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Abstract

This dissertation is comprised of three stand-alone articles, two
of them co-authored, and one solo. The solo article, “Increases in
Victim Mortality Rates in the Aftermath of Mandatory Arrest Laws:
A Study in Unintended Effects” is in Part 1. The first co-authored
article “Teachers’ Strikes and Standardized Test Scores: Impact on
Performance & Participation”, is in II. The last chapter, Part I11, is
already published in the journal “Information Economics and Policy”
(ISSN: 0167-6245), accessible under the title “The Value of Online
Scarcity Signals”.
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Part 1

Increases in Victim Mortality
Rates in the Aftermath of
Mandatory Arrest Laws: A Study
in Unintended Effects

Abstract

From the late 1970s into the 1990s, 20 states in the USA passed
‘mandatory arrest laws’, designed to curb domestic violence, by requir-
ing the responding officer to arrest the offender. I show that these laws
led to an increase in the mortality rates of African-American women.
The increase takes place two to four years after the law has been passed
and loses its statistical significance as time passes. I infer from these
results that mandatory arrest laws had unintended consequences for
the victims whose partners were arrested, but that these unintended
consequences impacted the victims only in the few years following the
law. I conclude that increased awareness of the law and offender de-
terrence eventually mitigates these unintended consequences.

1 Introduction

In the current paper, I present evidence that mandatory arrest laws, intended
to protect victims of domestic violence, led to a temporary increase in the
mortality rates of African-American women. While this result may seem
unexpected at first, prior literature suggests that such an outcome is possible:
in an experimental setting, African-American victims were twice as likely to
be dead after 23 years if their offending partners are arrested (

, ). If arresting a domestic violence offender can unintentionally
increase the probability of death for a victim, then mandating arrest as a
policy for domestic violence can also unintentionally increase mortality rates
of African-American women.

The main purpose and contribution of this paper is to estimate the impact
of mandatory arrest laws on mortality rates of African-American women. For



this purpose, I construct a data set of yearly mortality rates by state, gen-
der and race. Results from ( ) suggest that victim
mortality increases with partner arrest, but this result is limited to an experi-
mental setting where the deterrence effects of the new law are non-existent or
limited: offenders were not aware that their actions could lead to an arrest,
and could not have been deterred from committing violence in the first place.
Outside of the experiment, once the mandatory arrest laws are passed and
known by the population, potential offenders can be deterred from offending
in the first place.
For the identification of effects, I exploit the variation in the timing of
the passing of the mandatory arrest laws using a fixed effects model (
; ). Similar fixed effects models have been used by
( ) ( ) and ( ), and are
sometimes described as a difference-in-differences approach (

7 ; : ; : ). In
this approach, the main identification assumption requires the timing of the
laws to be independent of confounding factors. These confounding factors
may come from data that is not observed or collected. To control for the
unobserved confounding factors that are specific to a state, state-fixed con-
trols are included in the model, and to control for the confounding factors
that are common across all states but vary over time, year-fixed controls are
included. What remains are factors that may be correlated to a particular
timing of the law passing in a given state. In the current setting, it was
nation-wide events, and not state-specific triggers, that led to the passing
of the laws ( , : , ). This increases my
confidence that the identification assumptions are met. In spite of this, I also
include state-year economic, demographic and political controls, as well as
state-specific linear time trends. The results remain statistically significant.

This paper has two main results: mandatory arrest laws led to an un-
intentional increase in the mortality rates of African-American women, and
this increase was temporary. I interpret these results as the consequence
of deterrence of partners by mandatory arrest. The mandatory arrest laws
created unintended consequences for the victims in the first couple of years
after they were passed, but in the following years, they helped the victims by
deterring the offenders, an effect that was not captured in the experimental
setting by ( ). I discuss possible mechanisms and
alternative explanations in Section 6.

The rest of the paper is organized as follows. In Section 2, I give the



background information regarding mandatory arrest laws, the social experi-
ments regarding spousal arrest, and a brief review of the literature concerning
mandatory arrest laws. In Section 3, I explain the construction of the data
set used for the analysis. In Section 4, I explain my methodology. In Section
5, I demonstrate that there is an impact of the mandatory arrest laws on
the mortality rate of African-American women, and that this impact was not
sustained in the long run. Finally, in Section 7, I finish by presenting my
conclusions and the corresponding policy implications.

2 Background & Prior Literature

Mandatory arrest laws require officers to make an arrest when responding
to a domestic violence incident. Prior to the end of the 70s, no states had
any arrest laws concerning domestic violence: it was regarded as a “pri-
vate affair” in the USA. An arrest would have required the police officer
to witness the crime, or obtain an arrest warrant, which rarely happened
( , ; , ; , ; : ;
, ). The increasing influence of women’s right movements, in-
cluding a nationally-known lawsuit against a police department', started to
bring focus to domestic violence as a policy concern ( ,
). In 1981, researchers working with the Minneapolis police department
conducted a random arrest experiment, Minneapolis Domestic Violence Ex-
periment (MDVE), and concluded that arrest decreases the repetition of do-
mestic violence in the following six months ( , ). The
Attorney General released a report recommending arrest as an appropriate
response to family violence ( , ). These events, particularly
the MDVE, triggered a nation-wide response to deal with domestic violence
as a public concern ( , ; , ). By the mid-90s, twenty
states had mandatory arrest laws. The remaining states either had laws that
recommended arrest as a response to domestic violence incidents, or left the
decision to arrest at the discretion of the responding police officer.”

!The case is Thurman v. City of Torrington (1984). The police officer arriving on the
scene failed to make an arrest despite seeing the suspect with a bloody knife and kicking
his wife in the head. The wife survived and was eventually awarded $ 2.3 million after
suing the city for failing to protect her. For more details, see footnote 36 in ( ),
or the first paragraph of Section II in ( ).

2Even though warrantless arrest laws vary in their wording and structure, criminal law
literature categorizes them into three categories ( , ; , ;



Around the same time that Figure 1: The Types of Domestic Vi-
mandatory arrest laws were being olence Arrest Laws

passed, the results from MDVE were
challenged by a series of experi- Warrantless Arrest
ments. These experiments are col-

: Mandatory Arrest
lectively called the Spouse Arrest

Replication Program, or SARP. For Recommended Arrest
the most part, the SARP replication Discretionary Arrest
gxperlmgnts do not confirm the orig- Criminal law literature categorizes domes-
inal findings from MDVE ( tic violence arrest laws into three categories:
, ; , ;  mandatory, recommended and discretionary
: ). Despite this re- ( ; ; ; ;
jection, ( ) show that ’ ):

there is a decrease in repeated of-

fense for offenders with a strong “stake in society”, for instance, employed
offenders. Finally, ( ) conduct a meta study combining all
experiments from the SARP program. They conclude that arrest does in fact
reduce repeated offense. They also confirm the “stake in society” argument
by showing that the decrease is larger for employed offenders.

The largest of these replication experiments was the Milwaukee Domes-
tic Violence Experiment (MilDVE). Recently, ( )
conducted a follow-up study on the victims 23 years after the experiment.
Surprisingly, they found that spouses of offenders who were arrested were
twice as likely to be dead. It is not clear what causes the deaths, and it
is also not clear how long after the arrest the deaths take place.” Their re-
sults were driven by the mortality rates of African-American women.! While

et al., ). Mandatory arrest laws require the officer to make an arrest. Recommended
(or preferred / pro-arrest) arrest laws articulate that arrest is the recommended action,
but do not make it mandatory. Discretionary arrest laws leave the decision to the police
officer. See 1.

3Even though ( ) do not report on the particulars of the cause
of death, they are able to discern between violent deaths, heart disease, and cancer. Their
results come entirely from non-violent deaths. In the current study, I double check my
results by similarly distinguishing non-violent deaths. The results are very similar to the
main results. (Not reported)

4Specifically, among the African-American population, they found that among 529
victims treated with a partner arrest, 52, or almost 10% were dead, as opposed to only
13 fatalities, or 5%, among the 262 victims whose partners were not treated with partner
arrest.



there have always been concerns about racialized applications of the law®,

( ) provide the first empirical evidence of a possible
causal impact of arrest on victim outcomes. Mandatory arrest laws have been
criticized for various reasons after their inception®, but an increased likeli-
hood of victim’s death is arguably its most serious unintended consequence
in the literature.

At first, it seems intuitive that mandatory arrest laws should not increase
victim mortality rates: mandatory arrest laws are aimed at protecting the
victims, either by removing the offender from the scene, or by deterring the
offender from hurting the victim in the first place. ( )
discuss possible causal pathways that could explain this unexpected increase
in mortality, but they do not bring evidence on any particular pathways.
Given that their results are driven by African-American women, it is possible
that potential racialized applications of the law by police departments may
have played a role. ( ) speculate that an “interaction
between arrest, race and employment” may explain the causal pathway that
leads to the victim’s death. They note that the increase in mortality was
attributable to African-American female victims, and that employed victims
and victims with partners who had no prior arrest were impacted the most.
Possibly, the probability of death of a victim might be increasing due to the
loss of a job right after the incident. Alternatively, the loss of a job of a
partner may have a similar impact.” Domestic violence is a particular type
of crime where the interaction of the victim and the offender can continue
after an arrest or a prosecution. As such, victims can be impacted indirectly
by the loss of income opportunities of the offender. For example, alimony
payments to a victim may decrease if the offender faces a decrease in their
income. Such a pathway would be in parallel with microeconomic theory:
because members of a household may benefit from pooled resources, loss of
resources of the offender may impact the victim.

The results from ( ) motivate the need to focus
on African-American women. This is perhaps expected: women are the
primary victims of more physical and criminal forms of domestic violence, and
African-American women are particularly at risk ( ,

; , ). However, African-American men, white women, and

>See (1997); (1994); (2012); (1989)

6See ( ) for a good list and discussion.
v ( ); ( ) show that a criminal record decreases employment
opportunities.



white men may also be impacted by mandatory arrest laws. How these groups
are impacted can present evidence about the causal pathway. In particular,
if the causal pathway to mortality is mainly through the interaction of arrest
and loss of employment opportunities, I would expect to see an increase in
the mortality rates of all four groups: African-Americans and whites, and
both genders. These groups can be impacted through the loss of resources
related to employment whether they are offenders or victims. Conversely,
if racialized applications of the law play an important role, I would expect
to see an impact on African-American women and men, but not white men
and women. How much the consequences of arrest can be transferred to the
victim can also show up on the data. If the mortality rates of women increase,
this serves as evidence that the law is impacting women, even though they
are less likely to be offenders of domestic violence. If the mortality rates of
women and men increase by similar amounts, this would serve as evidence
that both offenders are victims are likely to be impacted by the law.

The randomized experiment in MilDVE was designed in the following
manner: first, a domestic violence incident needs to take place, and the victim
needs to call the department. Once an offender and a victim unknowingly
choose to be part of the experiment, the police department made sure that
they met the eligibility criteria: the offense had to be a misdemeanor, so more
serious offenses that involved injury to the parties would not be included in
the randomization. Furthermore, the responding police officer had to have
probable cause that the offense occurred recently. After these two criteria
were met, the treatment (arrest) would be assigned randomly.

There are certain difficulties with this design: first, the offender is un-
aware of the ongoing experiment, so they do not have a chance of being
deterred from the act of violence by the threat of arrest. For this reason, the
randomized experiments were able to test reductions only in repetition of the
offense. Reductions in potential domestic violence in the overall population
are not easy to test through randomized design. Furthermore, the design ap-
plied to only offenses that are not serious enough to always warrant an arrest.
Arguably, arrests of spouses could be more beneficial and less harmful to the
victim when the underlying offense is more serious. Finally, the researchers
themselves suspected that police officers may have subverted the experiment
where they felt that the given experimental treatment was inappropriate. All
of these measures point to a situation where the results could be biased due
to attrition from the experiment, or due to subversion ( ,

).



Typically, mortality rates of African-American women follow similar trends
in mandatory and discretionary arrest law states. In the current paper, I
present evidence that mortality rates for African-American women deviate
from their trends in two to four years after the mandatory arrest laws were
passed. With the quasi-experimental design in the current study, I estimate
the impact of mandating a treatment on an entire population, rather than
a particular subsample. This allows me to overcome the challenges faced
by the researchers in experiment design. Most importantly, the impact of
deterrence of the first domestic violence incident is not possible to capture
in this randomized experiment design. In addition, the situations with more
serious offenses are not even in the experiment. Finally, the experiment
design suffers from the possibility of subversion, an issue that the authors
themselves noticed. Mortality rates of entire state populations do not suffer
from these issues, and the variation in the timing of the arrest laws create a
quasi-experimental setting, which I exploit to overcome the difficulties from
the original experiment.

3 Data

In the current paper, the outcome variable is the mortality rate of African-
American populations for each state-year pair. Mortality rates are defined
as the number of deaths in a given year per 100,000 people of the relevant
population. They are used extensively in the medical and health economics

literature as an outcome of interest. Since ( ) observe
an increase in mortality of African-American victims, I also focus my analysis
on African-American mortality.® Similar to (2014), T use

changes in crude mortality among all of African-Americans in response to
arrest law changes. I calculate these rates from the mortality data available
at the National Bureau of Economic Research (NBER).” The descriptive
statistics for African-American mortality rates are found in Table 1, broken
down by gender, and the type of arrest law.

8T also ran the same analysis for white populations as well and found no significant
change.

9For the number of deaths, I use data available at http://www.nber.org/data/vital-
statistics-mortality-data-multiple-cause-of-death.html. For population estimates for each
state year pair, I use data available at http://www.nber.org/data/census-intercensal-
county-population.html
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Table 1: Mortality Rates African-American Women

Mortality Rates Obs Mean Std Dev 25th Percentile Median 75th Percentile

All 1836 638 240 497 667 791

) No Law 1031 663 239 522 685 809
£ Discretionary 416 626 241 501 675 779
§ Recommended 80 543 276 318 512 820
Mandatory 309 593 216 166 554 767
Before 1985 816 660 235 526 676 811

1985 And After 1020 620 242 475 662 784

Table 1 shows the descriptive statistics for the mortality rates. The statistics come from
state-year pairs, which correspond to each row in the data. For instance, “Mandatory”
refers to the data points for states that passed a mandatory arrest law, but includes only
the years after the law has been passed. Overall, mortality rates for African-American
have been decreasing all across the United States. (The year 1985 is chosen arbitrarily
from the middle of the data set to show this decrease.)

In any given state and year, a state can either have a warrantless arrest law
or no law governing arrest. When the state has an arrest law, it can be either
mandatory, recommended, or discretionary. For each of these classifications,
I use a separate binary variable. As an example, the binary variable for
mandatory arrest laws takes the value one in all years beginning with the
passing of a mandatory arrest law, and zero in all preceding years. No states
repeal warrantless arrest laws. Since a variable constructed in this manner
is going to be serially correlated, I estimate standard errors clustered at the
state level.

Warrantless arrest laws vary significantly in wording across states. It is
therefore necessary to find a reasonable simplification that categorizes all
different laws as one of the three classes. ( )

( K ( ) and ( ) are the four papers that in-
clude such a clear classification. Among these, only ( ) and

( ) present a categorization that includes the year of passing. From
the two, I prefer ( ) because it was written by legal experts
particularly in response to this need for classification. It is also the most



recent classification available.'’ In addition, (2011) classification,

unlike ( ) classification, includes the year of passing for discre-
tionary laws as well as the mandatory and recommended. By using the
( ), I am able to include binary variables for a discretionary arrest

law and confirm that these coefficients are not significant. This classification
is presented in Table 2.

According to ( ), there are 20 states and the District of
Columbia with the expression “shall arrest” in their wording. These are clas-
sified as mandatory arrest law states. Similarly, there are six states with the
expression “is the preferred /recommended action” in their arrest law word-
ing. These are classified as recommended arrest law states. The remaining 25
states have laws with only the expression “may arrest” in their wording and
these are classified as discretionary arrest law states. This procedure covers
all warrantless arrest laws currently in effect in 50 states in the USA as well
as the District of Columbia. This categorization is guided by the summary
of expressions in Table 2 in ( ). All of these warrantless arrest
laws were passed over a course of two decades - see Table 2.

4 Empirical Methodology

To identify the effect of mandatory and recommended arrest laws on the
mortality rates of African-American women, I exploit the fact that the laws
passed in different years in different states. For identification, I employ a
difference-in-differences strategy and implement this strategy in a fixed effects
estimation. This allows me to exploit the variation in passing of the laws
across states and over time by including state-fixed effects and year-fixed
effects. The baseline estimation equation is:

Yst = ﬁmMs,t + ﬁrRs,t + Bst,t + st,t + as + )\t + €sit (1)

Here, the subscripts s and ¢ denote state and year. Correspondingly,
as and \; refer to the set of binary variables that control unobservable fac-
tors particular to each state, and unobservable factors that change over time
across all states. Coeflicients f3,, and 3, are the effect of mandatory and rec-
ommended arrest laws on mortality rates. M, and R, are binary variables

101 fact, (2009) is one of the papers that (2011) cite as justification
for their paper.



Table 2: Year of the Passing of the Arrest Law

State Categorization Year of Passing

AK Mandatory 1996 MT Recommended 1991
AL Discretionary 1989 NC  Discretionary 1991
AZ  Discretionary 1991 ND Recommended 1989
AR Recommended 1991 NE  Discretionary 1989
CA  Recommended 1996 NH Discretionary 1979
CO Mandatory 1994 NJ Mandatory 1991
cT Mandatory 1986 NV Mandatory 1985
DC Mandatory 1986 NM Mandatory 1987
DE  Discretionary 1984 NY Mandatory 1996
FL.  Discretionary 1992 OH Mandatory 1995
GA  Discretionary 1981 OK  Discretionary 1987
HI Discretionary 1980 OR Mandatory 1978
IA Discretionary 1986 PA  Discretionary 1986
ID Discretionary 1979 RI Mandatory 1988
IL Mandatory 1993 SC Mandatory 1995
IN Discretionary 2000 SD Mandatory 1996
KS Mandatory 1992 TN Recommended 1995
KY  Discretionary 1980 TX  Discretionary 1989
LA Mandatory 1985 UT Mandatory 1995
MA  Recommended 1988 VA Mandatory 1997
MD  Discretionary 1986 VT  Discretionary 1985
ME Mandatory 1980 WA Mandatory 1995
MI Discretionary 1978 WI Mandatory 1989
MN  Discretionary 1978 WYV  Discretionary 1994
MO Mandatory 1989 WY  Discretionary 1982
MS Mandatory 1995

Year the arrest law was passed in treatment (mandatory & recommended), and in control
(discretionary) states. The list includes all 50 states and the District of Columbia.

10



and denote whether a mandatory or a recommended arrest law is in effect
in a given state and year. I also include a binary variable D,; indicating
whether a discretionary law was passed in a state, and the corresponding co-
efficient (; helps determine if these states have significant changes after the
the discretionary laws are passed. X, denotes additional political and eco-
nomic controls particular to each state and year, and v is the corresponding
coefficient.

Using the model in Equation 1, I am able to control for state-specific and
year-specific unobservables using state- and year-fixed effects. It is important
to control for year-specific unobservables for two reasons. First, mortality
rates for African-American women show a downward trend. Year-fixed binary
variables control for this trend. Second, a number of nationwide policies may
have affected mortality rates and domestic violence rates during this period.
Notably, the African-American mortality rates may be affected by tough-
on-crime measures such as the Anti-Drug Abuse Act of 1986, and domestic
violence rates may have been affected by the Violence Against Women Act of
1994. Adding year-fixed effects allows us to control for omitted variables bias
related to unobserved factors changing over time across all states. Similarly,
state-fixed effects allow us to control for state-specific unobservable variables.
For instance, certain states may have particular practices specific to them
that may impact African-American mortality rates. The fixed-effect model is
considered a generalization of the difference-in-differences model (

3 3 ? ; 3 ;

, ). By controlling for state fixed effects, we effectively control for

treatment and control units, at the same time allowing treatment and control

units to vary over state. By controlling for time fixed effects, we control for
pre- and post- treatment, while allowing for time trends.

