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1. Introduction

Investor sentiment, a measurement of a given investthe overall investing public’'s mood,
has been the crux of many academic research paleirsg the last few decades. The
question whether investors influence stock prigegply because they are either bullish or
bearish about a stock has been deliberated by dxd#tiemics and practitioners. A bullish
investor believes that the price of an asset wilféase, whereas a bearish investor expects
prices to decline. If these investors evaluate ade stocks on other than fundamental
information, they are classified as irrational aise traders. In traditional finance models,
noise traders’ irrational behavior on stock markades not influence prices at all because
rational investors immediately correct securityces’ deviations from their fundamental
values. The phenomenon of arbitrage failing to elate mispricing in the short run is called
“limited arbitrage”. De Long et al. (1990), and &FRr and Vishny (1997) showed that
arbitrage could be limited because movements duenwestor sentiment are partly
unpredictable. Based on this work, Baberis et 8098) presented a model of investor

sentiment, in which investors’ beliefs affect pa@nd returns.

The latest literature on investor sentiment coneesrte conclusion: Sentiment does indeed
influence future returns and plays a role in themftion of returns. How strong this
influence is seems to depend on how sentiment @sured and on the subgroup of persons

used to compute the sentiment measure.

This conclusion is undeniably relevant and inténgsfrom an academic point of view: This
outcome contributes to the swiftly growing body lgérature that is finding empirical
evidence that investors do not behave rationallyesé empirical findings challenge the
theoretical framework of the efficient market hypesis’ The practically orientated world
seems not very surprised by the insight that semtinaffects prices. Market watchers and
participants seem to believe in “sentiment.” Thdl sinanswered question is: What
consequences do these findings have in practice’kMe by now that many irrational
aspects play a role in the formation of returnsilyDatock returns are correlated with

! For example, Baker and Wurgler (2006), Kaniellef2006), Kumar and Lee (2006). Lo and Lin (2088¢n
denote investor sentiment as “a key factor” onpthiee formation of assets.

2 We differentiate between financial-based measanessurvey-based measures, see Qui and Welch (2004)
% The literature differentiates between professisiaaid private investors, see e.g. Fisher and Sta20).

* See Fama (1970) and Fama (1991).
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sunshing and sporfs No analyst factors weather forecasts into hisipgi models (as far as
we know). Is the role of investor sentiment ecoraatty relevant?

We show that sentiment is indeed economically eelevWe used a unique dataset to obtain
sentiment evaluations in order to develop a tradingtegy based on sentiment. By applying
this strategy on out-of-sample data, we gainedsxoeturns for some markets.

We additionally show that only market professiohalsntiment is economically relevant
when scrutinizing index sentiméni.e. professional analysts are certainly abldorecast
future price movements in the medium term (appraxety 6 months in advance). Private
investors are not able to predict price movements;even find evidence that suggests that
their sentiment may be a contra indicator. Neithstitutional nor private investors are able
to correctly forecast returns up to a month in adea It seems that for this kind of short-term
momentum, private and institutional investors rebavily on the past week and month’s
returns. The influence of past returns is much weakhen private or institutional investors

try to forecast medium-term price movements.

Institutional investors are what we call “inforn@tiand home biasey"i.e. their forecasts of
their home markets do not rely on past returnsimzthey seem to posses better information,
whereas foreign market forecasts do depend onrpagins. Private investors overestimate
the correlation between different indices and havdess differentiated opinion than
institutional investors, who do, however, overestienindex return correlations. In this
context, it is puzzling that investors clearly uresgimate index returns’ correlation in the

medium term.

The remainder of this paper is organized as folloBection 2 provides an overview of the
relevant literature. In section 3, we describedhtaset and our methodological approach. A
descriptive analysis of investors’ behavior is iggtout in section 4. In section 5, we develop
an investment strategy based on sentiment and &pyolyan out-of-sample period. Section 6

presents the complete dataset and section 7 cascthui article.

® See Hirshleifer and Shumway (2003).

® See Edmans, Garcia and Norli (forthcoming).

" Economic significance is also the main objectimthe study by Lee, Shleifer and Thaler (1991),esgeChen,
Kan and Miller (1993a) and (1993b).

® This result is in line with Kumar and Lee (2008)mstate that retail investor transactions andment are
especially important with stocks that show a higtait concentration (i.e. small-cap stocks).

° See Kilka and Weber (2000) and Coval and Mosko(fi#99) for a further discussion of the home-bias.
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2. Former Literature

The literature distinguishes between two methodmedsuring investor sentiment: financial-
based measures and survey-based measures. Th@apakir example of a financial-based
measure is the closed-end fund discount introdbgeldee, Shleifer and Thaler (1991). They
found that closed-end fund discounts are a measunelividual investors’ sentiment and that
discounts correlate with the prices of other se¢i@si affected by the same investor
sentiment? Baker and Wurgler (2006) built a sentiment comigosidex that is based on six
known proxies for sentiment (closed-end fund distpsghare turnover, dividend premium
etc.). They show that sentiment indeed affectsksteturns, but that size, volatility and some
other effects influence sentiment’s impact on wice

A number of papers use private investors’ tradendx to measure sentiment. Kaniel, Saar
and Titman (2004) used a dataset that containth@lNew York Stock exchange’s orders
between 2000 and 2002 to construct a daily measurevestor sentiment by subtracting the
value of the shares sold by individuals from th&ueaof shares bought. They come to the
conclusion that individual investors’ sentiment atdnover have a significant ability to
predict the subsequent week’s return. Kumar and (R666) used a database of more than
1.85 million retail investor transactions to shdwattsentiment plays a role in the formation of
returns. Schmitz, Glaser and Weber (2005) deducextva measure for sentiment from
individual investors’ warrant transactions. Thaydfithat returns have a negative influence on

sentiment and the influence of stock market retomsentiment is stronger than vice versa.

A survey-based measure was used by Solt and St4fti88) and Clark and Statman (1988).
They showed that a sentiment index based on ayswivievestment advisory newsletters is
useless for predicting forthcoming stock prices ahdt investment advisors are trend
followers. Lee, Jiang and Indro (2002) employed ARGH model on the same index and
found that investor sentiment may explain excetigrme and stocks’ conditional volatility.

Brown and Cliff (2005) used the same sentimentsddtand find evidence that the investment
advisors’ sentiment predicts market returns over tiext 1 to 3 years. High levels of

sentiment result in significantly lower returns otee next years.

