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Abstract

Jaroslav Bukovina: Sentiment of a society and large-cap stock liquidity.

The impact of sentiment in the sample of small and young companies due to higher transaction and
information costs is a generally agreed notion. On the contrary, such impact is less likely in the
sample of large-cap stock companies. However, this paper goes beyond this notion and shows that
we can study the influence of sentiment even at the level of large-cap companies due to the
following reasons. Firstly, the paper is unique by employment of social media Facebook data as a
proxy for the sentiment of a society related to the individual corporation. Such data have a potential
to provide deeper insights in a society's behavior. Secondly, the author proposes the volume of trade
or liquidity as a variable which incorporates sentiment in a society better than stock returns.
Empirical results confirm this prediction. Overall, the paper shows the existence of the negative link

between sentiment in the society and volume of trade at the level of large-cap corporations.
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1 Introduction

The analysis of a society's behavior and its impact on capital markets belongs among rapidly growing
fields of research. One of the reasons is technological development which makes new data available.
Specifically, data mining methods (Pang & Lee, 2008; Liu, 2012) have been suggested for studying the
society’s behavior on the basis of news in the standard media and activities of people at social
networks. These so-called “big data” are known as proxies for a society sentiment and an increasing
number of papers (Sprenger & Welpe, 2010; Bollen et al., 2011; Mao et al., 2011; Oliveira et al.,
2013) make use of such data to better explain the capital market or the stock price behavior. This
research is based on a framework of behavioral finance which challenges the notion of efficient
markets and considers factors like animal spirits, the mood of a society (Shiller, 1984; Prechter 1999,
2003; Nofsinger, 2005) or investor sentiment (Baker & Wurgler, 2007) to be important for market

volatility.

This paper employs data from social media and the framework of behavioral finance but it puts a
strong emphasis on the relationship between stock liquidity and sentiment and not on that between
stock prices and sentiment. The choice of this relationship is based on a specific sample of companies
analyzed in this paper. To be more specific, the paper studies the link between sentiment and large
cap corporations so-called the blue-chip companies or the bond-like stocks. An analysis of this link is
hard to be found in the scholarly literature because these are stable large companies which have a
long history of providing information about earnings and dividends. Therefore, an estimation of the
fundamental value is easy due to the availability of information in comparison to small, young and
non-dividend paying companies which do not provide such rich data. Consequently, the influence of
sentiment is likely to be less significant in a sample of bond-like stocks but it is likely to be
disproportionately higher in small and young companies (Glushkov, 2005; Baker & Wurgler, 2006,
2007; Baker et al., 2012). However, this paper goes beyond this notion and shows that we can study
the influence of sentiment even at the level of large-cap companies due to following reasons. Firstly,
this paper employs unique data of Facebook activity which have a potential to better reflect the
social mood or society’s sentiment. Secondly, it recommends liquidity relating to blue-chip
companies as a variable which better reflects social mood in comparison to stock prices. The

empirical results below seem to confirm this hypothesis.

The second part of the paper describes the main theoretical framework which contains the research
relating to stock liquidity, “transmission mechanism” from social media to retail investors and

suitability of social media such as Facebook to be a proxy for the sentiment of a society. The third



part presents the methodology and the data. The fourth part gives the results and the last part sums

up the conclusions.

2 Literature Review

2.1 Market liquidity and sentiment

Stock liquidity is considered an important factor influencing stock returns. Amihud (2002) or Jones
(2002) state that stock market liquidity predicts market returns. Pastor & Stambaugh (2003) or
Acharya & Pedersen (2005) show that market liquidity variation is a priced risk factor. However, only
a few studies analyze determinants of stock liquidity (Chordia et al., 2001, 2005; Breen et al., 2002)
and even fewer ones consider sentiment to be a factor influencing market liquidity. Baker & Stein
(2004) or Baker & Wurgler (2006, 2007) hypothesize about a link between sentiment and liquidity
but provide no empirical testing. Only a recent study by Liu (2015) examines the relationship
between sentiment and stock liquidity more deeply. This paper therefore enhances the insufficient
research in this field and to the author's knowledge, it is the first one which employs the sentiment

of the society proxied by the social media data in the context of market liquidity.

