the day strongly 

Solving for the linear combination of simulation results with price discreteness of 1/8 and 2/8 to 
mim'mize the sum of absolute deviations from the NASDAQ results, implies that the NASDAQ results look 
most like a SO/SO mix of 1/8 and 2/8 discreteness. Said another way, the NASDAQ results are consistent 
with price discreteness of 3/16. 
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suggest that the high and the low price on day t+1 will be less than they were on day 
t. T^e frequency with which this is exhibited is monotonic in the location of the close 
in the day's trading range. 
• In the simulation, introducing a bid/ask spread of as little as 1 tick generated a 

mean reverting tendency of the magnitude seen for NYSE/AMEX and NASDAQ 
stocks. This mean-reverting tendency, or evidence of bid/ask bounce, in the 
simulations was an increasing function of the size of the spread. 
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SECTION 4: CONCLUSIONS 
The tests of the Random Walk Hypothesis performed in this analysis, the variance ratio 
test and a test of the information content of the location of the closing price relative to the 
day's trading range, the high-low-close test, indicate a rejection of the Random Walk 
Hypothesis. This conclusion seems to hold for each year based on the variance ratio test 
and for most years based on the high-low-close test. These results however, ignore 
microstructure issues that may heavily influence the conclusions drawn. 

Simulations were performed to tease out the sensitivity of these tests to simple 
institutions features such as the bid ask spread, and empirical realities such as infrequent 
trading. In the simulation, prices are modeled under the null hypothesis of a Random 
Walk. Observed prices in the simulation suffer from the specified market imperfections 
such as infrequent trading and bid/ask spreads. The simulations indicate that even when 
the true underlying process is a Random Walk, the distortions introduced in the observed 
price mask the true price process sufficiently to cause rejection of the null hypothesis. 
The evidence from the simulations casts serious doubts on the conclusions drawn from 
tests of the Random Walk Hypothesis that fail to account for the microstructure issues. 
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CHAPTER 3: COVERED CALL SIMULATION 

SECTION 1: INTRODUCTION 
The Option Industry Council (OIC)'^ video, "How to Optimize Your Stock Portfolio with 
Options" says that options can be used if you want to "... hammer down investment 
security" or "... pry up new profits." One strategy considered in the video is a covered 
call strategy, a strategy in wUch one writes (sells) call options on securities that are held 
in the portfolio. The OIC suggests that a covered call strategy is used to increase the 
yield on a stock portfolio while providing limited downside protection. The OIC video, 
websites, and published materials that provide examples of using options concede that 
transactions costs and taxes can be material they provide all examples ignoring costs and 
taxes. 

The finance literature that considers covered call strategies (see the empirical section of 
this paper for a survey of the literature) evaluates the performance of covered call 
strategies versus buy and hold strategies. A conclusion that can be drawn from these 
studies is that the performance results are very time period specific. Periods of strong 
stock market performance favor buy and hold strategies, while periods of flat or negative 
stock market performance favor the covered call strategies. In most of the empirical 
work, transaction costs and taxes are also ignored. Additionally, the issue of risk requires 
some finesse where the asymmetric distributions of covered call strategies are concerned. 
Financial theory cautions against a comparison based on return alone where differences 
in risk exist. 

This paper, through simulation, attempts to address these issues. We evaluate a covered 
call strategy versus a buy and hold strategy in terms of the retums each can "pry up", the 
risks they can "hanuner down" and both risk and return together in a utility framework. 
We allow for trading costs and taxes and evaluate their impact on the performance. We 
consider how the general direction of the market impacts the results. From this we draw 
some conclusions. 

This paper is laid out as follows. The first section discusses the simulation algorithm and 
provides support for the simulation parameters selected. The second section discusses 
the results in terms of return, risk and utility. The final section draws conclusions. 

The OIC members are the American Stock Exchange, New York Stock Exchange, Pacific Stock 
Exchange, Philadelphia Stock Exchange, Chicago Board Options Exchange, and the Options Clearing 
Corporation. 
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SECTION 2; SIMULATION METHODS 
Simulation provides a laboratory-like environment in which questions can be asked and 
answered that would be impossible to answer empirically. Through simulations the 
researcher is afforded control that is difficult or impossible to achieve in an empirical 
setting. The price that is paid for this control is measured in units of realism. A 
simulation is useful only to the extent that it is sufficiently like reality that inferences 
drawn from the simulation are applicable to reality. 

In this study of covered call strategies, simulation proves especially useful. Empirical 
studies comparing covered call strategies to buy and hold strategies are only informative 
about the specific period covered. Stock market performance over the period examined is 
the primary driver of strategy performance: buy and hold tends to out-perform a covered 
call strategy in bull markets while in flat or bear markets the covered call strategy tends 
to outperform buy and hold. Through simulation we are able to consider different market 
environments. Simulation also allows the researcher to impose certain, measurable 
transactions costs and taxes and then evaluate the impact that these have in various 
market environments. 

The simulation technique followed here is based on an algorithm employed by 
Bookstaber and Clarke (1983). The algorithm takes advantage of the distributional 
assumptions often employed in simulations to greatly lighten the computational burden 
while providing great transparency and intuition. The algorithm assumes that returns are 
normally distributed and each individual stock's returns are derived based on a market 
model. In a typical simulation of this sort, for each draw of the market return the 
researcher would need to draw 10,000 observations of the residuals of each stock in the 
portfolio. Generally the researcher would then evaluate the distribution of portfolio 
returns for the mean value. This would then be repeated for each of, say, 10,000 draws of 
the market return. The BC algorithm takes advantage of the assumed normality of the 
individual stock residuals and simply calculates the expected portfolio return conditioned 
on the draw of the market return. 

The Algorithm 
The algorithm employed here is a modified version of the BC algorithm. Appendix D 
provides a complete derivation of the BC algorithm. The modifications include 
provisions for transaction costs and taxes, which are not available in the BC algorithm. 
Simply put the algorithm compares the end of period wealth of a buy and hold strategy to 
that of a covered call strategy. The buy and hold return for each draw of the market 
return is given by equation 1. 

n 

1) where 
y=i 

=the return on the portfolio 

=the market return 
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Q ) j  =the weight of asset j  in the portfolio 

0 = •''«) = '/+ Pj (''m - ) where 

Vf =the riskless rate 

P  J =the beta of asset j  with respect to the excess market return. 

The return to the covered call strategy differs from this by two sets of cashflows: the net 
cash inflow from writing the options at the begiiming of the period and the cashflows 
associated with closing out the option positions at the end of the period. The cashflows 
associated with writing the options are the proceeds of the sales net of commissions 
grown to the period end at the riskless rate 
2) = {Initial VToceed5-SellingCommissions)(X-k-rf)™ where 

TTM = the time to maturity of the options written 

There are three sets of cashflows associated with the end of the period. The first 
cashflow deals with the costs of closing out the option positions when the options expire 
in the money. For any draw of the market return, the other two cashflows are mutually 
exclusive. 

1) The costs of selling stocks to close out option positions when the cashflows 
from writing the options are insufficient. 

2) The cost of reinvesting options proceeds in stocks when the covered call 
strategy results in positive net cashflow. 

Each of these will be addressed in turn. The cost of closing out the in the money option 
positions at the end of the period is the intrinsic value of the options at expiration 
conditioned on the market return and conditioned on the option expiring in the money. 
To this add the transactions costs of acquiring the options in the market . This amount is 
then multiplied by the probability of the options expiring in the money conditioned on the 
market return. 
3) = {IntrinsicValue+BuyingCommissions) x p(rj > r' I ) where 

pitj > r' I r„) =the conditional probability of the call option expiring in the 

money given the market return. 
r' =the return necessary to move the stock price to the exercise price by 

option expiration. 
If the options provide insufficient cashflow to finance the closing of the in the money 
options then shares of the portfolio of stocks must be sold to supply the needed capital. It 
is assumed that an equal dollar of each stock in the portfolio is sold and that the amount 
of stock sold is sufficient to cover the cashflow shortfall and the transaction costs of 

With reasonable assumptions about the transactions costs and taxes, closing out the option posiuons that 
are in the money at expiration or allowing the stock to be called away and then repurchasing the stock in 
the market are equivalent. 
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selling shares. The gain or loss on the shares sold and associated tax impact is also 
calculated. 

If the options provide cashflow in excess of what is needed to close out the in the money 
options, then the remainder, net of costs, is assumed to be invested equally in the stocks 
in the portfolio. 

The cashflows from selling the options are netted against the cashflows from closing out 
the option positions. This net amount is taxed as a short-term capital gain'^. 
The contribution of the options to the portfolio returns is calculated by scaling the after
tax cashflow by the portfolio value at the beginning of the period. 

Consider the following three scenarios. 
Scenario 1; CF  ̂ > CF^ ,̂ The cash inflow from the options exceeds the cost of 
closing out the option positions at the end of the period. In this scenario the option writer 
benefits from having written the options. The capital gains recognized exceed the capital 
losses from closing out the option positions. In tUs scenario the performance of the 
covered call strategy declines as the tax rate increases. However, for all positive tax rates 
less than 100%, the covered call strategy outperforms the buy and bold strategy. That is, 
the frequency of Covered Calls beating Buy and Hold in any one period will not change 
as the tax rate changes but the amount by which CC beats BH will change. Under this 
scenario it is assumed that the excess cashflow is reinvested in the stock portfolio. 
Scenario 2: CF^ = CF„„, The cash inflow from the options is just sufficient to cover 
the cost of closing out the option positions at the end of the period. In this scenario the 
options add nothing to the retum of the underlying stocks and the covered call strategy 
return just equals that of the buy and hold strategy. The results under this scenario are 
independent of the tax rate. 
Scenario 3: CF ,̂ < CF„„ The cash inflow from the options is insufficient to cover the 
cost of closing out the option positions at the end of the period. In this scenario the 
options detract from performance when compared to buy and hold. Under this scenario 

" The tax treatment of a qualified covered call strategy is as follows. The premium is treated as a short 
term capital gain if 

1) the option expires out of the money, or 
2) the option position is closed out prior to expiration. 

If the option is exercised and the stock is called away then the option premium is added to the exercise 
price in calculating the gain or loss on the sale of the stock. The treatment of this gain or loss is determined 
by the holding period of the stock. For a covered call to be "qualified" the following two conditions must 
be met; 

1) The option written must have more than 30 days to expiration and 
2) Generally the option written must be out of the money, at the money, or the least in the money 

option. 
If the covered call is unqualified then no holding period is accumulated on the underlying stock during the 
period that it is covered by an unqualified covered call. 
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some stocks in the original portfolio must be sold to provide enough cashflow to close 
out all of the option positions. Under this scenario, if the loss from off-setting all of the 
in the money option positions after netting out the gain from the original sale of the 
options exceeds the gain on the sale of the stock, this loss is allowed rather than carried 
forward to the following period. Consequently the performance of the CC strategy 
improves as the tax rate increases due to the tax savings on the loss. 
Before moving on, consider the components of the cashflows in more detail. The initial 
proceeds from writing covered calls is the sum of the Black-Scholes options prices 
multiplied by the number options written per share of stock'^, times the number of shares 
held. This amount is reduced by the cost of selling the options. 

The intrinsic value of the options at expiration, conditioned on the options expiring in the 
money, is the difference between the expected stock price conditioned on the stock price 
exceeding the exercise price, and the exercise price. That is, the initial stock price grown 
by the expected return conditioned on the market return and the option expiring in the 
money, less the exercise price. This conditional expected return is given below. (See 
Appendix D for the derivation.) 

4) £(r I ,r. > r') = F; + — where 

N{») = the standard normal CDF evaluated at the argument 

a  J =the standard deviation of the residual return My = (^ - />) - P j  ( r „  -  )  

Equation 4 says that the expected return on asset j ,  conditioned on the draw of the market 
return and on the option expiring in the money, is the unconditional expected return plus 
another term. The numerator of this other term is the expected value of the residual, 
Uj=(rj-rj^)- Pj (r„ - />), conditioned only on the market return, but evaluated only 

over the range of returns where the option is in the money. The denominator is the 
probability of the option expiring in the money (See Appendix D for details). Taken 
together this final term is the expected value of the residual conditioned on the draw of 
the market retum and the option expiring in the money. 

It is assumed that one option is written for each share of stock held. This can easily be generalized so 
that one could consider any ratio of shares to options. If one wishes to write less than one call per share 
this is equivalent to separating the portfolio into an all equity piece and a piece where each share is covered 
by one call option. Similarly, if one is interested in writing more than one option per share, this is 
equivalent to separating the portfolio into a piece that is just options written naked and a piece on which 
one option is written per share owned. 
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Simulation Inputs and Assumptions 
A simulation is valuable only to the extent that it reasonably captures the relevant aspects 
of reality. Toward this end it is useM to understand the assumptions that underlie the 
simulations and the inputs to the simulations. 

Table 3.1 below provides the inputs used in the simulations and briefly describes the 
justification for each. Below that several parameters are discussed in more detail. 

Table 3.1: Simulations Parameters 
hnmctcn VatacdluKd Rcanm 

Tax Rales 0-10% Spans ail tax rates up to the nuximum marginal indivklual tax rale In 1998. 

Tradine Costs (Round irii)) 0%-t6% 
Detailed options data(l989-1993) on 24 aaiveiy traded securities in the Dow 30 
indicates that this range covers 80% of the observed spreads 

Sellnc Vs Buyinc Con equal 
The data indicate a tendency for spmnb to wklen in the last month of the option's 
life, but this effixt is not statisticaUy sienificant. 

Number ot obsemiions on ibe Market Return 10.000 Standoid number of Itcniikins In simulations 

Number of Securities in the Portfolio 20 

A number large enough to be well diversified (per Fiuna) yet small enough lo 
typify in individual investor's hoUings Sensitivity analysis shows that thu has 
b'ltle impact. 

Ponfolio Weishts eaually weiehted Simplicity and sensitivity analysis shows that this has no impact. 

Betas 0.4 - 1.6 
Selected to .ipan the betas of 80% of the stocks in the largest CRSP decile each 
year 1989 • 1998 

Initial Stock Price SSO 

Lakonishok and Bev (JF 1987) indicate median stock price is S3S. The CRSP data 

for the largest size decile 1988-1997 indicate that the average stock price u $50-
560. Overiheperiod 1988-1994 the average is stable around 550, but the period 

199S-1997 has seen a dnunatic tncrease in prices. Sensitivity analysis indicates 

that this has no imnct. 
Tune to Maturity of Options 3 months Options industry literature and tax law. 

