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1. Introduction

This paper examines the demand side liquidity {sett) effect on equity liquidity in
subprime crisis period, because noise traders playmportant role in liquidity,
particularly for riskier assets (Black, 1986; Trueem 1988). From the theoretical
perspective, De Long, Shleifer, Summers, and Watthn(@d990) (DSSW, hereafter)
argue that investor sentiment measure serves asxy pignal for expectations of
future market movements and leads to noise trattading decisions that are not fully
justified by fundamental news and deviates pricenffundamental value. Baker and
Stein (2004) find that when the investor sentimsriiearish, the short-sale constraint
plays an important role to keep noise traders bthiemarket, leading to a decrease in
equity liquidity. At a subsequent date, informedders and arbitrageurs will submit
buy order to provide liquidity into market. Thusedsish (bullish) sentiment leads to
decrease (increase) equity liquidity.

However, if informed traders and arbitragewsilgit funding constraint problem
in the bearish sentiment period, they could fal€drrect mispricing and submit buy
order to provide liquidity into market. They becofiguidity demanders to liquidate
their holding positions and thereby further dedregequity liquidity. We thus expect
that in the bearish sentiment period, investorisenit could decrease equity liquidity
more significantly when investors face funding decenst problem. Prior sentiment
related literature does not incorporate fundingst@int problem in the analysis. Our
study thus provides a better overall understandingpe demand side liquidity effect
during the subprime crisis period.

The funding constraint problem on liquidity pliprs gets more attention within
the recent literature. Kyle and Xiong (2001), Grorahd Vayanos (2002) and
Brunnermeier and Pedersen (2009) all argue fronhearétical model that when

arbitrageurs faced funding constraints, they cailidnge from liquidity supplier to



demanders and liquidate the positions in risky taste establish funding inflows.
Therefore, the price wedge further widens and gqgliguidity decreases. Using
negative market return to proxy investor fundingsteaint problem, Hameed, Kang,
and Viswanathan (2010) explore the effect of fugdoonstraint on equity liquidity.

Their empirical results show that a large negatwarket return is related to the
tightness of funding liquidity and lead to a redaictin the level of liquidity provision

and thereby decreasing equity liquidity. KarolygeLand Dijk (2012) examine how
commonality in liquidity varies in ways related supply determinants (funding
liquidity) and demand determinants (correlateditrgdnd investor sentiment). Their
results show that demand-side explanations for conality are more reliable.

This study examines how investor sentiment affeqtsty liquidity and investor
trading behavior in subprime crisis period usindex and financial exchange-traded
funds (ETFs). The extreme variations in sentimeat @quity liquidity that are evident
during the subprime crisis period provide a valeatpportunity to examine the ways
in which investor sentiment affect equity liquidit§/e further explore whether bearish
and bullish sentiment affects equity liquidity analding behavior equally. In addition,
we follow Hameed, Kang, and Viswanathan (2010) gqisirgative market return to
proxy investor funding constraint problem, we tlessplore whether funding constraint
problem could affect the relation between investmtiment and equity liquidity.

Our study seeks to answer the following researabsiipn. First, we examine
whether bearish sentiment could increase net geliressure and illiquidity problem
in subprime crisis period. Hameed, Kang, and Visatlaan (2010) argue that panic
selling by investor sentiment affects equity illidity. However, Hameed et al. (2010)
only explore the relation between investor fundoanstraint and equity liquidity.
There are only few empirical studies focusing orethibr the bearish sentiment leads

to a decrease in equity liquidity and an increaseet selling pressure and on whether



bullish and bearish sentiment have a negative sitipe effect on liquidity, especially
for the subprime crisis period.

Second, we explore whether there is an asymmegntirsent effect on equity
liquidity and investor trading behavior in the stubye crisis period. Kaplanski and
Levy (2010), Chen (2011) and Akhtar et al. (201L¥iad that bearish sentiment has
more sensitive than bullish sentiment on stock etarkturn. We are interesting in
whether bearish sentiment leads to increase edligyidity and net selling pressure
more significantly than bullish sentiment. In adxht we include funding constraint
problem in our analysis and examine whether beaestiment increase illiquidity and
net selling problem more significantly when investéace funding constraint problem
in the subprime crisis period.

Third, prior studies have explored the impact oftiseent measures on various
securities such as ADRs (Grossmann et al., 20009ed-end funds (Bodurtha et al.,
1995; Brown, 1999), index futures (Kurov, 2008)SUindividual stocks (Brown and
Cliff, 2004; Lee et al., 2002; Baker and Wurgledp8) and 18 industrialized countries
individual stocks (Schmeling, 2009). We contribtdethis literature by exploring the
sentiment effect on equity liquidity and investoaiding behavior in the more liquid
Index ETF markets. In addition, ETFs allow investtw replicate the equity market
index. They are more suitable for our direct seatimmeasure, which is an
aggregative expectation of future market movements.

Fourth, following Lee, Mccklow, and Ready (1993 weasure equity liquidity
including price (the spread) and quantity dimensigthe market depth). We also
measure investor trading behavior using net buyoslgme and asymmetric depth. We
could capture how sentiment affects investor trgditrection not only from the
volume dimension but also from the limit order dimei@n. In this way, our research is

more complete than previous empirical studiesdufiteon, most previous studies have



used lower frequency data. The use of lower frequelata may not permit detection
of how investor sentiment affects liquidity anddireg behavior if it occurs for
relatively short time periods and is masked byadfjgregate nature of the data. The
higher frequency intra-day data used in our stullywa us to draw more precise
inferences.

Our main empirical findings are summarized as fefloFirst, we find that bullish
(bearish) investor sentiment leads to a decreas®e@se) in proportional quoted
spread and increase (decrease) in market deptiebthamproving (decreasing) equity
liquidity. These results provide support the th&oat models of Baker and Stein
(2004). Second, we also find that, in general,ghén bullish sentiment increases net
buying pressure and asymmetric depth, indicatiag ahhigher bullish sentiment leads
to increase limit buy orders and buyer trading wodu Third, we also find the
asymmetric sentiment effect on equity liquidity amavestor trading behavior,
indicating that bearish sentiment has a more saamif impact on proportional quoted
spread, market depth, asymmetric depth and netuytessure relative to bullish
sentiment.

Finally, we examine whether funding constraint peab plays a role on how
bullish and bearish sentiment and equity liquidyur results suggest that when most
investors expect future returns to be more beattsim bullish in market decline
periods, investor sentiment affects bid-ask spreaakket depth, asymmetric depth,
and net buying pressure more significantly. Thesallts also imply that in the bearish
sentiment period, short-sale constraint cause®nmslers out of market and decrease
equity liquidity. When arbitrageurs could face furgl constraint problem in the
market decline period, they could become liquidigmander to sell off their holding
positions and thereby further widening the pricelgeeand decreasing equity liquidity.

In addition, most of financial ETFs yield more sémgy than index ETFs, since



financial industry has a more direct impact rekatte other industry in the subprime
crisis period.

The remainder of this paper is organized as follo&sction 2 develops our
research hypothesis. Section 3 describes the sassfgetion procedure and research
method. Section 4 reports and analyzes the embprasalts. Finally, the conclusions

of this study are presented in Section 5.

2. Hypothesis development

DSSW (1990) argue from the theoretical perspecthat noise traders acting in
concert on non-fundamental signals, that is s@dakntiment, can create a systematic
risk. Since noise trading causes deviations inepiiom fundamental value created by
investor sentiment, arbitrage is facing risky aatlonal traders choose not to fully
restore prices to their fundamentals-based leVdlss, potential loss and risk aversion
may reduce arbitrageurs’ holding positions. Consatly, arbitrage fails to eliminate
mispricing in the short run, and investor sentimexftects security prices in
equilibrium as well as causing risk.

Baker and Stein (2004) further propose a theoietieadel that links investor
sentiment and market liquidity. They argue that mvlibe noise traders, who are
irrational investors, receive signals about futcash flows, the short-sales constraint
could lead them to be active in the market duringeaiod of positive sentiment
(bullish sentiment), and the market thus becomesrvaued. However, when the
noise traders have a negative sentiment (bearidimst), the short-sales constraint
keeps them out of the market altogether. There pogitive relationship between
investor sentiment and equity liquidity.

Hypothesis 1: Bearish (Bullish) sentiment leads to decrease (increase) equity



liquidity and net buying trading behavior.

Prior psychology studies have explored the psyaicéd bias of negativity (Kanouse
and Hanson, 1971; Peeters, 1971, Beach and St@88).1The negative effect can be
defined as a situation in which there is a greatgract of negative versus positive
stimuli on a subjectFeeters and Czapinski, 1€). In addition, Akhtar et al. (2011)
also argue two possible phenomena to explain themagtric sentiment effect. First,
investors could give more weight to potential caban to potential gains in trading
decisions, from the standpoint of prospect thedtghf)eman and Tversky, 1979).
Second, negative information is weighted more Hgahian positive information in
the formation of the overall evaluation.

We extend theory of DSSW (1990) and Baker et @042 and argue that when
there is higher bullish sentiment in a market, @adisaders could overestimate the
relative precision of their own signals over thading behavior of others and buy
more positions in their portfolio. Arbitrageurs ddgell part of their position to meet a
profit, thereby increasing equity liquidity and nettying volume. However, when
bearish sentiment dominates market expectationse nvaders tend to buy fewer
stocks or close out their existing long positionse psychological bias of negativity
and short-sale constraint could both lead noisdetsaout of market altogether. In
addition, potential loss and the risk aversion dawfluse arbitrageurs to withdraw from
buying positions to correct mispricing and provglilquidity in the extreme variation
crisis period. Bearish sentiment thus leads toifsogmtly decrease equity liquidity and
net buying volume.

Hypothesis 2: Bearish sentiment affects equity liquidity and investor trading

behavior more significantly relative to bullish sentiment.



