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ABSTRACT

An increasing number of countries use auctions to allocate support for renewable energies. One major objective
of policymakers when designing auctions is support cost efficiency, i.e., achieving low awarded prices. Based on
a holistic database with auction outcomes from Europe covering the years 2012-2020, we conduct a fixed effects
panel data regression to assess the effects of several auction design elements on the awarded prices. According to
our results, policymakers aiming for low prices in renewable energy auctions should avoid restricting auctions to
small-scale projects, implement ceiling prices, and ensure high levels of competition. Multi-technology auctions
can also lead to higher efficiency, while quotas should be avoided. While PV tends to achieve lower prices in
auctions restricted to small-scale projects, onshore wind performs better in auctions open to large-scale projects.
Feed-in premia, multi-criteria auctions and allowing bidders to deviate from their awarded project capacity show
no significant impact. The introduction of financial prequalification requirements and the length of the real-
isation period should be chosen carefully, as their effects are interrelated. While our results for individual design
elements are largely in line with existing literature, we are able to produce new insights on the interdependencies

between various auction design elements.

1. Introduction

It is widely acknowledged that the share of renewable energy sources
(RES) in energy consumption needs to increase to mitigate the negative
effects on the global climate (e.g., European Commission, 2014b). One
major pillar in the struggle against the climate crisis is the European
Green Deal (Furopean Commission, 2019), which intends to decrease
carbon emissions to establish a carbon-neutral Europe by 2050 (Euro-
pean Commission, 2019). The Renewable Energy Directive (European
Parliament and European Council, 2018) sets an ambitious target of a
32% share of RES in the European Union’s (EU) gross final consumption
of energy in 2030. Although generation costs, i.e., levelised cost of
electricity (LCOE), for renewable technologies have decreased over the
last years (Akella et al., 2009; IRENA, 2021), there are still arguments in
favour of support mechanisms, e.g., ensuring a predictable investment
framework and tackling issues such as the cannibalisation effect of RES

(Held et al., 2019). In the EU, support levels and support recipients need
to be determined via a “competitive bidding process”, i.e., an auction
(European Commission, 2014b, 2022; European Parliament and Euro-
pean Council, 2018). Thus, it is not surprising that in the last decade
more and more auctions for RES support have been conducted in the EU.
A major objective for policymakers is hereby the static efficiency of
auctions (del Rio et al., 2015b). In this paper, we use the term “(static)
efficiency” in the sense of “support cost efficiency”, i.e., minimising the
support expenditures, which manifests in low awarded auction prices
(Ehrhart et al., 2019)." Another, similarly important objective is effec-
tiveness (del Rio et al., 2015b), i.e., deploying a certain amount of RES
and achieving a certain target. In auction-based project selection,
effectiveness also means achieving high realisation rates of awarded
capacity (Matthaus, 2020).

Parallel to a steadily growing amount of theoretic literature on RES
auctions (see Section 2), an increasing number of empirical literature
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analyses efficiency and effectiveness of RES auctions through country-
level case studies. Examples from Europe include, e.g., Germany (e.g.,
Tiedemann, 2015; Sach et al., 2019), Denmark (e.g., Kitzing and
Wendring, 2015; Gonzalez and Kitzing, 2019), Greece (e.g., Anatolitis,
2020), the UK (e.g., Fitch-Roy and Woodman, 2016; Woodman and
Fitch-Roy, 2019), or the Netherlands (e.g., Noothout and Winkel, 2016;
Jakob et al., 2019). Outside of Europe, e.g., auctions in Canada (Menzies
and Marquardt, 2019), Brazil (Bayer, 2018; Bayer et al., 2018), and
Argentina (Menzies et al., 2019) have been analysed.

Furthermore, a whole strand of literature examines RES auction
design with agent-based modelling (e.g., Anatolitis and Welisch, 2017;
Welisch, 2018, 2019; Lundberg, 2019). They simulate bidding behav-
iour to examine the impact of different design elements on auction
outcomes, e.g., in the German solar photovoltaic (PV) auctions (Welisch
and Kreiss, 2019).

Several articles conduct an empirical cross-country assessment of
auctions. Shrimali et al. (2016) analyse 20 auctions from India and
elsewhere to test effects of auction design on effectiveness, and to derive
knowledge to design India’s auctions for RES support accordingly. They
find that auctions are almost always more efficient, in the sense of
reducing support levels, compared to administratively-set feed-in-tariffs.
Winkler et al. (2018) empirically compare the effectiveness and effi-
ciency of RES auctions in five countries to non-auction based support
schemes. They conclude that auctions can have an impact on both
effectiveness and efficiency, although not as a general trend. In a similar
vein, Bayer et al. (2018) conduct a comparative assessment of auction
outcomes in Brazil, France, Italy and South Africa from the years
2009-2015.

Quintana-Rojo et al. (2020) point out that econometric literature
looking deeper into effectiveness and efficiency of auctions is still
lacking. While some articles employ econometric techniques to assess
the impact of support schemes on effectiveness, they usually include
auctions merely as an explanatory variable. For instance, Kilinc-Ata
(2016) who employs a fixed effects panel regression with data from the
EU and the US, finds that auctions as a policy instrument have a sig-
nificant effect on RES deployment. Another example is Bersalli et al.
(2020), who examine a similar question and come to the same conclu-
sion by conducting a panel data analysis using data from Europe and
Latin America.

In contrast, to the best of our knowledge, only a few articles employ
econometric techniques to assess the effects of RES auction design on
auction outcomes. Cassetta et al. (2017) analyse the Italian auctions for
onshore wind between 2012 and 2016 using standard ordinary least
squares (OLS) regressions. Their results show that auction design fac-
tors, more specifically the induced competition and the age of envi-
ronmental permits, have a significant decreasing effect on the awarded
prices. Batz Lineiro and Miisgens (2021) investigate the solar PV auc-
tions in Germany, in particular with regard to efficiency, effectiveness,
as well as actor diversity. Probst et al. (2020) econometrically investi-
gate the effect of local content requirements (LCRs) on awarded prices in
solar PV auctions in India. Using an OLS and Heckman regression model,
they were able to show that LCRs increase the awarded prices signifi-
cantly. Another example is the paper of Matthaus (2020), which is
closest to our work. Using a Tobit regression model, he statistically
analyses results from RES auctions based on a dataset of 94 auctions
from 42 countries worldwide between 1990 and 2017. Nevertheless, the
focus of his work is on the effects of certain auction design elements on
effectiveness, i.e., the awarded projects’ realisation rates, thus not
including the awarded prices in his analysis. While Matthaus (2020)
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finds strong, positive effects for prequalification criteria and penalties on
the realisation rates, he could not find statistical significance for tech-
nology banding and the pricing rule.

Our work adds to this literature substantially by investigating the
effects of specific auction design elements on awarded prices using
econometric methods and taking into account 220 auction rounds from
16 European countries. First, based on existing literature, we identify
the design elements that should have an impact on support cost effi-
ciency, i.e, the objective that an auction results in low awarded prices
(Ehrhart et al., 2019), and their actual effects on the prices. We then
statistically test these theoretical predictions with a panel data regres-
sion. To overcome the issue of “differences in auction prices between
countries [being] attributable to a multitude of factors” (Bayer et al.,
2018), we include country and time fixed effects, as suggested in Win-
kler et al. (2018). Our statistical findings are an important contribution
for policymakers aiming to design auctions for optimal results in terms
of support cost efficiency. Furthermore, we include interaction terms for
different design elements, which is only slightly touched upon in
Matthaus (2020) (and only with regard to effectiveness) and to our
knowledge not used in other econometric papers analysing RES support
mechanisms.