Risk Free Rate 5% 
This simulation is insensitive to this as king as it is selected lo be consistent with 
the expected market return. 

Mean Annual Market Excess Return •t-l0«.0%..10% Based on the CRSP VW and EW market returns 1989-1998 

Annual Market Standard Deviation 15% 

CRSP VW market returns 1989-1998 suggest 11%. The S&PSOO 1960-1998 
suggests 15%. 

Decree of Moneyness of Call Options 10% 

This is consistent with the literature and consistent with the option industry 

recommendations and tax law. Another way to get at this wouU be to take the 
average price of stocks in the largest decile 1989-1998. Assume strike prices are 
at 55 intervals. Then on average the nearest strike price at any time is 52J0 from 
the ciorent stock price. The degree of moneyness woukl be roughly 52.5n/Avg 
Stock Price X (lyr/TTM) 

Individual Security Volatility IO%>SO% 

Based on the range of volatilities of the largest decile stocks 1988-1997. This 
range spans mote dien 80% of ihe firms in the largest decik. The Simulation SD 
is cakubted to correspond to the Beta as follows (SD(j) s (Beta(j]-. 10|/3. This 
comes from the foDowini; regression results BetaO) ». 10 -f 2.98*SD0) 

Dividend YieU 0% 
The average dividend yiekt of die largest decile stocks 1988-1997 was roughly 
3%. - Sensitivity analysis suggests diat over the relevant ranee this has no impact. 

Portfolio Value 100.000 Sensitivity analysis shows that this has no impact. 
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Trading Costs - One aspect of this study that is unique in the literature is the inclusion 
of trading costs. A covered call strategy requires more trading than a buy and hold 
strategy and consequently the inclusion of trading costs will adversely e^ect the 
performance of the covered call strategy. The term "trading costs" is used here to capture 
all costs of trading from paying a portion of the spread, to brokerage fees and 
commissions'^. The decomposition of costs by source is irrelevant here as the total cost 
is of concern. Therefore, a trader who pays more in commissions to place a limit order 
and avoid a portion of the spread is not distinguished from another investor who pays 
very little in conmiissions but trades with market orders and this bears the cost of more of 
the spread. 

The range of costs examined in this simulation run from 0 to 16% in 2% increments. 
These costs are round-trip costs meaning that a participant would pay up to 8% to buy 
securities and up to another 8% to sell securities. In selecting the range of costs the goal 
was to cover the most likely range of costs faced by covered call participants. The range 
0%-l6% spans 80% of the spreads on 24 Dow 30 stocks over the period 1989-1993. 

This is illustrated in Figure 3.1 below. This figure plots the histogram of percentage 
spreads and the cumulative frequency of spreads from options on Dow 30 stocks from 
1989-1993. The data employed are from the Berkeley Options Database at the University 
of Arizona. The data were screened to include only those options with less than 7 months 
to maturity, and strike prices within $5 of the stock price, llie list of companies is 
provided in Appendix E. Although trading costs include more than the spread this 
analysis provided some guidance as to the range of costs faced including the spread. 

Figure 3.1; Histogram of Option Spreads (1989-1993) 
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" It is assumed here that the stocks and options being traded are sufficiently liquid that the volume an 
individual investor trades will not impact the market price. To the extent this assumptions is false the costs 
of trading have been understated. 
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The figure above shows that the distribution of spreads is very skewed and that 6% of the 
spreads exceed 50%. Some summary statistics of the percentage spread are provided 
below in Table2. This table breaks the data down by puts and calls and also considers 
how the spread changes as option expiration approaches. Although the dispersion of the 
spreads is too wide to make any statistical statements, several observations are 
noteworthy. First, spreads for call options tend to be slightly tighter than those for put 
options. Second, spreads tend to widen considerably during the last month of the 
option's life. This suggests that it may be more costly to reacquire options near 
expiration than it was to sell them initially. Third, the skewness evident in figure 1 above 
is also evident in the disparity of the mean and median values of the spread. Fourth, the 
maximum spread of 200% is an artifact of the calculation of the percentage spread. The 
percentage spread is calculated as the difference between the ask price and the bid price 
scaled by the midpoint of these two prices. 

5) %Spread=————— 

Any time the bid price is zero, which is not uncommon with options especially as 
expiration approaches^", the percentage spread as calculated in equation 5 is equal to 2. 

Table 3.2: Summary Statistics on Option Spreads 
Months to expire 

Stats Calls Puts AU 0-1 1-2 ^3 3-4 4-5 5-6 6-7 
Median 8.11% 9.98% 8.82% 12.11% 8JI% 8.57% 7.16% 7.41% 8.00% 7.13% 
Mean 16.38% 19.03% 1751% 29.90% 11.62% 1056% 8.45% 8.44% 9.35% 7.92% 
Min 0.10% 0.10% 0.10% 0.10% 0.10% 1.86% 1.67% 1.18% 1.42% 1.27% 
Max 200.00% 200.00% 200.00% 200.00% 200.00% 200.00% 98.04% 133.92% 200.00% 66.67% 
Stdev 30.97% 32.29% 3156% 47.46% 14.04% 10.73% 5.62% 6.09% 9.27% 450% 

NumObs 125535 92883 218418 79785 75792 10049 11910 27528 6891 6463 

^ In this same this occurred in roughly 2.25% of the observations. 
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Beta - The range of betas, 0.40 to 1.60, for the stocks in the portfolio was chosen so as to 
span roughly 80% of the likely range of betas. Using CRSP daily data from 1988-1997 
for all firms in the decile of largest firms in the CRSP universe, a beta was calculated for 
each firm for each year using the value-weighted market index^'. This resulted in 7789 
estimates of beta. The histogram of these beta estimates is provided in Figure 3.2 below. 

Figure 3.2: Histogram of Betas for Upper Decile Firms (1988-1997) 
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Individual Firm Volatility - A parameter that must be chosen in consideration with beta 
is the individual firm volatility. All else equal, higher beta stocks are higher volatility 
stocks as can be seen from the equation for the variance of returns based on the market 
model. 
6) Varir^ -r^) = fijVarir„ -r^)+Var(ej) 

All else may not be equal. To consider this a pooled regression was run where betas 
calculated using daily data each year were regressed on the annualized^ standard 

There are many alternative ways of calculating beta. For example, one could consider other market 
proxies, returns over different time frequencies, or rolling window regressions. The goal in this 
application, however, is not to precisely measure beta, but rather determine a reasonable range over which 
one would expect to encompass the betas of most firms. Di^rent beta calculating techniques would not be 
likely to change the conclusion drawn above. 
^ Daily return standard deviations were annualized by multiplying by the square root of the number of days 
in the year. This assumes that daily stock returns are well approximated as being serially uncorrelated. 
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deviation of daily returns over that same year. The results of the regression are presented 
in equation 1. 

.10 + 2.98<Ty, R-square=.54 

(.008) (.028) 
Standard errors are shown in parentheses. 

This result is quite stable through time as is shown in Table 1 of Appendix F where the 
results from cross-sectional regressions each year are displayed. Figure 3.3 graphically 
displays the results of the regression in equation (7). This is a scatter diagram of the 
annualized standard deviation of returns and beta. The strength of this relationship is 
evident. 

Figure 3.3; Scatter Plot of Standard Deviation of Returns Vs Beta 

Scatter Plot of Return VoUlttly Vs Beta 
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In this simulation the betas range from .4 to 1.6. Using equation 7 this implies the 
individual firm volatility needs to range from 10% to 50%. Figure 3.4 plots the 
histogram of the annualized daily return volatility for the upper decile firms. Selecting 
individual firm volatility that spans l0%-50% captures over 90% of the volatility of the 
firms in the upper decile. 

This is supported by both theoretical and empirical work (see for example, Vfclnish and Wood (1991), 
Boudoukh, et al. (1994), and Amihud and Mendelson (1987)). 
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Figure 3.4: Histogram of Annualized Standard Deviation of Daily Returns 
for Upper Decile Firms (1988-1997) 
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Market Return Parameters - The simulation results are probably impacted more by the 
choice of the market return parameters than the results are effected by any other 
simulation parameter. This is especially true of the expected market return. A covered 
call strategy is a touted as a way to add return during periods where stocks are flat or 
failing. The downside is that the covered call strategy limits the upside when stocks 
rally. In an attempt to be fair to both the buy and hold and the covered call strategies 
three environments were considered; 
• an upward trending market where the expected return on the market in excess of the 

riskless rate of retum is +10%. 
• a flat market where the stock market is expected to retum no premium to a riskless 

investment. 
• A downward trending market where the expected return on the market in excess of 

the riskless rate of retum is -10%. 

History can provide guidance in choosing parameters, but the market retum is the 
parameter that we most want to have control over in the simulations. Table 3.3 below 
gives, for the S&P 500, the year by year excess returns and volatility of excess returns 
from 1989-1997. The parameters chosen in this study, excess market returns of+10%, 
0% and -10% and standard deviation of excess market returns of 15%, while they do not 
span the returns experienced in the past 10 years they are by no means unreasonable and 
are reasonably representative of past returns. 
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Table 3.3 Excess S&P 500 Returns 
Excess Return S&PSOO 

Year Return VolatiUty 
1988 7.26% 10.17% 
1989 19.93% 12.78% 
1990 -9.88% 17.93% 
1991 23.72% 15.71% 
1992 3.33% 7.47% 
1993 6.55% 5.67% 
1994 -2.53% 10.55% 
1995 30.32% 5.31% 
1996 17.62% 10.80% 
1997 26.83% 16.29% 

Dividend Yield and Stock Price - Two parameters that are related must be chosen for 
the simulation; dividend yield and stock price. Using the CRSP daily data for the largest 
decile firms from 1988-1997, stock prices and cash dividends were collected. The 
average daily price for each firm in the upper decile, for each year was computed as the 
simple average of the unadjusted daily prices. The prices were not adjusted for any 
distributions because the goal was to get at the average price at which shares trade. The 
average price each year is the simple average of the average daily prices of each firm in 
that year. The dividend yield for a company in a year was calculated by summing all 
cash dividends, where the shares trade ex-dividend during that year, scaled by the stock 
price on the respective ex-dividend date. The annual dividend yields, for all upper decile 
firms in each year, are then averaged. These are reported below in Table 3.4. 

Table 3.4: Average Stock Price and Dividend Yield of Upper Decile Stocks 
Year Price DivYld 
1988 40.89 4.94% 
1989 49.46 3.56% 
1990 46.23 4.25% 
1991 50.75 3.35% 
1992 52.20 2.66% 
1993 58.65 2.48% 
1994 57.62 2.43% 
1995 68.05 2.17% 
1996 77.61 1.85% 
1997 90.61 1.58% 

Avg(88-94) 50.83 3.38% 
Avg(95-97) 78.76 1.87% 
Avg(88-97) 59.21 2.93% 

Table 3.4 provides the average stock price and dividend yield on the upper decile stocks 
from 1988-1997. The table shows a slow upward trend in stock prices over the first 7 
years followed by a pronounced increase in stock prices in the last 3 years. Dividend 
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yields have steadily declined over this period with the most pronounced decline in the 
early years of this period. Over this ten year period stock prices have averaged just under 
$60 per share and dividend yields have averaged nearly 3%. 

Sensitivity analysis indicates that the simulation results are unaffected by the choice of 
stock price. An initial price of $50 per share was chosen as this is roughly the average 
stock price over most of the ten-year period. The dividend yield used in the simulations 
was 0%. The dividend yield for a given total return simply reduces the rate of return due 
to price changes. A similar result, reducing the return attributed to price changes, could 
be accomplished by changing the expected return on the market^. Furthermore, 
sensitivity analysis comparing simulations with a 3% dividend yield to simulations with a 
0% dividend yield are virtually indistinguishable. Dividend yields as high as 30% make 
little qualitative difference. 

One reason the results are fairly insensitive to the dividend yield is that as dividend yields 
rise, two partially offsetting things occur. The first is that as dividend yields rise, the 
probability of the option being exercised declines. This benefits the covered call writer. 
But as the probability of the option being exercised declines so does the option value. 
This works counter to the covered call writer. The dividend yield effectively lowers the 
current stock price by discounting it by the payout that is to occur by option expiration. It 
also lowers the time value of money, the value of waiting that an option provides. 
Without dividends the holder of the option essentially leaves the capital that would have 
been invested in the shares of stock in an account earning the riskless rate. With 
dividends the option holder still eams this but gives up the yield that the stock provides. 

Simulation Assumptions 
The option prices are calculated with the Black-Scholes option pricing model as modified 
for a constant dividend yield (Black and Scholes 1973). Consequently all assumptions of 
the Black Scholes model apply here 

1) No penalty for short sales. 
2) No transactions costs or taxes. 
3) The market is open continuously. 
4) The borrowing and lending rates are equal to the riskfree rate, which is 

constant. 
5) Stock prices are continuous and lognormally distributed. Stock return 

variance is constant. 

^ This would give a similar but not exact result Lowering the expected market return would lower the 
expected return on each individual stock just as introducing a dividend yield greater than zero would. 
However, the impact of the market return change would be transmitted to each stock would be proportional 
to each firm's beta. Dividend yields would also likely differ by firm. This difference by fto, however, 
could be in the opposite direction if firms with larger betas tend have lower dividend payout rados than do 
firms with smaller betas. 



78 

6) The stock underlying the option pays its dividend continuously at the rate of 
the annual dividend yield. 

7) The option can only be exercised at maturity. 
8) Stock returns are joint normally distributed. 
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SECTION 3; RESULTS 
The results of this simulation are presented in the form of a horse race between a covered 
call strategy and a buy and hold strategy. This section is broken down into three sub
sections. The first sub-section simply considers strategy performance in terms of end of 
period wealth. This section focuses on the frequency with which the covered call 
strategy yields end of period wealth at least as great as that from the buy and hold 
strategy. The second sub-section provides histograms of the end of period wealth from 
the two strategies. The histograms indicate that a typical risk return framework is 
inappropriate due to the asymmetric distribution of the payoff to the covered call strategy. 
The final sub-section considers an alternative risk measure that is consistent regardless of 
the shape of the distribution. 

