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Informedness and responses to information

!
• Two similar households with low energy usage: 

– A, Informed: knows he’s a low user 
– B, Over-estimator: thinks he’s average 

• Suppose we inform A and B they are low users 
– A learns nothing new 
– B might increase his energy usage 

• Boomerang effects 
• How to identify A and B types? 

– Find proxies 
– Ask them



What we do

!
• Conduct surveys and use smart meter data to measure 

consumer (un)informedness in household energy usage 
• Randomly inform over/under estimators about their 

energy usage and study how their usage changes in 
response to this information 

• Identify factors that predict whether a household is an 
over/under estimator of energy use



A new “lab” for studying electricity markets

!
• Context: Victoria, Australia 
• Industry partner: Billcap (www.billcap.com) 
• We think it’s cool: 

• Competitive retail market 
• Mandatory smart meter rollout 
• Billcap is flexible as a start-up 
• Web usage data

http://www.billcap.com


The consumer (un)informedness project

!
1. Surveyed households 

• Elicited beliefs over relative energy usage  
• Household characteristics 
• 1,719 respondents in total (20% response rate) 

2. Provided households with access to the Billcap web 
portal, energy usage reports, and peer comparisons



Beliefs survey

!
• Question: Compared to electricity usage in Melbourne 

homes as large as yours, what statement best 
describes your household’s monthly electricity use? 
– High (top 20%) 
– Above average (top 40%) 
– Average  
– Below average (bottom 40%) 
– Low (bottom 20%)



Beliefs and actual energy usage quantiles

Table 1. Comparison of beliefs and actual energy usage in quantiles

Consumption data (usage)

Survey data

(priors) 1-20% 20-40% 40-60% 60-80% 80-100% Total

1-20% 31 1.8% 13 0.8% 12 0.7% 9 0.5% 4 0.2% 69 4.0%

20-40% 110 6.4% 84 4.9% 60 3.5% 51 3.0% 30 1.7% 335 19.5%

40-60% 174 10.1% 192 11.2% 217 12.6% 190 11.1% 183 10.6% 956 55.6%

60-80% 27 1.6% 42 2.4% 49 2.9% 69 4.0% 85 4.9% 272 15.8%

80-100% 4 0.2% 6 0.3% 14 0.8% 24 1.4% 39 2.3% 87 5.1%

Total 346 20% 337 20% 352 20% 343 20% 341 20% 1,719 100.0%

Table shows numbers (%) of households in each cell.

Survey data (priors) = prior beliefs of usage quantiles from pre-treatment survey.

Consumption data (usage) = actual quantile of energy usage conditional on same number of bedrooms.

Table 2. Comparison of beliefs and actual energy usage in quantiles

Consumption data (usage)

Survey data

(priors) 1-20% 20-40% 40-60% 60-80% 80-100% Total

1-20% 31 1.8% 13 0.8% 12 0.7% 9 0.5% 4 0.2% 69 4.0%

20-40% 110 6.4% 84 4.9% 60 3.5% 51 3.0% 30 1.7% 335 19.5%

40-60% 174 10.1% 192 11.2% 217 12.6% 190 11.1% 183 10.6% 956 55.6%

60-80% 27 1.6% 42 2.4% 49 2.9% 69 4.0% 85 4.9% 272 15.8%

80-100% 4 0.2% 6 0.3% 14 0.8% 24 1.4% 39 2.3% 87 5.1%

Total 346 20% 337 20% 352 20% 343 20% 341 20% 1,719 100.0%

Table shows numbers (%) of households in each cell.

Survey data (priors) = prior beliefs of usage quantiles from pre-treatment survey.

Consumption data (usage) = actual quantile of energy usage conditional on same number of bedrooms.

Table 3. Comparison of beliefs and actual energy usage in quantiles

Consumption data (usage)

Survey data

(priors) 1-20% 20-40% 40-60% 60-80% 80-100% Total

1-20% 31 1.8% 13 0.8% 12 0.7% 9 0.5% 4 0.2% 69 4.0%

20-40% 110 6.4% 84 4.9% 60 3.5% 51 3.0% 30 1.7% 335 19.5%

40-60% 174 10.1% 192 11.2% 217 12.6% 190 11.1% 183 10.6% 956 55.6%

60-80% 27 1.6% 42 2.4% 49 2.9% 69 4.0% 85 4.9% 272 15.8%

80-100% 4 0.2% 6 0.3% 14 0.8% 24 1.4% 39 2.3% 87 5.1%

Total 346 20% 337 20% 352 20% 343 20% 341 20% 1,719 100.0%

Table shows numbers (%) of households in each cell.

Survey data (priors) = prior beliefs of usage quantiles from pre-treatment survey.

Consumption data (usage) = actual quantile of energy usage conditional on same number of bedrooms.
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Distribution of prediction errors



Beliefs and responses to usage information
!

