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In the finance context, the term "liquidity" is usually associated either with 

"liquidity preference" or the "ease with which an asset can be bought or sold at 

minimum cost." This dissertation seeks to address three issues pertaining to these 

areas. First, we argue that the reason why investors have a liquidity preference in 

the fixed-income market is not to preserve liquidity but to minimize interest rate 

risk. Investors will not invest in long-maturity fixed-income securities unless they 

are compensated for the risk they take by investing in such securities. This leads 

to positive expected excess returns on long-maturity securities vis-a-vis short

maturity ones. Second, we examine long-maturity fixed-income securities to 

determine whether there exists a term premium which is monotonically increasing 

in the term to maturity of the security. Third, we consider liquidity in the context 

of the "bid-ask spread" and argue that the liquidity of a firm's equity securities 

will be a direct function of the financial condition of the firm, that is firms in 
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poorer financial condition will have lower security liquidity. Our findings suggest 

that 1) there is indeed a positive relationship between risk and expected return in 

the fixed-income market, 2) there does exist a term premium in the fixed-income 

market which increases approximately monotonically with the term to maturity of 

the fixed-income instrument, and 3) the liquidity of a firm's equity is indeed a 

function of its financial condition. 
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Chapter 1: Introduction 

The term "liquidity" has various connotations in the economics and finance 

literature. The Concise Desk Book of Business Finance (1975) defines liquidity 

preference as "(the) desire on the part of the general public to hold their idle funds 

in the form of money (currency in circulation plus demand deposits), rather than in 

interest-earning form." The concept of liquidity preference was originally 

developed by John Maynard Keynes. In Keynesian economics, there are three 

motives for holding money: the transactions and precautionary motives which are 

considered interest-inelastic, and the speculative motive which is regarded as 

interest-elastic. Thus, the rate of interest that prevails is determined by the 

intersection of the curve representing supply of money (assumed to be fixed by 

monetary authorities, and therefore interest-inelastic), and the curve of demand for 

money (liquidity preference) [See Munn (1982)]. 

Various theories of the term structure of interest rates such as 

expectations, market segmentation, and liquidity preference, have been put forth in 

the finance literature. The assumption underlying the liquidity preference theory is 

that lenders prefer to lend funds for short periods of time, in order to maintain their 

liquidity. On the other hand, borrowers prefer to borrow at fixed rates for long 

periods of time to avoid the risk of refinancing at potentially higher rates of interest 

when the loan matures. The theory argues that, in order to persuade lenders to 

lend for longer periods of time and borrowers to borrow for shorter periods, 

forward rates should always be greater than expected future spot rates. This 

implies that long term interest rates are higher than the average of expected future 

short term rates, and is consistent with the observation that yield curves tend to be 

upward sloping more often than they are downward sloping [See Hull (1993).] 
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Another way the term "liquidity" may be interpreted in the finance 

literature refers to the ease with which an asset may be converted into cash. The 

Concise Desk Book of Business Finance (1975) defines liquidity in this context as 

"(the) state or quality involving the ease and speed with which some article or 

claim of value or a group of articles or claims of value can be converted into 

currency or its equivalent. A liquid asset is one that can be sold for cash without 

loss of value with comparative ease ... " As an example, real estate is significantly 

less liquid than, say, the common stock of a corporation such as Ford Motor 

Company. 

A Liquidity from the Perspective of "Liquidity Preference" 

Liquidity Preference and Interest Rate Risk 

Financial economists have long considered interest rate risk as the driving 

force behind the liquidity premium. However, most previous research has focused 

on establishing whether higher volatility risk in the market portfolio leads to higher 

expected returns. Not much research has been done to establish whether the same 

holds true for the fixed-income market. We, therefore, first discuss the important 

papers which link volatility and expected returns on the market portfolio using 

general equilibrium arguments. 

The relationship between expected volatility of stock returns and expected 

market risk premium has been addressed in the finance literature. The notion 

behind this relationship is simple: risk-averse investors should expect to be 

compensated for the systematic risk they take when investing in the market 

portfolio. As Merton ( 1980) points out, the market must be held in the aggregate; 

hence the equilibrium expected return on the market should be an increasing 

function of the risk of the market. Therefore, a positive relationship can be 
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expected between volatility of the market portfolio and its expected excess returns. 

This translates into a positive relationship, on average, between ex-ante volatility 

and realized excess returns on the market portfolio. 

French, Schwert and Stambaugh (1987) address the question of how well 

predictable and unpredictable components of stock volatility are related to realized 

excess returns. Using ARIMA and GARCH models to predict the volatility on the 

value-weighted portfolio of all New York Stock Exchange (NYSE) stocks, they 

conclude that there is little evidence of a relation between expected risk premium 

and predictable volatility. However, the unpredicted component of volatility seems 

to be significantly negatively related to excess returns. They interpret this as 

indirect evidence of a positive ex-ante relation as follows: Suppose the current 

period's standard deviation of returns is larger than was predicted by the 

ARIMNGARCH model. Then, the predicted standard deviations will be revised 

upward for all future time periods. If the risk premium is positively related to the 

predicted standard deviation, the discount rate for future cash flows will increase. 

If cash flows are unaffected, the higher discount rate reduces both their present 

value and the current stock price. Thus, a positive relation between predicted 

stock market volatility and expected risk premium induces a negative relation 

between the unpredicted component of volatility and excess holding period 

returns. 

Sheikh (1993) uses an atheoretic model to conclude that there exists a 

positive relationship between returns on individual stocks and their lagged implied 

volatilities. However, he fails to find a statistically significant relationship between 

the returns on the S&P 100 index and lagged values of recently realized and 

implied volatilities. 
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Merton ( 1980) analyzes three models of equilibrium expected market 

returns. According to him, if aggregate risk aversion changes slowly through time 

in comparison with changes in the market risk, then one would expect higher levels 

of risk to induce a higher market risk premium at least locally in time. He 

estimates the ratio of the expected excess returns to the expected volatility, called 

the market price of risk, using Bayes methodology, and putting a non-negative 

uniform prior on this market price of risk. Since his study is exploratory in nature, 

he does not provide significance levels or the predictive ability of his model. His 

conclusions are as follows: First, even though large differences in average 

estimates of the market price of risk are observed, it is unlikely that any of his 

models could be rejected by the realized return data. This is because the variance 

of the unanticipated part of the returns on the market is much larger than the 

variance of the change in expected return. Second, the non-negativity restriction 

on the expected excess return should be explicitly included as part of the model 

specification since our priors suggest that the market price of risk can never be 

negative. Finally, estimators which use time series of realized returns should be 

adjusted for heteroscedasticity because the variance of returns on the market 

changes significantly through time. 

Thus, studies have, in general, found an insignificant relationship between 

ex-ante estimates of volatility and realized excess returns on the market portfolio. 

As Merton (1980) suggests, this is probably due to the fact that the variance of 

realized stock returns is large relative to the likely variance of expected stock 

returns. Another reason this may be true is the small intertemporal variability in 

expected volatilities. Therefore, running time-series regressions of realized excess 

returns against ex-ante estimates of volatility leads to high standard errors of the 

4 



estimates and low power to reject the null hypothesis of no relation between the 

two.1 

No previous attempt has been made to estimate the expected excess returns 

on fixed-income securities from ex-ante estimates of volatilities in the fixed-income 

market. In the second chapter of this dissertation, we evaluate whether interest 

rate risk is priced. The question we seek to address is whether higher expected 

volatility in the fixed-income market is compensated with higher expected returns. 

Thus, we seek to establish a link between the first and second moments of returns 

on fixed-income securities using implied volatilities as a direct ex-ante measure of 

expected volatility. We provide several estimation techniques, the most efficient of 

which reject the null hypothesis of no relationship between volatilities and 

expected returns on interest-rate dependent securities. Consequently, we implicitly 

explore whether implied volatility may be used as a market-timing signal. 

Our results provide one possible explanation for time varying risk premia in 

interest rate-dependent securities. Shiller and McCulloch (1990) point out that 

according to the rational expectations theory of the term structure, n-period 

interest rates are a weighted average of one-period interest rates plus a constant 

liquidity premium. Since long moving averages tend to smooth the series 

averaged, one would expect long rates to be a smooth series. However, 

researchers such as Culbertson (1957), Shiller (1979, 1981, 1986), Singleton 

(1980) and Aavin (1983) have shown that the variability in long term interest rates 

has always been too high for the expectations theory to hold. Within the range 

historically observed for U.S. data, movements in long rates cannot be interpreted 

I Recall that the standard errors of the estimates are inversely proportional to the sum of squares 
of the independent variable, measured about its mean; small values of this sum will lead to 
higher standard errors of the estimates. See Johnston (1984), pp. 33. 
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in terms of rational expectations of movements in short rates. Given that the 

rational expectations hypothesis can be rejected, it follows that the liquidity 

premium is time varying. We argue, in this chapter, that this variability in the 

liquidity premium of an interest rate-dependent security is captured by its price 

volatility. 

Liquidity Premium in Long-Maturity Fixed-Income Securities 

Another issue of interest to financial economists is the existence of a 

liquidity premium which, if the liquidity preference theory holds, should 

monotonically increase with the time to maturity of the fixed-income instrument 

Studies on the existence of such a liquidity premium have usually considered short

maturity U.S. Government securities such as Treasury bills. Studies on longer 

maturity securities have not been successful at detecting a liquidity premium. We 

shall now discuss the important papers and their findings in this area. 

According to Shiller and McCulloch (1990), liquidity premium depends on 

(i) the maturity of the forward instrument, m, and (ii) the time into the future that 

the forward instrument begins, n. The rational expectations hypothesis is that 

liquidity premium is independent of time; in other words, it depends only on the 

above two factors and not time, and the changing slope of the term structure can 

be interpreted only in terms of the changing expectations for future interest rates. 

To test whether the liquidity premium is constant, one needs to predict either 

excess holding period returns or the difference between forward rates and 

corresponding spot rates in terms of the information available ex-ante. 

The authors note that studies on the term structure have found that when 

both m and n are less than one year, the forward rate does predict the future spot 

rate, but the former is (on average) higher than the latter, suggesting that the pure 
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expectations hypothesis does not hold. When the forecast horizon n is less than 

one year, and the maturity of the forward rate mis 20 or more years, the spread 

between the forward and the spot rate predicts the wrong direction of change in 

interest rates -- a larger spread predicts that rates will decrease, instead of 

predicting an increase that one might expect. They point out that, contrary to 

intuition, previous studies have found forecasts of the future spot rate into the 

more distant future to be more accurate than those into the near future, regardless 

of the maturity m of the forward rate. Thus, when the forecast horizon is short 

there is evidence of the existence of a liquidity premium in the term structure of 

interest rates. However, for longer forecast horizons there seems to be little 

evidence of the existence of liquidity premium [see, for example, Shiller (1979), 

Shiller, Campbell and Schoenholtz (1983), Mankiw (1986) and Shiller (1986)]. 

Fama (1984b) examines expected returns on U.S. Treasury bills and bonds. 

He finds that expected returns on longer-term bills exceed returns on one-month 

bills. However, expected returns on bills do not increase monotonically with 

maturity, but generally tend to peak at eight or nine months. His conclusion is 

inconsistent with the liquidity preference hypothesis which predicts that expected 

returns increase monotonically with maturity, because return variability increases 

monotonically. Fama also notes that the high variability of longer-term bond 

returns preempts precise conclusions about their expected returns. 

Fama and Bliss ( 1987) examine the information contained in long maturity 

forward rates. Specifically, they look at the 1-year rate of interest 't years forward, 

where 't ranges from 1 to 4 years. They regress the differential between the 1-year 

future (realized) spot rate and the 1-year current spot rate against the differential 

between the 1-year rate 't periods forward and the 1-year current spot rate. If 

there does not exist a liquidity premium in the term structure of interest rates, the 
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slope coefficient in the regression should not be significantly different from 1.0. 2 

The authors find that for 't=l year the slope is significantly less than 1.0 implying 

the existence of a liquidity premium for this maturity. However, for 't=2 years the 

slope is not significantly different from 1.0. Interestingly enough, for the 't=3 and 

4 years case they find that the slope is actually significantly greater than 1.0, 

implying that for these maturities the liquidity premium is, in fact, negative. Thus 

the evidence on the existence of liquidity premium becomes weaker as the maturity 

of the forward contract increases. 

In a related paper, Fama (1984a) uses a regression approach to measure 

the information in forward rates. Consistent with earlier studies, his regressions 

identify variations in the expected premiums on longer-maturity Treasury bills. He 

finds that forward rates contain variation in expected returns on multi-period bills 

and that forward rates have information about future spot rates. Specifically, he 

finds that the one-month forward rate has power to predict the spot rate one

month ahead. During periods preceding 1974, forward rates have reliable forecast 

power for one-month spot rates up to five months ahead. Of course, since 

predictability does not necessarily imply unbiasedness, we cannot conclude from 

here that there is no liquidity premium in the short end of the term structure. 

According to Startz (1982), the forward rate is the sum of the expected 

spot rate and a liquidity premium that the market chooses, while the subsequently 

realized spot rate is the sum of the expected spot rate and an error. Thus, the 

spread between the forward rate and the subsequently realized spot rate has two 

components -- one due to liquidity premium and another due to forecast error. 

2 A slope coefficient of 1.0 would imply that forward rates are an unbiased predictor of future 
spot rates, leading to a zero liquidity premium. 
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Using statistical relationships on these, he establishes a lower bound on the 

variance of the liquidity premium and an upper bound on the variance of the 

forecast error. Upon decomposing the spread in this manner he finds that, for 1-

month Treasury bill rates, the variability in the two components is of the same 

order of magnitude. 

Hess and Kamara ( 1994) decompose the forward liquidity premium on T

bills, defined as the spread between the implied forward rate and the subsequently 

realized spot rate, into components due to default risk, liquidity risk, interest rate 

risk and a forecast error. They attempt to isolate the effect of default and liquidity 

risks by assuming that the difference between implied forward and futures rates is 

due solely to the lower liquidity and non-zero default risk associated with the 

former. Thus, both the forward liquidity premium and the futures liquidity 

premium contain the same interest rate risk; however the former also contains 

premiums for secondary market default and liquidity risks. In contrast to previous 

studies, they find that the average spread is mostly a premium for default and 

liquidity risks instead of being a premium for interest rate risk. Upon assuming 

that the mean forecast error in the Treasury markets is zero, they conclude that the 

average interest rate risk premium is zero. Unfortunately, their analysis ignores 

mark-to-market which would result in higher rates on futures contracts written on 

interest rate-dependent securities, vis-a-vis implied forwards. This would lead to a 

confounding of results, unless explicitly controlled for. 

As is evident from the discussion above, much of the research has focused 

on short maturity securities to determine the existence of a liquidity premium. 

Studies on long maturity securities have not been able to find a monotonically 

increasing liquidity premium in the term structure of interest rates. Moreover, 

most studies have concentrated either on explaining the variability in the liquidity 
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premium or on forecasting the next period's liquidity premium, holding the time to 

maturity of the interest rate-dependent security constant. Not much work seems 

to have been carried out to determine the average liquidity premium in long 

maturity interest rate-dependent securities as a function of time to maturity. In the 

third chapter we suggest a new method to estimate the average (unconditional) 

liquidity premium for various maturities. We seek to determine if this liquidity 

premium is indeed a monotonically increasing function of the time to maturity, as 

suggested by the liquidity preference theory. 

B. Liquidity from the Perspective of "Bid-Ask Spread" 

We now address liquidity from the perspective of the ease with which an 

asset may be converted into cash, or more specifically, the "bid-ask spread" on the 

asset. In exchange markets such as the New York Stock Exchange (NYSE), 

specialists facilitate the exchange of stocks among investors. They stand ready to 

buy and sell the stock in which they are making a market as investor orders flow 

in, thereby bridging intertemporal order imbalances. Their existence, according to 

Garbade ( 1980), eliminates the need for a seller of the stock to search out another 

investor with a compatible purchase interest, and enhances the liquidity of the 

stock. The spread between specialist bid and ask quotes is the price of the liquidity 

service that they provide, and may be thought of as a cost to the investor of 

completing his or her stock transaction expeditiously. 

The finance literature has documented evidence of positive initial wealth 

effects of listing a stock on organized markets due to an increase in the liquidity of 

the stock [e.g., Sanger and McConnell (1986) and Kadlec and McConnell 
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( 1994)]. 3 There is also evidence of significant reduction in liquidity upon delisting 

from the New York and American (AMEX) stock exchanges [Sanger and Peterson 

(1990)]. This empirical finding coupled with the inverse relationship between 

illiquidity and stock prices [Amihud and Mendelson (1986)] suggests that delisting, 

by decreasing the stock's liquidity, can lower shareholder wealth. 

The fourth chapter of this dissertation focuses on the probability of a 

delisting rather than the delisting event per se. To the extent that delisting has a 

negative liquidity effect on the stock, our contention here is that, ceteris paribus, 

even the probability of a delisting will have a similar effect. We argue that holding 

all else constant, firms with a higher probability of being delisted will experience 

lower security liquidity. Although "security liquidity" can be measured in different 

ways (e.g., "depth," "breadth," etc.) we adopt the most common measure used in 

the literature - the percentage bid-ask spread on the stock. We justify and then 

use the firm's financial condition as a proxy for the delisting probability in our 

empirical tests. We use several measures of financial condition including Tobin's 

Q, Standard & Poor' s (S&P) representative bond rating, DeAngelo and 

DeAngelo's (1990) accounting measure of financial condition and S&P common 

stock ranking. Moreover, in our tests, we explicitly control for variables that have 

previously been documented as having an effect on stock spreads. Such variables 

include trading volume, variance of stock returns, stock price and the adverse 

selection component. We also control explicitly for differences among exchanges 

and find strong evidence that the spread on a stock is indeed influenced by the 

firm's financial condition. 

3 See Kadlec and McConnell (1994) for a discussion of the various theories explaining the 
positive wealth effects of listing. 
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It is important to note that we analyze the specialist's "posted spread" and 

not the "effective spread." To distinguish between them, consider the market for 

liquidity services. Although there is one specialist for each NYSE security, he 

cannot be viewed as a monopolist. He faces competition from the "upstairs 

market" for large block trades and the market for smaller trades dominated by the 

limit order book, floor traders and brokers. For example, Conroy and Winkler 

(1986) discuss competition faced by the specialist from limit orders. Stoll (1990) 

argues that the NYSE has many dealers for block transactions and Harris (1990) 

suggests that off-exchange dealers sometimes compete with the specialist. 

Because of competition, the specialist's posted bid-ask spread is not necessarily 

the same as the effective spread on the stock. The former represents the price at 

which a specialist is willing to buy and sell for his own account and is the price at 

which trades are economically viable to him. The latter is the difference between 

the lowest price at which a stock can be bought and the highest price at which it 

can be sold by an investor, and is a function of the level of competition in the 

marketplace.4 Any analysis of the posted spread thus requires an examination of 

the supply-side of liquidity services from the specialist's perspective. We therefore 

examine the posted bid-ask spread on stocks by analyzing the economics of the 

specialist's franchise with the exchange and his expected cash flows. We make no 

statement about the effective bid-ask spread that is determined by competition. 

4 Consider an example. Asswne that a specialist posts a bid and an asked price of $8 and $81'2 

respectively on a stock. If there is a limit order to sell the stock at $83/g then, this is the best 

price at which another investor can buy the stock. The effective bid price therefore is $83/g and 

since the highest price at which the stock can be sold is $8, the effective bid-ask spread is $3/g ( 

$83/g - $8). 
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Henceforth, unless otherwise specified, any reference to the spread in this chapter 

refers to the posted bid-ask spread. 

We propose the "Specialist's Price-Protection Hypothesis (SPPH)" which 

implies that firms in poorer financial condition should experience lower security 

liquidity. The essence of the SPPH is that the specialist's expected cash flows 

from stocks of firms with a higher probability of being delisted are lower. To 

compensate for the lower expected cash flows and to earn a competitive rate of 

return on his investment (in his franchise with the exchange), the specialist 

increases the bid-ask spread to "price-protect" himself (i.e., recover his 

opportunity cost). The increased bid-ask spread lowers the liquidity of the firm's 

shares and hence shareholder wealth. Under extant NYSE rules, the probability of 

a delisting depends primarily on the firm's financial condition and we therefore 

argue that firms in poor financial condition are the ones more likely to be delisted. 

