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An event study is a methodology to compute the effect of a particular type of event

on an asset price. Example of event types include: mergers, earnings announcements,

inclusion to/deletion from an index,...

The main example in these notes refers to the effect on prices of a dividend announce-

ment.a Under the perfect capital markets assumption, Miller and Modigliani (1961)

shows that the payout policy of the firm does not affect the price of claims on the firm

assets. However, capital markets are not perfect, and imperfections might make payout

policy matter. For instance, if the effective dividend tax is higher than the capital

gain tax, we expect dividend announcements to decrease equity prices. A similar effect

occurs if dividends provide a signal of lack of investment opportunities, or if there are

bankruptcy costs. On the other hand, dividends reduce the cash reserves that managers

can use to waste on perks or empire building; as a consequence, equity prices might

react positively.

aFor a more complete, detail and robust study see Grinblatt et al. (1984) and references thereafter.
References to the example are inside gray boxes.

The data to conduct an event study contains asset returns around different occurrences

of a similar event. It can contain many events, such as dividend announcements, of the

same firm; many firms around a particular event, e.g. every US firm around the 2016

US elections; or, many firms and different events for each firm. The latter is the most

commonly used.

The dataset employed in the dividend announcement example corresponds to the last

class. Precisely, the database contains every dividend announcement in 2016 included

in CRSP, which amounts to 6,077 dividend announcements.
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The goal of an event study is to obtain the average expected change in price of an

asset due to the event. Let Rj,t denote the equity return of firm j at period t if the event

takes place and R̃j,t the return of the same firm if the event does not take place. Note that

we never observe both but the distinction provides intuition. The quantity of interest (δ)

is the difference between these two returns:

δj,t = Rj,t − R̃j,t

If the event is random, we could use a differences-in-differences or a treatment-control

method to obtain E(δj,t), named average treatment effect (ATE). Unfortunately, events

usually are not random by definition: e.g. firms acquire another firm only if they believe

the operation will be beneficial. Nonetheless, we can still compute the effect of the event

for those firms/times who actually have an event, E(δj,t|having an event). This effect is

labeled average treatment for the treated (ATT ) and equals

E(δj,t|having an event) = Rj,t − E(R̃j,t|having an event)

Rj,t is observable when there is an event; hence, E(Rj,t|having an event) = Rj,t. The only

ingredient missing is E(R̃j,t|having an event), which corresponds to the return the firm

would have been expected to earn if the event had not occurred. We obtain E(R̃j,t|having an event)

from a financial model.

Let focus on the dividend announcement by Apple on April 26, 2016. In this case,

Rj,t is Apple’s stock return on day t where day t might be any trading day around the

announcement. R̃j,t is Apple’s stock return on the same days if the announcement had

never happened. Obviously, R̃j,t is not observable but we can obtain its expectation

from Finance theory.

Consider the CAPM holds around the event; then, we know that:

E(R̃j,t|having an event) = Rft + βj(Rmt −Rft)

where Rft denotes the risk-free rate and Rmt the market return. Since we observe Rmt
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and Rft we could easily compute E(R̃j,t|having an event) if we knew βj. Fortunately, we

can use OLS in a subsample not affected by the event to estimate it.

Altogether an event study requires 3 steps that we cover next(Bowman (1983)):

1. Identify the timing of the event.

2. Model the normal return.

3. Analyze abnormal returns.

1 Identify the timing of the event

Frequently, we study events of many firms at very different times and we would like to

bring them together into a single sample, which requires the introduction of the event

time. First, we identify the date of each event as the date investors learned about the

event. This date is usually not the actual date of the event. For instance, a takeover takes

place long after the market learned about it. A common procedure is to pick the date of

the first announcement in the Wall Street Journal, or another financial news source, of

the takeover bid as the event date. Some uncertainty regarding the event date is often

unavoidable, and one has to take some care in interpreting the results of an event study

in such cases.

Second, we define the day of each event to be event time 0. The remaining days are

set according to the difference in trading periods to the time of the event. These will

include negative event times (before the event) and positive event times (after the event).

Third, we divide the sample into two different subsamples according to the event time

as illustrated in Figure 1. The event window ([0, L]) depends on the target of the

analysis but it usually covers every date posterior to the event date on which we believe

the event still has an effect on returns.1 On the other hand, the estimation window

(
[
T , T

]
) contains only dates when returns are not affected by the event. This window

should be wide enough to conduct a reliable estimation but not too wide to include

1We assume the event date is the first date there is an effect; however, it is not uncommon to observe
event windows [−L/2,−L/2] or [−c, L− c] with c > 0. We can always redefine the event date to our
convention.
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another event. T = T − T + 1 denotes the length of this window. Although it is not

common there might be a gap between both windows to account for an effect of the event

on liquidity, volatility, etc. For instance, before earnings announcements, trading reduces

while investors wait for the announcement (see Beaver, 1968); therefore, the asset pricing

model might be different for these days.

T

Estimation window

T 0

Event window

L

Figure 1: Event time

Finally, we obtain a sample with N events and T + L+ 1 time periods per event. To

emphasize the different sample, from now on, τ ∈
{
T , ..., T , 0, ..., L

}
indexes event time

and i ∈ {1, ..., N} indexes events. Hence, Ri,τ is the return at event time τ of the firm

affected by event i.

In the example, the estimation window is set from T = −90 until T = −1 and the event

window ends at event time L = 5. CreatingTheDataset EventStudies.do transforms the

sample from CRSP into an event study sample indexed by event time tau and event

identifier event. the final dataset looks like:
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The dividend announcement by Apple on April 26, 2016 is one of the events in the

sample (384). The graph below plots the returns from Dec 15, 2015 to May 6, 2016.

Note that τ = 0 corresponds to April 26, 2016. We assume that returns to the left

of τ = 0, in the estimation window, are not affected by the dividend announcement.

Those returns to the right of τ = −1 constitutes the event window; thus, the horizon

of our analysis.

