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Abstract

We evaluate a large-scale Swedish electric bike (E-bike) subsidy program in 2018,
similar to those implemented in many other countries. We combine administrative,
insurance and survey data to address challenges of welfare analyses such as non-
additionality. We find (1) complete pass through of the average $494 subsidy to con-
sumers, (2) a near doubling of E-bikes sold but one-third of the adopters are non-
additional, and (3) a savings of 1.3 tons of carbon emissions during the life of the
E-bike. At a cost of $589 per ton, the program is an expensive way to reduce carbon
emissions from driving.
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1 Introduction

Greenhouse gas (GHG) emissions from transportation account for about 29 percent of
total US GHG emissions, making it the largest contributor by sector to global warming.
Within the transportation sector, cars are responsible for 58% of all transportation emis-
sions according to the US Environment Protection Agency. Along with electric cars, elec-
tric bikes or pedelecs (E-bikes) are a potentially important tool to address global warming.
With rechargeable batteries and hence capable of long distances, they can replace car trips
for work in dense and growing urban areas around the world.

But E-bikes are not cheap, around a few thousand dollars of upfront costs along with
several hundred additional dollars for each battery replacement. A number of govern-
ments have or are in the process of implementing subsidy programs to promote house-
hold adoption of E-bikes (see Table 1). There is even an E-bike bill (H.R. 1019) introduced
in the US House of Representatives for the 117th Congress (2021-2022). Hence, a welfare
analysis of these programs would be valuable.

However, such analyses of these E-bike subsidy programs are challenging for several
reasons. First, a welfare analysis requires measures of tax incidence or the passthrough of
any given subsidy to consumers in order to appropriately account for consumer and pro-
ducer surplus. Second, beyond obtaining reliable passthrough estimates, there is also the
concern over inframarginal participation (i.e. those consumers who would have adopted
an E-bike even in the absence of a subsidy, see Joskow and Marron (1992)).! Third, this
difference also raises the issue of whether a family that buys an E-bike will necessarily
cut down their driving.

To address these issues, we combine administrative, insurance and survey data from
a large scale Swedish E-bike subsidy program in 2018. The Swedish subsidy program is
similar in structure to programs run and proposed in other countries around the world

and the choice of E-bikes ought to have commonalities across dense urban areas. Hence,

ICredible estimates of infrarmarginal participation obtained in the adoption of home solar energy pro-
grams using various techniques point to sizeable but a wide range of estimates (Boomhower and Davis
(2014), Ito (2015)). These estimates may not port over to E-bikes since the goods are quite different — an
E-bike does necessarily replace the family car.



our findings are likely to be extrapolable to other settings.

The 1 billion Kronas program was intended to last for three years but exceeded its per
year spending limit already during its first year (October 2017 to October 2018). With a
cost of 425 million Kronas, it was suspended in 2018 and was not subsequently renewed
after a change in political leadership following elections. We obtain from the Swedish En-
vironmental Protection Agency (SEPA) all the E-bike transactions in Sweden that received
a subsidy. The subsidy was for 25% of the retail price with a limit of 10,000 Kronas (or
around $1,100). The SEPA data has the transaction price, the subsidy amount, the model,
and the retailer. There is also basic demographic information about the customers such
as income, gender, age, martial status, education and zip-code of residence.

We merge the subsidy data with sales data from Solid, the leading insurance provider
for bicycles in Sweden. Solid offers insurance at the point of sale of new bikes, covering
approximately 90% of the specialized bicycle dealers.? Around 50% of all new bikes sold
in Sweden are registered with Solid and we find that 76% of all subsidized E-bikes were
sold by retailers in the Solid sample. Hence Solid and the SEPA data allows us to create a
panel of transactions by customer i at retailer j at time ¢, for before, during and after the
subsidy program.

The subsidy program coincided with a temporary surge in purchase of E-bikes. Ag-
gregate data suggest that total E-bike sales grew from around 67,000 to 103,000 in annual
terms between 2017 and 2018. The number of E-bikes insured by Solid also increased by
around 70% year-on-year to 47 thousand registered new E-bikes in the subsidy period.
We can use a subset of this panel data to estimate the passthrough rates.

We then use data from a follow-up survey conducted by the SEPA of several thousand
representative households that used the subsidy. We use their responses to the survey
question of whether the subsidy was important for their purchase decision to assess the
inframarginality issue. We then use their self-reported usage of their family car pre and
post the purchase of their E-bike to assess the environmental impact of the E-bike subsidy.

In the first part of our paper, we estimate passthrough by regressing the transaction

ZMost bicycles receive a free three-month insurance policy from Solid which is renewable at expiration.
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price net of the subsidy on the subsidy attached to that transaction (following Busse,
Knittel, Silva-Risso, and Zettelmeyer (2012), Busse, Silva-Risso, and Zettelmeyer (2006)).
We estimate this panel regression using E-bike model, retailer, county and time fixed
effects. If there is complete passthrough to the consumer, then the slope coefficient of
this regression is 1. If there is no passthrough to the consumer, then the slope coefficient
is zero. Pooling together all retailers, we estimate a passthrough of 0.99, i.e. consumers
receive the bulk of the subsidy.

Second, we find using the follow-up survey data that around one-third of households
did not list the subsidy as an important reason for their purchase. This incidence sensibly
increases to over 53% for households in the highest income bracket of two million Kronas
($225k) and decreases to 28% for those younger than 35. In regressions where we control
for all demographics, we find that subsidy importance decreases with income, age and
among women living in Green Party strongholds. Notably, we find the importance of the
subsidy to be unrelated to stated commuting distance to work.

Third, we find using the same survey data meaningful changes in car driving behav-
ior. Almost two-thirds of our sample report using a car to some extent for commuting
before buying an E-bike and more than half of them use it on a daily basis. After having
bought the bike, only 4% keep using the car every day, 54% use the car less frequently of
which 23% stop using the car for commuting altogether compared to before the purchase.
The change in commuting behavior by car is more pronounced than for other means of
transportation, such as regular biking or public transport.

The change of car use can be translated to kilometers through commuting distance.
On average, we estimate that car drivers reduce driving by 1,870 kilometers per year, re-
ducing carbon emissions by around 260 kilos (140 grams per kilometer). Since the policy
targets also people not driving cars, the reduction falls to 177 kilos per year if everyone
is included. We can then calculate the amount of carbon emissions that was reduced as
a result of the program using assumptions on the life an electric bike (around 8 years)

and netting out the emissions of electric bikes, which turns out to be 1.3 tons of carbon



emissions saved per E-bike.

The average subsidy paid is around $494 and is very similar across groups of car
drivers and others. But the program also covers non-additional consumers who would
have bought an E-bike even without the subsidy. Adding the cost of the program to the
estimated 64% additional consumers, the cost per bike rises to $766. Hence, it cost the
program $589 ($766 divided by 1.3 tons) to reduce one ton of carbon emissions.

In the last part of our paper, we also account for potential coincidental benefits of the
adoption of electric bikes in the form of reduced traffic congestion. We find small effects
on traffic congestion as the adoption of electric bikes were mostly outside of big cities.
Overall, we conclude that the program is an expensive way to reduce externalities from
driving.® Our conclusion is similar to what has been found in other settings such a large-
scale program in Mexico that replaced old appliances (refrigerators and air conditioners)
with energy-efficient models (Davis, Fuchs, and Gertler (2014)).

