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Abstract

We examine the cross-section of stocks and options to confirm recent findings that past
abnormal stock return predicts an increase in implied volatility and a decrease in realized
volatility. In our extended empirical analysis we present new evidence indicating that future
implied volatility is positively related to decreases in stock trading activity and negatively
related to stock illiquidity. We also find indications that abnormal stock returns are positively
and significantly related to informed trading. These patterns are consistent with rational
models of informed trading and the results are robust under several regression specifications.
Based on these findings, we present a zero-cost delta-hedge strategy that is short (long)
volatility on stocks with high (low) past abnormal return and a decrease (increase) in past
trading activity. This strategy generates monthly alphas of 98.2 bp. There are no indications
that these alphas steam from neither naked positions in options nor in stocks, indicating a
presence of volatility mispricing.
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1 Introduction

In a complete and perfect capital market, where there are no transaction costs, no
information asymmetry and continuous trading, options would be pointless financial
instruments. As none of these assumptions holds true in the world as we see it today,
option prices will, more often than not, deviate from the theoretical value of the
underlying stock in combination with a risk-free asset [7]. This is why the informational
role and price discovery process of options have been subject to academic research in
finance for decades. A recent study by An et al. (2014), hereafter AABC, introduce a
noisy rational expectation model of informed trading in both stock- and option markets.
By examining the joint cross-sectional relationship between stocks and options, AABC
finds evidence that informed trading simultaneously moves prices in both option- and
stock markets. This implies that both options and stocks carry information with respect
to future price movements. These results provides new evidence to the field of research
concerning informed trading as it proves that informed traders use both options and
stocks in their trading to take advantage of their private information.

Our empirical study builds on this noisy rational expectation model of informed
trading. Based on AABCs methodology we find that CAPM alpha predicts a future
increase in implied volatility by 3.17% and predicts a future decrease in realized
volatility by 10.88%. In this cross-section of stocks and options, we find that the impact
on future implied volatility increases by 15.77% as we convert CAPM alphas to Fama-
French-Carhart adjusted alphas [8]. Furthermore, we find these Fama-French-Carhart
adjusted alphas to be positively and significant related to the probability of informed
trading, indeed indicating that there is a link to informed trading in abnormal stock
returns. The intuition behind these predictive patterns is that prices adjust partly as
informed traders trade simultaneously in both markets. Due to this, some future
uncertainty is resolved, but at the same time, it creates a noise trading demand shock.

Additionally, we incorporate extensions both in terms of stock market liquidity
and trading activity to distinguish on when informed traders use the stock market to
exploit their superior information. These extensions are on one hand based on research
indicating that informed investors have the ability to detect and circumvent price
inefficiencies such as stock illiquidity [20][27]. On the other hand, the extensions are
based on research presenting evidence that the probability of informed trading is closely
connected to the trading activity in the stock market [14]. Supported by these findings
we assert that the fraction of informed trading in the stock and thus, the demand shock
in the option, is; increasing in falling stock trading activity and; decreasing in stock
illiquidity.

In our empirical tests, we estimate firm level cross-sectional regressions on a

monthly basis with lagged variables to predict the impact on implied volatility the



following month. These lagged variables are Quoted Spread, Amihud, and percental
change in stock trading activity. Using an extensive sample of large US stocks during
a time period stretching from April 2005 to December 2014, we find empirical support
for our extended predictions. Particularly, as trading activity is included into the
original framework, we find a more pronounced impact on future implied volatility. On
the other hand, as the stock becomes more illiquid, we observe a less pronounced impact
on implied volatility. These results confirms the underlying theories and they are robust
under several regression specifications, and also under the inclusion of year fixed effects.
Furthermore, we find these results to be both of statistical and economic significance
as we derive two self-financed trading strategies, which seeks to extract returns in the
spread of implied- and realized volatility.

We construct a delta-hedge strategy that is long stocks and short the equivalent
call options in decile portfolio 10, and short stocks and long the corresponding call
options in decile portfolio 1. As we sort these decile portfolios based on past month
Fama-French-Carhart alphas and change in stock trading activity, the monthly four-
factor alpha is 98.2 bp. Also, during the entire sample period, the cumulative abnormal
returns are 46.75 percentage points higher compared to when we sort stocks solely on
past month’s Fama-French-Carhart alphas.

To our knowledge, there is a limited field of research investigating the predictive
relation of lagged stock return in this context. Furthermore, we are not aware of any
studies incorporating trading activity in relation to stock alphas to estimate future
impact on implied volatility. Nevertheless, the results presented in this paper have
three main implications. First, our results supports the notion that informed traders
use both option- and stock markets in their trading. Second, our findings are in line
with the results indicating that informed investors are able to detect and circumvent
stock market inefficiencies such as illiquidity. Third, we present new evidence
suggesting a significant link between informed trading, trading activity and future
implied volatility, something that we have not found in the academic research as of
today.

The remaining parts of this paper are organized as follows. In section 2, we present
previous research related to our study. Section 3 presents the underlying model, our
extension and the main predictions which steam from this extension. Section 4 presents
the data used in the empirical test and section 5, we define the key measures. Section
6 presents the methodology and in section 7, we describe and deliberate on our
empirical findings and the self-financed strategies. Finally, in section 8 we conclude the

main implications of our results and suggest starting points for future research.



2 Previous Literature

Up until today, there have been substantial research focusing on the price discovery
process in the cross-section of stocks and options. This research is often connected to
informed trading as option values frequently deviate from their theoretical values. The
findings are rather conflicting and there are researchers supporting either the idea of
the option markets leading the stock markets or on the other hand, stock markets
leading option markets. Also, there are extensive research investigating the issue of
which market the informed traders prefer to use to exploit their private information.
In this section, we present previous literature related to this empirical study.

Easley et al. (1998) examines whether option volume contain information about
future stock prices using intraday option data. By deriving an asymmetric information
model where informed traders are allowed to trade in either stocks or options, they find
significant evidence for their hypothesis that option volume contain valuable
information with respect to future stock returns. Pan & Poteshman (2006) also find
evidence that option volume contain information about future stock prices. They
construct put-call volume ratios (P/C) to find that stocks with low P/C ratio
outperforms stocks with high P/C ratio. Another volume approach is taken by Johnson
& So (2012). They create ratios of option volume in relation to stock volume (O/S)
and find a negative correlation between O/S and future firm value. They find evidence
that this is due to high short-sale costs in the stock market. Consequently, as informed
investors have negative information, they will prefer to trade in option markets to
circumvent the high transaction costs in the stock market.

Investigating the price discovery process, Chakravarty et al. (2004) finds that
both stock and option markets contribute to the price discovery process. They estimate
that 17 percent of the stock price discovery can be attributable to option markets, and
that this mostly is linked to leverage, spread and volume in the option markets. They
conclude that this is in line with theoretical models suggesting that informed traders
use both option- and stock markets in their trading. On the contrary, Muravyev et al.
(2013) uses the put-call-parity to examine how price quotes adjusts in both option- and
stock markets. They find that the option-implied price quotes adjusts in accordance
with the actual stock price quote. Consequently, they find no significant price discovery
in the option markets and thus, indicating that price discovery only occurs in the stock
markets.

Concerning the cross-section of index performance and index options, Amin et al.
(2004), investigates option prices in connection to the performance of the underlying
asset. They suggest that past index returns exert an important influence on index
option prices. They present evidence that option prices are influenced by the

momentum effect of the underlying asset. Indicating that call (put) prices would



increase as a result of increases (decreases) in the underlying asset. In line with research
suggesting that informed traders use both markets, An et al. (2014)?, derives a noisy
rational expectation model where informed traders are allowed to trade in both option-
and stock markets simultaneously. They show that the cross-section of past abnormal
stock return predicts option implied volatilities; stocks with high abnormal return in
the past month tend to give rise to increases in implied volatility over the next month.
Contrariwise, Goyal & Saretto (2009) show that low past stock returns predicts an
increase in implied volatility over the next month. However, they find evidence that
this is due to investor over- and under reaction to the current month’s stock raw returns
and consequently, suggest a behavioural explanation for this predictive pattern. Also
examining return predictability, Cremers & Weinbaum (2010) investigate stock returns
from violations of the put-call parity. They find that stocks with relatively expensive
call options, estimated from the put-call-parity, outperforms those stocks with cheaper
call options.

Another important and related field of research is the subject of which market
informed traders prefers to capitalize on their private information. As with the lead-
lag relationship, there are different findings. On one hand, there is Black (1975) arguing
that informed traders may be attracted to the option market due to the higher leverage
available in option trading. He claims that the leverage generates a higher yield on the
private information held by informed traders. On the other hand there is Kyle (1985),
arguing that informed traders seek to hide their trading activity. Therefore, to disguise
their trading, informed traders prefer the more liquid stock market. Similarly, Admati
& Pfleiderer (1988) find that informed investors prefer to trade when their trading has

little effect on prices, and therefore avoids the most illiquid market.

3 Model of Informed Trading

In this section we start by introducing the intuition behind the model derived by AABC
and the main implication for our study. After which, we describe the underlying
intuition of our extension to the original model, where we strive to incorporate trading

activity, private information and market efficiency.

3.1 The Original Model

In the noisy rational expectation model, the economy consists of risk averse informed
traders and noise traders and one risk averse market maker. The informed traders and
the market maker are identical apart from the fact that the informed traders receive a
signal about the true value of the firm’s cash flow. This signal, denoted @, is received

before the true value of the cash flow is released. The extent of the informed trading

2 An et al. (2014) is referred to as AABC in the rest of this study



activity is partly dependent on the level of private information, and partly on the noise
trading activity. This implies that the underlying model does not impose restriction on
where the informed trading occurs. Consequently, the model allows for informed
trading in both stock- and option markets simultaneously. However, the model assumes

that noise traders cannot trade across these markets.

The cash flows are released in the end of period t = 2 and trading occurs in
time t = 1. Additionally, the firm is assumed to be born in time t = 0. If no signal is
received, the informed trader buys one half of a stock and the market maker buys the

other half, and no trading shocks is assumed to take place in neither of the two market.

