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Abstract

This paper investigates the combined use of two investment strategies, each of which, a
number of researchers believe, indicate some degree of equity market inefficiency; firstly, a
strategy using financial statement variables identified by Piotroski (2000) which provide
information on strength of companies that is inadequately priced in the market, and; second,
the purchase of ,,loser” companies, i.e. those showing the worst five-year returns companies.
Financial statement variables are used to establish an overall financial strength score (L-
score) for loser companies. We then test whether the market fully incorporates information
contained in the financial statements of losers. Despite portfolios of losers out-performing
the market in the five post-portfolio formation years, the majority of individual losers
companies under-perform. We successfully differentiate between strong losers and weak
losers using the L-score. Furthermore the out-performance during the test period for high L-
score firms is most marked in the small firm segment, suggesting a market neglect factor.

The out-performance of high L-score losers is robust to various risk tests.
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1. Introduction

Considerable research documents that shares which previously experienced extreme
sub-market performance over three to five years go on to produce market out-performing
returns, on average. For example, Arnold and Baker (2005) show high returns to purchasing
long-term UK loser shares. That is, shares producing the lowest returns over a five year
period go on to out-perform the market index by 8.9% per year on average in the
following five years, over the study period 1960 - 2000.

They, and other researchers, report the average performance of each formation of the
,Jloser™ portfolios without a more detailed breakdown. It seems reasonable to postulate that
within these portfolios a high proportion of the shares continue to under-perform. This is
indeed the case. We find in this paper that the overall success of the strategy of buying losers
is dependent on the performance of a minority of the firms. These returns are sufficiently
large so as to outweigh the poor performance of many deteriorating loser companies. We
show that only 47% of loser firms earn positive market-adjusted returns during the five years
following portfolio formation. On average, 7% of losers are liquidated during the five test
period years, leaving 46% that survive but under-perform the market.

Given the wide variety of loser test period performance and the fact that a majority of
losers under-perform it is plausible to argue a priori that investors could benefit by
discriminating, ex ante, between weak and strong companies. The motivation for this paper
is to answer the simple question of whether a financial statement-based heuristic can
discriminate between loser firms with weak prospects and those with strong prospects. In
other words, can an accounting-based fundamental analysis, when applied to a broad

portfolio of loser firms, shift the distribution of returns earned by an investor?
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The evidence we present shows that the market fails to fully incorporate historical
financial information into prices in a timely manner. Not all loser shares are equal in terms of
future returns: a stronger portfolio can be created for a loser strategy by using a simple
screen based on financial statements. We thus provide more descriptive evidence on the
return reversal puzzle.

More specifically, we show, first, that the mean return earned by small-market
capitalization loser shares can be increased by 16% in the twelve months following portfolio
formation through the selection of financially strong losers. Second, a strategy of purchasing
the financially strong small losers and shorting the weak small losers generates a 27% return
in the twelve months following portfolio formation between 1981-2005. If the small firm
arbitrage portfolio is maintained for 24 months the return is 80%j; if it is held for 36 months,
115%. Returns to this strategy are shown to be robust across time.

Third, we find evidence supporting the predictions of behavioural models (e.g. Hong
and Stein, 1999, Barberis, Schleifer and Vishny, 1998 and Daniel, Hirshleifer and
Subrahmanyam, 1998). This is because the strategy is less effective for shares subject to
more rapid information dissemination, i.e. large companies that tend to have a wider
following among analysts. The effectiveness of financial statement analysis strategy in
differentiating between strong and weak loser firms is greatest in smaller firms, that is,
companies with a fewer (no) analysts following and less rapid information dissemination.
Finally, we show that a plausible explanation for the above results is the failure of the market
to fully recognize the high relative potential of the strong accounting-fundamentals firms to
produce superior economic returns on funds invested within the business (as measured by
return on capital employed over the five test period years) compared with the weak
companies. Not only do weak firms display lower ROCE in the five years following portfolio
formation but they are also three times more likely to be liquidated than firms showing strong

accounting-fundamental signals.



2. Literature review

A convincing long-term return reversal effect has been shown in US studies (e.g. De
Bondt and Thaler, 1985, 1987; Chopra, et. al., 1992) and in the UK market (Dissanaike,
1997 and 2002, and Arnold and Baker, 2005). Prior period extreme positive return shares
(over 3 to 5 years) subsequently under perform the market, whereas those shares that perform

the worst over a sequence of years then, on average, produce returns significantly greater

. .. . 1
than the market as a whole. Studies from around the world have drawn similar conclusions .

The phenomenon is demonstrated to be robust to various risk analyses, the influence of size
and market-to-book ratio.