Controlling for factors specific to each state and each year leaves the
factors that may be correlated with the timing of laws in each state. I find
no literature claiming that mandatory arrest laws were passed as a reaction
to state-specific triggers or trends. Contrarily, the literature is unanimous
in that mandatory arrest laws were triggered by nationwide events, such as
the MDVE, a number of lawsuits and the pressure exerted by women’s rights
groups (1996); (2009).

A particular concern is that other policy changes could have been passed
together with the arrest laws or that state-specific political trends could
be correlated with the timing of the mandatory arrest laws. There is no
evidence of this in the literature. ( ) ( );

11



( ) and ( ), among others, describe the conditions
under which mandatory arrest laws were passed, and make no mention of
any other laws that were passed at the same time. However, it is possible
that mandatory arrest laws were possibly part of some other political trend
that was unique to these states. While we control for factors specific to each
state that are not changing in time, if there are political factors that changed
over time and are correlated with the timing of mandatory arrest laws, these
could bias the estimates. To be able to control for such factors, I include
binary variables indicating party control in each one of the houses in each
state for all given years. The binary variable denoting the composition of the
state senates does not yield a significant estimate, but the one denoting the
composition of the houses of representatives is significant. Addition of state-
year specific political controls do not alter the significance of my variables of
interest.

Economic factors may also be important for mortality rates. If there are
factors particular to a specific state, state-specific binary variables in the
model will control for these. For instance, if there are economic factors that
correlate with the particular timing of the passing of mandatory arrest laws in
each state, they can bias the coefficient estimates. I include economic controls
for each state-year for the average personal income, GDP and employment
rates from the Bureau of Economic Analysis. If there are such economic
factors associated with the particulars of each state and year, I should observe
a change in the coefficients. Instead, the introduction of these controls do
not change the significance or the magnitude of the coefficients of interest.

When using fixed-effects models for causal inference,

( ) advise including state-specific linear time trends. State-specific time
trends are a final check on the identification strategy. Even after the literature
review, controlling for unobservable factors relating to each state, and the
inclusion of political and economic controls particular to a specific state and
year, there may be remaining unobserved confounding factors. State-specific
linear time trends can capture any remaining unobserved confounding factors.
Addition of state-specific time trends does not change the significance of the
coefficients of interest, but lowers the magnitude of the coefficient. T discuss
the implications of adding state-specific trends in Section section §6.

In addition to the main results, I use the model in Equation (2) to test the
timing of the effect. In Equation (2) is a time-varying extension of Equation
equation (1). Here, I change the binary variables of interest, M;,; and R,
as follows: I include six variables, M, where k € {0,5}, capture the effect
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in the year of passing and the five subsequent years. Different from Equation
(1), the variable M, ; takes the value one only in the k-th year after a
mandatory arrest law has been passed, and the value zero in all other years.
I then include a final variable, M, ;r, which is similar to the original M, ; but
is lagged by five years, i.e. it takes the value one in all years subsequent to the
fifth year after the law has passed. This way, 3, 7 captures the long-term
effect of mandatory arrest laws. The variables R, and R, 17 are defined in
the same way, but are for recommended arrest laws rather than mandatory
arrest laws.

ke{0,5} ke{0,5} ke{0,5}

Ysit = Z ﬁm,kMs,t—k—i' Z /6r7kRs,t—k+ Z /Bd,sz,t—k+
k k k

ﬁm,LTMs,LT + BT,LTRS,LT + ﬁd,LTDs,LT + 7~/))(s,t + as + >\t + €st (2)

Equation (2) allows me to capture the timing of the effect of the manda-
tory laws. Estimating if the impact is temporary or permanent is important
to understand how society reacts as a whole to mandatory arrest laws. If the
death is due to an immediate event, such as a violent retaliation or suicide,
and the impact is permanent, the coefficients 3, ¢ through /3, 5 and the long-
term coefficient 3, r should all have similar magnitudes. However, if the
impact is immediate but temporary, the coefficient f3,, ¢ should be high in
magnitude, but the following coefficients 3,, ; through 3,, 5 and the long-term
coefficient (3, rr should be small and statistically insignificant. In another
extreme, the deaths can be due to a long-term and sustained decrease in
life expectancy of the victims. If this is the case, all of the coefficients 3,
through f,,5 should have small coefficients, and 3,, .7 should be large in
magnitude. The results show that the impact is concentrated in the third
and fourth years after the arrest law has been passed, and that it is not sus-
tained in the long term. The implications of these results are in Sections 6
and 7.

5 Results

Figure 2 is a visual representation of my main results and shows a deviation
from the ongoing trend after a mandatory arrest law has passed. In the long
run, this deviation decreases. To obtain Figure 2, I normalize the mortality
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Figure 2: Average Mortality Rates of African-American Women Following
the Law Change
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rate changes of each of the states by their values before the law changes.
This serves as a visual representation of controlling for state level unobserv-
able confounding factors. I also shift the timelines to meet at the year that
a law was passed; this serves as a visual equivalent of controlling for time
trends. Finally, I take the average of each state-year pair within the treat-
ment (mandatory and recommended) and the control (discretionary) states.
The line in the middle divides the data into before and after, and the dashed
and the solid lines show the treatment and control. The mortality rate of
African-American women in discretionary states follow a downward trajec-
tory, while the mortality rate of African-American women in mandatory and
recommended states deviate from their similar trajectory after the law has
passed. After a few years, the difference begins to diminish and becomes
indistinguishable from statistical noise.

Table 3 shows the results from Equation (1). Specifically, columns (2)
corresponds to Equation (1). Column (1) is the same as column (2) except
that column (1) does not include any controls other than the binary controls
for state-specific and year-specific effects. In column (3), I add a linear time
trend. In column (4), I allow for the states to have different slopes for this
time trend by interacting the linear trend with state-level binary variables.
The results from columns (1) through (4) can be interpreted as the variation
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in mortality rates, i.e. the annual number of deaths per 100,000 people.

Table 3: Main Results: Impact of Mandatory and Recommended Arrest
Laws on Mortality Rates of African-American Women

Mortality Rates Percent Change (Poisson)
(1) (2) (3) (4) (5) (6) (7) (8)

Discretionary (34) -10.12 -3.563  -3.563  -3.102 -0.925% 0.238%  0.238% -0.824%

(19.79) (16.84) (16.84) (12.88) (3.26%) (2.85%) (2.85%) (1.87%)
Recommended (f3,) 24.70  36.35** 36.35**  27.38 3.56%  5.84%* 5.84%**  5.79%

(19.11) (15.95) (15.95) (17.23) (3.34%) (2.75%) (2.75%) (3.92%)
Mandatory (8,,) 41.59*  35.07* 35.07** 25.69** 6.58%** 5.39%*  5.39%*  4.26%**

(17.94) (15.22) (15.22) (12.57) (3.08%) (2.83%) (2.83%) (2.09%)
Demographic Controls No Yes Yes Yes No Yes Yes Yes
Economic Controls No Yes Yes Yes No Yes Yes Yes
Political Controls No Yes Yes Yes No Yes Yes Yes
Time Trends No No Yes Yes No No Yes Yes
State Time Trends No No No Yes No No No Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
State FE Yes Yes Yes Yes Yes Yes Yes Yes
N 1836 1800 1800 1800 1836 1800 1800 1800

Standard errors in parentheses
* p <0.10,** p < 0.05, *** p < 0.01
This table shows the impact estimates of mandatory and recommended arrest laws. Ro-

bust standard errors, clustered by state, are reported in parentheses. Results are robust
to block bootstrapped error estimation. The errors are not guaranteed to be normally
distributed, in fact, for the log-linear specification, they are not normally distributed even
asymptotically ( , ). Block bootstrapped errors are very similar, and the star
category remains the same.

When the outcome variable is a mortality rates or an incident rate, some
researchers prefer a linear model similar to Equation (1)(

) ) ) ) ) ) How-
ever, an alternative is to use a log-linear regression - examples in literature
include ( ) and ( ). In the current

paper, I also report on the results from a log-linear regression. In Table 3,
columns (5) through (8) show the results from a log-linear model, and they
are organized in a similar manner to columns (1) through (4). These results
can be interpreted as the percent change in mortality rates. The coefficients
estimates are also available in Figure 3.

There are a few additional analyses. One related line of investigation is
the cause of death. For this purpose, I run the same regression for mortality
by three causes of death: violence, ischemic disease and cancer. I do not ob-
serve a statistically significant increase in the mortality rates. This suggests
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that even though there was an increase in the mortality rates, it was not
driven by one particular cause. As such, multiple mechanisms may explain
the increased mortality. Another related line of investigation is about mortal-
ity of white men and women. White men and women may also be impacted
by this policy change. I run these regressions, and do not obtain statistically
significant results. These results are available in the Appendix. Finally, to
understand better which age groups are impacted, I run the regression on
various age groups. I find that the women above the age 60 are the ones
experiencing a significant increase in mortality rate. The other groups seem
unaffected.

Figure 3: The Timing of the Impact of Mandatory and Recommended Arrest
Laws on Mortality Rates of African-American Women

Estimated Extra Deaths Due to Arrest Laws
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w
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This figure shows the dynamic response of the mortality rates of African-American women
to the passing of the arrest laws. The corresponding coefficient estimates and standard
error estimates are available in Table 4.
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Table 4: The Timing of the Impact of Mandatory and Recommended Arrest
Laws on Mortality Rates of African-American Women

Mortality Rates Percent Change (Poisson)
(1) (2) 3) (4) (5) (6) (7) (8)
Bro 0.652 5.209 5.209  -7.453  0.256%  0.144%  0.144%  -0.086%
(29.21) (24.16) (24.16) (16.04) (5.26%) (4.74%) (4.74%) (2.67%)
Bra 79.42%*  84.84** 84.84*  70.55  14.6%*  14.7%* 0.147* 0.145
(31.97) (37.84) (37.84) (48.13) (6.45%) (7.12%) (7.12%) (9.34%)
Bro 55.45*  65.77*  65.77**  47.84  9.68%* 11.3%** 11.3%** 9.83%
(23.10) (27.92) (27.92) (40.25) (4.25%) (4.68%) (4.68%) (7.48%)
Brs 55.03 66.19 66.19 48.41  9.068%  10.96% 10.96%  9.746%
(39.19) (42.34) (42.34) (52.93) (6.68%) (7.16%) (7.16%) (9.52%)
Bra 42.37 46.88 46.88 20.81  7.423% 7.993% 7.993%  7.165%
(31.16) (28.48) (28.48) (41.14) (4.98%) (4.78%) (4.78%) (7.33%)
Brs 13.53 17.71 17.71  -1.670 2.768%  3.293%  3.293%  2.347%
(22.72) (16.32) (16.32) (24.99) (3.91%) (2.86%) (2.86%) (4.78%)
Br.rr 7.017 16.90 16.90  -0.809 0.057% 2.03% 2.03% 2.286%
(24.35) (23.80) (23.80) (33.17) (4.64%) (4.48%) (4.48%) (5.65%)
B0 25.86 18.10 18.10 18.67 4.3% 2.685% 2.685%  0.03231
(16.45) (13.75) (13.75) (13.69) (2.67%) (2.32%) (2.32%) (2.21%)
Bma 2916  -5.578 -5.578 -5.561  0.138% -1.774% -1.774% -1.242%
(18.95) (16.66) (16.66) (17.85) (0.0329) (0.0305) (0.0305) (0.0286)
B2 35.26*  28.76* 28.76* 31.29* 580%* 4.571% 4.571%  5.633%*
(18.28) (16.95) (16.95) (18.36) (2.95%) (2.94%) (2.94%) (3.11%)
Bm,3 31.26* 22,57 22,577 23.34*  4.97%*  3.303%  3.303%  4.091%*
(16.99) (13.05) (13.05) (13.42) (2.71%) (2.25%) (2.25%) (2.24%)
Brma 56.41%  47.84*  47.84* 46.00** 9.38%*  7.724%  7.724%  7.983%**
(28.27) (27.40) (27.40) (20.40) (4.49%) (4.63%) (4.63%) (3.62%)
Bm.s 40.67 31.63 31.63 29.07  6.609%  4.812%  4.812%  4.959%
(25.81) (23.25) (23.25) (17.75) (4.27%) (4.05%) (4.05%) (3.15%)
B, 37.72 31.61 31.61 16.17 6.12% 4.991%  4.991%  2.922%
(27.44) (23.93) (23.93) (23.01) (4.53%) (4.29%) (4.29%) (3.47%)
Demographic Controls No Yes Yes Yes No Yes Yes Yes
Economic Controls No Yes Yes Yes No Yes Yes Yes
Political Controls No Yes Yes Yes No Yes Yes Yes
Time Trend No No Yes Yes No No No Yes
State Time Trends No No No Yes No No No Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
State FE Yes Yes Yes Yes Yes Yes Yes Yes
N 1530 1500 1500 1500 1530 1500 1500 1500

Standard errors in parentheses

* p<0.10, ** p < 0.05, *** p < 0.01
This table shows the estimates of the impact of mandatory and recommended arrest laws
over time. Robust standard errors, clustered by state, are reported in parentheses. The
errors are not guaranteed to be normally distributed, in fact, for the log-linear specification,
they are not normally distributed even asymptotically (Giles, 2011).
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6 Discussion

The results from Table 3 show that the mortality rates of African-American
women increased in response to the passing of either mandatory or recom-
mended arrest laws. I estimate a statistically significant increase of 25 to 42
deaths per 100,000 in the mortality rate of African-American women. This
can be interpreted as additional deaths attributable to the unintended con-
sequences of mandatory arrest laws per 100,000 people. The estimate for
the effect of mandatory arrest laws remains statistically significant even af-
ter including state-specific time trends. This confirms that partner arrest
has unintended consequences for African-American women; and that these
consequences show up in their mortality rates.

My results decrease in magnitude and statistical significance when state-
specific time trends are added. State-specific time trends should be inter-
preted with caution in this setting: if the mechanism leading to mortality is
taking place in the short term, say, a few years after the arrest, then adding
state-specific time trends acts as a reasonable check of validity on my results.
However, if the impact is happening in the long term and is sustained, the
state-specific time trends may absorb some of the impact attributable to the
arrest. This is because the state-specific time trends are constructed from
the entirety of the timeline for each state, and as such, they incorporate the
trends in mortality rates after a mandatory arrest law has been passed. In
this case, the magnitude of the estimates will be biased downwards. Despite
this caveat, I add state-specific linear time trends. This inclusion follows
literature, and the advice from ( ) when using fixed
effects models for causal inference. The results are still statistically signifi-
cant.

The effects of mandatory arrest laws are in agreement with the results
from ( ). In addition, results from the model shown
in Equation (2) show that the estimated impact comes from the second to
fourth year after the law is passed. The coefficients are statistically signifi-
cant, and change only slightly in magnitude and significance with the addition
of time trends. The coefficient showing the impact in the fifth year and in
the years following it are no longer statistically significant. Recommended
arrest laws show a similar trend, they are jointly significant, but the signif-
icance comes from the first through fourth year coefficients. These results
support the findings from ( ), and show that they
have played out in a similar way in the empirical setting as well.
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Taken together, the models present a picture of a short-lived increase in
the mortality rates of African-American women in the aftermath of manda-
tory arrest laws. In the second year after a mandatory arrest law has been
passed, there is a clear increase in the mortality rates of African-American
women. This increase is sustained in the third year, and increases in mag-
nitude in the fourth. However, it decreases in magnitude and is much lower
and statistically insignificant in the fifth year and in the years thereafter.

The victims that were impacted are only the first wave of victims, and
the mechanism took place in a few years. The causal pathway between part-
ner arrest and mortality takes place within a few years of partner arrest.
More importantly, this causal pathway no longer has a statistically signifi-
cant impact in the few years after a mandatory arrest law has passed. In
other words, the unintended consequences of partner arrest affected victims
only in the few years after the laws have passed. Like the victims from the
MilDVE experiment, these “first wave” of victims were likely not aware of
the consequences of reporting the offense. In this sense, they were similar to
the victims in the experimental setting, uninformed, therefore did not have a
chance to change their behavior in response to the arrest laws. Consequently,
I observe the treatment effect of partner arrest in the first few years in the
dynamic model. As time passes, potential offenders and victims are likelier
to become informed about the legal change and the consequences of offending
and reporting. In the long run, the net policy effect of mandating partner
arrest becomes statistically insignificant.

It might be considered surprising that there are differences between the
results from the experimental setting in ( ) and the
results from the empirical setting. In reality, this sort of divergence happens.
For example, alcohol consumption has been shown to lead to liver disease

in clinical trials ( , ). Based on this result, a policy maker can
decide to outlaw alcohol. However, liver disease did not decrease with state
prohibitions ( , ). Mortality from alcohol-related causes decreased

only with the constitutional prohibition, and then actually rose back to pre-
prohibition levels, before the constitutional prohibition was lifted (

, ). This is a clear example of how a treatment effect can be
different in an experimental setting and in an empirical setting. Mandating
or outlawing a certain treatment can change behavior of populations in the
long run, leading to different outcomes outside of a randomized trial. In the
case of prohibition, outlawing alcohol led to an unregulated market of alcohol.
In the case of mandatory arrest law, mandating arrest created a deterrent
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that acted over a longer period of time, in a way that a randomized trial
that ran once on a subset of individuals cannot create. This explains the
divergence of the results from the experimental setting.

7 Conclusion

The results from the static and the dynamic models paint the following pic-
ture: there are unintended consequences of a partner arrest, but these con-
sequences affect only the first wave of victims at a statistically significant
level. After a few years have passed under mandatory arrest laws, partner
arrest seems to no longer increase mortality rates for victims. I interpret
this as a result of potential offenders and victims adapting their behavior
as they become informed about the legal regime they live under. In this
sense, the victims and offenders in the first wave were similar to the victims
and offenders from the experiment: they were not aware that arrest was a
potential consequence, and were not able to mitigate whatever unintended
consequences led to their demise. This constitutes the main conclusion of
this paper.

This conclusion confirms the experimental findings of
( ) in an empirical setting in the short term, but also shows that the
impact disappears in the long term. In the empirical setting, the first set of
offenders were unaware that they could be arrested, and the victims suffered
the eventual consequences of arrest. However, the current study shows that
the overall impact is different when the offenders are informed. Subsequent
potential offenders were likely deterred from offending because they became
more and more aware of the legal regime.

An alternative interpretation is possible: victims, rather than the offend-
ers, may have been deterred from reporting the crime. Research suggests
that this is less likely: ( ) and ( ) show
that African-American women are more likely than white women to report
domestic violence to the police.!' Furthermore, arrest levels across manda-
tory and discretionary states are not significantly different from each other

( , ). However, it is well-known that domestic violence is
an underreported crime ( , ; , ). The
= ( ) notes that this may be due to correlation to economic means, and that

women with more income have more access to resources and may not need to rely on the
police as much.
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impact of mandatory arrest laws on reporting remains an important open
question in literature.

The causal pathway that links the offender’s arrest to the victim’s death
is not clear, but it is possible to discuss some possibilities. Lack of a clear
cause of death, and the evidence of an increase in the mortality of African-
American women (but not other groups) suggest that a complex interaction
between racialized applications of policies, arrest and loss of resources may be
increasing the likelihood of the victim’s death. One such example can involve
eviction: ( ) report examples of how victims were
evicted because the house they were in has been subject of an arrest. An-
other type of interaction can involve the loss of spouse’s work opportunities:

( ) shows that a criminal record decreases employment opportu-
nities.'” These losses of opportunity or means can be detrimental to many.
For individuals already at risk, it can have disastrous consequences. Domes-
tic violence is already correlated with lower income and a lack of economic
means, so individuals at risk of losing healthcare, falling below the poverty
line and eviction are over-represented within the victims of domestic violence.
Eviction can lead to homelessness for individuals who are already struggling
to make ends meet, and loss of spousal income can push an individual below
the poverty threshold. Both of these events can have health consequences,
and these health consequences can increase the probability of death.