End of Period Wealth This section focuses on the end of period wealth generated by the 
buy and hold and covered call strategies. The results are presented in tabular form for 
various levels of transaction costs and taxes. The tables indicate the frequency with 
which the covered call su-ategy performs at least as well as the buy and hold strategy after 
accounting for transaction costs and taxes. In the results for a single period, the tables 
indicate an assumed zero tax rate. This is done as taxes can not impact the frequency 
with which the covered call strategy yields at least as much at the end of the period as the 
buy and hold strategy. If the covered calls result in any positive (or negative) cashflow, 
taxes cannot change the sign of this cashflow only the magnitude. The frequency with 
which covered calls yield end of period wealth at least as large as that from buy and hold 
is sign dependent and magnitude independent. 

Table 3^: Frequency Yield on Covered Call Strategy > Yield on Buy and Hold 
Single Period 

Market Environment 
Up* Flat** Down*** 
42.47% 54.60% 67.51% 
41.28% 53.56% 66.49% 
40.24% 52.51% 65.52% 
39.27% 51.53% 64.70% 
38.27% 50.38% 63.63% 
37.42% 49.23% 62.57% 
36.53% 48.32% 61.49% 
35.69% 47.34% 60.52% 
34.61% 46.22% 59.39% 

*Up Maiket implies the expected excess letum on the market = 10% 

**Rat Market implies the expected excess tetum on the market=0% 

***Down Market implMS the expected excess tetum on the market = tO% 

The results in Table 3.S are not surprising. The covered call strategy as compared to the 
buy and hold strategy performs better in flat and falling market environments and more 
poorly as transaction costs increase. One drawback to a one period analysis that ignores 
magnitude is that the it is possible that the covered call strategy yields are only slightly 

0% 

1 2% 
s 
u 4% 

a 6% 
8% w 

10% 

s 12% 
H 14% 

16% 



80 

more than the buy and hold yields when the covered call performs better but are 
significantly less when the covered call strategy under-performs. Furthermore, it might 
be of more interest to consider the wealth difference over a longer period. One way to 
tease out the magnitude difference and satisfy the desire for a longer period of analysis is 
to consider the end of period wealth after many periods. Table 3.6 panels A, B, and C 
consider the end of period wealth after 40 quarters (10 years) for up markets, flat 
markets, and down markets. Each panel of Table 3.6 is setup so that for any transactions 
cost, tax pair one can read off the frequency with which the covered call strategy end of 
period wealth was at least as large as the buy and hold end of period wealth. 

Table 3.6: Frequency of Covered Call Strategy out-performing Buy and Hold 

S u 

£ 

Tax Rates 
tet* 0% 10% 20% 30% 40% 

0% 1.25% 1.19% 1.10% 1.04% 0.89% 
2% 0.62% 0.61% 0.58% 0.56% 0.51% 
4% 0.37% 0.36% 0.32% 0.31% 0.27% 
6% 0.17% 0.16% 0.16% 0.13% 0.13% 
8% 0.07% 0.07% 0.07% 0.06% 0.06% 

10% 0.03% 0.03% 0.02% 0.02% 0.01% 
12% 0.00% 0.00% 0.00% 0.00% 0.00% 
14% 0.00% 0.00% 0.00% 0.00% 0.00% 
16% 0.00% 0.00% 0.00% 0.00% 0.00% 

Panel B: Flat Market** 

a 
8 u 

0% 35.45% 34.93% 34.06% 32.87% 31.38% 
2% 26.96% 26.50% 25.90% 24.99% 23.88% 
4% 20.21% 19.93% 19.45% 18.75% 17.74% 
6% 14.55% 14.19% 13.82% 13.10% 12.20% 
8% 9.86% 9.62% 9.34% 8.98% 8.38% 

10% 6.54% 6.46% 6.14% 5.89% 5.44% 
12% 4.34% 4.27% 4.14% 3.97% 3.68% 
14% 2.64% 2.58% 2.46% 2.37% 2.25% 
16% 1.59% 1.56% 1.53% 1.48% 1J9% 

Panel C: Down Market*** 

S 
5 

0% 95.56% 95J6% 95.16% 94.86% 94.29% 
2% 92.95% 92.71% 92.34% 91.95% 91J20% 
4% 89.28% 88.97% 88.65% 88.08% 87.22% 
6% 84.90% 84.52% 84.01% 83.24% 82J2% 
8% 78.62% 78.28% 77.70% 76.85% 75.55% 

10% 71.42% 70.88% 70.29% 69.26% 68.10% 
12% 63.54% 63.12% 62.41% 61J4% 60.06% 
14% 55.36% 54.86% 54.19% 53.20% 51.82% 
16% 46.36% 45.87% 45.16% 44.17% 43.05% 

*Up Market implies ihe expected excess letutn on the market = 10% 

**FIat Market implies die expected excess Rtum anihe market=0% 

***Down Market implies die expected excess renim on the markets 10% 
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The results from the end of period wealth after 40 Quarters, shown in Table 3.6, are 
considerably different from those after a single quarter, as shown in Table 3.5. The 
outcomes in Table 3.6 are more extreme than are those in Table 3.5. Table 3.6 Panel A 
indicates that in up markets, only about 1% of the time does the covered call strategy 
yields an end of period wealth as large as that yielded by buy and hold even in the 
absence of transactions costs and taxes. During flat markets. Panel B, the covered call 
strategy fares better, yielding an end of period wealth at least as great as that yielded by 
the buy and hold strategy 35% of the time when costs and taxes are ignored. Including 
costs and taxes, however, rapidly eats away at the covered call strategy returns. With 
round trip costs of 16% there is litde more than a 1% change of the covered call strategy 
faring as well as buy and hold at any level of taxation. During down markets (shown in 
Panel C), however, the covered call strategy earns its metal. Ignoring costs and taxes, 
less than 5% of the time is the wealth yielded by the covered call strategy inferior to that 
of the buy and hold strategy. Again costs and taxes take their toll leaving the covered call 
strategy with less than a 50% chance of yielding an end of period wealth at least as high 
as that form buy and hold. 

End of Period Wealth Distributions The previous section focused on the end of period 
wealth, without regard for the dispersion in the end of period wealth. This section plots 
the histograms of the end of period wealth after 1 quarter and after 40 quarters during up 
markets, flat markets and down markets. 
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Figure 3.5: Distribution of End of Period Return - One Period 
Figure 3.5a: Up Maricet 

Figure 3.5b: Flat Market 

Figure 3.5c Down Maricet 

Figures 5a, 5b, and 5c plot the end of 
period return after 1 quarter during an 
up market, a flat market, and a down 
market respectively. The bold line 
maps out the distribution of the buy 
and hold returns. The light line maps 
out the distribution of the covered call 
returns where t-costs and taxes are 
ignored. The dashed line maps out 
the distribution of covered call 
returns where round trip costs are 
16% and the tax rate is 40% 

First consider Figure 5a. This graph 
makes clear the truncated payoff 
pattern of the covered call strategy 
where the right tail of the buy and 
hold distribution is eliminated with 
the covered call and more probability 
mass is concentrated near that cutoff. 
This figure also makes clear the 
downside cushion the covered call 
strategy provides due to the premium 
income kept when market returns are 
small or negative 24 

Comparing the three figures gives 
some indication of what is given up 
and what is gained with each strategy 
during different market environments. 
During up markets the covered call 
strategy forgoes much of the upside 
enjoyed by buy and hold in exchange 
for a tighter truncated distribution 
with a small downside cushion. In 
down markets, where there is less 

Notice that in the three figures the distribution of returns for the covered call strategy which includes t-
costs and taxes has a right tail that extends beyond that of the distribution of covered call returns without t-
costs and taxes. This occurs because taxes on net investment income/losses were realized in the period in 
which they occurred rather than carrying net losses forward. This simplification of the tax code was made 
with the realization that it biases the results in favor of the covered call strategy, but as the figures illustrate 
the bias is not large. 
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right tail to forgo, the covered call strategy gives up less upside, retains the downside 
cushion and shifts probability mass, vis-a-vis buy and hold, to the right. 

The distributions of final wealth after 40 Quarters are also quite illuminating. 

Figure 3.6: Distribution of End of Period Return - 40 Quarters 
Figure 3.6a: Up Maricet 

Figure 3.6 plots the end of period 
wealth after 40 quarters for the buy 
and hold strategy (bold line), the 
covered call strategy ignoring t-costs 
and taxes (light line) and the covered 
call strategy with round trip t-costs of 
16% and tax rate of 40% (dashed line). 
Figure 3.6a plots the distributions for 
up markets. Figure 3.6b for flat 
markets, and Figure 3.6c for down 
markets. 

Figure 3.6b: Flat Market 

! 5 ! 5 ! S S J ! 3 ! 5 ! a I 5 

Figure 3.6c: Down Nforket 

Figure 3.6a highlights the upside that 
is forgone by a covered call strategy 
while very little down side cushion is 
retained over 40 periods of up market. 
Including costs and taxes removes any 
remaining downside cushion. Figure 
3.6b suggests that with a flat market 
over 40 quarters a covered call strategy 
adds some downside cushion over a 
buy and hold strategy but gives up 
considerable upside. After accounting 
for costs and taxes, however, all the 

advantages of the covered call strategy 
may be eliminated. Figure 3.6c plots 
the return distributions after 40 
quarters of down markets. In this 
scenario the covered call strategy, 
before t-costs and taxes, clearly 
dominates the buy and hold strategy. 
After considering costs and taxes, 
however, even after an extended down 
market, the advantages of a covered 
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call strategy over a buy and hold strategy may be eliminated by the costs. 

Table 3.7 below provides the mean and median return corresponding to each of the six 
figures shown in Figures 3.5 and 3.6. The data in Panel A of Table 3.7 gives the mean 
and median return after only one period and correspond to the three graphs, Figure 3.5a, 
3.5b, and 3.5c. Similarly, the data in Panel B A of Table 3.7 gives the mean and median 
return after 40 periods and corresponds to the graphs shown in Figures 3.6a, 3.6b, and 
3.6c. The statistics reported in Table 3.7 more precisely indicate the central tendency 
than can be captured visually form the figures. Additionally, they highlight the skewness 
of the distributions. 

Table 3.7: Mean and Median End of Period Return 
Panel A: 1 Quarter 

Up Market* 
Mean 
Median 

Buy and Hold 

0.0350 
0.0355 

Covered CaO 
No Tax or Costs Max Tax and Costs 

0.0177 
0.0274 

0.0150 
0.0239 

Flat Market** 
Mean 
Median 

0.0122 
0.0128 

0.0078 
0.0173 

0.0015 
0.0103 

Down Market*** 
Mean 
Median 

-0.0128 
-0.0122 

-0.0050 
0.0040 

-0.0149 
-0.0073 

Panel B: 40 Quarters 
Up Market* 

Mean 
Median 

2.9550 
2.5727 

1.0234 
0.9999 

0.8154 
0.7607 

Flat Market** 
Mean 
Median 

0.6353 
0.4739 

0.3683 
0.3414 

0.0661 
0.0256 

Down Market*** 
Mean 
Median 

-0.3992 
-0.4640 

-0.1793 
-0.2047 

-0.4497 
-0.4767 

*Up Market implies the expected excess letum on the maifcet = 10% 

"Flat Market implies the expected excess retiun on the maiket = 0% 

***Down Maiket implies the expected excess return on the maiket = 10% 
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Alternative Risk Measure Figure 3.5 clearly brings out the asymmetry in the 
distribution of returns accruing to a covered call strategy. Figure 3.6 plots the 
distributions of end of period wealth under buy and hold and covered call strategies. 
These plots illustrate where upside is lost and the downside cushioned. One criticism 
leveled against a comparison of buy and hold strategy performance and covered call 
strategy performance is that the two strategies take different amounts of risk. The 
covered call strategy, by selling off some of the upside potential gains a downside buffer 
and consequently operates in a tighter distribution of returns than does the buy and hold 
strategy. The variance or standard deviation of returns is commonly employed as a 
measure of the risk. This is inappropriate for distributions that lack symmetry. 

An alternative measure of risk, one suggested by Markowitz in his monograph 1959, that 
is not dependent on the symmetry of the distribution is the semi-variance or its square 
root, the semi-standard deviation. The semi-variance measures the squared deviations 
below a specified cutoff. All deviations above the cutoff value are assigned a value of 0. 
The sum of the squared deviations below the cutoff is scaled by the total number of 
observations, not just those below the cutoff. This acts as a measure of the frequency of 
deviations below the cutoff. 

8) SSD = where 

SSD = the semi-standard deviation 
=s the cutoff value below which deviations in jc are measured 

\ f x < k  

V x > k  

n = the number of observations of x  
The cutoff value, k, acts as a hurdle rate, rates below the cutoff are considered risky or 
undesirable outcomes. For the work done here the hurdle rate chosen was the riskless 
rate. The semi-standard deviation is intuitively appealing as it captures the sense of loss 
that is inherent in the notion of risk. It also has the advantage of not penalizing a 
distribution for extreme observations above the cutoff value. That is, if wonderful things 
can happen this does not increase the risk. 

Below in Table 3.7 are the results evaluated by semi-standard deviation. The table is 
setup as follows. Horizontally the table is divided into 3 panels. Panel A presents the 
results for up markets. Panel B presents results for flat markets. The results for down 
markets are presented in Panel C. Vertically Table 3.7 is divided in to two halves. In the 
left half are the results from considering returns over one quarter. The right half of Table 
3.7 contains the results from returns over 40 quarters. At the upper left comer of each 
block of numbers, there are 6 blocks of numbers in Table 3.7, is a number in a box. That 
number is the semi-standard deviation from the buy and hold strategy associated with the 
block of numbers, the block directly below and to the right. The numbers in the block 



86 

represent the semi-standard deviation of the covered call strategy returns under the 
assumed transactions costs and tax rates. For example, consider the semi-standard 
deviation of the returns in down markets over 40 quarters, the lower right block of 
numbers. The semi-standard deviation of the buy and hold strategy is 205%. The returns 
of the related covered call surategy with t-costs of 12% and a tax rate of 30% is also 
205%. 