The rest of the paper is structured as follows. Section 2 analyses
design elements important for a panel regression by a vigorous literature
review. Section 3 gives an overview of our dataset, while Section 4 in-
troduces our model and methodology. In Section 5 we present and
discuss our results. Finally, in Section 6, we conclude with our policy
recommendations.

2. Theoretical considerations of auction design elements

An auction is a complex mechanism to allocate supply and demand.
Auctions for RES support can be designed in many different ways with
manifold design elements. Results of those auctions include prices,
awarded bidders, and realisation rates, to only name a few. Not all re-
sults of an auction are equally important to the auctioneer, who in most
cases is a government or an auction-conducting authority. In most
auctions for RES support, the effects measured are efficiency and
effectiveness (see Section 1). In this paper we focus on efficiency, as
many European countries have not (yet) disclosed the realisation rates of
their projects. In this context, an efficient auction leads to the lowest
average awarded prices (e.g., Maskin et al., 2001) compared to other
possible auction outcomes. Some design elements in theory do not in-
fluence auction results, while any variation of others can have manifold
effects (Hochberg and Poudineh, 2018; Kreiss et al., 2017b). We there-
fore analyse the literature on RES auctions to identify the elements
assumed to be important for an econometric analysis on auction prices.

The first decision, which is independent of the choice for an auction
as the mechanism to determine award, is the number of projects the
auctioneer wants to support. The auction volume thus determines the size
of an auction, since in larger auctions the competition level decreases
and more (and also more expensive) projects are awarded. Standard
economic theory (e.g., Mankiw, 2020) as well as RES related literature
(e.g., del Rio and Linares, 2014; Shrimali et al., 2016; Gephart et al.,
2017) predict higher prices for those auctions since they are more likely
to have lower levels of competition. Similarly, an auctioneer can decide
on the maximum project size to participate in the auction, which has an
impact on awarded prices (Haelg, 2020; Alvarez and del Rio, 2022).
IRENA (2017) argue that favouring/limiting auctions to small-scale
projects can impede economies of scale, which leads to higher awar-
ded prices. Thus, opening the auction for more (large-scale) projects by
increasing the maximum project size can have a decreasing effect on
auction prices, either via lower generation costs (economies of scale) or
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through a higher level of competition (IRENA and CEM, 2015; del Rio
et al., 2015a).”

Also, the way how bidders are remunerated is central for an auction
for RES support. Before the use of auctions, remuneration/support levels
were set by regulatory authorities (IRENA, 2013), but still could be paid
out in different forms. The most common (generation-based) remuner-
ation schemes are the feed-in-tariff (FIT), the one-sided sliding
feed-in-premium (FIP) and the two-sided sliding feed-in premium,
which is also called Contract for Difference (CfD) (del Rio et al., 2015a).>
In a FIT-scheme, the bidder receives a fixed amount of money per kWh
from the regulator/government, but without the possibility to sell the
electricity on the market, i.e., they do not receive any additional reve-
nues apart from the FIT payments (Gawel and Purkus, 2013). In
contrast, generators under premium schemes (FIP and CfD) are obli-
gated to sell the generated electricity on the market and receive a sup-
port payment on top. This premium equals the difference between a
certain strike price (in our case, the awarded bid price) and the elec-
tricity market revenue (Gawel and Purkus, 2013). In case the electricity
market revenues are lower than the awarded price, the premia of a FIP
and a CfD do not differ. In case the electricity market revenues surpass
the awarded price, generators can retain these additional revenues
under a FIP, while under a CfD, generators need to transfer the addi-
tional revenue to the government. Typically, policymakers introduce a
certain proxy for the electricity market revenue, namely the reference
market value, which is usually the average electricity market price of a
technology in a certain time period (Anatolitis and Klobasa, 2019). Due
to the marketing obligation, the premium-based schemes entail two
additional risks compared to the FIT, namely the (electricity market)
price and balancing risks. A higher risk usually translates to higher cost
of capital and thus to higher LCOE. Hence, we can state that a FIT leads
to the lowest LCOE, while the LCOE under a FIP are at least as high as
under a CfD. Based on this relation, we can derive a first indication of the
submitted bid prices. In a competitive auction, we can assume bidders to
submit their LCOE under a FIT-scheme. In contrast, if average market
values are expected to be higher than the LCOE, bidders under a FIP
have the incentive to bid below their LCOE, even down to zero (see, e.g.,
Kreiss et al., 2017a; Neuhoff et al., 2018). Under the same conditions,
bidders under a CfD will submit a price somewhere between their LCOE
and the expected market value. Thus, expecting sufficiently high market
values, we expect to observe the lowest bids under a FIP, then FIT, then
CfD (Neuhoff et al., 2018). In case of low expected market values in the
future, we presume bids to be lowest under a FIT, while CfD and FIP to
result in the same bid prices. Thus, it becomes clear that the exact
relation between bid prices under these three schemes is highly
dependent on expectations on future market values.

Closely related to the remuneration scheme is the support duration, i.
e., the time period during which an awarded bidder is entitled to the
support payments. A longer support duration can lead to lower awarded
prices due to lower financing costs (del Rio and Linares, 2014), and the
spread of the necessary total support sum over a longer period of time. In
a CfD scheme with a high level of competition and expected high market
values, a shorter support duration can lead to lower awarded prices.
After the end of the support duration, bidders can retain the additional
market revenues, which would have to be transferred to the govern-
ment. These revenues are then factored in when calculating their bid.

2 A higher maximum project size can lead to more large-scale projects win-
ning in the auctions, and fewer awarded small-scale projects, which can
discourage smaller bidders from participating in future auctions. Thus, in the
mid-to long-term, competition might suffer and thus awarded prices might in-
crease. Nevertheless, in this study, we focus on the short-term effects of the
maximum project size, which is why we expect to observe lower awarded prices
with a higher maximum project size.

3 Due to comparability issues, we do not consider the fixed FIP and the in-
vestment grant in our study.
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In a typical auction for RES support, bidders submit a combination of
price and a certain volume as their bid (del Rio et al., 2015a). Auc-
tioneers can set a maximum price, the ceiling price, which defines the
maximum acceptable bid. The ceiling price can thus prevent excessive
bids in case of low competition and can thus ensure low awarded prices
(del Rio, 2017). The auctioneer then determines awarded bidders ac-
cording to an a-priori announced set of rules. In multi-criteria auctions,
the award criterion is usually a combination of prices and other com-
ponents like local content, environmental compatibility, etc., which are
then weighted by the auctioneer (GIZ, 2015). More award criteria lower
the relative influence of bid price, thus giving bidders with higher bid
prices a chance of being awarded (e.g., IRENA and CEM, 2015; Wigand
et al.,, 2016; del Rio, 2016; Mora et al., 2017b). Hence, this design
element is expected to lead to higher auction prices compared to a pri-
ce-only award criterion (e.g., GIZ, 2015; del Rio, 2017).

Also, for some single large projects, e.g., offshore wind farms, it can
be sensible to conduct single-unit auctions (Haufe and Ehrhart, 2016;
Hochberg and Poudineh, 2018), i.e., an auction where only one
pre-developed project is awarded. Compared to this, multi-unit auctions
usually include both small- and large-scale projects (Haufe and Ehrhart,
2016; Hochberg and Poudineh, 2018), and thus, multi-unit auctions can
lead to higher prices (del Rio, 2017).

