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ABSTRACT
This thesis examines the impact of the German Aviation Tax on passenger numbers in the years
after implementation. It does so through a Difference-in-differences approach, using panel data
from Eurostat on passenger numbers for 77 EU airports in the years 2007 – 2017. The level of
observation is the route, defined by an origin airport and a destination country. Data both with
observations at annual level and at monthly level were utilized. Six models were specified, with
incremental degrees of complexity with respect to variables and dummies used. Moreover, six
additional models were estimated, to serve as sensitivity analysis of the main models. The
regressions were computed using Fixed Effects, Random Effects, and Quasi-MaximumLikelihood estimators in StataSE 15.
A pre-computation analysis of the data revealed that the way transfer passengers at large
airports are included in the data has a potential to bias results. Control for this potential bias
was achieved by pre-selection of origin airports to be included in the analysis, based on
individual airport characteristics.
Results of the models were ambiguous. An effect on passenger numbers exclusive to after-2011
Germany was found and was estimated to be larger than reported in previous studies. The effect
did not hold up to the inclusion of detailed dummies modelling policy changes at the annual
airport level. Distinguishing between the three different tax rates and the respective destination
zones made it necessary to disregard results pertaining to the more far-away ones, Zone 2 and
3, due to data limitations and violation of key Difference-in-differences analysis assumptions.
Taking seasonal variation into account using monthly data led to results not fit for definitive
conclusions about the tax but shone a light on the potentials of analysing seasonal policy effects
due to clear differences between control units and those impacted by the tax.
The main merit of this thesis lies in its furthering of comprehensive panel modelling of
passenger numbers and its scrutiny of own and previous results.
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1 INTRODUCTION
1.1 Problem Statement
Aviation has been a steadily increasing sector for almost 50 years and has taken on nearexponential growth over the past few decades (WORLD BANK 2017A). Commercial aviation
contributed between 8.4 million and 22 million jobs in 2010, and between 539 billion and 1.4
trillion USD to the global economy (GÖSSLING, FICHERT,

AND

FORSYTH 2017). In the EU,

passenger numbers have more than tripled within 25 years since 1992 (WORLD BANK 2017B).
Eurostat recorded 1.04 billion passengers in 2017 alone, 54% of those travelled domestically
or within the EU (EUROSTAT 2018). This growth can partly be attributed to a wide range of
extensive subsidies or subsidy-like market measures, such as tax exemptions or grants and loans
(GÖSSLING

ET AL.

2017). Currently, no member state levies a value-added tax (VAT) on

international air passenger fares (EUROPEAN COMMISSION 2019B).
Taxing fuel, as is done for most other transport modes, is not a common aviation policy either.
The 1944 Chicago Convention on International Civil Aviation, article 24, prohibits taxing fuel
arriving to an airport on a plane (ICAO 2006). Notably, this does not include fuel taken on
board while grounded. For the latter fuel, 2003 Council Directive 2003/96/EC, or Energy
Taxation Directive (ETD) applies, which states that EU member states can exempt aviation fuel
from taxation, for domestic, intra-EU, and extra-EU flights (COUNCIL OF THE EUROPEAN UNION
2003). Almost all member states make use of this possibility for exemption (HEMMINGS 2019).
Aviation has come under scrutiny due to its high greenhouse gas (GHG) emissions. It currently
causes roughly 2% of total global GHG emissions, and 2% of total EU transport GHG emissions
(EUROPEAN COMMISSION 2019A, EEA 2017, p. 242). This summed up to 27,177 kilotons of
CO2 equivalents in 2015 in the EU alone (EUROPEAN ENVIRONMENT AGENCY 2017, p. 242 and
p. 238). Greenhouse gas emissions, including CO2 and nitrous oxides which are emitted by
airplanes, accumulate in the atmosphere and have been found to have a global warming effect
(LARSSON, ELOFSSON, STERNER,

AND

AKERMAN 2019). GHG levels in the atmosphere have

consistently risen since the 1950s and the gas’s impermeability for most of the heat which the
earth emits in the form of infrared radiation means the planet’s average temperature is
increasing, the well-known greenhouse effect (NASA 2019, IPCC 2013). In addition to emitting
GHG, aviation also causes contrails and a certain type of cirrus clouds, which are also
contributing to global warming (LARSSON ET AL. 2019). The likely effects of this continuous
warming are sea-level rise, desertification, and longer and more severe droughts, only naming
1

a few, all of them with significant consequences for human life on earth (IPCC 2018).
Therefore, it is questioned whether the socioeconomic benefits of air travel have been over- and
its costs, as those incurred through climate change, underestimated (GÖSSLING ET AL. 2017).
Greenhouse gas emissions from air travel are increasing faster than any other source of
emissions and air travel has one of the largest long-acting climate impacts amongst all transport
modes, concerning both long-term and short-term global warming (BOWS-LARKIN, MANDER,
TRAUT, ANDERSON,

AND

WOOD, 2016, BORKEN-KLEEFELD, BERNTSEN

AND

FUGLESTVEDT

2010).
Because of these concerns, and since its continuous growth represents a secure source of
income, governments have started to find ways to derive revenue from this sector by including
aviation in general carbon taxes or by taxing individual passengers’ trips (MARKHAM, YOUNG,
REIS,

AND

HIGHAM 2018, FABER

AND

HUIGEN 2018, p. 8f.). EU member states who have

implemented a version of a passenger tax are Austria, France, Germany, Italy, Luxembourg,
Sweden, Switzerland, Norway, and the United Kingdom (FCC AVIATION 2019, FABER

AND

HUIGEN 2018). There is not yet an aviation tax that applies uniformly to the entire European
Union, however, in 2012 the Union specifically included aviation into the EU Emissions trading
system (EU ETS) (EUROPEAN COMMISSION 2019A). Since then, all airlines above a certain size
have to record and report their emissions for their intra-EU flights, apply to receive a portion
of the freely distributed emissions certificates, and purchase the rest through auctions and trade
(EUROPEAN COMMISSION 2019A). On supranational level there are currently no measures
targeting aviation specifically, although the EU is currently considering introducing such a tax
(GUARASCIO

AND

MAUSHAGEN 2019). Germany, the Netherlands, and at least seven other

member states are championing such an EU carbon aviation tax (DUFRASNE 2019, EKBLOM
2019).
As a climate policy, aviation taxation and its usefulness are passionately debated (BBC NEWS
2019, IATA 2019, IATA 2010, MILMO 2009). On the one hand, environmental groups have said
that the reduction of flights through existing taxes is not nearly enough to counteract air travel’s
effect on the climate (BUND 2013). On the other hand, the taxation of flights has been claimed
to lead to job and economic losses and accused of significantly disadvantaging the respective
domestic industry (PWC 2017, IATA 2019).
Since 2011, Germany has been levying a tax on airlines which is payable per passenger
boarding a flight in the country, with the exception of transit passengers (BUNDESMINISTERIUM
DER FINANZEN (BMF) 2011).

2

It takes into account costs for the airline through the EU-ETS by

recalculating the rates every year and was originally conceived to patch up a hole in the
country’s budget (BMF 2019). The implementation of the German Aviation Tax (AT) led to
wide-spread debates about its effectiveness as an environmental policy and its harm on the
domestic aviation industry (BMF 2011, GURR AND MOSER 2017).
To have an informed discussion, the effect of the tax needs to be pinpointed as precisely as
possible, eliminating the influence of other factors, such as price developments and seasonal
trends. This has been done through econometric modelling in a handful of papers, using a large
variety of approaches and datasets, as well as varying degrees of statistical precision (BORBELY
2019, FALK AND HAGSTEN 2018, GURR AND MOSER 2017, PETER ET AL. 2012, THIESSEN AND
HAUCKE 2013). It is a fascinating problem, and the sheer amount of data available on passenger
numbers in the EU makes it a statistically appealing one. To complement the research which
has been done so far, the following research question shall be subject of this thesis:
1.2 Research Question
What has been the impact of the implementation of the German Aviation Tax on the
number of passengers departing from Germany, between 2011 and 2017?
To answer the main question, the following sub-questions divide the research project into 6
parts:
1. What is the German Aviation Tax and how is it applied?
2. What research has been done on the statistical connection between aviation taxes and
passenger numbers and what were the results?
3. What econometric model is best suited to describe this relation with the data at hand?
4. What other factors can be expected to have an influence?
5. What influence did the Aviation Tax, ceteris paribus, have on passenger numbers?
6. Under which assumptions do the above results hold and what shortcomings are linked
to these assumptions?
1.3 Methodology
To answer the above research questions, an impact analysis of the tax will be conducted through
econometric analysis. This includes several steps. First, a solid overview of the policy and of
the societal environment of the tax are established, and the existing literature will be surveyed
to determine the status quo of econometric analysis of aviation taxation. Second, the outcome
of the literature review and a survey of available data will be used to design an econometric
approach, specifically a difference-in-differences analysis. Third, several models are specified
3

with incremental steps of complexity, these are computed, and the respective results are
reported. Additional models are computed as robustness tests for the main models. Fourth,
results from main models and robustness tests are reported and compared. Fifth, the most
important results are reiterated and the output is interpreted in light of the context established
in step one, also discussing subsequent research possibilities. Sixth and last, conclusions are
drawn from the interpretation of the results.
1.4 Outline of Report
In this thesis, the following parts shall be discussed: In Chapter 2 the nature and purpose of
taxes in general and of the German aviation tax specifically are established. In Chapter 3, an
overview of the most relevant research regarding analyses of aviation taxes is laid down and its
relevance for the research question is discussed. In Chapter 4, the intended methodology is
detailed. Chapter 5 describes the data which was used for analysis. Chapter 6 contains notes on
estimation technique and additional computational information. Chapter 7 reports the results of
Chapter 4 and gives a detailed description of the output. Chapter 8 interprets the results, applies
them to the research question, and also discusses its shortcomings. Lastly, Chapter 9 discusses
the overall relevance of the results, gives an outlook on necessary future research, and is
followed by the list of references and an Appendix.
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2 THEMATIC BACKGROUND
2.1 Taxation in General
BUTTON (2005) defines taxation as “the compulsory transfers of monies from the general public
(individuals and companies) to the government” (p. 2). Taxes emerged in medieval times and
were effectively payments to the sovereign lord by their subjects in exchange for protection,
justice, and at times infrastructure (AMES AND RAPP 2010). Income taxes, commodity taxes, and
the like are relatively modern concepts (AMES AND RAPP 2010).
Taxes are usually separated into direct taxes, such as on labour, and indirect taxes on
commodities, such as flights (GENTRY 2005). There are three common incentives for a
government to raise taxes: raising revenue, redistributing resources, or correcting behaviour
(RENSTRÖM 1999). To do the former, a government must usually deal with a trade-off between
the tax’s distortive effect, i.e. how much influence a certain tax has on the consumption and
production patterns, and equity concerns (GENTRY 2005). A tax on essential goods like food
staples, for example, is not as distortive as a tax on luxury goods, because the demand for these
goods is more inelastic, but at the same time it puts a burden on the least-well off of society,
because they usually spend a larger proportion of their income on essential goods (GENTRY
2005). In summary, a well-made taxation scheme needs to consider the administrative burden
of the implementation, distortive effects and other implications for consumption and
production, and the pattern of tax incidence which determines its equity (BUTTON 2005).
Frank Ramsey is often quoted as a main contributor to the theories of optimal taxation in
economics (STIGLITZ 2015). The main message of his 1927 essay ‘A contribution to the theory
of taxation’ is, that to raise revenue in a utility maximizing way, taxes should be levied on goods
and services in such a way that their consumption decreases by equal proportions (RAMSEY
1927). This supports a tax on aviation, since its exemption from taxation gives it unequitable
advantages over other modes of transportation which are taxed already (FICHERT, FORSYTH,
AND

NIEMEIER 2014). Additionally, flights are not an essential good and might even be

considered a luxury good, which means a tax on them raises less concerns over equity (FALK
AND HAGSTEN 2018).

Taxes levied for corrective reasons are a response to market failures, such as externalities. An
externality occurs when an individual’s utility or firm’s productivity is influenced by another
individual’s or firm’s behaviour or production, which the former has no control over
(BUCHANAN AND STUBBLEBINE 1962). These influences can be both positive and negative. In
5

the case of aviation, the negative externalities most relevant to the discussion are the particle -,
and greenhouse gas emissions caused by airplanes (LARSSON ET AL. 2019). BATOR (1958) gives
an overview of this concept of externalities and other market failures.
Taxes levied for internalizing externalities are often called Pigouvian taxes after Arthur C.
Pigou who first formalized the concept. They are usually not intended to eliminate the damaging
behaviour in its entirety, but instead to internalize those of its costs which were formerly not
considered, thereby creating a new, more efficient market equilibrium (GENTRY 2005). This
lowers the negative impact, oftentimes pollution or emissions, to a socially optimal level and
usually involves a lower number of goods consumed and produced (GENTRY 2005).
Optimal pollution seems like an oxymoron at first glance, but it simply expresses that,
considering damage costs from pollution, firms operate at an optimal level for society as a
whole. The tax revenue is then used to compensate those who suffer the damage from pollution
or becomes part of the government’s revenue, which is used to create benefits for society
elsewhere (BATOR 1958).
The tax incidence and how much of it is carried by consumers versus producers depends on the
elasticities demand and supply, respectively. In the specific case of an aviation tax, the increase
of airfare prices following the tax implementation depends on two relations: a) how readily
consumers will decide against a purchase when prices rise, and b) how strongly airlines respond
to a reduction in the price they can get for a ticket by decreasing supply, i.e. by cutting out
routes or flying smaller planes (BORBELY 2019). Therefore, in theory, the German Aviation tax
is expected to have led to a reduction of passengers through the increase of prices, even if the
tax was not implemented for corrective reasons (BMF 2011). In practice, it is not trivial to judge
whether this has taken place, and to disentangle the tax’s effect from other factors influencing
passenger numbers.
2.2 Taxes in Aviation
Aviation was made exempt from taxes and received subsidies to boost growth while the industry
was still comparably small, for example through the Chicago Convention in 1947 and
exemptions from VAT and fuel taxes (FICHERT

ET AL.

2014). The goal was to support the

development of industry and economic benefits in a country or region, through the facilitation
of air travel (FICHERT ET AL. 2014). However, the exclusion from VAT and fuel taxes meant the
creation of an artificial competitive advantage of air travel over train or road travel (FICHERT
ET AL.
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2014). This unique position slowly started to disappear in the past three decades when

airports as well as states began implementing individual taxes and fees, the United Kingdom
being the first European State to do so, in 1994 (LEGISLATION.GOV.UK 1994).
By now, air travel has become affordable for all income groups at least within Europe, thanks
in large parts also to low cost carriers (LCC), and flying has become a common travel mode.
However, studies have still found air travel’s income elasticity to be larger than one, classifying
it as a luxury good, in the strict economic sense (FALK AND HAGSTEN 2018).
There is a concern that taxing aviation will constitute an economic disincentive, specifically to
those industries that rely on fast-paced supply and which are, according to BUTTON, exactly
those industries which are of the greatest benefit to society (BUTTON 2005). In the specific case
of the German AT, this is not a large factor because freight flights without passengers are not
taxed.
Figure 2.1 illustrates the EU states with or without taxes, including temporary implementations.
Table 2.1 shows the passenger taxes currently in effect in the European Union. Countries which
levied passenger aviation taxes in the past, but are not currently doing so are the Netherlands,
whose tax was in effect between July 2008 to June 2009, Ireland, whose tax was in effect
between 2009 and 2014, Denmark, who abolished their tax in 2007, and Malta, who had a
passenger tax until November 2008 (AIRLINE NETWORK NEWS AND ANALYSIS 2011, MINISTRY
OF FINANCE 2019, REVENUE 2018).

In 2012, aviation was incorporated into the EU-ETS (EUROPEAN COMMISSION (EC) 2019A). All
airlines operating within the EU, regardless of origin, are required to monitor and report their
emissions for all flights within the EU, and consequently turn in the respective CO2 allowance
certificates (EC 2019A). Within this system, 82% of emissions allowances reserved for aviation
are awarded for free to the airlines by the states they operate in, 3% are reserved for especially
fast-growing companies, and the rest is auctioned (EC 2019C). However, there are numerous
exemptions, in Germany these include military flights, training flights, and flights of heads of
state (DEUTSCHE EMISSIONSHANDELSTELLE (DEHST) 2012, p. 9)
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Figure 2.1: Aviation Taxes implemented in the EU, between 1994 and 2018
Sources: FCC Aviation 2019 and Table 2.1

Table 2.1: Air passenger taxes currently in effect
Country
In effect Name
Tax Rate per passenger,
since
(May 2019)
Austria

2011

Air Transport
Levy

3,50 € short
7,50 € medium
17,50 € long

Short: EU flights plus some
others
Medium: Selected destin.

France

1999

Civil Aviation
Tax

4,58 € short
8,24 € long

Short: European Economic
Area (EEA) and Switzerland

2006

Solidarity Tax

1.13 € short
11.27 € short, 1st class
4.51 € long
45.07 € long, 1st class

Short: European Economic
Area (EEA) and Switzerland

1999

Airport Tax

2.60 – 14.00 €
depending on class and
airport

3 airport classes by volume,
airports < 5000 passengers
exempt

2005

Noise Tax
(per departure)

0 – 10 € Class 1
10 – 20 € Class 2
20 – 40 € Class 3

Airports divided into classes
by passenger volume

2011

Aviation Tax

7.38 € short
23.05 € medium
41.49 € long

Short: EU flights plus some
others
Medium: < 6000 km

Germany

8

Groups

Italy

2012

Embarkation
Tax

€ 17.77 (EU)
€ 28.41 (Long haul)

All rates for Fiumcino
(Rome)

City Council
Tax

€ 6.50
€ 7.50

All other airports
Roman airports

Norway

2017

Air passenger
tax

78 NOK within Europe
208 NOK otherwise

Sweden

2018

Aviation Tax

60 SEK short
250 SEK medium
400 SEK long

Short: Annex 1 (mostly EU)
Medium: Annex 2
Long: Other

United
Kingdom

1994

Air Passenger
Duty

13 – 78 £ short
78 – 515 £ long

Short: EU & < 2000 km

Sources: Agenzia Entrate 2012, FCC aviation 2019, Faber and Huigen 2018, RIS 2019, Ministère de la
Transition écologique et solidaire 2019, BMF 2019, Ministry of Finance 2019, Norwegian Tax
Administration 2019, Sveriges Riksdag 2017, Gov.uk 2019

2.3 The German Aviation Tax
On October 28th, 2010, the Federal Republic of Germany adopted the Luftverkehrsteuergesetz
(LuftStG), the Air Traffic Tax Law, which entered into force on January 1st, 2011
(BUNDESMINISTERIUM

DER

FINANZEN (BMF) 2011). The “Luftverkehrsteuer”, (German for

Aviation Tax), set a tax rate, per passenger, on each seat sold for each flight departing in
Germany, and is payable by the carrier airline (GENERALZOLLDIREKTION 2019). It applies to all
transactions which entitle the customer to a seat on a flight by airplane or helicopter departing
from a domestic airport, even where no financial charge was involved (BMF 2019, BMF 2011).
Exempt are flights for exclusively sovereign, military, or medical purposes, children under 2
years without their own seat, and transfer passengers who switch between flights at a German
airport (BMF 2011). The transfer passenger exemption applies when the passenger’s original
departure airport does not lie in Germany and the connecting flight has not been booked
separately (BMF 2011). There is also a reduced rate for flights from the German North Sea
islands and to German, Dutch, or Danish islands without connections via street or train track
(BMF 2011).
The tax is split into three rates, distinguished by the country of destination. Destination
countries are split into three zones:
Zone 1: EU member states or candidates, EFTA member states, and other states within that
distance, listed in Annex 1 of the LuftVStG,
Zone 2: Countries not in Zone 1 but whose main airport is within 6000 km linear distance from
Frankfurt (Main) airport, listed in Annex 2,
Zone 3: Countries neither listed in Annex 1 nor in Annex 2 (BMF 2019).
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As of 2019, the tax, per seat and departure, amounts to 7.38 Euro for flights to Zone 1, 23.05
Euro for flights to Zone 2, and 41.49 Euro for flights to Zone 3 (BMF 2019). Figure 2.2 depicts
countries belonging to LuftStG Annex 1 and Annex 2 graphically on a map, a list of the
countries included in Annex 1 and Annex 2 can be found in the Appendix, Table 11.1.
The intention of the tax, according to the current official statement, is a consolidation of the
state household by raising about 1 billion Euro in annual tax revenue, the inclusion of air travel
into mobility taxes, and to create incentives for environmentally friendly behaviour (BMF
2011). The yearly revenue so far has been about 1 billion Euro per year (BMF 2011). The exact
tax rate has been adjusted every year since 2013: if the yearly joint revenue of aviation tax and
EU-ETS emissions trading sum up to more than 1 billion Euros, next year’s tax rates are
corrected downward, the development over the years is depicted in Figure 2.3 (BMF 2019).

Figure 2.2: Map of countries within Annex 1 and Annex 2 of LuftStG, 2019
Source: Wikipedia 2019
50,00
40,00
30,00
20,00
10,00
0,00
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Annex 1
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Annex 2

2017

Rest of world

Figure 2.3: German AT rates by distance class and year
Source: adapted from Destatis data, item 73991-0001, and own calculation
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The implementation of the passenger tax has been intensely debated in the media and between
government, lobby groups, and NGOs (GURR AND MOSER 2017). Environmental NGOs such as
Greenpeace, Green Budget Germany, Robin Wood, and Friends of the Earth Germany (BUND),
published a statement that welcomed the measure but also mentioned it did not have a
significant positive effect on the environment and therefore called for stricter measures (BUND
2013, TOURISM WATCH 2012). The airline industry has loudly lamented economic losses due to
the implementation of the tax and has claimed it was responsible for the bankruptcy of low-cost
airline Air Berlin (SCHAAL AND SCHLESINGER 2014, GURR AND MOSER 2017). In 2011, a federal
state filed a lawsuit against the tax claiming it to be unconstitutional and beyond the powers of
government. The constitutional court ruled against the lawsuit and deemed the tax legal (ZEIT
ONLINE 2014). A formal petition was launched in 2013 to abolish the tax which got over 40 000
signatories but had no effect on legislation (DEUTSCHER BUNDESTAG PETITIONEN 2013). In
2017 the German Minister of Economics spoke out against the aviation tax, claiming it
disadvantaged domestic carriers (DEUTSCHE WELLE 2017).
However, all administrations which have been in office since 2011 have continued to stand by
the tax. As a tax which has not significantly changed since its implementation, the German
Aviation Tax is an ideal analysis subject to determine the impact of such taxes. Consequently,
and also due to the frequent public debates, already existing analyses are comparably abundant
and will be discussed in the following chapter.
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3 LITERATURE REVIEW
3.1 Overview
Analyses of the Air Tax’s impact have been published frequently since its implementation, both
in the form of scientific papers and consultancy reports, with varying levels of statistical detail
and methodological professionalism. Nine of the peer-reviewed papers are listed in Table 3.1,
and three of them are discussed in more detail below. The publications by consultancy firms
were useful for getting an overview of what had been done so far. However, since their methods
were either too simplistic for this thesis’ purposes or were not reported in a reproducible
manner, they are largely disregarded here (see e.g. GORDIJN ET AL. 2011, PETER ET AL. 2012,
THIESSEN AND HAUCKE 2013, PWC 2017).
Many studies on aviation passengers were done with the goal of forecasting (GELHAUSEN,
BERSTER, AND WILKEN 2018, BOONEKAMP, ZUIDBERG AND BURGHOUWT 2018) or analyzing the
aviation market as a whole (CARMONA-BENITEZ, NIETO,

AND

MIRANDA 2017, MUMBOWER,

GARROW AND HIGGINS 2014). There are also several publications available on taxation in the
Americas. However, since this thesis focuses on Germany, they will not be discussed in detail.
Furthermore, there are a number of studies which used general equilibrium modelling
techniques to analyze the effect of aviation taxes (FABER

AND

HUIGEN 2018, PAGONI

AND

PSARAKI-KALOUPTSIDI 2018). These will also not be discussed further here. The three papers
most relevant to the topic and approach at hand are BORBELY (2019), FALK AND HAGSTEN
(2018), and GURR

AND

MOSER (2017). Their approach and methodology will be described

below.

3.2 Discussion of most relevant papers
3.2.1 BORBELY (2019): A case study on Germany's aviation tax using the synthetic
control approach
Borbely analyses the effects of the German AT on passenger numbers using a synthetic control
approach after ABADIE (2010) and compares time series of passenger number development with
each other. 21 airports in Germany, and 13 airports near the German border, are used as the
treated group. The European airports where no change in tax happened during the period of
observation were possible control observations. Counterfactual passenger numbers for each of
the German airports, and for airports outside Germany close to the border, are generated using
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Table 3.1: Previous studies on air travel demand and aviation tax impact
Paper

Subject

Borbely
(2019)

Falk and
Hagsten
(2018)

Method(s)

Dependent
variable(s)

Time period Independent variables

Result

Notes

Impact of German Europe
tax on passenger
(treated =

Synthetic Control
Method, time series

Passengers
(airport j, year t)

Annual
2003-2015

Spillover effects to
foreign airports,

Separate
estimation for

numbers

GER)

prediction (and first
difference fixed effects)

Short‐run impact

Europe
(treated =
GER and

Dynamic panel diff-indiff estimation

of tax on
passenger
numbers

Region

Passengers
(airport i, country
c, year t)

Annual
2007-2016

AT)
(destin.:
global)

Lagged dependent variable
Regional purchasing power per capita

Flight ticket price inflation in the country larger impact on
of the airport
small-scale airports

each airport

Lagged dependent variable
Treatment dummy (= “with passenger
tax”)

Passenger reduction
First year: - 9 %
Second year: - 5 %

Separate
estimation for
low-cost-carrier

Ticket prices (country price level)
Accommodation cost in city c (price
level)

Low-cost carrier
airports affected,
hubs not

airports
Studies on price
elasticities: p. 2

GDP of destination at time t
Consumer price index of destination

Passenger reduction:
- 0.02 % per 1€ tax,

No control
observations

Political Stability and Absence of
Violence in destination (World bank

no significant
influence of tax

Uses tax rate in
year t instead of

data)

adjustments

binary variable

Proximity to treated airport
Gurr and
Moser (2017)

Effect of the
German aviation

Germany
(destin.:

tax on the
passenger volume

Europe)

Panel fixed effects
estimation, OLS

Passengers
(airport –

Annual
2010-2016

destination pair i,
year t)

at German airports
Boonekamp,
Zuidberg,

Identifying most
important

Burghouwt
(2018)

determinants for
air travel demand

Europe

Gravity model (2SLS)

Passengers
(airport i – airport

Crosssectional

GDP, education level, population,
tourism

LCC presence, ethnic Data from 2010,
links between
only one year,

j pair)

2010

Low-cost carrier (LCC) activity
Average air fare per route
Public service obligations

countries, and share Excludes routes
of aviation-dependent with negligible
employment increase number of

Ethnic links (from i, lives in j, and vice
versa)
Aviation-dependent employment

passenger demand

passengers

Distance airports i and j
Markham et

Efficacy of

al. (2018)

Australian carbon
tax to reduce
travel demand

Australia

Time series regression,

Revenue

Monthly

GDP

No evidence that the

OLS

passenger
kilometers flown
domestically

July 2012 June 2014

Fuel price (oil price)
Price of air and space transport labor
Dummies for impactful events

carbon price reduced
the level of domestic
aviation

(total)

Treatment dummy variable (=carbon tax)
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Carmona-

Estimate PAX

Benitez,
Nieto,
Miranda

demand

Mexico

Econometric dynamic

Total number of

Indicator of Economic Activity

Search for potential

Gives summary of

model (Arellano-Bover
calibration)

people using
airports located in
the same state i

indicator of economically active
population
National consumer price index (INPC)

hubs in Mexico

other PAX
demand
forecasting

(2017)

Earnings from foreign travellers
Hotel occupancy index, domestic/foreign
visitors

models

Total number of flights

Morlotti et al. Investigate price

Schiphol to IV with robust standard Price for a Seat

Monthly

IV: airline’s average prices in all other

Price elasticity:

Uses data from

(2017)

Europe,
EasyJet
flights

March –
September
2015

markets
Dummies for time of day at departure
Dummies for day of the week for

-0.535 to -1.915

booking websites

elasticity of
demand in the
low-cost carrier

errors
(2SLS)

(LCC) industry

Tickets sold
Flight i, route r,
on day d, t days in
advance

departure, and booking day
EsayJets’s market share
Presence of alternative airports or
transport modes

Valdes (2015) Calculate effects
of air travel
demand
determinants in

Global (32

Static fixed effects

Total passengers

Annual

Available seats at low-cost carriers

Income elasticity is

Unable to locate

countries)

(Within estimator) and
dynamic (ArrellanoBonn estimator with

carried per
country k

2002-2008

GDP per capita
Net ﬂows of foreign direct investment
Consumer price index

the most important
determinant, slightly
higher than 1

public information
on service quality,
airline fares or any

Jet fuel price
Dummy variables for deregulation in the
country

Policies such as Open other air travel
Skies have positive
prices at the
effect
country level

Middle Income
Countries
Kopsch
(2012)

Analyze demand
for domestic air
travel

GMM) models

Sweden

Time series
(fixed trip matrix
demand model?)

