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Abstract

As wind power costs have declined, capacity has grown quickly, often times in adjacent

areas. Price and volatility risk from wind power’s intermittency can be mitigated through

geographic diversification and transmission. But wind power generation has a fat-tailed and

right-skewed distribution. In this article we aim to explore how geographic diversification

of wind power and the effect of wind power on market prices varies across the distribution

of production. In a case study from Denmark and Sweden, we show that during tail-end

production periods, correlations between areas increases substantially as does congestion in

the transmission network. This leads to highly non-linear price effects of wind power. The

marginal effect of wind power on the local prices is shown to be substantially higher when wind

power production is in the 90th decile. The research has important implications for valuation

models of wind power projects and for operations of electricity markets with high penetrations

of wind power.

Keywords— Keywords: Wind power, tail correlations, transmission, price risk

∗Corresponding author

1

http://jmaurit.github.io
http://www.sucarrat.net


1 Introduction

Before wind power became a mature technology, generation tended to be built out in countries and regions

that provided financial support, such as Denmark and Northern Germany in Europe and California in the

United States. This often meant that wind power was geographically concentrated.

Wind power costs have come down dramatically in the previous decade, and onshore wind power is

often competitive with traditional generation in many areas (Trancik, 2015; Campisi et al.; Williams et al.,

2017; Wiser et al., 2019, 2020). This has meant that wind power capacity has been built up in many

more locales, often in countries or regions adjacent to each other. Given available transmission capacity,

such geographic dispersion can act as a form of diversification: Mitigating the risks that stem from wind

power’s intermittency (Grothe and Schnieders, 2011; Simoes et al., 2017; Novacheck and Johnson, 2017;

Katzenstein et al., 2010; Roques et al., 2010; Schmalensee, 2016; Green et al., 2016). When there is less

wind power in one place, power can be transferred from a neighboring area where the wind is blowing.

However, experience from other asset classes–both real and financial–have shown that risks that appear

to be diversified away in normal times, may show strong correlations during extreme events (Hartmann

et al., 2004; Ye et al., 2017). In the context of electricity markets with high penetrations of wind power,

the risk that has been most explored is the systemic risk that may come from periods of low wind power

generation highly correlated across a wide geographic area leading to a shortfall of generation relative to

load. Yet there is also a risk of too much wind generation. If wind is highly correlated across areas at high

production times, then it could have the effect of driving down the price towards the short-run marginal

cost of wind power–near zero. This price risk is born by wind power producers, but also owners of other

generation assets that face lower-than-expected prices and more price volatility. There is also a risk born

by the power system as a whole, as excess generation can lead to increased balancing costs and expensive

curtailment. The extra uncertainty around prices and electricity market operations can lead to higher cost

of capital, with adverse effects on further investments in renewable energy generation.

Analyses of the effect of wind power, and in general intermittent generation on power markets and

prices have become important subjects within energy economics. Increasing penetrations of renewable

generation sources can fundamentally change the price formation process and risk characteristics of whole-

sale electricity markets. For example, power prices driven by commodity markets will tend to be random

walks, while markets dominated by renewables will tend to display mean reversion and trend stationarity

(Gianfreda and Bunn, 2018). Correlations between production from renewable sources and power prices

may also increase with higher renewable penetrations (Ernstsen and Boomsma, 2018).

A related area of research has been devising valuation models of wind power that take into account the

special characteristics of the generation technology and its effects on market prices and volatility. Many of

these analyses take a real-options approach, where correctly specifying uncertainty becomes a particularly

important factor in the investment decision and its timing (Tseng and Barz, 2002; Thompson et al., 2004;

Munoz et al., 2011; Ernstsen and Boomsma, 2018).

Many analyses of wind power’s effects on power prices use time series techniques to try to estimate

a marginal average effect in electricity markets: Gelabert et al. (2011) for Spain, Ketterer (2014) and
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Paraschiv et al. (2014) for Germany, and Mulder and Scholtens (2013) for the Netherlands. Wen et al.

(2020) takes an explicitly spatial econometric approach to estimating the effects of wind on nodal prices

in the New Zealand market, but still relies on average marginal estimates. The results of such statistical

models have become important inputs in the models of transmission system operators (TSO), and wind

power developers who seek to make accurate valuations of proposed projects.

But we argue that the inference from such models is incomplete. Point estimates that indicate average

marginal effects are most useful when a distribution is approximately normal, with few outliers and with

most of the probability mass located near the mean value. But wind power is not well approximated by

a normal distribution. Instead, production tends to be better approximated by distributions with right-

skewness and "fat tails" where periods of large positive production, far removed from the median value

of the distribution, can be expected to happen relatively frequently. Recent analytical analyses of the

wind power valuation problem, such as Ernstsen and Boomsma (2018) therefore tend to use fat-tailed

and right-skewed distributions like the Weibull distribution to model wind power production. Analysis

of the effects of wind power on prices that use more flexible, non-parametric, modelling such as Rivard

and Yatchew (2016) for Ontario and Jonsson et al. (2010) for Denmark, tend to find non-linear effects in

periods of high production. We extend this literature by devising a time-series econometric model that

allows the estimates of the effect of wind power on prices to vary by decile of production.

The right-skewness and fat-tails of wind power distributions and their spatial correlation are important

considerations in valuation models of wind power. Gonzalez-Pedraz et al. (2014) show how standard

methods used in energy markets that tend to ignore or minimize tail behavior will tend to substantially

underestimate the risk of a portfolio of generation technologies. Elberg and Hagspiel (2015) develop a

stochastic wind turbine valuation model that takes into account the spatial dependence of a given wind

power plant and the aggregate wind power production. They note a pronounced “upper-tail dependence”–

that is that correlations increase markedly at periods of especially high production, and that this can lead

to adverse effects on revenue. A model with purely linear dependence would as a consequence tend to

over-value a wind power farm. The spatial character of wind power can also interact with weaknesses in

the electricity market structure. Bjørndal et al. (2018) note that zonal pricing, as exists in the Nordic

markets, fails to include enough locational price signals and can therefore lead to excess transmission flows

due to wind power.

While it has long been acknowledged that intermittent generation will tend to be able to sell electricity

at on average lower prices than dispatchable generators (Joskow, 2011), Hirth (2013) and Schmalensee

(2016) point out that intermittent generation will also tend to consistently diverge from average electricity

prices due to the correlations between production and prices. Hirth (2013) devises a statistic he calls a

value factor to estimate this divergence. A value factor of 1 represents a situation where intermittent assets

are able to sell electricity at the average price on the market. Schmalensee (2016) finds that solar power in

many of the areas of the US have a value factor slightly higher than 1, however wind power tends to have

value factors somewhat below 1, indicating that production tends to be correlated with low-price periods.

This article contributes to this literature, showing how wind power not only is correlated with low prices,
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but at high penetrations and during high-production periods, can also cause prices to drop further, leading

to even lower value factors.

In this article we study data from Denmark and Sweden: Two countries with large wind power pen-

etrations, which are connected through both large physical transmission capacity as well as through the

common Nordic electricity market. We use hourly data from 2016 and 2017 on wind power production,

electricity prices, transmission capacities and flows. We particularly focus on the eastern price area in

Denmark, called DK2, consisting of the island of Zealand, where the Copenhagen metropolitan area is

located. This price area lies between and has large transmission links to both the western Danish area,

which contains large amounts of wind, and the southernmost Swedish price area, which also has a high

penetration of wind power.

We first present some descriptive evidence that suggests that for much of the distribution of wind power

generation, geographic dispersion of wind power can have a diversifying effect. Correlations between wind

power production–even in in adjacent areas–are relatively weak.

However, a marked difference appears in the 90th decile of the distribution of wind power production.

Wind power production at the highest deciles in a given price area are strongly correlated with wind power

production in adjacent areas. This suggests that the pattern of power flow, congestion in the network, and

marginal price effects may be substantially different in these tail periods compared to average marginal

effects.

To more formally explore the patterns of wind power distribution on prices and flows, we develop

a flexible but also simple and robust methodology: A dynamic decile group model. We decompose the

price and flow variables that serve as our dependent variable into deterministic and stochastic components.

Then, instead of estimating an average marginal effect of wind power, we allow the effect of wind to vary

by decile of production.

Our modeling reveals wind power’s nuanced effects on pricing and exchange on the electricity market.