Table 3.8: Semi-Standard Deviations from tlie Risidess Rate 

PUid A; Up MarkM 0% 1D« 

IQoutar 
Tn Rales 

30% 40% 0« 10% 
40 Quarters 
Tax Rales 

30% 
4.04%! I 35.IO%l 

I 
z 

t  J-

40% 

0% 2.45% 161% 176% 2.92% 3.08% 7147% 66J6% 61.13% 56.71% 53,02% 
z% 2J0* 163% 180% 2.96% 3.11% 8109% 74.61% 68.03% 6136% 57J4% 
4% 2J5% 169% 184% 199% 3.14% 91.81% 83.10% 75.22% 68.28% 6128% 
«% 139% 174% 188% 3.02% 3.17% 101.48% 91.73% 8162% 74.42% 67.23% 
s% Z.64% 178% 192% 3.06% 3.20% 110.99% IOOJ7% 90.18% 80.76% 7137% 

10% 169% 1X2% 195% 3.09% 3.22% 120.24% 108.95% 97.82% *7.27% 77.68% 
12% 173% 186% 199% 3.12% 3.25% 129.17% 117.39% 105.48% 93.91% 83.15% 
14% 17H% 190% 3.03% 3.13% 3.28% 137.76% 125.63% 113.09% 100.62% 88.77% 
U% 183% 194% 3.06% 3.18% 3.31% 145.98% 133.63% 120.62% 107,38% 94.50% 

Pifid B: Flat Marlui 
5.23%l I23.j6%l 

I 

PMcIC; 

5 

0% 3.27% 3.46% 3.65% 3,85% 4.04% 130.28% 129.71% 129.25% 128.91% 128.69% 
2% 3J3% 3J1% 3.70% 3.89% 4.08% 137.23% 135.94% 134.77% 133.72% 13179% 
4% 3J8% 3J6% 3.74% 3.93% 4.11% 143.92% 141.99% 140.16% 138.43% 136,83% 
<% 3.43% 3.61% 3.79% 3.97% 4.15% 150.35% 147.84% 145.40% 143,06% 140.82% 
S% 3.49% 3.66% 3.83% 4.01% 4.18% 156.52% 153 J0% 150.51% 147J9% 144.75% 

10% 3.54% 3.71% 3,88% 4.04% 4.21% 16143% 158.95% 155.47% 15102% 148,61% 
12% 3.59% 3.76% 3.92% 4,08% 4.25% 168.09% 164.22% 160.29% 156.35% 15142% 
14% 3.65% 3.80% 3.96% 4.12% 4.28% 173^1% 169.29% 164.97% 160.59% 156,17% 
•«% 3.70% 3.85% 4.00% 4.16% 4Jl% 178.69% 174,17% 169 JQ% 164.72% 159.85% 

Market 

1 6.75%l 1 205.36%! 
0% 4J5% 4J8% 4.82% 5.06% 5J0% 18155% 185.44% 188.24% 190.94% 193,55% 
2% 4.41% 4.64% 4.87% 5.10% 5J4% 186JS% 188.93% 191.24% 193.49% 195,67% 
4% 4.48% 4.70% 4.92% 5.15% 5J*% 190.35% 19126% 194.13% 195.95% 197,73% 
«% 4.54% 4.76% 4i)8% 5.19% 5.41% 193.98% 195.45% 196.90% I98J3% 199,74% 
S% 4.60% 4.81% 5.03% 5.24% 5.45% 197.43% 198J1% 199.58% 200.64% 201,68% 

10% 4.66% 4,87% 5.08% 5.28% S.49% 200.73% 201.44% 20115% 20187% 3)3,58% 
12% 4.72% 4.92% 5.12% 5J3% SJ3% 203.88% 204.25% 204,64% m5.03% 3)5,42% 
14% 4.78% 4.98% 5.17% 5J7% SJ6% 206.89% 206.95% 207.03% 207.12% M7.22% 
lfi% 4.84% 5.03% 5.22% 5.41% 5.60% 209.76% 209JS% 20935% 209.16% 208.97% 

The semi-standard deviations in the left half of Table 3.7, those calculated from single 
period returns, indicate that regardless of the market environment: up, flat, or down, a 
covered call strategy is less risky, where risk is defined as the semi-standard deviation 
about the riskless rate. This is consistent with the distributions plotted in Figures 3.5a, 
3.5b, and 3.5c. The semi-standard deviations of returns over 40 periods tell a different 
story. During up markets and flat markets, the first two blocks of numbers in the right 
half of Table 3.7, a buy and hold strategy actually proves to be less risky than a covered 
call strategy. During a down market, however, the buy and hold strategy is more risky 
unless round-trip costs are 12% or greater. 

Utility Analysis The previous two sections considered separately the return and risk 
consequences of covered call strategies. In this section both are considered together 
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through the expected utility of end of period wealth. A quadratic Utility fiinction is 
inappropriate due to the skewness of the end of period wealth distributions from the 
strategies considered. The Utility function chosen is the power utility function. 

w'"'' 
9) Uiw)= where 

i - r  
y = the coefficient of relative risk aversion 

The power utility function has several features that recommend it. With the power utility 
function, utility is increasing in wealth, exhibits decreasing absolute risk aversion and 
exhibits constant relative risk aversion. Following the lead of Mehra and Prescott (1985) 
values of gamma, y, are allowed in the range^ 1 to 10. Specifically, values of gamma 
considered are 1, 2,4, 6, 8, and 10. 

 ̂When gamma is equal to one the power utility functioa collapse to log utility. 
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Table 3.9: Expected Utility of End of Period Wealth 
Coeffident of Relative Risk Aversioii 

Panel A; Up Maritet 

5 

-a u 
1 
I u 

0% 0.6837 -0.5159 -0.0525 -0.0117 -0.0038| -0.00I6I 
2% 0.6201 -0.5495 -0.0633 -0.0159 -0.0058 -0.0028 
4% 0.5558 -0.5857 -0.0764 -0.0216 -0.0089 -0.0048 
6% 0.4907 -0.6247 -0.0924 -0.0295 -0.0136 -0.0083 
8% 0.4248 -0.6669 -0.1120 -0.0405 -0.0211 -0.0144 

10% 0.3581 -0.7126 -0.1362 -0.0558 -0.0328 -0.0252 
12% 0.2903 -0.7621 -0.1660 -0.0772 -0.0513 -0.0445 
14% 0.2216 -0.8158 -0J030 -0.1074 -0.0807 -0.0791 
16% 0.1519 -0.8743 -0.2491 -0.1501 -0.1281 -0.1420 

Panel A: Flat Market 

S 
S u 
uS 

•s 

1 w > e U 

0% 0.2870 -0.7727 -0.1847 -0.1033 -0.0902 -0.1113 
2% 0.2299 -0.8178 -0.2184 -0.1360 -0.1320 -0.1807 
4% 0.1724 -0.8657 -0.2585 -0.1793 -0.1933 -0.2936 
6% 0.1146 -0.9168 -0.3061 -0.2367 -0.2836 -0.4778 
8% 0.0563 -0.9713 -0.3630 -0.3130 -0.4169 -0.7795 

10% -0.0024 -1.0296 -0.4310 -0.4147 -0.6144 -1.2755 
12% -0.0617 -1.0919 •0.5126 -0.5507 -0.9082 -2.0945 
14% -0.1217 -1.1588 -0.6105 -0.7333 -1.3471 -3.4538 
16% -0.1823 -1.2305 -0.7287 -0.9793 -2.0061 -5.7232 

Panel C: Down Market 

S 
S u 

I 
I 

u 
1 
s e U 

0% -0.2395 -1.3223 -0.9945 -1.9667 -7.0266 -41.0263 
2% -0.2916 -1.3926 -1.1595 -2.5337 -9.9902 -64.3515 
4% -0.3437 -1.4665 -1.3515 -3.2613 -14.1812 -100.6953 
6% -0.3958 -1.5444 -1.5749 -4.1951 -20.1049 -157.2496 
8% -0.4479 -1.6264 -1.8351 -5.3944 -28.4774 -245.1793 

10% -0.5002 -1.7129 -2.1387 -6.9359 -40.3149 -381.8392 
12% -0.5526 -1.8043 -2.4932 -8.9198 -57.0651 -594.2818 
14% -0.6053 -1.9010 -2.9078 -11.4765 -80.7946 -924.7562 
16% -0.6582 -2.0034 -3.3934 -14.7773 -114.4625 -1439.3719 

*Up Maiket implies the expected excess return on the market = 10% 

**FIat Market implies the expected excess return on the market=0% 

***Down Market implies the expected excess return on the market s 10% 

Table 3.9 presents the expected utility of end of period wealtli'^ (after 40 Quarters) for 
different market settings, at various levels of risk aversion, for the buy and bold strategy 
and for the covered call strategy. The covered call strategy at each level of transactions 

Expected Utility of end of period wealth is calculated as the average utility of the ending period wealth 
firomthe 10,000 simulated realizations. 
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cost considered is presented assuming a zero tax rate. The tax rate was set to zero as 
taxes have much less impact than do transactions costs and this allows a much more 
concise presentation of the results. Table 3.9 is stmctured as follows. It is broken 
horizontally into three panels. Panel A considers up markets, panel B flat markets, and 
Panel C down markets, where the definition of up, flat and down are as previously 
defined. Within each panel, the first row (the shaded row) reports the utility of the end of 
period wealth for the buy and hold strategy. The next nine rows present the utility from 
the covered call strategy at differing levels of transactions costs. Each column in the 
table represents a different level of risk aversion, with risk aversion increasing with the 
coefficient of relative risk aversion. Within each column in each panel, if the covered 
call strategy provides greater utility than the buy and hold strategy, at the same level of 
risk aversion, then that cell in the table is bordered. 

An example of this can be found in panel A. In up markets it is only at the highest level 
of risk aversion and with costless trading that the covered call strategy is preferred to the 
buy and hold strategy. In Panel B, flat markets, the results are almost evenly split, with 
the preference for the covered call strategies at higher levels of risk aversion and lower 
levels of costs. In Panel C, down markets, the results are the exact opposite of the results 
in Panel A. In down markets covered calls are preferred at all levels of risk aversion 
except for the most risk tolerant and when costs are at their highest. 
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Bootstrap 
In order to place the simulation results in the context of the market return environments 
experienced in the U.S., the simulation was repeated using bootstrapped data for the 
market returns. The bootstrapped data was drawn from 480 monthly returns on the CRSP 
value-weighted total return index over the 40-year period I959-I998. The most recent 40 
years was selected as a compromise between using as much real data as possible and 
using data sufficiently recent in history to still be relevant. From these 480 observations, 
30,000 monthly returns were randomly drawn with replacement. These 30,000 monthly 
observations were then converted into 10,000 observations of quarterly market returns 
and the simulation was run as before. These market returns were used to construct 
individual security returns based on equation 1. 
1) 0 = 'V + Pi where 

/V =the return on asset j  

r„ =the market return"' 

=the riskless rate 

P j  =the beta of asset j  with respect to the excess market return. 

Vj =the asset specific component of the return. 

The monthly market excess returns"® are nearly normally distributed with a mean of 
0.54% and a standard deviation of 4.33%. Figure 3.7 below provides a comparison of the 
histogram of the 40-year sample of month retums and the theoretical normal distribution 
with the same mean and standard deviation. 

Figure 3.7: Histogram of Monthly Value*weighted Market Excess Retums (1959>1998) 
VtlM WddM Skrnmj Mariwt RfCra wmi Noamt DbtrthMtoa 

" The market retums were constructed as excess market retums by subtracting off the appropriate three-
month T-Bill rate (data from Ibbotson). This excess market return was then added to the risldess rate used 
in the simulation. 
 ̂The equally-weighted market retums were also tested. The mean and standard deviation of these retums 

are 0.70% and 5.49% respectively. 
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The results of the simulation using the bootstrapped data^ are very similar to the 
simulation results from an "up" market. This is not surprising since the up market 
features a market excess annual return of 10% with a standard deviation of 15%. The 
value-weighted market return data has mean annual return of roughly 6.5% and an annual 
standard deviation of 15%. Table 3.10 below presents the percent of iterations over 40 
quarters where the covered call strategy end of period wealth was at least as large as the 
buy and hold end of period wealth. This table highlights the similarity between the 
simulation using simulated market returns for an "up market and the simulation using 
bootstrapped market returns. 

 ̂The results firotn the equally-weighted market return data are qualitatively very similar to those from the 
value-weighted market returns and consequently are omitted &om the presentation. 
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Table 3.10: Percent of Time Covered Calls Outperform Buy and Hold: 40 Quarters 
Tax Rates 

p 0% 10% 20% 30% 40% 
0% 3.54% 3.44% 3.34% 3.23% 3.01% 
2% 2.14% 2.11% 2.03% 1.92% 1.78% 
4% 1.31% 1.27% 1.20% 1.13% 1.06% 
6% 0.69% 0.67% 0.65% 0.62% 0.57% 
8% 0.38% 0.36% 0.33% 0.31% 0.30% 

10% 0.20% 0.19% 0.19% 0.19% 0.16% 
12% 0.10% 0.10% 0.10% 0.09% 0.08% 
14% 0.05% 0.05% 0.04% 0.04% 0.04% 
16% 0.03% 0.03% 0.03% 0.03% 0.03% 

Panel A: Up Market* 
0% 1.25% 1.19% 1.10% 1.04% 0.89% 
2% 0.62% 0.61% 0.58% 0.56% 0.51% 
4% 0.37% 0.36% 0.32% 0.31% 0.27% 
6% 0.17% 0.16% 0.16% 0.13% 0.13% 
8% 0.07% 0.07% 0.07% 0.06% 0.06% 

10% 0.03% 0.03% 0.02% 0.02% 0.01% 
12% 0.00% 0.00% 0.00% 0.00% 0.00% 
14% 0.00% 0.00% 0.00% 0.00% 0.00% 
16% 0.00% 0.00% 0.00% 0.00% 0.00% 

Panel B: Flat Market** 
0% 35.45% 34.93% 34.06% 32.87% 31.38% 
2% 26.96% 26.50% 25.90% 24.99% 23.88% 
4% 20.21% 19.93% 19.45% 18.75% 17.74% 
6% 1455% 14.19% 13.82% 13.10% 12.20% 
8% 9.86% 9.62% 9.34% 8.98% 8.38% 

10% 6.54% 6.46% 6.14% 5.89% 5.44% 
12% 4.34% 4.27% 4.14% 3.97% 3.68% 
14% 2.64% 2.58% 2.46% 2.37% 2.25% 
16% 1.59% 1.56% 1.53% 1.48% 1.39% 

Panel C: Down Market*** 
0% 95.56% 95.36% 95.16% 94.86% 94.29% 
2% 92.95% 92.71% 92.34% 91.95% 91.20% 
4% 89.28% 88.97% 88.65% 88.08% 87.22% 
6% 84.90% 84.52% 84.01% 83.24% 82.22% 
8% 78.62% 78.28% 77.70% 76.85% 75.55% 

10% 71.42% 70.88% 70.29% 69.26% 68.10% 
12% 63.54% 63.12% 62.41% 61.34% 60.06% 
14% 55.36% 54.86% 54.19% 53.20% 51.82% 
16% 46.36% 45.87% 45.16% 44.17% 43.05% 

*Up Market implies tlie expected excess return on the market = 10% 

**Rat Market implies the expected excess return on the market=0% 

***Down Market implies the expected excess return on the market = 10% 
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The bootstrapped data also allows an assessment of the probability of the covered call 
strategy outperforming buy and hold over various holding periods based on historical 
market environments. Figure 3.8 below plots the probability of covered call strategy 
performing as well or better than a buy and hold strategy over 1,4, 12, 20, and 40 
quarters. The dark line applies to a covered call strategy ignoring costs and taxes. The 
light line applies to a covered call strategy subject to 8% one-way costs and a 40% tax 
bracket. 

