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1 Introduction

There is a considerable body of �nance literature that studies the predictability of future

stock returns using past returns. The asset pricing literature focuses on factors that in�uence

asset prices, but abstracts away from the mechanics of asset price evolution and information

aggregation. On the other hand, market microstructure literature focuses on how the trading

process a�ect the evolution of trading prices, in particular how information is incorporated

into prices.

In this paper we propose a novel approach to quantify the information embedded in the

return distribution prior to earning announcement, and document that our proposed measure

has signi�cant negative predictive power for the abnormal return at the time of earning

announcements. Our measure, normal-divergence (χh), captures the information distance

between the empirical return distribution and the minimum information distribution with

the same volatility, the normal distribution. It is measured as the KL-divergence of return

distribution and the corresponding normal distribution.

We solve an equilibrium model of asset price determination in which asset return does

not follow a normal distribution. We show that investor optimal portfolio choice not only

depends on the �rst two moments of the return distribution, as it would be the case with

normal return, but also depends on the normal-divergence of the return distribution.

In equilibrium, investor behavior feeds back into equilibrium price, and a higher normal-

divergence of pre-announcement return distribution leads to a lower jump in prices at the

time of the announcement. The intuition is that prior to resolution of uncertainty at the

announcement date, a high information content in the pre-announcement return distribution

implies a high degree of asymmetric information. As such, the less informed traders require

a compensation to be protected against informational trades, which in turn pushes the pre

announcement price closer to true post announcement price and dampens the size of the

jump.

We then test this hypothesis using high frequency data around quarterly earning an-

nouncements. We verify that indeed a higher pre-announcement normal-divergence, χh, is

associated with a signi�cantly lower normalized return at the announcement. This �nding is

very robust to controlling for di�erent moments of return distribution, standard deviation,

skewness and kurtosis. It is also robust to inclusion of price level prior to the announcement,

as well as earning surprise as measured by the di�erent between analyst expectations and

true level of earning announcement. Moreover, we control for di�erent combinations of �xed

e�ect including stock, sector and time �xed e�ect, quarter �xed e�ect as well as an indicator
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for < 5$stocks, and show that normal-divergence still has a signi�cant explanatory power

for announcement return.

The natural instrument used in �nancial markets to learn about uncertainty or volatil-

ity surrounding the announcements are option prices. This observation motivates us to ask

whether normal-divergence is fully priced in options. To answer this question, we construct

a measure of jump in stock price at announcement, inferred from option prices, as suggested

by Johannes and Dubinsky (2006). We then include this measure in our regressions, and

�nd that normal-divergence retains its signi�cant negative predictive power on price jump at

announcement. This is a striking �nding as it suggests that prior to earning announcement,

there is information built into the return distribution which is internalized by traders and

incorporated in their optimal portfolio choice. As such, it is re�ected in the prices to com-

pensate less informed traders prior to the resolution of uncertainty, and dampens the jump

in price due to the public revelation of news. However, this information is not incorporated

in option prices, and thus not fully priced by the broader �nancial markets.

We also �nd that a higher normal-divergence before earning announcements leads to

lower ex-post volatility, and that this e�ect is concentrated among stocks with higher ex-

ante volatility. A higher normal-divergence indicates that more information is already in-

corporated in the stock return distribution and thus the pre-announcement price already

adjusts, which leads to less ex-post information revelation and lower ex-post volatility. The

non-linearity is quite interesting as it suggests that information revelation is most important

when uncertainty is higher, and that is exactly the time when it has the largest impact in

investor behavior and prices.

Related Literature. This paper contributes to two di�erent strands of literature. First,

our �nding of jump variation being signi�cantly di�erent from predictions solely based on

market volatility contrasts with two existing approaches in the literature. In the no-arbitrage

asset pricing models jump intensity is proportional to volatility or its factors (Bates (1991),

Pan (2002)). In consumption-based equilibrium models, there is a tight a�ne connection

between the variation in jump risk and volatility (Drechsler and Yaron (2010)). Closer to us

is Andersen, Fusari, and Todorov (2017), who study short-maturity S&P 500 index options

to analyze volatility and jump risks. They devise a semi-nonparametric approach to uncover

variation in negative jump tail risk that helps predict future equity returns. Our evidence

points to a very di�erent, additional source of jump variation, information embedded in the

return distribution.
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Second, there is a literature that focuses on the role of information-based trading in

a�ecting stock returns. Easley, Hvidkjaer, and O'hara (2002) constructs a measure of the

probability of information-based trading, PIN, and incorporate it into a factor model of asset

pricing. They argue that information captured by this factor a�ect asset prices and leads

to abnormal expected returns. Using the PIN factor, as well as other measures of public

information, Vega (2006) �nds that the post-earnings-announcement drift of a given �rm

is related to the amount of private information available about that �rm. Sadka (2006)

uses PIN and argues that what is important in explaining asset pricing anomalies can be

viewed as compensation for the unexpected variations in the aggregate ratio of informed

traders to noise traders. Duarte and Young (2009) suggest that the PIN component related

to asymmetric information is not priced, while the component related to illiquidity is priced.

Easley, Hvidkjaer, and O'Hara (2010) argues that to the contrary, even controlling for the

well-known liquidity factors, still PIN earns abnormal returns. Our paper contributes to

this literature by quantifying the information in the return distribution in a novel way and

linking it to announcement expected return both theoretically and empirically.

Outline The rest of the paper is organized as follows: section 2 lays out the necessary

information theoretical concepts and notation. In Section 6, we introduce our proposed

measure, normal-divergence(χh), and formulate a model of stock price determination with

asymmetric information to motivate this measure. Section 4 describes the data on which

we base our analysis, and how normal-divergence is constructed from the data. Our main

empirical �ndings are presented in Section 5. Section 7 concludes. All proofs and derivations,

as well as further robustness checks are presented in the Appendix.

2 Preliminaries

De�nition 1 (Di�erential Entropy.) For a continuous random variable X with pdf f(X),

the di�erential entropy h(X) is de�ned as

h(X) = −
∫
S

f(x) log f(x)dx (1)

where S is the support of the random variable.

The concept of information entropy was introduced by Claude Shannon in his 1948 paper

�A Mathematical Theory of Communication", Shannon (2001). It is de�ned as the aver-

4



age amount of information produced by a probabilistic stochastic source of data. In other

words, entropy is a measure of unpredictability of the state, or equivalently, of its average

information content.

The next remark shows how the di�erential entropy of a normal distribution is related

to its standard deviation.

Remark 1 Let ξ = h(X) denote the entropy of random variable X. If X ∼ N(µ, σ2), then

ξ = ln(σ
√
2πe)

Remark 1 shows that there is a unique monotonic transformation from standard deviation

to di�erential entropy for a normal distribution.

The following de�nition provides a measure of information distance among two distribu-

tions.

De�nition 2 (Kullback- Leibler (KL-) Divergence.) For cumulative distribution func-

tions F (x) and G(x) of a continuous random variable X, with pdf f(x) and g(x), respectively,

and KL-divergence is de�ned to be

DKL(F ||G) =

∫ +∞

−∞
f(x) log

f(x)

g(x)
dx. (2)

The KL-divergence, also called relative entropy, is a measure of how one probability distribu-

tion diverges from a second probability distribution. In the language of Bayesian inference,

it is the amount of information lost when probability distribution G(.) is used to approxi-

mate F (.). Typically, F (.) represents the �true" distribution of data, while G(.) represents

a model, or approximation of F (.).

With the above de�nitions in mind, the following theorem is key to construction of our

proposed measure, normal-divergence.

Theorem 1 (Maximum Entropy Distribution.) With a normal distribution, di�eren-

tial entropy is maximized for a given variance. Put di�erently, the maximum entropy distri-

bution under constraints of mean and variance is the normal distribution.

Let G(µ, σ2) denote the family of distributions with mean µ and variance σ2. The above

theorem implies that among all the continuous distributions of this family, G ∈ G, the
corresponding normal distribution, N̂ ≡ N(µ, σ2) has the minimum amount of information.

As such, the KL-divergence of normal distribution with an alternative distribution in this
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family, DKL(N̂ ||Q), measures the information distance between the two distributions. This

observation is the key to construction of our information measure of interested, normal-

divergence, which we introduce in section 6.

Now consider a portfolio choice problem, where investors make inferences based on re-

alized return distribution to make their optimal decisions. Theorem 1 implies that any

empirical distribution has more information content than the normal distribution with the

same mean and variance, and the KL-divergence captures this informational distance.

Theorem 1 along with remark 1 implies that

min
X∼G, G∈G(µ,σ2)

h(X) = ln(σ
√
2πe).

This implies that any distribution with mean µ and variance σ2 conveys at least ln(σ
√
2πe)

information, proportional to the logarithm of its standard deviation.