Wind produced in DK2 at low deciles tends to have little to no effect on prices. Instead, the main effect of

wind power in this area is a linear effect on net exchange towards the Swedish price area, which in turn is

connected to the flexible hydro power in the Swedish northern price areas. This interaction between wind

power in Denmark and transmission to neighboring hydropower areas is consistent with analysis by Green

and Vasilakos (2012) and Mauritzen (2013).

However, at the highest decile, when wind power is highly correlated across areas and there is a high

probability of congestion in the transmission network, wind power tends to have an out-sized effect on

prices.

The results from this article are in some ways particular to the geography, generation and transmission

network of the Nordic market. But the lessons from the case study are broader. The numerous statistical

models of the effect of wind power on market prices that attempt to estimate an average marginal effect,

poorly capture the underlying dynamics of wind power’s effect on a power market. In turn, the estimates

from these models may serve as flawed inputs in models of electricity market operations and wind power

valuation.
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There are also implications for policy and planning. As noted by Schmalensee (2016) and Green

et al. (2016), many incentive schemes internationally tend to lead to a sub-optimal geographic investment

decisions. For example, in the US, one of the main drivers of renewable energy investments are state-level

generation mandates called Renewable Portfolio Standards (Greenstone and Nath, 2020). Likewise, many

European incentive schemes often favor local investments. This article adds support to the argument that

increased focus needs to go towards devising markets and policies that lead to more optimal siting decisions

and greater geographic dispersion.

In summary, this article contributes to the literature on investment and integration of wind power

in power markets in several ways: 1.) We provide evidence for geographic diversification of wind power

production at moderate levels of production in the areas of the Nordic market with the highest penetrations

of wind power. 2.) We provide evidence that this diversifying effect fails to hold at the highest quantiles of

production when wind power production becomes highly correlated across adjacent areas. 3.) We devise

a novel econometric model that takes into account the dynamics and seasonality in the power market

time series while allowing the effects of wind power to vary over the distribution of production. 4.) We

add support to findings of Rivard and Yatchew (2016) and Jonsson et al. (2010) of a disproportionately

stronger effect of wind power on prices at the highest quantiles of production and extend these findings to

show that these results are highly dependent on the pattern of transmission and congestion in the system.

In the next section we present a short overview of the Nordic Electricity Market and introduce our

data sources. In section three, we present some descriptive evidence for both geographic diversification at

moderate wind power production levels as well as markedly increased correlations across areas at the highest

quantiles of wind power production. In the fourth section we introduce the dynamic decile econometric

model, and present results for the effects of wind power on both prices and power flow. We conclude with

a discussion of the implications of the findings and future avenues of research.

2 The Nordic Electricity Market and Data

Data consists of hourly observations from the beginning of 2016 through December of 2017 from the Nordic

Electricity Market, Nord Pool. The data is openly available from the website of the Nord Pool Group1. A

cleaned and formatted data set is available upon request.

We use the prices that are set on the day-ahead market of Nord Pool. These prices are established

through an auction mechanism where producers and wholesale consumers submit supply and demand

schedules by noon the day ahead of delivery. These are aggregated and an unconstrained system price is

set that clears the market assuming no congestion between the price areas.

When congestion occurs between price areas, the markets become decoupled with prices being set in

each market until the market clears in both price areas with the transmission constraint met. Importantly,

flow on the transmission interconnectors will always flow from low price areas to high price areas.

For simplicity and tractability, we limit our analysis to three price areas in the Nordic market: The

two Danish price areas, DK1 and DK2, and the southernmost Swedish price area, SE4. A snapshot of
1https://www.nordpoolgroup.com/historical-market-data/
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Figure 1: Area power prices in southern Swe-
den (SE4), eastern Denmark (DK1) and west-
ern Denmark (DK2). Data from Nord Pool
Group.

Figure 2: Wind power production in south-
ern Sweden (SE4), eastern Denmark (DK1) and
western Denmark (DK2). Data from Nord Pool
Group.
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these price areas from the exchange, Nord Pool Spot, is shown in figure 3. These price areas were chosen

strategically. All three contain large penetrations of wind power and none contain significant hydro power

generation, which provides large amounts of flexibility to energy systems. Instead, most of the generation

in these areas that is not wind power comes from thermal plants, either nuclear (in southern Sweden) or

gas and combined heat and power plants (Denmark). Figure 1 shows price series for SE4, DK1 and DK2.

The available transmission capacity between price areas is established by the transmission system

operators (TSO) and are also announced a day before delivery.

Nord Pool also runs an intra-day market called Elbas, where power can be traded bilaterally up to

an hour before delivery and producers and consumers can make up for shortfalls or surpluses from the

day-ahead market. We do not analyse data from the intraday market in this paper.

Nord Pool publishes two series for wind power in the different price areas: Predicted wind power from

a day-ahead based on predictive models from the transmission system operator, and realized wind power.

We use actual realized wind power in this article. Figure 2 shows the time series of wind power from the

three relevant price areas.

Table 1 gives some summary statistics for the three price areas over the period studied. Notice that

the mean wind power production in the DK1 area is nearly four times that of the neighboring DK2 area

and nearly three times that of the SE4 area. The average price is also about 5 percent lower in the DK1

area compared to the DK2 and SE4. However, the volatility of prices, measured by the standard deviation,

is highest in the DK2 area. Both DK1 and SE4 areas have direct interconnections to flexible hydropower

generation in Norway and the Northern price areas of Sweden. The DK2 price area, on the other hand, has

no direct interconnectors to a hydropower area, and power must flow through one of the neighboring price

areas. The unique geography of the DK2 price area: An area with significant wind power, sandwiched

between two even bigger wind power areas, and no direct connection to hydro power, makes it a particularly

interesting case study.

Table 1: Descriptive statistics from the three price areas studied

Eastern Denmark Western Denmark Southern Sweden
Price area DK1 DK2 SE4
Mean hourly wind power (MWh) 1159 305 467
Mean price (EUR/MWh) 3085 3068 1224
St. dev price 1036 1224 1096

3 Wind power production: Distributions and geographic

correlations

Figure 4 shows correlation coefficients between Danish and Swedish price areas. The areas are ordered

according to geographic location. In general, correlations across areas of wind power production declines

with distance. Correlations between adjacent areas still vary considerably, however. For example, correla-

tion between wind power in the two Danish areas, DK1 and DK2 have a considerably higher correlation
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Figure 3: A snapshot of the southern portion of
the Nordic electricity market. Denmark is di-
vided into two price areas, DK1 and DK2. SE4
is the southernmost Swedish price area, that
contains the majority of Swedish wind power
production. Source: Nord Pool Group

Figure 4: The figure shows a heat map illustrat-
ing the correlations between wind power pro-
duction between price areas in Denmark and
Sweden, ordered from areas that are adjacent
to those farthest away. Correlations quickly de-
cline with distance.

coefficient than between wind power in SE2 and SE3.

Correlation coefficients, as well as coefficients on simple regression models are calculated as average

marginal effects. For processes that are well described by a normal distribution, the average effect is often

times a good summary statistic as the tail of the distribution is thin, meaning that most realizations of

the process happen close to the median value.

Wind power aggregated over a geographic area tends to be better approximated by a distribution with

right-skewness and excess kurtosis ("fat tails"), such as a Weibull distribution (Carlin and Haslett, 1982).

Figure 5 shows the empirical density of wind power in the DK2 area overlapped with fitted theoretical

densities from the Weibull distribution and normal distribution. The vertical dotted lines represent the

sample median, mean and 90th percentile of the wind data from DK2. The empirical density clearly has

substantially more of its weight on the tail compared to what a half-normal distribution might suggest.

The 90th percentile of observations lies far from the mean.

The fat tail of wind power distributions suggests that estimates of mean marginal effects may provide

a poor summary of the effects of wind power over the full distribution. The idea of looking at average

correlations between wind power areas may also be incomplete. Figure 6 shows a scatter plot of wind

power in the DK2 area plotted against the wind power generated in the SE4 area. The colors represent

net exchange between DK2 and SE4, with a positive value indicating net import to DK2. While there

appears to be a clear correlation between wind power in the two neighboring regions for most of the range

of values, there is a substantial amount of spread. At outer values of the range, however, there seems to

be a bunching of values: High values of wind power in DK2 appear to be more highly correlated with high

values in SE4. Visually, there also appears to be a shift in the pattern of exchange between the areas as

wind power increases.
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Figure 5: The figure shows the empirical density (green) of wind power. Wind power production
summed over an area can be approximated by a distribution with right-skewness, such as the
Weibull distribution (solid line). Large values far from the mean and median happen often relative
to a half-normal distribution (dotted line). The vertical dotted lines represent the mean, median
and 90th percentile of the empirical wind power distribution. The 90th percentile of observations
can be seen to be far from the median and mean values.
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Figure 6: The left figure shows a scatter plot
of wind power in the DK2 and SE4 price ar-
eas. The correlation of wind power production
in DK2 and SE4 appears to increase during pe-
riods of peak wind power.

