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Abstract

Electric vehicles (EVs) are a key tool for reducing emissions in the transportation
sector, which remains the only EU sector with increasing emissions since 1990. One of
the main external barriers to EV uptake is the availability of public charging infras-
tructure. This paper investigates how the rollout of public charging stations affects
EV adoption across Danish municipalities. Using a staggered difference-in-difference
design, I estimate the causal effect of introducing the first public charger in a munici-
pality. The results show a statistically significant increase of 0.47 EVs per 1,000 capita,
with a noticeable effect only emerging around two years after treatment—Iikely reflect-
ing the high cost and long decision time involved in private personal vehicle purchases.
I additionally explore heterogeneity and find that the effect is significantly larger for
high-income and urban municipalities as well as for municipalities with a larger initial
share of EV’s. I also find that EV’s to a large extent substitute internal combustion
engine (ICE) vehicles. Finally, I also estimate a positive effect of a Danish policy from
2021 which invested in public charging infrastructure. These findings offer insights for
more targeted and socially balanced policy interventions.
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1 Introduction

Climate change remains one of the biggest threats to individuals, states and economies
across the world, and large efforts must be made to mitigate the consequences by reduc-
ing greenhouse gas emissions. While the European Union (EU) has managed to reduce
emissions from almost all sectors in recent years, the transportation sector has seen
increasing emissions since 1990 as the only EU sector (EEA, |2025). Within the trans-
portation sector, road transport emissions account for almost three quarters of the total
emissions (European Environment Agency, 2022), making road transport a key sector
for climate change mitigation in the EU. Relatively new technological developments of
battery-driven electric vehicles (EV) have created an opportunity to decrease emissions
from road transport, given that EV’s emit much less greenhouse gases if running on clean
energy compared to traditional internal combustion engine (ICE) vehicles running on fos-
sil fuels. The European Parliament has therefore banned the sale of all new ICE vehicles
from 2035 as part of the 2050 objective of carbon neutrality (European Parliament, |2022).
At the time of writing, member nations have less than 10 years remaining to ensure that
consumers and EV markets are ready for the ban on ICE vehicles. In addition to green-
house gas emission reductions, EV’s also make less noise and do not pollute locally - one
of the biggest health risks for urban citizens (EEA, 2025). A transition to an electrified
transportation sector is thus beneficial for climate change mitigation, public health and

noise levels.

This paper engages with a potential barrier to EV uptake: public charging infrastructure.
Barriers to EV adoption can generally be characterised as internal or external (Coffman
et al., 2017)). While internal barriers could be the driving range, charging time or price
of the EV, external barriers refer to charging infrastructure and relative fuel prices (Coff-
man et al., 2017). Although policymakers can intervene on both the internal and external
barriers, several studies find interventions on the external side, specifically regarding pub-
lic charging infrastructure, to be more inexpensive and effective than intervening on the
internal side through subsidies or tax benefits for EV owners (Chandra et al., [2010; S. Li
et al., 2017; Yan, |2018)). A few studies estimate the effect of public charging infrastruc-
ture on EV adoption rates in the US (Narassimhan & Johnson, [2018]), Sweden (Egnér
& Trosvik, 2018), and Germany (Illmann & Kluge, 2020; Sommer & Vance, 2021). All
studies find a positive correlation between charging infrastructure and EV adoption, and

[llmann and Kluge (2020)E| find the direction of causality to be going from charging in-

Mlmann and Kluge (2020) investigate monthly patterns of private EV registrations in Germany
from 2012-2017. They use a cross-sectional augmented autoregressive distributed lag-model to estimate
the effects of public charging infrastructure. The results are rather modest compared to unobservable
common factors such as vehicle models or general eco-friendly trends, but the effect is notably larger
for fast chargers compared to normal chargers. Granger causality suggests that the effect runs from
infrastructure to EV registrations.



frastructure to EV adoption. Although the literature has grown in recent years, the topic
still remains relatively new and unexplored given the recency of the EV as a component

in advanced economies.

This paper addresses the question of how public charging infrastructure affects EV adop-
tion. The analysis focuses on municipalities in the EU member state Denmark in the
period from January 2018 to February 2025. This is a particularly relevant country for
EV’s because of the large share (81%) of renewable energy sources in Denmark’s elec-
tricity mix (IEA, 2024), and given that renewable energy is a key condition for EV’s
to be a more sustainable solution than ICE vehicles. With monthly data from GeoFA
Danmark and Statistics Denmark, I make use of the staggered investments in public
charging stations to estimate a staggered difference-in-difference analysis between mu-
nicipalities treated with public charging infrastructure and those not yet treated with
public charging infrastructure. This identification strategy is well-suited for the setting,
given that Danish municipalities did not implement charging infrastructure at the same
time. The methodological approach, developed by Callaway and Sant’Anna (2021)), al-
lows me to estimate the causal effect of public charging infrastructure on EV adoption
and explore the dynamic effects across time. The results reveal that implementing the
first charging station leads to a statistically significant increase of 0.47 EV’s per 1000
inhabitants. Additionally, assessing the heterogeneity over time suggests that it takes
around two years from the first charging station and until a positive reaction from EV
consumers. This lag in effect is reasonable because buying a new vehicle is one of the
major parts of household budgets. Potential EV adopters therefore need some time from

seeing the new charging possibilities until deciding to buy a new or change private vehicle.

I make four contributions to the existing literature on EV’s. I first contribute with the
baseline estimation by exploiting the variation in charging infrastructure across Danish
municipalities to find evidence from a country that is yet to be analysed in this con-
text. Denmark is not only relevant because of its renewable energy mix, but also because
the EV market has accelerated in recent years, making the findings relevant for other
countries seeking to stimulate premature EV markets. I secondly contribute with results
suggesting that the effect is larger in high-income municipalities than in low-income mu-
nicipalities. This is done by exploring heterogeneity between high-income and low-income
municipalities. While other studies have identified free-rider effects of policy interventions
such as subsidies and tax benefits (Chandra et al., 2010; Muehlegger & Rapson, 2018;
Trotta & Sommer, [2024), no study has as far as I know investigated the socioeconomic
component of public charging infrastructure. It is of interest for policymakers to know
whether the effect of charging infrastructure differs across different income segments of

the population as it allows for a sober comparison of different policy instruments and



their derived effects on social dynamics. My third contribution builds on social contagion
theoryP] as I find that the effect of public charging infrastructure is larger in municipali-
ties with a relatively larger initial share of EV’s. This is done through a heterogeneous
analysis splitting the sample of municipalities depending on the initial share of EV’s in
each municipality. While other studies have discussed the social network component of
EV adoption (Breschi et al., 2020; Encarnagao et al., 2018; Wolf et al., 2015), no other
study has empirically assessed the combined influence of new infrastructure and social
contagion from other EV adopters. My final contribution is an empirical assessment of
an assumption in the EV literature that no other study to the best of my knowledge has
questioned; namely that more EV’s must equal less ICE vehicles. By analysing patterns
in ICE vehicle registrations, I provide insights on whether EV’s substitute or complement
ICE vehicles. The results suggest that EV’s to a large extent substitute ICE vehicles,
which emphasises the potential for emission reductions of an electrification of the trans-

portation sector.

The rest of the paper is structured as follows. In [section 2] the background for the
investigation is presented, both in terms of the conceptual framework of EV’s and the
institutional context of Denmark. In [section 3| T describe the sample, unit of analysis,
data and empirical strategy, i.e. the causal identification strategy, its assumptions and
the main equations for estimation. All results are presented in [section 4], which also
discusses possible mechanisms in light of related literature as well as the policy implica-
tions. Finally, sums up the main conclusions of the paper and points towards

limitations and future avenues of research.

2 Background

2.1 Conceptual framework: Electric vehicles

This paper is based on a relatively new, but growing breach of literature that examines
the real concern of barriers to electric vehicle uptake. Coffman et al. (2017) group the
barriers to EV adoption into internal and external factors. Internal barriers consist of
e.g. higher prices of EV’s, the charging time of the vehicle, and the potential driving
range. External barriers could be the relative fuel prices between kWh and fossil fuels,
and the lack of public charging infrastructure. Political initiatives have the potential to
impact both internal and external barriers. For example, the prices of EV’s can be influ-

enced through policies altering the registration taxes of EV’s. Trotta and Sommer (2024)

2social contagion theory suggests that behaviours, emotions, or ideas can spread through social net-

works much like a virus, as people unconsciously mimic and adopt what they observe in others. It em-
phasises the role of peer influence and shared environments in shaping individual and group behaviour
(Christakis & Fowler, 2013)).



examine the implementation and subsequent removal of a registration tax exemption in
Denmarkﬂ They find that while the exemption did have a positive effect on EV adoption,
it also created substantial freerider effects; richer consumers who were going to buy an
EV either way benefit from the tax exemption. Muehlegger and Rapson (2018) also find
that EV subsidies have very limited effects on EV adoptions for low- and middle-income
households. This questions the additionality effect of policy interventions like subsidies
or tax credits and suggests that interventions in the form of tax exemptions benefit the
richest people the most (Muehlegger & Rapson, [2018; Trotta & Sommer, 2024)).