Another strand of research takes the perspective that the firm™s fundamental values
are indicated by information in financial statements. Share prices deviate at times from these,
and only slowly gravitate toward fundamental values. Thus, analysis of published financial
statements can discover values that are not reflected in share prices. Several papers document
the market™s inability to fully process the implications of various financial signals (e.g.
Foster, et. al., 1984, Sloan, 1996, Michaely, et. al., 1995, Piotroski, 2000 and Hirshleifer, et.
al., 2004). Multiple pieces of information available from firm"s financial statements are used
to predict future excess returns (Ou and Penman, 1989a, 1989b, Holthausen and Larcker,
1992, Lev and Thiagarajan, 1993, Abarbanell and Bushee, 1997, Richardson, et. al., 2003
and Fairfield, et. al., 2003). Linked to this ,,predictability anomaly* may be the observation
that financial analysts pay less attention to poor-performing, low-volume or small firms
(McNicholls and O*Brien, 1997, and Hayes, 1998). They have a bias in recommending those
with a strong recent performance (Stickel, 2000, Jegadeesh et. al. 2004). One possible

explanation for this is that, on an individual basis, the typical loser share
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will continue to under-perform. So, despite the documented out-performance of a loser
portfolio analysts may risk ridicule and loss of credibility by recommending prior
period losers as most of the these recommendations will turn out to be bad.

This paper brings together these two lines of research by aggregating a range

of financial signals to create a loser firm*s overall signal.

3. Data, Sample and Method

3.1 Financial statement data signals

Piotroski (2000) shows that the combined use of nine selected accounting variables
has greater power to discriminate between stronger and weaker firms in terms of their
future returns than alternative fundamental based factors (e.g. Altman®s z-score or the

historical change in profitability). Thus, the financial signals we use to establish the strength

) o g ii . - -
of loser firms are his nine factors . These financial signals measure three areas of the

company*s financial position, namely profitability, financial gearing/liquidity and operating
efficiency. A binary approach is taken in which a signal (e.g. rise or fall in return on capital
employed last year compared with the previous year) is classified as either ,,good" or ,,bad",
depending on the signal“s implication for future share returns and profitability. If the signal
is good it contributes a value of one to the overall L-score. Given that there are nine signals
the maximum L-score is nine. If the signal is bad then the contribution is zero. Therefore
the lowest L-score is zero. Thus we have 10 levels of aggregate financial signal strength,
from 0 to 9.

In what follows year t is the year of portfolio formation.
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3.1.1 Profitability signals

The level of profits and cash flow of the company provide information about its
current ability to generate internal funds. Many loser firms are loss making, so any loser
generating profits and/or positive cash flow is showing an ability to produce funds by
operating its business. Also, it seems reasonable to assume that those firms with a positive
profit trend have a greater ability to generate positive future cash flows.

The profitability signals are:
1. Return on capital employed

ROCE = Earnings before interest and tax, t-1
Total capital employed + short term borrowings - total intangibles, t-

1 Datastream code: 707111

2. Operating cash flow return on assets

CFO = (Operating profit + depreciation - change in stock and work in progress - change in
debtors + change in creditors, year t-1) ¢Total assets employed, beginning of year t-1)

CFO"" =Datastream code: 137 + 402 —445 -448 + 417 (t-1)
Datastream code: 391 (t-2)

3. AROCE = Year t-1 ROCE - Year t-2 ROCE

(Datastream code: 707 for each year)

4. Cash flow minus profit

ACCRUAL = (Operating profit + depreciation - change in stock and work in progress -

change in debtors + change in creditors - pre-tax profitV, t-B) (Total assets employed,
beginning of year t-1)

ACCRUAL = Datastream code: 137 + 402 — 445 - 448 + 417 - 154 (t-1)
Datastream code: 391 (t-2)
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If ROCE is positive the value of one is assigned, zero otherwise.
If CFO is positive the value of one is assigned, zero otherwise.

If AROCE is positive the value of one is assigned, zero otherwise

If ACCRUAL is positive the value of one is assigned, zero otherwise
(ROCE can be used for all companies, even those with negative ROCE:s in the prior two
years because an improving trend will give a positive value and, therefore contribute one to

the aggregate L-score.)

3.1.2 Gearing, Liquidity and Source of Funds Signals

Given that many loser firms are financially constrained we assume that an increase in
financial gearing, a worsening liquidity or the raising of external finance is a bad signal. The

signals are:

5. Change in financial gearing

AGEAR = Total debt + pref. capital, yeart-2 -  Total debt + pref. capital, year t-1
Total capital employed, year t-2 Total capital employed, year t-1

AGEAR"" = Datastream code 731 (t-2) — Datastream 731 (t-1)

6. Change in liquidity

ALIQUID = Current ratio, year t-1 - Current ratiovm, year t-2

ALIQUID = Datastream code 741 (t-1) — Datastream code 741 (t-2)
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7. Equity issues
EQ_OFFER = the absence of an issue of new shares through a right issue, open offer or
placing in year t-1. Datastream code 412 shows equity issued (including share premium) for
cash. To make allowance for regular small equity issues to supply shares under managerial
share incentive schemes rather than significant capital raising exercises we ignore the issue
of less than 2% of the overall share capital. Thus only those companies that issue shares
worth more than 2% of market capitalization in the year are classified as having an equity

offer.

