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ABSTRACT:

The aim of this paper is to explore herding behaainong investors in order to
determine its rational and emotional componentofactand identify relationships
among them. We apply causality tests to evaluateitipact of return and market
sentiment on herding intensitfhe herding intensity is quantified using the nueas
developed by Patterson and Sharma (2006). Therobs@as conducted during the
period 1997-2003 in the Spanish stock market, whezegresence of herding has been
confirmed. The results reveal that the herdingnisity depends on past returns and
sentiment or subjective assessments and confirmprédsence of both a rational and an

emotional factor.
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1.-INTRODUCTION

Over the last few decades, there has been a growtegest in researching
investor behavior in capital markets, especiallyratation to how and when the
behavioral pattern may impact on stock prices dhdreby, on what is commonly
considered to be market efficiency. The attentibthe behavioral finance literature has
been focused on the study of investor rationalitg the implications of the cognitive
processes involved in stock market investment decisiaking (Fromlet [2001]). But
certain reactions induced by innate psychologic&lehavioral traits may be compatible
with rational decision-making, as in the case ofestors engaging in loss avoidance
(Kahnemann and Tversky [1979], Tversky and KahnemH®86]). This type of
investor will make a subjective assessment of histdata and current fundamental
variables. In a context such as this, investor Wienaan cause price fluctuations that
are not necessarily due to new information arribat, to the emergence of collective
phenomena such as herding behaviour (Thaler [19BHéfrin [2000]). The market
might not be efficient in the strict traditionalnse, but might rather be functioning
within a limited rationality paradigm in which histc data acquires added value, either
directly, or indirectly through the formation of rkat sentiment and the intensity of

investor herding behavior.

Herding, that is imitation among investors, is stdappear in markets when,
instead of following their own beliefs and privatgormation, investors decide to
imitate the decisions of other traders, who theyc@ge to be better informed.
Numerous theories have been put forward to exphamkind of behaviour and studies
have been conducted to evaluate the presencedihben capital markets, although the
empirical results have been inconclusive. The exilans that have been given for
herding include the way in which information is eaated (see Banerjee [1992],
Bikhchandani, Hirshleifer and Welch [1992], Hirshdée, Subrahmanyam and Titman
[1994], Gompers and Metrick [2001] or Puckett ananY2007]), reputation costs -
under the agency theory and usually in developedketsa - (see Scharfstein and Stein
[1990], Trueman [1994]) and compensation schenmesyugh which an investor will be
compensated according to his performance relativeéhat of others and therefore
deviations from the market consensus might leadntaundesired cost (Roll [1992],
Brennan [1993], Rajan [1994] or Maug and Naik [1]996n addition to these



explanations, some authors (among others, PattensdrSharma [2006] hereafter PS,
Demirer and Kutan [2006], Henker, Henker and Mg&sja006] and Puckett and Yan
[2007]) have recently considered other determinahteerding including the proportion

of institutional traders, the quality of availalidormation, dispersion of opinion or the

presence of uninformed investors, among others.

Owing to the inconclusiveness of the empirical emice of the presence of
herding, and since there appear to be both theatetind operational arguments to
support its existence, recent years have seennteegence of a variety of proposed
measures and indicators designed to overcome rhtations of previous alternatives,
either through modification of existing approachas the proposal of new ones
(Lakonishok, Schleifer and Vishny [1992], Wermers999], Christie and Huang
[1995], Chang, Cheng and Khorana [2000], Hwang Satmon [2004 and 2005],
PS[2006]).

Following the line of reasoning used by Bikhchandand Sharma (2001),
herding could be segregated into sentiment-driverdihg and herdingdriven by
fundamentals. Also, Baddeley et al (2007) argud thathe real world herding
behaviour may be the outcome of interactions betwaestinctive or emotional and
rational responses. This idea has drawn additigwgport from the world of
practitioners. In this context, the focus of thappr is on exploring the components of
herding behaviour and, more specifically, testiogthe presence of both the sentiment
and fundamentals-driven factors just mentioned.

The component of emotional herding is usually idierat with the emotional
contagion phenomenon based on feelings and gersefigective perceptions of
investors. So, a proxy for emotional herding wadnddsomething similar to the so-called
market sentiment measures. The second componeesdrom apparent rationality in
analyzing information flows arriving in the markand includes the so-called rational
expectations drawn from the analysis of fundamentdlhus, rational herding is
approximated by the most recent past returns, wimgght be raising investors’
expectations about future market fundamentals.

It is easy to appreciate the complexity of the trefeships between investor
behaviour at a given moment and the amount of @bga@nd subjective variables
considered by each investor, while also bearinguimd the possibility of feed-back or

circular dependency between variables. Althoughlyaimg these components is no



easy task, there is no excuse for avoiding it, desur awareness of the limitations it
may entail.

The paper sets out to study daily herding pattasnsg causality tests. Our first
step is to determine the causal relations betwaeh ef the emotional and the rational
components and the herding measure. Neverthelegsn ghe close interrelation
between the objective and subjective variables thay be considered by agents
participating in the market, we also test whethastpeturns drive herding behaviour
indirectly through the formation of market sentimemd whether lagged sentiment
drives herding effects by inducing returns thatoemage mimetic decisions. To lend
robustness to our findings, we perform the tesiagushree different indicators of
market sentiment: two based on data from the diresmarket and a third one based
on data from the spot market. Since the analysigires a market in which the presence
of herding has already been confirmed, the Spastistk markétwas considered ideal
for the purpose. Based upon the results obtainedsamstructed several models aimed
at determining whether the (emotional and rationafpponents of herding can usefully
inform predictions of future herding intensity. dther words, we aim to test whether
the proxy variables for these factors have enougtdigtive power to limit the
importance of other possible explanatory varialtlest can not be so reasonably
identified with proxy variables. The distinction thfe different sources of herding might
allow the anticipation of future herding episodewd anformation cascades, which
would be useful not only for investors but also tiee authorities, by enabling them to

respond more rapidly to extreme market movemenigad@ and Moreno [2007]).

This paper makes several contributions to thedlitee on herding behaviour
among investors. Firstly, it furthers understandafighe phenomenon and advances the
search for intensity determining factors. Thisas far as we are aware, the first paper to
find empirical evidence to establish causal linkdween herding intensity and the
proxies for its components and reach the point ddniifying the sign of the
relationships. The results obtained may be padrbulrelevant in providing a deeper
understanding of market functioning. Secondly, wespnt an instrument to predict
levels of herding based on the above-mentionedbkes, which appears to be another
novelty in the literature on the subject. In additiwe start out with an intraday herding
measure, this being considered the optimal frequericdata for detecting herding

! Blasco and Ferreruela (2007,and 2008), de Lill@let2007) and Blasco et al (2010) present clear
evidence for the presence of herding in this market



behaviour. Finally, the sample period is long erot@dilute the bias produced by any
market effects.

The paper is organized as follows: the secondaseptesents the database used
for the analysis together with some descriptiveadatr the Spanish stock market.
Section three describes the methodology, the miagings and the implications of the
causal links, in addition to several herding intgngrediction models. The paper
concludes with section four which gives a summdrtghe main findings deriving from

the study.