Figure 7: The right figure shows the distribu-
tion of wind power production for area DK2
conditional on the deciles of wind power in SE4.
While most deciles show considerable disper-
sion, at the 90th percentile, the distribution is
clustered in the far end, indicating a high de-
gree of correlation at the upper decile.

The impression of higher correlations at the higher end of the range of wind power values is confirmed

by figure 7. The figure shows densities of wind power production in SE4, conditional on deciles of wind

power production in DK2. Most deciles are characterized by a high variance, supporting the idea of

geographic diversification, consistent with previous research (Grothe and Schnieders, 2011; Simoes et al.,

2017). However, the 90th decile appears substantially different. Here, the density is much more compact,

suggesting a higher level of correlation between wind power in the two areas. In other words, high wind

power in DK2 is strongly correlated with high wind power in SE4. This distinction between geographic

diversification at mean production periods versus peak wind power production periods has not been widely

explored in the literature.

The reasons for the changing correlations are related to the meteorological factors that decide wind

speed and direction over a certain area (Carlin and Haslett, 1982), the details of which are well beyond

the scope of this article. Intuitively, periods of high wind speed associated with weather fronts of high or

low pressure moving through an area will tend to have a more uniform effect on wind speeds over a large

swath of area. On the other hand, periods of moderate or low wind speed will vary more at the local level.

4 Dynamic decile group model

The preceding section suggests that relying on average marginal effects to summarize the effects of wind

power on prices and other aspects of an electricity market can give an incomplete and perhaps misleading

picture. The distribution of wind power is not well approximated by a normal distribution, and values

far from the median are relatively common. More so, wind power correlations between areas appear to

increase markedly in the top decile of production.

In this section, we devise an alternative methodology–a dynamic decile model–to estimate and explore

price effects of wind power across deciles. The methodology is simple but also flexible and robust. In
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Figure 8: The residuals of the price series for ar-
eas DK1, DK2 and SE4 after regressing on the
deterministic components consisting of month,
hour of day and day-of-week.

Figure 9: The residuals of the wind power series
for areas DK1, DK2 and SE4 after regressing
on the deterministic components consisting of
month and hour of day.

specifying effects across a conditional distribution, the model is similar to quantile regression (Koenker

and Bassett, 1978). However, quantile regression has primarily, though not exclusively, been applied to

cross-sectional and panel data and it is the dependent variable that is generally decomposed into quantiles.

Our methodology has the benefit of being easy to implement and interpret in a time series context and

with standard time series software.

The model is estimated in two stages. In the first stage, we decompose the stochastic and deterministic

components of the series, pit, for price in area i at time t (with an hourly frequency) as shown in equation

1. In this equation, the deterministic components associated with month-of-year effects, month, hourly

effects, hour and day-of-week effects, dow are filtered out, leaving the stochastic component, up
it.

pit = α+ month + hour + dow + up
it (1)

The estimated residuals for each of the three price areas is shown in figure 8.

In the second stage of the estimation, the residuals, up
it are fitted to a dynamic equation in addition to

a set of binary decile indicators, Iw
it,1, I

w
it,2, . . . I

w
it,10. These wind decile indicators are based on the wind

power series from the three price areas, DK1, DK2 and SE4. Deterministic components from the wind
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Figure 10: The stochastic component (residuals
from the deterministic regression) of the wind
power series for the DK2 area is shown mapped
into decile categories.

Figure 11: Prices verses wind power produc-
tion, by decile of wind power in the DK2 price
area.

power series consisting of daily and monthly variation are filtered out by way of estimating equation 2

with OLS. The resulting residuals, uw
it, consists of the stochastic portion of the series. A Dickey-Fuller

test rejects the null hypothesis of unit root for the series. The series of wind power residuals are shown in

figure 9.

windit = α+ month + hour + uw
it (2)

We then estimate the empirical deciles of the wind power residuals for each area, i, which in turn are

used as estimates of the unconditional deciles. Next, the deciles are used to construct the 10 indicator

variables, Iw
it,1 through Iw

it,10 corresponding to the 10 deciles of wind power. Thus, if a given observation

at time t in a given area i experienced wind power between the 10th and 20th quantile, then the indicator

variable Iw
t,2 = 1, while all other indicator variables, Iw

it,1 = Iw
it,3 = ... = Iw

it,10 = 0.

A visualization of the mapping from the continuous series to decile indicators for the DK2 price areas

is shown in figure 10. A scatter plot of the stochastic component of wind production versus stochastic

component of prices in the DK2 prices is shown in figure 11. The plot shows the tendency for prices to

fall under large amounts of wind power.

The equation of interest, representing the stochastic component of power prices in area i at a time t

as a function of autoregressive terms and the wind power decile indicators, can be written as in equation

3. δi0 represents the intercept term, while δi1, δi2, . . . , δi10 represent the coefficients to be estimated on

the autoregressive terms. Iw
it,1, I

w
it,2, . . . , I

w
it,10 represent the 10 indicator variables corresponding to the 10

deciles of wind power. βw
it,1, β

w
it,2, . . . , β

w
it,10 are coefficients on the indicator variables to be estimated.

The model is intentionally parsimonious. We do not try to fully explain price movements in the price

area. We also do not include transmission flows in the model. The reason is that we interpret transmission

flows as an intermediate variable. We want to start by estimating the distributional effects of wind power

on prices including the effects through changes in transmission and congestion. In later specifications, we

will add variables for congestion and wind power from neighboring price areas and we will also look closer
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at the effects of wind power on transmission flows.

up
it = δi0 + δi1u

p
it−1 + δi2u

p
it−2 + · · · + βw

i1I
w
it,1 + βw

i2I
w
it,2 + . . . βw

i10I
w
it,10 + εit (3)

Including the deciles of wind power is a simple and easy-to-interpret way of including the effects of wind

power but allowing the effects to vary flexibly and non-linearly. Importantly, it makes no assumption about

the normality of the distribution of wind power. Deciles provide a good balance between completeness

and simplicity, having a fine-enough precision to capture the behavior at the tails, while mostly avoiding

problems of over-fitting the data, which can lead to poor out-of-sample fit.

For identifying the effects of wind power, we rely on the assumption that wind power production is to

a great extent exogenous to prices in the area. Wind power has a marginal cost close to zero, and thus a

wind power producer generally has little incentive to curtail their own production. The exception would

be periods where prices fall to below zero. This can happen in the Danish price areas but is rare.

We also check for potential issues of collinearity. Perfect collinearity would lead to numerical issues

in the estimation of our model, and we see no signs of this. We could still have an imperfect collinearity

problem if some of the covariates have very strong correlations - especially between non-autoregressive

terms or between the autoregressive terms and other covariates. A simple way of checking for any potential

problems is to look at correlation coefficients between covariates, which we have done. Besides correlation

coefficients between the autoregressive terms, the correlation coefficients are estimated to be low (generally

below 0.4). The highest correlations are for the top (10th) decile terms for wind power between areas

(approximately 0.6), which we discuss as a feature of the analysis earlier. With the amount of data

available–around 17,000 observations–these levels of correlations should not be detrimental to inference.

4.1 Wind power and prices in two price areas.

In the first specification we look at the effect of wind power deciles on prices within the same price area. For

the dynamic part of the equation, we use a process of testing and comparing the goodness-of-fit, as measured

by Akaiki Information Criteria (AIC), of different specifications. We use autocorrelation functions (ACF)

and partial autocorrelation functions (PACF) of the filtered price series in order to identify a sensible

starting specification. The ACF and PACF appeared to indicate both normal autocorrelation as well as

seasonal (daily) patterns. We started with a fifth order autoregressive model as well as including 21st

through 29th terms in order to model the seasonal component. We then both increased and decreased

the number of the autoregressive components and seasonal autoregressive components until we found

a specification with the best fit as measured by AIC and BIC.2 When AIC and BIC gave conflicting

indications of model fit, we chose the specification based on BIC, as this will, at the margin, tend to favor

more parsimonious specifications.