The prior results assume that stock market conditolo not affect investor sentiment.
We relax this assumption and argue for the follgvimypothesis. When bearish
sentiment dominates the market, short-sale constemd limit to arbitrage could
cause arbitrageurs to withdraw from buying posgidl correct mispricing and
provide liquidity. If securities prices decline bel their fundamental values during a
market decline period, position huge loss and tisk maversion could cause
arbitrageurs to face funding constraint (Kyle andong, 2001). This induces
arbitrageurs to become liquidity demanders as tlggydate their position in risky
assets to obtain funding inflows, further widenithg price wedge, and decreasing
equity liquidity and net buying volume significantiWe thus expect that bearish
sentiment affects equity liquidity and investordirgy behavior more significantly in
market declines period.

Hypothesis 3: when the most investors expect future returns to be more bearish
than bullish during market decline periods, investor sentiment affects equity liquidity

and investor trading behavior more significantly.

3. Data source and research methodology

3.1 Data source and sample selection

In this study uses index and financial ETFs to esplhow the investor sentiment
affects equity liquidity and investor trading belwanin the subprime crisis period. For
our empirical examination of index ETFs, we setboise funds tracking the S&P 500
Index (SPY) and those funds tracking the NASDAQ 18@ex (QQQQ). We also

examine 10 financial ETFs, the average daily trgdiolume of which must be higher

than 14,000 units from January 1, 2007 to Decer8tke008, and then divide them



into four groups. In the broad U.S. financial sector group, we ideluhe financial
select sector SPDR (XLF) and iShares Dow Jones ikhdial sector (IYF). Their
underlying index includes broad financial busin@ssthe United States, such as
commercial and investment banking, capital markeigersified financial services,
insurance, and real estate. In the banking grougpcensider the KBW bank ETF
(KBE) and KBW regional banking ETF (KRE). Thus, tederlying index includes
national money center banks and regional bankisgtutions listed on the U.S. stock
markets.

In the brokerage and asset management group, wsadeonShares Dow Jones
U.S. broker-dealers (IAl) and KBW capital market$FHz The underlying index
includes securities brokers and dealers, onlin&dysy asset managers, and securities
or commodities exchanges. Finally, for the insueagcoup, the underlying index
consists of personal and commercial lines, propmasypalty, life insurance,
reinsurance, brokerage, and financial guarantees.

In this study, we employ intra-day data on ETFstakom the TAQ and use
daily abstract trading and quotes data from 9:30 tan#:00 pm. We follow the
previous literature on controlling for differenaiting mechanisms and include all the
data in the AMEX, NYSE, NASDAQ and NYSE Arca (Arpkiago) exchanges in our
samples. The period under examination is the pesitvthlization period which runs
from 1 January 2007 to 31 December 2008; this decmntains the dotcom bubble
industry cycle as well as the sub-prime mortgagescperiod.

Finally, following Chung and Zhao (2003) and Chug@06), we eliminate all
guotes falling under the following three criter{®: where either the bid or the ask

price is equal to or less than zero, (ii) wheréagitthe bid or the ask depth is equal to

! We divide the financial ETFs into four groups (atofinancial sector, banking, brokerage and asset
management, and insurance). The details on ouan&@ssamples are provided in the Appendix.
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or less than zero, and (iii) where either the pocgolume is equal to or less than zero.
Furthermore, we follow Huang and Stoll (1996) whadete quoting and trading data
with the following characteristics: (i) all quotegth a negative bid-ask spread or a
bid-ask spread of greater than US$5, (ii) all teaded quotes which are either
before-the-open or after-the-close, (iii) all tragteces,P;, where: |P; - Pi.1) / P.1/>0.1,
(iv) all ask quotesa, where: |& - a.1) / a.1/>0.1, and (v) all bid quotels,, where: [ -

bt.]_) / bt-1|>0.1.

3.2 Measuresof investor sentiment

Using direct measures of investor sentiment, 1l &#dl, are proxy for the noise

trader presence.Following Brown and Cliff (2004), we collect diftemeasures of

bearish and bullish sentiment from the Investorelligence (1) and American

Association of Individual Investors (AAIl). The lis collected by categorizing

approximately 150 market newsletters each weeklowolg the reading of the

newsletters, the market is classified as bullisearish, or neutral based on the
expectations of future market movements. The AAlireéleased by the American
Association, a non-profit organization, which askeh individual investor where they
expect the stock market will be in six months, #melresults are classified as bullish,
bearish, or neutral.

In the present study, we follow Wang et al. (20@6adopt the ratio of the bearish
percentage to the bullish percentage as our meastiravestor sentiment; when they
are higher (lower), market investors demonstrateenmearish (bullish) sentiment.
Since the AAIl and Il sentiment indicators arevedlekly-based, in order to resolve this

data frequency problem, we adopt the method wheeabk trading day of a week has

2 Examples in the literature on the Il and AAIl semnt index include Solt and Statman (1988), Clarke
and Statman (1998), Shefrin (1999), Fisher and&at(2000), Brown and Cliff (2004, 2005), and Ho
and Hung (2008).



the same value as the beginning of the week.

3.3 Measure of equity liquidity
3.3.1 Proportional quoted spread

We use the proportional quoted spread as the idliyuproxy. The formula for the
proportional quoted spread i8sk; - Bid;) / [(Ask; + Bidk) / 2], whereAsk; andBid; are
the respective intraday ask and bid prices at tiriiée then calculate the average of all
the proportional quoted spreads in one day asidnedity variable. We then examine
how the investor sentiment affects the proportianadted spread. In order to control
for the factors that might be important in detenminthe spread, following Copleand

and Galai (1983) and Stoll (2000), we investigagefollowing regression mode:

Spread, =a + B,Ret, + SVol, + SLogV, + B,Spread,_,+ BDg, . +
B.,Bearish + S,Bullish +¢, (1)

where Spread;; is the daily proportional quoted spread for ETéh dayt, Ret; is the
daily return for ETH on dayt, VOL, is the daily Parkinson volatility for ETiFon dat,

V is the daily trading volume for ETiFon dayt; Dot is @ dummy variable that equals
1 from September 17, 2008 to October 17, 2008ia¢wvhen the U.S. Securities and
Exchange Commission prohibited short sales of irncompany stocks, and zero
otherwise;Bearish is a dichotomous variable taking a Sentiment indeand AAll,
for the day equal to or greater thanabdBullish is a dichotomous variable taking a
sentiment index, Il and AAII, for the day of lessmh 1. We argue that a higher bullish
sentiment leads to a narrower proportional quoteas indicating improving equity
liquidity. We thus expect the negative sign f¢¢ and S, in equation (1).

In addition, when most investors feel more a hidhdtish future expectation in

® We do not include the trading volume to be a respe since Baker and Stein (2004) propose that
trading volume increases as dumb investors becoone optimistic.
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the market, noise traders purchase more stockhéar portfolios. Arbitrageurs could
sell part of their position to meet a profit, theyedecreasing the proportional quoted
spread. However, when bearish sentiment is the msajatiment in the market, noise
traders could choice to sell off their holding pimsi. Since limit to arbitrage,
increasing trading costs and short-sale constraold lead arbitrageurs to withdraw
from buying positions to correct mispricing and \pde liquidity, the proportional
guoted spread increase. In addition, potential &s$ the risk aversion could cause
arbitrageurs to sell their holding positions. Wer#iore expect that in the bearish
sentiment period, investor sentiment thus leadsatee more significantly impact on

proportional quote spread.

3.3.2 Market depth

In this section, we consider how bearish and Bulientiment affects market depth,
since equity liquidity has both a price dimensitre(spread) and a quantity dimension
(the depth). Lee et al. (1993) argue that liquigitgviders are sensitive to change in
information asymmetry risk and use both spreaddamih to actively manage this risk.
Thus, whether investor sentiment affects marketthdep an important factor in
determining the relationship between sentimentligitlity. We therefore define depth
as the number of shares at the best bid and a=k gmd average each depth on day
our depth variable. Finally, we then divide the keardepth by 100 to narrow the size
of the variable. The daily average market deptius the market depth variable used
in our analysis.

By following Ahn, Bae, and Chan (2001), in ordectmtrol for factors that may be
of importance in determining market depth, we tbgamine the relationship between

the investor sentiment and market depth in thewoilg regression model:
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Deptht =a+ IBlVO| it + IBZLog\/lt + 183Deptht—l+ ﬁ4Dshort + (2)

S;Bearish + SiBullish +&,
whereDepth, is the daily average market depth for ETén dayt.* We argue that a

higher bullish sentiment leads to an increasingketadepth, indicating improving
equity liquidity. We thus expect the negative sign 5, and S, in equation (2).

We hypothesize that during the bullish sentimentkeiaperiod, noise traders
could be trading underlying assets more aggressiaatl arbitrageurs could also
participate by buying fewer stocks or by sellingithexisting long positions, thereby
increasing market depth. During bearish sentimenibds, noise traders tend to trade
less than bullish sentiment periods (Baker anchSg6004). In addition, the short-sales
constraint keeps noise traders out of the markeg@iher, and increasing trading costs
could lead arbitrageurs to withdraw from buyingiposs to correct mispricing. Based
on the previous argument, we suggest that in tlaidbe sentiment period, investor

sentiment causes market depth to decrease moi@cgEighand vice versa.

