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A B S T R A C T   

Demand side management enables flexible electricity consumers to participate in system services that contribute 
to enhanced integration of renewable energy sources. The specific market timing, pricing scheme and demand 
response program decide in which way consumers receive and react to incentives. Aside from pricing, several 
other parameters were found to greatly influence consumer response. Policy makers can improve the market 
design of wholesale and balancing markets. This would be a necessary tool to increase the demand side flexi-
bility, but could also be used to allow better forecasts of production. Here, the impact of lead time on the 
flexibility of consumers is investigated and its impact on social welfare is estimated. The price elasticity of 
consumers can vary in different ways depending on the lead time and estimations may be uncertain. Therefore, 
the concept of a demand flexibility gap is proposed in order to quantify how the uncertainty of consumers’ 
responses may affect the social welfare of such a policy change. We recommend that lead time should be 
considered in electricity market design, e.g., in consecutive ahead markets in order to tap the full potential of 
flexibility from the demand side.   

1. Introduction 

The increasing share of intermittent renewable energy generation 
challenges the conventional power system operation. Uncertainties 
extend beyond demand forecasting and outages also towards renewable 
production forecasting. While renewable energy generation forecasts 
are continuously improving, there remains an inherent probabilistic 
forecast error. In addition, forecasting errors depend on numerical 
weather predictions that improve with shorter forecast horizons. 
Therefore, the forecast horizon of renewable generation and the lead 
time of balancing reserves are important factors for power system 
balancing. 

There exist several means to balance the power system on different 
time scales. In addition to conventional strategies of controlling the 
supply side and storage technologies, demand side management (DSM) 
has been suggested (US Department of Energy, 2006; Albadi and 
El-Saadany, 2008) as an efficient option to involve the demand side in 
balancing services. Around the world, many demand response (DR) 

projects have been implemented in pilot projects and for commercial 
use. Commercial programs mainly involve large industrial consumers 
(US Department of Energy, 2006). However, in some countries resi-
dential consumers can choose to receive hourly DA spot market prices, e. 
g., in Sweden and Norway (Hofmann and Lindberg, 2019). 

Accurate information regarding the uncertainty of wind power 
forecasts is key to efficient and cost-effective integration of wind power. 
Xydas et al. (2016) presents a methodology for producing probabilistic 
wind power forecast scenarios on a rolling horizon in order to investi-
gate how the uncertainty in wind forecasts affect the operation of power 
systems. The review of Dagoumas and Koltsaklis (2019) provides models 
employed to integrate renewable energy sources in the generation 
expansion planning. A new wind offering strategy is proposed by Mah-
moudi et al. (2014) in which a wind power producer employs DR to cope 
with the power production uncertainty and market violations. 

Fig. 1 shows the typical qualitative development of wind power 
forecast errors, as reported by Dobschinski (2014). The improvement 
behaves approximately linear on a long forecast horizon and shows 
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significant improvement for short forecast horizons. In addition, the 
time frame of current electricity markets is illustrated Fig. 1. Since the 
day-ahead (DA) market typically closes at 12:00, the forecast horizon for 
wind power production on the following day lies between 12 and 35 h. 
The use of such long forecast horizons for DA planning can result in 
significant power imbalances in real time operation. These imbalances 
can be balanced in the intra-day (ID) and balancing markets by flexible 
units. 

DR is viewed as a practical and relatively low-cost solution to 
increasing penetration of intermittent renewable generation in bulk 
electric power systems. Reference Behboodi et al. (2016) examines the 
optimal installed capacity allocation of renewable resources in 
conjunction with DR. The authors find that the inter-hourly DR magni-
tude is much less helpful in promoting additional renewables than 
intra-hourly demand elasticity. 

1.1. Modeling attempts to capture demand response 

Existing DR research has not established a systematic approach to 
assess how different factors work together to drive DR development. An 
attempt to fill this gap is found in the review of Shen et al. (2014) that 
provides a comprehensive overview on how policy and regulations, 
electricity market reform, and technological advancement have worked 
for DR to become a viable demand-side resource to address the energy 
and environmental challenges. The uncertainty surrounding the value of 
DR hinders a more widespread roll-out. Thus, there is a need to evaluate 
DR if its full potential is to be realized. To this end, a comprehensive 
literature review is presented by Nolan and O’Malley (2015) which 
identifies some of the key barriers to the deployment and the challenges 
to the evaluation of DR. 

Reference Majidi et al. (2019) reviews the research works that used 
information gap decision theory for uncertainty modeling in power 
systems. One of the critical challenges in demand response, particularly 
for residential demand response is identified by Lee et al. (2019) in the 
calculation of the customer baseline load. The concept of a virtual 
control group is proposed to evaluate the response from pilot programs. 
The authors of Sandels et al. (2014, 2016) present a simulation model 
that forecasts electricity load profiles for a population of Swedish 
households living in detached houses. 

DR is commonly modeled under the assumption that end-users are 
rational and active economic agents. Existing techno-economic ap-
proaches for flexible power systems modeling do not recognize that DR 
is heavily influenced by the biases and preferences of consumers. This 
has consistently resulted in seemingly inexplicable gaps between 
modeled and observed results for demand response schemes. Recently, 
several researchers have started addressing this issue (Good, 2019; 
Afzalan and Jazizadeh, 2019; Zeng et al., 2019). Behavioral economics 
are proposed in Good (2019) in order to apply psychological insights 
into economic modeling to address this problem. This review summa-
rizes ideas from behavioral economics in energy related studies. The 
results demonstrate that consideration of biases can impact modeling of 
DR provision, especially when demand for an energy end-service is high. 
The varying potential of user contribution due to the highly-varied usage 

behavior is systematically distinguished by Afzalan and Jazizadeh 
(2019) with a data-driven approach. The approach of Zeng et al. (2019) 
to assess the capacity value of DR includes both physical and 
human-related analyses in DR programs in their methodological 
framework. 

1.2. Behavioral economics perspective on temporal choice 

However, the demand response literature has not been able to cap-
ture seemingly irrational, specious consumer choices that do not purely 
depend on pricing signals. Therefore, we extend the horizon of relevant 
literature outside of traditional power system and power system eco-
nomics platforms, here, specifically to impulse control in psychology 
and time preference in behavioral economics. Ainslie (1975) notes that 
impulsiveness seems to be best accounted for by hyperbolic curves that 
describe the decline of effectiveness of rewards as rewards are delayed 
from the time of choice. Such curves predict a reliable change of choice 
between some alternative rewards as a function of time. This change of 
choice provides a rationale for the known kinds of impulse control and 
relates them to perplexing phenomena, among them behavioral rigidity, 
willpower and self-reward. 

The term “delay discounting” is the decline in the present value of a 
reward with delay to its receipt. Across a variety of species, populations, 
and reward types, value declines hyperbolically with delay Odum 
(2011). Value declines steeply with shorter delays, but more shallowly 
with longer delays. 