The figure clearly shows that the probability of outperforming buy and hold with a 
covered call strategy falls off quickly as the investment period increases and as costs and 
taxes increase. 

Figure 3.8: Probability of Covered Call Strategy Outperforming Buy and Hold at 
Various Horizons 

Probability of Covered Call Strategy Outperforming 
Buy and Hold over differing Number of Quarters 

45% 
40% 
35% 
 ̂30% 
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I 20% 
x, 15% 
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0% H 1 — . I 
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Number of Quarters 

Conclusions: 
The simulations using bootstrapped data lend support to the simulations where the market 
returns are simulated. This is most evident in the similarity of the results from the 
bootstrapped simulation and those of a simulated "up" market. This result is consistent 
with the empirical return distribution of the bootstrap data and the assumed distribution 
of the market returns when simulated. Finally, considering various holding periods from 
1 quarter to 40 quarters illustrates the quickly declining likelihood of a covered call 
strategy outperforming a buy and hold strategy as the investment period increases. This 
drop-off is most pronounced after considering the costs of the strategies. 

No Costs 

Max Costs 
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SECTION 4: CONCLUSIONS 

The results suggest several things. First, the frictions associated with trading securities, 
transactions costs and taxes, can have a significant impact on the performance of the 
strategy. The additional turnover required by the covered call strategy as compared to the 
buy and hold strategy results in trading cost and tax implications that can only detract 
from performance. Second, the results of repeated trial when compared to single period 
results reveal the danger of a myopic perspective. The attractiveness of a covered call 
strategy is more difficult to sustain when evaluated over multiple periods. Third, care 
must be exercised in evaluating the risk of a strategy that employs options due to the 
truncated nature of the distribution of payoffs. The use of a quadratic utility fiinction or 
the evaluation of risk in terms of variance are inappropriate when the distribution of 
outcomes is asymmetric. The semi-standard deviation evaluated about a reference point 
provides an alternative measure of risk that better captures the downside nature of risk. 
Fourth, the utility analysis suggests that the compressed nature of the return distribution 
offered by a covered call strategy appeals to more risk averse investors. After 
considering costs and taxes, however, the level of risk aversion may be extreme. Fifth, 
repeating the simulation with bootstrapped market return data based on the past 40 years 
data gives results very similar to the simulation results for an "up" market, the buy and 
hold strategy dominates the covered call strategy. The final point deals with the fact that 
the performance of a covered call strategy when compared to a buy and hold strategy is 
very dependent on the tide of the market. After considering costs and taxes and 
evaluating the portfolio performance over a longer time horizon, the case for a covered 
call strategy is strongest in down markets. This suggest two things. One, to profit from 
the covered call strategy when compared to buy and hold one needs to be able to time the 
market. Two, if one is able to time the market then a covered call strategy is preferred to 
a buy and hold strategy during down markets. However, a more profitable strategy for 
one who can time the market is to get out of stocks during a market downturn rather than 
simply sell call options. In the absence of the ability to time the market, and in the 
presence of trading costs and taxes, a buy and hold strategy may be preferred. 
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CHAPTER 4: COVERED CALLS EMPIRICAL 

This paper serves at least two purposes. First, it updates the empirical literature on 
covered call strategies. Little work has been done in this area since the mid-1980's. This 
paper employs data from 1989-1998. Second, the empirical work that has been done in 
this area has done little to consider the costs incurred by the increased trading needed by 
a covered call strategy. This paper considers the impact transactions costs on stock and 
option trading over a relevant range. 

This paper is structured as follows. The first section introduces the idea of a covered call 
strategy and its implications for returns. This is followed by a review of the literature 
concerning covered call strategies. The section following that describes the data 
employed in this study. Following the description of the data is a complete description of 
the covered call strategy considered here. Selected results follow the strategy description. 
The paper closes by drawing some conclusions. 
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SECTION 1: INTRODUCTION 

A call option is a security that gives the holder the right to buy a share of stock, on or 
before the expiration date of the option, at a specified price. When presented with a 
claim from the holder of a call option, the person who wrote (sold) a call option is 
obligated to sell stock to the option holder at the specified price. A person who writes 
call options on shares that are held in her portfolio, is said to write covered calls. The call 
options are covered in the sense that if the holder of the options chooses to exercise the 
right to buy shares, the option writer owns those shares. This is in contrast to the naked 
call writer, who writes call options on shares of stock not held in his portfolio. This 
paper will focus on covered call strategies as this is an area where the option industry is 
concentrating its efforts to grow. 

Covered call surategies have an appeal in that they win when you win and they win when 
you lose. And they win in between too. When stock prices move up, the covered call 
strategy sells shares, locking in a profit. When stock prices move down or move 
sideways, the covered call writer earns the premium on the calls written. Winning, of 
course, is relative. One could also think of a covered call strategy as a strategy whereby 
one sells his winners and holds on to his losers. 

By selling the call, the investor is giving up the right to some of the upside potential of 
the stock, in exchange for a cash payment. The amount of upside potential that the 
investor sells depends on, among other things^", the exercise price of the call options 
sold. All else equal, the higher the exercise price, the smaller the amount of upside 
potential that the investor sells. As the investor sells less of the upside potential, the 
value of what she is selling, the option on that upside potential, declines. The covered 
call investor is faced with a trade-off: the lower the exercise price she chooses for the 
option she sells the higher the price she will receive for that option, but for that higher 
price she gives up more of the upside potential in the stock. 

Figure 4.1 below diagrams the payoff to a covered call strategy and compares that to a 
buy and hold strategy. In this example the call options were written with an exercise 
price of $75 when the stock price was $70. The option writer recieves nearly a $3 
premium and this acts to cushion any downward movements in the stock price. This is 
indicated by the shaded area to the left of $78 (the exercise price plus the call premium, 
75+3) between the payoff to the call strategy and the payoff to the stock position. To the 
right of $78, the shaded area above the payoff to the covered call strategy and below the 
payoff to the stock position, represents the upside foregone by the covered call strategy. 

™ The upside potential is a function of many things, only one of which is the exercise price on the call sold. 
For example, the upside potential is a function of the volatility of the underlying stock, as well as the 
fundamental determinants of the company's success and the whims of the nnarket 
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Figure 4.1: Covered Call Payoff at Option ̂ bturity 
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This diagram clearly illustrates that the option premium is captured with certainty while 
the loss of the upside is dependent on the final stock price. Second, the figure makes clear 
that over distinct ranges of stock prices, any stock price less than $78, the covered call 
strategy has a higher return than a strategy of simply holding the stock. Conversely, at 
any stock prices greater than $78, the strategy of simply holding the stock, returns more 
than the covered call strategy. Finally, the figure clearly highlights the limits on the 
upside of the covered call strategy and indicates the downside cushion the option 
premium provides the covered call investor. 

Further insights into the covered call strategy can be gained by considering an equivalent 
portfolio, a portfolio that provides identical returns in all states of the world. Consider 
first the relationship implied by Put/Call Parity^'. Put/Call parity holds that 

Put/Call parity says that the payoff to a call option is identical to the payoff on a portfolio made up of one 
share of stock, a put option with terms that mirror those of the call option, and a discount loan that requires 
payment of an amount equal to the exercise price of the options at option expiration. Consider the 
following: 
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( 1 )  C  =  S - X + P  
where 
C - the market price of a call option oa a share of stock with a current price S, an 
exercise price, X, and which matures at time T. 
P = the market price of a put option on a share of stock with a current price 5, an 
exercise price, X, and which matures at time T. 

Consider a covered call portfolio, long one share of stock and short a call option. 
(2) S-C 

The parity relationship shows that the covered call portfolio is identical to a portfolio 
long T-Bills with a face value of X and short a put option with terms that mirror those of 
the call option. 
(3) S - C  =  S - { S - X + P )  =  X - P  

This gives rise to an interesting interpretation. Typically a covered call portfolio is 
thought of as depicted in equation (2), where the investor owns the stock and sells of 
some of her rights to stock performance on the upside. The interpretation of equation (3) 
is that the investor in covered calls holds a portfolio of T-Bills and the downside of an 
equity position. 

Merton, Scholes, and Gladstein (1978) use the Put/Call Parity relationship to come up 
with another interpretation. Merton et al interpret the covered call strategy as a discount 
loan 0 f X plus the provision of insurance against a stock price decline. They continue the 
insurance analogy by noting that increasing the exercise price is equivalent to lending 
more money and selling insurance with a higher deductible. 

Possibk States of the World at Option Maturity 
S > X  s<x S s X  

Payoff to Portfolfo A: 
Long 1 Call Option S-X 0 0 

Payoff to Portfolio B: 
Long 1 Share of Stock 
Obligation to repay X at time T 
Long 1 Put Option 

Total Portfolio B Payoff S-X 

s  
-X 
0 

s  
-X 
x-s 
0 

s  
-X 
0 
0 

Since both Portfolio A and Portfolio B return the same cash flows in all states of the world, they must sell 
for the same price, that is portfolios must have equal values, C = S - X + P. This is the E*ut/Call Parity 
relationship. 
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SECTION 2: LITERATXJRE REVIEW 
The covered call literature is interesting in that the results and methods are quite varied. 
One feature that distinguishes one group of papers from the other is the use of market 
data on option prices versus the use of an option-pricing model to derive option prices. 
Using market prices for options, Grube, Panton and Terrell (1979) focus on the impact 
that a covered call strategy has on the portfolio variance. They construct portfolios of 1 
to 25 securities and compare the variance of the returns on the portfolios of covered calls 
to that of stock only portfolios. Using at the money calls they find that the variance of 
the covered call portfolios is roughly half that of a stock only portfolio. 

Brown and Lummer (1986) consider the success of a covered call strategy as a means of 
dividend capture by corporations in light of the tax law changes in 1984. They find that 
after accounting for transactions costs of 45bps that a covered call strategy outperforms a 
buy and hold strategy over the period 7/84 - 7/85 using market prices of 46 day to 6 
month, at the money call options. 

Although Mueller (1981) and Yates and Kopprasch (1980) use very different methods 
and data, they both use market prices on 3 month, nearest to the money options, and 
ignore transactions costs and taxes to draw the conclusion that covered cdl strategies 
outperformed buy and hold both on a risk-adjusted and pure return metric during the mid-
to-late 1970's. 

By way of transition from market prices to model derived prices for options, French and 
Henderson (1981) consider both. They use model prices to identify mispriced options in 
the market. They form hedge portfolios of call options in a substitute hedge strategy that 
buys "cheap" options and sells options on other stocks that look "expensive" relative to 
model prices. They find that without considering transactions costs this strategy 
outperforms a riskless strategy, but under-performs after transactions costs are 
considered. 

Pounds (1978) and Merton, Scholes, and Gladstein (1978) (MSG) employ a dividend 
adjusted Black and Scholes options pricing model and use data from different samples 
spanning the 1960's through the mid 1970's. Pounds considers transactions costs and 
finds that a covered call strategy outperforms buy and hold. He goes on to consider 
model mispricing relative to market prices and finds that mispricing by l0%-20% would 
reverse this conclusion and he notes that mispricing of this magnitude was evident in 
1975. MSG, using 6 month options rather than the 3 month options considered by 
Pounds, ignore transactions costs and use a longer time period to conclude that a covered 
call strategy under-performs buy and hold. They note that in the long-run financial 
theory predicts this result as the buy and hold strategy is riskier than the covered call 
strategy, so in the long-run buy and hold should offer higher returns. 

In spite of the differences, several generalizations can be gleaned from prior work 
concerning comparisons of covered call strategies to buy and hold strategies. 
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1. The results of a comparison of a covered call strategy to a buy and bold 
strategy are extremely dependent on the realized return distribution of the 
underlying stocks. This means that the results are very sensitive to 
a) the time period selected, 
b) the portfolio construction method (how the securities in the portfolio are 

weighted), and 
c) the universe of securities considered 

2. As the turnover required by these two strategies differs significantly the 
consideration of transactions costs and taxes is critical to any performance 
evaluation. 

3. The variance of covered call portfolio is necessarily no greater and is likely 
significantly less than the variance of a similar buy and hold portfolio. This is 
a necessary product of truncating the distribution of stock returns that is 
brought atK)ut by the written call options. 

Figure 4.2 below indicates the periods studied by pervious research on Covered Call 
strategies on a plot of the log cumulative return to the S&P 500 from 1960 through 1998. 
The figure illustrates the concentration of work in the 1970* s and the absence of study of 
the more recent period prior to this study. It is also interesting to note that over many 
periods considered the market return was negative, fiat or rising very slowly. 

Figure 4.2: Periods Studied and Maricet Returns 

Log Cumulative Returns to the S&P 500 and Periods Studied 
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Table 1 below summarizes the flndings and methods of several studies focusing on Covered Calls. 
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Literature - Part II 
Rudd (1981) Takes an interesting perspective in setting out to determine under what 
conditions it can clearly be stated that the inclusion of options in a portfolio improve the 
efficiency of the portfolio in a mean variance sense. He acknowledges that the inclusion 
of options in the portfolio imparts a skewness to the portfolio return distribution but 
offers that as long as the allocation to options is small relative to the value of the portfolio 
the mean variance framework should be adequate. He first considers the impact of 
writing covered calls on portfolio returns, and concludes that this strategy increases 
portfolio returns when the options are fairly priced and the returns on each of the 
optioned securities is less than the riskless rate. Considering portfolio variance, Rudd 
states that a covered call strategy unequivocally reduces portfolio variance. He notes that 
in evaluating impact of covered calls on the variance of the portfolio, the composition of 
the portfolio in addition to the security on which the option is written needs to be 
considered. However, when considering the portfolio return it is only the security on 
which the option is written that is important. 

