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Abstract

Consumption rivalry generates variation in the choice sets decision-makers face. Not

taking into account such variation may generate biased demand estimates. It remains

unclear how this impacts estimation accuracy because researchers often lack informa-

tion on temporal variation in product availability.

This paper uses information on the exact set of available alternatives at the time of

choosing to formulate time-variant deterministic constraints. In an application to the

market for public charging infrastructure for electric vehicles, I show that incorporating

this information significantly improves the out-of-sample forecasting accuracy of indi-

vidual choice and hence the aggregate demand estimates for local charging facilities.
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“Although King Gasoline has gone on rapidly conquering the world, the beggar maid, Electricity,

is soon coming to her own. She has been hard at work for the past several years doing more and

more of the world’s drudgery, and, according to present indications, she will yet have the honor

of moving a considerable percentage of its pleasure vehicles as well.”

Scientific American, Jan. 13, 1906

1 Introduction

Economists use choice data to identify decision maker’s preferences over alternatives (Man-

ski, 1977). In many if not most empirical studies on preference estimation, researchers as-

sume that all individuals face the same, broadly-defined choice set because they lack infor-

mation on the actual choice set individuals face (Bronnenberg and Vanhonacker, 1996; Nevo,

2000; Mehta, Rajiv and Srinivasan, 2003; van Nierop, Bronnenberg, Paap, Wedel and Franses,

2010 Pires, 2016). This assumption is justified when studying purchase decisions in prod-

uct markets with a virtually unlimited supply such as well-stocked supermarkets. However,

an important number of markets is characterized by limited supply and even supermarkets

often temporarily run out of certain goods.

When the consumption by some prohibits the consumption by others, this creates (short

run) variation in the choice sets that individuals face. When unaccounted for, wrong infer-

ences about preferences and demand for the different alternatives will result: If alternative B

is unavailable at the time of choosing, an observed choice for alternative A will be misread as

a (weakly) revealed preference for alternative A over B. The demand for good A is overstated

and policies that use realized demand as a guide to balance demand and supply will misfire.

Such consumption rivalry is a potential issue in all markets with limited capacity, such

as for example parking, bike sharing, or the public infrastructure to charge electric vehicles

(EVs), but potentially also in grocery shopping when shelf space is limited. Scanner data do

not contain explicit information on product availability because out-of-stock events are hard

to measure (Moorthy, Behera and SauravVerma, 2015). For this reason, studies in marketing

that study out-of-stock effects on consumer preferences and customer satisfaction mostly

use survey data with hypothetical choice situations (Sloot, Verhoef and Franses, 2005; Huang

and Zhang, 2016) or shopper experiences (Koos and Shaikh, 2019).1

This paper’s main contribution is to show how the incorrect application of the no-stockout

assumption biases estimates of underlying preferences and (latent) demand. Explicitly ac-

1Recent studies on consumer search that use browsing data may improve on this because online retailers
often only list the available products. This information in principle allows for retrieving a customer’s exact
choice set at a particular vendor from the list of items shown to this customer (Bronnenberg, Kim and Mela,
2016; Dinerstein, Einav, Levin and Sundaresan, 2018).
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counting for the set of alternatives individuals face at the time of choice helps to get closer

to their preferences and hence to improved out-of-sample demand predictions. Due to ad-

vances in data gathering, data sets nowadays sometimes contain information on the exact

product availability at each time of choice. This is a key data feature for the proposed ap-

proach to work. The second contribution is to showcase how the reduced bias in individual

preference estimates improves predictions of future demand in an empirical application to

the public charging market for electric vehicles in the City of Amsterdam.

The reason to focus on the market for EV charging is twofold. First, the market for EV

charging is very suitable for identifying individual preferences using choice set variation.

The method’s potential to improve demand estimates is highest in environments where in-

dividual preferences are stable and individuals make decisions for different choice sets. The

market for public charging infrastructure meets these conditions: EV drivers without charg-

ing facilities on their private property need to use the public infrastructure on an almost

daily basis; their preferences for charge stations are predominantly determined by the dis-

tance to their home and for this reason stable over time; also, the set of available charge

locations varies over time, depending on arrival time and other drivers’ usage. Second, the

rapid growth in market share of battery electric vehicles (BEV) and plug-in hybrids (PHEV) in

total car sales creates a corresponding demand for charging facilities. This forces city plan-

ners across the globe to continuously update and expand the charging infrastructure without

having guidance from historical experience on where exactly to build new facilities. Any im-

provement in mapping the local demand for facilities will help to optimize this process. The

City of Amsterdam in The Netherlands has one of the most advanced and highest density

public charging networks within Europe and is therefore an ideal testing ground.2

The analysis focuses on a residential area in Amsterdam with a high EV adoption rate. I

have complete data on all 151,150 charging sessions that took place at any of the 62 public

charging locations in this area in the period 01/2014-12/2018. I estimate and compare the

predictive success of three choice models that make increasingly less stringent assumptions

on the choice set individuals face. The first, traditional, multinomial logit model (MNL) ig-

nores choice set variation altogether and assumes that all locations are always available to

all. The second model (MNLa) accounts for intertemporal variation in availability due to the

fact that some locations are not yet, or no longer operational. The third model (MNLaf) in

addition accounts for feasibility constraints due to consumption rivalry: arriving EV-drivers

cannot use locations that are currently occupied by other users. A final model (MNLq) cor-

2In 2017, 32% (32,875) of all 102,861 public charging location in the EU28 countries were located in the
Netherlands. Larger countries with a comparable fleet of EV’s had a significantly less dense network: 16,311
locations in France, 14,256 in the United Kingdom, and 10,878 in Germany. (Spöttle et al., 2018, p. 11).
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rects for availability and feasibility but also for selection effects due to the fact that the set of

available alternatives that users face is not random but the result of choices made by other

users.

The analysis consists of two parts. In the first part, I assess the predictive success of each

model. To this end, I split the data into a training [years 2014-2017] and a test set [2018]. I

consider frequent users of the charging infrastructure, defined as users with at least 40 ses-

sions in the training period. For each model, I use the observed choices in the training pe-

riod to estimate their individual preferences, imposing the assumptions of that model on the

choice set. Next, I analyze each model’s goodness of fit with the test set as follows: Each time

t a frequent user arrives in the area, all locations available at that moment are catalogued,

this is the actual choice set Mt the user faces upon arrival. The user’s preferences as esti-

mated on the training set implies for each location j in this choice set a probability P ( j |Mt )

of being chosen. These probabilities will differ per model. The higher the probability as-

signed to the location that the user actually chooses, the better the model predicts choices

in the test set.3

To preview the main results of this first part, I find that accounting for choice set varia-

tion leads to statistically significant improvements in predictive success. When taking into

account whether a charging station is operational, the success rate improves with +2.5%

(p = 0.20). Accounting for consumption rivalry generates the largest additional improve-

ment of +8.1% (p < 0.0001). Accounting for non-randomness in the choice sets individuals

face does not further increase predictive success (p = 0.78). Note that this improvement does

not mechanically result from taking into account availability and feasibility constraints, be-

cause all out-of-sample predictions condition on the set of locations Mt that are actually

available. This first set of results underscores the need to incorporate information on the set

of available alternatives in estimating demand.

The second part of the analysis explores how much the inclusion of such information

changes the estimates of aggregate latent demand at the level of the individual location. I

lift the distinction between training and test set and re-estimate, for the entire 2014-2018,

period the individual preferences of frequent users. I compute at the location level the dif-

ference between observed demand and the demand that would result if every user, given

their estimated preferences, could recharge at her most-preferred location upon arrival.

One expects this difference to grow when competition for charge capacity increases. This

3An example: A driver arrives at 15/02/2018, 4:35pm. At that moment, locations 1, 4 and 5 are available:
Mt = {1,4,5}. The MNL estimates (based on the 2014-2017 data) predict: P (a = 1|Mt ) = 0.3,P (a = 4|Mt ) = 0.6,
P (a = 5|Mt ) = 0.1; the MNLaf estimates predict: P (a = 1|Mt ) = 0.5,P (a = 4|Mt ) = 0.3, P (a = 5|Mt ) = 0.2. Hence,
MNLaf assigns a higher probability to choosing locations 1 or 3. In this case, MNLaf does better than MNL if
this user chooses location 1 or 5 (but worse if the user chooses location 4).
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is exactly what the data show. Between locations, the gap between observed and latent de-

mand is wider for locations with higher overall occupancy rates. Within locations, the gap

noticeably widens at peak times such as evenings and weekend. At peak-hours, the gap be-

tween observed occupancy and occupancy rates that follow from latent demand is for some

locations as wide as 40 percentage points. The gaps identify sought-after locations for which

latent demand exceeds observed demand and ‘overflow’ locations for which observed de-

mand grossly exceeds latent demand because they serve many users who cannot recharge

at a more preferred location. The estimates forcefully demonstrate that in markets with con-

sumption rivalry, observed demand oftentimes is a crippled proxy for latent demand.

The paper proceeds as follows. Section 2 motivates the study and reviews the literature.

Section 3 introduces the theoretical framework and the empirical approach. Section 4 intro-

duces the data and characterizes the market for public charging infrastructure in the Nether-

lands and in Amsterdam in particular. The analysis in section 6 tests the power of the pro-

posed approach in predicting demand and contrasts it with the approaches currently used

by policy makers that do not account for variation in the choice set. Section 7 concludes.

2 Relation to the existing literature

Individual choice is typically modeled as a two-stage process (Manski, 1977). In the first

stage, a choice set formation process defines the decision maker’s choice set C from a master

choice set (or product set) M . The master set consists of “all possible alternatives available

for the choice context and population in question” (Swait and Ben-Akiva, 1987, p. 94) and

the choice set C ⊆ M is the considered subset of feasible alternatives (Simon, 1955, p. 102).

In the second stage, the decision maker limits search to the choice set and chooses the item

that maximizes utility. Hence, an alternative in the master set belongs to the choice set if and

only if the alternative is feasible to and considered by the decision maker.

The constraint-based approach to choice set formation generates choice sets by formu-

lating deterministic and/or probabilistic constraints that together establish this set of fea-

sible alternatives considered by a decision-maker. A constraint is deterministic when the

researcher is certain that the constraint limits the decision maker’s choice set, in all other

cases the constraint is called probabilistic.4 Some of the early theoretical work (Swait and

Ben-Akiva, 1987) explicitly distinguishes between the master set M and the deterministic

4Swait and Ben-Akiva (1987) give the following example: Given individual-level information on having a
driver’s license, researchers can deterministically exclude car-drive from the set of transport modes available
to individuals without a driver’s license. For individuals with a license, the availability of car-drive in the choice
set is probabilistic when car use is shared with other household members.
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subset Mi t ⊆ M of feasible alternatives that decision maker i can choose from at time t , tak-

ing into account detailed and certain information on product availability. Given availability,

probabilistic individual and contextual constraints may further constrain which alternatives

the decision maker will actually consider and include in her choice set C ⊆ Mi t .5 Later work

mostly focuses on identifying constraints that determine consideration but pays little at-

tention to the deterministic constraints that impact product availability. Figure 1 gives a

schematic summary.

