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QBSTRACT

INDUSTRY BETRS 9ND

SEBHENTAL QCCOUNTING INFORMATION

Bu

Kirt Charles Butler

This study develops an alternative estimate of the

systematic risk of a financially levered, multi-segment firm.

The firm is viewed as a portfolio of industry segments. The

systematic risk or segmental beta of the firm is constructed as

a weighted average of the component segmental industry betas.

The segmental industry betas are estimated using a variant

of the ”pure-play” strategy of matching each industry segment

with an equivalent single segment firm. An equal weighted

portfolio of single segment firms in each industry is formed to

represent the average business risk of each industry in which

the multi-segment firm is engaged. The betas of the firms in

each industry are averaged (using equal weights) to form

levered industry betas representing the systematic risk of the

average firm in the industry.

an explicit adjustment for financial leverage is then

performed. The industry portfolio betas are unlevered by

applying Hamada’s or Conine’s leverage adjustment according to

the debt-to-equity ratio of each industry. These betas

represent the systematic operating risk of the average firm in

each industry. To form the equivalent of the pure-play

security, the leverage adjustments are then reversed using the
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multi-segment firm's debt-to-equity ratio to ’lever-up’ the

unlevered industry betas.

These segmental betas are compared to OLS betas in terms

of their ability to explain and to predict security returns.

The cross-sectional correlation between segmental betas

combining market and accounting information and market-based

OLS betas provides evidence of a significant association. 9

multiple regression F-test demonstrates that OLS and segmental

beta estimates provide nearly the same set of information in

explaining security returns. The segmental betas also exhibit

more stability over time than the OLE estimates. 9 test of the

ability of the segmental and OLS betas to predict security

returns is also performed and evaluated using mean square

forecast error as a measure of forecast accuracy.

The objective of this study is to provide a test of

the financial theory of the firm as a portfolio of assets.

Simultaneously, a test of the Conine and Hamada models of the

capital structure of the firm is provided. In the process. an

alternative estimate of the systematic risk of a multi-segment

firm is created which proves to be more stable than an OLS

estimate. This segmental beta does not depend on the

historical asset and financing mix of the firm and hence is

more responsive to changes in the financing and investment

characteristics of the firm.
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Chapter 1 Introduction

1.1 Motivation for the Study

In the context of the Capital Asset Pricing Model (CAPM)

of Sharpe [198%], Lintner E1985], and Mossin E18683,

identifying the systematic risk (beta) of a share of common

stock is essential to determining an equity investor’s required

rate of return and the firm’s cost of equity capital. The

estimation of the systematic risk, or beta, of the firm thus

has significance both for the investor attempting to place a

value on common stock and for the financial manager in setting

hurdle rates for investment projects. The manager of a firm

invested entirely in one industry segmentl has several

alternatives for estimating the systematic risk of equity.

Like a single segment firm, individual divisions or industry

segments require unique hurdle rates to reflect their different

systematic risks. The required rate of return on oil

exploration is quite different from that on oil refining and

marketing, for example, and the divisional cost of capital

should reflect this difference in systematic risk. Yet many

1 An industry segment refers to that portion of a company

involved in a single industry or line of business.

Technically, a segment may not be the same as a division since

a division may be broken down along a functional line such as

target market, distribution channel or geographic area. In

this study, the terms segment and division are used

interchangeably to refer to a firm’s investment in a particular

industry or line of business.
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financial variables, such as returns to debt and equity, are

only observable for the firm as a whole and not for the

individual industry segments. vTherefore, a multi-division firm

invested in several industry segments faces unique problems in

estimating its component segmental betas.
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1.1.a Cost of Capital and the ”Pure Play”

The single segment firm has available several ways to

estimate its cost of equity capital, but ultimately the

calculated cost is still only an estimate. Historical rates of

return may be used, but these will be incorrect estimates of

the cost of equity if either the firm, its investors, or the

economy have changed from their former levels. The financial

manager may estimate expected future dividends and use the

current price to solve for the implicit expected rate of return

of shareholders. The resulting equity cost of capital will be

incorrect if the manager’s estimate of the random future

dividend stream is not identical to that of investors in the

market. Another estimate could be arrived at by adding a risk

premium to the firm’s cost of debt to reflect investor risk

aversion and the nondiversifiable risk of the firm. Similarly,

the firm's beta could be estimated by regressing historical

returns on historical market returns (or historical risk

premia) to determine the systematic risk of equity. Through an

application of the CAPM, estimates of the expected return on

the market and of the riskless rate of return than yield an

estimate of the required rate of return on equity.8 All of

these estimates of the equity cost of capital or required rate

8 Rosenberg and Guy [1978] use accounting and financial

information to supplement historical return information to arrive

at an estimate of beta and hence of the required rate of return

of investors.
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of return of investors will be incorrect in the presence of

changes in the level of interest rates, in investor attitudes

toward risk, or in the systematic risk composition of the

individual firm.

If none of these alternatives is acceptable, an estimate

of the cost of equity capital for a nearly identical firm may

provide a proxy for the systematic risk and required rate of

return of equity investors. A ”pure-play” firm is matched

along relevant financial characteristics, especially business

and financial risk. The pure-play firm should be in the same

industry and should be of similar size, operating and financial

leverage, management philosophy, distribution networks, and so

forth. This approach to estimating the divisional costs of

capital of multi-segment firms has figured prominently in the

financial and accounting literature.1 The cost of equity

capital or required rate of return of investors is estimated

for this pure-play firm, usually by applying the CAPM. The

unobservable divisional cost of capital is then assumed equal

to the cost of capital of the pure-play. In this manner a

cost of capital for the entire firm may be found as the

weighted average of the segmental betas, where the weights are

ideally the (unobservable) proportional market values of the

segments. That is, by treating the firm as a portfolio of

segments or divisions, the systematic risk of the entire firm

1 See, for instance, ”Estimating the Divisional Cost of

Capital: An Analysis of the Pure-Play Technique”, by Fuller and

Kerr E1981].
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may be found as the weighted average of the component segmental

betas.

1.1.b Special Situations

If segmental betas prove to be an accurate representation

of the systematic risk of the firm, then there may arise

occasions when these estimates are preferable to OLS betas as

measures of the systematic risk of the firm. Historical

ordinary least square betas will be inappropriate for any firm

which has undergone changes in the composition of its asset mix

or of its financing mix. when a firm undergoes a sudden change

in its financing characteristics, the systematic risk of the

firm is likely to change as well. Using the Conine C1980]

relationship and the multi-segment results found in Chapter 3,

we may take any new information about the changed financial

condition of the firm and ’relever’ the unlevered segmental

industry betas, thus forming a revised estimate of the

systematic risk of the firm. Such a sudden change in financial

structure may occur when a firm buys treasury stock with a new

issue of debt, retires debt with a new issue of stock, forces

conversion of a convertible bond issue, has warrants exercised,

or for any of a number of other reasons.

A change in systematic risk may also occur when the firm

experiences a change in its asset mix, such as a new

investment, acquisition, or divestiture. when a firm acquires
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or merges with another firm or spins off one of its operating

divisions or subsidiaries, it undergoes an instantaneous change

in the operating characteristics of its asset mix. In an

acquisition or merger, a revised estimate of the systematic

risk of the firm may be formed by recalculating the beta of the

new portfolio of assets. The post-merger or acquisition market

values of the segments are ideally used to weight the segmental

betas of the firm. In a divestiture, the beta of the surviving

firm is found as the weighted average of the levered industry

segmental betas where the weights are the proportional market

values of the surviving segments.

The segmental beta is also conceptually adaptable to the

situation where the firm undergoes a simultaneous change in

both the mix of its operating components and its capital

structure. Since the segmental beta estimate may be mixed anew

as needed, an estimate of the systematic risk of the firm may

always be constructed according to the current mix of operating

segments adjusted for the current financing package. A sudden

change in any of these components represents no threat to the

segmental beta, whereas historical DLS betas will be tied to

the systematic risk of the original firm.

1.1.c Forming a Stable Risk Surrogate

An OLS estimate of systematic risk composed from several

industry portfolios should have the additional advantage of
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being more stable than an OLS beta estimate of an individual

firm. Combining securities into portfolios substantially

eliminates the unsystematic component of security return.

Historical OLS beta estimates of portfolio risk thus reflect

the remaining nondiversifiable or systematic component of

portfolio return and should fluctuate much less over time. If

these beta estimates accurately represent the systematic risk

of an industry, than these stable estimates may be preferable

to a single firm or segment beta which exhibits less stabil-

ity. This portfolio effect is also operative when combining

several industry segments into a risk surrogate for the

multi-segment firm. Once again, variations in segmental

industry betas will tend to cancel out when combined into a

portfolio of industry segments. The resulting beta composed as

a portfolio of industry segments should be a more stable

estimate of the firm’s systematic risk than a historical DLS

beta estimate.

Individual investors can eliminate diversifiable risk by

combining securities into portfolios. These well-diversified

investors will not receive the full benefit of a more stable

estimate of systematic risk since firm-specific variation in

beta estimates will be eliminated at this portfolio level of

investment. But there are important classes of people that

have a need for more stable risk estimates. These include the

financial manager of the firm, government regulators, active

investors attempting to ”beat the market” and achieve superior
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returns, and passive investors trying to balance the mix of

systematic risk classes in their portfolio. Increased

stability may be highly desirable to all of these groups in

their search for a better estimate of beta.

The financial manager makes critical financing and invest-

ment decisions based on his estimate of the cost of capital to

the firm. while investors can combine the firm with other

firms in a portfolio and hence eliminate firm-specific risk,

the financial manager must be concerned with accurately esti-

mating the risk and cost of capital for a single firm. Any

error in this estimate will create the possibility of

sub-optimal financing and investment decisions. The financial

manager will thus benefit from a more stable estimate of

systematic risk (and hence cost of capital) so long as this

more stable estimate does indeed reflect the systematic risk of

the firm. Similarly, the manager of a diversified firm has a

need for stable estimates of the divisional costs of capital.

Just as the financial manager of the firm must accurately

estimate the systematic risk of a single firm, government

agents involved with regulated industries deal with individual

firms and hence have a need for more stable beta estimates.

Regulators in the electric utility industry, for instance, must

determine the cost of capital to the regulated firm in order

to determine rate schedules. Rate schedules must be set to

supply an adequate return of capital to investors while at the

same time keeping:rates as low as possible for the utility's
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consumers. If rates are set too high, investors receive a

windfall at the expense of the utility's customers. If rates

are set too low, investors suffer and the utility may have

difficulty raising the capital needed for fuel, maintenance,

and expansion. A more stable estimate of the systematic risk

of a regulated firm will allow public utility commissions to ‘

more accurately and confidently set rate schedules.

Active investors following a fundamental approach to

security valuation attempt to select mispriced securities to

achieve superior investment performance. Advertisements for

stock selection techniques and buy/sell recommendations are

prominent in almost every financial publication available

today. The persistence of these hot-lines and newsletters

indicates that there is an active market for these investment

tips. A more stable beta estimate may be desirable to these

active investors in stock valuation and in performance evalua-

tion.

Passive investment strategies hold a diversified portfolio

of securities in a long-term buy-and-hold approach. Most

passive portfolios, such as the College Retirement Equity Fund

(CREF), invest in a broad range of risk classes within a

certain type of securities market. Smaller funds of this type

do not possess the capital to fully diversify across the

entire spectrum of securities. Since many of the benefits of

diversification can be achieved with a small number of

different securities, these funds select a few securities in
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several risk classes to achieve nearly the same degree of

diversification as the larger funds. A more stable and

responsive beta estimate may be useful in ensuring that these

funds are not overly invested in a particular risk class.

Thus, the approach of this study should provide additional

insight into the systematic risk, cost of capital, and required

return of multi-segment firms. The study should also provide a

more stable and responsive estimate of systematic risk, and

hence should be of value to financial managers, financial

institutions, investors, and government regulators.



11

1.8 Objective of the Study

This study develops an alternative estimate of the

systematic risk of a multi-segment firm. In the context of the

CAPM, identifying the systematic risk of a share of common

stock simultaneously determines equity investors’ required rate

of return and the firm’s cost of equity capital.% The estimate

of systematic risk in this study should exhibit, relative to

the traditional DLS estimate, both increased stability and

increased responsiveness to changes in the financing and asset

composition of the firm.

For a single firm, there is a large amount of

month-to-month variation in beta when using a 60-month moving

window to calculate historical DLS beta estimates due to the

large random component in security returns. Forming the

pure-play variant as a portfolio of securities in an industry

a It is not self evident that systematic risk is the

appropriate or the only measure of risk for the firm. In an

efficient CAPM market, the firm and its managers are unable to do

anything for the investor which the investor is unable to do for

himself. The managers, however, may be in a position to do some-

thing for themselves which the investors will not necessarily do

for them and may not wish to do for them. If the managers’

contract with shareholders does not include the proper incentives

to guarantee their acting in the shareholders interests, agency

theory CShavell, 1979 and Holmstrom, 1979] suggests the financial

managers of the firm may have an incentive to minimize the total

risk of the firm rather than the systematic risk to investors.

Given some level of expected return which satisfies the owners of

the firm and avoids undue probability of financial distress,

minimizing the total risk of the firm will coincidentally

maximize the probability of the managers maintaining their posi-

tion in the firm. Management may then remain entrenched and

hence maximize their own personal welfare.
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segment should increase the stability of the beta estimates

via the portfolio effect. Segmental beta estimates of the

systematic risk of the multi-segment firm should thus be more

stable than a single market-based OLS beta.

Segmental betas are compared to OLS beta on their ability

to explain and to predict security returns. The variance over

time for each of these beta estimates, while not measuring the

accuracy of the estimates, provides a measure of their

stability. The correlation between segmental betas combining

market and accounting information and market-based historical

OLS betas measures the extent to which these estimates share

common information. A multiple regression F-test is performed

to determine if OLS and segmental beta estimates provide the

same set of information in explaining security returns. A test

of the ability of segmental and OLS betas to predict security

returns is also performed and evaluated on forecast accuracy.

Evidence of the usefulness of line-of—business or segmental

accounting information in forming estimates of the systematic

risk of the firm is also provided.

The objective of this study is, then, to provide a test of

the financial theory of the firm as a portfolio of assets.

Simultaneously, a test of the Conine and Hamada models of the

capital structure of the firm is provided. In the process, an

alternative estimate of the systematic risk of a multi-segment

firm is created which should be more stable than DLS estimates

and more responsive to changes in the financing and investment
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characteristics of the firm. The approach should provide

additional insight into the systematic risk, cost of capital,

and required return of multi-segment firms.



1%

1.3 Overview of the Study

The firm is viewed as a portfolio of individual industry

segments. The systematic risk, or segmental beta, of the firm

is constructed as a weighted average of the segmental industry

betas. The systematic risk of each industry segment of the

multi-segment firm is estimated by determining the average

DLS beta of all single-segment firms invested in the industry.

This industry average represents a pure play of the firm’s

industry segment. The weights used in the portfolio

construction are a surrogate for the proportional market values

of the firm’s industry segments (see Sections 8.1 and 5.1.c).

The resulting estimate of the firm's systematic risk should

exhibit greater stability and be more responsive than

historical OLS estimates to changes in the operating and

financial characteristics of the firm. It may also provide

information about the systematic risk of the firm beyond that

provided by DLS betas.

The industry segmental betas are estimated using a variant

of the pure-play strategy of matching each industry segment

with an identical single segment firm. The pure-play approach

matches on business and financial risk (or sometimes on

systematic risk). A portfolio of single segment firms in each

industry segment is formed to represent the average business

risk of each industry in which the multi-segment firm is

engaged. Industries are identified by the Standard Industry
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Classification (SIC) code. Monthly industry returns are

compiled by equal weighting the single segment firms comprising

each industry. Industry betas are then estimated by OLS

regression of each industry’s returns on the market return.

An explicit adjustment for capital structure is then

performed. The segmental industry betas of both the firm and

of the pure-play industry average are adjusted for financial

leverage to reflect the additional financing risk accepted by

shareholders. A vector of monthly OLS beta estimates is

calculated for each industry as described above. These'

industry betas are then unlevered by applying Conine’s (JP,

1980] relationship:

Bu - [BL + BDEBT (1-T) (D/SLJJ / [1 + (l-T) (D/SL)J (1.1)

according to the debt-to-equity ratio of each individual firm.

The systematic risk of debt is approximated by an approximate

beta for investment-quality corporate bonds (see Section 8.3).

To form the equivalent of the pure-play security, Conine’s

relationship is reversed:

BL ' Bu ( 1 + (l-T) (D/SL) 3 - BDEBT (l-T) (O/SL) (1.8)

using the multi-segment firm’s debt-to-equity ratio to

’lever-up’ the unlevered industry betas. The Conine segmental

betas are compared to Hamada CJF, May, 1978] segmental betas

which do not adjust for risky corporate debt (BDEBT-O) as well

as to historical OLS betas and to segmental betas which have

had no leverage adjustment.
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Of course, this approach is not without estimation

problems. Some difficulties in applying the theory to

real-world situations with limited data are immediately

apparent. Divisions within a firm are often not broken down

along industry lines. Reported divisional assets, earnings,

and sales figures may include several different industry

segments and corporate functions. Even if segmental financial

reports do represent a single industry, the business risk in a

particular segment will in general not be identical to that of

the industry average or to the average of single-segment firms

4 in the industry. we also need to use some proxy, such as

segmental sales, assets, or historical replacement cost for the

unobservable segmental market values when value-weighting the

industry segments. The leverage adjustment models are also

misspecified since they assume perfect markets and perpetual

cash flows. Yet, the proposed approach offers some interesting

advantages and insights.
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Chapter 8 Literature Review

The literature review in this chapter provides ample

evidence that ”If you laid all the economists in the world

end-to-end, they would still not reach a conclusion.” Some

consistent results nevertheless emerge from the academic

literature. These include:

8.1 Disclosure of segmental information, particularly

segmental sales, provides valuable information to financial

statement users. Furthermore, such accounting information may

be useful in predicting the systematic risk of common stock.

These results can be linked to the literature on the theory of

the firm as a portfolio of assets.

8.8 The traditional view of the optimal capital structure

of the firm as the point where the marginal benefits of reduced

taxes are equal to the marginal costs of financial distress

provides the benchmark against which other theories are

compared.

8.3 The systematic risk of debt is generally less than

that on common stock. Empirical estimates range from 0.15 to

0.5, depending on the bonds and the market portfolio surrogate.
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8.1 Line-of—Business (LOB) Accounting Studies

and Market Risk and Return

The Securities Act of 1933 empowered the Securities and

Exchange Commission (SEC) with the responsibility to ensure a

”full and fair disclosure of the character of securities sold

in interstate and foreign commerce.” To this end, the SEC in

1970 required the disclosure of line-of-business (LOB) or

”segmental” sales and earnings in SEC registration statements

and annual 10K reports. In 1976, the Financial Accounting

Standards Board (FASB) further required diversified firms to

include the sales, operating profits, identifiable assets on a

historical cost basis, depreciation, and capital expenditures

of each reportablel industry segment in the firm’s published

annual report. These disclosure requirements were intended to

allow financial statement users to better evaluate the risk and

expected return of the diversified firm, as evidenced in the

following quote from SFAS No. 1%:

”The evaluation of risk and return is the

central element of investment and lending

decisions...the evaluation of risk involves

assessment of the uncertainty surrounding both

the timing and the amount of the expected cash

flows to the enterprise...uncertainty also

results, in part, from factors unique to the

l A ”reportable” industry segment is defined by SFAS No. 15,

”Financial Reporting for Segments of a Business Enterprise”, as a

segment which comprises at least 102 of total segmental revenues,

operating profits or losses, or identifiable assets.

Additionally, the total revenues of the reportable segments must

equal at least 75% of consolidated sales to unaffiliated cus-

tomers. A maximum of up to 10 segments is suggested.
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particular...investment." (SFAS No 1%, 1976,

paragraph 57).

Mohr [1983] presents a comprehensive review of the

academic research on segmental disclosure. She employs the

”Fineness Theorem” of the information economics literature

(e.g., Marschak and Radner [1971], pgs. 53-59) as a theoretical

rationale for segmental disclosure. Theoretically, the

disclosure of "finer” sets of disaggregated information

provides an information set which is at least as valuable as

consolidated or aggregated information. The disaggregated

information will be of value to decision makers so long as the

costs of gathering, reporting, and analyzing the information do

not offset the theoretical benefits of the ”finer” information

system. If segmental disclosure indeed allows a more accurate

assessment of the risks and expected returns of diversified

firms, then the disclosure should improve market estimates of

risk and expected return. The structure supplied by the

Fineness Theorem helps place the disparate academic inquiries

into a consistent and logical perspective with respect to the

costs and benefits of segmental disclosure. The following

discussion closely parallels Mohr’s presentation.

8.1.a LDB Disclosure and Expected Returns

Several studies concluded that the ”finer” information

provided by segmental disclosure had no discernible effect on

the market's assessment of the expected return to common
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stock. Horwitz and Kolodny E1977], Twombly E1879], and Ajinkya

E1860], employing several different methodologies, searched for

a change in expected return around the time of the initial

1970 disclosure of LOB data. All concluded that there was no

statistically significant difference in expected return (either

mean return or residual return in a market-model context) in

single or multi-segment firms either before or after the 1970

SEC-required disclosure rules. However, Collins and Simonds

E1979] and Ajinkya [1980], among others, note that the direc-

tion of change in many accounting and financial variables from

segmental disclosure is dependent on the additional information

provided by the ”finer" information set. Since it is not

possible, a priori, to predict the direction of change, any

change in expected return at the individual firm level that

resulted from the segmental disclosure may have been lost at

the portfolio level.

Financial analysts’ earnings predictions and earnings

predictions-based on various statistical models were found to

be improved by the disclosure of segmental information. Kinney

[1571], Collins [1876], and Silhan [1988] examined the predic-

tive ability of various statistical forecasting models using

both segmental and consolidated sales and earnings data. All

three studies concurred that segmental earnings data had

limited usefulness beyond segmental sales data in predicting

the earnings of multi-segment firms. However, Kinney and

Collins found that segmental sales disclosure allowed many
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models of earnings prediction to achieve greater forecast

accuracy than models based on consolidated sales and earnings

alone. Barefield and Comiskey [1575], Baldwin [1976], and

Smith [1979] found that the availability of segmental

information, including both segmental sales and earnings,

improved the forecast accuracy of financial analysts’ earnings

predictions.

Finally, in stating that disaggregated or segmental

information is at least as valuable as aggregated or consol-

idated information, the Fineness Theorem predicts that the

disaggregated or ”finer” information should contribute to a

greater consensus among market participants. This greater

consensus was in fact observed with segmental disclosure in

studies by Drtman [19753, Dhaliwal E1978], and Ajinkya [1980].

8.1.b LOB Disclosure and Systematic Risk

Just as the above studies attempted to detect changes in

the expected return of multi-segment firms around the initial

data of segmental disclosure, Horwitz and Kolodny C1977]

searched for a shift in the systematic risk or beta of a firm

that disclosed segmental earnings data for the first time in

1970. They found that the average change in beta around the

1970 disclosure date of their treatment sample of multi-segment

firms was not significantly different from the beta change in

their control sample of single-segment firms. Collins and
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Simonds E1879] and Dhaliwal [1978], on the other hand, detected

a downward shift in the beta of multi-segment firms around the

original 1570 disclosure date. In the Dhaliwal study, the beta

shift was due to changes in both the return variance and the

return covariance with the market.

Ajinkya E19813 expanded the Collins and Simonds study to

investigate the possibility that mean reversion and

nonstationarity in beta contributed to the observed downward

beta shift. Ajinkya concluded that the higher observed beta of

the multi—segment treatment group exhibited a tendency to

revert to the mean of 1.0, and that attributing the downward

shift to segmental disclosure, as Collins and Simonds had, was

unfounded. Beta nonstationarity may have also confounded

Collins and Simonds’ result.8 As such, the presence of changes

in the assessment of systematic risk due to the 1970 SEC

disclosure requirements remains an unresolved issue.

8.1.c LOB Disclosure and the Diversified Firm

8 Several authors, including Blume [1975], Fisher [1978], and

Sunder [1580], have concluded that beta is nonstationary over

time. All of these studies used approximate procedures to test

for nonstationarity. Simonds, LaMotte, and Mcwhorter

(”Stationarity of Market Risk: An Exact Test”, forthcoming,

JFOA, March, 1986] applied a test developed by LaMotte and

Mcwhorter (”An Exact Test for the Presence of Random walk

coefficients in a Linear Regression Model”, JASA, 1978, Uol. 73,

No. 36%, pp. 816-8803, and were able to detect statistically

significant nonstationarity in market risk.
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8.1.c LOB Disclosure and the Diversified Firm

Application of the Capital Asset Pricing Model (CAPM) to

the divisional cost of capital has profound implications for

the selection of capital investment proposals by the

diversified firm. Discounted cash flow (DCF) techniques

require an estimate of the cost of capital specific to each

pr0ject or division of the firm. This risk-adjusted

asset-specific cost of capital is then used to discount

expected future cash flows to determine the value of the

investment to the owners of the firm.

Industry has recently incorporated more asset-specific

discounting techniques into their capital budgeting proce-

dures. Bitman and Mercurio [19883, in their mail questionaire

sent to the Fortune 1000 firms, report that nearly 60% of the

177 respondents individually classify projects according to

risk and use some form of risk-adjusted discount rate or

risk-adjusted cash flows to evaluate project worth.3 Uan Horne

[1980] presents a real-world application of the CAPM to

divisional costs of capital at a high technology company with

two principle lines of business. Implicit in such applications

is the concept of the firm as a portfolio of assets each with

unique risk and return characteristics.

3 Bitman and Mercurio point out that the 177 responses may

not represent a true cross-section of the Fortune 1000 firms.