From this process, we chose a specification with first and second autoregressive terms as well as 22nd

through 28th autoregressive terms. The specification is run for both the price areas DK2 and SE4. The
2BIC stands for Bayesian Information Criteria (Schwarz, 1978). BIC is similar to AIC in that likelihoods of

nested models can be compared subject to a penalty term for the number of parameters. BIC has a larger penalty
term than AIC and on the margin tends to favor more parsimonious models.

13



specification can be written as in equation 4.

For estimation, we use the open-source R programming language (R Core Team, 2019).3

up
i,t = δi,0 + δi,1u

p
i,t−1 + δi,2u

p
i,t−2 + δi,23u

p
i,t−23 + δi,24u

p
i,t−24

+ δi,25u
p
i,t−25 + δi,26u

p
i,t−26 + βw

i1I
w
it,1 + βw

i2I
w
it,2 + · · · + βw

i10I
w
it,10 + εi,t (4)

The coefficients of interest are the decile coefficients, and we show these visually in figure 12. Here

the points represent the OLS point estimates, where the lines represent 95% confidence intervals. White

standard errors (White, 1980) are estimated that are robust to heteroskedasticity. the first decile is left

out as a comparison value. Estimated parameters for the dynamic portion of the models are shown in the

first two columns of table 2.

Table 2: Columns 1 and 2 show estimated dynamic parameters of models in equations 4 where
only deciles of wind power from DK2 are included. Columns 3 and 4 show the estimated dynamic
parameters from models from equation 5 where wind power deciles from DK2, DK1 and SE4
are included. Columns 5 and 6 are from specifications where wind power effects are estimated
conditional on congestion. White standard errors are shown in parenthesis.

Wind in DK2 area Wind in DK1, DK2, SE4 Conditional on congestion
Price area DK2 SE4 DK2 SE4 DK2
Intercept 60.31a 35.93a 60.31a 35.93a 55.56a

(11.5) (11.13) (11.5) (11.13) (14.43)
ar1 1.07a 1.07a 1.07a 1.07a 1.05a

(0.03) (0.04) (0.03) (0.04) (0.03)
ar2 -0.23a -0.23a -0.23a -0.23a -0.23a

(0.03) (0.03) (0.03) (0.03) (0.03)
ar22 -0.02 -0.02 -0.02 -0.02 -0.03

(0.02) (0.02) (0.02) (0.02) (0.02)
ar23 0.18a 0.17a 0.18a 0.17a 0.18a

(0.03) (0.04) (0.03) (0.04) (0.03)
ar24 0.17a 0.19a 0.17a 0.19a 0.16a

(0.04) (0.04) (0.04) (0.04) (0.04)
ar25 -0.18a -0.19a -0.18a -0.19a -0.18a

(0.04) (0.05) (0.04) (0.05) (0.04)
ar26 -0.08a -0.08b -0.08a -0.08b -0.08a

(0.03) (0.03) (0.03) (0.03) (0.03)
ar27 0.01 0.03 0.01 0.03 0.01

(0.03) (0.03) (0.03) (0.03) (0.02)
ar28 0.003 -0.0003 0.0009 -0.007 0.008

(0.02) (0.02) (0.02) (0.02) (0.02)
a: p<0.01, b: p<0.05, c: p<0.10
White standard errors in parenthesis
17158 observations

The estimates show that in both price areas, low deciles are associated with little to no effect on prices.

A modest effect on prices is estimated in the middle deciles. But an outsized large effect in the DK2 price

area is estimated on the 90th percentile. For DK2, the price effect is estimated to be nearly double the
3Several packages are available for estimating dynamic models with exogenous regressors, but we chose the arx

routine from the R package GETS (Pretis et al., 2018).

14



Figure 12: The points represent the OLS estimate for each decile indicator, with the lowest decile
left out as the comparison value. The bands represent 95% confidence intervals. Estimates for
prices in the DK2 area are shown in black and estimates for prices in the SE4 area are shown in
grey.

effect of the 50th percentile.

As a whole, the estimated coefficients on the deciles do not point to a simple linear relationship between

wind power and prices. Instead, significant price effects of wind power generation appear only to materialize

at the mid-ranges of deciles, and then appear to be fairly steady across the deciles, while markedly higher

effects are seen at the highest deciles.

From our background analysis, the regression is clearly incomplete. Wind power is highly correlated

at the highest production levels, and this could potentially be driving the out-sized effect on prices in DK2

in the top decile. To get a more nuanced understanding of the distribution of effects, we estimate a new

specification, as shown in equation 5 that includes deciles of wind power from both neighboring DK1 and

SE4 areas.

up
i,t = δi,0 + δi,1u

p
i,t−1 + δi,2u

p
i,t−2 + δi,23u

p
i,t−23 + δi,24u

p
i,t−24 + δi,25u

p
i,t−25 + δi,26u

p
i,t−26

+ βw
DK2,1I

w
DK2,t,1 + βw

DK2,2I
w
DK2,t,2 + . . . βw

DK2,10I
w
DK2,t,10

+ βw
SE4,1I

w
SE4,t,1 + βw

SE4,2I
w
SE4,t,2 + . . . βw

SE4,10I
w
SE4,t,10

+ βw
DK1,1I

w
DK1,t,1 + βw

DK1,2I
w
DK1,t,2 + . . . βw

DK1,10I
w
DK1,t,10 + εi,t (5)

A summary of the estimated coefficients on the wind power deciles are presented in figure 13. The

estimated parameters of the dynamic portion of the model are shown in the third and fourth column of
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Figure 13: The points represent the OLS estimators of each decile indicator of wind power. The
bands represent 95 % confidence intervals. Estimates from wind power in DK1 are shown in black,
estimates from wind power in DK2 are shown in dark grey and estimates from wind power in SE4
are shown in light grey.

table 2. A few patterns are apparent in the figure. First, the impact of wind power within the DK2 area

on its own prices is low to moderate for most of the deciles but is then shown to have a strong effect in

the 8th and 9th decile. Wind in DK2 is not estimated to have a statistically significant effect on prices in

the SE4 area (right panel) through the 9th decile, and is only estimated to have a moderate, statistically

significant negative effect at the 10th percentile. In SE4, on the other hand, wind power seems to have

little effect on its own prices or neighboring DK2 at all deciles.

The second pattern is that wind power in DK1 significantly impacts prices in both DK2 and SE4, but

the impact does not appear to be linear. The impact of wind power in DK1 on prices in DK2 and SE4 are

not statistically different from zero in the first three deciles of production. The strongest negative effect is

estimated at the 9th and 10th decile in the DK2 area and in the 10th decile in the SE4 area.

In this specification we have included a large number of covariates, and it may be useful to apply an

algorithm that identifies covariates that do not improve the fit of the model and remove them from the

estimation. We have made use of the General To Specific (GETS) frameworks that is particularly well

adapted to time-series models. The results from the GETS analysis are largely in line and reinforce the

results and interpretation from the full model presented in this section (Campos et al., 2005).4 Details of

the GETS analysis can be found in the appendix.

When considering wind power’s effect on power flows and congestion in the system, the patterns become

coherent. Figure 14 is a representation of the probability of congestion between the DK2 and SE4 price
4We make use of the R package GETS(Pretis et al., 2018) to run the routine.
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Figure 14: The figure represents the probability of congestion between the areas DK2 and SE4
conditional on the percentile of wind power. Each point represents the mean of the binary variable
of whether there was congestion or not for all hours in a certain percentile of wind power production.
The blue line represents a smoothed Loess curve through the data points with associated 95%
uncertainty band.

areas conditional on the percentile of wind power. Each dot represents the mean of the binary observation

of whether there was congestion or not within each percentile. The blue line represents a Loess smoothed

curve through these lines, with the grey band representing the uncertainty band of the Loess estimation.

The figure shows a pattern of reduced congestion between the price areas as wind power in DK2

increases up to approximately the 60th percentile. Wind power that increases beyond the 60th percentile

is associated with sharply higher probability of congestion.

At higher deciles of wind power production, which also are highly correlated across areas, the probability

of transmission of congestion is higher. This can also explain why wind power within the price areas has

an out-sized effect at high deciles. A higher probability of congestion means that wind power cannot flow

out and instead adds supply to the area, pressing down the price.

