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Abstract

Old diesel cars without modern emissions control technology substantially contribute
to air pollution by emitting high amounts of fine particulate matter, which is known to
be detrimental to human health. Periodic vehicle registration fees offer a potentially
powerful lever to speed up the retirement of old and polluting vehicles, yet little
empirical evidence exists on the matter. This paper analyzes how higher registration
fees for old and polluting diesel vehicles in the Netherlands accelerate their outflow
from the vehicle fleet. It leverages the staggered rollout of diesel particulate filters
as factory-fitted equipment to create quasi-random variation in pollution levels
across otherwise comparable diesel car models. By applying Synthetic Difference-in-
Differences complemented with a hazard model, this paper establishes that the tax
increase on old and polluting cars is effective at reducing their numbers, albeit at
the cost of being a very regressive policy.
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1 Introduction

Ownership taxes are a potentially powerful policy instrument for influencing the
duration of durable good holdings, yet little is known about their effectiveness. While
more stringent regulations make new durable goods increasingly efficient, the effi-
ciency of the overall stock improves only slowly when turnover rates are low. This is
particularly true in the transportation sector where the vehicle stock evolves slowly.
Although new vehicles have become very clean, overall vehicle pollutant emissions
decrease only at a modest rate because many drivers hold onto their old and polluting
vehicles. In Europe, old diesel vehicles without modern emissions control technology
such as particulate filters are the primary contributors to traffic-related air pollution.
This is a particularly huge concern in the Netherlands, which has one of the oldest
active vehicle fleets in Western Europe (Tweede Kamer der Staten-Generaal, 2015).
These vehicles are responsible for a large share in the 59,000 years of life lost in
the Netherlands every year due to traffic-related air pollution (Fischer et al., 2015;
Compendium voor de Leefomgeving, 2023; Soares et al., 2023).

In order to reduce air pollution levels, the Dutch government introduced a surcharge
on the private ownership of diesel vehicles with high particulate matter (PM) emis-
sions to incentivize their retirement and thereby decrease the number of highly
polluting vehicles in the active fleet (Tweede Kamer der Staten-Generaal, 2015).
This approach was new as policies in other countries had previously been limited to
scrappage schemes and low emission zones. The Dutch government, however, ruled
out both of these policies because, from their point of view, a scrappage scheme
would have been too expensive to maintain, and low emission zones would be unjust
due to their prohibitive nature (Tweede Kamer der Staten-Generaal, 2015). On
January 1, 2020, one year later than in the initial schedule, the surcharge on old and

polluting diesel vehicles came into effect.

This paper evaluates the effectiveness of the Dutch surcharge on polluting diesel vehi-
cles in accelerating vehicle retirement. Beyond its aggregate impact, [ analyze which
types of households respond most strongly and how the effect differs across vehicle
characteristics. This question is of great relevance for various durable goods markets
beyond the economics of transportation. As of now, there is little empirical evidence
on how changing the ownership costs of old durable goods affects their retirement.

This paper fills this research gap by analyzing the Dutch surcharge on polluting



vehicles with its explicit goal of “cleaning up” the vehicle fleet. It capitalizes on the
fact that different manufacturers started the series production of diesel vehicles with
particulate filters at different points in time because of supply bottlenecks in the
filter industry. This natural experiment introduces variation in PM emissions and

thus in surcharge eligibility across several dimensions of vehicle characteristics.

I combine two main data sources. Historical data on Dutch vehicles and vehicle
ownership comes from Statistics Netherlands (CBS). CBS offers annual vehicle-level
data on the entire fleet of registered vehicles in the Netherlands, making it possible to
link every vehicle to its owner. I can further link individual-level socioeconomic data,
such as age, income, education level, place of residence, and marital status, among
others. Lastly, I complement the vehicle data from CBS with publicly available data
on technical specifications of vehicles including make, model, and PM emissions from
Dienst Wegverkeer (RDW), the Dutch motor vehicle agency. I combine the data
from both sources to analyze how the introduction of the surcharge has affected the
outflow of highly polluting diesel vehicles relative to otherwise comparable vehicles

that pollute substantially less and are not subject to the policy.

Drawing on a decade of vehicle registration data, I show that the surcharge is in-
herently regressive. It applies only to diesel vehicles that were at least 12 years old
when the surcharge came into effect. The owners of such vehicles are predominantly
young individuals from lower-income households, and they predominantly live in
regions with elevated reliance on individual motorized traffic. I then proceed to show
that the surcharge significantly reduces the number of polluting vehicles by about 16
percent within the first three years of the policy, indicating that car owners indeed
bring forward vehicle replacement decisions. This behavior is consistent with how
car owners choose to replace an old durable good in a setting in which keeping the
existing durable good entails an elevated cost in form of additional ownership fees
(see Appendix C). I also show that the policy’s regressivity intensifies over time
because lower-income households are less able to advance vehicle retirement, and

uncover further insightful heterogeneity in household responses to the soot tax.

This paper contributes to three strands of the literature: (i) the determinants of
vehicle retirement, (ii) the effectiveness of registration fees in shaping consumer
behavior, and (iii) the welfare effects of changes in the vehicle fleet. Within the first

strand, several papers show that scrappage schemes are effective at speeding up



vehicle retirement, improving average fuel economy, and reducing average pollution
levels of the vehicle fleet (Lenski et al., 2010; Busse et al., 2012; Li et al., 2013;
Grigolon et al., 2016; Laborda & Moral, 2019; Marin & Zoboli, 2020). However, their
substantial costs render them unsuitable as a long-run policy instrument (Sandler,
2012). Low emission zones exclude the most polluting vehicles and thereby cause
short-lived spikes in their scrap rates (Balaguer et al., 2023). Higher gasoline prices
accelerate the scrappage of old vehicles (which are the most polluting) by reducing
their used market value (Li et al., 2009; Jacobsen & van Benthem, 2015; Bento et al.,
2018). I contribute to this literature by assessing how a novel policy that changes
ownership costs affects vehicle retirement, for which there is little empirical evidence.
Moreover, Jacobsen et al. (2023) derive a model of individual vehicle replacement
decisions to predict that “environmental” ownership taxes based on tailpipe pollu-
tant emissions improve welfare through their effect on vehicle scrappage rates. My
framework empirically assesses this model prediction from Jacobsen et al. (2023) as

well as its distributional impact in a concrete setting.

The second important branch of the literature analyzes the effect of vehicle taxes in
particular. Many studies focus on how upfront taxes, which are levied at the time of
purchase or first registration, impact the composition and nature of new car sales.
These papers consistently show that higher upfront vehicle taxes on new cars with
higher CO5 emissions lead to reductions in the emission intensity of new vehicle
registrations (Gallagher & Muehlegger, 2011; Kok, 2015; Ciccone, 2018; Bergantino
et al., 2021; Ostli et al., 2022). However, several papers emphasize that the impact,
albeit statistically significant, tends to be economically modest (Rogan et al., 2011;
Adamou et al., 2014; D’Haultfeeuille et al., 2014; Kok, 2015; Klier & Linn, 2015;
Alberini & Bareit, 2019). At the same time, tax cuts or exemptions for low-emission
vehicles are comparatively inefficient while giving rise to substantial public expendi-
ture (Kok, 2015; Sun et al., 2018). In contrast to the large literature on upfront taxes,
the literature on periodic ownership taxes, commonly known as “registration fees”, is
sparse. As a notable exception, Alberini et al. (2018) analyze how annual registration
fee surcharges for cars with high CO4 emissions in Switzerland decrease their average
lifetime and thereby reduce average CO, emissions of the vehicle fleet. My paper
complements their work because the Dutch registration fee surcharge targets tailpipe

PM emissions rather than CO,, affecting a fundamentally different set of vehicles.



I also draw on quasi-random variation in treatment status due to the staggered
rollout of particulate filters whereas Alberini et al. (2018) rely on cross-sectional

and temporal variation in cantonal registration fees within Switzerland.

The third important branch of the literature investigates welfare. It is well-established
that diesel cars without adequate emissions control technology, even when few in
numbers, substantially contribute to air pollution and significantly aggravate health
hazards (Degraeuwe et al., 2017; Jonson et al., 2017; Alexander & Schwandt, 2022).
Removing the most polluting vehicles can significantly improve air quality and
generate substantial welfare gains through associated health benefits. A large body
of literature has shown this for low emission zones (Cyrys et al., 2014; Malina &
Scheffler, 2015; Gehrsitz, 2017; Jiang et al., 2017; Pestel & Wozny, 2021; Margaryan,
2021). However, policies targeting highly polluting cars are generally regressive
because it is usually lower-income houscholds that own these cars (Nikodinoska &
Schréder, 2016; Eliasson et al., 2018; Tovar Reanos & Sommerfeld, 2018; Jacobsen
et al., 2023). I contribute to this literature by means of the extraordinary microdata
at hand that establish individual links between vehicles and vehicle owners. This
allows me to analyze household heterogeneity in terms of (i) who is initially affected
by the soot tax, and (ii) who responds more strongly to the soot tax by bringing

forward vehicle replacement.

The remainder of the paper is structured as follows. Section 2 provides the in-
stitutional background, showing how production decisions create the variation in
surcharge eligibility more than a decade later that I exploit in the empirical analysis.
Section 3 describes my data sources, provides some illustrative descriptive statistics
about vehicle holdings in the Netherlands, and contains summary statistics for my
samples. Section 4 elaborates on my methodology and how the setting at hand
allows me to infer causal estimates of the effect of the registration fee surcharge
on the vehicle stock and on individual vehicle retirement decisions. I present the
results in Section 5, conduct both robustness checks and placebo tests to corroborate
them, and introduce a toy model to rationalize my findings. Moreover, I carry out
a back-of-the-envelope calculation to illustrate the implications of my results from
Section 5 for total vehicle holdings and fleet-wide PM emissions in Section 6. Section

7 eventually concludes.



2 Institutional Background

Figure 1: Type-approval PM emissions of diesel cars by year of admission
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Notes: The left graph shows the average type-approval PM emissions of diesel vehicles first admitted
in the respective year in mg/km, as in the public RDW motor vehicle register (opendata.rdw.nl).
The right graph multiplies these average PM emissions with the number of diesel vehicles from the
respective cohorts that were registered on January 1, 2019. Numbers on registered diesel vehicles
in 2019 come from the CBS Microdata Environment. Own calculations.

In 2015, Fischer et al. (2015) made were the first to establish a causal link between
elevated levels of particulate matter with less than 10 micrometers in diameter
(“PM” in the following) and various detrimental health outcomes for millions of
Dutch citizens. A main source of PM emissions is the remaining fleet of old diesel
vehicles without modern emissions control technology. The red line in Figure la
plots (type-approval) PM emissions of diesel passenger cars by year of first admission.
Newer diesel vehicles admitted after 2009 have very low average emissions of less
than 0.5 milligrams per kilometer (mg/km). In contrast, the average diesel car from
2005 is more than 50 times as polluting in terms of (type-approval) PM emissions
than its modern-day counterparts, and the average diesel car from 2000 is more than
100 times as polluting (see also Table A1). Figure 1b puts the emissions intensity
of older vehicles into perspective by scaling per-vehicle PM emissions to the full
diesel fleet using registration data from January 1, 2019 (the grey line in Figure 1a).
Even though many of the older diesel vehicles produced before 2009 have already
left the fleet by 2019, the remaining ones still account for the majority of overall
PM emissions. Therefore, the continued presence of old and highly polluting diesel

cars, even in small numbers, still imposes a substantial burden on air quality.

Vehicle taxes constitute a natural policy instrument to address air pollution from
road traffic. The Netherlands, like most countries, levy two types of vehicle taxes:

a one-time tax levied at the time of purchase of a new vehicle (“vehicle sales tax”);



and a cyclical tax on vehicle ownership that the owner pays when renewing its
registration to legally drive the vehicle on public roads. I will refer to this cyclical
tax on vehicle ownership as a “registration fee” in line with the established literature

(Jacobsen et al., 2023).

These two taxes serve very different purposes in the Netherlands. The Dutch vehicle
sales tax (called BPM (belasting van auto’s en motorrijwielen)) is levied when a new
car is purchased or when a used car is imported to the country. Since the early 2010s,
the sales tax liability of a vehicle depends on its carbon dioxide (CO3) emissions and
fuel type. The tax structure is designed to reflect each vehicle’s environmental impact.
First, the sales tax rises with vehicle CO5 emissions to discourage the adoption of
vehicles with high fuel consumption and high CO, emissions. Roughly speaking, the
sales tax doubles when going from a moderately-sized engine with emissions of 120
g COy/km to a larger engine with 150 g CO5/km. Second, the sales tax is about
twice as high for diesel cars than for gasoline cars because diesel cars have higher
pollutant emissions on average. Plug-in hybrid vehicles (PHEVSs) face only a fraction
of the tax liability of comparable gasoline vehicles because they have substantially
lower emissions. Lastly, battery electric vehicles (EVs) are completely exempt as

they have zero emissions.!

The registration fee MRB (motorrijtuigenbelasting), in contrast, is the registration
fee, the periodic levy on vehicle ownership that must be paid in order to legally use
the vehicle on public roads. In the following, I describe the Dutch registration fee
system for passenger cars.? In the Netherlands, vehicle registration fees are due every
three months. Before the introduction of the surcharge for polluting diesel vehicles in
2020, the registration fee had been based on two determinants only, the vehicle’s (i)
empty mass, and (ii) fuel type. Importantly, neither component is meant to address
the environmental impact of the vehicle. The vehicle mass component accounts for
the fact that heavier vehicles cause more wear and tear on road infrastructure so that
their contribution to maintaining the road system is larger. It further serves as an
incentive mechanism to adopt lighter and smaller cars, which are safer for pedestrians
and cyclists and take up less public space. The Dutch government also charges higher

registration fees on diesel than on gasoline passenger cars to counteract lower excise

I Tables A2, A3 and A4 explain the calculation in detail.
2 There are separate calculations for delivery vans, company cars and campers, which are not
the focus of this paper.



taxes on diesel fuel. In the Netherlands, like in most of Europe, diesel is subject to a
lower excise tax than gasoline.® The lower excise tax on diesel serves as a subsidy for
businesses because commercial vehicles such as trucks, delivery vans, and agricultural
machinery almost universally run on diesel (Sterner, 2007; Ptak et al., 2024). Since
the lower excise tax is not targeted towards private households, the registration fee
offsets the lower cost of diesel at the gas station by levying extra charges for the
private ownership of diesel cars.* Therefore, the introduction of the surcharge on
old polluting diesel cars in 2020 marks a structural change in the registration fee

system by introducing an environmentally motivated dimension.

Figure 2 shows annual registration fee payments for passenger cars. Solid lines refer
to the 2019 payment schedule, and dashed lines to the 2024 schedule, which is
higher due to annual inflation adjustments. One can see that vehicle registration
fees account for a meaningful share of household expenses (Centraal Bureau voor de
Statistiek, 2025). Medium-sized 1,500 kg gasoline cars face annual fees of about €870
in 2019 and €1,000 in 2024.° In contrast, equally heavy diesel cars face annual fees
of about €1,660 in 2019 and €2,000 in 2024. These figures highlight the substantial
cost of private diesel car ownership in the Netherlands, which levies the highest
registration fees in the entire European Union. In 2024, a 1,500 kg diesel car is
liable for an annual registration fee of €232 in Germany, €357 in Denmark, €536
in Austria, or €537 in Flanders, but about €2,000 in the Netherlands.

Since January 1, 2020, there is a third component in the registration fee schedule,
the fine particulate matter surcharge (Dutch: fijnstoftoeslag), colloquially known
as the “soot tax”. For passenger cars, the soot tax applies to diesel vehicles with

registered PM emissions® above 5 mg/km?. The soot tax was first proposed in June

3 As of 2024, the excise tax on gasoline is €0.79 per liter, and the excise tax on diesel is €0.52
per liter (Rijksdienst voor Ondernemend Nederland, 2025)

4 The registration fee for commercial vehicles, in contrast, is independent of fuel type so that
commercial diesel vehicles enjoy the excise tax discount without being penalized through higher
registration fees.

5 This calculation is on average because one part of total registration fee liability depends
on a rate that every province sets independently and whose revenue flows to the provinces. This
introduces variation in registration fee liability for identical vehicles between provinces by a few
percent at most. However, this is not the focus of this analysis and can therefore be ignored for
the remainder of the paper.

6 RDW registers this emissions reading as “Emission Particles, light”, which refers to particulate
matter of less than 10 micrometers in diameter.

7 The registered emissions refer to either type-approval emissions or measured vehicle emissions
immediately after production. Vehicles without a PM emissions reading that were first registered
before September 2009 are also subject to the soot tax, as are vehicles that were originally equipped



Figure 2: Registration fee schedules
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Notes: The graph shows registration fees by vehicle mass, for diesel and gasoline passenger cars,
in 2019 and 2024, averaged across provinces. The data show the quarterly (3-month) registration
fee liability. A small portion of the registration fee goes to the provinces, and their charges and
thus total registration fee liabilities differ by province. The displayed schedule is an average across
provinces. The solid (dashed) lines refer to 2019 (2024) fee schedules. The green lines refer to
gasoline cars, the orange lines to diesel cars, and the red lines to diesel cars subject to the soot tax.

2015 when the Dutch government laid forward a vehicle tax reform (the “Autobrief
I1”) that included plans to introduce a surcharge for polluting diesel vehicles on top
of the regular registration fee. The First Chamber of the Dutch parliament voted in
favor of the Autobrief IT in July 2016, planning to introduce the soot tax by January
1, 2019 (Eerste Kamer der Staten-Generaal, 2016). However, the rollout of the soot
tax was later rescheduled to January 1, 2020, due to administrative delays. The
soot tax aims to speed up the scrappage of old diesel vehicles lacking particulate
filters because these vehicles have air pollutant emissions of as much as two orders
of magnitude higher than modern diesel vehicles with filters (Tweede Kamer der

Staten-Generaal, 2015).

The soot tax is a 15% surcharge on the vehicle-specific registration fee, increasing the
relative tax burden equally across all affected vehicles (Tweede Kamer der Staten-
Generaal, 2015). To maximize the salience of the soot tax, the government sent
letters to all affected vehicle owners in early November 2019, less than two months
before the soot tax was introduced, clearly stating that the new surcharge would be
imposed as a penalty for owning a highly polluting diesel vehicle. Moreover, although

formally a surcharge on the regular registration fee, the soot tax is billed separately

with a diesel particulate filter reducing emissions below 5 mg/km, but from which the filter has
subsequently been removed. Retrofitting a diesel vehicle with a filter, however, does not exempt
the vehicle from the soot tax.



to further enhance its salience and underscore its distinct purpose. Because of the
high baseline fees, the soot tax constitutes a substantial extra burden to diesel car
owners and, beyond that, is a considerable cost relative to the residual value of

affected vehicles as it applies exclusively to relatively old diesel cars.

In practice, the eligibility threshold of (type-approval) PM emissions of 5 mg/km
means that diesel cars are subject to the soot tax if they are not equipped with a
particulate filter. These filters, installed directly upstream of the tailpipe, clean the
exhaust and reduce PM emissions by up to two orders of magnitude. Particulate
filters became a standard equipment in all diesel passenger cars with the introduction
of the Euro 5 emission standard in September 2009. This development took place
within a broader regulatory framework. Passenger car emissions have been regulated
in the European Union since 1993, with standards becoming progressively more
stringent every four to five years. Table A5 shows the PM emission limits of the
respective Euro standards for diesel cars. Manufacturers were able to meet the
diesel emission limits up to Euro 4 through exhaust gas recirculation and the use of
catalytic converters, circumventing high-cost particulate filters. Accordingly, diesel
vehicles of vintage® 2003 and earlier are all subject to the soot tax. These vehicles
were manufactured under the considerably more lenient emission standards prior to
Euro 5, at a time when particulate filters had not yet been introduced in passenger

car production.

The introduction of the stringent Euro 5 PM limits effectively compelled manu-
facturers to adopt filter technology in diesel cars (Scoltock, 2014). Manufacturers
therefore began adopting the technology as soon as Euro-5-compliant filters became
available in 2004. However, supply constraints in the filter industry led to a gradual
introduction of filters during the years leading up to Euro 5. In total, it took several
years for particulate filters to become standard equipment on all new diesel cars.
In 2005, only about 20% of new diesel cars were already equipped with particulate
filters. This share gradually rose to roughly 50% in 2006, 63% in 2007, and 75% in
2008, before Euro 5 effectively mandated particulate filters starting in September
2009 (Figure Al). It is this staggered adoption of diesel particulate filters between
2005 and 2008, due to initial supply shortages and the fact that the expansion of

8 In what follows, I equate a vehicle’s year of production and a vehicle’s year of first registration,
and refer to both as its “vintage” in line with established academic literature (Barahona et al.,
2020). Occasionally, some authors also refer to this a “model year”.



production to serve the entire market took several years, that generates substantial
variation in PM emission levels between diesel car models from the mid-2000s. I
leverage this variation to estimate the causal effect of the soot tax on vehicle holdings
because the lack of a factory-fitted particulate filter directly determines soot tax

eligibility in practice.

3 Data

This paper draws on two main data sources. First, Statistics Netherlands (CBS)
provides annual data on the entire Dutch vehicle stock as registered with RDW on
January 1 each year from 2014 to 2023. I observe both the individual vehicle as well
as the vehicle owner, and can follow the same vehicle over time as it changes owners,
as well as the same owner over time as they replace vehicles. I focus on privately
owned diesel passenger cars, which are the main target of the soot tax. CBS also
provides various other data about the individual vehicle owners, such as their income,
education, place of residence, and others, that I merge to the vehicle data using
unique person identifiers. Following established practice in the literature, I treat all
permanent deregistrations as vehicle retirements (Alberini et al., 2018), although

the registration data do not reveal the ultimate fate of deregistered vehicles.