19 For further evidence and a discussion on the dlesel fund puzzle, see also DelLong and ShleifedZ),9
Bodurtha, Kim and Lee (1995), Swaminathan (199@&&INind Wheatley (1998), Elton et al. (1998), Ross
(2002), Doukas and Milonas (2004).
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Chang and Fong (2004) used weekly survey resultandividual investors’ sentiment
published by a newspaper in Hong Kong. They founad the sentiment data failed to predict
the coming week’s return on large, medium, or sretatks in Hong Kong but affected the

daily closing prices of medium and small stocktie coming week.

Qui and Welch (2004) compare the explaining poweswvey-based measures with the
explaining power of the closed-end fund discountl ind that the survey-based measure can
explain closed-end fund IPO activity, while the @@ based on closed-end fund discount

cannot.

An empirical study that is related to our own igttlof Fisher and Statman (2000). They
compare three samples of sentiment data: FirsteailMLynch dataset, which includes the
allocation of stocks in Wall Street strategiststaemmmended portfolio as a proxy for
“professionals”. Then a survey of 130 newsletteitess’ sentiment compiled according to
“Investor Intelligence” (1) is the surrogate fomedium-sized investors”. Lastly, a sentiment
survey of the American Association of Individualvéstors (AAIl) is used for “small

investors”. The relationship between the “smallestors” and “medium-sized investors™
sentiment is strong, whereas the relationship batvwhe “professionals” and the other two
groups is not. The level of the “small investorsidathe “professionals™ sentiment is a
reliable contrary indicator of future S&P500 retsirthe “medium-sized investors™ sentiment
does not provide any significant information abéuture stock prices. Stock returns have
little effect on “professionals™ sentiment, altlgbua positive and significant relationship was
found between S&P 500 returns and future changekerismall investors” and “medium-

sized investors™ sentiment.

Wang (2003) distinguishes between “large specudatolarge hedgers” and “small traders”
and examined whether their sentiment is usefubtedast returns in the S&P futures market.
The sentiment index is based on net trader positiand historical extreme valu¥s.
Speculator sentiment is a price continuation indicavhereas hedger sentiment is a contrary
indicator. Small traders’ sentiment does not prevahy information about future prices.
Brown and CIliff (2004) also used the sentiment deden the AAIl as proxy for individual
sentiment and the sentiment data from Il as praxyristitutional sentiment. They show that
this sentiment data are related to indirect measofrsentiment (like closed-end funds, IPOs,

and liquidity). They find strong evidence of co-neavent with the market, but little evidence

1 Although these measures belong to the group ahfifal-based measures, they are presented henaskeca
they distinguish between large and small invesdsranost survey-based measures do.
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of short-run predictability in returns. Interestiypgit appears that the relations between
institutional sentiment measures and large stoakstaonger than the other relationships. The
authors, however, doubt whether the results areauwally relevant; therefore, a trading

strategy does not appear to be profitable.

3. Dataset

In the previous section, we note that Qui and W¢AI04) found evidence that survey-based
measures are superior to measures based on clodddrel discount when trying to forecast
prices. This is one of the reasons why we decidethbose a survey-based measure for this
study. A survey moreover has the advantage thatatdirect measure of investor sentiment
without taking a detour via, e.g., an asset price.

Our dataset is a weekly sentiment survey calleths@mww.sentix.de). It started on February
23, 2001 with about fifty participants. On Febru&y2006 (the last date of our sample)
approximately 700 investors participated in theveyr About 25% of the participants were
institutional and 75% were private investors. Tlagtipipants were anonymously asked for
their opinion of ten markets. The poll questionedrg investor on what he thought the future
direction of each market would be for one montltofsterm) and six months (medium term).
Three separate answers are possible to this qadstieach time horizon: up, unchanged or
down. For this study, we chose to limit ourselh@shie six stock markets that are included in
this survey: Dax30 (DAX), TecDax (TEC), EuroStoxx3&SX50), S&P 500 (SP5),
NASDAQ 100 (NASDAQ) and Nikkei225 (NIKKEI). Sentils German-based, but open to
international investors. It is, however, probalfiattmost participants are Germans, because
the survey questions were only asked in Geffadrhis is important for the interpretation of

the later findings.

In order to be able to interpret the sentiment datacalculated a so-called bull/bear spread
that can also be found in Brown and ClIiff (2004)isl computed as the number of positive
(S") opinions minus the negative opiniors), divided by the total number of people who

voiced their opinion for which the spread is caitetl & denotes the “neutral” investors).

__S-S
SS+9+S

12 After our sample period, the questionnaire wasighd to both English and German.
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Consequently, four spreads are calculated for @adex. One for the private short-term
sentiment Ps), one for the private medium-term sentimdpsrf) and the same is done with

the institutional investors™ sentimetd andism).

We also collected weekly (Friday) price data (algsprices) from datastream that we used
for the calculation of log returns for the aboventiened indices. The returns were calculated
in respect of each price in weefor time horizons spanning 36, 32, 28, 24, ... 4ksda the
past (WR_v36) (WR_v332) ...) to 4,..., 24, 28, 32 and 36WR_4),(WR_8), ...) weeks in

the future:
(WR_vt) =InP-InP, and (WR_t)=InR,-InP

(WR_t) denotes thé'it-weeks returnP; is the price of the respective index at the endredk

We used Bravais-Pearson correlation coefficientexamine our dataset. For example, in
section 5, using sentiment and returns, we caled|Bravais-Pearson correlation coefficients

according to the following formula:

Z(s - S)(WR _t)— WR _t)

\/i S -éfi (WR_t)- WR_1)

r=

Additionally, we calculated regressions with theures of the indices as dependent variables,
and the sentiment values as independent varidbbesexample, the corresponding regression

to section 5 (table 8) would be
(WR_t) =a+BS,

where§ denotes the private or institutional sentimenb(sbr medium term) for an index in
weeki. The results are very much like our results derifrem our interpretations of the
Bravais-Pearson correlation coefficients, and hegeffore not reported here. An example of
the results’ similarity can be found in the appendi

We use the F-test for testing the significance of e F-test assumes a normal distribution

and the data’s independence. While the assumptinormality cannot be rejected for almost



all of the sentiment and the price data, we do hayeoblem with the returns’ time series
(WR_t). We have overlapping time windows, consequentlgséh data are neither
independently nor normally distributed. Working hwitot-overlapping windows leads to very
small samples that make it very difficult to test Significance. We controlled our results
with non-overlapping windows, which led to compdeatesults. Additionally, we calculated
Kendall's tau as a nonparametric correlation cogffit for some of the regressions and

obtained almost identical results regarding sigairiice.

4. Behavior of investors

In this section, we describe some of the attribofethe sentiment data, in order to illustrate
the behavior of private and institutional investol¥e do not examine the investors’
forecasting ability as this is the subject of tbkofwing section.

