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Introduction

Numerous trials are underway to understand the impact of energy efficiency services on customers’ carbon footprints. The effectiveness of these services often relies to an important extent on the customer’s motivation and cooperation, thereby obliging the provider to consider behavioural changes and how these might be encouraged. However, the methodology for evaluating the results of trials may under-explore these factors and focus too narrowly on observed changes in the outcome variable (energy usage, for example). As a consequence, alternative explanations for change may be overlooked and expectations of impacts in the market may be unduly optimistic.  

Proposal
My proposal for the ITU Focus Group is that methodologies to estimate the net benefit of energy-saving services should be founded on a counterfactual perspective. The counterfactual approach uses econometric techniques to correct for bias due to imperfect selection of trial participants into treatment and control groups. This approach enhances the evaluation of trials and informs CSPs on the viability of energy-saving initiatives. It therefore helps to target innovation more effectively towards those services likely to produce the greatest impact. It also moderates any optimism bias and provides more transparent information for policy makers, thereby enhancing the credibility of the sector in the fight against climate change. 

Background
CSPs are developing a wide range of services designed to make a substantial impact on customers’ carbon footprints. Many of these services have emerged out of internal initiatives designed to cut the operator’s own costs and footprints. 
· Online conferencing

· Home-shoring

· Energy management/smart grid
· Enabling renewable energy
· Transport logistics

· Industrial processes

· Building HVAC and lighting management

· Supply chain/procurement

· Green IT

· Network/centre efficiency

· CPE/Access efficiency

· Product LCA

· Dematerialisation

· Ubiquitous Sensor Networks
· etc
Given finite resources, CSPs must target their efforts at initiatives judged most likely to impact CO2e footprints and costs as well as delivering revenues. Key decisions thus depend on the results of trials and experimentation. In trials of equipment efficiency, configurations can be optimised in the lab – for example to establish higher operating temperatures and thereby minimise cooling requirements. Deployment then involves some further measurement to reproduce the expected performance in the live environment, taking into account local operating conditions, weather patterns and so on. 

However, the further the operating environment diverges from ideal lab conditions, the greater the challenge in interpreting the results of trials. Operational norms may confound laboratory recommendations and so field trials are needed to understand how equipment is actually used. Similarly, the success of services to support home-shoring and online conferencing requires understanding of working practices and individual behaviour in order to measure the net impact on energy consumption. Opportunities to conduct ‘ideal’, large-scale tests of such behaviour are scarce. Instead researchers must often rely on quasi experiments whereby the control group is a less than perfect analogue of the treatment group. 

The counterfactual perspective accommodates quasi-experimental conditions by addressing the ‘what if..?’ factors that are impossible to observe directly yet influence the ultimate effectiveness of an intervention. For example, domestic customers who are offered low-cost installation of smart electricity meters may reduce their consumption in response to the availability of enhanced, time-of-day information. Yet, if the same customers were not given meters, would they reduce consumption anyway? Given that participants in the trial are often self-motivated to take part, how can we estimate the potential response of customers who decline the offer? 

In a typical quasi-experiment, the treatment group consists of households that sign up for the subsidised offer of a smart meter. Their consumption after some period of time is compared with a control group without a meter and so the measured impact is the average reduction in electricity usage across the treatment group compared to the control. To make a meaningful comparison, the researcher must first control for variables such as household demographics, appliance types, average electricity bill as a percentage of income, the location of the electricity meter, weather patterns and so on. A less tangible but no less important measure is the degree of motivation in the household to conserve energy by changing behaviour.  

However, as described, a straightforward comparison-of-means test between treatment and control would be insufficient. Firstly, the control group may be a less than ideal proxy for the treatment group, not least because the latter has voluntarily taken up the offer of a subsidised meter. Self-section tends to be founded in rational decision making and so violates the key requirement of a true experiment that participants should be randomly allocated between treatment and control. This ‘selection bias’ is difficult to measure and along with the added challenge of controlling for other unobserved variables, weakens the generalisability of results. 
Secondly, and as a consequence of selection bias, the counterfactual perspective reveals that two terms are obscured by taking a simple difference-of-means test between control and treatment outcomes. These are the two observable terms in table 2. However, the true outcome should include two terms that are impossible to observe directly: the outcome (Y1) for members of the control group if they were to receive the treatment and outcome (Y0 ) for members of the treatment group if they were not to receive the treatment (table 1). Yet these unobserved terms have a bearing on the net benefits of any intervention. 
Therefore a methodology is needed to account for the missing terms and moderate expectations for commercial roll-out that might otherwise be overly optimistic. 