C ⊆ Mi t ⊆ M

choice
set

deterministic
subset

master
set

probabilistic
individual &
contextual
constraints

deterministic
constraints
on product
availability

Figure 1: The constraint-based approach to choice set formation.

In marketing and industrial organization, an extensive body of theoretical and empiri-

cal work on consumer search and product choice models the choice set formation process

to avoid biased demand estimates due to a misspecifications in the choice set (Bronnen-

berg and Vanhonacker, 1996; Mehta, Rajiv and Srinivasan, 2003; Sovinsky Goeree, 2008; van

Nierop et al., 2010 Pires, 2016; Seiler and Pinna, 2017). These studies however primarily fo-

cus on modeling the consideration constraints while paying little attention to possible fea-

sibility constraints due to limited product availability. Product availability is assumed (the

so-called no-stockout assumption: Mi t ≡ M , ∀i , t ) and does not explicitly enter as a variable

that imposes constraints the choice set C . Instead, this literature emphasizes how product

attributes (such as promotion display, allocated shelf space) and individual characteristics

(budget, time and mental constraints, search cost and past purchases) (Eliaz and Spiegler,

2011; Lu, 2017; DeMuynck and Seel, 2018) constrain the set of alternatives considered by

the decision maker. Hence, this literature often refers to the choice set C as the ‘consider-

ation set’. These constraints are not directly observed and therefore establish probabilistic

choice or consideration sets (van Nierop et al., 2010). The resulting models generate stochas-

tic choice sets that express the probability that set C is the individual’s actual choice set.6 Of

5An individual’s consideration set is typically assumed to be a subset of Mi t as it is inefficient for decision
makers to consider items that cannot be chosen (Chiang, Chib and Narasimhan, 1999).

6Some studies supplement choice data with microlevel tracking data on e.g. brand awareness and atten-
tion to adds that inform the researcher more directly about the alternatives a customer considers (Draganska
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course, ignoring deterministic feasibility constraints and imposing the no-stockout assump-

tion is fully justified in empirical work on well-stocked supermarkets. The point is that re-

searchers have to make this assumption because they do not observe the deterministic time-

and individual-specific choice sets Mi t individuals face.

This paper’s focus is not on the consideration constraints but on the feasibility con-

straints imposed by consumption rivalry and limited product availability. Due to advances

in data gathering, data sets nowadays often do contain certain information on product avail-

ability at the time of choice. This paper’s main contribution is to show how this information

can be used to replace the no-stockout assumption with an explicit formulation of the de-

terministic constraints that identify the deterministic set of feasible alternatives Mi t . In an

empirical application to the public charging market for electric vehicles in the city of Ams-

terdam, I test how the proposed procedure helps to improve estimates of individual prefer-

ences and predictions of future and latent demand.7 A growing empirical literature studies

the adoption of new transportation technologies such as EVs (Gallagher and Muehlegger,

2011; Muehlegger and Rapson, 2018), its consequences for emissions and air pollution (Hol-

land et al., 2016, Holland et al. 2019; Xing et al., 2019) and the network effects that result

from the interdependence between individual EV adoption and aggregate investments in

the charging infrastructure (Bernardo et al., 2016; Li et al., 2017). However, to the best of

my knowledge no studies exist that estimate individual spatial preferences for charging ca-

pacity using observed choice data to identify supply-demand mismatches in existing public

charging infrastructure. This is the second contribution of the paper.

3 Theoretical framework

Consider the following decision problem which, with an eye on the empirical application,

I cast in terms of an EV-driver choosing a recharging location in the public domain. Let

M denote the universe of all J recharge locations and let Mt denote the deterministic set

and Klapper, 2011, Pieters, Wedel and Zhang, 2007). Unlike feasibility constraints, consideration constraints
bear a close relation to individual capabilities to rank alternatives and for this reason, modeling the considera-
tion set stage may be part of estimating rank-ordered logit models (see Fok et al. (2012) for a discussion).

7Differences between the master choice set M and the deterministic set of feasible alternatives Mi t can be
thought of as caused by supply-side factors that are mostly exogenous to the decision maker, whereas differ-
ences between Mi t and the choice set C are primarily driven by features of the decision-making process, such
as a decision maker’s use of heuristics due to cognitive limitations. That said, the wedge between Mi t and C
may also be influenced by factors more external to the decision maker. For example, in Gaynor, Propper and
Seiler (2016) and Beckert (2018), a patient’s set of hospitals to choose from follows from the options given by
the physician.
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of available recharge locations to a user who arrives at time t .8 I assume that user i ’s (i =
1,2, . . . , I ) preference for recharge location j ( j = 1,2, . . . , J ) at time t (t = 1,2, . . . ,T ) can be

represented by the random utility function

Ui j t =Vi j t +εi j t , (1)

with Vi j t the representative utility and εi j t disturbances that are assumed i.i.d. over i , j , and

t and type I extreme value distributed. I specify the utility function to include individual-

and alternative-specific dummy variables d i j
km with value 1 if individual k = i and alternative

m = j and zero otherwise: Vi j t = ∑I
k=1

∑J
m=1βi md i j

i m . I do not include other explanatory

variables which means that the analysis is in product space instead of characteristics space.

The reason simply is that the user data lack information on user background characteristics

to condition upon, such as employment status, age or place of residence. Due to the rich set

of dummy variables that pick up the impact of all time-invariant characteristics on individual

location choice this is less of an issue. To the extent that spatial preferences are stable over

time, the coefficients – estimated at the individual level – should do a good job in predicting

a user’s future demand.9

Of course, this simple model exhibits the unrealistic IIA (Independence from Irrelevant

Alternatives) property. Extending the proposed methodology to models with richer substi-

tution patterns is conceptually straightforward. I leave this for future work for two reasons.

First, any grouping of locations into nests would be somewhat arbitrary. All recharge lo-

cations are situated in the same area such that ex ante no natural partitioning presents it-

self. Given the nature of the problem, a specification with overlapping nests is preferable

(Small, 1987; Koppelman and Wen, 2000; Train, 2003; Fosgerau, Monardo and De Palma,

2019). However, without any further assumptions on the correlation structure, the number

of parameters to estimate will grow exponentially in J . Second, my main interest is in com-

paring the relative predictive success of models that do and do not account for choice set

variation. The implicit but untested assumption is that any differences in demand estimates

that I find for the basic model is not due to the IIA property.

I introduce and discuss four sets of choice probabilities. The first set comprises the tra-

ditional multinomial (MNL) choice probabilities. The second and third set of multinomial

8I assume that there are no individual-specific exclusion restrictions: when a recharge location is available
at time t , it is available to all individuals, Mi t = M j t ≡ Mt .

9Note that while the application of this paper uses the circumstance that individuals in the data are ob-
served repeatedly (allowing for the flexible specification with individual- and alternative-specific dummy vari-
ables), the proposed methodology of accounting for choice set variation to improve individual demand esti-
mates equally applies to cross-sectional choice data analyzed in characteristics space.
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choice probabilities take into account that different individuals face different choice sets.

The first of these sets (MNLa) accounts for intertemporal variation that finds its origin in the

fact that at a certain point in time, a location is physically not yet or no longer available; the

second of these (MNLaf) in addition takes into account that at the time of arrival, some loca-

tions – while physically there – are not free to use because they are temporarily occupied by

other users. In addition to choice sets being time-variant for the above reasons, a fourth set

of multinomial choice probabilities (MNLq) corrects for the fact that users do not face a ran-

dom set of available alternatives but one that is the result of choices made by other users. To

gauge the incremental merits of including information on deterministic constraints in the

choice probabilities, I will submit the different models to a statistical test in the empirical

part of the paper to compare their power to predict individual choices.

A. MNL choice probabilities [MNL] For each individual i , a sequence of ni outcomes or

actions ai = (ai 1, ai 2, . . . , ai ni ) is observed in the sample, with ai t ∈ {1,2, . . . , J } denoting the

location chosen by user i at time t . In case of a time-invariant choice set, Mt = M , the above

assumptions on the utility function lead to the standard multinomial choice (MNL) proba-

bilities

Pi ( j |M) = eβi j∑
k∈M eβi k

≡ P M N L
i j (β). (2)

REMARK: By construction, the estimated β-coefficients ensure equality between the pre-

dicted share of choices of individual i for an alternative j and the share observed in the

sample.

B. MNL choice probabilities with deterministic choice constraints [MNLa and MNLaf] A

natural way to take into account deterministic information on location availability at time t

is by accounting for this in the numerator and denominator of the choice probabilities:

Pi ( j |Mt ) = I ( j ∈ Mt )eβi j∑
k∈Mt eβi k

= I j t eβi j∑
k∈M Ikt eβi k

≡ P M N La
i j (β), (3)

with I j t an indicator function with value 1 if location j ∈ Mt and 0 otherwise. That is, the

conditional probability of choosing location j when it is not available is set to zero and the

summation in the denominator is limited to the subset of available options. This specifica-

tion appears in Bronnenberg and Vanhonacker (1996). They however necessarily use proba-

bilistic choice sets in estimating the model because they lack perfect information about the

indicators.

I distinguish between two kinds of deterministic constraints on location availability. First,
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a location may not (yet) be operational, naturally preventing users to use that location. This

is an important issue in the developing and dynamic market for EV charging, where new

locations are added at a high pace but also existing locations sometimes are shut down. In-

corporation of this availability constraint leads to the MNLa set of estimated choice prob-

abilities. Second, arriving EV-drivers cannot use locations that are physically present but

currently taken by other users. Adding this feasibility constraint to the availability constraint

leads to the second, MNLaf set of estimated choice probabilities.

C. MNL choice probabilities with deterministic choice constraints and q-correction [MNLq]

The specification in (3) is only valid when the probability qi (Mt | j ) that the decision-maker

faces the subset of alternatives Mt given that she selects alternative j is the same for all

j ∈ Mt . This condition is satisfied when the set of available alternatives varies randomly.

In our setting, the condition is unlikely to hold: Consider the situation with three charge lo-

cations M = {1,2,3} and all individuals having identical preferences 1 Â 2 Â 3. Then for any

subset Mt that contains both locations 1 and 2, qi (Mt |1) = qi (Mt |2) ∀i ∈ {1, . . . , I } if and only

if the decision-maker faces a subset of alternatives that contains location 1&¬2, and a sub-

set that contains location 2&¬1 with equal probability.10 However, given that all individuals

have preferences 1 Â 2, the former is less likely to happen than the latter.