3 Normal Divergence χh

In this section, we �rst provide an example to illustrate the emergence of the empirical

pattern documented in the paper. We then introduce the key information measure that we

suggest, Normal divergenceχh.

3.1 Illustrating Example

There are two dates, t = 0, 1, and a single asset. Assume the asset has return zero at t = 0,

R0 = 0, while date t = 1 its return is distributed via distribution F (R1).

R1 =

{
x1 with probability p

−x2 with probability 1− p

For x1, x2 > 0. Moreover, assume asset return follows a martingale:

px1 − (1− p)x2 = 0 ⇒ x2 =
p

1− p
x1

De�ne the expected jump in price to be the expected absolute value of the change in
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return, which is given by

EJ = E[|R1 −R0|] = px1 + (1− p)x2 = 2px1. (3)

The standard deviation of date t = 1 return is

σ =
√
px2

1 + (1− p)x2
2 =

√
px2

1 +
p2

1− p
x2
1 =

p

1− p
=

√
p

1− p
x1. (4)

Using equations (3) and (4), the expected value of jump adjusted for the standard deviation

is

EJ

σ
= 2
√

p(1− p).

Use De�nition 2 to get

EJ

σ
≡ −DKL(U ||F )︸ ︷︷ ︸

information

,

where U(.) denotes the uniform distribution. Note that the uniform distribution with 1
2

probability on each x1 and −x2 is the maximum entropy distribution on the same support,

i.e. the distribution with minimal amount of information. As such, DKL(U ||F ) captures the

information distance between the true return distribution F (.) and the maximum entropy

return distribution.

3.2 Information Measure

The above example, although stylized, demonstrates how the size of the jump in return

distribution is negatively related to the amount of information embedded in the distribution,

adjusted for the information in the minimum information (maximum entropy) distribution

with the same support. To characterize the role of information more generally, the next

de�nition introduces our main information measure, normal-divergence(χh).

De�nition 3 Let random variable X be distributed via continuous distribution F (x), with

mean µ, variance σ2 = V ar(x) and entropy ξ = h(x). Let N(µ, σ2) denote the normal

distribution with the same mean and variance as F (x).
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Normal-Divergence(χh) is de�ned as the KL-divergence between F and N

χh = DKL(N ||F ) (5)

Normal divergence measures the information distance between distribution F (.) and the

(minimum) information of the maximum entropy distribution, N(.), with the same variance

σ2.

Why is χh a good measure? An immediate question is why normal distribution is

a good benchmark with respect to which one can measure the information content of a

distribution. Note that normal distribution is the maximum entropy distribution, among

all the continuous distributions, subject to minimal constraints, i.e. with a single moment

constraint on variance, allowing for (−∞,+∞) support.1

Moreover, since historically return distribution has been modeled as a normal random

variable, the KL-divergence of any alternative distribution with it, represented by χh, informs

us about the missing information due to this approximation. We formalize this observation

using the more general model in Section 6.

4 Data

Stock price and characteristics data. The data is obtained from Thomson Reuters

I/B/E/S and the NYSE TAQ database. The main sample covers S&P500 �rms for January

2005 - March 2016. There are 710 di�erent tickers over the 12-year period, in 5250 di�erent

ticker-announcement pairs.

Event windows around the announcement dates for each ticker are computed, only in-

cluding trading hours. For instance, suppose the announcement is at 13 : 00 on a Friday,

and that the preceding Thursday and the subsequent Monday are both full trading days. A

four-hour event window would start at 15 : 30 on the Thursday, and include the rest of the

day's trading. It would include all of Friday's trading hours and 09 : 30 until 10 : 30 on the

Monday. Millisecond data on trade prices and volumes are extracted from the NYSE TAQ

database for each of these event windows. Any observations which includes a ticker su�x

are dropped, as are any which refer to a trade that is later corrected, changed or signi�ed

as �cancel� or �error�. Also dropped are any trades that had a �sale condition� indicator

1The maximum entropy distribution subject to a mean constraint is exponential. However it has the extra
restriction that the support has to be positive, which makes it less suitable to model the return distribution.
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that indicated it was not a �regular trade� or �automatic execution�, and �odd lot trades�

(trades with sizes of less than 100). The remaining data is then re-sampled at either second

or minute frequency, taking the mean price and size. Finally, the number of trading seconds

before or after the relevant announcement date is computed for each observation.

The same procedure is used to create a �midpoint� dataset, whereby the �pseudo-announcement�

times were set to 09 : 30 on the midpoint date between successive announcements for each

ticker and event.

The unit of observation for our regressions is ticker-announcement. For each ticker-

announcement pair, and for a chosen time interval T , we construct the return distribution

using return data of frequency ∆t. We use ∆t = 1 second for intervals of t = 30 min, 1, 2

and 4 trading hours before and after the announcement; and ∆t = 1 minute for 61
2
and 13

trading hours (one and two days).

Normalized Announcement return (absolute value), ŜRi,t is the dependent variable in our

main regressions. For a ticker-announcement pair where the announcement has happened at

time t, it is computed as the absolute value of the di�erence between average price within

interval T after and before the announcement, divided by the standard deviation of the

return distribution before the announcement, |E[pt+1]−E[pt]|
σt

. We choose this measure to make

the dependent variable unit-less per observation.

Normal-Divergence, χh i,t is our novel measure of information embedded in the return dis-

tribution, and is the key explanatory variable of interest. It is computed for each ticker-

announcement observation as the KL-divergence between the optimal bandwidth kde of the

empirical return distribution prior to announcement, and normal distribution of the same

mean and variance.

Earning Surprise is measured as the absolute value of di�erence between the weighted

average of analyst predictions, described below, and the actual level of earning per share

announcement. We use its logarithm in our regressions.

Volume, Average Price are computed on interval T before announcement at frequency ∆t.

Volume is the total, averaged-over-∆t volume of trade.

Return Standard Deviation, Skewness, Kurtosis are computed from the kde of the pre-

announcement return distribution, as E
[(

rt−µ̂
σ̂

)3]
and E

[(
rt−µ̂
σ̂

)4]
respectively, where µ̂ and
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σ̂ are the mean and variance of the kernel density estimate of the empirical return distribution

in the relevant time interval.

Option-Implied Price Jump. There is a literature that uses option prices to predict abnormal

announcement returns using option prices. We use option prices to construct the measure

of stock return at announcement proposed by Johannes and Dubinsky (2006) and use this

measure as an extra control variable in section 5.1.

We use implied volatility data for 91-day, at-the-money options, from 1996 onward, that

we obtain from OptionMetrics. This data covers the last trading day prior to the announce-

ment, and the next trading day after the announcement if the announcement occurred before

closing time (16:00). Otherwise, it covers the day of the announcement (or the last trading

day prior to it) and the subsequent trading day. The exact construction of the measure is

provided in section 5.1.

Market capitalization, Industry classi�cations are obtained from CRSP.

Dummy Control Variables. We control for a number of �xed e�ects in our regressions.

It includes individual stock �xed e�ect, sector �xed e�ect, time �xed e�ect (month), and

quarter �xed e�ect (to remove seasonality). We aslo control for stocks with price < 5$.

Analyst Data. Analyst forecasts of earnings per share (EPS) for the current �scal year

is obtained from I/B/E/S for all S&P 500 listed �rms in the database. This data includes:

tickers, date and time of EPS announcement, analyst forecasts of the EPS and identi�ers for

the analyst making the forecast. The latest forecast for each analyst is used to construct a

mean forecast for each ticker - announcement pair. Three types of weighted averages were

also computed:

1. The analysts are weighted according to the total share of the forecasts for that ticker

- announcement pair that they had provided.

2. The most recent forecast for each analyst, for each ticker - announcement pair is given

a weight of 3 if their forecast is within one month of the announcement date, 2 if within

3 months, 1 if within 12 months, and 0 otherwise.

3. The two above weights are multiplied (and re-scaled) to provide a composite weight.
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mean std Q1 median Q3 x̂

χh 0.022 0.028 0.001 0.010 0.031 0.766

annualized return std 1.112 1.071 0.595 0.820 1.216 1.039

earning surprise (log) -3.133 1.988 -4.033 -3.041 -2.129 -1.576

market cap (million) 20.922 37.752 4.465 9.285 19.924 0.554

average price 48.695 43.663 25.057 40.247 60.784 1.115

volume 264.612 222.848 154.997 192.330 276.089 1.187

return kurtosis 9.402 34.813 3.415 4.509 6.205 0.270

return skewness 0.018 1.048 -0.076 -0.003 0.064 0.018

option implied jump 0.050 0.033 0.029 0.042 0.060 1.485

std adjusted announcement return 0.021 0.026 0.006 0.013 0.025 0.812

Table 1: Summary statistics for regression variables with ∆t = 1 second, on T = 4 hour
interval around announcement date.

Table 1 provides the summary statistics of the di�erent variable in our main regression.