Niche 
Several things stand out when considering the literature. First, little if any empirical 
work has been done considering covered calls since the mid-to-early 1980's. An updated 
empirical study would be interesting now that the use of options has become more wide 
spread^^ more readily available - option trading can be done through internet brokerage 
accounts, and institutions are permitted to engage in covered call writing. Much of the 
early literature was concerned with the option mispricing, characteristic of thinly traded 
securities. 

Another hole in the literature is the lack of work done on covered call strategies that 
considers transactions costs. Much of the literature in this area compares performance of 
covered call strategies to buy and hold strategies yet the amount of turnover in the two 
strategies is very different. Most work on covered call strategies acknowledges the 
importance of transactions costs but then proceeds as if they do not exist. The Chicago 
Board Options Exchange (CBOE) materids and interactive options worksheets are 
typical. "Commissions have not been taken into consideration in these examples; 
however, they can have a significant effect on your returns." This study, like the 
previous work in this area, is unable to apply an exact cost to each trade as it would have 
occurred in reality. As an alternative, however, this study considers performance over a 
range of transactions costs. 

The CBOE opened in April 1973 with call options on 16 stocks. In 1977 they introduced put options, 
then came options on stock indexes, options on interest rates, and LEAPS. Today the CBOE carries 
options on over 1200 stocks and the volume on the OEX alone exceeds 130,000 contracts per day. 
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SECTIONS: DATA 
The purpose of this study is to compare the performance of a buy and bold strategy to 
that of a covered call strategy. To do this the following pieces of data are needed: 

• Daily stock prices, 
• Daily stock returns, 
• Option prices, and 
• Daily interest rates. 

Large firms were selected in attempt to minimize pricing errors due to infrequent trading. 
Dow 30 firms were chosen and only those for which options data was available. The list 
of included companies is shown in Appendix E. 

The data in this study come from four sources. Data from the Center for Research in 
Security Prices (CRSP) provided daily prices and returns over the period 1989 - 1998. 
The CRSP data was also used to identify stock splits and dividends as well as dates of 
events that might confound the research during those periods. Examples of such events 
are liquidations, a firm being acquired or reorganized, a rights offering, or the issuance of 
new shares. 

DataStream provided the daily three-month T-bill yields 1989-1998 used as the interest 
rate for the cash account maintained for the covered call su'ategy. 

The options data came from two sources. Data over the period 1989-1993 came from the 
Berkeley Options Database (BODB) at the University of Arizona^^. This data contains 
all trades and quotes for all options traded or quoted on each day. Options data for the 
period 1994-1998 was taken from the Wall Street Journal (WSJ). The WSJ prints the 
closing option prices only for the most actively traded issues. 

The options data was gathered beginning on January 3, 1989 and then quarterly in March, 
June, September, and December on the third Friday of the month. Quarterly data was 
chosen as this is consistent with previous studies, which have concentrated on writing call 
options with roughly 3-6 months to expiration. The options data was passed through the 
following screens to eliminate data so that there was at most one observation on one call 
option for each firm on each day. 

• Quotes not traded prices. 
• Out of money options that have exercise prices above and within $5 of the 

current stock price. 
• Options with 2-4 months to expiration. 

The data were then passed through a finer screen so that if more than one option for any 
firm met these requirements on any one-day, the option with the most quotes on that day 
was chosen. From that the last observation on that day was selected as the quote closest 
to the close. 

I am eternally indebted to Qiris Lamoureux for securing this data. 
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The data firom the WSJ provided much less to choose from. Consequently, the options 
data over the last half of the sample period was gathered with a coarser screen. Traded 
prices were used instead of quotes. The nearest out of the money option was chosen 
unless none was reported in the paper. In this case at the money and in the money 
options were considered^" .̂ Options expiring in 2-4 months were selected where 
available. Where unavailable, options with as little as one month or more than four 
months to expiration were considered. 

" After the screening, there were 845 call options that entered the sample. Of these call options, 195 (23% 
of the sample) were at the money or in the money when written. Appendix B presents the results after 
excluding all options that were at the money or in the money when written. These results show that the 
inclusion of these options does not change any of the conclusions based on the entire sample. 
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SECTION 4: METHODS 
This section describes the mechanics of the coveted call and buy and hold strategies 
employed in this study. Consider two market participants, each endowed with $100,000 
on January 3 1989. The first participant evenly spreads her endowment among the 23 
stocks shown in Table 4.1. She requests that all dividends be reinvested and she realizes 
that all stock transactions including her initial investment and the dividend reinvestments 
will incur a cost proportional to the dollar value invested. She plans to leave the money 
invested until December 1998. This is the buy and hold investor. 

The second investor does exactly like the first investor and evenly spread her endowment 
among the 23 stocks. She also requests that dividends be reinvested and understands the 
costs of trading stocks. Additionally, she writes call options on each share of stock she 
owns and invests the proceeds from the sale of these options in Treasury Bills. She is 
aware that all options transactions also incur trading costs that are proportional to the 
dollar value of the transaction. At option expiration, all the in the money options are 
repurchased at intrinsic value, the difference between the stock price and the exercise 
price of the option^^. The cash to finance the closing out of options at expiration is taken 
h-om the cash account. Any shortfall in the cash account is provided for by a loan, which 
must be repaid, with interest at the current T-bill rate^®. Each quarter, on the third Friday 
of March, June, September, and December, this participant will again write call options 
on each share of stock held at that time and place the proceeds in the cash account or use 
them to close out expiring option positions. 

Each quarter both participants receive a statement that gives the return that they have 
earned on the their portfolio over that quarter and the current value of the portfolio. For 
the buy and bold investor, the portfolio value is simply the number of shares held at the 
end of the period times the stock prices at the end of the period. The number of shares 
held at the end of the period is equal to the number of shares held at the beginning of the 
period, adjusted for cash dividends reinvested and adjusted for stock splits and dividends 
during the period. 

For the second participant, the value of her stock portfolio is calculated exactly like was 
done for the first investor. In addition this investor must include any change in the cash 
account over the period and any options left open at quarter end. For purposes of the 

The code also allows for the option writer to have the stock be called away at expiration and then 
repurchase the stock in the market I will compare the two, buying back the options and repurchasing the 
stock, and footnote the impact this has. 

The code allows for forcing the financing of the covered call strategy to come from selling shares when 
the cash account is exhausted. Under this method an equal dollar value of each stock is sold to provide the 
funds to close out the option positions. Under this scenario any shares sold to finance the closing out of 
expiring options reduces the number of shares on which options can be written, and thus reduces cashflow 
from writing options that could be used to close out expiring options. 
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quarterly statement only, any options remaining open beyond the current day are treated 
as if closed out costlessly at the intrinsic value . 

Stock dividends and stock splits result in a change in the number of shares of stock held 
by both market participants. In addition, they impact the call options as follows. The 
exercise price of the option is proportionally adjusted as is the number of shares covered 
by each option. This is in accord with the general practice of the CBOE. 

This process continues from January 1989 through December 1998 with the buy and hold 
participant simply reinvesting dividends while the coveted call participant writes calls 
quarterly and closes them out as they come due. 

In this analysis of the data from 1989-1998, taxes are excluded but bear mention. Taxes 
were excluded based on the simulation results of covered call strategies. The simulations 
suggest that tax considerations are secondary to considerations of costs. This paper 
focuses on the impact of trading costs. The simulations also indicate that including taxes 
only makes the covered call strategy less attractive relative to a buy and hold strategy. 
Taxes are incurred on realized gains. The buy and hold strategy is the ultimate tax 
deferment strategy. The covered call strategy, due to the increased trading, realizes more 
gains and realizes them more often than does buy and hold, and consequently draws 
down performance by the taxes incurred. The only advantage that the taxes offer to the 
covered call strategist is that they reduce the effective costs of transacting, as investment 
expenses are deductible against investment income. The net impact of taxes, however, is 
to eat away at the income generated by the writing of covered cdls. 

 ̂The intrinsic value of these unexpired options is calculated as Mxc(0, S — Xe~'̂ ) where S is the 

cunent stock price, X is the exercise price, T is the time to maturity of the option, and r is the riskiess rate 
of interest. 
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SECTIONS: RESULTS 
The results compare quarterly returns and end of period wealth for buy and hold and 
covered call strategies under different transactions costs assumptions. Transactions costs 
are considered along a range that is thought relevant and includes zero as an endpoint. 
Consideration of a range rather than a point estimate has the advantage that one is able to 
infer results for all costs along the range. Additionally, transactions costs are difficult to 
measure^^ and this do not lend themselves to point estimates and may be better captured 
by ranges. The opportunity cost of not trading and the market impact of trading are 
unobservable. In this analysis we consider very large, liquid firms and assume that the 
investors in the buy and hold and covered call strategies are sufficiendy small so as to 
have an insignificant market impact and that all desired trades are executed. The range of 
costs considered, however, allows for a relaxation of these assumptions. 

In this paper we focus on the observed costs of trading such as the bid ask spread, and 
conmiissions. The one-way transactions costs assumed on the option transactions range 
from zero to 8%. This is based on the range of bid ask spread observed for options on the 
sample of firms considered in this investigation firom 1989-1993 (see the section on the 
parameterization of the simulation). The range allows brokerage conmussions (from full 
service brokerage fees to discount and Internet brokerage costs) to be added to the spread 
in calculating a total cost. 

The one-way costs on stock trades range from zero to 2%. Lee, Mucklow and Ready 
(1994) consider a sample of 230 NYSE/AMEX firms^' during 1988 and find that the 
relative bid ask spread''^ ranges from 67 basis points for the lowest quartile firms up to 
166 basis points for the upper quartile, with a mean of 130 basis points. Lamoureux and 
Sanger (1989) consider NASDAQ firms from 1983-1985. Brealdng the sample firms 
each year into 20 bins by firm size, they find that the average relative spread is 300 basis 
points for the largest firms, it is 3600 basis points for the smallest firms, and it declines 
monotonically with increasing firm size. They note that the firms in the largest 
NASDAQ portfolio are roughly the same size the firms in the next to largest 
NYSE/AMEX decile. Given our sample of large firms, one way costs should be on the 
order of half the bid ask spread plus brokerage conunissions. 

Table 4.2 below presents the value of a dollar invested in buy and hold and covered call 
strategies under different cost structures. The top panel of the table presents the buy and 
hold results while the lower panel presents the covered call results. Each column of the 
table represents a different stock transactions cost assumption. Each row in the lower 
panel represents a different option transactions cost assumption. For example, a dollar 

See Perold (1988) for a very lucid discussion. 
LMR screen there sample of all NYSE/AMEX firms dropping all firms with prices in excess of $ 100 and 

all firms with prices below $5. They also screen out all firms with an average number of trades per day of 
less than 10. 
 ̂The relative bid ask spread is the difference between the ask price and the bid price scaled by the average 

of the ask and bid prices. 
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invested in January of 1989 in a covered call strategy by an investor who pays 1% on 
stock trades and 4% on option trades would have been worth $4.35 in December 1998. 

Table 4 J: Value of $1 Invested in Buy and Hold and Covered Call Strategies 1989-1998 
Buy and Hold One Way Stock Transactions Costs 

0.00% 0.50% 1.00% 1.50% 2.00% 
5.77 5.72 5.66 5.61 5.56 

Covered CaU One Way Stock Transactions Costs 

One Way 
Option 

Transactions 
Costs 

2% 

0.00% 0J0% 1.00% 1.50% 2.00% 
4.49 4.46 4.43 4.40 4.37 
4.44 4.41 4.38 4.35 4.32 
4.38 4.35 4.32 4.29 4.26 
3.77 3.74 3.72 3.70 3.68 
3.61 3.59 3.57 3.55 3.53 

Several things stand out in Table 4.2. First, costs matter. The highest cost covered call 
strategy returns roughly 80% of that returned by the costless covered call strategy. Costs 
impact the buy and hold strategy through the initial investment and through dividend 
reinvestment. The low turnover of the buy and hold strategy mitigates the impact of 
costs. The results in Table 4.2 reflect a covered call strategy where cash shortfalls are 
financed at the riskless rate and in the money options are repurchased at expiration. With 
this covered call strategy the stock portfolio of the buy and hold investor and the covered 
call investor are identical. 

Table 4.3 below is identical to the lower panel of Table 4.2 except that in this covered 
call strategy expiring in the money options are exercised and the stock is called away. 
The stock is replaced in the portfolio at the market price and the relevant costs are paid. 
The difference between Tables 4.2 and 4.3 is striking. The first column of Table 4.3 
yields a higher ending value of a dollar than was returned in Table 4.2 column one 
because column one imposes no costs on stock transactions and increasing costs on 
options transactions. In Table 4.3 the strategy adjusts through the stock market but in 
Table 4.2 the strategy adjusts through the options market. Beyond the first column of 
Table 4.3 the stock transactions costs begin to take their toll. The adjustment through the 
stock market incurs trading costs twice while the adjustment through the options market 
incurs the cost only once. Additionally transacting in the stock market generally incurs a 
smaller percentage cost but on a larger dollar base. Consider the following example. A 
call option is written with an exercise price of $50 when the stock is trading at $45. At 
option expiration the stock is trading at $60. If the stock is called away and then 
repurchased in the market this incurs trading costs of $0.55 per share assuming trading 
costs of 50 basis points on each trade [0.0050 x (50 + 60)]. One would have to face costs 
of 550 basis points or higher in the options market to prefer trading the securities rather 
than the derivative. Under the higher cost scenarios, trading costs eat away most or all of 
the return on the portfolio. 
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Table 4 J: Value of $1 Invested in a Covered Call Strategy 1989-1998 
Stock Called Away and Repurchased in the Market 

Covered CaO One Way Stock Transactions Costs 

One Way 
Option 

Transactions 
Costs 

0.00% 0.50% 1.00% 1.50% 2.00% 
0% 4.49 3.20 2.31 1.43 0.55 
2% 4.46 3.14 2.25 1.37 0.49 
4% 4.44 3.08 2.19 1.30 0.43 
6% 4.42 3.01 2.12 1.24 0.37 
8% 4.39 2.95 2.06 1.18 0.31 

One further consideration is the assumption that all transactions can be funded costlessly 
by borrowing or lending at the riskless rate. This assumption, although utyealistic, has 
the attractive property that it allows the covered call strategy and the buy and hold 
strategy to hold the exact same stock portfolios at all times. It allows the profit and loss 
on covered call portion of the strategy to be easily disaggregated from the total portfolio. 
To address lack of realism, however, the covered call strategy was redesigned so that all 
funding went through the stock portfolio. Excess cash was invested in equal amounts in 
the securities of the portfolio. Likewise, cash shortfalls were fiinded by selling a slice of 
the portfolio. Both investment and divestment in equities incur the appropriate trading 
costs. 

