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Abstract

We investigate and test hypotheses on how informed trading varies with market-wide factors and
the structural and trading characteristics of a firm. We find strong evidence of commonality in
informed trading, and a systematic dependence of informed trading on firm characteristics that is
largely consistent with intuition and earlier theory and empirical evidence, wherever available.
We accordingly decompose informed trading into two components: one that reflects information
asymmetry with respect to skilled information processors with potentially private information on
systematic factors or who generate a private informational advantage using public data; and an-
other unpredictable component that reflects truly private information, potentially of traditiona
insiders. We test the pricing relevance of both these components and find that it is only the un-
predictable component reflecting truly private information that is priced, and is priced more
strongly and in a manner more robust than total informed trading. Our pricing-relevance results
strongly support Easley and O’ Hara (2004) and do not support Hughes, et al. (2007).

Keywords: Market microstructure, Common factors, Risk factors, Asymmetric information
JEL Classification: G10, G12, G14
Thisversion: May 31, 2009

! Florian Bardong (florian.bardong@barcl aysglobal .com) is at Barclays Global Investorsin London. Shnke Bartram
(s.m.bartram@lancaster.ac.uk) is at State Street Capital in London and at Lancaster University, Lancaster, England.
Pradeep Y adav (pyadav@ou.edu) (corresponding author) is at the Price College of Business, Oklahoma University,
307 W. Brooks Suite 205A, Norman, OK 73019, U.S,, tel. 405 325 6640, fax 405-325-2096; and is a so affiliated
with Lancaster University, Lancaster, England, and the Center for Financial Research at the University of Cologne,
Germany. We thankfully acknowledge helpful comments and suggestions from Aslit Ascioglu, Chris Brooks, Martin
Evans, Chitru Fernando, Scott Linn, Narayan Naik, John O'Hanlon, Michad Pagano, Grzegorz Pawlina, Vikas Ra-
man, Stephen Taylor, and participants at the 2008 Western Finance Association Annua Meetings, the European Fi-
nance Association Annual Meetings, the EMG/ESRC Workshop on “Microstructure Issues of Financial Markets’, the
DRM-CEREG Dauphine Workshop on “Financial Market Quality” at Euronext, Paris, and seminars at the Indian
School of Business, Lancaster University, and the University of Oklahoma. We al so thank Soeren Hvidkjaer for mak-
ing PIN data available on his website.

Electronic copy available at: http://ssrn.com/abstract=890989



Informed Trading, Information Asymmetry and Pricing of Informa-
tion Risk: Empirical Evidence from the NY SE

1. Introduction and Motivation
A large body of academic literature has modeled the role of private information in asset

markets, examined the inter-relationship between the resultant information asymmetry and the
trading actions of investors, investigated a wide range of other issues relevant to information
asymmetry, and importantly, provided empirica evidence that information asymmetry is priced
in the required rate of return.

This paper is anchored in the notion that information asymmetry need not necessarily
arise just from the prototypical “insiders’ with firm-specific hard information, i.e. the corporate
managers and their affiliates, but could arise from skilled information processors with private in-
formation about market-wide systematic return factors (Subrahmanyam (1991); Hughes, et 4.
(2007)), or the ability to generate a private informational advantage from skilled analysis of firm-
specific or market-wide public information (Kim and Verrechia (1994, 1997)). These skilled in-
formation processors could be unconnected to a firm but investing resources to acquire price-
relevant private information (Grossman and Stiglitz (1980)) that can be specific to the firm or
sector-specific, or market-wide (Chordia, et al. (2000); Gilson, et al. (2001)), or related to the
trading environment (Madrigal (1996); Easley, et a. (1998)) or to the structura characteristics of
the firm (Bhushan (1989b); Dennis and Weston (2001); Odders-White and Ready (2006)). Ac-
cordingly, we partition observed information asymmetry into an unpredictable component based
on firm-specific (truly) private information, and a predictable component based on public infor-
mation, and arguably dependent not only on the trading and structural characteristics of the firm,

but also on market-wide factors, and thereby exhibiting commonality across stocks.

Electronic copy available at: http://ssrn.com/abstract=890989



It isempirically chalenging to fully measure all dimensions of private information, but at
least a subset of such private information should arguably be revealed periodically to the market
through the trading actions of investors with access to private vaue-relevant information. We
empirically investigate information asymmetry through the use of two reasonably direct and most
extensively used market microstructure measures — the PIN measure developed, tested and used
in, for example, Easley and O'Hara (1992), Easley, et a. (19973, b), and Eadley, et a. (2002);
and the adver se selection measure widely used to directly proxy for informed trading (Huang and
Stoll (1996); Bessembinder and Kaufman (1997); and Hansch, et al. (1999)), representing the
spread revenue lost, on average, by passive liquidity suppliers to liquidity demanders, the group
that arguably includes informed investors demanding immediacy to extract rents from their in-
formation before their information becomes fully incorporated into prices (Harris (2003, p. 226)).
Throughout this paper, we use the terms “information asymmetry” and “informed trading” quite
interchangeably, with the choice depending on the economic context of where they are used.

Our first contribution is to test hypotheses on the systematic relationship between our two
information asymmetry measures and the market-wide factors that could be the most likely to
impound private information on economy-wide systematic return factors, and most likely to re-
flect the trading actions of skilled information processors aggregating public information across
stocks and sectors’. We choose four factors: overall market volatility, aggregate trading volume
over al stocks, average bid-ask spread across stocks, and market-wide buy-sell order-imbalance;

and thereby investigate the extent of commonality in observed measures of informed trading.

2 For example, market-wide informed trading can arise as trading by large institutional investors acting in concert to
similar information, thereby generating similar order-flow. Information relevant to these investors may, for example,
be economic and monetary news and policy announcements. Additionally, Admati and Pfleiderer (2000) show that
new information on asmall set of dominant firmsin a particular industry may be used by investors to enhance their
information-set of related firms in the same industry, potentially causing the same trades across many stocks at once.
Some types of investors, e.g., hedge funds, may be particularly activein skilled processing of public information,
investing expertise and other resources without turnover or trading cost considerations, implementing strategies that
call for simultaneous trades of many stocks at the same time (See Malkid and Saha (2005); Khandani and Lo (2007)).



Our second contribution is to test hypotheses on the systematic relationship between our
two information asymmetry measures and firm-specific factors that could be the most likely to
impound firm-specific private information inferred by skilled information processors from pub-
licly available data. We choose six stock-level trading characteristics: volatility, trading volume,
actual and unexpected bid-ask spread, tick-size and buy-sell order-imbalance; and several infor-
mation-relevant firm-specific structural characteristics, e.g., size, asset tangibility, growth options,
insider and outsider ownership, and the availability of aternative trading mechanisms.

We then use the estimated systematic relationships between informed trading and com-
mon market-wide factors, and between informed trading and the structural and trading character-
istics of afirm, to calculate the “expected” level of informed trading (EXIT), and interpret EXIT
as a proxy for the asymmetric information content of skilled information processors who have
private information about systematic market-wide factors or who use public data to generate a
private informationa advantage. We label the unexplained part of the observed level of informed
trading as Residual Asymmetric Information — or RAIN for brevity and ease of exposition. RAIN,
a measure that captures the aggregate net economic effect of the abnormal, unexpected level of
informed trading, is interpreted as a measure that represents truly private non-public information
that encapsulates within it (potentially informed) trades by traditional insiders. One can think of
our decomposition as conceptually creating three information based classes of traders: unin-
formed traders, skilled information processors without inside private information but with the ca-
pacity to generate a private informationa advantage through private information on systematic
factors or with available public information, and informed traders with truly private information.

Our final contribution is to extend the empirica literature on information asymmetry and
cost of capital (e.g., Easley, et d. (2002)) and examine the extent to which the different compo-

nents of information asymmetry are priced in the cross-section of stock returns. The theoretical



models relevant in this context are Easley and O'Hara (2004) (hereafter EO) and Hughes, et al.
(2007) (hereafter HLL); both of whom provide valuable insights for the central issue in this paper
even though our empirical framework, like others before, is not totally consistent with the rigid
structure of their models®. The popular intuition is that information risk is priced because unin-
formed investors need to be compensated for the risk of systematically losing out to privately
more-informed investors, and more formally, EO show that firms with a higher fraction of pri-
vate (relative to public) information exposure have a higher required return. HLL, unlike EO, ex-
plicitly incorporate private information about systematic return factors, and, emphasizing diversi-
fication, argue that the pricing effect in EO Proposition 2 disappears in a large economy due to
diversification, and both informed and uninformed investors exploit liquidity traders in a noisy
supply environment. On one hand, HLL argue that, because of diversification, firm-specific in-
formation characteristics do not determine expected returns, and, on the other hand, they show
that factor risk premiums increase as information asymmetry about systematic factors increases,
and importantly, even though firm-level private signals arguably carry more information about
idiosyncratic rather than systematic factors, even infinitesimally tiny systematic factor informa-
tion has afinite effect on factor risk premiums when aggregated.

Based on EO, we would expect that RAIN, the informational advantage from fully private
non-public information, should clearly be priced in the required rate of return, but based on HLL,
we would expect the risk on this account to be fully diversified away: in fact, in an HLL world
one could argue that the results in Easley, et a. (2002) could potentialy have been driven by
EXIT not RAIN, and the true test of EO will have to based on RAIN, and not on total information

asymmetry. To resolve thisissue empirically, we test the return relevance of RAIN.

% For example, while HLL are silent on an information asymmetry factor sinceit does not arise endogenously in
their model, they also say that their model is not inconsistent with its existence.



The EO and HLL expectations are also different for the return relevance of EXIT, the pub-
lic-data-based private informational advantage of skilled information processors potentially with
private information on systematic factors. Based on HLL, private information on systematic mar-
ket-wide factors, and hence EXIT, should generate a positive risk premium. However, given that
EXIT is based on public data, and even the processing skills arguably extend across a wide spec-
trum of traders, one would not expect a positive risk premium for EXIT based on EO*. Accord-
ingly, we distinguish between these modeling intuitions by exploring this issue empirically by
testing the return relevance of EXIT.

The empirical analysis of this paper is based on all reasonably liquid stocks traded on the
New York Stock Exchange (hereafter NY SE), and covering the eleven-year period between
January 1995 and December 2005. Our results on the relationships of information asymmetry
with market and firm factors are generally consistent with our ex-ante expectations. We find that
both information asymmetry measures have a strong and significant positive association with
market-wide and firm-level volatilities (consistent with French and Roll (1986)), market-wide
and firm-level trading volumes (consistent with Bhushan (1989a) and Admati and Pfleiderer
(1988)), market-wide and firm-level bid-ask spreads (consistent with Glosten and Milgrom
(1985)), and market-wide and firm-level order-imbalances (consistent with Kyle (1985)). Infor-
mation asymmetry is also significantly higher for firms with higher growth options (consistent
with Matsumoto (2002)), higher asset-tangibility (consistent with Cotter and Richardson (2002)
and Kothari et al. (2002)), greater insider ownership (consistent with Aboody, et a. (2005) and

Lakonishok and Lee (2001)), lower outsider ownership (consistent with an improvement in

“ Infact, in EO, asthe fraction of traders with private information increases, the required rate of return decreases,
because the demand for the stock from informed traders increases and the precision with which information is re-
vealed to the uninformed increases. In our view, while private information in EO isidiosyncratic, even if we assume
that thisidiosyncratic private information has a systematic component, these systematic components will be widely
dispersed, and hence reduce rather than increase required returns.



communication with investors as in Bushee and Noe (2000)), less profitable firms, relatively
smaller firms (consistent with Bhushan (1989b) and Lakonishok and Lee (2001)), and firms with
options trading on it (consistent with Easley, et al. (1998)).