Whereas the information on vehicle owners is vast, the CBS data only contain little
information on the vehicles themselves. They only provide a vehicle’s year of first
registration, fuel type, mass (empty weight), and number of cylinders. There is
no data on make-model or on registered PM emissions to directly derive soot tax
eligibility. I therefore complement the CBS data with publicly available data from
RDW, which provide comprehensive information on the entire Dutch vehicle fleet
registered on the day of access (in my case, May 4, 2024). The RDW data include
more than 100 variables for each registered vehicle in the Netherlands and allow
me to identify the make-model as well as registered PM emissions for a subset of
vehicles in the CBS data. Based on the registered PM emissions, I can assign soot

tax treatment status to all vehicles with an identifiable make-model.” Appendix B

9 For example, I may observe 100 individual vehicles in the CBS data that have these character-
istics: Year of first registration: 2007, Fuel type: Diesel, Vehicle mass: 1,400 kg, Number of cylinders:
4. T then check whether at least 95% of the vehicles in the RDW with these characteristics are of
the same make-model, e.g. some version of the Volkswagen Golf with some value of type-approval
PM emissions. If this is the case, I assign the make-model “Volkswagen Golf” as well a treatment
status based on their registered emissions to all these vehicles in the CBS data.

10



explains this process in detail. In accordance with the literature, I call such an

identified make-model a “car model” (Grigolon et al., 2016).

Because the RDW data is vehicle-specific, registered PM emissions occasionally differ
between individual vehicles of the same car model. Some manufacturers conducted
updates (“facelifts”) to a car model, which sometimes included starting to install
filters as a standard equipment. Other manufacturers sometimes offered the same car
model in two otherwise identical versions, differing only in the presence or absence
of a filter. I discard such car models from my analysis. Moreover, the soot tax also
applies to vehicles that were originally equipped with a factory-installed filter but
later had it removed, often to achieve marginal improvements in performance or fuel
economy.'® Although I cannot identify such vehicles in the CBS data, I consider
post-production filter removal a minor concern for two reasons. First, it affects only
a small share of vehicles. TNO (2018) reports a filter-removal rate of 1.2% in diesel
cars and light-duty vehicles. Second, it introduces a small bias towards zero at worst,

rendering my results a little conservative.

3.1 Sample Construction & Matching Quality

In my empirical analysis, I focus on a sample of diesel passenger cars produced
between 2005 and 2008. Treatment variation in this sample arises from the staggered
introduction of particulate filters prompted by the regulatory change in emission
standards enacted more than a decade before the soot tax comes into effect.!! Be-
cause I can only identify the make-model and PM emissions for a subsample of all
vehicles, I first examine how this subsample compares to the entire vehicle fleet.
Ideally, the identified subsample is representative of the entire fleet of Dutch vehicles.
To evaluate representativeness, I use the 2019 vehicle data set, which is one year
before the soot tax, and in which I identify make-model and PM emissions for about

30.66% of vehicles from the relevant 2005-2008 diesel vintages.

10 Although removing the particulate filter is prohibited by law, owners of diesel cars produced
before 2011 could notify the RDW that the filter had been removed. Once notified, the vehicle
became subject to the soot tax, while the owner avoided the fine associated with the illegal removal
itself.

1 As a robustness check, I also draw on a sample of gasoline and diesel car models built between
1990 and 2004. The diesel car models in this sample are old enough to all be subject to the soot
tax, yet not old enough to become exempt from all registration fees upon achieving classic-car
status. Gasoline car models of the same 1990-2004 vintages comprise the natural control group in
this case as these are never subject to the soot tax.

11



I use covariate distributions as a measure of representativeness and compare them
between the identified and unidentified vehicles. Both groups are very much compa-
rable in terms of owner characteristics. For instance, household disposable income
and owner age feature almost the exact same distribution. Their means only differ by
0.5% for income and 2.3% for owner age (see Figures A2 and A3 in the Appendix).
In contrast, the differences in terms of the actual vehicle characteristics are more
pronounced. For instance, identified vehicles tend to be lighter than the vehicles
for which I cannot identify make-model and PM emissions (Figure A4). Among
identified vehicles, 55.9% weigh less than 1,025 kg, typical of small or light compact
cars, compared with 37.1% of unidentified vehicles. In contrast, 57.6% of unidentified
vehicles weight between 1,075 kg to 1,525 kg, the range of heavier compact cars,
mid-size and executive cars, compared to 38.2% of identified vehicles. Therefore, my
sample of identified vehicles is skewed towards lighter types of cars. The average
identified vehicle weighs 1,069 kg, a statistically significant 8.1% difference compared
to 1,156 kg for the average unidentified vehicle.

3.2 Descriptive statistics

The comprehensive individual-level vehicle data allow for some first descriptive
insights into vehicle ownership in the Netherlands. I first use the CBS data to
describe the Dutch vehicle fleet as a whole, and subsequently use the subset of

identified vehicles to characterize the analytical sample.

3.2.1 The entire fleet

I first analyze the spatial distribution of diesel vehicles across Dutch municipalities.
There is a clear divide in vehicle ownership between rural and urban areas. The
data clearly reveal that higher population density is associated with lower diesel
prevalence (see Figure A5). At the same time, there is also a north-south divide
(see Figure A6). These differences in diesel ownership reflect the economical ad-
vantages of diesel engines over gasoline engines when people drive more frequently
and when they regularly cover relatively long distances (Reif, 2014). Indeed, in the
Netherlands, both (i) average everyday distances as well as (ii) the share of travel

distances covered by car are on average larger in more sparsely populated areas (see

Figures A7 and AS8).
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Next, I explore household heterogeneity in vehicle ownership. A common counterar-
gument against tying registration fees to tailpipe pollutant emissions is the regressive
nature of such a policy. For instance, Jacobsen et al. (2023) show how ownership
of old cars is concentrated at lower-income households in the US. Figure A9 as-
sesses this relation in the Netherlands by plotting vehicle mass against household
disposable income for different age bins of diesel cars. The first eminent pattern is
that the newest and cleanest diesel vehicles, produced since 2010 under Euro 5 (or
6), belong to the highest-income households, with a strikingly positive association
between vehicle mass and income in this vehicle age group (Figure A9a). As we
look at medium-aged, more polluting cars from the 2000s (Figure A9b), average
household incomes are substantially lower. Old and highly polluting diesel cars
produced in the 1990s (Figure A9c) belong the the lowest-income households of
all households that own a car to begin with. Moreover, household incomes among
these old diesel cars are low across all vehicle masses, highlighting how ownership of
the most polluting diesel vehicles is concentrated on the lower end of the income
distribution. Because the soot tax applies exclusively to diesel vehicles produced
before 2009, these descriptive results highlight how the soot tax disproportionately

affects lower-income households.

Furthermore, the data indicate that the soot tax predominantly affects younger car
owners (see Figure A10). While owners of gasoline vehicles are on average in their
early 50s and owner age varies little across vehicle masses, the average owner of a
small or compact diesel car of roughly 1,000 kg is in her early 40s, nearly ten years
younger than the owner of a gasoline car in the same weight category. Beyond that,
average owner age increases sharply with vehicle mass for diesel cars, rising to 55 to
60 years for very heavy diesel cars beyond 2,000 kg. Overall, given that the soot tax
primarily applies to lighter diesel cars (which, on average, received filters later) and
to older diesel cars (which also tend to be lighter), this strongly suggests that the

tax burden will fall mainly on younger car owners.

3.2.2 The samples

In my empirical analysis, I draw on diesel vehicles of 2005-2008 vintage with
identified make-model for which I observe registered PM emissions and can therefore

determine whether they are subject to the soot tax. I am able to identify a total
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of 342 car models in the data. The makes Volvo and Volkswagen alone constitute
more than 40% of the car models in the sample. Their models often feature odd
and unique vehicle masses (such as 1,063 kg for a 2005 Volkswagen Polo), making
them uniquely identifiable. In contrast, the three German premium manufacturers
BMW, Audi, and Mercedes-Benz constitute just below 20% of all the identified car
models because their models often have the same round vehicle masses so that
many of them remain unidentified.!? I also include the previous year’s values of the
following household/owner covariates: household disposable income, vehicle owner
age, a dummy for college education, marital status, a dummy for homeownership,

and population density of place of residence.

I use this set of diesel vehicles to construct both a panel data set on the car model
level as well as an individual-vehicle-level data set. The upper half of Table 1
contains summary statistics for the sample on the car model level. In this data set,
I aggregate the individual-vehicle-level data up to the car model level. This results
in a panel data set with 3,420 observations, in which I follow the 342 identified
car models over ten years. 131 car models are in the treatment group since they
become subject to the soot tax in 2020, while the other 211 car models make up the
control group. The outcome of interest in this car model x year panel data set is
the number of registered vehicles per car type. There are on average 97.27 registered
vehicles per car model across the entire observation period, with 55 vehicles for the
median car model. The average vehicle mass in the sample is 1,512 kg, about the
mass of a typical 2000s mid-size diesel car. The average list price in the sample is
€52,493 although 48 car models have missing values for this variable. Average fuel

consumption comes in at 6.7 1/100 km, and CO, emissions average 177.5 g/km.

Household /owner covariates, averaged for every car model x year, show that
household disposable income is somewhat right-skewed, with median disposable
income at €60,189 and mean disposable income at €66,754. This is about €20,000
above the nationwide average during the same period, highlighting how vehicle
ownership is generally concentrated among higher-income households. Owners are
on average 48.8 years old, and the majority of owners are male, married, and own

their home. About half have some form of college education.

12 The CBS data only contain a vehicle’s vintage, mass, fuel type, and number of cylinders. If
two or more models share the same values for these four variables, then I cannot assign (“identify”)
a make-model to the individual vehicles with these characteristics.
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Table 1: Summary statistics for 2005-2008 diesel car-model-level sample

Variable Unit No. of obs. Mean St.d. Median

Treatment Group Dummy 3,420 0.383 0.48 0

No. of vehicles Count 3,420 97.27 113.4 55

Vintage Year 3,420 2006.64 1.155 2007

Vehicle mass kg 3,420 1,512 366.1 1,522

List price € 2,940 52,493 27,131 48,612

Mileage 1/100 km 3,400 6.694 1.805  6.700

CO, g/km 3,400 177.5 48.18 177.7

Mean HH Disp. Inc. € 3,420 66,941 29,733 60,278

Mean Owner Age Years 3,420 48.82 6.128  49.20

Mean Pop. Density Persons/km? 3,420 1,225 280.3 1,195

Mean Male Owner Dummy 3,420 0.798 0.112  0.822

Mean College Educ. Dummy 3,420 0.502 0.187  0.500

Mean Married Dummy 3,420 0.608 0.129  0.617

Mean Homeownership Dummy 3,420 0.791 0.135  0.818

Control group Treatment group

Variable No. of obs.  Mean St.d. Median No. of obs.  Mean St.d. Median
Treatment Group 2,110 0 0 0 1,310 1 0 1
No. of vehicles 2,110 94.18 114.7 51.00 1,310 102.3 111.2 63.00
Vintage 2,110 2007.13  0.943 2007 1,310 2005.84  0.995 2005
Vehicle mass 2,110 1,619 271.5 1,570 1,310 1,341 428.7 1,161
List price 2,020 61,008 24,725 60,722 920 33,797 22,398 25,172
Mileage 2,110 7.213 1.506 7.238 1,290 5.845 1.930 4.935
CO2 2,110 190.9 40.17 192.2 1,290 155.7 52.08 132.1
Mean HH Disp. Inc. 2,110 72,136 29,464 66,169 1,310 58,572 28,226 51,493
Mean Owner Age 2,110 50.29 5.394 50.51 1,310 46.47 6.497 46.30
Mean Pop. Density 2,110 1,196 277.2 1,169 1,310 1,271 279.2 1,240
Mean Male Owner 2,110 0.840 0.083 0.850 1,310 0.731 0.121 0.750
Mean College Educ. 2,110 0.554 0.180 0.565 1,310 0.417 0.166 0.400
Mean Married 2,110 0.637 0.122 0.649 1,310 0.562 0.128 0.555
Mean Homeownership 2,110 0.841 0.102 0.862 1,310 0.710 0.143 0.715

Notes: Descriptive statistics on the final 2005-2008 diesel car model sample in which I observe the number of registered
vehicles of 342 car models across ten years (2014-2023, January 1). 131 car models are treated, 211 are untreated.
“Treatment Group” is one in all periods for car models with PM emissions above 5 mg/km, and zero otherwise. “No. of
vehicles” counts the number of registered vehicles of an (identified) car model. “Vintage” is year of first admission in the
data. Mean variables are average values of household /owner covariates across all individual vehicles of a car type.

The bottom half of Table 1 shows some underlying covariate imbalances between
the treatment and control group. As a direct consequence of the staggered rollout
of particulate filters, car models in the treatment group are on average older
than their counterparts in the control group. Because manufacturers tended to
install filters in heavier and more expensive models first, treated car models are
on average lighter, have a lower list price, and feature lower fuel consumption as
well as lower COy emissions. In addition to that, the two groups of car models
also differ in terms of their owner structure. Car models from the treatment group
tend to belong to households with lower disposable incomes; their owners tend
to be younger and live in more densely populated areas; and they are more likely
to be female, without college education, unmarried, and renters. This highlights
the necessity to control for underlying household /owner differences to account for

different vehicle replacement cycles and potentially different responses to the soot tax.
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Table 2: Summary statistics for 2005-2008 diesel individual-vehicle sample

Variable Unit No. of obs. Mean St.d. Median

Treatment Group Dummy 268,059 0.497 0.500 0

Event Dummy 268,059 0.156 0.363 0

Vintage Year 268,059 2006.24 1.085 2006

Vehicle mass kg 268,059 1,490 366.6 1,476

Cylinder volume cm? 268,059 2,112 545.0 1,995

List price € 221,186 48,206 25,631 43,085

Mileage 1/100 km 267,560 6.494 1.789 6.286

COq g/km 268,059 172.6 47.70 164.6

HH No. Cars Owned Count 268,059 1.795 1.166 2

HH Disp. Inc. Years 268,059 64,204 113,306 53,668

Owner Age Years 268,059 48.46 13.63 48

Population Persons 268,059 120,633 180,713 50,290

Population Density Persons/km? 268,059 1,270 1,477 617

Male Owner Dummy 268,059 0.792 0.406 1

Married Dummy 268,059 0.630 0.483 1

Homeownership Dummy 268,059 0.798 0.402 1

Control group Treatment group

Variable No. of obs. Mean St.d. Median No. of obs. Mean St.d. Median
Treatment Group 134,798 0 0 0 133,261 1 0 1
Event 134,798 0.141 0.348 0 133,261 0.170 0.376 0
Vintage 134,798 2006.87  0.967 2007 133,261 2005.60 0.782 2005
Vehicle mass 134,798 1,625 275.5 1,570 133,261 1,354 395.7 1,262
Cylinder volume 134,798 2,360 509.1 2,400 133,261 1,862 459.1 1,896
List price 126,920 59,259 22,470 58,485 94,266 33,323 21,811 26,740
Mileage 134,750 7.215 1.545 7.3 132,810 5.762 1.721 5.2
CO2 134,798 191.1 41.44 193 133,261 153.9 46.31 140
HH No. Cars Owned 134,798 1.849 1.140 2 133,261 1.741 1.189 2
HH Disp. Inc. 134,798 72,403 143,456 59,814 133,261 55,911 69,792 48,252
Owner Age 134,798 50.85 12.74 50 133,261 46.05 14.06 46
Population 134,798 112,460 170,370 48,506 133,261 128,901 190,249 54,474
Population Density 134,798 1,229 1,444 602 133,261 1,311 1,509 632
Male Owner 134,798 0.839 0.368 1 133,261 0.743 0.437 1
Married 134,798 0.669 0.470 1 133,261 0.590 0.492 1
Homeownership 134,798 0.870 0.336 1 133,261 0.725 0.446 1

Notes: Descriptive statistics on the final 2005-2008 individual-vehicle diesel sample. The sample is an unbalanced panel.
I start with 58,541 vehicles in 2014, and some vehicles permanently disappear from the data set. “Treatment Group” is
one in all periods for a vehicle with PM emissions above 5 mg/km, and zero otherwise. “Event” is one if the current
period is the last one in which the car is present in the data (so that it is permanently deregistered before the next
period). “Vintage” is year of first admission in the data.
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I also create a sample on the individual vehicle level. This sample follows individual
vehicles that are of one of the 342 identified car models. I restrict it to vehicles that
are continuously observed in every period either until the end of the observation
period or until they permanently disappear from the vehicle registry. This results in
a panel data set with attrition that starts with 58,541 individual vehicles in 2014,
some of which drop out in every subsequent year. It features 268,059 observations

in total so that the average vehicle remains in the data set for 4.58 years.

The upper half of Table 2 shows summary statistics for the individual vehicle sample.
The average vehicle weighs about 1.5 tonnes, has a list price of about €48,000,
consumes 6.5 liters of diesel per 100 km, and emits 172.6 g CO,/km. I also observe
the absence or presence of other cars in the household. There are about 1.8 vehicles
per household on average. The average population of the municipality in which the
vehicle is registered is 120,633 while the median is at 50,290. The majority of car
owners are male (79.2%), married (63%), and own a home (79.8%). Lastly, the lower
half of Table 2 shows the prevalent covariate imbalance between the treatment and
control group. On average, treatment group vehicles are older, lighter, less expensive,
and consume less diesel fuel than control group vehicles. Their owners also have
relatively less income, are younger, live in more urban areas, and are less likely to

be male, married, or to own a home.

4 Methodology

I estimate the effect of the soot tax on the number of registered polluting diesel
vehicles and on their propensity of being retired using a twofold strategy. First, I
use the sample at the car model level to estimate the causal effect of the soot tax
on the number of registered vehicles in a Generalized Difference-in-Difference (DiD)
framework. This allows me to obtain an estimate on the “aggregate” effect, that is
on how the soot tax affects the overall number of registered polluting vehicles. After
all, the goal of the policy is to reduce the remaining stock of these vehicles. Second,
I use the sample at the individual vehicle level to estimate a hazard model on how
the soot tax affects an individual vehicle’s risk of deregistration (which I consider
equivalent to retirement in accordance with established literature (Alberini et al.,
2018)). This allows me to granularly analyze heterogenous household responses and

assess the distributional impact of the policy.
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4.1 Difference-in-Differences

In the sample on the car model level, the outcome of interest Y is the log number
of registered vehicles of car model 7 in period ¢t. D is the dummy for the treatment

group. The object of interest is the Average Treatment Effect on the Treated (ATT):
ATT = E[Yy(1) — Yu(0)|D; = 1, Z] (1)

The ATT is the average difference between Yj;(1), the outcome when there is
treatment, and Y;;(0), the outcome when there is no treatment, within the group
of actually treated units (D; = 1), in post-treatment period ¢, and conditional on
covariates Z (Callaway & Sant’Anna, 2021). A convincing DiD approach to estimate

the ATT as in Equation 1 relies on a parallel trends assumption such as
EYi(0) = Yie—1(0) | D; = 1,Z] = E[Yiy(0) — Yi;1(0) | D; = 0,Z] (2)

Here, think of ¢ — 1 as pre-treatment and t as post-treatment. Equation 2 says that,
absent treatment, trends between the treated and untreated would have evolved in

parallel. Under this assumption, Equation 1 can be written as
ATT = B[Ya(1) = Yo 1(0)|Ds = 1,2Z] — E[Yu(0) = Yo 1 (0)|Ds = 0,Z]  (3)

I can directly estimate Equation 3 using sample averages for the expectation terms
because all its components are observed'?, and it corresponds to the ATT if parallel
trends as in Equation 2 holds. A starting point to assess parallel trends is to look
at unconditional trends, that is evaluating Equation 2 without conditioning on Z.
I do this in Figure 3a and clearly, the trends are not parallel. Vehicles from the
treatment group already leave the fleet at a higher rate than their counterparts from
the control group before treatment. Since conditional parallel trends is sufficient for
identification, I examine trends conditional on Z = (Xit Vi Mt). I do this by first
regressing Y;; on Z using OLS and pre-treatment data only. Then, I use the residuals
€ = Yy — (Bo + C:)Xit + 4 + ﬂt> and calculate their mean value in the treatment

(€treatear) and control group (€Econtrort). The difference Ay = €yeated,t — €controrr should

13 Both Y;+—1(0) as well as Y;;(1) are observed for the treatment group D = 1 because treatment
only starts in period ¢. Likewise, because the control group D = 0 is never treated, both Y;;(0) as
well as Y; ;—1(0) are observed.
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Figure 3: Number of registered vehicles in logs and log first differences
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be zero under conditional parallel trends. However, the resulting pattern of Ay still
strongly indicates a violation of parallel trends so that applying straightforward DiD
would result in biased estimates of the ATT.

To account for the non-parallel trends, I apply the Synthetic Difference-in-Differences
(SDiD) estimator (Arkhangelsky et al., 2021). SDiD combines standard DiD with
the Synthetic Control Method (SCM) (Abadie et al., 2010), weighing control units
to create a synthetic control group that runs in parallel with the treatment group
during pre-treatment periods. Additionally, SDiD also upweighs (downweights) pre-
treatment periods that are more (less) similar to post-treatment periods. Figure A11
shows an intuitive example of how SDiD combines DiD and SCM. The SDiD estimate

of the ATT, deid, results from this optimization problem:

T
( fdid,ﬁoa’%,ﬂt, @> = argmin { Z Z(Y;t — Bo— i — e — OXje

(B1:B0,7:1:0) | 527 =1

- BlDiPostt)wadid;\fdid} (4)
SDiD assumes a standard Two Way Fixed Effects (TWFE) regression equation with
covariates and minimizes the doubly-weighted sum of squared residuals, with unit
weights (%) and time weights (A\i%?), both of which are estimated separately
beforehand. The vector &*%? contains unit-specific weights (&1, ..., w),) for the N,
control group units plus a common intercept wy so that, in each pre-treatment period

t =1,..., e, the weighted average of the control outcomes, wy + Zfi“l w; Yy, Tuns as

parallel as possible to the average outcome in the treatment group in a least-squares
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sense (Arkhangelsky et al., 2021). Additional regularization prevents the weight
mass in ©*% from collapsing onto a small subset of control units, ensuring stable
inference (Arkhangelsky et al., 2021). In a similar fashion, the vector A*¢ of time
weights serves to minimize the squared gap between the weighted pre-treatment
average outcome of control units and the average post-treatment outcome of the

same units (Arkhangelsky et al., 2021).

I estimate standard errors using the jackknife algorithm. Jackknife standard errors
combine computational feasibility with solid inference. They tend to be exact when
treated units are similar to control units, and become conservative when differences
between the treatment and control group are more pronounced (Arkhangelsky et
al., 2021). They are calculated by running SDiD once, fixing the SDiD weights
{@sdid, S\fdid}f\icl, and then estimating N different treatment effects by omitting one
unit from the sample every time. The root of the sample variance of these N estimates

is the jackknife standard error.

