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1. Introduction

Measuring and understanding the cost of capitahes of the fundamental problems in corporate
finance. The best-researched framework is the aap#set pricing model (CAPM) and its beta
factor (Sharpe 1964, Lintner 1965). Although th&aekliterature has often challenged the valid-
ity and the importance of this model (notably Fafnanch, 1992), recent research indicates that
the CAPM provides important insights and is essémdi understanding and estimating the cost
of capital for firms (Levy/Roll 2010, Levy 2010, ZBuo/Jagannathan 2009, Ray/Savin/Tiwari
2009). Given the tremendous importance of systemestk in the form of the market beta, this
article examines and extends research on theaelagtween the CAPM market beta, account-
ing risk measures and macroeconomic risk factors.

Although prior literature acknowledges the impaxftéinancial- and operating leverage on mar-
ket beta (e.g. Mandelker/Rhee 1984, Gahlon/Ger@a82 1Hill/Stone 1980), research meanwhile
finds that intrinsic business risk (i.e., the dechaolatility of a firm’s output due to macroeco-
nomic conditions) is the main component of marketab(e.g., Dugan/Griffin 2003, Mensah
1992, Chung 1989). Nevertheless how to appropyiatepture and measure business risk re-
mains unclear.

One key conjecture is that business risk is begtucad by growth (i.e., the uncertainty of a
firm’s output in comparison to market movementsnfRan 2010)). For a given level of financial
leverage and asset turnover, a firm’s growth welldsiven by changes in its sales.

Consequently, when one is measuring a firm’s grasvhiracteristics relative to those of its mar-
ket competitors, growth risk is driven by the riblat firm sales growth will deviate from market

wide dynamics. Therefore, the covariance of firfesavith market-wide sales trends, which



serves as a proxy for market output, should beyadeterminant of market beta, and the asso-
ciated risk will be referred to as growth risk.

While this reasoning has economic and intuitiveesbpthe literature points out the effect of
varying term structure and yield effects on finaflgileveraged firms and their perceived syste-
matic risk (e.g., Campello/Chen/Zhang 2008, Jag@amédVNang 1996, Chen/Roll/Ross 1986).
This strand of the literature argues that all fifiase the same risk in form of exogenous shocks
which affect the whole economy. Their research satggthat market-wide interest rate spreads
(i.e., the spread between long- and short-termieésteates or the spread between high- and low-
grade bond returns) have a significant effect dmna's output, as measured by firm sales, and
thus affects systematic risk. This economic reagpfeads to the competing business risk proxy
spread risk, which captures the reaction of firbes#o market-wide interest rate spreads. Thus,
this paper first addresses the question of whiclhete two factors best explains the cross-
sectional variation in systematic risk.

Furthermore, closely intertwined with this reseaqelestion is the issue of how growth risk is
measured from an accounting perspective. Theoletmasiderations indicate that the further
decomposition of growth risk into income risk, whiis related to firm profitability, and produc-
tivity risk, which captures firm efficiency, are ggble. Naturally, the question arises of whether
crude but potentially more robust proxies suchhascbvariance of firm sales with market-wide
sales are preferable to a more detailed breakd®&mg precise, is it useful to decompose
growth risk into the product of income- and produityt risk?

To answer these two questions we develop an exdelnela decomposition approach that nests
three models differing in terms of their suggediadiness risk factor. These insights provide the

necessary basis for empirically identifying compégamodel specifications we seek to address



our research questions. In addition to standartharg least squares (OLS) estimation, we em-
ploy state-of-the-art instrumental variable (IV}iestors to cope with the main variables’ mea-
surement error. Using a wide range of instrumeagibstics and first-stage regression results,
we detect and correct for hitherto unresolved sl arising from weak instrument identifica-
tion.

Our results are as follows. Estimating the threeda® for the same sample of firms and the
same time horizon using OLS shows that growth- spre¢ad risk seem capable of explaining
cross-sectional variation in market beta. In otwerds, ordinary least squares estimates are not
sufficient to determine, whether growth- or spre@#t is the key determinant of fundamental
risk. However, based on estimation using the apmatgplV/GMM technique, only the growth-
and income risk models remain intact. Turning te tjuestion of whether it is worthwhile to
decompose growth into more detailed components asithcome- and productivity risk, we find
this not to be the case because the measure aigiraty is mostly not statistically significantly
related to the cost of capital and because groskhatways provides better model fit.

These results provide strong empirical supporttii@r framework outlined in Penman (2010),
indicating that growth risk is a sufficient, rellaband robust proxy that explains differences in
the cost of capital and is the most important aeteant of fundamental risk.

Therefore, we contribute to the literature in tways. First, we provide a comprehensive beta
decomposition model that can guide researchersngld proxies which are closely related to a
firm's cost of capital. Second, we empirically shthat growth risk, as indicated by Penman
(2010), is the most important component of systemak, has strong economic intuition and

informs management about its importance with re¢gafdm cost of capital.



The remainder of this paper is structured as fallohhe second section introduces our hypo-
theses, presents econometric concerns relateceta#in variables’ measurement error, intro-
duces our extended market beta decomposition agpraa@d shows how it comprises our final

model specifications. Section 3 introduces the $anamd estimation techniques. Section 4
presents the empirical analysis, and Section Sigesvinformation on the robustness of the re-

sults. A final section concludes and discusseditfitations of the study.

2. Theoretical Considerations and Econometric Concerns

The CAPM proposes that the only type of non-diiisie risk is market risk as a whole. The
premium for a special investment is determined h®y market portfolio risk premium and the
investment’s sensitivity to that risk, i.e., therket beta. Because the beta factor is defined in
terms of expected stock returns and estimated wihgl past returns, factors driving stock re-
turns will interact with estimated market betasc@ese stock prices can be represented as dis-
counted expected dividends, returns will be afigédig systematic factors that change the econ-
omy’s discount rate or lead to revised expectatregarding the cash flows generated by a firm.
The literature consistently indicates that finahteaerage (i.e., the degree to which a firm uses
borrowed money) and operating leverage (i.e., #ter¢ to which fixed costs and variable costs
are used for production) impact market beta (Gadldentry 1982, Hill/Stone 1980, Lev 1974).
In addition, economists have presented evidendernhnsic business risk, which is defined as
the volatile demand for firm output due to macraewic conditions, is the foremost component
of market beta (e.g., Chung 1989, Mensah 1992 fi@bugan 2003). However, prior studies

differ in the macroeconomic variables that they. Ws#oreseen changes in these variables affect



pricing in the economy and lead to the revised atadm of perceived firm risk and of its relative
position in the market. The literature also indésahow to best quantify the impact of changing
macroeconomic conditions on a firm’'s fundamentglifes. However, it remains unclear how to
appropriately capture and measure business risk.

Penman (2004, 2010) argues that returns on a fieosty are driven by the risk that equity will
not increase as expected. For a given level ohti@ leverage and asset turnover, growth in
equity will be driven by growth in sales. Indeednfan refers to sales risk as the foremost
business risk affecting growth in and return on o@grating assets and, ultimately, returns on
equity. Lakonishok, Shleifer and Vishny (1994) pdev empirical evidence consistent with
Penman’s theoretical assertions. Their findingscate that high sales growth leads to signifi-
cantly smaller stock returns than does low salesvtr. Further, Davis (1994) highlights past
sales growth as a main factor influencing stocurres. These findings are corroborated in recent
work by Mohanram (2005) and Cooper, Gulen and 5¢20I08).

Because this strand of literature argues that baitiain sales is a main factor driving stock re-
turns, this attribute should also help to expla@rket beta. If business risk is understood to be
related to volatile demand for firm outputs duertacroeconomic conditions, the question arises
of how to relate variability in firm sales to econg-wide factors that affect the firm’s relative
position in the market. Recalling the definitionrofirket beta as risk associated with the cova-
riability of a firm’s stock returns with market tehs, we can identify one straightforward busi-
ness risk measure: the interaction between vamstio firm sales and market-wide sales
changes. Measuring market output in the same wdiyrautput demonstrates the direct rela-
tion between a firm’s position and that of its catifors. Therefore, we introduce growth risk,

defined as the risk associated with covariancarin §ales growth with changes in economy-



wide sales, as our first business risk factor. Tador should be useful in explaining cross-
sectional variation in market beta.

To measure macroeconomic conditions based on mauketit alone would mean neglecting the
well-known fact that all firms in the economy fabe risk of changing term-structure spreads or
twists in the yield curve (Campello/Chen/Zhang 2008ma/French 1993). Unanticipated shifts
in the riskless interest rate have an impact ookspoicing. Varying risk premiums of corporate
bonds represent the degree of risk aversion oktlomomy in terms of interest spreads. These
changes in market-wide interest spreads or ratas e the revised valuation of future cash-
flows, which in turn affects returns and, consedyemarket beta. Furthermore, varying infla-
tion rates influence nominal expected cash flowser¢ Roll and Ross (1986) provide empirical
evidence that those rates affect stock returnsyeglseFama and French (1993) underline these
findings. According to their argument, there shdogdan overlap between stock and bond return
processes, especially for integrated markets. Thieoes empirically show that factors in term
structure and default risk — i.e., the spreadsogp@rate and government bond returns — have an
impact on both bond and stock returns.

Whereas the concept of market beta allows us tluateaa particular firm’s stock returns in rela-
tion to the entire market in which the firm opestenacroeconomic variables that affect that
market structure and therefore ultimately impacheirm’s beta should also be of special inter-
est. For example, consider the case of changiegasit rate levels in the economy. More projects
will become attractive as interest rates declimel aew competitors will be able to enter the
market. In contrast, widening interest spreadsigh- and low-grade borrowers will make busi-
ness more difficult and unprofitable for low-quglfirms, possibly resulting in business failure

and market exit. Either market development will dnan effect on a firm’s relative position in



the market and ultimately on its beta. Because efer to business risk as the volatility in the
demand for a firm’s output due to macroeconomicdans, we use the term “spread risk” to
refer to the risk associated with the covariancBrof sales with a particular market interest rate
spread.

Although the impact of interest rate spreads onketabeta seems reasonable, we wish to em-
phasize that changing interest levels affect athgiin more or less the same manner. We antic-
ipate finding evidence of a strong influence ofrufiag interest spreads on market beta, but we
recall based on the theoretical concept of mar&tt that each firm’s position must be evaluated
compared with that of its market competitors. Beeagrowth risk directly positions a firm in

competition with other market participants, we eagphe our first hypothesis:

H1: growth risk explains variations in marketadbetter than spread risk.

Although growth risk could be the dominating foreeexplaining the cross-sectional variation in
market beta, sales might be a too crude figureetmtmormative. Sales are only an indirect proxy
of a firm’s earnings. However, it is reasonablexpect that changes in a firm’s profitability due
to changes in macroeconomic conditions will hawsrang impact on beta. Furthermore, firms
with more cost-efficient production technologie®usld incur lower cost of capital because of
their greater shock-absorbing capabilities. As vileelaborate below in discussing our beta de-
composition approach, theoretical consideratiootate the further segmentation of growth risk
into income risk and productivity risk. Income riska firm’s risk of volatile earnings captured
as the covariance risk of a firm’s accounting flosantrasted with macroeconomic conditions

proxied by changes in market-wide sales. Produgtrisk can be interpreted as a measure of



changes in productivity over time. It expressesdfiect of cost reduction investments that re-

duce risk and measures the effect of rising risk uinvestments undertaken to expand a firm’'s
market share or establish new products. Essenttally variable measures the effect of changes
in earnings on changes in firm sales.

Based on the idea that growth risk is a rather emmgasure that must be further decomposed

into factors indicating profitability as well asfiefency, we assume that the following holds true:

H2: The decomposition of growth risk into inconmsk and productivity risk

helps to better explain market beta.