The summary statistics include sample mean and standard deviation, as well as 0.25, 0.5

and 0.75 quantiles. The last column, x̂, is the ratio of mean to standard deviation for the

corresponding variable.

4.1 Kernel Density Estimation

We need to estimate the distribution of return for each ticker-announcement pair before

and after the announcement as a number of our regressors, including our main information

measure χh, depend on the return distribution prior to the announcement beyond its �rst

four moments. Although we use ∆t = 1 second returns, which with a T = 4 hour window

allows for the possibility of 4 × 3600 observations on each side of the announcement, the

number of observations varies widely across di�erent ticker-announcement pairs. We use

Kernel Density Estimation (kde) to estimate the probability density function of the return

non-parametrically.

We need to pick a bandwidth for the kde. The bandwidth of the kernel is a free parameter

which exhibits a strong in�uence on the resulting estimate. kde can be generated using a

�xed or an optimally chosen bandwidth. If the bandwidth is too small the resulting estimated

pdf is undersmoothed since it contains too many spurious data artifacts. If the bandwidth
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is too large then the resulting kde is oversmoothed since using the large bandwidth obscures

much of the underlying structure.

In order to choose the optimal bandwidth, we use cross validation. In cross validation, the

model is �t to part of the data, and then a quantitative metric is computed to determine how

well this model �ts the remaining data. The cross-validation score, i.e. the maximum likeli-

hood, determines the optimal bandwidth. Such an empirical approach to model parameter

selection is very �exible, and can be used regardless of the underlying data distribution.

We use k-fold cross-validation. In this approach the original sample is partitioned into

k equal sized subsamples. Of the k subsamples, a single subsample is retained as the vali-

dation data for testing the model, and the remaining k − 1 subsamples are used as training

data. The cross-validation process is then repeated k time, the folds, with each of the k

subsamples used exactly once as the validation data. The k results from the folds can then

be averaged to produce a single estimation. The advantage of this method over repeated

random sub-sampling is that all observations are used for both training and validation, and

each observation is used for validation exactly once. We use 10-fold cross-validation, which

is the most commonly used approach. We also restrict the number of observtions per dis-

tribution to 5000 randomly chosen observations, in order to speed up the cross validation

algorithm. We also compare our estimates to constant bandwidth kde.

4.2 Test of Unimodularity

For our main regressions we focus on observations with pre-announcement return distribu-

tions that our unimodal. It turns out that the more well-known tests of unimodality, such

as the DIP test developed in Hartigan and Hartigan (1985) hardly classify any distribution

as unimodal. As we are working with the kde of an empirical distribution, this is very re-

strictive for our purposes. As such, to determine the unimodality of the distributions, we

use the following heuristic approach.

For each ticker-announcement observation, we do the kde estimation, and �nd the maxi-

mum peak. If the ratio of the density of the two largest peaks is larger than a threshold, f̄ ,

we say the distribution is unimodal. We use f̄ = 1
100

for our main estimations.

Figure 1 shows the return distribution prior to announcement for two di�erent ticker-

announcement pairs, along with the kernel density estimates, and the corresponding normal

distribution with the same mean and variance as the empirical distribution. The �xed band-

width kde clearly over-�ts the empirical distribution, so we will use the optimal bandwidth

kde throughout the rest of the paper. Moreover, we classify the �rst distribution as uni-
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(a) Stock name: �Bank of America"
(`BAC', 2009− 01− 1607 : 00 : 00); χh = 0.0005;
Fixed Bandwidth = 0.0028; Optimal Bandwidth = 0.0011;
Number of modes = 1
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(b) Stock name: �NewMarket Corporation"
(`NEU', 2014− 01− 3017 : 01 : 00); χh = 0.0326;
Fixed Bandwidth = 7.4887e − 05; Optimal Bandwidth = 0.0003;
Number of modes = 2

Figure 1: Return distribution prior to announcement for two individual observations. ∆t = 1
second return, and the time interval is 4 hours. The empirical distribution is plotted as bars.
The green curve is the corresponding kde distribution with �xed bandwidth, the red curve
is kde with optimal bandwidth, and the blue curve is the normal distribution with the same
mean and standard deviation.
Panel (a) is classi�ed as a unimodal distribution, while panel (b) is classi�ed as a multi-
modal distribution.
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Modal, while the second one is classi�ed as multi-Modal and is not included in the main

empirical analysis. The optimal bandwidth kde visually manifests our modality classi�cation.

5 Results

This section presents our main empirical results. We show that the normal-divergence of

the pre-announcement stock return distribution, χh, has a signi�cant (negative) explanatory

power for the normalized return at the announcement, and explain how our model accounts

for this �nding. We also show that this explanatory power is robust not only to inclusion

of traditional control variables, but also to inclusion of a measure of jump in prices at the

announcement, implied by option prices. Furthermore, we document the forecast power of

our information measure on post announcement return volatility.

Before moving to our main regressions, we start with a preliminary observation about the

information content of di�erent distributions as measure by entropy. Consider the following

two normal distributions to approximate the empirical return distribution F (.) with mean

µ, variance σ2, and entropy ξ. The �rst distribution is the Gaussian with the same mean

µ, and the same variance σ2 as the empirical distribution, G1(r) = N(µ, σ2). Using remark

1, the entropy of G1 is given by ξ1 = ln(σ
√
2πe). The second distribution, G2(r), is the

Gaussian with the same mean, µ, but the same entropy as the empirical distribution, ξ. As

such, the standard deviation of the second distribution is given by σξ =
eξ√
2πe

. From theorem

1, σ2
ξ ≤ σ2. In other words, as G1(r) is the minimum information distribution which has

the same variance as F (.), ξ1 ≥ ξ. Moreover, by construction ξ = ξ2. Since there is a

monotonic transformation between entropy and variance for normal distribution, it follows

that the distribution with higher entropy, i.e. less information, has a higher variance too,

σ2
2 = σ2

ξ ≤ σ2
1 = σ2.

Figure 2 veri�es this intuition in the data. For each observation, we compute the ra-

tio of entropy-implied standard deviation to standard deviation of the corresponding pre-

announcement return distribution,
σξ

σ
. Figure 2 plots the probability density of this ratio

for the whole sample. As expected,
σξ

σ
< 1 because for any given standard deviation σ, the

normal distribution with the same standard deviation is the maximum entropy distribution.

Our �rst set of tables present the results for regressions of normalized announcement

return on χh and multiple other relevant variables. We also gradually add more controls to

ensure robustness of our �ndings. We pool all the observations together, and normalize each

independent variables with its sample standard deviation for our main regressions.
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Figure 2: Sample distribution of ratio of entropy-implied standard deviation to standard
deviation,

σξ

σ
, computed for pre-announcement empirical return distribution.

Our speci�cation is of the following form:

ŜRi,t = α + βχh i,t +X i,tγ +Di,tκ+ ϵi,t (6)

where ŜRi,t is the absolute value of the ratio of expected return at announcement divided

by standard deviation of return distribution before announcement, and χh i,t is the normal-

divergence of the pre-announcement return distribution. X i,t are control variables, computed

for interval T prior to announcement at frequency ∆t, and are a subset of {earning surprise,
standard deviation/skewness/kurtosis of pre-announcement return distribution, market cap,

average price/total traded volume prior to the announcement}. Di,t are �xed e�ects includ-

ing stock, sector and time �xed e�ects, quarter �xed e�ects, as well as a dummy for < 5$

stocks.

Tables 2 and 3 summarize our main �ndings. Table 2 presents the results of di�erent

variations of regression equation (6), without any �xed e�ects. The key observation is that

β, the coe�cient of regression on χh, is consistently negative, around −0.05, and both its

level and signi�cance are robust to inclusion of further controls. This �nding is precisely in

line with the predictions of our model. Right before the earning announcement is the period

where asymmetric information frictions are heightened. In order for the less informed traders

to trade against the more informed ones before uncertainty is resolved, they require a high
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Table 2: Announcement Return: E�ect of Normal-Divergence χh;
T = 4 Hour, ∆t = 1 Second

(1) (2) (3) (4) (5)

constant 0.539
(47.74∗∗∗)

0.562
(43.60∗∗∗)

0.538
(32.10∗∗∗)

0.530
(21.09∗∗∗)

0.562
(20.88∗∗∗)

χh -0.048
(-5.31∗∗∗)

-0.049
(-5.19∗∗∗)

-0.055
(-5.62∗∗∗)

return std -0.058
(-6.46∗∗∗)

-0.032
(-3.41∗∗∗)

-0.033
(-3.39∗∗∗)

earning surprise (log) 0.023
(2.51∗)

0.027
(3.02∗∗)

0.027
(3.05∗∗)

market cap 0.080
(8.68∗∗∗)

0.084
(8.84∗∗∗)

average price 0.037
(3.71∗∗∗)

0.032
(3.20∗∗)

volume -0.024
(-2.61∗∗)

return kurtosis 0.022
(2.25∗)

return skewness 0.020
(2.21∗)

