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“The right to strike may be restricted or prohibited [...] Essential ser-
vices [...] (thatis, services the interruption of which idandanger the life,
personal safety or health of the whole or part of the popolati The follow-
ing do[es] not constitute [an] essential servicel...]: traport generally.”
— International Labour Organization (2006, para. 576 amd.z87)

“Many public services are considered essential: policeceffs and fire-
fighters, for example. Strikes are prohibited for this veagigon. They are
critical for the public on a day-to-day basis. The reliabjlof public transit
should be no different”
— Robert S. Huff, California State Senate Republican Le&tiruary 13, 2014)

1. Introduction

In 1951, the International Labour Organization (ILO) setlup Committee on Freedom of As-
sociation (CFA). Shortly after its inception, the CFA deelhstrike action to be a fundamental
right of organized labor (Gernigoet al., 1998; Gross, 1999). Yet, where workers providing
essential public services are concerned, the right toestsiloften limited or even denied by
national laws or regulations. The most common restrictsom ban on strikes by armed forces,
policemen and firefighters, for the legitimate reason thasehwalkouts would endanger the
life, personal safety or health of the whole or parts of theyation! But is that true of strikes
by public transit workers? Two extreme positions shape answo this question. According
to the ILO, public transportation does not constitute areesal public service (ILO, 2006,
para. 587). Thus, some commentators argue that strikeamsitivorkers mainly pose an eco-
nomic threat, which—Dbeing the very essence of industrisae—does not justify a strike ban
(Swearengen, 2010). Policy-makers, by contrast, comnrexgigrd mass transit as an essential
public service, which segues into the wider concern thabmaties and their inhabitants are
highly vulnerable to transit strikesThis is exemplified by attempts in numerous countries to
also exclude transit workers from the right to strike.

New York City’s Taylor Law which was put into effect in response to a transit strike in
1966, represents an example of a particularly draconiarsuneaUnder Section 210, the law

1As the first quote above illustrates, the ILO recognizesstriites may be restricted or prohibited in essential
services, which are defined to include: the hospital seetectricity services, water supply services, the teleghon
service, the police and armed forces, the fire-fighting sesyipublic and private prison services, and air traffic
control (ILO, 2006, para. 585).

2Thus, the second quote above from a California politiciamictv was made following a strike by workers of
the Bay Area Rapid Transit (BART) system in 2013. The posiBapressed in this statement received bipartisan
support. Indeed, in the aftermath of the same strike, GQal#oState Senate Democratic candidate Steve Glazer
expressed his “[...] support [for] state legislation to lukit transportation workers from striking”. For more, see
http://calwatchdog.com/2014/01/24/democrats-crashsit-strike-ban/ (accessed December 8, 2014).
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prohibits any strike or other concerted stoppage of worklowdown by public employees
(NYS Department of State, 2009). Instead, it prescribedibmarbitration by a state agency to
resolve bargaining deadlocks between unions and employielations against the prohibition
on strikes are punishable with hefty penalties. The fine fomalividual worker is twice the
striking employee’s salary for each day the strike lastsaddition, union leaders face impris-
onment. Since its inception in 1967, thaylor Lawhas generated a lot of controversy. To
proponents, it was successful in averting several potemnéiasit strikes that would have im-
posed significant costs on the city and its inhabitants (OEZID7a). Indeed, New York City
has only seen two transit strikes over the past four decade4980 and in 2005. In both
cases, harsh monetary penalties were imposed on workersnéoas. The 2005 transit strike
additionally led to the imprisonment of a union leader, aad she Transport Workers Union
(TWU) filing a formal complaint with the International Labo@rganization (ILO). Since then,
the ILO has urged the United States government to restoneghieof transit workers to strike,
arguing that they do not provide essential services juatfa strike ban (ILO, 2011, p. 775).
So far, theTaylor Lawhas not been amended in this direction.

This paper aims to answer two questions that are at the hicihit daylor Lawcontroversy
and similar debates elsewhere: Do strikes in the publispartiation sector cause disruptions
that endanger the safety and health of urban populationsh8w large are the costs of transit
strikes to non-involved third parties? To get at these goestour analysis uses time series and
cross-sectional variation in powerful registry data torgifg the effects of public transit strikes
in five domains: traffic volumes, travel times, accident rgillution emissions, and health (see
Figure 1). The context for our study are the five largest gitreGermany, which provides us
with an ideal setting. In particular, in contrast to couedrinat have imposete jurerestrictions
on public transit strikes, German couds factoprotect the right to strike in this sector. As a
consequence, Germany regularly faces strikes by transkens:

Our analysis exploits 71 one-day strikes in public trantgimn over the period from 2002
to 2011. We identify the daily effects of these strikes uginth time series and cross-sectional
variation in our data. In a first step, we estimate the impacthe total length of time that
cars are in operation (henceforth, total car hours operaieddo so, we make use of two data
sources. First, we use hourly information from official i@monitors to estimate the effect of
transit strikes on traffic volumes. Second, we use congeskida based on GPS speed mea-
surements fronfomToma global supplier of navigation and location products ardises, to
estimate the effect on travel times. Combining the two estig®m allows us to compute the effect
on total car hours operated. In a second step, we explofg kkeck-on consequences by ex-
panding the analysis in three directions. First, we as$essripact of strikes on the incidence



FIGURE 1: The Impact of Public Transit Strikes on Urban Populations
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and severity of car accidents using detailed register ddiahnincludes all vehicle crashes
recorded by the German police. Second, to investigate thetefn atmospheric pollution, we
draw on hourly data from official air monitors. Third, we exp@ the effect on human health
using register data which includes information about atigras admitted to all German hos-
pitals. Our identification strategy is based on a genemlidifference-in-differences approach.
It flexibly captures daytime and day-of-week patterns, @eality effects, and long-run time
trends, which are all allowed to vary by city.

What emerges is a picture of remarkable consistency. Dahi@gnorning peak of a strike
day, total car hours operated increase by 11% to 13%. Thisase can be decomposed into
two separate effects: a 2.5% to 4.3% increase in the numlosarebn roads and a 8.4% increase
in travel times. In addition, our results suggest that fitestekes pose a non-negligible threat
to public safety and public health. We find a 14% increase énnthmber of vehicle crashes,
which is accompanied by a 20% increase in accident-relatesbpal injuries. Moreover, we
observe that transit strikes have sizeable effects on arnbiepollution. Emissions of partic-
ulate matter increase by 14%, while nitrogen dioxide cotre¢gions in ambient air increase by
4%. Finally, analyzing health outcomes related to air gmhy we find that young children
are subject to negative health effects. Among this subgroogpital admissions for respiratory
diseases increase by 11% on strike days.

The costs of strikes—both to the parties directly involved idispute and to the public at
large—have been the subject of extensive research sinceith20th century. Until the 1990s,



the main conclusion of the literature was that strikes inepgignificant financial costs on the
workers and the firm directly involved in walkouts, but onlgghigible costs in most cases on
non-involved third parties (Kaufmann, 1992). Our study firmejects this conclusion: based
on our estimates, the increase in aggregate travel timeeddwms a single strike corresponds
to 1,550 full-time equivalent work weeks. This translate® ithird-party congestion costs of
€ 3.2 million per strike o€ 228.9 million for all 71 strikes in our sample.

To the best of our knowledge, this study is the first to examihether strikes in the trans-
portation sector can put public safety and health at risler@tare, however, a few impressive
empirical studies of strike impacts in other areas of thdipwector. Focusing on the hospital
sector, Gruber and Kleiner (2012) investigate the effettsmurse strike on patient outcomes.
After controlling for time and hospital specific heterogyehey observe increased mortality
and readmission rates and conclude that strikes in hosital This result contradicts earlier
studies that did not as rigorously control for unobservedodis (see, e.g., Cunninghaghal.,
2008; Pantell and Irwin, 1979). Another study by Mustard e{E995) highlights that there are
fewer caesarian births during strike periods, which is estjge of behavioral effects in hospi-
tals. Examining walkouts in the education sector, Belot&fibbink (2010) and Baker (2013)
find that teacher strikes had negative effects on studem\aahent in Belgium and Canada.
Finally, there are a few interesting studies of strike inipadhe private sector. Krueger and
Mas (2004) show that strikes in tire production facilitiexteased the quality of tires resulting
in an increase of fatal accidents. In a similar vein, Mas &Ghds that strikes aCaterpillar
led to lower product quality.

Our paper is also related to a growing literature in econertiiat examines the role of mass
transit in mitigating agglomeration diseconomies suchraf$i¢ congestion, accident risk and
pollution emissions. In an influential study, Duranton anginer (2011) coined the notion of
the “fundamental law of road congestion”. Theoreticaliyg tdea is that the provision of public
transit is unlikely to relieve the overall level of congestiin a city since it only results in addi-
tional traffic that continues to rise until peak congestieturns to its natural level. The authors
provide empirical evidence in support of this mechanismer€hare, however, a few notable
papers which point in the opposite direction. Anderson @@Xkploits a 35-day strike in 2003
by Los Angeles transit workers to evaluate the net benefislzfn mass transportation. Using
a regression-discontinuity design, he estimates the totagestion relief benefit of operating
the Los Angeles transit system to lie between $1.2 billiof4d. billion per year. Nelsoet al.
(2007) provide structural estimates suggesting that tih&aasit system in Washington, D.C.,
generates congestion-reduction benefits that exceedutsldies. Finally, Chen and Whalley
(2012) quantify the effects of urban rail transit on air gyalising the sharp discontinuity in



ridership on the opening day of a new rail transit system ipdia Their findings suggest that
the opening of the rail transit system caused a 5 to 15 pereefoiction in carbon monox-
ide emissions. Our study, which exploits strikes of one day in length or Jesmtributes to
this literature by showing that even short-term disrupiohmass transit services can have far
reaching consequences for urban populations in terms @f list to travel, accident risk, air
pollution and health.

The remainder of the paper is organized as follows. Sectipnofides the institutional
setting and discusses how transit strikes might affecesitind their inhabitants. Section 3
describes the data. Section 4 outlines the empirical glyatellowed by the results in Section
5. Section 6 discusses the size of the effects by monetiaathird party costs of transit strikes
and comparing them to the private costs of struck employers.