Another decision the auctioneer has to make is on the auction type, i.
e., the way bidders submit their bids. There are two types of auctions:
static and dynamic auctions (Haufe and Ehrhart, 2018). In static auc-
tions, bidders submit one sealed-bid without knowledge of other com-
petitors’ bids while in dynamic auctions bidders have the chance to
learn other bidders’ behaviour and adapt their bids in the course of the
auction (Haufe and Ehrhart, 2018). Standard auction theory predicts the
same revenues for both auction types (under certain assumptions)
(Weber, 1983; Krishna, 2009). Still, experiments have shown that this is
not always the case in real-world applications, amongst others due to
bidders’ risk assessments (Kagel, 1990).

Not only how technologies are auctioned is important, but also
whether there is direct competition between the technologies or not. We
distinguish between multi-technology and technology-specific auctions.
While multi-technology auctions, i.e., auctions with more than one
technology competing, can help to award projects with the lowest costs,
and thus can lead to lower awarded prices (Kreiss et al., 2021; IRENA
and CEM, 2015; GIZ, 2015), technology-specific auctions can help to
promote immature technologies (del Rio and Linares, 2014) and create a
diversified technology mix (IRENA, 2013).

Also, the question which technology results in lower awarded prices
has not been fully answered yet. While not a design element in the
traditional sense, policymakers face the decision which technologies to
support and thus to allow to participate in the auctions. The existing
empirical literature focuses mostly on the technologies’ LCOE (e.g.,
IRENA, 2021; Lazard, 2021; Timilsina, 2021) or investigates the awar-
ded auction prices of only one technology, e.g., onshore wind (Cassetta
et al., 2017; Grashof et al., 2020) or PV (Batz Lineiro and Miisgens,
2021). Although recent publications show the LCOE of onshore wind
and (utility-scale) solar PV to be in a similar range (IRENA, 2021; Laz-
ard, 2021; Timilsina, 2021), it is not clear whether this holds automat-
ically for awarded prices, as well. LCOE can be assumed to have an
impact on bid prices, yet, especially under premium-based remuneration
schemes (CfD and FIP), awarded prices depend strongly on the expected
market revenues and thus on the technologies’ production profiles. In
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addition, auction-related conditions, such as the (expected) level of
competition can influence bid prices. For instance, Timilsina (2021)
observes a disconnect between record-low awarded prices and LCOE in
non-European solar PV auctions, which she explains by potential direct
and implicit forms of subsidies. Due to these influences, no clear pre-
diction with regard to awarded prices of the two technologies can be
made based on the existing literature on LCOE.

To participate in the auction, bidders often have to fulfill certain
prequalification criteria (Haufe and Ehrhart, 2018). These can roughly be
divided into two categories: financial prequalifications, e.g., payments
to ensure financial liquidity, mostly in the form of bid bonds, and ma-
terial prequalifications, e.g., building permits to ensure seriousness of
bids (del Rio et al., 2015a). The literature here is not totally aligned in its
predictions regarding effects of prequalifications on efficiency. Since
bidders have to pay to fulfill the requirements, participation in the
auction is costly for bidders. Kreiss et al. (2017b) and Kruger and
Eberhard (2018) argue, that these costs lead to higher bids, resulting in
higher prices. On the other hand, standard economic theory suggests
that sunk costs should not be included in the bid after their occurrence
(e.g., Menezes and Monteiro, 2000). Thus, bid prices could decrease as
well, since (material) prequalifications reduce uncertainty regarding
future costs (Shrimali et al., 2016; Kreiss et al., 2017b).*

Closely related to financial prequalifications, penalties are often
introduced to increase incentives for a punctual contract fulfillment, as
they accrue when a project is delayed or not realised (e.g., Held et al.,
2014; GIZ, 2015). This can either be a payment to the auctioneer or
other punishments like exclusion from future auctions (GIZ, 2015).
Thus, penalties increase bidders’ risk and lead to higher prices (e.g., del
Rio and Linares, 2014; IRENA, 2017; Mora et al., 2017a; Gephart et al.,
2017; Hochberg and Poudineh, 2018). On the other hand, they also
ensure more serious bids, excluding too inexperienced bidders (USAID,
2020).

Since for penalties it is important to determine the project deadline,
i.e., how long the developer has time to install the project, the different
realisation periods of an auction are included in the analysis. For bidders,
a longer realisation period is favourable since they face lower risks of
delays as well as possibly decreasing technology costs (Dobrotkova
et al., 2018). This can lead to lower bids (IRENA and CEM, 2015;
Hochberg and Poudineh, 2018). From an auctioneer’s point of view, a
timely fulfillment of contract is desirable to reach expansion targets.
Still, a too short period may lead to higher prices due to increased bid-
ding risk as well as sunk costs (e.g., Gephart et al., 2017; del Rio and
Linares, 2014).

Flexibility measures are introduced in auctions to give bidders the
possibility to slightly change their awarded volume (IRENA and CEM,
2015), i.e., within certain boundaries the bidders can change their
project’s installed capacity after being awarded. This decreases the risk
stemming from uncertainties regarding, e.g., future technology costs.
Since reduced risk for bidders has a decreasing effect on prices in general
auction theory (e.g., Krishna, 2009), its effect will be tested in this paper.

The last auction design element included in this analysis is quota.
Quotas are often used in multi-technology auctions to ensure a
maximum or minimum award capacity for one technology, or in
technology-specific auctions to limit regional disparities (e.g., Kreiss
etal., 2017b; del Rio et al., 2015a). Quotas can lead to higher prices due
to the award of projects with higher costs, but are from a technology or
region where the quota is not yet fulfilled (Sach et al., 2019). Still, under
certain conditions, overall auction payments for the auctioneer can also
be reduced through quotas (Kreiss et al., 2021).

4 For these theoretical considerations, a moderate level of prequalification is
assumed as proposed in Del Rio et al. (2015a). Too high prequalifications are
excluding a large number of potential bidders, leading to lower levels of
competition, and thus, higher auction prices in the long term.
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Fig. 1. Overview of auctions in the dataset. Observations are presented per
technology and auction date. Source: Own illustration based on AURES
11 (2020)

Table 1
Descriptive statistics of final sample.

Obs. Mean St. dev. Median Min Max
Dependent variable
Avg price 250 83.83 35.96 72.29 20.3 229
In_price 250 4.35 0.38 4.28 3.01 5.43
Control variables
RES_share 250 0.26 0.1 0.23 0.08 0.54
Competition 250 0.78 0.42 1 0 1
Design variables
Multi-technology 250 0.32 0.47 0 0 1
Technology_PV 250 0.7 0.46 1 0 1
Project_small 250 0.2 0.4 0 0 1
Ceiling 250 0.95 0.22 1 0 1
Fin_prequalification 250 0.75 0.44 1 0 1
Multi-criteria 250 0.36 0.48 0 0 1
Quota 250 0.1 0.3 0 0 1
Remuneration(=CfD) 250 0.41 0.2 0 0 1
Remuneration(=FIP) 250 0.43 0.78 0 0 1
Remuneration(=FIT) 250 0.42 0.75 0 0 1
Realisation 250 26.07 8.71 24 6 48
Flexibility 250 0.65 0.48 1 0 1

3. Data

The main data source for our analysis is the AURES II Auction
Database (AURES II, 2020), which consists of data on auction design and
auction outcomes from all EU member states and the UK. The database
consists of 408 auction rounds yielding 713 observations® from 20
countries and covering the years 2011-2020. Of those, only 373 auc-
tions (643 observations) were concluded with the remaining being
either cancelled, planned, or still ongoing and thus not useable for our
analysis. Then, we deleted all observations without information on the
awarded price. Furthermore, we kept only the observations that

> One auction round can have several observations. This stems from the fact
that some auctions are multi-technology auctions, i.e., more than one tech-
nology competes for the support. To provide as much information as possible in
the database, the researchers decided to split up multi-technology auctions into
several observations, one for each technology involved.
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Fig. 2. Awarded prices in RES auctions. This figure presents the average
awarded price in each observation broken down by technology. The continuous
and dotted lines represent the linear trend of average awarded prices for
onshore wind and PV, respectively. Source: Own illustration based on AURES
I (2020).

included either PV or onshore wind and excluded auction rounds that
had fixed FIP and investment grant as remuneration schemes,” trimming
the dataset to 259 observations. As we only use observations that are
complete concerning the variables in focus, our final sample consists of
250 observations from 220 auctions that have taken place in 16 coun-
tries from 2012 to 2020.

