Valuelnvesting: The Use of Historical Financial Statement | nfor mation

to Separate Winnersfrom Losers

Joseph D. Piotroski

The University of Chicago
Graduate School of Business
1101 East 58" Street
Chicago, IL 60637
Phone: (773) 834-4199
Fax: (773) 702-0458

E-mail: joseph.piotroski @gsbh.uchicago.edu

June 2000

| would like to thank Mark Bradshaw, Peter Joos, Steve Monahan, an anonymous referee and
workshop participants at the 2000 Journal of Accounting Research Conference for ther
comments and suggestions. Anayst forecast data was generously provided by I/B/E/S.
Financial support from the University of Chicago Graduate School of Business is gratefully

acknowledged.



Value Investing: The Use of Historical Financial Statement I nfor mation
to Separate Winnersfrom Losers

Abstract: This paper examines whether a simple accounting-based fundamental anaysis
strategy, when applied to a broad portfolio of high book-to-market firms, can shift the
distribution of returns earned by an investor. | show that the mean return earned by a high book-
to-market investor can be increased by at least 7%2 percent annually through the selection of
financialy strong high BM firms while the entire distribution of realized returnsis shifted to the
right. In addition, an investment strategy that buys expected winners and shorts expected losers
generates a 23 percent annua return between 1976 and 1996 and the strategy appears to be
robust across time and to controls for alternative investment strategies. Within the portfolio of
high BM firms, the benefits to financial statement analysis are concentrated in small and medium
sized firms, companies with low share turnover and firms with no anayst following, yet this
superior performance is not dependent on purchasing firms with low share prices. A positive
relationship between the sign of the initial historical information and both future firm
performance and subsequent quarterly earnings announcement reactions suggests that the market
initially underreacts to the historical information. In particular, 1/6" of the annua return
difference between ex ante strong and weak firms is earned over the four three-day periods
surrounding these quarterly earnings announcements. Overall, the evidence suggests that the
market does not fully incorporate historical financial information into pricesin atimely manner.



Section 1: Introduction

This paper examines whether a simple accounting-based fundamental analysis strategy,
when applied to a broad portfolio of high book-to-market (BM) firms, can shift the distribution
of returns earned by an investor. Considerable research documents the returns to a high book-to-
market investment strategy (e.g., Rosenberg, Reid and Lanstein [1984]; Fama and French [1992]
and Lakonishok, Shleifer and Vishny [1994]). However, the success of that strategy relies on the
strong performance of afew firms, while tolerating the poor performance of many deteriorating
companies. In particular, | document that less than 44 percent of all high BM firms earn positive
market-adjusted returnsin the two years following portfolio formation. Given the diverse
outcomes realized within that portfolio, investors could benefit by discriminating, ex ante,
between the eventual strong and weak companies. This paper asks whether a simple, financial
statement-based heuristic, when applied to these out-of-favor stocks, can discriminate between
firms with strong prospects from those with weak prospects. In the process, | discover
interesting regularities about the performance of the high BM portfolio and provide some
evidence supporting the predictions of recent behavioral finance models.

High book-to-market firms offer a unique opportunity to investigate the ability of smple
fundamental analysis heuristicsto differentiate firms. First, value stocks tend to be neglected.
Asagroup, these companies are thinly followed by the analyst community and are plagued by
low-levels of investor interest. Given thislack of coverage, analyst forecasts and stock
recommendations are unavailable for these firms. Second, these firms have limited access to
most “informal” information dissemination channels and their voluntary disclosures may not be
viewed as credible given their poor recent performance. Therefore, financial statements

represent both the most reliable and accessible source of information about these firms. Third,



high BM firms tend to be “financially distressed;” as a result, the valuation of these firms focuses
on accounting fundamental s such as leverage, liquidity, profitability trends and cash flow
adequacy. These fundamental characteristics are most readily obtained from historical financial
statements.

This paper’s goal is to show that investors can create a stronger value portfolio by using
simple screens based on historical financial performance.III If effective, the differentiation of
eventua “winners’ from “losers’ should shift the distribution of the returns earned by avalue
investor. The results show that such differentiation is possible. First, | show that the mean
return earned by a high book-to-market investor can be increased by at least 7% percent annually
through the selection of financially strong high BM firms. Second, the entire distribution of
realized returnsis shifted to the right. Although the portfolio’s mean return is the relevant
benchmark for performance evaluation, this paper also provides evidence that the left-tail of the
return distribution (i.e., 10" percentile, 25" percentile and median) experiences a significant
positive shift after the application of fundamental screens. Third, an investment strategy that
buys expected winners and shorts expected losers generates a 23 percent annual return between
1976 and 1996. Returnsto this strategy are shown to be robust across time and to controls for
alternative investment strategies. Fourth, the ability to differentiate firmsis not confined to one
particular financia statement analysis approach. Additional tests document the success of using
aternative, albeit complementary, measures of historical financial performance.

Fifth, this paper contributes to the finance literature by providing evidence on the
predictions of recent behavioral models (such as Hong and Stein [1999]; Barbaris, Shleifer and

Vishny [1998]; and Danidl, Hirshleifer and Subrahmanyam [1998]). Similar to the momentum-



related evidence presented in Hong, Lim and Stein [2000], | find that the positive market-
adjusted return earned by a generic high book-to-market strategy disappearsin rapid
information-dissemination environments (large firms, firms with analyst following, high share-
turnover firms). More importantly, the effectiveness of the fundamental analysis strategy to
differentiate value firms is greatest in slow information-dissemination environments.

Finaly, | show that the success of the strategy is based on the ability to predict future
firm performance and the market’ s inability to recognize these predictable patterns. Firmswith
weak current signals have lower future earnings realizations and are five times more likely to
delist for performance-related reasons than firms with strong current signals. In addition, |
provide evidence that the market is systematically “surprised” by the future earnings
announcements of these two groups. Measured as the sum of the three-day market reactions
around the subsequent four quarterly earnings announcements, announcement period returns for
predicted “winners’ are 0.041 higher than similar returns for predicted losers. This one-year
announcement return difference is comparable in magnitude to the four-quarter “value” versus
“glamour” announcement return difference observed in LaPorta et al. [1997]. Moreover,
approximately 1/6™ of total annual return difference between ex ante strong and weak firmsis
earned over just 12 trading days.

This study provides additional insight into the returns earned by small, financially
distressed firms and the relation between these returns and their historical financia performance.
This evidence isinteresting given these firms' prominence in many of the “anomalies’
documented in the current literature (see Fama[1998]). The results suggest that strong

performers are distinguishable from eventual underperformers through the contextual use of

! Through this paper, the term “value portfolio” and “high BM portfolio” are used synonymously.
Although other value-based, or contrarian, strategies exist, this paper focuses on a high book-to-market



relevant historical information. The ability to discriminate ex ante between future successful and
unsuccessful firms and profit from the strategy suggests that the market does not efficiently
incorporate past financial signalsinto current stock prices.

The next section of this paper reviews the prior literature on both “value” investing and
financial statement analysis and defines the nine financial signalsthat | use to discriminate
between firms. Section 3 presents the research design and empirical tests employed in the paper,
while section 4 presents the basic results about the success of the fundamental analysis strategy.
Section 5 provides robustness checks on the main results, while section 6 briefly examines
aternative methods of categorizing afirm’s historical performance and financial condition.
Section 7 presents evidence on the source and timing of the portfolio returns, while section 8

concludes.

Section 2: Literature Review and Motivation
2.1 High book-to-market investment strategy

This paper examines arefined investment strategy based on afirm'’s book-to-market ratio
(BM). Prior research (Rosenberg, Reid and Lanstein [1984]; Fama and French [1992];
Lakonishok, Shleifer and Vishny [1994]) shows that a portfolio of high BM firms outperforms a
portfolio of low BM firms. Such strong return performance has been attributed to both market
efficiency and market inefficiency. In Famaand French [1992], BM is characterized as a
variable capturing financial distress, and thus the subsequent returns represent afair
compensation for risk. Thisinterpretation is supported by the consistently low return on equity
associated with high BM firms (Fama and French [1995]; Penman [1991]) and a strong relation

between BM, leverage and other financial measures of risk (Fama and French [1992]; Chen and

ratio strategy.



Zhang [1998]). A second explanation for the observed return difference between high and low
BM firmsis market mispricing. In particular, high BM firms represent “neglected” stocks where
poor prior performance has led to the formation of “too pessimistic” expectations about future
performance (Lakonishok, Shleifer and Vishny [1994]). This pessimism unravelsin the future
periods, as evidenced by positive earnings surprises at subsequent quarterly earnings
announcements (LaPorta et al. [1997]).

[ronically, as an investment strategy, analysts do not recommend high BM firms when
forming their buy/sell recommendations. Stickel [1998] documents that analysts favor
recommending firms with strong recent performance (low BM “glamour” companies and strong
positive momentum firms). One potential explanation for this behavior is that, on an individual
stock basis, the typical value firm will underperform the market and analysts recognize that the
strategy relies on purchasing a complete portfolio of high BM firms. A second explanation is
that analysts have incentives to recommend firms with strong recent performance.

From afundamental analysis perspective, value stocks are inherently more conducive to
financia statement analysis than growth (i.e., glamour) stocks. Growth stock valuations are
typically based on long-term forecasts of sales and the resultant cash flows, with most investors
heavily relying on non-financial information. Moreover, most of the predictability in growth
stock returns appears to be momentum driven (Asness [1997]). In contrast, the valuation of
value stocks should focus on recent changesin firm fundamentals (e.g., financial leverage,
liquidity, profitability and cash flow adequacy) and an assessment of these characteristicsis most
readily accomplished through a careful study of historical financial statements. To the extent
that investors can use financial statement analysisto identify strong value companies, afirm-

specific, high-return investment strategy based on the BM effect can be created.



2.2 Prior fundamental analysisresearch

One approach to separate ultimate winners from losers is through the identification of a
firm’sintrinsic value and/or systematic errorsin market expectations. The strategy presented in
Frankel and Lee [1998] requires investors to purchase stocks whose prices appear to be lagging
fundamental values. Undervaluation isidentified by using analysts earnings forecastsin
conjunction with an accounting-based valuation model (e.g., residual income model), and the
strategy is successful at generating significant positive returns over athree-year investment
window. Similarly, Dechow and Sloan [1997] and LaPorta[1996] find that systematic errorsin
market expectations about long-term earnings growth can partially explain the success of
contrarian investment strategies and the book-to-market effect, respectively.

As aset of neglected stocks, high BM firms are not likely to have readily available
forecast data. In general, financial analysts are less willing to follow poor performing, low
volume and small firms (Hayes [1998]; McNichols and O’ Brien [1997]) while managers of
distressed firms could face credibility issues when trying to voluntary communicate forward-
looking information to the capital markets (Koch [1999]; Miller and Piotroski [1999]).
Therefore, aforecast-based approach, such as Frankel and Lee [1998], has limited application for
differentiating value stocks. By contrast, financial reports are likely to represent the best and
most relevant source of current information about future performance prospects of high BM
firms.

Numerous research papers document that investors can benefit from trading on various
signals of financia performance. Contrary to a portfolio investment strategy based on
equilibrium risk and return characteristics, these approaches seek to earn “abnormal” returns by

focusing on the market’ s inability to fully process the implications of particular financial signals.



Examples of these strategies include, but are not limited to, post-earnings announcement drift
(Bernard and Thomas [1989; 1990]; Foster, Olsen and Shevlin, [1984]), accruals (Sloan [1996]),
seasoned equity offerings (Loughran and Ritter [1995]), share repurchases (Ikenberry,
Lakonishok and Vermaelen [1995]), and dividend omissions/decreases (Michaely, Thaler and
Womack [1995]).

A more dynamic investment approach involves the use of multiple pieces of information
imbedded in the firm’ s financial statements. Ou and Penman [1989] show that an array of
financia ratios created from historical financia statements can accurately predict future changes
in earnings, while Holthausen and Larcker [1992] show that a similar statistical model could be
used to successfully predict future excess returns directly. A limitation of these two studiesis
the use of complex methodologies and a vast amount of historical information to make the
necessary predictions. To overcome these calculation costs and avoid over-fitting the data, Lev
and Thiagargjan [1993] utilize 12 financial signals claimed to be useful to financial analysts.
Lev and Thiagargjan [1993] show that these fundamental signals are correlated with
contemporaneous returns after controlling for current earnings innovations, firm size and macro-
economic conditions.