3.4 Measure of Investor Trading Behavior
3.4.1 Asymmetric depth

In this section, we use asymmetric depth as amnalige measure to capture investor
trading behavior from limit order book. Huang anliS(1994) examined how the

asymmetric depth affects quotes returns and petarns. Chung (2006) also uses
asymmetric depth to measure adverse selection aodtanalyze the effect of investor
protection on asymmetric depth. Following Brocknaard Chung (1999), we define
dollar depth as the number of shares at the bdsarml ask price multiplied by their

respective prices and cumulate each depth ornt.date use the cumulative dollar depth

in the calculation of asymmetric depisyDepth), which is defined as the dollar depth

* The remaining control variables are the same @setin Equation (1).
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at the best bid price divided by the dollar depttha best ask price.
We furthermore use daily asymmetric depth to measnvestor limit order
submission behavior and explore how investor semtnaffects asymmetric depth in

the following regression model:

ASyDepthit =a+ ﬂl_RETit—l + ,BZVQL“ + ﬂsLOgVit + /84ASyDepthit— 1+ IBSDshort + (3)
BsBearish + S,Bullish + ¢,

whereAsyDepth;; is the percentage asymmetric depth for EDR dayt, which is the
daily dollar depth at the best bid price dividedtbg dollar depth at the best ask price
and then multiplied by 100.We argue that a higher bullish sentiment leadarto
increasing asymmetric depth, indicating increasalgtive higher limit buy order. We
thus expect the negative sign fg@ and £, in equation (3).

We also hypothesize that during higher bullish iseet in the market, noise
traders tend to place more limit buy orders andtradreurs could place limit sell
orders to sell part of their position to meet afiprdVhen bearish sentiment dominates
the market, noise traders will place more limitl sgtlers in the market. In addition,
potential loss and risk aversion may cause arlatreggto use more limit sell orders to
sell off their holding positions. We thus arguettiva the bearish sentiment period,
investor sentiment leads to have a more signifigamtpact on asymmetric depth than

bullish sentiment period.

3.4.2 Net buying pressure

The research design aims to tackle the questiowhefther in the bearish sentiment
period could lead to serious net selling pressungaaic selling more significantly than
in the bullish sentiment period during subprimesisriperiod. As for the net buying

pressure variable, we use the algorithm proposedL.déyy and Ready (1991) to

® The remaining control variables are the same @setm Equation (1).
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distinguish whether the transactions are buyer alers initiated. The algorithm
classifies a trade as a buyer (seller) initiatederif the traded price is higher (lower)
than the mid-point of the bid and ask price. Weigmss value of +1 (-1), which
represents whether each transaction is a buyder(séiitiated trade, multiply the
assigned value by trading volume, and sum up allntltiplying results that occur
each day. Finally, the net buying pressure variabl¢he ratio of buyer initiated
volume divided by seller initiated volume.

Following Brown, Walsh and Yuen (1997) and Choréall and Subrahmanyam
(2002), we control for the factors that may bemportance in determining net buying
volume and examine the relationship between invesémtiment and net buying

volume, using the following regression model:

NetBuying; =a + BRET, , + BVOL, + BLogV, + B ,NetBuying; ;+ S Dqq, (4)
+ f,Bearish + ,Bullish + ¢,

where NetBuying; is the ratio of buyer initiated volume divided bgller initiated

volume for ETFi on dayt.® We argue that a higher bullish sentiment leadsrto
increasing net buying pressure, indicating increaselative higher buying trading
volume. We thus expect the negative sign By and £, in equation (4).

When there is a higher bullish sentiment in the keiarnoise traders could
overestimate the relative precision of their owgnals and buy more positions for
their portfolios, indicating increasing net buyinglume. However, during bearish
sentiment periods, limit to arbitrage, increasiragling costs and short-sale constraints
could cause arbitrageurs to withdraw from buyingifp@ens to correct mispricing,
leading to decrease in net buying volume. Accordingthe ‘prospect’ theories
(Kahneman and Tversky, 1979) and the ‘dispositifieace, investors that can invest

will tend to hold their positions or reduce therading activity when they are

® The remaining control variables are the same @setm Equation (1).
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experiencing losses. We thus hypothesize thatdrb#arish sentiment period, investor
sentiment leads to have a more significantly impachet buying pressure than bullish
sentiment period.

For all the model specifications (i.e., Equatiofh} o (4)), we use a panel data
regression framework to investigate the effectsbefrish and bullish on equity
liquidity and investor trading behavior. We perfothee Hausman test on all of our
empirical models. We find no misspecification fraghe use of the random effects
model; this model is therefore selected for themesion of all of our empirical
models. We also follow the method of Wansbeek aagt&yn (19895, which we use

to handle both balanced and unbalanced data.

4. Empirical results

4.1 Basic statistics

Table 1 provides the summary statistics for ourieng) sample. For the Index ETFs
group, we could find the lowest avera§eread of 0.0214 and the highest average
Depth of 264.37, indicating that they are the most kgRITFs group. In addition, they
have the highest averagegV of 18.93 and the lowest averag®L of 0.0128 in our
sample period. Comparing with the four type finah&TFs, the financial sector is the
most liquid group, with the lowest avera8aread of 0.0617 and the highest average
Depth of 106.76.37 andlogV of 15.67. We also find the negative aver&geamong

all group, indicating that our empirical sampleshe market decline period. For the
sentiment index variables, the averageAéll is 1.225 and the median &#All is
1.068. They are both higher th&ahand higher than 1, indicating that the bearish

sentiment is higher than bullish sentiment andvidldial investor sentiment is more

" See the SAS PANEL procedure.
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bearish in the subprime crisis period.

Figure 1 shows the average level of weekly sentinvamniables i and AAIl)
from 1 January, 2007 to 31 December, 2008. Unsingly, the figure shows our
sentiment indexes move together. | sentiment index tends to be more volatile
and pessimistic than thé index. In addition, when thH or AAll index exceeds 1,
these indicate that the bearish sentiment is hitheer bullish sentiment. We find that
anll or AAIl greater than 1 captures the Bear Stearns evetiteoMarch 2008, the
Fannie Mace and Freddie Mac events on the July ugust 2008, the Lehman
Brothers, Merill Lynch and AIG events on the Sepdtemto October 2008 in the
subprime crisis period.

<Table 1 is inserted about here>

<Figure 1 is inserted about here>

4.2. Effect of bearish and bullish sentiment on equity liquidity
4.2.1. Effect of bearish and bullish sentiment on proportional quoted spread

We begin by providing an empirical analysis to eismhow bullish and bearish
sentiment affects proportional quoted spread. Vel luand AAll to measure investor
sentiment and it is already well documented thatartant stock characteristics such
as return, volatility, and short-sales constrainimchies may have an effect on
proportional quoted spread. We include trading neuamong the control variables,
since Baker and Stein (2004) propose that a higgading volume could reflect high
investor sentiment and lead to low expected reftrns addition, the spreads have

narrowed with the growth in trading volume in reicgears.

8 We also do not include trading volume as our resjom control variable and the regression resuis a
similar to those found in Table 2. Those results rot reported here in order to save space; however
they are available upon request.
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As shown in Table 2, the lagged proportional quatpdead variables have a
significant impact on the proportional quoted sprdar all empirical results. An
increase iNVOL has a significantly positive impact @pread from 0.130 to 2.781.
These results are similar to previous researchwtnels that volatility has a positive
impact on the bid-ask spread (Copeland and Ga®#83;1Amihud and Mendelson,
1987). Most of our results show a positive relagltp betweerRet andSpread in our
research samples. In addition, we also find thetnodscoefficients onLogV are
statistically significant from -0.004 to -0.010,ggiesting a positive relation between
equity liquidity and trading volume. For the sheales constraint dummy variable, we
find the significantly positive relation betwe&g,+ andSoread from 0.002 to 0.396.
Investor could not short sell financial stocks dgrthis period and the results suggest
that the most of investor is unwilling to submitybarder and provide liquidity into the
market. Thus, the bid-ask spread is relative highethe short-selling constraint
period.

For the bearish and bullish sentiment variables,résults in panel A of Table 2
show that an increase Bearish leads to a significant increaseSpread for all group
from 0.001 to 0.083. However, we also find the pesirelation betweeBullish and
Soread, only significantly for financial sector, brokee@nd insurance groups. In the
panel B, we find th&earish variable from AAIl index also has a significanfigsitive
impact onSoread from 0.01 to 0.036. In addition, we also find tbeefficient on
Bullish are positive significant for financial sector andurance groups. These results
suggest our hypothesis 1 that after controlling lEoyged spread, return, volume,
volatility and the short-sale constraint dummy, riga sentiment tends to result in
higher proportional quoted spreads and bullish is@mt leads to decrease
proportional quoted spread. We also find that ta8tinal sentiment has a more

significantly impact relative to individual sentimte
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In addition, Bearish sentiment has a higher significantly impact onpprtional
quoted spread relative Bullish sentiment. These results support our hypothearsi2
indicate that when most investors feel more buléibbut the market, noise trader also
chase to purchase more stocks for their portfokabitrageurs could sell part of their
position to meet a profit and provide liquidity ftbre market. However, when bearish
investor sentiment is strong, noise traders sellenmolding positions and arbitrageurs
withdraw from buying positions to correct misprigirand provide liquidity in the
bearish sentiment period, since limit to arbitrage short-sale constraint. In addition,
potential loss and the risk aversion could caudstrageurs to sell their holding
positions. Thus, arbitrage could not provide enoligdity into market and investor
sentiment could affect bid-ask spread more sigaifily in the bearish sentiment
period.

<Table 2 is inserted about here>

4.2.2. Effect of bearish and bullish sentiment on market depth

In this section, we examine how bearish and bulishtiment affects market depth.
We also usél andAAll to measure investor sentiment and, following ABae, and
Chan (2001) and Brockman and Chung (2003), to obivmportant characteristics
such as lagged depth, volatility, trading volumel amort-sale dummy, factors that
may have an effect on market depthiVe then examine how investor sentiment affects
market depth using Equation (2). As Table 3 shdies,coefficient orDepth,.; has a
positive significantly impact obepth from 0.51 to 0.86. We also find that an increase in

VOL could have a negative impact Depth from -41.12 to -105.12. These findings may

® We also do not include trading volume as our resiom control variable; the regression results are
similar to the results of Table 3. These results @ot reported here in order to save space, but are
available upon request.
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be due to limit order traders using fewer limit@nglto avoid taking market risk. These
results are support to Goldstein and Kavajecz (R0Bdr theLogV variable, we both
find the positive and negative relation betwé@gV and Depth and these results are
similar with Ahn, Bae and Chan (2001). Since theotktical model suggest different
results on the relation between reading volume depth, Lee et al. (1993) argue that
transaction could consume liquidity and lead toatieg relation and Chung, Van Ness
and Van Ness (1999) argue that higher trading velaould cause higher probability of
execution and leads to place more limit order toaase market depth.