We conduct extensive empirical tests and find strong evidence in support of the 

SPPH. 
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Chapter 2: Liquidity Premium and Interest Rate Risk 

In this chapter we first argue and then conduct empirical tests to show that 

a liquidity premium exists because investors who invest in long-maturity fixed

income instruments take on higher levels of interest rate risk (in the form of higher 

price volatility) as compared to those who invest in short-maturity instruments. 

Such investors, therefore, require a risk premium for taking on this additional 

interest rate risk. To determine whether interest rate risk is priced, we define the 

market price of interest rate risk -- henceforth denoted by the symbol A -- as the 

ratio of expected excess return on an interest-rate dependent security to the 

expected volatility on that security, and evaluate whether A is significantly different 

from zero. 

Chapter 2 is organized as follows. Section II develops a theoretical model 

for justifying the existence of a "market price of interest rate risk." Section III 

describes the data used to test the model. Section IV outlines the methodology 

and results for time-series estimation of the A., while Section V develops more 

efficient estimators of A. using cross-sectional data to show that interest rate risk is 

indeed priced in the fixed-income market. 

II. A Theoretical Framework for the "Market Price of Interest 

Rate Risk" 

It has been shown that a one-factor model explains most of the variance in 

interest rates. For example, Litterman and Scheinkman ( 1988) use variance 

decomposition techniques to find that 89.5% of the total unexplained variance in 

interest rates is explained by the first factor, called level of interest rates. The 
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second factor, called steepness, explains 8.5%; while the third factor, called 

curvature, explains the remaining 2% of the variation in interest rates. We 

therefore consider a one-factor world where the short-term (continuously 

compounded) riskless rate of interest at any time t, r(t), follows a one factor Ito 

process of the form 

dr(t) 
-- = µr(r,t)dt + O"r(r,t)dz 
r(t) 

where 

µr = expected rate of change in the interest rate, 

O"r = volatility in the interest rate, 

and dz follows a standard Weiner process. 5 

(1) 

Let Pt and P2 be the prices of two derivative securities dependent only on 

the prevailing riskless rate of interest and time. These could be any securities that 

provide a payoff as a function of r(t) at some later date.6 Then, by Ito's Lemma, 

the processes followed by Pt and P2 may be written as functions of r(t) and t as 

follows: 

dP1 
= µt (r, t)dt + Gt(r, t)dz 

P1 (2a) 

5 Such models abound in the finance literature. See, for example, Vasicek (1977), Rendleman 
and Bartter (t980), and Cox, Ingersoll and Ross (t985). 

6 To the extent that the short rate of interest can be characterized as a one-factor Weiner process, 
a fixed-income asset may be considered a derivative security since its payoff at any time t 
depends only on the short rate of interest prevailing at that time and its time to maturity. 
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(2b) 

where dz is the same Weiner process as in equation (1), and the drift and diffusion 

coefficients of equation 2(a) are given as7 

(3a) 

(3b) 

It is possible to form an instantaneously riskless portfolio of the two 

derivative securities by completely eliminating the dz part [See Hull (1993)]. This 

is accomplished by combining cr2 P2 units of the first and -cr1 P1 units of the 

second security into a portfolio. The value of the portfolio, V, is given by 

and the instantaneous change in value of the portfolio, dV, is 

dV = (cr2 P2) dP1 - (cr1 P1) dP2 

= (cr2 P2) (µ1 P1 dt + cr1 P1 dz) - (cr1 P1) (µ2 P2 dt + cr2 P2 dz) 

= (cr2 P2 µi P1 dt) - (cr1 P1 µ2 P2 dt) 

(4) 

7 The arguments of the variables have been left out for convenience. The drift and diffusion 
coefficients of equation (2b) are analogous to those of (2a). 
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Since the portfolio is instantaneously riskless, it must earn the risk-free rate of 

interest,r. l'herefore, 

dV = r V dt 

Or, 

(cr2 P2 µi P1 dt) - (cr1 P1 µz P2 dt)= r [(cr2 P2) P1 - (cr1 P1) P2]dt 

(cr2 µi) - (cr1 µz) = r (cr2 - cr1) 

Rearranging, we get 

µi(r,t)-r(t) _ µ2(r,t)-r(t) 

<r1(r, t) cr2(r, t) (5) 

In general, for any fixed income security whose value is derived from the 

underlying variable, r(t), and which follows a one factor Ito process with a drift 

and diffusion coefficient µ(r,t) and cr(r, t) respectively, 

µ(r, t)-r(t) _ '\( ) 
---- - /\, r, t 

cr(r,t) (6) 

where A.(r,t) is the market price of interest rate risk and measures the tradeoff 

between risk and return on such securities. 

In this regard, it is worth noting three points. First, no restrictions are being 

placed on µrand <rr, which are general functions of rand t. l'he interest rate may, 

therefore, follow any general one-factor Ito process. Second, since prices of fixed 

income securities are inverse functions of the interest rate, the price volatilities, cr1 

and cr2, will come out to be negative from equation 3(b), leading to a negative 

market price of interest rate risk [See Hull (1993)]. For simplicity, however, we 
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deal with the absolute value of the market price of interest rate risk in the rest of 

this chapter. Finally, A.(r,t) can be any general function of r and t. However, if the 

assumption is made that risk preferences of investors change fairly slowly over 

time then, over any given length of time, A.(r,t) will be a function only of r. In this 

paper, however, we address the question of whether A.(r,t) = A.(r) is significantly 

positive, and not with any specific parametric form that the market price of interest 

rate risk may take. s 

III. Data Description 

It has been well documented in the finance literature that prices (and hence 

rates of return) of fixed income securities are influenced by factors other than just 

the magnitude and timing of their cash flows. Among others, factors such as 

liquidity, tax timing and tax clientele effects induce non-cash values in bonds [see, 

for example, Amihud and Mendelson (1986), Ronn and Shin (1993), Schaefer 

(1982), and Beim (1993)]. Such factors could have the potential effect of 

confounding the results of our study and need to be eliminated as far as possible. 

The use of STRIPS, rather than coupon-bearing Government bonds, 

largely mitigates extraneous effects related to non-cash values in bonds. The 

STRIPS market is more homogeneous than the market for other Government 

bonds, leading to fewer differences in liquidity of one STRIPS from another.9 

8 For the sake of brevity, the argument of A.(r) will be dropped, henceforth. 

9 On-the-run coupon-bearing bonds are not stripped since this would result in a loss of their 
liquidity premium. Since C-S1RIPS come only from off-the-run issues they have similar 
liquidity characteristics, except for the very long maturity ones. Our conversations with 
researchers at Merrill Lynch and Co. confmned this fact. 
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Moreover, STRIPS are a tax-disadvantaged security due to the original issue 

discount (OID) feature of their taxation. Taxes are payable on the accrued interest 

portion of the STRIPS on a yearly basis, even though the investor receives no 

interest payment until maturity. Taxable investors, therefore, have a net cash 

outflow every year until the STRIPS matures, making it a relatively unattractive 

investment for taxable accounts. This implies that STRIPS are likely to be 

rationally held only by tax-exempt investors, thereby precluding any tax timing and 

tax clientele effects. 

Daily data on closing bid-prices of all U.S. Government STRIPS was 

provided by Merrill Lynch & Co. for the period January 2, 1987 through January 

13, 1994. On any given day, the number of Coupon-STRIPS (C-STRIPS) on 

which data is available ranges from 112 to 121, with the mode being 119. Any 

two adjacent STRIPS have a maturity difference of three months. 10 

Most previous studies on the market price of risk have used recently 

realized volatility to proxy for ex-ante estimates of volatility. Whether the former 

is a good proxy for the latter has been the subject of extensive debate. For 

example, Schmalensee and Trippi (1978) find no relationship between recently 

realized volatilities and implied volatilities in the stock market. Day and Lewis 

(1992) find that implied volatilities from call options on the S&P 100 index may 

contain incremental information relative to the conditional volatility from GARCH 

and EGARCH models. Their results are consistent with the hypothesis that 

IO Principal SlRIPS (P-SlRIPS) have been excluded from our analysis since they have 
potentially significant non-cash values. When a Treasury Bond is stripped, its coupons maturing 
on a specific date become indistinguishable from all like-dated coupons from other Treasury 
Bonds and carry the same Cusip number. On the other hand, each P-SlRIPS is assigned a 
unique Cusip number. This implies that when a bond is to be reconstituted, the investor must 
accumulate all the C-SlRIPS and the unique P-SlRIPS for that bond. Hence P-SlRIPS are not 
fungible with C-SlRIPS, which leads to potentially significant non-cash values for P-S1RIPS. 
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implied volatility and GARCH and EGARCH forecasts of volatility are unbiased. 

Canina and Figlewski (1993) find implied volatility on the S&P 100 index options 

to be a poor forecast of subsequent realized volatility. They attribute this lack of 

relationship to the difficulty of arbitrage trading of S&P 100 options, due to which 

"mispricings" are not easily arbitraged away. 11 Sheikh (1993), however, 

establishes the existence of a positive relationship between individual stock implied 

volatilities and recent realization of stock and market volatilities. 

Thus, it is not entirely clear whether, and to what extent, recent realized 

volatility is an acceptable proxy for expected volatility. Implied volatility, as 

opposed to recent realized volatility, is a priced ex-ante estimate of the variance in 

the bond market; we therefore use implied volatility as the explanatory variable. 12 

Daily data on implied price volatility (standard deviation of returns), 

implied yield volatility, Macaulay duration, and Cheapest-to-Deliver (CTD) yields 

on the on-the-run Treasury bond, note, five year bond and Eurodollars was also 

provided by Merrill Lynch & Co. The data does not all start on the same date. 

Table 2. lA presents the dates starting on which each data field is available. The 

ending date of the data is January 13, 1994. 

The implied price volatility of a security has been calculated by substituting 

the closing price of a short-term, closest-to-the-money option on its futures 

11 They conclude that the accuracy of implied volatility as a forecast of future volatility should be 
related to how easy the arbitrage trade is. Since options on futures contracts are traded on the 
same trading floors as the underlying futures and have very low transactions costs, they will have 
the smallest mispricing at any given time. 

12 Merton (1980) in footnote 13 notes that" ... a direct 'ex-ante' estimate for the variance rate on 
the market could be deduced from the price of an option on the market portfolio." hnplied 
volatility is not necessarily an unbiased predictor of expected volatility, since volatility risk itself 
may be priced. Since there is some evidence to the contrary [See, for example, Day and Lewis 
(1992)), we choose to ignore this effect. 
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contract into the Black (1976) formula. It has been found that the implied price 

volatility on a security is a U-shaped function of the strike price, with the bottom 

of the U corresponding to "at-the-money" options. To guard against this so called 

"smile" effect, the option closest to "at-the-money" is used to calculate implied 

volatility. This ensures that the implied volatility obtained for a security is 

comparable across time. Another point to note is that using the Black (1976) 

formula to value interest rate-dependent options is an approximation due to three 

reasons. First, absent default, the bond matures at par. This violates Black's 

statistical assumption of a lognormal distribution for the price of the underlying 

asset. Second, as the bond matures, its price volatility declines. This violates 

Black's assumption of constant volatility. Third, Black posits a constant rate of 

interest, which in turn implies that bond prices are non-stochastic. Thus, there is a 

fundamental inconsistency in the model: interest rates cannot simultaneously be 

constant as well as stochastic. However, ad-hoc modifications of Black (1976) are 

frequently applied to bonds when the option's maturity is short relative to that of 

the underlying bond. For our purposes, since a short-dated option is used to 

calculate implied volatility, such an approximation is a good one. 

Figure 2.1 plots the volatility implied in the short-dated, closest to at-the

money futures option on the Treasury bond against time. As expected, the 

intertemporal variability in volatility is small, except for 1987 when the market 

crash occurred. 
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IV. Methodology and Results for Time-Series Data: The Initial 

Approach 

To compare our results with previous studies on the equity markets, we 

first examine the relationship between expected returns and implied volatility for 

different maturity C-STRIPS. We run separate time-series regressions of realized 

daily excess returns on short, medium and long maturity C-STRIPS against the 

implied volatility observed in the market, for the data period January 2, 1987 

through January 13, 1994. To mitigate the impact of data errors in individual 

observations, the daily (continuously compounded) rates of return are calculated 

on equally weighted portfolios of the five shortest, five middle and five longest 

STRIPS.13 Since fixed income securities do not stop earning interest on holidays 

and weekends we assume a 365 day year and adjust the daily return for non

trading days by dividing the log of the return by the number of days over which the 

return was realized. From this, we subtract the daily (continuously compounded) 

riskless rate of return on that day, to obtain the daily excess return on the three 

different maturities. The overnight riskless rate would be the ideal choice. Since 

this is not available, the riskless rate of interest is calculated by deannualizing the 

rate of return available on the STRIPS with the shortest maturity in excess of three 

months. 14 The daily excess rate of return is then annualized, again assuming a 365-

day year. 

13 Bid prices on the longest maturity C-STRIPS do not monotonically decrease with maturity in 
67% of the cases due, in all likelihood, to liquidity effects. To avoid erroneous results, the long 
maturity C-STRIPS portfolio is taken as the portfolio of the 11th to the 15th longest maturity C
STRIPS available on any given date. As noted in table 1, the average maturity of this portfolio is 
26.5 years. 

14 Small errors in the price quotes of C-STRIPS maturing in less than three months lead to large 
errors in the computed riskless daily rate of return, hence these C-STRIPS are avoided. 
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Table 2. lB presents the sample statistics on time to maturity and 

annualized daily excess returns on portfolios of short, medium and long C-STRIPS 

over the entire data period. Sample statistics are also presented for the (annual) 

implied price volatility calculated from a short-term option on the T-Bond futures 

contract. Over a total of 1,764 observations, the average maturity of short, 

medium and long C-STRIPS is 0.64, 14.8 and 26.5 years, respectively. The 

standard deviation of maturities is low, implying that intertemporally all portfolios 

of a kind have approximately the same time to maturity. As is clear from the table, 

longer maturity C-STRIPS have, on average, higher daily excess returns and 

higher standard deviation of returns. The distribution of returns seems to be 

positively skewed since the mean is higher than the median in all cases. 

A. The Initial Approach: No Intercept in the Model 

A one-factor model automatically implies that changes in interest rate 

across maturities are perfectly correlated. This means that the ratio of standard 

deviation of returns on any two adjacent-maturity fixed-income securities is a 

constant. Thus, the implied volatility of any fixed income security may be used to 

proxy for the implied volatility on any other fixed-income security without loss of 

information. We therefore use the same vector of implied volatility, obtained from 

the futures option on the Treasury Bond contract, to examine the relationship 

between excess returns on different maturity C-STRIPS and implied volatility. 

Clearly, the relationship between the two variables will not be a measure of the 

market price of interest rate risk. In fact, since the excess rates of return on longer 

maturity instruments are higher (on average), the slope coefficient obtained for 

these would plausibly be higher than for shorter maturity instruments. This is not 
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in any way contradictory, but an artifact of using the same values of volatility for 

different maturity portfolios. 

The initial approach consists of independently regressing the realized 

excess rates of return on each portfolio of C-STRIPS against the lagged implied 

volatility observed in the market at the end of the previous trading day. We run 

three Ordinary Least Squares (OLS) regressions, one for each maturity, of excess 

returns against the implied volatility. Following Merton (1980), we initially 

suppress the intercept.15 The form of our model is 

t= 1, ... ,T; 

't e {short, medium, long} (?) 

where Rt('t) and rt-1 are the (continuously compounded) annualized daily returns 

on a C-STRIPS portfolio with maturity 't and a riskless asset, respectively, and Et 

is the error term at time t. 

We conduct the usual residual diagnostics to detect the presence of 

autocorrelation and heteroscedasticity in the residuals, both of which lead to 

unbiased but inefficient parameter estimates, and incorrect standard errors leading 

to wrong inferences. The Q* statistic in the Portmanteau test, which is designed to 

pick up departures from randomness indicated by the first P residual 

autocorrelations, is used to detect autocorrelation [See Harvey (1990)].16 In this 

l5 Regressions are run both with and without the October 19, 1987 observation. The results are 
qualitatively similar, hence the ones that exclude the date are not presented here. 

16 The test statistic Q*, suggested by Ljung and Box (1978), may be written as 
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test there is a problem of how to choose P. Too small a value of P may result in a 

failure to detect a process where higher-order lags are important, while too large a 

value may result in a test with low power since the effect of the dominant 

autocorrelations is diluted by a series of autocorrelations close to zero. To 

mitigate this, we conduct the Portmanteau test at all lags from 6 to 42, in groups 

of 6. The tests indicate the presence of autocorrelation at all seven lags. 17 White's 

test reveals the presence of unconditional heteroscedasticity in the residuals [See 

White (1980)].18 

To correct for autocorrelation and unconditional heteroscedasticity, we 

consider a variety of techniques in Appendix A. We choose to implement the 

semi-parametric method of correction since it seems to offer the most advantages. 

The results of the corrected regression, run on all available data, are presented in 

Table 2.2A. 

OLS R2 is obtained by simply regressing the excess return on volatility, 

without taking autocorrelation or heteroscedasticity into account. Total R2, on the 

p 2 

o* = T(T+2) I.~ - x~ 
't=l(T--r) asymptotically, 

where c't is the autocorrelation at lag 't and T is the number of data points. 

17 It should be noted that the chi-square statistic computed at each lag is not independent of the 
preceding chi-square value. Thus, if autocorrelation is detected at a given lag, the test statistics 
for higher lags may be biased upwards. 

18 Conditional heteroscedasticity is also present in the residuals, as is evidenced by the 
Portmanteau Q and the Lagrange Multiplier (LM) tests [See McLeod and Li (1983) and Engle 
(1982)). However, as long as there is no autocorrelation and/or heteroscedasticity, the presence 
of Autoregressive Conditional Heteroscedasticity (ARCH) will result in uncorrelated residuals 
[See Harvey (1990)]. It therefore follows from the Gauss-Markov theorem that OLS will be the 
Best Linear Unbiased Estimator (BLUE) and the covariance matrix will be estimated 
consistently. 
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other hand, obtains upon making use of the autoregressive error model and reflects 

the improved fit from the use of past residuals to help predict the next dependent 

variable value. Thus, the total R2 is higher than the OLS R2 in cases where 

autocorrelation is detected (and corrected for) at one or more lags.19 Note also 

that, since the intercept has been suppressed, the R2 does not have the 

conventional (percentage variability explained) interpretation. 
,.. 

The regressions show that the estimate of A., A, , increases with maturity as 

expected, is significant for the short and medium maturity regressions, and 

marginally so for the long maturity one. The OLS R2 values decrease with 

maturity, as do the total R2 values and the t-statistics. 

The OLS R2 values are rather low, ranging from 0.16% to 3.54%. This is 

to be expected since a high R 2 would imply the existence of a trading rule with 

which to generate excess returns consistently. The rule would be to hold a long 

position in fixed-income securities when the observed volatility in the market was 

high and vice versa. 
,.. 

The values of A. seem to be excessively high -- it seems that annual excess 

returns of 14.6% can be generated by investing in medium term Government C

STRIPS (over a period in which such securities had an average annual implied 
,.. 

volatility of 10% ). The reasons for such high values of A. may be that the 1987-93 

period was one of generally declining interest rates, and that we are running the 

model without including an intercept. The latter problem is discussed in the next 

sub-section. 

l9 Using a model for the autocorrelation in addition to the linear regression model adds 
information to the system, thereby reducing the errors. 
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B. The Initial Approach: Including an Intercept in the Model 

A flaw with the approach outlined in the previous sub-section is that 

suppressing the intercept may lead to spurious results. Our independent variable, 

implied volatility, is a positive quantity. The dependent variable, realized excess 

return, is also on average a positive quantity for this data period, when interest 

rates were on the decline. Regressing a positive number against another positive 

number while suppressing the intercept will perforce give us a positive value of the 

slope coefficient, even if the true relationship between the two variables (in the 

presence of an intercept) is zero or negative. 

To address this point, we run three overall regressions without suppressing 

the intercept this time. 20 The form of our regression equation is 

t=l, ... ,T; 

t e {short, medium, long} (8) 

The methodology described in sub-section A is then applied to get consistent 

estimates of the variance-covariance matrix of parameters. The results are 

presented in Table 2.2B. 

In contrast to Table 2.2A, the inclusion of an intercept in the model renders 

both a and ~ insignificant, suggesting a lack of relationship between observed 

excess returns and ex-ante volatility. This finding is consistent with earlier studies 

and obtains because of the low power associated with such tests. The OLS R2 

20 Including an intercept does not increase the standard error of our estimates. Johnston (1984), 
pp. 263, shows that the reduction in efficiency is a function of the square of the correlation 
between the relevant and the irrelevant variables. Since the intercept has a value of unity, its 
correlation with the relevant variable is zero. Thus, there will be no reduction in efficiency. 
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values are close to zero while the Total-R2 is as high as 4.44%, suggesting that the 

explanatory power is coming from the autocorrelated disturbances, rather than 

from the model itself. We now suggest alternate, more efficient methods for 

estimating A., using the Fama and MacBeth (1973) approach. 