• Do households who over/under estimate their relative 
energy use differentially respond to the web-portal 
information?  

• Baseline estimating equations: 
!
!
!

• Sources of exogenous variation in treatment 
– Random assignment 
– State-wide smart meter rollout 

• Sample period: July 1, 2012 - June 30, 2013

Ener g yUsag ei t =Æ+ØO f f er edPor t al +µi +øt +≤i t(1)

Ener g yUsag ei t =Æ+ØAccessed In f o +µi +øt +≤i t(2)
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Baseline estimates
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and greenhouse emission information.

Treatment di↵ers based on whether or not a customer has activated their Billcap

service. The most basic form of treatment is an email containing an invitation to activate

Billcap. The email is informative, it provides customers with some usage information and

suggests to them that they may be able to save money by managing their usage better. If

a consumer does not activate their access they continue to receive invitation emails up to

twice a month (declining over time). If a consumer does activate their access they receive

weekly emails with bill and energy consumption forecasts and are given full access to the

web-portal.

In total we have 4062 customers who were emailed over our sample period; 3359 of

these opened these emails and 1889 accessed the web portal. We drop customers who

joined Click Energy after March 2013.

4.3 Estimation results

Results from estimating the treatment e↵ect in the base specification are provided in

Table 6. Given the specification we can interpret the estimated coe�cients directly as

percentage changes. We find no average e↵ect of treatment. This is the case both for

customers o↵ered the web portal service (i.e. the intention to treat e↵ect) and for the

customers who actually accessed the portal (i.e. the average treatment e↵ect on the

treated). On average households therefore do not respond to the information provided via

the emails or via the web portal.

Table 6: Estimated average treatment e↵ects

(1) (2)
Received email -0.00776

(0.00526)

Accessed portal -0.0228
(0.0155)

N 1096061 1096061

Clustered standard errors in parentheses
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.01
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Informedness and responses to information
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additional comparisons to classify households. Firstly we compare them to households

with the same number of people (Column (2)). Secondly we compare them to households

with the same number of bedrooms (Column (3)). In both instances we observe the

same pattern: those who underestimated their relative use reduce their consumption,

those who overestimated their relative use increase their consumption. The magnitudes

of the treatment e↵ects change only minimally. Those who received information that their

relative usage was above what they thought it was respond by reducing their consumption

by approximately 3 per cent. Those who receive the opposite news respond by increasing

by 4 per cent. Those who were informed do not change their consumption at all.

Table 7: Estimated impacts of information by level of informedness

(1) (2) (3)
Underestimated * access to portal -0.0421⇤⇤⇤ -0.0528⇤⇤⇤ -0.0491⇤⇤⇤

(0.0111) (0.0118) (0.0122)

Overestimated * access to portal 0.0617⇤⇤⇤ 0.0574⇤⇤⇤ 0.0584⇤⇤⇤

(0.0134) (0.0126) (0.0128)

Correct * access to portal 0.00753 0.0116 0.00331
(0.0149) (0.0145) (0.0136)

N 1095694 1095694 1095694

Clustered standard errors in parentheses
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.01

(1) Household usage relative to full sample distribution

(2) Household usage relative to those with same number of persons

(3) Household usage relative to those with same number of bedrooms

To identify the e↵ect of treatment on usage we rely on a common linear trends as-

sumption between our Treatment and Control groups. This is the underlying identification

assumption of all di↵erence in di↵erence models. If Treatment and Control groups have

di↵erent trends then our identification assumption is void and our estimates are invalid.

The exogeneity of the rollout of smart meters should ensure that on average customers in

the Treatment and Control groups at any point in time are the same and hence on average

their trends should be the same (indeed this is what we observe in the data). However

there is reason to suspect that trends would di↵er between di↵erent usage groups. We
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Predicting who are the over/under estimators

!
!
!

• Can we predict who are the over/under estimators with 
survey and publicly available data? 



Predicting who are the over/under estimators
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Table 9: Determinants of informedness and energy consumption

(1)
Informed within household no rooms

Overestimated
Full time employed (%) -4.622⇤⇤

(1.824)

Average weekly income 0.000373
(0.000692)

Owner occupiers (%) -0.482
(0.449)

Average age -0.0418⇤⇤

(0.0208)

Constant 3.365⇤⇤⇤

(0.967)
Underestimated

Full time employed (%) 0.231
(2.370)

Average weekly income 0.000110
(0.000773)

Owner occupiers (%) -0.299
(0.515)

Average age 0.0134
(0.0233)

Constant -0.145
(1.169)

Observations 1704

Standard errors clustered at postcode level in parentheses
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.01

Omitted category=household prior is correct

Postcode level covariates
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Summary

!
• Many households have no idea what their relative 

energy consumption levels are 
• Once the uninformed are informed, they “follow the 

pack” 
• On-going experiments in our lab 

– Individualized feedback and retailer switching 
– Shadow billing and consumer switching to dynamic 

pricing plans