Total passengers
carried in month t

Monthly
Departing Passengers
January 1980 Index of air fares and lags

Demand fairly elastic Also includes
in the short run and
estimates of cross-

to
December
2007

even more elastic in
the long run

Index of train ticket prices
Index of the Cost of driving
GDP (million SEK)
Population
Share Arlanda
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price elasticities
for the main
transport
substitutes to air
travel; rail and
road

weighted combinations of the control airports outside of Germany to create data for an artificial
(= synthetic) airport whose pre-tax development in all covariates and the dependent variable is
as close to the treated airport as possible. The thereby created counterfactual time series, had
the tax not been implemented, is then compared to the real observations. If there is a significant
difference between the two, i.e. if the treated airport’s passenger numbers behave markedly
different to the synthetic counterfactual, it is concluded that the tax had an impact.
Two sets of synthetic controls are estimated. Set 1 uses controls close to Germany, set 2 uses
controls all over EU area, the best fitting synthetic control is selected after estimation. As the
last step, future predictions are extrapolated from the counterfactual synthetic control datasets
using a simple time series approach and compared to the development observed in reality, under
the tax. No estimation formula was given in the paper. Using this approach, Borbely also
analysed if the tax had an influence on the airports right outside Germany, which is why these
are also classified as “treated” in his study.
The conclusion of this airport-by-airport analysis is, that more passengers used bordering
airports after the introduction of German AT, while most German airports, with the exception
of hubs, saw a negative impact of AT on passenger numbers. Additionally, he concludes that
the effect was larger for low-cost airlines and airports which mainly service those. No explicit
quantification of the effects took place in this study.
3.2.2 FALK AND HAGSTEN (2018): Short‐run impact of the flight departure tax on air
travel
The paper analyses the short-run impact of the flight tax introduced in Germany and Austria,
using departure data from 310 airports in 30 countries, 33 of those with a tax (airports in
Germany and Austria), 12 of those within 150 km of tax-affected airports (either excluded or
controlled for, see below), and 265 of those without a tax, which are the control group. The
control group consists of airports in countries without flight departure taxes, and countries with
a tax whose level has not recently changed.
Falk and Hagsten’s approach is a dynamic panel difference-in-differences estimation after
ANGRIST AND PISCHKE (2008) and IMBENS AND WOOLDRIDGE (2009). They control for spillover
effects to close-by foreign airports which are suspected to have experienced a rise in passengers
when the tax was implemented. Two different approaches are used to control for possible
spillover effects; excluding close non-treated airports, and using a dummy variable
𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠𝑖𝑡−𝑗 . Both estimations are run three times, once with airports not classified as Low-
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cost-carrier (LCC) airports, once with LCC airports only, and once with the combined dataset.
They involve the following two equations:
Equation a)
𝑠

ln(𝑌𝑖𝑐𝑡 ) = 𝛼𝑖 + 𝜌 ln(𝑌𝑖𝑐𝑡−1 ) + ∑ 𝛽𝑗 𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑎𝑖𝑟𝑝𝑜𝑟𝑡𝑠𝑖𝑡−𝑗 + 𝜆𝑡 𝑑𝑡
𝑗=0

+ 𝛼1 ln(𝐴𝑖𝑟𝑓𝑎𝑟𝑒𝑐𝑡 ) + 𝛼2 ln(Pr _𝑎𝑐𝑐𝑜𝑚𝑜𝑑𝑎𝑡𝑖𝑜𝑛𝑐𝑡 ) + 𝛼3 ln(𝐺𝐷𝑃_𝑐𝑎𝑝𝑐𝑡 ) + 𝜖𝑖𝑐𝑡
Equation b)
𝑠

𝑠
𝑡

ln(𝑌𝑖𝑐𝑡 ) = 𝛼𝑖 + 𝜌 ln(𝑌𝑖𝑐𝑡−1 ) + ∑ 𝛽𝑗 𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑎𝑖𝑟𝑝𝑜𝑟𝑡𝑠𝑖𝑡−𝑗 + 𝜆𝑡 𝑑 + ∑ 𝜃𝑗 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠𝑖𝑡−𝑗
𝑗=0

𝑗=0

+ 𝛼1 ln(𝐴𝑖𝑟𝑓𝑎𝑟𝑒𝑐𝑡 ) + 𝛼2 ln(Pr _𝑎𝑐𝑐𝑜𝑚𝑜𝑑𝑎𝑡𝑖𝑜𝑛𝑐𝑡 ) + 𝛼3 ln(𝐺𝐷𝑃_𝑐𝑎𝑝𝑐𝑡 ) + 𝜖𝑖𝑐𝑡

The dependent variable, 𝑌𝑖𝑐𝑡 , is the number of departing passengers from airport i, in country c,
at time t. The treatment variable, shown in their equation as a sum of s lags over
Treatedairportsit-j, becomes 1 when the airport is located in Germany or Austria and the year is
after 2010, and is 0 otherwise. The Treatedairports variable most likely includes the timetreatment interaction term, but only implicitly, since it is not clearly expressed in the notation
and neither subscripts and nor superscripts are decoded. The individual time-invariant fixed
effects are expressed as 𝛼𝑖 . The covariates used are year-dummies 𝑑 𝑡 , the lagged dependent
variable Yt-1, the natural logs of the departure country’s yearly price index of accommodation
prices and flight ticket prices, with the base price being that year’s EU average, dummies for
years with a terror attack and appropriate lags, the natural log of the airport’s country’s GDP
per capita and the treatment variable.
The model is estimated in first differences, using a fixed effects quasi maximum likelihood
estimator with robust standard errors. First differences are justified with the shortness of the
panel and the highly persistent variables. All regressors are expected to be exogenous. The
authors published their data as free download. They do, however not include their covariates in
the dataset, nor do they clearly indicate the origin of all their independent variable data or
explicitly state which airports they ended up excluding from the regressions. In the results, they
do not distinguish between their two approaches of controlling for spillover effects which are
explained above. They only show results differentiated between LCC airports, regular airports,
and results for the joined sample.
Overall, they found a significant negative correlation between the implementation of the tax
and the number of passengers, estimating a 9% reduction of passenger numbers in 2011 and a
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5% reduction in 2012. They also conclude that the reduction in passenger numbers was mostly
driven by reductions in flights taken with Low-Cost Carriers, and that the tax seemed to almost
exclusively affect these. Additionally, their inclusion of a variable for airports near the German
border does not reveal a benefit for the foreign airports through the implementation of the tax,
leading them, contrary to BORBELY (2019), to reject a spillover effect of the tax.
3.2.3 GURR AND MOSER (2017): Panel data analysis of the effect of the German Air Tax
on passengers
This study aims to analyze the influence of the implementation of the German AT on the
number of passengers departing from Germany to be able to predict the consequences of a
reduction or abolition of the tax. They use a simplistic panel data regression of the following
form:
Equation c):
ln (𝑌𝑖𝑡 ) = 𝛽0 + 𝛽1 ∗ 𝑇𝑎𝑥𝑟𝑎𝑡𝑒𝑖,𝑡 + 𝛽2 ∗ 𝑋𝑖,𝑡,𝑞 + 𝛼𝑖 + 𝜆𝑡 𝑑𝑡 + 𝜀𝑖,𝑡

Estimation was done using Ordinary Least Squares (OLS) and clustered standard errors at
destination-country-level. Their dependent variable is the natural log of the yearly passengers
flying from Germany to country i at time t, data for non-German departure countries was not
used. Fixed effects that were included are year-dummies 𝑑 𝑡 and destination-country-fixedeffects 𝛼𝑖 . The treatment effect variable is the tax rate for a flight to country i at time t. The
equation also contains a vector Xit of covariates, including GDP of the destination country,
consumer price index of the destination county, and the index of Political Stability and Absence
of Violence/Terrorism for the destination country.
The dataset used was created by aggregating the statistics of monthly per-airport departing
passengers to a specific destination into one destination-country-level data point, using data
published by the Federal Statistical Office of Germany. Data for the years 2010 – 2016 was
used. The remaining data was acquired from World Bank data sets. The resulting dataset
contains 61 countries and 427 observations, one for each destination-year pair.
The result of estimating the above model is a significantly negative coefficient for the tax,
showing a negative demand reaction to the tax. They interpret the coefficient as showing a
reduction of passenger numbers through the tax by 0.2%. Their results also show a significant
effect in the first year after implementation, but no significant effect in the years after.
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4 METHODOLOGY
4.1 Impact Evaluation Methods
Impact evaluation methods were first developed in the realm of development aid programmes
so commissioners and sponsors would be able to tell whether their intervention had actually
been successful (GERTLER, MARTINEZ, PREMAND, RAWLINGS, AND VERMEERSCH 2011, p. 3 f.).
Up until that point, focus had been on absolute numbers of investment, which gives little to no
testimony on effectivity of the intervention. Therefore, economists have adapted statistical
methods to the natural experimental conditions that come with real-world data where conditions
cannot be controlled (ANGRIST AND PISCHKE 2005, p. 17). Within the current discussions about
whether a Europe-wide aviation tax shall be put into place, the focus should be on evidencebased policy making, which must include evaluation and monitoring, and an important question
in the environmental policy realm is whether proposed policies are effective (GOVERNMENT OF
THE NETHERLANDS 2019, GERTLER ET AL. 2011). With the amount of data available in this case,

an econometric impact evaluation can provide valuable insight into the usefulness of taxes for
climate-related policymaking. Therefore, the German Aviation Tax shall be treated as an
environmental policy, and its effect on passenger numbers shall be the investigated impact
variable.
4.2 Policy Impact as “Treatment”
The term treatment, adapted from the medical field, means that two groups of subjects are
observed, of which one group was subject to a change, i.e. the treatment, while the other was
not, and the resulting difference between the two is called the treatment effect (ANGRIST AND
PISCHKE 2005, P. 10). The treatment in the case of the aviation tax is the start of its application
to flights departing from airports in Germany. The routes starting at these airports form the
treated group.
If selection of people into the treated group is assumed to be completely random, the treatment
effect can be calculated by subtracting the outcomes of the two groups from each other after
the treatment has taken place. The result is an average treatment effect (= ATE), the “average
gain in outcomes of participants relative to nonparticipants” (ANGRIST AND PISCHKE 2005, p.
12). The ATE is calculated as follows, adapted from KHANDKER, GAYATRI, AND SAMAD (2010,
p. 35):
𝐴𝑇𝐸 = 𝐸(𝑌 𝑡𝑟𝑒𝑎𝑡𝑒𝑑 | 𝑡 = 1) − 𝐸(𝑌 𝑐𝑜𝑛𝑡𝑟𝑜𝑙 |𝑡 = 1)
18

(1)

Where 𝑌 is the measurable outcome variable, 𝑌 𝑡𝑟𝑒𝑎𝑡𝑒𝑑 is the outcome for the treated group,
𝑌 𝑐𝑜𝑛𝑡𝑟𝑜𝑙 is the outcome for the untreated group, and 𝑡 = 1 is the time period after treatment.
In many cases however, as in the case of the German Aviation Tax, selection into treatment
group is not random and systematic differences exist between the two groups. In this case, to
discover the true effect of the treatment, one theoretically needs to compare the outcome of the
treated group with the outcome that group had had, if it hadn’t been treated. This is also called
the treatment effect on the treated (TOT), the “difference in outcomes from receiving the
program as compared with being in a control area for a person or subject i randomly drawn
from the treated sample” (KHANDKER ET AL. 2010, p. 35). The TOT is formulated as follows:
𝑇𝑂𝑇 = ( 𝑌1𝑡𝑟𝑒𝑎𝑡𝑒𝑑 | 𝑡 = 1) − 𝐸(𝑌0𝑡𝑟𝑒𝑎𝑡𝑒𝑑 |𝑡 = 1)

(2)

Where 𝑌 is the measurable outcome variable, 𝑌0 is the outcome without treatment, 𝑌1 is the
outcome with treatment, and 𝑡 = 1 is the time period after treatment. The term 𝐸(𝑌0𝑡𝑟𝑒𝑎𝑡𝑒𝑑 |𝑡 =
1) is the counterfactual. It is unobserved, since in t = 1 all individuals in the treated group have
received treatment, and data without treatment is unavailable for this group. The data on the
control group from period t=1 cannot be used to replace it, since as mentioned, they differ
systematically from the treated group and using it in the calculation would consequentially lead
to a biased TOT. To circumvent this existence of this counterfactual, several impact evaluation
techniques can be implemented to approximate the calculation. The appropriate technique
depends, amongst other things, on the nature of the available data.
4.3 Data Context
The measure of interest, or dependent variable, is the number of passengers travelling on a
route, at time t. The route, which is the level of observation in this analysis, abbreviated as OD pair, is defined by an origin airport (O) within the EU and a destination country (D) within
or outside Europe. These O-D pairs are the individual units of the analysis. Each pair has
multiple observations across time and will be grouped into treated and non-treated. Treated OD pairs are those routes which start in Germany and are therefore subject to the German
Aviation Tax. Examples are, for example, O-D pairs such as ‘Frankfurt/Main airport – Ghana’
or ‘Berlin Tegel airport – France’. Non-treated ‘individuals’ are the routes that start elsewhere
in Europe. Examples of non-treated O-D pairs are ‘Amsterdam Schiphol airport – Ukraine’ or
“Madrid Barajas airport – United States of America’.
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However, as expanded upon in section 2.2, there are other European countries who have
implemented aviation taxes similar to the German AT, such as Austria and Italy. These
countries’ taxes might have influenced their national passenger numbers, just as the German
tax is suspected to have influenced theirs. If the O-D pairs with an origin airport in one of these
countries are used as controls in the dataset they might bias the estimation results, since their
taxes’ effects are not controlled for. There are ways to include them as further treated units in
the estimation, as for example done by REBER (2005). However, since the taxes all differ in
application, rates, and ways of splitting destinations into distance groups, this approach was not
chosen due to time constraints. Therefore, instead of incorporating these countries’ airports,
they are excluded from the analysis to avoid bias.
In the available dataset, further described in Chapter 5, the number of passengers refers to the
amount of people departing from the airport of origin towards the country of destination in a
specific year, or month. The data is split into two panel data sets with data available from 2007
to 2017, one containing monthly and one containing annual passenger numbers. In short, the
dependent variable records the number of departure passengers on a specific route, in a specific
month or year.
4.4 Possible Econometric Approaches
If detailed price data was available which matched the level of observation of the dependent
variable, a simple elasticity analysis could be conducted. The resulting price elasticity could
then be interpreted as the influence of rising prices on passenger numbers and be applied to the
respective tax level. The available price data on air travel tickets, however, is not detailed
enough for this approach, as is shown in Section 4.10.1. Therefore an alternative approach needs
to be applied. Two common impact evaluation techniques that are potentially suited are
regression discontinuity design (RDD) and difference-in-differences analysis (DiD).
RDD is used when the treatment status depends on a specific deterministic function or variable,
with clear cut-off points (ANGRIST

AND

PISCHKE 2005, p. 189) and it comes to mind when

looking at the map of distance tax classes in Figure 2.2. There is a clear cut-off-point between
the second (red) and third group of countries (grey), namely the 6000 km border, and an analysis
could provide an estimate for the exact distance-cut-off point for the within-Europe-group
(blue). Only using passenger data from Germany, one could design an RDD model and estimate
the effects of the three different tax rates, assuming that the data around the cut-off-score is
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adequately dense, and that the “individuals”, or destinations, on both sides of the cut-off are
comparable (GERTLER ET AL. 2011, p. 118; ANGRIST AND PISCHKE 2005, pp. 189).
DiD, on the other hand, seems compelling when looking at the available data. It is an impact
evaluation method suited for analysing a policy where data exist both for pre- and postintervention time periods, covering the treated group of ‘individuals’ as well as a substantive
control group, a so-called “natural experiment” (WOOLDRIDGE 2013, p. 457). This is the case
for the data at hand. Data on passengers per route is available both from before and after the
tax’s implementation, and the dataset includes routes starting at German airports as well as
routes starting at most other European airports. Given the assumption of common trends holds,
as discussed below in section 4.5, a DiD evaluation will give a consistent, unbiased estimator
for the tax’s effect.
Since the available data is so rich in control observations, DiD is chosen as method for this
analysis. Additionally, this analysis can accommodate certain characteristics of the data well.
As detailed below in section 5.2.1, for O-D pairs with destinations in Zone 2 and 3 the
proportion of missing observations is higher and the number of total passengers recorded is
lower. In the panel models employed for DiD, see section 4.7, this can be accommodated by
using different sets of treatment variables for each zone of destinations. Additionally, the lower
density of data for Zones 2 and 3 might prove problematic for an RDD approach which uses
distance from Germany as the variable where the cut-off point(s) are defined. On the cut-off
between Zone 1 and 2, for example, the transition from data with high density of observations
to one with much lower density may result in unreliable results. For these reasons, DiD is
chosen as the evaluation approach.
4.5 The Difference-in-differences approach
DiD is a panel data analysis approach, which isolates the effect of a certain intervention or
policy by using both data about control individuals and data on the treated group of individuals,
both before and after the intervention takes place (WOOLDRIDGE 2013, p. 457). Assuming that
treated and controls show underlying common trends in their development over time,
subtracting the difference in outcome variable Y before (t = 0) and after treatment (t = 1) for
each group and then subtracting these from one another will yield the treatment’s impact
(WOOLDRIDGE 2013, p. 457). Therefore, the TOT in a DiD analysis is expressed as follows,
adapted from WOOLDRIDGE (2013, p. 457):
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𝑇𝑂𝑇 = ( 𝑌1𝑡𝑟𝑒𝑎𝑡𝑒𝑑 − 𝑌0𝑐𝑜𝑛𝑡𝑟𝑜𝑙 | 𝑡 = 1) − 𝐸(𝑌0𝑡𝑟𝑒𝑎𝑡𝑒𝑑 − 𝑌0𝑐𝑜𝑛𝑡𝑟𝑜𝑙 |𝑡 = 0)

(3)

This is depicted in Figure 4.1. The figure shows observations of a variable of interest, Y, for
two time periods and for Control individuals and Participants. Participants, or the treated, shown
as grey dots, have a lower Y-value at the first time-mark, and receive a certain treatment or
intervention. At the second time-mark, Y has grown for both groups, but more so for the
Participants, seen by their grey dot at Y4, above the Control’s white dot at Y3. The black dot,
at Y2, is the so-called counterfactual, a value which is not recorded, but represents the
development which would have taken place for the treated group, had they not been treated. Y2
is the value the treated group would have achieved in a case without treatment, Y4 is the value
they have achieved with the treatment. Consequently, the difference between the two is the
TOT, shown as an ‘Impact’ arrow in Figure 4.1.

Figure 4.1: Simplified graphical representation of DiD approach
Source: Khandker et al. 2010, p. 75

The assumption which a DiD analysis hinges on is the common trends assumption, sometimes
also called parallel paths or parallel trends. It assumes that the treated and control individuals’
data across time would have run in parallel if there had been no intervention (ANGRIST AND
PISCHKE 2005, p. 171). Since it is impossible to know how development would have looked
like in a world without the treatment, conclusions on whether common trends are present can
only be made on the basis of observing pre-treatment development. If the two groups, treated
and controls, behaved in parallel before the treatment, it is assumed that this behaviour would
have continued in the counterfactual case, and the assumption of common trends is accepted
(ANGRIST AND PISCHKE 2005, p. 174).
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In the case of the German Aviation tax as the treatment and passenger numbers as the variable
of interest, conclusions about common trends of passenger numbers at German airports versus
at airports without an air tax must be made by looking at the data before 2011. It is possible that
German airports have a different way of developing than all other European airports, for
example faster development because the economy is very strong, or slower growth because the
industry is already so established. This would mean that the average path of development of
passenger numbers in Germany would have a markedly different slope than the average
development path of passenger numbers in control countries. Parallel trends could not be
assumed in this case.
The existence of parallel paths therefore needs to be tested, primarily by looking at the time
series of control and treated groups before treatment. This will be done firstly by visual analysis
through averaging the control and treated observations and plotting their paths, seen in section
5.4, Figure 5.4 and Figure 5.5. If these paths seem to move in parallel, it is one important
indicator for the existence of common trends (ANGRIST AND PISCHKE, p. 174). Secondly, the
existence of parallel trends can be tested through the use of ‘fake’ treatment dummies in the
regression equation itself, see section 4.8. If the coefficients for these dummies are statistically
significant it weakens the common trends assumption (LIMA AND NETO 2017, REBER 2005).
Further methods to test for parallel trends can be found in Gertler et al. (2011, p. 101). These
are not implemented here, since they either require a second group of controls to be used as a
placebo treated group, or require a variable which is not affected by the tax but observed at the
same level of observation as the passenger numbers variable, which could not be found.
In case the assumption is clearly violated, the conclusion is that DiD is not the right method to
evaluate this data and other approaches may be better suited. Examples are regression
discontinuity design (RDD) model, briefly expanded upon in section 4.4, an analysis including
Matching, or DiD-type models with less stringent assumptions (see MORA AND REGGIO 2019).
The assumption of common trends, necessary to a Difference-in-differences interpretation of a
model’s output, can be summarized as an assumption of time-invariant heterogeneity. One issue
which might arise from airport-based data is that specific policies differ across airports and are
usually not time-invariant. This is one of the reasons why in Model 5, see section 4.7.5, dummy
variables for all combinations of years and origin airports are included, as an attempt of
controlling for unwanted bias.
For a Difference-in-differences analysis, panel data is needed, with observations for at least two
time periods, one before the treatment took place and one after. In the following, the data used
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contains observations across eleven years, and in all but the first model, this variation is
explicitly taken advantage of. Since panel data illustrates variation of a variable both across
time and across individuals, statistical regressions using this type of data need estimation
techniques which differ from the methods used for exclusively cross-sectional or time-series
data.
4.6 Panel Data Modelling
In the following section 4.7, six models are specified. Model 1, only differentiating between
two time periods and not including any other time-dependent variables, is estimable using
simple OLS estimation. Model 1 is a pooled OLS model, meaning that even though we have 11
different time periods in the data, variation over time is disregarded, except for an indicator on
whether the observation took place before or after the implementation of the tax. For Models 2
– 6, variation over time is explicitly taken into account and the data is used as panel data.
There are several approaches to regressions with panel data. Panel data has observations which
vary both between individuals at the same time period (= “between variation”) and over time
for the same individual (= “within variation”). To properly fit a model to the data, both
variations have to be acknowledged and modelled or controlled for. The variation in panel data
on a variable 𝑦 over 𝑖 individuals and 𝑡 time periods can be expressed as, adapted from GREENE
(2002, p. 284):
𝑦𝑖𝑡 = 𝛽′𝑥𝑖𝑡 + 𝛼′𝑧𝑖 + 𝜀𝑖𝑡

(4)

where 𝑥𝑖𝑡 is a vector of time-variant characteristics and 𝑧𝑖 is a vector of time-invariant
characteristics, unique to individual i. If it can be assumed that 𝑧𝑖 only contains a constant, a
pooled OLS model is an appropriate method to model 𝑦𝑖𝑡 . However, this assumption typically
does not hold for panel data, and at least part of the characteristics in 𝑧𝑖 are unobserved. There
are several ways to address this, most prominently the Fixed Effects (FE) estimator and the
Random Effects (RE) estimator, both of which are applied in this thesis and expanded upon in
the next sections.
Further panel data estimation techniques are the Between Estimator (BE) and First Differences
(FD) estimation. FD controls for variation over time by taking the first difference of all data.
(WOOLDRIDGE 2013, p. 485, pp. 468). The Between Estimator calculates a mean for each
individual using their observations over time, effectively creating a cross-sectional dataset of
means, and then uses these means for a regression using OLS which only models the variation
between the individuals (VERBEEK 2004, p. 349). Since the treatment in the case of the Aviation
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Tax is a variable which varies between individuals and over time (at least before
implementation and after), and the analysis relies on being able to pick up the effect of this, it
makes the Between Estimator not a good fit for the analysis. Taking First Differences on the
other hand comes with autocorrelation and multicollinearity issues, which will be magnified as
the model expands in complexity, and the estimator does not have more merit in this situation
than either FE or RE. Therefore, both FD and BE are foregone, in favour of Random Effects
and the Fixed Effects.
4.6.1 Fixed Effects
Adapted from GREENE (2002, p. 285), a Fixed Effects (FE) model takes on the general form of:
𝑦𝑖𝑡 = 𝛽′𝑥𝑖𝑡 + 𝑎𝑖 + 𝜀𝑖𝑡

(5)

An FE estimator uses a within-transformation of the data, both for 𝑦𝑖𝑡 and the included
covariates 𝑥𝑖𝑡 , subtracting an individual’s mean across all periods from its observations, 𝑦̃𝑖𝑡 =
(𝑦𝑖𝑡 − 𝑦̅).
𝑖 This effectively removes all observed and unobserved confounders which do not
vary in time. Additionally, an FE estimator computes an individual constant fixed effect for
each individual, the 𝑎𝑖 . After this within-transformation, a fixed effects model can be estimated
using OLS.
The individual intercept αi includes all characteristics which are unique to the individual i, timeinvariant, and have influence on the dependent variable. One example in the case of passenger
numbers, where the individual is the respective O-D route, is the unique combination of origindestination distance and the sizes of the respective countries.
4.6.2 Random Effects
Adapted from GREENE (2002, p. 284), a Random Effects (RE) model takes the general form of:
𝑦𝑖𝑡 = 𝛽0 + 𝛽′𝑥𝑖𝑡 + 𝑢𝑖 + 𝜀𝑖𝑡

(6)

It includes a general intercept term 𝛽0 and individual time-invariant errors 𝑢𝑖 , which here, as
opposed to the individual intercept in FE, are assumed to be normally distributed around 0 and
can be interpreted as departures from the general intercept 𝛽0. The RE estimator computes both
the within and the between variances separately and reports a weighted combination of both as
output. The model is estimated using Generalized Least Squares (GLS) and the estimate is
consistent as long as the individual residual term 𝑢𝑖 , illustrating part of the variation that was
not controlled for within the model, is not correlated with the covariates, 𝐶𝑜𝑟𝑟(𝑢𝑖 , 𝜀𝑖𝑡 ) ≈ 0.
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Which estimator is the most appropriate depends on the nature of the used covariates and their
correlation with the residuals. If it can be assumed that they are uncorrelated, RE gives the more
efficient estimate. However, if the individual residual term 𝑢𝑖 is correlated with the covariates,
RE leads to inconsistent estimates and FE is the preferred estimator. The Hausmann Test is the
common statistical test employed to compare the two specifications for a given model and was
employed for all Models below, except Model 1.
4.6.3 Dynamic panel data models
Intuitively, including lags and including fixed effects in a model serves the same purpose, both
aim to model variation in the dependent variable which is unique to the individual, but
unobserved (ANGRIST AND PISCHKE 2005, p. 182). Including fixed effects assumes that these
unique unobservables are mainly time-invariant, while including a lagged dependent variable
assumes they vary every time period. Consequently, choosing one over the other depends on
the context and according to econometric literature, choosing incorrectly may give biased
results (ANGRIST AND PISCHKE 2005, p. 183). However, if estimations of both types of models
gives similar results, it can be assumed that for the context at hand, the choice is not of the
utmost importance (ANGRIST AND PISCHKE 2005, p. 184).
In this thesis, since the potential importance of a lagged dependent variable was discovered late
in the research process, time constraints led to the inclusion of this type of model only as part
of the robustness analysis. It is reasonable to assume, that passenger numbers at least partly
depend on last year’s numbers, since many decisions in the supply-side of the sector are made
with a view on the previous season’s performance. The implicit assumption of the non-dynamic
main models 1-6 is that the unobserved unique route characteristics influencing passenger
numbers are mainly time-invariant. Including models with a lagged dependent variable in the
sensitivity analysis and comparing both types of models is therefore a way of investigating the
truth of this assumption (ANGRIST AND PISCHKE 2005, p. 184).
When including lags of the dependent variable, estimation of the model requires some
additional care. The lag introduces temporal autocorrelation of the error term, and firstdifferencing the data introduces correlation between dependent variable and the lag (ANGRIST
AND

PISCHKE 2005, p. 183). One solution proposed in literature is using a second lag as

instrumental variable (IV) or a Generalized Method of Moments (GMM) estimator (ANGRIST
AND PISCHKE 2005, p. 183, VERBEEK 2004, p. 363). However, studies have shown that a Quasi-

Maximum-Likelihood (QML) estimator applied to the panel model gives similarly robust and
more efficient results (HSIAO, HASHEM PESARAN, AND KAMIL TAHMISCIOGLU 2002). It has the
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additional advantage of not requiring the assumption of no autocorrelation in the residuals,
which could not be tested for the lagged dependent model due to the scope of the thesis
(KRIPFGANZ 2016).
To facilitate comparison with the research of FALK AND HAGSTEN (2018), who also featured a
lagged dependent variable in their models, their approach using a QML estimator will be
followed. Their model is a version which includes both a lagged dependent variable and fixed
effects. This nested version also facilitates comparison between models with and without lagged
dependent variable (ANGRIST

AND

PISCHKE 2005, p. 184). Such a model, with a dependent

variable lagged one period, takes the following general form (adapted from ANGRIST

AND

PISCHKE 2005, p. 183):
𝑦𝑖𝑡 = φ′ 𝑦𝑡−1 + 𝛽′𝑥𝑖𝑡 + 𝑎𝑖 + 𝜀𝑖𝑡

(7)