Based on the conclusions, I make the following policy recommendation:
if policy makers decide to pass mandatory arrest laws, they should announce
and inform the population in advance. This will give ample time for po-
tential offenders to inform themselves and shift their behavior. This is not
an endorsement of mandatory arrest laws in general: there are other policy
measures that are geared towards supporting the victims rather than punish-
ing the offenders. The results from ( ), along with
the current results, suggest that policy makers should pause before passing
mandatory arrest laws. However, if they are going to be passed, informing
the population beforehand is desirable to mitigate potential unintentional
consequences of these laws.

12There are other studies that find a link between arrest and job market opportunities:

( ) show that Indigenous populations suffer an 18% decrease in

employment opportunities by being arrested. ( ) finds a modest impact on

the job opportunities of young white American men after being arrested. ( )
is another example.
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Appendix I: Results for Other Groups of Interest

In addition to African-American women, African-American men and white
men and women may also be impacted the law. The following table summa-
rizes the results from a similar regression, where only the combined impact of
mandatory and recommended arrest laws are estimated. The first 4 columns
include the same controls as the specifications in Table 3. In column (5),
in addition to the state-specific linear time trend, I add the state-specific
quadratic time trend. Columns (6) and (7) are Poisson regressions, and the
coefficients can be interpreted as approximate percentage change in mortal-
ity, after being multiplied by 100. Column (6) included state-specific linear
time trends, and column (7) includes quadratic time trends as well.
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Table 5: Estimated Impact of Mandatory and Recommended Arrest Laws
on the Four Populations of Interest

(1) (2) (3) (4) (5) (6) (7)
African-American Women  34.16* 3112 31.12" 21.00" 14.89° 0.0389"*  0.0268""
(17.40) (14.65) (14.65) (8.882) (7.856) (0.0149)  (0.0134)

African-American Men 5237 39.81  39.81  -14.33  -10.09  -0.00900  -0.0129
(28.00) (24.65) (24.65) (14.24) (10.92) (0.0192)  (0.0137)

White Women -24.20  -7.966 -7.966 1.994 0.323 0.00461  -0.000953
(20.11) (11.35) (11.35) (5.119) (4.306) (0.00596) (0.00483)
White Men -16.08 -8.334 -8.334 -2.761 -1.383 -0.000752 -0.00202
(17.69) (14.36) (14.36) (6.948) (5.478) (0.00741) (0.00532)
[Lem]| Population Controls No Yes Yes Yes Yes Yes Yes
Economic Controls No Yes Yes Yes Yes Yes Yes
Political Controls No Yes Yes Yes Yes Yes Yes
Time Trend No No Yes Yes Yes Yes Yes
State Time Trends No No No Yes Yes Yes Yes
State Quadratic Trend No No No No Yes No Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
State FE Yes Yes Yes Yes Yes Yes Yes
N 1836 1800 1800 1800 1800 1800 1800

Standard errors in parentheses

* p<0.10, ** p < 0.05, *** p < 0.01
The first 4 columns are include the same controls as the specifications in Table 3. In
column (5), in addition to the state-specific linear time trend, I add the state-specific
quadratic time trend. Columns (6) and (7) are Poisson regressions, and the coefficients
can be interpreted as approximate percentage change in mortality, after being multiplied
by 100. Column (6) included state-specific linear time trends, and column (7) includes
quadratic time trends as well.
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Part 11

Teachers’ Strikes and
Standardized Test Scores: Impact
on Performance & Participation

Abstract

Using data on standardized test scores for 4th and T7th graders,
I employ a difference-in-differences approach to measure the impact
on student outcomes of two province-wide teachers’ strikes in 2005
and 2014 in British Columbia, Canada. Unlike previous work, I find
that the impacts are not statistically significant on average across all
schools. However, I find impacts on certain groups of students, par-
ticularly a statistically significant drop on Grade 4 female students’
grades and participation rates. This drop is driven by the longer of
the two strikes. Overall, the study shows that the impact of strikes
on student performance is not statistically significant, and that previ-
ous results based on school-level data may suffer from over-rejection
problems.

8 Introduction

Teachers’ strikes may impact student learning negatively. This potential
impact is part of an ongoing debate about teachers’ unions and their right
to strike. On one hand, student learning is important for society, and we
would not desire that this learning be interrupted. On the other hand, union
formation and strikes are an important right in contemporary society, and we
would not want to deprive teachers of this right. Understanding how, and
how much, teachers’ strikes impact student scores is an important aspect
of this discussion. In the current chapter, I estimate the effect of teachers’
strikes on student success rates in standardized tests, namely, the Foundation
Skills Assessment (FSA) exams administered in British Columbia. I do not
find evidence of an impact on student success rates or the participation rates
on average, but I do find evidence of an impact on participation and success
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rates of Grade 4 female students, and evidence of an impact on a smaller set
of schools.

The main purpose of this chapter is to estimate the impact of teacher
strikes on student achievement in standardized exams. The identification
strategy of the current chapter relies on the fact that strikes impact pub-
lic schools but not independent schools in British Columbia. The success
rates and participation rates of students in public and independent schools
in British Columbia follow similar trends.'” The two largest strikes in the
data set took place in the years 2005/2006 and 2014,/2015. This treatment
provides a quasi-experimental setting that can be exploited in a difference-
in-differences approach: if success rates of public schools drop significantly
in these years in comparison to those of independent schools, this provides
evidence that strikes had a negative impact on students’ academic perfor-
mance.

The current chapter makes two contributions to the literature. First, I
estimate the participation rates as well as the success rates for the students.
This is important because students’ drop in achievement can be masked by
concerned parents who might not want to have their children take a stan-
dardized exam. Without testing whether there is a drop in participation,
it is difficult to understand the full extent of the effect. The second con-
tribution is about the use of standard error estimation, particularly when
using school-level data, as it is commonplace to use “clustered” errors with
difference-in-differences literature to avoid obtaining false positive results.
However, recent studies show that this approach does not always mitigate the
possibility of obtaining false positive results, it can actually make the prob-
lem worse. I show that this problem exists in the current setting, and address
this problem by using placebo experiments to choose a reliable method to
address the issue. When addressed in this manner, the results do not show a
clear decrease of student performance or attendance, but a more nuanced and
complex impact based on gender, grade and the chosen school sample. Fur-
thermore, I show evidence that strikes may actually have a positive impact
at least in certain cases.

The rest of the chapter is organized as follows. Section 9 gives background
on teachers’ strikes and standard examinations in British Columbia. Section
10 presents the current state of the literature. The details for the data
are in Section 11. The estimation methodology, model and procedure, are

13Gee Figure 4 and figures 6 and 7.
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explained in 12. The results are in Section 13, and Sections 14 and 15 present
the discussion and conclusions.

9 Background: Teachers’ Strikes and Standard
Exams in British Columbia

British Columbia (BC) has a long history of teachers’ unions and organi-
zations. The labor union that represents all public school teachers, British
Columbia Teachers’ Federation (BCTF), was founded in 1917. However,
the right for collective bargaining was obtained in 1987, with Bill 20, the
Teaching Profession Act ( : ). BCTF conducted 32 local strikes
and three lockouts until the right to strike was reduced considerably in 2001
with Bill 18, the Essential Services Legislation. The tension between gov-
ernment and the BCTF increased over the years, and finally, in the school
year 2005/2006, BCTF voted to go on strike - the so-called “Illegal Strike”.
Their stated objectives were improved learning conditions, increased salary
and restored bargaining rights. On September 28, BCTF started rotating
strikes, and finally on October 7, BCTF started an indefinite strike. After
16 days of strike - 10 school days - BCTF reached an agreement with the
government that included restoring the right to strike, and returned to work
on October 24 ( , ). This strike and the associated school year
2005/2006 forms the first of the two treatment years in the current study.
The 2005/2006 “Tllegal Strike” is in fact the second-longest strike in BC
history. The longest strike took place in 2014, when, over similar concerns
such as improved learning conditions, salary, and the possibility of constraints
on bargaining rights, BCTF started a rotating strike in May 2014 and full
strike in June. On September 2, the scheduled opening date for all schools,
there was no resolution and the full strike continued. It finally ended on
September 18 ( , : , ). This strike and the associ-
ated 2014/2015 school year forms the second of the two treatment years.
The impact of these strikes may show up on standardized exams in BC,
as the province has an even longer history of standardized exams. The first
exam was in 1876 for entrance into Victoria High School, the only high
school at the time. Larger scale standardized testing began in the 1920s.
Between 1924 and 1972, 34 different types of [.Q). tests were administered to
students in British Columbia. In 1975, the Provincial Learning Assessment
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Program (PLAP) replaced 1.Q. tests and continued until 1999, when it was
replaced by the Foundation Skills Assessment (FSA) ( ,
). The FSA is an annual province-wide assessment of students’ academic
performance in BC, held at different times every year. FSA consists of three
different assessments: Numeracy, Reading and Writing ( ,
). The success rates and participation rates on the standardized FSA
examinations are the two outcome variables in the current chapter.

10 Literature Review

Early studies of teachers’ strikes find a negative impact on student achieve-
ment ( , ; , ;

, ; , ). These earlier studies are susceptible to omitted
variable bias: unobserved school-level characteristics can be systematically
different for schools that were impacted by the strikes, or events particular to
a school or school district may trigger strikes. More recent studies make var-
ious attempts to control for omitted variables. ( ), for instance,
uses lagged variables to control for existing district-level characteristics, and
finds no significant impacts of strikes on school attendance or on graduation
rates. ( ) use a difference-in-differences strategy to
estimate the impact of strikes. They exploit the difference in the Flemish
and the French communities in Belgium and find that teachers’ strikes in-
crease class repetition and decrease the total years of schooling.

( ) and ( ) use very similar econometric models to estimate
the impact of teachers’ strikes on standardized test scores in Ontario. While
( ) focuses on a larger set of labor disruptions and uses school-
level fixed effects to control for unobservables, ( ) focuses only on
strikes and uses first differencing to control for school-level effects. They
both find statistically significant negative impacts on academic achievement
in standardized tests in Maths. ( ) also reports on the impact
of strikes by gender and find differences between male and female students.
( ) exploit the variation in districts and years in Ar-
gentina in a difference-in-differences framework. They conclude that strikes
decrease wages, labor force participation, and college enrollment rate. They
also conclude that strikes increase the probability of having children and
increase household production for women. Along with
( ) ( ) research the impact of teachers’ strikes on
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long-term labor market outcomes, whereas ( ) and ( )
research the short-term effects on immediate academic performance.

Currently, the literature remains unclear on the impact of strikes. On one
side of the dispute are the papers that find no impact and conflicting results,
such as (2008), (1994), (1981),

( ) and ( ). Most of these papers do not
offer a clear identification strategy and present cross-sectional results. The
only exception is ( ) who uses lagged variables, which results
in a model that is very close to the difference-in-differences approach, even
though it is not explicitly called such. ( ) and ( )
use various difference-in-differences approaches to estimate the impact of
strikes on academic performance. While difference-in-differences is valuable
for addressing the omitted variables issues, it can yield false positive results
due to the standard error estimation ( , ). While the usual
method of dealing with these issues is to use “clustered” standard errors,
recent studies show that this does not necessarily solve these issues in all
cases ( , ; : ; : ). In
the current study, I show that it is easy for school-level data to suffer from
these issues and that “clustered” standard errors do not address the issue.
Following ( ), T use “placebo-law” experiments to find
the estimation methodology that suffers little from the risk of false positive
estimates.

A related line of research focuses on the teachers’ unionization and union
bargaining power.'* As teachers’ unionization is indirectly related to teach-
ers’ strikes, I include some of the important papers in this line of literature
for completeness. The literature in this area is extensive, as a recent review
by ( ) lists 39 articles. While the entirety of this line
of research is beyond our scope, we present a short summary. The litera-
ture focuses on the impact of unionization and union bargaining power on
three types of outcomes: teachers’ wages and earnings ( ,

: , : , : , ), district spending on
education ( , : , : ,
: , : , : , ), and student
achievement. Among these, the student achievement is closest to our line of

4 Unionization is typically defined as 50% of teachers being in a union for a given state
or district. The bargaining power of unions is proxied by average union income per teacher
or spending per student.
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research. Earlier studies find that unionization or collective bargaining agree-
ments are associated with higher academic outcomes for students (

) ) ) ) ) ), but
these studies are susceptible to omitted variable bias ( , ). More
recent studies use various identification strategies and have mixed results:

( ) combines a difference-in-differences approach with instrumen-
tal variables and finds that unionization increases dropout rates, particularly
for low-performing students. ( ) exploit differences in
timing of state law and also find a negative impact of union resources per
student on student performance. In contrast, ( ) finds no im-
pact of unionization on student performance with a difference-in-differences
approach. While these papers focus on academic performance,

( ) research the long-term effects of collective bargaining laws.

They use a difference-in-differences approach and exploit the variation in the
passage of the laws, and find that laws that support unionization decrease
earnings, labor participation, and hours worked.

Another related line of research is about the marginal impact of days
in a school year, on academic and economic outcomes.
( ) find that the number of school days in a year do not impact future
earnings, after controlling for state fixed effects. ( ) report
the associations of days in school year with standardized test scores.

(2007), (2008), (2008), (2011),

( ) and ( ) find that additional days in
a school year increase academic performance. With the exception of
( ) and ( ), all of the literature uses
an identification strategy. In particular, ( ) exploits weather-
related changes with an instrumental variables methodology, and
( ) exploits the variation in unscheduled closings. The rest

of the papers use difference-in-differences or a similar strategy based on ex-
ogenous variation in school days across time or across panels. A related line
of research involves the decrease from five days to four days of schooling per
week. In contrast to previous papers, ( ) find that
reducing the days in a week from five to four increases academic performance,
based on a school-level panel data set from Colorado.
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11 Data

I use a data set of FSA results at the school level, procured directly from the
BC Ministry of Education. This data set includes all years from 1999 /2000
to 2018,/2019, and all the schools in British Columbia. It contains the assess-
ment results for Numeracy, Reading and Writing, for both Grades 4 and 7. It
is further broken down into different sub-populations of students by gender,
aboriginal status and English-as-a-second-language status. Each school can
be either independent or public.'” As mentioned earlier, the strike impacted
only the public schools. As such, public schools serve as the treatment group,
and independent schools serve as the control group.

The two outcome variables are the success rates and the participation
rates. Participation rates are an important part of the story, as parents
may opt-out of the exam if they feel that their child is not ready due to the
impact of the strikes. In fact, the BCTF is against the FSA: since 2008,
they have been sending parents a letter every year to explain why they are
against it, and encourages the parents to opt out of the FSA. Parents might
have elevated concerns around the time of a strike concerning their child’s
well-being, especially if their child is struggling. Therefore, I include the
participation rates as a second variable of interest. To construct success
rates, I add the number of students exceeding and meeting expectations, and
divide by the number of students writing the exam. To get the participation
rate, I divide the number of students writing the exam by the number of
expected writers. The descriptive stats are in Table 6.

There are a couple of issues with the data set: first, the BC Ministry
of Education has reported that the figures from the year 2007/2008 suffered
from data collection issues and are not reliable, so I drop the year 2007/2008.
Second, some schools went through a reorganization and merged, so I collapse
these schools into one. The results in the current analysis are robust to
removing these schools from the analysis.'® A final issue is that participation
can exceed the number of allocated students in previous years, but not all.
I deal with this irregularity by marking these data points, and am able to
keep them out of the analysis. The results are robust to removing these
data points. Finally, in the year 2008, the BC Ministry of Education made

15Two schools serve as an exception to this categorization. They are marked as the
Department of Indian Affairs and Northern Development. These two schools are dropped
from the analysis.

16See the appendix for further details on the data cleaning.
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Table 6: Descriptive Statistics

Year Count School Count District Count Success Rate Participation Rate
Grade Skill

B Numeracy 20 237 51 0.89 (0.15)  0.97 (0.07)
g Reading 20 237 51 0.89 (0.13)  0.97 (0.07)
E Writing 20 237 51 093 (0.11)  0.97 (0.08)
27 Numeracy 20 239 51 0.88 (0.15) 0.97 (0.07)
= Reading 20 239 51 0.88 (0.13)  0.97 (0.07)
= Writing 20 239 51 093 (0.11)  0.97 (0.08)
4 Numeracy 20 1430 60 0.79 (0.17) 0.92 (0.14)

. Reading 20 1431 60 0.78 (0.15)  0.92 (0.14)
= Writing 20 1430 60 0.87 (0.14)  0.91 (0.15)
7 Numeracy 20 1523 60 0.76 (0.18)  0.92 (0.15)
Reading 20 1523 60 0.75(0.15)  0.92 (0.15)

Writing 20 1523 60 0.84 (0.15)  0.91 (0.16)

Table 6 shows the descriptive statistics of the two outcome variables in the current paper.
The success rates and participation rates are both presented as between 0 and 1, 1 meaning
full success/participation. The figures are population averages, whereas the standard
deviations are given in parentheses.

fundamental changes to how they implement, score and report the outcomes
for the FSAs.'” The impact of this change in reporting is visible in the data
- see Figure 4. To control for this change, a binary variable is included to
mark all the years after 2008 in the methodology. For the most part, the
results are robust to removing this term.

As I explain in Section 12, when left at the school level, the specifica-
tions are likely to lead to a false rejection of the null hypothesis. This false
rejection is relatively easy to see when I run placebo-law experiments: since
my treatment variable is defined by two strike years, I am able to use the
remaining year pairs as a check on the validity of the estimates. If the two
strike years are in fact significantly different than the other pairs of two years
in the set, the other pairs of years should not yield statistically significant
estimates. Table 8 shows that this is the case only when the data is collapsed
at the district level. When left at the school level, any arbitrary pair of two
years yields statistically significant results 40% of the time. This is, of course,
misleading: in the absence of an actual impact, I should obtain statistically
significant results at the 0.05 level only 5% of the time. In other words, to
be confident in my results, the two strike years need to be fundamentally dif-

1"Before 2008, the scoring was done centrally. After 2008, the local districts became
responsible for scoring. Furthermore, the administration mode has changed from paper-
based to computer-based ( , )
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ferent then the other pairs of two years - not similar to 40% of them. Based
on this analysis, I collapse the data to the district level. This ensures that
my estimates are actually valid and not just a mechanical construct of the
statistical error estimation methodology.

In order to protect the privacy of individual students, the BC Ministry of
Education does not report on smaller schools and subpopulations of students.
This means that some schools are not represented in all grades and skills for
all years. For example, even though there are 1744 schools in the data set,
only 1667 of these schools have at least one year for Grade 4 Numeracy, and
among these, only 1055 have all 20 years. It is possible to use either the
full-but-imbalanced data set, or the smaller-but-balanced subset of schools.
When the full data set is used, all 1667 schools are included, but many
schools have missing years. I also run the regressions on a “balanced” data
set. With a balanced data set, only the 1055 schools are included, but all of
these schools have data for all years. The advantage of using a balanced data
set is that it avoids the statistical noise that can stem from the missing years.
The disadvantage, on the other hand, is that the results are representative
only of schools with larger numbers of students, as these schools more likely
to have no missing years from the data set. While most of my discussions are
based on the full sample, I also include the results from the balanced data
set in the last two columns of all results tables, and discuss these briefly. The
results are different for this set of schools.