The auction data is highly unbalanced, which is due to the fact that
the number of auctions held and their time frame differ between coun-
tries. This is illustrated in Fig. 1 which shows for each country in which
years and for which technologies auctions were conducted.

To provide a deeper understanding of the data used in the analysis,
the following subsection includes a short description of the used vari-
ables, while summary statistics of the variables are presented in Table 1.

3.1. Dependent variable: average awarded price

Our dependent variable is the logarithmic transformation of the
nominal average awarded price of each auction round, which is
expressed in €/MWh.”

Regarding the variable of interest, the average awarded price, the
average over all observations is 78.0 €/MWh. The lowest price in a single
auction round was achieved in Portugal in 2019 for PV, where bidders
were awarded on average 20.3 €/MWh, while the highest price in our
dataset is 168.3 €/MWh from a French PV auction in 2013. Fig. 2 vi-
sualises the development of the average awarded price over the years
distinguished by technology. Here, it is evident that the prices decline
steadily over the years (compare IRENA, 2021).

3.2. Explanatory variables: auction design elements

Furthermore, we present the list of explanatory design elements
derived from the literature in Section 2.

The auction design variables can be distinguished between contin-
uous and dummy variables. Realisation is continuous and captures the

© This was due to the fact that fixed FIP and investment grant are not directly
comparable to the major remuneration schemes of sliding FIP, CfD, and FIT.
Furthermore, in our dataset only 5 observations had investment grant and only
11 observations had fixed FIP as their remuneration scheme.

7 More information on the exchange rates used to calculate the awarded
prices in countries not using as currency can be found in AURES II (2020).
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time period in months, which bidders have to complete their projects
without accruing a penalty payment or losing their award/support. In
case the penalties in a country occur step-wise, we chose the shortest
penalty-free period for our analysis.

The first dummy variable of our model, Technology PV indicates
whether the technology in the auction round/observation was PV (=1)
or onshore wind (=0). Project small takes the value 1 if the maximum
allowed project size in the auction is up to 1 MW, a threshold value
introduced e.g., in the recent auctions in Italy (AURES II, 2020). This
allows only small-scale projects to participate. The value 0 occurs if the
maximum size is above 1 MW® or non-defined. Ceiling takes the value 1 if
a ceiling price is in place in the auction round, and 0 otherwise. Simi-
larly, Fin prequalification takes the value 1 if either a bid bond or a
performance bond (or both) is required as financial prequalification to
participate in the auction. Multi-criteria becomes 1 if not only the price is
taken into account in the award procedure, but rather a multitude of
criteria, such as the project design or the age of the building permit.
Quota becomes 1 if any sort of quota is implemented in the auction, such
as a maximum restriction for a specific technology or for projects in a
certain region. Flexibility indicates that the auction rules allow bidders to
deviate from their awarded project capacity, which in our dataset ranges
between —30% and +25% of the awarded capacity. For simplification
purposes, we define Flexibility as a dummy variable, which takes the
value 1 when this option is in place, and 0 otherwise. Remuneration can
have three expressions: the support can be paid out as a CfD (the base-
line), as a sliding FIP or as a FIT. The variable Multi-technology takes the
value 1 if more than one technology competes in the auction, in contrast
to a technology-specific one (value of 0).

Six potential explanatory variables that were mentioned in Section 2
could not be included in the analysis, mainly due to a lack of variability
in each country. As Wooldridge (2010) states, “time-constant explana-
tory variables” cannot be included in a fixed effects panel regression,
while it is sufficient that an explanatory variable “varies over time for
some cross-section units” (countries in our analysis). This is the case for
auction type, as countries in our sample stick either to static or dynamic
auctions throughout the entire observed period. Similarly, countries
either choose to demand material prequalifications or not.” Furthermore,
we faced the same challenge with penalties, multi-unit auctions, and
support duration.

Although we have sufficient data and variability for the auction vol-
ume, we omitted the variable due to a lack of comparability: three kinds
of auction products are found in the dataset (capacity, electricity, and
budget) that describe the auction volume, thus a comparison between
the different auction volumes is rather difficult.

3.3. Control variables

We decided to include the share of renewables (RES share) in the
electricity system as a control variable, as it has been shown that
experience in the deployment of RES reduces the projects’ LCOE and
thus potentially the awarded prices (Egli et al., 2018). The control
variable is measured per country and year and is obtained from Euro-
stat’s SHARES 2019 summary results data (Eurostat, 2020). Eurostat
reports the RES shares as the proportion of electricity generated from

8 We chose this threshold, as according to European Commission (2014b), all
support to RES projects above 1 MW needs to be allocated via auctions. It
should be noted that this threshold applies to all RES technologies except
onshore wind energy, where the threshold is at 6 MW or 6 generation units
(European Commission, 2014b). Nevertheless, we decided to assign the
threshold for 1 MW for onshore wind as well, as in our dataset the next highest
maximum size for onshore wind projects after 1 MW was at 10 MW.

9 Spain is an exception to this, but the relevant three auction rounds were not
included in the analysis, since investment grant was used as the remuneration
scheme.
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renewable sources compared to the total electricity generation in a
country. As Eurostat (2020) provides only values up to 2019, we pro-
jected the RES shares for 2020 using the growth rates from the years
2018 and 2019.

Furthermore, we control for the level of competition in each auction
round, as literature regards it as one of the main determinants of
awarded prices in auctions (e.g., IRENA and CEM, 2015; Mora et al.,
2017a; Winkler et al., 2018; Gephart et al., 2017; Haufe and Ehrhart,
2018). Competition thus indicates whether there was a sufficient level of
competition in the auction, taking the value 1 if the auction was over-
subscribed, i.e., the ratio of submitted and auctioned capacity was above
1, while turning 0 if the auction was undersubscribed'’.

4. Methodology
4.1. Model selection

In our study, we employ a panel data regression model to study the
impact of various design elements on the auctions’ efficiency. As already
stated, we consider the support cost efficiency, i.e., the achievement of
low awarded prices (Ehrhart et al., 2019). In our model setting, we can
assume that the unobserved individual-specific effects, such as the
overall energy policy framework, to be correlated with our predictors, i.
e., the implemented auction design elements. Thus, we decided to esti-
mate a fixed instead of a random effects model, specifically on the
country level to control for those unobserved effects. We use the country
fixed effects to control for time-invariant differences between countries,
e.g., weather conditions. Additionally, the result of the pFtest (Croissant
and Millo, 2008) supports our decision to use a country fixed effects
compared to a pooled OLS model with a 1% significance level.

To quantify the effect of the design elements on the auctions’ effi-
ciency and thus, the auction prices, we estimate the following multi-
variate model:

Dict = PXier + ¥Ciet + A + €icy (@)

Here, pj.: represents the average awarded price in an observation i in
country c in the year t, which is our dependent variable. We apply a
logarithmic transformation to our dependent variable to allow the
interpretation of our results as a percentage change of prices. Further-
more, the transformation helps normalising the residuals of the model,
which would alternatively show a positive skew. X;.; represents a vector
of independent variables consisting of the investigated auction design
elements, while f is the vector of their coefficients. The vector Cj in-
cludes country and year-specific control variables, while y captures their
effects on the awarded prices. The variable «, is the intercept that cap-
tures the time-invariant fixed effects on country level. Variable ¢; is the
error term of our model.