Since the market may not completely impound value-relevant information in atimely
manner, Abarbanell and Bushee [1997] investigate the ability of Lev and Thiagargan’s [1993]
signals to predict future changes in earnings and future revisions in analyst forecasts of future
earnings. They find evidence that these factors can explain both future earnings changes and
future analyst revisions. Consistent with these findings, Abarbanell and Bushee [1998]
document that an investment strategy based on these 12 fundamental signals yields significant

abnormal returns.



This paper extends prior research by using context-specific financial performance
measures to differentiate strong and weak firms. Instead of examining the relationships between
future returns and particular financial signals, | aggregate the information contained in an array
of performance measures and form portfolios on the basis of afirm’s overall signal. By focusing
on value firms, the benefits to financial statement analysis (1) are investigated in an environment
where historical financia reports represent both the best and most relevant source of information
about the firm’sfinancia condition and (2) are maximized through the selection of relevant
financial measures given the underlying economic characteristics of these high BM firms.

2.3 Financial performance signals used to differentiate high BM firms

The average high BM firm isfinancially distressed (e.g., Famaand French [1995]; Chen
and Zhang [1998]). Thisdistressis associated with declining and/or persistently low margins,
profits, cash flows and liquidity and rising and/or high levels of financial leverage. Intuitively,
financia variables that reflect changes in these economic conditions should be useful in
predicting future firm performance. Thislogic isused to identify the financia statement signals
incorporated in this paper.

| chose nine fundamental signalsto measure three areas of the firm’sfinancial condition:

profitability, financial leverage/ liquidity and operating effici ency.E|

The signals used are easy to
interpret, easy to implement and have broad appeal as summary performance statistics. In this
paper, | classify each firm’s signal realization as either “good” or “bad” depending on the

signal’ simplication for future prices and profitability. Anindicator variable for thesignal is

equal to one (zero) if the signal’ srealization is good (bad). | define the aggregate signal

? The signals used in this study were identified through professional and academic articles. It isimportant
to note that these signals do not represent, nor purport to represent, the optimal set of performance
measures for distinguishing good investments from bad investments. Statistical techniques such as factor



measure, F SCORE, as the sum of the nine binary signals. The aggregate signal is designed to
measure the overall quality, or strength, of the firm’sfinancial position, and the decision to
purchase is ultimately based on the strength of the aggregate signal.

It isimportant to note that the effect of any signal on profitability and prices can be
ambiguous. In this paper, the stated ex ante implication of each signal is conditioned on the fact
that these firms are financially distressed at some level. For example, an increase in leverage
can, in theory, be either a positive (e.g., Harris and Raviv [1990]) or negative (Myers and Majluf
[1984]; Miller and Rock [1985]) signal. However, for financially distressed firms, the negative
implications of increased leverage seem more plausible than the benefits garnered through a
reduction of agency costs or improved monitoring. To the extent the implications of these
signals about future performance are not uniform across the set of high BM firms, the power of
the aggregate score to differentiate between strong and weak firms will ultimately be reduced.
2.3.1 Financial performance signals: Profitability

Current profitability and cash flow realizations provide information about the firm's
ability to generate funds internally. Given the poor historical earnings performance of value
firms, any firm currently generating positive cash flow or profitsis demonstrating a capacity to
generate some funds through operating activities. Similarly, a positive earningstrend is
suggestive of an improvement in the firm’s underlying ability to generate positive future cash
flows.

| use four variables to measure these performance-related factors: ROA, CFO, AROA and
ACCRUAL. | define ROA and CFO as net income before extraordinary items and cash flow

from operations, respectively, scaled by beginning of the year total assets. If the firm’'s ROA

analysis may more aptly extract an optimal combination of signals, but such an approach has costsin
terms of implementability.
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(CFO) is positive, | define the indicator variable F_ROA (F_CFO) equal to one, zero otherwise.EI
| define AROA as the current year’s ROA lessthe prior year’s ROA. If AROA > 0, the indicator
variable F_AROA equals one, zero otherwise.

The relationship between earnings and cash flow levelsis also considered. Sloan [1996]
shows that earnings driven by positive accrual adjustments (i.e., profits are greater than cash
flow from operations) is abad signal about future profitability and returns. Thisrelationship
may be particularly important among value firms, where the incentive to manage earnings
through positive accruas (e.g., to prevent covenant violations) is strong (e.g., Sweeney [1994]).
| define the variable ACCRUAL as current year’ s net income before extraordinary items less
cash flow from operations, scaled by beginning of the year total assets. The indicator variable
F_ACCRUAL equasoneif CFO > ROA, zero otherwisze.E|
2.3.2 Financial performance signals. Leverage, Liquidity and Source of Funds

Three of the nine financia signals are designed to measure changes in capital structure
and the firm’ s ability to meet future debt service obligations: ALEVER, ALIQUID and
EQ_OFFER. Since most high BM firms are financially constrained, | assume that an increase in
leverage, a deterioration of liquidity or the use of external financing is abad signal about

financial risk.

% The benchmarks of zero profits and zero cash flow from operations were chosen for two reasons. First,
asubstantial portion of high BM firms (41.6%) experience alossin the prior two fiscal years; therefore,
positive earnings realizations are non-trivial events for these firms. Second, thisis an easy benchmark to
implement since it does not rely on industry, market-level or time-specific comparisons. An alternative
benchmark is whether the firm generates positive industry-adjusted profits or cash flows. Resultsusing
“industry-adjusted” factors are not substantially different than the main portfolio results presented in
Table 3.

* The measure employed in this paper includes depreciation as a negative accrual. An aternative
specification that adjusts for deprecation expense reduces the number of firmswith a“good” signal yet
yields similar portfolio-level return results.

11



ALEVER captures changesin the firm’s long-term debt levels. | measure ALEVER as
the historical change in theratio of total long-term debt to average total assets, and view an
increase (decrease) in financia leverage as a negative (positive) signal. By raising externa
capital, afinancialy distressed firm is signaling itsinability to generate sufficient internal funds
(e.g., Myers and Mgjluf [1984]; Miller and Rock [1985]). In addition, an increasein long-term
debt islikely to place additional constraints on the firm’s financial flexibility. | define the
indicator variable F_ ALEVER to equal one (zero) if the firm’sleverageratio fell (rose) in the
year preceding portfolio formation.

The variable ALIQUID measures the historical changein the firm’s current ratio between
the current and prior year, where | define the current ratio as the ratio of current assets to current
liabilities at fiscal year end. | assume that an improvement in liquidity (i.e., ALIQUID > 0) isa
good signal about the firm’s ability to service current debt obligations. The indicator variable
F_ALIQUID equalsoneif the firm’sliquidity improved, zero otherwi se.EI

| define the indicator variable EQ_OFFER to equal oneif the firm did not issue common
equity in the year preceding portfolio formation, zero otherwise. Similar to an increase in long-
term debt, financially distressed firms that raise external capital could be signaling their inability
to generate sufficient internal funds to service future obligations (e.g., Myers and Mgjluf [1984];
Miller and Rock [1985]). Moreover, the fact that these firms are willing to issue equity when
their stock prices are likely to be depressed (i.e., high cost of capital) highlights the poor
financial condition facing these firms.

2.3.3 Financial performance signals. Operating Efficiency

® An alternative specification is to consider a deterioration in liquidity a negative signal only if the firm's
current ratio isnear one. A specification where the current ratio cutoff equals 1.5 yields stronger return
results than the liquidity metric and aggregate score used in the paper.

12



The remaining two signals are designed to measure changesin the efficiency of thefirm’'s
operations: AMARGIN and ATURN. These ratios are important because they reflect two key
constructs underlying a decomposition of return on assets.

| define AMARGIN as the firm’s current gross margin ratio (gross margin scaled by total
sales) lessthe prior year’s gross margin ratio. Animprovement in margins signifies a potential
improvement in factor costs, areduction in inventory costs or arise in the price of thefirm’'s
product. Theindicator variable F_ AMARGIN equalsone if AMARGIN is positive, zero
otherwise,

| define ATURN asthe firm’s current year asset turnover ratio (total sales scaled by
beginning of the year total assets) lessthe prior year’s asset turnover ratio. An improvement in
asset turnover signifies greater productivity from the asset base. Such an improvement can arise
from more efficient operations (fewer assets generating the same levels of sales) or anincreasein
sales (which could aso signify improved market conditions for the firm’'s products). The

indicator variable F_ ATURN equals oneif ATURN is positive, zero otherwise.

As expected, several of the signals used in this paper overlap with constructs tested in
Lev and Thiagargjan [1993] and Abarbanell and Bushee [1997; 1998]. However, most of the
signals used in this paper do not correspond to the financia signals used in prior research.
Severa reasons exist for this difference. First, | examine smaller, more financially distressed
firms and the variables were chosen to measure profitability and default risk trends relevant for
these companies. Effects from signals such as LIFO/FIFO inventory choices, capital expenditure

decisions, effective tax rates and qualified audit opinions would likely be second-order relative to
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broader variables capturing changes in the overall health of these compani es.EI Second, the work
of Bernard [1994] and Sloan [1996] demonstrates the importance of accounting returns and cash
flows (and their relation to each other) when assessing the future performance prospects of a
firm. Assuch, variables capturing these constructs are central to the current analysis. Finally,
neither Lev and Thiagargan [1993] nor Abarbanell and Bushee [1997; 1998] purport to offer the
optimal set of fundamental signals, therefore, the use of aternative, albeit complementary,
signals demonstrates the broad applicability of financial statement analysis techniques.
2.3.4 Composite Score

Asindicated earlier, | define F_SCORE as the sum of the individual binary signals, or

F_SCORE = F_ROA +F_AROA +F_CFO+ F_ACCRUAL +F_AMARGIN
+F_ATURN +F_ALEVER + F_ALIQUID + EQ OFFER.

Given the nine underlying signals, F_SCORE can range from alow of O to ahigh of 9, where a
low (high) F_SCORE represents a firm with very few (mostly) good signals. To the extent
current fundamentals predict future fundamentals, | expect F_SCORE to be positively associated
with changesin future firm performance and stock returns. The investment strategy discussed in
this paper is based on selecting firms with high F_SCORE signals, instead of purchasing firms
based on the relative realization of any particular signal. In comparison to the work of Ou and
Penman [1989] and Holthausen and Larker [1992], this paper represents a “ step-back” in the
analysis process - probability models need not be estimated nor does the data need to be fitted on
ayear-by-year basis when implementing the investment strategy; instead, the investment

decision is based on the sum of these nine binary signals.

® For example, most of these firms have limited capital for capital expenditures. Asaresult, Lev and
Thiagargjan’s capital expenditure variable displays little cross-sectional variation in this study.
Similarly, most of these high BM firms are likely to be in anet operating loss carryforward position for

14



This approach represents one simple application of fundamental analysis for identifying
strong and weak value firms. In selecting this methodology, two issues arise. First, the
tranglation of the factors into binary signals could potentially eliminate useful information. |
adopted the binary signal approach because it is simple and easy to implement. An alternative
specification would be to aggregate continuous representations of these nine factors. For
robustness, the main results of this paper are also presented using an alternative methodology
where the signal realizations are annually ranked and summed.

Second, given alack of theoretical justification for the combined use of these particular
variables, the methodology employed in this paper could be perceived as “ad hoc.” Since the
goal of the methodology isto merely separate strong value firms from weak value firms,
aternative measures of financial health at the time of portfolio formation should also be
successful at identifying these firms. | investigate several alternative measures. In particular, |
split the high BM portfolio along dimensions of financial distress (as measured by Altman’s z-
statistic), historical change in profitability and a decomposition of AROA into change in gross
margin and change in asset turnover. These tests will illustrate the robustness of using
fundamental analysis techniques for identifying strong firms and document the benefits of

aggregating multiple pieces of financial information when evaluating these companies.