Our paper provides a holistic framework to evaluate subsidy programs to replace
personal transportation. The previous literature primarily research behavior and substi-
tution, such as Hendriksen et al. (2008) and Winslott and Ase Svensson (2017) with the
main objective to acquire more information on who buys E-bikes, how they are used,
and what modes of transport they replace. A second literature, as for example McQueen,
MacArthur, and Cherry (2020) and Fyhri, Sundfer, and Weber (2016), targets the emission
reductions and how to calculate savings by replacing (mainly) cars by E-bikes. Our study
combines these literatures in that we are able to tie administrative data, sales data and

survey data with the main objective to evaluate the combined outcome of the policy.

2 Data

First we describe the subsidy in Sweden and how it relates to other subsidy programs in
the world. Then we report on the E-bike data we obtain from the Swedish EPA and Solid.

And finally, we outline the survey which covers a subsample of the subsidy data.

3The social cost of carbon is typically calculated to be around $50 to $100 (Nordhaus (2017)).
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2.1 The Swedish E-bike Subsidy

On September 20, 2017, the Swedish government announced a scheme to increase green
transportation through a subsidy of E-bikes. The aim of the subsidy was to improve con-
ditions for climate-smart transportation and to contribute to improved public health. The
program was formally in place on February 1 of 2018 but allowed consumers to retroac-
tively apply for the subsidy from the date of announcement. The Swedish government’s
original plan, to be implemented by SEPA, was to spend approximately one billion Krona
($113 million) on E-bike subsidies over a three year period from 2018 to 2020. According
to the scheme, an E-bike consumer could get a subsidy of 25 percent of the purchasing
price with an upper limit of 10,000 Kronas, corresponding to around $1,100.

To claim the subsidy, individuals were acquired to fill out a detailed form online or by
regular mail. In addition to personal details, the form included information on bike and
model as well as the retailer selling the bike and the receipt of purchase. The claimants
were required to be at least 18 years of age, and restricted to only one purchase. The
program covered only new pedelecs and excluded smaller electrical vehicles (e.g. hov-
erboards, scooters and Segways) but did include bigger ones, such as quadri-cycles and
cargo bikes provided that they fulfilled the European Electrically Powered Assisted Cy-
cles (EPAC) standard.

Due to exceptionally high demand, the money budgeted for 2018 did not last the entire
year. The pace at which people wanted to claim the subsidy was deemed unsustainable
given the allocated resources. In July 2018, 45 million Kronas was added. And in Septem-
ber 2018, an additional 40 million Kronas intended for the 2019 subsidy program were
moved to the 2018 program. On October 18 in 2018, the program was ended prematurely
due to its popularity after having used a total of 425 million Kronas ($48 million). Any
E-bikes sold after this date were no longer eligible to receive the subsidy.

The subsidy was not extended. The elections in the fall of 2018 gave no stable par-
liament majority. The center-right opposition was skeptical of the subsidy program—

viewing it as inefficient use of tax money. The Red-Green government proposed to con-



tinue the program in 2019. The result of the post-election negotiations was that the Red-
Green government remained in place, but an opposition budget for 2019 passed in par-
liament with a budget that did not include funds for a continuation of the E-bike subsidy

program.

2.2 Similarity to E-bike Subsidies Around the World

According to the European Cyclists’ Federation (ECF), there are more than 300 tax-incentive
and purchase-premium schemes for cycling across Europe offered by national, regional
and local authorities in place at the end of 2021 to make it attractive to cycle more and
drive less. While many incentives in Europe were already introduced in the last decade,
the number of schemes has increased significantly since 2019. In the US, there is a re-
cent E-bike bill (H.R. 1019: “Electric Bicycle Incentive Kickstart for the Environment”)
that aims to introduce a 30% tax credit for E-bike purchases, but there are already many
regional incentives in place across the country. In Germany, the Green Party proposes to
promote the purchase of cargo bicycles with subsidies totalling up to one billion Euros in
the next legislative period.

Table I provides a sample overview over the more well-known E-bike incentive pro-
grams that are or have recently been in place in North America and Europe.* We note

three things when relating the Swedish program to other existing subsidies.
Table I here

First, a capped discount targeted directly towards consumers, like in Sweden, is ac-
cording to our investigation by far the most popular type of intervention, followed by
tax credits and flat rates that sometimes are also combined with scrapping a fossil fuel
vehicle (known as “Cash-for-Clunkers” programs, Mian and Sufi (2012)). To the extent
other programs in the world are similar in structure, we believe that our results should

be transportable.

4See for instance McQueen, MacArthur, and Cherry (2019) and Newson and Sloman (2019) for earlier
overviews. The European Cyclists’ Federation offer a website with an overview of the European programs
available at https://ecf.com/resources/financial-incentives.

6



Second, the size of Sweden’s program is substantial in comparison with others that
are currently in place. But there are even larger programs going forward. The €1 billion
program proposed by the Green Party in Germany and the $4.1 billion E-BIKE bill in the
US shows that subsidies of E-bikes are likely not only here to stay, but become part of
general policies to steer households towards green transportation.

Finally, the available documentation surrounding the conditions and uptake of the
international programs is sparse, making it difficult to evaluate them. With more detailed

data at hand, this paper aims to fill this gap.

2.3 E-Bike Subsidy Data

We obtain the subsidy data from SEPA containing 96,869 observations from which we
classify 89,042 as regular pedelecs or E-bikes.” The subsidy data includes detailed infor-
mation of all bikes, individuals and retailers that received the subsidy. Specifically, the
subsidy data includes detailed demographics for receivers of the subsidy on zip code,
age, income, education, marital status and gender. The data for the retailers includes the
corporate identity number as well as location. Of the 1,578 retailers in sample, about one-
third only sold one E-bike and the top 85 retailers selling more than 200 E-bikes accounts
for two-thirds of the total volume. Finally, the bike data includes name, model and pur-
chase price along with the subsidy paid out. Although the SEPA data is detailed and

accurate, we have no observations outside of the subsidy.

2.4 Solid Insurance Data

In order to obtain estimates of pass-through, we need detailed data from outside the
subsidy period. The Swedish Cycle Association (a trade organization) reports only aggre-
gated data year-on-year defined from September to August, but shows a clear increase for

the period of the subsidy. For the year 2016/2017 sales were 67,000 growing to 103,000 for

>We delete 7,827 transactions that were paid out for light mopeds, electric wheelchairs and other light
electric vehicles, including some 800 E-bikes purchased abroad.



the 2017/2018 period. This aggregation is based on data from importers for which there
is no way to identify individual E-bike transactions, and the measured time period does
not exactly coincide with the subsidy period.

Instead, our second E-bike data source comes from the insurance company Solid. An
important business of Solid is to co-insure bikes. Even though all home insurance poli-
cies in Sweden also cover bikes, they are normally capped and come with substantial
deductibles. Solid offers additional coverage for every new bike sold in its network of re-
tailers, which customers can choose to extend after three months. The insurance policies
are offered at purchase of new bikes through a network of bike retailers. Solid’s customers
include all major retailers specializing in bikes, and an estimated 50% of all bikes sold in
Sweden are sold with a Solid insurance. When comparing retailers across the Solid data
versus the SEPA data, retailers not attached to Solid are typically larger retailers who do
not specialize in bikes (such as department stores and online-only retailers).

From Solid, we obtain bike brand, model and price, but also age, gender and zip-code
by the insured, as well as corporate identity number and location of the retailer selling the
bike; hence making it possible to merge the two data sets. The Solid data is of high quality
with respect to brand, date, retailer and zip-code (due to standardized fields), but is of
lower quality with respect to price and model which is sometimes missing, insufficient or
unreasonable. The full data set consists of almost 695,587 new bicycle purchases for the
time period January 2017 to October 2019. From this data, we identify 91,506 E-bikes that
we then seek to find which ones received a subsidy from the SEPA data. We find that 76%

of all subsidized E-bikes were sold by stores affiliated with Solid.®

2.5 Matching SEPA Subsidy to Solid Data

Among the insured 91,506 E-bikes, there are 47,382 transactions during the subsidy pe-
riod of October 2017 to October 2018 (or 3,613 E-bikes per month), compared to 17,896

transactions before the subsidy period from January to September 2017 (or 2,084 E-bikes

®Table OA.I provides an overview of the procedure through which we match SEPA subsidy data to Solid
E-bike transactions.



per month ) and 26,228 transactions after the subsidy period from November 2018 to Oc-
tober 2019 (or 2,135 E-bikes per month). That is, monthly transactions during the subsidy
period are around 1.7 times higher than those outside the subsidy period.