External barriers to EV adoption can also be influenced through taxes on fossil fuels or
emissions as well as the construction of public charging infrastructure. Given that actual
charging infrastructure was very limited 10-15 years ago, some of the earliest studies in the
literature use stated preferences to survey potential EV consumers in Belgium (Lebeau
et al., 2012), Germany (Achtnicht et al., 2012; Hackbarth & Madlener, 2013; Ziegler,
2012), and Switzerland (Patt et al., 2019). Their findings suggest that a lack of public
charging infrastructure is a major barrier to EV adoption and that an increasing density
of charging infrastructure would effectively increase the amount of EV’s. The main mech-
anisms pointed at from most of the choice experiments conducted relate to availability
and range anxiety. The former refers to the lack of charging stations relative to EV’s
("is someone else using the charger, when I need to?”) while the latter refers to a lack
of geographic coverage ("do I run out of battery in an area with no charging stations?”).
Axsen et al. (2013)) show through a survey experiment that potential EV consumers in
California refrain from adopting EV’s due to a lack of public charging infrastructure near
their home. As such, most studies in the literature using stated preferences suggest that
there is a positive relationship between public charging infrastructure and EV adoption
rates (W. Li et al., 2017)).

The literature using stated preferences is useful when assessing hypothetical EV adop-
tions in an early, undeveloped market. The alternative to stated preferences is revealed
preferences, i.e. assessing the actual behaviour of consumers. Axsen et al. (2009) and
Lane and Potter (2007) argue that revealed preferences are more reliable estimates of EV
adoption as there tends to be a gap between environmentally friendly attitudes coming
forward in choice experiments and actual behaviour - not only concerning EV’s, but on
a broader scale with anything related to climate change and the environment. As EV

markets and data on these have improved in recent years, more studies thus investi-

3Trotta and Sommer (2024) investigate the removal of a registration tax exemption for EV’s in
Denmark. With data on EV registrations in the period 2013-2019, their Bayesian additive regression
trees suggest that EV adoptions had been higher if the registration tax exemption had not been removed
in 2016 (see. Additionally, their data on socioeconomic factors suggest that the tax exemption
mostly benefitted richer consumers, which suggests freerider effects of the policy.



gate the nexus between public charging infrastructure and EV adoption through revealed
preferences. Narassimhan and Johnson (2018)) investigate the EV market in the US de-
scriptively and find a positive correlation between public charging infrastructure density
and EV adoptionEl S. Li et al. (2017) assess the indirect network effects between in-
frastructure and EV adoption from a policymaking perspective in the USEl They find
significant feedback loops between EV infrastructure and demand; interventions on EV
infrastructure strongly affects EV adoptions. The study also assesses the federal tax
credit for EV owners and find investments in public charging infrastructure more than
twice as effective for EV adoption as tax benefits of equal budget size (S. Li et al., 2017).
Similarly, Chandra et al. (2010) deem tax credits for EV adopters in Canada ”strikingly
more expensive” than other policy instruments if the policy goal is to reduce emissionsﬂ
These findings depict public charging infrastructure as one of the most effective policy

tools - both in terms of EV adoptions and policy budgets.

Only a few studies have established links between public charging infrastructure and EV
adoption within Europe. Egnér and Trosvik (2018) investigate the case of Sweden from
2010-2016 through fixed effects models and instrumental variables and find a positive
effect of public charging infrastructure on EV diffusion. Their findings indicate that the
mere existence of charging stations is beneficial for EV diffusion. Similar findings are
found in Norway, where the first charging station causes an increase of 1.5% point in
local EV ownership rate (Schulz & Rode, [2022)), illustrating the importance of signalling
institutional support to reduce range anxiety. Sommer and Vance (2021)) estimate the
causal effect of marginal increases in public charging stations in Germany. The effect is
significant and positive, and stronger for fast chargers. Illmann and Kluge (2020]) also
investigate the EV market in Germany with a heterogeneous focus on the quantity, ca-
pacity, and abundance of charging stations and find that fast chargers have a particularly
high effect on EV adoption rates. Based on the whole body of literature on EV’s, the

main hypothesis referring to the research question of this paper is that public charging

4Narassimhan and Johnson (2018) investigate the EV market in the US from 2008-2016 through
fixed effects models. They find a significant positive association between public charging infrastructure
and EV adoptions in that a 1% increase in public charging stations is associated with a 6.2% increase
in EV purchases. They do not research causal links as the data does not contain any natural experi-
ments. Additionally, their lagged dependent variables contain potential endogeneity, limiting the scope
to descriptive evidence.

5S. Li et al. (2017) consider the EV market consisting of the two components of charging infrastructure
and EV demand. They establish the existence of feedback loops through a model first, and then use
data from the US in the period 2011-2013 to empirically assess the efficiency of policy instruments.
Measuring EV demand through instrumental variables, they conclude that investments in public charging
infrastructure would be more than twice as effective as tax credits for EV owners.

6Chandra et al. (2010) investigate tax rebates for EV owners in Canada which vary regionally.
Through fixed effects models, they find that 26% of the EV’s sold from 1989-2006 can be attributed
to the tax rebates. However, their data allows them to identify that most of these EV adopters likely
would have adopted low-emission vehicles anyway. This substantially increases the cost effectiveness of
the tax rebates in terms of emission reductions.



infrastructure has a positive effect on EV adoption rates.

Despite the growing literature on EV markets across the world, several questions re-
garding the effect of public charging infrastructure on EV adoption remain unanswered.
Various studies have discussed the additionality effect and potential free rider effect of
policy interventions of internal barriers such as subisidies or tax benefits for EV owners
(Chandra et al., [2010; S. Li et al., 2017; Trotta & Sommer, 2024)). However, no study has
to the best of my knowledge investigated to what extent similar patterns happen when
intervening at the external barrier of charging infrastructure. I therefore contribute with
a heterogeneous analysis of the effect of public charging infrastructure in high-income and
low-income municipalities, respectively. Based on related literature, and given that EV’s
in the period of study have tended to be more expensive than comparable ICE vehicles,
it is expected that high-income municipalities react more strongly to the construction of
new infrastructure than low-income municipalities do. Additionally, a series of papers
model EV adoptions based on game theory and network analysis (Breschi et al., 2020
Encarnagao et al., [2018; Wolf et al., 2015)) and suggest that social contagion and being in
a network of EV adopters has the potential to increase EV adoption. I therefore empir-
ically test these suggestions by investigating heterogeneity between municipalities that
differ in the initial share of EV’s. This insight is particularly relevant for governments
across the world that still experience premature EV markets. To the best of my knowl-
edge, no other study has explored heterogeneity in terms of early adopters similar to this
analysis. I expect to find a larger effect in municipalities with a higher initial EV share

due to social contagion and network effects.

While the majority of the literature emphasises the importance of a transition from ICE
vehicles to EV’s due to climate and environmental reasons, very few pay attention to two
important conditions for which this transition makes the transportation sector more sus-
tainable. All existing studies seem to assume that a larger EV uptake necessarily comes
as a substitution of ICE vehicles, but no research has clearly tested this assumption. If
EV’s do not replace ICE vehicles, but only add to the number of private vehicles in the
economy, the perceived gains of more EV’s do not actually lead to lower emission levels,
better resource allocation, or less pollution. Given this lack of evidence as to whether this
assumed substitution actually takes place, I contribute with evidence of public charging
infrastructure affecting not only EV registrations, but also ICE vehicle registrations. I
expect to find a negative effect of public charging infrastructure on ICE vehicle registra-
tions as long as the main hypothesis of higher EV adoptions hold. The sustainability
of the EV transition is also conditional on the vehicles being fuelled by clean energy.
Indeed, if EV’s are fuelled by fossil energy sources, the net gain in terms of emissions is

very limited as emissions are just transferred from ICE vehicles to energy production. As



such, the EV transition is particularly relevant in countries with a higher clean energy
mix such as Denmark (see [Appendix A]). I thereby contribute with causal evidence on
a country that is not only of particular interest due to its renewable energy sources, but
has also implemented policies specifically for public charging infrastructure. I conduct an
analysis on municipalities specifically treated by the public investments agreed politically
in 2021 and expect to find that the policy positively affected EV adoption due to the

indirect network effects and reduced range anxiety.

2.2 Institutional setting: Denmark

This paper investigates EV’s at the municipal level in Denmark. Arguably, EV adoptions
have the potential to significantly reduce transportation emissions in Denmark given the
high share of renewables in the country’s energy production (IEA, 2024)); in 2022, the
share of renewables in the total energy production amounted to 81%, as illustrated in
[Appendix Al As a member state of the EU, Denmark is affected by EU legislation. As
already mentioned, the most remarkable EU legislation with regards to EV’s is the ban
of the sale of new fossil fuel vehicles from 2035 - a step towards carbon neutrality in 2050
in the EU (European Parliament, 2022). EU efforts towards the electrification of the
transport sector are complemented by policies at the national level in Denmark. In 2020,
Denmark made it legally binding for the government through the Climate Act to achieve
70% CO2e reductions compared to the level in 1990 (Ministry of Climate, Energy and
Utilities, [2020). According to the latest projection from the Ministry of Climate, Energy
and Utilities (2025), Denmark is expected to achieve this goal - mostly thanks to expected
increases in EV demand and agricultural restructuring. This illustrates that Denmark is
an ideal institutional setting for studying EV’s in the broader context of climate change

mitigation, given that transportation is a high-emission sector (EEA, 2025)).