The rationale of the link between sentiment and liquidity is based on the framework of behavioral
finance, especially on the existence of noise traders or less rational investors. This paper
hypothesizes that portfolios of little investors also contain large-cap stocks. This is based on the
following argumentation. First, the information costs are lower. Blue-chip companies provide richer
information in contrast to small or new companies, and retail investors have limited resources to
perform a deep research. The second reason is the existence of biases like the availability bias
(Tversky & Kahneman, 1973) or the familiarity bias (Barber & Odean, 2011). Simply said, large-cap
companies are well known in the society due to their intense marketing activities and a high media
attention. Therefore, investors can be prone to add them to portfolios because they feel more
familiar with them. The last reason is the lower transaction costs expressed as the lower bid-ask
spread due to higher liquidity. To sum up, | put forward a hypothesis that even large-cap stocks can
be influenced by social activities, especially by the activities of noise traders or retail investors. Quite
an extensive research (Barberis & Thaler, 2003; Baker & Wurgler, 2007; Barber & Odean, 2011)
implies that these “less-rational” groups of investors are prone to behave according to social mood,
sentiment and various biases. In addition, even rational investors can contribute to the impact of
sentiment. One can profit from the activities of noise traders because of predicting them in advance.
Such an in advance trading may shift stock prices even further from the fundamental levels (De Long

et al. 1990). In addition, we need to keep in mind that the volume of trade achieved by retail



investors is considerably smaller in comparison to that achieved by the big institutional ones. In liquid
markets, particularly, the price of stocks is given to small investors by the market and they are not
able to influence it due to their small volumes. On the contrary, liquidity may reflect even marginal
changes in volumes caused by trading of individual investors and this paper recommends liquidity as

a suitable variable which incorporates the sentiment of the society towards large-cap companies.

2.2 The transmission mechanism from sentiment of a society to stock liquidity

The link between society’s behavior and stock prices was previously studied by Da et al. (2011) and
Ding & Hou (2015) who examine the retail investors' attention based on the search volume index
data (SVI) provided by Google. Their argumentation is based on the demand of retail investors for

information about stock prices while looking for them with the Google web browser.

The argument of this paper is based on a reaction of the society to information about a specific
company. The reaction of the society is represented by the Facebook activity because every well-
known company has a Facebook profile where users, the so-called “followers”, react to the
information provided by the company or other users. Large-cap companies have millions of followers
and the paper considers them to be representatives of the society expressing the current perception
of a particular company. Such information as the perception of the society or the social mood can be
misunderstood as signals by retail investors or noise-traders because they are less rational. The

consequent trading influences the volume of trade.

2.3 Facebook activity as a proxy for sentiment

Kietzmann et al. (2011) explain the main building blocks of social media. In the context of this paper,
the most important building block is “Relationship”. Basically, it describes the association between
the firm and an individual user. This relationship starts with the single user, who click on the “like”
button on the Facebook profile of a company. The “Like” of the user express his/her preferences to
be in a relationship with the company and share/receive information from other users or that
particular company. The preferences of users to be in a relationship with the company are shaped by
many factors like marketing and the brand name of the company, or factors like the social status of
users. This paper does not study them but the author considers the formation of users' preferences
to be a random process. The next important fact to be considered is that the Facebook users are
ordinary people who represent the current perception of the company in the society. There is no
financial or investing forum where users discuss the current stock price movements, company
fundamentals or trading recommendations. People only express (by “likes” or comments) what they

dis/like about the information shared by the company or other users. Therefore, the social activities



on the Facebook can be described with the term “sentiment”. In a model construction, it is assumed
as an exogenous variable without a relation to the stock market. Of course, the situation like a new
product release can influence the stock price as well as Facebook activity. In the model, such a
situation is controlled by the variable news, which represents the specific news for every single

company during the studied period.