However, it remains unclear which of the first tempirical measures best captures intrinsic
business risk and if measuring the sub-compondrgsoath risk better explains cost of capital.
The purpose of our models is to provide a compr&kierand flexible approach to decomposing
and explaining variations in market beta. Theseetsohainly differ in the business risk factors
that they consider. The first model is based onitleraction of firm sales with market-wide
sales and is therefore labeled the growth risk mddee second model analyzes how a firm’s
output is influenced by interest rate spreads ardhieled the spread risk model. Finally, we in-
troduce our income risk model, which further decosgs growth risk into income risk and
productivity risk, exploring the risk of changesfirm income due to variations in market-wide
sales and the risk of changes in production efiicye The main goal of our process is to create
models that nest the specifications highlightethaprior literature (Chung 1989, Mensah 1992,

Griffin/Dugan 2003).



Throughout the model derivation process, we usddii@wing variables:S,; are the sales of a
firm i at time t, NI, is net income,NOI,, is operating incomeg;, is equity market value and

IS, is the interest rate spread.

The CAPM yields the following for a firm’s markeéta:

B,=Cov R, R,)/ vaf R,)

where R, = NI”[/EH_l is the return for firm i andR,,; is the corresponding market return. We

simply expand beta’s covariance formula and digsdhe variance term, showing that the

CAPM beta formula equdis

E2
ﬁit - - - M ,t-1
Y leM t |:S\/I -1
—u M yar(d
oS, Var(ds, / $ 1) (1)
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where d’ denotes the difference operator. The variablg®rating risk’ OpRisk;) and ‘finan-

cial risk’ (FinRisk;) capture operating and financial leverage andiefined a$

dNOIi,t EIS:-l
Ol d§

dNI, NOI,_,
NI, dNOI,

Operating risk: OpRisk =

Financial risk: FinRisk =

Next, we introduce the intrinsic business risk ables ‘growth risk’ Gr Risk;), ‘spread risk’

(SpRisk;), and ‘income risk’ In Risk;) together with the related factor ‘productivitgki

1 A step-by-step illustration of the derivation pess and how this formula incorporates prior moget#ications

is available upon request.
2 See Mandelker/Rhee (1984) and Chung (1989).
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(ProdRisk;), which create the main differences among theetimedels that we compare here.

We define them as follows:

Growth risk: GrRisk = 1 Co {dst ds, J
var(dS, ./ $.a)  (Sea S
Spread risk: SpR|s|<—i[_’L
S dIS
Income risk: InRisk = 1 o {dNI ds, . J
Var(daﬂyt/ %H—l) Nllt -1 Sm 1
S . d§; NJ, 4
Productivity risk: ProdRisk = ——E3——
S dNJ;

Via deduction and by rearranging formula (1), wéaabthe growth, spread and income risk

model$:

i) The growth risk modéi

/ﬁ,pOpRskDFngkﬂGrﬁg@ b (GSus fBasma

B S\/Itl dN'Mt

i) The spread risk model:

(2)

:6:,1 = OpRisk OFinRiskd SpR‘sg'_tl[! dS, FM; 13

1 dig d§,
{ j (3
B Suia dNLM Va( dg,/ 9-) 1S, WS-

and

iii) The income risk model:

The decomposition of formula (1) indicates tha thacroeconomic variable has to be market-widess&ae

might suggest that it should be market-wide easyibgt in unreported robustness tests, we usettex bption

to estimate income risk and obtain equivalent tesul

Because all of our final models equal the CAPMkatbeta, the models are equivalent.
Note that the factorgus, /5,.){ &,./ o) vat a5,/ 5.)"0 cbv o5 15 a5 .9 and(asu e/ sees)d Gios/

d’\NAI)

are not firm specific and thus are captured by @onis in the regression analysis.
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NI, d
B, =OpRisk OFinRiskd InRisk] ProdesE'—“E-)iG@ 4)

E.n S ON|,
Comparing formulas (2) and (3), one notes immebjiateat the main difference between the
growth and the spread risk models addresses #stadsearch question (regarding whether busi-
ness risk can best be explained by the deviatibfisno sales growth from market trends or the
effects of interest rate spreads on firm salesg iflcome risk model is obtained from formula
(2) by further decomposing growth risk into incoared productivity risk. Although it is easy to
calculate growth risk, the use of income and praditg risk is theoretically appealing. To ad-
dress our second research question, we must degeifithe more detailed income risk model is
better suited to explaining variations in beta.
In addition, a thorough re-examination of this topeems warranted because prior studies use
different research designs to tackle the inherenhemetric problem of measurement error af-
fecting the main components of the model. This |emobarises because the variables of interest
are unobservable and must be estimated in previegressions first. Whereas Chung (1989)
addresses the measurement error problem thoroloyhgmploying instrumental variable (IV)
estimates and various grouping approaches baselifferent sorting practices, Mensah (1992)
and Griffin/Dugan (2003) reject the IV approach anstead rely on a portfolio grouping ap-
proach. Recent research shows that the groupimgitgee is only a special, limited example of
the IV approach (Batistatou/McNamee 2008). Theeeftire IV approach is the most appropriate
means of addressing problems arising from the @igstonated independent variables that are
subject to measurement error (Easton/Monahan 28@%man 2001, Griliches 1986).
Furthermore, recent developments in econometrlogvdbr thorough tests of instrument validi-
ty and of the estimation techniques utilized (Babohaffer/Stillman 2007, Murray 2006, An-

drews/Stock 2005, Stock/Wright/Yogo 2002, Hahn/Hiaars 2002). In addition, more powerful
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estimation techniques such as the generalized methmmoments (GMM) technique have been
derived that allow robust inference in these cg8ssum/Schaffer/Stillman 2007, Kleibergen
2005, Erickson/Whited 2002). Therefore, we empilyctest our three model specifications us-
ing a sample of 212 firms for the years 1990 to919i@ two-stage least squares and GMM. Fur-
thermore, our extended instrument list allows uprtivide thorough instrument diagnostics, i.e.,
under-, over- and weak-identification tests as &elbroad first-stage regression results.

From the econometric perspective, our first-staggassions show that the instruments are valid
and relevant for all specifications. Furthermorena of our specifications is under- or over-
identified, which increases our confidence in thsearch design employed. However, we are
also the first in this line of research to detéetttall models suffer from the weak identification
problem. Although there is no easy solution avd@abecent research comparing the power of
several estimators with weakly identified equatifinds that the IV estimator by Fuller (1977) is
a robust alternative (Andrews/Stock 2005, Hahn/IHeargKuersteiner 2004, Wooldridge 2003).
Employing the Fuller estimator, we again confirre tebustness of the growth and income risk
results. Based on our main results and those adusother robustness tests, we find that growth
risk is always ahead of spread risk for severagtimervals and across different accounting flow
concepts.

The next section describes how we estimate andrigalpy test each of the three market beta

decompositions.
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3. Data and Estimation Procedure

Our main sample consists of information regardithgd #rms reporting 10 years of non-missing
data during the period from 1990 to 1898/e obtain annual accounting data from the Compus-
tat databaseand monthly market data from the Center for Re$ear Security Prices (CRSP).
We limit our estimation to non-financial firfisThe market model is used to estimate the CAPM

market beta ) of each common stock (i=1,...,212). This estimai®based on the S&P 500
value-weighted index retutn

Ri=a +BR, +&,,
wherei denotes the firm number €1,..., 212),t denotes time measured in months for market

beta estimationR; is the monthly stock return anlg, ; the corresponding market returg,

represents a disturbance term.
Because our proxies for business, operating amahdial risk are not observable, they have to be

estimated as well. We perform the following timeie®regression using ten years of {ata
In(X;)=ao+a (Y, ) +4,,

where X;, andY,, denote the variables of interest for each risk prax, (i.e., the slope of the

regression line) is the estimate of our desirekl pi®xy, a; , a constantg, a disturbance term

and In()) the natural logarithm.

Our robustness tests include varying time interdat alternative 10-year time spans, which supportfindings
for 1990 to 1999. Further time intervals are 1980989, 1985 to 1994 and 1995 to 2004. In condgaim es-
timation using 10 years of annual data, we areistarg with the prior literature.

For details on the requested data, see Appendix 1.

Our results are robust to the inclusion of finahfirms, but we recognize that the estimated piskxies should
be treated with care when comparing financial amatiinancial firms.

All of our conclusions remain qualitatively unclgaual if we use the S&P 500 equal-weighted indexrnstu

10" See also Mandelker/Rhee (1984).
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When we estimate growth risk;, represents firm sales arvy market-wide saléd Using this

general estimation procedure, we use the followamigbles to estimate our risk proxies

Risk proxy Variable applied for X;, Variable applied for Y;,
1 Growth risk Sales Market-wide sales
2 Spread risk Sales Interest rate spread
3a  Income risk Net income Market-wide s&fes
3b Productivity risk Sales Net income
4 Financial risk Net income Operating income
5 Operating risk Operating income Sales

Notes:

Each of the five risk proxies is estimated via #t@ve-described estimation procedure using thefay
firm-specific accounting variable and the log diren- or market-specific variable.

*The interest rate spread variable indicates thierdifice between the long- and short-term markeewid
interest rates. We use returns on long-term goventfibonds and one-month Treasury bills as indicated
the H.15 Federal Reserve Statistical Release (se€Chen/Ross/Roll 1986, Fama/French 1993).

"With no theoretical justification regarding the &etecomposition approach, one might favor the tise o
market-wide net income as a macroeconomic vari@blestimating income risk. In unreported robusgnes
tests, we employ market-wide net income and ol#quivalent results.

growth and spread risk are easy to calculate becsales are reliably measurable. In contrast,
income risk and productivity risk are more compichbecause the necessary financial account-
ing data on net income and operating income may based on differing accounting practices
used. Whereas accounting earnings and accruatsftarebetter predictors of firm performance
than cash flows (e.g., Dechow 1994), the corpdrasce literature suggests cash flows to be a
more meaningful measure of firm value and profligbihan reported earnings. Instead of using
data on net income and operating income directly,amalysis presents four different measures
of accounting flow that are similar to cash flondgeroxy firm profitability®. We take advantage

of the accounting flows ‘net income from operatio(idIOP), ‘fund flow from operations’

1 We apply aggregate market sales data providedenyeRs.

12 We would like to note suggestions by O’Brien/Varmgden (1987) and Dugan/Shriver (1992), who prephs
inclusion of a time trend for detrending the risloxyies’ estimate. In unreported robustness testsinelude a
time trend in our regressions. Our results remalitatively equal.

13 See also Mensah (1992) and Ismail/Kim (1989).
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(FFOP), ‘working capital from operations’ (WCOP)daiash flow from operations’ (CFOPB)
Our main results are based on the most net-incdteeNIOP accounting flow, which substitutes

for the financial income statements of each fim

All models include the variable ‘income to equify' _to _E, = NI, /E, ;). We compute ‘in-

come to equity’ as the average value of the rdieisveen net income and net equity market val-
ue from 1990 to 1999. Because our estimation praeethvolves using the natural logarithm of

each accounting variable, we require data fromrmegtatements to be strictly positive for each
firm during the 10-year estimation pertd

Table 1 provides summary statistics for all estedatisk proxies and the variable ‘income to

equity’ distributed over eleven industries usingnddrench’s 12-Industry Portfolio Sic Classi-

fication’.

----Please insert Table 1 approximately here----

After estimating all risk proxies, we perform tr@léwing logarithmic transformation of equa-

tions (2), (3) and (4) to estimate our growth, agrand income risk models:

In(B) = y, + y,In(GrRisk )+, In(FinRisk )4, In(OpRisk#y,In(I_to_E, )+e (5)

In(B) = y, ty1In(InRisk )4y, In(ProdRisk )y, In(FinkRk; )+y, INn(OpRisk )44 In(l_to_E )+e (6)

14" For details regarding accounting flow calculaticsee Appendix 2.