Public investments in the EV market in Denmark have taken different forms, cf. the range
of options presented in the previous section. Up until the end of 2015, EV’s in Denmark
had been completely exempted from registration taxes to incentivise early adoptions of
the new technology. However, due to concerns over fiscal revenue, EV owners were no
longer exempt from the weight-based tax and green owner tax from 2016 (Trotta & Som-
mer, 2024). Additionally, the registration tax increased from 0% to 20% of the ICE
registration tax from 2016, which resulted in a stagnation of EV adoptions (Ministry of
Taxation, 2018), as illustrated in . Due to the stagnation, the registration tax
went back to 0% for vehicles priced below 400,000 DKK (~ 53,000 euros) in 2019. The
refund for electricity taxes paid specifically for charging EV’s, initially implemented in
2012, was also extended in December 2020 (Frederiksbjerg El, 2024). In June 2021, as a



Figure 1: Total number and share of EV’s of all household vehicles in Denmark
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part of the "Infrastructure Plan 20357, the government invested ~ 67 million euros in a
rollout of public charging infrastructure from 2022 to 2028 (Ministry of Transportation,
2021)). The main goal was to ensure ”the geographic coverage of charging stations across

the country” given that many municipalities did not have public chargers available (Min-
istry of Transportation, 2021J).

The EV market in Denmark was rather small for many years and remained at less than
1% of total household vehicles until 2021, as illustrated in The market share of
EV’s has then increased significantly in recent years and is in the beginning of 2025 at
10.2%. Comparing to other countries in Europe, Denmark has one of the highest total
shares of EV’s and has consistently had higher shares than the EU average, as illustrated
in [Figure 2| Tt however still lacks significantly behind Norway, where almost one third of

all vehicles were electric in 2024.

Importantly, one of the politically most relevant divides in Denmark is between urban and
rural populations. Living in urban or rural areas of Denmark is one of the main charac-
teristics in forming political opinions as preferences for healthcare, educational systems,
immigration policies and transportation usually vary a lot between urban and rural vot-
ers (Nortoft, . Especially the transportation sector sees this divide because rural

areas usually do not have the same high level of public transport that is found in urban



Figure 2: Share of vehicles currently in use that are electric, 2010-2024
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areas. Additionally, distances are naturally larger in rural areas which makes the need
for private vehicles bigger. Given these political circumstances, a relevant exploration of
heterogeneity is therefore between rural and urban municipalities. As Egnér and Trosvik
find a larger effect in Swedish urban municipalities, I expect to find that the effect

is similarly larger in Danish urban municipalities.

3 Empirical design

3.1 Sample and unit of analysis

The units of analysis in this study are municipalities in Denmark. There are a total of
98 municipalities as well as the island Christiansg, which technically does not belong to
a municipality but is nevertheless observed in the data. As such, I analyse 99 units in
total. The municipalities are observed monthly from January 2018 to February 2025,
which sums up to 86 months. Given that 99 municipalities are observed 86 times, the
total sample size is 8514. No municipalities or time periods have missing data, resulting

in a balanced panel of data.

Treatment is defined as the initiation of operation of the first charging station in each
municipality. The treatment is defined this way based on Schulz and Rode (2022) that



define treatment the same way when studying the early development of public charg-
ing infrastructure in Norway. This definition was found adequate as Schulz and Rode
(2022) hint at the importance of early pushes for charging infrastructure. By studying
the treatment of having the first public charging station implemented, I ensure a focus
on the early development of charging infrastructure. Additionally, several studies have
indicated that the mere knowledge of knowing about charging possibilities is crucial for
potential EV consumers (see e.g. Coffman et al. (2017)), Illmann and Kluge (2020)), and
Sommer and Vance (2021)), which makes this definition of the treatment relevant in the
context of related literature. illustrates the variation in the month of which
the 99 municipalities received their first public charging station. As mentioned in the
previous section, a large part of the parliament agreed on significant improvements in
the availability of public charging infrastructure in June 2021, with the rollout taking
place from 2022 to 2028. This policy is very visible in The large number of
municipalities treated with their first charging station in month 49, i.e. in the beginning
of 2022, reflect the implementation of this policy. This policy meant that a total of 61
municipalities received new charging stations in January 2022. Additionally, the munic-
ipality Gladsaxe remained treated for the whole period of study, resulting in it being
dropped from the analysis as units cannot be treated for the whole period. Also, the

only municipality to never become treated is Christiansg, as seen in the bottom row of

Figure 3: Timing of the first public charging station for each municipality in Denmark
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3.2 Empirical strategy

To estimate the effect of public charging infrastructure on EV adoption, I start out by
employing two-way fixed effects (TWFE) models - one without and one with covariates.
This approach is rather common in panel data settings as it allows to control for variation
across municipalities and across time. For example, variation across municipalities could
be the result of historical preferences or geography, whereas variation across time could
be because of supply shocks, differences in fuel prices relative to kWh, or changes in
subsidies for EV owners (Trotta & Sommer, 2024). By including unit and time fixed
effects in the model, these differences are considered, and the coefficient of interest only
reflects variation in the outcome variable as a result of treatment. As such, the equation
for the TWFE model I estimate is presented in

Yii=a;+ M+ 8 D+ Xy +cit (1)

where Yj; refers to the outcome variable, EV per 1000 inhabitants. This is presented
in per capita terms to ensure that any effect is not driven by differences in population
between municipalities. a; captures unit fixed effects for municipality ¢, while \; captures
time fixed effects for time t. The treatment, which is the initiation of operation of the first
charging station, is captured in D;;. The main coefficient of interest is 3, which captures
the average treatment effect of introducing the first public charging station in a munici-
pality on the number of EV registrations per 1000 inhabitants. The main assumption for
causal identification is that of parallel trends: In the absence of treatment, the outcome
of each control group evolves in parallel trends with the outcome of the corresponding
treated group. This assumption ensures that any differences observed after treatment can
be attributed to the effect of having a charging station implemented. Additionally, the
vector X/, captures two control variables at the municipal level - income and the share
of highly educated people. These control variables are included because the literature
indicates that richer and more educated people are more likely to adopt EV’s (Axsen et
al., [2013; Hackbarth & Madlener, 2013)). Conditioning the assumption of parallel trends
on these confounding factors makes the assumption more plausible. Standard errors are

clustered at the municipal level.

Despite the widespread use of TWFE models in panel data settings, Callaway and
Sant’Anna (2021]) point out some important limitations to this approach when the treat-
ment is implemented at different points in time - i.e. staggered. This is relevant for this
project because municipalities were treated with their first charging station at different
points in time. As Callaway and Sant’Anna (2021) specify, TWFE models estimate the
coefficient through a weighted average of underlying treatment effects parameters. How-

ever, some of these weights can be negative if treatment effects are dynamic (Goodman-

11



Bacon, [2021). This ultimately creates bias in the estimation as already treated units
in early time periods can become control groups for units that are treated in later time
periods even though their outcomes are likely already affected by the early treatment.

The precision of the TWFE estimation in this setting is therefore questionable.

To obtain the causal effect of public charging infrastructure on EV adoption, I therefore
make use of the estimator formulated by Callaway and Sant’Anna (2021)). This estimator
is specifically developed to cases where treatment is staggered as it compares treated
units in a given time period to units that have not yet been treated in that time period.
This is crucial for this study as all municipalities except one eventually received their
first charging station during the period studied (as seen in . This estimator
is therefore more robust and can be causally interpreted as it allows for variation in
treatment effects across time or groups. It thereby avoids some of the issues highlighted
with TWFE models. Using the Callaway-Sant’Anna estimator relies on a number of
assumptions to be able to claim causality. The first assumption is, similar to TWFE
models, that of parallel trends. It also relies on the assumption of no anticipation - i.e.
that no municipality anticipates the implementation of a charging station and thereby
change their behaviour before treatment. This means that treatment does not affect
the outcome before the time of treatment. While these two assumptions cannot be
proved, I investigate pre-trends in the results section in order to defend the use of these
assumptions. Additionally, I assume "irreversibility of treatment”. This means that
once a municipality has been treated with a charging station, it remains treated for the
remainder of the period. This assumption seems fairly plausible as the removal of charging
stations after construction is unlikely. Finally, the design also relies on the Stable Unit
Treatment Value Assumption (SUTVA), assuming that there is no interference between
units - this means that the treatment in one unit should not affect the outcome in another
unitﬂ As such, the main equation I estimate to causally answer the research question is

specified in [Equation 2

Yi=ai+ X+ > ATT(g,t) {Gi=g} - 1{t =T} + e (2)

g tzg
In [Equation 2] Yj; refers to the outcome variable, EV per 1000 inhabitants. «; captures
unit fixed effects for municipality 7, while \; captures time fixed effects for time ¢. The
staggered feature of the model is introduced through G; that defines the treatment time
of unit 7. As such, ATT captures the average treatment effect in time ¢ for units treated in

period g. This is the main difference from the TWFE model: in the Callaway-Sant’Anna

It is possible that this assumption does not hold; new charging stations can potentially affect EV
registrations in neighbouring municipalities. In that case, the obtained effects may potentially be under-
estimated if control groups also see increases in EV adoption numbers. This potential downward bias of
the estimates mean that the real-world effect of public charging infrastructure may be even larger.
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estimator, heterogeneity in treatment effects across time and groups are taken into ac-
count. As such, the coefficient of ATT can be interpreted as the causal effect of the
treatment on the outcome. Control groups are defined as those municipalities that have

not yet been treated with their first charging station in each time t.