Table 4.4 below presents the results of investing one dollar in a covered call strategy in 
which all funding occurs through the stock portfolio. This strategy differs from the one 
presented in Table 4.2 in that the strategy presented in Table 4.2 is funded through 
costless borrowing and lending at the riskless rate while the strategy presented in Table 
4.4 must fiind shortfalls by selling stock and invests cash surpluses in the stock portfolio. 
As expected, forcing the funding to come from the stock portfolio adversely affects 
performance even in the absence of costs. This result is due to the fact that this strategy 
had to sell slices of the portfolio to fund the covered call strategy and consequently ends 
up with a smaller stock portfolio in a bull market. As the costs of trading stocks increase, 
the inability to fund costlessly through riskless borrowing greatly outweighs the benefits 
of investing any surplus in the stock portfolio. 

Table 4.4: Value of $1 Invested in a Covered Call Strategy 1989-1998 
All Funding through the Stock Portfolio 

Covered CaU One Way Stock Transactions Costs 

One Way 
Optkm 

Transactions 
Costs 

0.00% 0.50% 1.00% 1.50% 2.00% 
0% 3.73 3.63 3.55 3.46 3.37 
2% 3.52 3.44 3.35 3.27 3.19 
4% 3.33 3.25 3.17 3.09 3.02 
6% 3.15 3.07 3.00 2.92 2.85 
8% 2.97 2.90 2.83 2.77 2.70 

As mentioned earlier, the performance of the covered call strategy is very time period 
specific. The covered call strategy tends to outperform buy and hold when stocks lose 
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money or gain very little. The period considered here includes much of the bull market 
period of the 1990's. This suggest that the covered call strategies will not fare well when 
compared with buy and hold over this period. This is indeed borne out in Table 4.2 
above. 

Figure 4.3 Plots the log cumulative return to the S&P 5(X) from 1989-1998. Overlaid on 
this is the span of the longest period during this ten years where, ignoring costs, the 
covered call strategy outperformed the buy and hold strategy. This period stretches from 
the second quarter of 1992 through the second quarter of 199S. During most of this 
period the market is relatively flat and it is not until the bull run began in 199S that buy 
and hold made up the ground lost earlier in 90's. 

Figure 4.3: Log Cumulative Returns to the S&P 500 (1989-1998) 
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SECTION 6: '*RISK" 
The literature on covered call strategies is filled with references to the reduction in risk of 
a covered call strategy when compared to a buy and hold strategy (see Grube et. al. 1979 
for example). Generally the authors are careful to mention that risk, as measured by 
standard deviation or variance, is reduced. This careful language is necessary. Standard 
deviation and variance are statistical concepts used to indicate the degree of dispersion of 
random variables. They make no statements about the risk of anything. In tinance we 
have fallen into a trap where the convention of referring to the measures of dispersion, 
standard deviation and variance, as risk has led the profession into thinking that the two 
are synonymous. 

Bookstaber and Clarke (1984,1985) take issue with the application of conventional risk 
measures to portfolios with options. They construct return distributions for portfolios 
with options and illustrate the degree of non-normality in these distributions is a positive 
function of the proportion of options in the portfolio. They show that option mispricing 
of 20% has surprisingly little impact on the distribution of the portfolio returns. 

On the issue of risk Rothschild and Stiglitz (1970) consider mean preserving spreads and 
illustrate that the use of variance as a risk measure is inconsistent with other, more 
intuitive, risk measures.'*' Copeland and Weston (1988 p99) state that it is correct to 
characterize return and risk as mean and variance only when returns are normally 
distributed. Tobin (1965) conjectured that mean-variance analysis is appropriate only 
when considering changes in distributions that cause the distribution to shift or uniformly 
stretch or shrink. 

Dawson (1979) considers how best to evaluate the risk of portfolios with covered calls 
and abandons the use of variance in favor of the probability of the portfolio under-
performing some target rate of return such as a zero return or the riskless rate of return. 
He concludes that, using either of these measures or using portfolio variance, covered call 
strategies reduce risk over stock only portfolios. Using data on the S&P500 stocks, 
however, he concludes that the risk-adjusted returns on a stock only portfolio are 
significantly greater than those on a covered call portfolio. 

Kraus and Litzenberger (1976) propose an asset pricing model that accounts for the 
skewness in the distribution of returns. They note that this more general model collapses 
to the C APM in the absence of skewness or if systematic skewness is not priced. 
However, the authors go on to note that under circumstances where the distribution of 
returns is skewed, the failure to account for this fact may lead to incorrect conclusions. 

The three other risk measures they consider and find to be consistent are: 
1. Two variables are distributed the same except that one has random noise added to iL 
2. Two assets have the same expected returns but every risk averter prefers one to the other. 
3. Two assets have the same expected returns but one has more wei^t in the tails than the other. 
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Natell et al (1982) follow the lead of Markowitz (1959) and illustrate the use of a lower 
partial moment measure of risk. The lower partial moment, or semi-variance, is a more 
general measure of risk than is variance in that it does not require an assumed symmetric 
distribution. 

In this analysis, the semi-standard deviation of the quarterly returns was calculated for the 
buy and hold and covered call strategy. The semi-standard deviation is the square root of 
the semi-variance. It is calculated as the average squared deviation, where deviations 
equal the difference between the quarterly returns and a reference point when this 
difference is negative and zero otherwise. The reference point used in this analysis was 
the three month riskless rate corresponding to each quarter. The quarterly semi-standard 
deviation for the covered call strategy, ignoring costs, is 3.34% while for the buy and 
hold strategy it is 3.82%. The standard deviation of the quarterly returns was also 
calculated to illustrate the bias it imparts. The standard deviation of the quarterly returns 
for the covered call and buy and hold strategies, respectively, are 5.46% and 6.67%. 

Risk Adjusted Returns and Skewness 
As noted in the previous section, one difficulty in comparing buy and hold returns to 
those from a covered call strategy is that the two strategies assume di^erent levels of risk. 
The measure of risk of the two strategies is fiirther complicated by the skewness of the 
distribution of retums to the covered call strategy. Variance as a measure of risk is 
inappropriate if applied to a skewed distribution. We attempt to account for this by 
considering retums after adjusting for covariation and co-skewness with market returns. 

Krauss and Litzenberger (1976) introduce the idea that market participants value 
skewness in the retum distribution of an asset. The intuition for this is that market 
participants should prefer portfolios with return distributions with right skewness to those 
with left skewness. An attractive feature of the third moment of the distribution, the 
skewness, that is a shortcoming of the second moment, the variance, is that the third 
moment retains the sign of the deviation so that downward deviations are distinguished 
from upward deviations. They propose a two-factor asset pricing model that includes as 
priced risk factors: covariation with the market retums and co-skewness. 

Similarly Harvey and Siddique (1999) considering an asset pricing model that 
incorporates a time-varying risk premium for conditional skewness in the retum 
distribution. They, like Kraus and Litzenberger, conclude that co-skewness is a priced 
risk factor. The adjustment for risk and skewness that is made below follows the 
procedure set out by Kraus and Litzenberger. 

The process of adjusting for tlie priced risk factors is as follows: 
1. Calculate the exposure of each asset/portfolio to each risk factor. 
2. Calculate the risk premium (or factor retum) associated with each risk factor 

at each point in time. 
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3. Calculate the exceptional returns, the returns to each asset/portfolio in excess 
of the riskiess rate and the returns to each risk factor based on the asset's 
exposure to each factor. 

The exposure of each asset to each risk factor is calculated as follows 

-«»,)(«„ -R,) 
la) 

lb) r„ 

»=l 

S(R«,-«m) '  
f=l 

where Rj, = the excess return on asset j at time t 

Rj, = the mean excess return on asset j at time t 

Ruf, = the excess return on the market at time t 

Ruff = the mean excess return on the market at time r 

Excess returns are calculated to be consistent with Kraus and Litzenberger as 
^ ( r ; - R , )  
" ( l+Rf i )  

where R'^- the total return on assety at time r. 

R^= the riskiess rate of return at time r. 

Equation la is the typical calculation of beta, the covariance of the asset return with the 
market scaled by the variance of the market returns. Equation lb is the equation for the 
calculation of the co-skewness, the degree to which an asset shares in the skewness of the 
market. This is referred to as gamma. 

The beta and the gamma in equations la and lb are the priced risk factors. These are the 
undiversifiable risks of co-variation with the market and co-skewness. The factor returns 
are determined by cross-sectional regressions of excess returns on the risk factors as 
shown in equation 2 below. 

2) Rj,=bo,-hb,J.^-hb^rfi+K 

The coefficients, and are the factor returns for period r for the beta and gamma 
risk factors respectively. 
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The exceptional returas are calculated as the difference between the realized excess 
return on each asset and the return expected given the exposure of the asset to each risk 
factor and the factor returns. 

3) £j ,  = Ri, "(4, +krj,) 

Data 
These calculations were performed using return data calculated to span the quarterly 
periods considered in the covered call strategy. The market return was proxied for by the 
CRSP value-weighted index. CRSP daily returns from the period January 1989 -
December 1998 were used to construct quarterly returns. Ibbotson Treasury Bill data was 
used for the riskless rate. 

Using quarterly returns on the 24 stocks employed in the is study and the returns to the 
buy and hold and covered call strategies, together with the quarterly market returns, betas 
and ganunas were calculated over the period 1994-1998'*^. Betas and gammas were 
recalculated quarterly using the pervious 20 quarters of data, 5 year rolling windows of 
data. This provides us with 20 quarterly betas and gammas for each stock and for the 
covered call and buy and hold strategies. 

The factor returns, the returns to beta and gamma each period, were calculated via cross-
sectional regression using the quarterly retums on the 24 stocks. Armed with these factor 
retums and the factor exposures of the covered call and buy and hold strategies, the 
exceptional retums to each strategy were calculated per equation 3. 

Table 4.5 below presents the end of period wealth for the period 1994-1998 for the buy 
and hold and covered call strategies (ignoring transactions costs'^^). The first row of the 
table provides the end of period wealth based on excess retums but ignoring any 
adjustment for risk factors. This is consistent with the presentation of end of period 
wealth in other parts of this paper. The second row in the table presents the end of period 
wealth based on risk adjusted retums. The final column of the table provides the 
percentage difference in the retums to the buy and hold and the covered call strategy. 
Not surprisingly, the end of period wealth drops significantly after adjusting for the 
retums to the risk factors. However, even after accounting for the risk of market co-
movement and co-skewness the buy and hold strategy outperforms the buy and hold 
strategy over this period. 

The period was restricted to 1994-1998 as the covered call strategy retums span the period 1989-1998 
and 5 years of data was needed to calculate each beta and gamma. Thus the first 5 years of data are 
expended in this calculation. 

The focus of this section of the paper is risk adjusted retums. The issue of costs, while very important, 
acts to draw attention away from return differences based on risk differences. Consequently only returns 
before costs are considered here. 
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Table 4.5: End of Period Wealth Before and Alter Accounting for Factor Exposure 
End of Period Wealth 

Buy and Hold Covered Call % Difference 
Before adjusting for factor exposure 2.18 1.94 10.91% 
After adjusting for factor exposure l.OO 0.92 8.12% 
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SECTION 7: CONCLUSIONS AND IDEAS FOR FURTHER RESEARCH 
This research was designed with two goals in mind. The first was to update the empirical 
literature of covered call strategies. A review of literature showed that little work had 
been done in this area since the mid-1980's. This study brings the literature up to date by 
considering the ten-year period from 1989-1998. Over this period a covered call strategy 
returns roughly 80% of that returned by a buy and hold strategy, before considering costs. 
This highlights a relationship pointed out in much of the literature in this area, namely 
that the performance results are very time period specific. 

The second goal was to introduce transactions costs in a meaningfiil way into the 
analysis. Much of the literature has ignored transactions costs when comparing covered 
call strategies to buy and hold strategies. This comparison is a comparison of apples to 
oranges since the covered call strategies requires significantly more turnover than the buy 
and hold strategy. This study considers a range of transactions costs on both stocks and 
options so that the reader may select the most appropriate levels of cost at which to 
evaluate performance. Performance degrades approximately linearly with costs so that 
performance at cost levels between those examined can be arrived at by interpolation. 

This topic raises an interesting question concerning how risk is measured and mis-
measured. Standard measurements of risk are inappropriate and counter-intuitive in the 
presence of truncated distributions generated by covered call strategies. Over the period 
considered here a downside measure of risk, the lower partial moment, indicates that the 
covered call strategy was less risky than the buy and hold strategy. Considering risk 
adjusted returns that account for co-movement with the market and the skewness in the 
return distribution indicates that the out performance by the buy and hold strategy relative 
to the covered call strategy remains after risk adjustments. 
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APPENDIX A: LO AND MACKINLAY VARIANCE RATIO TEST 

The following derivation is based on Lo and MacKinlay (1988) pages 46-48. This 
derives the test statistic employed in the variance ratio test and is adjusted for the use of 
overlapping periods. 
The mean one period return is defined to be 

where X, = ln(P,) and under the null hypothesis 

dX (r) = jjdt+adWit) where // is a drift term and dW(f) = e{t)4^ 
nq = the number of observations and 
^ = is an integer greater than one. 

The one period variance of returns is defined as 

The variance of returns over periods of length q is given as 

Where m, the adjustment factor for overlapping periods, is defined as 
q 

4. m = q{nq-q + l) I—— 
nq \ ^ J 

The test statistic is the variance ratio given by 

5. 

This is asymptotically normally distributed 

6. ^M,iq)-N 
V ^ > 

6. .^nqM^iq) " N 0, 

Equation 6 can be solved for a standard normal test statistic as follows 

7. z(q)^^Af , (q)J^^^^-^^-JV(0 , l )  7. Z(q) ̂ -JnqM.iql 
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Figure Al: Lo and MacKinlay Adjustment Factor for Overlapping Periods 
ConQuison of Lo and MacKinlay AiQustnient Factor for Overlapping Periods to a 
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APPENDIX B: OPTION SPECIFICS  ̂

Strike Price Intervals: 
• 2.50 point intervals for strike prices between $5-$25, 
• 5 point intervals for strike prices between $25-$200 
• 10 point intervals for strike prices over $200 

Premium Quotation; 
• 1/16 for options trading below $3 
• 1/8 for all other options 

Expiration Date: 
• Saturday following the third Friday of the expiration month. 