2 Model the normal return

We denote as normal return the estimate of E(R̃i,τ |having an event); that is, a prediction

of the return around the event if the event had not happened. We consider four different

models:

1. Mean adjusted: E(R̃i,τ |having an event) = θi

2. Market adjusted: E(R̃i,τ |having an event) = Rmi,τ

3. CAPM: E(R̃i,τ |having an event) = Rfi,t + βi(Rmi,τ −Rfi,t)
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4. Market model: E(R̃i,τ |having an event) = αi + γiRmi,τ

Note that parameters of the different models (θi, αi, βi, γi) vary across events.

2.1 Mean adjusted

This model assumes that the average return of the firm would have been constant if the

event had not happened:

E(R̃i,τ |having an event) = θi

Hence, we define normal returns as the mean return over the estimation window:

NRi,τ = θ̂i =
1

T

T∑
τ=T

Ri,τ .

To compute the returns, we need to calculate the mean event by event:

The variable ret contains the returns of the firm (Ri,τ ).

This model might be very useful if we do not have data of the market return (or we do

not want to take a stand on which market index to use). However, if events are correlated

with the risk premium or the market return (e.g. changes in credit rating), our estimated

effect of the event is biased.

2.2 Market adjusted

The simplest way to take into account the market return is considering that every firm

would have had a return equal to the market return in the absence of the event. We
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denote this model as market adjustment and compute normal returns as:

NRi,τ = E(R̃i,τ |having an event) = Rmi,τ

In this case, we do not need the loop, we compute the normal returns just equating

them to the market return (sprtrn), the S&P500 return.:

If events are independent of firm characteristics and we weight them by firm capital-

ization, this model resembles the CAPM. The main advantage of this model is the lack

of parameters. Hence, we do not need to perform any estimation event by event which

might be unfeasible if we have a lot of events.

Nonetheless, if firms with different market exposures are affected differently, the esti-

mated effect of the event is biased. For example, if we consider an increase in corporate

tax rate, it will affect strongly firms with lower leverage, correspondingly, lower beta.

2.3 CAPM

To incorporate different market exposures, we assume that returns follow the CAPM:

E(R̃i,τ |having an event) = Rfi,τ + βi(Rmi,τ −Rfi,τ )

We define normal returns in this model as:

NRi,τ = Rfi,τ + β̂i(Rmi,τ −Rfi,τ )

where β̂i is the OLS estimate of the regression equation below using data from the esti-

mation period.

Ri,τ −Rfi,τ = βi(Rmi,τ −Rfi,τ ) + εi,τ
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Precisely,

β̂i =

T∑
τ=T

(Rmi,τ −Rfi,t)(Ri,τ −Rfi,t)

T∑
τ=T

(Rmi,τ −Rfi,t)2

In this case, we first compute the excess return. Then, using a loop across events, we

run the estimation event by event.

Although the CAPM has been rejected in multitude of studies (e.g. Fama and French

(1992)), it provides a very good approximation during short time intervals. Nonetheless,

it has a minor drawback. Since we do not include a constant in the regression, the

difference between normal returns and the actual returns is not zero on average during

the estimation window; that is, we might find an effect of the event during the estimation

window despite we are assuming it has no effect. Mathematically,

1

T

T∑
τ=T

ε̂i,τ =
1

T

T∑
τ=T

NRi,τ −Rfi,t − β̂i(Rmi,τ −Rfi,t) 6= 0.

2.4 Market Model

We solve this issue by considering the market model, which is a more flexible model for

the expected returns:

E(R̃i,τ |having an event) = αi + γiRmi,τ

We estimate the model by OLS in the following regression equation using data from the

estimation period:
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Ri,τ = αi + γiRmi,τ + εi,t

We use the OLS estimates,

γ̂i =

T∑
τ=T

(
Rmi,τ − 1

T

T∑
τ=T

Rmi,τ

)(
Ri,τ − 1

T

T∑
τ=T

Ri,τ

)
T∑

τ=T

(
Ri,τ − 1

T

T∑
τ=T

Ri,τ

)2
and α̂i =

1

T

T∑
τ=T

Ri,τ − γ̂iRmi,τ

to compute the normal returns :

NRi,τ = α̂i + γ̂iRmi,τ

This last case is very similar to the CAPM normal returns but we add a constant to

the regression and use returns, instead of excess returns.

Let focus again on Apple on April 26, 2016 (event= 384). The following graphs plot

the normal and actual returns for each method.
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The market model is the most widely used because it includes the other three models

as special cases as long as the risk-free rate does not vary inside the estimation or event

window. Moreover, it can be easily extended to incorporate more pricing factors, day-of-

week effects, etc by augmenting the set of covariates.

3 Analyze abnormal returns

Once we have computed the predicted returns in the absence of the event, NRi,τ , we

estimate the effect of each event as the difference between the observed and predicted

returns.

ARi,τ = Ri,τ −NRi,τ τ = {0, . . . , L}

We denote this difference abnormal returns and it is an unbiased, but inconsistent, esti-

mator of E(δi,τ |having an event). Sometimes, we are interested on the accumulated effect

up to a period inside the event window. In this case, we compute the cumulative abnormal

return:

CARi =
L∑
τ=0

ARi,τ =
L∑
τ=0

(Ri,τ −NRi,τ ).

These new variables constitute the basis of our analysis. We are going to distinguish

between two situations:

1. The dataset contains many events.

2. The dataset contains few events.
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3.1 Large number of events

If we have a large number of events, the analysis reduces to an inference problem with

cross-sectional data. Hence, we can use the same techniques as in the cross-sectional data

part of this course. To do that, we assume:

Assumption 1. Abnormal returns are uncorrelated across events:

cov(ARi1,τ , ARi2,τ ) = 0 ∀τ ∧ ∀i1, i2 s.t. i1 6= i2

Assumption 2. Cumulative abnormal returns are uncorrelated across events:

cov(CARi1 , CARi2) = 0 ∀i1, i2 s.t. i1 6= i2

The main objective of an event study is to analyze if the event has an effect on returns.

Hence, we want to test if E(δi,τ |having an event) = 0. However, this would imply one test

per event. Instead, we start by considering the null hypothesis that the average effect

across events is zero:

H0 : µτ ≡ E
(

1

N

N∑
i=1

δi,τ |having an event

)
= 0 (1)

We have reduced the number of hypothesis to one per event time τ . To conduct inference,

we estimate the following L+ 1 regressions (one per event time):

ARi,τ = µτ + εi,τ .

