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Abstract
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uing small and non-listed firms. Most importanttiywever, the model is able to indicate severe
market over- or undervaluation from a fundamentabkpective. We demonstrate that a trading
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1. Introduction

Web based social networks like Facebook, Twittet sm forth are currently one of the fastest
growing industries and therefore attracting investattention. Recently, Facebook went public
as the second-largest U.S. IPO of all time, imfiioraluing this company at around $100 bil-
lion. The result was a market capitalization higtieem for mature internet firms as Ebay or Am-
azon'! While Facebook’s IPO currently dominates the meitsasocial network game develop-
ment company Zynga, the deal-of-the-day websiteu@wo and the music recommendation ser-
vice Pandora went public last year with correspogdirm values of $13 billion, $7 billion and
$2 billion, respectively, although still making f&s? Hence, the challenging exercise of valuing
fast growing technology firms is becoming populgaia despite the recent financial crisis.

In response to the demand for a valuation modedise for such firms, Schwartz/Moon
(2000) and Schwartz/Moon (2001) develop and extetigeoretical model explicitly focusing on
the value generating process in high technologyvtirstocks. It is based on fundamental as-
sumptions about the expected growth rate of reveand the company’s cost structure to derive
a value for technology firms. Using simple Monterl@aechniques and short term historical
accounting data, the Schwartz-Moon model simulategrowing technology firm’s possible
paths of development. As next step, it calculatesndamental firm value by averaging all dis-
counted, risk-adjusted outcomes of the simulatedrpnse values. Additionally, throughout the
growth process firms may default. Therefore, theleh@rovides investors not only with a value
estimate but also with a long term probability ehkruptcy, which is not the case for the stand-
ard valuation procedures such as multiples. Anothajor advantage is that it does not require
market data which makes it applicable for the langenber of non-listed firms. Finally, given
that high technology firms often experience losses do not have analyst coverage, one has to
take into account that the most accurate valuatethods, as Discounted Cash Flow (DCF)
models or price earnings multiples, are not appleaDue to its theoretical appeal, the model
has been used and extended by other studies léterRéronesi (2003, 2006). A first important
attempt to operationalize the model is presenteldber et al. (2002), who apply it to 46 Ger-
man technology firms during the dot-com bubble.

Based on these thoughts, the issue arises wheth&chwartz-Moon model can fill this gap
in the valuation literature, despite the difficuttyat many of the model's input parameters need
to be estimated ex-ante. Specifically, we ask dtilewing three research questions: First, given
the theoretical advantages but challenging inpuampater estimation of the Schwartz-Moon
model, how does an economic reasonable, but asahe time feasible implementation look
like? Second, how does the proposed model implatientperform in terms of valuation accu-
racy? Third, given that the model is based on fumgtgal accounting information, is it possible
to indicate market misvaluation in the technologgter?

Answering these questions yields the following kesults: First, building on economic theo-
ry regarding the development of key accounting eash flow figures in a competitive market
environment, we present an easily applicable condiion of the Schwartz-Moon model. It is
developed for large scale valuation purposes amgke of around 30,000 technology firm quar-
ter observations from 1992 to 2009 using realizambanting data. Second, although this model
is especially suited for non-listed firms, we nekd market environment to test its feasibility.
Therefore, we compare the fundamentals based Sthaon model to the Enterprise-Value-
Sales method and find that it performs comparabbueate with regard to deviations from mar-
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ket values. Moreover, there are clearly smalleiatens for firms in the chemicals and comput-
er industries and for smaller companies. Note thiat perspective assumes that markets are on
average efficient considering the complete timaqgageand are not influenced by market senti-
ment. Finally and most importantly, leaving this@@acy perspective and turning to the last
guestion of potential misvaluation, the Schwartzeslanodel shows the ability to indicate se-
vere market over- or undervaluation in each qudirten 1992 until 2009 and to produce reason-
able estimates for the probability of default. Givbese findings, we demonstrate that a trading
strategy based on the Schwartz-Moon model hasfisigni investment value, both before and
after transaction costs.

By providing and testing an applicable implemantabf the Schwartz-Moon model, we
contribute to the literature on company valuatioar findings offer promising results on how to
accurately value especially small firms, which nfexhibit losses and are therefore excluded in
other studie$. Furthermore, these firms are often not coveredtmlysts; consequently, other
fundamental valuation models as the Discounted E&sh model are not applicable. Including
analyst forecasts would lead to an important samsplection bias as demonstrated in Pas-
tor/Veronesi (2003).Moreover, even if analyst forecasts are availabiey are frequently over-
optimistic as demonstrated in Easterwood/Nutt (19%8is would then contradict the effort to
detect misvaluation. In contrast, the Schwartz-Mowdel only relies on a short history of eight
guarters of firm-specific accounting data. Althouglkontains more than 20 parameters, we in-
troduce a sensible implementation, which is onlgdaoaon major items from the income state-
ment and the balance sheet and information abas fin the same industry, thereby significant-
ly reducing the model’'s complexity. Furthermorejsitalso applicable to non-publicly traded
firms and does not rely on market prices. This loarof special interest during times of ineffi-
cient markets and for investors who target unlisteds and in particular for venture capital and
private equity investors who invest in small to med technology enterprises as documented in
Cumming/Maclntosh (2003).

One could argue that the Schwartz-Moon model ig applicable for loss making firms,
because it was tailored to firms characteristic ther dot-com era (1999-2001). However, the
Schwarz-Moon model is based on the key idea toc&stefuture balance sheets and income
statements which is similar to "traditional” Disobed Cash Flow models. Consequently, this
technique and therefore the Schwartz-Moon modgéreerally applicable for profitable firms as
well, since the time series properties of the stistih processes, for example for a firm's sales,
are capable to capture any pattern. While the misdetrtainly applicable for profitable firms,
we acknowledge that it is especially useful forstosaking firms, which comprise 34% of our
sample (cf. Table 2). Furthermore, the prevalerfdess making firms has not decreased since
2001 (cf. Figure 3). Although it was especially mnfant in the years after the burst of the tech
bubble, there were still around 30% of loss makinmgs in our sample from 2004 on. During the
recent financial crisis this proportion increasedver 35% again.

Following the compelling logic of rational pricinthe original model intends to rational-
ize high stock prices during the dot-com bubblevédtheless, Schwartz/Moon (2000, 2001) are
not able to explain the high stock prices ratignal they would need implausibly high volatility
estimates. Building on this approach, Pastor/Vesp(#006) relate extreme valuations to uncer-
tainty. They argue that market valuations coulduséfied during the dot-com bubble; however
they assume a period of 15 years of abnormal grofihich seems quite high in a competitive
environment. Therefore, by focusing on matchingigabn estimates to observed market values,
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one might overlook the clear advantages of the inoalapared to the multiple benchmark. It is
well documented in the literature that, first, \alans are highly influenced by market sentiment
(see, for example, Inderst/Mueller 2004 or Baumas/R004) which can, second, lead to mis-
valuations and bubbles (Baker/Wurgler 2007 or Stargh et al. 2012). Therefore, regarding the
first aspect, our benchmark for the model's acourtac market values, the Enterprise-Value-
Sales multiple (EV-Sales), should naturally yietdadler deviations as it captures the market
sentiment. Nevertheless, we need the market emagahto check the feasibility of our imple-
mentation and it indeed results in comparable awoyurPut differently, while the Schwartz-
Moon model is purely based on historical accoundatp, multiples are generally calibrated to
capture the current market mood by explicitly netyion the market values of competitor firms.
However, this independence of current market semtmallows the fundamentals based
Schwartz-Moon model to detect periods of severeketamispricing, which is in line with the
second aspect mentioned above. Consequently, wathegize that market valuations can be
unjustified during bubble times and add to therdtere which indicates that the financial ac-
counting data can serve as an anchor for ratiomahg during these times as in Bhattacharya et
al. (2010). This is especially true for technolaggwth firms whose valuations are highly sub-
jective and therefore strongly affected by investentiment as documented in Baker/Wurgler
(2006). Finter et al. (2012) argue that sentiméaypan important role especially for stocks that
are hard to value and demonstrate a sentiment¢gh@a@hkg the dot-com bubble. The key results
by Keiber et al. (2002) also indicate significamervaluation during that time. Consequently, we
provide additional evidence that a trading stratégged on our model implementation of
Schwartz-Moon has economic and statistically sigaift investment value, both before and af-
ter transaction costs. Risk adjusted abnormalmetbefore transaction costs are as high as 1.5%
per month.

The remainder of this paper is structured as ¥aloln section 2 we provide an overview of
the related literature and discuss the properfigsathnology growth firms in the context of firm
valuation. Section 3 discusses the Schwartz-Moodemand introduces the benchmark valua-
tion procedure. Section 4 describes the samplenasdEl implementation. In section 5 we em-
pirically investigate the model’s performance aedt®n 6 presents the robustness checks. Fi-
nally, section 7 concludes.

2. Related literature: Firm growth and valuation

In this section we briefly discuss the relevantuasibn literature with a focus on technology
growth companies. To start with, we discuss thé&ytfifty”. They were the high-flying growth
stocks of the 1960s and early seventies. These aaey including General Electric, IBM, Tex-
as Instruments and Xerox were the growth firmsheifrttime. Due to their notably high valua-
tions, those firms were later compared to new eggnstocks enjoying tremendous high valua-
tions in the late 1990s as stated in Baker/Wur{@€06). Still, while the “nifty fifty” were
strongly growing companies, their valuation wasedlasn the ability to generate rapid and sus-
tained earnings growth and persistently increase ttividends. In addition, those firms were
already well established large cap entities, the@nfirming Gibrat's rule and the theoretical
models of Simon/Bonini (1958) and Lucas Jr. (19638} assume growth to be independent from
firm size. Consequently, growing firms could easif/valued using standard valuation methods
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such as the Discounted Cash Flow model with anédystast data or the Price-Earnings-Ratio
with a sufficient peer group.

The tremendous rise in high technology stock gribering the end of the 1990s and its sub-
sequent fall throughout the early years in the gentury, known as the dot-com bubble, let the
economics of technology firms gain significant atien again. Practitioners and researchers
began to realize that internet stocks are a chamishmash defying any rules of valuatfon.
Starting to question the relation between financaios and equity value of stocks, as docu-
mented by Core et al. (2003), Trueman et al. (2@0@)yze new measures of technology firm
value drivers such as customer’s internet usage more general approach, Zingales (2000)
describes the appearance of a new type of firmdoasenew technology. He finds three factors
to disturb existing firm theories: Reduced valuaagation by physical assets, increased compe-
tition and the importance of human assets. But wbyld new technology have influence on
firm valuation approaches?