2.- THE DATABASE

The sample period for this analysis runs from Jandal997 to December 31
2003. The data used in the analysis were supphethé Spanish Stock Exchange
Association. They enabled us to compile an intradiaa set for every stock listed in
the market, recording the exact time of the tradeaurs, minutes and seconds, the asset
code, the trade price and volume traded in numbstocks for every trade made during
the sample period. We were also provided with miation about the Ilbex-35
composition and the daily index return series datahe period considered. The Ibex-
35 is the official index of the Spanish Continudlarket and records all movements of
its 35 most liquid and actively traded stocks.

For the purpose of this analysis, all transactitired had taken place outside
normal trading hours, that is, before market opgnim after market closing were
removed from the sample. Throughout the whole d3713he market trading hours
were from 10 am to 5 pm, after which the trading das gradually lengthened until in
2003 it was fixed from 9 am to 5.30 pm. The datedum this paper cover all trades
executed on the stocks included in the Ibex-35gttame during normal stock market

trading hours.

We also used historical data relating to the optiam the Ibex-35 at the
derivatives market close of trading, supplied byR#E These data include the date of
the trade, the stock underlying the contract (inaase the Ibex-35), whether it is a call
option or a put option, the expiration date, thereise price, daily trading volume, open

interest and volatility at market closing.

2 MEFF is the Spanish Official Exchange for FinahEiatures and Options.



It is worth noting that the securities comprisimg ttbex-35 index account for
93.57% of the total volume traded, and the aveteging volume per security in the
Ibex-35 is roughly four times higher than the agerdaily trading volume per security
in the total market. These figures show the enosmmaportance of the Ibex-35

securities relative to the market as a whole.

3.- METHODOLOGY
3.1- Herding Intensity Measure

One of the reasons why so little empirical evideat&erding has been found
could be inadequate choice of data frequency. Raddl McAleer (1993) note that the
use of quarterly, or in some cases even annuad, Watlld weaken the detection of
herding behaviour if it happened to be taking plica shorter time interval (monthly,
weekly, daily or intradaily). The scarcity of theaessary data and the relative novelty
of empirical analysis are further potential reasémsthe real difficulty entailed in
measuring the herding effe@ikhchandani and Sharma [2001]).

To measure herding intensity in the market, thipepauses the measure
proposed by PS(2006), based on the informationada&senodels of Bikhchandani,
Hirshleifer and Welch (1992) that measure herdinggnsity in the market in both
buyer-initiated and seller-initiated sequencessTheasure presents a major advantage
over other alternatives in that it is an intradagasure, that is, it provides a daily
indicator but uses intraday data. It also suits munposes better than other measures
because it does not rest on the assumption thaletle¢ of herding will increase or
decrease at extreme moments, and in addition @stakto account the whole market

and not just a few institutional investors.

According to the Bikhchandani, Hirshleifer and Welmodel (1992), market
traders receive an imperfect signal G (a good nawsuncement that might trigger a
price increase) or B (a bad news announcementilgdit trigger a price reduction) in
the future value of an asset. Investors are awfaiteed' own interpretation of the signal
but can only infer how others have interpreted yt dbserving their investment
decisions. In this model, investors make sequemti@stment decisions, and therefore
observation of others’ previous decisions can becamucial when pondering one’s

own. Information cascades occur when investorssaeh store by what they have



observed in others that they ignore their own peviaformation when making their

decision.

Following the scheme presented in Bikhchandani &hérma (2001), the
simplest operative sequence could be summarizéollaws: the first agent to make a
decision (I#1) only has his own signal to go byihg no other investor to observe, he
acts upon his own private information. The secanestor (I#2) has, in addition to his
own signal, the information revealed by I#1's dexis If I#1 invested and #2’s signal
is G, he will buy. If the two signals are contrddiy, Bayes’ theory tells us that there is
0.5 probability of a positive return. In this casbe second investor will decide
completely at random whether or not to buy. Whaa I#3’s turn to decide, if the first
two investors have invested, he will know that Bt&ignal was G, and that I#2’'s was
also most probably positive; he will therefore istveven if his signal is B. After I#3, no
new information regarding investment decisions Wil passed on to later investors,
since all the existing information is based ondleeisions of the first investors. This is
the point at which the investment cascade beginsge geople will invest whatever
signal they receive. An investment cascade willdfege commence if, and only if, the
number of previous investors that decide to invedtvo or more than the number of
those who do not invest. The probability of a cdsda very high even when only a few
of the earliest investors have made their decision.

PS(2006) construct an indicator based on theserdtieml foundations and
suggest that at the empirical level, an informate@ascade will be observed in the
presence of buyer-initiated or seller-initiateditrey sequences of a longer duration than
those that would be observed if there were no saslcade and each investor were to
base his decision on his own information. The abmentioned authors propose a
statistic to establish the measure of herding Bitgrin the market by comparing the
number of sequences. If investor behaviour is gsyateally imitative, the values of the
statistic should be negative and statistically icgmt because the real number of
initiated sequences will be lower than expected.

f +1/2)_npi (1_ pi)

Jn

X(i,i,t)=(

(1)

where ris the real number of sequences of type i (upwaogynward or zero
tick), n is the total number of trades executedaaurity j during the trading day t, %2 is
a discontinuity adjustment parameter andsgghe probability of finding a sequence of



type i. In asymptotic conditions, the statistic, (i t) follows a zero-mean normal

distribution with variance
o*(i.it)=p - p)-3p°@-p) @)
Finally, PS(2006) define the herding intensity megg statistic as:

HG, g0 = -8l g Ny
Vo (J,1) Q)

where i can take one of three different values @ing to whether the trade is
buyer-initiated, seller-initiated or zero tick, whigives three series of H statistics. Ha is
the statistic value series in upward (buyer-ingiigt sequences, Hb represents the
statistic values in downward (seller-initiated) sences and Hc is the statistic value
series in zero tick sequences. As mentioned besigaificantly negative values of the
H statistic indicates that the number of real seqas is lower than expected and,

therefore, supports the presence of herding effects

To obtain the herding measures required for outystwe began by ranking all
trades executed during each trading day of the kapgriod (having once removed
those executed outside official trading hours)tisgrthem by stock and then measuring
the number of sequences (uptick, downtick or zek) that occurred on that day on
each stock. We then proceeded to calculate theOR6)3tatistic. We found Ha, Hb and
Hc statistics for each day of the study period lbtha stocks listed in the Ibex-35 and

finally obtained average Ha, Hb and Hc statistitesefor the Ibex-35.