Table 1 contains the Bravais-Pearson correlatiogfficeents of short- and medium-term
sentiments. We see that the correlation betweert sind medium term is always stronger
with private than with institutional investors. Vscribe this to private investors giving a
more general forecast, or just voicing their feglaoout the market, whereas institutional
investors differentiate between short- and mediamtforecasts. All correlations are positive
and significant (grey shaded,= 0.05) — except for the DAX and ESX50 — in respafc

institutional investors. This is interesting, iteges that institutional investors differentiate
between the two time horizons and that they uderdifit information to arrive at their point
of view on future price movements — but only foeithmajor home markets (which we

presume to be Germany).

Dax TEC ESX50 SP5 NASDAQ NIKKEI
Ps with
Psm 0,211 0,449 0,255 0,261 0,269 0,739
Is with Ism 0,011 0,280 0,063 0,123 0,219 0,617

Table 1: Correlation of short- and medium-term seniments. (Ps = Private Sentiment short term; Psm =
Private Sentiment medium term; Is = Institutional Sentiment short term; Ism = Institutional Sentiment
medium term)



Table 2 shows the Bravais-Pearson correlation iooefts for private and institutional

investors’ sentiment values. The correlation betwpdvate and institutional sentiment is
always strongly significant (exception SP5) andifpas Especially short-term sentiment
shows a very high correlation between private astitutional investors. This is not the case
with medium-term sentiment: All coefficients aresa@lsignificant (except for SP5), but the
correlations are much weaker than the short-tenreladions (except NIKKEI). It seems that
private and institutional investors use the sanfiermation when doing short-term forecasts,

but different information when doing medium-termesn

Dax TEC ESX50 SP5 NASDAQ NIKKEI
Ps with Is 0,798 0,810 0,791 0,783 0,769 0,804
Psm with
Ism 0,245 0,544 0,204 0,089 0,165 0,835

Table 2: Correlation of sentiments between the twavestor groups

Private and institutional investors also diffettheir optimism about future returns. Averaged
over all indices, private investors’ sentiment rdyopositive in 48.74% of the time for the

short-term forecasting horizon, while institutionalvestors are much more bullish than
private investors, with a 62.42% positive forecq3table 3). When regarding the medium-
term forecasts, we see that (on average) 71.318fi\aite investors’ forecasts and 74.83% of
those of institutional investors are positive. Sungrup it seems that institutional investors
are largely more bullish than private investors] private investors are slightly bearish when
making short-term forecasts and bullish when makmegdium term ones (during that time

period).

Mean
Ps Is
Short term pos. sentiment |48,74% | 62,42%
neg. sentiment |51,26% | 37,58%
Medium term pos. sentiment |71,31% | 74,83%
neg. sentiment |28,69% | 25,17%

Table 3: Relative frequency of positive and negative sentiments over all indices

In the following paragraphs, we analyze the conoedbetween sentiment’s correlation over

different indices and the correlation between ddfe indices’ returns (Table 4). The table
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shows the mean correlation for the sentiment tierees and the return time series. Mean
correlation in this context denotes the averageal&s-Pearson correlation coefficients for
all sentiment time series of all indices. The tabigth the single correlation coefficients can
be found in the appendix. The mean correlationhef short-term sentiment between the
indices is very high with 0.96 for private and 0f4 institutional investors. The standard
deviation (SD) of the correlation coefficients i9® and 0.03, which means that investors
estimate nearly equal correlation coefficients dtirindices (as shown in the tables in the
appendix). The NIKKEI index is an exception herg¢hwiegard to both sentiment values and
returns. This is why the the NIKKEI results havehemitted in Table 4; the results with the
NIKKEI are available in the appendix. We want tompare these results with theal
correlations of the indices — the correlationstad teturns. As a first proxy, we take the 4-
week returns for short-term outcomes and 24-we&kne for medium-term outcomes. In
order to compute these returns, we calculate then® of the respective index for 4 and 24
weeks" We consequently have overlapping time windows,ctvis (in our opinion) not a
problem here, because we are not performing statigests with these values. Nevertheless,
we also calculate the non-overlapping returns &mhandex. The results are very similar. We
now see that the correlations between the shart-teturns are systematically lower than the
correlations between the short-term sentimentss @pplies to both private and institutional
investors (the institutional investors’ correlatios slightly lower). For example, private
investors’ correlation of the DAX and the NASDAQsment time series is 0.96, while the
correlation of the (four-week overlapping) retuiasonly 0.85. One reason for this insight
may be that investors systematically overestimae correlation between the different
indices. Another (in our opinion, more likely) reasmay be that investors only form their
opinion for just one or a few indices, and extrapelfor the others. This behavior can be
explained by overconfidendé This behavior results in a type of “home-bias’eeffon the

sentiment data. We examine this effect in greatéaibin the next section.

When examining the medium-term data, all tenden@etain, except that the investors now
clearly underestimate the correlation of index megu This is puzzling. One interpretation of
this result is that while the investors just extidape their forecasts for one index to the other
indices when doing short-term forecasts, they hdWierent opinions about the indices’

changes in prices when doing medium-term forecasad also underestimate the indices’

correlation.

13 All financial Data are from DATASTREAM
4 See Odean (1998) for a summary of the overcondieléiterature
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mean SD returns
Ps Is Ps Is mean SD
Short term 0,96 0,94 0,02 0,03 0,85 0,05

Medium term 0,82 0,76 0,10 0,12 0,88 0,08
Table 4: Correlation between sentiments of diffenet indices vs. correlation of returns between diffeent
indices (without NIKKEI)

In Table 5, we compare the standard deviations dxtvwsentiment and returns. Sentiment’s
volatility is greater because it fluctuates betwetd0 and +100, which is quite unlikely for

returns. There is no reason to calculate the wvaniatoefficients because the sentiment
variables and return variables’ mean is about geeace, the variation coefficients incline to

infinity). The standard deviation of each returrripe is calculated from the indices’ one-

week (WR_1), the (overlapping) 4-week (WR_4), addnzek (WR_24) returns.