5 In the robustness section, we report estimatisnlt® for the FFOP and WCOP Accounting Flow forioas
time intervals. Unreported results for CFOP arditatavely similar.

We are aware that some loss of generality arigesnvpositive financial accounting data are requitae solu-
tion is to include firms with negative income statnts and then simply add a positive constant¢h elserva-
tion sufficiently large that all negative numbbecome greater than zero. However, this transfoomassumes
linearity, which might not hold true. Furthermoegding an arbitrary positive number impedes inttgion
and leads to subjective estimation results intiserimental variable approach.

" Recall that financials (included in Fama/Frendi&ssification code 11) are dropped.

16
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In(B) = y, +14IN(SpRisk )4, In(FinRisk )y, IN(OpRisk+y,In(I_to_E )+e (7

First, we estimate the equations using standard. ®eSause the variables are measured with
error, the OLS results will likely be downward kedsdue to the negative correlation between the
measurement error and the true, unobservable vélegch variable. Therefore, we introduce the
instrumental variable technique to reduce the bfathe OLS estimation. The incorporated in-
strumental variables should be highly correlatetth whe independent model variables but can be
observed independently. Each independent variabtesirumented according to Appendix 3.
Panel A of Table 2 presents pairwise correlatidinth® estimated variables, whereas Panel B of

Table 2 presents correlations for the instrumesésiu

----Please insert Table 2 approximately here---

17



4. Basic econometric analysisand main results

This section reports the main results for the deitesints of market beta, including the results of
the two competing growth and spread risk modelselsas the further decomposition of growth
risk into income- and productivity risk. Estimatimguations (2), (3) and (4) requires careful
consideration in order to move from the theorettoalhe empirical domain. Because our inde-
pendent variables of interest, most notably eactat®intrinsic business risk factor, are unob-
servable and therefore have to be estimated, tleegnaasured with error. Thus, the appropriate
estimation techniques are instrumental variabl@rtegies, either the classical two-stage least
squares approaches (2SLS) or Hansen’s (1982) noonenon generalized method of moments
(GMM) technique. However, while theoretically aplieg, the latter requires careful instrument
specification, which is probably one of the modficlilt tasks in applied empirical research.
Thus, as noted in many studies, the use of insintathgariable techniques may be worth com-
pared to the risk of biased coefficient estimatesoaiated with regressions based on ordinary
least squares (OLS). Hence, before we discusssminolumore sophisticated techniques, includ-
ing those that represent recent advancements iactveometrics literature, we first report tradi-

tional OLS results for our three competing modséze(Table 3).

----Please insert Table 3 approximately here----

For the sake of completeness, Table 3 includesréstricted models. The first of these models
sets the intrinsic business risk proxies (growthread and income risk) equal to zero,
emphasizing that productivity risk, even on its ow@aes not explain beta. Hereafter we also set

productivity risk equal to zero because, accordimghe influential study by Mandelker and
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Rhee (1984), this variable should be captured lycitnstant in the regression estimates. To
address our first research question, we ask if @adnsic business risk variable (i.e., so-called
growth, spread, income and productivity risk) adamificant explanatory power to the model
specification. This is clearly the case, as indiddty the p-values of the Wald test in Table 3. In
other words, any model specification including asfythe proposed intrinsic business risk
proxies performs significantly better than the nietsdd model comprised of only financial and
operating risk.

The coefficient estimates of the three models shizat each intrinsic business risk proxy is
statistically significant in the predicted direcatioAlthough the estimates for the growth and
income risk model are similar (0.30 vs. 0.33), pnexy for spread risk is significantly smaller
(0.14). Furthermore, our estimations show thatrfor@ and operating risk perform only partly
as expected. In particular, financial risk has aexpected negative coefficient in all three
specifications. The same issue arises with theficaeft of operating risk in the income risk
model, although it is not statistically significgndifferent from zero (-0.05). Based on the
overall coefficient estimates, we conclude that iedel in which growth risk is used as the
proxy for intrinsic business risk performs bestréjall coefficient estimates have the predicted
signs or (in the case of financial risk) are ndttistically significantly different from zero.
Turning to our main analysis — i.e., the model carigon — we find that the growth risk model
has the highest adjusted R-squared (0.39) andntiadlest BIC (250.36), which indicates that
this is best model specification. This finding anfirmed by formally applying Vuong’s (1989)
discrimination test for overlapping models and ésting the differences between the growth risk
model and the spread risk model in terms of moddbdsed on the Vuong test statistic (see

Appendix 4 for details). However, we cannot sigrdfitly differentiate between the income risk
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model and the growth risk model (Vuong test statist.67). Therefore, we also use a BIC
discrimination test for model selection. Along wilugustin, Sauerbrei and Schumacher (2005),
Buckland, Burnham and Augustin (1997) and Jeong0§P0we generate an empirical
distribution for the model selection criterion BiSing bootstrap methods. Applying a t-test, we
test the null hypothesis that the growth risk msdBIC is significantly greater than or equal to
the BIC for the other two models. Rejecting thd imukach case at the 1% level, we confirm the
model selection results indicating that growth iislsuperior to spread risk. However, using the
BIC discrimination, we also find that the growtskimodel has significantly better fit than the
income risk model including productivity risk.

Overall, the OLS regression results clearly indidhiat the growth risk model is the most parsi-
monious and best model of intrinsic business ks finding provides the first evidence that
our first research hypothesis is valid, although deenot find evidence to support the second
hypothesis.

However, given the above concerns regarding measmneerror, the results may be of limited
use, since coefficient estimates are likely to l@sdd downwards (Hausman 2001). Therefore,
instrumental variables are used. We identify sdw@vaervable variables which are supposed to
be highly correlated with the economic construcbof accounting risk measure. They are de-
fined and calculated according to Appendix 3.

First, for the instrumentation of growth risk, weeuthe standard deviation of firm sales and the
average growth in firm sales during the estimaf@niod. We assume those measurable va-
riables to be consistent with the idea of growsk ras capturing the reaction of firm sales to
changes in aggregate market sales. Our first-segggession analysis yields that the instrumenta-

tion of spread risk is more difficult compared ke tuse of our other business risk proxies.
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capture the reaction of firm sales to economy-widerest rate spreads, we employ three in-
struments, namely the standard deviation of the dabt in current liabilities to total assets, the
standard deviation of interest expenses and thegeerowth of total assets. The first two va-
riables are closely related to the debt capacityhef firm and thus should be related to the
'interest-part’ of our risk proxy spread risk. Heee to capture the impact of the 'sales-part’ of
this variable, we use average growth in assetdgrigear mind that variation in sales must be
picked up by total assets (i.e., the investmene ledishe company), which generate future sales.
For income risk, which measures the reaction of farofitability to changes in aggregated mar-
ket sales, we use the standard deviation of thaamatio of net income to firm sales as our in-
strument. Finally, for productivity risk, which dapes changes in production efficiency, we use
the standard deviation of the ratio of net incomauerage sales growth.

Turning from the economics of the instruments ® économetrics yields, that recent advance-
ments in econometrics allow for sound instrumeagdostics testing for an instrument’s validity
as well as its relevance. Many of these techniguegs not available when previous studies were
performed. Indeed, the only study employing IV resties, by Chung (1989), includes three in-
dependent variables suffering from measurement and three instruments. As we explain be-
low, instrument tests are not possible here becthisestudy aims to estimate an exactly identi-
fied system, making further specification tests asgible. Instead, based on the review of possi-
ble instruments shown in Appendix 3 and the econaedsoning presented above, we provide
more instruments than key estimated independeidhlas, allowing thorough instrument diag-
nostics. Our approach is therefore in line with ibeent request by Larcker and Rusticus (2009)

that accounting research more thoroughly evaluas&uments. Consequently, we report our
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first-stage regression results for various IV eatons and the results of further related tests in

Table 4.

----Please insert Table 4 approximately here----

As expected, the traditional two-stage least squastimates (2SLS) and the results obtained
using the generalized method of moments (GMM) estimare very similar, as indicated in Ta-
ble 4, Panel A. All proxies for intrinsic businegsk besides productivity risk are statistically
significant at the one-percent level, with pointireates ranging from 0.50 for growth risk to
0.75 for the income risk model (with inference lthea Huber/White robust standard errors). In
addition, the explanatory power of the income rsddel, which closely resembles the specifica-
tion of Mensah (1992), is driven by the accountiigl variable In(income risk). In contrast,
Mensah combines income risk and productivity risto ihis term labeled *adjusted accounting
beta.” In other words, his specification forced toefficient on income and productivity risk to
be the same in the estimation. However, we find thaoving this restriction creates a better
specified model.

For the financial and operating risk variables, eveounter some remarkable differences be-
tween the two estimation techniques (2SLS vs. GMR&call that for exactly identified systems
in which the number of endogenous variables eqtredsnumber of instruments, the results
achieved using 2SLS and GMM coincide. This is & tase here, where we have an over-
identified system with more potentially valid ingtnents than mis-measured variables. We use
the efficient GMM estimator to explore this additad information via the optimal weighting

matrix. Furthermore, the GMM coefficient estimatexl statistics are robust to arbitrary hete-
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roskedasticity. The previous literature sometimeggmorts difficulty predicting the sign for finan-
cial risk, but this issue may stem from the estiomatechnique employed (among other factors).
Whereas financial risk in the growth and incom& rieodels is either not significant (with coef-
ficient estimates of 0.30) or is significant butthvithe opposite sign of that expected (-0.83),
these problems do not arise when the GMM technigjused. In particular, the results for finan-
cial risk are positive and statistically signifitan the growth risk model (coefficient estimate
0.48), and the results are not significantly dgferfrom zero in the income risk model (coeffi-
cient estimate -0.55). Finally, in comparing theSDiesults (Table 3) with the IV results (Table
4), we recognize that all of our variables of iesr(business risk, operating risk and financial
risk) increase in absolute magnitude. For exantpke coefficient of growth risk increases from
0.30 (OLS) to 0.50 (IV). This finding is consistewith our expectations and with standard
knowledge indicating that OLS coefficient estimades likely to be downward biased because
of the measurement error (see Hausman 2001).

Turning to the question of non-nested model corsparirecall that the adjusted R-squared, al-
though often reported by statistical packages,oisvalid for instrumental variable estimates.
Consequently, we report Pesaran and Smith’s (1@@4#eralized R-squared’ (Gen?)Roffering

a criterion for choosing between models estimatethb instrumental variable method. All three
models are close in this respect: the GehisRD.34 if intrinsic business risk is measured by
growth or income and productivity risk and 0.3@pread risk is employed. However, these ge-
neralized R values (unlike adjusted’Ralues based on OLS) do not account for the nurmber
regressors used. Note that the number of indepéndeables differs in the growth and income
risk specifications because of the inclusion of ddditional parameter 'productivity risk’ in the

income risk model. Therefore, we also use PesamdnPasaran’s (2009) ‘generalized adjusted
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R-squared’ (Gen. Adj. &, which regards varying numbers of regressors,dateérmine that the
highest Gen. Adj. Ris that of the growth risk model (0.34). We alse the ‘generalized BIC’
method, in line with Andrews and Lu (2001). Thisthwal provides us with a valid goodness of
fit measure that considers the number of estimetadficients used to determine the model fit.
For each of the three models, Gen. BIC is calcdlatording to Gen. BIC = J — In(N) * (M —
P), where J is Hansen’s J statistic, M the numibena@ments and P the number of model para-
meters. N is the number of observations. Consistehtour OLS evidence as presented in Table
3, the growth risk model again provides the bestlehdit (indicated by the smallest generalized
BIC), followed by the income risk and spread risdals.