2. Background

2.1.The Role of Public Transit and the Regulation of Labdafens

The five largest German cities, home to roughly 8.2 milliongle, are characterized by an in-
tensive use of public transportation. In 2013, Berlin, HanghMunich, Cologne and Frankfurt
together accounted for a total number of 3.4 billion publansit users in their metropolitan
areast This corresponds to an average 9.3 million passengers droBgrlin, the German cap-
ital, roughly 43% of commuters use public transit, while ab®88% travel by car (Wingerter,
2014). Public transportation networks are extensive isathple cities. In Hamburg, for ex-
ample, the transportation network comprises 91 subwayostt68 suburban train stations
(S-Bahn), more than 1,300 bus stops connecting a networkaryn1,200 km in a city with
less than 2 million inhabitants. The importance of publmsportation in major German cities
is comparable to the role it plays in the largest city in thetethStates. New York City has a
population of roughly 8.4 million people. In 2014, its Mgbaitan Transportation Authority
moved about 9 million riders per day or 3.3 billion passeageyear on subways, buses and
railroads® Approximately 56 percent of commuters in New York City usélgutransit, while

SRelatedly, Laliveet al. (2013) analyze a railway reform in Germany which substéptiacreased the fre-
guency of regional passenger services. Their results stigiueet the reform reduced the number of severe road
traffic accidents, carbon monoxide, nitrogen monoxideogin dioxide pollution and infant mortality.

41,321 million passengers in Berlin (see http://www.vbldedarticle/verkehrsverbund/der-
verbund-in-zahlen/12552.html), 855 million passengers n i Hamburg (see
http://www.hvv.de/pdf/aktuelles/publikationen/hvahtenspiegel _2013.pdf), 663 million passengers in Mu-
nich (see http://www.mvv-muenchen.de/de/der-mvv/mwzahlen/), 277 million passengers in Cologne (see
http://www.kvb-koeln.de/newsfiles/310b105c8ee08bfadi1f89cd3a87.pdf) and 203 million passengers in
Frankfurt (see http://www.traffiq.de/1483.de.press@rmationen.html?_pi=126798).

5See http://www.apta.com/resources/statistics/DoctsiRitlership/2014-q2-ridership-APTA.pdf.



about 27 percent travel by cér.

While the use of mass transit in New York City and major Germiéies is comparable, the
regulation of labor relations in the public transportatsaetor differs markedly. As mentioned
above, New York City'sTaylor Lawprohibits strikes by transit workers under the threat oghar
penalties. Other cities in the United States with no-trtasisike laws include Chicago, Boston
and Washington, D.C. For a German, it must come as a surpaseiany countries imposke
jure restrictions on strikes in the public transportation sedideed, in Germany, the right to
strike is a fundamental right based on the Freedom of AsgBogi@&oalitionsfreihei) as laid
out in Article 9(3) of the constitutionGrundgesetz Only civil servants, judges and soldiers
are excluded from the right to strike. Until the 1990s, thg ibifrastructure industries—i.e.,
telecommunications, postal and public transportationises—were state monopolies. Work-
ers in these industries had civil servant status and thue wet allowed to strike. However,
when these industries were gradually privatized durindl®®0s, newly hired workers were no
longer given civil servant status and therefore gained itji@ to strike. Today, public transit
workers, whether employed by Germany’s rail oper&teutsche Bahor local public transport
providers, are allowed to engage in industrial action. Thiy de factorestriction on transit
workers’ right to strike is that the parties of an industgahflict are responsible for the pro-
vision of a minimum service (KlaBt al., 2008). This is intended to act as a balance of their
interests with those of non-involved third partfes.

In Germany, industrial action by transit workers is typigannounced one day ahead of a
strike. However, at that time, there is still substantiatemainty as to exactly which services
will be affected and to what degree. Thus, the actual exteastrike cannot be clearly assessed
prior to the start of a strike. Although public transit seikgenerally do not shut down public
transportation networks completely, there are significhstortions. As a rule of thumb, at
least one third and up to two thirds of all connections inc#d cities are canceled or severely
delayed on strike days. After the official end of a strike smally takes some hours until service
is back to normal.

Having described the context and setting of our study, we gown to discuss how urban
populations might be affected by public transit strikes.

6See U.S. Census Bureau, 2009-2013 American Community $&¥ear Estimates, Tables GCT0802,
GCTO0803 and GCT0804.

’Another restriction implicit in the German constitutiortie so-called principle ailtima ratio. This principle
represents the application of the general constitutionaktiple of proportionality YerhaltnismaRigkejtin the
field of labor law. According to this principle, a strike islgregal if it is necessary and the ultimate measure to
solve an industrial conflict. Labor courts are empoweredssess the proportionality of industrial action and can,
if necessary, sanction illegal strikes (Klafsal., 2008).



2.2.Public Transit Strikes and Car Traffic

Given the intensive use of public transportation in majorrn@am cities, we expect strikes by
transit workers to have profound short-run effects on thderaf transport of commuters. Some
might feel forced to use their private car or motorbike ora tan strike days. Others might
switch to their bike or just walk. Again others might postpdheir journey. Van Exel and
Rietveld (2001) summarize the existing evidence as follguublic transit strikes induce most
public transit users to switch to the car (either as drivgrassenger) and as a result traffic den-
sity as well as road congestion increases. A similar coratus reached by Anderson (2014),
who analyzes freeway traffic during a 35-day strike by tramerkers in Los Angeles. His esti-
mations reveal an increase in delays during peak periodbysa50 percent due to increased
car traffic® Finally, Adler and van Ommeren (2015) exploit transit stgkn Rotterdam and also
find positive effects of transit shutdowns on congestiorsdsleon these findings we formulate
our first testable prediction:

PREDICTION 1. Public transit strikes increase the number of cars on roadgecially during
peak periods. Travel times increase due to rising traffiogastion.

2.3.Car Traffic and Accidents

The frequency and severity of road accidents depends oredénadfic characteristics that may
be affected by public transit strikes. Examples we have mdnmclude the number of cars in
road systems, driving skills, driver behavior and speedstfFan often-used specification by
transport economists suggests that the expected numbsacdarccidents rises with the number
of potential accidents which, in turn, is an increasing fiorcof the number of cars in the sys-
tem (Shefer and Rietveld, 1997). Edlin and Karaca-Mandd®@2 confirm this prediction by
showing that traffic density increases accident costs anbatly. Second, the expected number
of road accidents is a function of the behavior and skillsfeds. In this regard, we would
expect that public transit strikes reduce average drivkiigssince marginal drivers with less
experience appear on road systems. This channel worksrease the frequency of road ac-
cidents. In addition, it is well understood that driving ilgh-density traffic can contribute to
stress and therefore lead to behavioral patterns—e.lgaiténg, aggressive driving, breaking
abruptly—that increase accident risk (OECD, 2007b). Maredents are likely to result in
additional personal injuries (Shefer and Rietveld, 198iwever, the same logic does not nec-
essarily apply to accidents involving severe injuries talfies: with an increase in congestion
stemming from more cars in the system, average travel spEdakes, thus potentially causing

8Lo and Hall (2006) analyze the same strike using a simplerbeitter comparison, which has some method-
ological shortcomings as noted by Anderson (2014).
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a reduction in the number of severe accidents. Evidencethertnited States indeed suggests
a substantial reduction in the number of fatal road acc&ldating morning peak hours, periods
in which traffic density is the highest (Farmer and WilliarB805). But there is also evidence,
emerging from the United Kingdom, that the picture is moirféedentiated. In particular, con-
gestion as a mitigator of crash severity is less likely toundo urban conditions, but may still
be a factor on higher speed roads and highways (Noland andu@ud005). Our focus will
be on accidents in urban conditions. Thus, it remainsiori unclear whether an increase in
congestion stemming from public transit strikes affecesititidence of severe accidents, and if
so in what direction. Against this background, our secosthtde prediction is:

PREDICTION 2. Public transit strikes increase the frequency of car acetdevhich, in turn,
leads to a rise in accident-related injuries. The effect onidents involving severe injuries or
fatalities is a priori unclear.

2.4.Car Traffic and Air Pollution

Car traffic is associated with air pollution mainly due to ieregexhaust. The chemical processes
in fuel burning thus determine the expected effect of traffi@ir pollution. Internal combustion
engines powering the vast majority of cars in developed tmsmemit oxides of nitrogen,
carbon monoxide, unburned or partially burned organic cmmps and particulate matter with
the amounts depending amongst other things on operatingjtemms (Heywood, 1988). In
particular, it is well understood that congested stop-g@odraffic is associated with higher
emissions than free-flow traffic. There are three reasonthiwrFirst, the efficiency of internal
combustion engines, which depends on revolutions per mifptn), is highest at medium
speed (Davis and Diegel, 2007). Acceleration and dec@erapisodes decrease the time
operated in the optimapmrange, which in turn increases emissions per minute dri8enond,
congestion increases travel times, and so leads to a riselicdnsumption and emissions per
distance driven. Third, particulate matter emissions mdy stem from fuel burning process,
but also from break wear and tire wear on tarmac—both highoirgested traffic. From an
empirical viewpoint, several studies suggest that higifi¢raolumes and congestion are causes
of ambient air pollution (see, e.g., Currie and Walker, 2udittel et al,, 2011). A pollutant
which is not caused by car traffic, and therefore can be usedgtacebo test, is sulfur dioxide.
Indeed, sulfur dioxide emissions from cars are close to@astent since modern gasoline no
longer contains significant amounts of sulfur. From thegaments our third testable prediction
arises:

PREDICTION 3. Public transit strikes increase road-traffic related airlfpugion. A pollutant
expected to be unaffected is sulfur dioxide.



2.5. Air Pollution and Health

The exact pathophysiological effects of most air pollusaare not yet fully understood. How-
ever, a large body of research across many different disegplsuggests that exposure to air
pollution can impair human health, even at pollution leweddl below the limits set in devel-
oped countries (Beelegt al, 2014). The identified effects range from respiratory syon
and illness, impaired lung function, hospitalization fespiratory and cardiac disease to in-
creases in mortality. The most harmful of the air pollutatésnming from car traffic is thought
to be particulate matter. It is also widely accepted thaintg and children are the subgroup
of the population most susceptible to the effects of airygmh. This is mainly due to their
ongoing respiratory development, smaller average lurg sizd higher activity levels (Beatty
and Shimshack, 2014). Furthermore, elderly people arecegased risk due to more frequent
unfavorable health preconditions.