Since price and model are sometimes missing in the Solid data set we match the SEPA
subsidy to Solid by dealer, brand, gender, year of birth and month of purchase. During
the full subsidy period, we are able to match 29,794 transactions to subsidy information,
or roughly 63% of the transactions. In other words, around 37% of the E-bikes sold during
the subsidy period did not receive a subsidy. There are two main reasons for this. One
is that customers who bought the bike did not submit or properly fill out the paper work
required to receive the subsidy. Customers had to send a form to SEPA including the
receipt of purchase. The second is data entry error either on the part of Solid or SEPA that
prevent a match.

To address the latter data entry issue, we apply a series of screens to our sample.
First, we delete observations with missing prices or model names. This brings our overall
E-bike sample from 91,506 to 73,795 transactions. In the second step, we remove obser-
vations with extreme prices by trimming the tails of the price distribution at 2%, which
gives us 68,149 observations.

Third, in order to be able to estimate the pass-through model, we require bike brand
models to be sold throughout the full sample period. We also require there be a sufficient
amount of bikes sold by each retailer for the estimation to handle fixed effects for both
models and retailers. We initially identified 40 top selling bike models that were sold
throughout the period for which we selected the top 50 retailers. One retailer only sold
two retail-branded models, so we dropped the retailer and models from the sample.

The final regression sample contains 20,586 E-bikes consisting of 38 models sold by
49 retailers during 2017 to 2019. We find that these 49 retailers sold 55% of the total 38
top-model volume. Over time, 3,788 E-bikes were sold before, 10,576 were sold during,
and 6,222 were sold after the subsidy was in place. Of the 10,576 E-bikes sold during the

subsidy period, 7,914 E-bikes are matched to the EPA subsidy data, corresponding to 75%



of all bikes during the subsidy period. We are relatively confident now that the remaining
25% of the E-bikes that did not receive a subsidy in the subsidy period is likely due to the
customer not following SEPA procedures to claim their subsidy, chose not to do so or did
not qualify. This could be for various reasons of which we can only speculate: purchase
of a second E-bike or purchase on behalf of someone else, the customer is under the age
of 18, failing to meet the filing procedure of sending in the original receipt, preferences or
ignorance.

Figure 1 presents the matched retailer-model data for the same time period in which
we highlight the subsidy period in darker color. It provides a graphical representation
of the E-bikes sold over time. We also trace out the average price for bikes, in which we
hold model and retailer constant throughout. Although the average price of the E-bikes
have been rising from 23,000 Kronas ($2,600) to almost 25,000 Kronas ($2,800) at the end
of the period, there is no sign of a sharp increase in prices as the subsidy was introduced.
As E-bikes are mainly produced in China, and are subject to exchange rate conditions, we
also plot the average Krona/$ exchange rate in Figure 1, which indicates that some of the

price increase can be due to a weakening of the currency.

Figure 1 here

2.6 Survey Data

SEPA commissioned a research report, in which they invited a representative sample of
10,500 people from the subsidy-takers to take an online survey in March 2019. The survey
contains questions about motives to buy the E-bike, commuting distance and means of
transportation before and after the E-bike purchase. Around 3,500 people answered the
question about how important the subsidy was for their decision to buy an E-bike on the
survey, but fewer answered the questions about of how travel behavior had changed. De-
tails about sampling and survey instrument can be found in the report Naturvardsverket

(2019). The survey data helps us identify additional consumers as well as reductions in
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car use.’

3 Pass-through Estimates

Following Busse, Knittel, Silva-Risso, and Zettelmeyer (2012) and Busse, Silva-Risso, and
Zettelmeyer (2006), we estimate a pass-through regression using E-bike model, retailer,
county and time fixed effects.

Let Subsidy; ;; be the size of the subsidy that consumer i received on her E-bike j
purchase at time ¢. P, ;,; be the price that consumer 7 pays for E-bike j from retailed r at

time ¢ net of the Subsidy; ;. The passthrough regression is then given by:
P, i = Bo + B1Subsidy; j + B2Customer Demo; + BsKrona/$ + 0; + Kk + v + €00 (1)

Customer Demo; is customer demographics including age and gender. Krona/$ is the
Kronor per US dollar exchange rate to capture pricing effects associated with changes in
exchange rates since the E-bikes are imported into Sweden. ¢; is E-bike brand and model
fixed effect. Retailer fixed effects is denoted «, and v, is month times year fixed effects.
The coefficient of interest is ;. The null hypothesis of a full pass through of the subsidy
to consumers means that 5, = —1. If there is incomplete passthrough, then we expect
a coefficient to be negative but smaller in absolute value than 1. That is, retailers are
raising their prices for transactions where customers received a subsidy and not raising
their prices where customers do not receive a subsidy.

The regression results are presented in Table II. In the first column, we report the
results with just model fixed effects, which control for the impact of quality differences
in E-bikes sold. We see that the coefficient of interest is -1.021 and highly statistically
significant. It cannot be rejected from the null of complete pass-though (8, = —1). The p-
value from a ¢-test that it differs from -1 is only moderately significant at 0.067. Customer

demographics to age and gender have no statistical significance in this regression since

"The technical report from Statistics Sweden documents that the survey sample is representative of the
full subsidy sample. Appendix Table OA.IIIl also shows that survey household demographics are very
similar to the full sample.
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they are mostly related to bike brand and model.
Table II here

But the coefficient on Krona/$ is significantly positive. The coefficient of 946 means
that a one Krona depreciation against the dollar means almost a 1,000 Kronor higher
average price for E-bikes. This coefficient is capturing the fact that the Krona is weak-
ening over this sample period, which makes imports more expensive. Hence retailers
passthrough some of those costs to consumers (Goldberg and Hellerstein (2008), Naka-
mura (2008), Nakamura and Zerom (2010)). This can be seen in Figure 1, where we plot
the average E-bike price using the black line. The lower and upper 95 percent confidence
bounds are also reported. The Krona/$ time series is reported in the dotted line. One can
see that there is trend increase in the average price. The USD relative to the Krona is also
increasing starting in January 2018.

In column (2), we add time fixed effects instead of Krona/$ to capture exchange rate
effects and also introduce retailer fixed effects. Our coefficient of interest is little changed
as it decreases from -1.021 to -0.993. This -0.993 coefficient is also highly statistically sig-
nificant but does not differ from the null hypothesis (5, = —1) with a p-value of 0.436.
However, the retailer fixed effects are highly significant, consistent with the importance
of retailer pricing or marketing heterogeneity in the context of E-bikes (Pless and van
Benthem (2019)). In column (3), we also introduce county FE to account for the influence
of geographical heterogeneity on passthrough estimates. But the coefficient of interest is
little changed moving from column (2) to column (3).