Given this setting and the implications of the model, AABC have derived the following

relationships:
Cov(F — S,,C,) = Cov(F,S,) — Var(S,) (1)
=E[(F—E(F) = S; + E(51)) * (S1 —E(SD)]
Cov(Cy — C1,8) = E[(C, — E(CR) — €1 + E(CY)) * (S1 — E(SD)] (2)

where F is the firm cash flows, C;, C, and §; is call option and stock prices in time

t =1 and t = 2. These two relationships show a joint cross sectional relationship -
between options and stocks and between stocks and options. A third relationship is

connected to expression (1) and links the implications of the resolved uncertainty that
follows if Cov(F — S;,C;) > 0. Intuitively, if the call option predicts future stock prices,

the uncertainty the subsequent period will decrease and thus, the variance of the stock

returns decrease. The expression that follows is:
Var(F — S;) < Var(F — S,) (3)
If we treat the stock at time t = 0 as a constant we obtain:
2Cov(F,S,) — Var(S,) = Cov(F,S;) + (Cov(F — S,,5,) > 0) (4)

where we find the expression that reveal the relationship from expression (1). The
implications of the model is that prices adjusts partly towards the value indicated by
the informed traders signal. Intuitively, as informed trading occurs in both markets,
both option- and stock prices incorporates new information simultaneously. This causes
a slow price adjustment towards the new value indicated by the informed traders signal.
As the noise traders observe this adjustment, their demand will increase and this causes
the profit maximizing informed traders to increase their holdings while the price still

is below the value indicated by their signal. Putting it differently, due to the slow



diffusion of information into stock- and option prices, the model predict that a demand

shock will take place in the end of t = 1.3

3.2 Additions to the Original Model

In our extension to the model, we seek to highlight the predictive relationship between
past stock performance, trading activity and the demand shock. Consequently, we aim
to improve the proxy signal of informed traders in the stock market. There is evidence
that the probability of informed trading in the stock market is closely connected to the
trading activity. Namely, that the probability of informed trading is decreasing in an
increased stock volume [14|. The hypothesis is that the demand shock will be more
pronounced if the fraction of informed trades increases thus, if the trading activity

during the preceding period was relatively low. We use the following expression:
x = w + (a * Volume factor) (5)

where y is the total fraction of informed trades, w describes the fraction of informed
trades in the stock if the volume factor is zero. Putting it differently, if the volume is
unchanged between month t — 1 and t — 2 (we define the volume factor in section 5.4).

a is a negative coefficient that describes the relationship between the fraction of
informed trades and the volume change between the two preceding months. Notice that
the negative coefficient in expression (5) implies that the relationship holds for
illiquidity factors as well. This follows from research indicating that informed traders

are able to detect and circumvent stock inefficiencies such as stock illiquidity [20][27].
3.2.1 Empirical Predictions

Given the implications of the original model; that informed traders are allowed to trade

in both markets simultaneously; that uninformed investors are prohibited to trade

across markets, and that we set @ < 0, we obtain:

i.  Abnormal stock return will predict an increase in implied volatility and a decrease
in realized volatility (Prediction from Original Model)

ii.  Abnormal stock return in combination with a decreased volume will predict a
higher fraction of informed trading in the stock and thus, a more pronounced
demand shock (Main Empirical Prediction)

iii.  Illiquidity in the stock will predict a decreased fraction of informed trading in the

stock and thus, a less pronounced demand shock (Robustness Prediction)

3 For further mathematical and technical aspects of the Original Model, see AABC Appendix A



3.3 Intuition and Derivation of Main Empirical Prediction

Conferring to the setting of the original model, the traded volume of any stock can be
seen as a function of informed trading and noise trading. We define volume in any

stock and any period as:
Vi= (@) V™) (2% V050 + ] (6)

Informed . .
yins are the informed- and noise

Noise
i Vi

where V; is the total traded volume, and

traders volume fractions of the total volume and p symbolizes the probability of the

informed traders receiving a signal. Further, @ represent the informed traders signal, z

is the noise traders’ stock demand and eij is an error term. According to the underlying

model, we set p (@) = 1, implying that there is no uncertainty in the information
received by the informed trader. In other words, the true value of the cash flows in the
next period is completely known by the informed traders. Once again, according to the
underlying model, we assume the noise traders’ stock demand, z, to follow an
independent normally distributed function. Accordingly, the right hand side can be
simplified:

p (@) N Vilnformed _ Vilnformed (7)
7 % ViNoise — ViNoise * z~N(0, O.ZZ) (8)

The underlying hypothesis is that the fraction of informed trades increase, implying a
more pronounced demand shock, if; the trading activity has decreased during the
previous period, and if; it is accompanied by a signal which from the underlying model

can be assumed to be abnormal stock return (alpha). Accordingly, we set:
Vit < Viy (9)

This implies that the traded volume during month t — 1 is less than the traded volume
during month t — 2 and that this volume change is accompanied by an informed signal

that is of highest possible quality, p (@) = 1. The fact that the informed traders know
the value of the cash flows in the next period drives the informed trading activity. But
as the underlying model predicts, we cannot be confident about where the informed
traders choose to trade. However, as the abnormal return grows, it can be seen as a
proxy for informed trading in the stock market since the informed traders drives prices
towards the value given by the informed signal. By this, we obtain the following

expressions:



Ve = (o™ + (VA9 % 2~N(0,02) ) + el (10)

Vg — (thflformed) = ( tl\io1ise *z~N(0, Uzz)) + 55—1 (11)
Vi 2 (th_n{wmw) > ( Vﬁ%ise *z~N (0, Uzz)) + gti—l (12)

It should be emphasized that this derivation requires two empirical test. Both in terms
of the hypothesis that alpha is connected to informed trading and in terms of trading
activity in connection to informed trading. This steams from the fact that any stock
movements can be caused by irrational trading behavior of the noise traders. Due to
this, the abnormal return cannot implicitly be assumed to be connected to informed

trading.

4 Data

Our daily data on option implied volatilities are from Bloomberg L.P. The implied
volatility data from Bloomberg is equating the Black-Scholes option pricing model to
European style options [7]. Furthermore, Bloomberg excludes options that mature
within 10 days of computation of implied volatility?. One key advantage of using an
interpolated data set of implied volatilities is that we do not have to make any
subjective assessments on which options to include and exclude. As AABC, we look at
ATM options that are 30 days from expiration and our sample data covers a time
period stretching from April 2005 through December 2014. Due to data availability
issues we look at implied volatility data on European style call options on the stocks
included in the Standard & Poor’s 500 index as of March 23, 2015.

The stock data is collected from Center for Research in Security Prices (CRSP),
which covers all stocks listed on NYSE, AMEX and NASDAQ. The daily CRSP data
covers daily close prices, closing bid- and ask prices, number of shares outstanding,
number of shares traded and individual tickers. The data also contains daily stock
returns, adjusted for stock splits and dividend payments where any dividend payments
are assumed to be reinvested on the ex-distribution date. We also collect Fama-French-
Carhart factors from Kenneth French’s website at Dartmouth and CBOE VIX data
from WRDS. We also collect quarterly Probability of Informed Trading (PIN) data
from Stephen Brown’s website at Robert H. Smith. The PIN data is computed using

the model by Venter and De Jongh (2006), which is an extension from the original
findings by Easley et al. (1996). Due to data availability issues, the PIN data only

4 Further description on the technical aspects of the interpolations methods used in the data set on implied
volatilities from Bloomberg L.P can be found at:

https://msb040.msb.edu/faculty /bodurthj/unrestricted /teaching /programs/Bloomberg Tmplied Volatility M
ethod 2008 new.pdf (2015-04-20, 09.47)


https://msb040.msb.edu/faculty/bodurthj/unrestricted/teaching/programs/Bloomberg_Implied_Volatility_Method_2008_new.pdf
https://msb040.msb.edu/faculty/bodurthj/unrestricted/teaching/programs/Bloomberg_Implied_Volatility_Method_2008_new.pdf

covers a sample period stretching from April 2005 to December 2010. The data contains
the crude PIN computation, probabilities of information based events and informed
and uninformed trading intensity.

Our final data set, which combines the Bloomberg data, CRSP data and the
Fama-French-Carhart factors, includes a total amount of 901.142 daily observations,
split over 117 months. The average number of unique tickers in any given month
amounts to 376 and the total number of unique tickers is 497, implying that three firms

have been eliminated due to missing implied volatility data.

5 Variable Description

In this section we describe the definition of the key variables used in the empirical test.
We start by defining the variables used to confirm the relationship derived in AABC

after which, we define the variables used in our extended empirical analysis.

5.1 Realized Volatility Innovation

To compute the realized volatility of each stock we follow the most commonly used

method - the standard deviation of daily returns over the past trading month. The

equation is:

n
| 252
Realized Volatilityl,; = (= *ZTJZ) (13)

i=j

where 1?2

7 is the squared daily return and n is the number of days in the estimation

window. To match the realized volatility with the implied volatility, we set the
estimation window to 30 days. Thus, for each given day, we have an annualized realized
volatility that can be compared to the annualized implied volatility. The final variable

is defined as:
ARVOL. = Realized Volatility!,, — Realized Volatility! (14)

where we compute the first difference between the realized volatility on the last day,

j + n, and the first day j, of month t.

5.2 Implied Volatility Innovation

We define the implied volatility variable in accordance with AABC, which simply is
the first difference between the implied volatility on the last day, j + n, and the first
day, j, of month t. Thus, the definition of the implied volatility variable is:



AIV} = Implied Volatilityjim — Implied Volatility; (15)

As AABC points out, it is important to remember that this definition ignores the fact
that implied volatilities are predicable both in the time-series and in the cross-section
in terms of autocorrelation over time and stock characteristics. Nevertheless, as we
strive to confirm and use the original relationship, we do not alter this definition of the

implied volatility innovation.

5.3 Alpha

Alpha is the intercept in the regression of the excess stock return, ri on various

j
systematic factor loadings. Following the method of AABC, we use the CAPM alpha

(16). In addition, we use the Fama-French-Carhart model (17) (hereafter four-factor
model) to compute alpha [8]. Each of the models are used for each stock at each day, j,

in month t — 1°. Alphas are calculated using the following expressions:

o =1 = [B(m™ =) + €] (16)
af =1f — [Bu(r7™ —+/) + B,SMB; + BsHML; + BUMD; + €] (17)
where (rjmkt — 7}f ), is the excess return of the market portfolio, SMB; is the small firm-

minus- big firm factor, HML; is the high book-to-market minus the low book-to-market

factor, UMD; is the momentum factor and e]-i is an error term. The logic behind our
inclusion of four-factor alphas steam from research of Fama & French (1993) and

Jegadeesh & Titman (1993). As they find evidence that SMB;, HML; and UMD; are

systematic risk factors in the stock market, we include these factors in our empirical
analysis. As a result, investors should not be able to earn abnormal returns that steam
from exposure to these systematic risks. Consequently, the four-factor alpha should
give a more accurate estimate due to the elimination of non-diversifiable risks. Further,

we define the alpha variable as:
j+n
Alphal_, = Z af +.. 4+ Ay (18)
i=j
where a} is the first day alpha of month t — 1 and aji+n is the alpha of the last day in

month t — 1. One advantage of using the cumulative sum of the daily estimates rather

> As AABC points out, the effect of nonsynchronous beta estimation has a small impact in this type of
calculation. They perform both a regular beta computation and nonsynchronous adjustments, and the
difference is small. According to this, we use the standard approach.

10



than monthly estimates is that we include more data points and thus, possibly, capture

the trading behavior in a more realistic way.

5.4 Volume Factor

To capture the trading activity in the stock market, we compare the traded share

volume between month t — 1 and month t — 2. We define the Volume factor as:

(19)

; Volume!_, — Volume/_,
Volume factor}_; = —_——
Volume;_,

where Volume! _,is the average traded volume for stock i during month t —1 and

Volume_, is the average traded volume for the same stock during month t — 2. Thus,
this variable captures the change in traded volume between the two previous months.
Chordia et al. (2001) categorizes volume as a measure for trading activity and since we
define our measure as the difference between months, we are able to capture any

potential change in trading activity and aggregate trading behavior in the stock. As
we seek to measure the demand shock that arises in month t, this measure captures

one important aspect of the activity in the stock in the month before the estimation

window.