EQ_OFFER = Datastream code 41 2X (t-1)

X1
Market value

A higher level of gearing two years before portfolio formation than one year before
portfolio formation (a positive &EAR) is viewed as a positive signal that the company is on
an improving trend, and assigned a value of one, zero otherwise.

A positive MIQUID is taken as a good signal (increasing the firm®s ability to service
current debt obligations) and assigned a value of one, a negathve LIQUID is assigned a
value of zero.

A firm that issues new equity (especially after large share price falls) could be
signaling an inability to generate sufficient internal funds to service obligations (Myers
and Majluf, 1984), therefore the absence of a rights issue, open offer or placing is assigned
a value of one, zero otherwise.

3.1.3 Operating Efficiency

The signals are:
8. Change in trading margin
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AMARGIN=Trading profit margin in year t-1 - Trading profit margin in year t-2
AMARGIN = Datastream code 711 (t-1) — Datastream code 71 i (t-2)
9. Change in asset turnover

ATURN = Total sales, year t-1 - Total sales, year t-2
Beginning of year t-1 total assets Beginning of year t-2 total assets

ATURN = Datastream code 721 (t-1) — Datastream code 721" (t-2)

A positive MARGIN signals an improvement in factor costs, a reduction in inventory
costs, or a rise in the price of the product, therefore it is assigned a value of one. A negative
MARGIM:is assigned a value of zero.

If the asset turnover ratio rises this indicates an improvement in productivity from the
asset base. This may be due to either more efficient operations (sales maintained while the
asset base decreases) or an increase in sales, which could signal an improvement in market
conditions for the company®s products. IK TURN is greater than zero then this factor is

assigned a value of one, zero otherwise.

For all nine factors the accounting data used are for the latest financial year ending at
least six months before the portfolio formation date. This is to allow for the lag between
companies” financial year-ends and reporting dates (Datastream does not adjust for this lag).
This ensures that financial information is available to the investor at the time of portfolio
formation. All the portfolios are formed at the beginning of July each year t. Therefore, the
accounting data relate to annual accounts whose year-end falls in the calendar year t-1.

There is no agreement in the literature on an optimal set of fundamental financial

statement based signals. We therefore are forced to select signals on a rather ad hoc basis.
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However, the principles followed in Piotroski“s selection are: (i) that the fundamental
accounting factor be a plausible indicator of financial distress/strength, and (ii) that the

signal be regularly used in the context of measuring financial strength.

3.2 Sample selection and method

We use the master index of the London Share Price Data (LSPD) to identify all UK
firms with a listing on the London Stock Exchange, LSE, between 1975 and 2005. Monthly
return data for every share listed on the London Stock Exchange, LSE, excluding financial
companies, investment trusts and foreign companies, is taken from the LSPD. However, for
calculating the market index financial companies are included. The firms on the lightly
regulated markets operated by the LSE (The Alternative Investment Market, Third Market or
the Unlisted Securities Market) are not “listed” and so are excluded from the analysis.
Companies on OFEX and the O.T.C. market are also excluded.

All shares continuously listed for the prior five calendar years are ranked each year
on the basis of their five-year buy-and-hold returns and assigned to one of five portfolios.
The 20% that performed the worst over five years are allocated to the losers portfolio. The
first ranking period ends at the end of June 1981, and the last one ends at the end of June
2000, a total of 20 ranking periods. Portfolios are formed at the beginning of July each year
from 1981 to 2000.

Test period buy-and-hold returns for a portfolio are calculated from individual monthly
share prices and dividend payments, allowing for stock splits and other capital changeinv. The

returns for a portfolio are then market adjusted by an equal-weighted market index and then by

a market capitalization (value) weighted market index. Arnold and Baker
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(2005) show that the out-performance of losers is similar when shares within the portfolio
are given equal or value weights. As a result, in this study we examine the portfolio
performance when the portfolio shares are equally weighted within the portfolio only.

Shares whose type of death from the LSPD database is described as liquidation (death
code type 7) quotations cancelled for reasons unknown (14), receiver appointed/liquidation
(16), in administration/administrative receivership (20), and cancelled assumed valueless
(21), are regarded as losing all value in the delisting month. However, if there is a post-
liquidation dividend this is invested equally among the remaining shares in the portfolio.
By including even those companies that delist during the test period, many of which show a
—100% return, we avoid survivorship bias.