As shown from Table 3, we also show that there isigmificantly negative
relation betweemBearish sentimentl| andAAIl) andDepth for all groups from -1.95 to
-3.47 forll and -1.04 to -4.92 fohkAll. For theBullish sentiment variable in panel A, we
find the negative relation betwe&allish andDepth, only insignificantly for financial
sector and insurance groups. ForBodish sentiment variable in panel B, we also find
the negative relation betwe&aullish andDepth, only significantly for index, financial
sector and insurance groups.

These results imply that stronger bearish investtiment tends to result in
lower market depth after controlling for lagged kedr depth, volatility, trading
volume and short-sale constraint dummy. In sumTasdes 2 and 3 shows, stronger
bearish sentiment appears to cause increasing miwp quoted spread and
decreasing market depth, indicating that highertisemt could improve equity
liquidity. Our results provide support for our hypeses 1 and are consistent with the
theory of Baker and Stein (2004).

In addition,Bearish sentiment has a higher significantly impact on ketdepth
than Bullish sentiment. In sum of Tables 2 and 3 results, wddc@ind that in the
bearish sentiment period, investor sentiment affgubportional quote spread and

market depth more significantly. These results suppur hypothesis 2. When most
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investors feel more bearish about the market, no#der also chases to sell off their
holding positions from their portfolios. Since shsales constraint and limit to

arbitrage could lead to arbitrageurs withdraw frdmying positions to correct

mispricing and provide liquidity, funding constraiproblem and the risk aversion

could cause arbitrageurs to sell their holding foamss and becomes liquidity demander.
Thus, investor sentiment could affect bid-ask spreand market depth more

significantly in the bearish sentiment period.

<Table 3 is inserted about here>

4.3. Effect of bearish and bullish sentiment on investor trading behavior

4.3.1. Effect of bearish and bullish sentiment on asymmetric depth

We next examine the relationship between investmtisient and investor trading
behavior. Investor trading behavior can be measusétgy the volume and limit order
dimensions. In this section, we measure investating behavior using from the limit
order book. Asymmetric depth is thus defined asdibléar depth at the best bid price
divided by the dollar depth at the best ask pridd@s measures investor limit order
submission direction. As shown in Table 4, our ltssshow that an increase in
volatility could increase asymmetric depth. These a significant and negative
relationship betweeRet;.; and AsyDepth, indicating that a past negative return could
lead to higher limit buy order in the next tradutay.

Table 4 also shows that there is a significantlyatiee relation betweeBearish
sentiment and\syDepth for all groups from -0.03 to -0.08 fér and -0.02 to -0.15 for
AAIll. We only find thaBullish variable in panel A has a negative significanthpact
on AsyDepth for full sample column and index group. These rssumidicate that in the

bearish sentiment period, investor sentiment hasgaificantly impact on investor
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order submission decision. In the bearish sentirpenbd, investor could place more
limit buy order than sell order when the bullismts@ment increase and use more limit
sell order when the bearish sentiment increasesdhresults are supporting our
hypothesis 2 that in the bullish sentiment peridgher sentiment causes noise trader
to place more limit buy order and arbitrageurs doplace limit sell order to meet
profit. However, in the bearish sentiment periodhiteageurs place more sell limit
orders to take profits from their holding positipts avoid potential loss and for risk
aversion. In addition, noise traders tend to plaoee sell limit orders. Given that a
higher bearish sentiment induces a higher limit sdadlers than limit buy orders,
indicating decreasing asymmetric depth.

<Table 4 is inserted about here>

4.3.2. Effect of bearish and bullish sentiment on net buying pressure

We next examine how bearish and bullish sentiméattas net buying pressure using
Equation (4). Table 5 shows that the lagged oniegeet buying pressurdletBuying:.1
has a significant and positive impact MetBuying from 0.02 to 0.77. In addition, prior
return has a positive impact dletBuying, only significantly for brokerage grouphese
results are consistent with previous findings thadr market moves and net buying
volume affect investor trading strategy (Chordialet2002; Huang and Chou, 2007). In
addition, we also find the significantly positivelation betweer.ogV and NetBuying
from 0.11 to 0.89, suggesting that higher tradiotume is associated with higher net
buying pressure.

As shown in Table 5, our results show that tloefficients onBearish are
negative significant for all groups from -0.22 &41. In addition, th&ullish variable

has a negative significantly impact dxetBuying, only for financial sector and
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brokerage groups in panel A. These results suggedtypothesis 1 that that a higher
degree of bearish sentiment leads to a decreasst iouying pressure after controlling
for lagged net buying pressure, lagged return,tdityatrading volume and short-sale
constraint dummy. We also find that in tlBearish sentiment period, investor
sentiment has a more significantly impact on ngiroypressure.

As we observe from Table 4 and 5, most of @suits show that institutional
sentiment index (II) has a more significant impactasymmetric depth and net buying
pressure relative to the individual sentiment ind&All). This could be due to that
institutional investor bullish and bearish expeaotad release on the newsletters could
have a higher impact on the market participatorsaddition, most of financial ETFs
yield more sensitivity than index ETFs, since ficiah industry has a more direct
impact relative to other industry in the subprinmesis period. We also find that
investor sentiment affects investor trading behavindicating that higher bullish
(bearish) sentiment leads to relative higher litity (sell) order and increasing
(decreasing) net buying pressure. In the beariastingent period, investor sentiment
has a more significantly impact on asymmetric depttl net buying pressure relative
to in the bullish sentiment period. These resuls® aupport our hypotheses 2 and
suggest that in the bearish sentiment period, rtaaskers tend to place more sell limit
orders and net selling volume. Arbitrageurs coulsd @lace more sell limit orders and
net selling volume to take profits from their haidipositions, to avoid potential loss
and for risk aversion. Thus, investor sentimene@f asymmetric depth and net
buying pressure more significantly in the bearishtsnent period.

<Table 5 is inserted about here>

4.4. The Impact of Stock Market Condition

The foregoing analysis provides empirical evideticat bearish sentiment affects
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equity liquidity and investor trading behavior maensitive and significantly than
bullish sentiment. These results may occur becawssn expectations are bearish,
noise trader sell off their holding positions, dksale constraint and limit to arbitrage
could cause arbitrageurs to withdraw from buyingitians to correct mispricing and
provide liquidity. If securities prices decline bel their fundamental values during a
market decline period, position huge loss and tisk maversion could cause
arbitrageurs to face funding constraint (Kyle andong, 2001). This induces
arbitrageurs to become liquidity demanders as tlggydate their position in risky
assets to obtain funding inflows, further widenithg price wedge, and decreasing
equity liquidity and net buying volume significantiThus, our results imply that
investor funding constraint plays an important rialéhe asymmetric sentiment effect.
In this section, we further explore whether investionding constraint is an
important factor in the asymmetric sentiment effétameed, Kang, and Viswanathan
(2010) explore how a market decline affects ligqyidiry-up as the indication of
capital constraints in the marketplace. Their tssshow that a reduction in market
liquidity following market decline is related toehightness in funding liquidity, since
a large negative return could reduce the invesamital that is tied to marketable
securities. Thus, funding problems from negativeurres could reduce investor
willingness to provide liquidity to the market, tkag to an increase in market
illiquidity. Following Hameed et al. (2010), we thwse the lagged period negative
market return to proxy investor funding problems axplore how investor sentiment
and negative returns interact with equity liquidatyd investor trading behavior, using

the following regression model:
Spread, = a + fRet; + BVol, + BLogV, + B,Spread,_; + BDq +
[;Bearish Negative_, + B,Bearisn Postive_, +
/3,Bullish Negative,_, + B,Bullish Postive_,+ £, (5a)
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Deptht =a+ ﬂlV0|it + ﬂZLog\/it + ﬁSDeptht—l-'- ﬁ4D§10rt +
[.Bearish Negative_, + S,Bearish Postive_, +

5b
/3, Bullish Negative_, + 3,Bullish Postive_, + £, (5b)

ASyDeptht =a+t ﬁlRETit—l + ﬁzVOLit + ,33|—09Vn N :84ASyDeptht— 1+ IBSDshort + (5C)
BsBearish Negative,_, + 5,Bearish Postive,_, +
B;Bullish Negative,_, + S,Bullish Postive _; + ¢,

NetBuying,, = a + B RET, _, + ﬁfZVOLn + ﬁ"?,Log\/it + ,[:’4NgetBuyi ng;_,+ (5d)
B;Dq,.. + PsBearish Negative,_, + 5,Bearish Postive,_, +
B;Bullish Negative,_, + B,Bullish Postive,_, + &,
whereBearish is a dichotomous variable takingSentiment index, 1l andAAll, for the
day equal to or greater than 1. TBellish is a dichotomous variable taking a
Sentiment index, Il and AAll, for the day of less than Positive (Negative) takes the
value of unity if the lagged one week market retigrhigher than zero (equal to or less
than zero), and zero otherwif& Therefore, BearishNegative indicates that most
investors are more bearish than bullish about drpefuture returns when the past
weekly ETFs return is equal to or less than zero.
<Table 6 is inserted about here>
As shown in Panel A of Table Bearishll_Negative and BearishAAll_Negative
both have the most significantly positive impactSpnead for all groups from 0.002 to
0.093 forBearishll_Negative and 0.001 to 0.030 fd3earishAAll_Negative. In Panel B
of Table 6, we also show the interaction relatigmdietween investor sentiments and
funding constraint effect on market depth. The Iltesualso show that
Bearishll_Negative and BearishAAll_Negative affect Depth more significantly for all
groups. The coefficients dBearishll _Negative are statistically significant from -2.00

to -3.98 and omearishAAIll_Negative are statistically significant from -0.46 to -6.15.