5.5 Probability of Informed Trading

We use the Probability of Informed Trading (PIN) measure to test the proposed
relationship between alpha and informed trading. Fundamentally, PIN is a measure
capturing any information asymmetry in the financial markets. It is based on a
sequential trade model and the measure itself is dependent on number of sell- and buy
initiated orders and the probability of an information based event in a specified event
window. According to Easley et al. (1996) and further extension by Venter and De
Jongh (2006), we use the following definition of PIN:
9x*p

VRN CR) .

where 9 is the trading intensity (number of trades per day) derived from informed

traders and T is the same measure derived from the uninformed traders. p is the
probability of any information based event on any day in the estimation window. This
probability measure should not be confused with the probability used in section 3.3.
The PIN measure is computed quarterly for each stock and it enables us to test the
relationship between informed trading and alpha from a more theoretical and technical

perspective.

11



5.6 Liquidity Measures

Continuing in our extended empirical analysis, we include two variables that aims to
capture stock liquidity. The reason behind this inclusion is that academic researchers
have found that informed traders have the ability to exploit fundamental price
deviations, such as inefficiencies in terms of stock illiquidity [20][27]. We use the Quoted

Spread and Amihud as proxies for stock liquidity.

5.6.1 Quoted Spread

The first liquidity measure is the Quoted Spread. Quoted Spread is a common measure
for liquidity and as it captures transaction costs and thus, can be seen as a proxy for
market tightness. Trading costs in terms of order processing, information asymmetry,
inventory and market structure are assumed to be reflected in the Quoted Spread. It

is defined as:

k! — Bid})

n
t : nlz:( - A 21
Quoted Spread;_ _
P -1 = sk]! (21)

where Ask} is the closing ask price for stock i during day j and Bid} is the closing bid
price for the same stock, during the same trading day. The sum of all daily Quoted
Spreads is divided by n, which is the number of trading days in month t — 1. Thus, we

define the Quoted Spread._, as the average Quoted Spread for each firm during

month t — 1. This measure is attractive since it is easy to compute and it takes both

implicit and explicit trading costs into account [28].

5.6.2 Amihud

The second liquidity measure in our empirical tests is Amihud, which also is a widely
used liquidity proxy, developed by Amihud (2002). Compared to the Quoted Spread,
Amihud more effectively measures the price impact in combination to stock liquidity,
which makes it a more appropriate proxy for market breadth [10]. The price impact in
this setting refers to the decrease of stock price after a sell-initiated trade order or the

price increase after a buy-initiated trade order [5]. The Amihud measure is defined as:

1y 1.000.000 * |rf]|
Amihud;_, = ;Z

, — - (22)
Closing Price; x Volume;

where rji is the daily return for stock i and Closing Price]‘: * Volumeji is the dollar traded
volume for the same stock during the same day. By summing the daily Amihud

measures during month t — 1 and dividing with n, which is the number of trading days
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in month t — 1. Consequently, we obtain an average Amihud measure for each stock

during month t —1. Amihud (2002) show that less liquid stocks on average carry a
higher illiquidity premium and thus, a positive relationship between returns and
illiquidity. Putting it differently, a high return per dollar traded volume indicates an
illiquid stock.

5.7 Model Complexity and Measurement Issues

The underlying model used in this study imposes a dimension of complexity and
elusiveness. This due to the fact that the model allows for informed trading in both
option- and stock market simultaneously, and that the determinant on where the
informed trading takes place is the noise trading activity. As the model does not impose
any restrictions on the informed traders trading activity, one can argue that this model
approaches the reality in a more representative way compared to models derived by
other academic researchers, such as Easley et al. (1998), Pan & Poteshman (2006),
Johnson & So (2012).

When it comes to our liquidity measures and our proxy for trading activity, it is
important to highlight that no single measure will capture all the aspect of stock
liquidity and activity. It is also important to highlight that Quoted Spread has been
used as a signal for information asymmetry and thus, can be seen as a proxy for
informed trading on a stand-alone basis [12]. However, as described in section 5.6.1,
the Quoted Spread is a tempting measure to use since it captures both implicit and
explicit trading costs and it is easy to compute. One possible drawback with this
measure is that it might, systematically, underestimate the liquidity of the stock since
many trades during one trading day occur within the Quoted Spread [21]. Also, since
we only use closing prices, we miss out on any intraday high and low values, which
also could give a biased perspective on stock liquidity. Amihud might be more effective
as it captures price impact in connection to market breadth. However, Goyenko et al.
(2009) finds that Amihud might give a more accurate measure over longer time periods
and also, that the correlation between Amihud and price impact only amounts to
roughly 50%. Finally, as our activity measure is compelling in an intuitive way, any
changes between months might arise due to seasonal patterns rather than fundamental

changes in trading activity [11].

6 Methodology

In this section we describe the framework used in the empirical tests. We start by
identifying the regression specifications used to confirm the underlying relationship
from AABC. Second, we specify the main regression used in our primary test, where

we incorporate our volume factor into the original framework. Third, we explain our
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three robustness test specifications and at last, we introduce the framework for our
trading strategy to confirm any potential economic significance of our findings. All

regression specification from (23) to (37) are firm level cross-sectional regressions.

6.1 Confirmation of Predictive Relationship

A natural start is to introduce the regression specifications used to confirm the
underlying relationships derived by AABC. It serves as a good rhetorical benchmark
for further analysis and also, as an introduction to the framework used in this paper.

We define the regression specification in the following way:

AIVE = + A Alphal_, + €l_, (23)

i
0t—1

where AIV{ is the implied volatility innovation defined in equation (15) and A5, _is the

0t-1
intercept in the regression. Alphal_; is the CAPM-estimate of alpha on each stock
during the previous month, t — 1, defined in equation (16) and (18), and &_; is an
error term. According to the underlying model of informed trading, we expect the
regression coefficient to be positive and significant. This since we anticipate a demand

shock to occur in month t, causing the call option prices to increase and thus, causing

the implied volatility measure (AIV}) to increase. The other underlying relationship
used in this paper is how past stock performance influence future realized volatility, we

specify the regression as:

ARVOLL = + AL Alphal_; + €l_, (24)

0e1
where ARVOL. is the change in realized volatility during month t, defined in (14) using
the same methodology as in the implied volatility innovation. All other variables are
defined as in (23). Here we expect a negative and significant regression coefficient. The
intuition is that if abnormal returns grows during month t — 1, uncertainty with respect

to future variance in return and cash flow surprises is resolved and thus, the coefficient

should be negative. This is also based on the implications of underlying model.

6.2 Fama-French-Carhart Extension

Based on AABC indications that alpha can be seen as a proxy for informed trading,
we test the four-factor adjusted alpha as a replacement for of the CAPM estimate. The

regression specification is defined as in (23):

AIVE = + A Alphat_; + &, (25)

i
O0t—1
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apart from Alphal_;which now is defined as in (17) and (18). We still expect the
regression coefficient to be positive and significant. If the hypothesis that alpha can be
seen as a proxy for informed trading is valid, we should expect the coefficient to increase
and still be significant. Intuitively, as we adjust the alpha estimate by eliminating
additional systematic risk factors, we create a more sophisticated measure of abnormal
returns. By doing so, we only preserve aspects of alpha that hypothetically could
originate from informed trading. If this is true, four-factor adjusted alpha should be a
more refined measure of informed trading and by this causing a more pronounced

demand shock, hence the expectations of an increased coefficient.

6.3 Main Test

In our main test, we investigate the relationship between past stock performance,
trading activity and their impact on implied volatility. We use the volume measure
defined in expression (19) as a proxy for stock trading activity. We base this on the
hypothesis and empirical predictions in section 3.2.1. The main regression specification

is defined as:

AIVE = + AL Alphat_; + ALVolumel_; + el (26)

i
0¢-1
where all variables are defined as in (25) apart from Volume}_,, defined in (19). Since

we seek to measure the impact of the demand shock in time t, we expect the regression

coefficient to be negative and significant. Intuitively, if a negative volume change is

combined with a negative coefficient, the impact on AIV} will be positive. The
underlying logic is that if the past volume has been relatively low and thus, the trading
activity has decreased, the impact of the demand shock in time t will be more
pronounced.

As seen in our derivation of the model extension, in cases were alpha is combined
with a decreased volume, we predict a higher fraction of informed trades. This
prediction is in line with results by Easley et al. (1996), which finds evidence that the
probability of informed trading increases in a decreased stock trading volume. This
might seem contradictive since it is widely argued that informed traders seek to hide
their trade in the stock market if its liquidity or volume is high [24]. However, as our
variable is defined, a negative change does not implicitly suggest that the volume in
the stock is low and thus, that the stock is illiquid. It is rather a measure of how trading
activity changes between months. In the setting of the model, this implies that as noise
traders observe the proxy signal of informed trading, they will increase their activity.
Since the trading activity was relatively low during the previous period, this increase

in demand will be more pronounced. As noise trading activity increases, the informed
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traders will become more aggressive (as described in section 3.2), thus a more positive
impact on future implied volatility. To simplify the interpretation of this hypothesis in

the regression, we include a dummy which is defined as:

- 1 if Volume Decile = 1
D f = 27
wmimye-1 {0 otherwise (27)
Consequently, the regression specification is:
AIVE = f,t_l + AL Alphat_; + AsVolumel_; + AsDummy|_; + ef_, (28)

where the dummy, defined in (27), captures observations where the volume for stock i

during month t — 1 has the largest negative change. All other variables are defined as
in (26). We expect the coefficient of the dummy to be positive and significant. The
logic is once again that if the volume has decreased, the demand shock should be more
pronounced and thus predict a positive change on AIV. To further test the main

regression model, we include a time fixed effect according to:

AIVE = + A Alphat_; + AsVolumel_; + AsDummyl_; + Yp + €l_; (29)

0r-1
Here we test the model in a setting where we eliminate fixed effects over time. Yr is a
dummy which takes unique values each year and all other variables are defined as in
(28). By capturing these fixed effect over time, we test the statistical validity of the
model and thus, make more correct assessments with respect to systematic shocks. If

our model holds and the predictive relationship between alpha, trading activity and

their impact on AIV} persist over time, we should not expect any major changes in the

coefficients from specification (28).

6.4 Robustness Tests

Since the model allows informed traders to trade in both markets, our robustness tests
aims to distinguish on where the informed traders place their trades to exploit their
private information. Firstly, we use PIN as a proxy to test the relationship between
alpha and informed trading. Secondly, we use the Quoted Spread and Amihud as

proxies for stock liquidity and stock market efficiency.

