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Abstract 
 

There has been increasing research on the exogenous impact of 
other people’s behaviour (i.e. descriptive social norms) on 
economic behavior. The research to date has not separated out the 
impact of the norm and the information required to understand 
how to change consumption based on the norm. Using a natural 
field experiment we separate out the impact of information to 
examine norms independently. Using energy consumption of a 
homogenous housing stock, we find that norms mainly change 
behavior when information about basic knowledge is provided 
about behavior change. The initial effect size of norms with basic 
information is more than double that of only norms – around a 0.2 
standard deviation reduction in consumption (9% reduction). The 
impact that norms have without basic information has its largest 
impact on the day that the social norm is received, and then 
decreases over time – and has no impact on below norm 
consumers. We find some heterogeneous effects, in that asset poor 
and younger head of households are more likely to reduce their 
energy consumption with social norms and information.  
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1. Introduction  

 

An increasing number of studies from sociologists and social psychologists have suggested 

that reference to social norms can change a whole range of behaviors (Kluger & DeNisi, 

1996; Hechter & Opp, 2001; Parsons & Shils, 1951; Schultz et al, 2007; Sherif, 1936). The 

exogenous impact of social norms has been used and tested by economists mainly in 

energy/resource use (Ayers et al, 2009; Costa & Kahn, 2010; Alcott, 2011; Ferraro & Price, 

2011), charitable giving (Frey & Meier, 2004; Croson & Shang, 2007; Martin & Randal, 

2008; Shang & Croson, 2008), voting (Gerber & Rogers, 2009), retirement savings (Duflo 

& Saez, 2003; Beshears et al, 2009) and employee effort (Fehr et al, 1998; Bandiera et al, 

2006, Cohn et al, 2010). 

 

The impact of norms on behaviors such as charitable giving and productivity might be 

quite different to that of other behaviors such as resource use. The key difference in these 

behaviors is the understanding of the production function of the behavior. For instance, in 

charitable giving, the input is in the same currency as the output. So if an individual knows 

that the average person (i.e. the norm) contributes $5 more than her, she knows that all 

she has to do is give $5 more and she will be behaving according to the norm. For resource 

use, however, the norm is in resource use aggregates (such as total kilowatts per hour over 

a three month period – i.e. the output). So it requires a basic understanding about how 

inputs (i.e. smaller behaviors such as temperature of heating in the home, cooking food, 

etc.) impact on the output (total resource use). So if she consumes 100 kilowatts/hour 

more energy than the average, she may or may not understand how or which smaller 

behaviors can be used in the home to change or reduce her energy consumption by 100 

kilowatts/hour.  

 

This is analogous to the research examining the education production function, where 

children need to be incentivized on the inputs to educational attainment and not the 

output (see Fryer, 2010). This may be one of the reasons that the large field experiments to 

date in energy consumption have provided information on how to change behavior in 

addition to the social norm (see Ayers et al, 2009; Alcott, 2011). While these studies have 

shown consistent effects on behavior from the ‘norm with information’ treatment (Allcott 

& Mullainathan, 2011), we might have overstated the importance on the role of the social 

norm and not enough attention on the role of the basic information and knowledge in 

changing behavior. We have little knowledge of whether the social norm works on its own 

without basic information provision, and very little evidence in field experimental settings. 

If people understand the energy production function, then using basic information will 

yield little benefit. This is exactly what we test in this paper using a natural field 

experiment – the impact of norms with and without basic information. 
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We use daily energy consumption from a natural field experiment (Harrison & List, 2004) 

during 2010-2011. We use 569 households and randomize them into three groups: (i) 

control with a basic energy statement; (ii) treatment 1 – ‘norms only’; (iii) treatment 2 – 

‘norms with information’. The control group had a basic energy statement, and the ‘norms 

only’ group had the basic statement with a bar graph illustrating their consumption in 

comparison to the average in their neighborhood for their property size. So our definition 

of social norms here is the average consumption of similar sized properties in the 

neighborhood. This definition is similar to that used in the recent literature, but it must be 

noted that the norm in our study is not there to enforce cooperation (Axelrod, 1986) or 

that other people cannot enforce or punish consumers who do not behave according to the 

norm (see Fehr & Gaechter, 2002). The ‘norms with information’ group had the same 

statement, but on the back of the statement was basic information demonstrating how to 

change their behavior (see the figures in the appendix for the actual energy statements 

used – we will discuss these in more detail in the methodology section). This information 

was very rudimentary in terms of consumer energy management. 

 

It is important to note that we have two key differences to the previous literature on social 

norms and energy use. Firstly, our statements are households’ actual energy statements. 

Allcott (2011) uses the social norm intervention provided and implemented by OPower 

(opower.com), which is the Home Energy Report (HER), but these are sent separate to the 

energy statement from their utility company. Secondly, our control group has an energy 

statement, although they do not have the social norm information. Allcott’s (2011) 

treatment group does not have a HER. So we need to understand the impact that social 

norms have when everyone receives the energy statement. It might be that the HER is a 

treatment in itself and is delivering the change as opposed to the social norm information 

itself. Moreover, when people have the HER they might believe that their consumption is 

being watched, which might trigger some Hawthorne effects, irrespective of the social 

norm. 

 

As a result, our research is the first attempt to identify and compare the impact of norms 

on consumption with and without basic information on how to change consumption. We 

do this within an experiment where individuals pay for their consumption and are not 

sanctioned or punished if they do not behave according to the social norm. Therefore, 

there are no adverse payoffs from not conforming to the norm, and all consumption is 

private so no one else can observe other people’s consumption in response to the norm. In 

addition, we account for any Hawthorne effects in the treatment by providing everyone 

with a utility statement. These are important methodological issues in examining the role 

of non-pecuniary incentives in behavior.  
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Moreover, the consumers in our sample, like everyone else who pays for energy, pay for 

the absolute energy that they use, and do not pay based on any relative norm standard. 

While we use mainly social/public housing, our sample exhibits a broad range of 

individual ages and family sizes, and a good gender mix. The physical conditions in our 

sample are extremely homogenous. So they have the same building fabric (e.g. insulation, 

double glazing, doors, ceilings) and all have the same energy controls and internal heating 

systems (e.g. radiators, programmers, thermostats). This allows us to focus entirely on 

behavior without worrying about such unobservables.  

 

We started reading the energy meters at September 2010, and have consumption data per 

day until August 2011. We randomized households due to their consumption in November 

2010. The first intervention took place in December 2010 (high energy season), and the 

second intervention took place in June 2011 (low energy season). Both treatments were 

identical and the households remained in the same groups for both treatments. Using 

these data, we find some striking results.  