Trading Hours; 
• 8:30am-3:02pm Central Standard Time (Chicago Time). 

Stock Splits and Stock Dividends 
• For whole share distributions the number of underlying shares is not adjusted but 

the number of options is proportionately increased and the exercise price is 
proportionately decreased. 

• The adjustment in the option becomes effective on the ex date of the underlying 
security. 

 ̂Source: CBOE 6/23/97 
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APPENDED C: 
COVERED CALL RESULTS EXCLUDING AT THE MONEY AND IN THE 

MONEY OPTIONS 

In order to include as much relevant data as possible, where no out of the money options 
data was available, data on at the money and in the money options was included. The fiill 
sample includes 845 call options, of which 195 are at or in the money. This appendix 
discusses the impact that tUs has on the results by presenting the results where only out 
of the money options are employed. Table 4.2, firom the body of the paper, presents the 
buy and hold results along with the covered call strategy results based on the full sample 
of options data. This is presented for ease of comparison with Table CI. 

Table 4.2: Value of $1 Invested in Buy and Hold and Covered Call Strategies 1989-1998 
Buy and Hold One Way Stock Transactions Costs 

0.00% 0.50% 1.00% 1.50% 2.00% 
5.77 5.72 5.66 5.61 5.56 

0.00% 0.50% 1.00% iJO% 2.00% 
0% 4.49 4.46 4.43 4.40 4.37 
2% 4.44 4.41 4.38 4.35 4.32 
4% 4.38 4.35 4.32 4.29 4.26 
6% 3.77 3.74 3.72 3.70 3.68 
8% 3.61 3.59 3.57 3.55 3.53 

Covered Call One Way Stock Transactions Costs 

One Way 
Option 

Transactions 
Costs 

Table CI is similar to the covered call portion of Table 4.2. Table 4.2 presents the results 
from the full sample while Table C1 presents the value of a dollar invested in a covered 
call strategy that only writes out of the money options. 

Table CI: Value of $1 Invested in Covered Call Strategy 1989-1998 
Writing only Out of the Money Options 

Covered Call One Way Stock Transactions Costs 

One Way 
Option 

Transactions 
Costs 

0.00% 0.50% 1.00% 1.50% 2.00% 
0% 4.67 4.63 4.60 4.57 4.53 
2% 4.58 4.54 4.51 4.47 4.44 
4% 4.41 4.37 434 4.31 4.27 
6% 4.38 4.35 4.31 4.28 4.25 
8% 4.32 4.29 4.25 4.22 4.19 

Several things are notable when comparing Table CI and Table 4.2. First, any 
conclusions drawn based on comparing the end of period wealth from the buy and hold 
strategy and the covered call strategy based on the full sample, would be unaltered by the 
results based on the sub-sample of out of the money options only. Second, comparing the 
covered call strategy based on the full sample to the strategy based only on the out of the 
money options indicates better performance from the out of the money sub-sample. This 
is particularly evident as the costs increase. These results are not surprising. Given that 
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the performance of buy and hold exceeds that of the covered call strategy over this time 
period, a strategy that writes fewer call options on the stocks in the portfolio, such as is 
the case with the out of the money only sub-sample, is likely to perform better. 
Additionally, the strategy that writes fewer call options will incur fewer trading costs. As 
costs increase, the relative performance of the strategy that trades less should improve. 
This is what we see when comparing Table 4.2 to Table CI. 
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APPENDIX D: BOOKSTABER AND CLARKE ALGORITHM 

Write up of Bookstaber and Clarke (Management Science 1983) 
"An Algorithm to Calculate the Return Distribution of Portfolios with Option 
Positions" 

In this write up of the algorithm I make some corrections to typos in the EC paper and 
provide a fiill derivation of the algorithm. 

Starting assumption - returns can be described by the market model. 
(1) n='>+A(^m -*>) + "/ 

where 

Everything that is done in this algorithm is conditioned on the market return. Consider 
first a single security. 
(2) £(/;lr„)=r^+^,(r„-r^) = /^ 

(3) r , \ r„=r^+u,  

Now consider the conditional expected retum when the portfolio contains a security and 
a, call options written on each share of the security (ignoring the call premium). 

(4) I '•«) = ̂ (^ ' ^ O • p(r. < r; I r„) + 

+[(l-a,.)£(?} I r„,p(?} >/;' I r„) 

where 
r'=: the retum necessary for the stock price to equal the exercise price at the 
expiration of the option. 
E(r^ I ,•) = conditional expectation of the retum on security i conditioned first 
on the market retum and then on the second argument 
pi*) =the probability of the specified event 

Consider the components of equation (4). 
' ''m' ^ - 'f') • P(n - 'i'' ''m) = expected value of the portfolio conditional on the 

market retum and the call options expiring out of the money. 
[il-ai)Eir.\r^,ri >/}')+or,.;^']*p(/} >r' lr„)= the expected value of the portfolio 
conditional on the market retum and the call options expiring in the money. Notice that 
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for the portion of the shares covered by options the upside is limited by the exercise price 
but for the remaining shares this is not the case. 
Breaking this down further there are four component parts of equation (4) that need to be 
determined. First consider the probability of the option expiring out of the money. Using 
equation (3) above. 

(4a) p(f^ <r^\rj = pir^ +u, < r^) = piu. <r'-r^) = p 

where 

y/ = 

f ^ ' A u. r — r 
= N{y, )  

r'-n 
, and 

iV(«) = the cumulative standard normal density evaluated at the argument. 
This result implies the next result. The probability of the option expiring in the money 
must be the complement of the probability of the option expiring out of the money. 

/ -

(4b) p(r. >r;irj = pir. + m,. >/;') = p(M,. > < - a; ) = p 
_ \ 

U- r — r **1 > u 'j_ 

G <J 
K  '  '  J  

= 1-A^(y,) 

Next consider the expression for the value of the conditional expected return given the 
market return and the option expiring out of the money. 
(4c) E{r^ I r„,^. < r/) = I /• < r') = Ji+E(Ui I < r' -^) 

Considering the last term only gives 
r.-r, 

(4ci) EiUf I a. <r'-ri)= |«;/(«, I a, < r' -)dui 

„45 This conditional density is 
(4cii) 

J Vi ' ''i — - - / \ 

where 

J/(M()J«. N 
' r : - rA N{y, )  

V > 

/(«f) I /(-oo, r' - ] =the density function of u restricted to the interval where u 

is no greater than r' -r.. 

This leaves the following 

45 In this derivation, the integral of the density of u from minus infinity to some upper bound is simplified 

— U-
by a substitution vu. = —  ̂so that w is standard normally distributed. This substitution results in a scaling 

of the limits of integration by the inverse of the volatility of u. 
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n-ji 
(4cm) £(«,- \Ui<r^ -r^)= f«,/(«,. I a- < r' -r;.)dUi = —j— f«,/(",)^/m, 

At this point it is convenient to provide a general solution to the integral above, the 
integral of the expected value of u. 
The expected value of u over the range [L, M] is 

M M Uj V 
(5) IM,/(a, )dui = ji/j ^ dUi = 

dfiLf dfA 21 ff. I 21 Oj \ •J — p  \  •  

This result comes after a substitution of vf = 
- 1 1  u 

, which necessitates multiplication 

by -<T, and changing the upper and lower limits of integration respectively to. -I 

and — 
2 

r r N-

Armed with the result from equation (S) we return to equation (4ciii) 

1^ W, = 
my,}  

1 
[my. )  

.Zg^A^] = 

where 

N(.y , )  N{y , )  

Ri = 
^ -'I 2 

yllJC 
note that this is a constant conditional on r„. 

Returning to equation (4c), the conditional expectation is stated as follows 

(4cv) £(?• I </}') = /-; 
^(yi) 

Finally, consider the expression for the value of the conditional expected return given the 
market return and the option expiring in the money. 
(4d) Eifi \r„,r^>r^) = £{7^ + w,. I > r,') = ?• + £(j<,. I m,. >r'-r^) 

Considering the last term only gives 
m 

(4di) E (Ui \Ui>r' -r . )= Jujiu^ I > r' -ri)dUi 

This conditional density is 
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(4dii)/(«, \u,>r:-r,)= '2 —= ' ' ;  

\ f {Ui)dUi  \ -N -! i-
I J 

where 
/(«, ) I /[»;' -?},«») =the density function of u restricted to the interval where u is 

no less than r' -r^. 
This leaves the following 

OO I op 

(4diu) E(ui I w,. > f;'-7^)= jujiu, I > r/ 

Again using the result from equation (5) and applying it to equation (4diii) 
(4div) 

1 
M 

ju i f (u i )dui  = 
I 

1-Ar(y.) 
1 

]• - ^ e  - ^  
l-N(y , )  y / l j r  l -N(y , )  

Returning to equation (4d), the conditional expectation is stated as follows 

(4dv) Eir,\r„,r,>r;) = r,+ Qi 
\ -N{y , )  

There are several things to notice about equations (4cv) and (4dv) which are repeated 
below. 

4. (4dv) £(/• I ,r^ > r/) = +- Ri (4cv) £(H 1 r_, r <r' )  = r  
^  ^  t  I  '  t  N  V  -  r  >  «  m '  I  I  '  (  f l  x r r  \  Niy^)  i - l ^ (y i )  

• First, qi is proportional to the density of a normally distributed variable with mean 7^ 

and standard deviation CT, . The constant of proportionality is af. Therefore, is 
non-negative and achieves it maximum when the expected conditional return on 
security i, conditioned only on the market return, is equal to the return necessary for 
the option to expire at the money, 7^=r'. 

• Second, approaches zero as the absolute value of the difference between ^ and r' 

Q- Q-
increases. The terms — and —— , however, do not approach zero but 

Niyd l-ATCy.) 
instead increase as the denominators (the cumulative probabilities of these extreme 
values) approach zero more quickly than 9^. 

• Third, in both equations the conditional expectation is anchored at the conditional 
expectation of the return on security i conditioned only on the market return, 7^. 
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Then an adjustment is made based on how far above or below is the return 

necessary for the option to expire at the money, r'. 

• Fourth, conditioning on the return on the security being less than r' gives a 

downward adjustment to , while conditioning on the return on the security being 

greater than r' gives a upward adjustment to 7}. 

• Finally, in both cases the adjustment amount is scaled to be inversely proportional to 
the likelihood of observing the spread between r. and r'. 

Starting again from equation (4) and substituting in from equations (4a), (4b), (4cv), and 
(4dv) gives the following. 

Ein \r„) = E(r^\r„,r,< p{r, < I r„) + 

(6) +[(!-»,)£(;• Ir„,r, >r;)+a,7;']*p(f; >/;' IrJ 

r — 9, 
N{y, )  

)+(!-«,) n + -
Ri +a,A;'U[l-^(y,)] 

Simplifying equation (6) gives 
(7) £(/; I r„) = ?: -a,.{(^ - ̂ ')[l - A^(y,)l+^,} 

Equation (7) provides wonderful intuition into the impact of the covered call strategy. 
• If £ir, =0 then there are no call options and the conditional expected return on 

the security is simply E{r^ I ) = 7^ , as shown in equation (2). 

• As calls are written on the security the expected return that is given up is 
• the amount of the expected return that would put the calls in the money 

scaled by the probability of the options being in the money, 
• the scaled frequency of the options being in the money. 

The last term in equation (7), , is very interesting, is a positive function of the 
volatility of the underlying security, so the more volatile the security the more upside one 
gives up by writing call options while retaining the larger downside. Also, q^ achieves a 
maximum where the strike price is chosen to be equal to the expected future stock price 
conditioned on the market return. So at that point the covered call strategy takes the 
biggest hit to the expected return. The intuition is clear. Without loss of generality 
assume that the expected return on the security equals zero. Then by selling a call option 
with the strike price equal to the current stock price, one is selling off all positive 
returning states and is retaining all negative returning states. At any other exercise price 
this is not the case. If the exercise price is above the current stock price one retains some 
of the upside. ^ the exercise price is below the current stock price one sells off some of 
the downside. 
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Equation (7) gives the conditional expected return of a single security upon which some 
call options are written. To calculate the portfolio return it is necessary to weight and 
aggregate the individual security positions. 

(8) ECFp Ir„)=^Q}ir^-^(Oia\fi-r^)[\-N{y,)]+q.} 
1=1 (=1 

Including the proceeds from the sale of the options invested at the riskless rate gives 
(9) I r„) = £:(rj ) + 0(1 + ) 

where 
0 = the proceeds from the sale of the call options expressed as a percent of 

portfolio value, and 
Kf = the riskless rate of interest. 
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APPENDK E: LIST OF INCLUDED COMPANIES 

Table El: List of Included Companies 
Ticker Firm Name 
AA ALCOA 
AXP American Express 
T AT&T 
BS Bethlehem Steel 
DD DuPont 
EK Eastman Kodak 
XON Exxon 
GE General Electric 
GM General Motors 
IBM International Business Machines 
IP International Paper 
MCD McDonalds Corp. 
MRK Merck & Co. 
MMM Minnnisota Mining and Manfacturing 
01 Owens-lIIinois 
S Sears Roebuck & Co. 
UTX United Technologies 
BA Boeing 
KO Coca Cola Co. 
DIS Disney 
HWP Hewlet Packard 
JNJ Johnson and Johnson 
WMT WalMart 
CCI Citicorp 
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APPENDIX F: YEAR BY YEAR REGRESSION RESULTS 

Pjt  
Table Fl: Year by Year Regression Results of Beta on Return Volatility 

Year Intercept Coeflfdent NumObs 
1988 0.02 3.29 730 

(0.018) (0.073) 
1989 0.13 2.99 704 

(0.021) (0.094) 
1990 0.08 2.80 689 

(0.019) (0.066) 
1991 0.03 3.14 693 

(0.017) (0.066) 
1992 0.00 3.68 719 

(0.021) (0.08) 
1993 0.06 3.48 770 

(0.035) (0.133) 
1994 0.13 3.20 817 

(0.024) (0.089) 
1995 -0.06 4.13 853 

(0.033) (0.123) 
1996 0.21 2.46 898 

(0.024) (0.075) 
1997 0.25 1.89 916 

(0.024) (0.069) 
All 0.10 2.98 7789 

(0.008) (0.028) 
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