Table | shows the descriptive data for the herdlirignsity measuredt can be
seen that average herding intensity is negativelagér than the critical value of -1.96
and, therefore, we find evidence in favour of hieethaviour at the 5% of significance
level across uptick, downtick and zero tick tradsenuences There is, however, a

notable difference between the first two types efjuence (-8.8169 and -8.7286

3 For long samples, H(i,j,t) is normally distributedtcording to N(0,1). Nevertheless, following the
indications in PS(2006), when the discretizationpdtes may modify the critical values, a bootstrap
procedure can be used to assess the significanttee agfstimations. We have also designed a bootstrap
procedure starting from the choice of an initiahpée of Spanish stocks that do not show any eviel@fic
herd behaviour according to the results in Blast@l (2009) and, therefore, properly representtiie
hypothesis of absence of herding effect. By resamgdl000 bootstrap replicas, each one includingiibo
1000 transactions, we calculate the number of semseof each type and compare with the theoretical
numbern.pi.(1-pi) and then compute the bootstrap distribution of idr @sults also indicate significant
herding levels and are available upon request.



respectively) and the last (-4.0414), with herdimignsity rising to much higher levels
in the presence of price changes (upward and dowehtacks) than in sequences of no
price change (zero tick). In fact, if we observe thaximum values of the series, the
highest value in the downward sequence is -1.5488h is very close to significant.

That is, investors showed a significant herdingimas towards lbex-35 securities on

practically every day of the study period, espégial seller-initiated sequencées

3.2 Components of herding
3.2.1 Emotional component

As explained in the introduction, emotional herdiigy related to market
sentiment. In emotional herding, it is optimismsgienism, hopes and fears that take
control. Indeed, as argued by Brown and CIiff (20@tactically speaking one rarely
sees or hears market news that is not accompagisdrbe analyst’'s comment on the
market situation. Individual investors trading @msment is a common theme in the
herding literature. Shiller (1984) and De Long ke{1®90), for example, posit that the
influences of fad and fashion are likely to imp#m investment decisions of individual
investors. Market sentiment represents the expeotobf participants in the market and
is therefore a measure of investors’ global subjecperception. Lakonishok et al
(1992) and Liao et al (2010) conclude that marketimment may be a key factor of herd
behaviour. Also, Hwang and Salmon (2005, 2010) rassuthe existence of a
relationship between market sentiment and herdingrder to incorporate it into their
measuring process.

Recent findings in psychology also support the irtgpae of sentiment for
decision making. For instance, Schwarz (2002) ssiggikat the emotions experienced

while making a decision are incorporated as infaiomainto choices. Consistent with

4 However, it could be argued that larger sequen@satso be attributed to other factors than imitati
behaviour, such as splitting trading. If investspiit large trades into several small trades withdim of

not artificially inducing price changes, their dgons should be reflected along zero-tick sequences
Nevertheless, sometimes the aim of avoiding unfeatadle price variations is rather difficult. In erdto
examine the influence of splitting practices on oesults, we look for those transactions that can b
suspected of split decisions within our sample ediog to the following characteristics: tradesiatitd

by the same broker for the same stock during adaeond time interval, without any constraint about
price changes. We find only a residual percentagéhfs type of operation (about 2% of the transas,
both for seller-initiated trades or buyer-initiate#eldes) in non-zero-tick sequences. This resylpsrts

the convenience of independent consideration ofzéme-tick sequences and justifies the use of the
proposed herding measure.
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Isen (1987), Au et al. (2003) found that financredrket traders traded differently when

in a good or bad incidental mood.

Stock market psychology is extremely varied andvadl us to observe situations
ranging from maximum confidence and optimism toeothin which investors
experience and transmit fear or absolute panicreliea variety of formulas to test
investor sentiment in markets, such as survey$@irivestors, measures of investor’s
humor, monetary flows towards investment funds,lieapvolatility, volume and return
on the first day of an Initial Public Offering, deatives market data or complex indexes
such as the proposal in Baker and Wurgler (2006udlly these measures are
computed at a monthly frequency since they are usedmplement investment
strategies based on the contrary opinion theomyhith investors do not respond on a
daily basis but on the perception of being in amagket or downmarket situation.
However, if market sentiment is observed on a da#gis, we might then be dealing
with market feeling or the sensation felt by ineestat the close of trading every day
rather than sentiment in the sense of a markedtssy which could only be defined on
the basis of longer-frequency data. This study dsdélg data in order to achieve a more

dynamic measure of the sentiment prevailing attbge of trading each day.

Following WKT (2006), this study uses three daignsment indicators based
on market data, two for the derivatives market fitbhecall trading volume ratio and the

put-call open interest ratio) and a third calcuddr®m spot market data (ARMS index).
The put-call trading volume ratio (henceforth PGQ3/Avritten as:

_ VPut,
VCall, 4)

that is, the ratio obtained by dividing the tradvmume of put options by the
trading volume of call options during a trading sses. Given that the rest of the
variables used in this study (herding intensity atwtk returns) take the lbex-35 as the
base index, data for options on lbex-35 stocksuasexl to calculate this ratio, which
gives us a PCV daily sentiment indicator. Any imse (decrease) in the ratio implies a

negative (positive) market sentiment.
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If, instead of using the total volume of optionaded, we use the open interest
on these as our basis, we obtain the put-call agenest ratio (PCO), which is written

as follows:

_ OPut,
OCall, (5)

PCO

The open interest is used to describe positions Hhae not been closed by
investors; they may be long or short dependingxqpeeted returns.

The third indicator of market sentiment used irs thiudy is the ARMS index
(Arms [1989]) which, unlike those just describexiconstructed from stock market data.
The ARMS index on day t is defined as the humbeadvancing issues scaled by the
advancing volume, divided by the number of declinissues scaled by the declining

volume.
This index can be written as:

DV, /#D,
AV, /#A ®)

whereDV; is volume of declining issues traded (in numbestwdres)#D: is the

ARMS, =

number of declining issueAV:; is the volume of advancing issues traded (in nurober
shares) andA: is the number of advancing issues. An index vaigaer than 1 shows

that the volume in declining issues is higher tirmadvancing issues, while an index
value lower than 1 shows that the volume per adwgnssue is higher than the volume

per declining issue.

Table II-Panel A shows the correlation coefficieataong the three sentiment
measures in order to determine, in the first ingathe possible redundancy of some of
the ratios considered. Given that the ARMS indeweila stock market information that
may differ, at least in intensity, from options elr information, we consider it
appropriate to use at least one derivatives mdrised-measure and one stock market-
based-measure for the purposes of comparison ahdstriess. With respect to
derivatives market-based-measures, while the toadit method of measuring
sentiment via the PCV ratio is useful for indicgtimow meaningful the price movement

in the market is, the whipsaw in its daily readiltgs make it less reliable for studying

5 In line with Richard Arms, creator of the contraheory, who argues that if it is higher than 1 the
market is oversold and generates an upward signal.



12

the underlying sentiment trend. In turn, open igércan help to determine whether
there is unusually high or low volume for any pautar option. An increasing open
interest means that the market sentiment is supgothe current trend, whereas a
decreasing open interest serves as a potentialingasign that the current price trend

may be lacking real power, as no significant amadmhoney has entered the market.

Although all the correlation coefficients are low and we @afier that the three
measures can be used independently as they repodifferent aspects of market
sentiment, the relation between the option tradiaypme and the open interest will

merit greater attention later in the analysis efrbsults.