 

Firstly, both the treatment groups reduce their consumption, so ‘norms only’ and ‘norms 

with information’ reduce consumption overall. Secondly, the ‘norms with information’ 

effect size is at least twice as large as the ‘norms only’ effect size. Thirdly, the decay of the 

‘norms with information’ group over time is lower than the decay of the ‘norms only’ 

group. We demonstrate that ‘norms only’ does not work so well over the long-term in 

terms of changing behavior, and the short-term effects dissipate quickly. Norms only work 

well when basic information on how to change behavior accompanies the norm statement. 

Fourthly, those who are above the social norm are more likely to change their behavior 

than those below the social norm. The ‘norms only’ treatment does not change the 

behavior of those below the norm, but the ‘norms with information’ treatment reduces the 

consumption of those below the norm. Fifthly, the norms treatment works instantaneously 

on behavior. The first day that people receive the energy statements is the day with the 

largest per day behavior change. This suggests that while norms might decay over time, 

they require little learning or feedback – they seem to be an instant attention grabber. 

Given our high frequency field experiment, we are one of the first to show the abrupt 

behavioral response to social norms. Moreover, these results are interesting given that 

there is no punishment or sanctions if people do not conform to the norm.  

 

The social norm has its largest impact on those households that are poorer (in terms of 

assets) and younger over the long-run (i.e. over nine months). We find that social norms 

have a different impact on males and females (in that females are more responsive), but 

this effect is not strong once we control for other background variables such as age and 
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asset wealth. This latter result is interesting given the recent work in the area that has 

shown that women and men are impacted differently by non-pecuniary rankings in the 

workplace (see Barankay, 2011).  

 

Taken together, our research suggests that the energy production function is not clearly 

understood by individuals, and that providing basic information that increases knowledge 

about energy management alongside the norm is key to the success of behavioral change 

interventions in resource use. We demonstrate that the understanding of the inputs to the 

targeted norm behavior is crucial for further understanding the moral component of 

individuals’ utility functions (Levitt & List, 2006). This is rarely discussed in the 

literatures and models on social norms (see overviews by Cialdini & Trost, 1998; Ostrom, 

2000; Burke & Young, 2009). Some researchers have argued the importance of social 

norms for climate change mitigation policies (see Allcott & Mullainathan, 2010), and the 

current UK government’s energy efficiency program (Department for Energy and Climate 

Change, 2011a; 2011b) contains a commitment that energy bills should inform participants 

on how their consumption compares to that of similar households. Our findings suggest 

that such a commitment on energy bills will only change behavior when certain consumers 

are informed enough to understand how the small basic energy behaviors impact on the 

energy output. Information on small steps to change behavior has to be provided with 

energy statements to obtain long lasting behavior change.  

 

The next section will outline the theoretical framework of using norms. Section 3 will 

introduce the field experiment, and will provide details on the treatments used and the 

data that are gathered. The results will be presented in section 4, and we will use aggregate 

level and individual level energy data, and examine heterogeneous responses to the 

interventions. We will also price the treatment effects from this study. We will then 

discuss these results in section 5 and highlight the implications they have for public policy. 

	
  

2. The theoretical framework 

 

One could think of the impact of social norms more formally by using Levitt and List’s 

(2006) framework. We will attempt to slightly adapt it to think about the impact of norms 

on behavior. So we can assume a utility maximizing individual, i, decides which action to 

take, a. This action has two components: wealth (W) effect; and moral (M) nonpecuniary 

effect. W is reflected by higher stakes or monetary value of the behavior, v. M is reflected 

by decisions that the individual believes is immoral, antisocial, etc. As Levitt and List 

describe, M can encompass many aspects, but they state that the social norms, n, of a 

society can principally impact on behavior. They include scrutiny, s, in the M function, 

which can also include the saliency of the social norm.  
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So we have a utility function for individual i being:  

 

Ui(a,v,n,s) = Mi(a,v,n,s) + Wi(a,v)      (1) 

 

In the case of energy consumption, it could be that such behavior does not have a moral 

component and this will simply refer back to the utility maximising case. The studies to 

date though, have made the social norm salient through the Home Energy Reports (see 

Alcott, 2011), and the average effect across consumers is that the M part of the utility 

function reduces energy consumption by around 2-3%. What is missing here though, as 

explained above, is the ability of the person to understand how to transform that norm 

into observable behavior change. So the norm, n, has to be accompanied by the 

information, f, to actually change behavior. This information parameter might include 

people’s cognitive skills, which allows the individual to understand what the norm actually 

means and whether it is a good or bad thing. This meaning of good and bad is addressed 

through using injunctive norms on the energy statement. Our utility function simply 

becomes: 

 

Ui(a,v,n,s,f) = Mi(a,v,n,s,f) + Wi(a,v)      (2) 

 

So this utility function has a standard/basic level of information, and this information is 

currently given along with n in the current research in energy consumption. So to 

understand the true strength of n on behaviour, we need to randomly vary f. This is exactly 

what we do in this study using a natural field experiment. The null of no impact of 

information on the moral component is what we test (essentially comparing utility 

functions 1 and 2): H0: Mi(.) = Mi(.,f). 

 

3. Methodology 

 

3.1 Background to the natural field experiment 

 

We use a large housing estate owned by Camden Council, London that was recently re-

developed to meet energy efficiency standards. The estate received individual gas boilers 

with zonal controls, double-glazing and external wall insulation. There are a total of 569 

households that have been redeveloped. In 2009, the council approved the installation of 

remote gas meters, further to funding awarded by the London Development Agency. 

 

The completed metered system provides gas from a communal source, and the installation 

of individual controls (thermostats and programmers) in each property, which give 
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residents full control over when and how they use gas for heating, cooking and hot water. 

Individuals pay for their energy at a subsidized rate of 2.5p/kW/h. We were able to 

remotely read gas consumption anonymously from each property per day. These 

households were selected by the Council and there was no self-selection onto this heating 

scheme. 

 

3.2 Identification 

 

We use a pure randomisation process for our natural field experiment, with no other 

design. We did want however, the same amount of people in the six cells of our 

methodology. The six cells are described below in Table 1. So we took the average of the 

overall sample, and split them into two: high users (above the norm); low users (below the 

norm). Then we unconditionally randomized the households into the three groups based 

on their consumption in November 2010, and the treatment started on the 22nd December 

2010. Their consumption measured on the intervention was from September to November 

2010. The actual numbers of households, their mean consumption, and the standard 

deviation are presented in table 2. There were no significant differences between the 

treatment and control groups in terms of their baseline mean gas consumption. All of the 

energy statements were sent out by Camden Council on the same day and were received by 

all households on the same day. 

 

We use both descriptive and injunctive norms for this research. The descriptive norm 

element comes in the form of a household's energy use that is compared to that of its 

neighbors. This is represented by the bar graph, where they are either below or above 

average consumption, and the length of the bar on the statement measures this difference. 

Both bars have the average consumption and the household’s consumption in kW/hrs at 

the end of the bar.  