RES technology costs decreased over the years and for all countries
alike (JRENA, 2021). In addition, there are other factors common in all
countries that can have an effect on awarded prices, e.g., financial
shocks. Thus, to account for those unobserved time-varying variables,
we include time fixed effects in our model (Wooldridge, 2010)."!
Accordingly, our baseline model (1) is extended as follows:

Diet = PXier + 7Ciet + Qe + Tt + €3y 2

To account for the time fixed effects, we thus include the variable t
which represents the respective auction’s year, while 7 captures the
time’s effect on the prices.

10 In case the submitted and auctioned capacity were not published, the re-
searchers used submitted and auctioned electricity or budget to calculate the
level of competition.

1 Our choice was supported by the pFtest (Croissant and Millo, 2008) at a 1%
significance level. The pFtest compares our country fixed effects model with a
model including both country and time fixed effects.
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Table 2
Results of regression models.
Dependent variable:
In_price
(€)] 2) 3
Year —0.104%=* —0.089%**
(0.038) (0.032)
RES_share —3.109%** 1.588 1.152
(0.845) (1.650) (1.504)
Competition —0.045 —0.085%* —0.115%**
(0.038) (0.040) (0.034)
Multi-technology —0.005 —0.023 —-0.118*
(0.053) (0.064) (0.065)
Technology_PV —0.006 0.012 0.116**
(0.094) (0.099) (0.050)
Project_small 0.025 0.176** 0.442%**
(0.160) (0.080) (0.066)
Ceiling —0.328%** —0.137%* —0.195%**
(0.039) (0.063) (0.056)
Fin_prequalification —0.049 —0.037%* —0.305%**
(0.042) (0.017) (0.083)
Multi-criteria 0.139 0.128 0.046
(0.151) (0.105) (0.059)
Quota 0.084 0.041 0.079*
(0.079) (0.084) (0.041)
Remuneration_FIP 0.108 —0.236 —0.140
(0.211) (0.220) (0.156)
Remuneration_FIT 0.365%** 0.130 0.219%**
(0.074) (0.082) (0.073)
Realisation —0.005 —0.003 —0.008***
(0.005) (0.004) (0.003)
Flexibility —0.097%** —0.055 —0.053
(0.021) (0.061) (0.069)
Multi-technology:Project_small 0.264%**
(0.084)
Technology_PV:Project_small —0.388***
(0.059)
Fin_prequalification:Realisation 0.012%**
(0.004)
Country FE Yes Yes Yes
Time Fe No Yes Yes
Observations 250 250 250
Adjusted R? 0.531 0.620 0.677

Note:
*p<0.1; **p<0.05; ***p<0.01.

We conducted several tests with both models to check for multi-
collinearity, heteroskedasticity and correlation that might bias the
inference of our results.

First, we used the variance inflation factor (VIF) which indicated the
absence of multicollinearity in our models.'?

Next, we used the Breusch-Pagan (Breusch and Pagan, 1979) test to
check for heteroskedasticity. As the test rejected the null hypothesis
(p<0.01), we concluded that there is heteroskedasticity in our data. To
test for serial correlation, we followed Wooldridge (2010). Again, the
null hypothesis was rejected (p<0.01), which indicated that there is
serial correlation in our data. Consequently, we employ standard errors
clustered at country level, which are robust to the presence of hetero-
skedasticity and serial correlation using Arellano’s method (White,
1980; Arellano, 1987).

12 please note that due to some explanatory variables having more than one

degree of freedom, we apply the generalised VIF approach (Fox and Monette,
1992; Fox and Weisberg, 2019). As none of the squares of GVIF*/?# surpasses
the VIF rule of thumb threshold of 10 (better 5), the GVIF approach indicates
that multicollinearity is not an issue in our models (O brien, 2007).
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4.2. Technical model implementation

We estimate the models in equations (1) and (2) using a linear panel
model. All computations were done in R version 4.0.3 (R Core Team,
2020), while we used the following packages for our calculations and
tests: “plm” for the panel data regression, the test for serial correlation in
panel models, the test for individual and/or time effects in our model
(Croissant and Millo, 2008) and the robust standard error estimation
(Millo, 2017), “Imtest” for the Breush-Pagan test for heteroskedasticity
(Zeileis and Hothorn, 2002), and “car” to test for multicollinearity (Fox
and Weisberg, 2019). For visualisation purposes, we used the packages
“stargazer” (Hlavac, 2018), “ggplot2” (Wickham et al., 2016), as well as
Excel 2016.

5. Results and discussion
5.1. General results

In this section, we test whether the predictions from the literature
(Section 2) hold for our empirical data. Our baseline model (Model 1)
concentrates on the variables we have identified in Section 2 and
mentioned in Section 4.1 excluding those with data constraints.
Furthermore, we expand our baseline model by including time fixed
effects (Model 2) on a yearly basis. Lastly, since we expect the effects of
some of the variables to be dependent on each other, we decided to
include several (multiplicative) interaction terms to account for this
interdependence (Model 3). The results of our models are summarised in
Table 2.

In terms of model quality, the baseline model can already explain a
fair amount of variation with an adjusted R? of 0.531. Introducing the
time fixed effects increases the adjusted R? to 0.620, while our inter-
action model achieves the highest adjusted R? of 0.677.

A first observation is that Year, our proxy for the time fixed effects,
shows a negative and significant effect in Model 2 and 3. This shows that
time-varying effects lead to decreasing awarded prices across countries
in our model.*

5.1.1. Control variables

Our control variable RES share has a negative effect on the prices,
although the effect is only significant in the first model. By including
time fixed effects, the effect becomes insignificant.

Competition, which theory predicts to be the main driver of the
awarded prices, indeed shows a negative effect in all three models, yet
only significant when time fixed effects are introduced, i.e., in Model 2
and 3. Thus, an oversubscribed auction leads to lower prices compared
to the case where not enough bidders participate.

5.1.2. Explanatory variables

The main objective of our analysis is to identify the effects of auction
design elements on the support cost efficiency of RES auctions. We first
present the results of the stand-alone variables and then we continue
with the variables included in interaction terms.

Implementing a ceiling price decreases the awarded prices, as Ceiling
has a significant negative effect in all three models. In contrast, intro-
ducing award criteria in the auction procedure besides the bid price
(Multi-criteria) has no significant effect in any model. Although Quota
has an increasing effect on prices in all three models (as expected), the
effect is only significant in Model 3. Regarding the Remuneration scheme,
a FIP seems to have no significant effect compared to a CfD. The FIT
tends to increase the awarded prices compared to a CfD significantly

13 Tt should be noted that we can only state that awarded prices are decreasing
(significantly) over the years, but we cannot state which of the potential rea-
sons, e.g., the globally decreasing technology costs (IRENA, 2021), is the main
driver.
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(except in Model 2). Giving bidders the Flexibility to deviate from their
awarded bids in terms of their projects’ capacity, leads to lower prices in
auctions, although only significantly in Model 1. Since no significance
can be shown after the introduction of time fixed effects, those time fixed
effects might already capture the effect of Flexibility.

Our first variable that is included in an interaction term is Multi-
technology. Without including the interaction term in the model,
implementing multi-technology auctions has a negative, yet insignifi-
cant effect. Nevertheless, as we expect that multi-technology auctions
are usually only applied to large-scale projects, whose project de-
velopers are typically professionals and can deal with this increased
inter-technology competition, we include the interaction term of Multi-
technology and Project small in Model 3. Here, the coefficient of Multi-
technology remains negative and becomes significant, with the interac-
tion term having a significant and positive effect. Thus, we can conclude
that the introduction of multi-technology auctions for small-scale pro-
jects has a price-increasing effect (0.146), while their introduction in
auctions not limited to small-scale projects has a significant price-
decreasing effect (—0.118).