Our complete passthrough estimates are consistent with a spike in sales during sub-
sidy period observed from the Figure 1, with the bars capturing the number of matched
E-bikes sold each month. Recall that there were 10,576 E-bikes sold during the subsidy
period (or 755 E-bikes per month) in our model/retailer restricted sample compared to
3,788 before the subsidy (or 420 E-bikes per month) and 6,222 after the subsidy (or 622
E-bikes per month). So, the marked increase in the sale of E-bikes during the subsidy

period is consistent with the complete passthrough of the subsidy. Moreover, it is inter-
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esting to note that E-bike sales after the subsidy were still higher than pre-subsidy levels.
This might be due to indirect effects of the subsidy in spurring household adoption. We

leave this conjecture for future investigation.

4 Additionality

While the complete passthrough estimate and the large quantity movements are a neces-
sary condition for significant welfare effects from the subsidy, they are far from sufficient
due to the issue of inframarginality. Of the sizeable uptick in sales, what fraction of them
would have occurred even absent the subsidy? This is a difficult question to answer.
Fortunately, we have follow-up survey data from SEPA that can address this issue.

We specifically hone in on the question “How important was the subsidy for your
decision to buy the electric bike?”. Possible answers are graded on a five-point scale
ranging from “Not important at all” to “Crucially important”. A salient feature of the
survey is the heterogeneity in these responses. There were 3,499 responses to the survey
which is summarized in the appendix Table OA.IIl. About 61% find the subsidy to be
important (corresponding to those responding with 4 or 5). 16% responded that it was not
important for their purchase (those with 1 or 2). 23% of the people said it was somewhat
important (those who answered with 3). Six people responded that they did not know.
A conservative estimate of this additionality fraction is then 61% (grouping answers of 4
and 5).

In Table III, we regress these responses on the demographics of those in the survey
and show that the responses of 1 to 5 line up in intuitive ways with demographics. The
survey demographics are more detailed. We have seven demographic features including
age, gender, having kids, marital status, the Green Party election outcome in the munici-
pality in which the respondent live, whether the respondent has a university degree and
whether the household lived in an urban area (defined by Sweden’s three main city re-
gions Stockholm, Gothenburg and Malmo). In Table III, we relate the importance answer

(1 through 5) on these demographic attributes using an OLS regression.
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In column (1), log family income is negative correlated with the importance answer.
The coefficient of -0.104 is highly statistically significant. Increasing family income by
10% reduces the importance of the subsidy by almost 1%. In column (2), both log family
income and age are negatively correlated with the importance answer. The coefficient
on log family income hardly moves. Hence, there seems to be independent explanatory
power for age above and beyond income for inframarginality.

In column (3), we introduce two additional demographic features of gender and hav-
ing children. Females are less likely to find the subsidy being important for their pur-
chase. In column (4), we add in university education which is has no explanatory power.
Living in an Urban area similarly had no effect in column (5). In column (6), we find
that Green party voters are more likely to be inframarginal. Finally, in column (7) we add
the reported daily commuting distance for which we have 2,578 responses. We find no
relation between how important the subsidy is for purchase and the reported round-trip

commuting distance. The other parameters are virtually unchanged.

5 Substitution Away from Other Means of Transportation

We next turn to two additional survey questions that will allow us to pin down the im-
pact of the purchase of an E-bike on the reduction in kilometers driven by adopters. Of
the 3,499 households that took the survey, 2,578 reported daily commuting distance and
1,873 also reported their means of transportation (car, public transportation or regular
bicycle)—separately for winter and summer before and after the purchase of the E-bike.?

When we compare the smaller pool of subjects who responded to the more detailed
commuting questions with the full survey sample we find them to be similar.’ 61% of
households reported that the subsidy was important for their purchase in the full sample.
This rises to 64% in the smaller sample of the 1,873 who answered the questions about

means of transportation. The distribution for this subset of households is similar to the

8The relatively extensive amount of information that was to be provided likely contributed to the lower
response rate for these items of the survey.
A detailed summary is provided in the appendix Table OA.IIL.
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larger set of households who participated in the survey. We also consider an even smaller
subset of households who reported they used cars for their commute before the subsidy.
There are 1,166 such respondents. Interestingly, around 67% of these respondents said the
subsidy was important for their purchase, slightly more than in the first two instances.
Overall, we conclude that our non-additionality estimates conditioning on the sample of
households who report their transportation usage are not so different from our earlier
estimates using all survey respondents — anywhere from 61% to 67% are additional, or
equivalently nearly 39% to 33% are non-additional.

Figure OA.III reports the change in the means of transportation used for the 1,873
respondents. The respondents were asked to provide estimates for summer as well as
winter, but we only present the results for summer here. We first consider use of car.
Before the E-bike purchase, the mean days of car use is 2.57 days, where 37% never use
car for commuting, 29% less than weekly and 34% weekly (at least five days per week).
After the E-bike purchase, it is 0.88 days, a near 70% decline in car use days. Whereas
34% of respondents used the car weekly before the E-bike purchase, only 5% use the car
weekly after the purchase of the E-bike.

Interestingly, there are also changes in public transport behavior. Before the E-bike
purchase, households had 1.10 days in which they used a public transport. After the E-
bike purchase, it is only 0.29. Indeed, whereas 12% of households used public transport
weekly before their E-bike purchase, only 1% use it weekly after their purchase. Similarly,
there is also substitution away from regular bicycles. Households reported 1.71 days in
which they used a regular bicycle and this shrank to 0.67 days after their E-bike purchase.

To sum up, we find that around 36% of E-bike consumers are non-additional in the
transportation sample of 1,873 respondents. Among the 64% classified as additional,
around 23% never use a car which means that the subsidy only reaches 41% additional

users who are also car drivers.!°

19 Appendix Figure OA.IV provides a graphical illustration of these overall results.
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6 Cost-and-Benefit Analysis

Finally, we use our above analyses to conduct a cost-and-benefit analysis of a dollar’s
worth of E-bike subsidy. For our cost-and-benefit analysis, we focus on the benefits ob-
tained from reducing car use and the saving in carbon emissions as a result. We do not
consider potential emissions savings from public transportation since this is considered
second order compared to car use.!! Moreover, our estimate of a complete passthrough
means we do not need to consider producer surplus in our welfare analysis, since all of
it went to the consumer. We can simply focus on how a dollar of subsidy changed con-
sumer behavior in terms of reduction in car kilometer usage. Second, our additionality
estimate that around 66% of households can then be used to shrink the benefits of the
program since around 34% of households would have bought an E-bike even absent the
subsidy. We estimate the per unit cost of the subsidy and compare that to the additional

reductions in carbon emissions.
Table IV here

In Panel A of Table IV, we begin by reporting the subsidy cost per bike for the full
sample, and then calculate the per unit cost given that 34% of sales are classified as non-
additional. The first row shows that the average subsidy cost is $494 and the median
$471. The maximum subsidy is capped at 10,000 Kronas, equivalent to $1,126. The row
below shows the cost for additional users and is calculated by using the received subsidy
plus the average cost of the 34% non-additional consumers. This raises the average per
unit cost to $766 with a median cost of $742 and a maximum cost for each additional user
of $1,398. We use this per unit cost estimate in our analysis.

Next, we turn to the benefits. The upper part of Panel B of Table IV reports the com-

muting distance reductions for car use. The weekly reduction in car use scaled to kilo-

"The SEPA reports that the 2018 total carbon emissions from all means of transportation in Swe-
den was 17 million tons in total of which cars were responsible for 10 million tons—twice to
the amount of trucks (https:/ /www.naturvardsverket.se/data-och-statistik /klimat/vaxthusgaser-utslapp-
fran-inrikes-transporter/ accessed on December 9, 2021).
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meters per year.'? On average, people reduce driving by 1,444 (844) kilometers per year
during summer (winter) time. When we average mean yearly reduction for each individ-
ual it is 1,146 kilometers, with a median of 414 kilometers. The 25th and 75th percentile
is 0 and 414 kilometers, which can be explained by the fact that we find that 38% of the
respondents never use a car before the purchase (see the plots in Figure OA.IIl). The
maximum reduction of 19,320 kilometers highlights the skewness of the distribution, and
translates to 420 kilometers per week.”> We find only small differences when we restrict
the sample to additional users only: 1,262 kilometers per year compared to 1,146 for the
full sample. The fraction of car-users within the additionality sample is almost identical
(36%) to the full sample (37%), but shows that the subsidy effectively only targets 42% of
the users who are both additional and car-users.