Firms with sophisticated DCF and capital budgeting procedures,

for instance, are more likely to respond to such a questionnaire.
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Rubinstein [1973] developed the theoretical relationship

between the operating or unlevered beta, BU, of a multi-segment

firm and the operating characteristics of its segments:

BU - E 2i Xi(pi-vi)corr(qi,rm)a(qi/(XiU))3 / oCrm) (8.1)

where i - industry segments 1,8,...n,

Xi - proportion of the firm’s total assets,

devoted to segment i ( Zi Xi - 1),

(pi-vi) - contribution margin in industry segment i,

qi - units of output from industry segment i (a random

variable),

rm - return on the market index ( a random variable),

U - market value of the total assets of the firm,

corr - correlation coefficient,

a - standard deviation.

Several studies have found evidence consistent with this

model of the firm’s systematic risk. Lav [1975] found a

negative correlation between beta and average per unit variable

cost v, a result consistent with the (-vi) term in the

Rubinstein relationship. Bowman [1979] demonstrated

analytically the existence of a relationship between the

operating beta Bu and the firm’s ”accounting beta” (defined as

the covariability of the firm’s accounting earnings with the

earnings of the market as a whole). Bowman then demonstrated

empirically that the beta of the unlevered firm, Bu, is closely

related to the accounting beta. The accounting beta has also

been shown to be associated with market-based estimates of beta

by Bell and Brown [1969], Beaver, Kettler, and Scholes [1970],

and Beaver and Manegold [1975]. while none of these studies

examined the operating beta of a multi-segment firm, they

nevertheless provide support for the Rubinstein expression as

it applies to the single-segment firm.
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Mohr [1983] examined the relationship between the

unlevered market-based beta, calculated as

Bu - BL / (1+(D/SLI), (8.8)

and the operating beta of the diversified firm, calculated as

Bo - 2i Xi Bi, (8.3)

where BL - the beta or systematic risk of the levered

firm,

Bu - the unlevered beta of the firm,

Bo - the operating beta of the diversified firm,

Bi - the operating beta of segment i,

D - the value of debt and preferred stock,

SL - the value of levered equity,

and Xi - the proportional investment in segment i.

The operating beta of segment or industry 1 (Bi) was formed by

calculating the beta of a portfolio of single-segment firms.

The single-segment firms were selected from the CRSP (Center

for Research in Security Prices) return tapes and were weighted

with the Rosenberg and Marathe [197535 weighting scheme. The

operating beta of the diversified firm (Bo) was then calculated

as the beta of a portfolio of industry or segmental betas. The

unlevered beta BU and the operating beta Bo when using a

matched pair t-test, however, were significantly positively and

linearly related. Mohr also found statistically significant

evidence of BU<Bo. She presents several possible explanations

for this unexpected relationship, including the assumption of

5 Rosenberg and Marathe asSign a weight to each segment i

which is inversely proportional to the residual variance of the

regression used to calculate each industry beta. The industry

involvements are thus weighted according to the ”confidence” of

the beta estimates. In this study, the Rosenberg and Marathe

weighting scheme will not be used. Instead, a proxy will be

chosen for the market value investment in each industry segment.
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risk-less debt in the Hamada relationship (8.8) and the

possibility of errors in this particular operationalization of

the model.

Mohr also fit the multiple regression model

BL - a + b1E1+(D/SL)J + b8EBoJ + e. (8.5)

The regression coefficients b1 and b8 of the model were both

positive and statistically significant, indicating that both

financial leverage and the operating beta contribute

information about the systematic risk of the levered

multi-segment firm. The addition of the operating beta term

significantly improved the explanatory power of the regression

model over a simple regression model containing only the

leverage factor.

The Rubinstein expression (8.1) provides a direct link

between the unlevered beta of the firm and the characteristics

of its component industries. The evidence of Section 8.8

indicates that the systematic risk of common stock is also

positively related to the degree of financial leverage employed

by the firm.
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8.8 Capital Structure: Theory and Evidence

8.8.a Capital Structure Theory

In 1958, Modigliani and Miller [1958, 1863, 1969]

formulated their famous MM Proposition 1:

”If Tc - 0, then UL - Uu”,

where UL - the value of the levered firm,

Uu - the value of the unlevered firm, and

Tc - the corporate tax rate.

That is, in a world without taxes, the equilibrium value of a

firm is independent of its capital structure.

In deriving this result, MM made several key assumptions

which established the conventional methodology followed in most

later analyses. Among the assumptions which have become

standard in the finance literature are the following list of

perfect capital market conditions:

a) competitive markets with many perfect substitutes

available for all securities,

b) frictionless markets including infinite divisibility

and marketability of financial assets, costless

capital markets with no transaction costs or taxes,

no constraining government regulations, and

no bankruptcy costs or costs of financial distress

(although financial distress and bankruptcy may occur),

c) informationally efficient markets (information is

costless and is received simultaneously by all

individuals),

d) all individuals are rational expected utility

maximizers and have homogeneous expectations with

regard to future events,

e) equal access to funds (all investors and firms can

borrow, lend, and issue claims on the same terms).

In addition, MM assumed that all cash flows were perpetual
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streams, including returns from investment and payments to

debt and equity.

Finally, MM assumed that the firm belongs to a risk-class

where the investment of each firm in the risk-class is propor-

tional: Xj - (1+P) ' Xi, where X represents the operating cash

flow of a firm in the risk-class. Thus, each firm in a risk

class differs only in the scale of operations and represents a

”chip off the old block”. Cash flow returns from investment

are identical or differ only by a scale factor P. Since firms

in the same risk-class are perfect substitutes per dollar

invested, the equilibrium behavior of all such firms is

necessarily identical. The risk-class assumption allowed MM to

use an arbitrage argument to determine the equilibrium value of

the firm.

Next, MM relaxed the restriction on corporate taxes and

demonstrated the MM Proposition I with corporate taxes:

If Tc > 0, then UL - Uu + PU (tax shield)

- Uu + Tc ' D,

where D - market value of debt,

PU - present value operator.

In equilibrium, in a world with corporate taxes, the value of a

levered firm is equal to the value of the equivalent risk-class

unlevered firm plus the present value of the tax shield from

the tax deductibility of interest payments. In such a world,

financial managers would finance investment entirely with debt

and thereby maximize the value of the firm. Of course,

Modigliani and Miller did not believe that this is how
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real-world firms should actually finance investment. In the

idealized MM world, however, this is the optimal financing

policy. The simple MM world served to structure the task of

relaxing the restrictive assumptions of the model to bring it

into concert with reality.

Subsequent analyses used the MM Proposition I as a base

case, relaxed one or more of the assumptions, and derived the

resulting equilibrium behavior of the firm and of investors.

Hamada C1978] began this process by combining the original MM

analysis with the Capital Asset Pricing Model (CAPM). Suppose

the cash available to meet fixed interest payments is always

greater than the fixed interest cost so that debt is risk

free. Alternatively, assume tax losses can be sold in the

market for Tc'D, their value to a tax-paying firm. In an MM

world with risk-free corporate debt and corporate taxes (but no

personal taxes or bankruptcy costs), the relationship between

the systematic risk of a levered firm and an otherwise

identical unlevered firm is the same as in the original MM

corporate tax case. Hamada reformulates this result as:

UL - UU + Tc ' D.

By assuming either quadratic utility or normally distributed

security returns, Hamada derived the systematic risk of common

stock as:

BL - BU + BU ' E (1-T) (DL/SL) 3,

where DL - the market value of debt,

SL - the market value of common stock,

BU - the systematic risk of the identical unlevered

firm,
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and BL - the systematic risk of levered common stock.

Finally, it is important to note that Hamada’s result is

contingent upon the independence of the financing and

investment decisions of the firm.

Bierman and Oldfield C1979] extended the Hamada result to

determine the value of the firm issuing risky debt in the

presence of corporate taxes. Bankruptcy costs and costs of

financial distress are assumed to be absent. If default does

occur the firm is allowed to continue operation and the actual

payment to debtholders is the random variable I such that

0113C, where C is the promised coupon payment. The CAPM is

invoked to simultaneously determine equilibrium required rates

of return for levered equity, unlevered equity, and debt. The

equilibrium value of the levered firm is shown to be:

UL - UU+TC£(I/Rf)-Ecov(I,km)'(km-Rf)/var(km)]/Rf)

UU+(TC'O/Rf)'C(I/O)

-Ccov(1,km)‘(km-Rf)/var(km)J/D)

UU + (TC‘D/RfJ'CkD

-cov(kD,km)'(km-Rf)/var(km))

UU + (TC'D)'(Rf/Rf)

- UU + TC'D,

where kD - the required rate of return on debt (a random

variable),

km - the required rate of return on the market

portfolio including both the debt and equity

securities (a random variable),

Rf - the risk-free rate of return,

I the (random) payment to debt.

The required rates of return kD, kL, and kU are linked together

through the Capital Asset Pricing Model. The MM Proposition I

result with taxes is again achieved with the restriction that

the value of debt is:



31

D - ((I/RfJ-[cov(l,km)‘(km-Rf)/var(km)J/Rf},

an amount that is simultaneously determined and linked to the

value of levered and unlevered equity through the CAPM. If

debt is risk-free as in the Hamada relationship, than kD-Rf and

the analysis again collapses to the MM case with corporate

taxes.

Conine E19803 extended the Bierman and Oldfield analysis

to demonstrate:

BL - BU (SU/SL) - BO ((1-TC)D/SL}

- Bu + Bu ((1-TC)D/SLJ - BD C(1-TC)D/SL),

where BO - the systematic risk of debt.

when debt is risk-free, bonds have no systematic risk and

BO-O. The model than reduces to the Hamada result:

BL - BU (SU/SL)

BU + BU ((1-TC)D/SL}.

Because the random return to debt I is a truncated

distribution in the presence of risk of default, the assumption

of a normal return distribution is violated. As such, within

the extended analysis of Conine and Bierman and Oldfield,

quadratic utility must be assumed in order to salvage the CAPM

as a pricing mechanism. This is discussed in more depth in the

section reviewing the literature on the systematic risk of

corporate bonds.

Miller [1977] extended the original MM model to include

taxes on personal equity (TE) and debt (TD). In such a world,

the value of the levered firm is:
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UL - UU + El-C(1-TC)(1-TE)/(1-TD))J ' D,

where TC - the corporate tax rate,

TE - the personal tax rate on equity income, and

TD - the personal tax rate on interest (debt) income.

Within this model, Miller argues that there is a single optimal

use of debt for the entire economy, but that due to the wide

array of personal tax rates, there is no optimal financing

policy for an individual firm. The market is only interested

in the total supply of debt and individual firms may have

different and still optimal capital structures. The

economy-wide use of debt is determined by the level of the

various tax rates. So long as the equilibrium supply of debt

and equity streams exists in the market, each individual firm

may maintain any desired financial structure. Each capital

structure class has a clientele of investors with a given set

of personal tax rates. Interestingly, this resurrects the

no-tax MM Proposition I that the value of the firm is

independent of its capital structure. Miller’s analysis is

appealing because it allows firms to select heterogeneous debt

ratios and is consistent with the myriad of corporate financial

policies that are observed in the market.

Kim (1978] presented the traditional view that costs of

bankruptcy and financial distress offset the benefits of the

tax deductibility of interest payments. Costs of financial

distress include both direct (legal and administrative) and

indirect (lost sales, management time spent on avoiding
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bankruptcy) costs. In Kim’s analysis, financial leverage

should be utilized until the present value of the costs of

financial distress and bankruptcy exactly offset the increase

in present value from the tax deductibility of interest

payments. The objective of the financial manager is to select

that capital structure which maximizes the value of the firm:

UL - UU + PU(tax shield) - PU(costs of financial

distress).

Maximizing UL with respect to the use of debt D yields the

result:

dPU(tax shield)/dD - dPU(costs of financial distressJ/dD;

ie. at the optimal capital structure, the marginal benefit of

the tax shield equals the marginal cost of financial distress.

As the probability of incurring costs of financial distress

rises, the question becomes one of ”who chickens out

first...the equityholders, the debtholders, or the managers of

the firm?”

DeAngelo and Masulis [1980] follow a similar approach by

including tax shields from other sources. These include

depreciation, depletion allowances, pension fund contributions,

the immediate expensing of investments in intangible assets,

and investment tax credits. As firms use these other methods

of shielding income from taxation, taxable income and hence the

available tax shields from interest payments are reduced. They

demonstrate that the firm may have an optimal capital structure

which is neither entirely debt nor entirely equity even in the
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absence of bankruptcy costs so long as the availability of tax

shields differs across firms.

Yagill E19883 integrated the MM and CAPM approaches and

included risky debt, corporate and personal taxes, and

bankruptcy costs. The resulting model, representing the

logical extension of the original MM analysis, identified the

following relationships:

UL - UU + D‘Cl-Z) - q’D

- UU + O'D,

where Z - (1-TC)(1-TE)/(1-TD) as in Miller [1977],

q - a function of debt 0 designed to represent

bankruptcy costs,

and 0 - ( 1 - Z - q ).

Also, Yagill showed that:

kL - kU + Z * E kU - kD ( 1-TD ) 1 f D / SL,

and BL - BU * (SU/SL) - BD ' 2 ' (D/SL)

- BU + 2 f C BU ((1+0)/2) - BO] ' (D/SL).

If debt is risk-free, the systematic risk of debt again reduces

to:

BL ' BU ' C1+Z'(D/SL)J,

‘ BU + BU EZ‘CD/SLJJ,

which is the Hamada E1969] expression adjusted for personal

taxes ala Miller [1977].

8.8.b Capital Structure Evidence

The optimal capital structure of the firm is one of the

unresolved problems in financial theory. while there is a rich

body of theoretical work (as discussed above), empirical

support for these models is sparse. Empirical examinations of
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several models of optimal corporate financial leverage are

examined in this section. These examinations focus primarily

on the debt tax shield-bankruptcy cost tradeoff, the existence

and importance of direct and indirect costs of financial

distress, the importance of non-debt tax shields such as

depreciation, depletion and investment tax credits, and the

size of the tax advantage of debt.

Costs of financial distress include a diverse array of

direct and indirect costs. Legal and administrative costs are

direct costs associated with liquidating or reorganizing the

firm. Indirect costs include lost sales and greater expenses

suffered as the probability of default increases. The bank

runs experienced by depository institutions as bankruptcy

approaches represent probably the most dramatic example of

these indirect costs.5 Other indirect costs include agency

costs (Jensen and Meckling (1976]), moral hazard costs

(Holmstrom [1975]), and the costs of contracting debt covenants

and monitoring conformity of the firm to the debt covenants.

Agency costs and moral hazard costs are sufficient to require

debt covenants to protect the debtholders from detrimental

financing and investment decisions by management. Attempts to

5 The indirect cost of a bank run can impact both large money

center banks like Continental Illinois as well as smaller

institutions, as recently occurred with Ohio’s Savings and Loan

industry. while Continental had the financial reserves and

political connections to weather the storm, many of the Ohio 5&Ls

were not so fortunate.
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measure the existence and size of the direct and indirect costs

of financial distress have met with limited success.

Uarner [1977], in the most widely cited reference on the

costs of bankruptcy, measured direct legal and administrative

costs for eleven bankrupt railroads. These direct costs

averaged 5.3% of the market value of the railroads at the time

of liquidation or reorganization. They averaged only 1% of the

market value of the railroads as measured 7 years prior to the

judgement. In addition, distribution of the proceeds of the

liquidation was often delayed up to 10 years by litigation.

Warner recognized that these direct costs of bankruptcy applied

specifically to the railroad industry which is composed of

large firms possessing primarily tangible assets.

Nevertheless, Warner suggests that these bankruptcy costs are

too small to allow an interior solution using the traditional

tax shield-bankruptcy cost argument. The Uarner study did not

address, however, the issue of the size and importance of

indirect costs of bankruptcy.

Measurements of the indirect costs of bankruptcy are

particularly difficult because these costs are often oppor-

tunity costs and hence they defy specification and

measurement. Altman [1985) used a regression method for deter-

mining indirect bankruptcy costs which he defined as unexpected

losses. On average, direct and indirect (unexpected losses)

costs of bankruptcy ranged from 112 to 17% of the value of the

firm up to three years prior to bankruptcy. Bankruptcy costs
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were frequently over 802 of firm value. Altman compared the

expected present value of bankruptcy costs with the expected

present value of tax benefits from leverage and concluded that

bankruptcy costs were indeed significant.

Castanias (1983] examined the relationship between

financial leverage and the historical failure rates of various

lines of business. Firms in lines of business with high

failure rates tended to make less use of financial leverage.

(This is consistent with the results of Bradley, Jarrell and

Kim [1985) mentioned below.) Castanias found ex ante default

costs to be especially significant for small firms. The

observed negative relationship between leverage and bankruptcy

is again consistent with the tax shield-bankruptcy cost model

of optimal capital structure.

Masulis [1983] examined the response of share prices to

pure capital structure changes. He focused on issuer exchange

offers and recapitalizations which changed financial leverage

without a simultaneous change in asset structure. Stock price

and firm value were positively related to increases in

financial leverage. Nonconvertible senior security prices were

negatively related to increases in financial leverage and the

magnitude of these price changes was greater when the exchange

offer or recapitalization involved securities of equal or

greater seniority than those outstanding. This suggests

changes in financial structure induce wealth transfers across

security classes and bond indenture agreements are designed to
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reduce or eliminate the risk of these wealth transfers.

Masulis concluded that his results were consistent with the

tax-based models of optimal capital structure.

There have also been several recent efforts at specifying

alternative models of the optimal capital structure of the

firm. Bradley, Jarrell and Kim [1985] develop a single-period

model of the firm incorporating corporate and personal taxes,

costs of financial distress (including direct bankruptcy costs

and agency costs of debt), non-debt tax shields

(eg. depreciation), and uncertain cash flows to the firm. The

optimal use of debt is theoretically shown to be inversely

related to the expected costs of financial distress and to the

amount of non-debt tax shields. Further, if costs of financial

distress are significant, a greater variability of firm

earnings theoretically results in a lower optimum use of finan-

cial leverage. Bradley, Jarrell and Kim then found empirically

that the variability of firm earnings helped explain both

inter- and intra-industry variations in financial leverage.

Firms and industries with a greater variability of earnings

generally used less debt in their capital structure.

Kalaba, Langetieg, Rasakhoo, and Ueinstein C1985] develop

a partial differential equation model of firm value to estimate

the bankruptcy costs implicit in security prices. Simulation

was then performed to demonstrate that their ”quasilinear

estimation” may be a viable technique for estimating implicit

bankruptcy costs. Kane, Marcus, and McDonald [1985] propose an
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option valuation model with corporate and personal taxes to

determine the size of the tax advantage of debt. Simulation

results than indicate that variations in the size of bankruptcy

costs across firms are insufficient to account for the

existence of both levered and unlevered firms. Both of these

model simulation approaches, however, are highly sensitive to

model misspecification. Nevertheless, they do represent

innovative approaches to the determination of optimal capital

structure.

In summary, the preponderance of evidence supports the

theoretical view of the optimal capital structure of the firm

as a balancing of the tax advantage of debt against the various

leverage-related direct and indirect costs of financial

distress and the loss of non-debt tax shields. Furthermore,

this balancing occurs in the presence of differential personal

taxes on capital gains and ordinary income.

8.8.c Models Examined in this Research

In this study, both the Hamada and Conine models are

incorporated into the methodology and empirically examined:

a. Hamada - corporate tax case

BL - BU+BU'(1-TC)'(D/SL),

b. Conine - corporate taxes and risky debt

BL ' BU+BU'C(1-TCJ'CD/SL)}-BD'C(1‘TC)'(D/SL)}.
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Reflecting their theoretical evolution, the models hopefully

represent progressively more accurate portrayals of the

systematic risk of common equity.

The models of financial structure of Section 8.8 are not

tested beyond the Conine equation with risky corporate debt and

corporate taxes. Although Yagill, for instance, has developed

a theoretical model which incorporates costs of financial

distress and personal tax rates, his model is difficult to

empirically test. The exact functional form of the costs of

financial distress is not known, and perhaps also varies across

both industries and firms and over time. Heterogeneous

personal tax rates likewise hamper investigations into the

aggregate effects of personal taxes on systematic risk. This

research is thus an attempt to extend the empirical literature

beyond the Hamada relationship. No claim is made that this

study represents or should represent the final word on the

empirical relationship between capital structure and systematic

risk.



51

8.3 The Systematic Risk of Corporate Bonds

The theoretical models and empirical results of Section

8.8 indicate that the riskiness of debt is a key factor

affecting firm value and systematic risk. Since capital

structure models including risky debt are examined in the

present research, studies that have investigated the

determinants and measurement of risky corporate debt are

reviewed in this section.

8.3.a Firm Characteristics and the Systematic Risk of Debt

and Equity

Early studies of risk in corporate bonds attempted to

demonstrate a relationship between the business and financial

risk of the firm and market-based estimates of the debt and

equity beta. Fisher [1959] found that earnings variability,

reliability in meeting financial obligations, financial

leverage, and bond marketability all played a part in

determining the risk premium on corporate bonds. The operating

and financial decisions of the firm also affect the market

expectations of investors and hence should contribute to the

volatility of the firm’s equity securities. Another early

study by Beaver, Kettler, and Scholes examined the ”Association

between Market Determined and Accounting Determined Risk

Measures” E1970]. Statistically significant correlations were

discovered between the systematic risk of common stock and
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several accounting measures. These included the dividend

payout ratio, financial leverage, earnings variability, and

earnings covariability with the earnings of other firms (or the

’accounting beta’). These two studies would indicate that the

systematic risk of corporate debt is related to the internal

operating and financial characteristics of the firm.

Reilly and Joehnk [1976] noted the relationship between

internal corporate variables and the systematic risks of debt

and common stock that had been demonstrated in the Fisher and

Beaver, et.al. studies. The same internal corporate variables

(financial leverage is of particular importance for this study)

were then related to bond ratings and risk premiums on corpor-

ate debt. Noting that bond ratings (Moody’s and Standard and

Poor's) should reflect the internal risk characteristics of the

firm, Reilly and Joehnk tested the hypothesis that systematic

risk is an appropriate risk measure for a bond. That is, if

the hypothesis is true, market-based measures of systematic

risk should be inversely related to bond ratings. Seventy-

three investment quality bonds (Moody’s ratings Aaa to Baa)

with maturities of 80 to 35 years were examined over a six year

period. The market-determined systematic risk,

BO - corr (debt,market) E 6(debt) / 6(market) J,

was calculated using market indices comprised entirely of

either stock or of bond returns. No attempt was made to form

an index combining the separate markets for stocks and bonds.

As a result of their research, Reilly and Joehnk failed to find
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an association between bond ratings and either the systematic

risk or the total risk of the bonds.

This curious lack of association between bond ratings and

the systematic risk of bonds deserves some further discussion.

Reilly and Joehnk suggest that the market risk of a bond issue

should be related to the financial characteristics of the

firm. The reason for the observed lack of association then

lies in the bond pricing mechanism and in the definition of

systematic risk. Bond price changes arise primarily from

changes in the level of interest rates. Macroeconomic varia-

bles, including changes in anticipated inflation, in Federal

Reserve Board policy, and in the supply and demand for loanable

funds, conspire to move interest rates. In contrast, new

information regarding changes in the risk characteristics of a

bond result in relatively fewer price changes. The correlation

coefficient between bond price changes and price changes in the

level of the market portfolio surrogate then depends primarily

on changes in the macroeconomic determinants of interest rates

and not on the riskiness of a particular offering. Also, for a

high-quality bond offering, it is likely that the standard

deviation of bond returns is likewise more closely linked to

macroeconomic factors than to factors specific to the firm.

Reilly and Joehnk’s result is then not surprising. High-grade

corporate bond yields move together and different corporate

bonds have similar systematic risks irrespective of differences

among the firms.
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Ueinstein [1981] investigated the systematic risk of

corporate bonds in terms of default risk (bond ratings) and

interest rate risk. He corroborated Reilly and Joehnk’s bond

rating results with many more bonds and an extended time

period. The systematic risk of bonds was unrelated to bond

ratings for investment quality bonds rated Aaa to Baa. For

bonds rated Ba and below, however, there was a statistically

significant correlation with beta. Lower rated bonds with

higher risk of default exhibited higher systematic risk.

Ueinstein concluded that default risk does play some role in

determining the beta of a medium or low-quality issue, but does

not discriminate between the investment quality issues.

In order to examine interest rate risk, Ueinstein

regressed BD on term to maturity and coupon rate. Term to

maturity was positively related to the bond beta reflecting

higher interest rate risk on long-term bonds. B0 was

negatively related to the coupon rate. Higher coupons shorten

the duration or effective maturity of the bond and thus reduce

the exposure to unanticipated changes in the level of interest

rates. In fact, bond price volatility is linearly related to

the duration of a bond (Hopewell, M. and 6. Kaufman, 1973].

Usinstein concluded that interest rate risk plays a key role in

the determination of the systematic risk of corporate bonds.

This result is consistent with Reilly and Joehnk’s explanation

of the lack of variation in the systematic risk of high-quality

corporate bonds. weinstein [1983] subsequently empirically
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demonstrated that long term bonds have greater systematic risk

than short term bonds, but that systematic risk is also

positively related to the level of financial leverage and to

the variability in firm value for bonds below investment

quality.

Usinstein’s results are consistent with Reilly and

Joehnk’s intuitive argument that bond ratings and bond betas

should be inversely related. McEnally and Ferri [1968] claim

that the relationship between the bond betas and their

determinants is obscured because the ceteris paribus conditions

seldom hold.6 That is, corporate bonds differ in coupon rate,

term to maturity, marketability, the risk of call, sinking fund

requirements, and other provisions of the bond indenture. They

also differ in their response to changes in interest rates,

risk premia, corporate leverage, tax clienteles, and other

characteristics of the corporate and market environments.

Finally, they differ in duration, which is a function of the

coupon rate, term to maturity, and yield. And, of course, even

the choice of market index affects both the level of bond betas

and their sensitivity to changes in other factors. The real

world is not a laboratory. The problem lies in the difficulty

of examining changes in a single variable while holding all

else constant.