Overall, we find strong evidence of commonality in informed trading and the existence of
a core component in information asymmetry related to private information about systematic fac-
tors or skilled information analysts who, consistent with Kim and Verrecchia (1994, 1997), gen-
erate private information from public data. On average, about 47% of explained variation in in-
formed trading is attributable to market-wide commonality, with the remaining 53% attributable
to the firm-level environment captured by firm-specific structura characteristics and the stock-
level trading environment. As expected, we find that, consistent with sophisticated investors be-
ing more likely to invest in large firms (Chordia and Subrahmanyam (2004); Farrar and Girton
(1981)), market-wide commonality in information asymmetry is significantly greater for larger
firms. We also find that, in the context of information asymmetry, stock-level trading characteris-
tics are relatively less important for larger firms, and, consistent with investors of smaller firms
having lesser public information (Bhushan (1989b)) and being exposed to greater risk because of
their less diverse operations (Agmon and Lessard (1997)), firm-level structural and individual
asset characteristics are relatively more important in explaining informed trading for smaller
firms.

Finally, we find that RAIN, the unpredictable component of information asymmetry that
represents truly private information, is priced in the asset’s required rate of return, and its effect
on pricing is stronger and more robust than that of total information asymmetry. At the same time,
EXIT, the predictable component that potentially represents the economic gain of skilled informa-
tion processors from “private” information on market-wide factors and other public information,

does not have a significantly positive risk premium. Our results strongly support the intuition in



Easley and O’'Hara (2004), and do not support the intuition in Hughes, et a. (2007), neither with
regard to the effects of diversification, nor with respect to the risk premium for systematic factors.

The remainder of this paper is structured as follows. Section 2 summarizes the hypotheses.
Section 3 presents the methodology. Section 4 describes the data. Section 5 documents the em-

pirical results. And finally, Section 6 provides concluding remarks.

2. Hypotheses

2.1 Relationship of Information Asymmetry with Market and Firm Factors
Our first set of hypotheses relate to how information asymmetry, as measured by our two

proxies, varies systematically with different market and firm factors. For compactness of exposi-
tion, Table 1 lists the measures and variables whose relationship with information asymmetry we
investigate. The listing is under three sub-heads. market-wide factors, firm-specific trading char-
acteristics and firm-specific structural characteristics. Table 1 aso briefly summarizes what we
believe the hypothesized relationship of each of these variables should arguably be with informed
trading, and the rationale for the hypothesized relationship, citing the relevant literature wherever
possible. Accordingly, on the basis of the arguments and the associated literature cited in Table 1,

the hypotheses we test are listed below.

Hypotheses H; (Market-wide factors) - Information asymmetry is related:
Haa: Positively with market-wide bid-ask spread.

Hig: Positively with market-wide trading volume.

Hic: Positively with market-wide volatility.

Hip: Positively with market-wide order-balance.

Hypotheses H, (Stock trading characteristics) - Information asymmetry is related:
Haa: Positively with stock bid-ask spread.

Hog: Positively with stock trading volume.

H,c: Positively with stock volatility.



Hap: Positively with stock order-balance.
H.e: Positively with stock tick-size.
H.e: Positively with unexpected changes in stock bid-ask spreads.

Hypotheses H3 (Stock structural characteristics) - Information asymmetry is related:
Haza: Negatively with firmsize.

Hsg: Negatively with Book-to-Market Ratio (proxying for lack of growth options).

Hac: Negatively with firm profitability.

Hsp: Negatively with ratio of R& D Expenses to sales (proxying for asset intangibility).
Hase: Positively with ratio of Capital Expenses to sales (proxying for asset tangibility).
Hae: Positively with insider owner ship.

Hag: Negatively with outsider owner ship.

Hasu: Negatively with the existence of options trading on the stock.

2.2 Proportion of Informed Trading Explained by Public I nfor mation
In this context, we have three specific expectations. First, institutions are more likely to

be sophisticated investors and more likely to invest in large firms (Chordia and Subrahmanyam
(2004); Farrar and Girton (1981)), which, following the argument of the sophisticated investor
generating private-information from public data, implies that, those “informed” trades by institu-
tions that are based on skilled analysis of public data, should increase in relative importance with
firm size; and therefore, market-wide commonality in information asymmetry is likely to be rela-
tively greater for larger firms. Second, large-firm stocks are more liquid and price-efficient, and
should arguably provide less opportunities to informed traders to exploit their private informa-
tion; and hence, information asymmetry based on trading characteristics should be less important
to informed traders for relatively larger firms. And finally, since investors of smaller firms have
lesser public information (Bhushan (1989b)) and are exposed to greater risk because of their less

diverse operations (Agmon and Lessard (1997)), private information about firm-level structural



and individua asset characteristics should be relatively more important in explaining informed

trading for smaller firms. Accordingly, we test the following hypotheses:

Hsa: Market-wide commonality in informed trading is greater for larger stocks.
Hsg: Informed trading driven by stock trading characteristicsis less for larger stocks.
Hac: Informed trading driven by stock structural characteristicsislessfor larger stocks.

2.3  PriceRelevance of I nformation Asymmetry

Referring to the discussion of thisissue in the introduction, we note that EO predict an in-
formation risk premium based on the fraction of private (relative to public) information exposure.
HLL, unlike EO, argue that, because of diversification, firm-specific private information will not
generate a risk premium in the cross-section of expected returns. Hence, RAIN should be priced
based on EO but not on HLL. On the other hand, HLL show that factor risk premiums increase as
information asymmetry about systematic factors increases, and hence EXIT should generate a
positive risk premium based on HLL. However, since EXIT is based on publicly-available data,
one would not expect a positive risk premium for EXIT based on EO. In fact, one may even see
an EXIT-related reduction in required returns in EO. This is because, even if we assume that this
idiosyncratic private information in EO has a systematic component, these systematic compo-
nents will be widely dispersed, and EO predict that the required rate of return decreases as the
dispersion of private information across traders increases. Hence, our hypotheses on the price
relevance of information asymmetry are the following:

Hsa: RAIN is a positively priced risk factor as per Easley & O’ Hara (2004).

Alternative Hsg: RAIN isnot priced as per Hughes, et al. (2007).

Hea: EXIT isa positively priced risk factor as per Hughes, et al. (2007).
Alternative Heg: RAIN isnot priced as per Easley and O’ Hara (2004).



3. Methodology

3.1 Measuring Informed Trading
We use two measures of informed trading: PIN (labeled PIN; hereafter), and adverse selection

losses of liquidity suppliers to liquidity demanders (labeled |A; hereafter). The PIN measure as-
sumes that investors are either informed or uninformed, and private information is reveaed to the
informed investor at the beginning of each trading session; hence, informed trades reflect this
private information by being either exclusively buys or sales, but the trade direction of unin-
formed investors fluctuates randomly between buys and sells. The resulting daily number of buys
and sells serves as the empirica input enabling maximum likelihood estimates of the model, and
of PIN; over a set of T trading days. Empirical studies that use PIN; (e.g., Easley, et d. (2002);
Odders-White and Ready (2006); Vega (2006) and others), show that the measure is well be-
haved and yields intuitive results. However, PIN; is estimated over alarge number of trading ses-
sions, and isrelatively difficult to use for identifying short-lived changes in the information envi-
ronment. One could potentially estimate PIN; is with higher frequency data, but there are well-
documented computational difficulties”. In this paper, we use publicly available PIN; data esti-
mated over aone-year horizon.

Our second measure of informed trading is the daily average adverse selection loss of li-
quidity suppliers to traders demanding liquidity. Assuming that informed investors demand im-
mediacy to extract rents from their information before their information becomes fully incorpo-
rated into prices, and that liquidity suppliers’ profits come not from private information but ex-
traction of rents from supplying immediacy (through a difference between bid and ask prices),

this loss should, on average, be zero in the absence of informed trading. | A4, this direct measure

® These problems, documented by Easley, et al. (2008), Easley, et al. (2004), and Vega (2006), reflect a truncation
error that arises because the software used for maximum likelihood estimation reaches its numerical limit, and occur
when the number of transactions is high or when the imputed level of informed order flow is large relative to the
uninformed order flow.
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of adverse selection, provides transaction-level estimates of informed trading that can be aggre-
gated over any chosen frequency or class of traders. Daily averages of this variable are robust and
provide estimates at a sufficiently high frequency in the context of this paper. At a transaction
level, we define 1A; as°:

IAM:DI(MT—Mt)/Mt, (D)
where Dy is atrade direction indicator taking a value of +1 for a buy trade and —1 for a sell trade,
M; and M+ are the quote mid-points at the time of the transaction, t, and some time, T, later. To
account for variation in the time horizon that private new information is impounded into prices,
|A; is estimated over 15 minutes, 30 minutes, 60 minutes, and over 24 hours (hereafter one day) .
The comparison of estimates of this information asymmetry variable with similarly defined vari-
ables used in previous studies and some simple time-series diagnostics show that 1A; values are

reasonable, intuitive and consistent®.

3.2 Systematic Variation of Informed Trading
To capture variation of informed trading related to market-wide commonality, stock trading char-

acteristics, and firm structural characteristics, the level of informed trading is regressed on the set
of explanatory variables identified in the hypotheses section above. First, we estimate a single
regression with all variables together. Second, we divide the regression anaysis into three parts,

examining how the step-wise removal of explained variance of informed trading due to market-

® Following Hasbrouck and Sofianos (1993) and Naik and Y adav (2006), and slightly differently from Huang and
Stoll (1996) and Bessembinder and Kaufman (1997), we use quote mid-points rather than transaction prices to miti-
gate problems related to bid-ask bounce and unequally spaced transaction times (see, e.g., Lease, et. a (1991)).

" Following Bessembinder and K aufman (1997), we use quotes posted at |east five seconds before the trade. Outliers
are handled by excluding the first half-hour of the trading day, 1A; observations larger than ten percent (Huang and
Stoll (1996)), and those eight standard deviations away from the daily stock-level average. In addition, the daily top
and bottom 0.1 percentiles are deleted to minimize the influence of extreme observations.

8 The 29.7 basis points reported by Bessembinder and Kaufman (1997) for an equally-weighted average over 24
hoursis close to our 22.8 basis points of the average |A; calculated the same way. The values reported in Huang and
Stoll (1996) and Bessembinder (20033, b) are also very similar if appropriate adjustments, such as dividing by the
average quote mid-point, are made.

11



wide commonality, the stock-level trading environment, and the firm-specific structura charac-
teristics, affects excess returns. Both specifications provide similar results.

For the three-step analysis, informed trading alternatively captured by PIN; or 1Ay, isfirst
regressed on the set of market-wide commonality variables and variation explained by these vari-
ables is subsequently removed. This procedure is repeated using stock-level trading characteris-
tics and firm-level structural characteristics until all the three sources of common variation of in-
formed trading are taken out of informed trading. Each regression has a firm-specific intercept®.
Accordingly, the first regression, used to investigate the presence of common market-wide com-
ponents in informed trading, is specified as:

InfoTrade;,, = f3,, + /,MBA+ 3,MVOL + B,MVLA+ B,MOIB +¢, ,, )
where InfoTrade, ;; alternatively denotes PIN; or 1A; of stock i on day t and the variables MBA,
MVOL, MVLA, and MOIB are the daily market-level bid-ask spread, dollar trading volume, vola-
tility, and order-imbalance, respectively. The market-wide component is subsequently taken out

of InfoTrade; ;; by calculating InfoTrade,; ; defined as:
InfoTrade, , = InfoTrade,, —( 4 MBA+ f,MVOL + B;MVLA+ §,MOIB). ®)

InfoTrade,; ; is subsequently related to firm-level variables. The relationship between stock-level

trading characteristics and informed trading is investigated by the following regression:

° |t appears reasonable to us to go from the general (market-wide variation) to the specific (stock-level trading or
structural characteristics), but otherwise, the order in which regressions (2) to (6) are estimated is arguably arbitrary.
In this context, we use step-wise regressions to empirically verify whether our order of the regressions corresponds
roughly to the explanatory power of the variables. We find that variables relating to market-wide and stock-level
trading characteristics always dominate, except that firm-size occasionally features as the third or fourth most impor-
tant variable. However, since stock-level trading variables are at least as important as market-wide trading variables
in explaining information asymmetry, we also, for robustness, run estimations in which we first regress on stock-
level trading characteristics, then on market-wide factors, and then on firm-level structural characteristics. The esti-
mated regression coefficients of these regressions are not qualitatively different from what we report in Table 5.
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InfoTrade,;, =7, , + 7. VLA, +7,BA, +7,0IB  +7,TIC  + @
ysUEDSpread, , +y,VOL, , +1,,
where VLA, BA, OIB, TIC, UEDSpread, and VOL are stock-level volatility, bid-ask spread, order-
imbalance, tick size, unexpected changes in the bid-ask spread, and trading volume, respectively.
Variation attributable to stock-level trading characteristicsis taken out by calculating:
InfoTrade,, = InfoTrade,; , —(7VLA  +7,BA, +7,01B, +

(5)
7,TIC,, + 7. UEDSpread, , +7,VOL, , ).