McGrath (1997) relates investments in high tecbgplfirms with real options logic. In her
framework, the value of the technology option is tiost to develop the technology. Completing
the development of the technology will create aseaswvhich is the underlying right of the firm
to extract rents from the technology. This givegé¢hinsights.

First, growing technology firms might exhibit l@essas they face costs of development, but
no yet marketable products. In this context, Defers(2001) argue that high technology firms
require significant up-front capital to establisteit technological architecture. In line with this
argument, Bartov et al. (2002) find that since 1880s, innovative high technology firms are
expected to grow rapidly, while they are still pobfitable. In this study we will present a sam-
ple of 29,477 US technology firm quarter observaiaith median annual sales of 142$m and a
significant share (34%) of negative earnings obmgras. Consequently, we conclude that recent
studies on valuation model accuracy requiring pasiéarnings firms do not include a signifi-
cant share of high technology companies.

Second, from a stock market perspective, highneldgy growth firms have specific
characteristics. Their stocks are exposed to sexaeatility as documented in Ofek/Richardson
(2003), which makes it difficult to determine thederlying value. At the same time, there is a
strong influence of investor sentiment on the valtieechnology firms found in Baker/Wurgler
(2006) or Inderst/Mueller (2004). Hence, relativ@uation methods, i.e., multiples, for high
technology firms are heavily influenced by the entrmood of the market. Compared to funda-
mentally based valuation models as DCF, the melighould not be able to make any state-
ments about overall market over- or undervaluat@onsequently, valuation methods based on
financial statement information should thereforgehthe potential to serve as rationale bench-
mark during volatile and speculative market periddss is especially important as prices reflect
fundamentals in the long run as presented in Cgédilertes (2006).

Third, the risk of the new technology failing ceesult in bankruptcy. Thus, the risk of
default plays a more central role in valuation ahhtechnology firms. Vassalou/Xing (2004)
and Kapadia (2011) report default risk to be awvaté factor for explaining equity returfs.
While this is the case for all firms, it is partiatly important for high technology growth firms,
which generally experience higher risk of defauttimpared to mature value firms. The
Schwartz-Moon model explicitly takes the risk ofaldting into account. Valuation multiples on
the other hand consider default risk only implicifl markets price this risk correctly and if there
are no systematic differences in this risk amorggfitms of the peer group. Beside the general
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fact that bankruptcy is costly and negatively afesmall and large investors, information on
default risk is especially important for under-dsied investors. Cumming/Maclintosh (2003)
and Cumming (2008) document tremendous defaul$ rigkh failure rates of 30% for portfolios
that are specialized in young entrepreneurial firfitsese results show that valuation models
- especially with regard to small companies - stiantorporate default risk explicitly. Since this
is the case in the Schwartz-Moon framework, thislehas preferable to standard approaches,
which are typically working on a going concern Basi

In sum, we see that standard valuation procedaneeess applicable for high technology
firms, which are especially influenced by marketosh@nd exposed to default risk. The firms in
our sample are likely comparable to young and gngwienture backed firms. In this context,
Hand (2005) and Armstrong et al. (2006) find thaditional accounting measures such as bal-
ance sheet and income statement are able to exjglaation in market values for venture capital
backed growing technology firms. Taking these dpEcinto account, the Schwartz-Moon mod-
el might offer a way to determine a fundamentallgtified value of high technology growth
firms. In the following we present the original nebd

3. Valuation models
3.1. Fundamental pricing: The Schwartz-Moon model

The Schwartz-Moon model (2000, 2001) is most easiylained in the context of traditional
valuation models, such as the familiar DiscountegtCFlow model, where the cash flow to eq-
uity (FTE) is discounted at an appropriate riskuatgd cost of equity. For all these models, one
of the most challenging tasks is the derivatiofutdire payoffs. While there are several ways to
tackle this problem, the most sensible method ifotecast future balance sheets and income
statements and derive the necessary payoff-figases Lundholm/O'Keefe (2001). Following
this logic, one needs forecasts for the basic firrstatement items as shown in the next two
figures.

Since analysts' forecasts for high technology fieresoften not available, the commonly applied
forecasting technique is the percentage of salésadeHere, one explicitly focuses on revenues
forecasts and the other value relevant parametersea to these forecasts based on a historical
ratio analysis. The revenues forecasts are infe@ryy many parameters, such as industry dy-
namics or actions from competitors. Consequenttgr aome finite forecast horizon, it is rea-
sonably assumed that initially high growth ratesefenues will converge to average industry
levels. Finally, the company will achieve a matwsteady-state status and revenues grow with
the industry rate. The convergence to industryleigetheoretically well established as in Den-
rell (2004) and commonly applied in empirical seglconcerned with company valuation such
as Krafft et al. (2005).



The Schwartz-Moon model is exactly based on theseghts, since it models the value driv-
ing input parameters given by the income stateraadtthe balance sheet with stochastic pro-
cesses. Below, we present the model as introdug&thwartz/Moon (2001).

Following the percentage of sales method, reveynardics R) are given by the stochastic
differential equation:

d

Ty = n(®) — g - o (O]dt + 0(2) - dzg() ()
where the drift termy(t) represents the expected growth rate in revenugrér)is the growth
rates’ volatility. Unanticipated changes in growtties are modeled by the random variaple

following a Wiener process. The risk adjustmentntég accounts for the uncertainty and allows
for discounting at the risk free rate later. Witime t, the initial growth rates converge to their
long term growth rat@ following a simple Ornstein-Uhlenbeck process.

dp(t) = [, (@ — () — 4, n@©]dt +n(t) - dz,(t) )
where «,denotes the speed of convergence aft)l is the volatility of the sales growth rate.

Different from Schwartz/Moon (2001), we do not make simplifying assumption that the true
and the risk adjusted revenues growth processdb@same, which is why we introduce the risk

adjustment termi,. Unanticipated changes in revenue§) converge withx,, to their long-term
averager , while the volatility of expected growth(t) converges to zero.
do(t) = «, o - o(t) ] dt (3)
di() = -k, (Dt (4)
Summing up, the two main parameters of the rev@noeess (growth ratg(t) and the growth
rates’ volatilitys (t)) exhibit the desirably property of long term corgence justified by a com-

petitive market environment.

Turning to the second item on the income statenmast dynamic€(t) are modeled based
on two components. The first component is vari@olgt dynamicg(t), which is proportional to
the firm’s revenues. The second component is foasisF.

CH=KYRY+ F (5)
Again, cost dynamics are assumed to converge ioititistry levels according to the following
mean-reverting process:

dy(t) = [1, (7 = v(®)) = 4, - 9(@®]dt + ¢ (8) - dz, (1) (6)
where k, denotes the speed of convergence at which varadsts y(t) converge to their long
term averagey. Here we also adjust for the uncertainty by addivgrisk adjustment tert.
Unanticipated changes in variable costs are modayeft), converting deterministically with
k, against long term variable cost volatilgty

dg(t) = «, Og - #(t)] dt (7)
As Schwartz/Moon (2001) suggest, it is reasonabbssume the three speed of adjustment coef-
ficients to be the same, leaving us with one sirglBividing log(2) by « yields the half-life of
the processes, which can easily be interprététhile revenues and costs are modeled inde-

pendently from the balance sheet, the developmigpitoperty, plant and equipmeRPE(t) de-
pends on the development of capital expendit@eg) and depreciatiod(t). The former value
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is assumed to be a fractionof revenues while depreciation is assumed tofoactiondp of the
accumulated property, plant and equipment. Conselyudoth financial statements are linked
consistently to each other by:

dPPE(}) =[-D()+ CH})] di 8)
Finally, taxes and the dynamics of loss carry fodsare considered by Schwartz/Moon (2001).

Since firms can offset initially negative earninggh future positive earnings for tax purposes,
we calculate loss carry forward dynamics as:

dL(t):{_[Y(t)JrTa)()] it 1)>[ )+ Tag) d
-max|{L¢ut,d, else

Controlling for tax payment$ax(t) and loss carry forwardg(t), the after tax incom&(?) in the
Schwartz-Moon model is given by:
Y()=RY)-qy- O)- Takx (10)
Assuming that no dividends are paid and positishdibows are reinvested, earning the risk-free
rate of interest, the amount of cash available to the firevolves according to:
dX() =[rOX() + M)+ D() - CE}] df (11)
Firms fail when their available cash falls beloweatain thresholX” and the enterprise value is
set to the liquidation value #tPE plus the (negative) cash. Otherwise, the modeligdgun-
damental value at timeis calculated by discounting the expected valu¢heffirm at timeT
under the risk neutral probability measuiravith the risk free rate, as the three stochastic pro-
cesses are corrected for uncertainty by the risknpmsig, 4, and4,. The firm’s enterprise val-
ue consists of two components. The cash amountaowglieg and, second, the residual company
value, which is calculated as EBITDAR(T)-C(T)times a multiplev.
EV(0) = EM{X(T)+ M- [R(T) = C(D)]}-e™ "7 (12)
The assumptions of no dividend pay-out, no exphioitdeling of tax-shields due to the deducti-
bility of interest payments and the solution of teeminal value problem via an exit multiple
deserve discussion. While it seems restrictivérsit glance, the model is basically employed in a
Modigliani/Miller (1958) framework, since it assum#hat it does not matter whether equity-
owners or the firm holds cash. Furthermore, withia branch of literature concerned with capi-
tal structure choice, such as Miller (1977) and R@d®985), one can argue that advantages and
disadvantages of debt financing balance, so it triigha simplifying but justifiable assumption,
that the financing decision is not considered expfi in the Schwartz-Moon model. However,
we admit that this might be a simplifying assumptgiven that an extensive literature focuses
on the valuation impact of debt induced tax shidldasmann et al. 2002, 2006, Ballwieser
2011, Drukarczyk/Schiler 2007 and Kruschwitz/LGf2€05).
Concerning the terminal value problem, it showdbted, that the finite forecast horizon
is chosen to be 25 years as in Schwartz/Moon (2@dnsequently, the calculated terminal val-
ue plays only a minor role as shown in the robisstrsection.
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3.2. Introducing a benchmark: Enterprise-Value-Saléultiple

The Schwartz-Moon model implementation is basetherprinciples of historical, fundamental
valuation. Therefore, the natural counterpart wdaddased on a DCF model. As argued earlier,
we want to abstract from analyst forecasts anditiadélly, the technology firms in our sample
often lack analyst coverage. Hence, these inpwrpaters for the DCF model in the large and
therefore anonymous dataset are not an optionrrigtizely, we turn to relative financial ratios
referred to as multiples to provide a sanity chiwokthe magnitude of deviations from market
values for our Schwartz-Moon model test.