When the set of available alternatives varies in a non-random fashion, we need to add a

correction term to the choice probabilities. To see this, I follow Train (2003, p. 68-69) and let

Qi (Mt ) denote the probability that the subset Mt ⊂ M of locations is available to individual

i , and Pi j ≡ Pi ( j |M) the probability that individual i chooses charge location j from the full

set M . One can then express the probability that the individual will choose alternative j

conditional on observing the subset of available alternatives Mt as11

Pi ( j |Mt ) = Pi j qi (Mt | j )∑
k∈M Pi k qi (Mt |k)

= eVi j qi (Mt | j )∑
k∈Mt eVi k qi (Mt |k)

= eβi j+ln qi (Mt | j )∑
k∈Mt eβi k+ln qi (Mt |k)

≡ P M N Lq
i j (β).

(4)

This reduces to (3) if and only if qi (Mt | j ) = qi (Mt |k) > 0 ∀i ,∀ j ,k ∈ Mt and qi (Mt | j ) = 0

∀i ,∀ j ∉ Mt .

REMARK 1: I apply an individual-specific q-correction to allow for the possibility that,

conditional on choosing location j , the probability of facing a given choice set M may differ

10One can see this as follows. A user can face seven distinct non-empty choice sets: M1 = {1,2,3}, M2 =
{1,3}, M3 = {2,3}, M4 = {1,2}, M5 = {1}, M6 = {2}, M7 = {3}. P (M4|1) = P (M4|2) ⇔ P (M4)

P (M1)+P (M2)+P (M4)+P (M5) =
P (M4)

P (M1)+P (M3)+P (M4)+P (M6) ⇔ P (M2)+P (M5) = P (M3)+P (M6) ⇔ P (1&¬2) = P (2&¬1).
11This follows from observing that the joint probability Pi ( j , Mt ) of individual i facing subset Mt and choos-

ing j can be written both as Pi ( j , Mt ) = qi (Mt | j )Pi j and as Pi ( j , Mt ) = Pi ( j |Mt )Qi (Mt ), where Qi (Mt ) =∑
k∈M Pi k qi (Mt |k). Equating the two expressions and solving for Pi ( j |Mt ) gives (4).
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per individual. One reason may be that individuals who use the same location have struc-

turally different arrival patterns, e.g. one individual mostly arriving in the morning and the

other mostly in the evening.

REMARK 2: In non-experimental settings like the one in this paper, the configurations Mt

a user faces are not designed or selected by the researcher. This complicates the implemen-

tation of the correction because there is no given, objective probability Q(Mt ) that a user

will face subset Mt . Instead, I will use the empirically observed frequencies q̂i (Mt | j ) – the

fraction of instances that user i faced choice set Mt given that she chose location j . Another

complication is that with 62 locations, the number of possible configurations is huge (262)

and each user will only face a very limited number of them. In the empirical section I ac-

count for this by setting q̂i (Mt | j ) = 0.001 for every configuration Mt that individual i did not

encounter. Both solutions are motivated by data constraints, and are, needless to say, rather

ad hoc and imprecise by construction.

3.1 Empirical methodology

The joint probability of observing a sequence of outcomes ai for individual i equals

Pi (ai) =
ni∏

t=1

J∏
j=1

yi t j P m
i j (β), (5)

with yi t j denoting a dummy variable that equals 1 if ai t = j and zero otherwise. The func-

tional form of P m
i j depends on which set of choice probabilities m = M N L, M N La, M N La f ,

M N Lq (equation (2) to (4)) we use.12 We maximize the log-likelihood function LL(β|a) =∑n
i=1 lnPi (ai).

I split the data into a training and a test set. The training set contains all observations

with t ≤ T̄ , the test set the remaining observations. First, I estimate the models on the train-

ing set, generating four sets of estimates: β̂MNL, β̂MNLa, β̂MNLaf and β̂MNLq. I then analyze

each models’ goodness of fit with the test set: Conditional on a user facing choice set Mt ,

which model best predicts the user’s actual choice? I test whether any differences in pre-

dictive success are statistically significant. If so, this establishes the merits of incorporating

information on the set of available alternatives and of adding a q-correction.

12The maximum likelihood procedure has been programmed in R, using the bbmle package (Bolker, 2017)
which extends and modifies the ‘mle’ classes in the ‘stats4’ package and, among other things, allows for vector
parameters. The code is available upon request.
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Predictive success I compute the following measure of predictive success. At the individual

user level, the test set contains for each arrival time t > T̄ information on the set of available

alternatives Mt and the chosen alternative, ai t = j . Using theβ-coefficients estimated on the

training set, model m predicts that user i , conditional on facing Mt , will choose alternative

j ∈ Mt with probability P m
i j (β̂m |Mt ). That is, model m correctly predicts user i ’s choice at

time t with probability

r m(ai j , Mt ) = ∑
j∈Mt

I (ai t = j )P m
i j (β̂m |Mt ). (6)

I call this metric r the pass probability. By definition, r m
i t (ai j , Mt ) = 1 for all models m when

Mt is a singleton: a user with only one alternative to choose from will always choose that

alternative and all models will predict this alternative with probability 1. In this case, it is

impossible for any model not to correctly predict the outcome. The power of the test is zero

as any model m will never be rejected even if it is false. This suggests that the pass rate is

not an optimal measure to gauge the predictive quality of the models. An improved metric

takes into account the set of possible outcomes Mt and is a function of both the pass prob-

ability r and the statistical power of the test. I therefore use the metric of predictive success

introduced by Selten (1991) that takes in our notation the following form:

sm(r (ai j , Mt ), a(Mt )) = r m(ai j , Mt )−a(Mt ). (7)

The term a(Mt ) ∈ [0,1] is “the relative size of the predicted subset compared with the set of all

possible outcomes”.13 In our case, a(Mt ) = 1/|Mt | with |Mt | the number of elements in Mt .14

For high values of a(Mt ) (as when Mt is a singleton), the model has low relative precision.

The metric of predictive success s(r, a) corrects for a lack of precision by subtracting a from

the pass probability. Selten (1991) has proved that this function has the useful properties of

monotonicity, equivalence and aggregability. Equivalence for example says that sm(0,0) =
sm(1,1): a theory that predicts very precise outcomes that are never observed and a theory

that imposes no restrictions on the set of possible outcomes (and thus never fails to predict

accurately) are considered equally successful in predictive performance.15

Beatty and Crawford (2011) and Demuynck and Seel (2018) among others have used Sel-

ten’s approach to measuring predictive success to examine the ability of revealed preference

methods to reject optimizing behavior. These authors have pointed out that the function

13Selten (1991, p. 154).
14The numerator is one because our models’ predictions are in the form of probability distributions with

total probability of 1.
15See Beatty and Crawford (2011) for a further discussion of these properties.
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a(Mt ) can be interpreted in terms of statistical power. Equation (7) can be read as:

Predictive success = Pass probability - (1- Power). (8)

Equation (6) defines the pass probability. For the power calculation, one needs to specify an

alternative hypothesis. I follow Bronars’ (1987) approach and take uniform random choice

over the choice set as the alternative hypothesis to the null hypothesis of utility maximiza-

tion, an idea that originates in Becker (1962). Given this alternative hypothesis, the power of

the test equals (|Mt |−1)/|Mt | and a(Mt ) = 1/|Mt | is one minus this power measure; an inter-

pretation of the value sm ≈ 0 is that the predictive success of model m is similar to choosing

a location at random from the choice set. Model m’s overall predictive success is calculated

as the average value of (7) across all observations in the test set.16

REMARK 1: For all models I compute the pass rate while conditioning on the choice set

Mt the decision maker actually faces at time t . This equality-of-information-in-available-

alternatives ensures that any computed differences in the pass rate can be attributed to

differences in the β-estimates. For example, while information on location availability is

ignored in estimating the βM N L’s on the training set, such information is taken into ac-

count in the test set when evaluating this model’s predictive success. That is, for all models

P m
i j (β̂m |Mt ) = 0 for locations j 6∈ Mt .

REMARK 2: For the q-correction function, I use frequencies as observed in the training

period; using information from the test period would create an improper advantage for the

MNLq model in the predictive success comparison test.17

REMARK 3: I use a product space approach, hence I cannot analyze demand by individual

i for locations that she did not frequent in the training period. Let J̃i ⊆ J be the set of all

locations that individual i has chosen at least once in the training set. In the test set, the

individual may start to frequent locations 6∈ J̃i . This may happen because new locations are

opened (which happens regularly, as the market for EV charging is growing rapidly), because

in the training set the location was always occupied when this individual arrived, or because

the individual’s preferences have changed. In computing the predictive power of the models

in the test period, I evaluate for each individual i only the choices ai t = j with j ∈ J̃i while

16As a robustness check we also calculate the weighted averages

sm =∑
i

∑
t

wi t sm(r (ai j , Mt ), a(Mt )). (9)

As weights wi t , we use both the total transaction time and number of kWh charged. These weighted aver-
ages take into account that it is more important for the predictive success of a model to correctly predict the
transactions that put a heavier burden on the charging system.

17For combinations of Mt and k in the test set that do not appear in the training set, I set q(Mt |k) = 0.001.
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dropping all locations j 6∈ J̃i from the set Mt of feasible alternatives.

Latent demand From a policy perspective, the ultimate interest is in improving the esti-

mates of latent demand for charging infrastructure at the local level of the individual charg-

ing unit. To that end, the second part of the analysis will re-estimate all models on the data

for the entire 2014-2018 period. I will focus on specific time periods T and compare, for

each model, the estimated latent demand for charging capacity in period T to the observed,

realized demand in that period.

I estimate latent demand by noticing that absent capacity constraints, each user can

choose her preferred location from the universe of charge points M upon arrival in which

case latent demand equals observed demand. I continue to treat the arrival times them-

selves as exogenously given. Without constraints in local charging capacity and conditional

on model m ∈ {M N L, M N La, M N La f , M N Lq} being the true model, the expected number

of transactions at location j in time period T equals

d N
j (m) =∑

i

∑
t∈T

P m
i j (β̂m |M). (10)

With regard to the choice of T , one can of course consider the entire sample period but also

study latent demand in a particular time period (per year, on weekends vs. weekdays, etc.). I

will do so in the empirical section.