Standard deviations

Ps Is Psm Ism WR 1 WR_ 4 |WR 24
Dax 0,231 | 0,231 | 0,124 | 0,131 0,035 0,074 | 0,196
ESX50 0,220 | 0,227 | 0,115 | 0,134 0,031 0,062 | 0,151
SP5 0,211 | 0,224 | 0,113 | 0,115 0,023 0,047 | 0,106
Nikkei 0,226 | 0,215 | 0,202 | 0,208 0,029 0,057 | 0,157
Tec 0,243 | 0,233 | 0,140 | 0,147 0,052 0,125 | 0,389
Nasdaq 0,222 | 0,227 | 0,119 | 0,121 0,035 0,073 | 0,195
Mean: 0,226 | 0,226 | 0,136 | 0,143 0,034 0,073 | 0,199
Mean.wo.Nikkei: | 0,226 | 0,228 | 0,122 | 0,130 0,035 0,076 | 0,207

Table 5: Comparison of standard deviations betweegentiment and returns

Sentiments’ standard deviation between privateisent and institutional sentiment differs
very little, no matter which forecast horizon isxemered. However, it is interesting to notice
that the standard deviation of the short-term sagrii is on average almost twice the standard
deviation of the medium-term sentiment. This is indine with the deviations of the returns’
behavior: The standard deviation of the medium-testarns is almost three times that of the
short-term ones. This higher volatility of mediuerrh returns indicates that it should be more
complicated to predict medium-term returns thanrtstesm returns. Surprisingly, the
volatility of the sentiment data does not confitmstconclusion: Both private and institutional

investors’ opinion about future price movementdedd more when considering a short time
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horizon than when considering a long time horizoims may be due to the fact that investors

are subject to overreaction to news8tc.

Summing up, we conclude that institutional and gtevinvestors’ forecasting behavior
differs: Institutional investors differentiate neobetween short-term and medium-term
forecasts, and they are more bullish than privateestors. Both groups use the same
information when doing short-term forecasts anded#nt information when doing medium-
term ones. Interestingly, in some points, both gsodisplay the same behavior when doing
forecasts: Both groups seem to extrapolate theectst for one or more indices to other
indices when doing short-term forecasts. But botbugs underestimate the indices’
correlation when doing medium-term forecasts. Thkatility of the short-term forecasts is
higher than the volatility of the long-term foretsas it seems that the forecasts for the short

time horizon are noisier than for the long timeibhon.

5. Forecasting ability and out-of-sample evidence

We did not evaluate the investors’ forecastingighih the foregoing section. Our aim in this
section is to find out whether the investors’ smeint data can deliver information about

future price movements and whether this informatsoeconomically significant.

In order to avoid criticism of data mining, we fidivided the dataset into two sub-samples.
The first sub-sample was used to make a first ewig of investors™ forecasting skill. We

then developed an investment strategy, based ogetiEment data, and checked whether it
was possible to implement this strategy succegstullout of sample data, i.e. in the second
sub-sample. Our goal was to design the investmmaeps as realistically as possible, which

means that we wanted to build an investment stydtesf could be easily implemented.

Our first sub-sample consisted of the first 115 kgeaf our dataset and ranged from February
234 2001 to June 27 2003.

In the questionnaires, the investors were askegivi® a forecast for the indices’ short- and
medium-term trends, with short term being specifisd‘about 4 weeks” and medium term
specified as “about half a year”. Table 6 providedirst impression of the investors

!> See e.g. DeBondt and Thaler (1985) and LakonisBbleifer and Vishny (1994)
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forecasting ability when asked for a short-terneéast. The line WR_1 includes the Bravais-
Pearson correlation coefficients for the sentimatties and the corresponding 1-week index
return. WR_4 is the four-week returns, while WR_ig4the computed return of the four
weeks before the sentiment value was obtained. &gelgat both types of investors, private
and institutional, rely heavily on past returns whgenerating their predictions - private
investors a little more than institutional investoAll results are significant at = 0.05° We
only observe positive correlations, which showst thath types of investors are trend
followers. Neither institutional nor private invess are able to correctly forecast returns a
month in advance (no positive significant resudipha 0.05). In the cases of the SP5 and
NIKKEI, we see significant results for private irsters, but they are negative. Hence, in this
case, private investors’ forecast can even be ased contra trend indicator. These results

confirm our assumption in the previous section:réterm forecasts seem to be very noisy.

DAX TEC ESX50 SP5 NASDAQ NIKKEI

Returns| Ps Is Ps Is Ps Is Ps Is Ps Is Ps Is

WR v4 | 0,38 | 0,25 | 0,43 | 0,35] 0,43 0,28] 042| 0,36] 045| 037|] 058| 0,46

WR_v1 | 0,60 | 0,57 | 0,63 | 0,64 ] 0,57 0,55| 054| 051] 060 055] 051 044

WR_1 -0,01 | 0,07 | 0,05 | 0,06 | -0,06 0,01 -0,09| 0,02 -0,04| 0,01] -0,02| -0,02

WR_4 -0,12 | -0,03 | -0,04 | 0,03 | -0,17| -0,12) -0,20| -0,07] -0,16| -0,01} -0,27| -0,18

Table 6: Sub-sample 1: Correlations between returnand short term sentiment (Bravais Pearson r)
(WR_t = return of t weeks after sentiment date; WRvt = return of t weeks before sentiment date)

Table 7 includes the same information as Tablexéept that the sentiment data now refer to
the medium-time horizon. Here, the correlation efitsnent with past returns is generally
weaker compared to the short-term results. Yet8 iof 12 cases there is a significantly
positive correlation (alpha 0.05) between the pasghth’s return and the opinion regarding
the 6-month forecast. Interestingly, the correlatietween the past month’s (and weeks’)
return and the institutional investors’ opinion aegdjng the following 6 months is no longer

significant for the DAX and the ESX50 — their hommarket. It seems that investors use
different information when doing mid-term forecasaed they no longer (only) rely on the

index’s trend during the last few days or weekstitational investors specifically no longer

rely on past price developments; they obviously aiskfferent model when forecasting their

home market.

16 Our samples are not, of course, independent dtretoverlapping return time windows. Using non-
overlapping time windows would lead to samples witout 10 data points (regarding 24- week retumsich
is insufficient for calculating and interpretingyacorrelations.
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As mentioned above, the investors were asked ecést the price development of the next 6
months, i.e. 24 weeks. Table 7 shows that theyhaterery successful in doing so (WR_24).
When institutional investors forecast the SP5 amdiSNAQ, we see significant values.

Private investors do have significant values wheredasting a 24-week period, but the

coefficients are negative. Private investors madpeifscantly wrong forecasts.