Figure 4 shows the timeline of the average success rate. The average
success rate for independent schools and the public schools follow similar
trends. This provides a visual check on the identifying parallel trends as-
sumption. The rest of the figures for success rates and participation rates
are in the Appendix in Section 15. For most of the success rate timelines,
especially for Grade 4 Numeracy, the independent and public schools follow
parallel trends. Participation rates, however, start deviating right before the
2014/2015 strike, and can be an concern for the identification assumption.
Even in this case, the participation rates follow similar trends up until the
later treatment, the second strike. In other words, even in cases where the
parallel trends assumption may be violated, the trends prior to treatment are
similar to each other. However, it should still be noted that other treatments,
in particular, the changing political attitudes towards standardized testing,
may explain part of the drop in participation. I discuss this possibility in
further detail in Section 15.

The averages and standard deviations for a breakdown of schools by their
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Figure 4: Average Success Rates for Grade 4 Numeracy Tests
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Figure 4 shows the average success rate of schools over time. Success rate is calculated
as the rate of students meeting or exceeding expectations, divided by the total number of
students writing the exam. The two lines represent the BC Public Schools and the BC
Independent Schools. The average is calculated across schools.

33



public vs independent status and the strike vs non-strike years are given in
Table 7. This table provides a cleaner look into the data. The differences
between strike years and non-strike years in success rates are relatively similar
across public and independent schools.

12 Methodology

We employ a difference-in-differences strategy to identify the effects of teach-
ers’ strikes. My baseline equation is as follows:

Yape = Bo + Bipap + B25¢ + B3Dapst + Eapt (3)

The unit of observation is a set of schools that share the same district and
the same status as either a public or an independent school. The subscript
dp designates this unit of observation: all schools within a particular district
that share the same status as a public or independent school are collapsed
into one unit and are represented with this subscript. pg, is a binary variable
that takes its value based on whether a given set of schools is public or
independent. The binary variable s; shows whether a particular year had a
strike or not: it takes the value 1 for the two strike years, 2005/2006 and
2014/2015, and 0 for all other years. pg,s; is the interaction of these two
binary variables. Its coefficient, (3, is the main regressor of interest, and
captures the impact of the strike.

The strikes impact all public schools at the same time, because of this,
the residuals from Equation (3) will be correlated ( : ).
To deal with this problem, most papers in literature use “clustered” stan-
dard error estimation. However, while popular, “clustered” standard errors
do not always solve the problem of over-rejection ( , ;

, ; , ). In fact, “clustered” standard errors
can produce very misleading results when data does not satisfy certain condi-
tions ( , : , ). In the current setting,
the largest unit of observation in the data hierarchy are districts. Cluster-
ing at the district level will remove the effect of the serial correlation within
the districts, but not across the districts, and because of this, the i.i.d'® as-
sumption in standard error calculation is violated. Furthermore, the success

18Independent and identically distributed: here, the residuals are no longer independent
of each other.
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rates within schools and across years are correlated. It possible for school
level data sets to suffer from larger correlations across clusters. Previous
papers in the teachers’ strike literature either do not discuss their standard
error estimation methodology, or use “clustered” standard errors and make
no detailed explanations. In the current study, I investigate various options
to choose the optimal methodology.

To choose a valid methodology, I follow the placebo-law methodology first
used by ( ). Placebo-law experiments involve changing the
treatment variable across repetitions of the same regression. If the standard
error estimation is not biased, I expect these regressions to yield a rejection
of the null hypothesis approximately 5% of the time, with a p-value less than
0.05. In the current setting, the treatment variable is constructed by the two
strike years, 2005/2006 and 2014,/2015. Since the 2007/2008 is dropped from
the data set due to data collection issues, this leaves 17 control years. From
the 17 years, I construct 136 pairs of years that do not include the treatment
years. These pairs of two years serve as the basis for alternative treatments.
Furthermore, since each year has assessment examinations for two grades (4
and 7) and three examinations, (Numerical, Reading and Writing) I construct
816 alternative null hypotheses. If the strike years truly are different than
the others, these alternative null hypotheses should generate statistically
significant (p < 0.05) results 5% of the time, or around 40-41 of the 816
alternative iterations.

Table 8 shows the results from the placebo experiments. Here, the three
columns on the right are estimations from school-level data sets, which is
similar to most of the literature. The two leftmost columns are results after
collapsing the data set at the district level, these columns correspond to
the specification in Equation (3). School level estimations suffer from a clear
over-rejection problem. “Clustered” standard error estimation, while popular,
does not remove this problem in the current setting. This is consistent with
warnings in the standard error estimation literature ( ;

; , ). Based on the results from this table, I deviate
from most of the literature and collapse the data at the district level before
running the regressions.
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Table 8: Results from Placebo Experiments: Rates Rejection Under the Null
Hypothesis of No Impact

School-level District-level
No Clustering Clustering by District 2-way Clustering || No Clustering Clustering by District
318 (39%) 360 (44%) 329 (40%) 41 (5%) 98 (12%)

Counts show the number of times the placebo estimation yielded a “statistically significant”
estimation with a p-value of less than 0.05. If the standard error estimation is not biased,
these regressions should reject the null hypothesis approximately 5% of the time, with a
p-value less than 0.05. There are 6 classes and 132 two-year pairs, resulting in 816 placebo
estimations. For a specification that does not suffer from an over-rejection problem, this
corresponds to 40-41 in absolute value of the estimations with a p-value of less than 0.05.
In the case of school-level regressions, the 2-way clustering refers to the method detailed
in ( ), and is by district and year.

Figure 5 shows the results from Table 8 visually. The two vertical dashed
lines show the actual 95% confidence interval from the distribution of the
coefficient estimates from the placebo estimations. The horizontal error bars
show the 95% confidence internal calculated from the average of the coeffi-
cient estimates and the average of the standard error estimates. The speci-
fications that do not fail from an over-rejection problem line up reasonably
close to the dotted lines. In contrast, the specifications that suffer from an
over-rejection problem are smaller.

When reporting the results, I extend the Equation (3) as follows: In
Equation (4), I add the binary variable 7, that takes the value 1 beginning
with the school year 2008/2009. This variable captures the change in the FSA
exam that happened on the year 2008,/2009. As can be seen on the Figure 4,
the change had a visible and sustained impact on the scores. In Equation (5),
I add the year fixed effects. Finally, in Equation (6), I add both the year and
district fixed effects. The results are typically not sensitive to these different
specifications. However, they are sensitive to standard error estimation, and
the choice between a balanced sample of schools versus the full population
of schools. I report the results for all specifications with the full sample of
schools, with standard errors estimated with and without “clustering”. For
the balanced set, I include only the final specification. The mathematical
expressions for these models are presented below:

Yapt = Bo + Bibap + B2t + BapPapst + Bare + €apt (4)

Yapt = Bo + Bipap + B2t + BaDapse + Bare + pie + Eape (5)
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Figure 5: Confidence Intervals from the Placebo Analysis: Placebo Intervals
vs Theoretical Intervals
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The two dashed lines show the boundaries of 95% of the coefficient estimates from the
placebo runs. Each one of the error specifications show the 95% confidence interval based
on the average coefficient and the average standard error estimations for the corresponding
specification. The school-level specifications, even when “clustered” or “two-way clustered”
error estimates are used, suffer from an over-rejection problem. Collapsing the data at the
district level resolves this issue.

Yapt = Bo + Bibap + B25¢ + BabapSe + Lare + p + g + Eape (6)

In Equation (4), I add the term f4r;. As explained in Section 11, BC
Ministry of Education made changes to the administration and scoring of
the FSA in 2008. The variable r; controls this change, and the §, is the
corresponding coefficient. While 3, is statistically significant, the results are
robust to removing this term. In Equation (5), I add controls for each year
in the data set - this controls for any year-specific unobservable factors non-
parametrically. Finally, in Equation (6), I add controls for each district in the
data set, allowing us to control for any unobservable characteristics specific
to the district.

In particular, adding the year fixed effects p; is important: the BC Min-
istry of Education web site makes a point that year-to-year differences in
scores may not be reflective of an actual change. By using year fixed effects,
I am able to control for any unobservable changes that may have impacted
both independent and public school districts. For instance, if there is a sys-
tematic, non-random impact on scores related to classroom composition, the
binary variables for year fixed effects will control for this change. This model
design allows me to be able to make a year-to-year comparison.
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13 Results

Table 9 shows the main results of the current chapter. Since leaving the
data at the school level causes a severe over-rejection problem, all of these
results come from the estimations aggregated at the district level, as shown in
Equations (3) through (6). The column numbers correspond to the equation
numbers. In the full sample of schools, there is no evidence of an impact of
the strikes. The first four columns report the standard errors with clustering,
and the following four columns without clustering. The coefficient estimates
can be interpreted as the change in the success rate - the percentage of
students who meet or exceed expectations. The average estimated impact
of the strikes on these rates is positive for Grade 7 Numeracy and Writing,
negative in all other cases, and is not statistically significant. T interpret this
as little or no impact of strikes across all districts.

I also focus my results on a smaller set of schools. To protect student
privacy, success rates for some years are suppressed by the BC Ministry of
Education. This causes missing years for certain schools, particularly schools
with a smaller number of students. When aggregated, the missing years may
cause extra noise in the data. To deal with this problem, I choose a set
of schools that have the full data. The two rightmost columns are based
on aggregations of schools that have full data for all years. This can make
it easier to detect impacts that are smaller in magnitude. However, it also
restricts the analysis to only schools with a large enough number of students.
I include the results from this balanced set of schools for completeness in the
last two columns. In this case, the coefficient estimates are always negative
and statistically significant for Grade 7 Numeracy and Writing.

[ interpret the results from Table 9 as a nuanced picture: on average, there
is little or no impact of strikes on schools. This interpretation is based on both
the statistical significance of the coefficients and the fact that the coefficients
are small in magnitude, and in two cases, Grade 7 Numeracy and Writing,
positive. However, the same estimations for a smaller set of schools (those
with larger number of students) show not just some statistically significant
results, but also coefficients that are larger in magnitude, and having the
same direction for all specifications and different grades and skills. T discuss
further in the conclusions section.

Table 10 shows the estimated impact of the strikes on participation rates.
Similar to Table 9, the strikes do not have a significant impact on the par-
ticipation rates overall. However, for the balanced set of schools, there is a
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statistically significant impact on the Grade 4 Numeracy participation rates.

Taken together, Table 9 and Table 10 do not show evidence of a average
drop in success rates or participation rates across all schools. However, this
may be due to increased variance due to the missing data related to the
privacy policies of the BC Ministry of Education. The results based on the
balanced data set, on the two rightmost columns, address this issue. In this
case, | estimate statistically significant drops in most grade 7 scores and
statistically significant drops in most Grade 4 participation rates. I discuss
the implications of these findings in Section 14.

Table 11 shows the estimated impact of the strikes by gender. The strikes
had a negative and statistically significant impact on the success rates of
female students for all three skill sets. This impact remains negative and
statistically significant, even with different specifications or standard error
estimations. Just like in Table 9, T run the same analysis for the balanced set
of schools. In this case, the impact estimate remains negative. In particular,
the estimate for Reading remains statistically significant.

Table 12 shows that participation dropped for Grade 4 female students
for all subjects. Taken together with the results in 11, the success rates and
participation rates for Grade 4 female students drop simultaneously. This is
arguably the most robust finding in the current study.

The two strikes may have had different impacts. To research this possi-
bility, I amend the variable s; by changing it into two different variables for
each strike year. Tables 13 and 14 show the results broken down by each
strikes, respectively, for success rates and for participation rates. Overall, for
the full data set, there is no significant drop in success rates except for Grade
4 Reading scores for the year 2005/2006. For participation rates, there is a
drop in Grade 7 Reading scores, but this drop is not consistent across all
standard error specifications.

Using the balanced set presents a different but clearer picture. The two
rightmost columns of Tables 13 and 14 show that there is an estimated in-
crease in both participation and success rates during the first strike, and a
decrease in both success rates and participation rates in the second strike.
In particular, the decrease in participation in the 2014 /2015 strike is statis-
tically significant both grades and all subjects, and the decrease is success
rates is statistically significant for all subjects in Grade 7.

Overall, the results do not present clear evidence of an impact of strikes
in academic performance. The impact of the success rate is less than 3% in
absolute value, and positive in one case. It is also not statistically significant.
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The decreases in participation rate are even smaller in magnitude, however, in
one case, they are statistically significant at the 10% level of confidence. This
suggest that there may have been an relatively small impact on participation
rates.

While [ do not estimate an impact on average, there are some of the results
point a more nuanced picture. In particular, for Grade 4 female students,
there are drops in both participation rates for all three subjects, and a drop
in success rates for Reading. Furthermore, the strike in 2014/2015 may have
been more impactful then the previous strike. Finally, the results are different
when I concentrate on the the schools with larger sets of students, which have
the full data for all years. This difference is not just a difference in statistical
significance, but also in magnitude. I discuss these further in Section 14."

14 Discussion

Overall, the results do not show evidence of an impact of the strikes on
success rates and participation rates, except for Grade 4 female students.
These results are visible in the first eight columns of all tables. However,
restricting the analysis to a smaller set of schools with complete data shows
a drop in Grade 4 participation rates and a drop in Grade 7 success rates as a
result of the 2014/2015 strike. Furthermore, the 2005/2006 strike may have
increased success rates for Numeracy, and may have increased participation
rates for Grade 7 students. These results are on the rightmost two columns
of all tables.

The difference in findings has two explanations: the first explanation is
that there is an impact on all schools, but this impact is difficult to distinguish
from additional statistical noise due to missing data. The balanced set of
schools - with complete data - do not suffer from as much statistical noise,
therefore, when I restrict the analysis to this balanced set, the impact is
easier to distinguish. A second alternative explanation is that the strike
mainly impacted larger schools which are more likely to be included in the
balanced set. The actual explanation is probably a combination of both: for
the balanced set of schools, it is not just the standard error that is lower - the
magnitude of the estimated impact is also larger. This suggests that there

19In addition to these, I run the same regressions for the sample of aboriginal students.
There are no statistically significant results. For reference, the results are included in the
appendix.
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may have been an additional impact on the schools with a larger number of
students, which are likelier to be included in this set.?’

The drops in participation and success rates associated with Grade 4
female students are visible in both the full data set and the smaller set of
schools. Furthermore, it is robust to various specifications. I interpret this
as the most robust finding of the study. Even if there is no impact of the
strike on average, Grade 4 students were impacted.

The impact of a strike can show up on both participation rates and success
rates. For instance, parents that anticipate a low performance may opt out
of the exam. In the last two columns of Table 9, for the balanced set of
schools, I estimate that the participation rates fell for Grade 4 students. At
the same time, success rates fell for the Grade 7 students - see the last two
columns of Table 10. A potential explanation may be that parents of Grade
4 students are more concerned about the stress of testing for their kids than
the parents of Grade 7 students.

When I run the same analysis on the balanced set of schools, I find that
the later strike, 2014/2015, caused a decrease in participation rates for both
grades in all exams, and a decrease in success rates for Grade 7. In con-
trast, I estimate that the strike in 2005/2006 caused a statistically signif-
icant increase in Numeracy success rates for both grades, and it caused a
statistically significant increase in the participation rates across all exams in
Grade 7. There are some differences in the conditions surrounding the two
strikes. One difference is the potential impact of the BCTF letter. Fven
though the BCTF was always opposed to standard examination, after the
changes in 2008, they started to actively speak against it to parents. Every
year since 2008, the BCTF sent a letter to the parents, clearing indicating
their position as opposing to the FSA. By the 2014/2015 strike, this letter
may have impacted parents’ attitudes, and the parents may not have taken
the FSA as seriously as in 2005/2006. As a consequence, they may have been
less interested in having their children study for the exam, or even have them
participate in the exam. This would then explain why the impact could be
positive in 2005/2006, but negative in 2014/2015: In 2005,/2006, the parents
will have their child study, compensating for the strike, and in 2014/2015
this would no longer be the case.

20A potential explanation can be that schools with a larger number of students are
likelier to be in low-income districts. If this is the case, then this may point to varying
impact of strikes by socioeconomic class. Further analysis is required to understand the
implications of this varying impact.
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While we can estimate that participation decreased for some students,
we do not have a way of knowing which students. If the students that are
likely to not attend the exam are the students that would have had a lower
academic performance, then our results with be biased downwards in abso-
lute value. The largest estimate we have for participation rates is -1.7% for
Grade 4 (See the last two columns on Table 10). Potentially, the estimates
could be censoring an equivalent drop in success rates. In the worst case
scenario, if all of the students that we are missing are coming from the stu-
dents that would have “not met expectations”, should they have taken the
exam, then the Grade 4 results in Table 9 are biased by the same amount,
and would likely have been statistically significant, if we had observed their
performance. To assess the impact of the strike, it is important to observe
both the participation and the success rates, as the impact may show up
as an actual decline in academic performance, or as a decrease in participa-
tion driven by parents’ expectations of low performance. In this sense, the
results from Tables 9 and 10 may complement each other, as the drop in
participation may be coming from parents who anticipate (correctly) that
their children may perform worse. I was not able to find any research sug-
gesting that parents in fact choose to opt out of the exam may be motivated
by concerns about low performance. In fact, a recent survey suggests that
parents who “opt out” are typically politically motivated, and very few are
concerned about scores ( : ). However,
results from the survey are related to the “opt out movement” and may not
be applicable in the current setting. Furthermore, parents may be unwilling
to admit in a survey that they are concerned about their children’s academic
performance. Further research is required to understand if anticipated low
performance is a reason for parents to opt out of standard examinations.

15 Conclusion

I do not find a statistically significant impact of teachers’ strikes on success
rates or on participation rates in British Columbia on average. If there
has been an impact, then this impact is indistinguishable from statistical
noise. However, this does not mean that there are no impacts for particular
sets of students: Most importantly, I estimate a clear negative impact on
Grade 4 female students. Furthermore, the results suggest that different
sets of schools can be impacted differently: the impact is more discernible
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and larger in magnitude in schools with a larger number of students, which
are likelier to be included in the balanced sample. Finally, different strikes
may have impacted students differently: most of the impact is driven by the
2014/2015 strike. Taken together, these paint a nuanced picture of strikes
and academic performance: strikes can have different impacts on different
groups of schools and on different genders, and this impact can change with
the particular conditions surrounding the strike.

One of the main conclusions of the paper is that Grade 4 female students
were impacted by the strikes. This impact is negative for all three subjects
and shows on both participation rates and success rates, and statistically
significant. The impact of participation is robust to the analysis in the smaller
sample of schools (the balanced set) and the success rate drops do not change
sign with this. This suggests that Grade 4 female students are impacted by
the strike discriminately. Further study is required to understand why Grade
4 female students were impacted in particular.

Another conclusion is that the impact of a strike can depend on the cir-
cumstances surrounding a strike. All of the statistically significant negative
results are driven by the 2014/2015 strike. The strike causes slightly more
lost days of schooling compared to the 2005/2006. In addition, the political
climate surrounding the legitimacy of the FSA examinations were different in
two strikes: during the 2005/2006 strike, BCTF had not been voicing opposi-
tion to the standardized examination as strongly as in the 2014/2015. When
the 2014/2015 strike took place, BCTF had been sending a letter clarifying
their opposition to the FSA exams clearly for years, which hadn’t been the
case for the 2005/2006 strike. BCTEF’s opposition to the FSA exam may
have changed attitudes over time towards the exam, and may have triggered
parents to take the exam less seriously than in 2005/2006. Parents may not
have been as motivated to have their kids compensate particularly for the
exam in 2014/2015, as much as in 2005,/2006, resulting in a larger and more
discernible impact.