A Maxiumum-Likelihood (ML) estimator assumes that the dependent variable’s distribution,
when conditional on certain covariates 𝑥𝑖𝑡 , is known and uses this distribution as a basis to
estimate the parameters for the covariates (VERBEEK 2004, p. 162). The computation reports
those parameters for 𝑥𝑖𝑡 which have the maximum likelihood of fitting a dependent variable to
the previously assumed distribution, usually a normal distribution (VERBEEK 2004, p. 162). The
ML estimator is consistent for larger samples, which the passenger data is (VERBEEK 2004, p.
165). It also requires the assumption of a normally distributed error term, since this is a proxy
for the distribution of the dependent variable, and error term homoskedasticity (VERBEEK 2004,
p. 166). The QML estimator interprets the ML estimator as a GMM estimator, which relaxes
the required distributional assumptions to assumptions about how the moments of the model
are expected to be distributed (VERBEEK 2004, p.182).
The QML estimator Falk and Hagsten use in their study can be replicated using the same Stata
command. Due to time constraints, FE and RE specifications could not both be run and tested,
as is usually procedure, and conditional moments tests, as usually done for QML estimators,
are omitted (KRIPFGANZ 2016, VERBEEK 2004, p.184). This is another reason the model with
lagged dependent variable is only included as a robustness test in this thesis.
4.7 Model Specification
The tax is adjusted by the government every year. However, since it cannot be determined how
much of the tax is passed on from suppliers to consumers, in the scope of the study and with
the data available, using the tax rates as an absolute price change variable could result in
misinterpretation. The specific tax rate also depends on the amount raised in the previous year,
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and thereby on the number of flights and passengers. Consequently, using the a tax rate as
variable would be contemporaneously correlated with the dependent variable and would lead
to bias in the estimation through endogeneity. Therefore, instead of using the absolute tax
levels, a discrete treatment variable shall be used.
There are three distance groups for the tax, each with their own tax rate. The different rates may
differ in their impact, especially because passengers on short flights are suspected to be more
sensitive to changing prices than passengers on long-haul flights (BORBELY 2019). Therefore,
the treatment variable in the final models will be split into three, one for each distance group.
Vectors are denotated with lower-case letters and an over-bar, matrices are denotated with
upper-case letters. A ‘𝑑’ demarcates one or several dummy variables, defined by the sub- and
superscripts. Additional information on notation and explicit notation of several vectors and
matrices used can be found in the Appendix, section II.
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4.7.1 Model 1
A simplified application of the DiD approach to the German Aviation Tax is the following,
oriented on WOOLDRIDGE (2013, p. 457). There are only two time periods 𝑡 ∈ (0,1), before
treatment and after. The implicit assumption is there is only one tax rate, uniformly applied to
all flights leaving out of Germany.
Equation 1: Model 1 (OLS)
log (𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 ) = 𝛽0 + 𝛽1 𝑡 + 𝛽2 𝑑𝑖𝑡𝑟𝑒𝑎𝑡 + 𝛽3 𝑡𝑑𝑖𝑡𝑟𝑒𝑎𝑡 + 𝜀𝑖𝑡 ,

𝑡 = 0,1

Where:
𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 number of departing passengers at time period t, on route i
i

route O-D (origin airport - destination country)

t

time period (pre- and post-treatment), 𝑡 = 1, 𝑖𝑓 𝑦𝑒𝑎𝑟 ≥ 2011

𝛽0

an intercept

𝑑𝑖𝑡𝑟𝑒𝑎𝑡

treatment dummy, 𝑑𝑖𝑡𝑟𝑒𝑎𝑡 = 1, if origin of i is in Germany

𝜀𝑖𝑡

error term

A route (O-D pair) is classified as “treated”, if the origin airport is located inside Germany. 𝛽1
then expresses the increase or decrease of passenger numbers after 2011 if there is no treatment,
𝛽2 expresses the effect of being in the treated group, i.e. the systematic time-invariant
differences between the treated group and the non-treated, and 𝛽3 the expresses the effect of the
treatment on the treated (TOT). In this case, 𝛽3 expresses the difference in passenger numbers
before and after treatment which is only attributable to the treatment. The dummy 𝑑𝑖𝑡𝑟𝑒𝑎𝑡 is a
binary treatment variable, 1 indicating treatment, i.e. origin in Germany, 0 indicating no
treatment. The assumption of Model 1 is therefore, that passenger numbers solely depend on
whether or not the route originates in Germany, and on whether or not it is before or after 2011.
For obvious reasons, this is an overly simplified model for this Thesis’ purposes, and
complexity is added as follows.
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4.7.2 Model 2
To analyse whether the treatment effect differs between years, the model is extended from a
two-period model to a multiple-period model, oriented on KHANDKER ET AL. (2010, p. 74). This
means that instead of having only two time periods taken into account (before or after treatment,
𝑡 ∈ [0,1]) looking at only the average difference between before and after, the multiple-period
model also looks at changes from year to year. There is one time period for every year 2007 –
2017, therefore 𝑡 ∈ [2007, 2017].
To account for yearly variation in the dependent variable which is the same for all O-D (FALK
AND HAGSTEN 2018), a year dummy is added. Adding a year dummy instead of a trend variable

ensures that fluctuations are controlled for which do not amount to the same increase or decrease
every year (i.e. from a recession or similar). A trend variable prescribes the same growth for
each year, which is too inflexible for this model. The year dummies will control for Europewide fluctuations, as for example economic shocks, kerosene price changes and changes in the
EUA carbon price.
Model 2a (Fixed Effects)
log (𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 ) = 𝛽̅ ′𝑑𝑖𝑡𝑟𝑒𝑎𝑡 𝑑̅ 𝑦𝑒𝑎𝑟 + 𝛾̅ ′𝑑̅ 𝑦𝑒𝑎𝑟 + 𝑎𝑖 + 𝜀𝑖𝑡

(9)

Model 2b (Random Effects)
log (𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 ) = 𝛽0 + 𝛽̅ ′𝑑𝑖𝑡𝑟𝑒𝑎𝑡 𝑑̅ 𝑦𝑒𝑎𝑟 + 𝛾̅ ′𝑑̅ 𝑦𝑒𝑎𝑟 + 𝑢𝑖 + 𝜀𝑖𝑡 ,
𝑢𝑖 ~
𝑎𝑖 :

O-D-specific time-invariant estimated intercept term (FE)

𝛽0 :

Common intercept (RE)

𝑢𝑖 :

O-D specific time-invariant error term (RE)

𝑑𝑖𝑡𝑟𝑒𝑎𝑡
̅ 𝑦𝑒𝑎𝑟
𝑑

(10)

𝑖𝑖𝑑(0, 𝜎𝑢2 )

:

Treated route dummy, 𝑑𝑖𝑡𝑟𝑒𝑎𝑡 = 1, 𝑖𝑓 𝑖 ∈ "𝑇𝑟𝑒𝑎𝑡𝑒𝑑"

:

Vector of 11 year dummies, e.g. 𝑑𝑡2011 = 1, 𝑖𝑓 𝑡 = 2011

The interaction term 𝑑𝑖𝑡𝑟𝑒𝑎𝑡 𝑑̅ 𝑦𝑒𝑎𝑟 becomes 1 when the origin airport lies in Germany and the
observation is from the year of the respective 𝑑̅ 𝑦𝑒𝑎𝑟 dummy. There are 11 years of observation,
the dummy of 2007 is dropped to avoid collinearity, therefore 10 interaction terms are created
by 𝑑𝑖𝑡𝑟𝑒𝑎𝑡 𝑑̅ 𝑦𝑒𝑎𝑟 . The coefficients of the vector 𝛽̅ and their significance levels will be a measure
for the tax’s effect post-2010 and a way to test the common trends assumption for the interaction
terms with 2010 and before, see section 4.8.
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As a concrete example for how to interpret the year dummies and treatment dummies:
Assuming the coefficient for the year dummy of 2012 is 0.02, it means that on average,
passenger numbers on all routes grew by 2% since 2006. Assuming the respective treatment
dummy coefficient for Model 2 is -0.3, for routes starting in Germany a decline of about -30%
is happening at the same time. In total, passengers on routes starting in Germany in 2012
decreased by 28% when compared to the average route in 2007. Compared to routes starting in
other countries in the same year, the numbers are 30% lower, following the example numbers.
4.7.3 Model 3
Since there are three different tax rates, these are likely to influence passenger numbers
differently. To be able to detect this difference in the treatment effect, instead of one binary
treatment variable, three will be used in the next model, one for each distance group, each
interacted again with the vector of year dummies.
Model 3, uncondensed version
log (𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 )
=
+
𝑑𝑖𝐴𝑛𝑛𝑒𝑥1

̅
𝛿𝐴𝑛𝑛1
′ 𝑑𝑖𝐴𝑛𝑛𝑒𝑥1
𝛾̅ ′𝑑̅ 𝑦𝑒𝑎𝑟 + 𝜀𝑖𝑡

(11)
̅ 𝑦𝑒𝑎𝑟

𝑑

+

̅
𝛿𝐴𝑛𝑛2
′ 𝑑𝑖𝐴𝑛𝑛𝑒𝑥2 𝑑̅ 𝑦𝑒𝑎𝑟

+

̅
𝛿𝑅𝑂𝑊
′𝑑𝑖𝑅𝑂𝑊 𝑑̅ 𝑦𝑒𝑎𝑟

: Treatment variable for i with Annex 1 (LuftVStG) destinations

𝑑𝑖𝐴𝑛𝑛𝑒𝑥2 : Treatment variable for i with Annex 2 (LuftVStG) destinations
𝑑𝑖𝑅𝑂𝑊 :

Treatment variable for i with destinations not listed in either Annex

𝑑𝑖𝐴𝑛𝑛𝑒𝑥1 will be equal to 1 if the origin airport of i lies within Germany and the destination
country is listed in Annex 1 of the LuftStG, analogously for 𝑑𝑖𝐴𝑛𝑛𝑒𝑥2 and 𝑑𝑖𝑅𝑂𝑊 . The three
treatment variables can be summarized into a vector 𝑑̅ 𝑧𝑜𝑛𝑒 , this vector is interacted with an
appropriate matrix of year-dummies 𝐷 𝑦𝑒𝑎𝑟 to get a total of 30 interaction dummies and the
corresponding coefficients 𝛿 ̅. 𝐷 𝑦𝑒𝑎𝑟 is a matrix which, when multiplied with 𝑑̅ 𝑧𝑜𝑛𝑒 , will result
in the required vector of 30 year-treatment interaction variables. Full notation of 𝐷 𝑦𝑒𝑎𝑟 and other

equation objects is included in the Appendix, section II.
Model 3a (FE)
log(𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 ) = 𝛿̅′𝐷 𝑦𝑒𝑎𝑟 𝑑̅ 𝑧𝑜𝑛𝑒 + 𝛾̅ ′𝑑̅ 𝑦𝑒𝑎𝑟 + 𝑎𝑖 + 𝜀𝑖𝑡

(12)

log(𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 ) = 𝛽0 + 𝛿̅′𝐷 𝑦𝑒𝑎𝑟 𝑑̅ 𝑧𝑜𝑛𝑒 + 𝛾̅ ′𝑑̅ 𝑦𝑒𝑎𝑟 + 𝑢𝑖 + 𝜀𝑖𝑡

(13)

Model 3b (RE)

𝑢𝑖 ~

𝑖𝑖𝑑(0, 𝜎𝑢2 )

31

4.7.4 Model 4
In order to control for differences between airports which vary in time, dummies indicating the
year and the origin airport are added. The added dummies account for yearly changes in airport
policy which may have an impact on passenger numbers. This includes changes that are due to
national policy, the resulting potential overlap with the tax is addressed in section 8.4. Since
the year-origin airport interaction variables already encompass the yearly variation, they replace
the previously used year-dummies.
Model 4a (FE)
log(𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 ) = 𝛿̅′𝐷 𝑦𝑒𝑎𝑟 𝑑̅ 𝑧𝑜𝑛𝑒 + 𝜃̅ ′𝑑̅𝑎𝑖𝑟𝑝𝑜𝑟𝑡_𝑦𝑒𝑎𝑟 + 𝑎𝑖 + 𝜀𝑖𝑡

(14)

Model 4b (RE)
log(𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 ) = 𝛽0 + 𝛿̅′𝐷 𝑦𝑒𝑎𝑟 𝑑̅ 𝑧𝑜𝑛𝑒 + 𝜃̅ ′𝑑̅𝑎𝑖𝑟𝑝𝑜𝑟𝑡_𝑦𝑒𝑎𝑟 + 𝑢𝑖 + 𝜀𝑖𝑡
𝑢𝑖 ~

(15)

𝑖𝑖𝑑(0, 𝜎𝑢2 )

𝑑̅𝑎𝑖𝑟𝑝𝑜𝑟𝑡_𝑦𝑒𝑎𝑟 : Vector of 847 dummies, combining 77 airports with 11 years

4.7.5 Model 5
Passenger numbers not only depend on the progression of time and the existence of a treatment,
but there are also other, observable factors which play into it. Therefore, a vector of covariates
𝑥̅𝑖𝑡 is added to the model. Additional covariates contribute to isolating the true treatment effect.
They account for variation in the dependent variable which could otherwise be faultily
attributed to the tax. The nature of these variables is expanded upon in Section 4.10.
Model 5a (FE)
log(𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 ) = 𝛿̅𝐷 𝑦𝑒𝑎𝑟 𝑑̅ 𝑧𝑜𝑛𝑒 + 𝜃̅ 𝑑̅ 𝑦𝑒𝑎𝑟 𝑑̅𝑂 + 𝜇̅ 𝑥̅𝑖𝑡 + 𝑎𝑖 + 𝜀𝑖𝑡

(16)

Model 5b (RE)
log(𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 ) = 𝛽0 + 𝛿̅𝐷 𝑦𝑒𝑎𝑟 𝑑̅ 𝑧𝑜𝑛𝑒 + 𝜃̅ 𝑑̅ 𝑦𝑒𝑎𝑟 𝑑̅𝑂 + 𝜇̅ 𝑥̅𝑖𝑡 + 𝑢𝑖 + 𝜀𝑖𝑡
𝑢𝑖 ~

(17)

𝑖𝑖𝑑(0, 𝜎𝑢2 )

Covariates
𝜇̅ 𝑥̅𝑖𝑡 = 𝜇1 ℎ𝑖𝑐𝑝_𝑓𝑎𝑟𝑒𝑖𝑡 + 𝜇2 ln (𝐺𝐷𝑃𝑐𝑎𝑝𝑂𝑖𝑡 ) + 𝜇3 ln (𝐺𝐷𝑃𝑐𝑎𝑝𝐷𝑖𝑡 ) + 𝜇4 𝛥𝑚𝑎𝑟𝑘𝑒𝑡_𝑙𝑣𝑙𝑖𝑡
+ 𝜇5 𝑑𝑒𝑠𝑡_𝑝𝑜𝑙𝑖𝑡𝑖𝑡
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(18)

4.7.6 Model 6
Lastly, a model using data with monthly observations will be run. A different treatment
interaction term for testing common trends assumption and modelling tax effect is used here.
Instead of modelling each of the 11x12 months separately, pre-tax and post-tax are lumped
together into one dummy each, interacted with the treated-origin-dummy 𝑑𝑖𝑡𝑟𝑒𝑎𝑡 , and interacted
with 11 dummies for the calendar months, 𝑑̅ 𝑠𝑒𝑎𝑠𝑜𝑛 , dropping the dummy for January to avoid
collinearity.
To use monthly data and correct for the strong seasonal variations in flights that’s invariant
between EU airports, a vector of month-dummies is added, with one dummy for each month in
each year, 132 months in total, excluding one to avoid collinearity.
Using monthly data instead of yearly may give insight into whom the tax is influencing.
Passenger numbers are commonly known to increase during the summer months due to vacation
traffic. If then the treatment interaction coefficient is not significant in January – April post-tax,
but becomes significant in May – August post-tax, one conclusion might be that the tax
discouraged vacation flyers from purchasing tickets but had no such significant effect on flyers
the rest of the year.
Model 6a (FE)
𝑝𝑟𝑒 ̅ 𝑠𝑒𝑎𝑠𝑜𝑛

log(𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 ) = 𝜌̅ ′𝑑𝑖𝑡𝑟𝑒𝑎𝑡 𝑑𝑡

𝑑

𝑝𝑜𝑠𝑡 ̅ 𝑠𝑒𝑎𝑠𝑜𝑛

+ 𝜑̅ ′𝑑𝑖𝑡𝑟𝑒𝑎𝑡 𝑑𝑡

𝑑

+ 𝜋̅′𝑑̅𝑚𝑜𝑛𝑡ℎ

(19)

+ 𝜇̅ ′𝑥̅ 𝑖𝑡 + 𝑎𝑖 + 𝜀𝑖𝑡
Model 6b (RE)
𝑝𝑟𝑒 ̅ 𝑠𝑒𝑎𝑠𝑜𝑛

log(𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖𝑡 ) = 𝛽0 + 𝜌̅ ′ 𝑑𝑖𝑡𝑟𝑒𝑎𝑡 𝑑𝑡
̅ 𝑚𝑜𝑛𝑡ℎ

+𝜋̅ ′𝑑

𝑑

𝑝𝑜𝑠𝑡 ̅ 𝑠𝑒𝑎𝑠𝑜𝑛

+ 𝜑̅′ 𝑑𝑖𝑡𝑟𝑒𝑎𝑡 𝑑𝑡

𝑑

(20)

+ 𝜇̅ ′𝑥̅𝑖𝑡 + 𝑢𝑖 + 𝜀𝑖𝑡 ,

𝑢𝑖 ~ 𝑖𝑖𝑑(0, 𝜎𝑢2 )

t:

Month, 𝑡 𝜖 [2007𝑀01, 2007𝑀02, … 2017𝑀11, 2017𝑀12]

𝑝𝑟𝑒
𝑑𝑡 : Binary
𝑝𝑜𝑠𝑡
𝑑𝑡 : Binary
̅ 𝑠𝑒𝑎𝑠𝑜𝑛

dummy variable, equal to 1 if t < 2011
dummy variable, equal to 1 if t ≥ 2011

𝑑
: Vector of calendar month dummies (seasonal)
𝑑̅𝑚𝑜𝑛𝑡ℎ : Vector of month dummies, 𝑡 ∈ [20007𝑀02, 2007𝑀03, … 2017𝑀11, 2017𝑀12]
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4.8 Testing the common trends assumption
To be able to assume common trends between a treated group and a control group, it has to be
tested whether their development has the same trend before treatment. Above, all models except
Model 1 include dummies that are interactions between the treatment indicator and each year.
The treatment indicator is a binary variable indicating whether an O-D pair’s origin airport is
located in Germany. For interactions with the years after 2011, when the tax is already
implemented, these dummies’ coefficients are expected to show the effect of the tax in the
respective year. 2007 is the base year, therefore the year dummies model the proportion by
which passenger numbers in all years changed since the base year, while the treatment-year
interaction dummies (hereafter called treatment dummies) model the annual deviations from
this change for routes with origin in Germany.
For the years 2008, 2009, and 2010, the treatment dummies are essentially ‘fake treatment
variables’, they are expected to not be statistically significant. However, if they are significant
it means there are characteristics which cause the development of German passenger numbers
to differ significantly from those of any of the control countries in those years. Consequently,
common trends cannot be assumed. This way of testing the time-invariance of differences in
characteristics has been used frequently in literature (AUTOR 2003, REBER 2005, ANGRIST AND
PISCHKE 2008, LIMA

AND

NETO 2017, DI MARIA, LANGE

AND

WERF 2014). There, it is

sometimes referred to as using “leads” of the treatment.
Parallel trends before intervention can only be tested if there are at least two pre-intervention
periods available (ANGRIST AND PISCHKE 2005, p. 178). This is not the case for the pooled
model in equation 1, which is why for that model there will be no explicit test of parallel trends.
The results of testing for parallel trends in models 2-6 and an interpretation will follow in
section 7.
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4.9 Sensitivity Analysis
To determine the robustness of the model results, six tests are conducted using regressions
which modify Model 3, Model 5, and Model 6 in several ways.
4.9.1 Robustness Test 1: Adding covariates to Model 3
Since the progression through the models shown above adds airport-year dummies before
covariates, it is important to know what an alternative progression would look like, and whether
the results of model 3 hold up to the addition of explanatory variables. They are suspected to
not be robust, since the covariates are expected to add significant explanatory power.
4.9.2 Robustness Test 2: Omitting significant covariates from Model 5
A common test on the robustness of a model’s findings is omitting variables which are not
statistically significant in the original. If their exclusion does not lead to significantly different
results, the results of the original model can be assumed to be robust.
4.9.3 Robustness Test 3: Using a lagged dependent variable and QML estimator in
Model 3 and Model 5
Since the addition of a lagged dependent variable is an approach successfully implemented by
FALK AND HAGSTEN (2018), a similar regression shall be run to be able to directly compare
results. Since the addition of a lagged dependent variable makes a departure from the standard
fixed effects estimators necessary due to intertemporal correlation, their approach using a
Quasi-Maximum-Likelihood estimator (QML) is replicated using the same STATA command,
which also includes the regression being run in first-differences. To compare directly, the
regression is first run using the set-up of Model 3, but adding the covariates as well, this is test
3.1. Additionally, the QML estimator and lagged dependent variable is also applied to Model
5, to observe the effect of the airport-year dummies, and to test the robustness of Model 5. If
results of main model and robustness test 3 with lagged dependent variable are largely similar,
it can be assumed that the main model is not suffering from omitted variable bias (Angrist and
Pischke 2005, p. 184).
4.9.4 Robustness Test 4: Only using middle 90% of data in Model 5
To test whether the number of zeros and large maximum values included in the data have an
effect on results, the data is restricted by cutting off the lowest and highest 5% of observations
and using this adjusted dataset for Model 5.
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4.9.5 Robustness Test 5: Adding year-treatment dummies to seasonal ones in Model 6
Having annual treatment dummies in addition to seasonal ones makes conclusions on the
existence of parallel trends easier and more explicit and possibly adds information about the
total effect in a certain year and month. While the pre-tax seasonal dummies capture preintervention trends and can give a glimpse into whether there are common trends between
treated and control group, the seasonal dummies also lump together all pre-tax Januaries into
one dummy-January, all pre-tax Februaries into one dummy February, etc. Adding yeartreatment dummies makes the picture more complete and the pre-tax periods are not only
differentiated by month, but also by year. Of course, analogously so are the post-tax periods.
4.9.6 Robustness Test 6: Adding airport-year dummies to Model 6
Lastly, to get more information on the effect which adding airport-year dummies has on model
results, these are also added to model 6. Attention is also paid to whether this addition
statistically improves the fit of the model as it does for Model 5.

4.10 Covariates
An aviation tax might influence the decisions of both the airlines which supply flights and the
passengers which book them. Airlines, who are the ones directly paying the tax, may decide
that certain routes are not profitable anymore due to the required tax payment which they might
not be able to lay completely on customers. The part of the tax which they can pass on to
customers will raise prices, and due to that, customers might choose to purchase fewer tickets.
Consequently, both supply and demand side have an influence on passenger numbers (BORBELY
2019). When searching for important covariates which influence these numbers, it is therefore
important to consider both sides of the coin.
There are possibilities to create two separate equations for supply and demand and estimate
them jointly, using, for example, seemingly unrelated regressions (SUR). This might be a
favourable approach if the absolute tax rates were used as a variable and the researcher were
striving to determine a price elasticity. However, since the variation in tax rate over the years
is quite low, as is shown in Figure 2.3, and estimating a price elasticity is not the end goal of
the study, a reduced-form equation will be used instead, containing both determinants of
demand and supply in the same expression. What follows is a list of the covariates used, the
intuition behind their inclusion, and their sources.
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4.10.1 Price of flight tickets
Not only customer demand depends on prices, usually negatively to be precise, but also the
supplied quantity. An airline chooses how many seats, if any, it wants to make available on a
certain route, depending on the price it can realistically ask for it. It is therefore a vital covariate
to be included when modelling passenger numbers (FALK AND HAGSTEN 2018). Ideal data for
this variable would include average air fare prices for a specific month, in a specific year, for
one specific airport-country connection. The acquisition of such a dataset is complicated, since
it is not readily available as open source, and airports as well as airlines are hesitant with such
detailed datasets. BOONEKAMP

ET AL.

(2018) use such a dataset, which is unfortunately not

publicly accessible. Another approach is to extract air fare data from online booking portals
using machine learning algorithms. MORLOTTI ET AL. (2017) have succeeded in this, but only
for one specific airport of origin, and one single airline, over the span of seven months. To
acquire a similar dataset for the span of time periods and routes involved in this analysis would
go beyond the scope of this Master’s thesis, but should be kept in mind for future research.
Therefore, the best alternative is used, which is a monthly Harmonised Index of Consumer
Prices (HICP) for passenger transport by air by country. This variable is available in the
Eurostat database in the Economy and Finance section (EUROSTAT 2019F and 2019G). One
disadvantage here is that this index is calculated after taxes, and therefore includes the Aviation
Tax, potentially leading to double counting when used together with a treatment variable in the
model. A transformed index with constant prices is available, however, since 2015 is used as a
base here and the tax was implemented in 2011, the Aviation tax is still included (EUROSTAT
2019H). Since taxes cannot be detached from the price, the question is whether the inclusion of
both treatment variable and price index lead to a biased or inconsistent estimate, i.e. whether
the two are collinear. Intuitively, the answer is that the tax does not only have an influence on
passengers through the price, since airlines might not be passing on the entire tax to customers.
It influences the supply of airplane seats in ways which do not depend on the price. The
treatment variable therefore explains a different subset of variation in the dependent variable
than the price index, meaning that perfect collinearity in this case is not likely, but should still
be tested. A collinearity matrix for all covariates and treatment dummies can be found in the
Appendix, Table 11.20, and finds no perfect collinearity.
4.10.2 Real GDP per capita in origin country
The gross domestic product (GDP) is a standard economic control variable and is, amongst
others, a measure of the economic well-being of a state. GDP, or alternatively purchasing
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power, per capita has been used as a covariate in all papers reviewed above (see e.g. BORBELY
2019, MARKHAM 2018, GURR AND MOSER 2017). Passenger number are believed to depend on
GDP in the origin country through a number of channels. Firstly, a large GDP per capita means
larger finances per person to spend on goods, including luxury goods like flights. For this reason
GDP per capita was chosen over total GDP. Secondly, a larger GDP means that the state earns
more taxes and therefore has more freedom to spend money on the construction, maintenance,
and extension of infrastructure, including airports. The annual data for variable 𝑜𝑟𝑔_𝑔𝑑𝑝_𝑐𝑎𝑝𝑖𝑡
is taken from the official statistics database of the World Bank, as real GDP/capita dataset with
2010 as reference year for inflation (WORLD BANK 2019B).
4.10.3 Real GDP per capita in destination country
Additionally, passenger numbers likely also depend on the GDP per capita of the destination
country. A larger GDP means more wealth, therefore more businesses and business
opportunities, and economically stronger countries likely receive more business flyers and have
better flight infrastructure. The source of data is, again, the World Bank Database (WORLD
BANK 2019B).
4.10.4 Difference in national price levels
This variable controls for variance in passenger numbers due to the difference in consumer
price levels between origin and destination country. The intuition behind including national
price levels in the models is that a positive difference in national price level between origin
country and destination country makes a visit more attractive, since purchases and life there is
more affordable in comparison. The variable thereby attempts to model demand decisions on
the basis of price differences (GURR AND MOSER 2017).
The national price level of a country can be expressed as the price level ratio of the purchasing
power parity (PPP) conversion factor to the market exchange rate. A country’s PPP conversion
factor, with respect to U.S. dollars, is the units of local currency necessary to purchase the same
basket of goods in that country as the basket which can be purchased for one U.S. dollar in the
U.S. Next, this PPP conversion factor is divided by the market exchange rate. The resulting
ratio expresses the amount of dollars necessary to locally buy a basket of goods which could be
purchased for one U.S. dollar in the U.S. The values for each origin and destination country
separately are taken from the World Bank database (WORLD BANK 2019D). The variable used
in the models is a difference, subtracting the ratio for the destination country from the ratio for
the origin airport’s country. A positive value indicates that goods are cheaper in the destination
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than in the origin, while a negative value indicates the opposite. The expectation regarding this
variable is that passenger numbers on a route increase, if prices in the destination are cheaper
when compared with the origin, wherefore an increase in this variable should result in an
increase in passengers, ceteris paribus.
4.10.5 Political Stability and Absence of violence index in destination
A variable expressing the political stability in the destination country has been used by GURR
AND MOSER (2017). Especially leisure travellers, but also business passengers, make their travel

dependent on the safety of a country, and decreasing political stability and increasing violence
most likely leads to a decrease in visitors. The data used is an index developed by the World
Bank and published every year for every country (WORLD BANK 2019A).
4.10.6 Variables not included in the analysis
Carbon Price under EU-ETS from 2012 on
Flights within the EU have been included in the EU-ETS carbon trading scheme since 2012, as
discussed in Section 2.2. Airlines need to acquire a certain number of permits for the CO2 their
flights emit, which can require substantial sums of money. Higher carbon prices therefore
means operations become more expensive, possibly prompting airlines to drop flights or
employ smaller planes. Therefore, the changes in the EU Allowance Unit (EUA) price might
be a significant addition to the covariates. However, this variable only varies in time and not
between O-D pairs since all routes included start in the EU and are subject to the same EUETS. Due to this lack of between variation, it is a collinear variable to the year-dummies which
are also included, it would therefore fall away in the estimations, and not add any explanatory
power.
Jet fuel price
Although this is arguably one of the defining variables for airlines in their decision on how
many flights they are able to offer as it fluctuates greatly in line with the crude oil price (source,
source) it is also one of the most difficult ones to find country-level observation data on,
especially when relying on open source. The price data that was available was only on a global
or pan-European level (e.g.