6 McEnally and Boardman E19793 initially found that lower

bond ratings are often associated with lower bond betas. In a

later analysis, McEnally and Ferri E19883 reversed this finding

in a multivariate setting and claimed that, ceteris paribus, bond

ratings and the systematic risk of bonds are inversely related.
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In sum, these studies indicate that the systematic risk of

corporate debt is related to 1) bond ratings, ii) maturity, and

iii) the characteristics of the firm, including the use of

financial leverage by the firm. More pertinent to this study,

researchers have observed that, within rating classes, there is

little variation in the systematic risk and required return of

debt. Between rating classes, there is a small but

statistically significant difference in systematic risk. This

difference, however, appears to be dominated by the duration of

the bond and by provisions of the bond issue.

8.3.b The Actual Estimation of BD

An excellent place to begin a discussion of the actual

estimation of bond betas is with a study by Alexander [1980].

Alexander investigated the shortcomings of applying the market

model

Rit - ai + bi’rmt + eit,

to risky corporate debt. His sample included 63 investment

quality (Moody’s rating Aaa to Baa) corporate bonds with a

term-to-maturity between 80 and 30 years over the six year

period 1967 through 1978. Continuously compounded monthly

returns adjusted for accrued interest were regressed on

various market indices.7

7 In the presence of violations of the distributional

assumptions on returns to debt, quadratic utility must be assumed

to preserve the interpretation of the debt beta. Pratt E19653
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Theoretically, the choice of a market portfolio index

should include a combination of marketable assets consisting of

common and preferred stock, government and corporate bonds,

commodities such as gold and silver, Old Masters paintings, and

so forth. Human capital, a nontransferable asset, might also

be included [see Fame and Schwert, 1977]. Most applications of

the market model have, however, focused on the market for

common stocks. A stock market index is then selected to

represent this class of securities. When the market model is

applied to corporate debt, a choice must be made as to the

relevant market surrogate. Alexander selected the CRSP (Center

for Research in Security Prices, University of Chicago) value

weighted NYSE stock return index (including dividends and

capital gains) to represent the stock market. As a proxy for

high-grade corporate bonds, Ibbotson and Singuefield’s Long -

Term Corporate Bond Index was chosen. A third index was

has shown that quadratic utility exhibits increasing absolute

risk aversion,

R(U) - - Eu”(w) / u’(U)],

where U represents wealth. An individual exhibiting this

behavior will assume less risk the larger his wealth. Since this

conflicts with our intuition and with our observation of

individual behavior, quadratic utility is of limited usefulness

in explaining or predicting behavior. On the other hand, the use

of quadratic utility has a long tradition in uncertainty

analysis. It is roughly consistent with our observations of

individual behavior. Individuals do prefer more to less, and its

mathematical simplicity makes it a convenient and powerful tool

in the analysis of decisions under uncertainty. while our

assumption of quadratic utility is not a completely satisfactory

solution to the problems encountered in applying the market

model, it does salvage the interpretation of a bond beta as the

contribution of debt to the total riskiness of a well-diversified

portfolio.
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constructed to represent the combined stock and bond markets.

This index was a linear combination of the aforementioned stock

and corporate bond indices and of Ibbotson and Sinquefield’s

long-term government bond index. This aggregate index was

composed of 602 common stock, 302 long-term corporate debt, and

.102 long-term government debt. The market value weights were

taken from the Federal Reserve Board ”Flow of Funds” data.

Alexander then examined the distributional assumptions of

in the market model. In the above market model regression

equation, the following assumptions should hold:

1) Normal residuals eit “ N C 0, aCeit) )

8) No residual autocorrelation cov (eit,eit-1) - 0

3) Independent regressor and residuals

cov (eit,rmt) - 0

&) Homoskedastic residuals 6(eit) - 6(eit-1)

The assumption of zero mean residuals always holds in a

simple regression model with a single independent variable.

The OLS estimators of beta B and standard deviation 6C8) are

then unbiased and consistent (Schmidt, 35-38].

Residual nonnormality alone is not a serious problem since

the OLS estimators maintain their unbiasedness and

consistency. Nonnormality in the residuals does, however, have

consequences for the distributions of the estimates of B and

6(a). These estimates are no longer efficient (or even

asymptotically efficient) estimators of beta and of the

residual standard deviation. B is no longer normally
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distributed, so interpretation of the standard error of the

estimate is impaired. Tests of hypotheses concerning B and

6(3) are no longer valid (Schmidt, 55-65]. Alexander used the

studentized range test statistic of Fame (1976, pg 8]

SR - ( maxCei) - min(ei) ] / 6(81),

to test the hypothesis of normality. He was unable to reject

normality when using either the stock or combined indices.

However, when using the debt index, nearly half of his sample

bonds demonstrated significant residual nonnormality.

Next, Alexander used the Durbin Watson statistic to test

for autocorrelation in the error terms. The residuals eit

reflect the influence of all factors not explicitly included in

the independent variable rmt. when autocorrelation exists in

the error term it means that all explanatory factors have not

been captured in the independent variable. In the presence of

residual autocorrelation, the estimate of beta remains unbiased

but the confidence intervals around B can no longer be trusted

because the estimate of the residual variance is no longer

unbiased. Alexander concluded from the Durbin-watson statistic

that the autocorrelation assumption holds when using either the

stock index or the combined index. However, when using the

debt index, again nearly half of the bonds examined exhibited

serial correlation in the residuals. Reilly and Joehnk (1976]

also found significant autocorrelation when using a bond index

and no significant autocorrelation when using a stock index.
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The assumption of independence of the error term eit and

the independent variable rmt is not of consequence under OLS

since

cov(eit,rmt) - cov(rit - ai - bi'rmt, rmt)

- cov(rit,rmt) - cov(ei,rmt) - bi ' cov(rmt,rmt)

- cov(rit,rmt) - (cov(rit,rmt)/var(rmt)] * var(rmt)

- 0.

Regarding the last assumption, Alexander found no serious

evidence of heteroskedasticity in the residual variance for any

of the three market indices. He applied the Goldfeld-Ouandt

test (see Johnston, 1978) which determines if residual variance

is an increasing function of rmt. A more exact test may have

revealed evidence of heteroskedasticity, but none was

performed.

Nonstationarity in beta was also observed. Bond betas

tended to rise over the early years of their life and decline

in later years. The rise in the early years was apparently due

to the rise in bond yields over the time period studied. The

subsequent decline was due to the decreased interest rate risk

and probability of default as the maturity date approached.

Thus, Alexander found serious violations of the regression

conditions when a bond index was used. Less serious

violations, primarily in the stability of beta over time, were

observed with the stock and combined stock and bond

portfolios. As such, violations of the regression assumptions

are not severe when using a broad market index.
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Nonstationarity in beta is the most worrisome, although

nonstationarity is to be expected in fixed income,

finite-maturity assets. Alexander concluded that caution

should be exercised in the interpretation of results from

bond market applications of the market model, especially when

using a bond portfolio as the market surrogate. Applications

of the market model to corporate debt when using a stock or

combined market surrogate suffer the same limitations as when

applied to common stocks alone.8

8 The choice of a market portfolio surrogate index is an

important and difficult decision. Roll (JFE, 1977] has

demonstrated the consequences of our inability to measure the ex

ante or expected return on the market portfolio. All testable

implications of the theory follow from the ex ante efficiency of

this market portfolio. without knowledge of the true market

portfolio expected return, we are unable to test the market model

or the CAPM. If an ex-post efficient index is used as the market

return, than all securities will fall on the security market line

and no security will exhibit abnormal performance. If an ex-post

inefficient index is chosen, then the choice of a specific

inefficient index will determine the measure of abnormal perfor-

mance. Different ex-post inefficient indices will result in

different rankings of abnormal performance. The validity of the

CAPM must be jointly tested with market efficiency. Any test of

a theory is necessarily dependent upon the accuracy of the

empirical data used to test the theory. when the empirical data

only approximates the true market portfolio expected return,

this approximation also impairs the validity of our test of

theory.

The market index should ideally consist of all marketable

and nonmarketable risky assets, including stocks, bonds,

commodities, Old Master paintings, human capital, and so forth.

Returns for many of these assets do not conform to our assumption

of normality, so we are forced to assume quadratic utility to

preserve the CAPM. Even neglecting violations of the assumptions

regarding the distribution of returns on assets, it is still

virtually impossible to construct a market portfolio including

all risky assets. This has prompted Ross (JF, 1978] to conclude

”...for empirical work we are going to have to settle for looking

at subsets of the whole set of assets.”



58

In the literature, actual estimates of the systematic risk

of bonds are fairly consistent when a stock portfolio or a

combined stock and bond portfolio is used as the market

surrogate. Table 8.1 presents several estimates of bond betas

for various market indices and bond ratings. The range of

estimates when using a stock portfolio is from 0.16 in the

McEnally and Ferri study to 0.858 in the Sharpe study. Using a

combined stock and bond market surrogate, the range was from

0.190 in the Ueinstein study to 0.378 in the Alexander study.

The studies used different market surrogates as well as bond

samples and thus would be expected to yield slightly different

estimates of the systematic risk of bonds. More importantly,

the standard deviations (in parentheses) around each of the

estimates consistently describe a distribution which does not

very much from the estimate itself. Thus, debt issues within a

given rating class and, to an extent, between ratings classes,

exhibit much the same levels of systematic risk.

The conclusion that may be drawn from this literature is

that the systematic risk of corporate bonds is relatively

uniform within a bond rating category. Consequently, when

estimating the systematic risk of a levered firm by the Conine

relationship,

BL - BU ( 1 + (1-TC) D/SL ) - BD ( (l-TC) D/SL ),

we do not need an estimate of BD which is specific to each

firm. At the most, all that is required is an estimate of the
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systematic risk of bonds that are in the same rating class as

the firm’s bonds.

In this study, rather than generating a separate bond beta

for each firm, a single beta estimate was applied to all of the

sample firms. In accord with the results of Table 8.1, a bond

beta of .30 (consistent with the use of a stock and bond market

index) was selected. This choice provides a convenient and

supportable means of empirically testing the Conine model.
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Chapter 3 Systematic Risk - Underlying Theory

3.1 The Multi-Segment Firm

The Capital Asset Pricing Model (CAPM) of Sharpe(196&],

LintnerElSSS], and Mossin(1966] specifies a relationship

between the systematic risk of an asset and its expected

return:

E(k] - Rf + B (E(ka-Rf), (3.1)

where

E( ] the expectations operator

k the random return on an asset

Rf - the rate of return on riskless borrowing

and lending

km the random return on the market portfolio

B - the systematic (nondiversifiable) risk of an asset

Many firms, however, are comprised of several operating

divisions. These conglomerate or multi-segment firms may be

considered as a portfolio of individual assets. If a

multi-segment firm includes n divisions or segments of industry

i, then the total expected return of the portfolio of

industries is

E(k] - Ei Xi ' E(ki], (3.8)

where the Xi represent the proportion of the entire firm’s

assets invested in industry i. It follows that the systematic

risk of the multi-segment firm is:

B - 21 X1 * Bi, (3.3)

ie., a weighted average of the betas of the component assets

where the market value proportions of the invested assets are
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used as weights. Rather than treat the multi-segment firm as

a single asset, we may consider it to be a portfolio of assets

each with unique risk-return characteristics.

To demonstrate that B - Ei Xi ' Bi, define the covariance

of return between two assets a and b as

cov(ka,kb) - 2o Po ' (ka-ECkaJJCkb-Etkbl) (3.9)

where

cov(ka,kb) - covariance of return between a and b,

ka,kb - return on assets a and b in state 0,

E(ka],E(kb] - expected return on assets a and b,

Po - probability of event 0 occurring (EoPo-l).

Then the covariance of return between a portfolio c with

expected return E(kc] - Ei Xi ‘ E(ki] and the market portfolio

m is

cov(kc,km) Eo Po (kc-E(kc]) (km-E(km])

- to P0 ( 21 Xl'ki - £1 Xi'EEkiJ) (km-E(ka)

- to PD C 21 Xi (ki-EEki])] (km-E(ka)

- 2i C Xi ( Eo Po (kl-E(kiJ) (km-E(km])])

- 21 X1 ' cov (ki,km). (3.5)

Since cov(kc,km) corr(kc,km) ' c(kc) ' 6(km)

- corr(kc,km) * aCkc) ‘ d'Ckm) / o(km)

' Bc ' c'Ckm), (3.6)

where c( ) represents the standard deviation of the asset’s

returns, than

Bc o'Ckm) - Ei Xi ' Bi * 6*(km)

or Be - Ei (Xi ' Bi). (3.7)
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3.8 The Lavered Firm with Risky Debt and Corporate Texas

In 1958, Modigliani and Miller (MM) wrote their seminal

paper on ”The Cost of Capital, Corporate Finance, and the

Theory of Investment”. In this paper, MM established a

methodological framework that has been followed by many

subsequent studies of the cost of capital, capital structure,

and the valuation of corporate securities. The conventions

established by MM include the following set of assumptions:

1) Capital markets are frictionless

8) There are no costs of bankruptcy

3) Firms issue only equity and fixed-income debt

securities

5) All cash flow streams are level perpetuities

The last assumption allows the use of the Gordon Ualuation

model with no growth; i.e.,

k - CF/Ualue or Ualue - CF/k,

where k is the required or expected return of investors and the

before-tax cost of capital to the company, CF is the cash flow

level of the perpetuity, and U is the present value or price of

the claim. The cash flow streams may be random variables, in

which case they must be stationary through time with a constant

expected value E(CF].

In addition, MM assumed that firms can be categorized into

risk classes. Two firms a and b are in the same risk class if

and only if their net operating returns are proportional;
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i.e. NOIa - z ' NOIb. The firms’ operating cash flows differ

only by a scale factor 2. while MM’s analysis relies heavily

on this assumption, Mossin (1973, 119-188] has shown that, if

quadratic utility is assumed, it is possible to value

investments with completely arbitrary return distributions

within the framework of the CAPM. SinCe proceeds to debt are

nonnormal, we need to assume quadratic utility anyway to

preserve our asset valuation model. As such, the MM assumption

of the proportionality of operating returns will not be neces-

sary in the subsequent CAPM analysis.

The following analysis is based primarily on Bierman and

Oldfield’s (1979] and Yagill’s (1988] augmented MM model with

risky corporate debt, but also draws from Conine (1980]. The

following definitions describe the framework and are used

throughout the analysis. Let u be an unlevered firm with cash

operating income or cash flow before taxes X (a random

variable). Let L be an otherwise identical levered firm with

the same business risk and identically distributed operating

cash flow X. After-tax proceeds from the infinite flow of

earnings X are distributed to debt holders in the amount I (a

random variable) with the residual after-tax cash flow distri-

buted to equity holders. There are no personal taxes on

interest income or dividends. No earnings are reinvested in

the firm.

Next, define the following:

ku,kL random equity returns such that E(k] is expected

return and k is required return
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kd random return on debt

I random interest payment to debt

0 market value of debt such that D - E(I] / kd

km,Rf random after-tax market return and risk-free

rate of return

Su,SL market value of equity

Uu,UL total firm value such that Uu-Su and UL-SL+D

Z the market price of risk such that

2 - (E(ka-RfJIvaerm)

cov(s,t) covariance between random variables s and t

T corporate tax rate

E( 3 expected value

The random cash flow available to the unlevered firm is

X(1-T)1. Using the Gordon no growth relationship and the CAPM,

ku - E(CF]u / Ualueu

- E(X] (1-T) / Su, (3.8)

so that E(X] (1-T) - ku ' Su. (3.8)

1 This tax rate is in fact an average tax rate over the

taxable income of the firm. Consider the case where there are M

marginal tax rates t1, t8,...,tM such that (0 1 t1 3 ... g tn 3

1] over the marginal taxable income brackets X1,X8,...,XM-1,XM

(XM could be set equal to infinity, the maximum income the firm

may earn). Let the underscore character ”_” denote a vector

dimensioned 1xM so that 1 - (X1,X8,...,XM]’ and I - (t1,t8,

...,tMJ’. Let N_- (1,1,...,1]’ be an identity matrix dimensioned

1xM. If the corporation earns operating income

X - X1+X8+...+XM - Xf'u

over the M brackets, than total after-tax corporate income is

X1'(1-t1) + X8“(1-t8) + ... + Xm'Cl-tM)

-z<_"<u.-p
- X ‘ (l-tavg)

- X ' (l-T)

where T - the average tax rate over all income of the firm.

The total after-tax corporate income is simply the before-tax

income times the average tax rate. Similarly, for a firm with

interest payments on debt I, after-tax income may be defined as

(X-I)'(1-T) where T is again the average tax rate over the

(levered) taxable income (X-I). The following proofs are

based on cash flows to the levered and unlevered firms and are

thus correct in a world with marginal tax brackets so long as T

is interpreted as the average tax rate over all taxable income of

the firm. If the corporate tax rate is a single flat rate tax,

then this is the average tax rate as well.
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If the financing and investment decisions of the firm are

independent so that Xu - XL - X, then for a firm with corporate

taxes and risky corporate debt such that D - E(I]/kd -> E(I]

- kd * D,

kL - ((E(X]-E(I])(1-T)] / 5L

- (E(X](1-T)-E(I](1-T)] / SL

- (E(X](1-T)-(kd'D)(1-T)] / SL

so that

E(XJCl-T) - (kL‘SL) + (kd'D)(1-T). (3.10)

Equating equations (3.9) and (3.10) gives

ku * Su - (kL'SL) + (kd'D)(1-T). (3.11)

Note that UL - Uu + TD

so that SL + D - Uu + TD

- Su + TD,

and Su - 5L + D(1-T). (3.18)

Solving (3.11) for the required return on the levered equity,

kL ' C(ku‘Su)/SL)-kd(D/SL)(1-T)

ku (SL+D(1-T))/SL - kd (D/SLJCI-T)

ku (1+(D/SL)(1-T)] - kd (D/SL)(1-T). (3.13)

According to the CAPM,

kL - Rf + Z cov(kL,km),

ku Rf + Z cov(ku,km),

and kd Rf + Z cov(kd,km). (3.1%)

Substituting equations (3.1%) into equation (3.13) and

simplifying,

kL ' [Rf + Z’cov(ku,km)] [1+(D/SLJC1-TDJ
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- [Rf * Z'cov(kd,km)] E(D/SL)(1-T)J

Rf (1+(D/SL)(1-T) - (D/SL)(1-T)]

+ Z‘cov(ku,km)

+ Z‘cov(ku,km)(D/SL)(l-T)

- Z“cov(kd,km)(D/SL)(1-T)

Rf + Z'cokau,km)

+ Z'cov(ku,km)(D/SL)(1-T)

- Z'cokad,km)(D/SL)(l-T) (3.15)

- Rf + 2 * cov(kL,km). (3.16)

Subtracting the risk-free rate Rf from both sides of (3.15) and

(3.16),

(2'cov(kL,km)] - 2*cov(ku,km)

+ Z'cokau,km)(D/SL)(1-T)

- Z’cov(kd,km)(D/SL)(1-T). (3.17)

But, from the definition of Z,

2'cov(kL,km) - ((E(km]-Rf)/var(km)] cov(kL,km)

- BL (E(ka-Rf],

Z'cov(ku,km) - Bu (E(ka-Rf],

and 2*cov(kd,km) - Bd (E(ka-Rf]. (3.18)

Substituting equations (3.18) into equation (3.17), and solving

for the systematic risk of the levered firm’s equity,

BL - Bu + Bu (D/SL)(1-T) - Bd (D/SL)(1-T),

or BL - Bu (1+(D/SL)(1-T)] - Bd((D/SL)(1-T)] (3.19)

‘ BU [(SL+D(1-T))/SLJ - Bd E(D/SL)(1-T)J,
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which is precisely the relationship derived by Conine (1980]8,

BL - Bu (Su/SL) - Bd (D/SL)(1-T). (3.80)

In equation (3.19), it is evident that the systematic risk

of a levered firm with risky debt and corporate taxes consists

of an operating risk component Bu, a financial risk component

which reflects corporate taxation (l+(D/SL)(1-T)], and a risk

component arising from the use of risky debt in the presence of

corporate taxation (BdCD/SL)(1-T)].

Multiplying each side of equation (3.19) by (E(ka-Rf] and

adding the risk free rate of return, we obtain the required

equity rate of return for the levered firm L:

kL - Rf + BL (E(ka-Rf]

- Rf + ( Bu (1+(D/SL)(1-T))] (E(ka-Rf]

- C Bd (D/SL)(1-T)J EECka-RFJ. (3.81)

8 Recall from footnote 1 that T represents the average tax

rate of the firm. Similarly, beta represents the average

systematic risk of equity over all assets of the firm.
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3.3 The Levered Multi-Segment Firm with Risky Debt

and Corporate Taxes

Given the systematic operating risk components iBu of the

unlevered firm with i - 1,8,...,n segments, the unlevered

systematic risk of the entire firm as a portfolio of segments

is

Bu - Ei Xi ' iBu.

To ’lever-up’ this Bu by the previously derived relationship,

let

BL - Bu (1+(D/SL)(1-T)] - Bd (D/SL)(1-T)

or BL - (1+(D/SL)(1-T)] (Zi Xi’iBu]

- Bd (D/SL) (1-T) (3.88)

The systematic risk of a levered multi-segment firm is composed

of a financial risk component (1+(D/SL)(1-T)], the weighted

sum of the segmental systematic operating risks iBu using

market value proportions Xi as weights, and an adjustment for

risky corporate debt in the presence of corporate taxes

Bd(D/SL)(1-T). Notice the implicit assumption that all

segments of the multi-segment firm share in the financial

leverage of the firm. If the investment and financing

decisions of the firm are independent, this is not a debili-

tating assumption. A more intensive investigation of the debt

capacity of the individual segments of the firm will not be

undertaken.
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3.8 The Levered Multi-Segment Firm with Risky Debt,

Corporate and Personal Taxes, and Bankruptcy Costs

Yagill (1988] extends the above analysis to include:

te - personal tax rate applicable to equityholders

td - personal tax rate applicable to debtholders

qD - bankruptcy costs as a function of the amount of debt

(Yagill assumes this is a linear function of debt)

The after-tax cash flow available to the unlevered firm’s

equityholders is X(1-T)(1-te). If ku is the after-tax required

return on the common stock value of Su, then, under the

perpetuity model,

Uu - Su

- E(X] (1-T) (l-te) / ku, (3.83)

which implies

ku X (1-T)(1-te)/Su

- Rf + Z cov(ku,km), (3.85)

so that

X (l-T)(1-te) - ku P Su

- Su ' (Rf + Z cov(ku,km)]. (3.85)

The expected after-tax cash flow to equityholders of the

levered firm is ((E(X]-E(I])(1-T)(1-te)]. The value of the

levered firm with risk-free debt in this case has been shown by

Miller (1977] to be:

UL - Uu + D * {1-(1-T)(1-te)/(1-td)]. (3.85)

when debt is risky and bankruptcy costs exist, the value of a

levered firm will be the value of the unlevered firm plus the
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value of the tax shield from the tax deductibility of interest

expense minus the value of the bankruptcy costs:

UL - Uu + D P (1-C(1-T)(1-te)/(1-td)]) - qO

- Uu + OD

- Su + DD (3.87)

where O - C 1 - ((1-T)(1-te)/(1-td)] - q) adjusts for leverage

and bankruptcy costs. The required rate of return of

equityholders is then given by:

kL - ((E(X]-EEI])(1-T)](1-te) / SL

- C E(X] (l-T) - E(I] (1-T) 3(1-te) / SL

E E(X] (1-T)(1-te) - (deD)(1-T)(1-te) J / 5L

Rf + Z cov(kL,km), (3.88)

so that

E(X] (1-T)(1-te) - (kL P 5L) + kd (D/SL) (l-T) (1-te).

(3.89)

Equating equations (3.85) and (3.89) gives

ku P Su - (kL P 5L) + kd (D/SL) (1-T)(1-te). (3.30)

Next, note that Ul - SL + D

- Su + D P (l-(l-T)(1-te)/(1-td)] - qPO

- Su + DD,

so that Su - 5L + D(l-O). (3.31)

Solving (3.30) for the required return on levered equity,

kL _ C ku (SL+D(l-O))/SL - (kd(D/SL)(1-T)(l-te)]

- ku (1+(D/SL)(1-0)] - (kd(D/SL)(1-T)(1-te)]

- ku + (ku(1-O) - kd(1-T)(1-te)] (D/SL), (3.38)

which is precisely the relationship derived by Yagill.
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Yagill then develops the systematic risk of the levered

and unlevered equity and of debt as follows. The after-tax

cash flows to the owners are

Yu P X (1-T)(l-te)

Yd P I (1-td)

YL P (X-I)(1-T)(1-te),

so the after-tax required rates of return are

ku P E(Yu] / Su

kd P E(Yd] / D

kL P E(YL] / SL.

The systematic risk of each security is then:

Bu P cov(ku,km)/var(km),

Bd P cov(kd,km)/var(km),

BL P cov(kL,km)/var(km).

Expanding the equations,

SuBu P (1-T)(1-te)cov(X,km)/var(km)

(DPBd)/(1-td) P cov(I,km)/var(km)

SLBL P (1-T)(1-te)cov(X,km)/var(km)

- (l-T)(l-te)cov(I,km)/var(km)

and substituting (3.38) and (3.35) into (3.50), yields

SL BL P Bu P Su - ((1-T)(1-te)BdPD/(1-td)]

which simplifies to

BL P CBUPSu/SLJ _ CBdPCC1-T)(1-t8)/(1-td))(D/SL)].

Since UL P Uu + DD,

then Uu P Su P UL - DD

(3

(3

(3

(3.

(3

(3.