1% The remaining control variables are the same @setin Equation (1) to (4).
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We also explore how the interaction relationshipsMeen investor sentiment and
funding constraint affect investor trading behavids shown in Panel C of Table 6,
we find the significantly negative relation betweggarishll_Negative and AsyDepth
from -0.03 to -0.10 and the significantly negativeelation between
BearishAAIl_Negative and AsyDepth from -0.02 to -0.15. In panel D of Table 6, the
coefficients orBearishll_Negative have a negative significantly impact bletBuying
for all group from -0.47 to -2.31. The coefficierda BearishAAll_Negative have a
significant and negative impact detBuying for all groups from -0.28 to -2.90. In
addition, the coefficients oBullishAAIl_Negative andBullishAAll_Positive both have
insignificantly impact orAsyDepth andNetBuying for all groups.

In sum, our results show thBearish sentiment has a more significant impact on
equity liquidity and investor trading behavior whitve index ETFs last week’s return
is negative. These results suggest our hypothesml 3hat investor funding constraint
is an important factor in the asymmetric sentimeffdct. In addition, financial ETFs

have more sensitivity than index ETF group.

4.5. Robustness Check

We do not divide sentiment into bullish and bearggmtiment period and directly
examine how investor sentiment affects proportioqabted spread, market depth,
asymmetric depth, and net buying pressure. Theraapresults show that both and

AAIl sentiment index affect equity liquidity and invastrading behavior. We also find
that the coefficients on sentiment have a signifigapositive impact on proportional
quote spread and a significantly negative impactmamket depth for all groups. In
addition, the coefficients on sentiment have a ifigantly negative impact on

asymmetric depth and net buying pressure for alugs. These empirical results

suggest that higher bullish (bearish) sentimentideto narrow (wide) proportional
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guoted spread, increasing (decreasing) market deptirease (increase) asymmetric

depth and net buying pressure.

We also use different method to measure marketitondWe defined that if the
weekly ETF return minus risk-free rate (3-monthakery bill) is positive (negative),
then the market condition is up (decline). We ukis definition setting market
condition dummy variable and then create regressimdel like equation (5). Our
empirical results are similar Table 6, indicatimgtt when the most investors expect
future returns to be more bearish than bullishrdumarket decline periods, investor
sentiment affects bid-ask spread, market depthmamgtric depth and net buying

pressure all more significantly.

5. Conclusions

This study examines how bearish and bullish semtinaéfects equity liquidity
and investor trading behavior during subprime srigriod. Our study uses intraday
data to measure equity liquidity and investor ingdbehavior on the 2-index ETfs and
8 financial ETFs (which are divided into financeéctor, banking, brokerage, and
insurance groups). We use the proportional quopeelasl and market depth measure
of equity liquidity. In addition, we also measureséstor trading behavior using net
buying volume (volume dimension) and asymmetrictiléjimit order dimension). We
use direct measures of investor sentiment, Invgstotelligence (1) and American
Association of Individual investors (AAll), as agxy for the noise trader presence.

Our results show that a higher degree of bullisttiseent leads to a decrease in
the proportional quoted spread, an increase in ehadpth, asymmetric depth and net
buying pressure. These results indicate that stmobgllish sentiment improves equity

liquidity, supporting the theory of Baker and St¢#®©04). Further, we explore how

! These results are not reported here in ordent® saace, but are available upon request.

26



bearish and bullish sentiment impacts equity ligyidnd net buying volume equally.
Our results show that in the bearish sentimentodelinvestor sentiment has a more
significantly impact on proportional quoted spreathrket depth, asymmetric depth
and net buying pressure relative to bullish semimeeriod. Finally, we relax the
assumption that market conditions do not affectegtor sentiment and explore
whether funding constraint problem could increaseit|to arbitrage and lead to
asymmetric sentiment effect. Our results show thent the most investors expect
future returns to be more bearish than bullishraurmarket decline periods, investor
sentiment affects bid-ask spread, market depthmamtric depth and net buying
pressure all more significantly. These results alsply that investor funding
constraints play an important role in the asymmesentiment effect on equity
liquidity and investor trading behavior.

Our results also show thHthas more significant impacts than #h&ll sentiment
index. This could be due to that institutional isteg bullish and bearish expectations
release on the newsletters could have a higheratmpathe market participators. In
addition, most of financial ETFs yield more send#fiyi than index ETFs, since
financial industry has a more direct impact rekatte other industry in the subprime

crisis period.
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Appendix: Details of the Exchange-Traded Fund Data

Ticker Full Title of ETFs Exchange Observations Definition
Index ETFs
The index exchang-traded funds which track tl
SPY SPDR S&P 500 NYSEArca 504 <ep 500 Inde.
PowerShares The ind hangeaded funds which track tl
NasdadGM 504 e index exchangeaded funds which trac
QAR qq a Nasdai 100 Inde:.
Broad US Financial Sector
- ; The underlying index includes commercial
XLF EgggglgIPSDellqect Amex 504 investment banking and capital markets, divers
financial services, insurance and real es
iShares Dow The underlying index includes companies in
IYF Jones US NYSEArca 504 Banking, Nonlife insurance, Life insurance, Re
Financial Sector estate and General finance industry grc
Banking
The underlying index includes national moi
KBE KBW Bank ETF Amex 504 center banks and regional banking institutiongdi
on the US stock mkets.
KBW Regional An equal weighted index of geographically dive
KRE Banking ?ETF Amex 504 companies  representing  regional ~ banl
institutions listed oithe US stock marke.
Brokerage and Asset Management
; Companies providing a range of speciali
iShares Dow " - - "
financial services, such as securities brokers and
IAl %?gﬁgr%gélers NYSEArca 504 dealers, online brokers and securities or
commodities exchange
KBW Canpital Situated in the US capital market industry and
KCE Markets ETF Amex 504 includes broker dealers, asset managers, trust and
custody banks and a stock excha
Insurance
Situated in the insurance and publicly traded &
KBW Insurance US, including personal and commercial lines,
KIE ETF Amex S04 property/casualty, life insurance, reinsurance,
brokerage and financial guarantt
iShares Dow The underlying index includes companies in the
IAK Jones US NYSEArca 502 following Full line insurance, insurance brokers,
Insurance property and casualty insurance reinsurance and

life insurance industry groug
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Figure 1. Sentiment Index. This figure plots the time-series daily valuedlodnd
AAIl during the period from 1 January 2007 to 31 Decan2008.11 is Investor
Intelligence indicator and is collected by categioig approximately 150 market
newsletters each weelAll is American Association of Individual Investors
indicator and is released by the American Assamativhich asks each individual
investor where they expect the stock market wilirogix months.



Table 1 Descriptive statistics

Variables Mean Median S.D. Min. Max.
Panel A:Sentimer Index
I 0.85¢ 0.67: 0.51¢ 0.311 2.45(
AAlI 1.22¢ 1.06¢ 0.56: 0.407 2.95(
Panel B.Depender and Control Variable
Index ETFs
sP 0.021: 0.0227 0.008¢ 0.009¢ 0.100:
Depth 364.3% 270.7¢ 332.6¢ 24.2¢ 1803.2(
AsyDepth 1.006¢ 1.001( 0.097¢ 0.692: 1.781"
NetBuying 1.108¢ 1.034( 0.422¢ 0.004: 3.804(
Ret -0.001¢ -0.000: 0.027¢ -0.182¢ 0.145¢
LogV 18.9: 18.9: 0.5t 16.8¢ 20.5¢
VOL 0.012¢ 0.0097 0.010¢ 0.001¢ 0.0717
Financial Sector
sP 0.061° 0.047: 0.037¢ 0.026° 0.369(
Depth 106.7¢ 73.2¢ 101.2( 1.4¢ 521.67
AsyDepth 1.024¢ 1.000¢ 0.258: 0.359( 2.482¢
NetBuying 5.824¢ 1.065: 148.239. 0.011¢ 4691.190
Ret -0.002( -0.001¢ 0.031¢ -0.182¢ 0.145¢
LogV 15.67 16.11 2.92 9.01 20.5¢
VOL 0.019° 0.015: 0.017: 0.001: 0.140(
Banking
sP 0.123: 0.099: 0.074° 0.040: 0.757:
Depth 17.7¢ 15.8: 11.71 1.6¢ 88.7¢
AsyDepth 1.118¢ 0.968" 0.706" 0.098" 11.118t!
NetBuying 1.561: 1.124¢ 1.937: 0.011¢ 30.888¢
Ret -0.001¢ -0.001° 0.032:¢ -0.179: 0.158¢
LogV 14.2: 14.5: 1.4¢ 6.6¢ 17.31
VOL 0.021¢ 0.017¢ 0.018: 0.001: 0.138¢
Brokerage
sP 0.141: 0.111¢ 0.096¢ 0.054¢ 1.674¢
Depth 28.1¢ 22.32 21.27 1.91 118.1¢
AsyDepth 1.248: 1.023¢ 1.035° 0.064- 15.074:
NetBuying 1.371¢ 1.095¢ 1.460¢ 0.035: 25.230¢
Ret -0.001¢ -0.000¢ 0.032¢ -0.185¢ 0.140¢
LogV 13.1¢ 13.27% 1.22 9.6¢ 16.3:
VOL 0.021: 0.016¢ 0.017: 0.0027 0.124¢
Insurance
sP 0.341: 0.1947 0.452: 0.067" 4.537¢
Depth 30.4¢ 22.3¢ 27.2¢ 1.47 198.9¢
AsyDepth 1.003¢ 0.990: 0.311: 0.179: 4.534:
NetBuying 4.270¢ 1.352¢ 17.757¢ 0.004¢ 302.000!
Ret -0.001¢ -0.000: 0.028: -0.152: 0.187¢
LogV 10.4¢ 10.5(C 1.81 5.3( 14.7¢
VOL 0.015¢ 0.010( 0.017: 0.000: 0.145:

Notes. Panel A provides the descriptive statistics foe investor sentiment variables, and Panel B
provides the dependent and control variables, thighdata covering the period from January 1, 2007 t
December 31, 2008. In Panel Sentiment is measured byl and AAIl. Il is Investor Intelligence
indicator and is collected by categorizing apprately 150 market newsletters each weaRll is
American Association of Individual Investors indimaand is released by the American Association,
which asks each individual investor where they ekpee stock market will be in six months. In PaBel
Soread is the average daily percentage spread for EdrFdayt; Depth is the daily average of the market
depth for ETH on dayt; AsyDepth is the daily asymmetry depth for ETn dayt; NetBuying is the
daily percentage net buying pressure for EBR dayt; Ret is the daily return for ETFon dayt; V is the
daily trading volume for ETK on dayt; andVol is the daily Parkinson volatility for ETFon dayt. The

full sample represents the descriptive statistesults for 10 ETFs composed of two indices and 8
financial ETFs; the index ETFs represent the dptee statistics results for SPY and QQQQ index
ETFs; the financial sector represents the regragsisults for the broad U.S. financial sector grahp
banking represents the regression results for #8mkibg group; the brokerage represents the regressi
results for the brokerage and asset managemenp;grad the insurance represents the regressiolisresu
for the insurance group.