An alternative explanation for the difference in the impacts of the two
strikes can be related to timing between the strike and the FSA examination.
In the second of the two strikes, the students had less time to catch up until
the FSA exam took place. This is in contrast to the first strike, where the
time from the strike was large enough to allow for extra study. As such,
even if the parents were equally motivated for their children to study for the
exam, sufficient compensation may not have been feasible for the second of
the two strikes.
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In addition to these conclusions, I make an important methodological ob-
servation. In difference-in-differences estimations, when the treatment hap-
pens with little variation across the units of observations, this can violate
the i.i.d assumption in standard error estimations, and lead to over-rejection
problems. There are several ways to deal with standard error estimation
issues, but most researchers default to using “clustered” standard errors.
However, “clustered” standard errors are not always the best tool to solve
over-rejection issues ( , ; , ;

, ). The current study shows one such setting: I show in the placebo
experiments that it is easy to obtain “p < 5%” results as much as 40% of
the time. In this case, I deal with the over-rejection problem by collapsing
the unit of observations (schools) to a higher unit of observation (districts).
Since previous papers in teachers’ strikes literature do not discuss placebo
experiments, it is possible that their results may also be suffering from over-
rejection problems.?! Simply using “clustered” standard errors is not enough,
and other options, such as collapsing the data, should be used in conjunction
with placebo experiments in difference-in-differences studies.

Appendix I: Figures, Student Performance

All figures show averages for all independent and all public schools in a
given district. The confidence intervals show 1.97 standard deviations. The
outcome variable is the success rate, i.e. the percentage of students who met
or exceeded expectations in a specific exam. Dashed lines denote FSA tests
taken shortly after the 2005 and 2014 strikes.

2 For instance, in lieu of using district-fixed effects, (2013) uses first differencing.
However, first-differencing leads to negative serial correlation of errors ( , ),
which in turn causes clustered standard error estimations to be lower ( ,

). It is possible that results from ( ) suffer from this problem.
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Figure 6: Average Success Rate for All Three Skills for Grade 4 Students
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Success rate is calculated as the number of students meeting or exceeding expectations,
divided by the total number of students writing the exam. The two lines represent the BC

Public Schools and the BC Independent Schools. The average is calculated across schools.
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Figure 7: Average Success Rate for All Three Skills for Grade 7 Students
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Success rate is calculated as the number of students meeting or exceeding expectations,
divided by the total number of students writing the exam. The two lines represent the BC

Public Schools and the BC Independent Schools. The average is calculated across schools.
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Appendix II: Participation Rates

All figures show district averages for all independent and for all public schools
in a given district. The confidence intervals show 1.97 standard deviations.
Dashed lines denote FSA tests taken shortly after the 2005 and 2014 strikes.
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Figure 8: Average Participation Rates for All Three Skills for Grade 4 Stu-

dents
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Participation rate is calculated as the number of students who wrote the exams divided

by the number of students expected to write the exam. The average is calculated across

schools.
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Figure 9: Average Participation Rates for All Three Skills for Grade 7 Stu-

dents
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Participation rate is calculated as the number of students who wrote the exams divided

by the number of students expected to write the exam. The two lines represent the BC

Public Schools and the BC Independent Schools. The average is calculated across schools.
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Appendix III: Placebo Estimations

Table 15 is a repetition of the placebo estimations with a balanced data set.
The results are similar to those from Table 8.

Table 15: Results from Placebo Experiments, Balanced Data Set

School-level District-level
No Clustering Clustering by District 2-way Clustering || No Clustering Clustering by District
340 (42%) 372 (46%) 352 (43%) 32 (4%) 87 (11%)

Results from the placebo experiments on a balanced data set. See the Table
8 in the main body of the text for a detailed explanation.

Appendix IV: Aboriginal Students

In addition to the main results, I estimate the impact of the strikes on abo-
riginal students. The estimates for the success rates are in Table 16 and the
estimates for participation rates are in Table 17. Most of the estimates are
not statistically significant, and their sign varies between exams and grades.

Appendix V: Data Set Construction Details

I start with three data sets procured directly from the BC Government. The
first data set covers the years 1999,/2000 to 2006,/2007. While this data set is
no longer available online, it is available from the BC Ministry of Education
upon request. The second and third data sets cover the years 2007/2008
to 2016/2017 and 2017/2018. to 2018/2019, respectively. As of the time
of writing of this dissertation, these data sets are available for download at
data.gov.bc.ca.

To merge the data sets, I use the identifier fields school year, school num-
ber, FSA skill code, grade and subpopulation (i.e. gender, English Second
Language status, Aboriginal status). My two outcome variables of interest
are success rates and participation rates. To obtain success rates, I use the
sum of number meeting and number exceeding divided by the number of
writers. For the participation rates, I divide the field number of writers by
the field number of expected writers. The expressions exceeding, meeting
and below in the two earlier data sets are changed to extending, on track
and extending by the Ministry in the latest data set. I map these back to
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the older expressions, and when joined this way, I do not observe any struc-
tural breaks in the data set. Regardless, specifications 4 and 6 control for
year-fixed effects. As such, if there are issues that result from a mismatch
between years, these specifications will control for these issues.

In the data set, public schools are matched to their prospective districts.
However, the independent schools are not. To match independent schools
to the corresponding district, we use the mapping given by Fraser Institute.
In the final stage of the estimation, we collapse the schools to back to the
district level. This for public schools, this collapse creates a data set that
is similar to the district-level data from the BC Ministry of Education. The
district-level aggregation for independent schools relies on the mapping from
the Fraser Institute.

There are also data irregularities. First, two independent schools are
marked as belonging to a district called "DIAND", an acronym for "Depart-
ment of Indian Affairs and Northern Development". I drop these two schools
from the data set. Second, Len Shepherd Elementary is duplicated, so I drop
the duplicate. Third, there are two dozen schools with a hyphen in their
school number, result of the reorganization of these schools. T keep the first
part of their school number. Finally, the Ministry of Education has reported
that the figures from the year 2007/2008 suffered from data collection issues
and are not reliable, so I drop this year off.
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Part III
The Value of Online Scarcity
Signals

Abstract

Online retailers use scarcity cues to increase sales. Many fear that
these pressure tactics are meant to manipulate behavioral biases by
creating a sense of urgency. At the same time, scarcity cues could also
convey valuable information. We measure the value of the scarcity
messages posted by Expedia to a Bayesian rational consumer. A signal
reveals information on the number of seats available at the posted
price. Consumers can use this information to optimally time when
they purchase a ticket. The maximum increase in expected utility for
a naive consumer, who does not use publicly available information, is
8 percent. For a sophisticated consumer, the increase is between 4-7
percent. Scarcity signals have a negligible impact on seller revenue and
consumption.

16 Introduction

Scarcity cues and pressure tactics are widely used by online retailers to in-
crease sales ( , ). According to marketers and some social sci-
entists, scarcity creates a sense of urgency, it increases desirability and gives
a perceived benefit of acting quickly ( , : , :

, ; , ). Although many
fear that sellers manipulate the psychology of consumers, scarcity messages
can also deliver information that is not available otherwise. A Bayesian
consumer could benefit from this information even if messages are meant
to manipulate behavioral consumers subject to decision biases. This paper
measures the informational value of scarcity messages in the context of air
travel. Airfares can vary dramatically from day to day. Many travelers have

22For example, many Online retailers post limited-quantity messages (remaining stock
left) next to selected listings. Other pressure cues include limited time offers (expiry sales)
and demand interest (number of consumers browsing an item) ( ) ;

) )'
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to choose whether to book a non-refundable ticket without knowing future
fares and whether it would be wise to postpone purchase. Airlines try to in-
fluence travelers by presenting scarcity signals next to airfares. For example,
fares displayed on Expedia sometimes mention that there are few seats left
at the posted price.”” We develop a Bayesian rational framework to evaluate
the value of signals. This approach is supported by evidence, from similar
contexts as ours, that shows that some consumers behave as rational optimiz-
ers ( , : , ). Clearly, the rationality assumption may
not apply to all travelers, but for our purpose, it is a starting point to derive
empirical predictions that can be tested using only information on prices and
signals. Our approach offers a relevant benchmark for the consumers who
respond to messages as expected utility maximizers. Although we cannot
test this assumption (because we do not observe consumer bookings), our
measure delivers an upper bound for the value of signals. For our applica-
tion, we collect an original dataset using a web scraping script that submits
queries to the Online Travel Agent (OTA) Expedia ( : ). As a
descriptive step, we compare the distributions of price changes conditional
on the signal realization; whether or not ‘few seats left’ is posted next to the
fare. The posterior with the scarcity signal first order stochastically dom-
inates the posterior without a scarcity signal. A scarcity signal lowers the
chances that the posted fare will decrease and that it will remains constant,
two pieces of information consumers care about. Showing that Expedia sig-
nals are informative is a contribution in itself and it establishes the basis for
the rest of the paper. In the core of the analysis, we consider a simple one-
off purchase-delay decision. The traveler can buy a ticket now or postpone
her purchase decision by one week and she can do so only once. The only
source of uncertainty is regarding what the price will be next week. This
stylized scenario is consistent with recent related works ( , ). We
also present results where the consumer can delay her purchase twice and
the main insights do not change. If the consumer believes that the price
increases in expectation, which is often the case for airfares, her purchase
decision depends on how much she values traveling relative to the current
price. We obtain a threshold rule: the consumer buys at the current price if
and only if her current utility, denoted v — py where v is her valuation and

23The Expedia link explains “According to the data that we receive from the airline,
there are very few tickets currently available at this price. While limited availability can
be an indicator that he price for this flight may increase, this is not always the case.”
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po the current price, is above a fixed positive threshold. A week later, the
consumer who waited ebuys if and only if she receives a non-negative utility,
that is, v > p1, where p; is the updated fare.

Figure 10: Traveler’s Utility as a Function of Her Valuation
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Traveler’s utility as a function of her valuation: (a) without waiting option (blue dots),
(b) with the option of delaying purchase (red dashes), (c) with the option of delaying

purchase conditional on the signal’s realization (orange line). Price pg = $300 and price
p1 is computed using the estimated distribution of weekly price change.

Figure 10 plots the traveler’s utility (vertical axis) under three scenarios
as a function of her valuation (horizontal axis). In the paper we typically
normalize all values by the average price, but for the sake of exposition we
assume here that py = $300, which corresponds to the average price in our
sample. The figure features valuations in the range [$300, $327] because con-
sumers outside that range do not respond to the signal. The blue dotted line
plots the consumer surplus if she cannot delay. The consumer does not care
about the signal realization. Her utility is zero for valuations below $300 (out-
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side the range of the plot) and follows a 45 degree line for valuations above
$300. The dashed red curve plots the expected surplus if the consumer is
uninformed and has the option to delay purchase. An uninformed consumer
does not update her decision based on the signal’s realization. The consumer
with valuation 4.48% greater than py, that is v = $313, is indifferent between
buying at the current price and delaying. This consumer is located at the
kink of the dashed red curve. The orange solid line plots the same surplus
for the informed consumer. The two kinks in the orange curve correspond to
the indifferent consumers conditional on the signal realization. Consumers
with valuations far from the indifferent uninformed consumer do not benefit
from the signal (the dashed red and orange lines coincide) and the increase
in surplus from the signal is maximum for the indifferent consumer. Figure
10 also reveals that for most travelers the gains from waiting (the difference
between the red and blue curves) is significantly higher than the gains from
the signal (the difference between the blue and orange curve). An important
contribution of this paper is to show that the increase in consumer surplus
from the signal can be obtained by estimating non-parametrically the price
distributions conditional on the signal realization. This method to compute
consumer surpluses generalizes to travelers who conditions their decisions on
publicly available information in addition to the signal. The signal increases
the expected utility of an unsophisticated traveler, who does not condition
her decision on any publicly observable information, by at most 8 percent.
This corresponds to the percentage utility gain for traveler v = $313 in
Figure 10. We also compute the value of information for a sophisticated
consumer, who uses public information in addition to the signal to predict
future fares ( ) ). For a traveler who conditions her
decision on the number of days remaining till departure, the increase in ex-
pected utility is between 4 and 7 percent. Finally, we compute the impact
of scarcity signals on seller revenue and on the number of tickets sold. To
do so, we assume that there is a uniform distribution of consumer valua-
tion in the neighborhood of the indifferent consumer. Scarcity signals have
a small negative impact on seller revenue for some subsamples of the data
and little impact on the number of tickets sold. This surprising result calls
for more work to understand the supply side of signals. A natural exten-
sion would be to add non-Bayesian travelers who respond to the signal in
ways that systematically benefit the supplier. This work is related to several
strands of literature. The model touches upon the literatures on price dis-
crimination with information revelation ( , ) and
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Bayesian persuasion ( ) ).t The literature on
scarcity signals is mixed. Scarcity theory in psychology and marketing ar-
gues that signals are largely used to exploit consumer biases ( , ;

: , ). At the same time, ( )
offer convincing evidence that consumers respond, as assumed in this work,
rationally and strategically to real-time Online information.”” Finally, the
empirical application is related to the airline literature which is reviewed in
the next section. The rest of this paper is organized as follows. Section 3
presents a model of consumer decision making under price uncertainty, de-
rives a measure of the value of information and computes the impact of the
signal on seller revenues and consumption. The following section presents
the data and descriptive statistics. Section 20 presents our main results and
the last section concludes.

17 Online Travel Booking and Scarcity Signals

The broader context for this study is travel booking and air travel demand.
There is a large literature on revenue management but the models used in
empirical studies make simplistic assumptions about demand (

, : , : , ). Consumers are
largely myopic: they arrive randomly and do not anticipate future fares.”®
Such simplicity, which is necessary to manage the complexity inherent with
the inter-temporal trade-offs associated with the allocation of a fixed and
perishable capacity, leaves the demand side largely unexplored. Demand
studies of consumer bookings are rare due to the absence of publicly available
data. A notable exception that had access to a proprietary booking dataset is

( ). They report that up to 19 percent of consumers strategically
delay booking based on expectations about future prices.

24Gtrategic information revelation has been studied empirically in the context of
Buy/Sell recommendations by financial analysts ( , ).

25Using Amazon data from a natural experiment with lightning deals, they conclude
that “customers not only learn from real-time availability information, but also rationally
use observable product attributes to moderate their inferences about the deal’s quality.
This finding supports the fundamental assumption of consumers’ strategical and rational
reaction to inventory information in the literature.”

26Theoretical models account for some consumer strategizing ( , ;

) )'
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In practice, most travelers make many decisions to book a plane ticket.
They decide when to start a search, whether to search directly at the airline’s
branded site or at an OTA, what queries to make, what flights to look at
and whether to visit a meta-search engine (e.g. Kayak) that relies on big
data analytics to show a variety of price comparisons. It is widely accepted
that finding a cheap fare for a given itinerary has a lot to do with timing.
Delaying purchasing a ticket can be profitable, especially 3 weeks prior to
departure and earlier because fare drops are not uncommon (

, ). Fare drops could be caused by slow sales ( , )
temporary promotions, competitive pressure ( , ), or
other reasons... Anecdotal evidence suggests that some consumers actively
search for low fares. They compare prices across sellers, sign up for fare alerts,
and experiment with diverse searches on multiple days.?” Hopper.com reports
that most customers purchase a ticket within two weeks of their initial search.
Beyond these casual observations, we are not aware of systematic empirical
research on how consumers search for airfares.

This paper makes a step toward understanding the benefits from delay-
ing purchase and the role played by scarcity signals in that decision. We
take a normative approach in that we leverage the power of the rational-
ity assumption to compute the value of delaying purchase and the value of
scarcity signals. With the exception of ( ), we are not aware of
any work that has looked at the option value of delay in the context of air-
fares.”® This is surprising given the importance of non-refundable bookings
in revenue management. Our normative benchmark should be complemented
with analysis of booking data to assess the cost borne by the consumers who
deviate from the rationality assumption.

To keep matters simple, we model here only the gains associated with
purchasing a ticket at a lower fare. Some consumers also delay because they
are uncertain about their traveling plans. As time goes by, they become
more confident about their traveling needs. For these consumers, there is an
additional option value of waiting. We leave this issue aside and assume that
consumers have a given valuation, keeping in mind that valuation uncertainty
can easily be added to the analysis. We consider simple scenarios where the
consumer can delay by one week once or twice because this is realistic in our

2T Fare alerts are email notices sent to subscribers when ticket prices plunges or when it
is a good time to purchase a ticket.

28 There is much theoretical research on the real option of delaying purchase with fluc-
tuating prices ( ).
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context. The analysis could be extended to include multiple delays.

18 A Model of Consumer Response to Scarcity
Signals

A vendor sells tickets to travelers. For the moment, we focus on the decision
of a single traveler with willingness to pay v > 0. In section 18.3 we consider
a population of travelers with heterogeneous valuations in order to compute
the aggregate effect of the signal. The timeline is summarized in Figure 11:
the traveler can buy at the current price py or wait for next period’s price,
p1 = (1 + r)pg, where the growth rate, r € [—1,00), is a random variable
distributed with integrable CDF F"().”” F™() denotes the consumer’s prior
without a signal. When the vendor sends a scarcity signal, the consumer uses
the signal realization, which can be (b)ad or (g)ood, to update her prior.
In the Expedia application, a bad signal will be interpreted as having the
mention ‘few seats left” posted next to the price and a bad signal as having
no mention. The bad realization occurs with probability 7,. The posteriors
are integrable functions denoted F°(r) and F9(r).
Bayes rule imposes

F(r) = (1 — ) F9(r) + mF°(r). (7)

For example, the good signal could imply a better distribution of growth rate
(lower fares) in the sense of first order stochastic dominance, F9(r) > F®(r).
Note, however, that this assumption is not required in the analysis. Let
Ers, for s € {n,g,b} denote the mean growth rates under the prior and
posteriors. The consumer is risk neutral, Bayesian optimizer and does not
discount. The model addresses the following issues: (a) For which value of v
does the consumer buy early? (b) How does the signal realization influence
this decision? (¢) What is the utility increase associated with the signal? (d)
What is the change in supplier revenues and units sold?

We take the price and signal policies as given. Modeling these supply side
policies is beyond the scope of this paper. What is important for this work is
for these policies to be stable. Thus, a rational consumer correctly updates
her prior F™ to posterior F'9 or F* depending on the signal realization. We

29The flight is not available the following period with probability 1 — lim,_,, F**(z).
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illustrate some of the results with two examples that deliver benchmark close
form solutions:

FExample 1: The signal delivers information on the probability that the
price remains constant. The distribution of price growth rate has a mass
probability at zero and this mass is smaller under the bad realization
than under the good one. The distributions of growth rates are such
that F7'(r) = FP(r) for r < 0 and FY(r) = F7'(r) — (1 — 1)z for r > 0.

FEzample 2: The signal shifts the cumulative distribution function by a
constant. The conditional posterior are horizontal shifts of the prior:
F%(r) = F3*(r—x). The mean growth rate under the bad signal is equal
to the mean in growth rate under the prior plus x.*

18.1 Informational Value of Scarcity Signals

The consumer’s utility from buying in current period is Uy(v) = Maz(v —
Do, 0). Next period, the consumer purchases when v > p;, that is, for price
returns 7 < = — 1. Define the functions r(v) = - — 1 and v(r) £ po(1 +
r) to facilitate going back and forth from valuation to equivalent return.
The expected utility from waiting given belief F* is E(Maz(v — p1,0)|s) =
Do ff(lv) F?(r)dr.®" Tf the mean growth rate is non-positive, Er® < 0, we have
E(Maz(v—p1,0)|s) > v—E(pi|s) > v—pp for any v, and the consumer weakly
prefers to wait. Otherwise, there exists a solution v° to the indifference
condition

E(Max(v® — p1,0)|s) = v® — py.