Multiples are widely used in practice by consuitamnalysts and investment bankers as
shown for example by Bhojraj/Lee (2002). Among ottraditional valuation methods, such as
traditional DCF models, they generally produce shellest deviations from market values as
shown by Liu et al. (2002) and Bhojraj/Lee (200Phus, we choose to compare the Schwartz-
Moon model against this very accurate valuationhoet As noted beforehand, there are many
multiples available (Price-Earnings, Price-Bookc@iSales etc.) and they can be implemented
in many different ways (simple peer-group comparigs. sophisticated regression approach).
Consequently, we have to choose among these masybpities. Given the fact that our study is
concerned with technology growth firms, many ofnthieave negative earnings or even negative
EBITDA. Hence, standard multiples such as Pricexlbgs or Enterprise-Value-EBITDA are
not applicable. At the same time, we look for a pamble measure which comes close to the
idea of the Schwartz-Moon model with the major mgvforce being sales from its stochastic
processes. Since six of the seven critical parasete identify below depend on sales, our
choice is naturally guided to the Enterprise-Vafisdes Multiple. Thus, it provides a reference
point to assess the magnitude of deviations.

The Enterprise-Value-Sales method evaluated syghper follows Alford (1992), where
a firm i’'s value is estimated by the product of firlm sales at and the median of thepeer
group's PG) EV-Sales multiples.

EV(t); }

EV(t); = Sales(t); - medianjepg, {m (13)

where enterprise valu&y) is the market value of equity plus the book vadfielebt. Note that
EV is the estimated value wherda¥ simply denotes observable information. A key congru

in relative pricing is the identification of compdte companies. Alford (1992) examines the
effects of comparable company selection on relatalaation accuracy and finds that compara-
ble companies selected on industry classificatioth additional measures such as profitability
yield the lowest deviations from observed markdties Therefore, we perform EV-Sales Mul-
tiple valuations based on four digit SIC code induglassifications. Within the industry we
group firms by their return on net operating as¢RINOA) to account for profitability effects
(cf. appendix 1). That is, we choose those sixdithmat are closest to firls RNOA within the
preceding year. If fewer than six companies ardaa in this SIC code classification, we relax
this requirement to companies with the same thneletwo digit SIC code. The peer group medi-
an then is calculated to obtain the multiple. Thedpct of the multiple and the firm’s sales
yields the estimated enterprise value.



4. Data and methodology
4.1. Data collection

To construct our sample of high technology firmg, mverge the CRSP database for market data
with Compustat North America quarterly and yeadgaunting data. In order to calculate indus-
try specific long-term parameter values, we usectimplete data set starting 1970 (cf. Appendix
1).? However, our main sample considers all firms faditunder the Bhojraj/Lee (2002) high
technology industry SIC code definition beginnimgli992 until 2009° That is biotechnology
(SIC codes 2833-2836 and 8731-8734), computer (3570 and 7371-7379), electronics
(3600-3674) and telecommunication (4810-4841). \dk&k &IC code 7370 (Computer Program-
ming, Data Process) in order to keep firms sucG@asgle or Lycos in our sample. We exclude
all firm observations with negative sales, variatbsts, capital expenditure and negative enter-
prise values. This leaves us with 2,262 individirahs covering 29,477 quarters in total as can
be found in Table 1 in the appendix.

4.2. Model implementation

The most challenging issue in applying the Schwisiton model is parameter estimation as
noted in Schwartz/Moon (2000). Unlike an investmbabker who has detailed information
about the firm’s development, recent mé&a activitg atrategy decisions, we are valuing a rather
anonymous sample of around 30,000 firm quartersré&fre, our analysis is primarily based on
short term historical accounting information, whistthe common information set left for these
firms.

The Schwartz-Moon model includes 22 different inparameters. While most parameters
are estimated on a firm level basis, the long tparameters are determined on industry levels
(i.e., three digit SIC codes). Krafft et al. (2006)y example demonstrate a convergence of
growth firms’ costumer bases to industry averades @ few years. From the perspective of
importance, the 22 parameters can be divided imtical and uncritical parameters. The uncriti-
cal parameters primarily include initial values tmlance sheet items where the estimation is
straightforward. The critical parameters with a&rimpact on the simulation results come from
the revenue and the cost processes because thepedvesses are the main drivers for a firm’'s
EBIT. More precisely, the seven critical parametaes estimated from quarterly financial state-
ments’ sales and costs information and the industrgparison, thereby significantly reducing
the complexity of the model. The estimation of #ewen critical parameters is presented in the
next two paragraphs and their impact is shownénsemsitivity analysis in section 5.

4.2.1. Implementing revenue dynamics

Recall that key input parameters for the firm’senrewes are given in equations (1) to (4). Thus,
we take the initial saleR(0) as quarterly sales from quarterly accounting statés provided by
Compustat for each firm. Initial sales volatil#{0) is calculated using the standard deviation of
sales change over the preceding seven quartersoanerges to the long term quarterly volatili-
ty & = 0.05 consistent with Schwartz/Moon (2001). Furthigey argue that initial expected sales
growth x(0) should be derived using past income statementsesjdctions of future growth.
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Many private shareholders or institutional invest@argeting small capitalized growth firms will
find it difficult to obtain analyst forecasts. lddition, requiring the availability of I/B/E/S fore
casts in particular excludes small firms as notedib et al. (2002). However, to value this type
of firm is exactly our aim. Therefore, we do nojuee any analyst coverage and deriN@) as
average sales growth over the prior seven quarteclyme statements. While this is notably a
weak proxy for future revenues growth, it is inf@aon commonly available for all technology
firms and therefore easy to apply. Additionallyu@man et al. (2001) show historical revenues
growth to have incremental predictive power ovealgsts’ forecasts for internet firms. Long
term sales growtpy is set equal to 0.75% percent per quarter, whachesponds to an assumed
long term average annual inflation rate of threegat. Initial volatility of expected growth rates
in revenuesy(0) is estimated firm specifically by the standardidgon of the residuals from an
AR(1)-regression on the growth rates, which is Einto the approach of Pastor/Veronesi (2003)
to estimate the volatility of profitability.

Different from Schwartz/Moon (2001) who set theespef adjustment coefficienisex-
ogenously to 0.1, we allow for mean reverting psses with industry specific (two digit SIC)
kappas. The reason is that after an initially irdinal development, firm processes converge to
industry levels as in Krafft et al. (2005). Theadef declining competitive advantages has long
been established in the economics literature (Muel977, Mansfield 1985). Dechow et al.
(1999) demonstrate its relevance for company vianaEventually, Waring (1996) shows that
competitive advantages are industry-specific. Thigshy we rely on economic theory for the
concept of competitive advantage periods for oylé@mentation and estimate the convergence
to long run values industry-specifically. Schwavtabn (2001) argue that the kappa of the reve-
nues growth rate process has the highest impaas, We calculate the adjustment coefficient
with the help of revenue dynamics by solving théfeing equation:

t-8 saleqi—saleq; t=4 saleq;—saleq; 2
i -1 _ (Z i l—1> . 8_4.K (14)
: :i=t—5 saleqi—q i=t—1 saleqi_q

As justified above, the estimated firm specific gap then are pooled to medians for the same
two digit SIC codes. We choose two digit over thalegt SIC levels to decrease the large varia-
tion in this critical parameter. Still, this estitoagenerates outliers and yields us a range of es-
timated kappas corresponding to half-lives from tm&0 quarters. In order to avoid the influ-
ence of extreme estimates of the kappas correspgdiunreasonable high half-lives, we win-
sorize these variables at the 1% and 99% percenfile the kappas directly influence expected
future revenues and costs, the speed of adjustpaeameters are crucial for the three stochastic
processes.

4.2.2. Implementing cost dynamics

Recall that the input parameters for the cost dyosmare given in equations (5) to (7).
Schwartz/Moon (2001) propose to calculate costsguairegression of costs on revenues, where
the intercept represents constant fixed costs lamdlope is the initial variable costs. On a large
scale application, this leads to cases in whichrttercept becomes negative. Those firms would
exhibit negative fixed costs, an extremely steegpeland unreasonably high variable costs.
Therefore, we deviate from this approach, calauipthe variable costg0) as the average over
the preceding eight quarters of variable costs fikexl costs divided by revenues. In doing so,
we ensure costs to be within reasonable levelsudimg fixed costs into this approach assumes
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that fixed costs grow linearly with firm growth. iBhmight be a weak assumption but seems to
be more reasonable than assuming independenceghawath. The firm’s long term cost ratip

is calculated based on the long term industry nmedtar each one digit SIC industry, we calcu-
late a growing window median costs ratio beginnmd@970 and up to 2009. Valuing firimat
time t, we use firm’s industry’s long term median cost ratio until &tal as the expected long
term costs. As costs directly determine a firm'sfipr both the initial and the long term cost pa-
rameters are crucial and strongly affect the restlilhe initial volatility of cost®g is obtained by
running firm specific AR(1) regressions on the a@dios and calculating the standard deviation
of the residuals. Long term volatility of varialdestsg is determined as a growing window in-
dustry median cost ratio on a three digit SIC cledeel starting 1970. Finally, we assign the in-
dustry specific medians of the estimated standaxdations to the individual firms. This is con-
sistent with assuming similar developments withidustries.

In the following, we present the uncritical paraens, which do not affect estimated firm
value results largely.

4.2.3. Implementing balance sheet and the remaining incstatement items

Recall that the input parameters for the balaneetshnd the remaining income statement items,
such as depreciation, are given in equation (8)aug8 (11). Initial property, plant and equipment
PPE(0)is calculated as Compustat items for net propalagt and equipment plus other assets.
Due to acquisition activity and other expansiorated investments, capital expenditures and
depreciation ratios are extremely noisy for growingis. The use of a constant investment and
depreciation rate based on historical accountifigrimation might therefore lead to biased re-
sults. To overcome biases of expansion relatedioreeeffects, we model firrmis constant rates

of investmentr and depreciatiodp as the long term industry median. For firicash and cash
equivalentsX at timet, we calculate the sum of Compustat items for cthl receivable minus
accounts payable, other current assets and tressaly.