The bottom rows of Panel B in Table IV reports the implied greenhouse gas emissions
reduction in CO, kilograms per E-bike by converting the reduced distance in Panel A
combined with assumptions of the life time of the E-bike and emissions associated with
both producing and using the bike. First, we convert saved car driving distances using the
Swedish Transport Administration’s estimate of 0.14 kilos of CO, per kilometer based on
the 2017 fleet of vehicles and driving patterns.'* The average 1,262 kilometers of reduced
driving per year translates to reduced carbon emissions of 176.7 kilograms.

To construct a per unit net reduction estimate, we make assumptions of an E-bikes life
as well as emissions associated with producing and using the E-bike. We discuss how
these assumptions change our analysis at the end of this section. The European Cyclist’s
Federation (Blondel, Mispelon, and Ferguson (2011)) estimates the life-span of an E-bike
to eight years and 19,200 kilometers. The manufacturing of an E-bike produces 130 kilo-
grams of carbon emissions of which the battery emits 34 kilograms. These emissions are

calculated for a steel frame, but can be both much higher (if aluminium is used) or lower

2The responses are converted by multiplying commuting days and commuting distance assuming 46
working weeks per year.

3The average is however not sensitive for winsorizing around reported extreme values.

4The 2017 average emission estimate provided by Trafikverket (2019) is likely an upper bound. Car
emissions are decreasing due to better fuel efficiency and a higher adoption of electric cars. According to
the same report, emissions dropped by 7% to 0.13kg/km in 2020.
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if the frame is made of carbon. To arrive at a comparable distance measure, they com-
bine production emissions and life-cycle estimates (7 grams) with an additional 9 grams
of energy consumption and 6 grams per kilometer for additional calories needed for bik-
ing to arrive at at total carbon emission of 22 grams per kilometer. Since Sweden has a
cleaner energy mix compared to other countries and battery efficiency has become better,
we use an online energy and emission calculator provided by one of the larger producers
of E-bike batteries, Bosch. Using an estimate of an effective energy need of 5.9 watts per
hour (Wh) per kilometer and 0.125 kilograms of carbon emissions per KWh, we arrive
at a much more modest estimated 0.74 grams of CO,-emission per kilometer. Combin-
ing the same emissions for production over the life-cycle (7 grams), additional emissions
from driving (6 grams) with one gram of emissions related to electricity generation, the
distance emission estimate we use is 14 grams per kilometer over the life-span of an E-
bike."> When we apply our estimated emissions of E-bikes to our sample, we need to
account for those who receives the subsidy without reducing their driving. We therefore
split emissions into variable (consumed energy) and fixed manufacturing emissions.

The last row in Panel B in Table IV presents the net savings over the entire life of an
E-bike after reducing saved emissions from driving in the additionality sample. The aver-
age total carbon reduction amounts to 1,273 kilograms after deducting carbon emissions
of the E-bike. The first quintile is a negative 130 kilos due to production emissions with
no reduction in mileage, and the median is 485 kilos. Under our assumptions, E-bike
emissions reduce total GHG savings from driving by less than 10% on average, which in
turn implies that the calculations are relatively insensitive to assumptions about fuel and
production of E-bikes. The bulk of the emission reductions come from reduced driving,
making the net reduction estimate sensitive to the composition of the car fleet. With an
increased conversion to hybrid and electrical cars, our estimates should be viewed as an
upper bound of life-cycle reductions.

Putting together the estimates from Panel A (mean subsidy accounting for non-additionality

150ur lower estimate is consistent with that of Bosch who refer to the German , see https://www.bosch-
ebike.com/us/service/sustainability. Our model would imply a per kilometer emission of 14.6 grams for
the UK and 15.6 grams for the US corresponding to CO, /Kwh electricity emissions of 0.256 and 0.429 kilos.
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is $766 per E-bike) and Panel B (mean reduction of carbon emissions is 1.3 tons per E-
bike), we have that the program reduced carbon emissions at a cost of $589 per ton. The
current social cost of carbon is generally estimated to be $50 to $100 dollars (Nordhaus
(2017)). Opverall, we find that the program is an expensive way to go about reducing
carbon emissions. However, there are potential coincidental benefits associated with the
adoption of E-bikes such as reduced traffic congestion. We in turn address this issue in

the next section.

7 Potential Coincidental Benefits: Traffic Congestion

One of the potential coincidental benefits when it comes to E-bike adoption is no doubt
reduced traffic congestion. We now present some stylised facts to suggest that this ben-
efit is unlikely to be large in the context of Sweden. To this end, we analyse the uptake
of subsidies across geographic areas in a regression where we run E-bike adoption across
Sweden’s 290 municipalities on the following variables: car ownership and dummy vari-
ables for the big and small city areas. The idea is to see whether there was in fact more
E-bike adoption in areas where traffic congestion is likely to be an issue.

The results are presented in Table OA.IV. Column (1) and (2) shows that the E-bike
subsidy uptake across municipalities is negatively related to total car ownership. Dummy
variables for the three main city areas indicate that uptake is lower for the three main cities
of Stockholm, Malmo and Gothenburg which are the only three regions of which conges-
tion is measured in Sweden. We also separately control for 21 additional smaller cities
(with more than 50,000 inhabitants) along with neighbouring municipalities where the
average fraction of daily commuters exceed 40% of the population. The point estimates
for these municipality dummies show that E-bike uptake is lower in the dense areas, even
for municipalities where commuting to the main city areas are more prevalent. Average
demographics reveal that E-bike adoption is greater in Green voting districts, for higher
income, age and education. The subsidy therefore targeted more affluent areas, even if

not directly connected to the main cities.
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Columns (3) and (4) of Table OA.IV repeats the analysis but breaks up car adoption
in two: hybrid-electric-vechicles (HEV) and fossil fuel. The coefficient for HEV Cars is
strongly positive, but negative for fossil fuel which suggests that E-bike adoption were
greater in areas where electrification is higher.

These traffic congestion results might not be as transportable to other urban settings
since Sweden has relatively minor congestion issues to begin with compared to other
dense urban areas such as Sao Paulo, Beijing or New York City. Hence, our results are
most applicable to mid-sized cities such as those in Europe or some states in the United
States such as Oregon or Colorado. For mega-urban centers, traffic congestion and even
basic pollution benefits might be substantial from adoption of E-bikes.

Finally, we also report a test of spatial autocorrelation (Moran’s I) at the bottom of
Table OA.IV, which suggests that there are significant correlation in E-bike penetration
across municipalities. This significant spatial correlation might be indicative of peer ef-
fects. The relatively high level of sales after the subsidy ended presented in Figure 1 sug-
gests that the subsidy could have potentially acted as to increase the general awareness of
the benefits of E-bikes. However, peer effects in general is a double edge sword when it
comes to welfare calculations since there can be both a low and high adoption equilibria
(see e.g. Glaeser and Scheinkman (2000), Duflo and Saez (2002) and Hong, Kubik, and

Stein (2005)). We leave this line of inquiry for future research.