Overall, we conclude that, given the OLS and IV-GM&sults from Table 3 and Table 4, the
growth risk model performs best and significantitter than the spread risk model. In addition,
although the differences between the growth andnm® risk models are not statistically
significant, the evidence from the model selectiateria clearly favors the former model.

So far, we have conducted no extensive tests ofrument and econometric system
specifications regarding identification. Information this issue can be found in Table 4, panels
B and D. We first turn to our first-stage regressiesults and instrument diagnostics as
presented in Panel D. The key finding is that tleeleh is well specified but suffers from weak
instruments, and we address this problem by empdp¥iuller's (1977) maximum likelihood
estimator being robust to this particular problé&s.shown in Panel B, the coefficient estimates
for intrinsic business risk vary in terms of thewerall magnitudes: e.g., for the growth risk
model, the coefficient estimates are 0.50 (GMM) @sl7 (Fuller(1)). However, our overall
conclusion remains valid. Specifically, the growitk model is the favored model given the

model selection criterion (BIC).
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Because we are the first to present extensiveurm&nt tests with reference to these research
guestions, we briefly summarize the main findingsur first-stage regression tests in Panel D.
The aim is to determine if our instruments arevate and valid. It is important to note that a
first-stage regression is reported for each misswmesl independent variable. Turning to
instrument relevance the overall model fit seen@sarable, with values of adj.? Rnostly
greater than 25%. Furthermore, the F-statisticsewtluded instruments are statistically
significant at the 1% level for all specificatioriBaus, we can conclude that our instruments
significantly help to explain the endogenous regpes Since the parti#® of the excluded
instruments from regressing the explanatory vasiath the instrument vector is a useful
measure of relevance in univariate models, as §@3y/) points out, this can be misleading
when there are multiple mis-measured variables.address this potential concern, we also
report Shea's partial ’/Ra measure of instrument relevance for multivariatodels that is
suitable for use in our situation. Again, as in dase with the standard adjusted &I values
indicate relevant instruments. In summary, ourrureents possess the relevance necessary for
us to be confident that our above-described comrigsare valid.

In addition, we must test instrument validity as steve for an identified system, i.e. a system
that is neither over-identified nor under-identifia&Vhereas over-identification diagnostics have
been available for a long time in econometrics.(&ag presented for 2SLS by Sargan (1958) and
for GMM by Hansen (1982)), under-identificationteebave only been developed quite recently
by Kleibergen and Paap (2006) and Kleibergen (200%er-identification tests such as the
Sargan test or the Hansen J-statistic test andhgenull hypothesis that the instruments are
valid. Thus, rejection of the null hypothesis viitlicate problems with the estimated equations.

Note that this poses no problems for our speciboabecause we cannot reject the null

25



hypothesis that the instruments are valid acrdsir@le model$® Under-identification relates to
instrument relevance. Essentially, it tests whetherinstruments are sufficiently correlated with
the mis-measured regressors. Note that unlikearotter-identification test, the null hypothesis
is that the system is under-identified. Because reject the null hypothesis of under-
identification, we conclude that our system is pkdy by neither under- nor over-identification.
Finally, we are left with the question of weak itBacation: i.e., the problem arising from a
possible weak correlations between the instrumamid the endogenous regressors. Weak
instruments can lead to distorted estimates anblgratic inferences, as explained in Stock and
Yogo (2002, 2005). Stock and Yogo tabulate criticdles for a test statistic (for i.i.d. errorsg th
Cragg-Donald statistic; for more general error ctices, the Kleibergen-Paap statistic),
indicating the bias and size problems arising ftbmweak instruments. Broadly speaking, weak
instrument test statistics of less than 5 indigadéential problems of coefficient bias in the
estimates. Being this the case, we employ the Fediemator, which is more robust to the weak
instrument problem (e.g., Murray 2006, Andrews/8td@005). Our method of statistical
inference is also robust to weak instruments, as/stby the Anderson-Rubin and Stock-Wright
LM tests.UIltimately, based on our extensive discussion asttument tests, we conclude that
the growth risk specification performs best amdrgthree models.

Our final step in this section is to employ the @npassing approach discussed by Verbeek
(2000). Although growth risk seems best suiteddpturing variations in market beta, it should
encompass spread and income risk combined with uptvity risk. Here under the

encompassing approach is to be understood thatt@tisic business risk variables are in direct

18 As outlined by Baum/Schaffer/Stillman (2007), ®argan-Hansen test is a test of over-identifyirsgrietions.
The joint null hypothesis is that the instruments alid instruments, i.e., uncorrelated with theeterm, and
that the excluded instruments are correctly exaudem the estimated equation.
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competition. Thus, we estimate an artificially mesimodel including all IBR variables. The OLS

and IV regression results are presented in Table 5.

----Please insert Table 5 approximately here----

The OLS results clearly show that the spread reskable is no longer statistically significant
and that growth risk performs best. The resultsezen stronger for the IV regressions. Here, it
appears that growth risk is the only intrinsic Iesis risk proxy that is statistically significant i

all specifications. We put more emphasis on thdeFdl) estimates because this estimation
technique is more robust to the weak instrumenlpro, which is relevant again.

Although we strongly recommend proper IV technigtegscoping with problems arising from
measurement error, it is worth acknowledging thatyoChung (1989) recommends IV
techniques as a first-order approach to addresbmgrrors-in-variables problem. The original
studies by Mensah (1992) and Griffin/Dugan (2008y ron a portfolio grouping approach,
whereas Chung (1989) simply includes the groupa&tfpriique as a robustness test to underline
his IV results. For this portfolio practice, theyressions are estimated on the portfolio level by
first grouping on operating risk and afterwards pinecedure is repeated with financial risk as
the grouping variable. At last we would have tougréhe data based on the sorting according to
one of our intrinsic business risk variables. Hogrewvhis grouping approach entails many
problems. For one, by definition, the sorting pehge is limited to sorting by one variable.
Therefore, all three studies provide several gnogipesults; each time, a different variable is

used to perform the groupifiyHowever, grouping based on only one variable, witrat this

9 In our case, we would have to group the data a@ogrto ten different independent variables andekn in-
struments. This would result in twenty-three vagyiesults for each of the three competing models.
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variable suffers from measurement error, meansngallg grouping based on measurement
error. Consequently, the results should be intéedravith caution at best, since estimates likely
still suffer from bias. This problem is clearly edtin studies by Mandelker/Rhee (1984) and
Chung (1989). In response, in both studies, thieaasitalso sort using the instrumental variables
instead of the independent variable, which mitigdtee concern of biased coefficient estimates
partially. Provided that the grouping method canthmught of simply as a special kind of IV

estimation (Batistatou/McNamee 2008), we recomntenekly on proper instrumental variable

technigues to cope with measurement error.
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5. Further empirical analysisand robustness

The aim of this section is to provide further engal analysis and test the robustness of our
main findings: i.e., that growth risk is the mastpiortant and easily estimable intrinsic business
risk factor and that we accept our first reseangtokhesis and reject the second one. Given these
findings, one might object that our results areelniby the particular time period chosen; 1990-
1999 was a time period of significant growth. Tedlight on this issue, we re-estimate our spe-
cification for the main analysis for various timerjpds. In particular, we report the OLS and
instrumental variable results (Fuller(4)) for tirae periods of 1980-1989, 1985-1994, and 1995-

2004.

----Please insert Table 6 approximately here----

Our main findings remain valid. Panel A of Tablg@sents the results indicating that growth
risk is the most appropriate proxy for businesk fig all periods. Furthermore, the instrumental
variable estimates show that all specification$esdfom weak instruments and thus that the use
of Fuller's estimator is appropriate.

Prior research shows that cost of equity estimdiisr across industries (Fama/French 1992),
leading to terms of industry costs of equity (Eafttonahan 2005). Consequently, we re-
estimate the above specifications, but we addilipmaclude industry indicator variables in all
of our regressiorf& Table 6, Panels B and C, presents the OLS anelstWhates for the time
period of 1990-1999 based on net income from oerataccounting flow. In addition, Table 6,

Panel D, provides the first-stage regression reswhich show that weak instruments are again a

% Note that we include 11 industry indicator varebbecause we drop financial firms from our samiphe in-
dustry  classifications are obtained from Kenneth enEh's  website, available at
http://mba.tuck.dartmouth.edu/pages/faculty/kendhédata_library.html.
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concern. Consequently, we focus on the estimatendiy the Fuller method. Notably, only if
intrinsic business risk is measured using growsk does the significantly positive relation be-
tween systematic risk and intrinsic business reskain valid.

Regarding the main finding that spread risk is etfggmed by growth risk, we acknowledge
that this finding could be due to the chosen mankigrest rate spread: i.e., the difference be-
tween the returns on long-term government bondsomedmonth Treasury bifls Because this
interest spread choice mainly affects the estimatiospread risk, we calculate various interest
spreads recommended in the prior literature anestiernate our model specifications. First, we
calculate the ex post real interest fattas the difference between the 3-month TBill retatrn

time t-1 and the inflation rate at tinfé.t

----Please insert Table 7 approximately here----

Table 7, Panels A and B, presents the OLS and tivhates for this modified spread risk speci-
fication, whereas Panel C sums up the first-stageession results. Our results indicate that our
main findings remain valid. Hereafter we use thiéedénces between the long-term corporate
and long-term government bond returns as a manketteist rate spread. In particular, we use the
spreads of Aaa and Baa-rated long-term bond re@mmds10-year government boAtiand re-
estimate our three competing models. The findimgsults not tabulated) indicate that the

growth risk model still performs best, followed the income risk model.

21 gsee Section 3, and see Chen/Roll/Ross (1986) ama@fFrench (1993) for further reading.

%2 gee Chen/Roll/Ross (1986).

% The data on TBill returns are provided by the HEEgleral Reserve Statistical Release; the datinfiation
rates are published by the Bureau of Labor Stesisti

2 All data are provided by the H.15 Federal Res&tagistical Release.
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In addition, we wish to test if the decompositidrgoowth risk into income and productivity risk
is worthwhile. So far, our results have been basethe NIOP accounting flow which captures
firm profitability better compared to reported metomes. As suggested in the previous litera-
ture, we employ two more cash-flow like accountiagh-flows to reduce distortion based on the
use of differing accounting practices (Ismail/Ki8B, Mensah 1992). These variables then suc-
cessively replace net income from operations aatetbre mainly affect our income risk proxy,
which is defined as the risk associated with theadance of a firm’s net income from opera-
tions and market-wide sales. The first variablesadiepreciation back into net income from op-
erations and is labeled ‘fund flow from operatiofSFOP = (IBADJ+DP)/(CSHPRAJEX)).
The second variable, ‘working capital from openasio also corrects for the effect of taxes by
adding deferred income taxes as follows: WCOP=(IBADP+TXDI)/(CSHPRIAJEX). Then
we re-estimate our previous specifications usirggehtwo accounting flow variables instead of
net income from operations.

The results reported in Table 7, Panels D and &gqnt information consistent with our main
analysis. The growth risk specification perforngngdicantly better than the spread risk specifi-
cation does. Adj. Rand BIC (when OLS is used) and generalizé@®l generalized BIC (when
IV estimates are used) indicate that intrinsic bess risk is most appropriately captured by
growth risk. Still, the income risk model does wotperform growth risk. We also re-estimate
all specifications for 3 different time periods 8081989, 1985-1994, 1995-2004) based on
FFOP and WCOP (results not tabulated) and fincsémee pattern.