Section 3: Research Design
3.1 Sample selection
Each year between 1976 and 1996, | identify firms with sufficient stock price and book

value dataon COMPUSTAT. For each firm, | calculate the market value of equity and BM ratio

tax purposes (due to their poor historical performance), thereby limiting the information content of Lev
and Thiagargjan’s effective tax rate variable.
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at fiscal year end.? Each fiscal year (i.e., financial report year), | rank al firmswith sufficient

data to identify book-to-market quintile and size tercile cutoffs. The prior fiscal year's BM

distribution is used to classify firmsinto BM qui ntiles.EI

Similarly, | determine afirm’'s size
classification (small, medium or large) using the prior fiscal year’s distribution of market
capitalizations. After the BM quintiles are formed, | retain firmsin the highest BM quintile with
sufficient financial statement data to calculate the various financia performance signals. This
approach yields the final sample of 14,043 high BM firms across the 21 years (see Appendix 1).EI
3.2 Calculation of returns

| measure firm-specific returns as one-year (two-year) buy-and-hold returns earned from
the beginning of the fifth month after the firm’sfiscal year end through the earliest subsequent
date: one year (two years) after return compounding began or the last day of CRSP traded
returns. If afirm delists, | assume the delisting return is zero. | chose the fifth month to ensure
that the necessary annual financial information is available to investors at the time of portfolio
formation. | define market-adjusted returns as the buy-and-hold return less the value-weighted

market return over the corresponding time period.

3.3 Description of the empirical tests (main results section)

" Fiscal year end prices are used to create consistency between the BM ratio used for portfolio
assignments and the ratio used to determine BM and size cutoffs. Basing portfolio assignments on market
values calculated at the date of portfolio inclusion does not impact the tenor of the results.

8 Since each firm'’ s book-to-market ratio is calculated at a different point in times (i.e., due to different
fiscal year ends), observations are grouped by and ranked within financia report years. For example, all
observations related to fiscal year 1986 are grouped together to determine the FY 86 size and book-to-
market cutoffs. Any observation related to fiscal year 1987 (regardless of month and date of its fiscal
year end) is then assigned to a size and BM portfolio based on the distribution of those FY 86
observations. This approach guarantees that the prior year’s ratios and cutoff points are known prior to
any current year portfolio assignments.

® Since prior year distributions are used to create the high BM portfolio (in order to eliminate concerns
about a peek-ahead bias), annual allocations to the highest book-to-market portfolio do not remain a
constant proportion of all available observations for a given fiscal year. In particular, this methodol ogy
leadsto larger (smaller) samples of high BM firmsin years where the overall market declines (rises). The
return differences documented in section 4 do not appear to be related to these time-specific patterns.
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The primary methodology of this paper isto form portfolios based on the firm's
aggregate score (F_SCORE). | classify firmswith the lowest aggregate signals (F_ SCORE
equals 0 or 1) aslow F_SCORE firms and expect these firms to have the worst subsequent stock
performance. Alternatively, firmsreceiving the highest score (i.e., F_ SCORE equals 8 or 9)
have the strongest fundamental signals and are classified ashigh F_SCORE firms. | expect these
firms to have the best subsequent return performance given the strength and consistency of their
fundamental signals. | design the testsin this paper to examine whether the high F_ SCORE
portfolio outperforms other portfolios of firms drawn from the high BM portfolio.

Thefirst test compares the returns earned by high F_ SCORE firms against the returns of
low F_SCORE firms; the second test compares high F_SCORE firms against the complete
portfolio of al high BM firms. Given concerns surrounding the use of parametric test statistics
in along-run return setting (e.g., Kothari and Warner [1997]; Barber and Lyon [1997]), the
primary results are tested using both tradition t-statistics as well asimplementing a bootstrapping
approach to test for differencesin portfolio returns.

The test of return differences between the high and low F_SCORE portfolios with
bootstrap techniquesis asfollows: First, | randomly select firms from the complete portfolio of
high BM firms and assign them to either a pseudo high F_SCORE portfolio or a pseudo low
F_SCORE portfolio. Thisassignment continues until each pseudo-portfolio consists of the same
number of observations as the actual high and low F_SCORE portfolios (number of observations
equals 1448 and 396 respectively). Second, | calculate the difference between the mean returns
of these two pseudo-portfolios and this difference represents an observation under the null of no
difference in mean return performance. Third, | repeat this process 1,000 times to generate 1,000

observed differencesin returns under the null, and the empirical distribution of these return

17



differencesis used to test the statistical significance of the actual observed return differences.
Finally, to test the effect of the fundamental screening criteria on the properties of the entire
return distribution, | also calculate differences in pseudo-portfolio returns for six different
portfolio return measures; mean returns, median returns, 10" percentile, 25" percentile, 75"
percentile and 90™ percentile returns.

Thetest of return differences between high F_SCORE firms and all high BM firmsis
constructed in asimilar manner. Each iteration, | randomly form a pseudo-portfolio of high
F_SCORE firms, and the returns of the pseudo-portfolio are compared against the returns of the
entire high BM portfolio, thereby generating a difference under the null of no-return difference.
| repeat this process 1,000 times, and the empirically-derived distribution of return differencesis
used to test the actual difference in returns between the high F_SCORE portfolio and al high

BM firms. | discussthese empirical results in the next section.

Section 4: Empirical Results
4.1 Descriptive Evidence about High Book-to-Market Firms

Table 1 provides descriptive statistics about the financial characteristics of the high book-
to-market portfolio of firms, aswell as evidence on the long-run returns from such a portfolio.
Asshown in Panel A, the average (median) firm in the highest book-to-market quintile of al
firms has a mean (median) BM ratio of 2.444 (1.721) and an end-of-year market capitalization of
188.50 (14.37) million dollars. Consistent with the evidence presented in Fama and French
(1995), the portfolio of high BM firms consists of poor performing firms; the average (median)
ROA redlization is—0.0054 (0.0128), and the average and median firm saw declinesin both

ROA (-0.0096 and —0.0047, respectively) and gross margin (-0.0324 and —0.0034, respectively)
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over the last year. Finadly, the average high BM firm saw an increase in leverage and a decrease
in liquidity over the prior year.

Panel B presents one-year and two-year buy-and-hold returns for the complete portfolio
of high BM firms, along with the percentage of firmsin the portfolio with positive raw and
market-adjusted returns over the respective investment horizon. Consistent with Fama and
French [1992] and Lakonishok, Shleifer and Vishny [1994], the high BM firms earn positive
market-adjusted returnsin the one-year and two-year periods following portfolio formation. Y et
despite the strong mean performance of this portfolio, a majority of the firms (approximately 57
percent) earn negative market-adjusted returns over the one and two year windows. Therefore,
any strategy that can eliminate the left tail of the return distribution (i.e., the negative return
observations) will greatly improve the portfolio’s mean return performance.

4.2 Returnsto a Fundamental Analysis Strategy

Table 2 presents spearman correlations between the individual fundamental signal
indicator variables, the aggregate fundamenta signal score F_ SCORE, and the one-year and two-
year buy-and-hold market-adjusted returns. As expected, F_ SCORE has a significant positive
correlation with both one-year and two-year future returns (0.121 and 0.130, respectively). For
comparison, the two strongest individual explanatory variables are ROA and CFO; however,
these variables only have a correlation of 0.086 and 0.096, respectively, with one-year ahead
market-adjusted returns. Thus, the aggregate F_ SCORE is likely to outperform a simple strategy
based on current profitability or cash flows alone.

Table 3 presents the returns to the fundamental investment strategy. Panel B presents

one-year market-adjusted returns; inferences and results are similar using raw returns (Panel A)
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and atwo-year investment horizon (Panel C). This discussion and subsequent analysis will focus
on one-year market-adjusted returns for succinctness.

Most of the observations are clustered around F_SCORES between 3 and 7, indicating
that avast majority of the firms have conflicting performance signals. However, 1448
observations are classified as high F_SCORE firms (scores of 8 or 9), while 396 observations are
classified aslow F_SCORE firms (scores of O or 1). | will use these extreme portfolios to test
the ability of fundamental analysisto differentiate between future winners and Iosers.EI

The most striking result in Table 3 is the fairly monotonic positive relationship between
F_SCORE and subsequent returns (particularly over thefirst year). Asdocumented in Panel B,
high F_SCORE firms significantly outperform low F_SCORE firmsin the year following
portfolio formation (mean market-adjusted returns of 0.134 versus -0.096, respectively). The
mean return difference of 0.230 is significant at the one percent level using both an empirically
derived distribution of potential return differences and atraditional parametric t-statistic.

A second comparison documents the return difference between the portfolio of high
F_SCORE firms and the compl ete portfolio of high BM firms. As shown, the high F_SCORE
firms earn a mean market-adjusted return of 0.134 versus 0.059 for the entire BM quintile. This
difference of 0.075 is also statistically significant at the one-percent level using an empirically

derived bootstrap distribution of high F_ SCORE returns and traditional test statistics.IEI

19 Given the ex post distribution of firms across F_SCORE portfolios, an aternative specification could be
to define low F_SCORE firms as al high BM firms having an F_SCORE less than or equal to 2. Such a
classification resultsin the low F_SCORE portfolio having 1,255 observations (compared to the 1,448
observations for the high F_SCORE portfolio). Results and inferences using this alternative definition are
qualitatively similar to those presented throughout the paper.

" The bootstrap procedures do not control for firm-specific factors (such as firm size or momentum
effects) when creating the pseudo-portfolios. The impact of these other variables on the primary results
reported in Table 3 are addressed in subsequent sections of the paper.
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The return improvements also extend beyond the mean performance of the various
portfolios. Asdiscussed in the introduction, this investment approach is designed to shift the
entire distribution of returns earned by a high BM investor. Consistent with that objective, the
resultsin Table 3 show that the 10" percentile, 25" percentile, median, 75" percentile and 90"
percentile returns of the high F_SCORE portfolio are significantly higher than the corresponding
returns of both the low F_SCORE portfolio and the complete high BM quintile portfolio using
bootstrap techniques. Similarly, the proportion of winnersin the high F_SCORE portfolio,
50.0%, is significantly higher than the two benchmark portfolios (43.7% and 31.8%), where
significance is based on a binomial test of proportions.

Overdl, itisclear that F_SCORE discriminates between eventua winners and losers.
One question is whether the tranglation of the fundamental variables into binary signals
eliminates potentially useful information. To examine thisissue, | present portfolio results
where firms are classified using the sum of annually ranked signals. Specificaly, | rank the
individual signal realizations (i.e., ROA, CFO, AROA, etc.) each year between zero and one, and
these ranked representations are used to form the aggregate measure. | define RANK_SCORE
as the sum of the firm’s ranked realizations and form quintile portfolios using cutoffs based on
the prior fiscal year’s RANK _SCORE distribution.

Panel D documents that the use of ranked information can also differentiate strong and
weak value firms; the mean (median) one-year market adjusted return difference between the
highest and lowest RANK _SCORE quintileis 0.092 (0.113), both significant at the one-percent
level. However, the benefits from using the continuous data are not overwhelming. Much of the

loss in efficiency appearsto arise from the mechanical ranking of the signals irrespective of the
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nature (i.e., sign) of the underlying ne'ws.EI Additional specifications (not tabulated) that control
for these sign effects yield stronger results.
4.3 Returnsconditional on firm size

A primary concern is whether the excess returns earned using a fundamental analysis
strategy is strictly asmall firm effect or can be applied across all size categories. For this
anaysis, | annualy rank al firms with the necessary COMPUSTAT datato compute the
fundamental signals into three size portfolios (independent of their book-to-market ratio). |
define size as the firm’ s market capitalization at the prior fiscal year-end. Compustat yielded a
total of approximately 75,000 observations between 1976 to 1996, of which 14,043 represented
high book-to-market firms. Given the financial characteristics of the high BM firms, a
preponderance of the firms (8,302) were in the bottom third of market capitalization (59.12%),
while 3,906 (27.81%) and 1,835 (13.07%) are assigned to the middle and top size portfolio
respectively. Table 4 presents one-year market-adjusted returns based on these size categories.

Table 4 shows that the above-market returns earned by a generic high BM portfolio are
concentrated in smaller companies. Applying F_SCORE within each size partition, the strongest
benefit from financial statement analysisis also garnered in the small firm portfolio (return
difference between high and low F_SCORE firmsis 0.270, significant at the one percent level).
However, the shift in mean and median returnsis still statistically significant in the medium firm
size portfolio, with the high score firms earning approximately 7 percent more than all medium
sizefirms and 17.3 percent more than the low F_SCORE firms. Contrarily, differentiation is

weak among the largest firms, where most return differences are either statistically insignificant

12 For example, the median AMARGIN signal is negative while the median ATURN signal is positive.
These median realizations have different implications for future performance, yet both receive the same
relative ranking.
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or only marginally significant at the five or ten percent level. Thus, the improvement in returns
isisolated to firmsin the bottom 2/3 of market (:apitalization.EI
4.4 Alternative partitions

When return predictability is concentrated in smaller firms, an immediate concern is
whether or not these returns are realizable. To the extent that the benefits of the trading strategy
are concentrated in firms with low share price or low levels of liquidity, observed returns may
not reflect an investor’s ultimate experience. For completeness, | examine two other partitions of
the sample: share price and trading volume.