This is the valuation of the consumer indifferent between buying and wait-
ing. We also call that consumer the indifferent consumer. The indifference
condition is rewritten ff(lvé) F3(r)dr = r(v®). We define p* = oo if Er® <0.
Otherwise, p°® is the solution to

S

p
o= [ P ®)
—1
30Using equation (7), we obtain F{(r) = F'(r) + mx for r > 0 and Fy(r) =
F(r)—m F3' (r—x)
177‘5 :

31'We have E(Maz(v — p1,0)|s) = vF*(r(v)) — po fr(v)(l +7)dF*(r) = po ff(lv) Fs(r)dr.

-1
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The traveler observes p, and believes that
next period’s price will be p,=(1+r)p, with

r distributed with prior F"()
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Figure 11: Decision Timeline

and the traveler
observes p,

Decision timeline when the traveler does not receive a signal. With a signal, the
consumer starts with a posterior which is conditional on the signal’s realization: F°()
with probability 7, and F9() with probability 1 — 7;,. The price p; is drawn according the
posterior and the decision timeline remains otherwise the same.

Lemma 1. There exist a unique a triplet (p°, p", p?) such that Min(p?, p*) <
p" < Max(p?,p%). When consumer v has belief F*(), she waits if v €
[0,v(p®)) and buys early if v € (v(p®),00). Her expected utility is:

U (0) = {po fj(lv) Fs(r)dr, ifve[0,v(p®)]
! v — Po, if v € [v(p®), 0]

(9)

Lemma 1 says that (p° p?) lie on each side of p". A sufficient condition
for p* < p? is first order stochastic dominance (FOSD): F9(r) > F*(r) for all
r. In the rest of the analysis, we label the two states such that p* < p?, which
is a matter of convention. Under this usage, we obtain the intuitive outcome
that the bad signal triggers some consumers to change their decision from
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‘wait’ to ‘buy’ and the good signal triggers some consumers to change their
decision the other way around:

Proposition 1. (a) Consumer v € [v(p),v(p")] waits without signals. With
scarcity signals, she switches to buy when the signal is bad. (b) Consumer
v € [v(p"),v(p9)] buys early without a signal. With scarcity signals, she
switches to wait when the signal is good. (c) Consumer v & [v(p®),v(p?)]
does the same with and without a signal.

The introduction of scarcity signals changes both the decision to wait
(timing of purchase) and the decision to purchase (a consumer who waits
may not buy in period one). Consumer v’s expected utility when she receives
a signal is

Ui(v) = U7 (v) + (1 — 7)U7 (v).

Consumer v’s gain from the signal is AU(v) = Uj(v) — Uf(v). We show in
the Appendix that

AU(v) = Th (v —Po — Po fj(lv) Fb(r)dr) , if v € [v(p®), v(p")]
(1—m) (po ff(lv) Fo(r)dr — (v — p0)> , ifvev(p?),v(p?)]
(10)

with AU (v) = 0 for v ¢ (v(p®),v(p?)). We say that a signal has no value if
it does not improve the consumer’s decision independently of her valuation
.

Corollary 1. A signal has no value if and only if p9 = p" = p°.

The signal has no value when the indifferent consumer is the same inde-
pendently of the signal realization. A random signal, for example, has no
value: We have F9() = F®() and the Corollary applies. Another special case
where the signal has no value to any consumer happens when p? = p* = oo
which is equivalent to Er? < 0 (this implies the condition in the Corollary).
The consumer always waits. The signal is worthless but could still be statis-
tically informative (for example, if Er® # Er9). Interestingly, a signal that
helps predict availability (lims, F9(r) > lim., F°(r)) is not valuable if the
condition in Corollary 1 holds. On the contrary, and somewhat counter to

intuition, the signal can be valuable even when prices decrease on average
(Er™ < 0).

70



Corollary 2. The consumer with value v(p™) receives the highest utility gain
from the signal.

Using identity (10), we obtain AU(v(p™)) = pom(1 — ) H(p™) where
H(r) £ [T (F9(y) — F*(y)) dy. We define the value of the signal, I =
AU(v(p™))
ur(v(p™))
above, only a consumer with a valuation v € (v(p?),v(p?)) benefits (in ex-

pectation) from the signal. Expression I is the value of information to the
indifferent consumer. It is an upper bound on the value of information across
all consumers. After replacement, we have

as the relative utility change to consumer v(p™). As explained

Tb(l — Tb)
pn

I= H(p"). (11)
As expected, we have I = 0 when the condition in Corollary 1 holds (p® = p?
implies H(p") = 0). The value of information has the following properties: It
is independent of py. It increases, ceteris paribus, as there is more uncertainty
about the signal realization (7,(1 — 7,) large), as the consumer has lower
threshold (p™ small) and as the signal shifts the posterior further apart (H()
large).

Take example 1. Since Hy(r) = rz for r > 0, the value of information
simplifies to I; = (1 — 7,)7x. The value of information is independent of
the prior FJ*() and of threshold p". It increases as the signal shifts the
probability of no price change by a larger amount (x large). For example 2
we have Hy(r) = - [ F"(y)dy ~ “=F3'(r), where the approximation

1—7p 11—
holds for x small, and [ = Tbx%. The value of information increases as

the signal shifts the distributions of growth rate further appart (z large). It
is proportional to 7,x: the consumer v(p™) cares only about the product of
the probability that the bad realization be drawn and the impact of the bad
realization on the posterior distribution.®?

32Note that this holds only for consumer v(p"). Holding constant 7z, the consumers
with valuation below v(p™) prefers a signal with low 7,. The opposite holds for con-
sumer v € [v(p"),v(p9)]. Take the case of consumer v € [v(p®),v(p")]. Rewrite

AUw) = (v —Po — Po f(lv) F”(r)dr) + ToPo fj(lv) (F9(r) — F™(r)) dr. The second term
is approximated by 7ppozF'(r(v)) which is proportional to the product 7,a. The first term,
however, decreases with 7, since v — pg — po ff(lv) F(r)dr < 0 for v € [v(p?),v(p")].
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18.2 Supplier Revenues and Consumption

The model has only two periods and a single consumer. Within this restricted
framework, one can look at changes in expected (static) consumer revenue
and consumption. A bigger picture would include profits and welfare. But
investigating the impact of scarcity signals on these outcomes requires mod-
eling dynamic trade-offs that are beyond the scope of this work.”* Denote by
AR(v) the difference in revenue, received from the consumer with valuation
v, with and without a signal. AR(v) = 0 for v ¢ [v(p®), v(p?)] and

T S T b(r if v e (v(p®), v(p®

NI LG LlﬂiﬁFH) € ()0
o1 =7) (1= "+ 1P (), if o€ (v(o"), v(0?).
(12)

Take the top line in the above equation. Traveler v € [v(p?),v(p")] waits
without the signal. The supplier earns p, fj(lv)(l + 7r)dF™(r). With a signal
the traveler buys early when the realization is bad and waits otherwise. The

supplier earns pq in the former case and py fj(lv) (1+7r)dF9(r) in the latter one.

The expected supplier revenues with a signal are m,po + (1 — 7)po ff(lv)(l +

r)dF9(r). Taking the difference between the two revenues gives the top
expression in equation (12). The revenues for v € [v(p"), v(p?)] are computed
similarly. Lemma 2 in the Appendix shows that the function AR(v) is equal
to zero up to v(p), at which point it jumps to a positive value, decreases up
to v(p™) where it drops to a negative value, then increases up to v(p?) where
it is still negative and where it finally jumps back to zero. The supplier loses
from travelers with valuation v € [v(p™), v(pY)]. She gains from travelers with
valuation v € [v(p?), v(p")] under a condition that holds in our application.

The signal also changes the expected probability of purchase. This is
important to the seller because inventory is central to revenue management.
Denote by AC(v) the difference in consumption by consumer with valuation
v, with and without a signal.

(1 — F*(r(v)), if v € [v(p"), v(p")]

L1 -1 - P, e (v, )

AC(v) = {

33In the absence of congestion and with no variable cost, change in welfare is equal to
change in consumer surplus. Under dynamic revenue management, however, the supplier
sells capacity to consumers who arrive continuously till the departure date, and there is
an opportunity cost of capacity.
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The signal changes the composition of consumers who end up traveling: A
consumer with valuation v € [v(p®), v(p")] is more likely to consume and the
opposite holds for a consumer with valuation above v € [v(p™), v(p?)].*

18.3 Consumer Aggregation

Next, we look at the impact of the signal on overall revenue. We assume
that v has CDF G(v). Aggregating across consumers, the expected change
in supplier revenues is AR = f‘:'((pp,,g)) AR(v)dG(v) and consumption (quantity
sold) AC = f‘:'((p’f)) C(v)dG(v). The sign and magnitude of AR and AC de-
pend on the four primitives (7, F™(), F*(), G()). Tt is not possible to evaluate
these expressions in the absence of information about G(). One can make
progress, however, by looking at ‘small changes’ in signals.

Take the family of binary signals that are generated through a linear
combination of the prior F™ and a perturbation S, as in, F'(r,z) = F"(r) +
xS(r). The prior’s cumulative distribution is F"(r) = F(r,0). The bad
signal occurs with probability 7, and the associated posterior cumulative
distribution is F°(r|z) = F(r, —z(1 — 7)). Equation (7) says that the good
signal’s posterior is FY9(r|x) = F(r,z7,), where the posteriors are integrable
CDFs.

A signal with x = 0 does not convey any information. As the value of
x increases so does the weight put on S. We denote AR(z) = R(x) — R(0)

the changes in expected revenues associated to signal . AC(z) is similarly
defined.

Proposition 2. For_sznall x, th_e/ stgnal has no first order impactﬁ/l/ revenue
and consumption (AR (0) = AC (0) = 0). Revenue increases (AR (0) > 0)
if and only if 1f(’0n) SR ACIO YIRS 1+2pn' Consumption increases (AC' (0) > 0)
if and only if 1f§f&)ﬂ) — LS 0.

=F(p")  g(v™)
g(v™)

Proposition 2 is related to the Bayesian persuasion literature.
( ) consider a sender who can inform a single receiver.
They characterize the optimal multi-dimensional signal that satisfies Bayes

34 This would be important in a three (or more) periods extension because the signal
influences the set of consumers who buy at pg or p; and those who remain in the pool of
potential buyers in the third period. Everything else equal, the seller is better off with a
pool of high valuation travelers.
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plausibility (equation 7). Our application has multiple receivers. Each re-
ceiver’s private type is her valuation v. The optimal signal depends on the
type distribution G(v) which is unknown. To get around this problem, we
consider small changes in posteriors that influence only the receivers in a
small neighborhood of the indifferent consumer (type v™).*> Proposition 2 de-
livers testable conditions that rest on minimum structure. When ¢'(v™) = 0,
the signal increases consumption. It also increases revenue if and only if
T f Efg; )n) > g fpn. In general, the signal is more likely to increase revenue and
consumption when there are more consumers to the left of the indifferent con-
sumer than to the right (¢’ < 0).° This is because the seller always looses
from the consumers on the right of the indifferent consumer and benefits (at
least for some) of the consumers on the left.

Note that the characteristics of the signal (7, 5()) do not influence whether
the signal is profitable or not. It influences the scale of the impact.”” A signal
is more profitable if 7, = .5 and if S() puts more weight on low growth rate
realizations.

19 Data and Descriptive Statistics

The Expedia signals are framed in term of the number of available seats at
the posted price.”® The model takes the signal, and posterior distributions,
as given. This is reasonable since the focus here is on the consumer decision
problem.

35We also restrict to binary signals. This is not restrictive when signals are coarse which
holds in our application.
36The seller’s revenue in the absence of signal, R(v) = po(1 — G(po)), is concave when

Z((,::)) po < 2, which does not exclude the possibility that ¢’(v™) < 0.

57The Appendix, shows that AR (0) and AC’ (0) are proportional to 7(1 —

n 2
) (ffl S(r)dr) .
38This is due to the way airlines revenue management systems work: A fixed number
of seats is made available at a given fare and the system updates the fare when few seats
remain ( , ). That being said, airlines and/or Expedia do not have to reveal the
information about the number of seat left at the current price. They could strategically
manipulate the information sent to consumers.
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Figure 12: Flight Price and Signal Realization

LAS-MDW Delta 130ct2015 00:44:35 LAS-MDW Delta 130ct2015 06:59:35

800 — - —

600 ] N
400 — J[\_
200 WA\A_AILJL ’_/—"\_'f\_/_j\m |

LAS-MDW Delta 130ct2015 23:04:35 LAS-MDW Multiple Airlines 130ct2015 06:49:35

8001+ —  — —
6001+ _/ —  — —
o B 1 /_\_/—/_/—\_/\/ B

200 —  — —

Flight price and signal realization: An illustration. The four panels report four of the
flights available for a given Expedia querie (LAS-MDW departure on October 13, 2015).
Each panel reports non-availability (blank), the value of the signal (good signal is shaded
green and bad red) and price (black line) as a function of DiA (horizontal axis). For each
flight, DiA runs from about 80 days prior to departure (-80 on the left) till departure (0

on the right). The vertical axis reports the price in dollar.

19.1 Data Collection

We use a web-scraping script to collect data on airfares and signals. Many
sellers send on a daily basis scarcity signals for a large number of travel
itineraries. We select a small subset of sellers, routes, and travel dates.
As with past research the sampling is constrained by the time horizon and
restrictions on query processing ( , ). We end up running daily
queries for travels plans that take place at most 100 days in the future. Our
dataset is similar to past studies using Internet airfares ( ,

: , : , ) with the shared caveat
that what will be learned is sample-specific. Following Escobari (2010) and
Bilotkach et al. (2010), we use Expedia which is one of the largest OTA
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worldwide. We conduct a number of specific searches, or travel queries,
for one-way trips. A query comprises a route and departure date. The
methodology used to collect the data is described in the appendix (Section
24). It may be that Expedia employs cookies to track visitors, and returns a
personalized price for someone who returns to the site. Although our scraper
accepts cookies from Expedia, it also delete the cookies after each query.
Therefore, Expedia cannot identify the scraper through cookies. The price
we collect is the price that Expedia would return a fresh query. The issue of
supply side personalized signals is further discussed in the Appendix (Section
24). The travel queries span 10 routes (city pairs) and 22 departure dates.
We selected routes with a single non-stop carrier and significant gains from
purchase timing according to hopper.com. The selected routes rank low on
the FAA measures of competition. For these routes, we expect sellers to
have more information about future fare changes because price randomness
associated with competitive dynamics is less important. Many of our routes
are the same as the sample of monopoly routes used by

( ). A travel query may return a large number of flight options. We
collect the prices and signals for each option displayed. The signal is a
dummy variable that is equal to one if a scarcity message is posted. We
conduct travel queries each day between the 19th of July and the 26th of
October, 2015.%° We started with a given set of departure date and added
new ones as existing ones expire. Denote day-in-advance (DiA) the number
of days between the booking day and the departure day. Due to the sampling
methodology, DiA is about evenly distributed between 1 to 100 days. Figure
12 presents the basic nature of the data. The figure plots the price and signal
realization as a function of DiA for a selected set of flights corresponding to a
given query (the panels correspond to different flights). Although the signal
rarely varies from day to day for a given query, we see much variation in the
signal value across flight options for the same query.

19.2 Descriptive Statistics

Table 18 presents summary statistics on the main variables. The price in-
creases on average by 6 percent over the next 7 days. As expected, the
average price growth increases with the length of the window used to com-

39Fare sales typically last for a few days. Daily price collection minimizes the probability
of ‘missing’ fare sales that are only available to travelers who check fares on a daily basis.
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pute changes (1 versus 7 or 14 days). There is a small chance of scarcity
signal (7, = .33). Looking at the 7 day window, the signal shifts the posteri-
ors to 12 percent under the bad realization and to 4 percent under the good
one. The top panel on Figure 13 plots the distribution of price change condi-
tional on the signal. The signal shifts the posterior distribution by significant
amounts: The good signal CDF first-order stochastically dominates the bad
signal CDF. Moreover, the probability that the price stays the same (jump at
r7 = 0) is higher with the good signal. There is also a jump at r; = oo (recall
that we coded an unavailable flight option as an infinite price increase). The
probability of non-availability is higher with the bad signal. All the evidence
point to the same conclusion that the signal is informative. That being said,
the two conditional distributions have the same support. A good signal does
not mean that the price will not increase and a bad signal does not mean
that a large price decrease is not possible. The distributions presented on the
top panel on Figures 13 are averages over all DiA. One would like to make
sure that the patterns observed on this figure remain for subsamples of DiA
where airfares are stable. The concern is that low DiA could be associated
with more frequent bad signals and higher price growth. The bottom panel
(Figure 13) reproduces the top panel but only for DiA greater than 56 days
(more than 8 weeks prior to departure). The main patterns found on the
top panel remain although slightly attenuated. We conclude that the signal
contains information that is not solely about the changes that take place in
the last few weeks before departure. Table 19 reports key quantiles of the
distributions of price returns broken down by week. Recall that the signal
has no value when Er® < 0. This is never the case. The two distributions
are ordered by FOSD with some exception (in weeks 2-7, the first decile is
weakly smaller in the bad state). Thus, Figure 13 conceals heterogeneity
that could be important when we compute the value of information. This is
relevant because a violation of FOSD can imply negative value of information
(which means that the consumer should do the opposite from what the signal
advices). Figure 13 reveals that the main difference between two CDFs is the
size of the jump at » = 0: Under the good signal there is a greater probability
of no price change. Thus, Example 1 may not be a bad approximation of
what the signal does to the two posteriors. Using the formula for I specific
to Example 1, I = (1 — 7)1z, we plug the values 7, = .33 from Table 18 and
approximation r = .2 from Figure 13, to obtain the value I = .042. This
rough approximation says that the signal increases the consumer utility by
4.2 percent.
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Table 18: Signals, Prices and Availability

Variable Obs Mean Std. Dev. P25 P50 P75
Signal (1: BAD, 0: GOOD) 539506 .33 A7 0 0 1
Days in Advance 539506 47.66 26.91 24 47 71
Price 539506 299.91 160.07 165.1 274.6 409.1
Price | BAD 180071 293.58 148.93 179.2 266.6 366.2
Price | GOOD 359435 303.08 165.28 162.1 281.6 409.1
Tig1 455910 .02 .19 0 0 0
rir1] BAD 141828 .04 .22 0 0 .03
rir1] GOOD 314082 0 .16 0 0 0
Tig7 345129 .06 .32 -.01 0 .08
rir7| BAD 98109 12 .36 -.01 .01 2
ri7] GOOD 247020 .04 .29 -.01 0 .02
Tt114 266187 A1 42 -.04 0 .16
rep14] BAD 71179 .18 48 ~04 .06 .27
ri+14] GOOD 195008 .08 .39 -.04 0 1

20 Results

Given the close connection between the model and data, the empirical anal-
ysis uses simple statistics: The empirical prior and the two posteriors (F™(),
F*(), F9()) are computed to estimate non-parametrically the values of p?, p,
p? and I. We estimate these values using the empirical distributions and re-
port equal-tail confidence intervals that are computed using case re-sampling
bootstrapping.’’ In the computations presented in the Tables, we normalize
all expressions assuming py = 1 which implies v(r) = 1 4+ r. The value of
v is expressed in units of py. Since the average ticket price in the sample is
close to $300, we assume pg = $300 in Figures 10, 15, 16 and 17 and when we
report results in monetary terms. As ( ), we initially assume that
a traveler postpones her decision only once and by one week. For robustness
sake, we subsequently consider sequential delays. We compute the gains from
conditioning this decision on the Expedia signal. We initially treat all flight
options returned for a query as unique products. Then, we assume that the
traveler cares only about the cheapest option.