8 Conclusion

E-bike subsidies are a popular government intervention around the world to foster the
adoption of E-bikes as a substitute to cars so as to combat global warming. However,
welfare analyses of these subsidy programs are challenging for several reasons, particu-
larly surrounding the issue of additionality. We combine administrative, insurance and
survey data from a large-scale Swedish subsidy program in 2018 so as to be able to con-
duct such an analysis. We find (1) complete pass through to consumers, (2) one-third of

adopters are non-additional; and (3) a decline of around 1.3 tons of carbon during the life
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of the average E-bike. There was a negligible effect of the program on traffic congestion,
suggesting that coincidental benefits of the program were small. Using our estimates, it
cost the program $589 to reduce one ton of carbon emissions, which is an expensive way

to address the externality.

21



References

Blondel, B., C. Mispelon, and J. Ferguson, 2011, “Cycle more often 2: Cool down the

planet!,” Report, European Cyclists” Federation.

Boomhower, J., and L. W. Davis, 2014, “A credible approach for measuring inframarginal

participation in energy efficiency programs,” Journal of Public Economics, 113, 67-79.

Busse, M., ]. Silva-Risso, and E. Zettelmeyer, 2006, “$1,000 cash back: The pass-through

of auto manufacturer promotions,” American Economic Review, 96(4), 1253-1270.

Busse, M. R, C. R. Knittel, ]. Silva-Risso, and F. Zettelmeyer, 2012, “Did cash for clunkers
deliver? The consumer effects of the car allowance rebate system,” Manuscript Novem-

ber.

Davis, L. W., A. Fuchs, and P. Gertler, 2014, “Cash for Coolers: Evaluating a Large-Scale
Appliance Replacement Program in Mexico,” American Economic Journal: Economic Pol-

icy, 6, 207-238.

Duflo, E., and E. Saez, 2002, “Participation and investment decisions in a retirement plan:

The influence of colleagues’ choices,” Journal of public Economics, 85(1), 121-148.

Fyhri, A., H. B. Sundfer, and C. Weber, 2016, “Effect of subvention program for e-bikes in
Oslo on bicycle use, transport distribution and CO2 emissions,” TOI Report 1498 /2016,

Institute of Transport Economics, Norwegian Center for Transport Research.

Glaeser, E. L., and J. A. Scheinkman, 2000, “Non-market interactions,” National Bureau

of Economic Research Cambridge, Mass., USA.

Goldberg, P. K., and R. Hellerstein, 2008, “A structural approach to explaining incomplete
exchange-rate pass-through and pricing-to-market,” American Economic Review, 98(2),

423-29.

22



Hendriksen, 1., L. Engbers, J. Schrijver, R. van Gijlswijk, ]J. Weltevreden, and ]. Wilting,
2008, “Elektrisch Fietsen, Marktonderzoek en verkenning toekomstmogelijkheden,”

TNO-report KvL/B&G/2008.067, Leiden.

Hong, H., ]. D. Kubik, and J. C. Stein, 2005, “Thy neighbor’s portfolio: Word-of-mouth
effects in the holdings and trades of money managers,” The Journal of Finance, 60(6),

2801-2824.

Ito, K., 2015, “ Asymmetric incentives in subsidies: Evidence from a large-scale electricity

rebate program,” American Economic Journal: Economic Policy, 7(3), 209-37.

Joskow, P. L., and D. B. Marron, 1992, “What does a negawatt really cost? Evidence from

utility conservation programs,” The Energy Journal, 13(4).

McQueen, M., J. MacArthur, and C. Cherry, 2019, “How E-Bike Incentive Programs are

Used to Expand the Market,” Transportation Research and Education Center.

, 2020, “The E-Bike Potential: Estimating regional e-bike impacts on greenhouse

gas emissions,” Transportation Research Part D: Transport and Environment, 87, 102482.

Mian, A., and A. Sufi, 2012, “The Effects of Fiscal Stimulus: Evidence from the 2009 Cash
tfor Clunkers Program,” The Quarterly Journal of Economics, 127(3), 1107-1142.

Nakamura, E., 2008, “Pass-through in retail and wholesale,” American Economic Review,

98(2), 430-37.

Nakamura, E., and D. Zerom, 2010, “Accounting for incomplete pass-through,” The Re-
view of Economic Studies, 77(3), 1192-1230.

Naturvardsverket, 2019, “Elcykling — vem, hur och varfér?,” Report 6894.

Newson, C., and L. Sloman, 2019, “Developing the evidence base on the contribution of
the bicycle industry to Britain’s industrial strategy,” Report, Transport for Quality of
Life.

23



Nordhaus, W. D., 2017, “Revisiting the social cost of carbon,” Proceedings of the National
Academy of Sciences, 114(7), 1518-1523.

Pless, J., and A. A. van Benthem, 2019, “Pass-through as a test for market power: An
application to solar subsidies,” American Economic Journal: Applied Economics, 11(4),

367-401.

4

Trafikverket, 2019, “Handbok for végtrafikens luftfororeningar,” Online appendix
downloaded from  https://www.trafikverket.se/for-dig-i-branschen/miljo—for-
dig-i-branschen/Luft/Dokument-och-lankar-om-luft/handbok-for-vagtrafikens-

luftfororeningar/.

Winslott, L., and Ase Svensson, 2017, “E-bike use in Sweden - CO, effects due to modal
change and municipal promotion strategies,” Journal of Cleaner Production, 141, 818-

824.

24



*SISSAUISTI] SAJOUIP () PUE SISWNSUOD [ENPIATPUL SIOUSP (D) dI9UM APISqnNS 10§ 1981e], (4
‘SueO] JuaWILIA0S 103 () pue “4run 1ad ayer yeyy (Y1) 1pamd xey (D) ‘@o1ad 03 reuonrodord Junodsip sajouap ((]) aroym Aprsqns jo adA7, (,

00S$< SOI-F I0J SUNOISIP SULIDJJO SAaPI[HN N0

SI9}000S-d pue soyIg
sayiq-031e))

SJUNODSIP [PIDISWIWOD)
AS1oug unsny

PIeOg S9DINOSIY A1y BIUIOJI[RD) PUe IR
juswade[dar 1ed A103epUr|y

%ST JO %G dIURUY SN IO[1e}R]
sa1q 081D /SNIq-H
SPVIGOIA ddueL] -ap-9[] Aq PApIAOL]

PV @X19-4 pasodoiq

BAIq XB} 9%6£-%GT ‘QWBYS IPAD

puny jueid ay1q-y ‘eseyoind 10§ UrO] 9915 }SAI)U]
‘d-d a19-g suO

SIDIAISS SuULIeyS ‘S193000S- ‘SoMIq-

resodoad oy1g-g 031ed £}1E ] U9DIN) ULULIDD)
sax1q 031ed 10§ 000’ 1>

(unyy OF xewr) uonnqruod refojdws L1ojepueiy
120T UI 0043 O} paseamou]

020¢-810g pauueld uw ¢11$

STeuroy]

e/u

e/u
000°0G ¥s0
e/u

€

9611

6€7

001
pasodoig

e/u
099
99¢
000°-000'T
000°0T 383

e/u

e/u

speloxd g1
e/u

e/u
000°000°T “3s°
e/u

e/u

e/u

000°26

uonyednie

-810¢ e/u 00Z$ B
72020207 e/u 00z 0
020 e/u 005> B
¥202-1207  e/u 005> D
AON-dog e/u e/u D
-610C e/u 00¥$/00<$ a4/D
810Z-€10C  e/u e/u B)
£10T X 04$ 00£$ D
-020¢ uw 014 e/u D
-610¢ e/u (@v>) 0001$ D
6102/910C M 0CT$ e/u B
810 3 0€T$ 00S$ o)
02029107  UwW Z'I$ 00Z'1$-009¢ D
-020¢ uw I3 005> D
(doxd) 1207 uqTF$ 00S°1$ D
-610¢ e/u e/u g
-810¢ uw z'1$ 000'8% 4/D
72070207 e/u 0093 0
020 uw Gz 005> ®)
(doxd) 120 uqO1> 000'1> D