V. Efficient Estimation of the Market Price of Interest Rate 

Risk Using Cross Sectional Data 

The initial approach adopted in Section IV has several shortcomings. First, 

it regresses the natural log of the expected value of excess return, instead of the 

expected value of the log of excess returns, against volatility. It therefore fails to 

recognize that 

E [ ln {µ(r, t) /r(t)}] < ln [ E {µ(r, t) /r(t)}]. (9) 

To take this into account, consider a rearrangement of equation (2a) as follows 

(10) 

Using Ito' s lemma we may derive the process followed by ln Pl as 

[ 
cr1

2
(r,t)] d lnP1 = µi(r,t) -
2 

dt + crr(r,t)dz (1 la) 
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Substituting forµ from equation (6), 

(1 lb) 

Rearranging, we get, 

2 
d lnP1 - r(t) dt + al (r,t) dt = A.•a1(r,t) dt + a1(r,t)dz (llc) 

2 

To estimate A, the form of the regression equation should therefore be: 

2 
ai,t-1 

2 
i = 1, ... ,N (12) 

Second, the initial approach ignores the heteroscedasticity inherent in the 

model, and seeks to use a non-parametric correction for the same. The form of the 

heteroscedasticity is, in fact, dictated by the model. To see this, consider the 

distribution of the continuously compounded rate of return on any interest rate

dependent security over a time period T-t = 1/365. From equation (l la), 

(13) 
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where N (m, s
2

) denotes a normal distribution with mean m and variance s2. 

Clearly, the variance of returns on any interest rate-dependent security is 

proportional to the square of its ex-ante price volatility, leading to a well-defined 

form for the heteroscedasticity; that is 

i = 1, ... ,N 

Third, the returns on different C-STRIPS are cross-sectionally correlated. 

To get efficient estimates of A., we model this correlation as an AR(l) process.21 

That is, 

'v' i, j (14) 

where i, j are any two C-STRIPS, and p is the correlation in the error term 

between two adjacent maturity C-STRIPS. 

Finally, the relationship posited by equation (12) applies cross-sectionally. 

The model states that expected excess returns should be proportional to the 

volatility of an asset at any given point in time; it makes no statement on the 

intertemporal variation of A.. Running regressions on time-series data 

automatically involves the assumption of intertemporal stationarity in A.. As 

suggested before, this is a plausible assumption since A. is a behavioral attribute and 

21 The asswnption being made here is that the return on a particular C-STRIPS will most closely 
be affected by the return on the C-STRIPS closest to it; and that the effect of C-STRIPS farther 
away will decline exponentially. 
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thus would not be expected to change much from one period to the next. 22 

However, utilizing only time-series data limits the number of data points available. 

Moreover, since volatilities on any given C-STRIPS do not change much from one 

day to the next, this limits the variability in the implied volatilities, leading to higher 

standard errors of the estimates. These two constraints reduce the power of the 

statistical tests substantially, and may be overcome by running cross-sectional 

rather than time-series regressions. 

A. Efficient Estimation Assuming Constant Normalized Yield Volatility 

To run cross sectional regressions, we need implied price volatilities of C

STRIPS with different maturities. We generate these implied volatilities for each 

C-STRIPS at any point in time by assuming that the normalized yield volatility, as 

opposed to the price or the yield volatility, is approximately constant across 

maturities. 23 The yield volatility is approximately related to the price volatility by 

the relation 

Yield Volatility 
= Pr ice Volatility • Pr ice 

Yield • dP/dy 
(15) 

where dP/dy is the first derivative of the price of a fixed-income security with 

respect to its yield, that is, its "dollar duration." 

22 Since the market price of interest rate risk will depend on the risk preferences of investors, and 
risk preferences presumably do not vary substantially from one time period to the next, one can 
argue that even if A. cannot be taken as intertemporally constant, its variability will be low. 

23 Although not documented formally, our conversations with practitioners lead us to believe that 
this assumption is a fairly good one. 
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The normalized yield volatility is defined as the yield volatility multiplied by 

the yield. Note that the assumption of constant normalized yield volatility is 

consistent with a declining term structure of yield volatility because of an upward 

sloping term structure of interest rates. We assume that the daily T-bond price 

volatilities are on a 15-year Treasury Bond with an 8% coupon and an 8% yield to 

maturity. Such an assumption can only bias the results against us, since finding a 

relationship between realized excess returns and volatility will be harder if the 

assumption does not hold. Using the given price volatility on each day, we 

calculate the normalized yield volatility for the C-STRIPS with a duration closest 

to the duration of the 15-year T-bond with a coupon and a yield of 8%, which is 

approximately 9 years. Assuming constant normalized yield volatility across 

maturities, we then reverse the process and calculate the price volatility for each C

STRIPS on that particular day. 

To obtain efficient estimates of a, A and p, we do the following: we obtain 

preliminary estimates of a and A by running daily Weighted Least Squares 

regressions of the form given in equation (12), where each observation is weighted 

by the inverse of its price volatility. This takes into account the heteroscedasticity 

but not the spatial autocorrelation, giving us non-B.L.U.E. estimates of the 

parameters. The form of the model is 

2 i = 1, ... ,N 

(16) 

Using time-series average estimates of a and A thus obtained, we estimate the true 

errors, lli t V i, t , as the difference between the realized and predicted return, 
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for the i-th C-STRIPS at time t. We then estimate p by running the following 

regression 

Tlit = p Tli-1,t + '!}it i = 1, ... ,N; t = 1, ... ,T (17) 

where '!}it is the error term. Using the value of p thus obtained, we compute GLS 

estimates of a and A for each day taking into account both, heteroscedasticity and 

spatial autocorrelation. These estimates are averaged across time, and an updated 

value of p computed. The procedure is repeated until convergence is obtained. 

The iterated value of p is 0.983. 

The GLS estimates of a and A, ci and £ , are then averaged over the entire 

seven year period from 1987 to 1994 to give us the average market price of 

interest rate risk over this period. The average coefficients are henceforth denoted 

- A a and A. . Thus, 

a. = l fa. 
T t=l 

A 1 T A 

A.= -I,A. 
T t=l 

A 

Univariate statistics on a and A. for the entire data period are presented in Table 

2.3A along with statistics on the ci and ~ coefficients obtained for each separate 

year. 

The mean intercept seems to be statistically significant for the overall data 

period and for each year individually. The significance of the intercept is hard to 

explain except that it may signal the fact that the period under consideration was 

one of declining interest rates. Also, it may be attributed to noise in daily data. 
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The distribution of the intercept is positively skewed since the median is smaller 

than the mean. 
A 

For the period 1987-94, the mean of the estimated A coefficients, A, is 

1.13 with a t-statistic of 3.08, implying that it is significantly different from zero. 

This implies that taking on 1 additional percentage point of price volatility risk 

yielded an additional 1.13 percentage points of excess returns on average over this 
A 

data period. The A s for any given year exhibit wide variation, ranging from a low 

of -0.589 in 1987 to a high of 2.26 in 1991. They are significantly different from 

zero in 1989, '91 and '92 at a 10% level of significance. This intertemporal 

variation in the observed market price of interest rate risk is, in all probability, due 

to the low signal to noise ratio that we discussed earlier in the chapter. Since the 

variability in the dependent variable is large relative to the variability in the 

independent variable, it is difficult to get very efficient estimates of the market 

price of interest rate risk. 

To mitigate the effect of noise in daily data, we also perform the above test 

using weekly data. Excess weekly returns on each C-STRIPS are computed from 

the close of a Wednesday to the close of the following Wednesday. The returns 

are annualized and iterative GLS run on the data. The results, presented in Table 

2.3B, suggest that both a and A coefficients are significant.24 As is evident, 

utilizing weekly instead of daily data results in the average a decreasing from 160 

basis points to -17 basis points. The average of the estimated A coefficients also 

seems to have decreased from 1.13 to 0.64, suggesting that the market price of 

24 The number of data points in any given year is less than or equal to 52. Since this is a rather 
small number, univariate statistics on the intercept and lambda coefficients are not presented 
separately for each year. 
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interest rate risk is less than was obtained with daily data. The reason for this 

could be that weekly data is a lot less noisy than daily data, giving us better 

estimates of the market price of interest rate risk. In the next two sub-sections, we 

propose two additional methodologies to efficiently estimate the market price of 

interest rate risk. 

B. Efficient Estimation -- Endogenous Determination of Term Structure of 

Volatility Implied in the Data 

The previous sub-section assumed that the normalized yield volatility is 

constant across maturities. Although a fairly good one, it is nevertheless an 

assumption. We now suggest a method to estimate the market price of interest 

rate risk contemporaneously with parameters of the Term Structure of Price 

Volatility (TSOV) implied in the data. Since we do not have data on the price 

volatility of different maturity C-STRIPS, we have to resort to techniques by 

which we are able to either infer price volatilities from outside the model by 

making certain assumptions (as was done in the last sub-section) or extract the 

TSOV implied in our model (as will be demonstrated in this section.) Endogenous 

determination of the TSOV will help us avoid the assumption of constant 

normalized yield volatility and will provide an alternate means of estimating the 

market price of interest rate risk for purposes of comparison with the values 

obtained upon making that assumption. We start by parametrizing the TSOV of 

any interest rate-dependent security as a quadratic function of its Macaulay 

duration. That is, 

2 
cri,t-1 = ~1,t-1 Di,t-1 + ~.t-1 Di,t-1 
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Schaefer and Schwartz (1987) argue that the price volatility of a bond is 

approximately a linear function of its duration. Thus, the assumption that implied 

volatility is a quadratic function of duration is, in our mind, a good one. As before, 

our data yields us one point on the TSOV -- the point corresponding to the 

cheapest-to-deliver T-bond. Assuming again that the Macaulay duration of the 

cheapest-to-deliver bond is 9 years, we can write 

2 
= ~1,t-1 • 9 + ~2,t-1 • 9 

Rearranging, 

~1, t-1 = 
cr9,t-1 - ~2,t-1•81 

9 

Substituting 19 into 18, 

cri, t-1 
cr9,t-1 - ~2,t-1 • 81 

0 
+ R 

0
2 

= 9 i,t-1 1-'2, t-1 ~t-1 

(19) 

(20) 

(ar t-1) Note now that if we ignore the second order term, 2 , on the left side of 

equation (12), the equation may be written as 

i = 1, ... ,N (21) 

Substituting (20) into (21) and simplifying, we get 
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r cr9t4 l 
= at + L At 9 - 132,t-1 •At • 9 J Di,t-1 + 

~2, t-1 • At] nf.t-1 + c:it 

i = 1, ... ,N (22) 

Parameters in the above equation may be estimated by running a simple regression 

and manipulating the coefficients obtained to yield the values of At, ~1, t-1 and ~2, 

t-1, Note that, as with any other methodology, this would result in a joint test of 

the hypotheses that the TSOV is a quadratic function of the Macaulay duration and 

that the excess return on any interest rate-dependent security is a linear function of 

its price volatility. 

Results for the above regression run on daily data are presented in Table 

2.4A. The mean of the estimated a, at a value of 0.0354 and a t-statistic of 3.68, 

seems to be high and significant. The median value of the a, at 59 basis points, is 

widely different from the mean, implying a highly skewed distribution. Thus, the 
A 

median may be a better indicator of the intercept than the mean. The A has a 

value of 0.873 and a t-statistic of 2.03 implying that, during the data period under 

consideration, the average risk premium on an interest rate-dependent security 

with a volatility of 10% was 8.73%. Thus, if an investor were to hold a fixed

income security with a price volatility of 10% overnight in his portfolio, he could 

expect to earn an annualized return of 8.73% in excess of the overnight repo rate. 

Of course there would be no guarantee that he would, in fact, make a positive 

excess return since he would be taking on price risk by investing in the 10% 

volatility instrument (as opposed to an overnight repo which would have a price 

volatility of zero.) 
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" " 
The estimated parameters of the TSOV, 131 and 132, when averaged across 

time have a value of 0.0121 and -0.00008 respectively. This indicates that the 

TSOV implied in the returns data is a concave function of the Macaulay duration 

and is monotonically increasing until 75 years. This is consistent with the intuition 

that price volatility does not decrease with duration. 

Table 2.4B contains the corresponding results for weekly data. We see 

here that both the average intercept and the average lambda coefficient is positive 

" but insignificant. The A coefficient is 0.455, suggesting that the market price of 

interest rate risk dictated a risk premium of 45.5 basis points for each percentage 

point increase in the price volatility of an interest rate-dependent security, during 

" " 
this data period. As with daily data, the average values of 131 and 132 suggest that 

the TSOV is a slightly concave function of the Macaulay duration. 

In the next sub-section, we estimate the implied price volatility on various 

maturity C-STRIPS outside the model and use these estimates in our final 

regression model. This will again help us avoid the assumption of a constant 

normalized yield volatility across maturities. Also, since we will be explicitly using 

several points to estimate the TSOV, we shall be able to get more efficient 

parameter estimates of the TSOV, leading to potentially more efficient estimates of 

the market price of interest rate risk. 

C. Efficient Estimation ·· Exogenous Determination of Term Structure of 

Volatility 

In this sub-section we model the TSOV exogenously, assuming again that 

volatility is a quadratic function of Macaulay duration. We then use estimates of 

implied volatility for different maturity C-STRIPS obtained from this model to 

estimate the market price of interest rate risk. The advantage of this approach is 

that several data points are used on the TSOV to estimate it as a function of 
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duration, making the estimates more reliable. However, note that in modeling the 

TSOV the longest duration available is that of a T-bond. To avoid extrapolating 

beyond the range over which the function is estimated, we refrain from using C

STRIPS that have a duration greater than 11 years when estimating the market 

price of interest rate risk. This limits the number of data points we have in the final 

model, lowering the power of our tests. First, we use equation (15) to estimate 

the price volatility of Eurodollar deposits given its yield volatility. Next, we 

assume that the price volatility of a T-bill maturing in 3 months is approximately 

equal to this price volatility of Eurodollars.25 Finally, we use equation (18) to run 

a daily regression of volatility against duration utilizing data on all available 
A 

instruments, thereby obtaining estimates of P1,t-l and P2,t-1' denoted P1,t-l 

A 

and P2, t- l, for the data period May 14, 1991 through January 13, 1994. 26 

The above model is used to then estimate the volatilities of C-STRIPS with 

maturities less than 11 years, and a GLS regression run as before to take both 

heteroscedasticity and spatial autocorrelation into account. The intercept and 

lambda coefficients so obtained are averaged across time and the results presented 

in Table 2.5A. The average intercept is 0.0091 with a t-statistic of 5.13; The 
A 

average lambda is 2.28 with at-statistic of 3.64. One reason why A. has such a 

high value may be that the 1991-94 period was one of steeply declining interest 

rates, and the bond market did rather well, leading to more up movements than 

25 Although Eurodollars are subject to default (as opposed to U.S. Treasury debt), we feel that 
these differences are insignificant for purposes of estimating parameters of the TSOV. The 
Treasury-Eurodollar (TED) spread is one order of magnitude smaller than the Treasury bill rate. 
Thus, one can expect the volatility in the T-bill and/or Eurodollar rate to be one order of 
magnitude larger than the volatility in the TED spread, leading to marginal differences in the 
volatility of T-bill versus Eurodollar rates. 

26 The Macaulay duration for the various instruments is available across this time period only. 
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down movements. Note that since data on C-STRIPS with duration greater than 

11 years has not been utilized in estimating the market price of interest rate risk, 

hence these results are not directly comparable with results in Table 2.3A where C

STRIPS of maturities upto 26.5 years have been utilized to estimate the market 
A A 

price of interest rate risk.27 Interestingly, the average values of ~1 and ~2 are very 

close to the average values obtained in the endogenous determination of TSOV, 

and again suggest that the TSOV is a slightly concave function of the Macaulay 

duration. 

Table 2.5B contains the corresponding results for weekly data, run on C

STRIPS with maturity of 11 years or less. We find here that, even though the 

number of weeks for which data is available is very few (132), the average 

intercept and lambda coefficients are significant. The mean of the estimated a has 

a value of -0.0017 and at-statistic of -2.39, while the average lambda is 1.63 with 

a t-statistic of 3.42. As before, the i has decreased upon using weekly (rather 

than daily) data, due probably to a lower level of noise in weekly data. The 
A A 

average values of ~1 and ~2, however, are exactly the same as obtained with daily 

data. 

We thus find that utilizing cross-sectional data leads to more powerful 

tests, leading to a rejection of the null hypothesis of no relation between expected 

returns and ex-ante price volatility. This means that implied volatility may, in fact, 

be a market-timing signal: excess returns increase anywhere from 64 basis points 

to 228 basis points for each 100 b.p. increase in implied volatility depending on the 

A 

27 The reader will observe that values of A obtained for 1991, '92 and '93 in table 3A are lower 
than the value obtained in table 5A. A potential explanation for this is that in the latter table C
STRIPS with duration longer than 11 years have been excluded from the analysis. 
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data period under consideration and the number of data points used in the analysis. 

This may also formalize contrarian thinking -- which is to go long when investors 

are selling and prices are falling -- since implied volatility is generally high in these 

cases. 
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Chapter 3: On the Existence of a Liquidity Premium 

As discussed in chapter 1, researchers have not been able to successfully 

demonstrate the existence of a liquidity premium in long maturity fixed income 

securities. This chapter examines the existence of a liquidity premium using data 

on long maturity Eurodollar futures contracts and C-STRIPS. We define the 

observed liquidity premium in these financial instruments as the difference between 

implied forward/futures interest rates and subsequently realized spot rates, and 

examine the liquidity premium as a function of the time to maturity of the implied 

forward/futures contract. If the liquidity preference theory holds, we expect to 

find a liquidity premium that increases monotonically with time to maturity. 

The chapter consists of five sections. Section II uses Fama's (1984a) 

methodology to compare and contrast the ability of Eurodollar futures rates and C

STRIPS implied forward rates to predict future spot rates. The liquidity premium 

is determined conditional on the information available at time t. Section III 

proposes a new methodology to estimate the liquidity premium in 3-month and 

synthetic 1-year Eurodollar futures. The proposed methodology is an 

unconditional variant of that employed in chapter 2. Section IV discusses 

problems associated with the use of Eurodollar futures, while Section V estimates 

the unconditional liquidity premium in 3-month and I-year C-STRIPS implied 

forwards to get around these problems. 
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II. Futures and Implied Forward Rates as Predictors of Future 

Spot Rates 

We first examine the ability of Eurodollar futures rates and C-STRIPS' 

implied forward rates to predict future spot rates using the methodology suggested 

by Fama (1984a). We define 

rt = spot rate for the quarter from t to t+3 months (observed at t). 

Ft('t-3) = forward rate for the quarter from t+'t-3 to t+'t months (observed at t). 

ft+ 't-3 = spot rate for the quarter from t+'t-3 to t+'t months (observed at t+'t-3). 

The regression we consider is 

(1) 

As suggested by Fama (1984a), the regression estimate P1 tells us whether 

the current forward-spot differential, (Ft ( 't- 3) - rt), has power as a predictor of 

the future change in the one-quarter spot rate (rt+'t-3 - rt ).28 Under the pure 

expectations hypothesis, Pi is 1.0. Conversely, when the variation in the forward 

rate is due entirely to the expected liquidity premium, P1 is 0.0. Note also that (1 

- P1) would be the coefficient obtained if the forward-spot differential 

(Ft ('t -3) - rt) were used as an explanatory variable for the overall observed 

28 Since the spot rate is mean non-stationary, we work with changes in the spot rate rather than 
the spot rate itself. 
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premium (Ft ('t- 3) - rt+'t-3). Thus, a ~1 significantly less than LO would mean 

that implied forwards have the ability to predict the overall liquidity premium, 

which is non-zero. 