I also apply the more established SCM as a robustness check for the relatively new

SDiD estimator. The estimator looks as follows:

N T
( fca/BOa,ata@) = argmin { ZZ (Y;t — BD — iy — ®th _ BlDiPOStt)2 &J;sc} (5)

(B1,80,1,9) i=1 t=1

Equation 5 differs from Equation 4 in three ways. The unit fixed effects v; are
omitted; the time weights j\fdid are omitted; and the unit weights W are estimated
without an intercept term, which forces the average pre-treatment outcomes of the
treated and synthetic control group to match exactly (Arkhangelsky et al., 2021). I
calculate placebo standard errors as the root of the variation in point estimates of

placebo treatment within the control group (Arkhangelsky et al., 2021).

To analyze treatment effect heterogeneity, I also estimate a TWFE model with

group-specific linear time trends. The regression equation is:
Yie = Bo + B1DiPost, + OXye + o (D; - t) + i + iy + €3 (6)

Angrist and Pischke (2009) champion this approach in the presence of non-parallel
trends. Standard errors are clustered at the unit level to address autocorrelation in

the errors (Grigolon et al., 2016). The extra term is D; - t, which provides a linear
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time trend for the treatment group throughout all periods. This is common practice
in various empirical papers (Wolfers, 2006; Carpenter et al., 2017; Hansen et al., 2017,
Hassell et al., 2020). Group-specific time trends can account for a violation of parallel
trends in a dynamic TWFE setting and may enable causal identification under a
“parallel trends-in-trends” (Egami & Yamauchi, 2023) assumption, which says that
the divergence from parallel trends itself is linear (Strezhnev, 2024). Figure 3b shows
the first differences in the outcome variable. Clearly, these run (approximately) in
parallel during pre-treatment periods, which is something that group-specific linear
time trends capture well (Strezhnev, 2024). Recent evidence such as by Steffens and
Stuhler (2025) shows that including linear time trends substantially mitigates bias
and yields consistent estimates in settings in which “differential trends are persistent

at the treatment level” (Steffens & Stuhler, 2025).

The context of vehicle retirement decisions also provides a rationale for how linear
time trends may capture pre-trends. The trends in the outcome variable of interest,
the (log) number of vehicles per car model, are determined by how many of these
old cars leave the fleet each period. As Jacobsen and van Benthem (2015) describe,
owners of old vehicles are regularly confronted with a random repair cost shock.
For illustrative purposes, assume that realized repair cost shocks are such that they
induce scrappage of b% of vehicles in the fleet every year. Certainly, b will differ
across subgroups of cars. First and foremost, older cars are more prone to higher
repair cost shocks because their components are closer to the end of their lifecycle.
Lower-quality vehicles may face higher repair cost shocks (relative to residual value)
than higher-quality vehicles because their components are more likely to malfunction.
Since treatment group car models are on average older and lighter, the latter of
which proxies lower vehicle quality, than car models from the control group (Table 1),
it is not surprising that the former leave the fleet at a higher rate than the latter
already during pre-treatment periods. This in turn creates the constant gap in vehicle

outflow rates between the two groups before treatment occurs (Figure 3b).

4.2 Hazard model

I complement the DiD analysis from the previous subsection with a hazard model
estimated at the individual vehicle level. This provides insights into which households

respond more or less strongly to the soot tax by examining individual vehicle
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retirements. I apply a version of the Cox proportional hazard model. This framework
draws on a hazard function that describes the instantaneous risk that an event
occurs at time ¢, conditional on the event not having occurred up to time t. The
event of interest in this context is the permanent exit of a vehicle from the stock of
registered vehicles. The hazard function h;(¢) of unit ¢ at time ¢ in the Cox model

looks as follows:

hi(t) = ho(t) x exp (X;,3) (7)

Vehicle i’s hazard (risk of exit) at time ¢ is the product of two components. The first
component is the baseline hazard hg(t) that may vary over time but is common to all
units. The second component is an exponentiated linear function of covariates. These
covariates act multiplicatively on vehicle i’s hazard, scaling the baseline hazard ho(t)

by a factor of exp (X/,53).

Accordingly, if two vehicles ¢ and j only differ in their soot tax status, their post-

treatment hazards differ by a factor of

BaltX])  ho(t) x exp (X48)
B (H1X5) ™ o(t) x exp (X1,5)

= exp (X8 — X;tﬁ) = exp (Bireat) (8)

where [i.cqt is the coefficient on the soot tax treatment indicator. In other words,
if 7 is subject to the soot tax while j is not, the soot tax increases i’s hazard
by a factor of exp (Bireqat). Importantly, the hazard itself is not a probability but
the instantaneous rate at which the event of a vehicle’s “death” occurs at time t,
conditional on survival up to t. Because I have annual snapshots of the vehicle fleet, I
apply the discrete version of the continuous proportional hazard model. Defining A\;; =
P (T; =t | T; > t), the probability of deregistration at ¢ conditional on survival up to
t, and the interval-specific cumulative hazard as A;; = —log (1 — \;;), the regression
equation of the discrete-time version of the Cox model, called complementary log-log
(cloglog), is given by

log (Ait) = au + X, 8 (9)

I draw on my sample of 58,541 privately owned diesel cars of vintage 2005 to 2008
as defined in Section 3.2.2. Because I observe vehicles every January 1 from 2014 to
2023, and the hazard event is “Does this vehicle disappear from the data until next
year?”, my sample contains years 2014 to 2022. The years 2020 to 2022 constitute

the treatment period.
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4.3 Identification

My identification strategy relies on variation in particulate filter installations across
diesel car models produced between 2005 and 2008. The staggered rollout of filters
in the production process determines whether a vehicle becomes subject to the soot
tax, twelve to fifteen years after production. Causal identification requires that the
timing in filter installations is uncorrelated to demand or unobserved factors that
will co-determine later vehicle registrations. In particular, filter adoption should not
have been strategically adjusted in response to contemporaneous demand factors or

in anticipation of future registration fee reforms penalizing high emissions.

Manufacturers started installing filters as a standard equipment in anticipation of
the Euro 5 emission standard, rather than in response to a broad shift in consumer
demand. Likewise, variation in the timing of adopting filters as standard equipment
across models arose from the initially limited availability of filters. Manufacturers
primarily equipped larger and more expensive cars during the initial phase of the
rollout of filters until late 2006. They did so to recover the relatively high fixed costs
associated with the technology, especially while supply was still limited. Only from
around 2007 onwards, once supply had significantly increased and market prices
had declined, did it become economically viable to equip small and inexpensive cars
with filters on a broader scale. Importantly, this implies that the timing of filter
installations is not systematically linked to differences in demand. In fact, the most
popular car models during those years were small and compact cars, and such cars

were, on average, rather late to receive factory-fitted particulate filters.

One may wonder why manufacturers would prematurely install expensive filters years
before it was required by regulation. On the supply side, car models are usually the
product of relatively long development cycles during which major design decisions
are taken long before pending regulation becomes binding (Bull, 2024). Locking in
technological advancements early fit well into the development schedule of manufac-
turers. Moreover, using filters in diesel passenger cars was a new and unexplored
technology at the time. Adopting the technology early allowed manufacturers to gain
experience with real-world emissions performance and to avoid penalties if the filters
proved insufficient. Lastly, car manufacturers sought to lock in supply chains with
producers early to ensure sufficient supply of filters once Euro 5 became mandatory;

and once secured, many began installing filters even before the regulation took effect.
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On the demand side, recall that manufacturers in Europe produce cars for the entire
European market. In many European countries, consumers valued particulate filters
and had some additional willingness-to-pay for diesel vehicles with factory-fitted
filters. For instance, low-emission zones (LEZs) were put in place in many cities
starting in 2007, most prominently in Germany. Diesel cars with high PM emissions
are completely barred from entering these zones (Margaryan, 2021). Consequently,
purchasing a diesel car with the most up-to-date emissions control technology served
as an insurance mechanism for German customers against potential urban driv-
ing restrictions. Conversely, this risk was virtually non-existent in the Netherlands
where LEZs only restricted access for delivery vans and trucks, not for passenger
cars (Regulations, 2025). While discussing the introduction of the soot tax, the
government itself ruled out extending LEZs to cars as a measure to curb urban air
pollution (Tweede Kamer der Staten-Generaal, 2015). In addition to that, the Dutch
scheme of vehicle sales taxes was gradually revised during the mid- and late-2000s to
incentivize the acquisition of vehicles with low COy emissions, but not low tailpipe
pollutant emissions (Kok, 2015). In fact, vehicles with small engines and thus low
CO, emissions tended to have high PM emissions at that time because early filter

adoption was concentrated in higher-class models with large engines.

Another central requirement for causal identification is the Stable Unit Treatment
Value Assumption (Angrist et al., 1996). It requires that any effect of the soot tax is
strictly confined to treated car models. This may not hold because of spillover effects
or because of general equilibrium (GE) effects. Households that own an eligible diesel
car might respond to the soot tax by replacing it with a similar yet ineligible car
from the control group. GE effects on the second-hand market may further increase
the value of ineligible diesel cars (Jacobsen & van Benthem, 2015). Both effects delay

retirement of control group vehicles beyond what would occur without the soot tax.

However, a closer inspection mutes the concern of a significant contamination of the
control group. First, one can see in Figure 3a that the control group remains on a
smooth trend after treatment starts in 2020. A contaminated control group (red line)
would feature a visible kink similar to how the treatment group (blue line) features a
notable kink in 2020. Second, old diesel vehicles are typically replaced with a vehicle
that is several years younger. Replacing a car with one of similar or greater age is

rare and occurs only in a small share of replacement events. Third, the data do not
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hint at the fact that owners of treated 2005-2008 diesel cars replaced these with
untreated 2005-2008 diesel cars at a notable scale. If these control group cars had
become more desirable replacement vehicles due to the soot tax, the share of these
cars that undergo a change in ownership from one year to the next should peak after
the introduction of the policy. However, the opposite happens. The share of control
group diesel cars that change hands within one year are constant until 2020 and
then fall rather than rise (Figure A12). Fourth, old diesel cars in the sample (those
aged fifteen years or more) rarely change owners in general. Therefore, second-hand
market volumes for such vehicles are very low. Their average ownership spell is
about five years. This is much longer than in other countries, for example about
three times as long as in the US (Jacobsen & van Benthem, 2015). GE effects in
the second-hand market are therefore likely to be heavily constrained, due to the

overall low trade volume in the second-hand market.

Alternatively, owners of treated diesel cars might replace their vehicle with the respec-
tive gasoline version. In Section 5.2.3, I conduct a placebo test with gasoline vehicles
of similar age and do not find any evidence of such a spillover on gasoline vehicles
similar to the treated diesel cars. Lastly, there is the possibility of self-selection
into treatment and control group. Since the soot tax was announced in advance,
vehicle owners may have selected themselves into treatment and control group. I
assess such self-selection by predicting characteristics of vehicle owners using the
treatment dummy. The results from this test are summarized in Appendix D. By
comparing characteristics from 2016, before the soot tax was announced, with 2019,
when it was initially scheduled to come into effect, I find little evidence for systematic

self-selection during pre-treatment periods.

5 Results

This section contains the results from applying the empirical methods as described
in Section 4 to the samples as described in Section 3. Section 5.1 starts with the
results from applying DiD methods to the sample on the car model level in which I
estimate the effect of the soot tax on the number of registered and polluting vehicles.
Section 5.2 examines the robustness of these results. Then, I analyze individual
replacement decisions by means of a hazard model in Section 5.3, using the sample

on the individual vehicle level.
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Figure 4: Synthetic Difference-in-Differences results, 2005-2008 diesel sample
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Notes: The graph shows the results from the Synthetic Difference-in-Differences estimation, 2005-
2008 diesel sample. The Synthetic Control Group is constructed to achieve parallel trends with
the Treatment Group in the outcome variable during pre-treatment periods. The outcome is the
natural logarithm of the variable “Number of registered vehicles” on the car model x year level.

5.1 DiD results, 2005-2008 diesel sample

I first assess how the soot tax affects the number of polluting vehicles in the vehicle
stock. Figure 4 presents the outcome of the SDiD estimator (Equation 4) in the
2005-2008 diesel sample. The graph shows how the average number of registered
vehicles per car model evolves over the observation period in the treatment (blue)
and synthetic control (red) group. Because I run SDiD on the natural logarithm of

this variable, I show the y-axis using a logarithmic scale.

On January 1, 2014, the treatment group contains, on average, 103 registered ve-
hicles per car model, compared to 94 vehicles per car model in the control group.
Initially, both series decline in parallel, reaching about 59 and 55 vehicles per model
by January 1, 2020, which corresponds to a decrease of approximately 42%. Once
the soot tax comes into effect in 2020, there is a clear kink in the treatment group,
indicating that treated vehicles start leaving the fleet at a higher rate. By January
1, 2023, the number of vehicles in the treatment group is about 59% relative to
January 1, 2020. In contrast, there is no such kink in 2020 for the synthetic control
group. Instead, it appears to continue its smooth decline and experiences a further

reduction of only about 48% over the subsequent three years.
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The dashed blue line depicts the counterfactual trajectory for the treatment group, in-
ferred from how the synthetic control evolves post-treatment. In the SDiD framework,
the average divergence of the treatment group from its counterfactual corresponds
to the estimated average treatment effect. Beyond that, the grey area on the bottom
displays the SDiD time weights { A%} as in Equation 4. All weight is put on the
last pre-treatment period so that estimated treatment effects are computed relative
to January 1, 2020. In the case at hand, all weight rests on the last pre-treatment
period because of the smooth parallel trends right until treatment starts. In settings
with more volatile pre-treatment outcomes, SDiD generally puts positive weights on

several pre-treatment periods.

One potential threat to identification is that the observed kink for the treatment
group in 2020 might reflect a discrete, age-related increase in retirement rates rather
than the policy effect itself. Treated car models are, on average, older than untreated
car models (mostly 13 or 14 vs. mostly 11 or 12 years old). The observed kink
could, in principle, be rationalized by a sudden, discontinuous jump in scrappage
rates once vehicles reach an age of 13 to 14 years. However, three pieces of evidence
speak against this interpretation. First, existing empirical evidence shows that scrap-
page rates increase smoothly and continuously with age, without any discontinuities
around 13 to 14 years (Jacobsen & van Benthem, 2015; Bento et al., 2018; Laborda
& Moral, 2019; Held et al., 2021; Greene & Leard, 2024). Second, no comparable
kink appears for the control group roughly two years later when its car models
reach a similar age. Third, I will show in Figure 6 in Section 5.2.1. that the kink
also appears for even older diesel car models once the soot tax takes effect. Taken
together, these observations strongly suggest that the SDiD estimates capture the

causal impact of the soot tax rather than differences in age composition.

Column (2) in Table 3 displays the estimated treatment effect implied by Figure 4.
Column (1) additionally shows the SDiD estimate without including covariates. The
results are qualitatively robust to either choice. The point estimates indicate that
the soot tax reduced the number of polluting vehicles by on average 16.5% (without
covariates) or 16.4% (with covariates) over the course of the first three years of
the policy. The estimated effect is highly significant. The jackknife standard error
implies a 95 percent confidence interval ranging from 11 to 22 percent. Columns

(3) and (4) display the results from using the SCM as in Equation 5. The point
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estimates indicate an average effect of -14.9% (without covariates) or -15.7% (with
covariates) on the number of polluting vehicles within the first three years of the
policy.* In total, both SDiD and SCM yield very similar quantitative results. The
point estimates imply that about one in six to one in seven polluting diesel vehicles

are additionally deregistered within three years because of the soot tax.

Table 3: Regression results for 2005-2008 diesel sample.

(1) (2) 3) (4) 5) (6) (7) (8)

SDiD SCM FE regression
Soot tax -0.165%*%*  _0.164***  -0.149%*%*  _0.157*¥*  _0.145%¥**  _0.129%**  _0.160***  -0.154%**
(0.027) (0.027) (0.045) (0.037) (0.022) (0.025) (0.020) (0.023)
TG X Year -0.021%* 0.019*
(0.009) (0.010)
Unit X Year v v
Car type FE v v v v v v v v
Year FE v v v v v v
Vintage-year FE v v
Covariates v v v v v v
No of obs. 3,420 3,420 3,420 3,420 3,420 3,420 3,420 3,420
Adj. R? 0.941 0.949 0.994 0.994
Within R2 0.173 0.108 0.904 0.882

Notes: SDiD = Synthetic Difference-in-Differences; SCM = Synthetic Control Method; FE = Fixed Effects. The table
contains point estimates for the effect of the soot tax on the log number of registered vehicles of treated car models in the
sample of 2005-2008 diesel car models. Covariates contain a car model’s average log household disposable income, log
owner age, log population density of owner’s home municipality, and dummies for being male, college-educated, married,
and owning a home. Columns (1) and (2) are Synthetic Difference-in-Differences estimates (Equation 4), without and with
covariates, respectively. Columns (3) and (4) are SCM estimates (Equation 5), without and with covariates, respectively.
Columns (5) to (8) are fixed effect regression estimates (Equation 6). The specifications differ in whether they employ
group- or unit-specific linear time trends, and whether they employ year fixed effects or vintage x year fixed effects. Standard
errors are in parenthesis. SDiD standard errors are jackknife errors, SC standard errors are placebo errors. ¥** ** and *
indicate significance at the 1%, 5%, and 10% levels, respectively. The long version of this table is Table A6.

Columns (5) and (6) show results from running TWFE regressions with a group-
specific linear time trend as an additional regressor, and columns (7) and (8) apply
even more granular unit-specific linear time trends. The choice between unit- and
group-specific linear time trends does not qualitatively change the estimates!®. In
the application at hand, point estimates remain statistically equal to the results in
columns (1) to (4). Only the point estimate in column (6), combining group-specific

trends with vintage x year fixed effects, is somewhat smaller at 12.9 percent.

Next, I investigate whether the effect grows over time. Vehicle replacement decisions
are unlikely to be immediate due to market frictions and information asymmetries.
Therefore, the average effect of 15 to 16 percent within the first three years likely
accumulates from year to year. The fact that we see a change in slope rather than
a pure level shift in Figure 4 already illustrates that the soot tax affects vehicle

registrations gradually rather than instantaneously. Table 4 quantifies this insight.

14 The underlying graph is Figure A13 in the Appendix.
15 Steffens and Stuhler (2025) show this equivalence of group- and unit-specific linear time
trends analytically.
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Table 4: SDiD & SCM per period results for 2005-2008 diesel sample

(1) 2) ®3) (4) () (6)

SDiD SCM SDiD
Soot tax  -0.1657%F -0.149%%% ~0.168%*
(0.027) (0.045) (0.030)
TG x ’20 -0.026*
(0.014)
TG x 21 -0.088%* -0.070%* -0.128%%%
(0.016) (0.033) (0.026)
TG x 22 -0.176%%* -0.179%** -0.222%%%
(0.029) (0.048) (0.039)
TG x '23 -0.233%% -0.197%%* -0.284%%x
(0.039) (0.048) (0.048)

Notes: The table shows the results from SDiD and SCM on the 2005-2008 diesel car

model sample. “Soot tax” is the treatment indicator for all post-treatment years 2021-2023

whereas the other terms are per-period treatment terms. Columns (1) and (3) are the

point estimates using only the treatment indicator as in Equations 4 and 5, respectively.

Columns (2) and (4) contain the implied per-period estimates with standard errors as

in Facure (2025). Columns (5) apply SDiD but define 2020 as a post-treatment year to

incorporate the effect that the soot tax was initially scheduled to come into effect on

January 1, 2019. The long version of this table is Table A7.
Column (2) shows that, according to the SDiD estimates, the soot tax has lowered
the number of registered polluting vehicles by 8.8% within the first year of the
policy. This effect doubles to 17.6% after two years, and increases further to 23.3%
after three years. I estimate standard errors by (i) including only the respective
post-treatment period in the data and (ii) then running the jackknife standard error
algorithm in the synthdid R package from Arkhangelsky et al. (2021) as suggested
by Facure (2025). All per-period estimates turn out statistically significant. I also
run SCM (column (4)) as a robustness check. It corroborates both the accumulative

nature of the soot tax as well as the per-period magnitudes.

The soot tax was initially scheduled to take effect on January 1, 2019, but its
implementation was postponed to January 1, 2020, with this decision being made
as late as the summer of 2018 due to administrative delays. Anecdotal evidence
indicates that the majority of car owners became aware of the forthcoming soot tax
only in November 2019 when the tax authorities sent official notifications to affected
individuals (van Wingerden, 2019). Despite this, it remains plausible that some car
owners anticipated the introduction of the soot tax at the originally scheduled launch
date. To account for potential anticipatory responses, I re-define the treatment start
date to 2019 and re-estimate the SDiD model accordingly. Column (5) of Table 4
shows that this altered definition of the treatment period leaves the estimated
average effect virtually unchanged at -16.8%. As column (6) shows, I further find
weak evidence that the soot tax already affected vehicle holdings in 2019. The point

estimate indicates a 2.6% reduction in the number of polluting vehicles already
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in 2019. This estimated effect is statistically significant at the ten percent level.
Further specifications with even earlier treatment start dates do not find any other

statistically significant effects before 2019.

A further dimension of treatment effect heterogeneity pertains to variation in effect
size across covariates. Because synthetic methods do not accommodate interaction
terms, I estimate variations of the TWFE model in Equation 6, interacting the
treatment indicator D;Post; with covariates. The specifications differ in whether
they include group- or unit-specific linear time trends and in whether they employ
common time fixed effects u; or vintage-by-year fixed effects p,;. I assess treatment
effect heterogeneity along several covariates. First, I differentiate treatment effects
by vehicle mass because this is a close proxy for vehicle quality in the FEuropean
car market. Light vehicles with low mass are generally inexpensive cars with few
accessories; heavy vehicles are generally luxurious and expensive cars with high-
quality accessories. Second, I differentiate by vehicle vintage. Whereas a vehicle’s
residual value decreases with vehicle age, the registration fee is independent of vehicle
age. This means that the soot tax constitutes a larger increase in registration fee
liability relative to residual value for older cars (= earlier vintages). The same repair
cost shock should thus lead to more scrappage for older cars. Third, I differentiate
by household disposable income. Because this is average income of vehicle owners
within one car type, this measure is strongly correlated with vehicle mass (poorer

households own lighter (more inexpensive) cars on average).