DAX TEC ESX50 SP5 NASDAQ NIKKEI
Returns | Psm Ism Psm Ism Psm Ism Psm Ism Psm Ism Psm Ism
WR v241] 0,22 | -0,32 | 0,17 | 0,28 0,18| -0,23| -0,01| -0,01} -0,21| 0,29] 059| 0,52
WR_v4 0,18 | -0,08 | 0,47 | 0,45 0,20 0,04] 0,17 0,23] 0,23| 0,33] 0,49| 0,38
WR_4 0,11 | 0,24 | -0,02 | 0,19 0,13| 0,24] -0,09| 0,08] -0,05| 0,24] -0,32| -0,14
WR 24 | -0,23 | 0,09 | -0,36 | 0,11 -0,33| 0,17] -0,44| 0,20] -0,48| 0,24] -0,67| -0,38

Table 7: Sub-sample 1: Correlations between returnand medium-term sentiment (Bravais Pearson r)

As mentioned in section 3, the participants wereedsheir opinion of the markets for a
short-term and medium-term time horizon. In thisteat, short term was defined as “about
one month”, and medium term as “about six montlhke participants were not able to define
their own time horizons. It could therefore be tlat investor's own interpretation of
“medium term” could be shorter (or longer) than sionths for example because he has a
feeling about market movements during the next mmamths, but feels absolutely unable to
make a forecast half a year in advance. This is whytested different time horizons for
medium-term forecasts. In fact, the picture changhen we look at other time horizons
(Table 8). Institutional investors’ forecasts aretty good with regard to 8- and 12-week
returns. 8 out of 10 correlation coefficients argngicant and positive (except for the
NIKKELI). Private investors are again mostly wronghwegard to these returns. There is no
significant @ = 0,05) positive correlation at all. Instead, tberrelation tends to turn
increasingly negative the further the returns expato the future. At WR_24 (6 months), the

correlation is negative and significant for all ices.
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DAX TEC ESX50 SP5 NASDAQ NIKKEI
Psm | Ism | Psm | Ism | Psm | Ism [Psm |Ism | Psm | Ism | Psm Ism
WR_1 0,07 | 0,06 0,11 | 0,21 ] 0,04 | 0,07| 0,00| 0,05] 0,00 [0,09| -0,19 | -0,05
WR_4 0,11 (0,14} -0,02 | 0,19 | 0,13 | 0,14 -0,09| 0,08] -0,05|0,24 | -0,32 | -0,14
WR_8 0,09 |0,23]| -0,17 | 0,21 ] 0,01 | 0,20} -0,20| 0,08]-0,16 {0,30] -0,48 | -0,20
WR_ 12 | -0,02 | 0,24 | -0,28 | 0,17 ]| -0,13 | 0,21 | -0,28| 0,19]-0,31 | 0,31 | -0,58 | -0,27
WR_16 | -0,19 | 0,14 | -0,38 | 0,06 | -0,29 | 0,16 | -0,41| 0,18} -0,42 | 0,24 ] -0,62 | -0,36
WR_20 | -0,28 | 0,04 | -0,43 | 0,04 |} -0,38 | 0,07 | -0,48| 0,09}-0,49 | 0,16 | -0,67 | -0,36
WR 24 }-0,23 | 0,09} -0,36 | 0,11 ] -0,33 | 0,17 | -0,44| 0,20]-0,48 | 0,24 | -0,67 | -0,38
WR 28 | -0,27 | 0,15} -0,35 | 0,23 ] -0,37 | 0,26 | -0,40| 0,35]-0,41 | 0,42 | -0,65 | -0,33
WR 32 | -0,26 | 0,15 -0,42 | 0,21 | -0,35 | 0,23 | -0,39| 0,30} -0,41 |0,40] -0,71 | -0,42
WR_36 | -0,26 | 0,22 | -0,47 | 0,27 | -0,34 | 0,30 | -0,48 | 0,24]-0,50 | 0,35] -0,73 | -0,39

Table 8: Sub-sample 1: Correlations between mediurterm sentiment and future returns.

On the basis of these results, we then designedding strategy to verify the identified
conclusions (i.e., professional investors are &bl®recast future price movements). We will

discuss the outcome of such investments with regaedonomic relevance.

We invested in indices, which means that we bowgiet index certificate when receiving a
buy signal and held it for a fixed period. If wetaibed another buy signal during this period,
we extended our investment period by the same pgered. This investment horizon was
determined by identifying the “maximum” r-value. Agund above, institutional investors are
best at forecasting 8- or 12-week time horizonsagequently, we used these two alternative
time horizons for our strategy. For example, wedtdwa SP5 certificate when we saw high
positive institutional sentiments concerning timdax, and held this certificate for 12 weeks.
If we observed a signal (high positive institutibeantiment) with regard to the SP5 during

this time, we continued holding the certificate &mother 12 weeks from this day onward.

The signal is a certain level of positive sentiméie wanted to have a minimum of
transactions per index, so we chose the best semtiparameter with more or at least 20
realizations (in the first sub-sample) for eachexdlhe benchmark is a simple buy-and-hold
index strategy. Table 9 and Table 10 show theegjyéd performance in the first dataset (the
“in-sample period”). The row “strategy” describég trading strategy for the particular index,
i.e. “Is > 0.25" (column DAX) means that we invebsten a DAX certificate when the
institutional investors’ medium-term sentiment wiasger than 0.25, and we held the
certificate for 8 weeks (Table 9), or for 12 weéKkable 10).
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Examining the indices’ charts (appendix), we ses tfuring the time of the first sample
(February 2001 to June 2003), returns were negatigst of the time. It is therefore not
surprising that both the strategies, buy and haddwell as our investment strategy produced

negative returns in 9 out of 12 times.

The first row (“Bravais Pearson r”) denotes therelation between sentiment and (8-week)
returns. The rows “returns per week” (Table 9 amathl& 10) show the average return of our
investment strategy, or the buy-&-hold strategywweek, i.e. as far as our investment strategy
Is concerned: the cumulated return divided by thmlmer of weeks invested. For example,
when applying an 8-week holding period tradingtstyg to the DAX index, we obtained 5
trades and were invested in 68 (out of 115) weé€ks. cumulated return for the whole
investment period was -0.2676 (i.e. -26.76%), wHethto an average return per week of -
0.2676/68 = -0.0039. Except for the SP5, this sgpatbeat the buy-&-hold strategy in terms
of returns with regard to the 8-week holding periddth a holding period of 12 weeks, the
strategy won in 4 out of 6 cases. The rows “stahddeviation” includes the standard
deviation of the buy & hold’s weekly returns ane thvestment strategy’s weekly returns for
the complete sub-sample. During the periods whenwex not invested, the returns were
“0”. The strategy’s standard deviation is smalleart the standard deviation of the buy-&-

hold strategy. This is not surprising — we areinghe market all the time.