Table2 Effect of Bearish and Bullish Sentiment on Proportional Quoted Spread

Full Sample Index ETF Financial Sector Banking Brokerage Insurance

Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat.
Panel A: I
Bearish 0.023  3.33*** 0.001 2.46** 0.011 2.72%* 0.016 2.33* 0.039 5.00*** 0.094 3.43***
Bullish 0.023 154 0.001 0.38 0.009 1.73* 0.012 1.62 0.032  3.01*** 0.083 1.97*
Ret 0.223 2.75%* 0.002 0.40 -0.008 -0.46 0.059 1.24 0.122 2.12* 1.057 3.76%**
Vol 1.974 9.13%+* 0.130 3.03*** 0.393 6.22*** 0.762 5.29*** 1.159 6.73*** 1.436 1.99**
LogV -0.010 -4.34%* 0.001 -0.32 -0.005 -7.88*** -0.007 -5.52%** -0.008 -5.30*** 0.287 0.43
Spread,., 0.563 61.22** 0.546 20.31*** 0.593 19.31*** 0.496 18.05*** 0.409 14.25%* 0.603 24.20%***
Daort 0.077 5.58*** 0.002 2.64*** 0.002 0.37 0.029 3.27** 0.047  4.00*** 0.377 7.63***
c 0.179  4.29* 0.016 2.19* -0.008 -1.37 0.126  5.43** 0.131 6.42%* 0.020 0.30
Adj. R 0.40 0.52 0.63 0.46 0.53 0.66
Panel B: AAll
Bearish 0.016 2.60*** 0.001 2.28* 0.017 2.66*** 0.007 1.75* 0.016 2.63*** 0.036 1.96**
Bullish 0.014 1.04 0.001 1.29 0.011 1.91* 0.005 0.63 0.006 2.20** 0.063 1.56
Ret 0.248 3.05*** 0.002 0.5 -0.049 -0.96 0.061 1.25 0.230 3.49*** 1.052 3.73**
Vol 1.755  9.84%* 0.161 9.31*** 0.276 2.70*** 0.592 5.41** 1.834 11.54%** 2781 5.17%*
LogV -0.006 -2.86*** -0.001 -0.07 -0.006 -8.27*** -0.005 -4.16*** -0.004 -2.34* -0.103 -0.23
Spread,., 0.562 60.54*** 0.490 17.65*** 0.589 22.83*** 0.515 18.69*** 0.301 9.86*** 0.609 24 .45
Daort 0.101  7.84** 0.002  3.24*** 0.031  3.40*** 0.039  4.47** 0.102 8.73*** 0.396 8.58***
c 0.129 3.05*** 0.007 1.83* 0.100 8.21*** 0.099 4.55** 0.092  3.31*** 0.007 0.10
Adj. R 0.40 0.55 0.60 0.45 0.51 0.66

Notes: This table provides detalls of the eifects ofrimaand bullish sentiment on the Babk spread during the subprime crisis period. €geession model IS

Soread;; = a + BRet + BVl + BzLogVi, + B,pread;_ 1+ BPgort + B Pearish + S Bullish + &,

where the dependent variable is the daily %ercermt{;ead for ET.Fon_dayt, which is regressed on lagged Percentage spRed,ogV, Vol, the short-sales constraint dummy,
bearish and bullish sentiment variables gn ddyhe Sentiment var!able is thel on trading day (Panel A), and théAll on trading day (Panel B) Ret is the daily return for ETF
on datyt' Vol is the daily Parkinson volatility fof ETiFon dayt; V is the daily trading volumé for ETiFon dayt; D4, IS @ dummy variable that'equals 1 from.SeptemiefQ@08
to October 17, 2008, a period when the U.S. Seesrand Exchange Commission prohibited short siléeancial company stocks, and zero,otherw%r\mh is a dichotomous
variable_taking a Sentiment index, 1l and AAll, ftve day equal to"or greater tharabhdBullish is a dichotomous variable taking a sentiment indleaqd AAll, for the day of less
than 1. The full sample represents the regresasults for 10 ETFs comprising of two indices anth@8ncial ETFs; the index ETFs represent the resjpesresults for SPY and

Q index ETFs; the financial sector represergsréfyression results for the broad U.S. finanaata group; the banking represents the regressisuits for the bankin
group; the brokerage represents the regressiolisdésuthe brokerage and asset management grodphe insurance represents the regression résultse insurance group. We
use a panel data regression framework and perfoentHausman test on all of our empirical models. i@ no misspecification from the use of the randeffiects model; this
model is therefore selected for the estimationllobfaour empirical models. Thevalues examine whether the regression coeffigesignificantly different from zero. ***, **,
and * indicate significance at the 1%, 5%, and 109&ls, respectively.



Table3 Effect of Bearish and Bullish Sentiment on Market Depth

Full Sample Index ETF Financial Sector Banking Brokerage Insurance

Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat Coeff. t-stat. Coeff. t-stat.
Panel A: Il
Bearish -2.39  -4.35%** -2.06 -3.61*** -3.47 -3.18** -2.73  -3.04*** -2.88  -3.42%** -2.99 -3.06***
Bullish 215  -2.44* -1.95 -1.92* -2.56 -1.26 -2.42  -2.17* -3.43  -2.17** -241 -1.22
Vol -41.12 -2.93*** -1.10 -0.04 -33.83 -1.14 -54.13  -2.49* -47.39 -2.06*** -43.67 -1.18
LogV -0.43  -3.12%** 1.42 2.96%** -3.55 -9.56*** -0.44 -2.78** 0.39 1.47 28.40 1.32
Depthy., 0.82 123.78*** 0.73 33.68*** 0.54 24.80*** 0.82 65.81** 0.86 54.66*** 0.83 48.05***
Daort -0.26  -0.30 -1.00 -1.03 -0.98 -0.55 -0.18 -0.18 0.86 0.61 -0.58 -0.24
C 14.31 4. 78%** -21.33 -2.28** 52.90 9.94x* 1411  6.07*** 2.81 0.85 7.82  5.56%*
Adj. R? 0.74 0.58 0.62 0.81 0.85 0.77
Panel B: AAIl
Bearish -1.30 -2.63*** -1.79  -2.61%** -4.92 -2.85%** -1.06  -2.22** -1.64 -2.66*** -5.68 -2.59***
Bullish -1.04  -1.55 -1.12 -1.95* -1.89 -2.33** -0.81 -0.79 -1.58 -1.18 -3.69 -1.83*
\ol -72.42  -5.80*** -59.43 -2.37** -105.12 -3.82*** -102.94 -7.37%* -97.49 -5.31*** -98.25 -2.51**
LogV -0.36  -2.28* 1.71 3.67** -2.84 -9.60*** -0.40 -2.47** 12.31 2.42* 0.23 042
Depthy., 0.83 128.28*** 0.73 33.56*** 0.51 23.34%* 0.82 65.49*** 0.84 51.15%* 0.84 61.68***
Daort -0.45 -0.51 -0.86 -0.89 0.14 0.08 -0.22 -0.22 0.02 0.02 -3.31 -1.08
C 12.91 4.36*** -25.43 -2.86*** 51.08 9.89** 13.88 5.93%* 8.51 3.97*** 18.11 1.68*
Adj. R 0.74 0.58 0.62 0.81 0.85 0.76

Notes: This table provides details of the effects ofrisaand bullish sentiment on market depth durirgdubprime crisis period. The regression model is
Depth, = a + B\Vol;; + B,LogV;, + BDepth_1+ B, Dot + SsB€arish + 5 Bullish, + &,

where the dependent variable is the daily markpthdér ETF on dayt, which is regressed on lagged market deyth, LogV, the short-sales constraint dummy, bearish and
bullish sentiment variables on daylrheSentiment variable is thel on trading day (Panel A), and thdAll on trading day (Panel B) Vol is the daily Parkinson volatility for ETF

i on dayt; V is the daily trading volume for ETiFon dayt; D4t is @ dummy variable that equals 1 from SeptemideR@08 to October 17, 2008, a period when the Be8urities
and Exchange Commission prohibited short salemah€ial company stocks, and zero otherwBagrish is a dichotomous variable taking a Sentiment indlexnd AAll, for the
day equal to or greater thandndBullish is a dichotomous variable taking a sentiment indleand AAIlIl, for the day of less than 1. The fgthmple represents the regression
results for 10 ETFs comprising of two indices arfth@ncial ETFs; the index ETFs represent the &egjom results for SPY and QQQQ index ETFs; thenfired sector represents
the regression results for the broad U.S. finareakor group; the banking represents the regmessgults for the banking group; the brokerageasgmts the regression results
for the brokerage and asset management grouphandgurance represents the regression resultidansurance group. We use a panel data regrefsaimework and perform
the Hausman test on all of our empirical models.fié no misspecification from the use of the ramdeffects model; this model is therefore selectedte estimation of all of
our empirical models. Thevalues examine whether the regression coeffidestgnificantly different from zero. ***, ** and indicate significance at the 1%, 5%, and 10%
levels, respectively.