InfoTrades; ; is used to investigate the relationship between structural characteristics and informa-

tion environment:

InfoTrade,; , = 6, , +0,Insider; , +6,0utsider; , +6,Capex , +9,R& D, +

' ' 6
0sBTM;  + ogProfit, ot o,0pti ons, + 09 26, +& s ©)

where Insider, Outsider, Capex, R&D, BTM, Profit, Options, and Sze denote the fraction of
common stocks held by corporate insiders and outsiders, capital expenditures, R&D expenses,
the book to market ratio, the profit margin, and an indicator for the availability of exchange-

traded options on stock i. We calculate the Residual Asymmetric Information, RAIN, as:

RAIN, , = InfoTrade, - (Sll nsider, , +5,0utsider; , +5,Capex , +

\ 5 5 X X (7)
0,R& D, +0,BTM,  + 5,Profit;  +6,0ptions , +0,52¢ )

where RAIN; ; denotes the unexplained residua part of informed trading of firm i on day t, and
represents the observed level of informed trading that deviates from what the public investor ex-
pects given the market environment, the stock-level trading environment, and features that char-
acterize each particular firm. As informed trades based on inside private information should not

show co-variation across stocks, RAIN is likely to capture informed trading that is associated with

13



truly private information trades. Finally, we define EXIT as the difference between total informed
trading and RAIN.

A potential weakness of the three-step approach (relative to the one-step approach of put-
ting all variables into the same regression) is that the estimates may suffer from an omitted vari-
able bias, at least to alarger degree than if the regression was estimated including al explanatory
variables together’™®. Hence, we also undertake all computations by relating informed trading to
its explanatory variables in one single regression. Such a single regression specification does not
enable examining how the step-wise incorporation or removal of explained variation of informed
trading affects excess returns, but does provide coefficient estimates, and their significance, for
each variable, and also provides an estimate of RAIN. We find that the single regression specifi-
cation used does not qualitatively affect the sign, magnitude, and significance of most of the es-

timated regression coefficients, and hence the resultant inferences.

4 Data

We use intra-day data from TAQ covering the eleven-year period from January 2, 1995 to De-
cember 30, 2005™. Our sample is confined to stocks traded on the NYSE as primary market.
Daily time-weighted averages of the best bid and offer (hereafter BBO) quotes are calculated us-
ing NY SE data only, since data from regional exchanges can be unreliable for stocks that have

their primary listing on the NY SE (Odders-White and Ready (2006)). Trade direction is inferred

%1n view of the immediately preceding footnote, since the order in which the regressions are run corresponds
roughly to the empirical importance of the variables, the potentia effects of omitted variable bias from estimating the
regression in three steps rather than one are very limited.

1 REITs, ADRs, ADSs, closed-end funds, convertibles, preference shares, multiple classes of shares, warrants, rights
issues, certificates, and stocks with less than 60 days of quotes or trades per caendar year, are excluded. Stocks trad-
ing below $1 are also excluded to ensure minimal liquidity and avoid undue influence of discrete prices. Trades at
market open, trades out of sequence, trades with specia settlement conditions, trades outside market opening hours,
or corrected trades, are al purged, as are quotes posted during market open, negative quotes, or quotes that lead to a
bid-ask spread that is either negative, above $5, or larger than 40 percent of the transaction price. These “cleaning’
procedures are common for these data (see, e.g., Chordia, et a. (2000)).

14



using the Lee and Ready (1991)-algorithm, and trades are matched with quotes posted at |east
five seconds before the trade is executed™.

Monthly and daily stock returns, closing stock prices, value-weighted market-returns, the
number of shares outstanding, four-digit SIC codes, and the daily share volume are retrieved
from CRSP. Using these data, stock-level volatility is based on the squared daily return, and tick
size is proxied by the inverse of the closing stock price. Dollar volume is the product of the clos-
ing stock price and share volume, and firm size is the daily product of the closing stock price and
the number of shares outstanding. The Fama and French (1995)-factors SVIB and HML, and the
one-month Treasury bill rate, are from the Fama-French data-base on WRDS. The Blockholders
data of Dlugosz, et a. (2006) on WRDS is used to calculate corporate insider ownership as the
sum of the percentage of common stock held by executives, directors, and affiliated entities.
Ownership by corporate outsiders is defined as the fraction of common stock held by anyone who
is neither affiliated nor employed by the respective firm. Vaues of PIN; were downloaded from
Soeren Hvidkjaer's homepage™. Data used to cal culate profit margins, the ratios of book value to
market value, R& D expenses to sales, and capital expenditures to sales, are from COMPUSTAT,
where COMPUSTAT data are winsorized at the first top and bottom percentile®.

Order-imbalance is defined as the sum of the intercept and the residual of aregression of
the ratio of absolute daily raw dollar imbalance to daily dollar volume on dollar trading volume.

The volume data that are further used in the empirical analysis are defined as the residuals of a

12 The Lee and Ready (1991)-algorithm may be potentially correlated with the error of 1A; used to measure informed
trading, but remains the most robust and popular way to infer trade-direction. See e.g., Ellis, et. a (2000) for adis-
cussion of commonly used trade-direction al gorithms.

13 We thank Soeren Hvidkjaer on our acknowledgements page for making the PIN; data available on his website.

% These variables are operating profits (item 13), total sales (item 12), the necessary items to calculate book value
excluding preference shares (items 60, 74, and 208 less items 56, 175, and 130), R& D expenses (item 46), and capi-
tal expenditures (item 128). Firms with negative book values are excluded. Missing values from COMPUSTAT and
the Blockholders database are set to zero. Results are insensitive to these data cleaning procedures.
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regression of changes in dollar volume on market volume, stock-level volatility, and market re-
turns (Chordia, et al. (2000) follows a similar set-up):

$Volume, = 9, + I MVolme +3,MVolume,_, + . + 1 4 + %12 +7,, (8)
where $Volume, is the percentage change in dollar volume from the previous trading day to day t,
rmt and r;; are the return on the market and on stock i over the same period, and MVolume, is the
equally-weighted market average of stock-level percentage changes in dollar volume from the
previous day to day t. Defining volume in this way improves the comparability of volume across
stocks and removes the time-trend in dollar volume. Similarly, regression (8) is estimated by re-
placing Volume and MVolume by the daily percentage changes in bid-ask percentage spreads and
the market average of changes therein. The residual of this regression is UEDSpread, and repre-
sents the unexpected change in bid-ask spreads, our proxy for large changes in bid-ask spreads™.

Market-level bid-ask spread, trading volume, and order-imbalance are defined as vaue-
weighted averages of the stock-level values. The new methodology VIX index is used to measure
market-volatility™®. The merged data set contains 2,407 individual firms that have valid observa-
tionsfor al dataritems, with different years having between 1,287 and 1,641 individual firms.

For ready reference, Table 2 summarizes the definitions of the empirical measurements
used in this study. Summary statistics of the data are shown in Table 3. The mean book-to-market
ratio is very close to that documented by, for example, Easley, et a. (2002). It is important to
note that most variables exhibit significant skewness and a strong size-effect. The value-weighted
market average of bid-ask spreads, for instance, is much smaller than the smple mean of the

stock-level equivaent, showing that small firms have a much larger bid-ask spread than large

!5 The estimated coefficients of this regression are very close to what Chordia, et. a (2000) report with and without a
lead-term. Intercepts are insignificant (average p-values 0.23 and 0.38 for volume and bid-ask spread respectively).

'8 The new methodology VIX index is downloaded from the CBOE website. Based on a portfolio of options on the
S& P 500 index, it provides an ex ante forecast of expected future volatility, and is best suited to our intention of cap-
turing the markets’ information environment, clearly preferable to backward looking past realizations of volatility.
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firms. Accordingly, as is common in empirica market microstructure, we rescale input data to
improve their distributional characteristics, and to make cross-sectional comparisons more mean-
ingful (Naik and Yadav (2003)) *’. We rescale in two ways: by standardizing parametricaly to a
mean of zero and a standard deviation of one, as in Hansch, et a. (1999) and Brennan, et al.
(1998); and rescaling non-parametrically, asin Llorente, et al. (2001)) but through the method of
normal scores by replacing the variable value by its ranking scaled by a factor that fits a unit
normal distribution to the data. Our results are not sensitive to the choice of rescaling. Our re-
ported results are based on non-parametric rescaling, since it is explicitly free from any postu-
lated relationship between informed trading and the explanatory variables. Variables capturing
market-wide commonality, stock-level trading characteristics, and firm-specific structural charac-
teristics are rescaled within each time-series individualy, and the time-specific structural vari-

ables are rescaled daily across the cross-section.

5 Discussion of Results

51 Univariate Analysis
The correlation matrix in Table 4 provides the first picture of the co-variation between informed

trading and our set of explanatory variables. All values are statistically significant. Virtually all
our hypotheses in the H1, Hy, and H3 groups are supported even in simple univariate analyses.
There are just two variables — market trading volume and book-to-market ratio - for which the
relationship isin a direction opposite to the corresponding hypothesis for both PIN; and |A;; and
there are just two variables — market volatility and unexpected bid-ask spread — for which the re-
lationship of PIN; with the explanatory variables is different from that of 1A; Overall, both meas-

ures of informed trading appear to be capturing the same underlying economic phenomenon.

Y Taking logarithms instead of rescaling is also common, but requires the data to be strictly positive, and addition-
aly implies an exponentia relationship between information asymmetry and the explanatory variables that cannot be
motivated a priori in the current context.
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52  Multivariate Analysis
Using the methodological set-up outlined in the methodology section, 1A; and PIN; are regressed

separately on our set of explanatory variables. Comparability in the estimated rel ationships of 1A;
and PIN; with our explanatory variables can serve as a consistency check to verify that both vari-
ables are capturing the same underlying economic phenomenon. To ensure such comparability,
daily IA; isfirst expressed as a yearly average since PIN; is available only at a yearly frequency.
Theresultsin Table 5 are accordingly based on yearly estimates of each of the variables involved.
Panel A reports results from a one-step decomposition, while Panels B and C report a three-step
decomposition. The |A; regressions are estimated over 15, 30, and 60 minutes, and 24 hours, but,
since the results are very similar, we only present results for the 60 minutes horizon in Panel C.
Overall, we find that our results are largely consistent, whether we use one-step decomposition
(Panel A) or three-step decomposition (Panels B and C), and whether we use PIN; (Panels A and
B) or |A; (Panels A and C).

5.2.1 Market-wide Factorsand Commonality in Informed Trading

The results in Table 5 show that the hypotheses in the H; group are strongly and significantly
supported for market-wide spread, market-wide order-imbalance; and particularly for 1A, also for
market-wide volatility. Higher levels of informed trading are related to significantly higher mar-
ket-wide bid-ask spreads (consistent with Glosten and Milgrom (1985)), significantly higher
market-wide order-imbalances (consistent with Kyle (1985)), and significantly higher market
volatility (consistent with French and Roll (1986)); and each of these is also consistent with the
corresponding univariate results. The association with market volume is significantly negative for
PIN; and significantly positive for 1A;. The significantly positive relation of volume with 1A is

consistent with Bhushan (1989a) and Admati and Pfleiderer (1988), and hence, hypothesis Hig.
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Irrespective, our results show a strong degree of commonality in informed trading, and
imply that a significant proportion of the observed level of informed trading is related to public,
market-wide signas. These results are consistent with private information on systematic factors,
and with the information analysts in Kim and Verrecchia (1994, 1997) who generate private in-
formation, and consequently undertake informed trading, by interpreting publicly available data
quicker and more effectively than the margina investor; and also support the Hasbrouck and
Seppi (2001) argument that commonality in trading may be caused by informed investors acting
on the same market-wide information.