Hyperbolic and exponential discounting have been suggested by 
early researchers which supplies a simple modeling mechanism for 
temporary preference. References McKerchar et al. (2009); Gomes et al. 
(2014) review different delay discounting models where the hyperbolic 
model generally performs well. Mathematically, this is represented by 
temporal discount functions with delay in the denominator Mazur 
(1984); Green and Myerson (1996), i.e., hyperbolic discounting. Mazur 
(1984) studied temporal preferences in pigeons to derive a hyperbolic 
discounting equation and its parameters. Ainslie derives the point of 
time at which the choice changes from one option to another in Ainslie 
(1991), as the indifference time, based on the theory of hybperbolic 
discounting. Reference Loewenstein and Elster (1992) compiles research 
on intertemporal choice in philosophy, political science, psychology, 
and economics and highlight that humans often choose inferior but 
immediate rewards over greater long-term benefits, the problem of 
“temporal myopia”. Behavior analysts term the smaller sooner reward 
the “impulsive choice”, and the larger later reward the “self-controlled 
choice” (Ainslie, 1975). The authors of Green and Myerson (1996) 
classify the form of the relation between value and delay among an 
exponential and a hyperbolic model and demonstrate that a 
hyperbola-like discounting model consistently explains more of the 
variance in temporal discounting data. The hyperbolic model shares 
fundamental features with models of prey and patch choice in animals. 
Reference Soman (2004) studies the effect of time delay on 
multi-attribute choice and proposes a hyperbolic discount model for 
time inconsistent attribute value where the temporal distance (i.e., lead 
time) between the present and the future outcome is used to discount the 
time-inconsistent attributed value. While the exact parameters of delay 
discounting are yet to be explored, reference Odum (2011) argues that 
research on moderating the degree of delay discounting has the potential 
to produce substantial societal benefits. 

After behavioral economists had examined hyperboloid delay dis-
count functions alongside faculties of arousal and willpower, reference 
Ainslie (2012) calls for a return to pure hyperbolic discount function as 
originally proposed, due to its relatively high tails which can better 
motivate a recursive process of self-prediction and thereby the forma-
tion of self-enforcing intertemporal contracts. In summarizing the tem-
poral discounting literature, reference Charlton et al. (2013) confirms 
that the loss in value for delayed outcomes is most accurately modeled 
using a hyperbolic discounting equation. The authors then expand the 

Fig. 1. Wind power forecast error and time frame of electricity markets 
in Sweden. 
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range of studies from monetary outcomes, alcohol, cigarettes, etc. to 
delayed social interactions where the hyperbolic-shaped models provide 
superior fit to their data. A comprehensive summary of models of tem-
poral discounting is provided by Grüne-Yanoff (2015) who argues that 
the exchanges between psychology and economics offers a case of 
interdisciplinary success. 

1.3. Demand response in electricity markets 

Demand response programs can be classified according to the time 
frame and the type of incentive. Nine basic types of DR can be identified. 
These nine type are sorted by price-based and incentive-based programs 
in Fig. 2(Herre and Söder, 2016) and detailed in Albadi and El-Saadany 
(2008). Reference Eissa (2018) proposes a combination of a time based 
program like real time pricing and incentive based demand response. 
These programs are bound to a fixed lead time dependent on the market 
framework they are operating in. Numerous studies have investigated 
the potential and benefit of DR for the power system, for consumers, and 
for the system operator. However, to the authors’ best knowledge, all 
previous research is based on any single one of these DR programs which 
are bound to a fixed lead time to engage consumer response. Few of the 
previous research has studied the impact of different lead times on the 
flexibility level of consumers. While the potential of DR on different 
timescales is investigated in Aryandoust and Lilliestam (2017), the au-
thors find that DR is mostly suited for short-term services such as spin-
ning reserve or primary control. Furthermore, the potential for DR is not 
limited by the magnitude of shiftable capacity but by the maximum shift 
duration and the patterns of switching between positive and negative 
power demand. 

The reviewed literature has contributed greatly in terms of modeling, 
exploring the potential and identifying hurdles of DR. Many of these 
references have revealed variations in flexibility and/or cost depending 
on various factors, such as time of day, weather, utility rates, building 
use and comfort requirements (De Coninck and Helsen, 2016; Good, 
2019; Yildiz et al., 2017). Several have suggested updating market 
policy, such as decreasing gate closure times (Papaefthymiou and 
Dragoon, 2016) and increasing overall temporal resolution (Papaef-
thymiou et al., 2018). However, none of the references have considered 
the lead time of DR programs in their analysis or review. 

1.4. Contributions 

To the authors’ best knowledge, only one reference (Wang et al., 
2014) explicitly considers the lead time of markets, DR and wind power 
forecasts on a common time scale of 24 to 6 hours ahead. They show that 
system cost increases because wind power forecast accuracies deterio-
rate over prolonged forecast horizons. The approach however, relies on 
their assumptions with respect to time-variant market cost and wind 
power forecast cost and assumes DR as time-invariant. We have previ-
ously approached the impact of lead time from an angle of continuous 
updates in Herre and Söder (2016), and with a strictly technical 
perspective in Herre et al. (2018, 2020). Here, we analyze the problem 
theoretically from a high-level market perspective. The contributions of 

this paper are twofold:  

• We motivate that the elasticity of residential consumers depends on 
lead time and present three sources of evidence to support this: a 
review of elasticity studies, a survey among consumers (Kovala, 
2020), and a purely technical analysis (Herre et al., 2020) of capa-
bility. We also propose a method to analyze the impact of lead time 
on power system balancing in a market where supply and demand 
submit bids under perfect competition, but with uncertain wind 
power forecasts.  

• We propose the demand flexibility gap as a useful concept to analyse 
the impact of new electricity market policy on DR. The demand 
flexibility gap is defined in terms of uncertainty of demand welfare as 
a measure for the uncertain response from DR programs. 

1.5. Outline 

The rest of this paper is structured as follows: In Section 2, previous 
elasticity studies and pilot projects are reviewed to summarize results on 
lead time dependent elasticity. Section 3 describes the modeling 
approach with a numerical study of the Swedish system. We discuss our 
results in Section 4 conclude with policy implications in Section 5. 

2. Lead time and elasticity 

Price elasticity of demand is used to study consumer behavior from 
an economic perspective. Price elasticity is used for electricity in a 
comparable manner as for most goods (Kirschen et al., 2000). Self elas-
ticity ϵ ii quantifies the change of demand qi in hour i in reaction to a 
change of price πi in the same hour. Opposite, cross elasticity character-
izes a change of demand in hour i in response to a change of price in hour 
m. 

Definition 1. In this paper, the term elasticity generally refers to the 
self elasticity which is normalized and linearized around its initial 
equilibrium point (q0, π0): 

ϵii =
Δqi

Δπi
⋅
π0

q0
(1)  

where π0 and q0 are the equilibrium price and demand levels. Self 
elasticity is used to estimate the impact of price changes on the demand 
of the same good. In addition to self elasticity, substitution elasticity has 
been used to make estimations for long term shifts to different goods 
(Faruqui and Sergici, 2010). Here, we analyze elasticity subject to lead 
times up to one week. It should be noted that this is different from the 
distinction between long-term and short-term elasticity made in Lijesen 
(2007), where short-term refers to time periods below one year. 