Limiting auctions to small-scale projects has a price-increasing effect
in all constellations, which is in line with our prediction. Project small
shows a positive effect in Model 1 and 2, yet being only significant in
Model 2. In Model 3, taking into account the two significant interaction
terms in which Project small is included as well as the significant variable
itself, we arrive at the following conclusions: in a multi-technology
auction setting, Project small leads to higher prices, regardless whether
we look at PV (0.318) or onshore wind (0.706). The same price-
increasing effect of Project small, although weaker, can be seen in
technology-specific auctions, regardless of the technology (0.054 and
0.442 for PV and onshore wind, respectively). Thus, we can state that
limiting auctions to small-scale projects leads to higher prices in both
auction formats, but the effect is stronger in the multi-technology
setting.

From a technological perspective, we can conclude the following:
limiting auctions to small-scale projects leads to higher prices, while the
effect is higher for onshore wind compared to PV, regardless of whether
multi-technology or technology-specific auctions are in place.

The significant effect of the interaction term Technology PV:Project -
small provides insights into the impact of the technology choice as well.
In terms of Technology PV, in Model 1 and 2, the awarded prices do not
differ significantly between the technologies. In Model 3, Technology PV
has a positive and significant effect on the prices. The interaction term
which takes into account the size of projects admitted to the auction is
also positive and significant. Thus, in an auction for small-scale projects,
PV tends to perform better in terms of prices compared to onshore wind
(—0.272), while in auctions for large-scale projects, PV seems to increase
the prices compared to onshore wind (0.116).

Fin prequalification has a significant negative effect on the awarded
prices in all models. Nevertheless, in Model 3, taking into account the
interaction term Fin prequalification:Realisation, the effect of financial
prequalifications depends on how many months bidders have to build
their project. With a realisation period between 0 and 25.4 months,
introducing financial prequalifications has a price-decreasing effect
compared to the same realisation period without financial pre-
qualifications. For a given realisation period higher than 25.4 months,
introducing financial prequalifications leads to higher prices. Based on
our sample, i.e., with an average realisation period of 26.1 months, the
effect of Fin prequalification on prices thus becomes positive, while it
should be noted that the effect remains negative when considering the
median of 24 months. Moreover, for almost a third of our observations
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and especially for onshore wind (almost 60%), the realisation period
exceeds the 25.4 months. The interaction term Fin prequalification:
Realisation impacts the effect of Realisation in Model 3 as well. In the
absence of any financial prequalifications, increasing Realisation has a
negative and significant effect on the awarded prices (—0.008), which is
in line with our prediction. In case financial prequalifications are in
place, the effect changes and a higher realisation period leads to slightly
higher prices (0.004). In Model 1 and 2, Realisation has a negative, yet
insignificant, effect on the prices.

5.2. Robustness checks

In order to verify our results, we performed a number of robustness
checks. First, we estimated all three models, but used only countries
with more than 10 observations, so that the number of observations
decreased to 221. The results are presented in Table A.4. We also esti-
mated the three models excluding observations before 2014 (see
Table A.5) to eliminate the bias of early auctions. Lastly, we perform the
estimation of the three models using only the significant independent
variables (see Table A.6). As we only observe minor deviations in terms
of significance and the effects’ signs remain mostly unchanged over the
various models, we conclude that our estimations are robust.

In addition, we perform an estimation of a pooled model (Table A.7),
i.e., without country fixed effects, to gain insights whether the time-
invariant design elements described in Section 3.2 have an effect on
the awarded prices. As shown in Table A.7, we do not find evidence
(besides for a support duration of 12 years) that these design elements
have a significant effect on the awarded prices.

5.3. Discussion

The results presented in this study are robust, reliable and are mostly
in line with the existing literature. As we used auctions exclusively from
Europe, auction results from other regions could change our findings.
Furthermore, we exclusively analysed the objective of efficiency in this
paper. We used the definition of (static) support cost efficiency, i.e., the
achievement of low awarded prices in the auctions. It should be kept in
mind that auction design elements have effects on other objectives as
well, such as e.g., effectiveness and actor diversity. For instance, on the
one hand, implementing auctions exclusively for small-scale projects
(Project small) typically has a negative effect on support cost efficiency.
On the other hand, small-scale projects are given a higher chance to be
awarded, which supports the objective of actor diversity in the sense of
size diversity (Alvarez and del Rio, 2022). Hence, design elements
should be chosen carefully when designing auctions.

Although our dataset is highly unbalanced and does not necessarily
correspond to standard panel data, we suspect several unobserved
country-specific and time-invariant circumstances to have an important
effect on awarded prices. Hence, to account for these heterogeneous
differences between countries, we opted for using a panel data regres-
sion model.

Several potential sources for bias remain in our analysis, as our
model does not capture country-specific shocks and changes that are not
time-invariant. For instance, a change in the country-specific financing
conditions, i.e., the weighted cost of capital (WACC), or changes in the
regulatory framework of a country, can have an impact on the awarded
prices and thus, if correlated with our explanatory variables, can bias the
estimated effects. Nonetheless, we tried to limit the potential bias 1) by
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including time fixed effects, which capture at least the shocks and
changes occurring in all countries in our sample, and 2) by omitting
auctions before 2014, limiting the possibility of potential changes.
Although auctions are by now the major RES support scheme in Europe,
there are still instruments with administratively-set support levels in
place, especially for small-scale projects. In addition, an increasing
number of merchant projects are built not requiring any government
support. Since those projects do not participate in the auctions, this
might lead to lower competition, potentially leading to higher awarded
prices. Another source for bias could be the omission of auction volume.
In theory, the higher the auction volume, the higher the prices, as more
expensive projects are awarded. Another potential bias stems from our
definition of Project small. The variable takes into account all the auction
rounds in which no projects above 1 MW could participate. Neverthe-
less, this does not rule out that small-scale projects under 1 MW
participated in auctions where large-scale projects were allowed, as e.g.,
in Germany, all projects larger than 750 kW had to participate in the
auctions to gain support. Theoretically, it could be the case that only
small-scale projects participated in these auctions (e.g., due to a lack of
suitable sites for large-scale projects) and were awarded comparably
higher prices, which can lead to an underestimation of Project small.

Another limitation of the study is the lack of variability of five auc-
tion design elements, which we expected to have an impact on the
awarded prices: auction type, material prequalification, penalties, multi-unit
auctions, and support duration. Since these variables are time invariant
on country-level, i.e., all countries in our model stick to one specific
design, our model is not able to estimate their effects (see Section 3.2).
Nevertheless, we can exclude a bias in our estimation, since their effects
are captured by the applied country fixed effects (Wooldridge, 2010).
However, to gain an indication of their effects, we conducted a robust-
ness check using a pooled regression model (see Table A.7), which does
not control for country fixed effects. The results do not indicate that
these design elements have a significant effect on the awarded prices.