So far, we have stressed various 10-year time spadsstimation methods that mainly affect
the estimation results for spread, income and mtddty risk. This approach has helped us to

further establish the importance of our preferradifess risk proxy, growth risk. Turning to the
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dependent variable in our regression models, we pant to prior literature suggesting compet-
ing estimation methods for CAPM market beta (eSpanken 1992). Regarding the recent esti-
mation adjustments recommended by Levy and Roll@0the authors find that our conven-
tional market beta proxy is consistent with theotietical CAPM. Thus, we do not employ dif-
ferent methods to determine our market beta preboyvever, in contrast to differing estimation
procedures the extant literature also concluddsatbayear time span (rather than a 10-year time
span) is another reasonable time span for markatdstimation (Groenewold/Fraser 2000). We
also check robustness using this time span asstheation period for all model variables. Given
a correlation of 88% between the market betas dthusing these two time spans, the results
unsurprisingly remain the same.

Lastly, we would like to point out that a mis-measl right-hand variable (e.g., growth risk)
makes it necessary to use the IV method, whereas-aneasured left-hand variable does not
cause a downward bias (Hausman 2001). The onlyt nie8lLibe less precision in the estimated
coefficients, which will make it more challenging tobtain significant results. Being this the

case, the performance of the growth risk modeladigtimproves.
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6. Conclusion and discussion

This study examines the determinants of the CAPNkatadeta. Consistent with prior literature,
we consider these key determinants to be operatidginancial leverage and intrinsic business
risk. However, economic research employs varioasips for intrinsic business risk and uses
different econometric techniques and research dedig establish that intrinsic business risk
(however specified) is the key determinant of thst ©f equity capital. In particular, competing
empirical proxies recommended are growth risk am@reeconomic risk measured by interest
rate spreads. Another strand of literature claiha it is necessary to decompose growth risk
into factors capturing firm profitability and effency. The natural question arises of whether all
of these constructs are equally valid? It remainedlear when the present research was first
undertaken whether they could all explain variatiothe cost of equity capital estimates equally
well and whether they were significantly positivelyrrelated with the CAPM beta. Finally, be-
cause all specifications require estimated independariables, instrumental variable estimators
must be used to address the issue of measuremment @iven the recent advances in the eco-
nometrics literature, the aim of this researcloisiied more light on these estimation techniques
and their impact on the results reported so far.

To answer these questions, we first provide a cehgmsive decomposition approach, which is
powerful enough to nest models proposed in ther fiterature. This puts competing specifica-
tions on a level playing field and is a necesséep $0 make cross-model comparisons possible.
After establishing this approach, we test threemetimg proxies of intrinsic business risk prox-
ies. Our main finding is that the most appropriateinsic business risk proxy is growth risk,
which is given by the covariance of changes in fgates with changes in market-wide sales.

growth risk clearly outperforms business risk, asasured by the reactions of firm sales to ma-

33



croeconomic interest rate spreads. We also decamgsvth risk into factors capturing firm
profitability and efficiency, but this step doed geeld a model with superior fit.

Furthermore, we show that the estimated specifioatithat try to mitigate the effect of mea-
surement error using instrumental variable techescguffer from weak instruments. By employ-
ing estimators, which are more robust to this paldir problem, we confirm the strength of the
growth risk model. Thus, we can conclude that kieig accounting figure plays a crucial role as

a determinant of market beta.
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Appendix 1

Data requirements for the model specification basethe

‘Net income from operations’ (NIOP) Accounting Flow

We obtain the following items from COMPUSTAT:

Dataitem number  Item Name Description

#6 AT total assets (mm$)

#8 PPEQT property, plants and equipment — totaf) (ne
(mm$)

#9 DLTT long-term debt - total (mm$)

#11 CEQT common equity - tangible (mm$)

#12 SALE sales (net) (mm$)

#15 XINT interest expenses (mm$)

#19 DVP dividends - preferred (mm$)

#20 IBADJ income before extra items - adjustedctam-
mon stock equivalents (mm$)

#27 AJEX adjustment factor (cum.) by ex-date

#34 DLC debt in current liabilities (mm$)

#54 CSHPRI common shares for basic eps (mm)

#60 CEQ common equity - total (mm$)

Notes:

We obtain annual data during the period from 1290999 for these Compustat items.

We obtain the following items from the Center fagdRarch in Security Prices (CRSP):

Item Name Description

RET returns — incl. dividends

VWRETD value-weighted returns - incl. dividends
SHROUT shares outstanding

PRC price or bid/ask average

Notes:

We obtain monthly data from CRSP. We require fitm$iave a minimum of 60 observations for the
period from 1990 to 1999.
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Appendix 2
Calculation of Accounting Flows

The following table reports the formulas for ounf@mployed accounting flois Detailed data
requirements for our preferred formula, ‘net incofmm operations’ (NIOP), are given in Ap-
pendix 1 for firms with and without financial lewge. Throughout the analysis we also employ
‘fund flows from operations’ (FFOP), ‘working cagitfrom operations’ (WCOP) and ‘cash flow
from operations’ (CFOP).

We calculate each accounting flow using firm-ledata from 1990 to 1999 as follows:

NIOP_| = IBADJ / (CSHPRI AJEX)

NIOP_u =  (IBADJ + DVP + (1 — TAX) XINT) / (CHSPRI- AJEX)

FFOP_I = (IBADJ + DP) / (CSHPRIAJEX)

FFOP_u =  (IBADJ + DP + DVP + (1-TAX)XINT) / (CSHPRI- AJEX)

WCOP_| =  (IBADJ + DP + TXDI) / (CSHPRIAJEX)

WCOP u = (IBADJ + DP + TXDI + DVP + (1-TAX)XINT) / (CSHPRI- AJEX)

CFOP_| =  ((IBADJ + DP + TXDI) - (ACT — CHE - LCH (L1.ACT - L1.CHE
- L1.LCT)) / (CSHPR} AJEX)

CFOP_u =  ((IBADJ + DP + TXDI + DVP + (1-TAX)XINT) - (ACT — CHE -
LCT) + (LLACT - L1.CHE - L1.LCT)) / (CSHPRIAJEX)

Notes:

The subscripts ‘I' and ‘u’ refer to a firm with awdthout financial leverage, respectively. ‘TAX' @aunts for
the tax rate. We set TAX to 0.4. Our results almusb to a wide range of variations in ‘TAX'.

We list the description of the variables used f6®R in Appendix 1. For the other three accountiow$, we
also require non-missing financial statement datadepreciation and amortization’ (‘DP’), ‘incontaxes-
deferred’ (‘'TXDI’), ‘current assets-total’ (‘ACT’),cash and short-term investments’ (‘CHE’) and feumt
liabilities-total’ (‘'LCT’). The operator ‘L1’ is tle lag operator. These additional data requiremenetste dif-
fering numbers of observations, as presented ieT&bOur results are robust if the data for attamting
flows are required simultaneously.

% See also Ismail/Kim (1989) and Mensah (1992).
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Appendix 3

Instrument Definition

Since the independent variables of our models ateobservable and must be estimated first,
creating measurement error, we use the instrumeat&éble approach to reduce the potential

bias in the OLS regressions. We use the followmsgruments for each variable:

L abel Definition Source
IV growth risk (1) = Standard deviation of sales u@y (1989)
IV growth risk (2) = Average growth of total assets Beaver/Kettler
/Scholes (1970)

IV spread risk (1) = Standard deviation of thecati debt *
in current liabilities to total assets

IV spread risk (2) = Standard deviation of integbtenses *

IV spread risk (3) = Average growth of total assets *

IV income risk (1) = Standard deviation of the oadf net *
income to sales

IV productivity risk (1) = Standard deviation ofetinatio of net *
income to average sales growth

IV operating risk (1) = Average of the ratio of pssty, plant Mandelker/Rhee
and equipment to total assets (1984)

IV operating risk (2) = Standard deviation of netome Chung (1989)

IV financial risk (1) = Average ratio of total loigrm debtto Mandelker/Rhee
total assets (1984)

IV financial risk (2) = Average ratio of interestpenses to Chung (1989)
operating income after depreciation

IV financial risk (3) = Average ratio of total loigrm debtto Chung (1989)
common tangible equity

IV financial risk (4) = Average of the ratio of adtlong-term  Chung (1989)

debt to total common equity

Notes:

This table states the definitions of the instruraerged. The abbreviation “IV” stands for ‘instrurtadrvari-
able’. The instruments are computed on a firm-léadis using annual data from 1990 to 1999. Mdst es
mated risk proxies are instrumented using more tmeninstrument. We therefore show the number cif ea
instrument belonging to the risk proxy of inter&3te ‘Definition’ column specifies how we calculdteach
instrument. The ‘Source’ column states each instntfa original use in the related literature. Thstru-
ments labeled *" are newly proposed in this stbdged on the reasoning provided in the main text.
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Appendix 4
Vuong’s (1989) test of overlapping models

Vuong (1989) provides a likelihood ratio test fooael selection that is helpful to us as we seek
to address our research question regarding whiaems best suited to explaining variations in

market beta. It tests the null hypothesis that teamlels are equally close to explaining the ‘true
data generating process’ (dgp) against the aliemttat one model is closer.

Competing models are overlapping if their intergectdoes not equal the null set and neither
model is a subset of the other one. Because ouelsad interest (i.e., the growth, spread and
income risk models) contain financial and operatisg as well as the income to equity ratio as
common independent variables but vary in term$efvariable that they use for intrinsic busi-

ness risk, it is necessary to address the isso®dél overlap.

Since the intersection of these theoretical modetot empty, it is not a priori clear whether or

notf (J=g(JJ, where f and g denote the density functions for the first and skeond models

to be compared, respectively (e.g., the growthsprdad risk models). We must first test wheth-
er both densities are distinct before we are ablese Vuong’s model selection test. For exam-
ple, consider the simplified case in which the wge is driven only by financial risk and not by
any proxy of intrinsic business risk. Adding growi$k to one model and spread risk to the other
would actually cause nuisance due to the misspatidin of both models. The Vuong test could
favor one model, although both comprise the emgdispecification of financial risk and there-
fore are equally suited to capturing the true dgpus, it is essential to discriminate between the
overlapping models and test if they differ suffidig in their intrinsic business risk variable be-

fore using the Vuong test.

42



Vuong proposes the following test statistic:

f(ylx@)
Ho':Wf =Vap|In—=———=|=
° a{ng(ylx%)}

where the variance with respect to the true dgp]x,6.), represents the first model’s condi-
tional density function (e.g., that of the growibkrmodel) and wherey(y| x,).) represents the
second model’s conditional density (e.g., the gprésk model’s density in this case).and x

refer to the dependent and independent variabdspectively.6. and y. are the pseudo-true

values foré and y where the likelihood function for the true dgpeala maximumé and A are

the maximum likelihood estimators éf and y; .