2.1. Definition of lead time and notification 

The exact implementation of DR is dependent on the program, tariff, 
and market design as well as the available technology and communi-
cations infrastructure. While it remains tedious to isolate these param-
eters, a general conclusion on the qualitative impact of five of these 
impacting parameters is summarized in Table 1. In this paper we both 

Fig. 2. Classification of DR by time and type of incentive Herre and 
Söder (2016). 

Table 1 
Parameters impacting the responsiveness of consumers (Miriam Goldberg, 
2015).   

More responsive Less responsive 

Price Exposure Volatile RTP Flat Rate 
Cost [% O&M] High Low 
Equipment Auto DR Manual 
Normal Load High Low 
Load urgency (Time-) critical Deferrable  
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identify and quantify a sixth parameter; lead time. 
The market, technology and communication infrastructure vary 

significantly among projects. As such, there is no common definition of 
the exact lead time structure in the studied reports on DR programs. 

Definition 2. In a demand bidding context, we define lead time t L as 
the time span between the market gate closure time (GCT) where bids 
need to be submitted and the start of the delivery hour, i.e., consumption 
change. In a price broadcasting context, we define lead time as the time 
span between notification/incitement of flexible consumers to adjust 
their consumption in the future and the start of the delivery hour. 

We hypothesize that residential consumer elasticity is a function of 
lead time. Consequently, the potential of residential DR capacity de-
pends not only on the price change but also on the market gate closure, 
which is reflected in lead time. 

2.2. Comparability of estimated price elasticity 

Studies of residential DR have covered many DR program charac-
teristics, including the flexibility of residential electricity consumers. 
Although several projects have studied residential consumers’ flexi-
bility, comparing results over multiple projects is not straightforward. In 
reference (Faruqui and Sergici, 2013), multiple projects were analyzed 
in an extensive review, but still the authors were unable to control for 
several variables. 

Consumer flexibility has been approached by a variety of quantita-
tive models, summarized in Fig. 3. The resulting or measured flexibility 
has been presented in various ways in previous studies. The relevant 
methods are  

• Absolute peak reduction,  
• Percentage peak reduction, and  
• Normalized self elasticity of demand (ϵ), 

which are all used in the project summary in Faruqui and Sergici (2010). 
The first two do not capture the relation to the price consumers face. 
Previous research (Faruqui and Sergici, 2013,2010) has pointed out the 
importance of not stating the reduction without presentation and dis-
cussion of the incentive, i.e., the price difference, ratio, and magnitude. 

Commonly, self elasticity is estimated by a variety of regression 
models and therefore depends on the specific model and variables. The 
time frame (long-term, short-term, or time-of-use) for the consumption 
change is a fundamental variable (Borenstein et al., 2002) commonly 
stated in studies, e.g., Kirschen et al. (2000); Lijesen (2007). Further 
variables could be income, household size, weather, enabling technol-
ogy, and ownership of electricity intensive appliances, discussed in 
Faruqui and Sergici (2010); McKenna et al. (2011), and the impact of a 
few variables is qualitatively presented in Table 1. When estimating self 
elasticity, the impact on consumption can refer to the change in average 
daily consumption (Hofmann and Lindberg, 2019; Faruqui and Sergici, 
2010) or to changes for a peak hour or peak period (Summit Blue 
Consulting LLC, 2007). 

Resulting estimations of both self elasticity and substitution elasticity 
have varied widely. Summarizing and comparing pilot projects for DR 
programs Faruqui and Sergici (2010) found self elasticity estimates to 
range between -0.02 and -0.10, with an extreme outlier coming from 

Aubin et al. (1995), and substitution elasticity estimates to range be-
tween 0.07 and 0.40. In a recent study based on real market data, 
Hofmann and Lindberg (2019) found no statistically significant self 
elasticity for the whole set of historical data (2013-2017) in a Norwegian 
metropolitan area. The same resulted from isolating the days with 
highest peak consumption. However, rerunning the model for only the 
six peak hours and in specific parts of the data Hofmann and Lindberg 
(2019) found statistically significant estimates, ranging between -0.011 
and -0.075. These estimations of self elasticity on electricity markets 
show rather inelastic demand. Demand with low elasticity is still is 
interesting to study due to large and naturally occurring wholesale price 
fluctuations (Perrels, 2003). 

In pilots of DR programs, older studies have mainly focused on static 
Time-Of-Use (TOU) rates (Shariatzadeh et al., 2015). TOU rates allow 
consumers to plan their consumption based on predefined static price 
ratios between different parts of the day. Critical Peak Pricing (CPP) and 
Real Time Pricing (RTP) are more recent and less static rates, referred to 
as dynamic pricing. Resulting consumption changes for these types of 
rates in DR programs have been compared by Faruqui and Sergici 
(2013). The rate structures themselves were deemed less explanatory for 
the consumption change when compared to the peak to off-peak price 
ratio. However, it was concluded that CPP programs often used higher 
price ratios. 

2.3. Lead time windows 

In order to define lead time the of DR studies, we assign a lead time 
window to each DR program. The assumed lead time windows are 
summarized in Table 2. Lead time is explicitly applied in CPP, with an 
instant message sent to consumers before the critical-peak event, and for 
RTP, where prices are made available for consumers before a period 
where peaks are included. For TOU, however, the notification is a more 
diffuse concept because the prices are fixed from the beginning of the 
season or the project. 

2.4. Comparison between demand response pilot projects 

Comparisons between elasticity estimates of DR projects are not 
common. The peak reduction has more frequently been used in com-
parisons, as in Faruqui and Sergici (2013); Shariatzadeh et al. (2015); 
Lund et al. (2015). Because of less frequent presentation of elasticity 
estimates from projects, and due to the various models used to estimate 
them, the impact of lead time on DR is herein analyzed in three ways.  

1. Measured Sensitivity: The first analysis of price elasticity is based 
on an overview of measured peak reduction from pilot project DR 
programs summarized in Faruqui and Sergici (2010); Shariatzadeh 
et al. (2015). In order to normalize the results with respect to price 
change, we develop a simplified price sensitivity in Section 2.4.1. 
Based on the insights from the review of elasticity studies, the best 
way to investigate the impact of lead time, with the least interference 
from omitted variables, is through comparing estimations within the 
same project. One such example is California’s Statewide Pricing 
Program (SPP) (Faruqui and George, 2005). 

Fig. 3. Methods to estimate, represent and quantify consumer flexibility. Cross 
elasticity and substitution elasticity are outside the scope of this analysis. 

Table 2 
lead time window and price sensitivity of DR programs.  

DR program TOU DB, RTP CPP 
Type Static Day-ahead Intra-day 
Lead time (mean) 108 h 36 h 12 h 
Lead time (range) 168 …48 h 48 …24 h 24 …1 h 

Project windows    
3 − 0.0749 − 0.0370 (− 51%) − 0.0591 (− 21%) 
3 and 2 − 0.0995 − 0.0276 (− 72%) − 0.0728 (− 27%) 
3, 2 and 1 − 0.1418 − 0.0427 (− 70%) − 0.0612 (− 57%)  
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2. Stated Sensitivity: The second way is based on empirical data from 
Kovala (2020), where the same simplified price sensitivity is applied. 
In Section 2.4.2, it is used for the analysis of questionnaire responses 
on a series of questions on price and lead time scenarios, i.e., stated 
preference in flexibility scenarios. In order to identify possible re-
lations we have to rely on available studies, even though they may 
not be perfectly designed or documented for our meta-analysis.  