6.4.1 Probability of Informed Trading

As previously mentioned, AABC suggests that alpha can be seen as a proxy signal for
informed trading. Therefore, to test the relationship between alpha and informed
trading, we use the Probability of Informed trading (PIN) measure. The measure is

defined in expression (20) and the regression specifications are as follows:
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PIN} = f)t + A, Any Event! + &} (30)

where Any Event! is the probability of any information based event on any given date
in the estimation period. The estimation period stretches from 10 to 70 days for any
stock in the sample. Based on the underlying intuition of the model, suggesting that
informed traders take positions in accordance with private signals, we expect the
coefficient to be positive and significant. Furthermore, we include an extension defined

as:
PIN{ = 24, + A, Any Event{ + A,Bad Event + ¢; (31)

where all variables are defined as in (30) exempt from Bad Event! which is the

probability of Any Event! being negative on the event date. This variable has a more
instinctive intuition. As the informed traders receives a bad signal, they will take short
positions to exploit their information. Recall, PIN does not make a difference on the
direction the informed traders place their orders, it is simply a measure of the fraction
of informed trades. Therefore, we still expect a positive and significant coefficient
on Bad Event}. This implies that we expect the informed trading to increase in the
wake of any signal as well in the wake of a negative signal. To take the noise trading

activity into account, we use:
PIN{ = 25, + 2, Any Event{ + A,Bad Event{ + A;Noise{ + ¢ (32)

where all variables are defined as in (31) apart from the inclusion of Noisef, which is
the fraction of trading intensity derived from the noise traders per trading day. We
expect the regression coefficient on Noise} to be negative and significant. Intuitively,
as uninformed investors decrease their trading, the Probability of Informed Trading
increases. This is in line with indications steaming from our model extension in section
3.3 and theoretical results presented by Easley et al. (1996). Finally, in our main PIN-

regression, we include alpha:
PIN} = Bt + A, Any Event! + A,Bad Event! + A;Noise! + 1,Alphat + & (33)

where all variables are defined as in (32) apart from Alphal, which is the sum of all
daily four-factor alphas for each stock during each quarter in the sample period.

According to the hypothesis that alpha can be seen as a proxy for informed trading,

we expect the coefficient on Alphat to be positive and significant. Putting it differently,
as alpha grows, the Probability of Informed Trading should grow if our hypothesis is

valid. In the setting of the underlying model - if the informed traders receives a signal
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with respect to the true value of the firm'’s cash flow, they will cause the stock price to

adjust towards the value indicated by their signal and thus, create abnormal returns.

6.4.2 Quoted Spread

The second robustness test incorporates Quoted Spread as the first stock liquidity

proxy. The regression specifications are as follows:

AIVE = + Y Alphat_; + A, Quoted Spreadi_, + €l_; (34)

i
O¢t—1

AIV} = + AL Alphat_; + A,Quoted Spread!_, + Yy + &}_, (35)

i
0¢—1
where the regression specifications are as in (25) apart from Quoted Spread!_;, which

is defined in equation (21). In specification (35) we include a year fixed effect, Y7, to

test the validity of the model with respect to time fixed effects, all other variables are
defined as in (34).

We expect a negative and significant coefficient on the Quoted Spread!_, variable
and after the inclusion of the year fixed effect, we expect similar results. The underlying
logic steams from research presenting evidence on how informed traders are able to
detect price inefficiencies and thus avoid stock trading if the stock is illiquid [20][27].
Therefore, informed traders will prefer use the option market to trade on their private
information as stock illiquidity grows. As they do so, the option price will incorporate

new information in a higher pace than the underlying stock price. This will drive down
the potential demand shock at time t in the option market as more of the new

information already has been priced in the option market due to the informed trading.

6.4.3 Amihud

The third robustness test incorporates the Amihud variable as a second proxy for stock

liquidity. The regression specifications are as follows:

AIVE = + A Alphal_, + ALAmihudi_, + €l_, (36)

i
O0t—1

AIVE = 2b,_ + AL Alpha_y + AsAmihud!_, + Yy + &l_, (37)

Specification (36) is defined as in (34) besides the liquidity measure, which now is
Amihud. This variable is defined in equation (22). In specification (37) we once again
include a year fixed effect, Yy, to test to model further and the other variables are
defined as in (36). According to the intuition behind the Quoted Spread, we expect to
see a negative and significant coefficient on the Amihud variable as well. This follows
from the fact that both a high Quoted Spread and a high Amihud measure is a signal
of stock illiquidity. Applying the same intuition as in the case of the Quoted Spread, if
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the stock is illiquid, informed traders will prefer to trade in the equivalent call option,

reducing the potential demand shock in time t.

6.5 Trading Strategy

To test the statistical relationships derived in this paper, and investigate if there is any
economic significance in our findings, we propose a self-financed trading strategy. We
use the underlying predictive relationship between alpha, and implied- versus realized
volatility. Furthermore, we also test whether the inclusion of stock trading activity
during month t — 1 have any implications for the economic significance in our empirical
findings.

We implement a buy-hold delta-hedge strategy rather than a dynamically
rebalanced delta-hedge strategy to reduce any trading costs [18]. It should be mentioned
that our strategy deviates from a pure volatility strategy since we implement a buy-
hold strategy. As we do so, each position in the strategy will generate a stock exposure
as time passes by. We sell volatility (write call options) on stocks in decile portfolio 10.
These stocks have had a high alpha during month t — 1. We hedge the price exposure
in the stock market and hold our positions for one month. In decile portfolio 1, we take
the reversed position. We buy volatility (buy call options) on stocks with low or
negative alphas during month t — 1 and once again hedge our price exposure in the
stock market and hold our positions for one month. This position formation will, on
average, generate a positive payoff based on the respective spread in volatility measures
[9].

The first strategy (hereafter “Original”) is constructed by sorting stocks into decile

portfolios based on individual four-factor alphas during month t — 1. We rebalance
these equally weighted portfolios each month and take new positions on the first day
of each month. The second strategy (hereafter “Volume”) is based on an interaction
term. According to our main regression test, we sort stocks based on past month four-
factor alpha and past month’s change in trading activity. In portfolio 1, there are stocks
with high increase in trading activity and low alphas and in portfolio 10, there are
stocks with high decrease in trading activity and high alphas. As in the Original
strategy, we take positions on the first day of each month and rebalance each portfolio

on a monthly basis. This translates into the following expression:

1 ng 1 Nio
strategy _ — 1 10
Tt = E Tie t § Tit (38)
Ny 4 Nip 4
i=1 j=1
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where n; is the number of stocks in portfolio 1 and n,, the number of stocks in portfolio

10 and r{; and ‘rﬁto is the monthly returns on the positions of each stock with its

corresponding call option. Notice that the strategy returns, rtStmtegy , is computed by

taking portfolio 1 plus portfolio 10. This is due to the fact that we have adjusted each

portfolios positions in accordance to the direction indicated by the volatility spread.
Furthermore, we regress these monthly returns, minus the risk free rate in both

the CAPM and in the four-factor model to estimate monthly alphas. The regression

specifications are as follows:

trat trat i
(lf rategy _ (rts rategy _ rtf) _ [ﬁl(rtmkt _ rtf) + g%] (39)
a:‘trategy — (rtstrategy _ rtf) (40)

— [Bo ("t — /) + B,SMB, + BsHML, + UMD, + €]

strategy __

where (7; ikt — )

rtf ) is the monthly excess return on our two strategies, ( -1

is the excess return on the market portfolio, SMB; is the small-minus-big factor, HML,

is the high book-to-market minus the low book-to-market factor and UMD, is the
momentum factor. We run both these regressions on the Original and on the Volume
strategy to see how the monthly alphas behave when we include the trading activity
in the portfolio formation.

To further test the strategy, we decompose the positions into naked option- and
stock positions respectively. We create one dependent variable that captures the short
stock positions from portfolio 1 and long stock positions from portfolio 10, and a second
variable that captures the long option positions from portfolio 1 and short option
positions from portfolio 10. The regression specifications are as in (39) and (40), apart
from the change in dependent variable, which now is excess returns on both stock- and
option positions respectively. Since we intend to extract returns from the spread in the
volatility measures, this decomposition will display in how the naked positions in both
stocks and options perform. Consequently, this can be seen as an approximation to
estimate where the returns steam from. Due to the same reasoning, we follow the
methodology of Goyal & Saretto (2006) and include the VIX-risk factor. The intuition
behind this is once again that we seek to profit from volatility exposure. This makes
the inclusion of VIX a natural extension to the regressions:

trat trat [
a; Y = (7Y — rtf) — [Bu (it — rtf) + B,VIX, + = (41)
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strategy __ strategy _ _.f
a; = (1 %)

o (42)
— [BL(r7* — 1)) + B,SMB, + BsHML, + BLUMD, + B4VIX, + €]

where all variables are defined as in (39) and (40) apart from VIX,, which is the monthly
excess return on the CBOE VIX Index.

7 Empirical Results

In this section we describe the empirical results from the tests of volatility prediction,
trading activity and market efficiency. We start by describing the descriptive aspects
of our data in connection to our main variables. We also describe the volatility spread
and monthly returns based on different portfolio categorizations. Secondly, we describe
the test constructed to confirm the underlying predictive relationship, the extended
empirical analysis and the robustness tests. At last, we describe the results of the
proposed trading strategy and explain any economic significance. All regressions

presented under section 7 are adjusted for heteroscedasticity.

7.1 Descriptive Statistics

Table 1 presents descriptive statistics per year for market capitalization, share volume
per day, implied volatility and realized volatility. The average market capitalization
increases throughout the sample period, from 24 billion USD in 2005 to 36.9 billion
USD in 2014. However, during the most recent financial crisis in 2008 and 2009 there
was a sizeable decrease in market capitalization. This decrease reached 19.4 billion USD
in 2009, after which, there have been five consecutive years of increasing values.
Volume, defined as the number of shares traded per day, is on average 5.5 million
shares per day. Again, there is a sizeable change in pattern in the wake of the financial
crisis in 2008. During this period the average share volume peaked at almost 8 million.

Throughout the sample period, the average implied volatility is to be found on a
higher level compared to the corresponding realized volatility. Once again the exempt
from this pattern arises within the years of 2008 and 2009. Notice, that during this
time, both implied- and realized volatility increased considerable and peaked at 97.88%
and 124.18% in 2008, respectively. This is expected since there is a negative correlation
between volatility and returns. Interesting is that the standard deviation of realized
volatility always exceeds the standard deviation of implied volatility.

Table 2 reports mean statistics over time for some of our key variables. Both the
Quoted Spread and Amihud decreases over the sample period. This decrease in
illiquidity indicates that the aggregate stock market liquidity has improved and thus,
an enhanced stock market efficiency. However, the liquidity measures also peaked

during the financial crisis at 0.1336 and 0.0229, respectively. The volume factor is the
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yearly average of the change in traded share volume between two sequential months.
This factor is slightly positive, indicating the overall volume increase during the sample
period. This increase in share volume is also displayed in Table 1.