- /10T e/u 000' T D

e \ u e \ u e \ u U
-910¢ e/u 00€> d
81074107 UL §F$ 00T'T$ 0
poreg poSrewures 30], Surpuny ‘XejN  ,.,981eL,

002$
%0¢

%0T
%0C - %0T
%8¢

%SG - %0T
e/u

e/u

(avo) 0s8$
002$/0€2$
%S¢

%ST

%08

%0€
%6C-%ST
e/u

%08

%04

e \ u

00¢=

wy /070>
%S¢

%S¢

JUNodsIq

24
[

AARAEAAAAAAAA

oL
oL
A/ 1
a

a

a

pEl
OL

a

a

LdAL

SN ‘FUOULIDA

wnidag ‘yueqerg UOTTeA
ATe31 “OWoy

Auewrzen) ypuNA

SN ‘yein

SN ‘X1 ‘unsny

SN ‘0D “Auno) 1epnog
SN VD “AI[[eA [PHIqeD) ueg
SN ‘93e3S BIUIogIRD
NVD “erqunjo) ysurg
SN “Aosidf

NN ¢ Losurenn

KemioN “0[sQO

dueI] ‘StIeJ

swrergoxd [euorSoy

S93eIg PajIuN
wop3uny pajrun
pue300g
Smoquaxn

ATe3y

Aueurron)

oueIy

wnidpg

erysny

uapamg

swrexSoad reuoneN

Uoned0]|

junoosip ‘Apisqns jo adAy jrodar app

swrexSo1J AprIsqng [ d[qeL

“UOT[[IW §F4 JO 150D [enide ue Je g10g Ul A[panjeward papus 1ng “uorru
€TT$ JO 1500 e je s1eak aamy 10§ pauue[d sem urerdord ysipamg ay[ ‘(DJH) uonerspaq sisipA) ueadoing oy Surpnour ‘s90Imos suI[uo snoLIeA woiy parmboe usaq sey s[qes sy} jo eyep ayL
-a1qeoridde axoym sprewar 310ys e pue spuedonred jo requnu ‘werdord sjoym ay Jo (Aue Jr) spunj pasIeuLIE [€30) ‘DATUSUL A} JO (Aue JT) SUrpuny WNTWIXEW Sy} “JUNodsIp ayj Jo 3931e) “aAd]
‘[9A9] Teuordar pue [euoneu ay} uo swerdord ojur paprAlp prrom ayy ssome surerdord Apisqns oyIq-g Jo ISI[ dAlsneyxs-uou e sprodar a[qey ST,

25



Table II: Subsidy Pass-Through Regressions

This table reports OLS regressions where the dependent variable is purchase price net of subsidy. The independent variables
are the value of the subsidy, age, gender and the Krona to US dollar exchange rate. Fixed effects include E-bike model and retailer.
Time fixed-effects in columns (2)-(3) replaces the currency time-series with fixed effects on a month-year frequency. Column (3)
includes fixed effects for the county in which the consumer lives. The sample includes 20,586 E-bikes sold from January 2017 to
November 2019 in total where 7,914 E-bikes were sold during the subsidy period between September 20, 2017 to October 18, 2018.
The two bottom rows display the rejection probability for a t-test that the retailer indicator variables are jointly zero and the subsidy
coefficient is different from -1. Standard errors are clustered on retailers.

Price net of subsidy

VARIABLES (1) (2) 3)
Subsidy -1.021*** -0.993*** -0.994***
(0.011) (0.008) (0.008)
Age -0.815 -0.341 -0.424
(1.546) (0.635) (0.606)
Female 18.722 13.477 13.850
(20.826) (14.237) (14.365)
Krona/$ 946.185***
(64.031)
Constant 24,240.199*** 23,081.882*** 22 ,835.021***
(346.211) (516.237) (536.280)
Observations 20,586 20,586 20,558
R-squared 0.905 0.934 0.934
Model FE Yes Yes Yes
Time FE No Yes Yes
Retailer FE No Yes Yes
County FE No No Yes
p-value Retailer FE = 0 - 0.001 0.001
p-value Subsidy = -1 0.067 0.436 0.483

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table III: The Importance of the Subsidy for Purchase

This table reports OLS regressions where the dependent variable is based on the question “How important was the subsidy
for your decision to buy an E-bike?”. Possible responses ranges from”Not important at all” (1) to “Crucially important” (5). There
are N = 3,499 responses to this survey question: 253 in group 1; 321 in group 2; 799 in group 3; 1,191 in group 4; 929 in group 5;
and 6 reported that they did not know. Independent variables include various demographics about households. Column (7) includes
reported commuting distance based on 2,578 survey responses. Robust standard errors within parenthesis.

“How important was the subsidy for your decision to buy an E-bike?”
VARIABLES (1) (2) 3) 4) 5) (6) (7)

Log family income -0.104*** -0.102** -0.114** -0.113** -0.112** -0.108** -0.095*
(0.033)  (0.033)  (0.035)  (0.035)  (0.035)  (0.035)  (0.041)

Age -0.010***  -0.010*** -0.010*** -0.010*** -0.010*** -0.008***
(0.001) (0.002) (0.002) (0.002) (0.002) (0.002)
Women -0.127%*  -0.127**%  -0.128%** -0.128*** -0.175%**
(0.040) (0.040) (0.040) (0.040) (0.046)
Children 0.072 0.072 0.071 0.075 0.062
(0.048) (0.048) (0.048) (0.048) (0.052)
University -0.003 0.000 0.013 0.016
(0.043) (0.043) (0.043) (0.050)
Urban -0.043 0.024 -0.002
(0.054) (0.063) (0.068)
Green votes -0.020**  -0.021*
(0.010) (0.011)
Log distance -0.010
(0.024)
Constant 4.294***  4.827***  4.889***  4.889%**  4.898*** 4973**  4.860***
(0.207) (0.213) (0.215) (0.215) (0.216) (0.218) (0.243)
Observations 3,499 3,499 3,499 3,499 3,499 3,499 2,578
R-squared 0.003 0.018 0.022 0.022 0.022 0.023 0.019

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table IV: Cost-and-Benefit Analysis

This table presents the cost and benefit analysis of the Swedish E-bike program. Panel A reports the subsidy cost in USD for
all and additional users, where additional users carry the cost for the non-additional. Panel A report the subsidy cost per unit sold,
where the cost is based on additionality discussed in Section 4. The second row of Panel A reports the per unit cost for additional
consumers who carry the cost for non-additonal units. Panel B reports the difference in weekly distance based on the number of
days of commuting by car and commuting distance which is scaled to yearly distance. This calculation is made for assessments for
summer and winter use separately assuming 46 working weeks per year. Average estimate is the mean of the two estimates across
responses. The lower part of Panel B calculates the implied carbon savings per E-bike over the life-cycle by converting emissions
from driving distance and combining them with emissions from E-bike use as described in Section 6.