If there does exist a liquidity premium in fixed-income instruments, and this 

liquidity premium increases monotonically with maturity, then it should be easier to 

establish its existence in longer maturity fixed-income instruments. In this regard, 

Eurodollar futures contracts, which are written on the 3-month London Interbank 

Offer Rate (LIBOR), have the advantage of long maturities and heavy trading 

volume, especially in the short-maturity contracts.29 We therefore consider those 

Eurodollar futures contracts that have already matured. 30 Daily closing prices on 

40 Eurodollar futures contracts are provided by Merrill Lynch & Co. for the 

period March 16, 1983 to December 13, 1993. The 40 contracts mature in March, 

June, September and December of 1984 through 1993. Note that long maturity 

Eurodollar futures were not traded until the late 1980s. Thus, the number of 

contracts traded increases monotonically from 1983 through 1993. However, 

since we examine only contracts that have matured, the number of contracts on 

which data can be utilized increases at first (as the number of contracts traded 

increases) but later decreases (as the number of contracts under consideration 

mature). Table 3.1 gives the number of contracts on select dates on which data is 

available. 

29 Today, the longest maturity Eurodollar futures go all the way out to 10 years. The trading 
volume in Eurodollar futures contracts goes down rapidly as the maturity of the contract 
increases. For example, on Wednesday, April 12, 1995 the Wall Street Journal quoted the open 
interest in the June 1995, June 2000, and March 2005 contracts to be 522,614, 7,517 and 200 
respectively. 

30 Only matured contracts can be considered since the price of the futures contracts at maturity is 
required to compute the term premium. For unexpired futures, this price is unknown. 
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We first run regression (1) on Eurodollar futures for the data period March 

16, 1983 through December 13, 1993, for t = {6, 9, 12, 15, 18, 24 and 36 

months}, results of which are presented in Table 3.2A. 31 Standard residual 

diagnostics indicate the absence of effects such as heteroscedasticity and 

autocorrelation, which may bias the significance levels of the coefficients; hence 

we make use of OLS here. Since data is available on 40 Eurodollar futures 

contracts, the number of data points available for a given regression decreases 

monotonically from 39 to 16 with increasing t; the R2 in the regressions is rather 

low and ranges from 0% for t=12 months to 65% for t=36 months. 

Two results stand out in the regressions. The intercept is always negative 

and significant, while the slope coefficient is insignificantly different from zero 

except when t=36 months. The significance of the negative slope coefficient 

implies that with a flat term structure, when the spot and forward rates are equal, 

the future spot rate will, on average, be lower than the current spot rate. The 

result, in all probability, obtains because the data period under consideration is one 

of generally declining interest rates. The general lack of significance of the slope 

coefficient suggests that the forward rate has no power as a predictor of the future 

spot rate. In other words, the variation in the forward rate is due entirely to the 

expected liquidity premium. However, for t=36 months the slope coefficient is 

significantly greater than 1.0. Such a result is hard to interpret since it implies that 

the future spot rate will, on average, be higher than the forward rate, implying a 

negative liquidity premium in the market. 

31 Beyond 't=36 months the nwnber of data points is too small for the results to be interpreted 
meaningfully. 
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We next run regression (1) on the spot yield cUIVe of risk-free U.S. 

government obligations for 't = {6, 9, 12, 15, 18, 24, 36, 48, 60 months}. To get 

the term structure of spot rates, we need yield data on default free U.S. 

Government bonds. However it is well known that prices (and hence rates of 

return) of fixed income securities are influenced by factors other than just the 

magnitude and timing of their cash flows. Factors such as liquidity, tax timing and 

tax clientele effects induce non-cash values in bonds [see, for example, Schaefer 

(1982), Amihud and Mendelson (1986), Beim (1993), and Ronn and Shin (1993)]. 

Such factors need to be eliminated as far as possible to avoid the confounding of 

our results. 

In this regard, use of STRIPS, rather than coupon-bearing Government 

bonds, largely mitigates extraneous effects related to non-cash values in bonds. 

The STRIPS market is more homogeneous than the market for other Government 

bonds, leading to fewer differences in liquidity of one STRIPS from another. 

Moreover, STRIPS are a tax-disadvantaged security due to the original issue 

discount (OID) feature of their taxation. Taxes are payable on the accrued interest 

portion of the STRIPS on a yearly basis, even though the investor receives no 

interest payment until maturity. The investor, therefore, has a net cash outflow 

every year until the STRIPS matures, making it a relatively unattractive investment 

for taxable accounts. This implies that STRIPS are likely to be rationally held only 

by tax-exempt investors, thereby precluding any tax timing and tax clientele 

effects. 

Daily data on closing bid-prices of all U.S. Government STRIPS was 

provided by Merrill Lynch & Co. for the period April 3, 1985 through January 13, 

1994. On any given day, the number of Coupon-STRIPS (C-STRIPS) on which 

data is available ranges from 112 to 121, with the mode being 119. Any two 

46 



adjacent STRIPS have a maturity difference of three months. 32 Since the future 

realized spot rates need to be known in order to calculate the liquidity premium, 

we consider only those C-STRIPS that have a maximum of three months to 

maturity on January 13, 1994. 

The results of the regression are presented in Table 3.2B. To avoid 

overlapping data, we consider only those quotation dates that fall on (or closest to) 

the maturity date of a C-STRIPS.33 Since the maturity difference between 

adjacent-maturity C-STRIPS is 3 months, the number of non-overlapping 

observations decreases from 32 to 15 as t increases from 6 to 60 months.34 

Standard residual diagnostics again indicate the absence of heteroscedasticity and 

autocorrelation. The OLS R2 varies from 1.3% for t=15 to 53% for t=48 months. 

The intercept is negative and significant in seven of the nine cases. Again, the 

significance of the intercept implies that even with a flat term structure (when the 

forward rate equals the current spot rate), the subsequently realized spot rate will, 

on average, be slightly lower than the current spot rate. 

The slope coefficient is positive in all, and significantly different from 0 in 

seven, of the nine cases. This suggests that the forward-spot differential indeed 

32 Principal S1RIPS (P-S1RIPS) have been excluded from our analysis since they have 
potentially significant non-cash values. When a Treasury Bond is stripped, its coupons maturing 
on a specific date become indistinguishable from all like-dated coupons from other Treasury 
Bonds and carry the same Cusip number. On the other hand, each P-S1RIPS is assigned a 
unique Cusip number; hence P-S1RIPS are not fungible with C-S1RIPS. This implies that when 
a bond needs to be reconstituted the investor must accumulate all the C-S1RIPS and the 
unique P-S1RIPS for that bond. This leads to potentially significant non-cash values for P
S1RIPS. 

33 C-S1RIPS mature on the 15th of the following months: February, May, August and 
November. 

34 Since our regression consists of only one independent variable, we feel that the number of data 
points available is large enough to draw conclusions from. 
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has power to predict the subsequently realized spot rate, and that variation in the 

forward rate is not entirely due to the expected liquidity premium. The two cases 

where ~1 is insignificantly different from zero suggest that the entire difference 

between the forward and current spot rate is attributable to the expected liquidity 

premium. Note that in two of the nine cases, ~ 1 is actually greater than 1.0, again 

implying a negative liquidity premium in the market. 

Our results suggest that the relationship between (rt+'t-3 - rt) and 

(Ft ('t- 3) - rt) is insignificant for Eurodollar futures, for the most part. This 

lack of a statistically significant relationship may stem from the fact that Eurodollar 

futures have characteristics which make the futures rate different from the implied 

forward rate, even ignoring the mark-to-market feature of the contract. A 

discussion of these considerations is deferred until section IV of this chapter. 

Although the above relationship is, on average, significantly positive for C

STRIPS, it is hard to draw conclusions about the existence of a monotonically 

increasing liquidity premium from them. This is because the slope coefficient 

varies significantly with changing 't and is in fact greater than 1.0 for some values 

of 't. Note however that the results for C-STRIPS are similar to those of Faina 

(l 984a), who finds that generally positive slope coefficients are balanced by 

generally negative intercepts and that the variation through time in (rt+'t-3 - ft) 

is captured by (Ft ( 't - 3) - rt) . Given the different results obtained for 

Eurodollar futures versus C-STRIPS, we propose a new methodology in the next 

section to estimate the liquidity premium in the term structure of interest rates. 
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III. Porposed Methodology for Estimation of Liquidity premium 

in Eurodollar Futures 

In chapter 2 we demonstrated that if the short rate of interest follows a one 

factor Ito process, then the following relationship holds: 

(2) 

where Rt('t) and rt-1 are the (continuously compounded) annualized one-period 

returns on an interest rate-dependent security with maturity t and a riskless asset, 

respectively; a and A. are the intercept and the market price of interest rate risk, 

respectively; and crt_1(t) is the price volatility of the security with maturity t at 

time t-1. 

Equation (2) suggests that the observed excess return on an interest rate

dependent security with maturity t is a linear function of its price volatility; that is, 

excess returns are conditional on the risk of the security. Taking unconditional 

expectations, we get 

(3) 

Equation (3) is an unconditional variant of our conditional tests in chapter 2, and 

says that the average excess returns over a period of ti.me on an interest rate

dependent security is a linear function of the average price volatility of the security 

over that period, which in turn is a function of the maturity (t) of the security. 

Thus, observed average excess returns will be a function of the maturity of the 

security. 
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Consider a Eurodollar futures contract, j, with time to maturity of "t years. 

Since Eurodollars are quoted on an add-on yield basis, we may define the liquidity 

premium on the j-th contract "t years before maturity TPj't ' and the average 

liquidity premium "t years before maturity TP't, as 

Liquidity premium on the j-th contract "t years before maturity 

= TPj't = Pjo - Pj't j = 1,. . .,40 

Average Liquidity premium 't years before maturity 

1 J't 
= TP't = - Li (Pjo - Pj't) 

J 't j=l "t = O,. . .,T 

where 

"t = time to maturity of futures contract in years. 

Pj"t = Price of contract j, "t years before maturity. 

Pj O = Price of contract j at "t=O, i.e. at maturity. 

"t = O,. .. ,T 

(4) 

It = number of futures contracts "t years before their respective maturities, on 

which data is available. 

As stated before, if the liquidity preference theory holds and there exists a 

liquidity premium in fixed-income securities, then it should increase monotonically 

with years to maturity. This may be demonstrated in the current context by again 

making use of the relationship, discussed in chapter 2, between excess returns and 

price volatility of interest rate-dependent securities. Specifically, we write the 
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observed liquidity premium on the j-th futures contract as the sum of its daily price 

changes. 

't 
L p v - P· t 
I/ j,t-1365 J, 

t=7365 
(5) 

Assuming again that interest rates are generated by a single factor, the expected 

return (over the next day) on a futures contract with a maturity of 't years at time t 

is given by 

where 

rt = overnight riskless rate at time t 

A = market price of interest rate risk, assumed to be independent of r and t. 

crj't = price volatility of futures contract j, with a maturity of 'tat time t. 

Thus, 

(6) 

Variables on the right side of the equation can only take on non-negative values. 

Thus, the expected price change on an interest rate-dependent futures contract 
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cannot be negative. This implies that the swn of the expected price changes 

(which equals the expected liquidity premium) over the life of the contract can 

never decrease in t. Therefore, without making any strong assumptions, we can 

claim that the liquidity premiwn on a futures contract should be a monotonically 

increasing function of its maturity. Moreover, since price volatility is an increasing 

function of duration, hence the price volatility of a futures contract written on a 

longer duration instrument will be higher. 

Note the similarity between the determinants of liquidity premiwn in 

chapter 2 versus 3. In chapter 2, we claimed that liquidity premium on an interest 

rate-dependent security was a linear function of the price volatility of that security; 

in other words, the liquidity premiwn at any given point in time is conditionally 

determined by price volatility. In this chapter we extend the argument to show 

that the liquidity premiwn averaged over time is a monotonically increasing 

function of the time to maturity of an interest rate-dependent security. 

Figures 3. lA and 3. lB plot the average liquidity premiwn in Eurodollar 

futures contracts and the number of observations available, Jt, against years to 

maturity, t. The liquidity premium increases in t from 0% upon maturity to almost 

6% for contracts maturing in 4 years, and seems approximately linear in t. The 

number of observations available decreases with increasing time to maturity for 

reasons discussed earlier. 

The liquidity premiwn seems to be high for any given maturity. For 

example, 3 months before maturity, the average Eurodollar futures contract seems 

to have a liquidity premiwn of approximately 35 basis points. This, however, is 

lower than the liquidity premium obtained by Hess and Kamara (1994) on 3-month 

T-bill implied forward contracts 3 months into the future, who find that the 

difference between implied forwards and subsequently realized spot rate is 68 basis 
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points over the period 1976-91. To examine the liquidity premium per unit time to 

maturity, we run a regression of the liquidity premium against years to maturity. 

The form of the regression is35 

j = 1, ... ,40 't = O, ... ,T (7) 

where P 1 measures the liquidity premium per unit time to maturity, and a should 

theoretically be zero. Since the theoretical value of a is zero, the regression is run 

both with and without the intercept. Also, since there is no reason to believe that 

the liquidity premium is linear in maturity, we run the above regressions with the 

inclusion of a quadratic term. The form of the regression is 

2 
= a + P1 't + P2 't + E j 't j = 1, ... ,40 't = O, ... ,T (8) 

White's (1980) test confirms the presence of heteroscedasticity in the data. 

We therefore use White's (1980) heteroscedasticity consistent covariance matrix to 

estimate the standard errors of the estimates. 36 The results of the regressions are 

presented in Table 3.3A. The number of observations available is 23,805. The R2 

of the unconstrained regressions is in excess of 40%, suggesting that at least 40% 

of the variability in the observed liquidity premium is explained by the time to 

35 A regression of the average term premium against time to maturity gives identical results. We 

do not, however, present those results since the R2 for such regressions is overstated due to the 
averaging process. 

36 We also ran the regressions after explicitly correcting for heteroscedasticity, using an 
exponential form for the heteroscedasticity. Since the results were similar, they are not presented 
here for the sake of brevity. 
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maturity of the futures contract. 37 The intercept is significantly negative, but small. 

A statistically significant value of a. is hard to explain; however, note that the 

values of ~1 and ~2 are relatively unchanged upon constraining a. to be zero. This 

suggests that the effect on the regression of including an intercept is small. Both 

~1 and ~2 are positive, suggesting that the liquidity premium is convex in the time 

to maturity for the data period under consideration. However, upon including the 

quadratic term in the regression, the R2 is unchanged. This suggests that the 

percentage of variability explained by the quadratic term is negligible. Thus, 

liquidity premium, for the most part, is linearly related to time to maturity of the 

futures contract. 

The regressions suggest that the liquidity premium in Eurodollar futures 

during this period was in the neighborhood of 38 basis points for each quarter of 

maturity. To the extent that the intercept can be ignored as being economically 

insignificant, the liquidity premium is strictly positive and approximately linearly 

increasing in the time to maturity of the futures contract. 

We now examine the liquidity premium in Eurodollar futures where the 

underlying instrument has a maturity longer than 3 months. To accomplish this, 

we create synthetic Eurodollar futures contracts with 1-year LIBOR as the 

underlying instrument. This is done as follows. At any point in time, the 1-year 

futures rate is approximated as the geometric average of four adjacent-maturity 3-

month futures rates. The subsequently realized 1-year spot rate is computed the 

same way at the maturity of the first futures contract -- as the geometric average of 

the four adjacent maturity 3-month futures rates. 

37 Note that in regressions where the intercept has been suppressed, R2 does not have the 
conventional -- percentage of variability explained -- interpretation. 
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Figures 3.lC and 3.lD plot the average liquidity premium and the number 

of observations available in these synthetic futures contracts as a function of the 

time to maturity, 't. Table 3.3B presents the results of regressions (7) and (8) 

above run on the synthetic 1-year futures contract. Compared to the 3-month 

contract, the number of observations available has fallen to 15,950 due to the 

averaging process which constrains the time period that may effectively be utilized. 

The R2 of the unconstrained regressions has also declined to just over 38%. The 

a, while statistically significant in both cases, is again economically insignificant. 

The convexity of the liquidity premium in the time to maturity of the futures 

contract is higher for the 1-year versus the 3-month futures. It is also interesting 

to note that, according to the first two regressions, the 1-year Eurodollar futures 

contract has a 4 basis point premium per year of maturity over the 3-month 

contract. This is to be expected since a 1-year contract with the same maturity as 

a 3-month contract has a higher price volatility, and will therefore command a 

slightly higher risk premium. Summing up, the results suggest that during the 

period March 16, 1983 through December 13, 1993, the liquidity premium per 

quarter of maturity for the 3-month versus the 1-year synthetic futures was 

approximately 39 and 40 basis points respectively. 

The next section discusses some of the problems associated with using 

Eurodollar futures contracts to estimate the liquidity premium, and uses C-STRIPS 

to get around some of them. 
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IV. Problems With Estimating the Liquidity premium from 

Eurodollar Futures Prices 

Mark-to-Market Feature of Futures Contracts 

The issue of liquidity premium is best considered by evaluating the liquidity 

premium in forward, rather than futures contracts. Due to its mark-to-market 

feature, a futures contract is akin to a series of forward contracts, each with a 

maturity of one day. Cox, Ingersoll and Ross (1981) use arbitrage arguments to 

show that, with non-stochastic interest rates the two are essentially equivalent and 

the futures price is equal to the forward price. However, when interest rates are 

stochastic the futures price will be less than the forward price if the former is 

negatively correlated with interest rates. 38 

The empirical magnitude of the mark-to-market effect has been the subject 

of some debate in the academic literature. Capozza and Cornell (1979) analyze 

futures and forward prices in the market for Treasury bills, and find that, except 

for very short maturities, forward prices exceed futures prices and that the 

difference increases with time to maturity. Meulbroek (1992) uses Eurodollar data 

to test the Cox, Ingersoll and Ross (1981) propositions. She finds support for the 

propositions since Eurodollars have a high covariance with the riskless rate, which 

enhances the effect of the mark-to-market feature on the price of the futures 

contract. Sundaresan (1991), on the contrary, finds that, for the Eurodollar 

38 An intuitive explanation of this result is as follows. Consider a futures contract on an interest 
rate-sensitive asset, such as a zero-coupon bond. The price of this contract is negatively related 
to the interest rate. Thus, if rates went down, the price on the futures contract would increase; 
and, due to the mark-to-market feature, would result in a positive cash flow to the holder of the 
contract. This positive cash flow would need to be invested at a lower rate, since rates have 
fallen, and vice versa. With a forward contract, there is no marking-to-market. Thus, a futures 
contract will have a lower price than an otherwise identical forward. 
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futures contract, differences due to marking-to-market are small. For Eurodollar 

futures with a maturity of 90-days or less, the differences between futures and 

forward prices fall near or within the bid-ask spread. However, for contracts with 

180-day maturities or more, the differences may be large enough to be outside the 

spread. More recently, Benninga (1994) derives a closed-form expression for the 

differences between forward and futures prices in the framework of a Lucas 

equilibrium model. He finds few meaningful differences between forward and 

futures prices and concludes that the costs of marking-to-market for fixed-income 

securities are negligible. Thus, it is not clear to what extent our results are 

impacted by our use of futures rather than forward prices. 

Settling to Yield Versus Price 

Unlike futures contracts on U.S. Government securities such as T-bills and 

T-bonds which settle to price, Eurodollar futures settle to yield. Sundaresan 

( 1991) shows that this unique settlement feature means that the implied forward 

prices from the LIBOR term structure should differ from the futures price even in 

the absence of marking-to-market. This is because of differences in the timing of 

cash flows. In a Eurodollar futures contract, LIBOR is paid at the time the 

contract matures; the payment is not in arrears. In an implied forward transaction, 

however, the forward rate is earned by holding Eurodollar deposits from the time 

the forward contract matures until the maturity of the deposit itself. Thus, 

payment is effectively delayed by the maturity of the deposit. A key result of the 

paper is that the difference between implied forward prices and futures prices are 

relatively large, even though the mark-to-market feature does not contribute very 

much to this difference. 
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To gain an intuitive understanding of Sundaresan's result, note that it is 

possible to lock in the forward rate (ignoring mark-to-market) by going long a 

futures contract which settles to price. To see this, consider an investor who goes 

long a futures at a price of $90.91. Assume that the futures contract settles to 

price and, for simplicity, the underlying is a discount instrument with a maturity of 

I-year. Then the above futures price corresponds to a forward rate of 10%. If, at 

maturity of the futures contract, the forward rate has changed to (say) 8%, the 

investor is still obligated to pay $90.91 for the underlying instrument. Thus, the 

forward rate of 10% has been locked in by the investor and the rate that the 

investor earns over the life of the underlying instrument is invariant to changes in 

the forward rate. 