Much of what we know about pollution-related health proldeis based on annual fre-
guency data (see, e.g., Chay and Greenstone, 2003; Cudidleidell, 2005; Currieet al,
2009). In contrast, our empirical analysis explores thé/debntemporaneous effect of public
transit strikes on pollution-related health outcomes. sTieduced-form is based on the idea
that public transit strikes cause daily pollution shocke tluincreased car traffic and conges-
tion. Should we expect a short-term effect of air pollutiontealth? The existing evidence,
while still relatively scarce, points towards an affirmatanswer. Schlenker and Walker (2011)
show that daily variation in ground level airport congestitue to network delays significantly
increases both carbon monoxide emissions as well as hiagitassions for respiratory prob-
lems and heart disease. Their findings also suggest thaitsnémd the elderly have a higher
sensitivity to pollution fluctuations. In a similar vein, lhsonet al. (1999) show that there is
a positive association between daily emissions of padteunatter and daily visits to accident
and emergency departments in London for respiratory camtpld Ransom and Pope (1992)
exploit monthly variation in particulate matter emissiamduced by the closure of a steel mill
in Utah Valley, and find large effects on school absenteeisnprexy for children’s health.
With this evidence in mind, we formulate our final testablediction:

PREDICTION 4. Public transit strikes increase pollution-related heaftloblems, especially
among young children and the elderly.

9Relatedly, Schwartz and Dockery (1992) find that daily miytan Philadelphia is positively associated with
daily particulate matter pollution.
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3. The Data

Our main sample spans the period from 2002 to 2011 and cdwverfs/e largest cities in Ger-
many: Berlin, Hamburg, Munich, Cologne, and Frankfurt oa khain. We exploit six sources
of data to analyze the extent to which the inhabitants ofeleéges are affected by public transit
strikes10

3.1.Strike Data

Our data on public transit strikes is self-collected and esfrom newspaper archives, press re-
leases of unions and official notifications of public tragierators. In order to ensure an accu-
rate identification of strike activity, we employed a doubleeck procedure in the information-
gathering process. In particular, we only coded a day aske stay if congruent information
from at least two independent sources indicated an episba&ostrial action. During the
sample period, from 2002 to 2011, unions calling strikeslyaresorted to lengthy campaigns
of industrial action. Instead, the tactical use of one-dafes was the norm! We therefore
only include public transit strikes of one day or less in owimsample, which leaves us with
71 incidences of strike activity across all citi€sThe observed strikes either affect a city’s lo-
cal suburban train connectior8-Bahn or its subway-tram-bus netwofR.Figure 2 illustrates
the distribution of strike activity across time and spacee dWserve 12 strikes in Berlin, 13
in Frankfurt-on-the-Main and Hamburg, 16 in Cologne, andrilMunich. At least one strike
occurred in each year of the study period, and there wereoprared spikes in strike activity
in 2007 and 2011. All strikes took place on weekdays, whilekeads were unaffected. We
observe strikes in all months of the year except in June anegiber. Finally, in our period
of observation, unions rarely called strikes affectingia# cities simultaneously. Quite to the
contrary, 20 strikes only affected a single city. In additi8 strikes affected two cities, 1 strike
affected three cities, 3 strikes affected four cities, andbaccasions all five cities were si-
multaneously hit by a strike. Thus, we are able to exploihlimhe series and cross-sectional
variation in our data. Table Al of the Online Appendix pragddetailed dates of all public

10The description of the data in the main body conveys corainéion only. In Online Appendix Table A2 we
present detailed summary statistics.

Hn the data collection process, one specific reason for dloiictbecame apparent: strikes by German transit
workers typically cause a great deal of initial disruptibat within a day or two of lengthier strikes many transit
providers manage to implement effective emergency scheduhich considerably dampen the impact of strikes.

12We also identified 17 public transit strikes with a duratidmmre than a day. The days affected by these
lengthier strikes—amounting to a total of 74 city-day oations—are dropped from our main sample. In Section
5.7, we present regressions based on a sample includirglediss

BIn German cities, suburban train connections are run by Geyis rail operatoDeutsche Bahnwhile
subway-tram-bus networks are operated by local transitigeos. Workers respectively employed Bgutsche
Bahnand local transit providers are represented by differeitng; who usually do not call strikes simultaneously.
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transit strikes in the sample period.

Our empirical analysis focuses on workweek days since thishen congestion occurs.
Furthermore, there was no strike activity on weekends duttire study period, as described
above. Thus, we exclude weekends and public holitfsfysm our data set.

3.2.Traffic Data

We obtained data on traffic volumes from the Federal Highwagdarch InstituteBunde-
sanstalt fur StraRenweseBAS). Automated monitors operated IBAStcollect hourly data
on the number of passing vehicles on all freewast¢bahnehand non-freeway federal roads
(BundesstralRgracross Germany. The monitors are technically equippeistimduish between
car and truck traffic. Thus, we are able to execute a cleanreraliest of the prediction that
public transit strikes lead to an increase in car traffic. YWiude a total of 43 traffic monitors
in our sample, all selected based on their locations on caemmautes into the cities of interest
and their proximity to the respective city centers. In FegiA1-A5 in Online Appendix, we
use the geocodes of the monitors to display their exactimtabn city maps. As can be seen
from the figures, 27 monitors are located on freeways, wiilenbnitors are located on federal
roads. The empirical analysis is based on hourly traffic fatthe period January 1, 2002, to
December 31, 2011. Due to maintenance work and upgradindataoare available for Berlin
from 2006 to 2010. Similarly, values are missing for Framikfan-the-Main in 2004 and 2005.
Figure A6 in Online Appendix shows how passenger vehicledlohange over the course of
24 hours for an average workweek day. There are two peakdsefow car traffic. The first is
between 6 a.m. and 10 a.m. in the morning when car traffic idyn88% higher as compared
to the average hour. The second peak is between 3 p.m. and Tnptime afternoon. Based on
these patterns, we define the morning peak (respectivedpimy peak) to last from 6 a.m. to
10 a.m. (respectively, from 3 p.m.to 7 p.m.).

3.3.Congestion Data

We obtained data on traffic congestion frdmmTom a global supplier of location and navi-
gation products and services. Since 200@nTomhas been collecting anonymous GPS speed
measurements from navigation users across cities aroenglabe® In a map-matching pro-
cess, the GPS measurements are matched to digital city mdpssaigned to road segments

public holidays also include the carnival days from Fat Bday (Veiberfastnachtto Shrove Tuesday
(Faschingsdienstggwhich can be regarded ds factoholidays.

15As of 2014, the GPS speed database contained 6 trillion memsmts and grew by 6 billion measurements a
day.
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which vary in length between 2 meters and 2 km, depending ®@edmplexity of the road sit-
uation. For our sample cities, speed measurements existddrsegments that add up to 3,637
km in Berlin, 2,263 km in Hamburg, 2,041 km in Munich, 1,988 kmCologne, and 662 km
in Frankfurt. When the map-matching process is completaggnegated geographic database
(geobase) of measured road speeds is produced. These ggabasipdated regularly for each
map of each city to take into account the growing GPS speeatbdaé as well as changes in
the road network (map). Each digital city map with attacheelesl information can be used to
compute an average congestion index (Cl) at daily freqesndihis index is defined as:

T

Cl=—.
To

It compares actual travel times on all road segments in alaiting the course of a day | to the
free-flow travel times on these road segmefig3. (The difference is expressed as a percentage
increase in travel time. Thus, a Cl value of 1 implies thdtitravas flowing freely throughout

a day, while a value of 1.2 indicates that journeys took omaaye 20 percent longer than under
non-congested conditions. In addition to the daily Cl, weehaccess to daytime-specific Cls
for the morning and the evening peak perid@iss well as separate Cls for freeways and city
streets. The CIl data we obtained covers each city in our saamq spans the period from
January 1, 2010 through to December 31, 2011. The averalyeGlafalue is 1.3, which drops
to 1.25 for highways and increases to 1.36 for city streessore would expect, the average CI
values for the morning peak period, 1.47, and the eveninig peaod, 1.49, are higher than the
average daily value.

3.4.Accident Data

Our information on accidents is based on register data wimcludesall vehicle crashes

recorded by the German police. The police records are ¢etleand made available by the sta-
tistical offices of the German stateStétistische Landesamtér) Each police record includes a
wide variety of information about the accident (such as fidae, location) together with a de-

16The congestion indices from the data provider are pre-défiagiables that are aggregated at the city-day
level. Peak morning congestion times are 8 a.m. to 9 a.m. shwezk days. Peak evening congestion times are
5 p.m. to 6 p.m. from Monday to Thursday for Hamburg, Municbldgne and Frankfurt and 4 p.m. to 5 p.m. for
Berlin. On Fridays they are 3 p.m. to 4 p.m. for Berlin, Hantgband Cologne and 5 p.m. to 6 p.m. for Munich
and Frankfurt.

The police does not forward records on minor accidents tettitestical offices, which are therefore not present
in our database. Minor accidents are those in which (i) @asiehicles remain in a roadworthy condition and (ii)
all persons involved remain uninjured. In addition, thdist@al offices do not provide access to information on
vehicles crashes in which drivers were under influence afalt Thus, alcohol-related accidents are notincluded
in our database. Finally, our database does not includel@ts in which the parties involved reached private
agreements without involving the police.
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scription of the number and types of injuries sustained éncatcident. For the five cities in our
sample, the police records available for the period 20QRt2fdver just over 354,400 vehicle
crashes. We aggregate the police records to the city-dal/wenile distinguishing between the
morning and the evening peak hours. This procedure leavegtlua data set containing daily
observations for the a.m. and p.m. peak period on (i) the murabvehicle crashes, (ii) the
number of slightly injured persons, and (iii) the numbere@figusly or fatally injured persons.

3.5.Pollution Data

For the period 2002-2011, we obtained hourly data on atrmergppollution from the Federal
Environment AgencyUmweltbundesamt, UBAwhich operates numerous air monitors across
Germany. We include a total of 30 monitors in our sample,elécted based on their locations
on streets within the five cities’ boundari€sFigures A1-A5 of the Online Appendix show the
locations of the monitors on city maps. We focus on two tyggsotiutants: inhalable coarse
particles smaller than 10 micrometers in diameter (PM1@) @itrogen dioxide (NO2§? In
addition, we use sulfur dioxide (SO2) as a placebo pollutaat falsification test. Figure A7
in Online Appendix shows how air pollution varies over theise of 24 hours for an average
day of the workweek. For both PM10 and NO2, there are emigséaks during the morning
and evening hours, respectively. We create pollution nreasior the morning peak period
(respectively, evening peak period) by taking the averafjal hourly readings between 6 a.m.
and 10 a.m. (respectively, between 3 p.m. and 7 p.m.).