Figure 5 presents the estimated treatment effects of the soot tax across different
covariate values. Specifications (5) to (8) relate to the TWFE specifications as in
Table 3 with their respective choice of year or vintage x year fixed effects as well
as group- or unit-specific linear trend terms. The left-hand panel of Figure 5 plots
how the effect varies by vehicle mass. The estimates reveal that the policy’s impact
diminishes as car models become heavier. For the lightest quartile of car models,
that is those with the lowest 25% of vehicle mass, the soot tax reduces the number of
polluting vehicles by roughly 17 to 21%. This effect moderates to about 10 to 15% for
models in the second and third quartiles, and becomes statistically indistinguishable
from zero for the heaviest 25% of car models. Clearly, the soot tax most strongly
accelerates the retirement of lighter car models, while its impact tapers off and

approaches zero for heavier vehicles.
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The center panel of Figure 5 illustrates how the impact of the soot tax also varies
with vehicle vintage. The emerging pattern shows that the effect is larger for older
car models (those of an earlier vintage). Across the four specifications, the soot tax
reduces the number of polluting vehicles by about 18% among 2005 vintages, 13%
among 2006 and 2007 vintages, and roughly 11% among 2008 vintages. However,
the estimates for the 2008 vintages lack statistical significance due to the small
number of treated car models in this late cohort just before the introduction of Euro
5. Overall, the results show that the soot tax accelerates vehicle retirement more
strongly among older car models, which are expected to have lower residual values,
consistent with the idea that the policy moved more of these vehicles across the

margin from continued use to scrappage.

In the right-hand panel, I bin car models into four quartiles by the mean household
disposable incomes of their owners. Clearly, the effect of the soot tax on vehicle
deregistrations is the largest among those car models that tend to be owned by
lower-income households. I estimate a 20% reduction in the number of polluting
vehicles among car models in the bottom quartile, about 10% in the second quartile,
and an effective zero for the third and fourth quartile. However, these results alone do
not imply that lower-income households are inherently more responsive to the soot
tax. Instead, it indicates that the effect is strongest for car models predominantly

owned by lower-income households.

Figure 5: Fixed Effect regression, treatment effect heterogeneity, 2005-2008 diesel sample
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Notes: The graph shows point estimates of heterogeneous treatment effects from the Fixed Effects
regressions, 2005-2008 diesel sample. The analyzed heterogeneity is in terms of vehicle mass quartile
(left), vintage (middle), and mean disposable income quartile (right).
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I set up a model of vehicle replacement that explains these heterogeneous treatment
effects in Appendix C. In this model, similar to Jacobsen and van Benthem (2015),
the owner of an old car faces a random repair cost shock and must then decide
whether to keep or replace the old car. The utility from keeping the old car depends
on the car’s residual value minus ownership costs, which is registration fee liability
plus repair costs. When choosing to replace the old car, the owner obtains the car’s

scrap value and avoids paying both the registration fee and the repair cost.

I express the utility difference between keeping and replacing the car as a function
of the car’s ratio of residual value to registration fee, and derive that a lower ratio
increases a car’s replacement probability. This rationalizes why the soot tax, which
in itself is an exogenous reduction in the ratio of residual value to registration fee,
increases a vehicle’s replacement probability and thereby decreases the number of
old polluting vehicles. The model further rationalizes the finding that treatment
group vehicles already leave the fleet at a higher rate than control group vehicles
even before treatment starts (Figure 3b). One of the structural differences between
treatment and control diesel car models is their vehicle mass. I show that in the Dutch
registration fee schedule, a lower vehicle mass is associated with higher registration
fee liability relative to vehicle residual value. I approximate vehicle residual values
of the relevant 2005-2008 diesel car models, compute model-specific registration fee
liability, and find that the annual registration fee liability of light car models below
1,200 kg is on average about 25 to 30 percent of their residual value, whereas it falls

to only about 15 percent for heavy car models above 1,500 kg (Figure A14).

I then use the model to rationalize why lighter car models respond more strongly
to the soot tax than heavier car models (see the left-hand panel of Figure 5) by
means of a vehicle quality measure. Vehicle mass and quality are strongly positively
correlated in the European car market so that comparing light and heavy vehicles
essentially amounts to comparing lower- and higher-quality vehicles. Vehicle quality
affects the decision to keep or replace an old vehicle through three channels. Higher
quality (i) reduces the risk of a high repair cost draw and (ii) is associated with a
higher residual-value-to-fee ratio, both of which make keeping the car more likely,
but (iii) also raises scrap value, which makes replacing more likely. I use the finding
that higher vehicle quality is associated with lower pre-soot-tax replacement rates

to show that, overall, the effect of the soot tax on vehicle replacement is larger when
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the vehicle is of lower quality. Intuitively, lower-quality vehicles are closer to the
replacement margin. Even modest increases in ownership costs, such as the soot tax,
are enough to trigger scrappage. In contrast, higher-quality vehicles on average have
higher residual value and face lower repair cost shocks relative to residual value,
which implies that they tend to remain well below that margin. Accordingly, the
same shock to ownership costs induces a larger change in replacement probability

for low-quality (light) vehicles than for high-quality (heavy) ones.

5.2 Robustness checks & Placebo tests

In this section, I examine the robustness of my empirical approach and my results
from Section 5.1. First, I replicate the main results from the DiD car-model-level
analysis using a sample of older diesel car models, comparing their numbers to equally
old but untreated gasoline car models. In addition to that, I conduct two placebo
tests in which I assign a fictitious (“placebo”) treatment to samples consisting entirely
of untreated units. Under the identifying assumptions of no treatment spillovers and
no concurrent confounding shocks, estimated effects in these placebo samples are
zero in expectation. Insignificant placebo estimates therefore support the credibility

of my identification strategy.

5.2.1 Robustness check: 1990-2004 sample

In Section 5.1, I compare diesel car models of vintages 2005-2008 and find that the
soot tax reduces the number of polluting vehicles by about 16% on average across
specifications. The identifying variation comes from the gradual introduction of
particulate filters during their production process. To assess the robustness of these
findings, also with regard to the covariate imbalance in the 2005-2008 diesel sample,

I draw on a secondary sample of passenger car models with vintages 1990-2004.

Diesel car models produced until 2004 universally lack factory-fitted filters and are
therefore all subject to the soot tax. Gasoline car models of the same vintages
serve as a natural control group because the soot tax is never levied on gasoline
vehicles. Treatment assignment in this sample is determined solely by fuel type.
Accordingly, the identifying variation may be contaminated by unobserved factors
that influence scrappage and correlate with fuel choice, potentially yielding biased

estimates. Nonetheless, the sample allows me to assess the impact of covariate
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Figure 6: Synthetic Difference-in-Differences results, 1990-2004 sample
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Notes: The graph shows the results from the Synthetic Difference-in-Differences estimation, 1990-
2004 sample. The Synthetic Control Group is constructed to achieve parallel trends with the
Treatment Group in the natural logarithm of the variable “Number of registered vehicles” on the
car model x year level.

imbalance because it runs in the opposite direction compared to the 2005-2008
diesel sample (see Table A8). Therefore, obtaining qualitatively similar results using
this sample reinforces the credibility of the baseline findings and suggests that the

empirical approach adequately accounts for remaining covariate imbalances.

The results from running SDiD in this sample of 1990-2004 can be seen in Figure 6.
The treatment and synthetic control group evolve in parallel during pre-treatment
periods. The number of vehicles decreases by about 62% between January 1, 2014
and 2020 in both groups. Once the soot tax comes into effect, there is a notable
kink in the treatment group (just like the kink in Figure 4 in Section 5.1) whereas
the control group continues on its smooth downward trend.'® The trends clearly
begin to diverge once the soot tax takes effect and continue to diverge thereafter.
Another 58% of diesel vehicles are deregistered during the first three years of the

policy, compared to 45% of gasoline vehicles over the same period.

Table 5 shows that the implied point estimates are of similar magnitude to those
in Section 5.1. If anything, they are somewhat larger, ranging mostly from 16.4 to

19.6%, with one notably higher estimate of 23.8% obtained from the SCM with

16 Since the y-axis is in logs, a straight line corresponds to a constant percent reduction from
period to period.
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Table 5: Regression results for 1990-2004 sample

(1) (2) ®3) (4) @) (6) (7) (8)

SDiD SCM FE regression

Soot tax -0.196%*%*  _0.196***  _0.192%*%*  _0.238%**  _(0.193*¥**  _0.176%**  _0.185***  _(0.164***

(0.024) (0.024) (0.029) (0.029) (0.016) (0.016) (0.016) (0.015)
TG x Year -0.065%**  _0.087***

(0.007) (0.007)

Unit X Year v v
Car type FE v v v v v v v v
Year FE v v v v v v
Vintage-year FE v v
Covariates v v v v v v
No of obs. 11,590 11,590 11,590 11,590 11,590 11,590 11,590 11,590
Adj. R? 0.957 0.962 0.995 0.996
Within R? 0.297 0.332 0.926 0.933

Notes: SDiD = Synthetic Difference-in-Differences; SCM = Synthetic Control Method; FE = Fixed Effects. The table
contains point estimates for the effect of the soot tax on the log number of registered vehicles of treated car models in the
sample of 1990-2004 car models. Covariates contain a car model’s average log household disposable income, log owner age,
log population density of owner’s home municipality, and dummies for being male, college-educated, married, and owning
a home. Columns (1) and (2) are Synthetic Difference-in-Differences estimates (Equation 4), without and with covariates,
respectively. Columns (3) and (4) are SCM estimates (Equation 5), without and with covariates, respectively. Columns
(5) to (8) are fixed effect regression estimates (Equation 6). The specifications differ in whether they employ group- or
unit-specific linear time trends, and whether they employ year fixed effects or vintagexyear fixed effects. Standard errors
are in parenthesis. SDiD standard errors are jackknife errors, SC standard errors are placebo errors. *** ** and * indicate
significance at the 1%, 5%, and 10% levels, respectively. The long version of this table is Table A9.

covariates. Intuitively, it makes sense that treatment variation based on fuel type
rather than quasi-random filter adoption gives rise to slightly biased estimates. On
average, diesel vehicles accumulate roughly twice the annual mileage of gasoline
vehicles, which structurally lowers their residual value even at the same vehicle age.
A lower residual value, in turn, amplifies the relative burden of the soot tax and

yields an estimate that is biased away from zero (see Appendix C). Nonetheless, the

point estimates remain similar in magnitude to those from Section 5.1.

Furthermore, when assessing treatment effect heterogeneity, I again find that the
effect of the soot tax is larger for lighter (lower-quality) car models (see Figure A15
in the Appendix). In contrast to Section 5.1., I find that the effect of the soot tax
in the 1990-2004 sample tends to decrease with vehicle age. It is largest at more
than 20 percent for Euro 3 cars (vintages 2000-2004), smaller but still significant at
8 to 14 percent for Euro 2 cars (vintages 1996-1999), yet insignificant for pre-Euro
2 cars from 1995 and before. Overall, this pattern aligns with prior evidence that
scrappage rates increase with vehicle age up to a peak at around 20 years, after

which they begin to decline (Greene & Leard, 2024).

As my model in Appendix C shows, lower baseline replacement probabilities translate
into a smaller effect of the soot tax. The finding that the effect starts to become
smaller for vehicle ages beyond 20 years and approaches zero for vehicle ages beyond

25 years is presumably connected to endowment effects and loss aversion (a large
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positive 7; in the model in Appendix C). Moreover, residual values of very old,
well-maintained vehicles may rise again as such cars become increasingly scarce.
This plausible mechanism shrinks the baseline replacement probability sufficiently

small to render the effect of the soot tax insignificant.

5.2.2 Placebo test: Diesel car models in Germany

The first placebo test simulates a placebo soot tax in the German vehicle fleet.
Germany is a suitable country to conduct a placebo test for several reasons. Most im-
portantly, it did not introduce a registration fee surcharge for polluting diesel vehicles
in 2020. Beyond that, the Dutch and German car markets follow the same European
legal baselines and vehicle standards. Diesel penetration in the two countries has his-
torically followed similar trends. Both countries feature high incomes, well-developed
road networks, widespread public transit alternatives, and comparable car ownership
rates. Lastly, the German registration fee schedule is particularly well-suited for a
placebo test for two additional reasons. First, German registration fees are much
lower than those in the Netherlands, diminishing their overall importance in vehicle
retirement decisions. Second, German registration fees do not feature surcharges
for diesel cars that fail to meet Euro 5 standards. With regard to PM emissions,
registration fees are only slightly higher for diesel cars that fail to comply with Euro
3 standards. Permitted PM emissions under Euro 3 are ten times higher than under
Euro 5, and crucially, the relevant 2005-2008 diesel vintages were produced under

Euro 4 standards so that none of these vehicles are subject to elevated fees.

The German Federal Motor Transport Authority (KBA) provides me with a repre-
sentative 40% subsample of the registered German vehicle fleet on every January 1
from 2015 to 2023 (Kraftfahrt-Bundesamt (KBA), 2023). The KBA data only feature
little information about the car holders. It includes month and year of birth, gender,
a dummy for being self-employed, state of residence, and a variable indicating region
type. I approximate additional sociodemographic characteristics using municipal- or
county-level data on educational attainment, purchasing power, and marital status.
Conversely, the KBA data contain much more granular vehicle covariates. This
allows me to identify more diesel car models. Restricting the data to privately owned
passenger cars, | ultimately obtain a panel data set of 1,342 car models over 9 years.

Table A10 contains the relevant summary statistics.
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I run SDiD on this sample and obtain Figure 7. The blue line corresponds to the
placebo treatment group of diesel models with PM emissions above the soot tax
eligibility threshold of 5 mg/km. The red line is the synthetic control group. SDiD
achieves parallel trends before placebo treatment starts in 2020. There are on average
148 vehicles per car model in the placebo treatment group and 187 in the synthetic
control group in 2015. These numbers decline in parallel by about 44% until 2020, a
reduction strikingly similar to that observed in the Netherlands. The crucial contrast
is that, in Germany, the two groups continue to evolve in parallel in the subsequent
years. The SDiD results imply an insignificant ATT of -1.0% (see Table A11). Any
divergence between the two groups following the placebo treatment remains statis-
tically insignificant, even after three years. This statistically insignificant effect in
the German registration data corroborates that it is indeed the Dutch soot tax that
has driven the accelerated outflow of old polluting diesel vehicles from the Dutch
fleet since 2020. I further run both the SCM as well as TWFE regressions on the
sample. All resulting point estimates oscillate around zero and turn out statistically

insignificant at conventional significance levels (see Table A11).

At the same time, the German data feature the same pattern of non-parallel trends.
Placebo-treated diesel car models in Germany have higher outflow rates than control-
group models already prior to 2020. When running TWFE with linear time trends,
the point estimates on the linear time trend of the placebo treatment group, “TG X
Year”, are negative and significant, and vintage x year fixed effects only partially
absorb the non-parallel trends.'” This underscores that the non-parallel trends arise
from some fundamental differences between treated and untreated car models, not
from some peculiarity of the Dutch vehicle fleet. Creating a synthetic control group

accounts for these imbalances and thereby allows for clean causal identification.'®

5.2.3 (Gasoline car models in the Netherlands

The second placebo test draws on a sample of Dutch gasoline vehicles, which are
never subject to the soot tax. In principle, two ways in which car owners could
respond to the soot tax is that they either switch to a non-treated diesel car or to

a gasoline car similar to their treated diesel car. The placebo test among gasoline

17 See columns (5) and (6) of Table A11.
18 Adding linear time trends to TWFE regressions acts as an imperfect parametric correction
that removes the first-order (linear) bias due to non-parallel trends.
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Figure 7: Synthetic Difference-in-Differences results, sample of German 2005-2008 diesel car models
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Notes: The graph shows the results from the Synthetic Difference-in-Differences estimation in the
sample of German 2005-2008 diesel car models. I assign a placebo treatment to all identified car
models with registered PM emissions above 5 mg/km. The Synthetic Control Group is constructed
to achieve parallel trends with the Placebo Treatment Group in the outcome variable up until
2020. The outcome is the natural logarithm of the variable “Number of registered vehicles” on the
car model x year level.

car models therefore serves as a test for spillover effects. Car owners might perceive
the soot tax as a signal to shift away from diesel technology altogether. In this case,
some affected car owners might replace their diesel car with its gasoline counterpart,
extending the lifetime of these gasoline vehicles and increasing their post-treatment
numbers in the vehicle fleet. Correspondingly, an estimated zero treatment effect

among gasoline car models indicates the absence of such spillover effects.

To run this placebo test, I draw on gasoline car models of vintages 2005-2008. I
restrict the sample to those gasoline models that have a diesel counterpart. I assign
placebo treatment status to gasoline car models based on their similarity to the diesel
car models in the actual treatment and control groups in the 2005-2008 diesel sample,
assuming larger similarity equals more appealing replacement. I measure similarity
in terms of both vehicle characteristics and owner characteristics. Specifically, I
construct a similarity score based on the car model covariates vehicle mass, number
of vehicle cylinders, vintage, as well as on the owner covariates household disposable
income, owner age, population density of place of residence, and dummies for having

college education, being male, being married, and homeownership.
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I compute standardized pre-treatment covariate means at the car model level and
estimate two multivariate kernel densities: one for the treatment-group covariates
(tax-eligible diesel models) and one for the control-group covariates (tax-ineligible
diesel models). Then, for each gasoline car model, I evaluate its covariate profile
under both kernel density functions to obtain a continuous measure of its similarity
to the treated and control diesel models. The placebo treatment propensity score

for gasoline car model 7 with covariate profile x; is then given by

P = ftreat(xz'>
Jireat(%5) + feontrot(74)

frreat(zi) and feontror(z;) denote the kernel density estimates of the covariate dis-
tributions for the treated and control diesel car models, respectively, evaluated at
z;. Intuitively, f,(z;) will be larger the more similar gasoline car model 7 is to car
models in group g¢. In particular, fi.cq:(x;) will be large relative to feontror(2;) Wwhen
gasoline car model ¢ more closely resembles the treated diesel car models, yielding a
propensity score p; close to one. Conversely, when a gasoline car model more closely

resembles the control-group diesel models, its propensity score will be near zero.

I use the propensity score as the probability of being assigned placebo treatment.
Specifically, for each gasoline car model 7, I draw a random treatment status according
to

Z; ~ Bernoulli(p;)

I repeat this random draw 100 times to generate 100 distinct placebo splits. This
provides me with 100 placebo treatment samples of 2005-2008 gasoline car models.
I use these samples to replicate the analysis as in Section 5.1. The results from the
placebo tests are displayed in Figure 8. I consider four different specifications: (1)
TWFE without group-specific linear time trends, the same specification as column
(6) of Table 3 (top-left); (2) TWFE with group-specific linear time trends, the same
specification as column (8) of Table 3 (top-right); (3) SDiD (bottom-left); and (4)
the SCM (bottom-right). The point estimates from the fixed effects regressions are

statistically insignificant across all 100 placebo splits.

The point estimates from standard TWFE (Figure 8a) fluctuate between -0.016 and
0.008, with a mean of -0.005 and average standard errors of 0.012. When adding

group-specific linear time trends (Figure 8b), the confidence intervals become smaller,
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but point estimates remain statistically zero at the five percent level across all 100
placebo splits. Figure 8c contains the point estimates and confidence intervals from
the SDiD estimates. The average placebo treatment effect is estimated at -0.008 with
a mean standard error of 0.006. Four out of the 100 point estimates are significant at
the five percent level, which is consistent with the number of false positives expected
by chance under a five percent significance threshold. Lastly, the SC point estimates
in Figure 8d fluctuate more heavily and tend to be larger in absolute value, but
larger standard errors render all point estimates insignificant. Overall, the placebo
test in the 2005-2008 gasoline sample consistently yields zero estimated treatment
effects across all empirical methods, supporting the notion (i) that the soot tax did
not spill over to similar gasoline car models, and (ii) that the estimated effect from

Section 5.1 in fact arises because of the soot tax.

Figure 8: Placebo test results using the 2005-2008 gasoline sample
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(a) Fixed effects estimation, without linear (b) Fixed effects estimation, with linear time
time trends trends
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Notes: The graphs show estimated treatment effects in the 2005-2008 gasoline sample after assigning
100 placebo treatments. Placebo status is assigned based on a propensity score measuring car
model similarity to treated and untreated diesel car models from the 2005-2008 diesel sample. The
solid black vertical line indicates zero. Black confidence bands indicate statistical insignificance at
five percent; red confidence bands indicate statistical significance.
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5.3 Hazard model results

The previous results have shown that the soot tax significantly reduces the number
of polluting vehicles. This decline is predominantly driven by light-weight cars, older
vintages, and car models that are, on average, more prevalent among lower-income
households. Importantly, the last finding does not mean that lower-income house-
holds are inherently more tax-sensitive. It may instead reflect differences in the kinds
of cars they hold. To examine heterogeneous responses among car owners, which

directly relate to distributional effects, I draw on a vehicle-level hazard model.

In my baseline specification, I run OLS on the cloglog model as in Equation 9. I
control for vehicle mass, cylinder volume, and CO, emissions (all in log), as well as
for the household /owner covariates household disposable income, population and
population density of their hometown, owner age, the number of vehicles that the
household owns, and dummies for being married, being male, and owning a home. I

further include time and brand fixed effects.

Column (1) of Table 6 presents the results of this baseline specification. The reported
coefficients are presented as hazard ratios. The estimated coefficient for the soot
tax is 0.166, which corresponds to an increase in the hazard ratio of exp(0.166) =
1.181 (the first row of column (1)). In other words, the soot tax increases a vehicle’s
hazard, that is its risk of deregistration at any point in the post-treatment period, by
18.1%. This effect is highly significant: the 95 percent confidence interval stretches
from 1.134 to 1.227.

The point estimate on the treatment group indicator (last row with point estimates)
is also significantly larger than one, indicating that treatment group vehicles gen-
erally face a higher baseline risk of deregistration. This is exactly in line with the
non-parallel trends observed when following the number of registered vehicles at the
car-model level in Section 5.1. Treatment group vehicles already have higher outflow

rates (hence higher “realized” per-period hazards) even before treatment starts.