N 4742 4742 4742 4742 4742
Adj R2 0.57% 0.85% 0.11% 3.68% 4.03%

This table shows results from regression (6). The dependent variable is the absolute value of
the ratio of expected return at announcement divided by standard deviation of return dis-
tribution before announcement, and χh i,t is the normal-divergence of the pre-announcement
return distribution. The data covers individual stock earning announcements from January
2005- March 2016. The time interval for computing the relevant statistics is T = 4 hours,
and the frequency is ∆t = 1 second. X i,t are the control variables, a subset of {earning sur-
prise, return distribution standard deviation/skewness/kurtosis of pre-announcement return
distribution, market cap, average price/total traded volume prior to the announcement}.
t-stats are presented in parenthesis. Signi�cance levels: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 3: Announcement Return: E�ect of Normal-Divergence χh;
T = 4 Hours, ∆t = 1 Second

(6) (7) (8) (9) (10)

constant 0.470
(19.70∗∗∗)

0.501
(21.50∗∗∗)

0.479
(8.30∗∗∗)

0.625
(5.08∗∗∗)

0.289
(2.11∗)

χh -0.038
(-4.08∗∗∗)

-0.041
(-3.92∗∗∗)

-0.026
(-2.31∗)

-0.038
(-3.49∗∗∗)

-0.043
(-3.67∗∗∗)

return std -0.046
(-4.95∗∗∗)

-0.039
(-3.98∗∗∗)

-0.042
(-3.62∗∗∗)

-0.042
(-4.11∗∗∗)

-0.043
(-3.50∗∗∗)

earning surprise (log) 0.056
(6.23∗∗∗)

0.031
(3.44∗∗∗)

0.045
(4.71∗∗∗)

0.031
(3.45∗∗∗)

0.046
(4.89∗∗∗)

market cap 0.059
(5.91∗∗∗)

0.083
(8.86∗∗∗)

0.029
(1.19)

0.084
(8.91∗∗∗)

0.019
(0.79)

average price 0.025
(2.50∗)

0.039
(3.76∗∗∗)

-0.001
(-0.08)

0.029
(2.03∗)

0.018
(1.11)

volume -0.042
(-3.21∗∗)

return kurtosis 0.021
(2.27∗)

return skewness 0.021
(2.43∗)

controls stock
sectors
quarter
year month
< 5$ stocks

N 4742 4742 4742 4742 4742
Adj R2 20.77% 5.65% 29.48% 5.65% 29.85%

This table continues table 2 and provides results from regression (6), controlling for di�erent
�xed e�ects. Di,t are �xed e�ects including stock, sector and time �xed e�ects, quarter �xed
e�ects, as well as a dummy for < 5$ stocks. t-stats are presented in parenthesis. Signi�cance
levels: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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compensation, which pushes the pre-announcement price closer to what the price should be

after the resolution of uncertainty, which in turn decreases the size of the price jump, and

thus the return normalized return at the announcement.

A second observation is that consistent with the prediction of the model, the standard

deviation of return distribution before the announcement negatively predicts the return

surprise.

The level e�ects implied by the regressions are very intuitive. A higher earning surprise,

as measured by the di�erence between analyst expectation and the realized earning per share

announcement implies a larger price change. It is also consistent with �ndings in the previous

literature which documents earnings momentum, the positive correlation between earnings

announcement surprises and cumulative abnormal returns over a longer horizon following an

earnings announcement (Ball and Brown (1968)). Moreover, controlling for the information

through χh, a larger expected price before the announcement predicts a larger change.

Lastly, column (5) clearly shows that the explanatory power of information embedded in

return distribution, as measured by χh, is robust to inclusion of higher moments of the pre-

announcement return distribution. The literature has traditionally used return kurtosis as a

strong predictor of uncertainty. Our results show that once one controls for the information

content of the return distribution, kurtosis becomes only marginally signi�cant, while χh

retains its explanatory power even in presence of kurtosis.

In table 3 we control for di�erent �xed e�ects in the previous regressions to make sure

our �ndings are robust. We control for sector �xed e�ects, as well as time �xed e�ect (year-

month dummy). We control for announcement quarter to remove any potential seasonality.

We also control for stock �xed e�ects, although this might be deemed subject to over-�tting.

Finally, we include a control for < 5$ stocks as they follow very di�erent dynamics. It is clear

that the observation that more information in the pre-announcement distribution implies a

smaller jump in prices at the announcement is a very robust �nding.

5.1 Incorporating Option Prices

We have so far argued that normal-divergence of the pre-announcement return distribution,

our proposed measure of information embedded in this distribution, has signi�cant explana-

tory power for the normalized announcement date return. An immediate question is whether

this is prices by �nancial markets or not.

The natural instrument used in �nancial markets to learn about uncertainty or volatility

surrounding the announcements are option prices. Johannes and Dubinsky (2006) proposes
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a method to use option prices to do inference about uncertainty embedded in earnings

announcements.

To quantify the uncertainty embedded in earnings announcements, they use a sample of

20 low-dividend �rms with the most actively traded options from 1996 to 2002. Based on an

extension of the Black-Scholes model, they develop two estimators of the uncertainty embed-

ded in earnings, σQ
t . The �rst uses only ex-ante information and relies on the term structure

of option implied volatility. Since this estimate can be obtained prior to the announcement,

it provides an ex-ante view of investor's expectations of the uncertainty present in the earn-

ings announcement. The second estimator, the time series estimator, uses changes in implied

volatility before and after an announcement. Their results indicate that option prices are

very informative about the uncertainty embedded in earnings announcements. We construct

their time-series estimator using our data and add it to our main regression speci�cation (6),

to test whether normal-divergence is captured in option prices.

To construct the time series estimator of σQ
t , let σ

BS
t,Ti

denote the Black-Scholes implied

volatility of date t of an option expiring in Ti days. If there is an earning announcement after

the close on date t, then the implies volatility j days after the announcement is
(
σBS
tj ,Ti−j

)2
=

σ2. The change provide an estimator of the earning jump variance based on time series

(σQ
time)

2 = Ti

(
(σBS

t,Ti
)2 − (σBS

t+1,Ti−1)
2
)

We compute this volatility estimator for j = 1, and use it to construct their measure for

jump volatility risk premium

Jτj+1 =
rτj+1√

(σQ
time)

2 + σ2/252

where rτj+1 is the return at the announcement. We use 90-day call options to calculate this

statistic, option-implied-jump, and control for it in our regressions.2

Table 4 summarizes the results of including option-implied-jump in regression speci�ca-

tion (6) with di�erent sets of controls. As expected, ption-implied-jump appears signi�cantly

positive in all speci�cations. However, the more important observation is that the coe�cient

on normal-divergence changes only marginally and remains signi�cant when we control for

option-implied-jump in various speci�cations.

This is a striking �nding, as it implies that there is some information embedded in the

2We do not di�erentiate between 90 and 91 day options.
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Table 4: Announcement Return: E�ect of Normal-Divergence χh, Controlling for
Option-Implied Jump in Prices;
T = 4 Hour, ∆t = 1 Second

(11) (12) (13) (14) (15)

constant 0.358
(22.56∗∗∗)

0.395
(22.71∗∗∗)

0.322
(11.01∗∗∗)

0.492
(6.85∗∗∗)

0.303
(2.82∗∗)

χh -0.045
(-5.07∗∗∗)

-0.054
(-5.69∗∗∗)

-0.022
(-2.01∗)

-0.037
(-3.26∗∗)

return std -0.128
(-

11.82∗∗∗)

-0.062
(-5.22∗∗∗)

-0.068
(-5.36∗∗∗)

earning surprise (log) 0.011
(1.25)

0.040
(4.22∗∗∗)

0.042
(4.41∗∗∗)

market cap 0.090
(9.82∗∗∗)

0.039
(1.65)

0.035
(1.48)

average price 0.043
(4.41∗∗∗)

volume -0.008
(-0.82)

-0.044
(-3.37∗∗∗)

return kurtosis 0.038
(4.03∗∗∗)

0.024
(2.65∗∗)

return skewness 0.020
(2.24∗)

0.020
(2.37∗)

option implied jump 0.097
(10.92∗∗∗)

0.096
(10.81∗∗∗)

0.183
(18.09∗∗∗)

0.068
(5.91∗∗∗)

0.072
(6.20∗∗∗)

controls stock
sectors
quarter
year month
< 5$ stocks

N 4742 4742 4742 4742 4742
Adj R2 2.43% 2.94% 10.22% 30.09% 30.51%

This table shows results from regression (6). The dependent variable is the absolute value of
the ratio of expected return at announcement divided by standard deviation of return dis-
tribution before announcement, and χh i,t is the normal-divergence of the pre-announcement
return distribution. Importantly we control for a measure of jump in prices around the
announcements implied by option prices, as developed in Johannes and Dubinsky (2006).
The data covers January 2005- March 2016, with interval T = 4 hours and frequency is
∆t = 1 second. X i,t are the control variables, a subset of {earning surprise, standard
deviation/skewness/kurtosis of pre-announcement return distribution, market cap, average
price/total traded volume prior to the announcement}. Di,t are �xed e�ects including stock,
sector, announcement time, and quarter �xed e�ects, as well as a dummy for < 5$ stocks.
t-stats are presented in parenthesis. Signi�cance levels: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Figure 3: The �rst row plots the distribution of standard deviation (σ), entropy (ξ), and
normal-divergence (χh) for the return distribution before and after the announcement, for
the whole sample. The second row plot the ratio of before to after announcement return
distribution.

return distribution prior to earning announcement, which is internalized by traders and

re�ected in their optimal demand schedule. This optimal response leads to downward ad-

justment in normalized announcement return, such that less informed traders are properly

compensated. However, this information is not incorporated in option prices, and as such is

not fully priced by the broader �nancial market.