3.6.Hospitalizations: Diagnostic Data

We use data from the German hospitalization statistic ferythars 2002-2010. The dataset
provides information aboull inpatients inall German hospitals. In particular, the following
characteristics are collected for each patient: main disign(3-digit ICD-10 codé&?, day of
admission and discharge (day, month, year), place of neseé&ip code, community), month
and year of birth as well as gender. In order to examine potiutelated health problems, we
focus on hospital admissions for diseases of the respyratgstem (ICD-10 codes J00-J99)
and abnormalities of breathing (ICD-10 code R06). For egpk bf diagnosis, we aggregate
the number of hospitalizations by day of admission and ptieity of residence. Hence, we

18we exclude monitors that are situated around industri@sagince these monitors capture air quality contam-
inant concentrations that relate to the industrial opesdtothe area.

9In an earlier version of this paper, we also examined carbonaxide (CO) and found little evidence for a
strike effect on this pollutant.

20The ICD-10 classification (“International Statistical €s#fication of Diseases and Related Health Problems”)
categorizes diseases and other health problems recordaedmntypes of health and vital records.
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obtain daily counts of hospitalizations, which we examionthldor the entire population as well
as for the population subgroups of those over 64 years of egi@rder 5 years of age.

3.7.Weather and Holiday Data

We obtained city-specific weather data at daily frequenices the German Weather Agency
(Deutscher Wetterdienst In particular, we use daily measures of temperature,ipitation,
wind speed, and a binary variable indicating snow cover tarodb for the direct effects of
weather on the five outcomes of interésfTo control for the direct effects of school holidays,
we construct city-day dummy variables equal to unity whemost holidays are in effect and
zero otherwise. Our holiday data comes from the StandingeCemce of the Ministers of
Education and Cultural Affairs of the German statesl{usministerkonferenz

4. Empirical Strategy

Our identification strategy is based on a generalized @iffee-in-differences (DID) model

which essentially compares outcomes in affected and niectatl cities before, during and after
strike episodes. We now present our approach for regressioolving data at the monitor-hour
level (car traffic). In this case, we estimate our basic spation as follows:

Ymchdwy=0 + B(ST RIKEqwy) + Yh+ 84 + Yh X O + Nw + B + Fm~+ UXcdwy+ Emchdwy 1)

whereYmchdwyiS the number of cars passing monitarin city ¢ during hourh on dayd in
weekw of yeary. ST RIKEqwyis a binary variable equal to unity when a strike is in effeud a
zero otherwise. We control for a full set of time fixed effeftis each hour-of-dayy,), day-
of-week @g), week-of-year f) and year @). Thus, we flexibly capture daytime and day-of-
week patterns, seasonal effects, and long-run time tr@rdsinteractions between hour-of-day
and day-of-week take into account that hourly traffic pagenight differ between days. By
additionally including fixed effects for all monitors, we account for time-constant differences
between monitoring stations. The vecXyy includes holiday and weather controls. In our
preferred specification, we additionally allow for cityesjific time fixed effects by including
interactions of city indicators with hour-of-day, dayetek, hour-of-day day-of-week, week-
of-year and year. Moreover, our preferred specification atmtrols for city-specific weather
effects by interacting city indicators with all weather igdles. When outcome variables are
observed at the monitor-level with more than one statiorciggrwe weight regressions by the

21Few missing observations for wind speed cause our numbersgroations to drop slightly when including
controls.
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inverse of the number of observations in each city. This iéng procedure ensures that each
city is given the same weight in the regressions. For regnessnvolving data aggregated to

the monitor-day level (air pollution), we drop hour-of-dityed effects and their interactions.

For data aggregated to the city-day level (congestiondaots, health), we additionally replace
monitor fixed effects with city fixed effects.

In our setting, standard errors might be biased due to smnwedlation. We therefore follow
Bertrandet al. (2004) in clustering standard errors at the city level, tighést aggregation
level where correlation may occur. In order to account f& $mall number of clusters, the
Wald test uses a conservatiféG — 1) distribution to compute p-values, witB being the
number of clusters. Since the ad-hoc corrections for fewtels might still understate the true
size of the standard errors, we also check whether our sasoilldl using wild cluster bootstrap
t-procedures (Cameroet al, 2008). To do so, we create pseudo-samples applying cluster
specific Rademacher weights (+1 and -1 with equal probagsijito the residuals of the original
regression under the null hypothesis of no strike effect. thés estimate the strike effect on
the pseudo-samples holding the vector of controls constéhtis, we receive a distribution
of t-values, which is finally used for statistical inferende the results section, we will focus
on models using clustered standard errors to draw statistiference. However, virtually all
findings are confirmed if we instead use wild cluster boopstsarocedures.

We assume that conditional on the covariates, the locatantianing of strike activity is
orthogonal to traffic volumes, travel times, accident rig&llution emissions, and health. A
potential threat to identification arises if public trarsitikes are planned to cause maximum
disruption. If this is the case, one might expect the timihsfiokes to coincide with hours of the
day and/or days of the week during which traffic density ishigiest. Note, however, that we
control for this type of confounding variation by includihgur-of-day and day-of-week fixed
effects as well as the interaction between them. Union isaday also choose to initiate strikes
at location-time combinations where they are likely to @omximum disruption. In our most
extensive specification, we account for this possibilityifsgluding a full set of city-specific
time fixed effects in addition to the monitor or city fixed effe. There are other occasions
where the impact of strikes is conceivably high: at the beigigp of holidays or during periods
of bad weather. Again, these candidate confounders areotledtfor. In addition to suitable
conditioning, we conduct a number of sensitivity checksupp®ort our design and identifying
assumption. In particular, we examine whether the estidneffects of interest are robust to the
inclusion of additional city-specific time-varying covaies (e.g., mass events). Moreover, we
provide evidence from regressions involving both placehbkes as well as placebo outcomes.
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5. Results

5.1.Car Traffic

Table 1 reports the results for passenger vehicle flows. Tétepfanel presents regression esti-
mates involving only morning peak period data for freewal/se morning peak is defined to
last from 6 a.m. to 10 a.m. Column (1) estimates Equation ¢hgitioning only on monitor
fixed effects and the full set of time fixed effects. In the miogpeak hours of strike-free days,
the average hourly traffic flow on freeways amounts to 5,23&eger vehicles per monitor.
During a strike, vehicle flows in the morning increase by 1@is@er hour and monitor, an
effect significant at the 1% level. Column (2) shows the rigsube robust to including controls
for local weather conditions and school holidays. In ColuB))we interact the full set of time
fixed effects with city indicators. Controlling for city-spific time effects in this way leaves the
estimated strike effect largely unchanged. In Column (4)additionally interact the full set
of weather controls with city indicators. The strike coeéfid remains virtually unaffected and
highly significant. The estimate from our preferred speatfan in Column (4) suggests that
public transit strikes lead to an increase in car trafficnyithe a.m. peak period by 2.5%. The
second panel repeats the exercise for federal roads. Tiheaéstrom our preferred specifica-
tion suggests a 4.3% increase in car traffic on federal roadsgithe a.m. peak of a strike day
(Column (4)). The last two panels of Table 1 shows the strifexts in the evening peak hours
from 3 p.m. to 7 p.m. Throughout all specifications, the stréffect turns out positive and
significant for freeways. Moreover, in our preferred speatibn, the strike effect also gains
statistical significance for federal roads. We observe tiatestimates are somewhat smaller
in size during the p.m. peak period than during the a.m. peabkg, suggesting an increase in
traffic flows by slightly less than 2% both on freeways and fabl®ads.

Our data also allows us to provide a picture of strike impaetrdhe course of a day. In
Figure 3, we plot the results of a regression interactingstrke indicator withall hours of
the day. For periods outside the morning and evening peakestin public transportation
leave traffic volumes virtually unaffected. For freewayffica(Panel (a)), significant hourly
strike effects arise between 5 a.m. and 10 a.m. as well asbatd& p.m. and 7 p.m. The
most pronounced effect arises in the morning between 6 anth7 @.m., when traffic volumes
increase by 7.7%? Compared to the a.m. peak effect of strikes, the p.m. peaktaf smaller
but spreads out over a longer period. This might occur becaosymuters usually have more
flexibility in decisions over departure time in the evenihgrt in the morning commute. For
traffic on federal roads (Panel (b)), the most pronouncekestffect also arises between 6 a.m.

22The effect size is 344 cars and the average number of carsgdimat hour is 4,477.
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and 7 a.m., when traffic volumes increase by 94%loreover, the a.m. peak effects are again
more pronounced than the p.m. peak effects.

Despite our flexible estimation approach, it is importardcknowledge the possibility that
traffic is unusually high on strike days for reasons othen thiaikes being in effect. We now
conduct a falsification test in order to rule out such contbng bias in our design. Recall
that most strikes in our sample did not affect all five citieaudtaneously. This allows us to
geographically shifST RIKEq4wy from cities affected by strikes to non-affected cities. ufo
design is valid, then there should be no significant effeotsar traffic in these non-affected
cities?*

For graphical inspection, we first compute the residuals dgaession of the number of
cars per hour on the most extensive set of control variabieemuthe null hypothesis of no
strike effect. We then plot the residuals of the number o$ qgar hour against hours, where
6 a.m. of a strike day is normalized to z&roThus, data points represent hourly averages of
unexplained variations in vehicle flows. Based on these plaitats, we apply local polynomial
smoothing techniqué®. As is evident from the first panel of Figure 4, there is no jumar
traffic on freeways in non-affected cities when strikes beggewhere. Indeed, the unexplained
variations in vehicle flows run absolutely smoothly acrdss placebo strike threshold. For
affected cities, by contrast, there is a significant upwandg in car traffic when strikes begin,
as can be seen in the second panel. Apart from this jump atrike threshold, unexplained
variations in vehicle flows are remarkably flat within a pdrf three weeks before and three
after a strike episode. The last two panels of Figure 4 refbeagxercise for federal roads and
return qualitatively identical results. Table 2 presehtsplacebo analog of Table 1. Across all
specifications, and for both morning and evening peak htheglacebo effect of public transit
strikes on vehicle flows on both freeways and federal roadsaisstically insignificart’ and
small in magnitude, fluctuating around zero.

