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Abstract

The purpose of the current study is to investiglagemean reversion characteristic
in firm-specific price-to-earnings ratio (P/E ra)p and to employ it for investment
practice. Existing studies related to the meanrstoe feature in P/E ratio has focused
on US and non-US market-wise data, but overlookelvidual stocks. The findings
and implications might not be generalized insofamalividual stocks. We differentiate
our study from other research by analyzing firmesjpe time series data. However,
negative P/E ratio is meaningless, and P/E ratib diwerge when the denominator
(EPS) is close to zero. To overcome the two flamesadopt E/P ratio in our following
tests. The results show that not all E/P time seavfeindividual stocks exhibit a mean
reversion feature. Among the 1,156 non-financeditisted on TSE and OTC in Taiwan
in 2006, the E/P ratios of 516 firms (about 45%)ibit the tendency of mean reversion.
In addition, the current study makes an effort éonbine the mean reversion theory
with investment practice. We design an investmaéategy based on the detected mean
reversion feature of E/P ratio, and report the dami investment performance.

Key Words: P/E ratio, E/P ratio, Mean Reversionjebtment Strategy, Time series
analysis

1. Introduction

The use of price-to-earnings ratio (P/E ratio) adoeecasting variable for
subsequent stock returns has been documented by stiagies (e.g., Campbell and
Shiller, 1988, 1998 and 2001; Bhargava and Malh@®a6; Campbell and Yogo, 2006;
Weigand and Irons, 200%) Cross-sectional regressions (hereafter, the gtieei
regressions) are adopted to validate the relatiprisétween P/E ratio and subsequent
stock returns. P/E ratio appears to be negativefted to subsequent stock returns. The
negative relationship implies that a firm’s stocgices will eventually fall in the future,
while the firm’s P/E ratio is relatively high, taibg the P/E ratios back to a long-run
average level, and vice versa.

The mean reversion theory proposed by CampbellSintler (1998, 2001) and
Carlson et al. (2002) asserts that it is reasonabdssume stock prices to be less likely
to deviate far from normal levels of fundamentdles, such as earnings. The existence

' Goyal and Welch (2006) argue that the predictivgrassions adopted in the related literature often
perform poorly with out-of-sample forecasts. Nomdtlss, Campbell and Thompson (2008), against to
Goyal and Welch (2006), show that many predictagressions could still work even in an out-of-sampl
analysis.

1



of a normal P/E ratio implies that a company’s PdEos tend to revert to a specific
long-run equilibrium level when deviating away. éther words, the stock prices
maintain a rational relationship with earnings. Heer, no research has discussed the
mean revertindehavior as well as the rational levels of P/E ratios. Witk evidence
on the negative relationship between P/E and sulesggreturns, previous studies
reached the conclusion that P/E ratio regressesetin. Nevertheless, this evidence is
indirect evidence. One of the purposes of thisystsido provide direct evidence on the
mean reversion feature of P/E ratio. We make aortefd capture the mean reverting
processes as well as the long-run equilibrium E@éIP/E ratios. In addition, negative
P/E ratio is meaningless, and P/E ratio will dieerghen the denominator (EPS) is
close to zero. To overcome the two flaws, we a@@ptratio in our following tests.

Existing studies related to the mean reversion rihéas focused on U.S. and
non-U.S. market-wise data but overlooked individwbcks. The findings and
implications might not be generalized insofar adiviidual stocks. By extending
research sample from market indices to individualiclss, we are given a better
understanding of the behavior of individual stodlR Eatios. To come to this goal, firm
specific E/P time series are adopted as the samfbe current study.

Regarding the methodology, there might be what Ggaand Newbold (1974) call
a spurious regression relationship, if we carry the predictive regressions to
individual stocks. This is because not all firm gfie E/P ratios are stationary. In our
opinions, stationary autoregressive and moving ager(ARMA) models have an
advantage over the predictive regressions in obsgithe mean reverting processes of
firm specific E/P ratios. ARMA models, thereforee adopted as our research tool.

Campbell and Shiller (1988) adopt a first-ordertgeautoregression model (VAR)
to examine the power of P/E ratios in predictinecktreturns. Although the relationship
between current and lagged P/E ratios has beenvataon the structural estimation
system in Campbell and Shiller (1988), they do stwéd light on the autoregression
characteristic of P/E ratio. In other words, th@yribt pay much attention to the mean
reverting behavior of P/E ratios. Similarly, Bhargaand Malhotra (2006) concern
about the relationship between subsequent stockegpand P/E ratios, but overlooked
the autoregressive relationship of P/E ratios.

Taiwan is well known for its information and elemtics technology. The
Economist on May 27, 2010, reports that “Taiwamdsv the home of many of the
world’s largest makers of computers and associatedware. ...”. More than half of
the listed firms in Taiwan are electronic firmsdaherefore the stock market of Taiwan
Is an electronics-dominated market as well as aergimg market. Recently, for many
emerging markets, including Taiwan, a body of redeaetests the performance of
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several investment strategies which have been evaghfor the practicability with U.S
data. For example, the success of several techinazhihg strategies has been validated
in many emerging markets (e.g., Ito, 1999; Ahmeal.€2000; Askoy and Saglam, 2006;
McKenzie, 2007). Evidence of significant profitsttee momentum and the contrarian
strategies are found in several emerging marketsh as Asian and Latin American
markets (e.g., Rouwenhorst, 1999; Kang et al. 2604ihg et al. 2007; Muga, 2007,
Krausz et al. 2009; Zhou et al. 2010). However,sinategies are proposed by previous
literature. The current study contributes to theafice literature by providing an
innovative strategy according to the detected nreamrsion feature of E/P ratio. We
reveal the dominant performance of the strateghaiman stock market.

2. Methodology
2.1 Why ARMA models?

A stationary ARMA model has a good feature to ceptthe mean reverting
process of a firm-specific E/P ratio. From the daling derivation, the adequacy of
adopting ARMA models as our research tool is reagaConsider an AR(1) model, and
denote an initial value of the time series @s y

Y1=30+31YO+81 ............(1)

whereeg; is a white noise disturbance term, andaad a are the intercept and the
autoregressive coefficient of one-lagged term, eesypely. By forward iteration, we
could obtain Equation (2), Equation (3) and Equa{®), respectively.
Y2 =ag+tayy; +& =ag+a(ag+ayo+e)+e
:aO(1+al)+a%y0+algl+82 (2)

Y3 =ap tajy, +e3 =ap+a[ag(1+ay) + a%Yo + a8 + 6] + &3
= 30(1 +a; + a%) + a%yo + 3%81 + a8, F &g creeeeeeees (3)

é

Ve =ao + a1Vt + & = ap + as[ag(1 +ay) +afyy + ase; +&,] +¢3
=ap(1+a;+a?+--al")+aly, + @ te; +al e, + - tajeg +g)

t t
=aoz:ai1+a§y0+z:ai1‘1gt+1_i e (4)
i=0 i=1
As t—o, Equation (4) turns to be:
ye=a ) ab+aiyo+ Y alt e e (5)

i=0 i=1
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Meanwhile as [@<1 holds, the second term of Equation (5) will\ange to zero.
Then we get Equation (6):

e = 3023 +Za e R ()

i=0 i=1
Taking the expected value of Equation (6), we gpidfion (7):

E(y)) = E (ao Z ai1) +E (Z ai1_18t+1—i> =E (30 Z ai1) =3y Z aj
i=0 i

i=0 i=1 i=0
g
.. (7)

:1—a1

The second equal sign in Equation (7) holds, sthee{e;} sequence is a white
noise residual sequence with zero means. The &gl sign in Equation (7) holds,
because @and a are constants. As a result,;{ysequence turns to be a geometric

y:. In the above derivation, the most important cbadifor Equation (7) to hold is the
stationary condition, {1. In time series analysis terms, the stationawgdition
requires that all characteristic roots lie withive tunit circle. In addition, because the
residual terms are all white noise processes watlo zneans, moving average (MA)
terms have no influence on a stationary condition.