Our proxy for the time fixed effects, Year, shows a negative and
significant effect, meaning that awarded auction prices showed a sig-
nificant downward trend over the years for all countries alike. Although
we are not able to rule out any other factors, decreasing technology costs
seem like a promising factor to have contributed to this effect. This is in
line with the findings of Batz Lineiro and Miisgens (2021), who have
shown that decreasing PV technology costs have had a significant
negative effect on bid prices in the German PV auctions. Our first control
variable, RES share, shows no convincing effect on the awarded prices,
except in Model 1, as the effect becomes insignificant when we introduce
time fixed effects (Model 2 and 3). One further issue we face is the
question whether Competition can be treated as an exogenous variable or
whether it depends on the design elements. Some authors argue that
design elements, such as financial prequalification criteria, can prevent
certain bidders from participating in the auction and thus decrease the
overall level of competition (e.g., del Rio, 2017; IRENA, 2017). Still, we
include it as a control variable, to reduce the potential bias induced by
omitting it, since we expect low awarded prices to be highly dependent
on sufficient competition. Indeed, our results indicate that sufficient
competition is a driving factor for low prices. This is in line with the
findings of Cassetta et al. (2017), who found a significant negative effect
of higher competition (defined as the total number of project developers
in an auction round) on the awarded prices in Italy, as well as Batz
Lineiro and Miisgens (2021) who show that a higher level of competition
decreases the prices significantly in the German PV auctions.
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Table 3
General overview of results.
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Effect of variable on awarded price

Prediction Model 1

Model 2 Model 3°
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RES _share — _ .
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Notes: *p<0.1; **p<0.05; ***p<0.01.

+ indicates that both positive and negative effects can be expected regarding the predictions and that both effects are possible in Model 3, depending on the interaction

term(s) and thus on the value of the interrelated variable.

# In the column of Model 3, the first sign indicates the effect of the variable without taking into account the interaction term, while the second and potentially third
sign show the effect together with the interaction term. Similarly, the first stars indicate the level of significance of the effect on its own, while the remaining stars

indicate the level of significance of the interaction term(s).

The design variables that showed a contrary effect to what the
literature predicted (see Section 2) are discussed in the following.
Additionally, we discuss the relevance of including interaction terms in
our model.

Multi-technology shows a positive, yet insignificant effect in Models 1
and 2. Only when the interaction term Multi-technology:Project small is
introduced, the effect becomes negative and significant. This indicates
that the effect of introducing multi-technology auctions depends
strongly on the size of the projects. For large-scale projects, multi-
technology auctions tend to decrease prices, while in auctions for
small-scale projects, the effect becomes positive. Overall, the evidence is
not entirely convincing, that multi-technology auctions decrease the
prices, as literature predicts (del Rio, 2017; Gephart et al., 2017).

Multi-criteria auctions seem to have no significant effect, although it
should be noted that in the robustness check excluding observations
before 2014 in Table A.5, the positive effect becomes significant. This
could be explained by the fact that before 2014, only one country con-
ducted very few multi-criteria auctions, which resulted in similar prices
as price-only auctions in the same country, having an impact on our
statistical inference. Thus, we would not entirely exclude the possibility
of multi-criteria auctions increasing the prices, which would be in line
with the literature.

Regarding the remuneration scheme, we expected to see lower prices
under the FIT-scheme compared to the CfD, while no clear prediction
could be made for the FIP. Indeed, for the latter we do not find any
significant difference compared to a CfD. With further decreasing
technology costs and increasing electricity market prices, this effect
might change, as bidders have the incentive to factor in additional
revenues from the electricity market (see explanation in Section 2). The
robustness check in Table A.5 might give a first indication of this effect:
considering only auctions from 2014 on, FIP decreases the awarded
prices significantly compared to a CfD (in Model 3). The FIT seems to
increase the prices compared to the CfD. At least in Model 1, this can be
explained by the fact that in contrast to the CfD, a large proportion of
observations with FIT stem from the years before 2016, in which rather
high awarded prices were achieved (likely due to high technology
costs).]4

4 From 2016, support for RES projects above 500 kW needs to be paid out as a
premium, thus practically abolishing the FIT for large-scale projects (European
Commission, 2014a).

We expected Realisation to have a negative effect on prices. Never-
theless, in our analysis, this is only the case if financial prequalifications
are not in place. We expect that bidders might use a longer realisation
period to bet on decreasing technology costs and thus take them into
account when calculating their bid prices. Similarly, we expected Fin -
prequalification to increase the risk of participants and thus their prices.
Nevertheless, we observed a negative effect in all three models. Only in
Model 3, the effect becomes positive for realisation periods longer than
25.4 months. One potential explanation could be that professional
project developers do not enter an auction if financial prequalifications
are absent, due to the fear of unexperienced bidders submitting unsus-
tainably low bids. Nevertheless, for long realisation periods, the afore-
mentioned effect of betting on falling technology costs in the absence of
financial prequalifications seems to prevail, and thus the introduction of
prequalifications leads to higher prices. Furthermore, it should be kept
in mind that in almost all of our observations, material prequalifications
were in place, which already support the achievement of effectiveness.

Finally, we only observed differences in awarded prices between PV
and onshore wind when controlling for time and project size. Thereby,
our results indicate that in auctions restricted to small-scale projects
below 1 MW, PV performs better in terms of prices, which might be
attributable to lower LCOE of PV in this segment. In contrast, onshore
wind yields lower awarded prices in auctions not restricted to small-
scale projects, again most probably resulting from different LCOE
through potentially higher economies of scale or higher market values
than PV. Nevertheless, it remains to be seen whether increasing site
restrictions, permitting/acceptance issues, and changes in the expected
market values per technology might reverse this finding in the future.

6. Conclusions and policy implications

In our study, we use a dataset of 250 observations from 220 auction
rounds from 16 European countries to assess the effects of various
auction design elements on the awarded prices. We use a fixed effects
panel data model to estimate these effects (refer to Table 3 for an
overview) and derive conclusions for policymakers.

Our analysis shows that over the years, the awarded auction prices
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experienced a significant downward trend. In contrast, our first control
variable, the countries’ RES shares, does not seem to have an effect.
Sufficient competition, on the other hand, seems to play an important
role in driving down prices in the auctions.

If low awarded prices, i.e., support cost efficiency, are the only
objective of concern regarding the auction outcome, policymakers
should take into account the following results:

@ Restricting auctions to small-scale projects under 1 MW should be
avoided.
@ A ceiling price should be implemented.

Since some of the effects are interdependent and ambiguous, the
following design elements should be implemented carefully:

@ Multi-technology auctions should not be implemented for small-
scale projects. In contrast, in auctions open to large-scale projects,
they could decrease the awarded prices.

@ If auctions are restricted to small-scale projects, PV should be the
favoured technology. In auctions open to large-scale projects,
onshore wind seems to perform better than PV.

@ Quotas seem to increase the awarded prices.

@ The choice of the realisation period needs to be carefully coordinated
with the introduction of financial prequalification requirements:
policymakers should either strive for short realisation periods with
financial prequalifications or for long realisation periods with no
financial prequalifications in place.

Based on our data and analysis, we find no convincing evidence for
flexibility for bidders and multi-criteria auctions to have a significant
impact on the prices. Furthermore, while our results suggest that the
effect on awarded prices is not significantly different between a FIP and
a CfD, we need to acknowledge that this finding is subject to change if
longer periods with market values above the respective LCOE are ex-
pected in the future (compare Section 3.2), as indicated in the robustness
checks.

Nevertheless, it should be noted that auction design elements have
effects on several objectives, and in some cases even contrary ones. Most
notably, striving for low prices in the auctions can harm the effective-
ness, e.g., due to undersubscription of the auction or through a low
realisation rate of the awarded projects, and thus endanger the
achievement of the respective RES expansion targets. Therefore, poli-
cymakers need to carefully balance these trade-offs when designing their
auctions. Nevertheless, in the case of financial prequalification, we

Appendix A. Supplementary data
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found evidence that this design element can decrease the awarded prices
and could thus be favourable both in terms of efficiency, as well as
effectiveness, as Matthaus (2020) has shown.