µτ is the additional return generated, on average, due to the type of event. We label this

parameter average abnormal return (AAR). From the regression output we can construct

a t-test:

TSτ =
µ̂τ

se(µ̂τ )

where µ̂τ =
1

N

N∑
i=1

ARi,τ is the OLS estimate and se(µ̂τ ) =

√
1

N(N − 1)

N∑
i=1

(ARi,τ − µ̂τ )2

denotes its standard error.
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Proposition 1. If T → ∞, N → ∞, and Assumption 1 holds, then, under the null

hypothesis (1),

TSτ ∼ N (0, 1)

Let use the test to test the effect of announcing dividends on returns:

The result of the code includes 6 different regression outputs, the first one is:

Therefore, the announcement increases the returns of the firm by 6.9 basis points the

day of the announcement. The effect is significantly different from zero at the 10%

significance level but not at the 5% level. The remaining coefficients are summarized

in the table below.

0 1 2 3 4 5

µ̂τ 0.069 0.181 -0.075 0.008 0.011 0.001

se(µ̂τ ) 0.040 0.061 0.039 0.042 0.037 0.036

TSτ 1.725 2.951 -1.923 0.180 0.284 0.040

We observe that the day after the announcement presents a much higher effect. This is

probably due to most firms announcing their dividends after the market closes. After

the following day, however, prices decrease. In the following part, we look at the

cumulative effect. Is it positive or negative?
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Most of the time, considering different periods within the event window does not add

any additional insight and blurs the whole analysis. Therefore, it is very common to

consider as null hypothesis the absence of an effect across the event window:

H0 : η ≡ E
(

1

N

N∑
i=1

L∑
τ=0

δi,τ |having an event

)
= 0 (2)

To test this hypothesis, we follow a similar strategy and estimate by OLS:

CARi = η + εi (3)

η is the additional cumulative return generated, on average, due to the type of event. We

label this parameter cumulative average abnormal return (CAAR). From the regression

output we can construct a t-test:

Proposition 2. If T → ∞, N → ∞, and Assumption 2 holds, then, under the null

hypothesis (2),
η̂

se(η̂)
∼ N (0, 1)

where η̂ =
1

N

N∑
i=1

CARi is the OLS estimate of η and se(η̂) =

√
1

N(N − 1)

N∑
i=1

(CARi − η̂τ )2

its standard error.

Let compute the CARs for our example and test if they are different from zero:

then, we can apply the estimation above:
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The cumulative effect indicates that a dividend announcement increases the equity

value of the firm by 19 basis points. This effect is not significant at the 5% level

although it is significant at the 10% level.

3.1.1 Weighting

Up to this point, we have considered every event as equally important. Although the

decision might be justified, there are some instances in which we want to introduce a

weighting scheme. In such a case, we modify the null hypothesis to:

H0 : E
(

1

N

N∑
i=1

ωi

L∑
τ=0

δi,τ |having an event

)
= 0 (4)

where ωi represent the weight of event i. These weights must be positive and either

observable or deterministic. The three most common weighting schemes are equal weights,

market-cap and standardization.

Finance theory suggests that we should weight by market capitalization to obtain

the actual effect an investor suffers. Consider a type of event whose δi,τ is −1 for every

S&P500 firm but it is 1 for the next 1,500 firms in terms of market capitalization. Using

an equally weighted method as (2), we conclude that this particular event is beneficial for

investors (µτ = 1
2
). However, 2

3
of investors’ funds are invested in the S&P500; therefore,

on average they lose money. Weighting by market capitalization takes into account that

investments in the S&P500 firms accounts for 2
3

of the total equity invested in the US.

Statistics theory, instead, prescribes that we should standardize the abnormal re-
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turns, that is, we should weight each abnormal return by the inverse of its volatility:

ωi =
1

σ̂i
where σ̂2

i =
1

T

T∑
τ=T

(
ARi,τ −

1

T

T∑
τ=T

ARi,τ

)2

.

We compute the variance of abnormal returns in the estimation window. Therefore, events

for which the normal return model fits the data better, have a higher weight. If the effect

of the type of event is homogeneous across events (δi,τ = δτ ) and the event does not affect

the volatility of returns, then this weighting scheme produces the most powerful test of the

null η = 0. Consider an extreme example with two firms: one with stable value (S) and

another with very volatile fundamentals (V). Assume both firms have an expected return

equal to the market return. Nonetheless, firm S follows the market exactly throughout

the estimation window while firm V returns are very volatile and they are often 100%

above or below market returns. At the time of the event both firms registered a return 1%

above the market. If we use an equally weighted scheme, we will conclude that we cannot

reject that the event has no effect because the average of the two firms is often 1% over

the market. However, the fact that firm S changed for the first time its tight relationship

with the market suggests otherwise. Standardizing attributes firm S an infinite weight

and we will reject the null.

Once we have selected the weights, we estimate (3) using weighted least squares (WLS)

instead of OLS. Most statistical packages include the option of WLS. After the estimation,

we use the following proposition to test Hypothesis (4):

Proposition 3. If T → ∞, N → ∞, and Assumption 2 holds, then, under the null

hypothesis (4),
η̃

se(η̃)
∼ N (0, 1)

where η̃ denotes the WLS estimate of η in equation (3) and se(η̃) its standard error.

Let weight by volatility in our example:
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First, we drop the event window and we compute the variance per event. We save this

variance in a temporal file variancefile. Then, we restore the original dataset, which

brings back the event window. Finally, we drop the estimation window and perform

the regression. Note that the weights in Stata are squared!. The output is the same

as in the usual regression:

3.1.2 Covariates

Often, we are interested in the effect of the type of event depending on some characteris-

tics. A clear example are earnings announcement. If we conduct an event study around

earnings announcements, we will not find an effect. The result is a composition of two

effects: higher abnormal returns if the firm publishes good news and lower abnormal re-
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turns if news is bad. In this case, we can differentiate between events with positive and

negative earning surprises (Beaver, 1968). As we expect, positive surprises associate with

positive abnormal returns while negative ones generate negative abnormal returns.