Vuong proves that varianog® equals zero if and only ff(0)= g(JJ. Therefore, we first compute

. ~2
the estimatev of w? as follows:

2 AN 2
—i flwxd)| 18, f(y1x.9)
S a(wixd)| (NG o vixd)
Because the ordinary least squares method asswmaally distributed error terms, we attain

In(f (y|x,9))=—|n[\/2ﬂ73?j—%,

where 3? is the sum of squared residuals divided by N gndis the linear prediction for the

first model. The formulas are the same for the sdgnodel. The first summand ﬁfz can easi-

ly be computed. For the second summand, we cadctiat difference between the log likelih-

oods. Vuong proves that undeg’:w? =0, the following holds in distribution:
Nw 0% M, (4),
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where p and q are the dimensions @fand y (5 for the growth and spread risk model and 6 for
the income risk modelM ,,,(A) denotes the cumulative density function of theghtgd sum
of the chi-squared variablegf:lq/l*zf. The Z? are i.i.d. x*(1), and A, represents the eigenva-

lues of the( p+ q)x( p+ g matrix

-8, (8)A(8)" -By(@.x)A(x)*
T (k) A)T

By (1.@) A (@) |
where A ()= [2%In 1/0606], B, (8.)=§| (0In £/06)(aIn £/06') |, and the matrices (:)
and B,()x) are similarly defined for density g(}; the cross-matrix is
B, (6.%)=E [(aln f/aa)(aln g/ay'ﬂ and the expectation is with respect to the tryz dg
Cameron and Trivedi (2005) illustrate how to cadeltheses matrices, (9) and Ag(f/) are
the inverses of the usual maximum likelihood vazeamatrix for each empirical model. To cal-

culate B (@) we estimate the first model using robust stanaardrs. Afterwards, the robust
maximum likelihood matrix ofB; (9) is multiplied by A (9) on the left- and the right-hand
sides and divided byN. The same holds for the calculation Bg(f/) Last, we apply
Bo(8.) = 2 (v —a ) r (v =4 ) %

The hypothesisH,' is rejected at levelkr if NW exceeds the upper percentile of the

Mp+q(ﬁ) distribution using the eigenvalués of the sample analogue @ . In a simulation,

we generate an empirical distribution fit,, (A.) using the calculated eigenvalues and ten iid
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Xx*(1) variables (recall thap=q=5 for the growth and spread risk models).Hf' is not re-

jected, it is impossible to discriminate betwees tiivo models given the data. Hf;’ is rejected,
both models are statistically distinct from theimgic business risk variable that they employ. If
this is the case, we use the usual Vuong (1989)eimmelection test, as detailed in the strictly
nonnested case, based on the likelihood raticsstati

LR(@,I/) = LR (é)— LRS’(I/) =>"In g(yl xf/)

and testH,' againstH; or H; using the following feature:

If the Vuong test favors one model and both modals be discriminated, the better model fit

will only be due to the leading model’s variable ifiwtrinsic business risk.
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Table 3
OLS Regression Results for 212 firms

Exp. growth spread income  restricted restricted
Sign  risk model  risk model risk model  model model
1) 2 3 (a) (b)

In(growth risk) + 0.30%**
In(spread risk) + 0.14***
In(income risk) + 0.33***
In(productivity risk) -/+ -0.08* 0.03
In(financial risk) + -0.09 -0.33*** -0.51%** -0.32*  -0.37***
In(operating risk) + 0.24%** 0.24%* -0.05 0.21*%*  0.20***
In(income_to_Equity) - -0.09*** -0.09*** -0.07**  9.09*** -0.09***
Cons -1.13%x* -0.34* -1.16***  -0.81*** -0.83***
Adj. R? 0.39 0.26 0.33 0.19 0.19
BIC 250.36 292.97 274.42 311.40 306.66
F-Statistic 29.24%** 20.38*** 19.96***  15.56*** 1860***
N 212 212 212 212 212
Wald Test (risk models (1), (2), (3) compared tstnieted model (b)
(p-val) (0.00) (0.00) (0.00)
Model Selection:
Vuong-Test

model (1) compared to (2) and (3):

model discrimination test, Stat. 57.15%** 51.93***

Selection test, Z-Stat 2.82%** 1.67*

BIC-Discrimination-Test
model (1) compared to (2) and (3):
t-Stat. -21.43%** -8.54 %+

Notes:

This table presents OLS regression estimates adéterminants of market beta. The dependent varia-
ble in each model is the natural logarithm of fitemmarket betaff). We estimate five different mod-
els, namely the ‘growth risk model’, the ‘spreaskrimodel’ and the ‘income risk model’, which are
the three models of interest regarding our modeigarison. Furthermore, we estimate two restricted
models ((a), (b)), which suppress the variableggtfiowth risk)’, ‘In(spread risk)’ and ‘In(income
risk)’. ‘restricted model(b)’ differs from ‘restried model(a)’ in the use of the variable ‘In(protivity
risk)’.

For each variable the expected coefficient signefsorted. We report Adjusted?R‘Adj.-R?), the
Bayesian Information Criterion (‘BIC’) and the Fafistic measuring the significance of the overall
model. ‘N’ is the number of observations. Using Wald-coefficient test of equality we exhibit evi-
dence that adding the logarithm of growth riskeggkrisk and income risk significantly increases th
regression model’s Adj.‘Rsee reported p-values). We also apply the Vuacess © determine wheth-
er the Adj.-R of one estimated model is significantly largerrtiamother. First we estimate Vuong’s
(1989) discrimination test for overlapping modeldd aafterwards report the Vuong Z-statistic (see
Appendix 4 for details). Further we implement a Btiscrimination test according to Augus-
tin/Sauerbrei/Schumacher (2005) and Buckland/BurmiAagustin (1997). Using bootstrap methods
we generate an empirical distribution of each miedBIC and test the null hypothesis HO: BIC of
model (1) greater or equal BIC of model (2) andré®pectively. We report the t-Statistic.

**x denotes the significance at the 1% level, *refers to the significance at the 5% level andt¢*

the 10% level significance. All variables are estied and defined as described in 3. Data and Estima
tion Procedure.
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Table4
Instrumental Variable Regression Results for 21R2gjr1990-1999

Panel A: Two stage least squares (2SL S) and Generalized M ethod of Moments (GMM two stage)

2SLS GMM2s
Exp. growth risk spread risk income risk| growth risk spread risk income risk
Sign model model model model model model
1) 2) 3) 1) 2) (3)
In(growth risk) + 0.50*** 0.50***
In(spread risk) + 0.49*** 0.42%**
In(income risk) + 0.75%** 0.80***
In(productivity risk) -[+ -0.15 -0.09
In(financial risk) + 0.30 -0.26 -0.83* 0.48* -0.23 -0.55
In(operating risk) + 0.45*** 0.41%** -0.20 0.50***  0.43*** -0.21
In(income_to_Equity) - -0.08*** -0.10*** -0.05* -Q09*** -0.09*** -0.06***
Cons -1.33*** 0.96* -1.44%** -1.46%** 0.78* -1.61%*
Panel B: Fuller(1) and Fuller(4)
Fuller(1) Fuller(4)
Exp. growth risk spread risk income risk| growth risk spread risk income risk
Sign model model model model model model
1) (2) 3) 1) 2) (3)
In(growth risk) + 0.57*** 0.54***
In(spread risk) + 0.72** 0.58***
In(income risk) + 0.99** 0.82***
In(productivity risk) -[+ -0.10 -0.14
In(financial risk) + 0.52 -0.02 -0.69 0.43 -0.17 .80
In(operating risk) + 0.49*** 0.39** -0.39 0.48*** 0N Kl -0.26
In(income_to_Equity) - -0.08*** -0.11*** -0.04 -0 B> -0.10%** -0.05*
Cons -1.44%** 1.73* -1.66%** -1.40%** 1.27* -1.51%*

Panel C: Model Selection

growth risk spread risk income risk

model model model
1) (2) )

Gen. R 0.34 0.30 0.34
Gen. Adj. R 0.33 0.29 0.32
Gen. BIC -19.31 -12.74 -15.21
Gen. BIC-Discrimination-Test

model (1) compared to (2) and (3):

t-Stat. -9, 24x** -5 57***
N 212 212 212

Notes:

Panel A presents two-stage-least-squares (2SLS)Gameralized Method of Moments (gmm2s) instrumental
variable regression results of the determinant8vafrket Beta’. Panel B presents Fuller(1) and Fle esti-
mates of the same models appropriate in the caseai instruments. For 2SLS, Fuller(1) and Fullggie the
estimates efficient for homoscedasticity only atatistics are robust to heteroscedasticity. ForGMM2s esti-
mation are the estimates efficient for arbitraryehescedasticity and statistics robust to hetedssieity. Panel

C presents IV model selection criteria. The depahdariable in each model is the natural logaritbinfirm i's
‘Market Beta’ (B;).

We estimate three different models using the imsémntal variable technique, namely the ‘growth riskdel’, the
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‘spread risk model’ and the ‘income risk model’rdwth risk’ is instrumented by the standard deviatof sales
(‘IV growth risk(1)’) and the average growth of abassets (‘IV growth risk(2)"). ‘spread risk’ isstrumented by
standard deviation of the ratio debt in currentilities to total assets (‘IV spread risk(1)’), teandard deviation
of interest expenses ('IV spread risk(2)) and #wverage growth of total assets (‘IV spread risR(3)hcome
risk’ is instrumented by the standard deviationhef ratio net income to sales (‘IVV income risk(1Yhe variable
‘productivity risk’ is instrumented by the standateviation of the ratio net income to average sgtesvth (‘IV
productivity risk(1)"). ‘operating risk’ is instruented by the average of the ratio property, pladteguipment to
total assets (‘'IV operating risk(1)") and the starttideviation of net income (‘'IV operating risk(R)Finally
‘financial risk’ is instrumented by the average tbé ratio total long term debt to total assets (flWancial
risk(1)’), the average of the ratio interest exgent operating income after depreciation (‘IV finil risk(2)’),
the average of the ratio total long term debt tmewmn equity tangible (‘1V financial risk(3)") antie average of
the ratio total long term debt to total common &gV financial risk(4)’). The variable ‘incomeot Equity’ is
not instrumented since measured error is negligible
We report the Pesaran/Smith’s (1994) ‘Generalizé¢®en.-R*) offering a model selection criterion for choos-
ing between models estimated by the instrumentédiie method. This Generalized-Boes not account for the
number of regressors used. Therefore we additipratiploy Pesaran/Pesaran’s (2009) ‘Generalized el
R? (‘Gen.Ad].R”) being suited for IV estimation and taking thenmher of regressors into account.
Further we implement ‘Generalized BIC’ (see AndrAws2001, p.125) providing a valid goodness ofii¢as-
ure for the overall model. For each of the threelet® ‘Gen. BIC’ is calculated according to: ‘Genc’B= J —
In(N) - (M — P), where ‘J’ is Hansen'’s J statistic, ‘Metmumber of moments and ‘P’ the number of modeh-par
meters. ‘N’ is the number of observations. We penfoa BIC discrimination test according to Augus-
tin/Sauerbrei/Schumacher (2005) and Buckland/BumiAagustin (1997). Using bootstrap methods we gateer
an empirical distribution of each model's BIC aedttthe null hypothesis HO: BIC of model (1) greateequal
BIC of model (2) and (3) respectively. We repos tkStatistic.
“*** denotes the significance at the 1% level, *tefers to the significance at the 5% level andttthe 10%
level significance. All variables are estimated defined as described in 3. Data and Estimatiocd®tare.
(continued)
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Table 4 (Continued)

Panel D: First-Stage Regressions Results

growth risk model spread risk model income risk elod
First-Stage Reg_reSS|.on forin- Grrisk  Finrisk Oprisk Sprisk Finrisk  OprisK Inrisk Prodrisk Finrisk Oprisk
strumented Variable:
Adj. R 0.34 0.26 0.26 0.05 0.29 0.25 0.17 0.36 0.26 0.20
r'?]aerrt]'g' R of excluded Instru- 036 028 028 009 031 028 020 039 028 023
Shea Partial R 0.22 0.17 0.28 0.08 0.26 0.29 0.08 0.22 0.14 0.10
F-Test of excluded Instruments, 12.61 13.81 11.58| 2.71 12.27 10.09| 855 24.39 11.66 7.49
Stat (p-val) (0.00) (0.00) (0.00)| (0.01) (0.00) (0.00) |(0.00) (0.00) (0.00) (0.00)
Underident. Test, Stat. (p-val) 31.72 (0.00) 18082) 10.84 (0.05)
Weak ident. Test; Stat. 4.82 2.22 1.65
Overrident. Test, Stat. (p-val)
2SLS / GMM2s 7.77 (0.17) 10.29 (0.11) 6.66 (0.15)
Fuller(1) 6.75 (0.24) 7.44 (0.28) 4.70 (0.32)
Fuller(4) 7.13 (0.21) 9.14 (0.17) 6.04 (0.20)
Weak Instrument Robust Infe-
rence:
Anderson-Rubin Wald test,
F-Stat (p-val) 11.32 (0.00) 9.59 (0.00) 12.74 (0.00)
Anderson-Rubin Wald test,
xz-Stat. (p-val) 95.01 (0.00) 91.03 (0.00) 106.98 (0.00)
Stock-Wright LM S statistic,
Stat. (p-val) 43.48 (0.00) 40.43 (0.00) 42.2 (0.00)
Notes:

