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ABSTRACT

This study examines the dynamic relations between market fluctuation and investor sentiment for the Taiwan stock
market before critical crash using the LPPL (log-periodic power law) signatures. First, aftershock patterns resembling
those associated with earthquakes also occurred in the Taiwan stock market before critical crashes. It exhibits the same
pattern of cycles speeding up as approaching to a crash point. Second, a lead-lag relationship exists between the
Taiwan stock index and investor sentiment. This study finds the variance increases of frequency on investor sentiment
move ahead of the increase in stock index variance as a crash approaches. The investor sentiment variables can be used
to forecast the time of a crash.
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INTRODUTION

Financial crashes are major financial events hotieality and from the perspective of academicarge During
the last century, several global financial crashesurred, for example in 1929, 1962, 1987, 1998 2000. Each of
these crashes almost instantaneously destroyed géaensions and savings. However, previous rekear bubbles
and crashes has mostly focused on EMH (efficientketahypothesis) or rational men (e.g.,Blanchard ®vaston,
1982; Tirole, 1982; Chen et al., 2001), while ineessentiment has been relatively neglected. Istargly, an
increasing body of recent evidence supports theentiader theory (e.g., Chen et al., 1993; Dartichle 1998;
Hirshleifer, 2001) and market anomalies such as emtum (e.g., Jegadeesh and Titement, 1993, 2004 ;ahe
Swaminathan ,2002; Lasfer et al., 2003; Roberto@mdsto, 2005), herding (e.g., Lakonishok et #092; Nofsinger
and Sias, 1999; Dennis and Strickland, 2002; Gleasal., 2004). Moreover, Qiu and Welch (2004) sestiment as
playing an important role in financial markets. Balkand Wurgler (2004) form a composite index oftiseent and
predicted that a wave of investor sentiment dispropnately affects securities whose valuationstaghly subjective
and difficult to arbitrage. These studies challerige classical view of efficient and rational fimgadl markets.
Consequently, whether a wave of investor sentingettie probably factors or process driving crasppeaed? If the
dynamic relationship between critical crash andegtor sentiment can be identified, it may help msveering the
guestion of which factors driving crashes happesed developing indicators for tactical asset aliocaor market
timing before critical crashes.

Notably, the individual investors comprise over 86f4rading activity in the Taiwan stock market, faore than
in most developed markets. This study investigttese crashes in the Taiwan stock market, occuirint990, 1997
and 20068, and each of which involved losses 5-8 trillion INTFor individual investors, the fear of a crashais

1 The utility industry crash occurred in 1929; theo#fonics industry crash occurred in 1962; the 16@&h resulted from general market
deregulation causing many new private investoreriter the market with unrealistic profit expectasipthe 1998 crash is often attributed to a
devaluation of the ruble and political events ins&a and also termed the Asian Currency Crisigllfinthe 2000 crash result from unrealistic
expectations regarding the Internet, telecommuioicatand other technology industries.

2 This study investigates three crashes occurrintpénTaiwan stock market: the 1990 crash resultech fihe real estate bubbles and saw market
capitalization lose 5.9 trillion NTD; then 1997 shaswathe stock market lose 6 trillion NTD; the 899ash result from the bursting of the
technology bubble and saw market capitalizatiop B trillion NTD.
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perpetual source of stress, and its onset can teastic consequences. Furthermore, Dennis andkiamit (2002)
argue that individual investors are less sophitand more risk averse than institutions, and thdividual investors
tend to overreact and sell during sharp market girtoreover, the “noise trader” theories of Bladeg6) and De
Long et al. (1990) propose that if some investoadd on a “noisy” signal that is unrelated to fumdatals, then asset
prices will deviate from their intrinsic value. Ftris reason, this study uses Taiwanese data tcates verify the
dynamic relations between market fluctuations anestor sentiment before critical crash.