With a futures contract that settles to yield, it is not possible to lock in the 

forward rate. Consider the example given above, except now the futures contract 

settles to yield and has cash settlement at expiration. If the forward rate at which 

the contract is initiated is 10%, the price of the futures at initiation is (100 - 10) = 

$90.00. If, at expiration, the forward rate is unchanged at 10%, the investor has 

no cash flow from the futures contract, but may invest $90 at a rate of 10%, for a 

cash inflow of $90 * (1.10) = $99.00 one year later. If, however, the forward rate 

at expiration has dropped to 8%, the price of the futures now is (100 - 8) = $92. 

Thus, the investor has a cash inflow of (92 - 90) = $2. This $2, combined with the 

$90 that the investor wishes to invest, may now be invested at a rate of 8% for a 

cash inflow of $92 * (1.08) = $99.36 one year later. Thus, the yield earned over 

the life of the underlying instrument is (99.36/90) - 1 = 10.4%. This simple 

example shows that the investor will not be able to lock in a forward rate of 10% 

upon initiation of the futures contract. The yield that the investor gets over the life 

of the underlying will depend on the forward rate at the expiration of the contract. 
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Lower forward rates will imply a higher rate of return for the investor and vice 

versa. 

The preceding line of reasoning suggests that, ignoring the mark-to-market 

feature, a futures contract which settles to price should have the same rate as the 

(implied) forward. However, since it is not possible to eliminate interest rate risk 

completely by going long a futures that settles to yield, risk aversion suggests that 

the rate on such a futures contract will be higher than the (implied) forward rate, 

even ignoring the mark-to-market feature. The difference between the two rates 

will depend upon factors such as the volatility of the forward rate. Sundaresan 

( 1991) examines the empirical magnitude of the difference between the Eurodollar 

futures and implied forward price for the 90-day forward 90-day rates. He finds 

that the mean difference is -50 basis points with a standard deviation of 25 basis 

points. Tiris suggests that the Eurodollar futures rates used in estimating the 

liquidity premium in section ill are upward biased estimates of the implied forward 

rate. 

Convexity Drift 

Heath, Jarrow and Morton (1989) show that if the expected (T-h) period forward 

rate h periods into the future equals the current T period forward rate then 

arbitrage opportunities will exist if interest rates are stochastic. Tiris result, which 

holds in a risk-neutral framework, derives because the price-yield relationship for 

discount bonds is non-linear. The intuition behind the result is that if the two rates 

are equal then the expected price of a (T-h) period discount bond h periods in the 

future will not equal its current forward price, thereby leading to arbitrage. Thus, 

in the absence of arbitrage, the expected future spot rate will not equal the current 

forward rate in a risk-neutral world. In fact, to account for convexity of the price-
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yield relationship, the expected future spot rate will be higher than the current 

forward rate such that the expected price of a (T-h) period discount bond h 

periods into the future will equal its current forward price. 39 

A simple example will help clarify the issue. Consider two discount bonds 

maturing in one and two years and trading at continuously compounded annualized 

yields of 5% and 7% respectively. The current forward rate is then calculated as 

(2 * 7 - 5) = 9%, while the current forward price is 100 exp(--0.09) = $91.393. 

Assume that the 1-year spot rate 1-year into the future can take on a value of 15% 

or 3% with equal probability. Thus, the expected future spot rate of 9% equals the 

current forward rate. 

The expected future spot price then is { 0.5 * 100 * exp(--0.15) + 0.5 * 
100 * exp(--0.03) } = $91.558. Since this is greater than the current forward 

price, it implies the existence of arbitrage in a risk-neutral world. Arbitrage could 

be avoided only by introducing a small upward drift (called convexity drift) in the 

forward rate which will, in effect, make the expected future spot price equal to the 

current forward price. The magnitude of this drift is a complex function of the 

volatility of forward rates, as demonstrated by Heath, Jarrow and Morton (1989). 

In our analysis of the liquidity premium in Eurodollar futures, we have 

implicitly assumed that the observed futures rate equals the expected future spot 

rate in a risk-neutral world, which is not strictly true due to convexity drift. 

However, to a first order, it is a good approximation since the expected future spot 

price of a discount bond can be approximated by the inverse of its expected yield if 

volatility of forward rates is low. Since the observed forward rate will be lower 

39 It is easy to see that, in accordance with Jensen's inequality, the price corresponding to the 
expected yield will be lower than the expected price of the discount bond. 
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than the expected future spot rate m a risk-neutral framework, such an 

approximation would bias the magnitude of the observed liquidity premium 

downward. Needless to say, the magnitude of this bias would be of second order 

and would depend on the volatility of forward rates. 

V. Proposed Methodology for Estimation of Liquidity premium 

in U.S. Government Coupon-STRIPS 

As discussed above, the use of Eurodollar futures has several associated 

problems. An alternative method of estimating the liquidity premium is to infer the 

implied forward rates at any given point in time from the term structure. The 

forward rates may then be compared with future realized spot rates to get an 

estimate of the liquidity premium. Because the implied forward rate may be locked 

in today by buying a long maturity zero-coupon bond while simultaneously selling 

a shorter maturity one, the problems of mark-to-market and settling-to-yield will 

no longer exist. 

Figures 3.2A and 3.2B plot, respectively, the average liquidity premium 

and number of observations available on 3-month implied forward contracts in C

STRIPS as a function of time to maturity of the contract for the data period April 

3, 1985 through January 13, 1994. Oearly, the liquidity premium is increasing and 

the number of observations decreasing in the time to maturity. Results of the 

regression between liquidity premium and time to maturity are presented in Table 

3.4A. The number of observations available is 38,218, while the R2 for the 

unconstrained regressions is in excess of 45% suggesting that a substantial part of 

the variability in the liquidity premium is explained by the time to maturity of the 

implied forwards. In contrast to our regressions on Eurodollar futures, the 

intercept here is positive and both, statistically and economically, significant. Such 
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a result is difficult to explain since it implies that a 3-month implied forward 

contract which is set to expire in the next instant will have a liquidity premium of 

between 67 and 80 basis points. Since this would lead to arbitrage between the 

cash and futures markets, we focus only on the two regressions where the 

intercept has been constrained to zero. These regressions suggest a liquidity 

premium of approximately 24 basis points for each quarter of maturity remaining, 

far lower than the 39 basis points obtained for 3-month Eurodollar futures 

contracts. 40 Also, in contrast to Eurodollar futures, the liquidity premium in C

STRIPS implied forwards is concave in the time to maturity, a result that is more 

intuitive since one would expect the liquidity premium to level out at very high 

time to maturity. 

As with Eurodollar futures contracts, the above analysis is also done on 1-

year implied forwards, results of which are presented in figures 3.2C and 3.20, and 

Table 3.4B. The number of observations on which data is available is 38,248, 

while the R2 for the unconstrained regressions is in excess of 47%. Again, the 

intercept is positive and statistically/economically significant, which implies that 

constraining the intercept to zero is important in these regressions. A surprising 

result which obtains is that the liquidity premium per year of maturity is actually 

lower for the I-year implied forward than the 3-month forward by approximately 8 

basis points. One would have expected that the 1-year implied forward, given its 

higher price volatility, would have had a higher liquidity premium per unit time to 

maturity. As with the 3-month contract, the liquidity premium for the I-year 

contract is a concave function of time to maturity. In sum, the liquidity premium 

40 Again, a regression of the average term premiwn against time to maturity gives identical 

results. As before, we do not present those results since the R2 for such regressions is overstated 
due to the averaging process. 
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per quarter of maturity seems to be in the neighborhood of 22 basis points; again, 

far lower than the 40 basis points obtained for Eurodollars. 

Thus, we see that there indeed exists a positive (unconditional) liquidity 

premium in the term structure of interest rates for Eurodollars and C-STRIPS. 

This liquidity premium is a monotonically increasing function of time to maturity of 

the fixed-income security. We also find that, to interpret results in a meaningful 

way, constraining the intercept to zero may be important, depending on the 

security under consideration. 
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Chapter 4: Liquidity as a Function of the Firm's Financial 

Condition 

In this chapter we seek to address the other perspective on liquidity, viz. 

the ability to convert an asset into cash easily and with little or no loss in value. 

We hypothesize that specialists of firms with a higher probability of being delisted 

will increase the bid-ask spread on the stock to price protect themselves against 

the decreased expected cash flows from the stock. This will result in a decrease in 

security liquidity for the stock, which, in turn, will lead to decreased shareholder 

wealth. 

The chapter consists of five sections. Section II examines the cash flows to 

the specialist in light of the NYSE delisting criteria and stock allocation 

procedures. After establishing the significance of a delisting to the specialist, it 

goes on to argue that the probability of a delisting is a function of the firm's 

financial condition. It then develops the SPPH. A description of the data and our 

empirical tests are contained in Section III. Section IV examines the link between 

the firm's financial condition and shareholder wealth. The final section contains 

concluding comments. 

II. Delisting Probability, Financial Condition and the Specialist's 

Price-Protection Mechanism. 

A. Delisting probability and the value of the specialist's franchise 

An important feature of publicly traded stock is its relative liquidity. That 

is, the stock can easily be sold for cash or purchased at low cost. The specialist 
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provides such liquidity services to the market, obtaining revenues from 

transactions involving both buying and selling of the equity shares. The relevant 

cash flows to the firm's owners are net of the transactions costs paid to the 

specialist and hence the value of the equity is directly related to the security's 

liquidity as measured by the bid-ask spread ( s) on the stock. 

The value of the specialist's franchise with the stock exchange depends on 

the expected cash flows from the stocks in which he makes a market. Although 

specialists derive many potential benefits from the franchise [e.g., access to limit 

order book, information from the floor, electronic order system order flow and 

related brokerage etc., see Harris (1990)] the bid-ask spread is a primary source of 

trading profits [Hasbrouck and Sofianos (1993)]. Thus, the spread is an important 

determinant of the value of the specialist's franchise. 

Delisting imposes significant costs to the specialist Since his income from 

the bid-ask spread disappears when the stock stops trading, the possibility of a halt 

in trading is of concern to the specialist. Trading can be halted either temporarily 

(due to a suspension) or due to a delisting. Delistings are usually involuntary -

Sanger and Peterson ( 1990) report that of 520 delistings they examine, none were 

voluntary. Moreover, the NYSE Rule 500 prevents a company from delisting 

from the exchange without the approval of shareholders. Two-thirds of the 

shareholders must approve an NYSE delisting and as few as ten percent voting 

against it can block a move off the exchange.41 A specialist who loses a stock 

41 See "Little-known NYSE Delisting Rule may be target in Market 2000," InvesbDent Dealers' 
Digest, p.8., August 17, 1992. 
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because of a delisting can apply to the exchange to trade in a new stock, but there 

is little guarantee that he will, in fact, receive a new allocation. 42 

On the NYSE, the decision on whether to issue a replacement stock is 

made by the Special Allocation Committee. The Allocation Committee relies, in 

part, on the Specialists' Performance Evaluation Questionnaire (SPEQ) which is a 

survey filled out by floor brokers. Historically, the NYSE allotted 25% 

importance to the SPEQ ratings, 25% to "other areas of general performance" and 

50% to "the professional judgment of the Special Allocation Committee." There is 

extensive ongoing discussion on whether the SPEQ-based rankings of specialists 

has any relation to actual specialist performance. Currently, the exact procedures 

for making the replacement decision are unclear and have been criticized for being 

arbitrary and for being influenced by floor broker collusion.43 In November 1993, 

in response to mounting criticism, the NYSE announced that it would change this 

weighting scheme. 44 Nevertheless, discussion about the continuing arbitrariness of 

the allocation decision continues. 

Considering the fact that the specialist does not have any reasonable 

assurance of receiving a replacement stock, the delisting of "his" stock is a 

significant loss to him. Indeed, it is widely recognized that "giving up a stock is 

42 A specialist may also lose a stock as a result of "poor trading practices" or because of a 
merger/takeover. Our reasoning suggests therefore that the stocks of takeover targets should 
command a higher spread. This is a separate research hypothesis and we do not have the 
necessary (time series) data to test this conjecture. 

43 See, for example, Niamh Ring, "Robb Peck tops NYSE SPEQ Ranking: Collusion Issue 
Resurfaces," Wall Street Letter, 1993, Vol.XXV, no. 43, pg.1, Institutional Investor, Inc. For 
other problems with the allocation procedures see, for example, "NYSE's Domijan Criticized in 
U.S. Health care Flap: SPEQ revamp on way," Securities Week, September 23, 1991. 

44 For some details on the new specialist ranking procedures, see N.Ring, "Despite New System, 
NYSE Specialists still ranked," Wall Street Letter, February 7, 1994. 
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punishment and an economic hardship. "45 Thus, the higher the probability of a 

delisting, the lower is the value of the specialist's franchise. 

B. The Firm's Financial Condition and Delisting Probability 

Although the exchange will not reveal the exact procedure that enters a 

delisting review, the finn's financial health is the NYSE's primary concern in 

delisting a stock. The delisting criteria in the NYSE Constitution (1993) are based 

on different aspects of the firm's financial condition. For example, paragraph 2565 

Section 802.00 (rules governing suspension and delisting of securities) of the 

NYSE Constitution and Rules lists, among others, the following criteria: 

"i) a reduction in operating assets and/or scope of operations, ii) 

an intent to file under any of the sections of the bankruptcy law has 

been announced, iii) liquidation has been authorized, iv) 

agreements are violated, v) interest coverage of debt securities is 

inadequate, vi) unsatisfactory financial conditions and/or 

operating results, vii) inability to meet current debt obligations or 

to adequately finance operations, and viii) abnormally low selling 

price or volume of trading." 

Thus, the probability of suspension/delisting increases with the exchange's view of 

the firm's declining financial health. 

Merjos (1963) finds that 47 of 58 stocks delisted in 1961-62 were those of 

underperforming firms. In 1993, 65 stocks on the NYSE were delisted 

involuntarily. Our telephone conversations with NYSE officials revealed that 31 

45 See "NYSE Mulls Instituting New Rules for Specialist Allocations," Securities Week, March 
14' 1988. 
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of these delistings were due to poor financial performance and 34 due to mergers. 

Considering the evidence that targets of takeovers are usually poorly-performing 

firms [e.g., Lang, Stulz and Walking (1989)] it appears that delistings (of target 

firms) due to mergers and takeovers are likely to be associated with poor financial 

condition. 

The preceding line of reasoning suggests that the probability of a delisting 

is higher, and hence the specialist's expected cash flows lower, for firms with poor 

financial performance. It is important to recognize that it is not the actual delisting 

event but the probability of delisting that affects the expected cash flows to the 

specialist It would be incorrect to assume that the specialist is not concerned 

about the threat of delisting because the number of delistings is relatively small 

(about 3% of all stocks on the NYSE in 1993). This three percent is more 

appropriately interpreted as the marginal (unconditional) probability of a delisting. 

The conditional probability of a delisting given that the firm is in poor financial 

condition will be much higher. 46 

To identify whether the probability of delisting is, in fact, significantly 

related to the firm's financial condition, we examine all firms delisted from the 

NYSE and AMEX during 1991. Following many recent studies we employ the 

firm's Tobin's Q ratio as a "stock" measure of financial condition. The idea is that 

a financially healthy firm will have economic rents and hence a Tobin's Qin excess 

of unity. We calculate the Tobin's Q ratio from Compustat data as the book value 

of debt plus the market value of equity divided by the book value of total assets. 

46 One may argue, incorrectly, that the conditional probability of a delisting may itself be low and 
hence the specialist will be unconcerned about delisting probability. This would be akin to the 
suggestion that because very few finns on the NYSE are bankrupt in any year, there should not 
be any significant yield differences among the various debt rating classes. 
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An examination of delistings in 1991 shows that they all occurred after 

March. Of the 73 firms delisted from both exchanges, we were able to obtain 

information about Tobin's Q on 67. Tobin's Q values calculated at the end of the 

first quarter for these companies had a mean of 0.887, a median of 0.613 with a 

standard deviation of 0.97. This is in sharp contrast to the Q values in our overall 

March 1991 sample which has a mean of 1.57, a median of 1.20 and a standard 

deviation of 1.42. An equality of the means test for the two groups of firms is 

rejected strongly (t statistic =3.88). Thus, the delisted firms are in poorer financial 

condition than the average finn. We therefore conclude that the probability of 

delisting (p) is a function of the firm's financial condition ( c ), that is, p=p( c ). 

C. The "Specialist's Price-Protection Hypothesis (SPPH)" 

To the extent that a finn's financial condition determines the probability of 

its delisting, the specialist's expected cash flows from the bid-ask spread on poorly 

perfonning firms is lower. We hypothesize that the specialist will therefore 

increase the (posted) spread on such stocks to "price-protect" himself. Thus, the 

firms' financial condition affects the liquidity of its shares in the marketplace. Note 

that the SPPH does not require that the specialist foresee a delisting; all it requires 

is that he be able to assess, subjectively, the delisting probability associated with 

different firms. 

The SPPH implicitly assumes that the percentage of trading volume taking 

place at the posted spread is unaffected by the size of the posted spread. This 

assumption is necessary to ensure that the specialist's expected income increases 

with increasing posted spreads. The assumption can be rationalized on the 
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grounds that the specialist plays an increasingly important role in making markets 

in stocks of firms in poor financial condition. 47 

The hypothesis that the specialist's price-protection is through the spread is 

appealing in light of some recent evidence. Garman ( 197 6) has long argued that 

without price-protection through active inventory management, specialists would 

face certain ruin. However, Hasbrouck and Sofianos (1993) find that specialists 

do not "go home flat" and that their inventory levels display persistence over time. 

Madhavan and Sofianos (1994) find that specialists do not actively manage 

inventory risk. The SPPH provides an alternative explanation - specialists price

protect themselves by actively adjusting the posted bid-ask spread on the stock. 

Madhavan and Sofianos (1994) find that, subject to the rules of the 

exchange, NYSE specialists are selective when they trade in the stocks. That is, 

they sometimes choose not to participate in a trade and instead, allow their 

competitors to provide the needed liquidity. The SPPH rationalizes this empirical 

observation. Under the SPPH, it is uneconomical for the specialist to trade at less 

than the posted bid-ask spread. Whether or not he participates in a trade will 

ultimately depend on the relationship between the posted spread (that he sets) and 

the effective spread (that is set by market competition). 

III. Data and Empirical Tests 

In this section we test the SPPH using data on stocks traded on the NYSE 

and AMEX. Drawing on data from three different databases we examine whether 

47 This assumption is weaker than that made by earlier studies of the determinants of spread. In 
suggesting that the dealer/specialist raises the spread with increases in, say, the price volatility of 
the stock, the earlier studies assume that the specialist is effectively a monopolist who faces no 
outside competition. This is the mechanism by which they ensure that the specialist's revenues 
increase with increases in the spread. 
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the firm's financial condition can explain observed percentage bid-ask spreads. We 

do this in two stages. We first regress bid-ask spreads against variables identified 

in the earlier literature as having an effect on spreads. This is an important part of 

our empirical tests because, in the second stage, we examine whether proxies for 

the firm's financial condition significantly explain the bid-ask spread after 

controlling for these key variables. 

A. Replication of earlier studies with new data 

Earlier studies on the determinants of percentage bid-ask spreads [e.g., 

Tinic and West (1972), Benston and Hagerman (1974), and Stoll (1978)] find that 

the spread is influenced by several factors such as trading volume, variance of 

stock returns and stock price. To meaningfully examine the implications of the 

firm's financial condition on the bid-ask spread, we control for these variables. We 

also control for the adverse selection component [e.g., Glosten and Milgrom 

(1985)] of the total risk faced by the specialist. Finally, there has been a growing 

awareness in the recent finance literature of the importance of institutional 

differences in determining the behavior of securities. Accordingly, we control for 

the exchange on which the securities are traded. 

A.1. Data Sources 

Proprietary monthly data on percentage bid ask spreads (%BIA), trading 

volume (VOL), price (PRC) and exchange listing was provided to us by Fidelity 

Investments of Boston, Massachusetts. %BIA for each month is calculated by 

Fidelity as the average of six readings of ($Spread/Price)x100 taken hourly each 

day for the entire month. PRC represents the closing price at the end of the 

month. VOL is the 30-day moving average volume. The database contains 
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approximately 2200 NYSE and AMEX-listed stocks for any given month for the 

period February through December 1991. In our subsequent analysis we use 

NYSE and AMEX as dummy variables that take on a value of unity if the stock is 

traded on that exchange, and zero otherwise. 