Table II-Panel B gives some descriptive data ofttiree measures of market
sentiment described above together with the samidéisst differences, in line with the
literature that has used transformed series. Werebghat all the series of indicators
are extremely leptokurtic as well as skewed ant] #Hideast on average, the market was

biased towards pessimism.

3.2.2 Rational component

Most herding models suggest that investors folloome common signal.
Nofsinger and Sias (1998) argue that feedbackrigadi special case of herding, results
when lag returns, or variables correlated with dlatwrns (e.g., earnings momentum,
decisions of previous traders, changes in firm attaristics, etc.), act as the common
signal. Thus, rational herding could be approximaiy the most recent past returns,
which might be raising investors’ expectations dlfature market fundamentals.

Alternatively, Shefrin and Statman (1985) argue thdividual investors tend to
employ negative feedback trade strategies by gelliast winners (the "disposition
effect”). Extant evidence also suggests that indial investors' herding is related to lag
returns, that is, individual investors feedbacldéraPatel, Zeckhauser and Hendricks
(1991), for example, demonstrate that flows intotual funds are an increasing
function of recent market performance. SimilarlyrriSand Tufano (1998) present
evidence that individual investors invest disprojpoiately in funds with strong prior
performance. Also, consistent with the dispositiefiect, Odean (1998) presents

evidence that individual investors are more likiel\gell past winners than losers.
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Other authors such as Grinblatt, Titman and Werr(t€9985), Froot, O'Connell
and Seasholes (1998), Choe, Kho and Stulz, (1998), and Wei (2002a, 2002b),
within the context of momentum strategies, or Krerf@10) within the context of
institutional investment, show that herding is rethto past returns and this can be
interpreted as evidence for herding.

Following these arguments, the return variableoisstered as a proxy of the
rational component of herding and is calculatedussal in the financial literature, as
Ri= Ln(P/Px1), with R being the closing price of the Ibex-35 price oy tla

3.3 Causal linkages between herding intensity, stock returns and market sentiment

The first stage of the empirical analysis is aina¢desting for the presence of
causal relationships between the herding intensitiables, market sentiment and stock
returns and, if present, what direction they tdkar. this, an initial analysis is made to
uncover any potential linear causal relationshipsgi Granger’s (1969) methodology,
which is to test the variables pairwise

3.3.1 Herding and Market Sentiment

We begin by focusing on the relationship betweenhigrding intensity variables
and market sentiment. We do this by estimating aRVidodel containing the two

variables of interest, which in this case takesfétlewing form:

n n
H,, :al"'z,BjHi,t—j +25j3<,t—j tE&y
= =

n n
S =a, +z¢jHi,t—j +zyj3<,t—j T &,
= =1

(7)
whereH; is the herding intensity measure calculated asritesl above, and
can take values of a, b or c, according to whetherherding sequence is upward,

downward or zero-tickS denotes the market sentiment indicators ladn take three
values, one for each of the indicators used, d¢CV, PCO and ARMS. The number

8 For further information on procedures for testiragisality in the sense implied by Granger, see @ewe
(1984) and Granger and Newbold (1986).
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of lags included is determined on the basis ok&lihood test, starting the model with a
high number of lags and reducing them until theirogt number is reachédThe
causality test is based on the pairwise comparigbra restricted model and an
unrestricted model, and ig* distributed with p degrees of freedom (the numdbier

restricted coefficients).

The Granger causality test results obtained foh#reing and market sentiment
series are shown in Table llI-Panel A. The firsbtwows give the results for the
different variables in levels and the last two rogl®ow them in first differences.
Overall, we are able to reject the hypothesis $skeatiment does not cause herding; that
is, the test reveals Granger causality running froarket sentiment towards herding
intensity, albeit with different levels of signiiace. In the opposite direction (herding
does not cause sentiment) the null hypothesis earjbcted only in the case of Ha and
Hb towards the ARMS index. The fact that we obfagdback on this index and not on
the other indicators may be due to the nature efitidex which, like the herding
measures, is derived from the spot market tradatg.drhe PCV and PCO ratios can in
fact be considered less noisy indicators whenme®to valuing sentiment, since what
they capture is fundamentally expectations. The ARfdtio, on the other hand, values
reality at a given moment in time and is influentsdthe real-time data arriving in the
markets during a given trading day, and therefoomtains more than future
expectations. This implies a higher degree of adgon between the herding intensity
variables and the ARMS sentiment measure. As iitélse of the variables in levels, we
were able to conclude that changes in market sentiio indeed have a causal effect
on the level of herding intensity. The only casevimich the result is non-significant is
in the relationship between the change in the ARMEx and the herding measure in
downward (seller-initiated) sequences. Furthermore, we are unable to reject th
hypothesis that herding intensity does not driveangfe in market sentiment,

unanimously across all the sentiment indicators.

We find these results interesting in that the dagyding level may apparently
be determined by the market sentiment that hasrans the preceding days. In other

words, daily market sentiment appears to be a kewemating factor in herding

"The Schwartz Bayesian Criterion (SBC) insteathefAkaike Information Criterion (AIC) was used to
determine the optimal number of lags, because tbhpepties of the SBC are better suited to large
samples. Nevertheless, a trial using the numbdaigsf indicated by the AIC produced no change in the
findings.

8 As already mentioned, the nature of this indelsdal caution when interpreting the results.
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behaviour. This is understandable if we considat ifivestors may be more inclined to
herd if they feel the need to acknowledge the tr@aictivity of a leader by mimicking

his response to an overall view of market sentimEot example, given a period of
sustained pessimism, if the index starts to risedihg investors wait to observe the
position taken in the market by those they perceviee better informed, which signals

either change or continuity of the trend.

As mentioned above, the relation between the volafmaptions traded and the
open interest deserves further attention in ordessess whether both the PCV and the
PCO ratios are at least of equal interest frompibiat of view of explaining the causal
relation between herd behavior and market sentimBotdo this, we first run the
regression of PCV as an explanatory variable ofRG® ratio. After confirming the
statistical significance of the PCV ratio (t-statis3.21 at the 0% significance level), we
compute the regression residuals (RPCO-PCV) inrdalebtain that part of the PCO
ratio that is not explained either by the PCV ratiathe intercept. Then we repeat the
causality analysis between such residuals and ¢hdirty measure. Table llI-Panel B
shows the results. The conclusions remain uncharmgeeh that any of the derivatives-
based ratios previously considered, as well a®tB® residuals, cause herd behavior,
indicating that all the proposed sentiment measwares equally important for our

analysis.

3.3.2 .Herding and Returns

The next relationship to be analyzed is the linkMeen the herding intensity
level and stock returns. The VAR model in this cassimilar to the one above but

substituting the variables:

H,, :a1+ZIBjHi,t—j +25j Rt—j tE&y
e e

R =a, +z¢jHi,t—j +zyj Re-i € (8)
=t =

whereH; is the herding intensity measure, andan take values of a, b or c,
according to whether the herding takes place irupward, downward or zero tick
sequence anB: denotes daily returns to the lbex-35 index. Trsellts of the causality

tests are shown in Table IV. The causality rewkate this case runs from return
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performance to herding intensity in upward and deanmd sequences (but not in the
zero tick sequences), although we cannot rejecabisence of causality running from
herding intensity (from Ha, Hb and Hc) to lbex-3®ck returns. It would appear

therefore that herding does not affect returns, redee the past returns do influence
herding behaviour among investors, allowing us &me past returns as a further
component factor in herding intensity. In this msp the use of momentum strategies,
institutional investment or merely following a commmsignal on fundamentals might

provide an explanation for the causal links betws&eck returns and herding.