(3

(3

(3

(3

.33)

.35)

.35)

35)

.37)

38)

.35)

.50)

.51)

.58)

.53)
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- (SL + D) - 00

P SL + D(1-0). (3.55)

Finally, substituting for Su in (3.58),

BL P Bu + [(1-T)(1-te)/C1-td)]

P (Bu(1+(q/((1-T)(1-te)/(1-td)])-Bd]PD/SL, (3.55)

which is the levered beta relationship of Yagill.
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Chapter 5 Research Design and Methodology

5.1 Operationalizing the Model

Information was obtained from Ibbotson and Sinquefield’s

W.from the

University of Chicago’s CRSP (Center for Research in Security

Prices) monthly stock return tapes, and from Ualue Line’s

database tapes. Ibbotson and Sinquefield provide monthly

holding period returns on several market indices including

common stocks, small capitalization stocks, long-term

U.S. corporate bonds, and U.S. Treasury bills. The CRSP

database provides monthly holding period returns for

approximately 3000 firms from 1986 through the present. The

Ualue Line database contains accounting and financial

information for over 1600 major companies. To be included

in the single or multi-segment samples, a firm must have

information available both on the CRSP and the Ualue Line

databases.

Uariables available on the Ualue Line database include:

Field Description

1 Cusip a: unique identifier assigned and maintained

8 Cusip suffix #: by American Bankers Association

3 Ticker symbol

5 ISIC Standard Industry Classification

7 Data year

56

95

 

Total reported liabilities

Income tax rate

157 Average annual price (of weekly highs and lows)

160 Common shares outstanding at end of fiscal year

887,888 Division A UL Industry Code and Restated Sales
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891,898 Division B UL Industry Code and Restated Sales

383,385 Division J UL Industry Code and Restated Sales

516 IULSIC Ualue Line assigned Standard Industry

Classification

Ualue Line provides line-of—business data for only the most

recent four year period. The sample period includes January,

1979 through December, 1988, the most recent four year period

for which complete information is available. The sample period

and the associated beta estimation periods are illustrated in

Figure 5.1.

The discussion which follows outlines the sample

selection, describes the construction of each of the variables

utilizing data from the Ualue Line and CRSP data bases, and

specifies any concessions made in the data selection. while an

empirical study should utilize the most accurate and represen-

tative data available, budget and data force some simplifica-
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5.1.a Standard Industry Classifications

The Standard Industry Classification (SIC) code is a

four-digit code which classifies each firm in the data base.

into an industry category. Four-digit codes represent the most

restrictive classification, three-digit codes represent a

broader industry classification, and two-digit codes represent

the broadest classification. For instance, 5900 is the 8-digit

code for Electric, Gas, and Sanitary Services, 5980 is the

three-digit code for Gas Production and Distribution, and 5888

is the four-digit code for Natural Gas Transmission.

Ualue Line provides two firm-wide standard industry

classifications, ISIC (field 5) and IULSIC (field 516), for

each firm in the database. The ISIC classification is

self-assigned by the firm and its auditors, while Ualue Line

independently assigns the IULSIC code. Unfortunately, these

industry classification codes are not often in agreement. In

addition, Ualue Line provides an industry classification for

each segment of the multi-segment firm (fields 887, 891, ...,

383).

Individual firms handle their segmental disclosure in

different ways. FASB No. 15 (paragraph 10a) defines an

industry segment in terms of products and services that are

sold primarily to unaffiliated customers. Uertically

integrated companies with many intracompany sales, such as

General Motors, are thus not required to disaggregate their
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operating divisions or profit centers into segments unless the

products or services of these profit centers are a significant

proportion (defined as greater than 102) of the total opera-

tions of the firm. FASB No. 15 (paragraph 100) also sets up

standards for determining industry segment classifications

according to the nature of the product, the nature of the

production process, and the markets or marketing methods used.

This variety of suggested classification standards impairs

the comparability of segments across firms. The assignment of

each segment to a standard industry classification may not be

uniform across firms. Further, similar single segment firms

may be classified in different industries.

The industry classifications assigned by Ualue Line are

used throughout the empirical analysis of this study. At a

minimum, this ensures that the assignment of each firm or

segment of a firm to an SIC code has been performed on some

sort of a consistent basis. The following discussion provides

further evidence that the Ualue Line industry codes are a

better choice in the present application.

Based on the sample selection criteria of the next

section, 835 firms were classified as multi-segment firms.

There are 885 yearly observations available from the Ualue Line

database on the multi-segment sample over the four year sample

period 1979-1988. The ISIC and IULSIC codes fail to match for

598 of the 885 observations (56%). The remaining 393

observations match at least at the 8-digit level (eg. 58xx).
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Of these, 171 match at the 3-digit level (19% of the

observations) and only 75 match on all four digits (8%).

Upon inspection of the sample of multi-segment firms,

Ualue Line’s segmental industry classification codes are in

fact more closely related to their IULSIC codes than to the

ISIC codes assigned by the firm. Of the 885 multi-segment firm

observations over the sample period (835 firms over four

years), the segmental industry code of the primary segment

based on sales matches the Ualue Line IULSIC code at the two

digit level in 556 of the cases and the SIC code in 391 of the

cases. These overlap, of course, whenever the primary segment

and the IULSIC and SIC codes are identical. The multi-segment

firm’s IULSIC code and primary segment industry code match at

the three and four digit levels for 376 (58%) and 335 (38%) of

the firms, respectively. The ISIC matches the primary

segment’s industry code for 165 firms at the 3-digit level and

for only 58 of the firms at the four digit level.1 For this

reason, the Ualue Line IULSIC code is used throughout the

analysis to classify single segment firms and the industry

segments of multi-segment firms.

1 The 835 multi-segment firms included 3536 different

lines-of-business over the four year sample period. Of these

industry segments, the number of matches with the IULSIC code at

the 8-, 3-, and 5-significant digit level are 987, 658, and 557

segments, respectively. The corresponding matches with the ISIC

code are only 850, 315, and 91 segments. This provides further

motivation for using industry codes assigned by Ualue Line to

identify industry segments and single segment firms.
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5.1.b Sample Selection

Since an adjustment for financial leverage is central to

all of the theoretical systematic risk relationships, the

empirical analysis is restricted to multi-segment firms that

are primarily non-financial in nature. Financial companies

(banks, insurance companies, and so forth) possess unique

leverage positions because of the financial nature of their

assets. Many commercial banks, for instance, have equity

capital positions of only five or six percent, while the

average equity to total capital ratio for U.S. retailing and

manufacturing firms is closer to fifty percent (Federal Trade

Commission, Quarterly Financial Reports). Including both

financial and nonfinancial firms and performing leverage

adjustments on the combined sample would mix two very different

forms of business enterprise.

Firms were classified as non-financial if their primary

segment industry classification based on sales was not

finance-related. The standard industry classification codes

between 6000 and 6999 include the banking, credit, brokerage,

insurance, and real estate industries as well as financial

holding companies and conglomerates. Any firm with a primary

segment based on sales with a 6XXX SIC code was eliminated from

the sample. By eliminating companies that are primarily finan-

cial, focus is placed on a more homogeneous set of multi--
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segment firms in terms of the use of financial leverage and the

nature of their assets.

The sample of multi-segment firms should ideally include

those firms which are the most broadly diversified across major

industry boundaries. The sample of single segment firms should

in contrast include those firms which are primarily invested in

a single line of business and should exclude firms which have a

significant investment in several lines of business. As would

be expected of the very large and often diversified firms on

the major exchanges, most of the firms on the Ualue Line data

base report more than one segment. Many of these firms,

however, are primarily invested in the same general type of

business and have the same 8-, 3- or 5-digit standard industry

classification code assigned to many or all of their segments.

In this study, these segments were assumed to be in the same

industry.8

Several filters were applied to determine an acceptable

trade-off between maximizing the resolution of the statistical

tests through a large sample size and minimizing the

8 Inclusion of firms which are almost entirely invested

in a single industry, even though reporting several segments,

might tend to increase the correlation coefficient between

market-based and segmental beta estimates. Klemme (1983]

hypothesized but failed to find this relationship in a study of

accounting- and market-based betas. She concluded that there was

simply too much noise in the accounting-based LOB betas to

discover the relationship. The present study, however, is not

intended to focus on the homogeneity of systematic risk within

standard industry classifications. Although some homogeneity in

the operating component of systematic risk (Bu) is assumed, the

primary emphasis will be on developing an alternative measure of

systematic risk for the multi-segment firm.
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consequences of an inappropriate classification of

multi-segment and single segment firms. An initial screening

of the Ualue Line data base categorized the firms according to

the percent of sales in the primary segment for all four years

in the sample period. Summary statistics are shown in Table

5.1 for those firms reporting line-of-business data.

Based on this profile, it was decided to define the

multi-segment firms as those firms which had less than or equal

to sixty percent of sales in their primary segment. After

eliminating financial companies and companies with missing

data, the sample consisted of 835 firms. A list of this sample

of multi-segment firms appears in Appendix B. A list of

industries by SIC code in which the multi-segment firms are

engaged appears in Appendix C.

In forming the industry portfolios, single-segment firms

were defined as those firms included in both the CRSP and the

Ualue Line databases which either do not report line-of—busi-

ness data or report multiple segments each with the same 8-, 3-

or 5-digit SIC code. This included approximately 1000 firms in

the industry portfolios. After elimination of financial firms

and firms in industries which were not referenced in the

multi-segment sample, the sample of single segment firms was

reduced to 653 firms. Also shown in Appendix C are the number

of single segment firms in each industry classification.

Each industry segment in the sample of multi-segment firms

was matched with a corresponding industry portfolio containing
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at least three single-segment firms. In matching each industry

segment with the corresponding industry portfolio, an industry

segment of 5580 was matched with an industry portfolio includ-

ing all single-segment firms having a Ualue Line SIC code of

5580. (Note that the 3-digit SIC code 5580 includes the

5-digit codes 5581 through 5585.) If there were less than

three single segment firms included in this portfolio, then the

industry segment was matched with firms in the more general

5500 industry classification. In this fashion, each segment

was matched with a corresponding industry portfolio which

approximated the underlying business of the segment.

Simultaneously, the benefits of the portfolio effect in forming

the pure play industry portfolios were retained.
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IEBLE_1‘L PERCENT OF SALES IN PRIHARY SEGMENT P

Year 0-102 80% 302 502 50% 502 70% 802 80% 100% TOTAL

1878 0 0 5 58 85 105 115 101 158 85 588

1880 0 0 10 58 108 138 135 183 158 113 858

1881 0 0 13 55 101 135 138 188 153 103 858

1888 0 0 15 58 85 150 151 185 153 105 857

P cell entries represent number of firms from

the Ualue Line database
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5.1.c Operationalizing the Uariables

Market-based historical OLS beta estimates for the

multi-segment firms in the sample are obtained by using monthly

data in the market model regression equation:

Rjt P «j + OLSBj P ( Rmt ) + ejt. (5.1)

The market index is a composite index combining 70% Ibbotson

and Sinquefield’s value-weighted common stock returns3

(including dividends and capital gains) with 302 Ibbotson and

Sinquefield’s Long-Term Corporate Bond Index.5 These weights

represent the approximate proportional values of outstanding

corporate debt and equity as recorded in the Federal Reserve

Board’s ”Flow of Funds” data.

Monthly holding period return vectors are formed for each

industry by equal weighting the returns of the component

securities. The vector of arithmetic mean returns for the

industry is then calculated as the arithmetic average of the

single segment firms in the industry, and the industry beta is

3 Recently, Elgers and Murray (1588] suggested that

beta-association studies may be enhanced by the use of an

equal-weighted market return index, while beta-prediction studies

may benefit from the use of a value-weighted index. This study

focuses not just on the correlation of 0L5 and segmental beta

estimates but also on the relative predictive and explanatory

power of alternative beta estimates. The emphasis here is on the

differences as well as the similarities of 0L5 and segmental beta

estimates.

5 Since Conine’s leverage adjustment (equations 5.8 and 5.5)

includes bond betas, the market index should include both debt

and equity markets. The combined debt and equity market index

follows weinstein (1581]. See the discussion in Section 8.3.
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estimated with regression equation (5.1) by using a 60-month

moving average for each month in the sample period. The beta

at time t is calculated using returns for the prior 60 months

(time t-60 through t-l), so each beta estimate is based on

return information available from the preceding periods (see

Figure 5.1).

Another approach considered was the value weighting of

the single-segment firms to reflect the average industry beta

in market value terms. This would, however, allow a single

large firm to.dominate an industry and would mitigate the

portfolio effect of combining many firms into an industry

portfolio. The equal weighting scheme forms an estimate of

systematic risk which is equal to the average firm in the

industry rather than the market value industry average. The

equal weighting scheme also greatly reduces the computational

requirements of combining the single segment firms into

industry portfolios with up to 5 years of 60-month moving

average data.

Rosenberg and Marathe (1975] alternatively suggest

assigning firm weights which are inversely proportional to the

residual variance of the market model regression used to

calculate the firm betas. This weighting scheme places more

weight on those firms with the greatest beta estimation

efficiency. The Rosenberg-Marathe weights would, however,

require the calculation of 60-month moving average betas for

each firm and for all four years and the subsequent weighted
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averaging of the firm betas in each industry. In contrast,

equal weighting allows first the simple aggregation arithmetic

averaging) of industry returns and than the calculation of a

single 60-month moving average monthly industry beta vector

over the four year period. It is also noted that the

Rosenberg-Marathe approach relies on a statistical rather than

an economic rationale.

The calculated vector of monthly industry betas was then

unlevered according to the Hamada and the Conine leverage

adjustments. For example, industry betas are adjusted for

financial leverage using the Conine equation as

INDBCDN P (BL+BD(1-T)(D/SL)]/(1+(1-T)(D/SL)]. (5.8)

The average industry debt/equity ratio (D/SL) is determined by

dividing total industry debt by total industry equity.5 Total

industry debt and equity are calculated by summing Ualue Line

field 56 (total reported liabilities) and the product of fields

157 and 160 (number of shares outstanding times share price)

across all firms in each industry.

Bowman (1978, 1980] examined the relationship between

accounting and market values of debt and equity in a beta

association context. He found that book values of debt and

market values of equity provide debt-to-equity ratios that

correlate most closely with market-determined beta measures.

5 Since the debt-to-equity ratio is non-linear, ie. D/S P

D/(U-D), the average industry debt-to-equity ratio is not equal

to the average of the individual firm i debt-to-equity ratios.

That is,

(INDD/INDS) r (1/n) ( 2i (Di/Si) ).
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Following this result, the book value account ”total reported

liabilities” (field 56) is used as a proxy for the market

value of debt in the leverage adjustment equations. The market

value of equity is calculated directly as the average annual

price (field 157) times the number of common shares outstanding

at the end of the fiscal year (field 160). These surrogates

then represent an acceptable approximation to the average

market value of debt and equity in equation (5.8).

while the levels of debt and equity are fairly constant

over time for most firms in the sample, the tax rates vary

widely over time and hence have a much greater impact on the

leverage adjustments to systematic risk. The income tax rate T

(field 95) is defined by Ualue Line as ”federal, foreign, state

and local income taxes, including deferred taxes and tax

credits, divided by pretax income” and represents the actual

(or average) tax rate on accounting income.

Ualue Line also provides the reported tax rate defined as

”federal, foreign, state and local income taxes, including

deferred taxes reported to stockholders, divided by pretax

income”. The difference between the reported and actual tax

rate lies in the exclusion of tax credits in the reported tax

rate. Actual tax rates are used in the leverage adjustments

since they represent the percentage of pre-tax accounting

income actually paid in taxes.

Marginal rather than average tax rates are generally used

in investment and financing decisions where a decision may
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change the assets, cash flow, or capital structure of the

firm. But since the Conine relationship (5.8) is descriptive

of the systematic risk of the entire levered firm’s debt and

equity, it is a description of the average systematic risk of

all the assets of the firm. As such, in this application of

the Conine relationship, the actual (average) tax rate rather

than the marginal tax rate is used (See footnote 3 in Section 3

for a formal argument).

Most firms report actual tax rates (Ualue Line field 95)

of between 80-50% for the period 1975-1588. The average tax

rate for the period was approximately 35-50% for both the

multi- segment firm sample and the single segment firms

comprising the industry pure-play portfolios. A summary of the

single and multi-segment firms’ tax rates for the years

1575-1988 appears in Table 5.8.

A potential problem arises upon inspection of the table.

Actual tax rates reflect taxes on operations as well as

deferred taxes, tax credits, and taxes on extraordinary items.

Because of these special items, actual tax rates are negative

for about 8.52 of the firms and greater than 100% of pretax

income for about 0.3% of the firms. In fact, the range of tax

rates for single segment firms is from +15062 (ticker symbol

CUM, fiscal year 1580) to -856% (ticker symbol SPY, 1988). The

tax rates are unavailable from the Ualue Line tapes for between

five and ten percent of the firms during the four year sample

period.
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The MM model is based on perpetual cash flows from

operations. If special tax items and the attendant extreme tax

rates are used in the leverage adjustment equations, the

unlevered or industry operating betas will be grossly

misrepresented. A value of TP15.06 or TP-8.56 in the Conine

equation, for instance, will yield nonsense values for the

unlevered industry betas. Similarly, nonrecurring extreme

tax rates for multi-segment firms are inappropriate when

relevering the pure-play divisional betas to form the

multi-segment firms’ segmental beta estimates.

In such circumstances, since the size of any special tax

item in such a circumstance dominates the tax rate on

operations, a best guess of the actual tax rate from operations

may simply be the average tax rate in the sample. To accommo-

date the financial leverage models while retaining as many

firms in the sample of single and multi-segment firms as

possible, a tax rate of 50% (approximately equal to the average

tax rate for all the firms in the single and multi-segment

samples) was assumed for any year and any firm with an actual

tax rate of either less than zero percent, greater than 602, or

one which is missing from the database. This assumed tax rate

is reasonable, if somewhat arbitrary.

From section 8.3, it is clear that the single most

influential determinant of the systematic risk of corporate

debt, Ed, is a change in the level of interest rates.

Individual bonds within a particular rating class differ only
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slightly in terms of systematic risk. Empirical beta estimates

reported in the literature and based on stock and bond market

indices range from 0.17 to 0.37 (see Table 8.3). To maintain

consistency with these estimates, a debt beta of 0.3 is

assumed throughout this study.

The segmental beta estimates for each multi-segment firm

in the sample are then formed by weighting the betas of the

leverage-unadjusted pure-play industries and by applying either

the Hamada or the Conine leverage adjustments. For example,

using the Conine relationship,

BCON P UBCONP(1+(1-T)(D/SL)]-BDEBT(1-T)(D/SL). (5.5)

In this expression, the unlevered beta of the multi-segment

firm (UBCON) is the beta of the portfolio of unlevered industry

segmental betas. That is,

UBCON P 21 Xi P INDBCONi, ‘ (5.5)

where Xi is the proportion of firm sales in segment i and

INDBCDNi is the unlevered industry beta of segment i according

to the Conine relationship. The debt/equity ratio, income tax

rate, and beta of debt are as described above. The resulting

segmental beta estimate is recalculated every month in the

sample period using the monthly unlevered industry moving

average betas. The debt/equity ratio and the income tax rate

change annually. The beta of debt is assumed constant at 0.3.

Ideally, the market value proportion of assets invested in

each industry segment should be used as the Xi weight in

calculating the beta of the firm as the weighted average of



BS

segmental industry betas. The SEC in 1570 required the

disclosure of segmental sales and earnings for multi-segment

firms, although the classification into segments and the

allocation of costs and revenues was left primarily to the

judgement of management. The Financial Accounting Standards

Board (FASB) Statement No. 15, ”Financial Reporting for

Segments of a Business Enterprise” (1576), required diversified

companies to disclose information on ”reportable”6 segments in

their audited financial statements. It also standardized

somewhat the accounting rules for classification of industry

segments and allocation of costs, revenues, and so forth.

Required segmental disclosures per FASB Statement No. 15 are:

1) revenue,

8) operating profit,

3) identifiable assets on a historical cost basis,

5) depreciation, and

5) capital expenditures.

Segmental replacement cost of assets would be preferred

for use as a portfolio weight, but FASB Statement No. 33,

”Financial Reporting and Changing Prices”, only requires

replacement cost disclosure for the firm as a whole and not for

individual segments. The next best alternative might be to use

the disclosed identifiable assets from the published reports,

even though these assets are reported on a historical cost

6 A ”reportable" segment as defined by SFAS No. 15 is a

segment which comprises at least 102 of total segmental revenues,

operating profits or losses, or identifiable assets.

Additionally, the total segmental revenues of the reportable

segments must equal at least 752 of consolidated sales to

unaffiliated customers. A maximum of 10 segments is suggested.
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basis.1 Identifiable assets on a historical cost basis can be

retrieved from the firms’ 10K reports. The associated data

collection task, however, motivates a search for an alternative

and more readily accessible surrogate for the segmental market

values.

The Ualue Line data base, initially created before the

1976 issuance of FASB Statement No. 15, reports segmental sales

and earnings for up to 10 industry segments for each company in

the data base. Several studies have indirectly addressed the

choice of segmental sales or earnings as a proxy for segmental

market value. These studies examined the relative ability of

segmental sales and earnings data to predict consolidated sales

and earnings. Kinney (1971] compared the predictive ability of

earnings forecast models utilizing consolidated income data

only, consolidated income and segmental sales data, and

consolidated income and segmental sales and income data.

Kinney concluded that

a) segmental sales data improved predictive ability over

consolidated sales and earnings alone, but that

b) segmental income data provided no predictive

information beyond that of consolidated earnings and

segmental sales.

Collins (1976] confirmed these results using a larger set

of firms and many more forecast models. He extended Kinney’s

1 Mohr (1581] found that unlevered market-based firm betas

were more closely related to weighted average betas derived

from the reported historical cost of identifiable assets than

to weighted average betas derived from segmental sales.

However, Mohr also detected a significant relationship between

market-based betas and segmental betas derived from sales data.
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results to include the prediction of consolidated earnings and

sales as well as the first differences of consolidated earnings

and sales. Again, segmental sales information provided better

prediction than did consolidated information alone, and

segmental earnings provided only nominally better forecasts

than did models which used only consolidated data.

Silhan (1988] employed Box and Jenkins’ (BJ) time series

methodology to select the consolidated earnings forecast models

with the most predictive accuracy. By aggregating the

quarterly earnings data of a sample of single segment firms, a

series of ”diversified” firms was simulated. The DJ method-

ology was then employed to determine the predictive ability of

models incorporating either consolidated earnings alone or

disaggregated ”segmental” earnings. Silhan concluded that

segmental earnings data provided no better predictions than did

consolidated earnings alone. In conjunction with the Kinney

and Collins studies, Silhan concluded (page 856]: ”Together,

these studies seem to imply that (segmental) earnings may be of

limited usefulness in making predictions of enterprise

profits.”

In the long run, segmental earnings are closely linked to

the market value of segmental investment; is. to each segment’s

after-tax cash flow discounted back to the present at the

appropriate segmental or divisional cost of capital. But the

variability of segmental earnings, especially the possibility

of zero or negative earnings, makes this measure unsuitable as
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a proxy for segmental asset values. Segmental profit data

also suffer from a lack of uniformity across companies due to

differences in the transfer pricing of intra-firm sales and the

allocation of common costs among segments.

Alternatively, segmental sales provide a approximation

to segmental asset values. Different segments will have

different profit margins, resulting in some segments with high

sales having lower market values than other segments. Yet

segmental sales do enjoy more stability than earnings, do not

suffer from negative and zero values, are expressed in current

dollars, and are readily available from the Ualue Line data

base. Additionally, the Kinney (1571], Collins (1576], and

Silhan (1988] studies-indicate that segmental sales may provide

as much information as segmental earnings with regard to

relative segmental market values. Consequently, segmental

sales are used in this study as weights in the firms’ segmental

beta calculations. It is recognized, however, that the sales

amounts are only an approximation to the theoretically

preferred but unobservable segmental market values.

Ualue Line reports divisional or segmental sales for the

most recent four fiscal years, so the sample period consists of

the four calendar years 1575-1988. The reported segmental

sales, long term debt, income tax rate, year-end number of

shares outstanding, and average annual price are for the

company’s fiscal year. For some firms, the fiscal year is

different than the calendar year (see Figure 5.8). Ualue Line
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defines a fiscal year as a 18-month period ending between May

first of one year and April thirtieth of the subsequent year.

As such, sales for the Ualue Line year 1978 would include sales

for firms with fiscal years ending during the period May 1578

through April 1979. Similarly, the fiscal year over the period

May 1979 through April 1580 would be reported as Ualue Line

year 1979. Using the Ualue Line sample period from January

1979 through December 1988 means the Ualue Line yearly sales

will not always represent yearly fiscal sales. This is not a

problem if the proportional sales in each division remain

fairly constant over time, in which case the proportional

sales weights would not change.

A scan through the first 100 firms on the data base

indicates that for a small number of firms the proportional

sales in each segment vary by as much as 802 over the four-year

sample period. But since most of the companies have a fiscal

year which runs from January through December, it appears that

using yearly fiscal sales as the calendar year sales does not

significantly contaminate the proportional sales weights.

This discrepancy between fiscal and calendar years also

impacts the levels of debt and equity and the tax rate used in

the leverage adjustments to systematic risk. while empirical

debt/equity ratios are somewhat volatile, the observed tax

rates fluctuate widely. Thus, the segmental beta leverage

adjustments of this study are inexact to the extent that the
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debt/equity ratios and tax rates from fiscal years are applied

to non-overlapping calendar years.

Of course, the adjustment equations themselves are

misspecified since they assume perpetual cash flows in a

perfect market. The objective, again, is to create an

alternative estimate of the systematic risk of the levered,

multi-segment firm. The usefulness of the estimate derives

from its properties as an alternative to the historical OLS

beta estimate. It is important to remember that both BSEG and

BOLS are merely estimates. The state of current financial

theory and its application to an imperfect world precludes

these estimates from representing the true systematic risk of

the firm.
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5.1.d Alternative Estimates of Systematic Risk

The end result of the above beta estimation procedures is

a set of historical OLS beta estimates and a set of segmental

beta estimates constructed as portfolios of industry segments

for a sample of nonfinancial.multi-segment firms. Several

variants of the segmental beta are also calculated. A listing

of the calculated estimates of the systematic risk of the

levered, multi-segment firm follows:

BOLS

BSEG

BPSEG

BHAM

BCON

BHAH(T)

BCONCT)

historical OLS beta estimate,

segmental beta estimate with no adjustment for

financial leverage,

segmental beta estimate based solely on the

primary industry segment,

segmental beta estimate adjusted according to

the Hamada leverage equation,

segmental beta estimate adjusted according to

the Conine leverage equation,

Hamada levered segmental beta with an assumed

forty percent tax rate rather than the reported

tax rate of BHAM,

Conine levered segmental beta with an assumed

forty percent tax rate rather than the reported

tax rate of BCON.