We obtain information on daily stock returns for each month and the 

number of shares outstanding at the end of each month (SHRS) from the CRSP 

daily returns files. We calculate the variance of daily stock returns for a given 

month (VAR) using these daily returns over that one-month period. Following 

Stoll (1978), we calculate inventory turnover (TURN) as [VOLl(PRC*SHRS)] and 

use TURN as a proxy for the adverse selection risk faced by the specialist 48 

Henceforth, we refer to VOL, VAR, TURN, PRC, NYSE and AMEX as the 

"standard control variables." Table 4.1 presents the mean, median and standard 

deviation of each standard control variable for eleven months (February 1991-

December 1991) of pooled data. We do not provide details of the data by month 

since the characteristics of the variables are virtually identical for each of the 

eleven months under study. 

48 The adverse selection component may not be very important. Recent research by George, Kaul 
and Nimelandran (1991) finds that this component of the bid-ask spread is much smaller than 
generally believed. 
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A.2. Regression with standard control variables 

We first run a pooled Ordinary Least Squares (OLS) regression using our 

entire sample. Since a pooled regression constrains the slope coefficient for each 

variable to be the same over the entire time of study, we also conduct monthly 

cross-sectional regressions to allow for time-varying slope coefficients. Our 

regression has the following form: 

%B/ A= a +bi VOL+ bi VAR+b3 1URN +b4 PRC +bsAMEX+e (1) 

where all of the variables have been defined earlier. The bid-ask spread literature 

typically employs log-log regression models. However, since we use dummy 

variables, we cannot run a complete log-log regression. We employ the above 

regression because the use of logarithms of only the continuous variables would 

lead to an ad-hoc specification.49 

From results of earlier research we expect b1 and b4 in equation (1) to 

be negative, and b2 and b3 to be positive. As set up, the regression views the 

NYSE listed stocks as the reference set. Therefore, a positive and significant value 

for b5 would imply that AMEX listed stocks command a higher percentage spread 

than NYSE stocks after controlling for the other factors. A visual examination of 

the residual plots for the regression in equation (1) reveals the presence of 

heteroscedasticity. To confinn this, we perform White's test [1980] for 

heteroscedasticity and find that there is considerable heteroscedasticity in the data. 

49 A log-log model would imply a specification of the type 
%Bl A = a VCX.b1 VARb2 TURNb3 PRCb4 eb5 AMEX 

The last exponential term would make the log-log regression ad-hoc. 
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We then explicitly adjust for heteroscedasticity by running Generalized Least 

Squares (GLS) regressions and report only the results of the GLS regressions.so 

The results of the pooled and the monthly cross-sectional GLS regressions 

are presented in Table 4.2. Although we begin with 2200 stocks, we lose some 

stocks in merging the Fidelity database with the variables calculated from CRSP 

since information for all stocks is not available on CRSP. On average, we have in 

excess of 2100 stocks for which data are available on all the required variables for 

our regression. 

All GLS regressions in Table 4.2 are highly significant at a probability 

value of 0.01 %, and almost all (70 of the 72) coefficients are significant at the 1 % 

level. 5l The only exception is the coefficient for TURN in the pooled and in the 

October regression. The R2 values range from a low of 53.5% to 99.3%. Of 

course, since these are GLS regressions, R2 values do not have the conventional 

("percentage variability explained") interpretation. 

Consistent with our expectations, the coefficients of VOL and PRC are 

negative and significant while those of VAR and TURN are generally positive and 

significant The only exception is the coefficient of TURN in April which is 

50 Our multiplicative model for heteroscedasticity is as follows: 

logcrf =a+b1 VOL+b2 VAR+b3 TURN +b4 PRC+b5 AMEX+b6 VOL2 + 

b1 VAR2 +bg TURN2 +b9 PRC 2 + 

b 1o VOL*VAR+bn VOL*TURN +b12 VOL*PRC+b13 VAR *TURN+ 

b14 VAR *PRC+b15TURN*PRC+e 
The advantages of this specification are discussed in Harvey (1976). In the interest of brevity, we 
do not provide the results for this regression. Suffice it to say that the regression is highly 
significant. 

51 In this and the subsequent pooled regressions the number of data points is extremely large. 
Therefore the probability values associated with these pooled regressions must be interpreted with 
caution. 
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significantly negative. Since b5 is significantly positive, AMEX stocks command a 

higher percentage bid-ask spread than do NYSE stocks after controlling for the 

known determinants of spreads. 

B. Tests of the SPPH with Alternative Proxies for the Firm's 

Financial Condition 

Having established that the bid-ask spreads are influenced by the standard 

control variables, the relevant question is whether the inclusion of variables that 

proxy for the firm's financial condition can significantly explain spreads. Our 

empirical tests investigate the implications of including each of four different 

measures of financial condition in the pooled and monthly cross-sectional 

regressions. The measures of financial condition that we consider are Tobin's Q, 

Standard & Poor's bond ratings associated with a representative class of debt, the 

DeAngelo and DeAngelo (1990) accounting measure of financial performance, and 

the Standard & Poor's stock ranking. 

B.1. Tobin's Q 

Information on Tobin's Q is available from Compustat on a quarterly basis. 

We run a pooled regression using data from all four quarters and then run four 

separate cross-sectional regressions (for the months of March, June, September 

and December) of %BIA against the standard control variables along with Tobin's 

Q. Our regression has the following form: 
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The results of the heteroscedasticity-corrected regressions are presented in 

Table 4.3. All regressions in Table 4.3 are highly significant Almost all 

coefficients are significant and have the expected sign (the only exception being 

VAR in March). In particular, the coefficient for Tobin's Q is consistently negative 

and significant suggesting that lower Tobin's Q adversely affects the percentage 

bid-ask spread. This implies that firms in poorer financial condition (as measured 

by Tobin's Q) have higher associated bid-ask spread on their stock. 

8.2. S&P Bond Ratings Associated with a Representative Cl~ of Debt 

In this segment of our tests we use the firm's default risk as a proxy for its 

financial condition. Default risk is determined by the firm's financial condition 

through myriad factors such as market value of the firm, collateral value of its 

assets, indenture provisions, existence of third party guarantees of debt service, 

potential third party insurance of timely debt service, leased assets, cash flows 

from segregated or trusted assets, security rights in assets and so on. 

The S&P Bond Rating (which we label RTNG) is a comprehensive measure 

of default risk that is based on a specific "Class of Debt" that S&P has determined 

to be the "most representative of the company's creditworthiness" among those 

issues that it has rated.52 Thus, the S&P bond rating is associated with the firm as 

a whole and is indicative of the company's default potential.53 We use RTNG as a 

52 S&P bond ratings were available on the Compustat database for the period of this study. 
Recently, however, Compustat has begun to distinguish between a "senior debt rating" and a 
"subordinated debt rating." 

53 For more information on S&P Bond Ratings and S&P Class of Debt, refer to the 1991 
Compustat manual. 
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measure of the firm's default risk because it reflects a wide array of factors that are 

not recognized by any single accounting measure of default risk. 

As before, we run one pooled and eleven monthly cross-sectional 

regressions with percentage bid-ask spread (%BIA) as the dependent variable and 

dummies for RTNG as the independent variable in conjunction with the control 

variables. Since we use monthly data in our regressions, we use the S&P Bond 

Rating for that quarter for all monthly regressions in that particular quarter.54 We 

use four rating groups, A, B, C and D, to get the maximum differentiation between 

any two groups. 55 Our regression has the following form: 

%Bl A= a+b1 VOL+b2 VAR+ b3TURN+ b4PRC+ bsAMEX+ 

b6 B+ b-,C + b8D + e (3) 

where B, C and D are dummy variables which take on a value of unity when the 

S&P Bond Rating for the finn is B, C, D respectively, zero otherwise. In this 

regression, the S&P Bond Rating of A is the reference set. 

S&P Bond Ratings on approximately 1200 companies are available for 

each quarter from Comp us tat. 56 In merging the Fidelity monthly bid-ask spread 

54 Although S&P Bond Ratings are available quarterly, we run a regression for each month since 
the ratings do not change much from quarter to quarter (and hence from month to month). 
(Running monthly regressions only makes it harder for us to find evidence in support of our 
hypothesis). 
55 We also used a larger number of ratings groups to check whether our results were sensitive to 
the classification used. Specifically, we grouped the ratings as: AAA, AA, A, BBB, BB, B, CCC, 
CC/C (consisting of CC and Crated bonds) and D. The results are, for the most part, essentially 
the same and are not presented here. 

56 It may be argued that finns on which bond rating data is not available are small finns which 
either do not have bonds outstanding or are not large enough to be included on the Compustat. 
To the extent that such firms are riskier than average and have been excluded from the data, 
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sample with Compustat' s Quarterly Ratings sample and the monthly variance of 

returns and shares outstanding sample generated from CRSP, we lose some stocks 

due to incomplete data. Our final pooled sample consists of almost 7 500 data 

points and the monthly cross-sectional regressions contain approximately 650 

companies each. 57 

This sample is analyzed using GLS. Table 4.4 summarizes the results of all 

our regressions. In Table 4.4, 1) All regressions are highly significant with 

probability values equal to 0.01 %, 2) The R2 values range from a low of 80.8% to 

a high of 96.1 %, 3) Out of the 108 coefficients in Table 4.4, 106 are significant at 

the 5% level and 98 are significant at the 1 % level. 4) There is an "exchange 

listing effect" on the percentage spread. On average, AMEX-listed securities have 

higher percentage spreads than stocks listed on the NYSE. 5) As the debt rating 

deteriorates from A to D (all else held constant) the percentage spread increases 

monotonically in all twelve regressions. This result is consistent with the 

implication of the SPPH: as financial condition worsens, the percentage bid-ask 

spread increases. 

B.3. An Accounting Measure of Financial Performance 

We now employ the DeAngelo & DeAngelo (1990) measure of financial 

performance in our regression. "High performance" firms are defined as having 5 

years of positive income and pre-tax operating income. Firms with three years of 

negative net income or negative pre-tax operating income during the five years 

there is a bias against finding a relationship between financial condition and spreads. From this 
viewpoint, the results presented in this sub-section are stronger than have been presented here. 

57 In any given month there are, on average, 298 bonds that are A-rated, 330 B-rated, 32 C-rated 
and 19 D-rated. 
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preceding the proxy year are defined as firms with "low operating performance. "58 

Firms that do not fall in either category are classified as "medium performance" 

firms.59 We run one pooled and eleven monthly regressions of %BIA spread 

against the standard control variables and two dummy variables as defined below: 

HiPelf = dummy variable that takes on a value of unity for high performance 

firms and zero otherwise 

LoPelf = dummy variable that takes on a value of unity for low performance 

firms and zero otherwise 

Thus, our regressions, which view "medium performance" as the reference set, are 

set up as: 

%Bl A= a+b1 VOL+b2 VAR+ b3TURN+ b4PRC+ bsAMEX+ 

b6 HiPerf + ~ LoPerf + e (4) 

The results of the heteroscedasticity-corrected regressions are contained in Table 

4.5. All regressions in Table 4.5 are highly significant. The signs of the 

coefficients are as expected and, with the exception of TURN in April and May, 

are significant at the 1 % level. In particular, the coefficient for HiPelf is 

58 Negative net income occurs when Compustat Item 18 (income before extraordinary items and 
discontinued operations) plus Item 48 (extraordinary items and discontinued operations) is less 
than zero. Negative pre-tax operating income exists when Item 13 (operating income before 
depreciation) minus item 14 (depreciation expense) is less than zero. 

59 In any given month, there are, on average, 854 high, 760 medium and 277 low performance 
firms. 
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significantly negative implying that high performance firms have a lower %BIA 

with respect to medium performance firms. Conversely, the coefficient for LoPerf 

is significantly positive, suggesting that low performance firms require a higher 

%BIA than firms with medium operating performance. The results in Table 4.5 are 

strongly supportive of the SPPH. 

8.4. S&P Common Stock Ranking as a Measure of Financial Condition 

The S&P Common Stock Ranking (RANK) is another (more 

comprehensive) measure of historical performance and is "an appraisal of past 

performance of a stock's earnings and dividends and the stock's relative standing 

as of a company's current fiscal quarter end. Growth and stability of earnings 

and dividends are key elements in establishing S&P' s earnings and dividends 

rankings for common stocks." 60 S&P ranks the stocks using the following 

classification: A+, A, A-, B+, B, B-, C, and D. 

We use RANK as a measure of the firm's financial condition. Stocks with a 

high RANK are "better performing" than those with a low RANK. Since the 

number of C and D ranked firms is small, we combine them into one category 

labeled "CJD."61 The regression equation is: 

60 Source: Compustat Manual, Section 8-B, page 27. Standard and Poor's uses a computerized 
scoring system to compute basic scores for earnings and dividends, then adjusts the scores by a 
set of predetermined modifiers for growth, stability within long-term trend, and cyclicality. 
Adjusted scores for earnings and dividends are combined to yield a final score. The final score 
for each stock is measured against a scoring matrix determined by analyzing the scores of a large 
representative sample of stocks. 

61 In any given month, there are, on average, 80 A+, 139 A, 154 A-, 246 B+, 283 B, 307 B- and 
216 "CID" stocks. 
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%Bf A=a+b1 VOL+b2 VAR+ b3TURN+ b4PRC+ bsAMEX+ 

b6 A+ b1A- + bg B+ + b9B+ b10 B- + b11 "C/ D"+e (5) 

The details of the heteroscedasticity-corrected regressions are presented in Table 

4.6. We again find evidence for our hypothesis that the bid-ask increases with 

declining financial performance as proxied by stock rankings. The pooled 

regression in Table 4.6 has in excess of 15,600 data points and is highly significant. 

All of the monthly regressions use over 1,300 data points and are highly 

significant. The coefficients for all of the standard control variables have the 

expected signs and, with the exception of TURN in October, are significant at the 

1 % level. The coefficients for the dummy variables A and A- are consistently 

insignificant at the 1 % level, implying that these stocks are virtually 

indistinguishable from A+ rated stocks in terms of their effect on %BIA. However, 

the results change when we examine the stocks of firms with lower performance. 

Out of the 48 coefficients for the B+, B, B- and the CID dummies, all but four (of 

the B+ dummy variables) are significant at the 1 % level. Moreover, the 

coefficients increase monotonically as we go from B+ to C/D. Thus, to the extent 

that RANK proxies for financial performance, we conclude again that the %BIA 

increases with declining firm performance. 
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IV. A Conceptual Framework Linking the Firm's Financial 

Condition and Shareholder Wealth 

From the SPPH, the posted spread on the stock is a function of the 

probability of delisting, i.e., s=s(p). Moreover, as seen earlier, the delisting 

probability depends on the firm's financial condition, i.e.,p=p(c). Taken together, 

the posted spread is a function of the firm's financial condition, i.e., s=s(c). The 

relationship between the firm's financial condition, security liquidity and stock 

prices can now be examined as follows. 

Consider the valuation of a stock in a single-period world with transactions 

costs. Assume that the investor trades at the specialist's posted bid-ask spread. 

Then, the time t = 0 stock value, S0 , is the expected net (of transactions costs) 

cash flow to the stockholders at t = 1 , discounted at the appropriate opportunity 

cost, k. In buying the stock at t = 0 and selling it at t = 1 the investor incurs the 

bid-ask spread [s(c)] on the stock. Assume that the stock's "true" value is midway 

between the bid-ask spread and that the expected cash flow at time t = 1 is 

E(C1). Then, the t = O stock price must satisfy: 

(6) 

Rearranging, the stock price S0 is: 

- 1 
E(~)- - (2 +k) s(c) 

s = 2 
0 l+k 

(7) 
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Equation (7) offers a convenient framework for examining the various 

linkages between the firm's financial condition, the posted bid-ask spread and 

shareholder wealth. First, with poor financial condition, there is the obvious direct 

adverse effect of decreased expectation of future cash flows, E(Ci). Second, poor 

financial condition increases the probability of financial distress and, to the extent 

that distress is costly, this has the indirect effect of lowering expected cash flows 

even further. Third, Fama et.al.'s (1993) three-factor model suggests that the 

discount rate, k, increases with increasing default risk, lowering stock prices. 

Our analysis in this chapter establishes yet another link between the finn's 

financial condition and shareholder wealth. The simple model above [equation (7)] 

suggests that, ceteris paribus, firms in poorer financial condition have higher 

posted spreads, s( c ), and hence lower shareholder wealth. Of course, the extent to 

which posted spreads affect shareholder wealth depends on the proportion of 

trading volume that takes place at the posted, rather than the effective, spreads. 
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Chapter 5: Conclusion 

In this dissertation we examine the role of liquidity in financial markets 

from two different perspectives. The first is the "liquidity preference" perspective 

wherein investors prefer to invest in short rather than long-maturity fixed-income 

instruments in order to preserve the liquidity of their investments. The second is 

the "bid-ask spread" perspective whereby the liquidity of an investment is defined 

as the ease with which an investor can take a position in that investment, at little or 

no cost. 

In chapter 2 we argue that a liquidity premium exists in the term structure 

of interest rates because investors who invest in longer-maturity fixed-income 

instruments are assuming a higher level of interest rate risk, in the form of higher 

price volatility. To compensate them for taking on additional risk, the expected 

return on long-maturity fixed-income securities will need to be higher than on 

short-maturity ones. This will manifest itself into a higher ex-post return, on 

average, on long-maturity securities. 

We, therefore, examine the relationship between expected excess returns 

and implied price volatility on interest rate-dependent securities. We assume that 

the short term riskless rate of interest follows a one-factor Ito process. Then the 

instantaneous expected excess return on any derivative security, whose payoff is a 

function only of the riskless rate and time, is proportional to its instantaneous 

standard deviation of returns. Interest rate-dependent securities with higher 

volatility should therefore earn, on average, proportionally higher excess returns. 

We test this hypothesis and suggest a way to efficiently estimate the ratio of the 

expected excess returns to the volatility of returns, the market price of interest rate 

risk, A.. 

84 



We regress, separately, a time-series of observed excess returns on short, 

medium and long maturity C-STRIPS portfolios against the implied volatility from 

a futures option on a Treasury Bond. To take into account the fact that interest 

rates were declining during the period under consideration, we suggest the 

inclusion of an intercept in our linear time-series model. We find that including the 

intercept leads to positive but insignificant estimates of A, due to the low power 

associated with such tests. Low power obtains because the variability in observed 

excess returns is much greater than the variability in expected excess returns, and 

because the variability in the implied volatility on a particular security is low across 

time. 

To increase the power of our tests, we use time series-cross sectional 

(panel) data of daily and weekly returns separately. We model the spatial 

autocorrelation between C-STRIPS at any point in time as an AR(l) process and 

estimate the intercept and A using an iterative GLS procedure. We average the 

estimates thus obtained across time. This increases the power to reject the null 

hypothesis of no relation between excess expected returns and volatility by 

increasing the number of data points and increasing the variability in the implied 

volatility. 

We also estimate the Term Structure of Implied Volatility both 

endogenously and exogenously and find again that there is, indeed, a statistically 

significant relation between excess returns and implied volatility. On average, 

higher volatility gives rise to higher excess returns. This allows us to conclude that 

investors who take on higher interest rate risk in the fixed-income market can 

expect to be compensated with higher expected returns. Thus, there does indeed 

exist a liquidity premium in the term structure of interest rates, and this liquidity 

premium increases with increasing price volatility of the fixed-income instrument. 
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Since the price volatility of a security is time varying, our analysis provides one 

possible rationale for movements in the liquidity premium on interest rate

dependent securities. We also conclude from our analysis that implied volatility 

may be used as a weak market-timing signal and may formalize contrarian thinking. 

In chapter 3 we consider the question of liquidity premium in long maturity 

fixed-income instruments. Most earlier studies have tried to estimate the liquidity 

premium in short maturity instruments such as Treasury bills. Studies such as 

Fama ( l 984b) that examine longer term bond returns cannot come to a precise 

conclusion due to the high variability of bond returns. Our view, however, is that 

if there exists a liquidity premium in fixed-income instruments, it should be easier 

to detect in longer-maturity instruments. In this regard, we first make use of 

Fama's (1984a) methodology to determine whether forward rates of different 

maturities have power to predict the subsequently realized spot rate in Eurodollar 

futures and C-STRIPS implied forward rates. We use maturities of the 

futures/implied forwards as far out as 5 years. Our tests show that, in general, 

Eurodollar forward rates have no power to predict the future spot rate. C

STRIPS implied forwards do predict the future spot rate for 7 out of the 9 

maturities considered. However, in 2 of these 7 cases, the liquidity premium 

implied by our regressions are in fact, negative. Thus, using Fama' s (1984a) 

methodology, it is not clear if there does indeed exist a monotonically increasing 

term premium in the term structure of interest rates. 