At the location level, I determine the extent to which latent demands exceeds or falls short

of the observed demand by comparing the latent demand estimates with the corresponding

observed demand. For example, with the observed number of transactions at location j

in period T expressed as d N
j = ∑

i
∑

t∈T I (ai t = j ), the demand mismatch ∆ for charging

capacity at location j can be measured as:

∆N
j (m) = d̂ N

j (m)−d N
j (11)

Values ∆N
j (m) > 0 indicate excess demand. For each location, we have three estimates of

demand mismatch, one for each model m = M N La, M N La f , and M N Lq . Remember that

model m = M N L cannot identify demand mismatch because, by definition, the estimated

βM N L-coefficients ensure equality between the latent demand of individual i for alternative

j and the share observed in the data.
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4 Application: The public charging market for EVs

This section introduces the market for the public charging of electric vehicles in the Nether-

lands (Section 4.1). I first describe demand, supply and charging tariffs. I then focus on

the situation in Amsterdam (Section 4.2) where I pay particular attention to the rules policy

makers use in deciding when and where to expand the public charging infrastructure.

Table 1: Development public EV charging infrastructure in The Netherlands.

Number of charging points Fleet of electric vehicles
Month/Year public semi-public fast Total PHEV BEV FCEV Total ratio∗

12/2010 400 400
12/2011 1,250 576 15 1,841
12/2012 2,782 829 63 3,674
12/2013 3,521 2,249 106 5,876 24,512 4,161 28,673 8.1
12/2014 5,421 6,439 254 12,114 36,937 6,825 43,762 8.1
12/2015 7,395 10,391 465 18,251 78,163 9,368 21 87,552 11.8
12/2016 11,768 14,320 612 26,700 98,903 13,015 30 111,948 9.5
12/2017 15,288 17,587 755 33,630 98,217 21,115 41 119,373 7.8
12/2018 20,228 15,633 1,116 36,977 97,702 44,984 50 142,736 7.1
12/2019 27,773 21,747 1,252 50,772 95,885 107,536 215 203,636 7.3

Notes: ∗Number of electric vehicles per public charging point.
Source: Netherlands Enterprise Agency, Statistics Electric Vehicles in the Netherlands (www.rvo.nl, visited
29/01/2020).

4.1 Demand, supply, and tariffs

Demand The Dutch market for public charging is one of the most developed markets in the

world. The Netherlands has the highest number of (semi) public charge points within Eu-

rope and Amsterdam has one of the most dense public charging infrastructures worldwide.18

Table 1 shows the rapid development of the demand for, and the supply of charging infras-

tructure in the Netherlands. Let’s start with demand. The year-on-year growth rate of fleet of

electric vehicles has averaged 42% between 12/2013 and 12/2019. Three types of electric ve-

hicles can be distinguished: Plug-in hybrid electric vehicles (PHEV) that are equipped with

a plug-in rechargable battery and an internal combustion engine; battery electric vehicles

(BEV) that are fully powered by a rechargeable battery pack, and fuel-cell electric vehicles

(FCEV) that use a fuel cell to power its motor. Table 1 shows that until 2019, the majority of

18RAI (2018) and ICCT (2018, Figure 3).
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electric vehicles in the Netherlands were PHEVs and that the number of EVs powered by a

fuel cell is growing but is still negligible.

Favourable fiscal treatment of electric company cars explains an important part of the

popularity of electric vehicles in the Netherlands. In 2018, company cars made up 11.8%

of the total fleet of 8.4 million passenger cars that were registered in the Netherlands (VNA,

2019) and of all EVs sold, over 85% were (leased) company cars (Van den Hoed et al., 2019).

Many employees use a company car for private use. Users need to add a percentage of the

new car value to their taxable income, the so-called addition tax (“bijtelling”). This percent-

age ranges from 0 to 25%, with the percentage non-decreasing in the car’s CO2 emissions. To

stimulate the sales of low-emission cars, policy-makers have explicitly used this tax to steer

demand in recent years. In the years 2011-2019, the addition tax for non-electric company

cars has always ranged from 14 to 25%19 To stimulate PHEV sales, the addition tax of 14%

on PHEVs was abolished in 2012, but increased again to 7% in 2014, 15% in 2016 and 22% in

2017. Before 2014, the private use of company BEVs was not subject to addition tax. In 2014,

the addition tax for BEVs increased to 4%. This fiscal treatment is a major explanation for the

sharp increase in EV sales observed in Table 1 as for the shift from PHEV to BEV after 2015.20

Supply Electric car users depend on a network of public, semi-public and private charg-

ing stations to recharge their vehicle. These stations are installed and maintained by charge

point operators (CPO), which include traditional energy companies such as NUON/Vattenfall,

Essent and Eneco, but also specialized companies such as NewMotion, EVBox and Alfen. To-

gether they make up the charging infrastructure. Public charging stations are available to

everyone and can be accessed at any time of the day as they are often located in public park-

ing areas; semi-public charging stations are located on private property but are available to

everyone. Access is however restricted in terms of time or users need to pay to gain access.

Examples are locations in parking garages, at gas stations and in the vicinity of retail and

catering establishments. Private charging stations are located on people’s own driveway, in

their garage at home or at their place of work. These stations can only be used by the owner.

Finally, there is are small number of (public) fast charging stations, mostly located at high-

ways. Charging stations mostly have two sockets (charging points), allowing two users to

recharge simultaneously.21

19Table A2 contains full details on the addition tax per year for different vehicle types.
20In December 2016, the most popular EV (measured by the number registrations) was the Mitsubishi Out-

lander (PHEV, 25,984 registered); in December 2019 it was the Tesla Model 3 (BEV, 29,937 registered). Numbers
from RVO (2018, 2020).

21More recently, municipalities have created so called charging hubs, which are charging locations with
several charging stations connected to a single main station (Van den Hoed et al., 2019 p. 25).
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Table 1 shows that the public charging infrastructure has experienced a growth that, with

an average per annum growth rate of 46%, even slightly surpassed that of the fleet of electric

cars in the period 12/2013-12/2019. By the end of 2019, a total of 50,772 public charge points

had been created. In addition, the number of private charging points was estimated to be

about 100,000 at the end of 2018.22 The column “ratio” in Table 1 shows that the ratio of the

number of registered electric vehicles to the number of public charging points is about 7 and

has been relatively stable across years.

Tariffs The cost of using the public charging infrastructure consists of various components.

To make use of a public charging station, the EV driver needs to have a charge card issued

by an e-mobility service provider (eMSP). The CPOs bill the cost of charging at their infras-

tructure to the eMSP and the eMSP can add its own costs of service such as a subscription

fee. The CPOs’ fee consists of a fixed starting tariff plus a variable fee that depends on the

number of kilowatt hours (kWh) charged and/or the time connected (Van den Hoed et al.,

2019, p. 64). The unit price per kWh or hour can be time dependent. Van den Hoed et al.

(2019) report an average fixed fee ofe0.42 per session and a variable fee ofe0.32 per kWh.

Between the different eMPSs, differences in fee structure exist. Monthly subscription

fees range frome0 to aboute6 (Wolbertus, 2016) and sometimes a fee per session ofe0.15-

e0.65 or a markup per kWh of e0.01 is charged.23 In determining whether an extra fee is

charged and the level of this fee, service providers may discriminate between CPOs. For

example, service provider Eneco charges an extrae0.61 per session and an additionale0.14

per kWh if the operator of the charging point is not Eneco.24 Apart from these additional

fees, most charge cards are compatible with the charge stations of all CPOs. Finally, if the

charging station is located in a paid-parking area, the usual parking costs need to be paid.

4.2 Public charging infrastructure in Amsterdam

The city of Amsterdam is leading in creating a dense, publicly accessible network of charging

locations. Various programs like the IDO-laad project25 have been successfully launched to

coordinate the roll-out and maintenance of charge points and to evaluate their usage. The

University of Applied Sciences Amsterdam (HvA) administers all electric charge transactions

on behalf of the city. This study uses the part of the data that covers the public charging

22Estimate from Nederland Elektrisch, https://nederlandelektrisch.nl/actueel/verkoopcijfers,
visited 31.01.2020.

23https://laadpas.com/laadpassen-vergelijken/, visited 31.01.2020.
24https://laadpas.com/laadpassen-vergelijken/, visited 31.01.2020.
25https://www.idolaad.nl/.
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locations in an area I will refer to as the Amsterdam South Residential District (ASRD).26

Table 2: EV public charging infrastructure in Amsterdam

Year stations # sessions # unique sessions/ total kWh kWh/ kWh/ kWh/ RFIDs/
in use RFIDs RFID (in millions) session station RFID station

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Amsterdam†

2015 812 416,648 18,795 22.2 3.91 9.38 4,815 208 23
2016 1,018 636,026 28,741 22.1 5.33 8.38 5,237 185 28
2017 1,173 783,750 35,562 22.0 6.70 8.54 5,708 188 30
2018 1,344 980,203 43,457 22.6 9.18 9.37 7,232 211 32

Amsterdam South Residential District (ASRD)

2015 44 19,633 2,496 7.9 0.178 9.06 4,041 71 57
2016 53 34,149 4,056 8.4 0.289 8.45 5,445 71 77
2017 60 40,596 5,352 7.6 0.354 8.71 5,894 66 89
2018 60 44,512 6,412 6.9 0.459 10.30 7,643 72 107

Source: †: http://www.evdata.nl/data/, visited 29/01/2020.

Users are identified by the radio-frequency identification (RFID) tag in their charge card.

It is possible that users have multiple cards issued by different eMSPs and use the card with

the most favorable tariff for that particular location. In our research area, all stations are

operated by only two companies which allows us to ignore this subtlety.

Table 2 shows the development of the supply and usage of charging stations for the city

of Amsterdam as a whole and for the research area in particular. At the end of 2018, Am-

sterdam hosted 1,344 charging stations which is 6.6% of the total capacity installed in the

Netherlands. Being ahead of the curve, growth in the number of stations in use in Amster-

dam has in recent years been below the national average and hovered around 15%. With an

average growth of 23%, the number of users (as measured by the number of unique RFIDs)

has grown more rapidly . This has increased the number of users per available station from

23 to 32. So not only has the network of charging stations vastly expanded, also the occu-

pancy rate of each individual station (kWh per station) has rapidly increased, increasing the

competition for charge capacity.

The data in the selected research area covers about 5% of all charge activity in Amster-

dam, both in number of stations, number of sessions and in total number of kilowatt hours.

The trends in occupancy at the selected stations (columns (6) and (7)) are similar to that in

the greater Amsterdam area. The average number of users in this area that shares a station

26The area comprises the Apollobuurt, Stadionbuurt en Prinses Irenebuurt. In fact, the area is partly situ-
ated in the neighborhoods Oud-Zuid and partly in Buitenveldert, Zuidas.
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has almost doubled from 57 in 2015 to 107 in 2018.27

Note: The labels are the location numbers.

Figure 2: Public charge locations in the Amsterdam South Residential Area.

Figure 2 maps the location of the public charge stations in the selected research area.