4.2.4. Implementing environmental and risk parameters

In line with Schwartz/Moon (2000, 2001) and givee tong term interest rate from the Federal
Reserve, we use for simplicity the risk free r&t&.6% p.a. which translates to 1.35% per quar-
ter. However, as shown by an intensive sensitiaitglysis in the robustness section, it does not
drive the results. Corporate tax rates are 35% dseiber et al. (2002). The risk premium for
each of the stochastic procesagf= R, 4, y) is calculated as:

__ Cov(rpi) (15)

pTM,i ) O—T‘M - o
wherery is the return of the Nasdaq Composite Index adverpreceding seven quarters and

is the Nasdaq Composite Index standard deviatiberéby, as mentioned earlier, we can use
one risk free rate for discounting for all firmsdjsting the processes for risk and discounting at
the risk free rate also stems from economic théseg, e.g. Harrison/Kreps 1979).

4.2.5. Implementing simulation parameters
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For each valuation, we use 10,000 simulations sti¢ips of one quarter and up to 25 years. At
the end of the simulation horizon, the enterprigkei® is given by the time=100 cash value plus
the residual value EBITDA multiplied by 10 in limgth Schwartz/Moon (2001). We additional-
ly verified this multiple over the whole CRSP-Corstat North America merged database from
year 1980 to 2010 and found that its median vatu@.12 based on 170,393 observations. A
firm fails at any given timé=s, wheres[1[1;100], within the simulation horizon when the avail-

able cash falls below zero. The liquidation valventis given as:

—g _ (PPEs+ Xs, if —X, < PPE;

EVow, = { 0, else (16)
wherePPEs is the amount of property, plant and equipmertdediault plus the negative caxb
available. The Schwartz-Moon model estimated ent&psalue is calculated by averaging all
10,000 simulated enterprise values and discoutiie@verage value to tinte0.

4.3. Summary statistics

Table 2 reports summary statistics for our sample.

Panel A, Table 2, shows the industry distributioimgarily based on the SIC code classification
by Bhojraj/Lee (2002). The largest group is compfitens, accounting for 40% of our sample.
Other major industries are electronics (31%), liotwlogy (18%) and telecommunications
(11%). Panel B, Table 2, reports financial statemeformation. For convenience, we report
flow items from the income statement as annualizddes calculated as the sum over four quar-
ters. On average, firms report annual revenued & Billion. A median revenue figure of $142
million shows the existence of extreme upscaleienstiand the small firm structure of our sam-
ple. Median cash and cash equivalents holding¥ 2srfillion, while we also find some firms
with negative cash holdings. This is the case ifond where the accounts payable exceeds the
sum of cash, treasury stock and receivables, lmibtily occurs in 1% of the observations. Me-
dian total assets are $170 million. The large agméation, with the smallest firm reporting total
assets of less than $1 million and the largest fiith assets above $280 billion, shows signifi-
cant heterogeneity within the sample. Median legera&alculated as interest bearing debt scaled
by total assets, is 7%. As expected, we find delbihting to be only a minor security choice for
technology growth firms. Within 34% of all obsenaais, the underlying firm reported negative
earnings and therefore profitability oriented nplés, such as Price-Earnings, cannot be consid-
ered. Median annual earnings are 4 $m, while we false extreme upside and downside outli-
ers. Even taking EBIT into account as a profitépiineasure, 28% of all firm quarter observa-
tions report negative profits. Panel C, Table Pores summary statistics for the seven critical
parameters used within the Schwartz-Moon appro@chaverage, firms exhibit mean annual
sales growth rates of 29% over the preceding 7tersarwhile we also face several annual
growth rates of more than 1,000% percent. The nia#al cost ratio, calculated as total costs
scaled by sales, is 91%, while maximum values pr®u50%. This indicates the growth firm's
potential to reduce costs over time to increasdtphility in the long run. The long term cost
ratio is calculated using a growing window approbaked on three digit SIC industry classifica-
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tions to capture industry specific characteristihile being on comparable median levels to
initial costs, this approach assures less volliilg term cost structures indicated by the signifi-
cantly reduced inter quartile range. The long tarmual revenues growth is exogenously set to a
3% inflation rate. The initial volatility of reveres growth rate has a median of 5%, while the
corresponding measure for the initial volatility\afriable cost ratio is 8%. The latter also has a
higher variability pictured by an inter-quartilenge of twice the growth rate’s initial volatility.
Finally, the speed of convergence has a mediary@ dorresponding to a half-life for the sto-
chastic processes of 4.1 quarters. Panel D, Tablepdrts market values. Market capitalization
is considered four months following the date theéartying financial statement refers to. This
way we verify that financial statement informatisas available to market participants by the
time we analyze market valugsOverall, the median enterprise value in our sarigp$321 mil-
lion calculated as the sum of market capitalizapoovided by CRSP plus long term debt and
debt in current liabilities.

To address the concern that the Schwartz-Moon risodpkcial ability to value loss making
firms could have decreased in importance sincaltitecom bubble, Figure 3 illustrates the pro-
portion of loss making firms over the whole sampégiod. We can clearly see that this propor-
tion remains fairly stable around 30% over time.i/iit naturally peaked during the dot-com
bubble with more than 50%, it was still above 3@the boom years thereafter. Hence we con-
clude that the application of the model is notrretgd to the dot-com bubble but it can be used
in a broader context.

5. Main empirical results
5.1. Feasibility and deviations from market values

Valuation accuracy is generally based on logarithdeviations or percentage deviations. For
comparison, we report both deviation measures biela to shed light on our research question
regarding overall valuation accuracy. Absolute deyiations are defined as the ratio of the esti-
mated value to the market valughs log deviation = abs(In(EV/EV)). The absolute percent-

age deviation is the absolute difference betweémaband model predicted price, scaled by the
actual priceabs rel deviation = abs((EV — EV)/EV). Panel A, Table 3, reports absolute log
deviations for the 29,477 firm quarter observatid@slumn one reports the accuracy with re-
spect to market values of the Enterprise-ValuesSaleltiple controlling for industry and return

on assets as in Alford (1992). Over the whole tpagod, the relative valuation approach yields
median deviations of 59%, which is in line with latial. (2002) findings in their tables 1 and 2.
The mean of 75% shows the existence of upscalemuffom a fundamental valuation perspec-
tive. The fraction of companies which exhibit dénias larger than one is 27%. Column two

reports results for the Schwartz-Moon model. Imteiof absolute log deviations, this approach
yields slightly higher deviations with a median8%. The difference is significant on a 1%

level due to the large sample size. The interdeaQ) range, as the primary measure of disper-
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sion, shows a slightly looser fit than for the Eptese-Value-Sales Multiple and the fraction of
deviations larger than one is slightly higher adl.we

Panel B, Table 3, reports results for absolutegeage deviations. In line with the abso-
lute log deviations results, the EV-Sales-Multiglelds a small but still significantly higher ac-
curacy than the fundamental Schwartz-Moon modehé@lian percentage points). In this case,
however, the Schwartz-Moon model represents theetigfit considering the IQ-range. Mean
and standard deviation are influenced by outliestaerefore are rather high.

In sum, we conclude that - on average over the ppreod from 1992 to 2009 - the Schwartz-
Moon model is nearly as accurate as the EV-Salesiuwith respect to deviations from ob-
served market values.

Looking closer at the accuracy to observed mar&ites, Table 4 reports median abso-
lute log valuation deviations for several industrend different firm sizes. Panel A, Table 4,
reports results for different industries aggregatéa two digit SIC codes.

Although we find only a slight overall performandi#erence for the Schwartz-Moon model and
the Enterprise-Value-Sales-Multiple, these two apphes differ considerably among industries.
Looking at the absolute log deviations on two dBJC levels, we see that Schwartz-Moon re-
sults in lower median deviations for chemicals romder SIC code 28 and computer companies
(SIC codes 35, 73). On the other hand, the multipleation approach yields predicted valua-
tions clearly closer to observed market valuestétecommunication firms (SIC code 48) and
biological research companies (SIC code 87). Howehese two industries represent together
less than 16% of the total sample, where biologieséarch firms contribute only 5%. Looking
in more detail at the telecommunication firms résdhat the telecommunication firms in our
sample are four times larger than the average measured by sales and, together with the bio-
logical research companies, have the smallestilitéstin growth. As result, standard valuation
approaches as the multiples consequently show esnasdliations from market values. Interest-
ingly, in supplementary analyses we also find thatSchwartz-Moon model indicates the most
substantial overvaluation over the whole periodt&decommunication firms. This is consistent
with anecdotal evidence that telecommunication ginwere notably overvalued around the dot-
com bubble (e.g. Endlich 2004). Without them thé&artz-Moon model would perform on
average more accurate than the EV-Sales-Multipte am overall median log deviation of 0.56
compared to 0.59. Panel B, Table 4, reports deviatfor different firm sizes. As a measure of
firm size we use total assets. As expected, bdtmatian approaches yield the largest deviations
for those 25% of observations where firms repotteéal assets below 50 $m. Still, the Schwartz-
Moon model produces smaller deviations. By contrihet relative valuation approach produces
value estimates considerably closer to observedkehamalues the larger the underlying firms
become, resulting in clear “outperformance” for k&t quartile.
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For a complete picture, Figure 4, Panels A and @stine median absolute deviations over time
on a quarterly basis spanning 1992 to 2009 fortwee valuation approaches. They report the
absolute log and relative deviations and show #ngel volatility of model accuracy over the
whole time period. During the first half of the 189 the absolute deviations generated by the
Schwartz-Moon model (red curve) are highest whike multiple (blue curve) yields quite small
deviations. Thereafter, the absolute deviationsvevapproximately synchronously and increase
for both valuation methods with a peak in 2000 atbthe speculative bubble. This rise is prob-
ably based on the extreme high valuations as regant Ofek/Richardson (2003). With the burst
of the bubble the deviations decrease again. Noteywdhe Schwartz-Moon model results in
higher accuracy during this time, which might besed by its explicit consideration of default
risk. Generally, the Schwartz-Moon model’s absotiggiations display “spikes” which we will
discuss below. In sum, the accuracy perspective rgpect to market values above can be re-
garded as feasibility check, which is passed bynoadel implementation.