5.2.Travel Times

Table 3 presents regressions estimating the effect ofitrstn&es on travel times. The depen-
dent variables are congestion indices (Cls) basedioonTons GPS speed database. The first
panel reports results using the CI for the morning peak defibie estimate from our preferred

23The effect size is 140 cars and the average number of carsimgdthat hour is 1,484.

240bservations from struck cities are excluded from the flagample in order to exclude bias on the placebo
control dates.

25For presentational reasons, we exclude data points leftighitof the discontinuity that were also strike days.

26\We follow Lee and Lemieux (2010) and use a rectangular kdorghe smoothing function with first order
polynomials and a bandwidth of 48 hours.

2’0ne exception is the estimate in the minimum specificatiofefderal roads during the morning peak.
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specification indicates that the CI for the morning peakqekmcreases by 0.123, which im-
plies that average morning travel times increase by 8.4%afde seen across Columns (1) to
(4), the sign, magnitude and significance of the coefficiamuar strike indicator is very robust
across the four specifications. The second panel presealtsgans estimates for the evening
peak period, which are smaller in magnitude than the effetsig the morning hours. Evalu-
ated against the average evening Cl of 1.49, the resulteestgtat average travel times in the
evening increase between 3.7% and 4.3%, although the dgeeffieported in Column (4) loses
statistical significance. In the third panel, results fa #lverage peak period hour are depicted.
The preferred specification in Column (4) implies a signiftdacrease of travel times by 6.3%.
The fourth panel reports results of regressions using tres€laged over the day as the depen-
dent variable. The results suggest that strikes increaseage travel times between 3.8% to
4.3% over the course of a day. All estimates turn out to béssially significant. In the last
two panels, we use daily Cls for inner-city streets and haysyrespectively. While the effects
for city streets are more precisely estimated than for hagfsythe point estimates are almost
identical and, depending on the specification, suggestases in average travel times between
3.4% and 4.4%. Thus, strike-induced congestion spreadsatiigpes of streets within cities
and is not exclusive to freeways or inner-city streets.

5.3.Total Car Hours Operated

In what follows, we will further investigate the effects aflgic transit strikes on accident risk
and pollution emissions. Both outcomes are likely to depmntbtal car hours operated, which
in turn are determined by the number of vehicles on roads emcge travel time:

[total car hours operatge= [# cars on roadsx [ travel time in hourk

Our results so far suggest that strikes by transit workdesglboth terms on the right hand side
of this equation, with the effects being strongest durirgtiorning peak period. Indeed, during
that period, strikes increase the number of passengerlgston roads by 2.5% (freeways) to
4.3% (federal roads) and raise travel times by 8.4%. Bo#reffcombine according to:

% A[# cars on roads - % A[@ travel time in hourp 100
100 100

% Altotal car hours operatée- [ (1 +

During the a.m. peak period, public transit strikes thexefiead to a 11% to 13% increase
in total car hours operated. This is the benchmark againsthwke will evaluate subsequent
results on accident risk and pollution emissions.
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5.4.Vehicle Crashes and Accident-Related Injuries

Table 4 reports the effects of public transit strikes on gkehcrashes and accident-related in-
juries. The first panel uses the number of vehicle crashdagltiie a.m. peak period as the
dependent variable. In the morning peak hours of strike-ftays, there are on average 4.28
vehicle crashes per city. During a strike, the number of elelgrashes in the morning hours
increases by 0.607, or 14.2% of the strike-free level (Col@4)). This increase is statistically
significant and remains very stable regardless of the spattdn. The second panel reports the
results for the number of persons sustaining slight inguimevehicle crashes. Focusing on our
preferred specification (Column (4)), we find that strikeg#icantly increase the number of
slightly injured persons by 0.790. Compared to the 3.94qmalsinjuries we observe during
the morning hours of strike-fee days, this corresponds t0.4% increase. The fact that the
increase in personal injuries exceeds the increase in thauof vehicles crashes suggests
that cars are occupied by more passengers on strike daysisTdansistent with evidence sug-
gesting that strikes induce public transit users to switcthé car either as driver passenger
(Van Exel and Rietveld, 2001). Finally, there is no significaffect on the number of seriously
or fatally injured persons, as is evident from the resulporeed in the third panel. In the last
three panels of Table 4, we repeat the exercise using acddemnfor the p.m. peak period. All
evening estimates on vehicles crashes and accidentd @iieies are statistically insignificant.

5.5.Air Pollution

Table 5 contains two central results on air pollution. Thinggtes in the first panel indicate
that public transit strikes have a statistically significand positive effect on morning peak
emissions from particulate matter, a major traffic-relgtetdutant. In particular, the results in
Columns (1) to (4) imply that particle pollution increasgs18.3% to 14.8% during the a.m.
peak hours of a strike day. The results in the second pangéstthat public transit strikes also
have positive effects on morning peak emissions of nitratiexide. For example, our preferred
specification (Column (4)) yields a statistically signifitincrease of NO2 by 3.3fig/m?, or
4.3% of the strike-free level. In the last two panels of Tablave repeat the exercise using
pollution data for the p.m. peak period. All evening estiesabn air pollution are statistically
insignificant.

A potential threat to identification is that air pollution strike days might be higher than
usual for reasons other than strikes being in effect. Algfowe control for an extensive set of
time fixed effects and local weather conditions, there mayrmbserved time-varying factors
that are correlated with strikes and at the same time deterthie occurrence and durability
of pollutants in ambient air. To empirically analyze theekgnce of these concerns, we now
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conduct another falsification test. In particular, we irigege the effect of public transit strikes
on SO2. As mentioned above, sulfur dioxide is no longer a ntajtpipe pollutant. However,
it nevertheless depends on environmental conditions lieynother pollutants. Table 6 reports
the results. Across all specifications, and for both mor@ing evening peak hours, the effect
of public transit strikes on SO2 is statistically insigréfint, which corroborates the validity of
our empirical design.

5.6.Hospitalizations

Table 7 reports the results for pollution-related healthbpgms. The first panel presents re-
gression estimates involving data on hospitalizationslfeeases of the respiratory system. On
an average strike-free day, we observe 61 hospital admis&o respiratory illnesses per city,
roughly 8 of which occur among children under 5 years of ageaG@trike day, the number of
children diagnosed with respiratory illnesses increages &79, or 11% of the strike-free level
(Column (2)). The estimate is statistically significant. tAé same time, there is no evidence
for an increase in respiratory illnesses in the total pdpareor in the subgroup of the elderly
(Columns (1) and (3)). The second panel uses hospitalimfar abnormalities of breathing
as the dependent variable. On an average strike day, tHentotdber of patients admitted to
hospitals due to breathing problems increases by 13% (Goli)), an estimate significant at
the 5% level. As before, the effect appears to be driven bysthroup of young children,
for whom we find a precisely estimated 34% increase in hdsgi@issions for abnormalities
of breathing (Column (2)). The strike dummy variable for ghderly patient subgroup has a
positive but not statistically significant coefficient. Wie@examined hospital admissions for
diseases of the circulatory system (ICD-10 codes 100-19%.found no evidence for a strike
effect on circulatory illnesses.

5.7.Robustness

Mass Events. Our estimates in the previous section would be biased itthare omitted
variables that are correlated with the occurrence of striked the outcomes of interest. For
example, suppose that strikes by transit workers tend tocate with mass events (e.g., trade
fairs, sporting events, festivals). If mass events resudtn increase (respectively, decrease) in
traffic volumes, then omitting controls for such events lssn an upward (respectively, down-
ward) biased estimate of the true effect of public transikkaes. To mitigate this omitted variable
bias, we now extensively control for mass events at thedatylevel. In particular, we add the
binary variablg MassEvengwy) to Equation (1), which equals unity for events such as the Bee
Festival Oktoberfestand Security Conference in Munich, the Harbor FestitAdfénfesy in
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Hamburg, the Museum Embankment Festivdugeumsuferfesin Frankfurt on the Main, the
Christopher Street Day Parade in Cologne, or the Carniv@lLdtires Karneval der Kulture
the Fan Park during the 2006 Soccer World Championship itirBand a number of trade
fairs 28 The results reported in Table 8 show that the mass eventadieetf turn out to be small
throughout all specifications and mostly insignificant. Blamportantly, the coefficients on
our strike dummy variable remain virtually unchanged coragdo the benchmark estimates in
Table 1.

Multi-Day Strikes. We have so far exploited 71 one-day strikes in public trartgion over
the period from 2002 to 2011. During that period, there wdse a7 strikes with a duration
of more than one day across the five cities. We now add all weekwdays affected by these
multi-day strikes—amounting to a total of 74 city-day obs¢ions—to our sample. Then, we
re-estimate Equation (1) using both a one-day strike dummayaamulti-day strike dummy as
independent variables. Table 9 presents the results oexténded specification for passen-
ger vehicle flow$® The estimates suggest that the effect of multi-day strikesas traffic is
generally smaller than the effect of one-day strikes. Oresiite explanation for this result
is one that we already mentioned: strikes by transit workefSermany cause a great deal of
initial disruption, but within a day or two of lengthier dtes transit provider typically manage
to implement effective emergency schedules which dampemtpact of strikes.

Standard Errors. Since reliable inference is a concern when there are fewerkiswe
checked whether our results also hold using wild clustetsicap t-procedures instead of clus-
tering standard errors. As mentioned above, all our findimg® very robust to using the stan-
dard 2-point wild cluster bootstrap suggested by Cametah (2008). However, Webb (2014)
argues that this procedure may be noisy with a small numbelusters because the estimated
p-values are intervals rather than point estimates. Inrdaeeceive more precise p-values,
he suggests expanding the standard 2-point wild clustesstrap to a multi-point wild cluster
bootstrap. We followed this suggestion and substitute®Rtmemacher weights (+1 and -1 with
equal probabilities) by randomly drawing the weights fromoamal distribution with a mean
of zero and a standard deviation of one. The p-values olatdinen this alternative bootstrap
procedure suggest that the estimated strike effects gdiarrtnan lose statistical significance.

28The extended model controls for a total of 55 mass eventsathe five cities, attracting crowds of more
than 150,000 people per day on average. The days affectdtebg tvents amount to a total of 1,091 city-day
observations.