Similar to firm size, | place companies into share price and trading volume portfolios
based on the prior year’s cutoffs for the complete COMPUSTAT sample (i.e., independent of
BM quintile assignment). Consistent with these firms' small market capitalization and poor
historical performance, a mgjority of all high BM firms have smaller share prices and are more
thinly traded than the average firm on COMPUSTAT. However, approximately 48.4 percent of
the firms could be classified as having medium or large share prices and 45.4 percent can be
classified as having medium to high share turnover. Table 5 examines the effectiveness of
fundamental analysis across these partitions.h-TLI
4.4.1 Relationship between share price, share turnover and gains from fundamental analysis

Contrary to the results based on market capitalization partitions, the portfolio results

across al share price partitions are statistically and economically significant. Whereas the low

and medium share price portfolios yield positive mean return differences of 0.246 and 0.258

13 These results are consistent with other documented anomalies. For example, Bernard and Thomas
[1989] show that the post-earnings announcement drift strategy is more profitable for small firms, with
abnormal returns being virtually non-existent for larger firms. Similarly, Hong, Lim and Stein [2000]
show that momentum strategies are strongest in small firms.
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respectively, the high share price portfolio also yields a significant positive difference of 0.132.
Similar significant positive return differences exist in median returns as well. The robustness of
these results across share price partitions and return metrics suggests that the positive return
performance of this fundamental analysis strategy is not solely based upon an ability to purchase
stocks with extremely low share prices.

Further evidence contradicting the stale price and low liquidity argument is provided by
partitioning the sample along average share turnover. Consistent with the findingsin Lee and
Swaminathan [2000], this analysis shows that a majority of the high BM portfolio’s “winners’
are in the low share turnover portfolio. For these high BM firms, the average market-adjusted
return (before the application of fundamental analysis screens) is0.101. This evidence suggests,
ex ante, that the greatest information gains rest with the most thinly traded and most out-of -
favored stocks.

Consistent with those potential gains, one of the largest returns to the fundamental
analysis strategy is in the low volume portfolio; however, this strategy is successful across all
trading volume partitions. Whereas the difference between high minuslow F_SCORE firmsis
0.239 in the low volume portfolio, the return difference in the high volume partition is 0.203
(both differences are significant at the one-percent level).

The combined evidence suggests that benefits to financial statement analysis are not
likely to disappear after accounting for alow share price effect or additional transaction costs
associated with stale prices or thinly traded securities. However, one caveat does exist: although
the high minuslow F_SCORE return differences for the large share price and high volume

partitions are statistically significant, the return differences between the high F_ SCORE firms

4 Only high F_SCORE firm minus low F_SCORE firm return differences are presented in this and
subsequent tables for succinctness. Inferences regarding the return differences between high F_ SCORE
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and all high BM firms are not significant for these partitions. And, within the large share price
partition, the mean and median return differences are (insignificantly) negative. These results,
however, do not eradicate the claimed effectiveness of financial statement anaysis for these
subsamples. Despite an inability to identify strong companies, the analysis can successfully
identify and eliminate firms with extreme negative returns (i.e., the low F_SCORE firms).
Additional testsreveal that the two portfolios of low F_SCORE firms significantly underperform
al high BM firms with the corresponding share price and trading volume attributes. Thus,
within these partitions of the high BM portfolio, the benefits from fundamental analysistruly
relate to the original motivation of this study: to eliminate the left-hand tail of the return
distribution.
4.4.2 Relationship between analyst following and gains from fundamental analysis

A primary assumption throughout this analysisisthat high BM firms are not heavily
followed by the investment community. Assuch, financia statement analysis may be a
profitable method of investigating and differentiating firms. If the ability to earn above-market
returnsistruly driven by information-processing limitations for these companies, then (1) these
high BM firms should display low levels of analyst coverage and (2) the ability to earn strong
returns should be negatively related to the amount of analyst coverage provide. Table 5, Panel C
provides evidence on thisissue.

Consistent with arguments of low investor interest, only 5,317 of the 14, 043 firmsin the
sample, or 37.8 percent, have analyst coverage in the year preceding portfolio formation (as
reported on the 1999 I/B/E/S summary tape). For the firms with coverage, the average (median)

number of analysts providing a forecast at the end of the prior fiscal year was only 3.15 (2).

firmsand all high BM firms are similar, except where noted in the text.
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Based on these statistics, it appears that the analyst community neglects most high BM fi rms.E]

Consistent with slow information-processing for neglected firms, the superior returns earned by a
generic high BM portfolio are concentrated in firms without analyst coverage. High BM firms
without analyst coverage significantly outperform the value-wei ghted market index by 0.101,
while those firms with analyst coverage smply earn the market return. In addition, the gains
from financia statement analysis are also greatest for the group of firms without analyst
coverage. Although financial statement analysis can be successfully applied to both sets of
firms, the average return difference between high and low F_SCORE firmsis 0.277 for the firms
without analyst following compared to 0.114 for the firms with analyst coverage.

In conclusion, the evidence suggests that financial statement analysisisfairly robust
across adl levels of share price, trading volume and analyst following. The concentration of the
greatest benefits among smaller, thinly traded and under-followed stocks suggests that
information-processing limitations could be a significant factor leading to the predictability of

future stock returns. Section 7 will address this issue in detail .

Section 5: Other sources of cross-sectional variation in returns

Despite all firms being selected annually from the same book-to-market quintile, one
source of the observed return pattern could be different risk characteristics across F_ SCORE
rankings. Alternatively, a correlation between F_SCORE and another known return pattern,
such as momentum, accrual reversal or the effects of seasoned equity offerings could drive the
observed return patterns. This section addresses these issues.

Conceptually, arisk-based explanation is not appealing; the firms with the strongest

subsequent return performance appear to have the smallest amount of ex ante financial and

> This result is consistent with Stickel [1998], Hayes[1998] and McNichols and O’ Brien [1997].
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operating risk (as measured by the historical performance signals). In addition, small variation in
size and book-to-market characteristics across the F_SCORE portfolios (see Table 6) is not
likely to account for a 22 percent differential in observed market-adjusted returns.

In terms of F_SCORE being correlated with another systematic pattern in realized
returns, there are several known effects that could have a strong relationship with F_SCORE.
First, under-reaction to historical information and financial events, which should be the ultimate
mechanism underlying the success of F_SCORE, is aso the primary mechanism underlying
momentum strategies (Chan, Jegadeesh and Lakonishok [1996]). Second, historical levels of
accruals (Sloan [1996]) and recent equity offerings (Loughran and Ritter [1995]; Spiess and
Affleck-Graves [1995]), both of which have been shown to predict future stock returns, are
imbedded in F_SCORE and are thereby correlated with the aggregate return metric. Assuch, it
isimportant to demonstrate that the financial statement analysis methodology is identifying
financia trends above and beyond these other previousy-documented effects.

To explicitly control for some of these correlated variables, | estimate the following
cross-sectional regression within the population of high book-to-market firms:

MA_RET=a + B;log(MVE;) + B,log(BM;) + BsMOMENT; + B, ACCRUAL; + BsEQ_OFFER; + B¢F_SCORE;
where MA_RET isthe one-year market-adjusted return, MOMENT equals the firm’s six month
market-adjusted return prior to portfolio formation, ACCRUAL equals the firm’stotal accruals
scaled by total assets, and EQ_OFFER equals oneif the firm issued seasoned equity in the

kel

preceding fiscal year, zero otherwise.™ All other variables are as previously defined. Consistent
with the strategies originally proposed for each of these explanatory variables, | assign

MOMENT and ACCRUAL into adecile portfolio based on the prior annual distribution of each

18 Equity offerings were identified through the firm'’ s statement of cash flows or statement of sources and
uses of funds (through Compustat) for the year preceding portfolio formation.
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variable for all Compustat firms, and | use this portfolio rank (1 to 10) for model estimation.IEI

Panel A of Table 7 presents the results based on a pooled regression; Panel B presents the time-
series average of the coefficients from 21 annual regressions along with t-statistics based on the
empirically-derived time-series distribution of coefficients.

The coefficients on F_SCORE indicate that, after controlling for size and book-to-market
differences, a one point improvement in the aggregate score (i.e., one additional positive signal)
is associated with an approximate two and a half to three percent increase in the one-year
market-adjusted return earned subsequent to portfolio formation. More importantly, the addition
of variables designed to capture momentum, accrual reversal and a prior equity issuance has no
impact on the robustness of F_ SCORE to predict future returns.

Finally, Appendix 1 and Figure 1 illustrate the robustness of the fundamental analysis
strategy over time. Dueto small sample sizesin any given year, firms where a mgority of the
signals are good news (F_SCORES of 5 or greater) are compared against firms with a majority
of bad news signals (F_SCORES of 4 or less) each year.h?’-I Over the 21 yearsin this study, the
average market-adjusted return difference is positive (0.097) and statistically significant (t-
statistic = 5.059). The strategy is successful in 18 out of 21 years, with the largest negative mean
return difference being only -0.036 in 1989 (the other two negative return differences are —0.004
and —0.001). Thistime series of strong positive performance and minimal negative return
exposure casts doubt on arisk-based explanation for these return differences. Section 7 will

investigate potential information-based explanations for the observed return patterns.

! Results and inferences using the raw values of the explanatory variables MOMENT and ACCRUAL
are similar to those presented in the text and tables.

18 Additional specifications that control for differencesin leverage and leverage trends yield similar
results.

¥ The use of this categorization throughout the paper does not alter the inferences reported about the
successfulness of the F_SCORE strategy.
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A second concern relates to the potential existence of survivorship issues, especially
given the small number of observationsin the low F_SCORE portfolios relative to the high
F_SCORE portfolio. To the extent that there exists a set of firms with poor fundamentals that
did not survive (and were not represented on Compustat), these missing low F_SCORE
observations would have generated substantial negative returns. The omission of these firms
from the study would bias upward the returns being earned by the current low F_SCORE
portfolio. Therefore, the high minuslow F_SCORE return differences reported in this paper
could be under stating the actual return performance associated with this investment strategy.

Alternatively, the high F_SCORE portfolio could consist of high BM firms recently
added by Compustat due to their strong historical performance. Including firm observations
from the early years of their “coverage’ (i.e., back-filled historical data) could inflate the high
F_SCORE portfolio returns because of the Compustat coverage bias. However, the data
requirements of this paper should mitigate this concern. In particular, the variable AROA
requires three years of historical data, so any firm-year observation associated with the first or
second year of apparent Compustat “ coverage” has insufficient datato calculate F SCORE.
Since Compustat adds only three years of data when it initiates coverage, the first firm-year
observation with sufficient data to be assigned to a portfolio equates to the first year the firm had
“real time” coverage by Compustat. Thus, the financia information necessary to calculate
F_SCORE existed at the time of portfolio formation, and the future performance of the firm

(after year t) was not a factor in Compustat’ s decision to cover the firm.
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Section 6: Sensitivity Tests
6.1 Use of alter native measures of historical financial performance to separate winners
from losers

One potential criticism of this paper is the use of an “ad hoc” aggregate performance
metric (F_SCORE) to categorize the financial prospects of the company at the time of portfolio
formation. To mitigate this concern, Table 8 presents results where the entire portfolio of high
BM firmsis split based on two accepted measures of firm health and performance: financial
distress (Altman’s z-score) and historical change in profitability (as measured by the change in
return on assets). |If these simple measures can aso differentiate eventual winners from losers,
then concerns about “metric-specific” results should be eliminated. In addition, | test whether
the use of an aggregate measure such as F_ SCORE has additional explanatory power above and
beyond these two partitioning variables.

Similar to the methodology used for partitioning on firm size, share price, and trading
volume, | classify each firm as having either a high, medium or low level of financial distress
and historical change in profitability. These categorizations are based on the preceding fiscal
year’s cutoffs from the entire Compustat database during the sample period (using those firms
with sufficient financial data). Asshown in Panels A and B of Table 8, nearly half of all high
book-to-market firms are classified as having high levels of financial distress or poor trendsin
profitability. These distributions are consistent with the previous descriptive evidence presented
in the paper.