For further research, we suggest to include countries from other
world regions that have long experience with RES auctions, e.g., Brazil
or South Africa. Moreover, more country-specific and time-varying
framework conditions could be included in future analyses as control
variables, such as regulatory changes, to control for and analyse their
specific effects on the awarded prices. Lastly, the effect of certain design
elements on different dependent variables could be examined, e.g., on
the level of competition or on the winning probability of certain tech-
nologies in multi-technology auctions.
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Appendix B. Robustness checks

Table A4
Results for countries with more than 10 observations

Dependent variable:
In_price
@™ 2) 3
Year —0.102%** —0.089%**
(0.039) (0.033)
RES_share —-3.104 1.418 1.039
(0.725) (1.694) (1.509)
Competition —0.059 —0.109%** —0.144%=*
(0.039) (0.035) (0.029)
Multi-technology —-0.010 —0.018 —0.125*
(0.059) (0.070) (0.073)
Technology_PV —0.009 0.023 0.135%**
(0.105) (0.108) (0.049)
Project_small —0.055 0.150 0.461%***
(0.176) (0.108) (0.085)
Ceiling —0.371%** —0.162*%* —0.209%**
(0.032) (0.075) (0.061)
Fin_prequalification —0.069 —0.039%* —0.275%**
(0.042) (0.019) (0.077)
Multi-criteria 0.163 0.136 0.029
(0.173) (0.115) (0.054)
Quota 0.078 0.039 0.080**
(0.083) (0.089) (0.040)
Remuneration_FIP 0.080 —0.224 -0.121
(0.239) (0.225) (0.153)
Remuneration_FIT 0.393%** 0.139 0.224%*
(0.088) (0.099) (0.087)
Realisation —0.006 —0.002 —0.006***
(0.005) (0.005) (0.002)
Flexibility —0.101%** —0.061 —0.054
(0.025) (0.058) (0.064)
Multi-technology:Project_small 0.317%**
(0.085)
Technology_PV:Project_small —0.425%**
(0.041)
Fin_prequalification:Realisation 0.010%*
(0.004)
Country FE Yes Yes Yes
Year FE No Yes Yes
Observations 221 221 221
Adjusted R? 0.569 0.648 0.708
Note:
*p<0.1; **p<0.05; ***p<0.01.
Table A5
Results excluding observations before 2014
Dependent variable:
In_price
@™ ) 3
Year —0.065%** —0.062%**
(0.022) (0.019)
RES_share —2.338%** 0.201 0.253
(0.382) (0.983) (1.013)
Competition —0.070* —0.088** —0.110%**
(0.039) (0.043) (0.039)
Multi-technology 0.016 0.003 —0.075%*
(0.048) (0.057) (0.035)
Technology_PV —-0.015 —0.004 0.086
(0.093) (0.099) (0.055)
Project_small 0.123** 0.190%*** 0.473%**
(0.062) (0.053)
Ceiling —0.308%** —0.208%**
(0.031) (0.037)
Fin_prequalification —0.045** —0.048%**
(0.019) (0.013) (0.090)
Multi-criteria 0.241%* 0.197* 0.119%**
(0.106) (0.105) (0.033)
Quota 0.035 0.026 0.054

(continued on next page)
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Table A5 (continued)

Dependent variable:
In_price
@ (2 3
(0.092) (0.091) (0.042)
Remuneration_FIP 0.141 —0.095 —0.062*
(0.105) (0.104) (0.037)
Remuneration_FIT 0.136%** 0.048 0.096*
(0.047) (0.052) (0.049)
Realisation —0.003 —0.003 —0.015%**
(0.004) (0.004) (0.002)
Flexibility —0.082* —0.063 —0.061
(0.046) (0.061) (0.065)
Multi-technology:Project_small 0.171%**
(0.066)
Technology_PV:Project_small —0.348%**
(0.068)
Fin_prequalification:Realisation 0.020%**
(0.004)
Country FE Yes Yes Yes
Year FE No Yes Yes
Observations 226 226 226
Adjusted R? 0.458 0.486 0.565
Note:
*p<0.1; **p<0.05; ***p<0.01.
Table A6
Results for only significant explanatory variables
Dependent variable:
In_price
(€D 2) 3
Year —0.086*** —0.070%**
(0.021) (0.013)
RES_share —2.871%**
(0.953)
Competition —0.105%* —0.114%**
(0.047) (0.034)
Multi-technology —0.127%*
(0.064)
Technology_PV 0.128%**
(0.043)
Project_small 0.294%** 0.435%**
(0.087) (0.090)
Ceiling —0.308*** —0.133** —0.213%*
(0.016) (0.065) (0.045)
Fin_prequalification —0.016 —0.259%**
(0.029) (0.058)
Remuneration_FIP —0.005 —0.094
(0.040) (0.119)
Remuneration_FIT 0.427%%* 0.261%**
(0.019) (0.042)
Realisation —0.007***
(0.002)
Flexibility —0.080*
(0.045)
Multi-technology:Project_small 0.301%***
(0.070)
Technology PV:Project_small —0.408***
(0.056)
Fin_prequalification:Realisation 0.010%*
(0.004)
Quota 0.094***
(0.030)
Country FE Yes Yes Yes
Year FE No Yes Yes
Observations 250 250 250
Adjusted R? 0.506 0.582 0.676

Note:
*p<0.1; **p<0.05; ***p<0.01.
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Table A7
Results for pooling OLS models
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Dependent variable:
In_price
@ 2 [©)]
Year —0.063*** —0.059%**
(0.020) (0.018)
RES_share —1.674*** —0.967* —0.981
(0.555) (0.588) (0.675)
Competition —0.100* —0.174%** —0.198%**
(0.051) (0.037) (0.038)
Multi-technology 0.059 0.094 0.015
(0.057) (0.059) (0.095)
Technology PV -0.115 —0.086 0.004
(0.104) (0.098) (0.082)
Project_small 0.064 0.178* 0.4447%*
(0.171) (0.092) (0.106)
Ceiling —0.303%** —0.191*** —0.237%**
(0.057) (0.050) (0.037)
Fin_prequalification —0.036 —0.012 —0.051
(0.053) (0.045) (0.203)
Multi-criteria 0.077 0.128 0.063
(0.118) (0.094) (0.100)
Quota —0.081 —0.106 —0.080
(0.120) (0.094) (0.095)
Remuneration_FIP 0.063 0.031 0.024
(0.109) (0.078) (0.084)
Remuneration_FIT 0.329%** 0.131%* 0.192%*
(0.094) (0.058) (0.077)
Realisation —0.014* —0.012** —0.008
(0.008) (0.006) (0.007)
Flexibility —0.141 —0.049 —0.042
(0.109) (0.061) (0.063)
Mat_prequalification 0.205 0.235 0.228
(0.235) (0.282) (0.349)
Type 0.033 0.004 0.003
(0.114) (0.070) (0.084)
Duration_12 —0.670%** —0.645%** —0.658%**
(0.193) (0.206) (0.240)
Duration_20 —0.005 -0.118 —0.099
(0.124) (0.150) (0.188)
Penalty —0.084 —0.005 0.002
(0.221) (0.116) (0.133)
Multi-technology:Project_small 0.171
(0.176)
Technology_PV:Project_small —0.372%**
(0.100)
Fin_prequalification:Realisation 0.0002
(0.009)
Constant 5.471%%* 132.726%** 124.352%**
(0.478) (40.806) (35.686)
Country FE No No No
Year FE No Yes Yes
Observations 250 250 250
Adjusted R? 0.664 0.721 0.740
Note:

*p<0.1; **p<0.05; ***p<0.01.
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