Introducing explanatory variables might induce endogeneity if the event affects these

variables as well. Hence, we only include two types of variables. The first type of variables

characterizes the event, such as the earnings surprise, and, by definition, are measured at

τ = 0. The second group of variables consists on features of the firm which is affected

by the event (size, leverage,...) and we measure them before the end of the estimation

window. Let denote the vector that includes both sets of variables for event i as xi.

We need to assume a structure between the explanatory variables and the effect of the

event. Precisely,

Assumption 3. The model is linear in parameters:

E
(

1

N

N∑
i=1

L∑
τ=0

δi,τ

∣∣∣∣having an event,x

)
= α + x′β

Further, we need to characterize the volatility of the error term.

Assumption 4. The variance of the error term is equal across events and does not depend

on x:

V

(
CARi − E

(
1

N

N∑
i=1

L∑
τ=0

δi,τ

∣∣∣∣having an event,x

)∣∣∣∣∣x
)

= σ2.

Finally we estimate using OLS the equation:

CARi = α + x′iβ + ui. (5)

The interpretation of βk is the additional effect of the event due to a unit of xk. The

usual properties of the OLS estimator hold:

Proposition 4. If T →∞, N →∞, and Assumptions 2,3 and 4 hold,

β̂k − βk
se(β̂k)

∼ N (0, 1)
α̂− α
se(α̂)

∼ N (0, 1)
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where βk is the OLS estimate of the k-th component of the vector β and se(β̂k) is its OLS

standard error under homoscedasticity.

If we need to assign different weights to different events, we can estimate equation

(5) by WLS and use the output to make inference. Likewise, if Assumption (4) does not

hold, we substitute the homoscedastic standard error by the one we obtain using White’s

formula. Similarly, we can test significance of several parameters using an F-test.

Debt reduces the cash available inside the firm; therefore, it reduces the opportunity

of managers to waste resources on perks. As a consequence, we hypothesize that the

effect of dividends should be smaller for firms with high leverage. Define leverage as

the debt-to-asset ratio. We then estimate the effect of leverage on CARs, accounting

for heteroskedasticity:

Although the estimate has the predicted sign, the effect is statistically insignificant.

Moreover, the economic effect is negligible: the difference in the reaction to dividend

announcement between a fully-equity and a fully-debt firm is 1 percentage point.

3.1.3 Cross-sectional correlation

Assumptions (1) and (2) might also be violated. A common cause of cross-sectional

correlation is the overlapping of events, e.g. earnings announcements of different firms

take place on the same, or very close, dates. In this case, we have a problem because

neither the normal formula nor White’s formula provide the right standard error.

Consider the model without covariates in (3). We know that η̂ =
1

N

N∑
i=1

CARi and we
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are interested in its variance:

V(η̂) = V

(
1

N

N∑
i=1

CARi

)
= V

(
1

N

N∑
i=1

η + εi

)
=

1

N2
V

(
N∑
i=1

εi

)
(6)

If εi are uncorrelated, the variance of the sum becomes the sum of variances and we have

the usual result. If they are correlated, we need to take into account the covariances.

In general, there are N(N − 1) covariances; hence, we need to restrict the cross-sectional

correlation. In particular, we assume that ε forms clusters, i.e. they refer to the same firm,

quarter, industry, etc... Then, we assume that errors of different clusters are uncorrelated

but those inside a cluster might be correlated.

Assumption 5. Each εi belongs to one (and just one) out of G clusters and

cov(εi, εs) = 0 ∀i, s s.t. i and s belong to different clusters.

This assumption accommodates cross-sectional correlation and can be easily adapted

to take into account covariates. Nonetheless, the method we use depends on the cluster

structure of the data. In this course we cover three methods.

If there are a lot of non-overlapping set of events, then we can use the cluster formula

to account for the correlation.2 This is the case of earnings announcements. Within a

quarter, every firm reports earnings around the same time but different quarters do not

overlap. Then, each quarter becomes a cluster and we can implement the cluster formula

to obtain the standard errors of the parameters in equation (5). In this case the following

proposition holds.

Proposition 5. If T →∞, G→∞, and Assumption 3 and 5 hold,

β̂k − βk
se(β̂k)

∼ N (0, 1)

where βk is the OLS estimate of the k-th component of the vector β in equation (5) and

se(β̂k) is its OLS standard error using the cluster formula.

2In Stata, we just include vce(cluster var ) after the regression line, where var is the variable
that defines the clusters.
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In our example, some of the firms declare dividends at the same date. If our model for

normal returns does not perfectly capture the correlation across firms, the abnormal

returns will be correlated. Hence, we cluster the standard errors by declaration date:

The estimate is exactly the same as before since we are using the same estimator.

However, the standard error is mildly lower. Nonetheless, in this case the conclusions

do not change.

The second method addresses any type of cross-sectional correlation as long as this

correlation is not affected by the event itself and returns are serially uncorrelated. In

this case, we do not have clusters in the event window; however, we always have a lot

of clusters in the estimation window: each time period might be a cluster. Assuming

serially uncorrelated errors becomes equivalent to assume that errors are uncorrelated

across clusters. Altogether, we can estimate the standard error during the estimation

window and use it to make inference about abnormal returns during the event window.

To do that, we follow 4 steps:

1. Estimate using pooled OLS the following equation using the data in the estimation

window:

ARi,τ = x′iγ + εi

Let denote the OLS estimate as γ̃

2. Compute the standard error of γ̃ clustering by date. Let denote it as s̃e(γ̃)
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3. Estimate by OLS using the data in the event window:

CARi = x′iβ + ui

Let denote the OLS estimate as β̂.

4. Make inference using β̂ as the estimate and
√

(L+ 1)T s̃e(γ̃) as the standard error,

i.e.
β̂√

(L+ 1)T s̃e(γ̃)
∼ N (0, 1)

The term L + 1 transforms the standard errors from abnormal to cumulative ab-

normal returns. The term T takes into account that the estimation in the first step

uses N × T observations while the one in the event window uses N .

We follow the algorithm described before using some local variables:

The output of the estimation is:
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In this case, the coefficient is significant at the 5% level. Nonetheless, the estimate is

exactly the same; therefore, the effect is economically negligible.