If a company is deleted from the LSPD database for any of the following reasons the
money received (or value of shares or other securities received) is reinvested in the portfolio
on an equally weighted basis (that is, the remaining investments in the portfolio are scaled
up): Acquisition/takeover/merger (5), Suspension/cancellation with shares acquired later
(6), Quotation cancelled as the company becomes a private company (8 and 9), Quotation
suspended (10), Voluntary liquidation (11), Change to foreign registration (12), Quotation
cancelled for reason unknown, dealings under rule 163 (13), Converted into an alternative
security for the same company (15), Nationalisation (18). If the amount received from these
deletions is unknown then the last share value on LSPD is used as the amount available to
invest in the shares remaining in the portfolio.

All companies in the loser sample must have eleven types of data: five-year prior
period return, market capitalization at portfolio formation date and nine fundamental

variables.
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The normal service from Datastream fails to provide accounting data for most
listed companies in the 1980s, and excludes many companies in the 1990s. To obtain a
more complete set of data we paid for a special service that provides historic financial
statement information for the majority of LSE listed companies.

Merging data on loser quintile companies from the LSPD and Datastream is
achieved as follows. LSPD company numbers are cross-referenced to SEDOL codes
(security identifiers assigned by the LSE). Also, Datastream codes are cross-referenced to
SEDOL codes. After combining these databases by SEDOL number we found that some
SEDOL numbers are used more than once, so to confirm the correct combinations we also
matched by company name, previous name, date of last revision to security name, base date
and end date. Despite these steps we found that some companies were still not matched.

Those that remain unmatched by SEDOL number are linked by examining in LSPD and

o 5 0 . XV o . .
Datastream the time series unadjusted share price . The companies matched by time series

adjusted share price are then also matched by company name, previous name, date of last
revision to security name, base date and end date. Of the Official List companies on LSPD
that are not financials, investment trusts or overseas corporations, 85% also have all the data
we require available on the supplementary Datastream database in the period 1981-2005.

We are unable to use data prior to 1981 for portfolio formation because of the absence of
accounting data for most listed firms prior to that (see Nagel, 2001 for a description of the
problem). Also, five years of prior period returns are needed to allocate shares to loser portfolios

and LSPD provides returns for all listed companies only from 1975.
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Finally, throughout this paper returns are calculated as the proportional changes
in share returns over a period, except in the calculation of betas, where continuously
compounded returns are used.

The number of firms in the sample grows from 519 in the first sample formation
year (1981) to 637 in the last year (2000). The number of companies for whole research

period (from 1981 to 2000) is 1745.

4. Test period returns for portfolios defined by five-year prior period return.

We first calculate the buy-and-hold test period returns to quintile portfolios formed on
the basis of five-year rank period returns. In Panel A of Table 1 these returns are market-
adjusted by an equal-weighted market index constructed using all listed companies except
investment trusts and overseas companies. In Panel B the returns are market adjusted by a
market index with the same constituents, but they are value-weighted. We report the average
results over the 20 test periods for each of the quintile portfolios. Table 1 shows the now

familiar inverse relation between the past and subsequent returns.

Table 1 Average market-adjusted buy-and-hold test period returns for quintile portfolios

formed on the basis of five-year rank period buy-and-hold returns.
London Stock Exchange listed UK shares with a continuous listing for five years are ranked and assigned to
quintiles annually on the basis of their returns over five year periods to end June 1981 and all subsequent Junes
to 2000. Starting at the beginning of July each year 1981 to 2000 average market-adjusted returns for shares
within an equal-weighted quintile portfolio are calculated for periods of 1, 2, 3, 4 and 5 years post-formation.
In Panel A an equal-weighted market index including all listed shares except investment trusts and overseas
companies is used to adjust returns. In Panel B a market-capitalisation weighted market index including all
listed shares except investment trusts and overseas companies is used to adjust returns. The returns in the
ranking period are raw returns with no market adjustment. All numbers presented are averages over the 20 test
periods computed for corresponding portfolios.
Panel A Equal-weighted market index portfolio
Rank period (5-year) Months after portfolio formation
Buy-and-hold return 12 24 36 48 60