Partitioning reveals a monotonic relationship between the measures of financia distress
and historical profitability and mean one-year-ahead market-adjusted returns. First, firms with

lower levels of financial distress earn significantly stronger future returns than high distress firms
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(mean market-adjusted return of 0.103 versus 0.042, respectivel y).EI Thisrelationshipis
consistent with Dichev [1998], who documents an inverse relationship between measures of
financia distress and stock returns among a set of CRSP firms facing a reasonabl e probability of
default or bankruptcy. Second, high BM firms with the strongest historical profitability trends
also earn significantly higher returns in the subsequent year (0.107 versus 0.037). These results
corroborate the evidence and inferences presented using F_SCORE as the conditioning
“information” variable.

After controlling for financial distress and historical changes in profitability, F SCORE
still displays power to discriminate between stronger and weaker firms within each partition.
However, the nature of the effectiveness depends upon the set of firms being examined. For the
set of relatively healthy high BM firms (low financial distress), F SCORE is extremely effective
at identifying future poor performing firms (mean low F_SCORE return of —0.245), yet
demonstrates limited power to separate the strongest firms from the whole portfolio. For
“troubled” firms (medium and high levels of financia distress), the usefulness of F_ SCORE is
more balanced, leading to both high and low F_SCORE portfolio returns that are significantly
different from the returns of all firmsin the respective financia distress partition. Similar
patterns of effectiveness are demonstrated across the change in profitability partitions.

Despite the overall success of these individua metrics, they were unable to differentiate
firms along other dimensions of portfolio performance. In particular, neither financial distress
nor change in profitability alone was able to consistently shift the median return earned by an

investor. The ability to shift the entire distribution of returns appears to be aresult of

 The difference in mean returns of 0.061 is significant at the ten percent level (two-sample t-statistic =
1.826)

2! The differences in mean and median returns (0.070 and 0.036, respectively) are significant at the one-
percent level (two-sample t-statistic = 3.270; signed rank wilcoxon p-value = 0.0008)
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aggregating multiple pieces of financial information to form amore precise “signal” of historical
performance. To demonstrate the usefulness of aggregating alternative performance measures,
Panel C examines one-year market adjusted returns conditioned on two variables that drive a
changein return on assets: change in asset turnover and change in gross margin.

Partitioning AROA into its two fundamental components provides stronger evidence on
the use of simple historical financial information to differentiate firms. First, unconditionaly,
both metrics provide some information about future performance prospects. firms with strong
historical improvements in asset turnover and margins earn the strongest future returns. Second,
ajoint consideration of the metrics generates stronger predictions of future firm performance. |
define strong (weak) value firms as those observations in the three cells below (above) the off-
diagonal of the matrix (i.e., firms with the highest (lowest) changes in asset turnover and gross
margins). As shown, strong (weak) value firms consistently outperform (underperform) the
other firmsin the high book-to-market portfolio. The differencesin returns between these two
groups of firms (mean difference = 0.102, median difference = 0.067) are both significant at the
one-percent level.

The evidence presented in Table 8 clearly demonstrates that the ability to discriminate
winners from losersis not driven by asingle, specific metric. Instead, the future returnsto a high
BM strategy are predictable by conditioning on the past performance of the firm. The combined
use of relevant performance metrics, such as F SCORE or a DuPont-style analysis, smply
improves the ability of an investor to distinguish strong companies from weak companies
relative to the success garnered from a single, historical measure. Section 7 examines whether
the slow processing of financial information is at |east partially responsible for the effectiveness

of this strategy.
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6.2 Individual signal effects

Given the ability of F_SCORE to differentiate firms, is there any one fundmental factor,
or a set of factors, that generates the strong predictive relation with future returns? Alternatively,
isthe predictive power of F_ SCORE simply driven by the success of previously known
anomalies, or do al variables provide incremental contributions? In order to isolate the return
effects of the individual signals, | estimated the following pooled cross-sectional regression:

MA_RET=a + Blog(MVE) + B,log(BM) + BsF_ROA,; + B,F_AROA, + BsF_CFO, + BeF_ACCRUAL,

+ B/F_ALIQUID; + BgF_ALEVER, + BsEQ_OFFER, + By oF AMARGIN,; + B;F_ATURN,;

The results of this estimation indicate that most of the variables are significantly associated with
one-year returns (results not tabulated). After controlling for the other variables, only ROA,
AROA and CFO lacked statistical significance. All other variables were significant in the
predicted direction, with ATURN, ALEVER and EQ_OFFER displaying the strongest

association with future returns.

Section 7: Association between Fundamental Signals, Observed Returnsand Market
Expectations

This section provides evidence on the mechanics underlying the success of the
fundamental analysis investment strategy. First, | examine whether the aggregate score
successfully predicts the future economic condition of the firm. Second, | examine whether the
strategy captures systematic errors in market expectations about future earnings performance.
7.1 Futurefirm performance conditional on the fundamental signals

Table 9 presents evidence on the relationship between F_ SCORE and two measures of
the firm’s future economic condition: the level of future earnings and subsequent business

failures (as measured by performance-related delistings). Asshown in the first column of Table
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9, thereis asignificant positive relation between F SCORE and future profitability; the mean
(median) spread in one-year ahead ROA redlizationsis over 10 (12) percent (both differences are
significant at the one-percent level). To the extent these profitability levels are unexpected, a
large portion of the excess return being earned by the high F_SCORE firms over the low
F_SCORE firms could be explained.

The second column presents evidence on the proportion of firms that ultimately delist for
performance-related reasons (in the two years subsequent to portfolio formation) conditional on
F SCORE. | gather delisting datathrough CRSP, and define a performance-related delisting as
in Shumway [1997] .El The most striking result is the strong negative relationship between a
firm’s ex ante financia strength (as measured by F_ SCORE) and the probability of a
performance-related delisting. With the exception of slight deviationsin the delisting rate for the
most extreme firms (F_SCORE equals 0 or 9), the relationship is nearly monotonic across
F_SCORE portfolios. Although closeto 2 percent of all high F_SCORE firms delist within the
next two years, low F_SCORE firms are more than five times as likely to delist for performance-
related reasons. These differencesin proportions are significant at the one-percent level using a
binomial test. The combined evidence in Table 9 suggests that F SCORE can successfully
discriminate between strong and weak future firm performance.EI

These results are striking because the observed return and subsequent financial

performance patterns are inconsistent with common notions of risk. Famaand French [1992]

22 performance-rel ated delistings comprise bankruptcy and liquidation delistings, aswell as delistings for
other poor-performance rel ated reasons (e.g., consistently low share price, insufficient number of market
makers, failure to pay fees, etc.) See Shumway [1997] for further information on performance-rel ated
delistings.

% Theinclusion of delisting returns in the measurement of firm-specific returns would not alter the
inferences gleaned from Table 2 through Table 10. For those firms with an available delisting return on
CRSP, low F_SCORE firms have an average delisting return of —0.0087, while high F_ SCORE firms
have an average delisting return of 0.0220.
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suggest that the BM effect isrelated to financial distress. However, the evidencein Tables 3
through 9 shows that portfolios of the healthiest value firmsyield both higher returns and
stronger subsequent financial performance. Thisinverse relationship between ex ante risk
measures and subsequent returns appears to contradict arisk-based explanation. In contrast, the
evidenceis consistent with a market that slowly reacts to the good news imbedded within a high
BM firm’sfinancial statements. Section 7.2 examines whether the market is systematically
surprised at subsequent earnings announcements.
7.2 Subsequent ear nings announcement returns conditional on the fundamental signals

Table 10 examines market reactions around subsequent earnings announcements
conditional on the historical information. LaPortaet a. [1997] show that investors are overly
pessimistic (optimistic) about the future performance prospects of value (glamour) firms, and
that these systematic errors in expectations unravel during subsequent earnings announcements.
They argue that these reversals in expectations account for a portion of the return differences
between value and glamour firms and lead to a systematic pattern of returns around subsequent
earnings announcements. LaPorta[1996] and Dechow and Sloan [1997] show similar results
regarding expectations about firm growth and the success (failure) of contrarian (glamour)
investment strategies. This paper seeks to determine whether similar expectation errors are
imbedded within the value portfolio itself when conditioning on the past performance of the
individual firms.

Consistent with the findingsin LaPorta et al. [1997], the average “value” firm earns
positive raw returns (0.0370) around the subsequent four quarterly earnings announcement

periods. These positive returns are indicative of an aggregate overreaction to the past poor
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performance of these fi rms.ELI However, when the value portfolio is partitioned by the aggregate
score (F_SCORE), returns during the subsequent quarterly earnings' announcement windows
appear to reflect an under-reaction to historical information. In particular, firms with strong prior
performance (high F_SCORE) earn approximately 0.049 over the subsequent four quarterly
earnings announcement windows, while the firms with weak prior performance (low F_SCORE)
only earn 0.008 over the same four quarters. This difference of 0.041 is statistically significant
at the one-percent level and is comparable in magnitude to the one-year “value’ versus
“glamour” firm announcement return difference observed in LaPorta et al. [1997]. Moreover,
approximately 1/6™ of total annual return difference between high and low F_SCORE firmsis
earned over just 12 trading days (less than 1/20™ of total trading days).

If these systematic return differences are related to slow-information processing, then the
earnings announcement results should be magnified (abated) when conditioned on small (large)
firms, firms with (without) analyst following and firms with low (high) share turnover.
Consistent with the one-year ahead results, the differences between the earnings announcement
returns of high and low F_SCORE firms are greatest for small firms, firms without analyst
following and low share turnover firms. For small firms, the four quarter earnings
announcement return difference is 5.1 percent, which represents nearly one-fifth of the entire
one-year return difference; conversely, thereis no significant difference in announcement returns

for large firms (see Panel B for summary of small firm results).

% For comparative purposes, LaPorta et al. [1997] report first year earnings announcement returns of
0.0353 for their high BM firm sample. Earnings announcement returns are calculated as the three day
buy-and-hold return (-1,+1) around the quarterly earnings announcement date (date 0). Earnings
announcement dates are gathered from Compustat. The annual earnings announcement period returns
equals the sum of buy-and-hold returns earned over the four quarterly earnings announcement periods
following portfolio formation.
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Overall, the pattern of earnings announcement returns, conditional on the past historical
information (i.e., F_SCORE), demonstrates that the success of fundamental analysisis at least
partially dependent on the market’ s inability to fully impound predictable earnings-rel ated

information into pricesin atimely manner.

Section 8: Conclusions

This paper demonstrates that a simple accounting-based fundamental analysis strategy,
when applied to abroad portfolio of high book-to-market firms, can shift the distribution of
returns earned by an investor. Although this paper does not purport to find the optimal set of
financial ratios for evaluating the performance prospects of individual “value” firms, the results
convincingly demonstrate that investors can use relevant historical information to eliminate firms
with poor future prospects from a generic high BM portfolio. | show that the mean return earned
by a high book-to-market investor can be increased by at least 7% percent annually through the
selection of financialy strong high BM firms and the entire distribution of realized returnsis
shifted to theright. In addition, an investment strategy that buys expected winners and shorts
expected losers generates a 23 percent annual return between 1976 and 1996 and the strategy
appears to be robust across time and to controls for alternative investment strategies.

Within the portfolio of high BM firms, the benefits to financial statement analysis are
concentrated in small and medium sized firms, companies with low share turnover and firms
with no analyst following and the superior performance is not dependent on purchasing firms
with low share prices. A positive relationship between the sign of theinitia historical
information and both future firm performance and subsequent quarterly earnings announcement

reactions suggests that the market initially under-reacts to the historical information. In
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particular, 1/6™ of the annual return difference between ex ante strong and weak firmsis earned
over the four three-day periods surrounding these earnings announcements.

Overall, the results are striking because the observed patterns of long-window and
announcement-period returns are inconsistent with common notions of risk. Fama and French
[1992] suggest that the BM effect is related to financia distress; however, anong high BM
firms, the healthiest firms appear to generate the strongest returns. The evidence instead
supports the view that financial markets slowly incorporate public historical information into
prices and that the “sluggishness’ appears to be concentrated in low volume, small, and thinly
followed firms. These results also corroborate the intuition behind the “life cycle hypothesis’
advanced in Lee and Swaminathan [2000a; 2000b]. They conjecture that early stage-momentum
losers that continue to post poor performance can become subject to extreme pessimism and
experience low volume and investor neglect (i.e., alate stage-momentum loser). Eventually, the
average late stage-momentum loser does “recover” and becomes an early stage-momentum
winner. The strong value firmsin this paper have the same financial and market characteristics
as Lee and Swaminathan’s late stage-momentum losers. Sinceit is difficult to identify an
individual firm’slocation in the life cycle, this study suggests that contextual fundamental
analysis could be a useful technique to separate late stage-momentum losers (so-called
“recovering dogs’) from early stage-momentum losers.