Table4 Effect of Bearish and Bullish Sentiment on Asymmetric Depth

Full Sample Index ETF Financial Sector Banking Brokerage Insurance

Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat.
Panel A: Il
Bearish -0.05 -2.41* -0.03 -3.50*** -0.08 -2.58*** -0.06 -2.28* -0.08 -2.45** -0.06 -2.44*
Bullish -0.03 -1.75* -0.03 -1.74* -0.07 -1.47 -0.04 -0.83 -0.08 -1.33 -0.06 -1.18
Ret, -0.05 -0.31 0.14 1.26 042 1.60 0.06 0.26 0.17 0.56 0.09 0.31
Vol 0.02 0.04 2.72 5.38** 225 2.65*** 229  3.02*** -0.37 -0.46 1.29 1.71*
LogV -0.01 -3.80*** -0.06 -7.45%** -0.02  -4.77%* -0.02  -3.49%* -0.02 -3.35%** -0.03  -4.17%*
AsyDepth,., 0.04 4.73*** 0.03 2.10** 0.03 1.31 0.05 3.07*** 0.02 1.05 0.03  3.43***
Dgnort -0.03 -0.98 -0.04 -2.30* 0.06 1.58 0.04 0.94 0.01 0.18 0.09 1.52
C 1.20 23.98** 2.16 14.05** 1.27 23.19*+* 1.28 12.59** 1.33 18.84** 1.31 16.22**
Adj. R 0.02 0.10 0.03 0.03 0.02 0.03
Panel B: AAlI
Bearish -0.04  -2.26* -0.02 -1.81* -0.03 -2.46** -0.10 -2.09** -0.22 -1.89* -0.04 -2.23*
Bullish -0.03 -0.78 -0.01 -0.53 -0.01 -0.33 -0.08 -1.32 -0.15 -1.30 -0.04 -1.17
Ret, , -1.18 -4.66*** -0.44 -2.93** -0.35 -1.87* -2.22  -4.26*** -2.32  -2.26** -0.08 -0.38
Vol 1.14 1.89* -0.38 -1.05 0.71 1.56 1.64 1.45 4.84 2.40% -0.21 -0.49
LogV -0.01 -0.78 -0.01 -2.84** -0.02 -2.78** -0.01 -0.40 0.02 0.83 -0.01 -1.78*
AsyDepthy., 0.03  4.46*** 0.03 2.09** 0.03 1.89* 0.08  3.04*** -0.10 -1.38 0.04 5.03***
Dgnort -0.21 -5.26*** -0.04 -1.53 -0.08 -2.56*** -0.32  -3.97%* -0.50 -3.01*** -0.04 -1.18
C 1.16 10.08*** 0.94 21.62** 1.20 10.70** 1.14 5.42%* 1.13  2.65*+* 1.12 19.82***
Adj. R 0.02 0.07 0.03 0.03 0.02 0.03

Note: This table provides details of the effects offisaand bullish sentiment on asymmetry depth @uiite subprime crisis period. The regression misdel
AsyDepth, = a + B RET, , + BVOL, + BLogV, + B,AsyDepth,_,+ B Dy, + S Bearish + B Bullish +¢,

The dependent variable is the daily asKmmet,ry deptiayt, which is regressed on Iagged asymmetry deptigelBET, VOL, LogV, the short-sales constraint dummy, bearish
and bullish sentiment variables on,da}F eSentiment variable is the| ontrading day (Panel A), and th@All on trading day (Pane1 B?Ret is the dal%y return for ETFoOn day
t; Vol is the daily Parkinson volatility for ETFon dayt; V is the dally trading volume for ETiFon dayt; Dg.ort IS @ dummy variable that equals 1 from Septemi@ei2008 to
October 17, 2008, a period when the U.S. Secumti@s Exchange Commission prohibited short sal@mahcial company Stocks, and zero otherwBegrish is a dichotomous
variable taking a Sentiment index, Il and AAll, the da equal fo or greater tharahdBullish is a dichotomous variable taking a sentiment indleand AAlI, for the day of less
than 1. The full sample represents the regresssults for 10 ETFs comprising of two indices anth8ncial ETFs; the index ETFs represent the resjpesresults for SPY and
QQQQ index ETFs; the financial sector represergsréigression results for the broad U.S. finanaatar group; the banking represents the regressigumts for the bankin
group; the brokerage represents the regressiolisdésuthe brokerage and asset management grodphe insurance represents the regression résultse insurance group. We
use a panel data regression framework and perfoentHausman test on all of our empirical models. i no misspecification from the use of the randeffiects model; this
model is therefore selected for the estimationllobfaour empirical models. Thevalues examine whether the regression coeffiggenignificantly different from zero. ***, **,
and * indicate significance at the 1%, 5%, and 1€9&ls, respectively.
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Table5 Effect of Bearish and Bullish Sentiment on Net Buying Pressure

Full Sample Index ETF Financial Sector Banking Brokerage Insurance

Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat.
Panel A: I
Bearish -0.67 -2.84*** -0.38 -1.83* -1.41  -2.78%* -0.56 -2.24* -0.75 -3.03*** -2.13 -1.90*
Bullish -0.56 -1.75* -0.54 -1.27 -0.96 -2.52* -0.50 -1.00 -0.59 -1.92* -3.24 -1.43
Ret, 321 1.55 2.32 0.89 059 0.21 3.88 1.38 2.65 1.30 0.50 0.04
Vol -6.08 -1.13 -0.38 -0.02 -14.19 -1.48 -13.35 -1.95* -5.37 -0.92 -33.17 -0.97
LogV 0.11 2.04* 0.66 5.01** 0.20 2.30* 0.30 0.75 0.13 2.18* 0.10 0.34
OIBNUM, 4 0.02 1.79* 0.15 3.50*** 0.26 1.83* 0.01 1.09 0.00 0.21 0.76  2.52**
Dagrort 0.33 0.95 0.13 0.35 0.13 0.30 0.39 0.86 0.16 0.46 1.33 0.63
C 3.73  5.74*** -9.94 -3.46*** 0.60 0.57 245  529%* 3.99 5.22%* 432 1.37
Adj. R? 0.02 0.04 0.04 0.02 0.03 0.02
Panel B: AAll
Bearish -0.34 -2.22* -0.27 -1.69* -0.56 -2.55* -0.42 -2.09* -0.22  -1.96** -2.41 -1.82*
Bullish -0.24 -0.71 -0.52 -1.48 -0.72 -1.54 -0.30 -0.69 -0.29 -1.19 -2.76  -0.94
Ret,; 3.11 151 1.78 0.73 1.30 0.46 3.58 1.28 431  2.94%* -0.76 -0.04
Vol -19.57 -4.66*** 22.66 -3.48%* -30.29 -4.47%* -21.70 -3.94%** -7.27  -2.44% -67.82 -1.94*
LogV -0.04 -0.73 0.89 6.06*** 0.22 2.45* 0.21 0.58 -0.06 -1.36 0.22 0.67
OIBNUM,; 0.02 1.79* 0.06 1.43 0.26 1.86* 0.01 0.99 0.00 -0.25 0.77 1.98*
Dgrort 0.32 0.98 0.06 0.16 0.27 0.59 0.23 0.53 0.13 0.53 1.33 0.46
C 3.13  4.53*** -13.71 -5.11%+* 0.53 0.51 2.77 5.55%** 2.66  4.52%* 541 141
Adj. R 0.02 0.04 0.04 0.02 0.02 0.02

Note This tabhe lprc_)wdes details of the effects of i@aand bullish senfiment on percentage Standeddiet buying volume during the subprime crisisiquer The
regression modetis: NetBuying, = a + BRET,_, + BVOL, + SB,LogV, + B ,NetBuying,_,+ 8Dy, + B Bearish + S Bullish + ¢,

The dependent variable_is the daily percentagéumghg pressure_at ddywhich is regressed on lagged percentage net yyissure, laggaeET, VOL, LogV, the short-sales
constraint dummyr, bearish and bullish sentimeniades on day. The Sentiment variable is thél on'trading day (Panel A), and th&All on trading day (Panel BP.Ret is the
daily return for ETH on dayt; Vol is the daily Parkinson volatility for ETiFon dayt; V is the daily trading volume for E iFon dayt; Dgy is @ dummy variable that equals 1
from September 17, 2008 to October 17,”2008, aogenhen the U.S. Securities and Exchange Commigsiohibited short sales of financial company stocksd zero
otherwise;Bearish is a dichotomous variable taking a Sentiment indexand AAll, for the day equal to or %reater thanand Bullish is a dichotomous variable taking a
sentiment index, |l and AAll, for the day of lesgmh I. The full sample represents the regressgultsefor 10 ETFs comprising of two indices andramcial ETFs; the indéx
ETFs represent the regression results for SPY a@?@mdex ETFs; the financial sector representsehesssion results for the broad U.S. financiataegroup; the banking
represents the regression results for the bankimgpg the brokerage represents the regressiortsdsulthe brokerage and asset management grodgharinsurance rﬁJresents
the regressign results for the insurance group. Us a panel data regression framework ag%ﬁperfhﬁnl—lausman test_on all”of our 'empirical models. fiid no
misspécification from the use of the random e ent:deu this model is therefore selected for thi ion of all of our empirical models. Thevalues examine whether the
regression coefficient is significantly differembi zero. ***, ** and * indicate significance ai¢ 1%, 5%, and 10% levels, réspectively.
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Table6 Effect of Bearish and Bullish Sentiment on liquidity and trading behavior conditioned by positive/negative return

Full Sample Index ETF Financial Sector Banking Brokerage Insurance
Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat.