DAX TEC ESX50 SP5 NASDAQ | NIKKEI

WR_8 WR_8 WR_8 WR_8 WR_8 WR_8
Bravais Pearson r 0,2280 0,2136 0,1991 0,0849 0,3007 | -0,1970
Returns per week (buy&hold) -0,0055| -0,0132| -0,0049| -0,0020 -0,0027 | 0,0028
Returns per week (strategy) -0,0039| -0,0099| -0,0042| -0,0030 0,0003| 0,0040
Std. deviation (strategy) 0,0351 0,0574 0,0330 0,0212 0,0340| 0,0240
Std. deviation (buy&hold) 0,0460 0,0687 0,0413 0,0303 0,0457| 0,0332
Strategy Is>0.25 |Is>0.05 |Is>0.25 |Is>0.15 |Is>0.15 Is>0.2

Table 9: Performance of investing strategy in-sampl, holding period 8 weeks.

DAX TEC ESX50 SP5 NASDAQ | NIKKEI

WR 12 |WR 12 [WR 12 |WR 12 |WR 12 WR_12
Bravais Pearson r 0,2394 0,1742 0,2085 0,1904 0,3104| -0,2667
Returns per week (buy&hold) -0,0055| -0,0132| -0,0049| -0,0020 -0,0027 | 0,0028
Returns per week (strategy) -0,0061| -0,0126| -0,0053| -0,0016 -0,0011| 0,0057
Std. deviation (strategy) 0,0372 0,0600 0,0351 0,0236 0,0360| 0,0245
Std. deviation (buy&hold) 0,0460 0,0687 0,0413 0,0303 0,0457| 0,0332
Strategy Is>0.25 |I1s>0.05 [Is>0.25 |Is>0.15 [Is>0.15 |[Is>0.2

Table 10: Performance of investing strategy in-samp, holding period 12 weeks.
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The investment strategy was thereafter appliedutooat-of-sample dataset. Our second sub-
sample consisted of the remaining 135 weeks oflataset and ranged from July 4th, 2003 to
February 10th, 2006. The indices’ charts in theeapx show that most of the indices had
positive returns during that time. The attributéghe first sample’s returns were therefore
very different from the attributes of the secondhpke’s returns. This was not our aim — it
was pure coincidence. Consequently, it was hardsgible for the investment strategy to beat
the buy-&-hold strategy in terms of returns. Besidlee returns, we addressed the topic of

risk. Our question was: Can our strategy beat thye&hold strategy after risk adjustment?

We used the Sharpe rdti@s the strategies’ performance measure:

k
D> WR, -R,
SR=*
Owr k

WR represents the log return of weedsif the index andr; the return of a riskless investment
for the sample periodwyr denotes the standard deviation of the weekly mstfueind we look
atk weeks (withk = 115 or 135 weeks). We chose 4% as a risklesseisit rate, which is not
important at all for the interpretation of our fings.

Table 11 and Table 12 show the results of theegjyatvhen applied to the out-of-sample
dataset. We see that for both time horizons wevedehigher average returns per (invested)
week when using the strategy on the DAX index. Retwith regard to the German TEC
index were about the same; we obtained highermeton the ESX50 when investing with an
8-week holding period and lower returns when inwngswith a 12-week holding period. The
strategy outdoes buy-and-hold on the NASDAQ index does worse on the SP5 index. The
results of the NIKKEI are the same for buy-&-holadaour strategy because in this case we

were invested all 135 weeks.

The standard deviations were (of course) alwaykdrigr equal for the buy-&-hold strategy.
Nevertheless, regarding the Sharpe ratios, thesimant strategy exceeded or was equal to
the buy-&-hold strategy in only 6 out of 12 caskescause for the calculation of the Sharpe
ratio, the cumulated returns over the whole periwdre used. Due to the indices’
exceptionally positive development during that tipegiod, beating the performance of a buy-

&-hold strategy was almost impossible.

" See Sharpe (1994)
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To sum up, despite a disadvantageous market, estment strategy performed quite well.
Although the trading strategy was created and pat@rmzed during a market downtrend, it
turned out well during the ex ante period, whichsv@amarket uptrend. Institutional investor

sentiment seems to have some kind of predictiveepoWowever, the question of economic

relevance cannot be satisfactorily answered unlesdataset is enlarged.

DAX TEC ESX50 SP5 NASDAQ | NIKKEI
WR_8 WR_8 WR_8 WR_8 WR_8 WR_8
Returns per week (strategy) 0,0057 0,0035 0,0036 0,0012 0,0036 -0,0039
Returns per week (buy&hold)| 0,0042 0,0036 0,0032 0,0019 0,0023 -0,0039
Std. deviation (stragtey) 0,0184 0,0283 0,0160 0,0108 0,0166 0,0239
Std. deviation (buy&hold) 0,0211 0,0284 0,0176 0,0144 0,0225 0,0239
Sharpe R. (Strategy) 2,33 1,27 1,90 0,38 0,92 1,78
Sharpe R. (buy&hold) 2,14 1,37 1,90 1,26 1,02 1,78
Strategy Is>0.25 | Is>0.05 | I1Is>0.25 | Is>0.15 | I1s>0.15 | Is>0.2
Table 11: Performance of investing strategy out-o§ample, holding period 8 weeks.
DAX TEC ESX50 SP5 NASDAQ | NIKKEI
WR 12 | WR 12 | WR 12 | WR 12 WR 12 | WR_12
Returns per week (strategy) 0,0046 0,0036 0,0025 0,0017 0,0043 -0,0039
Returns per week (buy&hold) | 0,0042 0,0036 0,0032 0,0019 0,0023 -0,0039
Std. deviation (stragtey) 0,0189 0,0284 0,0171 0,0112 0,0174 0,0239
Std. deviation (buy&hold) 0,0211 0,0284 0,0176 0,0144 0,0225 0,0239
Sharpe R. (Strategy) 2,08 1,37 1,37 0,68 1,40 1,78
Sharpe R. (buy&hold) 2,14 1,37 1,90 1,26 1,02 1,78
Strategy Is>0.25 | Is>0.05 | Is>0.25 | Is>0.15 | I1s>0.15 | Is>0.2

Table 12: Performance of investing strategy out-ofample, holding period 12 weeks.

6. Overall forecasting ability

In this section we present the overall correlatadinsentiment values and returns, when

combining both sub-samples to the full dataset.

Table 13 includes the correlation between shorhteentiment and returns for the full data
sample. What we see is that neither institutioral private investors are able to correctly
forecast returns up to a month (no positive sigaiit results, alpha 0.05). In the cases of SP5

and NASDQ private investors can even be used astaactrend indicator (significant results,
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alpha 0.05). Instead both, private and institwtlanvestors, heavily rely on the past week’s
and past month'’s returns (very significant reswisha 0.05). They are trend followers (only

positive correlations). The above is true for atlites.