 

Due to the fact descriptive norms do not signal between good and bad behaviors, it has 

been claimed that people who were below the norm use more energy – called the 

‘boomerang effect’ (Clee & Wicklund, 1980). The experiment by Schultz et al (2007) used 

injunctive norms to mitigate the boomerang effect. So they included “smiley faces” (or 

emoticons) on the descriptive norm feedback reports given to these relatively low users, 

although Allcott (2011) questions their importance. Nonetheless, we used smiley faces for 

only those residents below the norm (i.e. groups C and E), and a statement saying 

“Congratulations. You are an energy efficient consumer.” for group C and 

“Congratulations. You are an energy efficient consumer. On the back of this statement 

recommends ways for you to carry on saving energy and money” for group E. Those who 

were above the norm did not have a happy face or even a face at all. We randomize based 
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on whether they are above or below users.  

 

The basic information given to the ‘norms with information’ group did not specifically 

mention how much energy they would save with the small behaviors. There was also no 

measure of cost or effort needed for these small behaviors. The norm treatment on its own 

is different to the basic information provided, since in the norm statement, there is no 

information about how they can change their energy behaviors. Moreover, the basic 

information has no social norm or pressure element. We carefully framed the information 

so there is no reference to desired behavior from a society point of view. While the 

consumers in our study were freely allowed to think that the easy and basic steps to 

change their behavior were easy steps to conform to the norm, there was no reference to 

the norm or what desired behavior is on the basic information.  

 

We do need to address though the issue of contamination of the control group by the 

treatment group. There are five important reasons that allow us to argue that 

contamination is not generating important biases in the estimated treatment effects. 

Firstly, people did not know that there was an experiment and were not told at any point 

that their energy was being watched for any research or experimental purposes. Secondly, 

the energy statements were private and were not at all public. If people in the study talked 

to other people in the study, they: (a) would not know that they had potentially a different 

energy statement; and (b) might not necessarily talk about their energy bills.  Thirdly, our 

energy statements were household specific, and the norms presented were based on a 

similar sized property. People’s neighbors live in different sized households, so they would 

have different norms. Fourthly, and shown in our empirical section, the largest treatment 

effects from our study happen on the day that they receive the energy statement, before 

any communication can realistically take place. So contamination would not in this case 

cause an inflation of the treatment effect. Fifthly, and again shown in our empirical section 

in Table 4 column 7, the interaction term between the treatment variables and the variable 

measuring the proportion of treated neighbors is not significant. This proportion of 

treated neighbors is the proportion of the seven closest neighbors that are treated for each 

individual household. Thus we do not find any contamination effects.  

 

3.3 Econometric model 

 

Due to the structure of our dataset, we can run a panel model and ascertain a treatment 

effect through a difference-in-difference specification: 

 

Git = β.Pit + τ1(T1i x Pit) + τ2(T2i x Pit) + υi + εit    (3) 
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where Git is the gas consumption (measured in cubic meters) of the individual household, 

i, per day, t. τ1 is the average treatment affect for the ‘norms only’ group, and τ2 is the 

average treatment effect for the ‘norms with information’ group. This specification will 

model energy use conditional on treatment groups (T1i and T2i), post-treatment indicator 

(Pit), and household fixed effects υi.. This specification is estimated in OLS using the 

standard fixed effects estimator, using robust standard errors, and clustered by household 

to be consistent with any correlation in the errors within households over the study time 

duration (Bertrand et al, 2004). We do not have to model for attrition or selection effects 

since everyone has the treatment, no-one can opt out of the treatment, and no-one moves 

property in the research period. We see this as a very tight field experiment.  

 

We will also examine the possible boomerang effects by segmenting the above and below 

norm users, and include deviation terms to determine the effects of the treatments as 

consumers get further away from the social norm. We will also examine heterogeneity to 

the treatment using the background variables that may impact on energy consumption. 

We have detailed data on size of property (i.e. number of bedrooms which is a proxy for 

household size), asset wealth (i.e. whether they own their property – leaseholder – or 

whether they are a social tenant), gender of the head of household, and age of the head of 

household. We also control for daily temperature from nearest weather station. 

 

4. Results 

 

We provide data on 569 households from October 2010 to August 2011. The results are 

provided in four main sections. The first section describes the data. The second analyzes 

the individual level daily data across the whole time period. The third examines the 

robustness of the results to time-varying characteristics, and provides tests of 

heterogeneity based on personal characteristics. The fourth summarises the results in 

terms of its comparison to the elasticity of demand, and the actual energy, money and 

carbon saved as a result of the intervention. 

 

4.1 Aggregate-level data 

 

We firstly provide a figure on the consumption over the research period. From Graph 1 

one can clearly observe that there is a winter peak in gas at around the month of 

December, which then drops steadily until July. This is because the gas is used for heating, 

and little heating is required in summer time (the temperatures are not warm enough for 

air conditioning). The gas consumption is negatively correlated with the average 

temperature in the local environment.  
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Graph 2 shows the first impact of the treatment on behaviour over an eleven-day period. 

Graph 2 shows the energy consumption five days prior to the treatment (18/12/2010 – 

22/12/2010), the treatment day (23/12/2010), and five days after the treatment 

(24/12/2010-28/12/2010). The black line indicates the treatment line. It is clear that the 

control line (blue) increases between 22/12/2010 and 23/10/2010, but the gradient on the 
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treatment effect for ‘norms only’ is 11.7% (18.2% of the standard deviation), and the 

‘norms with information’ treatment effect is 15.4% (25% of the standard deviation).  

 

The other columns in Table 4 increase the time periods for both pre- and post-

intervention. This is to provide some sensitivity over the control period used, and to 

examine the durability of these treatment effects. Increasing the post-treatment time 

period to February 2011 (two months), we find that the treatment coefficient is estimated 

at -0.366. The control consumption across the post-intervention period was 3.808m3 per 

day. So the average treatment effect for ‘norms only’ and ‘norms with information’ are 

2.9% and 9.6% respectively. These effects sizes are smaller than those for just January. As 

we extend the data to March (column 3), April (column 4) and May (column 5), the effect 

sizes of the ‘norms with information’ treatment being 4.6%, 6.1%, and 8.1% respectively 

(the control consumption over these time periods being 3.619, 3.208, and 2.908 

respectively). This counters against a decay effect. So for a post-treatment duration of five 

months, the average treatment effect is around 8% for the ‘norms with information’ 

treatment. Column (7) includes the Share variable, which denotes the proportion of the 

closest seven neighbors that are in a treatment group. By interacting this with both 

treatments, we find negligible effects, and allow us to rule out any contamination of the 

treatment to other households. 