3. Technical Capability: The third way of representing lead time 
dependent price elasticity in Section 2.4.3 is qualitatively based on 
an analysis of the technical capability of thermostatically controlled 
loads from Herre et al. (2020). 

2.4.1. Pilot project results 
The analysis of price elasticity in relation to lead time requires a 

specific focus on DR programs with ID, DA, and static notice. TOU 
programs with static lead time are well established in studies with the 
aim to estimate elasticity or peak reductions. DA and ID lead times have 
been increasingly established through the more recent tests of CPP 
programs with DA or ID notice of critical peaks. 

The studies for the first analysis of price elasticity and lead time 
mainly come from two papers (Faruqui and Sergici, 2010; Shariatzadeh 
et al., 2015) that have summarized results from recent DR projects after 
1995. Since Faruqui and Sergici (2010); Shariatzadeh et al. (2015) have 
used these studies in previous comparisons the studies are validated for 
further comparison. In this comparison, the purpose is to analyze the 
impact of lead time. A few of the studies even fulfill the criteria of having 
results from multiple groups of residential consumers testing DR pro-
grams with different lead times. A summary of the characteristics and 
results for the projects that are discussed in this study is presented in  
Table 3. 

The second part of the analysis of measured results, on the results in 
the California SPP (Faruqui and George, 2005), is here used for 
describing the simplified price sensitivity calculation. The project pro-
vides possibilities to compare responses to electricity prices for DR 
programs using the three different lead time windows; static, DA, and 
ID. 

All groups of residential consumers in SPP, except for the control 
group, faced the two-tiered TOU program with static lead time as their 
basic program (Faruqui and Sergici, 2010; Shariatzadeh et al., 2015). 
Since CPP and its notification was an addition to the TOU rate, the 
response to CPP can even be measured for the same consumers. Thus, 
making the comparison less influenced by consumer characteristics. 

Definition 3. We define a simplified price sensitivity σw in (2), in order 
to compare results from projects in lead time window w. The calculation 
is inspired by the definition of self elasticity. It attempts to normalize the 
percentage peak reduction to the price change without isolating the 
impact of absolute price magnitude with 

σw =
PAIw

Pw − CwCw
, (2)  

where PAIw is percent average impact (for peak reduction), Pw is peak 
period price, and Cw is control group price in lead time window w. The 
price change used in the equation was chosen to reflect how the price the 
consumer normally faces, i.e., the control group price, is different from 
the deployment period in the DR program. The reference point 
commonly used in DR studies when estimating the peak reduction is the 
control group consumption for the same period (Faruqui and George, 
2005). Our definition of price sensitivity is similar to what Hofmann 
and Lindberg (2019) describes as the general correlation between price 
and electricity demand. However, we define price sensitivity based on 
average percent peak reductions, while Hofmann and Lindberg (2019) 
refers to general demand. This means that it is not an estimate of price 
elasticity because it does not control all important variables that influ-
ence electricity demand. 

To compare the results, we assume that all variables are the same for 
all groups of residential consumers and projects in the analysis except 
for the price change relative to the control group price and the lead time. 
Furthermore, we assume that the demand can be linearized over the 
price change used, the largest being a ratio of 17 to 1. 

Further analyzing the results from SPP, the first group of consumers 
faced both TOU with static lead time and an additional level of CPP with 
DA lead time. The price sensitivity for notification DA was lower than for 
static, -0.0370 compared to -0.0679. 

The second group of consumers faced static TOU, and ID notified 
CPP. The price sensitivity was found to be lower for notification ID, −
0.0434 compared to -0.0938. 

The third group of consumers within SPP faced a similar program as 
the second group of consumers, static TOU, and ID notified CPP. How-
ever, the results were completely opposite. The ID CPP had a higher 
price sensitivity than the static TOU, − 0.0747 compared to -0.0630. 

This evidence of the impact of lead time, based alone on the SPP, 
infers that a DA lead time would render a lower price sensitivity than a 

Table 3 
Used projects and their results.  

w Project Name Mentioned in 
references 

Static Day- 
Ahead 

Intra-Day 

3 California 
SPP 

Faruqui and 
Sergici (2010),  
Faruqui and 
George (2005) 

−

0.0679TOU 
−

0.0370CPP 
−

0.0434CPP  

−

0.0938TOU  
−

0.0747RTP  

−

0.0630TOU   

2 Florida GP 
select 

Faruqui and 
Sergici (2010),  
Shariatzadeh et al. 
(2015), Levy et al. 
(2002) 

−

0.3483TOU  
−

0.1003CPP 

New Jersey 
PSE&G 

Faruqui and 
Sergici (2010),  
Shariatzadeh et al. 
(2015) 

−

0.1218TOU 
−

0.0298CPP    

−

0.0348TOU 
−

0.0127CPP    

−

0.0174TOU 
−

0.0108CPP  

Xcel energy Faruqui and 
Sergici (2010),  
Shariatzadeh et al. 
(2015), EnerNOC 
(2013) 

−

0.0490TOU 
−

0.0477CPP  

1 France EDF Faruqui and 
Sergici (2010),  
Aubin et al. 
(1995)   

−

0.0263CPP 

Anaheim Faruqui and 
Sergici (2010),  
Shariatzadeh et al. 
(2015)  

−

0.0305CPP  

Idaho Energy 
watch 

Faruqui and 
Sergici (2010),  
Shariatzadeh et al. 
(2015), Pengilly 
(2006)  

−

0.1319CPP  

Missouri 
AmerenUE 
Pilot 

Faruqui and 
Sergici (2010),  
Shariatzadeh et al. 
(2015), Berk 
(2004)  

−

0.0414CPP  

Washington 
OPP 

Faruqui and 
Sergici (2010),  
McKenna et al. 
(2011) 

−

0.4800TOU   

TOU: Time of Use, CPP: Critical Peak Pricing, RTP: Real-Time Pricing 
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static lead time. The discussion about ID notification rendering higher or 
lower price sensitivity compared to static is a more complicated one. We 
can also conclude that the price sensitivity calculations for SPP were 
kept within the range stated in Faruqui and Sergici (2010). 

The comparison between projects in Table 3 also suggests that a DA 
notice would result in the lowest price elasticity compared to other lead 
times. Hence, the results indicate that ID lead time would result in 
higher price elasticity compared to DA lead time. The relation between 
static and ID lead time however, is not always coherent in the inter- 
project analysis and the intra-project analysis. 

We use the lead time windows of ID, DA and static notice from 
Table 2, compute mean values for each window and interpolate between 
these data points. The resulting trajectory of the price sensitivity σ is 
presented in Fig. 4 for the reviewed DR pilots. In the rest of this paper, 
we assume a constant elasticity, which can be represented by the price 
sensitivity σ. 