DAX TEC ESX50 SP5 NASDAQ NIKKEI

Returns Ps Is Ps Is Ps Is Ps Is Ps Is Ps Is

WR v4 ] 043 | 0,25 ] 0,45 | 0,33 047| 0,29] o048| 036] 047| 036| 060| 0,49

WR_ vl | 058 | 0,56 | 0,57 | 0,58 0,55| 054] 053] 049] 056 052] 056| 0,55

WR_1 0,01 | 0,03 | 0,08 | 0,05 -0,02| -0,01] -0,10| -0,04] -0,07| -0,05] 0,05| 0,04

WR_4 -0,03 | -0,04 | 0,06 | 0,04 -0,07| -0,10} -0,15| -0,10] -0,14| -0,06] 0,00| 0,02

Table 13: Correlations between returns and short ten sentiment — full dataset

Our insight regarding institutional traders’ forstiag ability proves true when examining
Table 14. Contrary to private investors, institntib investors are able to forecast price
movements over a longer time period. The sentineéntrivate investors can be used as
contra indicator — it seems that private invessystematically misinterpret information about

future price movements.

In section 4, we clarified that private investagl/ron past price movements when doing their
medium forecasts, and that institutional investes different information. This may be the

reason for the results derived in Table 14.

DAX TEC ESX50 SP5 NASDAQ NIKKEI
Psm | Ism | Psm | Ism | Psm | Ism [Psm [Ism | Psm |Ism | Psm Ism
WR_1 0,08 |0,11| 0,24 | 0,48 | 0,05 | 0,10] -0,03| 0,01]-0,02 | 0,05] 0,02 | 0,11
WR_4 0,10 |{0,17| 0,08 | 0,25 | 0,11 | 0,16 | -0,12| 0,03]-0,09 [0,14| 0,05 | 0,15
WR_8 0,09 |0,29] 0,01 |0,33] 0,04 |0,25]-0,22| 0,07]-0,20 | 0,24] 0,06 | 0,21
WR 12 | 0,02 | 0,30| -0,03 [ 0,35 -0,03 | 0,28 | -0,31| 0,14]-0,34|0,25] 0,06 | 0,22
WR 16 | -0,09 | 0,27 | -0,07 | 0,32 | -0,11 | 0,28 | -0,40| 0,17]-0,42 | 0,24| 0,03 | 0,20
WR 20 }-0,46 | 0,26 | -0,10 | 0,34 | -0,47 | 0,27 | -0,45| 0,17 |-0,47 | 0,24]| -0,02 | 0,18
WR_24 | -0,16 | 0,30 | -0,08 | 0,40 | -0,18 | 0,33 | -0,44 | 0,26]-0,46 | 0,31]| -0,02 | 0,17
WR 28 |-0,24]0,31| -0,11 | 0,44 | -0,24 | 0,38 | -0,46| 0,33]-0,46 | 0,38] -0,05 | 0,17
WR 32 | -0,27 | 0,29} -0,17 | 0,43 |-0,28 | 0,35] -0,48 | 0,30} -0,47 | 0,37]| -0,10 | 0,12
WR_36 |-0,30 | 0,31} -0,23 | 0,43 ]-0,30 | 0,36 | -0,52| 0,28]-0,50 | 0,35] -0,11 | 0,12

Table 14: Correlations between returns and mediumérm sentiment — full dataset

Table 15 shows the correlation of past returns semtiment. Interestingly, it seems that

institutional investors are increasingly bettefaaeécasting the less they rely on past prices.
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DAX TEC ESX50 SP5 NASDAQ NIKKEI
Psm | Ism | Psm | Ism | Psm | Ism |Psm [Ism | Psm | Ism | Psm | Ism
WR_v36 ]| 0,20 | 0,04 ] 0,35 | 0,56 | 0,19 | 0,10 }-0,17| -0,06}-0,29 | 0,03 | 0,78 | 0,74
WR_v32]0,20 | 005]0,36 | 055] 0,20 | 0,12 | -0,14| -0,01}-0,25| 0,07 | 0,78 | 0,74
WR_v28 ]| 0,20 | 0,06 | 0,38 | 0,56 | 0,21 | 0,24 | -0,09| 0,01}-0,27| 0,11 | 0,78 | 0,75
WR_v241]10,19 | 005]0,39 | 054]0,19 | 0,20 ] -0,10| -0,02]-0,13| 0,11 ] 0,77 | 0,73
WR_v20] 0,19 | 0,04 ] 0,41 | 053] 0,18 | 0,07 ] -0,05| -0,02]-0,04 | 0,12 ] 0,76 | 0,71
WR_v16 | 0,19 | 0,06 | 0,42 | 0,52 | 0,19 | 0,20 ] 0,02| 0,07] 0,02 | 0,16 | 0,76 | 0,72
WR_v12] 0,10 |-0,01] 0,39 | 0,47 ] 0,14 | 0,04 ] 0,03| 0,09] 0,03 | 0,23 ] 0,72 | 0,69
WR_v8 ]0,08 |-0,04]0,38 |044]0,13|005] 0,06/ 0,09] 0,07 | 0,16 | 0,66 | 0,59
WR_v4 |0,21 | 0,05] 0,47 | 050] 0,23 | 0,43 ] 0,21| 0,22] 0,24 | 0,31 ] 0,55 | 0,47
WR vl ]0,11 |005)0,30 | 0,37]0,13 |0,22] 0,12| 0,17] 0,16 | 0,27 | 0,29 | 0,31

Table 15: Correlations between past returns and medm-term sentiment — full dataset

7. Conclusion and outlook

The literature shows that sentiment does indeeyl @lle in the formation of returi®Wwe
have seen that it is necessary to differentiatevdset private and institutional investors in
respect of the predictive power of sentiment. Timding is in line with Fisher and Statman
(2000), Wang (2003), and Brown and Cliff (2004).

Besides the already known effects that influenceisent’s impact on pricé§ we found that

you have to distinguish between short- and mediemrm-forecasts with regard to sentiment’s
predictive power. Sentiment that refers to shenktihorizons is very noisy, and both private
and institutional investors make economically imeot forecasts. Both investor groups seem
to make common mistakes when creating this kindooécast because there is a high

correlation between their sentiments. Both grougs eely on past prices.

When forecasting a medium time horizon, institugiiomvestors do surprisingly well, while
private investors make systematically wrong preéains. Private investors are still orientated

towards historic price movements, while instituabmvestor seem to have other information.