The third method takes into account any type of cross-sectional correlation but might

generate less powerful tests. In this case, we construct a (calendar) time series of portfolio

returns, where for each month the portfolio consists of all firms that had an event in the

last H periods. If there is a month when no single firm had an event in the previous H

periods, the portfolio return is put equal to the risk-free rate. This procedure gives a time

series of event portfolio returns in calendar time, denoted by Rpt. This return is then

regressed on a vector of asset pricing factors (Ft), i.e. five Fama-French factors:

Rpt −Rft = α + F ′
tλ+ vt

The intercept of this regression, α, measures the abnormal performance with respect to

the factor benchmark. The significance of the abnormal performance can be tested by

the t-test for the significance of the estimate of α in this regression.

We can include explanatory variables by creating different portfolios according to

those explanatory variables. Or, we can construct long-short portfolios according to the

covariates of interests.
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3.2 Few events

When the dataset includes a lot of events, outliers become irrelevant as they are a small

proportion of the sample. On the other hand, outliers are really important if we have

few events. For instance, consider we have 10 dividend announcements, for 9 of them we

estimated an AR of 1% while the remaining one has an AR of -10%. Although the average

abnormal return is negative, it is more likely that we are missing something about the

event that differs from the others, e.g. the CEO announced losses on the same day as the

dividend announcement. In this section we consider two methods to obtain conclusions

robust to these outliers.

Since we have few events, adding explanatory variables or considering cross-sectional

correlation is unfeasible. Hence, we abstract from these complications. We disregard

weighting and assume a constant effect of the event (δi,τ = δτ ∀i). Further, we do not

consider the cumulative effect although the analog tests work perfectly. Therefore the

null hypothesis for this section is:

H0 : E(δ|having an event) = 0 (7)

3.2.1 Sign test

To reduce the relevance of outliers, we do not focus on the magnitude of abnormal returns

but on their sign. Precisely, we test the hypothesis that the probability of positive and

negative abnormal returns is the same.

Proposition 6. If T → ∞, N → ∞, Assumption 1 holds, and abnormal returns are

symmetric, under the null hypothesis (7)

2
√
N(pτ − 0.5) ∼ N (0, 1)

where pτ =
1

N

N∑
i=1

1{ARi,τ > 0} is the proportion of positive abnormal returns.

Note that this method controls for outliers but it is still an asymptotic result. Hence,

we must have several events.
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The symmetry assumption might not hold in the data. Corrado and Zivney (1992)

propose an adjustment to the sign test for skewed distributions. This adjusted sign test is

based on the sign of ARi,τ −Mi, where Mi is the median of the ith abnormal return series

(estimation and event window). Defining Gi,τ ∈ {+1, 0,−1} if ARi,τ −Mi is positive, zero

or negative, respectively, the following proposition holds.

Proposition 7. If T →∞, N →∞, and Assumption 1 holds, under the null hypothesis

(7)
√
N

[
1

N

N∑
i=1

Gi,τ

sgτ

]
∼ N (0, 1)

where sgτ =

√
1

N − 1

N∑
i=1

G2
i,τ .

Actually, we might not be interested in the average effect of dividends. Instead, we

might care just about the effect on the communication industry (e.g. our firm belongs

to that sector). The problem is that we only have 55 events in this sector (SIC=48).

Therefore, we use few events methodologies. The following code implements both sign

tests:

The results are summarized in this table:
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0 1 2 3 4 5

pτ 0.53 0.42 0.49 0.40 0.49 0.60

2
√
N(pτ − 0.5) 0.40 -1.21 -0.13 -1.48 -0.13 1.48

1

N

N∑
i=1

Gi,τ 0.05 -0.16 -0.02 -0.20 -0.02 0.16

√
N

[
1

N

N∑
i=1

Gi,τ

sgτ

]
0.40 -1.21 -0.13 -1.48 -0.13 1.21

Regardless of the event day or the test we use, we cannot reject that dividends have

no effect.

3.2.2 Rank test

The sign tests suffer from a common weakness: they do not take the magnitude of the

abnormal return into account. In contrast, the t-tests of the previous subsection are very

sensitive to the magnitude of an abnormal return. The rank test proposed by Corrado

(1989) is a non-parametric way to account for the magnitude of an abnormal return, but

without the distributional assumptions which are needed to make the t-tests valid. The

test works as follows. Denote the rank of the abnormal return ARi,τ in the whole series

of abnormal returns (including the event period) by Ki,τ . This rank is transformed into

the statistic Ui,τ =
Ki,τ

T+L+1
, which should be uniformly distributed under the null that

event periods are not different from non-event periods. To test this hypothesis, we use

the following proposition.

Proposition 8. If T →∞, N →∞, and Assumption 1 holds, under the null hypothesis

(7)
√
N

[
1

N

N∑
i=1

Ui,τ − 0.5

suτ

]
∼ N (0, 1)

where suτ =

√
1

N − 1

N∑
i=1

(Ui,τ − 0.5)2.

This test rejects the null hypothesis if the abnormal return at τ often corresponds to

the top highest or top lowest returns of the series of abnormal returns.
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Implementing this test in Stata reduces to sort the observations and obtain means:

The results are summarized in this table:

0 1 2 3 4 5

1

N

N∑
i=1

Ui,τ − 0.5

suτ
0.01 -0.06 0.01 -0.05 0.01 0.07

√
N

[
1

N

N∑
i=1

Ui,τ − 0.5

suτ

]
0.31 -1.40 0.29 -1.35 0.14 1.74

Regardless of the event day, we cannot reject that dividends have no effect at the 5%

significance level.
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4 Exercises

4.1 Exercise Opaque Firms (Exam 2018)

Mr. Yule wants to understand if stock prices of firms with better reporting quality react

less to earnings surprises. To do that, he uses a panel data of prices of 57 firms head-

quartered in US from 2014 to 2018 at the daily level. He also have data on the earnings

surprise for each quarterly earnings announcement. Mr. Yule considers that firms subject

to Law 7/1975 are transparent since they need to report more data to investors whereas

those who do not need to comply with the law are more opaque. Hence, opacity is a

binary status (a firm is opaque or not) which does not change over time. Altogether, the

variables are:

� Returns: return of the price of the stock.