Furthermore, a series of recent papers have pegbdntreasing evidence that market crashes ane larg
corrections are often preceded by speculative lesbblith one main characteristic: a power law acaétmn of the
market price decorated with log-periodic oscillagp which is so-called log-periodic power law (LBFRdignatures
associated with speculative bubbles resulting friomtation between investors herding behavior (eZhpu and
Sornette, 2003). Notably, evidence that the cy@gquency speeds up as a crash approaches existsiarous markets.
Market trends best describe as the acceleratinggptaw with log-periodic oscillation occur in matkeincluding the
US (especially the DJIA, S&P500 and Nasdaq ), GaernRolish, Argentina, Brazil, Mexico, Hong-Kong aKdrea
stock market indices and so on (e.g., Vandewallal.et1999; Johanson and Sornette, 2000a, 200@H,; Zbu and
Sornette, 2003; Sornette, 2003; Gnacinski and M&mw2004). Consequently, idea that complex adaptistems
evolve towards a critical state stems can desthiéestates of crash.

This study, first adopts an empirical approach dasethe model of LPPL signatures to describe ticaticrash
for the Taiwan stock index before the crash of 19%g-periodic patterns have been demonstratecist leefore this
crash, and foreshock and aftershock patterns avenkio occur not only in earthquakes but also & Taiwan stock
market crashes. Next, we elected five investorigemtt variables based previous studies, and obtamfrequency of
the Taiwan stock index and investor sentiment egbased on log-periodic pattern constructedutiinahe envelope
function technique. Finally, the main focus of ttsidy is applying the GARCH model to calculate freguency
variance and next using Granger causality withftequency variance to test the dynamic relatiorwbeh market
fluctuation and investor sentiment before a crésterestingly, this study finds that increasesraqgfiency variance of
investor sentiment variables are ahead of thostook index’s variance increase as the time ofttash draws closer.
Indeed, using the LPPL signature method, this stleiyonstrate that investor sentiment variablesedsiyprecursory
imprints before a crash, and can even be useddodet market timing.

The remainder of this paper is organized as folld®ection 2 then introduces the investor sentimantbles,
data and methodology. Next, section 3 describe dmistock index with LPPL signatures and obtaingueacy of
Taiwan stock index and investor sentiment variabliag the envelope function technique. GARCH maslelpplied
to calculate the frequency variance and Grangesaddy model is used to test the lead-lag relatigmbetween the
Taiwan stock index and investor sentiment variahleghg the frequency variance. Finally, section réspnts
conclusions.

DATAAND METHODOLOGY

M easures of investor sentiment

A body of research has market anomalies like moamenbver/under-reaction and herding. DeBondt analérh
(1985, 1987) found evidence of overreactions irclstmarkets. Richards (1995, 1997) used nationalkstoarket
indexes to show that winners outperform losers @veix month horizon, but lowers outperform winnever three-
and four-year horizons. Moreover, Jegadeesh ameafi{2001) evaluated the profitability of momentstmategies and
found support for the behavioral models. Dennis &tiitkland (2002) find that positive feedback hiegdbehavior on
the part of some institutions, particularly mutwad pension funds. The above studies clearly detmaiesthat
investors do not act like the rational individusésbeloved by economists.

The likely investor sentiment factors driving inases in log-term correlation among investors trgdinategies
which can be used to indicate the timing of markashes, need to be identified. Liquidity is getlgrapplied within
fund management groups, trading desks and derévdtgks. Chorida et al. (2000) formed daily timgeseof various
measures of liquidity, such as depth and quotedeffedtive bid-ask spreads, and also of tradingina, such as dollar
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and share volume. Furthermore, Jones (2000) csllant annual time series of average quoted bid-psbads.
Moreover, Datar et al. (1998) indicated that stowkl low turnover have higher returns than stoeith high turnover.
Additionally, Amihud (2000), Lo and Wang (2000) doyed turnover as a measure of liquidity. FinaBgker and
Stein (2001), and Baker and Wurgler (2004) founédewce that turnover can serve as an index of reenti
Consequently, this study used daily Highest-Lovggseads and turnover for Taiwan stock index aoaypof liquidity
and sentiment.

Second, investment risk magnitude could influenoeestor returns, in value effect respect growttclstoare
more risk than value stocks. For example, Skinmer @loan (1999) found clear evidence of an asynicadly large
reaction to earnings disappointments for high ghofivins. Moreover, La Porta (1996) examined a lasgmple of US
stocks and discovered that the stocks with thedsigfuture returns earned significantly lower retuthan those with
the lowest growth forecasts. Chan et al. (2001¢hed a similar conclusion that growth stocks areenmisk than value
stocks. These studies have demonstrate that theruaerous excellent reasons to believe the markeghg of value
and growth stocks is not driven purely by risk éast and that sentiment and psychology also pleyge role. This
study uses P/E ratio as a proxy of investmentfaskivestor sentiment.