Taking expected value of Equation (6) implies toneate an unconditional mean
of y;. The essential meaning behind Equation (7) isttiratugh a sufficiently long-time
period, if y series is stationary, the value @fwill converge to a long-run equilibrium

long-run means are Eak <0 and—a, respectively; p represents the lagged
k=1 Zie=1 Ak

order of autoregressive terms, and q representdatijgeed order of moving average
terms. @is an autoregressive coefficient.

Based on the above introduction to the propertieBRMA models, we believe
that we could take advantage of ARMA models to wagpthe mean reverting processes
of E/P ratios for individual stocks.

2.2 Data and Sample

Firm specific E/P time series are adopted as thepkain the current study to
provide a better understanding of the behaviomdividual stock E/P ratios. To avoid
the in-sample flaw in prediction, argued by Goyaldawelch (2006), we adopt
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out-of-sample forecasts in our following examinaio Accordingly, we define the

period from the first observation in a firm-specitt/P time series to December 31,
2006, as an information period and the period fdanuary 1, 2007, to December 31,
2009, as an experiment period. By defining suckxreriment period which covers the
subprime crisis period in 2008, we are given anoopmity to check the investment
performance of our strategy during a severe resegsriod.

The sample in the current study consists of 1,1&6-finance firms listed on the
Taiwan Stock Exchange (TSE) and Over the Count@C)GOn Taiwan in 2006. If a
firm was delisted during 2007 to 2009, then theeexpent period is defined as the
period from January 1, 2007, until the day wherfitme was delisted.

E/P ratio, the pivot of this study, is defined agded annual earnings before
extraordinary items to daily market value of comnstocks. Stock prices and earnings
before extraordinary items data are retrieved ftbenTaiwan Economics Journal (TEJ)
database. However, annual earnings before extrayditems data date back to 1981
in the TEJ; hence, E/P time series are truncatd®&?2 for the firms listed before 1982.
In 2006, there are 53 firms listed before 1982.

2.3 ADF Unit Roots Tests

If a time series follows a unit root process, tlba series rambles without any
tendency to revert to a long-run equilibrium levid. test each E/P time series for unit
roots, we conduct augmented Dickey and Fuller t@did- tests) on each firm specific
E/P time series. All available observations fron82% 2006 (the information period)
in a firm specific E/P time series are used to cahthe ADF tests. However, according
to Dickey and Fuller (1979), there are three pdedibsting models that could be used
to diagnose unit roots. There is no general conseas which model is more exact.
Accordingly, we adopt a weak criterion, if the nhilpothesis: a series contains a unit
root, is rejected in any one of the three forms, $kries in this study is viewed as a
series without unit roots. To adopt such a weateran could avoid excluding too
many sample firms.

In order to improve estimation efficiency, we falldhe suggestion from Hayashi

(2000) to select an upper boundary bg((N/lOO)%‘) in determining lagged orders;
where N is the number of observations in an E/Rserhen, under the upper boundary,
we adopt the Schwartz Bayesian information criter(®BC) to select an optimal
number of lagged difference terms. The optimal neimtf lagged difference terms,
denoted am, is chosen to minimize -&(T)+k - In(T)/T; where k is the upper boundary.
In addition, we set 10% as the significance levieew conducting ADF tests. The ADF
testing processes are performed with the softwafeviss 5.0.
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2.4 Fit ARMA Models

In the ADF testing processes, the series with tadts are excluded. The next step
is to fit ARMA models for each stationary firm-sjifec E/P time series. In the ARMA
models fitting processes, we employ the smallestoozal (SCAN) correlation
technique, proposed by Tsay and Tiao (1985), terdehe lagged autoregressive orders,
as well as lagged moving average orders. The S@&Nnique can tentatively identify
lagged orders for a stationary ARMA model. The kdjgrders are tentatively identified
by finding a pattern in which the smallest eigeneabre insignificant for all testing
orders. In order to improve estimation efficiencythe SCAN processes, we set an
upper boundary of the lagged orders for autoregresand moving average terms as
five. In other words, we fit 25 (5x5) tentative ARVmodels for each stationary E/P
time series, and determine an adequate model éxigitihe specific pattern described
above. If there are several models presenting theted pattern, SBC is utilized to
select a most parsimonious model. The SCAN prosesseperformed by the software
SAS 9.0, with the “proc arima” code.

A stationary ARMA model suggests the tested vaeiatll converge to a long-run
equilibrium mean value through a sufficiently lotigre period. Accordingly, the result
of each determined ARMA model is used to calcuteexpected long-run E/P ratio,

o
1_Z£=1 ak

, for each corresponding stationary E/P time sefdsourse, each determined

p
ARMA model must satisfy the stationary conditiomEllak < 0, where p is the lagged

k=1
order of AR (autoregressive) terms, apdsaa fitted autoregressive coefficient.

2.5 Mean Reverting Speed

As argued by Campbell and Shiller (1998, 2001), tiaotors would cause a
change in E/P ratios. The first, which we are mios¢rested in, is the correction
strength due to the price adjusting mechanism.kSpoices of the firms with high E/P
ratios are expected to rise to bring the E/P radmsn to long-run average levels. The
same adjusting mechanism in stock prices is exgdotepply to firms with low E/P
ratios. The second cause is due to the changeariings from year to year. There
would exhibit ajump process in an E/P time series when a change inahmarnings
OCCurs.

To illustrate, we choose a stationary E/P timeeseas an example. Figure 1
exhibits the E/P time series of Formosa Plastiap@ations (code=1301) from January
2, 1982, to December 29, 2006. There are 6,892reduens in the time series. An



ARMA(2,1) model is determined by the SCAN technigieecapture the mean reverting
behavior of E/P ratios for the Formosa PlasticspGration (hereafter Formosa). The
long-run E/P ratio is estimated to be 0.0672 amdlsylized as the dash line in Figure 1.
Label 1 presents a jump-up process occurred onadyr®y 1987. It is the first trading

day in 1987, and we updated lagged earnings befdraordinary items from 1,557,932
thousand NT dollars to 2,814,549 thousand NT deltar calculate the E/P ratios in
1987. As a result, the E/P ratio jumps up on tha tb respond to the change in
earnings. By contrast, Label 4 highlights a jummprd@rocess which is due to a decline
in earnings.