5.2 Post Announcement Volatility and Information

We next turn our focus to the volatility and information in the return distribution after the

announcement. Figure 3 plots the sample distribution of standard deviation (σ), entropy (ξ),

and normal-divergence (χh) for the return distribution before and after the announcement,

as well as the the ratio of the two distributions.
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It is clear that all three distributions shift to the right after the announcement, which

is counter-intuitive at �rst glance. The distribution of entropy (second column) is the most

intuitive; it manifests that the information which was built in the return distribution before

the announcement is all revealed, and after the announcement mainly random (Gaussian)

noise remains, which has higher entropy. However, this seems inconsistent with an increase

in normal-divergence post announcement (third column), which is approximately the log of

standard deviation net of entropy. The key is to realize that standard deviation of the return

distribution after the announce increases even more than its entropy does. The exact same

build-up of information prior to announcement that leads to a distributional divergence from

normal distribution, makes the return distribution also more concentrated around its mean.

Once the uncertainty is resolved, this information is common knowledge, and the volatility

of the post announcement return distribution is dictated by random noise, and considerably

increases compared to before the announcement. This increase is su�ciently large compared

to increase in entropy that the distribution of net e�ect, χh, shifts to the right.

To study the e�ect of information prior to announcement on post-announcement volatility

and information, we focus on the following speci�cation:

Yi,t = α + βχh i,t +X i,tγ +Di,tκ+ ϵi,t (7)

where Yi,t is the independent variable for stock announcement i at ticker t. We mainly

focus on standard deviation of post-announcement distribution, σi,t+1. We also report re-

sults for normal-divergence of the post-announcement distribution, χh i,t+1, as well as the

di�erence between normal-divergence of pre and post distribution, χh i,t+1 − χh i,t. X i,t are

control variables, computed for interval T prior to announcement at frequency ∆t, and are

a subset of {earning surprise, return distribution standard deviation/skewness/kurtosis of

pre-announcement return distribution, market cap, average price/total traded volume prior

to the announcement}. Di,t are �xed e�ects including stock, sector and time �xed e�ects,

quarter �xed e�ects, as well as a dummy for < 5$ stocks.

Table 5 provides the results for di�erent speci�cations of the regression equation (7)

with σi,t+1 as the independent variable. A number of interesting �ndings emerge from these

regressions.

First, note that when only level of χh is included as an explanatory variable, as in columns

(1) and (2), it has a signi�cant negative explanatory power on the ex-post volatility. This

means higher information content in the pre-announcement distribution corresponds to lower

ex-post volatility. This observation has an intuitive explanation: the more information is al-

22



Table 5: Post Announcement Volatility: E�ect of Normal-Divergence χh;
T = 4 Hour, ∆t = 1 Second

(1) (2) (3) (4) (5)

constant 1.000
(22.59∗∗∗)

1.585
(6.26∗∗∗)

0.550
(9.57∗∗∗)

0.937
(3.73∗∗∗)

0.965
(3.80∗∗∗)

χh -0.046
(-2.83∗∗)

-0.059
(-3.29∗∗)

0.188
(7.73∗∗∗)

0.148
(5.44∗∗∗)

0.114
(4.22∗∗∗)

return std (σt) 0.853
(52.38∗∗∗)

0.568
(23.05∗∗∗)

0.988
(31.04∗∗∗)

1.100
(34.54∗∗∗)

0.819
(18.54∗∗∗)

average price -0.088
(-5.41∗∗∗)

-0.131
(-4.21∗∗∗)

-0.115
(-3.82∗∗∗)

-0.081
(-2.61∗∗)

χh × σt -0.268
(-7.67∗∗∗)

-0.450
(-

12.04∗∗∗)

-0.211
(-5.32∗∗∗)

option implied jump 0.214
(10.72∗∗∗)

0.181
(7.78∗∗∗)

market cap -0.113
(-7.32∗∗∗)

-0.026
(-0.59)

volume -0.018
(-1.18)

0.001
(0.06)

return kurtosis -0.266
(-

14.70∗∗∗)

-0.213
(-

10.36∗∗∗)

controls sectors
year month
quarter
stock
< 5$ stocks

N 4290 4290 4290 4290 4290
Adj R2 40.79% 50.35% 49.33% 48.57% 53.90%

This table shows results from regression (7). The dependent variable is the standard devia-
tion of the individual stock return after the announcement, and χh i,t is the normal-divergence
of the pre-announcement return distribution. The data covers individual stock earning an-
nouncements from January 2005- March 2016. The time interval for computing the relevant
statistics is T = 4 hours, and the frequency is ∆t = 1 second. X i,t are the control variables,
a subset of {earning surprise, return distribution standard deviation/skewness/kurtosis of
pre-announcement return distribution, market cap, average price prior to the announce-
ment, total traded volume prior to the announcement, option-implied price jump}. Di,t are
�xed e�ects including stock, sector and time �xed e�ects, quarter �xed e�ects, as well as a
dummy for penny stocks. t-stats are presented in parenthesis. Signi�cance levels: ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 6: Post Announcement Information in Distribution: E�ect of Normal-
Divergence χh;
T = 4 Hour, ∆t = 1 Second

(1) (2)

constant -0.566
(-0.15)

-0.039
(-0.15)

χh 0.646
(2.04∗)

-0.025
(-1.12)

return std -0.350
(-1.07)

-0.024
(-1.07)

average price 0.157
(0.34)

0.011
(0.34)

controls year month
sectors
< 5$ stocks
quarter
stock

N 4742 4742
Adj R2 -2.14% -2.29%

This table shows results from regression (7). The dependent variable is the post announce-
ment normal-divergence of individual stock return distribution χh i,t+1 in column (1) and
χh i,t+1 − χh i,t in column (2). The data covers individual stock earning announcements
from January 2005- March 2016. The time interval for computing the relevant statistics
is T = 4 hours, and the frequency is ∆t = 1 second. X i,t are the control variables, a
subset of {earning surprise, return distribution standard deviation/skewness/kurtosis of pre-
announcement return distribution, market cap, average price/total traded volume prior to
the announcement}.t-stats are presented in parenthesis. Signi�cance levels: ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.
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ready incorporated in the distribution and the pre-announcement price has already adjusted,

there will be less ex-post information revelation and less volatility. More interestingly, the

last three columns (3-5) reveal that this e�ect is non-linear and concentrated at stocks with

higher ex-ante volatility. It is really when uncertainty is large that information revelation

matters the most, and has a large impact on investor behavior. Columns (2), (4) and (5)

show that this �nding is robust to inclusion of di�erent control variables and �xed e�ect. In

particular, including higher moments of the pre-announcement distribution does not in�u-

ence the predictive power of normal-divergence.

Moreover, note that a higher ex-ante volatility predicts a higher ex-post volatility, which

is very intuitive.

Table 6 presents the results of regressions where the dependent variable is the normal-

divergence for post-announcement return distribution, χh i,t+1 (column (1)), and the di�er-

ence between pre and post announcement normal divergence, χh i,t+1 − χh i,t. χh turns out

to be only marginally signi�cant in these regressions. We are still exploring these �ndings.

6 Model

There are three periods, t = 0, 1, 2. There is a unit measure of investors who live in a large

economy. Investors consume only at the last date, t = 2. There is one risky asset in the

economy. Measure x̄ of the asset has to be held by the investors.

Investors choose how much asset to hold at t = 0 at price p0. Each investor has to

sell(cover) z fraction of his portfolio at t = 1 at price p̃1, and the complementary fraction at

t = 2, at price p2.
3 The investor consumes the net proceeds at t = 2, so his consumption is

given by c = x ((1− z)p2 + zp̃1 − p0).

As such, there are three price, p0, p̃1, and p2, where ∼ denoted that price at date t = 1 has

a random component. p0 and p2 are known constants, and p̃1 is determined in equilibrium.