Table 3 reports the monthly volatility spreads for 10 equally weighted portfolios
sorted based on past month four-factor alphas. This spread is estimated by taking the
implied volatility innovation minus the realized volatility innovation. In portfolio 1,
this spread is on average -0.848% during the sample period. The corresponding spread
for portfolio 10 is on average 3.13%. This supports AABCs predictions that alpha
predicts a spread in volatility measures. Our goal is to extract returns from this spread
in volatility measures.

Table 4 presents future returns and standard deviation for 10 equally weighted

portfolios. The returns is computed as writing a call option and hedging the position

in the stock market. Each position is taken on the first day of month ¢, and held for

one month. In panel A we sort stocks based on four-factor alphas during month t — 1
and rebalance the portfolios each month. This generates an average monthly return in
portfolio 10 of 1.44% while portfolio 1 has an average monthly return of 1.23%. Thus,
the strategy of being long portfolio 10 and short portfolio 1 generates approximately
21.5 bp on average per month. This is consistent with our findings in Table 3 and
theoretical models suggesting that option strategies in combination with stock market
hedging can extract returns from the spread in volatility measures.

Panel B, C and D displays the average monthly returns for portfolio 1 and
portfolio 10 based on the interaction term deciles: (Alpha * Volume factor), (Alpha *
Quoted spread) and (Alpha * Amihud) respectively. In panel B, portfolio 1 earns an

average monthly return of 0.91% while portfolio 10 earns an average monthly return
of 1.22%. Consequently, the combination of being long portfolio 10 and short portfolio
1 on average generates a monthly return of 30.5 bp. This interaction term is of
particular interest since it steam from our main regression test in section 6.3. As
described, we predict that the combination of high alpha and high decrease in stock
trading activity will forecast a higher probability of informed trading. Due to this, we
expect a more pronounced demand shock and thus, a more precise forecast of future
returns. This is confirmed as portfolio 1 generates a return of 0.91%, in comparison to
1.23% if we sort solely based on four-factor alpha. Accordingly, on average, the
combination of portfolio 10 minus portfolio 1, earns 9 bp more per month if we compare
to the sorting based exclusively on four-factor alphas.

Conferring to our results in the robustness specifications using the liquidity
proxies, panel C and panel D show the inverse pattern. In panel C, portfolio 1 generates
a monthly of 1.97% on average while portfolio 10 generates 0.89% on average per

month. Panel D displays the same relationship. Portfolio 1 generates a monthly return
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of 1.96% on average and portfolio 10 generates an average monthly return of 1.31%.
This implies that the combination of being long portfolio 10 and short portfolio 1 earns
-108 bp and -65 bp respectively for panel C and panel D. This indicates that portfolio
1 earns higher returns than portfolio 10 if stocks are sorted on the interaction deciles
referring to the liquidity measures.

Table 5 presents delta-exposure per month and portfolio. The portfolios are
equally weighed and rebalanced monthly based on preceding month four-factor alpha.
The mean monthly exposure for portfolio 1 is 0.0404. According to a dynamically
rebalanced delta-hedge strategy, we would have to adjust our stock holdings to
eliminate this slight increase in stock exposure. Putting it differently, we would have
to sell, on average, 0.0404 stocks more per position to keep portfolio 1 delta-neutral. In
portfolio 10, the corresponding value is 0.0392. Important to highlight is that portfolio
10 writes call, implying that in practice, this number is negative. However, we seek to
exclude any subjective assessments in which portfolio the short call positions begins
and the long call positions ends. This is why we present all mean delta-exposures in
absolute values. Using the same logic, we would have to buy, on average, 0.0392 stocks
more per position in portfolio 10 to keep the delta-neutrality. Therefore, the strategy
of being short volatility in portfolio 10 and long volatility in portfolio 1, creates a
positive stock exposure on average, with a delta value of 0.00127 per month. This result
indicates that the strategy keeps a delta fairly close to zero despite our choice of

implementing a buy-hold strategy rather than a dynamically rebalanced strategy.

7.2 Test of Predictive Relationship

The descriptive statistics in Table 3 and Table 4 indicates that there is a double sided
predictive relationship from alpha. On one hand we see an increase in implied volatility
and on the other hand, a decrease in realized volatility. We verify this relationship by
running the regression specifications in (23) and (24) and the results are presented as

average coefficients in Table 6. Column (1) display how implied volatility (AIV;) during

month t behave in relation to CAPM alpha during montht — 1. The regression
coefficient on alpha is 3.167 (t-stat 4.18). The interpretation is that if alpha grows by
1% during month t — 1, implied volatility is predicted to increase by 3.167% the
following month.

Column (2) display the same methodology apart from the dependent variable
which now is the change in realized volatility (ARVOL;) during month t. The coefficient
on alpha converts to negative with a value of -10.879 (t-stat -5.07). Once again, the
interpretation is that if alpha grows by 1% during month t — 1, realized volatility is
predicted to decrease by 10.879% the subsequent month. In both (1) and (2) is the

regression constant insignificantly different from zero. This indicates that if CAPM
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alpha is zero during month t — 1, the impact on AIV; and ARVOL, cannot be assumed

to be either positive or negative. These results support the findings presented in Table

3, the results of AABC and confirms the intuition of the underlying model.
Continuing with our extended empirical tests, the focus is to forecast the demand

shock emerging in month t. To do this we seek to improve the model to capture factors

which have a more pronounced impact on AlIV,. As described in section 6.2 we present
a hypothesis that four-factor alphas should be a more sophisticated proxy signal for
informed trading as it removes systematic risk exposure. By running the regression
specification (25), this test is presented as average coefficients in Table 7. In column
(1) we present the original findings derived from the CAPM alpha, these results are
the same as in column (1) in Table 6. In column (2) we replace the CAPM alpha with
the new four-factor adjusted alpha. The regression coefficient on alpha increases by
15.77% to 3.677 (t-stat 4.99), indicating that the impact on implied volatility increases
as we transform the CAPM alphas to four-factor adjusted alphas. Due to the usage of
separately computed alphas is it possible to rule out any statistical inference such as
multicollinearity to be the driver behind this result. This results confirms our
hypothesis, indicating that four-factor alphas possibly can be seen as a more

sophisticated proxy for informed trading. As earlier, if alpha grows by 1% during
month t — 1, implied volatility is predicted to increase by 3.677% the succeeding month.

7.3 Main Test

Having confirmed the underlying predictive relationship, we reinforce our focus on
predicting the impact on AIV;. We use regressions specifications (26) to (29) to test the
relationship between four-factor alpha, trading activity and the projected demand
shock. Table 8 presents the average coefficients of main regression tests, where we also
include regression specification (25) in column (1) as a benchmark. In column (2) we
include the volume factor, which aims to capture the change in stock trading activity
during month t — 1. The coefficient on alpha is still positive and significant. Notice that
the coefficient is negative with a value of -1.881 (t-stat -2.02). Indicating that the
demand shock and thus, the impact on AIV;, will be positive if the trading activity

during month t — 1 has decreased. This is in line with the prediction (ii) and our model
extension in section 3.3. This also confirms the results presented by Easley et al. (1996)
and the intuition that the demand shock will be more pronounced if the stock trading
activity the month preceding the estimation of AIV; has decreased.

In column (3) we include a dummy which takes a value of 1 in volume factor
decile 1 and 0 otherwise. Putting it differently, in cases where the trading activity has

decreased the most during month t — 1, the dummy takes on a value of 1. This dummy
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makes the interpretation of trading activity’s impact on implied volatility during
month t somewhat easier. The other variables are fundamentally the same and so are
their significance. Notice that the dummy coefficient have a positive value of 0.665 (t-

stat 3.17), confirming the hypothesis that a decreased trading activity during month t —

1 has a positive and significant impact on AlIV;.

In column (4) we include a year fixed effect to test the relationship with respect
to systematic shocks. This corresponds to regression specification (29). All values are
qualitatively the same with small or virtually non-existing changes and still significant
on all conventional level. This strengthens the predictions presented in column (3) and
thus, supports the hypothesis that trading activity and alpha truly have a significant

influence on future implied volatility.

7.4 Robustness Test

In this section we discuss and describe the three robustness test performed. Firstly, we
present the test of our PIN measure in connection to alpha. Secondly, we present

robustness test where we link stock illiquidity to the impact on implied volatility using
the Quoted Spread and Amihud.

7.4.1 Probability of Informed Trading

Table 9 presents the first robustness test, where we strive to test the relationship
between PIN and four-factor alphas. This test is different from the two other robustness
tests since it does not test the relation to the impact on AIV;. It rather investigates the
hypothesis that alpha can be seen as a proxy for informed trading. Important to
highlight is the fact that due to data availability issues, this test only covers half of
the total sample period. Column (3) and (4) presents regression specifications (32) and
(33) respectively. In (3) the coefficient on Any event is positive with a value of 0.214
(t-stat 26.14) and the coefficient on Bad event is 0.0106 (t-stat 4.189). These two
coefficients suggest that the predictions of the underlying model are valid. Implying
that, as informed investors receives a private signal, independent of direction of the
signal value, the probability of informed trading increases.

The coefficient on the Noise variable is -0.486 (t-stat -22.71). As uninformed
demand decreases, the probability of informed trading increases, supporting our
extension of the underlying model in section 3.3 and confirming the results of Easley
et al. (1996). In column (4) we use the same specification, but include the main variable,
the four-factor alpha. The other coefficients are fundamentally the same and their
significance does not change. The coefficient on alpha is positive with a value of 0.0016
(t-stat 1.883) indicating a significance close to 5%. This truly supports our prediction

in section 3.2.1, where we hypothesize that alpha and informed trading is positively

25



connected. To our knowledge there are no scholars who has presented similar
indications. This robustness test suggests that there is a relation between alpha, stock

trading activity and informed trading.

7.4.2 Quoted Spread

In Table 10 we present the result from our second robustness test. We include the
Quoted Spread as proxy for stock liquidity and the regression specifications are as in
(34) and (35). As earlier, in column (1), the result from column (2) in Table 7 is
presented as a benchmark. We include the Quoted Spread in column (2). The coefficient
on Quoted Spread has a negative coefficient with a value of -3.649 (t-stat -2.26). This
indicates that the impact on implied volatility is decreasing in stock illiquidity. This
result confirms the prediction (iii) under section 3.2.1 and research indicating that
informed traders are able to circumvent and profit from fundamental mispricing, such
as illiquidity in the stock. Consequently, as stock illiquidity increases, the informed
traders will prefer to exploit their private information in the equivalent call option. As
they do so, the potential demand shock decreases since the call option price will have
incorporated more of the new information steaming from the informed traders activity.
This is in line with findings presented by Kyle (1985) and Admati & Pfleiderer (1988).

Finally, in column (3), we include a year fixed effect which captures systematic
shocks. As in Table 8, the changes in the coefficients and their significance is practically

non-existing. This supports the findings that there is a negative relationship between

the impact on implied volatility in month ¢, and stock illiquidity in month ¢t — 1.