Regarding the price adjustment processes, Labetid abel 3 in Figure 1 present
an upward and a downward price adjustment processgsectively. Label 2 illustrates
that the rose in price from 22.8 on August 30, 198337.5 on December 29, 1986, to
bring the E/P ratio back to the long-run mean. Mile, Label 3 presents a price
downward adjustment process. Formosa’s stock micdanuary 19, 1990, was 98.5
(E/P was 0.0299). From then on, the stock pricdimtst to 30.1 until August 24, 1990
(E/P was 0.0883). In summary, both changes in egsnand price adjustments would
cause E/P ratios to revert to long-run averagddeve

I
Jump up=>due I’:‘ : Jump down2due |M
to earnings raise | | | to earnings dow I\
0.16 i “V
0.14 WV 41
0.12 1 M
o 01 || 3',
® 008
V71| — - -
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0.04 ; p
0.02 2 -
0
\\\5 \\\5 \\f) \\\‘) \\\5 \\\5 \\f) \\\5 \\\5 \\fv \,\f) \,\\‘) \\\5
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AN N N N N N N N L S I

Figure 1 Formosa Plastics Corporation (code=1301) E/P Time Series
1982/1/5~2006/12/29

To understand the mean reverting behavior of fipecefic E/P ratios, we employ
the inverse of an adjustment coefficient as a prokymean reverting speed. As

illustrated by Figure 1, both price adjustments ahdnges in earnings affect the mean
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reverting processes of E/P ratios, and we are nmbeeested in the price adjustment
processes than in changes of earnings. Taking salyaof the regression technique, we
could easily distinguish the two different causesnt each other. The following
regression is used to measure the mean revertjogtaeent process:

AEPi,t - bo + bl(LRl - EPi,t—l) + bZCYi,t + b3PTNi,t +Ei,t """"" (8)

EPR, is the E/P ratio of Firm i on Day t; ER is the E/P ratio of Firm i on Day t-1.
/A\ER; is the difference in E/P ratios between Day t &ay t-1. LR is the expected
long-run E/P ratio of Firm i. Ci¥ is a dummy variable; when a fiscal year changes to
the next year on Day t, then GYs set to be 1, and it is O otherwise. R{is a dummy
variable used to control a downturn in earningteextraordinary items. If a firm’s
earnings before extraordinary items deterioratenfpmsitive to negative on Day t, then
the PTN is set to be 1; otherwise it is O.

The price adjusting mechanism is captured by tH& {LER+.;) term in Equation
(8). If a firm’s E/P ratio on Day t-1 deviates frata long-run mean, the E/P ratio would,
on average, revise lunit on Day t. In other words; lis the average movement size of
E/P from Day t-1 to Day t, which responds to thegmtude of the disequilibrium on
Day t-1. More specifically, if positive deviatiorh a firm’s E/P ratio occurred on Day t-1
(so that LRER +1<0), it means the E/P on Day t-1 is higher thamamal level; hence,
we could expect the E/P to fall subsequently (sat thEP<0). As a result, the;b
coefficient is expected to be positive. Furthermdne deviation would take, on average,
1/b; trading days to restore equilibrium. We call the dwefficient an adjustment
coefficient, and 1/pthe expected mean reverting speed. The largey, bhe greater the
response to the previous period’s deviation frongtoun equilibrium. The meanings of
b, coefficient and expected mean reverting speethareame for negative deviation.

The effect of changes in earnings on the E/P meagrting process is measured by
the CY and PTN dummy variables in Equation (8). Wipssitive earnings turn to
negative, or negative earnings turn to positive, jimp size will be extended. The
enlarged jump size is captured by the PTN dummyake in Equation (8). Yet, we
prefer to treat changes in earnings as an exogeswuse since investors are unable to
manipulate reported earnings.

3. TheDeviation Size-Based Investment Strategy

In addition to the mean reversion feature, the {intependent second-order
moments are the alternative characteristic of aakiyg stationary time series. Refer to
Enders (2004, p.56~60) for more detailed derivatiorother words, the mean, variance

and covariance of a distribution are identical i abserving time, if a time series is
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stationary. Moreover, the mean and variance ofa#iosiary variable could be well
approximated through sufficiently long time aversgin time series analysis terms, a

stationary time series must satisfy the followihgee conditions for all t and t-s:

EG)=E@e-s)=LR e 9)
var(yt) = var(yt_s) = 0'5 ......... (10)
cov(Yg, Ye-s) = Cov(yt—jlyt—j—s) =60 e (11)

where LR, o7, and6 are all constants.

Equation (9) represents the mean reversion fedtgeation (10) and Equation (11)
represent the time-independent second-order mom&otsrding to the two properties
of a stationary time series (i.e., the mean rewvardeature and time-independently
identical distributions), we design our investmsinategy as a strategy triggered by the
deviation size of a firm’s E/P ratio (hereaftere teviation size-based strategy). The
principle of the deviation size-based strategyibuy (short sell) the stocks whose E/P
ratios exhibit a mean reversion feature but dewsatéciently from its long-run mean.
The stocks will not be sold (covered) until the dalyen the E/P ratios revert to the
long-run means. Meanwhile, if a firm’s E/P ratioedonot sufficiently deviate from its
long-run mean, significant abnormal returns coulot e realized due to high
transaction costs. However, how to identify therexte values of a firm's E/P ratio?
The two properties of a stationary variable introgtll above are invoked to deal with
this task.

First of all, we construct an E/P ratio empiricatdbution for each stationary E/P
time series with all available observations inranfispecific E/P time series during the
information period (from the listing day to Decemt8d, 2006). Then, the §995",
90", 10", 5" and ' percentiles of a constructed E/P distributionssiected as proxies
of high degree deviation. The'995", and 98' percentiles of an empirical distribution
are used to identify extremely high E/P levels, arelused as triggers for buying stocks.
The 10", 5", and £ percentiles, in contrast, are proxies for extrgmew E/P levels
and the triggers for short selling stocks. We deiee the six triggers for each firm of
having a stationary E/P time series.

Because the mean and variance of a distributiomdargical in any observing time
for a stationary time series, we assume the didgidb of a firm’s E/P ratios in the
experiment period is the same as the distributiotihé information period. As a result,
if a company’s E/P ratio on a certain day, during &xperiment period, falls above the
99" 95" or 90" percentile of a constructed E/P distribution, a-bu strategy is
triggered, and the stock is held until the firm&Eatio reverts to its long-run mean. On
the contrary, if a company’s E/P ratio during thgeriment period falls below the'l
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5" or 10" percentile of a constructed E/P distribution, arstposition for the
company’s stock is established. This short posiionovered only after the E/P ratio
regresses to its long-run mean. Then, the holdieigo@ returns are calculated and
compared with the TSE market performance over eesponding period. If a triggered
strategy is not ended before December 31, 200%dlieng period return is calculated
until December 31, 2009.

The inspiration for identifying the two tails of &P distribution as extreme levels
comes from that a distribution represents the gbihaof an event happening, and the
two tails suggest the lesser probability for an Effo to deviate further. Moreover, the
distributions are identical at any observing tiroe & stationary E/P time series, and a
stationary E/P will eventually regress to mean wtewiating. Accordingly, we design
our deviation size-based strategy through combinivey concept of event-happening
probability with the two properties of a stationdigne series, which are the mean
reversion feature and time-independently identitstributions.

Let us again take the Formosa as an example. 882 &/P observations from
January 5, 1982, to December 29, 2006, are usesrtstruct an E/P ratio empirical
distribution, as illustrated by Figure 2. Then tb® 5", 10" 9d" 95" and 9¢'
percentiles are determined, which are 0.0244, @0%10339, 0.1060, 0.1254 and
0.1334, respectivelyfrrom 2007 to 2009f Formosa’s E/P ratio on a certain day falls
above 0.1060, 0.1254, or 0.1334, our strategyiggdred to purchase Formosa’s stock
and hold it until the E/P reverts to 0.0672 (thegeun E/P). On the contrary, if
Formosa’s E/P ratio on a certain day between 20@72809 falls below 0.0244, 0.0310,
or 0.0339, then we short sell Formosa’s stock. i@t position is covered only after
the E/P ratio reverts to its long-run average le$elbsequently, holding period returns
are calculated as investment performance.