5.2.2 Stock-level Trading Environment

In the second step, a modified informed trading variable that has been duly purged of market-
wide variables, is regressed on stock-level trading characteristics. The results in this context in
Table 5 are again consistent with the univariate results. All hypotheses in the H, group are
strongly and significantly supported except that hypothesis Hyr relating to unexpected bid-ask
spreads is strongly and significantly supported only for 1A; but not for PIN;. Higher levels of
firm-level volatility and firm-level bid-ask spreads are both associated with significantly higher
levels of informed trading, consistent with French and Roll (1986) and Glosten and Milgrom
(1985) respectively. Higher volume is also associated with significantly greater informed trading,
consistent with Admati and Pfleiderer (1988) and the empirical findings of Bhushan (1989a) and
Llorente, et a. (2001). The positive coefficient of tick size implies that there is less information
asymmetry when the tick-size is smaller, and this is consistent with prices converging faster to
fundamental values when tick size is smaller, similar to the improvement in price efficiency ob-
served by Chordia, et a. (2005) when NY SE switched to decimal pricing. Greater order imbal-

ance is associated with significantly greater informed trading, and the stronger association of
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PIN; with order-imbalance (relative to 1A) likely reflects the fact that PIN; estimation is more
directly based on order-imbalance.

The relationship of unexpected changes in bid-ask spreads with informed trading meas-
ured by PIN; is opposite to that measured by |A;. This may potentially reflect estimation-related
issues. PIN; values are estimated by aggregating data over a full year, and can therefore pick up
long-term effects; for example, the strategic cost-minimizing trading behavior of informed traders
(asin Kyle (1985)) generated by informed trading being lower when spreads are unexpectedly
high. 1A, by contrast, is estimated over a much shorter horizon, and islikely to pick up the short-
term relationship between bid-ask spreads and informed trading that is aso found in the univari-
ate setting, i.e., that higher informed trading causes market makers to widen bid-ask spreads
(Glosten and Milgrom (1985)).

5.2.3 Firm-specific Structural Characteristics

In the third step, a modified informed trading variable that has been purged of both market-wide
variables and stock-level trading characteristics, is regressed on firm-specific structural character-
istics. The results, reported in Table 5, again confirm virtually all the findings from the univariate
analysis and, after taking into account all the Panels, provide reasonable support to al the hy-
potheses in the Hz group. Consistent with Bhushan (1989b) and Lakonishok and Lee (2001), in-
formed-trading declines significantly with firm size as anticipated. Informed trading aso in-
creases significantly as the relative size of the ownership stake of insiders increases, consistent
with corporate insiders exploiting their informational advantage (Aboody, et al. (2005); Lakon-
ishok and Lee (2001)). However, outsiders significantly reduce information asymmetry and im-
prove the information environment, in line with the findings of Bushee and Noe (2000) and not
consistent with Maug (2002). The significantly negative sign of the coefficient of the book-to-

market ratio (for PIN; and for 15-minute 1A;) is now opposite to that for the univariate results,
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and supports hypothesis Hsg that growth firms expose investors to greater informed trading, con-
sistent with Matsumoto (2002), who find that growth firms bias the information communicated to
the public more than others. Interestingly, more profitable firms aso have significantly less in-
formed trading consistent with uninformed investors flocking to profitable companies, leaving
less profitable companies with relatively greater informed trading. We continue to find a negative
association between informed trading and R& D expenses, and a positive association with capital
expenses over sales, indicating that informed traders focus on firms with greater asset tangibility,
consistent with intangible assets being difficult to value (Cotter and Richardson (2002) and with
uncertain economic benefit (Kothari, et al. (2002)). Finally, the availability of options is associ-
ated with alower level of informed trading: thisis consistent with Easley, et a. (1998), and with
informed traders preferring to trade in the options market, and consequently, uninformed inves-
tors in the market for stocks with options being less exposed to informed trades than investors in
comparabl e stocks without options.

Richer analysis of the potential determinants of the time-series variation in informed trad-
ing needs higher frequency measurement of the informed trading variable. We accordingly next
investigate daily variation in informed trading levels. Since PIN; is available only at a yearly fre-
quency, this daily analysis has to be undertaken using only |A; data. However, we note that, in
Table 5, both measures of informed trading - PIN; and 1A; - show very similar associations with
our set of explanatory variables, and hence, conditional on the occasiona estimation-related
specificity highlighted above, appear to be capturing the same underlying economic phenomenon.
Hence, we are perfectly comfortable with drawing genera conclusions about informed trading

from the 1A;—based analysis that follows.
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5.3 Daily Analysisof Informed Trading
This section reports the results of re-estimating the regressions specified in the methodology sec-

tion at daily frequency, and to account for the strong size effect in the data, the regressions are
estimated individually by firm size deciles. The results are presented in Table 6. As before, we
report only results based on 1A; estimated over 60 minutes, since the results for 1A; estimated
over different intraday horizons, or over 24 hours, are very similar.

The sign of the regression coefficients capturing the relationship between informed trad-
ing and market-wide commonality on adaily level are completely consistent with what we found
using yearly data (Panel A of Table 6), but the use of daily data enables us to also make other in-
ferences. In relation to market-wide commonality in daily informed trading, we note that the
magnitude of the influence of market-level bid-ask spread, market-level volume, and market-
wide volatility on firm-level informed trading decreases monotonically in firm size. Since we are
conditioning here on market-wide variables separately for each size decile, we are capturing time-
series (rather than cross-sectional) innovations in these variables; and each of these variables is
related to the information environment: liquidity suppliers increase spreads on days with greater
information asymmetry, higher volume days correspond to days when the rate of information
flow is arguably greater, and higher volatility days are days on which a greater quantum of in-
formation gets incorporated into prices. Our 1A, results imply that, for a given rate of market-
wide information flow, market-wide magnitude of information, and overall information asymme-
try, the trade-conditioned return of (potentially informed) liquidity demanders is greater for
smaller firms relative to larger firms; and this is consistent with Kim and Verrechia (1994, 1997)
skilled information processors being able to analyze market-wide data to extract greater informa-
tional rents for relatively smaller companies that have correspondingly lower analyst following.

On the other hand, the size of the regression coefficients of market-level order-imbalance de-
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crease in firm size, reflecting the lower contemporaneous correlation of market-level changes
with firm-level changes for relatively smaller firms, since such smaller, less actively traded
stocks need relatively more time to fully incorporate the new information contained in market-
wide changes in order-imbalance (Hasbrouck (1991)) since sophisticated skilled information
processors are arguably likely to be institutional investors (Lee, et a. (1991)) and focus preferen-
tialy on larger firms (Chordia and Subrahmanyam (2004); Farrar and Girton (1981)). The de-
layed response does not affect the contemporaneous dependence of volatility, volume and spreads
to the same extent since these variables exhibit strong time-series persistence, while, on the other
hand, the order imbalance variable is mean-reverting.

The dependence of daily informed trading on stock-level trading characteristics is com-
pletely consistent with the results based on yearly averages, except for the result relating to tick-
size. The inconsistency in the tick-size results is perhaps not surprising since our size-conditioned
results in Table 6 essentially represent the effect of time-series variation for the same stock,
rather than the cross-sectional variation across stocks captured by yearly data analyses. For yearly
data, i.e. essentidly across the cross-section, relative tick size captures differences in the effi-
ciency with which information was incorporated into prices, but it is not clear what time-series
differences in (the inverse of) price levels for the same stock proxy for. That said, we note that
the smallest decile shows a relationship opposite to the rest of the sample, consistent with the
finding of Kairys, et a. (2000) that the quality of the price-discovery process deteriorates for the
least liquid stocks as the trading process becomes more efficient through a switch from a daily
batch auction to continuous pricing.

Use of the daily informed trading variable again enables us to make inferences across size
deciles. The influence of firm-level bid-ask spread, firm-level volume, and firm-level order-

imbalance on informed trading decreases monotonically in firm size. Again, our 1A, results imply
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that, for a given rate of firm-specific information flow, firm-specific information captured by or-
der-imbalance, and firm-specific information asymmetry, the trade-conditioned return of (firm-
level informed) liquidity demanders is greater for smaller firmsrelative to larger firms; and thisis
consistent with Lakonishok and Lee (2001), who find that private information about firm-level
Issues is greatest for the smallest stocks. However, the coefficient for firm-level volatility does
not vary significantly across firm-size.

Since many of the firm-specific structural variables are observed only on an annual fre-
guency, we consider the relationships between daily informed trading and firm-specific structural
characteristics documented in Table 6 Panel C to be indicative rather than definitive. That said, it
is clear that, as with yearly data, informed trading is much greater for relatively smaller stocks;
firm profit margins are lower for firms with greater informed trading; and the options availability
indicator is significant only for larger firms. Outside ownership, which on a yearly frequency is
associated with a lower level of informed trading, now shows the opposite relationship. This is
consistent with the empirical findings by Y an and Zhang (2007), who find that “short-term insti-
tutions” exploit their information advantage whereas “long-term” institutions do not. The results
using yearly 1A; may therefore pick up the relationship between informed trading and long-
horizon investors and the relationship found for daily 1A; likely captures the relationship between
informed trading and short-horizon investors.

5.4 Analysis of Explained and Unexplained Informed Trading

To test the H, group of hypotheses, we calculate how much of the explained variation in informa-
tion asymmetry corresponds to market-wide commonality, stock trading characteristics, and firm
structural characteristics; and whether the relative proportions depend on the features of the firm.

Table 7 shows the results of decomposing the relative explanatory power of market-wide

variables, firm-specific trading characteristics, and firm-specific structural characteristics for dif-
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ferent size deciles as per the regression specifications outlined in the explanatory notes to the ta-
ble. On average, about 47% of explained variation of informed trading is associated with the
market-wide component, about 46% is attributable to the stock-level trading environment, and
about 7% of explained variation is attributable to firm-specific structura characteristics. Thus,
amost half the explained variation of informed trading is related to market-wide commonality
and factors other than firm-specific characteristics. This is an interesting finding given that em-
pirical studies typically consider informed trading to be a firm-specific phenomenon. Alternative
specifications do not change the results qualitatively. Estimating the regression across the entire
data panel by firm-size decile, market-wide factors capture between 14% (Decile 1) and 65%
(Decile 10) of the explained variance, and stock-level trading characteristics account for between
55% (Decile 1) and 19% (Decile 10). Importantly, ranking the relative explanatory power by
other characteristics such as the book-to-market ratio or spreads does not show any significant
variation in relative explanatory power across ranks, and is hence not reported.

Importantly, each of the hypotheses Haa, Hag, and Hac are strongly supported. Market-
wide commonality in information asymmetry is relatively greater for larger firms; information
asymmetry based on trading characteristics is lessimportant for relatively larger firms; and unex-
plained variation of informed trading becomes more important as we move from larger to smaller
firms, reflecting the importance of private information in smaller firms (Lakonishok and Lee
(2001)) where investors have lesser public information (Bhushan (1989b)) and are exposed to

greater risk because of their less diverse operations (Agmon and Lessard (1997)).