The area is bound by the Noorder-Amstel canal in the north and east, by the Olympic park

in the west and by the train station and railway tracks in the south. Because of these natural

geographical boundaries, users who recharge in this area are likely to not consider locations

outside the area. This increases the probability that the formulated choice sets indeed con-

tain all options that a user considers. The area is affluent, with per person income and house

prices are far above the average in Amsterdam and The Netherlands. House ownership is

much higher than in other parts of Amsterdam. Relatively to other areas, residents of this

area are above average satisfied with the parking facilities.28

User types As Table 3 shows, 98% of all EV drivers in Amsterdam that use the public charg-

ing infrastructure are private users. They account for 93% of all charge sessions in the public

domain, and for 91% of total energy demand. Other users are taxi drivers and people who

use the services (and RFIDs) of car sharing companies or platforms such as ‘Car2Go’ and

27Because EV drivers multi-home, it is natural that the ratio of users per station is increasing in the level of
disaggregation (7 nationally; 32 in Amsterdam and 107 in ASRD): Consider a universe with a total of 10 charge
stations and 10 users who each frequent all 10 stations. The number of unique users per station is 10/1=10 at
the level of the individual station but 10/10=1 at the aggregate level.

28See Table A3 in the online appendix for more detail.
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‘Share2Use’. Although small in numbers, the latter groups are relatively heavy users in terms

of number of sessions and kWh which is not surprising in light of their high uptime. The pat-

tern in the research area resembles that of the greater Amsterdam area. The share of private

users is similar, but because it is a residential area, the number of taxis in this area is low.

Table 3: Usage share public charging infrastructure (in %) by user type.

Amsterdam† ASRD Research Area

Sessions kWh RFIDs Sessions kWh RFIDs

Private users 93 91 98 93 93 93
Shared vehicles 2 2 1 6 7 7
Taxis 5 7 1 1 1 1

Total 100 100 100 100 100 100

Source: † Van den Hoed et al. (2019, p. 14-15).

Rollout of charging infrastructure The lack of available charge points is one of the main

irritations among EV drivers.29 Hence, city planners are forced to continuously update the

charging infrastructure without having too much guidance from historical experience on

where exactly to build new facilities. In adding new stations to the charging infrastructure,

policy maker mostly apply two approaches: a strategic approach, and a demand-driven ap-

proach. The strategic approach creates stations at locations where many users are expected,

e.g. in shopping and entertainment areas or next to museums, zoos or points of interest. In

the less mature Dutch EV market up to 2012, strategic rollout was the main driving force in

extending the network of charging stations.30 In the demand-driven approach new stations

are created upon the request of candidate EV drivers. In Amsterdam, the following two cri-

teria are used to assess whether a request is granted: a) Does infrastructure already exist or

is it planned with a walking distance of 300 meters from the requester’s address? b) Does the

occupancy of the nearby infrastructure justify an expansion?31 In terms of use, the City of

Amsterdam will usually duplicate an existing charging point when daily occupancy exceeds

a threshold of 50%.32 This type of expansion does not need a formal request by a candidate

EV-driver. Helmus et al. (2018) find that in the Netherlands, most demand-driven charge

points are located in highly-populated cities such as Amsterdam that have a more mature EV

market. The question whether a demand-driven approach based on observed demand leads

to an optimal infrastructure is at the heart of the empirical part of this paper.

29A fun fact underscores this point: In 2018, members of the Society for the Dutch Language (Genootschap
Onze Taal) voted “laadpaalklever” (“charging station hogger”) as their ‘word of the year’ link.

30See Helmus, Spoelstra, Refa, Lees and Van der Hoed (2018) for details on the different rollout strategies.
31Van den Hoed et al. (2019, p. 53).
32Staatscourant (2019).
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Note: For tractability, connections are not shown for pairs of locations that have less than 20 per cent of their frequent users in common.

Figure 3: Spatial network (ASRD Area).
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5 Data description

The data has the full records of all charging sessions at any of the public charging locations

in the Amsterdam South Residential District (ASRD) that were completed between January

2014-December 2018. Given the research objectives, the fact that the area is an affluent resi-

dential city area has a number of advantages. First, because EV drivers live in the area, many

are observed multiple times. This allows for a precise estimation of their locational prefer-

ences. Second, because the area is affluent and densely populated, many residents drive an

EV but lack private parking facilities. All charge stations are operated by one of the energy

companies Essent or Nuon Energy. The tariffs that users pay in the City of Amsterdam are

independent of the company that operates the charging station.33

Notes: y-axis: logarithmic scale. Orange bars: users with at least 40 transactions in the training period (2014-
2017). Magenta bars: users with less than 40 transactions in this period.

Figure 4: Usage intensity at user level, ASRD area (2014-2018).

After initial cleaning, the data comprises total of 151,510 completed sessions by 14,351

unique drivers.34 The histogram in Figure 4 shows large heterogeneity across users in usage

intensity (ignore the colors for the moment). About half of the users (7,133, 49.7%) are only

observed a single time. Unsurprisingly, the recharge locations close to the Olympic Stadium

are popular among these incidental visitors. More generally, single-time users often frequent

33Dependent on the charge card that is used, starting fees range from e0 to e0.61 and the price per kWH
frome0.30 toe0.37 (Wolbertus, 2016). As of March 2016, all charging stations are operated by Nuon/Vattenfall.

34All charge sessions lasting shorter than 90 seconds (2.1% of the total) have been dropped, online ap-
pendix A gives details on the, very modest, cleaning process.
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locations at the border of the area.35 The large majority of users (13,721, 95.6%) recharges

their vehicle less than 40 times in this area and account for only 33.7% of all transactions. My

focus is on the 630 frequent users who together account for two-thirds of all transactions.

Figure 3 depicts the usage patterns of the frequent users. The size and colour of the nodes

reflects the number of (unique) frequent users. Most of the locations with high occupancy by

frequent users are in the northeastern part of the area (no. 1136, 1584, 3415 and 2981). The

colored lines between pairs of charging locations denote the percentage of frequent users

that has visited both stations (at least once). The darker the connection, the higher the per-

centage of shared users.

The figure clearly identifies a number of clusters. Importantly, whereas there is high clus-

tering between locations in the same geographical area, the number of connections between

locations separated by natural boundaries such as main streets, canals and sport parks is

very limited. The highest degree of clustering is observed in the area in the north bounded

by Apollolaan-Beethovenstraat-Stadionweg-Olympiaplein. This clustering pattern suggests

that frequent users indeed only consider alternative locations situated in the same, narrowly-

defined area. The clusters illuminate which sets of locations users view as alternatives. They

however do not reveal how users rank the alternatives within a given cluster.

Figure 5 summarizes some patterns on charge point use in this area and time period.36

Panel (a) shows that the number of transactions has steadily increased, with a distinguished

jump in 2016. The occupancy rate shows a corresponding jump but stabilizes in the range

0.45-0.50 because of the policy of the City of Amsterdam to establish a new station when

the occupancy rate exceeds the 0.50 threshold.37 However, while the stations are occupied

on average almost half of the time, only 30 percent of this time is put to effective use: more

than half of the time, the connected EVs are not charging but use the charging location for

parking only.38 Panel (b) depicts, by year, the occupancy rate for the different days of the

week. Apart from the clear jump in usage in 2016 average occupancy on different days of the

week is comparable, except for a slightly higher occupancy on Sundays. This panel masks

however the significant fluctuations in occupancy that occur during the day which are dis-

35See the map in Figure 2: Both locations close to the stadium (no. 999 and 4591) are in the top-3 of locations
with the most single-time users (529 and 377, respectively). Of the locations in the top-10 (no. 999, 1344, 4591,
6700, 2231, 6699, 3182, 4598, 84, 7746), only no. 84 and no. 4598 are not at the border of the area. Together
these top-10 members absorb 44.3% of all single-time visitors.

36Table A4 in the Online Appendix presents detailed quarterly data on charge point availability and usage,
including charging vs. connection time, number of charging stations and unique users. Table A5 lists the
operation period and number of completed sessions for each individual charge point.

37This quarterly occupancy rate is calculated as the number of ten-minute intervals that a charge point was
occupied divided by the total number of ten-minute intervals in this period.

38Appendix Table A4 gives detailed descriptive statistics per quarter on usage, users and user types.

22



(a) Average occupancy and total transactions (b) Average occupancy per day of the week

(c) Occupancy per hour (d) Occupancy per hour and day of the week

Figure 5: Usage public charging infrastructure, ASRD area (2014-2018).

played in panel (c). Next to the jump in occupancy already observed in panel (a), this panel

shows a distinctive U-shaped pattern which seems typical for residential areas like the one

considered: occupancy sharply decreases between 6-9 a.m. when people leave their home

to go to work and increases again between 3-6 p.m. when people return. The highest level of

occupancy occurs at night, indicating that users who recharge their car in the evening mostly

tend to leave the car there overnight.39 Panel (d) shows that the U-shaped pattern is more

pronounced during weekdays and more muted during the weekend, especially on Sundays.

The explanation is that less people use their car in the weekend and then also do not remove

it from the charging location.

6 Analysis

The analysis consists of two parts. Section 6.1 splits the data, estimates each of the four

models on the training data and compares their respective success in predicting individual

choices by analyzing their goodness of fit with the test data. Having established that ac-

counting for choice set variation improves predictive success, section 6.2 reveals the supply-

39The plot of all arrivals and departures in Figure A4 confirms this: there is a high density band of arrivals
between 5-8p.m. and a rather sharp band of departures between 7-9a.m. The period 2-5a.m. is the “dead of
night” with almost no arrivals nor departures.
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demand mismatch at the charge-station level when I use preference estimates instead of

observed demand as a measure of local demand for charging capacity.

6.1 Predictive success

The sessions in the years 2014-2017 form the training period and the sessions in 2018 are the

test period. While I use all sessions to determine the set of alternatives Mt that an individual

who arrives at time t faces, i.e. all locations that are occupied at time t are excluded from

Mt , I estimate the preferences of the 476 individuals who use the infrastructure at least 40

times in the training period, shown as the orange bars in Figure 4. These users a responsible

for 66.6% of all completed charging sessions in the training period.

The predictive success of each of the four models thus estimated is compared by comput-

ing the metric of predictive success sm(r (ai j , Mt ), a(Mt )) (7) for each instance that individual

i is observed choosing location j in the test period t > T̄ given that the set of alternatives is

Mt . Because none of the models is able to make out-of-sample predictions, I ignore sessions

where individuals frequent a newly established location j not yet available in the training pe-

riod. I focus on how well the models predict the choices of frequent users but in determining

the set of available alternatives Mt the choices by all users are of course included (also new

users not observed in the training period).