2.4.2. Stated price sensitivity 
The third analysis of price elasticity in relation to lead time comes 

from questionnaire responses to a series of questions where respondents 
stated their flexibility level in multiple scenarios. The questions were 
included in a multi-purpose questionnaire described in further detail in 
Kovala (2020). Herein follows a shorter description and explanation 
directly affecting results from the scenario questions. 

The questionnaire was sent to a sample of Swedish residential con-
sumers that were connected to the same distribution system operator 
(DSO), i.e., local grid owner. The sample of residential consumers for the 
questionnaire is not used for broad generalizations of DR potential and 
willingness, but for our ability to continue studying consumption 
behavior, contract preferences and hypothetical DR decision-making in 
further studies, e.g., through smart meter data made available by their 
DSO. Hence, the DSO was asked to delimit the sample to residential 
consumers that allow meter data sharing and those not connected to 
district heating, the latter requirement with an intention to capture only 
residential consumers that were more sensitive to the electricity market. 

More than 5000 addresses were received by the DSO, from which a 
random sample of 4000 was chosen and invited to a digital question-
naire in May 2016. After multiple reminders, 328 responses were 
collected, and 204 gave at least one response to the scenario questions. 
Self-selection bias is an evident risk for questionnaire studies with a 
particular focus and subject. The relatively low number of responses is a 
quality issue when combined with the fact that electricity, the electricity 
market and the electricity bill could be perceived as relatively unim-
portant to some consumers and answering a time-consuming digital 
questionnaire could scare specific consumers off. However, in its role in 
this study, as a peek behind the curtains on lead time dependent elas-
ticity, the sample is useful. 

The scenario questions in the questionnaire implemented three 
variables; delivery hour, scenario price, and lead time. Prior to the 
questions, respondents received relevant information on electricity 

consumption from appliance use (Kovala, 2020). The questions simu-
lated 3-hour critical peak periods with a fixed price and respondents 
answered how many kWh they would choose not to use if their planned 
activities amounted to 15 kWh during the 3-hour period. Respondents’ 
stated reduction of electricity use (kWh) could come from either moving 
or reducing consumption during the day. The respondents were 
instructed to compare scenario prices (2.5 SEK, 5 SEK, 7.5 SEK, 10 SEK) 
to 1 SEK as the standard rate, and use the scenario lead time (1 h, 2 h, 
6 h, 24 h) as the timing of a text or app message to the first delivery hour 
(0600, 1500, 1800) with extreme prices. Forty-eight scenarios were 
possible to formulate with this set of variables, and for the comfort of 
respondents, 15 of these scenarios were included in the survey, outlined 
in Table 4. 

To allow full comparison between price elasticity obtained from the 
survey and the piloted DR programs, equation (2) was used here as well. 
In this way, differences in time of day as well as variables that the re-
sponses could not be controlled for, e.g., respondents’ assumptions, are 
still included in the price sensitivity estimate. A price sensitivity was 
calculated for each scenario, and the average percent peak reduction 
used in (2) was an average over all responses in a scenario. Resulting 
price sensitivity estimates in Table 5 are average price sensitivities over 
each lead time. 

2.4.3. Technical capacity of flexible consumer devices 
A population of thermostatically controlled loads is used in Herre 

et al. (2020) to provide reserves to the system operator. The market gate 
closure and duration of the contract period are varied in order to 
determine the impact of lead time on the technical capacity to provide 
reserves. The results show that a shorter lead time yields more reserve 
capacity, i.e., flexibility and increases the economic viability of the 
controllable loads. 

The results cannot be directly translated into price sensitivity. Here, 
the qualitative behavior of the reserve capacity over lead time is rep-
resented by 

σT(tL) = −
0.1

ln (0.25⋅tL + 2)
. (3)  

Note that price sensitivity refers to the willingness to react to price in-
centives, independent of the capability to do so. Therefore, we only use 
the trajectory of σT(tL) to represent the technical potential for flexibility 
qualitatively. The magnitude, however, depends on the specific devices 
and should therefore not be considered. The conclusions that can be 
drawn from the associated results must, therefore, only be qualitative 
ones. 

Equation (3) describes a hyperbolic discounting model, which is in 
line with the behavioral economics models proposed by Ainslie (1975); 
Mazur (1984); Ainslie (1991); Loewenstein and Elster (1992, 1996); 
Green and Myerson (1996); Odum (2011); Ainslie (2012); Charlton et al. 

Fig. 4. Interpolated simplified price sensitivity for a lead time up to one week, 
based on measured price sensitivity results in pilot projects, Table 3. 

Table 4 
Questionnaire scenarios.   

Time Price Lead time 

S1 06:00-09:00 5 SEK 1 h 
S2 06:00-09:00 5 SEK 2 h 
S3 06:00-09:00 5 SEK 6 h 
S4 06:00-09:00 5 SEK 24 h 
S5 06:00-09:00 2.5 SEK 24 h 
S6 06:00-09:00 2.5 SEK 2 h 
S7 18:00-21:00 7.5 SEK 24 h 
S8 18:00-21:00 7.5 SEK 6 h 
S9 18:00-21:00 7.5 SEK 2 h 
S10 18:00-21:00 7.5 SEK 1 h 
S11 15:00-18:00 5 SEK 6 h 
S12 15:00-18:00 7.5 SEK 6 h 
S13 15:00-18:00 10 SEK 6 h 
S14 18:00-21:00 5 SEK 1 h 
S15 1:800-21:00 10 SEK 1 h  
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(2013); Grüne-Yanoff (2015); Soman (2004). The hyperbolic discount-
ing model with respect to delayed incentives confirms that with short-
ening temporal distance the perceived reward increases. This 
corresponds to our result that the price sensitivity increases with short 
lead time. The general hyperbolic discounting model is in its simplest 
from presented by Mazur (1984): 

v(t) =
A

1 + k⋅t
(4)  

where V is the perceived discounted (present) value, A is the undis-
counted future reward value, t is the delay (i.e., lead time), and k is a 
constant describing the individual subject’s degree of impatience. 

2.4.4. Summary of the three analyses 
A summary of the analyses in this section is given in Fig. 5, where 

stated and measured price sensitivity, as well as technical capability is 
plotted over lead time. 

The source of the demand flexibility gap consists in the difference 
between stated and measured price sensitivities and is illustrated in  
Fig. 6. 

3. Demand response model and flexibility gap 

Here, we develop a simplified equilibrium model in order to identify 
the economic benefit of using consumer flexibility at different market 
gate closure times. In order to examine consumer flexibility with respect 
to lead time, a Demand Bidding approach is implemented here on a high 
level, where we assume that all consumers are enabled to bid via 
aggregators. Thus, the control of devices and the fact that most cus-
tomers do not have access to the market due to a minimum bid size is 
taken care of by aggregators. Furthermore, perfect competition and in-
formation are assumed. 