29The resulting sample for freeways includes 64 one-dayestrénd 12 multi-day strikes, which cover 41 city-
day observations. In the sample for federal roads, we obsEone-day strikes and 10 multi-day strikes, which
cover 37 city-day observations.
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Measurement Error. Our strike indicator is based on self-collected data andtritgerefore
be prone to measurement error. Indeed, we cannot entidelyut that we (i) missed days that
were affected by strikes or (ii) erroneously coded a day asikesday even though no strike
took place. Note, however, that both types of measurementt eould result in a downward
bias in the estimated effects of public transit strikes. & missed days that were affected by
strikes and hence erroneously coded them as non-striketti@yscar traffic on non-strike days
would be higher, which in turn reduces the estimated effestrikes. If we erroneously coded a
day as a strike day, car traffic on strike days would be lowhickvagain reduces the estimated
effect of strikes.

6. Discussion and Conclusions

How large are the costs of transit strikes to non-involvéditparties? The lion’s share of third-
party costs stems from the increase in travel time due toestran. From the 2003 wave of
the German Socio-Economic Panel (SO¥Pyve obtain information on commuter incidence,
modes of transport, and travel times. In the five cities ofsample, 47% of the working pop-
ulation commute to their work place using a car, while 43% wai public transit. Combining
this information with local employment datathe average number of car commuters per city
amounts to 486,000, while there are on average 445,000 ctensrusing mass transit. Accord-
ing to the SOEP, average one-way travel-to-work time is 27uteis for car commuters and 37
minutes for commuters relying on public transit. The esteaan Table 3 imply that travel times
for car commuters increase by 6.3% the during the peak peridd@ assume that mass-transit
commuters experience the same percentage increase ihtitma@® as car commuters, irrespec-
tive of whether they switch to the car or continue to use muipéinsport on strike days. In the
average city, a single one-day strike therefore impliesnanegse in aggregate travel time by
roughly 62,000 hours, or 1,550 full-time equivalent workeks. Valuing time at average GDP
per hour worked€ 5232 we estimate congestion costs®f3.2 million per strike orE 228.9
million for all 71 strikes in our main sample.

If these costs are not internalized in the collective baniggi process, the level of strike
activity resulting from failed negotiations will be ineffently high. In this regard, it might be
interesting to set the third-party congestion costs inti@tato the costs of struck employers.

30S0cio-Economic Panel (SOEP), Data from 1984-2012, DOB@A®4/soep.v29.1. We use the SOEPremote
version to identify the cities of our sample.

3laverage number of employed individuals per city is 1,048,08ee Statistical Offices of Federal State and
States (2011), working population, http://aketr.defésfiaketr/DATA/Tabellen/KR_ET.pdf, as of 03/26/2014.

325ee Statistical Offices of Federal State and States (20t /Wwww.vgrdl.de/Arbeitskreis_ VGR/tbls/R2B1.zip
and http://aketr.de/tl_files/aketr/DATA/Tabellen/KRV.Adf, as of 03/26/2014.
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For transit providers, the withdrawal of striking workergams a partial shutdown of services,
and with it a loss of revenues from ticket sales. In the av@iaty, transit providers generate
revenues from ticket sales &445.8 million annually. Assuming that struck transit pabsis
are unable to raise any revenue from their users, this qunels to a revenue loss &1.2
million per strike day, or roughly one-third of the daily gestion costs to non-involved third
parties.

Our most interesting and novel finding is that strikes in putsphnsportation not only cause
congestion costs, but also pose a non-negligible thregiublic safety and public health. We
have shown that public transit strikes cause daily poltusibocks accompanied by an increase
in pollution-related health problems. For children undeyears of age, hospital admissions
for respiratory diseases and abnormalities of breathiaggase by 11% and 34%, respectively.
With 71 transit strikes in our sample, 68 more young childnad to be admitted to hospitals
than would have been if there had been no strikes. Moreouegsiimates suggest that transit
strikes increase the risk of being injured in a motor veharkesh by 20%. According to the
International Labour Organization (ILO), governments ban strikes in “essential services”,
defined as a service whose stoppage poses a clear and imrtireatdt to the life, personal
safety or health of the whole or part of the population. Rutsthnsportation does not fall under
the ILO’s definition of an essential service. Taken at fadee/aour results seem to provide
strong evidence in support of the opposite position: thassneansit—just as the police or
firefighters—is critical to public safety and health on a deyday basis.

It is important to keep a few caveats in mind. Our analysisdsaopen the question of
whether laws banning public transportation strikes ardaselenhancing. Tracing the total
welfare consequences of strikes is complex. Our analysiwsthat strike-induced disruptions
of mass transit services have adverse effects on urbangtagnd in the short-run. However,
it misses any longer-run impacts of public transit strikésr example, it stands to reason that
these strikes may provide offsetting long-term benefitsufthan populations if they result in
agreements that improve organizational performance iarurbass transit. Further research
is therefore warranted to develop a comprehensive apprioaastablishing a measure of the
welfare effects of strikes in public transportation.

Another issue is external validity. It seems reasonablesoime that the size of the impact
of transit strikes on the studied outcomes depends on dewerhating factors. The following
examples spring to mind: the capacity of highways and roadsbsorb additional drivers;
the average age of cars on roads; environmental laws ragyledr emissions; posted speed
limits; or prominent weather features that affect the aadaton of pollution. These mediating
factors are likely to vary across jurisdictions. Thus, teéreated strike effects in German cities
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might be different from similar strikes in, say, US citieshish we have cited as a points of
comparison. In order to gauge the external applicabilitpwf results, future research should
therefore attempt to document how the impact of public itesiskes varies along mediating
factors.
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FIGURE 3: The Hourly Effect of Strikes on Car Traffic
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FIGURE 4: Placebo Strikes Versus Actual Strikes
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TABLE 1: The Effect of Strikes on Car Traffic

Dependent Variable: Hourly Passenger Vehicle Flows peritdon

1) 2 3) (4)
1. Freeways — Morning Peak
Strike 160.7** 136.8** 128.3** 131.6**
[5,239 (26.81) (10.81) (13.79) (12.07)
N 213,160 212,896 212,896 212,896
R? 0.899 0.903 0.921 0.922
2. Federal Roads — Morning Peak
Strike 62.93* 57.38* 72.40** 77.72%
[1,79Q (12.82) (15.33) (7.99) (9.49)
N 102,704 102,540 102,540 102,540
R? 0.921 0.924 0.961 0.962
3. Freeways — Evening Peak
Strike 125.4* 103.3** 88.35* 91.50**
[5,785 (28.61) (21.24) (19.72) (17.89)
N 213,160 212,896 212,896 212,896
R? 0.937 0.939 0.950 0.950
4. Federal Roads — Evening Peak
Strike 21.44 13.71 26.29 37.88
[2,12] (17.38) (18.12) (14.29) (10.18)
N 102,704 102,540 102,540 102,540
R? 0.960 0.962 0.972 0.973
Monitor FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Controls Yes Yes Yes
CityxTime Yes Yes
City x Weather Yes

NOTES. Number of one-day strikes used in estimation sample: 64rémways, 45 for federal roads. Mean
of the dependent variable on strike-free days reported uarggbrackets. All regressions include monitor fixed
effects. Time FE include hour-of-day, day-of-week, hofitdayx day-of-week, week-of-year, and year. Controls
include a dummy for school holidays and the following weath@riables: atmospheric temperature, amount
of precipitation, wind speed, and a snow cover dummy. ityne are interactions of city indicators with all
Time FE. Cityx Weather are interactions of city indicators with all weath&riables. Weights are the number of
observations per station over the number of observationsifye Cluster-robust standard errors in parentheses.

10%,**5%, *** 1% confidence level.
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TABLE 2: The Effect of Placebo Strikes on Car Traffic

Dependent Variable: Hourly Passenger Vehicle Flows peritdon

) 2 3 4
1. Freeways — Morning Peak
Placebo Strike -17.52 -28.42 -22.12 -16.21
[5,239 (24.47) (41.47) (36.84) (35.33)
N 211,836 211,572 211,572 211,572
23 0.899 0.903 0.921 0.922

2. Federal Roads — Morning Peak

Placebo Strike 14.70 7.171 -7.729 -6.846
(1,799 (5.563) (5.947) (12.91) (10.66)
N 102,124 101,960 101,960 101,960
R2 0.921 0.924 0.961 0.962

3. Freeways — Evening Peak

Placebo Strike -17.07 -15.83 -11.85 -4.038
5,785 (10.72) (18.24) (22.23) (20.04)
N 211,836 211,572 211,572 211,572
R2 0.937 0.939 0.950 0.950

4. Federal Roads — Evening Peak

Placebo Strike -8.00 -10.86 -21.52 -17.56
[2,12] (5.867) (11.28) (18.75) (16.15)
N 102,124 101,960 101,960 101,960
R2 0.960 0.962 0.972 0.973
Monitor FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Controls Yes Yes Yes
CityxTime Yes Yes

City x Weather Yes

NOTES. Number of one-day placebo strikes used in estimation sami# for freeways, 61 for federal roads.
Mean of the dependent variable on strike-free days repamteduare brackets. All regressions include monitor
fixed effects. Time FE include hour-of-day, day-of-weekuhof-dayx day-of-week, week-of-year, and year.
Controls include a dummy for school holidays and the follogviveather variables: atmospheric temperature,
amount of precipitation, wind speed, and a snow cover dun@ityx Time are interactions of city indicators with

all Time FE. Cityx Weather are interactions of city indicators with all weathariables. Weights are the number
of observations per station over the number of observapensity. Cluster-robust standard errors in parentheses.
*10%,**5%, *** 1% confidence level.
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TABLE 3: The Effect of Strikes on Travel Times

Dependent Variable: Actual Travel Time Divided by Freeviltravel Time (Congestion Index)

1) (2) 3) 4)
1. Morning Peak
Strike 0.117 0.134* 0.123 0.123
[1.47 (0.052) (0.042) (0.049) (0.051)
N 2,454 2,454 2,454 2,454
R? 0.392 0.539 0.621 0.630

2. Evening Peak

Strike 0.056* 0.065 0.064 0.062
[1.49 (0.020) (0.024) (0.027) (0.030)
N 2,454 2,454 2,454 2,454
=2 0.291 0.351 0.473 0.482
3. All Peaks
Strike 0.086* 0.099* 0.094* 0.093
[1.48 (0.031) (0.028) (0.033) (0.036)
N 2,454 2,454 2,454 2,454
R? 0.329 0.474 0.583 0.594
4. All Day
Strike 0.050* 0.056* 0.051* 0.050*
[1.30 (0.013) (0.013) (0.016) (0.017)
N 2,454 2,454 2,454 2,454
R? 0.306 0.397 0.533 0.547

5. City Streets — All Day

Strike 0.047* 0.054* 0.048* 0.048*
[1.36 (0.007) (0.011) (0.009) (0.010)
N 2,454 2,454 2,454 2,454
R 0.350 0.478 0.591 0.601

6. Freeways — All Day

Strike 0.050 0.055* 0.05r 0.049
[1.25 (0.020) (0.019) (0.022) (0.024)
N 2,454 2,454 2,454 2,454
R? 0.252 0.308 0.503 0.522
City FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Controls Yes Yes Yes
CityxTime Yes Yes
City x Weather Yes

NoTES. Number of one-day strikes used in estimation sample: 2Gard the dependent variable on strike-free
days reported in square brackets. All regressions inclitgddixed effects. Time FE include day-of-week, week-
of-year, and year. Controls include a dummy for school teglgdand the following weather variables: atmospheric
temperature, amount of precipitation, wind speed, and & siower dummy. City Time are interactions of city
indicators with all Time FE. Citx Weather are interagaons of city indicators with all weathariables. Weights
are the number of observations per station over the numhmrsarvations per city. Cluster-robust standard errors
in parentheses. 10%,**5%, *** 1% confidence level.