The results further reveal that other covariates also significantly affect a vehicle’s
hazard (see Table A12). A vehicle’s risk of deregistration rises when it is not the
only vehicle that the household owns. Households with the financial capability to
own several cars plausibly have the means to also replace them more regularly so

that the presence of other cars in the household raises an old car’s hazard in general.
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Table 6: Hazard model, cloglog results using 2005-2008 diesel vehicles

Dep. var.: Log(hazard rate) (1) (2) (3)
Soot tax 1.181 1.208
[1.134, 1.227] [1.089, 1.327]
Soot tax, 2020 1.224
[1.162, 1.286]
Soot tax, 2021 1.176
[1.095, 1.257]
Soot tax, 2022 1.092
[1.001, 1.183]
Soot tax x High income 1.078
[1.005, 1.151]
Soot tax x High pop dens 1.091
[1.016, 1.167]
Soot tax x Home 0.936
[0.871, 1.001]
Soot tax x High pop 1.002
[0.933, 1.071]
Soot tax x High age 0.963
[0.902, 1.025]
Soot tax x Married 1.026
[0.959, 1.093|
Soot tax x Male 0.964
[0.895, 1.034]
Soot tax X 2 cars 0.949
[0.882, 1.017]
Soot tax x 3 cars 0.899
[0.802, 0.997]
Soot tax X 4 cars 0.986
[0.810, 1.161]
Soot tax X 5+ cars 0.980
[0.761, 1.199]
Treatment group 1.083 1.083 1.086
[1.054, 1.111]  [1.055, 1.111]  [1.055, 1.117]
Household controls v v v
Vehicle controls v v v
Time FE v v v
Brand FE v v v
No. of obs. 268,059 268,059 268,059

Notes: FE = Fixed Effects. The table contains point estimates for the effect of
the soot tax on a vehicle’s hazard of permanent deregistration within the next
year (from this year’s to next year’s January 1). The point estimates are the

exponentiated estimated coefficients. A value of one corresponds to a zero effect.

Interpretation is in percent, e.g. 1.181 means “The hazard increases by 18.1%”. All
columns refer to Equation 9. Household controls are household disposable income,
population and population density of home municipality, owner age, as well as
dummies for homeownership, married, male, as well as dummies for how many cars

the household owns overall, one (omitted), two, three, four, or five and more cars.

Vehicle controls are vehicle mass, cylinder volume, and CO2 emissions. Column
(1) contains only a treatment indicator. Column (2) contains separate indicators
for every post-treatment period. Column (3) contains the treatment indicator in
simple form as well as interacted with binary variables for above-median (“high”)
95% confidence intervals are in square brackets. I report confidence intervals
instead of standard errors because Hy posits a coefficient value of one, which
complicates interpreting significance by eyeballing coefficient values and standard
errors. Confidence interval provide a more intuitive understanding of statistical
significance in this setting. The long version of this table is Table A12.
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Alongside this, the point estimates on the year dummies consistently grow from year
to year, highlighting how the risk of deregistration continuously rises as a vehicle
ages (see Figure A16). A higher vehicle mass also increases the vehicle’s hazard

whereas a larger engine (measured by cylinder volume) slightly reduces it.

Moreover, a vehicle’s hazard varies significantly with owner characteristics. The risk
of vehicle retirement is higher when the vehicle is registered in a municipality with
higher population, and when the owner is married or male. At the same time, the
vehicle’s baseline hazard is lower when the household has a higher disposable income,
when the owner is older, and when the owner resides in their own home (instead of

being a renter). Full regression results are reported in Table A12 in the Appendix.

Next, I use the flexibility of the cloglog model to assess treatment heterogeneity on
the vehicle level. T first assess heterogeneous treatment effects across time. Column
(2) of Table 6 shows that the effect of the soot tax is strongest in the first post-
treatment period, but remains positive in subsequent periods, gradually tapering
off over time. The soot tax increases the vehicle’s hazard by 22.4% in the first year,

with the effect declining to 17.6% in the second year and 9.2% in the third.

Second, I analyze if and how the effect of the soot tax differs by household and
owner characteristics. We already know that, upon introduction, most of the affected
diesel vehicles were owned by lower-income households. The hazard model now
allows me to examine how responses to the soot tax vary across affected households.
These heterogeneous responses are central to assessing the tax’s distributional effects,
including the extent of its regressivity. I investigate such treatment heterogeneity by
interacting the treatment indicator with dummy variables for marital status, gender,
homeownership, above-median household disposable income, above-median owner
age, above-median population, above-median population density, and with dummies

for the number of vehicles in the household.

The estimates for these interaction terms are in column (3) of Table 6. Several coef-
ficients are statistically significant. Households with above-median income respond
more strongly than their below-median counterparts. The effect of the soot tax on
a treated vehicle’s hazard is larger by 7.8 percentage points if the household has
above-median instead of below-median disposable income. This alludes to the argu-
ment that higher income eases financial constraints and thereby allows households

to bring forward vehicle replacement decisions more flexibly.
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Likewise, the effect of the soot tax on a treated vehicle’s hazard is larger by 9.1
percentage points in municipalities with above-median population density compared
to those with below-median population density. Since driving a diesel is less econom-
ical in more densely populated areas, the soot tax more strongly incentivizes earlier
vehicle retirement in such areas. Homeownership substantially reduces the effect of
the soot tax by 14.3 percentage points, potentially because homeownership proxies

wealth, and wealthy people may be more insensitive to vehicle operating costs.

The results provide further evidence that the effect of the soot tax is smaller among
households that own additional cars besides the affected diesel vehicle. The interac-
tion term for households with three cars is significant at the five percent level, and
the coeflicient for those with two cars is marginally significant, with a p-value just
above 0.1. One possible explanation is that multi-vehicle households consider their
cars’ total registration fee liability rather than individual, car-specific liability when
making replacement decisions. When only one out of several cars becomes subject

to the soot tax, this potentially dampens these households’ responsiveness.

These results have direct implications for the distributional effects of the soot tax.
When first introduced, the burden of the soot tax falls predominantly on lower-
income households because they own most of the affected vehicles. In addition to
that, as column (3) of Table 6 shows, lower-income households are significantly less
responsive to the soot tax than their higher-income counterparts.'® This means that
the former tend to be exposed to the soot tax for a longer time on average, which
in turn tends to aggravate the policy’s regressivity. In other words, the soot tax
appears regressive in two ways. It predominantly affects lower-income households
upon introduction, and these households are more likely to continue paying the
soot tax in the following years given that they are less likely to retire the affected

polluting vehicle.

6 Reductions in PM emissions and vehicle lifetime

To gauge the broader implications of the results from Section 5, I conduct two
back-of-the-envelope calculations linking the previous estimates to changes in total

vehicle holdings, aggregate PM emissions, and vehicle lifetimes. To quantify the

19 Strictly speaking, the hazard model results show that a vehicle’s hazard is lower when its
household has below-median disposable income.
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reduction in fleet-wide PM emissions resulting from the accelerated scrappage of
polluting diesel vehicles, I assume that the ratio of polluting to non-polluting diesel
vehicles in my identified 2005-2008 diesel sample is representative for the entire fleet
of 2005-2008 diesel vehicles. I utilize the per-period estimates from columns (2) and
(4) in Table 4 for the back-of-the-envelope calculation. For simplification, I assume
that diesel cars built before 1990 are universally exempt from registration fees due
to classical car status. Vintage-specific PM emissions of diesel cars are calculated
using the public vehicle registration data from RDW. Data on annual vehicle miles

traveled by vehicle age is taken from Centraal Bureau voor de Statistiek (2023b).

The green line in Figure 9a shows how the number of polluting diesel vehicles has
actually developed between 2019 and 2023, whereas the dashed red lines show how it
would have developed if the soot tax had never been implemented, according to the
per-period SDiD (dark red) and SCM (light red) estimates from Table 4. “Polluting”
is defined according to the soot tax eligibility threshold of tailpipe PM emissions
exceeding the Euro 5 limit of 5 mg/km.

Figure 9a shows that there were about 217,000 such polluting diesel passenger cars
registered in the Netherlands on January 1, 2019. This number has dropped by
almost 57% within four years to about 94,000 vehicles on January 1, 2023. The
results from Table 4 imply that this outflow of polluting vehicles would have been
significantly slower without the soot tax. If the policy had never been introduced,
there would have been about 110,000 to 113,000 polluting diesel cars in the registered
vehicle fleet instead of 94,000 by January 1, 2023. This amounts to 17-20% more
polluting vehicles remaining in the fleet than are actually observed. In other words,
the soot tax has lead to the early retirement of 16,000 to 19,000 polluting diesel cars
three years into the policy.

In the counterfactual without the soot tax, this higher number of polluting diesel
cars would then substantially increase overall PM emissions. Figure 9b shows the
development of annual tailpipe PM emissions of the average Dutch diesel car. Con-
sidering the entire set of diesel passenger cars in 2019, the average car emitted a
total of 165.98 grams of PM over the course of that year. Thanks to the continuing
retirement of old and polluting diesel vehicles (and a reduction in vehicle miles
travelled since 2020 due to Covid), annual PM emissions per diesel car have gone

down by more than 55% to an average of 73.89 grams until 2023.
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Figure 9: Back-of-the-envelope calculation of the effect of the soot tax on the number of polluting
diesel cars and PM emissions
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Notes: Graph (a) shows the number of polluting diesel vehicles in the Netherlands every January 1
from 2019 to 2023. “Polluting” is defined as being eligible for the soot tax = PM emissions higher
than 5 mg/km. Graph (b) shows the amount of PM in g/km that the average Dutch diesel car
emits within one year, based on type-approval PM emissions and annual mileage. The green line
corresponds to the actual data in which the soot tax came into effect on January 1, 2020. The dark
(light) red line/area corresponds to how both outcomes would have evolved in absence of the soot
tax according to the SDiD (SC) estimates from Table 4. Without the soot tax, there would have
been more polluting diesel cars and higher annual PM emissions past 2020. Graph (b) shows a
range of counterfactual PM emissions. In graph (b), I first calculate every diesel car’s total annual
PM emissions as the product of its registered PM emissions per kilometer times vehicle kilometers
travelled according to CBS ((Centraal Bureau voor de Statistiek, 2023a)), and then divide this by
the total number of registered diesel cars to obtain “Annual PM emission per diesel car (grams)”,
what I display in the graph. Table A13 contains implied per-year numbers.
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Some of this reduction only occurred because of the soot tax. I calculate an upper and
lower bound for counterfactual PM emissions by considering two extreme scenarios
of vehicle replacement. The upper bound corresponds to a maximum abatement
scenario, assuming that when vehicle owners respond, they replace their polluting
diesel vehicle with a zero PM emission vehicle. Therefore, the upper-bound esti-
mate is calculated by simply inflating the number of polluting diesel vehicles in

post-treatment years.

The lower-bound estimate corresponds to a minimum abatement scenario, assuming
that when vehicle owners respond, they replace their polluting diesel vehicle with
one that has PM emissions of exactly 5 mg/km, the highest permitted emission level
without being eligible for the soot tax. I subsequently subtract the emissions of a
hypothetical quantity of such vehicles from the vehicle fleet on a one-to-one-basis
when adding back the polluting vehicles that would have never left the fleet in

absence of the soot tax. This provides me with a lower-bound estimate.

Figure 9b shows two trajectories for the implied emissions according to the SDiD
and SCM estimates, spanning the range from the upper- to lower-bound estimates.
Because vehicles that are not liable for the soot tax are so much cleaner in terms
of tailpipe PM emissions than the old diesel cars that they replace, the resulting
trajectories turn out to be very narrow. Without the soot tax, the average diesel
car in 2023 would have emitted between 79.7 and 81.4 grams of particulate matter
annually, compared to 73.9 grams under the policy, because more polluting vehicles
would have remained on the road. These numbers translate into a 7.9 to 10.2%
increase in overall tailpipe PM emissions from diesel passenger cars by 2023 if the

soot tax had never been introduced.

For my second back-of-the-envelope calculation, I utilize the hazard model estimates
from Section 5.3 to calculate the implied reduction in vehicle lifetime, similar to Al-
berini et al. (2018). I use the cloglog model to predict the log cumulative hazard 7, for

year k to calculate the hazard of retirement during year k as hy, = 1 —exp(— exp(n)).

The discrete-time survivor function S, = H?:l (1 — h;) then provides the probability
of vehicle survival up to the start of year k + 1 (because the observations are always
from January 1). The average estimated vehicle lifetime in the three-year window
from January 2020 to January 2023 then equals Ssg20 + So021 + S2022, the sum of the

survival probabilities over the treatment years.
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Table 7: Implied reduction in lifetime

Scenario Avg estimated lifetime in three-year window, in years
Without soot tax ~ With soot tax % change due to soot tax
(1) Avg. car, VW, 1 car 1.741 1.565 -10.11%
(2) Avg. car, VW, 2 cars 1.603 1.471 -8.24%
(3) Avg. car, VW, 1 car, p20 income 1.690 1.549 -8.34%
(4)  Avg. car, VW, 1 car, p80 income 1.762 1.544 -12.37%
(5) Avg. car, VW, 1 car, rural 1.824 1.696 -7.02%
(6) Avg. car, VW, 1 car, urban 1.733 1.513 -12.69%

Notes: The table shows the average lifetime that are implied by estimates from the hazard model with
interaction terms (column (3) in Table 6). “Avg. car” refers to average values of numeric covariates for
treatment group vehicles as on Jan 1, 2019. The table considers only treatment group diesel vehicles to show
how the soot tax affects their lifetime by comparing average estimated lifetime without and with the soot
tax. In rows (1) and (2), all numeric covariates are at their average values, whereas I manually set the factor
variables “brand” and “number of cars in the household”. In rows (3) and (4), I further set household disposable
income to its 20th and 80th percentile by assuming a lognormal distribution and calculating percentiles based
on the known mean, median, and standard deviation. In rows (5) and (6), I set population and population
density to 15,000 and 200 persons/km? in row (5) and to 150,000 and 2,000 persons/km? in row (6).

Calculated average vehicle lifetimes are shown in Table 7. The underlying speci-
fication is the cloglog model with covariate interaction terms as in column (3) of
Table 6. I use mean covariate values of treatment group vehicles as a benchmark. In
addition, I use “Volkswagen” for the factor variable “Vehicle brand” for two reasons.
First, it is the most prevalent brand among diesel car models from the mid-2000s,
and second, the estimated coefficient on the factor “Volkswagen” is statistically zero,

highlighting that this is an “average” brand in terms of remaining vehicle lifetime.

I look into different scenarios to uncover heterogeneous effects of the soot tax on
vehicle lifetime in Table 7. In row (1), I consider a Volkswagen car with average
treatment group covariate values in a single-car household. Absent the soot tax, the
hazard model results imply an average remaining lifetime of about 1.74 years within
the three-year window from January 2020 to 2023 for this car. Its average remaining
lifetime drops by about 10% with the soot tax in place. If the household owns one
other car, as in row (2), two things change. First, the vehicle’s average remaining
lifetime is generally lower because multi-vehicle households replace their vehicles
more frequently. Second, the effect of the soot tax on vehicle lifetime is smaller. The

soot tax reduces the polluting vehicle’s lifetime by only 8.24%.

In rows (3) and (4), I further differentiate by household disposable income, com-
paring the 20" and 80* percentile of the disposable income distribution within
the treatment group.?® Remaining lifetime of the polluting diesel car is higher at

a high-income than a low-income household absent the soot tax, implying that

20 T consider household disposable income in the set of eligible vehicles, assume a lognormal
distribution of incomes, use the mean, median, and standard deviation of observed incomes in this
set, and then calculate the 20th and 80th percentile based on that.
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low-income households replace their old vehicles more quickly. However, high-income
households are more responsive to the soot tax so that vehicle lifetimes virtually
equalize with the soot tax in place. The reduction in remaining vehicle lifetime
is larger for the high-income household at 12.37%, compared with 8.34% for the
low-income household. Presumably, high-income households have greater flexibility

to adjust their replacement behavior in response to fiscal incentives.

In rows (5) and (6), I differentiate by place of residence. I compare a vehicle that is
registered in a rural area to one in an urban area.?! The baseline remaining lifetime
for a polluting diesel vehicle in a rural area is already higher at about 1.82 years,
almost 0.09 years more than for the otherwise identical urban vehicle. With the soot
tax in place, this gap widens and doubles in size to 0.18 years. Remaining vehicle
lifetime of the urban vehicle drops by 12.69%, compared to 7.02% for the same
vehicle in a rural area. Because lower-income households also tend to live in more
rural regions, these findings imply that the policy’s regressivity tends to aggravate
over time. A lower-income household in a rural area is not only the most likely to be
affected by the soot tax at the moment of its introduction, but also the least likely

to bring forward vehicle retirement in the following years.

Lastly, the different effect sizes for rural and urban households also matter with
regard to the policy’s potential health benefits. Harmful PM concentrations are
usually an urban phenomenon. The effect of the soot tax is particularly pronounced
in urban areas. This pattern indicates that the policy incentivizes the retirement of
polluting vehicles precisely where PM concentrations tend to be high and the health

benefits from reducing PM pollution are greatest.

7 Conclusion

As our understanding of the harmfulness of local air pollutants such as fine partic-
ulate matter has vastly improved in recent years, policymakers in many countries
have adopted strict standards for pollutant emissions from new vehicles. However,
the existent fleet of old diesel vehicles without modern emissions control technology
is untouched by such regulation, and continues to contribute substantially to air

pollution. To incentivize the accelerated removal of these vehicles from the roads,

21 T define “rural” as a municipality of 15,000 inhabitants & 200 persons/km?, and “urban” as a
municipality of 150,000 inhabitants & 2,000 persons,/km?.
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the Netherlands introduced an explicit surcharge in its registration fee system that

applies exclusively to highly polluting diesel vehicles without particulate filters.

Using a decade of microdata from Dutch vehicle registrations, I quantify the impact
of this surcharge on the size of the polluting vehicle fleet and examine how vehicle
retirement responses vary across households. Eligibility for the surcharge is deter-
mined by whether a diesel passenger car has a factory-installed particulate filter in
place. I leverage the staggered rollout of factory-installed filters due to upstream
supply constraints as quasi-random treatment variation to identify the causal effect
of the registration fee surcharge on vehicle holdings. In doing so, this paper is the
first to empirically examine how tying registration fees to pollutant emissions affects

the presence of older, highly polluting vehicles in the fleet.

I apply state-of-the-art methods from the DiD literature to find that the surcharge
has reduced the number of polluting vehicles by about 16 percent within the first
three years, with the effect accumulating over time. I further set up a simple model
of vehicle replacement to rationalize the finding that the effect is larger for older and
lower-quality vehicles. A back-of-the-envelope calculation shows that, within the first
three years of the policy, the soot tax caused between 16,000 to 19,000 premature
deregistrations of polluting diesel vehicles. This in turn reduced aggregate tailpipe

PM emissions from the stock of diesel cars by about 8 to 10%.

In addition to that, I estimate a hazard model to unveil the importance of household
characteristics in vehicle retirement decisions. Such heterogeneity has important
implications for the policy’s distributional effects. I find that the policy is highly
regressive. Firstly, the initial tax burden upon introduction predominantly falls
on lower-income households, and secondly, the burden tends to grow over time for
these households because these tend to be less responsive to the policy. In gen-
eral, the policy causes the largest reductions in remaining vehicle lifetime among
higher-income and among single-vehicle households; those that would have held
onto their polluting vehicles the longest absent the policy. Moreover, the policy
generates larger reductions in remaining vehicle lifetime for urban households than
for rural households, despite urban households already replacing their polluting
vehicles sooner. Nonetheless, the large effect of the soot tax on vehicle retirement in
urban areas presumably entails relatively large health benefits because urban areas

tend to be those that are most affected by elevated levels of PM pollution.
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On a higher level, these findings demonstrate the potential of targeted ownership
taxes to accelerate the transition toward a cleaner stock of durable goods, while
also highlighting the importance of accounting for household heterogeneity in policy
design. Since ownership taxes on old and inefficient durable goods are presumably
regressive in many contexts, policymakers should carefully consider complementary
measures that mitigate distributional impacts while preserving environmental effec-
tiveness. Future work could assess such complementary policies or explore longer-term
consequences, for instance for technology adoption and market structure. Another
path for future research with regard to vehicle registration fees concerns alternative
fee schedules that better account for the substantial heterogeneity in PM emissions
among older diesel vehicles. The present policy applies a flat surcharge regardless of
whether a car is marginally or massively more polluting. This suggests meaningful

scope for more differentiated taxation and associated welfare gains.
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Appendix

A Tables and Figures

Table Al: Average type-approval PM emissions of registered diesel passenger cars in the Netherlands
as of May 2024.

Year of admission

1997
1998
1999
2000
2001
2002
2003
2004

Avg. mg PM / km Year of admission | Avg. mg PM / km
75.17 2005 24.59
66.76 2006 13.85
58.45 2007 9.24
52.12 2008 4.94
43.86 2009 2.67
37.85 2010 1.45
36.78 2011 0.66
31.88 2012 & later < 0.5

Notes: The numbers in the table correspond to the average registered PM emissions of
all diesel passenger cars with non-missing values and with the same year of admission.
Based on own calculations using data from opendata.rdw.nl on May 4, 2024.

Table A2: BPM for gasoline cars

COg min | COy max | Formula BPM at CO9 min | BPM at CO9 max
0 80 2. COy + 440 N.A. 600
80 104 76 - (CO2 —80) + 600 600 2,424
104 145 167 (COq — 104) + 2,424 | 2,424 9,271
145 161 274 - (COg —145) + 9,271 | 9,271 13,655
161 00 549 - (COq — 161) + 13,655 | 13,655
Table A3: BPM for diesel cars
COs min | COs max | Formula BPM at CO3 min | BPM at COs max
0 71 2-COg + 440 N.A. 582
71 80 (2 CO3 + 440) + ((CO5 — 71) - 106.07) 582 1,554.63
80 104 (76 - (CO2 — 80) + 600) + ((CO9 — 71) - 106.07) 1,554.63 5,924.31
104 145 (167 - (COg — 104) + 2,424) + ((COg — 71) - 106.07) | 5,764.31 17,120.18
145 161 (274 - (CO5 — 145) 4+ 9,271) + ((CO — 71) - 106.07) | 17,120.18 23,201.30
161 0o (549 - (COg — 161) + 13,655) + ((COz — 71) - 106.07) | 23,201.30
Table A4: BPM for PHEV cars
CO3 min | COy max | Formula BPM at CO5 min | BPM at CO, max
0 34 28 - CO» N.A. 952
34 60 100 - (COZ - 34) + 952 952 3,952
60 00 239 - (COQ — 60) + 3,952 | 3,552

Source: Belastingdienst (2025), own depiction and calculation (Tables 2, 3, 4).
Notes: The tables show the BPM (vehicle sales tax) amounts based on the CO2 emissions
of the new passenger car.
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Table A5: EU Emission Standards 1-5 for diesel passenger cars, mg/km

Tier Date (Type approval) | Date (1% registration) | CO | NO, | HC+NO, | PM
Euro 1 | Jul 1992 Jan 1993 2,720 970 140
Euro 2 | Jan 1996 Jan 1997 1,000 700 80
Euro 3 | Jan 2000 Jan 2001 660 | 500 560 50
Euro 4 | Jan 2005 Jan 2006 500 | 250 300 25
Euro 5 | Sep 2009 Jan 2011 500 180 230 5)

Euro 6 | Sep 2014 Sep 2015 500 80 170 4.5

Notes: The table shows the pipetail emission limits of air pollutants for diesel passenger cars in the European Union, known
as “Emission Standards”. The standards set limits for vehicle pollutant emissions. The regulated pollutants for diesel cars are
carbon monoxide (CO), nitrogen oxides (NOy), hydrocarbons (HC), and particulates with a diameter of no more than 10
micrometers (PM). The type approval date refers to the date from which onwards new car models only receive type approval
if they abide by the respective standard. The date of first registration refers to the deadline to apply for registration of a new
passenger car at the local department of motor vehicles.