Panel A: Quote Spread

Bearishll_Negative 0.029 3.92%* 0.002 2.79%* 0.011 2.80** 0.019 2.61** 0.042 5.10%** 0.093 2.77%*

Bearichll_Positive 0.017 2.30* 0.001 2.16** 0.011 2.40* 0.012 1.74* 0.034  4.05*** 0.074 2.27*
Bullishll_Negative 0.026 1.69* 0.001 1.21 0.008 1.70* 0.009 1.88* 0.028  3.14%* 0.092 1.38
Bullishll_Positive 0.021 1.35 0.001 0.28 0.009 1.71* 0.014 1.09 0.036  2.40** 0.083 1.20
Adj-R’ 0.40 057 0.63 0.46 0.52 0.66
BearishAAIl_Negative 0.018 2.71%* 0.001 2.48* 0.008 2.82** 0.008 2.05** 0.030 3.99%** 0.023 1.98*
BearishAAIl_Positive 0.013 1.88* 0.001 0.69 0.005 2.44* 0.002 0.43 0.003 0.73 0.014 1.08
BullishAAIl_Negative 0.016 1.28 0.001 1.08 0.006 1.34 0.001 0.14 0.004 0.51 0.011 0.38
BullishAAll_Positive 0.006 0.42 0.001 0.66 0.006 1.84* 0.007 0.72 0.008 2.82** 0.007 0.26
Adj-R’ 0.40 0.55 0.56 0.45 0.52 0.66
Panel B: Market Depth

Bearishll_Negative -2.92  -4.48%* -2.54 -3.56%** -3.98 -3.37%* -3.51 -3.06*** -2.99 -3.39%* -4.01 -3.06**

Bearishll_Postive -1.92  -3.67%* -2.00 -3.33%* -3.16  -2.78** -2.22  -2.67% -2.84  -3.12%* -2.86 -2.56%**
Bullishll_Negative -2.37  -2.88%* -2.00 -2.20* -299 -1.38 -2.50 -2.71%* -4.41 -2.69%* -1.41 -0.67
Bullishll_Positive -1.66 -1.57 -1.66 -1.47 -2.52 -1.18 -1.38 -1.01 -2.00 -1.18 -3.28 -1.78*
Adj-R’ 0.74 0.58 0.61 0.81 0.85 0.77
BearishAAIl_Negative -1.55 -2.64** 0.46 -2.62%* -6.15 -3.36*** -1.13  -2.34* -1.78  -2.60*** -6.17 -2.61**
BearishAAIl_Positive -0.80 -1.79* 0.45 -2.36* -2.07 -2.17* -0.53 -0.97 -1.08 -1.44 -5.00 -2.18*
BullishAAIl_Negative -1.05 -1.77* 0.87 -2.58%* -1.98 -2.41* -1.00 -0.93 -1.61 -1.26 -3.78 -1.84*
BullishAAIl_Positive -0.54 -0.58 1.00 -0.88 -3.43 -1.76* 0.19 0.17 -0.38 -0.25 -3.49 -1.50
Adj-R’ 0.74 0.58 0.62 0.81 0.85 0.76
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Table 6 (Continue) Effect of Bearish and Bullish Sentiment on liquidity and trading behavior conditioned by positive/negative return

Full Sample Index ETF Financial Sector Banking Brokerage Insurance
Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat.

Panel C:Asymmetric Depth

Bearishll_Negative -0.05 -2.29** -0.04 -3.51*** -0.08 -2.61*** -0.07 -2.37* -0.14  -2.68*** -0.10 -2.39**

Bearishll_Positive -0.03 -1.81* -0.03 -2.58*** -0.07 -2.25** -0.06 -2.22** -0.06 -1.60 -0.05 -1.79*
Bullishll_Negative -0.04 -1.31 -0.02 -0.85 -0.06 -1.08 -0.04 -0.87 -0.07 -0.88 -0.05 -0.81
Bullishll_Postive -0.03 -1.73* -0.03 -2.10** -0.08 -151 -0.05 -0.98 -0.10 -1.74* -0.07 -1.59
Adj-Rz 0.02 0.10 0.03 0.03 0.02 0.03
BearishAAIl_Negative -0.06 -3.04*** -0.02 -1.86* -0.03  -2.48** -0.10 -2.42* -0.28 -1.78* -0.04 -2.52**
BearishAAIl _Positive -0.04 -2.38** -0.02 -1.55 -0.03 -2.07** -0.03 -0.90 -0.15 -1.75* -0.03 -2.13**
BullishAAIl_Negative 0.01 -0.04 0.01 0.31 0.01 0.03 -0.04 -0.55 -0.15 -0.89 -0.04 -1.23
BullishAAll_Positive -0.07 -1.56 -0.04 -151 -0.02 -0.77 -0.11  -1.23 -0.16 -1.51 -0.03 -0.91
Adj-R2 0.02 0.07 0.03 0.04 0.02 0.03
Panel D: Net Buying Pressure

Bearishll_Negative -0.73  -2.67** -0.74 -2.05** -1.56 -2.82*** -0.56 -2.10** -0.91 -3.12%** -3.58 -1.89*

Bearishll_Postive -0.60 -2.66*** -0.35 -1.60 -0.92 -2.50** -0.56 -2.08** -0.57 -3.00*** -3.33 -1.80*
Bullishll_Negative -0.55 -1.82* -0.47 -1.60 -1.01  -2.65*** -0.54 -1.07 -0.62 -2.24** -2.29 -1.36
Bullishll_Positive -0.57 -1.44 -0.43 -0.98 -1.27  -2.17** -0.39 -0.70 -0.73 -1.77* -2.31 -1.43
Adj-RZ 0.02 0.04 0.04 0.02 0.03 0.02
BearishAAIl_Negative -0.33  -2.14** -0.39 -2.22** -0.62 -2.71*** -0.45 -2.05** -0.28 -2.34** -290 -1.93*
BearishAAIl_Postive -0.35 -2.00** -0.20 -1.22 -0.48 -2.04** -0.42 -2.01** -0.16 -1.37 -2.29 -1.70*
BullishAAIl_Negative -0.30 -0.87 -0.56 -1.54 -0.73 -1.49 -0.41 -0.90 -0.33 -1.24 -4.47 -1.40
BullishAAIl_Positive -0.13 -0.35 -0.56 -1.43 -0.71 -1.41 -0.19 -0.37 -0.29 -1.12 -1.66 -0.53
Adj-RZ 0.02 0.05 0.04 0.02 0.03 0.02

Note: This table provides details of the effects ofriaand bullish sentiment conditioned by positarel negative return on proportional quoted spresket depth,

asymmetric depth, and percentage standardizeduggtdovolume. The regression model is:

Soread;; = a + S Ret;, + BNOl,;, + BLogV,; + B,read; 1+ Pyt T B Bearish Negative _ + S Bearish Postive _ 1+ S Bullish, Negative,_ i+ £ Bullish, Postive_ i &;

Depth, = a + B\Vol;; + B,LogV;, + B:Depth; 1+ B Dyt + FsBearish Negative _ + £ Bearish Postive _ ;+ 8 Bullish Negative,_ + £ Bullish Postive_ i &

AsyDepth, = a + B RET,_, + fVOL, + S,LogV, + B,AsyDepth,_,+ 8Dy, + B Bearish Negative_ ,+ S Bearish Postive_ .+ £ Bullish Negative_ + 8 Bullish Postive_ i ¢,
NetBuying, = a + B RET,_, + BVOL, + B,LogV, + B ,NetBuying,_,+ 8Dy, + B Bearish Negative_,+ 5 Bearish Postive,_ + B Bullish Negative_ + £ Bullish Postive_ i+ &,
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In Panel A, the dependent variable is the daily}cgetage spread at daywhich is regressed on lagged percentage spRedlogV, Vol, the short-sales constraint
dummy, BearishNegative, BearishPositive, Bullish&teg and BullishPositive sentiment variables oy ddn Panel B, the dependent variable is the dadyket depth
at dayt, which is regressed on lagged market deyth, LogV, the short-sales constraint dummy, BearishNegaBearishPositive, BullishNegative and BullishPiesit
sentiment variables on dayin Panel C, the dependent variable is the dayyrametric depth at day which is regressed on lagged asymmetry deptheBET, VOL,
LogV, the short-sales constraint dummy, BearishNegaBearishPositive, BullishNegative and BullishPiesitsentiment variables on dayln Panel D, the dependent
variable is the daily percentage net buying pressirdayt, which is regressed on lagged percentage net puyyiessure, laggeBRET, VOL, LogV, the short-sales
constraint dummy, BearishNegative, BearishPositBellishNegative and BullishPositive sentiment aies on day. Bearish is a dichotomous variable taking a
Sentiment index, I andAAlI, for the day equal to or greater tharBlllish is a dichotomous variable takingSentiment index, II andAAll, for the day of less than 1.
Positive (Negative) takes the value of unity if lagged one weekly EERurn is higher than zero (equal to or smallentzero), and zero otherwise. The full sample
represents the regression results for 10 ETFs asimgrof two indices and 8 financial ETFs; the iRd€TFs represent the regression results for SPYQROQ index
ETFs; the financial sector represents the regressisults for the broad U.S. financial sector grabp banking represents the regression resultthéobanking group;
the brokerage represents the regression resulthddirokerage and asset management group; amdstirance represents the regression results fanstueance group.
We use a panel data regression framework and petfoe Hausman test on all of our empirical mod@ls. find no misspecification from the use of thedam effects
model; this model is therefore selected for tharesdton of all of our empirical models. The&alues examine whether the regression coeffidggestgnificantly different
from zero. ***, ** and * indicate significance #élhe 1%, 5%, and 10% levels, respectively.
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