5.2. Detecting over- and undervaluation: The trafgtrategy

Turning to our key research question, we examinetindr the Schwartz-Moon model can differ-
entiate and detect periods of market over- and matleation. Therefore, we loosely distinguish
between four market periods in the sample time $pan 1992 to 2009: From the beginning of
the time span in 1992 to around 1998 as the péxadore the dot-com bubble. This is followed
by the time of the dot-com speculation bubblebiisst by the end of 2001 and the recovery until
around 2007. Finally, the time from mid-2007 ug6I09 covers the recent financial crisis.

Figure 5, Panels A and B, report the non-absoligdiam log and relative deviations in order to
detect market mispricing from a fundamental perspecPositive (negative) deviations thereby
result from higher (lower) predicted than observallies, hence representing market undervalu-
ation (overvaluation). As argued earlier, the npldtiapproach is driven by market sentiment and
therefore cannot distinguish between the four plsricdence, the multiple’s deviations remain
fairly stable around zero as in Liu et al. (2002h the other hand, the non-absolute deviations
from Schwartz-Moon indicate an undervaluation @& growing technology market in the first
period, which is declining until around 1998. Phkalatio skyrocketing market values of technolo-
gy firms, Panel A and B of Figure 5 reveal the dasing deviations from the fundamental mod-
el’'s perspective in the second period. Therefdre Schwartz-Moon model correctly pictures the
general overvaluation of the technology sectorruthat time. Interestingly, this period of fun-
damental overvaluation also covers the third peaiod lasts until 2007 due to depressed growth
prospects. By entering the last period at the leggof the financial crisis in 2007, the picture
changes again. The Schwartz-Moon model now indicate undervaluation of the technology
sector. The reason might be a market-overreactmm & fundamental perspective, resulting in
the undervaluation of firms during the peak of financial crisis 2007/08. Around the beginning
of 2009 - simultaneously to a 6-year low of the das Composite Index - the Schwartz-Moon
deviations result in a clear “spike”. From the aecy perspective above, the spike results in
lower accuracy of the Schwartz-Moon model, wheraawethod like the EV-Sales-Multiple,
which captures the market mood, produces higharracg. However, the multiple does not have
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the ability to indicate over- or undervaluation.ifdgeclose to the market value is not necessarily
a desired characteristic of a model when tryingdentify misvalued stocks. Therefore, these
“spikes” indicate severe technology market’'s dewrad from fundamental values.

In order to examine the model’'s ability to detedsvaluation further, we perform a trad-
ing strategy based on calendar time regressiorisul@ang abnormal returns for the three-factor
model by Fama/French (1993) with an additional matn@ factor following Carhart (1997)
enables us to explore the investment value of #tev&rtz-Moon model. Therefore, we form
long and short portfolios for the undervalued awerealued stocks identified by the model.
Every quarter stocks enter the portfolio for a pfeted time span of one, two or three years,
taking into account the time until publication bétfinancial reports as done before. Thereby, we
consider two specifications. The first approactoiorm the portfolios on a "fixed" over- or un-
dervaluation of more than 50%, while the secondsictars relative quintiles, where the stocks
are sorted into quintiles every quarter accordmghe misvaluation predicted by the Schwartz-
Moon model. The stocks in the most overvalued (oradeed) quintile are then sold short (in-
vested in). The calendar time regressions are leddzl on a monthly basis with equally
weighted stock return$.Additionally, we take total round-trip transactionsts for buying and
selling into account as in Keim/Madhaven (1998)eifistudy provides an estimation procedure
for the costs incurred by institutions in tradingleange-listed stocks depending on their market
capitalization. Similar to Liu/Strong (2008), wenit the half-way transaction costs at 2% to
eliminate unreasonable estimates. They furthereatbat transaction costs have declined over
time such that transaction costs used in this pegerbe interpreted as an upper bound. Hence,
this ensures that the abnormal returns after tchioses costs represent the lower bound of the
risk adjusted profit, which could have been reaibg an institutional investor. This conserva-
tive perspective ensures that, by finding abnometlrns after costs, it would be profitable for
investors to follow the investment strategy.

The results are presented in Table 5. Note thathfershort portfolios trading profits are also
represented by positive alphas. We can clearlytilsagebuying stocks, which are identified as
undervalued by the Schwartz-Moon model, produceifstgnt monthly abnormal returns before
transaction costs in Panel A, Table 5. With arolir#% for the one year to 0.9% for the three
year holding period, these risk-adjusted returesbath economically and statistically significant
for the “fixed” and the relative quintile approadforming long-short portfolios would increase
the abnormal returns before transaction costs upai@ than 1.5% for the short holding period.
Interestingly, the short portfolios themselves ad produce significant abnormal returns. Alt-
hough still positive, they are not significantlyffdrent from zero. This implies that growth
stocks, which seem overvalued from a fundamentedpeetive, can nevertheless justify their
high valuation when meeting the high expectatiomgnaPastor/Veronesi (2003). Eventually,
Panel B, Table 5, demonstrates that the abnormainsealso hold after accounting for transac-
tion costs, as the portfolios are only adjustedegmer quarter. Overall, the magnitude of abnor-
mal returns is consistent with the annual abnometairns of 13.2% found by Abarbanell/Bushee
(1997), who implement a trading strategy basedioddmental analysis.
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Finally, to assess whether the Schwartz-Moon mpd&lides reasonable default probabilities,
we extend the market mispricing results by anatyzime generated bankruptcy figures over
time.

Recall that one of the advantages of the Schwadarvimodel compared to the sales-multiple
approach is that it produces estimates for theglitiby of default for a 25-year period. Table 6
reports summary statistics on the model impliechdkfrates. The median default rate for our
sample is 29% while for less than 2% of the obderna there were no defaults during the
10,000 simulations. These are reasonable levels.@gsCumming/Macintosh (2003) report fail-

ure rates up to 30% for venture capital investp’tfolios mainly consisting of technology

firms.

Figure 6 shows the evolvement of the median predioumber of defaults over time. There is a
clear upward trend from the mid 1990s until 200Ceoting the increased business activity. Dur-
ing the burst of the dot-com bubble in 2000, thevartz-Moon model predicts median default
rates of up to 40%. This high level remains uritgé beginning of 2009 with another peak in
2008, whereatfter it drops to levels around 25%ragaompared to the market credit spread of
Baa rated corporate bonds to US treasury bills Stfevartz-Moon model seems to be reacting
to fundamental credit risk changes before the ntadkes. This can also be seen at the dot-com
bubble around 2000. Interestingly, the model prtedicdefault probabilities remain high from
2003 on whereas the market implied credit riskasliding until 2007. In sum, we conclude that
the Schwartz-Moon model shows the ability to iliet® market over- and undervaluation, while
we suggest that the credit risk aspects of Schwdazn would be worthwhile to explore in fu-
ture research.

6. Robustness checks

Given that the Schwartz-Moon model needs multipleut parameter estimates, of which we
identified seven as critical, this section providelsustness tests. Table 7 summarizes the results
for the sensitivity analysis for the seven critiparameters and, additionally, for the interest rat
and the terminal value multiple. By varying theuhparameters for a range of +/-10%, we see
that the median absolute deviations remain faidple except for the long term cost ratio. Look-
ing more closely at the default rates, the driypagameters are identified as initial and long term
cost ratios as well as, to a smaller extent, tleedmf convergence. The high impact of the long
term cost ratio is reasonable because a 10% chargye average long term cost ratio of 0.9 is
rather high, resulting, e.g. in a decupling of lttveg term profit margin from 0.01 to 0.1. Varying
the terminal value multiple from 10 to 9 and 11yomhs a small impact as the multiple is applied
only after a time horizon of 25 years. MoreovenKking at the detailed planning period and the
terminal value separately reveals that the termuaddie contributes only around 30% to the
company value. Thus, we conclude that the chogerirtal value multiple of 10 seems reasona-
ble for the reasons mentioned in section 4, bus ca¢ influence our results unduly.
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Generally, in contrast to the absolute deviatitims,estimates for the probability of default react
more sensitive to a change in input parametersusecthe threshold for the cash level stays ex-
ogenously at zero. Overall, the results are rotespite the notable number of parameters.

Table 7 also illustrates that varying the const&k free rate does not alter the results.
However, we re-estimated the firm values for tirpedsfic interest rates derived from 10-year
US treasurie$® For every quarter in the sample period 1992-20@9take the corresponding
yield for the 25 year simulation. Using these ysedd the start of each quarter as input leads to
risk free rates between 2% and 8%. As result we fivat the Schwartz-Moon model performs
even better when using time-specific interest ratesinreported (but available upon request)
tables we show median log deviations of 0.60 coegpéw 0.63 reported in Table 3 and on aver-
age around 0.20% higher abnormal returns compar&dlile 5. However, we focus on the orig-
inal model and consider the reported results tbeeeds conservative.

Additionally, we recalculate the results based ba Global Industry Classification
Standard (GICS) instead of the SIC classificatiath ihe definition of high technology firms
provided by Kile/Phillips (2009). They argue thaOS provide higher accuracy to identify high
technology firms than SIC codes and hence shoujar&ferred. However, our results (unreport-
ed, but available upon request) remain qualitatiteé same.