3  Methodology

The methodology of this paper involves the quantile regression in the environment of panel data.
The panel quantile regression (Koenker, 2004; Galvao, 2008; Lamarche, 2010) has been applied due
to the following reasons. The primary advantage, in a comparison to standard regression, is the
ability to explore the full spectrum of the conditional quantile, not only mean estimates. Therefore, it
shows different variations in the behavior of modelled variables. This method increases the
robustness of results because the data of stock returns can contain extreme values or a non-Gaussian
distribution. This method can decrease the impact of outliers and the existence of fat-tailed error
distribution. The employment of quantile regression in the environment of panel data is often a
challenging issue. However, in this paper, the author applies a simple pooled quantile regression
because the data do not contain unobserved (fixed) effects as they were transformed to the first
differences which wipe out the fixed effects. This transformation accounts for a serial correlation in
the data and it is a condition for employing the pooled quantile regression as well. The general model

for the given quantile 0 < t < 1 is defined as follows:

Quant,(yilxy) = a(t) + x;:f(r); i=1,..,N;t =1,..,T; (1)

where y;; is a dependent variable, a is an intercept, X;; is a regressor and f3 its estimate for the given

quantile. Both the intercept and the slope depend on the quantile .

3.1 Data

The paper examines 47 publicly traded companies that are among the 100 biggest companies in the
world measured by the market capitalization. The examined period is 12 months. The sample of 47
companies is given by a benchmark which represents the amount of “likes” on the Facebook profile
of a company. This benchmark is a median value. Three companies are not included in the analysis
due to changes in their profiles and an insufficient amount of data. The number of “likes” represents
the relative number of followers (people who follow the activities of individual firms) and the “like”
of a user in a company’s profile expresses his/her attitude thus forming a relationship between

him/her and the company. The benchmark diminishes the danger that social activity at Facebook



reflect only activities of a few thousands of followers, which would not be a proper representation of
the society. The companies in the studied samples have millions of followers. Four companies are

traded in Europe, one in Asia and 43 companies can be found on the US market.

The data of financial variables (stock returns, the trading volume and the news volume) have been
collected from the Yahoo! Finance. The news data represent the media coverage of the dominant
part of the market because the Yahoo! Finance summarizes on its web the company news from
several sources like Bloomberg, Thomson Reuters or Forbes, to mention only a few. The data of the
Capital Market Index are provided by Google Finance. The Capital Market Index (CPMKTS) covers
approximately 9,500 instruments, not only securities but also the fixed income and the money
market. It is applied to the model as a representation of the US economy instead of the stock index
like the S&P 500 because the analyzed sample represents the dominant variation and the weight of
the S&P 500. The data of the Facebook activity were downloaded from Fanpage Karma'. These data
represent only the volume of activity and not the qualitative distinction between positive and
negative activity. Therefore the data transformation from the qualitative values to the quantitative
ones as proposed by Kapounek & Lacina (2011) was not employed. The original data are daily values
that are transformed to logarithms and then to first differences. The missing data of the market
variables during weekends and holidays have been calculated by linear interpolation. The studied

data are in the balanced panel with 16,243 daily observations.

3.2 Model

This paper provides estimates of two models. The first model (Model I.) is considered to be the main
model of this paper. The dependent variable in the first model is the volume of trade. The second
model employs daily stock returns as a dependent variable. The second model (Model 1l.) and its
results are shown in the appendix. The objective of these two models is to recommend liquidity as a
variable which will better reflect the sentiment of the society relating to large-cap companies in

comparison to stock price.

3.2.1 Modell.

..... 12 1 & (2)

where lig;; is the liquidity or the volume of trade relating to a specific company, a is the model

ligiy = a + ligyy—4 + indy + news;, + sent; +dy 5+ Dy

constant, lig;;_q is the lagged volume of trade, ind;; is the Capital Market Index applied to a sample
of US companies - for European and Asian companies this variable covers the national stock indexes,
news;; covers the daily amount of news about the given company, sent;; represents the Facebook

activity relating to a particular firm, dummies d; s represent the level of the company

! FanPage Karma website is available at http://www.fanpagekarma.com/



communication on the Facebook (how active is company on its Facebook profile). Levels® are defined

7

as: “lazy”, “occasiona

I 77 “” Y A4
7

regular”, “often”, “lot”, where “lazy” means almost no activity and “/ot”
means an excessive activity. Dummies D; 1, represent unobserved time effects, one dummy being

for one month, and &;; is an error term.