'8 Fisher and Statman (2000), Lee, Jiang and Indi®22 Wang (2003) , Kaniel, Saar and Titman (2004),
Brown and CIiff (2005), Baker and Wurgler (2006yridar and Lee (2006)

9 See e.g. Baker and Wurgler (2006)

? This is in line with Solt and Statman (1988), ®land Statman (1988) and Fisher and Statman (20@D)
Schmitz, Glaser and Weber (2005)
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The less they adjust their forecasts with regargadst prices, the better their prediction
becomes. This tendency to extrapolate past pridéey drom index to index. Professional

investors obviously possess better information naigg their home markets. Consequently,
the trading strategy developed from the sentimea dvorks best when using professional

traders’ sentiment on their home market.

The relevance of our results is obvious: Institagiibinvestors’ sentiment can be used to
predict future stock market returns and institidiomvestors’ sentiment measures may
consequently serve as a support for investmensides. Asset-pricing models should also
consider the influence of (professional) investmtsnent.
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Appendix:

Correlation between sentiments of different indicess. correlation of returns between
different indices:

Sentiment Ps with sentiment Ps (short term)

Bravais Pearson r

Ps DAX | TEC ESX50 SP5 |NASDAQ | NIKKEI
DAX 1,00 | 0,96 0,99 0,97 0,96 0,75
TEC 1,00 0,95 0,92 0,95 0,78
ESX50 1,00 0,97 0,96 0,77
SP5 1,00 0,97 0,74
NASDAQ 1,00 0,73
NIKKEI 1,00
Mean and STD with NIKKEI 0,89 0,10

Mean and STD without NIKKEI 0,96 0,02

Sentiment Is with sentiment Is (short term)

Bravais Pearson r

Is DAX | TEC ESX50 SP5 |NASDAQ | NIKKEI
DAX 1,00 | 0,93 0,99 0,96 0,93 0,64
TEC 1,00 0,92 0,90 0,91 0,69
ESX50 1,00 0,96 0,93 0,65
SP5 1,00 0,96 0,60
NASDAQ 1,00 0,58
NIKKEI 1,00
Mean and STD with NIKKEI 0,84 0,15

Mean and STD without NIKKEI 0,94 0,03

Return X with return Y (four weeks overlapping)

Bravais Pearson r

Returns 4 weeks DAX | TEC | ESX50 | SP5| NASDAQ | NIKKEI
DAX 1,00|0,82| 0,95 |0,85 0,81 0,58
TEC 1,00| 0,83 |0,79 0,85 0,53
ESX50 1,00 |0,88 0,81 0,60
SP5 1,00 0,91 0,53
NASDAQ 1,00 0,54
NIKKEI 1,00
Mean and STD with NIKKEI 0,75 0,15

Mean and STD without NIKKEI 0,85 0,05
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Return X with return Y (four weeks non-overlapping)

Bravais Pearson r

Returns DAX | TEC | ESX50 | SP5 NASDAQ NIKKEI
DAX 1,00 | 0,82 0,94 0,85 0,79 0,44
TEC 1,00 0,87 0,81 0,82 0,39
ESX50 1,00 0,87 0,81 0,51
SP5 1,00 0,91 0,48
NASDAQ 1,00 0,52
NIKKEI 1,00
Mean and STD with NIKKEI 0,72 0,19

Mean and STD without

NIKKEI 0,85 0,05

Sentiment Ps with sentiment Ps (medium term)

Bravais Pearson r

Ps DAX | TEC ESX50 SP5 |NASDAQ | NIKKEI
DAX 1,00 0,83 0,98 0,82 0,80 0,47
TEC 1,00 0,82 0,65 0,69 0,63
ESX50 1,00 0,84 0,81 0,46
SP5 1,00 0,94 0,24
NASDAQ 1,00 0,22
NIKKEI 1,00
Mean and STD with NIKKEI 0,68 0,23

Mean and STD without NIKKEI 0,82 0,10

Sentiment Is with sentiment Is (medium term)

Bravais Pearson r

Is DAX | TEC ESX50 SP5 |NASDAQ | NIKKEI
DAX 1,00 0,77 0,97 0,77 0,71 0,56
TEC 1,00 0,78 0,57 0,59 0,74
ESX50 1,00 0,81 0,73 0,56
SP5 1,00 0,87 0,27
NASDAQ 1,00 0,21
NIKKEI 1,00
Mean and STD with NIKKEI 0,66 0,21

Mean and STD without NIKKEI 0,76 0,12
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Return X with return Y (24 weeks overlapping)
Bravais Pearson r

Ps DAX | TEC ESX50 SP5 | NASDAQ | NIKKEI
DAX 1,00 | 0,83 0,97 0,88 0,72 0,83
TEC 1,00 0,87 0,90 0,94 0,72
ESX50 1,00 0,92 0,77 0,79
SP5 1,00 0,91 0,70
NASDAQ 1,00 0,62
NIKKEI 1,00
Mean and STD with NIKKEI 0,82 0,10

Mean and STD without

NIKKEI 0,87 0,08

Return X with return Y (24 weeks non-overlapping)
Bravais Pearson r

Ps DAX | TEC | ESX50 | SP5 NASDAQ NIKKEI
DAX 1,00 | 0,86 0,99 0,94 0,76 0,89
TEC 1,00 0,87 0,88 0,96 0,79
ESX50 1,00 0,95 0,76 0,88
SP5 1,00 0,86 0,85
NASDAQ 1,00 0,73
NIKKEI 1,00
Mean and STD with NIKKEI 0,86 0,08

Mean and STD without

NIKKEI 0,88 0,08

Bravais-P. | Regression
Ism |Psm| Psm | Ism
WR_1 ] 0,08 |0,21] 0,02 | 0,03
WR 4 ] 0,10 | 0,27 | 0,06 | 0,09
WR 8 | 0,09 | 0,29 | 0,07 | 0,23
WR_12] 0,02 | 0,30 ] 0,02 | 0,31
WR_16]-0,09 | 0,27 | -0,11 | 0,33
WR_20]-0,16 | 0,26 | -0,23 | 0,36
WR_241-0,16 | 0,30 | -0,28 | 0,46
WR_28]-0,24 | 0,31 | -0,47 | 0,54
WR_32]-0,27 | 0,29 | -0,58 | 0,54
WR_36]-0,30 | 0,31 | -0,70 | 0,62

Bravais-Pearson r and estimafedf the regressiofVR_t), = a + fQsm, Q = {s, m}

Significant ¢=0,05/0,01) Bravais-Pearson and Regression caafficiare grey shaded (medium-grey/dark-grey)
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