5.5 Informed Trading and Stock Returns
This section tests the Hs and the Hg group of hypotheses, i.e., whether RAIN and EXIT are posi-

tively priced risk factors, and hence whether the Easley and O’ Hara (2004) model or the Hughes,

25



et a. (2007) model is supported by the data. We test the relationship between returns and in-
formed trading in the cross-section by using a Fama and MacBeth (1973) set-up. The time-period
covered by the data includes the period after 2000, which is characterized by a prolonged period
of negative market returns. According to Potential and Sundaram (1995), negative excess market
returns make the estimated loading on the beta-coefficient insignificant unless negative and posi-
tive market returns are separately considered in the cross-sectiona regression. For this purpose,
up-market (down-market) market betas are defined as being equal to the stock-level betaif the
realized market return in excess of the risk-free rate is positive (negative) and zero otherwise. To
implement the regression, fifty portfolios are formed based on the average level of informed trad-
ing of the previous month. Stock returns in excess of the risk-free rate are averaged within each
portfolio and regressed on the portfolio averages of beta, the logarithm of the book-to-market ra-
tio, and the logarithm of firm size. The book-to-market ratio, firm size, and beta are measured as
of the previous year. The relevant value of informed trading is the level during the previous cal-
endar year if PIN; is used and the average level during the previous month if 1A is used as meas-

ure of informed trading. This resultsin the following regression that is estimated every month:

RS =K, +1,BETA +x,BETA,,  +K,S28 +x,BTM , +x;InfoTradg, , +¢,, (9)
where R is the average portfolio return in excess of the risk-free rate of portfolio p. The vari-

ables BETAypp and BETAgownp are up-market and down-market betas of portfolio p, Sze, is the
logarithm of firm size of portfolio p, and BTM, is the logarithm of the book-to-market ratio of
portfolio p. InfoTradey, refers to the average level of informed trading-measure k of portfolio p.
The monthly effective spread is used as an dternative to InfoTrade, to verify whether the rela
tionship between informed trading and stock returns does not pick up liquidity effects that, as

Brennan and Subrahmanyam (1996) find, may aso be priced. Our results are presented in Table 8
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using Litzenberger and Ramaswamy (1979)-adjusted t-statistics, a weighed least square estimate
using the parameter precision as weight. Our results are robust to the choice of the horizon over
which 1A; is estimated.

Intercepts are sometimes insignificant, and the model specified in regression (9) captures
cross-sectional returns fairly well. Firm size is hardly significant though the negative regression
coefficients revea the size effect in stock returns, discussed in Fama and French (1992). The lack
of statistical significance reflects the results of Kim (1995), who also finds firm size to be of little
importance in explaining cross-sectiona returns if data covering more recent time periods are
used. The inclusion of the up-market and down-market betas turns out to be useful as the load-
ings are significant and signed, as Potential and Sundaram (1995) suggest, while the (unreported)
use of one single beta variable leads to insignificant coefficients. Consistent with Easley, et al.
(2002), the total unadjusted level of informed trading is priced in the cross-section. Most impor-
tantly, however, the association between excess returns and information risk gets economically
and statistically stronger as one moves from total information asymmetry to RAIN. This relation-
ship weakens, however, the longer the horizon 1A, is estimated over. Loadings on EXIT are not
statistically significant. The result is robust to whether RAIN is estimated in three steps as out-
lined in equations (2) to (7) or whether it is estimated in one go (referred to as RAIN2 in Table 8).

To further reinforce these results, and to give more weight to the time-series relationship
between returns and informed trading, a second asset-pricing test is conducted. Cochrane (2001)
discusses the trade-off between the empirical robustness of ordinarily least-squares and the statis-
tical efficiency of generalized least-squares (henceforth referred to as GLS) in asset pricing. Test-
ing the return relevance of the components of the information environment in a GLS framework
potentially improves the validity of the results, as it is the most efficient way to adjust Fama-

MacBeth regressions for biases and the errors-in-variables problem (Ferson and Harvey (1999)).
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Following Brennan and Subrahmanyam (1996), we use a random intercept GL S regression model.
In particular, we use a three-way sort on size, book-to-market, and informed trading. Equally-
weighted average portfolio excess returns are regressed on market returns in excess of the risk-
free rate, the Fama and French (1993)-factors SMB and HML, and the rank of each portfolio
based on its level of informed trading. The GLS regressions are run on the full data pand,
whereby every portfolio has individua factor loadings for the market factor, the HML factor, and
the SMB factor. The coefficient on the level of informed trading, however, is estimated across all
portfolios. This procedure results in alarge number of explanatory variables, which therefore ne-
cessitates adequate time-series observations for a statistically valid estimation. The low sampling
frequency of PIN; results in relatively few time-series observations of this variable. Therefore,
this particular asset-pricing test is done using only the monthly observations of |A;.

The slope coefficients of RAIN in Table 9 again show that it is a positive and significant
priced factor. In addition, the loadings on the ranking variable mostly increase in economic terms
as one successively removes market-wide commonality, stock-level trading characteristics, and
firm-specific structural characteristics of informed trading. And once again, EXIT is not related to
returns, confirming the associations of the cross-sectional set-up presented in Table 8.

Finally, we do arobustness test to see whether RAIN really constitutes atrue residual asis
clamed in the analysis. For this purpose, we do a principa component analysis on the complete
set of stock-level RAIN series™®. If RAIN truly represents a residual, one would expect not to find
a principa component that captures significant variance across individua stocks. PIN; has too
few time-series observations to qualify for this test, which is why this test is only conducted us-

ing 1A;. Our results, shown in Table 10, do reasonably confirm our residual characterization for

18 To ensure a sufficiently large time-series, only stocks that have observations at least 97.5 percent of time during
the sampl e period are used.
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RAIN. The first principal component does not capture more than 7 percent of the observed vari-
ance and the first three principal components together capture less than 12 percent of the ob-
served variance. Thus, RAIN seems to be mainly driven by firm-specific events and the filtering
approach in the paper appears to have been reasonably successful in removing commonality in
variation across stocks.

Overall, our results show, quite unequivocally, that RAIN, the unpredictable component of
information asymmetry that represents truly private information, is priced in the asset’s required
rate of return, and its effect on pricing is stronger and more robust than that of total information
asymmetry. At the same time, EXIT, the predictable component that potentially represents the
economic gain of skilled information processors from “private” information on market-wide fac-
tors and other public information, does not have a significantly positive risk premium. Accord-
ingly, our results support Easley and O’ Hara (2004), and do not support Hughes, et a. (2007).

5.6  Other Robustness Checks

We have highlighted several robustness checks in our discussion of empirical results in the pre-
ceding sub-sections. In this sub-section, we further highlight other robustness checks we do to
further test the validity of our results. First, regressions (2) to (6) on daily 1A; data are re-
estimated within firm size quintiles and including day-of-the-week dummies. Using firm size
quintilesinstead of deciles results in the same sign of the associations between the set of explana
tory variables and informed trading. While the inclusion of day-of-the-week dummies does not
affect the sign or significance of the other explanatory variables, informed trading appears to be
higher at the beginning of the week. The Chordia, et a. (2002) finding that the highest level of
trading activity is a the beginning of the week, istrue aso for informed-trading.

Second, as informed trading is proxied by order-imbalance in many theories about the in-

formation flow in financial markets (e.g., Easley, et al. (2002); Kyle (1985); Lyons (2001)), sev-
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era aternative specifications of order-imbalance are tested (in addition to that used in the tables
above): specifically, lagged order-imbaance, dummies that account for the sign of order imbal-
ance, and dummies that classify each daily stock-level order-imbalance observation into deciles.
Our results are not qualitatively different’®. We also do the analysis also by conditioning on trade
direction. The average information content of order-imbalance seems to differ by trade direction.
Buying pressure tends to be positively related to informed-trading, while selling pressure is re-
lated to a lower level of informed trading. According to Aboody, et al. (2005) and Lakonishok
and Lee (2001), this asymmetry could be due to buys involving a deliberate choice, potentially
based on private information; while sales also contain liquidity trades by employees that intend to
divest stocks that are part of their compensation package (Aboody, et al. (2005); Lakonishok and
Lee (2001)). Consistent with theory (e.g., Kyle (1985)), the size of the daily order-imbalance po-
sition has a positive relationship with the level of informed trading.

Third, to investigate the stability of the coefficient estimates, regressions (2) to (6) arere-
estimated within sub-periods of the sample by dicing the time-series into two, three, and four
partitions. Running the regression in different sub-periods shows estimates largely consistent
with Table 6. However, regression coefficients of market-level volatility are mostly negative be-
tween 1995 and 1997 as are the coefficients of stock-level bid-ask spreads for the regressions es-
timated between 2003 and 2005. Both variables exhibit a consistent time-trend during these sub-
periods, which the sub-period regression estimates seem to pick-up.

Fourth, noting that |A; is a measure of a fixed-interval return conditional on a trade, we

test whether 1A; does actually captures the level of informed trading rather than simply proxy for

9 A noteworthy result is that the order-imbalance variable lagged by one day is positively related to informed trading
if 1A is estimated over horizons shorter than one day. The coefficient of lagged order-imbalance is negative for lar-
ger firms and positive but insignificant for smaller onesif 1A, is estimated over one day. This suggests that the in-
formation contained in order-imbalance isimpounded into prices within about one day.
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daily unconditional returns. Thus, we construct a return measure that is otherwise identical but
excludes the information contained in the timing of a transaction. In particular, we assume that a
hypothetical trader observes the daily realization of the explanatory variables. If this realization
deviates from the historical (or cross-sectional) average, the trader takes a position of unit size
that has the same direction as the deviation of the explanatory variable from its mean value and
keeps this position for one day. Alternatively, the amplitude of the deviation from the historical
or cross-sectiona average is also made to reflect in the size of the position. The resulting stock-
level return-series is subsequently regressed on the explanatory variables using the same method-
ology and sectioning into size groups. Regardless of how this aterative return series is specified,
the explanatory power of the regressions remains very low (the R-square is between 0.004 and
0.022). The associations with the explanatory variables are also usually insignificant.

Finally, in the same spirit, another concern related to the use of 1A; is how strongly 1A; is
influenced by return momentum. Therefore a time-series of daily 15-minutes unconditional quote
returns is constructed. This return variable has the same set-up as | A; except for explicitly not ac-
counting for the information content of the timing of atrade. This variable should therefore me-
chanically pick up return momentum. If the relationship between this quote-return variable and
the set of explanatory variables is weaker than what is found for 1A;, one could conclude that 1A;
contains more information than simply daily returns. We again find extremely low explanatory
power (the average R-square across al size deciles is 3.2 percent). In addition, the signs and the
significance of some explanatory variables are not consistent across size decile. These tests show
that 1A; cannot be replicated either using environmental variables observed in the recent past or
mechanically by supplying returns over fixed intervals. Therefore, we believe that 1A; does re-
flect private economic information that arguably gets transmitted to the market by means of in-

formed trades.
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6 Summary and Conclusions

This paper analyses informed trading in about 1,500 reasonably liquid stocks traded on the NY SE
between January 1995 and December 2005. Our first magjor contribution is to investigate and test
hypotheses on the relationship between informed trading and market-wide commonality, stock-
level trading characteristics, and firm-specific structural characteristics. We find strong support
for virtually all of our hypotheses. We find that the relationships between our microstructure-
based informed-trading measures, and our set of explanatory variables, are consistent with eco-
nomic theory, intuition, and, where available, prior theory and empirical evidence obtained using
other measures and other empirical approaches.

Our results demonstrate strong market-wide commonality in informed trading with mar-
ket-level volatility, trading volume, bid-ask spreads, and order-imbalance al significantly related
to the level of informed trading; and strong evidence of association between individua firm-
specific factors and informed trading. On average, dmost half of the observed informed trading
can be attributed to commonality, and relatively more so for larger firms. Our results are consis-
tent with Kim and Verrecchia (1994, 1997) type skilled information anal ysts generating “private”
information from public data, and potentially private information on systematic factors.

Given the estimated systematic relationships between informed trading and common mar-
ket-wide and firm-specific factors, we calculate the “expected” level of informed trading (EXIT),
and interpret EXIT as a proxy for the asymmetric information content of skilled information
processors who have private information about systematic market-wide factors or who use public
data to generate a private informational advantage. We label the unexplained part of the observed

level of informed trading as Residual Asymmetric Information —or RAIN, and interpret RAIN as a
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measure that represents truly private non-public information encapsulating, for example, trades
by traditional insiders.