Finally, as argued above, our results are inteedret two ways. The first view is a mar-
ket mispricing perspective and focuses on the timgension, meaning that the model price is
correct and the market might be wrong. The secadpective averages the results over the
complete time span from 1992 until 2009 and congpanedel predicted values to real market
values. Here, deviations of model predicted vafue® market values are regarded as inaccura-
cy, meaning that the market values can be - onageer used as a correct benchmark and thus
incorporate the notion of market efficiency. Wittetsecond view in mind, we predict, that - on
average - the Schwartz-Moon model prices shoulddsdively correlated with observed market
values. To test this prediction, Table 8 reportgession results, where the observed market val-
ue is regressed on the predicted value to deterthmenodel's explanatory power. We should
expect a positive and significant coefficient, hoerit does not have to be close to one as
Schwartz-Moon estimates the firm’s fundamental @alwependently from market sentiment.
The regression results fulfill these expectatioiith the estimated coefficients being positive and
significant™*

7. Discussion and conclusion

The valuation of innovative growth firms is a clealjing task as these firms often deviate from
basic assumptions such as exchange listing, pestivnings, sufficient size or analyst coverage
mandatory to most common valuation procedures. dlaevthis type of firm Schwartz/Moon

(2000, 2001) develop a valuation methodology inatiirm value arises under the development
of primarily three stochastic processes for revengeowth and costs. Although this model has
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several theoretical advantages over common valuagproaches, its performance had yet to be
tested on a large sample of firms. Based on ecandheory, this paper implements the
Schwartz-Moon model relying on externally availablistorical accounting information and
benchmarks this implementation against a commontiptellvaluation approach on around
30,000 technology firm quarter observations forpgkeeaod of 1992 to 2009. The implementation
we suggest is both sensible and robust and theréimadly applicable. Given the 22 input pa-
rameters of the Schwartz-Moon model, it is cleat there are multiple ways to implement the
model. Changing the estimation of the input paransehaturally changes the results. However,
we think our implementation based on economic thé®reasonable and intuitive. Further, it
only relies on seven critical parameters estimétad the financial statements, thereby reducing
the model's complexity. Moreover, in the robustngsstion we show that varying the input pa-
rameters at a range of ten percent does not chthagesults qualitatively. Hence, this paper is a
plausible first step to extent this line of reséarc

Our results are as follows. Primarily, we findithihe Schwartz-Moon model performs
overall nearly as accurate as the Enterprise-V8kies Multiple concerning market values in
our implementation. On industry levels, howeveer¢hare differences with chemicals and com-
puter firms having significantly lower deviationar the Schwartz-Moon model. Additionally, it
is closer to observed market values for smallendimeasured by total assets and can be em-
ployed for non-listed firms. Thus, while for “staard” firms with positive earnings and publicly
listed equity common valuation methods as the ipleli might exhibit higher accuracy, the
Schwartz-Moon model can be considered as methodaliee firms that deviate from these
“standards” and also allows privately owned firmmse valued. Overall, this accuracy perspec-
tive with respect to market values can be consélasean overall feasibility check, which our
model implementation passes. Second and most ianghyt the Schwartz-Moon model shows
the ability to indicate severe mispricing by therkea as it both pictures the overvaluation during
the dot-com bubble and the undervaluation durirg2008 financial crisis due to the overreac-
tion by the markets. We support this finding bynfiarg a highly profitable trading strategy on
buying undervalued and selling overvalued stockgeithe theoretical advantages, the empiri-
cal results and its fundamental perspective, welode that the Schwartz-Moon model for once
can be seen as supplement that can help to priwmdemental value estimates as anchor during
times of overoptimistic or overpessimistic techmgylanarket sentiment.

After testing the original model in this papenfure research could investigate several
possible extensions. First, as technology growtndialso mature, dividends can play a fdle.
Therefore dividends could be included as fractibrearnings or a complete dividend policy
could be defined. One first approach for approxetyaB0 observations can be found in Du-
breuille et al. (2011), however having established the original Schwartz-Moon model per-
forms on more than 29,000 observations seems trieressary and logical first step. Second,
future research might also look at taxes in motaidand consider tax shields as they affect firm
values (see, e.g. Husmann et al. 2002, 2006, B=dtwri2011, Drukarczyk/Schiler 2007 and
Kruschwitz/Loffler 2005). Finally, the Schwartz-Meaenodel also represents well the increased
frequency of defaults around the dot-com bubblensgquently, its performance as a credit risk
model should be explored in future research.
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Wall Street Journal (05/17/12): Facebook Pric&3 # Record Value.
Reuters (11/04/11): Groupon's IPO biggest by W8b company since Google. Wall Street Journal (012):
Zynga Chief Talks IPO, Lessons Learned. Wall Stleernal (06/11/11): Pandora Raises IPO's Size.
There are five more recent working papers on tHen&dz-Moon model which demonstrate the intereghin
model. Dubreuille et al. (2011) and Baek et al0@dook at the valuations of IT firms, howevereyruse small
samples of 76 and 6 observations, respectivelyebl@r, they only cover one single year, i.e. 2008 2009,
respectively. Ehrhardt/Merlaud (2004) and Baek.ef2804) have even smaller samples with 3 andnisfionly.
Baule/Tallau (2009) have a different focus as timgstigate the use of the Schwartz-Moon modehadon-
text of option markets. They also have a very swathple of 3 firms and cover only the years 2002006.
Consequently, none of these studies offers a teébemriginal model on a large cross section whé and over a
longer time period.
In fact, taking a closer look at recent valuatinadel accuracy studies such as Liu et al. (200Btmijraj/Lee
(2002), most of them exclude all firms that do fdfill criteria such as positive earnings, analgstverage,
share price larger than $3 and minimum sales o® $iillion.
Requiring basic analyst data as 1l-year-, 2-yeae@lsales and gross margin forecasts for our safinple
would reduce our sample by over 60%.
Wall Street Journal (12/27/99): Analyst Discovéms Order in Internet Stocks Valuation.
For a controversial debate on the effect of défask on firm value we refer to Homburg et al. Q20 2005),
Kruschwitz et al. (2005) and Rapp (2006).

1

Assuming exponential decay, the half-life can bevatd by solving the following equation foy: e ~th = 7

These parameters are the long term variable dbgtdong term volatility of variable costs, thepital expendi-
ture rate and the depreciation rate.

We start with the first quarter 1992 since we neigtit quarters of accounting information from 199@ce then
data availability is reasonably complete for atjuged items. Moreover, it sufficiently covers timeeption of
the industry as well as the peak and burst of dtedm bubble as described in Bhattacharya ef@l ().
Additionally, we considered market capitalizatiovo and three-months following the date the finahstate-
ments refers to as well as mean values over sixtmdollowing this date. Our results are not influed by this
decision.

We allow stocks to enter the portfolio even ifythare already invested in. Restricting the multippielusion
reduces the reported abnormal returns only slightly

We thank an anonymous referee for this suggestion.

We also re-estimated all specifications employiingar feasible general least squares estimatalsresults
(unreported, but available up on request) are tgtiadely the same.

We thank an anonymous referee for this suggestion.
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Appendix 1

Variable Definitions

No. Label Description Measurement(abbreviations are Compustat mnemonics)
critical parameters
_— 13
1w = initial growth rate of revenues :72In(saleq /saleg,
t=0
= initial volatility of the sales = |=¥t_ (6=, — £)% whereg are the estimated residuals of the
2 7 n-14J=0 ] ]
0 growth rate
AR(1) processp;, = a + Bui_1 + &
o . . 3, — O
3 = initial volatility of variable n-14J=
Po costs whereg; are the estimated residuals of an AR(1) procedh@post
ratec=(cogsqg+xsgaq)/saleqg; = a + fc,_, + &
-7
4 vy, = initial variable cost = 12 £0954r¥X59Aqx
8 t=0 saleq¢
5 i = long term sales growth rate =0.0075
_ = industry median long term _ , T cogsg+xsgag _
6 y variable cost =mediang;.; Z: oo sater for T =1992,...,2009
. 1 -8 saleq —saleq =4 saleq,—saleq
7 x = speed of adjustment =mediang, | —=In (Z ‘—H/Z ‘—H)
4 t—5 saleq,_; -1 saleq,_;
uncritical parameters
8 R = revenues = saleq
9 X = cash and cash equivalents = cheq + rectq + adsilke— apq
10 L = loss carry forward = tlcf
11 P = property, plant and equipment = ppent + aoq
e e saleqt saleqt—1 2
12 g, = initial sales volatility J > 0 P #0)
13 & = long term volatility =0.05
_ = industry median long term _ , T cogsc+xsgar _
14 ¢ volatility of variable costs = mediansics | std;-1970 (T) for T =1992,...,2009
15 F = fix costs =0
= industry median capital ex- _ ; T capxy _
16 cr penditure rato = mediansics; 7, (“t), for T = 1992, ..,2009
= industry median depreciation _ . T dp;
17 dp o = mediangies_, gy, (o), for T = 1992, .., 2009

(continued on next page)
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(Variable Definitions continued)

No.  Label Description Measurement
18 1 = tax rate =0.35
19 rf = risk free rate =%/(1+0.055) — 1 =0.0135
20 g = risk premium sales = Prypsates * Ory = %ﬁ‘””)
21 A, = risk premium sales growth = Pryu " Ory = M
u

22 2, = risk premium variable costs = Pryy  Ory = %:’m

M = terminal value multiple =10

EV, = company (entity) value =price - shrout + dlttq + dlcq

Y EBITQ;

RNOA; = return on net operating assets ppentq+actq—lctq
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Data Sources
COMPUSTAT
Quarterly data (q) Annual data (a)
item mne- description item mne- description

number  monic number  monic
#1 xsgaq Selling, General, and Administrative | #g ppent PP&E (Net) — Total

Expenses
#2 saleq Sales (Net) #12 sale Sales (Net)
#5 dpq Depreciation and Amortization #14 dp Depreciation and Amorti-

zation

#21 oibdpg  Operating Income Before Depreciationg41 cogs Cost of Goods Sold

(EBITDA)
#30 cogsq  Cost of Goods Sold #52 tlcf Tax Loss Carry Forward
#36 cheq Cash and Equivalents #69 ao Assets — Other
#37 rectq Receivables - Total #128 capx Capital Expenditures
#39 acoq Current Assets - Other #189 xsga Selling, General, and Ad-

ministrative Expenses
#40 actq Current Assets - Total
#42 ppentq PP&E (Net) - Total
#43 aoq Assets - Other
#44 atq Assets - Total
#45 dicq Debt in Current Liabilities
#46 apq Accounts Payable
#49 Ictq Current Liabilities - Total
#51 dittq Long-Term Debt - Total
#54 Itq Liabilities - Total
#58 req Retained Earnings - Quarterly
#59 ceqq Common Equity - Total
#69 niq Net Income (Loss)
#98 tstkq Treasury Stock - Dollar Amount - Total
CRSP
Monthly data

n.a. price stock price (adjusted for stock splits)e
n.a. shrout shares outstanding (adjusted for stock

splits etc.)
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Table 1. Sample selection procedure

Observations No. of firms

Description Time Period (Firm Quarters) (Compustat identifier: GVKEY)

1 Firm-quarter observa-
tions on the intersection
of COMPUSTAT and
CRSP

2 drop observations with
changing fiscal years or
duplicates in terms of
NPERMNO  (unique

identifier from the 196101-20090Q4 -13,726

1961Q1-2009Q4 940,513 22,904

CRSP database) and =926,787 22,904
date or GVKEY
(unique identifier from
the COMPUSTAT
database) and date

3 drop observations with -20.100
missing market data 1961Q4-2009Q4 :goé 687 22 894
from CRSP ' '

4 drop observations that
are not within the ex-
tended Bhojraj/Lee 1961Q4-2009Q4 :71215%%? 5976
(2002) SIC code defini- ’ ’
tion

5 drop observations, -63.223
where relevant items* 1971Q1-2009Q4 :91’778 3,779
are negative '

6 keep data within time -19,410

span 1992Q1-2009Q4 =72,368 3,363

7 drop observations with
missing data for the
Schwartz-Moon input
parameter

-42,891

1992Q1-2009Q4 —20 477 2,262

This table shows the sample selection procedureu¥eéethe quarterly CRSP/Compustat merged database i
order to obtain our sample. Thus, all accountiegng are from the quarterly Compustat database, fetth
exceptions such as loss carry forwards which ahg awailable on a yearly basis. These yearly disims are
obtained from the Compustat Annual data files. rAlirket data, i.e., prices and shares outstandiegg wb-
tained from the monthly CRSP database. Market flata CRSP is used four month after the fiscal ypaar-

ter for each company to ensure, that market piicagporate the last available accounting inforovatWe use
the high technology industry SIC code definitionBdfojraj and Lee (2002) in this study. That is batnology
SIC codes (2833-2836 and 8731-8734), computer S1Ge€ (3570-3577 and 7371-7379), electronics (3600-
3674) and telecommunication (4810-4841) extendeatispaper by SIC code 7370. The considered tipa@ s
ranges from Q1 1992 to Q4 2009.