TABLE 4: The Effect of Strikes on Vehicle Crashes and Accident-&e&lafuries

Dependent Variables: Number of Vehicle Crashes and ActiRefated Injuries

1) (2) 3) 4)
1. Vehicle Crashes — Morning Peak
Strike 0.616 0.618 0.616 0.607
[4.280 (0.254) (0.273) (0.259) (0.250)
N 12,253 12,238 12,238 12,238
R? 0.405 0.428 0.472 0.478

2. Slightly Injured Persons — Morning Peak

Strike 0.761 0.765* 0.793* 0.790*
3.94Q (0.151) (0.181) (0.201) (0.192)
N 12,253 12,238 12,238 12,238
R2 0.388 0.408 0.449 0.455

3. Seriously or Fatally Injured Persons — Morning Peak

Strike -0.011 -0.014 -0.012 -0.013
[0.354 (0.059) (0.057) (0.055) (0.055)
N 12,253 12,238 12,238 12,238
R? 0.096 0.101 0.124 0.127

4. Vehicle Crashes — Evening Peak

Strike 0.269 0.284 0.080 0.0836
(6.962 (0.418) (0.481) (0.476) (0.475)
N 12,253 12,238 12,238 12,238
R? 0.540 0.561 0.599 0.607

5. Slightly Injured Persons — Evening Peak

Strike 0.546 0.561 0.357 0.388
6.786 (0.463) (0.517) (0.533) (0.527)
N 12,253 12,238 12,238 12,238
R 0.497 0.514 0.552 0.558

6. Seriously or Fatally Injured Persons — Evening Peak

Strike -0.106 -0.101 -0.090 -0.093
[0.648 (0.055) (0.056) (0.053) (0.055)
N 12,253 12,238 12,238 12,238
R2 0.155 0.162 0.187 0.192
Monitor FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Controls Yes Yes Yes
CityxTime Yes Yes
City x Weather Yes

NoTES. Number of one-day strikes used in estimation sample: 71arvie the dependent variable on strike-free
days reported in square brackets. All regressions inclitgddixed effects. Time FE include day-of-week, week-
of-year, and year. Controls include a dummy for school teglgdand the following weather variables: atmospheric
temperature, amount of precipitation, wind speed, apd & siower dummy. City Time are interactions of city
indicators with all Time FE. Citx Weather are interaﬁons of city indicators with all weathariables. Weights
are the number of observations per station over the numhmrsarvations per city. Cluster-robust standard errors
in parentheses. 10%,**5%, *** 1% confidence level.



TABLE 5: The Effect of Strikes on Particle Pollution and Nitrogen de Emissions

Dependent Variable: Mean Hourly Pollution Emissiongigy m®

1) 2 3) (4)

1. PM10 — Morning Peak
Strike 5.150* 5.013* 5.566" 5.334*
[37.64 (1.328) (1.600) (1.607) (1.653)
N 33,049 33,007 33,007 33,007
R? 0.184 0.313 0.342 0.351

2. NO2 — Morning Peak

Strike 2.749 2.840 3.277 3.314
[76.89 (1.433) (1.460) (1.417) (1.427)
N 38,586 38,525 38,525 38,525
R? 0.398 0.490 0.510 0.519

3. PM10 - Evening Peak

Strike 1.085 0.547 0.464 0.292
35.30 (2.394) (2.677) (2.942) (2.940)
N 33,778 33,737 33,737 33,737
R 0.196 0.305 0.338 0.350

4. Mean NO2 — Evening Peak

Strike -0.487 -0.464 -0.973 -1.063
[77.2Q (2.473) (3.073) (3.298) (3.436)
N 39,528 39,468 39,468 39,468
R2 0.347 0.436 0.463 0.478
Monitor FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Controls Yes Yes Yes
CityxTime Yes Yes
City x Weather Yes

NoTES. Number of one-day strikes used in estimation sample: 68rvid the dependent variable on strike-free
days reported in square brackets. All regressions includeitor fixed effects. Time FE include day-of-week,
week-of-year, and year. Controls include a dummy for schobtlays and the following weather variables: atmo-
spheric temperature, amount of precipitation, wind spaad,a snow cover dummy. CityTime are interactions
of city indicators with all Time FE. City Weather are interactions of city indicators with all weathariables.
Weights are the number of observations per station overuh#er of observations per city. Cluster-robust stan-
dard errors in parenthese€sl0%,**5%, *** 1% confidence level.
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TABLE 6: The Effect of Strikes on Placebo Air Pollution

Dependent Variable: Mean Hourly Pollution Emissiongigy m*

1) 2 3) (4)
1. SO2 — Morning Peak
Strike 0.361 0.234 0.089 0.186
6.47 (0.385) (0.380) (0.255) (0.190)
N 14,068 14,038 14,038 14,038
23 0.187 0.227 0.272 0.297

2. SO2 — Evening Peak

Strike -0.040 -0.275 -0.238 -0.184
[5.03 (0.220) (0.297) (0.222) (0.235)
N 14,377 14,349 14,349 14,349
R? 0.259 0.300 0.361 0.371
Monitor FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Controls Yes Yes Yes
CityxTime Yes Yes
City xWeather Yes

NoTES. Number of one-day strikes used in estimation sample: A5arve the dependent variable on strike-free
days reported in square brackets. All regressions includeitor fixed effects. Time FE include day-of-week,
week-of-year, and year. Controls include a dummy for schobtlays and the following weather variables: atmo-
spheric temperature, amount of precipitation, wind spaad,a snow cover dummy. CityTime are interactions
of city indicators with all Time FE. City Weather are interactions of city indicators with all weathariables.
Weights are the number of observations per station overuh#er of observations per city. Cluster-robust stan-
dard errors in parentheseésl 0%, **5%, *** 1% confidence level.
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TABLE 7: The Effect of Strikes on Hospitalizations

Dependent Variable: Number of Hospitalized Patients pgr Da
1) 2) (3)

Full sample Ages below 5 Ages 65 and above

1. Respiratory Diseases (ICD-10 codes J00-J99)

Strike 0.963 0.879 0.145
(1.746) (0.208) (0.829)
N 11,000 11,000 11,000
R2 0.924 0.692 0.861
[Meari [61.09] [7.82] [22.09]

2. Abnormalities of Breathing (ICD-10 code R06)

Strike 0.160* 0.074* 0.049
(0.048) (0.018) (0.096)
N 11,000 11,000 11,000
R? 0.182 0.098 0.089
[Mearj [1.27] [0.22] [0.39]
City FE Yes Yes Yes
Time FE Yes Yes Yes
Controls Yes Yes Yes
City xTime Yes Yes Yes
City x Weather Yes Yes Yes

NoTES. Number of one-day strikes used in estimation sample: 5 ands the dependent
variable on strike-free days reported in square brackdtsegressions include city fixed
effects. Time FE include day-of-week, week-of-year, anary€ontrols include a dummy
for school holidays and the following weather variablematpheric temperature, amount
of precipitation, wind speed, and a snow cover dummy. £ityne are interactions of
city indicators with all Time FE. City Weather are interactions of city indicators with all
weather variables. Weights are the number of observatienstption over the number of
observations per city. Cluster-robust standard errorainemtheses: 10%,**5%, *** 1%
confidence level.
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TABLE 8: The Effect of Public Transit Strikes on Car Traffic — Contiradlfor Mass Events

Dependent Variable: Hourly Passenger Vehicle Flows peritdon

1) 2) 3) 4)
1. Freeways — Morning Peak

Strike 160.5** 136.5** 128.4** 131.6**
[5,239 (26.47) (10.75) (13.79) (12.09)
Mass event -29.86 -40.48 -6.275 -0.234

(26.40) (15.41) (11.72) (10.09)
N 213,160 212,896 212,896 212,896
R? 0.899 0.903 0.921 0.922

2. Federal Roads — Morning Peak

Strike 63.05* 57.29* 72.42%* 77.67
[1,79Q (12.77) (15.27) (8.021) (9.383)
Mass event 4.891 -3.430 2.691 -4.469

(15.19) (4.688) (3.764) (6.443)
N 102,704 102,540 102,540 102,540
R? 0.921 0.924 0.961 0.962

3. Freeways — Evening Peak

Strike 125.2* 103.2** 88.39* 91.51**
[5,785 (28.54) (21.37) (19.79) (17.91)
Mass event -20.25 -25.85 -10.23 -3.999

(24.90) (17.89) (7.039) (7.196)
N 213,160 212,896 212,896 212,896
R? 0.937 0.939 0.950 0.950

4. Federal Roads — Evening Peak

Strike 21.81 13.95 26.28 37.82
[2,12] (17.22) (18.02) (14.31) (10.27)
Mass event 14.82 9.474 -0.917 -5.533

(20.05) (12.21) (3.856) (5.104)
N 102,704 102,540 102,540 102,540
R? 0.960 0.962 0.972 0.973
Monitor FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Controls Yes Yes Yes
CityxTime Yes Yes
City x Weather Yes

NoTES. Number of one-day strikes used in estimation sample: 64rémways, 45 for federal roads. Mean
of the dependent variable on strike-free days reported iarggbrackets. All regressions include monitor fixed
effects. Time FE include hour-of-day, day-of-week, hotidayx day-of-week, week-of-year, year and holiday
fixed effects. Controls include a dummy for school holidagd ¢he following weather variables: atmospheric
temperature, amount of precipitation, wind speed, and & siower dummy. City Time are interactions of city
indicators with all Time FE. Citx Weather are interactions of city indicators with all weath&riables. Weights
are the number of observations per station over the numhmrsarvations per city. Cluster-robust standard errors
in parentheses. 10%,**5%, *** 1% confidence level.