Finally, we test whether RAIN and EXIT are priced information factors, and find that
RAIN is a significant priced information factor, but EXIT is not. The Easley and O’ Hara (2004)
and Hughes, et a. (2007) models have opposite implications for both RAIN and EXIT; and both
our results provide strong support for Easley and O’ Hara (2004) but not for Hughes, et al. (2007).

We recognize that we use measures of informed-trading that are not only potentially noisy,
but also fairly different in their perspective, underlying assumptions, and even sampling fre-
guency. However, the consistency of our results across such different measures generates more
confidence in the conclusions. We also recognize that eleven years of data may be afairly short
time horizon from an asset pricing point of view. But once again, the strength and consistency of
the results across different specifications, and across our extensive robustness checks, generate
confidence that the results are sufficiently robust to provide useful insights into the nature and the

pricing relevance of information asymmetry.
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Table 1 - Hypothesized Relationship of Variableswith Informed Trading
This table shows the hypothesized relationships between our explanatory variables and informed trading. The columns “Measure” and “Variable Name” indicate the
explanatory variables. The columns “Sign” and “Hypothesis’ list respectively the expected sign of the relationship of the variable with informed trading, and the rationae
for the hypothesis based on the literature. The symbols “+” and “—" in the column Sign indicate that increases in the particular variable are expected to be related to a
higher or lower level of informed trading, respectively.

Measure Variable Name Rationale for Relationship Sign
Market-wide Bid-ask spread MBA Bid-ask spreads are higher the higher the level of informed trades (Glosten and Milgrom (1985)). +
commonality
Trading volume MVOL Higher trading volume should lead to more informed trades: first, because the resulting more noisy prices increase the relative advantage +
of private information (Bhushan (1989a)); second, because informed traders hide among liquidity traders (Admati and Pfleiderer (1988));
and third, because the higher trading volume could be arising from greater information flow.
Volatility MVLA Private information drivesreturns' volatility (French and Roll (1986)). +
Order imbalance MOIB Private information is expressed via order-imbalance (Kyle (1985)). +
Stock-level Bid-ask spread BA Bid-ask spreads are higher when the level of informed tradesis higher (Kyle (1985)).
trading charac-  Unexpected changes UEDSpread If informed trading is unexpectedly high because of some exogenous factors, market makers increase spreads to protect themselves from +
teristics in bid-ask spread losses (Glosten and Milgrom (1985)). That said, as bid-ask spreads unexpectedly increase, there is an unanticipated drop in liquidity, and
the number of informed trades decreases since informed traders are strategic (Kyle (1985)).
Trading volume VOL Higher trading volume should lead to more informed trades: first, because the resulting more noisy pricesincrease the relative advantage +
of private information (Bhushan (1989a)); second, because informed traders hide among liquidity traders (Admati and Pfleiderer (1988));
and third, because the higher trading volume could be arising from greater information flow.
Tick size TIC When tick sizeis lower, prices converge quicker to fundamental values and become more “efficient” (Chordia, et al. (2005)), and hence, -
relatively more information is impounded into prices over agiven time interval, which should arguably result in a higher observed level of
the informed trading variable.
Order imbalance OIB Private information is expressed via order-imbalance (Kyle (1985)). +
Firm-specific Public exposure Size Public investorsin large firms have more sources of information that get more frequently updated than investors of smaller firms -
structural char- (Bhushan (1989b)). Small firms suffer more from insider trading (Lakonishok and Lee (2001)).
acteristics Active management BTM Small firms with growth options (i.e., alower book-to-market ratio, or BTM) bias investor communication to a greater extent (Matsumoto -
of investor percep- (2002)). If public information is biased, informed investors are advantaged. Therefore, growth options are positively associated with in-
tions formed trading.
Profitability Profit Uninformed investors flock to profitable companies, implying that less profitable companies have relatively greater informed trading. -
Asset tangibility R&D Intangibles are difficult to value for outsiders (Cotter and Richardson (2002)) and their economic benefits are more uncertain (Kothari, et -
Capex a. (2002)). Therefore, higher asset tangibility, as measured by the ratio of R& D-expenses to sales and capital expenses over sales, or +
Capex, should be associated with a higher level of informed trading.
Ownership structure Insider Corporate insiders exploit their information advantage (Aboody, et al. (2005); Lakonishok and Lee (2001)). +

Outsider Outside ownership by institutional investors should be associated with better investor communication (Bushee and Noe (2000)), decreas- —
ing information asymmetry. That said, it is alternatively conceivable that outsiders are able to exploit their information advantage (Maug
(2002)), thereby increasing informed trading, though we do not state that as our hypothesis.
Alternative trading Options Informed traders also use options (Easley, et a. (1998)). This could lead to alower level of informed trading as some informed traders -
instrument exploit their information via the options market.
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Table 2 —Variable Definitions

This table lists the names of the variables used in this paper in column Variable Name and the definition used to construct the
respective variable in the column Definition.

Variable Name

Definition

1A,

1A,

1A;

[ARaIN

[Aexit

PIN;

PIN,

PIN,

PINRrain

PINgxt

Market-level

Volatility

Bid-ask spread
Order-imbalance
Unexpected changesin
bid-ask spread
Unexpected changesin
trading volume
Ticksize

Firmsize

Book value-to-market
value

Operating profit margin
Research and develop-
ment-to-sales

Capital expenditures-to-
sales

Block-ownership - insider
Block-owner ship — out-
Sider

Options availability

Excess returns on the
mar ket
SVIB

HML

Excess stock returns
Beta

Effective spread

BETA,

BETAdomn

The daily trade size-weighted average of the difference between the quote mid-point right before a transaction and
the quote mid-point 15 minutes, 30 minutes, 60 minutes, or one day |ater scaled by thefirst quote mid-point.
Thisvariableis defined as | A; less market-wide commonality.

Thisvariableis defined as | A, less stock-level trading characteristics.

Thisvariableis defined as 1Az less firm-specific structural characteristics.

Thisvariable is defined as the difference between 1A; and 1 Agan-

The probability of information-based trades provided on ayearly frequency on Soeren Hvidkjaer’ s website.
Thisvariableis defined as PIN; purged from market-wide commonality.

Thisvariableis defined as PIN, purged from stock-level trading characteristics.

Thisvariableis defined as PIN; less firms-level structural characteristics.

Thisvariableis defined as the difference between PIN; and PINga.

The value-weighted daily average of the stock-level variables (except for volatility).

Market-level volatility is measured by the VIX index and by squared daily returns for individual stocks.
The time-weighted daily average of the individual BBO percentage spread.

The absolute daily dollar-imbalance scaled by dollar trading volume orthogonalized to dollar trading volume.
Theresidual of amarket-modd fitted to stock-level quoted percentage bid-ask spreads.

Theresiduals of amarket-mode fitted to stock-level dollar volume

Theinverse of the stock price.

The stock-market capitalization. If used in return regressions, the natura logarithm of the last observation in the
previous calendar year is used.

Thefirm-level book-value divided by firm size. If used in return regressions, the natural logarithm of this measureis
used.

Theratio of operating profit to sales.

Theratio of research and development expenses to sales.

Theratio of capital expendituresto sales.

Thetotal fraction of large stakesin common stock held by corporate insiders.
Thetota fraction of large stakes in common stock held by corporate outsiders.

Thisvariableis equal to oneif the respective firm has exchange traded options on its common stock and zero other-
wise.

The monthly returns on the market in excess of the risk-free rate.

The monthly returns on the Fama and French (1995)-factor portfolio SMB.

The monthly returns on the Fama and French (1995)-factor portfolio HML.

Theindividual monthly stock returnsin excess of therisk-freerate.

The stock-level beta coefficient calculated as in Fama and French (1992).

The trade size-weighted daily average of the difference between the transaction price and the mid-point of the con-
current primary market BBO quotes.

This variable is an up-market beta based on the definition of Pattengill and Sundaram (1995) and is equal to the
estimated betaif excess market returns are positive and zero otherwise.

This variable is a down-market beta based on the definition of Pattengill and Sundaram (1995) and is equal to the
estimated beta if excess market returns are negative and zero otherwise.
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Table 3—Summary Statistics
This table reports the summary statistics of the firm-level means of the variables listed in column Name calculated
over the period between January 1995 and December 2005. The column Observations shows the total number of
daily observations and the columns Mean, Q1, Median, Q3, and 1Q Range report the mean, the first quartile, the me-
dian, the third quartile, and the difference between Q3 and Q1. The unit of measurement is given by the symbols bp,
%, and $, which refer to basis points, percentages, and dollar values respectively (see Table 2 for variable defini-

tions).
Measure Observations  Mean Q1 Median Q3 1QRange
Informed trading 1A, over 15 minutes (bp) 3,829,045 2401 1074 1793 29.99 19.25
IA; over 30 minutes (bp) 3,828,167 24.12 10.79 1822 30.09 19.30
IA; over 60 minutes (bp) 3,827,750 24.18 10.79 1816 30.14 19.35
IA, over 1 day (bp) 3,543,002 28.05 1215 2072 3511 22.95
PIN; (%) 22,164 1639 1234 1558 19.67 7.34
Market-wide Market-level bid-ask spread (bp) 2,770 2228 874 2502 3043 2169
commonality Market-level trading volume (millions of $) 2,770 186.16 97.80 200.54 250.17 152.37
Market-level volatility 2,770 2070 1540 2011 2444 9.04
Market-level order-imbalance (%) 2,770 2681 2264 2570 29.47 6.83
Stock-level trading  Company-level bid-ask spread (bp) 3,829,045 8450 3102 5380 9999 6897
characteristics Unexpected changesin bid-ask spread (bp) 3,829,045 017 -007 000 002 0.10
Stock-level trading volume (bp) 3,829,045 85.27 -2.38 0.00 47.88 50.26
Stock-level volatility (bp) 3,829,045 875 367 584 1006 6.38
Stock-level order-imbalance (%) 3,829,045 53.40 1993 2486 33.30 13.36
Stock-level tick size (%) 3,829,045 7.10 3.06 4.62 7.83 477
Firm-specific Firm size (10 millions of $) 3,829,045 40119 3717 92.87 25848 221.31
structural Operating profit margin (%) 3,829,045 17.00 719 1372 2407 16.88
characteristics Book value-to-market value (%) 3,829,045 5435 2603 4783 7499  48.96
Research and development-to-sales (%) 3,829,045 115 0.00 0.00 0.55 0.55
Capital expenditures-to-sales (%) 3,829,045 8.32 122 372 764 6.42
Block-ownership - insiders (%) 3,829,045 3.90 0.00 0.00 122 122
Block-ownership - outsiders (%) 3,829,045 9.69 0.00 052 1711 17.11
Option availability (%) 3,829,045 62.48 0.00 100.00 100.00 100.00
Dataused in return  Excess return on the market (%) 132 0.70 -2.25 153 3.77 6.01
regressions SMB (%) 132 0.22 -247  -0.14 2.63 5.10
HML (%) 132 043 -1.65 0.45 2.20 3.85
Excess stock returns (%) 174,611 1.07 0.47 1.09 184 1.37
Beta 3,629,560 0.97 0.76 0.91 115 0.39
Effective spread (%) 3,829,045 0.68 0.26 0.44 0.79 0.53
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Table 4 — Correlation of Informed Trading with Explanatory Variables
This table reports the correl ation coefficients of the informed trading measures with our explanatory variables (see Table 2 for variable
definitions). All values are statistically significant.