10



Code=1301 (Formosa Plastics Corporation)
EIP Distribution (data: 1982/1/5~2006/12/29)
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Figure 2 E/FP Distribution of Formosa Flastics Carpaoration (code=1301)

3.1 The Influence of Long-Run E/P Levels on the | nvestment Perfor mance

The influence of long-run E/P levels on the investinperformance is introduced
in this section. We propose four propositions teatiée the relationship. The derivation
is available from the corresponding author uporuest; The empirical results of the
four propositions are presented in the next section

Proposition 1: In a buy-in strategy, the probapibtf realizing positive returns for the
firms with negative long-run E/P ratios is loweaiththe probability for

the firms with positive long-run E/P ratios.

Proposition 2: In a short-sale strategy, the prdibatf realizing negative returns for
the firms with negative long-run E/P ratios is heglthan the probability

for the firms with positive long-run E/P ratios.

Proposition 3: In a buy-in strategy, if the longir&/P ratio of a firm is positive,
everything else being equal, the probability ofiréag positive returns is
increasing with the long-run E/P ratio.

Proposition 4: In a short-sale strategy, if thegloan E/P ratio of a firm is positive,
everything else being equal, the probability ofliréag negative returns
is decreasing with the long-run E/P ratio.

Simply put, the implications of Proposition 1 andopbsition 2 for investing
practice are that the firms with negative long-E&/® ratios are neither good targets to
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buy nor good targets to short sell. Meanwhile, ithelications of Proposition 3 and
Proposition 4 for investing practice are that ttexks with high long-run E/P ratios are
better investment targets, even for short-sellthgn the stocks with low long-run E/P
ratios.

4. Empirical Results
4.1 Results of ADF Tests

The sample in the current study consists of 1,1&6-finance firms listed on the
TSE and OTC in Taiwan in 2006. Table 1 presentstakility of the E/P time series for
the 1,156 firms. Not all firm specific E/P time &= are stationary. Among the 1,156
firms, 516 firms (about 45%) have stationary EMRetiseries. More specifically, the
1,156 firms are grouped into two categories byekehanges on which their stocks are
listed. 676 are classified as TSE-listed firms, 4860 are OTC-listed firms. TSE-listed
firms tend to have higher percentages of havingtatiopary E/P time series
(approximately 55%, compared to the percentage98b 2or the OTC-listed firms).
Table 1 further reports the stability percentagOnindustries. The specifics of which
firms belong to each industry are judged by TSE @i¢. Most listed firms in Taiwan
cluster in the electronic industry; 57% (=656+1,166 our sample firms are classified
as electronic firms, while most electronic listedns are so nascent that only 34% of
them have a stationary E/P time series. Not only thre stability percentage in
electronic firms lower than in any other industyibat also the stability percentages in
the tourism and chemical industries. The percestagéourism and chemical industries
are 36% and 34%, respectively.
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Table 1 Stability percentage of firm specific EifRd series

No. of
) No. of
b stationary % of _ % of
Industry n , ) non-stationary ,
E/P time  stationary ] _ non-stationary
, E/P time series
series
Construction 8 7 87.50% 1 12.50%
Foods 22 16 72.73% 6 27.27%
Plastic 28 18 64.29% 10 35.71%
Textile 57 35 61.40% 22 38.60%
Electric
, 57 21 36.84% 36 63.16%
Machinery
Electric  Wire
15 12 80.00% 3 20.00%
and Cable
Ceramics 6 6 100.00% 0 0.00%
Paper 6 6 100.00% 0 0.00%
Steel 38 25 65.79% 13 34.21%
Rubber 11 8 72.73% 3 27.27%
Vehicle 5 4 80.00% 1 20.00%
Electronic 656 220 33.54% 436 66.46%
Building 53 37 69.81% 16 30.19%
Transportation 23 17 73.91% 6 26.09%
Tourism 11 4 36.36% 7 63.64%
Service and
) 18 11 61.11% 7 38.89%
Retail
General
) 60 33 55.00% 27 45.00%
Merchandise
Other 35 17 48.57% 18 51.43%
Chemical 35 12 34.29% 23 65.71%
Biotech 12 7 58.33% 5 41.67%
Firms listed on
1156 516 44.64% 640 55.36%
TSE and OTC
TSE listed firms 676 375 55.47% 301 44 .53%
OTC listed
firms 480 141 29.38% 339 70.63%

a. E/P ratio is defined as lagged annual earningsrbedatraordinary items to daily market value of
common stocks. Whether an E/P time series is s@tyjoor not is judged by the results of the ADF

tests. There are three possible testing modelscthdd be used to diagnose unit roots. We adopt a
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weak criterion, if the null hypothesis: a seriestains a unit root, is rejected in any one of tireé
forms, the series in this study is viewed as asesiithout unit roots.
All available observations between 1982 and 2004 firm specific E/P time series are used to
conduct ADF tests. An E/P time series is truncatetido82 since the earnings data provided by the
TEJ database are no earlier than 1982. In theroois testing processes, we follow the suggestion
from Hayashi (2000) to select an upper boundaryagged difference terms by2 (N /100 )%)
to improve estimation efficiency; where N is thenher of observations in a series. Under the upper
boundary, we adopt Schwartz Bayesian informatidgerion (SBC) to select the optimal number of
lagged difference terms. The optimal number of ¢éagdifference terms, denotedrasis chosen to
minimize -2WT)+k - In(T)/T; where k is the upper boundary. In additiame set 10% as the
significance level when conducting ADF tests.

b. The specifics of which firms belong to each indystre judged by TSE and OTC.

Table 2 presents the relationship between the idarat a firm and the probability
of its E/P time series to become stationary. Thé tolumn in Table 2 shows clearly
that the probability of being a stationary E/P tiesies is increasing with the duration
of a firm. The increasing pattern is consistenthvilie theory of time series analysis.
Among the firms listed for less than 10 years (Wébs than 2,500 observations in an
E/P time series during the information period), pleecentage of being stationary is less
than 50%. There are 179 firms listed over 15 yéaver 3,750 observations in an E/P
time series during the information period), and I1&1lthem (about 90%) have a
stationary E/P time series. In Table 2, the 1,1&@d firms are further categorized into
TSE-listed firms and OTC-listed firms. It is obv®that TSE-listed firms tend to have
longer duration than OTC-listed firms. For exampi®, of the 77 firms which have
listed over 21 years (observations more than 5,360 SE-listed firms. Among the 75
firms listed on TSE over 21 years, 70 firms hawtadionary E/P time series. There are
in total 480 OTC-listed firms in 2006, and only 141 them (about 29%) have a
stationary E/P time series. The stability perceatilg OTC-listed firms is lower than
the percentage of TSE-listed firms. This resulatigsibutable to the short duration of
OTC-listed firms.
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Table 2 The relationship between stability percgatand the duration of a firm

TSE+OTC TSE OTC

Duration® % of % of % of
_ n ST NS n ST NS n ST NS
(trading days) ST ST ST

less than 250 44 14 30 32% 11 2 9 18% 33 12 21 36%

250 to 500 66 30 36 45% 16 11 5 69% 50 19 31 38%
500 to 750 93 18 75 20% 17 6 11 35% 76 12 64 16%
750 to 1,000 102 8 94 9% 36 3 33 8% 66 5 61 8%