 

We now examine those individuals who were above and below the norm. We will split the 

data and analysis into those above and below respectively. Table 5 presents the same 

specification as the previous tables but just restricts the sample to those who consumed 

more than the average. Firstly, it is clear that the difference-in-difference estimators are 

larger. Secondly, the ‘norm with information’ intervention has at least a 66% larger 

coefficient than the ‘norms only’ intervention. Thirdly, we find the same pattern in 

consumption as the whole sample. Fourthly, while the coefficients might be larger than 

that of tables 3 and 4, the average treatment effects might not be much larger. The 

treatment effect for one month pre- and post-treatment (column 1) is 10.5%. This reduces 

to 9.6%, 5.5%, 6%, 7%, and 8% for column (2), (3), (4), (5) and (6) respectively. These 

effects sizes are not significantly different to those found in Table 4.  

 

Next we examine how the distance away from the norm might impact on people’s 

responses to the interventions. Essentially, we want to determine whether behavior is 

concave or convex around the reference point (Benabou & Tirole, 2003). So Table 6 

introduces a deviation term, which is interacted with the difference-in-difference 

estimators (Post * Treat * %dev.). The deviation term is essentially how far each 

household is away from the norm in percentage points (we will examine the curvature in 

the next table). Across the different time durations, these interaction terms are negative 
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suggesting that the higher the deviation the larger the change in consumption, although 

the interaction terms are not statistically significant until we extend the data until April 

2011. Interestingly, the interaction term is larger for the ‘norms only’ treatment group 

than the ‘norms with information’ treatment group. This is essentially indicating that a 

larger reduction in energy consumption occurs for the ‘norms only’ group than the ‘norms 

with information’ group the further one deviates away from the norm. One could 

rationalize this finding by suggesting that the ‘norms only’ group are not given the 

information to change behavior, so if they are so far away from the norm, they have to 

discover the ways in which they can reduce their consumption. This might have been more 

than the basic information provided by the information in treatment group 2.  

 

There could be non-linearities in the response to the norms and could be convex or 

concave around the norm. So in Table 7 we introduce another interaction, where the 

deviation is squared (Post * Treat * %dev.2). What is interesting here is the sign of the 

coefficients. For ‘norms only’, the shape of the energy reaction function is increasing until 

a household hits 133% over the norm (0.016/0.00012), and then they are more likely to 

reduce their energy consumption than those who are below 133% above the norm. For 

‘norms with information’, this has its greatest impact on those below 312% of the norm.     

 

Table 8 examines those who are below the norm across the same time periods. What is 

interesting here is that in the first month, these low consumers do reduce their 

consumption as a result of the ‘norms with information’ – the treatment effect being 9.4%. 

This effect does reduce in size very quickly but remains negative. The ‘norms only’ 

coefficient is sometimes positive suggesting that their importance is again much lower 

than the other treatment.    

 

Table 9 examines the data into June and July, when the second treatment took place. 

Column (1) examines the data up until the end of July 2011 (37 days after the second 

energy statement) and column (2) examines the data up until the end of August 2011 (67 

days after the second energy statement). What is clear is that the coefficients for the 

treatment are significantly higher than that from columns (5) and (6), suggesting some 

impact from the second statement. In fact, the treatment effect is larger until the end of 

August. The treatment effect for ‘norms with information’ from November 2010 to the end 

of August 2011 is 9.1% (10.6% of the standard deviation).  

 

4.3 Heterogeneity 

 

Tables 10 and 11 present the heterogeneous interactions with the treatments. As 

mentioned above, we will examine the impact of the treatments based on household size, 
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asset wealth, age and gender of the head of household. Table 10 combines those in both 

treatments to determine any general effects of a treatment on behavior. Columns (1)-(4) 

include these variables into the econometric model individually. It is clear that the larger 

the household size, the larger the reduction in consumption with the treatment. So for a 

three-bedroom household, the treatment effect is (0.060 + (3 x -0.194)) -0.522. The 

impact of being a private renter (2), older (3) or male (4) does not seem to be particularly 

important. If we control for the background variables together (5) and include baseline 

consumption (6), the size of the household is still a predictor of reducing energy 

consumption. These results hold for longer time periods, i.e. up until June 2011, although 

we do not present them here. 

 

Table 11 examines the two treatments separately but analyses the same background 

variables. The ‘norms only’ intervention has the largest effect on those who have larger 

households (column 1), controlling for the other background variables (column 5) and 

baseline consumption (column 6). It seems that leaseholders do not respond as much as 

social tenants with the ‘norms with information’ treatment (column 2). Age does not seem 

to be largely impacted differently between the two treatments (column 3). It does seem 

however that the ‘norms only’ treatment has different effects on males than females 

(column 4). Clearly men do not reduce their consumption with the social norm on its own, 

but women do. This might point to the fact that women might understand the energy 

production function better than men. The difference between men and women in this 

treatment group is large – a 0.302 difference, which translates into a 7.5% treatment 

effect. This difference does reduce substantially when we control for the other background 

variables (columns 5 and 6). 

 

Table 12 compares both treatments for the different background variables but extends the 

duration of study from November 2010 to August 2011. Column (1) shows that larger 

households are actually less responsive to both treatments than those from smaller 

households. This reverses the result found in column (1) in Table 10. Column (2) clearly 

shows that the more wealthy households are less responsive to the ‘norms with 

information’ treatment than the less wealthy households. Column (3) shows that the age of 

the head of the household is actually important to the responsiveness of the treatments. 

Each year of age decreases the responsiveness of both treatments by 0.007m3 of energy 

consumption per day. Column (4) demonstrates that males are much less responsive to 

both treatments than females – the difference being around 0.22m3 of energy 

consumption per day. Once we control for these background variables in column (5), the 

asset wealth and age effects still remain quite strong, with the gender result losing 

significance. Interestingly, once we control for baseline consumption, the results do not 

change, but they are in contrast to the short-run effects in Table 11. The coefficients on the 
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variable to denote whether a household is under consumption are negative, suggesting 

that those under the norm are more likely to change their behavior, once we control for 

background characteristics.  

 

4.4 Pricing the result 

 

Within this section, we examine the differences in consumption in terms of the elasticity of 

demand, money saved, and the carbon saved. Firstly, it is important to examine what type 

of price increases would be equivalent to such a short-term change in consumption across 

the sample. Many of the studies examining the price elasticity of energy demand for 

households around the world provide an estimate of around -0.1 to -0.3 (see Lijesen, 

2007). These are the similar values used by the UK Government’s long-term projections 

(CCC, 2008a). Using the range estimate above for the short-run elasticity, we can estimate 

the price equivalent effect of the social norm. Using our 9% estimate of the ‘norms with 

information’ treatment effect, this would be equivalent to increasing short-term energy 

prices by around 30% to 70%. Given that energy is fairly price-inelastic, our comparable 

estimates are very large. This is especially so given that the treatment is only one letter 

sent by the Council.	
   