In the model construction, the author follows the theory that blue-chip companies should
predominantly reflect the fundamentals. However, as daily data are used in the analysis, the
standard fundamentals data like earnings or dividends are not available. On the contrary, sentiment
is considered as a short run factor, and therefore intraday or daily data are appropriate. Therefore,
the author applies the lagged volume of trade (lig;;) which incorporates all past information,
especially most recent changes in the fundamentals and investor behavior. Variable ind;; is the
Capital Market Index (CPMKTS) as a representantive of the US economy, and for the European and
Asian markets the national stock indices have been applied. Therefore, variable ind;; represents the
current economic condition of the country, which is a very important fundamental. Variable
news;; covers the daily amount of news relating to the given firm. It also covers fundamentals like
earning report releases, but its primary objective is to control the impact of information which can
influence the stock price as well as Facebook activity. For example, the release of a new iPhone
would influence investors and their investment decisions about the Apple stocks, and people on the
Facebook will definitely talk about this release as well. The variable of interest, sent;;, covers the
sentiment of the society. Five dummies (d; __s) capture the potential impact of a company’s behavior
on activities of users of a Facebook profile. In general, it can be understood as the level of marketing
activities. This variable can provide some answers to the company’s success in influencing users.
Variables D; ;, are time dummies which cover potential unobserved changes relating to the

studied sample during the analyzed period.

4  Results

The lagged value of volume of trade (lig;;_q) is significant as it may be expected due to a dynamic
nature of this relationship. The variable of Capital market index (ind;;) is significant with negative
impact. In general, this index represents market liquidity levels and current high levels show the
“ease” in the markets. Therefore, the negative sign can be explained as the transfer of investors from
large-cap and less risky stocks to more risky and profitable instruments. An interesting result is
provided by variable news;;, which is significant only in Q10-Q50. In addition, Figure 1. clearly shows
that Q10-Q50 are the estimates with positive impact and quantiles from Q60 to Q90 are in negative
levels but not significant. The variable of interest news;; is statistically significant with negative

impact in every quantile. In reality it means the decrease in the volume of trade due to negative



sentiment of society related to the specific company/ies. The value of the coefficient is marginal,
therefore the impact is very small but this result supports the fact that the volume of trade provided
by retail investors is small. Dummy variables of a company’s activities on Facebook (d; _ s) are in
most cases insignificant. Therefore, there is no clear pattern relevant to generalization of results
about the company’s influence of the perception of users. Time effects dummy variables (D; _;,) are

insignificant as well and they are not shown in Table 1.

Model |. - Quantile Estimates
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Figure 1. Quantile estimates of Model I.

Source: The author’s estimates. Computed by Stata.

Notes: Figure 1 is divided into 9 charts (intercept and 8 regressors). Each chart has the following
parts: The horizontal line shows the quantiles T ranging from 0.1 to 0.9. The vertical scale indicates
the covariate effect and includes the name of a variable according to Model I. The dashed line in the
middle and two dotted lines represent conventional 90 percent confidence interval for the standard
least square estimate. The dark gray line represents the quantile regression estimates and the gray
area is the confidence interval of estimates.