Moreover, the structure of the Taiwan stock maskith noise traders comprising over 80% of tradingvéyg
different from that in developed countries. Odeb®98) showed that one of the effects of investosr-gonfident was
high turnover. Gervais and Odean (2001) showednbiae trader more excessively than others. Braveh@Giff (2004)
used percentage change in margin borrowing and gfterest as a bullish and bearish indicator eglab particular
types of trading activity. Therefore, this studynstsucts a MM ratio based on dividing margin pusgsaby market
value as a bullish indicator, as well as SM ratigdd on dividing short sales by margin borrowingapture relative
market strength.

Finally, five investor sentiment variables, Hightstvest spreads, turnover, P/E ratio, MM ratio &M ratio are
selected, to test and verify whether they are atdics of precursory imprints before crash.

Data

The data set comprises daily market close pricégghddt-Lowest spreads, turnover, P/E ratio, mapgirchase
and short sale for the Taiwan stock index. The datsers the period 07/01/1993-08/26/1997. The cl£&9v is the
research event. Fig. 1 displays the movement ofdivan stock index for the period 10/17/1986-052204.
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This study uses daily data to test and verify theaghic relation between critical crash and investmtiment.
Since the scale of weekly or monthly data is lontpan daily and thus reduces the impact of spgtiahomenon in
stock markets, daily data can more accurately capthe relationship between market fluctuation ameestor
sentiment before a crash.

M ethodology
Satus of log-periodicity

Following the Sornette and Johansen (2001), weifgualbubble by the existence of a regime of stowrket
prices well fitted by the expression

1(t)= A+B(t, —t) " +C(t, —t)“ codwin(t, -t)-¢) ... .. .. .. . . ... (1)
which embodies the log-periodic power law signatiiete that the phasg does nothing but provide a time scale
T since &« In(7) + ¢ = «In(7/T) with the definition ¢ = —aInT . ¢thus disappears by the choice of T as the

time unit. This stresses the fact that, if the phasiot a fundamental parameter of the fit sihcam be get rid of by a
suitable gauge choice, it contains neverthelesmpartant information on the existence of a charastic time scale.

L og-periodic pattern
In order to prove that a log-periodic pattern appdefore crashe¥andewalle et al. (1999) have constructed the
envelope of the index |. Two distinct curves ardtbthe upper envelopeg,iand lower one,}i,. The former represents

the maximum of | in an interva[ti ,t] and the latter is the minimum of | in an intervbl,tf J The interval lti ,th

is the full period.
We have fitted the following function:

Lo+ 1o = (C+Ct)a-codwin(t, —t)+ @) ... .. . . . . . . (2)

where Gand G are parameters controlling the amplitude of theillasions. Without these parameters, a fit isl stil
possible if an a priori single and constant amgegt(i.e. G=0) is presupposed.

EMPIRICAL RESULTS

Log-periodic pattern

Table 1 illustrates the coefficient estimates frimg-periodic formulas Eq.(1). Consistent with pas studies,
for all bubbles in most liquid markets the log-faeqcyc / 271 has been consistently close to 1. Sornette anchdeha
(2001) indicate that a survey of 20 cases includiiyint Hong Kong stock market, six crashes on mgjobal stock
markets and six currency crashes indicates a loiggie component in market price evolution withag{frequency of
wl2n=11% 0.2, except for the two first Hong-Kong crases of 1@t 1973, and the global crash of April 1989,
for which the value ofw was slightly lower/higher. Within the framework pdwer laws with complex exponents, the
corresponds to a preferred scaling raktie:2.7: the local period of the log-periodic oscikats decreases according to
a geometrical series with the rafla Similar findings are repeated in other studieshsas Vandewalle et al. (1999),
Johansen and Sornette (2000b), Johansen and ®of@éfd1), Drozdz et al. (2003), Zhou and Sorne2@08),
Johansen (2004), and so on.

10.0
Residual
7777777 Actual data : log (stock index) Il os
———— Fitted data ‘[\','
¥
el 7V |-eo0
. — ~r /
o R et s
"ar, LSy —— -~ Sanid ' ~
o.4 — el e T e e i a5
e e P .