The estimates of systematic risk of the industry

portfolios are as follows:

INDB

INDBHAH

INDBCON

INDBHAHCT)

INDBCONCT)

industry betas as an equal weighted average of

single segment firms in the industry (without a

leverage adjustment),

industry betas unlevered according to the Hamada

leverage adjustment,

industry betas unlevered according to the Conine

leverage adjustment,

Hamada’s unlevered industry betas with an

assumed tax rate of forty percent,

Conine’s unlevered industry betas with an

assumed tax rate of forty percent.
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The BOLS sample represents the market-based historical

ordinary least square beta estimates. BSEG, BPSEG, BHAM,

BHAM(T), BCON, and BCON(T) are the segmental beta estimates

derived from segmental sales data and industry pure play

surrogate portfolios. The industry portfolios represent the

pure play segmental beta estimates.

No adjustment for financial leverage is made in the

calculation of BSEG. The segmental beta of the multi-segment

firm is simply calculated as the sales-weighted average of the

betas of the component levered industry portfolios. This

segmental beta estimate serves as the base case estimate of the

systematic risk of the multi-segment firm. Other segmental

estimates are elaborations on this basic measure.

The primary segment betas BPSEG are identical to the

segmental beta estimates BSEG except that only the primary

segment based on sales is considered. Other segments carry no

weight in the portfolio aggregation process.

The Hamada (BHAM) and Conine (BCON) leverage adjustments

unlever the industry portfolios (INDBHAM and INDBCON,

respectively) and then relever these pure plays to form

segmental beta estimates as the sales-weighted average of the

component industry portfolios. These beta estimates use the

annual tax rates from the Ualue Line database. However, as

noted in Section 5.1.c and Table 5.8, the actual tax rates

reported on the Ualue Line tapes are often quite volatile.

Occasionally, special tax items cause the actual tax rate to be
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very large in absolute value (the range in the multi-segment

sample was -8362 to +15052). Since these extreme tax rates are

not representative of average tax rates from operations, such

values were set to a minimum tax rate of zero or a maximum rate

of sixty percent (actual tax rates include federal, state, and

local taxes) in the calculation of BHAM and BCON.

The Hamada and Conine leverage adjustments, however,

are based on perpetual cash flow models. In an attempt to

bring the application of the leverage adjustments more into

line with the underlying theory and to avoid large shifts in

beta based solely on a shifting tax rate, the leverage

adjustments were also performed using the approximate average

tax rate of the firms in the single and multi-segment samples.

The average tax rate for the single and multi-segment samples

was 35.72 and 37.52, respectively. As such, a tax rate of

forty percent was assumed for all firms for the Hamada and

Conine leverage adjustments and the resulting beta estimates

are represented by BHAM(T) and BCON(T). The unlevered industry

pure play beta estimates using an assumed tax rate of forty

percent are INDBHAM(T) and INDBCON(T), respectively.

In the next section, procedures are described for

comparing these alternative estimates of the systematic risk of

a levered multi-segment firm on similarity, on explanatory

power, and on forecast accuracy.
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5.8 Tests of the Theory

Two applications of the Capital Asset Pricing Model are

considered. The first application considers the extent to

which the segmental estimate of beta (BSEG) supplies

incremental information beyond that supplied by the OLS

estimate (BOLS) in explaining the returns to common stocks.

Next, the ability of the alternative beta estimates to predict

the return to common stock is examined within the Capital Asset

Pricing Model. The two applications of the CAPM thus involve

both the explanation and the prediction of equity security

returns.

5.8.a The Cross-Sectional Behavior of BOLS and BSEG

To investigate whether BOLS and BSEG are independent

random variables,8 the following null hypothesis is proposed:

HAO: corr(BOLS,BSEG) P 0.

If BOLS and BSEG measure different characteristics of equity

returns, and if they are not linked through some omitted

variable, than BOLS and BSEG should be unrelated and the null

hypothesis will not be rejected. On the other hand, if both

estimates provide similar information about the systematic risk

8 The cross-sectional behavior of BOLS is examined with

respect to all of the segmental beta estimates BSEG, BPSEG,

BHAM, BCON, BHAM(T), and BCON(T). In section 5.8.a, BSEG is

assumed to represent all of these segmental beta estimates.
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of equity, then the null hypothesis should be rejected and

the alternative hypothesis:

HA1: corr(BOLS,BSEG) P 0

accepted. This test provides information on the association

between market-based and segmental betas. The null hypothesis

is tested cross-sectionally using each firm’s average OLS and

segmental beta over the four year sample period.

A further comment on the independence of the OLS and

segmental betas is necessary. It is possible that two random

variables A and B may be independent, such that corr(A,B)P0,

and yet both may be related to another variable. Consider the

relationship

X P c + aPA + bPB,

where A and B are orthogonal and corr(A,B)P0. The standard

presentation of the Capital Asset Pricing Model assumes that

there is a single market-wide factor which accounts for market

risk (for instance, Rudd and Rosenberg, 1580] and that this

factor cannot be broken down into orthogonal components. The

above two-factor model then cannot hold and we needn’t be

concerned about independent risk factors being correlated

through an omitted variable X.

Arbitrage Pricing Theory (APT), developed by Ross (1576],

postulates a K-factor model of the stochastic process

generating asset returns over a specified time interval:

Ri P Ei + bildl + ... + binK + ei;

where
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Ri P the return on asset i,

Ei P E(Ri] P the expected return on asset i,

bik P the reaction coefficient in asset i’s returns to

movements in the common factor k,

k P a common factor with zero mean that influences the

returns on all assets, kPl,8,...,K

dk P the rate of change in the common factor k,

ei P the zero mean, firm-specific, diversifiable component

of asset i’s returns.

In contrast to the CAPM, where only an asset’s covariance with

the market portfolio contributes to the systematic risk and

required return of the firm, the APT provides for multiple

factors contributing to security returns. The K terms

represent the common factors which may have an impact on

security prices. Examples of k include such macroeconomic

factors as inflation, the growth rate of GNP, and the price of

oil. The bik term reflects the impact of the common factor k

on security i’s returns. For instance, security i may be

interest rate sensitive such that bikro.

In such a world, the nondiversifiable risk of securities

is multi-dimensional. Then, even if the correlation between

BSEG and BOLS is zero and the measures are independent, they

may both contribute information in the determination of the

required return on equity, Ri. In the present study, BSEG and

BOLS are correlated through their common relationship to the

fundamental characteristics of the firm. Sections 5.8.c and

5.8.d attempt to determine if these two estimates of systematic

risk contribute unique information concerning the required

return on equity.
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5.8.b The Intertemporal Behavior of BOLS and BSEG

Historical ordinary least square beta estimates exhibit a

substantial degree of variability due to estimation error.

Even if the true underlying beta is constant over time, the

unsystematic risk of the firm results in beta estimates

which fluctuate around this true beta.

Combining firms of similar risk into a portfolio tends to

reduce the variability of the portfolio risk estimates over

time. The segmental beta estimate is composed of a portfolio

of industry segments. Combining these industry segments into a

portfolio should reduce the variability of the beta estimate.

The industry beta estimates, being composed of several single

segment firms, should also exhibit a substantial degree of

stability.

The following null hypothesis

HBO: 6(B0LS) P 6(BSEG)

detects some, but not all, types of differences in the

variability of the beta estimates. Figure 5.3 gives some

examples of variability in beta estimates which a test

statistic should capture. In Figure 5.3.e, the true beta is

constant and the beta estimate has a standard error of a.

Figure 5.3.b represents an example where the true beta is

increasing over time but the standard error is again constant

at a. In Figure 5.3.c, the true beta is fluctuating randomly
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over time. The standard error is again shown as constant.

Other situations are, of course, possible.

If a firm’s true underlying beta is constant as in Figure

5.3.e, then an unbiased estimate of this beta with a smaller

standard error is preferable to one with a larger standard

error. The null hypothesis HBO is appropriate in this case.

If the segmental beta estimate is biased and the OLS estimate

is unbiased, the segmental estimate may still be preferable

under some statistical criteria if the estimate is more

efficient than the OLS estimate (see Section 5.8.d). In this

case, similar to a ridge regression, the tighter standard error

around the estimate overcomes the a degree of bias. In any

case, the financial manager of the firm and investors in the

market both have a practical preference for a more stable beta

estimate, preferably one which is also unbiased.

Applying the null hypothesis to the examples of Figure

5.3.b and 5.3.c also detects a difference in the variability of

the beta estimates. In these cases, however, the standard

error of the beta estimates over time overstates the true

standard error because of the fluctuation in the true beta

itself. The null hypothesis applied to these situations

provides only a rough measure of the variability of the beta

881: imates .
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Figure 5.3 Uariability in Estimates of Beta
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5.8.c The Incremental Explanatory Power of BOLS and BSEG

One reason for examining BSEG is to determine the

usefulness of segmental data in forming estimates of the

systematic risk of common stock. The segmental beta BSEG may

provide information about systematic risk not provided by the

historical OLS beta BOLS. If so, than the segmental beta may

be used to augment a market-based beta in forming an improved

estimate of the systematic risk of common stock. Several tests

are undertaken to determine the extent to which BSEG and BOLS

provide common and/or unique information in the explanation of

security returns.

A test of the incremental information provided by BSEG

beyond that provided by BOLS may be obtained by estimating the

equation:

(Rit-th) P aPEBOLS,t-1P(Rmt-th)]

+bPEBSEG,t-1P(Rmt-th)]. (5.1)

where (Rit-th) is the rate of return of firm i over and above

the riskless rate of return th. Ibbotson and Sinquefield’s

monthly holding period rate of return on 30-day Treasury bills

is used as the risk-free rate Rf. If BOLS and BSEG are

collinear, the OLS estimates of the individual regression

parameters a and b may have very large variances.

Consequently, even though the parameter estimates remain

minimum variance and unbiased, they may be too imprecise to be

of much use. An examination of the chi-square distributed
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partial F statistic, however, supplies a test of the null

hypothesis:

HCO: b P 0.

If BSEGP(Rm-Rf) does not provide any additional information

about the return (Ri-Rf), then the partial F statistic assumes

a value near 1. If in fact BSEGP(Rm-Rf) does provide

significant information about the firm’s return, than we should

be able to reject the null hypothesis even though we may not

place any confidence in the parameter estimate b due to the

collinearity of the 0L5 and segmental beta estimates.

The regression is performed using contemporaneous Rit,

Rmt, and th observations at time t. The beta estimates

BSEG,t-l and BOLS,t-1 are calculated from historical OLS

time-series regressions

Rit P «1 + Bi P Rmt + eit (5.8)

using the immediately preceding 60 month period; ie., from time

t-60 through time t-1.5 The multiple regression (5.8) is

performed on the pooled sample including all multi-segment

firms over all 58 months (a total of 8808 observations). (See

the statistical note in Appendix A for a discussion of the

9 In order to focus on the use of beta in each of the above

forecasts, beta is estimated with a 60-month moving average

using data from the immediately preceding 60 months. The choice

of a 60-month window is an attempt to balance the competing

objectives of timeliness and accuracy in the beta estimates.

Using more months in the estimation of beta reduces the standard

error of the statistical estimates but uses return information

from years when the firm is likely to have been of significantly

different character.
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hazards of pooling time series and cross-sectional

observations).

The multiple regression is run separately for each of the

58 months. The 58 monthly 8SLS regressions test whether the

OLS or the segmental beta estimates provide incremental

information about the security returns (Ri-Rf) for a single

cross-section of firms. These cross-sections are not

independent since the 60 month moving average beta estimation

technique for firm i employs substantially the same information

for adjacent beta estimates. The 58 realizations of the

results are simply reported. No attempt is made to combine the

58 separate regressions and make inferences from them because

of the lack of independence.

The regression is also performed on several of the sample

firms separately over the 58 monthly observations. If BSEG and

BOLS are both stationary and perfectly positively correlated

over this time interval, then the partial F statistic of the

multiple regression will not uncover any incremental

explanatory power. If the firm undergoes a change in its

financing or asset mix or if the betas are nonstationary over

time or imperfectly correlated, then there is a possibility

that either BOLS or BSEG possess some incremental information

content. There are only 58 observations on each firm and this

may not be sufficient to obtain significant results. However,

since BSEG may be more responsive to changes in asset and

financing mix, the approach may prove fruitful in identifying
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firms undergoing changes in systematic risk that arise from

these sources. The major obstacle here is the large estimation

error at the single firm level. Again, no attempt is made to

form summary statistics combining the individual regressions.

The regression approach is also applied to the 5600

observations in the pooled sample. Pooling data in this

fashion requires rather strict conditions on the regression

(see Appendix A). Regression coefficients must be constant for

all 800 firms and across all 58 months. The residuals must

also possess constant variance. Since these conditions are

certainly not met, the results are simply presented. No

attempt is made to justify the appropriateness of the

procedure. The application is, however, supplied as

corroboration for the other results.

5.8.d The Predictive Power of BOLS and BSEG

The above approaches yield information on the incremental

ability of BSEG and of BOLS to explain the return to common

equity. Several tests are also performed to determine the

extent to which the segmental beta estimates augment or in-

crease the predictive power of the OLS estimates. The

predictions are compared against several benchmarks using mean

error (ME) as a measure of prediction bias and mean square

error (MSE) and mean absolute deviation (MAD) as measures of

forecast accuracy:
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ME: 21 Bit, (5.3)

MAD: El (ABSOLUTE UALUE Celt) J, (5.5)

”SE: 21 (eit)', (5.5)

where eit P Rit - E(Rit]. (5.5)

In order to focus on the predictive power of BSEG and BOLS,

actual returns are compared to forecast returns.10

The Security Market Line states that the expected return

to a security j is composed of the general level of interest

rates RF, the market risk premium (RM-RF), and the systematic

risk of the security Bj. The general level of interest rates

and the average level of investor risk aversion measured by

the market risk premium are market-wide factors. The

systematic risk factor Bj is specific to the individual firm j.

To test the null hypothesis,

H00: eit P Rit - E(Rit] P 0,

the following forecasts are compared on forecast accuracy:

3) a naive forecast of the risk-free rate,

eit P Rit - E(Rit] P Rit - th P 0 (5.7)

b) a forecast of the market return,

Bit P Rit P E(Rit] P Rit P th P BNPCRthth)

P Rit P th P (1.0)P(Rthth) P 0 (5.8)

10 The forecast returns at time t, however, are derived from

the Security Market Line using actual market index and risk-free

returns at time t. The resulting forecasts Rit represent -

predictions for time t based on information available at time t-1

(Bi,t-l) as well as at time t (Rmt and Rf,t) and are thus un-

attainable in a real-world setting. This framework is like that

of portfolio performance evaluation where risk-adjusted

performance is measured relative to ex-post market performance on

a risk-adjusted basis.
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c) a forecast of the average equity return,

Bit P Rit P E(Rit] P Rit P th P BCSP(RthRFt)

P Rit P th P (1.53)P(RthRFt) P 0 (5.8)

d) a forecast using only the OLS estimate,

eit P Rit P E(Rit]

P Rit P th P BOLSit-l P (Rthth) P 0 (5.10)

e) a forecast using only the segmental estimate,

eit P Rit P E(Rit]

P Rit P th P BSEGit-l P (Rthth) P 0 (5.11)

Three predictions based on market-wide information

(forecasts 5.7 to 5.9) are provided for comparison to the

returns predicted by the firm-specific beta estimates

(forecasts 5.10 and 5.11) of this study. A naive forecast

E(Rjt] P th (5.7)

(ie. BPO) is equivalent to estimating the return on a share

of common stock as the risk-free rate of return on 30-day

Treasury bills. This return forecast represents compensation

for inflation and a real rate of return on a risk-free security

as a base case. The prediction

E(Rjt] P Rmt (5.8)

corresponds to setting BPl and estimating the equity returns as

the average rate of return on debt and equity securities in the

market index. The market index of this study is composed of

702 stock and 302 long-term corporate bond returns as reported

by Ibbotson and Sinquefield (1585]. A forecast

E(Rjt] P th + BCS P (Rmt-th)

P th + (1.53) P (Rthth) (5.8)
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of the average equity return based on the average equity beta

of the multi-segment firm sample (BP1.53) provides the best

return estimate in the absence of firm-specific information.

Since BOLS and BSEG are updated monthly for each firm in

the sample, the prediction is performed using the pooled sample

including both cross-sectional and time series data. A

comparison of the ME, MSE and MAD should indicate the relative

forecast accuracy of the models. If the OLS and the segmental

beta estimates provide different information about the return

on equity, then BSEG may be used to augment BOLS in achieving

an improvement in predictive power (see forecast f) above).

At this point, it is useful to review the sources of

prediction error in the composition of mean square error.

Consider a single regression model of the type of Section 5.3,

R P a + b P E(R] + v, (5.18)

where R P Rj - Rf P the risk premium on security j,

E(R]-BP(RM-RF)Pthe predicted return from the Security

Market Line,

a and b are the population regression coefficients,

and v represents a random error term which is orthogonal

to R and E(R].

The prediction (forecast) error is defined as ePR-EER] and has

variance o'Ce). The coefficient of determination of this

regression equation is denoted by r'. Theil (1566] (see also
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Mincer (1565]) decomposed the mean square error of the

forecastll as

MSE E(R-EERJ)‘ P E(e)‘ P (E(e)]z + 63(e)

(E(e)]' + (o‘(e)-o'(v)] + o‘Cv)

(E(e)]a + (1-b)*Po‘(E(R]) + (l-r')Pa'(R)

bias + inefficiency + error. (5.13)

The interpretation of regression equation (5.18) by

equation (5.13) is illustrated graphically in Figure 5.5. Bias

in the return prediction is represented by the difference

between the actual mean return and the predicted mean return.

An unbiased estimate has an average predicted return which is

equal to the average actual return. The regression line of

equation 5.18 then passes through the point

(x,y) P (avg(E(r]),avg(R))

on the 55 degree line of perfect fit. In the present study,

the only unbiased estimate is one with an average predicted

return equal to the average return in the multi-segment sample

over the sample period.

The inefficiency of the forecast is represented by the

magnitude of a‘(e) relative to the residual variance 6*(v) in

regression equation (5.18). when the forecast error e is

11 These equations are stated in terms of population

parameters. For a sample from a population, the corresponding

mean square error decomposition is:

MSE P E (R-EER])*

P (Avg(R)-Avg(ECR])z + (l-b)‘P58(R] + (1-r‘)P88

P bias + inefficiency + error,

where 51R is the sample variance of the security’s risk premium

R P Rj-Rf.
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uncorrelated with the forecasted values E(R], then the slope

coefficient b is equal to unity, e‘Ce)P6'(v), and the return

prediction is efficient. If the forecast error is related to

the predicted return, than the forecast is inefficient, the

slope coefficient b r 1, and 6*(e)>a'(v).

Figure 5.5 gives examples of four different types of

forecasts. In Figure 5.5.a, the forecast is unbiased and

efficient although there exists some random estimation error.

Figures 5.5.b and 5.5.c exhibit only bias and only

inefficiency, respectively. Figure 5.5.d suffers from both

bias and inefficiency. The alternative forecasts are compared

on forecast accuracy in Section 5.5 in their unadjusted state,

after adjusting for bias only, after adjusting for inefficiency

only, and also after adjusting for bias and inefficiency.

Klemkosky and Martin (1575], among others, have

demonstrated that historical OLS beta estimates are unbiased

but inefficient. In general, historical OLS betas tend to

overestimate the systematic risk of high-beta stocks and

underestimate the risk of low-beta stocks. Attempts to adjust

beta forecasts for this inefficiency have been presented by

Blume (1971] and Uasicek (1973].

Figure 5.6 presents a typical view of the theoretical and

empirically observed Security Market Line (see, for instance,

Modigliani and Fugue (1975]). Explanations for the difference

between the theoretical and empirical SML revolve around

market imperfections such as a difference between individuals’
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borrowing and lending rates (Black (1978]), the existence of

differential taxation (Miller (1576] and Elton and Gruber

(1978]), and so forth.

The return predictions from the alternative beta estimates

in equations 5.10 and 5.11 are regressed against the actual

returns (Rj-Rf) as in equation 5.18. The resulting slope

coefficients are used to adjust the return predictions for

inefficiency. Since the regression line in Figure 5.5 and

equation 5.18 minimizes the sum of square errors, an adjustment

is made to the return predictions to reduce the mean square

error as:

ej P Rj - Rf - a - (bPCBj-avg(Bj)+avg(Bj))P(Rm-Rf). (5.15)

The coefficient a is equal to the mean prediction error

and adjusts for bias. The slope coefficient b adjusts for

inefficiency by weighting the beta estimates back toward their

mean. The resulting return estimates may then be compared on

the residual variance v of their mean square error.

A matched pair t-test of significance between each return

prediction model at the single security level indicates the

relative predictive ability of the various beta estimates. For

each of the 58 months in the sample period, the prediction

error, prediction absolute deviation, and prediction square

error are calculated and averaged over all the firms. This

results in a vector of 58 observations of mean error, mean

absolute deviation, and mean square error. The matched pair
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t-test of significance then compares the forecast accuracy of

the various return prediction models over these 58 months.

Klemkosky and Martin also investigated the composition of

the MSE forecast accuracy of common stocks. There was a large

amount of estimation error relative to the total MSE. In their

study, the random error component accounted for between 60-552

of mean square error over the four periods studied. Aggre-

gating securities into portfolios reduced the total MSE,

primarily in the error component. Since individual security

returns exhibit a great deal of firm-specific variation in

return, the return predictions (5.7) through (5.11) are

performed on portfolios as well as on individual firms.18

The sample of multi-segment firms was ranked by OLS beta

and three portfolios were formed of the twenty largest beta

(BHI), the twenty smallest beta (BLOU), and the twenty median

beta (BMID) firms. The mean prediction errors, the mean

absolute deviation of the prediction errors, and the mean

square prediction errors for these three portfolios are

provided in Chapter 5 to measure the predictive accuracy of the

alternative return forecast models for the portfolios differing

on systematic risk.

18 As Roll (1579] has pointed out, the market index portfolio

is always ex post efficient. Consequently, if all the securities

were combined into a single market portfolio, the predicted

return would then be the actual return and the prediction error

would be zero. Note that for this result to hold the securities

in the sample must be the same as in the market index portfolio.

In the present study, the market index is much broader than the

sample of multi-segment firms.



113

There is a possibility that the alternative return

forecasts (5.7) to (5.11) may perform differently in different

market environments. The 58 months in the sample period are

divided into three market environments each with (58/3) P 16

months. In periods of average market return (Rm-Rf)MID, the

return predictions E(RCS] and E(Rm] should perform well for

average risk stocks. For high BHI and low BLOU securities, the

OLS and segmental beta estimates of return should outperform

the market-wide forecasts (5.7) to (5.5). In periods of above

(Rm-Rf)HI or below average (Rm-RF)LOU return, the OLS and

segmental forecasts which reflect the volatility of the

securities relative to the market index should perform well.

The relative predictive performance of the three portfolios

BHI, BMID and BLDU are examined in each of the three market

environments. The results of a matched pair t-test of

significance between each return prediction model at this

portfolio level are also summarized.
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Figure 5.5 Actual vs Predicted Return
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Figure 5.5 Decomposition of Mean Square Error
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Figure 5.6 Theoretical vs Empirical Security Market Line
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5.8.a Adjusting for Capital Structure and Taxes

The tests of segmental beta in Sections 5.8.a, 5.8.b, and

5.8.d are performed using several alternative estimates of the

systematic risk of common stock. The various segmental beta

estimates are calculated as follows:

1) BSEG P CEiXiPiBJ, (5.15)

8) BPSEG P iBPSEG (5.15)

8) BHAM P INDBHAMPE1+(1PT)P(D/SL)J (5.17)

3) BCON P INDBCONPE1+C1PT)P(D/SL)JPBDEBT(1PT)(D/SL)

(5.18)

5) BHAM(T) P INDBHAM(T)PE1+(1P.5)P(D/SL)J (5.18)

5) BCON(T) P INDBCON(T)PE1+(1P.5)P(D/SL)J

PBDEBTCIP.5)(D/SL) (5.80)

The test of incremental explanatory power in Section 5.8.c is

performed on BOLS versus BSEG only.

BSEG is the segmental beta with no adjustment made for

financial leverage. 1B is the beta of industry 1 where the

industry pure play portfolio is composed of all single segment

firms (unadjusted for leverage) in industry i. Thus, in BSEG,

the multi-segment firm’s industry segment i is assumed to be of

the same systematic risk as other firms in the industry.

iBPSEG is the beta of the primary industry segment with the

largest proportional sales in the company. In this case, the

multi-segment firm is assumed to be of the same systematic risk

as that of its primary industry segment based on sales. Note
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that both BSEG and BPSEG make no adjustment for financial

leverage.

BHAM is the multi-segment counterpart of Hamada’s levered

beta in the presence of risk free debt and corporate taxes.

The component unlevered industry segment beta estimates iBHAM

explicitly adjust for financial leverage and corporate taxes in

the firm’s industry segment 1 according to:

iBHAM P BSEG / (1+(1-T)P(D/SL)]. (5.81)

Conine’s levered beta BCON additionally assumes risky corporate

debt. The iBCON are Conine’s unlevered segmental industry

betas:

iBCON P (BSEG+BDEBT(1-T)(D/SL)] / (1+(1-T)P(D/SL) (5.88)

BHAM(T) and BCON(T) are calculated the same as BHAM and BCON

except that a tax rate of 502 is assumed for all firms in

the single and multi-segment samples.