1,000 to 1,250 124 21 103 16% 60 12 48 20% 64 9 55  14%
1,250 to 1,500 99 32 67 32% 47 18 29 38% 52 14 38 27%
1,500 to 1,750 91 28 63 30% 52 17 35 33% 39 11 28 28%
1,750 to 2,000 83 29 54 35% 55 18 37 33% 28 11 17 39%
2,000 to 2,250 79 39 40 4% 52 24 28 46% 27 15 12 56%

2,250 to 2,500 43 24 19 5% 29 14 15 48% 14 10 4 71%
2,500 to 2,750 43 32 11 74% 33 24 9 73% 10 8 2 80%
2,750 to 3,000 44 35 9 80% 34 28 6 82% 10 7 3 70%
3,000 to 3,250 33 24 9 73% 30 21 9 70% 3 3 0 100%
3,250 to 3,500 14 7 7 50% 14 7 7 50% 0 0 0 -
3,500 to 3,750 19 14 5 74% 19 14 5 74% 0 0 0 -
3,750 to 4,000 23 21 2 92% 20 18 2 90% 3 3 0 100%
4,000 to 4,250 18 14 4 76% 17 14 3 82% 1 0 1 0%
4,250 to 4,500 18 17 1 94% 18 17 1 94% 0 0 0 -
4,500 to 4,750 19 16 3 84% 18 16 2 89% 1 0 1 0%
4,750 to 5,000 15 14 1 93% 15 14 1 93% 0 0 0 -
5,000 to 5,250 9 8 1 89% 8 7 1 88% 1 1 0 100%
5,250 to 5,500 2 2 0 100% 2 2 0 100% 0 0 0 -
5,500 to 5,750 6 6 0 100% 6 6 0 100% 0 0 0 -
5,750 to 6,000 3 3 0 100% 3 3 0 100% 0 0 0 -
6,000 to 6,250 2 2 0 100% 2 2 0 100% 0 0 0 -
6,250 to 6,500 2 2 0 100% 2 2 0 100% 0 0 0 -
6,500 to 6,750 7 7 0 100% 7 7 0 100% 0 0 0 -
6,750 to 6,892 55 49 6 89% 53 48 5 91% 2 1 1 50%
total 1,156 516 640 45% 676 375 301 55% 480 141 339 29%

a. Duration is defined as the number of observationa firm specific E/P time series from 1982 to
2006. An E/P time series is truncated in 1982 stheeearnings data provided by the TEJ database

are no earlier than 1982.
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b. ST is the number of firms which have a stationaty ime series. NS is the number of firms which

have a non-stationary E/P time series.

4.2 Reaults of Fitted ARMA Models

After excluding non-stationary E/P time series, fiwestationary ARMA models to
capture the mean reverting behavior of firm spediP ratios. In the ARMA models
fitting processes, we employ the smallest canon{€&AN) correlation technique,
proposed by Tsay and Tiao (1985), to determineddgutoregressive orders, as well as
lagged moving average orders. Table 3 presentmaauy for the fitted ARMA models
of the 516 stationary E/P time series. As showidhle 3, the E/P time series of 201
firms (about 39%) are dominated by ARMA(1,0) whishthe most common model to
capture the mean reverting behavior of E/P raos.another 85 firms (about 16%), the
mean reverting behavior of E/P ratios are deterchibg ARMA (2,0). There are an
additional 57 (about 11%) and 23 firms (about 4%pwe E/P time series are dominated

by ARMA(2,1) and ARMA(1,1), respectively.

Table 3 Results of fitted ARMA models
ARMA(p,* (1,00 (11 (1.2) (1.3) (1.4 (1.5
n 201 23 8 2 2 15
nto 516 (%) 38.95% 4.46% 1.55% 0.39% 0.39% 2.91%
ARMA(p,* (200 (21 ((2) (23) (24 (25)
n 85 57 2 0 1 0
nto 516 (%) 16.47% 11.05% 0.39% 0.00% 0.19% 0.00%
ARMA(p,@®* (3,00 (Bl (32 ((33) (34 (35
n 29 7 7 2 2 1
nto 516 (%) 5.62% 1.36% 1.36% 0.39% 0.39% 0.19%
ARMA(p,* (400 (41 ((42) “43) (44 45
n 19 5 0 2 0 3
nto516 (%) 3.68% 0.97% 0.00% 0.39% 0.00% 0.58%
ARMA(p,g* (50 (1) (2) (53) (G4 (55
n 27 4 3 1 3 5
nto516 (%) 5.23% 0.78% 0.58% 0.19% 0.58% 0.97%

a. We utilize the smallest canonical (SCAN) correlattechnique proposed by Tsay and Tiao (1985) to

determine the lagged orders of autoregressive aadingraverage terms. In order to improve
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estimation efficiency, in the SCAN processes, we & upper boundary of lagged orders for
autoregressive and moving average terms as fivether words, we fit 25 (5x5) tentative ARMA

models for each stationary E/P time series, androhéie an adequate model exhibiting the specific
pattern in which the smallest eigenvalue are inBagnt for all testing orders. If there are severa
models exhibiting the pattern described above, $38@mployed to select a most parsimonious

model.

4.3 Long-Run E/P Ratios

After identifying ARMA models for the stationary Etime series, the long-run E/P
ratios could easily be estimated ag/(1-a —a, —---a,); & is a fitted autoregressive

coefficient, and p is the lagged order of autorsgire terms. Descriptive statistics for
the long-run E/P ratios of the 516 firms with siatiry E/P time series are given in
Table 4. The mean and median of the 516 long-ru riatios are -0.02 and 0.03,
respectively. The 516 long-run E/P ratios spreanfithe minimum of -1.68 to the

maximum of 0.14. The standard deviation equals2@.0The 25% quartile and the 75%
quartile are -0.0006 and 0.062, respectively. Tdbladditionally, presents descriptive
statistics for long-run E/P ratios in different usdries. The average long-run E/P level
in electronic industry is 0.003. The average loag-E/P ratio in the vehicle industry
and the biotech industry are relatively higher thiaat of any other industries, which are
0.073 and 0.063, respectively. Among all 20 indesfrthe lowest long-run E/P level, on
average, is -0.211 of the building industry.

Figure 3 exhibits the distribution of long-run E&ios. About 75% of the long-run
means are positive, and 25% are negative. Therdemd=/P ratios for 70 stationary E/P
time series (about 14%) are between 0.07 and ®&uid20% of the long-run E/P ratios
locate between 0.05 and 0.07. Another 16% of thg-toin E/P ratios range from 0.03
to 0.05. In addition, 21% of the long-run meansgefrom 0 to 0.03. As illustrated in
Figure 3, obviously, the distribution of the longar E/P ratios is skewed toward
negative.
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Table 4 Descriptive statistics for long-run E/Rasit

. Standarc 25%  75% _
Mean Median . _ . Max Min
Deviation quartile quartile

Total stationary samp
-0.022 0.035 0.223 -0.0006 0.062 0.14 -1.68

(n=516)

Construction (N=7) -0.080 0.051 0.340 0.022 0.056 0.07 -0.85
Foods (n=16) 0.033 0.026 0.031 0.009 0.057 0.09 -0.02
Plastic (n=18) 0.034 0.044 0.046 0.024 0.058 0.11 -0.11
Textile (n=35) -0.065 -0.013 0.189 -0.070 0.026 0.09 -0.89
Electric Machinery