Table 1: Quantile estimates of Model I.

ligie Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90
" ABAA***  ABBA***  AQAT***  4O3TF**  4OB3*F*X  AQES**F*  5O2F**K  5OEQERI*  5104***
Gie1 (49.28) (56.16) (54.34) (62.64) (25.53) (68.77) (76.84) (63.87) (62.71)
g -3.789% %% _4.108***  -4.036%**  -4.299%** 3 J57R** 3 J77HRx 3 3Q4%k* ) AR**k ] (073*
t (-3.23) (-5.67) (-5.86) (-6.87) (-5.85) (-5.55) (-5.65) (-2.91) (-1.71)
ows. 0152%%*  0146***  0106***  .0067***  .0032* .0001 -.0006 -0035*  .0002
t (6.10) (7.12) (5.75) (4.54) (1.94) (.02) (-.37) (-1.77) (.06)
cont -0012*  -.0012*** -0010**  -0009*** -0009*** -0008*  -.0008**  -.0014*** -(0031***
t (-1.94) (-2.64) (-2.35) (-2.94) (-2.68) (-1.96).  (-2.24) (-2.93) (-4.06)
g .0375** 0148 .0092 0117 .0022 .0036 -.0142 -.0304%** - 0388**
lot (2.53) (1.46) (1.20) (1.46) (.00) (.42) (-1.61) (-2.67) (-2.50)
g .0225** 0079 .0072 .0073 .0016 -.0035 -.0133 -.0118 -.0289**
reg (2.30) (.85) (1.17) (1.70) (.00) (-.46) (-1.56) (-1.18) (-2.15)
g .0039 -.0009 -.0016 .0042 .0056 .0056 -.0056 -.0025 -.0136
(.35) (-.10) (-.27) (.63) (.00) (.74) (-.64) (-.26) (-1.02)
g .0345%**  0201* .0166 .0096 .0036 -.0025 -0186**  -.0278*** - 0527***
laz (3.2) (1.96) (2.76) (1.43) (.00) (-.32) (-2.11) (-2.67) (-3.76)
cons -2369%** - 1457*** - (0889%** - 0484*** - 0076 (0343%%%  0893%**  1471%**  543*xx
(-23.39)  (-16.83)  (-17.53)  (-8.00) (.00) (4.94) (11.24) (16.12) (20.14)
PseudoR? .37 34 32 31 31 32 34 36 39

Source: The author’s estimates. Computed by Stata.

Notes: 500 bootstrap replications have been applied. The significance level: ***/**/* of coefficients is 1/5/10%, respectively.
The values of t-statistics are in parentheses. The number of observations is 16,243.



5 Discussion

As mentioned in the literature review, the only study which deeply analyzes the relationship
between liquidity and sentiment is Liu (2015) which shows that investor sentiment increases stock
market liquidity. The results of this paper are in opposition to Liu (2015) because a higher level of
Facebook activity is accompanied with a decrease in the volume of trade. The author considers these
differences to result from a discrepancy in the used methodologies. Liu (2015) employs a broader
sentiment index relating to the stock market. On the contrary, this study is aimed at a firm level data

sample containing only large-cap companies.

The negative relationship between the sentiment of society and liquidity given in the above results is
in line with papers by Kahneman & Tversky, (1979), De Bondt & Thaler, (1985), Tetlock (2007),
Tetlock et al. (2008) and Da et al. (2011) who suggest negative events to be more influential.
Therefore, we can assume the sentiment of society represented by Facebook activity forms at higher
levels when users discuss the negative issues related to the specific company or when negative

information has a bigger impact.

The results of this paper agree with a paper by Baker & Wurgler (2007) who argue that in the case of
large-cap or blue-chip companies the impact of sentiment is likely to be less influential. According to
Model I., sent;; is significant in every quantile but the value of the coefficient is marginal. In addition,
the Model II., shown in the appendix, presents the influence of sent;;for stock prices to be significant

only in Q10.

Both models of the paper provide interesting results related to variables news;; and sent;;. This is a
unique combination of variables (news;; and sent;;) in one model because the previous research
studied these factors independently. Hayo & Kutan (2002), Green (2004) and Parker (2007) study
media coverage and their impact on capital markets only. On the contrary, Bollen et al. (2011),
Sprenger & Welpe (2011) or Oliveira et al. (2013) are focused on sentiment or social mood of society
proxied by social media only. This paper shows that the variable news;; is related to positive impact
on liquidity based on Model | and on stock prices based on Model Il. On the contrary, sent;; shows
the negative influence only. These differences are a motivation for further research focusing on a
better understanding the differences in the formation of perception of the society influenced by

media coverage and social activities.