It is most useful to think of p0 as share price su�ciently ahead of announcement, p̃1 as the

price close to the scheduled announcement, when some information about announcement

is potentially incorporated in the price distribution, and p2 as the price after the earning

announcement has happened.

Price of the asset at t = 1 is given by p̃1 = p̂1 + r, where r is distributed r ∼ F (r). F (r)

has mean 0 and variance σ2, and is symmetric around its mean. It represents the de- meaned

3z can be endogenized using a convex inventory cost function. For clarity, in this paper we take z as the
exogenous probability of market access.
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return distribution entering date t = 1.

Distribution F (.) is determined in the larger economy to re�ect the existing information,

and is invariant to investor decision. However, investor demand determines mean of the price

distribution at t = 1, p̂1.
4

Investors are competitive and do not internalize their in�uence on p̃1. Each investor takes

p̂1 and distribution F (r) as given, and chooses his investment in risky asset to maximize his

expected utility. In equilibrium, mean of the price of asset at t = 1, p̂1, is determined

such that markets clear, and total investor demand is equal to x̄. As such, the jump in the

expected price of asset is given by r2 = p2 − EF [p̃1] = p2 − p̂1.
5

6.1 Generalized Portfolio Problem

Let ρ be distributed with distribution F (.) with mean µ and variance σ2, and let N(µ, σ2)

denote the normal distribution with the same mean and variance. Consider the following

increasing and concave utility function

û(c) = 1− eS(c)

with S ′(c) < 0 and S
′2(c) + S ′′(c) > 0 such that

û′(c) = −S ′(c)eS(c) > 0 and û′′(c) = −
(
S

′2(c) + S ′′(c)
)
eS(c) < 0,

and c = ρx. Instead of utility itself, we will work with the following monotonic transfor-

mation

u(c) = − (û(c)− 1) = eS(c);

Which implies

max
c,x

EF [û(c)] ≡ min
c,x

EF [u(c)]

s.t. c = ρx

4This is equivalent to assuming investors' demand determine mean of distribution F (r) but not the rest
of its properties.

5With positive net supply of asset to the investors, it must be that r2 > 0. The investor has to pay a cost
at t = 1 with expectation 0, and bear some risk as well. So unless the return is positive he will not trade.
We will focus on this case in our calculations, but all the calculations can be easily replicated for the case of
x̄ < 0.
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We use the Radon-Nikodym derivative dF
dN

to do a change of measure on investor objective

function. The investor optimization problem is equivalent to

min
x

EN

[
log (u(S(c))) + log

(
dF

dN

)]
+

1

2
V arN

[
log (u(S(c))) + log

(
dF

dN

)]
.

This change of measure allows us to take advantage of the properties of CARA utility when

the expectation is with respect to a normally distributed random variable. However, it

introduces a correction term in the objective function, which depends on the Radon-Nikodym

derivative. It turns out that this correction factor is closely tied to the KL-divergence of the

true return distribution and the corresponding normal distribution with the same mean and

variance.

Our �rst lemma summarizes this result. It describes the optimal portfolio for this general

utility speci�cation using the �rst order condition.

Lemma 1 The investor optimal portfolio is the solution to the following equation.

EN

[
dS
(
c(x; ρ)

)
dx

]
(1 +DKL(N ||F )) +

1

2

d

dx
V arN

[
S
(
c(x; ρ)

)]
− EN

[
dS
(
c(x; ρ)

)
dx

log

(
dN

dF

)]
= 0.

(8)

Lemma 1 exhibits the key mechanism of the paper. In choosing their optimal portfolio

facing a general return distribution, investors not only care about the �rst two moments of

the return distribution, but also about the information embedded in the return distribution.

This information content is measured by information distance from minimum information

distribution, i.e. DKL(N ||F ). We will next specialize the utility function further to make

tighter predictions on how investor optimal behavior determines the equilibrium return.

6.2 Investor Optimization

In this section we specialize the utility function to piece-wise linear CARA utility. This simple

extension of CARA utility has the same properties as the more general û(c) = 1−eS(c), while

clearly exhibiting a case where information embedded in price distribution directly a�ects

agents' behavior even keeping the return distribution symmetric. This is an environment

where agents have di�erent risk preferences toward good and bad outcomes, for instance one

where sentiments matter for risk attitude.
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û(c) = 1− e−(α−(α−γ)Ic>0)c

c = (r̄ − z(r2 − r))x.

with α ≥ γ > 0. z is the fraction of portfolio that agent knows he has to sell at t = 1,

r̄ = p2 − p0 and r2 = p2 − EF [p̃1].

û(c) is di�erentiable everywhere except one point, increasing and concave. It exhibits a

notion of negative sentiments towards low outcomes: the agent has a higher absolute risk

aversion at low levels of consumption. Mapping this utility speci�cation to general portfolio

problem of section 6.1, we have

S(x; r) = −
(
α− (α− γ)Ix(r̄−z(r2−r))>0

)
(r̄ − z(r2 − r))x.

This function is almost everywhere di�erentiable with respect to x, except at x = 0.

S ′(x) =
dS
(
c(x; r)

)
dx

= −
(
α− (α− γ)Ix(r̄−z(r2−r))>0

)
((r̄ − zr2) + zr)) i� x ̸= 0

Let Φ(z) denote the CDF of N(0, σ2) evaluated at r = z. Moreover, note that if z is

distributed N(0, σ2), then |z| follows a half-normal distribution with mean
√
2σ√
π
and variance

σ2(1− 2
π
). Finally, note that Sgn(x) = Ix>0 − Ix<0.

We use our choice of S(x; r) to simplify the general �rst order condition (8) as

EN [S ′(x)]
(
1 +DKL(N ||F )

)
+ x

(
EN

[
S

′2(x)
]
− E2

N [S ′(x)]
)
− EN

[
S ′(x) log

(
dN

dF

)]
= 0.

And use the latter expression to derive investor optimal portfolio choice. To do so we

calculate each term using the piece-wise linear CARA utility function. The algebra is cum-

bersome and deferred to the appendix. In order to reduce the notation, let EF [g(r), r1 <

r < r2] =
∫ r2
r1

g(r)dF (r), and de�ne the following three functions

C1(r̂) = (Φ(
r̂

z
)− 1

2
)r̂ + zEN [r, 0 < r <

r̂

z
]

C2(r̂) = EN

[
(1 + zr) log

(
dN

dF

)
, 0 < r <

r̂

z

]
C3(r̂) = r̂2

(
Φ(

r̂

z
) +

1

2

)
+ z2EN [r

2, 0 < r <
r̂

z
]− 2zr̂EN [r, 0 < r <

r̂

z
]
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Figure 4: Jump in price at the announcement p2−EF [p̃1], as a function of return distribution
normal-divergence, χh.

Using this notation, we can state our �rst main result, which characterizes investor's optimal

portfolio.

Proposition 1 (Investor Optimal Behavior) The optimal investor portfolio is given by

x∗ =− z(α + γ)

a0
r2 −

(α− γ)
(
2C1(r̄ − zr2)Sgn(x) +

√
π
2
zσ
)

a0
(χh + 1) (9)

+
(α− γ)

(
2C2(r̄ − zr2)Sgn(x) + EN

[
|r| log

(
dN
dF

)]
+ (α + γ)r̄

)
a0

where

a0 =− 2

(
(α− γ)

(
σz√
2π

− C1(r̄ − zr2)Sgn(x)

)
+

1

2
(α + γ)(r̄ − r2z)

)2

+
σ2z2 ((2 + π)α2 + (π − 2)γ2)

π

+ (α2 − γ2)

(
2C3(r̄ − zr2)Sgn(x)− 2

√
2

π
σ(r̄ − r2z)

)
+
(
α2 + γ2

)
(r̄ − r2z)

2 (10)

The proposition shows that when a0 > 0, a higher χh leads to a lower optimal demand

submitted by the uninformed investor. E�ectively, the information built in the return dis-

29



tribution at t = 1 implies that the uninformed investors require a higher rate for transacting

at t = 1, as they lack that information and will be exploited by the informed agents in the

economy. As such, more information in the current distribution leads investor to submit a

smaller demand.

Moreover, r2 is the return between t = 1 and t = 2, which is the return between dates

t = 0 and 2, net of the return between t = 0 and 1. Note that the direct e�ect of r2 on x∗ is

negative, which is quite intuitive: a higher r2 implies a lower return for the part of portfolio

sold at t = 1, which in turn dampens the demand. E�ectively, χh ampli�es this channel.

Since all the investors are the same, they hold the same optimal portfolio, so the aggregate

demand simpli�es to a representative agent. By market clearing, total demand should be

equal to total supply of the asset available to investors,

x∗(r2) = x̄ (11)

which in turn endogenize the size of the jump.