Table A6: Regression results for 2005-2008 diesel sample

©)

(2) ®3)

(4) @)

(6)

(M)

(8)

SDiD SCM FE regression
Soot tax -0.165%*%*  _0.164**¥*  _0.149%*%*  _0.157***  _0.145%**  _0.129%**  _0.160*** = _0.154%**
(0.027) (0.027) (0.045) (0.037) (0.022) (0.025) (0.020) (0.023)
TG X Year -0.021%* 0.019*
(0.009) (0.010)
In(inc) -0.125%* -0.125%* -0.025 -0.031%*
(0.058) (0.055) (0.017) (0.017)
In(owner age) -1.631%**  _1.572%FF  _0.249%F  -0.268%**
(0.258) (0.226) (0.099) (0.100)
In(pop.dens.) -0.124%%  -0.160*** -0.019 -0.022
(0.054) (0.048) (0.022) (0.023)
Male 0.438** 0.354* 0.008 0.014
(0.219) (0.204) (0.087) (0.087)
College 0.203* 0.188** -0.042 -0.037
(0.106) (0.088) (0.031) (0.031)
Married 0.118 -0.057 -0.007 -0.014
(0.124) (0.114) (0.045) (0.045)
Home 0.474%** 0.532%** 0.087 0.100*
(0.180) (0.168) (0.059) (0.060)
Unit X Year v v
Car type FE v v v v v v v v
Year FE v v v v v v
Vintage-year FE v v
SDID Covariates v v
No of obs. 3,420 3,420 3,420 3,420 3,420 3,420 3,420 3,420
Adj. R? 0.941 0.949 0.994 0.994
Within R? 0.173 0.108 0.904 0.882

Notes: SDiD = Synthetic Difference-in-Differences; SCM = Synthetic Control Method; FE = Fixed Effects. The table
contains point estimates for the effect of the soot tax on the log number of registered vehicles of treated car models in the
sample of 2005-2008 diesel car models. Covariates are a car model’s average log household disposable income (“In(inc)”),
log owner age (“In(owner age)”), log population density of owner’s home municipality (“In(pop.dens.)”), and dummies for
being male, college-educated, married, and owning a home. Columns (1) and (2) are SDiD estimates (Equation 4), without
and with covariates, respectively. Columns (3) and (4) are SCM estimates (Equation 5), without and with covariates,
respectively. Columns (5) to (8) are fixed effect regression estimates (Equation 6). The specifications differ in whether
they employ group- or unit-specific linear time trends, and whether they employ year fixed effects or vintage Xyear fixed
effects. Standard errors are in parenthesis. SDiD standard errors are jackknife errors, SCM standard errors are placebo

errors, ¥¥* k¥

and * indicate significance at the 1%, 5%, and 10% levels, respectively.
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Table A7: Regression results for 2005-2008 diesel sample, per-period effects

(1) 2 3) (4) (5) (6)
SDiD SCM SDiD
Soot tax  -0.165%** -0.149%%F ~0.168%*
(0.027) (0.045) (0.030)
TG x 14 0.016 0.000 0.015
TG x '15 0.016 0.000 0.014
TG x ’16 0.017 0.000 0.014
TG x 17 0.024 0.000 0.019
TG x 18 0.027 0.000 0.018
TG x 19 0.015 0.000 0.000
TG x 20 0.000 0.000 -0.026*
(0.014)
TG x 21 -0.088%¥* -0.070%* -0.128%%*
(0.016) (0.033) (0.026)
TG x 22 -0.176%%* -0.179%%* -0.222%%%
(0.029) (0.048) (0.039)
TG x '23 -0.233%5 0,197 -0.284%%%
(0.039) (0.048) (0.048)

Notes: SDiD = Synthetic Difference-in-Differences; SCM = Synthetic Control Method.
The table contains per-period point estimates for the effect of the soot tax on the log
number of registered vehicles of treated car models in the sample of 2005-2008 diesel
car models. Specifications are as in Table 4. Standard errors are in parenthesis. SDiD
standard errors are jackknife errors, SCM standard errors are placebo errors. *** ** and
* indicate significance at the 1%, 5%, and 10% levels, respectively. Estimates in columns
(2) and (4) are relative to 2020, estimates in column (6) are relative to 2019. There is no
established method to calculate standard errors for pre-treatment periods in SDiD and
SCM.



Table A8: Summary statistics for the 1990-2004 car-model-level sample

Variable Unit No. of obs. Mean St.d. Median

Treatment Group Dummy 11,590 0.230 0.421 0

No. of vehicles Count 11,590 263.2 561.3 85

Vintage Year 11,590 1999.94 3.589 2001

Vehicle mass kg 11,590 1,323 354.9 1,252

List price € 1,980 47,956 30,818 38,634

Mileage 1/100 km 8,710 8.027 2.328 7.900

CO, g/km 9,190 197.0 53.81 191.6

Mean HH Disp. Inc. € 11,590 54,000 18,416 50,501

Mean Owner Age Years 11,590 48.61 5.828  48.54

Mean Pop. Density Persons/km? 11,590 1,400 282.0 1,405

Mean Male Owner Dummy 11,590 0.729 0.148  0.768

Mean College Educ. Dummy 11,590 0.361 0.169  0.328

Mean Married Dummy 11,590 0.534 0.116  0.521

Mean Homeownership Dummy 11,590 0.709 0.133  0.704

Control group Treatment group

Variable No. of obs.  Mean St.d. Median No. of obs.  Mean St.d. Median
Treatment Group 8,920 0 0 0 2,670 1 0 1
No. of vehicles 8,920 301.4 626.9 90 2,670 135.6 183.0 72.5
Vintage 8,920 1999.56  3.639 2000 2,670 2001.19 3.101 2002
Vehicle mass 8,920 1,270 3122 1,218 2,670 1,502 423.3 1,502
List price 1,350 46,067 32,294 34,940 630 52,002 26,969 49,490
Mileage 6,460 8.615 2.188 8.100 2,250 6.338 1.844 5.700
CO2 6,810 205.8 52.50 194.0 2,380 172.1 49.52 162.0
Mean HH Disp. Inc. 8,920 53,582 16,097 50,027 2,670 53,398 24,580 51,996
Mean Owner Age 8,920 48.37 5.653 48.29 2,670 49.37 6.319 49.55
Mean Pop. Density 8,920 1,433 259.8 1,438 2,670 1,291 322.8 1,249
Mean Male Owner 8,920 0.714 0.157 0.755 2,670 0.780 0.096 0.798
Mean College Educ. 8,920 0.342 0.156 0.313 2,670 0.425 0.194 0.391
Mean Married 8,920 0.522 0.113 0.508 2,670 0.572 0.117 0.573
Mean Homeownership 8,920 0.703 0.130 0.696 2,670 0.731 0.138 0.733

Notes: Descriptive statistics on the final 1990-2004 car model sample in which I observe the number of registered vehicles
of 1,159 car models across ten years (2014-2023, January 1). 267 are treated diesel car models, 892 are untreated gasoline
car models. “Treatment Group” is one in all periods for diesel car models, and zero otherwise. “No. of vehicles” counts
the number of registered vehicles of an (identified) car model. “Vintage” is year of first admission in the data. Mean
variables are average values of household/owner covariates across all individual vehicles of a car type.
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Table A9: Regression results for 1990-2004 sample

M @ @ ) ®) ©) @ ®)
SDiD SCM FE regression
Soot tax -0.196**%*  -0.196***  -0.192%**  _0.238***  _0.193***  _0.176***  _0.185***  _(0.164***
(0.024) (0.024) (0.029) (0.029) (0.016) (0.016) (0.016) (0.015)
TG X Year -0.065%**  -0.087***
(0.007) (0.007)
In(inc) -0.270%%*  _0.172%**  _0.035** -0.036**
(0.061) (0.054) (0.015) (0.015)
In(owner age) -2.693%**  _2.309%**  _0.600%**  -0.438%**
(0.178) (0.174) (0.065) (0.062)
In(pop.dens.) 0.278*** 0.194%** 0.061*** 0.035%*
(0.047) (0.048) (0.019) (0.017)
Male -0.572%** (.44 ** -0.016 0.012
(0.126) (0.124) (0.051) (0.047)
College 0.072 0.243%**  _0.078***  -0.076%**
(0.082) (0.078) (0.029) (0.026)
Married 0.304*** 0.272%** 0.125%** 0.080**
(0.091) (0.090) (0.035) (0.032)
Home -0.057 0.430%** -0.083* -0.101%*
(0.112) (0.108) (0.043) (0.040)
Unit X Year v v
Car type FE v v v v v v v v
Year FE v v v v v v
Vintage-year FE v v
Covariates v v v v v v
No. of obs. 11,590 11,590 11,590 11,590 11,590 11,590 11,590 11,590
Adj. R? 0.957 0.962 0.995 0.996
Within R? 0.297 0.332 0.926 0.933

Notes: SDiD = Synthetic Difference-in-Differences; SCM = Synthetic Control Method; FE = Fixed Effects. The table
contains point estimates for the effect of the soot tax on the log number of registered vehicles of treated car models in
the sample of 1990-2004 car models. Covariates are a car model’s average log household disposable income (“In(inc)”),
log owner age (“In(owner age)”), log population density of owner’s home municipality (“In(pop.dens.)”), and dummies for
being male, college-educated, married, and owning a home. Columns (1) and (2) are SDiD estimates (Equation 4), without
and with covariates, respectively. Columns (3) and (4) are SCM estimates (Equation 5), without and with covariates,
respectively. Columns (5) to (8) are fixed effect regression estimates (Equation 6). The specifications differ in whether
they employ group- or unit-specific linear time trends, and whether they employ year fixed effects or vintage X year fixed
effects. Standard errors are in parenthesis. SDiD standard errors are jackknife errors, SCM standard errors are placebo

errors. *¥¥ k¥

, and * indicate significance at the 1%, 5%, and 10% levels, respectively.
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Table A10: Summary statistics for the German 2005-2008 diesel car-model-level sample

Variable Unit No. of obs. Mean St.d.  Median

Placebo Treatment Group Dummy 12,078 0.423 0.494 0

No. of vehicles Count 12,078 222.1 356.7 103

Vintage Year 12,078 2006.62 1.140 2007

Vehicle mass kg 12,078 1,601 295.8 1,599

Displacement cc 12,078 2,112 562.0 1,995

Emission Class Factor 12,078 3.894 0.426 4

Mean Purchasing Power € 12,078 25,308 2,279 24,459

Mean Owner Age Years 12,078 50.83 4.367 50.50

Mean Pop. Density Persons/km? 12,078 543.4 128.3 532.3

Mean Male Owner Dummy 12,078 0.718 0.110 0.737

Mean Abitur Dummy 12,078 0.317 0.018 0.318

Mean Non-Single HH Dummy 12,078 0.606 0.012 0.608

Mean Homeownership Dummy 12,078 0.713 0.250 0.800

Control group Placebo Treatment group

Variable No. of obs.  Mean St.d. Median No. of obs.  Mean St.d. Median
Placebo Treatment Group 6,975 0 0 0 5,103 1 0 1
No. of vehicles 6,975 250.1 3954 114 5,103 183.8 2914 90
Vintage 6,975 2007.07 0.972 2007 5,103 2006.01  1.072 2006
Vehicle mass 6,975 1,668 218.6 1,670 5,103 1,509 356.5 1,436
Displacement 6,975 2,295 560.5 1,998 5,103 1,861 457.3 1,896
Emission Class 6,975 4.075 0.263 4 5,103 3.647 0478 4
Mean Purchasing Power 6,975 25,365 2,271 24,527 5,103 25,231 2,289 24,345
Mean Owner Age 6,975 50.66 4.457  50.28 5,103 51.05 4.231  50.77
Mean Pop. Density 6,975 551.9 126.6 543.4 5,103 531.7 129.6  518.3
Mean Male Owner 6,975 0.748 0.099 0.765 5,103 0.677 0.111  0.689
Mean Abitur 6,975 0.314 0.017 0.315 5,103 0.320 0.019 0.321
Mean Non-Single HH 6,975 0.605 0.012 0.607 5,103 0.607 0.013  0.609
Mean Homeownership 6,975 0.712 0.249 0.798 5,103 0.715 0.251 0.802

Notes: Descriptive statistics on the German 2005-2008 diesel car model sample in which I observe the number of registered
vehicles of 1,342 car models across nine years (2015-2023, January 1). 567 car models are placebo treated, 775 are untreated.
“Placebo treatment Group” is one in all periods for car models with PM emissions above 5 mg/km, and zero otherwise.
“No. of vehicles” counts the number of registered vehicles of an (identified) car model. “Vintage” is year of first admission
in the data. Mean variables are average values of household/owner covariates across all individual vehicles of a car type.
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Table A11: Regression results for a Placebo soot tax in Germany using German 2005-2008 diesel
sample

1) 2 (3) (4) (5) (6) (M 8
SDiD SCM FE regression
Soot tax -0.010 -0.010 0.009 -0.026 0.005 -0.005 0.005 -0.005
(0.010) (0.010) (0.051) (0.031) (0.008) (0.009) (0.008) (0.009)
TG x Year -0.028%** -0.006*
(0.003) (0.003)
In(pp) J2.480%F*F 2 552k 0.155 0.161
(0.321) (0.314) (0.258) (0.256)
In(owner age) -0.346%**  -0.365%**  -0.158%*F*  _(0.158%**
(0.083) (0.078) (0.056) (0.056)
In(pop.dens.) 0.012 -0.007 0.039** 0.041**
(0.025) (0.024) (0.020) (0.020)
Male -0.135%* -0.101%* -0.027 -0.028
(0.142) (0.053) (0.041) (0.041)
High school -0.941%%*  .0.720%* -0.439%* -0.454*
(0.332) (0.314) (0.264) (0.264)
2+ person HH 1.558%* 1.158% 0.894 0.917
(0.712) (0.696) (0.577) (0.574)
Home 0.379 0.431 0.321 0.329
(0.311) (0.299) (0.253) (0.253)
Unit X Year v v
Car type FE v v v v v v v v
Year FE v v v v v v
Vintage-year FE v v
Covariates v v v v v v
No of obs. 12,078 12,078 12,078 12,078 12,078 12,078 12,078 12,078
Adj. R? 0.977 0.980 0.992 0.992
Within R2 0.075 0.034 0.711 0.667

Notes: SDiD = Synthetic Difference-in-Differences; SCM = Synthetic Control Method; FE = Fixed Effects. The
table contains point estimates for the effect of a placebo soot tax on the log number of registered vehicles of
treated car models in the sample of 2005-2008 diesel car models in Germany. Covariates contain a car model’s
average household purchasing power, log owner age, log population density of owner’s home region, and dummies
for being male, having a high school degree, living in a multiple-person-household, and owning a home. “Owner
age” and “Male” are directly in the KBA data. The other variables are on the state X region-type level, that is
the average value in the state X region-type level in which the owner is registered to live. Concretely, the KBA
data may tell us that the owner of a certain vehicle lives in a peripheral rural area in the state of Bavaria. All
covariates except “Owner age” and “male” are then measured as the population-weighted average of Bavarian
municipalities defined as “peripheral rural”. These covariates are: log purchasing power per household (“In(pp)”),
log population density (“In(pop.dens.)”), share of persons that hold a high school diploma, by gender (“High
school”), share of persons living in a household with at least two people (“2+ person HH”), and share of persons
living in a family home, either single-family home or semi-detached homes (“Home”).

Columns (1) and (2) are SDiD estimates (Equation 4), without and with covariates, respectively. Columns (3)
and (4) are SCM estimates (Equation 5), without and with covariates, respectively. Columns (5) to (8) are fixed
effect regression estimates (Equation 6). The specifications differ in whether they employ group- or unit-specific
linear time trends, and whether they employ year fixed effects or vintagexyear fixed effects. Standard errors are
in parenthesis. SDiD standard errors are jackknife errors, SCM standard errors are placebo errors. *** ** and *
indicate significance at the 1%, 5%, and 10% levels, respectively.
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Table A12: Hazard model, cloglog results using 2005-2008 diesel vehicles

Dep. var.: Log(hazard rate) (1) (2) (3)
Soot tax 1.181 1.208
[1.134, 1.227] [1.089, 1.327]
Soot tax, 2020 1.224
[1.149, 1.299]
Soot tax, 2021 1.176
[1.083, 1.269]
Soot tax, 2022 1.092
[0,994, 1.189]
Soot tax X High income 1.078
[1.005, 1.151]
Soot tax X High pop dens 1.091
[1.016, 1.167]
Soot tax X Home 0.936
[0.871, 1.001]
Soot tax X High pop 1.002
[0.933, 1.071]
Soot tax X High age 0.963
[0.902, 1.025]
Soot tax X Married 1.026
[0.959, 1.093]
Soot tax X Male 0.964
[0.895, 1.034]
Soot tax X 2 cars 0.949
[0.882, 1.017]
Soot tax X 3 cars 0.899
[0.802, 0.997]
Soot tax X 4 cars 0.986
[0.810, 1.161]
Soot tax X 5+ cars 0.980
[0.761, 1.199]
Treatment group 1.083 1.083 1.086
[1.052, 1.113]  [1.052, 1.114]  [1.055, 1.117]
Household owns 2 cars 1.155 1.155 1.160
[1.129, 1.180]  [1.129, 1.180]  [1.133, 1.187]
Household owns 3 cars 1.227 1.227 1.241
[1.184, 1.270]  [1.184, 1.271]  [1.195, 1.287]
Household owns 4 cars 1.269 1.269 1.268
[1.193, 1.344]  [1.193, 1.344]  [1.188, 1.349]
Household owns 5 cars 1.231 1.232 1.232
[1.134, 1.328]  [1.135, 1.328]  [1.130, 1.335]
Vehicle mass (in 100 kg) 1.043 1.043 1.043
[1.033, 1.052]  [1.033, 1.052]  [1.034, 1.053]
Cylinder volume (in 100 cc) 0.994 0.994 0.994
[0.989, 0.999]  [0.989, 0.999]  [0.989, 0.999]
CO; (in g/km) 0.999 0.999 0.999
[0.999, 1.000] [0.999, 1.000] [0.999, 1.000]
log(income) 0.932 0.931 0.928
[0.913, 0.950]  [0.913, 0.950]  [0.908, 0.947]
log(pop) 1.037 1.037 1.037
[1.023, 1.051]  [1.023, 1.051]  [1.023, 1.052]
log(pop dens) 1.012 1.012 1.008
[1.000, 1.024]  [1.000, 1.024]  [0.995, 1.020]
Owner age 0.986 0.986 0.986
[0.985, 0.987]  [0.985, 0.987]  [0.985, 0.987]
Married 1.052 1.052 1.048
[1.029, 1.075]  [1.029, 1.075]  [1.024, 1.072]
Male owner 1.142 1.142 1.147
[1.114, 1.170]  [1.114, 1.170]  [1.117, 1.178]
Homeownership 0.849 0.849 0.857
[0.827, 0.871]  [0.827, 0.871]  [0.834, 0.881]
Time FE v v v
Brand FE v v v
No. of obs. 268,059 268,059 268,059

Notes: FE = Fixed Effects. The table contains point estimates for the effect of
the soot tax on a vehicle’s hazard of permanent deregistration within the next
year (from this year’s to next year’s January 1). The point estimates are the
exponentiated estimated coefficients. A value of one corresponds to a zero effect.
Interpretation is in percent, e.g. 1.181 means “The hazard increases by 18.1%”. All
columns refer to Equation 9. Household controls are household disposable income,
population and population density of home municipality, owner age, as well as
dummies for homeownership, married, male, as well as dummies for how many cars

the household owns overall, one (omitted), two, three, four, or five and more cars.

Vehicle controls are vehicle mass, cylinder volume, and COg emissions. Column
(1) contains only a treatment indicator. Column (2) contains separate indicators
for every post-treatment period. Column (3) contains the treatment indicator in
simple form as well as interacted with binary variables for above-median (“high”)
95% confidence intervals are in square brackets.
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Table A13: Back-of-the-envelope calculation using SDiD/SCM estimates

Year  Actual  Scenario SDiD CF SCM CF
Number of polluting diesel passenger cars
2019 216,876 216,876 216,876
2020 174,119 174,119 174,119
2021 135,882 146,726 144,508
2022 111,024 128,330 128,625
2023 93,948 112,835 109,917
Annual PM emissions per diesel passenger car in grams
2019 165.98 165.98 165.98
2020 109.47 109.47 109.47
2021 04.13 U 97.99 97.21
L 97.92 97.14
2022 84.91 U 90.85 90.96
L 90.45 90.55
9023 73.89 U 81.41 80.27
L 80.79 79.72

Notes: The counterfactuals (CF) are based on the SDiD and SCM
estimates in columns (1) (SDiD) and (2) (SCM) in Table ?7?7. I
assume that diesel cars from before 1990 are not affected by the
soot tax due to classical car status, which makes them exempt from
registration fees and thus from the soot tax. I assume two extremes
regarding the replacement behavior of vehicle owners to calculate
annual PM emissions. The upper-bound (“U”) estimate assumes that
when people replace their eligible diesel car because of the soot tax,
they never replace with another diesel car, maximizing the causal
reduction in PM emissions (assuming zero PM emissions of whatever
vehicle they replace their diesel car with). The lower-bound (“L”)
estimate assumes that people always replace their eligible diesel
car with another diesel car that is as polluting as possible without
being eligible (assuming 5 mg/km of PM emissions). This minimizes
the causal reduction in PM emissions because the gain in lower
PM emissions is made as small as possible, conditional on people
replacing to “escape” the soot tax.
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Figure A1l: Share of diesel vehicles eligible for the soot tax, by year of admission
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Notes: The figure shows the share of diesel vehicles in each vintage that are eligible for the soot
tax. The figure is based on emission data from opendata.rdw.nl on May 4, 2024. T only exclude
cars with a removed particulate filter to focus on cars that are eligible because they were produced
without a particulate filter.
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Figure A2: Distribution of household disposable income by whether a vehicle is of an identified car
model

Distribution of Vehicles by Household Disposable Income Bin
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Source: Own calculations based on RDW (2024) and CBS (2025) data.