The main contribution of the above mentioned results is the argument that the research of

sentiment in capital markets predominantly focused on prices should be extended to other market



variables as well. To be more specific, despite the non-existence of a link between sentiment and
stock prices, liquidity is a plausible variable which shows the existence of a social mood or sentiment
of society in relation to blue-chip companies. However, this argument has to be understood also in
the opposite manner. Despite the social media potential, the information about the behavior of
society does not provide better insights. Therefore, investors trying to better estimate the future
stock price should treat the social media data more carefully at least in the sample of large-cap
companies. Such argumentation is in contrast to papers like Bollen et al. (2011) or Oliveira et al.
(2013) who suggest the social media to be a new sentiment indicator helpful for explaning stock
prices or capital market movements. However, further research in this field is still needed due to
limitations of this paper, e.g. employing the Facebook activity data expressed as quantity and not as
quality. New insights even in the sample of large-cap companies can be provided by the qualitative
distinction between positive and negative activities in the society. Valuable research would be
definitely accomplished on a bigger sample of companies employing data from social media.
However, such research is challenging due to insufficient activities of users in relation to smaller

companies. The employment of more social media sources is a possible solution for such a challenge.

6 Conclusion

The paper studies the link between sentiment of the society and large-cap companies. Further, it
contributes to the research of the behavior of society based on social media data. The results show
that stock prices of large-cap companies do not reflect the influence of sentiment. However, this
result was expected because large-cap companies should be driven close to fundamental values by
rational arbitrageurs who are not responsive to factors like social mood. Therefore, this paper
hypothesizes that liquidity or volume of trade are plausible variables which incorporate the impact of
sentiment due to retail investors’ trading. Retail investors by nature hold low volumes of capital and
this is the reason why the reflection of their trading in stock prices is not much likely. Empirical
testing confirms this prediction and shows sentiment to be significant but with a negative impact.
However, this result is in line with the research by Kahneman & Tversky (1979), De Bondt & Thaler
(1985), Tetlock (2007), Tetlock et al. (2008), Da et al. (2011) who show a bigger impact of negative
events. In summary, the paper argues that research concerning sentiment and capital markets
should also be extended to other market variables than stock prices. However, despite the potential
of social media data, investors should primarily treat liquidity at the level of blue-chip companies

when looking for a source providing information about the behavior of the society.
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Appendix

Model IlI.

rety = a +rety_q +indy + lig;; + news;, + senty +dy s+ Dy 14 + &, (3)

ret;; is the daily stock return, a is the model constant, ret;;_; is the lagged return, ind;; is Capital
market index (CPMKTS), lig;; is the volume of trade, news;; is the media coverage for the given firm
(daily amount of news), sent;; is the sentiment of society relating to the given company, dummies
d; . s represent the level of the company communication on Facebook (whether the company is

4 “”

active on its Facebook profile). The levels are defined as: “lazy”, “occasiona

I”, “regular”, “often”,
“lot”. Where “lazy” represents almost no activity, “lot” means an excessive activity. Dummies D; 4,

represent unobserved time effects, one dummy for one month, and €;; is an error term.

This model is based on the same motivation as Model I. The lagged return (ret;;_1) is employed due
to the nature of dynamic relationships on capital markets. Further, blue-chip companies are driven
predominantly by fundamentals at the level of companies or the economy as well. However, an
analysis of the short run period requires proxies for fundamentals like volume of trade (lig;;) at the
level of a company, and market indices (ind;;) at the level of the economy. The variable
news;, covers the daily amount of news concernig a given firm. This variable covers also
fundamentals like earning report releases but its primary objective is to control for the impact of
information which can influence the stock price as well as Facebook activity. The variable of interest,
sent;; covers the sentiment of the society. Five dummies (d; _s) capture the potential impact of a
company’s behavior on activities of users on its Facebook profile. In general, it can be understood as
a level of marketing activity. This variable can show answers about the company’s influence of users’
perception. Variables D; i, are time dummies which cover potential unobserved changes

concerning the studied sample during the analyzed period.