It is likely that treatment effects are heterogeneous across different characteristics. To
investigate heterogeneity in terms of income, urban/rural and the initial share of EV’s
out of all vehicles in each municipality, I split the sample in two to estimate the effects
separately for each group. Doing this relies on a number of assumptions (Callaway &
Sant’Anna, 2021). First of all, both groups must satisfy the parallel trends assumption
independently. The SUTVA assumption also applies, stating that treatment in one group
should not affect outcome in another group. The split also assumes that no omitted
variables are driving the split; the heterogeneity explored between e.g. high- and low-
income units is due to income and not another omitted factor. Finally, both groups
must also have sufficient treated and control municipalities. As such, also
specifies the main estimation for each group when exploring heterogeneity. While this
approach for heterogeneity does not indicate whether the difference between estimates

is significant, I compute the statistical difference between estimates through two-tailed

tests, as explained in

3.3 Data

For the independent variable of the research question, public charging infrastructure, I
use data from GeoFA Danmark. This database is the result of a collaboration between
the Agency for Climate Data and the 99 municipalities and primarily serve to geolocate
data points of interest that have not been located in public records. Their data on public
charging infrastructure is publicly available and includes variables such as the initiation
date of operation, the address, and the company operator. While the data specifies the
company in charge of operating the station, it does not specify whether the initial invest-
ment is public or from a private company. The total number of public charging stations
in the dataset amounts to 15,860, with the total number of charging points amounting to
28,448. According to news reports, the total number of charging points in Denmark on
31/12-2024 was 30,439 (Ryming, 2025). As such, the dataset accurately covers 93.5% of
all public charging points. I additionally obtained data from two operators - Clever A/S
and AURA Energi a.m.b.aﬂ - which combined with the dataset from GeoFA Danmark

improved the quality of the dataset in terms of missing data.

8Clever A/S is the largest provider of charging infrastructure for EV’s in Denmark and have both
private, public, and company stations. AURA Energi a.m.b.a. is an electricity provider that also
administer public charging stations.

13



I use data from Statistics Denmark for the dependent variable of the research question,
namely EV adoption. They provide monthly data on the number of new vehicle registra-
tions in the households in each municipality from 2018-2025. This contains the number of
registrations of new vehicles and includes information about the fuel type of the vehicles
- whether they are electric, plugin-hybrid, use petrol, or diesel. As the market for plug-in
hybrid vehicles has been very insignificant and stands at less than 4% of all household
vehicles in Denmark (see , this paper focuses on the adoption of battery
EV’s and not plug-in hybrids. The distinction on fuel type allows me to not only analyse
the effect on EV registrations, but also analyse a potential substitution effect: do more
EV’s replace ICE vehicles or do they come in addition to these? When investigating this,
I classify ICE vehicles as those using either petrol or diesel as fuel. Statistics Denmark
also provide data on population, average income levels per municipality, and the share
of highly educated citizens per municipality, which are used as control variables in the
TWFE model.

The data on household EV registrations reveals a significant increase in EV adoption
through the years of study. As seen in while the total number of EV’s regis-
tered in households in 2018 was 5,463, the same number in 2024 amounted to 259,791.
Additionally, illustrates how the distribution of EV’s across municipalities have
changed over the years. In 2018, only a few municipalities had a noteworthy number of
EV registrations, while the west of Denmark, Jutland, mostly had very low EV adop-
tion. Six years later, the picture looks much more evenly distributed across the country,
although there are still larger adoption numbers in the municipalities in the east, just
north of Copenhagen. These municipalities are also some of the richest in all of Den-
mark. These patterns could indicate that there may be heterogeneous effects given the

differences in income and initial EV shares.

Figure 4: EV registrations per capita across Danish municipalities
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For the heterogeneous analyses, I also use data from Statistics Denmark. I use the dataset
of annual average disposable income for individuals in each municipality and split the
sample at the median to explore income heterogeneity. This results in homogeneous
samples, as both the high-income and low-income group contain 49 municipalities. When
exploring heterogeneity based on the initial share of EV’s; I use a dataset containing
the total number of registered vehicles in the households per municipality. I use the data
from the beginning of the period of study, namely 01/01-2018. As it contains information
about the fuel types of the registered vehicles, I compute the EV share by dividing the
number of EV’s by the total number of vehicles registered in the households in each
municipality. I then split the sample at the median, resulting in two groups: One with a
higher initial share of EV’s (i.e. above the median), and one with a lower initial share of
EV’s (i.e. below the median). This ensures homogeneous groups as 49 municipalities are
assigned to each group. Finally, for the urban/rural analysis, I use Statistics Denmark’s
categorisation of Danish municipalities to define each municipality as either urban and
rural, which takes both the population in the biggest city and the availability of jobs

in each municipality into account. This results in 56 rural and 43 urban municipalities.

Descriptive statistics are found in

4 Results

In this section, I first present the baseline estimation that refers to the research question.
I then explore heterogeneity across three characteristics before investigating the effect of
public charging infrastructure on ICE vehicles. Finally, I investigate the policy push on
charging infrastructure that was part of the ” Infrastructure Plan 2035” agreed on in June
2021. For each analysis, I first report a table with the ATT estimation, before I explore
the dynamic effects through an event plot.

4.1 Baseline estimation

To estimate the effect of public charging infrastructure on EV adoption, I first make use
of TWFE models. presents the results of two such models: one with the baseline
estimation, and one with the two control variables income and the share of highly edu-
cated people. Both models include unit and time fixed effects to account for unobserved

heterogeneity across municipalities as well as common shocks through the period of study.

When controlling for the covariates income and education, the effect of implementing
the first charging station is positive but insignificant. The estimate suggests that in the
period after implementing the first charging station, municipalities experience an aver-

age increase of 0.05 EV’s per 1000 inhabitants. Given that treatment was implemented
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Table 1: Baseline effects of first station on EV registrations

(1) (2) (3)

Estimator TWFE TWFE C-S’A
1st Charging Station; 0.037 0.051 0.47*
(0.035)  (0.033)  (0.03)

Income;; <0.001*

(<0.001)
Share of Highly Educated; 0.065

(0.062)
Fized-effects
Municipality Yes Yes Yes
Month Yes Yes Yes

Fit statistics
Observations 8,428 8,428 8,428
R? 0.83707  0.84410

Notes: Clustered standard errors in parenthesis. *** p<0.01 **
p<0.05 * p<0.1. 1) Dependent variable: EV registrations per 1000
inhabitants. 2) Treatment is defined as the initiation of operation
of the first charging station in a municipality. Control groups con-
sist of those municipalities that have not yet been treated with
their first charging station at each point in time. Once treated, a
municipality remains treated for the following months. 3) Estimate
in model 3 obtained through dynamic aggregation using Callaway
and Sant’Anna (2021) staggered DiD estimator.

16



at different points in time for different municipalities, it is likely that the treatment ef-
fects vary over time. To explore this possibility, I visualise model 2 from [Table 1} in an
event plot. The plot is found in and suggests that the effect increases over
time; as the time since treatment increases, the EV adoption does so too. However, the
vast majority of monthly estimates are statistically insignificant (given that the standard

errors overlap with 0), which is why the average weighted effect of 0.05 is also insignificant.

As mentioned in the methodology section, one must be cautious with the potential bias of
TWFE models in settings where the treatment is staggered across time. This is certainly
the case in this setting given that municipalities had their first charging station imple-
mented at different points in time (see [Figure 3). The main concern for TWFE models
in staggered cases is that early treated units become control units for later treated units
which biases the results. Because of this, I instead estimate the effect using the stag-
gered estimator developed by Callaway and Sant’Anna (2021)), which is found in model
3 of [Table 1] This is the main result that directly refers to the research question, as
estimated in Here, the effect of implementing the first charging station on
EV registrations per 1000 inhabitants is positive and statistically significant at the 1%
level. The coefficient of 0.47 is obtained through dynamic aggregation and indicates that
installing the first charging station causes an average increase of roughly half an electric
vehicle per 1000 inhabitants. Additionally, given that the estimator is specifically built
for staggered settings, I further investigate heterogeneity in this treatment effect over
time. plots the dynamic effects of installing the first charging station on EV’s
per 1000 inhabitants.

Figure 5| indicates that Danish municipalities on average do not see an effect in the first
24 months after implementing their first charging station, given that all estimates are not
significantly different from 0. From month 25 after treatment and on, the effect not only
increases but also becomes statistically significant. The effect remains positive and signif-
icant for the rest of the period of study with the exception of two months. Importantly,
there is no significant difference between treatment and control groups in pre-treatment
months. While the assumption of parallel trends in difference-in-difference designs cannot
be proved per se, the insignificance of pre-treatment periods indicates that the assump-
tion likely holds. This suggests that the effect can be interpreted causally. The patterns
observed after treatment seem rather intuitive: Initially after having implemented the
first charging station, there is no effect because changing private vehicles is one of the
biggest parts of household budgets, and because EV’s have tended to be more expensive
than ICE vehicles. Even though potential EV consumers may notice the new charging
station and experience less "range anxiety” of adoption an EV, it takes a while before

their personal finances can allow a switch of vehicle. It is also likely that any ”range
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Figure 5: Dynamic effects on EV registrations per 1000 inhabitants
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Notes: Data from Statistics Denmark (datacode BIL53). Treatment is defined as the ini-
tiation of operation of the first charging station in a municipality. Control groups consist
of those municipalities that have not yet been treated with their first charging station at
each point in time. Once treated, a municipality remains treated for the following months.