INDEXMUNDI

2019). This structure is not suited for the planned

models since does not offer additional information when year-dummies are already in use and
is consequently dropped from the estimation automatically. It was therefore chosen not to
include it, but it could be an important addition to models in future expanded projects.
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Proximity of foreign airports to Germany
Non-German airports which are included as control observations in the model could also have
been affected by the implementation of the tax, in the way of spillover effects as detailed in the
discussion of BORBELY’s 2019 paper. Ways to consider these spillover effects are excluding OD with origin airports that lie within a certain distance of German airports or including dummies
not just for the German airports, but also for the spillover-prone bordering ones, as done in Falk
and Hagsten (2018). For brevity and due to the ambiguity of previous studies about their
necessity, no such controls are implemented, but added to the suggestions for future studies.
Proportion of Low-cost carrier airlines at origin airport
Both BORBELY (2019) and FALK AND HAGSTEN (2018) found a significant difference between
the effect of the tax on hub airports and those airports which are mainly serviced by LCC
airlines. Decreases in passenger numbers after implementation, if any were detected, mostly
took place on routes starting at these LCC airports according to both studies, leading to the
assumption that budget airlines were affected more than regular airlines. This makes it
important to have an appropriate variable to account for the proportion of low-cost flights to
regular flights at an airport, or to separate LCC airports formally from regular and hub airports
in the estimation. For this Thesis the latter was done, due to reasons detailed in section 5.2. This
made the addition of another variable accounting for LCC proportions unnecessary.
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5 DATA
5.1 Dependent variable
The dependent variable used in all models is the number of passengers per O-D pair per time
period. The data was acquired from the Eurostat datasets avia_pana, avia_painac, and
avia_paexac on passenger numbers, with annual or monthly observations per European airport
and respective destination country (EUROSTAT 2019b-d). The three datasets are split between
EU domestic flights (avia_pana), flights from EU airports to intra-EU destinations
(avia_painac), and flights from EU airports to extra-EU destinations (avia_paexac). After the
download, the three sets were combined. Since all are available both with monthly observations
on passenger numbers and as annual aggregates, two versions of the dependent variable dataset
were created.
A first sub-selection of origin airports took place based on airport category. Only airports of
categories 2 and 3, above 150,000 annual passengers (COMMISSION REGULATION (EC)
1358/2003 2003, p.10), are required by law to report data which splits passenger numbers by
O-D pair, as specified by REGULATION (EC) No 437/2003 (p. 4). Consequently, all airports
reporting fewer than 150,000 passengers processed, in any of the years 2010-2012, were
dropped from the datasets, to make sure data continuity was given at least at time of treatment
and one period before and after. The data used for the selection process were passenger numbers
aggregated by year and airport, of Eurostat dataset avia_paoa (EUROSTAT 2019e).
A second sub-selection of airports involved excluding airports in countries where a coexisting
aviation tax was in place during the observation period, based on previous findings as
summarized in Table 2.1. All airports located in Austria, Denmark, France, the Netherlands,
Ireland, Italy, and the UK were dropped. This eliminates a not unsubstantial portion of airports,
and it comes with its own shortcomings. Excluding these airports from the sample on the one
hand makes sure the effects of their own taxes on passenger numbers cannot bias results by
providing the analysis with control observations which are artificially low due to the respective
policies. This is especially important since the respective taxes changed or were implemented
at or around the same time as the German tax (IFS 2017, RIS 2020, AIR JOURNAL 2011). On
the other hand, it also limits the control group, which should ideally include “individuals”, or
in this case O-D pairs, which are as similar to the treated group as possible. A larger control
group would be more likely to include O-D pairs whose passenger numbers are behaving in a
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similar way to the German origin O-D pairs. Other ways to control for these coexisting taxes
are discussed in section 8.9, for this thesis however, a sub-selection is implemented.
The result are two datasets, one with monthly observations (132 months) and one with annual
observations (11 years). They both encompass 260 EU origin airports and 209 destination
countries, summing up to 7,172,880 observations and 597,740 observations, respectively. More
details on the process of data acquisition and combination are in the Appendix, section III.
However, these two datasets will be restricted further, as their observational unit does not
represent the same observational unit as is needed for the models specified in section 4.7, at
least not for all O-D pairs. The dataset’s problematic characteristic is that it counts transfer
passengers as departure passengers.
5.2 Bias due to transfer passengers: Airport sub-selection
Transfer passengers are those passengers which pass through an airport, switching between two
planes with different flight numbers, but whose true origin lies at another airport (BMF 2017,
p. 15). This type of passenger can cause potential bias to the analysis in two ways.
First, transfer passengers who arrive from another country and switch planes in Germany are
not subject to the Aviation Tax (given their itinerary was purchased in one go) since their origin
airport is not located in Germany (BMF 2017, p. 15). In the available Eurostat dataset, these
passengers are usually recorded as both arriving and departing passengers and thereby counted
double, as also mentioned for example in Frankfurt (Main) airport’s yearly statistical report
(FRAPORT 2018, p.49). This is troublesome for the analysis since these transfer passengers count
into the observations for departures out of Germany, which defines the group of O-D
combinations subject to the tax, while in reality no tax was paid for them.
Second, another potentially problematic characteristic of the datasets is that the destinations
reported refer to the destinations of single flights. Passengers boarding a plane in Germany and
transferring at a non-German EU hub to continue onto long-distance flights fall under taxation
for flights to Zone 3. However, the destination of passengers with several legs in their journey
will be recorded in the Eurostat datasets as the hub where they transferred, not as their final
destination. For a passenger flying from Düsseldorf to Paris and then to the U.S. this means
they become part of the numbers for flights to Zone 1, not Zone 3, skewing the results when
impacts are differentiated between tax rates.
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It was confirmed with an official of the Generalzolldirektion, the unit of the German customs
authority overseeing the payments of the Aviation Tax, that the airlines always pay for each
individual passenger on the basis of their personal destination, not on the basis of the destination
of the airplane they were departing Germany on. For details on this inquiry see Appendix,
section I. Therefore, the two issues detailed above have the potential to bias the analysis and
precautions need to be taken to only use data in the analysis which all but excludes transfer
passengers.
Since the characteristics defining an observation are its origin airport and its destination
country, the restriction of the dataset took place by excluding an airport with all its destination
pairs if it did not meet the specified criteria, or, in certain cases, retain the airport but remove
specific O-D combinations from the dataset which were suspected to also encompass transfer
passengers.
The sub-selection took place based on whether it is likely to have a large proportion of transfer
passengers. Hubs were excluded, such as Frankfurt (Main) airport and Athens airport, but also
smaller airports whose main function is feeder flights to hubs within the same country.
Additionally, specific O-D combinations were excluded if the airport’s online information
listed flights by non-LCC airlines to large hubs in the destination, for example if an airport
listed regular flights by British Airways to London Heathrow. The basis for the exclusion were
the official information websites of all 260 airports concerning destination countries and
carriers. More detail can be found in the Appendix, section IV. The appendix also contains the
list of all airports retained in the dataset, Table 11.17, and the list of O-D pairs excluded from
it, Table 11.18.
5.2.1 Consequences of limiting origin airports
Several things need to be kept in mind after this sub-selection. First, the effect of the tax can be
expected to differ between regular airports and those contained in this sample. LCC offer
comparably cheaper flights, where passing on the tax to customers is more noticeable than on
flights with higher prices (BORBELY 2019). Therefore, LCC can only raise prices to a limited
extent and carry most of the tax burden themselves, which leads to cuts in other places. These
might be ones without direct effect on passenger numbers, such as cuts to employee pay or
stricter restrictions on baggage. However, it can also include cutting out certain routes that
become economically unviable or reducing the frequency of a flights, both of which will be
noticeable in passenger numbers. Other studies have already hinted at the tax affecting German
airports with mainly low-cost airlines more than the rest (BORBELY 2019, FALK AND HAGSTEN
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2018), therefore a significant effect of the treatment is more likely to be found in this subsample than when using a non-restricted dataset. Second, European LCC are less likely to
service routes into countries in Zone 2 and Zone 3, as shown in section 5.2.1 and Table 5.1.
This reduces the reliability of results concerning the effect of the tax rates applying to these
destination zones.
Limiting the dataset to the airports with the specific characteristics listed in section 5.2 restricts
the dataset unequally when distinguishing between the three destination zones (in Annex 1, in
Annex 2, Rest of World). Table 5.1 summarizes the proportions of NA observations for each
Zone and shows that there is significantly less data for O-D with destinations in Zone 2 or 3
than for those in Zone 1. NA means, there are no numbers available for that specific observation,
i.e. that combination of O-D pair and year. Almost 80% of observations that are not NA pertain
to Zone 1 O-D pairs. This proportion is an increase from the original dataset with all
observations, where the non-NA observations are just slightly more evenly distributed between
the zones (see Annex, Table 11.16). When considering the sum of passengers recorded for each
category, the picture is even more striking. In total, 516,775,337 passengers are part of the
dataset. Of these, 506,033,711 passengers were on flights with destinations within Zone 1,
which is 97.92% of all passengers recorded. Only 1.78% of passengers pertain to flights to Zone
2, and 0.3% to flights to Zone 3.
Table 5.1: Comparing passenger data by destination zones, annual data
Set
Zone 1
Zone 2
Zone 3
All
(Annex 1)
(Annex 2)
(Rest of World)
(Full dataset)
Total datapoints in
49654
43197
83006
175857
set
Non-NA
19836
3348
1881
25065
observations
... non-NA of full
79.14%
13.36%
7.50%
100.00%
dataset
Passengers recorded
% of total passengers
recorded

506,033,711

9,209,876

1,531,750

516,775,337

97.92%

1.78%

0.30%

100%

Source: Own calculations, data: Eurostat 2019b-d

These discrepancies in data richness can also be seen visually. Figure 5.1 aggregates the
available data for Germany and 7 other EU27 countries by country and year and shows the
data’s progression through time. While trends and movement seem moderate and, importantly,
continuous in graph A), graph B) seems noisier, and graph C) has visible gaps and outliers.
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Since the same figures for the original data did not exhibit this behaviour (see Appendix, Figure
11.3), it must have been an effect from the sub-selection process. Analysing the monthly data
in the same way leads to similar conclusions. The respective table and graph can be found in
the Appendix, Table 11.16 and Figure 11.1. Also here, care is warranted when interpreting
results.
Consequently, the final results of the models using this data will have to be interpreted with
these data characteristics in mind, especially regarding the variable of interest. Results for O-D
pairs with destinations in Zone 1 are likely more reliable than results for O-D pairs with
destinations in Zones 2 and 3, since more data is available, and the available data is less patchy.
It highlights the importance of distinguishing between these destination zones by means of the
treatment-year interaction variables, as done in Model 3, since only then separate conclusions
can be drawn for the three tax levels.
The dependent variable, after sub-selecting the origin airports as detailed in section 5.2, consists
of O-D pairs mostly starting at smaller non-hub airports, servicing mainly low-cost vacation
travellers. The sub-selection was done on both the annual and monthly observation data. In the
following overview of the dependent variable it is therefore important to keep in mind, that
these two datasets do not represent all flights from European airports, but merely those which
met the conditions laid down in the previous section. Therefore, the tables below do not give a
general overview on the flight market in Europe, but only on the flights from the airports listed
in the Appendix, Table 11.17.
In conclusion, any statements made on the basis of the modelling results do not hold for all
flights departing Germany, but only, specifically, for routes from these types of small airports
limiting the transferability of the results.
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Figure 5.1: Passengers over time, per origin country per destination zone, annual data
Source: Own visualisations, data: Eurostat 2019b-d

5.3 Descriptive statistics dependent variable
5.3.1 Data with annual observations
The dependent variable at the annual level has 175,857 observations, on 15,987 O-D pairs for
11 years each. The O-D pairs are made up of 77 origin airports and 209 destination countries,
of which 106 combinations were not included. Table 5.4 shows an example of an O-D pair and
its yearly observations.
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Table 5.2 gives the standard descriptive statistics of the annual passengers dataset. The mean
annual passengers per route are 20,617. The median is 255, significantly less than the mean,
showing a right skew of the data. This is clearly visible in a histogram of the variable in Figure
5.2, on the left. A logarithmic transformation visibly reduces the skew, as seen in Figure 5.2,
consequently a log-transformed version of the dependent variable will be used.
Table 5.2: Descriptive statistics of annual passengers dataset
Min.
1st Qu.
Median
Mean
3rd Qu.
Max.
St.D.
0
8
255
20617
10308
2831855
80605.71
Source: Own calculations, data: Eurostat 2019b-d

Figure 5.2: Distribution of passengers and of loge(passengers), annual data
Source: Own calculations, data: Eurostat 2019b-d

As summarized in Table 5.3, 85.7 % of observations are missing (i.e. NA) making it highly
unbalanced. This large proportion is due to the nature of the observational unit. With 77 x 209
O-D pairs, there are bound to be many routes which are never serviced, due to various reasons
(size of O airport, distance of D country, etc.). Fortunately, both Stata and R are equipped to
deal with unbalanced panel data in their panel regressions.
Table 5.3: Missing values (NA) and real zeros in annual passenger numbers dataset
Total Observations Missing values (NA) Obs. where (y = 0)
Obs. where (y > 0)
175857

150792

2107
= 8.4% (of all non-NA)

22958
= 91.6% (of all non-NA)

Source: Own calculations, data: Eurostat 2019b-d

Another characteristic of the dataset is the existence of both real zeros and NA observations.
An observation with value ‘0’ means, that no passengers were recorded on this route in the
respective time period. An observation that is ‘NA’ means that there are no recordings of
passenger numbers reported for this route and time period. There are 2107 real zeros in the
dataset, making up 1.4% of all observations, and 8% of all non-missing observations,
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summarized in Table 5.3. Theoretically, 0 and NA could mean different things, for example
distinguishing between routes being offered but not booked, routes being cancelled after having
been offered, or routes never having been serviced in the first place. It is also the case, that there
are O-D pairs which have positive observations for some years, 0 for others, and missing
observations for the rest, such as for the O-D pair “Aalborg airport – Ukraine” in Table 5.4.
However, the Metadata for the Eurostat dataset, which is the basis for these passenger numbers
data, does not give any indication about the difference in meaning of a 0 and a missing
observation (EUROSTAT 2019). Since the data is collected at airport level by the respective
authorities, it is also unclear whether the respective authorities use zeros and missing values
differently. Therefore, no explicit distinction in treatment between zeros and missing values
will be made.
Table 5.4: Example: Yearly observations of passenger numbers between Aalborg and the
Ukraine
AALBORG
2007
2008
2009 2010
airport –
NA
18
0
4
Ukraine
Source: Own calculations, data: Eurostat 2019b-d

2011

2012

2013

2014

2015

2016

2017

0

7

0

171
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NA

8

Since a logarithm-transformation on data containing real zeros is not possible, all observations
must be either transformed by adding a small value to all non-missing data as is commonly
done (WOOLDRIDGE 2013, p. 193), or the zeros must be dropped. It has been established, that
regarding their meaning, there is no notable difference between a 0 and a missing value in this
context. Adding a small value is the common statistical procedure to deal with zero in a variable
that is to be log-transformed, and since the proportion of zeros is not large, coding them as 1 is
expected to have little impact on the estimation’s results. Adding smaller values than 1 is also
possible, but since the dataset does not have any values between 0 and 1 naturally, this would
create a noticeable gap in the data distribution after log-transformation and is therefore not the
preferred approach.
Further summarizing statistics on the annual dependent variable can be found in the Appendix,
section III., on the most frequented routes, busiest origin airports, and most popular destination
countries.
5.3.2 Data with monthly observations
The dependent variable at the monthly level has 2,110,284 observations, on 15,987 O-D pairs
for 132 months each. The same O-D pairs were excluded as in the annual-level data. Descriptive
statistics for the monthly-level data are given in Table 5.5, also here a right skew is apparent,
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with the mean at 3,596 passengers and the median at 700. Consequently, the monthly-level data
will also be used in a log-transformed version with (+1) added to all observations, the respective
histograms are contained in Figure 5.3. 93.2 % of observations in this dataset are NA, due to
the nature of the unit of observation, as explained in the previous section. The respective table
and further illustrative statistics can be found in the Appendix, section III.
Table 5.5: Descriptive statistics of monthly passengers dataset
Min.
1st Qu.
Median
Mean
3rd Qu.
Max.
0

7

700

3596

2902

501510

NA's
1966561

Obs
2110284

Source: Own calculations, data: Eurostat 2019b-d

Figure 5.3: Distribution of passengers and of loge( passengers), monthly data
Source: Own calculations, data: Eurostat 2019b-d

5.4 Visual analysis of common trends
Section 4.5 establishes the existence of parallel time trends of treated and control individuals
as a prerequisite for a consistent and unbiased impact evaluation with the difference-indifferences method. A first indicator, as to whether this assumption holds for the data at hand,
is the existence of similarities in behaviour across time of the treated group and the control
group. This can be evaluated based on figures displaying both groups’ passenger numbers over
time. Figure 5.4 shows the development of passenger numbers over time comparing the
aggregate for German airports to the aggregate of all other airports, first on routes to all
destinations, and then differentiated into the three destination zones.
In panel A) and B), the development of passenger numbers pre-2011 is similar, minus a dip in
2009 which the German series does not have. It also shows a decrease in Germany’s numbers
between 2010 and 2011, already before the implementation of the tax. Whether these two
differences are significant enough to disqualify them for common trends needs to be statistically
assessed.
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Figure 5.4: Germany vs. controls time series, annual data
Source: Own visualisations, data: Eurostat 2019b-d

Data for flights to Zone 2 and 3 show much more noisy development, which makes it difficult
to conclude visually that they can be reasonably assumed to exhibit common trends. This also
will be tested through the treatment dummies in Model 3.
Graphing the monthly passenger data for Germany and the controls results in Figure 5.5. It
seems here, that German airports in their sum have significantly smaller peaks in summer than
the control group. A possible reason for this is the restricted dataset – for example, Palma de
Mallorca airport is included in the sample, while many German airports are not. A large number
of Germans will fly there for vacation and are recorded on their flight back as departing
passengers in Palma. However, their departure from Germany in the first place might not be
part of the dataset, since large hubs also frequently fly to Mallorca, but are not part of the
dataset. Concluding from the figure, it is unlikely that Model 6 will successfully control for the
different sizes of peaks, and therefore most likely not find common trends before 2011. The
respective results are found in section 7. However, the figure still hints at a possible effect of
the tax, as can be seen when comparing the top of the Germany peaks before and after 2011.
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The data peaks at continuously higher points, but this trend is interrupted in 2011 and only picks
up again after 2015. Since Model 6 does not distinguish between zones, the respective figures
are not included here, but can be found in the Appendix, Figure 11.2.

Figure 5.5: Germany vs. controls time series, monthly data
Source: Own visualization, data: Eurostat 2019 b-d

5.5 Covariates
Table 5.6 lists summaries for all covariates, with the dependent variable’s summary as a
comparison at the top. An extended version of this table in the Appendix, Table 11.19. The
variables have widely varying degrees of detail, regarding their observational unit.
Distribution histograms of the covariates were made to determine whether the data is too
skewed to be run in untransformed form. These histograms can be found in the Appendix,
Figure 11.4. GDP/capita of the destination country is visibly skewed to the left and seems to
warrant a log-transformation for use in the models. Since using a log-transformed version of
GDP variables is common since it makes interpretation easier, GDP/capita of the origin will
also be used in the transformed form. The covariates to be included in the estimations should
not be perfectly collinear, meaning they should each explain a different part of the variation of
the dependent variable (WOOLDRIDGE 2013, p. 84). The existence of multicollinearity between
covariates of a regression can be tested by computing a correlation matrix which shows each
variable’s correlation with all others. Table 5.7 (yearly data) and Table 5.8 (monthly data) are
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such tables for the abovementioned variables. Since All correlation coefficients are below 0.9,
it can be assumed that multicollinearity is not present between the covariates or the dependent
variable. Collinearity between the covariates and the respective treatment dummies used was
also tested, the respective tables can be found in the Appendix, Table 11.20 and Table 11.20.
Table 5.6: Descriptive statistics covariates
Variable
Obs. level
Min.
Passengers
O-D pair, year
0
Passengers
O-D pair, month
0

Median
255.00
700.00

Mean
20617.00
3596.00

Max.
2831855.00
501510.00

S.D.
80605.71
11354.15

HICP air fare

Origin country,
year

58.77

96.26

93.14

149.90

15.47

HICP air fare

Origin country,
month

42.70

94.75

93.13

190.50

17.51

GDP/capita

Origin country,
year

6476.00

32403.00

35609.00

62357.00

13264.07

GDP/capita

Dest. country, year

214.10

5205.80

13743.30

193745.60

21537.29

Diff. market
price level

O-D pair, year

-1.22

0.41

0.36

1.33

0.34

Dest. country, year

-3.32

0.01

-0.09

1.63

0.98

Polit.
stability

Source: Own calculations

Table 5.7: Correlation matrix of covariates, annual observations dataset
...passengers
log_passengers

1

org_hicp_fare

...hicp

...orgGDP

0.013

-0.128

...destGDP

diff_market_lvl

dest_polit

0.280

-0.273

0.162

0.013

1

-0.038

0.038

-0.048

-0.023

log_orgGDPcap

-0.128

-0.038

1

-0.001

0.492

0.005

log_destGDPcap

0.280

0.038

-0.001

1

-0.739

0.711

diff_market_lvl

-0.273

-0.048

0.492

-0.739

1

-0.535

0.162

-0.023

0.005

0.711

-0.535

1

dest_polit
Source: Own calculations

Table 5.8: Correlation matrix of covariates, monthly observations dataset
...passengers

...hicp

...orgGDP

...destGDP

diff_market_lvl

dest_polit

1

0.056

-0.121

0.171

-0.183

0.077

0.056

1

-0.094

0.008

-0.054

-0.048

-0.121

-0.094

1

-0.020

0.507

-0.013

0.171

0.008

-0.020

1

-0.763

0.704

-0.183

-0.054

0.507

-0.763

1

-0.538

0.077

-0.048

-0.013

0.704

-0.538

1

log_passengers
org_hicp_fare
log_orgGDPcap
log_dest_GDPcap
diff_ppp_od
dest_polit
Source: Own calculations
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6 ESTIMATION
Estimations of the models in section 4.7 were run using R as well as Stata. Final results were
estimated using the xtreg command in Stata/SE 15.1. For the regressions in Robustness Test 3
using the QML estimator the xtdpdqml command was used. Previous estimations were also
made using the plm package for panel data regressions in R version 3.6.1. Table 11.22 in the
Appendix lists the variables that were used in the estimations and their names in the regression
formulas. Section II. of the Appendix details the Stata commands used for estimation.
From here on, the variables representing treatment, treatment-year interaction, or treatmentgroup-year interaction will all be referred to as “treatment dummies”. From the context of the
respective sections it is mostly obvious which type of treatment variable is meant, in the cases
where it is not, explicit clarification is provided. For all variable groups utilizing the time
dimension of the data, the year 2007 was chosen as base year and therefore omitted from the
regressions, to prevent singularities.
Model 1 is estimated using the Ordinary Least Squares (OLS) estimator. For all subsequent
models, both the Fixed Effects (FE) estimator and the Random Effects (RE) estimator were
applied, following the specifications in section 4.7. These were followed up by a Hausmann
Test, to determine whether both estimators are consistent or only the Fixed Effects estimator
(VERBEEK 2005, p. 351-352). For all main models, the test concluded that FE was the only
consistent estimator, hence only the results of the FE regressions shall be reported here.
All models were estimated using clustered standard errors at the level of the observational unit,
the Origin-Destination (O-D) pair. Thus transformed standard errors were used to control for
correlation between residuals from the same O-D pair, as is commonly done in situations of
clustering (WOOLDRIDGE 2013, p. 483). The data variance is large, and it is expected that the
unobservable factors which lead to large parts of this variation are due to specifics of the
respective origin airport or destination country and are unique to these routes. Consequently, a
large part of the variation is expected to be attributed to the O-D fixed effects.
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7 RESULTS
7.1 Main models
The results of the F-test of overall significance imply in each model’s case that H0 of model
insignificance can be rejected, therefore it can be assumed that all of the models are appropriate
for explaining some part of the variation in the dependent variable. The R2 measure, usually a
measure for the Goodness-of-fit of a model, is also reported. However, in panel data estimation,
the role of R2 is significantly diminished and small R2 are not as clearly a sign of low
explanatory power as they are in linear regression estimated by OLS (VERBEEK 2004, p. 352,
WOOLRIDGE 2012, p. 487). Nevertheless, overall R2 can still be used to compare nested models
with the same estimation technique (VERBEEK 2004, p. 353), and it continually rises when
progressing through the models.
The Difference-in-differences core assumption of pre-treatment (i.e. pre-tax) common trends
between treated and control group is approximately tested by using treatment-group interaction
variables with the pre-intervention time periods, as laid out in section 4.7. As long as the
coefficients for these variables are not significant, the assumption of common trends is not
rejected. The results are ambiguous and are discussed in the following sections.
As mentioned in previous chapters, both FE and RE can be applied as estimators to panel
models of the type used in Models 2-6. RE is generally assumed to be the more efficient
estimator, since its results combine FE and Between Estimator (BE) results in a weighted
manned, however, it is only a consistent estimator if the estimated individual effects ui are not
correlated with the covariates. The Hausmann test tests this by comparing the FE and RE output
of a model. For all Models estimated in this Thesis FE and RE was estimated and this test
showed an inconsistency of RE in all cases. Therefore, all results below are the results of an
estimation using the Fixed Effects estimator.
Full results tables for all models as well as for the robustness test regressions are given in the
Appendix. Models 1, 2, 3 can be found in Table 11.23, Models 4 and 5 in Table 11.24, and
Model 6 in Table 11.25. Results of the regressions for robustness tests 1, 2, 3, 4, 5, and 6 are
listed in Table 11.26, Table 11.27, Table 11.28, Table 11.29, Table 11.30, and Table 11.31
respectively, each side-by-side with the original model they are expanding.
Table 7.1 gives a first overview of the results of estimating the models detailed in section 4.7
and displays their differences in specification.
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Table 7.1: Summary specifications and results, Models 1-6
Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

Specification
Observations

Annual

Annual

Annual

Annual

Annual

Monthly

N° observations

25065

25065

25065

25065

24711

142631

OLS

FE

FE

FE

FE

FE

Year dummies

-

Yes

Yes

-

-

-

Month dummies

-

-

-

-

-

Yes

Airport-year
dummies

-

-

-

Yes

Yes

-

Covariates

-

-

-

-

Yes

Yes

Holds

Holds

Does not hold

Estimation

Results
Common trends
assumption
Significant
treatment
coefficients
(post-tax)

Holds
-

2011: -0.330**
(0.12)
2012: -0.326**
(0.12)
2013: -0.377**
(0.13)
2014: -0.422**
(0.13)
2015: -0.369*
(0.14)

Residuals
normal iid

No

p-value (F-test)

0.0001

No

Holds only for
Zone 1 and 2
Zone 1
2013: -0.284*
(0.14)
2014: -0.391**
(0.15)
2015: -0.369*
(0.16)
Zone 2
2011: -0.626*
(0.26)
2013: -0.538*
(0.27)
Zone 3
2012: -0.707*
(0.35)
2013: -0.956*
(0.39)
No

-

-

June: -0.286**
(0.09)
July: -0.467**
(0.10)
Aug: -0.499***
(0.10)
Sep: -0.325***
(0.09)

No

Approx.

No

< 0.0001

< 0.0001

< 0.0001

< 0.0001

< 0.0001

R2 (Within)

0.0061

0.0072

0.0810

0.0856

0.0634

R2 (Between)

0.0001

0.0141

0.0005

0.0179

0.0405

0.0036

0.0177

0

0.0302

0.0332

R2 (Overall)

0.0067

Source: Own calculations

For the annual models, when progressing from Model 1 to Model 5 the goodness-of-fit
increases and, generally, the resulting residual distributions improve (see section 7.2.7) which
is one indicator for improved specification of the model. Largely, with the exception of Zone 3
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flights in Model 3, a difference-in-differences analysis of the treatment dummies seems
warranted since the assumption of common trends holds. A significant effect of the treatment,
i.e. the implementation of the Aviation Tax in Germany in 2011, can be concluded from Models
2 and 3. When adding airport-year dummies as explanatory variables in Models 4 and 5, the
significance of the treatment disappears.
Model 6, as the only model using monthly data, doesn’t exhibit clearly normally distributed
residuals, putting its specification into question. Here, the assumption of common trends does
not seem to hold, the significant treatment dummies after 2011 can hence not be interpreted as
successfully isolated effect of the tax.
In the following sections, Models 1-6 will be discussed in more detail, followed by reports on
the results of the robustness tests.
7.2 Detailed results main models
7.2.1 Model 1 – Simplest Difference-in-differences formulation with OLS
Estimating Model 1 (Full results: Appendix, Table 11.23) results in a statistically significant
coefficient at the 95% confidence level for treat_group with a value of -0.65. 1 This means that,
for O-D routes that have their origin in Germany, Model 1 estimates that passenger numbers
are on average 48% lower than for routes starting in any of the countries within the control
group, regardless of the year. 2 However, neither the coefficient treat_year, a dummy for the
time period 2011-2017, after tax implementation, nor the interaction variable Tt , the true
treatment variable, are statistically significant. This means the model did not find a significant
difference, ceteris paribus, between passenger numbers in the time before 2011 and after, nor
a significant effect of the treatment. The latter also means only using these three dummies, a
significant influence of the Aviation Tax on passengers could not be detected.
Since this model is estimated using Ordinary Least Squares (OLS), the R2 of 0.0067 that is
reported from the estimation can be directly interpreted. Only 0.7% of the variation in the
dependent variable is explained by the model. Since it is the simplest model and does not
account for O-D-specific fixed effects, the poor explanatory power is not surprising.