Informed Trading

1A

15 30 60

min min min 1 day PIN;
1A, over 30 minutes 0.92
1A, over 60 minutes 0.83 0.90
IA; over 1 day 0.33 0.36 0.40
PIN; 0.27 0.26 0.24 0.11
Market bid-ask spread 0.23 0.22 0.20 0.10 0.10
Market trading volume -0.08 -0.08 -0.07 -0.04 -0.15
Market volatility 0.07 0.06 0.06 0.02 -0.06

Market order-imbalance 0.01 0.02 0.02 0.01 0.04

Stock bid-ask spread 0.56 0.56 0.51 023 038
Unexp. changesin B/A 0.24 0.24 0.21 0.08 -0.03
Stock trading volume 0.08 0.07 0.07 0.03 0.01
Stock voldtility 0.07 0.07 0.08 0.06 0.01
Stock order-imbalance -0.01 0.00 0.00 0.00 0.04
Stock tick size 0.42 0.41 0.37 0.16 0.26
Firmsize -0.12 -011 -011 -0.05 -0.27
Profit margin -0.12 -012 -011 -0.05 -0.15
Book-to-market 0.14 0.15 0.13 0.06 021
Research and develop-

ment -0.04 -004 -0.04 -0.01 -0.12
Capital expenditures 0.02 0.02 0.01 0.01 0.02
Ownership - insider 0.01 0.01 0.01 0.00 0.06
Ownership - outsider -0.03 -0.03 -0.03 -0.01  -0.02
Option availahility -0.16 -0.17 -0.15 -0.07 -0.46

40



Table 5 - Decomposition of Yearly Informed Trading
This table shows the results of regressing yearly informed trading, InfoTrade;, on a firm-specific intercept and a set of explanatory variables. The results of estimating the
following regression at onceis shownin Pandl A:
InfoTrade,; ; = B, o + BiMBA+ f,MVOL + B;MVLA+ S,MOIB
+YIVLA ¢ +72BA ¢ + 73018, +7,TIC  +yUEDSpread; ; +yVOL;
+6yInsider; , +5,0utsider; , +5;Capex  +94R& D +55BTM;  + 5gProfit; , +5,0ptions ; +5Sizg; +¢; ¢,
whereas Panels B and C show the same regression estimated in three steps according to:

InfoTrade; ; = f; o + /LMBA+ B,MVOL + BzMVLA+ ,MOIB +¢; ;,
InfoTrade,; ; =70 +71VLA ; +72BA +7301B ( +7,TIC ; +ysUEDSread; ; +yVOL;; +1;,
InfoTrade,; , = &; o +6yInsider; ; +5,0utsider; , +d;Capex; ; +9,R& D; ; +55BTM; , + 5gProfit; ; +5,0ptions  +5gS28  +& 4,

where InfoTrade, is dternatively represented by PIN; or yearly averages of daily 1A;. The hypotheses associated with the individua explanatory variables are shown in Table 1
and the variable definitions are shown in Table 2. The regression coefficients associated with PIN; are in percentages and the coefficients associated with | A; are in basis points.
P-values of a two-sided t-test of the coefficient being equal to zero are below (Panel A) or to the right (Panels B and C) of the respective coefficients in parentheses. The R,
based on the derivation by Nagelkerke (1991), isin percentages. The variablesin Panels B and C are presented in decreasing order of their contribution to the R%.

Panel A —One-step Decomposition of the I nformation Environment
V ariables Capturing Features of the Information Environment of Investors

Information  Market-wide Commonality Stock-level Trading Characteristics Firm-specific Structural Characteristics

Asymmetry  BA BA Tick UED Ownership Struc. Asset Tangibility ~Window-dressing Optionsas Firm-

Capturedby Spread VOL Vola OIB Spread VOL Vola OIB Size Spread Insider Outsider Capex R&D BTM Profit Alternative size R?

PIN, 101 -1.35 -010 0.33 0.80 210 5042 063 033 -051 024 -0.73 -0.11  -0.89 -0.24 -0.03 -150 -1.37 465
(0.00) (0.00) (0.85) (0.00) (0.00) (0.00) (0.10) (0.00) (0.00) (0.00) (0.02) (0.00) (0.14) (0.00)  (0.00) (0.68) (0.00) (0.00)

1A 1 15 min 962 213 181 249 252 2570 2200 130 071 116 -0.17 -0.63 0.67 -1.03 -0.24 -0.35 -1.42 -10.55 44.3
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.68) (0.56) (0.00) (0.55) (0.00) (0.00) (0.05) (0.12) (0.05) (0.00) (0.00)

1A 1,30 min 874 191 189 256 254 2517 2457 083 143 112 -0.24 -0.62 065 -1.14 0.18 -0.30 -1.31 -10.62 44.1
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.90) (0.24) (0.00) (0.42) (0.00) (0.00) (0.03) (0.23) (0.10) (0.00) (0.00)

1A 1 60 min 932 183 190 260 246 2197 2368 092 132 107 -0.13 -0.54 061 -1.31 0.15 -0.44 -1.22 -10.34 48.6
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.12) (0.25) (0.00) (0.63) (0.01) (0.00) (0.01) (0.31) (0.01) (0.00) (0.00)

1A 11 day 10.60 1.27 181 3.64 586 0.99 3630 108 032 111 044 0.10 057 -1.88 -0.22 -1.55 -1.25 -10.94 319
(0.00) (0.00) (0.00) (0.00) (0.00) (0.64) (0.00) (0.05) (0.13) (0.00) (0.39) (0.78) (0.11) (0.04) (042 (0.00) (0.00) (0.00)

(continued)
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Table5 - Decomposition of Yearly Informed Trading (continued)
Panel B — Three-step Decomposition of the Information Environment Captured by PIN;

Variable Coeff pvaue R

Market-wide commonality Volume -1.31 (0.000 39.7

Order-imbalance 0.54 (0.00)

Volatility 0.14 (0.00)

Bid-ask spread 0.37 (0.00)
Stock-level trading characteristics Order-imbalance 0.34 (0.00) 435

UED Spread -0.28 (0.00)

Volume 1.87 (0.00)

Bid-ask spread 0.13 (0.00)

Volatility 54.00 (0.08)

Tick size 0.04 (0.35)
Firm-specific structural characteristics  Firm size -1.15 (0.00) 34.8

Ownership - corporate outsiders -0.77 (0.00)

Research and development -0.92 (0.00)

Option availability -2.47 (0.00)

Book-to-market -0.29 (0.00)

Ownership - corporate insiders 0.27 (0.01)

Capital expenditures -0.14 (0.07)

Profit margin -0.05 (0.42)

Panel C — Three-step Decomposition of the Information Environment Captured by 1A;

Variable Coeff pvaue R

M arket-wide commonality Bid-ask spread 9.01 (0.000 16.0

Volatility 231 (0.00)

Volume 3.97 (0.00)

Order-imbalance 249 (0.00)
Stock-level trading characteristics Voldtility 29.47 (0.00) 30.7

UED Spread 2.98 (0.00)

Bid-ask spread 1.83 (0.00)

Volume 26.50 (0.00)

Tick size 261 (0.00)

Order-imbalance 1.24 (0.00)
Firm-specific structural characteristics  Firmsize -9.27 (0.00) 21.2

Profit margin -0.64 (0.00)

Option availability -1.15 (0.00)

Capita expenditures 0.50 (0.02)

Research and devel opment -1.29 (0.01)

Ownership - corporate outsiders -0.21 (0.34)

Book-to-market -0.14 (0.35)

Ownership - corporate insiders -0.06 (0.63)

42



Table 6 — Time-series and Cross-sectional Associationsin Daily Informed Trading
This table shows the results of regressing daily values of informed trading measured by 1A; on a firm-specific intercept and a set of
explanatory variables by firm size decile according to:

1A = Bio+ BMBA+ B,MVOL + B;MVLA+ B,MOIB + ¢,

1A =70+ 7IVLA L +72BA ( +730IB +7,TIC  +ysUEDSpread; ; +ygVOL; ; +7;4,
IA; =0 o +0,Insider; , +03,0utsider; , +5;Capex  +,R& D,y +3sBTM; , + 5gProfit; , +5,0ptions  + 5,52, +& 4,

where 1A, is estimated over 60 minutes. The hypotheses associated with the individua explanatory variables are shown in Table 1 and
the variable definitions are shown in Table 2. Panel A presents the results of regressing 1A; on variables that capture market-wide
commonality. Panel B presents the results of regressing 1A, on stock-level trading characteristics, and Panel C shows the results of
regressing 1A; on firm-specific structural characteristics. In the table below, the column Decile shows the size group with Decile 10
referring to the largest size group. Regression coefficients shown in column Coeff are in basis points, p-values are to the right of the
respective coefficients in parentheses and the R? is in percentages (based on the derivation by Nagelkerke (1991)). The variables are
presented in decreasing order of their contribution to the average explanatory power going from the | eft to the right.

Panel A —Market-wide Commonality in Daily Informed Trading

Bid-ask spread Volume Volatility Order-imbalance
Decile Coeff p-vaue Coeff p-vaue Coeff p-vdue Coeff p-vaue R?
1 14.08 (0.00) 599 (0.00) 4.13 (0.00) 016 (0.32) 37.2
2 11.26 (0.00) 2.81 (0.00) 2.75 (0.00) 0.43 (0.00) 40.7
3 10.38 (0.00) 2.64 (0.00) 165 (0.00) 0.36 (0.00) 41.3
4 8.76 (0.00) 1.73  (0.00) 1.27 (0.00) 0.69 (0.00) 40.6
5 7.80 (0.00) 146 (0.00) 113 (0.00) 0.92 (0.00) 40.1
6 7.02 (0.00) 140 (0.00) 091 (0.00) 1.18 (0.00) 39.7
7 6.05 (0.00) 0.97 (0.00) 0.61 (0.00) 112 (0.00) 39.2
8 5.26 (0.00) 0.80 (0.00) 0.59 (0.00) 121 (0.00) 385
9 4.26 (0.00) 055 (0.00) 0.32 (0.00) 125 (0.00) 37.8
10 3.24 (0.00) 0.50 (0.00) 0.39 (0.00) 1.34 (0.00) 38.1
Panel B —Informed Trading and Stock-level Trading Characteristics
Volatility UED Spread Bid-ask spread Volume Tick size Order-imbalance

Decile Coeff p-value Coeff pvalue Coeff pvalue Coeff p-value Coeff p-value Coeff pvaue R?

1 509 (0.00) 308 (0.00) 1260 (0.00)  7.16 (0.00) 309 (0.00) 406 (0.00) 391
2 581 (0.00) 312 (0.00) 498 (0.00) 341 (0.00)  -1.30 (0.00) 300 (0.00) 39.6
3 564 (0.00) 290 (0.00) 356 (0.00) 244 (0.00)  -1.06 (0.00) 273 (0.00) 394
4 747 (000)  2.82 (0.00) 250 (0.00) 189 (0.00)  -1.04 (0.00) 238 (0.00) 39.2
5 430 (0.00) 234 (0.00) 202 (0.00) 168 (000)  -0.62 (0.00) 208 (0.00) 37.8
6 6.60 (0.00) 216 (0.00) 154 (0.00) 144 (0.00)  -0.65 (0.00) 1.87 (0.00) 373
7 549 (0.00) 156 (0.00) 117 (0.00) 115 (0.00)  -0.28 (0.00) 171 (0.00) 363
8 884 (0.00) 143 (0.00) 069 (0.00) 103 (0.00)  -0.28 (0.00) 168 (0.00) 362
9 808 (0.00) 112 (0.00) 044 (0.00) 088 (0.00)  -0.23 (0.00) 164 (0.00) 352
10 1232 (0.00)  0.91 (0.00) 011 (0.00) 081 (0.00)  -0.04 (0.04) 168 (0.00) 37.4

(continued)
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Table6 — Time-series and Cross-sectional Associationsin Daily Informed Trading

(continued)
Panel C —Informed Trading and Firm-specific Structural Characteristics

Firm Size Profit BTM Outsider Insider R&D Capex Options
Decile Coeff p-val Coeff p-val Coeff p-val Coeff p-val Coeff p-val Coeff p-val Coeff pval Coeff p-va R’

1 -2167 (0.00) -224 (0.00) -1.11 (0.00) 9.00 (0.00) 657 (0.00) -2.24 (0.01) 126 (0.00) 546 (0.00) 32.9
2 -1895 (0.00) -253 (0.00) -0.31 (0.05) 1.19 (0.00) -1.79 (0.00) -2.74 (0.00) -0.01 (0.98) 450 (0.00) 37.9
3 983 (0.00) -2.26 (0.00) -0.03 (0.82) 058 (0.01) 0.12 (0.67) -165 (0.00) -1.29 (0.00) 1.79 (0.00) 37.9
4 923 (0.00) -1.31 (0.00) 055 (0.00) 051 (0.00) 1.73 (0.00) 0.13 (0.73) -0.79 (0.00) 1.11 (0.00) 35.9
5 -435 (0.00) -1.39 (0.00) 013 (0.27) 052 (0.00) 1.38 (0.00) 0.0 (0.17) -0.02 (0.91) -0.31 (0.00) 357
6 -620 (0.00) -0.87 (0.00) 004 (0.68) 1.03 (0.00) 0.30 (0.07) 0.43 (0.23) -111 (0.00) -1.66 (0.00) 34.6
7 -387 (0.00) -0.89 (0.00) 051 (0.00) 0.86 (0.00) 0.35 (0.01) -0.11 (0.65) -0.21 (0.05) -0.87 (0.00) 33.9
8 -282 (0.00) -040 (0.00) 091 (0.00) 0.25 (0.00) -0.19 (0.10) -155 (0.00) 0.20 (0.05) -1.09 (0.00) 32.3
9 226 (0.00) -0.35 (0.00) 027 (0.00) -0.17 (0.00) -0.66 (0.00) -0.61 (0.00) -0.13 (0.13) -0.62 (0.00) 313
10  -1.31 (0.00) 0.16 (0.00) 0.38 (0.00) 0.14 (0.00) 0.35 (0.00) 0.66 (0.00) -0.23 (0.00) -0.31 (0.00) 30.7




Table 7 — Analyssof Common Variation and Idiosyncratic Informed Trading
The table below shows a decomposition of explained variation in informed trading, Var(H\l), into three components by

estimating the following regression for every stock individually:

1A, =ay,+,  ACommonality,, +> yTrading;, +> & Sructural, +e.