Estimates obtained through methodology developed by Callaway and Sant’Anna (2021]).

anxiety” reduction does not happen immediately, but instead takes some time to man-
ifest itself in the conscience of potential EV adopters. From a sustainability point of
view, it would also not be ideal if all ICE vehicles were replaced immediately as a lot of
well-functioning vehicles, which have required a lot of resources, would go to waste. The
delay in response is therefore not only intuitive, but arguably also beneficial for sustain-

able resource management.

Interestingly, the effect sees a slight reduction happening in month 57 after treatment.
The first thing to notice is that only four municipalities were treated for 57 or more
months; given that the period of study stretches for 86 months, the estimate of this and
subsequent months only consists of municipalities treated in month 29 or earlier (i.e. row
2-5 in . This is possibly why we see larger noise in the estimates here. When
examining the ATT per treatment group, i.e. grouping the estimates from municipalities
treated at the same times, it gets clear that the earlier treated municipalities in general
tend to have a much smaller effect than the later treated groups (see for
ATT’s for each treatment group). This also helps explain the decrease happening in
month 57 after treatment. Finally, these four municipalities on average have a rather

low initial EV share, and three of them are rural municipalities. Exploring heterogeneity
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indicates that municipalities with a low initial share as well as rural municipalities on
average experience smaller effects. Thus, it is likely that the earlier treated municipalities
have smaller effects due to these characteristics of the only four municipalities that were

treated for 57 months or more.

To put the aggregate treatment effect of 0.47 EV’s per 1000 inhabitants into perspective,
it can be relevant to compare the magnitude of the estimate to other studies that causally
identify the effect of charging infrastructure. Illmann and Kluge (2020) estimate that a
1% increase in charging points leads to a 0.8% increase in EV registrations in Germany.
Back-of-the-envelope calculations suggest that the estimate in [llmann and Kluge (2020))
translates into an increase of around 0.007 EV’s per 1000 inhabitants per year (see
pendix Gf). Sommer and Vance (2021]) estimate that the marginal effect of a new charger
increases the EV registrations by 0.74 EV’s per county per year in Germany. This trans-
lates into an estimate of around 0.0036 EV’s per 1000 inhabitants per year .
The result in [Table 1| is notably much larger, but also captures the implementation of
the first charging station and not the marginal effect of an additional station. Schulz
and Rode (2022)) also investigate the implementation of the first charging station, and
their results suggest an average increase of 3 EV’s per 1000 inhabitants (Appendix G)
- a coefficient six times larger than the coefficient in [lable 1. However, their measure
also captures internal shifts in the EV market through the second hand vehicle market
and not only new EV registrations as mine does. The difference can also be explained
by the size of the EV markets in the two countries as the Norwegian EV market share
of 32% is almost twice as large as in Denmark (Finnerty, 2025|), as seen in
Regardless, this comparison suggests that there is a potentially transformative effect of
implementing stations in municipalities previously underserved by charging possibilities.
The first station alone is potentially powerful in reducing range anxiety, signalling market
maturity, and indicating institutional support (Schulz & Rode, [2022). Estimates from
Germany then suggest diminishing marginal returns of adding more charging stations,

but nevertheless significant effects.

4.2 Heterogeneous effects

‘Table 1] establishes a positive, significant, causal effect of implementing the first charger
on EV registrations per 1000 inhabitants. The coefficient of 0.47 EV registrations per
1000 inhabitants is an average effect across all municipalities. In the following three
subsections, I present the results of three analyses of heterogeneity; 1) high-income and

low-income, 2) high and low initial share of EV’s, and 3) urban and rural municipalities.
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4.2.1 Income heterogeneity
presents the results of the heterogeneous analysis of income.

Table 2: Aggregate Treatment Effects on Electric Vehicle Registrations

Group ATT Std. Error  Observations
High-income  0.60%** (0.05) 4214
Low-income  0.26*** (0.03) 4214

Notes: Clustered standard errors in parenthesis. *** p<0.01. 1)
Dependent variable: EV registrations per 1000 inhabitants. 2)
Treatment is defined as the initiation of operation of the first charg-
ing station in a municipality. Control groups consist of those mu-
nicipalities that have not yet been treated with their first charging
station at each point in time. Once treated, a municipality remains
treated for the following months. 3) Estimate obtained through dy-
namic aggregation using Callaway and Sant’Anna staggered
DiD estimator.

illustrates that implementing the first charging station in high-income munici-
palities causes an increase of 0.60 EV registrations per 1000 inhabitants, while the effect
in low-income municipalities is 0.26. Both estimates are significant at the 1% level.
The effect of implementing the first charging station therefore has an effect that is more
than twice as large in high-income municipalities compared to low-income municipalities.
Moreover, while the implementation of the Callaway and Sant’Anna estimator
does not allow for interaction terms, the statistical difference has been computed through
a two-tailed test (see [Appendix B)), which reveals a significant difference between these
two estimates at the 1% level. Both estimates are obtained through dynamic aggregation.

As such, I explore the dynamic changes of both estimates in

Figure 6: Dynamic estimates for high-income (left) and low-income (right) municipalities
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Notes: Data from Statistics Denmark (datacode BIL53). Treatment is defined as the initiation of
operation of the first charging station in a municipality. Control groups consist of those municipalities
that have not yet been treated with their first charging station at each point in time. Once treated,
a municipality remains treated for the following months. Estimates obtained through methodology

developed by Callaway and Sant’Anna (2021)).
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indicates similar patterns as seen in the main plot in In both cases,
there is no significant effect in the first 24 months after treatment, after which the ef-
fect turns larger and significant. For high-income municipalities the effect is both larger
and remains significant for a longer time compared to low-income municipalities. It only
turns insignificant in month 57 for high-income municipalities, which is likely for the same
reasons of sample size discussed previously, while it does so in month 38 for low-income
municipalities. Importantly, the assumption of parallel trends seems valid in both groups
given the insignificance of differences in pre-treatment periods. A possible explanation
of the post-treatment differences is that high-income consumers have more ability to act
upon their wishes to adopt EV’s compared to low-income consumers. Even if low-income
and high-income consumers had the same preferences to adopt EV’s, there are likely larger
room in private finances of high-income consumers to do so than in those of low-income
consumers. Additionally, low-income consumers may not have the same wishes to pri-
oritise a switch of their private vehicle for the sake of sustainability. After all, spending
more on a private vehicle due to sustainability is likely to be further down the prior-
ity list for low-income consumers compared to high-income consumers. Thus, the larger

estimate for high-income municipalities is generally in accordance with expected findings.

While the effect in high-income municipalities is much larger than in low-income ones, it
is still worth to note the significant effect in low-income municipalities. This is especially
relevant for policymaking. A common debate among EV market interventions is that
of the additionality effect, i.e. how much a certain policy adds to e.g. the EV uptake.
For example, one critique of subsidising EV’s or making tax allowances for EV owners is
that they are regressive; these policies only benefit richer segments of the population that
arguably would have adopted EV’s either way. As such, the additionality effect of such
policies is potentially low as it does not lead to much higher numbers of EV’s (Chandra et
al., 2010; Muehlegger & Rapson, |2018; Trotta & Sommer, 2024)). However, in the case of
public charging infrastructure, the positive and significant effect in low-income municipal-
ities indicates that the infrastructure also makes consumers in low-income municipalities
adopt more EV’s. This result could indicate that policies of establishing public charging
infrastructure are beneficial in leading the transition to electric transportation not only
for high-income but also low-income segments of the population. However, it is important
to have in mind that this estimation only divides municipalities into high- and low-income
groups, and not households; the effect in low-income municipalities may still be driven
by high-income individuals that live in low-income municipalities. To disentangle these
possible mechanisms from each other and definitely verify the additionality effect of pub-
lic charging infrastructure between income segments, detailed household-level data would

be needed to identify the reaction of EV-adopting households conditional on income.
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4.2.2 Initial EV share

This section investigates whether consumers react differently to the implementation of
new charging stations depending on the relative number of EV’s in their municipality,

i.e. the share of EV’s in the municipalities in January 2018. The results are presented in

Table 3
Table 3: Aggregate Treatment Effects on Electric Vehicle Registrations

Group ATT Std. Error  Observations
High share  0.59%** (0.04) 4214
Low share — 0.33%%* (0.03) 4214

Notes: Clustered standard errors in parenthesis. *** p<0.01.
1) Dependent variable: EV registrations per 1000 inhabitants.
2) Treatment is defined as the initiation of operation of the first
charging station in a municipality. Control groups consist of
those municipalities that have not yet been treated with their
first charging station at each point in time. Once treated, a
municipality remains treated for the following months. 3) Es-
timate obtained through dynamic aggregation using Callaway
and Sant’Anna (2021)) staggered DiD estimator.

illustrates that the average effect of implementing the first charging station has
a positive and significant effect on EV registrations in both municipalities with a high
and low initial share of EV’s. The effect is larger in municipalities with a high initial
share of EV’s at 0.59 compared to the estimate of 0.33 in municipalities with a low initial
share. Additionally, the difference between these two estimates is statistically significant
(see , which could indicate that implementing public charging stations in
municipalities with a high initial share re-enforces existing trends and creates network
effects. Potential EV consumers in these municipalities may not only see new charging
options, but also the acceptance of this switch from other consumers. This suggests that
the convenience of charging stations and the visibility of more EV’s have complementary
effects on EV adoption. While early adopters of EV’s likely have private charging, other
potential EV consumers may not have adopted EV’s yet due to range anxiety or lack of
private charging options. As such, while both groups get the same convenience of new
public charging options, the reaction is stronger in places where more people own EV’s.