Panel D of Table 4 presents first stage regressisnlts and instrument diagnostics from estimatheg three competing
models in Table 4, Panel A to C. For each of ote¢hmodels the instrumented variables are givehersecond row of this
panel. Each column below states the first stageessipn results for the instrumented variable. ¥ort Adjusted R(Adj.-
R?), Partial B of excluded instruments, Shea Partia] & well as the F-Test of excluded instrumentsitng-value in pa-
rentheses. We report the Kleibergen Paap rk LMssitatas a test for underidentification and theibéegen-Paap Wald F-
statistic for Weak instrument identification. Facé of our IV regressions (2SLS, GMM2s, Fuller@yjler(4)) we report
the Hansen J statistic and the corresponding pevadua test for overidentification. The Underid@dtion Test is rejected
in each of the models and the OveridentificatiostTéb: Instruments are valid and the excluded instrusiané correctly
excluded from the estimated equation) is not refbdndicating a well specified equation.
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Table5
Encompassing

;gf’] oLS 2SLS GMM2sFuller(l) Fuller(4)
In(growth risk) + 0.29%** 0.74** 0.72*  0.86* 0.56*
In(spread risk) + 0.04 -0.36 -0.39 -0.51 -0.13
In(income risk) + 0.14** 0.14 0.17 0.19 0.08
In(productivity risk) -+  -0.16*** | -0.65* -0.63* -B81 -0.43***
In(financial risk) + -0.33*** -1.73 -1.62 -2.14 A3**
In(operating risk) + 0.12* -0.2 -0.21 -0.36 0.03
In(income_to_Equity) - -0.08*** -0.04 -0.03 -0.02  0.06**
Cons -1.17** | -3.03* -3.13** -3.78 -1.95%**
Adj. R*/ Gen. Adj. R 0.45 0.40
BIC / Gen. BIC 240.84 -6.98
N 212 212 212 212 212
Underident. Test, Stat (p-val) 2.48 (0.65)
Weak ident. Test, Stat (p-val) 0.30
Overident. Test, Stat (p-val) (gg% (gg% (Sjg) (88519)

Notes:

This table presents OLS and Instrumental Variabigassion estimates of the determinants of mar-
ket beta. The dependent variable in each modekinatural logarithm of firm i's Market Betg;).

In each regression we include all Intrinsic Busgngsk proxies, i.e. growth-, spread- and income
risk and last productivity risk.

Regarding the IV estimation we report two-stagesteauares (2SLS) and Generalized Method of
Moments (GMM2s) instrumental variable regressicssutis as well as Fuller(1) and Fuller(4) esti-
mates of the same model appropriate in the cageak instruments. For 2SLS, Fuller(1) and Ful-
ler(4) are the estimates efficient for homoscedagtonly and statistics are robust to heteroscedas
ticity. For the GMM2s estimation are the estimatdficient for arbitrary heteroscedasticity and
statistics robust to heteroscedasticity.

For each variable the expected coefficient sigreforted. We report Adjusted® RAdj.-R?), the
Bayesian Information Criterion (‘BIC’) for OLS estation and Pesaran/Pesaran’s (2009) ‘Genera-
lized-Adjusted-R (‘Gen.Adj.R?) for the model estimated by the instrumental abie method. We
further implement ‘Generalized BIC’ (see Andrews/2001, p.125). ‘Gen. BIC’ is calculated ac-
cording to: ‘Gen. Bic’ =J — In(N) (M — P), where 'J’' is Hansen’s J statistic, ‘Metmumber of
moments and ‘P’ the number of model parametersisithe number of observations.

For each IV regression we further report the maistFStage regression results, namely the Klei-
bergen Paap rk LM statistic as a test of underifiestion and the Kleibergen-Paap Wald F statistic
for Weak instrument identification. For each of ddrregressions we report the Hansen J statistic
as a test for overidentification.

For the estimated IV regression we use the follgwimstruments: IV growth risk(1), IV growth
risk(2), IV spread risk(1), IV spread risk(2), Iidome risk(1), IV operating risk(1), IV financial
risk(1), IV financial risk(2), 1V financial risk(4)instruments as defined in Appendix 3.

**x denotes the significance at the 1% level**refers to the significance at the 5% level afd

to the 10% level significance. All variables ar¢iraated and defined as described in 3. Data and
Estimation Procedure.
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Table6
Robustness

Panel A: NIOP Accounting Flow, varioustimeintervals

OLS IV - Fuller4
Exp growthrisk spread risk income risk| growth risk spread risk income risk
Sign. model model model model model model
€) 2 ©) ) 2 3

1980-1989
In(growth risk) + 0.29%** 0.57***
In(spread risk) + 0.17%** 0.43
In(income risk) + 0.17%** 0.44
In(productivity risk) -/+ -0.18*** -0.52%**
In(Fin,Op,IE,Cons) yes yes yes yes yes yes
Adj. R’/ Gen. Adj. R 0.28 0.26 0.23 0.31 0.26 0.35
BIC / Gen. BIC 161.23 165.74 183.46 -18.95* -9.95 -14.82
N 262 262 262 262 262 262
Vuong-Selection-Test
growth risk model to: 0.49 1.03
Underident. Test, Stat (p-val) 20.13 (0.00) 14.25 (0.05) 5.31(0.38)
Weak ident. Test, Stat 2.87 2.30 0.72
Overident. Test, Stat (p-val) 8.66 (0.12) 10.59 (0.11)5.43 (0.25)
1985-1994
In(growth risk) + 0.34%** 0.55%**
In(spread risk) + 0.07*** 0.27
In(income risk) + 0.20%** 0.61***
In(productivity risk) -/+ -0.05 0.02
In(Fin,Op,IE,Cons) yes yes yes yes yes Yes
Adj. R’/ Gen. Adj. R 0.46 0.20 0.30 0.37 0.29 0.33
BIC / Gen. BIC 111.42%* 222.33 188.75 -26.60*** -18.62 -18.85
N 277 277 277 277 277 277
Vuong-Selection-Test
growth risk model to: 5.77%+ 4,35%**
Underident. Test, Stat (p-val) 18.73 (0.00) 23.73 (0.00) 10.43 (0.06)
Weak ident. Test, Stat (p-val) 2.49 2.58 1.47
Overident. Test, Stat (p-val) 1.67 (0.89) 8.50(0.20) 5.08 (0.28)
1995-2004
In(growth risk) + 0.35%** 1.01%*
In(spread risk) + -0.04 0.50**
In(income risk) + 0.08 0.97***
In(productivity risk) -/+ -0.02 -0.28
In(Fin,Op,IE,Cons) yes yes yes yes yes yes
Adj. R°/ Gen. Adj. R 0.17 0.12 0.12 0.17 0.14 0.16
BIC / Gen. BIC 733.69*** 751.64 756.25 -20.51* -12.66 -14.36
N 307 307 307 307 307 307
Vuong-Selection-Test
growth risk model to: 1.78* 2.95%**

Underident. Test, Stat (p-val)
Weak ident. Test, Stat (p-val)
Overident. Test, Stat (p-val)

26.78 (0.00) 29.66 (0.00) 17.18 (0.00)
4.02 3.74 2.78
8.73(0.12) 9.67 (0.14) 10.62 (0.03)
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Table 6 (continued)

Panel B: Industry Dummies, NIOP Accounting Flow, 1990-1999, OL S

Exp growth spread  income risk
Sign. risk model risk model model
1) 2 3
In(growth risk) + 0.15**
In(spread risk) + 0.03
In(income risk) + 0.12**
In(productivity risk) -[+ 0.01
Industry Dummies yes yes yes
In(Fin,Op,IE,Cons) yes yes yes
Adj. R 0.59 0.56 0.57
BIC 204.22*** 221 218.88
N 212 212 212
Vuong-Selection-Test
growth risk model to: 2.82%** 1.67*
Panel C: Industry Dummies, NIOP Accounting Flow, 1990-1999, IV
Exp growth spread income growth spread income
Sign. risk model risk model risk model | risk model risk model risk model
) (2) 3) @) (2) 3)
2SLS GMM2s
In(growth risk) + 0.27%** 0.24**
In(spread risk) + 0.23* 0.21*
In(income risk) + 0.25 0.28
In(productivity risk) -[+ -0.03 0.02
Industry Dummies yes yes yes yes yes yes
In(Fin,Op,IE,Cons) yes yes yes yes yes yes
Fuller(1) Fuller(4)
In(growth risk) + 0.35** 0.31**
In(spread risk) + 0.50 0.30
In(income risk) + 0.60 0.27
In(productivity risk) -/+ -0.03 -0.03
Industry Dummies yes yes yes yes yes yes
In(Fin,Op,IE,Cons) yes yes yes yes yes yes
Panel D: Main First Stage Regression Result and M odel Selection Criteriafor 1V Regression
growth spread  income risk
risk model risk model model
1) (2) (3)
Under. Ident. Test, Stat (p-val) 15.91 (0.01) 9.94 (0.19) 6.2 (0.29)
Weak ident. Test, Stat (p-val) 3.03 1.13 0.99
Overident. Test, Stat (p-val)
2SLS / GMM2s 8 (0.15) 7.49 (0.28) 8.40 (0.07)
Fuller(1) 7.38 (0.19) 5.06(0.33) 7.00 (0.13)
Fuller(4) 7.69 (0.17) 6.96 (0.33) 8.40 (0.08)
Gen. Adj. R 0.57 0.56 0.56
Gen. BIC -24.10%** -19.70 -19.92
N 212 212 212

Notes:

Panel A presents OLS and Fuller(4) instrumentalaggjons results for NIOP Accounting Flow regardingaria-
tion of time spans. Instead of our main resultsigiinterval 1990-1999 we estimate the same modelghé times
1980 to 1989, 1985 to 1994 and 1995 to 2004.
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Panel B, C and D present detailed estimation redulhdustry dummy variables are used for our niaire period
1990-1999. We match each firm to one of elevenshiks according to Fama/ French’s 12 IndustryfBliot Sic
Classification (financials are dropped).

In particular the dependent variable in each m@l#ie natural logarithm of firm i’'s ‘Market Bet&'B;’). We esti-
mate three different models, namely the ‘growtk nedel’, the ‘spread risk model’ and the ‘inconskmodel’:
For the instrumental variable regression we insénimgrowth risk’ by the standard deviation of sa(#V growth
risk(1)’) and the average growth of total assdig ¢rowth risk(2)"). ‘spread risk’ is instrumentdxy standard devi-
ation of the ratio debt in current liabilities total assets (‘'IV spread risk(1)), the standardiaten of interest
expenses (‘'IV spread risk(2)’) and the average gnoov total assets ('IV spread risk(3)’). ‘incomigk’ is instru-
mented by the standard deviation of the ratio nebrine to sales (‘IV income risk(1)’). The variateoductivity
risk’ is instrumented by the standard deviationth# ratio net income to average sales growth (‘tedpctivity
risk(1)’). ‘operating risk’ is instrumented by tlarerage of the ratio property, plant and equipnterbtal assets
(‘IV operating risk(1)’) and the standard deviatiohnet income (‘IV operating risk(2)’). Finallyifancial risk’ is
instrumented by the average of the ratio total lmm debt to total assets (‘IV financial risk(1Xhe average of the
ratio interest expenses to operating income afpretiation (‘IV financial risk(2)’), the averagé the ratio total
long term debt to common equity tangible (‘'IV firggad risk(3)’) and the average of the ratio totaid) term debt to
total common equity (‘IV financial risk(4)’). Theaviable ‘income_to_Equity’ is not instrumented @ritis not
measured with error.