One limitation of this study is the existence of a potential data-snooping bias. The
financia signals used in this paper are dependent, to some degree, on previously documented
results; such abias could adversely affect the out-of-sample predictive ability of the strategy.
Whether the market behavior documented in this paper equates to inefficiency, or is the result of

arational pricing strategy that only appears to be anomalous, is a subject for future research.
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APPENDIX 1
One-year Market Adjusted Returnsto a Hedge Portfolio Taking a Long Position in Strong
F_SCORE Firms and a Short Position in Weak F_SCORE Firms by Calendar Year

This appendix documents one-year market-adjusted returns by calendar year to a hedge portfolio taking a
long position in firms with astrong F_SCORE (F_SCORE greater than or equal to 5) and a short position
in firmswith apoor F_ SCORE (F_SCORE lessthan 5). Returns are cumulated over a one-year period
starting four months after fiscal year end. A market-adjusted return is defined as the firm'’ s twelve-month
buy-and-hold return less the buy-and-hold return on the value-weighted market index over the same
investment horizon.

Strong F_SCORE Weak F_SCORE Strong — Weak Number of
Y ear Mkt.-adj. Returns Mkt.-adj. Returns  Return Difference observations
1976 0.337 0.341 -0.004 383
1977 0.195 0.128 0.067 517
1978 -0.041 -0.105 0.064 531
1979 0.184 -0.039 0.223 612
1980 0.143 0.058 0.085 525
1981 0.307 0.202 0.105 630
1982 0.249 0.222 0.027 473
1983 0.100 -0.249 0.349 257
1984 -0.070 -0.200 0.130 807
1985 -0.019 -0.081 0.062 468
1986 0.051 0.029 0.022 728
1987 -0.008 -0.105 0.097 1,007
1988 -0.049 -0.217 0.168 684
1989 -0.099 -0.063 -0.036 765
1990 0.276 0.119 0.157 1,256
1991 0.320 0.154 0.166 569
1992 0.273 0.203 0.070 622
1993 0.029 0.009 0.020 602
1994 -0.008 -0.007 -0.001 1,116
1995 -0.016 -0.142 0.126 876
1996 0.069 -0.078 0.147 715
Average 0.106 0.009 0.097 -
(t-stat) (3.360) (0.243) (5.059)
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TABLE 1
Financial and Return Characteristics of High Book-to-Market Firms (14,043 firm-year
observations between 1975 and 1995)

Panel A: Financial Characteristics

Standard Proportion with
Variable Mean Median Deviation Positive Signal

MVE 188.500 14.365 1015.39 n/a

ASSETS 1043.99 57.561 6653.48 n/a

BM 2.444 1721 34.66 n/a

ROA -0.0054 0.0128 0.1067 0.632
AROA -0.0096 -0.0047 0.2171 0.432
AMARGIN -0.0324 -0.0034 1.9306 0.454
CFO 0.0498 0.0532 0.1332 0.755
ALIQUID -0.0078 0 0.1133 0.384
ALEVER 0.0024 0 0.0932 0.498
ATURN 0.0119 0.0068 0.5851 0.534
ACCRUAL -0.0552 -0.0481 0.1388 0.780

Panel B: Buy-and-Hold Returnsfrom a High Book-to-Market | nvestment Strategy

10" 25" 75" 90" Per cent
Returns Mean Percentile Percentile Median Percentile Percentile Postive
One-year returns
Raw 0.239 -0.391 -0.150 0.105 0.438 0.902 0.610
Market-Ad;. 0.059 -0.560 -0.317 -0.061 0.255 0.708 0.437
Two-year returns
Raw 0.479 -0.517 -0.179 0.231 0.750 1.579 0.646
Market-Adj. 0.127 -0.872 -0.517 -0.111 0.394 1.205 0.432




TABLE 1 (Continued)

Financial and Return Characteristics of High Book-to-Market Firms (14,043 firm-year

Variable Definitions

MVE

ASSETS
BM
ROA

AROA

AMARGIN

CFO
ALIQUID

ALEVER

ATURN

ACCRUAL

1yr (2yr) Raw Return

Market-adjusted Return

observations between 1975 and 1995)

Market value of equity at the end of fiscal year t. Market valueis calculated
as the number of shares outstanding at fiscal year end times closing share
price.

Total assets reported at the end of the fiscal year t.

Book value of equity at the end of fiscal year t, scaled by MVE.

Net income before extraordinary items for the fiscal year preceding
portfolio formation scaled by total assets at the beginning of year t.
Changein annual ROA for the year preceding portfolio formation. AROA
is calculated as ROA for year t less the firm’s ROA for year t-1.

Gross margin (net sales less cost of good sold) for the year preceding
portfolio formation, scaled by net salesfor the year, less the firm’'s gross
margin (scaled by net sales) from year t-1.

Cash flow from operations scaled by total assets at the beginning of year t.
Changein the firm’'s current ratio between the end of year t and year t-1.
Current ratio is defined astotal current assets divided by total current
liabilities.

Changein the firm’ s debt-to-assets ratio between the end of year t and year
t-1. The debt-to-asset ratio is defined as the firm' stota long-term debt
(including the portion of long-term debt classified as current) scaled by
average total assets.

Changein the firm' s asset turnover ratio between the end of year t and year
t-1. The asset turnover ratio is defined as net sales scaled by average total
assetsfor the year.

Net income before extraordinary items less cash flow from operations,
scaled by total assets at the beginning of year t.

Twelve (twenty-four) month buy-and-hold return of the firm starting at the
beginning of the fifth month after fiscal year end. Return compounding
endsthe earlier of one year (two years) after return compounding started or
the last day of CRSP reported trading. If the firm delisted, the delisting
return is assumed to be zero.

Buy-and-hold return of the firm less the buy-and-hold return on the value-
weighted market index over the same investment horizon.
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TABLE 2
Spearman Correlation Analysis between One and Two-year Market-adjusted Returns, the Nine Fundamental Signals and the
Composite Signal (F_SCORE) for High Book-to-Market Firms

ROA AROCA  AMARGIN CFO ALIQUID ALEVER ATURN ACCRUAL EQ OFFER F SCORE

RETURN 0.106 0.044 0.039 0.104 0.027 0.058 0.049 0.051 0.012 0.124
MA_RET 0.086  0.037 0.042 0.096 0.032 0.055 0.034 0.053 0.041 0.121
M_RET2 0.099 0.039 0.045 0.113 0.029 0.067 0.023 0.064 0.043 0.130
ROA 1.000  0.265 0.171 0.382 0.127 0157  -0.016 -0.023 -0.076 0.512
AROA - 1.000 0.404 0.119 0.117 0.137 0.101 -0.019 0.040 0.578
AMARGIN - - 1.000 0.080 0.083 0.073 0.004 0.000 0.012 0.483
CFO - - - 1.000 0.128 0.094 0.041 0.573 -0.035 0.556
ALIQUID - - - - 1.000 -0.006 0.053 0.071 -0.018 0.395
ALEVER - - - - - 1.000 0.081 0.016 -0.023 0.400
ATURN - - - - - - 1.000 0.062 0.034 0.351
ACCRUAL - - - - - - - 1.000 -0.015 0.366
EQ OFFER - - - - - - - - - 0.232

Note: The nine individual factorsin this table represent indicator variables equa to one (zero) if the underlying performance measure was a good
(bad) signal about future firm performance. The prefix (“F_") for the nine fundamental signals was eliminated for succinctness. One-year market
adjusted returns (MA_RET) and two year market adjusted returns (MA_RET?2) are measured as the buy-and-hold return starting in the fifth month
after fiscal year end less the corresponding value-weighted market return over the respective holding period. All raw variables underlying the
binary signals are as defined in Table 1. The sample represents 14,043 high BM firm-year observations between 1975 and 1995.
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TABLE 3
Buy-and-Hold Returnsto a Value I nvestment Strategy based on Fundamental Signals

This table presents buy-and-hold returns to afundamental investment strategy based on purchasing high
BM firms with strong fundamental signals. F_SCORE is equa to the sum of nineindividua binary
signals, or

F SCORE =F ROA +F _AROA +F _CFO + F_ ACCRUAL + F_ AMARGIN

+F ATURN + F ALEVER + F_ALIQUID + EQ OFFER

where each binary signal equals one (zero) if the underlying realization is a good (bad) signal about future
firm performance. A F_SCORE equal to zero (nine) means the firm possesses the least (most) favorable
set of financial signals. The Low F_SCORE portfolio consists of firms with an aggregate score of O or 1;
the High F_SCORE portfolio consists of firms with a score of 8 or 9.

Panel A: One-year Raw Returns®

Mean 10% 25%  Median  75% 90%  %Postive  n
All Firms 0239 -0391 -0150 0105 0438 0902 0610 14,043
F_SCORE
0 0112  -0638 -0302 0000 0511 1051 0.491 57
1 0073  -0500 -0298 -0042 0253 0741 0.454 339
2 0159  -0512 -0278 0024 0369  0.898 0.520 859
3 0159  -0513 -0250 0034 0368 0867 0.535 1618
4 0202  -0412 -0181 0070 0412 0875 0573 2462
5 0234  -0375 -0146 0114 0447 0900 0.616 2787
6 0294  -0333 -0107 0143 0470 00908 0.651 2579
7 0304  -0294 -0070 0164 0487 0941 0.681 1894
8 0304 -0265 -0066 0163 0483 0922 0.675 1115
9 0341  -0272 -0102 0167 0506  1.200 0.661 333
Low Score 0078  -0589 -0300 -0027 0270 0773 0.460 39
High Score 0313  -0267 -0074 0166 0484 0955 0.672 1448
High — All 0074 0124 0076 0061 0046 0.053 0.062 -
t-stat/(p-value)  3.279 - - (0.000) - - (0.000) -

Bootstrap Rdt ~ 1/1000 (/1000  0/1000  0/1000  16/1000  110/1000 - -
(p-value) (0.001) (0.000) (0.000) (0.000) (0.016)  (0.110) - -

High — Low 0.235 0.322 0.226 0.193 0.214 0.182 0.212 -
t-stat/(p-value) 5.594 - - (0.000) - - (0.000) -

Bootstrap Rdt  0/1000  0/1000  0/1000  0/1000  0/1000  28/1000 - -
(p-value) (0.000) (0.000) (0.000) (0.000) (0.000)  (0.028) - -
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TABLE 3 (Continued)
Buy-and-Hold Returnsto a Value I nvestment Strategy based on Fundamental Signals

Panel B: One-year Market-adjusted Returns’

Mean 10% 25% Median 5% 90% % Poditive n

All Firms 0.059 -0.560 -0.317 -0.061 0.255 0.708 0.437 14,043

F_SCORE
0 0061 -0.710 -0450 -0.105 0372  0.766 0.386 57
1 0102  -0.796  -0463 -0203 0087  0.490 0.307 339
2 0020 -0.686 -0440 -0151 0198  0.732 0.374 859
3 0015 -0691 -0411 -0142 0186  0.667 0.375 1618
4 0026 -0581 -0351 -0.100 0229  0.691 0.405 2462
5 0053 -0543 -0.307 -0059 0255  0.705 0.438 2787
6 0112 -0493 -0278 -0024 0285 0711 0.471 2579
7 0116  -0466 -0251 -0011 0301  0.747 0.489 1894
8 0127 -0462 -0226 0003 0309 0710 0.504 1115
9 0159 -0459 -0265 -0012 0327 0885 0.486 333

Low Score -0.096 -0.781 -0.460 -0.200 0.107 0.548 0.318 396

High Score 0.134 -0.462 -0.236 0.000 0.316 0.757 0.500 1448

High —All 0.075 0.098 0.081 0.061 0.061 0.049 0.063 -

t-stat/(p-value)  3.140 - - (0.000) - - (0.000)

Bootstrap Rt 2/1000  0/1000 /1000  0/1000  2/1000  126/1000 - -
(pvaug)  (0.002) (0.000) (0.000) (0.000) (0.002)  (0.126) - -

High—Low 0.230 0.319 0.224 0.200 0.209 0.209 0.182 -

t-stat/(p-value)  5.590 - - (0.000) - - (0.000)