(n=21) 0.024 0.030 0.053 0.008 0.061 0.09 -0.14
Electric Wire and Cable

(n=12) -0.071 0.039 0.352 -0.005 0.053 0.07 -1.18
Ceramics (n=6) -0.144 -0.012 0.253 -0.443 0.037 0.07 -0.51
Paper (n=6) 0.018 0.041 0.059 -0.013 0.052 0.06 -0.10
Steel (n=25) -0.086 0.029 0.296 -0.115 0.071 0.11 -1.32
Rubber (n=8) 0.042 0.050 0.024 0.014 0.057 0.07 0.01
Vehicle (n=4) 0.073 0.064 0.039 0.040 0.113 0.12 0.04
Electronic (n=220) 0.003 0.041 0.182 0.011 0.066 0.14 -1.59
Building (n=37) -0.211 -0.014 0.439 -0.295 0.027 0.13 -1.68
Transportation (n=17) 0.025 0.039 0.083 0.015 0.082 0.14 -0.18
Tourism (n=4) 0.000 0.019 0.058 -0.060 0.042 0.05-0.08
Service and  Retail

(n=11) 0.039 0.042 0.046 0.006 0.064 0.12 -0.06
General Mrchandise

(n=33) -0.060 0.038 0.309 -0.009 0.072 0.11 -1.29
Other (n=17) 0.016 0.043 0.074 -0.045 0.059 0.12 -0.14
Chemical (n=12) 0.042 0.051 0.040 0.021 0.064 0.11 -0.05
Biotech (n=7) 0.063 0.069 0.031 0.034 0.09 0.11 0.03

Each ARMA model determined by the SCAN techniquesied to calculate an expected long-run E/P
ratio for each corresponding stationary E/P timgese The fitted ARMA models must satisfy the

stationary condition, 1Zp: a, < 0, where p is the lagged order of AR (autoregve$3serms, and,as
k=1

a fitted autoregressive coefficient. The long-rutiP Eatios of stationary ARMA(p,q) models are
referredto asa, /(1-a, —a, — - a,)-
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Distribution of long-run E/P ratios

4.4 Expected Mean Reverting Speed

We employ the regression technique to estimateathjgstment coefficients,1b
which are used to define an expected mean revesfingd. Table 5 presents descriptive
statistics for the adjustment coefficient. For Bi& firms with stationary E/P time series,
the average of jbcoefficients is 0.008. This result implies thaPEAtios of the 516
firms, on average, take 125 trading days to regi@$sean when deviating away. The
median and standard deviation efdoefficients are 0.004 and 0.022, respectively.

In industry levels, an average of the mean revgriperiod estimated by;b
coefficients for electronic firms is about 110 fregl days (1/0.009:110), somewhat
shorter than the average period of the total sanfoieong all industries, the shortest
mean reverting period, on average, is 28 tradings dd/0.036=28) of the rubber
industry. In addition to the rubber industry, thehicle and chemical industries tend to
have shorter adjusting period than any other inthsstE/P ratios in the vehicle and
chemical industries, on average, take 56 and Glngadays to restore equilibrium,
respectively. The averages of toefficients for several traditional industriesicls as
the construction, textile, paper, and building istties, are 0.003. This result implies the
price adjusting speed of these traditional indastron average, takes about 333 trading
days. The mean reverting speed of the traditiomdlistries is slower than that of any
other industries. The slower adjusting speed &lyilattributable to less attention from
investors.
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Table 5 Descriptive statistics for adjustment coefht-ly®

. Standarc 25% 75% _
Mean Median . _ . Max Min
Deviation quartile quartile

Total stationar
"0.008 0.004 0.022 0.002 0.006 0.294 -0.002
sample (n=516)

Construction (n=7)  0.003 0.003 0.001 0.003 0.004 0.005 0.002

Foods (n=16) 0.004 0.003 0.002 0.002 0.005 0.009 0.001
Plastic (n=18) 0.004 0.003 0.002 0.003 0.005 0.010 0.002
Textile (n=35) 0.003 0.002 0.002 0.001 0.004 0.008 0.001
Electric Machinery

(n=21) 0.009 0.004 0.016 0.002 0.006 0.057 0.001
Electric Wire and

Cable (n=12) 0.003 0.003 0.002 0.001 0.005 0.006 0.001
Ceramics (n=6) 0.004 0.004 0.002 0.002 0.006 0.006 0.002
Paper (n=6) 0.003 0.003 0.001 0.002 0.004 0.006 0.002
Steel (n=25) 0.005 0.002 0.004 0.002 0.006 0.017-0.002
Rubber (n=8) 0.036 0.004 0.092 0.003 0.005 0.265 0.002
Vehicle (n=4) 0.018 0.003 0.031 0.002 0.050 0.066 0.002
Electronic (n=220) 0.009 0.004 0.023 0.003 0.008 0.294 -0.002
Building (n=37) 0.003 0.003 0.002 0.002 0.004 0.009 0.001
Transportation (n=17p.003 0.003 0.001  0.003 0.004 0.007 0.002
Tourism (n=4) 0.004 0.003 0.003 0.002 0.006 0.007 0.002
Service and Retail

(n=11) 0.004 0.004 0.002 0.003 0.006 0.007 0.002
General Mrchandise

(n=33) 0.013 0.004 0.038 0.003 0.007 0.210 0.001
Other (n=17) 0.007 0.004 0.010 0.003 0.006 0.045 0.001
Chemical (n=12) 0.016 0.004 0.020 0.002 0.039 0.050 0.001
Biotech (n=7) 0.007 0.008 0.004 0.002 0.011 0.011 0.002

Adjustment coefficient, { is the regression coefficient of the ({fR,) term in the following

regression equationAEP,; = by + by (LR; — EP_;) + b,CY; + bsPTN; +€;; .

EPR; is the E/P ratio of Firm i on Day t; KR is the E/P ratio of Firm i on Day t-hER; is the
difference in E/P ratios between Day t and Day tR,.is the expected long-run E/P ratio of Firm i,
and defined asa, /(1-a, - a, — - a,):p is the lagged order of AR (autoregressive) sgramd

a8, is a fitted autoregressive coefficient. When adlsyear changes to the next year on Day t, then
CY;. is set to be 1; otherwise it is 0. P[fNs a dummy variable used to control a downturn in
earnings before extraordinary items. If a firm’sréags before extraordinary items deteriorate from
positive to negative on Day t, then the PTN istgdie 1; otherwise it is O.
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Figure 4 shows the distribution of; ladjustment coefficients. Obviously, the
distribution of i coefficients is skewed. With a mean of 0.008 amdealian of 0.004,
the distribution of b spreads from 0 to 0.294. 72% of the adjustmenffic@nts
distribute from 0.002 to 0.005. The E/P ratios ®ffdims (about 8%), whose adjustment
coefficients range from 0.005 to 0.006, take appnaxely 167 to 200 trading days to
restore equilibrium. The E/P ratios of another Bh$ (about 12%), whose adjustment
coefficients range from 0.004 to 0.005, take 20@2%0 trading days to converge. In
addition, there are 86 firms (about 17%) with atipent coefficients ranging from
0.003 to 0.004, and their mean reverting periagbisut 250 to 333 trading days. 21% of
the adjustment coefficients range from 0.002 td08.0There are further 126 firms
(about 24%), whose adjustment coefficients are tgrethan 0.006, and the mean
reverting speed of their E/P ratios is less thanti&ding days.
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Figure 4 Distribution of b1 coefficients

4.5 Investment Perfor mance of the Deviation Size-Based | nvestment Strategy

Table 6 presents the investment performance of degiation size-based
investment strategy. If a company’s E/P ratio azedain day, from 2007 to 2009 (the
experiment period), falls above the™®5" or 90" percentile of an E/P empirical
distribution constructed with all the E/P observas during the information period, the
deviation size-based strategy is triggered to eydompany’s stock and hold it until
the firm’s E/P ratio reverts to its long-run me&@n the contrary, if a company’s E/P
ratio during the experiment period falls below th® 5" or 10" percentile of a
constructed E/P distribution, the deviation sizeduhstrategy is triggered to short sell
the company’s stock. The short position is coverely after the E/P ratio regresses to

its long-run mean.
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The buy-in strategy is triggered 304, 380, and #&®2s with respect to the 89
95" and 98 percentile triggers. The market adjusted returmisaverage, 13% under
the 99" percentile criterion, which is the best realizestfprmance under the three
buy-in criteria. The performances under th& asd 9f' percentile criteria are 11% and
8%, respectively. Those returns are significantfiecent from zero at a 1% level. The
declining pattern in realized returns is attriblgato the relatively lower uncertainty
when a firm’s E/P is at the 8%ercentile. It is less likely for a stationary E&Rio to
deviate further when the E/P ratio is at its histdly extreme level.