For the OLS regressions we report Adjustéd¢Rdj.-R?) as well as the Bayesian Information CriterioBIC’).
We also apply the Vuong Test to determine whetherAd;j.-R of one estimated model is significantly largertha
another. We report the Vuong Z-statistic.

For IV regression diagnostics we report the PesBemaran’s (2009) ‘Generalized-Adjusteti-RGen.Ad].R*)
offering a model selection criterion for choosingtweeen models estimated by the instrumental variai¢thod.
Further we implement ‘Generalized BIC' (see Andrdws2001, p.125) providing a valid goodness ofnfiéasure
for the overall model. For each of the three mod@kn. BIC’ is calculated according to: ‘Gen. BIE'J — In(N)-
(M = P), where 'J’ is Hansen’s J statistic, ‘M’ thember of moments and ‘P’ the number of model paters.

We perform a BIC (Gen. BIC in case of IV estimajiodiscrimination test according to Augus-
tin/Sauerbrei/Schumacher (2005) and Buckland/BumiAagustin (1997). The null being HO: BIC (Gen. Blaf
model (1) greater or equal BIC (Gen. BIC) of mo(®l and (3) respectively. Significance of this testeported
together with the BIC (Gen. BIC) value.

For each IV regression we further report the maistStage regression results, namely the KleibeRgap rk LM
statistic as a test of underidentification andKheibergen-Paap Wald F statistic for Weak instrutridantification.
For each of our IV regressions we report the Hadsstatistic as a test for overidentification. TWderidentifica-
tion Test is rejected in each of the models andQkeridentification Test (b1 Instruments are valid and the ex-
cluded instruments are correctly excluded fromeakgmated equation) is not rejected, indicatingedl wpecified
equation.

‘N’ is the number of observations. The number odetations varies among Panel A due to differetda dasis in
different time intervals.

“**+ denotes the significance at the 1% level, *tefers to the significance at the 5% level andd*the 10% level
significance. All variables are estimated and d=fias described in 3. Data and Estimation Procedure
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Table7

Robustness - Different measurement of spread risk

Panel A: NIOP Accounting Flow, 1990-1999, OL S

Exp growth Mod.spread income
Sign. risk model risk model risk model
@) 2 3
In(growth risk) + 0.41%**
In(spread risk) + 0.14%**
In(income risk) + 0.39***
In(productivity risk) -/+ -0.15%**
In(Fin,Op,IE,Cons) yes yes yes
Adj. R 0.33 0.18 0.29
BIC 317.36*** 373.12 338.43
N 288 288 288
Vuong-Selection-Test
growth risk model to: 3.14%** 1.22
Panel B: NIOP Accounting Flow, 1990-1999, IV
Exp growth Mod.spread income growth Mod.spread income
Sign. risk model risk model risk model | risk model risk model risk model
1) 2) 3) 1) (2) 3)
2SLS GMM2s
In(growth risk) + 0.52%** 0.53***
In(spread risk) + 0.33%** 0.28***
In(income risk) + 0.65** 0.76***
In(productivity risk) -[+ -0.08 -0.06
In(Fin,Op,IE,Cons) yes yes yes yes yes yes
Fuller(1) Fuller(4)
In(growth risk) + 0.55%** 0.55%**
In(spread risk) + 0.48** 0.41%**
In(income risk) + 0.78** 0.68***
In(productivity risk) -[+ -0.02 -0.07
In(Fin,Op,IE,Cons) yes yes yes yes yes yes

Panel C: Main First Stage Regression Result and M odé Selection Criteriafor 1V Regression

growth Mod.spread income risk
risk model risk model model
1) 2 3)
Under. Ident. Test, Stat (p-val) 36.63 (0.00) 16.54 (0.02) 9.14 (0.10)
Weak ident. Test, Stat (p-val) 6.11 2.17 1.30

Overident. Test, Stat (p-val)

2SLS / GMM2s 8.17 (0.15) 11.48 (0.07)4.27 (0.37)
Fuller(1) 7.73(0.17) 8.24(0.22) 3.44 (0.49)
Fuller(4) 7.83(0.17) 9.72(0.14) 4.13(0.39)
Gen. Adj. R 0.19 0.16 0.22
Gen. BIC -21.43 -12.84 -17.41

N 288 288 288

(continued)
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Table 7 (continued)

Robustness - Different Accounting Flows

Panel D: FFOP Accounting Flow, 1990-1999

OoLS IV - Fuller4
Exp growth risk  spread risk income risk| growth risk spread risk income risk
Sign. model model model model model model
1) 2 3 1) 2) 3
In(growth risk) + 0.28*** 0.62***
In(spread risk) + 0.09*** 0.70**
In(income risk) + 0.23%** 0.69***
In(productivity risk) -[+ -0.08 -0.32%**
In(financial risk) + 0.06 -0.37* -0.47** 1.77%* @2 0.17
In(operating risk) + 0.21%** 0.13*** -0.05 0.58*** 0.62** -0.14
In(income_to_Equity) - -0.07*** -0.07*** -0.06*** 0.06*** -0.04 -0.03
Cons -0.86*** -0.23 -0.82*** -1.25%** 2.20* -1.31*
Adj. R’/ Gen. Adj. B 0.26 0.13 0.17 0.24 0.15 0.24
BIC / Gen. BIC 407.87*** 457.81 449.43 -23.39%** 2.63 -14.43
N 312 312 312 312 312 312
Vuong-Selection-Test
growth risk model to: Stat 3.56*** 2.01**
Underident. Test, Stat (p-val) 30.75 (0.00) 21.55 (0.00)20.41 (0.00)
Weak ident. Test, Stat (p-val) 5.77 3.12 2.79
Overident. Test, Stat (p-val) 6.70 (0.24) 11.31 (0.08) 8.20 (0.08)
Panel E: WCOP Accounting Flow, 1990-1999
OLS IV - Fuller4
Exp growth risk  spread risk income risk| growth risk spread risk income risk
Sign. model model model model model model
@) 2 3 1) 2) 3
In(growth risk) + 0.24*** 0.60***
In(spread risk) + 0.10%** 0.60***
In(income risk) + 0.20*** 0.65***
In(productivity risk) -+ -0.04 -0.15
In(financial risk) + 0.35 -0.07 -0.09 1.98*** 0.53 0.98
In(operating risk) + 0.21 % 0.16*** 0.00 0.71%* B9** -0.02
In(income_to_Equity) - -0.08*** -0.08*** -0.07*** 0.07*** -0.09%** -0.04*
Cons -0.92%** -0.29* -0.84*** -1.35%** 1.49** -1,
Adj. R% Gen. Adj. R 0.21 0.13 0.15 0.19 0.15 0.20
BIC / Gen. BIC 345.17%** 370.76 369.89 -20.42**  -13.06 -17.49
N 259 259 259 259 259 259
Vuong-Selection-Test
growth risk model to: Stat 2.14** 1.71*

Underident. Test, Stat (p-val)
Weak ident. Test, Stat (p-val)
Overident. Test, Stat (p-val)

22.38 (0.00) 20.15 (0.00)12.00 (0.03)

3.69
8.51 (0.13)

2.7
8.92 (0.18)

1.63
5.55 (0.24)

Notes:

Panel A presents OLS regression results for a niead#ipread risk modeiMod.spread risk mode)’during the time 1990 to
1999 based on the NIOP Accounting Flow. For theagrrisk estimation we employ Chen/Roll/Ross’ ()9868ation fac-
tor. For the same model specification Panel B priss&/ estimates while Panel C presents First Stageession results.
Panel D and E present OLS and Fuller(4) instrunesatgable regression results where the firm i'sdme is proxied by the
‘Funds Flow from Operations’ Accounting Flow (FFGa)d the ‘Working Capital from Operations’ (WCO®Je compute
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FFOP according to: FFOP =(IBADJ+DP)/(CSHPRIAJEX) on firm basis and WCOP according to:
WCOP=(IBADJ+DP+TXDI)/(CSHPRRAJEX) on firm basis. Panel D and E use the origimaion of spread risk.

In particular the dependent variable in each magléhe natural logarithm of firm i's Market Betf)( We report detailed
regression estimates for our main variables oféstegrowth-, spread- and income risk. For eaclalbr the expected coef-
ficient sign is reported. We further report Adjub® (‘Adj.-R?) and the Bayesian Information Criterion (‘BICYVe also
apply the Vuong Test to determine whether the Rfjof one estimated model is significantly largemttemother. We re-
port the Vuong Z-statistic.

For 2SLS, Fuller(1) and Fuller(4) are the estimatffisient for homoscedasticity only and statistize robust to heterosce-
dasticity. For the GMM2s estimation are the estenafficient for arbitrary heteroscedasticity atatistics robust to hete-
roscedasticity.

We report the Kleibergen Paap rk LM statistic aest of underidentification and the Kleibergen-P¥égd F statistic for
Weak instrument identification. For each of ourrAgressions we report the Hansen J statistic astddr overidentifica-
tion. Further the Pesaran/Pesaran’s (2009) ‘GemethAdjusted-R (‘Gen.Adj.R*) and ‘Generalized BIC’ (see An-
drews/Lu 2001, p.125) is presented. We perform@ @en. BIC in case of IV estimation) discriminatitest according to
Augustin/Sauerbrei/Schumacher (2005) and BucklamahiBam/Augustin (1997). The null being HO: BIC (G@&iC) of
model (1) greater or equal BIC (Gen. BIC) of mo@l and (3) respectively. Significance of this testeported together
with the BIC (Gen.BIC) value.

We use the following instruments for IV regressi@rowth risk’ is instrumented by the standard dg¢ian of sales (‘IV
growth risk(1)’) and the average growth of totadets (‘IV growth risk(2)’). ‘spread risk’ is instmented by standard devia-
tion of the ratio debt in current liabilities tatéb assets (‘IV spread risk(1)’), the standard déen of interest expenses (‘1V
spread risk(2)’) and the average growth of totakess (‘IV spread risk(3)’). ‘income risk’ is instented by the standard
deviation of the ratio net income to sales (‘IVanee risk(1)’). The variable ‘productivity risk’ imstrumented by the stan-
dard deviation of the ratio net income to averagessgrowth (‘IV productivity risk(1)"). ‘operatingsk’ is instrumented by
the average of the ratio property, plant and eqaigtrto total assets (‘IV operating risk(1)’) an@ s$tandard deviation of net
income (‘IV operating risk(2)’). Finally ‘financiatisk’ is instrumented by the average of the r&ti@l long term debt to
total assets ('IV financial risk(1)’), the averagéthe ratio interest expenses to operating incaifter depreciation (‘1V
financial risk(2)"), the average of the ratio totahg term debt to common equity tangible (‘IV fircal risk(3)’) and the
average of the ratio total long term debt to tamhmon equity ('IV financial risk(4)’). The variablincome_to_Equity’ is
not instrumented since measured error is negligible

‘N’ is the number of observations. The number lof@rvations varies among the different Panelsisffthble due to differ-
ent data requirements for each Accounting Flow ephemployed (Panel D and E). We performed the ssstimations
requiring for all data requirements of all AccomgtiFlows at the same time. The unreported restdtgjaalitative similar
but based on a slightly smaller number of obseowati

“***" denotes the significance at the 1% level, *tefers to the significance at the 5% level andd*the 10% level signi-
ficance.
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