Notes: The figure shows the density of household disposable incomes for registered diesel passenger
cars with year of first admission between 2005 and 2008, as of January 1, 2019. Diesel cars are
grouped by whether I can assign them an identified make-model. The graph is based on data from
the CBS Microdata Environment.
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Figure A3: Distribution of owner age by whether a vehicle is of an identified car model

Distribution of Vehicles by Owner Age
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Source: Own calculations based on RDW (2024) and CBS (2025) data.

Notes: The figure shows the density of ages of car owners for registered diesel passenger cars with
year of first admission between 2005 and 2008, as of January 1, 2019. Diesel cars are grouped by
whether I can assign them an identified make-model. The graph is based on data from the CBS
Microdata Environment.
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Figure A4: Distribution of vehicle mass by whether a vehicle is of an identified car model

Distribution of Vehicles by Vehicle Mass
Diesel passenger cars of 2005-2008 vintage
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Source: Own calculations based on RDW (2024) and CBS (2025) data.

Notes: The figure shows the density of vehicle empty masses in kilograms for registered diesel
passenger cars with year of first admission between 2005 and 2008, as of January 1, 2019. Diesel
cars are grouped by whether I can assign them an identified make-model. The graph is based on
data from the CBS Microdata Environment.
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Figure A5: Share of diesel passenger cars vs. population density, per municipality, 2019
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Notes: The scatterplot is based on the vehicle registration data from January 1, 2019. One dot is
one municipality in the Netherlands. The plot shows the relationship between population density
(x-axis, log scale) and the share of diesel cars in the registered passenger car fleet (y-axis). The
graph is based on data from the CBS Microdata Environment.
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Figure A6: Share of diesel passenger cars by municipality, 2014, 2019, 2023
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Notes: The maps show the prevalence of diesel passenger cars in the entire passenger car fleet per
municipality on Jan 1, 2014 (top), 2019 (middle), and 2023 (bottom). The maps are based on data
from the CBS Microdata Environment.
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Figure AT: Average kilometers driven per day, all trips (total)
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Source: https://opendata.cbs.nl/CBS/en/dataset /84710ENG, own depiction.
Notes: The figure shows kilometers driven per person per day, for the average person in the
Netherlands aged 12 and above, including all trips, in every year from 2018 to 2023.

Figure A8: Share of kilometers travelled per day that are done driving, all trips

Kilometers driven per day divided by kilometers travelled per day, total
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Source: https://opendata.cbs.nl/CBS/en/dataset/84710ENG, own depiction.
Notes: The figure shows the share of daily kilometres travelled that are covered by car, for all
individuals aged 12 and above in the Netherlands, across all trips, from 2018 to 2023.
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Figure A9: Relationship between vehicle mass and household disposable income, by vintages, 2019

Diesel vehicle mass vs. average household disposable income
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Notes: The graphs show the relationship between vehicle mass and household disposable income
on January 1, 2019, separately by vehicle vintage. Disposable income is for the calendar year 2018.
I aggregate all passenger cars, separately by fuel type and by vintage (binned by decade), in bins
of twenty kilograms and then calculate the average household disposable income of all car owners
in every fuel x vehicle mass bin x vintage bin. The graphs are based on data from the CBS

Microdata Environment.
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Figure A10: Relationship between vehicle mass and owner age, 2019

Vehicle mass vs. average owner age
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Notes: The graph shows the relationship between vehicle mass and car owner age on January 1,
2019. Disposable income is for the calendar year 2018. I aggregate all passenger cars, separately by
fuel type, in bins of twenty kilograms and then calculate the average age of all car owners in every
fuel x vehicle mass bin. The graph is based on data from the CBS Microdata Environment.

Figure A11: Synthetic Difference-in-Differences
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Source: Arkhangelsky et al. (2021).
Notes: The figure shows how Synthetic Difference-in-Differences combines regular Difference-in-
Differences and the Synthetic Control Method.
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Figure A12: Switch rates in the control group over time
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Annual values from 2015 to 2023
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Notes: The graph shows switch rates for the control group in the 2005-2008 diesel sample (non-
eligible diesel vehicles from the 2005-2008 vintages). The switch rate is calculated as the share of
diesel vehicles that have changed ownership between January 1 of last year and January 1 of this
year. Since the vehicle registration data is always collected on January 1, the switch rate for 2015,
for instance, is the share of diesel vehicles that switch owner sometime between January 1, 2014
and January 1, 2015. The graph is based on data from the CBS Microdata Environment.

Figure A13: Synthetic Control Method results, 2005-2008 diesel sample.
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Notes: The graph shows the results from the SCM, 2005- 2008 diesel sample. The Synthetic
Control Group is a weighted average of control group units that achieves an equal outcome with
the Treatment Group during pre-treatment periods. The outcome is the natural logarithm of the

variable “Number of registered vehicles” on the car model x year level. The graph is based on data
from the CBS Microdata Environment.
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Figure A14: Average ratio of residual car value to annual registration fee liability, 2005-2008 diesel
sample, by vehicle mass

Residual Value to Annual Registration Tax Liability, by Vehicle Mass
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Notes: The graph shows the relationship between a car’s ratio of residual value to registration
fee liability and vehicle mass, rounded to the nearest 100 kilograms. I estimate each vehicle’s
residual value by applying a depreciation function to its original list price, applying differentiated
depreciation factors depending on brand, fuel type, and vehicle age, with premium brands retaining
more value, diesels less, and all vehicles depreciating exponentially over time. I calculate registration
fees (averaged across provinces) as these depend only on vehicle mass and fuel type. I do not
consider the soot tax because the graph shall depict the ratio of residual value to registration fee
liability before the soot tax came into effect. The graph is based on data from the CBS Microdata
Environment.

Figure A15: Fixed Effect regression, treatment effect heterogeneity, 1990-2004 diesel sample
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Notes: The graph shows point estimates of heterogeneous treatment effects from the Fixed Effects
regressions, 1990-2004 sample. The analyzed heterogeneity is in terms of vehicle mass quartile
(left), vintage bins by which Euro emission standard was in place during the vehicle’s year of first
registration (middle), and mean disposable income quartile (right).
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Figure A16: Estimated Year Fixed Effects on Vehicle Hazard
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Notes: The graph shows Year Fixed Effects estimates from the Hazard Model, Section 5.3.,
Specification (1), Table 6. The estimates are exponentiated coefficients. A coefficient of one equals
a zero effect because the covariates enter multiplicatively so that an exponentiated coefficient of
one means that the hazard rate “changes” by a factor of one (hence remains unchanged). 95%
confidence intervals are calculated using exponentiated standard errors.

B Connecting the data sets

Table A14: Exemplary snippet of CBS data

Year  Vehicle ID  Fuel Type Mass No. Cylinders First Admission  Owner ID

(1) 2019 10594820 Gasoline 1,205 4 2016 8431235
(2) 2019 86499389 Diesel 1,050 4 2007 r1343121
(3) 2019 47483920 Gasoline 890 3 2013 6548952
(4) 2019 51658952 Gasoline 1,300 4 1999 b3215912
(5) 2019 12354849 Diesel 1,560 6 2010 y1115626

(6) 2019 23598566 Electric 1,725 NA 2018 w8411112

Notes: This table is based exclusively on publicly available information from the RDWNPACTTAB
handbook on the CBS website, which describes the corresponding vehicle registration microdata
files accessible in the confidential CBS Microdata Environment. It does not contain any information
from the Microdata Environment. In particular, the “Vehicle ID” and “Owner ID” columns are
randomly generated numbers/letter-number-combinations.

In this section, I explain how I connect my two data sources (RDW and CBS) to
identify treated and untreated diesel car models. I use the RDWNPACTTAB data
sets from CBS. These data cover the entire universe of registered passenger cars in
the Netherlands every year on January 1 from 2014 to 2023. This data set contains

information on individual vehicles plus an identifier for their owners. Table A14
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provides an exemplary snippet of how the CBS data sets are structured, assuming
data from January 1, 2019 for illustration. One row in Table A14 corresponds to one
vehicle, identified by a dimensionless ID variable “Vehicle ID”. For every vehicle, CBS
provides, among other variables, the vehicle’s fuel type, vehicle mass in kilograms,
number of cylinders, and the year of first admission. CBS also provides information
on who owns the vehicle by means of an individual’s identifier variable “Owner 1D”.
Based on “Owner ID”, I can match covariates such as household disposable income,

gender, education level, marital status, place of residence, etc.

In terms of vehicle characteristics, the CBS data only contain information on vehicles’
fuel type, mass, number of cylinders, and the year of first admission. In the following,
I call these the “common variables” because these variables also show up in the data
from RDW that I subsequently utilize. The CBS data do not contain information on
make, model, and most importantly no information on registered PM emissions. In
order to figure out vehicles’ make, model, and PM emissions, I first group vehicles
based on the four common variables, and then ask when this grouping uniquely
identifies a car model. Consider, for example, the 1,050 kg, 4-cylinder diesel from
2007 in row (2) in Table A14. Let us assume I observe 150 individual vehicles with

these characteristics, as shown in Table A15.

Table A15: Exemplary snippet of CBS data

Year  Vehicle ID  Fuel Type Mass No. Cylinders First Admission = Owner ID

(1) 2019 86499389 Diesel 1,050 4 2007 r1343121
(2) 2019 51416322 Diesel 1,050 4 2007 h4165468
(3) 2019 20321599 Diesel 1,050 4 2007 nl1654681
(4) 2019 21215463 Diesel 1,050 4 2007 w1356423
(149) 2019 65216096 Diesel 1,050 4 2007 8976589
(150) 2019 84326918 Diesel 1,050 4 2007 a4685981

Notes: This table is based exclusively on publicly available information from the RDWNPACTTAB
handbook on the CBS website, which describes the corresponding vehicle registration microdata
files accessible in the confidential CBS Microdata Environment. It does not contain any information
from the Microdata Environment. In particular, the “Vehicle ID” and “Owner ID” columns are
randomly generated numbers/letter-number-combinations.

The natural question is whether all these vehicles are of the same make-model
and have the same level of PM emissions. If so, I can assign them a make-model
and a soot tax treatment status. The RDW data set on registered vehicles in the
Netherlands helps me with this endeavor. It contains the common variables (fuel
type, mass, number of cylinders, and year of first admission) plus more than seventy

other variables, such as the actual license plate number, list price, fuel consumption,
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number of doors, and importantly make, model, and PM emissions. The RDW data
are updated daily to always describe the current state of the Dutch vehicle fleet. 1
downloaded all available data on RDW’s Open Data website (opendata.rdw.nl) on
May 4, 2024.

Table A16: Exemplary snippet of RDW data

Day License Plate Fuel Type Mass No. Cylinders First Admission Brand Model PM emissions
(1) 24-05-04 VES42A Gasoline 1,150 4 2017 AUDI Al NA
(2) 24-05-04 BPE26W Gasoline 920 4 2004 FORD FIESTA NA
(3) 24-05-04 VXA31A Diesel 1,565 6 2013 BMW 5 0.0015
(4) 24-05-04 GPS75R Electric 1,700 4 2023 TESLA MODEL 3 NA
(5) 24-05-04 KWJ32N Diesel 1,370 4 2004 PEUGEOT 307 0.0210
4 2015 SEAT IBIZA NA

(6) 24-05-04 REE96F Gasoline 1,450

Table A16 provides a sense of how the RDW data looks like. I use this data
in the following way. Consider again the 150 vehicles from Table A15 with the
characteristics 1,050 kg, four cylinders, running on diesel, first admitted in 2007. The
natural question is “Are all these cars of the same make-model, and can I attribute
a certain level of PM emissions to them (which then determines treatment status)?”.
I do this by filtering the RDW data for all cars that have the same values of the

common variables. If I am lucky, I will get something like this:

Table A17: Exemplary snippet of RDW data

Day License Plate Fuel Type Mass No. Cylinders First Admission Brand Model PM emissions
(1) 24-05-04 BYI42G Diesel 1,050 4 2007 VW POLO 0.0240
(2) 24-05-04 MSN34Q Diesel 1,050 4 2007 VW POLO 0.0240
(3) 24-05-04 PAL44D Diesel 1,050 4 2007 VW POLO 0.0240
(4) 24-05-04 ANC23T Diesel 1,050 4 2007 VW POLO 0.0240
(N-1) 24-05-04 LAQT74F Diesel 1,050 4 2007 VW POLO 0.0240
(N) 24-05-04 SLS39N Diesel 1,050 4 2007 VW POLO 0.0240

This is the best case. All N cars in the RDW data with these values of the common
variables are (i) the same make-model (“Volkswagen Polo” in this example) and (ii)
have a PM emissions reading above or below the soot tax threshold of 0.005 g/km
(above in this example). In this case, I would then assign to all 150 vehicles in the
CBS data (Table A15) the make-model “VW POLO” and put them in the treatment
group because the inferred PM emissions are above the soot tax threshold. When
this assignment of a car model and a treatment status works, I call these vehicles
and this car model “identified”, because I can identify vehicles’ make-model and

treatment status in the RDW data based on the common variables.

Several things can go wrong that do not allow me to “identify” a car model and/or

its soot tax eligibility. First, a combination of values of the common variables may
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correspond to more than one make-model. This sometimes happens, in particular
with the German premium brands Audi, BMW and Mercedes-Benz. Their models
often have the same vehicle mass and number of cylinders, which makes it impossible
to distinguish them solely based on the common variables. I disregard these cases

because it would render fixed effect terms in Equation 4 or Equation 6 meaningless.

Second, a combination of values of the common variables may not uniquely identify
treatment status. Even within the same car model, some vehicles may have PM
emissions above the soot tax threshold while others may be below the threshold.
For example, some manufacturers have sold the same model both with and without
particulate filters for some time, sometimes at the buyer’s discretion. In such cases,

I cannot assign treatment status based on the common variables.

I allow for an error margin of five percent in my identification. That is, I consider a
car model and treatment status “identified” if at least 95% of vehicles with the same
values of the common variables (i) are of the same car model in the RDW data, and
(ii) have PM emissions either above or below the soot tax threshold. For example,
if I observed 100 vehicles in the RDW data with the same values of the common
variables, 97 of which are Audi A3 with PM emissions below the threshold and 3
are Skoda Octavia with PM emissions above the threshold, I would consider this
within my error margin and still assign an identified car model “Audi A3” and an

identified treatment status of “untreated”.

At the end of this process, I have an unbalanced panel data set with identified
vehicles spanning the years 2014 to 2023. In my main analysis, I restrict this data
set to diesel passenger cars with year of first admission between 2005 and 2008.
These are the vintages of diesel vehicles for which I have quasi-random variation in
filter status, and thus treatment status, due to the gradual rollout of filters in the
production process that constitutes my natural experiment. This data set on the
individual vehicle level is used in the hazard model analysis in Section 4.2 (once I
restrict the sample to vehicles that I continuously observe every year, either until

they disappear from the data permanently or until the last observation period).

This data set looks like the exemplary snippet in Table A18. For example, there
is diesel car 86499389, an identified Volkswagen Polo from 2007. I observe this car
every year until 2020 after which it disappears from the data. My interpretation

of this is that the event of “deregistration” (or equivalently “retirement”) occurs
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sometime during the year 2020 because the data is always from January 1. In other
words, I observe the car on January 1, 2020, but not anymore on January 1, 2021,
so that deregistration must have occurred sometime during the year 2020. I also
learn that the car switched hands sometime during 2016 from owner g2629269 to
owner 11343121, and that its type-approval PM emissions of 0.024 g/km exceed the
soot tax threshold of 0.005 g/km.

In contrast, the car 51658952, a 2008 Peugeot 308, has PM emissions below the soot
tax threshold, has never switched hands (always registered in the name of owner
p7546245), and is not deregistered during the observation period. It is still registered

at the last time of observation on January 1, 2023.

Table A18: Exemplary snippet of individual vehicle level data set

Year Vehicle ID Fuel Type Mass Cylinders First Admission Owner ID Brand Model PM
(1) 2014 86499389 Diesel 1,050 4 2007 g2629269 VW POLO 0.0240
(2) 2015 86499389 Diesel 1,050 4 2007 £2629269 Vw POLO 0.0240
(3) 2016 86499389 Diesel 1,050 4 2007 £2629269 Vw POLO 0.0240
(4) 2017 86499389 Diesel 1,050 4 2007 r1343121 VW POLO 0.0240
(5) 2018 86499389 Diesel 1,050 4 2007 r1343121 VW POLO 0.0240
(6) 2019 86499389 Diesel 1,050 4 2007 r1343121 VW POLO 0.0240
(7 2020 86499389 Diesel 1,050 4 2007 r1343121 Vw POLO 0.0240
(8) 2014 51658952 Diesel 1,300 4 2008 p7546245 PEUGEOT 308 0.0020
9) 2015 51658952 Diesel 1,300 4 2008 p7546245 PEUGEOT 308 0.0020
(10) 2016 51658952 Diesel 1,300 4 2008 p7546245 PEUGEOT 308 0.0020
(11) 2017 51658952 Diesel 1,300 4 2008 p7546245 PEUGEOT 308 0.0020
(12) 2018 51658952 Diesel 1,300 4 2008 p7546245 PEUGEOT 308 0.0020
(13) 2019 51658952 Diesel 1,300 4 2008 p7546245 PEUGEOT 308 0.0020
(14) 2020 51658952 Diesel 1,300 4 2008 p7546245 PEUGEOT 308 0.0020
(15) 2021 51658952 Diesel 1,300 4 2008 p7546245 PEUGEOT 308 0.0020
(16) 2022 51658952 Diesel 1,300 4 2008 p7546245 PEUGEOT 308 0.0020
(17) 2023 51658952 Diesel 1,300 4 2008 p7546245 PEUGEOT 308 0.0020
(18) 2014 32592631 Diesel 1,775 6 2006 54284631 BMW 5 SERIES 0.0003
(19) 2015 32592631 Diesel 1,775 6 2006 54284631 BMW 5 SERIES 0.0003
(20) 2016 32592631 Diesel 1,775 6 2006 54284631 BMW 5 SERIES 0.0003
(21) 2017 32592631 Diesel 1,775 6 2006 54284631 BMW 5 SERIES 0.0003

Notes: This table is based exclusively on publicly available information from the RDWNPACTTAB
handbook on the CBS website, which describes the corresponding vehicle-registration microdata
files accessible in the confidential CBS Microdata environment. It does not contain any information
from the Microdata Environment. In particular, the “Vehicle ID” and “Owner ID” columns are
randomly generated numbers/letter-number-combinations.

Now, to obtain the data on the car model level that I use in my Difference-in-
Differences analysis, I aggregate the individual vehicle level data as in Table A18 on
the car model level, creating a variable “Number of registered vehicles” that counts
how many individual vehicles of each identified car model are registered in each
period. Having aggregated the data on the car model level, I get a sample as in
Table A19. The data set becomes a balanced panel data set on the car model x year
level. I follow every identified car model over the ten years 2014 to 2023, counting
the number of registered vehicles (“No. of vehicles”) in every year. Because these

are old cars from the mid-2000s, their numbers tend to go down from year to year.
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The natural logarithm of “No. of vehicles” is the outcome on which all the results in

Section 5.1. are eventually based on, providing me with estimates for the percent

effect of the soot tax on total vehicle holdings.

Table A19: Exemplary snippet of individual vehicle level data set

Year Fuel Type Mass Cylinders First Admission Brand Model PM No. of vehicles
(1) 2014 Diesel 1,050 4 2007 Vw POLO 0.0240 169
(2) 2015 Diesel 1,050 4 2007 Vw POLO 0.0240 162
(3) 2016 Diesel 1,050 4 2007 VW POLO 0.0240 156
(4) 2017 Diesel 1,050 4 2007 VW POLO 0.0240 150
(5) 2018 Diesel 1,050 4 2007 VW POLO 0.0240 144
(6) 2019 Diesel 1,050 4 2007 VW POLO 0.0240 137
7) 2020 Diesel 1,050 4 2007 VW POLO 0.0240 131
(8) 2021 Diesel 1,050 4 2007 VW POLO 0.0240 117
9) 2022 Diesel 1,050 4 2007 VW POLO 0.0240 102
(10) 2023 Diesel 1,050 4 2007 Vw POLO 0.0240 85
(11) 2014 Diesel 1,300 4 2008 PEUGEOT 308 0.0020 242
(12) 2015 Diesel 1,300 4 2008 PEUGEOT 308 0.0020 233
(13) 2016 Diesel 1,300 4 2008 PEUGEOT 308 0.0020 224
(14) 2017 Diesel 1,300 4 2008 PEUGEOT 308 0.0020 212
(15) 2018 Diesel 1,300 4 2008 PEUGEOT 308 0.0020 199
(16) 2019 Diesel 1,300 4 2008 PEUGEOT 308 0.0020 186
(17) 2020 Diesel 1,300 4 2008 PEUGEOT 308 0.0020 175
(18) 2021 Diesel 1,300 4 2008 PEUGEOT 308 0.0020 161
(19) 2022 Diesel 1,300 4 2008 PEUGEOT 308 0.0020 148
(20) 2023 Diesel 1,300 4 2008 PEUGEOT 308 0.0020 136
(21) 2014 Diesel 1,775 6 2006 BMW 5 SERIES 0.0003 208
(22) 2015 Diesel 1,775 6 2006 BMW 5 SERIES 0.0003 200
(23) 2016 Diesel 1,775 6 2006 BMW 5 SERIES 0.0003 193
(24) 2017 Diesel 1,775 6 2006 BMW 5 SERIES 0.0003 183
(25) 2018 Diesel 1,775 6 2006 BMW 5 SERIES 0.0003 175
(26) 2019 Diesel 1,775 6 2006 BMW 5 SERIES 0.0003 167
(27) 2020 Diesel 1,775 6 2006 BMW 5 SERIES 0.0003 161
(28) 2021 Diesel 1,775 6 2006 BMW 5 SERIES 0.0003 151
(29) 2022 Diesel 1,775 6 2006 BMW 5 SERIES 0.0003 139
(30) 2023 Diesel 1,775 6 2006 BMW 5 SERIES 0.0003 208

C A exemplary model of vehicle replacement

Consider a simple random utility formulation that rationalizes vehicle replacement

decisions. Let T; = T (g;) be today’s residual value of old car ¢ that positively depends

on vehicle quality ¢;. Let t; = t (¢;) be the registration fee that is due when its owner

decides to keep old car i. In the spirit of Jacobsen and van Benthem (2015), car

owners face a recurring random repair cost shock. The random repair cost shock

in my model, z;, is defined as a share of the car’s residual value so that z; lies in

the unit interval, z; € (0, 1]. Realized repair costs ¢; are then given by ¢; = T; - z;. 1

assume that the distribution of the random repair cost shock z; depends on vehicle

quality ¢;, hence z; ~ F, (- | ¢;). I further assume that F, (- | ¢;) is decreasing in ¢

in the first-order stochastic dominance (FOSD) sense:

¢ <q¢" = F.(2|¢)<F.(z|d") V2 A Fz: F.(z|¢) < F.(z|¢")
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This property says that draws of z are stochastically larger for lower values of vehicle
quality ¢ because, by the nature of low quality, such vehicle parts tend to break

down more frequently, requiring higher repair costs (relative to residual value).