* These items -stated as Compustat mnemonics-aaoe} aoq apq capxy cheq cogsq tlcf dicq dittq dpenfm
rectg saleq tstkq xsgaq.
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Table 2: Summary statistics

Panel A: Industry Distribution Biotechnology Computers Electronics Telecom Total
# obs. 5,282 11,813 9,217 3,165 29,477
% 18% 40% 31% 11% 100%
Panel B: Financial statement information Mean Median g25% g75% 1Q-Range Min Max % negative obs.
Revenues 1,822.15 141.98 46.10 566.37  520.27 0.05 125,760.5€ 0%
Cash and Cash Equivalents 792.87 71.76 18.36 278.37  260.00 -2,202.75 120,248.0C 1%
Total Assets 2,696.26 169.74 49.91 831.83  781.92 0.68 284,528.00 0%
Leverage 17% 7% 0% 25% 25% 0% 2764% 0%
Earnings 133.46 3.83 -3.46 32.86 36.32 -56,329.70 19,337.00 34%
EBIT 261.08 8.28 -0.71 62.49 63.20 -5,378.40 23,910.00 28%
Panel C: Key ratios Mean Median g25% q75% 1Q-Range Min Max

Annual Sales Growth 29% 19% 9% 36% 27% 0% 1373% -
Initial Variable Cost Ratio 91% 88% 79% 96% 17% 62% 150% -
Long Term Variable Cost Ratio 91% 91% 88% 95% 6% 85% 98% -
Long Term Annual Revenue Growth 3% 3% 3% 3% 0% 3% 3% -
Initial Volatility of Revenues Growth Rate 7% 5% 3% 9% 6% 1% 22% -
Initial Volatility of Variable Cost Ratio 17% 8% 4% 17% 13% 2% 93% -
Speed of Convergence 0.17 0.16 0.14 0.19 0.06 0.08 0.31 -
Panel D: Market values Mean Median 025% q75% 1Q-Range Min Max

Market Capitalization 3,991.63 267.82 67.79 1,147.09 1,079.31 0.26 505,037.44 -
Enterprise Value 4,606.48 320.69 80.89 1,445.86 1,364.97 0.28 505,037.44 -

(continued on next page)
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(Table 2 continued)

This table reports summary statistics for a sampg9,477 technology firm quarter observations.éP@nreports the sample's industry distributionaade

ing to Bhojraj/Lee (2002) with SIC codes in pare#bs: biotechnology (2833-2836 and 8731-8734), atenp (3570-3577 and 7370-7379), electronics
(3600-3674) and telecommunications (4810-4841)eNbat we add SIC code 7370 to their sample defmitPanel B reports financial statement infor-
mation. All financial statement items are on a tgry basis (g) unless stated otherwise as antemlsi(a) in appendix 1. Note that quarterly flogufies
are aggregated to meaningful yearly figures. Tleash observation contains the sum of the last doarter values. COMPUSTAT item mnemonics are
given in parenthesis. All values are given in roilli$ except of percentages denoted as %. Reverrigs/an by sales (saleq) and are annualized. @agh
cash equivalents is calculated as the sum of aa®dm], receivables total (rectq), current assdterdfacoq) and treasury stocks (tstkq) minus adsoun
payable (apg). Total assets is the balance shigt(&tq). Leverage is calculated as interest hgadiebt, which is the sum of debt in current lidiet
(dlcg) and long term debt (dittq), divided by toteisets (atq). Earnings are defined as net incosse(hiq) and EBIT is operating income (oibdpggaft
depreciation (dpq). Panel C reports key ratios. vahrsales growth is the annualized growth ratenefdurrent quarter. The initial variable cost rasio
measured by the mean of the ratio of costs of ggotts (cogsq) plus selling, general, and adminiseeexpenses (xsgaq) divided by sales (saleg)gLon
term variable cost ratio is calculated using a gngwindow approach based on three digit SIC codestry classification beginning in 1970 and uthté
most recent quarter. The long term annual growtdn shrevenues is set to 3%. The initial volatilitirevenue growth rates is determined from thiedsed
deviation of the residuals from an AR(1) regressibthe growth rates. Analogously, the initial Milley of the variable cost ratio is determined ritdhe
AR(1) regression residuals of the cost ratios. 3jpeed of convergence parameters result from theecgence of the previous eight quarterly sales data
points as presented in appendix 1. Panel D repuatket data. Market capitalization is calculatemhfrCRSP as price times shares outstanding. Ergerpr
value is the sum of market capitalization, longrtetebt (dlttq) and debt in current liabilities (gljc
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Table 3: Deviations from market values

Deviations
Panel A Absolute log deviations
EV-Sales Schwartz-Moon delta
Median 0.59 0.63 -0.04***
IQ-Range 0.78 0.81
90%-10% 1.48 1.53
95%-5% 1.92 1.96
Mean 0.75 0.78
Standard deviatior 0.64 0.67
>100% 0.27 0.29

Panel B Absolute percentage deviations

Median 0.54 0.56 -0.02%**
IQ-Range 0.66 0.57

90%-10% 231 1.75

95%-5% 3.94 3.06

Mean 1.16 1.40

Standard deviatior 4.74 27.78

>100% 0.23 0.18

N 29,477 29,477

This table reports the distribution of deviatiomenfi observed market values for
various prediction measures. Panel A reports atesdbg deviations, defined as the
absolute logarithm of the ratio of the estimateti@ao the market value. Panel B
reports absolute percentage deviations. Absoluteeptage deviation is the absolute
difference between actual and model predicted pscaled by the actual price. The
table values represent the median, the inter-dearinge (IQ-Range), 90th-

percentile minus 10th-percentile (90%-10%), the h9&rcentile minus 5th-

percentile (95%-15%), the mean, standard deviai@hthe percentage of deviations
larger than 100% (>100%). The delta column reptaséme difference which is

tested for significance with the Wilcoxon sign ratast. One/ two/ three asterisks

represent significance at the 10%/ 5% / 1% level.
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Table 4: Deviations by industry classification andirm size

Median absolute log deviations

Panel A: by 2 digit SIC codes

Industry EV-Sales Schwartz-Moon delta # obs.

28 chemicals 0.62 0.52 0.11%* 3,799

35 computer (hardware) 0.65 0.53 0.11%** 3,272

36 electronics 0.56 0.57 -0.01* 9,217

48 telecommunication 0.47 1.00 -0.53*** 3,165

73 computer (software) 0.61 0.59 0.02%** 8,541

87 biological research 0.70 1.49 -0.80*** 1,483

Total 0.59 0.63 -0.04*** 29,477
Panel B: by firm size classification

0 -25% 0.72 0.70 0.03* 7,370

26% - 50% 0.62 0.61 0.01* 7,369

51% -75 % 0.54 0.56 -0.02* 7,369

76% - 100% 0.50 0.64 -0.15%** 7,369

Total 0.59 0.63 -0.04** 29,477

This table reports the distribution of median layidtions, defined as the absolute logarithm ofr#ti®

of the estimated value to the market value for irfRanel A reports absolute log deviations for $irm
according to their two digit SIC code. Panel B mpabsolute log deviations by firm size quartitegm
size is measured by total assets (Compustat itegh: Ehe delta column represents the differenceckwhi
is tested for significance with the Wilcoxon sigank test. One/ two/ three asterisks representfsigni
cance at the 10%/ 5% / 1% level.
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Table 5: Trading Strategy

Panel A: Abnormal Returns before Transaction Costs

12 months 24 months 36 months
| monthly abn. Ret 1.19% 1.05% 0.92%
on
5 g t-statistic (2.34)*** (2.05)** (1.82)*
x
= hort monthly abn. Ret 0.46% 0.40% 0.42%
shor
t-statistic (0.79) (0.70) (0.76)
| monthly abn. Ret 1.16% 1.07% 0.92%
on
ﬁ g t-statistic (2.27)* (2.12)* (1.83)*
c
= monthly abn. Ret 0.36% 0.39% 0.42%
short -
t-statistic (0.60) (0.68) (0.74)

Panel B: Abnormal Returns after Transaction Costs

12 months 24 months 36 months

lon monthly abn. Ret 1.03% 0.98% 0.88%

= t-statistic (2.04)** (2.92)* (1.74)
Q
X

= short monthly abn. Ret 0.34% 0.34% 0.39%

t-statistic (0.59) (0.61) (0.70)

lon monthly abn. Ret 0.99% 1.00% 0.88%

§ g t-statistic (1.94)* (1.99)* (1.75)*
£

= short monthly abn. Ret 0.24% 0.34% 0.39%

t-statistic (0.42) (0.59) (0.68)

This table presents the results for a long (sheat)ing strategy for undervalued (overvalued) stock
identified by the Schwartz-Moon model. Every quadi®cks enter the portfolio for a predefined time
span of 1, 2 and 3 years due to the Schwartz-Moodein The "fixed" column represents a trading
strategy based on an over- or undervaluation ofrtizan 50%. For the "quintiles" column the stocks
are sorted into quintiles every quarter accordmthe misvaluation predicted by the Schwartz-Moon
model. The most undervalued (overvalued) quinsleghien invested in (sold short). The portfolios
assume a 1% investment in every stock and stoaksenter the portfolio multiple times. For these
portfolios Panel A shows the intercept in basisnfsofrom a regression of the monthly portfolio ex-
cess return on the four factors of Carhart (199r)thie period 1992 to 200N£216). Further, it
shows the t-statistics of these intercepts and-statistic of the difference of the portfolio reta. The
"short" portfolios assume short positions, thuslitrg profits are represented by positive alphasePa
B displays the abnormal returns after transactmstscby using the results of Keim/Madhaven (1998).
We use heteroskedasticity-robust standard errang/ @vo/ three asterisks represent significance at
the 10%/ 5% / 1% level.
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Table 6: Model implied default probability