Portfolio | | | | | | |
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1(loser) -0.2882 0.0883 0.2455 0.4232  0.5618 0.6524
1 sample t-test 3.10 3.60 .84 5.27 5.06
2 0.4968 0.0104 0.0829  0.1695  0.2825 0.3758
1 sample t-test 0.68 3.75 1.21 K.46 .88
3 1.1985 0.0003 -0.0037  F0.0058 0.0115 0.0163
1 sample t-test 0.02 -0.15 -0.19 0.27 0.36
4 D.1853 -0.0237 -0.0583  F0.0756  }0.1208  0.1342
1 sample t-test -1.42 -2.20 -2.89 -3.19 -2.82
5(winner) 6.5729 -0.0324 -0.1041  }0.1941  }0.2924  0.3321
1 sample t-test -1.75 -3.92 -4.42 -4.46 -3.78
Loser minus winner (L-W) 0.1207 0.3496 0.6173 0.8542 0.9845
Paired two sample t-test .98 1.13 5.20 5.51 5.36
Panel B Value-weighted market index portfolio
Rank period (5-year) Months after portfolio formation
Buy-and-hold return 12 24 36 48 60
Portfolio
1(loser) -0.2882 0.1237 0.3386  [0.5867  0.8025 0.9435
1 sample t-test .16 .78 3.52 3.59 3.39
2 0.4968 0.0457 0.1759 0.3329  0.5233 0.6669
1 sample t-test 1.49 .46 .80 D.82 .81
3 1.1985 0.0357 0.0894 0.1576  p.2522  0.3074
1 sample t-test 1.19 1.40 1.64 1.81 1.75
4 D.1853 0.0117 0.0348 0.0878  0.1200  [0.1569
1 sample t-test 0.47 0.75 1.02 0.97 0.99
5(winner) 6.5729 0.0030 -0.0110  F0.0307  }0.0517  0.0410
1 sample t-test 0.11 -0.24 -0.48 -0.67 -0.34
Loser minus winner (L-W) 0.1207 0.3496 0.6173 0.8542 0.9845
Paired two sample t-test .98 .13 5.20 5.51 5.36

Note: a figure of 0.0767 indicates a return of 7.67%

We find that the loser portfolio out-performs the equal-weighted market index by

65% over five years, or 10.5% per year. In contrast, the prior period winners under-perform

equal-weighted market index in the subsequent five years by 33%. When the larger firms in
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the market index are given greater weight the out-performance of the loser quintile is shown
to be even larger at 94% over five years. The difference in performance for the losers relative
to the winners at 98% is very close to the L-W five-year return of 100% shown in the Arnold
and Baker“s (2005) decile-based study, which examined performance over the longer period
1960 — 2002.

Figure 1 shows the average cumulative market-adjusted returns month-by-month for
the five portfolios. Clearly, the return reversal effect kicks in fairly soon after portfolio
formation and continues throughout the next five years. Also, from very early on the ranking
of relative performance is the exact reverse of the five years beforehand, with portfolios 1
(prior period losers) and 2 placed first and second, and 4 and 5 (prior period winners) placed
last.

Figure 1. Cumulative market-adjusted returns for each quintile over the 60 month test period
— equal-weighted market index

LSE listed UK stocks are ranked and assigned to quintiles annually on the basis of their returns over five year
periods to end of June 1981 and all subsequent Junes to 2000. Cumulative equal-weighted average residual
returns for shares month-by-month in the post-formation period are calculated. An equal-weighted market
index including all listed UK shares except investment trusts is used to adjust returns. All results presented are

averages over the 20 rank periods computed for corresponding portfolios.
Note that a figure of, say, 0.20 should be interpreted as a market-adjusted return of 20%
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Figure 2 is constructed in the same manner as figure 1 except that the market adjustment is

made using a value weighted index.

Figure 2 Cumulative market-adjusted returns for each quintile over the 60 month test period

— value-weighted market index
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Table 2 shows the characteristics of the loser firms — those in the lowest prior-period
return quintile. In a number of cases there are extreme values causing a distortion in the
standard deviation (and the mean). Therefore, following the calculation of the normal
standard deviation — shown in the fourth column — we also calculate a standard deviation
when all those values more than four standard deviations from the mean are excluded. This

is our adjusted standard deviation, shown in the fifth column.
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Table 2. Characteristics of loser firms (3,170 firms-year observations between 1981
and 2000)

Variable Mean Median Standard Adjusted Proportion
deviation standard with
deviation positive signal

Market cap(£m) 72.47 11.00 286.33 134.75 n/a

ROCE 0.13 0.09 2.55 0.42 0.77

CFO 0.19 0.15 1.64 0.52 0.79
ROCE 0.02 0.01) .77 0.57 0.45

ACCRUAL 0.19 0.12 1.95 0.54 0.77
GEAR 1.01 0.01) 59.29 2.93 0.43
LIQUID 0.01) 0.02) 0.77 0.47 0.44

EQ_OFFER n/a n/a n/a n/a 0.85
MARGIN 0.02) 0.00) 2.78 0.21 0.44
TURN 0.00 0.00 0.29 0.06 0.53

Losers tend to be very small companies with a median market capitalization of only
£11m. However, there is a high degree of variability around that median figure, with some
large market capitalization firms in the sample. Before the deduction of interest and tax, over
three-quarters of the losers display a positive profit or cash flow. Considering that these firms
have lost on average 29% of value over the previous 5 years it is perhaps surprising that the
median operating ROCE is as high as 9% and the median operating cash flow as a
percentage of total assets as high as 15%. Under one-half of the losers produced an
improving trend in ROCE in the recent past, but 77% produced greater operating cash flows
than operating profits (with a median twelve percentage point difference).