A simple random-utility formulation for the utility of keeping the old car i is

US = a+ylog(T; — ¢;) — ylog (t;) +mi + €
= a+7log(Ti (1 - z)) — ylog (t:) +m; + ¢
= a+ylog (T;) +ylog (1 — ) — vlog (t:) +m + €*
~ a+7ylog(T;) — vz — ylog (t;) + i + €
= a+7 (log (T;) —log (t:) — zi) + i + €

The utility of keeping the car depends positively on the car’s residual value net of
repair costs, T; — ¢;, and negatively on the registration fee t;. For simplification, I
assume that both factors share the same coefficient «, and I use log(1 — z) ~ —x
for small = in the fourth row. The logarithmic structure of the utility captures that
residual values generally develop as a percentage of the initial new car value. An
2% lower residual value should have the same effect on utility regardless of the car’s
absolute residual value. Logs also naturally capture diminishing sensitivity because
a loss of, for instance, €1,000 in residual value should have a larger effect on utility
the lower the baseline residual value is. Logs further reduce skewness to right-hand
side outliers and turn multiplicative measurement errors into additive terms. This
matters in particular with respect to measurement error in vehicle residual value,
which is likely to be multiplicative rather than additive. Lastly, the unobserved term

n; captures both vehicle- and owner-specific factors.

The utility of replacing old car ¢ is given by
UiR = bz + 6?

The utility of replacing is expected scrap value b; = b(g;) plus some idiosyncratic
shock to the scrap value €. The expected value depends positively on vehicle
quality b;; higher-quality vehicles yield higher scrap value in expectation. It follows
that the difference between the utility of keeping and replacing is then given by
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AU; = U = U = (a—b;) + v (log T; —log t; — z) +n; + (e — €ff)

2

I define r; = f— as the ratio of car i’s residual value to its registration fee liability.
K

I collect terms in o, =a+mn; —b; and ¢; =€ — elR. We get the following compact

formulation for the utility difference:
AU; = o + v(log ri —z) + €

The straightforward decision rule is that the owner keeps old car ¢ if AU; > 0,
replaces it if AU; < 0, and is indifferent if AU; = 0. Therefore, given a realized repair

cost shock z;, the probability that the owner replaces is given by

P (replace | z;,¢;) = Pr(AU; <0 | z;,q)
= Pr(oy + v(log ri —2z) + ¢ < 0)
= Pr(e < vz —a; —vlogr;)

= A(yzi —a; —ylogm)

x;(24,q5)

Pi(zi,q) = Nz, q1))

The last row follows from my assumption that the error ¢; is a logistic error so that

the CDF of P; is of the form A(z) = H% The replacement probability

- increases with the repair cost shock z;
(more expensive repairs = replacement more likely);
- increases with scrap value b;

(higher scrap value b; = lower «; = replacement more likely);
- decreases with ratio r;

(higher residual value relative to registration fee = replacement less likely).

Because I assume z | ¢ ~ F,(-|¢q), I can express the replacement probability

unconditioned on z as

Fi(qi) = Eag [A(2i(2,6))]

Now, I can show how the replacement probability P;(g;) increases when the (log)
ratio of residual value to registration fee liability shrinks. That is, both a lower

residual value and a higher registration fee liability make replacement more likely:
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OP; (q;) _ d
dlogr;  Ologr;

= Ez|% N ('ri(zv ql)) ’

E.lq (A (z4(2,¢:))]

dlogr;

= —- ]Equi [A (xl-(z, qz)) (1 —A (xi(27 Qz)))]
= —v-M(q)

<0

In the second-to-last line, I define M (q;) = E.jq, [A (zi(2,¢:)) (1 — A (2i(2, ¢:)))]. Now,
we can use this derivative to elicit the effect of the soot tax on a vehicle’s replacement

probability. The soot tax 7 exogenously increases the registration fee from ¢ to

(1 + 7) t and thereby changes the residual-value-to-fee ratio from r = % tor’ = ﬁ
This is equivalent, in terms of logr, to Alogr = logr’ —logr = —log(l+ 7).

Accordingly, I use a first-order approximation for the change in the individual
replacement probability P;, namely AP, = P, (') — P;(r), when logr; changes by
Alogr; = —log (14 7):

AP () = G
= =7 M(z,q)- (—log(1+7))
= -log(1+7)-M(g)

|7“z-:7” A log T

Note that AP; < 0 when 7 < 0. The individual replacement probability P; goes down,
which means that keeping the car becomes more appealing, when the registration
fee decreases. In parallel, when 7 > 0 so that AP; > 0, the higher registration fee

increases the utility of replacing so that car ¢’s replacement probability P; goes up.

Now, we can look into the empirical finding that lighter cars respond more strongly
to the soot tax than heavier cars. Besides vehicle mass, a light car [ differs from a
heavy car h mainly in its quality. In Europe, the average light car [ has a substantially

lower vehicle quality than the average heavy car h, ¢ < g. Because T; = T'(¢;) and

o,

o0 > 0,q, > q = 1Tp > T;. The heavy and higher-quality car h has a higher

residual value than the light and lower-quality car [ (at the same vehicle age).
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The Dutch registration fee schedule penalizes vehicle mass so that ¢, > t;. The
registration fee for heavy car h is higher than for light car [. The data (Figure A14)
indicate that % > i—}; & z—: > tzll & 1y, > 1. Car h’s residual-value-to-fee ratio ry,
is higher than car [’s ratio r; because residual values diverge more than registration

fees.

We can now see how quality differences between the light car [ and the heavy car
h explain both their differing baseline replacement probabilities as well as their
differential responses to the soot tax. First, because Pi(¢;) = E.j4 [A (2 (2,¢))] =
E.q [A (72 — a; — ylogr;)], the effect of vehicle quality on the baseline replacement
probability is threefold because (i) the distribution of z, (ii) «;, and (iii) r; all
depend on ¢;. Differentiating with respect to vehicle quality ¢ and defining h(z, q) =
A (z(z,q)) for brevity yields

0P, 0
P - _Ez|q [h(Z, q)]

q¢ Oq
0
~ 5 [ ne sGlaa:

:/%m@@ﬂmmh

:/ah(;q’ 7) f(zlg)d= + /aféjq) h(z,q)dz

- [PED sl + [ i) ZELED ) a

=E. 4 [0,h(2,q)] + E. [M(2,q)s(2|q)]

I apply the Leibniz rule in the second line and use the definition of the score

s(z|lq) = 0,log f(z|q) of a conditional distribution in the last line.

The first term in the last line is the expectation of d,h(z, ¢) conditional on ¢. This is

0y h(z,q) = 0, Ma(z,q))
= N(z) - 9, 2(z,q)

) - (~at) -0

7(q)

A'(z) > 0 holds true by the nature of a CDF. We further have o/(¢) < 0 because
alq a — b(q) and b'(¢) > 0 (higher quality raises scrap value), and we have
7,,/

) =
(q) > 0 because of the empirical observation displayed in Figure A14 that higher
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vehicle quality is associated with a residual-value-to-fee ratio r. A priori, the sign of

E.|q [O4h(2, q)] is unclear.

The second term is E.|q [h(z,q)s(z|q)] = E.q[A(2(2,q))s(z]q)]. It captures how
the entire distribution of repair cost shocks z moves with ¢g. A marginal increase in ¢
shifts z to the left in the sense of FOSD. In expectation, the product A (x(z, q))-s(z|q)
is negative under a leftward (FOSD) shift of z for larger ¢q. Accordingly, we have

OP,
0 = E.j, [0,h(z, q)l—i—EEzm [h(z, Q)S(Z’(J)l
%) <0

A priori, the effect of vehicle quality on the replacement probability is unclear.
Higher vehicle quality reduces the expected repair cost shock and increases the
residual-value-to-fee ratio, both of which make vehicle replacement less likely, but
raises scrap value and thereby makes vehicle replacement more likely. Empirically,
I find consistent evidence for ? < 0. For instance, Figure 3b clearly shows that
treatment group car models, which are on average lighter and of lower quality, have
higher baseline replacement probabilities than the heavier and higher-quality car

models from the control group even before the soot tax was introduced.

To rationalize this, recall that the sign of E.|, [04(2, ¢)] depends on the relative size
of the “scrap value channel” and the “residual value channel” (how vehicle quality
affects both scrappage as well as residual value, respectively). It is plausible that
the residual value channel dominates the scrap value channel. High-quality cars are
often of a reputable brand, carrying value beyond their pure vehicle parts. This
makes the residual value of the heavy, high-quality car A larger than that of the
light, low-quality car [ because of the higher value vehicle parts and because of its
brand. The scrap value, in contrast, is only determined by the value of the actual
vehicle parts regardless of brand. Once it is disassembled and scrapped, the brand
premium ceases to exist and the vehicle’s scrap value will only depend on the raw

materials.

Accordingly, the difference in scrap value between cars [ and h is smaller than the
difference in residual value while the car is still in one piece. Hence, |r'(¢)| > |&/(¢)],
which in turn makes it relatively likely that E., [0;h(2, ¢)] < 0. This in combination
with E. |, [h(2,q)s(2]|q)] < 0 (the higher expected repair cost shock for car [ relative
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0P, -
to car h) rationalizes the empirical finding that — < 0, from which it follows that

dq
P(q) > Pu(gn)-

Now, I can finally show that soot tax has a larger effect on light cars [ than on heavy
cars h. The soot tax 7 exogenously decreases r, keeping everything else constant.
As shown before, the approximate change in the replacement probability due to the
soot tax 7 is

AP(q;) =y -log(1+7)- M(z, ¢)

How does this change with ¢? It holds true for the derivative of AP; to ¢ that

OAP, 0M(z,q)
x

dq dq
x B (A o(,0) (L~ A (7(2,0)]
x Byl = Ma( 0] | 5B Mol 0)]| + B [Ae(.0)] | - Bui 1 = Aol )
o | B A1) - (B [1 = A1) ~ B A (2,00

We know from before that %Z' = %Ez‘q [h(z,q)] = a%IEZ‘q [A(z(z,q))] < 0. In addition
to that, actual outflow rates of old diesel cars are in the range of 10 to 30% per year.
I interpret outflow rates as realizations of replacement probability to narrow the
relevant range of values of the replacement probability P;(¢;) = E.j, [A (i (2, ¢))]
to an interval P; € (byin, bmae) bounded by some b, > 0 and by, < 0.5. This

restriction provides us with the sign of %qpi:

8§qu X | %Ezq [A(z(z,q))] /~ {E,ﬂq 11— ;/E(x(z, q)] — E. [A(i; 2 )] < 0

Hence, the soot tax induces a larger change in the replacement probability when
vehicle quality is lower. This is exactly what I find in my heterogeneity analysis
in Section 5.1. Figure 5 shows that the effect of the soot tax is larger for lighter
car models, which are of lower quality on average. Similarly, when differentiating
by average household disposable income of vehicle owner, the same patterns arises
because owners of light (heavy) car models have low (high) disposable incomes on

average.
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D Endogenous sorting

One threat to identification is endogenous sorting into treatment and control group
after the soot tax was announced but before it was actually implemented. This could
happen if, for instance, the announcement of the soot tax alone changes the residual
value of eligible and ineligible cars in the second-hand market. Owners of polluting
diesel vehicles may replace them with similarly aged but clean diesel vehicles to
avoid the soot tax. This could inflate the lifetime of control group vehicles. In the
absence of the soot tax, previous owners might have scrapped these vehicles. With
the tax in place, however, they might choose to sell them instead, since owners of
polluting diesels may now have a higher willingness to pay for control-group cars.
At the same time, although presumably less likely, the soot tax might also induce
certain individuals to acquire a polluting diesel vehicle on the second-hand market
and bear the soot tax if these individuals have strong enough preferences for certain

diesel models.

One way to test for such endogenous sorting into treatment and control group is to
predict characteristics of vehicle owners using the treatment dummy. I do so with
a DiD regression on the vehicle level. The soot tax was announced in July 2016,
so registration data from January 1, 2016 should accurately represent the vehicle
stock before any sorting could have occurred. The soot tax was initially planned
for January 1, 2019, but the government announced its postponement only a few
months beforehand, so any anticipatory sorting should have occurred before that
date. I therefore assess sorting by comparing the vehicle stock on January 1, 2016

to that on January 1, 2019.

I draw on the 342 car types that I use to derive my main results in Section 5.1. I
restrict the sample to vehicles observed in every year from 2016 to 2019. This yields
26,964 vehicles belonging to 342 car types from the 2005-2008 diesel sample. I run
the following regression equation, using 2016 as the pre- and 2019 as the post-sorting

period:
chary = vo + 1 D; + o PostSorting; + v3D;PostSorting; + ug (10)

My outcome is household /vehicle owner characteristic char of vehicle ¢ in year ¢. I

regress this in a straightforward DiD design on D;, a dummy indicating whether
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vehicle i is in the treatment group (will be subject to the soot tax), a dummy
indicating post-sorting year 2019, and their interaction. The coefficient of interest,

~3, should be statistically equal to zero in the absence of sorting.

Table A20 summarizes the results, column by column, for all outcomes of interest.
The first column looks at the outcome log owner age. We observe a few things.
First, the significant and negative coefficient on the treatment group indicator D
shows what we have already seen in Table 2: owners of treated diesel vehicles are
on average younger than those of control diesel vehicle. Second, the insignificant
coefficient on PostSorting indicates that these diesel vehicles tend to be sold to
younger owners. If all owners had hold onto their vehicles, the coefficient would be
significant and positive since all owners would have become three years older. Third,
and most importantly, the coefficient on the interaction term D x PostSorting is
insignificant. The owner age structure between treatment and control group vehicles
has not significantly changed between 2016 and 2019, so there is no evidence for

endogenous sorting.

Column (2) considers the outcome log household disposable income. The coefficient
on D highlights that owners of treatment group vehicles generally have lower incomes
than those of control group vehicles. We look at nominal incomes and these increase
over time, as indicated by the positive and significant coefficient on PostSorting.
Most importantly, the coefficient on the interaction term D x PostSorting is in-

significant, so we do not find evidence for endogenous sorting with regard to income.

In contrast to the first two columns, the coefficients on D x PostSorting turn out
statistically significant in columns (3) to (6). By 2019, owners of treatment group
vehicles are more likely to be married, be male, live in more densely populated areas,
and are less likely to be homeowners. At the same time, these results can be plausibly

rationalized with other factors than sorting based on future soot tax treatment.

Column (3) indicates that owners of treated diesel vehicles are more unlikely to be
married, but that this gap significantly shrinks over time. The group of treated diesel
car owners, however, is inherently more likely to get married over the three-year
window. They are on average younger than owners of control group cars and more
likely to be of an age when people generally marry (for the first time). The same
phenomenon may also explain the significant coefficient on the interaction term

in column (4). Insurers in the Netherlands often offer discounts called “family car
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arrangements” when multiple vehicles in the same household are insured under the
same policyholder. Because owners of treatment group vehicles are more likely to
get married during the observation period, some of these vehicles may have changed
ownership on paper to benefit from these insurance discounts, which could in turn

help explain the shift in the share of male owners.

Column (5) considers the outcome homeownership. The estimated coefficient of
D x PostSorting takes on the opposite sign of what sorting would imply. Homeown-
ership rates are lower in the treatment group already in 2016. If owners of treatment
group diesel cars switch to control group vehicles, this would reduce differences in
homeownership rates and generate a positive coefficient for TG x Post, the opposite

of what we find.

It remains the outcome population density in column (6). In 2016, there are no
differences in population density between treatment and control group diesel cars,
however, by 2019, the former tend to relocate to more densely populated areas.
This pattern is consistent with sorting based on fuel expenses. Diesel prices in the
Netherlands rose sharply by almost 30% between January 2016 and January 2018,
before declining again by about 10% until January 2019. Higher diesel prices may
have heightened consumers’ sensitivity to fuel efficiency, encouraging households in
denser areas to opt for smaller and more fuel-efficient diesel models. Since treatment
group diesel cars tend to be lighter and more fuel-efficient than their control group
counterparts, sorting based on changing fuel prices, not the soot tax, rationalizes

well the positive and significant coefficient on D x PostSorting in column (6).

In general, household disposable income and owner age should have the largest impact
on vehicle replacement decisions. Income is a direct determinant of the frequency
and price sensitivity of households’ vehicle turnover. Owner age presumably matters
because of lifecycle preferences. Whereas young people tend to acquire used cars and
plausibly delay vehicle replacement because of a higher risk tolerance, middle-aged
people may have grown more risk-averse, therefore preferring newer cars and more
frequent replacements. Given that the estimated coefficients on the interaction term
in columns (1) and (2) are insignificant, and given that the significant estimates in
columns (3) to (6) are rationalizable with other circumstances, I view the results as

providing little support for the notion of endogenous sorting.
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Table A20: Results for endogenous sorting

1) (2) 3) (4) () (6)

In(age) In(inc) married male homeowner In(pop dens)
Intercept 3.893*** 10.99%** 0.677%** 0.835%*** 0.889*** 6.459%**
(0.002) (0.005) (0.004) (0.003) (0.003) (0.009)
D -0.107*¥*  -0.229%FF  _0.097FF*F  -0.116%*** -0.124%** 0.005
(0.004) (0.007) (0.006) (0.005) (0.005) (0.014)
PostSorting 0.002 0.029%**  -0.041%** -0.006 -0.039%** 0.004
(0.003) (0.006) (0.005) (0.005) (0.004) (0.013)
D x PostSorting 0.003 0.004 0.002** 0.013* -0.047%%* 0.086%**
(0.005) (0.010) (0.008) (0.007) (0.007) (0.020)
No of obs. 53,928 53,928 53,928 53,928 53,928 53,928
Adj. R? 0.031 0.036 0.009 0.017 0.040 0.001

E Administrative Data

This paper utilizes administrative microdata provided by Statistics Netherlands
(CBS), which covers the entire population of Dutch residents. The data comprise
a range of individual- and household-level registers accessible through a secure
remote access environment.?? All datasets can be linked at the individual level via
encrypted personal identifiers. My analysis draws on several key sources. First, I
utilize annual data on vehicle ownership in the Netherlands. This record allows me

to identify which individual person owns which vehicle at what point in time.

The vehicle data is matched to household income data of the household the
individuals are a part of, individuals’ gender and age, education level, marital
status, and place of residence. All these mergers occur based on the variable
RINPERSOON, which is an encrypted identifier for an individual across all used
datasets in the CBS microdata environment. The following section provides further
detail on the primary datasets used in the analysis. Documentation for each dataset
is accessible via the embedded hyperlinks in their names. Table A21 displays all the

data sources.

RDWNPACTTAB: This dataset contains information on every individual vehicle
of the entire fleet of registered vehicles in the Netherlands, on January 1 of the
respective year. The data comes directly from RDW, the Dutch motor vehicle
agency responsible for vehicle registration and MVT collection. This data registers a
vehicle’s owner, the vehicle’s fuel type, year of first registration, number of cylinders,

empty mass, color, and vehicle type.

22 See the UBS website for a detailed catalogue of all available administrative datasets
(in  Dutch): https://www.cbs.nl/nl-nl/onze-diensten /maatwerk-en-microdata/microdata-zelf-
onderzoek-doen/catalogus-microdata
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INHATAB: This data set contains information on a household’s income, including
taxable, gross, and disposable income, as well as on household composition
(one-person household, two-person household, multi-person household, with or
without children that are minors or adults) and a household head id to identify

which individuals live in the same household.

GBAPERSOONTAB: This dataset contains basic demographic information

about individuals, including their gender and their year of birth.

HOOGSTEOPLTARB: This dataset contains information on the highest finalized

education of an individual.

GABHUISHOUDENSBUS: This dataset contains information on an individ-
ual’s marital status by indicating the household type, partitioned among several

dimensions, one of which is marital status.

GBAADRESOBJECTBUS: This dataset contains information on individual
addresses. It contains identifiers for the actual building someone lives in, the quarter,

the municipality, and the region.

Table A21: Administrative datasets

Key Variables Included Name of Datasets Years Used
Vehicle empty mass RDWNPACTTAB 2013-2023
Vehicle first year of registration

Vehicle number of cylinders

Vehicle fuel type

Vehicle encrypted plate number

Vehicle type

Vehicle owner type

Vehicle number of cylinders

Household disposable income INHATAB 2013-2023
Household composition

Household head id

Vehicle owner’s gender GBAPERSOONTAB 2013-2023
Vehicle owner’s year of birth

Vehicle owner’s education level HOOGSTEOPLTAB 2013-2023
Vehicle owner’s marital status GBAHUISHOUDENSBUS 2013-2023

Vehicle owner’s place of residence =~ GBAADRESOBJECTBUS 2013-2023
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