3.3.3 Returns and Sentiment

An important part of the literature on financial nket sentiment deals with the
analyis of the long-run sentiment-return relatiopqsolt and Statman (1988), Neal and
Wheatley (1998), Simon and Wiggings (2001), War@0@, Brown and Cliff (2004),
Baker and Wurgler (2006), Kumar and Lee (2006), gyateswani and Taylor (2006)
(henceforth WKT), Baker et al, (2009) and Changle2009) are some examples).

Given that sentiment and stock returns are bottofaén herding intensity, we
now wish to test for a potential relationship betwedhese variables within the same
short-time horizon used for the analysis of theatreh among herding and its

components. To this end, we propose the followiddgR\nodel:

R :al"'zlgj R +Zdjsk,t—j tE&y
=1 =1

n n
S(,t =4a, +z¢er—j +zyj3<,t—j T &,
j=1 j=1

(9)
where R; is the daily return to the Ibex-35 ar@l denotes the daily market
sentiment indicators, whekecan take three values, one for each of the inolisatsed,
that is, PCV, PCO and ARMS. The estimates are showiable V-Panel A. In the case
of PCO and ARMS we reject the hypothesis of no ichpd stock returns on either
sentiment or changes in sentiment, whereas werootifie absence of reverse causality.
According to the PCV ratio, the causal link betweabese variables is feedback.
Although in this case the results yielded by theows sentiment indicators fail to

provide as clear an interpretation as in the previ@lationships, we might say that past
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returns appear to drive daily sentiment. We hapeated the causality analysis between
returns an PCO residual sentiment. The resultsaliervV-Panel B confirm that return
causes PCO residual market sentiment, whereaspihasivte causal relationship is not

clear at all.

These results merit close consideration since thewide evidence of an
internal relationship between the two componenthearfling intensity, that is, stock
returns and market sentiment, suggesting that stettkkns may influence herding
directly as well as indirectly through sentiment.o$¥ of the research into this
relationship finds causality running from sentimenstock returns when using monthly
or quarterly data, attributing it to noisy tradiddevertheless, using a shorter horizon in
which investor behaviour is measured by immediaents, it is reasonable to suppose

that market behaviour may drive daily sentiniéft

3.4 Thejoint link between the level of herding intensity, stock returns and sentiment.

Having detected that stock returns and market menti both have a linear
cause-effect relationship with herding intensityr amext interest is to explore the
directions of these relationships and discover thdrethe effect on herding is altered
when the two are combined. For this we proposenatysis in which we explain the
herding level using lagged market sentiment andddgeturns. As we can assume
that the sentiment measures, although slightlyetated, are not redundant and can be

used alternatively. The resulting model can be esged as follows:

H;, :”HZﬂme-j +25j R +zyjst—j,k &y (10)
j=1 j=1

j=1

whereH;, R: andS denote the same as in expressions 7, 8 and XpAaireed in
the introduction, we could speak in terms of vasitierding components, taking these
to be rational herding (approximated by past refuriand emotional herding

9 Solt and Statman (1988), Fisher and Statman (20Q0har and Lee (2006) and WKT (2006) are some
examples of these works. Brown and Cliff (2004) beer, show that the relationship depends on the
type of sentiment under analysis.

10'Wwe have tested for possible non-linear causatitywben returns, sentiment and herding. The redalts
not provide evidence of non-linear causal links agthe variables analysed. Results are availalde up
request.

11 1n addition to the explanatory variables, fivedauf the dependent variable are introduced in otaler
eliminate the autocorrelation noticeable in theieserThe coefficients were estimated using White's
(1980) variance-covariance matrix.
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(approximated by daily sentiment, either PCV, PCOA®RMS for robustness and
comparison purposes). The models also containrtioe ®rm that represents that part
of the herding measure that can not be explaindtidoyariables considered up to now.

The estimates of the above model are shown in Téblevhere Panel A gives
the results for the regression using the PCV mgithe daily sentiment indicator, Panel
B displays the results for the regression usingR@®© ratio and finally, Panel C shows
the results for the regression using the ARMBdex. The results for lagged returns are
all significant and the signs are the same in afles. If the previous day’s return goes
up, the return increase raises the rational comgookherding and we can therefore
expect more herding of investors in buyer-initiaseguences, and less in seller-initiated
sequences. In other words, positive (negative) qghsitns lead to a decline (increase) in
the numerical value of the herding statistic in apidv(downward) sequences, which
implies higher (lower) herding levels in buyer-I{@e) initiated sequences. When the
previous day’s returns are negative, the oppoditectewill be observed; that is,
investors will act more independently in bullishggsences while displaying herding

behaviour in bearish sequences.

In any case, the data for daily market sentimemtatte in terms of their impact
on herding levels, reminding us of the importanéeth® emotional component in
herding behavior, but the observed sign will dependwhich sentiment indicator is
considered. Thus, for the PCV ratio the sign of ¢hefficient of lagged sentiment is
negative for all three types of sequence, theredaggesting that pessimism increases
the overall herding level. In other words, thisigador suggests that investors in these
situations take more notice of both the buying sekling behaviour of other investors.
The results for the PCO ratio, although negatiaek Isignificance. Although the results
in our previous analysis did not enable a decismbe made as to whether PCV and
PCO was the better derivatives-based sentimenturesathe joint analysis with the
rational component suggests the usefulness of@hergtio as an explanatory variable.

The sentiment coefficients for the ARMS ratio amsifive and statistically
significant for Ha and Hc (the first lagged sentiheoefficient) whereas for Hb, the

first lagged sentiment coefficient is not signifitabut the second is. This suggests,

12 Unlike in the previous two cases, the table shiovesmarket sentiment lags. This is because thenseco
lag was found to be highly significant for Hb. Iagvomitted in the previous cases because testseshow
that the second lag lacked statistical significaiocéhese indicators.
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firstly, that when the impact is on sales, investare slower to react to sentiment and
their memory is longer. By standard interpretatithe higher the ARMS index, the

more bearish the market sentiment is. In regresgams, this means that the more
bearish the sentiment, the more likely we are nd fess herding in upward and zero

tick sequences and more herding in downward segsendhe following period.

The choice between PCV and ARMS is not so easyoadth both reveal their
relevance in downwards sequences. Perhaps thdaratt interactions with stock
returns and their different origins may serve tplaixa the differences in the results.