7.4.3 Amihud

Table 11 presents the third robustness test. Using regression specifications (36) and
(37) we test how the predictive relationship behaves when including the second
liquidity proxy, Amihud. Column (1) displays the benchmark finding from column (1)
in Table 7. In column (2) the alpha coefficient is still positive and significant. Notice
that the coefficient on Amihud is negative with a value of -7.213 (t-stat -2.02). This
indicates, as in the robustness test with the Quoted Spread variable, that the impact
on AIV; decreases in stock illiquidity. This is due to the fact that a high Amihud and a
high Quoted Spread are proxies for stock illiquidity.

In column (3) we include a year fixed effect to once again test our specifications
with respect to systematic shocks. The results are in line with earlier results from Table
8 and 10. Putting it differently, the change of the values on the coefficients are small

and their significance are fundamentally the same. This supports the findings that the

impact in AIV; is truly decreasing in stock illiquidity.
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7.5 Trading Strategy

Using the statistically significant relationships established in Table 6 and in Table 8,
we now investigate whether there is any economic significance in our findings. In Table

12, we present the first trading strategy (Original strategy), where we sort stocks into

decile portfolios based on four-factor alphas during month ¢t — 1. In Table 13, we
present the findings on our second strategy (Volume strategy), using the interaction
term where we include the volume factor into the original sorting.

Table 12 displays monthly alphas for the Original strategy, both with and without
adjusting for Fama-French-Carhart factors. In columns (1) and (4) we present the
monthly factor exposures and alphas for portfolio 1 and in columns (2) and (5), the
corresponding results for portfolio 10. Column (3) displays the Original strategy
exposure to the market portfolio and the monthly CAPM alpha. Notice that the
strategy has a negative exposure to the market with a coefficient of -1.415 (t-stat -
18.75) and a monthly CAPM alpha of 66.4 bp (t-stat 3.314). Column (6) displays the
equivalent result when we adjust for Fama-French-Carhart factors. It is important to
highlight the fact that in both column (3) and (6), the strategy alphas is computed by
taking portfolio 10 plus portfolio 1. This is due to the fact that the portfolio returns
have been adjusted to the directional positions that each of the two portfolios take.
The market exposure is still negative with a value of -1.044 (t-stat -14.05). The strategy
has positive exposure to the high-minus-low factor, 0.0443 (t-stat 0.415), and the
momentum factor, 0.655 (t-stat 4.958). The small-minus-big factor is negative, -0.585
(t-stat -4.745).

All factor exposures, exempt high-minus-low, is statistical significant on all
conventional levels. The monthly four-factor adjusted alpha decreases to 51.8 bp (t-
stat 2.497) from 66.4 bp (t-stat 3.314) if using the CAPM. This implies that the
Original strategy have positive four-factor alphas in 95% of all months and positive
CAPM alphas in 99% of all months. Thus, the Original strategy earns abnormal returns
that is both of statistical and economic significance. In Graph 1, we display the
abnormal returns generated by the Original strategy. Over the sample period, the
Original strategy earns four-factor adjusted abnormal returns of 65.93%.

Table 13 display the corresponding results referring to the Volume strategy
introduced in section 6.5. In this strategy, we sort stocks into deciles based on the
interaction term of four-factor alphas and trading activity during month t — 1. In
column (1) and (4) we display the monthly alphas and factor exposures for portfolio 1,
both using CAPM and the extended four-factor model. Column (2) and (5) displays
the corresponding results for portfolio 10. In column (3), the Volume strategy is
presented using CAPM. As in the Original strategy, the exposure to the market
portfolio is negative and have a coefficient of -1.831 (t-stat -15.87). The monthly CAPM
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alpha is 1.17% (t-stat 3.880), which is 50.6 bp higher than what the Original strategy
generated under the same model specification.

In column (6), we show the corresponding results using Fama-French-Carhart
adjustments. Once again, the coefficient of the market portfolio is significant and
negative, with a value of -1.332 (t-stat -12.34). The value is 0.228 higher in absolute
terms than the exposure that the Original strategy had given the same model. The
increase in market beta indicates that the Volume strategy is more volatile if compared
to the Original strategy. The small-minus-big factor, -0.602 (t-stat -3.138) and
momentum factor, 1.050 (t-stat 4.756), are still significant at all conventional levels.
Notice that the momentum factor exposure increases considerable when we include the
volume factor in the sorting process. The high-minus-low factor is still statistically
insignificant with a value of 0.101 (t-stat 0.664). The monthly four-factor alpha is
somewhat decreasing to 98.2 (t-stat 3.182) from CAPM alpha of 1.17% (t-stat 3.880),
but is still significant. Once again, if this is compared to the four-factor alpha generated
by the Original strategy, it is 46.4 bp higher.

In Graph 2, we display the abnormal returns generated by the Volume strategy.
Over the entire sample period, the strategy earns four-factor adjusted abnormal returns
of 112.68%. In Graph 3, we display a comparison of the adjusted abnormal returns
generated by the two strategies. Over the 117 months, the Volume strategy earns 46.75
percentage points more than the Original strategy, indicating the economic significance
of including trading activity in the prediction on implied volatility.

Table 14 presents the decomposed positions for both portfolio 1 and portfolio 10
in the Volume strategy. In column (1) and (4) we use the CAPM and the four-factor
model to regress excess stock returns. The monthly CAPM alpha is -0.635 bp (t-stat
0.378) and the monthly four-factor adjusted alpha is -13.5 bp (t-stat -0.798). In column
(2) and (5) the corresponding alphas for the decomposed option returns are, -26.2 bp
(t-stat -0.131) and 18.5 bp (t-stat 0.0923). This indicates that the alpha generated by
the Volume strategy does not steam from neither naked positions in stock nor in
options, but rather the composition of the positions. This suggests that the alphas
generated by our strategy steam from volatility mispricing. In (3) and (6) we include
the VIX risk factor. The Volume strategy exposure to this factor is -0.0206 (t-stat
0.811) in the CAPM and 0.00915 (t-stat 0.384) in the four-factor model. After the

inclusion of VIX, the alphas is virtually the same and still statistically significant.

8 Conclusion

This paper sets out to investigate the cross-sectional relationship between past
abnormal stock return and future implied volatility. Building on research investigating

this cross-sectional connection and research exploring stock illiquidity, trading activity
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and information asymmetry, we seek to improve the original relationship. By doing so,
we find empirical evidence suggesting a negative relationship between stock trading
activity and future implied volatility and a negative relationship between stock
illiquidity and future implied volatility.

Furthermore, we find new evidence indicating that alpha is positively and
significantly correlated to the probability of informed trading and that the exclusion of
systematic risk factors from alpha generates a more sophisticated signal of informed
trading. Additionally, we find results suggesting that informed traders use the call
option to exploit their superior information if the stock is illiquid. As we use a lagged
Fama-French-Carhart alpha variable and a lagged stock trading activity variable, we
enhance the original relationship and find indications of a more pronounced impact on
future implied volatility. These findings are robust under several firm level cross-
sectional regression specifications and under the inclusion of year fixed effects.

Based on these empirical pattern we present a self-financed trading strategy which
aims to extract returns from the spread in volatility measures. We develop one strategy
which is based on lagged Fama-French-Carhart alphas and another strategy that
incorporates a lagged stock trading activity variable. As this is done, the cumulative
abnormal returns increases 46.75 percentage points over the sample period, stretching
from April 2005 to December 2014. This suggests that stock trading activity has an
important role both in the predicting future implied volatility and in identifying the
probability of informed trading. In addition to this, we find that the abnormal returns
of the strategies does not steam from neither naked positions in options nor in stocks,
but rather the composition of the strategy. Suggesting a volatility mispricing.

This study contributes to the existing literature in two ways. First, as our results
indicates a negative impact on implied volatility in the wake of stock illiquidity, the
findings contributes to research investigating the trading behavior of informed traders.
Second, as the inclusion of trading activity in the original framework improves the
predictability of implied volatility, our findings also contributes to the field of research
concerning volatility predictions and mispricing.

Finally, we want to underline the limitations of our study and also, highlight
fields of future research connected to our paper. Our first issue is data related. As our
data only covers large stocks in the US, this imposes a risk that the relations presented
in this study are isolated to this particular investment universe. Another data related
issue is that our data on Probability of Informed Trading (PIN) is quarterly and only
covers half of our sample period. These data issues could impose risks of sample biases.
The second issue is related to our extended empirical research. We use variables which
potentially are more accurate over longer time-periods. Also, the liquidity measures
used in this study can be seen as proxies for informed trading by on a stand-alone

basis. Another issue connected to this is that we only investigate stock illiquidity in

29



our extended empirical study. It is well documented that the illiquidity in options and
thus, the transaction costs for trading in option markets, is somewhat higher than in
stock markets. These aspects could also, to some extent, generate biased results. As for
future research, we suggest two main starting points. Since we have established a
positive and significant relationship between alpha and PIN on a quarterly basis, one
future starting point is to refine this relationship. For instance, testing the relation in
different timeframes and a larger sample could bring insights into the significance of
alpha in the setting of informed trading. Another important aspect is to investigate the
aggregate risks in relation to volatility returns and mispricing. Based on the empirical
results that our strategy generates monthly abnormal returns of 98.2 bp, there could
be an unknown systematic risk factor yet to be discovered.

As for our study, we conclude that our empirical results indeed suggests a
significant relationship between informed trading, trading activity and volatility

mispricing.
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Appendix A

Table 1: Descriptive Statistics by Year

Table 1 reports descriptive statistics by year for Market Capitalization (in thousands USD), Volume (number of shares traded per day), Implied volatility
(interpolated dataset from Bloomberg L.P) and Realized volatility (estimated by the standard deviation of daily returns using a 30 day estimation window).
Statistics is grouped by year and measures are Mean, Median, Min, Max, Standard deviation and Number of observations. The sample period is April 2005 to
December 2014 and covers 117 months, which equals 901.142 daily observations and 497 unique tickers.