40We re-compute all statistics reported for each bootstrap sample. The bootstrap sam-
ples depend on the original data subsample used to compute the statistic. The data sub-
samples are: entire sample, decomposition by DiA, DiA28-56XCarrier, DiA28-56 XRoute.
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20.1 Baseline Value of Information

We compute (p", p°, p?, I) for an unsophisticated consumer who does not con-
dition her decision to buy/wait on public information. In order to eyeball p°,
Figure 141 plots the function fi(r) = f_rl F*(z)dx and the forty-five degree
line. According to equation (8), p* is found where these two intercept. Re-
peating this for the two posteriors (conditional on the signal realization), the
top line of Table 20 reports the values of (p", p°, p?) for the entire sample.
The consumers who value traveling between 2.9 and 4.5 percent more than
the price of the ticket would wait without a signal but prefer to buy early
when the signal is bad. Instead, consumers in the range 4.5 to 5.7 percent
would buy early without a signal and change their decision to wait when the
signal is good. Stated in dollar amounts, the consumers with a valuation
in the interval [$308.7,$317.1] respond to the signal and the remaining con-
sumers do not. The consumers with a valuation below $308.7 always wait
and those with a valuation above $317.1 always buy. We use equation (11) to
compute [ = wf](p"), which is reported in column 6 of Table 20. The
signal increases the utility of the consumer with valuation v(p™) by about
8.3 percent. This is not a negligible amount. It is higher than the approx-
imation presented in the previous Section. That approximation took into
account only the change in probability that the price remain constant. The
higher figure presented in Table 20 says that the signal does not only help
the traveler to predict events when prices remain constant (r = 0) but also
when prices are more likely to decrease (on Figure 13, the good posterior lays
above the bad one for r < 0). Figure 15 plots the percentage utility change
for the consumers who respond to the signal. The consumer who benefits
the most correspond to the indifferent consumer used to compute the value
of I. The value of information is positive, peaks at p", and has a tent shape.
The average gain amongst the consumers who respond to the signal, %,
is reported in Table 20 as 0.00186 corresponding to a dollar value of $.56.
The average percentage utility increase amongst the consumers who respond
to the signal is % = 4%. The percentage utility increase is large relative
to the absolute utility increase because the consumers who respond to the
signal receive a small surplus in the absence of the signal. One may argue
that the positive value of information we found could have just happened by
chance. To make sure that this is not the case we go back to Corollary 1
to construct a placebo test. The Corollary says that a random signal should
have no value. We draw a thousand replications of a random signal (a vector
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of binary draws with the same 7, as in the Expedia sample). Corollary 1
predicts that p? = p" = p°. This is indeed the case. The averages are exactly
equal (.0448) with very small 95 percent confidence intervals (range at most
.001). To make sure, we also compute the value of information. It is very
small on average (I = .0001%) and the 95 percent confidence interval over
the thousand draws is also small, [—.002,.002]. The values of information
computed from the Expedia sample (reported in Table 20) fall outside this
interval.

20.2 Extensions

Consumer sophistication. The signal is correlated with public information
that is also correlated with price changes. For example, Expedia scarcity
signal are more common close to the departure date (low DiA) which is
when prices are also more likely to increase. A sophisticated consumer, who
conditions her decision on DiA, may not benefit from the signal if DiA is
a sufficient statistic for the signal. Similarly, a sophisticated consumer may
condition her posterior on route, airline, or other publicly observable vari-
ables. In order to investigate whether a sophisticated consumer still benefits
from the information in the signal, we report the value of I after controlling
for a set of conditioning variables. Table 20 reports the value of I for three
subsets of DiA: less than 28 days, 28 to 56 days, and more than 56 days.
The value are respectively 3.7, 7.4 and 6.7. The value of the signal is of the
same magnitude and still significant. The traveler benefits most from signals
sent 5 to 8 weeks in advance. The value of information is lowest within four
weeks of departure. This is because it is more difficult to predict prices close
to the departure date (the three distributions F'*() are closer to one another).
The information value of the signal also remains positive and significant af-
ter conditioning on airline or routes. The value of [ varies across airlines in
the range 6.3 — 11.6. The variation across routes is in the range 4.4 — 8.5.
These differences could be because airfare are more difficult to predict in
some routes, because of differences in airline policies, or because competitive
conditions vary across routes.

Synthetic signal. To put the reported values of I into perspective, we
conduct the following thought experiment. Take a world without signal and
consider two travelers: one use DiA to condition her purchasing decision
and the other doesn’t. We compute how much the sophisticated traveler,
who understands that the distribution of price returns depends on DiA,
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Cumulative Probability

Cumulative Probability

Figure 13: Distribution of the Price Change
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Distribution of Expedia percentage price change over 7 day period as a function of
Expedia signal realization, F™ and F? (top figure is all DiA; bottom one is DIA > 56).
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gains relative to an unsophisticated one, who does not base her decision on
DiA. This is like creating a synthetic DiA signal. Take the case where
the synthetic signal conditions the distribution of returns on DiA < 28 and
DiA > 28. The motivation is that a consumer who delays purchasing a
ticket a month in advance knows that prices are more likely to increase than
if she does so more than a month in advance. The utility gain from becoming
sophisticated (learn about the distribution of returns conditional on DiA) is
I= w}[ (p") where p™ is the indifferent unsophisticated traveler (.448),
7y is the fraction of observations in the sample with DiA < 28 (29 percent),
F™() is the distribution of price return in the entire sample, and H() is
computed using for F9() the distribution of price return for DiA > 28. In
this counter-factual thought experiment, we obtain I = 10.4% which is a little
more than the baseline value of the Expedia signal (8.3%). It is important
to note, however, that the Expedia signal contains information that is not
contained in the synthetic signal. This is because a consumer who conditions
her decision on DiA still benefits from the signal (recall the values 3.7—6.7%
reported above). Thus, a sophisticated traveler still benefits from using the
signal.

Signal definition. An Expedia signal reveals that there is a limited num-
ber, typically between 1 and 5, of seats left at the posted price (see Table
27 in the Appendix). Since the model is based on binary signals, we have
defined the two states as no signal versus any number of seats left. For the
sake of robustness, we discuss how the results change when we define the
binary states differently: a ‘bad’ signal occurs only when there is exactly one
seat left. For this new definition of the signal, we find that the value of in-
formation in the entire sample drops to 3.5% and varies between 2.4 — 3.3%
across the three DiA windows. The value of information is smaller when
scarcity is defined more narrowly. Although consumers gain from knowing
that there is only one seat left, they gain even more when they know that
there is between one and five seats left.

Flight substitution. A query returns on average 178 different fare options
in our sample. Consumers may not care equally about the options returned
for a given query. Using all flight options is reasonable if differentiation (in
term of departure time or airline loyalty, for example) is important. The
assumption is that each consumer is interested in a specific flight option. An
alternative way to proceed, which we present now as a robustness check, is to
assume that all flight options are perfect substitute. Under this scenario, all
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travelers care only about the cheapest option. Accordingly, we compute the
value of information using the much smaller sample composed of the lowest
airfare per query. The value of information is 5.9% in this new sample and
varies between 3.9 — 7% across the three DiA windows. We conclude that
the value of information presented in Table 20 is not driven by outlier fares
that are rarely purchased. Expedia signals are valuable even when we take
the lowest fare per query.

Sequential delays. The analysis assumes that the traveler receives one
signal and can delay purchase once by one week. In practice, the consumer
can delay purchase multiple times, and learn information from multiple signal
realizations. We investigate how these considerations change the results.
The appendix (Section 24) extends the model to three dates to evaluate:
(a) the benefit of sequential delays, and (b) the value of receiving multiple
signals. This extension is for the sake of robustness and also to compare the
value of the signals with the value from delaying consumption. Figure 17
replicates Figures 10 when the consumer can sequentially delay twice. To be
consistent with Figure 10, we use the entire sample of observations for which
we have three consecutive prices. Figure 17 shows that the key findings
from the one delay case carry through to two delays: (a) the gains from
information relative to no information (difference between orange and dash
red curves) is small relative to the gains from sequential delays relative to no
delay (difference between dash red curve and blue line), (b) the indifferent
consumer benefits the most from the signal, (¢) consumers with high and low
surpluses do not benefit or benefit little from the signal. Some differences
between the two Figures are worth mentioning. Consumers with low initial
surplus now still benefit from information. To explain, take the consumer v =
po- This consumer initially waits independently of the signal realization. But
it is possible for the price to decrease by an amount such that this consumer
becomes the indifferent consumer in the intermediate date % = p". For
her second decision, the consumer now cares about the second signal. By
extension, any consumer values information in the intermediate period for
a small interval of intermediate prices. Obviously these intermediate prices
are unlikely to happen when the consumer has a low initial surplus. This
explains why the value of information decreases with the relative consumer
surplus. Another difference is that the consumer surplus without information
has two kinks. The new kink is due to the fact that the price does not change
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(r = 0) with a mass probability."!

Risk Aversion. Assume the traveler is risk averse with utility function wu(z)
which is increasing and concave. For ease of comparison with the risk neutral
case, we assume u(0) = 0 and u/(0) = 1. The traveler’s current utility is
U0 (v) = u(Maz(v—po, 0)) and her expected utility from waiting given belief
F* (computed in Section 18) is now U (v) = ff(lv) uw(v —po(1+7))dE*(r).
Risk aversion decreases both the utility from purchasing right away and the
expected utility from waiting. There exist a unique threshold p* (Lemma
1) if w” is constant. (See Appendix 24). For the sake of conciseness, we
reproduce Figure 10 for the CARA utility case for a risk averse traveler with
CARA coefficient .05. See Figure 18. The three curves Uj"%(v), U"'(v) and

U (v) shift down but the general patterns observed in Figure 10 remain.

Figure 14: Computation of p”

1
5
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p —— CDF
// — — 45°line
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r

Computation of p": Functions fi(r) = [*, F"(z)dz and fo(r) = r are computed using
entire sample. p" is such that f1(p) = fo(p)-

41 Consumers with high relative surplus always buy early. This explains the second kink.
The first kind happens because the first period growth rate distribution F'() has a unique
probability mass at » = 0. With a fixed probability, the consumer surplus has the shape
of Figure 10. The consumer surplus for the other draws of the first period growth rate
also have a kink but these kinks are smoothed out.
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Table 19: .17 by Week in Advance

Variable ~ Obs  Mean Std. Dev. P10 P25 P50 P75 P90

Entire Sample

Tigr 357894 .06 31 -15 -01 0 .08 .29

rii7| B 101152 12 .36 -.15 -01 .01 2 AT

riq7|G 256742 .04 .29 =15 -01 0 02 .23
Week 1

Tear 11474 3 .56 -13 0 2 49 84

reer|B 4642 .36 .66 =210 21 .56 1.03

ri7|G 6832 .25 AT -04 0 19 360 .68
Week 2

Teer 27221 .24 .49 =130 14 .36 .68

rgs|B 11286 .26 49 17 0 16 43 .77

rir|G 15935 .23 .49 -05 0 13 .32 .61
Week 3

Tipr 29653 .15 41 -.15 0 .02 .23 .52

rei7| B 11397 18 .39 -17 0 1 29 57

ree7|G 18256 13 .43 13 0 0 18 .44
Week 4

TopT 30376 .08 .35 18 -02 0 12 .35

rier|B 10601 12 .35 -18 -.03 .03 .22 47

rir|G 19775 .06 .35 -17 -01 0 .04 .27
Week 5

Tigr 30084 .03 .29 -19 -04 0 .05 .24

rie7|B 9393 .08 .32 =17 -05 0 16 .35

rer|G 20691 .01 27 -2 -04 0 0 17
Week 6

[ 29740 .03 .25 -15 -02 0 04 22

reer|B 8956 .07 .26 -15 -03 0 14 31

ri7|G 20784 .01 .24 =15 -02 0 0 15
Week 7

Tirr 30133 .02 .22 14 -02 0 .03 2

Tt+7|B 8044 .06 .24 -.15 -.02 0 13 .28

ri7|G 22089 .01 21 =14 -.02 0 0 .14
Week 8

Tipr 30384 .02 .22 -.14 -01 0 .03 .19

rii7|B 7368 .06 23 -.12 -01 0 12 .26

rt+7|G 23016 .01 .22 -.14 -.02 0 0 14
Week 9

o 29557 .02 .23 14 -03 0 01 .18

rie7|B 6813 .06 27 =13 -02 0 A1 .26

ri7|G 22744 0 21 -15 -03 0 0 13
Week 10

TeaT 26336 .03 .24 14 -02 0 .01 .17

repr| B 5555 .07 29 12 0 0 a2 .28

ri7|G 20781 .01 .23 -14 -02 0 0 13
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Figure 15: Utility Increase Due to Signal
Solid blue line shows percentage utility increase %. The red dashed line plots the

average across all v € [v(p®),v(p?)]. The red star presents I, the maximum percentage
utility increase.
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Figure 16: Change in Revenue R(v)
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Figure 17: Two-Stage Extension
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Expected utilities (a) without waiting option (blue dashes), (b) with the option of
delaying purchase twice (red dashes), (c) with the option of delaying purchase twice and
two signals (orange line).
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Figure 18: Extension: CARA Utility Function
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Traveler Valuation (v)
The traveler has CARA utility function u(x) = w with coefficient
CARA = .05. Expected utilities (a) without waiting option (blue dashes), (b) with the

option of delaying purchase twice (red dashes), (c) with the option of delaying purchase
conditional on the signal’s realization (orange line).
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20.3 Revenue and Consumption

The impact of the signal on revenue and consumption depends on the con-
sumer’s willingness to pay. To illustrate, Figure 16 plots the change in rev-
enues, AR(v) from equation 12, computed using the entire sample. (a)
Revenue increases from p° till p* (AR(v) > 0) and decreases from p™ till p?
(AR(v) < 0), with a large drop at p™. (b) Although the signal has a large
impact the revenue per individual type, this impact largely cancels out once
averaged across all consumers. These predictions are consistent with the the-
oretical properties of the revenue function (see Lemma 2 in Appendix). To
document the overall impact of the signal on revenue, we report the arith-
metic average of revenue and consumption across all consumers (assuming
a uniform distribution of valuation g(v) = 1).* The main findings for the
change in revenue are reported in Table 21:

1. The change in revenue for individual travelers is large and significant.
Column 1, for example, reports for consumer v(p®) a positive increase
in revenue, AR(v(p?)) = .245, corresponding to a $73.5 increase for a
$300 ticket. The largest decrease in revenue occurs for consumer v(p"™*)
with AR(v(p™")) = —.33 (column 2).

2. Column 5 reports the change in per-consumer revenue (averaged across
all consumers who respond to the signal and measured as a fraction of

Po); %, while column 6 reports the percentage increase in revenues

for the consumers who respond, %. The numbers are small and non-
significant for most subsamples. In four subsamples, the numbers are
negative and significant although the effect is small (a decrease of about
3% per consumer corresponding to a percentage decrease in revenue of

1%).
flp™) 2

1-F(p™)  1+p" ‘
2, profits should decrease when this expression is negative.”® The value
is indeed negative in all but two cases. As expected, the subsamples
for which the changes in revenue in column 5 and 6 are statistically sig-
nificant are entirely consistent with the prediction reported in column
4.

42The formula for this expression is derived in the appendix.

43This expression has to be greater than i; ((::)) po for the use of signal to be profitable.

3. Column 4 reports the value of . According to Proposition

This term, however, cancels under the uniform assumption (¢'(v) = 0).
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Overall, the results suggest that the signal has a small and negative im-
pact on revenue (for some subsamples). This may appear surprising until
one acknowledges that revenue is not everything that matters to the seller.
To start, the signal also changes consumption. A lower consumption is good
for the seller because it increases remaining inventory. Table 22, however,
shows that the signal has little impact on consumption:

1. The average per consumer change in consumption, %, is reported
in column 3. It is small in magnitude and significant for only two
subsamples. It is small because the mass of consumers who postpone
purchase under a good signal is very close to the mass of consumer who
anticipate purchase under a bad signal.

2. The percentage change in consumption, A—CO, is reported in column 4. It

is very small in magnitude and insignificant in all but one subsample.

A final consideration, in addition to revenue and consumption, is that
the signal also changes how consumer sort between those who purchase early
and those postpone. The consumers who change from ‘buy’ to ‘wait” have a
higher valuation than those who change their decisions the other way around
(valuations v € [v(p?),v(p")] versus [v(p"),v(p?)] respectively). With a
scarcity signal, a more attractive set of consumers remains potential buyers
(see footnote 34). The seller can earn more from her remaining inventory.
Thus, a scarcity signal can be beneficial even if does not change revenue or
the number of units sold. These dynamic considerations go beyond the scope
of what can be done with these data.

21 Conclusion

This paper computes the value of scarcity signals to a Bayesian risk neutral
consumer in the context of the Online travel industry. We find that scarcity
signals can be valuable to both an unsophisticated traveler (who does not
condition her decision on publicly available information) and to a sophisti-
cated one. That being said, scarcity signals benefit only a small range of
consumers and even for these consumers the signals have a very small im-
pact on consumer welfare, of the order of a few dollars for a ticket that costs
on average $300. But signals can have a significant proportional impact on
expected utility because it influences travelers who would not receive much
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surplus in the absence of signals. For most consumers the gains from delay-
ing purchase is much larger than the additional gains that can be obtained
by conditioning this decision (to delay purchase) on the realization of the
scarcity signal. This paper takes a first step toward measuring the benefits
of delaying travel booking. The bigger picture is to study the inefficiencies
associated with travel booking and this includes the time wasted searching,
sub-optimal choice due to pre-mature commitment, no-shows and cancella-
tions, to name just a few issues... We also find that scarcity signals have little
impact on average revenue and average consumption. This is because the rev-
enue increase from the consumers who anticipate a purchase (buy when the
signal is bad) are balanced by the losses from the consumers who do the
opposite (wait when the signal is good). The finding that scarcity signals do
not affect revenue under a Bayesian benchmark is somewhat puzzling and
calls for more research. It could be that the use of signal is the equilibrium
outcome of a game played between suppliers (something not modeled here),
and as a group, suppliers would be better-off without signals. Alternatively,
it could be that some consumers deviate from the rational benchmark and
that we end up under estimating the impact of signals. We briefly discuss
the issue of behavioral consumers in the Appendix (Section 24).

22 Appendix: Notations

In the result section, we typically normalize all expression assuming py, = 1,
v(r) =1+ r and r(v) = v — 1. The value of v is thus expressed in units of
po. Averages are computed over the individuals who respond to the signal,
v € [v(p?),v(p?)], and using arithmetic average (g(v) = 1). We obtain:*!
Using equations 10, 12 and 13, we obtain AU, AR, AC. For example,

AU =7, fpp,;L <7’ - Fb(x)dx> dr+ (1 —m) fp’f (f_rl F9(x)dx — 7“) dr.