19‘9‘:3‘“”‘HH‘:L‘QHQ‘AHHH“i‘g‘g‘g””““i‘g“g‘é“““‘1‘9“‘\9‘7‘“

278 Journal of International Management Sudies * February 2008



S tock Index Highest-lowest spreads

-2

L O o L o
1993 1994 1995 1996 1597
2

Tumover P E ratio

MM ratio S M ratio

1093 1994 1905 {596 1997

—— Log-periodic oscillations
--—- Envelope

Figure 2 Taiwan Sock Index and log-periodicity of Pattern before the Crash in 1997

As shown in Fig. 2, log-periodic pattern beforestravents resembles the patterns of foreshockafterdhocks
associated with earthquakes, and Table 2 listctiedficient from Eq.(2). The top half of Fig. 2 akty shows the
accelerating power law nature of the market trévidanwhile, the lower section of the diagram cleathows the
log-periodic oscillations discussed previously. Tiyele frequency accelerates as a crash appro&chksar. We agree
with Sornette (2003): critical self-similarity ishy local imitation cascades through the scalesgtibal coordination,
and a crash is most likely when the locally imitatsystem goes through a critical point. Besides,isithis evidence
of log-periodic pattern limited to the Taiwan stooldex, have been found in investor sentiment, deample,
Highest-Lowest spreads, turnover, P/E ratio, MNbrand SM ratio which are proxy for investor serdith

Table 1 Taiwan Sock Index with L PPL Signatures
A Critical Crash in 1997 A B C o o ¢
year -10.10 19.83 -0.18 0.01 6.42 -14.64
Note. This table shows coefficient estimates frogyperiodic formula Eq. (1).

Table 2 L og-periodic Pattern on Taiwan Sock Index and Investor Sentiment

Index Highest-Lowest spreads Turnover PE ratio MM ration SM ratio
C, 2977.73 249.31 2.84 25.03 0.01 2.85
C, -2.13 0.04 8.16E-05 -0.01 -7.13E-07 0.01
¢ -1.15 -2.79 3.76 3.96 3.64 2.25

Note. This table shows coefficient estimates fram ).
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Table 3 Granger Causality between Taiwan Sock Index and Investor Sentiment

Null Hypothesis F-statistic
Stock Index does not Granger Cause Highest-Lovpetds 5.68***
Highest-Lowest spreads doest not Granger Causé 8tdex 345.60***
Stock Index does not Granger Cause PE ratio 24.70%**
PE ratio doest not Granger Cause Stock Index 118.24***
Stock Index does not Granger Cause Turnover 21.23%**
Turnover doest not Granger Cause Stock Index 132.40***
Stock Index does not Granger Cause MM ratio 9.37***
MM ratio doest not Granger Cause Stock Index 115.39***
Stock Index does not Granger Cause SM ratio 1.34
SM ratio doest not Granger Cause Stock Index 22.61%**

Note. This study test the lead-lag relation betw&giwan stock index and investor sentiment vargbl¢éhich are Highest-Lowest spreads, PE ratio,
Turnover, MM ratio and SM ratio, by using Grangausality test before critical crash in 1997. *** *imply significant different from zero at 1%,
5%, and 10% levels, respectively.

Dynamic relationship between market fluctuation and investor sentiment

This empirical procedure described in this sectiests whether investor sentiment is the indicasedufor
tactical asset allocation or market timing beforgéiaal crashes. Fig. 3 shows significant volajilitlustering near a
critical crash, which is the log-periodic pattefteafirst differentiation for the critical crast 8997. The left half of the
diagram is the whole research period and the tiglft of the diagram is the short-period (50 daysfoke the crash.
This study plugs frequency with LPPL signature itite GARCH model to calculate frequency variangenta graph
showing Fig. 4, investor sentiment clearly osadtasignificantly before the stock index. The ptipief frequency
variance is Highest-Lowest spreads, followed by rB#o, MM ratio and Turnover, and finally SM ratiahich is
synchronous with the Taiwan stock index from tiggatihalf of the diagram of Fig. 4.