Table 4 presents the results. The first observation is that in terms of the pass probabil-

ity, even model MNL that does not account for availability seems to do a reasonable job,

with getting about seven out of ten decisions right. Remember however that the pass metric

assigns a value of 1 to observations in the test period even when the user has only a one avail-

able option. The models that take into account availability, occupancy and non-randomness

in the given choice set each help to increase the pass probability. This is a first indication that

using information on actual availability has added value in predicting demand. As argued,

predictive success is a better metric for comparing the different models. The second column

shows that, although the traditional estimates do better than chance with a success rate of

0.368, each of the subsequent steps that incorporates choice set information importantly

improves predicted actions, aggregating to a total increase of 10.8%.

I compute for each model and each of the 61 locations the average success rate and test

for significance between two models by comparing the ranked differences in success rate us-

ing a Mann-Whitney-Wilcoxon (MWW) signed-rank test. For example, in comparing M N L

and M N La, I rank for each location j the difference in success rate ∆s j = sM N La
j − sM N L

j

and record a + if ∆s j > 0. I test the null hypothesis H0 : P (+) = 1/2 against the two-sided

24



Table 4: Model comparison: Average pass probability and success rate.

Model Pass probability (r ) Success rate (s)
(1) (2)

MNL 0.695 0.368
MNLa 0.705 0.378 (+2.5%)
MNLaf 0.735 0.408 (+10.8%)
MNLq 0.729 0.402 (+9.2%)

alternative Ha : P (+) 6= 1/2.40 The MWW signed-rank tests point at statistically significant

differences with p < 0.0001 for all pairwise comparisons, except sM N L vs. sM N La (p=0.20)

and sM N Lq vs. sM N La f (p=0.22). This shows that accounting for choice set variation caused

by consumption rivalry leads to a significant and large gain in predictive power.41

6.2 Identifying local supply-demand mismatch

I take the following approach to arrive at a location-specific measure of unobserved demand.

Following the procedure outlined in Section 6.1, I re-estimate individual preferences for the

entire 2014-2018 period. I use these estimated preferences to reconstruct demand for each

location assuming no capacity constraints, using equations (10) and (11). That is, I define

the expected demand for local charging infrastructure as the demand that results when ev-

eryone who arrives can use their most preferred location. For example, when user i with the

estimated preference coefficients β̂m
i (m = M N L, M N La, M N La f , M N Lq) arrives at time t ,

Pi ( j |β̂m
i , M) of her demand is assigned to location j . I reiterate that the arrival time itself is

assumed not to be a strategic variable, that is, I rule out that EV-drivers change their arrival

time because they believe that their favoured spot will be taken at a certain time.

Table 5 shows the demand estimates in the number of transactions for the ten most-

frequented stations in the period 2014-2018. The standard MNL predicts choice probabili-

ties that mechanically ensure equality between the predicted share of choices and the share

observed in the sample because of the utility specification with individual- and alternative-

specific dummy variables only. Differences emerge once we account for the fact that some

40The signed-rank statistic is defined as W+ ≡∑J
j=1 r j I ( j ) with I () an indicator function with value 1 if∆s j >

0 and 0 otherwise, r j is the rank of the observation (differences ranked from smallest to largest magnitude).
41One possible explanation for why the MNLq model does not outperform the MNLaf model is that there is

no control on which choice set a user faces upon arrival which makes it hard to pin down empirically reliable
estimates of the probability Q(Mt ) that a user will face choice set Mt . The circumstance that this developing
market is “unstable” in the sense that there is considerable entry and exit of users and locations further ag-
gravates this problem. The empirically observed frequencies that I use to implement the q-correction may be
simply off the mark.
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Table 5: Latent demand estimates: Top ten locations [period: 2014-2018; frequent users].

Location Observed MNL MNLa MNLaf MNLq

999 no. transactions 3377 3377 3199 3346 3276
deviation (%) (0) (-5.28) (-0.92) (-2.98)

1584 no. transactions 3145 3145 2718 2333 2332
deviation (%) (0) (-13.57) (-25.82) (-25.86)

84 no. transactions 3083 3083 2693 2572 2864
deviation (%) (0) (-12.64) (-16.58) (-7.11)

2140 no. transactions 2988 2988 2889 3182 3195
deviation (%) (0) (-3.31) (6.49) (6.93)

1136 no. transactions 2841 2841 2587 3165 3288
deviation (%) (0) (-8.94) (11.39) (15.73)

3415 no. transactions 2801 2801 2549 2630 2718
deviation (%) (-0.01) (-9) (-6.1) (-2.96)

1661 no. transactions 2756 2756 2567 2755 2607
deviation (%) (0.01) (-6.86) (-0.04) (-5.4)

2981 no. transactions 2610 2610 2565 2866 2830
deviation (%) (0) (-1.71) (9.79) (8.43)

1379 no. transactions 2432 2432 2436 2535 2593
deviation (%) (0) (0.15) (4.22) (6.63)

232 no. transactions 2423 2423 2403 2548 2517
deviation (%) (0) (-0.81) (5.17) (3.9)

locations have not been available for the entire period. Generally, latent demand now ex-

ceeds observed demand at charging locations that started operations later, reflecting the fact

that some people would have liked to use that location but could not because it was not yet

there.42 At locations that they did use instead, observed demand is higher than estimated

demand, for example location no. 1584 for which the mismatch between estimated latent

demand and observed demand is 14%. Column MNLaf shows further shifts in estimated de-

mand once we take into account that some locations are not in a user’s choice set because

other users occupy them. Location no. 1136 is a prime example of a location that users

would like to use but often find occupied: Given unlimited capacity, the number of sessions

by frequent users would increase by 11%. Finally, correction for the non-randomness in the

choice sets individuals face leads to some additional, mostly mild shifts in demand.

42Location no. 5109 that started operations in April 2016 is one example. If that location had been available
from the start, the estimated number of transactions would have been 1,680 instead of the observed 1,326, a
27% difference. See Figure A1 which shows observed versus latent demand for all locations.
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(a) Demand trend: Location 1136 (b) Hourly demand in 2017: Location 1136

(c) Demand trend: Location 4106 (d) Hourly demand in 2017: Location 4106

Figure 6: Observed demand and demand estimates for locations no. 1136 and 4106.

6.2.1 Substitution patterns

The results in Table 5 present demand estimates aggregated over years and time of the day.

However, Figure 5 has made clear that especially in the early years and between 8 a.m and

3p.m occupancy rates are much lower. At these off-peak times, installed charging infrastruc-

ture seems at most locations sufficient to meet demand and consumption rivalry is likely to

play a limited role in creating gaps between observed and latent demand.

Figure 6 illustrates this for two locations, no. 1136 and no. 4106. The solid gray lines

denote the observed occupancy rate by the frequent users for which we have preference es-

timates; in most quarters before 2016 frequent users use less than 50 percent of installed

capacity but as of 2016 they use on average 58 till 75 percent. (For completeness’ sake, the

black dotted lines show the occupancy by non-frequent users whose preferences I did not es-

timate. At location 1136, they use less than 10 percent of installed capacity). Panel (a) shows

that when occupancy at location 1136 structurally increases in 2016, estimated demand for

capacity (the green dashed and red dotted line for the MNLaf and MNLq estimates, respec-

tively) clearly starts to exceed observed demand. Panel (b) zooms in on demand per hour

of the day (in the year 2017) and reveals a similar pattern: at off-peak hours (9 a.m- 3p.m),

observed and estimated demand tend to match, but at peak hours (5 p.m - 8 a.m) estimated
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demand exceeds observed demand by as much as 40 percentage points.43 At peak hours, the

estimated occupancy exceeds 1, meaning that latent demand exceeds installed capacity.44

For location no. 4106 we observe the opposite: After starting operations in 2015, esti-

mated demand consistently trailed observed demand (panel (c)). Many frequent users ap-

parently only visit this location when their more preferred location is occupied. Panel (d)

confirms this interpretation: the gap between observed and estimated demand for this loca-

tion is widest at peak-hours, which is exactly the time when EV-drivers are most likely to find

their favourite spot taken. This analysis complements Figure 3. The lines in Figure 3 identify

which locations users consider to be substitutes but does not allow for any inference on how

the locations within a pair a ranked in terms of attractiveness. Figure 3 shows that locations

no. 1136 and 4106 are substitutes, figure 6 reveals that an important part of observed de-

mand at location 4106 is due to users who find their preferred location 1136 occupied but

not vice versa.45

6.2.2 Additional travel distance

A main drawback for EV-drivers not being able to recharge at their favoured spot is the in-

crease in distance between their car and their destination. The data contains no information

on the latter which prevents a simple calculation of this increase. However, the following ap-

proach allows for an assessment. Each frequent user’s β-estimates imply how often this user

will on average visit a given location. For example, user i ’s MNLaf-estimates may reveal that

without capacity constraints, she will prefer location A with probability 0.7, location B with

probability 0.2 and location C with probability 0.1. For each arrival time of this user, I com-

pute per location the walking distance from that location to the most nearby location that

is available at the moment of arrival. This additional distance is zero in case the preferred

location itself is available. Note that this is a conservative estimate of the true cost as the

most nearby unoccupied location is not necessarily the driver’s most preferred alternative.

In this way I can, conditional on the user and her arrival time, compute per transaction

the expected additional distance from user’s preferred station to the most nearby unoccu-

pied location. As an example, suppose that when user i arrives in the area, location B is

available but A and C are not, and that the location closest to location A (location C) that is

43Consistent with this, Figures A2 and A3 show this pattern for all days except Saturday and Sunday.
44Figures A5 and A6 present hourly demand estimates for all years (2015 to 2018) separately. Consistent

with panel (a), the wedge is absent in 2015 but present and increasing as of 2016.
45Figure A10 shows for all locations in the ASRD area the average difference (in percentage points) between

the observed and estimated occupancy rate at four different points in time. The two main takeaways are that:
i ) especially in the northeastern part of the area, charging capacity has become more of a constraint over time,
i i ) overall charging capacity poses more of a constraint at night than at day.
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unoccupied is at 150 (25) meter distance. Then the expected (one-way) additional distance

for user i upon arrival in the area is

E [Additional travel distance] = 0.7 ·150+0.2 ·0+0.1 ·25 = 107.5 meter,

and the expected additional distance conditional on finding the preferred location unavail-

able,

E [Additional travel distance|1st choice unavailable] = (0.7·150+0.1·25)/(0.7+0.1) = 134.4 meter.

These distances are in addition to the distance to the preferred location itself, which is ex-

cluded from these calculations. When all locations are available and have spare capacity, the

expected additional distance is 0 by definition.

Locations may not be available because they are occupied or not (yet) physically avail-

able. Interestingly, the data allows us to break down which part of the additional distance

can be attributed to which reason. Suppose, for example, that location A is occupied and

location C not yet there. Then of the expected 107.5 additional meter, 105 meter can be at-

tributed to consumption rivalry and 2.5 meter to a gap in the infrastructure.