In the following sections, “statistically significant” will continue to refer to significance at a confidence level of
95% or more.
̂
2
To give percentages, coefficients have been transformed using the formula (𝑒 𝛽 − 1)*100 (Verbeek 2005, p.
72). Even though coefficients of log-level models can be interpreted as approximate percentages (Verbeek 2005,
p. 53), this approximation is less exact the further away the coefficient is from 0, therefore the above explicit
transformation is used
1

56

7.2.2 Model 2 – Adding annual and fixed effects
Model 2 is estimated using the within fixed effects estimator and O-D fixed effects as well as
year dummies and treatment dummies for each year excluding 2007 (Full results: Appendix,
Table 11.23). The assumption of common trends holds, none of the treatment dummies before
2011 are statistically significant. Treatment dummies for 2011, 2012, 2013, 2014, and 2015 are
statistically significant, with values ranging from -0.33 to -0.42. The combination of dummies
in Model 2 therefore estimates the difference between passenger numbers on any route in base
year 2007, and passenger numbers on the average route starting from Germany after 2011, to
range from between -28% and -34%. And since the difference only becomes statistically
significant from 2011 onwards and common trends holds, it means that the difference-indifferences analysis in Model 2 attributes this difference in passenger numbers to the
implementation of the Aviation Tax in 2011.
The rho of 0.829 means 83% of explained variation is attributed to the estimated O-D fixed
effects in Model 2. The within-R2 is 0.0061, the overall R2 is 0.0036. Since Models 2-6 are not
estimated with OLS, the R2 are not directly comparable to Model 1 and do not directly represent
explanatory power (VERBEEK 2004, p. 352).
7.2.3 Model 3 – Differentiating between destination zones
Model 3 uses yearly treatment dummies for each of the three destination zones, 30 dummies in
total (Full results: Appendix, Table 11.23). At this level of detail, the assumption of common
trends still holds, but not for all zones. For Zone 1 and Zone 2, common trends assumption
holds, with all pre-2011 treatment dummies not statistically significant. Consequently, any
statistically significant treatment dummy coefficients after 2011 signify significant deviations
from an otherwise similar development. For Zone 1, the treatment dummies for 2013, 2014,
and 2015 are statistically significant with values between -0.28 and -0.39, for Zone 2 treatment
dummies for 2011 and 2013 are significant with -0.53 and -0.63. All significant coefficients are
reported at the end of this section in Table 7.1.
For O-D pairs with a destination in Zone 3, the treatment dummy for 2008 is significant with a
value of -0.572. This violates a pre-2011 common trends assumption for this part of the model,
therefore any statistically significant treatment dummies after 2011 for Zone 3 cannot be
interpreted to signify an isolated treatment effect for this group.
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83% of variation in the dependent variable is attributed to the O-D fixed effects, with rho =
0.827. Within-R2 of Model 3 is 0.0072, overall R2 is 0.0177. The increase in both measures
compared to Model 2 can be interpreted as an indicator of an improved fit.
7.2.4 Model 4 – Adding airport-year dummies
For Model 4, all combinations of origin airports and years are added as dummy variables, in
place of year-dummies (Full Results: Appendix, Table 11.24). After this regression, none of the
treatment dummy coefficients are statistically significant. Consequently, pre-2011 common
trends can be assumed, but no difference is detected post-2011 either, ergo no detection of a
possible treatment effect.

Of the 847 airport-year combinations, 120 have significant

coefficients, 19 of these are combinations with German airports. The estimation gives a within
R2 of 0.081 and an overall R2 of 0, rounded. The former a clear improvement from Model 3,
the latter not so much. 84% of variation is attributed to the O-D fixed effects.
7.2.5 Model 5 – Adding covariates
Model 5 uses the same airport-year dummies as the previous Model, and adds the five covariates
discussed in sections 4.10 and 5.5. Only two, the difference in market price level and the
political stability of the destination are significant. The treatment dummies are not statistically
significant for any of the years for any of the destination zones, as in Model 4.
With a within-R2 of 0.0856 and an overall R2 of 0.0302, Model 5 represents an increase in
explanatory power from the previous models. An additional observation in Model 5 are the
values of the non-significant dummies. Some are, with absolute values far above 1,
uncharacteristically high for a log-level model. Additionally, while a positive difference in
market level was expected to have a positive influence on passenger numbers, the estimated
coefficient exhibits opposite behaviour.
7.2.6 Model 6 – Using monthly observations
Model 6 uses log-transformed data on O-D passenger numbers for in total 132 months between
January 2007 and December 2017 as dependent variable. The treatment variables in this model
are 12 calendar month dummies for the pre-tax and post-tax period each, both January dummies
are omitted due to collinearity. Monthly variation indifferent between routes is modelled with
131 month-dummies and fixed effects are estimated at O-D level. Covariates as specified in
Model 5 are used, with the exception of the HICP air fare variable, where monthly observations
were available.
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Since the monthly dummies already capture the fluctuations which are the same for all O-D
pairs, the seasonal variation captured in the treatment dummies is unique to Germany (pre and
post 2011). Post-tax treatment dummy coefficients are statistically significant for June, July,
August, and September. However, seven treatment dummy coefficients for the pre-tax period
are significant as well, for February, March, April, May, October, November, and December,
which means the assumption of common trends before 2011 does not hold. Interestingly, all
significant coefficients for pre-tax period are positive, while all significant coefficients for the
post-tax period are negative. They also mirror each other, months that are not significant in the
pre-tax period are significant post-tax, and vice versa, see Table 11.25.
Put into words, the results imply that O-D routes starting in Germany had significantly more
passengers in the years 2008-2010 during non-summer months, while the same routes had
significantly fewer passengers in 2011-2017, in the summer months. Since the assumption of
common trends does not hold here, the significant differences after 2011 cannot be attributed
solely to a change that took place in 2011, such as the implementation of the AT.
The estimation has a within-R2 of 0.0634 and an overall R2 of 0.0332. Since the model uses
data with a different level of aggregation (monthly) than the previous ones (annual), the models
are not nested and their R2 can therefore not be directly compared. Model 6 attributes 76% of
explained variation of the dependent variable to the estimated O-D level fixed effects ui, with a
rho of 0.7587. Of the covariates, only the difference in market price levels is significant.
7.2.7 Residual Plots
One indicator for how well a model explains the variation in the dependent variable, its
goodness-of-fit, is the distribution and normality of the reported error terms. In Figure 7.1, the
distribution of the residuals of Models 3 and 5 are plotted in comparison to a standard normal
distribution and in Figure 7.2, the respective QQ-normal plots are shown. The specification of
Model 5 seems to result in more normally distributed residuals than Model 3, the error terms
do not diverge as much from a standard normal distribution, and the QQplots upper and lower
ends are not curved as far away from the middle diagonal. Neither model’s residuals are a
perfect fit to normal distribution, but if using these plots as indicators to the better-specified
model, it clearly points to Model 5.
The residuals of Model 6 exhibit a distribution that is less similar to standard normal that that
of Model 5. The two model specifications differ from each other enough to not be directly
comparable, but one major difference is the inclusion of airport-year dummies, which was not
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done for Model 6. Whether this is the source of the poor behaviour of residuals in Model 6 is
the object of robustness test 5. The residual plots of all models together can be found in the
Appendix, Figure 11.6.

Figure 7.1: Distribution density, residuals Models 3, 5, 6
Source: Own calculations

Figure 7.2: QQnormal plots, residuals Models 3, 5, 6
Source: Own calculations
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7.3 Robustness Tests
Table 7.2 shows a first overview of the six robustness tests conducted. The outcomes of neither
Model 3 nor Model 6 are robust to the changes made, while Model 5 shows a certain robustness
to the tests conducted. However, the types of tests differ widely, as seen below. The changes
made to the respective originals in Tests 1, 3, 5, and 6 were much more substantial than those
in Tests 2 and 4. Since no test has been conducted on all models, the below summary is not a
direct comparison.
Table 7.2: Summary of Robustness Test results
Test
Original
Model

Robust
signifycance
levels?
Robust
coefficient
values?
Fit
compared
to original

1

2

3

Model 3

Model 5

Model 5

Add
covariates

Exclude
nonsignificant
covariates

No

4

6

Model 5

Model 6

Model 6

Add lagged dep. variable
& use QML

Exclude
upper and
lower 5%
of data

Add year
treatment
variables

Add
airportyear
dummies

Yes

Yes

No

Yes

No

No

No

No

No

No

Yes

No

No

Better

Poorer

No conclusion

No concl.

Better

Poorer

Excl.
covariates
not vital for
outcome, but
for fit

Lagged
dep. is
significant
addition

/

Only
changes to
pre-tax
coefficients

Results
not
usable

Common
Trends
Notes
rejected for
both Zone
2 and 3
Source: Own calculations

Model 3

5

Lagged
dep. is
significant
addition

7.4 Detailed results robustness tests
7.4.1 Test 1 – Adding covariates to Model 3
Inserting the step of adding covariates before the step of adding airport-year dummies gives a
glimpse into the robustness of Model 3. Interestingly, pre-2011 common trends are here rejected
for flights to Zone 2 and not for Zone 3, implied by the significant coefficient in 2008. This
means that the assumption of common trends for flights to Zone 2 is not robust to the addition
of model-improving covariates and neither is the rejection of common trends for Zone 3. For
Zone 1, the assumption of common trends before 2011 holds in the Robustness Test, as it did
in Model 3. The significance levels and values for treatment dummy coefficients after 2011
differ from the original model, as shown in Table 7.3. Here, a statistically significant effect of
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the treatment dummies is found for all years between 2011 and 2015. The coefficients put the
size of this effect between -31% and -42%.
The Model of Robustness Test 1 has a better fit to the dependent variable data than the original
Model 3, with a within-R2 of 0.0112 and an overall R2 of 0.0405 as well a residual density
distribution differing slightly less from standard normal. Four of the five covariates are
significant, with the exception of the GDP/capita of the destination, and their coefficients take
on reasonable values. Full results of Robustness Test 1 are shown in the Appendix, Table 11.26.
Table 7.3: Comparison Annex 1 coefficients, Model 3 vs. Robustness Test 1
Model 3

Robustness Test 1 (added covariates)

Treat. Variables
(Year)
d_11

Annex 1
-0.249 (0.13)

Annex 2
...

ROW
...

Annex 1
-0.373** (0.14)

Annex 2
...

ROW
...

d_12

-0.247 (0.14)

...

...

-0.396** (0.15)

...

...

d_13

-0.284* (0.14)

...

...

-0.420** (0.15)

...

...

d_14

-0.391** (0.15)

...

...

-0.525** (0.16)

...

...

d_15

-0.369* (0.16)

...

...

-0.497** (0.17)

...

...

d_16

-0.164 (0.16)

...

...

-0.286 (0.17)

...

...

d_17

-0.0415 (0.17)

...

...

-0.157 (0.17)

...

...

2

Within R

2

Overall R

0.0072

0.0112

0.0177

0.0405

Source: Own calculations

7.4.2 Test 2 – Model 5 excluding insignificant covariates
Excluding the statistically not significant variables HICP air fare, GDP/capita of origin, and
GDP/capita of destination from the regression of Model 5 does not impact the magnitude of the
previously significant variables (any changes are smaller than standard error) and leads to the
same significance levels as in the original model. None of the treatment dummies are
statistically significant. Their absolute values change significantly and are now all below 1. The
within-R2 and overall R2 decrease slightly. This is to be expected, since variables were dropped,
and is reflected when graphing the residuals of Test 2, as done in Figure 7.3, in comparison
with the residuals of Model 5 (left). In summary, dropping the insignificant covariates does not
change the output of the model significantly, but does decrease the goodness-of-fit.
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Figure 7.3: Comparison residuals Model 5, Robustness Test 1
Source: Own calculations

7.4.3 Test 3 – Use a lagged dependent variable and Maximum-Likelihood Estimator
A second test of robustness is adding a lagged dependent variable to Model 3 with covariates
as well as to Model 5 and estimating the regressions using a Quasi Maximum-Likelihood
(QML) estimator, oriented on FALK

AND

HAGSTEN (2018). The estimation drops two time

periods instead of one, i.e. only reports treatment dummies from year 2009 onwards. The added
lagged dependent variable is statistically significant and has positive coefficients in both cases.
Table 7.4 shows the treatment coefficients for both variants of the robustness test in comparison
with the original models. Treatment coefficients pertaining to destination zones 2 and 3 are
disregarded here, due to the previously reported violation of common trends in Model 3. For
the regression on the basis of Model 3, assumption of common trends holds, with all pre-2011
treatment dummies not statistically significant. Post-2011, only treatment dummies for Zone 1
flights are significant. Statistically significant from 2011 to 2016, the values range from -0.31
to -0.37, not differing significantly from the coefficients of the original model. Regarding the
results for these coefficients, Model 3 is therefore robust to the addition of a lagged dependent
variable. As can be seen in the respective table in the Appendix, the robustness is not true for
coefficients pertaining to the other two destination zones.
Table 7.4: Comparison Annex 1 coefficients, Models 3 and 5 vs. Robustness Test 3
Model 3 +
covariates
Lagged dep. Var
Treat. dummies

Annex 1

d_08

-0.0882 (0.11)

d_09
0.0874 (0.12)
d_10
-0.00577 (0.13)
d_11
-0.373** (0.14)
d_12
-0.396** (0.15)
d_13
-0.420** (0.15)
d_14
-0.525** (0.16)
d_15
-0.497** (0.17)
Source: Own calculations

Robustness Test 3 –
Model 3
0.554*** (0.02)
Annex 1

Model 5

Annex 1

Robustness Test 3 –
Model 5
0.538*** (0.02)
Annex 1

-0.429 (1.25)
0.0607 (0.12)
-0.0793 (0.11)
-0.347** (0.12)
-0.306* (0.12)
-0.339** (0.12)
-0.371** (0.12)
-0.340* (0.14)

-0.605 (1.47)
-1.200 (1.40)
-2.584 (2.44)
-3.265 (3.16)
-3.633 (3.21)
-3.836 (3.38)
-3.218 (3.30)

0.265 (0.83)
-0.188 (0.80)
-1.156 (2.18)
-1.771 (3.25)
-1.905 (3.35)
-2.289 (3.61)
-1.890 (3.51)
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For the robustness test on the basis of Model 5, the results regarding which variables are
significant do not differ from the original models. As in Model 5, none of them are statistically
significant, but as can be seen in the table above their coefficients’ absolute values have
decreased.
The residual plots are compared side by side in Figure 11.7 in the Appendix. It is clear that
residuals are distributed differently than in the original for both cases of the Robustness Test,
which is due to the different estimation technique. Normality cannot be concluded from the
QQnormal plots. However, the density distribution plots show, that the models with the lagged
dependent variable and QML estimator result in a residual distribution which is more symmetric
and centred around 0 than the original models.
7.4.4 Test 4 – Limit data by excluding lowest and highest 5%, use with Model 5
Limiting the dataset results in 21350 observations used instead of 24711. It does not result in
any statistically significant changes in the coefficients, neither their significance levels nor their
magnitude. This means that as in the original Model 5, no treatment dummies are statistically
significant. The within-R2 of the Robustness Test Model is 0.0896 and the overall R2 is 0.0429,
which is a slight increase from Model 5. The distribution of the residuals is further from a
normal distribution than that of Model 5, especially visible in the distributional plot, see Figure
11.9 in the Appendix.
7.4.5 Test 5 – Adding year-treatment dummies to Model 6
Adding year-treatment dummies to Model 6, additionally to the seasonal dummies already
included, serves the purpose of being able to pass more accurate judgements about the existence
or non-existence of parallel trends. The year-treatment dummies are only statistically significant
for 2011 – 2017. However, several seasonal treatment dummies for the pre-tax period are
statistically significant, namely July, August, and September, entirely different ones than in
Model 6. On a monthly level, pre-2011 common trends therefore cannot be assumed.
For coefficients of the post-tax seasonal dummies, neither values nor significance levels change
noticeably. For the pre-tax seasonal dummies, not only is the subset of statistically significant
coefficients a different one, but in contrast to Model 6, they have negative values. Table 7.5
shows the treatment dummies of both regressions at a glance. For the effect that “being treated”
has on a route according to the robustness test, the yearly and the respective seasonal treatment
coefficient need to be added together. For the years after 2011, and the months June –
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September, this is especially large, with up to a difference of -62%3 for August 2013. Therefore,
even though a definitive treatment effect following difference-in-differences inference cannot
be concluded, the passenger numbers of O-D routes with German origin differ from other routes
more after 2011 than before.
The within-R2 and overall R2 increase slightly in comparison. No difference is noticeable
between the residual plots of the Test 5 regression and Model 6 regression, see Annex, Figure
11.8 and Figure 11.9.
Table 7.5: Comparison coefficients Model 6 vs. Robustness Test 5
Model 6
Treat*season
dummies
d_ February

Robustness Test 5

Pre-tax
(2007 – 2010)
0.266* (0.11)

Post-tax
(2011 – 2017)
-0.0161 (0.04)

d_ March

0.376*** (0.11)

d_ April

Pre-tax

Post-tax

-0.0761 (0.06)

-0.0161 (0.04)

0.0601 (0.05)

0.0333 (0.07)

0.0599 (0.05)

0.325** (0.12)

0.0346 (0.07)

-0.0170 (0.08)

0.0348 (0.07)

d_ May

0.525*** (0.12)

0.145 (0.09)

0.183 (0.10)

0.145 (0.09)

d_ June

0.196 (0.12)

-0.286** (0.09)

-0.146 (0.10)

-0.285** (0.09)

d_ July

0.0345 (0.13)

-0.467*** (0.10)

-0.308** (0.11)

-0.467*** (0.10)

d_ August

-0.116 (0.13)

-0.499*** (0.10)

-0.458*** (0.11)

-0.498*** (0.10)

d_ September

0.0925 (0.12)

-0.325*** (0.09)

-0.250* (0.10)

-0.325*** (0.09)

d_ October

0.461*** (0.12)

0.0559 (0.08)

0.118 (0.09)

0.0555 (0.08)

d_ November

0.355*** (0.11)

0.0625 (0.05)

0.0111 (0.08)

0.0625 (0.05)

d_ December

0.353** (0.11)

0.102 (0.05)

0.00891 (0.07)

0.102 (0.05)

Treat*year dummies (significant)
d_11

-0.367** (0.13)

d_12

-0.388** (0.14)

d_13

-0.459*** (0.14)

d_14

-0.352* (0.14)

d_15

-0.437** (0.15)

d_16

-0.413** (0.15)

d_17

-0.340* (0.15)

2

0.0634

0.0635

2

0.0332

0.0375

Within-R

Overall R

Source: Own calculations

3

= (𝑒−0.498−0.459 − 1 )
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7.4.6 Test 6 – Adding airport-year dummies to Model 6
Since the addition of both covariates and airport-year dummies greatly improved the fit of a
model that uses annual data, see Model 5, it is legitimate to test whether adding airport-year
dummies to Model 6 improves its fit in a similar way. When adding airport-year dummies to
the monthly model, pre-tax dummies cease to be significant. Post-tax dummies for June, July,
and August are significant at the 0.05 confidence level.
However, the coefficients which Robustness Test 6 estimates for those variables that are not
statistically significant take on values of below -30000 in many cases. These results are paired
with a reported rho of nearly 1, which means the model estimates that 100% of the explained
variation is due to variation in the O-D fixed effects, which does not make sense in light of the
statistically significant treatment dummies. The regression also estimates a near-perfect
negative correlation between the fixed effects ui and the independent variables. When looking
at the residual plots, their density graph takes the form of something which is clearly not a
normal distribution, and the QQnormal plot does not seem to have found continuous data, the
pattern formed is patchy and far removed from the middle diagonal of a standard normal
distribution. These two plots can be found in Figure 11.8 and Figure 11.9.

66

8 DISCUSSION OF RESULTS
In this chapter, the results laid out above shall be interpreted and their contribution towards
finding the true impact of the German Aviation Tax discussed. First, the results of testing for
common trends are discussed and put into context. Second, the merit of splitting the treatment
dummies up by destination zone is discussed, before discussing the results of the respective
models in the third section. Fourth, the results and merit of including airport-year dummies in
the models are discussed, followed by a fifth section on the results of including a lagged
dependent variable. The sixth section discusses the outcome of using monthly data and seasonal
dummies. Section seven discusses shortcomings of the study, section eight compares it to
previous literature’s results, and finally section nine gives recommendations for future research.
8.1 Difference-in-differences and the common trends assumption
Theoretically, an assumption of common trends between two groups of data either holds or does
not hold. This depends on the data structure and not on the specification of a model. Parallel
trends are present if “unobserved characteristics affecting program participation do not vary
over time with treatment status” (KHANDKER ET AL. 2010, p. 73). However, if simply looking
at the plots of two data series is not enough to confidently assess common trends, it can be
tested (GERTLER ET AL. 2011, p. 101). As most formal tests of a common trends assumption are
done using alternative versions of the estimations to be run for the analysis, different model
specifications can result in different conclusions (GERTLER ET AL. 2011, p. 101). Additionally,
including certain covariates can control for previously unobserved fluctuations in the dependent
variable which makes it possible to find common trends in otherwise noisy data. In such cases,
variation that was previously recorded in the error term is now attributed to the added covariates
and lowers the risk of a correlation between error term and treatment status. Hence, the different
conclusions regarding common trends in the above models are not surprising and can also be
an indicator for the explanatory power of the rest of the used variables.
The treatment dummies used in all models are designed in a way, that they model variation
which is due to the respective O-D route starting in Germany, as opposed to somewhere else.
Their coefficients can be interpreted to report the impact of the implementation of the Aviation
Tax if and only if a significant difference is found only after the start of 2011 (GERTLER ET AL.
2011, p. 96). Model 1, parts of Model 3, and Model 6 all find that German airports’ passenger
numbers not only differ in this post-tax period, but already before it. It is quite possible that
countries’ aviation sectors have different growth developments, and that this shows in the
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respective models’ outputs. It is also possible that excluded countries like France, the UK, and
Denmark are closer to Germany aviation-development-wise and would have made better
controls, and that common trends would have been more consistently found in all models if
these countries could have been used. Nevertheless, common trends cannot be assumed for all
models, and that needs to be taken into account in their interpretation.
8.2 Impact differentiated between destination zones
The goal was to find differences in the tax effect between the three tax rates and they were
modelled as three separate treatments. However, the sub-selection of airports that was
undertaken to control for possible bias from transfer passengers meant, that mainly low-cost
flights are covered by the data, and Europe-based low-cost carriers rarely service long-distance
routes. While the sample still contains a substantial amount of observations for all three zones
of destinations, its limitations become clear when looking at the proportion of passengers
represented. Since only 2.1% of passengers recorded in the data had destinations in Zone 2 and
3, possible conclusions about these types of routes are very limited. Being able to look at these
three sub-types of flights separately, those to Zone 1, Zone 2, and Zone 3, prevents this
imbalance in the data from skewing the results for either of the zones.
In addition, common trends pre-2011 could neither be accepted for data on Zone 2 nor for data
on Zone 3, according to Model 3 and its Robustness Test 1. Consequently, a comparison
between the effects of the different tax rates is not possible on the basis of the above results.
The results of Model 3 show, that distinguishing between the three tax rates and destination
zones has merit. It shows that the effects of the tax might be different depending on the zone of
destination, but also that assumptions which seem to hold for the data as a whole, as common
trends did in Model 2, do not hold for all subsets of the data. This distinction is especially
important in the case of the sample used, since it features predominantly small airports where
flights to Zone 2 and 3 account for just a small proportion of passengers and thereby represent
even more specific sub-samples of flights. In conclusion, Model 3 and it’s Robustness Tests
can only provide reliable information about the effect of the tax on flights within Zone 1.
8.3 Impact without controlling for airport-year effects
Model 2 and Model 3, the models without airport-year dummies, differ slightly in their results.
Due to the reasons laid out above in section 8.2, of the results of Model 3 only results for
treatment dummies of Zone 1 will be discussed. The model’s results imply that the effect of the
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tax implementation may be larger on flights to Zone 1 than what was found in Model 2. Model
2 estimates an effect of between -28% and -34% in the years 2011-2015. Robustness test 1, the
version of Model 3 with covariates, finds a statistically significant effect between -31% and 41% in 2011-2015 for flights to Annex 1 countries.
Since the assumption of common trends holds here, the interpretation for flights to Zone 1 is,
that the increase in passenger numbers since the base year 2007 was between 31% and 41%
smaller for routes starting in Germany than for routes starting in any of the control countries.
This statistically significant negative effect can be attributed to the tax. However, it is only
robust when no airport-year dummies are part of the model.
8.4 Impact when controlling for airport-year effects
Model 5, with added airport-year dummies, has the best fit of all models mentioned above
regarding its residual distribution, and it is robust to various sensitivity tests. Removing nonstatistically significant covariates, limiting the data to its middle 90%, and adding a lagged
dependent variable together with a completely different estimator altogether all had little impact
on the conclusions from the model – no statistically significant difference found between the
development of passenger numbers at German airports and those at other airports, neither after
nor before 2011. However, a conclusion that there must be no significant effect of the tax at all
would be a simplification.
The dummies were included to control for variation in passenger numbers caused by changes
in individual airport policies. Since these can have varying forms and degrees of effects, adding
this large group of dummies is a crude, but effective way of catching all this variation. However,
there are two reasons why it also makes interpretation complicated. First, the airport-year
dummies can be interpreted as a second fixed effects component, and it is not clear which effect
two separate, but overlapping fixed effects components have on an FE model. Residual plots
for Model 5 show that the dummies improved model fit, but Robustness Test 6 for the monthly
model shows, that adding the airport-year dummies can also lead to astonishing and not
interpretable results. Second, changes in local airport policy are also be the result of national
policies, which possibly happened through the German Aviation Tax. Such a new national
policy will most likely have effects which vary between airports, and yearly dummies for
specific airports catch these varying effects. This leaves only the common mean effect, constant
between all German airports, to be recorded in the treatment dummies, and these were not
statistically significant for Model 5. Consequently, using airport-year dummies absorbs
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variation in passenger numbers which would otherwise be attributed directly to the tax
implementation.
In summary, Models 4 and 5 call the high impact estimates of previous models without an
airport-year effect into question and it seems that controlling for airport policies in some form
is at the very least an important addition to an accurate model of passenger numbers.
8.5 Impact when including lagged dependent variable
The lagged dependent variable is statistically significant in both model versions tested in
Robustness Test 3. It means a significant part of the dependent variable’s variation depends on
its own value from the preceding time period. However, as discussed in 4.6.3, the fact that the
inclusion of a lagged dependent variable did lead to largely similar results gives reason to
assume that the main models, only using fixed effects, do not suffer from omitted variable bias
(ANGRIST AND PISCHKE 2005, p. 184).
It makes intuitive sense that any year’s passenger numbers are correlated to those of the
previous year, since the number of flights that were booked in the previous season influences
how many flights an airline will want to offer in the coming season. The inclusion of this
influence as a lagged dependent variable complicates estimation and requires more
sophisticated approaches than those used in the thesis’ main models due to its inter-temporal
correlation problems. Such approaches include Arrellano-Bond, Generalized Method of
Moments (GMM), Instrumental Variable (IV), or Quasi-Maximum-Likelihood (QML)
estimators. The relative simplicity of non-dynamic panel models means more straightforward
estimation and interpretation, and extensions to the models are easier to implement. This was
an advantage for this thesis especially in beginning of the modelling stages, when there was no
access to the more computationally powerful SE version of Stata. Using either of the
aforementioned estimation methods also means losing degrees of freedom due to taking first
differences of the data, and all require stricter assumptions regarding the covariates and
consequently more rigid testing (HSIAO ET AL. 2002). For these reasons, models using ArellanoBond methodology or QML estimators are not expanded upon in-depth and are only used in the
above robustness tests.
The significance of the variable in the Robustness Tests as well as its inclusion in the analysis
by FALK AND HAGSTEN (2018) shows that a comprehensive analysis of an Aviation Tax using
passenger numbers over time as the dependent variable may ultimately require the inclusion of
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a lagged dependent variable. For this thesis, its exclusion did not significantly bias the main
models’ results.
8.6 Impact when considering monthly and seasonal effects
Considering the results of Model 6 and Robustness Test 5, an effect of the tax cannot be
explicitly derived, since the existence of statistically significant pre-2011 treatment dummies
alludes to trends that are not parallel between treated and control group, preventing an
interpretation using DiD intuition. This was already suspected when visualising the data in
section 5.4. However, both regressions clearly show a difference in the behaviour of seasonal
passenger numbers before and after 2011. In Robustness Test 5 this difference is less
pronounced, but present, as the treatment dummy coefficients of the summer months are more
strongly negative post 2011 than before. Whether this is an effect of the tax cannot be clearly
determined on the basis of the model, due to the aforementioned violation of pre-treatment
common trends. However, it can be concluded that the routes of German airports on average
gained fewer passengers compared to 2007 than the airports within countries of the control
group. This was possibly exacerbated by the implementation of the Aviation Tax. If this is the
case, a likely conclusion is that flights during vacation season were more heavily impacted by
the Aviation Tax than off-season flights, confirming suspicions voiced in previous studies
(BORBELY 2019).
8.7 Potential shortcomings of chosen approach
One shortcoming of the study is its use of data on only smaller airports with low-cost airlines.
Due to the nature of the data, this limitation was essential to prevent potential bias, but it also
significantly limits the potential applicability of the results to a very specific subset. For
conclusions on the Aviation Tax as a whole, an alternative way to control for data shortcomings
due to transfer passengers needs to be found.
Second, the choice of variables is often dictated by availability of data, as was the case for this
thesis. The data used to represent the price of a flight is only available at the level of the origin
country, while more detailed data on average price for specific O-D routes would have given
more extensive research opportunities. Similarly, the price of kerosene fuel likely has an impact
on the flights an airline chooses to offer, and thus on the number of passengers, but since this
data was only available on a Europe-wide basis, it could not be included as a variable. In
contrast, not including an explicit dummy for airports neighbouring Germany was a deliberate
choice. Most close airports found to have had a significant increase after the tax by BORBELY
71