 

Our ‘norms with information’ treatment effect being -0.243m3 per day over eight months 

(250 days), the cumulative total of energy reduced per household is 60.75m3 of gas.  The 

conversion factor is 1m3 = 40.02264kW/h, so each household reduced their consumption 

by 2,431kW/h over this time period. For the monetary value, each kW/h is charged to 

these households at around £0.025. So ‘norms with information’ during the project time 

frame saved the average resident around £60. For our ‘norms with information’ sample, 

they saved around £11,200 altogether. If we use market gas prices, which is currently 

around £0.09 per kW/h, the amount 
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Our field experiment is consistent with the previous work in this area suggesting that 

social norms can change people’s behavior. Our research is also generally consistent with 

the work that has found that non-pecuniary strategies can have long lasting effects on 

behavior. Our effect sizes are however much larger than that from causal studies (Ayers et 

al, 2009; Allcott, 2011) and correlation studies (Arimura et al, 2009; Darby, 2006; 

Fischer, 2008; Friedrich et al, 2009). There might be a few reasons for this difference, 

such as country of origin (as this is the first ever energy-social norm study in the U.K.), 

sample (mainly social housing residents), or that we used actual utility bills. Moreover it 

could be that the design of our intervention is more effective and made people who 

consume above average to conform to the norm, and those below the norm to stay below 

the norm. 

 

Our field experiment with a homogenous housing stock shows some key results that differ 

from previous work in this area. Firstly, we show that social norms work best when 

combined with basic information. Secondly, we show that social norms work in addition to 

a standard energy statement. Thirdly, we show that social norms can have sustainable 

effects over a number of months after the treatment. This is very interesting given that 

there was no punishment or sanctions if people did not conform to the norm, and no 

covenants were used (Ostrom et al, 1992). 

 

Moreover, 
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they are to conform to the behavior of peers (Berndt, 1979). We do not find any strong 

results for gender and wealth of the head of household. 

 

Our effect sizes are larger than that of Ayers et al (2009) and Allcott (2011) using U.S. 

data. There are potentially five reasons for the difference. Firstly, we use primarily social 

housing where the tenant rents the property from the Council or a private landlord. The 

U.S. studies use private households. Secondly, our sample is from the U.K., and not from 

the U.S. Thirdly, our intervention is on the actual energy statement from the energy 

provider. The OPower intervention is separate from the energy provider statement. 

Fourthly, our design is somewhat different. For instance, we do not use the most energy 

efficient neighbours on the statement, and do not place any other information on the front 

page apart from the norm. Fifthly, our households do not have smart meters or in home 

displays, so they did not receive feedback straight away from their change in behavior. So 

it could be that some in home displays provide more information than is optimal to reduce 

consumption, i.e. some uncertainty in the outcome of the behavior change may be good for 

sustaining long-term effects. The combination of these five factors might summate to a 

large difference in the treatment sizes across the field experiments. Further research 

should attempt to identify the differences across various studies.  

 

Social norms seem to be an attention-grabber, and the role of attention on behavior is 

having a greater examination within the social sciences (Dijksterhuis et al, 2006; 

Falkinger, 2008; Chetty et al, 2009). Understanding the conscious or unconscious effects 

of social norms on attention seems to be an interesting path for future work (see Nolan et 

al, 2008). There are further questions that arise out of this research that we have not 

addressed. Firstly, to what extent are there spillovers to other behaviors within the same 

household? For instance, if a household saves money on their energy bills, what do they 

spend that money on and does this spending offset the benefits (the indirect rebound 

effect) (e.g. flying more) or increase saving energy and money (like buying energy efficient 

light bulbs) (Greening et al, 2000)? Secondly, how well does this treatment impact on 

different types of individuals? The research from this paper suggests that the treatment 

effects vary much by a limited set of individual characteristics. Answering these two 

questions will lead to better understanding of the efficacy of non-pecuniary treatments on 

behavior, and how they can be used effectively for policy purposes. 

 

Given that EU currently (article 13 of the EU-ESD, 2005) obliges governments to improve 

the state of feedback provided to customers, the role of social norms and basic knowledge 

could be potentially important in improving feedback. Moreover, building regulators and 

building codes should not under-estimate the potential impact that individual behavior 

has on energy consumption (Janda, 2011). In fact we argue that changing individual 
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behavior through tailored norm-based feedback is potentially more cost-effective than 

attempting to change the fabric of the building etc. Interestingly, in the U.K., such basic 

knowledge and norm information are not within the current Carbon Emissions Reduction 

Target guidelines (Ofgem, 2011).  

 

Overall, the policy implications from the research are two-fold. One is that social norms 

can be used to change consumption when provided alongside basic knowledge about the 

behavior. The combination of the norm and basic information can be effective over a long 

time period. Second is that other people’s energy consumption can impact on individual 

energy consumption. While some organizations have made a move on this, e.g. OPower, 

we recommend that governments take such social norms serious if they want to change 

energy consumption.  

 

If social norms are potentially important for climate change mitigation policies (see Allcott 

& Mullainathan, 2010) and other market failures (Coleman, 1989), they will only have 

their largest impact when consumers are given basic information to understand how the 

small energy behaviors impact on the energy output. Information on the small and easy 

steps to change behavior has to be provided with energy statements to obtain long lasting 

behavior change. Given that many governments are interested in informing consumers on 

how their consumption compares to that of similar households, governments should make 

it equally important that basic information on changing energy behaviors (based on our 

information) is provided with the statements. 
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Graph 1: Monthly energy use (m3) across the sample period 
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Graph 2: Impact of the treatment on energy consumption (m3) 
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Graph 3: Impact of the treatment on energy consumption (m3) over a longer time 
period 
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Table 1: The groups of the field experiment  
 1. Control 2. Intervention 1 3. Intervention 2 
Above norm 
consumption 

A. Plain energy statement C. Plain energy statement 
+ Norms  

E. Plain energy statement 
+ Norms + information 

Below norm 
consumption 

B. Plain energy statement D. Plain energy statement 
+ Norms 

F. Plain energy statement 
+ Norms + information 

Notes: For the treatment of groups A and B, see figure A1. For group C, see figure A2. For group D, see figure A3. For groups E and F, see 
figures A4 and A5.  
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Table 2: The November gas consumption (m3) of the groups  
 1. Control 2. Intervention 1 3. Intervention 2 Average 
Above norm 
consumption 