TABLE 9: The Effect of One-Day and Multi-Day Strikes on Car Traffic

Dependent Variable: Hourly Passenger Vehicle Flows peritdon

Freeways
(morning peak)

1) 2
Federal Roads
(morning peak)

(3)
Freeways
(evening peak)

4
Federal Roads
(evening peak

One-day strike 1316 77.77* 91.35* 37.83*
(12.12) (9.528) (17.98) (10.14)
Multi-day strike 113.7 54.24* 94.35* -0.619
(33.57) (12.58) (23.62) (27.36)
N 213,892 103,128 213,892 103,128
R? 0.922 0.962 0.950 0.973
[Mean] [5,239] [1,790] [5,785] [2,121]
Time FE Yes Yes Yes Yes
Weather Yes Yes Yes Yes
CityxTime Yes Yes Yes Yes
City xWeather Yes Yes Yes Yes

NoTES. Number of one-day strikes used in estimation sample: 64rémways, 45 for federal roads. Multi-day

strikes used in estimation sample include 12 events cayérincity-day observations for freeways and 10 events
covering 37 city-day observations for federal roads. Mefah® dependent variable on strike-free days reported in

square brackets. All regressions include monitor fixedot$fe Time FE include hour-of-day, day-of-week, hour-
of-dayx day-of-week, week-of-year, year and holiday fixed effe@entrols include a dummy for school holidays

and the following weather variables: atmospheric tempegatamount of precipitation, wind speed, and a snow

cover dummy. Citk Time are interactions of city indicators with all Time FE.tyi Weather are interactions of

city indicators with all weather variables. Weights are thenber of observations per station over the number of

observations per city. Cluster-robust standard erroraieqtheses. 10%,**5%, *** 1% confidence level.
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Appendix for Online Publication

FIGURE Al: Location of Traffic and Air Monitors — Berlin
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NoOTES: Triangles indicate traffic monitors on freeways, diamoindiscate traffic monitors on federal roads, stars

indication air monitors. Map tiles by Stamen Design, und€ri&Y 3.0. Data by OpenStreeMap, under CC BY
SA. Scale 1:250,000.



FIGURE A2: Location of Traffic and Air Monitors — Hamburg
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NOTES: Triangles tors on freeways, diamoimdiicate traffic monitors on federal roads, stars
indication air monitors. Map tiles by Stamen Design, und€ri&Y 3.0. Data by OpenStreeMap, under CC BY
SA. Scale 1:200,000.



FIGURE A3: Location of Traffic and Air Monitors — Munich

NoTEs Triangles indicate traffic monitors on freeways, diamoindscate traffic monitors on federal roads, stars
indication air monitors. Map tiles by Stamen Design, und€ri&Y 3.0. Data by OpenStreeMap, under CC BY
SA. Scale 1:200,000.




FIGURE A4: Location of Traffic and Air Monitors — Cologne

NoTES Triangles indicate 1
indication air monitors. Map tiles by Stamen Design, und€ri&Y 3.0. Data by OpenStreeMap, under CC BY
SA. Scale 1:200,000.



FIGURE A5: Location of Traffic and Air Monitors — Frankfurt
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indication air monitors. Map tiles by Stamen Design, und€ri&Y 3.0. Data by OpenStreeMap, under CC BY
SA. Scale 1:200,000.
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FIGURE A6: Passenger Vehicle Flows over the Course of an Average Wgekda
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FIGURE A7: Air Pollution over the Course of an Average Weekday
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TABLE Al: Public Transit Strikes of One Day or Less (2002-2011)

Year Berlin Cologne Frankfurt Hamburg Munich
05/27/2002 05/27/2002
2002 (4:00-8:00) (4:00- 8:00)
12/17/2002 12/16/2002
(4:00-7:30) (all day)
2003 03/06/2003 03/06/2003 03/06/2003 03/06/2003
(6:00-6:45) (6:00-6:45) (6:00-6:45) (6:00-6:45)
04/21/2004
2004 (7:00-8:00)
04/23/2004
(18:00-20:00)
2005 05/24/2005 09/15/2005
(3:30-10:00) (all day)
09/29/2006
2006 (4:00-6:00)
07/03/2007 07/03/2007 07/03/2007 07/03/2007 07/03/2007
(5:00-9:00) (5:00- 9:00) (5:00-9:00) (5:00-9:00) (5:00:@)
07/10/2007 07/10/2007 07/10/2007 07/10/2007
(8:00-10:15) (8:00-10:15) (8:00-10:15) (8:00-10:15)
2007 08/09/2007 08/09/2007
(8:00-10:00) (8:00-10:00)
10/05/2007 10/05/2007 10/05/2007 10/05/2007 10/05/2007
(8:00-11:00) (8:00- 11:00) (8:00-11:00) (8:00-11:00) (®-11:00)
10/12/2007 10/12/2007 10/12/2007 10/12/2007 10/12/2007
(all day) (all day) (all day) (all day) (all day)
10/18/2007 10/18/2007 10/18/2007 10/18/2007 10/18/2007
(2:00-11:00) (2:00-11:00) (2:00-11:00) (2:00-11:00) (0-11:00)
2008 02/22/2008 02/22/2008
(4:00-12:00) (3:00-7:30)
01/29/2009 02/25/2009 02/03/2009
2009 (6:30-9:00) (all day) (3:30-15:30)
02/27/2009
(all day)
02/09/2010 02/04/2010 02/01/2010 01/20/2010 09/10/2010
(3:00-14:00) (3:00-6:30) (all day) (all day) (4:00-10:00)
2010 10/26/2010 02/05/2010 01/29/2010 09/15/2010
(4:00-9:00) (all day) (all day) (all day)
10/26/2010 02/18/2010 10/26/2010
(5:00-8:30) (3:00-15:00) (4:00-19:00)
02/22/2011 02/22/2011 02/22/2011 02/22/2011 02/22/2011
(6:00-8:00) (6:00-8:00) (6:00-8:00) (6:00-8:00) (6:0060)
2011 03/10/2011 02/25/2011 02/25/2011 02/25/2011 02/25/2011
(4:00-10:00) (8:30-11:30) (8:30-11:30) (8:30-11:30) @-11:30)
03/10/2011 03/10/2011 03/10/2011 03/10/2011
(4:00-10:00) (4:00-10:00) (4:00-10:00) (4:00-10:00)

NOTES: Table lists dates and duration of one-day strikes in pubdinsportation during the period 2002-2011. One-dayesrik
labeled “all day” affected the entire operating hours ofgkevices in question.



TABLE A2: Summary Statistics

N Mean Stddev Min

Panel A: Car Traffic
213,160 5,240 2,2913 112,911

Max

# Freeway cars per hour (morning peak)

# Freeway cars per hour (evening peak) 213,160 5,786 2,253 (8,142
# Federal road cars per hour (morning peak) 102,704 1,789 97%1 5,039
# Federal road cars per hour (evening peak) 102,704 2,120691,0307 5,463
Panel B: Congestion
Congestion Index (morning peak) 2,454 1.47 0.20 1.04 3.03
Congestion Index (evening peak) 2,454 1.49 0.20 1.13 3.36
Congestion Index (all peaks) 2,454 1.48 0.16 1.09 263
Congestion Index (all day) 2,454 1.31 0.09 1.09 2.04
Congestion Index (city streets - all day) 2,454 1.36 0.07 81.12.01
Congestion Index (highways - all day) 2,454 1.25 0.11 1.04 112.
Panel C: Accidents
# Vehicle crashes (morning peak) 12,253 4.28 3.28 0 27
# Vehicle crashes (evening peak) 12,253  6.96 4.82 0 39
# Slightly injured (morning peak) 12,253 3.94 3.47 0 26
# Slightly injured (evening peak) 12,253 6.78 5.27 0 41
# Seriously or fatally injured (morning peak) 12,253 0.35 6@0. 0 6
# Seriously or fatally injured (evening peak) 12,253 0.65 950. O 8
Panel D: Pollution
Mean PM10 inug/m? (morning peak) 33,049 37.68 21.28 2 463
Mean PM10ug/m? (evening peak) 33,778 35.32 20.30 1 273
Mean NO2 inug/m?® (morning peak) 38,586 76.87 29.72 2 257
Mean NO2 inug/m? (evening peak) 39,528 77.22 31.79 5 350
Mean SO2 inug/m? (morning peak) 14,068 6.46 6.41 0 101
Mean SO2 inug/m?® (evening peak) 14,377 5.03 4.58 0 70
Panel E: Hospitalizations
# Respiratory (all patients) 11,015 61.08 36.02 3 250
# Respiratory (ages below 5) 11,015 7.82 5.76 0 45
# Respiratory (ages 65 and above) 11,015 22.08 15.05 0 112
# Breathing (all patients) 11,015 1.27 1.23 0 8
# Breathing (ages below 5) 11,015 0.22 0.49 0 5
# Breathing (ages 65 and above) 11,015 0.39 0.65 0 4
Panel F: Control Variables
Mean Temperature C) 12,253 10.42 7.58 -15 30
Precipitation (mm) 12,238 341 1.58 0 14
Wind speed (m/s) 12,253 1.96 4.61 0 130
Snow cover 12,253  0.07 0.25 0 1
School vacations 12,253 0.26 0.44 0 1

NOTES Table lists descriptive statistics (number of observetjanean, standard deviation,
minimum, and maximum) of all variables in the data set. Tha dammarized in Panel A are
based on monitor-hour observations. The data summariZedriel B are based on monitor-day
observations. The data summarized in Panels B, C, E, F aeel loascity-day observations.