(2019) were already not part of the sample, due to belonging to countries with a coexisting tax,
and since FALK AND HAGSTEN (2018) found no effect of the tax on neighbouring airports, an
explicit control for spillover effects was not considered. However, it is still an additional facet
of the tax’s potential impact which is worth being considered in other contexts. Especially when
extending the analysis with the goal of making statements about its effect on total GHG
emissions, being able to pinpoint leakage effects and quantify their magnitude is essential.
Third, choosing any specific impact evaluation method comes with its advantages and
disadvantages. A prerequisite of using difference-in-differences analysis to receive conclusions
about the impact of a policy is, that the dependent variable used must exhibit common trends
for the pre-treatment period between treated and control group. The fact that, when testing for
this, the conclusions were ambivalent, may be a sign that the usefulness of DiD for the question
at hand is limited. Additionally, the exclusion of a large number of origin airports due to
coexisting taxes meant that the pool of potential control observations decreased as well. There
are ways to improve the suitability of a group of control observations to the treated group, such
as Matching. This was not done in this thesis, due to time-constraints.
Lastly, the most influential weakness of this study is the minor role which was assigned to the
inclusion of a lagged dependent variable. It seemed non-essential for a regression on passenger
numbers at the start of the study and its meaning only became apparent in the final stages of
modelling when the intuitive logic of the number of flights offered depending on last year’s
demand was understood. Now, with expanded knowledge on panel data methodology and better
understanding of the data and its characteristics, building the models around the requirements
of a lagged dependent variable seems like an obvious choice. Using IV or Maximum-Likelihood
estimators instead of focusing on static panel models would possibly have resulted in models
with better fit to the dependent variable, and thereby results that are tendentially closer to
showing the true effect of the tax. Including the lagged dependent variable in Robustness Test
3 showed that most general results of the models hold, and overlooking it seems to have been
only a minor misstep, but it is a missing variable nonetheless. Any subsequent studies should
take this into account.
8.8 Comparison to recent literature
Direct comparison to the results of existing literature again brings to light potential
shortcomings but at the same time illustrates this work’s contributions to the development of
comprehensive tools for analysing the impact of aviation taxes on passenger numbers.
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The main findings of BORBELY (2019) were a significant negative effect on German airports
excluding hubs, and a significant positive effect on some neighbouring airports. His chosen
method of computing synthetic controls offers interesting insights on the potential effect of the
tax on individual airports and on spillover-effects to bordering airports. The analysis in this
thesis only included non-hub airports and excluded most of the neighbouring airports for which
Borbely found a potential spillover-effect. Since Borbely also did not make any statements on
the quantitative impact of the tax, a comparison can only be made regarding the conclusions
about the existence or non-existence of the effect. The results in this report imply a significant
negative impact of the tax on passenger numbers post-2011, in line with findings from BORBELY
(2019). However, when airport-year dummies are added as controls for airport-level changes in
policies or characteristics a significant impact of the tax is not apparent anymore. Borbely did
not explicitly address the possibility of unobserved shocks influencing the results. However,
since the counterfactuals he constructed for each German airport are in most cases almost
indistinguishable from the real numbers pre-2010, it is unlikely that the large effects he found
of the tax post-2010 were caused by unobserved airport-level policy changes unconnected to
the tax. This again makes it necessary to consider the potential overfitting and resulting
underestimation of the tax impact caused by airport-year dummies in Models 4 and 5.
The analysis by GURR AND MOSER (2017) is markedly less complex than the one established in
this thesis. Their finding of a reduction in passengers of 0.2% for every Euro of tax levied
translates to an effect of about -1.4% of passengers on routes with destinations in Annex 1,
significantly smaller than the effects of between -31% and -41% which was estimated by
Robustness Test 1 in this thesis for the same group of routes. This difference is due to the
different set-up of models, their analysis did not feature control observations, considerations of
spillover effects and transfer passengers, or differences between hubs and low-cost dominated
airports. They used the nominal tax rate as variable instead of a binary dummy, however, since
they did not include further price data, the analysis likely suffers from some degree of omitted
variable bias. Compared to the approach used by GURR AND MOSER (2017), the models in this
thesis are more comprehensive and are more accurate in depicting the development of passenger
numbers and therefore lead to an improved analysis of the tax’s effect.
FALK AND HAGSTEN (2018) use a QML estimator in their panel data analysis, and since the
approach in this thesis is quite similar to theirs, save their lagged dependent variable,
Robustness Test 3 was conducted to be able to compare findings. The regressions found a
significant impact of the lagged dependent variable, and in the regression without airport-year
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dummies also a significant impact of the tax. The found effect is larger, longer lasting, and
restricted to routes with destinations in Annex 1 LuftVStG. The impact FALK AND HAGSTEN
(2018) found, in their model only including low-cost airports, was -10% in 2011, -6% in 2012,
and -5% in 2013, while the impact which can be concluded in this thesis from Robustness Test
3.3 lies between -25 and -27%, and is noticeable from 2011 to 2016. The large difference is due
to the different selection of covariates, the different subset of airports used, and likely also due
to a difference in the estimation itself, as their paper did not report their exact code used.
Without these details, it is difficult to determine which results are closer to the true effect of the
tax. Another comparison worth making is Robustness Test 3.5, a model with a lagged dependent
variable which also includes airport-year dummies, a type of variation not explicitly modelled
by Falk and Hagsten. As a result, the effect of the tax disappears entirely. Considering the
hypothesis formulated earlier, that Model 3 overestimates and Model 5 underestimates the tax’s
effect, it is possible that the effect reported by Falk and Hagsten, lying somewhere in the middle,
is closer to the truth than either of these models.
Several additional model components were featured in neither of the previous studies. First, the
differentiation of effect variables between tax rates and their destination zones, second, the use
of monthly observations and respective dummies to investigate seasonal effects, and third, the
explicit testing of the assumption of parallel trends through pre-tax year*treatment dummies.
The latter is an addition which makes accepting the common trends assumption, usually
accepted only following visual analysis, more statistically meaningful and its omission
represents a shortcoming of the study by FALK AND HAGSTEN (2018).
Lastly, transfer passengers were only explicitly mentioned as playing a role in the analysis
results by BORBELY (2019), who mentioned that their numbers may be the reason no impact of
the tax could be found at hub airports. Neither FALK

AND

HAGSTEN (2018) nor GURR

AND

MOSER (2017) include the existence of large proportions of transfer passengers in their
considerations regarding the tax’s effects on German airports in general.
8.9 Further research opportunities
The broad range of the models and the ambiguity of the results gives ample room for
suggestions regarding further research on the topic of Aviation Tax influences on passenger
numbers, and on flights in general. Several traits of the above models are worthwhile to be
considered and further developed for subsequent studies, namely the inclusion of a lagged
dependent variable of the passenger numbers and the differentiation of the tax’s effect by
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destination zone. The consideration of airport-year-level effects due to unrelated policies needs
refinement, a possible approach being the exclusion of any treatment dummies and instead
analysing the tax’s effect airport-by-airport by examining the significance levels and values of
the respective airport-year dummies. Most importantly, explicitly controlling for the potential
bias from transfer passengers at large airports is essential for statistically correct DiD results. If
hub airports are to remain part of the sample, approximating the proportion of transfer
passengers using estimates published by airports may be a possibility.
A more detailed analysis of an Aviation Tax’s effect on seasonal fluctuations seems worthwhile
due to the large seasonal differences found in Model 6. Further developments of the seasonal
model could include a differentiation into zones as done in Model 3, inclusion of a lagged
dependent variable and pooling summer and non-summer months into two seasonal dummies.
The above models can be improved upon in several ways. A DiD approach paired with a
Matching approach could result in better control-treated relations and covariates such as a
dummy for neighbouring airports as done in FALK AND HAGSTEN (2018) are opportunities for
increasing the explanatory power. For an analysis of the impact of passenger-based aviation
taxes in general, not limited to the German tax, the origin countries excluded here due to
coexisting taxes could remain part of the dataset, including separate treatment dummies for
each. The resulting model would be large but has the potential to provide a more general view
of the impact of an aviation tax.
Lastly, investigating the impact of an Aviation Tax not only on passengers, but on emissions
and consequently on the climate is a vital extension of the research. To do this, conclusions on
the numerical effect must be robust and assumed to be representative, which is not the case for
the results of this thesis. One crucial step here is to quantify the size of the spillover-effect,
possibly using a variation on the synthetic control approach used by BORBELY (2018) and adjust
the impact accordingly. These numerical results would be extrapolated into absolute changes
of passenger numbers, which could then be used as a basis for calculating changes in GHG
emissions. A comprehensive approach would not only include average GHG emissions per
passenger, but also the size of the respective airplanes, emissions per km for the specific route
flown, average altitude data, and other factors with an influence on GHG emissions from
aviation. Such an analysis, directly connecting a specific tax rate to a reduction in emissions
would greatly benefit policymakers.
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9 CONCLUSIONS
Based on the models computed and tested for this thesis, it is not possible to say with precision
what the size of the effect of the implementation of the German Aviation Tax was. Statements
about its impact on passenger numbers at hub airports cannot be made, since these were
excluded from the model to prevent bias from transfer passengers. All conclusions therefore
concern routes beginning at European airports which mainly service low-cost airlines. Model 3
and robustness tests imply an effect between -24% and -41% on annual passengers per route,
lasting from 2011 to 2016 for flights with destinations in Annex 1, while Model 5 and
robustness tests imply no detectable effect. On the one hand, since a number of the airport-year
dummies added in Model 5 are significant, it is assumed that Model 3, without these,
overestimates the effect of the tax. On the other hand, since the number of significant dummies
is not large and their addition to Model 6 gave uninterpretable results. Since they are suspected
of absorbing too much variation, it is assumed that Model 5 underestimates the true effect. More
testing of the respective airport-year dummies and alternative approaches for their inclusion are
needed.
The explicit consideration of the large proportions of transfer passengers at hubs in passenger
departure data, and the discussion of the consequences of using this data in the attempt of
isolating a policy effect, is something which has so far been neglected in aviation tax analysis
literature. The fact that numbers on exact transfer proportions are not available makes the use
of hub airport data in statistical analysis problematic, and this limitation should be more
explicitly addressed in future studies. One attempt to control for this potential bias is laid out in
this thesis – restricting the used data to a subset of observations which only include origin
airports without hub or hub feeder functions.
The thesis has also shown that using data at a monthly level of observation has the potential for
more precise conclusions on the tax’s effect. The results of the models and robustness tests
using monthly data were not robust and pre-tax common trends necessary for the difference-indifferences approach could not be assumed. Therefore, no definitive conclusions regarding the
seasonal effect of the tax can be made here. However, the clear differences in results for summer
months (June-September) compared to other seasons can be the basis for a follow-up analysis
on the seasonal effect of an Aviation Tax using more sophisticated models. Such an analysis is
especially important when the sample is restricted as above, to airports which already mainly
service vacation flyers with different behaviour in summer during prime vacation time than in
winter. A definitive answer on whether the tax impacted vacation-goers more than business
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passengers would be advantageous for policymakers as well as economic scientists concerned
with the equity of such policies.
In conclusion, a straightforward way to correctly isolate and quantify the effect of the German
Aviation Tax does not exist and some previous studies may have based conclusions on models
lacking detail. The large fluctuations of passenger numbers and the widely differing
characteristics of origin airports, destination countries, and their O-D combinations make it a
complicated endeavour to fit a model which can be expected to accurately represent the impact
of a specific tax, in a reasonable interval of confidence,. Choosing a specific sub-sample of
routes facilitates this, as does the existence of detailed covariate data. All in all, if it is this
difficult to detect the effect, it might not be terribly large. Nevertheless, especially regarding
the prevalence of the topic in current international debate, it is of importance to be able to put
a number on this effect, so policymakers can make informed decisions and implement policies
which they can expect to have the intended effect. Therefore, all approaches and distinctions
developed for this thesis are potential way stones on the road to informed decision-making in
emissions policy.
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APPENDIX

Table 11.1: Annex 1 and 2 countries of the Luftverkehrsteuergesetz (BMF 2019)
Annex 1 countries

Annex 2 countries

Albania, Algeria, Austria, Belarus, Belgium, Afghanistan,

Armenia,

Azerbaijan,

Bahrain,

Bosnia and Herzegovina, Bulgaria, Croatia, Benin, Burkina Faso, Cabo Verde, Cameroon,
Cyprus, Czech Republic, Denmark, Estonia, Central African Republic, Chad, Cote d'Ivoire,
Faeroe Islands, Finland, France, Germany, Djibouti, Egypt, Equatorial Guinea, Eritrea,
Gibraltar,

Greece,

Greenland,

Hungary, Ethiopia, Gabon, Gambia, Georgia, Ghana,

Iceland, Ireland, Italy, Kosovo, Latvia, Libya, Guinea, Guinea-Bissau, Islamic Republic of Iran,
Lithuania, Luxembourg, the former Yugoslav Iraq,

Israel,

Jordan,

Kazakhstan,

Kuwait,

Republic of Macedonia, Malta, Republic of Kyrgyzstan, Lebanon, Liberia, Mali, Mauritania,
Moldova, Monaco, Montenegro, Morocco, Niger, Nigeria, Oman, Pakistan, Qatar, Sao Tome
Netherlands,

Norway,

Poland,

Portugal, and Principe, Saudi Arabia, Senegal, Sierra Leone,

Romania, Russian Federation, Serbia, Slovakia, Sudan, Syria, Tajikistan, Togo, Turkmenistan,
Slovenia, Spain, Sweden, Switzerland, Tunisia, Uganda, United Arab Emirates, Uzbekistan,
Turkey, Ukraine, United Kingdom

Yemen

I. Correspondence with Generalzolldirektion
Between 07.11.2019 and 26.11.2019 correspondence with the German Customs Administration
(Generalzolldirektion)4 took place via E-Mail. Michael Pietzonka of the Central Information
Unit (Zentrale Auskunft) in Dresden answered the following questions regarding the
implementatiion of the German Aviation Tax. The questions and answers are translated from
German, shortened, and are not verbatim.
Question VH: Is it a correct interpretation of the LuftVStG, that the tax payable is based on a
single passenger’s end destination?
Answer MP: Yes. That is the case, as long as the journey was booked in a single notarial act.
If legs of the journey were booked separately, then each notarial act which resulted of this
purchase is examined on whether the tax is payable, and which tax rate.
Q. VH: In the practical application, does the customs administration then require the airlines to
pay taxes based on each individual passenger’s end destination (§ 2 LuftVStG), or do airlines

4

info.gewerblich@zoll.de
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pay taxes on the basis of the end destination of a flight, and then the respective number of
passengers on board?
A. MP: Airlines are required to pay based on the final destinations that are mentioned in the
individual passengers’ notarial act which enables them to board the plane.
Q. VH: As an example: A passenger books a flight from Duesseldorf airport to Santiago de
Chile, and has a transfer in Madrid. The leg Duesseldorf – Madrid is flown by Lufthansa, the
leg Madrid – Santiago de Chile is flown by Iberia. Is it correct, that Lufthansa then pays the
highest tax rate, applied to destinations not in Annex 1 or Annex 2, even though they only
operate the flight from Duesseldorf to Madrid?
A. MP: If the ticket in this example was purchased in a single notarial act, then it would be the
task of Lufthansa to keep appropriate records which show the basis of the tax calculation (i.e.
for the entire itinerary in this case) and the payable tax will be calculated on the basis of the end
destination of the itinerary.
Q. VH: How does the customs administration ensure that the taxes reported and paid by the
airlines are based on the true destinations of their passengers?
A. MP: Airlines are required to be able to prove, whether flights were booked in one or several
notarial acts, to support their calculations of payable taxes. These records must be in a format
which enables a knowledgeable third party to come to the same conclusions of accrued taxes
as the airline did. This necessarily also includes records about end destinations of passengers,
including for cases where transfers within the same itinerary are taking place outside Germany.
Q. VH: Are the claims made by airlines about payable taxes audited regularly, and in what
way?
A. MP: The claims, when received by the responsible customs authority, are examined
regarding the application deadlines, the effectuality of the tax application, and the factual and
numeric correctness. Additionally, case workers of the tax authority can (not must) require an
airline to present additional documents supporting their claim. Justified documents to be
claimed are mentioned under §13, section 1 sentence 1 and §13, section 2 sentence 2 of the
LuftVStG.
Q. VH: Can you make any statements regarding the frequency of these more detailed audits?
A. MP: No, the frequency depends on the situation and the case worker.
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II. Notation and code for models and estimation
̅ ) indicate a vector, uppercase letters indicate a matrix.
Letters with a bar (d
Dummy vectors used:

̅ 𝑦𝑒𝑎𝑟

𝑑

𝑑𝑡2008
𝑑𝑡2009
𝑑𝑡2010
𝑑𝑡2011
𝑑𝑡2012
=
𝑑𝑡2013
𝑑𝑡2014
𝑑𝑡2015
𝑑𝑡2016
(𝑑𝑡2017 )

𝑑

̅ 𝑧𝑜𝑛𝑒

𝑑𝑖𝐴𝑛𝑛𝑒𝑥1
= (𝑑𝑖𝐴𝑛𝑛𝑒𝑥2 )
𝑑𝑖𝑅𝑂𝑊

𝑫

𝑦𝑒𝑎𝑟

𝑑𝑡2008 0 0
⋮
⋮
⋮
𝑑𝑡2017
0
0
0
𝑑𝑡2008 0
=
⋮
⋮
⋮
0 𝑑𝑡2017 0
0
0 𝑑𝑡2008
⋮
⋮
⋮
0 𝑑𝑡2017 )
( 0

𝐹𝑒𝑏𝑟𝑢𝑎𝑟𝑦

̅ 𝑠𝑒𝑎𝑠𝑜𝑛

𝑑

=(

𝑑𝑡

)
⋮
𝑑𝑡𝐷𝑒𝑐𝑒𝑚𝑏𝑒𝑟

𝑎𝑖𝑟𝑝𝑜𝑟𝑡1_2007

𝑑𝑖𝑡

𝑑̅ 𝑎𝑖𝑟𝑝𝑜𝑟𝑡_𝑦𝑒𝑎𝑟 =

⋮
[847 𝑐𝑜𝑚𝑏𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑠]
⋮
𝑎𝑖𝑟𝑝𝑜𝑟𝑡77_2017
( 𝑑𝑖𝑡
)

Coefficient vectors and matrices used:
𝛽̅ , 𝛾̅ , 𝛿̅, 𝜃̅ , 𝜇̅ , 𝜋̅, 𝜌̅ , 𝜑̅: Coefficient vectors used
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Commands as used in StataSE 15
Model 1:
regress log_passengers treat_year treat_group

tt, cluster(id1)

Model 2:
xtreg log_passengers d_08 d_09 d_10 d_11 d_12 d_13 d_14 d_15 d_16 d_17
i.year, fe i(id1) cluster(id1)
Model 3:
xtreg log_passengers dann1_08 dann1_09 dann1_10 dann1_11 dann1_12 dann1_13
dann1_14 dann1_15 dann1_16 dann1_17 dann2_08 dann2_09 dann2_10 dann2_11
dann2_12 dann2_13 dann2_14 dann2_15 dann2_16 dann2_17 drow_08 drow_09
drow_10 drow_11 drow_12 drow_13 drow_14 drow_15 drow_16 drow_17 i.year, fe
cluster(id1)

Model 4:
xtreg log_passengers dann1_08 dann1_09 dann1_10 dann1_11 dann1_12 dann1_13
dann1_14 dann1_15 dann1_16 dann1_17 dann2_08 dann2_09 dann2_10 dann2_11
dann2_12 dann2_13 dann2_14 dann2_15 dann2_16 dann2_17 drow_08 drow_09
drow_10 drow_11 drow_12 drow_13 drow_14 drow_15 drow_16 drow_17
i.airport_year, fe cluster(id1)
Model 5:
xtreg log_passengers org_hicp_fare log_org_gdp_cap log_dest_gdp_cap
diff_ppp_od dest_polit dann1_08 dann1_09 dann1_10 dann1_11 dann1_12
dann1_13 dann1_14 dann1_15 dann1_16 dann1_17 dann2_08 dann2_09 dann2_10
dann2_11 dann2_12 dann2_13 dann2_14 dann2_15 dann2_16 dann2_17 drow_08
drow_09 drow_10 drow_11 drow_12 drow_13 drow_14 drow_15 drow_16 drow_17 /*
i.airp_year1, fe cluster(id1)

Model 6:
xtreg log_passengers org_hicp_fare log_org_gdp_cap log_dest_gdp_cap
diff_ppp_od dest_polit i.pre_treat_ season i.post_treat_ season i.month1,
fe cluster(id1)
Robustness Test 3, Model 3:
Xi: xtdpdqml log_passengers org_hicp_fare log_org_gdp_cap log_dest_gdp_cap
diff_ppp_od dest_polit dann1_08 dann1_09 dann1_10 dann1_11 dann1_12
dann1_13 dann1_14 dann1_15 dann1_16 dann1_17 dann2_08 dann2_09 dann2_10
dann2_11 dann2_12 dann2_13 dann2_14 dann2_15 dann2_16 dann2_17 drow_08
drow_09 drow_10 drow_11 drow_12 drow_13 drow_14 drow_15 drow_16 drow_17
i.year, vce(robust)
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III. Dependent variable data acquisition and processing
Table 11.2: Annual dependent variable - download specifications
Category

Selections made

Domestic flights dataset (Eurostat 2019b)
REP_AIRP
(reporting airport)

Select all, then unselect: SE_ESDB, SE_ESOK, EL_LG04, UK_EGDG
(double airports)

TIME

2007 – 2017 (only year aggregates)

TRA_MEAS
(transport measure)

PAS_CRD_DEP: Passengers carried (departures)

UNIT

PAS: passenger

Intra-EU flights dataset (Eurostat 2019c)
PARTNER

Select all, then unselect: EU28, EU27 (aggregates)

(destination country)
REP_AIRP

Select all, then unselect: SE_ESDB, SE_ESOK, EL_LG04, UK_EGDG
(double airports)

TIME

2007 – 2017 (only year aggregates)

TRA_MEAS

PAS_CRD_DEP: Passengers carried (departures)

UNIT

PAS: passenger

Extra-EU flights dataset (Eurostat 2019d)
(download in 2 batches)
PARTNER

Select all, then unselect: all aggregates (codes with an underscore),
“UNKNOWN”
(182 countries in total)

REP_AIRP

Select all, then unselect: SE_ESDB, SE_ESOK, UK_EGDG (double
airports)

TIME

Batch 1: 2010 – 2017 (only year aggregates)
Batch 2: 2007 – 2009 (only year aggregates)

TRA_MEAS

PAS_CRD_DEP: Passengers carried (departures)

UNIT

PAS: passenger

Note: After selection, click download tab, choose: Download as csv, single file, no flags and footnotes,
formatting “1 234.56”
Source: Eurostat b-d, see Data Sources, 10.3
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Table 11.3: Monthly dependent variable - download specifications
Category

Selections made

Domestic flights dataset (Eurostat 2019b)
REP_AIRP

Unselect: SE_ESDB, SE_ESOK, UK_EGDG, EL_LG04 (doubly counted
airports)
Unselect: HR (Croatian airports), TR (Turkey), CH (Switzerland), NO
(Norway), ME (Montenegro), MK (Macedonia), RS (Serbia)

TIME

Select months 2007 – 2017, 132 months in total
(2017M12, 2017M11, ..., 2007M01)

TRA_MEAS

PAS_CRD_DEP: Passengers carried (departures)

UNIT

PAS: passenger

Intra-EU flights dataset (Eurostat 2019c)
(download in 3 batches)
PARTNER

Select all
Unselect: EU28, EU27 (aggregates)

REP_AIRP

Select all
Unselect: SE_ESDB, SE_ESOK, EL_LG04, UK_EGDG (double airports),
codes with HR (Croatia)

TIME

Batch 1: Select months 2014 – 2017, 48 months in total
Batch 2: Select months 2010 – 2013, 48 months in total
Batch 3: Select months 2007 – 2009, 36 months in total

TRA_MEAS

PAS_CRD_DEP: Passengers carried (departures)

UNIT

PAS: passenger

Extra-EU flights dataset (Eurostat 2019d)
(download in 16 batches)
PARTNER

Select all, then unselect: all aggregates (codes with an underscore),
“UNKNOWN”
(182 countries in total)

REP_AIRP

Select all
Unselect: SE_ESDB, SE_ESOK, EL_LG04, UK_EGDG (double airports),
codes with HR (Croatia)

TIME

Batch 1: 2017M12,...,2017M05

(8 months in each batch)

Batch 2: 2017M04,...,2016M09
Batch 3: 2016M08,...,2016M01
Batch 4: 2015M12,...,2015M05
Batch 5: 2015M04,...,2014M09
Batch 6: 2014M08,...,2014M01
Batch 7: 2013M12,...,2013M05
Batch 8: 2013M04,...,2012M09
Batch 9: 2012M08,...,2012M01
Batch 10: 2011M12,...,2011M05
Batch 11: 2011M04,...,2010M09
Batch 12: 2012M08,...,2010M01
Batch 13: 2009M12,...,2009M05
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Batch 14: 2009M04,...,2008M09
Batch 15: 2008M08,...,2008M01
Batch 16: 2007M12,...,2007M05
Batch 17: 2007M04,...,2007M01 (has only 4 months)
TRA_MEAS

PAS_CRD_DEP: Passengers carried (departures)

UNIT

PAS: passenger

Note: After selection, click download tab, choose: Download as csv, single file, no flags and footnotes,
formatting “1 234.56”
Source: EUROSTAT B-D, see Data Sources, 10.3

Data processing steps before modelling (both annual and monthly dataset)
1. Combine datasets if downloaded in several batches (concerns extra-EU flights (annual),
intra-EU flights (monthly), extra-EU flights (monthly))
2. Remove superfluous columns “TRA_MEAS” and “UNIT”
3. Transform the column with the passenger numbers from character format to numeric,
involves removing spaces (thousands separators)
4. Remove airports from dataset which had < 150,000 passengers in 2009, 2010, or 2011,
total annual passenger numbers from dataset Eurostat 2019e
5. Only extra-EU datasets: shorten names of several destination countries
6. Only extra-EU datasets: remove those O-D pairs where origin airports are paired with
United Kingdom as destination (already included and more complete in intra-EU
dataset)
7. Only intra-EU datasets: remove those O-D pairs, where the origin airport is paired with
its own country (these are empty observation in intra-EU dataset)
8. Only intra-EU datasets: shorten name of destination "Germany (until 1990 former
territory of the FRG)" to just “Germany”
9. Only domestic datasets: change name of “WARSZAWIA airport” to “WARSZAWA
airport”, the latter is the spelling used in intra-EU and extra-EU datasets
10. All datasets: rename columns as “year”, “passengers”, “org_airport”
11. All datasets: Create new column “org_country” specifying the country of the origin
airport
12. Only domestic datasets: duplicate “org_country” column and call duplicate
“dest_country”
13. Combine domestic, intra-EU, and extra-EU datasets, drop airports which they don’t
have in common (only a handful small ones)
14. Create new column “id” combining origin airport and destination country into an “OD” identifier
15. Drop all O-D pairs with origin airports in UK, France, Netherlands, Italy, Denmark,
Ireland, Autria, Norway, since these have or had their own aviation taxes
16. Sub-select dataset to account for transfer passenger bias (section 5.2), only including
airports in Table 11.17 and additionally drop O-D in Table 11.18
17. Create dummy variables
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Annual data, after final sub-selection of airports
Table 11.4: Busiest routes, annual passengers dataset
Origin – destination
1 PALMA DE MALLORCA airport - United Kingdom
2 PALMA DE MALLORCA airport - United Kingdom
3 PALMA DE MALLORCA airport - United Kingdom
4 PALMA DE MALLORCA airport - United Kingdom
5 PALMA DE MALLORCA airport - United Kingdom

Year

Passengers
2017
2016
2007
2008
2015

2,831,855
2,665,762
2,429,556
2,379,058
2,336,328

Source: Own calculations, data: Eurostat 2019b-d

Table 11.5: Busiest routes, overall, annual data
Origin – destination
1
2
3
4
5

PALMA DE MALLORCA airport - United Kingdom
STOCKHOLM/BROMMA airport - Sweden
KOELN/BONN airport – Spain
IBIZA airport - United Kingdom
CHARLEROI/BRUSSELS SOUTH airport - Italy

Passengers, sum Average passengers
2011-2017
per year
25,245,168
2,295,015
10,965,510
996,865
8,568,611
778,965
8,170,614
742,783
7,455,824
677,802

Source: Own calculations, data: Eurostat 2019b-d

Table 11.6: Busiest origin airports, overall, annual data
Origin airport
Passengers, sum
Average passengers
2011-2017
per year
1 PALMA DE MALLORCA airport
51,791,094
4,708,281
2 BERLIN-SCHOENEFELD airport
41,187,044
3,744,277
3 CHARLEROI/BRUSSELS SOUTH airport
30,973,430
2,815,766
4 KOELN/BONN airport
27,895,008
2,535,910
5 GIRONA airport
18,143,822
1,649,438
Source: Own calculations, data: Eurostat 2019b-d

Table 11.7: Most frequented destination countries, annual data
Destination country
Passengers, sum
Average passengers per year
2011-2017
1 United Kingdom
104,209,006
9,473,546
2 Spain
59,625,683
5,420,517
3 Italy
50,848,281
4,622,571
4 Germany
29,516,489
2,683,317
5 Sweden
27,008,252
2,455,296
Source: Own calculations, data: Eurostat 2019b-d
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Monthly data, after final sub-selection of airports
Figure 5.1: Passengers over time, per origin country per destination zone, annual data

Figure 11.1: Passengers over time, per origin country, per destination zone, monthly data
Source: Own visualisation, data: Eurostat 2019b-d
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Figure 11.2: Germany vs. controls time series, monthly data, 3 zones
Source: Own visualisation, data: Eurostat 2019b-d
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Table 11.8: Comparing data by destination zones, monthly passengers dataset
Set

Zone 1
(Annex 1)

Zone 2
(Annex 2)

Zone 3
(Rest of World)

All
(Full dataset)

Total data points in set

595848

518364

996072

2110284

Non-NA observations

125311

12417

5995

143723

... non-NA of full dataset

87.2%

8.6%

4.2%

100%

506033712

9209876

1531750

516775338

% of total passengers
97.9%
recorded
Source: Own calculations, data: Eurostat 2019b-d

1.8%

0.3%

100%

Passengers recorded

Table 11.9: Missing values (NA) and real zeros in monthly data
Total Observations
2,110,284

Missing values (NA)
1,966,561

Observations where (y = 0)
14125
= 9.8%
(of all non-NA)

Observations where (y > 0)
129598
= 90.2%
(of all non-NA)

Source: Own calculations, data: Eurostat 2019b-d

Table 11.10: Busiest routes and months, monthly data
Origin - destination

Month

Passengers

1

PALMA DE MALLORCA airport - United Kingdom

2017M08

501510

2

PALMA DE MALLORCA airport - United Kingdom

2016M08

471236

3

PALMA DE MALLORCA airport - United Kingdom

2017M07

451531

4

PALMA DE MALLORCA airport - United Kingdom

2015M08

437662

5

PALMA DE MALLORCA airport - United Kingdom

2014M08

437581

Source: Own calculations, data: Eurostat 2019b-d

Table 11.11: Most frequented destination countries, monthly data
Destination
Total passengers (sum 2007-2017)
Average passengers per year
1
United Kingdom
104209006
9473546
2
Spain
59625683
5420517
3
Italy
50848281
4622571
4
Germany
29516490
2683317
5
Sweden
27008252
2455296
Source: Own calculations, data: Eurostat 2019b-d