Proposition 2 (Price Jump at Announcement) In equilibrium expected return and the

information in ex-ante return distribution, χh, are negatively correlated. Price jump r∗2 is

characterized by

r∗2 =− a0
z(α + γ)

x̄−
(α− γ)

(
2C1(r̄ − zr∗2)Sgn(x) +

√
π
2
zσ
)

z(α + γ)
(χh + 1) (12)

+
(α− γ)

(
2C2(r̄ − zr∗2)Sgn(x) + EN

[
|r| log

(
dN
dF

)]
+ (α + γ)r̄

)
z(α + γ)

.

where a0 is de�ned in equation (10).

Price jump is characterized as the solution to equation (9) evaluated at market clearing,

(11). We solve the model for the family of student-t distributions with degree of freedom

varying from 5−80, normalizing to keep the standard deviation σ = 1 across the distributions.

Figure (4) plots the size of the price jump at the announcement, as a function of the χh.

This �gure reveals the main intuition of the model. In equilibrium, the more information

that is built into the 4 = 0 return distribution, a higher χh, the more worried the uninformed

investors are that informed investors will do informational trades against them and they lose.

As such, they require a higher rate of return between dates t = 0 and t = 1, which translates

to a lower r2.
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Put di�erently, lower demand submitted by uninformed agents puts upward pressure on

t = 0 price to get the asset market cleared, which pushes the pre-announcement price up,

closer to the post announcement price, and leads to a smaller price jump. As such, a higher

normal-divergence is associated with smaller returns at the announcement. We will use this

intuition to guide our regressions in the empirical section.

7 Conclusion

In this paper we propose a novel measure of information embedded in return distribution,

normal-divergence (χh), and document that it has signi�cant (negative) explanatory power

for jump in prices at the time of earning announcement.

To explore this �nding, we take seriously the gradual information revelation prior to

earnings announcements and develop a model and pricing approach to explain price jumps

on earnings announcement dates. Our model suggests that a higher information distance

between the return distribution prior to the announcement and the normal distribution with

the same standard deviation predicts a smaller price jump at the announcement, which is

captured by our novel measure, normal-divergence.

We further document that our �nding is quite robust, and in particular our information

measure, is not fully captured in option prices around the earning announcement. Moreover,

we argue that a more informative pre-announcement return distribution leads to lower ex-

post volatility, and the e�ect is concentrated among the stocks with more uncertain return

distributions.

These �ndings together suggest that the return distribution prior to announcement re-

�ects investor information which is not captured by the commonly used moments of the

return distribution, and is not fully prices in options either. However, this information is

internalized by the investors and a�ects the jump in prices at the announcement, as well as

post announcement volatility.
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8 Appendix

8.1 Proofs

Proof of Lemma 1. The change of measure using Radon-Nikodym derivative dF
dN

implies

EF [u(S(c))] =EN

[
u(S(c))

dF

dN

]
= EN

[
exp

(
log

(
u(S(c))

dF

dN

))]
=EN

[
exp

(
log (u(S(c))) + log

(
dF

dN

))]
=exp

(
EN

[
log (u(S(c))) + log

(
dF

dN

)]
+

1

2
V ar

[
log (u(S(c))) + log

(
dF

dN

)])
.

Thus the investor optimization problem is equivalent to

min
x

EN

[
log (u(S(c))) + log

(
dF

dN

)]
+

1

2
V arN

[
log (u(S(c))) + log

(
dF

dN

)]
.

Using the exponential transformed utility function

EN

[
log (u(S(c))) + log

(
dF

dN

)]
=EN [log (u(S(c)))]− EN

[
log

(
dN

dF

)]
=EN [log (u(S(c)))]−DKL(N ||F );

V arN

[
log (u(S(c))) + log

(
dF

dN

)]
=V arN [log (u(S(c)))] + V arN

[
log

(
dF

dN

)]
+ 2CovN

[
log (u(S(c))) , log

(
dF

dN

)]
.

Note that

CovN

[
log (u(S(c))) , log

(
dF

dN

)]
=EN

[
log (u(S(c))) log

(
dF

dN

)]
− EN [log (u(S(c)))]EN

[
log

(
dF

dN

)]
=− EN

[
log (u(S(c))) log

(
dN

dF

)]
+ EN [log (u(S(c)))]DKL(N ||F ),
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Thus the portfolio optimization problem boils down to

min
x

EN [log (u(S(c)))]

+
1

2

(
V arN [log (u(S(c)))] + 2

(
−EN

[
log (u(S(c))) log

(
dN

dF

)]
+ EN [log (u(S(c)))]DKL(N ||F )

))
≡ min

x
EN [S(c)] (1 +DKL(N ||F )) +

1

2
V arN [S(c)]− EN

[
S(c) log

(
dN

dF

)]
.

The lemma follows directly from taking the derivative of the objective function above.

Proof of Proposition 1. De�ne, for any function g(r) and constant r̂ > 0,6

M(x, r̂, g(r)) = EN [g(r), r < r̂]Ix>0 + EN [g(r), r > r̂]Ix<0.

For any any even function g(r)

M(x, r̂, g(r)) = EN [g(r), r < 0] + EN [g(r), 0 < r < r̂]Sgn(x),

and for any function g(r) = rh(r) where h(r) is an even function

M(x, r̂, g(r)) =
[
EN [g(r), r < 0] + EN [g(r), 0 < r < r̂]

]
Sgn(−x)

. For instance

M(x, r̂, 1) = Φ(r̂)Ix>0 + (1− Φ(r̂))Ix<0 =

(
1

2
+ (Φ(r̂)− 1

2
)

)
Ix>0 +

(
1− 1

2
− (Φ(r̂)− 1

2
)

)
Ix<0

=
1

2
+

(
Φ(r̂)− 1

2

)
Sgn(x)

6One can easily generalize all the expressions for r̂ = r̄ − zr2 < 0, replacing r̂ with |r̂| and replacing
Sgn(x) with Sgn(r̂x), appropriately, for expressions that involve taking expectations.
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With this notation we get

EN

[
dS
(
c(x; r)

)
dx

]
= −(r̄ − zr2)EN

[
α− (α− γ)Ix(r̄−z(r2−r))>0

]
− EN

[(
α− (α− γ)Ix(r̄−z(r2−r))>0

)
zr
]

= −
(
α− (α− γ)M(x,

(r̄ − zr2)

z
, 1)
)
(r̄ − zr2) + z(α− γ)M(x, (r̄ − zr2), r)

= −α + γ

2
(r̄ − zr2)− z(α− γ)

σ√
2π

+ (α− γ)

(
(Φ(

(r̄ − zr2)

z
)− 1

2
)(r̄ − zr2) + zEN [r, 0 < r <

(r̄ − zr2)

z
]

)
Sgn(x)

EN

[
dS
(
c(x; r)

)
dx

log

(
dN

dF

)]
= −(r̄ − zr2)EN

[(
α− (α− γ)Ix(r̄−z(r2−r))>0

)
log

(
dN

dF

)]
− EN

[(
α− (α− γ)Ix(r̄−z(r2−r))>0

)
zr log

(
dN

dF

)]
= −α(r̄ − zr2)DKL(N ||F ) + (α− γ)(r̄ − zr2)M

(
x,

(r̄ − zr2)

z
, log

(
dN

dF

))
− αzEN

[
r log

(
dN

dF

)]
+ z(α− γ)M

(
x,

(r̄ − zr2)

z
, r log

(
dN

dF

))
= −α + γ

2
(r̄ − zr2)DKL(N ||F )− z

(α− γ)

2
EN

[
|r| log

(
dN

dF

)
, r < 0

]
+ (α− γ)

(
EN

[
log

(
dN

dF

)
, 0 < r <

(r̄ − zr2)

z

]
+ zEN

[
r log

(
dN

dF

)
, 0 < r <

(r̄ − zr2)

z

])
Sgn(x)

where in the second expression we use EN

[
r log

(
dN
dF

)]
= 0 and EN

[
log
(
dN
dF

)
, r < 0

]
=

1
2
DKL(N ||F ) as F (r) is a symmetric distribution. Moreover
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V arN
[
S
(
c(x; r)

)]
= EN

[
S
(
c(x; r)

)2]− EN

[
S
(
c(x; r)

)]2
d

dx
EN

[
S
(
c(x; r)

)2]
= EN

[
d

dx
(α− (α− γ)Ix(r̄−z(r2−r))>0

)2
((r̄ − z(r2 − r))2x2

]
=2xEN

[(
α2 + (α− γ)2I2x(r̄−z(r2−r))>0 − 2α(α− γ)Ix(r̄−z(r2−r))>0

) (
r̄2 + z2(r22 + r2 − 2r2r)− 2zr̄(r2 − r)

) ]

= 2xEN

[(
α2 − (α2 − γ2)Ix(r̄−z(r2−r))>0

) (
(r̄ − zr2)

2 + z2r2 + 2z(r̄ − zr2)r
) ]

=2x

[
α2
(
(r̄ − zr2)

2 + z2σ2
)
− (α2 − γ2)

(
(r̄ − zr2)

2M

(
x,

(r̄ − zr2)

z
, 1

)

+ z2M

(
x,

(r̄ − zr2)

z
, r2
)
+ 2z(r̄ − zr2)M

(
x,

(r̄ − zr2)

z
, r

))]

= 2x

[
(α2 + γ2)

2
(r̄ − zr2)

2 + z2
(
(α2 + γ2)

2
+

(α2 − γ2)

π

)
σ2 −

√
2(α2 − γ2)(r̄ − zr2)σ√

π

]

+ 2x(α2 − γ2)

[
(r̄ − zr2)

2

(
Φ(

(r̄ − zr2)

z
)− 1

2

)
+ EN [r

2, 0 < r <
(r̄ − zr2)

z
]

− 2z(r̄ − zr2)EN [r, 0 < r <
(r̄ − zr2)

z
]

]
Sgn(x)

d

dx
EN

[
S
(
c(x; r)

)]2
=

d

dx
EN

[
(α− (α− γ)Ix(r̄−z(r2−r))>0

)
(r̄ − zr2)x

]2
= 2xEN

[
dS
(
c(x; r)

)
dx

]2

Substitute in for C1(r̂), C2(r̂), C3(r̂) as de�ned in the text.