� sp500: return of the S&P500.

� Opaque: Dummy equal to 1 if the firm is not subject to the Law 7/1975 and zero

otherwise.

� ES: Reported earnings per share minus expected earnings per share divided by

expected earnings per share.

� firm: Firm identifier.

From the dataset, Mr. Yule constructs cumulative abnormal returns (CARs) from the

earnings’ announcement date to 10 dates later. He uses a 45-day estimation window and

the market model.

(i) Describe in detail how Mr. Yule has constructed the CARs.

(ii) With the sample of 1140 CARs (one per firm-quarter) Mr. Yule computes the

following statistics:
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Transparent firms Opaque firms

Earnings surprise Positive Negative Positive Negative

Mean CAR 0.10 -0.10 0.25 -0.25

Std CAR 0.15 0.12 0.20 0.30

Observations 285 285 285 285

Table 1: CARs are measured in percentage points. Mean CAR and Std CAR refer to the mean and

standard deviation of cumulative abnormal returns. These statistics are computed in four different sub-

samples. For instance, 0.10 is the mean of CARs using only transparent firms and quarters with positive

earnings.

Interpret economically and statistically the mean CAR for transparent

firms when they announce earnings below expectations. Can Mr. Yule

conclude that opaque firms react less than transparent ones to a given

earning surprise?

(iii) Mr. Yule decides to conduct a multivariate analysis based on the following model:

CARi,q = α + θOpaquei + β(Opaquei · ESi,q) + γESi,q + εi,q

where CARi,q is the cumulative abnormal return of firm i after the earning an-

nouncement of the qth quarter (q = {1, 2, ..., 20}).

Mr Yule uses the OLS estimator and obtains: β̂ = 0.01 and γ̂ = 0.5. In-

terpret the economic significance of these estimates.

4.2 Exercise Options

Some days before each quarterly earnings announcement (say between 10 and 5 days),

different directors receive the final report. We are going to investigate if the market

incorporates this information before the actual announcement. To do so, we use daily

data on the return of the firm equity (ret), the risk-free rate (rf), the market return

(rm), the difference between realized earnings and expected earnings 15 days before (sue),

the return of call options written on the firm equity (oret), the delta of the option (∆)
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and prices of options (O) and shares (S). During the whole exercise, assume that every

assumption behind the CAPM and Black-Scholes model hold. To simplify the exposition

assume shares and options are traded every day, the year has 360 days and earning

announcements are equally spaced.

(i) Define the interval of the estimation and event window. Justify your

decision.

(ii) Using data on the estimation window, we estimate the following model:

reti,t − rfi,t = βi(rmi,t − rfi,t) + εi,t

where i indexes the events and t the event time. Using the OLS estimate (β̂i) we

compute the abnormal returns (ARi,t).

Interpret average abnormal returns. Are average abnormal returns sta-

tistically different form zero?

SUE>0 SUE<0

Days until the announcement Mean Variance Mean Variance

10 0.000 0.251 0.000 0.251

9 0.000 0.250 0.000 0.251

8 0.000 0.250 0.000 0.251

7 0.000 0.250 0.000 0.251

6 0.001 0.250 -0.001 0.251

5 0.001 0.251 -0.001 0.251

4 0.002 0.250 -0.002 0.251

3 0.021 0.251 -0.021 0.251

2 0.023 0.250 -0.023 0.251

1 0.021 0.251 -0.021 0.251

Table 2: Abnormal Returns Summary Statistics. SUE: Surprise earnings. The first two columns
correspond to a restricted sample in which sue > 0 while the last two correspond to announcements in
which sue < 0. Both samples contain 1,000 observations.
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(iii) We decide to use options instead of equity returns for two main reasons: informed

agents tend to trade on the option market and we have 10 times more observations

as we have 10 options per day. We consider two ways of obtaining normal returns:

(1) Estimate the equation below by OLS using data within the estimation window.

oreti,t,o − rfi,t = γi,o(rmi,t − rfi,t) + εi,t

where o indexes the options of one event. Then, we define normal returns as:

NRi,t,o = rfi,t + γ̂i,o(rmi,t − rfi,t) where γ̂i,o is the OLS estimate.

(2) Use the estimate of the equity data and define normal returns as:

NRi,t,o = rfi,t +

(
∆i,t,oSi,t
Oi,t,o

)
β̂i(rmi,t − rfi,t)

Select one of the two models. Justify why.

(iv) Explain how would you test for significance using the abnormal returns

from option prices. Be aware that abnormal returns of different options

for the same event and time are not uncorrelated.

4.3 Exercise Bonds

Dividends might affect equity and debt value differently. Hence, we obtain returns of

corporate bonds (ret) of N = 50, 000 firms in order to estimate the effect of announcing

dividends on bond returns.3 The sample covers 1990-2000 at the daily frequency; however,

most of the bonds are seldom traded and, on average, we have 250 observations per firm.

We also know the exact date of the dividend announcement, the rating of the bond (rat)

and its maturity (mat). For simplicity, consider each firm has only one outstanding bond

type.

The first step is to compute abnormal returns for the bonds. To do that, we assume

the following model holds at any point in time and for any firm as long as there has not

3A comprehensive study of event studies applied to bonds is out of the scope of this course but it can
be found in Bessembinder et al. (2008)
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been a dividend announcement that date:

E (reti,t|rat,mat) = αt + βtrati,t + γtmati,t

(i) Explain in detail how would you compute abnormal returns in this case.

(ii) Ms. Kahle suggests that if firm i at time t announces a dividend but firm j does not,

we can use as the normal return for firm i at time t, the bond return of firm j, as

long as the bonds of both firms have the same rating and maturity. Therefore, the

difference of firm i and j bond returns would be considered as the abnormal return.

Is the normal return obtained with this strategy an unbiased estimator

of the return the bond would have had under the absence of the dividend

announcement?

(iii) Consider after some steps you have a sequence of abnormal returns ARi,t for those

day-firm pairs with a dividend announcement. Assume abnormal returns are un-

correlated across time and firms. Assume as well that the number of dividend

announcements (N) is big enough to use the Normal approximation. Explain how

would you test that dividends do not affect the debt value of the firm.