23 Appendix: Proofs

Proof of Lemma 1 The function G*(z) = z— [*, F*(r)dr is strictly increas-
ing on the support of F*. We have G*(—1) < 0 and applying integration by

parts lim,, G*(z) = lim (3: + [* rdFs(r) — :rFs(a:)> = limy, z (1 — F*(z))+

#Note that [, (1+ 2)dF(z) = (14 r)F(r) — [", F(z)dz.
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Table 23: Notations

Single Consumer

g(v),G(v) Consumer valuation PDF and cdf

s € {n,b,g} State (no signal, bad, good)
pr=(14+7%)po Prices (period 0 and 1)

Ers Mean growth rate

Fs() Distributions of growth rate (eq. 7)

H(r) S5 (Fo(y) = FP(y))dy

v(r), 1(v) V() = pol1 +7), 1(0) = £ — 1

p° Marginal consumer (eq. 8)

Up(v) Utility of consumer v if she does not delay purchase
U; (v) Expected utility of consumer v given belief F* (eq. 9)
Ui(v) Ul (v) 4+ (1 — 7)U9(v)

1 Maximum value of information (eq. 11)

R(v), C(v) Revenue and consumption from consumer v under prior (s =n)

AU (v), AR(v), AC(v) Impact of signal on individual outcomes (see eq. 10, 12 and 13)

Consumer Aggregation

U R C fv(iﬁ,)) U™(v)dv and same for R, C
AU, AR, AC Average impact across all v (e.g. AU = fv(% AU (v)dv)
F(r,y), S(r), F*(r|x) Small signal (Proposition 2)
AU(z), AR(z), AC(x) Utility, Revenue Consumption with small signal
Table 24: Utility, Revenue, Consumption

v < v(p") v > v(p") | Consumer Aggregation
Ur(v) [0 Fr(a)da v—1 | U f” (f F(x da) dr + fp rdr
R) [T (1 +r)dFm(r) 1 R s ( (L +n)F(r) — [1, F'(@ dﬁ) dr+p? —
C(v) Fv-1) 1 c f/f F(r)dr + p9 — p"
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Ers. If Er® > 0, equation (8) has a unique solution p* and this solution
is non-negative since G°(0) < 0. Next, we prove by contradiction that
Min(p?, p°) < p" < Maz(p?, p°). Assume, for example, that Min(p?, p°) >
p". The following three obsevations (a) p" < p9 (b) GY9(x) strictly in-
creasing, and (c¢) GY9(p?) = 0 imply that GY9(p") < 0. The same reason-
ing implies that G®(p") < 0. Thus 7G%(p") + (1 — 7°)GY(p") < 0 or
Pt < f_pl F™(r)dr. A contradiction. The same logic proves the other inequal-
ity. Finally, v — pg — E(Max(v — p1,0)|s) = poG*(r(v)). Thus, consumer v
stricly prefers to buy early when her belief is F'*() if and only if G*(r(v)) > 0,
or v € (v(p®),00). O

Proof of Proposition 1: (a) For v € [0,v(p®)) we have E(Max(v —
p1,0)[s) > v — po. Thus, the consumer prefers to wait with or without
signal. (b) For v € (v(p?),v(p")) we have E(Max(v — p1,0)|n) > v — py,
E(Max(v — p1,0)|g) > v — py and E(Maxz(v — p1,0)[b) < v — pg. Thus,
the consumer buys early only if the signal is bad. (c) For v € (v(p"),v(p?))
we have v — pg > E(Max(v — p1,0)|n), v —py > E(Maz(v — py,0)[b) and
E(Maz(v —p1,0)|g) > v — po. Thus, the consumer waits only if the signal
is good. (d) For v > v(p?) we have E(Maz(v — p1,0)|s) < v — po. Thus, the
consumer prefers to buy early with or without signal. [

Derivation of equation (10) for AU(v): Consumer v € [v(p®),v(p")]
waits without a signal. Her expected utility is pg ff(lv) F™(r)dr. With the sig-

nal, she wait when the realization is good. Her expected utility is py fj(lv) FI9(r)dr.
She buys early when the realization is bad and receive utility v — pg. Taking
expectation, we obtain:

r(v) r(v)

FI(r)dr — po/ F™(r)dr

-1

AU®) = 7(v — po) + (1 — 7)po /

-1

for v € [v(p®), v(p™)]. Using identity (7), we obtain the top part in equation
(10). The same reasoning applies to the bottom part of equation (10) corre-
sponding to v € [v(p"),v(p?)]. From Lemma 1 and the convention used for

labeling states (b,g), we have p fj(lv) F™(r)dr > v —py > po fj(lv) F®(r)dr for
v € (v(p?),v(p")). Thisimplies AU(v) > 0. Similarly, we have pq fj(lv) F9(r)dr >
v —Po > Po ff(lv) Fr(r)dr for v e (v(p"),v(p?)), and again AU (v) > 0.
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Proof of Corollary 2: 2 AU( ) = 1(1=F° (r(v)))
and ZAU(v) = (1—Tb)( 9(r(v))—1) <0 for v
AU (v) reaches a maximum at v(p”). O

> 0forv € [v{p), v(p")
€ [v(p™),v(p?)]. Thus,

Properties of the Revenue Function:

Using the identity [* (1 + r)dE(r) = (1 + p)F(p) — [, F(r)dr, we can
rewrite equation (12) as

PoT (1 — (1 +r(v)F(r(v )) f ' FY(r)d ) if v € [v(p"), v(p")]

—po(1 = 7) (1= (1 x(0) F(r(w)) + [7) FOr)dr) , i v € [v("), v(p9)].

(14)

The supplier’s profit function has the following properties.
Lemma 2. (a) AR'(v) < 0 for v € [v(p?),v(p")]. AR'(v) > 0 for v €
v(p™), v(p)]. (b) AR(V(p")) = pors(1 + p)(1 = F*(p")) > 0, AR(v(p?)) =
—po(1 — 1) (1 + p?)(1 — F9(p?)) < 0. lim,, n+ AR(V((p)) < 0.
limy,, pne AR(V((p)) = limp pn AR(V((p)) = —po(l + p )( F(p ”))
lim,_, n- AR(V((p)) > 0 if and only if (1 + p°)(1 — F°(p™)) > fp F(p
F*(x))dz. (c) AR(v) <0 forv e [v(p™),v(p?)].

Note that the Lemma implies
AR(v(p®)) = Maz,AR(v) and lim, , n+ AR(v((p)) = Min,AR(v).
The jump at v(p®) is equal to AR(v(p?)) = pors(1 + p°)(1 — F?(p%)).
Proof of Lemma 2 (a) Take derivatives with respect to v in equation (12)

AR (o) = {—m(l ) e() <0, ifve (") vip")
po(L = m)(1+x(0) f(x(0) > 0, if v € [v(o"). V("))

(b) From equation (14),
we have AR(v(p?)) = poTs (1 — (14 p")FP(p) + fp Fo(r dr) and since
fp F(r)dr = p°, we obtain,

AR(v(p )) = pomp(1 + p°)(1 — F®(p?)). Applying the same logic one obtains
AR(v(p?)). Evaluate equation (14) at p"*, add p™ and subtract ffl F™(r)dr

(recall p" = fp F™(r)dr), to obtain
limy_, e AR(v((p)) = —po(1 — 7) ((1 +p") (1= F9(p™)) + [7) (Fa(r) — "’(T))dT> <0
where the inequality follows from F9(r) > F™(r). Evaluate equation (14) at
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p" ™, dimpy e AR(V((p)) = poT (1 — (L4 p")F"(p") + |7, Fb(r))dr)- But
since p® = f_pi F®(r))dr, we obtain
lim,_, ,»- AR(v((p)) = poms (1 +pb—(1+ p”)Fb )+ fp Fo(r )

lim, - AR(V((p)) = pors (14 p)(1 = F*(p™) = [ (F*(p > F(r))dr).

And lim, , ,«~- AR(v((p)) > 01is equivalent to (1+p Y(1=Fb(p™)) > fp FP(pm)—
F®(r))dr. Although one can construct examples such that thls condition is
violated, this does not happen in our application because p" — p® is small rel-
ative to 1 — Fb(p"). (c) AR(v) < 0 for v € [v(p"), v(p?)] follows from AR(v)
monotone in [v(p"), v(p?)], AR(v(p?)) < 0 and lim,_, »+ AR(v((p)) < 0. O
Proof of Proposition 2: Let p(y) denote the indifferent consumer when

the cumulative distribution of price returns is F'(r,y). Specifically, p(y) is de-
fined by equation (8) after replacing F*(r) with F(r,y). For ease of notation,
we denote p" = p(0) and v™ = v(p(0)). When the cumulative distribution of
price returns is F'(r,y), the supplier revenues are

v(p(y)) r(v)
R(y) = po/O (/ (L4 r)dF(r, y)> dG(v) +po (1 = G(v(p(y)))) -

-1

This is because a traveler with a valuation below v(p(y)) waits, and sub-
sequently purchases if the price is below her valuation. A traveler with a
valuation above v(p(y)) buys early. Expected revenues with signal = are

R(—z(1 — 1)) + (1 — 1) R(z7) and
AR(x) = n,R(—2(1 — 7)) + (1 — 1) R(z1,) — R(0).

We have AR (2) = (1 — 7)(=R'(=z(1 — 1)) + R'(z7)) and AR (0 ) =
There is no first-order impact of the signal on profits. We have AR ( ) =
(1 —=7)((1 =) R"(—x(1 = 7)) + 7 R"(z7)) and AR (0) = 7,(1 — 1) R"(0).
Denote R(y ) = poK(p(y),y). Differentiating twice with respect to y gives
R'(y) = po ()

0.
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where K7, for example, denotes the derivative of K with respect to its first
argument. We have

p

Kilp.0) = matvlo) ([ 1+ n(F ) - 1)

V(o) pr@)
y) = /0 /_ (14 1)dS(r)aG(0)

(o) = g (0) 1+ ) £p.0) — 2520

g(v(p))
Ka(p,y) =0

Kialp,y) = pog(v(p)) ((1 05— [

-1

it = Flp.n) )

p

S0 )

Where the last expression uses the identity [” (1 +7)dS(r) = (14 p)S(p) —

[?, S(r)dr is obtained using integration by part. Next, take [* (1+r)d(F(r,y))—
lin K1 Apply the same integration by part identity, and evaluate at p = p(y)

to obtain ffgy)(l +r)dF(r,y) —1=—(1+p(y))(1 — F(p(y),y)) and conse-
quently

Ki(p(y),y) = —pog(v(p(y)) (1 + p(y))(1 — F(r,y)).

Using equation (8), we evaluate:

p(y)
4(0) = S22 S(r)dr
(v)
iy = B0 S0
(1= F(p,0))?
Replacing the expressions for Ky, Ky, Koo, K127 P and p” gives:
2| (S s@ar)” ¢ gmy g 2
a2 | = po(1 + p")g(v")>1= Fim)  \1=Fn(p)  glom) PO~ T
from which we conclude ,
(ff? S(r)dr)

AR (0) = gL+ p") g (") (1 = 1) gy~ (2 — S0 — 57
A similar argument applies for consumption where R(y) is replaced with
fo ()G () +1 = G(v(p(y))). We obtain AC" (0) = 7(1 —

)C//
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24 Appendix: Extensions

This appendix briefly discusses four extensions: (a) sequential booking deci-
sions, (b) risk aversion, (c) loss averse and behavioral traveler, (d) endoge-
nous signals (cookies). Sequential Booking Decisions. The traveler can buy

at date zero, one or two. Without loss of generality, let po = 1, p; = 1+r; and
pa = (1 +71)(1 4+ rg). The random variable 7y (resp. r2) is distributed with
CDF F;*() when the first signal realization in s; (resp. F3"*(.|r;) when the
two signal realizations are s; and sg). Fj(r1) and Fy(ry|r1) denote the uncon-
ditional CDF defined similarly as in equation (7). All expected utilities are
measured at date zero. U} (v) is the date zero expected utility if the traveler
has no information and can delay purchase twice. Us is the traveler’s date zero
utility if she can delay twice and receives a new signals each time. We have:
Ul (v) = Max <v —1, [ Max (v = (1+m), [ Maz (v—(1+7)(1+7r2),0) dF2(7‘2|7’1)) dFl(rl)) .
This is because a traveler who has not bought in date zero or one, buys in
period two if v — (1 +71)(1472) > 0. This corresponds to the third Max op-
erator. If the traveler has not bought in date zero, she anticipates in period
one to receive [% Max (v — (1+71)(1+73),0) dFs(ra|ry) if she waits. She
buys in date one if v— (14r1) > [7 Max (v — (1 +71)(1 4 r2),0) dFy(ra|ry).
This explains the second Max operator. In date zero, she can buy or delay
(first Max operator). When the traveler receives signals, the decisions are
conditional on the signals’ realizations and we obtain:

Ui(v) = ¥, Ly Pris:) Maz (z 1, p, Prisslsy) [ Max ('z' — (L4 m), [ Maz (v — (1+r1)(1 4 715),0) dF;"“(r.z\m)) de‘(r])) .

Ui(v) — UR(v) is the value of information under sequential booking. Tt is
positive and should be compared with AU (v) which is the value of informa-
tion with one period.

Risk Aversion. We adapt Lemma 1’s proof of the existence of a unique p*

to the case of risk aversion. We have U’ (po) — U™ (po) = u(0) — f_r(lv) u(v —

po(1 + 7))dF*(r) < 0. For large valuations v, Uj"’(v) — U™ (v) is approx-
imated by u(v — py) — Eu(v — po(1 + r)) which is positive since Er® > 0
and u() concave. Thus the equation Uy°(v) = U'(v) has at least one
solution and an odd number of solutions. We conclude by showing that
4 (USL’O(U) - Uf’l(v)) changes sign at most once, since this implies that
there are at most 2 solutions. Under the assumption that u” is constant, we

have LU7 (v) = pou” ff(lv) F*(r)dr 4+ u'(0)F(r(v)) and LU (v) = u'(0) +
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w'(0)(1 — F*(r(v))) which is decreasing in v. But 4 (Ug’o(()) - Uf’l(O)) =
—pou” +'(0) > 0 implies that the function changes sign at most once. Note
that the proof does not follow when u” is not constant because we cannot
show that & (Ug’(v) — Uy (v)) is decreasing in general.””

Behavioral Consumer. Some travelers may not be Bayesian expected utility
maximizers. Consumers could deviate from the standard paradigm in several
ways. They may be loss averse, have regrets ( , ), be
subject to attentional shifts triggered by scarcity cues (

, ), or nurture other biases. A general treatment of behavioral
consumers is beyond the scope of this paper. We briefly touch upon the case
of loss averse consumers to demonstrate that generalizing the analysis can
raise non-trivial issues. The central premise of loss aversion is that consumers
have a reference transaction and treat differently gains and losses evaluated
in comparison to this reference. It is up to the researcher to define the
reference transaction and the literature offers multiple approaches. There
are several candidate reference transactions in our application but two stand
out: purchasing early (utility v — pg) and purchasing late (utility EMaz(v —
p1,0)). Another consideration specific to our application is that the signal
realization could changes the reference transaction. A bad signal may put
more salience on purchasing early and the opposite holds for a good signal.
This demonstrates that defining the reference point of a loss averse consumer
raises non-trivial issues.

Endogenous Signals. As explained in the main text, the results hold for a
traveler who deletes Expedia cookies after each query. In practice, Expedia
may use cookies to record past searches and condition prices and signals on
this information. Signals are endogenous because they depend on consumer
behavior. Expedia may also use the I[P address of the server from where a
search originates, the type of device used to make the search (PC or mobile
phone), and other query attributes... Although we could not find any evi-
dence for endogenous signals, this possibility deserves a mention. Extending

B (U5 - U ) =

po (S5 "= po(L+r)dr — [*7 " (v = po(1+ 1) F*(m)dr) + w(0)(1 — F*(x(v)).
The term in bracket is not necessarily decreasing in v.
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the analysis to cookies and server location, for example, would require con-
sidering two types of traveler: (1) Unsophisticated travelers conduct searches
from the same server and do not delete cookies. (2) Sophisticated travelers
use proxy servers and run multiple searches with different ways to handle
cookies. Clearly, sophisticated travelers may be able to form more infor-
mative posteriors about future prices. That being said, as long as travelers
remain Bayesian utility maximizers, they use their posterior based on the
information they have acquired and the analysis carries through.

Appendix: Expedia Dataset

We have collected prices and scarcity signals for one-way travel from the
Expedia website. Our scraper accepts cookies from Expedia and deletes the
cookies after each query. A route is a pair composed of an origin and a
destination airport. We use the standard three-letter designations for air-
ports. A query is a pair composed of a route and a departure date. Each
query is submitted on different booking dates and returns a number of flight
options. Each flight is identified by a query, a departure and arrival time,
the number of layovers and the carrier(s). Therefore, the nesting goes from
route to query to flight. For each flight, we collect the price and signal. We
construct the variable days-in-advance DiA as the number of days between
the departure and booking dates. Route Selection: We selected routes on the
basis of four criteria: (a) Routes with a dominant carrier. (b) Busy routes
in term of passenger. (c) Routes previously selected in airline literature. (d)
Routes with large potential price savings. We implemented these selection
criteria as follows. To find routes operated by a dominant carrier, we use
the T-100 data bank from the Bureau of Transportation Statistics web site
(www.transtats.bts.gov). The T-100 data bank includes the number of air-
lines per route, as well as total number of passengers. All of our ten routes
are operated by a single airline. Although there is a single carrier offering a
direct flight, it is possible to combine two or more flights to make the city-pair
travel. Within this set of routes, we selected the top 25 subset in terms of
number of passengers transported. A similar approach was previously used
by ( ). Indeed, many of our routes are the same
as theirs and also as ( ). Finally, 7 of our 10
routes have destinations listed as “domestic destinations” with “largest po-
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tential savings” by Hopper.com.*® For these routes, signals are likely to have

a greater value. Sampling: We run queries daily for about 100 days, starting

on July 19th and ending on October 26th, 2015. The first departure date is
the 10th of August, which is approximately three weeks from our first book-
ing date (19th of July). The following 11 departures dates are 8 days apart
(18th of August, 26th of August, and so on... till November 5th). A flight
expires when its departure date has past. When this happens, a new query is
automatically added. Using this rolling window sampling method, we end up
with 22 departure dates that cover fairly evenly the seven days of the week.
Combined with 10 routes, this adds to 220 distinct queries. For some queries
(those with a departure date between Octobeer 26th and November 5th), we
obtain time series (price, signal) for each flight that cover 100 days. The
time series are shorter for the rest of the queries. Table 25 reports the obser-
vation count broken down by route and airline. The more busy routes offer
more flight options and end up with more observations. There are 9 main
airlines serving the 10 routes. The flights observations have between one
and 14 weeks in advance, and because of the rolling departure date sampling
methodology, the number of observations is roughly evenly distributed with
about 40K observations per week in advance. The number of observations is
about 9K for the first departure date, peaks to about 47K on the 10th depar-
ture date and then decreases to about 2K on the last one (22nd departure
date). This is because the early and late departure dates are queried less
frequently. Table 26 shows that there are on average 179 flights displayed for
a given query made on a given booking date. This average varies a little by
route. Table 27 shows that the signal can take five positive values: 1, 2,.., 5
seats left at a given price. The frequency of sending signals with high values
is slightly lower. In most of the empirical analysis we assume that the signal
takes a binary value: 0 if Expedia does not report a number of seats left at
the posted price) and 1 otherwise.

“6Hopper.com is an aggregator website that collects price data and reports the best days
in advance to purchase tickets.
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Table 25: Observation Count

Route N Airline N
AUS-DAL 12635 Alaska Airlines 23534
CLT-FLL 80099 American Airline 112925
DFW-SNA 56752 Delta 157598
LAS-MDW 48524 Frontier Airline 1734
MCO-MDW 54519 JetBlue Airways 4158
MDW-LAS 57053 Multiple Airline 149417
MIA-BOS 72854 Sun Country Airl 142
MIA-DFW 62791 US Airways 48562
PHX-MDW 43616 United 39220
SNA-DFW 52539 Virgin America 4092
Total 541382 Total 541382
Source: expedia v1.0.dta Source: expedia v1.0.dta

Table 26: Number of flights per queryXbooking date (mean/min/max)

route mean min max
AUS-DAL 24.0979 9 42
CLT-FLL 187.0916 105 288
DFW-SNA  173.3658 56 304
LAS-MDW  175.6805 25 289
MCO-MDW  179.5969 45 289
MDW-LAS 179.6123 35 282
MIA-BOS 210.2532 76 372
MIA-DFW 203.59 99 349
PHX-MDW  148.1207 26 237
SNA-DFW  163.4948 66 278
Total 178.9122 9 372
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Table 27:  Observation count for each signal realization (number of seat left
at posted price)

Signal Realization N
0 359435
1 45611
2 39744
3 35083
4 31978
5 27655
Total 539506
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