Computing these measures for all arrivals and aggregating gives an idea of the total addi-

tional travel distance due to capacity constraints. Figure 7 shows the results. The green line

shows that, in 2014, EV drivers who find their preferred location unavailable need to walk

an additional 264 meters (3 minutes) to reach to the closest available charging station. Due

to the charging network getting denser and stations getting closer neighbors, this number

drops to 154 meter by the end of 2018. However, because the number of users of the network

increases as well, the cumulative additional distance aggregated across users is rather stable

over time. The blue bars in Figure 7 show that the 630 frequent users in this area walk about

200-400km per quarter extra because of scarcity.46 Breaking down the additional distances

into its causes reveals a pronounced important shift over time. Till mid-2016, the physical

absence of charging capacity at the preferred location causes most of the extra walking (dark

blue bars). As of then, consumption rivalry becomes the major cause (light blue bars). The

2016, the number of extra kilometers due to drivers finding their preferred station occupied

jumps upward. This coincides with the general jump in usage shown in Figure 5a. Online

Appendix Figure A7 shows that in 2014q1, users find their preferred location unavailable 5%

of the time because it is occupied, a number which increases to 13% in 2018q4. Over time,

new locations are added to the infrastructure and only very few locations disappear. This

46To account for the fact users also need to return to their car, I multiply the one-way distances by two.
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explains the shrinking of the dark blue bars: in 2018, almost no user has to walk an extra dis-

tance because her preferred is not (yet) operational. 47 Online Appendix Figures A8 and A9

show that most of this additional traveling accumulates between 4-8p.m. at weekdays.

To summarize, because of scarcity users walk about 1,200 extra kilometer per annum.

When I divide this number by the average walking speed (5km/h), multiply by the average

hourly wage (e42) of people living in this area, and divide by 2/3 to account for the fact that

the frequent users account for two-thirds of all transactions I estimate the opportunity cost

at e15,675, equivalent to the fixed cost of installing ten additional stations (15% of the total

installed capacity in 2018).

Note: Based on MNLaf model estimates.

Figure 7: Estimated additional distance from preferred station to first available station.

7 Discussion and conclusions

This study shows how taking into account choice set variation that results from consumption

rivalry helps to better predict individual choice and to improve demand estimates. For the

public charging market for Electric Vehicles, I estimate that accounting for intertemporal

variation in availability and occupancy due to entry, exit, and consumption rivalry improves

47Figure A7 shows that users in 2014q1 find their preferred location unavailable 28% of the time because it
is not there, a number which drops to 0.4% in 2018q4.
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the predictive success with an economically important and statistically significant +10.8%.

In off-peak hours when capacity is abundant, the gap between realized and latent demand

is small but when capacity is tight, quantitative estimates reveal that for some locations and

time periods, this gap is pronounced and as wide as 40 percentage points.

A number of features make the EV charging market an ideal testing ground for the pro-

posed methodology. Users repeatedly choose one out of a set of alternative locations. This

set is perfectly observed by the researcher and varies over time. The EV charging market

is highly policy-relevant as policy makers struggle with the question where to invest in addi-

tional charging capacity and how to create an optimal charging infrastructure. The proposed

methodology gives them more precise information about users’ true spatial preferences and

helps to classify existing stations into ‘sought-after’ and ‘overflow’ stations. This can serve as

an input to fine-tune the demand-driven approach in establishing new charging stations.

The results have also implications for lines of research that, for example, use scanner

data to estimate own and cross demand elasticities of consumption items (Nevo, 2000). As

items are more likely to run out of stock when on sale, one particular concern is that the

temporary price reductions that generate the price variation needed for demand estimation,

at the same jeopardize the validity of the no-stockout assumption. Hendel and Nevo (2006a,

2006b) have pointed out that temporary price reductions may invite consumers to stock-

pile and that ignoring this intertemporal substitution will overestimate own price elasticities

and underestimate cross-price elasticities to other products. This paper highlights an addi-

tional channel that may cause demand estimation based on temporary price reductions to

be biased: peaks in demand by stockpiling consumers increase the chances that the store

runs out-of-stock. In a sense this is the flip side of the bias described by Hendel and Nevo.

Ignoring out-of stock situations will underestimate own price elasticities and overestimate

cross-price elasticities to other products.

The paper shows that one way to avoid such mismeasurement is by incorporating infor-

mation on product availability into the statistical model. When this is infeasible because the

data do not contain information on product availability or because the set of items is too

large, I propose the following robustness check. Split the data into two subsets. The first

subset should contain all transactions made at times for which the researcher is sufficiently

convinced that the store is well-stocked (off-peak hours after restocking, product categories

without sales), the second subset should contain all other transactions. When both sam-

ples generate similar elasticity estimates, one can conclude that the impact of consumption

rivalry on estimates is apparently limited. When instead the estimates show important dif-

ferences, one needs to further investigate whether this is because of stock-outs or because

of heterogeneity between the groups of consumers that visit the store at different times.
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A Data set construction

The initial sample contains the full records of 154,856 charging sessions. Table A1 summa-

rizes the steps taken to arrive at the final sample that is used in the analysis.

In the cleaning process, all sessions lasting less than 90 seconds were discarded (2.1%

of the initial sample). These sessions most likely result from transaction errors. A further

three observations turned out to be duplicates. Finally, 14 observations (0.1%) were dropped

because they appear to originate from two erratic charge points.

Table A1: Cleaning Steps for Sample Construction

% share of full sample

Full sample 154,856

Reason for dropping observation:

Sessions shorter than 90 seconds (3,329) 2.15

Duplicate observations (3) 0.00

Charge point with 1 session (1) 0.00

Charge point with only 13 sessions in one-year period (13) 0.01

151,510

B Additional Tables

Table A2: Per annum fiscal addition tax per year for different CO2 emission categories

Year 2011 2012 2013 2014 2015 2016 2017 2018 2019

non-EV 14-25% 14-25% 14-25% 14-25% 14-25% 14-25% 22% 22% 22%
PHEV 14% 0% 0% 7% 7% 15% 22% 22% 22%
BEV≤e50,000 0% 0% 0% 4% 4% 4% 4% 4% 4%
BEV>e50,000 0% 0% 0% 0% 4% 4% 4% 4% 22%

Source: E-mobility: getting smart with data, p. 29 Table 1 (Van den Hoed et al., 2019).
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Table A3: Population characteristics in Amsterdam South Residential District, Amsterdam
and the Netherlands.

Amsterdam South Residential District City of Amsterdam The Netherlands
Apollobuurt Prinses Irenebuurt Stadionbuurt

Number of households (in ’000) 4.24 0.69 6.83 456.46 7,720.79
Household size 2.1 1.9 1.7 1.8 2.2
Income per person (ine’000) 78.2 67.9 39.3 34.2 31.0
Average house prices (ine’000) 729 524 298 253 209
Home ownership (in %) 52 75 18 30 56
Non-western (in %) 9.0 10.6 21.6 34.8 12.3

Paid parking locations 4027 1143 3393 149,324 -
Free parking locations 0 0 0 104,483 -
Satisfaction parking facilities‡ 7.1 7.9 6.8 6.2
Parking nuisance§ 7.2 8.3 7.1 6.6

Data from Statistics Netherlands, Kerncijfers wijken en buurten 2016 and the City of Amsterdam, Basisbestand Gebieden
Amsterdam (BBGA).
‡ Score at 10-point scale: 1 = largely insufficient; 10 = more than sufficient (year: 2017). § Score at 10-point scale: 1 = a lot of
nuisance; 10 = no nuisance (year: 2017).
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Table A4: Charging infrastructure over time.

2014 2015 2016 2017 2018
Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4

Charging stations 23 26 28 31 32 34 37 46 41 51 51 54 56 57 57 62 62 62 65 66
New stations 3 5 1 5 1 3 3 7 8 16 - 2 2 2 - 5 - - 3 1

Quit operation - - 1 - - - - 3 7 9 - - 1 - - - - - - 1
Charging locations 21 26 27 31 32 34 37 44 46 51 51 53 55 55 55 59 59 59 60 60
Connection time 35.9 39.1 34.5 37.7 45.3 50.6 49.0 77.8 95.5 100.3 95.0 112.2 119.4 119.5 110.3 126.7 127.7 121.7 110.8 138.8

Charging time 8.1 5.0 4.7 8.4 5.6 4.9 5.1 7.1 7.0 - - - - - - - - - - -
Occupancy rate 40.9 37.7 29.0 28.1 31.6 33.3 29.3 43.1 49.7 46.3 42.0 48.1 50.4 50.0 44.8 49.4 48.6 45.9 40.7 48.9
Effective use (%) 67.1 28.9 26.8 44.9 29.1 25.4 24.4 23.3 24.3 - - - - - - - - - - -

Total transactions 3.1 3.2 3.0 3.3 4.2 4.3 4.3 6.8 8.5 8.5 7.8 9.4 10.8 10.0 9.1 10.7 11.5 10.6 9.6 12.8
Regular users (%) 80.7 86.3 86.3 86.4 86.2 89.7 89.8 91.5 91.0 93.3 93.9 93.5 92.9 95.6 96.5 95.3 95.0 95.3 95.9 96.4
Car sharing (%) 19.3 13.7 13.6 13.1 13.7 9.8 9.2 7.7 8.5 6.3 5.4 5.9 6.6 3.9 3.2 4.3 4.4 3.1 3.3 3.1

Per station 136.2 122.6 107.6 106.1 131.3 126.4 116.9 148.0 167.4 166.1 152.6 173.2 192.5 175.4 160.1 172.4 186.1 170.5 148.2 193.5
Per day 34.4 35.0 33.1 36.1 46.2 47.2 47.5 74.8 93.8 93.1 85.5 102.8 118.5 109.9 100.3 117.5 126.8 116.2 105.8 140.3

Unique users 638 614 659 740 912 965 909 1346 1542 1628 1521 1876 2230 2018 1957 2309 2598 2304 2256 2859
Regular users (%) 61.4 63.8 67.0 67.3 66.6 74.7 73.6 79.3 78.6 83.0 84.4 87.2 89.9 91.6 91.3 90.4 91.5 92.2 92.7 94.3
Car sharing (%) 38.2 36.0 32.6 30.8 33.2 24.8 25.7 20.2 20.6 16.6 15.0 12.7 9.9 8.2 8.4 9.3 7.9 7.1 6.9 5.3

Per station 27.7 23.6 23.5 23.8 28.5 28.4 24.6 29.3 30.2 31.9 29.8 34.7 39.8 35.4 34.3 37.2 41.9 37.2 34.7 43.3
Per day 7.0 6.7 7.2 8.1 10.0 10.6 10.0 14.8 16.9 17.9 16.7 20.6 24.5 22.2 21.5 25.4 28.5 25.3 24.8 31.4