Most loser firms displayed a deteriorating capital gearing position, but as many as
43% did show some improvement. The figures for the changes in the current ratio are similar.
A mere 15% of the sample engaged in an issue of shares accounting for more than 2% of
market capitalization in the year prior to portfolio formation. Change in operating profit

margin was generally in a negative direction, but 44% of losers produced an improving
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trading margin position. Roughly one-half of firms showed a deteriorating asset turnover.
The overall picture is of a heterogeneous group of companies in terms of financial
statement fundamental variables.

Table 3 shows the average returns to losers following allocation to 10 portfolios
defined by financial statement factors. At the beginning of each July L-scores are calculated
for the loser quintile shares based on accounting data for year t-1. The market-adjusted
returns on those portfolios containing companies having the same L-score are calculated for
the following 12, 24, 36, 48 and 60 months. The averages across all L-score portfolios
formed between 1981 and 2000 are shown. We also classify firms with the lowest L-scores
(0, 1 and 2) as Low L-score firms expecting them to display the worst subsequent return
performance. Firms receiving the highest L-scores, of 7, 8 and 9, thus showing the strongest
fundamental signals, are classified as High L-score firms. These are expected to produce
better subsequent return performance than either the Low L-score firms or the all loser firm

portfolio, given the strength of their fundamental signals.
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Table 3. Test period buy-and-hold market-adjusted returns to a loser strategy based on fundamental accounting variable signals
Shares are initially allocated to quintiles on the basis of prior five-year returns, as in table 1. At the beginning of July 1981 to 2000 the shares in the loser quintile are then
examined on the basis of the nine fundamental accounting factors. Companies scoring a 1 for all nine factors are placed into the L-score portfolio 9. Those with no positive signals
are placed into the L-score portfolio ,,0“, and so on. Buy-and-hold returns extending up to 60 months post-formation are calculated after adjustment for the value-weighted market
index. Shares within each L-score portfolio are equally weighted. The market index is constructed using all companies in the LSPD except investment trusts and overseas
companies, and is not confined to the loser shares — shares are market-capitalisation weighted. The high L-score and low L-score portfolios are constructed by combining all
companies in L-score portfolios 0, 1 and 2 (for low L-score) and 7, 8 and 9 (for high L-score) and then calculating average market adjusted returns for the portfolio formation,
which is then averaged over 20 years.

Number of
Companies [Months after portfolio formation Per cent positive after
total average [12 D4 36 18 60 36 months 60 months
All loser 3170 158.5 0.1237 0.3386 0.5867 0.8025 0.9435 17.73% 16.92%
L-score
9 156 7.8 0.2762 0.5935 0.9560 1.2227 1.4287 53.43% 56.01%
8 338 16.9 0.1155 0.4078 .5961 0.8640 1.1053 54.45% 51.82%
7 170 23.5 0.1481 0.3428 0.5619 0.7851 1.0708 52.47% 50.36%
6 598 29.9 0.1359 0.4229 0.5661 0.7285 0.8271 17.67% 17.13%
5 628 31.4 0.1287 0.2936 0.4747 0.8236 0.9012 15.88% 18.53%
4 514 25.7 0.1359 0.3337 0.5122 0.4952 0.6402 17.83% 13.28%
3 P82 14.1 0.0903 0.4457 1.6975 2.0518 2.1657 10.06% 10.01%
2 152 7.6 0.0712 0.2090 0.7514 0.4900 0.6001 34.79% 34.00%
1 36 1.8 0.1046 0.2375 0.3379 0.5122 0.8145 31.94% 15.74%
0 2 0.2 -0.2657 0.1998 -0.0905 -0.0818 -0.9359 33.33% 33.33%
High L-score(7,8,9) 062 48.1 0.1505 0.3799 0.5997 0.8581 1.0853 53.03% 51.47%
Low L-score (0,1,2) 192 9.6 0.0744 0.2144 0.6144 0.4543 0.6174 34.17% 30.52%
High-All loser 0.0268 0.0413 0.0130 0.0555 0.1418
Paired two sample t-test 1.10 0.72 0.13 0.43 0.96
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High-Low 0.0762 0.1655 -0.0148 0.4038