We then propose a methodology similar to an event study for Eurodollar 

futures contracts and C-STRIPS. The methodology is an unconditional variant of 

that used in chapter 2 and obtains by taking expectations of the risk-return 

equation. The intuition underlying the methodology is that if interest rate

dependent instruments with higher price volatility have higher expected returns, 
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then they will have higher (unconditional) returns averaged over time. Since price

volatility is a monotonically increasing function of duration hence the unconditional 

expected return on an interest rate-dependent security will be a monotonically 

increasing function of the duration of that instrument. The advantage of using 

Eurodollar futures and C-STRIPS is that they have long maturities and are traded 

in highly liquid markets, more so in recent years. Our results indicate that there 

indeed exists a monotonically increasing liquidity premium in the two types of 

instruments studied. 

In chapter 4 we consider liquidity in financial markets from the second 

perspective -- the perspective of being able to take a position in an asset easily at 

little or no cost. A major advantage of investing in a publicly traded corporation is 

the ease with which investors can take ownership positions in the firm's equity 

securities. Oosely associated with this feature ("marketability") of equity 

ownership, is the notion of "security liquidity" which measures the cost of taking 

these positions in the firm by transacting with specialists. We examine the relation 

between the financial condition of exchange-traded firms and the liquidity of their 

equity shares as measured by the specialist's posted bid-ask spread. 

Since the specialist's franchise requires a commitment of capital, the 

specialist will expect to earn a competitive rate of return on his investment. The 

bid-ask spread is the primary source of trading income to him. The higher the 

probability of delisting, the lower is his expected revenue from that stock. Under 

our Specialist's Price-Protection Hypothesis (SPPH), the specialist will price

protect himself by adjusting the posted bid-ask spread upward to compensate for 

any reduction in expected revenue arising from an increased probability of 

delisting. Since the probability of a delisting is higher for firms in poor financial 

condition, the percentage bid-ask spread on such stocks will be higher. After 
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controlling for factors identified in earlier research as key detenninants of security 

liquidity, we find that firms in poor financial condition do indeed have lower 

security liquidity. This finding is robust to alternative definitions of financial 

condition and provides evidence consistent with the SPPH. 

The SPPH offers potential explanations for the observed selective trading 

practices of specialists on the NYSE and the empirical observation that specialists 

do not actively manage their inventories. It also provides a link between the finn's 

financial condition and shareholder wealth through the posted bid-ask spread. 
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Table 2.lA: Data Availability. 

T-Bond T-Note T-Five Eurodollars 

Implied Price Volatility 1/2/87 1/2/87 1/16/92 

Implied Yield Volatility 1/2/87 

Duration 5/14/91 5/14/91 5/14/91 

lcm Yield 5/14/91 5/14/91 5/14/91 

CTD refers to the Cheapest to Deliver bond/note. T-Five refers to the on-the-run five-year Treasury note. 
Implied Price Volatility on the T-Bond, T-Note and T-Five have been obtained from the closest to-the-money futures 
option on the respective instrument. Implied Yield Volatility on Eurodollars has been obtained from the closest to
the-money futures option on the 3-month Eurodollar deposit rate of interest. Ending date for the data is January 13, 
1994. 
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Table 2.lB: Descriptive Statistics of Data. 
Data Period: January 2, 1987 - January 13, 1994 

Number of Davs = 1.764 
Standard 

Mean Median Deviation 

Time to Maturity (years) 
Short C-STRIPS 0.64 0.63 0.092 
Medium C-STRIPS 14.78 14.79 0.150 
Long C-STRIPS 26.54 26.56 0.240 

Implied Volatility from Option on a T-Bond Futures 10.2% 9.5% 2.3% 

Annualized Excess Return 
Short C-STRIPS 2.9% 0.4% 0.78% 
Medium C-STRIPS 14.0% 2.8% 14.6% 
LonR: C-STRIPS 17.1% 2.6% 25.9% 

Sample statistics of portfolios of short, medium and long C-STRIPS: the portfolios consist, respectively, of the 
shortest five, middle five and longest five C-STRIPS available on any given day. 
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Table 2.2A: Time-Series (Initial) Estimation of Association Between Realized Returns and Implied 
Volatilities: No Intercept in the Model 
Data Period: January 2, 1987 - January 13, 1994 

Maturity 

Short 

Medium 

Long 

The form of the model is 

Number of 
Days 

1745 

1754 

1754 

OLS 
R-squared 

3.54% 

0.29% 

0.16% 

Total 
R-squared 

7.63% 

1.58% 

1.10% 

Rt ('t) - rt-1 = A(t) •O't-1 +Et t = l, ... ,T; t E {short, medium, long} 

1. Autocorrelation in the data is corrected via Harvey's (1990) semi-parametric approach. 

Lambda 

0.28 
(5.76) 

1.46 
(1.78) 

1.85 
(1.40) 

2. White's (1980) heteroscedasticity-consistent covariance matrix is used to obtain heteroscedasticity-corrected 
standard errors of the parameter estimates. 

3. t-statistics are given in parentheses below the parameter estimates. 
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Table 2.2B: Time-Series (Initial) Estimation of Association Between Realized Returns and Implied 
Volatilities: Including an Intercept in the Model 
Data Period: January 2, 1987 - January 13, 1994 

Number of OLS Total 
Maturity Days R-squared R-squared Intercept Lambda 

Short 1745 0.01% 4.44% 0.021 0.055 
(0.982) (0.228) 

Medium 1754 0.03% 1.37% -0.229 3.81 
(-0.485) (0.712) 

Long 1744 0.04% 1.18% -0.516 6.97 
(-0.633) (0.797) 

The form of the model is 

Rt (t) - rt-l = a(t) + A(t) •at-l + et t =1, ... ,T; t e {short, medium, long} 

1. Autocorrelation in the data is corrected via Harvey's (1990) semi-parametric approach. 
2. White's (1980) heteroscedasticity-consistent covariance matrix is used to obtain heteroscedasticity-corrected 

standard errors of the parameter estimates. 
3. t-statistics are given in parentheses below the parameter estimates. 
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Table 2.3A: Cross-Sectional Daily GLS Estimation of Association Between Realized Returns and Implied Volatilities 
INTERCEPT LAMBDA 

Tnne Number of Median Mean Standard Median Mean Standard 
Pericxl Days Deviation Deviation 

1987-94 1764 -0.0012 0.016 0.067 0.636 1.13 15.4 
(10.1) (3.08) 

1987 250 -0.0020 0.013 0.069 0.299 -0.589 15.3 
(3.09) (-0.61) 

1988 251 -0.0017 0.018 0.074 0.315 0.526 14.2 
(3.89) (0.59) 

1989 250 0.0001 0.026 0.088 1.26 1.93 18.0 
(4.72) (1.69) 

1990 250 -0.0004 0.025 0.081 -0.09 0.532 16.4 
(4.87) (0.51) 

1991 252 -0.0013 0.014 0.056 0.832 2.26 15.3 
(4.10) (2.33) 

1992 253 -0.0016 0.0086 0.045 1.32 1.88 14.4 
(3.05) (2.08) 

1993 250 -0.0002 0.007 0.037 1.78 1.16 13.7 
(3.15) (1.34) 

cr
2
i,t-1 

The ~ fth 00 1 . Rit - rt-1 + = at + "-t • cri,t-1 + Eit . _ 1 N 1onn o em e 1s 2 1 - , ••• , 

1) Intercept and lambda coefficients estimated by running daily cross-sectional GLS regressions of observed excess returns (on 
all U.S. Government C-S1RIPS available that day) against lagged Implied Volatility. 

2) Cov( £ i t 'E j t ) is determined iteratively. t-statistics are given in parentheses below the parameter estimates. 
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Table 2.3B: Cross-Sectional Weekly GLS Estimation of Association Between Realized Returns and Implied 
Volatilities 

INTERCEPT LAMBDA 

Time Number of Median Mean Standard Median Mean Standard 
Period Weeks Deviation Deviation 

1987-94 362 -0.0018 -0.0017 0.011 0.915 0.640 5.51 
(-2.94) (2.21) 

The fmm of the model is 

cr
2

i, t-1 
Rit - rt-1 + 

2 
= at + At • cri,t-1 + Eit i = 1,. . .,N 

1. Intercept and lambda coefficients estimated by running weekly cross-sectional GLS regressions of observed excess returns 
(on all U.S. Government C-STRIPS available that day) against lagged Implied Volatility. 

2. Cov( Ei t, E j t) is detennined iteratively. 

3. t-statistics are given in parentheses below the parameter estimates. 
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Table 2.4A: Cross-Sectional Daily OLS Estimation of Association Between Realized Returns and Implied 
Volatilities 

INTERCEPT LAMBDA 

Data Number of Median Mean Standard Median Mean Standard 
Period Davs Deviation Deviation 

1987 - 94 1764 0.0059 0.0354 0.403 0.333 0.873 18.1 
(3.68) (2.03) 

BET Al BETA2 

Median Mean Standard Median Mean Standard 
Deviation Deviation 

0.0121 0.0121 0.030 -0.0001 -0.00008 0.003 
(17.0) (-1.05) 

The fmm of the model is 

[ 
cr9,t-1 ] [ ] 2 

Rit - rt-1 = CXt + At 9 - P2,t-l • At • 9 Di,t-1 + P2,t-l • At Di,t-1 + Eit i = 1, ... ,N 

1. Intercept and lambda coefficients are estimated by running daily cross-sectional OLS regressions of obseived excess returns 
(on all U.S. Government C-SlRIPS available that day) against lagged Duration. 

2. Daily parameter estimates are then used to obtain average estimates and statistical properties. 
3. Number of obseivations per day is approximately 108, with C-SlRIPS maturities ranging out to 27.5 years. 
4. t-statistics are given in parentheses below the parameter estimates. 
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Table 2.4B: Cross-Sectional Weekly OLS Estimation of ~iation Between Realized Returns and Implied 
Volatilities 

INTERCEPT LAMBDA 

Data Number of Median Mean Standard Median Mean Standard 
Period Weeks Deviation Deviation 

1987 - 94 362 0.0017 0.0078 0.142 0.556 0.455 6.94 
(1.04) (1.25) 

BETAl BETA2 

Median Mean Standard Median Mean Standard 
Deviation Deviation 

0.012 0.013 0.014 -0.0001 -0.0002 0.002 
(18.1) (-2.53) 

The fonn of the model is 

[ 
0'9,t-1 ] [ ] 2 

Rit - rt-1 = <It + At 
9 

- ~2,t-1 •At • 9 Di,t-1 + ~2,t-1 •At Di,t-1 + Eit i = l, ... ,N 

1. Intercept and lambda coefficients are estimated by running weekly cross-sectional OLS regressions of observed excess 
returns (on all U.S. Government C-SlRIPS available each Wednesday) against lagged Macaulay Duration. 

2. Weekly parameter estimates are then used to obtain average estimates and statistical properties. 
3. Number of observations each week is approximately 108, with C-SlRIPS maturities ranging out to 27.5 years. 
4. t-statistics are given in parentheses below the parameter estimates. 
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Table 2.5A: Cross-Sectional Daily GLS Estimation of Association Between Realized Returns and Implied Volatilities 
INTERCEPT LAMBDA 

Data Nwnberof Median Mean Standard 
Period Days Deviation 

5/14fH - 641 -0.00ll 0.0091 0.045 
1/12/94 

(5.13) 

BET Al 
Median Mean Standard 

Deviation 

0.0138 0.0137 0.0030 
(116) 

Term Structure of Volatility is asswned to be a quadratic function of duration: 

<1i,t-1 = ~1,t-1 Di,t-1 + ~2, t-1 Di,t-1
2 

The form of the model is 

cr
2

i,t-1 
Rit - rt-1 + ,.. = at + At• cri,t-1 + Eit i= l, ... ,N 

Median Mean 

1.77 2.28 

(3.64) 

BETA2 
Median Mean 

-0.0005 -0.0005 
(-46) 

i= l, ... ,N 

Standard 
Deviation 

15.85 

Standard 
Deviation 

0.0003 

1. Implied Volatility of C-STRIPS is estimated exogenously from the Implied Volatilities of T-bond, T-note, T-five and Eurodollar 
futures options contracts. 

2. Intercept and lambda coefficients are estimated by running daily cross-sectional GLS regressions of observed excess returns (on all 
U.S. Government C-STRIPS available that day) against lagged (estimated) Implied Volatility. 

3. Cov(Ei t ,£ j t) is determined iteratively. 

4. Nwnber of observations per day is approximately 44, with C-STRIPS maturities ranging out to 11 years. 
5. t-statistics are given in parentheses below the parameter estimates. 
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Table 2.SB: Cross-Sectional Weekly GLS Estimation of Association Between Realized Returns and Implied Volatilities 
INTERCEPI' LAMBDA 

Data Number of Median Mean Standard 
Period Weeks Deviation 

5/14f.H - 132 -0.0017 -0.0017 0.008 
1/12/94 

(-2.39) 

BET Al 
Median Mean Standard 

Deviation 

0.0138 0.0137 0.003 
(54) 

Tenn Structure of Volatility is assumed to be a quadratic function of duration: 

cri,t-1 = f31,t-l Di,t-1 + f32,t-l Di,t-1
2 

The form of the model is 

cr
2

i, t-1 

Median 

2.14 

Median 

-0.0005 

i= 1, .. . ,N 

Rit - rt-1 + 
2 

= CX.t + At • cri, t-1 + Eit i = l, ... ,N 

Mean 

1.63 

(3.42) 

BETA2 
Mean 

-0.0005 
(-21) 

Standard 
Deviation 

5.47 

Standard 
Deviation 

0.0003 

1. hnplied Volatility of C-STRIPS is estimated exogenously from the hnplied Volatilities of T-bond, T-note, T-five and Eurodollar 
futures options contracts. 

2. Intercept and lambda coefficients are estimated by running weekly cross-sectional GLS regressions of observed excess returns (on all 
U.S. Government C-S1RIPS available that day) against lagged (estimated) hnplied Volatility. 

3. Cov(Eit•Ejt) isdetenninediteratively. 

4. Number of observations each week is approximately 44, with C-STRIPS maturities ranging out to 11 years. 
5. t-statistics are given in parentheses below the parameter estimates. 



Table 3.1: Number of Eurodollar Futures Observations Available on Select Dates. 

Number of Number of 
Date Observations Date Observations 

16-Mar-83 1 2-Jul-90 14 
1-Jul-83 2 2-Jan-91 12 
3-Jan-84 5 1-Jul-91 10 
2-Jul-84 6 2-Jan-92 8 
2-Jan-85 8 1-Jul-92 6 

\0 1-Jul-85 8 4-Jan-93 4 
\0 

2-Jan-86 8 1-Jul-93 2 
1-Jul-86 8 13-Dec-93 1 
2-Jan-87 8 
1-Jul-87 12 
4-Jan-88 12 
1-Jul-88 12 
3-Jan-89 12 
3-Jul-89 14 
2-Jan-90 16 



Table 3.2A: OLS estimation of the future spot rate as a function of Eurodollar futures rate. 
Data Period = March 16, 1983 through December 13, 1993 

-
Number of OLS 

Tau Observations R-squared a1 f31 

6 months 39 3.1% -0.0249 0.353 
(-1.75) (1.09) 

9 months 38 0.07% -0.0042 -0.048 
(-1.99) (-0.16) 

12 months 37 0% -0.0066 -0.002 
(-2.20) (-0.006) 

15 months 36 0.19% -0.0077 -0.089 
...... I (-1.94) (-0.257) 0 
0 

18 months 35 0.02% -0.0102 -0.027 
(-2.20) (-0.076) 

24 months 31 2.7% -0.0170 0.361 
(-2.62) (0.900) 

36 months 16 65% -0.0492 2.02 
(-9.1) (5.10) 

The form of the model is 

rt+t-3 - rt = <It + ~1 (Ft (t-3) - rt) + Tlt+t-3 t= 1, ... ,T 't = { 6, 9, 12, ... ,60 months} 
1. t-statistics are given below the parameter estimates. 



Table 3.2B: OLS estimation of the future spot rate as a function of C-STRIPS' Implied Forward rates. 
Data Period= April 3, 1985 through January 13, 1994 

Number of OLS 
Tau Observations R-squared a.1 f31 

6 months 32 9.3% -0.0023 0.360 
(-1.91) (1.75) 

9months 31 16.4% -0.0056 0.592 
(-2.69) (2.39) 

12 months 30 9.7% -0.0083 0.620 
(-2.32) (1.73) 

15 months 29 1.3% -0.0065 0.195 
(-1.38) (0.61) ,_. 

I 18 months 28 2.8% -0.0079 0.252 0 ,_. 
(-1.59) (0.87) 

24months 26 17.4% -0.020 0.949 
(-2.88) (2.25) 

36 months 23 41% -0.038 1.69 
(-4.42) (3.82) 

48 months 19 53% -0.041 1.43 
(-5.2) (4.35) 

60months 15 27% -0.040 0.896 
{-3.57} {2.2} 

The form of the model is 

ft+'t-3 - ft = a 1 + p1 (Ft(t-3) - rt) + Tlt+'t-3 t= 1, ... ,T 't = { 6, 9, 12, .. .,60 months} 
1. t-statistics are given below the parameter estimates. 
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Table 3.3A: OLS Estimation of the Term Premium in 3-month Eurodollar Futures Contracts as a function 
of time to maturity. 

Data Number of OLS 
Period Observations R-squared Alpha Betal Beta2 

3/16/83 - 12/13/93 23,805 40.9% -0.102 1.57 * 
(-7.3) (167) * 

3/16/83 - 12/13/93 23,805 67.2% * 1.52 * 
* (212) * 

I 3/16/83 - 12/13/93 23,805 40.9% -0.043 1.46 0.036 
(-2.6) (45) (3.8) 

3/16/83 - 12/13/93 23,805 67.2% * 1.41 0.049 

* (66) (6.7) 

The form of the model is 

TPj1 = a + ~1 t + ~2 t
2 + e j 1 j = 1, ... ,40 t = O, ... ,T 

1. White's (1980) heteroscedasticity-consistent covariance matrix is used to compute standard error of the 
estimates. 

2. t-statistics are given below the parameter estimates. 
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Table 3.JB: OLS Estimation of the Term Premium in synthetic 1-year Eurodollar Futures Contracts as a 
function of time to maturity. 

Data Number of OLS 
Period Observations R-squared Alpha Betal Beta2 

3/16/83 - 12/13/93 15,950 38.8% -0.084 1.61 * 
(-5.5) (118) * 

3/16/83 - 12/13/93 15,950 63.6% * 1.56 * 
* (156) * 

' 

I 3/16/83 - 12/13/93 15,950 39.3% 0.128 1.09 0.206 
(7.1) (26) (13) 

3/16/83 - 12/13/93 15,950 63.9% * 1.29 0.143 

* (46) (12) 

The form of the model is 

TPji: = a + ~1 t + ~2 t
2 + e ji: j = 1, .. . ,40 t = O, ... ,T 

1. White' s (1980) heteroscedasticity-consistent covariance matrix is used to compute standard error of the 
estimates. 

2. t-statistics are given below the parameter estimates. 
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Table 3.4A: OLS Estimation of the Term Premium in 3-month C-STRIPS as a function of time to maturity. 
Data Number of OLS 

Period Observations R-squared Alpha Betal Beta2 

4/3/85 - 1/13/94 38,218 45.2% 0.67 0.81 * 
(50) (212) * 

4/3/85 - 1/13/94 38,218 77.0% * 0.96 * 
* (358) * 

4/3/85 - 1/13/94 38,218 45.3% 0.803 0.67 0.019 
(53) (49) (9.5) 

4/3/85 - 1/13/94 38,218 77.3% * 1.13 -0.033 

* (120) (-21) 

The form of the model is 

TPj't = a + ~1 t + ~2 t
2 + E j't j = 1, ... ,40 t = O, ... ,T 

1. White's (1980) heteroscedasticity-consistent covariance matrix is used to compute standard error of the 
estimates. 

2. t-statistics are given below the parameter estimates. 
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Table 3.48: OLS Estimation of the Term Premium in I-rear C-STRIPS as a function of time to maturity. 
I 

Data Number of OLS 
Period Observations R-squared Alpha Betal Beta2 

4/3/85 - 1/13/94 38,248 47.2% 0.482 0.77 * 
(39) (250) * 

4/3/85 - 1/13/94 38,248 77.4% * 0.88 * 
* (400) * 

4/3/85 - 1/13/94 38,248 47.3% 0.652 0.61 0.022 
(44) (51) (14) 

4/3/85 - 1/13/94 38,248 77.5% * 0.99 -0.021 

* (119) (-15) 

The form of the model is 

TPjt = a + ~1 t + ~2 t
2 + Ejt j = 1, ... ,40 t = 0, ... ,T 

1. White's (1980) heteroscedasticity-consistent covariance matrix is used to compute standard error of the 
estimates. 

2. t-statistics are given below the parameter estimates. 
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Table 4.1: Description of Standard Control Variables for Eleven Months of pooled data (February - December, 1991). 