In the next chapter, these segmental beta estimates are

compared on their ability to explain and/or predict the return

to common stock.
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Chapter 5 Empirical Results

5.1 Cross-Sectional Behavior of the Beta Estimates

Summary statistics are provided in Table 5.1 describing

the cross-sectional characteristics of the beta estimates of

the various multi-segment and industry firm samples. The

multi-segment samples were all drawn from the 835 firms meeting

the multi-segment criteria of Section 5.1.b. Firms were

subsequently removed from the full sample if there were missing

accounting, financial, or market data on the Ualueline or CRSP

tapes. The leverage adjusted segmental betas, for instance,

could not be computed for any multi-segment firm with missing

values for debt, equity, or the tax rate for a particular

year. A multi-segment firm was included in the statistical

tests of Section 5.8 only if the firm was in all the various

multi-segment samples being used for that test.

A list of the multi-segment firms and their average betas

for each of the various estimates is provided in Appendix B.

The final sample included 175 multi-segment firms which had

observations for all of the beta estimates during at least one

month of the sample period. The industry SIC codes referenced

by firms in the multi-segment sample is provided in Appendix

C. The sample of single segment firms used to form industry

portfolios consisted of 653 firms after the deletion of

financial (SIC code 6XXX) firms.
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The average tax rates for the single and multi-segment

samples were 37.552 and 35.672, respectively. The average debt

ratio based on the book value of debt (total liabilities) and

the market value of equity was 59.392 and 53.512 for the single

and multi-segment firms, respectively.

The average OLS beta in the multi-segment sample was

1.53. By construction, the average betas of the market and of

debt are 1. and 0.3, respectively. Consequently, the average

beta of common stock BCS is 1.3 and may be calculated as

BM P XDPBD + XCSPBCS

P> BCS P (BM-XDPBD) / XCS P (1 - (.3)(.3)) / (.7)

P 1.3.

The mean annual rate of return for the multi-segment sample

over the four year sample period was 17.082. Ibbotson and

Singuefield’s common stock total return index averaged 16.002

per year over the four year sample period.

The OLS betas (BOLS), the leverage-unadjusted segmental

(BSEG) and primary segment betas (BPSEG), and the

leverage-unadjusted industry betas (INDB) have almost identical

mean values. This suggests that the multi-segment firms and

the single segment firms comprising the industry portfolios

possess approximately equal degrees of systematic risk.

Next, consider the Hamada equation for an unlevered beta:

BU P BL / (1+(1-T)(D/S)].

Theoretical unlevered betas are always less than levered betas

for positive levels of debt and equity and a tax rate Ongl.
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The observed unlevered industry betas INDBHAM and INDBCON are

lower than the levered industry betas as well as the levered

OLS, segmental, and primary segment betas. The Hamada and

Conine mean segmental betas (BHAM and BCON), however, are both

about 0.5 above the average OLS beta of 1.53. Using BOLS as a

reference, both the Hamada and Conine leverage adjustments

appear to have over-compensated for the financial risk of the

multi-segment firm. The BHAM(T) and BCON(T) bate estimates

assume a forty percent tax rate and provide a slight

distributional improvement (relative to BOLS and BSEG) over the

BHAM and BCON betas. The magnitude of the average segmental

betas across the various methods is addressed further in

Section 5.5.

The cross-sectional standard deviation of segmental beta

(0.8855) is slightly less than that in the primary segment beta

(0.8575) and about sixty percent of that in the OLS estimate

(0.3873). The range was similarly smaller for the segmental

and primary segment betas than for the OLS betas. The leverage

adjustments have induced much larger standard deviations in the

BHAM and BCON estimates, i.e., 1.0318 and 0.8665,

respectively. Unlevering the industry betas INDB does not

appear to have greatly affected the variability of the

unlevered estimates INDBHAM, and INDBCON. The Hamada

adjustment on average increases the variability of beta more

than does the Conine adjustment.
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Pearson’s product-moment correlation coefficients and

Spearman’s rank-order correlation coefficients between

market-based (BOLS) and segmental (BSEG) estimates of the

systematic risk of the multi-segment sample are presented in

Table 5.8. Each firm’s beta estimate is represented by the

average beta for each of the years 1575 through 1588 and by the

average beta over the entire four-year period. A scatterplot

of the cross-sectional distribution of the (four-year average)

OLS and segmental betas is presented in Figure 5.1.1

Table 5.3 presents Pearson’s parametric product-moment

correlation coefficients between the five measures of

systematic risk BOLS, BSEG, BPSEG, BHAM, and BCON. The average

of the 58 monthly beta estimates over the four year sample

period 1579-1588 was used as the measure of systematic risk for

each company. The correlation coefficients depend, of course,

on the particular implementations of the segmental beta that

were used in this study.

The parametric coefficients require that the betas be

either normally distributed or on an interval scale. Pearson’s

rho is an appropriate measure of correlation if the betas are

viewed within the context of the CAPM. A beta of 8.0

represents twice as much exposure to market risk as a beta of

1.0, so that even if betas are asymetrically distributed about

1 The means and standard deviations are slightly different

than in the summary statistics of Table 5.1 because some of the

firms in the BOLS sample were not in the BSEG sample and vice

versa.
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the mean they still lie on an interval scale.8 Spearman’s

rank-order statistic, depending only upon an ordinal scale, is

provided in Table 5.8 as a more robust and corroborating

measure of association.

The OLS beta estimates are most closely correlated with

the segmental and primary segment betas, neither of which have

been adjusted for financial leverage. It is especially

interesting that the correlation of the OLS betas with the

primary segment betas is even higher than with the segmental

betas. The difference is, however, slight.

while the correlations are highly significant

statistically, the strength of the association is quite

small.3 when the average OLS beta over the four year period

8 Note that the average beta is 1.0 for equity securities

only when an equity market index is used.

3 Some perspective on the magnitude of the correlation between

the OLS and segmental betas can be gained by considering

the optimistic scenario in which the segmental beta is equal

to the true underlying beta while the OLS estimate contains an

error term. Let

x P BSEG P true beta

and y P BOLS P true beta + error.

Then yn P kn P xn

and En (xn-Xn)z P O.

The variance of the true beta is 61x P (1/N) En (xn-avg(x))¢.

From the regression results of BSEG on BOLS, the error sum of

squares is

SSE P En (yn-g)‘ P 87.75

Since BSEG is the true beta, the regression sum of squares is

SSR P SST - SSE P En (gn-avg(y))z

P Zn (xn-angx))z

P N P 61x.

Again, from the regression results, NP156 and o‘XP.863'P0.065.

The expected regression sum of squares is then

E(SSR] P N P 63x P 196 P 0.065 P 13.58, and

E(SST] P SSE + E(SSR] P 87.75 + 13.58 P 51.87.
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for each firm is compared to the paired segmental beta, the ra

statistic is only r‘P(.8131)‘P.055.5 For the OLS and primary

segment betas the r'P(.8305)¢P.053. That is, only about 52 of

the variation in the OLS beta is explained by either the

segmental or the primary segment beta.

BSEG is more closely associated with the leverage-adjusted

segmental betas BHAM and BCON than with the market-based OLS

beta estimates. It is also very highly correlated with the

primary segment beta. The percent of the total variation in

BSEG explained by BHAM and BCON is (.3187)*P10.82 and

(.3680)*P13.52, respectively. Since these leverage-adjusted

estimates were derived from the same industry pure play

portfolios as the beta estimate BSEG, the higher correlation

with BSEG than with BOLS is not surprising. Similarly, since

the r: of the segmental beta of a single segment firm and its

primary segment beta is by definition unity, the relatively

high r' of (.8158)*P.663 between the segmental and primary

segment betas is to be expected.

The expected R' in this idealized regression is

R‘ P 1 - (SSE/SST) P 1 - (87.75/51.87) P 0.33,

or R P (0.33)PP& P 0.57.

Thus, even if the segmental beta is the true underlying beta,

the expected correlation coefficient is still only 0.57 because

of the variation in BOLS.

5 Mohr (1983] reports parametric correlation coefficients

from 0.535 to 0.501 between similarly constructed line of

business accounting betas and market-based betas. Klemme

(1583] reports correlation coefficients from 0.13 to 0.33

between market betas and various line of business accounting

betas.
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The Conine adjusted betas are slightly more highly

correlated with the OLS, segmental, and primary segment betas

than are the Hamada adjusted betas. This provides only weak

evidence that the more sophisticated Conine model, including an

adjustment for risky debt, is more consistent with observed

historical OLS betas than the more simplistic Hamada model.

The BHAM and BCON estimates themselves are very highly

correlated, with an r' P (.9979)‘ P 59.582. These estimates

differ only by the adjustment for risky corporate debt,

BDEBTPCD/S)P(1-T), which varies across firms due to the

different tax rates and leverage ratios. Even though one of

these leverage-adjusted estimates may still be a less biased

and hence better estimate of the true beta, the two estimates

are nevertheless based on substantially the same information.

In summary, based on the relatively small standard errors

of Table 5.3, the various beta estimates are all significantly

correlated at the 12 level of confidence. However, the

variation in the segmental estimates explains, at most, only

about 52 of the variation in the OLS estimate. The OLS beta

estimates are most closely correlated with the segmental and

primary segment betas, neither of which have been adjusted for

financial leverage.
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BOLS 801 1.5388

BSEG 830 1.5868

BPSEG 830 1.5815

BHAM 835 8.1855

BCON 835 8.0150

BHAM(T) 835 1.3763

BCON(T) 835 1.8681

R of

lflfiHfiiELfli, OHIO

INDB 95 1.5386

INDBHAM 86 0.9188

INDBCON 86 1.0358

INDBHAM(T) 86 0.8509

INDBCON(T) 86 1.0180

W

187

Standard

Dexietinn

0.3873

0.8885

0.8875

1.0318

0.8558

0.8185

0.7588

Standard

Dexiatinn

0.3855

0.5851

0.3555

0.5855

0.3585

Cross-Sectional Correlation:

Renee

0.8858

0.8185

0.7081

0.5788

0.5738

0.5015

0.5858

Renae

0.5850

0.0553

0.3335

0.0558

0.3518

OLS vs. Segmental Beta

to

to

to

to

to

to

to

to

to

to

to

to

(significance in parentheses)

Nonparametric Parametric

Snaatmania. EEEEEQDL:

Avg of R of

188: 58:81

1975 151 .3188

(.001)

1580 193 .1535

(.085)

1581 196 .8183

(.008)

1988 197 .8801

(.001)

Average of

1579-1588 158 .1555

(.008)

.3505

(.001)

.8117

(.003)

.1853

(.005)

.8570

(.001)

.8170

(.008)

Cross-Sectional Descriptive Statistics

8.5778

8.0583

8.8038

10.8308

8.5081

8.7580

7.7538

8.8818

1.7851

1.8580

1.7785

1.8878



188

Ianlg_5‘3,Cross-Sectional Correlation: average betas 1579-1988

Pearson’s rho

BSEG

BPSEG

BHAM

BCON

BHAM(T)

' BCON(T)

BOLS

.8131

(.008)

.8308

(.001)

.1705

(.015)

.1808

(.010)

.1885

(.058)

.1580

(.055)

BSEG

.8158

(.001)

.3187

(.001)

.3580

(.001)

.3587

(.001)

.5187

(.001)

BPSEG

.3183

(.001)

.3555

(.001)

.8700

(.001)

.8715

(.001)

BHAM

.8878

(.001)

.3585

(.001)

.5070

(.001)

(significance in parentheses)

BCON

.8587

(.001)

.8551

(.001)

BHAM(T)

.8878

(.001)
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5.8 Intertemporal Behavior of the Beta Estimates

The standard deviation of beta over the 58 monthly

observations was calculated for each firm in the single and

multi-segment firm samples. These intertemporal standard

deviations were then averaged across all the firms in each

sample. Table 5.5 presents the summary statistics.

A potential advantage of the segmental betas is that they

may be more responsive to changes in the financing and

investment of the firm. As the proportion of sales in a

particular division changes, for instance, the segmental beta

reflects this change in the operations of the firm. Likewise,

the levered betas automatically adjust to any change in the

proportion of debt in the capitalization of the firm.

Consequently, some variability in the segmental betas is to be

expected.

The intertemporal behavior of the segmental beta estimates

exhibits much less variability than either the OLS estimates or

the leverage-adjusted segmental estimates. The lower standard

deviation in BSEG is at least partially due to the portfolio

effects of aggregating single-segment firms in the formation of

the industry portfolios and of aggregating segments in the

multi-segment firm sample.

The Conine and Hamada leverage adjustments again caused a

greater variability in levered beta. The increase over the

segmental beta was proportionally less than in the
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cross-sectional standard deviations. The Conine beta estimates

again exhibited more stability than did the Hamada estimates,

and the adjustments calculated using average tax rates

exhibited more stability than the adjustments using annual tax

rates. These results are consistent with the cross-sectional

summary statistics.



131

Intertemporal Descriptive Statistics

8 of Standar

ELEM: DEED. 082181100

BOLS 801 1.5388 0.8815

BSEG 830 1.5868 0.1858

BHAM 835 8.1855 0.3568

BCON 835 8.0150 0.3018

BPSEG 86 1.5815 0.1736

BHAM(T) 835 1.5763 0.3055

BCON(T) 835 1.8681 0.8708

INDB 55 1.5386 0.1858

INDBHAM 86 0.9188 0.1505

INDBCON 86 1.0358 0.1389

INDBHAM(T) 86 0.8909 0.1331

INDBCON(T) 86 1.0180 0.1877
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5.3 The Incremental Explanatory Power of BSEG and BOLS

The multiple regression results of Equation (5.1) are

presented in Tables 5.5 and 5.6. Table 5.5 presents the

multiple regression results for the pooled sample including up

to 196 firms and 5B months.5 Because of missing data, only

8737 observations were used in this regression. Table 5.6

provides the multiple regression results for the first twelve

months of the sample period.

The relatively low cross-sectional correlation between

BOLS and BSEG (of Section 5.1) may allow a qualified

interpretation of the coefficients a and b in the multiple

regression Equation (5.1). If BSEG and BOLS are uncorrelated,

then the slope coefficients are unbiased and the significance

of the slope coefficients can be evaluated relative to their

standard errors. Since the regressors are only somewhat

linearly related through the beta estimates, some guarded

statements about the magnitude and significance of the

coefficients a and b may be possible. The relatively low

correlation may also allow the two beta estimates to contribute

unique information about the systematic risk of common stock.

5 Pooling cross-sectional and time series data may be

inappropriate in this regression application because of the high

serial correlation within the beta estimates for each firm. The

standard errors around the slope coefficients are fairly narrow,

however. The relatively low degree of serial correlation in the

regressors apparently has not caused too severe of an impact on

the regression results.
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In the single regressions of Table 5.5, the BOLS and BSEG

independent variables explain 85.5512 and 85.7572,

respectively, of the variation in the dependent variable

Rj-Rf. The r1 for the regression combining both independent

variables is only 0.85555, so the multiple regression explains

85.5552 of the variability in the risk premium Rj-Rf. The

incremental r‘ added to the multiple regression by the OLS and

segmental beta is only 0.5782 and 0.6032, respectively. The

partial F statistics are highly significant because of the high

precision in the regression results due to the 8737

observations. The increase in r', however, represents less

than a three percent increase when adding the second variable

to the regression equation.

This result is both an encouragement and a

disappointment. The results indicate that segmental and OLS

beta contain nearly the same information in explaining the

return to common stock. Augmenting an OLS beta with a

segmental beta as in Equation (5.18) of Section 5.8 is unlikely

to produce better return forecasts than when using either of

the betas alone. On the other hand, segmental beta possesses

several properties which may recommend it over BOLS. First, it

exhibits greater intertemporal stability as demonstrated in

Section 5.8. And since segmental beta is based upon the

average systematic risk of the multi-segment firm’s component

industries, BSEG is more adaptable to rapid changes in the



135

investment mix of the firm.6 The computations involved in

BSEG are, however, considerably more complex than those

associated with BOLS.

The performance of the OLS and segmental beta estimates in

explaining the return to common stock in various market

environments was also examined. Table 5.6 presents the single

and multiple regression results cross-sectionally for each of

the first twelve months of the sample period. For each month,

in the first stage regression, the independent variable with

the highest r2 was entered into a single variable regression

model. Then, in the second stage, the remaining independent

variable was entered into a multiple regression model and the

partial F statistic was examined.

Unfortunately, the r' and F statistics for these

cross-sectional samples exhibited little stability. The small

number of observations and the large unsystematic or random

component in the security returns conspired to lend little

precision to the regression estimates. Results were similarly

inconclusive when performing the regression on individual firms

BCPOSS time .

6 The characteristics of the Hamada and Conine financial

leverage adjustments are examined in the next section.
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I§n1g_§‘§, Multiple Regression: Pooled NxT Sample

Rj-Rf P a + b1 P BOLSP(Rm-Rf) + b8 P BSEGP(Rm-Rf) + u

Correlation: (Rj-Rf) BOLSP(Rm-Rf) BSEGP(Rm-Rf)

(Rj-RE) 1.000 .500 .500

BOLSP(RmPRf) .500 1.000 .855

BSEGP(RmPRf) .500 .855 1.000

fiinglg_;§g;g:§ign with BOLSP(Rm-Rf) only:

. a - 0.00571 31 - 0.78885

Standard error (0.00090) (0.01568)

r' P 0.85991 F P 8910.86 Significance of F P 0.0000

Analysis of Uariance:

DF Sum of Squares Mean Square

Regression 1 80.65531 80.65531

Residual 8735 ‘ 61.56581 0.00705

Sing1§_;§g;§§§ign,with BSEGP(Rm-Rf) only:

a P 0.00556 b8 P 0.77065

Standard error (0.00098) (0.01550)

r‘ P 0.85797 F P 8883.8 Significance of F P 0.0000

Analysis of Uariance:

DF Sum of Squares Mean Square

Regression 1 80.55580 80.55980

Residual 8565 68.35187 0.00788

fly13121§_:ggzgggign;,both BSEGP(Rm-Rf) and BOLSP(Rm-Rf) entered

a P 0.00558 b1 P 0.39855 b8 P 0.39653

Standard error (0.00098) (0.05863) (0.05711)

r1 P 0.85555 F P 1508.16 Significance of F P 0.0000

Analysis of Uariance:

DF Sum of Squares Mean Square

Regression 8 81.15355 10.57180

Residual 8735 61.56753 .00705

E !! l E I l' l' :

Uariable in Uariable to

£08.89HBLLQD Dfl_flfldfll. Ci.§DflDflfl. Eatiial_£.Sinni£i§ao§e

BOLSCRm-Rf) BSEG(Rm-Rf) .00603 70.80075 0.0000

BSEG(Rm-Rf) BOLSCRm-Rf) .00578 57.15888 0.0000
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IflflLfi_§A§, Multiple Regression: Results by month

Rj-Rf - a + b1 P BOLSP(Rm-Rf) + b8 P BSEGP(Rm-Rf) + u

For each month, the first line represents the first

variable entered and the second line represents the last

variable entered. Standard errors of the slope coefficients

are in parentheses under the variables as they are entered.

Slope

OLS vs Coefficients

SEG OLS SEG F F Change

mummimiritmami:

1 150 0.388 -.516 0.010 1.65 0.80

(.503)

-.350 -.857 0.016 1.88 0.85 0.370

(.587) (.958)

8 150 0.385 1.565 0.058 7.59 0.00

(.531)

0.385 1.887 0.059 5.63 0.01 0.801

(.856) (.561)

3 150 0.333 1.568 0.136 83.3 0.00

(.383)

1.530 0.865 0.155 18.3 0.00 0.855

(.358) (.758)

5 150 0.336 -1.18 0.001 0.83 0.68

(8.58)

0.870 -1.15 0.001 0.15 0.86 0.885

(1.81) (8.59)

5 150 0.355 0.886 0.011 1.66 0.19

(.687)

1.883 -8.08 0.088 1.71 0.18 0.186

(.731) (1.57)

6 150 0.356 -.671 0.005 0.66 0.35

(.788)

-.109 -.585 0.006 0.57 0.68 0.760

(.358) (.773)

7 150 0.353 9.336 0.007 1.15 0.88

(8.67)

-5.69 18.75 0.015 1.15 0.31 0.883

(5.35) (9.83)

8 151 0.383 0.758 0.007 1.05 0.30

(.736)

-.083 0.811 0.007 0.55 0.58 0.815

(.357) (.780)

9 151 0.338 8.098 0.038 6.00 0.01

(.856)

8.055 0.877 0.038 8.99 0.05 0.887

(.513) (1.96)
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IfiflLfi_§‘§, Multiple Regression: Results

Slope

OLS vs Coefficients

SEG OLS SEG

Bentham 53111511 x:

10 151 0.308 0.351 0.068

(.103)

0.373 -.885 0.075

(.108) (.836)

11 151 0.356 0.356 0.010

(.878)

0.518 -.868 0.087

(.850) (.550)

18 151 0.315 5.881 0.010

(5.19)

8.011 5.088 0.015

(8.37) (5.58)

avg 1st var 0.085

8nd var 0.035

by month (continued)

11.0

5.85

1.51

8.10

1.55

5.81

8.87

0.00

0.00

0.80

0.18

0.81

0.38

F Change

5' '5

0.355

0.110

0.387

0.558
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5.5 The Predictive Power of the Beta Estimates

If the Capital Asset Pricing Model holds, then a forecast

of the return to security j at time t is

E(Rjt] P th + Bj P ( Rmt - th ) (5.1)

and the prediction error is

ejt P Rjt - E(Rjt]

P Rjt - th - Bj P ( Rmt - th ). (5.8)

An ideal beta estimate should produce security return

predictions which are unbiased (E(ejt] P 0) and efficient

(minimum variance 61(e)). The forecast accuracy of the return

predictions is analyzed with three statistics. The mean errors

(ME) provide a measure of the average prediction bias over the

sample period. The mean absolute deviations (MAD) and mean

square errors (MSE) measure the dispersion of the return

forecasts around the actual returns and hence provide a measure

of the forecast accuracy of the estimates.

The return predictions are predictions only in a very

restricted sense. The beta estimates Bj at time t are based

upon publicly available information from previous periods

(months t-60 to t-1). The return forecasts, however, are based

upon the actual market return Rmt and the actual T-Bill rate

th. Consequently, no investor in the market could form

return forecasts in this fashion.

The tests of forecast accuracy focus on the performance of

the return estimates relative to the market risk premium. The
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forecasts are based upon firm-specific information available at

time t and market-wide events which are unknown until the end

of period t. The tests of forecast accuracy thus focus on

firm-specific factors. If one beta estimate leads to better

return forecasts, then its prediction should exhibit a smaller

mean square error. It is in this restricted sense that the

various return prediction models are tested.

5.5.a The Research Design

The Security Market Line captures market risk since

well-diversified investors price market or nondiversifiable

risk in the marketplace. The prediction errors of individual

firm returns suffer from large nonsystematic or firm-specific

return behavior that is not captured in the Security Market

Line. Some of this firm-specific behavior can be eliminated by

forming portfolios of securities and then performing the

statistical tests on the portfolio return prediction errors.

Figure 5.8 provides an overview of the research

methodology as applied to the portfolio return predictions.

Prediction errors were analyzed for the entire multi-segment

firm sample over all 58 months. The return predictions were

made using the time t market return and risk-free rate. The

sample of multi-segment firms was then ranked by 0L5 beta and

three portfolios were formed of the twenty largest beta (BHI),

the twenty smallest beta (BLOw), and the twenty median beta
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(BMID) firms. The forecast accuracy results for the three

portfolios differing in market risk, along with the individual

firm results, are presented in Table 5.7. Since the

alternative beta estimates may perform differently in different

market environments, the portfolio and sample return

predictions are also examined in periods of high, average, and

low market return performance (as measured by the ex-post

market risk premium (Rm-Rf)).

Figure 5.3 outlines the methodology applied to the

individual security predictions. Adjustments are performed at

the single security level in an attempt to reduce the forecast

error. The prediction models unadjusted for bias or

inefficiency are analyzed on mean error, mean absolute

deviation, and mean square error. Adjustments are subsequently

made to increase the efficiency of the return estimate and than

to reduce the bias of the return estimate. Finally, both

adjustments are performed simultaneously. To perform these

adjustments, the return predictions from each of the beta

estimates were regressed against the actual return premiums

Rj-Rf P a + bPEBjPCRm-Rf)] + e

to attain an estimate of the slope coefficient b. (The results

of these regressions appear in Table 5.15.)

The mean unadjusted errors (ME), mean absolute deviations

(MAD), and the mean square errors (MSE) from equation (5.8) for

the sample of multi-segment firms are provided in Table 5.11.

The effects of adjusting for bias and inefficiency in these
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forecasts are examined in Tables 5.18 through 5.15. The

results of the matched pair t-test of significance between the

various return prediction models at the single security level

are summarized in Table 5.15 through Table 5.18.

5.5.b The Empirical Results

The mean errors measure the bias of the estimates over the

sample period. The naive prediction of the risk-free rate was

in all cases the most biased. The standard errors are too

large, however, to state with precision that one prediction

method is superior to another in minimizing bias.

Across the high, median, and low beta portfolios of Tables

5.7 through 5.10, the results were consistent with the

individual firm mean prediction errors. The naive risk-free

predictions consistently exhibited larger bias than any of the

other return predictions; yet, based on the standard errors,

the mean errors of this naive model are no more significantly

different from zero then those associated with the other

prediction methods.

The mean error of the naive prediction E(Rj] P Rf has a

positive expected value:

E(ej] P Rj - E(Rj]

P Rj - Rf > 0

for E(RCS]>R(Rf]. This return prediction on average

underestimates the return to common stock. The Security Market
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Line return predictions using OLS and segmental beta estimates

and the market index predictions E(Rj]-Rm and E(Rj]-RC5

exhibit predominantly positive mean error and hence also

underestimate the average return on the multi-segment

portfolios.

One reason for the positive mean errors of the market

index prediction Rm and the equity index prediction RC5 is that

the value weighted Ibbotson and Sinquefield common stock index

RC5 returned 16.002 per year on average while the multi-segment

sample has an equal weighted average annual return of 17.082

over the sample period. Consequently, the market index

predictions are less than the actual returns on the sample.