Since the model presented is not deterministichiaigt an error term, there is a
residual part of the herding measure that is nptagxed by the rational and emotional
components. This random unexplained term can becadsd with a different
component that has not been sufficiently discussettie empirical literature, namely
neglect herding. This variable could be linked ®tain characteristics of financial
assets that can be considered as herding attrasiolsas firm size, trading volume,
liquidity or the activity sector where they arelued. In the particular case of a stock
index, this term could be a common ingredient shaseall the assets included. It could
also be related with a bearish or a bullish madtetvith some country characteristics
(information availability, culture, type of inves#..) that could motivate herd
behavior. In spite of these considerations, thesgaee of investors with different
motivations and trading strategies also influertbeserror term formation. It should be
noted that it is very difficult to test the preseraf all these factors in the error variable,
specially in the index. However we think that teisor or neglect herding should be
treated as playing a complementary role to the maitand rational factors previously
mentioned. This unmeasurable ingredient would empe@® that part of the herd

phenomenon that is due to sheer laziness or ateiteradency towards imitation.

Overall, these results show that both variablesckstreturns and market
sentiment, are key factors underlying the levehefding behaviour and also that they
are interrelated. Therefore, investors’ decisiorkimg may be affected either by their
return expectations, based on the analysis of kegldmentals, or by prevailing market

sentiment and their herding instinct.

3.5 Predicting herding intensity
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Finally, in order to provide an additional tool fibre analysis of the components
of investor herding, we aim to determine whethee thational and emotional
components actually offer any clue as to the Ii@d of future herding. With this idea
in mind, we propose some potential models that threglable us to predict the intensity
of future herding as a function of one or morehaf proposed variables (stock returns or
market sentiment, measured by one of the indicatmmsidered, or a combination of the
above). Initially, we start from a fifth order amgressive model (given that this is the
number of lags that have been observed to be gigntj in which the herding level is
explained by its own lags. We then keep addingeckfit variables to see whether they
improve the power of the model to predict herdingemsity. All the proposed models
are given in Appendix 1.

To obtain the prediction, the models are estimé&tedhe period 1997-2002 and
out-of-sample predictions, both static and dynarare calculated for the year 2003.
Table VII shows the error terms for each model type of prediction. The first column
shows the square root of the prediction error, moluwo contains the mean absolute
error MAE) and column three the mean absolute percentage (BtAPE). Given that
investors will not attach the same importance talewestimation errors as to
overestimation errors, we calculate two additianabsures proposed by Brailsford and
Faff (1996) calledMME(U) and MME(O) respectively. TheVIME(U) measure, which

penalizes underestimation errors more heavilyaisutated as follows:

MME(U) :%[g,l‘ﬁn —Hn‘ +g":'“_H"H @y

whereO is the number of predictions that underestimakedvalue ofH, U is
the number of predictions that overestimated tHeevaf H, andN is the total number
of predictions. TheMME(O) measure, which penalizes overestimation errors more

heauvily, is calculated as follows:

MME(O)=%[Z:‘HAH—HH‘+Z /‘I—]n—Hi” (12)

The results are similar in all cases. In the staia prediction, the lowest
prediction errors were obtained with the return el@hd ARMS, while in the dynamic
prediction the best model was that using laggedksteturns and the PCV ratio as the

explanatory variables, except in the case ofMIME error, which takes the model that
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used returns and changes in the PCO ratio. Intétie $1b prediction, the square root of
the error term selects the model that used only fags and the PCV ratio, while the
rest of the error measures select the one that redachs and the PCV ratio. In the
dynamic prediction, the error measures selectitteeldg model with the ARMS index.
In the case of Hc, in the static predictiddAE and MAPE statistics show the ARMS
model to be the best, while the square root ofedtrer term and théIME would
recommend the return and PCV model. In the cagbeoflynamic prediction, all the
error terms select the past return and PCV modekm MME(O), which selects the
model that used changes in PCO.

In all cases, the inclusion of the return and/attiseent variables can be seen to
increase the predictive power of the model beydrad of the simple autoregressive
model. The most predictive market sentiment meaisurefact the PCV ratio, followed
by the ARMS ratio and changes in the PCO ratioh oot their own and in conjunction
with returns. We are able to conclude that, ingheposed models, “neglect herding”,
the innate tendency to herd, accounts for less #04 (9% in static prediction and
17% in dynamic prediction, according to the MAPE)tee herding intensity in either
upward or downward sequences. These results reefour earlier comments to the
effect that both returns and market sentiment apjoeshape investor herding behaviour
and we must therefore stress the importance okthiasables in herding prediction
models. In fact, the models yield better herdinggnsity predictions when the most
subjective component of this type of behaviour t(tmaarked by sentiment) is

considered.

4.- CONCLUSIONS

This paper focuses on exploring the componentseading behaviour. Given
the problems entailed in distinguishing how muchhefding is due to consensus on
underlying fundamentals and how much is due to mmal factors or the innate
tendency to herd, the paper aims to explain thepom@nt factors of daily herding
levels by performing causality tests on variablegt wwe consider feasible proxies for
the said components. Furthermore, given that tleestrong interrelation between the
objective and subjective variables and that thig betaken into account by the agents

intervening in the market, we try to examine wheibest returns are part of the source
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of herding behaviour, either directly or indirectigrough the formation of market

sentiment.

The herding intensity measure used in the papené based on information
cascades and originally proposed by PS(2006), wiveltalculate from intraday data
on lbex-35 stocks in the Spanish capital markeinduthe period 1997 to 2003.

The results obtained support causality running freimort term sentiment to
herding intensity. We also find evidence for thasence of a causal relationship
running from returns to the intensity of herdingtie market. These findings together
with the existing relationship between returns amatket sentiment lead us intuitively
to believe these to be, whether directly or indisgdkey factors in investors’ herding

behaviour.

The confluence of these factors in a single moli@lva us to conclude that each
one possesses its own separate capacity to exptaimerding intensity level, while the
herding instinct in itself (or neglect herding) che determined from the model. An
additional finding is that these variables are aiseful in models for predicting herding
intensity. By using models similar to those promhsén combination with more
sophisticated instruments, herding episodes amanrEtion cascades could be forecast,
helping investors and authorities to speed uprthesponse to extreme market

movements.
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Table I. Descriptive data for the herding intensitymeasures.
The table shows the mean, median, Standard davjatiaximum and minimum of the daily series of
herding intensity measures in upward, downwardzand tick sequences affecting Ibex-35 stocks.

Mean Median Staf‘d"?“d Maximum Minimum
Deviation
Ha -8.8169 -8.9000 2.1271 -1.0852 -14.3633
Hb -8.7286 -8.7791 2.1485 -1.5433 -15.5900
Hc -4.0414 -3.9792 1.3809 0.2202 -8.9243

Table II.

Panel A. Correlation coefficients for the daily maket sentiment indicators.

This table shows the correlation coefficient fog thaily market sentiment indicators: the Put-Calume
ratio (PCV), the Put-Call open interest ratio (PGDY the ARMS index

PCV PCO ARMS
PCV 1 0,0767 0,0218
PCO 1 -0,0637
ARMS 1

Panel B. Descriptive data for the daily market seniment indicators.
This table shows the descriptive data for the daidrket sentiment indicators: the Put-Call voluraor
(PCV), the Put-Call open interest ratio (PCO) dmel ARMS index. The changes of the series (preceded

by theA symbol) are also shown.