The conceptual framework is borrowed from the Spanish intra-day 
market (OMI-Polo Español, 2021), where new sale and purchase bids 
are traded in several update intervals of 3 to 4 h after the day-ahead 
market gate closure. Here, we model the artificial situation of one 
additional market and vary the gate closure time (GCT) of the additional 
market in 1 h steps starting at 13:00 D-1 until the respective delivery 
hour (DH). The reference point for the linearized price price sensitivity is 
always the DA market equilibrium, whose price is given by π0 and 
quantity by D0 = W0 + G0. The timeline is illustrated in Fig. 7, starting at 
12:00 D-1 until 0:00 on the following day. 

3.1. Day-ahead spot market: Reference 

First, the DA market at 12:00 D-1 is simulated with wind power 
forecast W0, demand forecast D0, total production G0 and equilibrium 
price π0. The time axis is labeled in Fig. 7 with the respective indexes. 
The DA at 12:00 D-1 equilibrium is found as follows:  

• Wind power producers bid their production forecast W0 at zero or 
negative prices. Negative prices can occur when subsidy schemes 
exist, for instance electricity certificates (Swedish Energy Agency, 
2020) in the Nordics.  

• The supply bid curve shifts along the x-axis according to the wind 
power forecast. The generation cost curve is assumed linear with a 
slope a. 

• The lead time varies for each delivery hour. For instance, Fig. 7 il-
lustrates that at 12:00 D-1 the lead time for DH1 is 12 h and the lead 
time for DH24 is 35 h. Therefore the price sensitivity also changes 
according to one of the trajectories in Fig. 5. The demand bid curve is 
assumed to tilt with a slope of 1

σ0,i 
for DHi and cross the demand 

forecast D0 at price level π0.  
• The market equilibrium is described by the price quantity pair (π0, 

D0). 

The minimum demand Dmin purchases energy for the value of lost load 
(VOLL). An illustration of this simplified equilibrium model is given in  
Fig. 8. The social welfare of the demand and producers is highlighted 
with the blue and green areas. 

3.2. Market update 

An updated wind power forecast Wn for all remaining delivery hours 
results in trading of additional energy and rescheduling of flexible 
generation Gn and consumption Dn at the new equilibrium price πn:  

• Wind power producers update their forecast with Wn, still with 
negative prices.  

• The supply bid curve shifts along the x-axis according to the updated 
wind power forecast. The slope of the generation cost curve is 
assumed constant, i.e., the cost curve does not depend on the lead 
time. This is a simplifying assumption. In reality cost curves partially 
depend on lead time since, e.g., thermal generators may take several 
hours to start up.  

• The lead time varies for each delivery hour. The demand bid curve is 
assumed to tilt with a slope of 1

σn,i 
for DHi and cross the reference 

equilibrium (π0, D0).  
• The market equilibrium is found at the intersection of the updated 

utility curves and is described by the price quantity pair (πn,Dn). 

In this way, both flexible producers and flexible consumers contribute to 
settle any foreseeable imbalance at the market update n. An illustration 

Table 5 
price sensitivity obtained from the survey.  

Lead time 24 h 6 h 2 h 1 h 
Elasticity − 0.0462 − 0.0670 − 0.0576 − 0.1272  

Fig. 5. Price sensitivity hypotheses for a lead time up to 36h ahead. Red: 
measured sensitivity in pilot projects with 3 lead time windows. Green: Stated 
sensitivity from survey data (Kovala, 2020). Blue: qualitative representation of 
technical capacity of electric heating or cooling. 

Fig. 6. Flexibility Gap between stated sensitivity (survey data) and measured 
sensitivity (pilot projects). 
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of a market update at 14:00 D-1 is given in Fig. 8. The wind forecast W2 
is now lower than the DA forecast W0 which results in additional trading 
of energy to compensate for the missing amount of wind power in the 
power balance. The missing wind generation is now compensated by 
both an increase in flexible generation and a decrease in flexible 
demand. 

3.3. Flexibility gap 

When the wind power forecast increases (Wn > W0), consumers 
would purchase additional energy since the price is decreasing. When 
the wind power forecast decreases (Wn < W0), consumers would sell 
some of their previously purchased energy to producers, so producers 
can hold back on high cost flexible generation. In this way, the demand 
welfare SD can be increased. Producers would sell additional generation 
or buy back their previously sold energy to increase the producer wel-
fare SG. The demand flexibility gap can then be quantified in terms of 

difference in demand welfare ΔSD. 
In Fig. 9, the blue area shows the demand welfare change and the 

green area shows the additional welfare for generators. Flexible con-
sumers would purchase more energy since the price for additional en-
ergy got cheaper. Flexible generators would need to produce less energy 
from non-renewable sources, since a larger share is now produced by 
cheaper wind power. The generator welfare increases by the cost of 
previously sold generation. Since less non-renewable generation is 
required, the new equilibrium price is lower than the reference price. 
Consequently, the demand welfare increase can be computed as the blue 
area, and the generation welfare increase as the green area. 

Note that an emerging flexibility gap for power system operation with a 
high share of variable renewable energy has been defined in Papaef-
thymiou et al. (2018). This gap increases with more variable renewable 
energy sources, because they reduce the availability of flexible resources 
in the power system and increase the need for flexibility. Options to fill 
the emerging flexibility gap consist of new supply flexibility, storage 
flexibility and demand side flexibility. However, Papaefthymiou et al. 
(2018) lacks a quantitative definition of the emerging flexibility gap. 
Here, we address the demand flexibility gap and provide a metric to 
quantify this gap. Ribó-Pérez et al. (2021) also quantify a flexibility gap, 
but focus on differences in technical capacity for DR between groups of 
households. Furthermore, a quantification of the demand flexibility gap 
can be helpful in estimations of how DR may meet the savings gap, 
defined by Faruqui et al. (2010) as the part of smart meter installation 
cost that DR would have to cover. 

Definition 4. We define the demand flexibility gap as the difference in 
demand welfare 

ΔSD
n = SD

n − SD
0 , (5)  

at market gate closure n with respect to the initial market at index 0. The 
gap results from the difference between a consumer price sensitivity 
based on stated preferences and a price sensitivity measured in pilot 
studies. 

3.4. Numerical investigation 

In this section, we apply the model from Section 3 to the price 
sensitivity data in Section 2. We want to study the magnitude of the 
increase in demand welfare under different conditions. Therefore, we 
vary the lead time and compare the demand welfare increase ΔSD

n at 
each time indexed by n. Next, we analyze the impact of the three 
different hypotheses for lead time dependent price sensitivity of Fig. 5. 

The above equilibrium model is applied to the Swedish electricity 
system, where all of the load exceeding Dmin is assumed to bid via 
aggregators. These aggregator bids are modeled by the dynamic price 
sensitivity values derived in Section 2, Fig. 5. In this study, the slope of 
the bid function is the inverse of the price sensitivity at the respective 
lead time and is normalized with respect to the DA equilibrium of the 
respective delivery hour. The scaled demand slopes are shown in Fig. 10 
over a lead time of 12 to 35 h for delivery hours 1–24. The normalized 
price sensitivity from Fig. 5 are assumed to be the same for a given lead 
time, independent of the time of the day. In Fig. 10, the variation of the 
demand slopes origins from the scaling by the reference volume and 

Fig. 7. Timeline for simulated hourly market gate closure times (GCT). Delivery hours 1 (blue) and 24 (green) are highlighted as examples together with the 
respective lead time. 