This finding is in accordance with social contagion theory (Christakis & Fowler, |2013)).

As the estimates in are obtained through dynamic aggregation, I explore the
dynamic effects in municipalities with a low and high initial share of EV’s, respectively.
The plots are found in In accordance with the main plot in [Figure ] there is no
significant effect in the first 24 months after treatment. There is also no significant differ-

ences in the pre-treatment periods for both groups, which indicates that the assumptions
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Figure 7: Dynamic estimates for municipalities with a low (left) and high (right) initial
share of EV’s
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Notes: Data from Statistics Denmark (datacode BIL53). Treatment is defined as the initiation of
operation of the first charging station in a municipality. Control groups consist of those municipalities
that have not yet been treated with their first charging station at each point in time. Once treated,

a municipality remains treated for the following months. Estimates obtained through methodology
developed by Callaway and Sant’Anna (2021]).

of parallel trends and no anticipation seem to hold. The effect becomes significant in
month 25 after treatment in both groups, and it steadily increases for around 30 months
in municipalities with a high initial share of EV’s. It then turns insignificant in the 57th
month after treatment after which only a few municipalities impact the estimate. In
municipalities with a low initial share of EV’s, the effect remains positive and significant
for around 25 months, but it is not as large nor as increasing as it is for the municipalities
with a high initial share of EV’s. The estimate takes on more noise in month 58 as most

of the municipalities were not treated for this many months.

A relevant comparison is that of the heterogeneous analysis of income and initial EV
share. The estimate for municipalities that are high-income and have a high initial share
of EV’s is almost identical, while there is a difference of 0.07 between the two estimates for
low-income (0.26) and low initial share of EV’s (0.33). The correlation between income
and the initial share of EV’s is 0.77, suggesting that high-income municipalities tend to
also have a relatively high share of EV in January 2018. This explains the similarities in
the obtained estimates. However, the estimates still differ a bit between low-income and
low initial share of EV’s. [Appendix H]specifies that 12 municipalities are high-income but
have a low initial share of EV’s; while 11 municipalities are low-income but have a higher
initial share of EV’s. The relatively low estimate for low-income municipalities suggests
that income is a larger constraint for EV adoption than having a low initial share of EV’s.
This could for example be due to structural barriers; low-income municipalities may not
have access to the same credit loan options, or be able to invest in private chargers at
home, which dampens the effect of public charging infrastructure. In contrast, 12 of

the municipalities with a low initial share of EV’s are not low-income and thereby not
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constrained by income, but possibly rather by lack of infrastructure. They therefore

respond more positively once they get treated with a charging station.

4.2.3 Urban/rural heterogeneity

As mentioned earlier, the urban/rural split is one of the most relevant political divides
in Denmark. I therefore estimate the effect of installing the first charging station on

EV registrations per 1000 inhabitants in rural and urban municipalities separately. The

results are presented in

Table 4: Aggregate Treatment Effects on Electric Vehicle Registrations

Group ATT Std. Error  Observations

Urban  0.59%%* (0.08) 3612
Rural  0.37%%* (0.03) 4816

Notes: Clustered standard errors in parenthesis. ***

p<0.01. 1) Dependent variable: EV registrations per 1000
inhabitants. 2) Treatment is defined as the initiation of op-
eration of the first charging station in a municipality. Con-
trol groups consist of those municipalities that have not yet
been treated with their first charging station at each point
in time. Once treated, a municipality remains treated for
the following months. 3) Estimate obtained through dy-
namic aggregation using Callaway and Sant’Anna (2021))
staggered DiD estimator.

"Table 4| reveals that the average effect of implementing the first charging station in urban
municipalities is 0.59 EV’s per 1000 inhabitants, while it is 0.37 EV’s per 1000 inhabitants
in rural municipalities. Both estimates are significant at the 1% level. Testing the signifi-

cance between these two estimates reveals that the difference is also significant at the 1%

level (see|Appendix BJ). In[Figure § I explore the dynamic treatment effects of installing

the first charging station in rural and urban municipalities, respectively. Consistent with
Figure 5| as well as other heterogeneous analyses, there is no significant effect in the first
24 months after treatment, which is likely because it takes a while for consumers to make
the decision to buy or change their private vehicle. From month 25 and on, the effect
becomes significant in both plots and steadily increases in urban municipalities. The
effect in urban municipalities largely keeps increasing for the rest of the period studied.
Contrarily, the effect remains more moderate in rural municipalities and does not reach
the size of the urban municipalities. The parallel trends assumption appears to be valid

based on the pre-treatment periods in both plots.

There could be several reasons for why urban consumers react more strongly to public
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Figure 8: Dynamic estimates for rural (left) and urban (right) municipalities
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Notes: Data from Statistics Denmark (datacode BIL53). Treatment is defined as the initiation of
operation of the first charging station in a municipality. Control groups consist of those municipalities
that have not yet been treated with their first charging station at each point in time. Once treated,
a municipality remains treated for the following months. Estimates obtained through methodology
developed by Callaway and Sant’Anna (2021)).

charging infrastructure than rural consumers do. First of all, urban consumers by defi-
nition live in more densely populated areas where the possibility of investing in private
charging facilities is more limited than it is in rural municipalities. As they rely more
on being able to charge in public stations, they thereby react more positively when see-
ing the new availability of such public chargers. In contrast, rural consumers need to
cover larger distances. They may therefore not experience the same reduction in range
anxiety as urban consumers. A secondary explanation could be related to political econ-
omy as Danish rural voters tend to be more conservative and less environmentally aware
(Koszyczarek, [2022; Nortoft, 2019). As EV’s are a relatively new and innovative product,
conservative voters may not be as willing to adopt this than their urban counterparts,
who are in turn more adaptive to new technological developments. Additionally, EV’s
are generally viewed as a greener product that appeals more to environmentally aware
consumers who wish to reduce their personal carbon footprint. As the share of environ-
mentally aware voters is higher in urban municipalities, more consumers decide to adopt
EV’s after seeing the improvements in charging infrastructure. There may be an overlap
between urban and high-income consumers as well, but the moderate correlation between
high-income and urban of 0.38 suggests that other factors beyond affluence contribute to

the heterogeneity between urban and rural responsiveness.

4.3 Effect on ICE vehicles

Table 5| shows the causal effect of installing the first charging infrastructure on ICE ve-

hicle registrations per 1000 inhabitants.

As indicated in the average treatment effect of the treated municipalities is
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Table 5: Aggregate Treatment Effects on ICE Vehicle Registrations

Treatment ATT Std. Error  Observations
Ist station — -0.37*** (0.04) 8428

Notes: Clustered standard errors in parenthesis. *** p<0.01. 1)
Dependent variable: ICE vehicle registrations (petrol or diesel).
Fossil registrations refer to vehicle registrations driving on either
gasoline or diesel. 2) Treatment is defined as the initiation of
operation of the first charging station in a municipality. Control
groups consist of those municipalities that have not yet been
treated with their first charging station at each point in time.
Once treated, a municipality remains treated for the following
months. 3) Estimate obtained through dynamic aggregation
using Callaway and Sant’Anna (2021) staggered DiD estimator.

negative and statistically significant at the 1% level. At -0.37, the coefficient indicates
that implementing the first charging station in a given municipality on average decreases
the number of ICE vehicles by 0.37 per 1000 inhabitants. This result combined with
the overall effect on EV’s at 0.47 per 1000 inhabitants suggests that a large amount of
the EV adoptions are substitutions from high-emitting vehicles to low-emitting ones and
not simply an overall growth of private vehicle ownership. I further explore the dynamic
effects on ICE vehicle registrations, which are illustrated in [Figure 9|

illustrates that the negative effect of the first charging station is lagged by two
years, as all estimates until month 27 after treatment are insignificant. Notably, the
pre-treatment estimates suggest that the assumptions of parallel trends and no antici-
pation are likely to hold as they are all insignificant. From month 28 after treatment,
the effect turns significantly negative and generally becomes bigger. The estimate falls
out of significance in month 57 after treatment, which is likely for the same reasons as
those discussed concerning only four municipalities were treated for this long,
which creates noise around the estimate. Additionally, the effect is smaller for these early
treated groups, possibly due to lower incomes and lower initial EV shares, which explains

the small decrease observed around month 57 and on.