Mean Median Star?da.“d- Skewness  Kurtosis
Deviation
PCV 1.2363 0.9155 1.5464 10.0547 154.7963
APCV 0.0001 -0.0110 2.1151 -0.2349 90.7110
PCO 0.8074  0.7993 0.1129 0.4945 4.0935
APCO 0.0002 0.0013 0.0294 -4.5489 55.4607
ARMS 3.0691 1.2109 5.4575 4.7410 35.7744

AARMS 0.0010 -0.0023 7.5894  -0.0866 20.3390
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Table Ill.
Panel A. Results of the test for linear causality étween herding intensity and market sentiment

The table shows the statistics together with tbeiresponding p-values in brackets, which undentiie

hypothesis are asymptotically Chi-squared distatdufThe number of lags included in the VAR models
was determined by the Schwartz criterion.

H cl)l; Daily sentiment does not cause herding intensity.
H o2 Herding intensity does not cause daily sentiment.
H ;*: Change in daily sentiment does not cause herding intensity.

H 5?: Herding intensity does not cause change in daily sentiment.

PCV PCO ARMS
Ha Hb Hc Ha Hb Hc Ha Hb Hc

HI'  17.1711 16.9305 13.0328 16.8818 11.5515 11.1141 23.6958 10.3853 11.6866
(0.0705) (0.0046) (0.0231) (0.0097) (0.0728) (0.0849) (0.0002) (0.0650) (0.0393)
H? 41524 29002 1.5807 6.5285 8.6685 8.2837 13.01Z31056 6.7698
(0.5277) (0.7154) (0.9036) (0.3667) (0.1931) (0.2180) (0.0227) (0.0099) (0.2383)
H2' 95422 16.404413.5537 14.6361 12.9932 12.9847 27.3845 3.2768 13.8177
(0.0893) (0.0217) (0.0942) (0.0120) (0.0234) (0.0235) (0.0012) (0.8583) (0.0545)
H2 33284 51907 23983 24735 52362 55723 9.3815279. 3.2067
(0.6495) (0.6367) (0.9663) (0.7805) (0.3877) (0.3501) (0.4028) (0.3480) (0.8652)

Panel B. Results of the test for linear causalitydtween herding intensity and PCO residual market
sentiment RPCO-PCV)

The table shows the statistics together with tbeiresponding p-values in brackets, which undemntkie

hypothesis are asymptotically Chi-squared disteétufThe number of lags included in the VAR models
was determined by the Schwartz criterion.

H &*: Daily PCO residual sentiment does not cause herding intensity.
H &2 Herding intensity does not cause daily PCO residual sentiment.
H 2*: Changein daily PCO residual sentiment does not cause herding intensity.

H 52; Herding intensity does not cause change in daily PCO residual sentiment.

RPCO-PCV
Ha Hb Hc
Hg' 26762 27796 25244
(0.0457)  (0.0398)(0.0392)
H 1.2382  1.5554 1.9238
(0.2943)  (0.1983)(0.1039)

HE 3.4833  3.5056 2.9146
(0.0153)  (0.0148)(0.0331)
HE 0.6614  0.8996 0.5142
(0.5757)  (0.4406)(0.6725)
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Table IV. Results of the test for linear causalitypetween herding intensity and returns

The table shows the statistics together with thespective p-values in brackets, which, under thie n
hypothesis, are distributed asymptotically as Ghiase. The number of lags included in the VAR msdel
was determined by the Schwartz criterion.

Ha Hb Hc
H 3 Returns do not cause herding intensity. 25.2865 15.3005 5.0000
(0.0001) (0.0092) (0.5618)
H&. Herding intensity does not cause returns. 6.2109 8.1493 4.6971

(0.2862) (0.1482) (0.4540)
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Table V.

Panel A. Results of the test for linear causality étween returns and market sentiment

The table shows the statistics, together with thespective p-values in brackets, which, undernthié
hypothesis are asymptotically Chi-squared disteétufThe number of lags included in the VAR models
was determined using the Schwartz criterion.

PCV PCO ARMS

H g": Returns do not cause sentiment 18.1958 15.4407  4.3303
(0.0517) (0.0307) (0.0374)
H (‘)‘2 - Sentiment does not cause returns 26.4507 3.0281 1.2360
(0.0032) (0.8824) (0.2662)
H >*:Returns do not cause change in sentiment 17.7916 13.5082 56.1474
(0.0586) (0.0607) (0.0000)
H 2 Change in sentiment does not cause returns 28.8500 4.3113 6.7611

(0.0013) (0.7433) (0.3435)

Panel B. Results of the test for linear causalitydtween returns and PCO residual market sentiment
(RPCO-PCV)

The table shows the statistics, together with thespective p-values in brackets, which, undernthié
hypothesis are asymptotically Chi-squared disteétufThe number of lags included in the VAR models
was determined using the Schwartz criterion.

RPCO-PCV
H J*: Returns do not cause daily PCO residual sentiment 2.0703
(0.0437)
H ;2. Daily PCO residual sentiment does not cause returns 0.3488
(0.9312)
H >*:Returns do not cause change in daily PCO residual sentiment 1.8774
(0.0694)
H 2 Change in daily PCO residual sentiment does not cause returns 0.4281

(0.8851)
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Table VI. Results of the relationship between herdig, returns and market sentiment.
The table shows the t-statistics for the regreseiothe herding intensity measures on past retamb
market sentiment. The regression included five Eghe dependent variable. The p-values are shown

brackets.

PANEL A
Ha Hb Hc
Returns.1 -4.2677*** 2.1869** -1.7106*
(0.0000) (0.0289) (0.0873)
PCVi1 -2.0842**  -3.7004***  -3.1098**
(0.0373) (0.0002) (0.0019)
PANEL B
Ha Hb Hc
Returns;.1 -4.1771%** 2.3876** -1.4555
(0.0000) (0.0171) (0.1457)
PCOr1 -0.2261 -0.2266 -1.0030
(0.8212) (0.8208) (0.3160)
PANEL C
Ha Hb Hc
Returns.1 -2.3571** 1.9509* -0.4298
(0.0185) (0.0512) (0.6674)
ARMS: 1 2.9742%= -0.1503 2.0288**
(0.0030) (0.8805) (0.0426)
ARMS., -0.4169 -2.3240** -1.0086
(0.6768) (0.0202) (0.3133)
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Table VII. Prediction errors in the herding intensity models.

The table shows the prediction error estimatesefwh of the proposed modeis.Square root of error
MAE: Mean Absolute Error. MAPE: Mean Absolute Periage Error. MME(U): Measure of
Underestimation Error, MME(O): Measure of Overestiion Error* denote minimum error values.