Year Variable Mean Median Min Max Std. N
Market Cap 24000000 11200000 2000016 394000000 39700000 64768
5005 Volume 3501332 1469800 12200 254000000 7581212 64768
Implied Vol 24.06% 23.00% 13.37% 40.00% 9.18% 64768
Realized Vol 23.09% 20.79% 11.46% 42.55% 10.52% 64768
Market Cap 25500000 12600000 2000156 393000000 40100000 88548
5006 Volume 4097523 1727850 27400 395000000 8829329 88548
Implied Vol 24.92% 23.35% 13.27% 42.72% 9.99% 64768
Realized Vol 23.65% 20.96% 10.92% 44.95% 11.23% 88559
Market Cap 27900000 13900000 2003159 432000000 42800000 91898
5007 Volume 5072392 2353400 10400 288000000 8941274 91898
Implied Vol 27.43% 26.56% 14.02% 45.06% 10.67% 91909
Realized Vol 26.26% 24.10% 11.99% 48.06% 12.91% 91909
Market Cap 23700000 10900000 2000197 384000000 36900000 92704
5008 Volume 7568494 3633150 88600 1200000000 15000000 92704
Implied Vol 48.32% 41.56% 22.58% 97.88% 25.04% 92707
Realized Vol 52.77% 41.78% 19.63% 124.18% 35.57% 92707
Market Cap 19400000 8916240 2000158 279000000 30200000 91392
5009 Volume 8655137 3944800 49000 1230000000 24900000 91392
Implied Vol 45.93% 41.26% 21.63% 86.31% 22.03% 91393
Realized Vol 46.31% 39.05% 16.88% 102.14% 29.24% 91393
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Market Cap 23300000 11200000 2002221 300000000 35300000 94244

Volume 6824013 3306750 62100 655000000 15000000 94244

2010 Implied Vol 30.24% 29.00% 16.90% 48.05% 9.72% 94244
Realized Vol 27.91% 25.97% 12.85% 49.58% 11.80% 94244

Market Cap 25700000 12600000 2009465 392000000 38600000 94407

2011 Volume 6612519 3205600 90300 860000000 15700000 94407
Implied Vol 31.52% 29.23% 16.53% 54.44% 12.09% 94408

Realized Vol 31.43% 27.65% 12.70% 62.63% 15.91% 94408

Market Cap 27700000 13000000 2001464 658000000 46500000 93713

2012 Volume 9567823 2683942 51769 669000000 13600000 93713
Implied Vol 25.76% 24.47% 13.59% 42.83% 9.30% 93713

Realized Vol 24.22% 22.10% 11.33% 44.56% 11.04% 93713

Market Cap 32100000 15400000 2002766 516000000 48000000 94651

2013 Volume 4672946 2300900 200 336000000 9678823 94651
Implied Vol 22.63% 21.42% 13.73% 35.97% 7.33% 94651

Realized Vol 21.48% 19.65% 11.84% 37.36% 8.94% 94651

Market Cap 36900000 17500000 2001936 698000000 55400000 94817

2014 Volume 4301722 2250873 100 618000000 8059025 94817
Implied Vol 21.55% 20.04% 13.20% 35.09% 7.05% 94817

Realized Vol 20.33% 18.33% 10.58% 36.59% 9.00% 94817
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Table 2: Descriptive Statistics of Key Variables by Year

Table 2 reports mean value for some of the key variables over time. Quoted Spread and Amihud have
been converted into percent. Quoted Spread is defined as the average Quoted Spread for each stock
during each month of the sample period. Amihud is defined as the average Amihud measure per month
for each stock in the sample period. The volume factor is the percental change in traded volumes between
two successive months. The sample period is April 2005 to December 2014 and covers 117 months.

Year Quoted Spread Amihud Volume Factor
2005 0.06851 0.02415 0.03924
2006 0.05958 0.01763 0.05805
2007 0.09533 0.01402 0.08929
2008 0.13367 0.02297 0.10571
2009 0.08713 0.02143 0.01071
2010 0.04289 0.01305 0.03216
2011 0.03561 0.01407 0.05492
2012 0.0345 0.01168 0.02929
2013 0.02795 0.00998 0.02738
2014 0.0391 0.00832 0.05543
N 43042 43042 43042
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Table 3: Descriptive Statistics of Volatility Spread by Portfolio

Table 3 reports mean value of the volatility spread by portfolio. Each decile portfolio is equal weighted
and rebalanced monthly based on past month Fama-French-Carhart alpha. The volatility spread is the
difference between the implied volatility innovation and realized volatility innovation. These innovations
are estimated by taking the respective volatility measure of the last day in each month, minus the same
volatility measure on the first day of the same month. Mean values are in percent. The sample period is
April 2005 to December 2014 and covers 117 months.

Mean N

Portfolio 1 -0.848413 117
2 -0.804967 117
3 -1.465727 117
4 -1.205179 117
5 -1.058992 117
6 -0.928294 117
7 -0.400337 117
8 -0.069749 117
9 0.862999 117
Portfolio 10 3.137027 117
P10-P1 3.98544
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Table 4: Descriptive Statistics by Alpha and Interaction Portfolios

Table 4 reports the mean, min and max return and standard deviation for 10 equally weighted portfolios.
We also display the returns on the combination of being long portfolio 10 and short portfolio 1. In panel

A we sort stocks into 10 portfolios based on Fama-French-Cahart alpha during month t — 1. Panel B, C
and D show the same result for portfolio 1 and portfolio 10, when we sort stocks based on the interaction

terms:(Alpha * Volume factor), (Alpha * Quoted spread) and (Alpha * Amihud) respectively during
month t — 1. The sample period is April 2005 to December 2014 and covers 117 months.

Panel A: Descriptive Statistics by Alpha

Mean Min Max Std N

Portfolio 1 .0123188 -.0959870 .0764953 .0290042 117
2 .0104104 -.0886831 .0978279 .0258158 117
3 .0084739 -.0866281 .0531696 .0213907 117
4 .0075536 -.0862920 .0498225 .0198480 117
5 .0094270 -.0451143 .0655364 .0190884 117
6 .0084182 -.0977164 .0592211 .0193448 117
7 .0092375 -.0588119 .0554914 .0190458 117
8 .0113865 -.0875307 .0693233 .0190112 117
9 .0127941 -.0364001 .0957132 .0190614 117
Portfolio 10 .0144713 -.0613167 .0835405 .0202945 117
P10-P1 .0021525

Panel B: Descriptive Statistics by (Alpha * Volume factor)

Raw Return Min Max Std N
Portfolio 1 .0091307 -.2395752 1057747 .042204 117
Portfolio 10 .012173 -.0813101 .0898715 .0247385 117
P10-P1 .0030423

Panel C: Descriptive Statistics by (Alpha * Quoted spread)
Raw Return Min Max Std N
Portfolio 1 .0197692 -.1864986 4823417 .0685943 116
Portfolio 10 .0089418 -.2236244 1413307 .048162 116
P10-P1 -.0108274
Panel D: Descriptive Statistics by (Alpha * Amihud)

Raw Return Min Max Std N
Portfolio 1 .0196698 -.1803331 .1898491 0467767 109
Portfolio 10 .0131333 -.1057555 1234497 .035470 109
P10-P1 -.006537
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Table 5: Descriptive Statistics — Monthly Delta Exposure

Table 5 reports the mean, min, max, standard deviation and number of months on the delta change in
month t for 10 equally weighted portfolios sorted on Fama-French-Carhart alpha during month t — 1.
The delta change is computed as the difference between the delta neutral positions at inception of month
t and the final delta exposure for each position during the same month. We display statistics by each

portfolio and the values are computed monthly. The sample period is April 2005 to December 2014 and
covers 117 months.

Mean Min Max Std N
Portfolio 1 .0404942 -.1641088 .1982985 .0738816 116
2 .0423201 -.1085567 .2046431 .0688033 116
3 .0401331 -.1862767 1789523 .0658368 116
4 .0351204 -.1694063 .1897836 .0726074 116
5 .0463669 -.2552181 .2194012 .0784302 116
6 .0289616 -.1629642 .163725 .0679905 116
7 .0563796 -.1743624 2781543 .0692123 116
8 .0439783 -.1547773 .2688552 .0794642 116
9 0482783 -.191205 2983137 .0791402 116
Portfolio 10 .0392233 -.1579664 2619957 0767235 116
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Table 6: Confirmation of Predictive Relationship

Table 6 displays the main predictive relationship used in this study and results are based on An et al.
(2014) findings. We regress CAPM alpha for each stock during month ¢t — 1 on the first difference in
implied volatility in (1) during month t and the first difference in realized volatility in (2) during month t.
The monthly alpha is the sum of all daily alphas during month t — 1 for each stock i. The first difference
in implied- and realized volatility is the difference between the volatility of the last day in month t, and

the volatility of the first day of month t. The table displays the average coefficients. The sample period
stretches from April 2005 to December 2014 and covers 117 months.

(1) (2)

VARIABLES ATV ARVOL
Alpha 3.176*** -10.879***
(4.18) (-5.07)
Constant -0.452 0.436
(-0.99) (0.52)
Observations 117 117

Robust t-statistics in parentheses
% p< 0.01, ** p< 0.05, * p< 0.1
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Table 7: Inclusion of Fama-French-Carhart Alpha

Table 7 displays the inclusion of Fama-French-Carhart (FFC) alphas. We regress both CAPM and FFC
alphas for each stock during month t — 1 on the first difference in implied volatility during month t. The
monthly alpha is the sum of all daily alphas during month t — 1 for each stock i. The first difference in
implied- volatility is the difference between the volatility of the last day in month ¢, and the volatility

of the first day of month t. The table displays the average coefficients. (1) displays the regression using
CAPM estimates on alphas and (2) displays FFC estimates on alphas. The sample period stretches from
April 2005 to December 2014 and covers 117 months.

M @)
VARIABLES ATV ATV
Alpha 3.176%** 3.677F*F*

(4.18) (4.99)
Constant -0.452 -0.474

(-0.99) (-1.04)
Observations 117 117

Robust t-statistics in parentheses
*skok p< ()0]_7 *k p< 005, * p< 0.1
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Table 8: Main Test

Table 8 presents the regression specifications used in the main test. We use Fama-French-Carhart (FFC)
alphas defined as the sum of all daily alphas during month t — 1 for each stock i, Volume is defined as
the change in average traded volume between month t — 1 and t — 2, for each stock i. The dummy takes
a value of 1 if volume decile equals 1 (largest decrease in average traded volume between month t — 1

and t — 2) and a value of 0 otherwise. The variable Year is a dummy, which captures year fixed effects.
The table displays the average coefficients. (1) displays the regression using FFC alphas only, (2) displays
the same regression when including the volume factor. In (3) we include the dummy and in (4) the year
fixed effect. The sample period stretches from April 2005 to December 2014 and covers 117 months.