N: 95 
Mean: 5.2  
SD: 2.6 

N: 92 
Mean: 5.3  
SD: 2.9 

N: 95 
Mean: 5.3  
SD: 2.9 

N: 282 
Mean: 5.2  
SD: 2.8 

Below norm 
consumption 

N: 90 
Mean: 2.3  
SD: 2.0 

N: 93 
Mean: 2.3  
SD: 1.9 

N: 96 
Mean: 2.3  
SD: 2.0 

N: 279 
Mean: 2.3  
SD: 2.0 

Average N: 185 
Mean: 3.7  
SD: 2.7 

N: 185 
Mean: 3.8  
SD: 2.9 

N: 191 
Mean: 3.8  
SD: 2.9 

N: 569 
Mean: 5.0  
SD: 2.5 

Notes: For the treatment of groups A and B, see figure A1. For group C, see figure A2. For group D, see figure A3. For groups E and F, see 
figures A4 and A5. N = number of households; SD = standard deviation.  
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Table 3: Gas consumption over December 2010 – January 2011  
 
 (1) (2) (3) (4) 
 Consumption Consumption Consumption Consumption 

Post-intervention -0.576*** -0.412*** -0.576*** -0.412*** 

 (0.037) (0.039) (0.090) (0.091) 

Post * Treat1 -0.180*** -0.178*** -0.180 -0.178 
 (0.052) (0.052) (0.124) (0.124) 
Post * Treat2 -0.441*** -0.439*** -0.441*** -0.439*** 

 (0.052) (0.052) (0.123) (0.123) 
Constant 4.876*** 4.876*** 4.942*** 4.876*** 
 (0.017) (0.018) (0.032) (0.032) 

Temperature No Yes No Yes 
Cluster s.e. No No Yes Yes 
R2 overall 0.01 0.01 0.01 0.01 
Obs 34,646 34,646 34,646 34,646 

Time frame Dec10 – Jan11 Dec10 – Jan11 Dec10 – Jan11 Dec10 – Jan11 
Notes: Standard errors are reported in parentheses below the coefficients. Significance levels are noted by * p<0.1, ** 
p<0.05, and *** p<0.01. The variable (Post * Treat1) is the difference-in-difference estimator for the ‘norms only’ treatment, 
and the (Post * Treat2) variable is the difference-in-difference estimator for the ‘norms with information’ treatment. 
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Table 4: Gas consumption over different time periods 
 
 (1) (2) (3) (4) (5) (6) (7) 
 Consumption Consumption Consumption Consumption Consumption Consumption Consumption 
Post-
intervention 0.410*** -0.636*** 0.089 -0.058 -0.173** -0.242*** -0.242*** 

 (0.147) (0.090) (0.078) (0.072) (0.091) (0.075) (0.075) 

Post * Treat1 -0.553*** -0.111 -0.043 -0.073 -0.100 -0.120 -0.211 
 (0.209) (0.126) (0.109) (0.107) (0.111) (0.118) (0.240) 
Post * Treat2 -0.768*** -0.366*** -0.130 -0.166* -0.195* -0.211* -0.287 

 (0.206) (0.127) (0.107) (0.100) (0.107) (0.114) (0.233) 
Post * Treat1 * 
Share       0.026 

       (0.058) 
Post * Treat2 * 
Share       0.020 

       (0.060) 
Constant 4.970*** 4.876*** 4.280*** 4.284*** 4.322*** 4.339*** 4.339*** 
 (0.088) (0.038) (0.026) (0.029) (0.034) (0.038) (0.038) 

Temperature Yes Yes Yes Yes Yes Yes Yes 
R2 overall 0.001 0.02 0.02 0.02 0.07 0.10 0.10 
Obs 12,989 50,399 67,185 83,613 100,153 117,033 117,033 

Time frame 
Dec10 – one 

treatment day 
(23rd Dec 10) 

Dec10 – Feb11 Nov10 – Feb11 Nov10 – 
Mar11 Nov10 – Apr11 Nov10 – 

May11 
Nov10 – 
May11 

Notes: Standard errors (reported in the parentheses below the coefficient) are corrected for clustering at the individual level. Significance 
levels are noted by * p<0.1, ** p<0.05, and *** p<0.01. The variable (Post * Treat1) is the difference-in-difference estimator for the ‘norms 
only’ treatment, and the (Post * Treat2) variable is the difference-in-difference estimator for the ‘norms with information’ treatment. Share is 
a variable that denotes the proportion of the closest seven neighbors that are in a treatment group. 
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Table 5: Gas consumption over different time periods for above norm consumers 
 
 (1) (2) (3) (4) (5) (6) 
 Consumption Consumption Consumption Consumption Consumption Consumption 

Post-intervention -0.591*** -0.865*** -0.005 -0.184* -0.346** -0.438*** 

 (0.122) (0.121) (0.104) (0.093) (0.093) (0.095) 

Post * Treat1 -0.329* -0.218 -0.182 -0.204 -0.200 -0.213 
 (0.174) (0.177) (0.159) (0.156) (0.161) (0.168) 
Post * Treat2 -0.600*** -0.516*** -0.282* -0.306** -0.332** -0.350** 

 (0.017) (0.172) (0.148) (0.140) (0.143) (0.148) 
Constant 6.451** 6.454*** 5.775*** 5.780*** 5.828*** 5.851*** 
 (0.045) (0.053) (0.036) (0.049) (0.048) (0.053) 

Temperature Yes Yes Yes Yes Yes Yes 
R2 overall 0.03 0.03 0.03 0.04 0.10 0.14 
Obs 17,441 25,262 33,808 42,065 50,388 58,869 

Time frame Dec10 – Jan11 Dec10 – Feb11 Nov10 – Feb11 Nov10 – Mar11 Nov10 – Apr11 Nov10 – May11 
Notes: Standard errors (reported in the parentheses below the coefficient) are corrected for clustering at the individual level. Significance 
levels are noted by * p<0.1, ** p<0.05, and *** p<0.01. The variable (Post * Treat1) is the difference-in-difference estimator for the ‘norms 
only’ treatment, and the (Post * Treat2) variable is the difference-in-difference estimator for the ‘norms with information’ treatment. 
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Table 6: Gas consumption over different time periods for above norm consumers – 
percentage deviation 
 
 (1) (2) (3) (4) (5) (6) 
 Consumption Consumption Consumption Consumption Consumption Consumption 

Post-intervention -0.591*** -0.866*** -0.005 -0.184* -0.347** -0.439*** 

 (0.121) (0.121) (0.104) (0.094) (0.093) (0.095) 

Post * Treat1 0.060 0.172 0.202 0.247 0.313 0.377 
 (0.310) (0.311) (0.301) (0.307) (0.307) (0.311) 
Post * Treat2 -0.389** -0.327*** -0.174 -0.159 -0.044 -0.020 

 (0.195) (0.206) (0.168) (0.156) (0.159) (0.165) 

Post * Treat1 * %dev. -0.006 -0.006 -0.006 -0.007 -0.008 -0.010* 

 (0.005) (0.005) (0.005) (0.006) (0.006) (0.006) 