A second reason for the positive mean errors across the

return prediction models arises in the calculation of the mean

error. The mean error calculation places an equal weight on

each firm’s prediction error and is therefore equivalent to

taking an equal weighted average of the sample’s prediction

errors. The Ibbotson and Sinquefield common stock index7 used

in the calculation of the market return Rm, however, is a

market value weighted index. And, over the sample period,

small capitalization stocks performed much better than large

capitalization issues. while Ibbotson and Sinquefield’s common

stock index returned an annual average of 16.002 over the .

sample period, their small capitalization stock index

7 Ibbotson and Sinquefield use the value weighted S8P 500

as their index of the average return to common stock.
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(representing the smallest quintile of stocks on the NYSE)

returned 30.82.8 Consequently, an equal weighted index on the

period will show a larger annual return than a comparable value

weighted index. Combined with the persistent bull market in

small capitalization stocks over the sample period, the mean

error calculation consistently gives positive results.

The high beta portfolio had by far the largest mean error

for every return prediction method. The low beta portfolio had

a slightly smaller mean error than the median risk portfolio,

but, based on the standard errors, the difference is generally

not significant. This further suggests that the return

predictions based on the value weighted market index RC5 (and

RM composed of RC5 and RDEBT) consistently underestimate the

actual return for the average stock in the sample.

The mean error of the common stock return prediction based

on BCS and the OLS, segmental, and primary segment predictions

were approximately the same. The Hamada and Conine predictions

had slightly smaller mean errors. In all cases, however, the

standard errors are relatively large and the mean errors are

not significantly different from zero.

The mean absolute deviation and mean square error for BP1,

BP1.53, BOLS and BSEG are perhaps most interesting for the

portfolio results of Tables 5.7 to 5.10. Predicting a market

8 The CRSP value weighted stock index returned 16.952 on

average over the period 1575 through 1588. The equal weighted

index returned 85.882 over the same period. The average annual

rate of return on 30-day T-bills was 11.72 from 1579 through 1588.
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return (BP1) is similar to selecting a low beta equity

portfolio since the market is composed of both debt and

equity. This prediction performed relatively well for the low

beta portfolio and not so well for the high beta portfolio. As

the systematic risk of the firm diverges from the mean, the

simple return prediction of the average market or equity return

performs less satisfactorily than a firm-specific return

estimate. Across all three market environments of Tables 5.8

through 5.10 (and summarized in Table 5.7), the segmental beta

forecasts proved to be superior for the high beta portfolio

BHI. For low beta Firms the OLS beta performed best, while the

segmental beta forecasts and the equity return predictions

performed comparably. Primary segment beta BPSEG performed

similarly, but not quite as well, to segmental beta in forecast

accuracy. The average equity return prediction based on BCS

performed best for the firms of average systematic risk.

The various return predictions performed comparably over

all three market environments. Segmental beta did least well

for the low beta portfolio and better for the high beta

portfolio. The equity return prediction performed best for the

average risk stocks. The important categorization turned out

to be across high and low risk stocks and not across

alternative market environments.

An examination of the single security results over the

entire sample period (Tables 5.11 through 5.18) reveals that

the average market return prediction Rm, the average equity
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return prediction RC5 and the OLS return predictions possess

the best forecast accuracy. For the unadjusted return

predictions of Table 5.11 (significance levels appear in Table

° 5.15) the order of forecast accuracy among the methods which do

not adjust for financial leverage was BM>BCS>BOLS>BSEG>BPSEG

based on mean square error. Neither the OLS nor the segmental

betas were worse than the market or equity return predictions

at the 52 confidence level. All except the market return

prediction Rm were better than the primary segment beta BPSEG

at «P.05.

Again, looking at the mean square error statistics, the

leverage adjusted segmental betas performed much worse than the

segmental and OLS betas. The Hamada beta BHAM even performed

worse than the naive estimate of the risk free rate, though not

significantly so. The leverage adjusted betas BHAM(T) and

BCON(T) utilizing average tax rates performed better than the

leverage adjusted segmental betas BHAM and BCON with annual tax

rates. Also, the Conine adjustment consistently provided

better forecast accuracy than the Hamada adjustment. None of

the leverage adjusted betas, however, performed as well as

either the BOLS or BSEG predictions.

The adjustments for inefficiency in the estimates (Table

5.18 and 5.16) did not noticeably improve the forecast accuracy

of the OLS, segmental or primary segment betas. The leverage

adjusted betas performed significantly better after adjusting

the beta estimates back toward their mean. The leverage
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adjusted betas still did not, however, perform as well as the

betas without a leverage adjustment. Again, the Conine betas

demonstrated better forecast accuracy than the Hamada betas and

the levered betas using average tax rates performed better than

the levered betas using actual annual tax rates.

The bias adjustment of Tables 5.13 and 5.17 added very

little to the forecast ability of the models. The reason lies

in the decomposition of mean square error:

MSE P ((Avg(R)-Avg(E(R])'] + (((1-b)*) P (SECRJ')]

+ ((1-r') P SR']

P bias + inefficiency + error.

The bias component adds to MSE as the square of the mean

error. Taking segmental hate as an example, the mean error in

Table 5.11 of BSEG is .0058. The bias added to mean square

error is thus (.0058)‘ P .00001685, which is smaller than the

four significant digits reported. The bias adjustment to mean

square error is hence relatively minor for all of the return

prediction models. And, relatedly, the forecast accuracy

results of Tables 5.15 and 5.18 for the bias and slope adjusted

return forecasts are nearly identical to the results of the

slope adjusted forecasts (Tables 5.18 and 5.16). The bias

adjustment again adds very little to predictive accuracy.
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Eigy;§_§+a Research Design: Portfolios

Beta versus Market Premium

80-Firm Portfolios Ranked on BOLS

Market

M B_HL £111.11 £11.98 BALMm

All months (... Table 5.7 ...)

(RM-RF)HI (... Table 5.8 ...)

(RM-RF)MID (... Table 5.9 ...)

(RM-RF)LOw (... Table 5.10 ...)

Eigy;§_§‘3 Research Design: Individual Securities

Return Predictions

Mean error

Mean absolute deviation Matched Pair

Mean square error T-Test of

M W Wn"n

Unadjusted Table 5.11 Table 5.15

Slope adjusted Table 5.18 Table 5.16

Bias adjusted Table 5.13 Table 5.17

Slope 8 Bias

adjusted Table 5.15 Table 5.18

Unadjusted forecasts:

ej P Rj-Rf - BjP(Rm-Rf)

Slope adjusted forecasts:

ej P Rj-Rf - (slopeP(Bj-avg(Bj)+avg(Bj))P(Rm-Rf)

Bias adjusted forecasts

ej P Rj-Rf - bias - BjP(Rm-Rf)

Bias and slope adjusted forecasts

ej P Rj-Rf - bias - (slopePCBj-avg(Bj)+avg(Bj))P(Rm-Rf)
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I§hi§_§‘2_ Portfolio Prediction Errors: all 58 months

80-Firm portfolios BHI. BMID, and BLOU ranked on BOLS

and calculated over the entire 58 month sample period.

82991910: BBL BOLD BLQU. 911.:1299

B-o (RF) .0931 .0099 .0099 .0079 me

(.013) (.009) (.009) (.009)

.1039 P .0799 P .0999 P .0799 P n90

( 009) (.009) (.009) (.003)

.0199 P .0099 P .0099 P .0093 P use

(.003) (.001) (.000) (.001)

9-1 (RM) .0907 .0030 .0090 .0099 me

(.009) (.009) (.003) (.009)

.0997 .0999 .0999 .0919 men

(.009) (.009) (.009) (.009)

.0199 .0079 .0093 .0099 ms:

(.009) (.001) ( 000) (.000)

B-1.93 (909) .0197 .0090 .0010 .0099

(.009) (.009) (.009) (.009)

.0990 .0939 .0999 P .0990

(.009) (.009) (.003) ( 009)

.0197 .0071 P .0099 P .0070

(.009) (.001) (.001) (.000)

BOLS .0199 .0019 .0091 .0099

(.009) (.009) (.003) (.009)

.0999 .0999 .0990 .0991

(.009) (.009) (.009) (.009)

.0199 .0073 .0099 .0070

(.009) (.001) (.000) (.000)

9999 .0199 .0019 .0011 .0099

(.009) (.009) (.009) (.009)

.0999 P .0999 .0999 P .0997 P

(.009) (.009) (.003) (.009)

.0199 .0079 .0090 P .0071

(.009) (.001) (.001) (.000)

BPSEG .0199 .0019 .0009 .0099

(.009) (.009) (.009) (.009)

.0997 P .0999 P .0939 P .0930 P

(.009) (.009) (.003) (.009)

.0199 .0073 .0091 P .0079

(.008) (.001) (.001) (.000)
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BHHH .0157 .0008 -.0008 .0085

(.005) (.006) (.007) (.006)

.0558 ' .0705 ‘ .0615 ' .0715 ‘

(.009) (.003) (.005) (.003)

.0176 ‘ .0055 ‘ .0075 * .0100 ‘

(.008) (.001) (.001) (.001)

BHRH(T) .0167 .0006 “.0001 .0085

(.005) (.006) (.007) (.006)

.0515 .0651 ’ .0605 ' .0655 ‘

(.005) (.003) (.005) (.003)

.0166 ‘ .0075 ' .0071 ' .0058 ‘

(.008) (.001) (.001) (.001)

BCON .0165 .0005 .0001 .0087

(.005) (.006) (.007) (.006)

.0505 .0650 ' .0555 ' .0655 ‘

(.005) (.003) (.005) (.003)

.0168 .0050 ' .0065 ‘ .0055 ‘

(.008) (.001) (.001) (.001)

BCON(T) .0178 .0005 .0001 .0031

(.005) (.006) (.006) (.005)

.0550 .0673 ’ .0555 ‘ .0677 '

(.005) (.003) (.005) (.008)

.0157 .0077 ‘ .0066 ' .0070 '

(.008) (.001) (.001) (.001)

' Different from BOLS at a - .05

(Standard errors in parentheses)
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Innlfi_5‘fl Portfolio Prediction Errors: (Rn-RF)HI

EO-Firm portfolios BHI. BHID, and BLDN ranked on BOLS

15 largest monthlg returns based on (Rn-RF)

225919595. 991 9010 ELEM all_Ei£m:

B-o (RF) .1010 P .0900 P .0519 P .0990 P ms

(.015) (.007) (.005) (.007)

.1197 P .0793 .0913 P .0959 P man

(.011) (.007) (.005) (.005)

.0950 P .0110 .0093 P .0130 P n99

(.005) (.009) (.001) (.009)

9-1 (90) .0537 P .0197 P -.0059 P .0177 P n9

(.019) (.009) (.007) (.007)

.0997 .0951 .0933 .0997 map

(.010) (.003) (.003) (.005)

.0171 .0071 .0933 .0091 ms:

(.003) (.001) (.000) (.001)

9-1.53 (909) .0333 P -.0079 -.0991 P -.0099

(.019) (.009) (.009) (.009)

.0939 .0991 .0905 .0719

(.0057) (.009) (.009) (.005)

.0159 .0071 P .0099 .0099

(.003) (.001) (.001) (.001)

9019 -.0030 -.0097 .0039 -.0039

(.019) (.009) (.009) (.009)

.1000 .0975 .0999 .0719

(.009) (.009) (.010) (.009)

.0199 .0075 .0057 .0093

(.003) (.001) (.000) (.001)

9999 .0955 P -.0199 P -.0910 P -.0051 P

(.019) (.009) (.009) (.009)

.0939 .0999 .0919 P .0799

(.009) (.005) (.009) (.005)

.0155 .0079 .0091 P .0093

(.003) (.001) (.001) (.001)

99999 .0999 P —.0139 P —.0991 P —.0095 P

(.019) (.010) (.009) (.009)

.0933 .0990 .0999 P .0739

(.009) (.005) (.005) (.009)

.0193 .0077 .0095 P .0095

(.003) (.001) (.001) (.001)



BHAM

BHRH(T)

BCON

BCON(T)

-.0161 P

(.017)

.1051 P

(.005)

.0813 P

(.003)

-.0057

(.017)

.1051

(.005)

.0157

(.003)

-.0051

(.017)

.1035

(.005)

.0155

(.003)

.0001

(.016)

.1008

(.005)

.0150

(.003)
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-.0357 P

(.011)

.0775 P

(.005)

.0055 P

(.001)

-.0865 P

(.010)

.0735 P

(.006)

.0057 P

(.001)

-.0305 P

(.010)

.0755 P

(.006)

.0051 P

(.001)

-.0855 P

(.005)

.0781 P

(.006)

.0055 P

(.001)

P Different from BOLS at a - .05

(Standard errors in parentheses)

-.0555 P

(.011)

.0757 P

(.005)

.0108 P

(.008)

-.0%33 P

(.011)

.0057 P

(.005)

.0057 P

(.008)

-.0%05 P

(.010)

.0785 P

(.007)

.0058 P

(.008)

-.0351 P

(.010)

-.0351 P

(.005)

.0055 P

(.008)

-.0333 P

(.011)

.0560 P

(.007)

.0133 P

(.008)

-.0865 P

(.010)

.0585 P

(.006)

.0183 P

(.008)

-.0875 P

(.011)

.0585 P

(.006)

.0180 P

(.008)

-.0885 P

(.010)

.0755 P

(.006)

.0113 P

(.008)
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12212.513. Portfolio Prediction Errors: (Rn-RF3HID

EO-Firm portfolios BHI. BMID, end BLUw ranked on BOLS

15 middle monthly returns based on (Rn-RF)

W [1111. 911111 13.1.9.5 PM

5.0 (RF) -.0155 P -.0815 P .0155 P -.0150 P HE

(.085) (.016) (.010) (.016)

.1055 .0751 .0555 P .0751 H90

(.018) (.005) (.005) (.007)

.0151 .0105 .0055 P .0115 "SE

(.005) (.008) (.001) (.008)

3'1 (RH) .0055 P .0033 P .0053 P .0056 P ”E

(.005) (.005) (.005) (.005)

.0567 .0687 .0558 .0655 H90

(.005) (.005) (.005) (.005)

.0150 .0071 .0055 .0055 “SE

(.003) (.001) (.001) (.001)

B'l.5 (RES) .0155 P .0150 .0800 P .0165

(.016) (.007) (.005) (.007)

.0515 .0616 .0557 P .0655

(.005) (.005) (.005) (.005)

.0130 .0065 .0056 .0063

(.003) (.001) (.001) (.001)

BOLS .0373 .0135 .0037 .0175

(.013) (.007) (.006) (.007)

.0655 .0615 .0551 .0653

(.006) (.005) (.005) (.005)

.0133 .0070 .0057 .0068

(.003) (.001) (.001) (.001)

BSEG .0815 P .0165 P .0175 P .0158 P

(.015) (.007) (.005) (.007)

.0505 .0685 .0537 P .0651

(.006) (.005) (.005) (.005)

.0186 .0070 .0057 .0053

(.003) (.001) (.001) (.001)

BPSEG .0815 P .0165 P .0175 P .0156 P

(.015) (.007) (.006) (.007)

.0505 .0636 P .0555 P .0655

(.006) (.005) (.005) (.005)

.0186 .0071 .0055 .0055

(.003) (.001) (.001) (.001)



BHQH

BHRN(T)

BCON

BCON(T)

P Different from BOLS at a -

.0366

(.013)

.0501

(.007)

.0156

(.003)

.0355

(.013)

.0671

(.007)

.0155

(.003)

.0355

(.013)

.0568

(.007)

.0153

(.008)

.0380

(.013)

.0535

(.007)

.0135

(.003)
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.0870 P

(.005)

.0655 P

(.005)

.0058 P

(.001)

.0831 P

(.007)

.0670 P

(.005)

.0077 P

(.001)

.0851 P

(.005)

.0677 P

(.005)

.0075 P

(.001)

.0880 P

(.007)

.0660 P

(.005)

.0075

(.001)

.05

(Standard errors in parentheses)

.0307 P

(.018)

.0658 P

(.007)

.0066 P

(.001)

.0851 P

(.011)

.0651 P

(.007)

.0058 P

(.001)

.0875 P

(.011)

.0686 P

(.006)

.0075 P

(.008)

.0865 P

(.011)

.0680 P

(.006)

.0077 P

(.008)

.0313 P

(.005)

.0751 P

(.005)

.0105 P

(.001)

.0858 P

(.005)

.0788 P

(.005)

.0055 P

(.001)

.0856 P

(.005)

.0716 P

(.005)

.0055 P

(.001)

.0865 P

(.007)

.0708 P

(.005)

.0055 P

(.001)
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Ighl§_§‘19, Portfolio Prediction Errors: (RH-RP)LON

EO-Firm portfolios BHI. BHID, and BLUw ranked on BOLS

15 smallest monthlg returns based on (RH-RF)

W 13.111. 13.51.11 ELM W

3.0 (RF) -.0116 P -.0883 P -.0185 P -.0160 P HE

(.010) (.010) (.005) (.007)

.0557 .0656 .0557 P .0657 H90

(.005) (.005) (.008) (.003)

.0157 .0051 .0033 P .0055 HSE

(.006) (.001) (.000) (.008)

3'1 (RH) .0037 P -.0071 P .0085 P -.0007 HE

(.005) (.005) (.005) (.006)

.0587 .0655 .0585 .0685 H90

(.005) (.005) (.003) (.003)

.0158 .0073 .0031 .0063 HSE

(.006) (.001) (.000) (.008)

3-1.5 (R55) .0108 P -.0005 P .0050 P .0055

(.005) (.005) (.005) (.005)

.0587 .0635 P .0531 .0688

(.005) (.005) (.003) (.003)

.0158 .0078 P .0038 .0058

(.006) (.001) (.000) (.008)

BOLS .0880 -.0015 -.0015 .0057

(.005) (.005) (.005) (.006)

.0638 .0655 .0531 .0686

(.006) (.005) (.003) (.003)

.0155 .0073 .0031 .0053

(.006) (.001) (.000) (.008)

BSEG .0188 P .0005 P .0065 P .0068 P

(.006) (.005) (.005) (.006)

.0585 .0635 .0585 .0680 P

(.005) (.005) (.003) (.003)

.0158 .0078 P .0031 .0068 P

(.006) (.001) (.000) (.008)

BPSEG .0185 P .0013 P .0071 P .0066 P

(.006) (.005) (.005) (.006)

.0630 .0635 .0587 .0688

(.005) (.005) (.003) (.003)

.0153 .0071 P .0031 .0068 P

(.006) (.001) (.000) (.008)



BH9H

BH9H(T)

BCON

BCON(T)

.0855 P

(.005)

.0535

(.006)

.0157

(.006)

.0813

(.005)

.0535

(.006)

.0156

(.006)

.0881

(.005)

.0587

(.006)

.0155

(.006)

.0156

(.005)

.0630

(.006)

.0155

(.006)
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.0063 P

(.005)

.0635

(.005)

.0078

(.001)

.0057 P

(.005)

.0636

(.005)

.0078

(.001)

.0066 P

(.005)

.0635

(.005)

.0078

(.001)

.0055 P

(.005)

.0637

(.005)

.0071

(.001)

P Different from BOLS at a - .05

(Standard errors in parentheses)

.0156 P

(.005)

.0537

(.003)

.0033

(.000)

.0135 P

(.005)

.0635

(.003)

.0033

(.000)

.0131 P

(.005)

.0538

(.003)

.0033

(.000)

.0185 P

(.005)

.0531

(.003)

.0033

(.000)

.0151 P

(.005)

.0687

(.003)

.0055

(.008)

.0185 P

(.005)

.0686

(.003)

.0055

(.008)

.0135 P

(.005)

.0683

(.003)

.0065

(.008)

.0116 P

(.005)

.0683

(.003)

.0053

(.008)



19.12.115.111.

BRf - 0

BH - 1

BCS - 1.53

BOLS

BSEG

BPSEG

BH9H

BH9HCT)

BCON

BCON(T)

a:

.0075

(.005)

.0055

(.005)

.0055

(.005)

.0055

(.005)

.0058

(.005)

.0058

(.005)

.0085

(.006)

.0085

(.006)

.0087

(.006)

.0031

(.005)
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Return Prediction Errors:

LED.

.0785

(.003)

.0616

(.008)

.0680

(.008)

.0681

(.008)

.0687

(.008)

.0630

(.008)

.0715

(.003)

.0655

(.003)

.0655

(.003)

.0677

(.008)

Unadjusted

55.5.

.0053

(.001)

.0065

(.000)

.0070

(.000)

.0070

(.000)

.0071

(.000)

.0078

(.000)

.0100

(.001)

.0058

(.001)

.0051

(.001)

.0055

(.000)
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W Return Prediction Errors: Slope Adjusted

[1E 55D. ESE.

BR? - 0 .0075 .0785 .0053

(.005) (.003) (.001)

BH - 1 .0055 .0616 .0065

(.005) (.008) (.000)

555 - 1.53 .0055 "0680 .0070

(.005) (.008) (.000)

BOLS .0055 .0616 .0070

(.005) (.008) (.000)

BSEG .0058 .0686 .0071

(.005) (.008) (.000)

BPSEG .0058 .0686 .0071

(.005) (.008) (.000)

BH9H .0086 .0651 .0056

(.006) (.003) (.001)

BH9HCT) .0030 .0670 .0051

(.006) (.003) (.001)

BCON .0085 .0675 .0058

(.006) (.003) (.001)

BCON(T) .0038 .0660 .0075

(.006) (.008) (.001)
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W Return Prediction Errors: Bias Adjusted

DE 5.611 L155.

BR? - 0 .0000 .0785 .0053

(.005) (.003) (.001)

BH - 1 .0000 .0617 .0065

(.005) (.008) (.000)

355 P 1.53 .0000 .0681 .0065

(.005) (.008) (.000)

BOLS .0006 .0681 .0070

(.005) (.008) (.000)

BSEG .0005 .0685 .0071

(.005) (.008) (.000)

BPSEG .0006 .0630 .0071

(.005) (.008) (.000)

BH9H .0006 .0716 .0100

(.006) (.003) (.001)

BH9H(T) .0005 .0555 .0051

(.006) (.003) (.001)

BCON .0006 .0655 .0051

(.006) (.003) (.001)

BCON(T) .0005 .0677 .0055

(.005) (.008) (.000)



1911.19.55.11

BR? P 0

BH P 1

BCS P 1.53

BOLS

BSEG

BPSEG

BH9H

BH9HCT)

BCON

BCON(T)

a;

.0000

(.005)

.0000

(.005)

.0000

(.005)

.0000

(.005)

.0000

(.005)

.0000

(.005)

.0000

(.006)

.0000

(.006)

.0000

(.006)

.0000

(.005)
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Return Prediction Errors:

LIED.

.0785

(.003)

.0617

(.008)

.0681

(.008)

.0615

(.008)

.0686

(.008)

.0687

(.008)

.0651

(.003)

.0671

(.003)

.0675

(.003)

.0661

(.008)

Slope 9 Bias Adjusted

[155.

.0053

(.001)

.0065

(.000)

.0065

(.000)

.0065

(.000)

.0071

(.000)

.0071

(.000)

.0056

(.001)

.0061

(.001)

.0075

(.001)

.0065

(.000)
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13515—5115. Hatched Pair T-Test of Significance:

WForecasts

In each cell, three significance values are given. From top to

bottom, they are:

mean error(HE),

mean absolute deviation (HAD),

and mean square error (MSE).

Rf Rm Rcs BOLS BSEG BPSEG BHAH BHAH(T) BCON

Rm .650 - - - - — - - _

.000

.000

Rcs .550 .550 - - - — - _ _

.000 .558

.001 .501

BOLS .656 .717 .555 - - - - - -

.000 .555 .755

.001 .605 .855

BSEG .651 .655 .500 .636 - - - _ -

.001 .851 .051 .085

.001 .357 .055 .883

BPSEG

.567 .555 .753 .565 .655 - - - -

.001 .155 .015 .005 .005

.001 .867 .083 .050 .005

BH9H .565 .558 .515 .601 .555 .505 - - -

.755 .000 .000 .000 .000 .000

.355 .001 .000 .000 .000 .000

BH9H(T)

.570 .550 .583 .508 .556 .513 .515 - -

.850 .000 .000 .000 .000 .000 .000

.755 .001 .000 .000 .000 .000 .001

BCON

.566 .656 .580 .605 .557 .513 .558 .557 -

.855 .000 .000 .000 .000 .000 .000 .553

.785 .001 ..000 .000 .000 .000 .000 .805

BCON(T)

.673 .657 .538 .505 .555 .515 .508 .557 .515

.051 .001 .000 .000 .000 .000 .000 .000 .000

.880 .008 .000 .000 .000 .000 .001 .000 .001
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15213.5315. Hatched Pair I-Iast of Significance:

Sign§,Adjusted Forecasts

In each cell, three significance values are given. From top to

bottom, they are:

mean errorCHE),

mean absolute deviation (HAD),

and mean square error (HSE).

 

Rf Rm Ros BOLS BSEG BPSEG BH9H BH9H(I) BCON

Rm .550 - - - - - — - _

.000

.000

Res .650 .550 P — - - _ - -

.000 .558

.001 .501

BOLS .655 .710 .551 - - - — - -

.000 .605 .351

.001 .517 .551

BSEG .551 .555 .757 .557 P P P P P

.001 .858 .071 .003

.001 .567 .065 .085

BPSEG

.557 .565 .735 .565 .758 P P P P

.001 .850 .053 .001 .188

.001 .516 .050 .015 .060

BH9H

.676 .567 .655 .555 .556 .655 P P P

.886 .001 .000 .000 .000 .000

.850 .005 .001 .000 .001 .001

BH9HCT)

.550 .565 .553 .651 .550 .555 .553 P P

.055 .003 .000 .000 .000 .000 .000

.070 .007 .001 .000 .001 .001 .001

BCON

.675 .555 .553 .658 .551 .555 .665 .675 P

.051 .003 .000 .000 .000 .000 .000 .005

.055 .007 .001 .001 .001 .001 .000 .085

BCON(T)

.561 .571 .555 .635 .537 .555 .555 .555 .557

.087 .005 .000 .000 .000 .000 .000 .000 .000

.031 .013 .001 .001 .001 .001 .000 .000 .001
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Ignl§_sjlz, Hatched Pair I-Test of Significance:

813;,Adjusted Forecasts

In each cell, three significance values are given. From top to

bottom, they are:

mean errorCHE),

mean absolute deviation (HAD),

and mean square error (HSE).