(1) (2) (3) (4)
VARIABLES ATV ATV ATV ATV

Alpha 3.O6TTH** 3. 426%HF  3.492%HF 3 3T
(4.99)  (4.70)  (4.80)  ( 4.68)

Volume Factor -1.881H*F  -0.727**% (0. 717*F**
(-2.02)  (-4.29)  (-4.27)

Dummy 0.665%**  0.487***
(3.17)  (4.40)

Year 0.740**
(2.56)
Constant -0.474 -0.435 -0.673  -3.963**

(-1.04)  (-0.93)  (-1.31)  (-2.52)

Observations 117 117 117 117

Robust t-statistics in parentheses
**% p< 0.01, ** p< 0.05, * p< 0.1
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Table 9: Robustness Test 1 - Probability of Informed Trading (PIN)

Table 9 displays the first robustness test using quarterly PIN data from Stephen Browns’ website at
Robert H. Smith. PIN is based on Easley et al. (1996) and is a measure based on trading intensity of
informed and uninformed investors in connection to any information event. Any Event is the probability
of an information based event and Bad Event is the probability of Any Event to be bad news. Noise is
the fraction of uninformed trading intensity during one trading day. The alpha variable is computed as
earlier, by taking the sum of all daily Fama-French-Carhart alphas during the estimation window, which
now is one quarter. The sample period is April 2005 to December 2010, and covers 69 months, 23 quarters

and 2.102 unique observations

(1) (2) (3) (4)
VARIABLES PIN PIN PIN PIN
Any Event 0.171%%* 0.173%** 0.214%#%* 0.215%#*
(13.08) (11.78) (26.14) (26.26)
Bad Event 0.00452 0.0106%** 0.0103***
(0.896) (4.189) (3.998)
Noise -0.486*** -0.486***
(-22.71) (-22.72)
Alpha 0.00160*
(1.883)
Constant -0.00491 -0.00766 0.331%#* 0.3327%#*
(-0.890) (-0.949) (26.92) (26.99)
Observations 2,102 2,102 2,102 2,102

Robust t-statistics in parentheses
**% p< 0.01, ** p< 0.05, * p< 0.1
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Table 10: Robustness Test 2 — Quoted Spread

Table 10 presents the second robustness test based on the regression specifications (34) and (35). We
use Fama-French-Carhart (FFC) alphas defined as the sum of all daily alphas during month t — 1 for
each stock i. Daily Bid-Ask spread is defined as the difference between closing ask and bid prices divided
by closing ask price for stock i during each day of month t — 1. The Quoted Spread variable is defined

as the average of all daily Bid-Ask spreads during month t — 1 for each stock i. The variable Year is a
dummy, which captures year fixed effects. The table displays the average coefficients. (1) displays the
regression using FFC alphas only, (2) displays the same regression when including the Quoted Spread.
In (3) we include the year fixed effect. The sample period stretches from April 2005 to December 2014
and covers 117 months

(1) (2) (3)
VARIABLES ATV ATV ALV

Alpha 3.67THHFF 3 HTRHIHFK 3, 484%**
(4.99)  (5.01)  (4.89)

Quoted Spread -3.649*%*  -3.361**
(-2.26)  (-2.05)

Year 0.491
(1.45)
Constant -0.474 -0.267 -2.671

(-1.04) (-0.64) (-1.51)

Observations 117 117 117

Robust t-statistics in parentheses
*okok p< (),()17 *k p< 0.05, * p< 0.1
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Table 11: Robustness Test 3 — Amihud

Table 11 presents the third robustness test based the regression specifications (36) and (37). We use
Fama-French-Carhart (FFC) alphas defined as the sum of all daily alphas during month ¢t — 1 for each
stock i. Daily Amihud is defined the absolute return for stock i during each day of month t — 1 divided
by its dollar traded volume during the same day. The Amihud variable is defined as the average of all
daily Amihud measures during month t — 1 for each stock i. The variable Year is a dummy, which
captures year fixed effects. The table displays the average coefficients. (1) displays the regression using
FFC alphas only, (2) displays the same regression when including the Amihud variable. In (3) we include
the year fixed effect. The sample period stretches from April 2005 to December 2014 and covers 117

months
(1) (2) (3)

VARIABLES AIV ATV AIV

Alpha 3.67THFHR 3 TITHRE 3 6154
(4.99)  (5.04)  (4.92)

Amihud T.213%F 7,053
(-2.02)  (-1.96)

Year 0.731**
(2.38)
Constant -0.474 -0.396  -3.925**

(-1.04)  (-0.89)  (-2.38)

Observations 117 117 117

Robust t-statistics in parentheses
*Hx p< 0.01, ** p< 0.05, * p< 0.1
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Table 12: Original Strategy — Monthly Alphas

Table 12 reports monthly alphas for the Original trading strategy, where we sort stocks into equally
weighted portfolios based on Fama-French-Carhart (FFC) alphas during month t — 1. MKTRF is the
excess return for the market portfolio, SMB is the small-minus-big factor, HML is the high BM-minus-
low BM factor and UMD is the momentum factor. Portfolio 10 consists of long stock positions with
written call options on each stock, and Portfolio 1 consist of short stock positions with bought call
options on each stock. (1) and (4) displays the CAPM and FFC alphas on Portfolio 1, while (2) and (5)
displays the corresponding results for Portfolio 10. (3) and (6) show the combined alphas of the Original
strategy. The sample period is April 2005 to December 2014 which is 117 months.

(1) (2) (3) (4) (5) (6)
VARIABLES Portfolio 1 Portfolio 10 P10+P1 Portfolio 1 Portfolio 10 P10+P1

MKTRF 1A8GFFF 0.0713%FF  1415%FF L] 146FFF 0.102FFF  1044%F%
(-20.50) (4.245) (-18.75)  (-16.23) (5.479) (-14.05)
SMB S0.518%F%  _0.0669%*F*  -0.585%**

(-4.307) (-2.864)  (-4.745)

HML 0.105 -0.0608**  0.0443
(1.016) (-2.347) (0.415)

UMD 0.643%%* 0.0121  0.655%%*
(4.906) (0.965) (4.958)

ALPHA 0.000783  0.00586*** 0.00664*** -0.000573  0.00575%**  0.00518%*
(0.407) (11.72) (3.314)  (-0.287) (11.48) (2.497)

Robust t-statistics in parentheses
*Hx p< 0.01, ** p< 0.05, * p< 0.1
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Table 13: Volume Strategy — Monthly Alphas

Table 13 reports monthly alphas for the Volume trading strategy, where we sort stocks into equally
weighted portfolios based on Fama-French-Carhart (FFC) alphas during month t —1 and change in

trading activity between month t —1 and t — 2. MKTRF is the excess return for the market portfolio,
SMB is the small-minus-big factor, HML is the high BM-minus-low BM factor and UMD is the
momentum factor. Portfolio 10 consists of long stock positions with written call options on each stock,
and Portfolio 1 consist of short stock positions with bought call options on each stock. (1) and (4)
displays the CAPM and FFC alphas for Portfolio 1, while (2) and (5) displays the corresponding results
for Portfolio 10. (3) and (6) show the combined alphas of the Volume strategy. The sample period is
April 2005 to December 2014 which is 117 months.

(1) (2) (3) (4) () (6)
VARIABLES Portfolio 1 Portfolio 10 P104+P1  Portfolio 1 Portfolio 10 ~ P10+P1

MKTRF S1.895FRE  0.0637FFF  1.831FFF _1410%FF  0.0784%FF ] 3320k
(-16.69) (3.988) (-15.87)  (-13.40) (4.035) (-12.34)
SMB 0.576%FF 00260  -0.602%**

(-3.073) (-0.799) (-3.138)

HML 0.170 -0.0688* 0.101
(1.166) (-1.685) (0.664)
UMD 1.062%%* 0.0118  1.050%%*
(4.852) (-0.642) (4.756)
ALPHA 0.00798*F*  0.00375%F*  0.0117%%*  0.00613**  0.00368*** 0.00982***
(2.716) (6.087) (3.880) (2.045) (5.939) (3.182)

Robust t-statistics in parentheses
**% p< 0.01, ** p< 0.05, * p< 0.1
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Table 14: Decomposed Volume Strategy — Monthly Alphas

Table 14 reports monthly alphas for the Volume trading strategy, where we sort stocks into equally
weighted portfolios based on Fama-French-Carhart (FFC) alphas during month t —1 and change in
trading activity between month t —1 and t — 2. MKTRF is the excess return for the market portfolio,
SMB is the small-minus-big factor, HML is the high BM-minus-low BM factor and UMD is the
momentum factor. (1) and (4) displays the decomposed CAPM and FFC exposures on excess stock
returns. This is a variable that captures the combination of long stock positions from portfolio 10 and
short stock positions from portfolio 1. (2) and (5) displays the corresponding factor exposures on the
decomposed option positions. The variable captures the written call options from portfolio 10 and the
bought call options from portfolio 1. (3) and (6) displays the CAPM and FFC alphas for the complete
Volume strategy (as presented in Table 13) when we include VIX in the regression. The sample period
is April 2005 to December 2014 which is 117 months

(1) (2) (3) (4) (5) (6)
VARIABLES Excess Excess P10+P1 Excess Excess P10+P1
stock option stock option

(P10+P1) (P10+P1) (P10+P1)  (P10+P1)

MKTRF C0.420%F%  311FRRE ] 8O8¥RK _0.241FF%  2.201%FF ] 299%%
(-7.070) (6.606) (-11.90)  (-3.848) (3.807) (-8.499)

SMB -0.209%* 0.514 -0.603 %+
(-2.420) (0.501) (-3.129)
HML -0.0108 -0.515 0.0846
(-0.117)  (-0.570) (0.598)

UMD 0.354%%% 9 45%%x ] Q51
(4.435) (-3.832) (4.756)
VIX -0.0206 0.00915
(-0.811) (0.384)

ALPHA -0.00262  0.0127%%*  -0.00135  0.00185  0.00938**
(-0.131) (3.590) (-0.798)  (0.0923) (2.576)

Robust t-statistics in parentheses
% p< 0.01, ** p< 0.05, * p< 0.1
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Graph 1: CARs of Original Strategy

Graph 1 presents the cumulative abnormal returns of the Original strategy, where we sort stocks into
equally weighted portfolios based on past months Fama-French-Carhart alpha. Portfolio 1 consists of
stocks with low or negative alpha and portfolio 10 of stocks with high alpha. The abnormal returns
steam from the composition of long stock positions with written call options on each stock in portfolio
10, and of short stock positions with bought call options on each stock in portfolio 1. Abnormal returns
are computed as the difference between the excess return on the Original strategy, minus the expected
value from Fama-French-Carhart asset pricing model. The sample period stretches from April 2005 to
December 2014 and covers 117 months.
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Graph 2: CARs of Volume Strategy

Graph 2 presents the cumulative abnormal returns of the Volume strategy, where we sort stocks into
equally weighted portfolios based the interaction term of past month Fama-French-Carhart alpha and
changes in trading activity. Portfolio 1 consists of stock with low or negative alphas in combination with
a high increase in trading activity. Portfolio 10 consists of stocks with high alpha and high decrease in
trading activity. The abnormal returns steam from the composition of long stock positions with written
call options on each stock in portfolio 10, and of short stock positions with bought call options on each
stock in portfolio 1. Abnormal returns are computed as the difference between the excess return on the
Volume strategy, minus the expected value from Fama-French-Carhart asset pricing model. The sample
period stretches from April 2005 to December 2014 and covers 117 months.
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Graph 3: Comparison of CARs between Original and Volume
Strategy

Graph 3 presents the cumulative abnormal returns of the Original (dashed line) and Volume strategy
(continuous line). In the Original strategy, we sort stocks into equally weighted portfolios based on past
month Fama-French-Carhart alphas. Portfolio 1 consists of stocks with low or negative alpha and
portfolio 10 of stocks with high alpha. In the Volume strategy, we sort stocks into equally weighted
portfolios based the interaction term of past months alpha and changes in trading activity. Portfolio 1
consists of stock with low or negative alphas in combination with a high increase in trading activity.
Portfolio 10 consists of stocks with high alpha and high decrease in trading activity. The abnormal
returns steam from the composition of long stock positions with written call options on each stock in
portfolio 10, and of short stock positions with bought call options on each stock in portfolio 1. Abnormal
returns are computed as the difference between the excess return on the two strategies, minus the
expected value from Fama-French-Carhart asset pricing model. The sample period stretches from April
2005 to December 2014 and covers 117 months.
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