Table 11.12: Busiest departure airports and months, monthly data
Origin airport
Month
1
2
3
4
5

PALMA DE MALLORCA airport
PALMA DE MALLORCA airport
PALMA DE MALLORCA airport
PALMA DE MALLORCA airport
PALMA DE MALLORCA airport

2017M08
2017M07
2016M08
2016M07
2014M08

Passengers
1114601
1052792
1052247
1005700
989110

Source: Own calculations, data: Eurostat 2019b-d
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Annual data, before final sub-selection of airports

Figure 11.3: Pre-subselection time series of passenger numbers, per country, per destination
zone, annual
Source: Own visualisations, data: Eurostat 2019b-d

Table 11.13: Descriptive Statistics, annual passenger data before sub-selection
Min.
1st Qu.
Median
Mean
3rd Qu.
Max.
NA's
0

337

2061

10665

7927

1085901

6484702

Obs
7172880

Source: Own calculations, data: Eurostat 2019b-d

Table 11.14: Most frequented destinations, sum, annual passenger data before sub-selection

Destination
1
2
3
4
5

Spain
United Kingdom
Germany
Italy
France

Total passengers
(sum 2007 – 2017)
978,383,768
910,410,437
775,521,796
679,910,588
619,767,667

Source: Own calculations, data: Eurostat 2019b-d
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Passengers per year to this
destination (avg)
88,943,979
82,764,585
70,501,981
61,810,053
56,342,515

Table 11.15: Busiest origin airports, annual passenger data before sub-selection
Airport
Departing passengers
per year (avg)
1 LONDON HEATHROW airport
35,187,228
2 PARIS-CHARLES DE GAULLE airport
31,109,585
3 FRANKFURT/MAIN airport
28,386,871
4 AMSTERDAM/SCHIPHOL airport
26,457,293
5 ADOLFO SUAREZ MADRID-BARAJAS airport
23,748,780
Source: Own calculations, data: Eurostat 2019b-d

Table 11.16: Data comparison between Zones, annual passengers data before sub-selection
Set
Zone 1 (Annex 1) Zone 2 (Annex 2) Zone 3 (Rest of Full dataset
World)
Total obs. in set
94380
80223
154154
328757
Distribution of
72.94%
15.62%
11.44%
100.00%
non-NA
datapoints
Source: Own calculations, data: Eurostat 2019b-d
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IV. Detailed description of transfer passenger bias and sub-selection process
Definitions
The following term definitions are used for the subsequent section and in the thesis as a whole. They are
necessary to be explicitly defined, since their use in common language is sometimes ambiguous and
precise definition is necessary to understand both data and tax application.
Flight stage = “the operation of an aircraft from take-off to its next landing”5
Flight = An aircraft’s movement defined by a flight number, possibly has several flight stages
Journey = A single passenger’s full trip, defined by their first departure airport and their end destination
country
Ticket = Legal act which entitles a passenger to a seat on a flight OR to seats on multiple flights on the
same journey
Origin airport = Airport where take-off of respective flight takes place
Destination country = Country in which the landing of the respective flight takes place
First departure airport = The origin airport of the first flight on a passenger’s journey
First leg = The first flight in a passenger’s journey (analogously: second leg, last leg…)
End destination airport = The airport of destination of the last leg of a passenger’s journey
Codesharing agreement = Airline A allows Airline B to offer a flight which A operates, and give it a
second flight number with B’s code. The same flight consequently then has two flight numbers, one for
passengers travelling with airline A and one for those travelling with airline B.
Legal object of German Aviation Tax
The tax is payable by that airline which operates the first leg of a passenger’s journey. 6 The tax must be
paid for each passenger whose first departure airport, according to their ticket, is located in Germany,
and it must only be paid once per ticket and passenger.7 The tax rate levied is based on the location of
the passenger’s end destination airport.8 This means, regardless of whether the passenger takes a direct
flight or switches airplanes on the way, the end destination specified on their ticket is the basis for the
applied tax rate.9
For example, an airline has to pay the highest tax rate, both for a passenger who takes a direct flight on
one of their airplanes from Frankfurt (Main) airport to New York, as well as for a passenger whose ticket
sends him first from Frankfurt (Main) to Paris CDG on one of their airplanes, and then from Paris CDG
to New York on a different airline’s airplane.
As long as it was booked in a single purchase, the end destination on a ticket determines the tax rate to
be paid by the airline.
Data properties required for model
Consequently, when analysing the impact of the German Aviation Tax, the data used needs to reflect
passengers’ end destinations. For example, a data point showing the number of passengers which have
travelled from Frankfurt (Main) airport to the United States in 2015 should include passengers which
took direct flights to the United States, but also passengers who began their journey at Frankfurt (Main)
airport and transferred at Paris CDG airport, before reaching end their destination in the United States.
It should, similarly, not include passengers who boarded the first flight on their ticket in Brussels and
transferred at Frankfurt (Main) airport before reaching their end destination in the United States.
Data properties of O-D passenger data acquired from Eurostat
The most detailed O-D (Origin airport – Destination country) data can be obtained from the Eurostat
database. These data summarize the number of passengers, per month or year, which flew from a specific
origin airport to a specific country of destination. A choice can be made between data counting
5

Commission Regulation (EC) 1358/2003, p. 32
BMF 2017, p. 22
7
LuftVStG § 4
8
LuftVStG § 10
9
Generalzolldirektion 2020
6
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Passengers on Board (POB) or Passengers Carried (PC). The difference is that POB counts passengers
per flight stage5, while PC counts passengers per flight number. Based on flight number means, that if
an airplane lands at an airport and then later takes off with the same flight number to a second
destination, passengers staying on the plane are counted only once, not for each leg of the flight
separately5. The origin airport in this case is the airport where an airplane with a certain flight number
takes off, and the destination country is the country of the airport where that flight number has its
destination5. Therefore, PC is chosen as the unit of observation.
Resulting biases
The data does not take into account whether the passengers on this airplane started their journey at the
flight’s origin airport or not, and neither is considered whether they will continue their journey on a
subsequent flight or if the flight’s end destination is also theirs. The Eurostat data therefore often does
not reflect a passenger’s end destination. This does not mean the data is faulty, but it means that, if used
as it is, in the above proposed models, the results will be biased. The unit of observation defined in the
model (origin and destination as reported on passengers’ tickets) does not match the unit of observation
of the dataset (origin and destination as reported for a single flight number), at least not for all
observations. This can lead to the following problems:
Downward bias
Passengers with 2015 tickets for the route Frankfurt (Main) – Paris – United States are not included in
the datapoint “Frankfurt (Main) airport – United States, 2015”
Upward bias
Passengers with 2015 tickets for the route Frankfurt (Main) – Paris – United States are included both in
the datapoint “Frankfurt (Main) airport – France, 2015” and in the datapoint “Paris Charles-de-Gaulle
airport – United States, 2015”.
The Eurostat data is factually correct but does not reflect the individual passengers’ true origin airport,
nor their true end destination. Using these datapoints without adjustment for the above-mentioned
models will, therefore, produce biased results.

Sub-selection process
Sub-selection of dataset to remove bias
Fortunately, there are O-D pairs which can be safely assumed to accurately reflect the true origin and
destination of their passengers. This assumption will hold for O-D pairs where the origin airport is not
a large transfer hub, meaning the airport is likely to be the first airport in passengers’ journey, and where
the destination can simultaneously be assumed not to represent a transfer hub either.
There is no way of sub-selecting the O-D observation pairs based on their destination countries to control
for this bias, therefore, sub-selection must be done based on the characteristics of the origin airport.
Origin airports to be selected are those that are not transfer hubs, and whose departing passengers are
unlikely to transfer when reaching their destination. The latter is often the case for smaller airports,
which are mainly serviced by European low-cost carriers. These carriers mostly do not fly to countries
listed in Annex 3 of the LuftVStG, and they rarely have codeharing agreements with other airlines. The
passengers on aircraft operated by these airlines consequently are unlikely to transfer onto a consecutive
flight after arriving at the aircraft’s destination and therefore the aircraft’s origin airport and destination
country are also the origin airport and destination country of most, or all, passengers aboard the aircraft.
A subset of the Eurostat dataset only including these destination airports can be assumed to be largely
free of the abovementioned biases.
Additionally, when examining a specific origin airport which is deemed fitting but where a few
destinations could possibly still signify transferring passengers, the pairing of the origin airport with
these destinations can be excluded.
Selection criteria
The selection criteria used were the following:

101

A) The airport must NOT be serviced by airlines which form part of the four largest airline alliances,
since their code-sharing agreements facilitate transfers. These Alliances are the Star Alliance10,
Skyteam11, and OneWorld12.
The airlines operating in Europe which are members of these alliances are:
Aegan, Aeroflot, Alitalia, Air Europa, Air France, Austrian Airlines, Baltic Air, British Airways,
Brussels Airlines, Croatia Airlines, Czech Airlines, Finnair, KLM, LOT Polish Airlines, Lufthansa,
Iberia, Scandinavian Airlines (SAS), Swiss International Airlines, TAP Air Portugal, Turkish Airlines
B) If the airport is serviced by one or a few of these airlines, then these carriers must NOT fly to the
airports nation’s hub, or one of the following hub airports:
Frankfurt (Main), Paris (Charles-de-Gaulle), London (Heathrow), London (Gatwick), Madrid (Barajas),
Barcelona (El Prat), Rome (Fiumcino), Amsterdam (Schiphol), Dubai, Munich, Istanbul, Moscow, Paris
(Orly)
Additionally, when examining a small origin airport where only a few destinations could possibly still
signify transferring passengers, the pairing of the origin airport with these destinations can be excluded.
This will be done only, if the number of destination countries which has to be excluded is five or less.
The selection is done based on information found on the respective airports’ websites as well as
Wikipedia in certain cases, retrieved in December 2019.
Example:
The German airport Paderborn-Lippstadt is a small-scale airport with a majority of low-cost-carrieroperated holiday destinations. This makes it a good fit for the sub-selected dataset, however, there is
one route to Frankfurt (Main) airport, operated by Lufthansa, which is likely to carry passengers who
will transfer onto medium- or long-distance flights. Therefore, the O-D combination
“Paderborn/Lippstadt airport - Germany” is excluded from the sample, while the rest of the
combinations with Paderborn are kept in.
C) Another addition to the sampling procedure is to take the size of the destination airports into account,
if they are airports that could potentially connect to long-distance flights. In every EU country, there is
at least one larger airport which functions as a hub in certain cases, especially for connecting flights
from small airports in the same country. However, it is unlikely that a small airport AA in country A far
away from country B will use country B’s hub BB for transferring passengers onto long-distance flights,
if that hub BB is not very large or of there is other hubs closer to country A. In this case, routes to
country B will not be excluded from the selection even if AA’s destinations include hub BB.
Example:
If a small Greek airport has flights to Helsinki, the passengers are unlikely to switch to flights in Helsinki
that will take them outside of Europe, since it is much more convenient to make those switches in Madrid
or Athens. For this small Greek airport, the O-D combination with Finland will therefore not be
excluded.
In conclusion, if a departure airport has problematic flights to a hub, but that hub is far away and not
part of the largest 6 EU airports, then that destination country will NOT be excluded. These largest 6
airports in Europe are: 13
1. London Heathrow Airport (United Kingdom)
2. Paris Charles de Gaulle Airport (France)
3. Amsterdam Airport Schiphol (Netherlands)
4. Frankfurt am Main Airport (Germany)
5. Istanbul Atatürk Airport (Turkey)
6. Adolfo Suárez Madrid–Barajas Airport (Spain)
7. Barcelona–El Prat Josep Tarradellas Airport (Spain)
8. Munich Airport (Germany)
10

https://flights.staralliance.com/en/
https://www.skyteam.com/EN/about
12
https://www.oneworld.com/members
13
ACI Europe (2018). Top 30 European Airports 2018. Retrieved at: https://www.acieurope.org/policy/position-papers.html?view=group&group=1&id=11
11
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9.
10.
11.
12.

London Gatwick Airport (United Kingdom)
Moskow Sheremetyevo International Airport (Russia)
Rome Leonardo da Vinci–Fiumicino Airport (Italy)
Paris Orly Airport (France)

An alternative idea was to only use O-D with destinations in Zone 3 as a way to limit the impact of
transfer passengers on analysis results. However, using Zone 3 destinations only solves one bias
(passengers who might travel onwards to other zones after disembarking) but not the other (passengers
who arrived at the Origin airport on secondary flights from another country and might therefore be
wrongly coded as "taxed" or "not taxed"). Since there is no way to even approximate the proportion of
these transfer passengers and especially not the changes in distribution over time, using only Zone 3
destination doesn't solve the original problem. Conclusions drawn from the results would be equally as
restricted by assumptions and unknowns as when the full dataset would be used. Therefore, the above
detailed sub-selection of data is the approach most likely to give results that are unbiased by transfer
passengers.
Table 11.17: List of origin airports comprising final dataset
Airport

Country

Airport

Country

CHARLEROI/BRUSSELS SOUTH airport

Belgium

ZAKINTHOS/DIONISIOS SOLOMOS airport

Greece

LIEGE airport

Belgium

KAUNAS INTL airport

Lithuania

OOSTENDE/BRUGGE airport

Belgium

GDANSK IM LECHA WALESY airport

Poland

BURGAS airport

Bulgaria

KATOWICE/PYRZOWICE airport

Poland

VARNA airport

Bulgaria

POZNAN/LAWICA airport

Poland

PAFOS/INTL airport

Cyprus

FARO airport

Portugal

BRNO/TURANY airport

Czechia

PONTA DELGADA airport

Portugal

OSTRAVA/MOSNOV airport

Czechia

TIMISOARA/TRAIAN VUIA airport

Romania

AARHUS airport

Denmark

KOSICE airport

Slovakia

AALBORG airport

Denmark

BRATISLAVA/M.R.STEFANIK airport

Slovakia

BORNHOLM/RONNE airport

Denmark

A CORUNA airport

Spain

KITTILA airport

Finland

ALMERIA airport

Spain

ROVANIEMI airport

Finland

ASTURIAS airport

Spain

TAMPERE-PIRKKALA airport

Finland

FUERTEVENTURA airport

Spain

TURKU airport

Finland

GRAN CANARIA airport

Spain

VAASA airport

Finland

GRANADA/FEDERICO GARCIA LORCA
GRANADA-JAEN airport

Spain

BERLIN-SCHOENEFELD airport

Germany

IBIZA airport

Spain

BREMEN airport

Germany

JEREZ airport

Spain

DORTMUND airport

Germany

LA PALMA airport

Spain

DRESDEN airport

Germany

LANZAROTE airport

Spain

ERFURT-WEIMAR airport

Germany

MENORCA airport

Spain

FRANKFURT-HAHN airport

Germany

MURCIA/SAN JAVIER airport

Spain

FRIEDRICHSHAFEN airport

Germany

PALMA DE MALLORCA airport

Spain

KARLSRUHE/BADEN-BADEN airport

Germany

SANTIAGO airport

Spain

KOELN/BONN airport

Germany

SEVE BALLESTEROS-SANTANDER airport

Spain

LEIPZIG/HALLE airport

Germany

SEVILLA airport

Spain

LUEBECK-BLANKENSEE airport

Germany

TENERIFE SUR/REINA SOFIA airport

Spain

MEMMINGEN airport

Germany

GIRONA airport

Spain
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MUENSTER/OSNABRUECK airport

Germany

REUS airport

Spain

NIEDERRHEIN airport

Germany

ZARAGOZA airport

Spain

PADERBORN/LIPPSTADT airport

Germany

LULEA/KALLAX airport

Sweden

SAARBRUECKEN airport

Germany

MALMO airport

Sweden

ZWEIBRUECKEN airport

Germany

RONNEBY airport

Sweden

KARPATHOS airport

Greece

SKELLEFTEA airport

Sweden

KEFALLINIA/ANNA POLLATOU airport

Greece

STOCKHOLM/BROMMA airport

Sweden

KERKIRA/IOANNIS KAPODISTRIAS airport

Greece

UMEA airport

Sweden

KOS/IPPOKRATIS airport

Greece

GOTEBORG/SAVE airport

Sweden

MIKONOS airport

Greece

STOCKHOLM/SKAVSTA airport

Sweden

SANTORINI airport

Greece

Table 11.18: List of O-D pairs removed from final dataset due to bias concerns
Excluded O-D pair
Country Excluded O-D pair

Country

PAFOS/INTL airport - Belgium

Cyprus

POZNAN/LAWICA airport - Denmark

Poland

PAFOS/INTL airport - United Kingdom

Cyprus

POZNAN/LAWICA airport - Germany

Poland

AARHUS airport - Denmark

Denmark

POZNAN/LAWICA airport - Poland

Poland

AARHUS airport - Germany

Denmark

FARO airport - Portugal

Portugal

AARHUS airport - Norway

Denmark

FARO airport - United Kingdom

Portugal

AARHUS airport - Sweden

Denmark

PONTA DELGADA airport - Germany

Portugal

KITTILA airport - Finland

Finland

PONTA DELGADA airport - Portugal

Portugal

ROVANIEMI airport - Belgium

Finland

PONTA DELGADA airport - United Kingdom

Portugal

ROVANIEMI airport - Finland

Finland

TIMISOARA [...] airport - Germany

Romania

TAMPERE-PIRKKALA airport - Finland

Finland

KOSICE airport - Austria

Slovakia

TAMPERE-PIRKKALA airport - Sweden

Finland

KOSICE airport - Czechia

Slovakia

TURKU airport - Finland

Finland

KOSICE airport - Poland

Slovakia

TURKU airport - Sweden

Finland

[...] SANTANDER airport - Spain

Spain

VAASA airport - Finland

Finland

A CORUNA airport - Spain

Spain

VAASA airport - Sweden

Finland

ALMERIA airport - Spain

Spain

BERLIN-SCHOENEFELD airport - Denmark

Germany

ASTURIAS airport - Spain

Spain

BERLIN-SCHOENEFELD airport - Russia

Germany

FUERTEVENTURA airport - Germany

Spain

BREMEN airport - France

Germany

FUERTEVENTURA airport - Spain

Spain

BREMEN airport - Germany

Germany

GRAN CANARIA airport - Germany

Spain

BREMEN airport - Netherlands

Germany

GRAN CANARIA airport - Portugal

Spain

BREMEN airport - Turkey

Germany

GRAN CANARIA airport - Spain

Spain

DRESDEN airport - Germany

Germany

GRAN CANARIA airport - United Kingdom

Spain

DRESDEN airport - Netherlands

Germany

GRANADA[...]-JAEN airport - Spain

Spain

DRESDEN airport - Russia

Germany

IBIZA airport - France

Spain

FRIEDRICHSHAFEN airport - Germany

Germany

IBIZA airport - Spain

Spain

FRIEDRICHSHAFEN airport - Turkey

Germany

JEREZ airport - Spain

Spain

FRIEDRICHSHAFEN airport - United

Germany

LA PALMA airport - Germany

Spain

KOELN/BONN airport - Germany

Germany

LA PALMA airport - Spain

Spain

KOELN/BONN airport - Turkey

Germany

LANZAROTE airport - Germany

Spain

Kingdom
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KOELN/BONN airport - United Kingdom

Germany

LANZAROTE airport - Spain

Spain

LEIPZIG/HALLE airport - Germany

Germany

LANZAROTE airport - United Kingdom

Spain

LEIPZIG/HALLE airport - Turkey

Germany

MENORCA airport - Spain

Spain

MUENSTER/OSNABRUECK airport Germany

Germany

MURCIA [...] airport - United Kingdom

Spain

PADERBORN/LIPPSTADT airport - Germany

Germany

PALMA DE MALLORCA airport - Germany

Spain

KARPATHOS airport - Austria

Greece

PALMA DE MALLORCA airport - Spain

Spain

KARPATHOS airport - Netherlands

Greece

SANTIAGO airport - Germany

Spain

KEFALLINIA [...] airport - Greece

Greece

SANTIAGO airport - Spain

Spain

KERKIRA [...] airport - Germany

Greece

SEVILLA airport - Germany

Spain

KERKIRA [...] airport - Greece

Greece

SEVILLA airport - Portugal

Spain

KERKIRA [...] airport - United Kingdom

Greece

SEVILLA airport - Spain

Spain

KOS/IPPOKRATIS airport - Germany

Greece

TENERIFE SUR [...] airport - Germany

Spain

KOS/IPPOKRATIS airport - Greece

Greece

TENERIFE SUR [...] airport - Italy

Spain

MIKONOS airport - Greece

Greece

TENERIFE SUR [...] airport - Portugal

Spain

SANTORINI airport - Germany

Greece

TENERIFE SUR [...] airport - United Kingdom

Spain

SANTORINI airport - Greece

Greece

TENERIFE SUR/REINA SOFIA airport - Spain

Spain

ZAKINTHOS [...] airport - Greece

Greece

LULEA/KALLAX airport - Sweden

Sweden

KAUNAS INTL airport - Poland

Lithuania

MALMO airport - Sweden

Sweden

GDANSK [...] airport - Denmark

Poland

RONNEBY airport - Sweden

Sweden

GDANSK [...] airport - Germany

Poland

SKELLEFTEA airport - Finland

Sweden

GDANSK [...] airport - Netherlands

Poland

STOCKHOLM/BROMMA airport - Finland

Sweden

GDANSK [...] airport - Poland

Poland

STOCKHOLM/BROMMA airport - Norway

Sweden

KATOWICE [...] airport - Germany

Poland

UMEA airport - Finland

Sweden

KATOWICE [...] - Poland

Poland

UMEA airport - Sweden

Sweden

V. Covariates data acquisition and preparation
GDP per capita
Source: World Bank 2019b
Data series: NY.GDP.PCAP.KD
Selected: Time = 2007 – 2018, Series = GDP per capita (constant 2010 US$), Country = All countries (217), the
Data preparation pre-inclusion in regression:
-

Change country names to resemble the ones from the avia_pa datasets
Add "Curacao", "Sint Maarten (Dutch part)" together into “Former Netherlands Antilles”
Make additional datapoints: Add Hong Kong and China up to form “China including Hong Kong”

Flight Price Index - Annual
Source: Eurostat 2019f
Dataset: HICP (2015 = 100) - annual data (average index and rate of change) (prc_hicp_aind)
Selected: TIME: 2007 – 2017, COICOP: CP0733 - Passenger transport by air, GEO: select all EU28 countries
except for Croatia, UNIT: annual average index
Download as csv, unselect footnotes, chose (1 234.56) as format, single sheet
Data preparation pre-inclusion in regression:
-

Change Germany’s name to just “Germany”
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Flight Price Index - Monthly
Source: Eurostat 2019g
Dataset: HICP (2015 = 100) - monthly data (index) (prc_hicp_midx)
Selected: TIME: all months between 2017M12 and 2007M01, UNIT: manthly average index, other: see Flight
Price Index Annual
Difference in Market price level
Source: World Bank 2019d
Data series: PA.NUS.PPPC.RF
Selected: Time = 2007 – 2017, Series = Price level ratio of PPP conversion factor (GDP) to market exchange
rate, Country = All countries (217)
Data preparation pre-inclusion in regression:
-

Changed country names to resemble the ones from the avia_pa datasets

-

Added "Curacao", "Sint Maarten (Dutch part)" together to form “Former Netherlands Antilles”

-

Add Hong Kong and China together to form “China including Hong Kong”

-

Subtracted value for destination from value for origin to get difference variable

From Metadata: “Purchasing power parity conversion factor is the number of units of a country's currency
required to buy the same amount of goods and services in the domestic market as a U.S. dollar would buy in the
United States. The ratio of PPP conversion factor to market exchange rate is the result obtained by dividing the
PPP conversion factor by the market exchange rate. The ratio, also referred to as the national price level, makes
it possible to compare the cost of the bundle of goods that make up gross domestic product (GDP) across
countries. It tells how many dollars are needed to buy a dollar's worth of goods in the country as compared to the
United States. PPP conversion factors are based on the 2011 ICP round.
The ratio of the PPP conversion factor to the market exchange rate - the national price level or comparative price
level - measures differences in the price level at the gross domestic product (GDP) level. The price level index
tends to be lower in poorer countries and to rise with income.”
Political Stability and Safety index
Source: World Bank 2019a
Data series: PV.EST
Selected: Time = 2007 – 2018, Series = Political Stability and Absence of Violence/Terrorism: Estimate,
Country = All countries (214)
Data preparation pre-inclusion in regression:
-

Changed country names to resemble the ones from the avia_pa datasets

-

Added "Curacao", "Sint Maarten (Dutch part)" together to form “Former Netherlands Antilles”

-

Add Hong Kong and China together to form “China including Hong Kong”

From Metadata: “Political Stability and Absence of Violence/Terrorism measures perceptions of the likelihood
of political instability and/or politically-motivated violence, including terrorism. Estimate gives the country's
score on the aggregate indicator, in units of a standard normal distribution, i.e. ranging from approximately -2.5
to 2.5.”
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Table 11.19: Extended descriptive statistics covariates
Variable
Passengers
(annual)

Type

Obs. level
O-D pair,
annual

Min.
0

Median
255.00

Mean
20617.00

Max.
2831855.00

S.D.
80605.71

0

700.00

3596.00

501510.00

11354.15

58.77

96.26

93.14

149.90

15.47

42.70

94.75

93.13

190.50

17.51

Passengers
(monthly)
org_hicp_fare
(annual)

Index
(100=2015)

O-D pair,
monthly
Origin country,
annual

org_hicp_fare

Index

Origin country,

(monthly)

(100=2015)

monthly

org_gdp_cap
GDP/capita

Value adj.
for inflation

Origin country,
annual

6476.00

32403.00

35609.00

62357.00

13264.07

Value adj.