Post * Treat2 * %dev. -0.003 -0.003 -0.002 -0.002 -0.005** -0.005*** 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 
Constant 6.451*** 6.454*** 5.775*** 5.780*** 5.828*** 5.851*** 
 (0.044) (0.052) (0.036) (0.041) (0.046) (0.051) 

Temperature Yes Yes Yes Yes Yes Yes 
R2 overall 0.01 0.03 0.03 0.01 0.05 0.09 
Obs 17,441 25,262 33,808 42,065 50,388 58,869 

Time frame Dec10 – Jan11 Dec10 – Feb11 Nov10 – Feb11 Nov10 – Mar11 Nov10 – Apr11 Nov10 – May11 
Notes: Standard errors (reported in the parentheses below the coefficient) are corrected for clustering at the individual level. Significance 
levels are noted by * p<0.1, ** p<0.05, and *** p<0.01. The variable (Post * Treat1) is the difference-in-difference estimator for the ‘norms 
only’ treatment, and the (Post * Treat2) variable is the difference-in-difference estimator for the ‘norms with information’ treatment. 
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Table 7: Gas consumption over different time periods for above norm consumers – 
percentage deviation as a quadratic 
 
 (1) (2) (3) (4) (5) (6) 
 Consumption Consumption Consumption Consumption Consumption Consumption 

Post-intervention -0.592*** -0.866*** -0.005 -0.184** -0.347** -0.439*** 

 (0.122) (0.121) (0.104) (0.094) (0.093) (0.095) 

Post * Treat1 -0.520** -0.345 -0.355 -0.326 -0.240 -0.202 
 (0.233) (0.245) (0.228) (0.225) (0.229) (0.232) 
Post * Treat2 -0.194 -0.106 -0.060 -0.038 -0.034 0.003 

 (0.220) (0.236) (0.198) (0.189) (0.191) (0.199) 

Post * Treat1 * %dev. 0.016*** 0.014** 0.015*** 0.015** 0.013** 0.013** 

 (0.006) (0.007) (0.006) (0.006) (0.006) (0.006) 

Post * Treat2 * %dev. -0.010** -0.011** -0.006 -0.007 -0.005 -0.006 

 (0.004) (0.005) (0.004) (0.004) (0.004) (0.005) 

Post * Treat1 * %dev.2 -1.2x10-4*** -1.0x10-4** -1.1x10-4*** -1.2x10-4*** -1.1x10-4*** -1.2x10-4*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Post * Treat2 * %dev.2 3.2x10-5** 3.7x10-5** 1.9x10-5 1.3x10-5 1.7x10-6 3.8x10-6** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
Constant 6.452*** 6.454*** 5.775*** 5.780*** 5.827*** 5.851*** 
 (0.042) (0.052) (0.034) (0.038) (0.044) (0.051) 

Temperature Yes Yes Yes Yes Yes Yes 
R2 overall 0.01 0.01 0.01 0.01 0.05 0.09 
Obs 17,441 25,262 33,808 42,065 50,388 58,869 

Time frame Dec10 – Jan11 Dec10 – Feb11 Nov10 – Feb11 Nov10 – Mar11 Nov10 – Apr11 Nov10 – May11 
Notes: Standard errors (reported in the parentheses below the coefficient) are corrected for clustering at the individual level. Significance 
levels are noted by * p<0.1, ** p<0.05, and *** p<0.01. The variable (Post * Treat1) is the difference-in-difference estimator for the ‘norms 
only’ treatment, and the (Post * Treat2) variable is the difference-in-difference estimator for the ‘norms with information’ treatment. 
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Table 8: Gas consumption over different time periods for below norm consumers  
 
 (1) (2) (3) (4) (5) (6) 
 Consumption Consumption Consumption Consumption Consumption Consumption 

Post-intervention -0.236* -0.408*** 0.179 0.064 -0.006 -0.054 

 (0.132) (0.130) (0.114) (0.108) (0.105) (0.107) 

Post * Treat1 -0.016 0.007 0.105 0.070 0.016 -0.006 
 (0.167) (0.167) (0.141) (0.135) (0.133) (0.139) 
Post * Treat2 -0.270* -0.206 -0.030 -0.016 -0.045 -0.055 

 (0.165) (0.174) (0.147) (0.143) (0.142) (0.147) 
Constant 3.280*** 3.278*** 2.766*** 2.770*** 2.798*** 2.810*** 
 (0.042) (0.049) (0.033) (0.037) (0.040) (0.045) 

Temperature Yes Yes Yes Yes Yes Yes 
R2 overall 0.01 0.02 0.02 0.03 0.07 0.10 
Obs 17,205 25,037 33,377 41,548 49,765 58,164 

Time frame Dec10 – Jan11 Dec10 – Feb11 Nov10 – Feb11 Nov10 – Mar11 Nov10 – Apr11 Nov10 – May11 
Notes: Standard errors (reported in the parentheses below the coefficient) are corrected for clustering at the individual level. Significance 
levels are noted by * p<0.1, ** p<0.05, and *** p<0.01. The variable (Post * Treat1) is the difference-in-difference estimator for the ‘norms 
only’ treatment, and the (Post * Treat2) variable is the difference-in-difference estimator for the ‘norms with information’ treatment. 
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Table 9: Effects of the treatment including the second treatment intervention in June 2011 
 
 (1) (2) 
 Consumption Consumption 

Post-intervention -0.248*** -0.250*** 

 (0.081) (0.083) 

Post * Treat1 -0.137 -0.153 
 (0.132) (0.137) 
Post * Treat2 -0.227* -0.243* 

 (0.127) (0.132) 
Constant 4.357*** 4.358*** 
 (0.046) (0.049) 

Temperature Yes Yes 
R2 overall 0.17 0.19 
Obs 148,656 160,748 

Time frame Nov10 – July11  Nov10 – Aug11  
Notes: Standard errors (reported in the parentheses below the coefficient) are 
corrected for clustering at the individual level. Significance levels are noted by * 
p<0.1, ** p<0.05, and *** p<0.01. The variable (Post * Treat1) is the difference-in-
difference estimator for the ‘norms only’ treatment, and the (Post * Treat2) 
variable is the difference-in-difference estimator for the ‘norms with information’ 
treatment. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



33 

 
Table 10: Gas consumption over Dec10 – Jan11: heterogeneous effects  
 
 (1) (2) (3) (4) (5) (5) 
 Consumption Consumption Consumption Consumption Consumption Consumption 

Post-intervention -0.412*** -0.412*** -0.396*** -0.412*** -0.396*** -0.396*** 

 (0.091) (0.091) (0.088) (0.091) (0.088) (0.088) 

Post * Treat 0.060 -0.329*** -0.334 -0.343*** -0.069 -0.293 
 (0.146) (0.112) (0.251) (0.119) (0.267) (0.269) 
Post * Treat * beds -0.194***    -0.228*** -0.227*** 