(iv) Explain how would you test that dividends do not affect the debt value

of firms in the tech industry. Note that we only have few dividend an-

nouncements (I) in this industry.
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5 Exercises Solutions

Most of the time multiple answers are possible but just one is presented as a sample.

5.1 Exercise Opaque Firms (Exam 2018)

Mr. Yule wants to understand if stock prices of firms with better reporting quality react

less to earnings surprises. To do that, he uses a panel data of prices of 57 firms head-

quartered in US from 2014 to 2018 at the daily level. He also have data on the earnings

surprise for each quarterly earnings announcement. Mr. Yule considers that firms subject

to Law 7/1975 are transparent since they need to report more data to investors whereas

those who do not need to comply with the law are more opaque. Hence, opacity is a

binary status (a firm is opaque or not) which does not change over time. Altogether, the

variables are:

� Returns: return of the price of the stock.

� sp500: return of the S&P500.

� Opaque: Dummy equal to 1 if the firm is not subject to the Law 7/1975 and zero

otherwise.

� ES: Reported earnings per share minus expected earnings per share divided by

expected earnings per share.

� firm: Firm identifier.

From the dataset, Mr. Yule constructs cumulative abnormal returns (CARs) from the

earnings’ announcement date to 10 dates later. He uses a 45-day estimation window and

the market model.

(i) Describe in detail how Mr. Yule has constructed the CARs.

First, he estimates the following regression by OLS:

Returnsi,q,t = αi,q + βi,qsp500i,q,t + ui,q,t ∀t < 0

for each firm i using data of the estimation window. Then he constructs the abnor-
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mal returns as:

ARi,q,t = Returnsi,q,t − α̂i,q − β̂i,qsp500i,q,t

for every 0 < t < 10 in the event window. The CAR is the sum of the AR from 0

to 10

(
CARi,q =

10∑
t=0

ARi,t

)
.

(ii) With the sample of 1140 CARs (one per firm-quarter) Mr. Yule computes the

following statistics:

Transparent firms Opaque firms

Earnings surprise Positive Negative Positive Negative

Mean CAR 0.10 -0.10 0.25 -0.25

Std CAR 0.15 0.12 0.20 0.30

Observations 285 285 285 285

Table 3: CARs are measured in percentage points. Mean CAR and Std CAR refer to the mean and

standard deviation of cumulative abnormal returns. These statistics are computed in four different sub-

samples. For instance, 0.10 is the mean of CARs using only transparent firms and quarters with positive

earnings.

Interpret economically and statistically the mean CAR for transparent

firms when they announce earnings below expectations. Can Mr. Yule

conclude that opaque firms react less than transparent ones to a given

earning surprise?

When transparent firms announce earnings below expectations, the return of their

stocks is on average 0.10 p.p. lower compared with the path they had followed if

they did not announce earnings. Results are significant

(√
285 · −0.10

0.12
< −1.96

)
.

Yule cannot conclude anything because we do not know if ES of transparent and

opaque firms are comparable. In particular, we expect that transparent firms have

more predictable earnings, and therefore the surprises tend to be lower in absolute

value.

(iii) Mr. Yule decides to conduct a multivariate analysis based on the following model:

CARi,q = α + θOpaquei + β(Opaquei · ESi,q) + γESi,q + εi,q
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where CARi,q is the cumulative abnormal return of firm i after the earning an-

nouncement of the qth quarter (q = {1, 2, ..., 20}).

Mr Yule uses the OLS estimator and obtains: β̂ = 0.01 and γ̂ = 0.5. In-

terpret the economic significance of these estimates.

An earnings surprise of 1 p.p. generates a stock return increase of 0.5 p.p. for

transparent firms and 0.51 p.p. for opaque firms compared with the return the firm

would have had if there was no earnings surprise.
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5.2 Exercise Options

Some days before each quarterly earnings announcement (say between 10 and 5 days),

different directors receive the final report. We are going to investigate if the market

incorporates this information before the actual announcement. To do so, we use daily

data on the return of the firm equity (ret), the risk-free rate (rf), the market return

(rm), the difference between realized earnings and expected earnings 15 days before (sue),

the return of call options written on the firm equity (oret), the delta of the option (∆)

and prices of options (O) and shares (S). During the whole exercise, assume that every

assumption behind the CAPM and Black-Scholes model hold. To simplify the exposition

assume shares and options are traded every day, the year has 360 days and earning

announcements are equally spaced.

(i) Define the interval of the estimation and event window. Justify your

decision.

I consider the earnings announcement as the event; hence, I define the day of the

announcement as t = 0. t represents calendar days from the announcement.

The estimation window starts on t = −89 and ends on t = −11. The estimation

window must be wide to perform the estimation but it cannot be affected by the

event. Choosing an earlier date to start will include the previous quarterly earnings

announcement. Likewise, choosing a later date to end will include the effect of some

directors trading.

The event window starts on t = −10 and ends on t = −1. The event window includes

the period through which we might observe the effect of the event. Before t = −10 we

cannot observe any effect of directors as they do not know the information. Including

days after the announcement will incorporate the effect of the announcement per

se, which we are not interested in.

(ii) Using data on the estimation window, we estimate the following model:

reti,t − rfi,t = βi(rmi,t − rfi,t) + εi,t
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where i indexes the events and t the event time. Using the OLS estimate (β̂i) we

compute the abnormal returns (ARi,t).

Interpret average abnormal returns. Are average abnormal returns sta-

tistically different form zero?

SUE>0 SUE<0

Days until the announcement Mean Variance Mean Variance

10 0.000 0.251 0.000 0.251

9 0.000 0.250 0.000 0.251

8 0.000 0.250 0.000 0.251

7 0.000 0.250 0.000 0.251

6 0.001 0.250 -0.001 0.251

5 0.001 0.251 -0.001 0.251

4 0.002 0.250 -0.002 0.251

3 0.021 0.251 -0.021 0.251

2 0.023 0.250 -0.023 0.251

1 0.021 0.251 -0.021 0.251

Table 4: Abnormal Returns Summary Statistics. SUE: Surprise earnings. The first two columns
correspond to a restricted sample in which sue > 0 while the last two correspond to announcements in
which sue < 0. Both samples contain 1,000 observations.