0.4679

Paired two sample t-test 0.8 0.68 -0.03 1.09

1.14

Table 3 shows an imperfect, but distinct, pattern, with the highest returns occurring in the
higher L-score portfolios, and the lowest returns in the low L-score portfolios. Generally, we
find the L-score portfolio performance is ranked in the expected order with L-score portfolio
9 performing the best and L-score O the worst, and 4, 5 and 6 somewhere in the middle.
However, L-score portfolio 3 is an exception to this pattern after the second holding year.
When the details of this portfolio were investigated it was found that one company bought in
1981 for portfolio 3 produced a return over three years of 11,800%, thus raising the average
significantly for the first three years — the company was taken over in 1984. If this outlier is
removed the five year market-adjusted returns for L-score 3 portfolio falls to 98%, lower
than that on portfolio 7.

The majority (53%) of the High L-score firms produce positive market adjusted
returns, whereas only around one-third of the Low L-score firms manage to outperform
the market capitalization market index (34% over three years and 31% over five).

The overall impression is that L-score level has some bearing on future portfolio
performance. When we examine the difference between the High L-score portfolio and the
performance of the All-losers portfolio we find a positive result, for example, over five years,
on average, those firms in L-score categories 7, 8 or 9 produce returns 108.5% above the
market, compared with 94.3% on average for the quintiles of losers. However, we do not find
this to be statistically significant. Also, the difference in returns between the High L-score

and Low L-score is statistically insignificant.
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Figure 3 shows the average cumulative market-adjusted returns for the ten L-score
portfolios. It is clear that generally the higher L-score firms out-perform the market and the
lower L-score throughout a five-year holding period. If the L-score 3 portfolio is adjusted by
removing that one extraordinary firm (out of 282) then the five-year performances would
be far more orderly — but not perfect, given that L-score portfolio 1 out-performs L-score
portfolio 2, and L-score 5 performs slightly better than 6 — see figure 4.

Figure 3. Cumulative market-adjusted returns to loser shares classified by L.-scores

Residual buy-and-hold returns are calculated after deduction of a value-weighted market index — as in table 3.
Shares within an L-score portfolio are equally weighted. The results presented are an average of the 20 portfolio
formations. (No outliers removed)
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Figure 4. Cumulative market-adjusted returns to loser shares classified by L-scores —
One outlier in group L-score = 3 is deleted
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5. The effectiveness of the financial-statement data strategy in small, medium and large
company shares
Arnold and Baker (2005) established the return reversal effect to be independent of the size




effect in UK shares. An interesting question to consider is whether the abnormal return to

losers ranked high by accounting fundamentals is stronger or weaker in smaller firms. A
priori we postulate that smaller companies with a tendency to generate less investor,
analyst and press attention are more vulnerable to mis-pricing with regard to their
fundamental accounting characteristics than large, widely followed, companies.

At the end of June each year 1981 to 2000 all companies in the LSPD except
financials, investment trusts and overseas companies are arrayed by market capitalization
and then allocated to one of three size categories: smallest 30%, medium-sized 40% and the
largest 30%. Within each size cohort companies are arrayed on the basis of prior five-year
returns and allocated to quintiles. Those companies in the loser quintiles are then ranked by
L-score. The market-adjusted returns of each of these L-score loser portfolios over the
subsequent five years are calculated. The results are shown in Table 4.

The first key observation from Table 4 is that the returns to losers depends very much
on the size of firm: The small losers produce a five-year return 136% above the market; the
medium sized losers out-perform the market by 61%, and; the large firm losers, while still
out-performing, do so by a mere 42% over five years. This, again, indicates a strong small
firm effect also evident in the Arnold and Baker (2005) study. Interestingly, the percentage of
losers that produce positive returns over three or five years is in the reverse order to what one
might expect given the average post-formation performances: only 44% of small firm out-
perform the market index over three years, whereas 47% of medium-sized firms and 49% of
large firms do. It would seem that the small firm portfolios rely to an extraordinary extent on
the return performance of a minority of firms. An investor in a small firm loser strategy
would need to cope with witnessing 56% of companies in the portfolio under-performing the

market. The investor in a large loser portfolio would need the psychological fortitude to
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withstand a ,,mere” 51% being ,(failures” (as defined by under performance of a
market capitalization weighted index) over three or five years.

There is the possibility of lowering the failure rate by investing in companies with
high L-scores. For example, by investing only in companies with L-scores of nine the
failure rate falls to 40% for small firms, 37 % for medium-sized firms and 45% for large
firms over three years. On the other hand, investing in low L-score firms results in a very
high failure rate. For example, investing in the Low L-score category (L-scores of 0, 1 and
2) leads to only 25% of small losers out-performing over five years (22% for medium-sized
firms and 45% for large). The pattern in the final two columns is clear: a raising of L-scores
raises the proportion of firms the beat the market.