To formally investigate the role of congestion, we use a specification where the wind power deciles

interact with an indicator variable for congestion. For simplicity, we focus on prices in the DK2 area. We

can write the specification as in equation 6, where the effects of wind power in the DK1 and DK2 areas

are allowed to vary by whether there was congestion between DK2 and DK1 at time t, Ct,DK1 or DK2

and SE4, Ct,SE4, where Ct,i is an indicator variable. The design of the electricity market is such that

prices between areas will only diverge when there is congestion between areas. Congestion can therefore be

detected in the data by observing whether in any given hour, prices are different between areas (Ct,i = 1),
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or not (Ct,i = 0).

ζDK1 represents the vector of coefficients on the interaction term. For simplicity, we exclude wind

power in the SE4 areas, since this was not shown to have any significant effect on prices in the DK2 area.
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A summary of the results is shown in figure 15. The estimated coefficients on the dynamic terms are

shown in column 5 in table 2. Looking at the left panel of figure 15, the effects of wind power generated

in DK1 has a progressively more negative effect on prices in DK2 in periods without congestion. On the

other hand, wind power in DK1 has no significant effect on prices in DK2 in periods with congestion. But

the largest effect of wind power in DK2 on its own prices is in the 90th decile when there is congestion

with the SE4 price area.

Wind power in the DK2 price area is estimated to have at most only modest effects on prices in the

DK2 area over all the deciles when there is not congestion. This seems to indicate that excess wind in

these periods flows to neighboring areas, rather than adding to local supply that presses down prices. With

congestion, wind power in the 90th percentile is estimated to press down prices significantly.

The specification that takes into account congestion in the grid gives a nuanced picture of how wind

power effects prices in the market. On the one hand, the absence of congestion allows for wind power in a

neighboring DK1 area to negatively affect prices. On the other hand, congestion also amplifies the effects

of wind power’s effect on its own prices at high deciles. When there is a lack of congestion from the DK2

to the SE4 area, wind power generated in DK2 has little effect on prices in its own areas. Presumably, the

main effect of increased wind power would be an increased flow of electricity to the Swedish price areas.

Geography is likely a key factor behind these results. Without congestion, excess wind energy can

flow into the Swedish price areas, where the hydro-power stations located in the northern price areas can

flexibly adjust their production. This provides an explanation of why congestion between DK2 and SE4

areas is so important in determining the effects of wind power on prices in the DK2 area.

The results so far illustrate some of the weaknesses of simpler models that only estimate a marginal

average effect. Such models will often be interpreted such that moderate amounts of wind power will press

down prices. Our results show that this is not necessarily so, and that the effects of wind power on price

are largely during high-production times and heavily dependent on congestion in the system.
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Figure 15: The effect of wind power in deciles on prices in the DK2 price area conditional on
congestion. The left pane shows the effects of wind power generated in the DK1 area, while the
right pane shows the effects of wind power generated in the DK2 area. The dots represent OLS
estimates, while the bands represent 95% confidence intervals. Light grey indicates estimates with
no congestion. Dark grey indicates congestion between DK2 and SE4 areas, and black indicates
congestion between DK2 and DK1 areas.
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4.2 Wind power deciles and transmission flows

To further investigate the role of transmission flows, we again construct a two-stage procedure, but this

time we use net exchange between DK1 and DK2, and DK2 and SE4 as the dynamic dependent variable.

As before, we first decompose the dependent variable into deterministic and stochastic components by

running a regression as shown in equation 7. Here, NXt, represents the net exchange between two prices

areas. This is sum of imports (-) and exports (+) over any given hour between two price areas.

As with the first-stage regression on prices, the deterministic elements relating to month-of-year, hour

and day-of-week are estimated and controlled for, leaving the stochastic component, captured by the

residual, unx
t .

nxt = α+ month + hour + dow + unx
t (7)

As with the estimation of prices, the stochastic component is then modelled as a dynamic process

with wind power deciles, as shown in equations 8. Compared to the modelling of prices, a slightly

different specification for the dynamic process is found to provide the best fit for the net-exchange

time series. Three (hourly) autoregressive terms plus an autoregressive term at the 23rd hour pro-

vided the best fit. In addition to the dynamic specification, coefficients on the decile indicators for wind
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The estimates for the wind decile indicators are shown in figure 16. In the left panel, the effects on

net exchange between DK2 and DK1 are shown. A positive value indicates net export to DK1. Where

wind power in DK2 and SE4 are estimated to have a modest positive effect on flow from DK2 to DK1 at

the higher deciles. However, the biggest effect came from wind power in the DK1 area, which is estimated

to have a strong effect on flow in the direction from DK2 to DK1. The effect seems to be non-linearly

stronger at the highest deciles.

In the right panel, the estimated effects of wind power on net exchange between DK2 and SE4 are

shown. Both wind power in DK1 and DK2 are shown to have significant effects on flow to the Swedish
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Figure 16: The effect of wind power on net exchange. The left panel shows results where flow
between DK2 to DK1 is the dependent variable. The right panel shows results where flow between
SE4 to DK2 is the dependent variable. The points represent OLS point estimates and the bands
represent 95% confidence intervals. The light grey estimates are for wind power generated the SE4
area. The dark grey estimates are for wind power generated in the DK2 area, while the black
estimates are for wind power generated in the DK1 area.

price area, especially at the highest deciles. Wind power in SE4 appears to have a substantial effect on

flow from SE4 to DK2, which is approximately linearly increasing by decile.

The estimates on net exchange help support the interpretation of results from the price effects. Excess

wind power will tend to lead to increased net flows in the direction of the flexible hydro power in the

Swedish price areas. Transmission limits and resulting congestion led to an out-sized effect on prices at

higher deciles of wind power production.

Exchange between the wind power areas tends to be one sided. This appears to be evidence against the

geographical diversification hypothesis. If geographic diversification of wind power were a driving factor

in the flows, then we would expect to see, for example, flows into the DK1 area from DK2 under the high

wind power deciles in DK2. But this is not observed. The explanation is the high correlation of wind power

at the high deciles. This leads to a flow towards the hydropower areas, and in the case of congestion, an

effect on prices.

5 Conclusions

Geographic diversification of wind power with sufficient transmission capacity between areas is seen as one

of the primary ways of mitigating the technology’s inherent intermittency. With a case study from the

Nordic electricity market, we show evidence for the diversifying effects of geographic separation at moderate
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levels of wind power production. There tends to be low correlations between wind power production in

different price areas, and this correlation quickly goes towards zero as distance increases. Furthermore,

at moderate levels of wind power, extra generation can be exported through the transmission network,

leading to only moderate effects on prices.

However, we also document how wind power correlations across areas increase markedly at high quan-

tiles of wind power production. Combined with the effects of congestion at times of high wind power, this

can lead to non-linearly large effects on prices. This effect has the potential to increase risk for actors in

the power market under large penetrations of wind power, as prices are pressed down to low levels, and

leading to less price certainty for investors and other actors on the market.

Denmark and southern Sweden consists of three interconnected price areas with large amounts of wind

power and provides a useful case study in how wind power affects power prices and flow between areas.

The results of this study are in some ways particular to the geography and generation profile of the Nordic

electricity market. But the study presents some important broader lessons. First, statistical and econo-

metric models of wind power’s effect on prices that rely on estimating a single point estimate representing

an average marginal effect overlook the significant variation across the distribution of production. Another

broad point is that wind power can be expected to have a complex effect on prices in a power market: The

effects are highly dependent on factors such as geography, congestion in the transmission network, and

the composition and generation in the market. Finally, the diversifying effects of geographically dispersed

wind power that is evident at moderate periods of generation, should not necessarily be expected to hold

at more extreme periods, where wind power tends to be more highly correlated across geographies and

transmission capacity more limited.

The results have implications for electricity market design and policy. The Nordic market relies on a

zonal market with a uniform price within predefined areas. However, such aggregated price areas can lead

to substantial inefficiencies if there are substantial geographic variations in the marginal cost of generation

within these areas, something our analysis suggests is likely. In other markets, such as the PJM market in

the US, nodal systems are used that in theory provide the correct match between the price and marginal

cost of electricity at any point in the network given all the technical and physical constraints (Hogan, 1992;

Green, 2007; Bjorndal et al., 2014). Bjørndal et al. (2018) proposes a hybrid zonal-nodal approach as an

optimal market solution under high penetrations of wind power. Such nodal or hybrid systems system

that better provide locational marginal price signals would also provide better incentives for the optimal

location of wind farms Lewis (2010).

The findings in this article also underlines the importance of arguments presented by among others

Schmalensee (2016) and Green et al. (2016) that incentive schemes should to the greatest extent possible be

geographically neutral, allowing investors to base their locational decisions on wind conditions and market

prices. Many incentive policies at the state and national level lead to inefficient placement of wind power.