Default rates
Schwartz-Moon

Median 29%
Mean 35%
Standard deviation 29%
Zero default obs. 492
All default obs. 256

This table reports summary statistics of model
implied default rates for 29,477 firm quarter
observations for the Schwartz-Moon model.
Median, mean, and standard deviation values
are obtained by the ratio between defaulted
simulation paths and 10,000, the total number
of simulations per firm quarter. Zero/All de-
fault obs. reports observations in which the
respective model predicted no/complete fail-
ure in all simulation paths.
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Table 7: Sensitivity Analysis

Median IQ-Range Mean Std Dev Median IQ-Range Mean Std Dev
abs log dev 0.63 0.81 0.78 0.67 0.63 0.81 0.78 0.67
0 baseline abs rel dev 0.56 0.57 1.40 27.78 0.56 0.57 1.40 27.78
prob of def 0.29 0.42 0.35 0.29 0.29 0.42 0.35 0.29
+10% -10%
- abs log dev 0.63 0.82 0.78 0.67 0.63 0.82 0.78 0.67
| '”'“(f‘f' r%r\f’g"r’]tge?te abs rel dev 0.56 0.58 1.52 34.43 0.56 0.56 1.30 22.59
prob of def 0.30 0.44 0.35 0.29 0.29 0.43 0.34 0.29
- abs log dev 0.63 0.81 0.78 0.67 0.63 0.81 0.78 0.67
I ‘;?J'Zg'go?ﬂfnf‘r’aete abs rel dev 0.56 0.57 1.39 27.56 0.56 0.57 1.41 28.05
prob of def 0.29 0.44 0.35 0.29 0.30 0.44 0.35 0.29
abs log dev 0.62 0.82 0.79 0.69 0.63 0.82 0.79 0.66
Il initial variable cost abs rel dev 0.54 0.53 1.23 25.40 0.57 0.61 1.57 29.13
prob of def 0.36 0.49 0.40 0.30 0.24 0.40 0.31 0.28
o - abs log dev 0.62 0.81 0.78 0.66 0.63 0.82 0.79 0.68
W, '”'t\'/z'ri‘; Ob'f‘e“gtg’s‘t’f abs rel dev 0.55 0.57 1.40 27.07 0.56 0.57 1.40 27.92
prob of def 0.30 0.44 0.35 0.29 0.29 0.44 0.35 0.29
abs log dev 0.63 0.82 0.78 0.67 0.62 0.81 0.78 0.67
v long tergcvtrﬁve””e abs rel dev 0.56 0.58 1.45 29.13 0.55 0.56 1.35 26.52
J prob of def 0.30 0.44 0.35 0.29 0.29 0.44 0.35 0.29
abs log dev 1.56 1.15 1.64 0.91 0.81 0.98 0.95 0.75
VI long term costs abs rel dev 0.80 0.25 0.91 7.61 0.89 2.21 3.37 56.56
prob of def 0.74 0.33 0.68 0.24 0.06 0.25 0.17 0.24

(continued on next page)
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(Table 7 continued)

abs log dev 0.63 0.82 0.78 0.66 0.62 0.82 0.79 0.70

Vil Speedeor‘:c‘éom’er' abs rel dev 0.56 0.56 1.03 7.32 0.56 0.59 3.66 191.67
? prob of def 0.27 0.45 0.33 0.29 0.32 0.43 0.37 0.28
abs log dev 0.62 0.81 0.78 0.67 0.63 0.82 0.79 0.67

VIl interest rate abs rel dev 0.55 0.55 1.30 25.05 0.57 0.59 1.52 30.88
prob of def 0.28 0.44 0.34 0.29 0.31 0.44 0.36 0.29
abs log dev 0.63 0.82 0.78 0.67 0.63 0.81 0.78 0.67

IX termmfi‘:o}’e"’"”e abs rel dev 0.56 0.58 1.45 28.72 0.55 0.56 1.35 26.85
prob of def 0.29 0.44 0.35 0.29 0.29 0.44 0.35 0.29

This table reports summary statistics for the $miitsi of the absolute log deviation (abs log dethle absolute relative deviation (abs rel dev) tnedprobability
of default (prob of def) for a +/- 10% change ofgraeters. The table values represent the medianntér-quartile range (IQ-Range), the mean andsthedard
deviation of the three measures. The first row g baseline case as means of comparison. hirthdollowing rows the corresponding input paraenés first
increased by 10% to calculate the Schwartz-MooultsesThe same procedure is then performed forda décrease. All items such as initial growth rdtecoe-
nues are explained in appendix 1.
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Table 8: Regression Analysis

Overall R2
. Coeffi- No. of (fixed effects)/
Industry/Size Type cient Constant obs. Adj. R? Prob. > F
(rank regression)
Panel A
. Fixed Effects ~ 0.12*** 21.66*** 3,799 0.18 0.00
28 chemicals
Rank Regressiol  0.90*** 388.93*** 3,799 0.83 0.00
35 computer Fixed Effects  0.13*** 16.33*** 3,272 0.38 0.00
(hardware)  Rank Regressior 0.93**  21.02%* 3,272 0.86 0.00
. Fixed Effects  0.19*** 15.85%** 9,217 0.45 0.00
36 electronics
Rank Regressior 0.96*** -1222.46** 9,217 0.84 0.00
48 telecommunica- Fixed Effects  0.10*** 39.01*** 3,165 0.30 0.00
tion Rank Regressior 0.77**  6058.77** 3,165 0.74 0.00
73 computer Fixed Effects  0.08*** 16.63*** 8,541 0.16 0.00
(software)  Rank Regressior 0.92***  1800.03** 8,541 0.80 0.00
87 biological Fixed Effects  0.12*** 19.67** 1,483 0.17 0.01
research  pank Regressiol 0.79%*  6486.30** 1,483 0.66 0.00
all Fixed Effects  0.13*** 20.02%** 29,477 0.32 0.00
Rank Regressior 0.89*** 1676.00*** 29,477 0.79 0.00
Panel B
1 *kk *kk
0 - 25% Fixed Effects  0.04 6.40 7,370 0.07 0.00
Rank Regressior  0.40*** 2835.11*** 7,370 0.15 0.00
1 *kk Kkk
26% - 50% Fixed Effects  0.04 13.40 7,369 0.05 0.00
Rank Regressiol 0.30***  7712.83** 7,369 0.09 0.00
1 *kk *%k%k
51 - 750 Fixed Effects  0.09 23.14 7,369 0.12 0.00
Rank Regressiol 0.42***  10363.46*** 7,369 0.20 0.00
1 *kk *kk
76% - 100% Fixed Effects  0.14 39.12 7,369 0.33 0.00
Rank Regressior 0.54**  11680.79** 7,369 0.34 0.00
all Fixed Effects =~ 0.13*** 20.02** 29,477 0.32 0.00
Rank Regressior 0.89*** 1676.00*** 29,477 0.79 0.00

This table reports the results of a fixed effeeigression and a rank regression of observed fiduevan predicted
firm value including a constant. We choose thedixdfects specification after rejecting the randeffects model

based on a Hausman test (p<0.01). In additionfixkd effects model is also preferred to a poolés@stimate after
performing an F-test on the firm fixed effects, @hire significantly different from zero. The fixetfects regressions
are performed on a per share basis and take tiohdiram cluster effects into account as in Peter@f09). Adjusted

R? is reported for the rank regression, while theralveR* shows model fit in case of the fixed effect estiesa The

rank OLS regressions are performed on market valaesistent with Iman/Conover (1979). Panel A pneseegres-

sions which are performed per two digit SIC indysfassification. Panel B shows the results peg gizartile, which

is measured by total assets. One/ two/ three sksarépresent significance at a 10%/ 5%/ 1% level.
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Figure 1: Income statement illustration

Income statement for time span ended at time
Revenues R

- Costs (5]

- Depreciation D)

- Tax tax)

= Net income Y)

Figure 2: Balance sheet illustration

Balance Sheet at tinte

Property, Plant & EquipmenPPE)
Equity
Cash X)
Debt
Total Assets Liabilities and Stockholders' Equity
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Figure 3: Proportion of loss making firms over time
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This figure shows the proportion of loss makingrper quarter in our sample for the time perio8219
to 2009. Therefore, for every quarter the firm ders with negative earnings are divided by thel tota
number of firm quarter observations in that quarter
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Figure 4: Quarterly median absolute deviations

Panel A: Quarterly absolute log deviations
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Panel B: Quarterly absolute percentage deviations
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This figure shows quarterly median valuation dewisg spanning the time 1992 until 2009. Panel A re-
ports median absolute log deviations defined aghbselute logarithm of the ratio of the estimatatlig to
the market value. Panel B reports median absokltgive deviations which is the absolute difference
between actual and model predicted value, scaletthéyactual value. The blue, solid line reportsiaev
tions for the Enterprise-Value-Sales-Multiple. Tieel, dashed line reports deviations for the Sclawvart
Moon model. The green, dasl-dotted line reports the Nasdag Composite as bend:
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Figure 5: Quarterly median non-absolute deviations

Panel A: Quarterly log deviations
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This figure shows quarterly median deviations spamthe time 1992 until 2009. Panel A reports meday
deviations defined as the logarithm of the raticthaf estimated value to the market value. Paned@®rnts
median relative deviations which is the differefedween actual and model predicted value, scalethdy
actual value. The blue, solid line reports deviaidor the Enterprise-Value-Sales-Multiple. The, rédshed
line reports deviations for the Schwartz-Moon modéle green, dashed-dotted line reports the NaSubaa+
posite as benchmark.
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Figure 6: Median quarterly defaults
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This figure shows quarterly median predicted deésapkr 10,000 simulation runs spanning the time2199
until 2009. The blue, solid line reports defaultsdicted by the Schwartz-Moon model. The red, dasine
reports the credit spread between Moody's SeasBaadCorporate Bond Yield and U.S. 5-year treasury
securities in percentage points as benchmark.
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