Destination

214.10

5205.80

13743.30

193745.60

21537.29

for inflation

country,
-1.22

0.41

0.36

1.33

0.34

-3.32

0.01

-0.09

1.63

0.98

(Ref. 2010)
dest_gdp_cap
GDP/capita
diff_market_lvl
dest_polit

(Ref. 2010)

annual

Difference

O-D pair,

(O minus D)

annual

Factor
(-3.5 to 3)

Destination
country,
annual
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Figure 11.4: Histograms of all covariates
Source: Own visualisations
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Table 11.20: Correlation matrix of covariates and treatment dummies, annual data
log_passengers

org_hicp_fare

log_orgGDPcap

log_destGDPcap

diff_market_lvl

dest_polit

dann1_07

0.015

-0.206

0.075

0.020

0.027

0.045

dann1_08

0.018

-0.131

0.081

0.026

0.030

0.047

dann1_09

0.016

-0.124

0.066

0.009

0.047

0.028

dann1_10

0.014

-0.114

0.080

0.011

0.032

0.031

dann1_11

0.012

-0.008

0.095

0.014

0.026

0.030

dann1_12

0.010

0.058

0.096

0.011

0.021

0.028

dann1_13

0.010

0.064

0.096

0.016

0.024

0.030

dann1_14

0.015

0.077

0.099

0.015

0.026

0.018

dann1_15

0.012

0.071

0.102

0.018

0.014

0.016

dann1_16

0.012

0.069

0.107

0.019

0.016

0.009

dann1_17

0.022

0.074

0.113

0.022

0.015

0.015

dann2_07

-0.039

-0.090

0.033

-0.074

0.097

-0.064

dann2_08

-0.051

-0.061

0.038

-0.079

0.106

-0.072

dann2_09

-0.040

-0.056

0.030

-0.065

0.094

-0.059

dann2_10

-0.048

-0.052

0.037

-0.071

0.084

-0.067

dann2_11

-0.052

-0.004

0.044

-0.067

0.079

-0.085

dann2_12

-0.046

0.026

0.043

-0.071

0.063

-0.081

dann2_13

-0.050

0.029

0.043

-0.072

0.066

-0.081

dann2_14

-0.045

0.035

0.045

-0.068

0.063

-0.073

dann2_15

-0.042

0.032

0.045

-0.054

0.047

-0.077

dann2_16

-0.043

0.030

0.047

-0.040

0.050

-0.063

dann2_17

-0.047

0.037

0.056

-0.074

0.054

-0.094

drow_07

-0.042

-0.070

0.026

-0.018

0.034

-0.011

drow_08

-0.055

-0.047

0.030

-0.018

0.037

-0.008

drow_09

-0.050

-0.041

0.022

-0.020

0.033

-0.012

drow_10

-0.046

-0.034

0.024

-0.004

0.010

-0.005

drow_11

-0.055

-0.003

0.032

-0.013

0.016

-0.005

drow_12

-0.057

0.020

0.033

-0.001

0.001

-0.010

drow_13

-0.056

0.021

0.031

-0.008

0.013

-0.006

drow_14

-0.053

0.026

0.033

0.006

0.005

0.007

drow_15

-0.045

0.025

0.035

-0.012

0.000

-0.009

drow_16

-0.037

0.022

0.034

0.002

-0.005

-0.003

drow_17

-0.046

0.028

0.043

-0.005

-0.003

-0.008

Source: Own calculations
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Table 11.21: Correlation matrix of covariates and treatment dummies, monthly data
log_passengers

org_hicp_fare

log_orgGDPcap

log_dest_GDPcap

diff_market_lvl

dest_polit

dann1_07

0.005

-0.199

0.081

0.014

0.035

0.036

dann1_08

0.004

-0.129

0.090

0.011

0.048

0.035

dann1_09

0.010

-0.121

0.071

0.000

0.058

0.011

dann1_10

0.007

-0.112

0.087

-0.001

0.044

0.019

dann1_11

-0.002

-0.010

0.104

0.002

0.039

0.022

dann1_12

-0.004

0.053

0.105

0.002

0.034

0.021

dann1_13

-0.005

0.059

0.105

-0.002

0.042

0.013

dann1_14

0.001

0.072

0.109

-0.003

0.045

0.001

dann1_15

-0.005

0.067

0.114

-0.003

0.037

-0.007

dann1_16

-0.002

0.065

0.120

-0.003

0.041

-0.012

dann1_17

0.002

0.072

0.130

-0.004

0.045

-0.008

dann2_07

-0.031

-0.067

0.027

-0.073

0.094

-0.057

dann2_08

-0.046

-0.047

0.033

-0.081

0.104

-0.072

dann2_09

-0.037

-0.044

0.026

-0.081

0.096

-0.074

dann2_10

-0.047

-0.041

0.032

-0.079

0.086

-0.075

dann2_11

-0.050

-0.004

0.038

-0.071

0.078

-0.087

dann2_12

-0.043

0.018

0.037

-0.075

0.066

-0.088

dann2_13

-0.045

0.019

0.036

-0.071

0.065

-0.087

dann2_14

-0.036

0.023

0.036

-0.061

0.059

-0.080

dann2_15

-0.032

0.023

0.040

-0.063

0.050

-0.093

dann2_16

-0.039

0.021

0.041

-0.054

0.052

-0.078

dann2_17

-0.035

0.026

0.048

-0.070

0.057

-0.093

drow_07

-0.039

-0.053

0.021

-0.025

0.038

-0.019

drow_08

-0.049

-0.033

0.022

-0.016

0.037

-0.012

drow_09

-0.047

-0.027

0.016

-0.007

0.024

-0.009

drow_10

-0.049

-0.025

0.019

0.000

0.010

-0.007

drow_11

-0.053

-0.003

0.025

-0.008

0.015

-0.009

drow_12

-0.057

0.013

0.026

-0.008

0.007

-0.013

drow_13

-0.060

0.014

0.026

-0.008

0.011

-0.011

drow_14

-0.058

0.018

0.028

0.001

0.007

-0.003

drow_15

-0.053

0.016

0.029

-0.001

-0.007

-0.004

drow_16

-0.037

0.017

0.031

-0.004

0.000

-0.011

drow_17

-0.040

0.019

0.036

-0.008

0.001

-0.009

0.022

0.108

-0.032

-0.013

0.000

-0.006

season

Source: Own calculations
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VI. Estimation
Table 11.22: List of variables used
Variable name

Description

Id

O-D pair

Year

year (2007 – 2017, 11 levels)

month

Month (2007M01 – 2017M17, 132 levels)

Log_passengers

Natural logarithm of sum of passengers in month or year t on route i

treat_year

binary dummy variable for implementation year of passenger tax,
0 = before 2011,
1 = 2011 and after

treat_group

binary dummy variable for i belonging to treatment group
0 = O airport not in Germany,
1 = O airport in Germany

Tt

Binary interaction variable, (treat_year)*(treat_group)

org_hicp_fare

HICP index of air transport fare (2015 = 100)
Per year (or per month), per country of origin

Log_org_gdp_cap

Natural logarithm of GDP/cap of origin country (per year)

Log_dest_gdp_cap

Natural logarithm of GDP/cap or destination country (per year)

diff_market_lvl

Difference in PPP conversion rate to market exchange rate ratio between origin &
destination country (per year)

dest_polit

Political stability index of destination country (per year)

d_07 ... d_17

Binary interaction variables (11):
(treat_group*year2007), ..., (treat_group*year2017)

dann1_07 ... dann1_17
dann2_07 ... dann2_17
drow_07 ... drow_17
season

Binary interaction variables (11 x 3):
(treat_annex1*year2007), ..., (treat_annex1*year2017),
(treat_annex2*year2007), ..., (treat_annex2*year2017),
(treat_row*year2007), ..., (treat_row*year2017)
Binary dummy variables (one for each calendar month):
seasonJanuary, seasonFebruary, ....
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VII. Regression Results - Models

Table 11.23: Full Results Models 1, 2, and 3 (Annual data)

Model 1

Model 2

Model 3

dep_variable

log_passengers

log_passengers

log_passengers

Additional variables

-

Year dummies

Year dummies

treat_year

-0.0134

All destinations

Annex 1

Annex 2

-0.158

-0.0703

-0.383

Rest of
World
-0.572*

(0.0959)

(0.107)

(0.228)

(0.269)

0.00335

0.0759

-0.118

-0.505

(0.107)

(0.118)

(0.251)

(0.347)

-0.0772

0.0326

-0.325

-0.751

(0.115)

(0.125)

(0.264)

(0.409)

-0.330**

-0.249

-0.626*

-0.536

(0.120)

(0.134)

(0.262)

(0.376)

-0.326**

-0.247

-0.508

-0.707*

(0.124)

(0.140)

(0.261)

(0.348)

-0.377**

-0.284*

-0.538*

-0.956*

(0.127)

(0.141)

(0.274)

(0.389)

-0.422**

-0.391**

-0.387

-0.743

(0.132)

(0.148)

(0.286)

(0.379)

-0.355*

-0.369*

-0.266

-0.346

(0.138)

(0.155)

(0.298)

(0.424)

-0.219

-0.164

-0.504

-0.216

(0.144)

(0.161)

(0.308)

(0.455)

(0.0483)
treat_group

-0.648***
(0.159)

Tt

-0.0645
(0.0971)

d_08

d_09

d_10

d_11

d_12

d_13

d_14

d_15

d_16
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d_17

_cons

-0.0463

-0.0415

-0.0862

-0.00223

(0.147)

(0.166)

(0.294)

(0.476)

5.958***

5.763***

5.765***

(0.0805)

(0.0386)

(0.0385)

Significance levels: * p<0.05, ** p<0.01, *** p<0.001"
N

25065

25065

25065

R-squared
Within

0.0061

0.0072

Between

0.0001

0.0141

0.0067

0.0036

0.0177

7.51

5.7

5.7

(3, 4375)

(20, 4375)

(40, 4375)

0.0001

< 0.0001

< 0.0001

0.82867242

0.82736717

0.0226

0.0954

Overall
F-test
F-value
Df
p-value
Variation due to u_i
Rho
Corr(u_i,Xb)

Table 11.24: Full results models 4 and 5 (Annual data)

Model 4

Model 5

dep_variable

log_passengers

log_passengers

Additional
variables

Airport-year dummy variables

Airport-year dummy variables

Treatment
variables:
d_08

Annex 1

Annex 2

Annex 1

Annex 2

0.568

0.241

Rest of
World
0.182

-0.429

-0.819

Rest of
World
-0.756

(0.807)

(0.839)

(0.858)

(1.249)

(1.270)

(1.285)

0.861

0.723

0.339

-0.605

-0.880

-1.155

(0.946)

(0.976)

(1.010)

(1.467)

(1.487)

(1.514)

0.167

-0.170

-0.554

-1.200

-1.696

-1.997

(0.730)

(0.777)

(0.845)

(1.403)

(1.429)

(1.474)

-0.250

-0.688

-0.597

-2.584

-3.118

-3.044

(0.556)

(0.617)

(0.673)

(2.437)

(2.452)

(2.469)

-0.0825

-0.325

-0.504

-3.265

-3.638

-3.842

(0.478)

(0.561)

(0.604)

(3.155)

(3.168)

(3.178)

d_09

d_10

d_11

d_12
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d_13

d_14

d_15

d_16

d_17

-0.416

-0.608

-1.041

-3.633

-3.977

-4.349

(0.438)

(0.531)

(0.595)

(3.213)

(3.226)

(3.238)

-0.558

-0.556

-0.849

-3.836

-4.021

-4.258

(0.339)

(0.461)

(0.529)

(3.377)

(3.391)

(3.403)

-0.0947

-0.0577

-0.120

-3.218

-3.406

-3.434

(0.254)

(0.414)

(0.511)

(3.298)

(3.314)

(3.332)

-0.442

-0.808

-0.567

-3.392

-3.983

-3.718

(0.414)

(0.535)

(0.620)

(3.291)

(3.308)

(3.326)

0.170

0.0320

-0.00226

-2.720

-3.063

-3.099

(0.300)

(0.445)

(0.558)

(3.343)

(3.359)

(3.380)

Covariates:
org_hicp_fare

-

0.124
(0.109)

log_org_gdp_cap

-

-7.403
(6.437)

log_dest_gdp_cap

-

0.0551
(0.268)

diff_market_lvl

-

-0.897***
(0.256)

dest_polit

-

0.334***
(0.0702)

Significance levels: * p<0.05, ** p<0.01, *** p<0.001"
N

25065

24711

R-squared
Within
Between

0.081

0.0856

0.0005

0.0179

0

0.0302

Overall
F-test
F-value

13.68

27.5

df

(779, 4375)

(782, 4222)

p-value

< 0.0001

< 0.0001

Variation due to
u_i
rho
Corr(u_i,Xb)
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0.84224065

0.92434662

-0.2176

-0.7505

Table 11.25 Full results Model 6 (Monthly data)

Model 6
Dep. Variable

log_passengers

Additional variables

Month-dummies (11x10)

Treatment variables:
d_treat_January

Pre-2011
0

2011 - 2017
0

(.)
d_treat_February

0.266*

(.)
-0.0161

(0.108)
d_treat_March

0.376***

(0.0432)
0.0601

(0.109)
d_treat_April

0.325**

(0.0513)
0.0346

(0.119)
d_treat_May

0.525***

(0.0732)
0.145

(0.123)
d_treat_June

0.196

(0.0879)
-0.286**

(0.123)
d_treat_July

0.0345

(0.0944)
-0.467***

(0.125)
d_treat_August

-0.116

(0.0993)
-0.499***

(0.127)
d_treat_September

0.0925

(0.101)
-0.325***

(0.123)
d_treat_October

0.461***

(0.0935)
0.0559

(0.119)
d_treat_November

0.355***

(0.0810)
0.0625

(0.106)
d_treat_December

0.353**

(0.0528)
0.102

(0.108)

(0.0526)

Covariates:
org_hicp_fare

0.00136

log_org_gdp_cap

0.156

(0.000884)
(0.351)
log_dest_gdp_cap

-0.130
(0.228)

diff_market_lvl

-0.937***
(0.192)

dest_polit

0.114
(0.0637)
Significance levels: * p<0.05, ** p<0.01, *** p<0.001"
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Treat-year dummies
N
Additional variables

142631
month-dummies

R-squared
Within

0.0634

Between

0.0405

Overall

0.0332

F-test
Value

7.13

df

(159,4222)

p-value

< 0.0001

Variance due to u_i
Rho
Corr(u_i, Xb)
Source: Own calculations
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0.75872394
0.0357

VIII. Residual Plots – Models

Figure 11.5: Density plots of Models 1-6 in comparison with standard normal
Source: Own calculations
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Figure 11.6: QQnormal plots residuals, Models 1-6
Source: Own calculations
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IX. Regression Results – Robustness Tests
Table 11.26: Reg. results Robustness Test 1, compared with Model 3
Model 3
Dep. Variable

log_passengers

Robustness Test XX
(adding covariates to Model 3)
log_passengers

Additional var.

Year dummies

Year dummies

Treat. variables

Annex 1

Annex 2

ROW

Annex 1

Annex 2

ROW

d_08

-0.0703

-0.383

-0.572*

-0.0882

-0.461*

-0.541

(0.107)

(0.228)

(0.269)

(0.108)

(0.230)

(0.284)

0.0759

-0.118

-0.505

0.0874

-0.224

-0.507

(0.118)

(0.251)

(0.347)

(0.119)

(0.256)

(0.370)

0.0326

-0.325

-0.751

-0.00577

-0.486

-0.841

(0.125)

(0.264)

(0.409)

(0.127)

(0.271)

(0.439)

-0.249

-0.626*

-0.536

-0.373**

-0.815**

-0.744

(0.134)

(0.262)

(0.376)

(0.143)

(0.274)

(0.399)

-0.247

-0.508

-0.707*

-0.396**

-0.744**

-0.958*

(0.140)

(0.261)

(0.348)

(0.152)

(0.280)

(0.374)

-0.284*

-0.538*

-0.956*

-0.420**

-0.792**

-1.146**

(0.141)

(0.274)

(0.389)

(0.154)

(0.290)

(0.408)

-0.391**

-0.387

-0.743

-0.525**

-0.660*

-0.994*

(0.148)

(0.286)

(0.379)

(0.162)

(0.301)

(0.406)

-0.369*

-0.266

-0.346

-0.497**

-0.566

-0.611

(0.155)

(0.298)

(0.424)

(0.165)

(0.315)

(0.461)

-0.164

-0.504

-0.216

-0.286

-0.799*

-0.517

(0.161)

(0.308)

(0.455)

(0.170)

(0.321)

(0.490)

-0.0415

-0.0862

-0.00223

-0.157

-0.355

-0.306

(0.166)

(0.294)

(0.476)

(0.172)

(0.306)

(0.509)

d_09

d_10

d_11

d_12

d_13

d_14

d_15

d_16

d_17
Covariates:
org_hicp_fare

-0.621**
(0.233)

log_org_gdp_cap

0.334***
(0.0727)
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log_dest_gdp_cap

0.00378**
(0.00146)

diff_market_lvl

0.817*
(0.368)

dest_polit

0.133
(0.270)

_cons

5.958***

-4.308

(0.0805)

(4.450)

N

25065

24711

R-squared

Within

Between

0.0072
F-test

F-value

Overall

0.0141
df

5.7

(40, 4375)

Within

0.0177

Between

0.0112

Overall

0.0854

0.0405

p-value

F-value

df

p-value

< 0.0001

3.72

(45,4222)

< 0.0001

Variation due to u_i
Rho

0.82736717

Corr(u_i,Xb)

0.81800736

0.0954

0.0274

Source: Own calculations

Test 2
Table 11.27: Regression Results Rob. Test 2, compared with Model 5

Model 5

Robustness test 1
(exclude insignificant covariates)

dep. Variable

log_passengers

log_passengers

Additional
variables

year-airp dummies

year_airp dummies

diff_market_lvl

dest_polit

Treat.
Variables
d_08

d_09

d_10
120

-0.897***

-0.899***

(0.256)

(0.256)

0.334***

0.336***

(0.0702)

(0.0687)

Annex 1

Annex 2

ROW

Annex 1

Annex 2

ROW

-0.429

-0.819

-0.756

0.569

0.179

0.263

(1.249)

(1.270)

(1.285)

(0.807)

(0.840)

(0.858)

-0.605

-0.880

-1.155

0.913

0.640

0.397

(1.467)

(1.487)

(1.514)

(0.955)

(0.985)

(1.018)

-1.200

-1.696

-0.554

0.173

-0.321

-0.579

(1.403)

(1.429)

(0.845)

(0.734)

(0.782)

(0.848)

-2.584

-3.118

-0.597

-0.261

-0.790

-0.665

(2.437)

(2.452)

(0.673)

(0.555)

(0.618)

(0.670)

-3.265

-3.638

-0.504

-0.107

-0.476

-0.641

(3.155)

(3.168)

(0.604)

(0.482)

(0.568)

(0.606)

-3.633

-3.977

-1.041

-0.416

-0.755

-1.061

(3.213)

(3.226)

(0.595)

(0.435)

(0.531)

(0.582)

-3.836

-4.021

-0.849

-0.548

-0.728

-0.908

(3.377)

(3.391)

(0.529)

(0.338)

(0.465)

(0.528)

-3.218

-3.406

-0.120

-0.0778

-0.262

-0.279

(3.298)

(3.314)

(0.511)

(0.257)

(0.426)

(0.515)

d_11

d_12

d_13

d_14

d_15

d_16

-3.392

-3.983

-0.567

-0.392

-0.981

-0.700

(3.291)

(3.308)

(0.620)

(0.422)

(0.546)

(0.625)

-2.720

-3.063

-0.00226

0.212

-0.129

-0.139

(3.343)

(3.359)

(0.558)

(0.297)

(0.450)

(0.558)

d_17

_cons

5.937***
(0.0984)

N
R-squared

25065
Within

Between

0.0856
F-test

24773

Value

0.0179
Df

27.5

(782,
4222)

Overall

Within

Between

0.0302

0.0854

p-value

Value

< 0.0001

Not computed

0.0311
df

Overall
0.0222
p-value

Variation due to u_i
rho
Corr(u_i,Xb)

0.92434662

0.83266537

-0.7505

-0.1101

Source: Own calculations
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Figure 11.7: Density distribution (top) and QQnormal (bottom) plots for Robustness Test 3
Source: Own calculations
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Table 11.28: Reg. Results Robustness Test 3, compared to Model 3 and 5

Dep. Variable
Additional
variables
Lagged dep. var
Treat. variables
d_08

d_09

d_10

d_11

d_12

d_13

d_14

d_15

Model 3
+ covariates
(Robustness Test 1)
log_passengers

Robustness Test 3.3
(use lagged dependent variable and
QML estimator)
log_passengers

log_passengers

Robustness Test 3.5
(use lagged dependent variable and
QML estimator)
log_passengers

Year dummies

Year dummies

Airport-Year dummies

Airport-Year dummies

Annex 1

Annex 2

ROW

Model 5

0.554***

0.538***

(0.0217)

(0.0205)

Annex 1

Annex 2

ROW

Annex 1

Annex 2

ROW

Annex 1

Annex 2

ROW

-0.0882

-0.461*

-0.541

-0.429

-0.819

-0.756

(0.108)

(0.230)

(0.284)

(1.249)

(1.270)

(1.285)

0.0874

-0.224

-0.507

0.0607

0.507

0.459

-0.605

-0.880

-1.155

0.265

0.616

0.524

(0.119)

(0.256)

(0.370)

(0.124)

(0.321)

(0.498)

(1.467)

(1.487)

(1.514)

(0.832)

(0.884)

(0.978)

-0.00577

-0.486

-0.841

-0.0793

0.263

0.179

-1.200

-1.696

-0.554

-0.188

-0.0109

-0.163

(0.127)

(0.271)

(0.439)

(0.110)

(0.266)

(0.316)

(1.403)

(1.429)

(0.845)

(0.798)

(0.835)

(0.868)

-0.373**

-0.815**

-0.744

-0.347**

-0.0659

0.385

-2.584

-3.118

-0.597

-1.156

-1.048

-0.730

(0.143)

(0.274)

(0.399)

(0.117)

(0.300)

(0.390)

(2.437)

(2.452)

(0.673)

(2.179)

(2.196)

(2.219)

-0.396**

-0.744**

-0.958*

-0.306*

0.111

0.186

-3.265

-3.638

-0.504

-1.771

-1.491

-1.503

(0.152)

(0.280)

(0.374)

(0.122)

(0.302)

(0.451)

(3.155)

(3.168)

(0.604)

(3.249)

(3.261)

(3.283)

-0.420**

-0.792**

-1.146**

-0.339**

-0.216

-0.177

-3.633

-3.977

-1.041

-1.905

-1.887

-1.990

(0.154)

(0.290)

(0.408)

(0.119)

(0.276)

(0.394)

(3.213)

(3.226)

(0.595)

(3.346)

(3.354)

(3.372)

-0.525**

-0.660*

-0.994*

-0.371**

0.102

0.263

-3.836

-4.021

-0.849

-2.289

-1.971

-1.843

(0.162)

(0.301)

(0.406)

(0.119)

(0.295)

(0.398)

(3.377)

(3.391)

(0.529)

(3.610)

(3.620)

(3.635)

-0.497**

-0.566

-0.611

-0.340*

0.242

0.369

-3.218

-3.406

-0.120

-1.890

-1.519

-1.492

(0.165)

(0.315)

(0.461)

(0.136)

(0.352)

(0.555)

(3.298)

(3.314)

(0.511)

(3.508)

(3.524)

(3.557)
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d_16

d_17

-0.286

-0.799*

-0.517

-0.275*

-0.262

0.0993

-3.392

-3.983

-0.567

-1.947

-2.144

-1.885

(0.170)

(0.321)

(0.490)

(0.119)

(0.335)

(0.411)

(3.291)

(3.308)

(0.620)

(3.487)

(3.501)

(3.516)

-0.157

-0.355

-0.306

-0.123

0.506

0.208

-2.720

-3.063

-0.002

-2.006

-1.687

-1.991

(0.172)

(0.306)

(0.509)

(0.124)

(0.354)

(0.390)

(3.343)

(3.359)

(0.558)

(3.612)

(3.628)

(3.636)

Covariates:
org_hicp_fare

0.00378**

0.00230*

0.124

0.0697

(0.00146)

(0.000973)

(0.109)

(0.158)

0.817*

0.222

-7.403

2.310

(0.368)

(0.232)

(6.437)

(7.541)

0.133

-0.0655

0.0551

-0.171

(0.270)

(0.189)

(0.268)

(0.188)

diff_market_lvl

-0.621**

-0.566**

-0.897***

-0.717***

(0.233)

(0.172)

(0.256)

(0.195)

dest_polit

0.334***

0.166**

0.334***

0.177***

(0.0727)

(0.0523)

(0.0702)

(0.0503)

-4.308

1.443

-0.566**

(4.450)

(3.012)

(0.172)

24711

14749

log_org_gdp_cap
log_dest_gdp_cap

_cons
N

Source: Own calculations
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24711

14749

Table 11.29: Reg. results Robustness test 3, compared to Model 5
Model 5
Robustness Test 3
(exclude upper and lower 5% from data)
dep_variable

log_passengers

Additional var.

Airport-year dummies

Treat. dummies
dann1_08
dann1_09
dann1_10
dann1_11
dann1_12
dann1_13
dann1_14
dann1_15
dann1_16
dann1_17

log_dest_gdp_cap
diff_market_lvl
dest_polit
N
R-squared

Annex 2

ROW

Annex 1

Annex 2

ROW

-0.429

-0.819

-0.756

-0.380

-0.896

-0.903

(1.249)

(1.270)

(1.285)

(1.408)

(1.435)

(1.460)

-0.605

-0.880

-1.155

-0.698

-1.069

-1.483

(1.467)

(1.487)

(1.514)

(1.638)

(1.662)

(1.704)

-1.200

-1.696

-1.997

-1.244

-1.865

-2.244

(1.403)

(1.429)

(1.474)

(1.587)

(1.618)

(1.679)

-2.584

-3.118

-3.044

-2.679

-3.317

-3.200

(2.437)

(2.452)

(2.469)

(2.797)

(2.815)

(2.844)

-3.265

-3.638

-3.842

-3.501

-3.974

-4.284

(3.155)

(3.168)

(3.178)

(3.611)

(3.628)

(3.643)

-3.633

-3.977

-4.349

-3.803

-4.217

-4.758

(3.213)

(3.226)

(3.238)

(3.681)

(3.698)

(3.716)

-3.836

-4.021

-4.258

-4.014

-4.365

-4.814

(3.377)

(3.391)

(3.403)

(3.879)

(3.897)

(3.915)

-3.218

-3.406

-3.434

-3.340

-3.642

-3.717

(3.298)

(3.314)

(3.332)

(3.796)

(3.816)

(3.840)

-3.392

-3.983

-3.718

-3.494

-4.265

-4.027

(3.291)

(3.308)

(3.326)

(3.796)

(3.817)

(3.844)

-2.720

-3.063

-3.099

-2.682

-3.258

-3.352

(3.343)

(3.359)

(3.380)

(3.871)

(3.892)

(3.919)

0.124

0.133

(0.109)

(0.124)

-7.403

-9.596

(6.437)

(8.273)

0.0551

0.102

(0.268)

(0.319)

-0.897***

-1.005***

(0.256)

(0.298)

0.334***

0.390***

(0.0702)

(0.0816)

24711
Within

21350
Between

0.0856
F-test

Value

0.0179
df

27.5
Variation due to
u_i (rho)
Corr(u_i,Xb)

Airport-year dummies

Annex 1

org_hicp_fare
log_org_gdp_cap

log_passengers

(782, 4222)

Overall
0.0302
p-value
< 0.0001

Within

Between
0.0896

0.0277

Overall
0.0429

F-value
Not computed

0.92434662

0.92741422

-0.7505

-0.8582
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Table 11.30: Reg. Results Robustness Test 5, compared with Model 6

Model 6

Dependent
variable
Additional
variables
Treat. season
dummies
d_treat_January
d_treat_February
d_treat_March
d_treat_April
d_treat_May
d_treat_June
d_treat_July
d_treat_August
d_treat_September
d_treat_October
d_treat_November
d_treat_December
Treat-year
dummies
d_08

Robustness Test 4
(add year-treatment dummies to
Model 6)

log_passengers

log_passengers

Month-dummies

Month-dummies

Pre-2011

Pre-2011

Post-treatment

0

Posttreatment
0

0

0

(.)

(.)

(.)

(.)

0.266*

-0.0161

-0.0761

-0.0161

(0.108)

(0.0432)

(0.0616)

(0.0433)

0.376***

0.0601

0.0333

0.0599

(0.109)

(0.0513)

(0.0673)

(0.0514)

0.325**

0.0346

-0.0170

0.0348

(0.119)

(0.0732)

(0.0836)

(0.0732)

0.525***

0.145

0.183

0.145

(0.123)

(0.0879)

(0.0969)

(0.0880)

0.196

-0.286**

-0.146

-0.285**

(0.123)

(0.0944)

(0.101)

(0.0944)

0.0345

-0.467***

-0.308**

-0.467***

(0.125)

(0.0993)

(0.105)

(0.0993)

-0.116

-0.499***

-0.458***

-0.498***

(0.127)

(0.101)

(0.105)

(0.101)

0.0925

-0.325***

-0.250*

-0.325***

(0.123)

(0.0935)

(0.102)

(0.0936)

0.461***

0.0559

0.118

0.0555

(0.119)

(0.0810)

(0.0929)

(0.0810)

0.355***

0.0625

0.0111

0.0625

(0.106)

(0.0528)

(0.0752)

(0.0528)

0.353**

0.102

0.00891

0.102

(0.108)

(0.0526)

(0.0727)

(0.0528)

-0.0870
(0.0661)

d_09

-0.0234
(0.0942)

d_10

-0.0695
(0.0970)

d_11

-0.367**
(0.126)

d_12

-0.388**
(0.135)
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d_13

-0.459***

d_14

-0.352*

(0.137)
(0.143)
d_15

-0.437**
(0.146)

d_16

-0.413**
(0.147)

d_17

-0.340*
(0.150)

Covariates
org_hicp_fare

0.00136

0.00141

(0.000884)
log_org_gdp_cap
log_dest_gdp_cap
diff_market_lvl

(0.000887)

0.156

0.194

(0.351)

(0.358)

-0.130

-0.131

(0.228)

(0.228)

-0.937***

-0.944***

(0.192)
dest_polit

(0.195)

0.114

0.113

(0.0637)

(0.0637)

N

142631

142631

Within

0.0634

0.0635

Between

0.0405

0.0426

Overall

0.0332

0.0375

7.13

6.92

R-squared

F-test
Value
df

(159,4222)

(168,4222)

p-value

< 0.0001

< 0.0001

Variance due to
u_i
rho
Corr(u_i, Xb)

0.75872394

0.75809108

0.0357

0.0304

Source: Own calculations
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Table 11.31: Reg. results Robustness Test 6, compared with Model 6

Dependent
variable
Additional
variables
Treat. season
dummies
d_treat_January
d_treat_February
d_treat_March
d_treat_April
d_treat_May
d_treat_June
d_treat_July
d_treat_August
d_treat_September
d_treat_October
d_treat_November
d_treat_December

Model 6

Robustness Test 5
(add airport-year dummies to
Model 6)

log_passengers

log_passengers

Month-dummies

Month-dummies,
Airport-year dummies

Pre-2011

Pre-2011

Post-treatment

0

Posttreatment
0

0

-0.0314

(.)

(.)

(.)

(0.0716)

0.266*

-0.0161

-33239.9

0.0473

(0.108)

(0.0432)

(24840912.8)

(0.0608)

0.376***

0.0601

-33239.8

0.0272

(0.109)

(0.0513)

(24840912.6)

(0.114)

0.325**

0.0346

-33239.9

0.135

(0.119)

(0.0732)

(24840918.9)

(0.123)

0.525***

0.145

-33239.7

-0.293

(0.123)

(0.0879)

(24840919.6)

(0.181)

0.196

-0.286**

-33240.0

-0.473**

(0.123)

(0.0944)

(24840917.9)

(0.166)

0.0345

-0.467***

-33240.2

-0.512*

(0.125)

(0.0993)

(24840918.8)

(0.201)

-0.116

-0.499***

-33240.3

-0.334*

(0.127)

(0.101)

(24840918.3)

(0.141)

0.0925

-0.325***

-33240.1

0.0466

(0.123)

(0.0935)

(24840917.7)

(0.110)

0.461***

0.0559

-33239.8

0.0518

(0.119)

(0.0810)

(24840918.3)

(0.0546)

0.355***

0.0625

-33239.9

0.0944

(0.106)

(0.0528)

(24840918.1)

(0.126)

0.353**

0.102

-33239.9

142631

(0.108)

(0.0526)

(24840918.1)

-0.0314

(0.150)
Covariates
org_hicp_fare
log_org_gdp_cap
log_dest_gdp_cap
diff_market_lvl
dest_polit
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0.00136

0.00142

(0.000884)

(0.0115)

0.156

-281146.0

(0.351)

(210100175.2)

-0.130

-0.253

(0.228)

(0.549)

-0.937***

-1.248***

(0.192)

(0.304)

0.114

0.135*

(0.0637)

(0.0674)

N

142631

142631

Within

0.0634

0.1043

Between

0.0405

0.0074

Overall

0.0332

0.0161

R-squared

F-test
Value
df
p-value
Variance due to
u_i
rho
Corr(u_i, Xb)

7.13

6.92

(159,4222)

(168,4222)

< 0.0001

< 0.0001

0.75872394

1 (rounded)

0.0357

-1 (rounded)

Source: Own calculations
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X. Residual Plots – Robustness Tests

Figure 11.8: Residual density plots of Robustness Tests, compared with standard normal
Source: Own calculations
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Figure 11.9: QQnorm plots residuals, Robustness Tests 1-4
Source: Own calculations
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