Rf Rm Rcs BOLS BSEG BPSEG BHAH BHAHCI) BCON

Rm .555 - - - - — - - -

.000

.000

Rcs .555 .580 - - - — - - _

.001 .555

.001 .858

BOLS .553 .575 .565 - - — — - _

.001 .533 .753

.008 .551 .855

BSEG .555 .555 1.000 .555 P P P P P

.008 .307 .075 .031

.003 .351 .055 .808

BPSEG

.555 .555 .555 .530 .655 P P P P

.008 .813 .087 .006 .005

.003 .866 .085 .055 .006

BHAH

1.000 .555 .550 .555 .555 .555 P P P

.736 .000 .000 .000 .000 .000

.358 .001 .000 .000 .000 .000

BH9HCT)

.555 .555 .550 .555 .555 .555 .565 P P

.873 .000 .000 .000 .000 .000 .000

.673 .001 .000 .000 .000 .000 .001

BCON

.555 .550 .556 1.000 .557 .555 .586 .505 P

.875 .001 .000 .000 .000 .000 .000 .555

.505 .001 .000 .000 .000 .000 .000 .805

BCON(T)

.555 .555 .555 1.000 .555 .575 .555 .513 .556

.055 .001 .000 .000 .000 .000 .000 .000 .000

.855 .008 .000 .000 .000 .000 .001 .000 .001



153

15812.5115. Hatched Pair I-Iest of Significance:

algg§_fi_flia§_Adjusted Forecasts

In each cell, three significance values are given. From top to

bottom, they are:

mean error(HE),

mean absolute deviation (HAD),

and mean square error (HSE).

Rf Rm Rcs BOLS BSEG BPSEG BHAH BHAH(I) BCON

Rm .999 - - - .. .. .. - ..

.000

.000

Ros .555 .580 - - - - - _ -

.001 .555

.001 .858

BOLS .555 .568 .555 ‘ P - - — - -

.001 .511 .318

.001 .501 .588

BSEG .555 .555 .550 .555 P P P P P

.008 .358 .057 .003

.008 .571 .065 .015

BPSEG

.555 .553 .555 .553 .735 P P P P

.008 .383 .050 .008 .818

.008 .508 .058 .010 .055

BH9H

.565 .570 .555 .553 .555 .551 P P P

.855 .008 .000 .000 .000 .000

.375 .005 .001 .000 .000 .000

BH9H(T)

.565 .575 .570 .555 .551 .553 .555 P P

.073 .005 .000 .000 .000 .000 .000

.113 .007 .001 .000 .000 .000 .001

BCON

.565 .566 .555 .555 .555 .551 .558 .653 P

.108 .005 .000 .000 .000 .000 .005 .000

.155 .007 .001 .001 .001 .001 .000 .087

BCON(T)

.566 .573 .555 .555 .558 .553 .558 1.000 .535

.035 .011 .000 .000 .000 .000 .000 .000 .000

.055 .015 .001 .001 .001 .001 .000 .000 .001
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13212.5113. Bias and Slope Adjustments

ej - Rj—Rf - bias - (slopeP(Bj-avg(Bj)PangBj))P(Rm-Rf)

Slope coefficients (inefficiency adjustment) were obtained from

the regression:

Rj-Rf - intercept + slope BjP(Rm-Rf)

where beta Bj is as below.

Bias is computed as the average actual monthly return (Rj-Rf)

minus the average predicted return BjP(Rm-Rf).

E599 Rina. Elana.

9 - 0 (Rf) -.0079 P

B - 1 (Rm) -.0099 P

B - 1.93 (R99) -.0055 P

BOLS -.0099 .7939

9999 -.0059 ..7990

99999 -.0059 .7595

BHAH -.0099 .9551

BHAH(I) -.0030 .5010

BCON -.0099 .9059

BCON(T) -.0039 .5599

P These forecasts are constants for any given month

and do not vary across firms. They do vary across

months as the market risk premium (Rm-Rf) varies.
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Chapter 5 Summary and Discussion

The evidence of Chapter 5 is consistent with the

following:

i)

ii)

iii)

iv)

v)

vi)

Segmental and 0L5 beta estimates are very similar

in character,

Primary segment betas provide much the same

information as segmental and 0L5 betas,

The Conine adjustment for financial leverage

provides better estimates of systematic risk

than the Hamada adjustment in this application,

Average tax rates provide more realistic levered

betas in this application than tax rates which

change annually,

Neither the Hamada nor the Conine beta estimates

performed at the level of the segmental and OLS

beta estimates.

The use of mean square prediction error for

the comparison of alternative estimates of

systematic risk is most useful during periods

of above or below average market performance.

Each of these conclusions, along with any implications and

qualifications, is discussed in the remainder of this chapter.
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5.1 Summary of the Empirical Results

The evidence of section 5.3 indicates that historical

ordinary least squares betas (BOLS) and segmental betas (BSEG)

contribute much the same information in explaining the returns

to common stock. Further support of this conclusion is

provided by their significant cross-sectional correlation

(section 5.1) and by their comparable performance in predicting

security returns (section 5.5). Segmental beta is no more

biased than BOLS and has an almost identical relationship to

equity return. The conclusion that segmental beta is very

similar in nature to the 0L5 beta is strongly supported by the

evidence and is a fundamental result of this study.

Segmental beta additionally exhibits much greater

stability than OLS beta over time. Section 5.8 demonstrated

that the standard deviation of BSEG is about half of the

standard deviation of BOLS. Segmental beta is thus an

alternative estimate of the systematic risk of a multi-segment

firm which possesses much the same explanatory and predictive

power as BOLS yet exhibits greater intertemporal stability.

Primary segment beta (BPSEG) performed nearly as well as

BSEG in the predictive tests of section 5.5. Huch of the

information provided by segmental and 0L5 beta is captured when

using only the primary segment beta. BPSEG also enjoys greater

stability than BOLS, though not as great as BSEG.
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The Conine adjustment for financial leverage consistently

performed better in predictive accuracy than the Hamada

adjustment. The Conine adjustment might be expected to perform

better since the Hamada betas overestimate the systematic risk

of equity to a greater degree than the Conine betas. That is,

the average Hamada and Conine betas were 8.18 and 8.01,

respectively, while the average 0L5 beta of the multi-segment

sample was only 1.53. But the Conine adjustment continued its

predictive superiority over the Hamada adjustment even after

correcting both sets of return predictions for this bias. The

Conine betas required a smaller adjustment for inefficiency

than the Hamada betas and also exhibited smaller forecast

errors after adjusting for both bias and inefficiency.

The variability of the annual tax rates in the Conine and

Hamada adjustments to financial leverage severely impaired the

predictive ability of these models. The leverage adjustments

using a constant average tax rate had consistently better

predictive accuracy than the adjustments using annually

changing rates. This was apparent even after adjusting for

bias and inefficiency and was true for both the Hamada and

Conine estimates. This result is not surprising since the

leverage adjustments are based on perpetual cash flow models

while observed tax rates exhibit great variability.

Neither the Hamada nor the Conine leverage-adjusted betas

performed as well in predicting security returns as the 0L5 and

segmental betas. This was true for the leverage-adjusted betas
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BHAH and BCON using annual tax rates as well as the BHAHCT) and

BCON(T) betas using an average tax rate. Apparently, there are

still significant factors in the market’s adjustment for

financial leverage which have not been captured in the Hamada

and Conine equations. In the present application, better

return predictions were obtained when the financial leverage

adjustments were ignored entirely. The segmental beta

estimates, which assumed the same degree of financial leverage

at the multi-segment firm and industry levels, provided much

closer approximations to BSEG than the estimates BHAH, BHAH(T),

BCON and BCON(T) which explicitly adjusted for financial

leverage. The existing leverage adjustments are either

sufficiently misspecified or too poorly implemented to enhance

the beta estimation process.

In the development of the financial leverage adjustments

to systematic risk, the assumption of perpetual cash flows is

clearly specious. Including personal taxes in the leverage

equations may serve to reduce the misspecification and improve

the forecast accuracy. However, the existence of heterogenous

personal tax rates and tax liabilities makes this a difficult

factor to examine empirically. Bankruptcy and agency costs are

also omitted from the current application because they are

again very difficult to quantify. Although the leverage

adjustments may prove fruitful in other settings, their

performance is not encouraging in the present application.
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One additional point concerning the tests of predictive

accuracy requires mention. The large amount of random behavior

in the return distributions of common stock and their low

correlation with the market index means that predicting

security returns is a very inexact procedure. Simply

predicting the average return to common stock (BCSP1.53) yields

forecasts which are as good as the predictive accuracy of the

firm-specific estimates BSEG and BOLS. This was true for

average risk stocks BHID during periods of above, average, and

below average market returns. As the systematic risk of a firm

diverges from the average, however, the segmental and 0L5 beta

estimates may perform better than a simple estimate of the

market return.
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5.8 Suggestions for Future Research

Segmental beta BSEG are a useful alternative measure of

the systematic risk of common stocks. The relative stability

of segmental beta and its close correspondence with the DLS

estimate recommend BSEG when 0L5 estimates are either

inappropriate or unavailable. This is especially true in

situations where the multi-segment firm has recently undergone

a change in its investment mix. Hajor acquisitions, mergers,

or divestitures make OLS beta estimates inappropriate; yet such

changes pose no threat to the more adaptable segmental beta

estimates. In such situations, the segmental estimate can be

immediately adjusted to reflect the new investment mix of the

firm.

Horeover, the predictive tests of section 5.5 provide a

means of comparing the OLS and segmental beta estimates in such

circumstances of asset mix changes. By examining the period

immediately after an acquisition or divestiture, the estimates

may be compared in terms of bias, inefficiency, and overall

forecast accuracy. The estimates may be compared both to each

other and to their own pre-merger (or pre-divestiture) levels.

The systematic risk adjustments for financial leverage do

not promise the same potential in the present application.

Stock repurchase announcements and large stock or debt

offerings create an immediate and important impact on the

systematic risk of equity. Yet, the existing adjustments to
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beta for financial leverage are only rough approximations.

There may be significant omitted variables and measurement

errors, as well as possible misspecification of the functional

form of the relationship between unlevered and levered beta.

Nevertheless, the levered betas may provide a valuable

adjustment to systematic risk estimates. This avenue of

research is perhaps most promising when combined with Bayesian

adjustments to the absolute and relative level of the levered

betas.

Initial tests of the theory of financial leverage should

isolate the financing from the investment effects. This study

has demonstrated that segmental betas utilizing industry

information are a valuable alternative to historical OLS

betas. The results of the financial leverage adjustments were

not nearly so conclusive. One obstacle to the examination of

the leverage adjustments is that the leverage adjustments were

performed on the segmental betas, thus compounding the effect

of the financing and investment of the firm. For the leverage

adjustments to be proven accurate and/or useful, they should

first be analyzed without the segmental beta adjustment for the

asset mix of the multi-segment firm. Once the financing

effects are isolated, then they may be applied to segmental

beta in a more productive fashion.
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Appendix 9

Pooling Cross-sectional and Time Series Observations:

A Statistical Note

Consider the general regression model

yit - blit Xlit +... + bKit XKit + eit,

where i-1,8,...,N refers to a cross-sectional observation on an

individual (in the present context, an individual firm),

t-1,8,...,T refers to a given time period, and there are K

independent variables. Thus yit is the observation of the

dependent variable for firm i at time t. Typically, Xlit P 1,

so that each regression equation contains a constant term

(possibly with a coefficient of zero). This general regression

model describes the pooling of cross-sectional and time series

data to form a sample of N x T observations of the dependent

variable yit and independent variables int, kPl,8,...,K.

The potential advantage of pooling N cross-sectional

observations over T time periods is in increasing the number of

observations to N x T and thereby increasing the efficiency of

the coefficient estimates. Pooling of time series and

cross-sectional observations in a regression is appropriate

only when the regression coefficients are constant for all

individuals i and over all time t. Additionally, the residuals

must exhibit constant variance. If either of these conditions

are violated, then the pooling technique yields biased tests of



173

significance (see, for instance, Beaver, Griffin, and Landsman,

1588].

Ordinary least squares estimation requires the following

necessary conditions on the errors

eit P yit - blit Xlit - ... - bKit XKit:

1) EEeitJ P 0 mean zero errors

8) EEeit,eit+13 P 0 serial independence

3) EEeit,ejtJ P 0 cross-sectional independence

5) EEeit,ejt+1] P 0 zero intertemporal cross covariance

S) EECeit)*J P 0*(e) homoskedastic errors

for all firms i and j and time t. In matrix notation,

restrictions 8) through 5) may be expressed as

a‘Ce) 0 ... 0

EEee’) P 6* (e) INxN P 0 63(9) .

0 ... 61(e).

Under these conditions, the 0L5 estimator b P (X’X)-1X’Y is

unbiased, consistent as either N or T approaches infinity, and

efficient. If the errors are also multivariate normal, then

the usual t- and F-tests of significance hold.

If the errors eit are not multi-variate normal or if some

of the conditions 1) through 5) are not present, some important

0LS results do not necessarily hold. In particular, the b

estimates are no longer multi-variate normal, b and the

residual variance estimate a'Ce) are no longer necessarily

- independent, and E(NT-K)c*(e)J/0*(e) is no longer necessarily

chi-square distributed with NT-K degrees of freedom.

Consequently, test statistics for significance of the

regression coefficients 5 are no longer t(NT-K) distributed and
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tests based on the F distribution are invalid (Schmidt,

11-31).

The general model translates into a Two-Stage Least

Squares (ESLS) application as

Stage 1: [Bseg,it(Rmt-th)3 P alithlitEBDLS,it(Rmt-th)]+Uit

Stage 8: CRit-th] P a8it+b8itCBOLS,it(Rmt-th)J+CitUit+eit.

In the first stage Xlit P 1 and X81t P [BULS,it(Rmt-th)]. In

the second stage, Xlit P 1, X8it P CBDLS,it(Rmt-th)), and

XBit P Uit is the OLS residual from the first stage.

The stage 1 residual UPYPXB is orthogonal to XPCRmPRf)BOLS

by construction since

X'U P X’(YPXB)

P X’CYPX((X’X)P1X’Y)

P X’YPCX'X)(X’X)P1X’Y

P X’YPX’Y

P 0.

The independent variables Uit P EBSEG,it(Rmt-th)] P

CBCLS,it(Rmt-th)] and X8it - CBOLS,it(Rmt-th)] of the second

stage regression equation are then noncollinear by

construction. If the errors are multivariate normal and

conform to conditions 1)P5), then the coefficient c may be

interpreted as the incremental explanatory power of the

variable CBSEBCRm-Rf)) beyond that explained by the independent

variable EBOLSCRm-Rf)).

Note, however, that the BSEG and BOLS are systematic risk

estimates for each firm i from a historical 0L5 time series

regression on the immediately preceding 50 month time

interval. Adjacent monthly estimates of segmental or OLS beta
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will not be independent estimates since they contain 55 common

observations and are calculated over nearly the same time

period. If any firm’s time series of beta estimates is over-

or under-estimated, then that firm’s residuals in both stage 1

and stage 8 of the 8SLS procedure will exhibit serial

autocorrelation as well as serial cross-correlation with other

over- and under-estimated firms. As an example, consider a

firm with a true beta of 1 and an 0L5 estimate of 8. whenever

Rmt > th, then E(Rit] will be over-estimated by BULS,it. This

beta estimate will then exhibit serial auto and

cross-correlation with other over- and under-estimated beta

estimates. In this case the pooling technique yields biased

estimates of the 85LS regression coefficients and is hence

inappropriate.

Cross-sectional dependence in the residuals of the second

stage regression may also occur because of common economy-wide

or industry factors. Such cross-sectional correlation would

also serve to bias the regression coefficients and invalidate

the use of a pooled sample. The use of pooled time series and

cross-sectional observations thus imposes strict conditions

on the regression equations.
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APPENDIX B: HULTIPSEGHENT FIRH SAHPLE

CUSIP COHPANY ESTIHATEO BETAS

NUHBER TICKER NAHE BOLS BSEG BPSEGBHAH BHAHTBCON BCONT

600 ACF 9 C F INOS INC 1 58 1.51 1 56 8 35 1.78 8.80 1.7

8050 ARA 9 R 9 SUCS INC 1.17 1.50 l 78 8 05 8.05 8.00 1.57

8585 ABT ABBOTT LABS 1.81 1.73 1.38 1.55 1.55 1.51 1.56

17378 95 ALLEGHENY INTL INC 1.65 1.75 1.55 5.35 5.85 5.75 3.63

15067 ALO ALLIED CORP 1.55 1.55 1.38 8.58 8.55 8.81 8.83

15511 AOP ALLIED PROOS CORP OEL 0.56 1.55 1.58 3.65 3.81 3.85 8.53

83515 995 AHERACE CORP 1.15 1.75 1.58 8.75 8.78 8.55 8.55

85553 9C AHERICAN CAN CO 0.56 1.58 1.55 3.03 8.50 8.7 8.55

85381 ACY AHERICAN CYANAHIO CO 1.35 1.37 1.38 1.55 1.55 1.53 1.7

85505 AHP AHERICAN HOHE PROOS CORP1.08 1.35 1.38 1.15 1.15 1.15 1.16

85717 AST AHERICAN STO INC 1.55 1.55 1.55 1.75 1.85 1.78 1.31

31105 AHE AHETEK INC 1.53 1.75 1.73 1.57 1.70 1.55 1.71

31151 AHA AHFAC INC 1.15 1.50 1.57 8.35 8.85 8.15 8. 7

38037 AP AHPCOPPITTSBURGH CORP 1.55 1.53 1.53 8 55 1.55 8.85 1 65

38177 AO AHSTEO INOS INC 1.50 1.57 1.53 1 17 0.57 1.85 0.55

33057 ARH ANCHOR HOCKING CORP 1.15 1.71 1.55 8.55 8.50 8.38 8.87

35653 95L ANGELICA CORP 1.57 1.50 1.56 1.38 1.35 1.37 1.35

37511 APA APACHE CORP 1.51 1.55 1.78 1.75 1.75 1.75 1 75

58170 95 ARHCO INC

53157 ATA ARTRA GROUP INC

57563 ATH ATHLONE INOS INC

55555 AX AXIA CORP

50881 BNK BANGOR PUNTA CORP

55555 BNR BANNER INOS INC

57506 B BARNES GROUP INC

66557 BAR BARRY URIGHT CORP

77551 BHw BELL & HOwELL CO

55571 BIG BIG THREE INOS INC

55785 BOR BORG NARNER CORP

11005“? BHY BRISTOL HYERS CO

185555 C55 C 5 5 INC

185157 CPN CP NATL CORP

187055 CBT CABOT CORP

158335 CSL CARLISLE CORP

155855 CAR CARTER UALLACE INC

156585 CH9 CHAHPION INTL CORP

153867 CHO CHELSEA INOS INC

155155 CSK CHESAPEAKE CORP UA

155335 CBH CHESEBROUGH PONOS INC

157753 CH5 CHICAGO HILwAUKEE CORP

171105 CRO CHROHALLOY AHERN CORP

156665 COT COLT INOS INC OEL
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810515 CH5 CONSUHERS PUR CO 0.6 56 76 35 l 1 1.8 08

811558 CCC CONTINENTAL GROUP INC 0.57 56 55 55 8. 7 8.3 05

815555 CBE COOPER INOS INC 1.53 73 57 55 1.78 1.55 78

815387 GLU CORNING GLASS wKS 1.5 53 15 8.1 1.55 8.05 55

885355 CR CRANE CO 1.58 55 1.3 8 06 1.55 1.56 75

886555 25 CROUN ZELLERBACH CORP 1.5 55 1 55 8 06 1.57 1.57 65



831551

858155

858751

850003

851571

861557

865630

856035

855603

870330

875551

878055

850575

851810

853557

855555

857585

300567

308551

313553

313555

380651

351555

351086

351585

351556

355358

355505

370055

370335

370536

371358

358356

363653

356085

501370

508555

508765

505305

511531

513675

515555

587055

585835

585518

531573

537515

536505

535315

555855

550555

558306

557555

CURTISS wRIGHT CORP

DEXTER CORP

DIAHOND SHAHROCK

DOUER CORP

DRAUO CORP

DRESSER INDS INC

DUN 8 BRADSTREET CORP

DYNAMICS CORP AHER

EAGLE PICHER INDS INC

EASCO CORP

EASTERN GAS & FUEL

EATON CORP

EDISON BROS STORES

EHHART CORP U9

ENSERCH CORP

ESSEX CHEH CORP

ESTERLINE CORP

EX CELL O CORP

F H C CORP

FEDERAL PAPER BRO INC

FEDERAL SIGNAL CORP

FIRST H155 CORP

FOX STANLEY PHOTO

FUOUA INDS INC

5 9 F CORP

G A T X CORP

GENERAL CINEHA CORP

GENERAL ELEC CO

GENERAL HOST CORP

GENERAL HLS INC

GENERAL SIGNAL CORP

GENERAL TIRE & RUBR

GOODRICH 5 F CO

GRACE w R 8 CO

GREYHOUND CORP

GUARDIAN INOS CORP

GULF RES 8 CHEH

GULTON INDS INC

HAHHERHILL PAPER CO

HARCOURT BRACE

HARRIS CORP DEL

HARSCO CORP

HERCULES INC

HEULETT PACKARD CO

HIGH UOLTAGE ENGR

HILLENBRANO INOS

HOHESTAKE HNG CO

HONEYUELL INC

HOOUER UNUL INC

I C INDS INC

I U INTL CORP

ILLINOIS TOOL NKS INC

INSILCO CORP
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555505

556708

555575

555565

560155

568570

576150

576355

551155

555170

555085

500550

500508

501173

501555

508810

513556

581655

536081

575675

577061

561555

568558

565755

557715

505055

618017

518055

515756

515585

587151

535555

537557

551635

555858

555607

557586

575355

650555

550807

553505

555588

701055

705503

713555

715051

715555

783555

785701

785110

750518

758716

755556

PNA

PSR
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INTERCO INC

INTERLAKE INC

INTERNAT'L HARUESTER

INTERNAT’L HNRL8CHEH

INTERNATIONAL PAPER

IOwA ILL 595 8 ELEC

JOHNSON 8 JOHNSON

JOHNSON CTLS INC

JOY HFG CO

KANEB SUCS INC

KATY INDS INC

KOLLHORGEN CORP

KOPPERS INC

KUBOTA LTD

KYSOR INDL CORP DEL

L T U CORP

LAHSON 8 SESSIONS

LEAR SIEGLER INC

LITTON INOS INC. 1.

HATSUSHITA ELEC INDL LTDO.

HATTEL INC

HCKESSON CORP 1.

HC NEIL CORP 1.

HELUILLE CORP

HIDLAND ROSS CORP 1.

HINNESOTA HNG 8 HFG CO 1.

HONTANA DAKOTA UTILS CO 0.

HONTANA PUR CO 0.

RES INC1.HOORE HC CORHACK

HORTON THIOKOL INC

HURRAY OHIO HFG CO

NAT’L DISTILLERS 8 CHEH

NATIONAL SUC INDS INC

NEUHONT HNG CORP

NORTHERN IND PUB SUC CO

NORTHROP CORP

NORTHUEST INDS INC

OGDEN CORP 1.

OLIN CORP 1.

OUERHEAO DOOR CORP

P P G INDS INC

PAPERCRAFT CORP

PARKER HANNIFIN CORP

PENNZOIL CO

PEPSICO INC

PERKIN ELHER CORP

PETROLANE INC

PIONEER CORP TEX

PITTSTON CO

PLESSEY PLC

PREHIER INDL CORP

PROCTER 8 GAHBLE CO

PUBLIC SUC CO COLO
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155 755855

755111

751753

770515

775357

775711

775336

765015

753553

505505

605357

510550

585355

585588

585308

655551

657835

656355

551763

655831

655515

557781

657383

571150

678555

675557

660370

553803

557885

658355

655015

508180

508158

508555

508575

505765

505530

505561

505078

505650

510571

518087

518075

513017

588805

585150

535565

555557

576155

R C A CORP

RAYTHEON CO

REYNOLDS R J INDS INC

ROBERTSHAM CTLS CO

ROCKwELL INTL CORP

ROLLINS INC

RONSON CORP

S C H CORP

ST REGIS CORP

SCHERING PLOUGH CORP

SCOTT 8 FETZER CO

SCOUILL INC

SHERUIN WILLIAHS CO

SIGNAL COS INC

SINGER CO

SOUTHUEST FOREST INOS

SPARTON CORP

SPERRY CORP

SPRINGS INOS INC

STANDEX INTL CORP

STANLEY UKS

STAUFFER CHEH CO

SUNDSTRAND CORP

SYBRON CORP

T R U INC

TALLEY INDS INC

TENNECO INC

TEXTRON INC

TIHE INC

TRACOR INC

TRANSUAY INTL CORP

TYCO L965 INC

TYLER CORP

U G I CORP

U H C INDS INC

UNILEUER N U

UNION CAHP CORP

UNION CARBIDE CORP

UNION CORP

UNITED BRANDS CO

UNITED INDL CORP

UNITED 5T5 GYPSUH CO

UNITED 5T5 INDS INC

UNITED TECHNOLOGIES

UARIAN ASSOC INC

UULCAN HATLS CO

UARNER LAHBERT CO

UILLIAHS COS

UOHETCO ENTERPRISES

AUERAGE

STANDARD DEUIATION
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APPENDIX C: SIC CODES

SIC # OF SINGLE-SEGMENT # 0F MULTIPSEGMENT

CODE FIRMS IN INDUSTRY REFERENCES
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