Table 1: The essential counterfactual problem

	
	Treatment group D=1
	Control group D=0

	Outcome following intervention (Y 1)
	Observable
	Unobservable

	Outcome following no intervention (Y 0)
	Unobservable
	Observable


Source: (Morgan and Winship, 2007, pp.35) 
Established econometric techniques address this question by matching cases from control and treatment groups into pairs with similar characteristics, thereby recreating conditions that approximate to a randomised experiment. Traditional parametric methods such as linear regression can then be used to produce final estimates of the impact of the intervention. 
This counterfactual methodology is a theory-driven approach that requires the researcher to evaluate possible causal mechanisms in the course of designing the pilot schema. Case study can therefore be a complementary technique for revealing the existence and direction of relationships between variables and highlighting the challenges of a quasi-experimental design. 

Focus Group 

My proposal is that the ITU Focus Group promote guidelines for the design of trials in which it urges: 

· Research design that strives for large samples and true randomness wherever possible – for instance by restricting access to trials and allocating participants by lottery

· Research design that specifies a priori causal assumptions using case study to uncover and verify causal relationships

· Use of internal trials to approximate experimental conditions and aid design of quasi-experiments conducted with customers.

· Openness regarding imperfect conditions – transparent reporting of selection bias and credible estimates of the potential impact on the results of the trial 

· Minimisation of network effects to ensure each case is assigned independently of all other cases

· Interpretation of results using recognised econometric techniques that attempt to match imperfect treatment and control groups. 

References
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Counterfactual perspective can improve accuracy of pilot evaluations

Innovation directed to services with most impact (cost-benefit)

Reduce unhelpful impact of optimism bias

Credibility with customers and policy makers

		FG ICT&CC suggestion



Guidance to members; standard checklist for pilot studies? 

Comparability and usefulness of results



Work in progress

SPRU working with UK’s Energy Demand Research Project (EDRP)

EDRP – large-scale pilot of feedback to improve energy efficiency in the home.

18K smart meters for gas and elec

~ 2yrs to Sept 2010. 









Counterfactual model

		Growing use with development projects

		Quantitative impact assessment in non-experimental conditions 

		Acknowledge quasi-experimental limitations

		Two broad features:



Explicit causal assumptions

Diagrams (case study)

Econometric techniques

Matched pairs of control and treatment cases

Mimic random selection of experiment

		More accurate quantitative impact assessment





CF model – techniques developed over past 35+ years









Energy-saving services

		Internally and for customers:



Conferencing

Home-shoring

Green IT

Smart grid/renewable energy

Network/data centre efficiency

Building management

Fleet logistics

etc

		From lab => internal study => operational conditions => working practices and individual behaviour





internal experience => services

LCA, equipment efficiency in the lab => local live configurations and operations

Energy-saving services depend on behaviour and working practices. 

Further from lab conditions => more care needed in design and evaluation of trials.









Perfect experiment





Control group

Treatment group

Intervention: D =1

Smart meter/ enhanced billing

Y 1

Y 0

Average impact = Y1-Y0

Criteria: short causal pathways, large-N, random allocation



Note intervention = D

Try to maintain experiment-like conditions

Causality always a challenge – hard to be equivocal.

Is D necessary for ΔY, or sufficient, or just associated in combination with other factors?  

Not impossible to conduct an experiment in real life…

model short-ish pathways then look for evidence

if large-N with random allocation to treatment and control then a difference of means test is sufficient. 









Counterfactual model





Control group

Treatment group

Intervention (D)

Y 1 | D = 1

Y 0 | D = 0

Control group

Treatment group

Y 1 | D = 0

Y 0 | D = 1

Unobservable

Rubin, 1974+; Fisher 1930s; Neyman, 1920s

Average impact = ??

Naïve estimator



‘what if…’ questions in red. 

Can’t re-run an intervention or control on all conditions. 

Treatment group different from control











Basic counterfactual problem 





Modified from Morgan & Winship (2007), pp.35, 47



intervention may have a greater effect on group D=1 than on group D=0. 

And the D=1 group may respond positively anyway without the intervention, in which case the net benefit is the difference. 

But these results are unobservable!  

Second table – say, one year after intervention. 

delta Y from baseline Yt-1. 

Naïve estimator = 45kWh/year improvement

BUT actually net impact is 30kWh for treatment and 5kWh for control. 

Different people due to self-selection. 

Half info lost for each group. 











Energy feedback pilot

		>400 participant HHs

		Portable visual display 



C$, kWh, CO2; inc projections 

		Diverse sample:



Weather, geography, HH configurations & demographics 

		Stratified by average consumption

		Panel data 1.5yr before, monthly 1yr after 





Example: Real-time energy usage feedback in home 

self install wireless tx at meter outside the house; counts turns of disc; no comms back to supplier. 