Results

Table 2. represents the results of Model Il. There is a dominant and positive impact of lagged return
and Capital Market Liquidity Index as expected. The impact of liquidity on stock prices is significant
for all quantiles except the Q60 but there is a problem with the negative sign of this estimate for
Q10-Q50 which does not correspond with the theory. However, Q70-Q90 show a correct positive
sign. The advantage of quantile regression is shown in relation to the variable news;; because it is
significant for every quantile except the Q40 and Q50. Therefore the standard OLS would show this

variable as insignificant at the median level. The main variable of interest sentiment represented by



Facebook activity is significant only at Q10 with a positive sign. Dummy variables (d; _s) which
represent the activities of the company on the Facebook are predominantly negative in all quantiles
and coefficients are very similar for all 5 dummies. Therefore, we cannot argue that different levels
of a company’s activities have an impact on its stock prices in different ways. Dummy variables
responsible for time effects are statistically significant in no quantile and they have been removed

from the model.



Table 2. Quantile estimates of Model II.

reti Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90
ot ALB4FF A4078%FF 4007 4021%%F  4015% 4069% 4076 4085%F  4235%
-1 (13.08) (17.46) (22.76) (23.13) (24.39) (25.11) (29.62) (27.35) (22.55)
- T13260K 7286%FF 75O5RRK  7447RR 7231R0k 604w 6813%E G780MF  6628%
i (12.01) (16.40) (21.37) (20.95) (22.17) (21.68) (22.40) (20.01) (18.06)
lia -0032%%F - 0023**F  -0016**  -0009**  -0003**  .0001 .0005** 0002 0020%%*
Qe (-4.47) (-5.76) (-5.50) (-3.84) (-1.97) (71) (2.56) (3.23) (3.63)
Lews 0005 .0004**  .0001** 0001 -.0001 -0001%F  -0002*%*  -0008**  -0004*
i (4.18) (4.75) (3.14) (1.01) (-1.17) (-2.20) (-4.24) (-3.73) (-3.07)
sent .0001** .0001 -.0001 .0001 .0001 -.0001 -.0001 -.0001 -.0004
i (2.12) (1.27) (-0.04) (.83) (0.66) (-.10) (-1.43) (-1.20) (1.37)
q 0016  -.0009* -0008**  -0005**  -0004***  -0003 .0001 .00001 .0007
oft (-2.41) (-2.53) (-2.97) (-2.61) (-2.75) (-.94) (.25) (.34) (1.41)

q -.0034 -.0003 -0004**  -0004**  -0005%*  -0007**  -0008***  -0008**  -0005
reg (-0.73) (-1.10) (-2.35) (-2.63) (-3.53) (-3.81) (-4.96) (-3.53) (-1.38)
q -0015%*  -0008***  -0001**  -0005**  -0005**  -0003 -.0002 .0005 .0013%

(-3.49) (-3.16) (-3.24) (-3.17) (-2.88) (-1.51) (-1.20) (1.01) (3.72)
q -.0077 -.0005* -0005**  -.0003* -0003**  -0001 -.0001 .0002 .0013%%*
faz (-1.60) (-1.74) (-2.40) (-1.87) (-1.96) (-48) (-.54) (.78) (3.55)
cons -0063%*  -0034%* 0017 -0006¥*  .0005%* 0015  .0026™*  .0047%*  0064**
(-15.51)  (14.04) (-9.65) (-4.67) (3.19) (8.07) (16.49) (17.92) (21.39)
PseudoR2 .29 29 27 26 25 26 27 29 30

Source: The author’s estimates. Computed by Stata.

Notes: 500 bootstrap replications have been applied. The significance level: ***/** /* of coefficients is 1/5/10%, respectively. The

values of t-statistics are in parentheses. The number of observations is 16,243.