Ha Static Prediction Dynamic Prediction

S MAE MAPE% MME(U) MME(O) \/ MAE MAPE% MME(U) MME(O)
1 1.2250 0.9684 9.2154 0.9709 0.9042 2.2621 1.8881 16.8676 1.9178 1.2771
2 1.2135 0.9509 9.0622 0.9552 0.8908 2.2230 1.8650 16.6961 1.9022 1.2813
3 1.2266 0.9695 9.2252 0.9715 0.9048 2.3020 1.9271 17.2237 1.9649 1.3000
4 1.2256 0.9682 9.2136 0.9717 0.9073 2.2609 1.8871 16.8584 1.9115 1.2740
5 1.2248 0.9685 9.2183 0.9708 0.9050 2.2790 1.9037 17.0071 1.9315 1.2841
6 1.2288 0.9701 9.2329 0.9716 0.9065 2.2632 1.8895 16.8825 1.9366 1.2860
7 1.2082 0.9436 8.9788 0.9483 0.8849 2.3658 2.0163 18.1252 2.0738 1.3576
8 1.2191 0.9532 9.0614 0.9548 0.8889 2.2596 1.8870 18.1252 1.9171 1.2875
9 1.2140 0.9513 9.0635 0.9564 0.8919 2.2481 1.8891 16.9150 1.9359 1.2951
10 1.2130 0.9506 9.0595 0.9568 0.8925 2.2240 1.8659 16.7038 1.8770* 1.2716*
11 1.2105 0.9486 9.0380 0.9528 0.8892 2.2140* 1.8552* 16.6018* 1.8935 1.2777
12 1.2147 0.9520 9.0731 0.9558 0.8922 2.2240 1.8659 16.7038 1.9046 1.2821
13 1.2055* 0.9389* 8.9443* 0.9440* 0.8801* 23175 1.9721 17.7250 2.0258 1.3406
14 1.2118 0.9443 8.9912 0.9482 0.8834 22323 1.8725 16.7630 1.9093 1.2874
Hb Static Prediction Dynamic Prediction

\ MAE  MAPE% MME() MME(O) % MAE MAPE% MME(U) MME(O)

1 1.3350 1.0014 9.3697 1.0016 0.9004 2.4365 2.0483 18.1930 2.0700 1.3481
2 1.3410 1.0012 9.3512 1.0049 0.8953 2.5090 2.1045 18.7376 2.1271 1.3646
3 1.3359 1.0013 9.3695 1.0017 0.8997 2.4595 2.0668 18.4137 2.0979 1.3585
4 1.3356 1.0013 9.3698 1.0005 0.9004 24284 2.0340 18.1112 2.0320 1.3332
5 1.3291* 0.9959 9.3160 0.9977 0.8968 24159 2.0106 17.8675 2.0415 1.3327
6 1.3330 0.9997 9.3566 1.0007 0.8983 2.4353 2.0426 18.1933 2.0766 1.3508
7 1.3358 0.9997 9.3476 1.0008 0.8964 2.4095* 2.0063* 17.8393* 2.0147* 1.3194*
8 1.3351 1.0016 9.3726 1.0024 0.8993 24361 2.0429 18.1946 2.0702 1.3482
9 1.3414 1.0013 9.3523 1.0049 0.8947 25159 2.1116 18.8025 2.1381 1.3689

10 1.3413 1.0013 9.3537 1.0022 0.8957 2.4983 2.0933 18.6342 2.0703 1.3435
11 1.3343 0.9954* 9.2944* 0.9973* 0.8927* 24706 2.0562 18.2685 2.0809 1.3437
12 1.3385 0.9987 9.3313 1.0015 0.8943 2.5060 2.1027 18.7232 2.1134 1.3600
13 1.3410 1.0010 9.3493 1.0036 0.8944 2.5041 2.0988 18.6837 2.1005 1.3519

14 1.3416 1.0009 9.3469 1.0046 0.8938 2.5156 2.1103 18.7900 2.1326 1.3669
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Hc Static Prediction Dynamic Prediction

N MAE  MAPE% MMEU) MME(O) v MAE MAPE% MME(U) MME(O)
1 0.9326 0.6865 12.4059 0.7868 0.7365 1.8458 1.5442 26.2444 15659 1.1699
2 0.9310 0.6834 12.3575 0.7848 0.7349 1.8494 15513 26.3968 15733 1.1750
3 0.9328 0.6865 12.4123 0.7866 0.7368 1.8487 1.5477 26.3110 15754 1.1764
4 0.9327 0.6862 12.4023 0.7859 0.7359 1.8418 1.5401 26.1699 1.5627 1.1680*
5 0.9303 0.6859 12.4034 0.7864 0.7350 1.8449 1.5410 26.1746 1.5627 1.1683
6 0.9319 0.6869 12.4159 0.7878 0.7366 1.8455 1.5441 26.2427 15720 1.1729
7 0.9275 0.6796* 12.2811* 0.7851 0.7366 1.8586 1.5676 26.7319 1.5933 1.1858
8 0.9300 0.6810 12.3302 0.7854 0.7362 1.8442 15429 26.2231 1.5668 1.1708
9 0.9305 0.6831 12.3570 0.7843 0.7348 1.8432 1.5454 26.2915 15743 1.1762
10 0.9309 0.6831 12.3543 0.7835 0.7338 1.8435 1.5454 26.2909 1.5605 1.1685
11 0.9275* 0.6822 12.3418 0.7835* 0.7323* 1.8372* 1.5369* 26.1289* 1.5597* 1.1685
12 0.9299 0.6838 12.3721 0.7855 0.7342 1.8484 1.5508 26.3908 1.5701 1.1735
13 0.9280 0.6796 12.2836 0.7848 0.7361 1.8670 1.5766 26.8969 1.6009 1.1890

14 0.9299 0.6804 12.2939 0.7851 0.7360 1.8531 1.5536 26.4271 15777 1.1765




APPENDIX 1

Prediction models used.

5
1) Hi,t :a1+z,31Hi,t—j t &y
=1
5
2) Hi,t =a, +z:BjHi,t—j +51R[—1+£t2
j=1
5
3)Hi,t =da; +ZﬁjHi,t—j +52PCOI—1+£t3
=1

5
4h)H, =a, +ZﬂjHi,t—j +9,APCO,, +¢&,,
=t
5
SH, =a; +ZﬂjHi,t—j +9,PCV,, + &,
=1
5
6) H, =a, +218j Hii +0,APCV,, + &
=1
5
H, =a, +z:BjHi,t—j +0sARMS , + &,
=1
5
8) H,, =a, +Z,Bj Hi.j +0;AARMS  + &,
=1
5
9) H,, =a, +z:BjHi,t—j +0,PCO, +1,R, + &,
=1
5
10) H;, =y, +Zﬂj Hij + 0,APCO, +T,R_; + £y
=1
5
1) H; =ay, +Zﬂj Hij +0,PCV, +T,R, + &y,
=1
5
12)H;, =ay, + Zﬂ, Hi.; +0,APCV,, +T,R_ + &y,
=1

5
13) Hi,t =a,t Zﬁ, Hi,t—j + 512ARMSt—1 +TR_ + &3
=1

5
14) Hi,t =ay, +Z,Bj Hi,t—j + J:LSAARMS(—l +T R+ &,
=1
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