Bootstrap RSt 0/1000  0/1000 /1000  0/1000  0/1000  18/1000 - -
(p-value) (0.000) (0.000) (0.000) (0.000) (0.000)  (0.018) - -
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TABLE 3 (Continued)
Buy-and-Hold Returnsto a Value I nvestment Strategy based on Fundamental Signals

Panel C: Two-year Market-adjusted Returns’

Mean 10% 25% Median 75% 90% % Positive n

All Firms 0.127 -0.872 -0.517 -0.111 0.3%4 1.205 0.432 14,043

F_SCORE
0 0064 -0939 -0.772 -0288 0151 1785 0.298 57
1 0179  -1.066 -0772 -0.368 0090  0.79 0.277 339
2 0038 -1.031 -0.752 -0278 0329 1139 0.367 859
3 0002  -1.022 -0658 -0230 0286 1117 0365 1618
4 0096 -0903 -0558 -0.158 0338 1145 0404 2462
5 0130 -0.855 -0513 -0.108 0395 1193 0439 2787
6 0.164 -0778 -0.464 -0060 0428 1183 0460 2579
7 0195 -0717 -0391 -0025 0466 1319 0486 1894
8 0309 -0665 -0376 0012 0507 1459 0509 1115
9 0213 -0773 -0388 -0011 0616 1342 0.493 333

Low Score -0.145 -1.059 -0.772 -0.367 0.108 0.829 0.280 396

High Score 0.287 -0.690 -0.377 0.006 0.532 1414 0.505 1448

High —All 0.160 0.182 0.140 0.117 0.138 0.209 0.073 -

t-stat/(p-value)  2.639 - - (0.000) - - (0.000)

Bootsrap Rdt  0/1000  0/1000 /1000  0/1000 /1000  7/1000 - -
(pvaue)  (0.000) (0.000) (0.000) (0.000) (0.000)  (0.007) - -

High —Low 0.432 0.369 0.395 0.373 0.424 0.585 0.225 -

t-stat/(p-value)  5.749 - - (0.000) - - (0.000)

Bootstrap Rt 0/1000  0/1000  0/1000  0/1000 /1000  0/1000 - -
(pvaug)  (0.000) (0.000) (0.000) (0.000) (0.000)  (0.000) - -
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TABLE 3 (Continued)
Buy-and-Hold Returnsto a Value I nvestment Strategy based on Fundamental Signals

Panel D: Portfolios formed on the Sum of Ranked Fundamental Signals®

Mean 10% 25% Median 75% 90% % Positive n

One-year Market-adjusted Returns”

All Firms 0.059 -0.560 -0.317 -0.061 0.255 0.708 0.437 14,043

RANK_SCORE
Quintile®
1 0.005 -0.677 -0.407 -0.133 0.223 0.720 0.386 2892
2 0.040 -0.579 -0.335 -0.081 0.250 0.672 0.421 2843
3 0.061 -0.525 -0.314 -0.059 0.251 0.712 0.436 2708
4 0.098 -0.485 -0.274 -0.026 0.279 0.709 0.468 2818
5 0.097 -0.490 -0.267 -0.020 0.276 0.737 0.472 2788
High—All 0.038 0.070 0.050 0.041 0.021 0.029 0.035 -
t-stat/(p-value)  1.979 i i (0.000) - i (0.000) ;

High—Low® 0092 0187 0140 0113 0053  0.017 0.086 -
t-stat/(p-value)  4.488 - - (0.000) - - (0.000)

Two-year Market-adjusted Returns®

All Firms 0.127 -0.872 -0.517 -0.111 0.394 1.205 0.432 14,043

RANK_SCORE
Quintile®
1 0.061 -1.016 -0.682 -0.245 0.333 1.161 0.375 2892
2 0.104 -0.903 -0.547 -0.126 0.413 1.249 0.429 2843
3 0.121 -0.855 -0.488 -0.110 0.377 1.147 0.429 2708
4 0.166 -0.758 -0.442 -0.051 0.423 1.219 0.464 2818
5 0.186 -0.761 -0.444 -0.056 0.436 1.238 0.466 2788
High—All 0.059 0.111 0.073 0.055 0.042 0.033 0.034 -
t-stat/(p-value)  1.891 i i (0.004) - i (0.000) ;

High—Low® 0125 0255 0238 0189 0103  0.077 0.091 -
t-stat/(p-value)  2.461 - - (0.000) - - (0.000)
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Notes:

& A raw return is calculated as the twelve month buy-and-hold return of the firm starting at the beginning
of the fifth month after fiscal year-end. Return compounding ends the earlier of one year after return
compounding starts or the last day of CRSP reported trading. If the firm delisted, the delisting returniis
assumed to be zero.

® A market-adjusted return equals the firm'’ s twelve-month buy-and-hold return (as defined in Panel A)
less the buy-and-hold return on the value-weighted market index over the same investment horizon.

° A two-year raw return is calculated as the twenty-four month buy-and-hold return of the firm starting at
the beginning of the fifth month after fiscal year end. Return compounding ends the earlier of two years
after return compounding starts or the last day of CRSP reported trading. If the firm delisted, the
delisting return is assumed to be zero. A two-year market-value adjusted return equals the firm’ s twenty
four-month buy-and-hold return less the buy-and-hold return on the value-weighted market index over the
same investment horizon.

9 Each year, theindividual signal realizations (e.g., ROA, CFO, etc.) are independently ranked between
zero and one. RANK _SCORE equals the sum of the firm’ s ranked realizations. Firms are assigned to
quintile portfolios by RANK _SCORE; the quintile cutoffs are determined by the prior fiscal year's

RANK _SCORE digtribution.

® The High (Low) RANK _SCORE portfolio equals those firmsin quintile five (one).

" T-statistics for portfolio means (p-values for medians) are from two-sample t-tests (signed rank
wilcoxon tests); empirica p-values are from bootstrapping procedures based on 1,000 iterations. P-
values for the proportions are based on a binomial test of proportions.
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Table4
One-Year Market-adjusted Buy-and-Hold Returnsto a Value I nvestment Strategy based on
Fundamental Signals by Size Partition

Small Firms Medium Firms LargeFirms

Mean Median n Mean Median n Mean Median n

All Firms  0.091 -0.077 8302 0.008 -0.059 3906 0.003 -0.028 1835

F_SCORE
0 0.000 -0.076 32 -0.146  -0.235 17 -0.120  -0.047 8
1 -0.104  -0.227 234 -0.083 -0228 79 -0.136  -0.073 26
2 -0.016 -0.171 582 -0.045 -0.131 218 0.031 -0.076 59
3 0.003 -0.168 1028 -0.049 -0.108 429 -0.036 -0.068 161
4 0.058 -0.116 1419 -0.024 -0.104 687 -0.002 -0.023 356
5 0079 -0.075 1590 0.028 -0.060 808 -0.004 -0.031 389
6 0.183  -0.030 1438 0029 -0041 736 0.012  -0.004 405
7 0.182 0.005 1084 0.027 -0.028 540 0.028 -0.015 270
8 0.170 0.001 671 0.081 0.024 312 0012 -0041 132
9 0204  -0017 224 0.068  0.032 80 0.059  -0.045 29

Low Score -0.091 -0.209 266 -0.094 -0232 96 -0.132  -0.066 34

High Score 0.179  -0.007 895 0079 0.024 392 0020 -0.045 161

High—All  0.088 0.070 - 0.071  0.083 - 0.017 -0.017 -

t-statistic/ 2456  (0.000) - 2.870  (0.000) - 0.872  (0.203) -

(p-value)
High—Low 0.270 0.202 - 0173  0.256 - 0.152 0.021 -

t-statigtic/ 4.709  (0.000)
(p-value)

2.870  (0.000)

1.884  (0.224)

Notes. Each year, al firms on COMPUSTAT with sufficient size and BM data are ranked on the basis of
the most recent fiscal year-end market capitalization. The 33.3 and 66.7 percentile cutoffs from the prior
year’ s distribution of firm size (MVE) are used to classify the high BM firmsinto small, medium and
large firms each year. All other definitions and test statistics are as described in Table 3.
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TABLE S

One-Year Market-adjusted Buy-and-Hold Returns to a Value I nvestment Strategy based on
Fundamental Signalsby Share Price, Trading Volume and Analyst Following Partitions

Pand A: SharePrice®

Small Price Medium Price LargePrice

Mean Median n Mean Median n Mean Median n
All Firms 0.092 -0.095 7250 0.018 -0.046 4493 0.065 0.002 2300
Low Score -0.092 -0.210 285 -0.099 -0.189 87 -0.124 -0126 24
High Score 0.154 -0016 749 0.159 0.044 485 0.008 -0.034 214
High-Low Diff. 0.246  0.194 - 0.258 0.233 - 0.132 0.092 -
t-stat / (p-value) 4.533  (0.000) - 3.573 (0.000) - 1.852 (0.099) -
Pane B: Trading Volumée®

Low Volume Medium Volume High Volume

Mean Median n Mean Median n Mean Median n
All Firms 0.101 -0.044 7661 0.011 -0.092 3664 0.028 -0.033 2718
Low Score -0.072 -0.191 217 -0.108 -0.206 110 -0.149 -0.235 69
High Score 0.167 0.013 998 0.067 -0.020 280 0.054 -0034 170
High-Low Diff. 0.239 0.204 - 0.175 0.186 - 0203 0.201 -
t-stat / (p-value) 4.417 (0.000) - 2.050 (0.001) - 2.863 (0.000) -
Panel C: Analyst Following®

With Analyst Following No Analyst Following
Mean Median n Mean Median n

All Firms 0.002 -0.065 5317 0.101 -0.044 8726
Low Score -0.093 -0.169 159 -0.097 -0.209 237
High Score 0.021 -0.024 415 0.180 0.012 1033
High-L ow Diff. 0.114 0.145 - 0.277 0.221 -
t-stat / (p-value) 1.832 (0.000) - 5.298 (0.000) -
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Notes:
& Share price equalsthe firm’s price per share at the end of the fiscal year preceding portfolio formation.

® Trading volume represents share turnover, defined as the total number of shares traded during the prior
fiscal year scaled by the average number of shares outstanding during the year.

¢ Analyst following equals the number of forecasts reported on I/B/E/S during the last statistical period of
the year preceding portfolio formation.

4 Firms are classified into share price and trading volume portfolios in a manner similar to firm size (see

Table 4).



TABLE 6
Descriptive Statistics for the Portfolios of High and Low F_SCORE Firms and the Complete
High Book-to-market Portfolio

All HighF_SCORE Low F_SCORE High - Low t-stat

Variable Firms Firms Firms Difference (p-value)
MVE

mean 188.50 178.38 81.44 96.94 2.388

median 14.37 1141 11.96 -0.55 (0.4533)
BM ratio

mean 2.444 2.079 2.000 0.079 1.141

median 1721 1.856 1.709 0.147 (0.0095)
Leverage

mean 0.224 0.211 0.2214 -0.010 1.187

median 0.206 0.196 0.203 -0.007 (0.9760)
Momentum

mean 0.024 0.129 -0.105 0.234 10.76

median -0.031 0.066 -0.144 0.210 (0.0001)
Accruals

mean -0.057 -0.083 0.051 -0.134 25.99

median -0.049 -0.069 0.033 -0.102 (0.0001)

Notes: High and low F_SCORE firms are as defined in Table 3. Differencesin mean (median)
reaizations between the high F_SCORE firms and low F_SCORE firms are measured; T-statistics for
differences in means (p-values for medians) from two-sampl e t-tests (signed rank wilcoxon tests) are
presented.

Variable definitions;

MVE Market value of equity at the end of fiscal year t. Market value is calculated as the
number of shares outstanding at fiscal year end times closing share price.

BM Book value of equity at the end of fiscal year t, scaled by MVE.

LEVERAGE Debt-to-assets ratio at the end of year t. The debt-to-asset ratio is defined as the

firm total long-term debt (including the portion of long-term debt classified as
current) scaled by average total assets.