The article also underlines the importance of investing in long-distance transmission with large penetrations

of wind power as well as designing appropriate financial instruments–such as Financial Transmission Rights

(Hogan, 1992)–that provide the correct incentives for both optimal geographic investment in wind power
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as well as transmission capacity.

There are important considerations such as the role of market power, market design (as discussed

above), and the role of financial markets that we do not explicitly consider in this article. In addition,

we have restricted ourselves to effects on prices in the day-ahead market. Undoubtedly, wind power will

also effect the shorter term markets such as the hour-ahead market and balancing market. These are all

promising avenues for future research.
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A GETS Analysis

In the main sections of the article we present the full results of our models, including parameter estimates

that were not significant. In this section we present alternative specifications using an algorithm based on

the General To Specific (GETS) procedure (Campos et al., 2005).

The GETS procedure is particularly well adapted as a variable selection procedure for time series

models. The basic intuition for the algorithm is that it iteratively removes the least significant covariate

from a base model, compares information criteria (AIC) of the new model with the old, and then repeats

the process until an optimal model, as measured by AIC, is reached. In addition, the algorithm includes

robustness mechanisms that vary the order of removal.

In general we found the process of GETS modelling to reinforce our stated results. We provide details

about the GETS results below.

We start with model written in equation 5, which is the first model with a substantial number of

covariates. Table 3 shows the results from the optimal model selected by the algorithm for both regressions

where prices in the DK2 and SE4 areas are the left-hand-side variables.

Not surprisingly, the deciles for wind power in the SE4 area are removed as covariates. These deciles

were not shown to be significant in the full model. However, when the SE4 deciles were removed, it had

the effect of also slightly attenuating the estimates for the DK2 deciles, several of which were significant in

the full model, leaving only the highest decile of wind power for the DK2 area as significant. This model

provides some strengthening of one of the main findings: That the highest deciles of wind power can have

a disproportionately large effect on prices.

However, as a matter of interpretation, the GETS model is not materially different from the full model

presented in the main text. We report the AIC value of the optimal model as well as the "one-cut" model–

which represents the model where all non-significant (at the 5% level) covariates are removed from the full
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Table 3: GETS model
DK2 SE4

coef std.error coef std.error
ar1 1.07a 0.03 1.06a 0.04
ar2 −0.22a 0.03 −0.22a 0.03
ar23 0.16a 0.02 0.15a 0.03
ar24 0.17a 0.04 0.20a 0.04
ar25 −0.18a 0.04 −0.20a 0.04
ar26 −0.07a 0.02 −0.05a 0.02
(Intercept) 43.57a 5.34 38.32a 5.15
wind_DK1_deciles40_50 −32.00a 10.06 −43.06a 9.40
wind_DK1_deciles50_60 −40.85a 9.98 −36.13a 9.23
wind_DK1_deciles60_70 −63.62a 10.86 −61.33a 9.92
wind_DK1_deciles70_80 −74.84a 10.56 −67.88a 9.61
wind_DK1_deciles80_90 −90.13a 12.66 −68.05a 10.56
wind_DK1_deciles90_100 −93.75a 14.81 −86.42a 11.88
wind_DK2_deciles90_100 −38.51a 12.94 −17.39a 7.94
a: p<0.01, b: p<0.05, c: p<0.10
AIC: 14.904
AIC ("One-Cut"): 14.904

model. The AIC values are equivalent up to 3 decimal points. This provides support for relying on an

interpretation of the full model, where non-significant covariates are disregarded. In this one-cut model,

the wind power terms from DK2 are still included

We also complete a GETS analysis of the model written in equation 6 where the deciles are interacted

with dummy variables representing whether there was congestion between the price areas. Only prices

in the DK2 areas were used as the left-hand-side variables in this regression. Results of the sparsest

specification are shown in table 4. Though, it should be noted that several other specifications, with a

larger number of covariates included were found that had identical AIC statistics (to the third decimal).

As a matter of interpretation the GETS modelling again reinforces the results from the full model

discussed in the full section. The upper 5 deciles of wind in the DK1 area during uncongested times have

a unambiguous negative effect on prices in the DK2 area. When there is congestion between the DK2 and

SE4 area, wind power in DK2 also has a strong negative effect on prices in the three top deciles of wind

power production. All these results are in line with the full model presented in the main section.

Three positive terms for wind power deciles are also included in this specification, but these are of

dubious value in terms interpretation. Two are estimated with a p-value of between .01 and .05 and one

has a p-value of over .10. When we run the algorithm, setting the critical value to .01 all three disappear

from the specification. Even without this change, all three terms are absent in other specifications that give

an equivalent AIC value. In terms of theory there is little logic that would indicate that more wind power

production could drive prices higher. Instead, the estimated point coefficients seem likely to be driven by

the positive effect on prices of congestion that is not fully controlled for by the congestion dummies.
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Table 4: GETS model
coef std.error

ar1 1.05a 0.03
ar2 −0.22a 0.03
ar23 0.15a 0.02
ar24 0.17a 0.04
ar25 −0.18a 0.04
ar26 −0.07a 0.02
(Intercept) 21.03a 5.17
DK2_DK1Congesteda 65.77 7.85
wind_DK1_deciles40_50a −42.84 10.11
wind_DK1_deciles50_60a −49.07 9.90
wind_DK1_deciles60_70a −64.82 10.96
wind_DK1_deciles70_80a −80.00 10.47
wind_DK1_deciles80_90a −90.19 13.77
wind_DK1_deciles90_100a −106.73 13.42
DK2_SE4Congested 47.31a 13.04
DK2_DK1Congested:wind_DK1_deciles80_90 41.36b 20.42
DK2_SE4Congested:wind_DK2_deciles70_80 −150.71a 36.04
DK2_SE4Congested:wind_DK2_deciles80_90 −126.39a 36.73
DK2_SE4Congested:wind_DK2_deciles90_100 −217.26a 37.33
DK2_SE4Congested: wind_DK1_deciles40_50: 82.86b 38.00
DK2_SE4Congested:wind_DK1_deciles80_90 −115.67a 34.73
DK2_DK1Congested:wind_DK2_deciles20_30 55.58 36.62
a: p<0.01, b: p<0.05, c: p<0.10
AIC: 14.888

References

Jessica Trancik. Technology improvements and emissions reductions as mutually reinforcing efforts.

Technical report, MASSACHUSETTS INSTITUTE OF TECHNOLOGY, November 2015. URL

http://trancik.scripts.mit.edu/home/wp-content/uploads/2015/11/Trancik_INDCReport.pdf.

Domenico Campisi, Simone Gitto, and Donato Morea. Effectiveness of incentives for wind energy: Models

and empirical evidence from an italian case study. Journal of Sustainability Science and Management,

11:10.

Eric Williams, Eric Hittinger, Rexon Carvalho, and Ryan Williams. Wind power costs expected to decrease

due to technological progress. Energy Policy, 106:427–435, July 2017. ISSN 0301-4215. doi: 10.1016/j.

enpol.2017.03.032. URL http://www.sciencedirect.com/science/article/pii/S0301421517301763.

RyanWiser, Mark Bolinger, and Eric Lantz. Assessing wind power operating costs in the United States: Re-

sults from a survey of wind industry experts. Renewable Energy Focus, 30:46–57, September 2019. ISSN

1755-0084. doi: 10.1016/j.ref.2019.05.003. URL http://www.sciencedirect.com/science/article/

pii/S1755008419300092.

Ryan Wiser, Dev Millstein, Mark Bolinger, Seongeun Jeong, and Andrew Mills. The hidden value of

large-rotor, tall-tower wind turbines in the United States. Wind Engineering, page 0309524X20933949,

July 2020. ISSN 0309-524X. doi: 10.1177/0309524X20933949. URL https://doi.org/10.1177/

0309524X20933949. Publisher: SAGE Publications.

25

http://trancik.scripts.mit.edu/home/wp-content/uploads/2015/11/Trancik_INDCReport.pdf
http://www.sciencedirect.com/science/article/pii/S0301421517301763
http://www.sciencedirect.com/science/article/pii/S1755008419300092
http://www.sciencedirect.com/science/article/pii/S1755008419300092
https://doi.org/10.1177/0309524X20933949
https://doi.org/10.1177/0309524X20933949


Oliver Grothe and Julius Schnieders. Spatial dependence in wind and optimal wind power allocation: A

copula-based analysis. Energy Policy, 39(9):4742–4754, September 2011. ISSN 0301-4215. doi: 10.1016/j.

enpol.2011.06.052. URL http://www.sciencedirect.com/science/article/pii/S0301421511005088.