Notes. Each charging station is equipped with two sockets. The number of charging stations is determined based on transaction data. Hence, the sum of ‘new’ and ‘inactive’ stations does not
necessarily correspond to changes in the total number of charging stations. Differences may arise when a station that becomes inactive in a certain quarter is still active - and counted in total
charging stations - for at least one day within this quarter. Also, stations without transactions in a quarter do not show up in the number of charging stations. Connection time and charging
time are in thousands of hours and rounded off to the nearest integer. Charging time is based on the subset of transactions for which this information is available. The occupancy rate in this
table is based on the usage per ten-minute interval. Charging rate is charging time divided by connection time, for those transactions for which charging time information is also available.
Total transactions are in thousands and rounded off to the nearest integer. Transactions by other users (taxi’s and public transport buses) sum to less than 1.7 per cent of the total transactions,
and are therefore not displayed in the table. Transactions per day are per calender day.
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Table A4 shows quarterly charging descriptives from 2014-2018. Over time, the num-

ber of charging stations (and locations) has increased from 23 (21) in January 2014 to 66

(60) in December 2018.48 This increase in stations was paralleled by a tripling of the time

available for charging EVs. Over these five years, the number of electric charge transactions

has quadrupled, from over 3000 in the first quarter of 2014 to more than 12,700 in the last

quarter of 2018. The number of transactions per station has increased as well. The average

occupancy rate of 42 per cent shows that the stations are occupied for almost half of the

time. Unfortunately, the time spent actually charging the EV (instead of just parking) was no

longer recorded after March 2016, but it was steadily around 25 per cent in the last year of

recording. Hence, on average only a quarter of the time an EV is connected to the station is

actually used for charging.

The number of unique users of the EV charging infrastructure has quadrupled, to more

than 2,800 active users in the last quarter of 2018. Since 2015/Q4, more than 90 per cent

of the unique users are ‘regular’ users. Hence, the vast majority of the charge sessions are

completed by regular users. While the share of transactions completed by ‘car sharing’ com-

panies was almost 40 per cent in the beginning of 2014, this has rapidly decreased to an

almost negligible five per cent by the end of 2018.

48In total, 81 charging stations and 62 charging locations have been in operation during these five years.
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C Additional Figures
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Figure A1: Latent demand estimates different models for all locations [period: 2014-2018;
sample: frequent users.]

42



Figure A2: Supply-demand mismatch at location no. 1136 in percentage points deviation from observed occupancy [per day of
the week, Years: 2014-2018].
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Figure A3: Supply-demand mismatch location no. 4106 in percentage points deviation from observed occupancy [per day of
the week, Years: 2014-2018].
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Notes: Arrival (blue dots) and departures (red dots) per hour of the day.

Figure A4: Arrival and Departure Times [period: 2014-2018; sample: all users.]
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(a) Year: 2015 (b) Year: 2016

(c) Year: 2017 (d) Year: 2018

Figure A5: Observed and latent hourly demand for location no. 1136 in different years.

46



(a) Year: 2015 (b) Year: 2016

(c) Year: 2017 (d) Year: 2018

Figure A6: Observed and latent hourly demand for location no. 4106 in different years.
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Notes: Based on MNLaf model estimates. Left-axis: The light (dark) blue bars indicate per quarter-year the
additional two-way walking distance in kilometer due to consumption rivalry (the physical absence of charging
capacity). Right axis: The black line indicates how often a preferred station is unavailable. This is dissected into
unavailability due to occupancy (red dashed line) and unavailability due to the station not being operational
(gray line).

Figure A7: Percentage of time station of 1st choice is occupied or not operational.
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Notes: Based on MNLaf model estimates. Left-axis: The light (dark) blue bars indicate per quarter-year the additional two-way walking distance in
kilometer due to consumption rivalry (the physical absence of charging capacity). Right axis: The black line indicates how often a preferred station is
unavailable. This is dissected into unavailability due to occupancy (red dashed line) and unavailability due to the station not being operational (gray
line).

Figure A8: Estimated additional distance from preferred station to first available station [per hour of the day].
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Note: Based on MNLaf model estimates.

Figure A9: Estimated additional distance from preferred station to first available station [per day of the week across years].
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(a) Year 2015, noon (b) Year 2015, midnight

(c) Year 2017, noon (d) Year 2017, midnight

Note: Estimated demand based on MNLaf model estimates.

Figure A10: Occupancy rate differential (in percentage points) observed and estimated demand, public charging infrastructure
ASRD area (2014-2018).
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D Descriptive statistics per charge location

Table A5: Summary statistics on usage charging infrastructure ASRD [location level].

Connection Charge Usage

Days of operation time (in hours) time (in hours) (in kWh)

Location First date Final date no. sessions total mean mean mean

19 09/05/2014 31/12/2018 2423 20569 8.49 NaN 12.24

84 01/01/2014 04/01/2019 5217 64619 12.39 NaN 7.58

143 27/03/2014 31/12/2018 2647 23831 9.00 NaN 8.87

152 01/01/2014 28/10/2015 1354 13856 10.23 NaN 10.40

232 07/11/2014 02/01/2019 3230 42078 13.03 NaN 6.43

500 11/05/2015 01/01/2019 2596 29418 11.33 2.47 6.66

629 28/06/2014 30/12/2018 1898 27400 14.44 4.00 14.76

999 01/01/2014 01/01/2019 6949 56389 8.11 3.32 8.76

1015 01/01/2014 02/01/2019 2892 36978 12.79 NaN 15.79

1029 04/10/2014 31/12/2018 2555 37027 14.49 3.63 12.16

1136 13/05/2014 04/01/2019 3524 47621 13.51 2.60 9.34

1344 05/01/2014 31/12/2018 3590 21555 6.00 NaN 7.74

1379 24/06/2014 01/01/2019 3406 45991 13.50 2.20 5.26

1430 01/01/2014 29/12/2018 3237 42381 13.09 3.36 8.15

1584 01/01/2014 02/01/2019 4669 54105 11.59 NaN 10.61

1661 03/01/2014 02/01/2019 3422 56473 16.50 NaN 9.30

2140 02/01/2014 02/01/2019 4042 59319 14.68 NaN 7.50

2231 08/09/2014 31/12/2018 3550 25733 7.25 NaN 7.59

2465 05/01/2014 02/01/2019 1642 24524 14.94 NaN 8.13

2529 02/01/2014 01/01/2019 2709 27052 9.99 NaN 13.89

2735 08/12/2014 01/01/2019 2991 47043 15.73 NaN 7.05

2769 02/01/2014 30/12/2018 2607 25971 9.96 NaN 7.32

2772 03/01/2014 31/12/2018 2768 31452 11.36 2.83 11.41

2981 20/05/2015 01/01/2019 3397 35576 10.47 NaN 14.43

3173 25/04/2014 31/12/2018 2846 33813 11.88 3.24 9.46

3181 12/11/2014 01/01/2019 2203 28708 13.03 NaN 8.34

3182 02/01/2014 01/01/2019 3866 42340 10.95 3.34 9.88

3215 02/01/2014 30/12/2018 2596 33734 12.99 3.37 10.17

3415 01/01/2014 01/01/2019 3923 55686 14.19 NaN 8.97

3482 01/01/2014 29/12/2018 2566 32845 12.80 3.67 9.80

3602 01/01/2014 02/01/2019 2979 48308 16.22 4.57 13.86

3767 01/01/2014 27/12/2018 2865 30424 10.62 3.78 11.27

3787 23/01/2015 31/12/2018 2640 33063 12.52 NaN 5.95

3865 01/01/2014 31/12/2018 2903 24109 8.30 3.20 8.31

4098 21/08/2015 06/03/2017 1247 15184 12.18 NaN 10.10

Continued on next page
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Table A5 – Continued from previous page

Connection Charge Usage

Days of operation time (in hours) time (in hours) (in kWh)

Location First date Final date no. sessions total mean mean mean

4105 17/07/2015 31/12/2018 879 9279 10.56 NaN 7.91

4106 03/09/2015 04/01/2019 1796 24868 13.85 NaN 8.72

4590 23/11/2015 02/01/2019 1332 20044 15.05 NaN 9.27

4591 25/11/2015 30/11/2018 3140 10853 3.46 NaN 5.97

4596 23/06/2015 01/01/2019 2054 25778 12.55 NaN 7.62

4598 03/11/2015 01/01/2019 2189 21086 9.63 NaN 7.64

4888 20/11/2015 31/12/2018 1644 25254 15.36 NaN 17.19

5108 26/11/2015 29/12/2018 1610 10323 6.41 NaN 8.40

5109 30/04/2016 01/01/2019 1769 27016 15.27 NaN 7.58

5110 21/03/2016 02/01/2019 1736 29866 17.20 NaN 8.52

5111 26/01/2016 02/01/2019 2430 28984 11.93 NaN 6.77

5112 17/03/2016 02/01/2019 2605 27772 10.66 NaN 6.00

5113 08/04/2016 31/12/2018 1690 23554 13.94 NaN 7.17

5202 27/10/2014 01/01/2019 3400 35846 10.54 NaN 10.75

5791 22/05/2016 03/01/2019 1513 21386 14.13 NaN 12.79

5793 12/05/2016 31/12/2018 1536 21231 13.82 NaN 7.59

5853 11/05/2016 30/12/2018 1153 12679 11.00 NaN 7.23

6699 01/11/2016 01/01/2019 2155 20254 9.40 NaN 7.72

6700 02/11/2016 31/12/2018 2063 12010 5.82 NaN 8.59

6772 01/01/2017 31/12/2018 1264 9469 7.49 NaN 8.12

7011 15/02/2017 01/01/2019 997 11681 11.72 NaN 12.86

7409 31/05/2017 01/01/2019 984 14129 14.36 NaN 11.59

7746 31/10/2017 31/12/2018 1240 3022 2.44 NaN 6.06

7747 17/10/2017 01/01/2019 774 11189 14.46 NaN 15.48

8234 07/12/2017 31/12/2018 715 6765 9.46 NaN 12.68

8235 19/12/2017 31/12/2018 306 5525 18.06 NaN 16.29

9301 02/09/2018 31/12/2018 587 2579 4.39 NaN 6.65

Notes: Connection time is rounded off to the nearest integer.

E Charge sessions throughout the week

Table A6 shows that total connection time, which is the time that EVs are connected to the

charge station, is highest during work days and especially on Fridays.
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Table A6: Charge sessions detailed per day of the week.

Monday Tuesday Wednesday Thursday Friday Saturday Sunday Total
Transactions 22,443 23,388 23,690 23,316 22,251 17,986 18,436 151,510

Connection time 242,927 248,925 249,989 252,369 280,929 237,747 234,731 1,512,885
(in hours)

Note: Connection time is rounded off to the nearest integer.
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