Panel A: Subsidy

Subsidy per E-bike

Subsidy per E-bike Mean  25% Median 75% Max
All (N=1,873) $494.3 $358.1  $470.6 $671.0 $1,126.1
Additional (IV=1,204) $766.4 $630.1  $742.7 $880.1 $1,398.2

Panel B: Car distance and CO, reduction

Kilometers per year

Car distance reduction Mean 25% Median 75% Max
Summer (All) 1,444 0 368 4,140 38,640
Winter use (All) 847 0 0 1,104 12,880
Average use (All) 1,146 0 414 3,312 19,320
Average use (Additional) 1,262 0 552 1,840 19,320
Total CO, kilograms
Total CO, reduction Mean 25% Median 75% Max
Per year CO, reduction conversion 176.7 0.0 77.2 257.6 2,704.8
Life-time savings per E-bike 1,273.1 -130.0 485.1 1,9205 21,162.2
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Figure 1: Matched E-bikes: Purchases and Average Price

This figure displays the number of sold E-bikes of the top selling 38 models sold through the largest 49 retailers during the
sample period. Dark grey shaded bars indicate the subsidy period October 2017 to October 2018 (right scale). The solid line displays
average price which is recovered from the pass-through regression in Table II (left scale) along with a 95% confidence interval
indicated by dashed lines. There are 20,586 observations in total during the time period January 2017 to October 2019. The dotted line
shows the Krona per dollar exchange rate which is normalized with the average bike price in January 2017.
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Online Appendices

The following tables and figures are for online distribution only.



Table OA.I: E-bike Sales and Subsidies

This table reports the number of E-bikes in the Solid insurance sample and the coverage in the subsidy data from the
Swedish EPA (SEPA). The original sample consists of 695,587 insured bikes of which 91,506 are identified as E-bikes. The columns
presents the number of insured E-bikes by time period: before the subsidy (9 months from January 2017 to September 2017); during
the subsidy (13 months from October 2017 to October 2018), and after the subsidy (10 months November 2018 to October 2019). The
two data sets are matched by considering purchases from the same retailer and insurance policies that correspond to subsidy data on
zip-code, retailer, birth-year and brand. We use a subsample for the regressions to ensure that E-Bike models are sold in all the three
sub-periods and that they are distributed among a sufficient number of retailers. The regression sample contains the most popular 38
models sold by 49 retailers with of 20,586 observations that overlap. The final row shows that 7,914 out of 10,576 E-bikes were sold
with a subsidy in the Solid sample during the period it was in effect.

Solid SEPA

Sample All  Before During After During
(No. of months) (34) 9) (13) (10) (13)
All bikes 695,587

All E-bikes 91,506 17,896 47,382 26,228 29,794
Top models 37,155 7233 19,495 10,427 14,655
Top retailers 20,586 3,788 10,576 6,222 7914
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Figure OA.IL: Solid insured E-bikes 2017 to 2019

This figure displays the full sample of 91,506 Solid insured E-bikes each month from January 2017 through October 2019. In
order to illustrate the sales increase during the subsidy period, above average sales are highlighted in light grey, where the darker
grey is the arithmetic average for the same months outside of the subsidy period.
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Figure OA.II: The Importance of the Subsidy for Purchase

This figure displays the number of responses to the question “How important was the subsidy for your decision to buy an
E-bike?”. Possible responses ranges from “Not important at all” (1) to “Crucially important” (5); (6) denotes “Don’t Know”.
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Table OA.II: Survey Summary Statistics

This table reports summary statistics across characteristics for each response category for the question “How important was
the subsidy for your decision to buy an E-bike?”. Possible responses ranges from “Not important at all” (1: Low) to “Crucially
important” (5: High). Six “Don’t know” responses are excluded. The last two columns report the survey averages (Survey) and the
full Swedish EPA subsidy sample (All).

Importance of subsidy
Low High
1 2 3 4 5 Survey All

N 253 321 799 1,191 929 3,499 88,937
Family Income (KSEK) 912 641 662 632 601 651 652
Age 57 55 54 50 52 53 53
Women 051 051 048 045 045 0.47 0.48
Kids 026 025 031 041 0.33 0.34 0.31
Married /Partner 0.66 0.63 0.64 062 0.60 0.62 0.58
Green votes 496 472 489 515 4.66 491 4.58
University 0.52 055 058 066 0.53 0.59 0.49
Urban 0.12 0.15 0.16 0.17 0.14 0.15 0.13
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Table OA.III: Survey Sample

This table reports the fraction survey responses to the question “How important was the subsidy for your decision to buy an
E-bike?”. Possible responses ranges from “Not important at all” (1) to “Crucially important” (5). Entries are fraction of responses
in each category. The first row considers the full survey sample of 3,499 responses. The second row only the 1,873 responses that
included the questions about means of transportation before and after the E-bike purchase, and the third row (among those) the 1,166
who reported using a car before their purchase of an E-bike.

Subsidy importance (frequency)

Low High
Sample Responses 1 2 3 4 5
Survey 3499 7% 9%  23%  34% 27%
Means of transport 1,873 6% 8%  21%  38%  26%
Car users before subsidy 1,166 5% 7%  21%  39% 28%
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Figure OA.III: Means of Transportation Before and After the Subsidy

This figure displays the fraction of respondents indicating that they use car / public transportation / regular bike daily (five
days per week or more), less than daily or never for commuting before versus after the purchase of an E-bike. The average number
of days per week used by each means of transportation is printed in parenthesis at the bottom of the bars. All responses are for
transportation during summer time only. There are 1,873 observations in sample.
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Figure OA.IV: Additionality and Car Use

This figure displays the fraction of the 1,873 survey respondents classified as being non-additional (669 observations, 36%
white area) or additional (1,204 observations). The 64% additional users are broken up into car-users (779) and non car-users (425).

O Non-additional @ Additional, no car B Additional, have car
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Table OA.IV: Geographic E-Bike Uptake

This table presents the results of a regression where the dependent variable is the number of E-bike subsidies scaled by pop-
ulation (in thousands) in each of the 290 municipalities of Sweden. Independent variable include the number of cars in 2018 scaled by
population, measured separately for hybrid/electric (HEV) and gasoline/diesel fuel powered cars (Fossil). Control variables include
dummy variables for Big cities (Stockholm, Malmé and Gothenburg), Small cities (21 cities with more than 50,000 inhabitants)
and commuting municipalities for those 43 (52) municipalities close to the Big (Small) cities where the average fraction of daily
commuters exceed 40% of the population. Demographics include Green Party voting outcomes, average log income, age and the
fraction of university educated. Moran’s I test for spatial autocorrelation is reported at the bottom of the table. County FE denotes

control variables for each of the 21 counties the 290 municipalities belong.

VARIABLES E-Bike adoption
1) () €) 4)
Cars 2018 -0.011**  -0.020***
(0.005) (0.004)
HEV Cars 2018 0.236***  0.111***
(0.053) (0.042)
Fossil Cars 2018 -0.013***  -0.025***
(0.005) (0.005)
Big Cities (BC) -1.996  -5.010***  -3.880***  -4.850***
(1.426) (1.041) (1.149) (0.998)
Small Cities (SC)  0.118 -0.896 -1.368% -0.900
(0.769) (0.624) (0.774) (0.614)
Commuting BC -1.530  -3.448%*  -2.379**  -3.249%**
(0.995) (0.846) (0.934) (0.841)
Commuting SC =~ -1.304***  -0.869**  -1.313***  -0.777*
(0.500) (0.415) (0.462) (0.404)
Green Party 0.156* 0.159**
(0.082) (0.079)
Income 0.026*** 0.029***
(0.009) (0.010)
Age 0.694*** 0.717%*
(0.118) (0.116)
University 0.161*** 0.079
(0.044) (0.053)
Constant 19.872***  -16.345*** 18.979*** -15.736***
(3.394) (5.600) (3.046) (5.689)
Observations 290 290 290 290
R-squared 0.521 0.682 0.593 0.693
Moran’s I 19*** 24xx* 12 23%x*
County FE Yes Yes Yes Yes

Robust standard errors in parentheses
* p<0.01, ** p<0.05, * p<0.1