A number of mechanisms could explain the substitution effect observed in First
of all, observing new possibilities of charging EV’s can tilt the margins of consumers
towards an EV instead of an ICE vehicle, especially for those consumers that need a
new private vehicle but are undecided on the fuel type. Secondarily, new public charging
infrastructure can indicate signs of institutional support as well as market maturity. The
mere presence of new charging infrastructure can legitimise the adoption of EV’s and

reduce potential uncertainty about adopting new technology. The negative effect on ICE
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Figure 9: Dynamic effects on ICE vehicle registrations
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Notes: Data from Statistics Denmark (datacode BIL53). ICE vehicles are defined
as being fuelled by either petrol or diesel. Treatment is defined as the initiation
of operation of the first charging station in a municipality. Control groups consist
of those municipalities that have not yet been treated with their first charging
station at each point in time. Once treated, a municipality remains treated for the
following months. Estimates obtained through methodology developed by Callaway

and Sant’Anna (2021]).

vehicles could therefore both reflect a technological substitution and a broader shift in
consumer confidence. Given the variety in perceived barriers to EV adoption highlighted
in related literature (Coffman et al., [2017), it is likely that both of these mechanisms
are at play and each influence different segments of consumers. However, we still see
a difference in the magnitude of EV registrations (0.47) and ICE vehicle registrations
(0.37). The fact that there is a net increase of household vehicles is in accordance with
the overall pattern in Denmark as the number of private vehicle ownership is increasing
(Prakash & Hall, . Nevertheless, more than 3/4 of EV adoptions are offset by
ICE vehicle reductions. This suggests that implementing new charging stations in places
with none of these is beneficial not only to increase EV demand but also to deter ICE
vehicle registrations, which is crucial for both emissions and pollution levels. As such,
public investments in charging infrastructure appear to positively and efficiently impact

the green transition of the transportation sector.

4.4 Policy push

A relevant subanalysis is to estimate the effect of the public push for charging stations
described in While the dataset does not inform about the owner (specifically

whether it was publicly or privately funded), I assume that any stations constructed in
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the beginning of 2022 is due to the policy directly. Even if individual public stations
were privately funded, it is likely that this private investment also happened based on
the knowledge of the institutional support agreed six months earlier. I therefore remove
all municipalities treated with their first charger before this policy push and run the

same Callaway and Sant’Anna (2021) estimator on the remaining sample. The overall

estimation is presented in [Table 6

Table 6: Aggregate Treatment Effects on Electric Vehicle Registrations

Treatment ATT Std. Error  Observations
Ist station — 0.24%*** (0.07) 7568

Notes: Clustered standard errors in parenthesis. *** p<0.01.
1) Dependent variable: EV registrations per 1000 inhabitants.
2) Treatment is defined as the initiation of operation of the first
charging station in a municipality. Control groups consist of
those municipalities that have not yet been treated with their
first charging station at each point in time. Once treated, a
municipality remains treated for the following months. 3) Es-
timate obtained through dynamic aggregation using Callaway
and Sant’Anna (2021)) staggered DiD estimator.

suggests that the policy has had a positive effect on EV registrations per 1000
inhabitants, which is significant at the 1% level. Aggregating the effect dynamically sug-
gests an increase of 0.24 EV registrations per 1000 inhabitants as a result of the policy
push. Similar to the other analyses, I explore the dynamic effects to investigate hetero-
geneity over time, which is displayed in

shows similar patterns to the main plot, as there is no significant effect in
the first two years after installing the first charging station. The assumption of parallel
trends seems plausible for this analysis as well, given that the differences between pre-
treatment period estimates are insignificant. The effect increases from month 25 and
remains positive and statistically significant for the rest of the period. Note that the
post-treatment period in this analysis runs until month 37 after treatment, given that
there are 37 months from month 49 (January 2022) to the end of the period of study,
month 86 (February 2025). Interestingly, there are 73 post-treatment periods in
- almost twice as many as in [Figure 10l This reason is likely why the overall estimation
(0.47) is almost twice the size of the observed effect of the policy (0.24). This suggests
that the difference in estimates is due to observed time. As such, the overall treatment
effect of the policy is likely to continue to have an effect this year and in the coming years
which would add to the effect of 0.24 EV’s per 1000 inhabitants already observed now in
the data.
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Figure 10: Dynamic effects on EV registrations after the 2021 infrastructure policy
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Notes: Data from Statistics Denmark (datacode BIL53). Treatment is defined as the
initiation of operation of the first charging station in a municipality. Control groups consist
of those municipalities that have not yet been treated with their first charging station at
each point in time. Once treated, a municipality remains treated for the following months.

Estimates obtained through methodology developed by Callaway and Sant’Anna (2021)).

Both [Table 6] and [Figure 10| suggest that this policy intervention has had a positive effect
on EV uptake in Denmark. The budget for the whole EV part of the infrastructure plan
was 500 million DKK (roughly 67 million EUR). Given that the estimated effect only
reflects the responses to the first charging stations, and that the 500 million DKK are

assigned for the total seven year period from 2022 to 2028, it appears to be a relatively
inexpensive policy intervention, at least compared to other EV stimuli such as subsidies or
tax benefits (Trotta & Sommer, . This is in accordance with the policy suggestions
in S. Li et al. (2017). In addition, it has the potential to legitimise the adoption of EV’s
and thereby also the market for both charging stations and EV’s; in fact, the charging
station intervention was put on hold only two years after the agreement, because the
private market for charging stations had matured sufficiently for private actors to invest in
infrastructure (Ministry of Transportation, , thereby making the public investments
redundant. This indicates that a policy intervention in the early stages of an EV market
is not only an inexpensive option to directly stimulate EV adoption, but also helps early

markets of new technology to mature in order to attract private investments.
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5 Conclusion

Across the EU, there seems to be consensus that governmental interventions are needed
for EV adoptions to play a meaningful role in reducing greenhouse gas emissions. De-
spite this, many countries are yet to host EV markets that match climate ambitions and
targets. Assessing the available tools for governments through an ex post analysis of EV
market developments is thus crucial for the design of future EV policies. In this paper, I
estimate the effect of public charging infrastructure on EV adoption through an analysis
of the Danish EV market. Specifically, I assess how installing the first charging station in
a given municipality affects EV registrations in that municipality. Through a staggered
difference-in-difference research design (Callaway & Sant’Anna, 2021)), I compare munic-
ipalities treated with their first charging station with those that have not yet installed
their first station. The main estimation suggests that the first charging station causes
an increase of 0.47 EV’s per 1000 inhabitants - a rather large effect compared to other
estimates in the literature. This large effect could indicate that early development of
public charging infrastructure is important in reducing range anxiety of potential EV
consumers and signals institutional support and market maturity. The dynamic effects
reveal that the effect is lagged by two years, likely because potential EV consumers need
to save up money before investing in a new private vehicle. I also find that the effect
is larger in urban and high-income municipalities as well as municipalities with a high
initial share of EV’s. Crucially for policymaking, though, the effect is also significant
in rural and low-income municipalities. While related literature has found indications of
free rider behaviour and labels EV policies such as tax benefits and subsidies as regressive
(Chandra et al., 2010; Muehlegger & Rapson, 2018; Trotta & Sommer, 2024), this find-
ing suggests that public charging infrastructure is positively affecting all socioeconomic
groups and both urban and rural consumers. This knowledge is crucial for designing
policies that do not drive further polarisation between income groups and urban/rural
population. Additionally, analysing the 2021 public push for EV infrastructure suggests
that the obtained effect of charging stations comes at a relatively low cost compared to
other policy options, which is in accordance with the literature (S. Li et al., 2017; Trotta
& Sommer, 2024). As such, if these results are to be taken seriously, governments with
EV markets at the early stages could profitably focus on implementing public charging

infrastructure, especially in places with a lack of charging options.

A few questions remain unanswered after this research due to limitations. First, I only es-
timate the effect of implementing the first charging station in this paper. The continuous
effect of implementing several charging stations at once could reveal marginal effects of
an additional charging station, and could potentially even suggest tipping points on when

consumers stop reacting to charging stations. Also, this paper only considers new private
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vehicle registrations in the households, but does not take into account the second hand ve-
hicle market. Further research could focus on the relative shifts of private vehicles across
income groups or between urban and rural municipalities. Additionally, to build on the
heterogeneous findings on income in this study, further research could utilise household-
level data to provide insights on the mechanisms behind the difference of high-income
and low-income municipalities, specifically in terms of the household characteristics of
EV adopters. This has the potential to more accurately identify the additionality effect
of public charging infrastructure. Finally, I only consider public charging stations in this
paper; however, private chargers are more relevant for EV owners who drive daily. Fu-
ture research could investigate to what extent public charging stations complement or

substitute private chargers.
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Appendix
A Renewable energy production in Denmark

Figure 11: Renewables share of electricity generation, Denmark
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Notes: Data from IEA (2024). 85.2% of this generation comes from wind, 14.7% from solar, and
0.1% from hydro.
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B Heterogeneity: Significance

The implementation of the Callaway and Sant’Anna (2021) does not currently allow
for the inclusion of interaction terms. Thus, heterogeneity is explored by subsetting
the samples. As a result, while I obtain two different estimates, the significance of the
difference between the estimates must be calculated through a two-tailed test. This is

done through the following formula:
B =B
V/SE} + SE?

Reject H, if [t] > tay2
Fail to reject Hy if [t| < ta)o

Test statistic: ¢ =

Decision rule (two-tailed test): {

Approximate p-value: p=2-P(Z > |t|)

Where:

) Bl and Bg represent the two independent point estimates (e.g., treatment effects or

regression coefficients).
e SE; and SE, are the corresponding standard errors of 81 and f.

e The test statistic £ compares the difference between the two estimates relative to

the combined standard error.

e The denominator \/SFE? + SE2 assumes independence between the two estimates,

so their variances are additive.
e The null hypothesis Hj is that the two estimates are equal: Hj : Bl — Bg =0.

e The critical value ¢,/ corresponds to the selected significance level a for a two-tailed

test (e.g., to.025 = 1.96 for a = 0.05 under a standard normal distribution).

e The p-value is calculated as p = 2 - P(Z > |t|), which gives the probability of
observing a difference at least as extreme as the one observed, under the assumption

of no true difference.

e For large samples, the t-distribution can be approximated by the standard normal

distribution, hence the use of Z in the p-value formula.