As to the performance of the short-sale stratdgyatverage market adjusted return
is 12%, 15%, and 14% under the™ ", and ' percentile criteria, respectively. The
short-sale strategy is triggered 322, 247, andtit8@s with respect to the 05", and
1* percentile triggers. Those returns are all sigaiftly different from zero, at least at a
5% level. There is also a similar pattern of dexlin performance for the short-sale
investments triggered by different criteria.

In addition to market adjusted returns, investaracern about raw returns. The
average raw returns of buy-in investments are 288%p, and 9% with respect to the
99" 95" and 98 percentiles triggers, respectively. The raw retuof buy-in
investments are somewhat higher than the markestsdj returns and are significantly
different from zero at a 1% level. The average ratwurns of short-sale investments
range from 5% to 8%, but are insignificantly diat from zero.

Interestingly, it seems to be a fifty-fifty chanitet positive returns will be realized
through the buy-in strategies. For example, 14%hef 304 investments (about 49%)
triggered by the 99 percentile criterion realize positive market atgdsreturns, and
160 of the 304 investments (about 53%) realizedtipesaw returns. The percentages
of the investments triggered by the"ond 98' percentiles criteria are also about 50%.
However, the buy-in strategy could still realizgrsficantly positive returns. The results
imply that the magnitudes of profits are large egioto dominate the losses.

Additionally, Table 6 reports the average holdingripd for the investments
triggered by the deviation size-based strategg. dbvious that the deviation size-based
strategy is a long-term investment strategy. Theraye holding period is about 300
trading days for the buy-in investments and is a0 trading days for short-sale
investments. The holding period for the short-satategy is somewhat shorter than the
holding period for the buy-in strategy. The shorteslding period for short-sale
investments suggests the downward speed of pricistatents is faster than the price
upward speed. Such an asymmetric adjusting spegttrbe of interest for further
studies.
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Table 6 Performance of the deviation size-baseesitment stratedy

Trigger$ 99th 95th 90th 10th 5th 1st
Average market adj.
¢ 13.02% 11.16% 8.38% 12.17% 15.20% 13.81%
return
(t value) (3.61) ***  (3.68) *** (3.28) ***  (3.01) ** (3.14) ** (259) **
Raw return$ 23.80% 15.59% 8.58% 6.01% 7.84% 4.69%
(t value) (5.23) ***  (4.10) ** (2.84) **  (1.29) (1.39) (0.74)
Number of times to
_ . 304 380 452 322 247 197
invest stocks
Average holding period
(trading days) 282 300 308 236 244 256
trading days
No. of positive market
g 149 185 231 162 129 91
adj. returns
% of positive market
g 49% 49% 51% 50% 52% 46%
adj. returns
No. of positive raw
169 192 225 151 110 84
returns
% of positive raw
56% 51% 50% 47% 45% 43%

returns

a. We construct an E/P ratio empirical distribution éach stationary E/P time series with all avadabl

observations during the information period (frore theginning of an E/P series to December 31,
2006). Then, the 99 95" 90", 10", 5", and ' percentiles of each E/P ratio distribution arestld

as proxies of high degree deviation. Thd',995" and 98 percentiles of an empirical distribution
are used to define extremely high E/P levels aedrilygers for purchasing stocks. Thé"18", and

1% percentiles, in contrast, are used to define mehe low E/P level and the triggers for short
selling stocks.

The period from January 1, 2007, to December 3092 defined as the experiment period in this
study. If a company’s E/P ratio on a certain dayijrtj the experiment period, falls above th&' 99
95" or 90" percentile of an E/P empirical distribution, weghase the company’s stock and hold it
until the firm’s E/P ratio reverts to its long-ramean. On the contrary, if a company’s E/P ratitha
experiment period falls below thé&' 15", or 10" percentile of a constructed E/P distribution, arsh
position for the company’s stock is constructede Ehort position is covered only after the E/Porati
regresses to its long-run mean.

Market adjusted returns are defined as the holdiegod returns subtracted by the market
performance over a corresponding time period.

Raw returns are defined as the buy-and-hold retwitisout subtracting the market performance

over a corresponding time period.
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4.6 Empirical Results for the Influence of Long-Run E/P Levels on Investment
Perfor mance

Proposition 1 and Proposition 2 predict that tlmendi with negative long-run E/P
ratios are neither good targets to buy nor googetarto short sell. In order to test the
two propositions, all investments are grouped tnto categories; the investments in the
stocks with negative long-run E/P ratios and in skecks with positive long-run E/P
ratios. Then, we compare the percentages of reglizositive (negative) returns in two
categories for buy-in (short-sale) investments.c8ithe experiment period is end in
2009, the investments which are forced to end oceBéer 31, 2009, are excluded in
the testing processes of Proposition 1 and Prapngit The result is presented in Table
7. As predicted by Proposition 1, the percentageeafizing positive raw returns for
buying the stocks with positive long-run E/P ratisshigher than the percentage for
buying the stocks with negative long-run E/P rati&gidence in support of Proposition
2 is also reported in Table 7. The percentage afziag negative raw returns for short
selling the stocks with negative long-run E/P mti® higher than the percentage for
short selling the stocks with positive long-run E#Ros.

Table 7 The effects of positive and negative long-run E/P ratios on investment performances *

99th percentile b 95th percentile b 90th percentile b
no. % no. % no. %
positive  positive positive  positive positive  positive
" raw raw & raw raw & raw raw
return  returns return  returns return  returns
positive LR 160 71 44% 215 97 45% 274 134 49%
negative 2 11% 19 1 5% 23 1 4%
LR
10th percentile b 5th percentile b 1st percentile b
no. % no. % no. %
negative negative negative negative negative negative
" raw raw & raw raw & raw raw
return  returns return  returns return  returns
positive LR 141 18 13% 99 9 9% 72 6 8%
negativeLlR 12 5 42% 7 2 29% 5 2 40%
a. The sample analyzed in Table 7 excludes the invastisnwhich are forced to end on December
31, 2009.

% The analyzing processes are not reported. The investments which are forced to end on December 31,
2009, do not satisfy the analyzing conditions. As a result, the investments are excluded. The analyzing
processes are available from the corresponding author by request.
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b. If a company’s E/P ratio on a certain day, from 2@6 2009, falls above the 9995", or 9¢"
percentile of an E/P empirical distribution constad with all the E/P observations during the
information period, a buy-in strategy is triggetedpurchase the company’s stock and hold it
until the firm’s E/P ratio reverts to its long-rumean. On the contrary, if a company’s E/P ratio,
from 2007 to 2009, falls below thé 15", or 10" percentile of a constructed E/P distribution, a
short-sale strategy is triggered to short selldbmpany’s stock. The short position is covered
only after the E/P ratio regress to its long-runameRaw returns are defined as the holding
period returns without subtracting the market penfance over a corresponding time period.

c. LRisafirm’s long-run E/P ratio.