Large-N so key assumption of random allocation between treatment and control groups. 









Feedback pilot results

		Conclusion: 7%-10% average reduction feasible with additional information

		BUT treatment ≠ control group (selection bias) 



Self-install 

3 x qualitative surveys



Not much detail available. 

But, are some variables missing eg ‘motivation’?

Did the treatment group volunteer in some way? 

self-install, 3 x qualitative surveys 

Self-selection, not random allocation 

Real-life observation quasi-experiments no uniform population under test 









What if…?

		Treatment group has higher proportion of environmentally motivated households? 

		If treatment group not given a meter, would they improve their efficiency anyway? 



What are the net benefits? 

		Would the control group improve efficiency to the same degree?



Should resources be targeted at less motivated households, or not? 



Generalisability of results









Credibility gap? 

		Multiple pressures for pilot studies to produce clear results

		Strategic influences…

		US utilities report higher impacts of DSM than academic review1



Hazy on selection bias

		Agreed guidelines would aid transparency and comparability







1Loughran & Kulick (2004)



And willingness to declare them









Counterfactual alternative

		Attempt to quantify selection bias effect

		Specify causality 



Diagrams

Awareness of assumptions

		Matching of control and treatment cases















Plot assumed relationships





Directed Acyclic Graph

Y

D

X

EM

Pearle, J. (2000). Causality

X: HH vars (eg income)

EM: Env. Motivation

D: free smart meter y/n

MD: Meter Design

Y: energy consumption

MD

To isolate D->Y

Control on X

Blocks alternate path DXY

If X is constant, variation of Y is not due to DXY



Start from research design

DAGs – start with assumptions – qualitative view

Case study

Circles for vars ares averages ie probability distributions, not usually deterministic

Spot vars that complicate D=> Y; control on them

2 x backdoor paths

Can’t control an unobserved var

Do a survey of EM!

MD is an IV – effect of MD on Y / effect of MD on D

Eg MD = 1 (new design) => x 5 effect on D propensity (sign-ups) => x 15 effect on average Y

Net effect of D on Y is 15/5 = 3









Matching techniques 

		Techniques to make treatment & control groups look similar

		Engineer a set of matched pairs



On known exogenous variables

On propensity to participate

Other

Drop unmatchable cases

		Much debate about matching criteria….

		Then regression etc

		Compare with naïve estimator























Ho, D. et al (2008) pp.15



Q plots









Research design checklist

		Refer to case study to uncover and verify causal relationships

		Plot assumed causal relationships (DAG) 

		What are the ‘what ifs…’?

		Internal trials to approximate experiments

		Randomise!



Eg restrict access to trial, lottery

		Large samples



Allow for loss of cases

		Look for similar control samples 



Eg clustered characteristics of customer base



















Design considerations

		Contamination!



Before/after

Anticipation problem

Network effects (vs case independence)

















Interpretation checklist

		Omitted variables? 



‘Known unknowns’

		Selection bias? 



If so, declare it

		Recognised econometric techniques to match imperfect treatment and control groups

		=> Credible, comparable and replicable results















Thank you!

Sheridan Nye



University of Sussex, UK

Science & Technology Policy Research Unit (SPRU)



s.nye@sussex.ac.uk













References

		Morgan, S. L. and C. Winship (2007). Counterfactuals and causal inference : Cambridge University Press

		Pearle, J (2000), Causality, Cambridge University Press

		Rosenbaum, P. R and Rubin, D. B (1983). "The central role of the propensity score in observational studies for causal effects." Biometrika 70(1)

		Heckman, J. J. and J. A. Smith (1995). "Assessing the Case for Social Experiments." The Journal of Economic Perspectives (1986-1998) 9(2): 85 

		Loughran, D. S. & Kulick, J. (2004) Demand-Side Management and Energy Efficiency in the United States, The Energy Journal.

		Iacus, S., King, G et al. (2008). Matching for causal inference without balance checking. http://polmeth.wustl.edu/retrieve.php?id=774

		Ho, D. et al (2008) MatchIt: Nonparametric Preprocessing for

		Parametric Causal Inference

		MatchIt, plug-in for R http://rss.acs.unt.edu/Rdoc/library/MatchIt/html/00Index.html 













Treatment group D=1

Control group D=0

Gutcome following
intervention (¥ 1)

Observable

Unobservable

Gutcome following no
intervention (¥ ¢)

Unobservable

Observable









Control group D=0
Gurcoms Tolowing prr— ohyear
intorvention (3Y ' "

[Owcame folowing o oo “Ewyear

intervention (3Y)





QQ Plots
Al Matched

E P Iy
e A4 s
7 V4
f
re7s 1 & A
cduic | gt ¢
4 % 4





|TUand

Climate
Change