These calculations are applied to the heterogeneous analyses in section 4.2.1, 4.2.2, and
4.2.3.
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B.1 Income estimates

Figure 12: Significant difference between estimates for high-income and low-income mu-
nicipalities

Estimate = 0.34, 95% CI =[0.23, 0.45], p-value = 1.1e-09

0.0 0.1 0.2 0.3 0.4
ATT Difference (High - Low Income)

Notes: This plot shows the difference in the ATT estimates for high-income and low-income
municipalities, computed through a two-tailed test described above. The difference is signifi-
cantly different from 0 at the 1% level.
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B.2 Initial EV share estimates

Figure 13: Significant difference between estimates for high and low initial EV share
municipalities

Estimate = 0.26, 95% CI = [0.16, 0.36], p-value = 2.87e-07

0.0 0.1 0.2 0.3
ATT Difference (High - Low initial EV share)

Notes: This plot shows the difference in the ATT estimates for municipalities with a high and
low initial EV share, computed through a two-tailed test described above. The difference is
significantly different from 0 at the 1% level.
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B.3 Urban/rural estimates

Figure 14: Significant difference between estimates for urban and rural municipalities

Estimate = 0.22, 95% CI = [0.06, 0.38], p-value = 0.00709

0.0 0.1 0.2 0.3
ATT Difference (Urban - Rural)

Notes: This plot shows the difference in the ATT estimates for urban and rural municipalities,
computed through a two-tailed test described above. The difference is significantly different
from 0 at the 1% level.
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C Vehicle shares

Figure 15: Plugin Hybrid Share of Total Vehicles in use, 2018-2025
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Notes: Data from Statistics Denmark (datacode BIL710). The graph shows the yearly market
share of Plugin-hybrid vehicles out of all vehicles registered in households in Denmark per 1st of
January of each year.

41



D Descriptive statistics

D.1 Statistics tables

Table 7: Descriptive Statistics by Income Group

Low Income High Income

Mean EV Regs. (1000 cap) 0.27 0.42
Mean EV Share (01/2018) 0.16 0.32
Mean Income (DKK) 235,874.8 287,633.4
SD Income 8,751.0 53,946.1
Min Income (DKK) 213,852.0 250,280.9
Max Income (DKK) 248,673.1 512,593.9
Mean Population 50,762 67,508
Avg. Treatment Month 50.35 47.76
SD Treatment Month 10.04 13.96
N Municipalities 49 50

Notes: This table reports mean characteristics of municipalities in the
low- and high-income groups used in the heterogeneous effects analysis.
Income groups are based on the median of average household income in
the period 2018-2025.

Table 8: Descriptive Statistics by Initial EV Share Group

Low Initial EV Share High Initial EV Share

Mean EV Regs. (1000 cap) 0.28 0.42
Mean EV Share (01/2018) 0.13 0.36
SD EV Share (2018) 0.04 0.22
Min EV Share 0.00 0.19
Max EV Share 0.19 1.15
Mean Income (DKK) 241,342.3 282,647.9
Mean Population 47,110.9 71,575.1
Avg. Treatment Month 48.56 49.53
SD Treatment Month 11.80 12.67
N Municipalities 50 49

Notes: This table reports mean characteristics of municipalities in the low- and high-initial EV
share groups used in the heterogeneous effects analysis. Groups are based on the median of electric
vehicle share as of January 2018.
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Table 9: Descriptive Statistics by Urban-Rural Group

Rural Urban

Mean EV Regs. (1000 cap) 0.30 0.41
Mean EV Share (01/2018) 0.18 0.33
Mean Income (DKK) 245,838.9 282,555.4
Mean Population 37,865.2  87,029.6
Avg. Treatment Month 49.04 49.05
SD Treatment Month 12.94 11.28
N Municipalities 56 43

Notes: This table reports mean characteristics of municipalities
by urban-rural classification (as per Statistics Denmark) used
in the heterogeneous analysis. Urban-rural groups are coded as
1 for rural and 0 for urban municipalities.

D.2 Distribution plots

Figure 16: Distribution of income
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Notes: This histogram illustrates the variation in income across the 99 municipali-

ties. The red line indicates the median splitting the sample into the two low-income
and high-income groups.
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Figure 17: Distribution of initial EV share
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Notes: This histogram illustrates the variation in initial EV share across the 99 municipalities.
The red line indicates the median splitting the sample into the two groups of low and high
initial share of EV’s.
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E Event plot of TWFE model

Figure 18: Dynamic effects in TWFE model
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Note: This plot visualises model 2 from [Table 1
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Group ATT

Figure 19: Aggregate ATT by group
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Notes: The graph shows the average ATT for each treatment group. Standard errors not over-
lapping with 0 indicates significance at the 1% level.
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G Back-of-the-Envelope Calculations

G.1 Illmann and Kluge (2020)

To compare the elasticity estimate from Illmann and Kluge (2020) to the results in this
study, I conduct a back-of-the-envelope normalisation of their effect into per capita terms.
[lmann and Kluge (2020]) estimate that a 1% increase in public charging points leads
to a 0.8% increase in monthly BEV registrations. Based on German national statistics
from 2017, the total number of new EV registrations per month was approximately 6,000.

Therefore, a 1% increase in chargers is associated with an increase of:
0.008 x 6,000 = 48 BEV registrations per month
Annualising this effect yields:
48 x 12 = 576 EV registrations per year

Germany’s population in 2017 was approximately 83 million. To express this effect in

per capita terms:

576

83,000,000 x 1,000 = 0.0069 ~ 0.007 EVs per 1,000 capita per year

Conclusion: The estimate in Illmann and Kluge (2020)) implies that a 1% increase
in public charging infrastructure results in approximately 0.007 additional EVs per
1,000 people per year. This magnitude is considerably smaller than the dynamic
effect estimated in this paper (0.47 EVs per 1,000 capita), which is expected given

the cumulative nature of the estimate in Illmann and Kluge (2020)).

G.2 Sommer and Vance (2021)

To compare the estimate from Sommer and Vance (2021)) to the present study, I convert
their result into per capita terms. Sommer and Vance (2021)) estimate that one additional

normal public charging point is associated with an increase of:
0.062 new EV registrations per county per month
This corresponds to:
0.062 x 12 = 0.744 =~ 0.74 new BEVs per county per year

Germany comprises approximately 400 NUTS-3 counties, with a total population of
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around 83 million. Thus, the average county population is:

83,000,000

100 = 207,500 people
Expressing the annual increase in EVs per capita:

0.74
207,500

x 1,000 = 0.0036 EVs per 1,000 capita per year

Conclusion: According to Sommer and Vance (2021)), the addition of one public charging
point is associated with an increase of approximately 0.0036 BEVs per 1,000 people
per year. Compared to the estimate of 0.47 BEVs per 1,000 capita found in this
study (based on the dynamic effect of the first station), this magnitude is substantially
smaller. The difference likely reflects the marginal nature of Sommer and Vance (2021)’s
estimate—capturing small additions to already-developed infrastructure—whereas my
study captures the larger behavioral response associated with initial charger deployment

in previously unserved municipalities.

G.3 Schulz and Rode (2022)

Focusing on Norway, Schulz and Rode (2022) estimate that five years after the implemen-
tation of a municipality’s first public charging point, EV ownership rates increase by 1.5
percentage points. This increase is described as a 200% growth relative to the baseline

EV share, implying that the initial BEV ownership share was approximately:
1.5
5 = 0.75%

Therefore, the total cumulative effect over five years is an increase from 0.75% to 2.25%

of the population owning a EV, corresponding to:
1.5% x 1,000 = 15 EVs per 1,000 capita
To express this as an annualised effect:
15 .
T = 3 EVs per 1,000 capita per year

Conclusion: Schulz and Rode (2022) suggest that the first charging point results in a
cumulative gain of 15 EVs per 1,000 people over five years, or approximately 3 EVs
per 1,000 people per year. This estimate is substantially larger than the German-
based elasticity estimates in other studies, and also larger than this paper’s estimate of
0.47 EVs per 1,000 people.
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H Contingency tables of heterogeneous analyses

Table 10: Cross-tabulation of income level and initial EV share

Low initial EV % High initial EV %

Low-income 38 11
High-income 12 38

Notes: This table shows the distribution of municipalities across the splits
between high and low income, and high and low initial share of EV’s. The
sum adds up to the 99 municipalities.

Table 11: Cross-tabulation of income level and urban/rural

Rural % Urban %
Low-income 37 12
High-income 19 31

Notes: This table shows the distribution of mu-
nicipalities across the splits between high and low
income, and urban and rural. The sum adds up
to the 99 municipalities.

Table 12: Cross-tabulation of initial EV share and urban/rural

Rural % Urban %
Low initial EV % 38 12
High initial EV % 18 31

Notes: This table shows the distribution of municipali-
ties across the splits between urban and rural, and high
and low initial share of EV’s. The sum adds up to the
99 municipalities.
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