Thereafter, the following statistics are ca cul ated:
Var(Z:A_lﬁi Commondlity, ) Var(z _ﬂ{/iTradingj) Var(zk_lékStructuralk)
REPCommondity = = s EPTrading — = _ ’
Var(ﬂ\l) Var(ﬁl) Var(ﬂ\l)

where REP denotes the relative explanatory power related to i market-wide Commonality components, to j stock-level Trading
characteristics and to k Structural characteristics. Numbers below are averages of the firm-level REPcommonalitys: REPTrading: and
REPsuaurar CalCulated by regressing 1A; estimated over 60 minutes for each stock individually on all explanatory variables and
summing up the ratios of explained to total variance by commonality, trading, and structural components. Unexplained Informed
Trading is the average of one minus the R-square from the stock-level ordinary least-square regressions. Results are shown by
firm size decile, where Sze Decile is calculated based on the average market capitalization a firm has over the entire sample
period. Numbers in the table below are in percentages.

+ REPspucura =

Average Relative Explanatory Power of (in %) Unexplained
Market-wide Stock-level Firm-specific Informed
Size Decile  Commonality ~ Trading Characteristics  Structural Characteristics  Trading (in %)
1 27.7 64.4 7.9 78.1
2 32.8 59.6 7.6 75.7
3 40.8 52.3 6.9 73.7
4 43.7 49.3 7.0 73.8
5 47.1 453 7.6 731
6 47.6 44.8 7.6 71.8
7 53.4 39.7 6.9 721
8 57.7 36.1 6.2 70.9
9 62.4 31.0 6.6 69.3
10 60.9 33.6 5.4 68.0
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Table 8 — Cross-sectional Returnsand Components of Informed Trading
This table shows the results of a Fama and MacBeth (1973)-type cross-sectiona regression of monthly portfolio returns in excess of the one-month Treasury bill rate on a
set of explanatory variables and the average level of informed trading during the previous month. The regression is estimated monthly January 1995 and December 2005:

RS = ko +6,BETA, , + 6,BETAy, , + k3928, +x,BTM , + kgInfoTrade, , +¢;,

where BETA,, and BETAyoun are up-market and down-market betas, respectively, the subscript p denotes portfolio p, and InfoTrade refers to the measure k of informed
trading or the average level of daily effective spread during the previous month (see Table 2 for variable definitions). Panel A shows the results when the regressions are
estimated using the monthly excess returns of 50 portfolios formed on the average level of InfoTrade, during the previous year, whereby InfoTradey is captured by PINy,
PIN,, PIN3, PINgan, OF PINgxt. Panel B shows the results when the regressions are estimated using the monthly excess returns of 50 portfolios formed on the average
level of InfoTrade, during the previous month, whereby InfoTrade is captured by the effective spread, 1A, 1A, 1As, 1ARaIN, OF 1At |ArRanz OF PINRaN: IS calculated by
regressing al explanatory variables on 1A;. Portfolios are based on | Agyn Or PINga if INfOTrade is not included in the regression. A, is estimated over 60 minutes. T-
values are based on the Litzenberger and Ramaswamy (1979)-adjustment. The coefficients, shown in columns Coeff, are in percentages with p-values based on a two-
sided t-test of the coefficient being equal to zero in parentheses to the right of the respective coefficients. The column R? shows the average adjusted R-square from the
individua cross-sectiona regressions.

Panel A — Cross-sectional Return-Association of PINy

Book-to- Beta
PIN,; PIN, PIN; PINgaN PINgx it PINgaiN2 Market Firm Size Down-market Up-market Intercept
Coeff p-va Coeff p-va  Coeff p-vad Coeff p-va Coeff p-va Coeff p-val Coeff p-va Coeff p-va Coeff p-va Coeff p-vad  Coeff p-va R?
-0.69 (0.00) -0.37 (0.00) -6.73 (0.00) 3.42 (0.00) 3.27 (0.01) 232
2.38 (0.06) -0.78 (0.00) -0.23 (0.08)  -6.99 (0.00) 2.59 (0.00) 259 (0.10) 29.9
2.23 (0.04) -0.76 (0.00) -0.25 (0.06) -7.00 (0.00) 2.50 (0.00) 281 (0.07) 29.9
1.92 (0.04) -0.56 (0.00) -0.16 (0.24) -6.78 (0.00) 3.33 (0.00) 161 (0.33) 295
2.52 (0.03) -0.72 (0.00) -0.26 (0.05) -5.96 (0.00) 3.21 (0.00) 2.00 (0.18) 265
-6.11 (0.34) -0.55 (0.00) -0.82 (0.00) -5.81 (0.00) 3.05 (0.00) 6.76 (0.00) 275
2.08 (0.03)  -0.56 (0.00) -0.25 (0.04)  -7.19 (0.00) 3.02 (0.00) 2.64 (0.06) 26.2
(continued)
Panel B — Cross-sectional Return-Association of 1A;
Effective Book-to- Beta
Spread 1A, 1A, 1A; 1ARAIN 1AeiT |AraIN2 Market Firm Size Down-market Up-market Intercept
Coeff p-val Coeff p-val Coeff p-val Coeff p-va Coeff p-val Coeff p-val Coeff p-va Coeff p-va Coeff p-val Coeff p-va Coeff p-va  Coeff p-va R?
-96.72 (0.00) -0.04 (0.98) 0.0 (0.04) -1.26 (0.00) 198 (0.00) -2.02 (0.21) 274
-050 (0.16)  0.17 (0.01) -1.19 (0.00) 178 (0.00)  -2.37 (0.20) 226
326.68 (0.00) 0.00 (0.77)  -0.07 (0.08) -1.32 (0.00) 1.38 (0.00) 2.62 (0.28) 297
329,68 (0.00) -0.19 (0.70)  -0.08 (0.05)  -1.43 (0.00) 1.42 (0.00) 271 (0.12) 326
221.50 (0.00) 0.08 (0.47)  -0.24 (0.08) -1.75 (0.00) 1.28 (0.00) 536 (0.02) 338
369.09 (0.00) -0.10 (0.99)  -0.26 (0.01) -1.18 (0.00) 135 (0.00)  -3.37 (0.03) 347
-608.68 (0.00) -0.09 (0.59)  0.00 (0.88) -1.46 (0.00) 2.29 (0.00) 0.48 (0.71) 36.6

62.69 (0.00)  -2.00 (0.00)  -0.10 (0.02)  -1.63 (0.00) 129 (0.02)  -1.94 (059) 43.1
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Table 9 — Pooled Time-series Cross-sectional Association of Informed Trading and Returns
This table shows the results of fitting a pooled time-series cross-sectional generalized least square regression of monthly portfolio excess returns on monthly factor
returns and the average level of informed trading during the previous month:

5 5
RSj :a_"zSlej:l(Ws,szn?j,t +s jSMBs j ¢ + 4 j HMLs,j,t)+9Ranks,j,t T Xs,j TUsjts

' 5 5 5
e _ m
Rpit = p+ZS;12 pzlzjzl(/"s,p,j Rep.it +9p, MBq p 1 +75p,) HMLs,p,j,t)+wRanks,p,j,t +tOspi tOsp,jt-

Subscript s denotes the firm size group, subscript p indicates the book-to-market group, subscript j the rank of the level of informed trading, and t is the time-
index. Five monthly firm size groups and book-to-market groups are formed based on firm size and the book-to-market ratio at the end of the previous year. Simi-
larly, the average level of informed trading of every stock during the previous month is used to calculate informed trading quintiles. The lowest level of informed
trading is assigned informed trading quintile rank 1 and the highest level of informed trading is assigned quintile rank 5. Portfolio excess returns, R®, are calcu-
lated as the equally-weighted cross-sectional mean of monthly stock returns in excess of the one-month Treasury bill rate of all stocks that are in the same firm

size group and have the same informed trading quintile rank (to calculate RS ;1) or that arein the same firm size group, are in the same book-to-market group, and
have the same informed trading quintile rank (to calculate RS, ;). R, SMBs;;, and HMLs;, are equal to the market excess returns, and the returns on the SMB

and HML factor portfolios, if the respective portfolio belongs to firm size group s and to informed trading quintile rank j and zero otherwise. RS“?pY i1+ SMBspjts

and HML,,;; are equal to the market excess returns, and the returns on the SMB and HML factor portfolios if the respective portfolio belongs to firm size group s,
to book-to-market group p, and to informed trading quintile rank j and zero otherwise. Informed trading is captured by 1A, estimated over 60 minutes. The estima-
tion uses a generalized least square regression with a random intercept model to account for potential correlation within portfolios. The column Portfolio Sort
shows that the portfolios are formed based on size, book-to-market, and informed trading (Size, BTM, and I A). The portfolio-specific coefficients of R", SMIB, and
HML are suppressed for clarity of exposition. Coefficients (Coeff) arein percentages and the associated p-value isin parentheses to the right.

1A, (A, A3 [AraIN At
Portfolio Sort ~ Coefficient p-value Coefficient p-value Coefficient p-value Coefficient p-value Coefficient p-vaue

Size, BTM, and 1A 1.1 (0.68) 422 (1.00) 0.8 (0.80) 30  (0.01) 13  (0.56)
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Table 10

Principal Component Analysison RAIN

This table reports the results of a principal component analysis on the RAIN time-series. Only stocks that have observations for at
least 97.5% of the sample period are used. The column “ RAIN Based on” shows the horizon over which |A; used to construct
RAIN is estimated, the column Number of Days shows the number of days of the sample period included in the estimation,
whereas Number of Firms shows how many individual firms are included. Sample Variance Explained (%) shows the percentage
of the total RAIN-variance explained by the first, second, and third principal component (PC), whereby the second row shows the
cumulative variance explained.

Sample Variance Explained (%)

RAIN Basedon  Number of Days Number of Stocks 1% PC 2" pC 39 pC
1A, over 15 minutes 1,235.00 656.00 7.05 3.77 1.08
7.05 10.82 11.90
1A over 30 minutes 1,244.00 655.00 5.17 2.78 0.96
517 7.95 8.92
1A, over 60 minutes 1,224.00 656.00 4.20 2.00 0.93
4.20 6.20 7.13
IA; over 1 day 1,253.00 574.00 341 1.02 0.89
341 4.43 5.32
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