Fig. 8. Day-ahead market equilibrium (π0,D0) at 12:00▒D-1.  

Fig. 9. Market equilibrium (π2,D2) at 14:00 D-1, i.e., 2 h after the DA market 
GCT. The blue and green dashed lines show the updated demand and supply bid 
curves. The blue and green areas show the additional social welfare for demand 
and producers. 
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price. In general, the traded volumes and prices are lower during the 
night hours which is reflected in lower price sensitivity and flatter de-
mand slopes. 

Real historical wind power forecasts and demand forecasts are ob-
tained from Nord Pool (2021). The generation cost curve is approxi-
mated to represent typical Nordic bid slopes archived on Nord Pool. 
Specifically, the generation cost curve is assumed linear with slope a =
0.001 €

MWh. The minimum demand Dmin = 10 GWh
h is inelastic and bids at 

the price of VOLL = 500 €. The equilibria of two exemplary lead times 
are illustrated in Figs. 8, 9. In 1 h steps, the demand curve for each 
delivery hour is tilted around the equilibrium of the DA reference. We 
obtained demand and continuously updated wind power forecasts as 
described in Herre et al. (2019) and simulate November 18, 2015. 

We first select the price sensitivity extracted from the pilot project 
review, σM. The DA welfare of demand and generation is computed as a 
reference based on our simplified model. Then we iterate in 1 h steps 
until 23:00 D and compute difference in demand welfare with respect to 
the DA reference at every step. The results are summarized in Fig. 11. We 
display the mean value of the social welfare change over all remaining 
delivery hours. The mean value is computed by 

ΔSD =
1

N − i
∑N

j=i
ΔSD

j (6)  

where N is the total number of delivery hours, 24, and i is the first of the 
remaining delivery hours at the respective market gate closure time. For 
instance, at 20:00▒D, only 4 delivery hours remain. 

Second, we repeat the analysis with the assumption that price 
sensitivity σS follows the results from the survey data in Section 2.4.2. 
Again, we compute the change in demand welfare at every step and 
document the results Fig. 11. Finally, we compute the the demand 
flexibility gap as the difference between the two hypotheses, stated (σS) 
and measured (σM) price sensitivity. The demand flexibility gap ΔF is 
then calculated as the difference in demand welfare change between the 
stated (superscript DS) and measured (superscript DM) hypothesis 

ΔF(t) = ΔSDS (t) − ΔSDP (t) (7)  

at market gate closure time t. We also plot show the qualitative trajec-
tory if we insert σT from (3). 

4. Discussion 

The results from the review of projects yield interesting indicators on 
the impact of lead time on the flexibility level of residential consumers. 
However, the results showing a possibility that an ID lead time might 
increase consumer price sensitivity (and therefore also elasticity) 
compared to a lead time in DA. Such a relation would provide large 
benefits for integration of uncertain wind power in short term markets 
and is therefore important in terms of how a DR program affects power 
system balancing. However, as the demand flexibility gap show dis-
crepancies between pilot project results and questionnaire results, it is 
uncertain how large the benefit is. Results supporting higher price 
sensitivity for shorter lead time need to be discussed further. 

4.1. Higher elasticity for shorter lead times and the demand flexibility gap 

The results from our comparison are a first attempt to estimate the 
impact of lead time on peak reduction to a DR tariff. In order to utilize 
results from past DR projects, the approximations of price elasticity are 
simplified and referred to as price sensitivity. One fundamental 
assumption for this comparison is that all other DR project variables are 
the same. In Hofmann and Lindberg (2019), multiple factors were dis-
cussed to impact their various estimates of self elasticity on recent his-
torical data. Comparisons of estimates over pilot projects, DR programs 
and stated preferences in questionnaires include even more factors to 
consider. The demand flexibility gap presents a possibility to future 
research projects to be able to assess uncertainty in estimates of price 
elasticity coming from circumstances in pilots and discrepancies be-
tween stated intention and actual behavior. Further, if a practical 
analysis of lead time is to be performed in future research, lead time 
should be included as a variable directly in the tests of the DR program 
and in complementary questionnaires. It could be a variable affecting 
the utility or convenience (Khadgi et al., 2015) of electricity 
consumption. 

Our findings show contrary evidence to most literature on elasticity 
in microeconomics. With shorter time for consumers to adapt their 
consumption to a price change, the price elasticity should decrease. 
Shifting consumption to another hour is associated with decreased 
convenience (Khadgi et al., 2015). Thus, a shorter time to prepare and 
plan the shift would correspond to the same. 

However, our study focuses on elasticity in lead time windows of 
weeks to hours, whereas typically these windows are in the range of 
years to days. In Lijesen (2007) for instance, short-term elasticity refers 
to time periods below one year. In addition, our results on the trajectory 
of elasticity over lead time in Fig. 5 may be supported by literature in 
economic psychology which are detailed the following two subsections. 

4.2. Time inconsistent preferences 

O’Donoghue and Rabin (1999) find that present-bias preferences 
give stronger relative weight to the earlier moment as it gets closer. 
Relative to time-consistent preferences, a person always gives 
extra-weight to well-being now over any future moment but will weigh 
all future moments equally. They define two sets of distinctions of  

1. Immediate costs and immediate rewards and  
2. Whether people are sophisticated or naive 

When costs are immediate, you tend to procrastinate, when rewards are 
immediate, you tend to preproperate. 

With respect to price sensitivity of electricity consumers, these 
findings can be interpreted in the following way: 

Fig. 10. Demand slope 1
σn 

over time with different lead times for delivery hour 1 
to 24. We show the GCT 18:00 D-1 with circles that indicate the slope of the 
demand curve at that time. 

Fig. 11. Welfare change of demand and flexibility gap at different market gate 
closure times. Details on the time axis can be found in Fig. 7. 
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• Assume the lead time of static tariffs as the reference. The present is 
valued highest and all future moments are valued equally at this 
point and price sensitivity for a future moment is high.  

• When the DA window is reached, consumers face the immediate cost 
of discomfort by having to commit to a certain consumption schedule 
for the following day. Thus the flexibility is low and consumers tend 
to procrastinate.  

• When the ID window is reached, consumers face the immediate 
reward of financial compensation for shifting a consumption pattern 
in the near and predictable future. Thus, the flexibility is medium. 
Further, the immediate cost of discomfort for commitment decreases 
on average the closer the delivery hour is approached, since the close 
future can be planned much better and may thus not bear any cost. 

In this manner, the theory developed in O’Donoghue and Rabin (1999) 
may be applied to explain the trajectory of price sensitivity over lead 
time. 

5. Conclusion and policy implications 

This paper contributes to Demand Response research with the defi-
nition of the demand flexibility gap as the uncertainty introduced by 
demand flexibility. Rather than focusing on the gap between existing 
and required demand flexibility (c.f. (Papaefthymiou et al., 2018)), we 
argue that the existing flexibility is uncertain and that a gap exists be-
tween stated and measured demand flexibility. The demand flexibility 
gap is exemplified by the difference in social welfare caused by a dif-
ference between a stated and measured self elasticity. We illustrate the 
demand flexibility gap as the difference of social welfare in order to 
assist policy makers in understanding the impact from tapping demand 
flexibility with various degrees of market integration. 