 (0.055)    (0.065) (0.063) 

Post * Treat * lease  0.122   0.225 0.073 

  (0.151)   (0.240) (0.224) 

Post * Treat * age   -0.0003  0.003 0.002 

   (0.005)  (0.005) (0.004) 

Post * Treat * male    0.093 -0.059 -0.099 

    (0.123) (0.139) (0.130) 

Post * Treat * under      0.694*** 

      (0.124) 
Constant 4.876*** 4.876*** 5.074*** 4.876*** 5.074*** 5.074*** 
 (0.032) (0.032) (0.034) (0.032) (0.034) (0.033) 

Temperature Yes Yes Yes Yes Yes Yes 
R2 overall 0.01 0.01 0.01 0.01 0.01 0.01 
Obs 34,646 34,646 28,425 34,646 28,425 28,425 

Time frame Dec10 –
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Table 11: Gas consumption over Dec10 – Jan11: heterogeneous effects by intervention type  
 
 (1) (2) (3) (4) (5) (5) 
 Consumption Consumption Consumption Consumption Consumption Consumption 

Post-intervention -0.412*** -0.412*** -0.396*** -0.412*** -0.396** -0.396** 

 (0.122) (0.091) (0.088) (0.091) (0.088) (0.088) 

Post * Treat1 0.308 -0.142 -0.301 -0.282** -0.082 -0.185 
 (0.188) (0.131) (0.367) (0.140) (0.382) (0.380) 
Post * Treat2 -0.175 -0.516*** -0.406 -0.407*** -0.123 -0.432 

 (0.176) (0.128) (0.313) (0.143) (0.359) (0.363) 

Post * Treat1 * beds -0.253***    -0.290*** -0.280*** 

 (0.073)    (0.095) (0.091) 

Post * Treat2 * beds -0.139*    -0.203** -0.199** 

 (0.079)    (0.093) (0.089) 

Post * Treat1 * lease  -0.236   0.329 0.059 

  (0.209)   (0.248) (0.286) 

Post * Treat2 * lease  0.459**   0.163 0.114 

  (0.212)   (0.371) (0.324) 

Post * Treat1 * age   0.003  0.009 0.004 

   (0.007)  (0.008) (0.007) 

Post * Treat2 * age   -0.003  -0.0001 -0.0005 

   (0.006)  (0.006) (0.006) 

Post * Treat1 * male    0.302* 0.046 -0.008 

    (0.177) (0.177) (0.165) 

Post * Treat2 * male    -0.083 -0.119 -0.148 

    (0.167) (0.216) (0.203) 

Post * Treat2 * under      0.685*** 

      (0.158) 

Post * Treat2 * under      0.658*** 

      (0.177) 
Constant 4.877*** 4.876*** 5.073*** 4.876*** 5.074*** 5.074*** 
 (0.042) (0.032) (0.034) (0.032) (0.034) (0.033) 

Temperature Yes Yes Yes Yes Yes Yes 
R2 overall 0.01 0.01 0.01 0.01 0.01 0.01 
Obs 34,646 34,646 28,425 34,646 28,425 28,425 

Time frame Dec10 – Jan11 Dec10 – Jan11 Dec10 – Jan11 Dec10 – Jan11 Dec10 – Jan11 Dec10 – Jan11 
Notes: Standard errors (reported in the parentheses below the coefficient) are corrected for clustering at the individual level. Significance 
levels are noted by * p<0.1, ** p<0.05, and *** p<0.01. The variable (Post * Treat1) is the difference-in-difference estimator for the ‘norms 
only’ treatment, and the (Post * Treat2) variable is the difference-in-difference estimator for the ‘norms with information’ treatment. 
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Table 12: Gas consumption over Nov10 – Aug11: heterogeneous effects by intervention 
type  
 
 (1) (2) (3) (4) (5) (5) 
 Consumption Consumption Consumption Consumption Consumption Consumption 

Post-intervention -0.318*** -0.257*** -0.282*** -0.267*** -0.287*** -0.286*** 

 (0.080) (0.083) (0.083) (0.082) (0.082) (0.082) 

Post * Treat1 -0.392** -0.164 -0.459** -0.212 -0.473** -0.472** 
 (0.168) (0.141) (0.189) (0.147) (0.191) (0.191) 
Post * Treat2 -0.471*** -0.280** -0.679*** -0.304** -0.700*** -0.697*** 

 (0.157) (0.137) (0.175) (0.143) (0.159) (0.177) 

Post * Treat1 * beds 0.164***    0.084 0.084 

 (0.034)    (0.059) (0.057) 

Post * Treat2 * beds 0.158***    0.100** 0.104** 

 (0.031)    (0.041) (0.042) 

Post * Treat1 * lease  0.102   0.131 0.192 

  (0.114)   (0.217) (0.205) 

Post * Treat2 * lease  0.299***   0.293* 0.301* 

  (0.115)   (0.176) (0.167) 

Post * Treat1 * age   0.007***  0.004* 0.005** 

   (0.002)  (0.002) (0.002) 

Post * Treat2 * age   0.007***  0.004* 0.004* 

   (0.002)  (0.002) (0.002) 

Post * Treat1 * male    0.226** 0.060 0.077 

    (0.095) (0.104) (0.103) 

Post * Treat2 * male    0.213** 0.067 0.075 

    (0.089) (0.122) (0.122) 

Post * Treat2 * under      -0.154 

      (0.109) 

Post * Treat2 * under      -0.067 

      (0.092) 
Constant 4.349*** 4.357*** 4.521*** 4.355*** 4.520*** 4.521*** 
 (0.050) (0.049) (0.054) (0.049) (0.054) (0.055) 

Temperature Yes Yes Yes Yes Yes Yes 
R2 overall 0.20 0.19 0.20 0.19 0.20 0.21 
Obs 160,748 160,748 131,874 160,748 131,874 131,874 

Time frame Nov10 – Aug11 Nov10 – Aug11 Nov10 – Aug11 Nov10 – Aug11 Nov10 – Aug11 Nov10 – Aug11 
Notes: Standard errors (reported in the parentheses below the coefficient) are corrected for clustering at the individual level. Significance 
levels are noted by * p<0.1, ** p<0.05, and *** p<0.01. The variable (Post * Treat1) is the difference-in-difference estimator for the ‘norms 
only’ treatment, and the (Post * Treat2) variable is the difference-in-difference estimator for the ‘norms with information’ treatment. 
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Appendix 
 
Figure A1: Control statement 
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Figure A2: Treatment 1 statement – over average consumption 
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Figure A3: Treatment 1 statement – under average consumption 
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Figure A4: Treatment 2 statement – under average consumption 
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Figure A5: Treatment 2 - back of the statement (for all irrespective whether above or 
below norm) 
 

	
  
	
  