MOMENTUM Six-month market-adjusted buy-and-hold return over the six months directly
preceding the date of portfolio formation.
ACCRUAL Net income before extraordinary items less cash flow from operations, scaled by

beginning of the year total assets.
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TABLE 7
Cross-Sectional Regression

This table presents coefficients from the following cross-sectiona regression:

MA_RET=a + B,log(MVE) + B.log(BM;) + Bs;MOMENT; + B,ACCRUAL,
+ BsEQ_OFFER; + BsF_SCORE,

Panel A presents coefficients from a pooled regression; panel B presents the time-series average

coefficients from 21 annual regressions (1976-1996) where the t-statistic is based on the distribution of

the estimated annua coefficients. For purposes of model estimation, the variables MOMENT and

ACCRUAL were replaced with their portfolio decile ranking (1 through 10) based on annual cutoffs

derived from the entire population of Compustat firms. (n=14,043)

Panel A: Coefficients from Pooled Regressions

Intercept  log(MVE) log(BM) Moment Accrua EQ OFFER F SCORE Adj.R?

(1) 0.101 -0.030 0.085 - - - - 0.0096
(5.597) (-7.703) (5.445) - - - -

(2 -0.077 -0.028 0.103 - - - 0.031 0.0146
(-2.907) (-7.060) (6.051) - - - (8.175)

3 0.110 -0.028 0.083 0.012 -0.004 -0.035 - 0.0119
(5.894) (-7.194) (5.307) (5.277)  (-1.811) (-2.393) -

(4) -0.057 -0.028 0.103 0.006 -0.003 -0.007 0.027 0.0149
(-1.953) (-6.826) (5.994) (2.475) (-1.253) (-0.432) (6.750)

Panel B: Time-series Average of Coefficientsfrom 21 Annual Regressions (1976-1996)

Intercept log(MVE) log(BM) Moment Accrua EQ OFFER F_SCORE
(1) -0.030 -0.027 0.122 - - - 0.031

(-0.556) (-3.779) (4.809) - - - (7.062)
2 -0.040 -0.028 0.127 -0.000 0.001 0.008 0.032

(-0.669) (-4.234) (4193) (-0.035)  (0.141) (0.7312) (5.889)

Variable Definitions:

MA_RET One-year market-adjusted return and equals the firm’ s twel ve-month buy-and-hold return
less the buy-and-hold return on the value-weighted market index over the same
investment horizon.

MVE Market value of equity at the end of fiscal year t. Market valueis calculated asthe

number of shares outstanding at fiscal year end times closing share price.
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BM
MOMENT

ACCRUAL
EQ OFFER

F_SCORE

Book value of equity at the end of fiscal year t, scaled by MVE.
Six-month market-adjusted buy-and-hold return over the six months directly preceding
the date of portfolio formation.
Net income before extraordinary items less cash flow from operations, scaled by
beginning of the year total assets.
Indicator variable equal to oneif the firm raised equity capital during the prior fiscal
year, zero otherwise.
Sum of nineindividual binary signals, or

F SCORE=F ROA +F _AROA +F_CFO + F_ ACCRUAL + F AMARGIN

+F ATURN + F ALEVER + F_ALIQUID + EQ OFFER

where each binary signal equals one (zero) if the underlying realization is a good (bad)
signal about future firm performance.
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TABLE 8
Ability of Alternative Historical Financial Measuresto Differentiate Winnersfrom Losers

Panels A and B of this table present the relationship between one-year market-adjusted returns and two historical
financial measures: financial distress and change in profitability. Each year, al firms on COMPUSTAT with
sufficient financial statement data are ranked on the basis of the most recent fiscal year-end measures of financial
distress (Altman’s Z-score) and change in annual profitability (AROA). The 33.3 and 66.7 percentile cutoffs are
used to classify the value firmsinto high, medium and low portfolios. Financial distressis measure by Altman’s z-
statistic. Historical change in profitability is measured by the difference between year t and t-1 net income before
extraordinary items scaled by beginning of year t and year t-1 total assets, respectively. All other definitions and test
statistics are as described in Table 3.

Pand A: Financial Distress

High Distress Medium Distress Low Distress
Mean Median Mean Median Mean Median
Return Return n Return Return n Return Return n

By financial distress partition:
All Firms 0.042 -0.066 7919 0.073  -0.045 4332 0103 -0.072 1792

Differentiation based on F_SCORE:

Low Score -0.060 -0.065 270 0145 0000 92 0245  -0.107 34
High Score 0127 0170 574 0149 0167 595 0118 0148 279
High—L ow Diff. 0187  0.235 - 0294 0167 - 0363 0255 -
t-dat/(p-value ~ 2.806  (0.000) - 5219  (0.000) - 4363  (0.000) -

Panel B: Historical Changein Profitability

High AROA Medium AROA Low AROA
Mean Median Mean Median Mean Median
Return Return n Return Return n Return Return n
By profitability partition:
All Firms 0.107" -0.051 3265 0.057 -0.035 4391 0.037 -0.087 6387

Differentiation based on F_ SCORE:

Low Score 0181  -039%5 44 0021 -0095 105 -0.040 -0171 1106
High Score 0127  -0019 1520 0109 -0.006 1462 0171 0024 320
High—L ow Diff. 0308  0.376 - 0130  0.089 - 0211 019 -
t-stat/ (p-value) 2634  (0.000) - 2151 (0.016) - 4814 (0.000) -

™ ) Significantly different than the mean return of the low change in profitability portfolio (high financial distress
portfolio) at the one-percent (ten-percent) level.
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TABLE 8 (Continued)
Ability of Alternative Historical Financial Measuresto Differentiate Winnersfrom Losers

Panel C of this table presents one-year market-adjusted returns conditional on the interaction of two components of
change in profitability: change in asset turnover and change in gross margins. Firms were assigned to portfoliosin a
manner consistent with Panels A and B. Median returns are presented in parenthesis below reported mean portfolio
returns. Mean (median) return differences between strong/high signal and weak/low signal firms are tested using a
two-sample t-tested (signed rank wilcoxon test). Strong (weak) firms are defined as the observations below (above)
the off-diagonal of the matrix. AMARGIN equals the firm’'s gross margin (net sales less cost of good sold) for the
year preceding portfolio formation, scaled by net sales for the year, less the firm’s gross margin (scaled by net sales)
fromyear t-1. AASSET_ TURN equals the change in the firm’' s asset turnover ratio between the end of year t and
year t-1. The asset turnover ratio is defined as net sales scaled by average total assetsfor the year.

Panel C: Decomposition of AROA: Changesin Asset Turnover and Gross Margins’

ATURN
Low Medium High Unconditional High— Low
-0.019 0.032 0.076 0.031 0.095
Low (-0.125) (-0.061) (-0.092) (-0.092) (0.033)
A 1726 1902 1912 5540 -
M
A -0.004 0.047 0.130 0.059 0.134
R Medium (-0.102) (-0.033) (-0.003) (-0.044) (0.099)
G 1331 1428 1452 4211 -
|
N 0.098 0.057 0.137 0.096 0.039
High (-0.050) (-0.036) (-0.045) (-0.042) (0.005)
1364 1530 1398 4292 -
Unconditional 0.021 0.044 0.110 0.060 0.089°
(-0.098) (-0.044) (-0.045) (-0.061) (0.053)°
4421 4860 4762 - R
High - Low 0.117 0.025 0.061 0.065% -
(0.075) (0.025) (0.047) (0.050) -
Portfolio-level returns:
Mean 10% 25% Median 75% 90% % Positive n
Strong Firms 0.107 -0.521 -0.290 -0.028 0.294 0.760 0.469 4380
Weak Firms 0.005 -0.586 -0.342 -0.095 0.206 0.605 0.402 4959
Strong - Weak 0.102 0.065 0.052 0.067 0.088 0.155 0.067 -
t-stat/(p-value) 5.683 - - (0.000) - - (0.000) -

& T-gtatistic = 3.579; Signed rank wilcoxon p-value = 0.0001
b T-statistic = 4.659; Signed rank wilcoxon p-value = 0.0001
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TABLE9
Future Earnings Performance based on Fundamental Signals

This table presents the one-year ahead mean realizations of return on assets and delisting propensity for
the complete sample of high BM firms and by these firms' aggregate fundamental analysis scores
(F_SCORE). ROA eguasincome before extraordinary items scaled by beginning of the year total assets.
The difference between the mean return on assets of the high and low F_SCORE firmsistested using a
two-sample t-test. Delisting information was gathered through CRSP for the two year period subsequent
to portfolio formation. A delisting is categorized as performance-related if the CRSP code was 500
(reason unavailable), 520 (moved to OTC), 551-573 and 580 (various reasons), 574 (bankruptcy) and 584
(does not meet exchange financia guiddines). See Shumway (1997) for further details on classification.
The difference in delisting proportions between the high and low F_SCORE firmsistested using at-
statistic from abinomial test.

Mean Proportion of firmswith
ROA.1 Performance Delisting n
All firms -0.014 0.0427 14,043
F_SCORE
0 -0.080 0.070 57
1 -0.079 0.106 339
2 -0.065 0.079 859
3 -0.054 0.064 1618
4 -0.034 0.052 2462
5 -0.010 0.036 2787
6 0.006 0.032 2579
7 0.018 0.028 1894
8 0.028 0.017 1115
9 0.026 0.021 333
Low F_SCORE -0.079 0.101 396
High F_SCORE 0.027 0.018 1448
High-L ow Diff. 0.106 -0.083 -
(t-statistic) (15.018) (-7.878) -
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TABLE 10
Relationship between F_SCORE and Subsequent Earnings Announcement Reactions

This table presents mean stock returns over the subsequent four quarterly earnings announcement periods following
portfolio formation. Quarterly earnings announcement dates are gathered from the Compustat Quarterly Industrial
tape. Announcement returns are measured as the buy-and-hold returns earned over the three-day window (-1, +1)
surrounding each earnings announcement (date 0). Mean returns for a particular quarter represents the average
announcement return for those firms with returns available for that quarter. The total earnings announcement return
for each firm (i.e., all quarters) equals the sum of the individual quarterly earnings announcement returns. |If
announcement returns are not available for all four quarters, the total announcement return equals the sum of
announcement returns over the available dates. The mean “all quarters’ return for each portfolio is the average of
these firm-specific total earnings announcement returns. The difference between the mean announcement returns of
the high and low F_SCORE firmsis tested using a two-sample t-test. Earnings announcement dates were available
for 12,426 of the 14,043 high BM firms. One-year market-adjusted returns (MARET) for this sub-sample are
presented for comparison purposes. Panel B presents summary data for the sample of small high BM firms.

Panel A: All High BM Firms

lyr MARET 1% Quarter 2™ Quarter  3“Quarter 4" Quarter  All Quarters

All value firms 0.070 0.009 0.007 0.010 0.011 0.037
F_SCORE

0 -0.039 0.018 0.006 -0.018 0.020 0.024

1 -0.075 -0.002 0.009 -0.001 -0.001 0.005

2 0.009 0.006 0.013 0.011 0.003 0.029

3 0.002 0.009 0.003 0.005 0.009 0.023

4 0.035 0.009 0.004 0.006 0.011 0.028

5 0.065 0.010 0.013 0.013 0.014 0.046

6 0.106 0.009 0.004 0.010 0.008 0.029

7 0.128 0.009 0.007 0.012 0.011 0.037

8 0.135 0.008 0.009 0.020 0.015 0.047

9 0.175 0.019 0.010 0.012 0.018 0.054

Low SCORE -0.070 0.001 0.009 -0.003 0.003 0.008

High SCORE 0.144 0.010 0.009 0.018 0.016 0.049

High-L ow Diff. 0.214 0.009 0.000 0.021 0.013 0.041

(t-statistic) (4.659) (1.560) (0.075) (3.104) (2.270) (3.461)

Pand B: Small Firms;

1% Quarter 2" Quarter 3" Quarter 4" Quarter  All Quarters

Low SCORE -0.002 0.020 -0.002 0.004 0.017
High SCORE 0.016 0.016 0.023 0.023 0.068
High-L ow Diff. 0.018 -0.004 0.025 0.019 0.051

(t-statistic) (1.750) (0.396) (2.559) (2.146) (3.000)
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FIGURE 1
One-year Market Adjusted Returns to a Hedge Portfolio based on a
Fundamental Analysis Strategy by Calendar Year

Thisfigure documents one-year market adjusted returns by calendar year to a hedge portfolio taking a
long position in firms with astrong F_ SCORE (F_SCORE greater than or equal to 5) and a short position
infirmswith aweak F_SCORE (F_SCORE lessthan 5). Returns are cumulated over a one-year period
starting four months after fiscal year end. A market-adjusted return is defined as the firm’ s twelve-month
buy-and-hold return less the buy-and-hold return on the value-weighted market index over the same
investment horizon.
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