Sofia Simoes, Marianne Zeyringer, Dieter Mayr, Thomas Huld, Wouter Nijs, and Johannes Schmidt. Impact

of different levels of geographical disaggregation of wind and PV electricity generation in large energy

system models: A case study for Austria. Renewable Energy, 105:183–198, May 2017. ISSN 0960-

1481. doi: 10.1016/j.renene.2016.12.020. URL http://www.sciencedirect.com/science/article/pii/

S0960148116310680.

Joshua Novacheck and Jeremiah X. Johnson. Diversifying wind power in real power systems. Renewable

Energy, 106:177–185, June 2017. ISSN 0960-1481. doi: 10.1016/j.renene.2016.12.100. URL http:

//www.sciencedirect.com/science/article/pii/S0960148116311697.

Warren Katzenstein, Emily Fertig, and Jay Apt. The variability of interconnected wind plants. Energy

Policy, 38(8):4400–4410, August 2010. ISSN 0301-4215. doi: 10.1016/j.enpol.2010.03.069. URL http:

//www.sciencedirect.com/science/article/pii/S0301421510002594.

Fabien Roques, Céline Hiroux, and Marcelo Saguan. Optimal wind power deployment in Europe—A

portfolio approach. Energy Policy, 38(7):3245–3256, July 2010. ISSN 0301-4215. doi: 10.1016/j.enpol.

2009.07.048. URL http://www.sciencedirect.com/science/article/pii/S030142150900545X.

Richard Schmalensee. The Performance of U.S. Wind and Solar Generators. The Energy Journal, 37

(1), January 2016. ISSN 01956574. doi: 10.5547/01956574.37.1.rsch. URL http://www.iaee.org/en/

publications/ejarticle.aspx?id=2680.

Richard Green, Danny Pudjianto Iain Staffell, and Goran Strbac. Market Design for Long-Distance Trade

in Renewable Electricity. The Energy Journal, 37(01), September 2016. ISSN 01956574. doi: 10.5547/

01956574.37.SI2.rgre. URL http://www.iaee.org/en/publications/ejarticle.aspx?id=2727.

P. Hartmann, S. Straetmans, and C. G. de Vries. Asset Market Linkages in Crisis Periods. The Re-

view of Economics and Statistics, 86(1):313–326, February 2004. ISSN 0034-6535. doi: 10.1162/

003465304323023831. URL https://doi.org/10.1162/003465304323023831.

Wuyi Ye, Kebing Luo, and Xiaoquan Liu. Time-varying quantile association regression model with appli-

cations to financial contagion and VaR. European Journal of Operational Research, 256(3):1015–1028,

February 2017. ISSN 0377-2217. doi: 10.1016/j.ejor.2016.07.048. URL http://www.sciencedirect.

com/science/article/pii/S0377221716306038.

Angelica Gianfreda and Derek Bunn. A Stochastic Latent Moment Model for Electricity Price Formation.

Operations Research, 66(5):1189–1203, August 2018. ISSN 0030-364X. doi: 10.1287/opre.2018.1733.

URL https://pubsonline.informs.org/doi/abs/10.1287/opre.2018.1733.

26

http://www.sciencedirect.com/science/article/pii/S0301421511005088
http://www.sciencedirect.com/science/article/pii/S0960148116310680
http://www.sciencedirect.com/science/article/pii/S0960148116310680
http://www.sciencedirect.com/science/article/pii/S0960148116311697
http://www.sciencedirect.com/science/article/pii/S0960148116311697
http://www.sciencedirect.com/science/article/pii/S0301421510002594
http://www.sciencedirect.com/science/article/pii/S0301421510002594
http://www.sciencedirect.com/science/article/pii/S030142150900545X
http://www.iaee.org/en/publications/ejarticle.aspx?id=2680
http://www.iaee.org/en/publications/ejarticle.aspx?id=2680
http://www.iaee.org/en/publications/ejarticle.aspx?id=2727
https://doi.org/10.1162/003465304323023831
http://www.sciencedirect.com/science/article/pii/S0377221716306038
http://www.sciencedirect.com/science/article/pii/S0377221716306038
https://pubsonline.informs.org/doi/abs/10.1287/opre.2018.1733


Rune Ramsdal Ernstsen and Trine Krogh Boomsma. Valuation of power plants. European Journal of

Operational Research, 266(3):1153–1174, May 2018. ISSN 0377-2217. doi: 10.1016/j.ejor.2017.10.052.

URL http://www.sciencedirect.com/science/article/pii/S0377221717309657.

Chung-Li Tseng and Graydon Barz. Short-Term Generation Asset Valuation: A Real Options Approach.

Operations Research, 50(2):297–310, April 2002. ISSN 0030-364X. doi: 10.1287/opre.50.2.297.429. URL

https://pubsonline.informs.org/doi/abs/10.1287/opre.50.2.297.429.

Matt Thompson, Matt Davison, and Henning Rasmussen. Valuation and Optimal Operation of Electric

Power Plants in Competitive Markets. Operations Research, 52(4):546–562, August 2004. ISSN 0030-

364X. doi: 10.1287/opre.1040.0117. URL https://pubsonline.informs.org/doi/abs/10.1287/opre.

1040.0117.

J. I. Munoz, J. Contreras, J. Caamano, and P. F. Correia. A decision-making tool for project investments

based on real options: the case of wind power generation. Annals of Operations Research, 186(1):

465, May 2011. ISSN 1572-9338. doi: 10.1007/s10479-011-0856-9. URL https://doi.org/10.1007/

s10479-011-0856-9.

Liliana Gelabert, Xavier Labandeira, and Pedro Linares. An ex-post analysis of the effect of renewables

and cogeneration on Spanish electricity prices. Energy Economics, 33:S59–S65, December 2011. ISSN

0140-9883. doi: 10.1016/j.eneco.2011.07.027. URL http://www.sciencedirect.com/science/article/

pii/S0140988311001575.

Janina C. Ketterer. The impact of wind power generation on the electricity price in Germany. Energy

Economics, 44:270–280, July 2014. ISSN 0140-9883. doi: 10.1016/j.eneco.2014.04.003. URL http:

//www.sciencedirect.com/science/article/pii/S0140988314000875.

Florentina Paraschiv, David Erni, and Ralf Pietsch. The impact of renewable energies on EEX day-ahead

electricity prices. Energy Policy, 73:196–210, October 2014. ISSN 0301-4215. doi: 10.1016/j.enpol.2014.

05.004. URL http://www.sciencedirect.com/science/article/pii/S0301421514002845.

Machiel Mulder and Bert Scholtens. The impact of renewable energy on electricity prices in the Netherlands.

Renewable Energy, 57:94–100, September 2013. ISSN 0960-1481. doi: 10.1016/j.renene.2013.01.025. URL

http://www.sciencedirect.com/science/article/pii/S0960148113000505.

Le Wen, Basil Sharp, and Erwann Sbai. Spatial Effects of Wind Generation and Its Implication for Wind

Farm Investment Decisions in New Zealand. The Energy Journal, 41(2), April 2020. ISSN 01956574. doi:

10.5547/01956574.41.2.lwen. URL http://www.iaee.org/en/publications/ejarticle.aspx?id=3477.

Brian Rivard and Adonis Yatchew. Integration of Renewables into the Ontario Electricity System. The

Energy Journal, 37(01), September 2016. ISSN 01956574. doi: 10.5547/01956574.37.SI2.briv. URL

http://www.iaee.org/en/publications/ejarticle.aspx?id=2738.

27

http://www.sciencedirect.com/science/article/pii/S0377221717309657
https://pubsonline.informs.org/doi/abs/10.1287/opre.50.2.297.429
https://pubsonline.informs.org/doi/abs/10.1287/opre.1040.0117
https://pubsonline.informs.org/doi/abs/10.1287/opre.1040.0117
https://doi.org/10.1007/s10479-011-0856-9
https://doi.org/10.1007/s10479-011-0856-9
http://www.sciencedirect.com/science/article/pii/S0140988311001575
http://www.sciencedirect.com/science/article/pii/S0140988311001575
http://www.sciencedirect.com/science/article/pii/S0140988314000875
http://www.sciencedirect.com/science/article/pii/S0140988314000875
http://www.sciencedirect.com/science/article/pii/S0301421514002845
http://www.sciencedirect.com/science/article/pii/S0960148113000505
http://www.iaee.org/en/publications/ejarticle.aspx?id=3477
http://www.iaee.org/en/publications/ejarticle.aspx?id=2738


Tryggvi Jonsson, Pierre Pinson, and Henrik Madsen. On the market impact of wind energy forecasts.