Furthermore, we illustrate the demand flexibility gap at different 
market lead times in order to assist policy makers in understanding the 
effect that a change of market timing may have on demand response and 
on social welfare. The analysis was made for three hypotheses for the 
lead time dependent price elasticity based on studies of (a) stated, (b) 
measured, and (c) capacity-based price sensitivity. Further research is 
necessary to estimate price elasticity for different lead times in specific 
DR programs since our evidence supports the fact that there exists sig-
nificant impact of market lead time on the resulting demand welfare 
within a given demand response program. 

Policy makers and regulators should evaluate different options of 
demand response programs and extract those with favorable impact on 
social welfare. Based on our findings, we recommend to specifically 
analyse market lead time in the design of demand response programs. 
From a technical perspective, short market lead times would reflect 
positively on demand welfare. From a behavioral economics perspec-
tive, however, the evidence is not as clear. While stated flexibility de-
creases with short lead times, the measured response from flexible 
demand has shown the opposite. A more holistic consideration would 
take into account further societal factors, such as income, technology- 
adversity, etc. 

Independent of the market lead time, it should be noted that the 
measured response from flexible demand is different to the stated 
response. This difference reflects in the market equilibrium, price level 
and amount of power production. Over time, pilot project may be able to 
shed more light on the connection between stated and measured flexi-
bility. For now, policy makers should be aware that a market design 
based on stated preferences from surveys and questionnaires may prove 
suboptimal once the real-life measured response turns out different. 

An aggregator of flexible consumers would benefit from designing a 
pricing scheme that respects evidence from measured responses, rather 
than stated responses. We provide an argument in favor of observing and 
documenting the response from aggregated loads, rather than surveying 
end consumers about their stated flexibility. This implies that the 
aggregator should send (price or other) incentives with short lead times, 

when consumers have shown higher flexibility (measured price sensi-
tivity) compared to long lead times. 
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Herre, L., Söder, L., Mathieu, J.L., 2018. The flexibility of thermostatically controlled 
loads as a function of price notice time. In: Proceedings of the Power Systems 
Computation Conference, pp.1-7.10.23919/PSCC.2018.8442737. 

Hofmann, M., Lindberg, K.B., 2019. Price elasticity of electricity demand in metropolitan 
areas – Case of Oslo. In: Proceedings of the 2019 16th International Conference on 
the European Energy Market (EEM), IEEE. pp.1-6.〈https://ieeexplore.ieee.org/ 
document/8916561/〉, 10.1109/EEM.2019.8916561. 

Khadgi, Prajwal, Bai, Lihui, Evans, Gerald, Zheng, Qipeng P., 2015. A simulation model 
with multi-attribute utility functions for energy consumption scheduling in a smart 
grid. Energy Syst. 6, 533–550. https://doi.org/10.1007/s12667-015-0153-9. 

Kirschen, D., Strbac, G., Cumperayot, P., de Paiva Mendes, D., 2000. Factoring the 
elasticity of demand in electricity prices. IEEE Trans. Power Syst. 15, 612–617. 
https://doi.org/10.1109/59.867149. 

Kovala, T., 2020.The electricity price is too high. Manuscript in preparation. 
Lee, E., Lee, K., Lee, H., Kim, E., Rhee, W., 2019. Defining virtual control group to 

improve customer baseline load calculation of residential demand response. Appl. 
Energy 250, 946–958. https://doi.org/10.1016/j.apenergy.2019.05.019. 

Levy, R., Abbott, R., Hadden, S., 2002. New Principles for Demand Response Planning. 
Technical Report 1006015. Electric Power Research Institute (EPRI). 

Lijesen, M.G., 2007. The real-time price elasticity of electricity. Energy Econ. 29, 
249–258. https://doi.org/10.1016/j.eneco.2006.08.008. 

Loewenstein, G., Elster, J., 1992. Choice Over Time. Russell Sage Foundation, New York 
(volume 1). 〈https://www.russellsage.org/publications/choice-over-time〉.  

Loewenstein, G., Elster, J., 1996. Book reviews time preference. J. Behav. Decis. Mak. 9, 
297–303. 

Lund, P.D., Lindgren, J., Mikkola, J., Salpakari, J., 2015. Review of energy system 
flexibility measures to enable high levels of variable renewable electricity. Renew. 
Sustain. Energy Rev. 45, 785–807. https://doi.org/10.1016/j.rser.2015.01.057. 

Mahmoudi, N., Saha, T.K., Eghbal, M., 2014. Modelling demand response aggregator 
behavior in wind power offering strategies. Appl. Energy 133, 347–355. https://doi. 
org/10.1016/J.APENERGY.2014.07.108. 〈https://www.sciencedirect.com/science/ 
article/pii/S0306261914007995〉. 

Majidi, M., Mohammadi-Ivatloo, B., Soroudi, A., 2019. Application of information gap 
decision theory in practical energy problems: a comprehensive review. Appl. Energy 
249, 157–165. https://doi.org/10.1016/j.apenergy.2019.04.144. 

Mazur, J.E., 1984. Tests of an equivalence rule for fixed and variable reinforcer delays. 
J. Exp. Psychol. Anim. Behav. Process. 10, 426–436. https://doi.org/10.1037/0097- 
7403.10.4.426. 

McKenna, E., Ghosh, K., Thomson, M., 2011. Demand response in low-carbon power 
systems: a review of residential electrical demand response projects. In: Proceedings 
of the International Conference on Microgeneration and Related Technologies, 
University of Strathclyde, Glasgow. pp.1-11.〈https://dspace.lboro.ac.uk/dspace-js 
pui/handle/2134/8709〉. 

McKerchar, T.L., Green, L., Myerson, J., Pickford, T.S., Hill, J.C., Stout, S.C., 2009. 
A comparison of four models of delay discounting in humans. Behav. Process. 81, 
256–259. https://doi.org/10.1016/j.beproc.2008.12.017. 〈https://www.ncbi.nlm.ni 
h.gov/pmc/articles/PMC2674118/〉. 

Miriam Goldberg, 2015. Uncertainty Quantification and Validation.〈https://vimeo. 
com/120525112〉. 

Nolan, S., O’Malley, M., 2015. Challenges and barriers to demand response deployment 
and evaluation. Appl. Energy 152, 1–10. https://doi.org/10.1016/j. 
apenergy.2015.04.083. 

NordPool AS, 2021. Nordpoolspot - Historical Market Data.〈http://www.nordpoolspot. 
com/historical-market-data/〉. 

O’Donoghue, T., Rabin, M., 1999. Doing it now or later. Am. Econ. Rev. 89, 103–124. 
https://doi.org/10.1257/aer.89.1.103. 

Odum, A.L., 2011. Delay discounting: I’m a k, you’re a k. J. Exp. Anal. Behav. 96, 
427–439. https://doi.org/10.1901/jeab.2011.96-423. 
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