The average abnormal return is an estimator of the mean effect of the announcement

across events. For instance, the last line indicate that the day before the announce-

ment returns are 2.1 percentage points higher than if the announcement had not

taken place.

Assuming that abnormal returns are uncorrelated, we know that

√
1, 000 Mean√

Variance
∼ N (0, 1)

where Mean and Variance are the mean and variance of abnormal returns respec-

tively. For the highest case (2 days until announcement and sue > 0), the ratio is

1.325; therefore, we cannot reject that abnormal returns are 0 at each time.
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(iii) We decide to use options instead of equity returns for two main reasons: informed

agents tend to trade on the option market and we have 10 times more observations

as we have 10 options per day. We consider two ways of obtaining normal returns:

(1) Estimate the equation below by OLS using data within the estimation window.

oreti,t,o − rfi,t = γi,o(rmi,t − rfi,t) + εi,t

where o indexes the options of one event. Then, we define normal returns as:

NRi,t,o = rfi,t + γ̂i,o(rmi,t − rfi,t) where γ̂i,o is the OLS estimate.

(2) Use the estimate of the equity data and define normal returns as:

NRi,t,o = rfi,t +

(
∆i,t,oSi,t
Oi,t,o

)
β̂i(rmi,t − rfi,t)

Select one of the two models. Justify why.

The CAPM-β of options changes over time as maturity changes; hence, using model

(1) will not provide an unbiased estimator of the effect of the event. This drawback

is corrected in model (2) as the slope of the regression changes with the ∆ of the

option as the Black-Scholes model predict.

(iv) Explain how would you test for significance using the abnormal returns

from option prices. Be aware that abnormal returns of different options

for the same event and time are not uncorrelated.

To make inference, I first separate between positive and negative surprises. Then

in each subsample, I estimate the following regressions (one for each day within the

estimation window):

ARi,t,o = µt + ui,t,o

and I obtain the standard error of µ using the cluster-formula clustering by event.

Let denote µ̂t the estimate and se(µ̂)t the standard error. Then, I reject the null of

37



no effect at the 5% significance level if

|µ̂|
se(µ̂)

> 1.96.
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5.3 Exercise Bonds

Dividends might affect equity and debt value differently. Hence, we obtain returns of

corporate bonds (ret) of N = 50, 000 firms in order to estimate the effect of announcing

dividends on bond returns.4 The sample covers 1990-2000 at the daily frequency; however,

most of the bonds are seldom traded and, on average, we have 250 observations per firm.

We also know the exact date of the dividend announcement, the rating of the bond (rat)

and its maturity (mat). For simplicity, consider each firm has only one outstanding bond

type.

The first step is to compute abnormal returns for the bonds. To do that, we assume

the following model holds at any point in time and for any firm as long as there has not

been a dividend announcement that date:

E (reti,t|rat,mat) = αt + βtrati,t + γtmati,t

(i) Explain in detail how would you compute abnormal returns in this case.

In this case the parameters of the model change across time but they do not change

across firms. Therefore, I apply the event studies methodology using firms as time

and time as firms. Precisely, an event is a date with at least one dividend announce-

ment. Then, the estimation window comprises every firm that had not a dividend

announcement that date. Likewise, firms with an announcement compose the event

window. Following this analogy, I estimate the following regression using OLS and

cross-sectional data of all firms without dividend announcement:

reti,t = αt + βtrati,t + γtmati,t + εi,t

Next, I use the estimates α̂t, β̂t, γ̂t to obtain the normal return for the bonds whose

issuer announced dividends at t:

NRi,t = α̂t + β̂trati,t + γ̂tmati,t

4A comprehensive study of event studies applied to bonds is out of the scope of this course but it can
be found in Bessembinder et al. (2008)
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and abnormal returns as ARi,t = reti,t −NRi,t.

(ii) Ms. Kahle suggests that if firm i at time t announces a dividend but firm j does not,

we can use as the normal return for firm i at time t, the bond return of firm j, as

long as the bonds of both firms have the same rating and maturity. Therefore, the

difference of firm i and j bond returns would be considered as the abnormal return.

Is the normal return obtained with this strategy an unbiased estimator

of the return the bond would have had under the absence of the dividend

announcement?

A normal return is valid if it is an unbiased estimator of the expected return the

bond would have had if the announcement had not happened. Using the model, we

know that the expected return of firm j is

E (retj,t|rat,mat) = αt + βtratj,t + γtmatj,t

since j and i have the same rating and maturity:

E (retj,t|rat,mat) = αt + βtrati,t + γtmati,t = E
(
r̃eti,t|rat,mat

)
where r̃et is the return of firm i according to the model under the absence of the

announcement. Hence, it is an unbiased estimator and; therefore, a valid normal

return.

(iii) Consider after some steps you have a sequence of abnormal returns ARi,t for those

day-firm pairs with a dividend announcement. Assume abnormal returns are un-

correlated across time and firms. Assume as well that the number of dividend

announcements (N) is big enough to use the Normal approximation. Explain how

would you test that dividends do not affect the debt value of the firm.

Since abnormal returns are uncorrelated, if there is no effect on debt then:

TS ≡
√
N

AAR

STAR
∼ N (0, 1)
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where AAR =
1

N

∑N
i=1ARi,t and STAR =

1

N − 1

∑N
i=1(ARi,t−AAR)2. Therefore,

I would construct TS and reject the null hypothesis of no effect on debt if |TS|> 1.96

(iv) Explain how would you test that dividends do not affect the debt value

of firms in the tech industry. Note that we only have few dividend an-

nouncements (I) in this industry.

In this case, we cannot rely on the normal approximation because of the few number

of observations. Nonetheless, since abnormal returns are uncorrelated, we know

that:

√
I

[
1

I

∑
i∈I

Gi,t

sgt

]
∼ N (0, 1)

where Gi,t equals 1 if ARi,t is over the median abnormal return (including estimation

and event window), 0 if it is equal to the median abnormal return, and -1 if it is

below the median abnormal return. I is the set of firms in the tech industry.

sgt =

√
1

I − 1

∑
i∈I

G2
i,t.
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