This study applies Granger causality with frequeneyiance to test the dynamic relation between etark
fluctuation and investor sentiment before a cra#ghshown in Table 3, investor sentiment variabled stock index
have significant causality, with the exception dfl Satio. From the perspective of the F-statistimce “the
Highest-Lowest spreads doest not Granger causé& 8tdex” is higher than “the Stock Index does noa@er cause
the Highest-Lowest spreads” (345.60 < 5.68), fesmy variance of Highest-Lowest spreads fluctuatese
significantly prior to Stock Index before crash.eThtudy next acquires the same empirical resulotber investor
sentiment variables, including PE ratio, turnoved &M ratio. The empirical result of the Grangeusality test is as
same as the description in Fig. 4.

To summarize, Fig. 4 and Table 3 clearly show thatfrequency variance on investor sentiment acatels prior
to Stock Index as crash approaches. Hence thiy stigls that as crash approaches an increasing@&uof one-time
investors to increase the spread of Highest-Loywese, and then speeds up the life cycle of vahe growth stocks,
thus causing significant fluctuation of investmeisk. When prices increase speculatively, causieglti for some
investors, other investors may be attracted by vednshouth, fuelling further price increases. Thigdy thus infers that
investor sentiment variables drive the increased-@nge correlations among the trading strategfi@s/estors.
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Figure 3 Log-periodic Pattern after first Differentiation

The diagram is the log-periodic pattern after falifferentiation for critical crash in 1997. Theftldalf of the
diagram is the whole research period and the Hglitof the diagram is the short-period (50 daysfpke the crash.
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Figure 4 Frequency Variance with LPPL for Critical Crash in 1997

This study plug frequency data obtained from loggatc pattern into GARCH model to calculate thedguency
variance on Taiwan stock index and investor sentinighe left half of the diagram is the whole resbgeriod and the
right half of the diagram is the short-period (5/s) before the crash.

CONCLUSIONS

This study examined the dynamic relations betweeanket fluctuation and investor sentiment for thewean
stock market before a critical crash using the LfRJ-periodic power law) signatures. A main issgsewhether
indicators of investor sentiment, namely liquidftyighest-Lowest spreads and Turnover), investmiskt (PE ratio),
bullish indicator (MM ratio) and relative marketestgth (SM ratio), are useful signals for underdiag the precursory
imprints before a critical crash.

Log-periodic patterns exist before crashes, andsfurck and aftershock patterns occur not only dothguakes
but also for crashes. The Taiwan stock market dstnates the same pattern as global markets, witlesyf speeding
up occurring as a crash approaches, and corresporadpreferred scaling ratiol =2.7. Similar finding are repeated
in other studies, such as Vandewalle et al. (198$Hansen and Sornette (2000b), Johansen and t8d2@21), Drozdz
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et al. (2003), Zhou and Sornette (2003), Joharedd(). This study supports Sornette (2003): cllisedf-similarity is
why local imitation cascades through the scales gibbal coordination, and a crash is most likelyew the locally
imitative system goes through a critical point. LPgan be applied to quantify stock markets, reveplpatterns of
complex adaptive systems

This study also found evidence of a lead-lag retedthip between the Taiwan stock index and invessatiment.
From a graph illustrating figures and other dake, frequency variance of investor sentiment app&ai@ccelerate
before stock index, particularly for liquidity (Higst-Lowest spreads and Turnover), investment (fgk ratio), and
bullish indicator (MM ratio). Hence we infer that the crash approaches an increasing number diroeanvestors to
increase the spread of Highest-Lowest, and theedspep the life cycle of value and growth stocks eawsing violent
fluctuation of investment risk. Speculative pricges that create wealth for some investors magatbther investors,
fuelling further price increases. Moreover, investaccelerate the trading speed of selling whatt@sebought. This
study infers that investor sentiment variables @ritie increased long-range correlations among iakggrading
strategies.

Finally, analysis of the short periods before ceasfails to reveal the pattern of LPPL signatusegporting the
viewpoint of Sornette (2003): the underlying caaéa crash lies many years before the crash itBelthermore, this
study fails to find the same dynamic relationshipen using the traditional method with the datehaiit transforming
time-series into frequency. Indeed, LPPL signatwas help us determine the driving factor and ttegket timing
before crashes.

This study brings up the new perspective that feegy variance of investor sentiment acceleratesrbeftock
index. Investor sentiment variables are precursopyints before critical crashes and indicatorsduee market timing.
This study was limited to the Taiwan stock marletd future studies could test whether global markshibit the
same dynamic relationship between stock index anestor sentiment.
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