Mean Median Standard 
Deviation 

Number of Observations = 23,249 

%8/A 3.728 1.56 13.324 
VOL (millions of shares) 0.0945 0.02308 0.2026 
VAR 0.0025 0.0005 0.0255 
TURN 0.4236 0.1041 2.158 
PRC 24.89 15.25 185.95 

%B/A is the percentage spread, VOL is the daily average trading volume, VAR is the variance of stock returns, TURN is the inventory 
turnover defined as [VOL/(No. of shares outstanding * PRC)] and PRC is the monthly closing stock price. 
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Table4.2: H edas' . .ed f the devende . . .ble. %B/A dard -- --- -- -- - - ,1 variabl, 

Number of Coefficients on Independent Variable 
Observations R-souared Prob>F INTER VOL VAR TURN PRC AMEX 

POOLED 23249 0.542 0.0001 1.431 -2.1620 900.27 -0.0317 -0.0009 2.16 
0.0001 0.0001 0.0001 0.4687 0.0001 0.0001 

February 1923 0.566 0.0001 1.806 -1.8715 321.95 0.5392 -0.0121 2.5779 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

March 2137 0.573 0.0001 1.8222 -1.6708 18.73 1.86 -0.0115 2.1976 
0.0001 0.0001 0.0031 0.0001 0.0001 0.0001 

April 2086 0.639 0.0001 1.4553 -1.4356 1140.88 -0.4646 -0.0097 1.6514 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

May 2091 0.654 0.0001 1.3205 -1.5557 1029.91 0.4514 -0.0072 1.8771 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

June 2125 0.710 0.0001 1.3351 -1.8844 1246.02 0.3052 -0.0078 1.6602 
0.0001 0.0001 0.0001 0.0161 0.0001 0.0001 

July 2134 0.624 0.0001 1.4294 -2.8073 409.12 3.9138 -0.0065 2.0516 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

August 2134 0.607 0.0001 1.5299 -2.4012 402.61 2.317 -0.0071 2.0682 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

September 2151 0.535 0.0001 1.5334 -2.4679 400.23 3.1661 -0.0078 2.2071 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

October 2152 0.993 0.0001 0.5274 -1.7407 1544.59 0.0707 -0.0005 1.1369 
0.0001 0.0001 0.0001 0.7075 0.0001 0.0001 

November 2143 0.556 0.0001 1.2624 -2.1860 978.98 2.0475 -0.0073 1.9521 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

December 2173 0.574 0.0001 1.1688 -1.9830 199.88 3.9656 -0.0044 1.9654 
0.0001 0.0001 0.0001 0.0001 0.0006 0.0001 

AMEX is a durruny variable which takes on a value of unity for stocks traded on the American Stock Exchange, zero otherwise (NYSE 
stocks are the reference set). The first row in the "Coefficients on Independent Variables" column gives the estimated coefficient, and 
the second row is the associated probability value. INTER is a variable defined as the reciprocal of the estimated standard deviation of 
any observation. Its coefficient is the pseudo-intercept The regressions are consistent with the determinants of bid-ask spreads found 
in the earlier literature. 
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Table 4.3: Heteroscedasticity-corrected regression of the dependent variable, %B/A, against standard control variables and Tobin's Q 

' - -

Number of Coefficients on Independent Variables 
Observation R-square Prob>F INTER VOL VAR TURN PRC AMEX Q 

POOLED 4528 0.619 0.0001 1.938 -1.691 93.5 3.643 -0.022 1.414 -0.1103 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

March 1114 0.717 0.0001 2.3835 -1.5356 -6.8 2.0095 -0.0249 1.3407 -0.1477 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

June 1131 0.786 0.0001 2.2216 -1.2676 826.1 0.68133 -0.0316 0.986 -0.1626 
0.0001 0.0001 0.0001 0.0002 0.0001 0.0001 0.0001 

Septembe 1143 0.770 0.0001 1.6122 -1.3856 1339.7 0.8329 -0.02 1.1127 -0.0717 
0.0001 0.0001 0.0001 0.0008 0.0001 0.0001 0.0013 

December 1140 0.597 0.0001 1.2393 -1.2629 901.6 2.3395 -0.0112 0.8311 -0.1322 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

Q is the Tobin's Q defined as [(Market Value of Equity+ Book Value ofDebt)/Book Value of Total Assets]. 
The first row in the "Coefficients on Independent Variables" column gives the estimated coefficient, and the second row is the associated probability 
value. 
INTER is a variable defined as the reciprocal of the estimated standard deviation of any given observation. Its coefficient is the pseudo-intercept. 
The regressions are consistent with the Specialist's Price-Protection Hypothesis: spreads are inversely related to finn performance as proxied by Tobin's Q. 
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Table '1.'I: ess10n 01 tne aeoenaent vanaote, 'foJjf A , lll!;amst stanaara control vanaotes ana ,:)&l' Hond K tteterosce<lastlclty-correcteci regr atings (R1NG). 
Number of Coefficients on fudependent Variables 
Observations R-squarec Prob> F INTER VOL VAR TURN PRC AMEX B c D 

POOLED 7464 0.822 0.0001 0.6325 -0.6224 270.3 1.379 -0.0001 0.6284 0.3333 2.631 5.756 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

February 696 0.847 0.0001 0.7643 -0.5201 26.2 1.337 -0.0006 0.7161 0.3836 2.7472 2.9172 
0.0001 0.0001 0.2178 0.0001 0.0004 0.0172 0.0001 0.0001 0.0001 

March 725 0.843 0.0001 0.7354 -0.567 240.4 0.8347 -0.0006 0.527 0.3823 2.1685 2.5578 
0.0001 0.0001 0.0001 0.0001 0.0003 0.0067 0.0001 0.0001 0.0005 

April 723 0.870 0.0001 0.6872 -0.5149 374.6 0.3029 -0.0005 0.5245 0.4563 2.4323 2.5848 
0.0001 0.0001 0.0001 0.0001 0.0003 0.0002 0.0001 0.0001 0.0001 

May 723 0.855 0.0001 0.6453 -0.514 236.7 1.0558 -0.0004 0.5852 0.4125 2.5247 3.6954 
0.0001 0.0001 0.0001 0.0001 0.0008 0.0001 0.0001 0.0001 0.0001 

June 730 0.856 0.0001 0.707 -0.5937 245.8 0.5799 -0.0005 0.6356 0.4846 2.6841 5.2358 
0.0001 0.0001 0.0001 0.0001 0.0008 0.0001 0.0001 0.0001 0.0001 

July 672 0.821 0.0001 0.6546 -1.2062 472.2 1.444 -0.0001 0.5648 0.2288 2.0382 4.2959 
0.0001 0.0001 0.0001 0.0001 0.0089 0.0034 0.0001 0.0002 0.0001 

August 672 0.815 0.0001 0.6118 -1.0121 679.2 1.1176 -0.0002 0.5823 0.2397 2.2531 4.4602 
0.0001 0.0001 0.0001 0.0001 0.0465 0.0071 0.0001 0.0001 0.0001 

September 674 0.961 0.0001 0.5782 -0.5821 1043.5 0.0208 -0.0003 0.3875 0.3495 2.1664 4.6709 
0.0001 0.0001 0.0001 0.692 0.0087 O.D117 0.0001 0.0001 0.0001 

October 614 0.808 0.0001 0.6299 -0.5251 364.3 0.4674 -0.0004 0.6882 0.4018 2.2402 9.3532 
0.0001 0.0001 0.0001 0.0001 0.0115 0.0061 0.0001 0.0023 0.0001 

November 613 0.847 0.0001 0.5878 -0.505 258.l 1.8833 -0.0003 0.6331 0.2876 2.3196 7.2795 
0.0001 0.0001 0.0001 0.0001 0.018 0.019 0.0001 0.0001 0.0005 

December 622 0.853 0.0001 0.5978 -0.3965 200.2 0.8555 -0.0003 0.6666 0.3433 2.4895 6.3874 
0.0001 0.0001 0.0001 0.0001 0.0116 0.0241 0.0001 0.0001 0.0001 

B, C and Dare dummy variables that take on a value of unity for S&P Bond Ratings B, C and D respectively, zero otherwise (A rated firms are the reference 
set). 
The first row in the "Coefficients on Independent Variables" column gives the estimated coefficient, and the second row is the associated probability value. 
INTER is a variable defined as the reciprocal of the estimated standard deviation of any given observation. Its coefficient is the pseudo-intercept. 
The regressions are consistent with the Specialist's Price-Protection Hypothesis: spreads are inversely related to firm performance as proxied by S&P Bond 
Ratings. 
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Table 4.5: Heteroscedasticity-corrected regression of the dependent variable, %B/A, against standard control variables and the DeAngelo-DeAngelo 
(1990) measures of financial performance. 

Number of Coefficients on Independent Variables 
Observations R-squared Prob>F INTER VOL VAR TURN PRC AMEX Hi Pert Lo Pert 

POOLED 20801 0.704 0.0001 1.25 -2.277 823.6 1.375 -0.0006 1.155 -0.4318 1.018 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

February 1779 0.722 0.C)()()l 1.4239 -1.7782 439.8 0.6155 -0.00138 1.2007 -0.4349 1.265 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

March 1953 0.745 0.0001 1.459 -1.5833 667.1 0.3914 -0.0035 1.0476 -0.4162 0.9673 
0.0001 0.0001 0.0001 0.0012 0.0001 0.0001 0.0001 0.0001 

April 1907 0.764 0.0001 1.4334 -1.7354 969.4 0.1767 -0.003 1.0558 -0.4812 1.0132 
0.0001 0.0001 0.0001 0.0802 0.0001 0.0001 0.0001 0.0001 

May 1904 0.732 0.0001 1.5938 -1.8694 913.4 0.015 -0.005 1.1345 -0.5439 0.8896 
0.0001 0.0001 0.0001 0.7916 0.0001 0.0001 0.0001 0.0017 

June 1907 0.756 0.0001 1.3949 -2.0911 1017.3 0.5606 -0.0022 1.1008 -0.4453 0.9643 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

July 1905 0.704 0.0001 1.5512 -3.2054 232.4 3.2278 -0.0021 1.1949 -0.4731 1.1961 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

Aaugust 1900 0.719 0.0001 1.7117 -2.5875 480 1.7855 -0.0055 1.0524 -0.5577 1.2259 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

September 1895 0.710 0.0001 1.3227 -2.8158 652.6 2.493 -0.0011 1.0508 -0.4366 1.2386 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

October 1891 0.760 0.0001 0.689 -1.6407 1298.6 1.4643 -0.0004 1.0875 -0.2014 0.751 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0003 0.0003 

November 1880 0.761 0.0001 1.6185 -2.288 702.5 1.3815 -0.0052 1.1659 -0.5133 0.9769 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

December 1880 0.669 0.0001 1.5504 -2.2686 337.2 2.5683 -0.0035 1.2517 -0.564 1.0867 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.004 

HiPerf and LoPerf are dummy variables that take on a value of unity for high and low performance firms respectively, zero otherwise (medium performance 
firms are the reference set). 
The first row in the "Coefficients on Independent Variables" column gives the estimated coefficient, and the second row is the associated probability value. 
INTER is a variable defined as the reciprocal of the estimated standard deviation of any given observation. Its coefficient is the pseudo-intercept. 
The regressions are consistent with the Specialist's Price-Protection Hypothesis: spreads are inversely related to furn performance as proxied by the 
DeAngelo-DeAngelo measure. 
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Number of Coefficients on Independent Var. 
Observations R-sauared Prob>F INTER VOL VAR TURN PRC AMEX 

POOLED 15688 0.772 0.0001 0.7128 -1.552 710.7 1.196 -0.0011 0.8195 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

February 1367 0.801 0.0001 0.8273 -1.0906 396.5 0.8616 -0.002 0.8038 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

March 1408 0.820 0.0001 0.7517 -1.2 757.8 0.6527 -0.0021 0.8021 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

April 1411 0.812 0.0001 0.6531 -1.0231 1044 0.4274 -0.0016 0.8634 
0.0001 0.0001 0.0001 0.0104 0.0001 0.0001 

May 1414 0.800 0.0001 0.6557 -1.119 867.7 0.9526 -0.0014 0.9321 
0.0001 0.0001 0.0001 0.0001 0.00001 0.0001 

June 1420 0.794 0.0001 0.6651 -1.455 1053.5 0.7521 -0.0007 0.8029 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

July 1436 0.816 0.0001 0.7343 -1.7781 992.8 0.9925 -0.0011 0.7885 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

August 1439 0.7774 0.0001 0.7354 -1.651 904.6 0.7125 -0.0019 0.7398 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

September 1439 0.954 0.0001 0.467 -1.4211 1152.3 1.7962 -0.0003 0.7078 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

October 1450 0.770 0.0001 0.6746 -1.4909 1166.2 0.1996 -0.0023 0.7128 
0.0001 0.0001 0.0001 0.1928 0.0001 0.0001 

November 1451 0.717 0.0001 0.7426 -1.6584 913.l 1.1853 -0.0023 0.7655 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

December 1453 0.765 0.0001 0.7454 -1.5514 513.l 1.7557 -0.0014 0.9117 
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 

TABLE VI CONTINUED ON NEXT PAGE 
A, A-, B+, B, B-, and C/D are dummy variables which take on a value of unity for finns with the corresponding S&P stock rankings, zero otherwise (A+ 
rated stocks are the reference set). 
The first row in the "Coefficients on independent variables" column gives the estimated coefficient, and the second row is the associated probability 
value. 
INTER is the pseudo-intercept, defined as the reciprocal of the estimated standard deviation of any given observation. 
The regressions are consistent with the Specialist's Price-Protection Hypothesis: spreads are inversely related to firm performance as proxied by S&P 
stock rankings. 
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Table 11.b (Lonto.1: tteterosceaasnc1ty-correctea results ot regressing %H/A aJ ainst standard control variables and S&P stock ratings 

Coefficients on Independent Var. 
A A Minus B Plus B BMinus CID 

POOLED -0.0071 0.054 0.1521 0.2963 0.664 2.523 
0.6612 0.0001 0.0001 0.0001 0.0001 0.0001 

February -0.03785 0.0602 0.1601 0.331 0.7585 2.201 
0.3663 0.1878 0.0013 0.0001 0.0001 0.0001 

March -0.0065 0.0756 0.1916 0.2949 0.6966 1.9728 
0.8847 0.1022 0.0001 0.0001 0.0001 0.0001 

April 0.0241 0.1074 0.1993 0.2987 0.7106 2.0512 
0.5689 0.0198 0.0001 0.0001 0.0001 0.0001 

May 0.0306 0.0476 0.1365 0.2712 0.6025 2.0886 
0.477 0.2774 0.0028 0.0001 0.0001 0.0001 

June -0.0204 O.Q113 0.1514 0.2862 0.5954 2.1706 
0.6522 0.8165 0.0062 0.0001 0.0001 0.0001 

July -0.0267 0.0137 0.1269 0.2322 0.5938 2.2911 
0.5623 0.7699 0.0115 0.0001 0.0001 0.0001 

August -0.0146 0.0526 0.1733 0.3213 0.7352 2.5088 
0.7886 0.3385 0.0031 0.0001 0.0001 0.0001 

September 0.0625 0.0494 0.0683 0.231 0.4171 2.0122 
0.0355 0.0629 0.2666 0.0008 0.0001 0.0001 

October 0.0386 0.0986 0.2157 0.3765 0.7102 3.1332 
0.499 0.0775 0.0003 0.0001 0.0001 0.0001 

November -0.0138 0.0526 0.1466 0.3296 0.543 2.735 
0.8378 0.4134 0.0319 0.0001 0.0007 0.0001 

December -0.0398 0.0546 0.0805 0.2354 0.5885 2.1455 
0.5563 0.429 0.2326 0.003 0.0001 0.0001 

A, A-, B+, B, B-, and C/D are dummy variables which take on a value of unity for finns with the corresponding S&P stock rankings, zero otherwise (A+ 
rated stocks are the reference set). 
The first row in the "Coefficients on independent variables" column gives the estimated coefficient, and the second row is the associated probability 
value. 
INTER is the pseudo-intercept, defined as the reciprocal of the estimated standard deviation of any given observation. 
The regressions are consistent with the Specialist's Price-Protection Hypothesis: spreads are inversely related to firm performance as proxied by S&P 
stock rankings. 
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Figure 3.lA: Average term premium in 3-month Eurodollar futures contracts 
against time to maturity. Data Period: 3/16/83 -12/13/93. 
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Figure 3. lB: Number of 3-month Eurodollar futures contracts available against 
time to maturity. Data Period: 3/16/83 - 12/13/93. 
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Figure 3.lC: Average term premium in synthetic 1-year Eurodollar futures 
contracts against time to maturity. Data Period: 3/16/83 - 12/13/93. 
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Figure 3. lD: Number of synthetic 1-year Eurodollar futures contracts available 
against time to maturity. Data Period: 3/16/83 -12/13/93. 
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Figure 3.2A: Average term premium in 3-month C-STRIPS' implied forward 
contracts against time to maturity. Data Period: 4/3/85 -1/13/94. 
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Figure 3.2B: Number of 3-month C-STRIPS' implied forward contracts 
available against time to maturity. Data Period: 4/3/85 - 1/13/94. 
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Figure 3.2C: Average term premium in I-year C-STRIPS' implied forward 
contracts against time to maturity. Data Period: 4/3/85 - I/13/94. 
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Figure 3.2D: Number of I-year C-STRIPS' implied forward contracts available 
against time to maturity. Data Period: 4/3/85 - l/I3/94. 
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Appendix A 

Autocorrelation and Heteroscedasticity Correction 

In this appendix we consider a variety of techniques to correct for 

autocorrelation and unconditional heteroscedasticity. A non-parametric correction 

is to estimate a heteroscedasticity and autocorrelation-consistent (HAC) 

covariance matrix as suggested by Newey and West (1987), Andrews (1991) and 

Andrews and Monahan (1992). The advantage of this method is that no form on 

the autocorrelation/heteroscedasticity need be imposed. The disadvantage is that 

parameter estimates are still inefficient, even though the standard errors are 

appropriately corrected. 

A parametric method is to assume a specific form of the autocorrelation 

and heteroscedasticity and correct the data accordingly. The problem is that 

theory does not tell us the form of the variance-covariance matrix of residuals. A 

form would therefore need to be assumed arbitrarily which, if incorrect, would lead 

to inefficient estimates and incorrect inferences. 

A third approach is to model the residuals as an AR(p) process. This 

permits a wide variety of behavioral patterns to be represented since any stationary 

stochastic process can be approximated to any degree of accuracy by making p 

sufficiently large [See Harvey (1990)]. Specifying an autoregressive process of 

sufficiently high order can, therefore, be made the basis for a semi-parametric 

approach to estimating the regression coefficients. Once an AR(p) correction has 

been made for autocorrelation, the White's (1980) heteroscedasticity-consistent 

covariance matrix estimation technique may be used to obtain consistent standard 

errors of the parameter estimates. This approach offers two advantages. First, we 

do not need to specify a specific form for the autocorrelation; rather we let the 
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residuals take their own form. Second, the parameter estimates so obtained are 

more efficient than using a completely non-parametric technique. 

Due to its advantages, we choose to implement the semi-parametric 

method of correction. To eliminate autocorrelations at large lags, we specify an 

AR(20) process for the OLS residuals and use backward elimination at a 

probability value of 10% to estimate the values of the autocorrelation coefficients 

and the parameter A. by Maximum Likelihood (ML). Using these coefficients, we 

correct both the dependent and independent variables for autocorrelation as 

follows (Z denotes the variable being corrected): 

(Al) 

where p~ and Zt-~ denote the autocorrelation and the value of Z at lag ~ 

respectively. 

This, of course, results in the elimination of the first p data points, where p is the 

largest lag less than or equal to 20, at which a significant autocorrelation is 

detected. This is not of concern, however, due to the availability of large number 

of data points. Next, a regression of y* on x* is run and White's 

heteroscedasticity-consistent covariance matrix estimate used to calculate the t-

" 
statistics associated with the parameter estimate, A . The Portmanteau test is again 

performed at this stage uptil lag 42 to ensure that all autocorrelation has been 

taken care of. 
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