Substituting in the �rst order condition (8) and some further algebra leads to equation

(9).

8.2 ∆t = 1 Second Return, T = 1h Before and After Announcement

This provides the results of the same regressions as in the main text for ∆t = 1second return

computed within T = 1 hour of the announcement.
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Table 7: Announcement Return: E�ect of Normal-Divergence χh;
T = 1 Hour, ∆t = 1 Second

(1) (2) (3) (4) (5)

constant 0.352
(44.64∗∗∗)

0.363
(39.70∗∗∗)

0.353
(29.01∗∗∗)

0.333
(18.64∗∗∗)

0.355
(18.87∗∗∗)

χh -0.026
(-3.95∗∗∗)

-0.026
(-3.87∗∗∗)

-0.031
(-4.27∗∗∗)

return std -0.029
(-4.41∗∗∗)

-0.012
(-1.74)

-0.012
(-1.73)

earning surprise (log) 0.012
(1.80)

0.014
(2.16∗)

0.014
(2.21∗)

market cap 0.058
(8.65∗∗∗)

0.061
(8.85∗∗∗)

average price 0.020
(2.81∗∗)

0.016
(2.22∗)

volume -0.023
(-3.34∗∗∗)

return kurtosis 0.018
(2.39∗)

return skewness 0.012
(1.74)

N 4613 4613 4613 4613 4613
Adj R2 0.32% 0.40% 0.05% 2.81% 3.22%

This table shows results from regression (6). The dependent variable is the absolute value of
the ratio of expected return at announcement divided by standard deviation of return dis-
tribution before announcement, and χh i,t is the normal-divergence of the pre-announcement
return distribution. The data covers individual stock earning announcements from January
2005- March 2016. The time interval for computing the relevant statistics is T = 1 hours,
and the frequency is ∆t = 1 second. X i,t are the control variables, a subset of {standard
deviation/skewness/kurtosis of pre-announcement return distribution, market cap, average
price/total traded volume prior to the announcement}. t-stats are presented in parenthesis.
Signi�cance levels: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 8: Announcement Return: E�ect of Normal-Divergence χh;
T = 1 Hour, ∆t = 1 Second

(6) (7) (8) (9) (10)

constant 0.307
(17.93∗∗∗)

0.321
(19.23∗∗∗)

0.311
(7.47∗∗∗)

0.499
(5.47∗∗∗)

0.159
(1.57)

χh -0.020
(-3.02∗∗)

-0.013
(-1.79)

-0.002
(-0.31)

-0.009
(-1.22)

-0.014
(-1.67)

return std -0.026
(-3.83∗∗∗)

-0.013
(-1.75)

-0.020
(-2.35∗)

-0.016
(-2.20∗)

-0.018
(-2.00∗)

earning surprise (log) 0.035
(5.38∗∗∗)

0.017
(2.59∗∗)

0.027
(3.96∗∗∗)

0.017
(2.62∗∗)

0.028
(4.10∗∗∗)

market cap 0.040
(5.45∗∗∗)

0.061
(8.84∗∗∗)

-0.022
(-1.31)

0.061
(8.92∗∗∗)

-0.026
(-1.54)

average price 0.013
(1.81)

0.019
(2.55∗)

-0.002
(-0.25)

0.005
(0.47)

0.014
(1.12)

volume -0.031
(-3.39∗∗∗)

return kurtosis 0.013
(1.91)

return skewness 0.006
(0.92)

controls stock
sectors
quarter
year month
< 5$ stocks

N 4613 4613 4613 4613 4613
Adj R2 21.20% 5.32% 30.71% 5.38% 30.92%

This table continues table 7 and provides results from regression (6), controlling for di�erent
�xed e�ects. Di,t are �xed e�ects including stock, sector and time �xed e�ects, quarter
�xed e�ects, as well as a dummy for penny stocks. t-stats are presented in parenthesis.
Signi�cance levels: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
, T = 1 Hour, ∆t = 1 Second
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8.3 ∆t = 1 Minute Return, T = 2 Trading Days Before and After

Announcement

This appendix provides the results of the same regressions as in the main text for ∆t = 1

Minute return computed within T = 2 trading days (16 hour) of the announcement.
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Table 9: Announcement Return: E�ect of Normal-Divergence χh;
T = 2 Days, ∆t = 1 Minute

(1) (2) (3) (4) (5)

constant 0.248
(11.33∗∗∗)

0.305
(15.49∗∗∗)

0.176
(8.31∗∗∗)

0.303
(7.76∗∗∗)

0.294
(6.93∗∗∗)

χh -0.019
(-1.66)

-0.018
(-1.55)

-0.022
(-1.80)

return std -0.062
(-5.48∗∗∗)

-0.059
(-5.00∗∗∗)

-0.063
(-4.98∗∗∗)

earning surprise (log) -0.026
(-2.28∗)

-0.017
(-1.44)

-0.016
(-1.39)

market cap 0.003
(0.25)

-0.000
(-0.01)

average price -0.001
(-0.08)

0.001
(0.05)

volume 0.009
(0.80)

return kurtosis 0.012
(0.90)

return skewness -0.009
(-0.76)

N 4290 4290 4290 4290 4290
Adj R2 0.04% 0.67% 0.10% 0.69% 0.66%

This table shows results from regression (6). The dependent variable is the absolute value of
the ratio of expected return at announcement divided by standard deviation of return dis-
tribution before announcement, and χh i,t is the normal-divergence of the pre-announcement
return distribution. The data covers individual stock earning announcements from January
2005- March 2016. The time interval for computing the relevant statistics is T = 2 trading
days (13 hours), and the frequency is ∆t = 1 minute. X i,t are the control variables, a subset
of {standard deviation/skewness/kurtosis of pre-announcement return distribution, market
cap, average price/total traded volume prior to the announcement}. t-stats are presented in
parenthesis. Signi�cance levels: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 10: Announcement Return: E�ect of Normal-Divergence χh;
T = 2 Days, ∆t = 1 Minute

(6) (7) (8) (9) (10)

constant 0.273
(7.09∗∗∗)

0.271
(7.45∗∗∗)

0.250
(2.83∗∗)

0.297
(1.99∗)

0.189
(0.96)

χh -0.020
(-1.68)

-0.026
(-2.17∗)

-0.038
(-2.85∗∗)

-0.026
(-2.17∗)

-0.036
(-2.54∗)

return std -0.050
(-4.03∗∗∗)

-0.040
(-2.57∗)

-0.020
(-1.07)

-0.040
(-2.57∗)

-0.015
(-0.71)

earning surprise (log) -0.009
(-0.68)

-0.013
(-1.15)

-0.005
(-0.33)

-0.013
(-1.14)

-0.004
(-0.27)

market cap 0.011
(0.75)

0.002
(0.15)

-0.024
(-0.70)

0.002
(0.15)

-0.015
(-0.44)

average price -0.001
(-0.09)

-0.001
(-0.09)

0.009
(0.50)

-0.003
(-0.19)

0.012
(0.49)

volume 0.024
(1.20)

return kurtosis -0.008
(-0.54)

return skewness -0.017
(-1.36)

controls stock
sectors
quarter
year month
< 5$ stocks

N 4290 4290 4290 4290 4290
Adj R2 2.04% 2.21% 4.07% 2.19% 4.28%

This table continues table 7 and provides results from regression (6), controlling for di�erent
�xed e�ects. Di,t are �xed e�ects including stock, sector and time �xed e�ects, quarter
�xed e�ects, as well as a dummy for penny stocks. t-stats are presented in parenthesis.
Signi�cance levels: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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