Energy Economics, 32(2):313–320, March 2010. ISSN 0140-9883. doi: 10.1016/j.eneco.2009.10.018.

URL http://www.sciencedirect.com/science/article/pii/S0140988309002011.

Carlos Gonzalez-Pedraz, Manuel Moreno, and Juan Ignacio Pena. Tail risk in energy portfolios. Energy

Economics, 46:422–434, November 2014. ISSN 0140-9883. doi: 10.1016/j.eneco.2014.05.004. URL

http://www.sciencedirect.com/science/article/pii/S0140988314001121.

Christina Elberg and Simeon Hagspiel. Spatial dependencies of wind power and interrelations with spot

price dynamics. European Journal of Operational Research, 241(1):260–272, February 2015. ISSN 0377-

2217. doi: 10.1016/j.ejor.2014.08.026. URL http://www.sciencedirect.com/science/article/pii/

S0377221714006614.

Endre Bjørndal, Mette Bjørndal, Hong Cai, and Evangelos Panos. Hybrid pricing in a coupled Euro-

pean power market with more wind power. European Journal of Operational Research, 264(3):919–931,

February 2018. ISSN 0377-2217. doi: 10.1016/j.ejor.2017.06.048. URL http://www.sciencedirect.

com/science/article/pii/S0377221717305891.

Paul L. Joskow. Comparing the Costs of Intermittent and Dispatchable Electricity Generating Technolo-

gies. American Economic Review, 101(3):238–241, May 2011. ISSN 0002-8282. doi: 10.1257/aer.101.3.

238. URL https://www.aeaweb.org/articles?id=10.1257/aer.101.3.238.

Lion Hirth. The market value of variable renewables: The effect of solar wind power variability on their

relative price. Energy Economics, 38:218–236, July 2013. ISSN 0140-9883. doi: 10.1016/j.eneco.2013.

02.004. URL http://www.sciencedirect.com/science/article/pii/S0140988313000285.

Richard Green and Nicholas Vasilakos. Storing Wind for a Rainy Day: What Kind of Electricity Does

Denmark Export? The Energy Journal, 33(3):1–22, 2012. ISSN 0195-6574. URL https://www.jstor.

org/stable/23268092.

Johannes Mauritzen. Dead Battery? Wind Power, the Spot Market, and Hydropower Interaction in the

Nordic Electricity Market. The Energy Journal, 34(1):103–123, 2013. ISSN 0195-6574. URL https:

//www.jstor.org/stable/41969213.

Michael Greenstone and Ishan Nath. Do Renewable Portfolio Standards Deliver Cost-Effective Carbon

Abatement? SSRN Scholarly Paper ID 3374942, Social Science Research Network, Rochester, NY,

November 2020. URL https://papers.ssrn.com/abstract=3374942.

John Carlin and John Haslett. The Probability Distribution of Wind Power From a Dispersed Array of

Wind Turbine Generators. Journal of Applied Meteorology, 21(3):303–313, March 1982. ISSN 0021-8952.

doi: 10.1175/1520-0450(1982)021<0303:TPDOWP>2.0.CO;2. URL https://journals.ametsoc.org/

doi/abs/10.1175/1520-0450(1982)021%3C0303%3ATPDOWP%3E2.0.CO%3B2.

28

http://www.sciencedirect.com/science/article/pii/S0140988309002011
http://www.sciencedirect.com/science/article/pii/S0140988314001121
http://www.sciencedirect.com/science/article/pii/S0377221714006614
http://www.sciencedirect.com/science/article/pii/S0377221714006614
http://www.sciencedirect.com/science/article/pii/S0377221717305891
http://www.sciencedirect.com/science/article/pii/S0377221717305891
https://www.aeaweb.org/articles?id=10.1257/aer.101.3.238
http://www.sciencedirect.com/science/article/pii/S0140988313000285
https://www.jstor.org/stable/23268092
https://www.jstor.org/stable/23268092
https://www.jstor.org/stable/41969213
https://www.jstor.org/stable/41969213
https://papers.ssrn.com/abstract=3374942
https://journals.ametsoc.org/doi/abs/10.1175/1520-0450(1982)021%3C0303%3ATPDOWP%3E2.0.CO%3B2
https://journals.ametsoc.org/doi/abs/10.1175/1520-0450(1982)021%3C0303%3ATPDOWP%3E2.0.CO%3B2


Roger Koenker and Gilbert Bassett. Regression Quantiles. Econometrica, 46(1):33–50, 1978. ISSN 0012-

9682. doi: 10.2307/1913643. URL https://www.jstor.org/stable/1913643. Publisher: [Wiley, Econo-

metric Society].

Gideon Schwarz. Estimating the Dimension of a Model. Annals of Statistics, 6(2):461–464, March 1978.

ISSN 0090-5364, 2168-8966. doi: 10.1214/aos/1176344136. URL https://projecteuclid.org/euclid.

aos/1176344136. Publisher: Institute of Mathematical Statistics.

R Core Team. R: A Language and Environment for Statistical Computing. R Foundation for Statistical

Computing, Vienna, Austria, 2019. URL https://www.R-project.org/.

Felix Pretis, J. James Reade, and Genaro Sucarrat. Automated General-to-Specific (GETS) Regression

Modeling and Indicator Saturation for Outliers and Structural Breaks. Journal of Statistical Software, 86

(1):1–44, September 2018. ISSN 1548-7660. doi: 10.18637/jss.v086.i03. URL https://www.jstatsoft.

org/index.php/jss/article/view/v086i03.

Halbert White. A Heteroskedasticity-Consistent Covariance Matrix Estimator and a Direct Test for Het-

eroskedasticity. Econometrica, 48(4):817–838, 1980. ISSN 0012-9682. doi: 10.2307/1912934. URL

https://www.jstor.org/stable/1912934. Publisher: [Wiley, Econometric Society].

J Campos, DF Hendry, and NR Ericsson. General-to-Specific Modeling. Edward Elgar Publishing, Chel-

tenham, 2005.

William W. Hogan. Contract networks for electric power transmission. Journal of Regulatory Economics,

4(3):211–242, September 1992. ISSN 1573-0468. doi: 10.1007/BF00133621. URL https://doi.org/

10.1007/BF00133621.

Richard Green. Nodal pricing of electricity: how much does it cost to get it wrong? Jour-

nal of Regulatory Economics, 31(2):125–149, 2007. URL https://ideas.repec.org/a/kap/regeco/

v31y2007i2p125-149.html. Publisher: Springer.

E. Bjorndal, M. Bjorndal, and H. Cai. Nodal pricing in a coupled electricity market. In 11th International

Conference on the European Energy Market (EEM14), pages 1–6, May 2014. doi: 10.1109/EEM.2014.

6861222. ISSN: 2165-4093.

Geoffrey McD. Lewis. Estimating the value of wind energy using electricity locational marginal price.

Energy Policy, 38(7):3221–3231, July 2010. ISSN 0301-4215. doi: 10.1016/j.enpol.2009.07.045. URL

http://www.sciencedirect.com/science/article/pii/S0301421509005631.

29

https://www.jstor.org/stable/1913643
https://projecteuclid.org/euclid.aos/1176344136
https://projecteuclid.org/euclid.aos/1176344136
https://www.R-project.org/
https://www.jstatsoft.org/index.php/jss/article/view/v086i03
https://www.jstatsoft.org/index.php/jss/article/view/v086i03
https://www.jstor.org/stable/1912934
https://doi.org/10.1007/BF00133621
https://doi.org/10.1007/BF00133621
https://ideas.repec.org/a/kap/regeco/v31y2007i2p125-149.html
https://ideas.repec.org/a/kap/regeco/v31y2007i2p125-149.html
http://www.sciencedirect.com/science/article/pii/S0301421509005631

	Introduction
	The Nordic Electricity Market and Data
	Wind power production: Distributions and geographic correlations
	Dynamic decile group model
	Wind power and prices in two price areas.
	Wind power deciles and transmission flows

	Conclusions
	Acknowledgments
	GETS Analysis