We observe that small loser High L-score companies (L-scores of 7, 8 and 9
combined) out-perform small loser Low L-score (L-scores of 0, 1 and 2 combined)
companies by a statistically significant 27% over one year, 80% over two years, 115% over
three years and 110% over four years. The medium-sized firms show a slightly greater L-
score response, with the High L-score firms outperforming the Low L-score firms by a
statistically significant 30% over one post-formation year, 65% over two, 99% over three and
122% over four years, 119% over five years. In the large firm group we observe a strong
response to L-score ranking (e.g. High-Low out-performance is 97% over five years), but this
it less than for small and medium-sized firms. However, these results are inhibited by the
small number of large firms showing L-scores of two or less. Despite this, the evidence
showing that the highest gains are from fundamental analysis for small and medium-sized

companies provides some indication that the greatest information gains rest with those shares
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Risk

In attempting a risk explanation for the results we have a difficulty. The shares that
out-perform tend to be those with the smallest amount of ex ante financial and operating risk
as measured by the financial statement performance signals. Nevertheless, it is important to
examine the risk of these portfolios when risk is defined in alternative ways. We consider
five alternative risk measures.

The first two risk measures are beta and standard deviation. These are
presented for each of the L-score portfolios in Table 5. For each portfolio we have 20x12
monthly observations on returns in the first year following formation. We also compute the
corresponding monthly returns on a value-weighted market portfolio comprising all UK
listed shares (excluding investment trusts). The risk-free interest rate is taken as the 30-day
Treasury rate. Hence we can calculate beta and standard deviation. Beta for the first post-

portfolio formation year is calculated from the following formulae:

Ipt - e = Op + Pp (tme — o) + €¢ (1
IHt - Lt = OH-L + BH-L (fmt — Ift) + €t 2)
Where all returns are continually compounded, and:
I'mt 1 the monthly return on the value weighted market portfolio comprising all listed
UK stocks (excluding investment trusts) in month t,

rpt is the return on the equally weighted portfolio in the test period

month, rf is the risk-free rate of return in month t, f, is the portfolio

beta,

H and L represent the High L-score (shares with an L-score of 7, 8 or 9) and the Low

L-score (shares with an L-score of 0, 1 or 2) portfolios respectively.
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Conclusions

We find that a simple accounting-based fundamental analysis strategy, when
applied to a broad sample of shares displaying very poor prior five-year total returns,
shifts the distribution of returns earned by the investor. The magnitude of the abnormal
returns is large. More specifically, we find that small loser High L-score shares produce
statistically significant superior returns to (i) the returns for the complete portfolio of
loser shares, and; (ii) to the small loser Low L-score shares.

Many practitioners hold the view that a firm“s fundamental value is indicated by
information in financial statements and that share prices, at times, deviate from these
»intrinsic values®, particular in the more neglected areas of the market, e.g. loser companies,
small companies. Then, as deviant prices eventually move toward fundamental values,
investment strategies that use financial strength indicators to concentrate fund resources
inlooser firms with brighter prospects produce abnormally high returns. This paper
provides supporting evidence for this view. We find that the annual mean return to a
portfolio of loser shares can be increased by at least 16% through the selection of only

those losers with a high ranking on financial strength factors.

Furthermore, the L-score strategy appears to be robust across time and to changes
in size of firm, although the effect is most pronounced in smaller companies. The risk of

the High L-score firms is lower than the risk of the Low L-score, as judged by all the ways

in which we measure risk.

A positive relation between the L-score and the future company ROCE performance

and a negative relation between the L-score and liquidation probability reinforces the

indication that the market under-reacts to historical financial statement information.
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One factor not yet discussed is transaction costs. On investigation of the
practicalities of implementing a small-firm High L-score loser long only strategy it was
discovered that firms with a history of return declines, especially small firms, tend to exhibit
very high bid-offer spreads. Some firms within the the quintile of loser firms included in the
FTSE Fledgling index and the FTSE All-Aim index show an offer price twice the bid price.
A 100% bid-offer spread would result in a large proportion of the advantage of this strategy
being eliminated. However, the average spread was a more manageable 20% or so. This
remains relatively expensive, but must be considered in the context of market-index adjusted
returns of 107% over three year and 133% over four years for small market capitalization
loser firms with L-scores of 7 or above (see table 4). It is also possible to select only those
firms with bid-offer spreads of less than 10% (but we do not know whether this will result in
biasing the performance — an issue to be addressed in a future paper). Other transaction cost
(Stamp duty, broker fees) are estimated to be around 1 — 2%, but this can be spread over a
number of years.
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