Proposition 3 and Proposition 4 predict the eftddhe magnitudes of long-run
E/P ratios on the investment performance. Pandl Fable 8 provides evidence to
support the prediction of Proposition 3. Althoudte trelationship between the
magnitudes of long-run E/P ratios and the percentafgrealizing positive raw
returns is not monotonously increasing, there stilhibits an increasing pattern in
Panel A of Table 8. Panel B of Table 8 presentsdlaionship between the levels of
long-run E/P ratios and short-sale performancespradicted by Proposition 4, for
the firms with positive long-run E/P ratios, thegentage of realizing negative raw
returns in short-sale investments decreases wéhebels of long-run E/P ratios.
The implication behind Table 8 for investing praetiis that the stocks with high
long-run E/P ratios are better investment target®n for short-selling, than the
stocks with low long-run E/P ratios.

25



Table 8
Panel A. The relationship between the levels ofifaim E/P ratios and the investment
performances-buy in strategie8

99th percentil@ 95th percentil@ 90th percentil@
no. % of no. % of no. % of
Range of positive positive positive positive positive positive
LR € " raw raw n raw raw n raw raw
returns returns returns returns returns returns
0~0.02 12 3 25% 14 2 14% 17 4 24%
0.02~0.03 10 2 20% 14 4 29% 15 5 33%
0.03~0.04 22 10 45% 23 9 39% 30 14 47%
0.04~0.05 8 5 63% 13 5 38% 22 9 41%

0.05~0.06 17 10 59% 29 17 59% 45 24 53%
0.06~0.07 26 14 54% 38 21 55% 41 21 51%
0.07~-0.08 20 10 50% 28 16 57% 39 27 69%

0.08~0.09 25 7 28% 30 9 30% 33 11 33%
0.09~0.10 7 5 71% 8 5 63% 9 6 67%
more than
13 5 38% 18 9 50% 23 13 57%
0.10
a. The sample analyzed in Table 8 excludes the invastsnwhich are forced to end on December
31, 2009.

b. If a company’s E/P ratio on a certain day, duriB§2to 2009, falls above the'9®5", or 90"
percentile of an E/P empirical distribution consted with all the E/P observations during the
information period, a buy-in strategy is triggetedpurchase the company’s stock and hold it
until the firm’s E/P ratio reverts to its long-ramean. On the contrary, if a company’s E/P ratio,
during 2007 to 2009, falls below th& B", or 10" percentile of a constructed E/P distribution,
a short-sale strategy is triggered to short sellddiimpany’s stock. The short position is covered
only after the E/P ratio regress to its long-runameRaw returns are defined as the holding
period returns without subtracting the market penfance over a corresponding time period.

c. LRisafirm’s long-run E/P ratios.
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Table 8
Panel B. The relationship between the levels of{am E/P ratios and the investment
performances- short sale strategiés

10th percentile b 5th percentile b 1st percentile b
% of % of % of
no. raw no. raw no. raw

Range of ) raw ) raw ) raw

c n negative ] n negative ] n negative ]
LR negative negative negative

returns returns returns
returns returns returns
0~0.02 8 3 38% 4 1 25% 3 1 33%
0.02~0.03 10 0 0% 10 1 10% 8 1 13%
0.03~0.04 2 25% 0 0% 5 0 0%
0.04~0.05 5 0 0% 0 0% 2 0 0%
0.05~0.06 10 2 20% 2 29% 5 0 0%
0.06~0.07 21 2 10% 14 1 7% 7 1 14%
0.07~0.08 22 3 14% 17 1 6% 12 0 0%
0.08~0.09 28 4 14% 14 3 21% 11 2 18%
0.09~0.10 11 0 0% 8 0 0% 5 0 0%
more than
18 2 11% 17 1 6% 14 1 7%
0.10
a. The sample analyzed in Table 8 excludes the invastsnwhich are forced to end on December
31, 2009.

b. If a company’s E/P ratio on a certain day, from 2860 2009, falls above the 9995" or 90"
percentile of an E/P empirical distribution consted with all the E/P observations during the
information period, a buy-in strategy is triggetedpurchase the company’s stock and hold it
until the firm’s E/P ratio reverts to its long-ramean. On the contrary, if a company’s E/P ratio,
from 2007 to 2009, falls below thé', 15", or 10" percentile of a constructed E/P distribution, a
short-sale strategy is triggered to short selldbmpany’s stock. The short position is covered
only after the E/P ratio regress to its long-runameRaw returns are defined as the holding
period returns without subtracting the market penfance over a corresponding time period.

c. LRisafirm’s long-run E/P ratios.
5. Conclusion

The purpose of this study is to investigate the mesversion characteristic in
firm-specific P/E ratios and employ it for investmegractice. However, negative P/E
ratio is meaningless, and P/E ratio will divergeewhhe denominator (EPS) is close to
zero. We adopt E/P ratio in our tests. The samplehis study consists of 1,156
non-finance firms listed on TSE and OTC in Taiwar2006. Not all E/P time series of
individual stocks exhibit a mean reversion featukenong the 1,156 firms, the E/P
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ratios of 516 firms (about 45%) exhibit the tenden€ mean reversion. For the firms
which have listed over 10 years, their E/P timdesehave a higher probability to
become stationary. Furthermore, ARMA models ardizatl to capture the mean
reverting behavior of firm specific E/P ratios. Acding to the results of our
investigation, ARMA(1,0), ARMA(2,0) and ARMA(2,1)athe most common models
to dominate the mean reverting behavior of firmcdpeE/P ratios. The mean reversion
feature of the E/P ratio implies a firm’s E/P ratiwould revert to a long-run average
level when deviating away. Using the fitted ARMA dabs, we estimate firm-specific
long-run E/P ratios for the 516 firms of havingtstaary E/P time series. The mean and
median of the 516 long-run E/P ratios are -0.022@035, respectively. In addition, we
analyze the mean reverting speed for the 516 fiwhese E/P ratios exhibit a mean
reversion feature. The average mean reverting sfigethe 516 firms is about 125
trading days.

The current study also makes an effort to comlnaeentean reversion theory with
investment practice. An investment strategy basedihe detected mean reversion
feature of E/P ratio is argued. The strategy sateqgy triggered by the deviation size of
E/P ratios, and it could realize significantly gos raw returns and market adjusted
returns in Taiwan stock market. More specificalg argue that the firms with negative
long-run E/P ratios are neither good targets to bay good targets to short sell. In
addition, firms with higher long-run E/P ratios dretter investment targets, even for
short selling. An area of future research that ghbe considered is the factors which
would affect the investment performances of thategy. Furthermore, the adjusting
speed of upward and downward mean reverting presasgght differ from each other.
Such asymmetric mean reverting speed might be uietpfimprove the investment
performances. It might be of interest for furtheerdses.

Finally, there are three more recommendations dturé research. First, whether
firm-specific E/P ratios in other stock markets ibxtthe mean reversion feature needs
further exploration. Second, the factors accountimdong-run E/P ratios and the mean
reverting speed remain for future studies. Thirekhpps future research could replace
the E/P ratio by the price-to-equity book valudadP/B) as a valuation indicator to
overcome the influence of changes in earnings erefR mean reverting process.
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